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This useful study introduces a deep learning-based algorithm that tracks animal
postures with reduced drift by incorporating transformers for more robust keypoint
detection. The efficacy of this new algorithm for single-animal pose estimation was
demonstrated through comparisons with two popular algorithms. The strength of
evidence is solid but would benefit from consideration of issues in multi-animal
tracking. This work will be of interest to those interested in animal behavior tracking.
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Abstract

Deep learning-based methods have advanced animal pose estimation, enhancing accuracy
and efficiency in quantifying animal behavior. However, these methods frequently
experience tracking drift, where noise-induced jumps in body point estimates compromise
reliability. Here, we present the Anti-Drift Pose Tracker (ADPT), a transformer-based tool that
mitigates tracking drift in behavioral analysis. Extensive experiments across cross-species
datasets—including proprietary mouse and monkey recordings and public Drosophila and
macaque datasets—demonstrate that ADPT significantly reduces drift and surpasses existing
models like DeepLabCut and SLEAP in accuracy. Moreover, ADPT achieved 93.16%
identification accuracy for 10 unmarked mice and 90.36% accuracy for freely interacting
unmarked mice, which can be further refined to 99.72%, enhancing both anti-drift
performance and pose estimation accuracy in social interactions. With its end-to-end design,
ADPT is computationally efficient and suitable for real-time analysis, offering a robust
solution for reproducible animal behavior studies. The ADPT code is available at https://
github.com/tangguoling/ADPT.
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Introduction

Animal behavior is a complex and dynamic phenomenon that is shaped by a wide range of factors,

requires accurate and detailed pose tracking as they move freely Pereira et al. (2020) & ; Krakauer
etal. (2017) 2. Recently, deep learning-based tools such as DeepLabCut, SLEAP, and DeepPoseKit
have offered the feasibility of automatically quantifying complex freely-moving animal behaviors
from videos recorded by contactless cameras Mathis et al. (2018) (2 ; Pereira et al. (2022) @ ; Graving
et al. (2019) 3. Nevertheless, these deep learning methods are susceptible to uncertainty and noise
interference, leading to tracking drift due to errors in the detection of one or more keypoints, in
the estimated keypoint dynamics Weinreb et al. (2024) @ ; Hsu and Yttri (2021) ©3; Lonini et al.
(2022) @. Such drift in keypoints estimates can broadly affect subsequent animal behavior
statistics and downstream tasks, such as behavior classification, individual identification, and
social behavior clustering Sheppard et al. (2022)2; Huang et al. (2021) 2. It severely jeopardizes
the reliability and repeatability of ethological studies. Thus, there is an urgent need for an anti-

drift pose tracking tool for animal behavior analysis.

Tracking drift of pose estimation, occurring at the upstream behavioral analysis, generally hinders
all downstream behavior-related studies. For example, animal gait analysis relies on accurate
tracking of limbs and paws Sheppard et al. (2022) 2, and behavioral classification relies on the
dynamics of body keypoints Huang et al. (2021) & ; Han et al. (2022) 2. So far, deep learning pose
estimation has not achieved the reliability of classical kinematic analysis, which often involves
post-processing in real-world applications Niknejad et al. (2023) 2 ; Aljovic et al. (2022) (2 ; Weinreb
et al. (2024) 3. One major reason is tracking drift. The drifted keypoints may be unsystematically
distributed within each predefined behavior class, misleading the decision boundaries of the
behavior class, thereby reducing the performance of supervised behavior classification Gabriel et

al. (2022) @ or unsupervised behavior representation Huang et al. (2021) 3. Even the state-of-the-
art (SOTA) deep learning methods such as DeepLabCut and SLEAP have no effective strategies to
avoid the tracking drift Weinreb et al. (2024) &3 ; Mathis et al. (2018) 2 ; Pereira et al. (2022) 2;
Graving et al. (2019) 2; Lauer et al. (2022) & . Inherited from the tracking drifts, the inaccuracy of
pose estimation, gait analysis, and behavioral classification may result in wrong behavioral
discoveries, such as those investigating behavioral correlates of genes, neural circuits, and

neuropsychiatric diseases Sheppard et al. (2022) @3 ; Huang et al. (2021) (23; Liu et al. (2021) (3; Han

slowed the widespread application of deep learning-based methods in behavioral analysis and
limited the development of ethology.

There are three strategies to eliminate tracking drift in current SOTA methods of animal pose
estimation. The first strategy is human refinement or human in the loop Mathis et al. (2018) (2
Pereira et al. (2022) (2. DeepLabCut (DLC) and SLEAP both embed a user interface to allow humans
to exclude and rectify outliers frame by frame Mathis et al. (2018) (3; Pereira et al. (2022) &3
Although it would be the golden criterion to reduce the tracking drift, this strategy restricts the
efficiency of the biological experiment when the human faces millions of drifted frames. The
second strategy is signal processing filters such as median filter and low pass filter Stenum et al.
(2021) @2 ; Pereira et al. (2019) @ ; Luxem et al. (2022) % ; Weinreb et al. (2024) @ ; Han et al.

(2024)Z; Li and Lee (2021) 2. They can efficiently remove most of the drifted points without
human intervention, but they will also remove the subtle behaviors with high-frequency features
such as self-grooming in autism mouse models Huang et al. (2021) @ or tremor in animal models
of Parkinson’s disease Baker et al. (2022) (3. The third strategy is fitting the drifted frames using
linear dynamic models such as Keypoint-Moseq Weinreb et al. (2024) @3 and adaptive Kalman filter
Huang et al. (2022) @. They can reduce the drift and maintain the high-frequency behaviors at the
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same time. Nevertheless, the performance of these models would drop sharply when processing
continuous and long-duration drifted frames. These three strategies are only expedient to reduce
tracking drift after pose estimation, whose performances are also restricted by the tracking
accuracy of raw frames. Therefore, the elimination of tracking drift should be tackled from the
beginning of the deep learning pose estimation step.

The structure design of the artificial neural network (ANN) is the first step to correct tracking drift.
DeepLabCut, SLEAP, and DeepPoseKit all take the convolutional neural network (CNN) as the main
(2018) @ ; Pereira et al. (2022) @ ; Graving et al. (2019) 3 ; Lauer et al. (2022) 2. The limited working
memory of the CNN makes it easy to be influenced by the content-independent parameters to
predict the wrong locations of keypoints and finally cause tracking drift Yang et al. (2021) 2. To
avoid this drawback, the Transformer becomes a better option to construct pose estimation ANNs
because it is more efficient to capture global dependent features of images Yang et al. (2021) @2;
Stoffl et al. (2021) @3; Xu et al. (2022b) 2. Although Transformer-based ANNs have achieved new
SOTA in lots of human pose estimation datasets, it is rarely applied in animal pose estimation.
Different from human poses, animal poses have more indistinct body structures because they are
covered by furs Vidal et al. (2021) 3. In addition, the well-annotated animal pose datasets are not
abundant enough to cover various experiment settings. Experimenters always need to make
customized datasets for their specific applications Han et al. (2024) 2. Therefore, the application
of the Transformer to reduce tracking drift in the animal pose estimation task still needs an
elaborate design of ANN structures.

To import the Transformer to overcome the tracking drift of animals, we designed an anti-drift
pose tracker (ADPT) following the characteristics of animal behavior data. CNN and Transformer
are cascaded with skip connections to capture subtle animal appearance features from only
hundreds of labeled frames He et al. (2016)2; LeCun et al. (2015) 3; Vaswani et al. (2017) 2. This
structure design makes ADPT show significantly fewer tracking drifts than DeepLabCut and SLEAP
Mathis et al. (2018) 3 ; Pereira et al. (2022) 2. The effect of anti-drift of ADPT is universally
validated in the public datasets and our customized datasets including Drosophilas, mice, and
macaques, which demonstrates that ADPT is robust in broad application scenarios cross-species
Pereira et al. (2019)2; Bala et al. (2020) 3 ; Han et al. (2024) 2. ADPT also achieves robust pose
estimation and identity recognition of free-interactive mice combined with a mix-up dataset
generation strategy. The results of markerless identity recognition show that the feature extraction
of ADPT is reliable enough to cover both multi-animal pose estimation and identity recognition
tasks, which are more difficult than the single-animal pose estimation task Agezo and Berman
(2022) 2 ; Lauer et al. (2022) 2 ; Han et al. (2024) 2. It reduces the computational time cost and
increases the throughput of behavioral data processing because ADPT does not need a multi-stage
neural network such as SIPEC Marks et al. (2022)@ or Social Behavior Atlas Han et al. (2024) .
Together, ADPT would be an accessible tool to reduce the pose tracking shift across species from
the upstream of behavior analysis. ADPT has the potential to improve the reliability of
computational ethology-based biological studies.

Results

Anti-drift pose tracker

Existing deep learning-based methods often produce some unreliable pose estimation, such as
interference caused by similar objects, keypoint drift, and failures of body part detection (Figure
1A@). To clarify these errors, we use “track” or “tracking” to refer to the tracking of all body
points or poses of an individual, and “detect” or “detection” when referring to specific keypoints.
These estimation errors largely compromise the robustness of pose estimation in freely behaving
animals, which can affect the statistical results of behavioral analyses and sometimes even lead to
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erroneous scientific findings. In this study, we present a reliable animal behavioral analysis tool,
called the anti-drift pose tracker (ADPT). ADPT can effectively eliminate estimated drifts (Figure
1B®). ADPT is a heatmap-based pose estimation network that inferences input images to
confidence heatmap, location refinement, and low-resolution semantic segmentation (LRSS)
(Figure 1C@). In the network architecture of ADPT (Figure 1D (), we utilize the convolutional
structure to extract local information on the one hand, and the transformer attention mechanism
to learn the long-term global dependencies on the other hand. Compared with purely attention-
based network structures (such as ViT Yang et al. (2021) @3; Stoffl et al. (2021) @; Xu et al.

parameters and therefore requires fewer training data samples. It is particularly suitable for data-
limited applications such as animal behavior analysis.

