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Abstract

Classification performance is better for learned than unlearned stimuli. This was also reported for
faces, where identity matching of unfamiliar faces is worse than for familiar faces. This familiarity
advantage led to the conclusion that variability across appearances of the same identity is partly
idiosyncratic and cannot be generalized from familiar to unfamiliar identities. Recent advances in
machine vision challenge this claim by showing that the performance for untrained (unfamiliar)
identities reached the level of trained identities as the number of identities that the algorithm is
trained with increases. We therefore asked whether humans who reportedly can identify a vast
number of identities, such as super recognizers, may close the gap between familiar and
unfamiliar face classification. Consistent with this prediction, super recognizers classified
unfamiliar faces just as well as typical participants who are familiar with the same faces, on a task
that generates a sizable familiarity effect in controls. Additionally, prosopagnosics’ performance
for familiar faces was as bad as that of typical participants who were unfamiliar with the same
faces, indicating that they struggle to learn even identity-specific information. Overall, these
findings demonstrate that by studying the extreme ends of a system's ability we can gain novel

insights into its actual capabilities.

Highlights

o Familiarity effect for faces suggested identity-specific representation.
e We found that super recognizers (SRs) show no face familiarity effect.
e This suggests no evidence for identity-specific representation.

e Prosopagnosics showed no generalization even for familiar identities.
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1. Introduction

Successful classification relies on the ability to reveal the critical information that defines the
boundary of a category. This information can be learned via a process known as category
learning, in which a general classification rule is formed based on learned examples and is applied
to new, unlearned examples (Goldstone et al., 2013; Raviv et al., 2022). However, information
learned from trained examples may not fully generalize to unlearned examples, leading to better
performance for learned than unlearned classes. Such advantage for learned classes is often
reported for faces, where learning to classify different images of one set of familiar (learned)
identities does not generalize well to unfamiliar (unlearned) identities (Jenkins et al., 2011a;
Samuel et al., 2018; Young & Burton, 2018). This results in much poorer performance for identity
matching of unfamiliar faces compared to familiar faces. These findings led to the proposal that
within-person variability in facial appearance is composed of general variance that is common to
all faces and enables generalization across them. But there is also an idiosyncratic component
that is unique to each individual identity (Burton et al, 2016). Therefore, identity information that
is learned from experience with familiar identities is not useful for identity decisions on unfamiliar
identities (Jenkins & Burton, 2011; Kramer et al., 2018; Megreya et al., 2006; Burton et al, 2016;
Ritchie, Burton, Burton, Burton, et al., 2017; Young & Burton, 2018).

The claim that within-person variability includes identity-specific information implies that
performance for unfamiliar faces will be always inferior to familiar faces. However, recent
advances in machine learning algorithms have shown that deep convolutional neural networks
(DCNNSs) that are optimized for face recognition can learn identity-general information from one
set of identities and successfully apply it to the classification of unlearned identities (Blauch et al.,
2020; Taigman et al., 2014). DCNNs’ performance for untrained identities improves and reaches
the level of trained identities when the algorithm is trained on a large number of identities (Blauch
et al., 2021). This suggests that face identity can be represented by a general classification rule
that can be applied for successful identification of unfamiliar faces. While it remains possible that
the human face recognition system does not have the same capabilities as DCNNs (Young &
Burton, 2020), an innovative way of testing this hypothesis is to test “super recognizers” (SRs) -
humans who are proficient at face recognition and often report that they are able to identify large
numbers of identities: (Russell et al., 2009) — and examine if they are able to learn identity-general
representations, closing the gap in performance between familiar and unfamiliar face

classification.
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Humans show substantial individual differences in face recognition ability (Yovel et al., 2014).
Whereas on the one end of the distribution are people with prosopagnosia who cannot recognize
even familiar faces (Bate & Tree, 2017; Behrmann & Avidan, 2005; Duchaine & Nakayama, 2006;
Susilo & Duchaine, 2013; White et al., 2017), on the other end of the distribution are SRs (Bate,
Portch, Mestry, & Bennetts, 2019; Bobak et al., 2016; Davis et al., 2016; Dunn et al., 2020;
Ramon, 2021), who find it extraordinarily easy to recognise unfamiliar individuals that they have
only briefly seen before (see (Bate et al., 2021) for a discussion of the definition of SRs) and report
that they can identify a very large number of identities (Russell et al., 2009). This anecdotal
information raises the question of whether the ability to identify numerous familiar identities
enables SRs to learn identity-general facial information that can be effectively applied to unfamiliar
faces. Yet, whereas many studies have shown that SRs are better than controls at identity
matching tasks that use unfamiliar faces (Bate & Dudfield, 2019; Bobak et al., 2016; Phillips,
Yates, Hu, Hahn, Noyes, Jackson, Cavazos, Jeckeln, Ranjan, Sankaranarayanan, Chen, et al.,
2018; Ramon, 2021; Russell et al., 2009; Stacchi et al., 2020), it is unknown whether they are as
good at unfamiliar face matching as individuals who are familiar with the same identities. Such a
finding would challenge the prevalent view that the human face recognition system cannot learn
identity-general face information from experience with familiar faces, which can be effectively

used for classification of unfamiliar faces.

