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Abstract

Video-based human pose estimation has vast applications
such as action recognition, sports analytics, and crime detec-
tion. However, this task is challenging as it involves interpret-
ing both spatial context and temporal dynamics to accurately
localize human anatomical keypoints in video sequences.
Current approaches, often based on attention mechanisms,
perform well but struggle in challenging scenarios like rapid
motion and pose occlusion. We attribute these failures to two
fundamental limitations: spatial uniformity, where models in-
discriminately assign attention to both joint-relevant features
and background clutter, thereby introducing spatial noise; and
temporal rigidity, an inability to adapt to large joint displace-
ments, resulting in severe feature misalignment during rapid
motion. To overcome these challenges, we introduce PST-
Pose, a novel progressive spatiotemporal refinement frame-
work. Specifically, to address the spatial uniformity problem,
we propose a Discriminative Feature Enhancement (DFE)
module that emphasizes joint-relevant features and a Feature
Cluster Grouping (FCG) module that forms compact, seman-
tically meaningful regions. For the temporal rigidity problem,
we introduce a Deformable Spatiotemporal Fusion (DSF)
module that adaptively aligns features across consecutive
frames via deformation-aware sampling. This design ensures
robust keypoint localization, particularly in cluttered and dy-
namic scenes. Extensive experiments on three large-scale
benchmarks, PoseTrack2017, PoseTrack2018, PoseTrack21,
demonstrate that PSTPose establishes a new state-of-the-art.

Introduction

As a core component of human-centric vision understand-
ing systems (Liu et al. 2024, 2025), human pose estimation
aims to localize anatomical keypoints in images or videos.
This capability is essential for diverse applications ranging
from motion analysis (Tang et al. 2023; Xu et al. 2025) to
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motion generation (Liu et al. 2022b; Wu et al. 2024b). Con-
sequently, the critical role of human pose estimation in prac-
tical scenarios has spurred growing interest across both aca-
demic research and industrial development.

Driven by recent breakthroughs in deep learning tech-
niques (Tang et al. 2020, 2025; Fu et al. 2025), Al has
achieved impressive performance in many real-world sce-
narios (Yuan et al. 2025; Li et al. 2025a,b). For hu-
man pose estimation, early works predominantly focus on
image-level tasks. Andriluka et al. (Andriluka, Roth, and
Schiele 2012) utilize specific handcrafted features to es-
timate poses in images. Significant advancements in deep
learning (Krizhevsky, Sutskever, and Hinton 2012; Vaswani
et al. 2017) and the availability of large-scale datasets (Lin
et al. 2014; Andriluka et al. 2014) have greatly acceler-
ated image-based human pose estimation, leading to pow-
erful models based on convolutional networks (Xiao, Wu,
and Wei 2018), Transformers (Xu et al. 2023), and dif-
fusion models (Tan et al. 2024; Zhang et al. 2025b,a).
While these approaches achieve impressive performance on
static images, many real-world applications, such as action
recognition, sports analytics, and human—computer inter-
action (Herndndez et al. 2021), demand robust video-level
pose estimation. However, existing image-based methods
often struggle when applied to videos due to their inability
to model temporal dynamics, resulting in inconsistent and
inaccurate pose estimation across frames.

To this end, recent research has increasingly focused on
explicit spatiotemporal modeling for video-based human
pose estimation. Various approaches have emerged, from
methods that integrate motion cues via heatmap residu-
als (Bertasius et al. 2019; Liu et al. 2021), to more re-
cent techniques that employ information-theoretic objec-
tives (Liu et al. 2022a; Feng et al. 2023a) or decoupled at-
tention mechanisms (He and Yang 2024) to supervise spa-
tiotemporal feature learning. Despite these advances, we ar-
gue that prevailing methods are hampered by two funda-
mental limitations (Ye et al. 2025; Weiguang, Dong, and
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Figure 1: Comparison of conventional self-attention (a, b)
with our progressive refinement framework, PSTPose (c, d).
Conventional spatial attention is indiscriminate, leading to
spatial noise (spatial uniformity) (a), and temporal attention
fails to track large joint displacements due to a fixed sam-
pling location (temporal rigidity) (b). In contrast, PSTPose
first employs a Discriminative Feature Enhancement (DFE)
module to suppress background noise, followed by a Fea-
ture Cluster Grouping (FCG) module that forms compact
features (c). Then, our Deformable Spatiotemporal Fusion
(DSF) adaptively samples keypoint-relevant features across
frames, capturing comprehensive representations for robust
pose estimation (d).

