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PUBLIC SUMMARY

= Traditional ethology often relies on task-constrained apparatuses, yielding low-dimensional behavioral measures.

= Artificial Intelligence (Al) now enables the analysis of freely moving animals in more natural spaces.

= Al drives pose estimation, action recognition, identity tracking, and body language understanding.

= Ambiguous definitions, data heterogeneity, and social complexity remain major challenges.

= Physical simulations and the forward-looking concept of "behavioral nucleotides” may inspire future research.
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Animal behavior offers a critical window into brain function, yet its inherent
spatiotemporal complexity has long posed a formidable challenge to objec-
tive and fine-grained quantification. This review systematically surveys
how Artificial Intelligence (Al) is revolutionizing ethology. We first dissect
the key advances in the Al-driven pipeline for behavioral quantification,
from pixel-level pose estimation, to automated feature identification and
classification, to identity tracking and social communication, and finally to
semantic-level behavioral interpretation, achieving a new level of precision
and objectivity compared to manual and traditional methods. Subsequently,
we critically examine the persistent challenges, including the ambiguity of
behavioral definitions, the lack of standardization across experimental
paradigms, and the difficulty in understanding higher-order behavioral
sequences. Finally, we discuss emerging directions such as virtual animals
and speculative concepts, including "behavioral nucleotides”. The advent of
Al is not only refining experimental methodologies but also providing new
conceptual and analytical tools for understanding animal behavior and
strengthening its relevance to translational research.

INTRODUCTION

Animal behavior refers to the dynamic responses exhibited by organisms
to adapt to their environment for survival and reproduction,” which can be
regarded as an explicit phenotype of the brain.” These manifestations are
regulated by internal physiological states, including gene expression and
hormone levels, as well as by external environmental stimuli. For example,
murine feeding behavior is internally modulated by hypothalamic AgRP
neurons while being triggered externally by food cues;" similarly, instinctual
defensive responses under the looming paradigm are shaped by specific
neural pathways and constrained by spatial factors like the presence of a
nest.”" Behavior is a bridge between neural circuits and their environments,”
making it essential for studying neural mechanisms and evaluating drug effi-
cacy. Several frameworks in computational ethology describe behavior hier-
archically, progressing from postural configurations and movement modules
to higher-order behavioral sequences and comprehensive ethograms.®'

The classical paradigm in ethology has long been predicated on manual
observation and descriptive recording. In these highly controlled settings,
most environmental variables are held constant to isolate specific behaviors,
thereby reducing them to a few degrees of freedom."*'* This approach
demands restrictive experimental designs, such as utilizing Y-mazes to
calculate correct food-seeking attempts for memory evaluation, three-cham-
ber tests to measure social preference, or open-field tests to count central
zone entries for anxiety assessment. Consequently, the resulting analyses
were often restricted to low-dimensional metrics such as trajectory and
velocity. In recent years, research has gradually shifted toward behavior in
more naturalistic and unrestrained settings, allowing complex brain states to
manifest more fully and yielding more authentic behavioral expressions.”
However, this pursuit of ecological validity dramatically escalates the

spatiotemporal complexity of behavior. Manual observation in these uncon-
strained scenarios is highly subjective, labor-intensive, and prone to error,
severely limiting high-throughput analysis. More importantly, traditional
manual quantification no longer matches the high resolution and granularity
of modern neural recording and manipulation technologies, such as high-
density silicon probes and optogenetics. This discrepancy imposes far more
stringent demands on the methods used for behavioral quantification.

Early attempts to automate tracking in the 2000s relied on traditional
computer vision techniques like background modeling and edge detection.
While useful for simple objects, these human-defined algorithms lacked the
generalization needed for complex biological scenes. Over the past decade,
deep learning'® has catalyzed a technological revolution in computational
ethology. The integration of techniques like millimeter-scale keypoint estima-
tion, three-dimensional (3D) reconstruction, and robust identity tracking
allows for the precise capture of each animal's complete kinematic profile.'®'
On this foundation, spatiotemporal neural networks and behavioral low-
dimensional embedding pipelines enable the objective and accurate classifi-
cation of behavioral segments, including both interactive and individual
behaviors, as well as the determination of their start and end times.®'*'*?'
Unsupervised behavioral decomposition has begun revealing novel, sub-
second movement subtypes previously invisible to human observers,® while
supervised models provide highly accurate real-time classification.”” Further,
emerging Multimodal Large Language Models (MM-LLMs) may support zero-
shot and interactive behavioral description and analysis.”* Despite this rapid
progress, significant hurdles continue to impede scientific advancement,
including highly customized datasets, the semantic ambiguity of behavioral
definitions, the difficulty of quantifying social interactions, challenges in
capturing and interpreting behavior in naturalistic settings, the complexity of
high-dimensional behavioral sequences, and ensuring unique animal identifi-
cation. Looking forward, we discuss technology-supported directions such as
standardized animal models and virtual environments, together with the
forward-looking concepts of "behavioral nucleotides” and "bilingual robotic
animals”. This review systematically surveys the cutting-edge advancements
in Al-driven behavioral analysis, critically dissects the current challenges, and
outlines future directions and opportunities.

CURRENT ADVANCES
The paradigm shift toward naturalistic observations from limited behav-
ioral tests

Traditional behavioral research has historically relied on highly structured
apparatuses where experimenters fix most environmental parameters to
retain minimal degrees of freedom. Researchers use tools like T-mazes,
radial arm mazes, Y-mazes for evaluating spatial working memory, and three-
chamber arenas for assessing social preference’®'* (Figure 1A). These physi-
cal setups deliberately strip away environmental noise to isolate single vari-
ables. By forcing animals into a narrow set of predetermined choices, they
succeed in standardizing the experiment but inevitably sacrifice the observa-
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Figure 1. Paradigm shift from traditional behavioral assays to Al-powered naturalistic animal behavior analysis (A) Traditional experimental paradigms. Traditional research
often relies on task-constrained apparatuses such as the T-maze, Y-maze, radial arm maze, water maze, Barnes maze, and three-chamber social test to measure specific,
limited behavioral metrics. (B) Traditional behavioral analysis workflow, progressing from video capture to trajectory and speed extraction, calculation of basic behavioral metrics,
and statistical analysis. (C) Naturalistic and free-moving environments allow animals to express richer behavioral repertoires, including feeding, social interaction, drinking,
running, and hiding. (D) Five-stage Al-powered workflow comprising Capture, Extraction, Mapping, Understanding, and Analysis. Capture concerns the acquisition of raw visual
and multimodal data; Extraction converts these inputs into structured representations such as poses, trajectories, identities, and three-dimensional reconstructions; Mapping
identifies, clusters, or classifies behavioral patterns; Understanding integrates behavioral outputs with experimental context and domain knowledge to generate behavioral
summaries, higher-level semantic interpretations, and research suggestions; and Analysis quantitatively examines the resulting representations and behaviors to derive statisti-

cally and biologically supported conclusions

tion of spontaneous, ecologically relevant actions. Confining the animal's
physical repertoire in this way inherently limits the scope of quantifiable data
and often fails to reflect the actual cognitive and physical capacity of the
subject. In addition, conventional assays often require animals to be removed
from their home cages and transferred by experimenters into unfamiliar
apparatuses, potentially altering their behavioral state relative to the familiar
home-cage environment and introducing handling-dependent variability into
the measurements.”

Matching these physical restrictions, the analytical methods paired with
these setups are equally constrained. Traditional workflows begin with video
capture, followed by extraction of center-of-mass trajectories and speed.
Researchers then derive rudimentary scalar values from these outputs, which
serve as primary readouts for statistical testing (Figure 1B). Common exam-
ples include counting correct food-seeking attempts, measuring the percent-
age of time spent interacting with a novel conspecific, or recording the
frequency of central zone entries in an open field to quantify anxiety levels.
Although such simplified readouts facilitate high-throughput screening, they
compress complex, multidimensional behavioral states into a limited set of
low-dimensional metrics.

Treating a complex organism merely as a moving dot discards critical
postural information. A center-of-mass trajectory cannot distinguish whether
a stationary animal is freezing in fear, sleeping, or pausing to groom. It
ignores spine curvature, limb coordination, and subtle head movements. Ulti-
mately, these low-dimensional metrics fail to capture the nuanced motor
dynamics necessary to link neural circuit activity with actual physical expres-
sion. More importantly, this gross simplification creates a severe mismatch
with the granularity of modern neuroscience tools. We now have the technol-
ogy to record from thousands of individual neurons simultaneously using
high-density silicon probes, yet we often correlate this massive, high-resolu-
tion neural data with a single behavioral variable like speed or zone prefer-
ence. Bridging the gap between brain and behavior therefore requires a
fundamentally different observational framework.”

