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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 information"?. Most studies approach this objective using reductionist paradigms with isolated
individuals or simple pairwise interactions*>. However, mammalian brains evolved to orchestrate
complex and adaptive social behaviors, which are necessary for survival and reproduction®!, 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. E]) 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
activity "2, We focus on the infralimbic part of the medial prefrontal cortex (mPFC; Fig. ), 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 behavior® 71032,

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
classification, and SDH extraction. We then utilize neural encoding models — models that predict
neural activity based on interpretable behavioral variables — and SHAP-based feature attribution,
which quantifies each behavioral variable’s contribution to the predicted neural activity under rigorous
definitions of fair allocation*®. 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 library?"2, 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 overfitting. We then use these embeddings as inputs to downstream encoding models and
show that this significantly 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 first highlight recent work on mPFC codes for ethologically-relevant behavior
in trial-based competitions in mice®Z, and on hippocampal codes for naturalistic, self-motivated
behavior in groups of flying bats®. Further, using large-scale foundation models for neural encoding
and decoding is becoming increasingly popular2’**2_ as is using machine learning (ML) and related
methods to model animal behavior and/or its neural representations (often called Computational
Neuroethology)3**. In particular, Keypoint-MoSeq uses a generative model to segment sub-second
behavioral syllables in pose dynamics, classifying solitary or social behaviors and capturing corre-
lations with neural activity (e.g. striatal dopamine)<’. 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 specifically designed to segment (pairwise)
social interactions, and correlate the behavioral motifs discovered with neural activity in the Ventral
Tegmental Area”®. Unlike LISBET and Keypoint-MoSeq, we aim to explain neural activity in
terms of a comprehensive set of interpretable behavioral features, for both individual and group-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 significantly improve neural predictions.
(3) We show how these models can be used to gain new neuroscientific 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. [Th; Appendix [A.T)). 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. ¢. A wireless head-mounted neural-logger. d. Implanted electrode interface board (EIB)
with a 595 nm micro-LED and a 500 xm optic fiber 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. [Ic-e; Appendix [A.T). 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. [Tk-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 overfitting.

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. [Ib; Appendix [A.2)#7#5, 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 balance interpretability, 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 classification and SDH: We also used these low-level behavioral features to accurately
classify five high-level social behaviors, commonly studied due to their ethological importance:
Approach, Avoid, Attack, and either Aggressive or 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 classifier®’.
The 10-fold CV auROC (averaged across behaviors) was 0.98. We then used the Aggressive Chases
predicted by the classifier to extract stable SDH (i.e. to assign social ranks to each group member)
using the commonly used David’s Score>? (Appendix [A.3).

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 filtering and mean referencing followed by manual
spike-sorting based on spike waveforms and timing to isolate single units (Appendix [A.6).



3 Modeling: from supervised baselines to self-supervised foundation models

Main task formulation: We predict each mPFC neuron’s activity in each recording session separately,
based on one of two behavioral descriptions: (1) the 36 interpretable behavioral features above - for
supervised learning (SL) baselines; (2) an embedding of these features learned by pretraining FMBB
with SSRL (see below and Appendix [A.7] Fig.[3). To mitigate performance overestimation due to
temporal smoothness/autocorrelation, we used 5-fold CV with continuous 1-min segments (each
segment is either in the train or test split) and random circular shuffling to compute chance level
performance and statistical significance (Appendix [A.9).

Pretraining with self-supervised representation learning: To leverage our abundant unlabeled
behavioral data to improve downstream encoding performance, we concatenated the data along the
time dimension across all animals and recording sessions. We pretrained a model using SSRL to
learn a useful behavioral embedding from the pooled data while completely disregarding neural
activity. Then we used that embedding as input to a simple SL. model trained to predict each neuron’s
activity. This approach allows us to share statistical strength across sessions and individuals at the
feature-learning stage, effectively building a foundation model of mouse behavior that can be applied
to any session or subject.

We used the CEBRA library for SSRL, which provides a fast, easy to use implementation of this
approach using contrastive learning, and achieves SOTA results on several datasets%’. We used
CEBRA’s time-contrastive variant (fully self-supervised), where the only “supervisory signal" is
that observations close in time should have similar embeddings. This encourages the embedding
to capture the underlying behavioral state or dynamics that persist over short time scales. We used
the offset10-model’ (a temporal CNN with skip connections and a receptive field of 21 time steps
— 2.1 s) with mostly default hyper-parameters (HP; see below and Appendix [A.8] Fig.[3). For the
final neural predictions, based on these learned embeddings, we used a regularized (¢, C=1) logistic
regression (LR) model>!.