Lu 2023): 1) Spatial uniformity. Standard spatial atten-
tion often processes feature tokens uniformly. As shown in
Fig. 1 (a), when processing a specific query, spatial atten-
tion assigns comparable attention to both critical anatomical
keypoints and irrelevant background clutter. This lack of se-
lectivity introduces spatial noise and hinders the learning of
keypoint-centric representations. 2) Temporal rigidity. Hu-
man motion is inherently non-rigid, yet existing temporal
models often operate with a fixed sampling location. This
structural rigidity leads to feature misalignment across con-
secutive frames when joints undergo large displacements.
As visualized in Fig. 1 (b), to find the elbow feature cor-
responding to its position in frame I;, temporal attention
samples from the same location in the previous frame I;_¢.
Because the elbow has moved, this static sampling process
results in flawed temporal aggregation.

To tackle these limitations, we propose a progressive spa-
tiotemporal refinement framework for video-based human
pose estimation. Our framework addresses the aforemen-
tioned challenges through a carefully designed, sequential
pipeline. Specifically, to combat the spatial uniformity prob-
lem, we first present a Discriminative Feature Enhancement
(DFE) module. It utilizes a differential attention mechanism
to distinguish foreground from background, selectively am-
plifying joint-relevant features while actively suppressing
spatial noise. Building upon these enhanced features, we in-
troduce a Feature Cluster Grouping (FCG) module to model
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inter-joint dependencies more efficiently. It organizes fea-
ture tokens into semantically compact groups using density-
peak clustering. As illustrated in Fig. 1 (c), the DFE and
FCG modules effectively transform the uniform feature map
into a compact keypoint-relevant representation. Finally, our
Deformable Spatiotemporal Fusion (DSF) module addresses
the temporal rigidity problem. As shown in Figure 1(d), it
learns deformation-aware offsets to dynamically adjust its
sampling locations (e.g., elbow in frame /;_¢), ensuring ac-
curate feature aggregation across frames. Our progressive
refinement of spatiotemporal features enables a more robust
and accurate pose estimation.
In summary, our contributions are three-fold:

* We propose a novel progressive spatiotemporal refine-
ment framework (PSTPose) that systematically addresses
two core challenges in video-based human pose esti-
mation: spatial uniformity and temporal rigidity. PST-
Pose refines features across three stages, progressively
enhancing joint specificity and temporal coherence. Ex-
tensive experiments on three large-scale benchmarks
demonstrate the effectiveness of PSTPose, achieving new
state-of-the-art performance.

* We propose a discriminative feature enhancement mod-
ule that selectively amplifies joint-relevant features while
suppressing spatial noise, and a feature cluster grouping
module that organizes features into compact clusters to
improve dependency modeling.

* We design a deformable spatiotemporal fusion that adap-
tively aligns and integrates features across frames using
learned, deformation-aware sampling offsets, enabling
robust modeling of non-rigid human motion.

Related Work

Human Pose Estimation in Images. Early research in hu-
man pose estimation focuses primarily on the static images.
A significant body of work has explored CNN-based archi-
tectures for this task (Xiao, Wu, and Wei 2018; Artacho
and Savakis 2020). More recently, Transformer-based mod-
els, which operate by dividing an image into patches and
capturing dependencies between them, have gained promi-
nence (Xu et al. 2023). Other emerging paradigms include
generative approaches, such as diffusion models (Tan et al.
2024). While these image-level methods have achieved re-
markable progress, their direct application to video often
yields suboptimal results due to inherent limitations in mod-
eling temporal information, particularly under challenging
scenes such as pose occlusion or video defocus.

