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Abstract
Neural computation has evolved to optimize the behaviors that
enable our survival. Although much previous work in neurosci-
ence has focused on constrained task behaviors, recent ad-
vances in computer vision are fueling a trend toward the study of
naturalistic behaviors. Automated tracking of fine-scale behav-
iors is generating rich datasets for animal models including ro-
dents, fruit flies, zebrafish, and worms. However, extracting
meaning from these large and complex data often requires
sophisticated computational techniques. Here we review the
latest methods and modeling approaches providing new in-
sights into the brain from behavior. We focus on unsupervised
methods for identifying stereotyped behaviors and for resolving
details of the structure and dynamics of behavioral sequences.
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Introduction
Neural circuits can only be fully understood in the
context of their behavioral outputs [1]. Quantitative
models of behavior can therefore serve as a foundation
for studying the function, development, and evolution
of the brain [2]. Relationships between brain and
behavior are often investigated through experiments in
which animal behavior is constrained, such as maze
navigation or cue-evoked licking of water spouts while

head-fixed. These paradigms facilitate well-controlled
repeatable trials and relatively straightforward data
analysis, but only partly represent the diversity and
variability of natural movement, environmental cues,
www.sciencedirect.com
and biological imperatives [1,3]. An important goal for
neuroscience is therefore to quantify behavior in more
naturalistic settings [4,5].

However, constructing useful models of naturalistic
behavior remains a challenging problem both technically
and conceptually [1,4,6e10]. For example, an experi-
ment involving one or more animals moving and inter-

acting freely in an open arena is often a process that spans
multiple spatial and temporal scales, with many degrees
of freedom, and with dynamics that may be driven by
unobservable factors [1,6]. Traditional ethological ap-
proaches generally depend on human interpretation to
identify features of interest in complex behavior. How-
ever, manual annotations can be inconsistent between
observers [11] and behaviors that may appear random to
a human observer can still have underlying structure
[12]. Alternatively, mathematical models built from first
principles can provide useful and precise abstractions of

many complex biological phenomena [12,13], but often
rapidly become intractable as dimensionality increases
[14]. To achieve consistency, accuracy, and scalability in
the era of big behavioral data, neuroscience needs un-
supervised and unbiased computational tools for quan-
tifying and modeling behavior based on the data itself
[1,4,8,15].

Here we review recent advances in quantitative data-
driven approaches for understanding naturalistic be-
haviors, which draw from a diverse range of fields

including machine learning, stochastic modeling, sta-
tistical physics, information theory, signal processing,
and dynamical systems theory. First, we address unsu-
pervised methods for behavioral mapping: the process of
segmenting continuous-time behavioral data into a set
of discrete elementary behavioral units. Second, we
discuss modeling behavioral sequences and examine
frameworks for extracting stereotyped motifs from data
over multiple timescales. We review approaches for
identifying evidence of underlying hierarchical struc-
tures and hidden states modulating patterns of behavior.

Finally, we consider continuous models, and emerging
frameworks for bridging continuous and discrete
behavioral representations. Summaries of some key
methods (Box 1), models (Box 2), and terms (Box 3) are
included for reference.
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Box 1. List of key methods.

