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While expert biologists can annotate complex behaviors from
video data, the process remains tedious and time-consuming,
creating a bottleneck for efficient behavioral analysis. Here, we
present DLC2Action, an open-source Python toolbox that en-
ables automatic behavior annotation from video or estimated
2D/3D pose tracking data. DLC2Action integrates multiple
state-of-the-art deep learning architectures, optimized for ac-
tion segmentation and supports self-supervised learning (SSL)
to leverage unlabeled data, boosting performance with limited
labeled datasets. Its robust implementation enables efficient
hyperparameter optimization, customizable feature extraction,
and data handling. We also standardized eight benchmarks and
evaluated DLC2Action on five animal behavior datasets, which
comprise common behavioral tests in neuroscience, and four hu-
man datasets. Overall these datasets span a wide range of con-
texts from standard laboratory studies to naturalistic cooking.
DLC2Action reached strong performance across those bench-
marks. To further showcase the tool’s versatility, we applied
it to Atari gameplay data and found that in certain games the
players’ eye movements consistently predict their button presses
across different subjects. Furthermore, DLC2Action features
an intuitive graphical user interface (GUI) for streamlined be-
havior annotation, active learning, and assessment of model pre-
dictions. Diverse pose, video, and annotation formats are sup-
ported. Lastly, DLC2Action is modular and thus designed for
extensibility, allowing users to integrate new models, dataset
features, and methods. The code and benchmarks are available
at: https://github.com/amathislab/DLC2action

Introduction
Quantifying behavior is essential for psychology, ethology,
medicine, neuroscience and many other fields (1–6). For
instance, in neuroscience, quantifying behavior is essential
to characterize the role of neural circuits (7) or to optimize
translational approaches (8). Manual behavior annotation can
be precise, but expensive in terms of time and human re-
sources (3, 9). One way to tackle this problem is via unsuper-
vised approaches, which do not require human annotations a
priori (10–19). However, while many excellent tools (10–19)
have emerged, they do not match the richness of expert hu-
man annotations.
Teaching machines how to identify behaviors in a supervised
way, that is, based on expert annotations, is challenging. Dis-
tinct behaviors can appear visually similar (e.g., resting and
freezing in mice). Conversely, the same behavior can hap-

pen in many contexts with highly varying appearances (e.g.,
reaching for a cup of espresso in a dark Manhattan bar vs. a
bright Neapolitan café). This problem can be mitigated by
using a more appropriate representation. For instance, reach-
ing can be nicely predicted from 3D pose estimation data,
irrespective of the luminance. In contrast, freezing vs. rest-
ing could be better predicted from fur texture changes due to
physiological changes rather than posture.

Here we introduce DLC2Action, a novel toolbox for per-
forming action segmentation based on pose and video fea-
tures. Indeed, kinematic information relevant for behav-
ioral analysis can be efficiently extracted with little keypoint
annotation data based on pose estimation (20–26) or high-
level video features extracted from encoding models such as
I3D or VideoMAE, that were pretrained on large-scale video
datasets (27–29). Based on both of those features, one can
train relatively lightweight architectures to perform action
segmentation, i.e., the task of predicting what behavior is be-
ing carried out in each frame of a video. We want to empha-
size that DLC2Action includes general-purpose sequence-
to-sequence models and can (in principle) deal with many
modalities. We illustrate this flexibility by predicting game-
play from eye-tracking data during video gameplay in hu-
mans.

Multiple action segmentation tools exist and are used in Neu-
roscience, such as JAABA (30), ETH-DLCanalyzer (31),
MARS (23), DeepOF (32), SimBA (33), and A-SOiD (34).
There are a number of differences among these tools, but
most prominently, DLC2Action standardizes several bench-
marks for future model development and provides easy ac-
cess to multiple state-of-the-art methods from the action seg-
mentation literature, which we have also adapted to improve
performance. Namely, DLC2Action builds on state-of-the-
art temporal convolution and transformer architectures that
reach strong performance for action segmentation bench-
marks (35–41). Another limitation in the literature is a
relative lack of standardized, diverse action segmentation
datasets. Thus, we benchmark DLC2Action using eight dif-
ferent datasets based on 2D and 3D pose estimation data for
both single and multiple individuals. To enable future bench-
marking, we fix splits (data partition methods for training,
testing, and evaluation of the models) for several datasets and
present baseline performances for eight deep learning models
implemented in DLC2Action (Table 1). DLC2Action is also
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Figure 1. Overview and Workflow of DLC2Action
(A) Overview. DLC2Action takes pose estimation data or video features as input and uses state-of-the-art neural networks to predict behaviors.
(B) Workflow. DLC2Action covers every step of the behavior annotation workflow using a supervised learning approach. Specifically, projects are
created to store the weights of trained models and dataset information. After data loading, the user can automatically optimize models’ hyperparameters
(configurable part of the models’ learning process) and train neural network on their action segmentation dataset. The evaluation of the models gives
cues on whether to annotate more data and active learning can be used to guide the annotation process using the provided GUI. Finally the user can
analyze new videos using the trained models.
(C) Feature extraction DLC2Action can extract the position, speed, acceleration of each keypoint, the angles, angular velocity and angular acceleration
of each joints, the pair-wise distances between keypoints for specific individuals and between individuals.
(D) Segmentation and Splitting methods. All annotation sequences can be divided in overlapping segments. Considering a training, testing and
validation set, the "random" method sort sequences into subsets randomly and the "time" method splits each sequence into training, validation and test
subsequences. Other splitting methods are available in DLC2Action (see Methods).

modular and can easily be extended with novel architectures,
losses, and methods.

Results
DLC2Action is a Python package that provides a high-level
API to perform behavioral analysis with a graphical user
interface (GUI). Fundamentally, DLC2Action is helping to
solve action segmentation problems, i.e. predicting what be-
havior is present on a frame-by-frame basis, and can do so
from either pose estimation representations or video features
(Figure 1A). Although DLC2Action’s name suggests that it
takes DeepLabCut’s output (DLC (20, 22, 24)) to predict ac-

tions, it is versatile and can be used in combination with other
pose estimation packages, directly with manually extracted
features, or for different behavior annotation data formats.
Here, we describe its workflow, interface, and features. The
description stands for version 1.0, the code is available at
https://github.com/amathislab/DLC2action.

