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Abstract

In the study of animal behavior, researchers often
record long continuous videos, accumulating into large-
scale datasets. However, the behaviors of interest are often
rare compared to routine behaviors. This incurs a heavy
cost on manual annotation, forcing users to sift through
many samples before finding their needles. We propose
a pipeline to efficiently sample rare behaviors from large
datasets, enabling the creation of training datasets for rare
behavior classifiers. Our method only needs an unlabeled
animal pose or acceleration dataset as input and makes no
assumptions regarding the type, number, or characteristics
of the rare behaviors.

Our pipeline is based on a recent graph-based anomaly
detection model for human behavior, which we apply to this
new data domain. It leverages anomaly scores to automat-
ically label normal samples while directing human annota-
tion efforts toward anomalies. In research data, anomalies
may come from many different sources (e.g., signal noise
versus true rare instances). Hence, the entire labeling bud-
get is focused on the abnormal classes, letting the user re-
view and label samples according to their needs.

We tested our approach on three datasets of freely-
moving animals, acquired in the laboratory and the field.
We found that graph-based models are particularly useful
when studying motion-based behaviors in animals, yield-
ing good results while using a small labeling budget. Our
method consistently outperformed traditional random sam-
pling, offering an average improvement of 70% in perfor-
mance and creating datasets even when the behavior of in-
terest was only 0.02% of the data. Even when the perfor-
mance gain was minor (e.g., when the behavior is not rare),

our method still reduced the annotation effort by half .

1. Introduction

Rare events are integral to our understanding of animal
ecology [7]. With the advance of high-resolution record-
ing devices being deployed continuously by ecologists [27]
many behaviors, like prey capture in fish [3] or diving be-
havior in sea birds [26], become a needle to be searched in
an ever-growing haystack.

Our goal is to train classifiers that can detect these rare
behaviors in an unlabeled dataset. To do that, we need to
annotate a sufficient number of instances to train a rare be-
havior classifier. The problem is that finding even a small
number of rare events is a (very) time-consuming process
to begin with. Thus we consider the setting of using no ini-
tial samples of these behaviors. Once equipped with said
classifier, we can scan large volumes of unlabeled data and
detect rare events of interest.

Many prior works have considered the setting where few
or even many rare samples exist for training a preliminary
model [18]. However, we claim a more common use case
in biology is where a researcher is confronted with a large
dataset of unlabeled recordings with no rare examples rel-
evant to the dataset [22]. Thus, we ask how, when given
such a dataset,does one find rare behaviors without any prior
assumptions on the type, number, or even the existence of
these behaviors in the data (Figure 1).

Unsupervised anomaly detection methods could provide
an answer, seeing as these methods are geared towards find-
ing irregular ("anomalous”) samples without any annotated
examples. However, unsupervised methods usually yield

'0ur code is available at https://github.com/shir3bar/
SiftingTheHaystack.
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| Given this common data acquisition pipeline

| How do you efficiently label rare instances (to train a downstream classifier)?
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Figure 1. Problem setup and approach. Biologists studying freely behaving animals often accumulate large datasets of behavioral sequences

where their behaviors of interest are rare in the data (blue skeletons -

common, yellow skeletons - rare). Getting an initial labeled dataset of

these behaviors requires a substantial labeling effort. Examples of rare instances in larval fish behavior data (yellow skeletons in the yellow
dashed box, left to right) include S-starts, C-bends, and noise. The former two are behaviors of interest, the latter is a nuisance feature of
large-scale datasets. Our method enables the user to efficiently find and annotate rare behaviors with only the unlabeled data as input.

lower performance compared to supervised methods, pos-
ing a trade-off between performance and annotation effort.
The problem with such methods is that they may find many
different types of anomalies (e.g., sensor noise versus ab-
normal behavior, Figure 1), and not all of these will be of
interest to the researcher. Hence, supervised methods work
well, but require labeled training data that is hard to acquire,
and anomaly detection methods work on unlabeled data, but
may not have high enough specificity for our needs. To mit-
igate the limitations of both approaches, and benefit from
their strengths, we propose a new pipeline to quickly find
rare animal behaviors using anomaly detection, label them
manually, and then train a semi-supervised classifier (Fig-
ure 1).

