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Abstract

Convolutional neural networks (CNNs) trained on object recognition achieve high
task performance but continue to exhibit vulnerability under a range of visual per-
turbations and out-of-domain images, when compared with biological vision. Prior
work has demonstrated that coupling a standard CNN with a front-end (VOneBlock)
that mimics the primate primary visual cortex (V1) can improve overall model
robustness. Expanding on this, we introduce Early Vision Networks (EVNets), a
new class of hybrid CNNs that combine the VOneBlock with a novel Subcortical-
Block, whose architecture draws from computational models in neuroscience and
is parameterized to maximize alignment with subcortical responses reported across
multiple experimental studies. Without being optimized to do so, the assembly of
the SubcorticalBlock with the VOneBlock improved V1 alignment across most
standard V1 benchmarks, and better modeled extra-classical receptive field phe-
nomena. In addition, EVNets exhibit stronger emergent shape bias and outperform
the base CNN architecture by 9.3% on an aggregate benchmark of robustness
evaluations, including adversarial perturbations, common corruptions, and domain
shifts. Finally, we show that EVNets can be further improved when paired with a
state-of-the-art data augmentation technique, surpassing the performance of the
isolated data augmentation approach by 6.2% on our robustness benchmark. This
result reveals complementary benefits between changes in architecture to better
mimic biology and training-based machine learning approaches. E]

1 Introduction

Convolutional neural networks (CNNs) have achieved remarkable performance across a range of
object recognition benchmarks [1} 2} |3} 14, |5]], yet they remain vulnerable when faced with common
corruptions [6], domain shifts [7} 8} 9]], and adversarial perturbations |10} |11]]. These vulnerabilities
not only limit deployment in real-world settings but also underscore fundamental disparities between
computer vision models and primate vision [7, 8]]. In response, recent work has introduced biologically
inspired models that integrate neuroscientific computations into CNN pipelines [[12} |13} (14} 15, |16].
A prominent example is the VOneNet family [12], which improves adversarial and corruption
robustness by combining a biologically constrained front-end — the VOneBlock — to conventional
CNN architectures. This block simulates processing in primate primary visual cortex (V1) via a
fixed-weight, empirically constrained Gabor filter bank (GFB), nonlinearities reflecting responses
of V1 simple and complex cells, and a neural noise generator. While VOneNets represent a key
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step towards neurally-aligned vision models, they abstract away the hierarchical processing in the
early visual system, notably omitting subcortical circuits such as the retina and lateral geniculate
nucleus (LGN). This raises the question of whether refining upstream processing to V1, by explicitly
modeling subcortical processing, yields further gains in robustness and alignment with biology. To
address this question, we present the following key contributions:

* We introduce a novel fixed-weight CNN front-end called the SubcorticalBlock designed
to capture key computations in the retina and the LGN. This module is instantiated from
neuroscientific models and is explicitly parameterized to produce responses aligned with a
broad set of experimentally observed subcortical response properties.

* We introduce Early Vision Networks (EVNets), a new class of hybrid CNNs that combines
two biologically-grounded modules, the VOneBlock with the new SubcorticalBlock, as a
multi-stage front-end for a standard CNN architecture.

* We show that without any explicit optimization for V1 predictivity, EVNets improve neural
and behavioral alignment with primate vision, outperforming both standard CNNs and
VOneNets across multiple benchmarks. In particular, EVNets capture extra-classical RF
phenomena more accurately, increase V1 tuning property alignment, and better mimic
human inductive biases through a stronger emergence of shape bias.

* We demonstrate that EVNets deliver enhanced robustness across a diverse battery of evalua-
tions, including adversarial attacks, common image corruptions, and domain shifts, and that
these gains generalize to other architecture back-ends.

* We show that EVNets trained with a state-of-the-art (SOTA) data augmentation technique
yield additive improvements in robustness, highlighting the complementary effects of
architectural priors and training-based strategies.

1.1 Related Work

Modeling subcortical vision. The Difference-of-Gaussian (DoG) model emerged as the foun-
dational linear framework for characterizing spatial summation over the receptive field (RF) of
subcortical cells [[17}18]]. Subsequent extensions modeled extra-classical RF properties, including
contrast gain control and surround suppression [19,[20]]. Building on this, divisive normalization [21}
22] and cascading linear-nonlinear (LN) models [23]] improved subcortical predictivity by incorporat-
ing the interaction between different visual processing stages. More recently, CNNs outperformed
prior models in predicting subcortical responses to visual stimuli [[24].

Applications of subcortical vision. Beyond modeling subcortical vision, DoG-based filtering
emerged as a solution to edge detection [25]], while Retinex theory [26] and lightness models [27]]
used spatial normalization to achieve color constancy. Subsequent frameworks such as scale-space
representations [28]] and multiscale Laplacian pyramids [29]] generalized these computations into hi-
erarchical contrast and boundary encoding. Recent work has reintroduced these ideas into deep archi-
tectures, by embedding explicit center—surround pathways for illumination-robust classification [30]
and by unrolling Retinex-inspired optimization within CNNs for low-light image enhancement [31]].

Improving perturbation robustness. CNN robustness improvements have largely been driven
by data augmentation techniques [32} |33} [34]. To this end, standard benchmarks evaluate models
under image corruptions [[6] and alternative renditions 7, 8,33} [35]|36]]. Recent work highlights that
composing augmentations [32}|33,(37]], especially when integrated with architectural changes [/14],
forwards the SOTA under this regime. Notably, PRIME augmentation [34] samples semantically-
aligned transformations from maximum entropy distributions. In parallel, the vulnerability of CNNs
to white-box adversarial perturbations has catalyzed extensive research [[10, |38} [39]] with adversarial
training emerging as the dominant paradigm for improving robustness [10].

Measuring alignment with primate vision. A growing suite of metrics has emerged to quantify
the alignment between models and the primate vision [40, 41,42, 43]]. Metrics such as shape bias [§]]
have been instrumental in measuring model-human behavioral alignment, while a parallel line of
research emphasizes representational alignment through the comparison of model tuning properties to
those observed in neural data [40, 41| 44]]. Complementing these efforts, the BrainScore platform [42]



43| provides a unified benchmark that integrates neural recordings and behavioral data across multiple
visual cortical areas, including V1, V2, V4, and IT, alongside behavioral and task-driven metrics.

Building neuro-inspired models. Introducing biological computations into CNNs has consistently
enhanced their robustness to input perturbations [[12, |14} 15|16} 45]. Gains have been observed with
convolutional layers aligned to early visual RFs [[15] |16]], push-pull inhibition motifs inspired by
V1 [14}/45], and by introducing the VOneBlock [12}|13]]. Besides improving adversarial and corrup-
tion robustness, VOneNets achieved improved accuracy in V1 predictivity, and, when combined with
V1 divisive normalization, further sharpened alignment with V1 response properties and corruption
robustness [[13} 44]. Finally, the systematic composition of hallmark V1 computations into CNNs
recently achieved SOTA performance on explaining V1 predictivity and tuning properties [46].

2 Methods

Inspired by the hierarchical organization of early visual processing culminating in V1, we introduce
EVNets, a new family of neuro-inspired CNNs that build upon the VOneNet framework. EVNets
incorporate modular fixed-weight front-ends that reflects the functional stages of the early primate
visual pathway (Fig.[I)). This architecture comprises three key components: the SubcorticalBlock,
modeling response characteristics of foveal neurons in the retina and the LGN; a variant of the
VOneBlock, which models classical RF properties of V1 neurons; and a standard CNN back-end
architecture. Together, the front-end blocks instantiate a composite cascading LN model of early cor-
tical vision. EVNets adopt a spike-count formulation, abstracting over temporal dynamics, focusing
solely on spatial encoding. The EVNet operates over a 7deg field-of-view (FoV), reduced from the
8deg used in the original VOneBlock [12]. We also extend the GFB to higher spatial frequencies
(SFs), improving alignment with the SF tuning properties of primate V1 [47]] (cf. Supplementary
Material [A] for an overview of VOneNets and our modifications). We trained three random seeds for
both the VOneNet and the EVNet model families using a ResNet50 [4]] back-end architecture. All
models were trained on the ImageNet-1k dataset [1], with clean accuracy evaluated on the standard
validation split. Additional training details are provided in Supplementary Material

2.1 Architecture

The SubcorticalBlock simulates spatial summation over the RF of parvocellular (P) and magnocellular
(M) cells, processing them as separate parallel pathways. To account for both classical and extra-
classical properties, each pathway comprises a light adaptation stage, a DoG convolutional layer, a
contrast normalization stage, and a noise generator that simulates subcortical noise statistics.

DoG convolution. Spatial summation over the RF and center-surround antagonism is modeled by
incorporating a set of DoG filters described by
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where 7. and 7 are the center and surround radii, and k/k. is the peak contrast sensitivity ratio. We
simulate biological color-opponent pathways characteristic of the different types of cells, with the
P-cell stream incorporating red-green, green-red, and blue-yellow opponency, whereas M cells reflect
achromaticity by incorporating a DoG filter with no color tuning [48| {49].

