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Abstract

Visual robustness under real-world conditions remains a critical bottleneck for

]
2 modern reinforcement learning agents. In contrast, biological systems such as
3 mice show remarkable resilience to environmental changes, maintaining stable
4 performance even under degraded visual input with minimal exposure. Inspired by
5 this gap, we established the Mouse vs. Al: Robust Foraging Competition, a novel
6 bioinspired visual robustness and neural alignment benchmark in which agents and
7 mice perform the same naturalistic 3D foraging task. The benchmark consists of
8 two tracks: (1) a robustness track evaluating generalization to unseen visual pertur-
9 bations, and (2) a neural alignment track measuring how well model representations

10 predict large-scale neural recordings from mouse visual cortex. We provide a public

11 benchmark suite comprising a Unity-based environment for training and evaluating

12 virtual agents, centralized evaluation protocols, and an extensive neural dataset

13 with approximately 178 minutes of multimodal recordings of behavior, visual

14 input, and neural activity from more than 50,000 neurons in mice performing the

15 task. As part of the NeurIPS competition, we received submissions from 22 teams

16 proposing diverse architectures and training strategies. By embedding evaluation in

17 a shared sensorimotor task performed by both biological and artificial agents, the

18 benchmark enables a class of evaluative claims not supported by existing robustness

19 or neural alignment benchmarks in isolation: namely, whether robust, brain-like

20 visual representations emerge spontaneously from behavior-driven learning, and

21 whether robustness and neural alignment reinforce or trade off against one another.

22 Access to the dataset as well as the benchmarking infrastructure will remain online

23 athttps://robustforaging.github.io/.

2« 1 Introduction

25 Generalization under distributional shift remains a fundamental challenge in machine learning. Visual
26 systems trained under standard conditions often fail when exposed to perturbations such as fog,
27 dynamic lighting, or environmental clutter [Wang et al.| |2024]. This brittleness limits the deployment
28 of vision-based autonomous systems in safety-critical scenarios, including self-driving vehicles [Lu
29 et al.}[2023]], drones [Gao et al.,[2021]], and service robots operating in real-world environments.
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30 In contrast, biological systems exhibit remarkable visual robustness within their ecological and
31 sensorimotor niches. Mice, for example, can navigate complex environments and perform visually
32 guided tasks even when visual input is degraded. This discrepancy is unlikely to be explained solely
33 by superior sensors, as biological eyes lag behind modern cameras in resolution and precision, but
34 instead suggests that the visual system implements computational principles that support invariant
35 and noise-tolerant processing.

36 Recent work has developed complementary benchmarks to study artificial and biological vision.
37 Brain-Score [Schrimpf et al.||2018]] evaluates the alignment between model representations and neural
38 activity across species and brain regions, while Sensorium [Willeke et al., [2022} [Turishcheva et al.|
39 |2024] focuses on predicting neural responses from large-scale recordings in mouse visual cortex. In
40 parallel, robustness benchmarks in computer vision, such as ImageNet-C [Hendrycks and Dietterich),
41 2019]] and the Adversarial Vision Challenge [Brendel et al.| [2020], evaluate generalization under
42 distributional shift. However, these approaches study robustness and neural alignment largely in
43 isolation.

44 To bridge this gap, we introduce the Mouse vs. AI: Robust Foraging benchmark and competition, a
45 biologically grounded evaluation suite that jointly evaluates visual robustness and neural alignment
46 in artificial agents. The benchmark includes a Unity-based foraging environment, held-out visual
47 perturbations, standardized evaluation code, baseline agents, and paired visual-neural recordings
48 from mice performing the same task. Agents are trained to perform a visually guided foraging task in
49 a 3D Unity environment and are evaluated on their ability to generalize to a set of visual perturbations.
50 Crucially, head-fixed mice perform a matched version of the same task in the same environment via a
51 floating-ball setup, enabling comparisons grounded in shared visual input and task structure.

52 The benchmark enables three key evaluations. First, it measures robustness in an embodied setting,
53 where perturbations affect perception within an active sensorimotor loop rather than static image
54 classification. Second, it evaluates neural alignment as a property that emerges from task-driven
55 learning, by assessing how well model representations predict neural activity without using neural
s6 data during training. Third, by evaluating both properties on the same models, the benchmark
57 provides a framework to study whether robustness and neural alignment co-emerge or require distinct
s8 inductive biases. The perturbations target distinct aspects of visual processing, including contrast
59 degradation, occlusion, and motion structure. To support reproducibility and community-driven
60 extensions, we release the full Unity environment alongside the dataset and evaluation code. This
61 enables future work to introduce new perturbations, design more complex task variants, and extend
62 the benchmark to new evaluation settings.

s 2 Competition Overview

64 The Mouse vs. Al: Robust Foraging competition provides a unified benchmark to evaluate both
65 visual robustness and neural alignment in artificial agents. Agents are trained to perform a visually
66 guided navigation task and are evaluated on their ability to generalize across visual perturbations
67 (Track 1) and on the ability of their internal representations to predict neural activity recorded in
68 mice performing the same task (Track 2). By combining a shared behavioral task with a multimodal
69 biological dataset, the benchmark enables systematic comparison between artificial and biological
70 vision.

71 Participants train reinforcement learning agents to navigate to a target object based solely on egocen-
72 tric visual input in a shared environment, where both artificial agents and mice perform the same task
73 (Figure[TJA). During training, agents are exposed to the environment under standard conditions and a
74 single example perturbation (fog). After training, agents are evaluated on held-out perturbations to
75 assess robustness (Track 1; Figure[IB), and their internal representations are evaluated for neural
76 alignment using recorded mouse data (Track 2; Figure[I[C).