Making the contrastive learning task more challenging (e.g. using “hard negatives”) can greatly
boost performance on downstream tasks by preventing the model from trivially exploiting direct
feature correlations®?. We take a different approach to achieve a similar result — we first grouped
the 36 behavioral features into 12 subsets of three related features each and trained 12 separate
networks (one per feature subset/triplet; see Appendix [A.§]for further rationale and details). We then
concatenated the learned embeddings along the feature dimension to produce the final embedding used
for downstream neural predictions. We used an output-dimension of 8 for each feature-triplet-network,
yielding a concatenated output dimension of 96. We show below that this approach significantly
improved performance over SL baselines, whereas pretraining without feature partitioning yielded no
improvement (not shown for brevity).

Baseline supervised learning models: To quantify CEBRA’s (potential) performance boost, we
trained two baseline SL models on the original 36 behavioral features, instead of the embedding CE-
BRA learned. The first baseline model was based on the LR model above to compare the performance
of an LR model when trained on these two different inputs. The second baseline model was based on
the CEBRA model above to test if model expressiveness alone can explain any performance gain (see
Appendix [A.9). To fairly compare the baseline SL and SSRL models’ performance, we also matched
their HP and receptive fields (temporal window sizes). We then statistically compared between them
and computed chance level performance and statistical significance using random circular shuffling
of the neural signal relative to behavior (see Appendix[A.9] Fig.[3).

Explaining neural predictions: To utilize these models to complement and improve classical
neuroscience analysis, we used SHAP values to quantify the contribution of the original (interpretable)
behavioral features to the neural predictions of the combined (CEBRA + LR) model. We wrapped the
entire process — feature partitioning, embedding each feature triplet with the corresponding CEBRA
model, concatenating the embeddings and neural prediction with the LR — into a single pipeline and
used SHAP’s model-agnostic permutation explainer to explain the predictions (see Appendix [A.TT).

4 Results: FMBB improves encoding and complements tuning analysis

CEBRA improves encoding performance: Using the SSRL behavioral embedding instead of the
original features significantly improved neural encoding performance for the vast majority of mPFC
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Figure 2: FMBB improve encoding models and complement neural tuning analysis. a-b. CV-
performance (auROC) of baseline LR (a) and CNN (b) trained on the original 36 behavioral features
(x-axis) vs LR trained on CEBRA embeddings (y-axis). Points above the diagonal indicate better
performance with the CEBRA embeddings. ¢. Mean =+ standard error (SE) of CV-performance
(auROC) of LR trained on CEBRA embeddings for each CEBRA model output dimension. d-e. Two
representative examples of a tuning curve (blue) and SHAP curve (orange), respectively showing the
mean FR and SHAP values of an mPFC neuron as a function of the nose-to-nose distance between the
subject and another group member. The black curve and gray shaded area respectively represent the
mean and standard deviation (STD) of the shuffling distribution (see Appendix [A.T0). f. Distribution
of SHAP values pooled across features for each of two partners interacting with the subject.

neurons for both the LR and CEBRA-supervised baselines (Fig. 2a-b; Wilcoxon signed-rank test
across neurons: p < 107! for both baselines). Importantly, even with our weaker LR baseline, we
found that for 84% (1,233/1,472) of mPFC neurons, the model performed significantly above chance
(p<0.05) with a mean z-score of 4.7 across significant neurons, reflecting strong baselines overall
(Appendix[A.9). These results indicate that a large-scale, expressive model trained on large amounts
of (unlabeled) behavioral data can capture predictive latent structure/dynamics that may be missed by
directly using the raw features with limited labeled data.

We further examined how the output (embedding) dimension of the CEBRA models affects the
performance of downstream neural predictions. While reducing it from 8 to 3 significantly hurt
performance (Fig. 2t; p=0.0079, one-way ANOVA followed by Bonferroni correction for multiple
comparisons), increasing it to 16 yielded no significant difference (Fig.[Zc; p>0.9).

CEBRA + SHAP for neural tuning analysis: We use SHAP values to explain the combined
(CEBRA + LR) model predictions for two representative examples of mPFC neurons significantly
tuned to the distance between the subject and another group member (Fig. [2d-e; see Appendix [A.TT).
Note that both tuning curves (TC) are significantly different from the shuffling distribution. However,
whereas the SHAP curve (SC) of the first neuron, which is similar to the TC, seems to further validate
this tuning (Fig. 2d), the SC of the second neuron, which is more similar to the shuffle than to the TC,
suggests that other features may be confounding this spurious correlation (Fig. [2¢). This exemplifies
the limitation of analyzing one or two variables at a time - the typical standard in neuroscience.