Light adaptation. To mimic the subcortical mechanism of light adaptation [21} [23] 50], we
introduce a biologically inspired module that performs global luminance normalization. This trans-
formation modulates the input x as

X—X
XLA — % B (2)

where x| 4 is the light-adapted input and the X denotes the average pixel intensity across channels
and spatial dimensions of the input, ensuring a null output for pixel values matching the global mean.
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Figure 1: Simulating primate early visual processing as CNN front-end blocks. A The Subcor-
ticalBlock integrates two parallel processing pathways for P and M cells with a light-adaptation
layer, a DoG convolutional layer, a contrast-normalization layer and a neural noise generator. B
Both VOneNets and EVNets comprise an initial block designed to simulate a specific stage of the
visual system, followed by a standard CNN architecture. VOneNets include a VOneBlock and
EVNets include both a SubcorticalBlock and a VOneBlock. C SF, size, and contrast tuning curves
(left to right) for two example subcortical neurons with example frames from the drifting gratings
stimulus set shown below. Markers indicate the F1 component of the cell response and the solid line
depicts the fitted response functions used for parameterizing response properties (cf. Supplementary
Material [E2)). Notably, the SubcorticalBlock exhibits hallmark LGN phenomena, including contrast
saturation and surround suppression, with stronger modulation observed in M cells.

Contrast normalization. To model the adaptive gain control mechanisms characteristic of early
visual processing [21}, 22} 23, 51} [52]], we introduce a contrast normalization stage that normalizes
activations by a local estimate of stimulus contrast. The normalized response is computed by

XDoG
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where xpog denotes the pre-normalized activation, wcy is a Gaussian kernel defining the contrast
integration pooling window, c5q is a semi-saturation constant controlling sensitivity, and n governs
the strength of the nonlinearity.

Push-pull pattern. The canonical push-pull pattern, emerging from the antagonistic interaction
between ON- and OFF-center cells in early visual circuits, can be functionally approximated by
subtracting rectified responses of opposite polarity pathways [53} [54]. Assuming ON and OFF cells
of the same type share identical spatial profiles and gain, their RFs differ only in polarity. Under this
assumption, since Equation[3]is antisymmetric with respect to XpoG, the contrast-normalized responses
of the ON and OFF pathways, xCiN, would satisfy XCN = —Xcy- Thus, applying rectification to both
signals and computing their differences gives

max(xé‘l\]7 O) — max( — xé'N, O) = ng. “4)



Accordingly, our implementation bypasses explicit rectification and subtraction steps, instead operat-
ing directly on the signed contrast-normalized signal to improve computational efficiency without
sacrificing functional fidelity.

Noise Generator. Neuronal responses in the primate visual system exhibit trial-to-trial variability
with distinct stochastic signatures across processing stages. In V1, spike count variability closely
follows a Poisson distribution, where the variance is equal to the mean, corresponding to a Fano Factor
equal to one [55]]. Conversely, subcortical neurons exhibit sub-Poisson variability, characterized by a
spike count variance lower than the mean [|56} 57]. To faithfully capture this hierarchical structure of
neural noise, we implement a dual-source noise injection mechanism in which we add independent
Gaussian noise to each unit of both front-end blocks scaled accordingly. This noise is calibrated at
the unit level to maintain an overall variability with a unit Fano factor, while trial-to-trial activations
at the VOneBlock output exhibit heteroskedasticity consistent with V1 measurements [55]. Prior
to noise injection, unit activations are linearly rescaled such that their mean response to a stimulus
aligns with the empirically observed spike count of the corresponding primate neuronal population
over a 50-ms integration window [12,[56]].

2.2 Subcortical-Aligning Parameterization

Despite the wealth of empirical data on primate LGN and the existence of various fitted models [21,
22|23, |51} |52], the heterogeneity of modeling approaches across studies limits the direct reuse of
parameters in the SubcorticalBlock, while complicating synthesis from the broader literature. To
address this, we introduce a novel neurophysiologically-constrained hyperparameter tuning strategy
designed to produce responses that best match the mean neuronal response properties of an LGN
neuronal population taken from prior studies and modeling strategies. Specifically, we selected a
total of N = 6 different response property distributions measured at foveal LGN to ensure alignment
in SF tuning, size tuning, and contrast sensitivity. The individual properties are: center, surround,
excitation and inhibition radii [18}, |58}, |59]], suppression index [58] and saturation index [51]].

We conducted a series of in silico experiments, presenting each cell with drifting gratings, quantifying
each response property through the first harmonic (F1) of the cell’s response. We then performed
hyperparameter search via Bayesian optimization [[60]], minimizing the loss
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For each response property i, 7; is the mean of the empirical response property distribution, f; ; is
a vector of F1 responses produced by the SubcorticalBlock cell when subjected to the experiment-
specific stimulus set, and R; maps the F1 responses to the response property. This mapping often
involved an intermediate model-fitting step, with the response property computed from the fitted
parameters. Figure[TIC shows the F1 responses of both P and M cells, example frames of the stimulus
set used for each experiment and response model curves obtained at convergence (cf. Supplementary
Material [E.2] for in-depth description of experiment methodology).

2.3 Model Evaluation

Alignment with primate vision. Shape bias was measured using a cue-conflict dataset [§]] that
combines shapes and textures of ImageNet samples using style transfer [|61]. To quantify the
correspondence between model internal representations and V1 responses, we assessed the activations
from the first block of each model using two complementary BrainScore [42} 43| benchmarks: V1
neural predictivity [41] and V1 response property [40]. V1 neural predictivity evaluates the degree to
which model features can account for the variance in primate V1 responses via partial least squares
(PLS) regression. In contrast, V1 response property quantifies RF tuning similarity by comparing the
distributions of 22 response properties, extracted from the same first-block activations, to empirical
V1 distributions. These properties span 7 functional categories: orientation and SF tuning, response
selectivity, RF size, surround modulation, texture modulation, and response magnitude.

Robustness evaluation. To quantify robustness, we report a mean Robustness Score, defined as the
mean top-1 accuracy across a diverse set of common corruptions, adversarial attacks, and domain



shifts. To assess whether EVNets offer complementary gains to SOTA robustness training methods,
we trained a standard ResNet50, a VOneResNet50 and an EVResNet50 using PRIME [34]. We
included adversarial training with an L, constraint of ||d]|.c = 4/255 [62] (ATr__) as a baseline.

Image corruptions. We evaluated model corruption robustness by measuring top-1 accuracy on the
ImageNet-C dataset [|6]], which comprises 75 distinct corrupted variants of the ImageNet validation
set. These corruptions are organized into 15 types applied at five severity levels, reflecting a specific
real-world image degradation. The corruption types are further grouped into four broad categories:
noise, blur, weather, and digital perturbations.

Domain shifts. To assess each model’s generalization under domain shifts, we averaged top-
1 accuracies across five ImageNet-derived datasets that focus on renditions partially address-
able by early visual processing mechanisms. Specifically, we used ImageNet-R [33]], ImageNet-
Cartoon [35], ImageNet-Drawing [35[], ImageNet-Sketch [[36]], and the 16-class Stylized-ImageNet [/,
8|l (Stylized;s-ImageNet). Each dataset introduces representational changes such as abstraction,
stylization, or domain-specific distortions while preserving the underlying semantic structure.

Adversarial attacks. Following Dapello et al. [[12]], we evaluated robustness to white-box adversar-
ial attacks by applying untargeted Projected Gradient Descent (PGD) [[10] on 5000 images of the
ImageNet validation set. Attacks were carried out under L., Lo and L1 norm constraints and the per-
turbation budgets used were ||6]|o € [1/1020,1/255,4/255,16/255], ||d]|2 € [0.15,0.6,1.2, 2.4
and ||6]|; € [40, 160,640, 2560]. We used 64 PGD iterations with step size of ||d||,/32. Additional
implementation details are provided in Supplementary Material [C.1]

EVNet variants. We trained seven EVResNet50 variants derived from the full EVNet by performing
six targeted ablations and one architectural addition (two seeds each). The ablations individually
removed the P- and M-cell pathways, the contrast normalization and light adaptation layers, the
VOneBlock, and the subcortical noise generator. When removing subcortical noise, cortical noise
in the VOneBlock output was amplified to remain Poisson-distributed, consistent with the original
VOneNet [12]. The final variant introduced an LGN-V2 skip connection [63]] by concatenating the
SubcorticalBlock output with the VOneNet bottleneck. While all EVResNet50 variants were tested
for primate vision alignment and robustness, adversarial evaluations were restricted to a reduced
attack set including only the two weakest perturbation strengths of each norm constraint.

Additional experiments. To test whether improvements in adversarial robustness were not due to
gradient masking [38[], we performed a battery of controls according to the best practices [|38} |39,
64]] (cf. Supplementary Material [C.T). We further evaluated the generalization of EVNet front-ends
across back-end architectures by integrating them with EfficientNet-BO [5]] and CORnet-Z [65] (cf.
Supplementary Material [D.2)). Finally, we assessed performance gains from multi-pass ensemble
inference in Supplementary Material [D.3]

3 Results

3.1 EVNets Improve Neuronal and Behavioral Alignment with Primate Vision

We evaluated whether coupling the SubcorticalBlock with the VOneBlock improved alignment
with primate V1. As illustrated in Figure[2] the inclusion of the SubcorticalBlock upstream of the
VOneBlock introduces hallmark extra-classical RF response properties absent from the VOneBlock
alone. In particular, we observe an increased surround suppression in the size tuning curve and a
non-linear contrast-sensitivity curve.

Motivated by these observations, we used the BrainScore platform [42] |43]] to quantitatively evaluate
V1 alignment. As shown in Table[I} while VOneNets outperform in V1 predictivity, EVResNet50
achieves a higher mean response property score than both the ResNet50 and VOneResNet50 models.
Notably, the highest gains are observed for the surround modulation and RF size tuning, both
associated with the increased surround suppression. A tradeoff in SF tuning is observed, which can
be attributed to the fact that no changes were done to the GFB to account for the upstream processing.
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Figure 2: Subcortical preprocessing improves explanability of extra-classical RF properties in
V1. SF, size, and contrast tuning curves (left to right) for an example neuron in the VOneBlock with
and without subcortical preprocessing (M cell). Example frames from the drifting gratings stimuli are
shown below. VOneBlock neurons in isolation exhibit predominantly classical RF effects but when
coupled with subcortical processing exhibit behaviors consistent with those empirically observed,

such as enhanced surround modulation and non-linear contrast responses[[66} [67]]. See Supplementary
Material [B.1] for empirical V1 tuning curves.

