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ARTICLE INFO ABSTRACT

Keywords: 2D-to-3D lifting is a fundamental approach in 3D human pose estimation (3DHPE). This task is crucial
3D HPE in applications, including motion analysis and virtual reality. While Graph Convolutional Networks (GCNs)
Graphfwn"omtlon have demonstrated effectiveness in capturing spatial relationships in human skeletons, they suffer from over-
Transformer

smoothing and limited receptive fields. Transformer-based models provide global context but struggle with
local feature extraction and computational efficiency. To address these challenges, we propose ADGT, a novel
parallel GCN-transformer architecture combining the strengths of both approaches. Our method introduces
three key innovations: Hop-Wise Scalable Adaptive GCN to refine local feature extraction, Attention-Based
Local Feature Extractor to enhance the integration of local and global representations, and Register-Based
Transformer Enhancement to improve feature separation. Extensive experiments on Human3.6M and MPI-INF-
3DHP datasets demonstrate ADGT achieves state-of-the-art performance among frame-based methods while
maintaining computational efficiency. These results highlight the potential of ADGT for real-time applications
requiring accurate and efficient 3DHPE. The code is available at https://github.com/sYANGunique1111/ADGT.

1. Introduction

3D human pose estimation (HPE) is a fundamental task in computer
vision that aims to reconstruct 3D joint positions from 2D input data
such as images or videos. Accurate pose estimation is crucial in various
applications, including action recognition [1-4], motion capture, vir-
tual reality, and human—computer interaction. While early approaches
relied on conventional deep learning models, recent advancements
have demonstrated the benefits of leveraging graph-based methods
and Transformer-based architectures to enhance spatial and temporal
feature extraction.

A key challenge in 3D HPE is the 2D-to-3D lifting problem, where
detected 2D joint locations are mapped into a 3D space. Existing
methods can be broadly categorized into frame-based approaches and
video-based approaches. Frame-based approaches [5-9] process one
frame at a time and aim to estimate 3D poses by exploring spatial
features of 2D poses. In contrast, video-based approaches [10-13]
analyze sequences of consecutive frames, incorporating both spatial and

* This paper has been recommended for acceptance by Junsong Yuan.
* Corresponding author.

temporal dependencies for improved depth estimation. While video-
based methods generally achieve better accuracy, they require larger
models and higher computational resources, which can limit their
feasibility in real-time applications.

GCNs have been widely adopted in frame-based HPE due to their
ability to model human skeletal structures as graph-structured data.
These methods aggregate spatial features from neighboring joints, en-
abling effective pose estimation. However, deep GCNs often suffer
from over-smoothing [14] and over-squashing [15], leading to feature
indistinguishability in deeper layers. Kreuzer et al. [16] point out that
the inherent limitations, e.g., over-smoothing and over-squashing, of
deep GCNs could be alleviated by allowing graph nodes to attend global
attention. Meanwhile, recent methods [13,17-19] in pose estimation
attempt to integrate Transformers to offer global receptive fields and
dynamic attention mechanisms. Nevertheless, naive combinations of
GCNs and Transformers risk receptive field mismatches and ineffective
feature fusion, limiting performance gains.
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As shown in Fig. 1, existing Graph-Transformer architectures can
be classified into sequential and parallel architectures. In sequential
architectures, such as those proposed by Zheng et al. [13], GCN layers
extract spatial features first, which are then refined by Transformer lay-
ers to enhance global relations. However, this approach can introduce
feature misalignment due to differences in receptive fields. Parallel
architectures, such as the work by Kreuzer et al. [16], attempt to
mitigate over-smoothing and over-squashing issues by allowing GCNs
and Transformers to operate simultaneously on the same hidden states.
Despite their advantages, the use of parallel architectures in HPE has
been underexplored, motivating our proposed solution.

To address key limitations such as receptive field mismatch in
sequential architectures, over-smoothing and over-squashing in deep
GCNs, and inefficient fusion of local and global features, we propose
ADGT. Inspired by [16], ADGT adopts a parallel GCN-transformer
architecture to ensure human joints participate simultaneously in local
and global feature extraction. The global features are then combined
with local features to alleviate the aforementioned challenges in deep
GCNs. Unlike sequential architectures, such a parallel structure ensures
that GCNs and Transformers operate on shared hidden states, prevent-
ing feature degradation due to receptive field disparities. However,
naively combining these embeddings through summation or concate-
nation can lead to misaligned receptive fields. To overcome this, we
introduce an attention-driven interaction mechanism (ALFE) that dy-
namically refines global embeddings by selectively integrating relevant
local features, leading to a more effective and interpretable fusion of
spatial and contextual information. Key components of our approach
include:

+ Hop-Wise Scalable GCN (HS-GCN): A mechanism to extract
multi-hop local features with adaptive scaling.

Attention-Based Local Feature Extractor (ALFE): A module that
dynamically refines global embeddings by selectively incorporat-
ing relevant local features.

Register-Based Enhancement for Transformer (RET): Inspired
by memory tokens [20-22], we integrate register tokens within
the Transformer to facilitate the separation of global and lo-
cal feature representations, improving accuracy on high-variance
joints such as hands and feet. To the best of our knowledge, our
approach is the first to introduce registers in 3D HPE to predict
more accurate joint locations.

Extensive evaluations on the Human3.6M [23] and MPI-INF-3DHP
[24] datasets demonstrate that our approach achieves state-of-the-art
performance while maintaining computational efficiency. By effectively
integrating graph-based local feature learning with attention-driven
global reasoning, ADGT provides a promising direction for advancing
3D human pose estimation.