Human Pose Estimation in Videos. Driven by a wide
range of real-world applications such as action recognition,
sports analytics, and human—computer interaction, video-
based human pose estimation has emerged as a pivotal re-
search direction (Chen et al. 2025; Jiao et al. 2025; Wu et al.
2025; Wang et al. 2025) beyond static image-based methods.
Early efforts combine CNNs with LSTMs to model spatial
and temporal information sequentially (Artacho and Savakis
2020), or compute inter-frame heatmap residuals to gener-
ate motion-aware features (Bertasius et al. 2019; Liu et al.
2021). More recent methods have introduced sophisticated
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Figure 2: Overview of our PSTPose framework. Given an input video clip Z; = {I}_, ...,

Il ..., IZ+§} (for simplicity, the

person index ¢ is omitted and temporal span ¢ = 1 is used in the figure), a backbone network first extracts initial feature
tokens. These features are then integrated and fed into a progressive spatiotemporal refinement pipeline consisting of three
core modules. First, the Discriminative Feature Enhancement module (green block) selectively amplifies human joint regions
while suppressing spatial noise from the background. Next, to facilitate more effective dependency modeling, the Feature
Cluster Grouping module (yellow block) organizes the enhanced features into semantically coherent clusters. Subsequently, the
Deformable Spatiotemporal Fusion module (blue block) adaptively samples keypoint-relevant information across frames using
a deformation-aware sampling location to handle complex motions. Finally, the refined features are passed to a detection head

to generate the keypoint heatmaps ;.

learning objectives grounded in information theory to better
supervise temporal dependency modeling (Liu et al. 2022a;
Feng et al. 2023a; Zhang et al. 2025c). He and Yang (He
and Yang 2024) design a decoupled spatial and temporal
self-attention mechanism to estimate human pose in videos.
However, their reliance on standard self-attention for spa-
tiotemporal feature modeling introduces two inherent limita-
tions (Ye et al. 2025; Weiguang, Dong, and Lu 2023): spatial
uniformity and temporal rigidity. To this end, we propose a
progressive spatiotemporal refinement framework for video-
based human pose estimation, featuring systematic and pro-
gressive refinement to resolve these problems.

Methodology
Preliminary

The objective of video-based human pose estimation is to
localize a set of K anatomical keypoints for each person
across video sequences. Given a keyframe I; and its neigh-
boring frames {I;_¢, ..., I;1¢ } (where £ is a predefined tem-
poral span), the task is to estimate the multi-person skeletal
poses of I;. Specifically, we first employ an object detector
to identify person-specific bounding boxes in the keyframe
I;. To ensure consistent cropping of the same individual
across neighboring frames {I;_¢, ..., ;1 ¢}, we expand each
bounding box by 25%. This yields a cropped clip sequence
i = {Ij_¢ - If, . I} ¢} for each person i. The clip
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T} serves as the input to a pose estimation network, which
leverages the spatiotemporal information to predict a set of
K corresponding heatmaps, H: = {Hy, Ho, ..., Hy}, for
the keyframe I}. Each heatmap H}, represents the likelihood
distribution for the location of the k*" keypoint. The final
keypoint coordinates are derived from the locations of max-
imum activation within these heatmaps. For clarity in the
following sections, we omit the person identity superscript ¢
and set the temporal span £ = 1.

Method Overview

As illustrated in Figure 2, our PSTPose framework processes
a video clip via a progressive spatiotemporal refinement
pipeline composed of three novel modules. The pipeline be-
gins with a backbone network that extracts initial feature
tokens F = {Fi_1,F}, Fiy1} from the input video clip
Z:. These frame-level features are then concatenated via a
feature integration operation, yielding a raw spatiotempo-
ral feature Fs;. This feature is then fed into the discrimi-
native feature enhancement module, which selectively am-
plifies human joint signals while suppressing spatial noise.
Subsequently, the feature cluster grouping module organizes
these enhanced features into semantically coherent clusters,
enabling more effective inter-joint dependency modeling.
Next, the deformable spatiotemporal fusion module adap-
tively samples keypoint-relevant information from consecu-
tive frames through deformation-aware sampling offsets. Fi-



nally, the refined features are passed to a detection head to
generate keypoint heatmaps H;.