Spatial Frequency [cpd] Radius [deg]

Table 1: EVResNet50 outperforms baselines on mean V1 response property alignment, and
shape bias. BrainScore V1 alignment scores and shape bias [[8] for ResNet50, VOneRes-
Net50, and EVResNet50. Values indicate mean + SD (n = 3 seeds).

V1 Response Properties
A\t V1 Resp. Orient. SF RF  Surround Texture Resp.  Resp. Shape

Model Predict. Prop. Tuning Tuning Size Mod. Mod.  Select. Magn. Bias[%]
ResNet50 271 .637 .822 154 214 .389 792 .621 .865 18.8
+.002 +.008 +.027 +026  £.002 +.023 +.028 +.010 +.012 +1.2
VOneResNet50 375 754 859 969 482 373 919 792 .884 31.6
+.002 +.006 +.005 +.001  +£041 +.003 +.004 +.003 +.002 +1.2
EVResNet50 .364 826 .854 950  .726 .614 916 781 933 48.9
+.000 +.000 +.009 +.000 001 +.004 +.001 +.000 +.000 +2.4

Among the suit of primate visual behavior alignment metrics, shape bias has emerged as a particularly
informative proxy of human-aligned inductive biases and out-of-domain (OOD) generalization [7, [§].
Motivated by the hypothesis that shape bias may originate in early visual computations, we evaluated
shape bias in EVNets (Tab.[T)) and observed a substantial increase of 30.1% relative to the standard
ResNet50 and of 17.3% relative to the VOneNet model, suggesting that EVNets may confer not only
improved neuronal alignment but also behavioral traits more consistent with primate perception.

3.2 EVNets Improve Robustness Across an Aggregate Benchmark

When tested on clean images (Tab. |Z[), our VOneNets variant achieves a 1.2% improvement over the
original VOneNet [[12]], while EVNets displayed a performance drop of 1.3%, when compared to
the same reported accuracy. We further examined whether the increased alignment of EVNets with
primate vision, also leads to improved robustness.

Image corruptions. Across most corruption categories and in terms of mean corruption accuracy,
EVNets consistently outperformed both VOneNets and the base ResNet50, which only retained
an advantage in weather corruptions. Notably, the most pronounced gains were observed on noise
corruptions, where EVNets outperformed VOneNets by 3.7% while effectively preserving the same
cumulative Fano factor as VOneNets (cf. Fig. [C4|for accuracy across individual corruptions).

Domain shifts. Table 3] summarizes our OOD generalization results. EVNets consistently outper-
forms both the baseline ResNet50 and VOneNets across the majority of benchmarks, also surpassing
these baselines on the mean domain shift accuracy. The only dataset where EVNets underperform is
ImageNet-Sketch, where the base ResNet50 exhibits a marginal advantage.



Table 2: EVResNet50 outperforms baselines on most image corruption types and on mean
corruption accuracy. Clean and corrupted top-1 accuracies averaged across severities and corruptions
for ResNet50, VOneResNet50 and EVResNet50. Values indicate mean + SD (n = 3 seeds).

Corruption Types
Mean Noise Blur Weather  Digital Clean
Model [%] [%] [%] [%] [%] [%]
ResNet50 38.8+05 29.2+06 34.6+04 36.1+0s5 49.5+06 75.4+01

VOneResNet50 40.4+01 35.9+05 34.8+01 32.6+01 52.2+01 72.9+0.1
EVResNet50 41.9+02 39.6+03 37.5+0a1 30.6x+02 53.5+0a1 70.4+0.1

Table 3: EVResNet50 outperforms baselines on most domain shift datasets and on overall mean
domain shift accuracy. Top-1 accuracies on ImageNet-{Cartoon, Drawing, R, Sketch, Stylized;¢ }
for ResNet50, VOneResNet50 and EVResNet50. Values indicate mean &= SD (n = 3 seeds).

Mean Cartoon Drawing R Sketch  Stylizedg
Model (%] (%] [%] [%] (%] [%]
ResNet50 334402 51.2407 209406 354401 233401 36.3+12

VOneResNet50 37.1+04 55.5+02 30.5+04 37.5+01 23.1+03 38.8+1.1
EVResNet50 38.1+03 57.1+03 33.9+02 38.1+02 22.7+02 38.6+1.1

Adversarial attacks. EVNets improves adversarial robustness across most perturbation norms
and attack strengths when compared to VOneNets (Tab. ). While VOneNets obtained a marginal
advantage under the weakest attack strengths for L., and Lo norm constraints, EVNets improved ro-
bustness on the remaining attack settings, exhibiting also a smaller gap between clean and adversarial
accuracy.

Table 4: EVResNet50 outperforms baselines on most adversarial perturbations and on mean
adversarial robustness. Top-1 accuracies for the ResNet50, VOneResNet50 and EVResNet50
models. Values indicate mean 4= SD (n = 3 seeds).

16|00 16112 l19111

Mean 1hp ok ghs AL 005 0.6 24 96 40 160 640 2560

Model [%] (%] [%] [%] (%] (%] [%] [%] [%] [%] (%] [%] [%]
ResNet50 8.3 234 04 02 02 372 18 02 02 336 17 02 0.2
+0.2  £0.8  +0.0 400 400 £1.0 +02 +0.0 400 +0.7 +02 +0.0  £00

VOneResNet50 26.1 626 304 12 00 662 423 42 00 645 373 39 00
401 +04 £03 £0.1 £00 £03 £02 01 +0.0 £03 £0.6 £02 0.0

EVResNet50 283 627 388 30 00 651 480 74 00 640 445 6.0 00
+02  +02  +06 £01 +£00 £0.0 +£03 18 +00 £02 04 18 0.0

Table [5] summarizes all the robustness results described above and presents the Robustness Score for
the evaluated models. The EVResNet50 model improves the Robustness Score by 9.3% over the base
ResNet50 and by 1.6% over our VOneNet variant.

3.3 Combining EVNets with Data Augmentation Provides Cumulative Gains

In our evaluation of the Robustness Score for the EVResNet50 with PRIME data augmentation
(Tab. [5), we find that this combined strategy yields cumulative performance gains beyond those
of either component alone. Furthermore, when comparing these results with those obtained by
augmenting a ResNet50 with adversarial training and augmenting a VOneNet with PRIME, no
configuration surpasses the additive gains achieved by the EVResNet50 trained with PRIME.

3.4 [EVNet Variants Reveal Competing Drivers of Primate Vision Alignment and Robustness

Selective ablation of specific SubcorticalBlock components affected primate vision alignment in
different aspects (see Supplementary Material [D.I]). The components that caused a greater drop in V1



Table 5: EVResNet50 achieves a higher Robust Score than ResNet50 and VOneResNet50 and,
when coupled with PRIME, surpasses SOTA data augmentation approaches. Robustness Score,
clean and perturbed top-1 accuracies for the ResNet50, VOneResNet50 and EVResNet50 models; for
ResNet50 with two data augmentation approaches: ATy, and PRIME; and for VOneResNet50 and
EVResNet50 with PRIME. Values indicate mean + SD (n = 3 seeds).

Perturbations

Robust. Score  Adversarial Corrupt. Domain Shift ~ Clean
Model [%] [%] [%] [%] [%]
ResNet50 26.8+0.2 8.3+02 39.1+03 33.3+0.1 75.4+0.1
VOneResNet 34.5+0.1 26.1+0.1 40.4+0.2 37.1+04 72.9+0.0
EVResNet50 36.1+0.2 28.3+0.2 41.9+0.2 38.1+03 70.4+0.1
ResNet50 + AT, [62] 34.4 31.3 32.5 39.5 62.4
ResNet50 + PRIME 36.5+0.1 14.3+02 52.6+0.2 42.8+0.2 76.0+0.1
VOneResNet50 + PRIME 42.1+0.1 28.7+03 53.4+0.0 44.3+0.3 74.0+0.1
EVResNet50 + PRIME 42.7+0.2 30.7+0.8 53.2+0.1 44.2+0.1 72.0+0.1

response property benchmarks were the M-cell pathway and the contrast normalization, which greatly
affected the RF size and surround modulation. Surprisingly, removing either the P-cell pathway or
light adaptation greatly increased shape bias.

Table 6: Model components contribution to robustness vary greatly. Robustness Score, clean and
perturbed top-1 accuracies for all EVResNet50 variants. ResNet50 and VOneResNet50 included for
reference but not in the comparison. Values indicate mean + SD (n = 2 seeds).

