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Thesis abstract 

When thinking about finding the face of a friend in a crowd, albeit challenging, most of us would 

be relatively certain we would be successful in finding them. However, if the same task were 

applied to an unfamiliar face, e.g. based on a photo, this would seem like an impossible task. 

Although the field of face recognition is very active across multiple disciplines, and there is a 

wealth of research on face recognition and the difference between familiar and unfamiliar faces, 

it still remains unclear what internal face representations we use. The aim of this thesis is to 

investigate what internal representations of faces we have and how these are different between 

familiar and unfamiliar faces. A better understanding of this internal representation will allow for 

the development of tasks that measure face processing abilities in more detail and increase our 

understanding of the visual information needed to identify a face, either familiar or unfamiliar. 

In the behavioural part of this thesis, I focused on exploring the relationship between 

image-based and perceptual similarity. In the computational part, I explore the concept of 

familiarity in deep neural networks. This thesis can be summed up in four major findings: there 

is a linear relationship between image-based spaces and perceived similarity that can be used to 

explore the effect of  face image transformations; familiar faces are perceived as more similar 

overall compared to unfamiliar faces; the increase in sensitivity for greater changes between 

pairs is larger for familiar faces than for unfamiliar faces; and the effect of familiarity can be 

found at the representational level (in DNNs). Although many questions remain open, it should 

be evident from this thesis that a computational cognitive approach to face recognition, although 

technically challenging and on many occasions laborious, will progress our understanding of 

human face recognition. 
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1. Chapter 1 - Introduction - the psychology of face representations 

 

 1.1. Introduction 

I remember well when I went to school wearing my glasses for the very first time. I was 

absolutely dreading all the responses (I was in high school at the time). However, this did not 

happen, at all. Since it is not in the nature of Dutch people to refrain from responding out of 

politeness per se, I asked some people about it. And there it was: realization and surprise, they 

had not noticed the difference. To be fair, some noticed “something”, but very few people 

actually spotted the change because my face looked more natural/like me with glasses, was the 

most-heard comment. I am recounting this little anecdote as it captures a lot about the nature of 

face representations: unfamiliar people will see the difference and familiar people have a robust 

representation that will help them recognize you under a wide range of variation. 

 Although the field of face recognition is very active across multiple disciplines, and there 

is a wealth of research on face recognition and the difference between familiar and unfamiliar 

faces, it still remains unclear what internal face representations we use. The aim of this thesis is 

to investigate what internal representations of faces we have and how these are different between 

familiar and unfamiliar faces. In this review that constitutes Chapter 1, I will explore what is 

known about the internal representation of faces and how these are affected by familiarity. The 

overview starts with a fundamental and widely debated question “Are faces special?”, as the 

different answers to this question allude to the complex nature of face representations and 

provide a good overview of possible ways to explore face processing. After this, definitions of 

familiarity and known differences between familiar and unfamiliar face processing are discussed. 

This is followed up with a discussion on perceivable facial variation, what we can learn about 

face representation and familiarity from people with prosopagnosia and ‘super-recognizers’, and 

how face matching ability is measured. Lastly, the review is closed with a look at psychological 

models of face recognition that attempt to capture much of the knowledge discussed and a brief 

overview of the structure of this thesis. 
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 1.2 Are faces special? 

Section main message: Faces are special from a practical, social and societal perspective but it 

remains to be seen how special they are cognitively and what role familiarity plays in that. 

 

“Are faces a special category for our brain?” is a question asked many times in the field of face 

perception. In daily life, we encounter many faces, of passers-by, friends, family and more, that 

we on many occasions need to recognize as an individual. This task might seem easy due to the 

ease with which we process faces, but this becomes quite astonishing if you focus on how similar 

faces are in a general sense. The necessity of a high-level within-category recognition at a 

subordinate level is described as what makes faces a special category indeed (Young & Burton, 

2018a). Although one might be intuitively inclined to say humans are experts in recognizing 

faces because of this necessity, there is still a lively debate about whether or not this 

sophisticated skill is specific to faces, or if it generalizes to other objects such as cars and sheep 

(e.g. Mckone & Robbins, 2011; Rossion, 2018; Sunday & Gauthier, 2018; Young & Burton, 

2018b, 2018c, 2018a)? Many different answers with a wide range in level of nuance have been 

proposed.  

One study, that might be one of the most famous explorations of face expertise, is the 

work on ‘Greebles’ by Gauthier and Tarr (1997). In this study, fictitious creatures dubbed 

‘Greebles’ were developed to study if the necessary within-category recognition at a subordinate 

level we use for faces also generalizes to stimuli that are not faces. Greebles had different levels 

of categories similar to faces: as a class they were Greebles that could be distinguished in family, 

gender and individual. Participants were trained in different conditions to become ‘Greeble’-

experts and performance between these experts and novices were then compared. Their findings 

show that expertise led to a more accurate and faster response in a forced-choice recognition 

task. Additionally, they found greater sensitivity to configural changes in experts compared to 

novices. Thus, the authors argue that these effects are not face-specific, but rather linked to the 

characteristics of any visually homogenous category.   

Even if you assume the point of view that the level of expertise we have for faces could 

be generalized to another category as long as it carries the same characteristics, it raises the 

question of whether it would be. In this thesis, the neural representation of face perception is only 

discussed in a limited way, but the findings in the discussed literature do show dedicated brain 
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areas that to this day appear to respond only to faces, such as the fusiform face area (Loffler et 

al., 2005). One theory argues that the brain operates on the free-energy principle (Friston, 2009, 

2010; Sengupta et al., 2013), meaning it will try to minimize the cost of operations, and 

outcomes are limited to what is necessary for the operation. Thus, the presence of dedicated 

brain areas for face processing is an indication of the importance of faces, because the brain 

would not spend so many costly operations on anything that is not vital for our day-to-day life. 

One of the major uses of visual facial information is social perception. Even in unfamiliar 

faces, people can observe expression (e.g. Vicki Bruce, 1986), trustworthiness, status ( e.g. 

Palomares & Young, 2018) and attractiveness ( e.g. Jenkins et al., 2011) and more. Insight on 

what visual information is used to make these judgements remains limited, though some 

interesting work has been done in studies on expression ( e.g. the relevance of a V-shape in the 

perception of anger; Larson et al., 2007; Lobue et al., 2010). This purpose of faces directly 

influences the representation, as it clearly requires a complex visual representation to interpret 

social constructs. Thus, faces are most likely a special category, as there is as of yet no 

equivalent visually homogenous group with the same social importance. 

Apart from the theoretical reasons in this discussion, a practical reason for the special 

status faces hold is of relevance to this project: faces are special because of the sheer amount of 

research on the topic by a multitude of disciplines. The interest in face recognition, human and 

artificial, has increased due to more daily life implementations. For example, it’s common to 

have your smartphone unlock with face recognition, go through border control with automatic 

identity verification and an increasing number of countries use face recognition as a security 

tool. So, although the verdict is out on how special face processing exactly is a cognitive 

function in the brain, faces are without a doubt special due to societal relevance.  

In sum, the debate on whether or not faces are special, and if we have expertise in 

specifically the processing of faces, is focusing on terminology, task design and attempts to 

divide and define mechanisms of face perception (e.g. Mckone & Robbins, 2011; Rossion, 2018; 

Sunday & Gauthier, 2018; Young & Burton, 2018b, 2018c, 2018a). This thesis does not set out 

to answer questions on expertise in face processing compared to other categories, but will 

inevitably contribute to the ongoing discussion, as a successful model will lead to insight in the 

mechanisms of face processing and can provide a framework for further exploration ( such as the 

work of Blauch et al., 2021b) which I will discuss in further detail in Chapter 7. As touched upon 
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before, a key concept in the debate on the singularity of face processing is familiarity, as some 

argue that ‘face’ processing skills can generalize if you have an expert level of knowledge 

(familiarity) with another object. Before we dive deeper into differences between familiar and 

unfamiliar face processing, we will discuss the current definitions of familiarity.  

 

 

 1.3. What is familiarity? 

Section main message: different operational definitions for ‘familiar’ are being used and it is 

important to keep this in mind when comparing studies. 

 

On a basic level, this question “What is familiarity” is very straightforward answer, (face) 

familiarity means having good knowledge of a face due to experience. However, this definition 

is quite broad and ambiguous, because what does it mean to have ‘good knowledge’ of a face 

and what constitutes ‘experience’? This loose definition of familiarity becomes very clear when 

reviewing the literature on differences between familiar and unfamiliar face processing. In this 

section, I will discuss what definitions are used for familiarity and attempts within the field of 

face recognition to unify these definitions. 

 

Familiarized 

In several studies, the term ‘familiarized’ is used instead of ‘familiar’ and tends to refer to a 

novel face that goes through a learning phase and then is dubbed ‘familiarized’. At the end of the 

familiarization, there is a check to see if the participant actually remembers the face. For 

example, this can be done with a new/old task or by learning the face in combination with a 

name and asking for identification. Even within the definition of ‘familiarized’ there is a range, 

as some studies use a learning face that repeatedly presents the same single image (e.g. 

Abudarham & Yovel, 2018) and others argue that you need to present multiple instances of a 

face as the variability is what makes a face familiar (e.g. (Ritchie & Burton, 2017)). As we will 

discuss later, in 1.7 “Exploring face representations through (psychological) models”, the 

semantic and additional knowledge (such as episodic memory) is considered part of what makes 
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a face familiar too. Thus, one can wonder how ‘familiar’ a face is when the experience is based 

on a very limited exposure with the face in an experiment. 

 

Famous faces 

Famous faces are faces of people well-known in the public domain and are often shown through 

media, such as faces of actors and actresses, politicians and royal family. Although we might feel 

we would always recognize a certain person because we are familiar with them from the media, 

this might actually not be true (Carbon, 2008). Carbon (2008) used two experiments with 

personally familiar and famous faces to test recognition rates on uncommon photos and modified 

photos and found that the recognition rate dropped hugely compared to the personally familiar 

faces. However, the initial performance of the famous faces was a lot higher than the personally 

familiar faces. This has most likely to do with the faces used as ‘personally familiar’ as these 

were lecturers from the university (to keep image information the same for all participants) and 

the type of exposure the famous people had, which I will discuss in more detail in the subsection 

‘A continuum of familiarity’.  

 

Personally familiar: family and friends 

The category considered most familiar are personally familiar people: people you have many 

interactions with in real life that causes you to be exposed to much variability in their face. 

Additionally, you have a personal connection to these people, thus they have some social 

importance to you, and you have additional knowledge beyond a visual representation of them. 

 

A familiarity continuum 

The order in which each of these definitions of familiarity are discussed is no coincidence, but it 

is based on the idea of familiarity on a continuum. This idea was already described by Rhodes in 

1985 who stated “To the extent that faces vary on a familiarity continuum, more semantic 

information would be available for more familiar faces.” Later, Clutterbuck and Johnston (2002, 

2004) experimentally showed that different levels of familiarity influence task performance and 

can be used as an index for familiarity. Thus, there appear to be different levels of familiarity, 

although it still remains unclear what each level of familiarity characterizes. 
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In the section above, I already touched upon the broad operational definition of 

‘personally familiar’, as it appears even this category is not straightforward. As Carbon (2008) 

already suggests, the type of exposure matters. However, he argued that famous faces are less 

robust than personally familiar faces, but since 2008 when the article came out, how we consume 

media content has changed immensely. For example, where in the past people on TV were 

considered famous, now you also have famous YouTubers, Instagrammers and TikTokkers. 

These content creators often focus on building a more intimate connection with their “followers”, 

have little other than themselves on screen (some in more variable situations than others) and 

often share personal information. Comparing this to the attributes normally associated with 

‘personally familiar’ we see a huge overlap, but are missing real life interactions and one-to-one 

interactions. However, with the current global situation, many of our personal interactions have 

moved to an online platform too. It remains unclear to what extent internal representations differ 

per exposure type. Therefore, the continuum of familiarity seems a useful approach but only in a 

limited sense as long as it remains unclear how faces go from novel to familiar. For the purpose 

of this PhD project, I use famous faces as familiar faces, specifically YouTubers in the first 2 

experiments and actresses thereafter. In the next section, we discuss the differences between 

familiar and unfamiliar face perception in more depth. 

 

 

 1.4. Differences and similarities between familiar and unfamiliar face perception 

Section main message: Although differences between familiar and unfamiliar face processing 

are evident, defining qualitatively what is different is difficult and has been researched to a 

limited degree. 

 

It is now broadly accepted that there is a difference between familiar and unfamiliar face 

perception, although the extent of the differences remains unclear. Even from the differences that 

are found, not all agree to the extent how ‘poor’ unfamiliar face processing is ( for example, see  

Rossion, 2018; Young & Burton, 2018b). For that reason, the overview below is limited to 

studies with designs that allow for direct comparison of familiar and unfamiliar faces for as 

much as this is possible.  
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Logically speaking, an unfamiliar face has no prior internal representation if the face is 

unseen before. Additionally, since we remember familiar faces, there must be some internal 

representation. Since a face is linked to an identity, more information is stored than just a 

representation of a face, we also hold semantic information. Thus, the difference between 

familiar and unfamiliar faces must lie in the internal visual representation we have of a face, but -

quite obviously- also in the semantic representation we hold of an identity. This concept will be 

discussed to a greater extent in section 1.8 “Exploring face representations through models” and 

for the current discussion we limit ourselves to only research that explores the effect of 

(manipulated) visual information and its relationship with familiarity. 

 

Differences in task performance 

One of the most well-known differences related to familiarity from early research is that familiar 

faces are responded to faster than unfamiliar faces (Bruce, 1986). In a series of experiments, 

participants were tasked to make judgments of expression, sex, and facial configuration (intact 

configuration or jumbled). An effect of familiarity was found for the judgement of sex and facial 

configuration, but not for judgements of expression.  

Later research attempted to find out what different visual information led to these 

differences, which has focused on internal versus external features. It has been found (and widely 

replicated) that recognition of a familiar face is higher when using internal features instead of 

external features and that this difference is not present for unfamiliar faces (for an overview, see 

(Osborne & Stevenage, 2008)). This has been dubbed the Internal (over external) Feature 

Advantage (IFA). 

  However, some evidence showing the contrary has also been found. Before studying the 

effects of familiarity, Abudarham and Yovel (2016) developed a framework that aimed to define 

what critical features are used for identification. First, they created a face space of 20 features. 

Then, similarity judgements were collected on different manipulations of these features, between 

and within faces. They found that the distances in their face space correlated with perceptual 

sensitivity, thus validating the choice for the 20 original features that went into their face space. 

 This method of perceptual similarity was then applied to explore the difference between 

familiar and unfamiliar face identification (Abudarham & Yovel, 2018). After a familiarization 

phase, participants were shown three different types of pairs of faces. The pairs were either two 
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different images of the same face, one original and one changed image of the same face, or two 

images each of a different face. They were asked to rate similarity using a 6-point scale that read 

as follows: “1 Definitely same person; 2 Same person; 3 Probably same person; 4 Probably 

different people; 5 Different people; 6 Definitely different people”. Images were presented on 

screen simultaneously. They found a high correlation between perceptual sensitivity and their 

face space distances. Additionally, perceptual similarity scores of familiarized faces correlated 

strongly with perceptual similarity scores of novel faces that were obtained in previous research 

(Abudarham & Yovel, 2016). However, it must be noted that familiar here meant a previously 

unfamiliar face that underwent a familiarization phase that exposed the participant repeatedly to 

the same single image of the identity in combination with a name. After the familiarization, 

participants were able to name the face 97% of the time. As discussed in section 1.3, this is a 

limited interpretation of ‘familiar’.  

Apart from different definitions of familiarity in the studies mentioned in this section, 

there is a difference in how the visual information contained in faces is broken down into 

categories. The studies that show a difference related to familiarity categorized visual input in 

the categories ‘internal’ versus ‘external’ features, and the studies showing no difference used a 

categorization based on perceptual sensitivity (as defined by Abudarham & Yovel, 2016). 

Although it appears these results contradict each other, it could well be possible that the IFA is 

mediated by perceptual sensitivity and that the same pattern of response could be seen if 

mediating effects are taken into account. Thus, it appears the way visual information is 

categorized affects whether or not you are going to find an effect of familiarity. The authors 

(Abudarham & Yovel, 2018) point this out themselves by stating “These findings suggest that a 

gross categorization to internal and external features is not sensitive for revealing which features 

are used for face recognition.” However, the same argument might be made for the lack of 

finding differences between familiar and unfamiliar faces, because yet a different categorization 

of the visual information contained in faces could show an effect of familiarity. For example, in a 

study done on configurational information, an effect of familiarity was found (Brooks & Kemp, 

2007). 

In a 2-alternative forced-choice paradigm, Brooks and Kemp (2007) explored the effect 

of familiarity on sensitivity to displacement of features. This is an important study for this 

project, as it is the only study I am aware of on the effect of familiarity in relation to such a well-
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defined and selective part of the visual information (feature displacement) contained in a face, 

that can also be controlled on a gradual scale. Brooks and Kemp (2007) found that sensitivity 

increased for displacement of the eyes and the nose in familiar faces compared to unfamiliar 

faces. This work is especially relevant for Experiment 1 and 2, so I will discuss it in further detail 

in Chapter 2. 

Lastly, the low performance in face matching unfamiliar faces is also described to a great 

extent in literature on eyewitness testimony. These findings are also replicated and further 

explored in lab settings, where line-ups are often replaced with a one-to-many array in which the 

participant is asked to match 1 target to one of 10 pictures (e.g.  Bruce et al., 1999, 2001). In this 

study, there was no direct comparison between familiar and unfamiliar faces but only unfamiliar 

faces were used, which makes it difficult to state anything about the differences between familiar 

and unfamiliar face matching. However, with a 30% error commonly found, it should be clear 

that face matching tasks with unfamiliar faces appear to be a lot more difficult than with familiar 

faces. Other lines of research show that accuracy in identifying/matching unfamiliar faces drops 

when there are changes in viewpoint, lighting, context and expression which leave familiar faces 

relatively unaffected (for an overview, see Hancock et al., 2000; R. J. Johnston & Edmonds, 

2009). 

 

The other-race effect 

The other-race effect (ORE) describes the generally better face recognition skills one has for 

faces from the own race compared to other races (Chance et al., 1982; Malpass & Kravitz, 1969; 

Meissner & Brigham, 2001). Although the ORE is widely studied and appears broadly accepted, 

there are indications that the term is not completely appropriate as there are early indications that 

it is not ‘race’ that causes the effect, but rather inexperience with certain groups of faces in 

general, i.e. a racially homogenous face-diet (Mousavi & Oruc, 2020). Thus, the ORE might be a 

reflection of the low end of the familiarity continuum, where a novel face from another race is 

the least familiar. 

 

The Face Inversion Effect 

The Face Inversion Effect (FIE) is the description for impaired performance on face processing 

tasks for faces that are shown upside-down (Valentine, 1988). In almost all of the studies 
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discussed so far, it has been found that inverting the face removes any advantage increased 

familiarity provides. The FIE provides one of the strongest arguments that there are different 

processes involved for familiar and unfamiliar faces. For example, in a series of experiments, 

Megreya and Burton (2006) found they could make a distinction in familiar and unfamiliar face 

processing based on a subjects’ ability to match faces in different conditions of familiarity and 

orientation. Specifically, they studied the relationship between performance on a face matching 

task when faces were unfamiliar or familiar, and either presented inverted or upright. They found 

a correlation between unfamiliar upright and inverted faces, and another correlation between 

unfamiliar upright and familiar inverted. However, they found no correlation between familiar 

and unfamiliar face processing when images were presented upright. Additionally, they found no 

relationship between familiar upright and familiar inverted. These results clearly show that there 

are different processes used for familiar and familiar faces, which is why it can be difficult to 

design a task to compare familiar and unfamiliar faces in one task. 

 

Social perception  

So far, differences between familiar and unfamiliar faces have been discussed, but it is important 

to note that there is also processing that can be performed regardless of familiarity. For example, 

for unfamiliar faces people are still able to recognize expression (e.g. Vicki Bruce, 1986), and 

categorize age (e.g. Willis & Todorov, 2006) and make trustworthiness judgments (e.g. 

Palomares & Young, 2018). 

 However, there have also been differences found in social perception, for example an 

effect of familiarity in faces where gender was difficult to categorize (Bruce, 1986). There is also 

a strong effect of familiarity if the task is to match 2 photos and there is a change in one of the 

social constructs mentioned above, leading to a relatively lower recognition rate of unfamiliar 

faces compared to familiar faces (e.g. Hill & Bruce, 1996; Patterson & Baddeley, 1977; Roberts 

& Bruce, 1989).  Additionally, some forms of social perception appear to become part of the 

representation of familiar faces, such as expression. For example, Kauffman & Schweinberger 

(2004) found that the recognition of familiar faces was faster for moderately positive expressions 

compared to more intense happy or angry faces. No such effects were found for unfamiliar faces. 

They argue that the moderately positive expressions are more commonly portraited (for famous 
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people in the media), thus it is likely that these more typical expressions become part of the 

internal representation. 

 

 

 1.5. Facial variation 

Section main message: A brief overview of perceivable variation in faces. 

 

One major contribution to the progression of the field of face recognition is the proposal of the 

“multidimensional space framework” by Valentine (1991) that describes an organizational space 

in which faces are represented as a location defined by its value on multiple dimensions. I will 

discuss this model in greater detail in section 1.7 ‘Exploring face representations through 

(psychological) models’, but will focus this section on the one major aspect this framework did 

not cover: what visual information is used for the organization of the space. This was made clear 

by the author himself, stating “These aspects have not been specified simply because there is as 

yet insufficient evidence available to enable informed choices to be made.” In this section, I 

discuss the relevant literature that has emerged since Valentine’s proposal (1991) to review what 

knowledge is available that can guide choices for the dimensions in face space and what 

information is still missing.  

A secondary aim of this section is to provide an introductory overview of perceivable 

variation in order to compare human and artificial face recognition, in the second part of the 

thesis. Techniques such as deep learning use all available information in an image and humans - 

presumably - do not ( as this would not be in line with the free-energy principle discussed in 

section 1.2, Friston, 2009, 2010; Sengupta et al., 2013). Understanding the differences in 

information used in both systems can help interpret findings and guide model choices. I will 

discuss the usefulness of deep learning techniques in understanding human face recognition in 

greater detail in Chapter 7. 

To explore potential dimensions of human face space, it must be clear that there are not 

infinite possibilities, they are limited to all perceivable facial variation. The question “What 

visual facial information is involved in human face recognition?” has been tackled in quite many 

ways and in multiple disciplines of science, such as neuroscience, computational cognition and 
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experimental psychology. As discussed above, facial variation is often studied in an attempt to 

explore factors that influence face processing, such as familiarity (Hancock et al., 2000), the 

Other Race Effect (ORE; Byatt & Rhodes, 2004), or the face inversion effect (Mckone & Yovel, 

2009; Rossion, 2008). This review is not focussed on these phenomena and their related 

performance differences but simply aims to get a clear picture of what facial variation is found to 

be perceivable.  

 

Structural versus pictorial information 

In face research, experiments are often designed to ensure that structural information is used in 

the face recognition tasks and not pictorial information. Structural information is described as 

information on the structure of the face that is essential to distinguish it from other faces, and 

pictorial information is the information that is associated with the depicted specific instance, 

such as lighting and resolution (Bruce & Young, 1986). This chapter focusses on perceivable 

manipulation of the input at whatever level, thus, pictorial information was included in this 

overview. A multitude of studies have indicated that people can perceive face changes caused by 

illumination (Bruce & Langton, 1994; A. Johnston et al., 1992), hue (Kemp et al., 1996), 

orientation (Moses et al., 1996), viewing distance/image size and head pose (Hill et al., 1997; 

O’Toole, Edelman, et al., 1998). 

 

Metrics 

A common manipulation to faces is an alteration in spacing between features, often referred to as 

configural information. This type of manipulation is easily done because it only requires the 

displacement of a face component (a definition of ‘face component’ is given in the next section). 

This line of research has shown that people can perceive changes in the distances between the 

left and right eye, nose and mouth, and eyes and nose (Brooks & Kemp, 2007; Leder & Bruce, 

2000; Leder & Carbon, 2006).  Additionally, there are studies that categorize types of configural 

information, for example, in vertical and horizontal displacement, with similar findings (Goffaux 

& Rossion, 2007). These studies commonly are in the context of the face inversion effect, which 

is often used to study configural information, because inverting a face impairs the processing of 

configural information (e.g. Malcolm et al., 2004; as discussed in more detail in Section 1.4. 

Differences and similarities between familiar and unfamiliar face perception). 
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Features/local/component 

In terms of facial variation, changes to facial components have been a research topic for a long 

time. In this review, we use the word ‘component’ to describe the parts that make up the face, so 

the mouth, nose, eyes and eyebrows. In other literature, this is also referred to as a (facial) 

feature or part. I chose for the word ‘component’ because I believe it is the least ambiguous one. 

However, in any of the studies discussed and experiments presented in this thesis, it is important 

to ensure that the component is understood and defined as clearly as possible.  

Components can be divided into internal and external: internal is most often defined as 

nose, mouth, eyes and eyebrows while outside of the outline of the face is considered external. 

As discussed in section 1.4, there is an increased focus on internal over external features for 

familiar faces compared to unfamiliar faces.  

 The literature on manipulation or sensitivity to changes in components is quite large, 

however, it remains unclear what a change to a component actually entails. To start with a very 

simple inconsistency in literature, studies on the effect of changes to the eyes could mean 

changes to a property of the eyes ( such as eye colour, Chaby et al., 2003), swapping the eyes for 

entirely different ones (Abudarham et al., 2019) or swapping the eye region that includes the eye 

brows (Riesenhuber et al., 2004). Especially the latter two are difficult to interpret in terms of 

potential dimensions in face space, as completely swapping out a component changes both 

colour, shape and often also configural information. Additionally, some argue that the eyebrows 

should be treated as a separate component that has a significant contribution in recognition (Sadr 

et al., 2003) which would indicate that all the properties of the eyebrow have their own 

dimensions separate from the eye. This still leaves the question of what should specifically be 

considered the eye and the eyebrow. This question is the same for all components: what are the 

spatial borders that define the area? When changing components, there is the obvious risk that 

configural information is also changed. Thus, the question on what spatial borders define an area 

is a relevant question when studying the effect of transforming a component. Some studies in the 

context of the face inversion effect centred the changed feature in the old position, which should 

supposedly avoid change to the configural information. (e.g. Malcolm et al., 2004). However, 

this solution assumes the centre of the position matters more than the edges of the component, 

while the processing of configural information and how we define a feature are too unclear to be 

confident in this solution.  
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Another approach in defining components is by defining the dimensions in Valentine’s 

face space (1991), discussed below in section 1.7. For example, Abudarham and Yovel (2016) 

created a novel method to explore what critical dimensions  are used in facial identification. 

They selected 20 features that were rated by participants in a series of experiments in order to 

collect feature values and similarity ratings. This study shows that people can perceive variation 

in: lip thickness, hair colour, eye colour, eye shape, eyebrow thickness, ear protrusion, forehead 

height, hair length, eye size, skin texture, jaw width, eyebrow shape, nose size, nose shape, skin 

colour, face proportion, cheek shape, chin shape, eye distance and mouth size. Details of this 

study will be discussed in section 1.6. 

 

Traits, descriptives and expressions 

The previously described research discusses what facial information varies within and between 

identity. As discussed above, people can also use visual facial information to make social 

judgements, as we can perceive traits (e.g. trustworthiness, Palomares & Young, 2018), 

descriptives (e.g. age Willis & Todorov, 2006) and expressions (e.g. Vicki Bruce, 1986), even 

without familiarity of a face. Social perception of faces has been often treated as separate from 

identity recognition. However, studies have found influences of familiarity on social perception 

(e.g. Claypool et al., 2007; Li et al., 2019). Nevertheless, it is difficult to know if the internal 

visual representation associated with a familiar face is what causes the influence, as the influence 

could equally well be of a subjective basis due to the semantic knowledge on that person. The 

relevance of understanding social perception in our attempt to understand face recognition 

remains unclear, as it remains unclear what visual information is used for the perception of these 

higher-order constructs. Very limited research in the deconstruction of visual input has been 

done, but a more recent approach, the ‘Bubbles’ technique, will be discussed in the next section. 

The order of the headings in subsection 1.5 is not random, as all the different types of facial 

variation discussed are ordered on a scale from low to higher order processing, as far as possible 

based on the current evidence. The suggested scale is intuitive in the sense that features reflect 

low level visual information, such as spatial frequency and contrast, on one end of the scale and 

higher order social perception on the other end of the scale. However, the relationship between 

the two ends and what constitutes the rest of the scale is far from intuitive.  
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 1.6. Two ends of a scale – measuring individual differences, deficits and enhanced 

performance 

Section main message: This section is meant to give a brief idea of what the performance of 

people with prosopagnosia and super-recognizers is like and why it is difficult to measure face 

processing abilities. Most tasks measuring face recognition abilities have a binary response 

and/or are focussed on differentiating different subprocesses of face processing, making it not 

directly clear what differences in visual facial representation between familiar and unfamiliar 

faces are responsible for differences in performance. 

 

Many of the approaches that are commonly used to measure face processing abilities focus on or 

are developed for one particular population: Individuals with a set of deficits specifically in face 

recognition, known as prosopagnosia. More recently, there has been more interest in measuring 

performance of individuals on the other end of the scale, with enhanced face processing abilities, 

named ‘super-recognizers’. Discussing the insights into face processing that the study of both 

populations has provided would be far beyond the scope of this chapter. Therefore, we limit the 

discussion to some brief definition of prosopagnosia and super-recognizers, and what we learned 

from these two populations specifically about the internal representations of faces. I will end this 

section by discussing the most commonly used tasks in measuring face processing abilities. 

 

Prosopagnosia 

Prosopagnosia is a disorder in which people suffer from an impairment that is specific to face 

recognition (and does not appear to affect other domains, such as object recognition; Corrow et 

al., 2016). Obviously, the study on the effect of prosopagnosia specifically on the face 

representation is even more limited than the research on face representation in the general 

population, but there are some studies on the topic. Due to the limited literature, studies on both 

acquired (following brain injury) and developmental (innate) prosopagnosia are considered here.  

Some studies on the effect of prosopagnosia on face representation show an intact face 

space (e.g. Nishimura et al., 2010; Susilo et al., 2010). However, this is also limited to what tests 

were used, which is discussed further (in context of the general population) in section 1.7 

“Measuring face processing abilities”. Other studies, however, have found differences in (the use 
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of) face representations in people with prosopagnosia. For example, Caldara and colleagues 

(2005) found in a case-study that the patient’s representations of familiar faces seemed to be less 

robust than those of controls, as she consistently needed more information to reach recognition. 

Additionally, she used less of the information around the eyes to identify familiar faces, but 

rather used the lower half of the face (which is considered sub-optimal information). Although it 

is unclear why, it does suggest there is a relationship between the amount of information used in 

the internal representation and the ‘robustness’ of those representations. 

 

Super-recognizers 

Compared to people with prosopagnosia, super-recognizers are on the opposite end of the scale, 

they are people who have enhanced face recognition abilities (Ramon et al., 2019; Russell et al., 

2009). The first cases of enhanced face recognition abilities were described by Russell et al. 

(2009), in which four participants showed performance far above average on the ‘before they 

were famous’ test and the Cambridge Face Memory Test. This increased performance was 

interpreted as evidence for the existence of people with extraordinary face recognition abilities 

and were subsequently dubbed ‘super-recognizers’. However, similar to the people with 

prosopagnosia, the expression of their face processing abilities can present in many different 

ways and as a group super-recognizers are quite heterogenous (Ramon, 2021). Since super-

recognizers as a defined group is a relatively recent phenomenon, most research focuses on 

mapping out their face recognition abilities and exploring how broad this enhanced performance 

is. However, recent studies have been done that specifically explore the visual information super-

recognizers sample, namely very recent work by Dunn et al (preprint; 2021).  

 Dunn et al. (2021) compared the visual sampling of 10 super-recognizers in an attempt to 

get a better understanding of the cognitive and perceptual processing that led to their enhanced 

face processing abilities. To explore visual sampling during a learning task, they used a 

‘spotlight’ that had apertures of different sizes, i.e. only a part of the face was visible through 

such a ‘spotlight’ and the amount visible was manipulated. Their findings show that super-

recognizers only out-perform ‘typical’ viewers if they could see at least 36% of the face. 

Additional analysis was used to explore qualitative difference in gaze behaviour between typical 

viewers and super-recognizers, which showed that super-recognizers focus less on the eyes, more 

on the nose and explore more compared to typical viewers. The finding that super-recognizers 
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focus more on the nose has also been found in a study by Bobak et al. (2016) that compared the 

eye-movements of DPs and super-recognizers. The findings of Dunn et al. (2021) indicate the 

encoding of faces for super-recognizers is where the enhanced ability arises, and the authors 

suggest that super-recognizers should be better considered to be super-learners. 

The research on super-recognizers has also led to more emphasis on individual 

differences in the general population. So far, I have discussed performance differences in 

general, but not how these are measured. What follows is a brief overview of the different 

paradigms and outcome measures that are used to measure face processing abilities in order to 

give a sense of the types of data related to human face recognition research. 

 

Tasks: Face matching 

A common task to measure face processing abilities is of course the basic face matching task in 

which at its core is the comparison between two images. The two images compared could be two 

different original images, or one original image compared to an altered image. As mentioned 

before, many of the tests to measure performance were initially targeted at people with 

prosopagnosia, but later used to explore face processing in a more general population. I have 

thus far spoken about ‘face recognition abilities’ and ‘face processing’ as the tests often reflect 

several different subprocesses of face recognition at once, such as (Ramon et al., 2019; Ramon & 

Gobbini, 2018). The tests most commonly used to measure face processing abilities are the 

Cambridge Face Memory Test (Duchaine & Nakayama, 2006) and the Glasgow Face Matching 

Test (Mike Burton et al., 2010). The outcome measures in face matching tasks are percentage 

correct, reaction time, misses, false alarms and related measures such as d-prime, and area under 

the curve. For a more complete overview of the mentioned tasks and others, please see 

(Herzmann et al., 2008; Noyes & O’Toole, 2017; Ramon, 2021; Ramon et al., 2019).  
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Tasks: Bubbles technique 

Very few attempts have been made to directly quantify and measure the visual information we 

use in face recognition. Perhaps the most popular one, is the ‘Bubbles’ technique. This technique 

covers the image of a face with a mask and partly reveals information through Gaussian 

Windows dubbed 'Bubbles', located randomly across the face. The aim of the technique is to 

quantify the amount of visual information that is being used by comparing task performance to 

the sampled information/number of bubbles (Gosselin & Schyns, 2001). The information that 

was linked to a correct response can be considered as the ‘effective’ stimuli’. This technique was 

then used to derive the effective stimuli in three different categorization tasks, in which 

participants were asked to categorize identity, gender, or expressiveness. In a follow-up study 

(Schyns et al., 2002), the authors looked at how many bubbles were used to correctly identify 

75% of the trials in each category. They found that the most information was necessary to 

categorize identity, in which participants needed an average of 33 bubbles, while they only 

needed 20 for gender and 15 for expression.  

The Bubbles technique becomes more informative when the input image is manipulated, 

such as the manipulation of the spatial frequency in the original paper. Manipulations to the 

visual information present in the face are an increasingly more commonly used technique within 

face recognition research, due to technological advances that allow for easier image 

manipulations. One study that explored differences in external representation by manipulated 

visual information was performed by Abudarham and Yovel (2016), whose work has been 

fundamental for this project. Thus, I will discuss this study in greater detail to provide the 

background for Chapter 2 - Beyond binary face recognition task: The effects of familiarity on 

sensitivity to subtle face changes. 

 

 Tasks: Reverse engineering 

Although the experiment in Abudarham and Yovel (2016) can still be considered a matching task 

in essence, it provides a useful framework to explore the internal representations of faces using 

altered images in a face matching task. This work is an application of Valentine’s face space 

(1991), which I will discuss in greater detail in the next section, “Exploring face representations 

through (psychological) models”. In order to explore the dimensions that make up face space, the 



 

33 
 

authors (2016) explore what features are ‘critical’ for identification, i.e. the features that, when 

changed, alter the perceived identity.  

Abudarham and Yovel (2016) first formulated a concretely defined face space that 

consisted of 20 dimensions, which will be referred to as features from here on. Subsequently, the 

faces were assigned values by participants for each of these features: participants were shown 

100 faces they could scroll through (so multiple at the same time) and were asked to rate 

particular features from -5 to 5. They were asked to rate based on all faces, and could also 

change their previous scores if they wished to do so. Each participant rated 100 faces on 4 

features. Based on the z-score of these ratings, a face vector was created. These vectors were 

then used to calculate the distance between faces by calculating the L1 norm, which is the sum of 

the absolute differences between the two vectors. To validate the chosen features, two groups of 

10 pairs were created, one group each for the largest and smallest face space distances. Another 

group of participants (who had not participated in the original rating task) was tasked to rate 

pairs of faces on similarity and the results showed a correlation between perceptual similarity 

judgments and their face space distances. Subsequent experiment used this face space to alter 

identity and specify the most relevant features.  

The approach of Abudarham and Yovel (2016) is based on procedures in machine 

learning, where the input of a classifier is systematically changed in order to find what 

information is actually used in the process, hence the term ‘reverse engineering’. As the 

systematic change of the input is the most crucial part of this technique, I will now discuss how 

the transformation used by Abudarham and Yovel (2016) to ‘move’ faces in face space in more 

detail. The most extreme values per face vector tell you what feature is most distinctive per face. 

These features were selected and then replaced by a feature that was furthest away from it in face 

space, i.e. the maximum change possible within the mapped face space. A total of 30 faces were 

changed, with a varying number of features changed. The number of features depended on 

whether or not it still looked natural/ not odd-looking, which was rated by yet another new group 

of participants. 

These transformed images were then used to create pairs in a matching task that had three 

conditions, Same, Changed and Different, in which a pair was made up of a base image and 

alternative image of the same person, the alternative image with a changed base image of the 

same person, or two base images of different people respectively. Participants were presented 
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with these pairs and asked whether or not these pictures belonged to the same person, with a 

response scale ranging from 1 - definitely the same person and 6 – definitely different people. 

The size of the change (perceptual distance) was rated by a new group of participants in a similar 

procedure as describe in the second paragraph of this section. Abudarham and Yovel (2016) 

found that the size of the changes they made in terms of perceptual distance were correlated with 

the perceptual change, further validating the face space Abudarham and Yovel (2016) used. 

As should be evident from the discussion about the Abudarham and Yovel (2016) study 

so far, is that the rating of features to measure perceptual distance is an important part of this 

framework. In addition to the described experiments, the authors explored whether the inter-rater 

agreement could be used as a measure for perceptual sensitivity (PS): if a feature was rated more 

consistently, it must mean it is easier to perceive than features with less consistent rating, 

indicating the feature is more important for discrimination. The features that turned out to have 

high PS were indeed the features that showed a strong correlation between perceptual similarity 

and face space distances, where the low PS features showed a very weak and insignificant 

relationship. Thus, high PS features appear to have higher discriminative power than low PS 

features. 

Although the original 20 dimensions have been chosen relatively arbitrarily with some 

apparent guidance of literature, the authors state that the correlations between perceptual 

similarity and their face space distances can be taken as a validation of the 20 chosen 

dimensions. However, this does also mean that there are dimensions not in their current face 

space that could also be relevant. Although the terms ‘dimension’ and ‘feature’ were used 

interchangeably in the paper by Abudarham and Yovel (2016), it remains unclear if these 

features were single dimensions or a collection of dimensions. Their method of producing a 

change was to swap whole face components, such as eyes or hair. Some ‘dimensions’ in their 

face space could therefore represent visual information that is coded separately. For example, for 

the dimension/feature hair colour, the method actually resulted in a change beyond just hair 

colour, and also changed properties such as hair length and forehead height. 

The transformation to the face by ‘adopting’ features of other faces fits the purpose, as 

the framework by Abudarham and Yovel (2016) is clearly stated to explore the visual 

information that is related to face identification and altering the face in that way will define what 

features are relevant.  However, it provides little insight into how large a change to the original 
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features would need to be to move an identity out of its face subspace. Although not mentioned 

explicitly, it appears the authors assumed no changes to any of their features would be large 

enough to shift identity, as they object to measuring perceptual sensitivity by making changes to 

the face by altering original features, stating “ …this type of measurement is not useful for 

studying face identification because face identification is about comparing features across 

different faces.” In other words, they argue that transforming a feature in a face by altering 

original facial features is not useful as a transformation if the goal of the study is to explore face 

identification. However, this remains to be seen, as the dimensions of face space are unclear, 

thus it is unclear if the range of a dimension might be large enough to change identity. This is the 

theme that is explored in the psychological experiments throughout this thesis. 

In sum, while there is a lot of data available from face perception tasks, the 

transformations used and what it says about the internal representation we hold of faces are often 

limited. For example, a face is either correctly identified or matched in a two-alternative forced 

choice task, or incorrectly identified. A binary task can tell us what happens below and above a 

threshold of recognition, but not what happens at the boundary of where an identity is no longer 

recognized. It is exactly this space that can tell us more about the internal representations we 

have of faces, as it provides an insight into what is important identifying information and 

whether each face is equally influenced by change. It seems unlikely that we know every face 

equally well and that every unfamiliar face is equally unfamiliar (think of unfamiliar people that 

look similar to somebody you know), but it remains unclear how this translates to differences in 

internal representations. Different levels of a rich representation built over time would fit with 

the capacity of visual working memory (VWM), which is limited but can be allocated 

dynamically (Ma, Husain, & Bays, 2014). Thus, to gain a greater insight in face perception (and 

to fully make use of the benefits that deep learning approaches can provide), face recognition 

tasks with a more complex, but controlled, transformations are necessary. Exploring such stimuli 

will be the main aim of the psychological side of my PhD project.  
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 1.7. Exploring face representations through (psychological) models 

Section main message: Two major influences in face perception research are the formulation of 

the Bruce and Young (1986) model and the Multidimensional face space framework (Valentine, 

1991) as they led to unifying existing research and to many new testable hypotheses and useful 

implementations. 