Driven by this necessity, modern ethology is undergoing a systemic shift
toward unrestrained, naturalistic experimental arenas™ (Figure 1C). In larger
naturalistic arenas, animals can freely navigate complex terrains and express
feeding, social interaction, drinking, running, and hiding behaviors. Such envi-
ronments allow researchers to observe unconstrained behavioral flexibility
that better reflects complex internal states. These open environments elicit
continuous and diverse behavioral sequences, offering a more realistic
window into how the brain processes and responds to real-world challenges.
Alongside larger naturalistic arenas, automated home-cage monitoring
provides a complementary route for continuous, long-term observation of
spontaneous behavior while reducing repeated handling and experimenter
intervention.”"*

Previous studies have proposed conceptual and computational frame-
works for organizing animal behavior analysis. Building on these foundations,
we organize recent advances in computational ethology and artificial intelli-
gence into five operational stages: Capture, Extraction, Mapping, Understand-
ing, and Analysis (Figure 1D). Capture concerns the acquisition of raw visual
and multimodal data; Extraction converts these inputs into structured repre-
sentations such as poses, trajectories, identities, and three-dimensional
reconstructions; Mapping identifies, clusters, or classifies behavioral patterns;
Understanding integrates behavioral outputs with experimental context and
domain knowledge to generate behavioral summaries, higher-level semantic
interpretations, and research suggestions; and Analysis quantitatively exam-
ines the resulting representations and behaviors to derive statistically and
biologically supported conclusions. These stages are presented sequentially
for organizational clarity, although they may interact iteratively in practical
research workflows. The relationship between this organizational synthesis
and representative prior frameworks is summarized in Table 1.

Al for animal pose estimation
To decode the rich behavioral repertoires elicited in naturalistic environ-
ments, modern ethology relies on a comprehensive Al-powered workflow.
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Table 1. Relationship between the present five-stage organizational synthesis and representative prior frameworks in computational ethology

Framework Primary emphasis workflow

Correspondence to the present five-stage

Scope relative to the present review

Establishing computational ethology

Provides the broad conceptual foundation for

A foundational conceptual framework for
computational ethology rather than a stage-wise
organization of contemporary Al technologies

A focused computational approach for discovering
fine-scale behavioral modules rather than a
complete workflow from multimodal acquisition to
semantic understanding

A field-level research agenda and conceptual
foundation rather than an operational taxonomy of
Al-based processing stages

A methods-oriented synthesis centered on
behavioral quantification; the present review
extends this scope to multimodal acquisition,
individual identification, social communication,
and semantic Understanding with MM-LLMs and
Al agents

Provides an updated operational synthesis
spanning multimodal data acquisition, pose and

Anderson & as an objective and multiscale Capture, Extraction, Mapping, and Analysis by
Perona science of behavioral measurement, emphasizing automated measurement,
(2014)" with links to neural activity and quantitative representation, and multiscale
environmental context characterization of behavior
Unsupervised decomposition of Corresponds primarily to Extraction, Mapping,
Wiltschko  continuous three-dimensional and Analysis through three-dimensional
et al. behavior into recurring sub-second  behavioral representation, unsupervised
(2015)® modules and characterization of module discovery, and transition-probability
their transition structure analysis
caitlbleing computa_tlonal . Supports naturalistic Capture, quantitative
neuroethology as an integrated field . . . .
Datta et al. . . . behavioral representation, brain—behavior
2 connecting naturalistic behavior, . . . -
(2019) 2. . . integration, and Analysis across multiple
neural activity, causal manipulation, .
! . spatial and temporal scales
and computational modeling
Quantifying animal motion and Closely corresponds to Capture, Extraction,
Pereira et behavioral dynamics using modern  Mapping, and Analysis, particularly for pose
al. (2020)° tracking, pose-estimation, tracking, behavioral representation,
’ representation-learning, and supervised classification, and unsupervised
machine-learning methods discovery
Organizes contemporary Al technologies
ours Capture, Extraction, Mapping, according to their inputs, processing

Understanding, and Analysis
behavior research

objectives, outputs, and roles within animal

three-dimensional reconstruction, behavioral
mapping, identity and social analysis, semantic
interpretation with MM-LLMs and Al agents, and
quantitative downstream analysis

This pipeline begins with RGB scene capture in single- or multi-animal
settings (Figure 2A). Optional multimodal sensors, including infrared cameras,
depth sensors, and environmental monitors, can further enrich the acquired
data (Figure 2B). Following this acquisition, the critical first computational
step is extracting structured kinematic features. While traditional computer-
vision tracking methods often lack robustness and generalizability in complex
scenes, Al-driven pose estimation can extract structured kinematic represen-
tations while reducing sensitivity to irrelevant background variation.

Deep-learning-based animal pose-estimation toolboxes now provide
transfer learning capabilities and high tracking accuracy across a range of
experimental settings (Figure 3A). Among them, DeeplLabCut'® combines
relatively limited manual annotation with user-friendly APIs, interfaces, and
documentation, quickly establishing itself as one of the most widely used
open-source pose estimation tools in the field. However, larger models
demand greater computational resources and longer training and inference
times, driving research into developing smaller, more efficient pose estima-
tion systems.”*"

In multi-target scenarios (Figure 3A), pose estimation must address occlu-
sion and keypoint association in addition to precise localization; two main
strategies are widely used.”’ Bottom-up approaches first detect all keypoints
in an image and then assemble them into individual targets. OpenPose™
introduced Part Affinity Fields (PAFs) for accurate multi-target pose estima-
tion and inspired subsequent methods.”**** Top-down approaches instead
use multistage pipelines that reduce multi-animal tracking to single-animal
pose estimation after initial detection or instance segmentation.™ Creating
multi-animal datasets remains time-consuming, especially for images
containing three or more animals, although data augmentation and few-shot
learning can reduce the annotation burden.'**’

Natural environments present additional challenges including rapid scene
changes, intense motion, uneven or dynamic lighting. Appropriate solutions
involve  semi-supervised learning, few-shot learning, and domain
adaptation.”® Continuous dataset expansion also improves model perfor-
mance in real-world applications.*"*

Al for animal 3D reconstruction
Although traditional two-dimensional (2D) images or overhead videos can

support behavioral classification, they omit vertical spatial information and
may lead to incorrect estimates of spatial relationships.'” Three-dimensional
(3D) reconstruction techniques (Figure 3A) can recover more complete
animal morphology and provide richer inputs for motion measurement and
behavioral analysis."” In ethology, 3D reconstruction can be grouped into
three broad categories: keypoint reconstruction, dense point-cloud recon-
struction, and 3D animal-shape modeling.

Keypoint reconstruction focuses on selected anatomical landmarks and
offers high computational efficiency with modest resource requirements.'”
Dense point-cloud reconstruction captures the complete 3D surface and is
particularly valuable for animals with highly deformable bodies.”” Three-
dimensional animal-shape modeling aims to create coherent representa-
tions of morphology. Once a parametric 3D mesh has been established, 3D
shape can be inferred from 2D images using trained models or iterative opti-
mization.**

Orthogonal to these representation types, 3D reconstruction methods can
also be categorized by their computational pipelines into multistage and end-
to-end approaches. Multistage methods first extract 2D keypoints or features
from images or videos and then recover 3D coordinates using multiview
geometry.”” These methods are interpretable and require only 2D image
annotations, but they depend strongly on multi-camera calibration and 2D
tracking accuracy. End-to-end methods instead predict 3D animal skeletons
directly with neural networks. These networks jointly learn keypoint extrac-
tion and 2D-to-3D mapping.***" However, they can be sensitive to back-
ground variation and generally require larger datasets; the diversity of behav-
ioral experiments and the burden of annotation may therefore limit their prac-
tical use.

