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Abstract

Arti�cial intelligence has created tremendous advances for many 

scienti�c and engineering applications. In this Review, we synthesize 

recent advances in joint brain–behaviour modelling of neural and 

behavioural data, with a focus on methodological innovations, scienti�c 

and technical motivations, and key areas for future innovation. 

We discuss how these tools reveal the shared structure between the 

brain and behaviour and how they can be used for both science and 

engineering aims. We highlight how three broad classes with di�ering 

aims — discriminative, generative and contrastive — are shaping joint 

modelling approaches. We also discuss recent advances in behavioural 

analysis approaches, including pose estimation, hierarchical behaviour 

analysis and multimodal-language models, which could in�uence the 

next generation of joint models. Finally, we argue that considering not 

only the performance of models but also their trustworthiness and 

interpretability metrics can help to advance the development of joint 

modelling approaches.
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algorithms that are at least loosely inspired by the brain20,21. In this 

section, we look more closely at how these AI systems achieve such 

perceptual capabilities — focusing on machine learning and deep learn-

ing fundamentals that underlie their success. By briefly examining 

how these methods operate and differ, we can better appreciate both 

their power and their limitations for joint modelling of neural data 

and behaviour.

Machine learning systems consist of four key components that 

work together to solve problems: a data set, a model, a loss function and 

an optimization algorithm22–24. The data set defines the input–output 

relationships that the model should learn; for instance, for ultrasonic 

vocalization identification, the system must predict a binary output 

(no call versus call) from a particular audio waveform input. The model 

serves as the mathematical framework that transforms these inputs 

into outputs through adjustable internal parameters. The loss func-

tion measures the quality of the model’s predictions by comparing 

them with the ground truth data, providing a numerical score that 

assesses performance. Loss functions quantify prediction error and 

are closely related to objective functions — the general term for any 

function being optimized (whether minimized or maximized). Finally, 

the optimization algorithm iteratively updates the model’s parameters 

to minimize this loss, effectively steering the model towards better 

performance. The specific choices made about these four components 

directly influence both the possible performance and the robustness 

of the overall machine learning system. Technically, this is the defini-

tion of supervised learning systems when the data have labels, namely, 

where input–output pairs are given. We later discuss self-supervised 

learning, which learns from unlabelled data by creating supervisory 

signals from the data’s own structure. This self-supervised paradigm 

lies at the heart of innovations for joint brain–behaviour modelling.

Before the advent of deep learning, classic (supervised) machine 

learning used domain-specific feature engineering (via a fixed encoder) 

followed by trainable classification (via a decoder). For ultrasonic 

vocalization processing, raw waveforms could be transformed via audi-

tory filter banks into statistical descriptors (akin to what the cochlea 

does). In this case, those filter banks are the encoder. They extract 

features from the raw waveforms and these features are fed into a clas-

sifier (decoder) to predict calls. Only the decoder is trained whereas 

the encoder remains fixed, reflecting historical constraints where 

domain knowledge in the encoder compensated for limited learning 

capacity in the decoder.

Deep learning revolutionized this approach by making both the 

encoder and the decoder (alternatively called the backbone and output 

heads) learnable components implemented as deep neural networks. 

These networks consist of multiple layers of differentiable, non-linear 

transformations that are optimized together. Unlike classic approaches 

that rely on handcrafted features, deep neural networks optimize the 

feature representation directly for the task at hand, learning which 

aspects of the input are most relevant22,23. Neural networks, particularly 

deep architectures, excel in extracting hierarchical features that pro-

gress from simple local patterns to complex global structures. Given 

sufficient training data, this end-to-end learning yields superior per-

formance and robustness. Typical model architectures are multilayer 

perceptrons (MLPs) (Fig. 1a), convolutional neural networks (CNNs) 

(Fig. 1b), recurrent neural networks (RNNs) (Fig. 1c), transformers 

(Fig. 1d) or state-space models (Fig. 1e). Although these architectures 

differ in structure, they all function as universal approximators capable 

of learning complex mappings when provided with enough capacity 

(model size; the number of adjustable internal parameters) and data25.  

Introduction
Understanding how the brain gives rise to complex behaviour remains 

one of the central challenges in neuroscience. Although decades of 

research have elucidated the neural mechanisms underlying simple 

sensory or motor tasks, a mechanistic understanding of higher-order 

behaviours, such as decision-making, social interaction and cognitive 

flexibility, remains elusive. Progress in this domain is critically depend-

ent on our ability to link brain activity with behaviour at appropriate 

levels of abstraction and resolution1–3. Joint brain–behaviour modelling 

has been a key methodological advance towards achieving that goal.

Recent years have seen major advances in both neural recording 

technologies and behavioural measurement tools4–7. On the neural 

side, large-scale electrophysiology, calcium imaging and neuromodu-

latory tagging enable the simultaneous recording of activity from 

hundreds to thousands of neurons across multiple brain regions5,8,9. On 

the behavioural side, high-resolution video, inertial sensors and pose 

estimation techniques have made it possible to capture fine-grained 

behavioural dynamics over time2,7,10–13. These parallel advances open 

the door to a deeper understanding of how distributed neural popu-

lations coordinate to drive complex behaviours, but only if they are 

integrated analytically.

Artificial intelligence (AI), which encompasses modern machine 

learning, deep learning and agent-based systems, has created tremen-

dous advances for many scientific applications, ranging from protein 

design14 to weather prediction15. Naturally, AI also has had a tremen-

dous impact in neuroscience on joint modelling approaches, which 

provide a statistical and computational framework to bridge neural and 

behavioural data. Rather than analysing each domain in isolation, joint 

models capture the shared structure between neural dynamics and 

behavioural outputs, enabling researchers to test hypotheses about 

how neural data are related to behaviour and vice versa (see refs. 16,17 

for excellent probabilistic neural modelling reviews).

In this Review, we survey recent progress in joint modelling of 

neural and behavioural data, with a focus on methodological inno-

vations, scientific and engineering motivations, and key areas for 

future innovation. We begin by giving some background on advances 

in AI that are relevant for understanding neural, behavioural and 

joint modelling approaches. We then survey the main optimization 

approaches relevant for joint modelling — discriminative, generative 

and contrastive — along with their limitations and advantages. We next 

discuss how these tools reveal the shared structure between neural 

activity and behaviour and how they can be used for both scientific and 

engineering aims. Then, we describe recent advances in behavioural 

analysis approaches, including hierarchical behaviour analysis, which 

could influence the next generation of joint models. Finally, we argue 

how considering not only the performance of models but also metrics 

of their trustworthiness and interpretability can help to advance the 

development of joint modelling approaches.

Principles of deep learning models
Fundamentally, the goal of AI models often amounts to solving chal-

lenging perception and decision-making problems. For instance, one 

needs to decide based on the recorded audio signal whether a rat is 

emitting an ultrasonic vocalization18 or based on a video whether the 

rat is doing unsolicited jumps (Freudensprünge)19. Experts can read-

ily score such events, and it should be no surprise that AI systems are 

also increasingly capable of doing so. In broad strokes, these percep-

tion problems can now be solved with AI. Here, it is also worthwhile to 

remember that AI systems at times solve perception problems with 

http://www.nature.com/nrn
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However, the choice of architecture for both the encoder and the 

decoder may substantially impact both data efficiency and final 

performance24.