77 Visual Foraging Task. The benchmark centers on a visually guided navigation task in which agents
78 and mice must locate and approach a target object based solely on visual input. At each timestep, the
79 agent receives an egocentric grayscale image and selects actions to navigate through the environment.
go In each trial, a gray target object appears at a fixed distance with a random horizontal offset (uniformly
g1 distributed within +30°). The agent must reach the target within five seconds for a trial to be counted
g2 as a success; otherwise, the trial ends in failure.
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Figure 1: Overview of the Mouse vs AI benchmark. A. Mice and agents perform the same visually
guided foraging task. B. Track 1 evaluates generalization across visual perturbations using success
rate metrics. C. Track 2 evaluates neural alignment by predicting mouse neural activity from model
representations.

83 The task is designed to be simple in objective but perceptually challenging. The target is embedded
84+ in a dynamic, visually complex environment with naturalistic textures, lighting, and motion, making
85 it nontrivial to detect and track. Both mice and artificial agents perform the same task under matched
g6 conditions, enabling direct comparison between biological and artificial behavior. Track 1: Visual
g7 Robustness. Track 1 evaluates each agent’s success rate under held-out visual perturbations. These
g8 perturbations introduce structured changes to the visual input, requiring agents to generalize beyond
g9 training conditions.

90 The perturbations were designed to target distinct components of visual processing relevant for
91 navigation. Fog reduces contrast and obscures distal landmarks, challenging long-range spatial
92 perception. Clutter occludes large portions of the scene, requiring segmentation and integration
93 beyond local visual cues. Random dot kinematogram (RDK) overlays disrupt global motion
94 structure, interfering with optic flow processing. Contrast-modulated noise introduces structured
95 visual interference that cannot be easily resolved by simple local filters. Together, these perturbations
96 probe complementary aspects of visual processing, enabling a more fine-grained assessment of
97 robustness than uniform noise or corruption benchmarks.

98 The goal is to develop agents that maintain task performance under distributional shifts in a behav-
99 iorally grounded setting.

100 Track 2: Neural Alignment. Track 2 evaluates the similarity between model representations and
101 neural activity recorded from mouse visual cortex. For each trained model, visual input from the
102 mouse experiments is passed through the model, and a linear readout is trained to predict recorded
103 neural responses. Models are trained exclusively on the foraging task and do not use neural data
104 during training; neural alignment is evaluated post hoc from fixed model representations.

105 3 Benchmark resources and data

106 The benchmark provides two complementary resources: a Unity-based environment for train-
107 ing and evaluating artificial agents (Track 1), and a paired visual-neural dataset recorded
108 from mice performing the same task (Track 2). All resources are publicly available at
100 https://robustforaging.github.io/|

110

111 Unity Environment (Track 1). Participants train agents via online reinforcement learning in a
112 Unity-based simulator built on the ML-Agents framework. No pre-collected training dataset is
113 provided; agents learn solely through interaction with the environment.

114 Ateach timestep, the agent receives a grayscale egocentric visual observation and outputs a continuous
115 action controlling forward/backward translation, lateral translation, and rotation. The task is rewarded
116 sparsely based on successful target acquisition.

117 We provide multiple Unity builds for training and validation under different visual conditions,
118 including normal trials and a single example perturbation (fog). During evaluation, each model
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Figure 2: Track two dataset: mesoscale neural recordings from visual cortex paired with
stimulus frames during active VR navigation. A. Raw mesoscale D2P recordings. Left, example
imaging field of view (FOV) with overlay of cortical visual areas and segmented cell masks. Scale
bar, 1 mm. Right, example calcium traces colored by visual area with inferred spike trains (black).
Areas include nonvisual (NV) neurons outside visual cortex. B. Neuron counts. Left, all neurons
from two example sessions and separate mice. Right, total neuron counts by visual area in the dataset.
C. Recording length for all sessions and mice, with overlay of small validation set from competition.

119 1is tested on 100 trials per condition across five visual settings: normal, fog, and three held-out
120 perturbations (clutter, random dot kinematograms, and contrast-modulated noise). As a biological
121 baseline, we provide trial-averaged success rates from n = 3 expert mice performing the same task.

122 The full Unity codebase is released, enabling the community to introduce new perturbations and task
123 variants beyond the initial competition scope.

124

125 Neural Dataset (Track 2). While mice performed the same foraging task in virtual reality, population
126 activity was recorded using two-photon calcium imaging from layer 2/3 neurons in primary visual
127 cortex (V1) and multiple higher visual areas. An overview of the dataset is shown in Figure 2]
128 including example recordings across visual areas (Figure [2JA), neuron counts (Figure 2B), and
120 recording durations across sessions (Figure 2IC). See [Schneider et al/ [2023] for recording details.

130 Preprocessing. Calcium signals were motion-corrected, segmented, and converted to inferred spike
131 trains using standard pipelines [Pachitariu et al.| 2017} [Pnevmatikakis et al, 2013]]. Spike trains
132 were binned into 100 ms intervals and temporally aligned with visual input, accounting for neural
133 response latency. A quality-control procedure was applied to retain a subset of reliably inferred
134 neurons. Specifically, neurons with very low activity or weak visual responsiveness were excluded
135 based on firing rate and predictive reliability criteria. This filtering reduces noise in the alignment
136 scores by excluding neurons that do not exhibit consistent visually driven responses.

137 Dataset format. Each sample pairs a visual frame S; € R®>*15% with a neural activity vector
138 N; € N™ representing binned spike counts:

{(Se, No) Yy (1

139 Evaluation protocol. Neural data are used exclusively for post hoc evaluation of model represen-
140 tations. During the competition, a small subset of recordings (approximately 1 minute per session
141 across 3 sessions) was provided for validation of the evaluation pipeline. Models were trained solely
142 on the foraging task without access to neural data.

143 For evaluation, visual input from the mouse experiments is passed through each trained model, and a
144 linear readout is trained to predict recorded neural responses from fixed model activations. Alignment
145 is quantified as the correlation between predicted and observed neural activity.