Customized behavioral videos for testing ADPT

The identification of drifting keypoints relies heavily on videos generated during inference or
visualized coordinates. Yet there is no publicly available video dataset specifically designed for
anti-drift evaluation. To fill this gap, we collected behavioral data from mice and monkeys (see
supplement videos 1). For single animal pose estimation, we recorded videos from free-moving
mice and monkeys with 4 cameras and then hand-labeled randomly extracted frames. For mice,
we labeled these frames with 16 keypoints, including nose, eyes, ears, front limbs, front claws,
back, hind limbs, hind claws, root tail, mid tail and tip tail. For monkeys, we labeled these frames
with 17 keypoints, including nose, eyes, ears, shoulders, elbows, hands, hips, knees, and ankle.
Given the popularity of mouse behavioral study, mice served as our primary subjects for
evaluation, with videos obtained from 4 different perspectives involving 4 distinct individuals.
Each mouse video spanned 15 minutes. The training dataset comprised 440 randomly extracted
images from these videos and other collected videos(training:validation=95%:5%). Monkey videos,
on the other hand, encompassed 8 different viewpoints, featuring multiple individuals, from
which a 30 minutes video was used for performance evaluation. The training set consisted of 3488
randomly sampled images (training:validation=95%:5%). For social or multi-animal pose
estimation, we recorded 10-minute videos of freely socializing mice in a homecage from three
different perspectives. We manually labeled 1200 images for training and validation (training =
95%:5%) and also labeled the back locations of two mice during the first minute to evaluate
tracking accuracy. Using our dataset, we trained ADPT, DeepLabCut, and SLEAP models, separately,
to detect body keypoints from behavioral videos. The behavioral data is available at https://github
.com/tangguoling/ADPT/data @ .

ADPT demonstrates the remarkable anti-drift performance

Firstly, we visualized the time course of seventeen estimated key body parts from a one-minute
segment of mouse videos (Figure 2A (@), demonstrating the anti-drift effects of ADPT. In contrast,
the other two deep learning-based methods suffer from drift and misses of body parts. Then, we
zoomed into the frames of failures in Figure 2B 2. The quantitative results of 240-minute videos
from two mice were shown in Figure 2C&D % . Interestingly, DeepLabCut has almost the same
probability of generating drift and misses, while SLEAP was more prone to misses. As presented in
Figure 2D (7, the tip tail was the most challenging part of the body for both drifts and missed due
to the long distance from the tip tail to the rest of the body. For CNN-based methods such as
DeepLabCut and SLEAP, learning such long-range tail-body relationships is particularly difficult,
while the attention mechanism of ADPT allows it to learn long-range dependencies. Due to
frequent occlusion in the video, the left and right claws could be easily missed or drifted. Our
model evaluations show that ADPT has significantly lower root mean squared errors compared to
SLEAP and achieves comparable or improved accuracy compared to DeepLabCut (Figure 2E ),
suggesting that ADPT can reliably detect the hind claws, offering a potential tool for gait analysis
and tail-related behavior paradigms.
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Anti-drift pose tracker (ADPT). A Three examples of drifts in deep learning-based animal behavioral analysis. Similar object
disturbance means that the object similar to a specific body part misleads the deep learning-based methods. Inexplicable
keypoint drift is caused by the high confidence score predicted on the wrong place by the network. Failure to detect the
keypoint is probably caused by the the predicted low confidence score. B The anti-drift effects of ADPT. C The general
workflow of ADPT. The network is trained to predict confidence heatmap, LRSS, and location refinement. D The network
architecture of ADPT.
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Figure 2.

Analysis of ADPT's anti-drift performance in a mouse dataset collected by our lab. A The time course of the y-axis position of
sixteen body parts extracted from a one-minute video using ADPT, DeepLabCut and SLEAP tools. It showed that ADPT
successfully detected all 16 body parts of a mouse, whereas DeepLabCut and SLEAP encountered inexplicable tracking drifts.
B Two anti-drift examples from ADPT, where the tail was drifted by DeepLabCut and the hind claw failed to detect by SLEAP. C
Overall percentage of tracking drift and failing to detect (miss) frames from three methods. ADPT demonstrated a
significantly lower drift percentage than other methods. D The percentage of frames with tracking drift (left) and failing to
detect (right). Drifts were mainly from the top four body parts, including the tip tail, the left and the right hind claws, and the
middle tail. E The averaged RMSE across all body parts (left) and RMSE of the top four body parts with drifts (right). ADPT
achieved the smallest RMSE than other two tools when thresholded at 0.2. *: P<0.05, **: P<0.01, ***: P<0.001, ***%:

P<0.0001. RMSE: root mean square error.
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Anti-drift performance remains consistent irrespective

of the video background and individual animals

Any measuring tool that exhibits biased measurement errors towards specific subjects introduces
inaccuracies in its assessments. For example, if the model accurately estimates the posture of
mouse A but experiences greater posture drift in estimating mouse B, this discrepancy leads to
measurement errors, impacting subsequent behavioral analyses. Hence, to evaluate the
independence of posture estimation’s anti-drift effect concerning individual animals or
background factors, we conducted one-way ANOVA on the tracking results. We trained ADPT,
DeepLabCut, and SLEAP five times each and applied these models to infer behavioral videos
across different individuals and video backgrounds. Firstly, we compared ADPT’s anti-drift
performance across different individuals and backgrounds. The results showed that ADPT
exhibited significantly lower drift percentages than the other two methods across different
individuals and video backgrounds (Figure 3 A&C (©).Then, the inference results were grouped
based on individual animals and video backgrounds, respectively, for five individual one-way
ANOVA analyses. The results of these five ANOVA analyses are presented in Figure 3 B&D ™. Our
analyses revealed that drift occurrences were more significantly affected by backgrounds in
DeepLabCut, while individual variations had a more significant impact on SLEAP. However, ADPT
showed slight susceptibility to background influence. Consequently, we assert that in comparison
to DeepLabCut and SLEAP, ADPT only demonstrates a lesser susceptibility to the influence of
individual animals and background factors. This resilience significantly mitigates biases in
tracking results. ADPT’s ability to generate fewer biases due to individual or background factors
during inference holds promise for achieving better consistency in downstream behavioral
analyses.This analysis also underscores the importance, when using ADPT, of minimizing
background variations, ideally maintaining consistent backgrounds.

Cross-species anti-drift capability of ADPT is reliable

While ADPT has demonstrated exceptional anti-drift abilities in mice, numerous other animal
models are employed in behavioral studies. To validate the robustness of ADPT in tracking
different species, particularly those posing significant tracking challenges, we selected cynomolgus
monkey as a specie known for its complexities in tracking. We utilzed the models to track a video
in which both humans and monkey appeared simultaneously, presenting similar objects in the
scene. Visualizing the keypoint tracking results from 1-minute time course featuring both entities
allowed us to showcase the anti-drift efficacy of ADPT (Figure 4A(2). In contrast, the other two
methods exhibited tracking failures when humans were present, as illustrated in the zoomed-in
frames of failure in Figure 4B . When humans were present, both DeepLabCut and SLEAP
exhibited instances of tracking drift, whereas ADPT remained unaffected by the presence of
similar objects. Similarly, we evaluated the performance of ‘drift’ and ‘miss’ for various body parts
in this scenario. We observed that ADPT consistently outperformed the other two methods overall
(Figure 4C&D ). However, given the more complex experimental setup and animal movements,
ADPT exhibited slight instances of drift and ‘fail to detect’ effects.

Consequently, our findings suggest that our approach demonstrates remarkable anti-drift
performance, cross-individual and cross-view capabilities. Notably, our anti-drift performance was
more pronounced in consistent experimental scenarios. Our experiments with monkeys
substantiated our method’s profound cross-species anti-drift capability, emphasizing its
significance in behavioral studies involving diverse animal models.
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Figure 3.

Anti-drift performance cross background and individual, where the percentage of frames includes two types of drift
phenomena: drift and miss. A The overall cross-individual anti-drift performance of ADPT and the other methods. The drift
percentage of ADPT is significant lower than other methods. B After training the model 5 times on the dataset shuffle, the
cross-individual drift percentage for each shuffle was analyse using one-way ANOVA. The ANOVA results revealed that there
are differences in the inference results of the SLEAP model among individual, and there were no differences for ADPT or
DeepLabCut. C The overall cross-background anti-drift performance of ADPT and the other methods. The drift percentage of
ADPT is significant lower than other methods. D The cross-background drift percentage for each shuffle was analyse using
one-way ANOVA. The ANOVA results revealed that there are slight differences in the inference results of the DeepLabCut
model among individual, and there were no differences for ADPT or SLEAP. ns.: no significant, *: P<0.05, **: P<0.01, ***:
P<0.001, ****: P<0.0001.
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Figure 4.