The loss function shapes what the model learns by defining suc-

cess. In supervised learning, where there are labelled examples, the 

loss function typically measures the prediction error, such as using 

cross-entropy for classification tasks or the mean squared error (MSE) 

for regression (Box 1). The optimization process that minimizes the loss 

generally employs gradient-based methods24. Collectively, this frame-

work of data set, model, loss and optimization provides a unified lens 

for understanding all types of machine learning systems, establishing 

the vocabulary that we use throughout our Review.

What is brain–behaviour modelling, and what is 
the goal?
Understanding how neural activity gives rise to hierarchical behaviour 

requires integrative modelling approaches that can extract structure 

from high-dimensional, heterogeneous data modalities. Overall, one is 

interested in modelling the joint distribution P(behaviour, neural data), 

which can be achieved in numerous different ways and generally falls 

into four classes. Decoding models study how behaviour depends 

on neural data, P(behaviour | neural data). Encoding models instead 

study how neural data depend on behaviour (or more sensory input), 

P(neural data | behaviour). Latent models capture P(neural data) via 

self-supervised learning using generative or contrastive approaches, 

+
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Fig. 1 | Common neural network architectures. a, Multilayer perceptrons 

(MLPs) are neural networks composed of fully connected layers, where each 

neuron receives weighted input from every neuron in the preceding layer. This 

dense connectivity allows MLPs to learn complex non-linear mappings between 

inputs and outputs, although at the cost of a large number of parameters. 

b, Convolutional neural networks (CNNs) process grid-structured data such 

as images by applying learnable filters across spatial dimensions. In this toy 

example, three initial convolutions with weight sharing create feature maps, 

which are then downsampled via pooling to reduce spatial dimensions while 

retaining important features. Additional convolutions follow and, finally, fully 

connected layers predict outputs. CNNs exploit weight sharing and hierarchical 

feature extraction. In vision tasks, it is well known that they progressively 

build from edge detectors to complex object representations. c, Recurrent 

neural networks (RNNs) such as gated recurrent unit networks (GRUs) or long 

short-term memory networks (LSTMs) process sequential data by maintaining 

a hidden state h(t) that evolves over time t, passing information from one time 

step to the next via a recurrent connection that combines h(t − 1) and x(t). This 

recurrent connection acts as the network’s memory, allowing RNNs to capture 

temporal dependencies and patterns in sequential input data x(t) to create the 

output y(t). They can struggle with long-range temporal dependencies due to 

vanishing or exploding gradients. d, Transformers have revolutionized sequence 

modelling by replacing recurrent connections with self-attention mechanisms. 

These mechanisms compute relationships between all positions in a sequence 

simultaneously, enabling the capture of long-range temporal dependencies 

while maintaining computational parallelizability — a key advantage over 

sequential architectures. Transformers process input tokens (embeddings 

(emb)) combined with positional embeddings (post enc) through layers 

containing multi-head attention, MLPs and skip connections. Skip connections 

(also called residual connections) bypass intermediate layers (here, attention 

and MLP). ‘Add and norm’ blocks implement these skip connections: ‘add’ sums 

the input with the layer output (residual connection) whereas ‘norm’ applies 

layer normalization, together improving gradient flow and training stability35. 

e, State-space models provide an alternative approach to sequence processing 

by modelling data as continuous-time dynamical systems also with hidden 

states (h(t)). Through learned state transitions and efficient discretization 

schemes, state-space models can handle extremely long sequences with linear 

computational complexity as indicated by the state equations, making them 

particularly attractive for tasks requiring long-context understanding.

http://www.nature.com/nrn
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learning latent variables z that are then related to behavioural data. 

Latent variables are unobserved quantities that must be inferred 

from observed data and typically represent abstract features that 

capture underlying structure in high-dimensional observations. For 

example, whereas thermometers appear to measure it directly, tem-

perature is fundamentally a latent variable — a statistical property of 

particle energy distributions that we infer from microscopic states. 

Similarly, in neural–behavioural modelling, latent variables repre-

sent aggregate properties of high-dimensional neural activity that we 

infer from observable spike trains and behaviour. Finally, joint models 

directly model the joint distribution of behaviour and neural data, 

P(behaviour, neural data). These different approaches immediately 

raise the question of which modelling approach is best suited for a 

given scientific or engineering goal.

From an engineering perspective, one may aim to build brain– 

machine interfaces (BMIs), where high performance in behavioural 

decoding and real-time execution are paramount. By contrast, a scien-

tific goal may involve constructing a mechanistic model that captures 

the computational principles and dynamical processes underlying 

neural function — analogous to a digital twin in engineering, but 

focused on biological principles rather than exact replication. Such 

models should not only reproduce observed neural–behavioural 

relationships but also enable discovery of new principles through 

simulation, perturbation and hypothesis generation. Alternatively, 

the goal may be to test specific hypotheses about neural represen-

tations, necessitating interpretable latent variables that can be 

experimentally validated or falsified. A fourth objective involves explor-

atory discovery — using these methods to uncover novel patterns, 

Box 1 | Key theoretical concepts for latent variable modelling
 

Understanding how inferred or learned latent representations relate 
to the true generative latents of neural and behavioural data is central 
to the development of reliable joint modelling frameworks.

Decoding and mean squared error (MSE)

To decode (continuous) behavioural or task variables R∈y d from 
neural activity R∈x n, models are trained to minimize the MSE loss:
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where =y f x( )
t t  is the decoded output at time t, and f is the learned 

mapping (for example, linear or non-linear). This objective encourages 
accurate reconstruction of behaviour from neural data.

Variational autoencoders (VAEs)

VAEs o�er a probabilistic generative framework to model data x via 
latent variables z. The core idea is to jointly optimize the generative 
model parameters (ϕ, θ) to minimize the distance between the input 
and the output, and to make qϕ(z | x) and pθ(z) close. In practice, 
this is achieved by maximizing the evidence lower bound39:

θ x p x z D q z x p z( , , ) [log ( | )] ( ( | ) ( ))q z x θ θ( | ) KLϕ = −
ϕϕ
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where qϕ(z | x) is the encoder and pθ(x | z) is the decoder. The 
evidence lower bound loss naturally creates tension between the 
reconstruction fidelity (first term) and the latent space structure 
achieved via the Kullback–Leibler (KL) divergence between the 
approximate posterior and a prior pθ (often Gaussian) (second 
term). This encourages a smooth, well-behaved latent space. 
However, identifiability in VAEs is not guaranteed unless the model 
is constrained (for example, via structured priors, auxiliary variables 
or supervised objectives)149. As such, although VAEs are useful for 
reconstructing data, they have been shown to be less robust than 
contrastive approaches for cross-session consistency54,59,60.

