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Abstract 127].  Over the first year of life, visual acuity sharpens

and color sensitivity emerges as their visual inputs mature

Newborns  perceive the world with low-acuity, [5, 25, 70, 78, 103, 110]. This early limitation is not a
color-degraded, and temporally continuous vision, defect but a developmental scaffold, enabling the brain to

which gradually sharpens as infants develop. To explore
the ecological advantages of such staged “visual diets”,
we train self-supervised learning (SSL) models on
object-centric videos under constraints that simulate infant
vision:  grayscale-to-color (C), blur-to-sharp (A), and
preserved temporal continuity (T)—collectively termed
CATDiet. For evaluation, we establish a comprehensive
benchmark across ten datasets, covering clean and
corrupted image recognition, texture—shape cue conflict
tests, silhouette recognition, depth-order classification, and
the visual cliff paradigm. All CATDiet variants demonstrate
enhanced robustness in object recognition, despite being
trained solely on object-centric videos. Remarkably, models
also exhibit biologically aligned developmental patterns,
including neural plasticity changes mirroring synaptic
density in macaque V1 and behaviors resembling infants’
visual cliff responses. Building on these insights, CombDiet
initializes SSL with CATDiet before standard training while
preserving temporal continuity. Trained on object-centric
or head-mounted infant videos, CombDiet outperforms
standard SSL on both in-domain and out-of-domain object
recognition and depth perception. Together, these results
suggest that the developmental progression of early infant
visual experience offers a powerful reverse-engineering
framework for understanding the emergence of robust
visual intelligence in machines. All code, data, and models
will be publicly released.

1. Introduction

Newborns perceive a world that is blurry, desaturated, and
continuously unfolding in time [68, 115, 117, 118, 126,

organize sensory experience into stable and generalizable
representations [8, 12, 27, 30, 104-106, 116, 138]. When
this developmental process is disrupted, perceptual deficits
can arise. For instance, the absence of early low-acuity
input has been linked to lasting deficits in face processing
[36, 69, 86, 115], and immature photoreceptors bias infants
toward luminance-based rather than chromatic cues [117].

In contrast, artificial visual systems in Al are typically
trained on fully detailed, static images. To increase
data diversity and improve model robustness, random data
augmentations are commonly applied [17, 26, 43, 46, 89,
137, 142, 146]. While such training regimes achieve
impressive performance on standard benchmarks, they
remain ecologically invalid, overlooking how perception in
nature develops through structured and temporally coherent
visual experience [67, 102, 109, 129]. As a result,
modern vision models struggle to generalize to corrupted
or occluded images [23, 29, 45, 72, 101, 113, 123, 125].
This limitation constrains their reliability in high-stakes
real-world applications, including autonomous driving,
robotics, and embodied human-Al interaction [77, 120,
131, 132, 134, 141, 145].

What enables human perceptual robustness, and
how might we reverse-engineer it? Decades of
developmental research suggest two key factors. First,
the structure of visual experience — including spatial
statistics, infant-perspective object distributions, and
temporal continuity — guides learning toward generalizable
shape-based representations rather than brittle cue-specific
solutions [3, 24, 34, 51, 74, 76, 85, 96, 103, 104, 127, 138].
Second, an initially degraded (blurred, low-chroma) input
may serve as an adaptive scaffold, biasing developmental
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Figure 1. Illustration of developmental visual diets and overview of evaluation benchmarks. The left panel depicts stages of infant
development over time along with corresponding characteristics of visual perception. The 3 axes below represent the key regularities of
infant visual development that underpin our work: Color, Acuity, and Temporality. The Color diet (CDiet) models the progression from
color-degraded to richly chromatic scenes as color vision matures. The Acuity diet (ADiet) reflects the transition from blurry to sharp
perception as visual resolution improves. The Temporality diet (TDiet) captures infants’ exposure to smoothly evolving visual scenes over
short time windows. In the right panel, regular font indicates in-domain tasks, while italic font denotes out-of-domain tasks. Panels (a—d)
assess object recognition: (a) clean image recognition on CO3D [90], SAYCam [82], and ImageNet [92]; (b) corrupted image recognition
across 15 corruption types following ImageNet-C [45]; (c) shape-bias evaluation using the Texture—Shape Cue Conflict dataset [35], testing
whether classification aligns with shapes (green) or textures (red); and (d) silhouette recognition using the Silhouettes-Only dataset [35].
Panels (e—f) evaluate depth perception: (e) judging whether the green arrow is closer than the red ball in the 3D-PC dataset [63]; and (f)
predicting which side (green arrow or red ball) appears closer from the infant egocentric perspective in the Visual Cliff paradigm [37].

trajectories toward useful inductive bias with lasting effects
on perceptual organization [71, 115-118].

Prior works in machine vision have leveraged some
of these principles from developmental psychology. For
example, some studies train models on longitudinal
egocentric videos collected from head-mounted cameras
worn by infants [81, 82, 99], but these works do not account
for key characteristics of infant visual systems, such as low
acuity and limited color sensitivity. More recent works
have explored individual visual diets, such as progressive
blur or color exposure [115, 117, 118], yet these models
rely on fully supervised training with thousands of labeled
examples, which is not ecologically plausible. To address
these gaps, as shown in Fig. 1, we design developmentally
inspired visual diets that capture key features of infant
vision, following a progression from grayscale to color
(CDiet), blur to sharp (ADiet), and preserving temporal
continuity (TDiet), collectively termed CATDiet. We train
self-supervised learning (SSL) models on object-centric
videos under these constraints and examine how each diet
and their combination shapes the emergence of robust visual
representations.

In parallel, SSL has recently emerged as a powerful
approach for learning visual representations without labels.
Prominent SSL methods [10, 14, 20, 32, 44] include
SimCLR [18], MoCo [42], BYOL [38], MAE [43], and
DINO [15]. However, these approaches largely rely
on random data augmentations, leaving the potential of
developmentally inspired visual diets underexplored. To
investigate this, we introduce a comprehensive benchmark
spanning 10 datasets for object recognition, texture—shape

conflict tests, silhouette recognition, and depth perception,
summarized in Fig. 1. On these benchmarks, CATDiet
models, as well as their individual components, not only
enhance robustness to visual corruptions but also exhibit
developmental signatures consistent with biological vision,
including changes in neural plasticity, the emergence of
depth sensitivity, and behavioral patterns resembling infants
in the visual cliff paradigm [37].