Analysis of ADPT's anti-drift performance on monkey data, showing the cross species anti-drift ability. A The time course of
the y-axis position of sixteen body parts extracted from a one-minute video using ADPT, DeepLabCut and SLEAP tools. It
showed that ADPT successfully detected all 17 body parts of a monkey, while the other two methods encountered tracking
drift because of the appearance of humans. B DeepLabCut and SLEAP both mistakenly located the monkey's eyes on humans
when they appeared, while ADPT can achieve robust tracking. C, D The percentage of frames with tracking drift and failing to
detect (miss). The occurrence of drift was mainly concentrated in the limbs, because the appearance of humans.
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Public datasets confirm the outperformance

of ADPT in precision and practicality

In adddition to evaluating ADPT’s performance on behavioral study videos, we recognized the
significance of image datasets as benchmarks for assessing pose estimation effectiveness. Thus, to
comprehensively evaluate the generalizability of ADTP performance to animals in skeletal
complexity and body size, and the background complexity of videos, we used two public datasets,

a fair comparison, we followed the same dataset split strategy and data augmentation strategy
described in Pereira et al. (2022) @ . The evaluation metric used was mean Average Precision
(mAP), which measures the accuracy of keypoint localization for all body parts, following the

performance of our methods, we randomly selected 5000 images out of 195,228 images from this
dataset and resized them to 368 x 368 resolution. We split the dataset into 40% training data and
60% validation data. We employed the same strategy used in the default configuration of
DeepLabCut toolbox to augment the data. The average distance (root square mean errors, RMSE)
between the ground truth and predicted keypoints and the mAP were used as evaluation metrics.
Figure 5AZ and Figure 5F2 presented several examples annotated by ADPT on these two
datasets, respectively. Furthermore, to verify the practicality of ADPT, we also evaluated the
amount of required training data and the inference speed of the model. Finally, we evaluated the
scalability of ADPT on the StanfordExtra dataset Biggs et al. (2020) & . Our results demonstrated
the capability of ADPT on non-laboratory dogs (Supplementary Fiigure 1 and Supplementary
Video 2). These evaluations underscore ADPT’s versatility, showcasing its robustness and accuracy
in diverse animal contexts, thereby affirming its potential as a highly adaptable tool for
comprehensive hehavioral studies.

ADPT offers higher tracking accuracy than existing SOTA methods

The tracking performance of ADPT was compared with the existing SOTA methods, such as
DeepLabCut and SLEAP (Figure 5B, G2 and H(®). On the single-fly dataset, ADPT exceled with an
average mAP of 92.83%, surpassing both DeepLabCut and SLEAP (Figure 5B (). On the OMS
Dataset, ADPT exhibited significant advantages in terms of mAP, RMSE (threshold = 0.2), RMSE
(threshold = 0.6), achieving values of 30.9%, 8.32, and 6.25, which were significantly superior to
SLEAP, and slightly outperforming DeepLabCut when the threshold set as 0.6 (Figure 5G (&,
supplement Table 1). Moreover, we further examined the detection of macaque hip and tail on
OMS_Dataset (Figure 5H ). We found that ADPT’s tracking performance of tail is better than
DeepLabCut and SLEAP, while the hip tracking is equivalent to DeepLabCut and better than SLEAP.
This further demonstrates the superiority of ADPT in tail-related behavior paradigms. By
conducting evaluations on these diverse datasets, we aimed to assess the robustness and
generalizability of our methods across more different animal species, pose complexities, and
environmental conditions. The results obtained from these evaluations provide solid proof of the
performance and potential of our methods for single-animal pose estimation.

ADPT only needs a small amount of annotated data

Since annotating behavioral data is tedious, a deep learning-based method that does not require
large amounts of annotated data is crucial. Here, we studied how the accuracy of ADPT changes
with the amount of annotated data. Notably, ADPT achieved acceptable performance using only
350 annotated images (Figure 5D (@), indicating that ADPT is data efficient.
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Figure 5.

Results of public datasets evaluation. A Samples of prediction on single fly dataset. B Mean average precision (mAP) on fly
dataset, where ADPT achieved average 92.8% accuracy (the best model achieved 93.27%). C LRSS improved the average
accuracy by 0.3% on single fly dataset. D Relationship between annotated image and accuracy of ADPT on fly dataset where
ADPT achieved acceptable performance with only 350 annotated images in a simple laboratory environment. Points indicate
the validation accuracy of model training on specific number of labels dataset. E Transformer improved the average accuracy
by 0.4% on single fly dataset. F Samples of prediction on OMS_Dataset. G Root mean square error (RMSE) on OMS_Dataset,
where ADPT achieved smaller RMSE than SLEAP when threshold = 0.2, and smaller than DeepLabCut when threshold = 0.6. P
value, **:0.001862, ns.: 0.243472, ***: 8.700e-06. H RMSE comparison on hip and tail of OMS_Dataset.P value, ***: 0.000561,
Hip ns. :0.023766, Tail ns. :0.336642, *: 0.035782.

Guoling Tang et al., 2025 eLife. https://doi.org/10.7554/eLife.95709.2 11 of 38


https://doi.org/10.7554/eLife.95709.2
https://doi.org/10.7554/eLife.95709.2

7 eLife

ADPT’s fast inference enables real-time applications

Here we evaluate the inference speed of ADPT. We compared it with DeepLabCut and SLEAP on
mouse videos at 1288 x 964 resolution. Our method exhibited an impressive prediction speed of
90+4 frames per second (fps), faster than DeepLabCut (44+2 fps) and equivalent to SLEAP (106+4
fps). These results highlighted the efficient inference capabilities of ADPT, which is crucial for real-
time applications and the analysis of large-scale behavioral data.

LRSS and transformer help improve tracking accuracy

To examine the contribution of the low-resolution semantic segmentation (LRSS) and the
transformer architecture to ADPT, we conducted two ablation studies using the fly dataset. We
compared multiple variants to uncover the impacts of the LRSS module and the transformer
module on pose estimation performance. Firstly, we explored the influence of LRSS by comparing
the performance of the complete ADPT with the one removed LRSS. As shown in Figure 5C (2,
LRSS module can improve the average accuracy by 0.2%. Moreover, to assess the role of
transformer architecture, we conducted a comparative analysis between the complete ADPT with
the transformer and a variant of the model where the transformer was removed. As shown in
Figure 5E 2, the transformer improved the average accuracy by 0.4%, suggesting the benefits of
the transformer architecture in pose estimation.

ADPT can accurately track the non-laboratory dog

To test the generalizability of our approach beyond laboratory-behavior animals, we applied ADPT
to the keypoint detection task for the non-laboratory dog. The dataset is from Biggs et al. (2020) 2.
We randomly divided the dataset into 85% and 15% training and validation data. ADPT was
instantiated with the same network architecture for laboratory animal pose estimation,
showcasing the versatility of ADPT. We followed Biggs et al. (2020) @ and used Percentage of
Correct Keypoints (PCK) metric to evaluate the accuracy of keypoint detection. The results showed
that ADPT achieved an average 86.54% PCK score (legs: 85.54%, tail: 79.89%, ears: 88.61%, face:
95%). Examples of identified keypoints of dogs were shown in Supplement Figure 12 and
Supplement Video 2. These results supported the flexibility of ADPT in different animal species
and potentially more challenging real-world scenarios.

ADPT can be adapted for end-to-end pose estimation

and identification of freely social animals

We adapted ADPT to end-to-end tracking of the social interacting mice with similar appearances.
To this end, we added additional heads after feature concatenation and utilized LRSS to confirm
the identities of the mice. We generated a multi-animal dataset for social tracking by mixing up
two labeled frames from single mouse videos (Figure 6 ). The evaluation of our social tracking
capability was performed by visualizing the predicted video data (see supplement Videos 3 and 4).

Prior to social tracking, we evaluated identity-tracking accuracy using a dataset consisting of 10
mouse videos of different individuals. The overall workflow of these extended applications is
depicted in Figure 7(@. Initially, we utilized a variant of ADPT (empowering LRSS with identity
information) for simultaneous animal pose estimation and identity-synchronized tracking. For
each frame, identity recognition was based on the LRSS output by ADPT (Figure 7A Z). Although
the appearance of the mice is very similar, our experimental results showcased a remarkable
93.16% accuracy in identity recognition (Figure 7B(%). This approach demonstrates LRSS’s
capability to record individual identities like semantic segmentation masks. The outcomes,
showcased in supplement Videos 3, manifested synchronized tracking of identity and pose
estimation.
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Figure 6.

Illustration for mix-up social animal dataset generation. A Frames originating from different videos and corresbonding
background. B Mix-up image. C Represents schematic diagrams illustrating the keypoint generated from single animal pose
estimation of ADPT. D Represents an augmented mix-up image. E Represents schematic diagrams of augmented annotation.

F Represents augmented keypoints. G Represents augmented LRSS. H Represents schematic diagrams of augmented Body
7).

Guoling Tang et al., 2025 eLife. https://doi.org/10.7554/eLife.95709.2 13 of 38


https://doi.org/10.7554/eLife.95709.2
https://doi.org/10.7554/eLife.95709.2

Input ADPT output Animal pose with identification

Pose estimation B

Confusion metrics (precision = 93.16%)

Mouse A LRSS with idontification Pose with identification
mouse A

Pose estimation |

- TV O>»

Actual label
" om

Mouse F s
LRSS with identification

Pose with identification
mouse F H

A B c D E F G H 1 J
Predicted label

Pose estimation

Pose with identification
mouse J

LRSS with identification

100%

uois1dald

Input

ADPT output

Animal pose with identification

Raw body part

Social mice D
T u - Pose with identification of social mice
f LRSS LRSS with icentfication
LRSS with dentiication (post processed)
e
BAF, y pixels BAF, x pixels
Social mice video frames ====% Post processed video frames

Identification accuracy = 99.72%

Predicted video frames with identification
Identification accuracy = 90.36%

Figure 7.

Applications of ADPT for multi-animal pose tracking.

