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Abstract

Visual robustness under real-world conditions remains a critical bottleneck for1

modern reinforcement learning agents. In contrast, biological systems such as2

mice show remarkable resilience to environmental changes, maintaining stable3

performance even under degraded visual input with minimal exposure. Inspired by4

this gap, we established the Mouse vs. AI: Robust Foraging Competition, a novel5

bioinspired visual robustness and neural alignment benchmark in which agents and6

mice perform the same naturalistic 3D foraging task. The benchmark consists of7

two tracks: (1) a robustness track evaluating generalization to unseen visual pertur-8

bations, and (2) a neural alignment track measuring how well model representations9

predict large-scale neural recordings from mouse visual cortex. We provide a public10

benchmark suite comprising a Unity-based environment for training and evaluating11

virtual agents, centralized evaluation protocols, and an extensive neural dataset12

with approximately 178 minutes of multimodal recordings of behavior, visual13

input, and neural activity from more than 50,000 neurons in mice performing the14

task. As part of the NeurIPS competition, we received submissions from 22 teams15

proposing diverse architectures and training strategies. By embedding evaluation in16

a shared sensorimotor task performed by both biological and artificial agents, the17

benchmark enables a class of evaluative claims not supported by existing robustness18

or neural alignment benchmarks in isolation: namely, whether robust, brain-like19

visual representations emerge spontaneously from behavior-driven learning, and20

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

Access to the dataset as well as the benchmarking infrastructure will remain online22

at https://robustforaging.github.io/.23

1 Introduction24

Generalization under distributional shift remains a fundamental challenge in machine learning. Visual25

systems trained under standard conditions often fail when exposed to perturbations such as fog,26

dynamic lighting, or environmental clutter [Wang et al., 2024]. This brittleness limits the deployment27

of vision-based autonomous systems in safety-critical scenarios, including self-driving vehicles [Lu28

et al., 2023], drones [Gao et al., 2021], and service robots operating in real-world environments.29
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In contrast, biological systems exhibit remarkable visual robustness within their ecological and30

sensorimotor niches. Mice, for example, can navigate complex environments and perform visually31

guided tasks even when visual input is degraded. This discrepancy is unlikely to be explained solely32

by superior sensors, as biological eyes lag behind modern cameras in resolution and precision, but33

instead suggests that the visual system implements computational principles that support invariant34

and noise-tolerant processing.35

Recent work has developed complementary benchmarks to study artificial and biological vision.36

Brain-Score [Schrimpf et al., 2018] evaluates the alignment between model representations and neural37

activity across species and brain regions, while Sensorium [Willeke et al., 2022, Turishcheva et al.,38

2024] focuses on predicting neural responses from large-scale recordings in mouse visual cortex. In39

parallel, robustness benchmarks in computer vision, such as ImageNet-C [Hendrycks and Dietterich,40

2019] and the Adversarial Vision Challenge [Brendel et al., 2020], evaluate generalization under41

distributional shift. However, these approaches study robustness and neural alignment largely in42

isolation.43

To bridge this gap, we introduce the Mouse vs. AI: Robust Foraging benchmark and competition, a44

biologically grounded evaluation suite that jointly evaluates visual robustness and neural alignment45

in artificial agents. The benchmark includes a Unity-based foraging environment, held-out visual46

perturbations, standardized evaluation code, baseline agents, and paired visual-neural recordings47

from mice performing the same task. Agents are trained to perform a visually guided foraging task in48

a 3D Unity environment and are evaluated on their ability to generalize to a set of visual perturbations.49

Crucially, head-fixed mice perform a matched version of the same task in the same environment via a50

floating-ball setup, enabling comparisons grounded in shared visual input and task structure.51

The benchmark enables three key evaluations. First, it measures robustness in an embodied setting,52

where perturbations affect perception within an active sensorimotor loop rather than static image53

classification. Second, it evaluates neural alignment as a property that emerges from task-driven54

learning, by assessing how well model representations predict neural activity without using neural55

data during training. Third, by evaluating both properties on the same models, the benchmark56

provides a framework to study whether robustness and neural alignment co-emerge or require distinct57

inductive biases. The perturbations target distinct aspects of visual processing, including contrast58

degradation, occlusion, and motion structure. To support reproducibility and community-driven59

extensions, we release the full Unity environment alongside the dataset and evaluation code. This60

enables future work to introduce new perturbations, design more complex task variants, and extend61

the benchmark to new evaluation settings.62

2 Competition Overview63

The Mouse vs. AI: Robust Foraging competition provides a unified benchmark to evaluate both64

visual robustness and neural alignment in artificial agents. Agents are trained to perform a visually65

guided navigation task and are evaluated on their ability to generalize across visual perturbations66

(Track 1) and on the ability of their internal representations to predict neural activity recorded in67

mice performing the same task (Track 2). By combining a shared behavioral task with a multimodal68

biological dataset, the benchmark enables systematic comparison between artificial and biological69

vision.70

Participants train reinforcement learning agents to navigate to a target object based solely on egocen-71

tric visual input in a shared environment, where both artificial agents and mice perform the same task72

(Figure 1A). During training, agents are exposed to the environment under standard conditions and a73

single example perturbation (fog). After training, agents are evaluated on held-out perturbations to74

assess robustness (Track 1; Figure 1B), and their internal representations are evaluated for neural75

alignment using recorded mouse data (Track 2; Figure 1C).76

Visual Foraging Task. The benchmark centers on a visually guided navigation task in which agents77

and mice must locate and approach a target object based solely on visual input. At each timestep, the78

agent receives an egocentric grayscale image and selects actions to navigate through the environment.79

In each trial, a gray target object appears at a fixed distance with a random horizontal offset (uniformly80

distributed within ±30°). The agent must reach the target within five seconds for a trial to be counted81

as a success; otherwise, the trial ends in failure.82
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