Affinity propagation A clustering algorithm based on the concept of message passing [62].
Change-point detection A broad class of methods for identifying epochs in time series data corresponding to different dynamics. Simple change-
point detection typically depends on extracting a relevant coarse measure and applying a threshold or identifying peaks, whereas more so-
phisticated approaches fit statistical models to different temporal segments of the data and identify epochs based on differences in fitted pa-
rameters (i.e., locally linear models [66]). Applicable for segmenting behavioral time series data when (assumed) elementary behavioral units
have varying duration and form relatively continuous sequences.
Delay embedding A method for reconstructing a representation of phase space (the set of all possible states in a dynamical system) from
experimental data where the underlying system variables and mathematical equations are unknown [95–98].
Dictionary-based compression Algorithmic methods which find stereotyped motifs in a sequence by compressing data using information
theory. Input must be a sequence of discrete states (e.g., a sequence of elementary behavioral units). These algorithms have been applied to
identify and characterize stereotyped patterns of behavior over multiple timescales [30,82,83].
Dynamic time warping An algorithm for measuring the similarity between short time series segments whereby trajectories are first nonlinearly
stretched or compressed in time (within some constraints) such they are aligned as best as possible [58]. This method is robust to small changes
in alignment, duration, rate and other temporal distortions, and has been applied to compare stereotyped patterns of movement [57].
Eigendecomposition Decomposition of a matrix into its eigenvectors and eigenvalues. Also known as spectral decomposition. In the specific
case of a Markov chain transition matrix, the eigenvalues characterize various properties of the model such as the time horizon for predict-
ability [47].
Gaussian mixture models A method for clustering which models data as a set of sub-populations each drawing from a different multivariate
Gaussian distribution.
Information bottleneck compression A compression algorithm which can be applied for clustering data [47,86].
Isomap A nonlinear dimensionality reduction technique that aims to preserve local manifold structure by measuring geodesic distances between
points on a graph embedding of the data [40].
Minimum description length An approach to model selection from information theory which seeks to find the most compact description of the
data [104].
Principal components analysis (PCA) Finds linear projections in multi-dimensional data which capture maximum variance. Commonly used as
a dimensionality reduction technique for high-dimensional data.
t-distributed stochastic neighbor embedding (t-SNE) A nonlinear dimensionality reduction technique which aims to preserve local structures
[38] (i.e., points that are similar in high-dimensional space should be close in the embedding).
Uniform manifold approximation and projection (UMAP) A nonlinear dimensionality reduction technique which assumes that data lie on a
smooth, locally-connected manifold [39].
Wavelet transform (time series analysis) Estimates the frequency content and phase information in a sliding window along a time series using
wavelets [51]. If the phase information is discarded, the resulting power spectral density captures linear properties of the time series trajectory in a
manner that is robust to small changes in alignment, and is hence advantageous for dealing with the natural variability in timing and duration of
stereotyped movements [24].
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Mapping discrete stereotyped behaviors in
big behavioral data
The first stage of behavioral mapping is feature selec-
tion. Video recordings of freely moving behavior typi-
cally contain large amounts of redundant information,
and the choice to observe specific aspects of kine-
matics will be guided by the behavioral hypothesis

under investigation. If discrete elementary units of
behavior exist in the data, then inferring them entails
identification of stereotyped patterns occurring over
relatively short periods of time that span some subset
or combination of the observed variables. The resulting
map should be sufficiently discrete to facilitate
consistent classification of stereotyped behaviors
despite variability between realizations and between
animals. Most methods we consider can be broadly
categorized as either a sequential pipeline of temporal
segmentation followed by low-dimensional embedding

and unsupervised clustering, or direct fitting of a
generative model simultaneously across time and
feature space (Figure 1).
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Extracting features from behavioral recordings
A natural choice of measure is change in an animal’s
posture over time (Figure 1a). Recent developments in
computer vision using deep learning now enable auto-
mated marker-less posture tracking of animals with

complex limb structures and movement patterns [16e
20], reviewed in Pereira et al. [11] and Mathis and
Mathis [21]. These methods now extend to real-time
tracking for integration in closed-loop experimental
paradigms [22,23]. A postural representation can also be
encoded directly from aligned and cropped images using
principal component analysis (PCA) [24,25], or nonlinear
techniques for dimensionality reduction such as convo-
lutional autoencoders [26,27]. Fine-scale postural data
can be augmented with coarse kinematic variables to
produce a combined time series of postural dynamics and

whole-body kinematics [28e31]. An additional common
behavioral measure is sound, as observed from vocaliza-
tions in birdsong [32e34] and wing vibrations in flies
[7,35]. More generally, the first stage of behavioral
measurement is an explicit choice guided by the behavior
www.sciencedirect.com
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Box 2. List of key models.