Workflow and brief overview. DLC2Action covers the en-
tirety of a behavior analysis workflow including data man-
agement. The workflow is similar to DeepLabCut’s (22). Af-
ter creating a project folder that contains feature files, exper-
iment history, and trained models (Figure 1B), behavior an-

2 | Kozlova, Bonnetto and Mathis | DLC2Action

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted September 28, 2025. ; https://doi.org/10.1101/2025.09.27.678941doi: bioRxiv preprint 

https://github.com/amathislab/DLC2action
https://doi.org/10.1101/2025.09.27.678941
http://creativecommons.org/licenses/by-nc-nd/4.0/


notations, which contain the starting and ending frames for
each target behavior, must be loaded into the project. Our
annotation interface (GUI) can generate compatible behavior
annotation files. In addition, DLC2Action also supports be-
havior annotation files from other behavior annotation tools
such as BORIS (42) or SimBA (33). Predictions made with
trained models can be viewed and assessed in an annotation
interface. If the results are not satisfactory, the user can op-
timize the model training or annotate additional data. This
process can also be supported by integrated active learning
algorithms, which make finding errors more efficient. Ulti-
mately, the best-trained model (or a combination of several
models) can be used to generate predictions for new videos.

DLC2Action also provides customizable methods to inte-
grate additional features or models. The user can choose
key kinematic features to extract from the skeleton dynam-
ics, including speed, acceleration, joint angles, or keypoint
distances (Figure 1C). DLC2Action implements several data
partitioning methods to evaluate different forms of model
generalization. To assess out-of-distribution (OOD) perfor-
mance, splits can be generated on a per-video basis, test-
ing the model’s ability to generalize across video clips cor-
responding to distinct settings; this is ideal when annotating
large datasets. In contrast, independent and identically dis-
tributed (IID) splits can be created using a time-based par-
tition, which is more suited for detailed behavioral analy-
ses where temporal context is crucial (Figure 1D). Follow-
ing data loading, the user can manually set the hyperparame-
ters (configurable part of the models’ learning process) or use
the Optuna-based DLC2Action hyperparameter search func-
tion (43). It is also possible to add tags (with metadata like
annotator IDs) to process different subsets of data separately.
All hyperparameter searches, training episodes, and predic-
tions are saved in the experiment history, which is used au-
tomatically to enforce consistency and avoid redundant com-
putation. This history can also be conveniently accessed by
the user to analyze the results, repeat an earlier experiment,
or initialize new training episodes with a previously trained
model.

DLC2Action offers an accessible yet comprehensive train-
ing pipeline for deep-learning–based behavior analysis. Af-
ter automatically extracting kinematic features from single-
or multi-agent skeleton dynamics (e.g. DLC outputs) (Fig-
ure 2A), the system learns behavioral patterns from ac-
tion annotations. It features eight model architectures (Fig-
ure 2B), which can be optimized and trained in combina-
tion to maximize performance on a given dataset. Model
training may also be augmented with self-supervised learn-
ing modules. For training, data are split into (potentially
overlapping) fixed-length segments, which boost redundancy
in pattern recognition (Figure 2C). Among the eight de-
ployed models that encompass both temporal convolutional
neural networks and transformer architectures, three of the
video-based action-segmentation models were adapted to
incorporate kinematic data as input (Figure 2D). Finally,
DLC2Action outputs standard deep-learning metrics, includ-
ing loss curves (learning progress), example predictions, and

segmentation statistics (Figure 2E–G).

Interfaces. DLC2Action also provides a graphical-user in-
terface (GUI) as we will detail later. Furthermore,
DLC2Action provides a high-level Application Programming
Interface (API) to interact with the data. Only four lines of
code are sufficient to go from project creation to inference.

from dlc2action.project import Project

# create a new project
project = Project('project_name',

data_type='data_type',
annotation_type='annotation_type',
data_path='path/to/data/folder',
annotation_path='path/to/annotation/folder')

↪→

↪→

↪→

↪→

# set important parameters, like the set labels
you want to predict↪→

project.update_parameters(...)
# run a training episode
project.run_episode('episode_1')
# plot the results
project.plot_episodes(['episode_1'],

metrics=['recall'])↪→

# use the model trained in episode_1 to make a
prediction for new data↪→

project.run_prediction('prediction_1',
episode_names=['episode_1'],
data_path='path/to/new_data/folder')

↪→

↪→

The API documentation is available online.
After this brief overview, we now proceed to benchmark
DLC2Action on a number of diverse datasets.

Experimental validation and benchmarking
We evaluated DLC2Action on eight public action segmenta-
tion datasets. These diverse datasets included individual and
social behaviors, featured both humans and animals, and en-
compassed exclusive and multilabel classification tasks. The
data was sourced from synthetic, lab-controlled, and real-
world environments. For all of them, a set of kinematic fea-
tures was extracted from the pose estimation data, the data
was split into train and test, and passed as input to the mod-
els. We fixed splits for three action segmentation datasets,
namely EPM (31), CRIM13 (46) and SimBA-RAT (33). To
support future benchmarking and reproducibility, we encour-
age the community to use these standardized train/test splits.
Further details on the experiments and the train/test splits can
be found in the methods (Table 1).

Single-individual datasets. We first tested DLC2Action
on datasets comprising widely used behavioral tests in ro-
dents, namely the elevated plus maze (EPM) (Figure 3A) and
the open field test (OFT) (Figure 3B), generated by Sturman
et al. (31). For the OFT dataset, grooming, supported, and
unsupported rearing were annotated, while grooming, head
dip, protected stretch, and rearing were annotated in the EPM
dataset. The mice were tracked with DeepLabCut (20) (see
Methods). We did not find any baseline method evaluating
the EPM dataset, therefore, we propose a time-based split and
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Figure 2. Architecture details and worked example for the CalMS21 dataset (44).
(A) Feature extraction. From skeleton dynamics, DLC2Action extracts several kinematic features including joint accelerations. (B) DLC2Action models
currently implemented in the package include temporal convolutional neural networks, transformers and one multi-layer perceptron model.
(C) Processed Train and Test set. The behavior annotations in both train and test sets are divided in segments of constant length with a specifiable ratio
of overlap between the segments. The train and test sets are distinct, and can be from the same or different experimental sessions. For same we call it
time:strict (see Table 1) and for different: file, leave-one-out (see Table 1).
(D) (Left) MP-Transformer includes additional max-pooling and upsampling with respect to a standard transformer-encoder architecture.
(Middle) C2F-Transformer replaces convolution operations with attention layers from the C2F-TCN architecture (40).
(Right) MS-TCN3 combines the output of the last and second-to-last layers of the first stage as input to the second stage. Adapted from MS-TCN++ (37).
(E-G) Data visualization. Functions for plotting loss curves (learning progress), predicted ethograms and performance curves are implemented in the
package and allow for convenient model comparison.