CEBRA + SHAP for comparing individuals: Finally, we demonstrate how our model can compare
neural representations across social partners. For an ‘alpha’ mouse (most dominant in the group), we
aggregated SHAP values for all features involving each of two specific partners and compared their
distributions. Fig. 2f shows an example neuron that responds more to its ‘delta’ partner than to its
‘beta’ partner, indicating a stronger mPFC representation of the former.

5 Discussion

This work introduces a large-scale naturalistic neuro-behavioral social dataset and develops SSRL-
pretrained foundation models that enhance neural predictions. A potential limitation of the work
is that we pooled all the unlabeled data while ignoring potentially important information, such as
the subjects’ identity and social rank and the recording day, which could account for considerable
behavioral-neural variance and improve performance. Moreover, we pretrained our models using
strictly self-supervised learning (i.e. completely disregarding neural activity vs. joint neural-behavior
modeling?”). While this is conservative for downstream neural predictions, future work could explore
various possibilities for utilizing neural activity to guide the representation learning process (e.g. as
auxiliary variables). We also focused on single neurons; future work could extend our foundation
model approach to population-level neural dynamics, investigating collective encoding in mPFC.
Finally, while our dataset is large and diverse (many individuals freely interacting over long time
periods), future work could extend it further to different experimental paradigms and/or brain regions.
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Figure 3: Diagram illustrating our main modeling approach (left) and the related baselines (right).
Text boxes with a continuous or dashed outline represent data representations and modeling steps,
respectively. Our main proposed approach is to pretrain the CEBRA models on the interpretable
hand-crafted behavioral features, pooled across sessions and animals, to obtain the learned behavioral
embeddings. We then train our LR models to predict neural activity based on these learned embed-
dings. As baselines, we skip the pretraining and predict neural activity directly from the hand-crafted
features, using either an LR or CEBRA-like model with HP matched to those used in our main
proposed approach.

A Technical Appendices and Supplementary Material

Our main neural encoding approach and the corresponding baselines/controls are illustrated in Fig. 3]

A.1 Experimental setup and data collection
A.1.1 Animals

All the animals used for this study were adult (10-15 weeks old) male ICR mice (n = 59). Mice
were kept on a 12-12 h light/dark cycle with free access to food and water. All procedures were
approved by the Institutional Animal Care and Use Committee (IACUC).

A.1.2 Stereotaxic surgery and microwire array implantation

Mice were anesthetized with 4% isoflurane in an induction box. Once deeply anesthetized, they were
immobilized in a stereotactic apparatus using ear bars, and isoflurane flow was provided via mask
and reduced to ~1.5%. To prevent postoperative pain, all mice received one dose of buprenorphine
(0.1 mg/kg) injected subcutaneously. Microwire electrode arrays were implanted in the infralimbic
region of the medial prefrontal cortex (distance from bregma according to the Allen Brain Atlas:
AP +1.97; ML +0.3; DV — 3.0) and secured to the skull using metabond and dental cement. To
prevent the mice from chewing on each other’s drives, quinine (a bitter solution) was applied on the
drive using a brush. After surgery, all mice were allowed at least two weeks of recovery before any
behavioral experiments began.

A.1.3 Animal color marking

The fur of each mouse was marked in a different color after the surgery and before any behavioral
experiments, in order to facilitate automatic video color tracking. The painting was carried out under
mild isoflurane anesthesia using commercially available semi-permanent hair dyes in the colors red,
green, blue, and yellow (Tish & Snooky’s NYC Inc., New York). The dyes were applied using a
paintbrush and excess color was removed. After painting, each mouse was separated from the group
until the dye dried and then reunited with their original cage-mates.
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A.1.4 In-vivo electrophysiological recordings

The multi-electrode fixed drives consisted of a graded bundle of 16 microwires (25 pm diameter
straightened tungsten wires; Wiretronic Inc.), attached to an 18-pin dual-row connector (Omnetics).
16-channel neural loggers (MouseLog16, Deuteron Technologies) were used to wirelessly record
extracellular neural activity with a sampling rate of 31.25 kHz. The data were stored on a microSD
card for later offline analysis. Each logger was used for continuous recordings of ~60-120 min
(81 min on average), depending on its battery capacity.

