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Abstract

Video-based human pose estimation has long been a funda-
mental yet challenging problem in computer vision. Previ-
ous studies focus on spatio-temporal modeling through the
enhancement of architecture design and optimization strate-
gies. However, they overlook the causal relationships in the
joints, leading to models that may be overly tailored and
thus estimate poorly to challenging scenes. Therefore, ad-
equate causal reasoning capability, coupled with good in-
terpretability of model, are both indispensable and prereq-
uisite for achieving reliable results. In this paper, we pio-
neer a causal perspective on pose estimation and introduce
a causal-inspired multitask learning framework, consisting of
two stages. In the first stage, we try to endow the model with
causal spatio-temporal modeling ability by introducing two
self-supervision auxiliary tasks. Specifically, these auxiliary
tasks enable the network to infer challenging keypoints based
on observed keypoint information, thereby imbuing causal
reasoning capabilities into the model and making it robust to
challenging scenes. In the second stage, we argue that not all
feature tokens contribute equally to pose estimation. Priori-
tizing causal (keypoint-relevant) tokens is crucial to achieve
reliable results, which could improve the interpretability of
the model. To this end, we propose a Token Causal Impor-
tance Selection module to identify the causal tokens and non-
causal tokens (e.g., background and objects). Additionally,
non-causal tokens could provide potentially beneficial cues
but may be redundant. We further introduce a non-causal to-
kens clustering module to merge the similar non-causal to-
kens. Extensive experiments show that our method outper-
forms state-of-the-art methods on three large-scale bench-
mark datasets.

Introduction
Estimating human poses from videos is a fundamental topic
in artificial intelligence, which aims to identify and localize
anatomical keypoints on the human body. In recent years,
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this task has garnered an increasing interest from researchers
and industry, accelerating advances in human-centric appli-
cations in diverse scenes such as action recognition (Yang
et al. 2023), motion prediction (Su et al. 2021) and motion
transfer (Liu et al. 2022b; Wu et al. 2024b).

With the continual breakthroughs of deep learning algo-
rithms and models (Yao, Li, and Xiao 2024; Hu et al. 2024b),
AI has achieved success in various fields (Shuai et al. 2023;
Chen et al. 2024c; Guan et al. 2024b). For pose estima-
tion, one line of work focuses on designing different net-
work structures. (Artacho and Savakis 2020) adopts CNNs
and LSTM to extract the intrinsic motion dynamic of per-
sons. (Feng et al. 2023) proposes feature difference method
to capture spatio-temporal dependencies in videos. Another
line of work introduces specific loss functions to supervise
the network. (Liu et al. 2022a; Feng et al. 2023) propose
a mutual information objective to align the features of se-
quences and obtain an informative representation.

Though promising, there are a few clouds on the hori-
zon for video-based pose estimation. 1) Robustness. Over-
tailored network structures (Tang et al. 2024; Xu et al. 2024)
and the lack of causal perceptual capabilities compromise
the robustness of models (Zhang, Ji, and Liu 2023). Chal-
lenging scenes such as pose occlusion and video defocus
often appear in videos, where the model fails to accurately
estimate the human poses. For instance, when multiple peo-
ple play football, the legs of the persons in the video oc-
clude each other. Existing methods primarily concentrate on
the occluded parts and attempt to identify the positions of
the occluded keypoints. However, they usually sacrifice an
explicit understanding of observed (non-entangled region)
visual cues. In other words, they lack an ability to causal
reasoning, utilizing observed variables to speculate about
unknown (entangled region) variables. 2) Interpretability.
For pose estimation tasks, each frame is a mixture of causal
(keypoint-relevant) and non-causal (e.g., background, ob-
jects) factors (Liu et al. 2024). Obviously, the contribution
of causal factors is much greater than that of non-causal fac-
tors. Existing methods struggle to capture the causal features
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that are crucial for identifying the human pose, which de-
prives the network of model interpretability.

In this work, adopting a causal look at pose estimation,
we present a Causal-inspired Multitask learning Pose es-
timation framework (CM-Pose) in a two-stage process. In
the first stage, we aim to foster the network with causal rea-
soning ability, enabling it to infer the locations of challeng-
ing (occluded or blurred) keypoints based on the observed
keypoint information. Specifically, we present a novel mul-
titask learning framework, which introduces different auxil-
iary tasks on top of the primary pose estimation task. Central
to the idea of auxiliary tasks is to randomly corrupt partial
feature tokens and then recover them utilizing normal tokens
based on the causal spatio-temporal modeling capability of
network. Our framework complements existing pose estima-
tion approaches by emphasizing an effective multitask learn-
ing paradigm in a causal view.

