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Machine learning is revolutionizing behavioral neuroscience by enabling the

study of animal behavior with greater ecological validity while maintaining

experimental rigor. Traditional manual observation methods in ethology are

constrained by subjectivity, costs, and low throughput, whereas modern

machine learning algorithms now provide quantitative tools to investigate

natural behavior with unprecedented precision. This mini review surveys

recent advances in machine learning for behavioral neuroscience, focusing

on markerless pose estimation and unsupervised behavioral clustering, and

discusses their roles along the typical research pipeline, from tracking and

detection to classification and integration of behavioral and neural data. Open-

source platforms using deep learning–based image processing have turned

video cameras into high-resolution measurement devices, while unsupervised

methods extend inference across large-scale behavioral recordings. In

laboratory settings, machine learning enables fine-scale analysis of animal

kinematics and their relationship to neural activity, while in field studies it

enhances longitudinal data collection through drone and satellite imaging.

These approaches expand ethological research by quantifying movement,

segmenting behavior into meaningful units, detecting transient events often

missed by human observers, and bridging behavior with brain activity via

joint latent spaces and closed-loop paradigms. Although challenges remain

in handling high-dimensional datasets, machine learning offers powerful

opportunities for more comprehensive neuroscientific insights. By bridging

the controlled precision of the laboratory with the complexity of real-world

environments, these methods advance our understanding of animal behavior

and its neural underpinnings, providing experimentalists with practical tools

to design, implement, and interpret more naturalistic studies in the field of

ethological neuroscience.
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1 Introduction 

Hirsch (1986) famously remarked that “Nothing in 
neurobiology makes sense–except in the light of behavior.” 
Indeed, understanding behavior is fundamental to neuroscience, 
yet it has long presented a methodological bottleneck. Unlike 
neural signals, which can be precisely captured with modern 
recording technologies, behavior unfolds continuously across 
multiple spatial and temporal scales and is notoriously diÿcult 
to measure objectively (Pereira et al., 2020; Calhoun and El 
Hady, 2023). Ethological neuroscience emerged to counteract 
the limitations of highly controlled laboratory paradigms, which 
often minimize behavior variability at the expense of ecological 
validity. By prioritizing spontaneous and naturalistic responses, it 
brings experimental conditions closer to the ecological context in 
which neural circuits evolved, without overreliance on learned task 
performance. This approach demonstrates the engagement of only 
a fraction of the neural repertoire at stereotyped laboratory tasks 
that evolved for complex and naturalistic behaviors. However, 
this ecological focus places even greater demands on behavior 
quantification (Gomez-Marin et al., 2014; Krakauer et al., 2017). 
Early methods, whether hand-coded ethograms or task-specific 
scoring systems, were labor-intensive, subjective, and often 
restricted to simplified paradigms, which even require weeks 
to manually analyze hours of video to track only a handful of 
predetermined behaviors. These constraints left a persistent gap 
between the richness of behavior in natural settings and the 
precision of laboratory-based measurements (Gomez-Marin et al., 
2014; Sejnowski et al., 2014). 

Machine learning (ML) emerged as a solution to bridge this 
gap. From its statistical roots in regression and classification, 
ML evolved into deep architectures such as convolutional and 
recurrent neural networks that can extract complex patterns 
from high-dimensional data (Krizhevsky et al., 2012). These 
advances in computer vision and pattern recognition opened the 
door to automated analysis of complex biological data (Pichler 
and Hartig, 2023). Among neuroscience applications, behavioral 
research has seen the most transformative impact: video-based ML 
now enables scalable, non-invasive quantification of spontaneous 
movement with unprecedented precision. What once required 
weeks of manual scoring can now be processed automatically in 
hours, turning ordinary video into structured datasets that capture 
naturalistic behavior across laboratory and ecological contexts 
(Pereira et al., 2020; Couzin and Heins, 2023). 

This mini review outlines how ML is reshaping ethological 
neuroscience by enabling high-resolution, unbiased, and scalable 
quantification of natural behaviors, linking them to neural activity 
in ways that were previously impossible. We focus specifically on 
video-based methods, as they have seen the most rapid adoption 
and the greatest impact on experimental practice. The next sections 
are organized along a pipeline that mirrors the research process: 
the tracking of animals in space and time (Section “2.1 Tracking 
animals in space and time”), the detection and classification of 
actions (Section “2.2 Detecting actions and classifying behavior”), 
and the integration of behavioral data with neural recordings and 
internal states (Section “2.3 Linking behavior with neural activity”). 
For each domain, we highlight the conceptual advances introduced 
by ML and situate widely used tools within this framework. For 

a comprehensive overview, see Mathis and Mathis (2020), Couzin 
and Heins (2023), Luxem et al. (2023), Nagy et al. (2023), Saoud 
et al. (2024), Vogg et al. (2025). Together, these developments 
illustrate how ML enables a synthesis of laboratory precision and 
ecological validity, oering new opportunities to study the neural 
basis of natural behavior. 

