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Abstract
Exposure to multiple unique images of the same face enhances recognition. Using ambient
pictures and videos, face-learning studies have shown improved generalization, suggesting
more refined memory representations for faces exhibiting greater variability. Although
ambient images provide more ecologically valid learning conditions, the relative contribution
of different sources of variability remain largely unexplored. In two pre-registered
experiments, we investigated the effect of variability in appearance (stable, variable hairstyle)
and context (unique, multiple background scenes) during face learning, as these factors may
influence the coarse-to-fine encoding of diagnostic facial features. In Experiment 1, eight
identities were learned in a blocked manner, whereas they were randomised in Experiment 2.
Recognition was assessed using images displaying only inner facial features. We
hypothesized that conditions promoting finer encoding of inner facial features (variable
appearance and multiple contexts in Experiment 1) or providing stable learning anchors
(stable appearance and unique context in Experiment 2) would improve recognition. In
Experiment 1, variable appearances enhanced recognition performance relative to stable
appearances, despite diverting gaze from inner features during learning. However,
Experiment 2, along with supplementary cross-experiment analyses, revealed that
randomizing identities eliminated the recognition disadvantage observed for stable faces,
possibly by encouraging participants to re-engage attention with each learning image.
Contextual variability did not affect recognition performance in either experiment, suggesting
that appearance variability and learning procedure are stronger determinants of efficient
learning. These findings highlight the critical role of appearance variability and of learning

procedure in shaping recognition outcomes.



APPEARANCE AND CONTEXT VARIABILITY IN FACE LEARNING

Keywords: Face recognition, Within-person variability, Context variability, Learning

procedure



APPEARANCE AND CONTEXT VARIABILITY IN FACE LEARNING 4

The Effect of Variability in Appearance and Context on Face Learning

In daily life, successful social interaction requires recognizing other individuals
regardless of context and despite unpredictable changes that may occur between encounters.
Indeed, besides stable and variable facial characteristics idiosyncratic to an individual
(Burton et al., 2016), such as constrained by bone and muscular structure, faces may vary on
multiple dimensions due to changes in appearance (hairstyle, makeup, accessories), age,
weight or health. The aspect of a face may also differ more or less drastically due to external
conditions such as lighting or the observer’s viewpoint. These changes have been shown to
impair performance in recognition tasks (Bruce, 1982; Davies & Milne, 1982; O’Toole et al.,
1998; Righi et al., 2012), even among professionals trained daily in face recognition, such as
passport or police officers (Burton et al., 1999; White, Kemp, et al., 2014). However, this
effect applies mainly to unfamiliar faces, which are suggested to be processed primarily at an
image-based level (Hancock et al., 2000; Megreya & Burton, 2006). In contrast, recognition
of familiar faces is relatively resistant to such variations, as familiarity supports the formation
of a stable internal representation of the face (Hancock et al., 2000; Jenkins et al., 2011;
Jenkins & Burton, 2011).

Although unexpected variations hinder facial recognition, a substantial body of
research has demonstrated that exposure to these variations during learning contributes to the
development of robust facial representations (Andrews et al., 2015; Baker et al., 2017; Bruce,
1994; Corpuz & Oriet, 2022; Dowsett et al., 2016; Kramer, Young, et al., 2018; Matthews et
al., 2024; Menon et al., 2015; Reedy & Devue, 2019; Ritchie & Burton, 2017). Importantly,
this effect appears to be driven specifically by variability rather than mere exposure to faces
(Murphy et al., 2015). Indeed, Murphy et al. (2015) found that recognition of internal facial

features was enhanced when learning occurred through a large set of diverse ambient images,
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compared to repeated exposure to a limited number of identical images, even when the total
exposure time was the same.

From these observations, some authors have suggested that learning a face not only
involves learning its stable diagnostic features but also its idiosyncratic variability (Burton et
al., 2016; Mileva et al., 2020). Two main theoretical accounts have been proposed to
characterize the manner in which this idiosyncratic variability is accounted for in memory.
First, the different instances of a face could be stored as separate representations (Menon et
al., 2015). In this case, recognition would rely on the closest match between a face currently
presented and one of the stored instances. Alternatively, the averaging hypothesis (Burton et
al., 2005, 2016; Hancock et al., 2000; Jenkins et al., 2011; Koca & Oriet, 2023; Kramer,
Manesi, et al., 2018) suggests that these instances are integrated into a unified, abstract
representation through statistical learning (de Fockert & Wolfenstein, 2009). Across
encounters, diagnostic invariant features are extracted and progressively consolidated in
memory, whereas more variable ones are averaged out, describing how exposure to variations
may facilitate face learning and yield robust representations. Importantly, these accounts are
not mutually exclusive. Both average-based and instance-based representations may coexist
within the same psychological space (Kramer et al., 2015; Menon et al., 2015; Neumann et
al., 2013). Although cognitively demanding, such a system may maximize recognition
chances by allowing faces to be matched either to the average representation or to the specific
stored instances.

While the benefits of exposure to variability is well established, the respective
contribution of each source of variability remains to be clarified. Indeed, most previous
studies have relied on ambient images or videos, which favour ecological validity but limit
the ability to isolate the relative effect of the different sources of variability (Baker et al.,

2017; Corpuz & Oriet, 2022; Devue et al., 2019; Menon et al., 2015; Reedy & Devue, 2019;
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Ritchie & Burton, 2017; White, Burton, et al., 2014; Zhou et al., 2022). Amongst the multiple
parameters that may vary in ambient images, a specific positive impact of exposure to
variations in lighting and viewpoint has already been suggested (Hill et al., 1997; Liu et al.,
2009; Longmore et al., 2008; Yamanashi Leib et al., 2014). Both factors would facilitate the
formation of three-dimensional facial representations, more robust than initial image-based
representations, reducing the performance gap between familiar and unfamiliar faces.
Exposure to other types of variation, such as facial expressions, has more ambiguous effects
(e.g. Liu et al., 2015, 2016; Xu & Armony, 2024). In the current study, we examined the
specific role of variations in physical appearance and context on face learning. Indeed,
unexpected changes in appearance (e.g., in hairstyle, hair colour, makeup or paraphernalia)
are known to impair face recognition (e.g. Patterson & Baddeley, 1977; Toseeb, Keeble &
Bryant, 2012), across the whole familiarity range (Devue, Wride & Grimshaw, 2019).
Likewise, encountering faces out of context leads to recognition errors (Davies & Milne,
1982; Gruppuso, 2007; Smith & Handy, 2014). Therefore, it is plausible that exposure to
such variations during learning would specifically improve recognition performance.
Recently, the cost-efficient encoding hypothesis proposed a theoretical account that
focuses on the role of variations in physical appearance (or the lack thereof) in shaping the
formation of a face’s internal representation. The hypothesis proposes a coarse-to-fine
processing strategy, in which a face’s relative variability determines the way it is encoded. By
default, processing would assume stability and favour large-scale diagnostic information
(e.g., hair colour, head shape, or gross facial configuration) due to its low memory cost, with
a gradual encoding of finer details when variability in appearance is observed or
discrimination needs increase (Devue & de Sena, 2023). These finer representations become
more resilient to changes but incur a higher cognitive cost. For instance, when a person is

always seen with a consistent hairstyle, making their overall appearance very stable, the
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hairstyle becomes a reliable feature for recognition, providing it is sufficiently discriminant,
and the encoding of more detailed features ends up less valuable. In contrast, noticing and
anticipating variations in hairstyles across encounters prompts the refinement of inner
features, leading to better adaptation to subsequent changes. In other words, the distinct
representation of both external and internal facial details would be weighted according to
their relative variability, with diagnostic features defined as those that demonstrate the
strongest stability over time (see also Reedy & Devue, 2019).