Technically, for the challenging scenes of pose occlusion
and video defocus, we propose two self-supervision auxil-
iary tasks: a masked token reconstruction task and a denois-
ing token task. The masked token reconstruction task ran-
domly masks the feature tokens, with the objective of recon-
structing the masked tokens. This task simulates the pose oc-
clusion scene where some keypoints are occluded. Similarly,
the token denoising task randomly adds Gaussian noise to
the feature tokens, with the goal of recovering the corrupted
tokens. The task aims to simulate the video defocus scenario
where some areas of the image become blurred. Compared
with the existing masked/denoising learning paradigms, they
always deal with data types such as images (He et al. 2022)
and motion sequences (Xu et al. 2023). To the best of our
knowledge, we are the first work to propose masked/denois-
ing tokens reconstruction learning to promote the primary
pose estimation task. To better cultivate the spatio-temporal
causal reasoning ability of multitask network, we introduce
a simple yet effective network, a criss-cross spatio-temporal
attention network. These tasks share the same network, and
the auxiliary tasks are only employed during the training
process, incurring no additional computational costs.

In the second stage, we inject interpretability into our
model. Not all feature tokens contribute equally to pose es-
timation. We argue that revealing “which features of images
is important for keypoint position” is the key to accurately
and reliably estimate human poses. Specifically, we propose
a Token Causal Importance Selection module and a Non-
causal Tokens Clustering module. Firstly, given coarse to-
kens from multitask coarse learning, the token causal im-
portance selection module differentiates these tokens into
causal (keypoint region) and non-causal (background or ob-
jects) tokens based on keypoint tokens attention. While non-
causal tokens are not directly related to human pose, they
could supply the potential clues and improve the expressiv-
ity of the model (Long et al. 2023). Therefore, it is inappro-
priate to directly discard non-causal tokens. However, non-
causal tokens may contain redundant information, such as
multiple background tokens with the same semantics. To this
end, the non-causal tokens clustering module applies a den-
sity peaks clustering algorithm based on k nearest neighbor
to effectively cluster similar non-causal tokens and merge

these tokens from the same group into a new token. Finally,
causal tokens and merged non-causal tokens are aggregated
to informative tokens, which are fed into a pose detection
head to estimate the human pose. We believe that these in-
sights will open avenues for future research on video-based
human pose estimation.

Contributions. The key contributions of this work are
summarized as follows:

• In this paper, we investigate the video-based pose esti-
mation task from a causal perspective, aiming to inject
good robustness and interpretability into our model in
challenging scenes.

• We propose a causal-inspired multitask learning frame-
work that enables the model to perform causal spatio-
temporal modeling on challenging scenes. We further in-
troduce a token causal importance selection module and
a non-causal token clustering module to identify causal
features and compact (less redundancy) non-causal fea-
tures, which improves the interpretability of the model.

• Our method achieves state-of-the-art performance on
three benchmark datasets, i.e., PoseTrack2017, Pose-
Track2018, PoseTrack2021.

Related Works
Vision Transformer on Image-based Pose Estimation. Vi-
sion transformer (ViT) (Dosovitskiy et al. 2020) provides
an alternative to CNN-based methods for various visual
tasks (Tang et al. 2023; Chen et al. 2023, 2024a). (Li et al.
2021) proposes Tokenpose, which first utilizes CNN to ex-
tract feature maps and then employs ViT to estimate the hu-
man pose in images. (Xu et al. 2022) first proposes to use
ViT model without CNN to perform image-level pose esti-
mation. Image-based pose estimation methods have gained
perfect performance. However, they are not suitable for
video-based pose estimation tasks because they focus only
on intra-frame spatial relationships and ignore the abundant
inter-frame temporal dependencies.

