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Abstract

Understanding how humans perceive the likability of high-dimensional “objects”1

such as faces is an important problem in both cognitive science and AI/ML. Existing2

models of human preferences generally assume these preferences to be fixed.3

However, human assessment of facial attractiveness have been found to be highly4

context-dependent. Specifically, the classical Beauty-in-Averageness (BiA) effect,5

whereby a face blended from two original faces is judged to be more attractive than6

the originals, is significantly diminished or reversed when the original faces are7

recognizable, or when the morph is mixed-race/mixed gender and the attractiveness8

judgment is preceded by a race/gender categorization. This effect, dubbed Ugliness-9

in-Averageness (UiA), has previously been attributed to a disfluency account,10

which is both qualitative and clumsy in explaining BiA. We hypothesize, instead,11

that these contextual influences on face processing result from the dependence12

of attractiveness perception on an element of statistical typicality, and from an13

attentional mechanism that restricts face representation to a task-relevant subset of14

features, thus redefining typicality within that subspace. Furthermore, we propose15

a principled explanation of why statistically atypical objects are less likable: they16

incur greater encoding or processing cost associated with a greater prediction error,17

when the brain uses predictive coding to compare the actual stimulus properties18

with those expected from its associated categorical prototype. We use simulations19

to show our model provides a parsimonious, statistically grounded, and quantitative20

account of contextual dependence of attractiveness. We also validate our model21

using experimental data from a gender categorization task. Finally, we make model22

predictions for a proposed experiment that can disambiguate the previous disfluency23

account and our statistical typicality theory.24

1 Introduction25

Humans readily express liking and disliking for complex, high-dimensional “objects”, be they26

faces, movies, houses, technology, books, or life partners, even if they cannot verbalize exactly27

why. Understanding how these preferences arise is important for both cognitive science, and for28

AI systems that interact with humans. In particular, face processing presents a prime case study29

for complex information processing in humans. Human, including very young babies [17], readily30

perform sophisticated computational tasks based on a brief glimpse of a face, such as recognizing31

individuals, identifying emotional states, and assessing social traits such as attractiveness [9]. The32

last phenomenon has obvious impact on real-life decisions such as dating, employment, education,33

law enforcement, and criminal justice [38].34

Existing models of human preferences, in both machine learning and cognitive science, have generally35

assumed social processing of faces (e.g. attractiveness judgment) to be a fixed function of the36
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underlying face features [14, 34, 37, 39, 36]. However, a series of recent experiments have indicated37

that it is not a fixed process, but rather a fluid one depending on what other face-processing task38

the observer is also performing. Specifically, these experiments show that a classical phenomenon39

known as beauty-in-averageness (BiA), where blends of multiple faces are reliably found to be more40

attractive than the originals [16], can be diminished or even reversed (termed Ugliness-in-Averageness41

or UiA), when the facial blends are created from recognizable faces [11], or when attractiveness42

judgment of a mixed-race/mixed-gender morph is preceded by a racial/gender categorization task43

[12, 28].44

The dominant account for the UiA findings is the disfluency account, which posits that the difficulty45

of categorizing (e.g. a biracial face) reduces perceived attractiveness by inducing a negative affect that46

is generalized to overall liking of the object [11, 12]. However, this account is not only qualitative,47

but also fails to satisfactorily explain the original finding of BiA when there is no categorization48

task. Instead, BiA has been explained by quite separate accounts, such as arising from an evolved49

preference to identify healthy mates [16, 10].50

In this work, we propose a parsimonious, statistically grounded account of contextual dependence51

of human attractiveness judgment. Specifically, we propose that facial attractiveness depends on an52

element of statistical typicality, and that UiA effects arise when attentional mechanisms restrict face53

representation to a task-relevant subset (subspace) of features, thus redefining statistical typicality54

within that subspace. Furthermore, we propose the brain by default maps the input stimulus to a55

categorical prototype [24] and larger prediction errors [30], between expected featural properties56

of the categorical percept [24] and the actual sensory properties of the stimulus, induces a larger57