Discriminative Feature Enhancement

Prevailing attention mechanisms in video-based pose esti-
mation often suffer from the spatial uniformity problem,
treating feature tokens from human joints and irrelevant
background with uniform importance. This uniform pro-
cessing can dilute valuable feature representations with spa-
tial noise, consequently degrading keypoint localization ac-
curacy. To address this limitation, we propose the Discrimi-
native Feature Enhancement (DFE) module. Unlike conven-
tional attention mechanisms that assign uniform importance
across spatial tokens, DFE introduces a novel dual-pathway
architecture that disentangles foreground and background
representations by learning separate feature subspaces for
joint-relevant and irrelevant regions: a positive pathway that
captures dependencies within foreground regions (i.e., the
person), and a negative pathway that models the context of
the background (Ye et al. 2025). By adaptively subtracting
the background signal from the foreground signal, the DFE
effectively enhances joint-relevant representations and sup-
presses interference from irrelevant regions, thereby mitigat-
ing the effects of the spatial uniformity problem.

Specifically, given the fused features F; from feature in-
tegration operation, we first project them into positive and
negative query-key pairs (Q 4+, K and Q_, K_), alongside
a standard value matrix V € RV *Ds:

[Q+7 Qf] = ]:StWQ7 [K+a K*] = ]:stWKa V = fstWV;
(1
where Wq, Wi, Wy € RP*D: denote learnable projec-

tion matrices, Q4,Q_,K,,K_ € RNX % are positive
and negative queries/keys. The output of the DFE module
is then formulated as the difference between a positive and a
weighted negative pathway:

KT _KT
A=y o e @ w, @
Da Ds
2 2
—— ——

positive pathway negative pathway

where ® is the softmax operation, © represents element-
wise multiplication. For clarity, we omit the multi-head set-
ting. The key to this mechanism is the adaptive, channel-
wise balancing factor A, which dynamically controls the de-
gree of background suppression:

A = exp(Ag1Ar1) — exp(Ag2Ak2) + Aunit, 3

where Ag1, Ag2, Ak1, Ake are learnable parameters and Ay ¢
is a randomly initialized constant. This differential mech-
anism enables the DFE module to output an enhanced fea-
ture F2,, where salient joint features are enhanced and back-
ground noise is significantly suppressed.

Feature Cluster Grouping

While the DFE module enhances joint-relevant features,
modeling the intricate dependencies between joints effi-
ciently remains a challenge. Applying global self-attention

10757

directly across all tokens treats them with uniform granu-
larity, potentially struggling to capture the structured, hier-
archical dependencies between different body parts. To ad-
dress this, the Feature Cluster Grouping (FCG) module orga-
nizes the enhanced features into a small number of semanti-
cally coherent groups. Specifically, we employ the k-nearest
neighbor density peak clustering (DPC-KNN) for discrim-
inative token grouping (Du, Ding, and Jia 2016), which
rests on two fundamental premises: (i) cluster centers have
a higher local density than their neighbors, and (ii) distinct
centers lie at relatively large distances. From these premises,
two complementary measures emerge for each feature to-
ken: its local density p and its relative distance 9.

Formally, for each feature token f; in the enhanced fea-
ture F2,, we compute its local density p; and its minimum
distance ¢; to a higher-density token. The density p; is calcu-
lated based on the average cosine similarity to its k nearest
neighbors N ():

1 2
pi = exp{—p Z' (Dyj)*}, €5
JieMN(i)
where D;; = ||fi — f;l|, represents the Euclidean distance
between data points. The distance §; is given by:
ming.,. s, (Di;) if3jst. p; > p;
0; = s . )
max; (D;;) otherwise

Tokens that are simultaneously characterized by high lo-
cal density p; (i.e., they are surrounded by neighbors) and a
large distance ¢; (i.e., they are far from any denser points)
are natural cluster centers. To formalize this, we compute a
score y; = p; X 0; for each token. The set of M cluster cen-
ters, C = {c1,...,cn}, is formed by selecting the tokens
with the top-M highest scores 7.

Once centers are identified, all other tokens are as-
signed to the nearest cluster center, forming M clus-
ters {C1,...,Ch}. Instead of simply averaging all tokens
within a cluster, which could dilute the representation, we
propose merging them based on learned importance scores.

For each cluster C,,, we first predict a scalar impor-
tance score s; for every constituent token f; € Ci,.
These scores are then normalized across the cluster us-
ing the softmax function to produce attention-like weights

exp(s;)
fL€ECm exp(sk
the cluster is computed as the weighted sum of its tokens:
f’m = ijecm wjfj'

This merging process adaptively aggregates information,
giving more weight to important tokens and producing a
compact set of M high-level features F,. = { fl, cee fM}.