Video-Based Human Pose Estimation. Existing meth-
ods (Jin, Lee, and Lee 2022; Jiao et al. 2022; Wu et al.
2024a) resort to different frameworks or loss functions to
model spatio-temporal dependencies of videos. (Song et al.
2017) employ dense optical flow between frames to polish
the pose of keyframe. (Feng et al. 2023) introduces feature
difference to capture spatial features and temporal dynam-
ics. In addition to designing various network structures, (Liu
et al. 2022a) proposes a mutual information loss function to
supervise the network. In general, the performance of pose
estimation is heavily dependent on the dedicated networks
or loss functions. In contrast, we adopt a new training strat-
egy that efficiently trains the network by leveraging causal-
inspired multitask learning framework.

Auxiliary Task Learning. Auxiliary task learning is a
novel learning paradigm that aims to simulate challenging
scenes to make network more robust, imbuing the network
with robust information. Auxiliary task learning has demon-
strated extraordinary results in various tasks, such as video
captioning (Gao et al. 2021) and motion prediction (Xu et al.
2023). To the best of our knowledge, auxiliary task learning

2053



Figure 1: Overall pipeline of our CM-Pose framework. The goal is to identify the pose of keyframe It. CM-Pose includes two
key components: Multitask Coarse Learning (MCL) and Fine Token Enhancement (FTE). (a) The MCL module consists of
three tasks: the primary pose estimation task (middle branch), the masked token reconstruction task (upper branch), and the
denoising token task (lower branch). To model the causal spatio-temporal dependencies for these tasks, we design a simple
yet effective multitask learning network, a criss-cross spatio-temporal attention network. (b) The FTE module first performs
temporal fusion on the coarse tokens. We then decouple the causal and non-causal tokens according to keypoint tokens attention.
We further cluster non-causal tokens and merge the tokens from the same group into a new token. Finally, we concatenate the
causal tokens and the merged non-causal tokens to estimate the pose Ht through a detection head.

has not been attempted in pose estimation. In this paper, we
propose CM-Pose, which explores the potential of auxiliary
task learning in video-based human pose estimation.

Method
Problem Formulation
Given a video sequence, the video-based human pose es-
timation task aims to identify the pose of all person in
every frame. Technically, we first utilize an object detec-
tor (Qiao, Chen, and Yuille 2021) to obtain the bounding
boxes of each person in video frames. To crop the same
person in the video sequence, we then enlarge all bound-
ing boxes by 25% and obtain the video clip of person i, i.e.,
Ii
t = {Iit−ω, ..., I

i
t , ..., I

i
t+ω} (where ω being a predefined

time span) centered on the keyframe Iit . We are interested in
modeling the spatio-temporal dependencies in Ii

t to estimate
the pose in Iit . To facilitate representation and understand-
ing, we set ω = 1 and omit the superscript i.

Method Overview
As shown in Figure 1, the proposed method CM-Pose
comprises two key components: Multitask Coarse Learn-
ing (MCL) and Fine Token Enhancement (FTE). (1) We
take a causal view to propose MCL, which learns the pri-
mary pose estimation task along with extra-designed auxil-
iary tasks. MCL enable the network to have more compre-
hensive causal spatio-temporal modeling capabilities and be

robust to challenging scenes. (2) The FTE module catego-
rizes the coarse tokens (generated from primary task in the
MCL) into causal and non-causal tokens based on keypoint
token attention scores(Guan et al. 2024a), injecting good in-
terpretability into the model. In order to reduce the informa-
tion redundancy of non-causal tokens, we cluster and merge
similar non-causal tokens. Finally, we concatenate the causal
tokens and the merged non-causal tokens to jointly infer hu-
man pose. In the following, we introduce the two compo-
nents in detail.

Multitask Coarse Learning
The key to accurately estimating pose is to model the spa-
tial and temporal dependencies of joints based on feature
tokens. Existing methods focus on spatio-temporal model-
ing through the enhancement of architecture design or op-
timization strategies. However, they ignore the causal cor-
relation in the feature tokens, resulting in models that may
be overly tailored and thus estimate poorly to challenging
scenes. We consider a novel and interesting research line, a
causal-inspired multitask learning framework, that imposes
the network to capture more comprehensive causal spatio-
temporal dependencies by introducing extra-designed aux-
iliary tasks. There are three important steps: feature extrac-
tion, auxiliary tasks, and multitask learning network.

