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Abstract

Foundation models for the brain and body (FMBB) can transform neuroscience by
improving generalization, standardization and reproducibility. However, building
generally useful FMBB requires large-scale, high-quality datasets, which capture
the complexity and variability of naturalistic social interactions. Unfortunately,
measuring neural activity during such interactions is extremely challenging, espe-
cially with high spatiotemporal resolution. We have collected a large and unique
dataset comprising 17 groups of three to four mice, freely interacting in an enriched
environment under continuous video monitoring for one week. We used wireless
neural loggers to electrophysiologically record medial prefrontal cortex (mPFC)
spiking data from all the group members simultaneously, and we systematically
perturbed this neural activity using wireless optogenetics to measure behavioral
effects. To study different levels of behavior and their neural representations, we es-
tablished an extensive, carefully curated and highly accurate preprocessing pipeline,
including spike sorting, 3D pose estimation, interpretable behavioral feature ex-
traction, high-level behavior classification, and social dominance hierarchy (SDH)
extraction. We then trained foundation models using self-supervised representation
learning with CEBRA on the behavioral data, pooled across sessions and animals.
We devised a custom method of feature partitioning to make the contrastive learn-
ing task more challenging and show that using the learned embeddings instead of
behavioral measurements as inputs to downstream models trained to predict neural
activity significantly improves their performance. We then use feature attribution
methods to show how this can complement classical analysis of neural tuning.
Collectively, this work lays the groundwork for building FMBB for naturalistic
social contexts and elucidating neural mechanisms during social behavior.

1 Introduction

A fundamental goal in neuroscience is to understand what neurons encode and how they represent
this information1–3. Most studies approach this objective using reductionist paradigms with isolated
individuals or simple pairwise interactions4,5. However, mammalian brains evolved to orchestrate
complex and adaptive social behaviors, which are necessary for survival and reproduction6–11. We
therefore aim to understand how the brain represents social information and behavior in a rich and
naturalistic social context using groups of freely interacting individuals in an enriched environment
(Fig. 1). We use mice as an animal model due to their rich and well-characterized social behavior,
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as well as the availability of powerful methods for genetic targeting and manipulation of neural
activity10,12. We focus on the infralimbic part of the medial prefrontal cortex (mPFC; Fig. 1e), a brain
region known to be crucial for (social) executive functions (e.g. working memory, decision making
and planning), processing social information and coordinating social behavior6,7,10,11,13–25.

To comprehensively characterize mPFC representations of behavior, we describe behavior at different
levels using 3D pose estimation, interpretable low-level feature extraction, high-level behavior
classi�cation, and SDH extraction. We then utilizeneural encodingmodels – models that predict
neural activity based on interpretable behavioral variables – and SHAP-based feature attribution,
which quanti�es each behavioral variable's contribution to the predicted neural activity under rigorous
de�nitions of fair allocation26. As we show below, this approach can complement classic, more
direct single-variable analysis of neural tuning. However, since SHAP and similar methods explain
the neurons' activity only through the model's predictions, they are inherently reliant on the accuracy
of the models being used. Since high resolution recording of a particular neuron is typically time
limited (1-2 h here and often shorter in electrophysiology experiments), leveraging the full power of
large-scale machine learning to improve performance is challenging.

To overcome this limitation, we utilize recent breakthroughs in pretraining large-scale foundation
models (FM) using self-supervised representation learning (SSRL) with contrastive learning and the
recently proposed CEBRA library27–29. Since unlabeled data (e.g. behavioral data without neural
recording or with neural recording from different session or animals) is abundant, we can use much
larger and more expressive models to learn useful (rich, yet compressed) embeddings of behavior
without over�tting. We then use these embeddings as inputs to downstream encoding models and
show that this signi�cantly improves performance. We then examine these improved models with
SHAP values to show how this can complement classical analysis of neural tuning, by revealing when
apparent single-feature tuning may be confounded by multivariate effects.

Related work: We �rst highlight recent work on mPFC codes for ethologically-relevant behavior
in trial-based competitionsin mice6,7, and onhippocampalcodes for naturalistic, self-motivated
behavior in groups of �yingbats8,9. Further, using large-scale foundation models for neural encoding
and decoding is becoming increasingly popular30–32, as is using machine learning (ML) and related
methods to model animal behavior and/or its neural representations (often calledComputational
Neuroethology)33–46. In particular, Keypoint-MoSeq uses agenerativemodel tosegmentsub-second
behavioral syllables in pose dynamics, classifying solitary or social behaviors and capturing corre-
lations with neural activity (e.g. striatal dopamine)37. Unlike Keypoint-MoSeq, we use a SOTA,
contrastive learning framework, to learn useful representations without segmentation. LISBET uses a
transformer model and four contrastive learning tasks speci�cally designed to segment (pairwise)
social interactions, and correlate the behavioral motifs discovered with neural activity in the Ventral
Tegmental Area38. Unlike LISBET and Keypoint-MoSeq, we aim to explain neural activity in
terms of a comprehensive set of interpretable behavioral features, for both individual andgroup-wise
behavior, using a more general (time-)contrastive learning task to minimize imposing potential priors
or biases on the learned embeddings.

