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Abstract

Within topographic eccentricity maps in the primate vi-
sual system, center-preferring populations have higher
spatial resolution and overlap face- and word-selective
regions while periphery-preferring populations have lower
spatial resolution and overlap scene-selective regions.
Prior behavioral and neurocimaging evidence suggests
that this “eccentricity bias” may reflect the relevance of
visual field portions for different tasks: the central visual
field may be more informative for fine-grained tasks like
face recognition and reading, while the periphery may
be more informative for large-scale scene understanding
tasks. To examine whether such eccentricity-dependent
coding can emerge from natural experience, we leveraged
egocentric video and eye-tracking data from the Visual
Experience Dataset (VEDB). We trained ResNet-18 mod-
els using contrastive learning (SimCLR) on video frames
modified to isolate information available at different ec-
centricities (gaze-contingent fovea-only crops, periphery-
only crops, and periphery-only crops with a NeuroFovea
transform applied). We then evaluated downstream task
performance and model alignment with human fMRI data
(Natural Scenes Dataset; encoding model framework).
When examining in-domain classification of VEDB frame
categories, we observed systematic variability in the perfor-
mance of fovea-only and periphery-only models across cat-
egories, suggesting differential informativeness of visual
field eccentricities across tasks. On downstream classifi-
cation without fine-tuning, VEDB-pretrained models gener-
alized more strongly to scene recognition (Places365) than
to face recognition (VGGFace?2), with fovea-only models
showing an advantage on both tasks. Across visual cortex,
VEDB-pretrained models achieved similar neural predictiv-
ity to models trained on mid-sized non-egocentric datasets
(ImageNet-100), suggesting experience-sampled egocen-
tric data, despite its low diversity and constrained se-
mantic content, supports emergence of cortically-aligned
representations. In scene-selective sub-regions (PPA,
RSC), periphery-only models held a small but consistent
advantage in explained variance over fovea-only mod-
els, suggesting scene-selective cortex may be adapted
to peripheral-field statistics. Together, these results sug-
gest that naturalistic egocentric experience provides an

organizing constraint on perception, leading to adaptive,
task-aligned information processing.

Introduction

Visual field eccentricity is a key organizing dimension
of the primate visual system, with topographic maps of
preferred eccentricity found across early and higher vi-
sual cortex. These spatial eccentricity maps also align
with topographic representations of mid-level features
(curvature, spatial frequency) and semantic categories
(faces, words, scenes), such that regions coding the
center of visual space tend to have higher resolution
and be selective for curved contours, as well as over-
lapping with face-selective and word-selective regions,
while regions preferring the periphery tend to overlap
with scene-selective visual regions (Arcaro & Livingstone,
2017; Hasson et al., 2002; Henderson et al., 2023; Levy
et al., 2001; Ponce et al., 2017; Srihasam et al., 2014;
Yue et al., 2014, 2020).

According to one hypothesis, this organization may
reflect the differential task-relevance of the central and
peripheral visual field portions for different behavioral
tasks. The central visual field, with its small spatial recep-
tive fields and high acuity, may be useful for fine-grained
tasks like face recognition and reading, while more global
tasks like scene recognition may benefit from the larger
receptive fields of neurons in peripheral-coding regions
(Hasson et al., 2002; Henderson et al., 2023; Larson &
Loschky, 2009; Wang & Cottrell, 2017). Relatedly, the
eccentricity biases found in higher visual cortex in the
adult visual system may emerge in part due to the por-
tion of retinotopic space in which face, word, and scene
content typically occur (e.g., faces are often foveated,
buildings often land in the peripheral field).

This account suggests that in natural egocentric in-
puts, image statistics may differ systematically between
the central and peripheral portions of the visual field.
These differences may include mid-level properties like
curvature and spatial frequency, and/or semantic content
(e.g., faces or scene components). If the visual system
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Figure 1: Method overview. VEDB frames and gaze metadata are processed to create eccentricity-constrained inputs
(Baseline, Fovea-Gaze, Periph-NF, Periph). Fovea-Gaze uses 112x112 crops centered on per-frame gaze position.
Condition-specific SimCLR pretraining uses a Siamese architecture with tied (shared) ResNet-18 weights across
the two augmented views; see Methods. Downstream evaluation uses frozen-backbone linear probes (in-domain,

VGGFace2, Places365) and voxel-wise encoding on NSD.

is adapted to these statistics, this eccentricity-specific
coding could have functional benefits for downstream
tasks like face and scene recognition.