Feature Extraction. Given a frame sequence It =
{It−1, It, It+1}, we first utilize a backbone network (Doso-
vitskiy et al. 2020) to generate the initial feature tokens
{Ft−1, Ft, Ft+1}. We then concatenate them to obtain Fv =
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Ft−1 ⊕ Ft ⊕ Ft+1, Fv ∈ R3N×D, where ⊕ represents the
concatenate operation, N denotes the number of tokens in
a frame and D is the dimension of hidden embedding. Be-
sides, following (Li et al. 2021), we also introduce K addi-
tional learnable keypoint tokens Fk ∈ RK×D to represent
K keypoints.

Auxiliary Tasks. To enable the network to perform robust
pose estimation in challenging scenes (i.e., pose occlusion
and video defocus), we propose two auxiliary tasks, respec-
tively: masked token reconstruction task and denoising to-
ken task. Specifically, given initial tokens Fv , in the masked
token reconstruction task, each token of Fv is masked to
zero value with a probability ptm (i.e., 3 · N · ptm tokens
are masked), obtaining masked tokens Fm

v . Similarly, in the
denoising token task, each token of Fv has a probability ptn
of being added with a Gaussian noise (i.e., 3 ·N · ptn tokens
are added noise). We can obtain the tokens with noise Fn

v .
The auxiliary task requires the network to reconstruct cor-
rupted tokens by utilizing the limited semantic context avail-
able from normal tokens, which cultivates the causal spatio-
temporal modeling ability of network and perform better to
challenging scenes. It is worth noting that introducing addi-
tional auxiliary tasks in the learning framework, which share
the multitask learning network with primary task, does not
increase the model size. During inference, we remove the
auxiliary tasks. Besides, the flag of the masked tokens is for-
mulated as:

Mm(i) =

{
0, if token i is masked,
1, otherwise.

(1)

Similarly, the flag of token denoising task is Mn, which
helps in auxiliary tasks to supervise the network training uti-
lizing reconstruction losses. Mathematically, assuming the
masked token set Mm = {i|Mm(i) = 0} and the noised
token set Mn = {i|Mn(i) = 0}, the loss functions of two
auxiliary tasks are formulated as:

Lmask =
1

|Mm|
∑

i∈Mm

∥∥∥F ′m
v,i −Fv,i

∥∥∥2
2
, (2)

Ldenoise =
1

|Mn|
∑

i∈Mn

∥∥∥F ′n
v,i −Fv,i

∥∥∥2
2
, (3)

where F ′m
v , F ′n

v , Fv denote the reconstructed masked to-
kens, denoising tokens, and the initial tokens, respectively.

Multitask Learning Network. To more effectively
model causal spatio-temporal dependencies between joints
based on feature tokens, a naive method is to feed the fea-
ture tokens into a self-attention module (Chen et al. 2024b).
However, there is a natural spatial association between ad-
jacent joints in a human pose, but the temporal trajectory
of each joint is independent (He and Yang 2024). This in-
dicates the importance of decoupling the spatial and tem-
poral dependencies between joints. Motivated by the obser-
vation and insight, we propose a simple but efficient multi-
task learning network: a criss-cross spatio-temporal atten-
tion network, including a spatio-temporal pathway and a
temporal-spatio pathway. The primary task and auxiliary
tasks share this network, where the auxiliary tasks promote

the network to infer unknown tokens based on normal to-
kens, giving the network causal spatio-temporal modeling
capabilities. Concretely, the input of these tasks can be ob-
tained by:

Xv = Fv ⊕Fk, X
m
v = Fm

v ⊕Fk, X
n
v = Fn

v ⊕Fk, (4)

where ⊕ denotes the concatenate operation, Xv, X
m
v , and

Xn
v are the input tokens of three tasks. Fv , Fm

v , Fn
v and Fk

represent the initial feature tokens, masked tokens, noised
tokens, and the keypoint tokens, respectively. The output of
multitask learning network is formulated as:

{F
′

v;F
′

k} = DT (DS(Xv))⊕DS(DT (Xv)), (5)

{F
′m
v ;F

′m
k } = DT (DS(X

m
v ))⊕DS(DT (X

m
v )), (6)

{F
′n
v ;F

′n
k } = DT (DS(X

n
v ))⊕DS(DT (X

n
v )), (7)

where DT and DS represent the temporal and spatial self-
attention module, respectively. F ′

v , F ′m
v , and F ′n

v denotes
the refined coarse tokens, the reconstructed masked tokens,
and the denoising tokens, respectively. F ′

k, F ′m
k , and F ′n

k
represent the corresponding learned keypoint tokens.