Perturbations

Robust. Score*  Adversarial® Corrupt. Domain Shift  Clean

Model [%] [%] [%] [%] [%]

ResNet50 29.5+03 16.4+0.5 39.1+03 33.3+0.1 75.440.1
VOneResNet50 42.77+0.1 50.5+0.1 40.4+0.2 37.1+04 72.9+0.0
EVResNet50 44.6+0.1 53.8+02 41.9+02 38.1+03 70.5+0.0
— P Cells 38.4+0.0 46.7+02 34.9+0.1 33.6+0.0 60.7+0.1
— M Cells 44.8+0.1 54.0+0.2 42.2+0.1 38.2+03 70.3+0.1
— Light Adapt. 44.3+03 55.1+05 40.4+02 37.4+02 69.8+02
— Contrast Norm. 44.4+02 53.5+0.1 41.7+04 38.0=+0.1 70.7+0.0
— Subcort. Noise 42.6+0.0 48.5+0.1 41.9+02 37.4+0.1 72.6+0.2
— VOneBlock 44.3+03 51.8+05 42.7+0.2 38.2+0.1 71.6+0.0
+ LGN-V2 Connect. 44.8+0.0 53.9+02 42.1+0.1 38.3+0.2 70.7+0.1

* Computed with a reduced attack set (two perturbations per norm constraint); not comparable to Table

In terms of performance, the single component that had the largest impact on both clean accuracy
and robustness was the P-cell pathway (Tab.[6). On the other hand, removing the M-cell pathway
or contrast normalization had no impact on clean accuracy and robustness. Light adaptation had
only minor effects on specific robustness benchmarks and a small drop in clean accuracy. Removing
subcortical stochasticity improved clean accuracy while decreasing adversarial robustness. Interest-
ingly, the omission of the VOneBlock barely affected overall robustness, revealing even to be the
best variant under image corruptions and an improvement in clean accuracy, accompanied by a small
drop in adversarial robustness. The inclusion of LGN-V2 skip connections had little to no impact in
performance across all perturbations types and clean images.

4 Discussion

In this work, we present a new family of neuro-inspired CNNs that not only display enhanced robust-
ness across a broad spectrum of perturbations but also achieve stronger alignment with primate vision.
Previous works have incorporated biologically inspired mechanisms such as DoG filtering [|15}|16|



30], divisive normalization [13]|68]], and noise injection [37]] within CNN architectures. In contrast,
our SubcorticalBlock introduces a principled segregation of computations into parallel P- and M-cell
pathways constrained by prior empirical neurophysiological findings. The EVNet architecture intro-
duces a modular, cascading model of V1 that incorporates stage-specific architectural priors, offering
a compelling alternative to V1-inspired CNN paradigms. The V1-alignment improvements observed
in EVNets are most pronounced for surround modulation and RF size. These effects likely arise from
the normalization mechanisms within the SubcorticalBlock, which induce local competition and lead
to extraclassical RF responses not present in VOneNets. Despite these improvements, benchmark
scores for surround modulation and RF size are still relatively low, suggesting that normalization
mechanisms at the V1 level, either caused by recurrent or feedback circuits, are also needed for a
better alignment [|13]|68]]. While EVNets do not entirely solve the longstanding problem of robust
generalization, our results also underscore the critical importance of subcortical processing in shaping
early visual representations: while the DoG filtering improves features selectivity, performs low-pass
filtering, mitigating high-frequency noise, the normalization layers promote local competition and
dynamic range compression, reducing sensitivity to input perturbations. Notably, we demonstrate
that meaningful improvements to V1 modeling can be achieved by exclusively refining upstream
stages. The cumulative gain shown by combining the SubcorticalBlock with the VOneBlock reveals
a biologically-plausible potential for compositionality in inductive biases, where each module targets
distinct axes of visual invariance, together producing synergistic improvements in perturbation robust-
ness. Specifically, while the SubcorticalBlock primarily encodes invariance to luminance and contrast,
the VOneBlock focuses more on spatial and polarity invariance. Finally, we show that integrating
biologically-inspired architectures with standard data augmentation techniques leads to synergistic
improvements in robustness, surpassing data augmentation alone and adversarial training, the most
effective methods for improving adversarial and corruption robustness. Together, these results provide
further evidence that neuroscience-driven inductive biases and machine learning heuristics are not
mutually exclusive, but can in fact be complementary.

While the observed robustness gains are compelling, there are also some trade-offs. Specifically,
our model abstracts subcortical processing by instantiating only four channels that reflect the aver-
age spatial response profiles observed in the LGN, rather than capturing the full heterogeneity of
subcortical cells. An interesting observation is that the M-cell pathway contributes marginally to
downstream performance, which is in line with the classical view of M cells small contribution to the
ventral stream. However, this result presents some inconsistencies with more recent literature [69].
Additionally, enhancements in perturbation robustness are consistently accompanied by modest
reductions in clean image accuracy, a common tension in robustness research [[12| |14]. Beyond these
considerations, subsequent work could examine the possibility of initializing from neuro-inspired
weights while allowing task-driven fine-tuning of the front-ends used. For V1 alignment, we kept
the VOneBlock unchanged as upstream processing minimally affected its responses aside from the
improved extra-classical RF effects. However, the slight drop in V1 alignment on some benchmarks
likely reflects unforseen interactions between modules. Future work could adapt the GFB to account
for subcortical preprocessing and add normalization mechanisms at the V1 level to evaluate if these
changes further enhance alignment and robustness. Finally, while our approach may seem to contrast
the “Bitter Lesson” [[70], the trajectory of neurally aligned vision tells a more nuanced story. Prior
work indicates that scaling alone does not yield more brain-like representations [[71], and large-scale
benchmarks [72]] show that neural alignment with primate visual cortex saturates with model size
— architectures with stronger biological priors often align better than transformers. Our work lever-
ages this insight by embedding early vision—inspired inductive biases to achieve the efficiency and
alignment characteristic of biological vision.

Broader impact. This work advances computer vision by proposing a biologically grounded
alternative to vision transformers [73]]. By simulating early vision, we bridge the gap between human
and machine vision, improving robustness, transparency, and interpretability, with potential benefits
for bias reduction and accessibility. Fully replicating human vision remains challenging and calls
for further research. We acknowledge that some foundational insights stem from animal studies,
emphasizing the ethical responsibility to minimize harm and favor alternative approaches. Leveraging
existing biological data, as done here, may reduce reliance on new animal experimentation.
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Supplementary Material

A VOneNets

VOneNets [[12]] are convolutional neural networks (CNNs) augmented with a biologically-inspired,
fixed-weight front-end simulating primary visual cortex (V1), termed the VOneBlock. This front-end
is structured as a linear—nonlinear—Poisson (LNP) cascade [74], incorporating a Gabor filter bank
(GFB) [[75]], nonlinearities for both simple and complex cells [76[], and a stochastic spiking mechanism
modeling neuronal variability [55]] (cf. Fig.[AT). The GFB parameters are sampled from empirical
distributions of orientation preference, spatial frequency (SF) tuning, and receptive field (RF) size
[47.[77,78]]. The channels are split evenly between simple and complex cells, and a Poisson-like
noise generator is applied to emulate spiking variability. The full implementation is available at
https://github.com/dicarlolab/vonenet|/under a GNU General Public License v3.0.

GFB Non-linearity Stochasticity Figure Al: VOneNets simulate V1 processing
S upstream of standard CNNs. Each VOneNet
incorporates a biologically-constrained front-end,
- > |/ > ﬁ — the VOneBlock, preceding a conventional CNN.
The VOneBlock consists of a fixed-weight Gabor
X256 : ‘ filter bank (GFB) parameterized by empirical dis-
tributions, nonlinearities emulating simple and

Complex 1 1 d hasti
" complex cell responses, and a stochastic com-

+

_.n Y. ﬁ I ponent that injects Poisson-like noise to mimic
— 0+ g >\ V1 neuronal variability. Adapted from Baidya et

ix 256 : : al. [79].

To construct a VOneNet, we replaced the initial block of each base architecture with the VOneBlock,
along with a channel-matching bottleneck layer to maintain architectural compatibility between the
front-end and the downstream convolutional stack. Consistent with the original VOneResNet50
model [12], we replaced a single convolutional layer, batch normalization, nonlinearity, and a max-
pooling operation and preserved the original configuration of 512 channels within the VOneBlock,
allocating 256 channels to each cell type (simple and complex). When using an EfficientNet-B0, we
substituted the initial convolution, batch normalization, and activation with the VOneBlock. Since
this initial block has a total stride of 2, we decreased the stride of the VOneBlock accordingly.
Furthermore, given the reduced channel dimensionality in the EfficientNet-BO where the second stage
expects only 32 channels, in contrast to 64 in ResNet50 we downscaled the VOneBlock, employing
128 channels per cell type. Finally, for the CORnet-Z we removed a single convolutional layer,
nonlinearity, and max-pooling operation. Since this first block has the same combined stride and
output dimension as the ResNet50, no additional modifications were necessary.

We modified the VOneBlock by adjusting the field of view (FoV) to 7deg (down from the original
8deg) and increased the SF range of the GFB to 0.5 — 8.0 cpd (from 0.5 — 5.6¢cpd). This modification
allows us to better match empirical V1 distributions, while maintaining a similar safety margin
with respect to the Nyquist SF. Additionally, to maintain consistency with upstream processing,
we configured the GFB to uniformly sample a single channel from the input, regardless of any
preceding subcortical transformations. Finally, to ensure methodological consistency in the spike-
based activation regime across both the SubcorticalBlock (cf. Section[E.2) and the VOneBlock, we
imposed a unified temporal integration window of 50ms. In alignment with Table C2 of Dapello
et al. [12], we applied a linear scaling factor to the VOneBlock outputs such that the mean evoked
response to a batch of natural images from ImageNet matched the target stimulus response of
0.655 spikes. This scaling factor was computed independently for the VOneNet and for each EVnet
variant described in this study.
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B Primate Vision Alignment
B.1 Empirical V1 Tuning Curves

10>

Response [spikes/sec.]