 

In the following section, I will discuss two psychological theories of facial representation and 

two implementations of these theories that have been of major influence for the progression of 

face perception research, and greatly influence how we think about face processing currently. 

 

The Bruce and Young (1986) model 

Although face recognition was an active research field, until the 80’s few unifying theories were 

proposed to account for the perceptual and cognitive processes in face processing. Bruce and 

Young (1986) set out to connect the few theories that were proposed and extend them to include 

more aspects of face processing. This resulted in the famous 1986 model, which was the first to 

provide such a complete integration and overview of the face processing knowledge accumulated 

so far. However, the true strength of this model is not its descriptive nature of face processing, it 

is the predictions that follow this framework and the way it has led to new insights in face 

recognition. I will now describe the model and some other influential work it inspired. 

 Bruce and Young (1986) aimed to describe face recognition in a very broad sense, in 

order to capture all related perceptual and cognitive processes associated with face processing, 

stating “We use the term recognition here in a broad sense, covering the derivation of any type of 

stored information from faces.” The authors formulated 7 types of information that are derived 

from a face, namely, pictorial, structural, visually derived semantic, identity-specific semantic, 

name, expression, and facial speech. ‘Pictorial’ describes information on image properties, such 

as lighting and photo-resolution. ‘Structural’ describes the facial information we use to 

distinguish them from other individuals, and this is the type of information the authors propose 

we use for familiar face recognition. ‘Visually derived semantic’ information refers to social 

perception, such as age and gender categorization which can be done solely based on the image. 

‘Identity-specific semantic’ information refers to information you hold on the person you cannot 

derive from an image, such as occupation or where you know them from. ‘Name’ is just the 
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person’s name but is coded separately from identity-specific semantic information, because of 

existing disorders where there is a specific inability/difficulty in name retrieval. ‘Expression’ 

information relates to visually derived judgement on what emotion someone is showing. Lastly, 

‘facial speech’ information refers to the facial information that affects our interpretation of heard 

speech, such as in the McGurk effect (Mcgurk & Macdonald, 1976). In this thesis, I focus on 

pictorial and structural information. For the sake of brevity, I will only explain the parts of the 

Bruce and Young model (1986) that are related to familiar face processing of identity 

information alone, leaving out the description of the model for expression analysis and facial 

speech analysis. 

 The first stage Bruce and Young (1986) describe is that of structural encoding, which 

consists of a view-centred description and a more abstract description of the visual facial 

information, such as configurational information and feature-specific information, dubbed 

expression-independent information. This latter type of description is fed into the so-called ‘face 

recognition units’ (FRUs), which is a space in which descriptions of all the faces known to a 

person are stored in units. In this space, the expression-independent information is compared to 

the FRUs and the strength of the signal is related to the similarity of that comparison. The 

strength of activation can be influenced by non-visual identity-specific information. For 

example, if you see someone that resembles a colleague, the information on an identity of where 

you know each other from, such as the workplace, would increase the strength of the signal. A 

similar relationship is with a component described in a general sense as the ‘cognitive system’, 

which represents general non-identity associative memory that can increase the strength of the 

signal. In the given example, this could mean the workplace is the university and the associative 

memory could be information about the building you work in. This cognitive system also 

interacts with what Bruce and Young (1986) named ‘directed visual processing’, which allows 

for task-related information to be formed and used, such as holding the distinctive features of a 

friend’s face in mind when you are searching for them in a crowd.  

The path of activation in the model described in the previous paragraph is used for 

familiar faces. For unfamiliar faces the model starts with the same view-centred and expression-

independent description of the face but it cannot go to FRU, as no information is stored for an 

unfamiliar face. Thus, it goes directly to the directed visual processing components, which in 

collaboration with the cognitive system can be used to complete tasks such as matching 
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unfamiliar faces. Thus, according to the Bruce & Young (1986) model, the difference between 

familiar and unfamiliar lies in the lack of a representational unit and all processes associated with 

that FRU that could boost the activation signal. 

 

The Interactive Activation and Competition Model 

Burton, Bruce and Johnston (1990) further explored the Bruce and Young (1986) model with the 

use of an interactive activation model. Although the paper explored effects of semantic and 

identity priming in addition to distinctiveness, I will only discuss the distinctiveness findings as 

this effect stems from differences in visual information in the FRUs and that fits within the scope 

of this review.  

 Interactive Activation and Competition (IAC) models were developed in the early 80’s 

and are essentially clusters of units, with bidirectional excitatory connections between units in 

different clusters that each have their own weight (Burton et al., 1990). The authors created a 

cluster for FRUs, one for highly identity-specific semantic information and one for associative 

semantic information. Faces were represented by a hypothetical pattern of activation across a set 

of input units. This activation functioned as input to the other units, thus spreading across the rest 

of the network, although all other individual units could also be activated directly by the 

experimenter (for full specifics on the model, please see Burton et al., 1990; McClelland & 

Rumelhart, 1980), as the following discussion will solely focus on the distinctiveness 

manipulation). Within each cluster, units are interconnected with inhibitory links. To test the 

effects of distinctiveness 6 additional clusters with 6 units were linked to the FRUs cluster, each 

cluster representing a facial feature (in this experiment they used hair, eyes and noses as an 

example, but note that it is just hypothetical). When a face was distinctive, it was connected to 

face-units that other faces were not connected to, while typical faces would have face-units in 

common with other faces. Thus, distinctiveness was defined by the number of overlapping 

components, in which a low number of overlapping components is distinctive. They found that 

more distinctive faces reached the threshold of activation of the highly identity-specific semantic 

information earlier than typical faces. In other words, more distinctive faces are easier to 

identify. The reason for this is the lack of competition: the interconnection between units in a 

cluster is inhibitory, thus competition causes a lower net activation of a unit, which results in a 

longer time to reach the threshold.  
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Multidimensional face space (Valentine, 1991) 

In both the Burton and Young (1986) model and the IAC model (Burton et al., 1990), the authors 

made clear that there was little attempt made to specify the details of a facial description used in 

such a system. In an effort to unify findings on distinctiveness, inversion and race, Valentine 

(1991) proposed a multidimensional organizational space in which faces are represented, dubbed 

face space. 

 Briefly explained, the idea behind face space (Valentine, 1991) is that research on 

distinctiveness, inversion and race all indicate the influence of knowledge of the population of 

faces a person encountered so far. Thus, he proposed a framework that can encode a face as a 

point in a multidimensional space that is based on previously encountered faces. The dimensions 

in this space represent features that are used to encode a face. The space was proposed to be 

Euclidean in the example, indicating that the distance between points in this space relate to 

similarity of faces: the more similar a face, the closer it will be in face space. However, this was 

more to illustrate the principle as the author did mention that the “Euclidean metric will almost 

certainly be an over-simplification”. 

Although some suggestions are given on what these dimensions could be, no attempt is 

made to specify these in the model (Valentine, 1991), though many properties of these 

dimensions are proposed. Each dimension is a feature that has a certain variation within the 

population and this model assumes that variation is represented by a normal distribution. Face 

space has an origin, which reflects the central tendency of all the different dimensions. Since 

similarity is represented by distance between points, the density around the origin of face space 

is highest and decreases as distance from the origin increases. Additionally, the normal 

distribution of all features mean that typical faces are close to the origin, and distinctiveness 

increases as the distance to the origin increases. The origin is based on experience with faces in a 

person’s lifetime, suggesting the origin changes over time and is adapted to faces encountered. 

In this paradigm (Valentine, 1991), face recognition happens in a two-step process: a face 

must be represented in face space as an n-dimensional vector, and then this must be compared to 

other representations that are stored in face space. Error and noise should be thought of as an 

area surrounding the coordinate of the point representing the face. Although Valentine does not 

explicitly make the connection, his proposed face space could be considered as the “structural 

encoding” within the Bruce and Young (1986), as the face space described can represent both 
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familiar and unfamiliar faces. Additionally, no predictions are made about what the differences 

between a familiar and unfamiliar face in face space would be. 

 

From Pixels to People 

Although the IAC model provides insight into how the different types of information in the 

Bruce and Young (1986) model could influence each other, the authors do note that “Work on 

these phenomena must focus more precisely on the nature of the information passed into the face 

recognition system.” The face space model also does not include more details on what visual 

information is needed in order to form a face vector or what processing is needed to achieve that 

(Valentine, 1991). To explore what type of perceptual representation could serve as an input for 

face recognition, Burton, Bruce and Hancock (1999) expanded the previous models with a 

perceptual front-end. 

 Burton, Bruce and Hancock (1999) used an adaptation of the IAC model and added 

image processing before the model to gain a better understanding in what image processing is 

needed to make an activation that can activate FRUs. For this purpose, they used principal 

components analysis (PCA) to create image vectors of faces. PCA was first applied to face 

recognition in the early 90’s by Kirby and Sirovich (1990), and by Turk and Pentland (1991).  

PCA is an attractive candidate to use, because it allows for face images to be represented 

in very few dimensions while still retaining enough information for comparisons. Additionally, 

PCA is a relatively straightforward and simple technique to represent images of faces. PCA is 

very sensitive to location differences in images, such as size (different total surface) and position. 

However, Craw (1995) found that when faces are morphed to a standard shape, such as the 

average, these ‘shape-free’ faces can then sensibly be subjected to PCA. Subsequently, Hancock 

et al. (1996) expanded on this approach by using the deviation from the average in landmark 

facial point locations to derive a shape representation. This made is possible to explore the 

contribution of shape and texture, in which texture was defined as the “color information and the 

fine-scale features unaffected by the shape averaging”. 

Models of face recognition were largely divided between perceptual and cognitive 

approaches. As mentioned above, Burton, Bruce and Hancock (1999) expanded the previous 

models with a perceptual front-end to explore what type of perceptual representation could serve 

as an input for face recognition. I.e. they created a model that had both a perceptual and 
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cognitive component. They (Burton et al., 1999) found that PCA serving as a perceptual front-

end combined with the IAC model can model various multi-modal effects, such as 

distinctiveness, semantic priming and repetition priming. One point raised explicitly by the 

authors (1999)  about the use of PCA and the successful modelling was the important implication 

that image-based representations of faces are enough to account for certain effects in face 

recognition, instead of the need for a more abstract type representation that some researchers 

previously assumed. The PCA representation of this model can deal with variation in expression 

but it will not deal well with varying view-points. However, even if the specific procedure of 

PCA might not reflect human-like mechanisms, the concept of an image-based representation of 

a face has proven to be a very insightful finding.  

 

Face-space-R - Lewis 2004 

Another implementation that has led to insight in the nature of face space has been provided by 

Lewis (2004), who expanded on previous versions and interpretations of Valentine’s (1991) face 

space by proposing a revised version that he dubbed ‘face-space-revised’, ‘face-space-R’ for 

short. One of the characteristics of this revised version of the model is that the ease of 

recognition is explicitly defined. Ease of recognition is calculated based on all the exemplars that 

inhabit face space and was dependent on three factors: error of encoding and similarity to a 

target’s first and second nearest neighbour. Although face-space-R does not provide more insight 

in the dimensions of face space, it does provide great insight on how the presence of exemplars 

can change face recognition performance. 

 The model itself had three parameters that could be explored: the total number of faces 

the face space holds (as known individuals), the number of dimensions of the space, and the size 

of the error. In face-space-R, a face representation is activated based on the similarity between 

the probe and a particular face representation (of a known face). The recognition of a face is 

based on the activation of an exemplar, but also that of others: the response to a known identity 

is the activity of an exemplar minus the activation of all other exemplars. The model was able to 

account for the effects of (apparent) other race faces, caricature, distinctiveness and familiarity. 

An especially important addition in this model is the encoding error: an extra component in the 

formula that allows for the strength of activation to be increased or decreased. Lewis (2004) 
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shows how effects of presentation time can be mimicked using different values of error: the 

longer the presentation duration, the lower the encoding error. 

Lastly, learning and familiarity were represented by a strength factor, that could increase 

or decrease the activation of an exemplar. The strength factor would have a value between 0 and 

1, where 0 represented a face never encountered before, and 1 meant highly familiar. The 

strength vector is a cost-efficient solution: each identity/exemplar’s strength is dependent on the 

local density, i.e. how many other exemplars surround it and how closely. Thus, faces in a more 

densely packed part of face space, will need a larger strength vector to be recognized and this 

reflects the difficulty in learning typical faces (typicality paradox, Burton & Vokey, 1998). 

Lewis (2004) also states that there could be a scenario where even the highest strength value is 

not enough for recognition, and then more dimensions will need to be added in face space. How 

a face gets a larger strength factor, i.e. is learned, or how encoding error and strength factor 

relate is not addressed in this paper. 

 

Although great insights have been gained from the conceptualizations of face recognition, all of 

the models discussed above have stated explicitly that they left out the nature of the dimensions 

that make up face space. The models explain some effects of familiarity, but it remains unclear to 

what extent there are differences in the actual representation of familiar and unfamiliar faces. As 

I have discussed in this review, there is an abundance of research that shows differences in face 

processing between familiar and unfamiliar faces, but also some research that indicates we use 

the same information for certain face identification tasks for familiar and unfamiliar faces. In this 

thesis, the main aim is to gain more insight in what visual information we hold in the 

representations of familiar faces and how these representations compare to the representations of 

unfamiliar faces.  

 

 

 1.8. Structure and context of this thesis 

Hopefully it became evident in the review that there is a wealth of research on face recognition 

and a difference between familiar and unfamiliar faces, but it still remains unclear what internal 

face representations we use. The aim of this thesis is to investigate what internal representations 

of faces we have and how these are different between familiar and unfamiliar faces.  
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Structure of the thesis 

For the sake of clarity, my thesis is divided in two parts: part I will cover the relevant 

psychological literature and behavioural experiments and in part II I will cover current 

technological advances in the field of deep learning and the computational experiments.  

In Chapter 2, I examined a new paradigm in which participants could alter certain 

features in a gradual scale, to explore accuracy of an internal representation. Experiment 1, I 

checked if the percept between familiar and unfamiliar faces was the same by showing the 

original on-screen and asking participants to match the image to the original. In Experiment 2, I 

repeated Experiment 1, but added a delay between the original and the response image, so that 

face memory needed to be utilized for the task. In Experiments 1 and 2, the features that were 

changed were distance between the eyes and the eye brows, width of the mouth, lip thickness and 

brow thickness.  

Chapter 0 presents Experiments 3 and 4, that explore the relationship between perceived 

similarity and image-based spaces in order to define well-controlled stimuli that could create 

multi-dimensional changes by deploying PCA. Little research has been done on the relationship 

between perceived similarity and image-based spaces which makes it difficult to quantify face 

transformation, leading often to the use of verbalizable transformations (such as changing eye 

colour, skin colour or apparent sex). By comparing the effect of multi-dimensional changes on 

perceived similarity and 3 different image-based spaces, these experiments aimed to assess the 

usefulness of PCA transformations in the exploration of internal representations of the face. 

Chapter 4 repeats Experiment 4a, but with a smaller size of transformation. 

Whereas Chapters 3 and 4 focuses on the relation between familiarity and similarity, 

Chapter 5 explores the relation between familiarity and sensitivity to change. Two experiments 

are presented, using a two-alternative forced-choice task and two different magnitudes of change. 

The different magnitudes of changes were used to explore effects of cross-identity versus within-

identity changes. 

Chapter 0 explores the boundaries of identities further, by exploring the relationship between 

familiarity and the consistency in perceived change. In this Experiment (6), different sets of 

components were changed and presented to participants in a 1-to-4 array. Participants were then 
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asked which of the four changed pictures they thought had changed the appearance of the person 

the most. 

In the literature review of part II (Chapter 7), I will discuss the work that has been done 

using deep convolutional neural networks to explore human face recognition. Specifically, I 

discuss the most relevant contributing factors in the development of the field of computational 

cognition, and why in particular deep neural nets are suitable to explore human face recognition. 

I end this chapter by reviewing the handful of studies that applied deep neural nets to explore the 

internal representation of faces. 

Chapter 8 describes the three computational experiments in which I mimic familiarity by 

training on certain identities and comparing the representational spaces of familiar (trained) and 

unfamiliar (untrained) faces. A pre-trained FaceNet (Experiment 7a and 7c) and VGGFace 

(Experiment 7b) will be used to quantify changes to an image of a face. In Experiments 7a – 7c, 

the Euclidean distance will be used to quantify changes. In Chapter 9, I compare the 

representational spaces using different distance measures, to find which outcome measure best 

reflects a human behavioural pattern.  

 In the general discussion, I will summarize my main findings and identify several future 

directions that could build on the framework provided within this thesis. 

 

Context of the research 

My doctoral thesis bridges psychology and computing and allows for direct comparisons 

between DNNs and humans. Experiments with human participants and DNNs, while technically 

challenging, allow a better understanding of the workings of both human face recognition and 

DNNs. This is because, unlike with human brains, we can control exactly what information 

DNNs are trained on (i.e., what visual experience they had) and we can explore how they use this 

information compared to humans. For people, techniques such as neuroimaging can provide only 

limited insight into the information processing, while the exact pathway of information fed into a 

DNN can – theoretically – be followed throughout. Comparison with DNNs can thus serve as a 

proxy for our information processing. 

Since this work has implications beyond the topic of familiarity and is relevant for our 

exploration of representations used by artificial systems, it is important to briefly consider the 



 

45 
 

ethical implications of the research presented in this thesis.  Any research in face recognition can 

be considered a contribution to the ongoing debate about the ethical and social issues 

surrounding the use of artificial face recognition (AFR). Even if I do not set out to improve AFR 

systems/algorithms, it is not unreasonable to think that these findings could be applied in some 

fashion to improve the evaluation and/or performance of an algorithm. Additionally, the 

descriptions I have used for some transformations have meaning for some social constructs, for 

example, ‘race’.  Because I do not use these descriptions in any way that is related to the social 

construct, it is important to clearly state the limitations of the findings, and on occasion, what the 

findings do not mean. For example, I do not use the term ‘race’, but I only discuss ‘apparent 

race’, as this work ought not be considered as arguments in a larger social debate about concepts 

such as ‘race’ and ‘sex’. The focus of the proposed work is the comparison of effects of 

familiarity between humans and DNNs, therefore, it is not an evaluation of the performance (in 

terms of accuracy) of any AFR system.   

However, highlighting differences between human face recognition and AFR powered by 

deep neural networks (DNNs) can be considered as exposing flaws and biases of AFR.  Knowing 

these limitations is helpful for raising awareness of the potential risks, which is important for any 

policy and regulatory decisions made associated with these techniques.   
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2. Chapter 2 - Beyond binary face recognition task: The effects of familiarity on sensitivity 

to subtle face changes 

 

 

 

 

Chapter main message 

Recently, Abudarham, Shkiller and Yovel (2019) found there are no differences in feature 

hierarchy between familiar and unfamiliar faces in a face identity task. Although the feature 

hierarchy is not affected by familiarity, memory accuracy of the features in the hierarchy might 

be. Theoretically, familiarity could aid or disrupt face perception. Familiarity could aid the 

comparison of two faces by using the memory of a familiar face to enrich the image currently in 

visual working memory (VWM) with more details to compare. Alternatively, this ‘enrichment’ 

has the potential to disrupt the comparison, by overwriting VWM content of the presented image 

with the visual information retrieved from the memorized face. The current study proposes a 

novel experimental design that allows participants to gradually adjust the appearance of a face 

to match the original image, allowing us to measure the accuracy of face perception. The effects 

of familiarity on sensitivity to two types of adjustments, eye brow and lip thickness (high 

perceptual sensitivity according to Abudarham et al. 2019) and eye distance and mouth width 

(low perceptual sensitivity) were studied. Two versions of the experiment were used, the first 

with an on-screen comparison (face perception) and the second with a delayed comparison (face 

recognition). Our findings indicate that perceptual sensitivity but not familiarity has an influence 

on the accuracy of our face perception, but neither influence the accuracy of recall of the 

selected manipulations. 
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2.1. Introduction 

It is well known and accepted that people process familiar faces differently than unfamiliar faces 

(e.g. Hancock, Bruce, & Burton, 2000; Johnston & Edmonds, 2009). However, it remains 

unclear what the specific differences between familiar and unfamiliar face recognition are. 

Recent studies showed no differences in feature hierarchy between familiar and unfamiliar faces 

in a face identity task. (Abudarham et al., 2019; Abudarham & Yovel, 2018). In the current 

study, the quantitative differences in the feature hierarchy that are related to familiarity will be 

explored. 

Most of the studies that explore differences between familiar and unfamiliar faces focus 

on the visual input, often asking the participant to make a same/different judgement, 

compare/rate or to spot a difference (e.g. Abudarham, Shkiller, & Yovel, 2019; Abudarham & 

Yovel, 2018; Clutterbuck & Johnston, 2004). While there have been attempts to understand the 

sensitivity to face changes by using staircases (Brooks & Kemp, 2007), the majority of studies of 

the effect of familiarity are still based on binary response options or subjective similarity ratings. 

Although these studies can still provide us with valuable insight, the limited response options 

allow us equally limited conclusions about the actual remembered content of a particular face. 

More recently, a non-binary paradigm was used by (Sandford & Burton, 2014) to explore 

configural processing in which participants were instructed to adjust image ratios until it looked 

‘right’. Although focused on a specific type of information (configural), the use of a continuous 

scale provides more insight in the content of facial memory in a relatively low number of trials. 

Quite surprisingly, no advantage was found for familiar over unfamiliar faces, although this 

effect was found in brand logos. To go beyond exploring configural information, a paradigm is 

needed in which feature information can be presented on a continuous scale. In the current study, 

I explore a novel experimental design that allows participants to gradually adjust the appearance 

of a face to match the original image, allowing measurement of the accuracy of feature 

information in face perception. 

In every type of task in which visual information is encoded and/or compared, either to 

an internal representation or to an externally displayed source, visual working memory (VWM) 

is involved. VWM is a component of working memory. VWM has a limited capacity (Luck & 

Vogel, 1997; Ma et al., 2014), meaning there is only a finite amount of visual information at a 

certain moment in time that we can encode when perceiving a face. Additionally, there is a 
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theory that the default of the human brain is to minimize the costs involved in any process (e.g. 

the Free energy principle, Friston, 2009, 2010; Sengupta, Stemmler, & Friston, 2013), making it 

unlikely that the visual system will keep collecting visual information on features indefinitely. 

From VWM, the information moves for further processing. There is a bidirectional transfer of 

information between working memory and long-term memory (for a review, see Burgess & 

Hitch, 2005). 

Theoretically, familiarity could aid or disrupt face perception. Familiarity could aid the 

comparison of two faces by using the memory of a familiar face to enrich the image currently in 

visual working memory (VWM) with more details to compare. Alternatively, this ‘enrichment’ 

has the potential to disrupt the comparison, by overwriting VWM content of the presented image 

with the visual information retrieved from the memorized face. The current study proposes a 

novel experimental design that allows participants to gradually adjust the appearance of a face to 

match the original image, allowing us to measure the precision of face perception. It has been 

shown that loading information from LTM into VWM can enhance task performance (e.g. 

semantic priming, for a review see Bruce, Dench, & Burton, 1993). Thus, a more familiar face 

with a better representation of that face in memory will contain more information that can be 

loaded into VWM and that should allow for a better comparison to what is presented externally.  

Although Abudarham et al. (2019) show that the order of their feature hierarchy is not 

affected by familiarity, this does not automatically mean that the memory precision of the 

features in the hierarchy are not. For example, perhaps the eyes are more important than the nose 

for both familiar and unfamiliar faces, but the details remembered on the eyes could still be 

greater for familiar versus unfamiliar faces. This is in line with a study by O’Donnell and Bruce 

(2001), who found that sensitivity to changes made to the eyes was enhanced for faces that were 

familiarized. The current experimental design allows participants to gradually adjust the 

appearance of a face to match the original image, allowing us to measure the precision of face 

perception. The effects of familiarity on sensitivity to two types of adjustments were studied, 

eyebrow and lip thickness (high perceptual sensitivity according to Abudarham & Yovel) and 

eye distance and mouth width (low perceptual sensitivity). If there is any effect of having an 

internal representation present in LTM, precision could increase if loading the representation 

aids or decrease if the internal representation ‘overwrites’ VWM content. 
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In addition to exploring the effects of familiarity and PS on subtle face changes, the 

effects caused by experimental design were also explored. In much face research it is common to 

test between subjects, especially when the question involves familiarity. For example, to test 

effects of familiarity on a same-different task, it would not be uncommon to test in the UK using 

UK celebrities and perform the same test in another country where the celebrities are considered 

unknown. Although a between-subject design with the same stimuli excludes image-specific 

effects, it introduces noise caused by subject-related factors, such as individual differences and 

cultural effects. However, a within-subject design has the opposite problem, as you avoid the 

issue of effects by individual characteristics but have a potential effect caused by stimuli since 

the same stimuli cannot be familiar and unfamiliar. To explore any differences brought on due to 

within and between subjects testing, all participants were included and divided in two groups: a 

‘mixed’ group of people who were familiar and unfamiliar with between 4 and 8 of the 12 shown 

identities and a ‘single’ group with two subgroups of participants who knew or did not know 

(nearly) all of the identities shown. The one category group can be used to test between-subjects 

and the two-category group can be used to test within-subject. Subsequently, the results of the 

two groups can be compared to explore differences in precision related to experimental design. 

In the current study, the effects of familiarity on sensitivity to two types of adjustments 

will be studied, eyebrow and lip thickness (high perceptual sensitivity according to Abudarham 

et al., 2019) and eye distance and mouth width (low perceptual sensitivity). To explore the 

effects of familiarity on sensitivity to face changes, participants were asked to perform a face 

matching task. Instead of a commonly used 2AFC, an experimental design that allows 

participants to gradually adjust the appearance of a face to match the original image was used, 

allowing us to measure the precision of face perception. In order to compare our findings of face 

perception to several studies Abudarham et al. (2019) ran in this paradigm on face identity, a 

similar sample size was chosen here. I hypothesized that both perceptual sensitivity and 

familiarity have an influence on the precision of our face perception.  
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2.2. Methods 

Sample size 

  

Due to the shift to online testing and the novelty of a continuous response scale, with an unknown 

effect size, it was not possible to set the sample size of the first experiment based on power analysis 

or simulations. Therefore, sample size is based on a rule of thumb that is commonly used for Linear 

Mixed Effect Models, which is to have a minimum of 30 data points for 30 individuals per group 

(Hox, 1998). Familiarity is divided in unfamiliar and familiar, thus there are two groups. Therefore, 

sample size is 60. 

 
 

Participants 

We tested a total of 67 participants (25 males, mean age = 20.7 years, SD = 3.2, age range = 18 - 

30 years) of which 32 participants (15 males, mean age = 19.9 years, SD = 1.8, age range = 18 - 

26 years) were familiar with 4 - 8 of the 12 shown identities (mixed group) and 35 participants 

(10 males, mean age = 21.5 years, SD =4.0, age range = 18 - 30 years) who knew less than 4 or 

more than 8 (single group). All participants had normal or corrected-to-normal visual acuity. All 

participants signed an informed consent form after a short explanation about the procedure. 

Participants received 1 course credit or a monetary reward of £4,- for participation afterwards. 

The experiment was approved by the General University Ethics Panel of the University of 

Stirling. 

 

Apparatus and stimuli 

The experiment was programmed using E-prime and the image preparation was done using 

python and Psychomorph (Tiddeman, 2011). The task was displayed on a HP E243 monitor with 

the refresh rate set at 60 Hz and a spatial resolution of 1920 by 1080 pixels. A common confound 

in face familiarity research is the unavoidable difference in image properties between the images 

used in both categories if you use random unfamiliar faces. Aside from the difference in image 

properties that could be present, one could argue that famous faces are better remembered due to 

inherent properties of famous people. For example, famous people tend to have a more attractive 

face than unfamiliar people. One solution for this is for participants to indicate who they know 
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and do not know and keep the same stimuli for both conditions of familiarity. In order to collect 

data in which familiarity is variable between groups, 12 different faces of famous youtubers were 

used. The identities were chosen based on the current top Youtubers combined with student 

feedback.  

We selected two high PS and two low PS features as described by Abudarham et al. 

(2019), which are lip-thickness and eyebrow-thickness (high PS), and mouth-size and eye-

distance (low PS). PS is a measure that indicates the sensitivity to a change in the face and this 

measure was based on the combination of the outcome of two experiments concerning size of 

facial features: ratings of facial features and face matching. The specific position of these 

features in a feature hierarchy are dependent on the results of the specific tagging experiment 

followed in Abudarham et al. (2019). However, for the current experiment, only a division 

between high and low PS features is needed and for all mentioned features there is evidence that 

it will never fall into the other category. For example, changing eyebrows consistently decreases 

accuracy in face recognition and even if it will not be in the top 5 of the high PS features in our 

stimulus set, it is extremely unlikely that it will fall below the low PS features in our stimulus set.  

Stimuli adjustments were performed using Psychomorph (Tiddeman, 2011). Before the 

alterations, Adobe Photoshop © was used to remove light reflections in the eyes, as the white 

pixels provided cues about the correct answer. Alterations to the Psychomorph-templates were 

done by adjusting the values of all associated face-points. For the sake of reproducibility, we 

used an automated way of template creation. The script resulted in 21 images in which either eye 

distance and mouth width or lip and brow thickness were gradually changed. An example of the 

resultant images is given in Figure 1 and the example of one ‘step’ from the original is shown in 

Figure 2. The images shown were the images used in the practice trials of the task.  
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Figure 1  Example of the subtle changes created. 
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Figure 2 Example of 1 ‘step’ from the original. 
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Figure 3 Overview of one trial.  

The participant was instructed to make the resemblance as best as they could. The trial would 

start showing the original on the left and the response image on the right. The response image 

started at a different value each trial and a variable range of 16 images out of the total 21 

images was chosen to avoid strategic scrolling through the images. A mask was presented at the 

end of each trial to avoid effects of afterimages. 

 

Procedure 

The experiment consisted of 2 practice trials and 2 blocks of 48 trials. Trials were blocked based 

on PS type. Order of PS type and familiarity were randomly selected per participant as a measure 

of counterbalance. Participants were instructed to answer the question “Try and match these 

faces as closely as possible. – Make them resemble as best as you can”. The experimenter talked 

the participant through two practice trials, one for each PS type, to ensure that the participant was 

able to detect the small difference between each variation of the response image. For each trial, a 

random range of 16 images was selected out of the total 21 images, to avoid strategic response, 

such as picking the centre of the range of possible response options. Additionally, the first 

presented response image would vary in value. For example, in trial one images 1-16 were 

shown with image 13 as a first suggestion, and in trial two image 4-20 were shown with image 8 

as first suggestion. The first face pairs were shown and the participant used the right and left 

arrow to match both images as closely as possible. Once the participant was satisfied with the 

result, (s)he pressed spacebar to continue to the next trial. After space bar was pressed, a mask 

covered the response image for 750ms to avoid feedback. Subsequently, the next trial would 
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commence, and the participant repeated the same process. And overview of a trial can be found 

in Figure 3. 

 

Data analysis 

We calculated the difference score (‘distance’ to the original image) for each trial, which is the 

absolute difference between the selected image and the original image. For example, if the 

participant selected altered image number 14, the distance to the original would be 3. Participants 

were expected to show a difference in precision, as represented by a difference in the difference 

score, between familiar and unfamiliar faces. The effect of PS on precision is well described in 

previous studies of Abudarham & Yovel (e.g. 2016) and provided a suitable validity check for 

the functionality of the task. Thus, it was checked if participants indeed performed better in the 

high PS condition compared to the low PS condition as a way to validate the task. To explore the 

effects of familiarity and PS, I constructed two linear mixed effects models (a null model and a 

model containing the variable of interest), for each independent variable and the interaction 

between both, with the difference score as dependent variable. The linear mixed effect analysis 

was performed in R (R Core Team, 2019) and lmerTest  (Kuznetsova et al., 2017). The two 

models were then compared using an ANOVA. The threshold for significance was set at α = 

0.05. Normality of the residuals on the models were inspected visually and none of the models 

showed a violation. 

 

 

2.3. Results  

In the current study, the effect of familiarity and PS on precision in a novel face matching task 

was investigated. I hypothesized that participants’ precision would differ based on familiarity. 

The descriptive statistics of experiment 1 are shown in Figure 4.  
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Perceptual sensitivity 

The basic null model with as random factor the slope and intercept per participant for the effect 

of PS was compared to the PS model which was the basic null model with the addition of PS as 

fixed effect. Our results show that PS affected precision (χ2 (1) = 81.01, p < 0.01), increasing it 

by distance-steps 0.97 ± 0.08 (standard errors). As hypothesized, high PS features are more 

accurately perceived than low PS features. 

 

Familiarity 

We constructed two models which were compared to explore the effect of familiarity on face 

memory precision. Our results show that Familiarity does not affect the capability of matching 

faces (χ2 (1) = 0.0042, p = 0.95). This finding is not in line with our hypothesis. 

 

Figure 4 Violin plots of difference score per type and familiarity level.  

The white dot indicates the median. 
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PS and Familiarity interaction 

We constructed two models which were compared to explore a possible interaction effect 

between Familiarity and PS on face memory precision. The results show no interactions between 

Familiarity and PS (χ2 (1) = 2.10, p = 0.15). 

 

 

2.4. Discussion Experiment 1 

Our results indicate that perceptual sensitivity has an influence on the precision of our face 

perception, but familiarity does not. These findings provide further support to the recent findings 

of Abudarham et al. (2019) in which there is no difference found in features used to identity 

familiar and unfamiliar faces. Although the current findings are clear, these conclusions are 

limited to on-screen face matching which is similar to the testing conditions of Abudarham et al. 

(2019). There are a multitude of studies showing the effects of familiarity in face recognition in a 

variety of experimental designs  (e.g. Ritchie et al., 2010). By using low level metric 

manipulations, the current study indicates that level of familiarity does not alter the perceptual 

ability of perceiving changes in size. Thus, a possible explanation for the absence of significant 

results in the current study could be that the effects of familiarity simply occur at higher order 

than perception or that the nature of the perceptual difference is not related to size estimates (low 

level perceptual ability).  

Alternatively, it could be possible that the presence of both images on-screen promoted a 

pictorial comparison. The lack of difference due to familiarity could possibly be an effect of the 

difficulty of the stimuli, as faces contains an abundance of visual information. It is known from 

concepts such as ‘active vision’ (Hayhoe et al., 1998) that visual information retrieved from eye 

fixation can be used to avoid the need for a complex internal representation from the external 

world (the face stimuli in this case). Recently, is has been shown that the cost of memory usage 

and the cost of the eye movements influence the use of both (Melnik et al., 2018; Somai et al., 

2019). The difficulty of comparing two faces on such small differences could have shifted the 

trade-off between VWM and eye movements towards eye movements, because internalizing the 

subtle differences would not be cost-efficient. The pictorial strategy would also explain the low 

medians (1 for high PS and 2 for low PS), as these could be interpreted as the perceptual 
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threshold in this context. The idea that size is not relevant for familiarity fits with recent findings 

that the internal representation of a person is based on our prior experience and is idiosyncratic 

(Ritchie et al., 2018). A possible future direction is to explore other manipulations in the same 

design. Additionally, it is worth measuring reaction time as familiar faces are matched faster in a 

binary matching task (Clutterbuck & Johnston, 2002, 2004).  

The significant difference found between low and high PS was expected but needs to be 

interpreted with caution. In the current experiment, only two low PS features were explored, and 

both were horizontal changes, whilst both high PS features are vertical changes. However, one 

could argue that the vertical changes are the reason that they are high PS, as it is found that 

vertical changes disrupt face processing more than horizontal changes (Crookes & Hayward, 

2012; Goffaux & Dakin, 2010; Goffaux & Rossion, 2007). Additionally, similar to familiarity, 

the change was only focused on the size of the feature and PS can be altered in multiple ways. 

Size was chosen because it can be changed in a rigid and controlled way. However, future 

exploration is needed to properly define and quantify PS and this paradigm provides a 

steppingstone for the design of the necessary tasks.  

In sum, our current findings support those of Abudarham et al. (2019) that the same 

critical features are used for identifying familiar and unfamiliar faces. However, these findings 

only relate to face perception, as the stimuli to compare were on-screen simultaneously. In 

experiment 2, a delay between the images is added to see if there are effects of familiarity on 

subtle face changes in face recognition once face memory is involved. 

 

 

2.5. Experiment 2 

The results of Experiment 1 show no differences between the perception of familiar and 

unfamiliar faces. As mentioned above, Abudarham, Shkiller & Yovel (2019) found that the same 

features are used for familiar and unfamiliar face identification. The results of Experiment 1 

found no evidence to contradict this when there is no memory component involved. However, 

there is clear evidence of differences in face processing based on familiarity (e.g. Hancock, 

Bruce, & Burton, 2000) and it is likely that these differences are quantitative in nature (R. J. 

Johnston & Edmonds, 2009). Since the perception of faces does not seem affected by familiarity, 
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the next step is to explore differences in internal face representation by introducing a memory 

component to the task. Since only familiar faces have an existing representation, I hypothesize 

that participants will perform the task better when shown a familiar face than an unfamiliar face. 

The increased performance will be evident by a lower difference score for familiar faces than for 

unfamiliar faces. Additionally, based on the literature (e.g. Johnston & Edmonds, 2009; Ramon 

& Gobbini, 2018), a more efficient type of processing of familiar faces could be assumed, so a 

lower reaction time for familiar faces compared to unfamiliar faces is expected. 

 

 

Pilots 

Several pilots were 

undertaken before the 

finalization of Experiment 

2. The familiarity check 

was exactly the same: 

before the main task, 

participants shown all the 

identities and were asked 

to answer yes if they 

knew their identity and 

would recognize them 

walking by on the street. The first pilot was almost identical to Experiment 1, but with the 

addition of a delay between the original and the altered image. To clarify, the current experiment 

shows the original, followed by a mask, followed by the response image that can be altered. It 

also measured the reaction time (for an overview, see Figure 5). The original image was shown 

for 4000 ms as was the mask. 

The results of the pilot (N = 10) are shown in Figure 6 and show a performance on the 

task similar to Experiment 1. This is a very surprising result, as it seems to imply that people 

remember subtle changes very accurately. However, it could also be explained by a confound in 

design, if the potential role of spatial working memory (SWM) is considered. SWM is the part of 

Figure 5 Overview of one trial.  

The participant was instructed to make the resemblance as best 

as they could. The trial would start showing the original for 4000 

ms, followed by a mask of the same length and the response 

image afterwards. The response image started at a different value 

each trial an and a variable range of 16 images out of the total 

21 images was chosen to avoid strategic scrolling through the 

images. A mask was presented at the end of each trial to avoid 

effects of afterimages. 
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working memory that is responsible for maintaining information on relevant locations in the 

visual world. In the current design, the spatial location between the original image and altered 

image was the same, so this high performance could be more dependent on spatial working 

memory instead of memory of the face. Additionally, the hard edges could have provided 

essential spatial information that could be efficiently used in the task. Alternatively, the long 

exposure duration may have allowed for an effective use of an image-matching strategy 

(matching to an internal representation of that specific image). 

  

Figure 6 Violin plots of difference score (left) and the reaction time (right) per type and 

familiarity level in the pilot.  

The white dot indicates the median. 

 

The results of and feedback on the first pilot, led to the second version of the experiment, 

which is shown in Figure 8. In this version, the edges of all the images are blurred and the 

original image is shown on the left side of the screen and the altered image in the centre of the 

screen. Two versions with different exposure duration (1000 ms and 2000 ms) were run to 

explore the effect of a shorter exposure duration. Data of nine participants was collected in each 

version. The results of the second pilot for both the 1000 ms and the 2000 ms version are shown 

below (Figure 7). 
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.   

 

Figure 7 Violin plots  

Violin plots of difference score (left) and the reaction time (right) per type and familiarity level 

for the pilots with 1000 ms (top) and 2000 ms (bottom) exposure duration of the original image. 

The white dot indicates the median. 
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Figure 8 Overview of a trial in the second pilot 

in this version the exposure duration of the original image was set to 1000 or 2000 ms and the 

rest of the experiment remained the same. 

 As it can be seen, the accuracy remains relatively high in the sense that it is similar to the pilot 

results of the 4000 ms version. To avoid an image matching strategy and to promote the use of 

an internal representation of that individual (instead of the shown image), the original image 

before the trials was removed in the next version of the pilot (N=10). Since there is no original to 

match to, the task was changes from ‘try and make the resemblance as great as you can’ to ‘make 

it look right (for you)’. The image is still shown in the beginning as part of the familiarity check, 

but is not repeated after this instance (for an overview, see Figure 9).  

 

 

Figure 9 Overview of a trial in the final pilot and subsequent experiment 

there is no original image showed (participants see a different image of the identity in the 

familiarity check) and are instructed to “make the image look right (for you).” The response 

image remained the same as in the previous experiment.  
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 Although performance remained high (if focused on the size of the second and third quantile and 

the median), the data appeared to have a higher variability compared to version in which the 

original photo was shown. However, this is just based on visual inspection, since the sample was 

too small to run a proper analysis on the data. The results are show in Figure 10.  

 

Figure 10  Violin plots 

Violin plots of difference score (left) and the reaction time (right) per type and familiarity level 

in the final pilot. The white dot indicates the median. 

 

The results are easier to interpret when split on level of familiarity, PS and identity. Especially in 

the high PS condition, shown in the graphs below (Figure 11), you can see that the variability 

appears to be marginally greater for unfamiliar than familiar faces, as indicated by the length of 

the quantiles. These results suggest that the current level of difficulty and exposure duration are 

suitable for exploring familiarity and thus I decided to use this version as a second experiment. 
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Figure 11 The raw scores in the high PS condition of the final pilot split in familiar (top) and 

unfamiliar (bottom) per identity. 

 

 

  



 

65 
 

2.6. Methods experiment 2 

Sample size 

Due to the novelty of a continuous response scale, with an unknown effect size, it was not possible to 

set the sample size of the experiment based on power analysis or simulations. The results of the first 

experiment were expected to give an estimation of effect size, which could subsequently be used in 

the power analysis for further experiments. However, no significant differences were found. 

Therefore, sample size was based on literature for this experiment. Specifically, sample size is set to 

match that of the binary equivalent of a similar face matching task by Abudarham and Yovel (2019). 