To further enrich the semantic cluster features ., we pro-
pose a semantic cluster attention. This module utilizes F. to
query the original feature FJ,, which serves as the key-value
source. The operation is formulated as:

Vdy,
where Q€ = F.W§, K¢ = FLWE, VC = FLWE, and
® denotes the softmax operation. The output F2, thus pro-
vides a semantically compact representation.

w; = 3 The final representative feature for

]:s2t = (I)( )(f;tw\g)v



Deformable Spatiotemporal Fusion

Another primary challenge in video-level detection is the
temporal rigidity problem. Standard spatiotemporal atten-
tion mechanisms, which rely on fixed sampling locations,
often fail to adapt to the non-rigid motion of human joints
across consecutive frames. This rigidity causes erroneous
feature aggregation when joints undergo large, non-rigid dis-
placements between frames. To resolve this, we propose the
Deformable Spatiotemporal Fusion (DSF) module. Instead
of attending to fixed locations within the fused spatiotempo-
ral feature space, the DSF module learns to dynamically pre-
dict sampling offsets within the fused spatiotemporal feature
space. It generates these offsets for each query token, allow-
ing it to adaptively gather and aggregate features from the
most relevant spatiotemporal locations, thereby overcom-
ing temporal deformation insensitivity and enabling robust
alignment during large, non-rigid motion.

At the core of the DSF module is a novel deformation-
aware offset prediction mechanism that dynamically iden-
tifies relevant features across the spatiotemporal features,
enabling flexible and accurate modeling of non-rigid joint
movements. Given the spatially refined features 72, we first
project them into a query space using a learnable weight ma-
trix Wg and then an offset prediction network 0, ¢+ takes

this query map QP as input to predict a spatiotemporal off-
set map AP:
QD = }—SQtWQDv AP = eoffset(QD)~ @)
Using the predicted offsets, we generate a deformed fea-
ture F2. This is accomplished by a linear interpolation op-
eration ¢ that retrieves features from the original map F2, at
the offset-adjusted locations P + AP:
Fi = ¢(Fi. P+ AP). @®)
F 2 can be viewed as a dynamically-aligned representa-
tion, where features corresponding to the same body parts
are dynamically aligned across the temporal dimension.
Finally, we employ a cross-attention mechanism where
the initial features F2 act as queries QP to selectively ag-
gregate important temporal information from the deformed
features 72, (keys K© and values VP):

©))

where KP = F2WE, VP = F2W{, and ® denotes the
softmax operation. This deformable fusion ensures robust
temporal modeling that is inherently sensitive to complex
motion, producing the final feature representation JF&,.

Heatmap Generation

After the progressive refinement stages, we obtain a com-
prehensive feature representation F2,, which is rich in dis-
criminative spatial detail and robust to temporal deforma-
tion. These features are then fed to a detection head to gen-
erate the keypoint heatmaps H; = {H1, Ha, ..., Hi }, where
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each heatmap signifies the likelihood distribution for a spe-
cific anatomical keypoint. We apply the standard pose esti-
mation loss to supervise the training:

Ly =|H:—Gll5,

where #H, and G; are the estimated pose heatmap and the
ground truth, respectively.

(10)

Experiments
Experimental Settings

Datasets. We evaluate the performance of the pro-
posed PSTPose method across three widely-used bench-
marks: PoseTrack2017 (Igbal, Milan, and Gall 2017), Pose-
Track2018 (Andriluka et al. 2018), PoseTrack21 (Doering
et al. 2022). PoseTrack2017: This dataset includes 300
video sequences and a total of 80,144 annotated human
poses. Among them, 250 sequences are allocated for train-
ing, while the remaining 50 serve as the validation set.
Each annotation comprises 15 human keypoints. Notably,
the training data contains dense annotations for the central
30 frames of each clip, whereas validation sequences in-
clude pose annotations sampled every four frames. Pose-
Track2018: This dataset contains 763 video sequences and
153,615 annotated poses. Of these, 593 sequences are des-
ignated for training and 170 for validation. In addition to 15
keypoint locations, each joint annotation is accompanied by
a visibility flag, offering richer supervision. PoseTrack21:
Built upon PoseTrack2018, this dataset further increases the
annotation count to 177,164 poses. It emphasizes more dif-
ficult scenarios by focusing annotations on small-scale indi-
viduals and densely crowded scenes, enhancing the dataset’s
utility for evaluating robust pose estimation under real-world
challenges.