Fine Token Enhancement
In human pose estimation tasks, causal feature tokens are
more valuable than the non-causal tokens (such as back-
ground, objects, etc.). An intuitive approach is to utilize the
causal tokens and discard the other tokens to estimate the
human pose. However, motivated by the observation and in-
sight in (Xiao et al. 2020; Long et al. 2023), image back-
ground could improve the accuracy of vision task due to
their potential and implicit relations to the human.

Tokens Causal Importance Selection. To prioritize the
causal tokens for pose estimation, we propose tokens causal
importance selection module. We first employ a temporal fu-
sion layer to aggregate the multi-frame feature tokens F ′

v to
a tokens F̂v . To endow the interpretability of our method, we
decouple the tokens F̂v into two categories (i.e., the causal
and the non-causal tokens) by comparing the similarity with
the learned keypoint tokens F ′

k. Mathematically, we com-
pute the similarity score between the keypoint tokens and
all feature tokens as:

Si = Softmax(
Qi

kK
T
v√

D
), (8)

where Qi
k represents the query vector of the ith keypoint

token F ′i
k , Kv is the key matrix of feature tokens F̂v , D is

the latent dimension. For each keypoint token F ′i
k , we select

the top-n tokens as causal tokens for ith keypoint token ac-
cording to similarity scores Si. For K keypoint tokens, we
can obtain nK causal tokens F̂c

v and the remaining N −nK

tokens are set as non-causal tokens F̂nc
v .

Non-Causal Tokens Clustering. Although non-causal
tokens provide implicit and potential clues, several non-
causal tokens often correspond to the identical region (e.g.,
background, objects) and the semantic information may be
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redundant. To this end, we propose a non-causal tokens clus-
tering module, which cluster the non-causal tokens F̂nc

v and
then merge the tokens from the identical group into new to-
kens through importance weight. Specifically, we employ a
density peak clustering algorithm based on k-nearest neigh-
bor (DPC-KNN) (Zeng et al. 2022) to cluster feature tokens.
DPC-KNN follows two assumptions: (1) the density of the
cluster centers is higher than other samples around them and
(2) the distance between different cluster centers is far. This
derives two concepts: local density ρ and relative distance δ
for each non-causal token. Given non-causal tokens, ρ and δ
are formulated as:

ρi = exp

−1

k

∑
fj∈KNN(fi)

∥fi − fj∥22

 , (9)

δi =

{
minj:ρj>ρi

(∥fi − fj∥2) if ∃ j s.t. ρj > ρi
maxj(∥fi − fj∥2) otherwise

, (10)

where fi, fj ∈ F̂nc
v , and F̂nc

v represents the non-causal to-
kens. ρi, δi denote the local density and relative distance of
token fi, KNN(fi) denotes a set of k-nearest neighbors of
token fi. We consider two factors (i.e., ρi and δi) to deter-
mine the cluster center score of token fi as ρi × δi. We
choose the top-L tokens with the highest scores as cluster
centers, and then assign the remaining tokens to the cluster
center with the closest distance.

Each cluster may contain a different number of tokens,
and different tokens may have different importance. Inspired
by (Long et al. 2023), instead of mindlessly averaging the
tokens in the same group, we merge the tokens by a weighted
sum. Specifically, we introduce the keypoint token attention
to denote importance (Hu et al. 2024a), we merge the same
group of tokens into a new token as:

f̄i =
∑
j∈Ci

sjfj , (11)

where f̄i denotes the merged token from Ci, Ci denotes the
ith cluster, sj represents the importance score of token fj .
We concatenate all f̄i to get merged non-causal tokens F̂nc

v .
Heatmap Generation. Finally, we aggregate causal to-

kens F̂c
v and the merged non-causal tokens F̂nc

v to obtain a
fine feature tokens Fv as follows:

Fv = F̂c
v ⊕ F̂nc

v , (12)
where ⊕ represents the concatenate operation. Fv is then fed
into a detection head to obtain the pose heatmaps Ht.

Loss Functions
We use a heatmap loss to supervise the pose estimation:

LH = ∥Ht −Gt∥22 , (13)
where Ht and Gt denote the estimated heatmap and the
ground truth heatmap, respectively. For auxiliary task learn-
ing, we adopt the reconstruction loss Lmask in the Eq. 2
and Ldenoise in the Eq. 3 to supervise the multitask learn-
ing network, aiming to capture more causal spatio-temporal
modeling ability. The total loss is given by:

Ltotal = LH + λ(Lmask + Ldenoise), (14)
where λ is a weight hyper-parameter.