“cognitive cost” corresponding to greater encoding or processing cost. This increased cognitive cost,58

we propose, is what drives the lack of attraction of statistically atypical objects.59

The rest of the paper is organized as follows. In section 2, we formally define statistical typicality60

and discuss the links to predictive error and affect. In section 3, we model the effects of attention,61

followed by proof-of-concept simulations in section 4 using an expository abstract model in 4.1 as62

well as a data drive-model of face space 4.2. In section 5, we validate our model using data from a63

gender categorization experiment. We propose a test to disambiguate the differences between the64

disfluency and statistical typicality based account in section 6 followed by discussion on limitations65

of our model and future work in section 7.66

2 Statistical Typicality, Predictive Error and Affect67

We assume an internal d-dimensional psychological face space X [40, 34, 27], in which any face68

x = (x1, . . . , xd) can be represented. We also assume that this face space is endowed with a statistical69

distribution pX (x) learned from the environment [6]. We will call pX (x), which may generally be a70

complex mixture distribution, as the recognition model and is the person’s assumed generative model71

of faces, the statistics of which may not necessarily correspond to generative distribution of faces72

in their environment due to mis-specified beliefs about the environment, incomplete information,73

varying importance of different faces or computational constraints.74

Typicality is an important concept in cognitive psychology [32, 24] and high typicality of objects75

occurring either due to natural variance in features or induced by digital manipulation (e.g. by76

creating composite blends or by distorting objects toward the population prototype) has been shown77

to be associated with positive affect [16, 10, 31]; this is the classic BiA. Further, adding more objects78

to the composite generally makes the effect stronger. These findings motivate our definition of the79

statistical typicality of a face x, which we operationalize simply as log pX (x|c), the log-likelihood80

of x under the recognition model conditioned on task context c. Assuming that visual perception of81

faces is an inference process [42, 21, 15] employing the recognition model, the statistically optimal82

prediction x∗ is simply the mean/prototype of the distribution pX (x|c) (under the loss function83

d(x, x∗) = (x− x∗)2). In the case of BiA, the context c is empty.84

From an information theoretic perspective [2, 5], the more atypical a face x, the larger the cost85

(in bits) of encoding the prediction error/deviations from x∗. Although we will not work at the86

implementation level of abstraction in the parlance of Marr’s three levels of analysis [22] and87

instead focus on the computational level, these abstract ideas find parallels in the neurally plausible88

framework of predictive coding [30]. In the predictive coding framework, x∗ corresponds to a89

top-down prediction, while the prediction error finds a ready parallel in feedforward residual errors.90
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We propose that the increased cognitive cost required to encode the deviations of atypical faces from91

the prototype x∗ induces a negative affect, providing a normative account of BiA. While there is an92

abundance of work suggesting that prototypes are processed with less cognitive effort and higher93

speed [29, 43, 35, 33], these have generally been in the context of categorization tasks and do not94

directly apply when there is no categorization task, such as in BiA.95

3 Attentional Effects96

In this section, we show that attentional effects modeled as task-relevant subspace projections can97

account for UiA in blends of known/recognizable faces as well as in race/gender categorization98

tasks using mixed-race/mixed-gender blends respectively. Perceptual tasks are often performed in a99

low-dimensional task-relevant subspace [7] focusing on informative dimensions in high dimensional100

sensory data using attentional modulation that is top-down goal-directed [26] or bottom-up saliency101

based [13]. We therefore model attentional modulation as projection to a task-relevant subspace102

X̃ ⊆ X . Denoting the projection of a face x into a subspace X̃ as x̃, we redefine statistical typicality103

in the subspace X̃ as log pX̃ (x̃|c), the log-likelihood of x̃ under the recognition model constrained to104

subspace X̃ , conditioned on task context c.105

Top-down attentional modulation A categorization task such as gender or race categorization106

is modeled as a projection to a race/gender informative subspace X̃cat. People often use category107

membership to predict features and reason about members of the category [20, 25]. Accordingly,108

statistical typicality in this case is log pX̃cat
(x̃cat|c), where the context c in this case is the a posteriori109

most probable category. Mixed-race/mixed-gender blends are statistically atypical of both categories110