A Left: The pipeline for the multi-animal identity-pose tracking task. B Confusion matrix of the 10-mice classification
(accuracy=93.16%).C Social mice tracking pipeline with identification accuracy of 99.72%.
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Subsequently, we tested the tracking performance with free-social animals. Inspired by Part
Affinity Fileds Cao et al. (2021) &3, we created Body Affinity Fileds (BAF) to help distinguish
different individuals. BAF and LRSS were used together to identify individuals. In the first
scenario, We trained ADPT on the Mix-up social animal dataset and employed it to predict 1-
minute free-social video of mice with similar appearance. Without additional temporal post-
processing, ADPT achieved a 90.36% accuracy in identity recognition, as referenced in supplement
Video 4A. Following temporal identity correction, ADPT remarkably achieved a 99.72% accuracy in
identity recognition (Figure 7C (%), as shown in supplement Video 4B. The pose estimation
accuracy was acceptable, but we recognized that there are detection error of tail or tracking error
when animals are very closed sometimes which may be due to the lack of real-world training data.

In the second scenario, we trained ADPT on manual labeled homecage social mice dataset, a set of
real-world training data (Figure 8A(2.) and used it to predict a 1-minute free-social video. We
evaluated anti-drift performance and found that ADPT outperformed Deeplabcut and SLEAP,
achieving 15% improvement of pose estimation accuracy (Figure 8D, E(¥) and almost 5 to 10 times
improvement of tracking accuracy (Figure 8C(2). Figure 8B 2 illustrates ADPT’s prediction of the
x-coordinates of different mice, demonstrating less keypoint drift. In Figure 8C &, we compare the
anti-drift performance of the raw predictions from the three methods, highlighting ADPT’s
superior tracking performance compared to DeepLabCut and SLEAP. Furthermore, we assessed
pose estimation accuracy between ADPT and DeepLabCut / SLEAP, showing that ADPT has better
pose estimation accuracy than both SLEAP and DLC (Figure 8D, E@). Lastly, an ablation study
confirmed that BAF improves pose estimation accuracy (Figure 8F ). The tracking result of this
scenario was shown in supplement Video 5.

In addition to mice, we evaluated the pose estimation accuracy of ADPT on the marmoset dataset,
a publicly available resource Mathis et al. (2018) 2. We adhered to the default marmoset
configuration of DeepLabCut, randomly dividing the dataset into training and validation sets while
employing the same data augmentation strategy. Under the evaluation metrics used by
DeepLabCut, ADPT achieved an average accuracy of 6.14 + 0.19 pixels, whereas DeepLabCut
reached 6.63 + 0.09 pixels. Additionally, when assessed using SLEAP evaluation metrics, ADPT
achieved an average accuracy of 7.02 + 0.11 pixels, compared to SLEAP’s 11.39 + 0.31 pixels.

Together, these different applications demonstrate the versatility of ADPT, ranging from single
animal pose estimation to complex situations involving social interactions. ADPT’s versatility and
adaptability paves the way for comprehensive behavioral studies.

Discussion

Here, we have presented ADPT, a Transformer-based pose tracker, to address the pose drift
problem in animal pose estimation. The core of ADPT is the elaborate combination of the
convolutional network LeCun et al. (2015) 2 and transformer layers Vaswani et al. (2017) &3, with
the goal of capturing both local details and global context. This architecture helps ADPT achieve a
more reliable feature extraction on animal objects, resulting in higher accuracy in tracking the
poses frame by frame with less drifts or misses, compared to DeepLabCut and SLEAP Lauer et al.
(2022) @ ; Pereira et al. (2022) @ . In addition, we presented the procedure for the data generation
of Mix-up social animals, which is convenient and effective for exponentially synthesizing new
data to improve the performance of ADPT. We showed that ADPT can be used for multi-animal
pose estimation and identification. These two tasks were considered much more difficult than
single-animal pose estimation Lauer et al. (2022) . The end-to-end network structure of ADPT
only needs to calculate one model loss so it is more computationally efficient than the multi-stage
methods such as SIPEC and Social Behavior Atlas Marks et al. (2022) @3; Han et al. (2024) @ . These
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Evaluation of ADPT for homecage social mice scenario.

A Illustration of homecage social mice dataset. B Filtered predicted back locations of different mice by ADPT. C Comparison of
different methods and manual labels. We trained each model three times, and this figure presents the results from one of
those training sessions. We calculated the average RMSE between predictions and manual labels, demonstrating that ADPT
achieved an average RMSE of 15.8 + 0.59 pixels, while DeepLabCut (DLC) and SLEAP recorded RMSEs of 113.19 + 42.75 pixels
and 94.76 + 1.95 pixels, respectively. D Pose estimation accuracy comparison between ADPT and DLC based on the DLC
evaluation metric. ADPT achieved an accuracy of 6.35 + 0.14 pixels across all body parts of the mice, while DLC reached 7.49 +
0.2 pixels. E Pose estimation accuracy comparison between ADPT and SLEAP using the SLEAP evaluation metric. ADPT
achieved 8.33 + 0.19 pixels across all body parts of the mice, compared to SLEAP’s 9.82 + 0.57 pixels. F Body Affinity Fields

(BAF) improved pose estimation accuracy by 0.4 pixels under the SLEAP evaluation metric.
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advances show that ADPT is an accurate, universal, and efficient method, suggesting broader
application scenarios in neuroscience, genetics, and drug discovery. Now, the toolbox of ADPT has
also been released at https://github.com/tangguoling/ADPT-TOOLBOX @

As the higher resolution of microscopy promotes the discovery of biological microstructures, the
higher precision of animal pose estimation helps to detect subtle behavior structures and patterns,
advancing ethology research. Behavior structures have been proven to be the signatures,
fingerprints, and biomarkers to indicate disease developments Bohic et al. (2023) @ ; Gschwind et

drug effects Wiltschko et al. (2020) @ ; ?. Although these studies refine the behavior to module level
Wiltschko et al. (2015) 3, this spatiotemporal scale of behavior structures is not sufficient to
support finer animal studies such as decoding millisecond neural recordings with un-drifted poses
Schneider et al. (2023)&. Therefore, improving the accuracy and reliability of animal pose
estimation is of high need for behavioral studies. ADPT provides such a tool for animal pose
estimation.

ADPT enables a wide range of downstream applications, for instance, aligning behavioral
manifold from keypoint dynamics with the neural manifold from large-scale neural recordings
Urai et al. (2022) 2. Recent advances in neural decoding of speech Li et al. (2023) & ; Metzger et al.
(2023) @ and vision Schneider et al. (2023) 3; Takagi and Nishimoto (2023) % have achieved
incredible performance, but the accurate neural decoding of poses is still an existing problem.
ADPT can quantify the poses of animals to reach a high resolution like the microphone for speech
acquisition or visual pixels, which is an improvement from the aspect of behavior data
acquisition. The second application is the gait analysis for 3D movements. Non-human primates
are not restricted to moving on the ground, and the 3D gait would reflect their abnormal state
after modeling treatment Liang et al. (2023) & ; Thota and Alberts (2013) & . ADPT decreases the
pose drift caused by body occlusion of single-view frames, which would reduce the error of 3D gait
reconstruction. It also reduces the number of cameras for view angle compensation except for the
profound understanding of 3D gait-related disorders Bala et al. (2020) % . The third application is
behavior-based drug screening Wiltschko et al. (2020) 3. Although MoSeq has built up the
relationship between behavior syllables and psychoactive drugs Wiltschko et al. (20152, 2020),
the resolution of behavior only exists at the syllable level. It is predictable for ADPT to improve the
behavior resolution of MoSeq even Keypoint-MoSeq to a finer level to be not limited to the screen
of psychoactive drugs Wiltschko et al. (2015) & ; Weinreb et al. (2024) @ . In summary, solving the
anti-drift problem from the very beginning of ADPT determines that it has widespread
applications.

One potential improvement of ADPT is the design of positional encoding. With the increase in
image size, the positional encoding would occupy more memory of the graphics processing unit.
The process of high-resolution videos has to resize the frame to avoid being out of memory, in
which the pixel-level information could be missed. Conditional positional encoding would be a
possible solution to improve ADPT to face high-resolution frames Chu et al. (2021) @3. Another
improvement of ADPT is using a more powerful backbone neural network. To facilitate the

better choice to replace ResNet and improve the performance of ADPT.

Methods and materials

In this section, we first present ADPT method, then introduce the datasets used in each
experiment, and finally describe the details of multi-animal experiments.
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The details of ADPT

Here we present the key components and details of ADPT. We also provide the code for ADPT at
https://github.com/tangguoling/ADPT/code &2

The network architecture

Applying transformer in freely behaving animal pose estimation can help us alleviate keypoint
tracking drift. Thus, we created a heatmap-based pose estimation model, called ADPT. The overall
structure of the method and network is illustrated in Figure 1C and D@. Initially, ADPT will
resize image to a scale (a hyper parameter, the same as global_scale in DLC). Then, the network
employs the stack1-2 of the ResNet50 model to extract shallow-level features from the input
images. At this stage, the images are extracted into features with a size of one-fourth of their
original dimensions. Subsequently, network separately process these features in three branches,
compute features at scale of one-fourth, one-eight and one-sixteenth, and generate one-eight scale
features using convolution layer or deconvolution layer. Of particular significance is the
utilization of the one-sixteenth scale feature, which is input into a transformer module for
computation. This large-scale feature’s involvement in the multi-head attention mechanism
substantially enhances the model’s ability to capture global relationships within the data. Finally,
model concatenates these features by skip connections and compute them using convolution
layers to generating output, including keypoint position confidence heatmaps, location refinement
maps, low-resolution semantic segmentation map, and body affinity fields map.

Low resolution semantic segmentation

In addition to generating the animal’s skeletal keypoints, we also create a low-resolution semantic
segmentation map (LRSS) of the animal. This segmentation map captures the coarse-level
information about the different body parts or regions of the animal. By connecting the skeletal
keypoints, the model can infer the boundaries, shapes and identities of these regions. According to
keypoints set kps of all individuals in frame, the pixel p value at segmentation map is defined as,

identity, if pon limb,for i, jin kps

Mp) = (1)

0, otherwise

The low-resolution map plays a crucial role in training our model. It allows the model to learn the
correlation between the skeletal keypoints and the semantic information of the animal’s body. By
incorporating the segmentation map into the training process, the model can better understand
the spatial relationships between different keypoints and improve the accuracy and robustness of
pose estimation.