 

Participants 

A total of 40 participants took part in the experiment (7 males, mean age = 21.3 years, SD = 5.4, 

age range = 18 - 43 years). 

 

Apparatus, stimuli and procedure 

The experiment is very similar to Experiment 1 but has the following changes in order to explore 

recognition instead of perception: blurring of the edges of the presented images and there is no 

original image presented, apart from in the familiarity check. Experiment 2 was performed on the 

same set up as experiment 1 and used the same stimuli. 

 

Data-analysis 

A similar statistical model as formulated in Experiment 1 was used in this experiment. However, 

instead of using a null model and adding variables in, the ‘maximal type’ of model was used in 

which all variables are included from the start. The outcome measure of reaction time was 

included, because differences in reaction time could indicate a difference in processing due to 

familiarity (e.g. Besson et al., 2017; Ramon & Gobbini, 2018).  
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2.7. Results experiment 2 

In the current experiment, the effect of familiarity and PS on precision of the internal 

representation was explored. Based on the outcome and related literature of Experiment 1 (R. J. 

Johnston & Edmonds, 2009; Ramon & Gobbini, 2018), I hypothesized that participants’ 

precision would differ based on familiarity. The descriptive statistics of experiment 2 are shown 

in Figure 12. 

 

 

Figure 12 Violin plots of difference score (left) and the reaction time (right) per type and 

Familiarity level in experiment 2. The white dot indicates the median. 

 

The ‘maximal type’ model was used to analyse the results of the experiment on any effects of 

Familiarity, PS and the interaction between both. For the difference score, our results show that 

participants did not perform better on familiar faces than on unfamiliar faces (β = -0.13, SE = 

0.14, t = -0.93, p = 0.359), PS showed a trend but does not significantly affect the capability of 

matching faces (high compared to low PS: β = -0.35, SE = 0.17, t = -2.02, p = 0.056) and there 

was no interaction between the two (β = -0.13, SE = 0.22, t = -0.58, p = 0.563). For the reaction 

time, our results show that Familiarity had no effect on performance (β = 14.09, SE = 35.88, t = 

0.39, p = 0.697), PS also does not significantly affect the capability of matching faces (β = -

58.61, SE = 48.71, t = -1.20, p = 0.236) and there was no interaction between the two (β = -1.64, 

SE = 46.73, t = -0.04, p = 0.972). 
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2.8. General discussion 

In this chapter, the effects of familiarity on sensitivity to subtle face changes were explored by 

using a novel experimental design that allows participants to gradually adjust the appearance of a 

face to match the original image, allowing us to measure the precision of face perception. Two 

versions of the experiment were used, the first with an on-screen comparison and the second with 

a delayed comparison. Effects of familiarity on sensitivity to two types of adjustments were 

studied, eyebrow and lip thickness (high perceptual sensitivity according to Abudarham et al., 

2019) and eye distance and mouth width (low perceptual sensitivity). The results of both 

experiments indicate that familiarity does not have an influence on the precision of our face 

perception. These findings provide further support to the recent findings of Abudarham et al. 

(2019) in which there is no difference found in features used to identity familiar and unfamiliar 

faces.  

The results of the second experiment are very surprising and not in line with the literature 

on familiarity (Hancock et al., 2000; R. J. Johnston & Edmonds, 2009; Ramon & Gobbini, 

2018). The trend of a main effect of PS in this experiment might indicate that the task has 

potentially become too difficult if we consider Experiment 1 as a baseline (in which the main 

effect of PS was very strong with a p <.01). If this was the case, the lack of difference and the 

overall performance would simply reflect noise and guessing. However, since the paradigm is 

novel, the lack of data to compare the performance to leaves us with an unclear picture of what 

‘random’ performance would look like.  

Before this outcome can lead to a conclusion about face recognition performance and the 

absence of any effect of familiarity, it is necessary to check whether this result is specific to the 

features that were manipulated, i.e. the changes to the eye and mouth region. The current 

paradigm used very basic and low-dimensional changes to the faces. However, based on 

literature on the variability within and between the representations of faces (Burton et al., 2016; 

Lewis, 2004; Valentine, 1991, 2001), it is likely that there are more complex changes relevant 

for face processing. In animal research on neuronal spiking in face processing, it has been shown 

that different neurons respond to different types of face manipulations (Freiwald et al., 2017). 

The metric changes made in the experiment might be processed by lower-level neurons which 

are not affected yet by familiarity. In the following experiment, high-dimensional (but still 
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subtle) changes to the face were chosen as a transformation, based on a principal component 

analysis (PCA).    

In conclusion, our study provides a novel experimental design that allows participants to 

gradually adjust the appearance of a face to match the original image, allowing us to measure the 

precision of face perception. Our current findings support the finding of Abudarham et al. (2019) 

that the same critical features are used between identifying familiar and unfamiliar faces. 

However, in the interpretation of these findings it is vital to understand that the alterations to the 

faces only reflect a fraction of the variability possible in faces. To gain greater insight in the 

results of experiment 2 and explore the generalizability of the findings, the same experiment with 

multidimensionally altered faces was run (experiment 4). 
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3. Chapter 3 - Exploring perceptual similarity and its relation to image-based spaces: an 

effect of familiarity. 

 

 

The work presented in this chapter has been published by Taylor & Francis in Visual Cognition 

on 17/6/2022, available at 

http://wwww.tandfonline.com//doi/full/10.1080/13506285.2022.2089416. 

 

Chapter main message 

The lack of controlled stimuli transformations is an obstacle to the study of the effects of 

familiarity on face recognition. Researchers are often limited to verbalizable transformations in 

the creation of a dataset. An alternative approach to verbalization for interpretability is finding 

image-based measures that allow us to quantify image transformations. In this study, we explore 

whether PCA could be used to create controlled transformations to a face by testing the effect of 

these transformations on human perceptual similarity and on computational differences in Gabor, 

Pixel and DNN spaces. We found that perceptual similarity and the three image-based spaces are 

linearly related, almost perfectly in the case of the DNN, with a correlation of 0.94. This 

provides a controlled way to alter the appearance of a face. In Experiment 4a, the effect of 

familiarity on the perception of multidimensional transformations was explored. Our findings 

show that there is a significant relationship between the number of components transformed and 

both the perceptual similarity and the same three image-based spaces used in Experiment 3. 

Furthermore, we found that familiar faces are rated more similar overall than unfamiliar faces. 

That is, a change to a familiar face is perceived as making less difference than the exact same 

change to an unfamiliar face. The ability to quantify, and thus control, these transformations is a 

powerful tool in exploring the factors that mediate a change in perceived identity.  
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3.1. Introduction 

In the previous chapter, we explored the effects of familiarity on sensitivity to subtle face 

changes by using a novel experimental design that allows participants to gradually adjust the 

appearance of a face to match the original image, allowing us to measure the precision of face 

perception. Two versions of the experiment were used, the first with an on-screen comparison 

and the second with a delayed comparison. We studied effects of familiarity on sensitivity to two 

types of adjustments, eyebrow and lip thickness (high perceptual sensitivity according to 

Abudarham et al., 2019) and eye distance and mouth width (low perceptual sensitivity). The 

results of both experiments indicate that familiarity does not have an influence on the precision 

of our face perception. 

 Before this outcome can lead to a conclusion about face recognition performance and the 

absence of any effect of familiarity, it is necessary to check whether this result is specific to the 

features that were manipulated, i.e. the changes to the eye and mouth region. The current 

paradigm used very basic and low-dimensional changes to the faces. However, exploring other 

changes than the ones tested in the previous chapter is challenging, as the lack of controlled 

stimuli transformations – i.e. the creation of facial variation – is a known obstacle to the study of 

the effects of familiarity on face recognition. The aim of this chapter is to explore a method for 

generating variations in the appearance of a face image, and methods for assessing the likely 

effect on human perceptions of such variations. We then use these methods to test the effect of 

familiarity on the perception of suitably controlled alterations to faces. 

Most research that explores facial variation, uses the approach of reverse engineering: 

manipulating the visual input to assess whether this content is used in face identity recognition. 

For example, changing facial components such as the nose, mouth and eyes (Abudarham & 

Yovel, 2016) or displacing them (Goffaux & Rossion, 2007). This approach is useful but 

requires well-understood transformations of the visual input to be meaningful. For example, a 

change in eyebrow thickness is easily verbalized and can be varied systematically, but a change 

based on 'morphing' - gradually changing from one identity to another - is difficult to interpret in 

terms of dimensional change. Verbalizable transformations are insightful but are only a part of 

the complete story.  

In order to successfully identify a face under a wide range of viewing conditions, our 

internal representations of a face need to capture variability in appearance, in order to “tell 
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people together”, but also tell people apart (Burton et al., 2011; Jenkins et al., 2011). Burton et 

al. (2016) explored the way faces vary using PCA, and found that the variation is idiosyncratic. 

One identity may vary in ways that another does not. As an example, someone with a prominent 

brow ridge will show more variation in lighting on their eyes. Although the exact nature of 

between and within face variability has yet to be determined, it is clear that this variation goes 

beyond easy to verbalize features. An alternative approach to verbalization for interpretability is 

finding image-based measures that allow us to quantify image transformations. Such an approach 

would need image-based measures that preferably correlate with perceptual space, and well-

controlled transformations. 

Principal Component Analysis (PCA) was first proposed as a means of face recognition 

by Kirby and Sirovich (1990), and Turk and Pentland (1991). PCA produces a compact 

representation of a face but is very sensitive to image properties such as lighting. Nevertheless, 

using controlled images, PCA will reveal systematic differences between faces, such as gender 

(O’Toole, Deffenbacher, et al., 1998). The analysis is greatly improved by first morphing all 

faces to the same average shape and performing PCA on the shape vectors and the ‘shape free’ 

faces separately (Craw & Cameron, 1991). This separate analysis yields significant correlations 

with human perceptions of memorability and distinctiveness of faces (Hancock et al., 1996). It 

can also be used to synthesise novel face images (Hancock, 2000) and by extension, provides a 

controlled way to produce changes in the shape or surface appearance of face images. It is this 

ability to produce controlled transformations that is exploited here. 

One aim of this chapter is to test the utility of PCA-induced changes in face images to 

probe human face perception, and subsequently use these transformations to explore the effects 

of familiarity on face recognition. PCA can produce graded changes and it is to be expected that 

a large PCA change will produce a bigger perceptual difference than a smaller one. However, it 

would be helpful to have a separate computational measure of the likely perceptual effect of 

varying different components or combinations of them. If a purely image-based measure 

(without a biological premise) correlates with perceptual ratings, it can be used in the creation of 

stimuli to make a prediction of how a human observer will perceive the image. For example, one 

could predict whether a certain image transformation is strong enough for the altered face and 

the original face to be perceived as different from one another. Here, we test three different 

computational measures of image similarity. 
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The simplest measure of image similarity is pixel-wise Euclidean distance. For this to 

have any chance of working for face images, they need to be very carefully controlled. A simple 

misalignment between two copies of the same image will produce a large difference, while 

changes in lighting will also result in a large difference that may be barely noticed by a human 

observer. Because of this, the measure is little tested in face perception. However, since our 

images are generated by a PCA model that is based on averages and we select the later 

components which result in filtering out variation such as lighting and angle (for details, see 

Methods: apparatus and stimuli), they are inherently well-controlled. Meytlis (2011) used 

carefully controlled images and found an almost perfect correlation between distinctiveness 

ratings and Pixel Euclidean distance. 

 A more biologically plausible measure commonly used in computer vision (Lades et al., 

1993; Wiskott et al., 1997) and neurocomputational models of face recognition (Dailey & 

Cottrell, 1999; O’Reilly & Munakata, 2000) is Gabor filtering. Gabor filters are found to be a 

good representation of how cells in the primary cortex respond to a certain scale and orientation 

(De Valois & De Valois, 1990; Jones & Palmer, 1987; Ringach, 2002). As Gabor filtering 

reflects very early processing and not any higher order processing, it would seem unlikely that 

Gabor distances would relate to perceptual similarity of faces. However, this is exactly what Yue 

et al. (2012) found: Gabor-based image measures strongly correlate with human performance in 

a discrimination task with complex figures. For this reason, we included Gabor space to quantify 

image transformations. 

Current artificial face recognition deploys deep neural networks (DNNs) and their face 

matching ability easily surpasses human performance in many situations. Hancock, Somai and 

Mileva (2020) compared six state-of-the-art DNNs with human performance on four face 

matching tasks designed to be challenging for human participants. The humans averaged 73.3%, 

while the best DNN achieved an accuracy of 98.6%. Despite the difference in accuracy, there 

were significant correlations between the six DNN similarity scores for a pair of faces and the 

human accuracy on that pair. This was especially true for matching pairs, where the two images 

do show the same person. Humans and the DNNs seem to agree on what makes faces look 

similar. However, the correlation for mismatch face pairs was lower, indicating that humans and 

the DNNs show less agreement on what makes faces look different. Indeed, the DNNs worked in 

distinctly non-human like ways, often reporting that faces which differed in apparent race or sex 
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were the same identity. Given these discrepancies, it is valuable to include DNN similarity 

measures in the present analysis of controlled image changes.  

Hancock, Bruce and Burton (1998) looked at correlations between human similarity 

ratings and PCA on existing face images. Here, we invert that process and ask humans to rate the 

similarity of face images that have been altered in a controlled way by varying principal 

components. We compare the human data with similarity scores obtained from Gabor, Pixel and 

DNN analysis of the same images. In Experiment 3, we test the effects of single component 

transformations of both colour and shape, using unfamiliar faces, with the aim of providing 

better methods for choosing stimuli. In Experiment 4a, we test the effect of multiple component 

transformations on both familiar and unfamiliar faces. This allows us to test the effect of 

familiarity on perceptual similarity. 

 

 

3.2. Experiment 3 - exploring the effects of single component transformations 

Background 

One major issue in exploring face identity recognition is finding an image transformation that 

reflects a likely dimension in face space which can also be interpreted in some meaningful way. 

PCA transformations can be difficult to interpret, as they reflect variation in pixel values that 

commonly occur together. For example, a PCA component that changes eye colour will also 

change hair colour, because people with darker eyes often have darker hair than people with 

lighter eye colours. Thus, verbalizing the change of PCA components can be difficult. On some 

occasions, a component can be classified after visual review, such as a component that varies 

apparent masculinity. However, for most components the variation is difficult to classify. In this 

experiment, we will explore the effect of single component transformations on Gabor, Pixel and 

DNN space, and (human) perceptual space in order to assess their usefulness in quantifying 

image transformations.  

 

3.3. Methods 

Sample size 
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Due to the idiosyncratic nature of the image transformations, it was not possible to set the sample 

size of the experiment based on power analysis or simulations. Therefore, sample size was based on 

literature and previous studies (with different stimuli). A common group size for such studies is 

around 30, as averages tend to stabilize around this number. For example, Hehman et al. (2018) 

explored when averages stabilize (i.e. variation in resampling data points is below a threshold value), 

and found that most traits stabilize with a sample size of 30 or less. 

 

Participants 

We tested 25 participants (11 female, 13 male, 1 other, mean age = 39.7 years, 2 missing values, 

SD = 16.3 age range = 12 - 74 years. Participants were naive to the purpose of the experiment 

and took part on a completely voluntary basis without any monetary compensation. The 

experiment was approved by the local General University Ethics Panel of the University of 

Stirling. 

 

Apparatus and stimuli 

The experiment was programmed through the online platform Qualtrics and participation was 

allowed via PC, laptop, phones and tablets. Face image stimuli were generated from a PCA-

based face model, written in Matlab (MATLAB, 2019). The PCA space was calculated from 72 

eye-aligned images, each an average of 10 images of a famous (mostly Caucasian) female. 

Psychomorph (Tiddeman et al., 2001) was used to create the averages. Use of average images 

helps to reduce variations due to lighting and viewpoint. Even so, the first few components 

encode image properties such as lighting and head movements, so we selected components 10 – 

16 to alter. Three different types of transformations were used: shape-only, colour-only and both. 

To explore the effect of the size of the transformation, two transformation sizes were used: 3 and 

6 SD. The SD for each component was scaled according to the variance in the (72- eye-aligned) 

original images. This gave 42 pairs in total: 7 shape, 7 colour and 7 both, two transformation 

sizes each. For each pair a different face image was generated by setting the first 20 shape and 

colour components to a random normal value, mean zero, SD 1, though truncated at +/- 2SD to 

prevent faces looking too strange.  An example of the transformation is shown in Figure 13. In 

addition to the PCA transformations, three single feature transformations derived from 

Independent Component Analysis (ICA) were added. However, these were purely exploratory; a 
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discussion is given in supplementary materials. The images produced were all 420 by 595 pixels, 

size in the experiment was browser and screen dependent. 

 

Figure 13 Example of the transformations used. 

On the top row, 3SD transformations and on the bottom row 6SD transformations. For each size of 

change, the left column of each pair shows one end of the scale which is -1.5 and -3 SD from the original 

respectively and the right column is the other end of the scale which is +1.5 and +3 SD. The left column 

shows shape transformations only, the middle column shows colour transformations only and the last 

column shows shape and colour transformations. The base image for each pair was generated at random, 

as described in the text. 
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Procedure 

Participants were shown an information sheet and then 

gave consent online. The face matching task consisted of 

45 trials (14 alterations for three conditions and the 3 

exploratory ICA transformations) that were presented in 

a random order. In each trial, two faces were presented 

along with the question “Could these be two pictures of 

the same person? 1 – certain no; 2 – think no; 3 – guess 

no; 4 – guess yes; 5 – think yes; 6 – certain yes”. An 

example of a trial is shown in Figure 14. 

                                 

The three computational spaces 

Gabor 

We used the Gabor Features in Signal and Image Processing Toolbox (Kämäräinen et al., 2002b, 

2002a), written in Matlab (2019). This requires a 256 square input image, so the original images 

were cropped to just below the chin, resized and converted to monochrome, Figure 15. We used 

the default settings of the toolbox, which computes phase and magnitude for 8 orientations and 5 

scales across a 10x10 grid, giving a vector of 8000 values for each image. The difference 

between two images is given by the Euclidean distance between the two vectors, calculated using 

the norm function in Matlab (MATLAB, 2019). 

 

Pixel 

A simple way to compare two images is Euclidean distance in pixel space. Since our images are 

all aligned by the eyes, pixel distance might plausibly capture the perceptual changes caused by 

variations purely in the colour space. However, shape transformations will result in different face 

features being compared, or face pixels in one image compared with background in another. 

Meytlis (2011) normalized each image to the same average grey level and cropped them to a 

tight oval. Since we are comparing pairs of images that differ by adding a principal component 

Figure 14. Example of a trial 
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that is inherently zero mean we did not normalize the colour 

values, but did crop tightly around the face with an oval 378 x 277 

pixels, see Figure 15. The difference between images was 

computed by concatenating the RGB vectors and calculating the 

Euclidean distance between them using the norm function in 

Matlab (MATLAB, 2019). 

 

Figure 15   Example of cropped images, 

differing in shape component 10. Top row, for Pixel comparison, bottom row for Gabor. 

 

DNN 

The DNN used was an experimental system from the University of Surrey. It produces an output 

vector of length 512. The similarity of the two images was given by the cosine of the angle 

between the two output vectors. Identical images give a similarity of 1, with smaller values being 

less similar. This is in contrast to the Euclidean distance of Gabor and Pixel spaces where larger 

numbers mean less similar. 

 

3.4. Results Experiment 3 

We treat our participant responses, about whether the two faces look like different people, as a 

similarity scale, with 6 being the most similar. On a 6-point scale, 3 was “guess different” and 4 

was “guess same”. Thus, the boundary for same or different identity was at 3.5. We report the 

agreement between the average human classification and that offered by our 3 computational 

spaces. The deep neural network has a specified decision boundary at a similarity score of 0.4. 

For the two image-based approaches, we computed the minimum distance between all 72 of the 

images used to generate the PCA space. This provides a conservative estimate of ‘different’: any 

pair less similar than this threshold should be different people but it is possible that images of 

different identities might be more similar than this threshold. It should be obvious that a 

threshold could be set that more accurately describes the data based on the findings. However, 

this is exactly why we wanted to find a rule of thumb for setting a threshold: creating a suitable 
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stimulus set can be a laborious task that requires repeated piloting and it is specific to the set of 

faces the transformations were based on, the exact images, the parameters of the transformations, 

etc. For this reason, we explore the usefulness of a generic threshold, the minimum distance in a 

linear image-based space between all 72 of the images used to generate the PCA space. 

 

Gabor 

We found a significant negative correlation between the human similarity ratings and the Gabor 

distances (r = -.87, p = <.001), shown in Figure 16. The smallest distance between different 

identities in the Gabor space was 185. Using this threshold, shown as a vertical dotted line in 

Figure 16, results in 8 points that are misclassified, relative to the human decision boundary at 

3.5. As expected, the threshold of 185 is somewhat conservative: a lower threshold of around 

160 would produce a very similar classification to the human data, differing only in 3 points. 

Interestingly, 5 out of 8 of the ‘incorrectly classified’ items are colour transformations. Despite 

the effect of a change in colour components not crossing the Gabor threshold, the effect of the 

change is apparently strong enough to decrease perceptual similarity to a point of a ‘dissimilar’ 

classification.  This shows that Gabor distance can be used to quantify PCA transformations and 

can even be used to predict whether or not a participant is likely to consider two images to depict 

the same person. 
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Figure 16  Correlation between perceptual similarity and Gabor distance.  

The 6 SD transformations are indicated by a bold outline.  

 

 

Pixel 

We found a significant negative correlation between the human similarity ratings and the Pixel 

distances (r = -.85, p = <.001). To avoid non-face image information inflating pixel values, 

Meytlis (2011) cropped the images to an oval size. In this experiment, a comparable crop has 

been applied (described above). Using the minimum Pixel distance between the 72 cropped 

images that make up our PCA space, the threshold is 7350 Pixel distance. The Pixel threshold 

performed slightly worse than the Gabor threshold, by only correctly identifying 30 out of 42 

points (see Figure 17). Again, the colour transformations are the majority of the misclassified 

points, but only by 1 more error than the transformation of both (colour and shape transformed). 

Similar to the Gabor threshold and its conservative prediction of dissimilar, the Pixel threshold 

would benefit from a lower value. For example, lowering the threshold to 4500 would leave only 

4 misclassifications. 
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Figure 17  Correlation between perceptual similarity and Pixel distance.  

The 6 SD transformations are indicated by a bold outline. 

 

DNN 

We found a significant correlation between the human similarity ratings and the DNN distances 

(r = .94, p = <.001). This specific DNN uses a value of 0.4 or higher to classify two faces as 

similar. This threshold provides a slightly less useful guide for predicting perceptual similarity 

compared to the Gabor threshold and performs the same as the Pixel threshold, as it only 

correctly identifies 30 out of 42 data points. However, it is important to note that this threshold 

was not based on our stimulus set but is the threshold used by the DNN.  The value of the largest 

distance between identities in our PCA set (of the average images of 72 actresses) was 0.34, 

which is close to the threshold set for this DNN. Since the image set in this particular PCA set is 

relatively small – only 72 – the standard threshold of 0.4 is used. 
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Figure 18  Correlation between perceptual similarity and DNN similarity.  

The 6 SD transformations are indicated by a bold outline.  

 

3.5. Discussion Experiment 3 

The linear relationship between the DNN similarity space and human similarity is remarkable. 

The human response scale is, strictly speaking, ordinal: there is no reason to think that the 

differences between “guess”, “think” and “certain” should be the same number, and the same as 

the difference between “guess same” and “guess different”. The DNN similarity space is given 

by the cosine of the angle between the feature vectors. Cosine is clearly non-linear, although 

most of the non-linearity occurs in the region above 0.8 and most of our points are below that, so 

within the relatively linear region. Yet these two non-linear spaces, averaged over a number of 

observations, contrive to give an almost perfect straight-line relationship. 

  Previous work indicates that humans and DNNs seem to agree on which faces look 

similar but show less agreement on what makes a face look different (Hancock et al., 2020). One 

noteworthy aspect of that study was the necessity to use rank correlations, because most of the 

DNNs appeared to have a marked non-linearity towards the top end of the scale. However, 

similarity scores of the commercial systems used were not based on the raw similarity between 

the representational vectors for each pair of images, but on a black-box verification method. It 
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appears these verification methods have the effect of increasing the reported confidence of a 

match between sufficiently similar images. We tried some commercial DNNs on the data 

reported in Figure 6 and they produced a clear ‘hockey stick’ shape (see supplementary 

analyses). The commercial systems overlook minor differences between face images, to which 

human observers are sensitive. It therefore seems that the linear relationship observed in the 

current study results from using the relatively raw similarity between the representational vectors 

for each pair of images. Thus, understanding the computation of the similarity scores of systems 

is important when using DNN similarity scores to predict human similarity scores, because the 

computation affects the form of the relationship. 

Similar to the findings of Meytlis (2011) on Euclidean distance, our results show that all three 

image-based distance values correlate significantly with perceptual similarity. Moreover, we find 

that a threshold based on the PCA set can be used as a rough prediction of the likelihood that a 

pair will be considered the same or different identity. Although the results are straightforward, it 

remains unclear if these linear relationships are also present when multidimensional 

transformations are used. In Experiment 4a, multidimensional transformations are explored by 

using transformations with a varying number of principal components changed. 

 

3.6. Experiment 4a: the relationship between the number of principal components 

transformed, perceptual similarity and familiarity 

Background 

This experiment is similar to Experiment 3, but with multidimensional instead of single-

dimensional transformations. Specifically, we explore the effect of changing different numbers 

of PCs on perceptual, Gabor, Pixel and DNN space. Based on the findings of Experiment 3, we 

hypothesize that the relationship between the number of PCs changed and any of the four image 

spaces is linear. Since it is well known within face identity research that people are better at 

processing familiar than unfamiliar faces (e.g. Johnston & Edmonds, 2009) and representations 

of familiar faces are more robust (Burton et al., 2005), we included familiarity to explore the 

effects of familiarity on perceptual similarity. Therefore, transformations in this experiment were 

performed on famous faces, as opposed to the unfamiliar, randomly generated faces in 

Experiment 3. A familiarity check was added in the beginning of the experiment. 
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Although there is an abundance of research on the effect of familiarity, it remains unclear 

what underlies this enhanced performance to recognize familiar over unfamiliar faces. A 

common proposal is that the representation and processing of familiar faces is different from that 

of unfamiliar faces (R. J. Johnston & Edmonds, 2009; Ramon & Gobbini, 2018). Recent work 

from Ritchie & Burton (2017) shows that variability is important for learning a new face. 

Additionally, the variability within images of a specific identity appears to be idiosyncratic 

information that is key for learning new faces (Burton et al., 2016).  

That two images of a person look more similar when familiar is almost the definition of 

familiarity. Someone familiar with the person can identify them both as being the same 

individual, while someone unfamiliar has to rely on what they can infer from the appearance 

(Jenkins et al., 2011). Here, we are applying fixed changes to faces, some of which will be 

familiar to a given participant and others not. It is plausible that in this situation, viewers familiar 

with a face will be better able to identify a change: e.g., “that’s X, but the nose is wrong”. They 

may be able to use their existing memory of the face to identify the changes. 

The results from Beale and Keil (1995) make a more subtle prediction. They used morph 

sequences between different individuals’ faces to test the effect of familiarity on the decision 

boundary. They found that familiar face pairs had a sharper decision boundary. Moving along the 

morph continuum, the face looked like the first identity until nearly halfway, when it rapidly 

shifted to looking like the other identity. For unfamiliar face pairs, the shift was more linear, with 

a gradual change from one identity to the other. The prediction from this for our imposed 

changes in appearance is that, for a familiar face, the changed images should look like the 

original up to some critical point, where it will rather suddenly no longer look like them. If 

unfamiliar with the original face, then the changes should produce a more linear change in 

similarity. Therefore, the prediction is that changed faces will initially look more similar when 

familiar than unfamiliar but that, if the change becomes large enough, this will reverse, with 

changed familiar faces looking more different. 

In these experiments, we are asking participants to decide about probable identity, rather 

than about similarity directly. So, while those familiar with the face may be able to say, “the nose 

is wrong”, we expect participants to say “same identity” with more confidence if they are 

familiar with the face. Whether we see the reversal predicted by the results of Beal and Keil will 

depend on whether the changes are sufficiently large. 
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3.7. Methods Experiment 4a 

Sample size 

  

Due to the shift to online testing and the novelty of a continuous response scale, with an unknown 

effect size, it was not possible to set the sample size of the first experiment based on power analysis 

or simulations. Therefore, sample size is based on a rule of thumb that is commonly used for Linear 

Mixed Effect Models, which is to have a minimum of 30 data points for 30 individuals per group 

(Hox, 1998). Familiarity is divided in unfamiliar and familiar, thus there are two groups. Therefore, 

sample size is 60. 

 

Participants 

We tested 61 participants (43 females, 16 males, 1 other, 1 missing value, mean age = 29.9 years, 

SD = 9, age range = 20 - 68 years. Testing was done through an online platform, Testable. 

Participants were naive to the purpose of the experiment. All participants agreed to an informed 

consent form after a written explanation of the procedure. Participation was on a completely 

voluntary basis without any monetary compensation. The experiment was approved by the local 

General University Ethics Panel of the University of Stirling. 

Apparatus and stimuli 

The experiment was programmed through the online platform Testable and participation was 

only allowed via a PC or laptop. A calibration to control stimulus size was performed by 

matching the size of an on-screen bar to a credit card, to ensure proper visualisation throughout 

the experiment. Stimuli preparation and creation were done using Matlab (2019), using the same 

PCA space as described in Experiment 3. Eight of the 72 average images that went into the PCA 

were chosen for use in this experiment. The stimuli consisted of these 8 average images, 

regenerated exactly from the model by using all the components, and variations that had either 2, 

3, 5 or 7 colour components (components 10 and 11; 10 – 12; 10 – 14; 10 – 16 respectively) in 

the PCA space changed. The size of the change was 4 SD. To avoid any directional effects from 

the PCA transformation, for half the trials the negative transformation and the other half the 

positive transformation was used. As shown in Experiment 3, any of the three spaces can be used 

for insight into the size of the perceptual change. We applied this principle in this experiment to 

ensure that the effect of the transformation was similar for all identities. Note that we would 
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expect some differences between identities. Suppose a component affects the darkness of the 

eyebrows. At the image level, a face with thin eyebrows will change less than one with thick 

eyebrows. Figure 19 shows the Gabor distance between each original image and its four 

variations. It can be seen that the pattern of differences is very similar for each of the identities, 

suggesting that we should not expect any marked differences between items in our set. An 

example of the transformation can be found in Figure 20.  

 

Figure 19  Gabor distance between the original and altered images  

to check if the transformations had a similar effect in Gabor space for all the identities. 
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Figure 20  An example of the transformation 

 The negative end images are -4 SD and the positive end images are +4 SD from the original. The 

number in the top right of the image indicate how many components are changed. In the 

experiment the original was paired with transformations of either the negative or the positive 

end. 

 

 

Procedure 

The experiment consisted of a familiarity check and a face matching task. In the first 8 trials, 

participants were asked “Would you recognise this person on the street? yes(y)/ no(n)” for each 

identity (presented in a random order) to establish prior familiarity. Afterwards, participants were 

presented with the face matching task instructions and had 2 initial practice trials with an identity 

not included in the actual experiment. This was followed by 32 trials in a random order. In each 

trial, the original was shown, followed by a mask, the altered image and another mask. Finally, 

the participants were presented with the question “Could these be two pictures of the same 

person? 1 – certain no; 2 – think no; 3 – guess no; 4 – guess yes; 5 – think yes; 6 – certain yes”. 

An overview of a trial is shown in Figure 21. 
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Figure 21  Overview of a trial. 

 

Data analysis 

To explore the effects of familiarity, we constructed a linear mixed effects model with the 

similarity rating as dependent variable. The model included Familiarity and Transformation 

Level as categorical factors (Familiarity: familiar and unfamiliar rescaled to -0.5 and 0.5 

respectively to allow for the analysis of the interaction; Transformation Level: 2, 3, 5, or 7), and 

the intercept, slope and interaction of familiarity and Transformation Level in the performance 

per participant as random effects. Due to convergence issues, the main effects were excluded 

from the random effects. We report the parameter estimate (b), standard error (SE), t value and p 

value. The linear mixed effect analysis was performed in R (R Core Team, 2019) with lmerTest  

(Kuznetsova et al., 2017). The threshold for significance was set at α = 0.05. Normality of the 

residuals on the model were inspected visually and showed no violation.  

 

3.8. Results and discussion Experiment 4a 

In the current study, we explored the effect of multidimensional transformations on the three 

image-based spaces and perceptual similarity. Similar to Experiment 3, we explore how 

informative the use of a threshold based on the stimulus set is to predict whether or not the two 
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images are perceived as the same identity. Lastly, we investigated the effect of familiarity on 

similarity ratings.  

 

Gabor 

We found a significant negative 

correlation between the human 

similarity ratings and the Gabor 

distances (r = -0.77, p < 0.001). 

The same threshold as 

Experiment 3 was used, which 

was a Gabor value of 185. 33 

out of 42 points were correctly 

classified (see Figure 22). 

Especially when five 

components were changed, the 

estimation was incorrect: 5 out 

of the 9 incorrect estimations 

using the threshold were made in this condition. However, in this experiment only colour 

components where changed, which were the least accurately predicted in Experiment 3 and this 

could also explain the misclassifications. In other words, it could be that it is not a certain size of 

change that is poorly predicted but it might be a poor fit for predicting colour transformations. 

Similar to Experiment 3, lowering the threshold (to about 167) would increase predictive value. 

 

 

  

Figure 22  Correlation between perceptual similarity and Gabor distance. 

The trendline is fitted to the data of all change size groups. 
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Pixel 

We found a significant negative 

correlation between the human 

similarity ratings and the Pixel 

distances (r = -0.76, p = <.001). 

The same threshold as in 

Experiment 3 was used, which 

was 7350 Pixel distance. Similar 

to the Gabor threshold, this 

provides a decent prediction 

whether or not a face pair will be 

perceived as similar or not 

(misclassified points: 33 out of 

42; see Figure 23). This accuracy 

is similar to that in Experiment 3 (30 out of 42) Again, the estimation using the threshold was 

poorest in the condition where 5 principal components were changed, whereas the other 

conditions are quite well estimated. In contrast to the Gabor space, it does not appear that one 

Pixel threshold can be set to increase accuracy of prediction for the different types of 

transformations (single- and multidimensional).  

 

 

 

 

  

Figure 23  Correlation between perceptual similarity and Pixel distance.  

The trendline is fitted to the data of all change size groups. 
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DNN 

We found a significant correlation 

between the human similarity ratings 

and DNN distances (r = .79, p = <.001). 

As mentioned before, this specific DNN 

uses a value of 0.4 or higher to classify 

two faces as similar and a threshold 

based on our image set was 

uninformative. Contrary to the first 

experiment in which the DNN threshold 

was less useful compared to the other 

two spaces, this threshold provides an 

equally useful guide for predicting 

perceptual similarity by correctly 

identifying 33 out of 42 data points (see Figure 24). 

 

The effect of size of change and familiarity on perceptual similarity 

The descriptive statistics of Experiment 4a 

are shown in Figure 25. Table 8 in the 

supplementary materials shows the 

distribution of familiarity of the 8 identities. 

The results show that increasing the number 

of components transformed decreased the 

similarity rating for all levels compared to 

the base change (2 components changed, all 

p-values are p < 0.001, see Table 9 - Table 

11 in Supplementary material – Chapter 3). 

Interestingly, the similarity rating between 5 

and 7 components did not significantly 

differ (estimate = -0.14, SE = 0.09, t = -1.62, p = 0.106). Secondly, we found that participants 

Figure 24  Correlation between DNN distance and perceptual 

similarity.  

The trendline describes all datapoints. 

Figure 25  Average similarity rating per Transformation Level 

grouped by familiarity. 
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rated familiar faces as more similar overall (estimate = 0.34, SE = 0.13, t = 2.59, p = 0.010; see 

Figure 25). Lastly, there was no interaction found between Familiarity and Transformation Level 

(see Table 9 - Table 11 in supplementary materials). 

  The lack of a significant difference in similarity rating between 5 and 7 components (see 

Figure 25) is surprising because the difference in Gabor space between 5 and 7 components 

changed is the biggest in the whole stimuli set (see Figure 19). Therefore, one might expect the 

difference in perceptual distance would be similarly large, but this was not found. As one could 

see, the relationship is linear until 5 components. This could indicate that Gabor space and 

perceptual space do not relate linearly for bigger transformations. Thus, the lack of a significant 

difference could be an indication that more multidimensional transformations are perceived 

differently.  Alternatively, it could be simply an effect of encoding rate and limited presentation 

duration: the presentation of all faces was 1500 ms so participants might not have had enough 

time to perceive all the changes. 

As described above, the work of Beale and Keil (1995) predicts that changed faces will 

initially look more similar when familiar than unfamiliar but that, if the change becomes large 

enough, this will reverse, with changed familiar faces looking more different than when the same 

transformation is applied to an unfamiliar face. If this prediction became true, there would be a 

main effect of Familiarity and an interaction effect with transformation level. As expected, we 

observed greater perceptual similarity for familiar over unfamiliar faces. However, the expected 

interaction with the Transformation Level was not found. Based on the current experiment alone, 

it is impossible to say if the prediction with regard to the increase in dissimilarity for familiar 

faces was wrong because the change could have simply been not great enough to change the 

identity to the extent needed to increase dissimilarity, i.e., cross and go beyond the border of a 

category. The current paradigm is an important first step to gaining more insight in how 

familiarity influences perceptual similarity and it offers a clear-cut way of comparing other 

transformations that will be used in future research.  
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3.9. General discussion 

In this chapter, we used transformations based on PCA to assess the relationship between 

perceptual similarity and Gabor, Pixel and DNN distance values. Experiment 3 explored the 

effects of shape and colour changes on the size of the perceptual change and the three image-

based spaces. The results showed that the PCA transformations used in this study result in a 

linear relationship between the three spaces and human similarity ratings. In addition to assessing 

the relationship between perceptual similarity and Gabor, Pixel and DNN distance values, 

Experiment 4a explored the effect of altering different numbers of principal components on the 

size of the perceptual change, and the effect of familiarity. Similar to Experiment 3, the 

relationship between each of the spaces and perceptual similarity was linear. Additionally, our 

findings show that there is a significant relationship between the number of components changed 

and both the perceptual similarity and the three image-based spaces and that participants rated 

familiar faces as more similar overall. These findings combined indicate that there is a clear 

relationship between perceptual and our image-based spaces. 

Our findings support those of Yue et al. (2012) that Gabor-based image measures 

correlate highly with human performance in a discrimination task with complex figures and 

Meytlis (2011) that there is a relationship between distinctiveness ratings and pixel-wise 

Euclidean distance. These studies and ours all had different tasks. In Yue et al. (2012), 

participants performed a match-to-sample task and in Meytlis (2011) participants were asked to 

rate single faces on distinctiveness and face pairs on perceptual distance (rating how different 

they looked). In both experiments the stimuli were simultaneously on-screen. Since it is known 

that availability of stimuli reduces the use of visual working memory and promotes the use of 

eye movements to gather visual input when needed (Somai et al., 2019), one could argue the 

observed relationship between perceptual and image-based spaces is due to the ongoing presence 

of the stimuli that serves as an external representation. Since the external representation is an 

image and the spaces are image-based, this could mean the findings do not reflect face space but 

simply the use of visual input. However, in this chapter, Experiment 4a includes a memory 

component because there is a delay between the two faces rated and the findings are similar. This 

indicates that the internal representation of faces does indeed relate to image-based spaces. 

We do not want to imply that the 3 chosen image-based spaces are superior to any others. 

This is simply unknown at the time of this thesis, and these spaces were chosen based on 
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personal experience with them, and the – albeit limited – existing literature (De Valois & De 

Valois, 1990; Hancock et al., 2020; Jones & Palmer, 1987; Meytlis, 2011; Ringach, 2002; Yue et 

al., 2012). Additionally, the Gabor and Pixel distance values are easily obtained and understood. 

The DNN used in this particular instance is not openly available, and other systems with 

different architecture and training might produce different results (see supplementary material; 

although the 6 DNNs tested in Hancock, Somai and Mileva (2020) showed similar, significant 

correlations). In the context of creating a human-like neural network, it will be interesting to 

compare the differences in DNN spaces and how they relate to perceptual measures. 

The primary aim of this chapter was to test the utility of PCA-induced changes in face 

images to probe human face perception. Our findings show that the graded changes produced by 

PCA translate to a graded change in perceptual space. In other words, a large PCA change indeed 

produced a bigger perceptual difference than a smaller one. Additionally, the bigger the number 

of principal components that were altered, the bigger the perceptual change (up until 5 

components). Another argument for the use of PCA-induced changes is the potential insights that 

can be gained from understanding why it describes perceptual similarity quite accurately in some 

cases and not in others. For example, in Experiment 4a, 5 out of 8 faces with 5 principal 

components changed were rated by participants as dissimilar and 3 as similar. One could wonder 

why this variation exists: what makes some faces appear different with 5 principal components 

changed while other faces are still perceived the same? Did the specific components changed 

have a different effect on the different faces? For example, if someone has especially distinctive 

eyes, then a change to the eye region may have more perceptual effect than on a face with more 

typical eyes. In the current study, the faces had all the same components changed and no specific 

selection was made in identities. 

To our knowledge, very little research has been done on the role of familiarity in the 

relationship between (systematic) changes to a face and perceptual similarity.  Our secondary 

aim was to use the paradigm proposed in this chapter to explore this and we found a main effect 

of familiarity but no interaction effect. Although this work is just the first step in exploring the 

factors that mediate a change in perceived identity, future work can be easily related to these 

findings because of the relationship between the image-based spaces. Regardless of the 

transformations, datasets and images used, it can be quantified and compared. 
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Our third aim, was the exploration of a threshold based on the face set used to create the 

PCA space as an aid in stimulus creation. Overall, the three thresholds all gave a decent 

prediction whether or not a face pair will be perceived as similar or not for each experiment. 