Autoencoder A class of neural network architectures for learning efficient representations of data and often used for dimensionality reduction.
Autoencoders typically comprise an input (encoding) layer which maps data to an internal representation, and an output (decoding) layer which
aims to reconstruct the original data as accurately as possible based on the representation.
Autoregressive process A random process model for time series data where each observation is modeled as a weighted linear sum of previous
observations and a stochastic error term.
Autoregressive hidden Markov model (AR-HMM) A class of hierarchical generative models for continuous time series data that assumes a
system transitions through a series of discrete states or regimes, each modeling the continuous dynamics as a linear autoregressive process with
its own distinct parameters [73]. These models have been applied to investigate the hypothesis that the brain encodes short behavioral patterns
as motifs which can be combined together into sequences [25].
Convolutional autoencoder (CAE) An autoencoder with a convolutional input layer that is able to preserve spatial correlations [27]. CAEs are
well suited to learning structures in imaging data and have been applied to extract behavioral patterns directly from videos [26].
Hidden Markov model (HMM) A model of an observed variable that is generated based on a set of unobservable discrete states which form a
Markov chain. The goal when fitting an HMM is typically to estimate the hidden state of the system for each observation [74].
Ising model A model from the field of statistical physics which describes complex emergent phenomena from a large set of simple binary units
which interact locally in a lattice or grid configuration. The model was originally developed to investigate properties of magnetic materials.
Marked renewal process A stochastic model of a sequence of events that occur with varying arrival times. Each event has its own ”mark” or type.
The type and timing of the next event is conditioned on past events [31]. Can be applied to model complex behavioral sequenceswhich depend on
short-time and long-time internal state variables and sensory inputs [31].
Markov chain A discrete state transition model where a system moves to its next state based on fixed probabilities that depend only on the
current state (i.e., the system has no memory). This is also known as a first-order Markov chain. The transition probabilities for an nth order Markov
chain depend on the history of the last n states visited by the system.
Switching linear dynamical system (SLDS) A class of hierarchical generative models for continuous time series data [77,78] with high-level
similarities to AR-HMMs. SLDSs have been extended such that the top level of the hierarchy can model a continuous state variable [72] which has
potential for modeling homeostatic processes that modulate behavior.
Variational autoencoder (VAE) A class of generative models for learning latent structure in data [41–44]. Like standard autoencoders, VAEs
comprise a pair of encoding and decoding models. However, the mathematical formulation of these models is very different in a VAE, generally
imposing stronger assumptions with the aim of learning semantically meaningful representations. VAEs are finding new applications in dimen-
sional reduction for simultaneous segmentation and mapping of behavioral time series [45,46]
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of interestea process of feature engineering that can be
aided by machine learning and computer vision.

Segmenting, embedding, and clustering
If we assume that a behavioral sequence corresponds to
a series of short nonoverlapping trajectories through the
space of the behavioral observations (i.e. trajectories
through postural space), one approach for mapping such
units is to extract these trajectories by temporal seg-
mentation, and then cluster them into discrete groups
based on some measure of similarity (Figure 1b). Given
that clustering in high-dimensional space is intrinsically
challenging [36,37], the dimensionality of the behav-
ioral data is typically first reduced by PCA or nonlinear

embedding algorithms such as t-distributed stochastic
neighbor embedding (t-SNE) [38], Uniform manifold
approximation and projection (UMAP) [39], or Isomap
[40]. Alternatively, variational autoencoders [41e44] are
also emerging as a promising new approach for low-
dimensional embedding of complex behavioral data
[14,45,46]. Despite the conceptual simplicity of the
segment-embed-cluster approach, the complexity and
variability of natural behavior poses an inherent chal-
lenge: different realizations of a stereotyped behavior
are seldom identical in the precise shape and timing of

their trajectories, nor is there always clear demarcation
from one movement pattern to the next. Therefore,
methods for segmenting and clustering elementary
www.sciencedirect.com
units of behavior should ideally be robust to variation
between realizations of the same behavior, while
simultaneously sensitive to features which discriminate
between those that are functionally distinct.

Methods and applications
One approach for unsupervised behavioral mapping is
MotionMapper [24,47,48], a framework originally
developed to study free walking behaviors of Drosophila
melanogaster and subsequently extended for the analysis
of social behaviors between pairs of animals [49,50].
Rather than attempting to directly segment the
postural time series, a continuous wavelet transform
[51] is applied along the data to encode short-time

trajectories in the frequency domain. By retaining
only amplitude information and ignoring phase the
encoding is robust against small temporal mis-
alignments. Clustering into discrete behavioral units is
achieved by smoothing a 2-dimensional t-SNE
embedding and then applying a watershed algorithm.
To overcome computational limitations resulting from
the large size of their data, the authors implemented a
variant of t-SNE which learns a low-dimensional
embedding for a representative subset of training
data, then maps the remaining points onto this

embedding in an additional step. MotionMapper has
also been applied for identifying distinct song modes
produced by Drosophila [52], where short time series
Current Opinion in Neurobiology 2021, 70:89–100
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Box 3. Glossary of terms.