Identifiability

A representation z = f(x) is said to be ‘identifiable’ if the model recovers 
the true latent variables (up to an accepted transformation, such as 

linear or a�ine). For many applications in neuroscience, linear 
identifiability is su�icient: if multiple models trained on the same 
data produce embeddings that di�er only by a linear transformation, 
downstream analyses (such as decoding or clustering) remain 
invariant. Identifiability is critical for ensuring consistency across 
animals, sessions or model initializations.

Non-linear independent component analysis

Traditional independent component analysis aims to recover latent 
variables z from observed data x assuming a linear generative 
model x = Az, where components of z are statistically independent. 
Non-linear independent component analysis extends this to the 
more realistic case x =  f(z), where f is a non-linear, invertible function. 
Without further assumptions, this setting is ‘not identifiable’ — 
infinitely many mappings f can explain the same distribution. 
To overcome this, recent work leverages auxiliary information 
(such as time, class labels or multiple views) to recover the true 
latents up to known equivalence classes (for example, linear or 
bijective transformations).

Contrastive learning and information noise-contrastive 

estimation (InfoNCE)

Contrastive learning is a powerful approach for self-supervised 
representation learning. The InfoNCE loss is defined as:
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where (x, y+) are time-paired related samples (for example, behaviour 
and neural activity), x, yi are negative pairs and ψ is the similarity loss 
(such as cosine or MSE). When trained to optimality, and under mild 
assumptions about the negative sampling distribution and data 
variability, models trained with InfoNCE produce embeddings that 
are linearly related across runs — yielding identifiable and consistent 
latent representations54.
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cell types or computational motifs that were not previously known  

or hypothesized.

Each of these goals imposes different modelling requirements 

and evaluation criteria. Crucially, the answer cannot rely solely on 

decoding performance metrics such as spike prediction accuracy or 

behavioural reconstruction, as these metrics conflate fundamentally 

different objectives. A model achieving 99% decoding accuracy might 

use biologically implausible transformations that provide little insight 

into neural computation, making it excellent for BMI applications but 

unsuitable for mechanistic understanding. Therefore, articulating the 

scientific intent — whether engineering performance, mechanistic 

insight, hypothesis testing or open-ended discovery — is essential for 

guiding model selection, development and interpretation.

The diversity of scientific and engineering goals has naturally led 

to the development of these multiple modelling paradigms. Notably, 

whether one creates decoding, encoding, latent or joint models, broadly 

speaking there are three computational objectives (Fig. 2). Discrimina-

tive objectives for decoding are those that aim to predict behaviour (for 

example, spikes in, decode behaviour); however, we note that encoding 

models also use discriminative approaches and map from behaviour 

and/or stimuli to spikes3,26. Generative objectives for reconstruction are 

those that aim to reconstruct input data from learned latent representa-

tions (for example, spikes or behaviour in, predict spikes or behaviour). 

Contrastive objectives for encoding and joint modelling are those 

that aim to encode without reconstruction (for example, spikes and 

behaviour in, learn latents via representation learning). Although each 

of these three approaches can serve either a specific goal or multiple 

goals, they all flourish due to complementary trade-offs: discriminative 

models provide computational efficiency for targeted predictions; 

generative models enable sampling and uncertainty quantification; 

and contrastive methods leverage unlabelled data to discover repre-

sentations that generalize across contexts. In the following sections, we 

examine each paradigm in detail, highlighting representative methods 

and their applications to neural–behavioural data.

Discriminative models: directly decoding 
behaviour from neural data
Decoding is a long-standing task in neuroscience, beginning with classi-

cal approaches such as population vectors and Kalman filters (reviewed 

elsewhere3). These methods established the basic framework for map-

ping high-dimensional neural activity to low-dimensional behavioural 

variables, which allows for both understanding the information pre-

sent in a population of neurons and for engineering BMIs. As the field 

progressed, machine learning techniques such as support vector 

machines27 and decision trees were adopted to improve decoding 

performance. Today, in terms of performance, these have largely been 

superseded by deep learning models, including transformer-based 

architectures28,29 (Fig. 1d).

These modern decoding models are typically supervised, using 

behaviour directly as the target in the loss function, most often with 

the MSE (Box 1). Recent benchmarking efforts30,31 have formalized this, 

focusing on the accuracy of behavioural decoding (and the prediction 

of spikes) (see the section ‘Generative models: learning to predict spike 

trains via reconstruction’) as the key measure of success. Note that 

‘behaviour’ is typically a discrete or continuous 2D variable, such as the 

velocity of the hand or 2D position of a cursor on a screen, but in the fol-

lowing we discuss how new approaches to measuring behaviour could 

change the nature of this decoding goal (see the section ‘Behavioural 

analysis for neuroscience’).

Indeed, transformer architectures are making impressive gains  

for decoding28,29,32,33. Their ability to flexibly model long-range depend-

encies and multimodal inputs has enabled state-of-the-art perfor-

mance in behavioural decoding in comparison with supervised 

MLPs and RNNs (Fig. 1). One key advantage of transformers is their 

a   Discriminative approaches

b   Generative approaches

c   Contrastive approaches

Loss: MSE, cross-entropy

Loss: Reconstruction (MSE, NLL)

≈ (MSE)
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transformer)
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Input spikes Encoder DecoderZ Output spikes
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Loss: InfoNCE, NCE
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n
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+ + +

+
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Repel negative samples

Spike Behaviour decoding

Z

Fig. 2 | Three broad classes of neural–behavioural dynamics models. 

For all approaches, encoders and decoders can comprise different architectures 

(Fig. 1) and these learned models (encoders or decoders) can then be leveraged 

in downstream tasks. Although we focus on spikes as the primary input for 

illustration, other types of neural recordings (such as calcium imaging, local 

field potentials or functional MRI) can also be used with these approaches. 

a, Discriminative approaches use input spikes to decode behaviour using 

supervised losses such as the mean squared error (MSE) for continuous 

variables and cross-entropy for discrete variables. During training, predicted 

behaviour is compared with ground truth behaviour to compute the loss and 

update model parameters. At inference time, the trained model outputs predict 

behaviour without requiring ground truth. b, In generative approaches, a model 

comprising an encoder and a decoder learns to generate spike data from latents. 

The encoder maps input spikes to latent representations, whereas the decoder 

reconstructs spikes from these latent codes. Reconstruction losses such as 

the negative log likelihood (NLL) or MSE compare predicted with ground truth 

spikes. In variational autoencoder (VAEs), training optimizes the evidence lower 

bound, which combines reconstruction loss with regularization on the latent 

distribution (Box 1). c, Contrastive approaches use input spikes, optionally with 

auxiliary variables (such as behaviour labels), to learn latent representations 

through contrastive learning. This approach achieves representation learning 

without explicit reconstruction (decoding). Namely, learning is based on 

attraction and repulsion dynamics: similar samples (positive pairs) are pulled 

together whereas dissimilar samples (negative pairs) are pushed apart in the 

latent representation. CNN, convolutional neural network; InfoNCE, information 

noise-contrastive estimation; NCE, noise-contrastive estimation; RNN, recurrent 

neural network.
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scalability: their architecture enables parallel computation, efficient 

use of large data sets and improved performance with increasing model 

size. Although attention operations are computationally expensive, 

self-attention can flexibly integrate contextual cues such as trial struc-

ture, sensory stimuli or task rules (Figs. 1d and 2a). This makes them 

especially suitable for data sets with complex temporal structure. 