Al for determining animal behavioral features, duration, and classifica-
tion

In most studies aiming to understand behavioral patterns or conduct
mechanistic or drug research, accurately determining behavioral features,
temporal boundaries, duration, and categorical labels is essential for statisti-
cal analysis and mechanistic interpretation. Traditional manual scoring is
limited by subjective bias, reaction-time variability, and inconsistent bound-
ary definitions, particularly for sub-second actions or rapidly transitioning
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Figure 2. The capture stage in a typical Al pipeline for animal behavior analysis (A) Scene capture using RGB cameras tailored for single-animal, two-animal, or multi-animal
environments. (B) Optional integration of other multimodal sensors to enrich the dataset, such as infrared cameras, event cameras, depth cameras, gyroscopes, touch sensors,
RFID, and environmental sensors, including temperature, humidity, and pressure sensors, ultrasonic microphones, and gas sensors.

behaviors. Al approaches address these limitations by enabling automated
extraction of high-dimensional kinematic features, objective determination of
behavioral onset and offset frames, and scalable classification across large
datasets. Broadly, Al-based behavioral analysis frameworks can be catego-
rized into supervised and unsupervised learning paradigms, each offering
distinct methodological strengths and application scenarios.'”

Supervised learning (Figure 3B) uses labeled examples to predict prede-
fined behavior categories. Conventional pipelines classify manually designed
spatiotemporal features,” whereas deep-learning approaches can learn
discriminative representations directly from video frames.* Although super-
vised methods support accurate and rapid prediction, including real-time
classification,”” they depend heavily on manually labeled datasets and may
generalize poorly to unseen behaviors.

Unsupervised learning, a label-free approach, discovers latent patterns by
analyzing the data's intrinsic structure, enabling automatic behavioral
mapping (Figure 3B). Key steps in unsupervised behavior recognition include
feature extraction and computation, similarity measurement, dimensionality
reduction and embedding, and clustering.”'*'*"*** These methods decom-
pose continuous behavior into modular components, facilitating objective
behavioral representation and enabling the discovery of previously unanno-
tated behavioral motifs. Some unsupervised algorithms'®'**" dynamically
adjust behavioral boundaries during runtime, supporting the precise determi-
nation of sub-second behavioral onset and offset times instead of relying on
fixed sliding windows. This adaptive segmentation better reflects the natural
temporal structure of behavior. Furthermore, employing techniques like hier-
archical clustering allows the resulting behavioral components to align with
the inherent hierarchical structure of behavior. Only limited human annota-
tion may be required for downstream labeling and interpretation, substan-
tially reducing the overall annotation burden.”’

Although unsupervised methods can reveal recurrent behavioral motifs,
computational separability alone does not establish their biological relevance.
Robustness across sessions, individuals, and experimental conditions,
together with explainable analysis of the features driving motif assignment,
can help distinguish stable behavioral structure from recording or algorith-
mic artifacts. Biological interpretation can be further supported by conver-
gent evidence from physiological states, environmental context, neural

recordings, and, where feasible, causal perturbation experiments.”*

From a practical perspective, many unsupervised discovery pipelines prior-
itize behavioral structure discovery rather than real-time prediction, and the
resulting motifs may exhibit within-cluster heterogeneity or ambiguous
boundaries. Supervised approaches may therefore be preferable when prede-
fined labels and accurate online prediction are required. Researchers should
select approaches based on specific requirements.

Al for animal identification and social communication

When analyzing group behavior in multi-animal scenarios, Al frameworks
serve two closely related objectives: maintaining consistent individual identi-
ties (Figure 3A) and quantitatively characterizing social interactions. Reliable
identity tracking ensures continuity of subject-specific behavioral trajectories
over time, while social analysis focuses on modeling the dynamic relation-
ships between individuals within a group. Together, these two components
enable both longitudinal profiling of individual animals and structured quan-
tification of inter-individual dynamics, including interaction sequences, spatial
distance, and role differentiation.

Radio-Frequency Identification (RFID) is a widely adopted technique.™ It is
employed not only in research settings to reliably differentiate individuals,”
particularly those lacking distinct visual cues, but also finds extensive appli-
cation in livestock management for monitoring individual metrics such as
feed and water intake.”® However, the implantation procedure itself is inva-
sive and the associated discomfort may potentially influence the animal's
natural behavior. With continuous advancements in image processing algo-
rithms, non-invasive identity tracking can be achieved by integrating multi-
view feature analysis, inter-frame temporal continuity constraints, adaptive
filtering, and matching algorithms.” When identity swaps occur, manual
frame-by-frame correction is required. Deep learning has further improved
tracking by learning animal-specific feature representations from large
datasets.'****" However, appearance cues alone remain unreliable when visu-
ally similar animals overlap or temporarily disappear from view. Recent
approaches increasingly incorporate representation learning, transfer learn-
ing, and identity-correction strategies to improve tracking robustness and
identity preservation across challenging multi-animal recordings.”® Collec-
tively, these developments mark a shift from local appearance matching
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Figure 3. The processing and analysis stages in a typical Al pipeline for animal behavior analysis (A) The Extraction stage. This stage extracts simplified yet structured repre-
sentations from raw inputs through tasks such as localizing animals (grounding), separating individuals (instance segmentation), estimating keypoint poses (pose estimation),
maintaining individual identities over time (identity tracking), and reconstructing 3D pose or point clouds. (B) The Mapping stage. This stage classifies or discovers behavioral
patterns using supervised end-to-end models or unsupervised methods such as low-dimensional embedding and clustering. (C) The Understanding stage. This stage employs
advanced Al models and agentic systems, including Multimodal Large Language Models (MM-LLMs) and Al agents, to interpret behavioral outputs. By integrating contextual
information and using strategies such as Retrieval-Augmented Generation (RAG), these systems may support higher-level semantic interpretation. (D) The Analysis stage. This
final stage performs a wide range of quantitative analyses on the extracted features and classified behaviors, including analysis of variance, trend analysis, correlation analysis,
and state transition analysis, to support statistically and biologically grounded conclusions.

toward more temporally integrated and identity-preserving tracking.

Multi-animal tracking approaches differ in their tracking targets, supervi-
sion requirements, computational demands, and validation settings. Table 2
summarizes representative multi-animal tracking systems, with reported
performance interpreted in the context of each study's datasets, tasks, hard-
ware, and evaluation metrics.

Robust identity tracking provides the necessary foundation for social
quantification. In multi-animal environments, Al algorithms or systems can
continuously measure the relative distances, orientations, individual behav-
iors, and interactive behaviors between identified individuals, converting them
into computable features. Whereas supervised learning relies on predefined
social behavior categories, unsupervised social quantification algorithms'*’
extend pose-based modeling to multi-animal settings, enabling the genera-
tion of both individual ethograms and social ethograms that characterize
interaction patterns between animals. Al can improve the accuracy, objectiv-
ity, and reproducibility of social quantification. On this basis, we can further
investigate the dynamic rules of collective social interactions, as well as the
underlying biological mechanisms including genes and neural circuits that
regulate these social behaviors, and systematically characterize various
autism-related social phenotypes in animal models.”

MM-LLMs and Al agents for animal behavior analysis and understanding
Transformer architectures established attention as a central mechanism
for sequence modeling and laid the foundation for modern large language
models.” Subsequent multimodal models extended Transformer-based
architectures to align representations across text, images, video, and audio,
enabling few-shot and zero-shot tasks such as question answering, compre-
hension, and generation.”’ Recent agent-based systems further extend large
models toward multistep planning and interaction with external tools.*

Recent multimodal models have demonstrated strong capabilities in video
understanding and broader multimodal reasoning tasks.”*** Ethological appli-
cations, however, require models to integrate observed behavior with contex-
tual information such as species, strain, age, sex, health status, and experi-
mental background.”® Current general-purpose multimodal models increas-
ingly integrate text, images, video, and audio,® yet ethology-specific behav-
ioral features and their biological meanings remain underrepresented.

This limitation is particularly relevant because ethological interpretation
depends on signals beyond visible movements and postures, including ultra-
sonic vocalizations,”” tactile interactions, olfactory cues, and chemical
signals. Physiological signals and environmental variables can further provide
complementary information about internal states and behavioral context.