Attractor A set of states in a dynamical system which trajectories evolve towards or along (e.g., periodic cycle, manifold, fixed point etc.).
Bayesian information criterion A metric for model selection from Bayesian probability which seeks a balance between model performance and
model complexity.
Chaos The property of apparent randomness in some deterministic dynamical systems which is caused by a sensitive dependence on initial
conditions. In chaotic systems, trajectories which begin infinitesimally close will diverge exponentially fast. Given that the state of a continuous
system cannot be measured with infinite precision, chaotic dynamics are unpredictable beyond a finite time horizon (e.g., the motion of a double
pendulum).
Chaotic itinerancy A phenomenon in high-dimensional chaotic systems whereby trajectories sequentially jump between a series of meta-stable
attractors, and which is hypothesized to explain aspects of neural coding and computation [99].
Generative model A broad class of machine learning models which learn to generate new data similar to training data, based on assumptions
about how the original data were created [105]. In this way, they can be used to extract interpretable features from test data during classification or
prediction tasks. By contrast, discriminative models only seek to find differences (or similarities) between data points.
Hyperparameter A parameter which is specified rather than learned, inferred or computed during model fitting. For example, many clustering
algorithms require the user to specify the number of clusters as an input value, hence this is a hyperparameter.
Latent state Variables in a model which are not directly observed from data and therefore must be inferred via statistical methods.
Lyapunov exponents A measure of the rate of separation of nearby trajectories in a dynamical system. Lyapunov exponents are a characteristic
measure for chaos, and quantify the timescale on which a chaotic system becomes unpredictable [96–98].
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segments were first time aligned by peak energy and
normalized over amplitude, rather than performing a
wavelet transform. Marshall et al. [53] adapted aspects
of MotionMapper into the CAPTURE framework for
mapping naturalistic behavior in rodents over week-
long periods of observation based on 3-dimensional
postural time series. By additionally incorporating su-
pervised feature selection, these authors were able to
enhance the discriminability of known behaviors,
though at the risk of adding human bias.

Another model system well suited for the study of
naturalistic behavior is the larval zebrafish (Danio rerio).
These swim in discrete bouts [54e56], providing a
convenient solution to the problem of temporal seg-
mentation. However, swim bouts vary in duration,
precluding direct comparison of postural trajectory
segments. Even qualitatively similar bouts are unlikely
to have precise phase alignment of tail oscillations.
Mearns et al. [57] addressed the problem of temporal
alignment using dynamic time warping [58]. Because
postural dynamics are often low dimensional [9,15,59e
61], Mearns et al. first applied PCA to the tail kine-
matics of the fish to reduce dimensionality. Pairwise
similarities between time-aligned bouts were
embedded by a combination of affinity propagation [62]
and Isomap embedding [40]. Although acknowledging
apparent continuity in the low-dimensional embedding,
Mearns et al. applied hierarchical clustering to extract
an ethogram of seven characteristic bout types used
during hunting. Alternative studies have identified 13
distinct bout types in larval zebrafish behavioral space
[28,29] using a novel density-based clustering algo-

rithm [63]. Although the difference in the number of
bout types from Mearns et al. [57] might be partly
explained by the wider range of stimulus conditions
investigated in Marques et al. [28], it highlights more
Current Opinion in Neurobiology 2021, 70:89–100
generally that there is rarely one uniquely correct
answer for the number of clusters present in complex
high-dimensional data.