inducing a negative affect.111

Bottom-up saliency based attentional modulation It has been suggested that people encode112

familiar faces using features that are most distinctive/salient as this is not only computationally113

efficient but may also boost recognition [23]. Accordingly, we assume that familiar faces are114

represented using the s most salient features. More concretely, we assume xf is represented by its115

veridical value from the “true” generative model, if it is among the top s z-scored dimensions and 0116

otherwise. We propose that a blend of recognizable/familiar faces x induces an implicit categorization117

in the subspace X̃sal spanned by the distinctive features of the blended image via bottom-up saliency118

based attentional mechanisms. Similar to the context in explicit categorization tasks, c is the a119

posteriori (i.e., after classification) most probable identity, so that that statistical typicality in this case120

is log pX̃sal
(x̃sal|c) and is low for the blend x for all possible values of the a posteriori categories.121

4 Simulations122

We will first present a very simple, abstract model in section 4.1 that captures both BiA and as123

well as UiA in various contexts. The simplicity of this model is deliberate in that it is meant to be124

both expository as well as demonstrating the generality of our proposal, since BiA and UiA are not125

specific to faces [10, 43, 41]. In section 4.2, we use a data-driven face space representation for further126

validation.127

4.1 Abstract Model128

4.1.1 Recognition Model129

We assume that humans internally represent each face x = (x1, . . . , xd) ∈ Rd as generated from a130

mixture of Gaussians, whereby the components can either correspond to well-known faces fi (assume131

K of these) or demographic subgroups hr (assume G of these, e.g. gender, race),132

X ∼
|K|∑
k=1

pkfk(x) + (1−
|K|∑
k=1

pk)g(x), (1)

g(x) =

|G|∑
r=1

qrhr(x), (2)
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where hr(x) = N (x;µr,Σr), fk(x) = N (x;µk,Σk) and
∑|K|

k=1 pk << 1 as the number of133

known faces should be much fewer than unknown faces. We assume that the statistics of the mixture134

components hr differ only in a small number of dimensions, 1, . . . , drace and have the same statistics135

on the other dother := d− drace dimensions. Specifically, we assume µr,drace+1:d = 0 ∈ Rdother and136

Σr =

[
σ2
r1drace×drace 0

0 σ2
01dother×dother

]
, (3)

where 1n×n is an identity matrix of dimensions n× n. For simplicity, we assume |G| = 2 and set137

µ1 = −µ2 = µ, where µ1:drace
= [µ, . . . , µ] ∈ Rdrace . We also set the prior/mixture probability138

distribution q to be uniform.139

Approximation Note that since the statistics of hr differ only in a small number of dimensions140

drace << d, the mixture g(x) =
∑|G|

r=1 qrhr(x) is well approximated by g̃(x) = N (x;µ0,Σ0),141

where µ0 = 0 ∈ Rd and Σ0 = σ2
01n×n and can be assumed to be used to perform inference except142

when demographic features bear relevance, thus simplifying computations and representation.143

Salient feature representation The mixture components fk represent known/recognizable faces144

with variability arising naturally out of perceptual and representational noise as well as some inherent145

variability present in facial features. For each face k, we assume subjects encode/represent only s146

distinctive features (relative to the assumed generative distribution) as described in section 3, denoted147

by ik1 , . . . , i
k
s (the variance along these dimensions is denoted as σ2

sal) and assume the same statistics148

along other dimensions as g̃(x), the approximate, assumed generative distribution for a generic,149

unfamiliar face.150

4.1.2 Simulation Results151

BiA A general trend of increasing attractiveness with increasing number of images in a composite152

has been noted in [31]. This is naturally captured by increasing typicality of the composite with153

increasing number of constituent face images (Figure 1b). Additionally, the model also captures154

"more blended" composites of two images being more attractive than "less blended" images in Figure155