A.1.5 Protective boxes and 3D head tracking

A manually constructed 5.2 x 4 cm rectangle made from thin cardboard was folded 1 cm of each
edge to create an open box that fits the neural-logger size. The logger’s battery was glued (non-
permanently) to the inner part of the box such that the 16 pins of the logger can be easily connected
to the drive. In addition to the mechanical protection this box provides, we also suited it for 3D head
orientation estimation. Each box has five equal and non-mobile sides that are covered with colorful
arrow marks (Fig. 1b). As the mice moved their heads, different sides of the box (and the arrows) are
exposed to the camera at different angles, making it easier to estimate the angles of the box relative
to the floor or the mouse’s body, and estimate the 3D orientation of the head.

A.1.6 Semi-naturalistic environment

The semi-naturalistic environment is designed for long-term (one week in this experiment) 24/7
housing of groups of mice under a 12-12 h light/dark cycle. The arena is 60 x 60 cm and is enriched
with bedding, ramps, a labyrinth, a sheltered nest, feeders and water supply. The mice are free to
interact with the environment and each other with minimal experimenter interruption or interference
and are video-recorded 24/7 with an overhead camera (30 fps, ultra-high sensitivity 4K network
camera with a 35 mm full-frame Exmor CMOS sensor, SNC-VB770, Sony) placed 2.6 m above the
arena floor.

A.1.7 Synchronization of the cameras and neural-loggers

The neural-loggers synchronization accessory I/O box was used to activate a red LED and an IR light
bulb placed within the recorded video frame and the corresponding logger timestamps were logged
in the logger’s event log file to enable alignment of the logger timestamps with the video frame that
captured each light bulb activation. To make sure syncing would be possible even if some of the
activations were not recorded by the camera, the light bulbs were activated at pseudo-randomized
times throughout the experiment, which provides an unambiguous alignment in such a case.

A.1.8 Histology

Mice were deeply anesthetized using an intraperitoneal injection of Ketamine—Xylazine (160 mg/kg
Ketamine, 20 mg/kg Xylazine), and the locations of implanted electrodes were marked with elec-
trolytic lesions (unipolar 100 pA current for 30 s, for each polarity). The lesions enable us to identify
the location of the electrode tip while observing the brain slice in the microscope. Twenty minutes
following the lesion procedure, mice were further anesthetized using Pentobarbital (130 mg/kg)
injected intraperitoneally. Later, transcardial perfusion was made using ice-cold phosphate-buffered
saline (PBS, pH 7.4) followed by 4% paraformaldehyde solution (PFA). Brains were extracted,
post-fixed overnight at 4 °C in 4% PFA, and then moved to 30% sucrose solution for at least 48 h.
Coronal sections (35 pum thick) were acquired using a microtome (Leica Microsystems) and col-
lected in a 1x PBS solution. Sections were stained with a nucleic acid dye (DAPI, 1:10,000) to
better visualize lesion location, and mounted on gelatin-coated slides, dehydrated, and embedded
with mounting medium. Overview images (4x) were acquired using a fluorescent microscope and
electrode locations were recorded.

A.2 2D Pose estimation
To track each animal’s 2D motion throughout the week, we used multi-animal DeepLabCut (v2.2

or v2.3), a commonly used deep learning-based pose estimation framework*’4% We defined 17
key-points per mouse: nose tip, ears, centroid of torso, hind legs, tail base, tail tip, tail middle,
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and the eight corners of the head-mounted logger’s protective casing (which aids in estimating 3D
head orientation). We manually labeled a large set of 2,439 video frames uniformly sampled from
all the videos of all the animals for training. We trained the dlcrnetms5 (a ResNet-50-based)
architecture for 2 x 10° training iterations with augmentation method: imgaug, identity_only:
True; track_method:ellipse. We evaluated the model using a standard 8-fold cross-validation
scheme, where we partitioned the video frame data into 8 non-overlapping test sets of roughly equal
size (up to a rounding to the nearest integer), and the rest of the data for each fold was the training set.
We then calculated the median error (mean Euclidean distance between the predicted and manually
annotated key-points per frame) across test frames, as well as the percent of errors within 1 cm. The
2D trajectories of these key-points over time form the basis of our behavioral analysis.

A.3 3D low-level behavioral feature extraction

We derived a set of 36 low-level behavioral features from the pose data, designed to comprehensively
describe the behavior of the mice in an interpretable way while minimizing redundancy between
features. Another guiding principle was to use features that have been studied in neuroscience (at
least to some extent), to facilitate interpretation of neural correlates. These features can be naturally
grouped into triplets of related features per individual and per pair (see below).