146 Dataset summary. The competition evaluation set consisted of 3 sessions from 3 mice (61 minutes
147 total), comprising 19,746 neurons across up to 8 visual areas. The public release expands this dataset
148 to 9 sessions from 3 mice, totaling approximately 178 minutes of recording and more than 50,000
149 neurons across multiple visual areas.

150 Code and data availability. The full benchmark, including Unity environments, evaluation pipelines
151 for both tracks, and dataset access, is available at robustforaging.github.io. Dataset documentation
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Model Track 1 Track 2
HCMUS_TheFangs  0.9540 0.1547

alluding123 0.7570  0.1360
sazeglio 0.7360  0.1280
CNN Baseline 0.6150  0.1367

ResNet-18 Baseline  0.6260  0.1269
Xu2023 Baseline 0.2520  0.1305
Table 1: Performance of the top models and baselines on both tracks.

152 follows the Croissant machine-readable format as required by the NeurIPS Evaluations and Datasets
153 Track.

152 4 Competition Evaluation

155 Each track uses a distinct evaluation metric aligned with its objective. Final scores are computed
156 by the organizers using centralized infrastructure on held-out test data. Participants submit trained
157 models and inference code via a containerized environment to ensure consistent and reproducible
158 evaluation.

159 Track 1: Visual Robustness. Robustness is evaluated based on agent performance across five visual
160 conditions: normal and fog environments (available during training), and three held-out perturbations.
161 A trial is counted as successful if the agent reaches the target within the 5-second time limit.

162 Each agent is evaluated over 100 trials per condition using randomized seeds. Performance is
163 summarized using two metrics: the Average Success Rate (ASR), defined as the mean success rate
164 across all conditions, and the Minimum Success Rate (MSR), defined as the lowest success rate
165  across conditions. The final Track 1 score is computed as the mean of ASR and MSR, capturing both
166 overall performance and worst-case generalization.

167 Track 2: Neural Alignment. Neural alignment is evaluated by measuring how well model represen-
168 tations predict neural activity recorded from mice performing the same task. Visual input sequences
169 recorded during mouse behavior are replayed through the trained model with frozen weights, and
170 activations are extracted from each layer.

171 For each layer, a linear readout is trained to predict recorded neural responses from the model
172 activations (after dimensionality reduction). Formally,

Ny, = WM, + b, )
173 where M denotes the model activations at time ¢, and W and b are fitted parameters.

174 Performance is quantified as the mean Pearson correlation between predicted and observed responses
175 across neurons:

1< N
p= -~ Zl corr(Nm7 Nt,i) . 3)
176 The final alignment score is defined as the best-performing layer:
Scores = mlax p(l). @)

177 Further implementation details and extended analysis of the evaluation procedure are provided in
178 |Schneider et al.|[2025]].
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Figure 3: Performance, aggregate trends, and architectures of top models. A. Distribution of
Track 1 (held-out) performance across all submissions, with the mean = SEM of mouse performance
shown for comparison. Model performance varies widely, highlighting the difficulty of achieving
robust generalization under visual perturbations. B. Track 1 performance grouped by architectural
family. Performance differences across architectures indicate that robustness depends more on specific
inductive biases than on architecture class alone. C. Relationship between Track 1 (robustness)
and Track 2 (neural alignment). A weak positive correlation (r = 0.35) indicates that the two
objectives are only partially aligned, with models specializing along either axis or achieving moderate
performance on both. D-F Architectures of the top three submissions. (D) First-place model
(HCMUS_TheFangs): a lightweight CNN with observation normalization and GLU gating. (E)
Second-place model (alluding123): a dual-branch architecture combining local and large-kernel
feature extraction with spatial attention. (F) Third-place model (sazeglio): a scale-equivariant network
with a factorized readout operating across spatial scales.

179 5 Baseline Models

180 To lower the barrier to entry, we provide three baseline agents trained using Proximal Policy Opti-
181 mization (PPO) within the ML-Agents framework.

182 All models share a common architecture consisting of a visual encoder followed by a two-layer
1e3  multilayer perceptron (MLP) policy head that maps visual features to continuous actions. The
184 baselines differ only in the visual encoder:

185 » Simple CNN: a lightweight convolutional network with three convolutional layers.

186 * ResNet-18: a deeper convolutional architecture with residual connections [He et al., 2015]].
187 * Xu2023: a model architecture adapted from [Xu et al.| [2023]], previously shown to predict
188 visual cortical activity in freely moving mice.

189 All agents are trained from scratch under identical PPO hyperparameters using the normal and fog
190 environments. These baselines provide reference points for both robustness and neural alignment
191 performance.
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12 6 Results

193 6.1 Participation and overall performance

194 During the four-month submission period, 22 teams submitted a total of 290 models. Of these, 114
195 submissions outperformed the best baseline model on Track 1. Table[I] summarizes the performance
196  of the top three models alongside the provided baselines.

197 Model performance varies substantially across submissions (Fig. [3]A), ranging from near-random
198 behavior to high success rates approaching expert-level mouse performance. This wide distribution
199 highlights the difficulty of achieving robust generalization under visual perturbations. The winning
200 model (HCMUS_TheFangs) outperforms the next-best submission by a large margin on Track 1,
201 emphasizing that strong robustness emerges only under carefully tuned architectural and training
202 choices.

203 6.2 Aggregate trends across submissions

204 We next analyze global trends across all submitted models to understand how robustness and neural
205 alignment relate.

206 Figure[3B shows Track 1 performance grouped by visual encoder architecture. While performance
207 varies widely within each category, several architectures incorporating additional structure—such as
208 recurrence, mixture-of-experts, or transformer-based encoders—tend to achieve higher robustness. In
209 contrast, CNN-based models span the full range of performance, indicating that architectural class
210 alone does not determine robustness.