To further leverage CATDiet, we introduce CombDiet,
which starts training with CATDiet before transitioning
to standard SSL while maintaining temporal continuity.
This hybrid approach combines the ecological grounding of
early visual experience with the efficiency of mature vision,
consistently outperforming standard SSL on both in-domain
and out-of-domain image recognition and depth perception
tasks. Our main contributions are as follows:

1. We introduce CATDiet, a developmentally inspired
visual diet in SSL that emulates the progression of infant
vision through 3 staged constraints: grayscale-to-color (C),
blur-to-sharp (A), and preserved temporal continuity (T).

2. We establish comprehensive benchmarks across 10
datasets covering object recognition and depth perception.
The evaluation suite includes corrupted image recognition,
texture—shape cue conflict tests, silhouette recognition,
depth-order classification, and the visual cliff paradigm.
This framework allows systematic, quantitative assessment
of how individual visual diets and their combinations
improve visual robustness.

3. Remarkably, even when trained exclusively on

object-centric videos—without supervision from infant
behavior or monkey neural data—CATDiet exhibits



developmental signatures aligned with biological vision,
including neural plasticity changes consistent with synaptic
density in macaque V1, early emergent depth sensitivity,
and behavioral patterns resembling infants’ responses in the
visual cliff paradigm.

4. Building on these insights, we introduce CombDiet,
which initializes standard SSL with CATDiet while
maintaining temporal continuity. CombDiet substantially
outperforms standard SSL across our benchmarks,
underscoring the practical benefits of early visual diets for
real-world computer vision applications.

2. Related Works

Developing AI models inspired by developmental
psychology. A growing body of research draws inspiration
from developmental psychology to inform Al model design.
Existing approaches can be broadly categorized into two
directions: (1) pretraining on egocentric videos of children
to capture spatial statistics, multimodal associations, and
infant-perspective object distributions [81, 82, 99, 107],
and (2) modeling specific developmental transitions—such
as from blur to sharp or grayscale to color vision—under
controlled, supervised settings [7, 115-118]. While these
studies provide valuable insights, they have key limitations.
Egocentric videos approximate viewing statistics but
overlook crucial properties of infants’ visual systems, such
as low spatial acuity and limited color sensitivity, which
we explicitly model. Moreover, training directly on raw
video streams makes it difficult to disentangle which
factors contribute to generalizable object representations;
our benchmark enables systematic, quantitative evaluation
of individual and combined visual diets. Prior evaluations
also emphasize clean-image recognition, neglecting model
robustness and generalization, which we address through
extensive out-of-domain testing.  Finally, most prior
works rely on supervised learning, reducing ecological
validity and scalability; in contrast, our framework embeds
developmental principles within a self-supervised paradigm
to enable fully label-free, ecologically grounded learning.

Self-Supervised Learning.  Self-Supervised Learning
(SSL) has become a dominant paradigm for learning visual
representations without manual annotations. Existing SSL
approaches can be broadly grouped into four categories:
(1) contrastive methods [19, 21, 22, 44, 130, 135], such
as SimCLR [18] and MoCo [42], which pull together
augmented views of the same image while pushing apart
different ones; (2) non-contrastive methods [10, 32, 56],
including BYOL [38], SimSiam [20], and Barlow Twins
[139], which achieve invariance without negative pairs
through architectural or loss-based constraints that prevent
representational collapse; (3) generative methods [111,
122], such as autoencoders [48] and masked autoencoders
[43], which reconstruct missing or corrupted inputs; and

(4) clustering-based methods [54, 80, 100], such as SWAV
[14] and DINO [15], which align features with evolving
cluster prototypes. While these methods rely on random
data augmentations to enrich training signals, they overlook
the developmental structure of visual experience. Building
on video-based SSL frameworks that leverage temporal
continuity across frames [6, 33, 40, 59, 79, 83, 87, 95, 112,
119, 128], we introduce TDiet, which explicitly enforces
temporal alignment between adjacent frames to capture
the natural continuity of visual experience. Unlike prior
video-based SSL models, which are typically evaluated
only on video understanding benchmarks, we also assess
them on corrupted image recognition and depth perception
tasks. Furthermore, by integrating TDiet with the CDiet
and ADiet, our combined CATDiet framework achieves
a synergistic performance improvement that surpasses the
contribution of any individual component.

Improving Model Robustness to Visual Corruptions.
Out-of-distribution (OOD) generalization in visual
representation learning remains a longstanding challenge
[9, 11, 16, 52, 64, 66, 93, 140, 143, 144]. Existing
approaches have explored a wide range of strategies,
including specialized training objectives [2, 49, 91, 94],
large-scale and diverse datasets [80, 100], advanced
data augmentations [46, 47, 137, 142], domain-invariant
feature learning [61, 62, 73, 75, 98, 124], generative
modeling [50, 121], and architectural innovations
[4, 13, 53, 58, 97, 108, 114]. While these approaches
improve robustness on benchmarks such as ImageNet-C
[45], they often depend on extensive artificial data
augmentations or non-ecological training objectives,
rather than fostering emergent generalization from limited
and naturalistic visual experience—as seen in humans
[72]. In contrast, we examine how early staged visual
diets, inspired by human visual development and learned
through self-supervision, can enhance model robustness
across diverse in-domain and out-of-domain benchmarks
spanning 10 datasets.