Dataset Split type Orig. split Leading model

EPM (31) Time:strict No NA
OFT (31) Leave-one-out Yes SIPEC (45)
SimBA-RAT (33) Time:strict No NA
CRIM13 (46) Time:strict No NA
CalMS21 (44) File Yes ResNet/CPC (47)
Shot7M2 (48) File Yes hBehavMAE* (48)
hBABEL (48) File Yes hBehaveMAE* (48)
ESK (49) File Yes C2F-TCN**

Table 1. Overview over benchmarking datasets: Split types:
Time:strict methods strictly separate the training from the validation set
and avoid overlaps (see Methods). File methods select different video-
annotation pairs for the training and testing set. Orig. split: indicates
whether the original split is used (Yes) or a new division is employed (No).
Leading model: Leading model with respect to the split. *hBehaveMAE
only uses self-supervised methods. **The authors used DLC2Action.

turn this dataset into a benchmark (see Methods). Motion-
BERT (41) yields the best performance on EPM with an F1

score of 70.0% ± 7.44% (standard deviation calculated over
splits). On the OFT dataset, we found that the DLC2Action
models outperform the multilayer perceptron reported in the
original study (31) as well as a classifier that additionally uses
visual features (45). As in the original studies, the results
were obtained using a leave-one-out cross-validation method
(N = 20 videos). In Sturman et al. (31), the average F1 score
is 57% ± 13%; in Marks et al. (45) it is 64% ± 15%, while
our C2F-TCN model achieves 74.5%± 11.4% without visual
features (standard deviation calculated over splits).

Multi-individual datasets. In order to show the flexibility
of DLC2Action, we evaluated our framework on social be-
haviors in rodents based on 2D pose estimation data. In
particular, we used the datasets presented in SimBA (33),
comprising their rat resident-intruder dataset (SimBA-RAT)
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Figure 3. Comprehensive Benchmarking Suite.
Datasets are represented with an example pose (where keypoints over time are visible) superposed on the distribution of labels. The wordclouds
illustrate the different actions, with the word sizes proportional to the action frequency. We report the performance on mice 2D pose estimation data
(A-E) and human 3D pose estimation data (F-G) of each DLC2Action model per class (A-B) or averaged over class (C-G). Baselines are represented
in grey (filled bar (C-F) or contours (A,G)). The error is reported over different initialization seeds (n) for each model or different splits (N). We applied
DLC2Action to
(A) Elevated platform maze (EPM) (N=5)
(B) Open Field Test (OFT) (N=20). Baseline results from (31) and (45).
(C) SimBA RAT (N=5). RT+SMOTE results are used as baseline (see Methods).
(D) CRIM13 (N=5). RT+SMOTE results are used as baseline (see Methods)
(E) CalMS21 task-1 (n=5). Challenge top-1 results from (44)
(F) Shot7M2 (n=10, MotionBERT n=2). Linear probing results with hBehaveMAE from (19).
(G) hBABEL (n=10, MotionBERT n=2) results for different models. Linear probing results with hBehaveMAE from (19).

and the pose estimation versions of CRIM13 (46) as well as
CalMS21 (44).

The CRIM13 dataset contains manual annotations for
anogenital sniffing, approach, attack, avoidance, boxing, lat-
eral threat, and submission in mice, while SimBA-RAT in-
volves a mix of individual and interactive behaviors in rats
(copulation, sniffing, drinking, etc.) (Figure 3C-D). We com-
pare the performance of DLC2Action on this data to that of a
random forest model (51) in combination with the SMOTE
(52) resampling method. Our models perform better here
as well (63.8 ± 14.5% vs 46.7 ± 5.2% for the SimBA-RAT
dataset with the C2F-TCN model, and 63.1 ± 12.9% vs 48.2
± 1.5% for the CRIM13 dataset).

We focus on the classic action annotation scenario from the
CalMS21 benchmarking challenge (44). The task involves
segmentation of three social behaviors (attack, mounting, and
close investigation) (Figure 3E). The training data is com-
posed of 70 videos that last from 3 seconds to 12 minutes,
and the test data consists of videos annotated by the same
expert. DLC2Action models slightly outperform the top-1
model from the challenge (87.6 ± 0.5 % F1 score for the

best DLC2Action model vs. 86.4 ± 0.1 % for the top-1
model in the challenge) (standard deviation over 5 model ini-
tializations). Note that while the existing top-1 model was
trained using large unannotated datasets, this was not needed
for DLC2Action models to match their performance.

Action segmentation for 3D pose estimation data. To
evaluate the performance of DLC2Action with 3D pose
data, we tested the models on the Shot7M2 and hBABEL
datasets (19) as well as on the EPFL Smart kitchen bench-
mark (49). These benchmarks are compared with hBehave-
MAE (19), an unsupervised behavior representation method
that is the current state-of-the-art representation learning ap-
proach in these benchmarks.
These datasets are pose-based hierarchical action segmenta-
tion benchmarks and provide dense, non-exclusive action an-
notations. These datasets are particularly challenging due to
their large number of classes.
Shot7M2 is a synthetic dataset composed of 7.2M fully an-
notated frames, featuring a 3D basketball player perform-
ing twelve actions and 14 movements (short-term behaviors)
across four different activities (long-term behaviors). For
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Figure 4. Contribution of video features.
(A) Multimodal fusion architecture for the EPFL-Smart-Kitchen-30 (ESK) (49), 3D body and hand pose are concatenated with video features from a
VideoMAE model (29) pretrained on the video data.
(B) Multimodal fusion architecture for the Open Field Test (OFT) (31) dataset, mouse body poses are concatenated with video features from a VideoMAE
model pretrained on the Kinetics-700 dataset (50).
(C) Performance of the DLC2Action model with multimodal inputs. For the ESK dataset (top), video features provide a significant contribution to prediction
F1 score. In contrast, for the OFT dataset (bottom), kinematic information alone is sufficient to reach high performance, with minimal additional benefit
from video features. Error bars correspond to standard deviation over different model architectures (n). Statistical significance was determined using a
one-way ANOVA test with a post-hoc t-test test for the ESK dataset (normal distribution) and a Kruskal-Wallis with a post-hoc pairwise Mann-Whitney U
for the ESK dataset (non-normal distribution). Asterisks denote statistically significant differences between the indicated groups (p < 0.05, *p < 0.01, **p
< 0.001). Comparisons unmarked were not statistically significant (p > 0.05).