Evaluation metrics. To evaluate model performance,
we employ standard metrics tailored to each benchmark
dataset. For the PoseTrack2017, PoseTrack2018, and Pose-
Track21 datasets, we use mean Average Precision (mAP),
which summarizes the overall performance by averaging the
Average Precision (AP) for the alignment of predicted poses
with ground-truth annotations across all joints.

Implementation details. All experiments are per-
formed using the PyTorch framework on two NVIDIA RTX
4090 GPUs for 20 epochs. We adopt ViT (Dosovitskiy et al.
2020) as the feature extractor to generate the initial features,
with the input resolution fixed at 256 x 192. During training,
four augmentation strategies are applied: (1) random rota-
tion within the range of [—45°, 45°], (2) random scaling be-
tween [0.65, 1.35], (3) random truncation, and (4) horizon-
tal flipping. The temporal sampling interval £ is set to 1. We
utilize AdamW as the optimizer, starting with a learning rate
of 2e-4. The learning rate decays progressively to 2e-5, 2e-6,
and 2e-7 at the 6-th, 12-th, and 16-th epochs, respectively.

Comparison with State-of-the-art Methods

Results on the PoseTrack2017 and PoseTrack2018
Datasets. We begin our evaluation on the PoseTrack2017
and PoseTrack2018 datasets. As shown in Tables 1 and
2, PSTPose achieves new state-of-the-art results with 88.0



Method Head Sho. Elb. Wri. Hip Knee Ank. | Mean
Simple (Xiao, Wu, and Wei 2018) 81.7 834 80.0 724 753 74.8 67.1 76.7
HRNet (Sun et al. 2019) 82.1 83.6 804 733 755 75.3 68.5 77.3
PoseWarper (Bertasius et al. 2019) 81.4 88.3 839 78.0 824 80.5 73.6 81.2
Dynamic-GNN (Yang et al. 2021) 884 884 820 745 79.1 78.3 73.1 81.1
DCPose (Liu et al. 2021) 88.0 88.7 84.1 784 830 814 74.2 82.8
FAMI-Pose (Liu et al. 2022a) 89.6 90.1 863 800 84.6 83.4 77.0 84.8
SLT-Pose (Gai et al. 2023) 88.9 89.7 856 795 842 83.1 75.8 84.2
HANet (Jin et al. 2023) 90.0 90.0 850 788 83.1 82.1 77.1 84.2
TDMI (Feng et al. 2023a) 90.0 91.1 87.1 814 852 84.5 78.5 85.7
DiffPose(Feng et al. 2023b) 890 912 874 835 855 87.2 80.2 86.4
DSTA (He and Yang 2024) 89.3 90.6 87.3 82.6 845 85.1 77.8 85.6
JMPose (Wu et al. 2024a) 90.7 916 87.8 82.1 859 85.3 79.2 86.4
FDMC (Feng et al. 2025) 89.9 90.6 864 80.9 84.7 83.9 76.9 85.4
TPSD-MS (Zhang et al. 2025c¢) 91.1 915 87.6 82.1 859 85.0 79.4 86.4
TPSD-VIiT (Zhang et al. 2025c) 90.7 91.1 879 83.6 853 86.3 80.0 86.7
PSTPose (Ours) 90.0 917 897 86.0 899 878 80.4 88.0

Table 1: Quantitative results on the PoseTrack2017 dataset. For this and the subsequent tables, Sho., Elb., Wri., and Ank. stand

for shoulder, elbow, wrist, and ankle, respectively.