To test whether SRs can classify unfamiliar faces as well as individuals who are familiar with
them, we designed a computerized version of the elegant card sorting identification task
developed by Jenkins and colleagues (Jenkins et al., 2011). In this task, typical participants were
asked to sort a stack of 40 cards that displayed facial images of two identities into piles of the
same identity. Intriguingly, individuals who were not familiar with the faces sorted them into 4-11
identity piles, whereas participants who were familiar with the faces easily sorted them into 2 piles.
However, this, and other similar studies that have shown this familiarity advantage, only tested
individuals with normal face recognition abilities (Mileva et al., 2019; Ritchie, Burton, Burton, &
Burton, 2017). Ramon and colleagues did include the face identity card sorting task as part of
their SR screening program (Ramon, 2021; Stacchi et al., 2020), but they only tested classification
performance of unfamiliar identities. Thus, the question of whether SRs’ performance equated

with that of participants who were familiar with the faces at test remains unknown.

To that effect, we asked SRs to sort images that displayed celebrity faces from their own country

(UK) and those from a different country (Israel). We also included typical participants from the two
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countries (UK and Israel) to replicate Jenkins et al.’s findings with our revised task. Further, by
comparing SRs from the UK with Israeli controls on Israeli celebrity faces (that were familiar to
the controls but unfamiliar to the SRs), we could assess if SRs close the large gap in performance
between familiar and unfamiliar face classification on this challenging task. Finally, we also tested
the performance of UK developmental prosopagnosics (DPs) on the same task. Whereas DPs’
poor face matching abilities have been demonstrated in many studies in the past two decades
(Bennetts et al., 2022; Stanti¢ et al., 2022; White et al., 2017), their performance for familiar
identities has never been directly compared to individuals who are unfamiliar with the same
identities. Our design will therefore enable us to determine, for the first time, whether DPs show

any benefit with familiar faces over and above participants who are unfamiliar with those identities.

2. Methods

2.1 Participants: A total of 113 participants completed the task, of which 25 were SRs (average
age: 44 years, range 30-59), 14 were DPs (average age: 49 years, range 31-60), 45 were UK
controls (average age: 46 years, range: 30-60) and 31 were Israeli controls (average age: 40
years, range: 31-55). UK and Israeli control participants were recruited on the Prolific platform.
SRs and DPs were recruited based on initial face recognition screening tests (Bate, Bennetts,
Gregory, et al., 2019; Bate, Bennetts, Tree, et al., 2019). Participants were asked to read a
consent form. By clicking OK they approve that they are willing to participate in the experiment
and continued to the next stage. The familiarity effect size reported by Jenkins et al. (2011) was
d = 1.4. Power analysis (p < 0.05, two-sided with a power = 0.8) indicates that such an effect size

can be detected with a sample of 7 participants.

Super recognizer screening tests. The SRs were screened based on their performance on the

following challenging face recognition tests: (1) the Cambridge Face Memory Test — long form
(CFMT+, 102 items;(Russell et al., 2009) average = 94.2), (2) the Models Memory Test (MMT, 90
items, (Bate, Bennetts, Hasshim, et al., 2019; Bate et al., 2018)average = 75.5), and (3) the Pairs
Matching Test (PMT, 48 items,(Bate, Bennetts, Hasshim, et al., 2019; Bate et al., 2018) average
=40). In line with existing criteria (Bate et al., 2021), participants had to outperform controls on at
least two of these tests to be included in the study (see Supplementary Table 1 for individuals

scores and cutoff scores for each test).

Developmental prosopagnosia screening tests. All DPs reported severe difficulties with face

recognition in daily life. Their face recognition skills were assessed with three dominant screening
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tasks: (1) the Cambridge Face Memory Test (CFMT, 72 items, (Duchaine & Nakayama,
2006)range: 28-45, average = 38), (2) the Cambridge Face Perception Test (CFPT, upright items
only, (Duchaine et al., 2007), error range: 38-80, average = 60), and (3) a famous faces test (Bate,
Bennetts, Gregory, et al., 2019)range: 19-67, average=44) (see Supplementary Table 2 for
individuals scores and cutoff scores for each test). In addition, all DPs self-reported everyday
difficulties with face recognition, and declared no history of brain injury or concurrent psychiatric,

developmental or intellectual conditions.