Specifically, we test the application of a recently intro-
duced graph-based human pose anomaly detector [ 1] and
adapt it to this new data domain. For our pipeline, we run
the anomaly detector on the data. This ranks each instance
with an anomaly score (a higher score means a more anoma-
lous example). We then sample the resulting score distribu-
tion in two distinct regions to create a labeled dataset (Fig-
ure 2). We take samples that are close to the mean anomaly
score and label them as normal, without review. For the rare
behaviors, we sample among the high-scoring instances for
anomalous examples. However, the anomalies may be irrel-
evant and the chance of false positives is high. We therefore
let a user manually scan the anomalous examples and anno-
tate the ones that fit their needs. Once enough rare samples
are found, we can train a supervised classifier. Figures 1
and 2 give an overview of the pipeline.

We test our approach on 3 biological datasets of ani-
mal behavior from two data modalities that are ubiquitous
in behavior research - pose estimation, and accelerometry.
In each case, we represent the data using spatio-temporal
graphs. We find that graphs are an excellent abstraction that
works well on biological data, particularly in the context of
rare behaviors. Moreover, it is also very light, leading to fast
processing times. Finally, we show that, for the same label-
ing budget, the effort it takes to label rare examples using

our pipeline is considerably lower, compared to sequential
or random sampling of the data.

Our contributions: 1. Applying a recent anomaly de-
tection framework for rare behavior detection in animals.
2. A pipeline that enables the detection of rare animal be-
haviors in a given dataset without prior assumptions on the
type or number of instances of the behaviors in the data.

3. Showcasing the power of graph-based representations
and Graph Convolutional Networks (GCNs) for behavior
analysis in animals.

2. Related work

Our work builds on recent progress in the field of
anomaly detection in human action recognition relying on
GCNs. We combine it into a semi-supervised scheme and
train a graph-based classifier to detect rare behaviors.

Anomaly detection in action recognition In most tradi-
tional anomaly detection settings (e.g., [4, |2]) the anoma-
lies are stark deviations either in appearance-based statistics
or in semantics. In contrast, most anomaly detection bench-
marks for human actions are constructed from surveillance
camera footage [|]. Here, appearance is often difficult to
resolve but anomalies are associated with different motions,
rather than different appearance or semantics. The behav-
iors that are considered anomalies differ between datasets
but generally include the use of vehicles, violent behaviors,
etc [2, 16,25]. Recent work [ 1 1] capitalized on this insight
by performing anomaly detection on pose space, rather than
pixel space, using Graph Convolutional Networks (GCNs).
Thus, focusing the model on motion-related anomalies. We
test their approach for detecting abnormal animal behaviors.

Graph-based analysis in animal behavior Working on
graph representations has the advantage of abstracting away
information that is irrelevant for behavior analysis like cam-
era angle or lighting conditions. This is beneficial when
dealing with rare behaviors, where the model has a limited
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amount of examples to learn from, as it focuses the model
on relevant features of the data. But, by abstracting ap-
pearance we explicitly target kinematic behaviors and can-
not detect some classes of behaviors (e.g., camouflage or
color change). Other applications of graph-based analyses
in the animal domain: [29] improves pose estimation per-
formance by fitting a graph-based model to laboratory ani-
mal data, leveraging data from unlabeled frames in a semi-
supervised fashion. [31] counted animals from drones us-
ing graph regularized networks. [15] animal pose and shape
estimation using GCN-based models for 3D mesh refine-
ment. [19] uses Spatial-Temporal-GCNs (ST-GCNs, [30])
to classify behaviors of larval fish in an experimental setup.
To the best of our knowledge, we are the first to test a graph-
based approach for rare behavior detection in animals.