example, during an intense playing activity, the player can
perform actions such as sprint, dribbling and shoot, while
simultaneously annotated movemes include elbow flexion,
knee extension, left foot ground contact, or ball-hand contact.
DLC2Action outperforms hBehaveMAE on Shot7M2 with a
score of 77.6 ± 1.1% F1 for the best model (standard de-
viation for 2 different model initializations) of DLC2Action
compared to 64.7% for hBehaveMAE.

hBABEL is an extension of the BABEL dataset (54), trans-
forming it into a non-exclusive hierarchical action segmen-
tation dataset. It comprises 6.2M frames and overlaps long-
term and short-term behaviors with over 180 different classes
(selected from the most frequent behaviors to ensure a similar
distribution of labels in the training and testing set). The 3D
position of 25 major joints was processed from the AMASS
dataset (55) that was collected using precise motion capture
systems. Despite the challenge posed by the large number
of classes, DLC2Action significantly outperforms hBehave-
MAE with an F1 score of 26.4% ± 2.7% for segment-level
actions and 26.8%± 1.4% for frame-level actions, vs. 10.9%
and 12.0% respectively for hBehaveMAE (standard deviation
over 2 different model initializations).

The EPFL-Smart-Kitchen-30 dataset (ESK) (49) contains
29.7 hours of densely annotated cooking behaviors, total-
ing 60,189 segments at an average rate of 33.78 segments

per minute for 763 fine-grained actions which can be de-
composed into 33 verbs and 79 nouns, and 5 activities cor-
responding to longer behaviors. Using video data collected
from nine exocentric cameras and one egocentric camera, the
authors extracted accurate 3D body and hand pose informa-
tion. DLC2Action achieves 35.0% F1 on verb segmentation
with the C2F-Transformer model, 35.2% F1 on nouns with
the C2F-TCN model, and 72.9% F1 on activity prediction
with the MS-TCN3 model using combined video features and
kinematics information as input.

Joint video-pose Action segmentation. Intuitively, some
behaviors can be better predicted from video rather than
2D/3D pose estimation. DLC2Action allows the combina-
tion of video and pose features. We assessed the performance
of DLC2Action models when leveraging videos by extract-
ing representations from the powerful video model Video-
MAE (29), pre-trained on the egocentric view of the EPFL-
Smart-Kitchen-30 dataset (49) (Figure 4A-B). By concate-
nating the 3D body and hand pose information with visual
features, we can achieve the best performances on activity
segmentation (Figure 4C and detailed results in (49)).
Conversely, leveraging powerful video encoding only slightly
enhances the performance of DLC2Action on the OFT
dataset (Figure 4C and Figure S6), where models based on
kinematic features already reached a strong performance of
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Figure 5. Prediction of Atari-HEAD video game commands from eye gaze.
(A) Workflow. 17 game commands were predicted from 2D eye gaze movements among 20 video games played by 25 participants using DLC2Action.
(B) Detailed workflow. The data was split with a 80/20 Train/Test split across participants. Pose, speed and acceleration were extracted and fed into 4
DLC2Action models to predict the actions. Chance level was also evaluated (see Methods).
(C) Results. (Left) F1-score per model and per game for the three best performing games (Error bars: standard deviation across 5 splits) (Center)
Confusion matrix for Road Runner using C2F-TCN. (Right) Predictions. (Top) Example of predictions in Road Runner when using C2F-TCN. (Middle)
Ground truth game commands reference. (Bottom) Coordinates of the gaze in pixel units along the horizontal (X) and vertical (Y) axes.
Experimental data from (53)

64.0% F1. Here we used a VideoMAE model that was
pre-trained on the large video action recognition datasets
Kinetics-700 (50). However, users can leverage both pose
and video for behavioral analysis.

Ablations. DLC2Action preprocesses pose estimation data,
transforming them into kinematic features comprising key-
point speeds, accelerations, etc. (see Methods). We vali-
date this pre-processing step by evaluating models using raw
skeleton dynamics as input. We find that the F1 score is
consistently lower when using raw coordinates as input com-
pared to extracted kinematic features (See Methods). We en-
courage users to test different kinematic feature combinations
with respect to their behavior of interest.

Self-supervised learning experiments. While the autom-
atization of pose estimation can allow for measuring great
amounts of kinematic data, the coverage of manual behav-
ior annotations is usually lower. The introduction of a semi-
supervised learning (SSL) module offers the possibility for

the models to leverage both labeled and unlabeled datasets.
DLC2Action supports three categories of SSL tasks which
can also be cumulated (Figure S7).
By using 5%, 10%, and 25% of the labeled data, we com-
pared the performance of the C2F-TCN model both with and
without the SSL module, which was also trained on the un-
labeled data. On the OFT dataset (31), the SSL module can
help boost the performance with a low amount of labeled data
and converged towards the reference performance when us-
ing 25% of the dataset used as the training set (Figure S8).

Predicting gameplay from saccades in humans play-
ing video games. Behavioral tasks require coordination of
different bodyparts (56). More specifically, when playing
video games, certain games will likely require the coordi-
nation of eye movements and actions. While one can likely
just overfit to the idiosyncratic behavior of particular play-
ers, we consider the more interesting case. Namely, if com-
mon eye-action coordination emerges for particular games
across individuals. Here we test this hypothesis based on the
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Atari-HEAD dataset with DLC2Action. The Atari-HEAD
dataset boasts 117 hours of gameplay data from 20 differ-
ent games, with eight million action demonstrations and 328
million gaze samples (53). To demonstrate the potential of
DLC2Action for diverse applications, we tested if we can
predict game commands from the eye gaze trajectories (Fig-
ure 5A).