6 The Innovation Reviews 1(1): 100012, September 29, 2026

www.the-innovation.org/the-innovation-reviews


https://www.the-innovation.org/the-innovation-reviews
https://www.the-innovation.org/the-innovation-reviews
https://www.the-innovation.org/the-innovation-reviews
https://www.the-innovation.org/the-innovation-reviews
https://www.the-innovation.org/the-innovation-reviews
https://www.the-innovation.org/the-innovation-reviews
https://www.the-innovation.org/the-innovation-reviews

METHODS REVIEW

Table 2. Comparative summary of representative multi-animal tracking methods
Method Scope Annotatlon / Compute / Reported Rol_aust_ness / _ Strengths Limitations
input throughput performance validation setting
Backbone/resolut 21[psaliion:: . Lo . . i
. ) 0.97 vs box 0.78; Mice, including Domain-specific
— Body-part and ion dependent; . Integrated pose .
. 2D multi-animal . ) . . marmoset ID parenting labels; full
multi-animal . . instance labels;  lightweight . 0. SO assembly, .
pose, identity . A switches -26%; interactions; fish o occlusion or
DeepLabCut . optional tracking; no . . tracklet stitching ) .
(2022)® tracking and re- identity/appearan normalized end- fish MOTAupto and marmosets; and re-ID: near-identical
ID +10% with crowding/occlusi ’ animals may

ce labels; video

Raw video; no

to-end
throughput

unsupervised re-
ID

Original often

on

custom skeletons

need correction

Needs reliable
segmentation
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. . . . o >99.9%
SRR Markerless identity labels; Video-specific 99.9 !DF] |.n Up to 100 No tags; global L SIS .
new ) . easier videos; . e . . . appearance;
. . appearance- 2026: self- learning; 2026 . animals; flies, identity learning; ...
idtracker.ai . . . . . 2026 improved . . . difficult
) based identity supervised pairs, version up to . zebrafish and confidence/inspe
(2019; 2026 . . accuracy/occlusi . . backgrounds,
57,59 tracking no all-visible 700x faster mice ction tools
update) on robustness on homogeneous
segment - .
33 videos animals and full
overlap
Temporal errors
20Dl o mAP 0.821 (flies), can propagate;
frames for ~90% RN .
R ) . 0.774 (mice); ID 7 datasets; varied End-to-end appearance ID
2D multi-animal  peak accuracy; Up to 804 FPS; . ) . )
SLEAP ose and identity _identity labels latency down to switches: 0.91 species, group workflow; top- needs
(2022)* pose. y y y (flies) and 22.7  sizes and down/bottom-up; distinguishable
tracking only for 3.2ms . . . . )
(mice) per environments real-time support animals; new
appearance- .
100,000 frames domains need
based ID
labels
g dgwn Detectlorj/keypm ~2 h trainingon MOTA/MOTP/mA Home Accessible el
detection, pose nt labels; 600 . ) ) . e YOLO/loU/Kalma
. : - ~6,000 images;  P:82.2/86.2/87.2 cages/chambers, animal-specific T
AlphaTracker and identity train + 200 test . . . n pipeline; slower
(2023)* Tt N ey R L) i Elng e Ve CINEHD-ETE than real time;
19, op . Lo " video (RTX 2080 84.0/87.2/85.6 webcams and pipeline; low-cost '
behavior with 50 train - . - close-contact
. Ti) for 4 mice head implants setups .
clustering frames errors and tuning
~400 multiview
Few-shot frames, single- Requires
. animal pose Multistage 3D Identity accuracy Combines 3D calibrated
multiview 3D Lo o . . Close-contact L . L )
SBeA . . labels and pipeline; no >90%; social- . tracking, identity multiview setup;
1 pose, identity and . - . mice, parrots and . .
(2024) . . calibrated normalized cluster purity and unsupervised multistage
social-behavior ) o dogs . . N
. cameras; label-  throughput >80% social analysis pipeline; dataset-
embedding . . o .
free identity after specific metrics
setup
Identity accuracy: Evidence stronger
Transformer anti- Keypoint labels; 93.16% for 10 WIS, ’T‘°“key' Cllse con_te?(t for anti-drift
. . - . Reported real- . Drosophilaand reduces drift; o
ADPT drift pose with mix-up social . ) unmarked mice; ) e pose; limited
o LN o : time capable; no o macaque; joint .
(2025) multi-animal data; identity- . 90.36% for freely . . . severe-occlusion
. . o standardized FPS : . ] long/social pose/identity
identity recognition setup interacting mice, recordings estimation and long-term
refined to 99.72% 9 tracking tests
ngh_ r_esolutlon Callbratet_:i g . Volumetric 3D s aallciacter Interacting 3D geometry, High
multiview 3D camera video; T performance . _—
. . CNN + GNN; high " rats/mice; close  anatomy and acquisition/comp
s-DANNCE pose, semi-supervised . rivaled human .
o - . ) storage/compute; . contact, GNN reduce ute burden;
(2025) identity/part 3D labels; . labelers; >110 . L . .
. . no standardized o~ occlusion and chimeric part mainly calibrated
assignment and  anatomical million 3D pose . . .
. . throughput social touch assignments rodent settings
social touch constraints samples analyzed
Modular 2D . Runs on modest- . . Mice, ants and . Ll o
. Detection/segme - Mouse inactivity o Model-agnostic  component
detection, - GPU laptop/PC; - flies; varied O -
. . ntation/pose ; IDF1 92.3; ant/fly . . modular pipeline; models/training
segTracker.ai segmentation, ) optical flow adds o . devices, video .
e labels; 574 ; >99.7% accuracy; - strong long-term coverage; some
(2024) pose, re-ID and cost; no quality, 2 .
mouse, 36 ant - mouse IDFT upto . . tracking; web comparisons use
tracklet . normalized interactions and .
. and 33 fly images 99.1 . - workflow detector-derived
association throughput inactivity
ground truth
. Raw video + first- Mice, rats, . Needs
Annotation-free ) No manual train . =" °© . .
S frame . . Best or Drosophila, C. ~ . initialization/proj
multi-animal L Per-project fine- o labels; automatic i
. . initialization; no L competitive elegans and g ect adaptation;
UDMT tracking with . ) tuning; no . . refinement/ L
- . train labels; . HOTA, MOTA and Betta; crowding, o limited
(2026) transfer learning 5 normalized . . - . tuning; .
e unsupervised IDF1 in the native occlusion, rapid L independent
and bidirectional . . throughput . . bidirectional ID
. project fine- comparisons motion and low . cross-lab
ID correction . correction -
tuning contrast validation
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Table 3. Representative open benchmark datasets for Al-driven animal behavior quantification

Dataset Primary task, species, and

Annotation protocol or ground

Evaluation protocol and metrics Main limitation

scale truth
2D animal pose estimation; S syl mqnually OKS-based AP; supervised
. annotated and checked in . . - .
" 10,015 images from 54 e learning, human-to-animal Still images without temporal
AP-10K . L COCO-style format; official . . - . . .
mammalian species in 23 L R transfer, and intra-/inter-family identity or tracking annotations
- training, validation, and test -
families . generalization
splits
2D pose estimation and pose Seventeen keypoints, bounding 0KS-based AP for single-frame Short 15-frame clips limit the
APT-36K” tracking; 2,400 clips x 15 boxes, and instance identities, pose estimation, unseen- evaluation of prolonged
frames from 30 species in 15 with repeated manual checking species/family generalization,  occlusion and long-term
families and video-level data splits and pose tracking identity continuity
Sln.gle—:?\nlr'nal = pose Marker-based motion-capture  Mean 3D landmark error and .
estimation; nearly 7 million . . Rat-only laboratory setting and
R 16 . ground truth from 20 body sites percentage of predictions .
at 7™M synchronized RGB frames of " f i reliance on marker-based
. synchronized with multiview below an 18-mm reference .
freely behaving rats captured . motion-capture ground truth
. RGB videos threshold
from up to six cameras
Multi-animal 3D pose Marker-based 3D ground truth Mean per-ioint position error o
estimation and social behavior for 12 landmarks per identified mean Eucljideanperror in Controlled rat-dyad setting with
PAIR-R24M*  analysis; 24.3 million RGB rat, together with 11 behavioral o . . . substantial storage and
. . . millimetres, including behavior- . .
frames from 18 rat pairs and 24 labels and 3 interaction L : computational requirements
. . . stratified pose evaluation
viewpoints categories
Framgjlevgl s.00|al el Seven tracked keypoints per Class-averaged F1 and mAP; Assay-specific behavioral
classification; mouse dyads e .
72 . . mouse and expert frame-level  standard classification, taxonomy, class imbalance, and
CalMS21 with more than 1 million labeled

behavior labels from a

and 6 million unlabeled pose resident—intruder assay

frames

Multi-animal identity tracking in
naturalistic videos; 58
sequences, ~25,000 frames,
and 10 animal categories

AnimalTrack™

sequence

annotator-style transfer, and
few-shot new-behavior tasks

dependence on upstream pose
tracking

Dense frame-level bounding
boxes and individual identities
manually annotated and
inspected throughout each

HOTA, MOTA, IDF1, ID switches,
and related detection and
identity-tracking metrics

Focuses on bounding-box-
based identity tracking without
pose or behavioral annotations

These heterogeneous data streams differ not only in their formats but also in
their temporal and spatial properties. Video provides dense frame-based
observations, vocalizations frequently occur as transient acoustic events,
tactile interactions may be represented as sparse contact events, physiologi-
cal signals are continuous time series with modality-specific sampling rates,
and olfactory or chemical signals may vary more slowly and diffuse across
space.