Notably, tokenization of the spikes and leveraging positional embed-

ding makes combining multi-session, multi-animal data more feasible. 

Newer scalable transformers such as Perceiver I/O offer greater flex-

ibility and predictive power34. This enables fine-tuning and gener-

alization to held-out data sets, paving the way for better foundation 

models29 (Box 2).

Yet there are also clear trade-offs in the complexity and speed 

of using large transformer models35,36, which has limitations for the 

deployment on devices37 and, practically speaking, the weeks of com-

pute required for training29 can make this approach not viable for many 

laboratories. Therefore, although many new powerful approaches 

have been proposed in terms of decoding performance, there are 

ongoing efforts to build lighter-weight unified models that perform 

equally well even with smaller RNNs or MLPs38. For example, Sani et al.38 

developed powerful lightweight models to extract task-relevant and 

task-irrelevant latent dynamics.

Generative models: learning to predict spike trains 
via reconstruction
Reconstruction-based approaches represent a powerful paradigm 

for learning latent representations of neural data without requiring 

labelled examples. Variational autoencoders (VAEs) are particularly 

well suited for neural data analysis because they learn probabilistic 

mappings between high-dimensional observations (x) and a (typically 

lower-dimensional) latent variable (z)39,40. A VAE consists of an encoder 

qϕ(z|x) (recognition model) that approximates the true but intracta-

ble posterior distribution (the probability of latent variables given 

observed data, p(z|x)), and a decoder (pθ(x|z)) that reconstructs the 

observations (data) from these latents by optimizing the data likeli-

hood (Fig. 2b and Box 1). Unlike deterministic autoencoders, which 

map each input to a single point in latent space, VAEs learn probability 

distributions over latent representations, and thus model uncertainty 

in both the latent variables and the reconstruction process. This makes 

them especially valuable for capturing the inherent variability of neural 

data. We emphasize that VAEs are generative models, and the encoder 

is both a technical solution to learn the generative model and also a way 

to infer latent variables from data. VAEs are used in both of these ways 

in the literature (for example, see latent factor analysis via dynamical 

systems (LFADS) below). Importantly, the generative nature of VAEs 

also enables sampling novel neural patterns and quantifying uncer-

tainty in latent variables (also called latent representations), which 

is essential for understanding the probabilistic structure underlying 

neural population activity.

In neuroscience, LFADS pioneered the application of VAEs by 

combining them with RNNs to model neural activity as a dynamical 

system41,42. LFADS can infer both trial-specific latent trajectories and 

putative inputs to the neural dynamics one is modelling. These learned 

latents and these input dynamics can then be related to behavioural 

and other experimental variables. To give some concrete exam-

ples, the learned representations have proven effective in decoding 

primate hand movements from the motor cortex and in detecting 

perturbations41. One can also learn models of neural dynamics across 

multiple experimental sessions (stitching) and use the generative 

nature of LFADS for sampling synthetic data41,42.

Box 2 | Foundation models and agentic systems
 

Foundation models represent a paradigm shift from traditional 
supervised learning, which requires extensive labelled data sets for 
each task. Instead, foundation models use self-supervised learning 
on vast unlabelled corpora (such as text from the Internet, images 
from web crawls or video data sets) to acquire general-purpose 
representations. Three dominant approaches have emerged that 
parallel the computational objectives we discuss: autoregressive 
models such as GPT that predict the next token in sequences150,151 
(generative objectives); masked reconstruction models such as 
BERT or MAE that reconstruct masked portions of inputs105–108,113 
(generative objectives); and contrastive learning methods that align 
representations such as CLIP56,152,153 (contrastive objectives). Similar 
to generative and contrastive approaches in neuroscience, these 
methods leverage self-supervision to learn rich representations 
from unlabelled data. These pretrained models now serve as the 
foundation for many downstream applications, leveraging larger 
and more diverse data sets than traditional supervised data sets and 
achieving stronger performance across many tasks. Importantly, 
joint models that combine data from multiple modalities neatly fit 
into this picture, and indeed many of the foundation models are now 
regularly used in neuroscience (see the sections ‘Behavioural analysis 
for neuroscience’ and ‘Towards hybrid objectives and multimodal 
modelling’).

The emergence of in-context learning has fundamentally changed 
how model capabilities and deployment are thought about154. Rather 
than training specialized models for each application, foundation 
models pretrained on large language corpora (for example, ChatGPT, 
Claude or Qwen) (see the section ‘Towards hybrid objectives and 
multimodal modelling’) can act as general-purpose agents that 
adapt their behaviour based on textual prompts and examples 
(the context)155. This capability extends beyond simple pattern 
matching — these foundation models can perform complex 
reasoning, follow multistep instructions and even exhibit emergent 
behaviours not explicitly programmed during training. Critically, 
many of these capabilities — including in-context learning — emerge 
during pretraining on diverse text data154. However, pretrained models 
often require additional fine-tuning (such as instruction tuning or 
reinforcement learning from human feedback) to reliably function as 
practical agents that follow instructions and avoid harmful outputs151. 
The pretraining creates the foundation, whereas fine-tuning aligns the 
model’s behaviour with desired agentic properties. Beyond training, 
so-called system prompts that specify the behaviour and goals of the 
model are crucial for directing agentic capabilities towards specific 
applications. Taken together, these approaches enable agentic 
systems that allow, for instance, the analysis of behavioural and 
neural data21,93,156.
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Whereas LFADS assumes continuous latent dynamics, switch-

ing linear dynamical systems (SLDS) takes a different approach by 

modelling neural activity governed by discrete state transitions. SLDS 

extends traditional state-space frameworks (Fig. 1e) by allowing the 

system to transition between multiple latent dynamical regimes over 

time. In neuroscience, these models have been used to flexibly capture 

non-stationary neural population dynamics. By inferring a sequence of 

discrete states from neural data, with each regime governed by distinct 

dynamics, SLDS models can reveal behaviourally relevant brain state 

switches, cognitive modes or neural circuit configurations43–46. For 

data from multiple individuals, it can be important to consider families 

of dynamical systems that share some parameters across individuals 

such as multi-task dynamical systems47. In general, their strength lies 

in their interpretability of the latent states that can demarcate transi-

tions in neural dynamics. For example, one could use the resulting 

model to predict a context change or behavioural action switch from 

neural dynamics.

The reconstruction-based approach that defines VAEs is both their 

strength and their fundamental limitation. These methods optimize in 

raw data space where natural metrics (such as pixel distance or Poisson 

loss) may not capture meaningful similarity in the underlying (latent) 

structure48. For instance, neurons deviate from Poisson statistics 

but are commonly modelled in this way. The reconstruction require-

ment forces a trade-off between capturing input fidelity and learning 

task-relevant latent representations: capacity spent on high-fidelity 

reconstruction may not be available for capturing task-relevant latent 

structure. There is no guarantee that minimizing the reconstruction 

error will yield representations that are optimal for understanding 

neural–behavioural relationships. This misalignment between the 

metric used for reconstruction and the actual latent representation 

is a key challenge: the natural metric for reconstruction may not align 

with the meaningful structure in the data. This reconstruction chal-

lenge is evident in vision applications, where standard VAE objectives 

often produce blurry reconstructions — the model optimizes what one 

measures (pixel similarity) rather than what one cares about (percep-

tual quality). This motivated the development of more sophisticated 

generative approaches with diffusion models3,49. Recent work also 

leverages diffusion models and state-space models (Fig. 1e) to more 

realistically generate neural activity50. Another important limitation is 

that VAEs suffer from not producing consistent results (Box 1).