Experiments
Experimental Setup
Dataset. We evaluate the proposed CM-Pose for video-
based human pose estimation in three widely used datasets:
PoseTrack2017 (Iqbal, Milan, and Gall 2017), Pose-
Track2018 (Andriluka et al. 2018), and PoseTrack2021 (Do-
ering et al. 2022). PosTrack2017 includes 80,144 pose an-
notations and has two subsets, i.e., training (train) and val-
idation (val) with 250 videos and 50 videos (split accord-
ing to the official protocol), respectively. PoseTrack2018
largely increases the number of video clips and pose annota-
tions including 593 videos for training, 170 videos for vali-
dation, and the total number of pose annotations is 153,615.
PoseTrack2018 also introduces an additional flag character-
izing joint visibility. PoseTrack2021 further increases the
number of pose annotations for small or crowded persons,
including 177,164 labels. All three datasets identify 15 key-
points and the training set is densely labeled in the center
30 frames, while the validation set contains additional pose
annotations every 4 frames.

Implementation Details. We implement our method
CM-Pose for human pose estimation with Pytorch, which
is trained on 2 Nvidia Geforce RTX 4090 GPUs and ter-
minated with 20 epochs. We use Vision Transformer (ViT)
(Dosovitskiy et al. 2020), pre-trained on the COCO dataset,
as the backbone network. For data augmentation, we adopt
random scale with a factor of ±0.35, random rotation
[−45◦, 45◦], truncation, and flipping. We set the image size
as 256 × 192. The time span ω is set to 1. The number of
keypoint tokens K is 15. We use AdamW optimizer to train
the model with an initial learning rate of 2e − 4 (decays to
2e − 5, 2e − 6, 2e − 7 at the 5-th, 12-th, 18-th epochs, re-
spectively).

Evaluation Metric. As in previous works (Liu et al.
2022a), we use average precision (AP) to evaluate the per-
formance of our model. We calculate the AP for each key-
point and average them to get the final performance (mAP).

Comparison with State-of-the-art Methods
Results on the PoseTrack2017 Dataset. We evaluate our
method CM-Pose with existing 11 pose estimation meth-
ods, and the results are tabulated in Table 1. Compared to
previous methods, the proposed CM-Pose achieves a new
state-of-the-art performance of 87.5 mAP and delivers a
gain of 1.8 mAP over the best-performing previous work
TDMI (Feng et al. 2023). Specifically, we also observe that
the encouraging improvement for challenging joints (i.e.,
wrist, hip): with an mAP of 85.6 (↑ 3.0) for wrists and an
mAP of 88.6 (↑ 3.4) for hips. As would be expected, the
proposed auxiliary task learning (i.e., masked token recon-
struction task, denoising token task) helps the network to
infer challenging keypoints from known keypoints based on
spatio-temporal dependencies and causal reasoning ability,
which is especially important for challenging scenes such as
pose occlusion and video defocus.

Results on the PoseTrack2018 Dataset. We further eval-
uate our model on the PoseTrack2018 dataset. Table 2 re-
ports the empirical comparisons on validation set. We can
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Method Head Shoulder Elbow Wrist Hip Knee Ankle Mean
HRNet (Sun et al. 2019) 82.1 83.6 80.4 73.3 75.5 75.3 68.5 77.3
CorrTrack (Rafi, Leibe, and Gall 2020) 86.1 87.0 83.4 76.4 77.3 79.2 73.3 80.8
Dynamic-GNN (Yang et al. 2021) 88.4 88.4 82.0 74.5 79.1 78.3 73.1 81.1
PoseWarper (Bertasius et al. 2019) 81.4 88.3 83.9 78.0 82.4 80.5 73.6 81.2
DCPose (Liu et al. 2021) 88.0 88.7 84.1 78.4 83.0 81.4 74.2 82.8
SLT-Pose (Gai et al. 2023) 88.9 89.7 85.6 79.5 84.2 83.1 75.8 84.2
HANet (Jin et al. 2023) 90.0 90.0 85.0 78.8 83.1 82.1 77.1 84.2
M-HANet (Jin et al. 2024) 90.3 90.7 85.3 79.2 83.4 82.6 77.8 84.8
FAMI-Pose (Liu et al. 2022a) 89.6 90.1 86.3 80.0 84.6 83.4 77.0 84.8
DSTA (He and Yang 2024) 89.3 90.6 87.3 82.6 84.5 85.1 77.8 85.6
TDMI (Feng et al. 2023) 90.0 91.1 87.1 81.4 85.2 84.5 78.5 85.7
CM-Pose (Ours) 89.2 92.0 89.0 85.6 88.6 87.2 81.1 87.5

Table 1: Quantitative results on the PoseTrack2017 dataset.