The key computational challenge is to align these heterogeneous signals
with shared behavioral events or latent biological states. A multimodal frame-
work may use modality-specific encoders to preserve the structure of each
signal, timestamp synchronization and event-centered temporal windows to
establish correspondence, and cross-attention, contrastive learning, or joint
embedding strategies to learn shared representations across modalities.
Because strict frame-level correspondence is often unavailable, asyn-
chronous signals and missing modalities may require temporal resampling,
interpolation, masking, uncertainty estimation, or models that do not assume
exact temporal alignment. The resulting joint representation should preserve
complementary modality-specific information while capturing shared behav-
ioral and physiological states. MM-LLMs may subsequently integrate these
aligned representations with contextual information, including species, strain,
age, sex, health status, and experimental background, to support higher-level
behavioral interpretation and report generation (Figure 3C). The effectiveness
of such systems should be evaluated through cross-modal retrieval or
prediction, robustness to missing or corrupted modalities, ablation of individ-
ual modalities, and the biological relevance of the learned joint representa-
tions.

Beyond multimodal interpretation, Al agents can extend large models from
passive reasoning toward the coordination of multistep behavioral-analysis
workflows. By decomposing research questions, maintaining contextual
information, and invoking specialized models, analytical tools, or code, agents
can link behavioral quantification with downstream analysis and interpreta-
tion.”” This workflow-oriented capability is particularly relevant to ethology,
where tracking, pose estimation, behavioral segmentation, statistical analysis,
and interpretation are often interdependent (Figure 3A-D). Recent animal-

behavior systems have begun to integrate these components within interac-
tive or automated agentic workflows.”>**"°

Reliable ethological interpretation and agent-assisted behavioral analysis
nevertheless remain emerging capabilities. Grounding model outputs and
agent actions in observable behavior, domain knowledge, traceable evidence,
and uncertainty estimates, together with expert review where appropriate,
may improve the reliability of these systems.

Benchmark datasets and evaluation protocols

Standardized benchmarks provide a common basis for assessing whether
advances in pose estimation, tracking, and behavioral classification general-
ize beyond a particular species or experimental setting. Available datasets
span two-dimensional pose estimation across taxa,’"’' multiview three-
dimensional pose estimation,””*® frame-level behavioral classification,”” and
multi-animal identity tracking,” while differing in species coverage, recording
conditions, annotation protocols, data partitions, and evaluation metrics.
Table 3 summarizes representative open benchmarks across these task
categories.

Despite these advances, direct comparisons across datasets remain diffi-
cult because anatomical keypoint definitions, behavioral taxonomies,
train—test partitions, annotation procedures, and evaluation metrics are not
yet standardized. More broadly, species-diverse benchmarks are most infor-
mative when their evaluation protocols characterize model performance and
generalization across different species, individuals, and experimental condi-
tions. Future benchmarks should therefore emphasize transparent annota-
tion protocols, standardized data splits, annotation uncertainty, temporal
identity continuity, and out-of-domain evaluation.

CHALLENGES
The dilemma between diverse experimental paradigms and uniform
datasets

An experimental paradigm is defined as an integrated system encompass-
ing operational procedures, technical tools, and quantitative metrics, system-
atically constructed to validate specific scientific hypotheses. In animal
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behavior research, the selection of an experimental paradigm is typically
dictated by the specific research objectives. To investigate the neural circuits
underlying a particular disease, trace its progression, or explore the relation-
ship between specific behaviors and physiological states, researchers often
concentrate on predefined behavioral patterns or specific body parts.

Consider research using Parkinson's disease (PD) models’ as an example.
Investigators require varying depths of behavioral analysis tailored to their
distinct research needs. For basic analyses, tracking a small number of fore-
limb keypoints may be sufficient to estimate pose and distinguish tremor
from non-tremor movements. More detailed mechanistic studies may require
denser keypoint definitions, higher spatial and temporal resolution, and finer
behavioral categories, such as distinguishing normal grasping, tremulous
grasping, and resting tremor. For studies focusing on bilateral motor coordi-
nation, implementing multiview systems might be required to resolve limb
occlusion issues, necessitating the simultaneous tracking and analysis of
keypoints on both forelimbs. Furthermore, when research extends to complex
interactions between the forelimb and objects, the paradigm must integrate
the spatial coordinates of target objects with existing keypoints and establish
a dedicated pipeline for analyzing object interaction. While such goal-oriented
research paradigms are precisely tailored to address specific scientific ques-
tions, they inherently lead to significant heterogeneity in dataset construction.
Compounding this issue, research groups often develop customized experi-
mental apparatus to address specialized scientific questions rather than
employing standardized equipment.

This pervasive data heterogeneity creates substantial barriers to cross-
study comparisons, rendering data from different laboratories often incom-
patible for direct integration or comparative analysis. Although standardiza-
tion efforts are underway, they are constrained by practical challenges such
as technical limitations, the time required, and inconsistent uptake among
researchers. Community standards such as Neurodata Without Borders
(NWB)" represent an important first step toward the standardized organiza-
tion and integration of behavioral and neural data. By preserving synchro-
nized timestamps, metadata, acquisition provenance, measurement units,
and relationships between behavioral observations and neural recordings,
NWB can improve data interoperability and facilitate cross-study analysis.
Nevertheless, broader and more consistent adoption will require further
efforts to overcome remaining technical limitations, reduce the time and
effort required for implementation, and address uneven uptake across labo-
ratories.

The issue of human consistency in behavior definition

A fundamental and critical challenge in contemporary behavioral research,
particularly at the deep intersection with computational methods, is the lack
of unified standards for defining behavior. This issue not only impedes the
effective comparison and integration of findings across different studies but
also poses significant barriers to the generalizability and reliability of auto-
mated behavioral analysis models.

First, regarding the delineation of specific behaviors, even seemingly simple
and stereotyped actions, such as left versus right turns in mice, lack precise
definition. For instance, over what duration and angular displacement does a
turn qualify as a distinct left or right turn, as opposed to forward locomotion?
Individual researchers may rely on subjective judgment based on their experi-
ence, leading to potentially biased experimental outcomes.

Second, the complexity of this problem is particularly pronounced for
higher-level, more abstract behavioral concepts. Terms such as anxiety-like
behavior, depression-like behavior, social exploration, and aggression may be
defined differently across neuroscience, pharmacology, psychology, genetics,
and specific experimental paradigms. Consider anxiety-like behavior: neuro-
scientists may quantify it using reduced time in or entries into the open arms
of the Elevated Plus Maze, or reduced central activity and increased thigmo-
taxis in the open-field test. Although broadly labeled as anxiety-like behavior,
measurements from different paradigms and species may capture distinct
constructs, contributing to semantic ambiguity and uncertain scope. This
definitional ambiguity is a major bottleneck when researchers integrate data
across studies or develop computational models capable of recognizing such
complex behavioral states.

Finally, it is essential to recognize the inherent limitations of relying solely
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on natural language descriptions to establish standardized behavioral defini-
tions. Human language is often qualitative, subjective, and susceptible to the
observer's experience, background knowledge, and contextual interpretation.
Descriptions such as rapid movement, hesitant exploration, or slight twitch
can be interpreted differently and assigned varying thresholds by different
observers. Furthermore, behavior is intrinsically a dynamic process involving
multidimensional spatiotemporal information such as velocity, acceleration,
angle, and trajectory, which natural language struggles to convey with preci-
sion and efficiency.

For computer vision and machine learning algorithms that require precise
quantification and pattern recognition, such ambiguity and subjectivity are
particularly detrimental. These algorithms necessitate clear, objective, and
quantifiable input features and annotations.