3. Our Proposed Developmental Visual Diets

We propose CombDiet (Fig. 2d), a two-phase
self-supervised learning (SSL) framework that embeds
principles of human visual development into both the
data curriculum and the learning objectives. In the first
phase, CATDiet serves as a warm-up stage that mirrors
infants’ first-year visual progression, characterized by
rapid perceptual development toward near-mature vision.
This phase spans the initial 30% of training epochs and
integrates two data curricula—Color-Diet (CDiet) and
Acuity-Diet (ADiet)}—with a temporal regularization
objective, Temporality-Diet (TDiet), to emulate the
temporal continuity inherent in early visual experience. In
the second phase, Standard Diet (SDiet) represents mature
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Figure 2. Overview of our proposed developmental visual diets. CATDiet (panels a—c) integrates 3 individual visual diets detailed
in Sec. 3.1: (a) CDiet, in which image saturation gradually increases as chromatic information is progressively introduced throughout
training; (b) ADiet, where the standard deviation o of Gaussian blur kernels decreases, enhancing spatial details over time; and (c) TDiet,
which encourages representations of adjacent views of the same object to be closer, capturing temporal continuity in object-centric videos.
(d) CombDiet extends CATDiet to a more general setting. In the first phase, CATDiet serves as a warm-up stage spanning the initial
30% of training epochs. In the second phase, CombDiet transitions to the Standard Diet (SDiet) while retaining Temporality-Diet (TDiet).
SDiet corresponds to the standard data augmentation pipeline used in conventional SSL training regimes. We evaluate CombDiet using 2
representative SSL methods (SimCLR [18] and DINO [15]) with 2 widely adopted backbones: ResNet [41] and ViT [31].

visual experience. CombDiet transitions to SDiet while
retaining TDiet, thereby maintaining temporal coherence
throughout learning.

3.1. Phase 1 - CATDiet

Color-Diet (CDiet). To mimic the grey-to-color
progression, we design a five-stage saturation schedule
(Fig. 2a), where each stage specifies a blend ratio s between
the fully colored image I and its grayscale counterpart I,.
From the first to fifth stages, s is sampled within (0.20,
0.36), (0.36, 0.52), (0.52, 0.68), (0.68, 0.84), and (0.84,
1.0), respectively. For example, in the first stage, for any
given training image, a random s is sampled within (0.2,
0.36) and used to blend its grayscale and colored versions:
sl.+ (1 —s)I,. Stage durations [10, 7, 6, 5, 2], measured in
training epochs, decrease across stages. This design choice
reflects the rapid increase in chromatic sensitivity during
early infancy [25, 28, 68, 103, 117, 126].

Acuity-Diet (ADiet). For the blur-to-sharp curriculum,
we define a five-stage Gaussian blur schedule (Fig. 2b).
Across stages one to five, each training image is blurred
with standard deviations o € [4,3,2,1, 0], corresponding
to kernel sizes [25,19,13,7,1] pixels for images of size
224x224.  Stage durations [10,6,6,3,5], measured in
training epochs, decrease across stages. This design
reflects developmental psychology findings that visual
acuity increases approximately exponentially during the
first year of life [78, 110]. In CATDiet, the ADiet and CDiet
are integrated by interleaving the Gaussian blur schedule
of ADiet with the saturation schedule of CDiet, with each
schedule maintaining its own stage durations.
Temporality-Diet (TDiet). We introduce a temporal
alignment objective (Fig. 2c¢) to capture temporal
continuity.  Adjacent video frames are closely related
both temporally and spatially, often depicting the same
object undergoing small, continuous changes in viewpoint.
This temporal coherence provides an intrinsic, free
supervisory signal, encouraging SSL models to learn

view-invariant representations by pulling the embeddings
of adjacent frames closer [127]. Combined with CDiet
and ADiet, which apply augmentations to each frame, the
augmented versions of adjacent frames are grouped as a
positive set. The training objective is therefore to bring
together the representations of adjacent frames and their
augmented variants.

3.2. Phase 2 - SDiet and TDiet

CombDiet allocates the first 30% of training epochs
to Phase 1 and the remaining 70% to Phase 2, with
these hyperparameters determined via grid search to
optimize performance. In Phase 1, CATDiet emulates
the progression of early visual diets during the first
year of life, while Phase 2 transitions to SDiet to
approximate adult visual experience. In SDiet, standard
data augmentation techniques from the 2 representative
SSL methods described below are applied to training
images. The TDiet objective remains unchanged in Phase
2, consistently encouraging alignment of representations
between adjacent frames and their augmented versions
throughout training.

SSL Methods and Model Backbones. Ideally, our visual
diets could be applied to all SSL methods and model
backbones, but exhaustively evaluating all combinations
is computationally prohibitive. =~ We therefore select 2
representative SSL. methods, SimCLR [18] and DINO
[15]. Unlike generative SSL methods such as MAE [39],
which reconstruct missing or corrupted pixels and are less
ecologically valid, SimCLR and DINO are widely used
and yield more biologically plausible SSL representations
[39, 55, 84, 133, 136, 147]. Given their distinct training
objectives, we adapt TDiet to each method. In SimCLR,
TDiet pulls adjacent frames and their augmented views
closer in embedding space while keeping the original
negative pairs to push apart representations of non-adjacent
frames within the same video or frames from different
videos. In DINO, TDiet aligns features of adjacent



frames and their augmented views through evolving cluster
prototypes from the student and teacher networks. For each
SSL method, we experiment with 2 common backbones:
the 2D-CNN ResNet [41] and the transformer-based
ViT [31], yielding 4 model variants denoted as [SSL
method]-[backbone] (e.g., SimCLR-ResNet).
Implementation Details. All models are trained with a
batch size of 64 and an image resolution of 224 x 224.
We use the AdamW optimizer [65] with a learning rate
of 5 x 1074, weight decay of 1 x 104, and a cosine
annealing schedule with a 10-epoch warm-up. Experiments
are conducted on NVIDIA RTX A6000 and RTX 6000 Ada
Generation GPUs. Additional implementation details, and
parameter analyses are provided in Sec. S1.

4. Benchmarking Developmental Visual Diets

In this section, we present a comprehensive benchmark
for evaluating developmental visual diets. It encompasses
10 datasets, multiple evaluation metrics across diverse
downstream tasks, and baseline models for comparison with
our proposed developmental visual diets.