2.2 Stimuli: We selected 10 face images of each of two male and two female people who are
famous in the UK, and corresponding images of four celebrities from Israel, via a Google image
search. To increase the difficulty of the task, we selected two male and two female identities that
were visually similar, (see Figure 1 and supplementary material). Pilot testing with five Israeli and
five UK participants ensured that the faces were familiar within the congruent country and
unfamiliar in the incongruent country. In the experiment, we excluded trials at the participant level

where this was not the case (see Data Analysis section).

QOGS ARDE D
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Figure 1: An example trial of Israeli celebrity faces. Left: 20 images of two identities are
presented in two rows in a random order at the bottom of the screen. Right: Participants are asked
to sort the images into piles of different identities, by moving them on the screen to form identity
clusters. The example shows the correct classification into two different identities of two Israeli
famous faces.

Continue

2.3 Procedure: We created a computerized version of the card sorting task. All participants
performed the task online. The task included four trials. In each trial, 20 face images, ten of each

of two identities were intermixed at the bottom of the screen in two rows (Figure 1, left). After
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completing demographic information about gender and age, participants were presented with
written instructions where they were asked to sort the images into piles of different identities by
dragging them with the mouse. That is, participants were instructed to cluster images of the same
identity in the same pile, and those of different identities into their respective piles (see Figure 1,
right). The participant was allowed to continue to the next trial only after all the images had been
moved by the mouse. Participants were not told the number of identities in advance. UK
participants were presented first with the male and female Israeli celebrities, and then with the
male and female UK celebrities; Israeli participants were presented with the UK celebrities first
and then the Israeli celebrities. This ensured that their successful performance with the familiar
identities would not inform them about the number of identities for the unfamiliar faces. Within
each country of origin, the order of the male and female faces was randomized. At the end of the
task, participants were presented with one image of each of the eight identities that were
presented during the study and were asked whether they are familiar or unfamiliar with those
individuals. DPs were also asked whether they were familiar with the name of the UK famous
identities. This data was then used to exclude trials in which participants were unexpectedly
unfamiliar with the particular celebrities from their own country, or where they happened to be

familiar with a face from the different country (see Data Analysis).
2.4 Data Analysis

Familiarity based exclusions: We excluded trials in which at least one of the unfamiliar identities
was unintentionally familiar to participants (UK faces for Israeli participants and Israeli faces for
UK participants), as well as trials in which at least one of the familiar identities turned out to be
unknown (UK participants for UK faces and Israeli participants for Israeli faces). This resulted in
the exclusion of four unfamiliar trials and four familiar trials in SRs, 10 familiar trials and two
unfamiliar trials in Israeli controls, and 16 familiar trials and eight unfamiliar trials in UK controls.
For the DPs, we included trials in which DPs were familiar with the name of the celebrity faces
even if they did not recognize their face. A total of four DPs were not familiar with at least one of
the familiar UK identities based on their name which resulted in exclusion of 5 unfamiliar trials for
the DPs.

Classification performance measures: We computed the following measures: (1) number of
clusters, (2) number of generalization errors and (3) number of separation errors, and (4) The
area under the ROC curve based on the distance between each pair of face images that were

sorted into piles on the screen. Number of clusters refers to the number of piles that were
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generated by the participants when asked to sort the images based on their identities.
Generalization errors refer to the number of different identity images that were clustered with the
wrong identities. To count generalization errors, we identified the two clusters with the maximum
number of images of each of the two identities, and counted the number of images of the other
identity that were included in each of these clusters. Separation errors are the number of same
identity images that were separated into different identities. To count separation errors, we
identified the two clusters with the maximum number of images of each of the two identities, and

counted the number of images that were not included in any of these two clusters.

Our computerized task enabled us to compute a fourth performance measure: a ROC (Receiver
Operating Curve) and to compute the area under the curve (AUC) as another measure of
classification performance. To do so, we calculated the Euclidean distance (between each pair of
images based on the location (x, y coordinates) that the participants placed them on the screen.
This distance was used to calculate the correct classification for different thresholds for same and
different identity pairs to generate a ROC curve. We then computed the area under the curve
(AUC) for each participant on each trial. It is noteworthy that participants were instructed to sort
face images into different piles based on their perceived identity, and not to arrange them on the
screen according to their perceptual similarity. Thus, this measure does not reflect a continuous
perceptual similarity measure, but a discrete measure of identity classification. Thus, this
measure determines identity classification based on image proximity and not pre-determined

cluster assignment.