Contrastive models: learning latents without 
reconstructing data
Contrastive learning sidesteps the reconstruction dilemma. Instead of 

asking ‘how do we generate this neural pattern?’, contrastive methods 

ask ‘what makes this neural pattern similar to or different from other 

patterns?’. This reframing eliminates the need to specify spike-level 

(Poisson loss) or pixel-level (pixel distance) similarity metrics, allowing 

the model to focus on discovering native relationships in the data51–55. 

Contrastive learning learns latent representations by maximizing 

agreement between related samples (positive pairs) while minimiz-

ing agreement between unrelated samples (negative pairs), without 

requiring supervised (behavioural) labels or input reconstruction (such 

as spike reconstruction) (Fig. 2c). Crucially, such models avoid impos-

ing strong generative assumptions or supervised targets, which may 

bias or constrain the learned representation.

A method called CEBRA has pioneered this approach for con-

tinuous and discrete time-series data, particularly neural data54,55. 

CEBRA operates by pulling positive pairs closer in latent space while 

pushing negative pairs, typically using objectives such as information 

noise-contrastive estimation (InfoNCE)51,56 (Box 2). For neural data, 

temporal proximity can serve as a natural basis for defining positive and 

negative pairs — neural patterns occurring within short time windows 

are treated as related (positive), whereas patterns separated by longer 

intervals serve as unrelated (negative) samples54. This self-supervised 

objective promotes embeddings that reflect the intrinsic temporal 

structure of neural data, capturing cognitive states and behavioural 

dynamics without requiring explicit labels or a supervised loss func-

tion. A core flexibility of the contrastive approach lies in how the posi-

tive and negative pairs are defined. A current limitation is that the time 

window is a tunable parameter but restricted to a single timescale; 

future efforts should allow for hierarchical time bins. Importantly, this 

approach naturally can be extended to joint modelling.

Joint models for inferring latent dynamics via 
representation learning
Indeed, in addition to using time-aware contrastive loss, CEBRA54 

can also use time-aware plus auxiliary variables (labels) to guide 

which neural samples to attract together in the latent space. This use 

of labels allows for joint modelling of behavioural–neural data in a 

hypothesis-guided manner. Because the positive pairs can be crafted 

from the auxiliary variables (for example, behaviour), this explic-

itly allows for testing which behavioural labels extract meaningful 

latents from the neural space. For instance, if ‘space’ is hypothesized 

to be encoded in a given neural population, close spatial distances 

of the animal can be used to sample the positive pairs, and far spatial 

distances for negative pairs. If this relationship between space and 

the neural data does not exist, Schneider et al. showed both empiri-

cally and theoretically that this creates an unsolvable optimization 

problem — the model cannot simultaneously satisfy the contras-

tive constraints — and the embedding collapses to a trivial solution 

on the hypersphere (a diffuse cloud distributed on it)54,55. Note that 

auxiliary variables can also be derived from other modalities such as  

video embeddings54.

Such joint modelling with contrastive learning generalized theory 

from non-linear independent component analysis to ensure identifi-

ability of the model (Box 1). Specifically, if two models f and f
~

 trained 

on the same data yield the same conditional distributions over sample 

pairs (for example, via InfoNCE loss) (Box 1), then their embeddings 

are linearly related — that is, a transformation L exists such that 

f x Lf x
~

( ) = ( ) for all x in the data set. This identifiability ensures that 

downstream tasks relying on these embeddings will behave consist-

ently across (different) model instantiations. This consistency enables 

robust use in downstream tasks such as decoding or topological data 

analysis, and facilitates cross-participant or cross-modality alignment. 

As it only requires that latent variables vary sufficiently over time, 

CEBRA provides a flexible framework for analysing complex neural 

data (whether spikes or imaging) or behaviour, and can recover latent 

trajectories aligned with meaningful experimental variables under 

mild assumptions.

New work has extended this framework to include explicit tempo-

ral dynamics priors. Dynamic contrastive learning has incorporated 

explicit modelling of the SLDS to extract hypothesis-guided dynami-

cal systems from neural data57. MARBLE also leverages contrastive 

learning, but first preprocesses the neural activity via geometric deep 

learning approaches into manifold embeddings58. By doing so, they 

implicitly incorporate similarity through the similarity of spiking pat-

terns over time. The limitation is that enforcing a specific geometry 
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may restrict flexibility in capturing latent neural dynamics that do not 

conform to the assumed manifold structure.

Another key feature of these approaches is the identifiability 

of the models (Box 1). As we discussed in this section, contrastive 

learning with auxiliary variables can uniquely recover models when 

networks are bijective under noise-contrastive estimation (NCE) 

loss, and with InfoNCE loss the bijectivity assumption is sometimes 

unnecessary53–55,57. Notably, identifiability can also be achieved with 

VAEs (under more specific generative model assumptions). For the 

relevant neuroscientific case of Poisson noise, this was carried out 

in PI-VAE59. PI-VAE built on advances in identifiable VAEs60 (Box 1) to 

develop a method that outperformed LFADS, VAEs and pfLDS44 in 

predicting the latent variables in the underlying data, namely the posi-

tion of a rat navigating on a linear track. Follow-up work extended this 

to better incorporate temporal information via CNNs (Fig. 1b), with 

conv-PI-VAE having even higher performance54.

Behavioural analysis for neuroscience
Lightly adapting Lord Kelvin’s dictum, one may quip that ‘what you 

cannot measure, you cannot understand’. Consider a natural scene 

where various species engage in their daily activities (Fig. 3a). With our 

advanced primate sensory and cognitive systems, we can effortlessly 

extract rich semantic information from this environment: identifying 

the different species, characterizing the sounds they produce, inter-

preting their behaviour, and even detecting nuanced social dynamics 

such as the attentive gaze of a mother monitoring her young. As we 

outline below, current behavioural analysis systems are comparatively 

limited.

Behaviour is inherently hierarchical, comprising nested 

sub-routines61–64, and often is not clearly discrete but, rather, continu-

ous in nature (Fig. 3b). For example, the behaviour of a mouse colony’s 

social dynamics is characterized by many part-to-whole relationships 

both across space (from the entire colony, to individual family units, to 

specific mice, to their whiskers and forelimbs) and time (from seasonal 

reproductive cycles, to brief courtship interactions, to momentary 

investigative sniffs).