2. Related works

3D human pose estimation (HPE) has seen significant advance-
ments, primarily driven by two key methodological paradigms: GCN-
based
Approaches [12,25-27] and Graph-Transformer-based Approaches [13,
17-19]. While graph convolutional networks (GCNs) leverage the nat-
ural skeletal structure of the human body, Transformers have demon-
strated the ability to capture long-range dependencies. The combi-
nation of these methods has motivated various architectural innova-
tions, yet challenges persist in balancing receptive fields, mitigating
over-smoothing, and ensuring computational efficiency. Moreover, 3D
HPE serves as a critical foundation for a wide range of skeleton-
based tasks. For instance, Cao et al. [28] propose a Hierarchical
Spatial-Temporal Masked Contrast (HSTM) framework for unsupervised
skeleton-based action recognition. On top of attention-based Deep Con-
volutional GRU (DC-GRU) [29], Dey et al. [30] extend this approach
with an Attention-driven Residual DC-GRU model tailored for workout
action recognition.
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Fig. 1. Two types of graph-transformer architectures.

2.1. GCN-based approaches

Graph convolutional networks (GCNs) have been widely employed
in HPE due to their ability to process structured skeleton data. They
operate by aggregating spatial information from neighboring joints,
making them effective for frame-based pose estimation. Early works,
such as Kipf and Welling [31], established the foundation for graph
convolutions, inspiring later applications in pose estimation [9,19,25,
26].

Zhao et al. [12] introduced Semantic Graph Convolution Networks
(SemGCN), which leverage learnable adjacency matrices to capture
semantic relationships between joints. Similarly, Ci et al. [26] proposed
a locally connected network that integrates a structure matrix and a
weight matrix to enhance joint relationships. Zhou et al. [32] extended
this by introducing high-order adjacency matrices, enabling a more
refined extraction of multi-hop dependencies. Xie et al. [33] introduce
HOGFormer, a novel architecture for 3D HPE that combines high-order
GCNs and transformers. Hong et al. [34] present a Stacked Capsule
Graph Convolutional Network for 3D HPE, aiming to exploit better the
hierarchical and part-aware structure of the human body.

Despite their effectiveness, GCNs face critical challenges such as
over-smoothing, where node features become indistinguishable as lay-
ers deepen [14]; over-squashing, where global context is compressed
in deep networks [15]. These issues have led to hybrid approaches
integrating global attention mechanisms to complement GCNs. Our
proposed ADGT model addresses these limitations by incorporating
a Hop-wise Scalable GCN (HS-GCN), which dynamically refines local
features at different hop levels, effectively mitigating over-smoothing
while enhancing local feature representations. Unlike [32], which em-
ploys a high-order convolution operator combined with an adaptive
filtering module to adjust convolution weights based on local graph
structures dynamically, our proposed HS-GCN introduces an additional
learnable scaling mechanism that adaptively modulates the influence
of different hop distances, ensuring a more flexible and context-aware
feature propagation. This allows HS-GCN to selectively amplify or
suppress multi-hop dependencies based on the structural and feature-
based significance of each joint, leading to improved representation
learning for human pose estimation.

2.2. Graph-transformer-based approaches

To mitigate the limitations of GCNs, recent efforts have integrated
Transformer architectures, benefiting from their global receptive fields
and dynamic attention mechanisms. The Transformer model, originally
introduced by Vaswani et al. [35], has been adapted for pose estimation
in several ways [13,17-19].
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Zhu et al. [36] developed PoseGTAC, which alternates between
graph convolutions and Transformer layers to balance local and global
feature extraction. Chen et al. [17] proposed DGFormer, which dynam-
ically updates adjacency matrices using a Transformer-based feature
refinement process. Meanwhile, Mehraban et al. [18] designed Motion-
AGFormer, a parallel framework incorporating GCNs and Transformers
to model spatial and temporal pose dynamics. Observing the lim-
ited capacity of transformers to process channel information as the
number of attention heads increases, Huang et al. [37] propose a
Channel MLP module, which significantly improves the performance
of TokenPose [38].

The challenge in combining these architectures lies in their re-
ceptive field mismatch: GCNs emphasize local relationships, whereas
Transformers capture global dependencies. Simple sequential arrange-
ments [11,13] can lead to ineffective fusion, while naive paralleliza-
tion [16] may not fully exploit cross-modal information. Moreover,
introducing attention mechanisms must be carefully structured to avoid
redundant computations and over-parameterization. Unlike existing
methods, our ADGT model leverages a parallel fusion strategy with
an attention-based local feature extractor (ALFE). This ensures that
local embeddings dynamically enhance global representations, leading
to more accurate 3D pose estimations.

2.3. Memory tokens in transformer architectures

Memory tokens, also called register tokens, have recently been
introduced as a mechanism to store intermediate representations within
Transformer models, enhancing their ability to process structured and
sequential data [20-22]. Originally proposed for NLP tasks, memory
tokens have found applications in computer vision and 3D pose esti-
mation by enabling Transformers to retain essential information while
reducing redundant computation.

Darcet et al. [21] demonstrated that memory tokens can improve
vision Transformers by acting as a persistent memory unit that stores
critical information across layers. Rao et al. [22] further explored token
sparsification strategies, ensuring that specific tokens are dedicated
to capturing local or global dependencies separately. In the context
of HPE, these memory tokens can alleviate information loss in deep
Transformer stacks by storing excess global context and allowing other
tokens to focus on refining local feature representations.