Critically, testing whether such eccentricity-dependent
coding emerges from natural experience requires large-
scale naturalistic egocentric training data that incorporate
eye movement behavior. To achieve this here, we lever-
age the Visual Experience Dataset (VEDB; Greene et
al., 2024) to train eccentricity-constrained convolutional
neural network (CNN) models. We extract VEDB frames
and modify them to isolate either a fixed gaze-centered
crop around the participant’s per-frame gaze location
(Fovea-Gaze) or the complementary peripheral region
(Periph); we additionally use the NeuroFovea transform
(Deza et al., 2019) to simulate information loss in periph-
eral vision (Periph-NF). We then pretrain CNNs using
self-supervised contrastive learning (SImCLR; Chen et
al., 2020) on each dataset version, and test performance
on downstream tasks probing various aspects of scene
(Places365; Zhou et al., 2017) and face (VGGFace2;
Cao et al., 2017) perception. Finally, we evaluate neural
predictivity of each model using a large fMRI dataset
(Natural Scenes Dataset; NSD; Allen et al., 2022). Our
key contributions are as follows:

» We show that pretraining with Fovea-Gaze vs. Pe-
riph or Periph-NF inputs leads to systematic variability
in downstream task performance across categories,
providing preliminary evidence that the central and pe-

ripheral field are differentially relevant for classifying
object-centric versus large-scale scene content.

» We demonstrate VEDB-pretrained models generalize
more effectively to scene classification (Places365)
than face classification (VGGFace2), and that Fovea-
Gaze outperforms peripheral models on both tasks.

» We show that self-supervised VEDB pretraining leads
to comparable fMRI encoding model prediction ac-
curacy relative to mid-sized non-egocentric datasets
(STL-10, ImageNet-100), approaching accuracy of
models trained on a large dataset (ImageNet-1K).

» We find small but statistically reliable differences in
unique variance, with the Periph model favored in
scene-selective cortex (PPA, RSC) and the Fovea-
Gaze model favored in primary visual cortex.

Related Work

Behavioral evidence suggests that object and face recog-
nition are best in the central visual field (Henderson &
Hollingworth, 1999; Nelson & Loftus, 1980; Pelli & Till-
man, 2008; Rosenholtz, 2016), while scene recognition
may rely more on peripheral features (Larson & Loschky,
2009; McCotter et al., 2005). The role of peripheral vision
in scene recognition may reflect large receptive fields
and gist-like structural information, with some models
proposing peripheral vision represents information in a



texture-like code with large pooling elds (Freeman &

Simoncelli, 2011; Oliva & Torralba, 2006; Rosenholtz,
2016; Rosenholtz et al., 2012). In the higher visual sys-
tem, information from the central and peripheral eld is

partially anatomically segregated, with central-preferring
regions overlapping face-selective and word-selective
areas, and peripheral-preferring regions overlapping with
scene-selective areas (Grill-Spector & Weiner, 2014;
Hasson et al., 2002; Levy et al., 2001)

Computational work has also examined the functional
task-relevance of central and peripheral vision. CNN
modeling has shown that peripheral features are more
useful than central features for scene classi cation
(Wang & Cottrell, 2017), and that modeling separate cen-
tral and peripheral streams bene ts downstream task per-
formance (Zhang et al., 2019). Other work has demon-
strated simulating cortical magni cation and texture-like
peripheral encoding can improve model robustness and
performance (Deza & Konkle, 2020; Wang et al., 2021),
and that modeling peripheral processing can boost clas-
si cation performance in a transformer model (Min et al.,
2022). Recent work has further connected these ideas
to neural encoding and cortical organization, showing
that biologically motivated spatial sampling of DNN fea-
ture maps improves encoding models of human neural
responses (Muller et al., 2024), and that retinotopically or-
ganized inputs can sca old consistent category-selective
topography in models of high-level visual cortex (Blauch
et al., 2025).