Network training details

In our animal pose estimation tasks, we employed specific training configurations to optimize the
performance of our models. The following training details were utilized. We trained the models
for a total of 190 epochs. Additionally, we included 10 warm-up epochs at the beginning of the
training process. The batch size used during training was set to 8. We utilized the AdamW
optimizer, and the weight decay rate was set to 1e-4. We employed a warmup cosine decay
schedule for the learning rate. Initially, the learning rate was warmed up from 1e-5 to 1e-3 over
the warm-up epochs. Subsequently, the learning rate gradually decayed to 1e-5 using a cosine
decay function. For optimizing the keypoint confidence heatmaps and location refinement maps,
we utilized root square error (RMSE) as the loss function. RMSE measures the average squared
difference between the predicted and ground truth key points, providing a measure of the
accuracy of the model’s predictions. Additionally, for training the low-resolution semantic
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segmentation map, we used sparse categorical cross-entropy loss, which is suitable for multi-class
segmentation tasks. We early stop the training procedure when it reaches a plateau for 30 epochs
according to validation loss. These training details were carefully chosen to ensure effective
training and optimization of our models for single animal pose estimation. For data augmentation,
we followed DeepLabCut augmentation strategy Mathis et al. (2018) 2 in training ADPT, and
followed Pereira et al. (2022) & specifically for single fly dataset. The image inputs of ADPT were
resized to a size that can be trained on the computer which was defined as ‘global_scale’ in
configuration file. For mouse images, it was reduced to half of the original size. For monkey
images, it was reduced to 0.8 of the original size. For macaque and fruit flies, there were no
resizing, while for dogs, it was resized to 224 x 224 resolution. For homecage social mice images
and marmoset images, there were no resizing.

The specific values and configurations may vary depending on the dataset, network architecture,
and specific requirements of the task.

Network implementation

We implementated ADPT in the Python programming language(python 3.9). We used tensorflow
2.9.1 for all deep learning models. We used imgaug for image and annotation augmentation. We
used OpenCV for video reading/writing and matplotlib for image reading. The hardware condition
includes RTX4090 GPU, Intel 12900K CPU, Samsung 980 Pro hard disk, and 128 GB DDR5 memory.
For comparison, we used DeepLabCut 2.2.1 with default configuration during training, in which
‘global_scale’ parameter was adjusted to match with ADPT resizing configuration. Similarly, SLEAP
1.2.9 was used with the baseline_medium_rf.single configuration, adjusting the ‘input scaling’ to
align with ADPT’s resizing configuration.

Datasets

To comprehensively evaluate the robust performance of ADPT, we selected datasets consider
factors such as skeletal complexity, body size, and background complexity. However, there exists
no publicly available video dataset specifically designed for anti-drift evaluation. Therefore, we
also collected behavioral video data involving mice and monkeys. We also provide code to transfer
DeepLabCut format labeled dataset to our ADPT format dataset, which may allow users to make
deeper study toward the past behavioral data. Code is available at https://github.com/tanggquoling
/ADPT/data/dIc2adpt.py 2.

Mouse dataset

The mouse dataset is a customized single animal dataset collected by ourselves. We recorded a
C57BL/6 mouse freely behaving in an open field from four different view. The dataset contained
440 labeled image in 1288 x 964 resolution across 4 different backgrounds and 11 individuals, 16
single mouse videos with the same resolution across 4 different individuals and 4 backgrounds.
Each video spans 15 minutes.

Monkey dataset

The monkey dataset is a customized single animal dataset collected by ourselves. We recorded a
cynomolgus monkey freely behaving in behavioral cage. The dataset contained 3488 labeled image
in 640 x 360 resolution across 8 different backgrounds and multiple individuals, and one specific
30 minutes video in which a monkey and people appeared simultaneously.

Single fly dataset

The single fly dataset is a benchmark dataset used in animal pose estimation Pereira et al.

validation and 150 test frames. The fly in the dataset was annotated with 32-node skeleton.
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OpenMonkeyStudio Dataset

The OpenMonkeyStudio dataset is a macaque pose estimation dataset, containing 195,228 labeled
frames with 13-node skeletons Bala et al. (2020) . we randomly selected 5000 images and resized
them to 368 x 368 resolution to evaluate the performance of our methods. We randomly divided
this selected dataset into a 40% - 60% training and validation split.

StanfordExtradataset

StanfordExtradataset is a large-scale dog dataset with 2D keypoint and silhouette annotations,
containing 12,000 images of dogs with 24-node skeletons Biggs et al. (2020) 2. We randomly split
the dataset into 85% training and 15% validation.

Mouse videos of different individuals

Videos in 1288 x 964 resolution across 4 different backgrounds and 10 individuals. Each video
spans 15 minutes during which the first 12 minutes was used for training identity Irss while the
rest was used for validation.

Free-social mice video

A 1 minute video in 1288 x 964 resolution of free-social mice.

Homecage social mice dataset

The homecage social mice dataset is a customized animal dataset collected by ourselves. We
recorded two markerless C57BL/6 mice freely behaving in a homecage from three different view.
The dataset contained 1200 labeled images in 960 x 540 resolution across 3 different backgrounds
and 2 paired individuals. Each video spans 10 minutes during which the first 1 minute video was
use for anti-drift performance evaluation. We manual annotated the position location in the 1
minute video every 30 frames.

Marmoset

Marmoset is a dataset with released by multi-animal DeepLabCut for marmosets pose estimation,
containing 5,316 images of marmoset with 15-node skeletons Lauer et al. (2022) (2. We resized the
images to 368 x 368 resolution to evaluate the performance of our methods.

Mix-up social animal dataset generation

To address the challenge of acquiring labeled datasets for multi-animal pose estimation, we
introduce a novel data augmentation strategy. This strategy involves mixing up a background
picture and 2 labeled frames from single animal videos predicted by single animal model,
generating synthetic data with multiple animals. The process is illustrated in Figure 6 2, and the
algorithm is detailed in Algorithm 1#. Initially, we employ the ADPT model to predict keypoint
position for two images originating from different videos, resulting in two frame annotation sets
of keypoints. Using these frames and the corresponding background image (Figure 6 AX2), we
create a mix-up image, as shown in Figure 6B 2. We utilize two frame annotations to generate
Mix-up annotation heatmaps. These heatmaps associate each keypoint with its corresponding
location on the mix-up image, as shown in Figure 6 C . For the augmented image as shown in
Figure 6 D @, we generated augmented annotations as shown in Figure 6 E(Z, and Figure 6 F2
represents augmented keypoints. Importantly, we leverage LRSS to distinguish between animals’
identities, as indicated in the Figure 6 G 2. Finally, we leverage body affinity fields (BAF) to match
the body parts and identity, as indicated in the Figure 6 HZZ in which we set back as the center
point.
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Algorithm 1: Generation of Mix-up Social Animal Data
Algorithm 1: Generation of Mix-up Social Animal Data

Data: video1, video2, backgrounds
Result: Mix-up frame, Mix-up annotation
Tool: ADPT;

-

N

Select randomly;

framel € videol;

frame2 € video2;

background € backgrounds,

Label frame;

framel_annotation = ADPT(framel),

frame2_annotation = ADPT(frame2),

9 M ix-up annotation = { framel_annotation, frame2_annotation};
10 Mix up image;

11 mousel = framel[where((framel — background) >= delta));

w

0 N o u s

12 mouse2 = frame2[where((frame2 — background) >= delta&mousel == 0)];

13 Mix-up frame = mousel + mouse2 + background[where((mousel + mouse2) == 0)];

Body affinity fields

Inspired by PAF, we create Body Affinity Fields for associating body part to instance identity.
Considering all individuals in frame, the pixel p value at BAF map is defined as,

(p, — center , p, — center ), if pon body,foriininstances
Mp)=1" d ! o (2)
(0,0), otherwise

where p, and py, represents pixel p’s location (x and y coordination), and center, , represents the
center location.

Combining BAF and LRSS, we can infer pixels identities. We only used this map in social animal
tracking.

Experiments for ten mice identity tracking

In this experiment, we used videos featuring different identified mice, allocating 80% of the data
for model training and the remaining 20% for accuracy validation. We configured the output
channels of the model’s LRSS to be 11 (1 background channel + 10 identity channels). Finally, we
determined the identity of mice in the image by analyzing the proportion of each category within
the LRSS image. For data augmentation, random rotation (+30°), random pixel translation (x:
[-100,100], y:[-30,15]) and random scale (0.9,1.1) were used in training ADPT.

Following metrics was used for identity determination:
identity = argmax(z Pigasitiy) (3)

where pjgentiry represents pixel p value at LRSS.
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Experiments for social mice tracking

In this experiment, we randomly selected two mice. We created a Mix-up Social Keypoint Dataset
using individual videos of these mice and randomly captured background. We computed the BAF
centered on the back of the mice. For the social interaction task, the LRSS channels of the model
were set to 3 (1 background channel and 2 identity channels), while 2 channels were introduced
for the newly incorporated BAF (representing a two-dimensional vector). Random pixel
translation (x:[-100,100], y:[-30,15]) was the only augmentation method used in training ADPT.

We trained the model on this mix-up dataset and used it to predict real social interaction videos of
mice spanning 1 minute. In practical application, we employed a bidirectional approach both
bottom-up and top-down to ascertain mouse identities. Specifically, we utilized the BAF image to
confirm the center position pointed by each pixel. Then, based on the identity information from
LRSS corresponding to the center positions, we determined the identity information of each pixel
(body pixels) to generate an identity map. Finally, by matching the location heatmap with the
identity map, we calculated the posture information of the interacting animals.

