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Human-Structure-Aware Token Position Embedding
for Tokenized Pose Estimation

Zejun Gu , Zhong-Qiu Zhao , Henghui Ding , Member, IEEE, Hao Shen , Zhenhua Tang ,
Zhao Zhang , Senior Member, IEEE, and De-Shuang Huang , Fellow, IEEE

Abstract—Tokenized pose estimation (TPE) has demonstrated
remarkable performance in lightweight human pose estimation
(HPE) models. However, existing TPE methods typically initial-
ize keypoint tokens randomly, without explicitly incorporating
human structure priors. These priors play a vital role in HPE by
effectively mitigating common challenges such as occlusion and
ambiguity. To this end, we propose a Structure-Aware Keypoint
Position Embedding (SAKPE). This embedding explicitly encodes
inherent structural properties of the human body, such as
symmetry and order, into the positional coordinates of keypoint
tokens. It also employs learnable scale and offset factors to adapt
to diverse human poses, thereby fully exploiting the geometric
constraints among keypoints. Furthermore, to better leverage
the positional relationships among patch tokens, we introduce a
Layer-adaptive Hybrid Patch Position Embedding (LHPPE). It
dynamically fuses absolute and relative position embeddings of
patch tokens based on attention distributions across Transformer
layers, enabling the model to learn both absolute and relative
positional information adaptively. Taking the two together, we
propose a novel position embedding method for pose estima-
tion, named Human-structure-aware Token Position Embedding
(HTPE). It significantly improves the performance of various
TPE models. Extensive experiments on COCO, CrowdPose, and
OCHuman show that HTPE achieves state-of-the-art (SOTA) per-
formance among lightweight methods, with a negligible increase
in parameters and FLOPs. Notably, it demonstrates consistent
improvements under occlusion,, achieving up to 3.3 AP gains. The
source code can be found in https://github.com/guzejungithub/
HTPE
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structure-aware, hybrid patch position embedding.

I. INTRODUCTION

2D HUMAN pose estimation is a fundamental task in
computer vision that aims to locate anatomical keypoints

of the human body in images [1], [2], [3]. It has attracted
widespread attention from both academia and industry, as it
supports downstream tasks such as 3D pose estimation, human
action analysis, medical diagnosis, and virtual reality [4], [5],
[6], [7].

In recent years, several studies [8], [9] have achieved
impressive accuracy in HPE. However, these models suffer
from high computational complexity, large storage require-
ments, and long processing times. As a result, they are difficult
to deploy on edge computing devices and fail to enable real-
time deployment on embodied-AI platforms.

Meanwhile, some other approaches [10], [11], [12], [13]
offer significant advantages in terms of computational speed
and storage efficiency, but they suffer from limited accuracy,
which can negatively impact the performance of down-
stream tasks. Therefore, how to design models that are both
lightweight and high-performing remains a challenging prob-
lem.

Tokenized pose estimation [14], [15], [16], [17] has
made significant progress in improving the performance of
lightweight models. TokenPose [14] proposed representing
each keypoint as a token, integrating the learning of visual
cues and constraint relationships within a unified framework.
This approach significantly reduces the number of parame-
ters and computational cost while maintaining competitive
performance. PPT [15] further introduced a Human Token
Identification (HTI) module to locate human regions and crop
out background tokens, thereby reducing computational cost
while preserving pose estimation accuracy.

DistilPose [16] presented a Token Distilling Module (TDE)
and Simulated Heatmaps to maximize knowledge transfer
from a heatmap-based teacher model to a regression-based
student model, improving the performance of lightweight
models while maintaining low computational cost. SDPose
[17] designed a Multi-Cycled Transformer (MCT) module that
circulates tokens within Transformer layers to enhance the
model’s latent depth without increasing parameters. It also
proposed a self-distillation paradigm that extracts knowledge
from the MCT and transfers it to a single-pass model, achiev-
ing a balance between performance and resource consumption.
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However, these methods suffer from the following issues:
(1) Random initialization of keypoint tokens:Current
approaches initialize keypoint tokens randomly without incor-
porating any prior knowledge, as shown in Figure 1. In HPE,
structure priors are crucial, as they reflect inherent spatial
relationships between keypoints. (2) Lack of relative posi-
tional information of patch tokens: Existing methods use only
absolute position embedding to encode the position of each
patch. However, they overlook relative positional information
between patches, which is essential for modeling the positional
relationship among different body parts. (3) Uniform position
embedding across layers: As shown in Figure 6, different
Transformer layers focus on different regions. From the first to
the last layer, the model’s attention gradually converges from
global to local. So, the importance of relative and absolute
positional information varies across layers.

However, current methods use a uniform position embed-
ding for all layers, lacking layer-specific position encoding
tailored to the characteristics of each Transformer layer. To
address the above issues, we propose a novel token position
embedding method, Human-structure-aware Token Position
Embedding (HTPE). As illustrated in Figure 1, HTPE is
designed to fully capture the positional relationships between
tokens while incorporating prior knowledge of human body
structure, and it adaptively adjusts to the characteristics of
different Transformer layers. HTPE consists of two main
components: a Structure-Aware Keypoint Position Embedding
module (SAKPE) and a Layer-adaptive Hybrid Patch Position
Embedding (LHPPE) module.

First, we present the Structure-Aware Keypoint Position
Embedding (SAKPE), which explicitly encodes the inherent
structural properties of the human body into token position
coordinates. These properties include symmetry (e.g., left and
right shoulders), order (e.g., the sequence of shoulder, hip,
knee, and ankle), and rigid topological structure (e.g., fixed
connectivity between keypoints) (see Figure 2). In real-world
scenarios, human poses often deviate from these structural
norms and can vary significantly in scale. To address this, we
introduce learnable scale and offset factors to adapt to different
poses. Furthermore, SAKPE employs Keypoint-based Rotary
Position Embedding (K-RoPE) to capture the relative spatial
relationships among keypoints. To the best of our knowledge,
this is the first work in HPE to incorporate such structural
properties into token position embeddings.