Unlike larval zebrafish, behavior in worms such as
Caenorhabditis elegans and Drosophila in the larval stage
consists largely of continuous patterns of movement,
making temporal segmentation challenging. To address
this issue, Szigeti et al. [64] devised a change-point
detection algorithm based on the local minima of
smoothed and summed postural time series. They then

applied a probabilistic algorithm for simultaneous tem-
poral alignment and clustering [65] to the resulting tra-
jectory segments, and the Bayesian information criterion
to estimate an optimal number of clusters. This method
provided not only cluster labels but also probabilities of
cluster membership. Based on these probabilities, Szigeti
et al. [64] found ambiguity in classification for many
movement types, suggesting that worm locomotion may
be better described by a continuous representation rather
than a discrete behavioral map. In an alternative approach
for change-point detection, Costa et al. [66] segmented

and mapped elementary behavioral units of varying
lengths in C. elegans postural time series by sequentially
fitting locally linear models to the data and then clus-
tering model parameters. This particular model can also
be interpreted as a discrete approximation of a contin-
uous dynamical system. Given the continuous nature of
movement patterns in C. elegans behavior, methods
tailored to this regime can provide complimentary per-
spectives (see ‘Continuous manifolds and chaos’
section).

Practical considerations and limitations
The suitability and interpretability of a behavioral
mapping pipeline hinges on the combined set of as-

sumptions implicit from every algorithm and
www.sciencedirect.com
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Figure 1

Typical frameworks for unsupervised behavioral mapping from naturalistic behavioral data: (a) Computer vision and image processing techniques
encode postural information into time series representing continuous recordings of behavior. These data are often augmented with additional features
such as coarse kinematics (velocity, acceleration, etc.) or other relevant signals (environmental cues, vibration recordings). (b) Elementary units of
behavior can be extracted by capturing information about short-time trajectories via temporal segmentation or applying the continuous wavelet trans-
formation, followed by low-dimensional embedding and clustering. (c) Alternatively, elementary units of behavior can be extracted by fitting a generative
model to the data, which is often hierarchical by construction such that each elementary behavior is modeled by a continuous process and transitions
between behaviors are governed by a discrete or continuous latent state model.
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hyperparameter choice in the pipeline. Extracting fea-
tures from fixed-length time bins [53,67] directly im-
poses a timescale on behavioral units which may not

reflect natural variability in the timing of behaviors.
Change-point detection [64,66] or the use of features
which are robust to small temporal variation [24,57,65]
are advantageous approaches in this regard. Where the
extracted behavioral features are low dimensional,
clustering can be applied directly without the need for
dimensionality reduction. For example, Klaus et al. [67]
constructed discrete feature histograms from low-
dimensional mouse pose data and clustered via affinity
propagation to identify behavioral units that correlated
with neural coding in spiny projection neurons. When

dimensionality reduction is required, as is often the
case, it is important to test the effect of different
hyperparametersesuch as the perplexity parameter for
t-SNE or the number of neighbors parameter for Isomap
and UMAPeas they can drastically alter results.
Furthermore, these algorithms often incorporate
stochasticity, meaning they will generate a different
embedding each time that the algorithm is run. t-SNE
www.sciencedirect.com
and UMAP are also sensitive to initialization [68] which
should be considered when selecting implementations
of these algorithms.

The primary challenges when clustering data are
selecting an algorithm, specifying a distance metric, and
specifying the number of clusters (or a hyperparameter
which indirectly controls this, such as the width of the
Gaussian smoothing kernel used in MotionMapper [24];
see Ronan et al. [37] for a practical discussion of clus-
tering for biological data). At a minimum, an appropri-
ately selected clustering validation metric should be
applied to assess the quality of the obtained clusters,
such as the silhouette score [69], the Calinski-Harabasz

criterion [70], or the gap statistic [71]. It is typically
more effective to perform ensemble clustering: clus-
tering the data many times while perturbing both
hyperparameters and the data (by the addition of noise
or bootstrapping, etc.) to identify solutions which are
stable and consistent [37]. The dimensionality reduc-
tion step can also be incorporated within an ensemble
clustering framework to ensure stability for stochastic
Current Opinion in Neurobiology 2021, 70:89–100
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algorithms and embedding hyperparameters. Finally, if it
is appropriate to use human-labeled data as a ground
truth for a given application, then results for a range of
algorithms and parameters can be benchmarked against
these labels. However, such ground-truth labels can be
very costly to generate, and this approach is effectively
supervised learning which may impart human bias to the
resulting behavioral map.