2 Main 

2.1 Tracking animals in space and time 

One of the challenges in ethological neuroscience is obtaining 
precise, objective, and high-throughput measures of animal 
movement. Traditional methods like scoring sheets were labor-
intensive, subjective, and constrained in resolution, limiting 
the scale of behavioral experiments. ML, and in particular 
convolutional neural networks (CNNs), has revolutionized this 
field with automated video analysis across diverse contexts. 
By turning ordinary video cameras into high-resolution tools, 
these approaches bridge the gap between ecological validity and 
experimental rigor. 

Before ML, computer vision relied on simple techniques like 
edge detection or blob tracking, which captured only coarse 
movement and often fails in complex environments. CNNs 
shifted this paradigm by extracting high-level visual features, 
allowing detection, classification, and tracking animals across 
varied setting. From specialized laboratory cameras to consumer 
devices, drones, CCTV, and camera traps, they enable studying 
freely moving animals in controlled and naturalistic environments. 
This revolutionized behavioral research, turning raw video into 
structured, quantitative datasets. 

Tracking levels vary by research requirements. Broadly, image 
classification, object detection and centroid tracking focus on 
identifying the animal’s presence and location. YOLO (Redmon 
et al., 2016), a real-time object detection algorithm excels in fast 
tracking over many frames, prioritizing location over orientation 
or pose. More advanced tracking systems often use such object 
detection to crop complex scenes before applying additional 
tracking techniques to the isolated regions of interest. This top-
down approach is particularly eective in multi-animal tracking 
systems like maDLC (Lauer et al., 2022). Other multi-animal 
tracking tools like TRex (Walter and Couzin, 2021) and idtracker.ai 
(Romero-Ferrero et al., 2019) integrate computer vision and CNNs 
to handle identification in crowded scenes. These approaches are 
particularly useful for collective behavior or field studies, where 
orientation or fine-scale kinematics may be less critical than 
monitoring overlapping trajectories across time and space. 

For many ethological questions, however, it is essential to 
move beyond location and capture markerless, keypoint-based pose 
tracking. CNNs can be trained to identify specific body parts (e.g., 
nose, ears, limbs) to form a keypoint-based skeletal representation 
of the animal, enabling quantification of posture and kinematics 
such as joint angles. Widely adopted tools such as DeepLabCut 
(Nath et al., 2019), SLEAP (Pereira et al., 2022), MARS (Segalin 
et al., 2021), and DeepPoseKit (Graving et al., 2019) have made 
markerless tracking highly flexible across species and behaviors (see 
Monsees et al., 2022; Moore et al., 2022; Kirkpatrick et al., 2022 
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for x-ray video tracking examples), establishing it as a cornerstone 
of non-invasive, naturalistic neuroscience. For instance, in wild 
primates the use of pose tracking has been used to quantify facial 
resemblance of mandrills, revealing a paternal kin signal in social 
aÿliations (Charpentier et al., 2020), or to track multi-individual 
movements of wild chimpanzees and bonobos in complex forest 
habitats, enabling fine-scale measurement of locomotor and social 
behavior in the field (Wiltshire et al., 2023). Similarly, audio 
and video tracking has been used to identify nut-cracking and 
drumming behavior in wild chimpanzees, uncovering age- and sex-
specific patterns in these communicative and foraging behaviors 
(Bain et al., 2019). 

More recently, 3D pose estimation has expanded what can be 
measured from video beyond 2D tracking. Multi-view triangulation 
methods reconstruct 3D trajectories by combining synchronized 
camera feeds (Nourizonoz et al., 2020; Sheshadri et al., 2020; 
Karashchuk et al., 2021; Ebrahimi et al., 2023), while 3D lifting 
approaches infer spatial structure directly from single-camera 
recordings. These models learn geometric constraints from paired 
2D–3D data and exploit the fact that animal movement occupies 
only a limited subset of possible postures (Gosztolai et al., 2021). 
More recent volumetric CNNs integrate multiple camera views 
into 3D voxel representations rather than triangulated coordinates, 
allowing the network to learn spatial geometry directly and avoid 
reprojection errors (Abbaspoor et al., 2023). Related architectures 
also integrate temporal information directly within convolutional 
space (Grinciunaite et al., 2016; Reddy et al., 2021). Although 
still developing, these methods capture the spatial and temporal 
richness of animal interactions with unprecedented precision, 
providing a foundation for truly three-dimensional ethological 

analyses. For example, 3D tracking has been used to quantify how 
spatial and temporal movement patterns evolve during learning 
in freely moving macaques, revealing systematic changes in object 
interaction sequences as task proficiency increases (Abbaspoor 
et al., 2023). Similarly, 3D reconstruction of tool-tip trajectories 
in carrion crows showed how motor precision and movement 
stereotypy emerge with practice, providing fine-grained insight into 
the development of skilled tool use in birds (Moll et al., 2025). 