Spatial Frequency [cpd] Radius [deg] Contrast

Figure B2: Examples of empirical V1 tuning curves retrieved from the literature. SF, size, and
contrast tuning curves (left to right) for example V1 neurons. Left SF tuning curve of a simple
(gray) and complex (black) cell to drifting grating stimuli. Markers represent the total number of
F1 responses to gratings of different SF normalized to the best response and the solid line depicts
a quadratic fit for purposes of illustrating the tuning profile (adapted from Figure 10 in Schiller et
al. [80]). Middle Size tuning curve of two complex cells of V1 with distinct degrees of surround
suppression under high contrasts. Gray depicts the a cell form V1 layer 4B under 0.15 contrast
and black represents a cell from V1 layer 6 under 0.31 contrast. Markers represent each cell’s F1
response to differently-sized gratings and the line depicts the predicted response of a fitted DoG
model discussed in the original article (adapted from Figure 1 in Sceniak et al. [59]). Right Contrast
tuning curve of two simple V1 cell from the least (gray) and most (black) contrast sensitive thirds of
their respective population. Marks indicate F1 response and the solid line depicts a fitted response
model discussed in the original article (adapted from Figure 2 in Sclar et al. [67]]). Data points
extracted via WebPlotDigitalizer [81]].

B.2 Shape-bias

In contrast to humans, who predominantly rely on shape cues for object recognition, ImageNet-trained
CNNs have been shown to exhibit a strong bias toward texture-based representations [8]]. Measuring
shape bias thus serves as a proxy for alignment with human inductive biases. We evaluate this
using the cue conflict dataset from Geirhos et al. [8]], where images contain conflicting shape and
texture cues (e.g., a cat-shaped image with elephant texture). While humans tend to classify by shape,
ImageNet-trained CNNs often prefer texture. A model’s shape bias is computed as the proportion of
shape-consistent predictions out of all shape- or texture-consistent responses.

B.3 BrainScore

The BrainScore platform [42]|43] is a standardized benchmarking suite for evaluating how brain-like
artificial neural networks (ANNs) are. In the context of object recognition, BrainScore compares
model activations against neural recordings from primate visual areas and human behavioral data.
For early visual processing, V1 predictivity is quantified via the FreemanZiemba2013 [41] neural
benchmark, while response properties in V1 are assessed using the Marques2020 [40] benchmark.
BrainScore aggregates multiple such benchmarks into a composite score that reflects a model’s
alignment with neural and behavioral patterns observed in biological systems. Researchers can
submit their models for evaluation at https://www.brain-score.org/\

B.4 V1 Predictivity

To predict model’s ability to predict single-neuron responses in V1, we employed a dataset [41]]
comprising responses from 102 V1 neurons to 450 unique 4deg image patches, spanning both
naturalistic textures and noise stimuli. Predictivity was measured as the explained variance using
partial least squares (PLS) regression under a 10-fold cross-validation scheme
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Table B1: Detailed results for V1 response property alignment. BrainScore [42, 43] V1 alignment
scores for ResNet50, VOneResNet50, and EVResNet50. Values indicate mean = SD (n = 3 seeds).

Models
Category Resp. Property ResNet50 [4] VOneResNet50 EVResNet50
Orientation Orientation Selective 0.975+0.024 0.999-+0.001 0.999-+0.001
Circ. Variance (CV) 0.818-+0.011 0.742+0.013 0.754+0.001
Orth./Pref. Ratio 0.855+0.023 0.717+0.014 0.710=+0.001
CV Bandwidth Ratio 0.740+0.024 0.763-+0.005 0.762+0.001
Pref. Orientation 0.943+0.046 0.985-+0.004 0.968-+0.000
Orth./Pref.-CV Diff. 0.766+0.016 0.885-+0.004 0.869-+0.001
Or. Bandwidth 0.659+0.086 0.922+0.010 0.952-+0.000
Spatial Peak SF 0.551+0.047 0.961-+0.002 0.961-+0.001
Frequency SF Bandwidth 0.826+0.019 0.962-+0.006 0.937+0.000
SF Selective 0.886+0.053 0.983-+0.005 0.951+0.000
Response Texture Selective 0.678+0.008 0.800-0.004 0.774+0.001
Selectivity Modulation Ratio 0.349+0.009 0.737+0.002 0.736-0.000
Texture Var. Ratio 0.794+0.014 0.703+0.011 0.694+0.001
Texture Sparseness 0.663+0.032 0.927+0.002 0.920-0.000
RF Size Grating Sum. Field 0.272+0.005 0.547+0.016 0.716+0.003
Surround Diameter 0.156+0.000 0.361+0.015 0.736-:0.000
Surround Mod.  Surround Sup. Index 0.389+0.023 0.373+0.003 0.614--0.004
Texture Abs. Texture Mod. Idx. 0.978+0.019 0.942+0.004 0.934+0.000
Modulation Texture Mod. Idx. 0.606+0.040 0.897+0.011 0.898+0.001
Response Max. Texture 0.939-+0.002 0.906+0.010 0.951+0.001
Magnitude Max. DC 0.873+0.053 0.824+0.008 0.885-+0.001
Max. Noise 0.783+0.018 0.923+0.006 0.965--0.000

B.5 V1 Response Properties

Marques et al. [40] introduced a novel model-to-brain comparison framework that bypasses conven-
tional fitting procedures, instead relying on in silico neurophysiology to establish direct, one-to-one
correspondences between artificial and V1 neurons. By probing models with canonical stimulus sets
such as drifting gratings and texture pattern, the method quantifies alignment through a normalized
similarity metric grounded in the Kolmogorov-Smirnov distance, capturing the distributional match
of neural response properties. Critically, this framework enables rigorous benchmarking against
prior neurophysiological studies without requiring raw recordings, effectively transforming existing
literature into executable V1-aligning tests. In total, this method focuses on 22 distinct response
characteristics, organized into seven functional domains: orientation tuning, spatial frequency tuning,
receptive field size, surround modulation, texture modulation, response selectivity, and response
magnitude. TableBT|presents all individual response properties along with the scores obtained for
the ResNet50, the VOneResNet50 and EVResNet50 models.
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C Image Perturbations

C.1 Adversarial Attacks

To evaluate white-box robustness, we employed Projected Gradient Descent (PGD) [[10] on top of a
subset of 5000 images from the ImageNet validation split. PGD is a widely adopted first-order attack
that has proven effective against biologically inspired models such as VOneNets [12]. We selected
this attack due to its scalability to large datasets (e.g., Sk ImageNet samples), and its compatibility
with deterministic inference pipelines, which avoids the pitfalls of stochastic defenses that may

artificially degrade attack success rates [[12]]. We run PGD for N = 64 iterations, where each step
follows the update rule:

Xt+1 = Px+S (Xt —+ « sgn (fo,L(H,xt, y))) )

where x! denotes the adversarial input at iteration ¢, £ is the cross-entropy loss function, and Py s
projects back onto the perturbation set S centered at the clean input x. Under an L, threat model, S
corresponds to a box constraint, while for L; or Ly norms with a perturbation budget €, the gradient
direction is rescaled at each iteration to have the respective norm «, and the projection ensures the
final adversarial input X,qy satisfies ||x.av — X||, < €. We used a used a step size of a = €/32
and performed a total of 12 attacks carried out under L., Lo and L; norm constraints at four
perturbation budgets each: ||0||.c € [1/1020,1/255,4/255,16/255], ||0]]2 € [0.15,0.6,1.2,2.4]

and ||d|]; € [40,160,640,2560]. We used the Adversarial Robustness ToolBox v1.17.1 [82] to
conduct all the attacks.

Lo Norm L, Norm L; Norm
S \ |
401 \\‘\1—\4’—/0
s
= +— —— —
> —— ResNet50
£ 20/ esNe
— —— VOneResNet50 L
o
EVResNet50
e\ -

1 16 32 64 1 16 32 64 1 16 32 64
PGD Iterations

Figure C1: Adversarial robustness is evaluated at convergance of PGD iterations. Top-1 white-
box accuracy iteration curves for PGD attacks with ||0]l.c = 1/255, ||| = 0.6, ||0]]1 = 160
constraints for ResNet50, VOneResNet50 and EVResNet50 models, evaluated on 500 images. The
step size was adjusted to be ¢ for 1 iterations, and 2¢/N, in the remaining cases. Increasing the
number of PGD iteration steps increases attack effectiveness only up to roughly 32 iterations. Lines
indicate the mean accuracy and shaded error bars denote SD (n = 3 seeds).

Due to the inherent stochasticity in our models, special considerations were necessary to enable
gradient-based adversarial optimization. We first applied the reparameterization trick [|64]], which
permits gradient flow through stochastic nodes by expressing random variables as deterministic
functions of noise. To obtain reliable gradient estimates for PGD, we further adopted the approach of

Athalye et al. [38]], replacing V f with an average over multiple stochastic forward passes. Specifically,
we estimate gradients as

V=

el

k
Z Vifv
i=1

where each V; f corresponds to a gradient computed using an independent Monte Carlo sample.
We set k = 10, similarly to prior work on VOneNets, given that the additional noise source in the
SubcorticalBlock did not mask the gradients any further.
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Figure C2: Increasing the number of Monte
Carlo gradient samples has limited impact on

o 401 white-box attack effectiveness. White-box PGD
- accuracy evaluated under |6 = 1/255 with
8 64 PGD iterations on 500 images. Increasing k
3 from 10 to 64 leads to only marginal decreases
£ 201 in accuracy for both VOneResNet50 and EVRes-
n — ResNet50 Net50, indicating that additional samples do not
§ —— VOneResNet50 substantially strengthen the attack. Lines indi-

EVResNet50 cate the mean accuracy and error bars denote SD

ol : : : (n = 3 seeds).
1 16 32 64
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To verify the reliability of our adversarial evaluation pipeline, we conducted a suite of sanity checks
on a 500-image subset from the ImageNet validation set. In line with the recommendations of Athalye
et al. [38]] and Carlini et al. [39]], we confirmed that top-1 accuracy decreases monotonically as a
function of perturbation strength across all norm constraints (Tab. 4). Additionally, we verified that
increasing the number of PGD iterations increased attack effectiveness (Fig. [CI) and that increasing
the number of gradient samples in the Monte Carlo approximation did not lead to a substantial
increase in attack success (Fig.[C2)), further supporting the completeness of our threat model.