However, the predictive value of the thresholds varied between the two experiments. The DNN 

and Pixel threshold made more correct classifications when multi-dimensional rather than single-

dimensional transformations were used (single-dimensional: 30/42, multi-dimensional: 33/42), 

while the Gabor threshold was almost equally informative in both experiments (single-

dimensional: 34/42, multi-dimensional: 33/42). The equal performance of the DNN and Pixel 

threshold might look surprising but is most likely to be consequent of how well-controlled the 

PCA transformations used are. It is noteworthy that the Gabor threshold was consistent in its 

mistakes over different types of transformations and could be set lower to increase predictive 

value, where the Pixel and DNN threshold could not be changed to describe all transformations 

better. Some might argue that setting a threshold in such a fashion is arbitrary because the 

threshold would then be different for each stimulus set. However, the goal was never to find the 

best ‘one-size-fits-all’ threshold, it is merely a suggestion to assist in stimulus creation. 

Nevertheless, it will be interesting to see how big the variation in the predictive value of the 

thresholds is between different stimulus sets.  

In conclusion, this chapter shows the predictive nature of Gabor, Pixel and DNN 

distances in the estimation of perceptual changes in faces. This relationship can be used in the 

exploration of the dimensionality of face space and facilitate in stimulus creation.  For example, 

in research related to variability and learning, the experimenter is often limited in creating a high 

and low variability set based on observation. Any of the three image spaces can be used to 

quantify variability and study the effects on a more gradual scale. Lastly, Experiment 4a presents 

a framework on how to use controlled multidimensional face transformations to explore 

differences in the perception of familiar and unfamiliar faces. The ability to quantify, and thus 

control, these transformations is a powerful tool in exploring the factors that mediate a change in 

perceived identity.  
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4. Chapter 4 - Exploring other aspects of perceptibility of change: magnitude of change  

 

Chapter main message 

Is this chapter, I explore whether the pattern found in Experiment 4a would be the same when 

the changes were smaller in terms of magnitude of change to better understand the relationship 

between the number of components and magnitude of change, and to explore if the pattern we 

found in experiment 4a would be the same. Our findings show a similar result as in experiment 

4a, but, with higher overall similarity scores, no longer a significant main effect of familiarity 

and a significant difference between changes with 5 and 7 components. I interpret the meaning 

of these findings in the context of ‘robust’ representations and face space. 

 

 

4.1. Introduction 

In Experiment 4a, we observed greater perceptual similarity for familiar over unfamiliar faces. 

One surprising finding, or rather lack thereof, was the lack of a significant difference in 

similarity rating between 5 and 7 components (see Figure 25), because the difference in Gabor 

space between 5 and 7 components changed is the biggest in the whole stimuli set (see Figure 

19). Since the findings of Experiment 3 and 4a show a linear relationship between perceptual and 

image-based similarity, one might expect the difference in perceptual distance would be 

similarly large, but this was not found. So far, I have discussed ‘size of change’ only in the 

context of the number of components changed. However, it could be possible that other 

manipulations also affect size of change. More accurately, size of change refers to perceptibility 

of change, because the facets that are interesting do not only exist in image-based spaces but 

affect perceptual space. In this chapter, I will explore possible reasons for the findings in 

Experiment 3 and 4a by replicating the experiment with another facet of perceptibility of change, 

magnitude of change, by altering the magnitude of changes as well as the number of PCs 

changed. 

One plausible reason I proposed in the last chapter is that the lack of a significant 

difference in similarity rating between 5 and 7 components indicates Gabor space and perceptual 

space do not relate linearly for bigger transformations. However, bigger transformations so far 

have only meant a higher number of principal components changed. The magnitude of change 
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used in Experiment 4a was 4 standard deviations, to ensure that the size was large enough to 

change identity, in other words, cross the identity border. The smaller changes, of 2 and 3 

components changed, are changes within the same identity category according to the similarity 

rating. The larger changes, of 5 and 7 components changed, are the changes that crossed the 

identity border and are transformations that both fall outside the identity boundary. This contrast 

between the smaller and larger changes, the transformations being within identity or in this space 

outside of the identity boundary should be considered as a reason for the lack of a significant 

difference in similarity rating between 5 and 7 components since it is the most obvious 

difference between the components. However, if the identity border matters, it seems odd that 

the unfamiliar faces followed a similar pattern as the familiar faces, as the work of Beale and 

Keil (1995) would predict lower similarity rating for familiar face once they cross the identity 

border compared to unfamiliar faces. Based on the differences processing familiar and unfamiliar 

faces in the Beale and Keil (1995) study, you would expect to see some interaction for changes 

that cross the identity border. 

To explore if the pattern remains the same if the changes do not cross the identity border, 

I repeat the experiment with a smaller magnitude of change of 2 standard deviations. 

Additionally, I also included a 1 SD version of the 7-component change, to explore if 

participants can detect those changes. If the changes of the smallest magnitude are perceived, the 

effect of familiarity should be present. If crossing the identity border influences the relationship 

between perceptibility of change and familiarity with perceptual similarity, the findings of 

Experiment 4b should differ from Experiment 4a, although it is difficult to specify what the 

resulting pattern would be. However, an indication of the identity border as a relevant factor for 

the findings in Experiment 4a would be a significant difference in similarity rating between 5 

and 7 components, since this was not present in Experiment 4a. A secondary goal of this 

experiment is continuing the search for well-controlled high dimensional stimuli suitable to 

explore any potential differences related to familiarity.  

As another alternative explanation for the lack of a significant difference in similarity 

rating between the changes based on 5 and 7 components, I argued it could be simply an effect of 

encoding rate and limited presentation duration: the presentation of all faces was 1500 ms so 

participants might not have had enough time to perceive all the changes in the 7 components 

changed condition. If an encoding rate capacity is the cause, changing the magnitude of the 
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change should not change the pattern of the findings of this experiment compared to Experiment 

4a.  

 Predicting the effect of a smaller change in terms of magnitude is difficult, because the 

size of the change still only reflects variation in our specific stimulus set and it remains uncertain 

how it relates to general variation in a complete face diet. Despite the standard deviation feeling 

intuitively interpretable, it is important to keep in mind that the standard deviation only reflects 

the variation within the PCA set used for the PCA. Since the set used is based on 72 famous, 

mostly white, averages of actresses, this leads to a naturally smaller variation than a set that is 

more inclusive. On the one hand, it could be possible that the relatively small variation in this set 

might decrease the effect of magnitude of change and make the number of components changed 

matter more. On the other hand, the lower variation resulting from our well-controlled images 

can lead to clearly defined components, especially the earlier components that were changed. 

The clear components could then have a great perceptual effect. Thus, the relationship between 

number of components changed and magnitude of change needs further study. 

In short, the aim of the following experiment is two-fold. Firstly, the experiment is to 

better understand the relationship between the number of components and magnitude of change. 

Secondly, it is to explore if the pattern we found in experiment 4a would be the same when the 

changes were smaller in terms of magnitude of change and does not cross the identity-border. 

For these reasons, the experiment was re-run with smaller changes of 2 standard deviations. 

Additionally, we’ve made the changes more natural /average looking to increase difficulty and 

gain a greater control of the transformations.  

 

 

4.2. Methods Experiment 4b 

Participants 

Since this experiment is a variation on Experiment 4a and the aim is to interpret the results across 

experiments, the sample size was matched to Experiment 4a. We tested 60 participants (34 female, 

24 male, 2 other, mean age = 32.5 years, SD = 10.5 age range = 18 - 57 years. Testing was done 

through an online platform, Testable, recruitment was done through Prolific. Participants were 

naive to the purpose of the experiment. All participants agreed to an informed consent form after 

a written explanation of the procedure. Participation received monetary compensation. The 
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experiment was approved by the local General University Ethics Panel of the University of 

Stirling. 

 

Apparatus and stimuli 

Similar apparatus and stimuli as in Experiment 4a (Chapter 0) was used, with a small adjustment 

to the stimulus creation. In Experiment 4a we observed several of the faces with the larger 

transformations to become more distinctive relative to other faces. To reduce a strategy based on 

how natural or average the face looked, the way the transformations are applied was adjusted. In 

the previous experiment, a standard deviation of 4 was used and the change was absolute: the 

changes were simply a certain distance added to the value of a particular component. However, 

different faces have different base values and faces that were already far from the average that 

had even more added to them could become more distinctive but also more unnatural than a 

change in the other direction would cause. To avoid any strategy utilizing a more distinctive 

look, the direction of the transformation was changed so that it will always cross the value of the 

average of that component. Specifically, for each component if the value was positive it was 

swapped to negative. Subsequently, the same transformations as in Experiment 4a were used. 

This correction causes the negative end of the change to become more extreme and the positive 

end shift toward the average of the stimulus set (for an illustration of a 5-step change, see Figure 

26). For this reason, solely the positive transformation was used in this experiment. 
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Figure 26 Schematic visualization of the image transformation for the stimuli creation of Experiment 4a (left) and Experiment 4b 

(right, after correcting for extreme values).  

The tables represent the value of the components when a change of 1 SD is made and SD = 2. For the sake of simplicity, all 

components have the same SD, but the actual code calculates the SD per component. The new values are calculated for all the 

steps and the middle step always represents the original. The graphs depict the transformations, where the green arrows are the 

values of step 1 and 2, and the blue arrows are the values of step 4 and 5. In the original stimulus creation step 1 and 2 would be 

the negative steps, and 4 and 5 the positive steps. To avoid the effects of extreme values of components, the direction of the 

transformation was changed so that it will always cross the value of the average of that component. This can be seen in PC1 in 

the top row of the tables: the value of step 5 is flipped with step 1, and the value of step 4 is flipped with step 2. This ensures that 

the last steps are less extreme, i.e. more towards the average. 

Stimuli preparation and creation were done using Matlab (2020), using the same PCA 

space as described in Experiment 3. The same 8 identities as in Experiment 4a were used. The 

stimuli consisted of these 8 average images and variations that had either 2, 3, 5 or 7 colour 

components (components 10 and 11; 10 – 12; 10 – 14; 10 – 16 respectively) in the calculated 

PCA space changed, but now corrected so the change would cross the average value for each of 

the changed PCs. The size of the change was 2 SD. Additionally, participants also saw the 7-
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component change at a magnitude of 1 SD to explore if they could perceive those changes. The 1 

SD-changes are analysed separately. An example of the transformation can be found in Figure 27 

and an overview of a trial in Figure 28. The descriptive statistics of experiment 4b are shown in 

Figure 29. The procedure and analysis remained the same as in Experiment 4a. 

 

 
Figure 27 Example of the PCA transformation using 2 SD and a change towards the average.  

 

 
Figure 28 Overview of a trial  

 

Data analysis 

To explore the effects of familiarity, I constructed a linear mixed effects model with the 

similarity rating as dependent variable. The model included Familiarity and Transformation 

Level as categorical factors (Familiarity: familiar and unfamiliar rescaled to -0.5 and 0.5 

respectively to allow for the analysis of the interaction; Transformation Level: 2, 3, 5, or 7), and 

the intercept, slope and interaction of familiarity and Transformation Level in the performance 
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per participant as random effects. Due to convergence issues, the main effects were excluded 

from the random effects. To explore the main effect of Familiarity, a similar model without the 

interaction effects included was used. I report the parameter estimate (b), standard error (SE), t 

value and p value. The linear mixed effect analysis was performed in R (R Core Team, 2019) 

with lmerTest  (Kuznetsova et al., 2017). The threshold for significance was set at α = 0.05. 

Normality of the residuals on the model were inspected visually and showed no violation.  

 

4.3. Results Experiment 4b 

The descriptive statistics of 

Experiment 4b are shown in 

Figure 29. The results show a 

similar pattern as in 

Experiment 4a. There is a 

significant main effect of 

familiarity(estimate = 0.26, SE 

= 0.08, t = 3.46, p = 0.077). 

Even with a smaller change, all 

transformation levels 

significantly differed from the 

base level (2 components changed). Additionally, there was no significant interaction effect 

between Familiarity and Transformation Level. Contrary to Experiment 4a, even the difference 

between Transformation Level 5 and 7 was significant in this experiment (component 5 used as 

base, estimate = -0.33, SE = 0.09, t = -3.68, p < 0.001). To provide a clearer comparison between 

Experiment 4a and b, a table with the descriptives of both experiments is shown in Table 1. 

 

 

Table 1.  Average similarity rating per Transformation Level. 

 2 3 5 7 

Experiment 4a 5.11 4.06 3.25 3.11 

Experiment 4b 5.03 4.83 4.58 4.26 

 

Figure 29 Average similarity rating per Transformation Level 

grouped by familiarity. 



 

102 
 

Exploring detectability with 1 SD changes 

Apart from the 2 SD change, participants also saw the 7-component change at a magnitude of 1 

SD. To explore the effects of familiarity, I constructed a linear mixed effects model with the 

similarity rating as dependent variable and included Familiarity as a categorical factor, and the 

intercept and slope per participant as a random effect. The results show a significant effect of 

familiarity (estimate = 0.23, SE = 0.11, t = 2.01, p = 0.04). 

 

4.4. Discussion Experiment 4b 

Is this experiment, I explored if the pattern found in Experiment 4a would be the same when the 

changes were smaller in terms of magnitude of change but the same in terms of number of 

components changed. This experiment had two aims: to better understand the relationship 

between the number of components and magnitude of change, and to explore if the pattern we 

found in experiment 4a would be the same when the changes were smaller in terms of magnitude 

of change and does not cross the identity-border. Our findings show a similar result as in 

experiment 4a, but with higher overall similarity scores. Additionally, the difference between 

changes with 5 and 7 components changed was not significant in Experiment 4a but is significant 

here. 

 One noticeable difference between Experiment 4a and 4b is that the similarity ratings in 

Experiment 4b remain higher than in 4a, except for the smallest transformation. Although this 

might seem like an obvious result, it is actually quite an important one. As mentioned before, the 

PCA set used throughout this thesis is based on 72 famous, mostly white, averages of actresses 

and this leads to a naturally smaller variation than a set that is more inclusive. In other words, if 

we could calculate the PCA of all the faces in someone’s face diet, a standard deviation of 

change would lead to greater perceptual changes. Even with the current small effects of standard 

deviation, it was enough to reduce the size of the change to stay within the identity borders. 

Thus, it appears that magnitude of the change is an important factor of size of change. 

As mentioned before, in the study of Beale and Keil (1995), the identity scale explored 

was from 1 identity to another, thus the crossing of a border instantly led to another identity. In 

the current study, it just moves away from the identity. The significant Familiarity effect in the 1 

SD condition was therefore especially surprising: That condition was originally only put in to 

confirm that such a small change would not have an effect, but then it did. Thus, even with a 
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small change in terms of magnitude, the number of components changed matter. This result 

emphasizes the running theme in this discussion: the need for a clear and complete operational 

definition of perceptibility of change. 

 Lastly, there was a significant difference between the changes with 5 components 

changed and with 7 components changed, that was not present in Experiment 4a. At some level, 

it is difficult to compare the results of Experiment 4a and 4b to each other, as the new procedure 

to create the stimuli mostly affected the larger changes. Thus, the difference in findings between 

the two experiments could simply be because the changes looked more similar with the new 

procedure, which caused less perceptual disturbance and made it easier to distinguish the two 

largest transformations. Alternatively, it could be a meaningful finding, where changes after the 

decision boundary are just more difficult to distinguish.  To address such a question and the 

questions raised throughout this discussion, it is of obvious importance to get a better 

understanding of the factors that can influence perceptibility of change in order to control the 

relevant image properties and properly assess the effect of crossing the identity border.  

These results taken together with experiment 4a indicate that the size of the change is not 

only influenced by the number of components, but also the magnitude of the change. Although 

the significant difference in similarity rating between 5 and 7 components is an indication of the 

identity border influencing the relationship between perceptibility of change and familiarity with 

perceptual similarity, more studies on the different aspects of perceptibility of change are needed 

in order to make more conclusive statements. Untangling the different facets of perceptibility of 

change will bring us closer to understanding what changes matter, what makes a face distinctive 

and, in general, will provide a useful framework for the exploration of face space. In the next 

experiment, I will look at one more potential facet of perceptibility of change, the selection of 

principal components.  
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5. Chapter 5 - Title: Familiarity and quantifying sensitivity to dissimilarity  

 

 

Chapter main message 

In the previous chapters, we (Somai & Hancock, 2022) found that PCA could be used to create 

well-controlled, scaled transformations that provide a controlled way to alter the appearance of a 

face. In the current study, I aim to use those specific PCA transformations to quantify sensitivity 

to change. A 2-alternative forced-choice task was used to explore differences between familiar 

and unfamiliar faces in the ability to identify changes made to the appearance of the face. The 

task was carried out with transformation of 2SD (Experiment 5a) and 4 SD (Experiment 5b) 

changes. Participants were asked to select the face that more closely resembled the identity 

presented at the start of the trial. As expected, I found a main effect of perceptibility of change 

(in number of components) between the response pairs. Additionally, I found an interaction 

between Familiarity and perceptibility of change. This means that the increase in sensitivity for 

greater changes between pairs is larger for familiar faces than for unfamiliar faces. Both 

experiments revealed a similar pattern of results which indicates a potential memory effect, for 

which I discuss several reasons. 
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5.1. Introduction 

In Chapter 0, we found that familiar faces are perceived as more similar overall compared to 

unfamiliar faces (Somai & Hancock, 2022). In those experiments (Experiment 4a) a transformed 

image was compared to an image with the original identity. Although this finding seems sensible 

and is in line with the idea of a more robust representation for familiar faces compared to 

unfamiliar ones (Burton et al., 2005; Kramer et al., 2018), these results provide little further 

insight into what ‘robust’ means. It can even feel counter-intuitive if you try to interpret the 

findings in terms of sensitivity to change. ‘Robust’ is often interpreted as a richer internal 

representation, i.e. containing more information for a familiar faces compared to an unfamiliar 

face. If that were true, you would expect that the same transformation for a familiar and 

unfamiliar face should be more obvious in the familiar face, as there is more detailed information 

present to compare the change to. However, this does not appear the case and that might be 

because the argument above is formulated based on a task that focuses on sensitivity to 

similarity. In this chapter, I further explore the relationship between familiarity and perceptual 

similarity by shifting our focus from similarity to sensitivity to change (i.e., dissimilarity).  

Although in a completely different framework, some predictions can be made on the 

basis of the work of Menon et al. (2015) in which the authors aimed to determine whether it is 

specifically the identity-level representation of a face that mediates unfamiliar face processing as 

opposed to a pictorial representation. In this study, participants were presented with an image 

and asked if these matched their target. Menon et al. (2015) manipulated the identity-related 

information by telling participants they were either looking for 1 identity depicted by 2 images or 

2 identities depicted by 1 image each, without there actually being a second identity present. This 

design allowed for the image information to be kept the same in both conditions. Participants 

who noticed the misinformation were excluded (if they recognized the 2 images depicted 1 

person in the condition that they were told it was 2 different people). Participants were instructed 

to look at the target images until they felt they could remember them. Menon et al. (2015) found 

that identity-level information indeed mediated unfamiliar face matching, but only when the task 

was presented sequentially opposed to simultaneously. The authors suggested the sequential 

presentation shifted the image-based strategy to one emphasizing identity and is necessary for 

effects associated with the identity-level representation.  
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In the previous chapter, we explored the effect of familiarity on the relationship between 

well-controlled image transformations and perceptual similarity. Here, I shift the focus from 

identity categorization to sensitivity to change. To explore differences between familiar and 

unfamiliar faces in the ability to perceive the different levels of change, a 2 alternative forced 

choice (2-AFC) paradigm is used. In this task, two altered images are compared to an original 

and the participant is asked to pick the image that resembles the original more closely. The 

specific PCA transformations used in the previous studies are again used to quantify the different 

levels of change. As mentioned above, Menon et al (2015) suggested that sequential presentation 

shifted the image-based strategy to one emphasizing identity and is necessary for effects 

associated with the identity-level representation. In other words, they suggest that their effects 

were dependent on the use of internal representations in the task. Based on the discussed work of 

(Menon et al., 2015) and the presented work so far, the effect of familiarity should become 

evident with a sequential task design, which leads to the following hypothesis: if familiar faces 

have a richer internal representation compared to unfamiliar faces, accuracy to select the most 

similar looking transformation should be higher than for unfamiliar faces.  

Two different magnitudes of change are used: 2 and 4 SD. The 2 SD changes are used to 

explore the sensitivity to change within the same identity and the 4 SD changes for across-

identity boundaries. 

  

 

5.2. Methods Experiment 5a: sensitivity to change within identity (2 SD change) 

 

Sample size 

Similar to Experiment 4a, sample size is based on a rule of thumb that is commonly used for Linear 

Mixed Effect Models, which is to have a minimum of 30 data points for 30 individuals per group 

(Hox, 1998). Familiarity is divided in unfamiliar and familiar, thus there are two groups. Therefore, 

sample size is 60. 

 

Participants 

58 participants (44 female, 14 male, mean age = 33.8 years, SD = 11.0 age range = 18 - 65 years) 

were tested. Testing was done through an online platform, Testable, recruitment was done 
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through Prolific. Participants were naive to the purpose of the experiment. All participants gave 

consent form after reading an explanation of the procedure. Participation received monetary 

compensation. The experiment was approved by the General University Ethics Panel of the 

University of Stirling. 

 

Stimuli 

The experiment was programmed through the online platform Testable and participation was 

only allowed via a PC or laptop. A calibration to control stimulus size was performed in form of 

matching the size of an on-screen bar to a credit card, to ensure proper visualisation throughout 

the experiment. The stimuli creation followed a similar procedure as used in Experiment 4b 

(Chapter 0), which changed the components in the direction of the average (Figure 30) to ensure 

more natural looking changes. 

 
Figure 30  Example of the transformations 

 

Procedure 

The experiment consisted of a familiarity check and a face matching task. The same familiarity 

check as previous experiments was used: participants were asked “Would you recognise this 

person on the street? yes(y)/ no(n)” for each identity (presented in a random order). Afterwards, 

participants were presented with the face matching task instructions and had 6 initial practice 

trials with two identities not included in the actual experiment. This was followed by 36 trials in 

a random order. In each trial, the original was shown, followed by a mask, the first altered image, 

another mask, the second altered image and a last mask. Finally, the participants were presented 

with the question “Which of the two changed pictures more closely resembles the person shown 

in the first image 1 - first picture; 2 - second picture”. All transformation levels of the previous 

experiment were used, and all possible combinations between image pairs were used for all 
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participants (an image with 2 components changed paired with an image with 3 components 

changed, 2-5, 2-7, 3-5, 3-7 and 5-7). The experiment was counterbalanced on which 

Transformation Level was shown first. An overview of a trial is shown in Figure 31. 

 

 
Figure 31   Example of a trial 

 

Data analysis 

To explore the effects of familiarity on discrimination ability, I constructed a logistic model with 

the correct response as dependent variable. To analyse the distance between the pairs, the 

different combinations of image pairs were recoded into ‘pair distance’, which was the difference 

between the number of components altered in the two images. Two combinations fell under 

category 2 (3-5 and 5-7), and all other categories were made up of single combinations. The 

model included Familiarity and Pair Distance as categorical factors (Familiarity: familiar and 

unfamiliar coded as -0.5 and 0.5 respectively to allow for the analysis of the interaction; Pair 

Distance: 1, 2, 3, 4, or 5), and the intercept, slope and interaction of Familiarity and Pair 

Distance in the performance per participant as random effects. To explore the main effect of 

Familiarity, a similar model without the interaction effects included was used. 

The parameter estimate (b), standard error (SE), z-value and p-value is reported. The 

logistic model was performed in R (R Core Team, 2019). The threshold for significance was set 

at α = 0.05. 
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Table 2 components per pair distance 

Pair Distance Components changed in pair of altered 

images 

1 2-3 

2 3-5; 5-7 

3 2-5 

4 3-7 

5 2-7 

 

 

5.3. Results Experiment 5a 

The descriptive statistics of Experiment 5a are shown in Figure 32. The expected main effect of 

pair distance is found, but only for Pair Distance 4 (reference Pair Distance is 1; estimate = 0.44, 

SE = 0.16, z = 2.67, p = 0.008) and Pair Distance 5 (estimate = 0.59, SE = 0.17, z = 3.53, p < 

0.001). There is a significant main effect of Familiarity (estimate = 0.26, SE = .09, z = 2.74, p = 

.006). Additionally, there is an interaction with Transformation Level at Pair Distance 5 

(reference Pair Distance is 1 and Familiarity is ‘unfamiliar’; estimate = 0.68, SE = 0.34, z = 2.04, 

p = 0.041). 

 

 
Figure 32. Proportion correct per pair distance. 
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5.4. Discussion Experiment 5a 

These results are in line with the result found in Experiment 4b in which the relationship between 

perceived similarity and transformation level of a magnitude of 2 SD was explored. To briefly 

recap, in Experiment 4b two faces were presented sequentially to the participant along with the 

question “Could these be two pictures of the same person? 1 –certain no; 2 – think no; 3 – guess 

no; 4 – guess yes; 5 – think yes; 6 – certain yes”.  TContrary to Experiment 4a and 4b, the 

current experiment does show a significant interaction between Pair distance and Familiarity at 

the largest distance between image pairs. 

Since I only tested up to a pair distance of 5 and the transformation size was 2 SD, the 

interaction effect is difficult to interpret because the identity boundary is likely not crossed. To 

clarify, a pair distance of 5 means that the participant, after seeing the original, saw 1 altered 

image transformed with 2 components and 1 with 7 components changed. In Experiment 4b, an 

image with 7 components changed is still perceived well within the identity boundary (if 

compared to the original): the average similarity rating given was 4.26 (4.12 and 4.39 for 

unfamiliar and familiar faces respectively). Anything higher than 3.5 is considered the same 

identity. An image with 2 components changed compared to the original had an average 

similarity rating of 5.03 (4.93 and 5.12 for unfamiliar and familiar faces respectively). Thus, 

even at the largest Pair Distance tested in Experiment 4a, the identities are most likely perceived 

as the same identity. As discussed in Chapter 0, the work of Beale and Keil (1995) found that 

familiar face pairs had a sharper decision boundary the prediction than unfamiliar faces. This 

means that familiar faces will initially look more similar, but if the change becomes large enough 

it will look more different, while this happens more gradually for unfamiliar faces. Therefore, it 

is unclear if the interaction effect occurs at all large differences between the two shown images if 

the Pair distance is greater than 3, or if the pattern of results is different for Pair distances greater 

than 5, because the decision boundary is not crossed in this experiment.  

Discussing the role of the identity boundary in the relationship between familiarity and 

sensitivity to change is highly speculative at this point and it is impossible to draw any 

conclusions based on the data there is available from the current experiment. However, if the 

identity boundary plays a role in the interaction effect between Pair Distance and Familiarity, a 

bigger change magnitude – one that changes perceived identity (such as used in Experiment 4a) - 

should change the pattern of results. That possibility is explored in Experiment 5b. 
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5.5. Experiment 5b: crossing the identity boundaries (4 SD change) 

 

Introduction 

In Experiment 5a, the magnitude of the transformation was 2 SD. From Experiment 4b, we know 

that the similarity ratings between an original image and an image transformed with components 

in the magnitude of 2 SD are still considered as the same identity. In the current experiment, I 

explored the sensitivity to change when the transformations’ size in terms of SD are large 

enough to change identity. Specifically, I will use the same transformations but with a magnitude 

of 4 SD.  

 The work of Beale and Keil (1995) provide us with some indication on how the results of 

Experiment 4a might change if a larger transformation is used. They found that familiar face 

pairs had a sharper decision boundary the prediction than unfamiliar faces. In the current 

experiment, this would mean that once the Pair Distance is large enough for 1 of the altered 

images to cross the identity-boundary, the perceived difference between the two altered images 

should be larger for familiar faces than for unfamiliar faces. 

 To gain insight into what Pair Distances are cross-boundary, the similarity ratings of 

Experiment 4a can be used, in which two faces – one original, one altered with changes of 4 SD 

– were presented sequentially to the participant along with the question “Could these be two 

pictures of the same person? 1 –certain no; 2 – think no; 3 – guess no; 4 – guess yes; 5 – think 

yes; 6 – certain yes”. An overview of the average similarity ratings of Experiment 4a are given in 

Table 3. Anything higher than 3.5 is considered the same identity. Overall, based on the similarity 

ratings, changing 5 and 7 components changes the perceived identity. Changing 3 components 

appears to shift faces closer to the identity-boundary when unfamiliar faces (rated 3.79) than 

familiar faces (4.32). As the Pair Distance is the difference in number of components changed 

between the altered images, the Pair Distances that are cross-identity are 3 (a pair of altered 

images with 2 and 5 components changed) and 5 (a pair of altered images with 2 and 7 

components changed).  

 The findings of Experiment 5a, specifically the interaction effect, indicates that the effect 

of Familiarity is visible when the Pair Distance is large enough, so I would expect to also find a 

difference in Pair Distance 4 in the current Experiment. The increased size of the transformation, 
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4SD instead of 2SD should increase difference between the pairs of images. Thus, due to the 

cross-identity pairs and larger change, I hypothesize that there will be a main effect of 

Familiarity, in addition to an interaction between Familiarity and Pair Distance.   

 
Table 3. Averages per number of components changed. 

Components 

changed 

Average similarity 

rating 

Average similarity 

rating 

Familiar faces 

Average similarity 

rating unfamiliar 

faces 

2 5.11 5.29 4.93 

3 4.06 4.32 3.79 

5 3.25 3.48 3.02 

7 3.11 3.30 2.91 

 

 

Methods Experiment 5b 

The methods are exactly the same as in Experiment 5a, except that the transformations on the 

images were 4 SD opposed to 2 SD. These stimuli are similar as the ones used in Experiment 3a 

but were created with the procedure described in Experiment 4b (Figure 33). As mentioned in 

chapter 0, this was done to make more natural images that always moved a face more towards 

the average. Since this experiment is a variation on Experiment 5a and the aim is to interpret the 

results across experiments, the sample size was matched to Experiment 5a. 60 participants (35 

female, 25 male, mean age = 30.3 years, SD = 10.5 age range = 18 - 62 years were tested.  

 

 

 
Figure 33 Example of the transformations. 

 

5.6. Results Experiment 5b 

The descriptive statistics of Experiment 5b are shown in Figure 34. The expected main effect of 

Pair Distance is found for all Pair Distances. Interestingly, performance for Pair Distance 2 is 

significantly worse than Pair Distance 1 (estimate = -.40, SE = 0.15, z = -2.69, p = .007). The 
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results show that Familiarity has a significant main effect on the sensitivity to change (estimate = 

.28, SE = 0.11, z = 2.55, p = .011). Again, Familiarity does have a significant interaction with 

Pair Distance if the Pair Distance is 5 (reference Pair Distance is 1 and Familiarity is 

‘unfamiliar’; estimate = 1.10, SE = 0.49, z = 2.24, p = .025). 

 

 
Figure 34. Proportion correct per pair distance 

 

5.7. Discussion Experiment 5b 

In this experiment, I explored if the identity-boundary plays a role in the interaction effect 

between Pair Distance and Familiarity by using a bigger change magnitude – one that changes 

perceived identity. A significant main effect of Pair Distance, Familiarity, and interaction 

between Familiarity and Pair Distance was found. 

Due to the cross-identity pairs and larger change, I hypothesized that there will be a main effect 

of Familiarity, in addition to an interaction between Familiarity and Pair Distance. 

The main effects found for Pair Distance and Familiarity are in line with Experiment 4a 

and 4b. The results concerning the interaction effect between Pair Distance and Familiarity are 

similar to Experiment 5a.  

 



 

114 
 

5.8. General discussion 

In the current study, I explored the relationship between familiarity and sensitivity to change 

using the well-controlled PCA transformations used in the previous experiments (Experiment 4a 

and b). There was a main effect of perceptibility of change (in number of components) between 

the response pairs when the change size was 4 SD. Additionally, there was a significant main 

effect of Familiarity and an interaction between Familiarity and perceptibility of change for the 

largest distance between pairs. This interaction means that the increase in sensitivity for greater 

changes between pairs is larger for familiar faces than for unfamiliar faces, but only on the 

largest distance between components. Surprisingly, this was not dependent on the magnitude of 

the change, as both Experiment 5a and 5b showed a similar pattern of results.  

A result that stands out here is the difference in accuracy between familiar and unfamiliar 

faces for Pair Distance 2 in Experiment 5b, which was not present in Experiment 5a. Pair 

Distance 2 represent two pairs in the experiment: a pair of altered images in which one image 

had 3 components changed and the other 5 components changed, and the pairs in which one 

image had 5 components changed and the other 7 components changed. Taking a closer look at 

the data by looking at the accuracy for each of the pairs, shows us the difference is driven by a 

lower performance on unfamiliar faces for a pair with 3 and 5 components than familiar faces 

(accuracy is 0.61 and 0.73 respectively; Table 4 provides an overview of the accuracy per pair for 

familiar and unfamiliar faces). So, the question is, why might this be? 

 
Table 4. averages per pair and Familiarity 

Pair Average accuracy 

unfamiliar 

Average accuracy 

familiar 

Pair distance 

2 – 3 0.77 0.77 1 

2 – 5 0.83 0.83 3 

2 – 7 0.88 0.96 5 

3 – 5 0.61 0.73 2 

3 – 7 0.83 0.90 4 

5 – 7 0.71 0.71 2 

 

 

In Experiment 4a, an image with 3 components changed compared to the original had an 

average similarity rating of 4.06: 3.79 and 4.32 for unfamiliar and familiar faces respectively, 

and an image with 5 components changed compared to the original had an average similarity 

rating of 3.25: 3.02 and 3.48 for unfamiliar and familiar faces respectively. Thus, for unfamiliar 



 

115 
 

faces the comparison between images with 3 and 5 components changed, meant comparing 

images from close to the identity-boundary (with an average similarity rate of 3.79 and 3.02 

respectively). On the other hand, for familiar faces the comparison between images with 3 and 5 

components changed, meant comparing one image that one that was within the identity-boundary 

enough to guess that it was the identity to one that was close to the identity-boundary (with an 

average similarity rate of 4.32 and 3.48 respectively). Following the work of Beale and Keil 

(1995) that shows unfamiliar faces have a more gradual transition between identities around the 

identity-boundary than familiar faces, this finding makes sense, because the distinction for 

unfamiliar faces would be particularly difficult to make.  

 
Table 5. average similarity rating per components changed 

Components 

changed 

Average similarity 

rating 

Average similarity 

rating 

Familiar faces 

Average similarity 

rating unfamiliar 

faces 

2 5.11 5.29 4.93 

3 4.06 4.32 3.79 

5 3.25 3.48 3.02 

7 3.11 3.30 2.91 

 

However, this argument must be taken with caution, as a new procedure was used to 

create more natural-looking stimuli compared to the original stimuli used in Experiment 4a. 

Thus, the similarity ratings might be slightly different based on the new procedure. However, the 

change magnitude should still be more than sufficient to alter perceived identity for the 

transformations with higher number of components changed. Thus, it appears that the identity-

boundary does influence the relationship between Familiarity and Pair Distance, but only for 

pairs close to the identity-boundary. 

In sum, in the current experiments, there was a main effect of perceptibility of change (in 

number of components) and familiarity between the response pairs. Additionally, there was an 

interaction between Familiarity and perceptibility of change for the largest distance between 

pairs. Lastly, it appears that the identity-boundary does influence the relationship between 

Familiarity and Pair Distance, but only for pairs close to the identity-boundary. So far, the same 

components have been changed in order to control for identity changes, while change was 

defined by number of components (with the same base components) and magnitude of change (in 

SD). To further explore how PCA can be used to alter perceived identity, I will explore the effect 
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of different components in PCA space and how they relate to the identity-level representation: 

does changing different sets of components lead to different effects? In the following chapter, I 

will further explore sensitivity to change. Specifically, I will explore whether the visibility of a 

change of a particular component depends on the identity of the face, and if there are effects of 

familiarity.  
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6. Chapter 6 - Finding the category boundaries of faces: familiarity and the distinctiveness 

of transformations 

 

Chapter main message 

This chapter addresses a limitation of the previous studies, namely the use of the same set of 

principal components to alter faces. In this exploratory study, I will explore the effect of varying 

the principal components used in the transformations on perceived identity (distinctiveness of 

transformation) in order to better understand the transformations used in this thesis so far. More 

specifically, I propose a 4-AFC paradigm that compares the effect of different principal 

components and test whether it can be used to select more distinctive PCA components. The 

secondary aim of this chapter is to further explore the effect of familiarity on sensitivity to 

change. Based on the pattern of responses in Experiment 6b, there were no clear indicators that 

familiarity influenced the distinctiveness of transformation. 
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6.1. Introduction 

In the previous chapter, an interaction effect between sensitivity to change and familiarity was 

found, if the change is big enough. Surprisingly, it was also found that magnitude of change does 

not appear to affect the role of familiarity in sequential face matching. However, due to the clear 

limitation that the same set of components in PCA space are changed in the studies so far, it is 

unclear whether this effect generalizes to transformations using other principal components. In 

the previous studies 6 and 8 identities are used, and there is a possibility that some components 

did not have a very noticeable effect on one identity but do have an effect on another, i.e., there 

could be a distinctiveness of transformation. In this chapter, I further explore the role of 

distinctiveness of transformation and assess whether it can be used as a paradigm to study effects 

of familiarity. 

 One reason why different principal components can induce a different change in one 

identity versus another is the idiosyncratic nature of faces. In the review of Chapter 1, a brief 

overview of how faces vary was given. Variability in images of faces can be divided into within- 

and between-face variability. Within-face variability is all the variability that is present in all 

different instances of the face in 1 identity, and between-face variability is the variability that 

defines differences between different identities. Both within-face and between-face variability 

are idiosyncratic, i.e. distinctive for the individual, and subsequently, both affect identification. 

Both types of face variability can be captured with PCA, dependent on the set of images 

that are given as input. In the studies presented in this thesis so far, within-face variability is 

controlled for and the focus is on between-face variability. I want to note that it is beyond the 

scope of this thesis to include within-face variability and I therefore work with well-controlled, 

frontal images of averages, but acknowledge the importance of understanding the role of it in 

learning faces and real-life face recognition (for an overview of reasons why, and fundamental 

research in this field, please see (Bindemann & Hole, 2020; Mike Burton, 2013)). To 

acknowledge the importance of within-face variability, the designs used in this thesis can be 

adapted to explore within-face variability in future research (for example, in a similar fashion as 

in (Burton et al., 2011)). Although the transformations are well-controlled and aim to influence 

identities in a similar fashion, the information stored in a participant’s internal representation on 

within-face variability could still influence the effect a particular transformation might have.  
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To change perceived identity, one presumably must move the face outside the area in 

face space in which the individual is represented. However, little research has been done on the 

boundaries of an individual’s face space. One of the few studies on this topic has been done by 

(Beale & Keil, 1995), which I briefly discussed in Chapter 0. To summarize, the authors 

explored the effect of familiarity on the categorization of faces by using morph sequences 

between two different individuals’ faces and found that familiar faces have a sharper decision 

boundary than unfamiliar faces. Although this study provides some insight in the boundary of the 

area in which an individual’s face is represented in face space, one obvious limitation is that it 

only provides information about the area of face space that lies between the two identities the 

morph is based on. In other words, the boundary is only explored in comparison to another 

identity, forcing the boundary to end at the overlap with that other identity. However, as 

discussed above, within-face variability can share some overlap with other identities and the 

boundary is decided by experience with that variability. Thus, the boundary between two 

identities is not the same as the boundary of an individual’s region in face space. For example, in 

the (Beale & Keil, 1995), one morph was from Kennedy to Clinton. One could learn then what 

components are relevant for Kennedy, but only relative to how it distinguishes him from Clinton. 

Although insightful, it remains unclear whether or not these components are the same or most 

informative as to what makes Kennedy’s face different compared to other faces in face space. 

Additionally, distinctiveness influences how morphs are perceived (Angeli et al., 2008): the 

decision boundary between two morphs of a typical to distinctive face shifts so that the mid-

point will 'look like' the distinctive face. 

Beale and Keil (1995) matched identities on perceived familiarity, distinctiveness, 

apparent age and image quality, further suggesting an effect of these factors on the level of 

morph needed to perceive the transition into another identity. The effect of distinctiveness on 

face recognition has been reasonably well established (e.g. Angeli et al., 2008; V. Bruce et al., 

1993; Hancock et al., 1995; Valentine, 1991; Wickham et al., 2000), though there is no formal 

definition of distinctiveness. There are two common operational definitions used in research on 

distinctiveness: defining a distinctive face as standing out in a crowd, and the extent to which a 

distinctive face is different from a typical/average face. Whereas the second definition provides a 

clearly measurable definition of distinctiveness, the first is less explicit in what distinctiveness 

means. Wickham, Morris and Fritz (2000) describe that a face can be distinctive in terms of 
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standing out in a crowd for multiple reasons: “for example, a single or a few distinctive features, 

a similarity to a familiar face, or an unusual expression.” Thus, although it is highly likely that 

distinctiveness has an effect, it remains unclear what makes a face distinctive in the first place.  

In the current study, I aim to gain a better understanding of the effect of different 

components on perceived identity – i.e. distinctiveness of transformation – in order to better 

understand the transformations used in this thesis so far. For example, a transformation that 

affects lips might vary in effect depending on the individual's lips, e.g. changing the lips of 

Angelina Jolie will likely have a different effect than somebody with less distinctive lips to begin 

with. Specifically, I explore if PCA can be a possible technique to find distinctive components 

that are based on a wider range of variability (as our set is made up of 72 identities total) 

opposed to the previously mentioned morphing techniques. In this study, a distinctive component 

is a component that changes the face to the greatest extent compared to other transformations. 

Since a distinctive component is defined as a component that changes the face to the greatest 

extent compared to other transformations in this study, the question to the participant will be 

focussed on identifying the largest change in an appearance. Thus, the current study will ask the 

question “Which of the four changed pictures you think has CHANGED the appearance of the 

person the MOST?”. Since the emphasis of this study is finding out the effect of different single 

components, the study will be purely exploratory and will refrain from formal statistical analysis 

(as capturing the effect of distinctiveness in a way that is generalizable would require more 

identities and more transformations, and mostly likely a very large sample). 