The difficulty in understanding social behavior

Social behavior in multi-animal environments is widespread and funda-
mentally important in nature, constituting the bedrock of animal social struc-
tures, group dynamics, information transmission, and collective decision-
making. Consequently, the in-depth elucidation of the patterns, mechanisms,
and functional significance of multi-animal social behavior holds indispens-
able value for fields including ethology, ecology, neuroscience, and evolution-
ary biology. However, as the number of interacting individuals increases, the
complexity of social behavior increases combinatorially, presenting
formidable challenges for behavioral computation and deep understanding.
Currently, research on multi-animal social behavior indicates that larger
group sizes tend to elicit a greater diversity and complexity of social interac-
tions:

Dyadic Interactions (Two Animals): This is the most common and rela-
tively well-studied context in traditional social behavior research. Behaviors
such as chasing, sniffing, huddling, and mating between two mice, for
instance, typically exhibit relatively distinct motor patterns. Nevertheless,
defining social events can remain ambiguous; for example, what constitutes
a valid approach behavior? From what distance does it commence?

Triadic Interactions (Three Animals): When the interactive system involves
three individuals, the complexity of social dynamics increases significantly,
far exceeding the simple aggregation of three independent dyadic interac-
tions. Novel behavioral patterns, potentially exclusive to triadic contexts, may
emerge. Examples include coalition formation, where two individuals align
against a third; mediation, where one individual intervenes in a conflict
between two others; audience effects, where an individual's behavior is
altered by the presence of a third party; and competitive interactions, refer-
ring to the dynamic interplay among three individuals vying for resources or
mating opportunities. How can these triadic-specific interaction patterns be
clearly defined? How can they be distinguished from independent dyadic
interactions? These questions currently lack standardized operational defini-
tions and widely accepted analytical frameworks. This poses heightened
demands on computational models, necessitating not only the simultaneous
tracking and identification of the identity and pose of all three individuals but
also the capacity to understand their more complex spatiotemporal relation-
ships and conditional dependencies to infer these higher-order interaction
patterns.

Group Interactions (N > 3 Animals): In groups comprising more individuals,
the number of potential interaction combinations increases dramatically.
Coupled with triadic, tetradic, and higher-order associations, this renders the
social network structure exceptionally complex. At this scale, the research
focus often expands from specific, direct inter-individual interactions to the
overall properties and dynamics of the group. These include collective move-
ment patterns such as swarming, the formation and dissolution of
subgroups, and the stability and fluctuations of social hierarchy structures.
Defining these group-level behaviors or states becomes considerably more
challenging. For instance, how should a subgroup be delineated? Is mere
spatial proximity sufficient, or are specific interaction frequencies or behav-
joral patterns requisite? How can collective motion be precisely quantified?
For behavioral quantification models, this necessitates not only more power-
ful multi-target tracking capabilities but also advanced feature extraction and
model construction techniques capable of effectively capturing and repre-
senting collective behavior.
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Analogously, human social interactions demonstrate a similarly rapid
increase in complexity with the number of participants. Transitioning from
dyadic conversations to multi-party meetings and further to large-scale
crowd gatherings, qualitative shifts occur in communication patterns, deci-
sion-making processes, emotional expression, and social dynamics. The
diversity and species-specific nature of animal social behavior, together with
limitations in research methodologies, including the inability to directly
access linguistic information, make the understanding and quantification of
animal social behavior challenging.

Capturing and understanding animal behavior in complex scenarios

While Al-driven behavioral analysis has achieved considerable advance-
ments in relatively controlled laboratory settings, its application in complex,
semi-natural, or entirely naturalistic environments faces a series of
formidable challenges.

In contrast to the uniform illumination, clear backgrounds, and predictable
spatial configurations typical of standard laboratory enclosures, complex
environments are often characterized by variable lighting conditions. Natural
light cycles such as diurnal variations, shadows cast by objects or other
animals, and the intricate reflections and refractions from water bodies can
drastically alter image quality and consistency. This, in turn, confounds algo-
rithms trained on well-illuminated, stable image data, rendering robust
feature extraction for pose estimation and identity recognition particularly
difficult.”

Beyond these visual and environmental variations, the reliable capture of
animal behavior data is further hampered by challenges related to both
subject visibility and data acquisition systems. On one hand, animal subjects
are frequently partially or completely occluded by vegetation, environmental
enrichments, burrows, or uneven terrain. Such occlusions not only impede
continuous tracking and accurate pose estimation but also make reliable
animal segmentation from the background, a crucial prerequisite for many
automated analysis pipelines, exceedingly challenging. On the other hand,
while larger and more complex scenes may necessitate sophisticated multi-
camera systems for adequate coverage, the deployment, calibration, and
synchronization of these systems, as well as the fusion of multiview data, are
considerably more intricate in such unstructured environments compared to
constrained laboratory setups. These factors collectively contribute to the
increased difficulty in obtaining high-quality, continuous behavioral data.

Compounding these challenges, the inherent complexity and unpre-
dictability of the behavioral repertoire itself are amplified in complex scenar-
ios. Animals may exhibit a broader spectrum of behaviors,” including camou-
flage, predation, competition, climbing, nesting, and cooperative group behav-
iors. These behaviors may manifest similarly to or entirely differently from
those observed in standard laboratories and often display high spatiotempo-
ral variability and multiscale interaction dynamics. Moreover, interspecific
variations in responses to identical stimuli are common, and many naturalis-
tic behaviors are notoriously difficult to annotate at scale, rendering their
quantification exceedingly challenging.

In essence, while the objective is to study animals in environments more
akin to their natural habitats to elicit a broader range of ecologically relevant
behaviors, it is precisely this environmental complexity, behavioral diversity,
and inherent unpredictability that pose substantial technical impediments to
current analytical methodologies.

The difficulty in understanding high-level behavioral sequences

Rodents use body-language cues, including gestures and postures, to
guide social communication and responses.”” This sensitivity to social
signals also extends to interactions with rat-like robots: rats have been
reported to respond to robot help-seeking signals and to alter their emotional
states in response to learned robot interaction patterns.”®’” Research into
rodent body language, however, remains in its nascent stages. Currently,
knowledge is largely confined to certain overt stereotyped behaviors, such as
the darting of female rats during courtship or fighting to display aggression
and establish dominance. However, interpretation becomes considerably
more difficult at higher levels of organization, particularly for complex behav-
ioral sequences or strategies formed by concatenating multiple behavioral
segments® according to specific temporal logic. This difficulty primarily

stems from several factors:

A fundamental challenge is that animals cannot directly report the intent,
motivation, or adaptive significance of higher-order behavioral sequences.
During breeding, for example, a bird may forage, build a nest, sing, repel
competitors, incubate eggs, and rear chicks. The function of each compo-
nent may be apparent, but the rules governing their prioritization, necessity,
and context-dependent adjustment remain difficult to infer. Researchers
therefore reconstruct the organization of these sequences indirectly from
ecological context, outcomes such as reproductive success or offspring
survival, and associated physiological data. Such inference remains incom-
plete and may be influenced by observer expectations or anthropomorphic
interpretation.”"*'

Closely related to this interpretative difficulty is the complexity of the
underlying neural mechanisms. Complex higher-order behaviors imply hier-
archical organization, coordinated activity across multiple brain regions, and
pronounced spatiotemporal dynamics.”®” Researchers must not only simul-
taneously monitor and analyze activity patterns across multiple brain regions
at various temporal scales but also uncover how these activities integrate
information, lead to decision-making, and ultimately drive and regulate the
fluid execution of behavioral sequences. Furthermore, the information flow
between these brain regions is bidirectional or even multidirectional, and their
activity patterns change dynamically on millisecond-to-second timescales
relevant to behavior. Consequently, decoding these patterns and precisely
linking them to the generation, selection, and adjustment of specific behav-
ioral strategies is exceedingly complex.

Another major obstacle arises from the difficulty of systematically decod-
ing complex, multimodal communication signals. While substantial progress
has been made in understanding specific communication signals, including
alarm calls in primates,” the systematic deciphering of complex, multimodal
body language in higher animals remains a formidable challenge. Higher
vertebrates, with their greater bodily degrees of freedom, can generate an
extensive repertoire of subtle and combined movements, postures, and
gestures. This combinatorial complexity means that the vocabulary and
grammar of their body language are far more extensive and nuanced than
simpler signals, making systematic analysis and interpretation exceedingly
difficult. Moreover, these complex bodily displays are often produced in
conjunction with vocalizations or other sensory cues, yet research has rarely
integrated these multimodal signals to understand their combined commu-
nicative intent or synergistic effects, leaving a significant gap in our compre-
hension of their social communication.