Much of this previous computational work has used
non-egocentric computer vision datasets, whose curation
and content coverage may di er strongly from the statis-
tics of naturalistic rst-person visual experience (Grau-
man et al., 2022; Greene et al., 2024). Moreover, this
past work does not account for eye gaze position within
scenes, meaning the retinotopic location of features may
not be modeled accurately. Here we |l these gaps by
training eccentricity-constrained CNN models on gaze-
aligned frames of egocentric video data. Importantly, it
is not trivial a priori that self-supervised models trained
on such data, which is temporally correlated and less
diverse than curated image datasets, would learn useful
or performant visual representations, relative to curated
image datasets. We also provide the novel contribution
of directly comparing our models with human fMRI data
recorded across early and category-selective cortical
regions, enabling a test of the link between egocentric
image statistics and cortical representations.

Methods
VEDB Processing and Metamer Generation

We analyzed egocentric video from the Visual Experience
Database (VEDB; Greene et al. 2024), retaining sessions
with synchronized gaze. Frames were sampled uniformly
every 2 seconds within task-relevant session windows,

decoded to RGB, and center-cropped to 224 224 . All
splits were performed at the session level to prevent
leakage from temporally adjacent frames; SimCLR pre-
training used an 80/10/10 train/val/test session split, and
in-domain classi cation was restricted to a core subset
of 17 tasks. To approximate peripheral texture-tiling rep-
resentations, we generated gaze-contingent peripheral
metamers using NeuroFovea (NF; Deza et al. 2019), a
feed-forward foveated style-transfer model (Freeman &
Simoncelli, 2011; Rosenholtz, 2019), applied per frame
with pooling centered at the per-frame xation. See Supp.
Figure 2 for frame examples and Supp. Methods for full
details.

Experimental Setup and Augmentations

The Baseline, Fovea-Gaze, Periph, and Periph-NF con-
ditions followed an identical two-stage pipeline: (1) Sim-
CLR pre-training on condition-speci ¢ augmented inputs,

followed by (2) supervised linear-probe evaluation on
in-domain classi cation and transfer tasks (VGGFace2

and Places365 classi cation).

1) Baseline. Models were trained on the original,
unedited 2240224 frames.

2) Fovea-Gaze. We generated Fovea-Gaze views by
extracting a xed 112 112 crop from each 224 224

frame, centered on the participant's per-frame gaze lo-
cation (see Supp. Methods). Crops were clamped to
image bounds and upsampled to 224 224 (bilinear
interpolation) to maintain a constant input size. To sup-
press non-crop information, we applied a feathered cir-
cular aperture; surrounding region masked with uniform
gray (gray=128; Gaussian blur kernel=15); frames with-
out high-con dence gaze used a centered fallback crop.
This condition should be interpreted as gaze-centered
central-only input, not a simulation of biological fovea.

3) Periph-NF. Periph-NF images were constructed by
applying the NeuroFovea transform to each frame prior to
occluding the foveal region with a gray circular scotoma
(pixel value = 128, Gaussian-blurred mask edges, kernel
= 15) centered at the per-frame gaze-de ned location.
This di ers from the Periph condition only in the applica-
tion of NeuroFovea prior to masking, which introduces
eccentricity-dependent texture pooling approximating the
reduced acuity of peripheral vision.

4) Periph. Control condition of Periph-NF, constructed
identically but without the NeuroFovea transform.

SimCLR Pre-Training

SimCLR pre-training was run once for each condition
using a ResNet-18 encoder for 120 epochs (batch size
= 64). The augmentation pipeline comprised random re-
sized cropping, horizontal ipping, color jitter, grayscale



Figure 2: Performance of VEDB models during pretraining and linear probing. (A) SImCLR pre-training curves
across conditions (120 epochs). (B) In-domain linear probe learning curves across conditions (20 probe epochs). (C)
VGGFace? transfer linear probe learning curves across conditions (20 probe epochs). (D) Places365 transfer linear
probe learning curves across conditions (20 probe epochs).

conversion, and Gaussian blur, and was identical across
all conditions, applied after condition-speci ¢ frame con-
struction. Full training hyperparameters and projection
head architecture are provided in Supp. Table 2.

Non-VEDB Baseline Models

As comparison baselines, we included ResNet-18 mod-
els pretrained with SImCLR on three non-egocentric
datasets: STL-10 (Coates et al., 2011), using a pretrained
checkpoint ( ;
40 epochs); ImageNet-100 (Tian et al., 2019; a subset
of ImageNet including 100 randomly sampled classes),
trained using the LightlySSL codebase, following a stan-
dard SimCLR augmentation pipeline for 120 epochs; and
ImageNet-1K (Russakovsky et al., 2015; images resized
to 256 px to reduce computational demand), trained us-
ing LightlySSL for 100 epochs.