In addition, we propose the Layer-adaptive Hybrid Patch
Position Embedding that combines both absolute and relative
positional information. It not only provides absolute loca-
tion information for each patch token but also uses rotary
position embedding to capture relative spatial relationships
between patch tokens, which is crucial for modeling body
part interactions. Moreover, this module adaptively adjusts the
weights of absolute and relative position embedding based
on the attention distribution of different Transformer layers,
enabling more effective learning of patch positions. HTPE
achieves state-of-the-art performance for lightweight models,
with negligible increases in FLOPs and parameters, and only a
minor increase in inference latency and memory consumption.
As shown in Figure 3, our method delivers significant perfor-
mance improvements across models of various sizes. Among

Fig. 1. Conceptual illustration of (a) traditional tokenized pose estimation
methods and (b) our proposed method. Traditional methods randomly initialize
keypoint tokens and use only absolute position embedding to provide location
information for patch tokens. In contrast, our method explicitly encodes human
structural priors into keypoint position embedding and adopts layer-adaptive
hybrid patch position embedding to provide richer spatial information for
patch tokens.

Fig. 2. An illustrative example showing the inherent structural properties
of the human body. Regardless of variations in human pose, the anatomical
keypoints consistently preserve a rigid topological structure, together with a
certain degree of symmetry and order.

all tokenized pose estimation approaches, our method stands
out as the most efficient and best-performing.

Our contributions are summarized as follows:
• We are the first to encode human structural characteristics

and apply them to keypoint token position embedding.
Combined with learnable scale and offset factors, this
approach explicitly leverages prior knowledge of keypoint
spatial relationships.

• We design a novel layer-adaptive hybrid patch position
embedding, which not only learns both absolute position
information and relative spatial relationships of patch
tokens, but also adaptively adjusts their weight based
on the characteristics of different Transformer layers,
enabling more effective utilization of positional informa-
tion of patch tokens.

• Experiments on the COCO [18], CrowdPose [19], and
OCHuman [20] datasets demonstrate that our method
achieves SOTA performance with nearly unchanged
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Fig. 3. Comparisons between other lightweight models and our proposed
HTPE on the COCO validation set. HTPE achieves SOTA performance with
a negligible increase in computation (GFLOPs) and parameters.

FLOPs and parameters, and a slight increase in infer-
ence latency and memory consumption. Meanwhile, it
serves as an effective solution for occlusion. Moreover,
our method is generalizable and can be applied into
various tokenized pose estimation frameworks and other
structured vision tasks, consistently delivering significant
performance gains.

II. RELATED WORK

A. Human Pose Estimation

1) Human Pose Estimation Based on Keypoint Modeling:
Early research [21], [22] on human pose estimation mainly
focused on keypoint modeling. Heatmap-based methods [14],
[17], [23], [24] represent the positions of joints using probabil-
ity heatmaps, while regression-based methods [10], [11], [12]
model keypoints through coordinate vectors. Since the pioneer-
ing work proposed by Tompson et al. [25], heatmap-based pose
estimation has dominated the field in terms of performance.
Many subsequent works [9], [26] have designed powerful
convolutional neural network (CNN) models for heatmap
estimation in single-person pose estimation. Some efforts
[24], [27] improved pose estimation accuracy by reducing
quantization errors caused by heatmaps. However, heatmap-
based methods often suffer from low efficiency and slow speed.
Early regression-based studies [21], [22] proposed directly
regressing joint coordinates from images. CenterNet [28]
realized multi-person pose estimation within a single-stage
object detection framework by directly regressing keypoint
coordinates instead of bounding boxes. RLE [10] improved
regression learning frameworks by quantifying uncertainty
in coordinate regression. Although regression-based meth-
ods are more efficient, their accuracy generally lags behind
heatmap-based approaches. Moreover, neither heatmap-based
nor regression-based methods explicitly model the dependen-
cies among keypoints.

2) Human Pose Estimation Based on Human Structure Pri-
ors: Some studies [29], [30] have proposed using deformable
models based on anatomical priors to capture relationships
between human joints. Chu et al. [31] introduced geometrical
transform kernels to fuse features from different channels,
which are assumed to correspond to different joints. Chen et al.
[32] designed a pose discriminator to eliminate unreasonable

pose estimations and encourage the predictor to learn struc-
turally plausible poses. Geng et al. [1] represented human
poses as discrete substructure tokens composed of multiple
interdependent joints, predicted the categories of these tokens
using a classifier, and then reconstructed the full pose with
a pretrained decoder. Raychaudhuri et al. [33] proposed to
explicitly incorporate anatomical priors by using a manifold
of plausible human 2D poses, which effectively improves
structural plausibility and cross-domain generalization. Yoo
and Russakovsky [34] proposed the BPLP-C metric and con-
strained the transformation matrix to improve the consistency
of body part length proportions, thereby further enhancing
pose estimation performance. Wang et al. [35] presented Pose
Prior Learner (PPL), which stores prototypical poses in a
hierarchical memory and distills them into a general pose prior
applicable to any object category, effectively mitigating the
challenge of unsupervised categorical prior learning in pose
estimation. Peng et al. [36] proposed KTPFormer, which intro-
duces Kinematics Prior Attention (KPA) and Trajectory Prior
Attention (TPA). These mechanisms incorporate anatomical
structure and motion trajectory information into the self-
attention process, overcoming the limitation of traditional
Transformers, where Q, K, and V vectors are derived solely
from simple linear mappings. Han et al. [37] introduced
a method that models skeletons as graph structures and
leverages graph neural networks to detect skeletal anoma-
lies, thereby generating high-quality pseudo-labels, which
significantly improves cross-domain animal pose estimation
accuracy. In contrast, we propose Human-structure-aware
Token Position Embedding (HTPE), specifically designed
for lightweight Transformer-based tokenized human pose
estimation (HPE). The proposed HTPE method encodes
anatomical priors directly into the positional information of
keypoint tokens in a general and computationally efficient
manner, effectively enhancing the model’s performance.

3) Transformer-Based Human Pose Estimation: In recent
years, the introduction of Transformers has driven significant
progress in human pose estimation. TFPose [38] was the first
to incorporate Transformers into a pose estimation framework
using a regression approach. PRTR [12] proposed a two-
stage end-to-end regression framework based on cascaded
Transformers, achieving state-of-the-art performance among
regression methods. TransPose [39] applied Transformers to
heatmap-based human pose estimation, attaining competitive
results. ViTPose [8] used a pure, non-hierarchical vision
Transformer as the backbone network to extract features of
single-person instances, demonstrating excellent performance,
scalability, and flexibility. Poseur [11] employed a deformable
cross-attention mechanism to extract keypoint features.

