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Figure 1: Developmental visual diet (DVD) promote human-like shape bias and robustness in vision models. A. Developmental visual
diet (DVD) modelling behavioural measurements from infancy to adulthood (0–25 years) for visual acuity (left), chromatic sensitivity (middle),
and contrast sensitivity (right). B. Example DVD images. C. Example cue-conflict images illustrating shape–texture bias. D. Accuracy and
shape bias in baseline and DVD-trained models. E. Comparison of shape bias between DVD and standard vision models - DVD achieves
near-human-level shape bias. F. DVD-trained models better align with human responses under image degradation. G. Enhanced L2-based
adversarial robustness of DVD-trained models against additive Gaussian (left) and uniform (right) noise attacks.

Abstract
A prolonged period of immaturity is a key feature distin-
guishing humans from artificial neural networks (ANNs)
and many other animals. For example, various aspects
of the visual experience of babies are rather poor and
only slowly improve over time. In stark contrast, AI vision
models are presented with mature, adult-like input from
the start. Here we wondered whether there is a compu-
tational advantage to this developmental trajectory, and
how far it would impact artificial vision models. Indeed,
recent studies indicate that injecting several fixed levels
of blur into training can improve robustness and shape
bias — longstanding challenges for vision models in ob-
ject recognition. However, a large margin to human vi-
sual robustness remains for all publicly available vision
systems. To further explore the possibilities of a human-
adjusted visual diet, we introduce a visual training trajec-
tory that simulates the progressive developmental visual
diet (DVD) of humans, spanning from newborns to 25-
year-old adults. Three aspects of vision are considered:
visual acuity, chromatic sensitivity, and contrast sensitiv-

ity. We demonstrate that training on vision tasks with DVD
yields models with near-human-level shape bias, better
alignment with robust human perception under signal de-
terioration, and much enhanced robustness to a variety
of adversarial attacks. Importantly, the DVD improve-
ments are observed on regular vision models, such as
ResNet, trained on regular vision tasks, such as ecoset or
ILSVRC, thus enabling robust visual inference outside of
large-scale, large-data, multimodal models. DVD thereby
offers a promising approach to bridging the gap between
artificial neural networks and human visual systems.
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Introduction
Whereas numerous species rapidly develop near-adult vision
soon after birth, mammals - especially humans - undergo a
prolonged developmental period, transitioning from low visual
acuity, limited chromatic sensitivity and contrast sensitivity, to



fully mature perception (Teller, 1983). Whether this prolonged
developmental window is merely a biological limitation or a
crucial mechanism for fostering robust, human-like visual intel-
ligence is a longstanding question. If the latter were the case,
would a comparably slow developmental visual diet (DVD) aid
artificial vision systems, too?

Compared to artificial vision systems, one aspect where
human vision shines is the so-called shape bias (Fig. 1C).
Previous studies show that human visual behaviour is 96%
reliant on shape when facing a shape-texture cue-conflicting
condition(Geirhos et al., 2018). In contrast, modern artifi-
cial vision systems, ranging from convolutional neural net-
works (CNNs) to Vision Transformers (ViTs), predominantly
rely heavily on texture-based cues (Geirhos et al., 2018; Baker
et al., 2018). Recent studies show that training vision mod-
els with several fixed levels of blurry input — one feature
of early visual experience — applied in a coarse blurry-to-
clear or clear-to-blurry fashion, yields improved robustness
(Vogelsang et al., 2018) and shape bias (Jang et al., 2024),
but these advances, while encouraging, remain far below
human-level performance.

In this work, we demonstrated that adhering closely to the
human developmental visual trajectory, reflecting gradual im-
provements in visual acuity, chromatic sensitivity, and contrast
sensitivity, is an effective means towards achieving robust ar-
tificial vision with nearly human-level shape bias, heightened
resilience to image degradations and adversarial attacks.

Results
To approximate visual experience changes in human vision
from infancy through adulthood, we made use of available
quantitative behavioural data on visual acuity, chromatic sen-
sitivity, and contrast sensitivity obtained via psychophysics ex-
periments from newborns to 25-year-old adults.