Both manual verification and following metrics was used for evaluating identity exchange rate:

Sy (i =y £ @ (4)

where y; represents center location of each individual, and a represent drift distance threshold
which was set as 75 pixels.

changerate@uq =

=
M=

Il
o

In our ten mice identity tracking and social mice tracking task, we trained the model for a total of
300 epochs with 10 warm-up epochs. We early stop the training procedure when it reaches a
plateau for 30 epochs according to training loss. The batch size used during training was set to 8.
Each epoch has 250 iterations for the first task and 50 iterations for the social task. To optimize the
BAF maps, we utilized RMSE as the loss function.

Evaluation metrics

To evaluate keypoint tracking drift, we use following metrics: for each keypoint,

.
_ I :
drifi@a= - ,2:2 8/ =yt £ @ (5)

where F represents the total number of frames, y; represent a predicted keypoint position, a
represent the drift distance threshold which was set as 50 pixels on mice, and 30 pixels on monkey,
and § is an indicator function that equals 1 when +/(y;, — y,_;)? < «, and 0 otherwise.

Sfailtodetect = S(Vmrssnnes 02) (6)

P

L
F I
where y; configencescore represents the confidence score of the predicted heatmap of i-th frames.

We used the following metrics for single animal pose estimation: PCK@0.15, RMSE, mAP

N
1
PCK@0.15= — a(d. < 0.15- L v
N; (d, < ) 7)
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where N represents the total number of keypoints, d; is the Euclidean distance for the i-th
keypoint, L; is the normalized limb scale associated with the i-th keypoint.

N riiz
Ei:l exp (_gam)z 5!‘, >0

OKS = —
Z;=1 bupn

(8)

where a is the bounding box area occupied by the GT instance, v; is a visibility flag for the i-th
keypoint, and s is the uncertainty factor(set to 0.025 for all measurements, the same as SLEAP)

N
1
AP@a= — 25(01{5‘ > a) (9)

where a represent the accuracy threshold.

mAP = %(AP@O.S + AP@0.55+ AP@0.6 + ... + AP@0.95) (10)

l n
RMSE = |~ g(y, - Yirues)? (11)

where y; represent a predicted keypoint position and yyye ; is its’ ground truth.
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Appendix 1

Deep learning pose estimation

Pose estimation is a well-established computer vision task that has achieved significant
advancements in human pose estimation. Traditional CNN-based algorithms for human pose
estimationNewell et al. (2016) 2; Cao et al. (2021) & ; Toshev and Szegedy (2014) 2 ; Chen et al.
(2018) @2 ; Wei et al. (2016) 2; Insafutdinov et al. (2016) & ; Sun et al. (2019) @ have been widely
applied and have shown promising results. With the recent rise of transformer-based models,
researchers have explored the use of transformers for human pose estimationYang et al. (2021)%;
Li et al. (2021) @; Xu et al. (2022b) 2 ; Mao et al. (2021) 3, leading to improved accuracy and
performance. At the same time, some of these worksNewell et al. (2016) (2 ; Wei et al. (2016) C(3;
Insafutdinov et al. (2016) @ ; Xu et al. (2022b) @ has also been extended to the field of animal pose
estimation. Notably, keypoint detection methods typically employ two main approaches: heatmap-
based and regression-based methods. Heatmap-based methods generate keypoint heatmaps,
calculate the index of the maximum confidence score within these heatmaps, and obtain keypoint
coordinates. Heatmap-based methods have the advantage of providing confidence scores, allowing
researchers to gauge the reliability of each keypoint’s estimate. However, they can be
computationally intensive due to the generation of multiple heatmaps. Conversely, regression-
based methods directly output keypoint coordinates from the model. Regression-based methods
are often computationally efficient and can provide accurate results. However, they may lack the
ability to express the confidence or uncertainty associated with each keypoint prediction, which
heatmap-based methods can provide. The choice between these methods depends on the specific
requirements of the pose estimation task.
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In the domain of behavioral studies, specific estimation methods have been developed and widely
used. Notable examples include DeepLabCut Mathis et al. (2018) 2, SLEAP Pereira et al. (2022) 2,
and DeepPoseKit Graving et al. (2019) &2 . These methods have found extensive application in
experimental animal pose estimation, where the estimated poses are used for quantifying and
analyzing animal behavior. They are heatmap-based methods. DeepLabCut is a popular toolbox
utilized for animal pose estimation, employing CNNs such as ResNets He et al. (2016) 3 or
MobileNets Sandler et al. (2018) 2 that initial pretrained on ImageNet Russakovsky et al. (2015) 2
to accurately estimate animal poses. It has been widely adopted in various experimental settings,
enabling researchers to track and analyze animal behavior with high precision. Similarly, SLEAP is
another widely used tool for multi-animal pose estimation, leveraging U-NET Ronneberger et al.
(2015) @ liked CNN architectures to estimate poses and facilitate behavior analysis in animals.
Additionally, DeepPoseKit is another notable software toolkit using Stacked DenseNet for
behavioral animal pose estimation. The results of pose estimation serve as a critical component in
quantifying and analyzing animal behavior. By accurately estimating animal poses, researchers

can extract valuable insights into the kinematics Monsees et al. (2022) 3, dynamics Luxem et al.

contributes to a better understanding of animal behavior, cognition, and underlying neural
mechanisms.

According to literature report Pereira et al. (2022) @, SLEAP and DeepLabCut have similar
accuracy on a benchmark single-fly datasets Pereira et al. (2019) (2, with mean average precision
scores(mAP) of 92.7% and 92.8%, respectively. Their accuracies are significantly higher than that
of DeepPoseKit(86.4%). Additionally, SLEAP demonstrates the highest inference speed among the
three tools. Therefore, currently, SLEAP and DeepLabCut are considered to have the best
performance in freely behaving animal pose estimation. However, these methods are still limited
by their robustness, which refers to the presence of uncertainty or noise interference in the
estimated positions of keypoints due to the inherent limitations of the algorithms or noise in the
image. For instance, the limited receptive fields of convolutional kernels may hinder their ability
to capture the global dependencies within an image. This constraint can be particularly relevant in
tasks that require modeling complex spatial relationships or long-range interactions. ADPT
primarily aims to compare and improve upon these two methods.

In summary, various pose estimation methods, including DeepLabCut, SLEAP, and Deep-PoseKit,
have been developed and extensively employed in the field of experimental animal pose
estimation. These methods leverage CNN-based models to estimate animal poses, enabling
researchers to conduct detailed behavior quantification and analysis.
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Reviewer #2 (Public review):
Summary:

The authors present a new model for animal pose estimation. The core feature they highlight
is the model's stability compared to existing models in terms of keypoint drift. The authors
test this model across a range of new and existing datasets. The authors also test the model
with two mice in the same arena. For the single animal datasets the authors show a decrease
in sudden jumps in keypoint detection and the number of undetected keypoints compared
with DeepLabCut and SLEAP. Overall average accuracy, as measured by root mean squared
error, generally shows generally similar but sometimes superior performance to DeepLabCut
and better performance compared to SLEAP. The authors confusingly don't quantify the
performance of pose estimation in the multi (two) animal case instead focusing on detecting
individual identity. This multi-animal model is not compared with the model performance of
the multi-animal mode of DeepLabCut or SLEAP.

Strengths:

The major strength of the paper is successfully demonstrating a model that is less likely to
have incorrect large keypoint jumps compared to existing methods. As noted in the paper,
this should lead to easier-to-interpret descriptions of pose and behavior to use in the context
of a range of biological experimental workflows.

Weaknesses:

There are two main types of weaknesses in this paper. The first is a tendency to make
unsubstantiated claims that suggest either model performance that is untested or
misrepresents the presented data, or suggest excessively large gaps in current SOTA
capabilities. One obvious example is in the abstract when the authors state ADPT
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"significantly outperforms the existing deep-learning methods, such as DeepLabCut, SLEAP,
and DeepPoseKit." All tests in the rest of the paper, however, only discuss performance with
DeepLabCut and SLEAP, not DeepPoseKit. At this point, there are many animal pose
estimation models so it's fine they didn't compare against DeepPoseKit, but they shouldn't act
like they did. Similar odd presentation of results are statements like "Our method exhibited
an impressive prediction speed of 90{plus minus}4 frames per second (fps), faster than
DeepLabCut (44{plus minus}2 fps) and equivalent to SLEAP (106{plus minus}4 fps)." Why is
90{plus minus}4 fps considered "equivalent to SLEAP (106{plus minus}4 fps)" and not slower?
I agree they are similar but they are not the same. The paper's point of view of what is
"equivalent” changes when describing how "On the single-fly dataset, ADPT excelled with an
average mAP of 92.83%, surpassing both DeepLabCut and SLEAP (Figure 5B)" When one looks
at Figure 5B, however, ADPT and DeepLabCut look identical. Beyond this, oddly only ADPT
has uncertainty bars (no mention of what uncertainty is being quantified) and in fact, the
bars overlap with the values corresponding to SLEAP and DeepPoseKit. In terms of making
claims that seem to stretch the gaps in the current state of the field, the paper makes some
seemingly odd and uncited statements like "Concerns about the safety of deep learning have
largely limited the application of deep learning-based tools in behavioral analysis and slowed
down the development of ethology" and "So far, deep learning pose estimation has not
achieved the reliability of classical kinematic gait analysis" without specifying which classical
gait analysis is being referred to. Certainly, existing tools like DeepLabCut and SLEAP are
already widely cited and used for research.