Animal behavior analysis A common pipeline in mod-
ern behavior analysis includes extracting pose, then cal-
culating kinematics parameters pre-determined by the re-
searchers to create a time series, then either doing unsu-
pervised clustering or training a tree-based classifier (e.g.
[6,13,20,26,28]). Pre-defining the kinematics parameters
is not always possible or desirable. When we have no apri-
ori knowledge of the behavior of interest, or when we do not
want to introduce human bias into the process of behavior
analysis [17]. We propose working directly on the acquired
pose, dispensing the need to pre-determine which kinematic
features are of interest. Recently, [19] proposed the use of
ST-GCNs for supervised multi-class classification of swim-
ming behaviors in fish using pose data directly. In our work,
we ask how we can quickly find instances of rare behaviors
in order to train such classifiers.

Rare events detection in animals The ability to observe
rare behaviors is thought to be limiting to ecological infer-
ence [9]. Nevertheless, in animals, this problem has re-
ceived relatively little attention, especially in a computer
vision context. Therefore there are few large datasets
geared towards testing this problem directly. Recent ap-
plications include identifying abnormal behavior induced
by exposure to chemicals [10], and identifying rare behav-
iors in real-time from bio-loggers deployed on-board sea-
birds [26]. Both applications rely on feature extraction from
the raw sensor data followed by tree-based (Random For-
est/Isolation Forest) analysis. Neither of these works oper-
ates directly on sensor data nor tests the effect of similarity
between behaviors or behavior rarity.

Semi-supervised and active learning for rare category
detection Active learning for rare category detection has
received a lot of attention over the years (reviewed by [18],
but also see [22]). In active learning, feature representations
are iteratively updated according to user feedback. We do

not consider our work to be active learning as we do not up-
date the anomaly detector ranking the abnormal behaviors.

Mullapudi et al. [18] highlight the fact that previous
works on rare category learning have many unrealistic as-
sumptions. For example, the assumption you have a large
initial dataset of rare behaviors to learn from. Their solu-
tion, which assumes a small (N=5) set of rare examples, is
elegant and forms a basis for further rare category research.

Our method differs from theirs by relaxing two key as-
sumptions that are relevant to biological research datasets.
First, we do not require any rare samples. Finding even 5
instances of a rare behavior in a large dataset will require an
intensive labeling effort. Second, we do not limit the num-
ber of rare categories. Mullapudi et al. [ 1 8] assume a single
rare category is learned at a time when in biological datasets
several types of rare categories may appear. This means the
intra-class variability of the rare class will be high in real
scenarios.

3. Approach

We start by introducing the models used in our pipeline
and how we applied them to datasets of animal behav-
iors. We then move on to describing our proposed labeling
pipeline assuming a limited labeling budget. Seeing as truly
rare behaviors are often discarded from datasets as outliers,
or otherwise not even documented, we perform a rarity ex-
periment where we test the pipeline under increasing rarity
levels.

Experimental datasets often have noisy or mislabeled
samples (or both), therefore we start by establishing perfor-
mance on a synthetic dataset. Using this dataset we probe
the performance of the models and our labeling pipeline.
We then test our method on three publicly available datasets
collected by biologists in the laboratory and the field.

3.1. Models

Spatio-Temporal Graph Normalizing Flows (STG-NF)
for anomaly detection. Normalizing flows [8] are a class
of unsupervised models for density estimation that define
an invertible mapping between a data space X’ and a latent
space Z, typically assuming a tractable density in Z, such
as a Gaussian distribution. This mapping is constructed
through a sequence of invertible transformations parame-
terized by a neural network, ensuring that both the mapping
and its Jacobian are computationally efficient. The model
allows for direct estimation of the data distribution px (z)
by leveraging the change of variables formula, enabling pre-
cise computation of the probability density.

