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Abstract

Characterizing interactions between brain areas is a fundamental goal of systems
neuroscience. While such analyses are possible when areas are recorded simulta-
neously, it is rare to observe all combinations of areas of interest within a single
animal or recording session. How can we leverage multi-animal datasets to better
understand multi-area interactions? Building on recent progress in large-scale,
multi-animal models, we introduce NeuroPaint, a masked autoencoding approach
for inferring the dynamics of unrecorded brain areas. By training across animals
with overlapping subsets of recorded areas, NeuroPaint learns to reconstruct activity
in missing areas based on shared structure across individuals. We train and evalu-
ate our approach on synthetic data and two multi-animal, multi-area Neuropixels
datasets. Our results demonstrate that models trained across animals with partial
observations can successfully in-paint the dynamics of unrecorded areas, enabling
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multi-area analyses that transcend the limitations of any single experiment. Code
is available at the following github repository: NeuroPaint

1 Introduction

Understanding how brain areas coordinate their activity to support complex behaviors, such as
memory-guided actions and perceptual decision-making, is a central challenge in systems neu-
roscience [17]. Advances in electrophysiological recording techniques now enable single-cell,
single-spike resolution measurements across dozens of interconnected brain areas [25, 43, 44]. These
developments have driven the collection of brain-wide datasets from hundreds of behaving mice, cre-
ating new opportunities to study distributed neural computation at scale [28, 10, 27, 30]. Capitalizing
on these datasets requires computational methods capable of modeling inter-area interactions across
animals and tasks.

Traditional approaches to modeling inter-area interactions rely on pairwise neuronal correlations [12]
or low-dimensional linear methods such as communication subspace analysis [39]. More expressive
models, such as DLAG [15], mDLAG [16], and dCSFA [22], capture aspects of temporal and spatial
dependencies but typically assume a �xed communication structure and can scale poorly to large
datasets. Most recently, large-scale, multi-animal approaches like multi-task-masking (MtM) have
shown that pretraining across animals with recordings from overlapping brain areas can improve
cross-area prediction [61]. However, these methods are limited to modeling only the areas observed
within a given recording session and do not take advantage of a key opportunity in multi-animal
datasets: using data from multiple recording sessions across animals to infer activity in unrecorded
areas of any given session.

In this paper, we introduce a new framework for analyzing multi-animal, multi-area recordings,
NeuroPaint, that explicitly leverages shared anatomical structure across animals to model both
recorded and unrecorded brain areas. Building on the masked transformer architecture introduced in
[61], our approach incorporates two key innovations: (1) a masking strategy tailored for unrecorded
areas, in which unrecorded brain areas are treated the same as masked areas during inference; (2)
an architecture that models latent dynamics separately for each brain area, enabling interpretation
of area-to-area interactions. To our knowledge, this is the �rst method speci�cally designed to infer
the dynamics of unrecorded brain areas using data from both other animals and other sessions of the
same animal.

We evaluate our method on synthetic data and two large-scale, brain-wide mouse datasets [9, 28]. We
�nd that training across animals with overlapping subsets of recorded brain areas enables NeuroPaint
to reliably infer the latent dynamics of missing areas. We compare our approach to LFADS [46] and
generalized linear regression, in which we directly predict activity in missing areas from observed
activity, demonstrating that our inferred latents provide signi�cantly more predictive information
about unrecorded areas. Taken together, this work introduces a new paradigm for analyzing brain-wide
activity, demonstrating how shared structure across animals can be exploited to in-paint dynamics
from missing brain areas and opening new possibilities for multi-area analyses that transcend the
limitations of single-subject recordings.

2 Related work

Multi-area models. Advances in electrophysiology now enable simultaneous recordings across
multiple brain areas [25, 44, 59, 50]. To study concurrent signaling among distributed neuronal popu-
lations [1, 24, 28], generative models such as DLAG and mDLAG have been developed to uncover
shared latent dynamics across brain areas [22, 15, 16]. While these models offer interpretability, they
typically assume �xed bidirectional communication structures and suffer from limited scalability.
Multi-area recurrent dynamical models have also been proposed to capture inter-area interactions
more �exibly [20, 35, 34, 14]. However, none of these approaches can infer the dynamics of brain
areas that are unrecorded during a given session.

Stitching or quilting multi-session recordings. Recently, several groups have developed so-called
“stitching” [42] or “quilting” [ 53] approaches to infer functional connectivity or latent dynamics
from multi-session recordings with partially overlapping sets of neurons. Some of these methods
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directly estimate the covariance [5, 6, 63], noise correlations [41, 55], or functional connectivity
using generalized linear models [42] and graphical models [53, 7], while others infer latent factors or
neural dynamics across sessions [51, 31]. Among these, LFADS [33] is most relevant to our work, as
it infers latent dynamics using a nonlinear state space model and can be extended to multi-session
settings via linear stitchers. However, state space approaches process time points sequentially and
impose strong assumptions on temporal dynamics and noise structure, limiting their scalability and
�exibility in large-scale, multi-animal datasets. Moreover, these approaches cannot directly infer
neural dynamics in unrecorded brain areas.

Large-scale models for neural analysis. Recent work suggests that scaling models across animals
and brain areas can be bene�cial, as neural activity exhibits shared structure across individuals and
regions [37, 2, 58, 60–62]. Transformer-based models have emerged as powerful tools for modeling
these multi-animal neural datasets, including methods such as POYO+ [3], a multi-task decoder
across animals; NDT [58], which uses masked modeling for neural prediction; and MtM [61] and
NEDS [62], which utilize multi-task-masking to learn spatiotemporal structure in neural activity and
the bidirectional relationship between neural activity and behavior. However, these models overlook
a key opportunity in multi-animal, multi-area datasets: inferring neural dynamics in unrecorded brain
areas of one animal by leveraging shared structure across animals.