A secondary aim of this study is to explore any differences in distinctiveness of 

transformation between familiar and unfamiliar faces. As discussed to a great extent in the thesis 

so far, it remains unclear what the differences in internal representations of a familiar and 

unfamiliar face are. Due to this unclarity, it is difficult to predict how familiarity will influence 

or interact with distinctiveness of transformations. Purely speculating, there are 3 scenarios: 

familiar faces are more consistent than unfamiliar faces in which component is most distinctive, 

the reverse could be true, or there is no difference evident in the current paradigm. I will briefly 

provide arguments for each scenario. 

As discussed in Chapter 2, in every type of task in which visual information is encoded 

and/or compared, either to an internal representation or to an externally displayed source, visual 

working memory (VWM) is involved. VWM is a component of working memory. VWM has a 
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limited capacity (Luck & Vogel, 1997; Ma et al., 2014), meaning there is only a finite amount of 

visual information at a certain moment in time that we can encode when perceiving a face. 

Additionally, there is a theory that the default of the human brain is to minimize the costs 

involved in any process (e.g. the Free energy principle, Friston, 2009, 2010; Sengupta, Stemmler, 

& Friston, 2013), making it unlikely that the visual system will keep collecting visual 

information on features indefinitely. From VWM, the information moves for further processing. 

There is a bidirectional transfer of information between working memory and long-term memory 

(for a review, see Burgess & Hitch, 2005). 

In the first scenario, familiar faces are more consistent than unfamiliar faces in which 

component is most distinctive, the reasoning is similar to when familiarity could aid face 

perception. Familiarity could aid the comparison of two faces by using the memory of a familiar 

face to enrich the image currently in visual working memory (VWM) with more details to 

compare. In the context of the current paradigm the enriched internal representation of a familiar 

face would mean a greater probability of having a visual representation of distinctive features. 

This would subsequently make a change to a face more evident compared to an unfamiliar face 

that does not have an internal representation. Thus, a more familiar face with a better 

representation of that face in memory will contain more information that can be loaded into 

VWM and that should allow for a better comparison to what is presented externally.  

In the second scenario, unfamiliar faces are more consistent than familiar faces in which 

component is most distinctive, the reasoning is similar to when familiarity disrupts face 

perception: this ‘enrichment’ for familiar faces has the potential to disrupt the comparison, by 

overwriting VWM content of the presented image with the visual information retrieved from the 

memorized face. In this situation, the participants familiar with the face would be less sensitive 

to change, because it is minimized in their VWM by information from LTM. However, this 

assumes that a presence of a stored internal representation, i.e. familiarity, relates to 

distinctiveness. If the latter is not true, both familiar and unfamiliar faces will be equally 

consistent in their effects of the components. The unclear predictions of the effects of familiarity 

on distinctiveness of transformation are another reason for the exploratory nature of this study 

and its statistical analysis. In other words, the goal is not to provide a conclusive answer what the 

relationship is between familiarity and distinctiveness of transformation, but whether or not this 

paradigm can be used to explore this question. 
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The results of Experiment 4a (Somai & Hancock, 2022) showed that the effect on 

perceived identity of single- and multidimensional changes was very similar, on average. 

However, only a small range of components were selected and either single component changes 

were made or multidimensional changes with the same components changed (components 

changed: 10 – 11, 10 – 12, 10 – 14, and 10 – 16). It remains unclear if the number of components 

always effect perceived identity the same, or if the perceived change is dependent on the other 

components transformed. E.g., perhaps, one component darkens eyebrows another changes their 

shape, in concert they may have a bigger effect than when paired with a different component.  

In the current chapter, I will explore the effect of varying the principal components used 

in the transformations on perceived identity in order to better understand the transformations 

used in this thesis so far. Additionally, the secondary aim of this chapter is to explore the effect 

of familiarity on sensitivity to change as defined by consistency in choosing a transformation in a 

set of multiple transformations that are all made up of the same number of components and 

magnitude of change. 

 

 

6.2. Methods Experiment 6a 

Participants 

We tested 60 participants (41 female, 19 male, 0 other), mean age = 29.4 years, 1 missing values, 

SD = 9.80 age range = 18 - 58 years. Testing was done through an online platform, Testable, 

recruitment was done through Prolific. Participants were naive to the purpose of the experiment. 

All participants acknowledged informed consent after a written explanation of the procedure. 

Participation received monetary compensation. The experiment was approved by the local 

General University Ethics Panel of the University of Stirling. 

 

Apparatus and stimuli 

The experiment was programmed through the online platform Testable and participation was 

only allowed via a PC or laptop. A calibration to control stimulus size was performed in form of 

matching the size of an on-screen bar to a credit card, to ensure proper visualisation throughout 

the experiment. The stimuli creation followed a similar procedure to that used in Experiment 4b 

(Chapter 4), with the important difference that other components were varied. Each identity had 
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a total of 8 transformations, each of 4 different components changed (referred to as the variable 

components) in combination with both 1 and 4 other principal components (referred to as the 

base components; for an example, please see Figure 35). The base component is component 10 in 

the 2-component condition, and components 10, 15, 16, and 17 in the 5-component condition. 

So, for example, if component 11 is the variable component, this would mean a transformation of 

components 10 and 11 in the 2-components condition and 10, 11, 15, 16, and 17 in the 5-

component condition.  

 

 
Figure 35 Example of the transformations used.  

In the 2-component condition, components 10 is always changed (base component), and in the 5-

component condition 10, 15 16 and 17 are changed, in addition to the variable components (circled in 

orange). In this study, the effect of component 11, 12, 13 and 14 were explored. 

 

Procedure 

The experiment consisted of a familiarity check and a face matching task. The same familiarity 

check as previous experiments was used: participants were asked “Would you recognise this 

person on the street? yes(y)/ no(n)” for each identity (presented in a random order). Additionally, 

a follow-up question was added: “How sure are you that you do/do not recognize this person?” 

Participants had the following response options: 1- I do not know them; 2- they look familiar but 

I cannot place them; 3- I recognise them but cannot remember details (such as name); 4- I know 

who they are; 5- I know who they are and I am very familiar with their content. Afterwards, 
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participants were presented with the face matching task instructions and had 2 initial practice 

trials with an identity not included in the actual experiment. This was followed by 32 trials in a 

random order. In each trial, the original was shown on the top of the screen with 4 transformed 

images below (see Figure 36 for an overview of a trial). The participants were presented with the 

question “Which of the four changed pictures you think has CHANGED the appearance of the 

person the MOST” with four pictures as response options that could be selected by simply 

pressing the corresponding number on the keyboard (i.e. 1 for the first picture). Response was 

possible after 5 seconds. Each participant saw all these variations divided in trials of 2 and 5 PCs 

changed. The original images was depicted at the top and the four variations: any one of the base 

components – 11, 12, 13, 14 – in combination with 1 variable component – 10 – in the 2 PCs 

conditions, or 4 variable components – 10, 15, 16, 17 – in the 5PCs condition (for an overview of 

the trial and an example of the stimuli for both 2PCs and 5PCs changed, see Figure 36 and Figure 

37). The experiment showed identities in a random order and the order the transformations were 

presented was counterbalanced within identity. 

 

 
Figure 36 Example of a trial in which 2 components are changed (2PCs condition). 
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Figure 37 Example of a trial in which 5 components are changed (5PCs condition). 

 

Analysis 

No formal statistical analysis will be performed due to the exploratory nature of this experiment. 

Instead, the focus will lie on descriptive statistics such as frequency and proportion.  

 

6.3. Results Experiment 6a 

The frequency of components selection is given per ID, change size and Familiarity in Figure 38. 

However, due to ID 1 and 3 being relatively well-known compared to ID 2 and 4 who are 

relatively unknown, these graphs can be difficult to compare. To enable an easier comparison, 

the same data described in terms of proportion of the components is depicted in Figure 39. 

For ID1 it is clear that the component 12 was always the most chosen one, regardless of 

familiarity. ID 2 shows a stronger effect of component 14 when the change is large but no clear 

effect of familiarity. In ID3 the component 14 appears to be chosen more often for familiar faces, 

and little preference in the smaller change when unfamiliar, and a preference of component 11 in 

the large change when unfamiliar. The pattern of ID4 is similar to ID2, showing a stronger effect 

of a component when the change is large but no clear effect of familiarity. However, in ID2 the 

most chosen component in the larger change was component 14 and in ID4 it is component 12. 
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Additionally, in ID4 component 11 is chosen more often in the small change condition when 

unfamiliar with the face, but no such effect is seen when familiar with the face. 

 Looking at the frequency plots (Figure 39), it is clear that more participants were familiar 

with ID1 and ID3 than unfamiliar. The opposite is observed for ID2 and ID4, which are 

unfamiliar to more participants than familiar. The levels of familiarity appear similar for all 

identities (see Table 6), overall, the level of familiarity for familiar faces was 3.60 and for 

unfamiliar faces 1.48. The value 3.6 is between ‘I recognise them but cannot remember details 

(such as name)’ and ‘I know who they are’, and 1.48 is between ‘I do not know them’ and ‘they 

look familiar but I cannot place them’. 

 

 
Table 6 Familiarity rating per ID 

ID Familiar Unfamiliar 

1 3.69 1.56 

2 3.25 1.25 

3 3.94 1.9 

4 3.53 1.22 
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Figure 38 Components selection (frequency) per ID, change size and Familiarity. 

Per ID the top rows are the 2 component changes and the bottom are 5 components changed. ‘F’ is to 

indicate familiar faces and ‘UF’ indicates unfamiliar faces. 

 

Figure 39 Components selection (%) per ID, change size and Familiarity.  

Per ID the top rows are the 2 component changes and the bottom are 5 components changed. ‘F’ is to 

indicate familiar faces and ‘UF’ indicates unfamiliar faces. 
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Post-hoc analysis of the Gabor distances and DNN similarity scores 

As discussed in Chapter 0, there is a (linear) relationship between perceived similarity and Gabor 

space and DNN similarity scores. To check if the preference for certain components can be 

explained away by the size of the change in an image-based space, the Gabor distances and DNN 

similarity scores are calculated for all the transformations. Neither the Gabor distances nor DNN 

similarity seem to explain the found results in an obvious way, i.e., the components with the 

largest Gabor distance does not always equal the preferred component in the behavioural data.  

 

 
Figure 40 Gabor distances per ID, change size and component.  

Per ID the top rows are the 2-component changes and the bottom are 5 components changed. 
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Figure 41 DNN similarity scores per ID, change size and component.  

Per ID the top rows are the 2-component changes and the bottom are 5 components changed. 

 

 

6.4. Discussion Experiment 6a  

In this first experiment, I explored the effect of varying the principal components used in the 

transformations on perceived identity in a 4-AFC paradigm. Additionally, the secondary aim of 

this experiment was to test the suitability of the proposed paradigm for exploring the relationship 

between familiarity and distinctiveness of transformation. As expected, it is difficult to provide 

an indication of what the relationship is between familiarity and distinctiveness of 

transformation. However, there appears to be a preference for a certain component dependent on 

the identity, one that cannot be reasoned away by the size of the change measured in an image-

based space (Gabor distance). Thus, these findings do indicate this paradigm picks up on 

idiosyncratic variability, and it seems a promising first step towards exploring distinctiveness of 

transformation, and its relationship to familiarity. 

The effect shown in ID3 when looking at the proportion of PCs selected is what fits best 

with the current literature on the effect of familiarity: when one is familiar with the face, the 
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perceiver is more sensitive to change in a particular component, in this case component 14. 

However, this pattern was not found in the other identities. One of the biggest limitations in this 

study was the uneven distribution of participants that were familiar and unfamiliar with certain 

identities. Thus, before concluding anything about the relationship between distinctiveness of 

transformation and familiarity, it is important to address this limitation first. 

Another noteworthy observation in Experiment 6a is the comparison between ID1 and 

ID3. As mentioned above, ID3 had a clear component having the largest effect when perceivers 

considered it a familiar face, but not when one was unfamiliar with the face. In contrast, ID1 had 

a clear component that, regardless of familiarity, had the strongest effect on perceived similarity. 

The post-hoc exploration of the Gabor distances and DNN similarity scores did not provide an 

image-based reason for this. 

In sum, it appears the PCA transformations could be used to explore familiarity and the 

distinctiveness of change. However, there appears to be an effect of identity, thus the sample size 

and/or design should be aimed to account for the imbalance between participants who are (un-) 

familiar with the identity. These limitations were addressed in Experiment 6b. 

 

 

6.5. Methods Experiment 6b 

To address the limitation of the uneven familiarity distribution over our identities (i.e., the 

number of people familiar or unfamiliar with the identities), I chose 2 Spanish and 2 Canadian 

celebrities and targeted 60 participants from the respective countries. 

 

Participants 

I tested 120 participants (55 female, 64 male, 1 other), mean age = 33.5 years, SD = 10.9 age 

range = 18 - 68 years. Testing was done through an online platform, Testable, recruitment was 

done through Prolific. Participants were naive to the purpose of the experiment. All participants 

acknowledged informed consent after a written explanation of the procedure. Participation 

received monetary compensation. The experiment was approved by the local General University 

Ethics Panel of the University of Stirling. 

 

Stimuli 
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The creation of the stimuli followed a similar procedure as those used in Experiment 6a, with the 

important difference that other identities were used in the calculation of the PCA space. 

Changing the identities in the PCA space was necessary to make the changes on the new 

identities look natural. The four new identities (the 2 Spanish and 2 Canadian celebrities) were 

added and four others, chosen at random, were removed. Thus, the specific components that 

were varied will not reflect the same dimensions, as this is dependent on the PCA space used. 

 

Procedure 

The experiment followed a similar procedure to Experiment 6a, barring the identities presented.  

 

6.6. Results Experiment 6b 

The frequency of components selection is given per ID, change size and Familiarity in Figure 42. 

Again, to enable an easier comparison between identities, the same data described in terms of 

proportion of the components is depicted in Figure 43. Unlike Experiment 6a, all identities appear 

to have the same component with the strongest effect on appearance: component 12. Note that 

component 12 in Experiment 6a and 6b are not the same, as these are dependent on the PCA 

space. The only exception to the preference for component 12 is the 5PC transformation in 

unfamiliar faces for ID2 and ID4, and the 2PC transformation in familiar faces in ID2 and ID3. 

The levels of familiarity appear similar for all identities, except for ID1 which has a lower level 

of familiarity (see Table 7), overall, the level of familiarity for familiar faces was 3.20 and for 

unfamiliar faces 1.35. 
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Figure 42 Components selection (frequency) per ID, change size and familiarity. 

 Per ID the top rows are the 2 component changes and the bottom are 5 components changed. ‘F’ is to 

indicate familiar faces and ‘UF’ indicates unfamiliar faces. 

 

 
Figure 43 Components selection (%) per ID, change size and familiarity.  

Per ID the top rows are the 2 component changes and the bottom are 5 components changed. ‘F’ is to 

indicate familiar faces and ‘UF’ indicates unfamiliar faces. 
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Table 7 Familiarity rating per ID 

ID Familiar Unfamiliar 

1 2.69 1.46 

2 3.58 1.31 

3 3.53 1.29 

4 3.02 1.35 

 

 

Post-hoc analysis of the Gabor distances 

Similar to Experiment 6a, the Gabor distances of the transformations are checked to see if the 

preference for certain components can be explained away by the size of the change in an image-

based space. Again, the preference for component 12 in the behavioural data does not seem to be 

because of a greater image-based difference, as the Gabor distance for component 12 

transformation is similar to the other components. 

 

 
Figure 44 Gabor distances per ID, change size and component.  

Per ID the top rows are the 5-component changes and the bottom are 2 components changed. 
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6.7. General discussion 

In this study, I explored the effect of varying the principal components used in the 

transformations on perceived identity in order to better understand the transformations used in 

this thesis so far. More specifically, I proposed a 4-AFC paradigm that compares the effect of 

different principal components to explore if the effect of components is different per identity and 

if I can use a 4-AFC paradigm to select more distinctive PCA components. The secondary aim of 

this chapter is to test this proposed paradigm to explore the effect of familiarity on sensitivity to 

change. In the current paradigm, I defined sensitivity to change in a novel way, by defining it as 

consistency in choosing a transformation in a set of multiple transformations that are all made up 

of the same number of components and magnitude of change. 

The results of Experiment 6a could not be interpreted due to the distribution of 

familiarity: 2 identities were familiar for the majority of the participants and the two others were 

mostly unfamiliar. This makes it impossible to differentiate between the effect of familiarity and 

any idiosyncratic effects. For this reason, the experiment was repeated with other identities in 

Experiment 6b. Although there appeared to be a preference for a certain component dependent 

on the identity in Experiment 6a, this was not found in Experiment 6b. The results of Experiment 

6b show that component 12 has the strongest effect on appearance in all identities. Since the 

same component affected all identities in a similar fashion, there were no clear indicators that 

familiarity influenced the distinctiveness of transformation.  

The finding that component 12 has the strongest effect on appearance in all identities in 

Experiment 6b can be considered in line with the idea of Wickham et al. (2000) that a face that 

can be mostly typical and only has a few distinctive components can still be perceived as 

distinctive. In other words, component 12 might be a facial feature or a set of features that 

Wickham et al. (2000) refer to as ‘psychologically distinctive’ but not necessarily opposite of 

typical face, where typical is defined as average. Due to this diverse nature of distinctiveness, it 

is difficult to interpret the findings in this study in a clearcut fashion. 

As mentioned above, the main aim of this study was to better understand the 

transformations used in the thesis so far by exploring if the effect of components was different 

per identity and different in perceived change. Based on the findings in Experiment 6b, it appears 

that none of the principal components tested in this study had an identity-specific effect. 



 

135 
 

However, due to several limitations of the study, it is difficult to hypothesize whether this 

finding will generalize beyond this particular design. 

Firstly, the research question used in this study is focussed on dissimilarity opposed to 

similarity, since the questions presented to the participants was the following: “Which of the four 

changed pictures you think has CHANGED the appearance of the person the MOST?” Since the 

findings of both studies are not in line with previous work in this thesis, in particular the lack of 

relationship between the image-based Gabor distance and perceived similarity discussed in 

Chapter 0, one could deduce that the relationship between perceived similarity and image-based 

spaces does not imply the opposite relationship between perceived dissimilarity and image-based 

spaces (Hancock et al., 2020). However, without further research, it is unclear to what extent the 

different nature of the question and research design have affected the findings. 

Secondly, an obvious practical limitation of this paradigm is that the transformations are 

specific to the PCA space calculated, and that in this study different PCA spaces per experiment 

were used. This means it is not possible to directly compare the transformations used in 

Experiment 6a to the transformations used in 6b, which can make it difficult to generalize these 

findings (to other identities or transformations). If this were the aim, one would need a large 

PCA space based on a large number of identities, so that any new identities can be well 

represented within the existing PCA space. However, it remains unclear how many identities are 

necessary to make this possible. Additionally, the work involved in creating a PCA space 

suitable for these experiments (10 frontal images of good quality and relatively high resolution 

go into 1 average), would be extremely laborious. 

To overcome the limitation of generalizing to other identities and ensuring all identities 

can be represented as well as possible, Deep Neural Networks (DNNs) can be used. DNNs 

capture all the information in thousands to millions of images and creates a representational 

space based on all the image features it can extract from the images that are given as an input. In 

Chapter 7 - Review on the use of deep neural networks in understanding human face recognition’, I will 

provide an overview of why and how DNNs are used to better understand human face 

recognition. Additionally, developing a DNN that shows human-like familiarity could potentially 

be used to select the most defining features of a face. The idea of human-like familiarization of 

faces in a DNN is explored in three computational experiments (Chapter 8 - Exploring the 
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representation of familiar faces using deep neural networks.), in order to better interpret these findings 

in the context of how familiarity affects our internal representation. 

In sum, this study explored a 4-AFC paradigm that compares the effect of different 

principal components in order to better understand the transformations used in this thesis so far. 

The secondary aim of this chapter was to test this proposed paradigm to explore the effect of 

familiarity on sensitivity to change, defined as consistency in choosing a specific transformation 

over other transformations that are all made up of the same number of components and 

magnitude of change. The results of Experiment 6a could not be interpreted due to the 

distribution of familiarity and the results of Experiment 6b show that component 12 has the 

strongest effect on appearance in all identities and no apparent effect of familiarity on the 

distinctiveness of transformation.  
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Part II  



 

138 
 

7. Chapter 7 - Review on the use of deep neural networks in understanding human face 

recognition 

 

Chapter main message 

As an introduction to the second – computational – part to this thesis, I discuss the most relevant 

contributing factors in the development of the field of computational cognition, and why in 

particular deep neural nets are suitable to explore human face recognition. I end this chapter by 

reviewing the handful of studies that applied deep neural nets to explore the internal 

representation of faces.  

 

7.1. Introduction 

So far, I have only discussed the psychological approach in tackling the question of effects of 

familiarity in human face recognition. However, the different perspectives on the question “Are 

faces special?” discussed in Chapter 1 enunciate the true issue in face research, which is the 

complexity and mystery that is still involved in face processing. Humans are extremely skilled in 

face perception and recognition, and ceiling effects make it challenging to deduce any 

information of the complex underlying mechanisms based on behavioural, neuroscientific and 

psychophysical data.  

The problems of complexity, untangling interactions and deconstruction is a problem 

faced in many disciplines of psychology. In the 1950s a new subfield developed that tackled a 

selection of these problems using mathematical models: Mathematical Psychology (For a review, 

see Batchelder, 2010). Mathematical psychologists realized that mathematical notions stemming 

from information sciences can be used for cognitive modelling, allowing us to gain a deeper 

understanding of data in psychology. Recent technological advances are likely to be related to 

the current renewed uprise of mathematical psychology that led to the growing field of 

computational cognition. The abundance of studies on face perception has given us a wealth of 

data and testing paradigms that can function as the basis of the next step: an integrative approach 

in the understanding of face perception that aims to unify previously collected data.  

In this chapter, background will be provided on how recent technological and theoretical 

advances lead to the evolution of tools and paradigms that is now collectively known as 

computational cognition. Additionally, following a chronological timeline, I will discuss 
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experiments which applied deep neural networks (DNNs) that have contributed to our 

fundamental knowledge on face processing. In this review, I limit the discussion on 

computational experiments to those in which deep neural networks have been used to gain a 

greater understanding in human face recognition. For a wider overview of computational models 

beyond the topic of familiarity, please see O’Toole & Castillo (2021). To avoid confusion, I will 

explicitly refer to human and artificial face recognition, in which artificial face recognition could 

refer to any of the stages mentioned in the following subsection. 

 

 

7.2. Stages of artificial face recognition 

As mentioned in Chapter 1, when discussing human face recognition, the term often reflects 

several different subprocesses (Ramon et al., 2019) and can refer to face perception, learning, 

identification and expression recognition. Artificial face recognition has a similar stage-wise 

division, and it has been described to have three stages: face detection, representation, and 

identification (Zhao et al., 2003). Although not an exact one-to-one match between human and 

artificial face recognition, there is an obvious parallel to be noticed between perception and 

detection, learning and representation, and identification in both. For this PhD project, I am 

interested in only the stage of representation. However, from the Bruce and Young model on 

human face recognition (Bruce & Young, 1986) it is clear that these stages influence each other, 

thus, a short description is appropriate. 

 For humans, detecting a face in a visual scene is an easy, low-effort phenomenon and 

faces seem to be a special category in human visual detection ( for an overview of evidence, see 

e.g. ’t Hart et al., 2011). Although automatic face detection has been a topic of interest for more 

than five decades in computer vision, the models struggled with image variation, such as 

differences in lighting, pose and distance (Zafeiriou et al., 2015). The lack of a functional 

automatic face detection meant that research with face images often included the laborious task 

of marking faces manually, resulting in studies with relatively few, well-controlled, lab images. 

  Major progress in this field was made with the seminal work of Viola and Jones (2001), 

with their application of boosted cascades of simple features. Briefly explained, a cascade is a 

method to combine complex classifiers, which allows for the focussing of attention on regions of 

an image important for classification, thus increasing processing speed. Viola and Jones 
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combined this method with a novel way of representing an image that needed very few 

computations per pixel, and a selection of essential features. Although there has been some 

progress made in the development of face detection algorithms based on machine learning, the 

most widely used face detection in applications are still based on the haar-cascades described in 

the work of Viola and Jones (2001). 

 The second stage of artificial face recognition is the creation of the face representation 

(Zhao et al., 2003). Similar to the progress in face detection, the progress in representation was 

also based on the principle of cascading. In 2012, performance of object classifiers greatly 

increased when ‘AlexNet’ showed the potential of cascading multiple layers of processing units 

that each dealt with a different level of extraction and transformation (Krizhevsky et al., 2012). I 

will discuss this work in greater detail in the subsection ‘Why now?’. This type of deep learning 

representation also bears resemblance to the human visual system, and increased the 

performance of artificial face recognition systems to near human-like levels (Wang & Deng, 

2021). I will further discuss the content of the representation in subsection ‘Why DNNs’. 

 Face identification is the last stage of artificial face recognition. In this stage, the 

representational vector is compared to a database of stored representational vectors to match the 

face. The face is identified by finding the smallest distance between the input vector compared to 

all other vectors in the database. Alternatively, there is face verification, in which a one-to-one 

comparison is made and a threshold is used to verify the face identity. The most commonly used 

distance measure is the Euclidean distance and the cosine angle between two vectors.  However, 

different measures exist, such as the Manhattan, Mahalanobis and Jaccard distance. For the 

experiments discussed in Chapter 8, Euclidean distance was used. The other measures will be 

discussed further in Chapter 9. 

 

 

7.3 Why DNNs? 

The reason why I – and many other researchers in the field of computational cognition and 

computer vision – focus on DNNs is two-fold: the characteristics of the model and the 

technological advances from the last decades. In this section, I will discuss the characteristics 

that make DNNs to be a particularly good candidate in the exploration of human face 

recognition, followed by a brief discussion of major developments and events in deep learning.  
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Before discussing reasons for using DNNs in research, however, I will provide a brief overview 

of what DNNs are. 

As stated before, DNNs capture all the information in thousands to millions of images 

and creates a representational space based on all the image features it can extract from the 

images that are given as an input. In an extremely simplified description of events, a DNN take 

an image as input in the shape of a vector/matrix of values, which then undergo a sequence of 

computations by a variety of mathematical operations, and change the values to accommodate a 

task (such as classification). During training, the goal of a DNN is to minimize the difference 

between the predicted output and the actual output. Figure 45 shows an example of a very basic 

neural net. Each of the vertical rows of nodes are considered a layer. As input, each layer 

receives the output of the previous layer. The last layer in a DNN is often the ‘Softmax’ 

classification layer. This layer normalizes a vector of values using logistic regression, changing 

the values so that they follow a probability distribution of which the total of the values sums up 

to 1.  

DNNs are biologically inspired systems. It should come as no surprise that machine 

learning, an important aspect of artificial intelligence, is inspired by the human brain because 

Figure 45.  Schematic example of a DNN. 
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humans have an extraordinary ability to learn. In this section, I will discuss several examples to 

illustrate this. 

Frank Rosenblatt, who is considered one of the founding fathers of the field of deep 

learning (Tappert, 2019), was a psychologist who aimed to understand cognitive functioning 

through computational mechanisms. Specifically, he aimed to link the external physiological 

world to behaviour, in his own words ‘a bridge between biophysics and psychology’ (Rosenblatt, 

1958). To this extent, he formulated the Perceptron (Rosenblatt, 1958), which is a Hebbian-

inspired computational model of learning. In this model, he showed you can ‘train’ a neuron by 

correcting weights between multiple inputs to one output cell. The Perceptron (Rosenblatt, 1958) 

is fundamental for machine learning, as a neural network is basically multiple Perceptrons 

structured in different layers. In current literature, these nodes are often referred to as neurons, 

hence ‘neural’ nets. This idea of bundles of Perceptrons feeding into a next layer should 

intuitively remind you of the human brain, where this is especially evident in the visual system. 

The representations formed per node in neural networks also bear a resemblance to those 

used in the human system, specifically the visual cortex (Wang & Deng, 2021; Yamins et al., 

2014). Similar to the human system, the layers in a neural network represent increasingly 

complex visual structure. For example, the neurons in earlier layers respond to Gabor like 

patches, and the deeper layers represent visual information higher in the hierarchy, such as facial 

features. 

 Apart from the mechanistic similarities between human and artificial neural systems, one 

other commonality is the performance of the systems. Performance has reached, and even went 

beyond, human-like performance in the most modern systems (Taigman et al., 2014; Wang & 

Deng, 2021), but only under certain conditions and with adequate pre-processing. 

These examples are by no means an exhaustive list of all the components that are 

biologically inspired but are just mentioned as an illustration of how the human brain has 

influenced machine learning and why DNNs are a particular good candidate for the exploration 

of human face recognition. That the focus of both psychology and computer vision is on deep 

neural networks, is not a coincidence. Several breakthrough moments in the last decade have 

steered these fields in the current direction. In the following subsection, I will discuss the major 

contributing factors and events. 
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Apart from the similarities of artificial systems to the human system, some inspiration 

may be drawn from the field of data science in return: any model needs the selection of features 

that are likely to be good predictors and the model output/task must be defined. The same 

question should be asked by psychologists: where does input become output? For example, is 

distinctiveness a feature or a descriptive output? In other words, when is it part of the 

representational space or a decision category based on that space? Understanding the relationship 

between low-level and higher-level visual facial information and how that scale is related to 

internal representations of faces in a multidimensional space framework such as proposed by 

Valentine (1991) will be key to progress our understanding of face recognition. Two main 

questions remain: what is a facial feature/dimension, and how can we evaluate what clusters of 

facial variation can be considered one dimension? Although the answers to these questions seem 

out of reach for the time being, I believe the increasing research on the quantification of image 

manipulations and progression in the (neuro-)computational modelling of human face 

recognition will provide great insights in the following years. In the subsection ‘Current 

directions’ I discuss the handful of studies which already applied such an approach to better 

understand human face recognition. 

One could also ask the question ‘Why DNNs?’ on a more fundamental level: Why should 

we use a computational modelling approach at all? How do we know a model is useful? This 

point was addressed by O’Toole and Castillo in a recent review on advances in face processing 

using computational approaches (O’Toole & Castillo, 2021). The authors remind the reader of 

advice by Box (1979), that “scientific progress comes from motivated iteration between theory 

and practice.” The assumption in a computational approach should not be that one model is built 

that can provide a conclusive answer, but that each built model informs the question that is asked 

and can be adapted to further define mechanisms. However, it is noted that it is important to 

know how a model is deviating from human processing.  

 

 

7.4. Why now? 

To fully appreciate the current progress in human face recognition research by studies that use 

DNNs, it is important to understand the major developments in deep learning (DL) that have 

made these techniques a useful tool to explore face recognition. Although the history of DL is 
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full of interactions between psychologists and computer scientists that have led to progress in 

tools and concepts to explore face recognition, for the sake of brevity, I will limit the discussion 

to go back to 2009, the year the ImageNet dataset was released (Jia Deng et al., 2009). This 

selection is a reflection of the biggest/most relevant contributors to the computational part of my 

thesis, and the field in general (as described in overviews such as: Christian, 2020, Kurenkov, 

2020). 

 

The internet 

One of the major reasons the modern models perform so well is the massive number of images 

available to train on. However, having images is not enough, because networks need labels to 

train (at that time unsupervised learning was very limited). The internet provided a solution, 

which Professor Li Fei-Fei realised: she used the Amazon Mechanical Turk platform to have 

images labelled for a relatively low-cost (Christian, 2020). The first large object data base is 

ImageNet, published in 2009 (Jia Deng et al., 2009). Since then, multiple larger datasets have 

been created, allowing for the exploration of representation in DNNs. 

 

AlexNet 

As briefly mentioned above, performance of object classifiers greatly increased in 2012 when 

‘AlexNet’ showed the potential of cascading multiple layers of processing units that each dealt 

with a different level of extraction and transformation, and won the ImageNet challenge 

(Krizhevsky et al., 2012). It was known, purely theoretically speaking, that a layered structured 

of Perceptrons could learn basically anything, with the right training data and enough layers. As 

mentioned above, it was very shortly before that the ImageNet dataset was released (Jia Deng et 

al., 2009), but the computational aspect had remained unsolved. Part of the power of AlexNet 

does not lie in the architecture but in execution, it is the fact that the model runs on a GPU, 

which allowed for much faster processing. The main reason to emphasize AlexNet as a pivotal 

moment, is to emphasize the timeline: it has been less than a decade since DNNs were feasible to 

use in academic research, it is still evolving in multiple directions and it is technically still quite 

challenging. This should be kept in mind as there are still many questions on how best to use this 

technique to explore psychological constructs and brain mechanisms, such as the aim of the 

studies discussed in the last section of this chapter. 
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New technologies 

Another major contributor to the usability of DNNs in face recognition research is several 

advances in terms of hardware and software. Firstly, faster Graphics Processing Units (GPUs) 

that became available through large-scale online servers (cloud services) allowed more people to 

learn and develop techniques. These new technologies made it affordable for academic 

researchers to acquire the necessary equipment. Secondly, the move to open source and science 

has been a vital part of making the current research possible. For example, techniques behind 

AlexNet were kept open source and software, such as Google Colaboratory, and Jupyter 

Notebook, made it easier to share code which in turn led to a flurry of online tutorials and papers 

with code, making learning the techniques involved easier. Lastly, the release of TensorFlow 2.0 

with the integration of Keras and TensorFlow resulted in the increased (relative) ease it is to 

apply these models, an influx of applications, tutorials, and additional libraries. 

 

 

7.5. Current directions 

As should be clear from the overview above, the use of computational models that are based 

specifically on DNNs in our exploration of face recognition has been quite a recent development. 

The integrative approach between computational modelling to understanding face recognition, 

and more broadly cognition, is called computational cognition. Currently, this field is more 

multi-disciplinary than interdisciplinary, resulting in a steep learning curve for any psychologist 

embarking on a journey in computational modelling. This might be one of the reasons little 

research using DNNs to explore face recognition has been published so far. In this section, I 

provide an overview of the handful of studies using DNNs currently published.  

 

The (dis-)agreement between human and computer 

As discussed in the section ‘Why DNNs’ above, it is clear that DNNs can be a useful tool to gain 

more insight in human face recognition (e.g. O’Toole & Castillo, 2021), but at the time, it 

remains unclear to what extent human behaviour and a DNN output align. Despite the many 

unknowns, DNNs are already being implemented practically, for example, at security 
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applications at the airport. In a study done recently in our lab by Hancock, Somai and Mileva 

(2020), it was found that DNNs do not always work in agreement with humans. 

 In the study (Hancock et al., 2020), the apparent race and gender of faces were 

manipulated and presented to DNNs. Clearly, two images showing people with a different 

apparent race or gender would not be identified as the same by any human observer. However, 

surprisingly enough, the DNNs did not pick up on the changes on these pairs, often disregarding 

these changes. It is difficult to say why this is the case, because commercial DNNs were used, 

that function as a black-box: it is unclear what the effect of the changes was on the representation 

as only the final match was used. However, humans and the DNNs did show agreement in terms 

of the pairs they found difficult, thus indicating some commonality in the underlying 

mechanisms. This study shows the importance of understanding the representation in the DNNs, 

and what specifically is considered the identity space for a DNN. 

 

Features in DNNs 

As mentioned in Chapter 1, features in psychological theory can be anything that is 

distinguishable in the visual information provided by a face. For example, a feature could be the 

distances between the eyes of a person. It can also be more abstract, such as the spatial frequency 

content. In Chapter 1 and 2, I discussed the reverse engineering approach of Abudarham and 

Yovel (2016) and the subsequent study on the exploration of critical features for face 

identification (Abudarham et al., 2019). In their framework, features are facial parts and a face 

space was concretely formulated in terms of 20 features, which were then scored by participants 

to assign values to each feature and create a vector per face. They used these vector values to 

‘move’ faces in face space in order to explore what features are critical for identification. The 

authors not only tested human participants, they repeated the procedure with a DNN too, in order 

to explore if the features were also critical for artificial systems. They found that, similar to the 

human data, DNNs also show higher sensitivity to the high perceptual sensitivity (PS) changes 

versus the low PS changes. This means that the same features that were critical for face 

recognition for human observers were also critical for the DNN.  
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View invariance in DNNs 

Another study by Abudarham, Grosbardand Yovel (2021) explored if human face recognition 

depends on a system that is selectively tuned to view-invariant features. To explore this question, 

they compared different DNNs, one optimized for objects, and the other optimized for faces. 

Specifically, the face-optimized DNN was trained to recognize 1000 identities, and the object-

optimized DNN was trained to recognize 1000 different objects. For each of the networks the 

differences in facial representations between pairs of faces in different or the same view was 

calculated in terms of the Euclidean distances between the representational vectors (retrieved 

from the last fully connected layer). They found that the face-optimized DNN, and not the 

object-optimized DNN, did have a view-invariant facial representation deeper in the network. In 

the second part of the experiment, the authors explored how these findings relate to human data. 

However, the same task could not be used for humans because, according to the authors, humans 

can easily generalize across different head-views, and they argue that this would result in the 

same similarity scores for all different head-views. To circumvent this issue, they opted for an 

indirect measure of view-invariance: instead of asking participant to rate one identity in different 

head-views and compare those scores, participants were asked to rate similarity between two 

different identities who had the same head-orientation. They only presented each identity pair 

only in one orientation to a participant, and had multiple groups of participants for the different 

orientations. Thus, the human similarity ratings for the different orientations were based on 

different groups of participants. A similar procedure was used for the DNN, except that the DNN 

scored all different head-views. The authors argue that a high correlation of these distance scores 

across head-views is an indication of a view-invariant presentation, and that is exactly what they 

found. 

 In the second experiment in this study, which is similar to the experiment described in the 

section ‘Features in DNNs’, the authors explore if the critical features they identified for humans 

are also critical for the DNNs. Again, the face- and object-optimized DNNs were compared to 

each other. Their findings showed that the face-optimized DNN showed greater sensitivity to 

high PS changes and the object-optimized DNN did not. 

 Although this study provides an interesting framework to explore face representation, one 

can question the comparison between object- and face-optimized DNNs, because these training 

image sets are clearly not comparable: the face image set is much more homogenous compared 
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to the object image set, making view-variation more distinguishable and thus an obvious 

candidate for a feature. To clarify, the images of faces came from the VGGFace dataset, which 

presents faces in a limited range of angles, whereas the images of objects provide a wider range, 

but have the same number of images to train on. Currently, it isn’t clear what effect this 

difference in training datasets may have but it should be kept in mind for the interpretation of the 

results. 

 

Familiarity in DNNs 

The specifics of training a network are an important part of the research design in computational 

cognition, especially since training could reflect becoming familiar with a face. To our 

knowledge, the first study that specifically attempt to explore familiarity using DNNs is by 

Blauch, Behrmann and Plaut (Blauch et al., 2021a), in a series of experiments that explores 

whether face recognition as a perceptual expertise is domain-general or domain-specific. Using 

DNNs, the authors evaluate to what extent knowledge of other faces are used in face recognition 

by examining the effects of familiarity of three types of networks: untrained, trained on objects 

and trained on faces. In this section, I will discuss the findings of this study, but also discuss the 

proposed paradigm in greater detail as it will form the background to Chapter 8 - Exploring the 

representation of familiar faces using deep neural networks. 

 

Model 

The architecture used by Blauch et al. (Blauch et al., 2021a) was a VGG-16 DNN (Simonyan & 

Zisserman, 2015) which has a total of 22 layers. 16 of these layers contain weight (hence the 

name, VGG-16). The layers are as follows: 2 convolutional (conv.) layers, pool, 2 conv. layers, 

pool, 3 conv. layers, pool, 3 conv. layers, pool, 3 conv. layers, pool, followed by 3 fully-

connected layers (referred to as fc6, fc7, and fc8) in which the last fully-connected layer feeds 

into the SoftMax layer.  A fully-connected layer is a layer that is connected with all nodes from 

the previous layer, and outputs to all nodes of the next layer. VGG-16 contains 3 such fully-

connected layers before the Softmax layer. The SoftMax layer converts the activations from the 

last fully-connected layer (fc8) into probabilities per class. A class per object/identity learned is 

present.   
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Simulating pre-existing expertise 

Since the main aim of the study of Blauch et al. (2021a) was to explore whether face recognition 

as a perceptual expertise is domain-general or domain-specific, a simulation of pre-existing 

expertise was necessary. They used the initial states to mimic this, and initialize 3 ways: 

randomly, pretrained on objects, or faces.  Since the expertise hypothesis explored is not directly 

related to this thesis, I would like to refer for the full details on the pre-training associated with 

their perceptual expertise experiments to the original article (Blauch et al., 2021a). The pre-

training relevant for their familiarity experiments is discussed in greater detail below, in section 

‘Simulating familiarity’. 

 

Effects of face domain experience 

As expected, the authors found that the face-optimized network learned new identities better than 

the object-optimized and random network and was also faster in doing so. Additionally, the face-

optimized network was able to recognize the newly learned identities with fewer images needed 

in training compared to the two other networks. Although learning slowly and performing worse 

than the face-optimized network, the object-optimized network performed better than the 

randomly initialized network. However, to reach this performance, the object-optimized network 

did require the maximum number of training images available. Thus, the authors conclude that 

experience with the idiosyncratic variability of an identity by itself is not enough, it must be 

accompanied with previous, extensive exposure to the item category in general. 

Before fine-tuning, the face-optimized network has informative representational spaces in 

the deeper layers before the probability layers. The authors interpret this as evidence that even 

the within-identity variability of unfamiliar faces can be represented in a way that same identities 

will be closer than different identities and argue that “the within-identity variability learned for 

familiar faces allows for large improvements in verifying unfamiliar face identities.”  

 Additionally, the authors explored the effect of face experience in terms of learned 

images on the perception of unfamiliar faces and performance on newly learned faces. To 

simulate face experience, the network was trained on different portions of the VGGFace2 

dataset; either 1%, 10% or 100% of the dataset was used. Perception of faces was defined as the 

performance calculated between vectors per each individual layer. The results show that the 
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verification performance of both familiar and unfamiliar faces increases with the increase of face 

experience.  

Lastly, the authors explored the role of perceptual learning in the familiar face advantage by 

altering the depth of fine-tuning. They compared three differently fine-tuned networks, in which 

either all layers, only the fully-connected layers, or the probability layer was fine-tuned. In 

addition to the varying number of layers fine-tuned, they also varied image set and trained for 

objects and faces, with either 10 or 100 identities. The face-optimized networks did not show a 

significant effect of training depth in either (10 or 100 identities) training conditions but the 

object-optimized network showed significant improvement as the depth of training increased. 