In summary, comprehending higher-order animal behavior is hampered by
three primary challenges: the opacity of intent behind complex behavioral
sequences due to the lack of direct animal reporting; the intricate and
dynamic neural underpinnings that orchestrate these sequences; and the
significant difficulty in systematically deciphering the rich, combinatorial, and
often multimodal nature of sophisticated animal communication, particularly
the complex body language of higher vertebrates and its interplay with other
signaling modalities.

The problem of uniquely identifying individual animals

Achieving continuous and accurate individual identification and tracking of
multiple cohabiting animals in complex scenarios remains a formidable chal-
lenge, even with advanced deep learning methods. The accuracy levels
attained frequently prove insufficient for rigorous scientific inquiry, particu-
larly in long-term, continuous monitoring tasks.

One major source of difficulty arises from the limited visual distinguisha-
bility between individuals. Humans are relatively easy to differentiate not only
because of external variations such as clothing, hairstyles, and facial features,
but more importantly due to stable skeletal structures and distinctive biomet-
ric identifiers like fingerprints and irises. In contrast, many commonly studied
animals, including rodents such as mice and rats or social insects such as
ants, exhibit minimal inter-individual variation in appearance. The use of
inbred strains or littermates in experimental designs, intended to control for
variables,* further exacerbates this visual homogeneity, making it exceed-
ingly difficult for vision-based computational algorithms to identify stable
distinguishing features. In rodents, the challenge is compounded by the lack
of prominent skeletal landmarks, as well as their highly flexible bodies and
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Figure 4. The development of a multispecies standard posture physical model (A) Real-world data acquisition, extracting pose estimates from real animals. (B) Modeling and
simulation, where a standardized musculoskeletal model is used in a physics engine constrained by bone and muscle properties to generate physically plausible movements.
(C) Community and sharing, where these models can be shared in an open community to create a virtual zoo, reducing redundant work and accelerating research.

spines, which allow a wide range of postures. Subcutaneous fat and muscle
can further obscure subtle morphological differences.

Natural behaviors can also alter appearance over time. Grooming and curl-
ing change body contours; gnawing may cause localized fur loss or skin
damage; and drinking or moving through water may change fur texture, color,
and reflectance. Physiological color changes may occur in some species.
These variations reduce the stability of appearance cues and increase ambi-
guity for identification algorithms.

Multiple animals sharing an environment frequently interact, producing
severe body occlusions in which algorithms may capture only partial views or
lose individuals entirely.*” Identification under these conditions is highly error-
prone. When paths intersect or animals separate after prolonged close
contact, systems that lack stable identity features are particularly susceptible
to identity swaps. If an uncorrected swap persists, all subsequent subject-
specific analyses may be assigned to the wrong individual and become unre-
liable.

The high degree of visual similarity among animal individuals, the dynamic
variability in appearance induced by their natural behaviors, and the perva-
sive severe occlusions inherent in dense multi-target interaction scenarios
collectively constitute the core bottlenecks confronting current vision-based
techniques for multi-animal individual identification and continuous tracking.

Recent methods can reduce identity loss under occlusion,®®*¢ but
prolonged full-body occlusion remains fundamentally ambiguous, particu-
larly when visually similar animals engage in close and abrupt interactions. In
such cases, multiple identity assignments may remain compatible with both
the observed appearance and plausible motion trajectories. Recent methods
therefore reduce, rather than eliminate, the risk of identity loss, and long-
duration animal recordings may still require uncertainty reporting and
targeted manual verification.

PERSPECTIVES
Multispecies standard posture physical model

A key future direction in ethological research is the establishment of more
precise, standardized animal posture representation systems endowed with
physically grounded properties (Figure 4). However, given the substantial
interspecies differences in physiological structures, constructing a universal
posture framework applicable to all species is exceptionally challenging.
Instead, standardization can be pursued on a species-by-species basis.

Implementing this species-specific approach initially involves establishing
species-specific standardized posture frameworks while maintaining format
consistency across different species. Real-world animal data can first be
used to extract species-specific pose estimates (Figure 4A). The standard-
ized framework should then be grounded in anatomical and physiological
information, including the number of bones, joint types, muscle attachment
sites, and characteristic surface landmarks. For example, CT-derived
anatomical models have been used to establish standardized skeletal and

joint representations for mice.?” Similar species-specific procedures could be
extended to other animals when suitable anatomical data are available.
Building upon this, output formats should be designed for uniform readability,
such as consistently using JSON and adhering to a common set of defini-
tions. This facilitates subsequent data integration and comparative statistical
analysis across different species and individuals.

Once these standardized postures are established, the next critical step
involves integrating biomechanical properties and physical constraints
imposed by the environment.®"*® For example, posture estimates can be
refined by incorporating species-specific biomechanical parameters, includ-
ing joint ranges of motion such as maximum flexion, extension, and rotation;
muscle-force models defining maximum force and contraction velocity; and
body-segment properties such as mass distribution, volume, and collision
characteristics. These refined models can then be simulated or driven within
established physics engines (Figure 4B). Advanced open-source pipelines
have been developed to train neuromechanical control models directly from
animal motion data.*” These computational tools enable the precise simula-
tion of experimental setups and facilitate deep neuromechanical behavioral
analysis. By bridging the gap between kinematic tracking and physics-based
simulation, such approaches illustrate the feasibility of grounding postural
estimates in realistic biomechanical constraints. The resulting posture esti-
mates could therefore be constrained by physical laws, helping to exclude
overtly implausible estimates such as body-part interpenetration, self-inter-
section, or anatomically disordered limb configurations. Notably, while this
approach more closely emulates the complex processes underlying physi-
cally grounded posture interpretation, it would inherently demand greater
computational resources.

To support the computational demands of these simulations and acceler-
ate field-wide progress, fostering an open community to build a multi-species
physical posture model repository is crucial (Figure 4C). Researchers should
be encouraged to upload, download, and iteratively refine pre-trained stan-
dard posture models, complemented by comprehensive user tutorials. This
approach would mitigate redundant model development efforts, allow for
continuous updates and optimizations, and thereby significantly accelerate
research progress in the domain.

Through these three concerted efforts, a multi-species standardized physi-
cal posture framework can be progressively established, laying a robust
foundation for quantitative, fine-grained, and intelligent research in animal
ethology.

Virtual scenario training for Al real-world application

Currently, a large amount of data used for training Al models in animal
behavior analysis is predominantly derived from real animal experiments.
However, the acquisition of real-world data confronts numerous challenges:
research involving real animals is resource-intensive, while recent NIH initia-
tives increasingly emphasize human-based research technologies and the
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Figure 5. Simulation-based data generation and sim-to-real training, evaluation, and application for animal behavior analysis (A) Dataset synthesis. Scene parameters and
natural-language task specifications are provided to a large model for data synthesis, which may interpret the requested experimental setting and invoke a physics simulation
engine to generate three-dimensional data, multiview two-dimensional data, and precise, automatically aligned labels for body pose, identity, object masks, and behavior. (B) Sim-
to-real training, evaluation, and application. For downstream tasks, synthetic-only, real-only, and mixed-data or domain-adaptation training strategies are evaluated using inde-

pendent real-world data. A selected model can then be used for the target application.

reduction of animal use;” the duration of behavioral experiments is often
protracted; and collecting high-quality data in complex naturalistic settings
presents practical difficulties. Consequently, the ability to construct behav-
iorally realistic virtual animals and interactive virtual environments to gener-
ate training data (Figure 5) could alleviate some of these constraints and may
support efforts to reduce animal use where scientifically appropriate.

The core of this goal is to create high-fidelity virtual worlds that generate
synthetic data for Al training, an approach already used for algorithm valida-
tion and iterative optimization in autonomous driving”" and robotics.” This
strategy offers several advantages. It can generate large training datasets,
helping to address data scarcity in real experiments and support data-inten-
sive deep-learning models. Virtual environments can also simulate diverse
environmental conditions and interaction patterns, which may improve model
adaptation and generalization. In addition, synthetic data can provide auto-
matically aligned ground-truth labels,” reducing manual annotation and its
associated variability. At a more integrated system level, a large model for
data synthesis could interpret natural-language task specifications together
with structured scene parameters, invoke rendering or physics-simulation
engines, and generate multimodal synthetic data with precise, automatically
aligned labels (Figure 5A).