To test the statistical significance of between-group differences we used a mixed ANOVA with
group (DP, Control UK. Control IL, SR) as between subject factor and familiarity (familiar,
unfamiliar) as a within subject factor on each of the four dependent measures, followed by post-
hoc comparisons. Because some of the comparisons that were central to our hypothesis predicted
a null effect (e.g., no differences between SRs sorting unfamiliar faces in comparison to Israeli
controls who were familiar with them) we also performed Bayesian analysis to assess if the data
favors the alternative over the null hypothesis. To ensure that the interaction between Group and
Familiarity was not due to the inclusion of the IL Control group, which shows reversed pattern of

familiarity due to nationality effect, we ran an ANOVA with only UK participants.

3. Results
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Table 1 reports the mean performance and range for the DPs and SRs, and the UK and Israeli
control groups, based on the number of clusters, AUC, generalization errors and separation errors

(see data analysis section for details about each measure).

Table 1: Performance mean (range) for DP and SR UK participants and in UK and
Israeli (IL) control participants.

No. of Generalization Separation AUC
Clusters Errors Errors
Face Country | L UK IL UK IL UK IL UK

DP UK 4.4 3.8 3.82 3.96 5.46 5.50 0.63 0.60
(2-10.5) | (2.0-7.5) | (0-8) (0-7) | (0-14.5) | (0-14) [(0.50-0.91)| (0.48-0.77)

Controls IL | 2.2 48 | 039 | 2.77 050 | 5.96 | 0.86 0.62
(15-4) |(1.0-8.0)| (0-5) | (0-10) | (0-45) | (0-12) |(0.55-1.0) | (0.47-0.83)
Controls UK| 4.5 28 | 1.72 | 1.08 6.08 1.70 | 0.71 0.82

(1.5-10) [ (2.0-6.0) | (0-10) (0-4) (0-14) (0-14) |[(0.48-1.00)| (0.59-1.0)

SR UK 2.6 2.1 0.07 | 0.13 1.63 | 0.17 | 0.90 0.91
(2-10.5) | (2.0-6.0) | (0-0.5) | (0-1.5) (0-8) (0-3) [(0.71-1.0)| (0.54-1.0)

We first examined whether our findings with the computerized task replicated those of Jenkins et
al. (2011) by performing an analysis for UK and Israeli familiar faces in UK and Israeli control

participants.
3.1 A familiarity advantage in controls: Replication of Jenkins et al. (2011)

Number of clusters: We first analyzed the number of clusters that participants created for celebrity
faces from their own country (familiar) versus those from the other country (unfamiliar). A mixed
ANOVA with the participants’ country (Israel, UK) as a between subjects factor and the country
where the face is familiar (Israel, UK) as a within subject factor revealed a significant interaction
(F(1,66) = 153.54, p < .001, np?>= 0.56) with no significant main effects of participant country
(F(1,66) = 0.41, p = .72, np>= 0.002). As shown in Figure 2, Israeli and UK participants classified
the faces into a larger number of identities for the unfamiliar UK and Israeli faces, respectively,
whereas Israeli and UK participants correctly classified the images to 2 identities for the familiar
Israeli and UK faces, respectively. Overall, these findings show that our computerized task

replicates Jenkins et al.’s (2011) card sorting task, despite the fact that we used a smaller set of
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face images (20 in our task and 40 in Jenkins’ task) showing that participants classify an array of
20 images of 2 individuals into an average of 4-5 identities if they are not familiar with them, and
correctly classify them into two identities if they are familiar with them. Post hoc comparisons
shows a significant familiarity advantage both in UK controls (1(39) = 6.03, p <.001) and in Israeli
controls (t(27) = 7.96, pvont < 0.001).

Generalization errors: We then counted the number of different identity images that were
clustered as the same identity as a dependent measure. Figure 3 (top) shows more errors for
unfamiliar than familiar faces in both UK and Israeli participants. A mixed ANOVA with the
participants’ country (Israel, UK) as a between subjects factor and the country where the face is
familiar (Israel, UK) as a within subject factor revealed a highly significant interaction (F(1,66) =
27.53, p < .001, np?= 0.29) with no significant main effects of participant country (F(1,66) = 0.43,
p =.51, np>= 0.006). Post hoc comparisons reveal a strong familiarity advantage in Israeli controls
(t(27) = 5.9, poont < 0.001). We found no familiarity advantage in the generalization measure for
the UK controls (t(39) = 1.89, p = .19). It should be noted that previous studies that used this task
did not find generalization errors, only separation errors. In our task we reveal generalization
errors because we intentionally selected visually similar identities to make the task more

challenging, particularly for the SRs.