1c, as observed in data in [12].156

UiA: Familiar Faces In [11], participants from Netherlands and New-Zealand rated morphs of157

local celebrities (people famous in one country but not the other). Blends of unknown celebrities were158

rated as more attractive than the constituent images (classic BiA) while blends of local celebrities as159

less attractive relative to the constituent images: a reversal of BiA. An example image (from [11])160

depicting a morph of two recognizable faces can be seen in Figure 1d, while Figure 1e shows BiA161

and its reversal in data from the study. As discussed in section 3, low statistical typicality of the162

blend in the distinctive feature subspace results in UiA. Simulations qualitatively capture this effect163

in Figure 1 f.164

UiA: Race Categorization In [12], participants rated mixed and single race morphs on attractive-165

ness after performing a race categorization task (Asian or Caucasian). An example of stimuli used166

in [12] is shown in Figure 2a. Data in Figure 2b shows that mixed race morphs are rated as less167

attractive relative to single race morphs when a race categorization task preceded the attractiveness168

judgment. As previously hypothesized in section 3, low statistical typicality of a mixed race blend in169

the subspace of race informative features induces UiA. For simplicity, we assume this subspace is170

the one determined by Linear Discriminant Analysis (LDA). Simulations qualitatively capture the171

behaviour of attractiveness judgments in data in Figure 2 c.172

(Simulation parameters: d = 100, drace = 5, s = 10, σ2
0 = σ2

r = 1 and µ = 1. The number of173

known/recognizable faces |K| is set to 50 and the prior probability of a recognizable face
∑|K|

k=1 pk =174

0.01.)175

4.2 Data-Driven Face Representation176

Several properties of a vector space representation of faces are desirable: (1) we want a sufficiently177

complex representation, such that each real face image maps to a unique point in this space; (2) we178
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Figure 1: a. An example of stimuli (from [12]), with the face in the middle being a 50% blend of
the faces on the left and right. b. Model simulation: a trend of increasing typicality with increasing
number of faces used in the composite face. [31] shows a linear trend of composite faces becoming
more attractive as more faces were were used in the composite. c. Model simulation: behaviour
of typicality is qualitatively similar to the classical BiA effect: morphs of unknown/stranger faces
tend to be rated as more typical than individual constituent faces with the effect becoming more
pronounced for more highly blended faces. d. An example image (from [11]), depicting a morph of
two recognizable faces.e. Data: (image from [11]) Morphs of recognizable individuals tend to be
rated as less attractive than individual, recognizable faces while the morphs of stranger faces tend
to be rated as more attractive (BiA). f. Model simulation: Typicality from model simulation show
similar behaviour to mean attractiveness ratings in the data e. (A constant offset of 500 was added to
make comparison to e. easier)

.

want it to be a generative model, such that each point generates a realistic face image; (3) we want179

the dimensionality of the space to be small enough to facilitate useful analyses; (4) an added bonus is180

if the representation has some neural relevance.181

The above desiderata led us to AAM, a well-established machine vision technique that does a good182

job of reconstructing images, generates realistic synthetic faces and has a latent representation of183

only a few dozen features [8, 4]. Additionally, it has been shown that AAM features are well184

encoded by face processing neurons in the monkey brain, and that this neuronal representation is rich185

enough to discriminate between different individuals [3]. Finally, AAM also has a fairly transparent186

representation as follows. Each face image defines a shape vector, which is just the (x, y) coordinates187

of some consistently defined landmarks across all faces – in our case, we use the free software Face++188

(https://www.faceplusplus.com), which labels 83 landmarks (e.g. contour points of the mouth, nose,189

eyes). Each face image also defines a texture vector, which is just the grayscale pixel values of a190

warped version of the image after aligning the landmark locations to the average landmark locations191

across the data set. The dataset we use consists of 597 face images with neutral facial expression192

taken in the laboratory [19]. We learned an AAM that contains a set of basis that describe the joint193

variations in shape and texture and principal components (PC) representing the variation of the shape194

and texture of a face from the average face, see Figure 3a for an illustration.195

Simulations First, we validate several assumptions we made in our abstract model. In Figures196