By leveraging memory tokens, our approach enables Register-Based
Enhancement for Transformers, ensuring that global embeddings are
appropriately distributed while allowing finer local feature extraction.
This strategy particularly benefits high-variance joint locations such as
hands and feet, where detailed pose estimation is critical.

2.4. Bridging the gap: Our approach

To address the above-discussed challenges, we propose ADGT, a
novel parallel GCNs-Transformers framework for 2D-to-3D lifting that
balances the advantages of both architectures:

+ Parallel GCN-transformer Fusion: Unlike sequential designs
[46], our method processes spatial embeddings simultaneously in
both GCN and Transformer branches.

Hop-Wise Scalable GCN (HS-GCN): Extending the idea of high-
order adjacency matrices [32], we introduce adaptive scaling
factors to refine local features at multiple hop levels dynamically.
Attention-Based Local Feature Extractor (ALFE): Instead of
directly combining GCN and Transformer outputs, we introduce
a query-key mechanism that enables global embeddings to se-
lectively extract useful local features, inspired by the query-key
paradigm in Transformers [35].

Register-Based Enhancement for Transformers: Inspired by
memory tokens [20-22], we incorporate registers to store ex-
cessive global information, allowing other Transformer tokens to
focus on extracting refined local details. This approach enhances
high-variance joint predictions (e.g., hands, feet), which are often
misestimated in prior works.
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3. Methodology
3.1. Preliminary

Given 2D joint detections X,;, € R¥*2, where N is the number of
joints, the objective is to predict the corresponding 3D joint positions
X;p € RVX3, This problem is framed as a 2D-to-3D lifting task, where
spatial relationships between 2D joint locations must be leveraged to
infer their depth and 3D structure.

To achieve this, we propose ADGT, a parallel GCN-transformer
architecture that simultaneously processes local and global represen-
tations. As illustrated in Fig. 2, our framework consists of three core
components:

» Hop-wise Scalable GCN (HS-GCN): A graph-based module that
extracts multi-hop local features with adaptive scaling.

+ Register-Based Transformer Enhancement (RET): A Transformer-
based mechanism incorporating register tokens to improve the
separation of global and local representations, enhancing accu-
racy in high-variance joints.

« Attention-Based Local Feature Extractor (ALFE): A module that
dynamically integrates local and global embeddings, allowing
global features to selectively refine themselves using relevant
local information.

Both HS-GCN and RET operate in parallel on shared hidden states,
ensuring efficient feature extraction while preventing receptive field
mismatches that typically arise in sequential architectures. The ALFE
module further refines this fusion by dynamically attending to local fea-
tures, improving the expressiveness of global embeddings. Through this
parallel processing and adaptive feature integration, ADGT achieves
more accurate and robust 3D human pose estimation, as demonstrated
in subsequent sections.

3.2. ADGT

While [13] alternatively combines GCNs and Transformers, which
could lead to unmatched receptive fields. As shown in Fig. 2, our
proposal adopts a parallel architecture to alleviate the receptive-fields
problem and dynamically aggregate derived from the two mechanisms.

Given 2D detections X,;, € RN*2, we first map them to C-
dimensional hidden states H;, € RV*C, with linear projection f,,,,,4(.)
2-C:

Hin = fembed(XZD)’ Hin € RNXC’ (€9)]

The H;, embeddings are input to ADGT layers. In each ADGT layer, the
hidden states are simultaneously forwarded to the Hop-wise Scalable
GCN (HS-GCN) and the Register Enhanced Transformers (RET) to com-
pute hop-wise local embeddings H,, € RV*C and register-enhanced
global embeddings H,, € RNXC. Given H! € RNXC as input to
¢-th ADGT layer, the local and global embeddings at Z-th layer are
generated as:

H/ = HS-GCN’(H.) 2
¢ _ ot
H! = RET’(H[), 3

where # € {0, 1, ..., L} stands for layer indices. As the two embeddings
have different receptive fields, a simple combination might comprise
excessive information. To mitigate the impact of receptive-field differ-
ences, we consider local embeddings as auxiliaries to provide additional
local information and introduce the ALFE module that enables global
embeddings H,,, to selectively extract local embeddings from H,. The
extracted local embeddings at #-th are conducted following:

H! = ALFE‘(H[ ,H’ ), H, €RN*C. (€))

x ret
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To effectively integrate local and global embeddings, we concatenate
them and pass the combined representation through a Multi-Layer
Perceptron (MLP), enabling comprehensive feature aggregation:

14 Hf’ )),Hf e RNXC. 5)

ex’ "ret com

[ 4
H[, = MLP’(Concat(H

To ensure stable feature representations during forward propagation,
we incorporate a skip connection in each ADGT layer, updating the
joint features at layer ¢ + 1 as follows:

+l _ gt
HY'=H

¢
com + Hin' (6)
To predict 3D joint locations, we employ a linear regressor, f.,q.e(-)
C — 3, that directly maps the final hidden states H, oLu , to 3D coordinates,
X3 p, eliminating the need for additional graph filters:

X3D = fregrexs(Hgl,;r)' (7)

The implementation is designed with the assumption that the output
hidden states HZ, represent locally enhanced global features. Each joint
token vector is deemed sufficiently expressive for accurate 3D joint
location regression, eliminating the need for additional information

extraction from neighboring joints during regression.