Based on these findings, the authors conclude that perceptual learning is not necessary for the 

familiar face advantage, provided that there is an expert perceptual face mechanism that is 

created by learning from other faces. 

 

Simulating familiarity 

As this thesis is about exploring the effects of familiarity on human face recognition using (a 

psychological and) a computational modelling approach, the specifics of how familiarity is 

simulated in a DNN is of obvious interest. Blauch et al. (2021a) mimicked familiarity by 

performing fine-tuning of the three types of networks. Briefly explained, ‘fine-tuning’ refers to 

training only the last layers of a pre-trained model, whilst keeping the earlier layers frozen. To 

mimic familiarity, it is important that the identities that are unfamiliar were not present in the 

training set of the pre-trained model. In this case, all layers up to the fully-connected layers are 

frozen, and only the weights of fc6, fc7, fc8, and the probability layer are changed during 

training. Unfamiliar representations were the baseline network, before any fine-tuning took 

place. Familiar representations were created by training the network for 50 epochs on images of 

the previously unfamiliar identities, with a fixed learning rate of 0.01 and a momentum of 0.9. 

The network was trained on all identities in the Labeled Faces in the Wild dataset (Huang et al., 

2008) that had at least 18 images. 10 of these images were removed for the test set, leaving a 

minimum of 8 images per identity to train on. The total number of identities, as well as the 

average number of images, batch size and SD are not mentioned in the paper, but if a selection of 

identities with a minimum of 18 images was used this left 74 identities, with an average of 44 

images per person with a SD of 66 (thus, batch size remains unknown; numbers based on “All 
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names (with number of images for given name) as text file” file on http://vis-

www.cs.umass.edu/lfw/#download in December 2021). 

 

Effects of familiarity through the network  

Similar to the finding in Chapter 0, Experiment 4a, Blauch et al. (2021a) find that familiarity 

increases similarity. However, the effect was the strongest in the probability layer and present to 

a lower degree in the fully connected layer fc7. The familiarization led to greater uniformity and 

similarity between the non-matches in fc7, the representational space, but barely any change in 

the matches. The authors argue, though not completely explicit, that the effect of familiarity is 

similar to the function of the probability layer. As briefly discussed in ‘7.3 Why DNNs?’, the 

function of the Softmax transforms the activation into a distribution of probability. Each of the 

classes is represented by a node, and the Softmax approximates a winner-take-all. However, all 

the classes have some level of probability.  As a result of the Softmax, similar items are closer to 

each other and increases the distance to other classes. However, the authors note that the latter 

does not seem to happen, as the non-matches show an increased similarity after familiarization. 

Since the effect of familiarity is the presence of more exposure to the familiar classes compared 

to unfamiliar (unseen) classes, it is no surprise that this effect is present in the probability layer.  

 

A note on simulating familiarity in face recognition 

A common issue in all forms of machine learning is overfitting. The system models the training 

data very precisely and fails to generalise well to novel examples. A manifestation of this for 

AFR is that the system may learn to recognise the individuals in the training set very well, but 

handle new identities poorly. Much of the skill in training DNNs is around prevention of such 

overfitting and Blauch et al. (2021a) report that they avoided it. However, the relatively poor 

performance of humans with unfamiliar faces suggests that we may ‘overfit’. This might make 

sense from an evolutionary perspective: our need is to be extremely good at recognising familiar 

faces. Matching two different images of an unknown individual is a very recent and artificial 

task. In the context of Burton et al. (2016), who argues that face variability is highly 

idiosyncratic and humans do not seem to learn from known identities how they should expect the 

variation to be in unfamiliar faces, one might argue that over-fitting is a principle necessary to 

explore familiarity. 
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Additionally, Blauch et al. (2021a) uses 50 epochs to simulate familiarity. However, it is 

unclear if this is a suitable training duration. As the authors show, experience,  defined as 

number of images per identity, mattered. It is not unlikely that the number of epochs also reflect 

a part of experience. In a commentary following the original publication (Blauch et al., 2021b), 

the authors do emphasize that the goal was not to mimic human face recognition with their 

model, stating: “the models … are fit to maximize performance on facial recognition, not to 

reproduce any details of human performance”. I will continue this discussion and return to these 

latter questions in the next chapter, in which I explore familiarity in representational space. 

 

 

7.6. Summary and conclusions 

Recently, developments in technology have resulted in a more widespread availability of the 

necessary hardware for deep learning, making it more accessible. For example, the creation of 

Google Colab allows for any user with an internet connection to run GPU-intense programs on 

their servers, for free. These developments have resulted in a rapid increase of open-source 

machine learning techniques, toolboxes and tutorials, which makes this technique very suitable 

for application in face perception research (and science in general).  

As is hopefully clear from the literature discussed so far, DL is a tool that can be used in 

such an approach that allows for innovative and more comprehensive ways to interpret data and 

can help formulate new hypotheses. The research on familiarity in face recognition using DNNs 

is limited, but provides interesting directions for further research. The computational part of this 

thesis will revolve around the manipulation of artificial face recognition systems in order to find 

patterns that are similar to human behaviour. More specifically, Experiment 7 in this thesis will 

compare artificial and human face recognition. 
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8. Chapter 8 - Exploring the representation of familiar faces using deep neural networks. 

 

Chapter main message 

A method of familiarization of faces in the form of fine-tuning of a pre-trained DNN is used to 

explore the two main findings presented in the thesis: familiar faces are perceived as more 

similar overall than unfamiliar faces (Experiment 4a), and the increase in sensitivity for greater 

changes between pairs is larger for familiar faces than for unfamiliar faces (Experiment 5a and 

5b). Additionally, generalizability was explored as a marker of successful human-like 

familiarization. In the first experiment (7a), FaceNet was used, due to the high performance of 

the network and ease of implementation. No effects of familiarity were found. In the second 

experiment, the same procedure was repeated with VGGFace (Parkhi et al., 2015) as used in 

Blauch et al. (2021), to confirm the findings of Experiment 7a. In Experiment 7b, a main effect 

for Transformation Level, but not for Familiarity, was found. Additionally, there was a 

significant interaction between the two for the two largest Transformation Levels. In the third 

experiment, the model in Experiment 7a was retrained without any frozen layers to achieve 

maximum performance on the test set. Similar to Experiment 7a, no effect of Familiarity or 

significant interaction between Familiarity and Transformation Level was found in Experiment 

7c, there was only a main effect of Transformation Level. The findings of these three experiments 

highlight that the parameters used in training of networks might be as important as the 

architecture. Additionally, the findings of Experiment 7b indicate that the effects of familiarity on 

sensitivity to change can be found in the representation of a face. Lastly, generalizability does 

not appear to be a marker of human-like familiarization. 

 

8.1. Introduction 

As discussed at great length in this thesis so far, it is well known within face research and 

beyond that people are better at processing familiar than unfamiliar faces (e.g. R. J. Johnston & 

Edmonds, 2009), and although there is an abundance of research on the effect of familiarity, it 

remains unclear what underlies this enhanced performance. As discussed previously, a common 

proposal is that the representation and processing of familiar faces are different from that of 

unfamiliar faces (R. J. Johnston & Edmonds, 2009; Ramon & Gobbini, 2018). Recent work from 
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Ritchie & Burton (2017) shows that variability is important for learning a new face. 

Additionally, the variability within images of a specific identity appears to be idiosyncratic 

information that is key for learning new faces, as it becomes part of the representation of a 

familiar face (Burton et al., 2016). These findings indicate that familiar faces have a richer 

internal representation than unfamiliar faces. However, what ‘richer’ means is unknown, though 

the variability will most likely play a role in this. In other words, it remains unclear what these 

differences in internal representations specifically are.  

 In the first part of this thesis, I have set out to gain a deeper understanding of the 

difference between familiar and unfamiliar faces by exploring the effect of familiarity on 

similarity ratings. To recap, in Experiment 1 and 2, I found no significant effect of familiarity in 

a task that asked participants to match an image of a person by altering lip and eye brow 

thickness (high perceptual sensitivity), or distance between the eyes and the eye brows and the 

width of the mouth (low perceptual sensitivity). To ensure these results would generalize to other 

features, the influence of familiarity on the relationship between image-based spaces and 

perceptual similarity of multidimensional transformations was explored in Experiment 3 and 4a 

(Chapter 3, Somai & Hancock, 2022). In that study, I used multidimensional image 

transformations based on PCA to transform faces. Famous averaged faces were used with 2, 3, 5 

or 7 principal components transformed. After a familiarity check, participants were asked to rate 

the similarity of the original and the transformed image. The images were shown with a delay: 

the original was shown, followed by a mask, followed by the transformed image, followed by 

another mask and lastly the question ‘Could these be two pictures of the same person?’. 

Responses were given on a six-point scale: “1 – certain no; 2 – think no; 3 – guess no; 4 – guess 

yes; 5 – think yes; 6 – certain yes”. The results showed that familiar faces are rated as more 

similar than unfamiliar faces.  

This result can feel counterintuitive at first glance, because it is known that people are 

better at matching faces of familiar faces as opposed to unfamiliar people, so you could also 

expect that the familiar faces look more dissimilar because it would be easier to spot differences. 

A possible explanation of the findings of Experiment 4a is that people focus on finding similarity 

instead of focusing on dissimilarity, and there might be more similarity in a familiar face because 

it has a richer representation than an unfamiliar face. In this case, if the same number of 

components are changed for familiar and unfamiliar faces, the effect of the change might be 
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perceived as smaller for familiar faces than for unfamiliar faces because the components that 

remain after the change are more informative for familiar faces than for unfamiliar faces. In other 

words, the relative change for familiar faces is smaller. In turn, the smaller relative change in 

familiar faces will lead a higher similarity rating compared to unfamiliar faces. Thus, the idea of 

relative change is based on the assumption of a richer internal representation of familiar faces 

compared to unfamiliar faces.  

In Experiment 5, I focussed on dissimilarity opposed to similarity and found that 

familiarity increases sensitivity to change, but only at the largest change in the experiment. This 

finding would fit with the idea of a ‘richer’ representation for familiar versus unfamiliar faces, in 

which a familiar face has a clearer identity boundary in face space than unfamiliar faces (similar 

as described in Beale & Keil, 1995). To further explore this hypothesis, I will explore the effect 

of familiarity in a deep neural network (DNN). 

As discussed in the previous chapter, Blauch et al. (2021a) used the fine tuning of a pre-

trained net to simulate familiarity. Similar to the finding in Chapter 0, Experiment 4a, Blauch et 

al. (2021a) finds that familiarity increases similarity. However, the found effect was the strongest 

in the probability layer and present to a lower degree in the fully connected layers, fc6 and fc7. 

The familiarization led to greater uniformity and similarity between the non-matches in fc7, the 

representational space, but barely any change in the matches. One major difference between the 

finding of Blauch et al. (2021a) and the behavioural findings discussed in this thesis so far, is 

that I am exploring the effect of well-controlled artificial changes as opposed to the effect of 

within-identity image variation. Although the work of Blauch et al. (2021a) is informative, it is 

difficult to generalize their findings in the context of sensitivity to change and how this might be 

expressed in representational space. 

In this chapter, I explore the effect of the previously used well-controlled PCA 

transformations on representational space. Specifically, I will compare the size of the difference 

between face representations. Since the vector length of the representational layer is held 

consistent over all images, a richer representation would translate into a more robust – i.e. 

consistent – vector. This in turn means the distance between two vectors of the same identity 

(depicted on different images) will be smaller for familiar than unfamiliar faces. 
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8.2. Methods Experiment 7a 

For the current study, a pre-trained FaceNet (Experiment 7a and 7c) and VGGFace (Experiment 

7b) will be used to quantify changes to an image of a face. Familiarity will be mimicked by 

tailoring the last layers to a set of identities, i.e. fine tuning. ‘Fine-tuning’ refers to training only 

the higher-level layers of a pre-trained model, whilst keeping the earlier layers frozen. After this, 

I will compare the vectors of the last fully connected layers (here: batch normalization layers) of 

pairs of unfamiliar or familiar faces and see if there are differences in similarity. In the current 

chapter, I will consider only Euclidean distance as that is the measure commonly used in 

(psychological) face literature. In the next chapter, I explore three other distance measures that 

are commonly used in machine learning to see how they compare to one another and to explore 

different mechanistic explanations for the behavioural data presented in Chapter 0 and 5. 

 

Image sets and transformations 

A selection of identities in our PCA set was made based on the identities that were present in the 

VGG set 2 which was used for training this particular pre-trained FaceNet. Any identities that 

were present in both the VGG face set 2 and our face set were removed, this was checked 

manually for all the identities present in our PCA. Even when using a pre-trained model, a 

relatively large number of images is needed for fine-tuning. Based on a previous run using a 

DeepFace architecture and the number of nodes in fc7 (4096), it is estimated that 171 images per 

identities for training (4096 divided by 24) are needed. DeepFace was used in piloting because it 

is an easy to implement model with a low training time. The depth of the model is limited, with a 

total of 8 layers. Depth of DNNs is related to performance, thus, this model served to find the 

absolute minimum number of training images to show effects of fine-tuning. I.e. a deeper 

network will have more hidden layers that can help represent the classes, thus needing less 

images to train on, if a pre-trained model is used. This should translate to a better performance of 

deeper networks compared to a network with less layers, such as DeepFace. Although DeepFace 

was not used in the final experiment, the above chance performance of this lightweight model 

was used as an indication of sufficient images for learning. 

After removal of the identities present in the original training set, 49 identities remained. 

One additional identity was removed in order to have a balanced set with 24 identities in each 

Familiarity condition. Thus, this left a total of 48 identities which the network was initially 
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unfamiliar with. For each of the 48 identities, an image set of 171 images was created. Firstly, 

using the software ‘Bulk Image Downloader’, images were retrieved from Google. Secondly, 

using ‘Visipics’ the duplicates were removed (with the larger image always kept). All images 

were then converted to the same file type using ‘IrfanView’ and ‘AF5’. Then, all images were 

cropped and aligned using a Matlab script. Any images with a height smaller than 200 pixels 

were considered too small and discarded. Lastly, using the DNN provided by the University of 

Surrey (which is not publicly available unfortunately, access for this project was gained through 

the FACER2VM project), a ranking based on similarity was made and the top 171 most similar 

looking images were selected for the image set of that identity. This step is necessary because the 

images were downloaded in bulk, and multiple identities might be shown on the image, that 

would have then be cropped out to a single image. By selecting the top 171 images, it was 

ensured that only the relevant identity was selected. The similarity was based on similarity to the 

first image present in the image set for that identity. Thus, the first image for every identity was 

chosen to be an image that serves as a good reference for that identity.  

 Stimuli preparation and creation for the images used in the task follows the same 

procedure as Somai & Hancock (2022), to minimalize differences in design between the 

computational and behavioural design in order to keep the comparison as clean as possible. Face 

image stimuli were generated from a PCA-based face model, written in Matlab. The PCA space 

was calculated from 72 eye-aligned images, each an average of 10 images of a famous (mostly 

Caucasian) female. Use of average images helps to reduce variations due to lighting and 

viewpoint. Even so, the first few components encode image properties such as lighting and head 

movements, so components 10 or higher were selected to alter. The SD for each component was 

scaled according to the variance in the (72- eye-aligned) original images and the size of the 

transformation was 4 SD. The total stimulus set consisted of the original images of 48 identities 

and transformed images that had either 2, 3, 5 or 7 colour components (components 10 – 11, 10 – 

12, 10-14 and 10 – 16 respectively) in the calculated PCA space changed. Thus, this is a total of 

196 pairs: 4 transformation sizes for both 24 familiar and 24 unfamiliar faces. An example of the 

transformation is shown in Figure 46. In the classifying task the original and the positive 

transformation were used (which are the transformations that look less distorted compared to 

transformations from the negative end).  
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Figure 46 Example of the transformations. 

 

General procedure 

All images are fed through the model in order to generate an image-vector from the 

representational layer. Then for all pairs (a pair of an original image and one image with either 2, 

3, 5 or 7 components changed) the difference between the vectors is calculated using Euclidean 

distance.  

 

Pre-processing (setting up the testing and training data) 

A random selection of 24 identities out of the 48 is selected to divide the stimuli into 2 sets. To 

clarify, 24 identities are selected from the 48 available identities and will form 1 subset. The 24 

remaining identities form a second subset. The following procedure follows the image pre-

processing mentioned above. All images are ranked by their DNN match score and the top 171 

images are selected.  20% of the images need to be separated to form the test set, which are 34 

images. To ensure that the images in the training and test set have the same similarity rating on 

average, it is important to pick images from throughout the 171 ranked images. To this end, the 

ranked 171 images are divided in 34 bins and 1 image is taken out of each bin and placed in the 

testing folder. So, each bin will contain 5 images, and 1 of those 5 will be placed in the test set, 
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while the remaining 4 go into the training set. All remaining ones are placed in the training 

folder. This division in bins was used to avoid any major differences in DNN match scores 

between the testing and training folder.  

To avoid any effects specific to stimuli set, the entire procedure was repeated from 

scratch with the 24 identities previously untrained used for the fine-tuning. In other words, the 

procedure was counterbalanced by training both halves of the data set, so that all identities were 

familiar in one run and unfamiliar in another. To avoid any effects of the way the identities were 

divided into two halves, there were 15 different ways the identities were split in two. Thus, the 

complete procedure was run 30 times (for an overview, please see Figure 47). 

 

 

Figure 47 Example of creating one pair of subsets. 

 

 

Training the model: creating ‘familiar’ faces 

In the current study, I chose a pre-trained version of FaceNet as found in the DeepFace library. 

The specific version of FaceNet was trained on the VGG face 2 set (REF from PC). The 

architecture of FaceNet is based on inception_resnet_v1.  

There are 48 identities in the total identity set. As mentioned above, to mimic familiarity 

24 of these identities are used in the training to make them familiar. The 106 higher level (last) 
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layers of a pre-trained FaceNet was trained on a set of 24 identities, which is called fine tuning. 

The leftover 24 identities were used as unfamiliar faces. 

To find successful hyper parameters (i.e., training parameters), I set the goal that models 

need to converge (reach a loss smaller than 1) and reach an accuracy of at least 70% during 

training. Due to a limited time budget, a random search was employed to find the hyper 

parameters. Initially, hyper parameters were estimated on one image set. Once the search space 

was smaller, hyper parameters were tweaked, based on several image sets. Once the hyper 

parameters had been set, these image sets were deleted and replaced by new ones.  

The pre-trained model is loaded without a classification layer, thus for training a Softmax 

layer with 24 classes was added. This model has 447 layers in total, of which the first 301 layers 

are frozen and the last 106 are used to train. This model has a total of 22,808,144 parameters of 

which 9,829,504 are trained. The number of epochs used in training was 150 and batch size was 

16. A learning scheduler was used that started after 5 epochs with a base learning rate of 0.015 

and ended at 45 epochs with a final learning rate of 0.001. In case an accuracy value below .70 

occurred on the test set and/or the model did not converge (i.e. did not reach a loss smaller than 1 

during training), training was repeated. In case the value of the accuracy remained under .70, the 

subset was replaced with another (random) division.  

The performance of the models had to be a minimum of .70 on the evaluation to avoid 

difference in task performance of the DNN on the face matching task caused by accuracy of the 

model. This level of performance might seem low, but has been set to compromise for a small 

training set. Additionally, it fits the goal of the experiment: the goal is comparing two images of 

the same identity to each other in which one of the images has a small change and explore if 

familiarity can be simulated by training. High performing DNNs are known for their ability to 

generalize learned features to unseen, thus ‘unfamiliar’, images, which interferes with the goal of 

the experiment. Thus, although it’s important to have a performance above chance as proof that 

it has learned, I expect the effects I am exploring will be found in a model that performs below 

ceiling. 

The final, Softmax layer performs classification and is needed during training. During 

test, it would provide an identification for an input face. However, I'm interested in the 

representation of unfamiliar and familiar faces, thus the image classification itself is not relevant 

but the activation within the network is what represent the face. Thus, the SoftMax (last) layer is 
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not relevant, because that consists of the classes (identities in the case of faces) and that is not 

informative about what features are activated. For this reason, the SoftMax is removed after 

training and the calculation of the Euclidean distance is performed on the last fully connected 

layer (in this network the batch normalization layer). This representational vector consists of 128 

values. 

 

Face matching task 

The exact same task as in Chapter 0 Experiment 4 (Somai & Hancock, 2022) was used in which 

two images of an identity were presented sequentially to the model, one original image and one 

image that had a number of components changed. The model returned a 128-long vector. As an 

equivalent to the similarity score in humans, the Euclidean distance was calculated between the 

vectors of each pair. 

 

Data analysis 

To explore the effects of Familiarity, the same linear mixed effects model was used as in the 

human behavioural experiment, with the similarity rating as dependent variable. The model 

included Familiarity and Transformation Level as categorical factors (Familiarity: familiar and 

unfamiliar coded as -0.5 and 0.5 respectively to allow for the analysis of the interaction; 

Transformation Level: 2, 3, 5, or 7), and the intercept, slope and interaction of Familiarity and 

Transformation Level in the performance per model as a random effect. Due to convergence 

issues, the main effects were excluded from the random effects. To explore the main effect of 

Familiarity, a similar model without the interaction effects included was used. The parameter 

estimate (b), standard error (SE), t value and p value are reported. The linear mixed effect 

analysis was performed in R (R Core Team, 2019) with lmerTest  (Kuznetsova et al., 2017). The 

threshold for significance was set at α = 0.05. Normality of the residuals on the model were 

inspected visually and showed no violation. 
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8.3. Results Experiment 7a 

The descriptive statistics of experiment 7a are 

shown in Figure 48. On average, the models had 

an accuracy of 1 on the last epoch of training, 

SD = 7.44E-04 and an accuracy of .747 on the 

evaluation set, SD = .015. The results show that 

increasing the number of components 

transformed decreased the similarity rating for 

all levels compared to the base change (2 

components changed, all p-values are p < 

0.001. Secondly, no significant effect of 

Familiarity (estimate = -0.01, SE = 0.02, t = -

.30, p = .769) was found and there was no 

interaction between Familiarity and Transformation Level (see Table 15 - Table 17 in 

Supplementary materials – Chapter 8 for p-values per Transformation Level). 

 

 

8.4. Discussion Experiment 7a 

In this experiment, I explored whether familiarization would lead to a difference in the 

representational space of the DNN. Familiarization was achieved by fine-tuning a pre-trained 

FaceNet to half of the identities available and the other half remained unseen, to mimic ‘familiar’ 

and ‘unfamiliar’ faces. The findings indicate that this is not the case, which is in line with the 

work of Abudarham and Yovel (2018), in which they found that the same features are used for 

the identification of familiar and unfamiliar faces.  

 However, before any such conclusion can be reached, more evidence is needed that fine-

tuning in the manner applied here is a valid way of simulating familiarity. After fine-tuning on a 

relatively small set of images, performance of these models was on average .747 on the test set. 

Above, I reasoned that it is important to have a performance above chance as proof that it has 

learned but that I expected the effects I am exploring will be found in a model that performs 

below ceiling. Especially because the experiment is focused on finding a relative change, 

between an original and transformed image, I assumed the performance (target performance and 

Figure 48 Euclidean distance per Transformation Level 
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achieved performance, see Table 22 in Supplementary materials – Chapter 8) fitted the goal of 

the experiment. These assumptions can still be true, but in order to validate the result, the 

experiment needs to be reproduced using another architecture. 

 Additionally, the findings of Experiment 7a contradict those described in Blauch et al. 

(2021a). As discussed in Chapter 7, Blauch et al (2021a) found that familiarity increases 

similarity, although the found effect was the strongest in the probability layer and present to a 

lower degree in the fully connected layers, fc6 and fc7. The contradiction between their findings 

and those reported here could be an indication that the findings in the current experiment, or their 

experiment, are architecture specific. 

 Alternatively, the specific way the network was trained could have been insufficient to 

achieve an effect of Familiarity. One could argue a ‘good’ DNN is one that has no 

familiarization effect as it will generalize its matching abilities to all images shown. Fine-tuning 

should logically have the familiarization effect, as the layers are literally tuned to increase 

performance on a small set of identities. The lack of an effect of Familiarity could be an 

indication that the layers selected for training could not adequately use the representations from 

the pre-trained (frozen) layers to build new representations. To further explore if familiarization 

would lead to a difference in the representational space of the DNN, the Experiment is repeated 

with a different architecture. 

 

 

8.5 Experiment 7b 

Since the findings of Experiment 7a contradict the findings described in Blauch et al. (2021a), 

the experiment was repeated with an architecture that more closely resembles the one used in the 

paper. To this end, I choose a pre-trained version of VGGFace as found in the DeepFace library. 

As  

 

8.6. Methods Experiment 7b 

Image sets 

In this iteration of the experiment, VGGFace is used. The pre-trained model I obtained was pre-

trained on the original VGG Face set, not VGG face set 2. This means that all the steps to create 

the image sets that were undertaken in Experiment 7a need to be repeated because the model 
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should be untrained on any of the identities used in this experiment. Thus, the presence of the 

identities was once again manually checked. To allow for a better comparison between the 

experiment, a set of 48 identities was created.  

 

Model and training 

In the current study, I choose a pre-trained version of VGGFace. This specific version of 

VGGFace was trained on the (first) VGG face set (Parkhi et al., 2015). A selection of identities 

in our PCA set was made based on the identities that were absent in the VGG set (which was 

used for training VGGFace). 

The architecture is loaded without a classification layer, thus for training a Softmax layer with 24 

classes was added. This model has 38 layers in total, of which the first 30 layers are frozen and 

the last 8 are used to train. This model has a total of 145,002,878 parameters of which 

130,288,190 are trained. The number of epochs used in training was 125 and batch size was 16. 

Again, performance of the models had to be a minimum of .70 on the evaluation to avoid 

difference in task performance of the DNN on the face matching task caused by accuracy of the 

model, and had to converge during training. Similar to Experiment 7a, the SoftMax is removed 

after training and the calculation of the Euclidean distance is performed on the last layer before 

the Softmax, which is a Flatten 

layer. This representational 

vector consists of 2622 values. 

 

 

8.7. Results Experiment 7b 

The descriptive statistics of 

Experiment 7b are shown in 

Figure 49. On average, the models 

had an accuracy of .999 on the 

last epoch of training, SD = 

6.24e-04 and an accuracy of .994 

on the evaluation set, SD = 

1.57e-03. A similar LMM as Experiment 7a was used. However, since there were no 

Figure 49 Euclidean distance per Transformation Level 
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convergence issues, the main effects were included in the random effects. The results show that 

increasing the number of components transformed decreased the similarity rating for all levels 

compared to the base change (2 components changed, all p-values are p < 0.001). Secondly, no 

significant effect of Familiarity (estimate = 1.07e-03, SE = 2.43e-03, t = .44, p = .288) was 

found, but there was a significant interaction found between Familiarity and Transformation 

Level for Transformation Level 7 (estimate = 1.09e-02, SE = 4.29e-03, t = 2.55, p = .663; see 

Table 18 in Supplementary materials – Chapter 8 for all p-values per Transformation Level). 

 

8.8. Discussion Experiment 7b 

In this experiment, I repeated Experiment 7a with another architecture, VGGFace, to further 

explore if familiarization would affect the representational space of the DNN. A main effect for 

Transformation Level was found, but not for Familiarity. However, there was a significant 

interaction between the two for the largest 2 transformation levels. These findings are in line 

with Blauch et al. (2021a). Although the difference in absolute value between familiar and 

unfamiliar is small, the pattern of differences partially mimics one of the main findings presented 

in this thesis: increase in sensitivity for greater changes between pairs is larger for familiar faces 

than for unfamiliar faces (Experiment 5a and 5b). 

 Comparing the average performance of these networks, it becomes immediately apparent 

that VGGFace (Experiment 7b) has a smaller difference in model accuracy between training and 

test data than FaceNet (see Table 22 - Table 23). In other words, the learned face matching 

ability of VGGFace appears to generalize better to unseen images. One could argue that this 

generalization could be considered a marker of familiarity. As there currently is no strict 

definition of familiarization in computational human face recognition approaches, this question 

is worth exploring further. 

 In Experiment 7a, it proved to be difficult to minimise the loss of accuracy between 

training and test data when using fine tuning. As discussed in the previous chapter, Blauch et al. 

(2021a) used the fine tuning of a pre-trained net to simulate familiarity. The use of fine tuning 

has several reasons. Firstly, there is the assumption that the early layers in a network reflect the 

low-level visual system (Nonaka et al., 2021). Thus, freezing the layers that reflect low level 

visual features should have little effect when training a network to learn faces, and these initial 

layers should contain only features necessary to represent other similar dataset when large 
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datasets are used for training (such as the VGGFace2 dataset in this case). Secondly, there are 

several practical limitations that make fine tuning the most suitable approach, such as a relatively 

small set of images to train on. 

The lack of an effect of Familiarity in FaceNet could be an indication that the assumption 

that the early layers in a network reflect the low visual system is not applicable for this network 

and that it therefore struggles to learn new identities through face learning using fine-tuning. If 

this were true, training without any layers frozen, should lead to a better generalization of 

performance. This idea was piloted and was indeed true. To gain more insight into 

familiarization of DNNs, Experiment 7a was repeated with a different training method. 

  

 

8.9. Experiment 7c 

In this experiment, the aim is to gain a better understanding of training methods to mimic 

familiarity. Additionally, the findings of Experiment 7a and 7c will be compared in order to 

assess if generalizability – defined as the difference accuracy of the models between training and 

test set – can be used as a marker of successful (human-like) familiarization. If so, Experiment 7c 

should show similar familiarization effects as found in Experiment 7b. 

 

8.10. Methods Experiment 7c 

All methods and procedures are the same as Experiment 7a, bar the number of layers frozen. In 

this experiment, none of the layers are frozen, i.e., all are trained on the new identities.  
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8.11. Results Experiment 7c 

The descriptive statistics of experiment 

7c are shown in Figure 50. On average, 

the models had an accuracy of 1.000 on 

the last epoch of training, SD = .015 

and an accuracy of .997 on the 

evaluation set, SD = .0002 (see Table 

24). The results show that increasing 

the number of components transformed 

decreased the similarity rating for all 

levels compared to the base change (2 

components changed, all p-values are p 

< 0.001). Secondly, there was no 

significant effect of Familiarity and no interaction found between Familiarity and 

Transformation Level (see Table 19 - Table 21 in Supplementary materials – Chapter 8 for p-

values per Transformation Level). 

 

8.12. General discussion and evaluation of this framework 

In this study, I explored if familiarization would lead to a difference in the representational space 

of the DNN in order to gain deeper insight into two main findings presented in this thesis: 

familiar faces are perceived as more similar (Experiment 4a), and the increase in sensitivity for 

greater changes between pairs is larger for familiar faces than for unfamiliar faces (Experiment 

5a and 5b). Additionally, generalizability was explored as a marker of successful human-like 

familiarization. 

Familiarization was achieved by fine-tuning a pre-trained FaceNet (Experiment 7a) and 

VGGFace (Experiment 7b) to half of the identities available while the other half remained 

unseen, to mimic familiarity. Additionally, FaceNet was trained with loaded parameters but no 

frozen layers (Experiment 7c). In Experiment 7a, no effect of Familiarity or significant 

interaction between Familiarity and Transformation Level were found, there was only a main 

effect of Transformation Level. In Experiment 7b, a main effect for Transformation Level was 

found. Additionally, there was a significant interaction between the two. In Experiment 7c, 

Figure 50 Euclidean distance per Transformation Level 
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similar to Experiment 7a, no effect of Familiarity or significant interaction between Familiarity 

and Transformation Level were found, there was only a main effect of Transformation Level. 

The findings of Experiment 7b, are partially in line with two main findings presented in 

this thesis: the significant interaction between Familiarity and Transformation Level are 

representative of the findings in Experiment 5a and 5b, in which the results show that the 

increase in sensitivity for greater changes between pairs is larger for familiar faces than for 

unfamiliar faces. Thus, it appears that the effects of familiarity on sensitivity to change can be 

found in the representation of a face. 

 That the representation of familiar faces is different from unfamiliar faces might appear 

to oppose the findings of Abudarham and Yovel (2018) that the same features that were critical 

for face recognition for human observers were also critical for the DNN. However, I believe it 

compliments their findings. In their framework, features are facial parts and a face space was 

concretely formulated in terms of 20 features, which were then scored by participants to assign 

values to each feature and create a vector per face. They used these vector values to ‘move’ faces 

in face space in order to explore what features are critical for identification. They found higher 

sensitivity to the high perceptual sensitivity (PS) changes versus the low PS changes. Thus, their 

question is qualitative in nature: which dimensions in face space are important and what is used 

in face matching tasks. The question at hand in the current study, however, is quantifying the 

difference between familiar and unfamiliar faces: even if faces are on the same dimensions, do 

you have a more accurate representation of familiar versus unfamiliar faces?  

One could be tempted to see the lack of a significant main effect of Familiarity as support 

for the findings of Abudarham and Yovel (2018), however, this is not correct. As stated above, 

their question is which dimensions in face space are important and what is used in face matching 

tasks. This is very different from how DNNs are set up: DNNs are trained on extremely large 

data sets so as to create all the dimensions needed to properly represent a face. Thus, the lack of 

main effect of Familiarity was to be expected, although it remains unclear if different training 

and different architectures could show a main effect of Familiarity.  I will return to this point in 

the general discussion in Chapter 10. 

As mentioned in the discussion of Experiment 7a, the findings of Experiment 7a 

contradict those described in Blauch et al. (2021a) and those found in Experiment 7b, which 

could be an indication that the findings in this experiment are architecture specific. These 
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findings were reproduced using a different training approach. A lack of significant findings 

should always be treated with caution in terms of drawing conclusions. However, based on the 

combined findings of Experiment 7a and 7c, the most obvious explanation would be that 

FaceNet is an architecture with a non-brain-like structure. Two recent papers have suggested a 

‘Brain-score’ for artificial neural networks (ANNs), in order to assess how similar the activity 

within layers of the ANN is to that of measured brain activity. Note that the emphasis in these 

studies is the brain, not behaviour. Comparisons are made between ANNs and encoded and/or 

decoded brain activity.  A more in-depth discussion of these papers can be found in the general 

discussion, in ‘Brain-likeness paradigms & biological plausibility’, but it is worth noting that 

VGG16 – on which VGG-Face is based - scores relatively high on both the brain score of 

Schrimpf et al. (2020) and Nonaka et al. (2021), .521 and .38 respectively. Unfortunately, these 

scores are not (yet) available for FaceNet, which is based on Inception-ResNetv1.  

 Apart from the difficulty in interpreting the output of the DNNs in the absence of 

knowledge on their brain-likeness, another note that can be made about this paradigm is the 

definition of familiar. As discussed in Chapter 1, section ‘1.3. What is familiarity?’ the definition 

of what a ‘familiar’ face is, is not as straightforward. Without a concrete definition, it will be 

difficult to mimic the equivalent level of ‘familiarity’ in a DNN. However, as discussed to a 

greater extent in Chapter 7, the assumption in a computational approach should not be that one 

model is built that can provide a conclusive answer, but that each built model informs the 

question that is asked and can be adapted to further define mechanisms. Thus, a different training 

procedure should not mean that the model cannot be informative, but it is important to know how 

a model is deviating from human processing. I will return to this point in the general discussion, 

in ‘Brain-likeness paradigms & biological plausibility’.  

In these experiments, instead of focussing on architectural variations or different tasks, I 

use an artificial face recognition system that performs extremely well and attempt to manipulate 

the training to get more human-like responses. Although this succeeded to the extent that a 

similar pattern of response can be seen in the DNN’s representation vector (Experiment 7b), the 

scale of the response remains non-human-like. The differences in the DNN’s representational 

vectors were small enough that identities are most likely to still be matched as the same identity. 

Additionally, one can note the focus on only the representational layer before the classification 

layer in these experiments as a limitation. As discussed in Chapter 7, section 7.3, different layers 
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in DNNs contain different information. Similar to the human system, the layers in a neural 

network represent increasingly complex visual structure. For example, the neurons in earlier 

layers respond to Gabor like patches, and the deeper layers represent visual information higher in 

the hierarchy, such as facial features. The output layer only represents the label identifying the 

face, whereas the earlier layers represent features that are useful in discriminating among faces. 

Therefore, this approach was chosen because this thesis is focussed on the representation of 

faces, the image classification itself was not relevant but the activation within the network is 

what represents the face. Thus, the findings are meant as an initial indication that this approach 

could yield useful insights that can later be expanded to other aspects of the DNNs. This study 

provides an example of how hypotheses and behavioural data can inform DNN parameters in an 

aspect that has been understudied so far: training. 

Lastly, I explored whether generalizability – defined as the difference in accuracy of the 

models between training and test set – can be used as a marker of successful (human-like) 

familiarization. In Experiment 7a, no effect of Familiarity or significant interaction between 

Familiarity and Transformation Level were found, there was only a main effect of 

Transformation Level. However, there was a drop in accuracy between training and test: on 

average, the models had an accuracy of 1 on the last epoch of training, SD = 7.44E-04 and an 

accuracy of .747 on the evaluation set, SD = .015. The lack of an effect of Familiarity in FaceNet 

in Experiment 7a could be an indication that the training was insufficient through face learning 

using fine-tuning. If this were true, training without any layers frozen (since a pre-trained 

network was used), should lead to a better performance and generalization of performance 

between training and test. Although this was true, the findings of Experiment 7c were similar to 

Experiment 7a: no effect of Familiarity or significant interaction between Familiarity and 

Transformation Level were found, there was only a main effect of Transformation Level. Thus, it 

appears generalizability is not an indication of a human-like familiarization. 

In sum, this study shows that the effect of familiarity appears in the representation of a 

face in a VGG-16 architecture, and generalizability does not appear to be an indication that 

familiarization in a human-like way has been successful. These findings can serve as a base 

when considering hyperparameters to train a network to mimic human familiarity. For example, 

when training with small datasets, it can be beneficial to use fine tuning. But as we have seen in 

this study, there is a relationship between architecture and training that remains unclear for now, 
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although it is likely that ‘brain-likeness’ plays a role. Additionally, the findings of Experiment 7b 

indicate that the effects of familiarity on sensitivity to change can be found in the representation 

of a face, and this paradigm provides novel ways to explore the representation of faces further. 

This study outlines a framework how a computational approach can provide insight into 

behavioural findings. 

 

Evaluating the use of a computational approach to explore effects of familiarity on human face 

recognition: challenges and limitations 

Although the work in this chapter has been presented as a straightforward procedure, the 

approach presented in this chapter is a departure from the existing computational approach that is 

used to explore human face recognition. The main difference with existing approaches is the 

concept of one model to reflect one observer, leading to the training in 30 models instead of 

comparing human data to just one trained network.  In the following section, I will discuss 

several practical challenges and limitations one faces when employing such approach. 

 The first challenge of this approach is the selection of a network. Preferably, this would 

be inspired by the literature on brain-like models (e.g. Nonaka et al., 2021; Schrimpf, Kubilius, 

Hong, et al., 2020; Schrimpf, Kubilius, Lee, et al., 2020) which I will discuss further in the 

general discussion. However, due to limited processing power and a limited time budget, it was 

necessary to use pre-trained models for this project. Although there are increasingly more pre-

trained models available, detailed information on what they have been originally trained on is 

often missing or incomplete. This does not per se have to be an issue to explore human face 

recognition, however, is essential information when exploring familiarity (and other identity-

related topics, such as the other-race effect and face diet).  

 The second major challenge of this approach is setting criteria to define the hyper 

parameters. Similar to the process of ‘business understanding’ in the CRISP-DM model (Shearer, 

2000), there is a necessity to define what criteria are needed for a model to be suitable to address 

the question that is being asked. However, there are currently no clear guidelines to set these in a 

way that it increases the likelihood of a human-like performance. Even the definition of human-

like performance is challenging, as there is no behavioural data available on my particular image 

sets. However, the literature reviewed in Chapter 1, in particular the section 1.5. Facial variation’ 

and ‘Two ends of a scale – measuring individual differences, deficits and enhanced performance’ 
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can inform a threshold. In formulating the criteria I have considered human performance, for 

familiar and unfamiliar, but also the practical limitations of the approach, which I will discuss 

below. The images used for training can be rather challenging to match (especially in their 

cropped variant), and the aim of this work is meant as a starting point, thus 70% accuracy should 

have been sufficient. However, it should be clear that these criteria should be seen as parameter 

that needs to be considered in future research, as it will undoubtedly affect the human-likeness of 

models. 

The third major challenge is finding the ‘right’ number of layers to train. Once an 

architecture that has pre-trained models, enough code available for implementation, and detailed 

information of the training set has been identified, the next question is defining the fine-tuning 

parameters. In my case, I have set the criteria for the right amount to centre on the loss and 

accuracy of the model: models needed to converge (reach a loss smaller than 1) and reach an 

accuracy of at least 70% during training. Apart from the above-mentioned theoretical difficulty 

in defining these criteria, the process of finding the fine-tuning parameters to meet the criteria is 

a laborious and time-intensive procedure. The deeper the network, the longer the process is to 

find the ‘right’ number of layers to train. In the current study, due to a limited time budget, a 

random search was employed to find the hyper parameters. Initially, hyper parameters were 

estimated on 1 image set. Once the search space was smaller, hyper parameters were tweaked, 

based on several image sets. Once the hyper parameters have been set, these image sets were 

deleted and replaced by new ones. The ‘right’ number of layers will be the number of layers that 

meets the criteria, but as discussed before, this too can be varied. Due to the high-dimensional 

nature of DNNs, there is no guarantee that these hyper parameters work on the first attempt of 

training. In these experiment, 25-35% of training runs had to be repeated because the model did 

not meet the criteria.  

Lastly, the fourth major challenge – but the most prominent challenge in my PhD – is the 

technical skill required to implement new findings in computational neuroscience and techniques 

in computing science. Most, if not all, of the challenges mentioned so far has or will have a more 

time-efficient solution available in the broader landscape of computing science. However, the 

implementation of such techniques requires specific expertise, which can be difficult to identify 

for researchers who are not submerged in the rapidly developing field of computing science.  