This cost-efficient rationale can be extended beyond facial information to include
extra-facial cues such as context and clothing. For instance, when an individual is
consistently encountered in a unique setting and attire—such as a waiter at one’s regular
restaurant— these cues may become diagnostic of the person’s identity, reducing reliance on
fine-grained facial representations. The flipside, however, is that recognition may fail when
the person is encountered outside of this usual context. This account aligns with empirical
findings showing poorer recognition in the absence of contextual variability (Smith & Handy,
2014; Young et al., 1985). A classic illustration is the “butcher-on-the-bus” effect described
by Mandler (1980), in which a familiar individual is not recognized when seen in an
unexpected context. Taken together, these observations suggest that, under conditions of
limited contextual variability, recognition may depend on relatively coarse encoding
mechanisms.

The goal of the current study was to assess the specific contribution of variations in
facial appearance and in context on face learning. More specifically, we sought to replicate
the beneficial effects of variability reported in previous studies while disentangling the
underlying sources of this effect. To manipulate variability of facial appearance, identities
were shown with either one single hairstyle (“stable”) or multiple different hairstyles

(“variable”) across images during the learning phase. Likewise, to manipulate variability of
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context, identities were presented either within a single (“unique”) background or across
different (“multiple”) background scenes. To preserve the ecological quality of ambient
images and avoid artificially impoverishing the learning material, identical changes in
lighting and viewpoint were applied to faces in all conditions. To assess the quality of the
resulting facial representations, recognition was tested using images restricted to internal
facial features, with the idea that if they have been encoded coarsely, they would be less
likely to be recognised than if they have been encoded more finely. In Experiment 1, based
on the cost-efficient encoding hypothesis (Devue & de Sena, 2023), we expected both
variability in appearance and in context to reduce reliance on pictorial features, thereby
promoting more robust identity representations based on fine-grained facial information.
Accordingly, we predicted better recognition performance for faces learned under variable
compared to stable appearance conditions, as well as for faces associated with multiple
compared to unique identities.
Experiment 1

Method
Participants and sample size calculation

Sample size was computed using G*Power for four paired t-test (tails: two; effect
size: 0.25) with an alpha probability of 0.0125 (Bonferroni-Holm correction) aiming at 0.80
power. This gave us an estimation of 182 participants. This number was multiplied by an
inflation factor of 1.1703 which resulted in a total of 213 participants in relation with a
Pocock correction applied for sequential analyses.

We planned to perform sequential analyses with 2 interim steps: one at 84/180! and

the other planned at 2/3 of data collection. Pocock alpha-spending function was used to

1The initial planned sample size for the first step of the sequential analysis was a third of a total target
of 252 participants, that is 84 participants. However, we realised after collecting data for this first step
that an error in the order of operations used to compute the required sample size had led to an
overestimation of the final sample size. Namely, we had applied a Bonferroni correction to the alpha
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determine corrected alpha probabilities using the rpact library in R (see Lakens et al. (2021)).
Corrected alphas are 0.0294 for the first interim analysis, 0.0189 for the second and 0.0219
for the final analysis. Data collection was stopped for futility at 84 participants following an
equivalence test that resulted in the rejection of the null hypothesis for an interaction effect of
variability in appearance and variability of context on AUC (F(1,332) = 0.0883, p<0.001).

The final sample comprised 84 subjects (58 women, 26 men; mean age = 23.38, SD =
4.76) recruited using the participant pool of the Psychology department of the University of
Liege (N = 50), social media or word of mouth (N = 34). They all had normal or corrected-to-
normal vision. Students recruited via the participant pool were granted academic credits after
completion of the experiment. Data from participants with a mean response time above or
below 2.5 SD around the global mean of the participants were excluded and replaced by new
ones (N = 16).
Stimuli

Stimuli of faces consisted of pictures of sixteen young Caucasian women with neutral
expression originating from the Stirling/ESRC 3D Face Database (“pics.stir.ac.uk.”) (see
Supplementary Materials for selection criteria). Half of them were selected as targets whereas
the remaining were used as foils. For each target woman, we picked a batch of twelve photos
varying in lighting and viewpoint in the database. Six photos (2 left angled view, 2 right
angled view and 2 frontal view) were used for the learning phase whereas the remaining six
were used for the recognition task. Variability in appearance was introduced by changing the
hairstyle of the identity across the set of six to-be-learned images. For each actress, six
different hairstyles were produced in addition to the original one by pasting six distinct wigs

photographed in a matching orientation on the faces, using the GIMP software (The GIMP

threshold determined by the Pocock correction, rather than the opposite. After correction, the required
total sample size reached 213 participants (i.e. 71 per step).
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Development Team. (2019)), resulting in seven images with different hairstyle per identity.
Six images were used in the variable condition (including the natural hairstyle) and the
remaining one was used in the stable condition. There were four distinct sets of six wigs.
Each one was used on two actresses paired based on their visual similarity (i.e. overall head
shape, eye and eyebrow colour), so that one actress in a pair was learned as variable and the
other one as stable, which was counterbalanced across participants. In the stable condition,
we used images with a wig rather than natural hair to minimise potential confounds related to
differences in hair characteristics between the stable and variable conditions. In addition,
distinctive features (e.g. moles, pimples, piercings) were edited out and images were resized
to approximately 500 x 450 px (13.0 x 11.7 degrees of visual angle) so that internal features
would be within parafoveal vision (approximately 300 x 300 px; 8° x 8°). The original
background was replaced by a transparent field, allowing faces to be superimposed onto
background scenes (see Fig. 1). Face—background pairings were assigned pseudo-randomly
(see Procedure).

The scene stimuli consisted of 24 indoor and 24 outdoor scenes, selected from the

“Pexels” website (https://www.pexels.com). Scenes were resized to 750 X 450 px (19.5° x

11.7°).

The test set consisted of six pictures of each target identity, all of which were different
from those used during the learning phase (i.e. different combinations of lighting and view,
with a slightly different angle either way compared to learning images), along with six
pictures of a foil identity. Combinations of viewpoints and lightings were identical among the
pictures of targets and foils. Test faces were cropped around the chin and the forehead and
displayed on a grey background, with any visible hair concealed with the same grey (see Fig.