Current simulation-based animal research broadly follows two comple-
mentary routes. One focuses on synthetic visual data, using anatomically
grounded three-dimensional animal models, constrained animation, render-
ing, and image-domain translation to generate realistic videos with automati-
cally aligned pose labels.”” The other uses physics-based neuromechanical
simulation to reproduce interactions among neural control, biomechanics,
and the environment. Platforms such as MuJoCo and GPU-parallelized
MuJoCo-MJUX/JAX, together with detailed musculoskeletal models, can
support motion imitation, pose-to-model registration, and the learning of
control policies from recorded animal movements.**#**

Sim-to-real design should be tailored to the downstream task (Figure 5B).
For image-based pose estimation or behavioral classification, domain
randomization may vary camera geometry, viewpoint, illumination, back-
ground, texture, occlusion, motion blur, and sensor noise. Neuromechanical
applications may instead vary body dimensions, inertial properties, joint
constraints, muscle or actuator parameters, contact friction, and initial condi-
tions. Synthetic pretraining can subsequently be combined with limited real
data through fine-tuning, image-domain translation, or unsupervised domain
adaptation.””®” Because existing studies evaluate different objectives, their

reported quantitative results are not directly comparable. Synthetic visual
training has achieved pose-estimation performance comparable to typical
manually annotated training data.”” Neuromechanical pipelines have reported
median errors of approximately 5 mm for pose-to-model registration and
10 mm for motion reproduction.”” Shared real-world test sets comparing
synthetic-only, mixed-data, and real-only training would provide a clearer
basis for future evaluation.

Behavioral nucleotides and behavioral sequence forecasting

A longstanding idea in complex-systems research is that complex systems
often exhibit modular and hierarchical organization.” Applying this idea to
ethology,” we propose the forward-looking concept of "behavioral
nucleotides” (Figure 6). Animal behavior emerges from continuous interac-
tions among neural activity, biomechanics, sensory feedback, internal states,
and the environment, whereas computational analysis generally requires
these dynamics to be sampled and represented numerically. Analogous to
how nucleotides in deoxyribonucleic acid (DNA) form sequences that encode
genetic information, behavioral nucleotides are envisioned as elementary
computational units for representing behavior, with their possible forms
constrained by animal morphology, biomechanics, and environmental
context (Figure 6A). Each sampled time point, represented by a multidimen-
sional feature vector, can be treated as a candidate behavioral nucleotide
(Figure 6B). Ordered combinations of these nucleotides over different tempo-
ral spans can form behavioral sequences and behavioral patterns.

Behavioral nucleotides may provide a new computational perspective for
addressing several pervasive issues in contemporary animal behavior
research, including ambiguous behavioral boundaries, subjective definitions,
and a lack of standardization. If reproducible candidate units can be identi-
fied, behavioral trajectories may be represented as sequences of these units
and analyzed using computational methods analogous to those used in
bioinformatics, including sequence alignment, motif discovery, and
clustering.”**® Related computational sequence models’’ may facilitate large-
scale processing and pattern discovery, but their usefulness will depend on
whether candidate units can be defined reproducibly. If stable candidate units
and transition patterns can be identified, the same sequential structure may
also support probabilistic, context-dependent short-horizon forecasting
rather than deterministic prediction (Figure 6C). At the same time, represent-
ing continuous behavior as sequences of sampled computational units may
simplify some aspects of the underlying dynamics, particularly gradual tran-
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Figure 7. Exploratory use of "bilingual robotic animals” (A) Direct interpretation of animal behavior. Cross-species interpretation is constrained by the absence of a shared
semantic feedback channel, resulting in limited reciprocal feedback. (B) Robotic-animal-mediated behavioral interpretation. Controllable robotic animals can emit standardized
behavioral signals to test context-dependent relationships between specific signals and observable animal responses.

sitions and temporal variations in movement. Multiscale temporal represen-
tations, continuous latent features, and probabilistic encoding may help
preserve such information while retaining the advantages of sequence-level
analysis.

At a higher organizational level, candidate behavioral nucleotides would
combine through context-dependent transition and combination rules, here
termed behavioral syntax, to form structured ethograms linked to ecological
functions (Figure 6D). The usefulness of such a representation could be
assessed through behavioral reconstruction, correspondence with neural
activity, causal perturbation where feasible, and generalization across individ-
uals and contexts.

From animal body language to human language

Translating animal body language into human-understandable language is
a challenging cross-species semantic-conversion task. Human communica-
tion can be checked through reciprocal and mutually interpretable feedback,
including verbal confirmation and conventional gestures.”® Cross-species
interpretations, by contrast, cannot be validated through an equivalent shared

semantic channel (Figure 7A).

One possible pathway involves utilizing "bilingual robotic animals" as
research tools to investigate the functions and correspondences of behav-
ioral signals’™"®® (Figure 7B). The principal methodological advantage of
robotic animals lies in their capacity to emit standardized, repeatable, and
precisely controllable behavioral signals or sequences.'” Researchers can
design robotic animals to exhibit specific postures, action sequences, or
combinatorial signals and then place them in social interaction scenarios
with live animals for controlled experiments and repeated validation. By
precisely manipulating signal variables such as intensity, frequency, duration,
or combinatorial pattern and observing changes in the live animal's response,
researchers may identify which behavioral features contribute to effective
social signals and which responses they elicit in specific contexts.

Ecological validity is an important consideration for robotic-animal experi-
ments. Differences in morphology, movement, acoustic or olfactory cues may
alter the responses of live animals, and observed effects may also reflect
novelty or general arousal. Comparisons with live conspecifics or biologically
realistic stimuli, together with appropriate control conditions, can therefore
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help distinguish responses to specific behavioral signals from nonspecific
effects.

These controlled signal-response experiments provide an operational
entry point for investigating conserved behavioral signals within social inter-
actions and may gradually support the construction of a preliminary transla-
tion dictionary.'™ If sufficiently reliable signal—response correspondences
can be established, they may eventually support Al-assisted interpretation of
animal communication and provide a basis for investigating its underlying
neural mechanisms and social functions.

CONCLUSION

The integration of Al into animal behavior research marks a paradigm shift,
transitioning the field from traditional qualitative descriptions and limited
quantitative measures to high-throughput, objective, and deeply nuanced
analyses. As reviewed herein, Al has furnished powerful tools for dissecting
behavior at multiple levels, ranging from precise pose estimation and 3D
reconstruction to sophisticated classification, individual identification, and
social communication. MM-LLMs may help integrate diverse data streams
for higher-level behavioral interpretation, while Al agents may coordinate
specialized analytical tools across multistep workflows. Nevertheless, the
path toward a comprehensive Al-driven ethology is not without significant
hurdles; challenges such as data heterogeneity, the subjectivity of behavioral
definitions, the combinatorial complexity of social interactions, data acquisi-
tion in naturalistic environments, and the robust decoding of intricate behav-
ioral sequences and individual tracking remain formidable.

Continued advances in Al for ethology will depend on rigorous validation,
interoperable data standards, and realistic assessment of model limitations.
Standardized and physically grounded posture models, virtual environments
for training and evaluation, and the forward-looking concepts of "behavioral
nucleotides" and "bilingual robotic animals” may provide useful directions for
future research.

Al-based behavioral phenotyping may strengthen preclinical research by
improving measurement resolution, reproducibility, and the detection of treat-
ment-related behavioral changes. However, translation from animal behavior
to human clinical benefit remains constrained by species differences, model
validity, and the limited correspondence between laboratory assays and
human neuropsychiatric conditions.

In conclusion, Al is reshaping ethology by enabling more detailed, scalable,
and reproducible measurement of animal behavior. Continued progress will
require careful integration of computational advances with biological valida-
tion, transparent benchmarks, and expert interpretation. These efforts can
deepen understanding of animal behavior and strengthen the measurement
foundations of translational research.

DECLARATION OF Al AND AI-ASSISTED TECHNOLOGIES IN THE WRIT-

ING PROCESS

During the preparation of this work, the authors used ChatGPT solely for
language polishing. The authors subsequently reviewed and edited the
manuscript as needed and take full responsibility for its content.
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