A complementary strategy leverages marker-based motion 
capture to improve model training. Systems such as DANNCE 
(Dunn et al., 2021) and 3D-POP (Naik et al., 2023) integrate motion 
capture coordinates into CNN training pipelines, substantially 
improving tracking accuracy with significantly less manual 
labeling. These models generalize to markerless recordings, 
enabling accurate pose estimation where markers are impractical. 
Additionally, with overtrained models on large datasets, these 
systems can predict accurate 3D poses from single-view videos by 
leveraging the learned geometry of the marker-based skeleton. 

Together, these tracking methods represent a profound shift in 
the structure of behavioral datasets. They transform raw video into 
continuous, high-dimensional time series of body-part coordinates, 
forming the basis for reproducible, shareable datasets across species 
and laboratories (Ye et al., 2024). This open-source ecosystem 
allows researchers to build on pretrained models and existing 
data, reducing redundancy and advancing comparative work. By 
converting raw video into structured, quantitative behaviors, CNN-
based tracking now underpins modern ethological neuroscience, 
revealing subtle behavioral motifs, multi-individual interactions, 
and long-term dynamics that often escape human observation 
(Figure 1). 

FIGURE 1 

Integrative framework for ethological neuroscience using machine learning. This schematic summarizes stages for quantification and interpretation 
of animal behavior with contemporary computational tools. Left: behavioral repertoires range from naturalistic and species-typical actions to 
conditioned and socially coordinated behaviors, illustrating ecological and cognitive diversity across animal models. Center: multimodal data 
recording integrates multi-camera video capture, sensory environment monitoring (e.g., sound, odor), physiological measures (e.g., pupil dynamics) 
and neuronal recordings (electrophysiology, imaging). Middle–right: data analysis pipelines apply pose estimation and feature extraction to video 
and physiological signals, followed by classifiers and pattern-discovery algorithms (e.g., SVM, k-NN, CNNs) to identify behavioral units and 
trajectories. Right: the final column explicitly links analysis outputs to explanatory levels, from body kinematics, through actions and movement 
trajectories, to neural activity. Showing how machine learning uncovers behavioral sequences, hierarchical structure, and joint latent spaces that 
bridge behavior and brain activity. 
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2.2 Detecting actions and classifying 
behavior 

While pose tracking provides kinematic data, it must be 
translated to behavioral categories. Ethological neuroscience seeks 
not only to capture how animals move, but also to understand 
what they do, its timing, and sequence. Manual annotation is 
slow, subjective, and limits throughput and discovery. ML methods 
address these issues by automatically segmenting high-dimensional 
movement data into discrete behavioral motifs and uncovering 
both sub-second and large-scale patterns. 

Behavior classification roughly splits into supervised 
and unsupervised methods. Supervised approaches rely on 
labeled training data, ideal for specific hypotheses about 
predefined behaviors. Classical algorithms such as k-nearest 
neighbors, support vector machines, or random forests have 
been successfully applied to learn feature representations 
from pose data and classify behavior with high accuracy. 
For instance, supervised classification methods have been 
used to detect Drosophila behaviors specific to aggression 
and courtship (Dankert et al., 2009), to track the behavioral 
repertoire of pigeons (Wittek et al., 2023), or to analyze mice 
behavior, revealing precise patterns of grooming, rearing, and 
locomotion, and enabling the quantification of behavioral 
dierences linked to genetic or pharmacological manipulations 
(Kabra et al., 2013). 

In contrast, unsupervised methods identify patterns without 
pre-labeled examples, enabling a more exploratory perspective. 
They use dimensionality reduction and sequence modeling to 
embed pose data into latent spaces, from which statistically 
distinct behavioral motifs can be extracted. For example, VAME 
(Luxem et al., 2022) and B-SOiD (Hsu and Yttri, 2021) apply 
deep-learning and clustering algorithms to identify recurring 
motifs, while keypoint-MoSeq (Weinreb et al., 2024) employs 
probabilistic sequence modeling to capture temporal dynamics 
and recurring action patterns. Behavioral Flow Analysis (von 
Ziegler et al., 2024) extends this approach by linking behavior 
quantification to statistical testing, summarizing behavior via 
the transition structure between stabilized clusters. This low-
dimensional fingerprinting increases statistical power and 
improves cross-experiment comparability. 