2). Image size was standardised to 600 x 600 px (15.7° x 15.8°).
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Fig. 1

Example of stimuli used in the learning phase of Experiment 1 and Experiment 2

Variability of appearance

Stable

Multiple

Variable

Variability of context

Unique

Notes. Images on the top row show an actress in the stable appearance and multiple context
conditions (same hairstyle, different scenes across pictures). Images on the bottom row show
the same actress in the variable appearance and unique context conditions (different hairstyle,
same scene across pictures). In both experiments, participants learned eight identities via six
images each. The combination of conditions in which each actress was learned was

counterbalanced across participants.

Procedure

Participants were tested individually in a windowless laboratory. Their head was
maintained at a distance of 60 cm from the screen by means of a chin rest. Tasks were
programmed on Python 3.8 using Psychopy packages (Peirce et al., 2019) and presented on a
52.7x29.65 cm LCD Philips monitor, with a screen resolution of 1,920 pixels x 1,200 pixels
and a refresh rate of 60 Hz. Eye movements were recorded with a Tobii Pro X3-120 eye-

tracker attached at the bottom of the screen, to investigate the distribution of overt attention
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during learning. The Tobii Pro X3-120 eyetracker was set at a sampling rate of 120Hz to
track binocular eye movements of the participants at 60cm from the screen. The eye tracker
was calibrated using the Tobii Pro Eye Tracker Manager with an 8-point calibration
procedure on a grey background (matching the default background of PsychoPy). Under
optimal conditions, the apparatus has an accuracy of 0.24°. The experiment consisted of two
main phases (learning and test; see Fig. 2) separated by a twenty-minute delay and followed
by a rating phase.

During the learning phase, participants were explicitly instructed to learn the face of
eight women who would appear within a scene, without further indication about these latter.
Each woman was presented via an individual learning block of six consecutive images
presented in a random order. Within a learning block, a central fixation cross triggered the
presentation of the stimulus image upon fixation for 750ms. Each stimulus was then shown
for 2500ms. The eight individual learning blocks were presented in a random order. Half of
the identities were learned with different hairstyles (variable condition) and the other half
with the same hairstyle (stable condition). In addition, half of the identities in each
appearance condition were shown against one single scene (unique context condition), and
the other half against six different scenes (multiple context condition; see Fig. 1). The pairing
between identities and scenes was determined pseudo-randomly, so that each scene was never
attributed twice, and with the following constraints. In the unique context condition, faces
were presented on the same indoor (two identities) or outdoor scene (two identities) across
presentations. In the multiple contexts condition, faces were shown on a three different
outdoor and three different indoor scenes on each presentation. Finally, the number of

individual association between identities and scenes was equivalent across participants.



APPEARANCE AND CONTEXT VARIABILITY IN FACE LEARNING

Fig. 2

Illustration of the experimental procedure

Learning phase

Stable and Unique

0.75s8

[ e

Variable and Multiple

0.75s

13

Delay phase (20min)

Test phase

0.75s

el
b~ Learned

Yes

Confidenq

S F I
’ ’ Learned
Confidence

Yes

Notes. The learning phase presents eight women identity with one or multiple hairstyles

(stable, variable appearance) in one or multiple scenes (unique, multiple context) across

pictures. Two resulting combinations are shown in the top panel. The delay phase consists of
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a 20min video devoid of face. The test phase consists of an Old/New recognition task

followed by a confidence assessment.

In sum, participants learned two identities in each combination of conditions and each
identity appeared in the different conditions in a counterbalanced manner across participants
to rule out any uncontrolled effect of idiosyncratic facial features. Following learning,
participants watched a twenty-minute nature video devoid of human faces, which served as
delay to ensure the investigation of long-term memory.

During the recognition phase, participants’ memory was tested with an old/new
recognition task. Test stimuli were 48 novel images of cropped inner facial features of the
eight actresses and 48 images of eight foil identities. Those 96 images were equally
distributed into two experimental blocks of 48 trials each. Each trial started with a cross that
needed to be fixated for 750ms to trigger the presentation of a test image for 1s. Participants
were asked to respond as fast and as accurately as possible by pressing the “z” or “p” keys on
the keyboard with their index fingers. If no response was recorded, the stimulus was replaced
by a grey screen with the question “Learned face?” (“Visages appris ?” in French). The keys
for “Yes” and “No” responses were counterbalanced across participants with the same
handedness. After a response was made, participants rated their confidence in their response
via a mouse click on a 1-3 Likert scale. Finally, an instruction to reposition fingers on the
response keys terminated the trial. The task was preceded by a training recognition session
with images of teddy bears to familiarize the subjects with the task.

Immediately after the recognition test, we asked participants to rate how dynamic, bold, and
interesting each identity seen during the experiment seemed to them on a 7-point Likert scale.

This task was implemented for exploratory purposes and will not be discussed further.



APPEARANCE AND CONTEXT VARIABILITY IN FACE LEARNING 15

Finally, we conducted a brief informal post-experimental interview, asking participants how
they processed variability across the learning images.
Eyetracking data processing

We averaged the position of each binocular recording to get single middle gaze points
and attributed an event label (“fixation” or “saccade”) to each sample using an adapted
python version of the MAD adaptative algorithm developed by Voloh et al. (2020). For each
trial, the algorithm iteratively calculates an adaptative velocity threshold for saccade
detection based on the median and median absolute deviation of the putative fixation
velocities of the trial. First, we linearly interpolated missing positions under 25ms of missing
values. Then, we applied a Savitsky-Golay filter to calculate positions, velocities and
accelerations and determined a velocity threshold. The onset and offset of each saccade were
established as the first sample that exceeded or dropped below the velocity threshold adjusted
for the local noise surrounding the saccade. All samples between saccades were classified as
fixations and subsequently grouped into individual fixation events. In order to eliminate
noise, fixation events below 80 ms were excluded (i.e. 2.60% of fixations)(Nystrom &
Holmgvist, 2010). For each learning picture, we defined three areas of interest (AOI) as

geometrical zones using the free software Labelme (https://labelme.io, Russell et al., 2008).

We used the label “face” to designate inner facial features, “hair” for hairstyles and “scene”
for the background scene. Recorded points that fell outside or on the edges between these
areas were labelled “other” (these represented 2.27% of total fixations). In this manner, each
individual fixation event was assigned an area of interest corresponding to the area most
frequently fixated across its constituent samples. Then, we calculated the percentage of
fixation and saccade durations within each AOI to facilitate comparisons across conditions.
To ensure that individual participants had sufficient data, we calculated the standard

deviation and average ratio of missing samples pre and post interpolation and the ratio of
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interpolated data across all files. We then counted the number of trials per participant that
exceeds 2SD above the mean of at least one of these criteria, with resulting threshold being
30,1% of missing data before interpolation, 21,1% of data interpolated, 17.6% of missing
data after interpolation. This enabled us to exclude participants with a number of trials greater
than 2SD above the mean number of trials excluded (M = 5.70; SD = 9.33) across
participants. We also decided to exclude participants who had less than 8 valid trials out of 12
per condition. This resulted in the exclusion of 16 participants. All the trials from the
remaining 68 participants were retained for the eyetracking analyses. The preprocessing code
is publicly available on OSF (osf.io/msruw).
Results