Separation errors: We counted the number of same identity images that were separated into
different identities as a dependent measure. Figure 3 (bottom) shows more separation errors for
unfamiliar than familiar faces. A mixed ANOVA with participant country (Israel, UK) as a between
subjects factor and the country where the face is familiar (Israel, UK) as a within subject factor
revealed a highly significant interaction (F(1,66) = 103.64, p < .001, np?= 0.61) with no significant
main effect of participant country (F(1,66) = 0.83, p = .36, n,>= 0.013). Post hoc comparisons
reveal a strong familiarity advantage in both Israeli controls (1(27) = 8.17, pvont < 0.001) and UK
controls ((39) = 7.51, pvont < 0.001).

AUC: We then ran the same analysis for the classification accuracy measure (AUC). Since
participants were not asked to arrange the faces on the screen based on their relative similarity,
but to sort them into different piles based on their perceived identity, this measure reflects the
accuracy of classification of images into different piles. Figure 4 shows better performance for
familiar than unfamiliar faces in both UK and Israeli typical participants. A mixed ANOVA with the
participants’ country (Israel, UK) as a between subjects factor and the country where the face is

familiar (Israel, UK) as a within subject factor revealed a highly significant interaction (F(1,66) =

10
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103.64, p < .001, ny*= 0.61) with no significant main effects of participant country (F(1,66) = 0.84,
p = .36, n,?= 0.01). Classification performance was better for UK faces than Israeli faces in UK
participants and vice versa for Israeli participants. Post hoc comparisons show a significant
familiarity advantage in both UK controls (t(39) = 4.16, pwont < .001) and in Israeli controls (t(27) =
7.59, pront < 0.001).

3.2 No familiarity advantage in SRs and DPs

To examine how DPs and SRs perform the task and to compare them to controls we added the
DPs and SRs to the analysis and performed ANOVAs on the same dependent measures. Figures

2-4 display the DP performance in the two left bars and the SR performance in the two right bars.

Number of clusters: Unlike the control participants who showed strong familiarity advantage, DPs
and SRs show no familiarity effect (see Figure 1). A mixed ANOVA with Group (DPs, UK controls,
Israeli controls, SRs) and face country (UK, Israel) reveal a main effect of group F(3,99) = 5.18,
p < 0.002, ny>= 0.14) and a significant interaction of group and face country F(3,99) = 34.05, p <
0.001, np?= 0.51). Post hoc comparisons show no familiarity advantage in DPs (t(12) = 1.1, Poont
=1, BF10 = 0.41) or SRs (t(21) = 1.2, pvonf = 1, BF10 = 2.31), in contrast to the familiarity
advantage in controls reported above. Given the superb performance of SRs for unfamiliar
(Israeli) faces, our main question was whether they are as good as the Israeli participants who
are familiar with these faces. Post hoc comparison and Bayesian analysis revealed no difference
between SRs and Israeli controls for the Israeli faces that were unfamiliar to the SRs (1(48) = 0.93,
Poont = 1, BF10 = 1.13). We also found that DP performance was as poor as Israeli controls for
the UK faces (1(39) = 1.91, pvonrt = 1, BF10 = 0.78), which were unfamiliar to the controls but

familiar to the DPs.

Analysis restricted to UK participants: To assure that the significant interaction was not due to the
reversed familiarity effect of Israeli control participants, we tested the same effect only in UK
participants. A mixed ANOVA with Group (DPs, UK controls, SRs) and face country (UK, Israel)
reveals a main effect of group F(2,72) = 6.82, p = 0.002, ny?= 0.16) and a significant interaction
of group and face country F(2,72) = 4.6, p = 0.01, ny*= 0.11).

11
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Figure 2: Number of clusters for UK and Israeli (IL) celebrity faces. The number of
clusters that were generated for UK and Israeli (IL) celebrities by UK and lIsraeli (IL)
controls and DPs and SRs from the UK. Each dot is a participant, and the error bars
indicate the S.E.M.