Method Head  Shoulder Elbow Wrist Hip Knee Ankle | Mean
PoseWarper (Bertasius et al. 2019) 79.9 86.3 824 77.5 79.8 78.8 732 79.7
Dynamic-GNN (Yang et al. 2021) 80.6 84.5 80.6 744 750 76.7 71.8 779
DCPose (Liu et al. 2021) 84.0 86.6 82.7 780 804 793 73.8 80.9
FAMI-Pose (Liu et al. 2022a) 85.5 87.7 84.2 79.2 814  8l1.1 74.9 82.2
SLT-Pose (Gai et al. 2023) 84.3 87.5 83.5 785 809 802 74.4 81.5
HANet (Jin et al. 2023) 86.1 88.5 84.1 787 79.0 803 77.4 82.3
DiffPose (Feng et al. 2023b) 85.0 87.1 84.3 815 814 829 77.6 83.0
TDMI (Feng et al. 2023a) 86.2 88.7 854 80.6 824 821 71.5 83.5
DSTA (He and Yang 2024) 85.9 88.8 85.0 81.1 815 83.0 774 83.4
JMPose (Wu et al. 2024a) 86.6 88.7 86.0 81.6 833 832 78.2 84.1
FDMC (Feng et al. 2025) 86.6 88.9 84.7 799 824 827 774 83.3
TPSD-MS (Zhang et al. 2025¢) 87.0 89.0 85.6 815 834 824 78.2 84.1
TPSD-ViT (Zhang et al. 2025¢) 86.9 89.0 86.0 81.6 833 833 78.0 84.2
PSTPose (Ours) 86.6 89.2 85.8 813 849 844 81.6 84.9

Table 2: Quantitative comparison with SOTA methods on the PoseTrack2018 (Andriluka et al. 2018) dataset.

mAP and 84.9 mAP, respectively. Notably, its most substan-
tial gains are on challenging distal joints. For instance, on
PoseTrack2017, PSTPose outperforms DiffPose (Feng et al.
2023b) on the Elbow (1 2.3 AP) and Wrist (T 2.5 AP),
while on PoseTrack2018, it surpasses the TDMI (Feng et al.
2023a) on the Ankle (1 4.1 AP). These joints are notori-
ously difficult to identify due to large inter-frame displace-
ments—a problem we identify as temporal rigidity. Our De-
formable Spatiotemporal Fusion (DSF) module directly ad-
dresses this by learning deformation-aware sampling offsets
to dynamically adjust its sampling location. The significant
performance increase on these high-velocity joints provides
compelling evidence that DSF effectively resolves temporal
rigidity, leading to more robust spatiotemporal representa-
tions.

Results on the PoseTrack2l dataset. The Pose-
Track21 dataset, featuring small-scale subjects and crowded
scenes, serves as a stringent test for robustness against vi-
sual noise and occlusions. On this challenging benchmark,
as tabulated in Table 3, PSTPose achieves a new state-of-
the-art with 84.8 AP. This strong performance can be at-
tributed to the core components of our model. Our Discrim-
inative Feature Enhancement (DFE) module is designed to
suppress the background clutter inherent in crowded scenes,
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while the Deformable Spatiotemporal Fusion (DSF) module
maintains alignment for limbs undergoing erratic motion.
The effectiveness of this combined approach is reflected in
substantial gains over TDMI (Feng et al. 2023a) on often-
occluded joints, including the Shoulder (1 1.6 AP) and An-
kle (1 2.5 AP), demonstrating its capability to maintain per-
formance in complex, real-world conditions.

Qualitative Comparison. We provide a qualitative
comparison against state-of-the-art methods in Fig. 3. The
visualizations on the PoseTrack dataset demonstrate that
while existing methods like DCPose (Liu et al. 2021) and
TDMI (Feng et al. 2023a) perform well in simple cases, they
often fail in challenging scenes involving occlusions, rapid
motion, or video defocus. In contrast, our PSTPose consis-
tently maintains robustness, delivering more accurate pose
estimations in these complex situations.

Ablation Analysis

Ablation Study on PSTPose Components. We conduct
an ablation study on the PoseTrack2017 dataset to analyze
the individual contributions of our three modules: Discrimi-
native Feature Enhancement (DFE), Feature Cluster Group-
ing (FCG), and Deformable Spatiotemporal Fusion (DSF).
As shown in Table 4, our baseline, which employs a stan-