3.3. Hop-wise scalable GCN (HS-GCN)

To effectively complement Transformer-based global feature ex-
traction, the GCN module must capture comprehensive local features.
While Graph Attention Networks (GAT) [39] achieve this by construct-
ing dynamic node connections with global attention, their functionality
overlaps significantly with Transformers, making them less suitable
as auxiliary modules. An alternative approach, as proposed in [32],
employs high-order adjacency matrices A" to capture multi-hop depen-
dencies, enhancing local feature extraction. However, expanding the
receptive field through higher-order neighbors can lead to excessive
information aggregation at central joints, potentially degrading feature
distinctiveness.

To address this, we introduce Hop-wise Scalable GCN (HS-GCN),
which performs graph convolutions at multiple hop levels while dynam-
ically adjusting feature importance. Instead of relying on predefined
adjacency matrices, our method generates distinct hop-wise adjacency
matrices that explicitly define connections between joints and their k-
hop neighbors, see Fig. 3. Furthermore, we introduce learnable scaling
factors that adaptively modulate the influence of different hop distances
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based on the input features, ensuring a more flexible and context-
aware local feature representation. One example of HS-GCN pipeline
is presented in Fig. 4. Given k for hop indices, and H;, as input hidden
states, the k-hop graph convolution at #-th layer is defined as:

1

1
R
hi =D, zAka ZHka , hi e RNXC ®
H;i,,, = Concat(hf’hg, ,hi), H;:OP € RKXNXC ©

where 4, € RM*N is k-hop adjacent matrix; D, € RM*N is k-hop
degree matrix; W/ € RV*C is weight matrix for kth hop-wise graph
convolution. To combine different hop features, we introduce scaling
factors a = {ay, @y, ..., a;}, where @ € R¥*V and «; € RV to modulate
H,,,. To derive scaling factors at ¢-th layer, a’, we first compute
attention maps S with H fop and HY:

S = H? T

hop in’® (10)

where S? € REXNXN contains K attention maps. To compute scaling
factors a’ from the attention maps S?, we first reduce the last di-
mension of S’ with summation, then apply a Softmax(.) function to
normalize the summed S’ along K dimension:

al = Softmaxy <Z Sf,:,n)'
n

The hop features H' ,‘fop are scaled using an element-wise product with

al

1D

Hf = RKXNXC

scale

=a’ 0 H'

‘¢
H hop’

scale

12)
Last, H is deduced with summation of HY,  along K dimension.

13)

 _ 12 14 NxC
Hhs - 2 Hscale,k,:;’ Hhs eR .
k

The method is able to dynamically tune importance node features at
different hop levels with interaction between local and input embed-
dings.

To enhance local-global interaction, we attempt another method
to derive scaling factors from attention between H,,, and H,,. This
variant is denoted as HGS-GCN. The architectures of HGS-GCN and HS-
GCN are shown in Fig. 5. Experiments to compare and discuss the two
methods are presented in an ablation study.

3.4. Register-based enhancement for transformers

Registers are extra tokens for transformer architectures to store
specific information. The learned features by register tokens are not
forwarded to the next layer. This idea was first proposed by Burtsev
et al. [20] as memory tokens to store excessive information, Darcet
et al. [21] further illustrated the functionality of register tokens in
capturing low-informative features for Vision Transformers [40,41]

in regressive tasks, such as image classification. Inspired by the two
prior works, we attempt to deploy registers as additional tokens to
register excessive global information, thus other tokens would focus
on more local information. Our motivation for introducing registers in
transformer architectures is to alleviate transformer tokens extracting
excessive global information, which might impact prediction accuracy
for 3D joint locations. Ablation studies are launched to study the
information stored in register tokens and to evaluate their effectiveness.

Specifically, our register tokens are randomly initialized following a
standard normal distribution. These tokens are learnable and are con-
catenated with the input tokens, participating in all operations within
attention mechanisms (e.g., generating representations, and conducting
self-attention [35]). The difference from input tokens is that the register
tokens are not the output of transformer architectures. Given input
hidden states at #-th layer as H’, we first concatenate H’ with M
randomly generated register tokens, denoted as H,, € RM*:
H? — [Hf' HY le RWN+M)XC

intreg in’ " “reg

14

Instead of directly forwarding the combined H?

intreg 1O Transformers,
. . f .
we first project the H;, +reg 1O generate the 3 representations Query
Q¢ € R¥NXP Key K? € RV*P, Value V/ € RN*C with the matrices
qu € RExD, ka € RO w7 e REXC. The representations are input
into Transformers to conduct an attention operation:
HY, = Attention(Q”,K?, V%), H., & RWN+MXC,

attn

(15)

Since the HY,  is derived from H?, +reg> it contains N input tokens and
M register tokens. As the register tokens are introduced only to store
global information, it is not necessary to forward them to the next layer.
Therefore, we select the first N tokens from H ;’;m to output, and discard
the remaining M register tokens. The output token embeddings from
the RET module at #-th layer are denoted as H,

ret®

3.5. Attention-based local feature extractor (ALFE)

Existing approaches often combine GCN and Transformer embed-
dings through simple summation or concatenation [16], which may
lead to suboptimal fusion due to mismatched receptive fields. To ad-
dress this, we introduce the Attention-based Local Feature Extractor
(ALFE), which enables global embeddings to selectively extract relevant
local features through a query-key attention mechanism, enhancing the
integration of spatial and contextual information.