We use the STG-NF model [ | 1], which uses normalizing
flows to directly map graph sequence data to a latent Gaus-
sian distribution. It uses spatio-temporal graph convolutions
to model anatomical and motion-based graph connections.
Training is done by minimizing the negative log-likelihood
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Figure 2. Overview of our proposed framework. Starting from behavior data segmented to clips, we first train an anomaly detector on all
the available train data. We then evaluate the same dataset and sample the dataset according to the resulting anomaly scores distribution.
We draw normal samples from the center of the distribution (blue rectangle) and abnormal samples from the right tail of the distribution
(yellow rectangle). We then manually review only the abnormal and train a binary classifier to find rare behaviors.

of the data probability. We applied the model to long pose
sequences by segmenting them using a sliding window of
size f = 8. At inference, we obtain sequence-level anomaly
scores by taking the mean score across all segments.

Spatial Temporal Graph Convolutional Networks (ST-
GCN) for action classification. Yan et al. [30] used
graphs to model the dynamics of human skeletons, propos-
ing the spatio-temporal GCN building blocks later used by
STG-NF. We used a shallower version of the ST-GCN [30]
model, reducing the number of layers in the model. This
served to prevent overfitting to the smaller datasets we used.

3.2. Labeling pipeline

To mitigate the trade-off between labeling effort and
model performance, we test the feasibility of using anomaly
scores produced by the unsupervised STG-NF to train an
ST-GCN classifier using a semi-supervised approach.

The basic scheme is depicted in Figure 2. For a given
dataset, we first train an unsupervised STG-NF model on
all available training data. We then use the trained model
to rank the samples of the train data according to the as-
signed anomaly score. From this ranked dataset we sample
instances from two areas in the anomaly score distribution
- the tail (i.e., most abnormal) and around the mean of the
distribution (i.e., most representative normal). We let a hu-
man review only the abnormal samples, searching for rare
behaviors and labeling the samples as either "normal” (for
the common behaviors) or ”abnormal” (for the rare behav-
iors). The normal samples obtained this way can be viewed
as “hard negatives” as they are closer to positive samples
in the feature space. In addition to these, we sample in-
stances around the mean of the anomaly score distribution
and pseudo-label them as "normal” without human review.

We sample an equal number of top- and bottom-scoring
samples, however, the review process of the top-scoring

samples may change the data balance. We train an ST-GCN
classifier using this dataset and evaluate it on the original
test set of each dataset. We keep this test stable across all
experiments, regardless of train dataset size or induced be-
havioral rarity (see below).

We compare our method to a baseline of random sam-
pling - drawing samples from the training set at random
and reviewing them, which is the prevalent method used
by many biologists. We repeat this process using different
labeling efforts N,e,icwea = 30, 60, 100, 300, 600, 1000. We note
that the size of the training dataset created by our method is
Nyeviewed + Npscudotabeted = 2 * Nrewiewea While that of random sam-
pling is Nyeyieweq. Thus, for the same labeling effort, our
method creates a dataset that is double the size.

4. Evaluation

Rarity experiments. We are mainly interested in very
rare behaviors, ones that are so rare that it is difficult to cre-
ate datasets to investigate the efficacy of models in detecting
them. So, we put our pipeline to the test not only on the ob-
served rarities in each dataset but also on different levels of
induced rarity. To do this we gradually rarified the minority
behaviors in each dataset artificially, by subsampling the ab-
normal class, before starting a pass of the pipeline. For each
rarity level, we repeat the full pipeline, including all label-
ing efforts. Since these experiments are highly stochastic
we repeat them with different random seeds, using 9 or 3
replicates for the synthetic or biological data, respectively.

4.1. Datasets

Data representation. We use a graph-based representa-
tion for all our datasets. Aside from one dataset, all of
our datasets are pose estimation datasets, where each ver-
tice corresponds to a landmark of interest on an animal (a
real or synthetic fish) with two channels - x and y. The rela-
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Figure 3. Data examples. The common behaviors are on the left
(blue), and the rare behaviors are on the right (yellow) for each
panel. (a) Samples from the synthetic dataset (behaviorSD = 0.5),
depicted as an overlay of all frames in the sequence (lighter color
for earlier frames). (b) Two (of 5) behaviors from FishLarvael:
exploration (common), and strike (rare), depicted as an overlay of
all frames. (¢) Two (of 8) behaviors from PoseR: scoot (common),
and slc (rare), a single representative frame. And (d) Two (of 4)
Accelerometry samples from Meerkat: foraging (common), and
running (rare), depicted as acceleration (y-axis) against time (x-
axis) for different directions (color). The data are highly variable
in terms of motion behaviors, presenting the real-world challenges
of discerning rare behaviors in research data.