Since we analyze the neural activity of each mouse separately, it is useful to think of the extracted
features for each mouse from its perspective, rather than as a general group description. Denote the
currently analyzed mouse by A. For each animal A, we included (1) a subset of features that describe
its own instantaneous behavior and (2) another subset that describes the behavior of each other group
member B with respect to A. The former subset includes the following three triplets of features for
each mouse:

1. 2D location (x,y coordinates of the centroid of the torso) and body orientation/azimuth
between the tail base and the centroid of the torso. All three are calculated w.r.t. the arena,
i.e., in an allocentric reference frame.

2. 3D head direction relative to the body (i.e., in an egocentric reference frame; see explanation
below).

3. Speed, acceleration and movement direction of the centroid w.r.t. the arena.

The second subset of behavioral features includes for each animal A and each of the three partners B
the following three triplets of (social) features:

1. Relative position and orientation, described in A’s egocentric reference frame:

(a) The nose-to-nose distance between A and B.

(b) The angle between the azimuth of the line/vector “connecting” the noses of A and B
and the body azimuth of A.

(c) The angle between the body azimuth of B and that of A.
2. 3D head direction of B (see below).
3. Relative movement: B’s speed, acceleration, and direction of movement w.r.t. A’s location.

3D head direction: To extract the 3D head direction of each mouse relative to its body, we used
the tracked 2D coordinates of the eight corners of the boxes protecting the neural loggers, which are
rigidly connected to the head. To represent the orientation w.r.t. the mouse’s body, we first centered
the box coordinates w.r.t. one of the corners (the top-left-rear of the box) and then rotated the points
around this point in 2D w.r.t. the body azimuth (described above), so that an angle of 0° corresponds
to the head being in the same azimuth as the body. This yielded seven non-zero points.

We then used the UMAP algorithm to reduce the 14-dimensional data (7 corners, 2D) of these
centered and rotated points to a 3D representation®>. We used the run_umap function in MATLAB
(R2023b). Besides the number of components, which was set to 3, we used the default parameters
(e.g.,min_dist = 0.3, spread = 1, n_neighbors = 15, metric = Euclidean).

We confirmed that neighboring points in the resulting 3D space tightly correspond to neighboring
3D directions of the protective boxes using a ground-truth dataset. We collected these data using
a controllable, motorized pan-tilt device that we connected to the boxes and used to position the
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box in a wide range of 3D orientations with known Euler angles while video recording it in the
experimental setup. We then analyzed the data using the same pipeline described above and plotted
the UMAP embeddings in 3D, colored by each Euler angle separately, which showed clear clustering
of the points by angle, as expected. We were also able to train a Gaussian Process Regression
model to predict the Euler angles with similarly high CV accuracy when using either the 3D UMAP
embeddings or the seven 2D points directly®*. Thus, the 3D points in the UMAP space used here
tightly correspond to 3D head directions.

Missing values imputation and standardization: We imputed missing values for each feature
separately using linear interpolation across time, down-sampled the data from 30 fps to 10 Hz using
the median of every non-overlapping 3-step window, and standardized each feature vector to have zero
mean and unit variance. Together, this set of 36 features provides a rich description of each animal’s
instantaneous behavior at each moment, from basic locomotion and posture to spatial relations with
others.

A.4 High-level behavior classification

For higher-level semantic behaviors, we selected five social behaviors of interest: Approach, Avoid,
Attack, Non-Aggressive Chase-Escape and Aggressive Chase-Escape (see full definitions below).
Using the video recordings, trained human annotators labeled occurrences of these behaviors on a
frame-by-frame basis. We sampled 20 min of video from each of 10 groups (10 min of continuous
video from a video with the loggers and 10 without), yielding 200 min (3.3 h) of annotation.

We augmented the low-level features (Section A.3) with a centered temporal window of length 65
(32 time-steps before the present step, 32 after) and used them as inputs to predict the occurrence of
these behaviors in every time step. We trained a gradient boosted decision tree classifier (XGBoost
v2.0.3). The model was trained in a one-vs-all fashion for each behavior. We used default XGBoost
hyperparameters, except for max_depth, which was changed from 6 to 7, yielding a negligible
improvement on a separate subset of data. Other regularization hyperparameters (e.g., eta) had
little-to-no positive effect on performance and were therefore left unchanged.