211 FigureB|C shows the relationship between Track 1 (held-out robustness) and Track 2 (neural align-
212 ment). We observe a weak positive correlation between the two metrics (r = 0.35), indicating that
213 models that generalize better under perturbations tend to exhibit slightly higher neural alignment,
214 but that the two objectives are not strongly coupled. Several models specialize along one axis,
215 achieving high robustness but low alignment, or vice versa, while a smaller subset achieves moderate
216 performance on both tasks. This distribution suggests that robustness and neural alignment occupy
217 partially overlapping but distinct regions of the model design space.

218 To further investigate factors influencing performance, we examine relationships between the per-
219 formance on the two tracks and basic model and training properties (Appendix Figure [5). While
220 robustness shows little dependence on model size, neural alignment increases with model depth
221 and, to a lesser extent, parameter count. This indicates that increasing model capacity alone does
222 not improve robustness, reinforcing that inductive biases rather than scale drive performance under
223 distributional shift. In contrast, the strong dependence of neural alignment on depth suggests that
224 hierarchical representations are critical for capturing the structure of neural responses.

225 We also observe a non-monotonic relationship between training duration and performance, with inter-
226 mediate training steps yielding higher robustness and alignment than longer training runs(Appendix
227 Figure [5). This non-monotonic trend resembles an inverted-U pattern, suggesting that extended
228 training may lead to overfitting to the training conditions and reduced generalization under perturba-
220 tions. This pattern is consistent with the winning team’s observation that early stopping can improve
230 generalization.

231 Finally, recurrent architectures tend to achieve higher robustness under held-out conditions (Appendix
232 Figure [6)), suggesting that temporal integration may provide an additional mechanism for resilience
233 to visual perturbations.

234 While our primary analysis focuses on Track 1 performance, we note that the top-performing
235 Track 2 models consistently rely on deeper architectures, emphasizing representational capacity over
236  simplicity. This contrast further supports the observation that robustness and neural alignment favor
237 different architectural regimes.

238 6.3 Winning solutions

239 First Place: HCMUS_TheFangs. The winning team achieved top performance by adopting distinct
240 architectures tailored to the two evaluation objectives (Fig. BD). For Track 1, they used a lightweight
241 convolutional model augmented with Gated Linear Units (GLU) and observation normalization.
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242 Despite its simplicity, this model achieved the highest robustness under held-out perturbations.
243 Ablation studies revealed that observation normalization contributed the largest performance gain,
244 while increasing architectural complexity—including deeper residual networks, recurrent modules,
245 or data augmentation—often degraded robustness.

246 In contrast, their Track 2 solution relied on a substantially deeper convolutional architecture with
247 increased capacity, enabling improved prediction of neural activity. This separation highlights a
248 key insight: robustness and neural alignment favor different regions of the model design space.
249 While shallow models generalize better under distributional shift, deeper architectures are required to
250 capture the structure of neural responses.

251 Training dynamics further reinforced this distinction. Performance was highly sensitive to training
252 duration, with optimal results achieved at intermediate checkpoints, while extended training often
253 reduced both robustness and alignment. Together, these findings suggest that both architectural
254 simplicity and carefully tuned training procedures are critical for robust generalization.

255 Second Place: alluding123. The second-place solution introduces a dual-branch visual encoder
256 designed to capture complementary spatial features (Fig. 3E). One branch focuses on fine-grained
257 local structure using standard convolutional layers, while a parallel branch employs large-kernel
258 convolutions to capture broader contextual information and improve sensitivity to targets at the
259 periphery of the visual field. The outputs of both branches are fused into a unified representation,
260 enabling the model to integrate information across spatial scales.

261 In addition, the architecture incorporates explicit spatial reasoning mechanisms, including a position
262 detection head and an edge-aware attention module that redistributes focus toward peripheral regions.
263 This design addresses a key challenge of the task, namely detecting targets at extreme positions under
264 perturbations. By combining multi-scale feature extraction with spatially structured attention, the
265 model achieves strong robustness without relying on excessive model depth.

266 Third Place: sazeglio. The third-place solution explores a fundamentally different approach
267 based on scale-equivariant convolutional networks (Fig. 3F). By operating in a joint space-scale
268 representation, the model preserves information across multiple spatial scales, enabling consistent
269 detection of objects under changes in size and visual appearance.

270 A key component of this architecture is a factorized readout that separately models spatial and
271 scale-dependent contributions, allowing the network to retain scale-specific information rather than
272 collapsing it through pooling. This design achieves substantial parameter efficiency while maintaining
273 competitive performance, suggesting that structured representations can provide an alternative to
274  scaling model size. Extensive visual augmentations during training further improved robustness to
275 diverse perturbations.

276 Together, these solutions highlight that robust behavior can be achieved through diverse architectural
277 strategies, ranging from minimal models with carefully chosen inductive biases to more structured
278 representations that explicitly encode spatial and scale information.

279 7 Discussion

280 The Mouse vs. Al competition attracted 22 teams and 290 model submissions, providing a diverse
281 testbed for analyzing the relationship between visual robustness and neural alignment. By combining
282 a shared behavioral task with neural recordings, the benchmark enables a direct comparison between
283 generalization under perturbations and the biological plausibility of learned representations.

284 Across submissions, three main findings emerge. First, robustness and neural alignment are only
285 weakly coupled. Models that generalize better under perturbations tend to exhibit modestly higher
286 neural alignment, the relationship is modest, and many models specialize along one axis. This
287 suggests that optimizing for robust behavior does not automatically yield brain-like representations,
288 and vice versa, although a subset of models achieves moderate performance on both objectives.