Method Head Shoulder Elbow Wrist Hip Knee Ankle | Mean
HRNet (Sun et al. 2019) 81.5 832 81.1 754 792 T8 71.9 78.8
PoseWarper (Bertasius et al. 2019) | 82.3 84.0 82.2 75.5 80.7 787 71.6 79.5
DCPose (Liu et al. 2021) 83.2 84.7 82.3 78.1 803 792 73.5 80.5
FAMI-Pose (Liu et al. 2022a) 83.3 85.4 82.9 78.6 813 805 75.3 81.2
DiffPose (Feng et al. 2023b) 84.7 85.6 83.6 80.8 814 835 80.0 82.9
TDMI (Feng et al. 2023a) 85.8 87.5 85.1 812 835 824 71.9 83.5
SLTPose (Gai et al. 2023) 83.3 85.1 82.7 785 813  80.8 75.6 81.3
IMPose (Wu et al. 2024a) 85.8 88.1 85.7 825 841 831 78.5 84.0
FDMC (Feng et al. 2025) 84.1 85.5 83.3 79.7 813 821 77.8 82.2
TPSD-MS (Zhang et al. 2025c) 87.0 87.6 85.3 815 84.0 826 71.9 83.9
TPSD-ViT (Zhang et al. 2025¢) 87.7 88.0 85.0 81.7 834 828 78.3 84.1
PSTPose (Ours) 86.7 89.1 85.6 82.1 841 847 80.4 84.8

Table 3: Quantitative comparison with SOTA methods on the PoseTrack21 (Doering et al. 2022) dataset.

Pose Occlusions

0l

Rapid - Motion Video Defocus

(2)
Keyframe
images

(b) DCPose

(¢) TDMI

Figure 3: Qualitative results showcasing PSTPose’s superior
robustness against common failure modes. We compare our
method (d) to baselines (b, ¢) (Liu et al. 2021; Feng et al.
2023a) on challenging keyframes (a), with failures circled
in red. For pose occlusions (left), existing methods fail to lo-
calize heavily occluded ankles. For rapid-motion (middle),
existing methods produce incorrect ankle estimations due
to motion blur. For video defocus (right), existing methods
miss keypoints like shoulders and ankles in degraded frames.

dard attention mechanism, achieves only 84.2 mAP. This
result not only underperforms our full model but also lags
behind the DSTA (He and Yang 2024), confirming the in-
adequacy of a naive transformer approach. For the first set-
ting (a), removing the DFE module results in a performance
drop of 1.5 AP to 86.5 AP. This decline highlights the im-
portance of DFE in mitigating spatial indiscriminate focus.
For setting (b), removing the FCG module leads to the most
substantial performance degradation among the three com-
ponents, with a drop of 1.8 mAP to 86.2 mAP. This under-
scores the critical role of FCG in organizing tokens into se-
mantically coherent clusters. Subsequently, for setting (c),
removing the DSF module causes a 1.6 mAP drop to 86.4
mAP. This validates the necessity of its motion-aware sam-
pling, proving essential for handling non-rigid joint move-
ments. Finally, our full PSTPose model, which integrates all
three modules, achieves the best performance of 88.0 mAP.
This result demonstrates that these components are not only
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Method DFE FCG DSF | Mean | Declines

DSTA (He and Yang 2024) - - - 85.6 24 (1))

Baseline X X X 84.2 3.8())

(a) PSTPose w/o DFE X v v 86.5 1.5())

(b) PSTPose w/o FCG v X v 86.2 1.8 ()

(c) PSTPose w/o DSF v v X 86.4 1.6 ()
PSTPose (Ours) v v v 88.0 -

Table 4: Ablation of different designs in PSTPose. “w/o X”
refers to removing X module.

individually effective but also complementary, working syn-
ergistically to achieve a progressive spatiotemporal refine-
ment for video-based human pose estimation.

Conclusion

In this paper, we aim to address two critical yet often over-
looked limitations in video-based human pose estimation:
spatial uniformity and temporal rigidity. We introduce PST-
Pose, a novel progressive spatiotemporal refinement frame-
work designed to overcome these challenges. By first em-
ploying a discriminative feature enhancement module and
a feature cluster grouping module, PSTPose mitigates spa-
tial noise and forms compact feature representations. A de-
formable spatiotemporal fusion mechanism further adap-
tively integrates corresponding features across consecutive
frames using learned, deformation-aware offsets. Extensive
experiments on three challenging benchmarks validate the
superiority of our approach. The success of PSTPose un-
derscores the value of progressive refinement for spatiotem-
poral modeling and offers a promising direction for future
research in dynamic human-centric video analysis.
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