C.2 Image Corruptions

The ImageNet-C dataset [6] consists of 15 different corruption types, each at 5 levels of severity
for a total of 75 different perturbations applied to validation images of the ImageNet validation
split. Accuracy improvement on these datasets should be indicative of model robustness gains, given
that it comprises, in total, 75 diverse corruptions. The individual corruption types are Gaussian
noise, shot noise, impulse noise, defocus blur, glass blur, motion blur, zoom blur, snow, frost, fog,
brightness, contrast, elastic transform, pixelated, and JPEG compression. The individual corruption
types are grouped into 4 categories: noise, blur, weather, and digital effects. Examples of image
corruptions are presented in Figure [C3] The ImageNet-C dataset is publicly available at https:
//github.com/hendrycks/robustness|under Creative Commons Attribution 4.0 International.

C.3 Domain Shifts

ImageNet-R The ImageNet-R dataset [33[], consists of a curated set of 200 classes from the
ImageNet validation set. This dataset includes 30,000 images featuring renditions in various artistic
styles, such as paintings, sketches, and cartoons, designed to test a model’s ability to generalize beyond
natural image statistics. ImageNet-R is publicly available at https://github.com/hendrycks/
imagenet-r.

ImageNet-Cartoon & ImageNet-Drawing The ImageNet-Cartoon and ImageNet-Drawing
datasets [35]], are two domain shift benchmarks derived from the ImageNet validation set by applying
label-preserving style transformations. ImageNet-Cartoon contains images transformed into cartoon-
like renditions using a GAN-based framework [83]], while ImageNet-Drawing comprises colored
pencil sketch versions of the same images created via an image processing pipeline [[84]. These
datasets challenge models to generalize beyond natural image statistics, revealing significant accuracy
drops—on average 18 and 45 percentage points, respectively—when standard ImageNet-trained mod-
els are evaluated. Both datasets are publicly available athttps://zenodo.org/records/6801109
under Creative Common Attribution 4.0 International.

ImageNet-Sketch. The ImageNet-Sketch dataset [36] is a large-scale benchmark designed to
evaluate OOD generalization in image classification. It contains 50,000 black-and-white sketch-style
images, with 50 images for each of the 1,000 classes in the ImageNet validation set, collected
independently using keyword queries like “sketch of [class name]”. Unlike perturbation-based
datasets, ImageNet-Sketch represents a significant domain shift in both texture and color, challenging
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Figure C3: Examples of common image corruptions from the ImageNet-C dataset at intermedi-
ate severity (level 3) The first row shows the original image and three noise corruptions; the second
row displays blur corruptions; the third row presents weather-related corruptions; and the fourth row
illustrates digital corruptions.

models trained on natural images to rely on global structure rather than local textural cues. The dataset
is publicly available at https://www.kaggle.com/datasets/wanghaohan/imagenetsketch,

Stylizedc-ImageNet. Stylized-ImageNet [§] is created by introducing different painting styles into
ImageNet images through Adaptive Instance Normalization style transfer [85]]. While texture cues are
replaced by those in the paintings, overall shape is preserved. Since the original dataset was introduced
primarily for training purposes and models exhibited extremely low performance, we instead used a
subset of Stylized-ImageNet as used in Geirhos et al. [[7]. This subset focuses on 16 basic categories
(e.g., airplane, dog) that are supersets of 227 ImageNet classes within the WordNet hierarchy [86]. We
followed the same approach as the original article, where the probability distribution over ImageNet
classes is mapped to this 16-class distribution by averaging the probabilities of corresponding fine-
grained classes. This 16-class Stylized ImageNet along with the code for probability aggregation is
publicly available at https://github.com/bethgelab/model-vs-human,
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Figure C4: Detailed results for common corruptions benchmarks. Top-1 accuracy across 5

severity levels for the 15 individual common corruptions of ImageNet-C. Lines indicate the mean
top-1 accuracy and error bars denote SD (n = 3 seeds)
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Figure C5: Examples from domain shift benchmark datasets derived from ImageNet. ImageNet-
Cartoon (adopted from Salvador and Oberman [35])) features object representations in cartoon
style. ImageNet-Drawing (adopted from Salvador and Oberman [35])) includes images rederd as
colored pencil-like hand drawings. ImageNet-Sketch (adopted from Wang et al. [36])) consists of
black-and-white sketches emphasizing contours. Stylized-ImageNet (adopted from Geirhos et al. [8]))
applies replaces the original textures with those of random paintings. ImageNet-R (adopted from
Henrdycks et al. [33]]) contains various renditions of ImageNet classes, including painting, cartoon,
origami, toy, embroidery, and sculpture styles.
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D Additional Experiments
D.1 EVNet Variants

Table D1: Detailed results for EVResNet50 variants, including ablations, on brain-alignment
metrics. BrainScore [42,43]] V1 alignment scores and shape bias [8]] for all EVResNet50 variants.
ResNet50 and VOneResNet50 included for reference but not in the comparison. Values indicate
mean £+ SD (n = 2 seeds).

V1 Response Properties
Vi V1 Resp. Orient. SF RF  Surround Texture Resp. Resp. Shape

Model Predict. Prop. Tuning Tuning Size Mod. Mod.  Select. Magn. Bias [%]
ResNet50 271 637 .822 754 214 .389 792 .621 .865 18.8
+.002 +.008 +.027 +.026  +.002 +.023 +.028 +.010  +.012 +1.2
VOneResNet50 375 754 .859 .969 482 373 919 792 .884 31.6
£.002 006 005 £.001 £.041 003 004 003 £.002 1.2
EVResNet50 .364 .826 .854 950 726 .614 916 781 933 48.9
+.000 +.000 +.009 +.000 +.001 +.004 +.001 +.000 +.000 +2.4
— P Cells .350 845 .854 945 738 737 910 764 965 77.8
+.006 +.001 +.002 +.000  +.006 +.001 +.007 +.001 +.005 +17
— M Cells .368 763 .858 950 527 393 .906 781 926 49.9
+.006 +.000 +.004 +.000  £.000 +.007 +.006 +.004 +.000 +1.0
— Light Adapt. 364 .826 .859 951 720 .630 .908 780 936 70.0
+.001 +.001 +.002 +.000  £.006 +.008 +.009 +.005 +.006 +33
— Contrast Norm. 374 768 868 936 .562 .370 921 784 938 48.0
+.007 +.002 +.002 +.001 +.008 +.001 +.008 +.005 +.006 +2.8

Table D2: Detailed results for EVResNet50 variants, including ablations, on common corruption
categories. Clean and corrupted top-1 accuracies averaged across corruptions types for all EVRes-
Net50 variants. ResNet50 and VOneResNet50 included for reference but not in the comparison.
Values indicate mean + SD (n = 2 seeds).

Corruption Types
Mean Noise Blur Weather  Digital Clean

Model [%] [%] [%] [%] [%] [%]

ResNet50 38.8+05 29.2+06 34.6+04 36.1+05 49.5+06 75.4+0.1
VOneResNet50 40.4+0.1  35.9+05 34.8+01 32.6+01 52.2+01 72.9+0.1
EVResNet50 419+02 39.6+03 37.5+01 30.6+02 53.5+01 70.4+o0.1
— P Cells 34.9+01 42.7+0a1 26.8+01 19.6x01 45.7+01  60.7+0.1
— M Cells 42.1+01  41.1+02 37.7+00 30.6+01 53.3+01 70.3+o0.1

— Light Adaptation 40.4+02 35.2+00 37.9402 29.2+02 52.2+01 69.8+02
— Contrast Norm. 41.7+04 39.2+11  37.6x04 30.4+04 53.4+01 70.7+00
— Subcort. Noise 419+02 39.9+05 35.8+01 32.2+05 53.8+00 72.6+0.2
— VOneBlock 42.7+02 412409 37.4+02 32.6+01 54.2+0a1 71.6+0.1
+ LGN-V2 Conn. 42.1+01  40.0+01 37.6x03 30.8+0.1 53.8+00 70.7+o0.1
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Table D3: Detailed results for EVResNet50 variants, including ablations, on domain-shift accu-
racy. Top-1 accuracies on ImageNet-{Cartoon, Drawing, R, Sketch, Stylized;4} for all EVResNet50
variants. ResNet50 and VOneResNet50 included for reference but not in the comparison. Values
indicate mean =+ SD (n = 2 seeds).

Mean  Cartoon Drawing R Sketch  Stylizedg
Model [%] [%] [%] (%] [%] [%]
ResNet50 33.4+02 51.2+07 20.9+06 35.4+01 23.3+0.1 36.3+12
VOneResNet50 37.1+04 55.54+02 30.5+04 37.5+01 23.1+03 38.8+1.1
EVResNet50 38.1+03 57.1+03 33.9+02 38.1+02 22.7+02 38.6+1.1
— P Cells 33.6+00 46.3+02 20.1+t02 363103 24.7+0a1  40.7+03
— M Cells 38.2+02 57.0+02 34.4+05 38.0+00 22.8+02 38.9+0.9

— Light Adaptation 37.4+02 56.2+02 34.1+05 37.4+01 21.3+04  38.1+1.1
— Contrast Norm. 38.0+0.1 56.9+02 33.7+04 38.1+03 22.7+06 38.6+09
— Subcort. Noise 37.4+01 56.5+00 31.0+03 37.6+00 23.0+o.1 38.7+0.1
— VOneBlock 38.24+01 57.2+00 34.7+03 38.2+02 23.0+03 38.1+0.6
+ LGN-V2 Conn. 38.3+02 57.0x02 34.5+02 38.0+02 22.8+02 39.0+05

Table D4: Detailed results for EVResNet50 variants, including ablations, on adversarial ro-
bustness. Top-1 accuracies for all EVResNet50 variants on limited adversarial set. ResNet50 and
VOneResNet50 included for reference but not in the comparison. Values indicate mean + SD (n = 2
seeds).