tionships between the vertices are defined by an adjacency
matrix, which defines the “skeleton” of the animal. One
dataset, the Meerkat dataset, is an accelerometry dataset
(see below). The raw data in this dataset is accelerations
on each of the axes (see Figure 3d). To create a represen-
tation similar to a pose graph from these one-dimensional
accelerations we use the accelerations on the (xy, yz, xz)
planes to create a graph with three two-channeled vertices.

4.1.1 Synthetic data

To test our ability to detect rare behaviors in a controlled
setting, we created a synthetic dataset with two “behaviors”
that differ between them by a simple kinematic rule. We
draw inspiration from the swimming behavior of real fish
(see Figure 3). Each sample is comprised of a 5-keypoint
pose sequence of 9 timesteps. The movement of each key-
point is determined by a sinus with some amplitude A and
frequency f, each is drawn from a separate multivariate
Gaussian distribution with means A and f respectively. The
behaviors differ in that for the common behavior f > A and
vice versa for the rare behavior (Flgure 4). For the test set,
we changed the means of A and f to test whether the model
learned the kinematic rule.
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Figure 4. Movement parameters for the synthetic dataset. Density
plots of the two parameters used to generate keypoint movement.
Each keypoint’s movement was modeled as a sinus with amplitude
A (left columns) and frequency f (right column). For the common
class (blue) f > A, and the opposite for the rare class (yellow).
We controlled the similarity between the rare and common “be-
haviors” by changing the standard deviation of each of the multi-
variate Gaussians (SD, rows), similarity grows with this behavior
SD.

Using this simple scheme, we create datasets with dif-
ferent levels of similarity between the rare and common be-
havior (Figure 4). We change the similarity between be-
haviors by increasing the standard deviation of the multi-
variate Gaussian, allowing the behavior to be more vari-
able. We think this is a biologically relevant way to sim-
ulate similarity between behaviors, as behaviors in nature
are highly variable. We set 4 levels of the standard devi-
ation, where the lower the value the more distinct the be-
haviors (behaviorSD = [0.5,1.5,2.5,5], Figure 4). We set the
frequency of the rare behavior in the dataset to be 5% and
test the effect of different frequency levels on performance
in an ablation study (Section 5.2).

4.1.2 Biological datasets

We used three published datasets documenting freely be-
having animals sourced from experimental neurobiology
and field ecology [0, 13, 19]. As in most natural datasets,
the behavior classes follow a long-tail distribution where
most samples belong to a few common behaviors. In this
study, we seek to find the rare behavior classes at the long
tail of the distribution. Hence, we divide each dataset into
“normal” for the common classes and “abnormal” or rare
otherwise. Thus, our common and rare classes encompass
inter- and intra-behavior variability.

We briefly introduce the datasets below and give the un-
named datasets ( [0, 13]) names we’ll use for the rest of the
paper. We visualize sample data in Figure 3.

1. FishLarvael - Johnson et al [13] created a dataset of
pose-estimated sequences of larval Zebrafish (Danio
rerio) chasing prey in a large laboratory arena. Be-
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haviors were divided into 5 main categories - explore,
pursuit, j-turn, abort, and strike. We took the former
two to be normal (making up 88% of the dataset) and
the latter three to be abnormal (12% of the dataset).

2. PoseR - Mullen et al. [19] present another pose es-
timated larval Zebrafish behavioral dataset. The data
is compiled from several separate neurobiological ex-
perimental assays. Behaviors were divided into - burst
swim, routine turn, j-turn, scoot, long-latency C-bends,
slow-latency C-bends, O-bends, and noise. We consid-
ered the first four behaviors normal and the latter four
as rare (95.7% and 4.3% of the dataset, respectively).