Specifically, the ALFE module first projects H,, and H,, to key-
query pairs, then computes their similarities. the matrix is passed to
a Softmax(.) function to generate weights for aggregating information
from Hj,. Denoting the extracted local information by H,, the detailed
extraction process in 7-th layer is computed as:

14 £ \T
Hret(Hhs) )Hf

\/E hs’

Hf} = Softmax( (16)
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where d refers to the number of channels in H,, and H,,,. The aggre-
gated features H,, are forwarded into an MLP layer with a residual
connection. Function LayerNorm(.) is employed before the MLP layer
to stabilize the input data as:

Hei = MLP(LayerNorm(HIip)) + H{f‘ 17)

The extracted local features H’_will be compensated to H,,, to enhance
global embeddings.

3.6. Loss function

Our loss function aims to minimize the errors between the predicted
and ground-truth poses:

e= & B (lr -2,

where J3P and J3P are ground-truth and estimated 3D joint positions
of the ith joint respectively, N indicates the number of joints in a
mini-batch.

4. Experiments

We first give experimental settings and implementation details of
ADGT model in Section 4.1. Our experimental results and comparisons
with state-of-the-art methods are reported in . Finally, some ablation
studies are presented in Section 4.3.

4.1. Experimental settings

Datasets. We evaluate our method on two datasets, i.e.,
Human3.6M [23] and MPI-INF-3DHP [24]. The Human3.6M dataset is
currently the most commonly accepted indoor-scene dataset for HPE
with more than 3.6 million frames. It records 11 subjects with 15
assigned actions and detects human joint positions with 4 cameras at
different viewpoints. Following previous work [13], we train our model
with subjects of S1, S5, S6, S7, and S8 and evaluate on subjects of S9
and S11. A single pose in Human3.6M comprise 32 joints, we follow
previous works [13] to select 16 joints (Hip, Right hip, Right knee,
Right ankle, Left hip, Left knee, Left ankle, Spine, Thorax, Head top,
Left shoulder, Left elbow, Left wrist, Right shoulder, Right elbow, Right
wrist) for pose estimation. MPI-INF-3DHP dataset, on the contrary,
contains not only indoor scenes but also complex outdoor scenes. It is
widely adopted to assess the generalizability of HPE methods. We use
the test set of MPI-INF-3DHP [24] to validate our method. MPI-INF-
3DHP contains 17 joints. To ensure consistency with the Human3.6M
setting, we omit the ‘“Nose” joint during evaluation.

Evaluations. For the Human3.6M dataset, we apply the standard Mean
Per Joint Position Error (MPJPE) [23] and Procrustes-aligned Mean Per
Joint Position Error (P-MPJPE) [42] metrics, referred to as Protocol #1
and Protocol #2, respectively. MPJPE computes the direct Euclidean
distance between the ground-truth and predicted joints, using the same
formulation as in Eq. (18). In contrast, P-MPJPE calculates this error
after applying a rigid Procrustes alignment between the predicted and
ground-truth poses. We use the Area Under the Curve (AUC) and the
Percentage of Correct Keypoints (PCK) metrics for evaluations on the
MPI-INF-3D dataset as suggested in [24]. The PCK metric is defined as:

N
PCK(7) = % P (“Jiw ), < T)’ (19)
where 7 is the threshold to determine valid detections. The AUC metric
computes a mean over PCK values at multiple thresholds. Follow-
ing previous works [11,12], we evaluate on the PCK metric with a
threshold of r = 150 mm and on the AUC metric for a range of PCK
thresholds.
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Implementation Details. We adopt 5 ADGT layers to train and eval-
uate, each layer has C = 96 dimensions. We adopt K = 3 for HS-GCNs
and M = 8 registers for Transformers. The settings are attained by trial
and error. Following the work in [9], we take both ground-truth and
detected 2D poses from the cascaded pyramid network (CPN) [25] to
train our model. Our model is trained with 100 epochs on both ground-
truth and detected 2D poses. No extra datasets or data augmentation
are utilized in training. We adopt Adam optimizer [43] with an initial
learning rate of 0.001, and a batch size of 256 when training with
ground-truth 2D poses. The learning rate decays every 2 epochs with a
decaying rate of 0.9. When detected, 2D poses obtained from CPN are
used; the model is trained with an initial learning rate of 0.0008 and a
decaying rate of 0.95 for every 2 epochs. Our model is developed using
the PyTorch framework and trained on one NVIDIA Quadro RTX 8000
GPU.

4.2. Experimental results and comparisons

We compare our method with frame-based approaches [7,12,13,17,
26,44-47] on the Human3.6M using detected 2D key points as input
and MPJPE as evaluation metric. The results are shown in Table 1.
ADGT achieves 50.1 mm on average, which significantly outperforms
most of the competing methods and attains 1.5 mm improvement
compared to the method on the second rank [17]. We also compare the
Procrustes-aligned accuracy (Protocol #2) with other state-of-the-art
works on detected 2D poses in Table 2. Our method achieves 39.2 mm
on average with 0.8 mm lower than the 2nd best method. Despite high
uncertainties from detected 2D key points, our method achieves com-
paratively higher accuracy than other state-of-the-art methods under
the two metrics, which validates the effectiveness and robustness of our
model. Even though our method achieves the best performance in terms
of action-wise average losses, it does not outperform all other methods
on every individual action. This is primarily because certain actions,
e.g., “Sitting” and ”SittingD”. often involve greater self-occlusion and
more complex body configurations. Detected 2D poses from these
actions typically introduce higher uncertainty. Our method is designed
for general-purpose 3D pose estimation rather than being specifically
tailored to handle actions with high ambiguity and complexity. As a
result, the ADGT model does not achieve the best results across all
action categories.