289 Second, architectural design and model capacity play distinct roles across tasks. Deeper models
290 tend to achieve higher neural alignment, consistent with the need for hierarchical representations to
291 predict neural responses. In contrast, robustness does not systematically improve with model size,
292 and simpler architectures often perform better under distributional shift. Notably, the top-performing
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293 solutions rely on targeted inductive biases (e.g., normalization, gating, structured feature extraction)
294 rather than generic model scaling, suggesting that task-specific architectural design can be more
295 important than increasing capacity.

296 Third, training dynamics play a critical role. Both the winning team’s analysis and aggregate trends
297 across submissions indicate that performance does not improve monotonically with training duration.
298 Models trained for intermediate durations frequently outperform longer-trained models, suggesting
299 that early stopping and checkpoint selection may be more important than total training compute for
so0 achieving both robustness and neural alignment.

301 Together, these findings indicate that robustness and neural alignment favor different regions of the
302 model design space, and that no single architectural or training strategy optimizes both objectives
303 simultaneously. Rather than identifying a single “best” model, the benchmark reveals trade-offs that
304 can inform future model development.

305 Limitations. Several limitations constrain the conclusions supported by this benchmark. The neural
sos dataset is drawn from a limited number of animals, restricting the assessment of biological variability.
307 The benchmark focuses on a single foraging task, and it remains an open question whether the
sos observed relationships generalize to other visually guided behaviors. The perturbation set covers a
309 limited number of conditions, and robustness conclusions are bounded by this scope.

310 On the modeling side, the aggregate analyses are observational and do not establish causal relation-
311 ships between architectural features and performance. Additionally, calcium imaging captures slower
312 dynamics than spiking activity, and the head-fixed virtual reality setup constrains the naturalistic
313 sensorimotor experience of the animal.

314 Conclusion. Most existing NeuroAl benchmarks evaluate neural alignment under passive viewing
315 conditions. In contrast, the Mouse vs. Al benchmark evaluates models in an active, behaviorally
st6  grounded setting with dynamic and perturbed visual input. By jointly measuring robustness and neural
317 alignment within a shared task, the benchmark provides a more ecologically relevant framework
st for studying the relationship between artificial and biological vision. We hope that this benchmark
s19 facilitates the development of models that are both robust in real-world conditions and aligned with
320 neural representations.
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s 9 Supplementary Figures
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Figure 4: VR task and neural dataset details. A. VR behavior apparatus. Top right, visual field
covered by screen array. Bottom right, VR apparatus deployed under D2P for imaging experiment. B.
Task visual environment and perturbations. Top, normal stimulus. Bottom, perturbations. C. Example
sessions from each mouse. Top, all segmented neurons from one recording session. Bottom, example
D2P fields of view from same animals.
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Figure 5: Scaling relationships between model properties and performance. (A—C) Relationship
between Track 1 performance and (A) training steps, (B) number of parameters, and (C) model
depth. Robustness shows little dependence on model size, but a modest increase with depth. (D-F)
Relationship between Track 2 performance and (D) training steps, (E) number of parameters, and
(F) model depth. Neural alignment increases strongly with model depth and moderately with
parameter count, while showing a negative trend with extended training. Across both tracks, training
duration exhibits a non-monotonic relationship with performance, suggesting that intermediate

training durations yield better generalization than prolonged training.
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Figure 6: Effect of recurrence on robustness. A. Comparison of Track 1 held-out performance for
models with and without recurrent components. Models incorporating recurrence achieve consis-
tently higher robustness, suggesting that temporal integration provides an additional mechanism for
improving generalization under visual perturbations.

a0 10  Supplementary materials

391 10.1 Dataset

392 We release two versions of the neural dataset.

393 * Preprocessed data: Paired visual frames and inferred spike trains, ready for Track 2
394 evaluation. This is the dataset used by the benchmark evaluation code. Available at

395 * Raw data: Raw paired visual frames and inferred spikes without visually responsive cell
396 filtering, for completeness.

397 Both are available at: |https://dataverse.harvard.edu/previewurl.xhtml?token=
398 [26e79441-e736-4805-ba7f-a7d00dbd3bb7
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39 10.2 Croissant Metadata
400 Machine-readable dataset documentation in Croissant format is available in the same via Harvard

401 Dataverse dataset as above: https://dataverse.harvard.edu/previewurl.xhtml?token=
402 [26e79441-e736-4805-ba7f-a7d00dbd3bb7

403 10.3 Code and Data Availability

404 e Evaluation code and baselines: https://github.com/SchneiderMarius/
405 mouse-vs-ai-benchmark

406 * Neural dataset for Track 2 evaluation:

407 https://dataverse.harvard.edu/previewurl.xhtml?token=

408 26e79441-e736-4805-ba7f-a7d00dbd3bb7

409 * Unity environment: https://github.com/SchneiderMarius/mouse-vs-ai-unity
410 » Competition website: https://robustforaging.github.io

411 Compute resources. Baseline agents were trained on a single NVIDIA RTX 4090, with training
412 times ranging from 1-2 hours for lightweight models to 8+ hours for more complex architectures.
413 Track 1 evaluation runs inside the Unity engine and takes approximately 30 minutes per model
414 (100 trials x 5 conditions). Track 2 evaluation (linear readout fitting across all sessions) takes
415 approximately 15-30 minutes per model on a single GPU.
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s NeurIPS Paper Checklist

4

417 1. Claims

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

420 Answer: [Yes]

421 Justification: The abstract and introduction clearly state the paper’s contributions: a shared
422 sensorimotor benchmark with two tracks (visual robustness and neural alignment), a Unity-
423 based environment, a neural dataset of 178 minutes from 50,000+ neurons, and results from
424 22 competing teams. The scope and limitations of conclusions are described in section 7.
425 Guidelines:

426 e The answer [N/A ] means that the abstract and introduction do not include the claims
427 made in the paper.