3. Meerkat - We used an accelerometry dataset of
meerkat behavior [0] to show that our method gener-
alizes to other data modalities and species. The dataset
was assembled by fitting the animals with tri-axial ac-
celerometers while simultaneously monitoring them
with video in the wild. The dataset contains four be-
haviors - foraging, vigilance, resting, and running. We
considered the former two as normal and the latter two
as rare (94.4% and 5.6% of the dataset, respectively).

See supplementary Section S1.2 for details on the train-
ing splits used. In all three studies, the original problem
tackled was multi-class behavior classification; thus, our re-
sults are not directly comparable with their benchmarks.

4.2. Performance metrics and statistical analysis

To assess our labeling scheme, the performance of each
sampling method (ours or random) was measured as the per-
formance of a classifier trained using each of the resulting
datasets. We use the Area under the Precision-Recall curve
(AuPRC, range 0-1) to evaluate the classifier performance,
a common metric for unbalanced data [23]. The AuPRC
expected under a random classifier equals the fraction of
the positive class in the data. Thus, this metric is sensi-
tive to data imbalance and cannot be used to directly com-
pare performance between test sets with different data im-
balances [5,23]. For this reason, we kept the same test set
for each dataset through all rarity experiments.

To statistically analyze and visualize our results, we
modeled AuPRC as a function of rarity level (log-
transformed), labeling effort, and sampling method. For
the synthetic dataset, we added behavior SD. To assess our
method we plot the AuPRCs predicted by the model as a
function of rarity for each labeling method (Section S2).

4.3. Implementation Details

For STG-NF, we used the code implementation provided
by [11] in the PyTorch [21] framework. We used k = 4,
L = 3, R = 3, 16 hidden channels, and a batch size of 256.
All other hyperparameters slightly varied between datasets.

The STG-NF models are lightweight with 8 — 10.5K pa-
rameters, depending on the dataset configuration. They
were trained for 4 epochs as we found it was enough for
models to converge. For ST-GCN we used an implemen-
tation provided in the STG-NF codebase. In the rarity
experiments, we trained the model for 2 epochs, using a
batch size of 256. Any modifications, all hyperparameters,
and all experiments we ran are available in our codebase.
The synthetic dataset we created is publicly available at:
doi.org/10.5281/zenodo.14266407. All statistical analyses
were conducted in R, and all performance metrics were cal-
culated using the R precrec package [24] and emmeans [ 4].
The raw data used for these analyses are publicly available
at: doi.org/10.5281/zenodo.14253658.

5. Results

We start by motivating our approach using results from
the synthetic data, which can be viewed as a controlled ex-
periment where we probe both model and pipeline perfor-
mance. We then present the application of our method to 3
biological research datasets.

labeling method
(meanAuPRC =+ sd)
data type  dataset proposed random
behaviorSD = 0.5 0.74 £0.049 0.51 £ 0.22
svnthetic behaviorSD = 1.5 0.65+0.13  0.45+0.23
YRR behaviorSD = 2.5 0.6+0.063  0.37 +0.21
behaviorSD = 5 0.36 £0.038 0.23 +0.12
FishLarvael 0.27 £ 0.067 0.21 +£0.022
biological PoseR 0.77£0.11 0.49 +£0.21
Meerkat 047+£0.22 0.25+0.15

Table 1. Performance of labeling pipeline. The estimated perfor-
mance of the labeling pipeline in AuPRC across all rarity levels for
a labeling budget of N¢yicwea = 200. Our method is more beneficial
than random sampling across all datasets.

5.1. Synthetic data

For a given labeling budget, our proposed labeling
method performed better than random sampling, particu-
larly when rarity levels were higher (Figure 5). The mean
improvement on random sampling was 64.82% + 2.36
(mean + SE), across all rarity levels and labeling efforts.
The advantage given by our method was variable, changing
across behavior similarity (low to high, Figure 5a-d), label-
ing efforts, and rarity level (along the x-axis of Figure 5).