Performance: The classifier was evaluated with 10-fold cross-validation, such that in each fold we
held-out a different group of animals as a test group and trained the model on the other nine groups.
This allows us to assess how well our model generalizes to new groups of animals in this paradigm.
The model achieved high accuracy for all behaviors, with AUROC ~ 0.97-0.99 per behavior:

Behavior auROC
Approach 0.9867
Attack 0.9732
Avoid 0.9802
Aggressive Chase 0.9709
Non-Aggressive Chase 0.9922

Macro-average (5 behaviors)  0.9806

A.4.1 High-level behavior definitions

Approach: The initiator (A) orients toward the target (B) and moves toward B from an initial
separation > one body length (hindlimb translation > half a body length). The event ends at
contact (head/body/tail distance <2 cm) or when B withdraws; if A then continues pursuing
B, reclassify as Chase, and if A aborts and withdraws, reclassify as Avoid.

Avoid: Following close contact (< one body length), one mouse withdraws > two body lengths
while the other remains approximately stationary (displacement < half a body length) until
the separation threshold is reached. Starts at head-turn/withdrawal; ends when the animal
stops or enters the nest (> half body inside). Exclude avoids that immediately follow a
chase or nest-to-nest transitions.

Attack: Overt aggressive contact: bites or forceful pushes/kicks directed to the opponent’s body
(excluding the head). Brief feints without contact are not attacks; sniffing before/after is
not part of the event. Discrete bouts separated by other behaviors are annotated as separate
attacks.
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Non-aggressive chase: Sustained pursuit in which the chaser follows the escaper for > two body
lengths on a similar path, with the chaser’s head behind the escaper’s body axis; both animals
are in motion for part of the event. Mutual circling/sniffing without pursuit is not a chase.
(Open-field / to-shelter / from-shelter variants apply the same core criteria.)

Aggressive chase A Chase that includes biting (physical harm) for part of the pursuit. If the
interaction transitions into stationary, intensely aggressive wrestling/throwing, annotate that
segment as Attack; chase segments before/after that still meet chase criteria remain Chase.

A.5 Social dominance hierarchy (SDH) extraction

To extract the SDH of each group, we used the model’s predictions for Aggressive Chase—Escape on
all the sessions of each group, a common approach in neuroscience and ethology. We used a standard
dominance scoring (David’s Score), which compares pairs of individuals based on “wins/losses” in
such encounters®?, Each mouse was assigned a dominance rank (Alpha = most dominant, then Beta,
Gamma, Delta). These ranks were transitive and highly stable across days (not shown here).

A.6 Neural data preprocessing and unit quality control

All electrophysiology data underwent a standard preprocessing pipeline. We applied a band-pass filter
from 300 Hz to 6 kHz to isolate spike frequency bands, then performed common-average referencing
(subtracting the mean across channels) to reduce noise. We additionally removed segments with
major artifacts (e.g., large amplitude transients visible on many channels simultaneously, often caused
by mechanical disturbances).

Spike sorting: was done manually using Plexon Offline Sorter (v4). Putative spike waveforms were
extracted using thresholding and then clustered based on raw waveform shapes, as well as principal
component analysis and other low-dimensional representations of the data (e.g., waveform peak,
valley, energy, etc.). The experimenter then refined clusters, ensuring each single unit had a consistent
waveform and clear refractory period. To quantify unit isolation and stability more objectively and
rigorously, we computed several quality metrics for each putative unit®>. To qualify for the analyses
reported here, we required that a unit pass three stringent criteria:

* Refractory Period Violations (RPV): we required that the proportion of spikes with an
inter-spike interval below or equal to 1 ms was lower than 2%.

* Signal-to-Noise Ratio (SNR): defined as the ratio of the maximum amplitude of the mean
spike waveform to the standard deviation of the background noise on one channel. We
required SNR > 3.

* Presence ratio: the fraction of the recording in which the unit is firing, to ensure the
electrode did not drift away from the unit or the unit otherwise ceased or started firing
partway. We required > 90% for stable units.

Units failing any of these criteria were excluded from further analysis. In the curated subset of 1,472
neurons analyzed, each neuron meets these quality standards, typically surpassing them by a large
margin.

Finally, spike trains were binned in 100 ms bins, matching the down-sampled behavioral feature data,
and binarized to indicate whether the neuron spiked in each bin or not. We ran additional experiments
with (Poisson) regression to the firing rates for some of the analyses and got similar results to the
ones described here.