Downstream Classi ers

For in-domain classi cation and transfer to VGGFace-2

and Places-365, we trained linear probes on a frozen
ResNet-18 backbone initialized from each SIimCLR
checkpoint. For in-domain evaluation, frames were pre-
processed identically to pretraining; no such modi ca-
tions were applied for transfer. All probes were trained
for 20 epochs (AdamW); checkpoints were selected by
validation Macro-F1 (in-domain) or Top-1 accuracy (trans-
fer). Hyperparameters and dataset splitting details are
summarized in Supp. Table 1 and Supp. Methods.

fMRI Encoding Models

To compare the ability of eccentricity-constrained pre-
trained models to predict brain activity across the human
visual system, we used a large 7T fMRI dataset consist-
ing of whole-brain responses to complex natural scene

images in 8 human participants (NSD; Allen et al., 2022).
We constructed voxelwise encoding models (Naselaris &
Kay, 2015) which map from viewed stimuli to single-voxel
image-wise activation. Voxel beta values were extracted
using GLMSingle (Prince et al., 2022) and averaged over
repetitions of each image.

To build encoding models for each participant, we rst
extracted the model activations from a pretrained ResNet-
18 model in response to each stimulus image viewed by
the fMRI participant. This was done for each of the Base-
line, Fovea-Gaze, Periph, and Periph-NF models sepa-
rately (following the SImCLR pretraining step).Features
were extracted from the original, intact NSD images for
all model conditions; condition-speci ¢ transforms were
applied only during SimCLR pretraining and were not
reapplied at the encoding stage. As control comparisons,
we also included the non-VEDB models described above
(see Methods "Non-VEDB Baseline Models™). From each
model, we used the output of each of the layers: Conv1,
Layerl.1, Layer2.1, Layer3.1, Layer4.1, Avgpool. To re-
duce dimensionality of features, we used average pooling
to spatially downsample convolutional layers, attened
the features, then applied principal components analy-
sis (PCA) and retained the top 200 components. We
concatenated features across all layers, z-scored the fea-
tures across images, and used regularized (L2) linear
regression to learn a voxel-speci c linear mapping from
the model features to the voxel's response, including an
intercept term. Encoding model t was evaluated based
on the model's ability to predict responses to held-out
images, quanti ed using R? on the held-out test set. For
each participant, we used the 1000 images in the NSD
that were shared across all participants (see Allen et al.,
2022 for details) as our test set and t the model on the
remaining 9000 images viewed by the participant.



Table 1: Summary Metrics for Pretraining and Linear
Probes. SIimCLR Top-1 is computed from the self-
supervised contrastive objective and is not directly com-
parable to downstream classi cation. For downstream

tasks, classi er checkpoints were selected by best val-
idation Macro-F1. In-domain Top-1 accuracy is omit-
ted because label imbalance across frames can make
accuracy misleading; Macro-F1 is reported as the pri-
mary class-balanced metric. STL-10, ImageNet-100, and
ImageNet-1K are treated as out-of-domain baselines be-
cause they were not pretrained on VEDB.

Task Condition Val Loss Top-1 (%) Top-5 (%) Best Macro-F1 (%)

Baseline 0.4331 87.60
. Fovea-Gaze 0.3749 90.43

SIMCLR  periph-NF 04548  90.04
Periph 0.4545 89.26
Baseline 0.9811 42.17
Fovea-Gaze 1.2031 43.64

| . Periph-NF 1.3090 30.93

In-Domain - 5 ion 1.0623 36.56
STL-10 1.6666 25.41
ImageNet-100 1.2342 41.23
ImageNet-1K 0.9713 43.33
Baseline 7.8101 5.21 11.73 3.26
Fovea-Gaze 7.9104 4.58 10.76 2.70
Periph-NF 8.0232 3.39 8.17 1.90

VEGFace2 poinh 8.1681 254 639 135
STL-10 6.9973 9.55 18.96 7.43
ImageNet-100  6.7985 10.77 21.07 8.71
ImageNet-1K 6.7964 10.74 21.08 8.77
Baseline 3.9690 25.63 51.90 23.16
Fovea-Gaze 4.2347 21.86 46.21 19.14
Periph-NF 4.2621 20.51 44.58 17.86