Effect of labeling budget. The labeling effort had a
small (but statistically significant) effect on performance for
both methods (Figure S1). In the main text, we discuss the
results for a labeling budget of Nyeviewea = 200, but note
that changing the labeling effort does not change the overall
trend.
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Figure 5. Labeling pipeline performance on the synthetic data. Predicted performance (y-axis) of a classifier under different induced
rarities (x-axis) for a labeling budget of N,.yicuea = 200. We compare our anomaly detection-based labeling approach (red), to randomly
picking and labeling samples from the dataset (blue). Panels (a-d) are organized in order of increasing behavioral similarity. Our labeling
method provides stable and better performance across a range of artificial rarities and at all levels of behavioral similarities. However, the
method yields the largest benefit at higher rarities (left side of the x-axis).

Effect of behavior similarity. Increased behavior sim-
ilarity (i.e., high SD) hurt the performance of both meth-
ods, however, our method still dominated. Mean AuPRCs
dropped from 0.79 AuPRC to 0.40 in our method and for
the random sampling from 0.59 to 0.28, from most distinct
to most similar behaviors respectively (Figure 5, Table 1)

Effect of rarity level. The effect of rarity level was
stronger in the random method (slope = 0.17 + 0.05, mean =+ sd,
for all behavior SDs). That means that for every order of mag-
nitude increase in behavior rarity (e.g., from 1% to 0.1%
of the dataset) the random method loses 0.17 points from
the AuPRC score. Our method was mostly unaffected by
the rarity of the synthetic behavior (siope = —0.04 £ 0.06,
mean + sd). When behavior rarity is low (i.e., has a higher %
in the dataset, right side of the x-axis) we see that random
sampling becomes as effective as our method. We believe
the reason for this lies in the increased chance of finding
rare instances that lie closer to the decision boundary of the
classifier. We discuss this in the Limitations section below.

Often, researcher have no exact apriori knowledge of the
degree of similarity or level of rarity within their datasets.
This investigation serves to test the boundaries of our
method. Though we find the performance is still far from a
fully supervised benchmark (Section 5.2), we deliver good
performance on a limited labeling budget.

5.2. Application to biological datasets

The performance of the pipeline improved on random
sampling also in the biological datasets (Table 1). Though
our method was always superior, the advantage was vari-
able across datasets (Figure 6 a-c), labeling effort, and rarity
level (Figure 6, x-axis).

Effect of labeling effort. As in the synthetic datasets,
labeling effort had a small but significant effect on perfor-
mance which varied between datasets (Figure S2). For the

FishLarvael dataset, the labeling effort had the strongest ef-
fect on performance, in that a researcher would need to re-
view at least 300 clips to get a decent classifier (AuPRC =~
0.45). For the PoseR and Meerkat datasets performance sta-
bilizes after only 100 reviewed clips. In the main text, we
discuss results for a labeling effort of Nyeyicwea = 200.

Effect of rarity level. The performance as a function of
rarity had two different trends. For the PoseR and Meerkat
datasets, our method improved performance substantially
(Table 1, rows 3 and 4, respectively). The performance
improvement increased with rarity, similar to the synthetic
datasets (Figure 6b, and c, respectively). In PoseR, like in
the synthetic data, this trend was driven by the high de-
pendency of random sampling on rarity (Figure 6b). In
Meerkat, however, both methods were similarly affected
by rarity (Figure 6¢). On the other hand, for the FishLar-
vael dataset performance improved when rarity decreased
(proposed method slope = 0.08, Figure 6a), but overall im-
provement was lowest (Table 1, row 2).

Though some patterns were similar to those observed in
the synthetic data, biological datasets are, predictably, much
more challenging. This performance gap may be attributed
to mislabeled samples, noisy samples, or higher variance
typical of natural behavior. Our method truly shines when
the rare behavior frequency is < 1% of the dataset, enabling
the user to train rare behavior classifiers that yield a substan-
tial advantage compared to traditional random sampling.