4) Lightweight Human Pose Estimation: TokenPose [14]
input keypoint and visual tokens into the Transformer layers
for feature extraction, then used keypoint tokens to predict
heatmaps. DistilPose [15] designed a novel simulated heatmap
loss to enable knowledge transfer from a heatmap-based
teacher model to a regression-based student model. PPT [16]
identified and discarded background tokens at different Trans-
former layers to reduce computational complexity. SDPose
[17] introduced a self-distillation method with multi-cycle
Transformers to alleviate underfitting and improve model
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performance without increasing the number of Transformer
layers. However, all these methods randomly initialize the
keypoint tokens without any prior knowledge and rely solely
on absolute position embedding to represent the position of
patch tokens. They not only lack explicit utilization of human
structural priors but also fail to learn the spatial relationships
between patches fully.

B. Token Position Embedding

The Transformer was proposed in [42] and has achieved
great success. It employs absolute positional encoding to
capture token positions. To further leverage relative positional
information, Shaw et al. [43] proposed relative positional
bias (RPB). iRPE [44] improved upon RPB by multiplying
relative position encoding with the query vectors. LaPE [45]
introduced independent layernorm layers for each Transformer
layer to optimize position encoding. RoFormer [46] was
the first to propose Rotary Position Embedding (RoPE) and
applied it in natural language processing. Mixed RoPE [47]
extended RoPE to two-dimensional vision tasks, effectively
capturing the complex spatial relationships between tokens.
However, these methods have not yet been applied to human
pose estimation and lack adaptive adjustments tailored for
pose estimation. To address the above issues, our proposed
HTPE incorporates human structure awareness and adaptively
learns token positional information based on the attention
distributions of different Transformer layers. It improves the
performance of tokenized pose estimation with a small overall
computational overhead.

III. METHODS

This section provides a detailed description of our proposed
Human-structure-aware Token Position Embedding (HTPE).
The overall framework is illustrated in Figure 5. HTPE mainly
includes two modules: a Structure-Aware Keypoint Position
Embedding (SAKPE) and a Layer-adaptive Hybrid Patch
Position Embedding (LHPPE). SAKPE incorporates inherent
human structural priors to learn constraint cues between
keypoints. LHPPE adaptively learns absolute and relative
positional information based on the characteristics of different
Transformer layers.

A. Structure-Aware Keypoint Position Embedding

SAKPE first encodes the positional coordinates for each
keypoint token according to human structural characteristics. It
then learns the relative spatial relationships between keypoints
using Keypoint-based Rotary Position Embedding (K-RoPE).

1) Keypoint Token Coordinate Encoding: We encode the
positional coordinates for each keypoint token based on
the inherent structural properties of the human body. These
properties impose intrinsic relative spatial constraints among
keypoints, which are generally maintained to some extent
despite pose variations. As shown in Figure 4, the structure of
human pose exhibits three key characteristics: rigid topological
structure, symmetry, and order.

a) Rigid topological structure: Rigid topological struc-
ture refers to fixed topological relationships between human
keypoints, rigid bones, and limited range of joint rotation and
movement [40], [41], as illustrated in Figure 4(a). It ensures
that the relative positional relationships among keypoints
remain relatively stable across different poses. This structural
stability provides reliable geometric constraints for human
pose modeling, enhancing the generalization and robustness of
structure-aware encoding across various scenarios. The phys-
iological basis for the rigid topological structure is provided
by the supplementary material.

b) Symmetry: As shown in Figure 4(b), human keypoints
are symmetrically distributed relative to the body’s midline.
The nose lies on the axis of symmetry, while other keypoints
appear in pairs on the left and right sides of the body—such
as the left and right eyes, shoulders, and hips. Even when the
pose changes, this symmetrical structure is largely preserved.
We define the body’s midline as the central axis and divide
the body into left and right half-planes. We then encode the
direction of each keypoint relative to the midline using positive
and negative signs: keypoints on the left side are assigned
negative values, those on the right are assigned positive values.

Symmetrical keypoint pairs are assigned the same absolute
value. The sign encodes directional priors, while the abso-
lute value identifies pairing relationships between keypoints,
thereby embedding the symmetry prior of human structure into
the token position encoding.

c) Order: As depicted in Figure 4(c), human keypoints
exhibit clear positional order, which manifests in two dimen-
sions: along the body’s midline, i.e., the vertical direction, and
perpendicular to the midline, i.e., the horizontal direction. For
example, from top to bottom, the keypoints follow the order:
eyes, nose, shoulders, hips, knees, and ankles; from left to
right: left shoulder, left eye, nose, right eye, right shoulder.

To convert symmetry and order into encodable information
usable by the model, we define a 2D coordinate system with
the top of the head as the origin. In this system, the Y-axis
represents the direction along the body’s midline, while the
X-axis represents the perpendicular direction. As illustrated
in Figure 4(c), according to its relative spatial position, each
keypoint is assigned a unique coordinate value (xkpt, ykpt).
In addition to symmetry, this coordinate encoding further
captures other relative spatial relationships between keypoints:
(1) Adjacent positions: For example, the closeness of the
coordinate values between the eyes and the nose reflects
their spatial proximity. (2) Relative distance: For example, the
coordinate distance between the eyes and the feet is greater
than that between the eyes and the nose, which provides a
prior for the relative distance relationships between different
parts of the human body.

2) Learnable Scale and Offset Factors: In fact, due to
variations in human body sizes and diverse pose changes,
real-world poses may somewhat deviate from the theoreti-
cal structural characteristics. As shown in Figure 4(d), this
person’s left and right ankles do not satisfy symmetry. Besides
that, fixed coordinates cannot accommodate various body
sizes. To address this issue, we introduce a learnable scale
factor ξ and an offset factor β. The learnable scale factor
adjusts keypoint coordinates to account for variations in body

Authorized licensed use limited to: Anhui University of Science and Technology. Downloaded on June 25,2026 at 02:11:41 UTC from IEEE Xplore.  Restrictions apply. 