For each participant and condition, ROC curves were calculated with R using the
pROC library (Robin et al., 2011) with response and confidence ratings as input. Response
times (RT) below 300ms or exceeding three standard deviations from the participant’s mean
were treated as outliers. This resulted in the exclusion of 152 trials (i.e. 1.88%). Recognition
performance was analysed using a two-way repeated measures Analysis of Variance
(ANOVA) with variability in appearance (stable, variable) and context (unique, multiple) as
within-subject factors on mean Area Under ROC Curves (AUC) and mean correct response
time . As a reminder, the corrected alpha for of the analyses is =0.0294. In addition to pre-
planned analyses, criterion data and proportion of fixation durations on each AOI were also
analysed to investigate response bias and explore the distribution of attention across
variability levels during learning. For the sake of space and clarity, additional analyses are
reported as Supplementary Information. These include confidence ratings analyses using
repeated measures ANOVA, as well as complementary generalized linear mixed-effects
models analyses on AUC, correct response times and hit rates with fixation duration on inner

features as cofactors.
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Accuracy

Results are shown on Fig. 3. As predicted, there was a significant main effect of
appearance, with a substantial effect size. AUCs were larger for variable faces (Mvariable =
0.78, SDvariable = 0.14) than for stable faces (Mstable = 0.74, SDstanle =0.17), F(1,83) =11.98, p
<0.001, % = 0.13. However, in contrast with our hypotheses, there was no main effect of
context, faces associated with multiple contexts (Mmuttiple = 0.76, SDmuttiple = 0.15) were not
significantly recognized better than faces associated with a unique context (Munique = 0.76,
SDunique = 0.16), F(1,83) < 1, p = 0.65, #%» < 0.01, and the interaction was not significant,

F(1,83) <1, p=0.77, 5% < 0.01.

Fig. 3

Accuracy results of Experiment 1

a b Context
1.00 - Multiple
— A
//‘ ,,/"‘\
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4 £ {x \
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= / 20754 | J
= 0.50 / 2 ,{
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o Unique - Variable P \ /
© o) \|/
2 —— Unique - Stable s 0.50 4 \ |/
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~—— Multiple - Variable Wﬂ f
Multiple - Stable 0.25 4 \‘;
0.00 4 |
e 0 0.50 0.75 1.00 Stable  Variable Stable  Variable

False Positive Rate Appearance

Notes. (a) ROC curves and (b) Mean Area Under ROC curve (AUC) per appearance and
context condition within a blocked learning procedure. Mean values are represented by the
black dot, boxplots show the distribution in quartiles, while the violins’ width represents

performance distributions across participants.
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Correct response time

Results are shown on Fig. 4. Two participants were not taken into account in this
analysis because they had no correct response in one of the conditions. There was no
significant main effect of appearance (Mstanie = 1300.55mS, SDstable = 660.99mMS, Mvariable =
1266.53ms, SDvariable = 655.60ms), F(1,81) = 1.56, p = 0.22, #°p < 0.01, or of context (Munique
=1263.06ms, SDunique = 644.02ms, Mmuttiple = 1302.18ms, SDmuttiple = 671.80ms), F(1,81) =
0.34, p = 0.56, °» <0.01, on correct RT. There was also no significant interaction between

appearance and context, F(1,81) = 2.06, p = 0.16, #?» = 0.02.

Fig. 4
Correct response time results of Experiment 1

Context

Multiple Unique

3000 1

2000 1 ‘ ‘

1000 4 |

Mean correct RT (ms)

Stable Variable Stable Variable
Appearance

Notes. Mean response time per appearance and context condition within a blocked learning
procedure. Mean values are represented by the black dot, boxplots show the distribution in

quartiles, while the violins’ width represents performance distributions across participants.
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Response bias

We examined criterion ¢ using the same ANOVA. Participants were more
conservative for stable faces (Mstabie = 0.06, SDstable = 0.50) than variable faces (Mvariable = -
0.05, SDvariantle = 0.46), as indicated by a significant main effect of appearance with a
moderate effect size, F(1,83) = 9.54, p = 0.003, % = 0.10. However, there was no significant
main effect of context (Munique = 0.01, SDunigue = 0.49, Mmuttipte = -0.01, SDmuttipte = 0.47,
F(1,83) <1, p =0.73, #?» < 0.01) and no significant interaction, F(1,83) <1, p = 0.86, #°p <
0.01.
Eyetracking data

We analysed proportion of fixation durations using linear mixed-effects models rather
than repeated-measures ANOVA, as mixed models provide greater flexibility in handling
missing data and unbalanced designs. To assess whether Appearance and Context influenced
the distribution of visual attention across areas of interest (AOIs), we first fitted a global
model including AOI as a factor along with its interactions with Appearance and Context.
However, this model showed substantial multicollinearity and instability (e.g., high variance
inflation factors and boundary fit), which limited the interpretability of higher-order
interactions. Therefore, to obtain more stable and interpretable estimates, we conducted
separate linear mixed-effects models for each AOI. To account for multiple comparisons
across AOls, p-values were adjusted using the Holm—Bonferroni correction. For
completeness, the results of the global model are reported in the Supplementary Materials.

For each AOI, we first fitted a model including the main effects of variability in
appearance and context as fixed effects and participants’ intercept as a random effect. We
then added their interaction to test whether the effect of one factor depended on the other.
First, we found that variability in appearance was a good predictor of the proportion of time

spent on inner features (# = -0.0223, SE = 0.007, t(3194) = -3.32, p = 0.002) with stable faces
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(Mstable = 0.91, SDstanle = 0.18) fixated more than variable faces (Mvariabie = 0.88, SDvariable =
0.23), but we found no significant effect of variability of context (5 = -0.007, SE = 0.007,
t(3194) = 1.07, p = 0.57). There was no interaction between appearance and context (5 = -
0.022, SE = 0.013, t(3193) = -1.65, p = 0.40). Second, variability in appearance was also a
good predictor of the ratio of time spent on the hair (5 = 0.014, SE = 0.005, t(3194) = 2.84, p
= 0.004) with hair of stable faces (Mstable = 0.06, SDstable = 0.14) fixated less than the hair of
variable faces (Mvariable = 0.08, SDvarianle = 0.17), suggesting that changing hairstyles attracted
the eyes at the expense of inner features. We found no significant effect of context (5 = -
0.009, SE = 0.005, t(3194) = 1.85, p = 0.19) and no significant interaction (# = 0.015, SE =
0.010, t(3193) = 1.50, p = 0.40) on the fixation duration on hair. Third, variability in
appearance (f = -0.011, SE = 0.003, t(3194) = -3.89, p < 0.001) was a good predictor of
proportion of time spent on scenes (# = -0.015, SE = 0.003, t(3194) = -5.47, p < 0.001) with
stable faces’ scenes (Mstable = 0.03, SDstable = 0.10) fixated more than variable faces’ scenes
(Mvariable = 0.02, SDvariable = 0.08). We also found a significant effect of variability of context
(8 =-0.015, SE = 0.003, t(3194) = -5.47, p < 0.001) with scenes in multiple condition
(Mmuttiple = 0.03, SDmurtiple = 0.11) fixated more than scenes in unique condition (Munique =
0.02, SDunique = 0.07). The interaction was not significant, (# = 0.008, SE = 0.006, t(3193) = -
1.37, p = 0.40).