Benchmarks show that dierent unsupervised methods 
produce distinct behavioral segmentations, emphasizing the 
importance of method choice (Mlost et al., 2025). Based on this 
comparison, B-SOiD excels at fine-grained kinematic clustering, 
VAME captures smooth latent dynamics, Keypoint-MoSeq 
identifies temporally structured motifs, and Behavioral Flow 
Analysis is particularly suited for cross-dataset comparability 
and group-level statistical testing. However, supervised methods 
retain the advantage that performance can be readily evaluated 
against manual labels, facilitating quantification of accuracy 
and reliability. 

By translating movement into meaningful behavioral units, 
ML enables ethological neuroscience to uncover structure in 
what once appeared as continuous variability. Increasingly, 
hybrid approaches that combine supervised and unsupervised 
strategies are emerging to integrate hypothesis-driven testing with 
exploratory discovery. 

2.3 Linking behavior with neural activity 

Understanding how neural activity gives rise to behavior has 
long been limited by a mismatch in resolution: neural recordings 
oer millisecond precision, whereas behavioral measurements were 
often coarse and categorical. ML-based tracking is closing this gap 
by providing automated, high-resolution measures of movement 
and posture that can be directly aligned with neural data. This 
convergence enables more naturalistic studies where brain activity 
and internal states are linked to behavioral dynamics. 

Machine learning methods are increasingly used to uncover 
structure in large-scale neural recordings and their relationship 
to behavior. Dimensionality reduction techniques such as PCA 
and UMAP condense high-dimensional activity into interpretable, 
lower-dimensional components (Cunningham and Yu, 2014). 
Supervised deep-learning approaches can decode sensory inputs or 
predict motor intentions from neural data (Yamins and DiCarlo, 
2016), while recurrent neural networks (RNNs) capture temporal 
dynamics of decision-making and motor control (Mante et al., 
2013). Yet, these approaches traditionally treated neural data in 
isolation. Recent work shows that spontaneous movement explains 
a large share of cortical variability, emphasizing the need for 
behaviorally grounded analyses (Musall et al., 2019). 

New methods now combine behavioral and neural data into 
shared latent spaces. Generalized linear model–hidden Markov 
models describe how transitions between behavioral states relate to 
shifts in neural activity (Calhoun et al., 2019), identifying behavioral 
state transitions in freely moving mice that correspond to shifts 
in cortical population activity, linking spontaneous actions with 
internal neural dynamics. Similarly, contrastive and self-supervised 
learning approaches such as CEBRA (Schneider et al., 2023) 
identify subtle correspondences between brain activity and ongoing 
behavior, revealing place- and head-direction–tuned neurons in the 
rat hippocampus, and providing high-accuracy decoding of natural 
videos from visual cortex activity in mice. These methods advance 
ethological neuroscience, enabling the study of naturalistic, high-
dimensional behavior alongside neural dynamics. 

Integrating behavior and neural data also reshapes 
experimental design. Real-time tracking enables closed-loop 
paradigms, in which specific postures or actions trigger neural 
stimulation or sensory feedback. For instance, optogenetic 
stimulation of the ventromedial hypothalamus in mice, combined 
with automated tracking of aggressive encounters, has revealed 
causal links between neural circuits and social behavior (Lin et al., 
2011). Tools such as DeepLabStream (Schweiho et al., 2021) 
and DeepLabCut-Live (Kane et al., 2020; Gonzalez et al., 2025) 
now make such experiments feasible with markerless, low-latency 
pose estimation. For instance, by integrating high resolution 3D 
tracking with location-triggered interactive rewards boxes and 
wireless neurophysiology in a closed loop setup, Nourizonoz 
et al. (2020) demonstrated the existence of hippocampal 3D 
place-cell-like activity in freely moving mouse lemurs. 

Together, these advances are transforming ethological 
neuroscience. High-resolution behavioral tracking ensures that 
neural data are interpreted in the context of what animals 
are actually doing, while joint latent spaces and closed-loop 
designs reveal how internal brain states map onto overt behavior. 
ML thus provides the means to move from correlation to 
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mechanism, linking the dynamics of the brain and body within 
naturalistic settings. 