428 * The abstract and/or introduction should clearly state the claims made, including the
429 contributions made in the paper and important assumptions and limitations. A or
430 [N/A] answer to this question will not be perceived well by the reviewers.

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

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

435 2. Limitations

436 Question: Does the paper discuss the limitations of the work performed by the authors?
437 Answer: [Yes]

438 Justification: Section 7 includes an explicit limitations paragraph discussing the count of
439 included animals, restriction to a single foraging task, limited perturbation set, observational
440 (non-causal) nature of aggregate analyses, and constraints of calcium imaging and the
441 head-fixed VR setup.

442 Guidelines:

443 » The answer [N/A] means that the paper has no limitation while the answer means
444 that the paper has limitations, but those are not discussed in the paper.

445 * The authors are encouraged to create a separate “Limitations” section in their paper.
446 * The paper should point out any strong assumptions and how robust the results are to
447 violations of these assumptions (e.g., independence assumptions, noiseless settings,
448 model well-specification, asymptotic approximations only holding locally). The authors
449 should reflect on how these assumptions might be violated in practice and what the
450 implications would be.

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

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

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

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

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

14

Confidential reviewer copy. This manuscript is submitted to the 40th Conference on Neural Information Processing Systems Evaluations and Datasets
Track(NeurlPS ED 2026). Unauthorized sharing, redistribution, or disclosure is strictly prohibited.



469 3. Theory assumptions and proofs

470 Question: For each theoretical result, does the paper provide the full set of assumptions and
471 a complete (and correct) proof?
472 Answer: [N/A].
473 Justification: This paper does not present theoretical results or proofs. The contributions are
474 empirical: a benchmark, dataset, and competition results.
475 Guidelines:
476 * The answer [N/A] means that the paper does not include theoretical results.
477 * All the theorems, formulas, and proofs in the paper should be numbered and cross-
478 referenced.
479 * All assumptions should be clearly stated or referenced in the statement of any theorems.
480 * The proofs can either appear in the main paper or the supplemental material, but if
481 they appear in the supplemental material, the authors are encouraged to provide a short
482 proof sketch to provide intuition.
483 * Inversely, any informal proof provided in the core of the paper should be complemented
484 by formal proofs provided in appendix or supplemental material.
485 * Theorems and Lemmas that the proof relies upon should be properly referenced.
486 4. Experimental result reproducibility
487 Question: Does the paper fully disclose all the information needed to reproduce the main ex-
488 perimental results of the paper to the extent that it affects the main claims and/or conclusions
489 of the paper (regardless of whether the code and data are provided or not)?
490 Answer: [Yes]
491 Justification: Evaluation protocols for both tracks are described in detail in Sections 3 and 4,
492 including the number of trials, metrics, and neural alignment procedure. Code and data are
493 publicly released (Section 3, Supplementary 10.3).
494 Guidelines:
495 * The answer [N/A] means that the paper does not include experiments.
496 * If the paper includes experiments, a answer to this question will not be perceived
497 well by the reviewers: Making the paper reproducible is important, regardless of
498 whether the code and data are provided or not.
499 * If the contribution is a dataset and/or model, the authors should describe the steps taken
500 to make their results reproducible or verifiable.
501 * Depending on the contribution, reproducibility can be accomplished in various ways.
502 For example, if the contribution is a novel architecture, describing the architecture fully
503 might suffice, or if the contribution is a specific model and empirical evaluation, it may
504 be necessary to either make it possible for others to replicate the model with the same
505 dataset, or provide access to the model. In general. releasing code and data is often
506 one good way to accomplish this, but reproducibility can also be provided via detailed
507 instructions for how to replicate the results, access to a hosted model (e.g., in the case
508 of a large language model), releasing of a model checkpoint, or other means that are
509 appropriate to the research performed.
510 * While NeurIPS does not require releasing code, the conference does require all submis-
511 sions to provide some reasonable avenue for reproducibility, which may depend on the
512 nature of the contribution. For example
513 (a) If the contribution is primarily a new algorithm, the paper should make it clear how
514 to reproduce that algorithm.
515 (b) If the contribution is primarily a new model architecture, the paper should describe
516 the architecture clearly and fully.
517 (c) If the contribution is a new model (e.g., a large language model), then there should
518 either be a way to access this model for reproducing the results or a way to reproduce
519 the model (e.g., with an open-source dataset or instructions for how to construct
520 the dataset).
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521 (d) We recognize that reproducibility may be tricky in some cases, in which case