We also checked whether our experimental conditions influenced the ratio of time
spent outside of the AOIs, expecting no influence. Nevertheless, we found a significant effect
of appearance (5 = 0.018, SE = 0.004, t(3194) = 4.78, p < 0.001) with stable faces (Mstable =
0.01, SDstanle = 0.06) associated with less fixations outside of the image than variable faces
(Mvariable = 0.03, SDvariable = 0.14). This result moderate the conclusion that participants’

attention was solely directed to the hair whenever it was variable. No significant effect of
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context (# = -0.001, SE = 0.004, t(3194) = -0.32, p = 0.75) nor significant interaction (5 = -

0.001, SE = 0.008, t(3193) = -0.13, p = 0.90) were found. Results are shown in Fig. 5.

Fig. 5

Time spent on each AOI per condition in Experiment 1
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boundary between hair and faces or neck and shoulders, “scene” to the background scene.

Error bars show 95% CI.

Discussion

In Experiment 1, we examined the distinct effect of appearance and context on
accuracy and recognition speed. As expected, and in accordance with previous face learning
studies suggesting that variability allows face representation to move beyond image-level

properties (Baker et al., 2017; Corpuz & Oriet, 2022; Hancock et al., 2000; Kramer, 2021;
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Murphy et al., 2015), faces with a variable appearance were better recognized than stable
ones. The cost-efficient encoding hypothesis suggests that variations in appearance induce a
more resolute encoding of the internal features by disengaging resources from changeable
external or internal components. However, this disengagement was not observed through eye
movement patterns during learning as participants spent less time looking at the internal traits
of variable faces than of stable faces, and more time looking at hair for variable than for
stable faces. As pictures were shown by block of identity, it is possible that the gaze of the
participant was attracted to the hair which was the most salient feature to change across
images. In line with Murphy et al. (2015), this suggests that the time spent viewing a face is
not as decisive to predict success in recognition and further indicates that inner features of
variable faces were somewhat processed more efficiently than inner features of stable faces.
In addition, participants were also more prone to a liberal response bias and more confident in
telling that a face was old based on inner features when it was learned with variations of
appearance compared to a stable appearance (see Supplemental materials; see also Menon et
al., 2015).

Contrary to our predictions, performance for faces shown on multiple and unique
scenes was similar. This contrasts with previous experiments that showed a reliable influence
of contextual information during face learning (Andrews et al., 2015; Dalton, 1993; Smith et
al., 2014; Young et al., 1985). However, this null finding aligns with recent findings by
Nguyen et al. (2026) in a similar face learning task. They manipulated background variability
with naturalistic or artificial images and found it does not improve generalization. Crucially,
in their experiment and in the current one, individual faces were learned via separate identity
blocks. Such learning blocks could in themselves produce a supervised learning context,
reducing the need to process external clues to support learning (Cavazos et al., 2019). We

tested this hypothesis in a second experiment, by moving from a blocked presentation of



APPEARANCE AND CONTEXT VARIABILITY IN FACE LEARNING 23

individual identities to a randomized one. By doing so, we switched from supervised to
unsupervised learning as the participants would now need to tell pictures from the same
identity together themselves while learning. In this experiment, we expected a unique context
and stable hairstyle to serve as identifying cues that would help participants match different
images of the same person during learning, thereby providing an anchor for building reliable
facial representations. Therefore, we predicted greater recognition performance for unique
context than for multiple contexts and for stable appearance compared to variable
appearance.
Experiment 2

This second experiment follows the same analyses plan as the first one, except that

alpha risk was set back to 0=0.05 since no sequential analysis was planned. The experimental

design and hypotheses were pre-registered on OSF (https://osf.io/58fsz/).

Methods
Participants

The final sample size was identical to that used in Experiment 1, i.e. 84 subjects (79
women, mean Age = 19.69, SD = 2.44), which proved powerful enough to discover meaningful
effects within our learning paradigm. We increased the exclusion criterion from 2SD to 2.5SD
around the mean of response times as the previous criterion was too conservative. This resulted
in the replacement of 4 participants.
Material and procedure

The materials and procedure were identical to those used in the first experiment,
except that the learning phase presented individual identities in a random order instead of a
blocked presentation. Response times (RT) faster than 300ms or exceeding three standard
deviations from the participant’s mean were identified as outliers. This resulted in the

exclusion of 182 trials (i.e. 2.25%). Due to practical organizational constraints, eye tracking
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data could not be acquired and fixation crosses between each trial were therefore presented
for a fixed duration of 750 ms. The final rating task was also removed.
Results
Accuracy

Results are shown in Fig. 6. AUC, used to reflect accuracy, for stable faces (Mstable =
0.77, SDstavle = 0.16) and variable faces (Mvariable = 0.77, SDvariable = 0.17), was not
significantly different, F(1,83) < 1, p =0.86, #°p < 0.01. AUC for faces associated with
unique (Munique = 0.77, SDunique = 0.16) and multiple contexts (Mmuttiple = 0.77, SDmuttipte =
0.17) was also comparable, F(1,83) <1, p =0.91, #°» < 0.01, and there was no significant

interaction, F(1.83) <1, p=0.81, % < 0.01.

Fig. 6
Accuracy results of Experiment 2
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Correct response time

Results are shown in Fig. 7. One participant was not taken into account in this
analysis because they had no correct response in one of the conditions. There was no
significant main effect of appearance (Mstavle = 1256.37ms, SDstable = 705.07ms, Mvariable =
1219.45ms, SDyariable = 656.47ms)?, F(1,82) = 3.37, p = 0.07, #?p = 0.04, and no significant
main effect of context (Munique = 1229.02mS, SDunique = 701.50mSs, Mmuttiple = 1247.22ms,
SDmuttiple = 660.68ms), F(1,82) < 1, p = 0.49, 5%p < 0.01. There was no significant interaction

between appearance and context, F(1.82) <1, p = 0.40, #°p < 0.01.

Fig. 7

Correct response time results of Experiment 1
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2 Note that the linear mixed-effect model shown in Supplementary materials indicates a small but
significant effect of appearance on correct RTs, with variable faces recognised faster than stable
faces. We opted to not discuss this finding further, to maintain a conservative interpretation of our
results.
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Notes. Mean response time per appearance and context condition within a blocked learning
procedure. Mean values are represented by the black dot, boxplots show the distribution in

quartiles, while the violins’ width represents performance distributions across participants.