We compare the performance of four DLC2Action mod-
els (C2F-TCN, MS-TCN3, Transformer, and MLP) with a
chance-level classifier, which always predicts the most prob-
able action over a whole episode, only considering the dis-
tribution of actions per video. For each game, we split
the dataset in an 80-20% training-testing ratio so that en-
tire videos (for distinct players) were present in the testing
set. Training was validated using the above-explained cross-
validation method (Figure 5B). The best performance was
achieved for the game called Road Runner with the C2F-
TCN model (F1 = 54.53%), followed by the Enduro game
and Montezuma Revenge (Figure 5C). These predictions are
substantially better than chance level. On the other hand, ac-
tion commands from games such as Bank Heist or Riverraid
could not be predicted (Supplementary Figure 9). Thus, con-
sidering our choice of splitting methods, we found that some
game-dependent decision strategies are not only correlated
with gaze patterns but also consistent across participants for
games with higher prediction scores.

For the sake of this study, this analysis demonstrates both
the flexibility of DLC2Action to study beyond human and
animal body kinematics and its integration in an experimental
framework to learn more about behavior.

Annotation interface. We also developed a graphical
annotation interface that can be used in combination
with the action segmentation package. The code is
available at: https://github.com/amathislab/
dlc2action_annotation

Upon visualizing selected video(s) and their respective pose
estimation data, the annotation interface allows the user to in-
teractively create simultaneous label classes in time segments
using keyboard shortcuts. Editing tools allow the user to ma-
nipulate the labels or add uncertainty with single-frame pre-
cision (Figure 6A). The annotation interface supports multi-
animal sequences and nested behavior annotations. It also
supports displaying a wide range of additional data including
multiview cameras, pose skeletons, segmentation masks, 3D
keypoints with reprojection (Figure 6C). The interface can be
used for initial annotation, active learning, and assessment or
correction of automatic labels. The search feature of the an-
notation interface investigates video annotations and guides
the user toward specific classes(Figure 6D). The interface can
also distinguish between negative and unseen frames. That
is useful in the active learning scenario, where parts of the
videos can be left unannotated. For an empirical assessment
of prediction quality, the interface offers the option to sample
a number of predicted intervals for each behavior class and
manually grade them (Figure 6E).

Customization and extensions. We described many
features of DLC2Action, but it is important to empha-
size that DLC2Action is designed to be flexible. New
annotation and keypoint data formats, data splitting
methods, losses, metrics, models, feature extractors, and
augmentations can be added. See the documentation at
https://amathislab.github.io/DLC2action/
html_docs/dlc2action.html for more information.
We also developed unit tests and employed continuous
integration on GitHub. The code is tested on Windows,
MacOS, and Ubuntu (Linux) systems.

Discussion
Numerous automated systems for accurate pose estimation
have become available to expert biologists and allow them to
accurately study complex behaviors (20–26). However, man-
ual behavior annotations are a laborious and time-consuming
task. One can tackle this problem with unsupervised meth-
ods (10–17, 19, 58), which require a validation of predicted
clusters. The DLC2Action annotation GUI can support this
task by visualizing automatically annotated data.
The architecture of DLC2Action is characterized by its com-
patibility with arbitrary multidimensional inputs, its inclu-
sion of a specialized feature set for fine-grained behavioral
phenotyping, and its modularity for incorporating state-of-
the-art models. Furthermore, to address the need for stan-
dardized evaluation, we propose a formal benchmarking pro-
tocol on existing datasets to encourage the principled devel-
opment and validation of subsequent models. We found that
DLC2action’s models outperform prior models on widely
used datasets across a wide range of settings (open field,
social and naturalistic behaviors). While performance on
several 2D animal action segmentation datasets is becom-
ing relatively saturated, recent 3D datasets still have substan-
tial room for improvement. This is particularly the case for
naturalistic cooking as present in the EPFL-Smart-Kitchen-
30 (49) and whole-body behavior as present in hBABEL
(48, 54). These challenges stem from the inherent complexity
of the annotated behavior, including its compositional and hi-
erarchical nature. We also show that fore some datasets pose
tracking data is enough to achieve strong performance, while
for others strong gains can be achieved by combining video
and pose modalities. Indeed, advances in recording technol-
ogy are driving a trend towards multimodal datasets that inte-
grate video, audio, IMU and depth information (49, 59, 60).
Our DLC2Action toolbox is designed to support this trend by
providing a robust platform for annotating complex behav-
iors from these integrated data streams. DLC2Action com-
plements other specialized tools focused on analyzing spe-
cific modalities, such as audio for vocalizations (61–63), or
on jointly modeling behavioral and neural data (64, 65).
Currently, there is substantial advancement in comprehend-
ing behavior through the use of video-language models (49,
66–68). These models facilitate a broad application to vari-
ous behavior understanding tasks (66) and could also be in-
tegrated in DLC2Action in the future.
To illustrate the capabilities of the toolbox, we also sought to
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Figure 6. Graphic user interface for behavior annotations.
(A) Panel structure. 1.Mode toolbar: includes Play/Pause, Drag, Delete, Cut, Add, Ambiguity, Switch actions. 2. Video canvas: Drag and zoom are
supported, 3.Individuals menu 4.Labels menu: configuration of shortcuts and nested behaviors are supported. 5. Action bar: display annotated actions
and has single-frame precision. 6. Global bar. Display current position in the video and loaded buffer. 7. Sliders: video speed slider (on pause mode
can also increment by single frames), keypoints detection update and marker size, buttons to navigate in selected video set. One can annotate the
behavior of multiple individuals; mouse image based on data from (24).
(B) Settings. In the general settings, the user can select actions, type of input data, number of individual and depending on the machine capabilities the
max number of frames in RAM, more settings are available for display, active learning and files.
(C) Multiview and 3D. The GUI supports multiview in a mosaic setting for any number of selected videos. It also supports 3D visualization (bottom
screen). Mouse images based on MausHaus (26, 57).
(D) Searches. The annotation interface can guide the user (red window) towards given actions annotated or segments where no actions are annotated.
(E) Active Learning. DLC2Action can provide action suggestions which can be visualized in the GUI (transparent action), after guidance toward the
sample (red window) the user can subsequently validate or invalidate the suggestion. Mouse image in D/E based on data from (31).

identify robust links between eye movements and game play.
We found that for some games, one could find such "strate-
gies". Strategies leading to better predictions might include a
simple relationship between observed objects and performed
actions, and focusing gaze on the controlled agent (Road
Runner and Enduro). While lower prediction accuracy may
be associated with reliance on peripheral vision (Bank Heist,
Demon Attack), or increased distractions in graphic anima-
tions (Demon Attack). We note that we did not consider the

state of the game or the screen, and thus were merely scratch-
ing the surface of this application. These patterns could be
further studied in the context of decision making (69, 70),
action anticipation (71) and attention shifts (72).