4.1. Datasets

CO3D [90]: The CO3D dataset comprises real-world,
object-centric videos capturing full 360° azimuthal
rotations around individual objects. We select 10 object
categories with about 4,500 instances in total. Training and
test splits are defined at the object-instance level within
each category. During training, we uniformly sample 10
frames per video to span the complete viewing circle,
corresponding to roughly 36° between adjacent views. For
testing, we randomly sample 2 frames per video to ensure
viewpoint diversity while minimizing redundancy.
CO3D-C: To evaluate model robustness in object
recognition, we construct a corrupted variant of the
CO3D test set, using the distortion operators defined in
the ImageNet-C protocol [45]. CO3D-C comprises 15
corruption types across 4 families—noise, blur, weather,
and digital artifacts—each applied at 5 severity levels.
3D-PC [63]: The 3D-PC Depth Order dataset contains
4,500 images of rendered 3D scenes. Each image depicts
a green arrow (camera viewpoint) and a red ball. The task
is formulated as a binary classification problem, where the
model predicts whether the arrow is closer than the ball
(Fig. 1e). We adopt the official training and test splits.
IEVC: The classical visual cliff paradigm in developmental
psychology places infants on a glass platform with one side
appearing shallow (texture directly beneath the glass) and
the other deep (texture several centimeters below). Infants’
hesitation to cross the “cliff” marks the emergence of depth
perception. To simulate this, we render 3 infant-perspective
views in Blender facing the deep side (Fig. 1f and Fig. 4c).

Similar to 3D-PC, we formulate this task as a binary
depth-order classification task for the models.

SAYCam (SAY) [107]: SAY is a longitudinal egocentric
video dataset capturing the daily visual experiences of 3
infants (S, A, and Y) from 6 to 32 months of age, providing
spatial statistics, infant-perspective object distributions, and
temporal continuity reflective of early visual development.
In our experiments, we use recordings from child S, which
include an annotated subset of video frames across 26
object categories. The unannotated portion is used for
self-supervised pretraining, while the annotated frames
serve as the linear probing dataset. From each video,
we sample a 2-second clip every 2 minutes to minimize
redundancy, with each clip sampled at 5 fps, yielding
approximately 35,000 frames for pretraining.

SAYCam-C (SAY-C): A corrupted extension of SAY is
constructed using the same 4 corruption families as the
CO3D-C dataset. This dataset evaluates model robustness
in object recognition under corrupted egocentric views.
ImageNet-21K (IN) [92]: IN is a large-scale naturalistic
image dataset containing over 14 million images across
21,000 object categories. For our experiments, we select
15 overlapping classes between IN and SAY. The list of
overlapping classes is provided in Sec. S1. ImageNet-C
(IN-C): Corrupted IN is constructed using the same 4
corruption families as CO3D-C.

Texture—-Shape Cue Conflict (TSCC) [35]: TSCC is a
diagnostic dataset where each image fuses the global shape
of one object category with the local texture of another via
style transfer (Fig. 1c). It evaluates whether SSL. models
rely primarily on shape or texture for object recognition.
We select 3 overlapping object classes between TSCC and
SAY for evaluation.

Silhouettes-Only (Sil-O) [35]: Sil-O is a texture-free
variant of IN where each object is rendered as a black
silhouette on a white background (Fig. 1d). We select
the same 3 overlapping classes as in TSCC. This dataset
assesses shape-based recognition independent of color.

4.2. Baselines

Baselines for CDiet and ADiet. We define 4 baselines by
altering the order of their staged curricula. For brevity, we
denote each baseline together with its corresponding visual
diet as [Diet]-[Baseline]; for example, C-REYV indicates the
REV baseline applied to CDiet. Reverse Order (REV).
The progression direction in the staged schedule is reversed;
for instance, instead of progressing from grayscale to color
in CDiet, C-REYV applies the five-stage saturation schedule
from color to grayscale. Shuffled Order (SHF). The
original stage ordering is discarded, and data from all 5
stages are merged into a single pool, with each mini-batch
randomly sampled from this pool during SSL pretraining.
First-Only (FO). To limit SSL models to early-stage



inputs, they are pretrained only on the first stage of each
visual diet; for example, in C-FO, only the lowest blend
ratio s from stage 1 is applied across all 5 stages in CDiet.
Last-Only (LO). LO uses all the original images without
any color or blur modifications. For example, C-LO uses
the original full-color images for pretraining.

Baselines for TDiet. We include a single baseline,
Non-Smooth, in which the objective pulls together only
cropped views from the same frame, without encouraging
similarity between neighboring frames.

Baselines for CATDiet. We adopt the same 4 baselines
as for CDiet and ADiet, applying each baseline to its
respective schedule individually and then combining them
to form the corresponding baselines, such as CAT-REV.

Baselines for CombDiet. We compare CombDiet against
two controlled baselines: Shuffled Order (SHF). This
variant follows the same two-phase schedule as CombDiet,
with CAT-SHF used in Phase 1 followed by SDiet in Phase
2. It isolates the effect of the developmental order while
maintaining the same data distribution, architecture, and
training duration as CombDiet. Standard SSL (STD).
We include standard SSL baselines, SImCLR and DINO.
For fair comparisons, we use the same backbones as in
CombDiet but retain their conventional training paradigm
with standard data augmentations and loss objectives.

4.3. Evaluation Metrics

Metrics for object recognition. Top-1 accuracy
(Acc) denotes top-1 classification accuracy. The mean
Corruption Error (mCE) [45] is computed as the
average normalized error across all corruption types and
severity levels, with lower values indicating stronger
model robustness. See Sec. S1 for details. Shape-Bias
(S-Bias) quantifies perceptual alignment with shape cues
in the TSCC dataset. It is defined as the proportion of
shape-consistent predictions among all images classified
as either shape- or texture-consistent by any of the three
models (CombDiet, SHF, STD). Higher S-Bias indicates
stronger reliance on global shape cues over local textures.