522 authors are welcome to describe the particular way they provide for reproducibility.
523 In the case of closed-source models, it may be that access to the model is limited in
524 some way (e.g., to registered users), but it should be possible for other researchers
525 to have some path to reproducing or verifying the results.
526 5. Open access to data and code
527 Question: Does the paper provide open access to the data and code, with sufficient instruc-
528 tions to faithfully reproduce the main experimental results, as described in supplemental
529 material?
530 Answer: [Yes]
531 Justification: All benchmark resources are publicly available at https:
532 //robustforaging.github.io/, including evaluation code and baselines (GitHub),
533 the neural dataset (Harvard Dataverse), and the Unity environment (GitHub). Links are
534 provided in Section 3 and Supplementary 10.3.
535 Guidelines:
536 » The answer [N/A] means that paper does not include experiments requiring code.
537 * Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
538 public/guides/CodeSubmissionPolicy) for more details.
539 * While we encourage the release of code and data, we understand that this might not
540 be possible, so is an acceptable answer. Papers cannot be rejected simply for not
541 including code, unless this is central to the contribution (e.g., for a new open-source
542 benchmark).
543 * The instructions should contain the exact command and environment needed to run to
544 reproduce the results. See the NeurIPS code and data submission guidelines (https:
545 //neurips.cc/public/guides/CodeSubmissionPolicy) for more details.
546 * The authors should provide instructions on data access and preparation, including how
547 to access the raw data, preprocessed data, intermediate data, and generated data, etc.
548 * The authors should provide scripts to reproduce all experimental results for the new
549 proposed method and baselines. If only a subset of experiments are reproducible, they
550 should state which ones are omitted from the script and why.
551 * At submission time, to preserve anonymity, the authors should release anonymized
552 versions (if applicable).
553 * Providing as much information as possible in supplemental material (appended to the
554 paper) is recommended, but including URLSs to data and code is permitted.
555 6. Experimental setting/details
556 Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
557 rameters, how they were chosen, type of optimizer) necessary to understand the results?
558 Answer: [Yes]
559 Justification: Section 4 specifies the evaluation metrics, number of trials per condition, the
560 five stimulus conditions, the linear readout training procedure, and the dimensionality reduc-
561 tion steps. Baseline training details (PPO, ML-Agents framework, shared hyperparameters)
562 are described in Section 5.
563 Guidelines:
564 * The answer [N/A] means that the paper does not include experiments.
565 » The experimental setting should be presented in the core of the paper to a level of detail
566 that is necessary to appreciate the results and make sense of them.
567 * The full details can be provided either with the code, in appendix, or as supplemental
568 material.
569 7. Experiment statistical significance
570 Question: Does the paper report error bars suitably and correctly defined or other appropriate
571 information about the statistical significance of the experiments?
572 Answer: [Yes]
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573 Justification: All aggregate values are reported either with mean = SEM (Figure 3A-B,

574 Figure 6A) or correlations with Pearson r and p-values (Figure 3C and Figure 5) where
575 appropriate.
576 Guidelines:
577 * The answer [N/A] means that the paper does not include experiments.
578 * The authors should answer [ Yes] if the results are accompanied by error bars, confidence
579 intervals, or statistical significance tests, at least for the experiments that support the
580 main claims of the paper.
581 * The factors of variability that the error bars are capturing should be clearly stated (for
582 example, train/test split, initialization, random drawing of some parameter, or overall
583 run with given experimental conditions).
584 * The method for calculating the error bars should be explained (closed form formula,
585 call to a library function, bootstrap, etc.)
586 * The assumptions made should be given (e.g., Normally distributed errors).
587 * It should be clear whether the error bar is the standard deviation or the standard error
588 of the mean.
589 e It is OK to report 1-sigma error bars, but one should state it. The authors should
590 preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
591 of Normality of errors is not verified.
592 » For asymmetric distributions, the authors should be careful not to show in tables or
593 figures symmetric error bars that would yield results that are out of range (e.g., negative
594 error rates).
595 o If error bars are reported in tables or plots, the authors should explain in the text how
596 they were calculated and reference the corresponding figures or tables in the text.
597 8. Experiments compute resources
598 Question: For each experiment, does the paper provide sufficient information on the com-
599 puter resources (type of compute workers, memory, time of execution) needed to reproduce
600 the experiments?
601 Answer: [Yes]
602 Justification: This information was not collected from the 22 competing teams.
603 Guidelines:
604 » The answer [N/A] means that the paper does not include experiments.
605  The paper should indicate the type of compute workers CPU or GPU, internal cluster,
606 or cloud provider, including relevant memory and storage.
607 * The paper should provide the amount of compute required for each of the individual
608 experimental runs as well as estimate the total compute.
609 * The paper should disclose whether the full research project required more compute
610 than the experiments reported in the paper (e.g., preliminary or failed experiments that
611 didn’t make it into the paper).
612 9. Code of ethics
613 Question: Does the research conducted in the paper conform, in every respect, with the
614 NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?
615 Answer: [Yes]
616 Justification: The research involves animal experiments (mice) and machine learning bench-
617 marking; no human subjects were used in data collection. Animal experiments follow
618 standard neuroscience protocols as referenced in Schneider et al. [2025]. The benchmark
619 does not pose ethical risks associated with harmful applications.
620 Guidelines:
621 e The answer [N/A| means that the authors have not reviewed the NeurIPS Code of
622 Ethics.
623 o If the authors answer , they should explain the special circumstances that require a
624 deviation from the Code of Ethics.
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625 * The authors should make sure to preserve anonymity (e.g., if there is a special consid-

626 eration due to laws or regulations in their jurisdiction).
627 10. Broader impacts
628 Question: Does the paper discuss both potential positive societal impacts and negative
629 societal impacts of the work performed?
630 Answer: [N/A]
631 Justification: This is basic neuroscience and machine learning benchmarking research. The
632 benchmark is designed to advance understanding of visual robustness and neural alignment,
633 and we are aware of no direct path this has to negative impacts on society.
634 Guidelines:
635 * The answer [N/A] means that there is no societal impact of the work performed.
636 o If the authors answer [N/A] or , they should explain why their work has no societal
637 impact or why the paper does not address societal impact.
638 » Examples of negative societal impacts include potential malicious or unintended uses
639 (e.g., disinformation, generating fake profiles, surveillance), fairness considerations
640 (e.g., deployment of technologies that could make decisions that unfairly impact specific
641 groups), privacy considerations, and security considerations.
642 » The conference expects that many papers will be foundational research and not tied
643 to particular applications, let alone deployments. However, if there is a direct path to
644 any negative applications, the authors should point it out. For example, it is legitimate
645 to point out that an improvement in the quality of generative models could be used to
646 generate Deepfakes for disinformation. On the other hand, it is not needed to point out
647 that a generic algorithm for optimizing neural networks could enable people to train
648 models that generate Deepfakes faster.
649  The authors should consider possible harms that could arise when the technology is
650 being used as intended and functioning correctly, harms that could arise when the
651 technology is being used as intended but gives incorrect results, and harms following
652 from (intentional or unintentional) misuse of the technology.
653 « If there are negative societal impacts, the authors could also discuss possible mitigation
654 strategies (e.g., gated release of models, providing defenses in addition to attacks,
655 mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
656 feedback over time, improving the efficiency and accessibility of ML).
657 11. Safeguards
658 Question: Does the paper describe safeguards that have been put in place for responsible
659 release of data or models that have a high risk for misuse (e.g., pre-trained language models,
660 image generators, or scraped datasets)?
661 Answer: [N/A]
662 Justification: The released assets (Unity environment, neural dataset, evaluation code) pose
663 no high risk of misuse.
664 Guidelines:
665 * The answer [N/A] means that the paper poses no such risks.
666 * Released models that have a high risk for misuse or dual-use should be released with
667 necessary safeguards to allow for controlled use of the model, for example by requiring
668 that users adhere to usage guidelines or restrictions to access the model or implementing
669 safety filters.
670 * Datasets that have been scraped from the Internet could pose safety risks. The authors
671 should describe how they avoided releasing unsafe images.
672 * We recognize that providing effective safeguards is challenging, and many papers do
673 not require this, but we encourage authors to take this into account and make a best
674 faith effort.
675 12. Licenses for existing assets
676 Question: Are the creators or original owners of assets (e.g., code, data, models), used in
677 the paper, properly credited and are the license and terms of use explicitly mentioned and
678 properly respected?
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679 Answer: [Yes]