Overall, DLC2Action is an easy-to-use Python toolbox,
which includes numerous state-of-the-art action segmen-
tation models. DLC2Action offers exceptional flexibility
due to its ability to load data from a wide variety of data
types (2D, 3D or deep features) and formats. In addition,
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DLC2Action comes with an annotation GUI, which allows
users to generate ground-truth behavior annotations or as-
sess the quality of the models’ predictions. DLC2Action
addresses the challenges of manual annotation by leverag-
ing pose estimation data, video features, and self-supervised
learning (SSL) to achieve high performance even with lim-
ited labeled datasets. The toolbox is characterized by its
modularity, flexibility, and compatibility with diverse input
formats, enabling users to analyze single-animal and multi-
animal behaviors across various contexts. DLC2Action sup-
ports kinematic feature extraction, efficient hyperparameter
optimization, and standardized benchmarking protocols, en-
suring robust and reproducible results. The complementary
open-source annotation GUI enhances usability by facilitat-
ing ground-truth generation and active learning. Leverag-
ing open-source capabilities, DLC2Action could also be in-
tegrated with agentic systems like AmadeusGPT (57), which
would provide a natural language interface for the analysis of
behavior.
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Methods
Description of DLC2Action.

Feature extraction. The input to DLC2Action models is a set
of features computed from pose estimation data. The user
can use any combination of the following kinematic features:
keypoint speeds, keypoint accelerations, distances between
pairs of keypoints, distances from keypoints to the center
between two individuals, polygon areas, angles, angular ve-
locities, egocentric coordinates, allocentric coordinates, and
centroid coordinates. Those features are computed for single
individuals to study individual behavior classification or for
pairs of individuals to classify their interactions. In addition,
it is possible to load external pre-computed features and ei-
ther concatenate them with those generated by DLC2Action
or use them on their own. Feature arrays are cut into over-
lapping segments and fed into action segmentation models.
For larger datasets, feature computation can be time- and
memory-consuming, so DLC2Action keeps track of the fea-
tures that have already been computed and reuses them on

experiments run with the same data parameters. The fea-
tures can be normalized according to the training set statis-
tics after the dataset is split into subsets. These kinematic
features have been shown to provide a substantial increase in
performance on most models in all mouse datasets (Figure
4). Using kinematic features as input to the model generally
enhances performance across most models and datasets (Fig-
ure 4). Since the evaluated behaviors can be linked to these
kinematic features—for example, social interactions may be
better predicted using distances between individuals, it is rec-
ommended to carefully choose kinematic features based on
the target behaviors.

Loss. An loss is an objective function that quantifies the dis-
crepancy between a model’s prediction and a ground-truth
value, which is minimized to optimize the model. The de-
fault loss function is adapted from (73) and is defined as
a weighted sum of cross-entropy and a mean squared error
consistency loss. The standard cross-entropy loss can be re-
placed with a focal loss (74); by default, it is weighted in in-
verse proportion to class support in the dataset. It is summed
with self-supervised task losses with variable coefficients if
they are used in the experiment. Custom losses can easily be
added and used instead of the default loss.

Network architectures. DLC2Action incorporates eight mod-
els that perform the best on RGB-based action segmentation
tasks: MS-TCN++ (37), EDTCN (75), C2F-TCN (40) and
ASFormer (39). These models were selected because they
achieve strong performance on computer vision benchmarks
such as 50 salads (76) and breakfast (77). We do note that
these benchmarks are for video-based action segmentation,
and one typically utilizes pre-extracted deep visual features
from video CNNs (29). We adapted these architectures to
(also) work directly on pose or features derived from pose es-
timation data. We finally added MotionBERT (41), a model
optimized for pose-based action recognition, which provides
good performance particularly on 3D human datasets.
In addition, we developed three adapted architectures that
have been optimized on pose estimation data: MS-TCN3,
C2F-Transformer, and MP-Transformer. The main differ-
ence between MS-TCN3 and MS-TCN++ is combining the
output of the last and second-to-last layers of the first stage
to be passed as input to the second stage, in order to allow
for richer representations (as opposed to only taking the out-
put of the last layer). C2F-Transformer is a modification of
C2F-TCN that replaces some convolution operations with at-
tention. Finally, MP-Transformer is a modification of a sim-
ple Transformer-Encoder architecture with additional max-
pooling and upsampling. Training time varies across archi-
tectures (Figure S5 providing insight into their relative com-
putational efficiency). Throughout the pipeline, DLC2Action
considers that, in practice, a large part of the input data is of-
ten unannotated. All methods are adapted for missing data
and all models are separated into feature extraction and pre-
diction generation modules, allowing them to be stacked with
SSL modules.
Currently DLC2Action supports contrastive learning, con-
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trastive regression (78), time cycle consistency (79), order
prediction (80), reverse order classification, and masked fea-
ture prediction. Any combination of those tasks can be added
to any experiment automatically. Alternatively, it is also pos-
sible to train a model on just the self-supervised tasks and
export the resulting features for analysis. The performance
of the models varies depending on the datasets; therefore, it
is recommended to optimize and train several of them when
starting with a new dataset and either choose a model that
performs the best or average the predictions from each model.
See Figure 3 for performance comparison on several datasets,
including those that contain individual behaviors and social
interactions. DLC2Action also provides a choice of aug-
mentations that can be applied to data to enhance training.
They currently include rotation, mirroring, shifting, zooming,
reordering individuals for interaction classification, adding
Gaussian noise, masking keypoints, and temporal subsam-
pling.