Ultimately, we believe that behavioural analysis systems should 

aim to capture this comprehensive and continuous, behavioural 

landscape (Fig. 3b). We advocate that the goal is to transform ani-

mals and their environment (or ecosystem) into rich, structured 

data streams that enable straightforward enquiry through simple 

human-interpretable queries. Just as a video game designer has per-

fect knowledge of what virtual agents perceive and how they respond 

to their environment, we should strive for similar insight into animal 

behaviour in experimental contexts.

Many of the variables we seek to measure can be inferred well 

from cameras (sometimes other modalities are more appropri-

ate, but the deep learning methods work similarly) (see the section 

‘Towards hybrid objectives and multimodal modelling’ for discus-

sion of multimodality). One of the foundational (machine learning) 

tasks is animal detection (localization). This can be done by training 

detectors65–67, which infer bounding boxes around each individual or 

simple vision transformations. The latter approaches work well when 

the contrast is high68,69. One can also jointly estimate the location of 

multiple body parts, rather than just infer the body’s centre or the 

bounding boxes. Such pose estimation algorithms distil the geometric 

configuration of the animal’s body into a few user-defined keypoints70. 

With these methods, the locations of other objects or individuals 

can be inferred, thus enabling the study of how animals interact with 

their environment. Pose estimation is mature, widely used tools are 

openly available71–76 and users can improve the performance of their 

tailored networks by adapting the augmentation pipeline70, using 

post-processing or using specialized methods for crowded scenes77  

(reviewed elsewhere2,7,70).

Although these tailored, specialist models extract pose within 

user-defined contexts, recent unified models provide keypoint spaces 

that work robustly across species and settings with strong zero-shot 

performance75, or serve as stronger initializations than standard trans-

fer learning71 when training is necessary. Similarly, for animal detection, 

a

b

Social interaction
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Fig. 3 | Hierarchical behavioural analysis. In natural scenes where various 

species engage in their daily activities, current analysis systems are comparatively 

limited in transforming animals’ behaviour into rich, structured data streams that 

enable straightforward enquiry through simple human-interpretable queries. 

a, Problem setting and solutions: localization, pose, action understanding, 

re-identification148 and scene-level annotations. b, Hierarchical decomposition 

of behaviour in a mouse, spanning three levels: activities, actions and motion 

primitives. At the highest level, the mouse performs three activities: self-care, 

Freudensprung ( joy jump) and social interaction. Each activity comprises 

multiple actions — self-care, for instance, involves grooming and sitting upright. 

These actions further break down into elementary motion primitives that 

constitute the building blocks of movement. Drawing in a by Julia Kuhl.
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MegaDetector78 or Segment Anything66,67 excel at localizing and 

segmenting animals across videos without annotation.

Moving beyond 2D estimation, users may want to exact kinemati-

cally accurate estimates with three dimensions and even merge this with 

biomechanical modelling. 3D pose estimation is (typically) achieved 

through multiple calibrated cameras72,79–83, depth cameras84–86 or a 

single camera87–89. From a single camera one applies lifting methods, 

either directly from 2D pose sequences87–89 or with end-to-end trainable 

pipelines that combine multiple steps, but can even achieve excellent 

results for complex cases such as hand–object interactions90,91. We 

discuss new avenues for merging 3D pose and biomechanics (see the 

section ‘Towards hybrid objectives and multimodal modelling’).

After 2D or 3D pose extraction and tracking across time, activities, 

actions and motion primitives (Fig. 3b) — behaviours — are identified 

using three approaches: rule-based, supervised and unsupervised. 

Rule-based analysis defines behaviours through measurements — for 

instance, tracking head versus body keypoints enables defining head-

ing angle and ‘look right’ behaviours, whereas tracking two mice allows 

defining ‘following’ heuristics. This simple yet powerful approach is 

widely implemented (for example, Live Mouse Tracker)92. Large lan-

guage models can help researchers to write such rule-based analysis 

code93 (Box 2).

For supervised behavioural analysis, annotated examples of 

behaviour are obtained and then a classifier is trained. This classifier 

can operate on pose, video frames or many other modalities94–96. Owing 

to the widely available pose estimation tools, various approaches have 

been developed to predict behaviour from pose tracking data73,97–102. 

More generally, in computer science, the related task of action recog-

nition has seen a lot of progress, due to large-scale benchmarks103 and 

advances in model architectures, including foundation models104–108 

(Box 2).

For unsupervised methods, various computational approaches 

are widely used to decompose behaviour into ‘syllables’84,85,109–112. How-

ever, these models typically operate on a single timescale, which can 

be either an implicit or explicit parameter85. In unsupervised repre-

sentation learning competitions for behavioural analysis, such as 

MABe22 (ref. 99), adapted variants of BERT113, Perceiver34, TS2Vec114 and 

PointNet115 initially reached the best results. In addition, AmadeusGPT93 

performed well in generating rule-based analysis code from natu-

ral language user input via language models. Hierarchical masked 

autoencoding-based methods (hBehaveMAE)116 and contrastive meth-

ods integrating multiple timescales, such as bootstrap across multiple 

scales117, later reached better performance both for identifying social 

actions and genotype and environmental conditions.

Of course, it is (relatively) straightforward to collect a large 

amount of videos of animals in experiments. However, annotating 

these data is time consuming, costly, requires a lot of knowledge, is 

error prone and is subject to biases10,11,118. To develop better methods, 

larger data sets that annotate behaviours of interest need to be created. 

Here, one could also leverage published work, where the behaviour was 

annotated manually. Another important direction that demonstrates 

the power of emerging approaches is the creation of synthetic data 

based on simulators116,119. For example, due to the scarcity of large-scale 

hierarchical behavioural benchmarks, Stoffl et al.116 created a syn-

thetic basketball playing benchmark (Shot7M2) and could show that 

hBehaveMAE learns interpretable behavioural latents on Shot7M2 as 

well as non-synthetic data sets.

Why infer all these variables when many — especially high-level 

behavioural inferences — are perhaps subjective and difficult to 

validate? Neural data offer one of the most objective metrics for assess-

ing these measurements. The critical question is whether one can 

identify corresponding neural signatures in the brain. Do these signa-

tures map hierarchically onto the circuits that generate behaviour in 

a hierarchical manner?

This capability would be transformative for neuroscience, where 

linking neural activity to naturalistic, hierarchical behaviour remains a 

central challenge. By providing a comprehensive behavioural read-out 

across multiple timescales and organizational levels, such systems 

would enable neuroscientists to correlate brain activity with precise 

behavioural events, states and decisions — dramatically advancing 

our understanding of neural coding, sensorimotor integration and 

the neural bases of behaviour. Future multimodal brain–behaviour 

models could tackle this.

Towards hybrid objectives and  
multimodal modelling
We propose a taxonomy of supervised, generative and contrastive 

models that can operate on neural or behavioural data alone, or jointly 

across modalities. Although these categories provide a useful scaffold, 

modern machine learning increasingly combines elements from multi-

ple paradigms, incorporates pretrained features and trains on hetero-

geneous data sets (for example, CEBRA with DINO embeddings). This 

shift reflects a broader trend in AI: moving beyond narrowly defined 

tasks towards models that learn shared latent representations across 

diverse data streams and tasks. In neuroscience, this raises the question 

of whether joint brain–behaviour models might evolve along similar 

lines to recent successes in multimodal AI, such as vision-language 

models (Box 2).