Response bias

Participants’ criterion was neutral for stable faces (Mstable = 0.001, SDstable = 0.52) and
for variable faces (Mvariable = 0.02, SDvariantle = 0.49), with no significant difference between
them, F(1,83) <1, p = 0.67, n°» < 0.01. It was also similarly neutral between unique (Munigue
= 0.002, SDunique = 0.50) and multiple contexts (Mmutiple = 0.02, SDmurtiple = 0.51), F(1,83) < 1,
p =0.67, n’p = 0.01. There was no significant interaction between our two variables, F(1,83)
<1,p=0.85 %% <0.01
Discussion

In Experiment 2, we investigated the influence of variability in appearance and
context with a randomized presentation of images of individual identities during learning.
Contrary to our predictions, we did not find any significant effect of appearance or of context.
Our results are at odds with other lab-based studies that reliably demonstrate a benefit of
uncontrolled variability (e.g. Burton et al., 2016; Murphy et al., 2015). However, studies
using more ecological learning procedure tend to have more nuanced conclusions. In a
seminal study, Devue and de Sena (2023) capitalized on natural exposure to celebrities in
everyday life to investigate the effect of real-life variability on face learning. They asked
participants to recognize the inner features of celebrities according to their fame and their
propensity to change appearance. For the most famous celebrities, they found that the
exposure to more variations in appearance helps to build a more reliable representation of
their internal facial features compared with the exposure to less variability. However, among

the lesser-known celebrities, they found the opposite pattern suggesting that stability is more
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helpful in the early stages of familiarisation, but that variability becomes more valuable at
later stages. In the current experiment, we tested the recognition of unfamiliar faces at an
early stage of familiarisation but with the explicit incentives to focus on learning the faces
with a short delay between learning and recognition. Therefore, it is possible that the testing
phase occurred at the point when familiarisation shifted from stability-reliant to variability-
sensitive, thus leading to no observable difference between conditions.

Contrary to our predictions, the performance for faces associated with unique and
multiple contexts during learning remained comparable. This could indicate that the new
learning procedure did not imbued background scenes with the expected additional value of
visual learning anchor. In an informal post-experimental survey, a considerable number of
participants reported that they voluntarily ignored the context because it seemed distracting.
Some of them also reported that they started ignoring hairstyle after realising that it could
change from one image to another. This raises the question of whether the randomisation
yield other strategies than the hypothesised learning anchor ones, and whether performance
has improved or decreased in Experiment 2 compared to Experiment 1.

Cross experiment analyses

We conducted additional exploratory analyses to compare recognition performance
between blocked learning (Experiment 1) and randomized learning (Experiment 2). The goal
was to assess the influence of learning procedure on face recognition and its interaction with
appearance. Two scenarios could account for the differences in appearance variability effects
observed across experiments. First, performance for variables faces could be superior in in
Experiment 1 compared to both stable and variable faces in Experiment 2, suggesting that
appearance variability benefits face learning only when it is salient, as in blocked learning
conditions. Alternatively, performance for stable faces could be lower in Experiment 1

compared to both stable and variable faces in Experiment 2, indicating that stable appearance
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may hinder learning, potentially due to reduced engagement across successive similar
images. Therefore, in order to compare the two experiments, the data were submitted to a
mixed ANOVA with appearance (stable, variable) and context (unique, multiple) as within-
subject factors and learning procedure (blocked, randomized) as between-subject factor on
our three measures of interest.

Results

Accuracy

There was no significant main effect of context, F(1,166) < 1, p = 0.84, n’p < 0.01,
with comparable mean AUC for unique (Munigue = 0.76, SDunique = 0.19) and multiple contexts
(Mmuttiple = 0.77, SDmurtiple = 0.16). There was no significant main effect of learning procedure,
F(1,166) <1, p = 0.46, n*p < 0.01, with comparable performance following blocked learning
(Mbiocked = 0.76, SDplocked = 0.15) and randomized learning (Mrandomized = 0.77, SDrandomized =
0.17). However, there was a significant main effect of appearance (Mstabie = 0.75, SDstable =
0.16, Muariable = 0.78, SDvariable = 0.16), F(1,166) = 4.12, p = 0.04, °p = 0.02, qualified by a
modest but significant interaction with learning procedure, F(1,166) = 5.29, p =0.02, % =
0.031. No other two-way interactions were significant (appearance by learning procedure,
F(1,166) <1, p =0.71, n’p < 0.01, variability of context by learning procedure, F(1,166) < 1,
p =0.71, n°p < 0.01). The three-way interaction was not significant either, F(1,166) <1, p =
0.97, 5°p < 0.01.

We explored the interaction between appearance and learning procedure by means of
pairwise t-tests with Bonferroni-Holm correction, which revealed that AUCs for stable faces
in blocked learning (Mbiocked = 0.74, SDbiocked = 0.17) was smaller than AUCs for stable faces
in randomized learning (Mrandomized = 0.77, SDrandomized = 0.16), t(1,167) =-1.98, p = 0.049, d
=-0.15. In contrast, AUC for variable faces in both learning procedures were not

significantly different, t(1,167) = 0.66, p = 0.51, d = 0.05. Results are shown in Fig. 8.
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Fig. 8
Accuracy results across experiments, as a function of appearance and learning procedure
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dot, boxplots show the distribution in quartiles, dotted lines join the mean AUC values across
experiment for each appearance condition, while the violins” width represents performance

distributions across participants.

Correct response time

We found a significant effect of appearance with longer response time for stable faces
(Mstable = 1276.78ms, SDstable = 670.60ms) than for variable faces (Mvariable = 1241.09ms,
SDvariable = 645.26ms), F(1,163) = 4.68, p = 0.032, #?p = 0.03. There was no significant main
effect of context (Munique = 1243.07ms, SDunique = 654.72mMS, Mmultiple = 1274.15ms, SDmultiple =

660.98ms F(1,163) < 1, p = 0.35, #%» < 0.01) and no significant main effect of learning
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procedure (Mpiocked = 1281.72ms, SDbiocked = 652.91mS, Mrandomized = 1235.84mS, SDrandomized =
662.23ms, F(1,163) < 1, p = 0.58, #?» < 0.01). No significant interaction effect was found nor
between variability in appearance and context, F(1,163) =2.12, p = 0.15, % < 0.01, nor
between variability in appearance and learning procedure, F(1,163) <1, p = 0.80, % < 0.01,
nor between variability of context and learning procedure, F(1,163) <1, p = 0.78, #°» < 0.01.
The three-way interaction was not significant either, F(1,163) < 1, p = 0.51, ’p < 0.01.
Response bias

We found no significant main effect of variability in appearance (Mstable = 0.03,
SDstable = 0.51, Mvariable = -0.02, SDvariable = 0.48), F(1,166) = 2.54, p = 0.11, °» = 0.02. There
was also no significant main effect of variability of context (Munique = 0.004, SDuynique = 0.50,
Mmuttiple = 0.006, SDmuttiple = 0.49), F(1,166) < 1, p = 0.94, °» < 0.01. There was no
significant main effect of learning procedure (Moiocked = 0.0004, SDbiocked = 0.48, Mrandomized =
0.01, SDrandomized = 0.51), F(1,166) < 1, p = 0.87, #°p < 0.01. There was a very small but
significant interaction effect between appearance and learning procedure, F(1,166) = 5.16, p
=0.03, #%p < 0.01. However, we found no significant interaction effect of appearance and
variability of context, F(1,166) < 1, p = 1.00, % < 0.01; nor between variability of context
and learning procedure, F(1,166) < 1, p = 0.58, #%» < 0.01. The triple interaction was not
significant neither, F(1,166) < 1, p = 0.80, % < 0.01.