Hyperparameter search. Model training is defined by many
hyperparameters, including parameters of the model, the loss,
the augmentations, and the feature extraction. The best con-
figuration can be found automatically with the help of auto-
ML algorithms. In particular, DLC2Action uses the Op-
tuna (43) package to sample the hyperparameter space ef-
ficiently and prune bad experiments. The parameters and
results of hyperparameter searches are saved in the project
memory and can be loaded to update the project settings.

Splitting for cross validation. Datasets can be split into train-
ing, validation, and test data in several ways: random video
selection, random segment selection (if segments are not
overlapping), time split (e.g. first 60% of each video can be
used for training, second 20% for validation and last 20% for
testing), random selection with class balancing and splitting
according to file or sequence name, folder structure or a split
file. After certain split parameters are used in an experiment
for the first time, DLC2Action remembers the selection and
loads it whenever they are used again.
Changing the split parameters can be used to understand the
amount of data needed to reach a given performance. The
models’ performance depends on several parameters, includ-
ing the number of labels, the distribution of labels, the re-
lationship between labels and kinematic data, or the size of
the training set. The latter is a major preoccupation for ex-
perimentalists and has a strong influence on the models’ per-
formance (Figure S1 and S2). In the Open Field Test (31)
dataset and with the MS-TCN3 model, we chose a time split
using a fixed 20% for testing and variable training sizes (with
at least 10% for validation). DLC2Action allows us to set the
position of the validation segment, and in this experiment, we
tested 10 different validation splits.

Evaluation. Training logs and experiment history are saved
by DLC2Action and can be analyzed subsequently. This fa-
cilitates initialization with previously trained models and the
continuation of model training after interruption. In addi-
tion, it is possible to run evaluations on the validation sub-

sets, the test subsets, or on new data and to generate pre-
dictions, which can be visualized in the annotation interface.
DLC2Action includes different metric functions for assess-
ing the performance both during and after training. They in-
clude segment-level metrics: segmental F1 and F-beta score,
precision and recall, mAP; and frame-level metrics: frame-
wise F1 and F-beta score, precision and recall, accuracy, edit
distance, precision-recall AUC.
Most metrics can be either reported for each class separately
or aggregated over classes. Moreover, it is possible to provide
a meta tag with information like annotator ID and choose the
aggregation method over those tags. DLC2Action also pro-
vides several methods for compiling information over multi-
ple experiments and saving all relevant information.

Active learning. The required amount of labeling can be un-
clear when using DLC2Action models. Since these models
(excluding SSL modules) are sensitive to the amount of la-
beled input data (Figure S1 and S2). In the OFT dataset, there
are 275 annotated segments of grooming, 3003 segments of
supported rearing, and 2090 segments of unsupported rear-
ing. We recommend that users consider the quantities in
terms of the number of segments and classes to estimate the
amount of manual annotation required.
After optimization and training are performed, if the results
are not satisfactory, it is possible to collect more data with ac-
tive learning methods. The general idea behind active learn-
ing is to utilize the uncertainty of the model. There are
several methods for assessing that uncertainty on a sample,
and the most widely used in the context of deep learning are
Bayesian Active Learning by Disagreement (81), least confi-
dence, and entropy (82) scores. All of them are integrated
into DLC2Action. After frame-wise scores are generated,
DLC2Action suggests intervals with the highest score for an-
notation. Selection is done in the following way:

Data: Framewise score f(i), N frames
Result: Intervals X

Input : Target length T
Parameter: Minimum interval length m

X ←{};
t← 1

N

∑
i f(i);

while Intervals are available do
{Ij−k}← Select intervals where
f(i) > t ∀j ≤ i < k;

Filter intervals by length: k− j ≥m;
Sort intervals by mean score

∑
j≤i<k f(i);

foreach Ij−k do
if Total length of X < T then

X = X ∪{j, ...,k};
end

end
t← 0.9 · t;

end
Algorithm 1: Interval Selection Algorithm
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Ultimately, the method will generate a file that can be opened
with our annotation interface.

Datasets and experimental details. Here we describe the
specification of the datasets used to evaluate the performance
of DLC2Action models and demonstrate some of its features.
We performed feature extraction as described above. In case
additional features were available (e.g., TREBA features for
the CalMS21 challenge (44), or pre-computed descriptors for
SIMBA datasets (33)), they were also loaded and concate-
nated with the others. This was done to have comparable
results to the classifiers used in those publications.
The metric used for comparison is frame-wise F1 score,
macro-averaged across classes (excluding background where
relevant) and annotators.

Single mouse with 2D pose: OFT and EPM datasets. We
tested DLC2Action on two datasets presented by Sturman
et al. (31). They comprise widely used behavioral tests in ro-
dents: Open Field Test (OFT) and Elevated Plus Maze (EPM)
and contain non-interactive behaviors annotated in a single-
label fashion. The classes are supported rearing, unsupported
rearing, and grooming for OFT and protected stretch, unpro-
tected stretch, rearing, and grooming for EPM. The datasets
consist of 10-minute videos, overall 20 for the OFT test and
five for EPM. We followed the same leave-one-out split ref-
erenced in the publication in our experiments for the OFT
dataset. For splitting the data of the EPM dataset into train
and test subsets, we used a five-fold cross-validation strategy.
The splits were generated by choosing the n-th 20% of con-
secutive frames in each video as the validation set for the n-th
split (i.e., the first 5th, the second 5th, etc.). The results are
aggregated over these splits.

Multiple rodents with 2D pose: CalMS21. In this work, we
only consider CalMS21 task-1, from which the train/test split
was defined in the challenge (44). Each CalMS21 experiment
was repeated five times on the same data to assess consis-
tency. The standard training procedure with only the anno-
tated data was used.