The other main weakness in the paper is the validation of the multi-animal pose estimation.
The core point of the paper is pose estimation and anti-drift performance and yet there is no
validation of either of these things relating to multi-animal video. All that is quantified is the
ability to track individual identity with a relatively limited dataset of 10 mice IDs with only
two in the same arena (and see note about train and validation splits below). While
individual tracking is an important task, that literature is not engaged with (i.e. papers like
Walter and Couzin, eLife, 2021: https://doi.org/10.7554/eLife.64000) and the results in this
paper aren't novel compared to that field's state of the art. On the other hand, while multi-
animal pose estimation is also an important problem the paper doesn't engage with those
results either. The two methods already used for comparison in the paper, SLEAP and
DeepPoseKit, already have multi-animal modes and multi-animal annotated datasets but
none of that is tested or engaged with in the paper. The paper notes many existing
approaches are two-step methods, but, for practitioners, the difference is not enough to
warrant a lack of comparison. The authors state that "The evaluation of our social tracking
capability was performed by visualizing the predicted video data (see supplement Videos 3
and 4)." While the authors report success maintaining mouse ID, when one actually watches
the key points in the video of the two mice (only a single minute was used for validation) the
pose estimation is relatively poor with tails rarely being detected and many pose issues when
the mice get close to each other.

Finally, particularly in the methods section, there were a number of places where what was
actually done wasn't clear. For example in describing the network architecture, the authors
say "Subsequently, network separately process these features in three branches, compute
features at scale of one-fourth, one-eight and one-sixteenth, and generate one-eight scale
features using convolution layer or deconvolution layer." Does only the one-eight branch
have deconvolution or do the other branches also? Similarly, for the speed test, the authors
say "Here we evaluate the inference speed of ADPT. We compared it with DeepLabCut and
SLEAP on mouse videos at 1288 x 964 resolution”, but in the methods section they say "The
image inputs of ADPT were resized to a size that can be trained on the computer. For mouse
images, it was reduced to half of the original size." Were different image sizes used for
training and validation? Or Did ADPT not use 1288 x 964 resolution images as input which
would obviously have major implications for the speed comparison? Similarly, for the
individual ID experiments, the authors say "In this experiment, we used videos featuring
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different identified mice, allocating 80% of the data for model training and the remaining
20% for accuracy validation." Were frames from each video randomly assigned to the
training or validation sets? Frames from the same video are very correlated (two frames
could be just 1/30th of a second different from each other), and so if training and validation
frames are interspersed with each other validation performance doesn't indicate much about
performance on more realistic use cases (i.e. using models trained during the first part of an
experiment to maintain ids throughout the rest of it.)

Editors' note: None of the original reviewers responded to our request to re-review the
manuscript. The attached assessment statement is the editor's best attempt at assessing the
extent to which the authors addressed the outstanding concerns from the previous round of
revisions.

https://doi.org/10.7554/eLife.95709.2.sa1

Author response:

The following is the authors’ response to the original reviews.

elife Assessment

This study introduces a useful deep learning-based algorithm that tracks animal
postures with reduced drift by incorporating transformers for more robust keypoint
detection. The efficacy of this new algorithm for single-animal pose estimation was
demonstrated through comparisons with two popular algorithms. However, the analysis
is incomplete and would benefit from comparisons with other state-of-the-art methods
and consideration of multi-animal tracking.

First, we would like to express our gratitude to the eLife editors and reviewers for their
thorough evaluation of our manuscript. ADPT aims to improve the accuracy of body point
detection and tracking in animal behavior, facilitating more refined behavioral analyses. The
insights provided by the reviewers have greatly enhanced the quality of our work, and we
have addressed their comments point-by-point.

In this revision, we have included additional quantitative comparisons of multi-animal
tracking capabilities between ADPT and other state-of-the-art methods. Specifically, we have
added evaluations involving homecage social mice and marmosets to comprehensively
showcase ADPT’s advantages from various perspectives. This additional analysis will help
readers better understand how ADPT effectively overcomes point drift and expands its
applicability in the field.

Reviewer #1:

In this paper, the authors introduce a new deep learning-based algorithm for tracking
animal poses, especially in minimizing drift effects. The algorithm's performance was
validated by comparing it with two other popular algorithms, DeepLabCut and LEAP.The
accessibility of this tool for biological research is not clearly addressed, despite its
potential usefulness. Researchers in biology often have limited expertise in deep learning
training, deployment, and prediction. A detailed, step-by-step user guide is crucial,
especially for applications in biological studies.

We appreciate the reviewers' acknowledgment of our work. While ADPT demonstrates
superior performance compared to DeepLabCut and SLEAP, we recognize that the absence of
a user-friendly interface may hinder its broader application, particularly for users with a
background solely in biology. In this revision, we have enhanced the command-line version
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of the user tutorial to provide a clear, step-by-step guide. Additionally, we have developed a
simple graphical user interface (GUI) to further support users who may not have expertise in
deep learning, thereby making ADPT more accessible for biological research.

The proposed algorithm focuses on tracking and is compared with DLC and LEAP, which
are more adept at detection rather than tracking.

In the field of animal pose estimation, the distinction between detection and tracking is often
blurred. For instance, the title of the paper "SLEAP: A deep learning system for multi-animal
pose tracking" refers to "tracking," while "detection" is characterized as "pose estimation" in
the body text. Similarly, "Multi-animal pose estimation, identification, and tracking with
DeepLabCut" uses "tracking" in the title, yet "detection" is also mentioned in the pose
estimation section. We acknowledge that referencing these articles may have contributed to
potential confusion.

To address this, we have clarified the distinction between "tracking" and "detection" Results
section under " Anti-drift pose tracker." (see lines 118-119). In this paper, we now explicitly
use “track” to refer to the tracking of all body points or poses of an individual, and “detect”
for specific keypoints.

Reviewer #1 recommendations:

(1) DLC and LEAP are mainly good in detection, not tracking. The authors should
compare their ADPT algorithm with idtracker.ai, ByteTrack, and other advanced tracking
algorithms, including recent track-anything algorithms.

(2) DeepPoseKit is outdated and no longer maintained; a comparison with the T-REX
algorithm would be more appropriate.

We appreciate the reviewer's suggestion for a more comprehensive comparison and
acknowledge the importance of including these advanced tracking algorithms. However, we
have not yet found suitable publicly available datasets for such comparative testing. We
appreciate this insight and will consider incorporating T-REX into future comparisons.

(3) The authors primarily compared their performance using custom data. A systematic
comparison with published data, such as the dataset reported in the paper "Multi-animal
pose estimation, identification, and tracking with DeepLabCut," is necessary. A detailed
comparison of the performances between ADPT and DLC is required.

In the previous version of our manuscript, we included the SLEAP single-fly public dataset
and the OMS_dataset from OpenMonkeyStudio for performance comparisons. We recognize
that these datasets were not comprehensive. In this revision, we have added the marmoset
dataset from "Multi-animal pose estimation, identification, and tracking with DeepLabCut"
and a customized homecage social mice dataset to enhance our comparative analysis of
multi-animal pose estimation performance. Our comprehensive comparison reveals that
ADPT outperforms both DLC and SLEAP, as discussed in the Results section under "ADPT can
be adapted for end-to-end pose estimation and identification of freely social animals.".
(Figure 1, see lines 303-332)

(4) Given the focus on biological studies, an easy-to-use interface and introduction are
essential.

In this revision, we have not only developed a GUI for ADPT but also included a more detailed
tutorial. This can be accessed at https://github.com/tangguoling/ADPT-TOOLBOX
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Reviewer #2:

The authors present a new model for animal pose estimation. The core feature they
highlight is the model's stability compared to existing models in terms of keypoint drift.
The authors test this model across a range of new and existing datasets. The authors
also test the model with two mice in the same arena. For the single animal datasets the
authors show a decrease in sudden jumps in keypoint detection and the number of
undetected keypoints compared with DeepLabCut and SLEAP. Overall average accuracy,
as measured by root mean squared error, generally shows similar but sometimes
superior performance to DeepLabCut and better performance compared to SLEAP. The
authors confusingly don't quantify the performance of pose estimation in the multi (two)
animal case instead focusing on detecting individual identity. This multi-animal model is
not compared with the model performance of the multi-animal mode of DeepLabCut or
SLEAP.

We appreciate the reviewer's thoughtful assessment of our manuscript. Our study focuses on
addressing the issue of keypoint drift prevalent in animal pose estimation methods like
DeepLabCut and SLEAP. During the model design process, we discovered that the structure of
our model also enhances performance in identifying multiple animals. Consequently, we
included some results related to multi-animal identity recognition in our manuscript.

In recent developments, we are working to broaden the applicability of ADPT for multi-
animal pose estimation and identity recognition. Given that our manuscript emphasizes pose
estimation, we have added a comparison of anti-drift performance in multi-animal scenarios
in this revision. This quantifies ADPT's capability to mitigate drift in multi-animal pose
estimation.

Using our custom Homecage social mice dataset, we compared ADPT with DeepLabCut and
SLEAP. The results indicate that ADPT achieves more accurate anti-drift pose estimation for
two mice, with superior keypoint detection accuracy. Furthermore, we also evaluated pose
estimation accuracy on the publicly available marmoset dataset, where ADPT outperformed
both DeepLabCut and SLEAP. These findings are discussed in the Results section under "ADPT
can be adapted for end-to-end pose estimation and identification of freely social animals."

The first is a tendency to make unsubstantiated claims that suggest either model
performance that is untested or misrepresents the presented data, or suggest excessively
large gaps in current SOTA capabilities. One obvious example is in the abstract when the
authors state ADPT "significantly outperforms the existing deep-learning methods, such
as DeeplLabCut, SLEAP, and DeepPoseKit." All tests in the rest of the paper, however, only
discuss performance with DeepLabCut and SLEAP, not DeepPoseKit. At this point, there
are many animal pose estimation models so it's fine they didn't compare against
DeepPoseKit, but they shouldn't act like they did.