 

173 
 

 In summary, the framework presented in this chapter is a computational approach that 

allows the exploration of human face recognition by a direct comparison to a DNN on the same 

task. The use of defining training procedures that can be used for multiple training sets is 

laborious and time intensive. Some of these challenges will diminish over time, such as the lack 

of detailed information on training procedures, and – hopefully in the near future – a limited 

amount of processing power. Additionally, as computational approaches become more common 

in the exploration of human face recognition, more literature will be available that can constrain 

the search space when exploring hyper parameters. 
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9. Chapter 9 - The relationship between distance measures of representational space and 

behavioural data 

 

Chapter main message 

In the previous chapter, the effects of familiarity on representation in a DNN were explored by 

looking at the difference in Euclidean distance between image pairs for faces the DNN was 

either trained or untrained on. In this chapter, I look at other commonly used measures in 

computer vision: Cosine, Manhattan, and Jaccard distance. In this study, Jaccard distance is 

calculated in two ways, to mimic a generalized representation of a face (referred to as Jaccard-

Global), versus a more detailed representation (referred to as Jaccard-Detail). The Cosine, 

Manhattan and Jaccard-Global distance showed the same pattern of results as the Euclidean 

distance, as discussed in Chapter 8 - Exploring the representation of familiar faces using deep neural 

networks., Experiment 7b. These findings are similar as the findings in Experiment 5a and 5b, 

indicating that the changes in representation after familiarisation are related to increased 

sensitivity to change in familiar faces. The pattern of results for the Jaccard-detail measure was 

almost as similar as the other measures, but lacked a significant interaction effect between 

Transformation Level and Familiarity for Transformation Level 5.  

 

9.1. Introduction 

In the previous chapter, the effects of familiarity in a DNN were explored by looking at the 

difference in similarity scores of image pairs between familiar (trained) and unfamiliar 

(untrained) faces. The similarity score used was Euclidean distance. As mentioned before, 

Euclidean distance is a measure that is often used in psychology to calculate similarity. However, 

there are other measures that are commonly used in machine learning: Cosine, Manhattan, and 

Jaccard distance. Each of these measures has a different calculation and different characteristics. 

To gain greater insight into human similarity and dissimilarity ratings and understand how these 

measures relate to each other, I will explore these different distance measures of representational 

space and their relationship with the behavioural data. Specifically, I compare how well these 

measures follow the pattern of the behavioural data found in Experiment 4 “Familiarity and 

similarity” and Experiment 5 “Familiarity and dissimilarity”. Understanding the different 
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calculations that best reflect the data will provide further insight in how we use the information 

we have stored in face space, but also what measures are useful for future research. 

 

Euclidean distance 

To recap, since the results of the measures will be directly compared to the findings of 

Experiment 7b (Chapter 8 - Exploring the representation of familiar faces using deep neural networks.) 

using Euclidean distance. The Euclidean distance is the distance between two points in Euclidean 

space, in which Euclidean space represents any (positive) N-dimensional space. This space is a 

vector space that consists of real numbers and values are continuous. The distance between two 

points is calculated using the Pythagorean Theorem, which states that the squared sum of the two 

shorter sides of a triangle (side a and b) is equal to the length of the longest side (the hypotenuse, 

c) squared (a2 + b2 = c2). Any additional dimensions will be perpendicular to the existing planes. 

Thus, the Pythagorean Theorem in multidimensional space generalizes to ∑ 𝑑𝑖
2𝑛

𝑖=1 =

 ℎ𝑦𝑝𝑜𝑡𝑒𝑛𝑢𝑠𝑒2. Where d is the vector length between point a and b in the ith dimension. 

 As briefly discussed in Chapter 1, the concept of ‘face space’ and the idea behind 

face space (Valentine, 1991) is that research on distinctiveness, inversion and race all indicate 

the influence of knowledge of the population of faces a person encountered so far. Thus, he 

proposed a framework that can encode a face as a point in a multidimensional space that is based 

on previously encountered faces. The dimensions in this space represent features that are used to 

encode a face. The space was proposed to be Euclidean in the example, indicating that the 

distance between points in this space relate to similarity of faces: the more similar a face, the 

closer it will be in face space. However, this was more to illustrate the principle as the author did 

mention that the “Euclidean metric will almost certainly be an over-simplification”. Therefore, I 

will explore other distance measures and see how well they reflect the pattern of behavioural 

findings. 

 

Cosine distance 

Overall, there has been little research done on relating image-based measures of similarity to 

perceived similarity. However, out of the three measures mentioned here, the Cosine similarity 

has been proposed multiple times. Valentine (1991) suggested the angle between vectors in face 

space is relevant, in which the vector lies between the origin of face space and the point that 
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represents the face. For similarity between two faces, calculating the angle between these two 

vectors will reflect the distance between the points of two faces. The distance from the norm is 

added to the model to account for effects of distinctiveness. 

 Whereas the Euclidean distance can become as big as it needs to be to reflect the 

difference, the cosine of an angle is limited to have a value between -1 and 1. Thus, whereas the 

Euclidean distance reflects the difference between face space dimensions and the values on these 

dimensions, the cosine distance reflects only the difference between face space dimensions. 

Comparing the pattern of results of Euclidean and Cosine distance will provide us an indication 

about the use of qualitative (differences between dimension) and quantitative (differences in 

values on the same dimension) differences in familiar and unfamiliar face recognition. As the 

angle between two vectors gets smaller and goes to zero, the value of the cosine similarity goes 

to 1. Cosine similarity can have a value of minus 1, when the angle between two vectors is 180 

degrees. However, this is unlikely when the number of dimensions increases, as the values per 

dimensions will each have a normal distribution, causing the average to settle around 90 degrees. 

The lower the angle, the closer the vectors are to each other, thus the more similar they are. This 

limited range of the values allows for comparisons to other cosine similarities and setting a 

threshold. 

 

 

Manhattan distance 

The Manhattan distance is the sum of the absolute difference between 2 vectors. This is similar 

to the Euclidean distance except the Euclidean distance is the square root of the squared 

differences between two vectors. The Manhattan distance is also known as the L1 norm and the 

Euclidean distance is also known as the L2 norm. In a generalized way, the Lk norms allow for 

different ways to calculate distances based on vectors in a space. Thus, Manhattan and Euclidean 

distance are variations of such norms. Due to the mathematical resemblance of the Manhattan 

distance to Euclidean distance, it is likely that they both have a negative correlation with 

perceived similarity. Although the Manhattan and Euclidean distance are similar, Aggarwal, 

Hinneburg and Keim (2001) found that the Manhattan distance has better discriminative ability 

in high-dimensional spaces than the Euclidean distance. However, the effect of the k-parameter 

on discriminative ability is also dependent on the distribution of values per dimension. Thus, the 
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Manhattan distance is included to explore if the Manhattan has better discriminative abilities 

than the Euclidean distance with the distributions present is the current data set. As the 

Manhattan distance is a commonly used distance measure in computer vision, understanding if 

these distances result in a similar pattern is useful for comparing results across different studies. 

 

Jaccard distance 

To our knowledge, the relationship between human face recognition and Jaccard similarity have 

not yet been explored. Whereas most other measures discussed use the entire vector in a space as 

a point and calculate the distance between those points, the Jaccard similarity compares all 

components of the vector, that are non-zero in at least one of the vectors, and bases similarity on 

the total number of components that are equal. The formal definition of the Jaccard similarity is 

the intersection over union. Due to the different nature of the calculation, it is difficult to predict 

how this measure will relate to perceived similarity. However, any distance measure is likely to 

have a negative correlation with perceived similarity. 

Jaccard similarity is used here to simulate the range of acceptable values on a dimension 

in a face representation, as per the conceptualization of Face-space-R by Lewis (2004). To recap 

my brief discussion of section 1.7 ‘Exploring face representations through (psychological) 

models’, face space is the “multidimensional space framework” by Valentine (1991) that 

describes an organizational space in which faces are represented as a location defined by its 

value on multiple dimensions. Face-space-R is a computational implementation of Valentine’s 

(1991) face space by Lewis (2004). In this model, activation of a face can be represented by a 

Gaussian radial basis function (RBF; Broomhead & Lowe, 1988) on each dimension. Each face 

has a certain optimum value for each dimension, and the activation reduces when you move 

farther from that optimum, and this follows a Gaussian distribution. The idea of face space has 

many unknowns, such as what the dimensions are, how many there are, etc. One of these 

unknowns is also the characteristics of these RBFs, such as the consistency of shapes over 

different dimensions for each face, or the scale of the variation between faces.  

An additional unknown is the standard deviation of the RBFs, which has been held 

constant in the simulations performed by Lewis in his proposal of face-space-R (2004). As noted 

by Hancock (2021), face-space-R does not incorporate learning. Thus, it is unclear how the 

shape of the gaussian RBF changes when one becomes familiar with a face. Variability appears 
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to be integrated in the representation of familiar faces but not of unfamiliar faces, leading to 

familiar faces having a more robust representation than unfamiliar faces (Burton et al., 2005; 

Hancock et al., 2000; R. J. Johnston & Edmonds, 2009). One could argue that ‘robust’, in the 

context of incorporating variability, could mean a wider gaussian RBF in face space, i.e. familiar 

faces have a larger spread of dimensional activation compared to unfamiliar faces. Alternatively, 

it could be that a representation of a familiar face becomes more ‘robust’ by having a narrower 

RBF on dimensions that are critical for recognition, i.e. dimensions that are distinctive for the 

recognition of the identity. In this study, the Jaccard similarity is used to mimic changes in RBFs 

in order to explore task differences in the behavioural data.  

As mentioned above, to calculate the Jaccard similarity you take the total number of 

components that are equal between both vectors, ignoring any that are zero in both, and divide by 

the total number of attributes/values you are comparing, i.e. the vector length. The activation 

value of a feature in a representational vector is a continuous number, and no matter how small 

the difference, it will count it as dissimilar if it is not exactly the same value. Thus, in a practical 

sense, to get any degree of similarity between two long vectors with continuous values, it 

requires rounding of the values in the representational vector, i.e. a threshold to decide which 

values should be considered as equal. In order to mimic changes in RBFs through Jaccard 

similarity, different rounding of the values in the representational vector are used to represent 

different levels of precision. For an example of Jaccard distance, please see Figure 51. In the first 

example, two-decimal values of two vectors are compared. Although similar values for the 

majority of the vector, they are not exactly the same, thus the Jaccard similarity value is 0.2 (one 

pair is the same). In the second example, alle values of example 1 are rounded to 1 decimal, and 

the similarity becomes 0.6.   
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Figure 51 Example of the rounding for the Jaccard computation. 

 

 Using different precision to round down the values in the representational vector, I aim 

to gain deeper insight into the two main findings presented in this thesis: familiar faces are 

perceived as more similar (Experiment 4a), and the increase in sensitivity for greater changes 

between pairs is larger for familiar faces than for unfamiliar faces (Experiment 5a and 5b).  As 

discussed extensively in this thesis so far, it is likely that the difference between familiar and 

unfamiliar faces lies within the representation of the faces in face space.  

In terms of the Jaccard similarity, a focus on similarity over dissimilarity could be 

represented as a global comparison of two face vectors, in which global is operationalized as a 

comparison of values that are equal when the accuracy of the description is decreased (more 

details in the Methods section). In the case of focussing on dissimilarity, one would still want to 

have the values rounded, as we never expect a face to be exactly the same due to viewing 

conditions, but one would like to retain as much information as possible to find the differences. 

In the terms of Face Space-R, two vectors being the same can be interpreted as both being within 

the radius of the radial basis function for that dimension. Rounding to fewer digits corresponds to 

having a wider radial basis function. In this study, I have chosen two different rounding factors 

to reflect both these situations, in which the lowest number of decimal places represents a global 

comparison focussed on similarity and the highest number of decimal places represents a 

detailed comparison.  
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9.2. Methods 

The methods of this experiment are the same as Experiment 7b in Chapter 8 - Exploring the 

representation of familiar faces using deep neural networks.’ and the distant measures are 

calculated on the same data used. A brief description of the calculation of each distance measure 

is given in the following section, discussing the unique characteristics they have in comparison 

to each other. For the computations of the similarity ratings, the ‘scipy.spatial.distance’ function 

is used from the SciPy library (Virtanen et al., 2020). Therefore, all similarity ratings are in their 

distance form, meaning a higher value reflects a higher degree of dissimilarity. 

 

Cosine distance 

To calculate the cosine similarity, two vectors are projected in a multi-dimensional space and the 

cosine of the angle between the two vectors reflects the similarity. The software library I use, 

SciPy (Virtanen et al., 2020), calculates the cosine distance by taking 1-cosine similarity. Similar 

to concepts about face space (Lewis, 2004; Valentine, 1991) a vector in the image space has a 

magnitude and a direction. In our case, there will be 2622 dimensions, corresponding to the 2622 

features in the representational vector produced with VGGFace (as there were 2622 identities 

present in the first VGG image set). 

 

Manhattan distance (and Minkowski distance) 

The Manhattan distance is the sum of the absolute difference between 2 vectors. This is similar 

to the Euclidean distance except the Euclidean distance is the square root of the squared 

differences between two vectors.  

Another common measure in computer vision is the Minkowski distance. The Minkowski 

distance can be the same as the Euclidean and Manhattan distance, as it takes the sum of the 

absolute difference between 2 vectors too but has the addition of a p-value that is used to raise 

the difference between 2 vector points by the power of p, and the summation of those values is 

then raised to the power of 1/p: 𝐷(𝑋, 𝑌) =  (∑ |𝓍𝒾 −  𝓎𝒾 |𝑝𝑛
𝑖=1 )1/𝑝. The Euclidean distance is 

also referred to as L2 norms and the Manhattan distance is referred to as L1 norms, referring to 

the value of p. Thus, if p equals 2, the Minkowski distance is equal to the Euclidean distance, and 

if p equals 1, it is equal to the Manhattan distance. However, any value over 1 is a valid value for 
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p, but a value of 1 or 2 is most commonly used. For this reason, the Minkowski distance is not 

included in this chapter. 

 

Jaccard distance 

The Jaccard distance is calculated by dividing the intersection of the two vectors by the total 

attributes compared, i.e. the vector length. This means the number of all the values that are the 

same between vectors are the intersection and these are divided by the total number of values in 

each vector, ignoring any values that are zero in both vectors. The higher the number, the greater 

the similarity. In the SciPy library (Virtanen et al., 2020), the distance is used, which is 

equivalent to 1 minus the similarity.  

In the application to faces, the likelihood of components being exactly the same is 

extremely low. As mentioned in the introduction of this chapter, I have chosen two different 

rounding factors to reflect both these situations, in which the lowest number of decimal places 

represents a global comparison focussed on similarity and the highest number of decimal places 

represents a detailed comparison. These will be referred to as Jaccard-Global and Jaccard-Detail 

respectively. The values given in the example, 0.0367435463 and 0.0367435462, are of the 

magnitude present in the vector generated by the VGGFace model. Thus, the Jaccard-Global will 

be the Jaccard distance between vectors that have their values rounded to 3 decimals, and 

Jaccard-Detail will be the Jaccard distance between vectors that have their values rounded to 4 

decimals. For the given example, the value in the Jaccard-Global vector will be 0.037 and the 

value in the Jaccard-Detail will be 0.0367.  

 

Analysis 

To assess whether these distance measurements result in the same pattern for the DNN vector 

comparison as the human data, the same LMM as in  Chapter 8 - Exploring the representation of 

familiar faces using deep neural networks. is used. To recap, the model included Familiarity and 

Transformation Level as categorical factors (Familiarity: familiar and unfamiliar coded as -0.5 

and 0.5 respectively to allow for the analysis of the interaction; Transformation Level: 2, 3, 5, or 

7), and the intercept, slope and interaction of Familiarity and Transformation Level in the 

performance per model as a random effect. Due to convergence issues, the main effects were 

excluded from the random effects in the case of the Cosine and Manhattan distance. The 
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parameter estimate (b), standard error (SE), t value and p value are reported. The linear mixed 

effect analysis was performed in R (R Core Team, 2019) with lmerTest  (Kuznetsova et al., 

2017). The threshold for significance was set at α = 0.05. Normality of the residuals on the 

model were inspected visually and showed no violation. 

 

 

9.3. Results 

Before I discuss the results, I will recap the three findings that are important to the 

interpretation of the results. These three findings are the results of Experiment 4a and 4b 

(Chapter 0 and 4), Experiment 5a and 5b (Chapter 5), and Experiment 7b in Chapter 8. As 

mentioned previously, the findings in Experiment 4 - familiar faces are perceived as more similar 

(and not interaction effect) - are possibly explained by the idea that people focus on finding 

similarity instead of focussing on dissimilarity. Whereas the findings of Experiment 5 - the 

increase in sensitivity for greater changes between pairs is larger for familiar faces than for 

unfamiliar faces (in addition to a main effect of Familiarity) – the emphasis should be on 

dissimilarity. These findings are in line with the finding that ‘telling faces apart’ and ‘telling 

faces together’ seem to be dissociated skills (Megreya & Burton, 2006) 

In Experiment 4a and 4b, the effect of familiarity on the perception of multidimensional 

transformations was explored. The stimuli consisted of these 8 average images and variations 

that had either 2, 3, 5 or 7 colour components (components 10 and 11; 10 – 12; 10 – 14; 10 – 16 

respectively, referred to as ‘Transformation Level’) in the PCA space changed. Participants 

performed a face matching task in which in each trial, an original face image was shown, 

followed by a mask, the altered image and another mask. Finally, the participants were presented 

with the question “Could these be two pictures of the same person? 1 – certain no; 2 – think no; 3 

– guess no; 4 – guess yes; 5 – think yes; 6 – certain yes”. A main effect of both Transformation 

Level and Familiarity was found, but there was no significant interaction effect. 

In Experiment 5a and 5b, I used PCA transformations explore the effects of familiarity on 

sensitivity to change. A sequential 2-alternative forced-choice task was used to explore 

differences between familiar and unfamiliar faces in the ability to identify changes made to the 

appearance of the face. The task was carried out with transformation of 2SD (Experiment 5a) and 

4 SD (Experiment 5b) changes. In each trial, the original was shown, followed by a mask, the 
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first altered image, another mask, the second altered image and a last mask. Finally, the 

participants were presented with the question “Which of the two changed pictures more closely 

resembles the person shown in the first image 1 - first picture; 2 - second picture”. All 

transformation levels of the previous experiment were used, and all possible combinations 

between image pairs were used for all participants (an image with 2 components changed paired 

with an image with 3 components changed, 2-5, 2-7, 3-5, 3-7 and 5-7). The effect of Pair 

Distance and Familiarity were explored, in which Pair Distance was the difference between the 

number of components altered in the two images (so for example, if in a trial an altered image 

with 2 components changed is presented, and another altered image with 5 components, the Pair 

Distance is 3). There was a significant main effect for Pair Distance and Familiarity, and a 

significant interaction effect between Pair Distance and Familiarity, but only for the largest Pair 

Distance. 

In Experiment 7b, a method of familiarization of faces in the form of fine-tuning of a pre-

trained DNN is used to explore the two main findings mentioned above: familiar faces are 

perceived as more similar overall than unfamiliar faces (Experiment 4a), and the increase in 

sensitivity for greater changes between pairs is larger for familiar faces than for unfamiliar faces 

(Experiment 5a and 5b). To get similarity ratings from the DNN that can be compared to the 

human similarity ratings, all images are fed through the model in order to generate an image-

vector from the representational layer. Then for all pairs (a pair of an original image and one 

image with either 2, 3, 5 or 7 components changed) the difference between the vectors is 

calculated using Euclidean distance. A significant main effect for Transformation Level, but not 

for Familiarity, was found. Additionally, there was a significant interaction between the two. 

These findings are similar to the findings in Experiment 5a and 5b, indicating that the changes in 

representation after familiarisation are related to increased sensitivity to change in familiar faces. 

The descriptives of these experiments are shown in Figure 52 (Experiment 4a, 5a and 5b), and in 

Figure 53 (Experiment 7b). 
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Figure 52 Recap of the findings of Experiment 4a, 5a and 5b. 

 

Manhattan, Jaccard-Global and Jaccard-Detail distance all showed a similar pattern of results as 

found for the Euclidean distance in Experiment 7b: a significant main effect for Transformation 

Level but not for Familiarity, and a significant interaction effect between Transformation Level 

and Familiarity for Transformation Level 5 and 7. The only exception was for the Jaccard-Global 

and Jaccard-Detail distance: the interaction effect between Transformation Level and Familiarity 
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was already significant at Transformation Level 5. For an overview of all the comparisons and 

related p-values, please see  Table 18 in the Supplementary materials – Chapter 8. These findings 

are similar as the findings in Experiment 5a and 5b, indicating that the changes in representation 

after familiarisation are related to increased sensitivity to change in familiar faces. Cosine 

similarity did not show a similar pattern of results as found for the Euclidean distance in 

Experiment 7b: There was only a significant main effect for Transformation Level but not for 

Familiarity, and no significant interaction effect between Transformation Level and Familiarity 

for either Transformation Level 5 and 7. 
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Figure 53. Plots of the different distance measures per Transformation Level. 

Please note that the y-axis of the Jaccard_Detail graph does not start at zero, for visualization 

purposes (as the interaction effects are significant). 
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9.4. Discussion 

In this chapter, the relationship between three different distance measures in representational 

space and behavioural data was explored. Specifically, I compare how well Cosine, Manhattan, 

and Jaccard distance follow the pattern of the behavioural data found in Experiment 4a 

(Familiarity and similarity) and Experiment 5 (Familiarity and dissimilarity) and how they 

compare to the Euclidean distance. From these measures, the Manhattan, Jaccard-Global and 

Jaccard-Detail distance showed the same pattern of results as the Euclidean distance, as 

discussed in Chapter 8, Experiment 7b. These findings are similar as the findings in Experiment 

5a and 5b, indicating that the changes in representation after familiarisation are related to 

increased sensitivity to change in familiar faces.  

The finding that the Manhattan distance showed the same pattern of results as the 

Euclidean distance should come as no surprise, as they are mathematically close. This measure 

was included to confirm this assumption, as this measure is amongst the most commonly used in 

the field. Similarly, the finding that Cosine distance does not follow the same pattern of results as 

the Euclidean distance is expected, as the Euclidean distance can become as big as it needs to be 

to reflect the difference, the cosine of an angle is limited to have a value between -1 and 1. 

However, the Cosine distance is commonly used in the field of computing science for image 

comparison. Thus, the finding that it does not reflect the same pattern as other measures and 

behavioural responses is important knowledge. The Cosine distance only showed a main effect 

for Transformation Level, which is ideal from a technical perspective, as it performs as well on 

untrained (unfamiliar) images as on trained (familiar) images. It appears that the differences in 

representation with regards to familiarity are quantitative difference and not qualitative ones. 

The finding that Jaccard-Global and Jaccard-Detail shows a similar pattern as the 

Euclidean distance is unexpected since the nature of the calculation for the Jaccard distance is 

quite different from the Euclidean distance. Their similar result might be related to the obvious 

practical limitation in the exploration of the Jaccard distance: the adaptation of the rounding 

factors merely used two different rounding factors. This rounding factors were chosen based on 

the features values and to gain a general idea of the effect of different rounding factors, that in 

this case differed by a factor of 10. Although the pattern of the data visually changed, the pattern 

of the statistical results remained similar.  Different rounding factors might better reflect the idea 

of differences in RBFs.  
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Additionally, the rounding was done for all dimensions, and the pattern might reflect the 

behavioural data better if the rounding was only applied on the distinctive dimensions. However, 

since these are still unknown, it should be clear that this is no claim of a full mechanistic 

explanation, but simply a mathematical translation of the idea of differences in RBFs. It should 

be obvious that the same can be achieve in many different ways, for example, by adding and 

altering threshold values. However, conceptually, this study shows that that variation in the error 

margin could explain behavioural data and that this idea can be implemented without the need of 

changes in face space/representational vectors. 

At the moment, the findings of this chapter and Chapter 8 (Experiment 7a – c) are 

comparing behavioural data to one specific task and one particular set of transformations. To 

further validate these findings, further research is needed using other task designs, facial 

transformations, identities, architectures, etc. Additionally, I have only looked at two different 

architectures and the vectors used in this chapter was long and had very low features values. 

Without further research, it remains unclear how the length of such vectors and other 

architecture-related aspects influence the results of experiments following this paradigm. 

Although it is useful to see that the pattern of results is similar, to further interpret the found 

relationship between image-based and perceived similarity, the biological plausibility of 

formulas and networks should be more integrated. I will further discuss this in the general 

discussion (Chapter 10). 

Understanding the different calculations that best reflect the data provides a possible 

suggestion of how we use the information we have stored in face space, but also explains how 

different tasks leads to different findings and can still have the same underlying change. A 

deeper understanding the measures that best reflect the task performance can also be applied in 

task design. It is not uncommon for a DNN similarity score to be used in estimating task 

difficulty. The findings related to Jaccard similarity show how we can alter these estimations in a 

fashion that is more tailored to the task. 
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10. Chapter 10 - Conclusions and future directions 

In this thesis, I explored what internal representations of faces we have and how these are 

different between familiar and unfamiliar faces. From the review in Chapter 1, it should be clear 

that many open questions remain about the internal representation we hold of faces. In the 

theoretical models of human face recognition (Bruce & Young, 1986; Burton et al., 1990, 1999; 

Lewis, 2004; Valentine, 1991) the one factor explicitly identified to be missing is what 

information is stored in the needed representation for face processing. A better understanding of 

this internal representation will allow for the development of tasks that measure face processing 

abilities in more detail and increase our understanding of the visual information needed to 

identify a face, either familiar or unfamiliar. I have used two approaches: behavioural and 

computational. In this final chapter, I will summarize my main findings and identify several 

future directions that could build on the framework provided within this thesis.  

 

10.1. Summary of chapters 

A brief overview of the chapters, experiments, and findings can be found in Table 29 in  

Supplementary materials – General discussion. In Chapter 2, I examined a new paradigm in which 

participants could alter certain features in a gradual scale, to explore accuracy of an internal 

representation. In Experiment 1, I checked if the percept between familiar and unfamiliar faces 

was the same by showing the original on-screen and asking participants to match the image to 

the original. In Experiment 2, I repeated Experiment 1, but added a delay between the original 

and the response image, so that face memory needed to be utilized for the task. In Experiment 1 

and 2, the features that were changed were distance between the eyes and the eyebrows, width of 

the mouth, lip thickness and brow thickness. The findings indicate that perceptual sensitivity but 

not familiarity has an influence on the accuracy of our face perception, but neither influence the 

accuracy of recall of the selected manipulations. 

 In Chapter 0, I presented Experiments 3 and 4, that explored the relationship between 

perceived similarity and image-based spaces. Little research has been done on the relationship 

between perceived similarity and image-based spaces which makes it difficult to quantify face 

transformation, leading often to the use of verbalizable transformations. By comparing the effect 

of single- and multi-dimensional changes on perceived similarity and 3 different image-based 

spaces, these experiments were used to assess the usefulness of PCA transformations in the 
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exploration of internal representations of the face. In Experiment 3, we found that perceptual 

similarity and the three image-based spaces are linearly related. In Experiment 4a, our findings 

show that there is a positive relationship between the number of components transformed and 

both the perceptual similarity and the same three image-based spaces used in experiment 1. 

Furthermore, we found that familiar faces are rated more similar overall than unfamiliar faces. 

 In Chapter 4, I explored if the pattern found in Experiment 4a would be the same when 

the changes were smaller (Experiment 4b; 2 SD instead of 4 SD) in terms of magnitude, to better 

understand the relationship between the number of components and magnitude of change, and to 

explore if the pattern we found in experiment 4a would be the same. Our findings show a similar 

result as in experiment 4a, but, with higher overall similarity scores while the difference between 

changes with 5 and 7 components is significant. 

In Chapter 5, I explored the relation between familiarity and sensitivity to change. Two 

experiments are presented, using a two alternative forced choice task to explore differences 

between familiar and unfamiliar faces in the ability to identify changes made to the appearance 

of the face. The task was carried out with transformation of 2SD (Experiment 5a) and 4 SD 

(Experiment 5b) changes. The different magnitudes of changes were used to explore effects of 

cross-identity versus within-identity changes. A main effect of perceptibility of change (in 

number of components) between the response pairs was found. Additionally, I found a 

significant main effect of Familiarity and an interaction between familiarity and perceptibility of 

change. This means that the increase in sensitivity for greater changes between pairs is larger for 

familiar faces than for unfamiliar faces. Both experiments revealed a similar pattern of results. 

Chapter 0 explores the boundaries of identities further, by exploring the relationship 

between familiarity and the consistency in perceived change. In this Experiment (6), different 

sets of components were changed and presented to participants in a 1-to-4 array. Participants 

were then asked which of the four changed pictures they thought had changed the appearance of 

the person the most. The results of Experiment 6a in relation to familiarity were difficult to 

interpret due to a large majority being familiar and unfamiliar with the same identities. There 

appeared to be a preference for a certain component dependent on the identity, one that cannot be 

reasoned away by the size of the change measured in an image-based space (Gabor distance). 

The results of Experiment 6b show that component 12 has the strongest effect on appearance in 

all identities, though the preference is minor compared to the effects of components seen in 
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Experiment 6a. Since the same component affected all identities in a similar fashion, there were 

no clear indicators that familiarity influenced the distinctiveness of transformation. 

In the literature review of part II (Chapter 7), I discussed the work that has been done 

using deep convolutional neural networks to explore human face recognition as background to 

Chapter 8, that presented the computational experiment in which I mimic familiarity by training 

on certain identities and comparing the representational spaces of familiar (trained) and 

unfamiliar (untrained) faces. A method of familiarization of faces in the form of fine-tuning of a 

pre-trained DNN is used to explore the two main findings presented in the thesis: familiar faces 

are perceived as more similar overall than unfamiliar faces (Experiment 4a and 4b), and the 

increase in sensitivity for greater changes between pairs is larger for familiar faces than for 

unfamiliar faces (Experiment 5a and 5b). Three experiments were run:  in the first experiment 

the FaceNet architecture was used with 341 layers frozen and 106 layers trained (Experiment 7a) 

and without any frozen layers to achieve maximum performance on the test set (Experiment 7c), 

and the VGGFace architecture was used with 30 layers frozen and 8 layers trained (Experiment 

7b). In Experiment 7a, no effects of familiarity were found. In Experiment 7b, a main effect for 

both Transformation Level and Familiarity was found. Additionally, there was a significant 

interaction between the two. Lastly, in Experiment 7c, similar to Experiment 7a, no effect of 

Familiarity or significant interaction between Familiarity and Transformation Level were found, 

there was only a main effect of Transformation Level. 

In Chapter 9, I further explored the results of Experiment 7b and compared the 

representational spaces using different distance measures, to find which outcome measure best 

reflects a human behavioural pattern. Cosine, Manhattan and Jaccard-Global distance all showed 

the same pattern of results as found for the Euclidean distance in Experiment 7b: a significant 

main effect for Transformation Level but not for Familiarity, and a significant interaction effect 

between Transformation Level and Familiarity for Transformation Level 5 and 7.  

 

10.2. Difference between familiar and unfamiliar faces 

The overarching aim of this thesis was to explore what internal representations of faces we have 

and how these are different between familiar and unfamiliar faces. The work presented in the 

previous chapters collectively show four main findings: there is a linear relationship between 

image-based spaces and perceived similarity that can be used to explore the effect of PCA 
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transformations, familiar faces are perceived as more similar overall compared to unfamiliar 

faces, the increase in sensitivity for greater changes between pairs is larger for familiar faces than 

for unfamiliar faces, and that the effect of familiarity can be found at the representational level 

(in DNNs). 

The first main finding mentioned – there is a linear relationship between image-based 

spaces and perceived similarity – should flag the fundamental knowledge that is still missing on 

the role of image-based properties and its role in the field of face recognition. As I will discuss in 

the section ‘Future directions’, the approach of computational cognition will become 

increasingly important, and a better technical understanding of visual stimuli (understanding the 

role of image properties such as dynamic range, contrast energy, colour intensities, etc) will be 

necessary to benefit from interdisciplinary approaches. The remaining three major findings can 

be considered a testament to the success of this approach. 

 

 

10.3. Future directions in computational face recognition research 

In the next section, I will discuss the most promising future directions and how the work 

presented in this thesis could contribute. 

 

Understanding face learning 

One clear aspect that needs further exploration is face learning: how do we go from encountering 

a face for the first time to a robust representation of a highly familiar face? In this thesis, little 

attention has been given to the process of building a face representation. Instead, this issue was 

simply avoided in the behavioural experiments by using familiar versus unfamiliar faces, as is a 

common strategy in face recognition research. Although this is the go-to strategy, it is a 

limitation. The importance of understanding is clear and there is work that attempts to 

understand variety through broader categories (of high versus low variability for example). More 

insight in the learning process will provide new insights in the information that is stored in the 

representations of faces. Although addressed to a limited extent in this thesis, learning is 

intimately related to exploring internal representations, thus, I'll now consider how each of the 

four principal findings relates to learning. 
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 Firstly, the finding that there is a linear relationship between image-based spaces and 

perceived similarity can be used to address a current limitation in how variability is defined: 

currently, the most common approach is to compare low and high variability, due to the complex 

nature of face images. The found relationship between image-based spaces allows for a finer 

definition of variability. In an alternative approach, the number of images is increased during 

face study, to increase the amount of variability the participant is exposed to of certain faces. In 

these types of paradigms, the relationship between image-based spaces and perceived similarity 

can be used to quantify the increase in variability, which would make it easier to compare 

different identities and findings in other studies. In the current paradigm, I avoided the earlier 

components and chose later ones, that affect identity. However, different selections can be made, 

that affect identity to a different extent. For example, if earlier components are chosen, which 

often capture lighting or angle, this could provide for variability that does not affect identity. 

Creating different types of variability in this paradigm allows for a deeper exploration of the 

types of variability useful for learning.  

Secondly, the two behavioural findings - that familiar faces are perceived as more similar 

overall compared to unfamiliar faces and the increase in sensitivity for greater changes between 

pairs is larger for familiar faces than for unfamiliar faces – can lead to a greater understanding of 

the mechanisms of increasing familiarity over time. In this thesis, the effect of relatively subtle 

face changes was tested, thus these findings could most likely be replicated with a larger effect 

size if bigger transformations are presented. A larger effect size would make it easier to track a 

changing representation. However, in order for this to work, it is likely that the most distinctive 

features need to be defined. For this, the fourth major finding presented in this thesis can be used. 

As concluded in Chapter 0, the difficulty of the PCA framework as described in this 

thesis is that the transformations are specific to the PCA space calculated, and that different PCA 

spaces do not align to one another. This makes the framework a poor tool to identify general 

distinctive features. One would need a large PCA space based on a large number of identities, so 

that any new identities can be well represented within the existing PCA space, which is not 

feasible for several reasons. To overcome the limitation of generalizing to other identities and 

ensuring all identities can be represented as well as possible, Deep Neural Networks (DNNs) can 

be used. As should be evident for the literature and findings presented in Chapter 8, there 

currently is no clear paradigm to explore familiarity in DNNs. An additional challenge is that 
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there appears to be a relationship between distinctiveness and familiarity, which need to be better 

understood if one wants to understand the effect of familiarity on internal representation. 

 The methods behind the fourth major finding - and that the effect of familiarity can be 

found at the representational level (in DNNs) – provides a paradigm to explore what 

hyperparameters (parameters related to training a DNN) can be used to mimic familiarization 

and gain a better understanding of human face perception. The strength of this paradigm is that it 

builds on the two behavioural findings, as these provide a way to validate the found patterns in 

the DNN data. For the purpose of this thesis, only a couple of DNNs were explored. However, in 

order to explore familiarity and distinctiveness, further research is needed. Specifically, there are 

many other parameters in DNNs that are yet unexplored but likely would help to mimic human 

behaviour better. Additionally, only a handful of networks has been used in this line of research, 

and it is unclear what makes an architecture suitable for these paradigms. I will discuss each of 

these points in the following sections.   

  

 

Exploring a wider range of machine learning techniques 

One major contribution to the progress of DNNs was the improvement of the learning algorithm 

(Chapter 7). Although successful, there is of course a still-ongoing pursuit to make learning more 

efficient. As mentioned above, it should be evident by this point in the thesis that a lot remains 

unclear about face recognition, with an especially large gap in literature when it comes to how 

we learn faces. The emphasis in face processing, on the technical and experimental side, has 

been on the convolutional type of networks. Exploring a wider range of machine learning 

techniques will provide further insight in human face processing. There are many aspects of 

machine learning that can be explored, I will now discuss the recent developments that best fit 

the work presented in this thesis (including the computational approaches presented in the 

literature review in Chapter 7). 

 

Other aspects of face recognition 

I only explored the stage of representation in this thesis, and do not include the other aspects of 

face recognition, such as social face perception, identification and expression recognition. 

However, from the Bruce and Young model on human face recognition (Bruce & Young, 1986) 
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it is clear that the different aspects of face processing influence each other. Similar to the future 

research in face learning, it will become more important to understand where similarities exist, 

and where human and artificial face recognition deviate for each of the other aspects of face 

recognition involved. Although not directly related, the methodology in this thesis can inform 

experimental designs that are suitable for testing both psychological and computational research 

questions that are aimed at exploring the other aspects in face recognition. 

 

Getting rid of the black box mentality: visualisation of activation 

One of the major comments to the computational approach, is the black-box nature of DNNs: 

understanding what is going on inside the network and how training protocol and 

hyperparameters affect that is one of the major challenges. The assumption in a computational 

approach should not be that one model is built that can provide a conclusive answer, but that 

each build model informs the question that is asked and can be adapted to further define 

mechanisms (Box, 1979). However, although it presently does not matter that the DNNs are 

likely not human-like in their mechanisms, it is important to know how a model is deviating 

from human processing (Box, 1979; O’Toole & Castillo, 2021; see Chapter 7). The latter point, 

knowing how a model deviates, is one of the challenges faced in computational frameworks. 

Thinking back to handful of studies using DNNs to explore human face recognition and the 

experiments presented in this thesis, one might note it is mainly focused on the output of DNNs. 

The activation throughout the network is largely ignored, and the main focus lies on 

performance. The most recent development is the approach used in this thesis and by Blauch et 

al. (2021b), in which the representational vector (the very last layer before the classification 

layer) is used.  

 The reason for this current lack of exploration of the activation throughout the neural 

networks is technical in nature, but will most likely change soon. AlexNet was a pivotal moment 

and the complexity of available models starkly increased, and it has only been less than a decade 

since DNNs were feasible to use in academic research. After the first amazement about the 

performance of these networks has passed and additional small improvements were made, 

researchers are becoming more interested in how these networks are doing what they are doing. 

This has led to the development of techniques that visualize the contents of neural networks, 

such as gradient ascent (e.g. Erhan et al., 2009), which generates a synthetic image that depicts 
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what images would activate it the most. Probably the most famous example of the 

implementation of gradient ascent is Google’s DeepDream (Mordvintsev et al., 2015). There are 

also techniques that not only show the generic activation of the node, but the node’s activation to 

a specific input images, such as done by Samek et al. (2017) to evaluate what a neural network 

has learned. 

Such visualisation of nodes could most likely be used to gain a better understanding of 

distinctive facial features. Once these are identified this can be combined with the first major 

finding in this thesis - that there is a linear relationship between image-based spaces and 

perceived similarity that describes PCA transformations well - to explore what mediates a 

change in perceived identity. However, it remains unclear to what extent a DNN exhibits human-

like behaviour. For example, the distinctive features the neural networks might select, might not 

be relevant for humans. Recently, the interest in defining human-like networks has increased, 

which I will discuss in the section ‘Brain-likeness paradigms and biological plausibility’. 

 

Understanding input of training 

Apart from more efficient learning algorithms, the progress in DNNs was also heavily influenced 

by the availability of data sets (Jia Deng et al., 2009). Although the quality of the data sets 

containing faces have vastly improved in the last decade, there is still a strong need for 

understanding the variety if we want to gain a better understanding of all the information we 

retain on faces. Currently, the handful of studies using a computational approach, use pre-trained 

networks that have been trained on millions of images. This makes sense, as the goal from a 

computer vision perspective is to get the best performing networks. If one wants to use these 

networks, the input images need to be considered as a parameter one can tweak (similar to 

hyperparameters in model training) that can mimic more human-like responses. Blauch et al. 

(2021b) provides a framework for this, as they varied the exposure to facial images to simulate to 

‘experience’ with a face. However, they note that they never attempted to make a human-like 

responding network, thus the findings should be interpreted as such. 

Another direction of research is using the relationship between image-based spaces and 

perceived similarity to define other suitable approaches to create systematic facial 

transformations. The experiments in this thesis and most of the research in face recognition uses 

2D-images and PCA representations, thus the findings should just be interpreted for 2D-images 
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and PCA but it remains unclear to what extent these findings extend to, for example, 

transformations that are created with a different technique than PCA, such as a GAN. Other 

types of transformation could lead to new insight in face space. 

One could argue, that to truly understand face representation we must understand the 

entire representation of a person and all interaction between available information (i.e. all 

components in Bruce and Young’s model, 1986). Although a discussion on modality in the brain 

would go far beyond the scope of this thesis, it is important to point out that some do believe that 

the approach of complete-brain modelling is the next step forward. Models of the entire brain are 

attempted (e.g. the Blue Brain project, https://bluebrain.epfl.ch/), and it will be interesting to see 

what insights we can gain from larger networks. 

Again, the caveat is that for a better understanding of training and input, it would be 

preferable to have a more human-like responding network. Understanding what parameters, and 

at this moment in time also what architectures, are best used to mimic human face recognition is 

far from known. Finding these parameters needs a systematic review of comparing different 

architectures and parameters, which is currently very time-consuming. However, in the 

(somewhat) near future, I expect this to change; just like the jump in processing power there was 

going from CPU to GPU, the move from classic to quantum computer will bring an equivalent 

step forward in modelling face recognition.1 Although time-consuming, some research has 

already started such reviews, focussing on ‘brain-likeness’ and biological plausibility in neural 

networks (discussed below). 

 

 

  

 
1 To clarify, I don’t expect quantum computers to be available for consumer soon, but I imagine more a google 
colab type of situation, or at least, I am hoping for one! 
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Brain-likeness paradigms & biological plausibility 

How might the match of DNN to human performance be better assessed and further improved? 