[16]] 16112 1612

Mean 13 s 015 0.6 40 160

Model (%] (%] (%] (%] (%] (%] [%]
ResNet50 164 234 04 372 18 336 1.7
+0.5 +0.8 +0.0 +1.0 +0.2 +0.7 +0.2

VOneResNet50 505 626 304 662 423 645 373
+0.1 +0.4 +0.3 +0.3 +0.2 +0.3 +0.6

EVResNet50 53.8 627 388 65.1 480 64.0 445
+0.2 +0.2 +0.6 +0.0 +0.3 +0.2 +0.4

— P Cells 46.7 534 334 556 424 552 403
+0.2 +0.3 +0.1 +0.5 +0.2 +0.4 +0.1

— M Cells 540 626 40.1 648 484 64.1 440
+0.1 +0.3 +0.2 +0.1 +0.2 +0.1 +0.7

— Light Adapt. 551 628 421 650 503 640 463

+0.5 +0.5 +0.4 +0.7 +0.9 +0.2 +0.3

— Contrast Norm. 533 627 382 652 473 643 435
+0.1 402 404 403  +02  +03  £00

— Subcort. Noise 485 605 282 642 39.6 627 358
+0.1 +0.1  £08 401  +03  +0.1  £03

— VOneBlock 51.8 622 343 652 448 639 404
+05  £03 406 +08 402  +09  +04

4+ LGN-V2 Conn. 539 628 38.7 650 484 645 442
+02  £03  £01  £08  £02  £02 02
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D.2 EVNet Backend Generalization

Similarly to the results obtained with EVResNet50, the EVEfficientNet-B0O and EVCORnet-Z models
consistently outperform their corresponding base model across most corruption categories, as well
as in mean corruption accuracy, as shown in Table [D5] However, this improvement comes with a
greater relative drop in clean image accuracy compared to the ResNet50-based models. This steeper
drop likely reflects architectural differences in sensitivity to input statistics. EfficientNet-B0O employs
compound scaling and aggressive architecture search to optimize performance specifically for standard
ImageNet inputs [5]], making it more susceptible to deviations introduced by our biologically inspired
preprocessing. In contrast, ResNet50, with its more generic design appears to be more adaptable to
altered input distribution. Similarly, compared to ResNet50, the compact architecture of CORnet-Z
exhibits a lower degree of feature redundancy which, when coupled with a mismatch between the
inductive biases imposed by the front-end and those the network was designed to exploit, can limit
its flexibility to adapt to the upstream processing. When evaluated on domain shift datasets, both
EVEfficientNet-BO and EVCORnet-Z surpass their base models on most benchmarks, as reported in
Table with the only exception being ImageNet-Sketch, mimicking the same pattern as observed
with the EVResNet50. Both EVEfficientNet-BO and EVCORnet-Z exhibit substantial improvements
across all norm constraints (Table[D7) and, when aggregated into the Robustness Score (Table[DS§),
EVNets consistently surpass their respective base architectures, reinforcing the effectiveness of
back-end generalization.

Table D5: EVNets outperforms base models on most image corruption types and on mean
corruption accuracy, across different backend architectures. Clean and corrupted top-1 accuracies
averaged across severities and corruptions for EfficientNet-BO, EVEfficientNet-BO, CORnet-Z and
EVCORnet-Z. Values indicate mean 4+ SD (n = 2 seeds).

Corruption Types
Mean Noise Blur Weather  Digital Clean
Model [%] [%] [%] [%] [%] [%]

EfficientNet-BO 30.3+04 18.7+02 26.6+00 29.1+03 40.8+12 68.1+0.1
EVEfficientNet-BO  34.1+00 30.7+t02 30.5+03 243101 45.0+01 61.4+04

CORnet-Z 18.0+00  6.4+0.1 17.0+00 12.4+03 29.1+t01 53.2+01
EVCORnet-Z 21.3+00 20.0+t0.0 18.2+0a1 11.6+00 30.4+00 44.7+00

Table D6: EVNets outperforms base models on most OOD datasets and on mean domain
shift accuracy, across different backend architectures. Top-1 accuracies on ImageNet-{Cartoon,
Drawing, R, Sketch, Stylized;s} for EfficientNet-B0, EVEfficientNet-B0O, CORnet-Z and EVCORnet-
Z. Values indicate mean 4 SD (n = 2 seeds).

Mean  Cartoon Drawing R Sketch  Stylized;g
Model (%] (%] [%] (%] [%] [%]

EfficientNet-BO 28.9+02 40.2+04 17.1x05 299402 17.3+05 40.0+0.7
EVEfficientNet-BO  33.5+02 49.1+00 28.2+02 31.5+02 16.8+03 41.8+1.0

CORnet-Z 19.5+02 309+02 12.5+03 21.0+02  9.5+0.1 23.8+1.8
EVCORnet-Z 21.1+03 32.9+t0a1 16.2+t02 21.3+00 9.0+o0.1 26.0+1.1

D.3 EVNet Inference Ensembling

To evaluate whether combining the stochastic activations of EVNets across multiple forward passes
leads to cumulative performance gains, we conducted an ensemble analysis varying both ensemble
size and the stage at which activations are aggregated. Specifically, we compared ensembles that
averaged activations at three points in the network: (1) the logit layer, (2) the final embedding stage
(1ayer4, before the global average pooling), and (3) immediately after the VOneBlock bottleneck.
We found that averaging later representations at the embedding or logit level yielded marginal
but consistent improvements across clean, corruption, and domain-shift evaluations (Fig. [DT). In
contrast, averaging activations after the bottleneck reduced performance, with the exception of a small
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Table D7: EVNets outperforms base models on most adversarial perturbations and on mean
adversarial robustness, across different backend architectures. Top-1 accuracies for EfficientNet-
B0, EVEfficientNet-BO, CORnet-Z and EVCORnet-Z. Values indicate mean = SD (n = 2 seeds).

QLS 11]2 191]1
Mean 1555 3z 015 06 40 160
Model (%] 1%]  [%] [%] (%] [%] [%]
EfficientNet-BO 209 350 20 435 51 362 33

+0.1 +0.6 +0.1 +0.3 +0.1 +0.2 +0.1

EVEfficientNet-BO 45.6 53.2 31.1 558 408 55.0 37.7
£05 05  £02 06 05 0.6 0.6

CORnet-Z 176 244 07 348 54 347 55
+03  +07  +00 +06 £01 406 00
EVCORnet-Z 311 367 19.0 388 269 39.0 26.2

+0.6 +0.9 +0.8 +0.6 +0.4 +0.6 +0.4

Table D8: EVNets outperforms base models on Robustness Score, across different backend archi-
tectures. Robustness Score, clean and perturbed top-1 accuracies for EfficientNet-B0, EVEfficientNet-
B0, CORnet-Z and EVCORnet-Z. Values indicate mean 4 SD (n = 2 seeds).

Perturbations

Robust. Score*  Adversarial* Corrupt. Domain Shift  Clean

Model [%] [%] [%] [%] [%]

EfficientNet-B0O 26.7+0.1 20.9+0.1 30.3+04 28.9+02 68.1+0.1
EVEfficientNet-BO 39.7+0.3 45.6+04 34.1+0.0 33.5+0.1 61.4+04
CORnet-Z 18.4+0.0 17.6+03 18.0+0.0 19.5+02 53.2+0.1
EVCORnet-Z 24.5+03 31.1+06 21.3+0.0 21.1+03 44.7+0.0

performance gain by the two-model ensemble when evaluated on ImageNet-C. This degradation likely
arises because the bottleneck lies immediately downstream of the noise-injection stage, and averaging
at this point effectively diminishes the stochastic variability that the EVNet leverages during training.
We did not evaluate adversarial performance in this setting, as generating adversarial samples already
requires an ensemble of forward passes, and using an additional ensemble for evaluation would
compound computational costs to an impractical level.

Clean Corruptions Domain Shift
- 431
= 381
é‘ 704
5
] 421
f 681 361 Logits
& —— Embedding
= — Bottleneck
‘ : ‘ — 411 : ‘ : ‘ : ‘ :
1 2 4 8 1 2 4 8 1 2 4 8

Ensemble Size

Figure D1: Averaging EVNet logits or final embeddings yields slight performance improvements,
whereas averaging bottleneck activations degrades accuracy. Accuracy under clean, corruption,
and domain-shift images for EVResNet50 ensembles of varying sizes. “Logits” denotes ensembles
averaged at the logit layer, “Embeddings” refers to averaging activations in layer4 (prior to global
average pooling), and “Bottleneck” indicates averaging immediately after the VOneBlock bottleneck.
Lines indicate mean top-1 accuracy and error bars represent SD (n = 3 seeds).
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E Implementation Details

E.1 Grating Experiments

When tuning the SubcorticalBlock and when measuring its response properties, we presented 12
frames of drifting sine-wave gratings with phase shifts of 30 degrees in the interval [0, 360[ degrees.
Grating orientation was set to horizontal and the diameter, SF and contrast was chosen to most
accurately replicate the response-property studies used for tuning (see Table [BI] for the reference
studies from which the stimulus set properties were taken). The background area not covered by the
grating was set to 50% gray. To characterize the response properties of the VOneBlock, we adopted
the same experimental paradigm as detailed above.