Generative models
Elementary units of behavior can also be extracted by

fitting generative models, which can be configured to
describe different levels of complexity in a hierarchical
construction (Figure 1c) [25,26,30,35,72]. Generative
models enable simultaneous global fitting of the data to
automatically identify behavioral units and label the
time series accordingly. However, increasing model
complexity requires increasing amounts of data for
robust fitting of parameters, and necessitates sophisti-
cated approaches for model selection, regularization,
and validation to avoid over-fitting.

Wiltschko et al. [25] developed MoSeq, an autore-
gressive hidden Markov model (AR-HMM) [73], to
study free-moving behavior of rodents from depth im-
aging data. They proposed a two-level hierarchical
description of the data, where behavioral units corre-
spond to short-time postural motifs captured by a set of
continuous AR processes. An HMM [74] then describes
the sequence of transitions between behavioral units.
Although the AR-HMM has the flexibility to explain
behaviors with different duration, a ‘sticky’ timescale
parameter acts as a lens to focus the model on behaviors

of a specific temporal scale. In Wiltschko et al. [25],
MoSeq extracted approximately 60 distinct behavioral
units from recordings of free-moving mice which
explained more than 95% of the data. Furthermore,
treating the probability distribution over the set of units
as a summary statistic was shown to be significantly
more effective than traditional coarse behavioral statis-
tics for discriminating between neuroactive and psy-
choactive drugs in phenotypic drug discovery
experiments [75].

Generative models also offer intriguing possibilities for
combined modeling of neural activity and behavior. For
example, a convolutional autoencoder can be paired
with an AR-HMM to segment behavioral units directly
from video data [26]. Coupled with a decoder of
simultaneously recorded neural activity from mice, this
model could generate videos of estimated behavioral
output based on neural activity alone. Switching linear
dynamical systems [76e78] have been extended to
model data as a three-tier hierarchy comprising a
continuous latent state at the top level, which modu-

lates the properties of a discrete state sequence that
then controls continuous-time dynamics [72]. This form
Current Opinion in Neurobiology 2021, 70:89–100
of model could have future applications for studying
behaviors that are modulated by hidden internal states
such as circadian rhythms or hunger, which may be
better modeled as continuous variables rather than
discrete states.

Characterizing discrete behavioral
sequences
Animal behavior is structured over many timescales
[1,4,79], a property long theorized to be the result of
underlying hierarchical organization guiding patterns of
behavior [80]. In this section, we discuss approaches for
characterizing temporal dependencies and structures in
behavioral sequences which may manifest as motifs
(i.e. stereotyped sequences of elementary behavioral
units) or reflect internal state changes.

State transition models
Where naturalistic behavioral data can be mapped to a

sequence of discrete units then the probabilities of
transitioning from one behavior to the next can be
estimated. For example, MoSeq behavioral mapping
combined with neural activity data showed that lesion-
ing the dorsolateral striatum in mice changed the utili-
zation of different behaviors and increased the
complexity of behavioral sequences without altering the
underlying set of behavioral units [81]. Markov chains
are a useful generalization of this concept for identifying
timescales that may be relevant for a behavior
[30,47,53,57,82e84]. In an application to larval zebra-

fish hunting sequences, Mearns et al. [57] showed that
second-order Markov chains were only marginally more
predictive than first-order Markov chains, and only for a
subset of bout types, suggesting a memory-less
stimuluseresponse loop driving the behavior on short
timescales. In contrast, eigendecomposition of Markov
chains constructed from free-walking Drosophila
revealed long-timescale behavioral correlations [47].
These authors found evidence of hierarchical structure
which may explain this observation, and aligns with
prominent theories about the organization of behavior

more generally [80,85]. This was achieved by applying
information bottleneck compression [86] and using a
bespoke ‘tree-ness’ measure to quantify goodness of fit
based on the entropy over all possible forward and
backward paths in the hierarchy. These same Drosophila
data were recently reanalyzed using methods from sta-
tistical physics to further investigate temporal structure
[84]. Sequences of discrete behavioral units were first
mapped to a binary sequence via the information
bottleneck algorithm based on the criteria that each
state should be maximally predictive of the next. Fitting

a one-dimensional Ising model to the binary sequence
revealed temporal correlations over long timescales
which followed an approximate inverse square law.
Although this model does not distinguish between for-
ward- and reverse-time correlations, the result
www.sciencedirect.com
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nonetheless supports the finding that free-walking
Drosophila behaviors are not well characterized by a
low-order Markov chain.