A.7 Main task formulation

We formulate the task as predicting each mPFC neuron’s activity in each recording session separately,
based on the behavioral features of interest. This is referred to as encoding in neuroscience (as
opposed to decoding, which refers to predicting behavioral or external variables based on neural
activity). The main advantages of this approach are as follows. First, as we demonstrated above,
using feature attribution methods (SHAP values) on the trained models readily quantifies the extent
to which different values of different interpretable behavioral features contribute to the neural
predictions, which directly complements classical analysis of neural tuning. Previous work has

15



shown that this kind of analysis is strictly more informative than other common kinds of analysis in
neuroscience, in that neural tuning determines other properties (e.g. representational geometry and
neural discriminability/decodability) while these properties do not determine neural tuning.

Moreover, the dimensionality of our behavioral data (36 features) is larger than that of our neural data
(1-36 neurons per animal per recording session, ~ 10 on average). Finally, pooling the behavioral
data across recording sessions and animals is more straightforward than pooling the neural data, since
behavioral features are individually meaningful and consistent across sessions, while sampled neuron
identities are not. Thus, the amount of pooled behavioral data (192 h) is more than two orders of
magnitude (143x) larger than the amount of neural data we record per neuron per session (1-2 h,
which is typical or even long for electrophysiology experiments). Treating neural data as labels and
behavioral data as features therefore allows us to utilize the powerful tools available for leveraging
large amounts of unlabeled data to improve performance on downstream tasks — e.g. SSRL-based
FMBB.

Cross-validation splits: When training all models to predict neural activity (both with and without
the CEBRA embedding), we split each session’s data into 5 folds for cross-validation. Because
neural and behavioral time series are auto-correlated (smooth), which could lead to performance
over-estimation, each session was divided into contiguous 1-minute segments, and entire segments
were assigned to either training or testing sets, such that the 7th fold’s test set contained every ith
minute of recording. This greatly reduces leakage of temporally adjacent points between train and
test and ensures that each fold’s test set covered the whole session duration in a distributed way
(rather than, say, one long chunk at the end, which could be a different internal state).

A.8 Self-supervised learning with CEBRA

Rationale for feature partitioning to make the contrastive learning task more challenging: We
reasoned that, in the full 36-dimensional space, contrasting pairs that are close or far in time could
be trivial, since temporally distant, though behaviorally similar examples of the state of the entire
group of animals would be extremely rare. In contrast, using only a small subset of related features
(e.g., the 2D location and orientation of the torso, or the 3D head direction of a single animal; see
subsection A.3) would make temporally distant, though behaviorally similar examples much more
abundant. The model would then need to learn more subtle behavioral differences to minimize the
contrastive learning loss.

Model and training: We used CEBRA (v0.4.0) in time-contrastive (purely self-supervised) mode
to train the behavioral embedding model. We used the single-session mode, since we have already
manually concatenated all the recording sessions into one large “pseudo-session”. For each feature
triplet, we trained a separate model with the same HP. We used the offset10-model (a temporal
convolutional neural network) with an output dimension of 8 and 32 hidden units. The InfoNCE
contrastive loss was computed using the cosine similarity and a positive pair consisting of two
consecutive windows of data (time_offsets = 10 time-steps apart) and negatives drawn from
different time points across the entire dataset. This yields a total receptive field of 21 time-steps
(2.1 s). The model was trained for 10* epochs over all the data, using the Adam optimizer with
a learning rate of 3 x 10~4. After obtaining 12 subset embeddings, each of dimension 8, we
concatenated them along the feature dimension to form the final 96-dimensional vector.

Full list of parameters for CEBRA

{’batch_size’: 4096,
’conditional’: Nome,
criterion’: ’infonce’,
’delta’: None,
device’: ’cuda_if_available’,
’distance’: ’cosine’,
’hybrid’: False,
’learning_rate’: 0.0003,
’max_adapt_iterations’: 500,
max_iterations’: 10000,
’min_temperature’: 0.1,
’model_architecture’: ’offset10-model’,
’num_hidden_units’: 32,
’optimizer’: ’adam’,

16



’optimizer_kwargs’: ((’betas’, (0.9, 0.999)),
(’eps’, 1e-08),
(’weight_decay’, 0),
(’amsgrad’, False)),

’output_dimension’: 8,

’pad_before_transform’: True,

’temperature’: 0.5,

’temperature_mode’: ’constant’,

‘time_offsets’: 10,}

Additional details on the implementation of CEBRA can be found in the original publication and
documentation”,

A.9 Baseline encoding models

The baseline models, trained to predict mPFC activity based on the original 36 behavioral features,
were constructed to mimic the models used in the SSRL setting with CEBRA.