Method Head Shoulder Elbow Wrist Hip Knee Ankle Mean
Dynamic-GNN (Yang et al. 2021) 80.6 84.5 80.6 74.4 75.0 76.7 71.8 77.9
PoseWarper (Bertasius et al. 2019) 79.9 86.3 82.4 77.5 79.8 78.8 73.2 79.7
DCPose (Liu et al. 2021) 84.0 86.6 82.7 78.0 80.4 79.3 73.8 80.9
SLT-Pose (Gai et al. 2023) 84.3 87.5 83.5 78.5 80.9 80.2 74.4 81.5
FAMI-Pose (Liu et al. 2022a) 85.5 87.7 84.2 79.2 81.4 81.1 74.9 82.2
HANet (Jin et al. 2023) 86.1 88.5 84.1 78.7 79.0 80.3 77.4 82.3
M-HANet (Jin et al. 2024) 86.7 88.9 84.6 79.2 79.7 81.3 78.7 82.7
DSTA (He and Yang 2024) 85.9 88.8 85.0 81.1 81.5 83.0 77.4 83.4
TDMI (Feng et al. 2023) 86.2 88.7 85.4 80.6 82.4 82.1 77.5 83.5
CM-Pose (Ours) 85.7 88.9 85.8 81.0 84.4 84.2 80.1 84.4

Table 2: Quantitative results on the PoseTrack2018 dataset.

Figure 2: The keyframe (a) and visual comparisons of results
obtained from FAMI (a), TDMI (b), and our CM-Pose (c)
on challenging scenes in the PoseTrack dataset. Inaccurate
predictions are highlighted with the red solid circles.

observe that our method one again surpasses the state-of-
the-art methods, reaching an mAP of 84.4, with an mAP of
84.4, 84.2, 80.1 for the hip, knee, and ankle joints.

Results on the PoseTrack2021 Dataset. We present our
results of PoseTrack2021 dataset in Table 3, comparing our
model with previous state-of-the-art methods. We see that
existing methods such as TDMI (Feng et al. 2023) and
DSTA (He and Yang 2024) have already reached an impres-
sive performance of 83.5 mAP. In contrast, the proposed
method CM-Pose achieves a 84.3 mAP. We also obtain an
88.9 (↑ 3.1) mAP for the head, 83.7 (↑ 1.3) mAP for the
knee, and 84.6 (↑ 1.1) mAP for hip joints.

Comparison of Visual Results. We further visualize
the results with challenging scenarios such as pose occlu-
sion and video defocus to examine the robustness of our
method. We illustrate in Figure 2 the side-by-side com-
parisons of state-of-the-art approaches a) FAMI (Liu et al.
2022a), b) TDMI (Feng et al. 2023) and c) our CM-Pose.
From the Figure 2, we see that our CM-Pose consistently
estimates more robust and accurate humanpose for challeng-
ing scenes. FAMI and TDMI design feature alignment or
difference to model spatio-temporal dependencies between
joints. Through the integration of auxiliary tasks, our CM-
Pose capture more comprehensive spatio-temporal depen-
dencies and grasp better causal reasoning capability. On the
other hand, by prioritizing causal tokens and integrating po-
tential information in non-causal tokens, CM-Pose have a
better interpretability for reliable pose estimation.

Ablation Study
We perform ablative analysis to examine the contribution of
each component in the proposed CM-Pose, including Multi-
task Coarse Learning (MCL) and Fine Token Enhancement
(FTE). We also investigate the effect of different ratio of cor-
rupted tokens (i.e., ptm and ptn). These experiments are per-
formed on the PoseTrack2017 validation dataset.