Long-time correlations in behavioral data may be the
result of internal states that modulate behavioral orga-
nization. HMMs are useful for estimating such states.
For example, an HMM could identify discrete finite-

memory episodes which explained long-timescale pat-
terns in free-walking Drosophila [87]. Furthermore,
Calhoun et al. [35] used hierarchical HMMs to infer
internal states driving acoustic behavior during
Drosophila courtship. In this study, a generalized linear
model (GLM) described the sensorimotor trans-
formation between social cues and the generation of
songs, while the HMM described a discrete latent state
which modulated the GLM parameters. The three
fitted states of the HMMwere interpretable as different
stages of social interaction and improved model fit over

previous attempts using a GLM alone [52,88]. HMMs
have also been applied to free-swimming larval zebrafish
to identify internal states representing exploration and
exploitation based on dispersion distanceethe radius
encapsulating movement over a fixed time window [89].
The choice of a two-state model was validated using
Gaussian mixture models and the Bayesian information
criterion. Simultaneous whole-brain neural imaging
during free behavior enabled the authors to identify a
distributed network of neurons correlated with internal
state transitions. Limitations of the HMMs used in

Calhoun et al. [35] and Marques et al. [89] were that
the models assumed a discrete internal state, and that
the HMM dynamics operated on a fixed timescale.
Incorporation of a continuous internal state variable [72]
and flexibility in the timescale of the HMM [25,30] are
important directions for future study of hierarchical
models of behavioral sequences in the context of envi-
ronmental cues.

Marked renewal processes and dictionary-based
approaches
The influence of sensory cues on larval zebrafish hunt-
ing sequences has also been investigated in [31] using
marked renewal processes [90] with GLMs. The authors
found that the previous bout type, previous inter-bout
interval, and prey position were most predictive of the
next action, and that the time that the fish had spent in
the current hunting event was also predictive. A limi-
tation of this modeling approach is that predictive var-
iables are not necessarily causal and may be correlated,
hence the model does not necessarily provide an algo-

rithmic explanation for observed behaviors. However,
the capacity of the model to identify environmental cues
and behavioral states that influence future action se-
lection suggests its potential as a tool for hypothesis
generation in the search for corresponding neural cir-
cuits and algorithms.
www.sciencedirect.com
Dictionary-based compression provides an algorithmic
approach for identifying stereotyped motifs on multiple
timescales [30,82,83]. Repeated compression using the
principle of minimum description length [91,92] has
been applied to identify arbitrary length motifs from
C. elegans locomotion, suggesting a hierarchical behav-
ioral structure [82]. Furthermore, the factor by which
the algorithm could compress a given behavioral

sequence was shown to effectively discriminate be-
tween genetic variants. A limitation of this approach was
that it identified relatively few stereotyped motifs. This
is likely due to the intrinsic rigidity of the lossless
compression algorithm, which implicitly accounts for all
variations in a sequence of patterns, making it sensitive
to natural behavioral variability and noise. A recent study
proposed a generative model for dictionary-based rep-
resentations of behavioral sequences which attempts to
account for these issues by modeling variability with
random insertion or deletion of behavioral units in a

sequence [30]. However, the relationships between
motifs extracted by dictionary-based methods, corre-
sponding behavioral functions, and neural coding remain
relatively unexplored.

Continuous manifolds and chaos
Certain behaviors may lie on a continuum, including the

postural space underlying worm locomotion [59,60,64,
93], Drosophila locomotion and gait dynamics [87,94],
larval zebrafish bout space [57,61], and mouse vocali-
zations [33]. Continuous models of naturalistic behav-
iors can provide complimentary insights into neural
algorithms for behavioral control and the relationship
between brain and biomechanics. For example, an
investigation of inter-limb phase relationships in the gait
dynamics of spontaneous walking in Drosophila showed a
single continuum of coordination patterns [94]. The
authors also found that a low-dimensional embedding of

Drosophila limb kinematics via UMAP [39] produced a
continuous bell-shaped manifold underlying gait dy-
namics. The direction along the bell manifold corre-
sponded simultaneously to limb frequency and gait
type, and also captured stimulus-induced perturbations
in walking speed. These data were well-fit by a coupled-
oscillator model controlled by a single continuous
parameter, suggesting that qualitatively distinct gait
dynamics may be generated by single continuous neural
control variable.