Metrics for quantifying network connectivity. Fisher
Information Matrix (FIM) is defined as the trace of the
Fisher Information Matrix [1], computed from the gradients
of the network parameters. Intuitively, it reflects the
network’s sensitivity to small parameter perturbations and
its adaptability during SSL pretraining.

Metrics for depth-order classification. Depth Accuracy
(dAcc) denotes the binary classification accuracy on the
depth-order prediction task. dAcc of 0.5 corresponds to
chance performance, reflecting random guesses on whether
the green arrow is closer than the red ball.
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Figure 3. Object recognltlon performance on CO3D
(clean) and CO3D-C (corrupted) datasets for SimCLR-ResNet
pretrained on CATDiet and its individual diets. Bars show
mCE ({, left axis), where blue and gray bars denote our proposed
visual diets and their corresponding baselines; the dashed red line
indicates Acc (T, right axis). Error bars represent the standard
error of mCE over three runs. The four panels correspond to
different attributes of the proposed visual diets: Color, Acuity,
Temporality, and their combination (see Sec. 5.1).

5. Results

5.1. Evaluation of CATDiet on Object Recognition

We pretrain 4 SSL models on the integrated CATDiet as
well as its individual diets using the CO3D training set,
followed by training 10-way linear probes on the same set.
The models and their baselines are then evaluated on clean
CO3D test images and corrupted CO3D-C images. Results
for SImCLR-ResNet are shown in the main text, with other
models presented in Sec. S2. Consistent observations and
analyses apply across all models.

Natural progression order matters and incorrect
progression order impairs model robustness. From
the first two panels of Fig. 3, both CDiet and ADiet
models pretrained with the SHF or REV exhibit higher
mCE compared to their original staged curricula. For
example, CDiet outperforms the best-performing baseline
C-SHF by 2.9% in mCE. This indicates that maintaining
the original schedule in visual diets is critical for learning
robust object representations, as it provides the correct
inductive bias. Interestingly, models pretrained with REV
even underperform SHF (e.g., C-REV with mCE of 95.2%
versus C-SHF with mCE of 87.3%), suggesting that
incorrect progression orders strongly disrupt the model’s
ability to capture meaningful visual features.

Early limitations in visual diets are beneficial for
developmental scaffolding but insufficient on their own.
To probe the effect of early-stage and late-stage diets on
model robustness, we compare the FO and LO baselines
against our proposed CDiet and ADiet (first two panels of
Fig. 3). Pretraining on LO is inferior to the full staged
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Figure 4. Signature developmental patterns observed in SimCLR-ResNet pretrained on CATDiet from CO3D (a), 3D-PC (b), and
IEVC (c¢). (a) The trace of the Fisher Information Matrix (FIM) for the SSL model gradients [1] is plotted across pretraining epochs,
capturing the sensitivity of network outputs to small weight perturbations. The inset shows synaptic density changes in macaque primary
visual cortex (V1) [88], highlighting a similar rise-and-fall pattern for the model pretrained on CATDiet (blue) compared to FIM changes
in CAT-SHF (red). (b) Binary classification accuracy on a depth-order task as a function of pretraining epochs. Blue and red curves
correspond to CATDiet and SHEF, respectively. The shaded region marks the period of rapid accuracy increase in dAcc for CATDiet. (c)
Simulated Visual Cliff experiment. The top row shows egocentric views from an infant’s perspective crawling on a glass platform (see
Sec. 4.1). The table below summarizes model responses for CATDiet and CAT-SHF to the binary question “Is the green arrow closer than

the red ball?” (“yes” indicates that the green arrow is closer).

curriculum, suggesting that limited early-stage exposure
helps scaffold representation learning. For example, CDiet
achieves an mCE of 84.4%, compared to 90.8% for C-LO.
However, FO alone does not match the performance of
our proposed diet (e.g., CDiet vs. C-FO and ADiet
vs. A-FO), demonstrating that early constraints facilitate
learning but require subsequent stages to fully develop
robust representations.  These empirical results echo
two observations from developmental psychology. First,
children who begin visual experience with relatively high
acuity due to early cataract removal can discriminate faces
based on local features but fail to detect their configural
changes [69, 115]. Second, children whose vision begins
with mature cone cells due to early cataract removal show
a marked decrease in recognizing grayscale images relative
to color images [117].

Models achieve strong accuracy on clean images while
exhibiting robustness to image corruptions. From the
first two panels of Fig. 3, across CDiet and ADiet,
models pretrained with our proposed diets not only perform
competitively well with or better than all baselines (REV,
SHF, FO, LO) in terms of Acc on clean images, but
also significantly outperform all baselines in terms of
mCE on corrupted images.  This demonstrates that
developmental-inspired training simultaneously enhances
object recognition accuracy and model robustness.

Temporal continuity provides free and useful
regularization to learn robust object representations.
In TDiet (third panel of Fig. 3), including the training
objective of temporal continuity leads to consistent gains in
both Acc and mCE compared to the Non-Smooth baseline.
By encouraging similarity between neighboring frames,
TDiet effectively regularizes the learned representations,
improving robustness to natural image corruptions.

Integrated CATDiet achieves more than its individual
components. In the fourth panel of Fig. 3, CATDiet

achieves a substantially lower mCE of 72.3% and a higher
Acc of 72.4% compared to its individual components
(CDiet: 84.4% in mCE and 68.5% in Acc, ADiet: 86.7%
in mCE and 55.8% in Acc, TDiet: 86.2% in mCE and
60.9% in Acc). This demonstrates that the combined
curriculum provides synergistic benefits beyond the sum of
its parts. Furthermore, we compare CATDiet against its
baseline variants in both mCE and Acc. Consistent with
observations in CDiet and ADiet individually, the baselines
underperform CATDiet, with performance gaps even larger
than those observed for the individual diets, further
highlighting the importance of integrating developmentally
inspired diets.