3b;c;d, it can be seen that the distribution of faces learned from data is normally distributed in random197

directions but can be seen to be a mixture of normal distributions in race or gender informative198

subspaces (here, found using LDA). In Figures 3e;f;g;h, it can be seen that statistical typicality in199
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Figure 2: a. An example of stimuli used in [12], with the middle face being a 50% blend of the Asian
and Caucasian faces shown. b. Data: (image from [12]) Mean attractiveness ratings for single race
and mixed race morphs when a race categorization (Asian or Caucasian) preceded the attractiveness
rating. c. Model simulation: Typicality exhibits qualitatively similar behaviour as human data: mixed
race morphs are less typical relative to single race morphs only when a race-categorization precedes
the typicality rating (A constant offset of 500 was added to make comparison to b easier).

categorization informative subspace induces UiA; the same stimuli induce BiA in original/full space200

or random subspace (not shown), which would be the case in the absence of the categorization task.201

These results also highlight the importance of attentional modulation of face space.202

5 Experimental Validation203

In [28], participants rate the attractiveness of blends on a male-female continuum following a gender204

categorization, see Figure 4a. In the control condition, participants only rated attractiveness of the205

same images without categorization. We projected the stimuli into our face space learned using206

the AAM, see Figure 4b and computed statistical typicality in the original/full space as well as207

the task informative subspace, see Figure 4c;d. We found that typicality in the task informative208

subspace is significantly correlated (p < 0.05) with the difference in attractiveness ratings between209

the experiment and control condition, consistent with our model.210

6 Disentangling the Disfluency and Typicality accounts211

In the simulations and experiments considered so far, our statistical typicality account and the212

disfluency account make similar qualitative predictions, though the disfluency account is unable to213

make quantitative predictions. To disambiguate these accounts of UiA, we propose an experiment in214

which these two accounts make different predictions. In Figure 5a, we plot the empirical distribution215

of ages in a publicly available dataset [1]. Participants can be trained to learn this distribution216

[6] (though not via categorization to avoid categorical percept [18]). The proposed task is to rate217

attractiveness of faces after an age categorization task: older or younger than 37.5 y? According to the218

statistical typicality account, attractiveness ratings would look like Figure 5b. While the disfluency219

account does not make any quantitative predictions, we expect that faces close to 37.5 in age will be220
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Figure 3: a. An illustration of the AAM used for learning the face space and it’s statistical distribution.
b. The empirical distribution projected in a random direction/1-d subspace is normally distributed.
c, d The empirical distribution of faces projected in race or gender informative subspace show that
the distribution is a mixture of normals. Also shown are the average locations of the continuum
of race and gender blends used in the simulation. e, f Statistical typicality in category informative
subspace induces UiA. e, f Statistical typicality in original/full space induces BiA, when there is no
categorization task.

Figure 4: a. An example of stimuli used in [28]: a continuum of male-female gender blends. b
Analogous to Fig. 3c;d but projecting the actual contiuum of gender blends used as stimuli. c, d
Analogous to Fig. 3 e;f;g;h using experiment stimuli e Difference in attractiveness ratings between
experiment and control condition shows similar trend as in d as expected.

difficult to classify and take longer and are expected to induce UiA, while the typicality account is221

expected to induce BiA.222

7 Discussion223

Most existing models of human preferences assume these preferences to be fixed and do not model224

contextual dependence. In this paper, we propose a statistical model of "liking" that assumes it is225

positively influenced by perceived typicality that is context sensitive. We assume that humans naturally226

project high-dimensional data, such as faces, to a low-dimensional subspace representation, either via227

bottom-up saliency (distinctiveness with respective to the assumed generative distribution) or via top-228

down goal-directed specification (informativeness with respect to a particular discrimination problem,229

such as race or gender). The bottom-up saliency component explains the celebrity-morph data, while230

the top-down component explains the influence of racial/gender discrimination on attractiveness231

perception.232
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Figure 5: a. Empirical distribution of ages in dataset [1]. b Predictions of typicality based model. c
Expected predictions based on a disfluency account.