Generalization errors: SRs showed very low number of generalization errors for both the UK and
Israeli faces, indicating superb performance for the unfamiliar Israeli faces. DPs, on the other
hand, showed a large number of generalization errors for both the UK and Israeli faces, indicating
similarly poor performance for familiar and unfamiliar faces (Figure 4). A mixed ANOVA with
Group (DPs, UK controls, Israeli controls, SRs) and face country (UK, Israel) revealed a main
effect of Group F(3,99) = 20.19, p < 0.001, n,?>= 0.38) and a significant interaction F(3,99) = 24.99,
p < 0.001, np?= 0.26). Post hoc comparisons and Bayesian analysis showed no familiarity
advantage in DPs (t(12) = 0.4, pvont = 1, BF10 = 0.29) or SRs (t(21) = 0.15, poont = 1, BF10 = 0.29).
In addition, we found no difference between SRs and Israeli controls for the Israeli faces that were
unfamiliar to the SRs (t(48) = 0.73, pvont = 1, BF10 = 0.6), and that DP performance was as poor
as Israeli controls for the UK faces (1(39) = 2.05, pvont= 0.37, BF10 = 0.80), which were unfamiliar

to the controls but familiar to the DPs.

12
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Figure 3: Generalization and separation errors for UK and Israeli celebrity
faces. Top: The number of generalization errors that were made for face
images by UK and Israeli controls and for DPs and SRs from the UK. Bottom:
The number of separation errors that were made for face images by by UK and
Israeli controls and for DPs and SRs from the UK. Each dot is a participant, and
the error bars indicate the S.E.M.

Separation errors: Unlike controls who showed a much larger number of separation errors for
unfamiliar than familiar faces, DPs showed a similarly large number of separation errors for
familiar and unfamiliar faces; SRs showed almost no separation errors for both familiar and
unfamiliar faces (Figure 3). A mixed ANOVA with Group (DPs, UK controls, Israeli controls, SRs)
and face country (UK, Israel) revealed a main effect of Group (F(3,99) = 7.96, p < 0.001, np*=
0.19) and a significant interaction F(3,99) = 41.76, p < 0.001, ny>= 0.56). Post hoc comparisons
and Bayesian analysis show no familiarity advantage in DPs (t(12) = 0.39, pvont = 1; BF10 = 0.30)
or SRs (t(21) = 1.76, pwoni= 0.97; BF10 = 2.32). In addition, we found no difference between SRs
and lIsraeli controls for the Israeli faces that were unfamiliar to the SRs ((48) = 0.99, pvont = 1,
BF10 = 1.38), and that DP performance was as poor as Israeli controls for the UK faces (1(39) =

0.41, pvont= 1, BF10 = 0.34), which were unfamiliar to the controls but familiar to the DPs.

Analysis restricted to UK participants: A mixed ANOVA with group (DPs, UK controls, SRs) and
face country (UK, Israel) reveals a main effect of group F(2,72) = 9.88, p < 0.001, n,?= 0.22) and
a significant interaction of group and face country F(2,72) = 9.69, p < 0.001, ny?= 0.21).

Accuracy (AUC): Analysis of AUC also reveals that, unlike the control participants who showed a
clear familiarity advantage, DPs and SRs show no such benefit (see Figure 4). A mixed ANOVA
with group (DPs, UK controls, Israeli controls, SRs) and face country (UK, Israel) reveal a main
effect of group F(3,99) = 20.14, p < 0.002, n,?>= 0.38) and a significant interaction F(3,99) = 50.23,
p < 0.001, np?= 0.60). Post hoc comparisons and Bayesian analysis show no familiarity advantage
in DPs (t(12) = 0.16, poont = 1, BF10 =0.28) or SRs (1(21) = 1.23, pvont = 1, BF10 = 2.3). In addition,
we found no difference between SRs and Israeli controls for the Israeli faces that were unfamiliar
to the SRs (t(48) = 0.08, pwont = 1, BF10 = 0.3), and that DP performance was as poor as Israeli
controls for the UK faces (t(39) = 0.45, pvoni= 1, BF10 = 0.35), which were unfamiliar to the controls
but familiar to the DPs.

Analysis restricted to UK participants: A mixed ANOVA only on UK participants, with group (DPs,
UK controls, SRs) and face country (UK, Israel) reveals a main effect of group F(2,72) = 37.82, p
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349 < 0.001, np?= 0.51) and a significant interaction of group and face country F(2,72) = 5.58, p =
350 0.006, np*= 0.13).
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Figure 4: Classification accuracy for UK and Israeli (IL) celebrity faces.
The area under the curve (AUC) of an ROC was computed for UK and Israeli
controls and for DPs and SRs from the UK based on the distance between
the face images that were sorted into piles on the screen. Each dot is a
participant, and the error bars indicate the S.E.M.
353
354 4. Discussion