6464 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 35, 2026

Fig. 4. Illustration of human structure characteristics (a b c) and our proposed learnable pose variation (d). (a) Rigid topological structure. Regardless of
variations in human pose, the connections between anatomical keypoints remain fixed, the bones are rigid, and the range of limb movement is limited [40],
[41]. (b) Symmetry. The left and right halves of the human body are symmetric about the central axis. (c) Order. The body maintains a relative order from
head to foot, which also applies to the left-to-right direction. (d) Learnable pose variation. HTPE adapts to different poses by learnable scale and offset
factors.

size, while the learnable offset captures deviations of keypoints
from the idealized human structure. Specifically, we combine
the learnable scale and offset factor with the keypoint token
coordinates to form new position coordinates:

x̃m
kpt = ξm

x xkpt + βm
x , (1)

ỹm
kpt = ξm

y ykpt + βm
y , (2)

where xkpt, ykpt ∈ R
Nkpt×1 represent the relative position coordi-

nates of keypoints, ξm
x , ξm

y ∈ R
1×d/2 refer to the corresponding

learnable scale, βm
x , βm

y ∈ R
1×d/2 represent the correspond-

ing learnable offset, and x̃m
kpt, ỹm

kpt ∈ R
Nkpt×d/2 represents

the adjusted coordinate. m is the index of the Transformer
layer, d is the dimension of position embeddings, and Nkpt
represents the number of keypoint tokens. The scale factor ξm

x
is initialized to 1.0, and the offset factor βm

x is initialized to 0.
3) Keypoint-Based Rotary Position Embedding: After key-

point token coordinate encoding, we seek to capture the
ralative positional relationships between keypoints from these
coordinates.

For this purpose, we propose a keypoint-based rotary posi-
tion embedding (K-RoPE). While existing research on rotary
position embedding focuses on patch tokens, we are the first
to introduce the rotary position embedding specifically for
keypoint tokens. Due to the rigid topological structure of
the human body, the position information in horizontal and
vertical directions is closely related. For example, when the
arm rotates, both the x and y coordinates of the wrist change
simultaneously with the arm’s rotation angle. Previous studies
[42], [46], [48] often treated the X-axis and Y-axis position
information independently, which fails to effectively capture
the interaction between the two directions. To address this,
we introduce a learnable frequency ω to adaptively fuse X-axis
and Y-axis information, enabling the model to fully capture the
spatial relationships between horizontal and vertical directions:

θm
kpt = x̃m

kptω
m
xkpt

+ ỹm
kptωym

kpt
, (3)

where θm
kpt ∈ R

Nkpt×d/2 is the angle corresponding to the
keypoint token of the m-th Transformer layer, and ωm

x , ωm
y ∈

R1×d/2 refer to the corresponding learnable frequency.
To emphasize the role of the relative positional relationship

of keypoints, we adopt rotary position embedding eiθ to repre-
sent the position information of keypoint tokens. In addition,
for a more direct expression of the positional relationships
between keypoints, we apply rotary position embedding to
the similarity computation between the query vector qkpt and
the key vector kkpt (see Figure 5(c)). Specifically, we first
convert qkpt ∈ R

Nkpt×d and kkpt ∈ R
Nkpt×d to complex-valued

vectors q̄kpt ∈ R
Nkpt×d/2 and k̄kpt ∈ R

Nkpt×d/2, where the
even-indexed elements are treated as the real part and the
odd-indexed elements as the imaginary part of the complex
numbers. This transformation allows the model to effectively
capture the relative positional relationships of different body
parts across multiple scales from a frequency perspective (see
supplementary material for the motivation). Then, we apply a
rotary transformation to them (see Figure 5(d)):

q′kpt = q̄kpteiθkpt , (4)

k′kpt = k̄kpteiθkpt , (5)

where q′kpt ∈ R
Nkpt×d/2 is the rotated query vector, and

k′kpt ∈ R
Nkpt×d/2 is the rotated key vector. Finally, we replace

the original qkpt and kkpt with q′kpt and k′kpt to compute the
attention similarity.

B. Layer-Adaptive Hybrid Patch Position Embedding
After learning the human body structure priors among

keypoint tokens through the SAKPE, we further capture the
positional relationships between patch tokens using a Layer-
adaptive Hybrid Patch Position Embedding (LHPPE). The
keypoint position embedding learns relational constraints from
high-level semantic priors, while the patch position embedding
captures positional information from low-level visual cues.
Existing tokenized pose estimation methods typically use
absolute position embedding to encode the positional locations
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Fig. 5. (a) Overall architecture of the TPE model using HTPE. (b) Illustration of HTPE. (c) Details of the Transformer layer with HTPE. In this subfigure,
the black feature boxes represent the main feature flow, while the red arrows emphasize the propagation path of HTPE. (d) KP-RoPE in the complex plane.
Color legend: different colors indicate different modules and embeddings, as shown at the bottom.

Fig. 6. Visualization of the attention maps between the keypoint token and visual tokens in different layers of SDPose-S-V1. From left to right are the 1st
through 12th layers, respectively. Top: Left shoulder. Bottom: Left knee.

of patch tokens. However, for HPE, the relative positional
relationships among body parts are also important. To address
this, we propose a Keypoint-Patch coupled Rotary Positional
Embedding (KP-RoPE) that supplements patch tokens with
relative positional information. The KP-RoPE builds upon
the K-RoPE by incorporating Patch-based Rotary Position
Embedding (P-RoPE). It combines patch tokens and keypoint
tokens to model the spatial relationships among various body
parts jointly. Similar to the keypoint-based approach, we
compute the rotated query and key representations for patches
based on their position coordinates as follows:

q′patch = q̄patchei(xpatchωxpatch+ypatchωypatch ) , (6)

k′patch = k̄patchei(xpatchωxpatch+ypatchωypatch ) , (7)

where xpatch, ypatch ∈ R
Npatch×1 represent the position coordi-

nates of patches, and ωxpatch , ωxpatch ∈ R
Npatch×d/2 denotes the

corresponding learnable frequency. q̄patch, k̄patch ∈ R
Npatch×d/2

represent the complex-valued query vector and key vector,

q′patch, k
′
patch ∈ R

Npatch×d/2 refer to the rotated query vector and
key vector, and Npatch is the number of patches.