Places365 pqlinh 42671 2026  44.10 17.65
STL-10 3.8281 26.57 53.47 24.82
ImageNet-100  3.9207 24.99 51.21 23.32
ImageNet-1K 3.6264 30.17 58.46 28.36

Functional regions of interest (ROIs) were de ned us-
ing data from independent localizers. Retinotopic early
visual ROIs (V1, V2, V3, hV4) were de ned using a re-
ceptive eld mapping task, and category-selective ROIs
(scene-selective: OPA, PPA, RSC; face-selective: FFA,
OFA; word-selective: VWFA, OWFA) were de ned using
a category localizer task (see Allen et al., 2022). We per-
formed additional thresholding of the category-selective
ROI de nitions provided by Allen et al., 2022, retaining
only voxels with a localizer test statistic of t > 2 for the
region's preferred category. Voxels were further thresh-
olded by their estimated noise ceiling (threshold 0.10).

To perform variance partitioning between a pair of mod-
els A and B, we created a combined feature space that
concatenated all the features across both models, t
the weights and computed cross-validated R? for this
combined model. Based on this combined t and the
ts of each model alone, we computed: R? =

unique:A
R?2 R 2 R?2 =R2 R 2

combined B only’ ' tunique:B combined Aonly*

Results
Downstream task performance

After pretraining each model, we used linear probing
to evaluate performance on in-domain frame label clas-
si cation, face classi cation and scene classi cation,
revealing di erences in performance across conditions
(Figure 2 and Table 1). In the SImCLR pretraining phase,
all four VEDB conditions performed well and within a sim-
ilar range, but Fovea-Gaze yielded the strongest perfor-
mance (Fovea-Gaze Top-1 = 90.43%), slightly exceeding
both peripheral variants (Periph-NF = 90.04%; Periph =
89.26%), suggesting a small foveal advantage during rep-
resentation learning. In the in-domain supervised probe,
nal validation loss was lowest for the Baseline condi-
tion, which is expected given that the Baseline images
have more total information retained compared to the
modi ed versions. However, class-balanced Macro-F1
accuracy showed that the Fovea-Gaze model outper-
formed both the Baseline and the two Periph models
(Macro-F1: Fovea-Gaze = 43.64%, Periph-NF = 30.93%,
Periph = 36.56%, Baseline = 42.17%). The advantage
for the Fovea-Gaze model in this task may suggest that
foveally-cropped frames isolate the most diagnostic fea-
tures for supporting frame category classi cation. The
advantage for the Periph condition over the Periph-NF
condition suggests that ne spatial detail in the periphery,
which is removed from images via the NeuroFovea trans-
form, provides another source of information for scene
classi cation.

Comparing against non-VEDB baselines on the in-
domain task, the VEDB Baseline and Fovea-Gaze mod-
els (Macro-F1: 42.17%, 43.64%) performed comparably
to ImageNet-1K (43.33%) and ImageNet-100 (41.23%),
and outperformed STL-10 (25.41%). This result suggests
that egocentric pretraining led to representations compet-
itive with more curated datasets for classifying naturalistic
scene content.

To better understand these condition di erences, we
next examined di erences across individual categories
(Table 2). When comparing Macro-F1 across conditions,
we observed the Fovea-Gaze model out-performed the
Periph-NF and Periph models for a subset of tasks, such
as playing video game, computer work , and socializ-
ing , while Periph-NF and Periph outperformed the Fovea-
Gaze model for other tasks like skateboarding, playing
frisbee , playing pool . These results suggest a pattern
in which fovea-constrained models learn more accurate
representations of scene categories that include ne-
scale detail or social information (screens, faces), while
peripheral-constrained models learn more accurate rep-
resentations of scene categories that include outdoor con-
text or involve large-scale motor actions. However, there
are exceptions to this suggestive pattern (e.g., washing
dishes shows a peripheral advantage that does not intu-



Table 2: Top classes for in-domain classi cation, ranked

by max;j ;j, where ;isthe F1 dierence between two

conditions. Positive values indicate condition A > B. As-
terisks indicate comparisons whose 95% bootstrap ClI
does not overlap zero (1000-replicate parametric multi-
nomial bootstrap; see Supp. Figure 4 for full Cls). See
Supp. Figure 2 for examples of each label and Supp.
Figure 1 for bar-plot visualization of F1.