680 Justification: Third-party assets used in this work are properly cited, including the Unity
681 engine and ML-Agents framework, as well as standard neuroscience tools such as Suite2p
682 (Pachitariu et al., 2017), and the CNMF spike inference pipeline (Pnevmatikakis et al., 2013).
683 The Xu2023 baseline architecture is attributed to Xu et al. [2023].
684 Guidelines:
685 * The answer [N/A] means that the paper does not use existing assets.
686  The authors should cite the original paper that produced the code package or dataset.
687 * The authors should state which version of the asset is used and, if possible, include a
688 URL.
689 * The name of the license (e.g., CC-BY 4.0) should be included for each asset.
690 * For scraped data from a particular source (e.g., website), the copyright and terms of
691 service of that source should be provided.
692  If assets are released, the license, copyright information, and terms of use in the
693 package should be provided. For popular datasets, paperswithcode.com/datasets
694 has curated licenses for some datasets. Their licensing guide can help determine the
695 license of a dataset.
696 * For existing datasets that are re-packaged, both the original license and the license of
697 the derived asset (if it has changed) should be provided.
698 * If this information is not available online, the authors are encouraged to reach out to
699 the asset’s creators.
700 13. New assets
701 Question: Are new assets introduced in the paper well documented and is the documentation
702 provided alongside the assets?
703 Answer: [Yes]
704 Justification: The paper introduces a new neural dataset, Unity benchmark environments for
705 development and testing, and code for using the above assets to train and evaluate models.
706 All released assets are well documented, see section 10 for details.
707 Guidelines:
708 * The answer [N/A] means that the paper does not release new assets.
709 * Researchers should communicate the details of the dataset/code/model as part of their
710 submissions via structured templates. This includes details about training, license,
71 limitations, etc.
712 * The paper should discuss whether and how consent was obtained from people whose
713 asset is used.
714 * At submission time, remember to anonymize your assets (if applicable). You can either
715 create an anonymized URL or include an anonymized zip file.
716 14. Crowdsourcing and research with human subjects
717 Question: For crowdsourcing experiments and research with human subjects, does the paper
718 include the full text of instructions given to participants and screenshots, if applicable, as
719 well as details about compensation (if any)?
720 Answer: [N/A]
721 Justification: The paper does not involve crowdsourcing or research with human subjects.
722 Competition participants submitted models voluntarily and are credited as authors or ac-
723 knowledged accordingly.
724 Guidelines:
725 * The answer [N/A] means that the paper does not involve crowdsourcing nor research
726 with human subjects.
727 * Including this information in the supplemental material is fine, but if the main contribu-
728 tion of the paper involves human subjects, then as much detail as possible should be
729 included in the main paper.
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paperswithcode.com/datasets

730 * According to the NeurIPS Code of Ethics, workers involved in data collection, curation,

731 or other labor should be paid at least the minimum wage in the country of the data
732 collector.
733 15. Institutional review board (IRB) approvals or equivalent for research with human
734 subjects
735 Question: Does the paper describe potential risks incurred by study participants, whether
736 such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
737 approvals (or an equivalent approval/review based on the requirements of your country or
738 institution) were obtained?
739 Answer: [N/A]
740 Justification: No human subjects were involved in this research. Animal experiments were
741 conducted following TACUC approved protocols as described in the referenced companion
742 paper (Schneider et al., 2025).
743 Guidelines:
744 * The answer [N/A] means that the paper does not involve crowdsourcing nor research
745 with human subjects.
746 * Depending on the country in which research is conducted, IRB approval (or equivalent)
747 may be required for any human subjects research. If you obtained IRB approval, you
748 should clearly state this in the paper.
749 * We recognize that the procedures for this may vary significantly between institutions
750 and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
751 guidelines for their institution.
752 * For initial submissions, do not include any information that would break anonymity (if
753 applicable), such as the institution conducting the review.
754 16. Declaration of LLLM usage
755 Question: Does the paper describe the usage of LLMs if it is an important, original, or
756 non-standard component of the core methods in this research? Note that if the LLM is used
757 only for writing, editing, or formatting purposes and does not impact the core methodology,
758 scientific rigor, or originality of the research, declaration is not required.
759 Answer: [N/A]
760 Justification: LLMSs were not used as a core methodological component in this research.
761 Guidelines:
762 * The answer [N/A] means that the core method development in this research does not
763 involve LLMs as any important, original, or non-standard components.
764 * Please refer to our LLM policy in the NeurIPS handbook for what should or should not
765 be described.
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