Changes in network connectivity of SSL models
pretrained on CATDiet mirror synaptic density changes
in macaque V1 over development. As shown in Fig. 4a,
network connectivity measured via FIM for CATDiet
closely follows synaptic density changes in macaque
primary visual cortex across the lifespan [88]. FIM
rises sharply during early pretraining, peaks around the
5th epoch, and gradually declines, indicating an initial
phase of high plasticity followed by progressive weight
consolidation.  This suggests that CATDiet undergoes
an early exploratory stage of representation formation
before stabilizing into robust feature embeddings. In
contrast, CAT-SHF shows a monotonically decreasing
curve, implying premature convergence. These results
indicate that a structured developmental diet balances
exploration and exploitation, with the model first exploring
the embedding space and later consolidating robust
representations through weight pruning.

5.2. Evaluation of CATDiet on Depth Perception

We pretrain the SimCLR-ResNet on CATDiet using the
CO3D training set, followed by training its linear probes on
the 3D-PC training set for binary depth-order classification.



SAY SAY-C IN IN-C TSCC Sil-O 3D-PC
[107] [45] [92] [45] [35] [35] [63]
Acc mCE Acc mCE S-Bias Acc dAce

Comb 551 79.0 641 714 207 467 732

[IS]-[‘;]] SHF 49.7 857 628 804 13.8 333 66.3
STD 490 877 640 773 207 333 60.5

S-R Comb 631 773 755 639 417 467 70.5
[18][41] SHF 564 861 725 733 375 500 635
STD 55.1 858 733 715 375 567 644

D-V Comb 551 757 656 698 233 63.0 772
[ ;]-[“] SHF 523 812 629 773 10.0 333 74.1
o STD 545 795 68.0 698 200 467 73.6
D-R Comb 582 80.7 763 665 259 50.0 67.6

SHF 430 101.1 66.8 887 222 400 632

[ISIE41] STD 517 920 747 784 222 500 63.6

Table 1. Performance of SSL models pretrained on CombDiet
from the SAY dataset and their baselines on object recognition
and depth perception tasks. Each row corresponds to a
specific [SSL]-[backbone] configuration (four in total). In the
first column, S, V, R, and D denote SimCLR [18], ViT [31],
ResNet [41], and DINO [15], respectively; Comb indicates
our proposed CombDiet. Within each row, three models are
compared: CombDiet, SHF, and STD. Columns report results
on the respective datasets with their corresponding evaluation
metrics. Shaded rows highlight CombDiet performance; best
results are shown in bold.

The model and its baselines are then evaluated on the
3D-PC test set and the IEVC dataset, which simulates the
Visual Cliff paradigm [37].

Progressive depth perception emerges during
pretraining with infant-like staged diets. As shown
in Fig. 4b, the dAcc on the 3D-PC dataset for the SSL
model pretrained on CATDiet increases sharply around the
fifth epoch, marking the emergence of depth sensitivity.
In contrast, CAT-SHF plateaus early with a lower dAcc
of 61.5%, indicating that disrupting the developmental
sequence impairs the acquisition of depth cues. This result
provides a computational account suggesting that pictorial
depth sensitivity in infants emerges postnatally rather than
being innate [5].

Models pretrained with progressive staged diets align
with infant behaviors in the visual cliff paradigm.
In the visual cliff evaluation (Fig. 4c¢), the SSL model
pretrained on CATDiet correctly predicts the depth order
across all three synthesized environments in the IEVC
dataset. Specifically, the model identifies the shallow side
as safe and avoids the deep side, mirroring the avoidance
behavior observed in one-year-old infants [37]. In contrast,
CAT-SHF fails to make accurate depth-order predictions,
underscoring the importance of developmental order in
visual diets. Consistent with [5], these results also suggest
that depth perception is not innate but rather emerges
through early visual experience.

5.3. CombDiet Generalizes to Real-World Tasks

We first pretrain four SSL models on CombDiet using the
SAY training set followed by their linear probes trained
on the annotated set for 26-way image classification. The
models and their baselines are evaluated on the clean
SAY test images and the corrupted SAY-C images for
object recognition. Additionally, we train another set of
linear probes on IN for 15-way image classification and
evaluate them on out-of-domain object recognition datasets,
including IN, IN-C, TSCC, and Sil-O. Finally, we train and
evaluate their models with separate 2-way linear probes for
the binary depth-order classification task on 3D-PC. We
provide additional results for CO3D-pretrained SSL models
in Sec. S3. Similar analyses apply to these models as well.
CombDiet models achieve the best performance among
all the baselines in object recognition and depth-order
estimation tasks. As shown in Column 1 and Column 9
of Tab. 1, models pretrained with CombDiet consistently
outperform all baselines across the object recognition and
depth-order classification benchmarks on the SAY and
3D-PC datasets. For instance, for SimCLR-ViT, the
CombDiet model achieves the highest Acc of 55.1% on the
clean SAY test images and the highest dAcc of 73.2% on
the 3D-PC dataset. Interestingly, CombDiet-SHF performs
comparably to STD, though both remain inferior to our
CombDiet models. This indicates that the developmental
order in the progressive schedule is critical; disrupting it
degrades model performance to the level of STD.

CombDiet models are more robust to recognizing
out-of-domain images and exhibit stronger inductive
biases towards shapes. Columns 28 in Tab. 1 show model
performance on out-of-domain image recognition tasks.
CombDiet models are more robust to corrupted images in
SAY-C compared to all baselines. Remarkably, they also
generalize to IN and IN-C—datasets never seen during
training, which demonstrates strong out-of-distribution
generalization capabilities. Despite never being exposed
to TSCC images or any human behavioral data, CombDiet
models exhibit human-like shape biases, which become
even more pronounced on Sil-O, where object recognition
relies solely on silhouettes. These results indicate that
our developmental visual diets induce strong shape-based
inductive biases, improving model generalization and
practical applicability in real-world vision tasks.

6. Discussion

We present CATDiet, a progressive visual diet for SSL
that simulates infant vision through staged constraints
on color, acuity, and temporal continuity. Across ten
comprehensive benchmarks, CATDiet enhances robustness
in object recognition and exhibits biologically aligned
developmental patterns, including neural plasticity changes,



early emergence of depth perception, and infant-like

hesitation in the visual cliff paradigm.