3 Discussion 

3.1 Advances in ethological neuroscience 

The rapid development of video-based tracking reflects 
a growing demand for precise behavioral quantification in 
ethological neuroscience. ML has advanced multiple new methods: 
supervised pose estimation and behavior classification enables 
detailed quantification of spontaneous behavior, social interactions 
and aggression, as well as closed loop experiments triggered 
by behavior sequences; unsupervised representation learning 
and variational embeddings reveal structured latent behavioral 
motifs directly from continuous behavior; and markerless 2D–3D 
tracking enables the study of gestures, group dynamics, and 
object manipulation in naturalistic environments. Together, 
these tools provide the spatial, temporal, and dimensional 
resolution needed to link neural activity with naturalistic, 
high-dimensional behavior. Importantly, these advances have 
enabled causal links between specific actions and neural circuits, 
detection of 3D place- and head-direction–tuned neurons, and 
decoding visual cortex activity, while scalable tracking in semi-
natural arenas facilitates the study of collective behaviors. 
These developments align with calls for a computational 
neuroethology that unites brain and behavior (Datta et al., 
2019). 

3.2 Technical challenges 

Despite the rapid adoption of ML, several methodological 
and infrastructural challenges remain. Behavioral data are 
inherently complex, requiring discretization into frames, 
trajectories, or annotated events. Most datasets rely on 2D 
video recordings, which obscure 3D movement, motivating 
the use of multi-view triangulation and 2D–3D reconstruction. 
Moreover, automated tracking produces high-dimensional 
datasets that require dimensionality reduction and complex 
analytical strategies to reveal latent structures relevant to 
neural dynamics. 

Infrastructural demands are another bottleneck. High-
resolution, multi-camera systems generate terabytes of data, 
which require robust storage, compression, and archiving. 
While computational resources such as GPUs have become 
more accessible, the greater challenge lies in standardization 
and reproducibility. Models trained in one lab often fail to 
generalize to new conditions, species, or lighting environments, 
underscoring the importance of consistent preprocessing pipelines 
and open-data practices. 

Open-science provides a promising path forward. Sharing 
datasets, analysis pipelines, and model repositories accelerates 
method transfer and reproducibility while improving animal 
welfare through data reuse. Emerging resources such as 
standardized data formats, labeled datasets, and pretrained 

models, including the DLC ModelZoo and SuperAnimal models 
(Ye et al., 2024), promote transparency and cross-lab collaboration. 

Finally, successful adoption of these techniques requires 
appropriate training. ML-based behavioral analysis depends on 
programming, data handling, and model interpretation skills 
that are not yet uniformly taught in neuroscience programs. 
Educational eorts such as Neuromatch Academy and the Cajal 
NeuroKit are helping democratize access, but broader institutional 
support and mentorship remain key to ensure that advances in ML 
benefit the field widely. 

3.3 Future directions 

The next phase of ethological neuroscience will likely 
be shaped by continued advances in ML and experimental 
design. Closed-loop paradigms that combine real-time 
tracking with neural manipulation are already allowing 
causal tests of circuit hypotheses in freely moving animals. 
At the same time, a gradual shift from strictly controlled 
laboratory conditions toward statistically controlled, 
naturalistic environments promises to improve ecological 
validity and reveal how the brain operates in complex, 
dynamic settings. 

As ML methods mature, this synthesis between controlled 
experimentation and naturalistic observation could allow 
neuroscience to investigate brain–behavior relationships in 
the ecological contexts where they evolved. By integrating open-
science practices and reproducible infrastructure, ethological 
neuroscience is poised to connect the precision of the 
laboratory with the richness of real-world behavior, oering a 
more complete understanding of how neural systems support 
adaptive action. 

4 Conclusion 

Machine learning has opened a new analytical era for 
behavioral neuroscience. It allows researchers to quantify the 
statistical structure and dynamics of behavior with a precision 
that parallels modern neural recording, enabling more direct 
links between brain activity and natural action. Beyond replacing 
manual scoring, these methods reveal the organization of 
behavior itself, exposing patterns that were previously invisible to 
human observers. 

This transformation extends beyond technique. Treating 
behavior as a complex phenomenon invites a more integrative 
view of the nervous system, one that situates neural computation 
within the animal’s goals, body, and environment. Open-data, 
standardized pipelines, and shared pretrained models are already 
reinforcing this shift, making analyses more reproducible and 
comparable across species and contexts. 

Ultimately, the convergence of behavioral measurement and 
computational modeling promises to move neuroscience toward a 
truly mechanistic understanding of how brains generate adaptive 
behavior. By embracing this perspective, ethological neuroscience 
can illuminate not just what the brain controls, but how it organizes 
action in the world. 
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