Finally, the q′patch, k′patch together with the rotated query and
key vectors of the keypoint tokens q′kpt, k′kpt are incorporated
into the attention calculation:

A′ = Re[(q′)>k′], (8)

where q′ = {q′kpt, q
′
patch}, k′ = {k′kpt, k

′
patch}, and Re[·] is the real

part of the complex number.
The reason for adopting KP-RoPE is as follows:

(1) Rotary position embedding maintains the relative indepen-
dence between positional and semantic information of different
human body parts, preventing positional cues from being
overwhelmed and highlighting their importance. It is crucial
for position-sensitive pose estimation. (2) Directly applying
position embedding in the similarity computation clearly
reflects the spatial relationships between patches, between
keypoints, and between patches and keypoints, while keeping
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Fig. 7. Comparison of token attention maps of SDPose-S-V1 with HTPE (bottom) and without HTPE (top).

semantic similarity and positional similarity decoupled. (3)
The relationships between human keypoints naturally decay
with increasing distance. Rotary position embedding effec-
tively realizes this characteristic. The supplementary material
provides a detailed analysis and proof of the above.

To explore the specific role of each Transformer layer, we
visualized the attention maps of each layer in the current
TPE model. As shown in Figure 6, each Transformer layer
attends to different ranges, but the attention ranges of the
same layer are similar across different images and target
keypoints. In the earlier Transformer layers, attention is mainly
distributed over the global region, where absolute positional
information is more important. In the subsequent layers,
attention gradually focuses on the target keypoint region,
making relative positional information increasingly important.
To enable each Transformer layer to learn more effective
positional information, we further propose a layer-adaptive
approach. This approach adjusts the contributions of absolute
and relative positional information according to the attention
distribution of each layer. Specifically, we assign learnable
weight coefficients to both the absolute position embedding
and the rotary position embedding of each layer:

P̃m
APE = λm

APE · P
m
APE , (9)

P̃m
RoPE = λm

RoPE · e
iθm

patch, (10)

where Pm
APE ∈ RNpatch×d and eiθm

patch ∈ RNpatch×d/2 are the
absolute and rotary position embeddings of the patch tokens
in the m-th Transformer layer. Their learnable layer-adaptive
weights are λm

APE and λm
RoPE , respectively. P̃m

APE ∈ R
Npatch×d and

P̃m
RoPE ∈ R

Npatch×d/2 are the corresponding adjusted position
embeddings.

IV. ANALYSIS

In this section, we conduct an in-depth analysis of our
proposed HTPE through attention maps. These attention maps
represent pairwise similarities between tokens, reflecting their
underlying relationships. By analyzing these maps, the inter-
pretability of HTPE is enhanced. We visualize the attention by
using color intensity to indicate the similarity between tokens.
Since the final Transformer layer is closest to the output, it

can directly reflect the model’s final attention distribution,
and therefore, we select the attention maps of this layer
for visualization. Figure 7 presents both the keypoint token
attention maps and the full token attention maps.

A. Keypoint Token Attention Map

As illustrated in Figure 7, we visualize the keypoint token
attention interactions across different images, comparing the
results before and after applying HTPE.

First, the attention interactions with HTPE show clear
boundaries across different token pairs, whereas the baseline
method produces more blurred separations (e.g., the top-
left region). In HPE, the relationship between a keypoint
and different keypoints should exhibit differences. Therefore,
HTPE demonstrates more discriminative attention patterns,
better captures key regions, and more accurately models inter-
keypoint relationships.

Second, the diagonal elements of the attention map represent
the similarity of each keypoint with itself. Theoretically, these
should stand out. With HTPE, attention along the diagonal is
clearly emphasized for each token, while the baseline fails to
highlight this effectively (e.g., the bottom-right corner), indi-
cating the attention distribution of HTPE is more reasonable.

Finally, in human structure, head keypoints are closely
related to one another but only weakly connected to the body
keypoints, while limb movement is relatively independent
from the head. Compared with the baseline, HTPE yields
clearer attention contours between head and body keypoints
(e.g., the bottom-left rectangle and the top-right rectangle),
better reflecting this structural characteristic.

B. Full Token Attention Map

Similarly, we visualize the full token attention maps for
different images in Figure 7. In the attention maps produced
by HTPE, there are three clear diagonal stripes. This aligns
with the inherent characteristic of human images, where each
patch and keypoint tends to have higher similarity with itself
and its neighboring regions. In contrast, the baseline method
lacks these distinct stripes. Instead, it presents multiple blurry
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diagonal stripes, suggesting that it fails to clearly distinguish
the most important regions. Furthermore, the baseline shows
artifacts in certain areas (e.g., the top-right corner), while
HTPE does not. These artifacts often represent anomalous
regions with redundant information [49], suggesting that the
attention distribution of HTPE is more rational.

In addition, we provide analyses of KP-RoPE, the learnable
offset and scale factors, computational cost, the complex-
valued formulation of q and k, and the transferability to other
structured tasks in the supplementary material.

V. EXPERIMENTS

In this section, we first evaluate the proposed HTPE on the
COCO [18], CrowdPose [19], and OCHuman [20] datasets.
Next, we conduct ablation studies on the components of our
method to help better understand it. We then construct a
challenging pose subset from MPII [50] with heavily rotated
and non-upright samples to examine the effectiveness of HTPE
under non-upright poses. Additionally, we analyze the failure
cases of the proposed HTPE under challenging scenarios.
Finally, we provide generalization evaluations of HTPE across
different models and tasks, as well as visualization results
under various scenarios in the supplementary material.

A. Implementation Details
1) Datasets: The COCO dataset consists of over 200k

images and approximately 250k annotated human instances.
Each instance is labeled with K = 17 keypoints that represent
the human pose. Our models are trained on the COCO
train2017 split, which contains 57k images. We individually
evaluated the models on both val2017, which contains 5K
images, and test-dev2017, which includes 20K images.

Compared to the COCO keypoint dataset, the CrowdPose
dataset poses a greater challenge due to its large number of
crowded and occluded scenes. It contains approximately 20k
images and 80k annotated human instances, each labeled with
14 keypoints. The dataset is split into roughly 10k training,
2k validation, and 8k testing images.

The OCHuman dataset represents one of the most chal-
lenging benchmarks for crowded multi-person pose estimation,
with an average MaxIoU (intersection over union of bound-
ing boxes) of 0.67 per person. It comprises 4,731 images
containing a total of 8,110 human instances. To ensure a
fair comparison, we follow the evaluation protocol described
in [20], training our models on the COCO training set and
evaluating on the OCHuman test set.