To further evaluate our approach, we benchmark against state-of-
the-art video-based methods [18,48-52] under the same experimental
settings as the frame-based methods. The results on MPJPE and P-
MPJPE are in Tables 1 and 2. This comparison provides insights into
how competitive our method is relative to video-based techniques,
while also facilitating a discussion on computational efficiency and
trade-offs in the ablation study.

4.3. Ablation study

Cross-dataset results on MPI-INF-3DHP. In order to validate the
generalization of our network, we train the ADGT on the Human3.6M
dataset and evaluate it on the test set of the MPI-INF-3DHP dataset.
The results are shown in Table 3, where our method outperforms the
second-rank method [54] over the AUC and PCK metrics by margins
of 6.1 and 0.8 percent respectively. The competitive performance of
our method compared to the others demonstrates its generalizability to
unseen scenarios and data distributions.

Comparison of computational efficiency with other frame and video-
based methods. Apart from prediction accuracies, we compare our
method with state-of-the-art methods on computational cost and model
size as well to evaluate its feasibility for engineering implementa-
tions; the results are shown in Table 4. Our method achieves the
best performance for MPJPE and P-MPJPE metrics among all frame-
based methods. Meanwhile, our method requires only 0.9 M parameters
and 27.8 M FLOPs for computational cost, which is much lower than
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Table 1
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Quantitative comparison with other state-of-the-art models on Human3.6M under MPJPE metric (known as Protocol #1), using CPN [25] detected 2D key points
as input (results are measured in millimeters). Some methods are evaluated with Stacked Hourglass networks (SH) [27] detected 2D key points marked by (SH).
(+) and () indicate that the corresponding method uses extra data from MPII [53] and temporal information, respectively. The best results are marked in bold.

Video-based Methods

Protocol #1 Direct. Discuss Eating Greet Phone Photo Pose Purch. Sitting SittingD. Smoke Wait WalkD. Walk WalkT. Avg.
Mehraban et al. [18] (f) - - - - - - - - - - - - - - - 38.4
Xu et al. [48] (1) 37.4 43.5 42.7 42.7  46.6 59.7 41.3 451 52.7 60.2 45.8 431 477 337 371 45.6
Yu et al. [49] (1) 41.3 44.3 40.8 41.8 45.9 54.1 42.1 41.5 57.8 62.9 45.0 42.8 459 29.4 29.9 44.4
Zhang et al. [50] (f) 37.6 40.9 37.3 39.7 423 49.9 40.1  39.8 51.7 55.0 42.1 39.8  41.0 27.9 279 40.9
Zhao et al. [51] (1) - - - - - - - - - - - - - - - 47.6
Zheng et al. [52] (1) 45.2 46.7 43.3 45.6 481 55.1 44.6 443 57.3 65.8 47.1 44.0 49.0 32.8 339 46.8
Frame-based Methods

Protocol #1 Direct. Discuss Eating Greet Phone Photo Pose Purch. Sitting SittingD. Smoke Wait WalkD. Walk WalkT. Avg.
Chen et al.[17] 47.5 50.4 47.0 50.8 53.5 60.6 50.2  46.9 58.5 66.6 52.2 48.9 549 41.4  43.6 51.6
Ci et al. [26] (+) 46.8 52.3 44.7 50.4 52.9 68.9 49.6  46.4 60.2 78.9 51.2 50.0 54.8 40.4 433 52.7
Liu et al. [44] 46.3 52.2 47.3 50.7 55.5 67.1 49.2  46.0 60.4 71.1 51.5 50.1 545 40.3 437 52.4
Martinez et al. [45] (SH) 51.7 56.2 58.1 59.0  69.5 78.4 55.2 58.1 74.0 94.6 62.3 59.1 65.1 49.5 52.4 62.9
Pavlakos et al. [7] (+) 48.5 54.4 54.5 52.0 59.4 65.3 49.9 529 65.8 71.1 56.6 529 60.9 447 478 56.2
Yang et al. [47] (+) 51.5 58.9 50.4 57.0 621 65.4 49.8 527 69.2 85.2 57.4 58.4 436 60.1  47.7 58.6
Xu et al. [46] 45.2 49.9 47.5 50.9 54.9 66.1 48.5 46.3 59.7 71.5 51.4 48.6  53.9 39.9 44.1 51.9
Zhao et al. [12] 47.3 60.7 51.4 60.5 61.1 49.9 47.3 68.1 86.2 55.0 67.8 61.0 42.1 60.6  45.3 57.6
Zhao et al. [13] 49.3 53.9 54.1 55.0  63.0 69.8 51.1 533 69.4 90.0 58.0 55.2  60.3 47.4  50.6 58.7
Ours 46.4 49.5 44.9 48.8 50.4 59.5 50.1 47.2 59.6 64.7 49.9 48.3 524 39.9 41.3 50.1
Ours (GT) 28.8 34.9 28.5 31.4 35.0 40.8 347 29.2 35.3 43.1 31.6 33.2 346 26.1  28.9 33.1

Table 2

Quantitative comparison with other state-of-the-art models on Human3.6M under P-MPJPE metric (known as Protocol #2), using CPN [25]
points as input (results are measured in millimeters). Some methods are evaluated with SH [27] detected 2D key points marked by (SH).(T)

corresponding method temporal information. The best results are marked in bold.