Building on

these insights, CombDiet integrates these developmental
principles with standard SSL training, achieving superior
in-domain and out-of-domain performance on object
recognition and depth-order classification tasks. Our work
provides an initial step toward modeling the progressive
structure of early visual experience and offers a framework
for scaffolding robust visual representations in machines.
Future work could extend this approach by incorporating

biologically inspired mechanisms—such as

recurrent

connections—to better capture how humans internalize
experience and form robust visual representations.
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Supplementary Material for
Learning to See Through a Baby’s Eyes:
Early Visual Diets Enable Robust Visual Intelligence in Humans and Machines

S1. Implementation Details

Training Details.

CATDiet integrates the staged curricula of CDiet and ADiet by interleaving their respective schedules, yielding an
eight-stage training curriculum with stage lengths of [10, 6, 1, 5, 1, 2, 3, 2] epochs. Across these stages, we jointly manipulate
the Gaussian blur standard deviation o and color-saturation ratio s. Specifically, we set o = [4,3,2,2,1,1,0,0] (in pixels)
and assign the saturation ranges for stages one through eight as (0.20, 0.36), (0.36, 0.52), (0.36, 0.52), (0.52, 0.68), (0.52,
0.68), (0.68, 0.84), (0.68, 0.84), and (0.84, 1.0), respectively.

We accelerate data loading using FFCV [60]. Training hyperparameters are selected via grid search for optimal
performance. For SImCLR, we employ a staged temperature schedule; the temperature values 7 for CDiet, ADiet, TDiet,
CATDiet, and CombDiet are listed in Tab. S1.

T value across stages stage durations
Cdiet [0.5,0.4,0.3,0.2,0.1] [10,7,6,5,2]
Adiet [0.5,0.4,0.3,0.2,0.1] [10, 6,6, 3, 5]
Tdiet [0.1] [30]
CATDiet  [0.5,0.45,0.4,0.35,0.3,0.2,0.15,0.1] [10,6,1,5,1,2,3,2]
CombDiet [0.5, 0.45, 0.4, 0.35, 0.3,0.2, 0.15,0.1,0.1] [10,6,1,5,1,2,3,2,70]

Table S1. Temperature (7) schedules used for SimCLR under different visual diets. Each row corresponds to one visual diet. The
second column specifies the 7 value used in each stage, and the third column provides the duration of each stage (in epochs).

For DINO, temperature is fixed throughout training; we use a student temperature of 7, = 0.1 and a teacher temperature
of 7z = 0.04 for all visual diets. For momentum, we use the update schedule from [15] for CATDiet and each individual
diet (CDiet, ADiet and TDiet); in the two-phase CombDiet setting, the same update schedule is applied in Phase 1 and the
momentum is reinitialized at the beginning of Phase 2 to adapt to SDiet.

Calculation of mCE. We compute the mean Corruption Error (mCE) following the protocol of [45]. ImageNet-C comprises
15 corruption types, each evaluated at 5 severity levels. For a classifier f, let Esf . denote the top-1 error under corruption

type c at severity level s. The aggregated error for corruption type cis Ef = Zf,:l E{ -

Because corruption types differ in difficulty, we normalize these errors by those of a baseline model, E%li", Following
[45], we use AlexNet [57] as the reference, yielding the normalized corruption error:

Ef
f _ c
CEC - EAlexNet
c

The mCE is then obtained by averaging C'E/ over all 15 corruption types, providing an overall measure of corruption
robustness for model f.

Mapping Classes between IN and SAY. The 15 IN [92] classes used in this study and their corresponding SAY [107] labels
are listed below, where each IN label is followed by its corresponding SAY label in parentheses: n02124075 (cat), n09421951
(sand), n04399382 (plushanimal), n04590129 (window), n04239074 (door), n03125729 (crib), n02802426 (ball), n03201208
(table), n04344873 (couch), n03180011 (computer), n04099969 (chair), n03598930 (puzzle), n04285008 (car), n04204238
(basket), and n04462240 (toy).

S2. Object recognition performance of CATDiet on other models

As shown in Fig. S1, the conclusions in Sec. 5.1 consistently generalize across all SSL methods and backbones: Across
all models (i.e., across all panels in Fig. S1), each individual diet (CDiet, ADiet, TDiet) consistently achieves lower mCE
than its corresponding baselines, demonstrating that developmentally-inspired visual diets promote robust representation
learning across diverse SSL configurations. Moreover, the integrated CATDiet not only attains the lowest mCE among all
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Figure S1. Object recognition performance on CO3D (clean) and CO3D-C (corrupted) datasets for three SSL models pretrained on
CATDiet and its individual diets. Panels (a—c) show results for SImCLR-ViT, DINO-ResNet, and DINO-ViT, respectively. Within each
panel, bars show mCE ({, left axis) for our diets (blue) and their baselines (gray); the dashed red line indicates Acc (T, right axis). Error
bars reflect the standard error of mCE over three runs. Within each panel, the four groups correspond to different attributes of the proposed
visual diets: Color, Acuity, Temporality, and their combination.

diets but also exhibits larger performance gains in mCE and Acc over its baselines than any individual diet across all models,
confirming that the synergistic benefit of integrating all developmentally-inspired diets generalize across other SSL. methods
and backbones.

S3. Object Recognition and Depth Order Classification Results of CombDiet pretrained on
CO3D-10 and CO3D-50

Sec. 5.3 demonstrates that CombDiet improves model robustness and achieves superior performance on both object
recognition and depth-order classification tasks. To assess whether these gains extend beyond SAY, we replicate the same
experiments on CO3D. We begin with the 10-class CO3D subset used in the main text, and then evaluate scalability by
repeating the experiments on an expanded 50-class version, which we denote CO3D-50.

Datasets.

CO3D-50 [90] and CO3D-50-C. We construct the CO3D-50 benchmark using all 50 object categories in the CO3D dataset,
sampling approximately 26,000 object instances for our experiments. Training and test splits are defined at the object-instance
level within each category, and details of the frame-sampling procedure for both splits are provided in Sec. 4.1. To evaluate
robustness, we additionally construct a corrupted version of the CO3D-50 test set following the ImageNet-C protocol [45],
resulting in CO3D-50-C. For clarity, the 10-category subset used in the main text and its corrupted counterpart are referred
to throughout as CO3D-10 and CO3D-10-C, respectively.