Study on Components of MCL. We explore the effec-
tiveness of the two auxiliary tasks in the MCL: masked token
reconstruction task (“Mask”) and denoising token task (“De-
noise”), and show the result in Table 4. “Primary” represents
the primary task. From the second, third, and fourth lines of
Table 4, we can see that introducing the masked token recon-
struction task and denoising token task alone could improve
the performance of pose estimation, proving the effective-
ness of these auxiliary tasks. Additionally, as shown in the
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Method Head Shoulder Elbow Wrist Hip Knee Ankle Mean
CorrTrack (Rafi, Leibe, and Gall 2020) - - - - - - - 72.3
CorrTrack* (Rafi, Leibe, and Gall 2020) - - - - - - - 72.7
DCPose (Liu et al. 2021) 83.2 84.7 82.3 78.1 80.3 79.2 73.5 80.5
FAMI-Pose (Liu et al. 2022a) 83.3 85.4 82.9 78.6 81.3 80.5 75.3 81.2
DSTA (He and Yang 2024) 87.5 87.0 84.2 81.4 82.3 82.5 77.7 83.5
TDMI (Feng et al. 2023) 85.8 87.5 85.1 81.2 83.5 82.4 77.9 83.5
CM-Pose (Ours) 88.9 88.3 84.4 81.9 84.6 83.7 78.8 84.3

Table 3: Quantitative results on the Posetrack2021 dataset. CorrTrack* denotes CorrTrack without ReID.

Primary Mask Denoise Mean Declines

✓ ✓ ✓ 87.5 -

✓ ✓ - 86.9 0.6 ( ↓)

✓ - ✓ 87.0 0.5 ( ↓)

✓ - - 85.6 1.9 ( ↓)

Table 4: Ablation study on auxiliary taks in MCL.

Ablation F̂c
v F̄ ir

v Mean Declines

CM-Pose ✓ ✓ 87.5 -

(a) ✓ - 85.4 2.1( ↓)

(b) - - 86.0 1.5 ( ↓)

Table 5: Ablation of different designs in FTE.

second and fifth line of Table 4, we also find that jointly
adopting two auxiliary tasks can further improve the pose
estimation performance.

Study on the Masked and Noise Ratios. We perform ex-
periments to explore the effectiveness of different masked
ratio ptm and noise ratio ptn. As shown in Fig. 3, we can
observe that if the masked ratio ptm and noise ratio ptn are
set too low or too high, both lead to poor performance. We
conjecture the possible reason is that the inappropriate ra-
tios make the auxiliary task unsuitable for model learning.
Furthermore, a moderate ratio makes the model work best,
where the appropriate range of masked ratio ptm is 0.4 to
0.5 and noise ratio ptn is 0.3 to 0.6.

Study on Components of FTE. We further verify the
impact of the fine token enhancement under different set-
ting and tabulated in Table 5. (a) For the first experiment
setting, we discard the non-causal tokens F̄nc

v and only uti-
lize causal tokens F̂c

v to estimate the human pose. The mAP
performance drops from 87.5 to 85.4. This results deterio-
ration on top of the non-causal tokens also include poten-
tially useful semantic information for pose estimation. (b)
For the next experiment setting, we remove the FTE mod-
ule from CM-Pose. It should be noted that after removing
FTE, the tokens from temporal fusion layer are fed to detec-
tion head. We see that the performance drops from 87.5 to
86.0 mAP. This indicates the importance of our FTE mod-
ule, which could pay more attention to causal tokens while
also understanding the potential contribution of non-causal
tokens to the pose estimation. Interestingly, the setting (b)
works better than (a), which also demonstrates the necessity
of retaining non-causal tokens.

Figure 3: Impact of different masked ratios and noise ratios
in training process on PoseTrack2017 validation set.

Conclusion
In this work, we explore the video-based human pose esti-
mation task from a causal perspective. We propose a novel
causal-inspired multitask learning framework, termed CM-
Pose, which to the best of our knowledge is the first to
leverage auxiliary tasks rather than elaborate network design
to grasp more causal spatio-temporal modeling ability. To
further identify the causal tokens and integrate non-causal
tokens, we present a Token Causal Importance Selection
module and a Non-Causal Tokens Clustering module. These
modules enhance the interpretability of our model and leads
to a more reliable pose estimation results. Empirical exper-
iments on three datasets show our method delivers state-of-
the-art performance and equips with higher robustness on
challenging scenes. In the future, we will try different aux-
iliary tasks for human pose estimation and extend our effort
to other tasks (Yao et al. 2024; Zhang et al. 2024).
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