In addition to providing a statistically grounded explanation of contextual dependence of human233

attractiveness judgment, our work also provides some general insight as to how high-dimensional data234

can be analyzed and stored efficiently in a low-dimensional representation, as long as the system is235

equipped to dynamically shift its subspace projection according to task demands. This approach may236

well find applications in modeling other types of human preferences in high-dimensional data space,237

and explain context sensitivity in those domains. The general idea of “tagging” high-dimensional238

data by their distinctive features seems like a good way to store and analyze complex data. Future239

work is needed to investigate the theoretical and numerical consequences of using this approximate240

representation.241

This work also sheds light on one possible statistical role played by attention. It is one way to242

dynamically construct subspaces that emphasizes feature dimensions that are most relevant or salient243

for performing the task at hand. There is a broad and confusing literature of attention in both244

psychology and neuroscience. A productive direction of future research would be to relate our245

hypothesized role of attention here to that large literature.246

References247

[1] W A Bainbridge, P Isola, and A Oliva. The intrinsic memorability of face photographs. J. Exp.248

Psychol. Gen., 142(4):1323–1334, November 2013.249

[2] A Barron, J Rissanen, and Y Bin. The minimum description length principle in coding and250

modeling. IEEE TRANSACTIONS ON INFORMATION THEORY, 1998.251

[3] L Chang and D Y Tsao. The code for facial identity in the primate brain. Cell, 169(6):1013–252

1028.e14, June 2017.253

[4] T F Cootes, G J Edwards, and C J Taylor. Active appearance models. IEEE Trans. Pattern Anal.254

Mach. Intell., 23(6):681–685, June 2001.255

[5] T M Cover and J A Thomas. Elements of Information Theory. 2006.256

[6] R Dotsch, R R Hassin, and A Todorov. Statistical learning shapes face evaluation. Nature257

Human Behaviour, 2016.258

[7] S Edelman and N Intrator. Learning as extraction of low-dimensional representations. Psychol-259

ogy of Learning and Motivation, 1997.260

[8] G J Edwards, T F Cootes, and C J Taylor. Face recognition using active appearance models. In261

Computer Vision — ECCV’98, Lecture Notes in Computer Science, pages 581–595. Springer,262

Berlin, Heidelberg, June 1998.263

[9] I Gauthier, M Tarr, and D Bub. Perceptual Expertise: Bridging Brain and Behavior. Oxford264

University Press, USA, 2010.265

[10] J Halberstadt. The generality and ultimate origins of the attractiveness of prototypes. Personality266

and Social Psychology Review, 2006.267

[11] J Halberstadt, D Pecher, R Zeelenberg, L Ip Wai, and P Winkielman. Two faces of attractiveness:268

Making beauty in averageness appear and reverse. Psychological Science, 2013.269

8



[12] J Halberstadt and P Winkielman. Easy on the eyes, or hard to categorize: Classification difficulty270

decreases the appeal of facial blends. Journal of Experimental Social Psychology, 2014.271

[13] L Itti and C Koch. Feature combination strategies for saliency-based visual attention systems.272

Journal of Electronic Imaging, 2001.273

[14] A Kagian, G Dror, T Leyvand, D Cohen, and E Ruppin. A humanlike predictor of facial274

attractiveness. Advances in Neural Information Processing Systems, 2007.275

[15] D Kersten, P Mamassian, and A Yuille. Object perception as bayesian inference. Annual Review276

of Psychology, 2004.277

[16] J H Langlois and L A Roggman. Attractive faces are only average. Psychological Science,278

1990.279

[17] J H Langlois, L A Roggman, and L A Rieser-Danner. Infants’ differential social responses to280

attractive and unattractive faces. Developmental Psychology, 1990.281

[18] K. R Livingston, J K Andrews, and S Harnad. Categorical perception effects induced by282

category learning. journal of experimental psychology: Learning. Learning, Memory, and283

Cognition, 1998.284

[19] D S Ma, J Correll, and B Wittenbrink. The chicago face database: A free stimulus set of faces285

and norming data. Behav. Res. Methods, 47(4):1122–1135, December 2015.286

[20] B C Malt, B H Ross, and G L Murphy. Predicting features for members of natural categories287

when categorization is uncertain. Journal of Experimental Psychology: Learning, Memory, and288