355  The better performance that humans show for familiar compared to unfamiliar faces on identity
356 matching tasks is a robust and well-established finding (Jenkins et al., 2011b; Ritchie et al., 2015;
357  Young & Burton, 2017a). Consistent with these findings, our study also found that individuals with
358 normal face recognition abilities showed significantly worse performance for unfamiliar than
359 familiar identities. This familiarity advantage led to the suggestion that within-person face
360 variability is partly idiosyncratic and cannot be fully generalized from familiar to unfamiliar faces
361 (Jenkins et al., 2011a; Young & Burton, 2017b, 2018). Here, we challenge this prevalent view by

362 showing that individuals with superb face recognition abilities can in fact apply such identity-
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general facial information to unlearned faces. We show, for that first time, that SRs can
successfully classify different images of unfamiliar faces just as well as participants who are
familiar with them. This finding indicates that human face recognition of unfamiliar faces is not
limited by idiosyncratic identity information. Instead, individuals with superb face recognition
abilities can learn identity-general information that can be successfully applied to unfamiliar faces.
Remarkably, SRs closed the substantial gap in performance between unfamiliar and familiar face

recognition ability that is typically found in controls (Figures 2-4).

Our findings also show no familiarity advantage in DPs, a unique population with extremely poor
face recognition abilities. DPs showed similarly poor identity classification performance for familiar
faces as typical individuals who are unfamiliar with the same faces. Whereas many previous
studies with DPs and SRs have shown their respectively poor and superb abilities for unfamiliar
faces our study is the first to directly compare this to the performance of individuals who are
familiar or unfamiliar with the same faces. This provided us with an upper and lower bound of
performance on this task. Overall, our findings show how examination of the extreme ends of the

face recognition spectrum can reveal previously unknown capabilities of the system.

Deep learning algorithms have recently reached and even surpassed human-level performance
on classification of untrained face images, a task that is parallel to human’s classification
performance of unfamiliar faces (Phillips, Yates, Hu, Hahn, Noyes, Jackson, Cavazos, Jeckeln,
Ranjan, Sankaranarayanan, Chen, et al., 2018). Blauch et al (2020) showed that performance for
untrained faces improves and reach the level of trained images as the number of identities that
the algorithm is trained with increases (Blauch et al., 2020). These algorithms therefore show that
DCNNSs trained with a large enough data set can learn an identity-general representation from
one set of identities and generalize well to other sets of identities. Nevertheless, such an ability
may be super-human and requires certain computations and extensive training that humans do
not possess (Young & Burton, 2020). SRs who can identify a very large number of identities were
therefore an ideal case to test this hypothesis. We speculated that the very large number of
familiar identities that SRs can reportedly identify (Russell et al., 2009) provides them with enough
training examples to learn a general classification rule which extracts identity-relevant facial
information and ignores identity-irrelevant facial information. This may also account for SRs’ ability
to recognize celebrity faces from their images before they were famous, a task that is very
challenging for controls (Russell et al., 2009). It is also consistent with recent findings that show
that SRs better ignore identity-irrelevant changes in facial features, which enables them to better

focus on identity-relevant features that are critical for face identification (Abudarham et al., 2021).
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Another explanation for SRs’ superb abilities with unfamiliar faces is that they may have an innate
perceptual machinery that efficiently extracts identity-general facial features that are critical for
the identification of all faces, regardless of the vast number of familiar faces they are able to
identify. However, the critical role of experience with faces in SRs is evident in their better
performance for own- compared to other-race faces (Bate, Bennetts, Hasshim, et al., 2019).
Caucasian SRs were found to be worse than Asian controls in an identity matching task using
Asian faces. This other-race effect suggests that experience is needed to reach the superb
recognition abilities that SRs show for own-race faces, perhaps because other-race faces depend
on a different set of facial features that require specific experience in the classification of different
races. Consistent with this claim, DCNNs also show worse performance for faces of races that
are not included in the training set (Cavazos et al., 2020) indicating that the identity-general
information that they learn during training does not generalize to faces of races they are not
trained with. Notably, Bate and colleagues also found that SRs were better than Caucasian
controls in the Asian face matching and memory tasks. This suggests that SRs can better
generalize from their experience with one race to other races, or that they have an innate efficient
face classification machinery that enables them to identify the relevant features for classification
which is facilitated by relevant experience. These two accounts are not mutually exclusive and

both may explain SRs’ remarkable performance.