Our main contributions: (1) We collected a large-scale, naturalistic, group-wise, neural-behavioral
dataset, with an extensive pipeline to extract interpretable behavioral features and events (1,472
neurons from 30 mice and 192 h of neural-behavioral recordings). (2) We train a self-supervised
foundation model using CEBRA and introduce a custom feature-partitioning strategy to harden the
contrastive task, demonstrating that the learned embeddings signi�cantly improve neural predictions.
(3) We show how these models can be used to gain new neuroscienti�c insights, e.g. by identifying
when single-feature tuning may be confounded by multivariate effects.

2 Dataset collection and processing

2.1 Experimental setup and data collection

To study naturalistic, self-motivated, social and non-social behavior, we collected data from 17 groups
of three or four outbred male mice in an enlarged (60x60cm) semi-naturalistic environment that
contains all the resources needed for long-term housing (Fig. 1a; Appendix A.1). We continuously
monitored the mice with an overhead camera (30 fps) for a week, minimizing experimenter inter-
ference. To study how the mPFC represents these naturalistic behaviors with minimal interference,
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Figure 1:Experimental setup. a. Schematic of the enriched arena as viewed from the overhead
camera.b. A representative video frame showing four colored mice freely interacting in the arena
while connected to the wireless loggers. The loggers are covered by protective boxes marked with
colored arrows on all sides to facilitate pose estimation. Asterisk marks represent the labeled key-
points. c. A wireless head-mounted neural-logger.d. Implanted electrode interface board (EIB)
with a 595 nm micro-LED and a500� m optic �ber for optogenetic manipulation, and two electrode
bundles with eight electrodes each for electrophysiological recordings.e. Coronal section of a mouse
brain showing mPFC subregions including the infralimbic cortex (IL), the electrode implantation site.

we used wireless head-mounted neural loggers (16 channels, 31.25 kHz) and 16-electrode bundle
drives to electrophysiologically record mPFC activity with single-spike, single-unit resolution from
all the group members simultaneously (Fig. 1c-e; Appendix A.1). We performed daily 1-2 h neural
recording sessions in the arenas at the beginning of the dark phase, when the mice are most active. To
study the causal role of mPFC neurons in regulating social behavior, we wirelessly optogenetically
silenced mPFC neurons using a micro-LED and eOPN3, a virally targeted, highly sensitive opsin
(Fig. 1c-e) while measuring the effect of these perturbations on behavior. Overall, we recorded 5,516
(manually spike-sorted) neurons from 59 mice, over 500 h of simultaneous neural-behavioral data,
and over 1,000 h of additional behavior video-only data from the same mice. The analyses we present
here include a representative subset of 1,472 neurons from 30 mice and 192 h of neural-behavioral
data, which enables us to train large, expressive models without over�tting.

2.2 Behavioral and neural data processing

To comprehensively study behavior and its neural representations at different levels (spatiotemporal
resolutions), we developed an extensive, meticulously curated and highly accurate processing pipeline.

2D pose estimation and 3D feature extraction:To accurately track the animals' bodyparts through-
out the week, we manually labeled 17 key-points for each mouse in 2,439 video frames and used
DeepLabCut (Fig. 1b; Appendix A.2)47,48. The model's 8-fold CV median error was 2.1 mm with
96% of errors below 1 cm. From the pose tracking data, we extracted a set of 36 low-level behavioral
features for each animal, carefully chosen to balanceinterpretability, comprehensiveness, and low
redundancy. We extracted each animal's 2D location and body orientation, 3D head direction, speed,
acceleration and movement direction, as well as its distances, angles and relative movements w.r.t.
each other animal (Appendix A.3). These features form the basis for our main neural prediction task.

Behavior classi�cation and SDH: We also used these low-level behavioral features to accurately
classify �ve high-level social behaviors, commonly studied due to their ethological importance:
Approach, Avoid, Attack, and eitherAggressiveor Non-aggressive Chase-Escape(Appendix A.4). We
manually labeled 3.3 h of video on a frame-by-frame basis and trained a gradient boosting classi�er49.
The 10-fold CV auROC (averaged across behaviors) was 0.98. We then used theAggressive Chases
predicted by the classi�er to extract stable SDH (i.e. to assign social ranks to each group member)
using the commonly usedDavid's Score50 (Appendix A.5).

We use each of these behavioral descriptions to study a different level of mPFC representation, though
we focus here on the low-level features and social ranks.

Neural signal processing:We applied standard �ltering and mean referencing followed by manual
spike-sorting based on spike waveforms and timing to isolate single units (Appendix A.6).
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