E.2 SubcorticalBlock Implementation

To parameterize the fixed weights of the SubcorticalBlock, we developed a novel tuning strategy
that optimizes alignment with average neuronal response properties of SF tuning, size tuning, and
contrast sensitivity, using Bayesian optimization. Table [E1|shows the reference values and values
obtained values for the six subcortical response properties. This procedure was applied independently
to the P and M pathways within the SubcorticalBlock. While several hyperparameters were directly
optimized, Gaussian kernel sizes were indirectly determined by computing the kernel size necessary
to elicit 75% of the their total integrated response. Specifically, this formulation was used with the
surround Gaussian in the DoG kernel and with the Gaussian kernel of contrast normalization layer.

Light adaptation pooling size. Because the primate visual system exhibits both global and local
forms of light adaptation, we initially modeled luminance adaptation as a spatially local process,
implemented via Gaussian filtering analogous to our contrast normalization layer. Interestingly,
during Bayesian optimization, the learned filter radius consistently expanded to encompass nearly
the entire image, suggesting that global rather than local adaptation better supported LGN response
property prediciton. To reduce computational overhead, we therefore adopted a global luminance
normalization strategy.

Table E1: Reference and tuned response property values for the SubcorticalBlock. Response
property values specific to P and M cells used to tune the SubcorticalBlock, shown alongside reference
values from the original studies from which they were sourced. Six response properties were used for
tuning: center, surround, excitation and inhibition radii; suppression index; and saturation index.

Reference SubcorticalBlock
Resp. Property Pcells Mcells Pcells M cells
Center Radius [deg] [58] 0.042  0.063 0.041 0.064

Surround Radius [deg] [58] 0.279 0.602 0.289 0.620
Excitation Radius [deg] [58] 0.236  0.289  0.094 0.125
Inhibition Radius [deg] [58] 0.564  0.869  0.226 0.609
Suppression Index [|58] 0.808  0.719  0.710 0.610
Saturation Index [S1]] 0.095  0.365 0.200 0.410

Search space. When defining the search space for each variable in our Bayesian optimization
framework, our primary objective was to minimize the introduction of inductive biases by employing
search spaces as broad as feasible. In many cases, this was straightforward — for instance, we
constrained parameters like the semisaturation constant, csg to lie within physically meaningful
bounds. However, for parameters such as the center and surround radii of the DoG filters, the radius
of the Gaussian used in the contrast normalization layer, and the ratio of peak contrast sensitivity,
we adopted a more heuristic approach. Specifically, we drew on values reported in the neuroscience
literature to inform the bounds of the search space. For the DoG center and surround radii, we
defined symmetric search intervals of centered around values reported in the reference study to which
we aimed to maximize alignment [58]. Similarly, the bounds for the normalization radius were
guided by reported relationships between the suppressive field and the surround Gaussian [22]. The
same principle was applied to the contrast sensitivity ratio [87]]. Table [E2|provides a comprehensive
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overview of all parameters tuned, including the corresponding search bounds, the literature references
used to guide their selection, where applicable, and the final hyperparameters.

Table E2: SubcorticalBlock hyperparameters and search space used for tuning. Minimum (2 ;)
and maximum (z,x) bounds used in the Bayesian optimization for each hyperparameter of the
SubcorticalBlock and hyperparameter optima obtained (z*). Values describe center radius of the DoG
(r.); surround radius of the DoG (r); peak contrast sensitivity ratio (ks/k.); contrast normalization
pooling radius (rcn); semisaturation constant (c5p); contrast normalization exponent (n). While not
obtained through optimization, the kernel sizes used (kpog and kcy) are also presented. For a subset
of these hyperparameters, literature references were used to inform the choice of search bounds.

P cells M cells
Layer T Tmin Tmax z* Tmin Tmax z* Ref.
DoG r. [deg] 0.034 0.050 0.047 0.050 0.76 0.76 [58]]
Conv. rs [deg] 0.223  0.335 0.224 0482 0.722 0.534  [58]
ks/k. -0.068 -0.003 -0.12 -0.037 -0.002 -0.004 [87]
kpoG — — 19 — — 33 —
Contrast rcn [deg] 0.140 0419 0419 0301 0903 0902 [22]
Norm. c50 0.01 1.0 1.0 0.01 1.0 0.19 —
n 0.01 1.0 1.0 0.01 1.0 0.81 —
ken — — 43 — — 69 —

Bayesian optimization. We employed Bayesian optimization using the gp_minimize function
from the Scipy library [88]. The optimization was performed over a defined parameter space for
640 evaluations, with 64 initial points generated using a Sobol sequence. The acquisition function
was probabilistically selected among Lower Confidence Bound (LCB), Expected Improvement (EI),
and Probability of Improvement (PI) at each iteration. The exploration-exploitation balance was
controlled using x = 1.96 for LCB and £ = 0.01 for EI and PI.

E.3 EVNet Variants

For all EVNet variants, we re-estimated the scaling factor applied to the VOneBlock whenever it
was included, and adjusted the V1 noise Fano factor such that the accumulated Fano factor was 1.
Apart from these modifications, most variants were derived by simply performing the modifications
described in previous sections, with the two exceptions detailed below.

Contrast normalization ablation. Because the light adaptation and contrast normalization layers
operate in close synchrony, removing the contrast normalization layer substantially destabilized
training. In particular, the absence of contrast normalization caused activations within the Subcortical-
Block to explode, primarily due to excessively high responses from the light adaptation mechanism.
This effect was most pronounced when image (or image crops) contained small, bright regions
surrounded by dark backgrounds — conditions that produce low mean activations but locally high
responses in Equation [2] To mitigate this, we modified the light adaptation layer’s mean computation
to ignore pixel values below a threshold of € = 0.05, effectively preventing spurious amplification of
isolated bright pixels.

LGN-V2 skip connection. When incorporating the skip connections between the SubcorticalBlock
and the VOneBlock bottleneck, we maintained a total channel dimensionality of 64 at the input to the
backend model. Of these, 60 channels originated from the bottleneck output, while the remaining
4 channels were adapted activation maps from the SubcorticalBlock. Given that the VOneBlock
operates with a stride of 4, we applied a 5 X 5 max-pooling operation with the same stride to the
SubcorticalBlock activations prior to concatenation, ensuring spatial alignment and consistent feature
scaling across pathways.
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E.4 Training Details

All models were trained on an internal cluster, using 48GB NVIDIA A40 GPUs with Python 3.11,
PyTorch 2.2 with CUDA 11.7, taking roughly tree days to train.

Preprocessing. During training, images were randomly horizontally flipped with a probability
of 0.5, then resized and cropped to 224 x224 pixels. Images were normalized by subtracting and
dividing by [0.5, 0.5, 0.5], with the exception of model that included the light adaptation layer of the
SubcorticalBlock. During evaluation, images were resized to 256 pixels on the shorter side, followed
by a center crop to 224 x224 pixels, and the same normalization was applied.

Loss function and optimization. Models were trained using a cross-entropy loss between ground-
truth labels and predicted logits, with label smoothing [89]] of 0.1. When using the ResNet50
and CORnet-Z architectures, optimization was performed using stochastic gradient descent with
momentum set to 0.9 and weight decay of 5 x 10~*. For EfficientNet-B0, we used RMSProp with a
momentum of 0.9, smoothing constant of 0.9, and a denominator stability term of 1.0. Training was
conducted for 50 epochs with a batch size of 256. We employed the 1-Cycle learning rate policy [90],
where the learning rate was initialized at 4% of the maximum learning rate, increased up to maximum
at 30% of the total training steps, and then annealed to 4 x 10~*% of the maximum following a
cosine schedule. For the ResNet50, the maximum learning rate was set to 0.1; for the EfficientNet-BO,
it was set to 0.256; and, for CORnet-Z, it was set to 0.05. When using PRIME [34]], we fine-tuned a
standardly trained model for an additional 50 epochs using the same training protocol, except with a
maximum learning rate of 0.01 reached at 10% of the training schedule.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The main claims summarized in the abstract are properly supported by the
introduction of the our novel architecture in[Methods| and the results described in [Resultsl

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: The limitations of our modeling approach and of our results is discussed in the
IDiscussionl

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [NA]
Justification: The paper does not include theoretical results.
Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The information needed to reproduce the main experimental results is described
in and in[Implementation Details

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The model weights will be made publicly available and the code repository
will be well-documented with instructions for environment setup, training and testing our
models.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

 Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: All training and testing details are specified in[Methods|and in[lmplementation
l. cld

Guidelines:

* The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: The paper reports standard deviations for all results obtained with our architec-
tures, but does not include for all models.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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8.

10.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)
* The assumptions made should be given (e.g., Normally distributed errors).

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Details on computer resources used for training and testing are detailed in

Guidelines:

* The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: The research does not violate the NeurIPS Code of Ethics.
Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The societal impact of this research is discussed on the last paragraph of the

[Discussionl
Guidelines:

* The answer NA means that there is no societal impact of the work performed.
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11.

12.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

 The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: The paper poses no such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All model authors are appropriately credited in both the main paper and the
Supplementary Material. The same applies to the datasets used in this work.

Guidelines:
» The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.
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14.

15.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: The code that will be included in the repository will be well-commented and
comprehensive documentation with instructions for environment setup, model training, and
evaluation will also be provided.

Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used

only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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