3 Methods

In this work, we presentNeuroPaint, a transformer-based masked modeling approach that predicts
neural dynamics in both recorded and unrecorded brain areas using observed activity. In multi-animal
extracellular recordings, each session samples neurons from only a subset of brain areas, leaving
others unrecorded (Fig. 1A, 3A, E). With suf�cient overlap across animals, shared structure can be
leveraged to infer missing activity. To model this, we randomly mask recorded areas and train the
model to reconstruct them, using a set of low-dimensional latents for each brain area (even when
unrecorded), to enable inference of missing brain area dynamics across sessions.

3.1 Architecture

The architecture of NeuroPaint has four main components (Fig. 1C): (1) a cross-attention [23] stitcher
that maps neural activity from each unmasked brain area to area-speci�c embedding factors; (2) a
tokenizer that transforms these embedding factors into tokens and adds mask tokens for masked and
unrecorded areas; (3) a transformer encoder that processes all tokens to produce latent factors for
each brain area; and (4) a generalized linear stitcher that reconstructs neural activity from latent
factors via a linear readout followed by an exponential nonlinearity. Most parameters are shared
across sessions, with a few session-speci�c parameters noted below.

Cross-attention read-in stitcher. We use a cross-attention stitcher (shown in Fig. 1B) to map
neural activity into a shared latent space, producing area-speci�c “embedding factors” that are
consistent across sessions. This module builds on the Perceiver-IO architecture [23, 2], using latent
tokens to reduce input length. Neural activity is tokenized at the neuron level, with each neuron
providing keys and values. A �xed set of learnable latent tokens act as queries, ensuring that the
output embedding factors have the same size as the latent tokens. To construct each neuron token,
we concatenate the neural activity embedding with three learnable embeddings: an area embedding
(encoding the neuron's brain area), a hemisphere embedding (indicating left or right hemisphere),
and a unit embedding (unique to each neuron). The cross-attention stitcher then outputs a distinct
set of embedding factors for each brain area. For a more detailed description of the cross-attention
stitcher, see Appendix A.2.

We adopt a cross-attention stitcher [2, 3] in place of a linear stitcher [33, 61, 57], as the input-side
transformation must be highly expressive. Neural activity can vary substantially across sessions, and
aligning it into consistent across-session dynamics requires non-linear transformations. At the same
time, minimizing the number of parameters is critical to avoid over�tting. The cross-attention stitcher
supports parameter sharing across sessions and brain areas, improving generalization. Only the unit
embeddings remain session-speci�c, as each session includes a distinct set of recorded neurons.

3



Figure 1:Schematic illustration of NeuroPaint.(A) Neuropixels probes only record a subset of brain areas
simultaneously. The brain schematic summarizes probe locations across IBL sessions, and the table below shows
variability in recorded neuron counts by area and session. In contrast to previous approaches (e.g., mDLAG
[16], NDT [57, 58], MtM [ 61], LFADS [33]), NeuroPaint is the �rst method that can infer latent dynamics
for each brain area, including unrecorded areas, using large-scale multi-session, multi-animal datasets.(B)
We use a cross-attention stitcher to convert spike data into tokens, and concatenate area, hemisphere, and unit
embeddings to form the keys and values. We use learnable latent tokens as queries to reduce input length
and produce area-speci�c embedding factors. Bold symbols indicate parameters shared across sessions, while
non-bold symbols denote area-speci�c parameters.(C) NeuroPaint uses a transformer-based architecture with
cross-attention stitchers (as shown in B) to encode spike counts into area-speci�c embedding factors that are
then tokenized into temporal tokens. We add temporal and area embeddings to the tokens, which are passed
through the transformer and a linear layer to produce area-speci�c latent factors. During training, we mask
tokens from sampled brain areas, and predict them using area-speci�c GLM stitchers.

Tokenizer for embedding factors. The cross-attention stitcher produces area-speci�c embedding
factors, which are then tokenized by treating each time step as a separate token. We replace tokens
corresponding to masked areas with a learnable mask token. For each unrecorded area, we also
include learnable mask tokens, which allows the model to infer latent factors for unrecorded areas at
test time. Inspired by masked autoencoders, which use positional embeddings to preserve the spatial
location of image patches [21], we add a brain-area embedding to each token to encode its anatomical
location. Although area information is already added in the cross-attention stitcher, adding it to mask
tokens is crucial to ensure that the model can distinguish which brain area each token represents.
Temporal information is encoded using rotary positional embeddings (RoPE) [45, 2].

Transformer encoder. To process the sequence of tokens from multiple areas and animals, we
utilize an encoder-only transformer architecture composed of standard transformer blocks followed
by a linear layer [52]. By computing interactions between all pairs of tokens in the input sequence,
the self-attention mechanism of the transformer encoder allows the model to capture dependencies
across brain areas and time steps. The encoder outputs latent factors for all brain areas of interest,
including those that were unrecorded in a given session.

Generalized linear read-out stitcher. A generalized linear read-out stitcher maps the latent factors
back to neural activity using a linear layer followed by an exponential activation. This component
is kept intentionally simple to preserve the interpretability of latent factors, ensuring that those for
unrecorded areas closely re�ect actual neural activity. Its parameters are speci�c to each session
and brain area. The number of latent factors per area is chosen based on the maximum linear
dimensionality of that area's smoothed neural activity across sessions (see Appendix A.5).

3.2 Masking scheme

To enable the model to infer missing activity from unrecorded areas, we utilize an inter-area masking
scheme: in each training batch, we randomly select a masking percentage between 0% and 60%,
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