In parallel to advances in neuroscience for neural and behavioural 

analysis, recent advances in AI, particularly in vision-language model-

ling, have shown the power of learning joint latent representations 

across modalities without assigning one as primary and others as aux-

iliary. Notable examples are so-called vision-language models, which 

are (so far) primarily used outside neuroscience. Bai et al.120 proposed 

an early vision-language model that combined BLIP121 (which jointly 

optimizes three objectives: image–text contrastive for aligning image 

and text embeddings; image–text matching for determining whether 

a caption matches an image; and language modelling for generating 

captions or answers from visual input) with the Qwen large language 

model122 (which processes visual tokens as input to the language 

model). Such models learn shared latent spaces by aligning visual and 

language streams through contrastive or generative pretraining123–125. 

These architectures capture rich semantic relationships by simultane-

ously encoding and decoding across modalities, offering a compelling 

blueprint for future neuroscience models.

In addition, the use of new AI tools for behavioural measurement 

has expanded rapidly in recent years. As we aimed to highlight, moving 

to hierarchical measurements of behaviour, and even mapping pose to 

biomechanical models, is now possible89,126–128. Namely, given a biome-

chanical model, one can imitate recorded 3D pose estimation data and 

infer muscle dynamics via physics simulations129. Naturally, inferring 

those (latent) variables is crucial for modelling the somatosensory, 

proprioceptive and motor systems, and several recent studies are at the 

interface of motion capture, biomechanics and neuroscience89,126–128. 

Thus, these higher-dimensional behaviour variables will be critical to 

reveal biological insights with joint modelling approaches.

Inspired by this, we believe that the next-generation hybrid objec-

tive models in neural data should move beyond the conventional 
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encoder–decoder pipeline or single-modality supervision. Rather 

than treating spikes as outputs and behaviour as labels, or vice versa, 

truly multimodal neural models can learn embeddings that simul-

taneously predict, align and reconstruct multiple streams: spiking 

activity, behavioural videos or other task-related stimuli. This likely 

requires objective functions that integrate self-supervised contras-

tive, generative and reconstruction-based losses, enabling models to 

reason jointly about neural dynamics, internal states and externally 

observable behaviours. Specially, future approaches may incorporate 

latent dynamics with high-dimensional output modelling, where the 

goal is to reconstruct visual stimuli or even the biomechanical level of 

behaviour given neural recordings, or vice versa. Such tasks will benefit 

from architectural innovations beyond transformers or state-space 

models (Fig. 1). Although those generic architectures scale efficiently 

to long sequences, it is still active research in machine learning to tailor 

such multimodal networks to input–output multiple tasks with high 

performance. Also, new architectures tailored to spatio-temporal 

structure in neuroscience data might need to be considered. These 

hybrid frameworks may lead to foundation models (Box 2) that infer 

shared latent spaces of perception and action, enabling generalization 

across tasks, individuals and experimental settings.

Here, we also briefly link to data-driven and task-driven models 

of the brain. Work in this field also leverages the power of AI, but to 

explicitly build models of brain function for hypothesis testing and 

making discoveries (reviewed previously3,26,130). For example, recently 

Wang et al.131 developed a data-driven foundation model for the pri-

mary visual cortex of mice that is trained to predict spiking activity 

in multiple areas of the brain from measured behaviour, such as a 

video stimulus (animal-viewed) and pupil direction and diameter. They 

showed that this model generalizes to predict the response to classic 

visual stimuli (which was not possible before), and the responses in 

other mice. Notably, this model demonstrates the ability to predict cell 

types and anatomical areas131, illustrating the potential for multimodal 

applications.

Trustworthy, interpretable and performant  
joint models
As joint models become more central to neuroscientific discovery, 

we argue that it is no longer sufficient to benchmark solely on perfor-

mance in spike prediction or behavioural decoding. Instead, we must 

systematically assess mechanistic interpretability metrics, such as 

‘consistency’, ‘identifiability’ and ‘robustness’ of the models — core 

properties that reflect whether models yield reproducible, interpret-

able representations across runs, data sets and participants (Box 1). 

These criteria are essential for building trustworthy and scientifically 

useful models. Thus, future benchmarking efforts should also focus on 

trustworthiness and interpretability in joint brain–behaviour models, 

and we propose a scorecard to help shape these efforts (Table 1).

Trustworthiness derives from consistency, identifiability and 

robustness. Consistency across runs measures the stability of embed-

dings or predictions when models are retrained with different random 

seeds or data subsets, ensuring reproducibility54,132. Identifiability eval-

uates whether latent representations can be uniquely recovered up to 

simple transformations (for example, linear mappings) across sessions 

or individuals, crucial for meaningful cross-data set comparisons51,54. 

Robustness to noise and perturbations quantifies sensitivity to input 

corruption, missing data or adversarial attacks, highlighting model 

reliability under real-world conditions133 (Table 1). Although this is 

often not considered in neuroscience research, in real-world neuro-

technology applications such as BMIs there is growing recognition 

of such issues.

Interpretability considers whether the learned features are both 

human-interpretable and mathematically explainable — whether 

attribution methods such as Shapley values or saliency maps provide 

consistent and faithful explanations of model decisions that general-

ize across data sets134,135. Moreover, recent work to expand explain-

able AI methods with theoretical guarantees in the time domain are 

emerging55,136. In addition, how well learned latent spaces correspond 

across different modalities (such as neural activity and behaviour) — 

cross-modal alignment — can be assessed137–139. Evaluating models in 

these additional dimensions could greatly aid in both tool selection for 

researchers, and for pushing the field to develop more interpretable 

models.

A related line of interpretability work are methods and metrics 

that have been developed to compare representations (Table 1). Clas-

sical methods for comparing neural population dynamics include 

canonical correlation analysis, which identifies linear projections that 

maximize shared variance between data sets140, and representational 

similarity analysis, which compares pairwise dissimilarity matrices of 

neural responses141. Centred kernel alignment was later introduced 

into machine learning to robustly compare representational spaces, 

even across layers of deep networks, and has since been shown to be 

mathematically related to representational similarity analysis under 

certain conditions142,143. Emerging methods include shape metrics, 

which is a very promising approach proposed by Barbosa et al.144 and 

Williams et al.145. In brief, this approach builds on, and formalizes, 

Table 1 | Scorecard for joint brain–behaviour models

Category Metric Description

Performance

Spike prediction R2, log likelihood Accuracy of predicting spikes from 
the learned latent space

Behavioural 
decoding

Decoding score 
(for example, R2)

Accuracy of decoding behaviour 
or task variables from the latent 
space

Trustworthiness

Consistency Embedding stability 
(for example, 
R2 across runs)

Consistency of latent spaces 
across random seeds and similar 
data sets

Robustness Robustness to 
noise and dropout

Model resilience to input 
corruption, noise or missing data

Identifiability Linear identifiability 
test

Ability to recover latent 
representations up to linear 
transformations (that is, they differ 
from the true latent variables 
only by rotation, scaling and 
translation)

Interpretability

Explainability 
(XAI)

Attribution 
consistency

Reproducibility of feature 
attributions across runs or 
data sets

Representational 
Similarity

Cross-model and/or 
session alignment

Alignment of latent spaces 
across sessions or animals 
(for example, Procrustes shape 
metrics, representational similarity 
analysis, centred kernel alignment, 
dynamic similarity analysis)

R2, coefficient of determination; XAI, explainable artificial intelligence.
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Procrustes distances146 to quantify similarity in neural populations 

by evaluating explicit geometric transformations between neural 

trajectories, allowing flexible specification of distance measures that 

capture population-level neural dynamics. Another metric is dynamic 

similarity analysis, which is a non-linear metric that compares the 

spatio-temporal elements of dynamical systems147.