MPII is a classic 2D human pose dataset collected from a
wide range of real-world human activities, featuring diverse
poses and complex articulations. It consists of roughly 25,000
images, containing about 40,000 human subjects, each labeled
with 16 body keypoints.

We use the Rendered Hand Pose Dataset (RHD) [51] for 2D
hand pose estimation to evaluate the cross-task adaptability of
HTPE. The dataset contains 20 different characters performing
39 actions, split into a training set (16 characters, 31 actions)
and a validation set (4 characters, 8 actions). It provides 41,258
training images and 2,728 validation images at 320 × 320
resolution. Each image is fully annotated with a 21-keypoint
skeleton for each hand.

2) Evaluation Metric: For the COCO dataset, we adopt
the standard Average Precision (AP) as the evaluation metric,
which is calculated using Object Keypoint Similarity (OKS):

OKS =

P
i exp(−d2

i /2s2 j2i )σ(vi > 0)P
i σ(vi > 0)

(11)

where di is the Euclidean distance between the i-th pre-
dicted keypoint and its corresponding ground-truth location, ji
reprsents a per-keypoint constant, vi denotes the visibility flag,
σ denotes the indicator function, and s indicates the object
scale. We follow the standard COCO evaluation protocol [18]
and report standard average precision and recall scores: AP50

(average precision at OKS = 0.50), AP75 (average precision at
OKS = 0.75), AP (the mean of average precision scores at 10
positions, OKS = 0.50, 0.55,..., 0.90, 0.95), APM for medium
objects, APL for large objects, and AR (average recall) at OKS
= 0.50, 0.55,..., 0.90, 0.95.

The evaluation on CrowdPose and OCHuman also adopts
the standard COCO protocol, utilizing Average Precision (AP)
based on Object Keypoint Similarity (OKS) as the evalua-
tion metric. For the RHD dataset, we evaluate 2D keypoint
detection using the Percentage of Correct Keypoints (PCK),
considering a prediction correct if its distance to the ground
truth is within the threshold of the output size. For the
MPII dataset, we adopt the head-normalized probability of
correct keypoint (PCKh) metric for evaluation. PCKh@0.5 and
PCKh@0.1 indicate that a predicted keypoint is considered
correct if it falls within 50% and 10% of the head size from
the ground-truth keypoint, respectively, where the head size
is defined as 60% of the diagonal length of the ground-truth
head bounding box.

3) Settings and Training: We follow the top-down human
pose estimation paradigm. The input images are resized to a
resolution of 256 × 192. We adopt a commonly used human
detector provided by SimpleBaselines [23], which achieves
56.4% AP on the COCO validation set and 60.9% AP on
the COCO test-dev set.

a) Model setting: We apply HTPE to four models:
SDPose-S-V1, SDPose-S-V2, SDPose-B, and SDPose-T.

Specifically, we replace the original absolute position
embedding with the layer-adaptive hybrid patch posi-
tion embedding and add the structure-aware keypoint position
embedding. All other model configurations remain consis-
tent with those in the SDPose [17] paper. SDPose-B uses
HRNet-W32-stage3 as the backbone,while SDPose-S-V1,
SDPose-S-V2, and SDPose-T use Stemnet as the backbone.
SDPose-T contains only 6 Transformer layers, while SDPose-
S-V1 and SDPose-S-V2 each contain 12 Transformer layers.
The patch sizes are 4 × 3 for SDPose-S-V1 and 2 × 2
for SDPose-S-V2. We also apply HTPE to regression-based
methods. Specifically, we integrate HTPE into SDPose-RLE,
a variant of SDPose in which the original loss function is
replaced by the RLE loss. In addition, to demonstrate the
generality of HTPE, we also incorporate it into the TokenPose
[14], ViTPose [8], and PPT [15] models.

b) Training detail: For training small models on the
COCO dataset, we use 2 NVIDIA 2080ti GPUs, processing
32 samples per GPU. The optimizer used is Adam, with an
initial learning rate of 1e-3, which is reduced to one-tenth of its
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TABLE I
COMPARISON WITH HEATMAP-BASED METHODS ON THECOCO VALIDATION SET. THE INPUT IMAGE SIZE IS 256 × 192

TABLE II
COMPARISON WITH REGRESSION-BASED METHODS ON THE COCO VALI-

DATION SET. MODELS ARE RETRAINED AND EVALUATED ON MMPOSE

original value at the 200th and 260th epochs, respectively. All
tokenized pose estimation methods are trained for 300 epochs.

For larger models, we use 2 NVIDIA A40 GPUs. The
batch size is set to 384 for ViTPose-S and 64 for ViTPose-B.
We adopt a 256 × 192 input resolution and use the AdamW
optimizer with a learning rate of 5e-4. The models are trained
for 210 epochs, with the learning rate reduced by a factor of
0.1 at the 170th and 200th epochs, respectively.

Due to the small-scale experimental validation, the number
of training epochs on RHD is set to 120, while all other
training settings for CrowdPose, MPII, and RHD follow those
used for the COCO dataset. The speed and memory usage of
all methods were measured with a batch size of 1: on a single
2080Ti GPU for lightweight models and on a single A40 GPU
for larger models.

B. Main Results
1) Evaluation on COCO Dataset: We present a comparison

of HTPE applied to SDPose [17] with the SOTA models
on the COCO validation set and the COCO test dataset.

The experimental results are shown in Table I, Table II and
Table III, respectively. Whether compared to heatmap-based
methods or regression-based methods, our approach achieves
SOTA performance among lightweight models. SDPose with
HTPE achieves better performance compared to the baseline
methods with almost no increase in model parameters and
GFLOPs. Specifically, compared to SDPose [17], SDPose
with HTPE achieves significant performance improvements
in AP on Stemnet-T, Stemnet-V1, Stemnet-V2, and HRNet-
W32-stage3 [56] models, with gains of 1.3%, 1.8%, 1.6%,
and 1.0%, respectively. In particular, SDPose-T with HTPE
achieves 71.0 AP with only 4.4M parameters and 1.8 GFLOPs,
delivering results comparable to other small models while
requiring significantly fewer parameters and computations.
Furthermore, SDPose-RLE with HTPE achieves 73.8 AP with
5.7M and 2.4 GFLOPs, making it the most efficient regression-
based pose estimation model. Similarly, our approach achieves
SOTA performance on the COCO test set, showing notable
improvements over the baseline. As shown in Table III, our
method consistently outperforms baseline models of different
sizes, achieving improvements of 1.3%, 2.4%, and 1.7%,
respectively. When applied to regression models, our method
also achieves a 1.5% improvement. Although there is a slight
decrease in speed and a minor increase in memory footprint,
our method improves model performance with minimal addi-
tional parameters. In summary, these results provide strong
evidence for the effectiveness of HTPE.