We appreciate the reviewer's feedback regarding unsubstantiated claims in our manuscript.
Upon careful review, we acknowledge that our previous revisions inadvertently included
statements that may misrepresent our model's performance. In particular, we have revised
the abstract to eliminate the mention of DeepPoseKit, as our comparisons focused exclusively
on DeepLabCut and SLEAP.

In addition to this correction, we have thoroughly reviewed the entire manuscript to address
other instances of ambiguity and ensure that our claims are well-supported by the data
presented. Thank you for bringing this to our attention; we are committed to maintaining the
integrity of our claims throughout the paper.
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In terms of making claims that seem to stretch the gaps in the current state of the field,
the paper makes some seemingly odd and uncited statements like "Concerns about the
safety of deep learning have largely limited the application of deep learning-based tools
in behavioral analysis and slowed down the development of ethology" and "So far, deep
learning pose estimation has not achieved the reliability of classical kinematic gait
analysis" without specifying which classical gait analysis is being referred to. Certainly,
existing tools like DeepLabCut and SLEAP are already widely cited and used for research.

In this revision, we have carefully reviewed the entire manuscript and addressed the
instances of seemingly odd and unsubstantiated claims. Specifically, we have revised the
statements "largely limited" to "limited" to ensure accuracy and clarity. Additionally, we
thoroughly reviewed the citation list to ensure proper attribution, incorporating references
such as "A deep learning-based toolbox for Automated Limb Motion Analysis (ALMA) in
murine models of neurological disorders” to better substantiate our claims and provide a
clearer context.

We have also added an additional section to comprehensively discuss the applications of
widely-used tools like DeepLabCut and SLEAP in behavioral research. This new section
elaborates on the challenges and limitations researchers encounter when applying these
methods, highlighting both their significant contributions and the areas where improvements
are still needed.

The other main weakness in the paper is the validation of the multi-animal pose
estimation. The core point of the paper is pose estimation and anti-drift performance
and yet there is no validation of either of these things relating to multi-animal video. All
that is quantified is the ability to track individual identity with a relatively limited dataset
of 10 mice IDs with only two in the same arena (and see note about train and validation
splits below). While individual tracking is an important task, that literature is not
engaged with (i.e. papers like Walter and Couzin, elLife, 2021: https://doi.org/10.7554
/elife.64000) and the results in this paper aren't novel compared to that field's state of
the art. On the other hand, while multi-animal pose estimation is also an important
problem the paper doesn't engage with those results either. The two methods already
used for comparison in the paper, SLEAP and DeepPoseKit, already have multi-animal
models and multi-animal annotated datasets but none of that is tested or engaged with
in the paper. The paper notes many existing approaches are two-step methods, but, for
practitioners, the difference is not enough to warrant a lack of comparison.

We appreciate the reviewer's insights regarding the validation of multi-animal pose
estimation in our paper. While our primary focus has been on pose estimation and anti-drift
performance, we recognize the importance of validating these aspects within the context of
multi-animal videos.

In this revision, we have included a comparison of ADPT's anti-drift performance in multi-
animal pose estimation, utilizing our custom Homecage social mouse dataset (Figure 1A). Our
findings indicate that ADPT achieves more accurate pose estimation for two mice while
significantly reducing keypoint drift, outperforming both DeepLabCut and SLEAP. (see lines
311-322). We trained each model three times, and this figure presents the results from one of
those training sessions. We calculated the average RMSE between predictions and manual
labels, demonstrating that ADPT achieved an average RMSE of 15.8 + 0.59 pixels, while
DeepLabCut (DLC) and SLEAP recorded RMSEs of 113.19 + 42.75 pixels and 94.76 + 1.95 pixels,
respectively (Figure 1C). ADPT achieved an accuracy of 6.35 + 0.14 pixels based on the DLC
evaluation metric across all body parts of the mice, while DLC reached 7.49 + 0.2 pixels
(Figure 1D). ADPT achieved 8.33 + 0.19 pixels using the SLEAP evaluation Metric across all
body parts of the mice, compared to SLEAP’s 9.82 + 0.57 pixels (Figure 1E).
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Furthermore, we have conducted pose estimation accuracy evaluations on the publicly
available marmoset dataset from DeepLabCut, where ADPT also demonstrated superior
performance compared to DeepLabCut and SLEAP. These results can be found in the "ADPT
can be adapted for end-to-end pose estimation and identification of freely social animals"
section of the Results. (see lines 323-329)

We acknowledge the existing literature on multi-animal tracking, such as the work by Walter
and Couzin (2021). While individual tracking is crucial, our primary focus lies in the effective
tracking of animal poses and minimizing drift during this process. This dual emphasis on
pose tracking and anti-drift performance distinguishes our work and aligns with ongoing
advancements in the field. Engaging with relevant literature, highlights the importance of
contextualizing our results within the broader tracking literature, demonstrating that while
our findings may overlap with existing methods, the unique focus on improving tracking
stability and reducing drift presents valuable contributions to the field. Thank you for your
valuable feedback, which has helped us improve the robustness of our manuscript.

The authors state that "The evaluation of our social tracking capability was performed by
visualizing the predicted video data (see supplement Videos 3 and 4)." While the authors
report success maintaining mouse ID, when one actually watches the key points in the
video of the two mice (only a single minute was used for validation) the pose estimation
is relatively poor with tails rarely being detected and many pose issues when the mice get
close to each other.

We acknowledge that there are indeed challenges in pose estimation, particularly when the
two mice get close to each other, leading to tracking failures and infrequent detection of tails
in the predicted videos. The reasons for these issues can be summarized as follows:

Lack of Training Data from Real Social Scenarios: The training data used for the social
tracking assessment were primarily derived from the Mix-up Social Animal Dataset, which
does not fully capture the complexities of real social interactions. In future work, we plan to
incorporate a blend of real social data and the Mix-up data for model training. Specifically,
we aim to annotate images where two animals are in close proximity or interacting to
enhance the model's understanding of genuine social behaviors.

Challenges in Tail Tracking in Social Contexts: Tracking the tails of mice in social situations
remains a significant challenge. To validate this, we have added an assessment of tracking
performance in real social settings using homecage data. Our findings indicate that using
annotated data from real environments significantly improves tail tracking accuracy, as
demonstrated in the supplementary video.

We appreciate your feedback, which highlights critical areas for improvement in our model.

Finally, particularly in the methods section, there were a number of places where what
was actually done wasn't clear.

We have carefully reviewed and revised the corresponding parts to clarify the previously
incomprehensible statements. Thank you for your valuable feedback, which has helped
enhance the clarity of our methods.

For example in describing the network architecture, the authors say "Subsequently,
network separately process these features in three branches, compute features at scale
of one-fourth, one-eight and one-sixteenth, and generate one-eight scale features using
convolution layer or deconvolution layer." Does only the one-eight branch have
deconvolution or do the other branches also?
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We apologize for the confusion this has caused. Upon reviewing our manuscript, we
identified an error in the diagram. In the revised version, we have clarified that the model
samples feature maps at multiple resolutions and ultimately integrates them at the 1/8
resolution for feature fusion. Specifically, the 1/4 feature map from ResNet50's stack 2 is
processed through max-pooling and convolution to generate a 1/8 feature map. Additionally,
the 1/4 feature map from ResNet50's stack 2 is also transformed into a 1/8 feature map using a
convolution operation with a stride of 2. Finally, both the input and output of the transformer
are at the 1/16 resolution, which can be trained on a 2080Ti GPU. The 1/16 feature map is then
upsampled to produce the final 1/8 feature map. We have updated the manuscript to reflect
these changes, and we also modified the model architecture diagram for better clarity.

Similarly, for the speed test, the authors say "Here we evaluate the inference speed of
ADPT. We compared it with DeepLabCut and SLEAP on mouse videos at 1288 x 964
resolution”, but in the methods section they say "The image inputs of ADPT were resized
to a size that can be trained on the computer. For mouse images, it was reduced to half
of the original size." Were different image sizes used for training and validation? Or Did
ADPT not use 1288 x 964 resolution images as input which would obviously have major
implications for the speed comparison?

For our inference speed evaluation, all models, including ADPT, used images with a
resolution of 1288 x 964. In ADPT's processing pipeline, the first layer is a resizing layer
designed to compress the images to a scale determined by the global scale parameter. For the
mouse images, we set the global scale to 0.5, allowing our GPU to handle the data at that
resolution during transformer training.

We recorded the time taken by ADPT to process the entire 15-minute mouse video, which
included the time taken for the resizing operation, and subsequently calculated the frames
per second (FPS). We have clarified this process in the manuscript, particularly in the
"Network Architecture” section, where we specify: "Initially, ADPT will resize the images to
a390 scale (a hyperparameter, consistent with the global scale in the DLC configuration)."

Similarly, for the individual ID experiments, the authors say "In this experiment, we used
videos featuring different identified mice, allocating 80% of the data for model training
and the remaining 20% for accuracy validation." Were frames from each video randomly
assigned to the training or validation sets? Frames from the same video are very
correlated (two frames could be just 1/30th of a second different from each other), and
so if training and validation frames are interspersed with each other validation
performance doesn't indicate much about performance on more realistic use cases (i.e.
using models trained during the first part of an experiment to maintain ids throughout
the rest of it.)

In our study, we actually utilized the first 80% of frames from each video for model training
and the remaining 20% for testing the model's ID tracking accuracy. We have revised the
relevant description in the manuscript to clarify this process. The updated description can be
found in the "Datasets" section under "Mouse Videos of Different Individuals."

https://doi.org/10.7554/eLife.95709.2.sa0
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