Rank Label Fovea >Base  Fovea > Periph-NF  Fovea > Periph

1 playing video game 0.433 * 0.433 * 0.433 *
2 solving rubik's cube 0.116 * 0.428 * 0.018
3 socializing 0.365 * 0.318 * 0.336 *
4 computer work 0.079 * 0.300 * 0.281
5 skateboarding 0.292 * 0.170 * 0.282 *
6 playing frisbee 0.251 * 0.214 * 0.263 *
7 washing dishes 0.263 * 0.100 * 0.075
8 cooking 0.221 * 0.029 * 0.078
9 playing pool 0.200 * 0.178 * 0.194
10 playing cards 0.178 * 0.147 * 0.178
11 exploring 0.023 0.124 * 0.077
12 playing poker 0.116 * 0.053 * 0.055
13 preparing 0.038 0.041 * 0.094 *
14 playing sudoku 0.071 * 0.048 * 0.010
15 walking 0.040 * 0.028 * 0.030 *
16 playing piano 0.002 0.002 0.002
17 standing 0.000 0.000 0.000

itively map onto properties of that task), indicating further
work is needed to build on these preliminary results.

To further explore representational di erences across
conditions, we performed MDS on the confusion matrices
from each classi er (Figure 3; Supp. Figure 3), where
categories positioned closer together are those more fre-
qguently confused. These plots show coarse categorical
organization, such that tasks like cooking, washing
dishes, and playing sudoku are represented similarly,
while tasks like standing, walking , and exploring are
also represented similarly. These groupings suggest the
models capture semantic or functional structure, such
as stationary indoor activities versus mobile or naviga-
tional tasks. Notably, this organization emerged from
self-supervised training without explicit category supervi-
sion, suggesting that the natural statistics of rst-person
visual experience contain su cient structure to support
categorical distinctions.

Di erences in this structure are evident across con-
ditions. For example, the socializing category in the
Baseline, Periph and Periph-NF model is tightly clustered
with categories like standing, walking and preparing,
while in the Fovea-Gaze condition it is more separated
from these neighboring categories. This may indicate
that fovea-restricted inputs led to more e ective di erenti-
ation of images containing social information (e.g., faces)
from those not containing social information, which could
underlie the di erence in macro-F1 across conditions for
the socializing label.

To provide a stronger test of these preliminary obser-
vations, we tested transfer to out-of-domain categoriza-

Figure 3: Multidimensional scaling (MDS) was performed
using confusion patterns across the 17 task labels (see
Supp. Figure 3 for confusion matrices). Categories po-
sitioned closer together are more often confused by the
classi er. Embeddings were aligned across conditions

by a Procrustes transform.

tion of face (VGGFace2) and scene (Places365) images
using a linear probe. Across all four VEDB conditions,
we observed better overall transfer to Places365 than
VGGFace2, which likely re ects the greater input distri-
bution shift between VEDB and VGGFace2. Similarly,
the non-VEDB baseline models (STL-10, ImageNet-100,
ImageNet-1K) also performed better on Places365 than
VGGFace? (note also that models were not ne-tuned).
The non-VEDB baselines performed comparably to the
VEDB-trained models on Places365 (Macro-F1: STL-
10 = 24.82%, ImageNet-100 = 23.32%, ImageNet-1K =
28.36% vs. VEDB Baseline = 23.16%), but all non-VEDB
baselines outperformed all VEDB-pretrained models on
the VGGFace?2 task, potentially re ecting limited face
content in VEDB (see Discussion).

Across the VEDB eccentricity-constrained condi-
tions, both VGGFace2 and Places365 showed a clear
fovea> periphery ordering: on VGGFace2, Fovea-Gaze
outperformed both peripheral variants (Macro-F1: 2.70%
vs. 1.90% and 1.35%). Surprisingly, Fovea-Gaze simi-
larly exceeded peripheral variants on Places365 (Macro-
F1: 19.14% vs. 17.86% and 17.65%). This nding may
be related to the semantic nature of this scene cate-
gorization task; see Discussion. Comparing the two
peripheral conditions, Periph-NF outperformed Periph,
suggesting periphery-inspired metamerization provided
a small robustness benet for out-of-domain transfer.
This held for both types of transfer (VGGFace2 Macro-
F1: 1.90% vs. 1.35%; Places365 Macro-F1: 17.86% vs.
17.65%). This is in contrast to the in-domain probe, in
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