2) Evaluation on Crowdpose Dataset: To demonstrate the
generalization and occlusion robustness of our method, we
conducted experiments on the CrowdPose dataset. As shown
in Table IV, SDPose with HTPE consistently outperforms the
baseline across different models and achieves SOTA perfor-
mance. Specifically, SDPose-S-V1 with HTPE surpasses the
baseline by 0.9 AP, while SDPose-S-V2 with HTPE improves
it by 3.3 AP. The performance improvement under occlusion

Authorized licensed use limited to: Anhui University of Science and Technology. Downloaded on June 25,2026 at 02:11:41 UTC from IEEE Xplore.  Restrictions apply. 



GU et al.: HUMAN-STRUCTURE-AWARE TOKEN POSITION EMBEDDING FOR TPE 6469

TABLE III
COMPARISON ON MSCOCO TEST-DEV DATASET. MODELS ARE RETRAINED AND EVALUATED ON MMPOSE

TABLE IV

COMPARISON WITH SOTA METHODS ON CROWDPOSE TEST
SET. THE INPUT IMAGE SIZE IS 256 × 192

TABLE V

RESULTS ON OCHUMAN TEST SET. THE INPUT IMAGE SIZE IS
256 × 192. ALL MODELS ADOPT STEMNET AS THE BACKBONE, AND

THEIR TRANSFORMER CONFIGURATIONS ARE CONSISTENT
WITH SDPOSE-S-V1. MODELS ARE RETRAINED AND

EVALUATED ON MMPOSE

conditions demonstrates the effectiveness of our human
structural modeling, as the human visual system regards
body structure as an effective prior for addressing occlusion.

3) Evaluation on OCHuman Dataset: To thoroughly val-
idate the effectiveness of our method under occlusion, we
further conducted experiments on the OCHuman dataset. The
OCHuman dataset is a more challenging dataset involving
severe occlusions. As shown in Table V, HTPE improves
the performance of all evaluated models and achieves SOTA
results. In particular, TokenPose equipped with HTPE outper-
forms its baseline by 1.4 AP, whereas PPT improves by of
2.7 AP. We observe that adding HTPE results in only a 0.1 AP
improvement for SDPose, while the performance of SDPose,

TABLE VI

ABLATION STUDIES FOR EACH MODULE. ALL ABLATION EXPERIMENTS
ARE BASED ON SDPOSE-S-V1, IMPROV. = IMPROVEMENT

TokenPose+HTPE, and PPT+HTPE is comparable. This sug-
gests that SDPose has already fully exploited the potential
of the current lightweight Transformer architecture, reaching
performance saturation. Consequently, further incorporating
structural and positional information yields limited improve-
ments. In summary, experimental results on the OCHuman
dataset further demonstrate the robustness of our proposed
HTPE to occlusions.

C. Ablation Study
1) Major Modules: We conduct several ablation experi-

ments to verify the effectiveness of major modules in HTPE.
As shown in Table VI, all proposed modules benefit our
model. Specially, SAKPE alone improves performance by
0.7%. In addition, when SAKPE is used alone on PPT-S, it
achieves an improvement of 3.2% (see Figure colorblue12). It
fully demonstrates the effectiveness and generality of SATPE.
Furthermore, LHPPE brings an improvement of 1.3%. All
modules together bring the best performance, which signif-
icantly improves the performance by 1.8%. Overall, each
module plays a role and they work collaboratively to effec-
tively capture and utilize the positional information of the
tokens.

To clarify the individual contribution of each component,
we perform ablation studies on every component within both
SAKPE and LHPPE.

2) Keypoint Token Coordinate Encoding in SAKPE: We
conduct an ablation study on the Keypoint Token Coordinate
Encoding (KTCE) to specifically evaluate its standalone effec-
tiveness. For a fair comparison, all original human keypoint
coordinates are replaced with a constant value of 1.0, while
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TABLE VII

ABLATION STUDIES FOR THE KEYPOINT TOKEN COORDINATE
ENCODING (KTCE) OF SAKPE

TABLE VIII

ABLATION STUDIES FOR LEARNABLE FACTORS ξ AND β OF SAKPE

TABLE IX
ABLATION STUDIES FOR THE K-ROPE OF SAKPE

TABLE X
ABLATION STUDIES FOR P-ROPE OF LHPPE

keeping all other settings unchanged. Since multiplying any
value by 1.0 does not alter its magnitude, this modification
effectively removes the human structure information, forming
a proper baseline without KTCE. As shown in Table VII,
incorporating KTCE leads to a 0.7% improvement. This
demonstrates that KTCE is an indispensable component of
HTPE, providing critical structural cues that significantly
contribute to the overall performance.

3) Learnable Parameters ξ and β in SAKPE: We carry
out ablation analyses on the learnable parameters ξ and
β in SAKPE. Table VIII shows that the introduction of
learnable factors ξ and β individually improves the model’s
performance. These results further quantitatively validate the
effectiveness of the learnable scale and offset factors in adapt-
ing to various pose variations.

4) K-RoPE in SAKPE: To assess the individual contribu-
tion of K-RoPE, we perform an ablation study. Specifically,
the Keypoint-based Rotary Position Embedding (K-RoPE) is
substituted with the original direct addition mechanism, while
all other configurations remain unchanged. In this baseline,
the keypoint position encodings (x̃kpt, ỹkpt) are directly added
to the keypoint tokens [17]. The performance of this baseline
is then compared with the full K-RoPE implementation. As
illustrated in Table IX, incorporating K-RoPE alone leads
to a 0.4% improvement in AP, corroborating its efficacy in
enhancing the model’s performance.