Continuous dynamical systems models of postural dy-
namics of C. elegans worms have shown that phase timing
of stimuli can control turn direction [59]. Recently,
Ahamed et al. [93] found evidence of continuous
chaotic attractors underlying postural dynamics in
C. elegans during locomotion using phase space recon-
struction by delay embedding and estimation of
Lyapunov exponents [95e98]. The authors suggested
that chaotic dynamics provide a possible framework to
Current Opinion in Neurobiology 2021, 70:89–100
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explain how stereotyped yet nonetheless variable be-
haviors can emerge from a continuous manifold: quali-
tatively similar trajectories appear on shorter timescales
due to the structure of the attractor, and variability
naturally arises as trajectories diverge due to chaos.
Furthermore, high-dimensional neural network models
utilizing chaotic itinerancy [99] can produce both
input-driven and spontaneous switching between

specified metastable attractors [100]. It was shown that
resulting sequences from these models can approximate
Markov chains and higher order state transition models.
If an elementary behavioral unit can be modeled by a
continuous chaotic attractor, then chaotic itinerancy
may provide a bridge between the continuous patterns
of movement that define behaviors on short timescales,
and the qualitatively discrete nature of behavioral se-
quences on longer timescales.

However, it is not clear the extent to which chaotic

behavioral dynamics are the product of neural circuits
or biomechanical oscillations [101]. Biomechanical
models of larval Drosophila can generate oscillatory lo-
comotor dynamics and chaotic turn motions which
intrinsically produce an effective exploration strategy,
suggesting that exploration can be driven by a diffusion
process arising from chaos without an explicit neural
control objective [102,103]. Ultimately, behaviors are
realized through a coupling of neural dynamics,
biomechanics, and the physics of the environment in
which an organism finds itself [101], yet how this

complex interplay impacts models of behavioral se-
quences and neural activity across different scales is yet
to be fully explored.
Conclusions and outlook
Although there has recently been impressive growth in
unsupervised computational methods for investigating
naturalistic behavior, many technical and conceptual
challenges remain. Unsupervised behavioral mapping
techniques can extract detailed biomarkers with

improved discrimination over coarse kinematic statis-
tics for genetic and pharmacological phenotyping.
However, in isolation these biomarkers provide
limited insight into neural circuitry without additional
human interpretation of the learned behavioral rep-
resentation. Furthermore, computational pipelines for
behavioral mapping typically apply many trans-
formations to data, each imparting inductive biases
which may impact biological interpretation. The risk
of erroneous results can be mitigated by using tech-
niques for model validation and selection such as

cross-validation, or by testing the stability of solutions
over many small random permutations to hyper-
parameters and data.

Patterns of behavior arise from the complex interac-
tion between an organism’s goals, environment,
Current Opinion in Neurobiology 2021, 70:89–100
biomechanics, and developmental processes. In the
search for algorithms underlying naturalistic behaviors,
we should seek models for which there exist plausible
neural and biomechanical substrates. The improve-
ment of technologies for real-time pose tracking and
neural imaging in free-moving animals will create new
opportunities for the measurement of neural and
sensory correlates of naturalistic behavior. Continued

contributions from the fields of mathematics, statis-
tics, physics, and machine learning will be needed to
find meaning in complex behavioral data. Key
outstanding problems for the field include resolving
behavior across multiple scales, characterizing both
discrete and continuous aspects of behavioral dy-
namics, and integrating sensory information and
environmental constraints in behavioral models.
Large-scale statistical and machine learning models of
behavioral sequences are beginning to enable charac-
terization and prediction from combinations of

behavioral history, sensory information, and estimated
internal states over multiple timescales. However, so
far these typically implement linear transformations or
probabilistic maps based on state history and sensory
input to model the subsequent action. A promising
future direction may be to integrate large-scale models
of naturalistic behavioral data with control theory, or
similar frameworks for modeling goal-driven behavior
with feedback processes. Overall, the rapid develop-
ment of methods and models for unsupervised quan-
tification of animal behavior promises many important

breakthroughs in our understanding of the link be-
tween brain and behavior in coming years.
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