We examined the interaction between appearance and learning procedure using
pairwise t-tests with Holm—Bonferroni correction. However, this analysis revealed no
significant difference of criterion for stable faces between blocked learning and randomized
learning, t(1,167) = 0.98, p = 0.33, d = 0.08, and no significant difference in criterion for

variable faces in both learning procedures, t(1,167) =-1.36, p = 0.18, d = -0.10.
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Discussion

Across experiments, accuracy was higher in the variable condition than in the stable
condition. However, the interaction between appearance and learning procedure indicated
that this main effect was driven by a decline in performance for stable faces following the
blocked learning procedure used in Experiment 1. Indeed, in Experiment 2, performance for
stable faces increased to reach similar levels as with variable faces in both experiments. A
key aspect of the second experiment is the unsupervised type of learning resulting from the
randomised presentation. This implicitly required from participants to assess whether each
picture matched any of the previously encountered identities for which they had started to
build representations. We expected that a unique context and consistent hairstyle of stable
faces would facilitate this process. In contrast, it seems that the blocked presentations of
individual identities in Experiment 1 may have dissuaded participants from attending to
internal features in the stable condition, perhaps because successive pictures did not
challenge the budding representations of those faces. In other word, following a blocked
learning procedure, stability in appearance hindered recognition performance, likely due to a
lack of attentional engagement across presentations during learning. An alternative
hypothesis is that variability in appearance and randomisation similarly benefit face
abstraction but are not cumulative. While our experiment does not adjudicate between these
two explanations, our findings suggest that randomization allowed the diagnostic internal
features of all faces to be processed with similar efficiency. This interpretation aligns with
some participants’ self-reports, which indicated that they focused on internal features of all
faces once they realized that hairstyles could change. Importantly, the cross-experiment
analysis rules out the possibility that images were processed independently during learning
due to difficulty matching different instances of the same face, as performance with variable

faces was comparable across experiments.
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General discussion

Previous face learning studies have provided convergent evidence toward a positive
effect of exposure to uncontrolled variations on recognition performance using ambient
pictures and videos (Baker et al., 2017; Corpuz & Oriet, 2022; Ritchie & Burton, 2017; Zhou
et al., 2022). In the current study, we examined the specific effect of variability in appearance
and variability of context, using rich learning materials that incorporated changes in
viewpoint and lighting. Specifically, we compared recognition of faces learned with a
variable or a stable appearance (variability in appearance, manipulated via hairstyle), against
a unigue or multiple background scenes (variability of context), in two experiments involving
different learning procedures (blocked per identity in Experiment 1, randomised in
Experiment 2). While faces were learned via full headshots, we tested recognition with
images of inner features devoid of their peripheral features and context. We expected that
conditions that promote refinement of inner facial features (i.e. variable appearance and
multiple contexts in Experiment 1), or that provide learning anchors (i.e. stable appearance
and unique context in Experiment 2) would lead to higher recognition performance. In
Experiment 1, participants recognized inner features of variable faces better than those of
stable faces, despite spending less time watching them during learning. In contrast, in
Experiment 2, recognition performance for inner features was comparable in both appearance
conditions. Contrary to our expectations, variability of context during learning did not
significantly impact recognition performance in either experiment. Overall, although the
effect of appearance depends on the learning procedure, our results suggest that appearance
variability significantly contributes to finer encoding of inner features, beyond the benefits of
other visual cues known to support the development of rich three-dimensional facial
representations (i.e., changes in lighting and viewpoint; Hill et al., 1997; Liu et al., 2009;

Longmore et al., 2008; Yamanashi Leib et al., 2014).
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In Experiment 1, we employed a learning procedure in which stimuli were blocked by
identity, similar to that used in most previous face learning studies (Baker et al., 2017;
Corpuz & Oriet, 2022; Reedy & Devue, 2019; Ritchie & Burton, 2017). In this format,
learning is effectively supervised, as all instances of a given identity are presented
sequentially, without the need to recognize different instances or discriminate them from
other identities across presentations. As such, blocked learning creates a context in itself, in
which learning may be facilitated compared with real-life situations where identity
information is not explicitly provided and must be inferred by the observer. Our results
suggest that in this situation, face learning benefits from variability in appearance, which is in
line with previous research manipulating within-person variations through ambient images
(Andrews et al., 2015; Baker et al., 2017; Bruce, 1994; Corpuz & Oriet, 2022; Dowsett et al.,
2016; Kramer, Young, et al., 2018; Matthews et al., 2024; Menon et al., 2015; Reedy &
Devue, 2019; Ritchie & Burton, 2017) and with the cost-efficient hypothesis on which we
based our predictions. In the absence of variability in appearance, face learning would
prioritize global information, such as hairstyle, as these features are not expected to change
and are less demanding in terms of cognitive resources. By contrast, exposure to variability in
appearance would favour refinement of facial representations toward more costly internal
features, explaining the benefit in recognition performance we found for internal facial
features. Moreover, our eye-tracking data demonstrate that the benefit from variability on
recognition performance occurs despite a decrease in overt attention towards inner facial
features during learning. This suggests that variability may promote more exploration of the
face, which would help the extraction of finer inner facial diagnostic details, whereas longer
fixations on the inner features of stable faces may reflect a holistic processing, overly reliant

on coarse facial information (.i.e. peripheral features and gross facial configuration).
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In Experiment 2, we moved from a blocked to a randomised learning procedure, in
which multiple instances of an individual face interspersed amongst others must be matched
with a budding representation for learning of that identity to occur. The aim was to
investigate the effect of variability in appearance and in context within an unsupervised
learning procedure, which better reflects the unpredictability of daily life encounters. By
removing supervision, we expected more reliance on large-scale visual cues such as the
hairstyle and context in order to match faces together across presentations. More specifically,
our prediction was that stable hairstyle and unique context would serve as reliable cues for
face matching, which would enable face learning to capitalize better on the exposure to
multiple different pictures of a given face and allow a higher level of abstraction compared to
variable faces and multiple contexts. Contrary to our predictions and to Experiment 1, we
found no significant effect of variability in appearance on recognition of inner facial features.
Like in Experiment 1, contextual variability did not significantly affect facial recognition
either. In other words, in conditions that better reflect real-world temporal settings, face
learning does not necessarily benefit from variability.

Although not planned initially, supplementary cross-experiment analyses indicated
that recognition performance for stable faces was higher in Experiment 2 (randomised
learning) than in Experiment 1 (blocked learning) and reached levels comparable to those
observed for variable faces in both experiments. This interaction reproduces the numerical
pattern of results found in Cavazos et al. (2019). In a similar supplementary cross-experiment
analysis, they compared two experiments in which the learning procedure (either blocked or
randomized) was manipulated, with four different ambient images shown during learning (i.e.
multiple images, Experiment 1) or a unique image repeated four times (i.e. single image,
Experiment 2). They found a non-significant interaction between image variability and

learning procedure, with worse recognition performance in the single image condition only
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with a blocked learning procedure. They concluded that variability improves recognition by
promoting a representation that supports generalization, provided that participants manage to
group images of identities together. Rather than reflecting a benefit of variability for
abstraction when learning is blocked, we propose that stable faces in such learning context
induce an overreliance on image-specific encoding strategies, accompanied by reduced
attentional engagement across instances. Indeed, both Cavazos et al. (2019) and our study
show a performance decrease for stable faces rather than an increase for variable faces when
switching from randomized to blocked learning. In contrast, randomized presentation appears
to mitigate the disadvantage of stable faces by encouraging the re-engagement of resources
across presentations and the formation of more robust, identity-level representations.
Although exploratory, our findings indicate that multiple sources of variability may interact
during face learning, highlighting the importance of examining each factor independently.