TABLE XI
ABLATION STUDIES FOR THE LEARNABLE

PARAMETERS ω AND λ OF LHPPE

TABLE XII
COMPARISON OF DIFFERENT POSITION EMBEDDINGS. “APE (PATCH)”

DENOTES THAT THE ABSOLUTE POSITION EMBEDDING IS APPLIED
ONLY TO PATCH TOKENS, WHILE OTHER POSITION EMBED-

DING METHODS ARE APPLIED TO ALL TOKENS

5) P-RoPE in LHPPE: To investigate the effect of P-RoPE
in isolation, we perform an ablation study by omitting it from
the model. As shown in Table X, removing P-RoPE causes
a 1.1% decrease in performance. This highlights the signif-
icance of P-RoPE, which effectively encodes the positional
relationships among patch tokens.

The computational overhead of P-RoPE and K-RoPE is very
small, even smaller than that of the slicing operations used to
extract keypoint or patch tokens. As a result, removing P-RoPE
or K-RoPE leads to longer computation time than HTPE.

6) Learnable Parameters ω and λ in LHPPE: Table XI
demonstrates that the learnable frequency ω in LHPPE sig-
nificantly enhances the model’s performance. Specifically, the
learnable frequency ω leads to a 1.1% improvement in AP.
The results suggest that the learnable frequency facilitates
the integration of 2D information. Furthermore, introduc-
ing the layer-adaptive weights λ can also improve the model’s
performance. It indicates that adaptively learning absolute
and relative positional information according to the attention
distribution of different layers can further exploit the potential
of token positional relationships.

7) Position Embedding: To validate the effectiveness of
our proposed KP-RoPE, we conduct experiments comparing it
with different position embeddings, including APE [42], RPE
[43], RoPE [46], iRPE [44]. For APE, we encode both patch
coordinates and keypoint token coordinates into sinusoidal
positional embeddings in a unified manner. For RPE, we
employed a learnable bias matrix to capture the relative posi-
tional information between tokens. For RoPE, we simply apply
the rotary position embedding described in RoFormer [46] to
both patch tokens and keypoint tokens, without any adaptive
fusion between the X-axis and Y-axis. For iRPE, considering
the full interaction between keypoint tokens and patch tokens,
as well as the fusion of the X-axis and Y-axis information, we
adopt the contextual mode based on the product method. As
shown in Table XII, KP-RoPE reaches 74.1 AP, while APE,
RPE, RoPE, and iRPE reach 72.0 AP, 70.8 AP, 73.8 AP,
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TABLE XIII
RESULTS OF OUR METHOD ON THE NON-UPRIGHT POSE DATASET. THE

INPUT IMAGE SIZE IS 256 × 192. ALL MODELS ADOPT
STEMNET AS THE BACKBONE

72.9 AP, respectively. Our proposed KP-RoPE outperforms
other position embeddings. This can be attributed to the fact
that KP-RoPE not only effectively learns relative positional
information but also better facilitates the coupling between
patch position embedding and keypoint position embedding.
From the perspective of inference cost, our method has the
smallest number of parameters and the lowest GFLOPs, while
incurring slightly higher memory consumption and infer-
ence latency. Overall, our method prioritizes computational
efficiency and model compactness, achieving state-of-the-art
performance at the cost of only a minor increase in memory
consumption and inference latency.

D. Robustness to Non-Upright Poses.
We evaluate the performance of HTPE on a non-upright

pose dataset, which is constructed by selecting non-upright
samples from the MPII [50] validation set. The MPII dataset
covers diverse human poses and a wide range of human
activities (over 800 categories), with all images collected from
complex real-world scenarios (sourced from YouTube videos).
Therefore, the constructed non-upright pose dataset provides
sufficient data coverage and is more aligned with real-world
scenarios. The constructed non-upright pose dataset contains
65 images and almost covers all non-upright pose samples
in the MPII validation set. It encompasses a diverse set of
poses, including handstands, gymnastics, yoga, lying, and
swimming. As shown in Table XIII, when the threshold is set
to 0.1, HTPE achieves an improvement of approximately +1.2.
Notably, when the threshold is set to 0.5, the improvement
brought by HTPE is only +0.1, indicating relatively limited
gains. Therefore, under large pose rotations, HTPE mainly
improves the localization accuracy of easy keypoints, while
the improvement on challenging keypoints remains limited,
indicating that there is still room for further enhancement in
modeling structural priors under such scenarios. In conclusion,
although upright poses dominate real-world scenarios and
HTPE performs well in such cases, non-upright poses still
pose certain challenges.

Additional visualizations are provided in the supplementary
material. In future work, we will explore more flexible mod-
eling strategies, such as rotation-aware coordinate systems, to
further improve performance on non-upright poses.

E. Failure Analysis
Figure 8 presents the failure cases of our HTPE. Our

approach mainly exhibits two types of failures. The first type
arises in severely crowded scenes. In such cases, the large
number of people and their significant overlap make it hard
for the detector to accurately locate each human bounding

Fig. 8. Failure cases of our method. Example images are taken from the
CrowdPose dataset.

box. Moreover, the occlusions introduced by crowding further
hinder the pose estimation process. Therefore, dealing with
severe crowding remains an open challenge. The second type
of failure arises in heavily occluded scenes, where the human
body is obscured not only by other people but also by various
objects. In many cases, even human observers may find it
difficult to accurately identify the pose. In future work, we
plan to tackle these challenges by leveraging the extensive
world knowledge of multimodal large models and employing
more advanced human modeling techniques.

VI. CONCLUSION

In this paper, we propose a human-structure-aware token
position embedding for tokenized pose estimation, HTPE. It
injects human body structure priors into the keypoint token
position embedding, fully leveraging the inherent relative
positional relationships between keypoints. Additionally, it
adaptively learns relative and absolute positional information
based on the attention distribution of different Transformer lay-
ers, further capturing the spatial relationships among patches.
Extensive experiments demonstrate the effectiveness of the
proposed HTPE method. In short, HTPE achieves SOTA
performance among lightweight HPE models with almost a
slight increase in computational cost. We believe that encoding
structure characteristics into position embeddings may inspire
other vision tasks, such as image segmentation, object detec-
tion, and human action recognition, etc.
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