5.3. Ablation studies

What would performance be if we labeled the entire
dataset? We benchmark the classifier and the anomaly
detector on the complete synthetic and biological datasets
(Figures S3 and S4). For the synthetic dataset, both mod-
els” performance was adversely affected by behavior sim-
ilarity. This effect was more pronounced in the anomaly
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Figure 6. Labeling pipeline performance on biological data. Predicted performance (y-axis) of a classifier under different induced rarities
(x-axis) for a labeling budget of N,.,icwea = 200, for the biological datasets (panels a-c). We compare our anomaly detection-based
labeling approach (red), to randomly picking and labeling samples from the dataset (blue). Trends differ between datasets, however, our
method provides a clear advantage in two datasets (b,c) across most of the rarity range.

detector, with performance dropping to 0.19 mean AuPRC
at the highest similarity level compared to 0.5 for the clas-
sifier (Figure S3). For the biological datasets, we find that
ST-GCNs are highly performant (mmean AuPRC = 0.97) when
given a large labeled dataset, even in the face of high data
imbalance. The anomaly detector showed decent results
only on one of the datasets (mean AuPRC = 0.43, Figure S4).

Effect of the baseline rarity level on models. We mod-
ulated the baseline frequency of the rare behavior in the
synthetic dataset to see if this affects model performance
when trained on the full dataset. We tested 4 rarity lev-
els, where the frequency of the rare behavior is changed
(%orarity = [1.5%, 5%, 12%, 24%] of the data). Table S2 sum-
marises the results across all rarity levels and behavior sim-
ilarities. The rare behavior frequency by itself did not affect
performance. However, rarity had a combined effect with
behavior similarity, such that when behaviors were more
fine-grained, rarity had a stronger negative effect on per-
formance (see statistical analysis in section S2).

6. Limitations

As seen in Figures 5 and 6 our method is most benefi-
cial when the rare behaviors make up < 1% of the dataset.
Above it, random sampling finds samples easily enough and
has a greater chance of catching hard positives (i.e., rare
behaviors with low anomaly scores). In our pipeline, we
can identify hard negatives, since we sample a wider re-
gion of the anomaly score distribution tail (Figure 2). How-
ever, since we do not review samples drawn from the cen-
ter of the distribution, we exclude the possibility of finding
hard positives. Mullapudi et al. [ 18] in their active learning
scheme observed that, at some point, the benefits of sam-
pling easy positives diminish. They proposed an adaptive
approach where the samples to be reviewed in each itera-
tion shift between positive and negative regions according
to their relative class sizes. This adaptive sampling, as well
as an active learning setting, is an interesting future direc-

tion for our method.

Graphs proved to be useful for studying behavior kine-
matics. However, since they abstract away all color and ap-
pearance information in the recordings, they are not suitable
for studying behaviors associated with color/appearance.

The unsupervised model struggled with the FishLarvael
dataset [13] (Figure S4a). An investigation of model perfor-
mance led us to conclude that for many instances, the dif-
ference between the rare and common behaviors lies in the
movement of the 8 eye coordinates (see Figure 3b), while
the rest of the 23 body vertices were similar. We observed
the anomaly detector failed to learn this fine-grained differ-
ence, which reduced the performance of the entire pipeline.

We did not test generalization to new individuals in our
pipeline. Rather, our method assumes you have all of the
recording data available and would like to mine within it
for rare behaviors. Due to the scarcity of data, we worked
without a validation set (Section S1.2).

7. Conclusions

In this study, we tackled a common challenge for bi-
ologists, that of finding rare behavior instances in a large
collection of recordings. We show that by using anomaly
detection one can quickly annotate a rare behavior dataset
which can then be used to train a rare behavior classifier.
Our approach does not make any assumption about the type
of rare behaviors to be found, nor about how many differ-
ent types there are or about the number of rare instances.
Through this work, we also find that graphs are an excellent
abstraction for studying the motion patterns of behaviors,
providing a strong prior for the model and yielding good
classification results using a small number of samples.
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