detected 2D key
indicate that the

Video-based Methods

Protocol #2 Direct. Discuss Eating Greet Phone Photo Pose Purch. Sitting SittingD. Smoke Wait WalkD. Walk WalkT. Avg.
Mehraban et al. [18] (f) - - - - - - - - - - - - - - - 32.6
Xu et al. [48] (}) 31.0 34.8 34.7 34.4 36.2 43.9 31.6 335 42.3 49.0 37.1 33.0 39.1 269 319 36.2
Yu et al. [49] (1) 32.4 35.3 32.6 34.2 35.0 421 321 319 45.5 49.5 36.1 324 356 23.5 247 34.8
Zhang et al. [50] (1) 30.8 33.1 30.3 31.8 33.1 39.1 31.1 30.5 42.5 44.5 34.0 30.8 32.7 22.1 229 32.6
Zhao et al. [51] (t) - - - - - - - - - - - - - - - 37.3
Zheng et al. [52] (}) 325 34.8 32.6 34.6 35.3 39.5 321 320 42.8 48.5 34.8 324 353 245  26.0 34.6
Frame-based Methods

Protocol #2 Direct. Discuss Eating Greet Phone Photo Pose Purch. Sitting SittingD. Smoke Wait WalkD. Walk WalkT. Avg.
Chen et al.[17] 36.5 39.1 36.4 40.6 41.0 45.4 37.7 357 46.5 53.1 41.5 36.9 426 31.9 34.3 40.0
Liu et al. [44] 36.7 41.3 38.8 42.6 43.7 52.1 38.8 39.1 50.0 58.7 42.4 39.5 439 32.4 385 42.5
Martinez et al. [45] (SH) 44.8 52.0 44.4 50.5 61.7 59.4 45.1 419 66.3 77.6 54.0 58.8  49.0 359 407 52.1
Xu et al. [46] 35.4 40.6 38.1 41.9 43.0 51.4 38.1 38.4 49.3 58.4 41.7 38.8 43.2 31.7 37.5 41.8
Zhao et al. [13] 38.6 43.5 41.3 44.7 46.8 54.6 41.3 415 51.9 60.7 44.3 41.6 46.1 349 403 44.8
Ours 35.8 38.6 35.3 40.8 38.7 42.1 389 35.8 46.7 52.9 41.6 37.2  40.8 30.5 34.2 39.2
Ours (GT) 22.3 28.7 23.4 26.7 27.3 33.3 28.0 23.9 30.1 36.5 26.2 26.6 29.1 21.1 24.3 27.1

Table 3

Quantitative comparison on the test set of MPI-INF-3D dataset
with models trained on Human3.6M dataset. The best results are
marked in bold.

Methods AUC 1 (%) PCK 1 (%)
Martinez et al. [45] 17.0 42.5
Ci et al. [26] 36.7 74.0
Zeng et al. [55] 43.8 77.6
Zhao et al. [13] 43.8 79.0
Liu et al. [44] 47.6 79.3
Xu et al. [46] 45.8 80.1
Nie et al. [54] 45.9 83.5
Ours 52.0 84.3

the second-best model, DGFormer [17], whose model size and com-
putational cost are recorded at 4.3 M and 159.8 M, respectively.
The compact parameter size and low computational cost attributes
to a lightweight configuration, using a model dimension of 96 and a
depth of 5 layers. On the other hand, our method achieves competi-
tive performance compared with video-based methods, as ours attains

50.1 mm against 49.7 mm of PoseFormer [52] (3 frames) on MPJPE.
The performance of our method is considerably close to PoseFormer,
yet our model size is almost 10 times smaller than theirs, and the
computational cost (FLOPs) is just half that of theirs. To evaluate its
real-time performance, we measure the Frames Per Second (FPS). Since
FPS can vary across runs and hardware configurations, particularly
when using GPUs. We report the average FPS over 10 runs on a
single NVIDIA Quadro RTX 8000 GPU to ensure fair and reproducible
comparison. Under this setting, our model achieves an average FPS of
14,325.
Comparison of aggregation methods. This experiment evaluates the
effectiveness of the ALFE module compared to simple aggregation
methods such as summation and concatenation of global and local
embeddings. The experimental results are given in Table 5, where the
embeddings combined with the ALFE module achieve 50.1 mm and
39.2 mm on MPJPE and P-MPJPE metrics, respectively, which are
better than the results obtained by the other two combination meth-
ods (summation and concatenation). This outstanding performance
validates the effectiveness of the proposed ALFE module.

Comparison of modeling branches. This experiment examines the
contribution of combining GCN and Transformer components within
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Table 4
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Quantitative comparison with other frame and video based methods on Human3.6M dataset (in mm). Frames:
the number of frames as input. Params: tunable parameters for a model. FLOPs: floating point operations per
second. M and G stand for million and billion FLOPs respectively. Others are frame-based methods.

Methods Frames Params FLOPs MPJPE [23]] P-MPJPE [42]]
PoseFormer [52]" 3 9.5 M 60.6 M 49.7 39.2
PoseFormer [52]" 81 9.6 M 1634 M 47.0 37.0
PoseFormerV2 [51]" 243 189 M 782 G 40.5 31.8
MixSTE [50] 243 33.6 M 278.0 G 40.9 32.6
MotionAGF [18]’ 243 11.7M 96.6 G 39.5 33.1
Liu et al. [44] 1 21 M 0.72 M 52.4 41.4
ModulatedGCN [56] 1 0.3 M 9.7 M 54.7 43.5
Xu et al. [46] 1 3.6 M 14 M 51.9 -
Graformer [13] 1 0.7 M 33.0 M 58.7 44.8
DGFormer [17] 1 43 M 159.8 M 51.6 40.0
Ours 1 0.9 M 27.8 M 50.1 39.2

T Indicates usage of temporal information.