Data from each of the three aspects of vision was fit with
a smooth, monotonic exponential curve, capturing how sensi-
tivity in different visual aspects evolves over the first 25 years
of life (Fig. 1A). These curves underpin our DVD framework:
during training, images undergo progressive transformations,
initially newborn-level visual acuity, color and contrast sensi-
tivity, then gradually shifting to more adult-like vision. Impor-
tantly, model testing is performed on regular input images.

DVD training leads to near-human-level shape bias
Shape bias is a hallmark of human visual perception, with
observers consistently prioritizing shape over texture (96% in
adults and 88% in four-year-old children)(Huber et al., 2023).

We find that ANN models trained with DVD exhibited sub-
stantial improvements in shape-based decisions, while re-
taining object categorization performance (see Figure 1C).
Compared to a baseline (ResNet50, 45% shape bias), DVD
shape favored variants (DVD-S and DVD-S2) achieved be-
tween 87%-91% shape bias, approaching human-level prefer-
ence (88%-96%). Also, performance-favored variants (DVD-P
and DVD-P2) attain both improved recognition accuracy (from
63% to 65% in ecoset dataset) and elevated shape bias (from

45% to 71%). Under a balanced regime, DVD-B achieved a
substantial increase in shape bias (from 45% to 81%) with
only a modest accuracy trade-off (4.3%). The various DVD
configurations reflect differences in hyperparameters, mod-
ulating the quantity and strength of early visual experience
introduced during training. Importantly, DVD-trained models
(Figure 1D) exceed the shape bias of all conventional vision
models trained on naturalistic inputs.

DVD training brings enhanced degradation and
adversarial robustness
After training with DVD, models exhibit improved performance
under image degradations. As blur intensifies, baseline mod-
els experience a sharp decline in both object and face recog-
nition accuracy, whereas DVD-trained models maintain much
higher accuracy, aligning more closely with human perfor-
mance (Fig. 1E, human data from (Jang et al., 2021)). Fur-
thermore, DVD-trained models demonstrate superior adver-
sarial robustness against L2-based Gaussian and uniform
noise perturbations (Fig. 1F).

In summary, training with developmental visual trajectories
enables models to gradually develop visual acuity, chromatic
sensitivity, and contrast sensitivity from low to high levels,
yielding near-human-level shape bias, and improving robust-
ness to both image degradations and adversarial perturba-
tions in object recognition.

Methods
Neural network training: We adopted a standard ResNet50
as our baseline architecture, training it on the ecoset dataset
(Mehrer et al., 2021) for object classification.

To simulate the trajectory of visual development(DVD), we
integrated psychophysical data on visual acuity, chromatic
sensitivity, and contrast sensitivity from newborns to 25-
year-old adult, sourced from previous psychophysics studies
(Braddick et al., 2011; Caltrider et al., 2024; Dobson et al.,
2009; Drover et al., 2008; El-Gohary et al., 2017; Katzhendler
et al., 2019b; Inal et al., 2018; Katzhendler et al., 2019a;
Kugelberg, 1992; Leone et al., 2014).

Based on these developmental trajectories, we established
a “months-per-epoch” (mpe) training schedule (e.g., 2mpe
over 150 epochs to represent 25 years). This schedule
mapped each epoch’s data augmentation parameters to cor-
responding age-based visual acuity, chromatic and contrast
sensitivity. By adjusting this schedule and the contrast-
threshold hyper-parameters, we derived DVD variants empha-
sizing shape bias, performance, or a balanced trade-off.
Shape bias and robustness analysis: Shape bias is mea-
sured using cue-conflict stimuli, where texture and shape cues
are in conflict, and quantified as the proportion of images clas-
sified based on shape over texture (Geirhos et al., 2018).

Degradation robustness was evaluated based on ob-
ject/face recognition accuracy under progressively increas-
ing image blur (Jang et al., 2021). Adversarial robustness
was quantified by the model’s top-1 accuracy under L2-based
Gaussian and uniform noise attacks of escalating intensity.
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