In a recent paper, Raviv et al. (2022) identified four types of variability that may
promote generalization and abstraction across a wide range of domains (e.g., visual
perception, motor learning, or language). Specifically, they distinguish the set size of
exemplars presented in a task (i.e. numerosity), the magnitude of differences between
exemplars (i.e. heterogeneity), the range of environments in which the exemplars are
presented (i.e. contextual diversity) and the variability of presentation order and/or temporal
spacing (i.e. scheduling). In line with Raviv et al. (2022), our findings suggest that both
heterogeneity, operationalized through variations in hairstyles, and scheduling, manipulated
via learning procedure, may lead to finer face learning. Raviv et al. (2022) proposed two
mechanisms through which heterogeneity may benefit learning. First, exposure to a large set
of diverse images may increase the likelihood that at least one image closely matches the test
image. Our findings rule out this first explanation, given that test images included only

internal facial features and excluded the hairstyle, which constituted the source of
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heterogeneity. Second, exposure to heterogeneity may provide statistical information about
the idiosyncratic variability of individual faces, which may help extract their diagnostic stable
features and establish accurate identity boundaries. Besides, variations in scheduling may
benefit learning by encouraging active retrieval and attention engagement across successive
encounters with a face. Although both types of variability may yield similar benefits for
recognition performance, their non-additive effects suggest that they rely on distinct yet
partially overlapping cognitive mechanisms.

Raviv et al. (2022) also suggested that contextual diversity may facilitate
generalization by decoupling stimuli from the context in which they are presented. In our
study, we isolated the effect of contextual diversity by showing faces either on a unique or
multiple background scenes. The presentation of isolated inner features at test allowed
assessing whether these features had been successfully decontextualized. In Experiment 1
using a blocked learning procedure, we expected multiple background scenes to promote the
decontextualization of inner facial features, hence improving their recognition, whereas in
Experiment 2, we predicted that a unique background would serve as a staple cue to match
the instances of a given face together to capitalize on the numerosity of exemplars. However,
we did not observe any significant effect of context variability in either experiment. These
findings are consistent with a recent face learning study by Nguyen et al. (2026), who
reported across five experiments that neither contextual variability nor augmentation (i.e.,
artificially introduced visual noise applied to faces) impacts face learning. Overall, these
results suggests that only heterogeneity pertaining to ingrained features of a person affects
face learning.

We note however that our protocol may have biased attention toward the face at the
expense of the context, potentially limiting contextual encoding. Indeed, the instructions to

remember the face, as well as their prevailing size and position at the centre of the screen,
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may have led participants to focus on the face at the expense of the context. In the second
experiment, we modified the learning procedure by adopting a randomized procedure of
presentation to give greater weight to the context in an implicit way. However, this
manipulation had no significant impact on subsequent recognition performance. By adopting
instructions that reinforce the association between face and context (Baddeley & Woodhead,
1982) one may uncover an effect of the variability of context as observed in real life. An
alternative explanation resides in the dual-processing hypothesis, which stipulates that
recognition and recollection rely on different mechanisms. While recollection necessitates the
activation of the full contextual representation associated with a memory, recognition is
driven exclusively by the familiarity signal elicited by the presented cue (Mandler, 1980;
Smith & Vela, 2001). Thus, when the facial signal alone suffices for recognition, consulting
contextual cues becomes unnecessary. Overall, our recognition task may thus not be optimal
for detecting an effect of contextual variability.

An alternative explanation could have to do with the artificial nature of our contextual
manipulation that undermined a potential effect. In real-world settings, encounters in
different contexts tend to be distributed over longer time periods. Further, contextual cues are
way richer, comprising three-dimensional visual information extending beyond the frame
limits of a mere picture, but also information from different sensory modalities, as well as
semantic and personally relevant information related to our objectives. In contrast, in our
laboratory experiment, multiple contexts associated with each face were presented in
successive images with brief temporal intervals between exposures. This condensed
presentation of identities may have obscured the facilitating role of contextual cues as a
support in face matching during learning. Future studies should examine whether and how the
delay between presentations of different face image exemplars interact with the visual context

to shape face learning.
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Another limitation of our experiment resides in the artificial construction of our facial
stimuli, whereby a series of wigs were superimposed on actresses. While we made efforts to
match the orientation of our wigs (photographed from different angles) to the orientation of
models in the Stirling database, some resulting images may have attracted attention more than
others, overemphasising that impact of variability. In addition, one of the variable face
images we used for each identity was an original picture showing natural hairstyle. With the
exception of one identity, these images depict women with their hair pulled back and their
ears visible, which was not the case for any of the photoshopped hairstyles. This additional
information may have contributed to the development of more robust representations for
variable faces. Hence, although all other hairstyles in the stable and variable conditions were
photoshopped wigs, we cannot rule out the possibility that the benefit of variable appearance
we found in the blocked learning experiment was partially due to participants seeing the
identity with a more natural look. Nevertheless, the fact that stable and variable faces were
recognised in a comparable manner in Experiment 2 mitigates that concern, and the cross
experiment comparison points to more plausible explanations (i.e. in terms of learning
procedure affecting the way stable and variable faces are processed).

A last limitation of our study is its exclusive use of Caucasian female faces. Western
cultural norms allow for more variable hairstyle in women than in men, opening the door to
recreate these variations in an experiment without introducing confounds due to unexpected
or less natural looking appearances. This may however limit the generalizability of our
findings, and future studies should investigate whether and how the effect of appearance
variability vary across gender.

Conclusion
Variability has consistently been shown to improve face learning in studies using ambient

images. The present study demonstrates for the first time that variability in appearance can
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specifically elicit more refined facial representations that support recognition, over and
beyond other rich sources of variations induced by changes in lighting and viewpoint. In
addition, while past face learning studies have predominantly used blocked learning
procedures, our findings suggest that learning procedure is an important modulator of face
learning that may artificially inflate benefits from variations or artificially disadvantage
learning from stable materials that is repeated in quick succession. Taken together, these
results provide new insights into the role of variability in face learning and highlight the

importance of carefully considering the learning procedures employed in future research.
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Public Significance Statement

Our findings show that while changes in visual context play a limited role in a face
learning paradigm, experiencing variability in a person’s appearance specifically helps build
more robust and flexible mental representations, improving our ability to recognize others
across changing conditions. However, the way faces are learned—whether exposure to
individual identities is grouped or randomised—strongly shapes how useful these variations
in appearance are. Together, these results highlight that both what we see and how we

encounter it are critical for effective face learning in everyday life.
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