IN-10, IN-40, IN-10-C, and IN-40-C [92]. For out-of-domain object recognition, we construct two ImageNet-21K subsets
based on category overlap with CO3D-10 and CO3D-50. For CO3D-10, the 10 overlapping ImageNet-21K categories form
IN-10. For CO3D-50, 40 categories align with ImageNet-21K, forming IN-40. To evaluate robustness, we generate corrupted
versions of the IN-10 and IN-40 test sets using the ImageNet-C protocol [45], producing IN-10-C and IN-40-C. Complete
class mappings between CO3D-10 and IN-10, and between CO3D-50 and IN-40, are listed below, where each ImageNet
label is followed by its corresponding CO3D class in parentheses:

The overlapping classes between IN-10 and CO3D-10 are: n07930864 (cup), n04146614 (toybus), n03791053
(motorcycle), n04399382 (teddybear), n03809312 (toyplane), n04026813 (bicycle), n04099969 (chair), n03417042
(toytruck), n02958343 (car), and n02971579 (toytrain).

The overlapping classes between IN-40 and CO3D-50 are: n07930864 (cup), n04146614 (toybus), n03791053
(motorcycle), n04399382 (teddybear), n04552348 (toyplane), n02835271 (bicycle), n04099969 (chair), n03417042
(toytruck), n04285008 (car), n04335435 (toytrain), n03483316 (hairdryer), n04522168 (vase), n04263257 (bowl),
n04507155 (umbrella), n03891332 (parkingmeter), n04442312 (toaster), n04447861 (toilet), n02992529 (cellphone),
n07248320 (book), n02802426 (ball), n04344873 (couch), n03983396 (bottle), n03991062 (plant), n03085013 (keyboard),
n03793489 (mouse), n01608432 (kite), n07873807 (pizza), n02823750 (wineglass), n02769748 (backpack), n07747607
(orange), n03709823 (handbag), n07753592 (banana), n04404412 (tv), n04074963 (remote), n07742313 (apple), n07697537
(hotdog), n07714990 (broccoli), n03891251 (bench), n03642806 (laptop), and n03761084 (microwave).



Detailed Settings. We evaluate CombDiet models pretrained on CO3D-10 and CO3D-50 across object recognition and
depth-order classification. We summarize the specific training, linear probing, and test procedures below.

(1) Pretrained on CO3D-10. We pretrain four SSL models with CombDiet on the CO3D-10 training set. For object
recognition, we train 10-way linear probes on CO3D-10 and evaluate them on both clean CO3D-10 test images and the
corrupted CO3D-10-C set. To assess out-of-domain generalization, we train 10-way probes on IN-10 and evaluate on IN-10
and IN-10-C. Depth perception is measured using a 2-way linear probe trained and tested on the 3D-PC Depth Order dataset.

(2) Pretrained on CO3D-50. We pretrain four SSL models with CombDiet on the CO3D-50 training set. For object
recognition, we train 50-way probes and evaluate them on CO3D-50 and CO3D-50-C. For out-of-domain evaluation, we
train 40-way probes on IN-40 and evaluate on IN-40 and IN-40-C. Depth perception is again evaluated using a 2-way linear
probe trained and tested on the 3D-PC dataset.

Results. Following the presentation style in Sec. 5.3, we report results in Tab. S2 for both CO3D-10 (Columns 3-7) and
CO3D-50 (Columns 8-12). On CO3D-10, CombDiet models achieve competitive or superior performance in Acc and dAcc,
and outperform all baselines by a substantial margin in mCE. We observe similar trends on CO3D-50, which includes a much
broader set of object categories. These results demonstrate that the progressive ordering of developmental diets is essential: it
substantially improves model robustness, whereas disrupting this order reduces performance to that of standard SSL training.

CO3D CO3D-50

CO3D-10 CO3D-10-C IN-10 IN-10-C 3D-PC CO3D-50 CO3D-50-C IN-40 IN-40-C 3D-PC
[90] [45] [92] [45] [63] [90] [45] [92] [45] [63]
Ace mCE Acc mCE dAcc Ace mCE Acc mCE dAcc
. , CombDiet 4.4 67.6 804 578 745 752 76.6 651  175.4 73
SITS{]L[I;‘]]IT SHF 74.0 69.8 776 612 71.1 71.1 83.7 61.7 81.4 65.7
: STD 74.8 68.6 784 587 69.3 71.8 83.5 615 822 61.3
. CombDiet 832 58.7 888 448 69.0 82.4 70.5 760  69.1 724
S'm[cllé?['fﬁsmt SHF 823 64.6 862 511 64.0 79.7 80.1 748 762 65.3
STD 80.7 63.2 880 518 62.8 78.7 84.1 740 774 68.8
pINO.viT  CombDiet 7.7 62.8 818  54.8 79.9 80.0 67.9 718  66.0 7822
5] ['H‘] SHF 73.8 68.7 820 632 763 12.1 120.7 94 1222 325
>I STD 763 64.0 826 572 785 80.8 70.9 737 617 774
CombDiet  83.5 57.1 89.6 489 70.9 80.0 74.4 772 728 728
Dlﬁ(;il[‘:f?“ SHF 78.0 74.7 854  69.1 63.4 57.6 102.6 572 1005 582
STD 853 64.5 892 598 68.4 85.2 75.4 797 745 75.0

Table S2. Object Recognition and depth-order classification results of SSL models pretrained with CombDiet on CO3D-10 and
CO3D-50 respectively. Columns 3-7 denote results of models pretrained on CO3D-10, columns 8-12 denote results of models pretrained
on CO3D-50. Each row corresponds to a specific [SSL]-[backbone] configuration (four in total). Within each row, three models are
compared: CombDiet, SHF, and STD. Shaded rows highlight CombDiet performance; best results are shown in bold.
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