Multiple rodents with 2D pose: SimBA datasets. We ap-
plied DLC2Action to datasets analyzed in (33), namely
CRIM13 (Caltech Resident-Intruder Mouse 13) (46) and
the rat resident-intruder dataset (SimBA-RAT) introduced in
their paper. They both contain multi-label annotation of
mostly social behaviors. The mouse dataset has eleven labels:
approach, attack, chase, circle, copulation, drink, eat, sniff,
up, clean, and walk away – and the rat dataset has seven:
attack, anogenital sniffing, lateral threat, approach, boxing,
avoidance, and submission. We used the features, annota-
tions, and pose estimation data published in the SIMBA OSF
repository (136k frames for the rat data and 842k frames for
CRIM13) and compared DLC2Action models to a random
forest classifier with SMOTE (52). We used the same time-
base split as previously described for the EPM dataset. Note
that the results reported in (33) on CRIM13 and SimBA-RAT
used a random frame-level data splitting method. Since this

approach overestimates model performance and poorly re-
flects real-world generalization capabilities (to novel from the
same experiments), we made a new split for the community.

Single human with 3D pose: Shot7M2 and hBABEL. Finally,
we tested DLC2Action in two 3D human pose estimation and
hierarchical action segmentation datasets, namely Shot7M2
and hBABEL (19). In both datasets, we used the official
splits for training and testing. Standard deviations are cal-
culated over ten different model initializations. Because Mo-
tionBERT (41) takes a relatively long time to train, we tested
two different model initializations. For conciseness in hBA-
BEL, we report the F1 scores of the top 60 most frequent
actions in each hierarchical level.

Video-based action segmentation. All action segmentation
results were generated using DLC2Action, as detailed in
(49). This reference also provides a comprehensive de-
scription of the VideoMAE pretraining on the ESK dataset
and reports on model performance under other conditions.
For the ESK dataset, we evaluate the C2F-TCN, MS-TCN3,
EDTCN, and C2F-Transformer architectures. For the OFT
dataset, we additionally include the MP-Transformer model.
Notably, fine-tuning the VideoMAE model directly on the
OFT dataset was unsuccessful, which we attribute to the lim-
ited amount of available training data.

Self-supervised learning. SSL tasks are represented in
DLC2Action by a class with four attributes: loss function,
neural network module, data transformation, and type, the
latter determining how data is passed between modules dur-
ing training. In particular, SSL target tasks focus on recon-
structing the input data, while regularization tasks compare
features extracted from the main models with those extracted
from the SSL module, providing robustness in the feature
space against perturbations and domain shifts (83). Finally,
consistency tasks compare the features extracted in a first step
with those extracted in a second step; this can provide bet-
ter generalization and performance on downstream tasks (84)
(Figure S7).
For this experiment, we used the C2F-TCN model with an
SSL Consistency module and a contrastive loss. We ran the
model on five random sets of videos and used the remaining
videos both as part of the SSL training set and as part of the
testing set.

ATARI-Head dataset. The ATARI-Head (53) dataset is a
large-scale public dataset combining eye gaze with controller
commands from 20 subjects playing various ATARI games.
Each game was independently assessed with the MS-TCN3,
C2F-TCN, MP-Transformer, and MLP models. Chance level
was calculated using the following formula:

Chance Level = 2p

p+1 (1)

Where p is the marginal probability p = p(action = True)
for a specific game. The dataset was split into 80/20%
train/test splits using entire videos (i.e. 304/96 total number
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of videos). The experiments were repeated with 3 different
seeds for cross-validation. As the eye tracker had a higher
sampling rate, we averaged per video frame (30 Hz).
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Supplementary Figures.

Figure S1. F1-score vs size of the training set OFT.
F1-score against the proportion of the dataset used for training, evaluation was done on one video according to a leave-one-out split. Experimented on
the OFT dataset (31) with the MS-TCN3 model (N=20 splits).

Figure S2. F1-score vs size of the training set EPM.
F1-score against the proportion of the dataset used for training, evaluation was done on 20% of the videos according to a time:strict split. Experimented
on the EPM dataset (31) with the C2F-TCN model (N=5 splits).
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Figure S3. Average F1-scores per class in mice datasets Average over initialization seeds for each model (n) or different splits (N).
(A) Results for SimBA-RAT (33) (N=5)
(B) Results for Open Field Test (31) (N=20)
(C) Results for CRIMS13 (46) (N=5)
(D) Results for Elevated platform maze (31) (N=5)
(E) Results for CalMS21 (44) (n=5)
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Figure S4. Comparison with/without kinematic features
For all 2D datasets and in most models, extracted kinematic features increases performances. Average F1 score, error bars correspond to model
initialization seeds for each model (n) or different splits (N)
(A) Elevated platform maze (31) (EPM, N=5)
(B) Open Field Test (31) (OFT, N=20)
(C) SimBA RAT (33) (N=5)
(D) CRIM13 (46) (N=5)
(E) CalMS21 task 1 (44) (n=5)
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Figure S5. Training time.
Duration of training for 100 epochs. Experimented on the OFT dataset (31) for four different models with a batch size of 256, a segment length of 256
frames with 200 frames overlap, kinematic features, and using a GeForce RTX 3090 (N=5).
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Figure S6. Performance of pre-trained visual features on the OFT dataset.
Average F1-score of DLC2Action models trained with pose estimation input, pose estimation concatenated with VideoMAE features from images cropped
around the mouse, pose estimation concatenated with VideoMAE features from original videos, VideoMAE features from original videos. Video frames
are resized to 224x224 before tokenization. (N=20 splits)
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Figure S7. Diagram of supported SSL mechanisms
Supported SSL types can be divided into three categories. SSL target loss involves solving an input reconstruction task, comparing the SSL output to a
pre-defined target to compute the loss. SSL Regularization tasks compare the features extracted from the SSL module with those extracted during the
action segmentation task to compute and update the loss. Finally, SSL consistency tasks involve a two-step feature extraction process, comparing the
feature extracted in the first step with those extracted in the second step to update the loss.
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Figure S8. SSL can boost performance.
Using unlabeled data can boost performance with low amount of labeled data. We report the SSL performance using 5% (1 video), 10% (2 videos) and
25% (5 videos) of labeled data and the whole OFT dataset (31) as part of the SSL training. (N = 5 independent experiments)
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Figure S9. Performance of DLC2Action models on all 20 games in Atari-Head (53).
We compare the MS-TCN3, the C2F-TCN, the MP-Transformer and the MLP model with chance level. F1 scores are averaged over game commands
present in each game. Error bars correspond to the standard deviation over five data splits.
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