Open challenges
Modelling across diverse neural and behavioural data types is not with-

out complexity. As implicitly noted in this Review, challenges arise from 

differences in sampling rates, modality-specific noise characteristics, 

and methods to both assess performance and the resulting represen-

tational geometries of the models. A major challenge is the heteroge-

neity of data types, including spike trains, functional MRI signals and 

video-based pose estimation, each having different sampling rates, 

noise profiles, assumptions and generative mechanisms. Developing 

robust frameworks that can handle asynchronous, incomplete and 

noisy multimodal data streams remains a critical challenge.

As experimental paradigms become more naturalistic, the number 

of relevant behavioural measurements and variability (might) grow 

substantially. This creates a fundamental tension: more realistic behav-

iours require more complex models, but limited data necessitates 

simpler approaches to avoid overfitting. Cross-session modelling 

can help here. However, although we can now train powerful models 

across multiple sessions, they rely on strong assumptions. How can this 

be done correctly when inputs and computations vary across trials, 

sessions or behavioural contexts?

Model selection also remains an open problem; particularly, when 

ground truth latent states are unavailable, it becomes challenging to 

know whether the learned latents are meaningful. To aid in this, we 

argue that traditional metrics such as reconstruction error or decoding 

accuracy must be supplemented with measures such as explainability, 

robustness and representational similarity (Table 1). Model selection 

could also involve leveraging activity recorded in other brain areas. 

Indeed, inferring putative unmeasured inputs such as sensory inputs, 

neuromodulatory signals or those from upstream brain areas is a major 

open challenge.

Notably, interpretability is a critical challenge. Deep learning 

models, particularly large-scale transformers and multimodal founda-

tion models, may not produce human-interpretable latents. As these 

models grow in complexity, their outputs risk becoming disconnected 

from mechanistic insight unless constrained by priors or structured 

inductive biases grounded in neuroscience.

Conclusions
In summary, we synthesized recent advances in joint modelling of neu-

ral and behavioural data, with a focus on methodological innovations, 

scientific and engineering motivations, and key areas for future innova-

tion. Specifically, we discussed innovations in discriminative, genera-

tive and contrastive joint models and recent advances in behavioural 

Glossary

Agent-based systems
Artificial intelligence (AI) systems 

capable of autonomous goal-directed 

behaviour, including planning, 

reasoning and interaction with their 

environment to achieve specified 

objectives.

Attribution methods
Techniques that identify which input 

features contribute most to a model’s 

output.

Decoder
A network module that transforms 

latent representations back into 

the data domain, reconstructing or 

generating outputs.

Deep learning
A subset of machine learning 

using multilayer neural networks 

to learn complex, hierarchical data 

representations.

Digital twin
A computational replica of a real 

system used for simulation, prediction 

or control.

Discrete state transitions
Changes between distinct system 

states, often modelled as jumps in 

state-space dynamics.

Embeddings
Vector representations capturing 

semantic or structural relationships 

among data elements.

Encoder
A network module that maps inputs 

into a latent space.

Latent space
The abstract representation space 

where encoded data are organized by 

learned features. Latent representations 

live in the latent space, just as integers 

live in the set of integers Z. It is a space, 

because it also has structure. For 

instance, often you can add two latent 

representations, or take the average.

Machine learning
Algorithms that learn patterns from 

data to make predictions or decisions 

without explicit programming.

Neural dynamics
The time-evolving activity patterns and 

interactions among neurons or artificial 

network units.

Poisson loss
A likelihood-based loss for count 

data assuming Poisson-distributed 

observations. Commonly used to 

model spike counts in neuroscience. 

Poisson noise
Random variability in count data arising 

from discrete stochastic events.

Self-supervised learning
Learning representations from 

unlabelled data such as by predicting 

masked parts of the input from other 

parts, or learning from temporal 

structure.

Supervised learning
Learning from labelled data pairs (x, y) to 

map inputs x to known outputs y.

Topological data analysis
Method using topology to characterize 

the shape and structure of complex 

data.

Universal approximators
Given enough capacity, neural networks 

can approximate any continuous 

function on compact domains to 

arbitrary precision. For example, even 

a feedforward network with a single 

hidden layer of su�icient width is a 

universal approximator.

Zero-shot performance
The performance of a model when 

evaluated on tasks or samples without 

training data (from this task/setting). 

This evaluates generalization. Few-shot 

evaluation allows training on a few 

samples.
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analysis methods, including pose estimation and hierarchical behaviour 

analysis. In addition, we argued that traditional metrics such as the 

reconstruction error or decoding accuracy must be supplemented 

with measures such as explainability, robustness and representational 

similarity. We believe that their incorporation will yield new hybrid 

approaches that can leverage the rich diversity of behaviour, but also 

allow for new principles of neural coding to be uncovered.

Joint brain–behaviour modelling is rapidly reshaping the ability 

to understand how neural dynamics generate complex behaviour. 

Looking ahead, the fusion of discriminative, generative and contrastive 

approaches, large-scale neural recordings and multimodal behavioural 

measurements from high-level behavioural states to biomechanics 

promises not just better prediction but conceptual breakthroughs. 

Moving beyond joint models that capture the latents of neural dynam-

ics as shaped by behaviour, future models may begin to uncover new 

mathematical principles of neural computation. Can emergent laws 

that describe how dynamic neural systems encode, transform and act 

on information be discovered?

The most exciting frontier lies in discovering emergent laws that 

describe how dynamic neural systems encode, transform and act on 

information — principles that might be as fundamental to neurosci-

ence as conservation laws are to physics. As computational power 

grows and data become richer across ecological contexts and diverse 

species, we anticipate that the next generation of embodied, situated 

and hierarchical models will not merely simulate brain function but 

also reveal the organizing principles that make adaptive intelligence 

possible. By embracing the full complexity of natural behaviour while 

grounding our models in the physical reality of bodies moving through 

environments, we believe the field stands at the threshold of a new 

synthesis — one that will transform both our understanding of bio-

logical intelligence and our ability to create artificial systems that 

exhibit truly adaptive, flexible behaviour. The challenge ahead is not 

just technical but conceptual: can we develop theoretical frameworks 

powerful enough to bridge the gap between the richness of natural 

behaviour and the elegance of fundamental principles? We are opti-

mistic that the answer is yes, and we look forward to contributing to 

this transformative journey.

Published online: xx xx xxxx
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