Cognition, 1995.289

[21] P Mamassian, M Landy, and L T Maloney. Bayesian modelling of visual perception. In R. P.290

N. Rao, B. A. Olshausen, & M. S. Lewicki, Neural information processing series. Probabilistic291

models of the brain: Perception and neural function. 2002.292

[22] D Marr. Vision: A Computational Investigation into the Human Representation and Processing293

of Visual Information. 1982.294

[23] R Mauro and M Kubovy. Caricature and face recognition. Memory & Cognition, 1992.295

[24] G L Murphy. The Big Book of Concepts. 2002.296

[25] G L Murphy and B H Ross. Uncertainty in category-based induction: When do people integrate297

across categories? Journal of Experimental Psychology: Learning, Memory, and Cognition,298

2010.299

[26] V Navalpakkam and L Itti. Modeling the influence of task on attention. Vision research, 2005.300

[27] N N Oosterhof and A Todorov. The functional basis of face evaluation. Proc. Natl. Acad. Sci.301

U. S. A., 105(32):11087–11092, August 2008.302

[28] H E Owen, J Halberstadt, E. W Carr, and P. Winkielman. Johnny depp, reconsidered: How303

category-relative processing fluency determines the appeal of gender ambiguity. PloS One,304

2016.305

[29] M. I Posner and S W Keele. On the genesis of abstract ideas. Journal of Experimental306

Psychology, 1968.307

[30] R Rao and D H Ballard. Predictive coding in the visual cortex: a functional interpretation of308

some extra-classical receptive-field effects. Nature Neuroscience, 1999.309

[31] G Rhodes and T Tremewan. Averageness, exaggeration, and facial attractiveness. Psychological310

Science, 1996.311

[32] E Rosch and C B Mervis. Family resemblances: Studies in the internal structure of categories.312

Cognitive Psychology, 1975.313

9



[33] E Rosch, C B Mervis, W D Gray, D M Johnson, and P Boyes-Braem. Basic objects in natural314

categories. Cognitive Psychology, 1976.315

[34] C P Said and A Todorov. A statistical model of facial attractiveness. Psychol. Sci., 22(9):1183–316

1190, September 2011.317

[35] E E Smith, E J Shoben, and L J Rips. Structure and process in semantic memory: A featural318

model for semantic decisions. Psychological Review, 1974.319

[36] A Song, L Li, C Atalla, and G Cottrell. Learning to see faces like humans: modeling the social320

dimensions of faces. J. Vis., 17(10):837, 2017.321

[37] A Todorov, R Dotsch, D H J Wigboldus, and C P Said. Data-driven methods for modeling322

social perception. Soc. Personal. Psychol. Compass, 5(10):775–791, 2011.323

[38] A Todorov, C Y Olivola, R Dotsch, and P Mende-Siedlecki. Social attributions from faces:324

determinants, consequences, accuracy, and functional significance. Annu. Rev. Psychol., 66:519–325

545, January 2015.326

[39] A Todorov, C P Said, A D Engell, and N N Oosterhof. Understanding evaluation of faces on327

social dimensions. Trends Cogn. Sci., 12(12):455–460, December 2008.328

[40] T Valentine. A unified account of the effects of distinctiveness, inversion, and race in face329

recognition. Q. J. Exp. Psychol. A, 43(2):161–204, May 1991.330

[41] T Vogel, E W Carr, T Davis, and P Winkielman. Category structure determines the relative331

attractiveness of global versus local averages. Journal of Experimental Psychology: Learning,332

Memory, and Cognition, 2017.333

[42] H von Helmholtz. Handbuch der physiologischen Optik. 1867.334

[43] P Winkielman, J Halberstadt, T Fazendeiro, and S Catty. Prototypes are attractive because they335

are easy on the mind. Psychological Science, 2006.336

10


	Introduction
	Statistical Typicality, Predictive Error and Affect
	Attentional Effects
	Simulations
	Abstract Model
	Recognition Model
	Simulation Results

	Data-Driven Face Representation

	Experimental Validation
	Disentangling the Disfluency and Typicality accounts
	Discussion