LR model and training: The SL baseline LR models were the same regularized (¢, C=1) models
used to predict mPFC activity based on the CEBRA embeddings. However, to fairly compare the
SL models with the ones trained on CEBRA embeddings, which have a receptive field (temporal
window size) of 20 time steps, we complemented the original 36 behavioral features with a centered
window of 21 time steps (10 step before the current step and 10 after, 2.1 s total) for the SL LR
model, yielding a concatenated and flattened feature vector of length 756. We also tried training
the model without temporal features, and with lower or higher values for C, which did not improve
performance. The LR models were trained using scikit-learn (version 1.3.2) LogisticRegression
with the default parameters except for max_iter, which was increased to 10* to resolve convergence
issues on some of the units®!. We included an intercept term in all models.

CEBRA-based supervised model and training: The CEBRA-based baseline SL models had the
same architecture as the CEBRA encoder for a single window (out of a pair): convolutional networks
with five time-convolutional layers. The first layer had a kernel size of two, and the next three had a
kernel size of three and used skip connections. The final layer had a kernel size of three and mapped
hidden dimensions to the output dimension, which in this case is one for binary classification“. Thus
the receptive field (temporal window size) is 10 steps. We used 32 hidden units. We optimize the
binary cross-entropy loss with logits for 10 epochs and a batch size of 4096 using the Adam optimizer
with a learning rate of 3 x 10~4, all in line with the CEBRA HP. Due to runtime constraints, for this
comparison, we sampled seven neurons from each recording session (if there were < 7 units in a
given session, we used all the units of that session) for a total of 920 (out of 1,472) representative
sampled units.

Significance testing: To determine if a model’s performance was above chance, we used circular
shuffling of the neural data relative to the behavior data. That is, we randomly shifted the spike train
time series relative to the behavior features by large (above 1 min), arbitrary offsets (wrap-around
at the session end) to destroy any true correlation while preserving each signal’s autocorrelation
structure. We repeated this procedure 21 times to generate a null distribution of auROC values for
each neuron—model. The p-value for the model was computed as the fraction of shuffled trials that
achieved an auROC larger or equal to the real model’s auROC. We also calculated a z-score for each
model by taking the real auROC, subtracting the mean of the shuffled auROC, and dividing by their
standard deviation.

A.10 Tuning curves and significance testing

To assess neuronal tuning to social distance, we constructed standard tuning curves by averaging
the firing rate of each neuron as a function of the nose-to-nose distance between the subject and a
specific social partner. Distances were discretized into uniform 2 cm bins, and mean firing rates
were computed for each bin. To establish a null baseline, we performed circular shuffling of the
spike trains relative to the behavioral time series (101 iterations), thereby preserving spike count and
temporal auto-correlation while disrupting any real neural-behavior relationships. For each neuron,
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we computed the mean and standard deviation of the shuffled tuning curves, which were overlaid on
the empirical tuning curve for visualization.

We quantified tuning strength using the information rate (IR) index commonly used to quantify
tuning to spatial or other variables”®. It measures the amount of information conveyed (reduction in
uncertainty) about the variable of interest given the neural activity in bits per seconds or per spike.
A neuron was classified as significantly tuned to nose-to-nose distance if its empirical IR exceeded
the 95th percentile of the shuffled distribution. This shuffle-based significance criterion corrects for
spurious correlations arising from finite sample sizes and temporal auto-correlations in the data.

A.11 Explaining predictions with SHAP values

We used SHAP values to quantify the contribution of the original (interpretable) behavioral features
to the neural predictions of the combined (CEBRA + LR) model. We wrapped the entire prediction
process—feature partitioning, embedding each feature triplet with the corresponding CEBRA model,
concatenating the embeddings and neural prediction with the LR—into a single pipeline and used
SHAP’s model-agnostic permutation explainer to explain the predictions.

The background distribution was a uniform sample of up to 2,000 rows from the training design
matrix, used with the Independent masker for imputation. Explanations were computed on a strided
evaluation subset (every 50th sample) to reduce runtime, with a per-instance budget of max_evals
= 2 x 36 + 2048. We fixed the seeds for reproducibility.

The SHAP curves were computed in the exact same way as the tuning curves, except that we used the
SHAP values in each time step instead of the original firing rates.

A.12 Compute hardware

All analysis was performed on a single local GPU (NVIDIA GeForce GTX 1080 Ti) installed on a
standard laboratory work-station.
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