The question of whether individual differences in face recognition, and in particular, at the extreme
ends of the distribution, reflect qualitative or quantitative differences is still unresolved. Here we
suggest a possible quantitative account, where the number of identities an individual can identify
determines classification performance for untrained identities. However, it is not clear what type
of mechanism underlies SRs ability to store and identify such an exceptional number of identities
and whether a deficit in the same mechanism is what prevents DPs to store and identify familiar
faces. Furthermore, whereas the difference between the number of familiar faces that SRs and
DPs can identify is a well-known characteristic of their face recognition abilities, a formal test to
measure that has not been conducted yet. Such a measure has been proposed and applied by
Jenkins and colleagues (2021) in normal individuals. Future studies may use this test to quantify
and validate DPs and SRs’ reports on the number of familiar identities they can identify and

whether it is correlated with performance on unfamiliar face classification task.

To assess performance for familiar and unfamiliar faces we used a computerized version of the
face sorting task (Jenkins et al., 2011), in which face images are sorted into piles by moving them

with the mouse on the screen. Whereas this task generates a sizable familiarity effect that is
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abolished in SRs, performance for familiar identities on this task is close to ceiling. Thus, it is still
possible that by using a more challenging task or a different measure that is not provided by this
task (e.g., reaction time, memory), SRs may show lower performance for unfamiliar faces than
individuals who are familiar with the same sets of faces. Notably, the face sorting task is very
challenging for unfamiliar faces, and the fact that SRs were able to close this substantial gap is
remarkable, suggesting that they can generate an identity-general representation and
successfully apply it to unfamiliar faces. Nonetheless, replicating and extending our findings with

a more challenging familiar face recognition task in future studies will be valuable.

Our study also reveals novel findings with respect to DPs, who also showed no familiarity
advantage on the identity classification task. Whereas DPs’ poorer performance for familiar faces
is not surprising as this is inherent to their condition, this has never been directly compared to the
performance of individuals who are unfamiliar with the same faces on the same task. Our findings
show that not only do DPs show similarly poor face classification performance for familiar and
unfamiliar faces, but their performance for familiar faces is not better than individuals who are
unfamiliar with them. Note that we included in the analysis only trials in which DPs were familiar
with the celebrities. Thus, DPs do not benefit from the experience that they have with familiar
identities and are unable to reveal the relevant facial information that is required to classify
different face images into different identities even for familiar faces. This suggests that they extract
very limited information from faces, even if they have had extensive exposure to them. This may
also account for the failure to develop an effective training program to improve face recognition in
DPs (Bate & Bennetts, 2014; Degutis et al., 2014). It is unknown whether this deficit is evident at
the perceptual level or in the operation of their face learning system, such that they cannot form

an effective classification rule even for faces that they have extensive experience with.

Sorting images of familiar faces according to their identities can be performed in two ways: either
by comparing each image to a representation of the familiar person in memory and identifying it
regardless of its similarity to the other images, or by judging the perceptual similarity of the
different images and clustering together those that are perceptually similar. For unfamiliar faces,
only perceptual similarity can be used for classification. The similar performance that DPs show
for familiar and unfamiliar faces implies that they use perceptual similarity judgements for both
familiar and unfamiliar faces. Interestingly, their classification ability based on perceptual similarity
is not worse than individuals who are unfamiliar with the faces. This may suggest that the deficit

in DPs on this task stems from their inability to recognize some of the familiar face images. It
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further suggests that such recognition may be the mechanism that underlies the familiarity

advantage on this task for controls.

The poor performance that humans show for unfamiliar faces also has important implications for
face recognition in applied settings. Recent studies have suggested that these individuals should
be screened based on their performance on identity matching tasks (Bate, Frowd, Bennetts,
Hasshim, et al., 2019; Mayer & Ramon, 2023; White et al., 2014). Our findings further support
these suggestions, showing the great differences that individuals with different recognition abilities
may demonstrate on these tasks. This may also have implications for the question of human
machine collaboration (Phillips, Yates, Hu, Hahn, Noyes, Jackson, Cavazos, Jeckeln, Ranjan,
Sankaranarayanan, & others, 2018) and highlight the fact that such collaborations should be

evaluated at the individual level rather than based on human averaged performance.

In summary, our study shows for the first time no familiarity advantage in face recognition in SRs
and DPs — groups of individuals who are at the extreme ends of the distribution of face recognition
abilities. We speculated that this may occur in two different ways. First, a system that can store
and identify a large number of learned (familiar) classes can form an identity-general classification
rule that can be applied to unlearned (unfamiliar) examples, to the level of performance of
individuals who are familiar with them. Second, when a classification rule is not effectively learned
due to a certain deficit in the system, it may similarly fail for both learned and unlearned examples.
These effects may not be limited to faces and should be tested in future studies in other domains.
Overall, our findings indicate that by studying the extreme ends of a system's ability, we can gain

novel insights into its operations.
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