Two related approaches in computational neuroscience exist, one focusses on assessing ‘brain-

likeness’ and the other on biological plausibility.   

 

Integrative benchmarking in computational neuroscience 

In the context of object recognition, Schrimpf and colleagues (Schrimpf, Kubilius, Hong, 

et al., 2020; Schrimpf, Kubilius, Lee, et al., 2020) set out to create a platform to collect and 

assess computational models of the ventral stream and provide a ‘brain-score’. This brain-score 

is a score that captures multiple benchmarks, both neural and behavioural. At the time of 

publishing, the neural benchmark is about the resemblance between feature activations in an 

artificial neural network (ANN) and the neural activation in primates. However, many 

benchmarks have been added since, with at the time of writing multiple benchmarks for V1, V2, 

V4, IT, behaviour, and engineering. The latter, engineering, is an umbrella term and refers to 

non-brain measures that can be related to brain measures, such as robustness to image 

perturbations as an indication for V1-likeness. They refer to ANNs, because the platform allows 

for more types of networks than DNN (which is short for deep convolutional neural networks), 

such as transformer networks. In the behavioural benchmark, outputs of the ANNs – such as 

predicted classes in an object categorization task - are compared to that of primates. 

 The idea behind the brain-score and the associated platform (brain-score.org) is the belief 

that the divide-and-conquer-later approach to understand visual processing in the ventral streams 

has proven limited in the ability to understand human intelligence (Schrimpf, Kubilius, Lee, et 

al., 2020). They argue that, to advance neurally mechanistic models of human intelligence, 

integrative benchmarking is necessary. The integrative part refers to the different benchmarks 

that go into the brain-score, these are made up of different datasets that were tailored for 

exploring specific subprocesses and/or areas. By combining these measures, new insights can be 

gained if models either work well on the other metrics, or fail.  The authors (Schrimpf, Kubilius, 

Lee, et al., 2020) do mention explicitly that they do not believe that they have the perfect metrics 

to calculate the current version of the brain-score, but the idea is that this will change with the 

addition of different metrics (that other labs can submit).  
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Although an exciting concept and platform, the usefulness for understanding face 

perception specifically might be limited for the time being, as many of the models have focused 

on lower-level areas from the ventral stream. Additionally, the behavioural benchmark only 

includes object categorization tasks at the moment, although the platform does allow other 

benchmarks to be submitted, and the owners of the site have expressed interest in the sort of face 

similarity tests developed here (Schrimpf, personal communication). The concept of an 

expanding platform is in line with the idea of informative iteration by Box (1979; Chapter 7): 

“scientific progress comes from motivated iteration between theory and practice.” In the 

following years, metrics for face processing that can be used in the behavioural benchmark need 

to be developed, compared to the other metrics, and this comparison should be used to inform 

new experimental design. The work presented in Chapter 8 - Exploring the representation of familiar 

faces using deep neural networks.’, could be used as a basis for such a metric. 

 

Brain hierarchy 

Although the brain-score is a composite score of all the different benchmarks that are based on 

different metrics, the relationship between the subprocesses and areas and the change of the 

representation is not included in the score (Nonaka et al., 2021). The layers in a neural network 

represent increasingly complex visual structure in a similar fashion to the human system 

(Chapter 7). Nonaka et al. (2021) argue that, due to the importance of multistage hierarchical 

processing in perception and cognition, assessing the hierarchical homology between brain and 

DNN in a quantitative manner could be a way of estimating functional similarity. They translated 

this into the brain hierarchy (BH) score, in which the alignment between DNN and brain 

hierarchy is compared through encoding and decoding approaches. 

 Decoding refers to the process of training a network to find the relationship between the 

brain activity and certain visual stimuli. In other words, a network is trained to predict what 

stimulus was presented based on the brain activity. For the purpose of the BH score, Nonaka et 

al. (2021) used a decoding approach proposed by Horikawa and Kamitani (2017) that uses 

hierarchical visual features to decode. They defined their regions of interest as V1, V2, V3, V4 

and subsequent areas are included under the category referred to as ‘higher visual cortex’. For 

each of the DNNs, fMRI data is decoded and for DNN units in each layer (a thousand units were 

selected if the layer contained more units), the top region of interest is decided based on the 
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highest correlation value. In addition to the decoding measure, encoding was used. Encoding is 

similar, but now the DNN unit activations are used to predict voxel activation. The two scores 

together make up the BH score. 

 Nonaka et al. (2021) then proceed to use the BH score to explore if there are architectural 

characteristics associated with the degree of hierarchical homology between the brain and 29 

DNNs. As there are many architectural characteristics in modelling, they focus on five 

components: the presence of fully-connected layers, branch connections and skip-connections, 

and the number of layers and weight parameters. Their paradigm allows for the exploration of 

the effects of these architectural characteristics on hierarchical homology. This is useful for the 

selection of an architecture when exploring human perception. 

Again, however, the usefulness for understanding face perception specifically might be 

limited for the time being, as this technique uses the hierarchy of the areas involved as an 

indication for brain-likeness and any areas beyond V4 are only included under the category 

referred to as ‘higher visual cortex’. This means there are no hierarchical levels to distinguish for 

any subprocesses of face recognition that is not performed by V1, V2, V3 or V4. A better 

understanding of the visual stimuli used in face recognition tasks and the activation in the areas 

beyond V4 could help develop tasks more suitable for the exploration of hierarchical homology 

between the brain and DNNs. The finding that there is a linear relationship between image-based 

distances and perceived similarity can inform experimental designs aimed to explore such topics. 

 

Biological plausibility 

In addition to assessing the brain-likeness of artificial networks, there is an increasing interest in 

creating models that are more biologically plausible. As technology progresses, the architectural 

characteristics of DNNs that are not biological plausible can be replaced by other characteristics 

that are more plausible. Pogodin et al. (2021) set out to address two mechanisms in DNNs that 

are biologically not plausible, but are often included in models of visual processing: weight 

sharing and convolutional connections. As a more biologically plausible alternative to weight 

sharing, they explore data augmentation and lateral connectivity in a locally connected network. 

  Data augmentation was used to mimic the multiple views one gets when making 

saccades. The problem with this approach is that it requires a high number of translations to 

improve the performance of a locally connected network compared to a convolutional network. 
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And even in this scenario, the improvement in the performance remained limited. Thus, the 

authors conclude that the number of translations is so large, that this does not correspond with 

the number of translations gained from saccades. 

 The second alternative Pogodin et al. (2021) explored was weight sharing through lateral 

connections. In a locally connected network, weights will diverge. To avoid this divergence and 

to make them convolutional, the training was interrupted to equalize the weights. This 

interruption was called the ‘sleep’ phase. The averaging was done by connecting every third 

neuron in input and output and applying a specific learning rule, which results in a convolutional 

network. In contrast to the data augmentation, this method led to large improvements in the 

performance of the network, and did not need more data but just the introduction of the ‘sleep’-

phase. Pogodin et al. (2021) note that the results indicate that DNNs are good models of visual 

processing, as the performance of the DNNs can be achieved using more biologically plausible 

mechanisms. 

 The approach in understanding visual processing in the ventral stream, is by taking apart 

the process into smaller subprocesses. Thus, for the higher-level vision, such as face recognition, 

the data these networks can be trained on is still limited. Therefore, a clear caveat is the lack of 

data to train and validate the networks necessary for research questions aimed at biological 

plausibility. However, more neuroscientific data is being collected that are more tailored towards 

such research questions and target areas involved in face perception. For example, Cao et al. 

(2022) recently published a large human single-neuron dataset for this purpose. 

 

Testing a ground truth 

Although these approaches can provide an interesting metric, it must be noted that they are 

focused on brain activity, as the name implies. However, it is not always clear how brain activity 

and behavioural data relate to each other. Additionally, although exploring the intermediate 

activations of networks and comparing what happens inside the neural nets to brain processes 

make it more likely that there are some similar mechanisms used, it does not provide insight into 

the performance of these networks and how human-like that performance is. Lastly, and most 

important, it appears that the methods might not be as sensitive to assessing brain-likeness as we 

might assume (Han et al., 2022).  
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One of the most common approaches in computational neuroscience in evaluating brain-

likeness, is to compare network outputs and brain activity. If there is a strong relationship or 

good predictability, this is assumed to mean validation of the model. In an elegantly thought up 

experiment, Han et al. (2022) set out to assess this method for neural regression and centered 

kernel alignment, two commonly used evaluation techniques. Instead of comparing models to the 

brain, which is considered a black box, a DNN was selected to serve as ‘ground truth’ and other 

models compared to it. The main question was to assess whether the two methods would identify 

the correct model if compared to multiple models. They found that the correct identification of 

the ‘ground truth’ model was highly variable. Two reasons for this were identified, properties of 

the architecture of the ‘ground truth’ model and the stimulus data used to evaluate the models. 

Importantly, the greater the extent to which the stimuli used in the evaluation of the model 

reflects the training data of the ‘ground truth’ model, the higher the likelihood of the correct 

identification of the ‘ground truth’ model. Thus, understanding visual stimuli and understanding 

what is used to learn faces, is an important goal in the pursuit of identifying brain-like networks.  

The main take-away from the emerging research on frameworks such as the brain-score, 

the brain-hierarchy score and the exploration of biologically plausible mechanisms should be 

difficulty in assessing the ground truth. Although Han et al (2022) can show that the current 

methods are lacking, there is no clear solution offered as this is an open challenge. Although only 

providing a starting point in this thesis, I hope it is clear that the addition from behavioural 

metrics can be a solution to some extent. Although some exist, the current metrics do not include 

tasks that are aimed at specific sub-processes of human face processing (tasks such as 2-AFC 

object categorization). The methods and findings presented in this thesis can be used to develop 

more specific tasks and could help understand brain-likeness in a much more human-like way.  

 

10.4. Brief summary of the recent changes in the field face identity recognition 

In the following section, I will provide a brief summary of the recent changes in the field of face 

identity recognition. I would like to return to this quote from Chapter 1 (section 1.4): “Although 

differences between familiar and unfamiliar face processing are evident, defining qualitatively 

what is different is difficult and has been researched to a limited degree.” What is missing from 

this quote is an indication of how long these questions already have provided a challenge to 
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researchers. Although difficult to pinpoint a certain starting point, a good indicator of the 

perpetuation of these challenges can be found in Chapter 12 in the book ‘Computational, 

geometric, and process perspectives on facial cognition: Contexts and challenges.’ During my 

PhD, I have in particular thought often about the following fragment: “Consider the following 

list of some of the questions currently being asked by face perception researchers: 1. Are faces 

special or does their perception only represent a special case of more generalized form 

perception? … 11. Are faces that are familiar perceived better than novel ones? … 16. How are 

faces represented in memory?” (Uttal, 2001). For the attentive reader, these were the current 

questions as published in a book over 20 years ago. Yet, this thesis is concerned with the similar 

questions. Although a lot of progress has been made in the field, the perpetuation of these open 

questions should be taken as an indication of the immense challenge involved in understanding 

face identity recognition.  

As discussed in Chapter 7, recent technological advances are likely to be related to the 

current renewed uprise of mathematical psychology that led to the growing field of 

computational cognition. As should be evident from the described future directions, the next step 

is to develop an integrative approach that focuses on exploring face perception through 

computational experiments in order to unify our understanding of previously collected data. The 

major challenge in this approach is to extract meaning from the wealth of information that are in 

DNNs. In the time of this PhD project, steps towards such an integrative approach have already 

been made, as presented in the discussed literature (Abudarham et al., 2021; Blauch et al., 2021a; 

Hancock et al., 2020; O’Toole & Castillo, 2021) and the research undertaken in this thesis. Each 

of the studies provide novel methods to use DNNs to gain new insights in (human) face 

perception.  

I have stated that the most prominent challenge in my PhD was the technical skill 

required to implement new findings in computational neuroscience and techniques in computing 

science. However, it is clear that a computation approach is a promising direction to progress our 

understanding of human face recognition The field of face identity recognition is clearly shifted 

to an interdisciplinary approach and it is important that future psychologists are trained in 

increasingly more interdisciplinary ways.  
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10.5. Conclusions 

My research provides compelling groundwork and proposes a comprehensive and computational 

approach to explore the internal representation we hold of faces. This thesis can be summed up 

in four major findings: there is a linear relationship between image-based spaces and perceived 

similarity that can be used to explore the effect of PCA transformations, familiar faces are 

perceived as more similar overall compared to unfamiliar faces, the increase in sensitivity for 

greater changes between pairs is larger for familiar faces than for unfamiliar faces, and that the 

effect of familiarity can be found at the representational level (in DNNs). Although many 

questions remain open, it should be evident from this thesis that a computational cognitive 

approach to face recognition, although technically challenging and on many occasions laborious, 

will progress our understanding of human face recognition. And, with all the (technological) 

progress and increasing interdisciplinarity in face recognition, it should be clear that the time for 

this, is now.  
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Supplementary materials 

 

Supplementary material – Chapter 3 

 

Table 8 Distribution of familiarity in experiment 4a. 

ID number Percentage familiar Percentage unfamiliar 

1 67.2 32.8 

2 21.3 78.7 

3 62.3 37.7 

4 68.9 31.1 

5 16.4 83.6 

6 31.1 68.9 

7 73 39.3 

8 72.1 27.9 

 

 

Table 9 Fixed effect of the linear mixed effects model for familiarity and Transformation Level with Transformation Level 2 as 

reference for Experiment 4a. 

Predictors Estimates SE df t p 

(intercept) 5.11 .10 110.89 49.46 <.001*** 

Transformation Level 3 -1.05 .09 1584.37 -11.83 <.001*** 

Transformation Level 5 -1.86 .09 1665.97 -20.60 <.001*** 

Transformation Level 7 -2.00 .09 1527.82 -22.48 <.001*** 

Familiarity .33 .13 630.66 2.59 .010** 

Transformation Level 3 x 

Familiarity 

.17 .19 200.70 .92 .359 

Transformation Level 5 x 

Familiarity 

.10 .18 287.58 .56 .574 

Transformation Level 7 x 

Familiarity 

.04 .19 167.31 .20 .843 

Note * p<.05; ** p<.01; *** p<.001 
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Table 10 Fixed effect of the linear mixed effects model for familiarity and Transformation Level with Transformation Level 3 as 

reference for Experiment 4a. 

Predictors Estimates SE df t p 

(intercept) 4.06 .10 116.12 38.83 <.001*** 

Transformation Level 2 1.06 .09 1584.37 11.83 <.001*** 

Transformation Level 5 -.81 .09 1794.75 -9.11 <.001*** 

Transformation Level 7 -.95 .09 1833.78 -10.74 <.001*** 

Familiarity .51 .15 79.49 3.35 .001** 

Transformation Level 3 x 

Familiarity 

-.17 .19 200.70 -.92 .359 

Transformation Level 5 x 

Familiarity 

-.07 .18 947.76 -.39 .695 

Transformation Level 7 x 

Familiarity 

-.14 .18 1798.11 -.77 .444 

Note * p<.05; ** p<.01; *** p<.001 

 

 

Table 11 Fixed effect of the linear mixed effects model for familiarity and Transformation Level with Transformation Level 5 as 

reference for Experiment 4a. 

Predictors Estimates SE df t p 

(intercept) 3.25 .10 112.56 31.26 <.001*** 

Transformation Level 2 1.86 .09 1665.97 20.96 <.001*** 

Transformation Level 3 .81 .09 1794.75 9.11 <.001*** 

Transformation Level 7 -.14 .09 1813.79 -1.61 .11 

Familiarity .44 .14 114.138 3.06 .002** 

Transformation Level 2 x 

Familiarity 

-.10 .18 287.58 -.56 .575 

Transformation Level 3 x 

Familiarity 

.07 .18 947.76 .39 .695 

Transformation Level 7 x 

Familiarity 

-.07 .18 1146.43 -.37 .712 

Note: * p<.05; ** p<.01; *** p<.001 
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Supplementary materials – Chapter 4 

 

Table 12 Fixed effect of the linear mixed effects model for familiarity and Transformation Level with Transformation Level 2 as 

reference for Experiment 4b. 

Predictors Estimates SE df t p 

(intercept) 5.03 0.12 60.77 43.45 <.001*** 

Transformation Level 3 -0.19 0.08 98.66 -2.39 .019** 

Transformation Level 5 -0.44 0.08 234.18 -5.51 <.001*** 

Transformation Level 7 -0.77 0.09 65.31 -8.26 <.001*** 

Familiarity 0.20 0.11 843.02 1.77 .077 

Transformation Level 3 x 

Familiarity 0.21 0.17 124.43 1.29 

.201 

Transformation Level 5 x 

Familiarity -0.03 0.18 90.74 -0.16 

.872 

Transformation Level 7 x 

Familiarity 0.09 0.16 189.53 0.54 

.590 

Note * p<.05; ** p<.01; *** p<.001 

 

Table 13 Fixed effect of the linear mixed effects model for familiarity and Transformation Level with Transformation Level 3 as 

reference for Experiment 4b. 

Predictors Estimates SE df t p 

(intercept) 4.83 0.11 61.93 43.60 <.001*** 

Transformation Level 2 0.19 0.08 98.90 2.39 .019* 

Transformation Level 5 -0.25 0.08 250.96 -3.16 .002** 

Transformation Level 7 -0.58 0.09 76.68 -6.40 <.001*** 

Familiarity 0.41 0.13 82.59 3.19 .002** 

Transformation Level 3 x 

Familiarity -0.21 0.17 124.40 -1.29 0.201 

Transformation Level 5 x 

Familiarity -0.24 0.16 153.99 -1.55 0.124 

Transformation Level 7 x 

Familiarity -0.13 0.16 122.11 -0.80 0.424 

Note * p<.05; ** p<.01; *** p<.001 
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Table 14 Fixed effect of the linear mixed effects model for familiarity and Transformation Level with Transformation Level 5 as 

reference for Experiment 4b. 

Predictors Estimates SE df t p 

(intercept) 4.59 0.12 61.46 37.00 <.001*** 

Transformation Level 2 0.44 0.08 233.19 5.51 <.001*** 

Transformation Level 3 0.25 0.08 250.54 3.16 .002** 

Transformation Level 7 -0.33 0.09 75.82 -3.68 <.001*** 

Familiarity 0.17 0.14 68.07 1.18 0.243 

Transformation Level 2 x 

Familiarity 0.03 0.18 90.63 0.16 0.872 
Transformation Level 3 x 

Familiarity 0.24 0.16 153.35 1.55 0.124 
Transformation Level 7 x 

Familiarity 0.12 0.16 203.82 0.72 0.470 

Note: * p<.05; ** p<.01; *** p<.001 
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Supplementary materials – Chapter 8 

 

Table 15 Fixed effect of the linear mixed effects model for Familiarity and Transformation Level with Transformation Level 2 as 

reference for Experiment 7a. 

Predictors Estimates SE df t p 

(intercept) 2.19 .06 30.01 34.62 <.001*** 

Transformation 

Level 3 

.44 .02 38.64 19.21 <.001*** 

Transformation 

Level 5 

1.01 .03 30.01 30.08 <.001*** 

Transformation 

Level 7 

1.07 .04 30.25 26.95 <.001*** 

Familiarity .01 .03 158.41 0.45 .652 

Transformation 

Level 3 x 

Familiarity 

-.02 .04 232.28 -.66 .510 

Transformation 

Level 5 x 

Familiarity 

-.02 .037 115.31 -.73 .457 

Transformation 

Level 7 x 

Familiarity 

-.02 .036 137.19 -.51 .614 

Note * p<.05; ** p<.01; *** p<.001 

 

 

Table 16 Fixed effect of the linear mixed effects model for Familiarity and Transformation Level with Transformation Level 3 as 

reference for Experiment 7a. 

Predictors Estimates SE df t p 

(intercept) 2.64 .08 30.01 34.80 <.001*** 

Transformation Level 2 -.44 .02 38.64 -19.21 <.001*** 

Transformation Level 5 .57 .03 34.06 22.09 <.001*** 

Transformation Level 7 .63 .04 30.11 17.06 <.001*** 

Familiarity -.01 .03 53.56 -.41 .68 

Transformation Level 2 x 

Familiarity 

.02 .04 232.3 .66 .51 

Transformation Level 5 x 

Familiarity 

-.003 .03 1065 -.09 .925 

Transformation Level 7 x 

Familiarity 

.01 .03 2244 .15 .881 

Note * p<.05; ** p<.01; *** p<.001 
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Table 17 Fixed effect of the linear mixed effects model for Familiarity and Transformation Level with Transformation Level 5 as 

reference for Experiment 7a. 

Predictors Estimates SE df t p 

(intercept) 3.21 .08 30 39.32 <.001*** 

Transformation 

Level 2 -.57 .03 34.06 -22.09 

<.001*** 

Transformation 

Level 3 -1.02 .03 30.01 -30.08 

<.001*** 

Transformation 

Level 7 .05 .03 31.67 2.14 0.0402* 

Familiarity -.02 .03 43.36 -.49 .6254 

Transformation 

Level 2 x 

Familiarity .003 .03 1065 .09 .925 

Transformation 

Level 3 x 

Familiarity .03 .04 115.3 .73 .4667 

Transformation 

Level 7 x 

Familiarity .01 .03 3025 .25 .8065 

Note: * p<.05; ** p<.01; *** p<.001 
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Table 18 Fixed effect of the linear mixed effects model for Familiarity and Transformation Level in Euclidean distance with 

Transformation Level 2 as reference for Experiment 7b. 

Predictors Estimates SE df t p 

(intercept) 2.92E-01 1.63E-03 90.52 179.88 <.001*** 

Transformation 

Level 3 3.62E-02 2.11E-03 4094 17.15 

<.001*** 

Transformation 

Level 5 7.95E-02 2.11E-03 1770 37.60 

<.001*** 

Transformation 

Level 7 1.13E-01 2.12E-03 1001 53.08 

<.001*** 

Familiarity -3.61E-03 3.37E-03 70.29 -1.07 0.288 

Transformation 

Level 3 x 

Familiarity 8.39E-04 4.24E-03 1154 0.20 0.843 

Transformation 

Level 5 x 

Familiarity 6.94E-03 4.23E-03 1695 1.64 .101 

Transformation 

Level 7 x 

Familiarity 1.09E-02 4.29E-03 356.4 2.55 .011** 

Note * p<.05; ** p<.01; *** p<.001 

 

Table 19 Fixed effect of the linear mixed effects model for Familiarity and Transformation Level with Transformation Level 2 as 

reference for Experiment 7c. 

Predictors Estimates SE df t p 

(intercept) 1.53E-02 8.58E-04 30.02 17.81 <.001*** 

Transformation 

Level 3 9.72E-03 7.60E-04 30.05 12.79 

<.001*** 

Transformation 

Level 5 1.36E-02 1.02E-03 29.98 13.39 

<.001*** 

Transformation 

Level 7 1.87E-02 1.07E-03 29.99 17.51 

<.001*** 

Familiarity 2.67E-04 3.51E-04 82.73 0.76 0.45 

Transformation 

Level 3 x 

Familiarity -6.09E-04 4.90E-04 92.58 -1.25 0.216 

Transformation 

Level 5 x 

Familiarity -2.70E-04 4.91E-04 89.04 -0.55 0.583 

Transformation 

Level 7 x 

Familiarity -3.29E-04 7.55E-04 32.92 -0.44 0.666 

Note * p<.05; ** p<.01; *** p<.001 

 



 

212 
 

Table 20 Fixed effect of the linear mixed effects model for Familiarity and Transformation Level with Transformation Level 5 as 

reference for Experiment 7c. 

Predictors Estimates SE df t p 

(intercept) 2.89E-02 1.52E-03 3.00E+01 19.03 <.001*** 

Transformation 

Level 2 -1.36E-02 1.02E-03 3.00E+01 -13.39 

<.001*** 

Transformation 

Level 3 -3.88E-03 5.28E-04 3.05E+01 -7.35 

<.001*** 

Transformation 

Level 7 5.12E-03 5.34E-04 3.03E+01 9.58 

<.001*** 

Familiarity -3.75E-06 4.00E-04 4.37E+01 -0.01 0.993 

Transformation 

Level 2 x 

Familiarity 2.70E-04 4.91E-04 8.91E+01 0.55 0.583 

Transformation 

Level 3 x 

Familiarity -3.39E-04 4.51E-04 8.85E+02 -0.75 0.453 

Transformation 

Level 7 x 

Familiarity -5.84E-05 6.23E-04 3.89E+01 -0.09 0.926 

Note * p<.05; ** p<.01; *** p<.001 

 

Table 21 Fixed effect of the linear mixed effects model for Familiarity and Transformation Level with Transformation Level 7 as 

reference for Experiment 7c. 

Predictors Estimates SE df t p 

(intercept) 3.40E-02 1.57E-03 3.00E+01 21.69 <.001*** 

Transformation 

Level 2 -1.87E-02 1.07E-03 3.00E+01 -17.52 

<.001*** 

Transformation 

Level 3 -9.00E-03 8.32E-04 3.00E+01 -10.82 

<.001*** 

Transformation 

Level 5 -5.12E-03 5.34E-04 3.03E+01 -9.58 <.001*** 

Familiarity -6.21E-05 6.47E-04 3.07E+01 -0.10 0.924 

Transformation 

Level 2 x 

Familiarity 3.29E-04 7.55E-04 3.29E+01 0.44 0.666 

Transformation 

Level 3 x 

Familiarity -2.81E-04 6.21E-04 4.03E+01 -0.45 0.654 

Transformation 

Level 5 x 

Familiarity 5.84E-05 6.23E-04 3.89E+01 0.09 0.926 

Note: * p<.05; ** p<.01; *** p<.001 
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Table 22 Performance of the models in Experiment 7a 

Model Loss last epoch Accuracy last 

epoch 

Loss evaluation Accuracy 

evaluation 

1a 0.0113 1 0.8972 0.7708 
1b 0.0123 0.9997 0.9748 0.7328 
2a 0.0126 0.9997 0.9233 0.7647 
2b 0.0141 0.9991 1.0078 0.7304 
3a 0.0133 0.9997 0.9906 0.7574 
3b 0.0126 0.9991 0.986 0.7439 
4a 0.0132 1 0.986 0.7623 
4b 0.0117 1 1.0242 0.7353 
5a 0.0136 0.9994 0.9953 0.739 
5b 0.012 1 1.0609 0.7316 
6a 0.0131 0.9997 0.9683 0.7525 
6b 0.0129 0.9994 1.0411 0.7402 
7a 0.0129 1 1.138 0.7083 
7b 0.013 1 0.8897 0.7525 
8a 0.0112 0.9997 1.0022 0.7525 
8b 0.0128 0.9997 1.0226 0.7586 
9a 0.0135 0.9997 1.0597 0.7218 
9b 0.0126 0.9997 1.015 0.7463 
10a 0.0117 0.9997 0.9368 0.7586 
10b 0.0115 1 0.9797 0.75 
11a 0.0136 0.9994 0.9421 0.7574 
11b 0.0136 0.9997 0.9609 0.7512 
12a 0.0115 0.9997 0.9348 0.7708 
12b 0.0123 0.9997 1.0091 0.7328 
13a 0.0126 0.9997 0.8444 0.761 
13b 0.013 0.9997 1.0362 0.7439 
14a 0.0129 1 1.0026 0.7279 
14b 0.0128 0.9997 0.9683 0.7549 
15a 0.0125 1 0.9385 0.7537 
15b 0.0124 0.9997 1.0769 0.7353 
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Table 23 Performance of the models in Experiment 7b 

Model Loss last epoch Accuracy last 

epoch 

Loss evaluation Accuracy 

evaluation 

1a 0.0021 0.9994 0.018 0.9951 
1b 0.0025 0.9994 0.0139 0.9951 
2a 0.0036 0.9997 0.0192 0.9939 
2b 0.0037 0.9982 0.0181 0.9951 
3a 0.0052 0.9985 0.0113 0.9939 
3b 0.0044 0.9991 0.0369 0.9914 
4a 0.0021 0.9997 0.0074 0.9951 
4b 0.0025 0.9991 0.0394 0.9939 
5a 0.0022 0.9997 0.0215 0.9951 
5b 0.005 0.9976 0.0164 0.9926 
6a 0.0047 0.9982 0.0137 0.9963 
6b 0.0023 0.9994 0.0139 0.9951 
7a 0.0037 0.9988 0.0191 0.9926 
7b 0.0025 0.9991 0.0086 0.9963 
8a 0.0035 0.9985 0.015 0.9963 
8b 0.0032 0.9988 0.0133 0.9951 
9a 0.0028 0.9991 0.0359 0.9926 
9b 0.003 0.9991 0.0111 0.9939 
10a 0.0039 0.9985 0.0143 0.9975 
10b 0.0036 0.9991 0.019 0.9951 
11a 0.0036 0.9988 0.013 0.9939 
11b 0.0018 0.9997 0.0129 0.9951 
12a 0.0021 0.9994 0.0291 0.9951 
12b 0.0027 0.9988 0.0103 0.9963 
13a 0.0019 1 0.0137 0.9939 
13b 0.0021 0.9997 0.0274 0.9914 
14a 0.0047 0.9976 0.006 0.9963 
14b 0.0032 0.9994 0.0359 0.9914 
15a 0.0046 0.9985 0.0154 0.9951 
15b 0.0035 0.9982 0.0178 0.9939 
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Table 24 Performance of the models in Experiment 7c 

Model Loss last epoch Accuracy last 

epoch 

Loss evaluation Accuracy 

evaluation 

1a 0.0048 1 0.009 0.9988 
1b 0.0055 1 0.0197 0.9975 
2a 0.0053 1 0.0152 0.9988 
2b 0.0055 1 0.0146 0.9963 
3a 0.0056 1 0.0152 0.9988 
3b 0.0056 1 0.0141 0.9975 
4a 0.0053 1 0.021 0.9963 
4b 0.0051 1 0.0097 1 
5a 0.0056 1 0.0139 0.9988 
5b 0.0053 1 0.0103 0.9975 
6a 0.0056 1 0.0216 0.9963 
6b 0.0055 1 0.0116 0.9988 
7a 0.0055 1 0.0115 0.9963 
7b 0.0056 1 0.0194 0.9963 
8a 0.0055 1 0.0187 0.9963 
8b 0.0052 1 0.0099 0.9963 
9a 0.0051 1 0.0135 0.9963 
9b 0.0061 0.9997 0.0146 0.9975 
10a 0.0054 1 0.0086 0.9988 
10b 0.0053 1 0.0156 0.9988 
11a 0.0052 1 0.0088 0.9988 
11b 0.0055 1 0.0234 0.9951 
12a 0.0055 1 0.0107 0.9988 
12b 0.0052 1 0.0308 0.9926 
13a 0.0048 1 0.0115 0.9963 
13b 0.0058 1 0.0201 0.9951 
14a 0.0053 1 0.0195 0.9963 
14b 0.0056 1 0.0199 0.9975 
15a 0.005 1 0.0193 0.9963 
15b 0.0053 1 0.0218 0.9939 
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Table 25 Fixed effect of the linear mixed effects model for familiarity and Transformation Level measures in cosine similarity, 

with Transformation Level 2 as reference for Experiment 7b. 

Predictors Estimates SE df t p 

(intercept) 1.21E-01 1.61E-03 5731 75.43 <.001*** 

Transformation Level 3 3.68E-02 2.27E-03 5730 16.19 <.001*** 

Transformation Level 5 8.88E-02 2.27E-03 5730 39.09 <.001*** 

Transformation Level 7 1.21E-01 2.27E-03 5730 53.22 <.001*** 

Familiarity -3.48E-03 3.63E-03 76.21 -0.96 0.34 

Transformation Level 3 x 

Familiarity -1.49E-03 4.57E-03 1066 -0.33 0.744 
Transformation Level 5 x 

Familiarity 1.20E-03 4.59E-03 681.2 0.26 0.794 

Transformation Level 7 x 

Familiarity 6.23E-03 4.60E-03 605.4 1.36 0.176 

Note * p<.05; ** p<.01; *** p<.001 

 

 

Table 26 Fixed effect of the linear mixed effects model for familiarity and Transformation Level measures in Manhattan distance, 

with Transformation Level 2 as reference for Experiment 7b. 

Predictors Estimates SE df t p 

(intercept) 11.70 6.39E-02 92.89 183.07 <.001*** 

Transformation Level 3 1.44 8.29E-02 5420.13 17.34 <.001*** 

Transformation Level 5 3.13 8.29E-02 4332.28 37.76 <.001*** 

Transformation Level 7 4.42 8.31E-02 1780.14 53.16 <.001*** 

Familiarity -0.16 1.31E-01 77.15 -1.23 0.222 
Transformation Level 3 x 

Familiarity 0.03 1.67E-01 1131.31 0.19 0.853 
Transformation Level 5 x 

Familiarity 0.30 1.66E-01 2000.86 1.81 0.071 

Transformation Level 7 x 

Familiarity 0.46 1.68E-01 449.82 2.74 .006** 

Note * p<.05; ** p<.01; *** p<.001 
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Table 27 Fixed effect of the linear mixed effects model for familiarity and Transformation Level measures in Jaccard-Global 

distance, with Transformation Level 2 as reference for Experiment 7b. 

Predictors Estimates SE df t p 

(intercept) 5.19E-01 1.39E-03 388.6 373.79 <.001*** 

Transformation Level 3 4.22E-02 1.93E-03 3364 21.86 <.001*** 

Transformation Level 5 8.41E-02 1.93E-03 2030 43.48 <.001*** 

Transformation Level 7 1.08E-01 1.93E-03 5510 56.19 <.001*** 

Familiarity -5.93E-03 3.30E-03 51.85 -1.80 0.078 
Transformation Level 3 x 

Familiarity 1.74E-04 3.91E-03 567.5 0.05 0.965 
Transformation Level 5 x 

Familiarity 8.20E-03 3.86E-03 5728 2.12 .034* 

Transformation Level 7 x 

Familiarity 1.05E-02 3.87E-03 1381 2.70 0.006** 

Note * p<.05; ** p<.01; *** p<.001 

 

 

Table 28 Fixed effect of the linear mixed effects model for familiarity and Transformation Level measures in Jaccard-Detail 

distance, with Transformation Level 2 as reference for Experiment 7b. 

Predictors Estimates SE df t P 

(intercept) 9.25E-01 3.43E-04 64.83 2694.89 <.001*** 

Transformation Level 3 7.16E-03 4.45E-04 507.7 16.08 <.001*** 

Transformation Level 5 1.47E-02 4.45E-04 555.9 32.96 <.001*** 

Transformation Level 7 1.82E-02 4.43E-04 794.6 41.10 <.001*** 

Familiarity -1.17E-03 7.35E-04 55.8 -1.59 0.119 
Transformation Level 3 x 

Familiarity -1.11E-04 9.05E-04 237.9 -0.12 0.902 
Transformation Level 5 x 

Familiarity 1.83E-03 8.81E-04 3070 2.08 .038* 

Transformation Level 7 x 

Familiarity 2.63E-03 8.81E-04 2083 2.98 .003** 

Note * p<.05; ** p<.01; *** p<.001 

 

 



 

218 
 

 

Supplementary materials – General discussion 

Table 29 Overview of findings 

Ch. Title Experiments Findings 

1 Chapter 1 - Introduction - the 

psychology of face representations 
  

2 Chapter 2 - Beyond binary face 

recognition task: The effects of 

familiarity on sensitivity to subtle 

face changes 

Experiment 1: Effects of familiarity on 

sensitivity to two types of adjustments 

were studied, eyebrow and lip thickness 

(high perceptual sensitivity according to 

Abudarham et al. 2019) and eye distance 

and mouth width (low perceptual 

sensitivity). this first experiment had an 

on-screen comparison (face perception)  

 

Experiment 2: The second experiment was the 

same, bar the presentation of the stimuli, 

which was a delayed comparison (face 

recognition). 

 

Experiment 1 and 2: Our findings indicate that 

perceptual sensitivity but not familiarity has an influence 

on the accuracy of our face perception, but neither 

influence the accuracy of recall of the selected 

manipulations. 

3  

Chapter 3 - Exploring perceptual 

similarity and its relation to image-

based spaces: an effect of familiarity. 

Experiment 3: we explore whether PCA could 

be used to create controlled 

transformations to a face by testing the 

effect of these (single component) 

transformations on human perceptual 

similarity and on computational 

differences in Gabor, Pixel and DNN 

spaces. 

 

Experiment 4a: The effect of familiarity on the 

perception of multidimensional 

transformations was explored. 

Experiment 3: We found that perceptual similarity and 

the three image-based spaces are linearly related. 

 

Experiment 4a: Our findings show that there is a 

positive relationship between the number of 

components transformed and both the perceptual 

similarity and the same three image-based spaces 

used in experiment 1. Furthermore, we found that 

familiar faces are rated more similar overall than 

unfamiliar faces. 
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Ch. Title Experiments Findings 

4 Chapter 4 - Exploring other aspects 

of perceptibility of change: 

magnitude of change 

Experiment 4b: I explored if the pattern found 

in Experiment 4a would be the same when 

the changes were smaller (2 SD instead of 

4 SD) in terms of magnitude of to better 

understand the relationship between the 

number of components and magnitude of 

change, and to explore if the pattern we 

found in experiment 4a would be the 

same. 

Experiment 4b: Our findings show a similar result as in 

experiment 4a, but, with higher overall similarity scores, 

and the difference between changes with 5 and 7 

components is significant. 

5 Chapter 5 - Title: Familiarity and 

quantifying sensitivity to 

dissimilarity 

Experiment 5a: A 2-alternative forced choice 

task was used to explore differences 

between familiar and unfamiliar faces in 

the ability to identify changes made to the 

appearance of the face. The task was 

carried out with transformation of 2SD 

changes. 

 

Experiment 5b:  The same experiment was run 

with cross-identity changes, 4 SD 

changes. 

Experiment 5a and 5b: A main effect of perceptibility 

of change (in number of components) and Familiarity 

between the response pairs was found. Additionally, I 

found an interaction between familiarity and 

perceptibility of change. This means that the increase in 

sensitivity for greater changes between pairs is larger for 

familiar faces than for unfamiliar faces. Both experiments 

revealed a similar pattern of results. 
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Ch. Title Experiments Findings 

6  

Chapter 6 - Finding the category 

boundaries of faces: familiarity and 

the distinctiveness of 
transformations 

I explored the effect of varying the principal 

components used in the transformations on 

perceived identity (distinctiveness of 

transformation). A 4-AFC paradigm was 

explored that compares the effect of different 

principal components and test whether it can be 

used to select more distinctive PCA 

components. The secondary aim of this chapter 

is to further explore the effect of familiarity on 

sensitivity to change. The experiment was 

caried out twice, with different sets of 

identities: Experiment 6a used the PCA space 

used in the previous experiments, and 

Experiment 6b a new PCA space containing 4 

new identities (4 identities replaced compared 

to the previous PCA space).  

Experiment 6a: The results of Experiment 6a in relation 

to familiarity were difficult to interpret due to a large 

majority being familiar and unfamiliar with the same 

identities. There appeared to be a preference for a 

certain component dependent on the identity, one 

that cannot be reasoned away by the size of the 

change measured in an image-based space (Gabor 

distance). 

 

Experiment 6b: The results of Experiment 6b show that 

component 12 has the strongest effect on appearance 

in all identities, though the preference is minor 

compared to the effects of components seen in 

Experiment 6a. Since the same component affected 

all identities in a similar fashion, there were no clear 

indicators that familiarity influenced the 

distinctiveness of transformation. 

7 Chapter 7 - Review on the use of 

deep neural networks in 

understanding human face 

recognition 
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Ch. Title Experiments Findings 

8 Chapter 8 - Exploring the 

representation of familiar faces using 

deep neural networks. 

A method of familiarization of faces in the form 

of fine-tuning of a pre-trained DNN is used to 

explore the two main findings presented in the 

thesis: familiar faces are perceived as more 

similar overall than unfamiliar faces 

(Experiment 4a), and the increase in sensitivity 

for greater changes between pairs is larger for 

familiar faces than for unfamiliar faces 

(Experiment 5a and 5b). Three experiments 

were run: 

Experiment 7a: the FaceNet 

architecture was used with 341 layers 

frozen, and 106 layers trained. 

 

Experiment 7b: the VGGFace 

architecture was used with 30 layers 

frozen and 8 layers trained. 

 

Experiment 7c: The model in 

Experiment 7a was retrained without any 

frozen layers to achieve maximum 

performance on the test set. 

Experiment 7a: No effects of familiarity were found. 

Experiment 7b: A main effect for both Transformation 

Level and Familiarity was found. Additionally, there 

was a significant interaction between the two. 

 

Experiment 7c: Similar to Experiment 7a, no effect of 

Familiarity or significant interaction between 

Familiarity and Transformation Level were found in 

Experiment 7c, there was only a main effect of 

Transformation Level. 
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9 Chapter 9 - The relationship between 

distance measures of 

representational space and 

behavioural data 

I further explored the results of Experiment 7b 

and compared the representational spaces using 

different distance measures, to find which 

outcome measure best reflects a human 

behavioural pattern. 

Cosine, Manhattan and Jaccard-Global distance all 

showed the same pattern of results as found for the 

Euclidean distance in Experiment 7b: a significant main 

effect for Transformation Level but not for Familiarity, 

and a significant interaction effect between 

Transformation Level and Familiarity for Transformation 

Level 5 and 7. The pattern of results for the Jaccard-

detail measure was almost as similar as the other 

measures, a significant main effect for Transformation 

Level but not for Familiarity, but only a significant 

interaction effect between Transformation Level and 

Familiarity for Transformation 7 and not for 

Transformation Level 5. 

10 Chapter 10 - Conclusions and future 

directions 
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Glossary 

Term Definition 

ANN Artificial Neural Network 

DL Deep Learning 

DNN Deep Neural Network 

FIE Face Inversion Effect 

fMRI Functional Magnetic Resonance Imaging 

FRU Face Recognition Unit 

GPU Graphics Processing Units 

IAC Interactive Activation and Competition (model) 

ICA Independent Components Analysis 

ORE Other-race effect 

PCA Principal Components Analysis 

PS Perceptual Sensitivity 

RBF Radial Basis Function 

SWM Spatial Working Memory 

VWM Visual Working Memory 
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