Table 5

Quantitative comparison of data aggregation approaches. Num-Channel refers to the number of projected
dimensions by the skeleton embedding illustrated in Fig. 2. Num-Layer indicates the layers of ADGT

modules.
Aggre. Num-Channel Num-Layer MPJPE | (mm) P-MPJPE | (mm)
Sum. 96 5 50.9 40.4
Concat. 96 5 51.8 41.0
ALFE 96 5 50.1 39.2
Table 6

Quantitative comparison with only GCN or Transformer branches. Num-Channel refers to the number of
projected dimensions by the skeleton embedding illustrated in Fig. 2. Num-Layer indicates the layers of

AttnGCN modules.

Method Num-Channel Num-Layer MPJPE [23] | (mm) P-MPJPE [42] | (mm)
GCN 96 5 62.5 46.4
Transformer 96 5 53.6 40.9
ADGT 96 5 50.1 39.2

the proposed ADGT architecture. Specifically, we compare the full
ADGT model against its individual GCN-only and Transformer-only
branches, all configured with 96 channels and 5 layers. As shown in Ta-
ble 6, ADGT achieves 50.1 mm MPJPE and 39.2 mm P-MPJPE, outper-
forming both the GCN branch (62.5/46.4) and the Transformer branch
(53.6/40.9). These results demonstrate that integrating GCN and Trans-
former mechanisms leads to more accurate 3D pose estimation by
effectively capturing both local and global joint dependencies.
Comparison of GCN modules. This experiment compares our pro-
posed HS-GCN module to state-of-art GCN-based modules [31,39,44,
57]. We further discuss scaling factors generated with the two proposed
methods: HS-GCN and HGS-GCN. In Table 7, we witness both HGS-
GCN and HS-GCN outperform other GCN modules. Our method leads to
1.4 mm and 1.7 mm against the second-best method [44]. The results
validate our choice of GCN architectures as auxiliary modules. On the
other hand, HS-GCN achieves marginal improvements by 0.7 mm and
0.3 mm on MPJPE and PMPJPE metrics against HGS-GCN. As hop
features H,,, are generated from input embeddings H,,, the scaling
factors in HS-GCN derived from the attention between H,,, and H,,,
are considered to have a higher correlation than the pair of H,, and
H,,,. Taking this into account, the different performance indicates that
attention between similar feature representations can produce more
accurate weights for scaling hop features.

Study of information stored in registers. Following the method
proposed by Darcet et al. [21], we measure the information contained
in transformer tokens by witnessing the shifts of distributions of feature
norms in those tokens. The distributions of norms are divided by a
threshold to distinguish inliers from outliers. The quantity of outliers
represents the amount of global information, and the quantity of inliers
represents local information. Following this method, we first find a

threshold by computing the distribution of feature norms of a high-
accurate joint in one layer of our model, which is shown in Fig. 6a. We
could witness in the figure that most of the norms are distributed on
the left side of 15, thus we take this value as a threshold.

Then we compute the distribution of a high-loss joint and measure it
with this threshold. The results are given in Fig. 6b, where we witness
that almost half of the norms are distributed over the value of 15. To
study the efficacy of the registers in storing global information, we
compute the distributions of the same joint with 8 register tokens added
in Transformers, the results are shown in Fig. 6¢. By comparing Fig. 6b
and Fig. 6¢, we notice that more norm values are shifted to the left side
of the threshold with the incorporation of registers. The shift of norm
values validates that the registers can assist other transformer tokens
in concentrating more on local features.

Study of registers in improving high-loss joints. We further study
the effectiveness of registers on joint errors. By trial and error, we refer
to the joints of feet, hands, and elbows as high-loss joints, and those
that are close to the center joint (pelvis) as low-loss joints (e.g., the
two hips). The results are given in Table 8, where some of the high-
loss joints obtain significant improvements in accuracy. Specifically,
improvements on the joints of the left and right foot arrive at 4.6 mm
and 6.4 mm, respectively, and those on the joints of the left and right
hand are 1 mm and 1.4 mm, respectively. On the contrary, the registers
cause higher prediction losses for low-loss joints. Given the fact that the
registers can strengthen the transformer tokens in exploiting local fea-
tures, we could conclude that high-loss joints require more precise local
information to predict accurate 3D joint locations. On the other hand,
excessive local information might hinder our network from predicting
accurate 3D locations of low-loss joints.

Number of registers. The results are shown in Table 9. The first
row reports the results of ADGT trained without a register. The best
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Table 7

Quantitative comparison of learnable and fixed graphs of GCN modules deployed to learn local
embeddings. Each module is tested on ADGT with 5 layers and 96 channels. The differences
between HS-GCN and HGS-GCN are shown in Fig. 5.

Module Params MPJPE [23] | (mm) P-MPJPE [42] | (mm)
ChebyNet [57] 0.92M 52.1 41.7
GCN [31] 0.85M 52.8 42.1
Weightunshare [44] 1.78M 51.5 40.9
GAT [39] 0.95M 52.2 41.8
HGS-GCN 0.92M 50.8 39.5
HS-GCN 0.92M 50.1 39.2

Table 8

Quantitative comparison of the effectiveness of registers on joint errors. Both high-loss and low-loss joints are defined by
comparing the losses with the average value. The joints with losses higher than the average value are considered as high-loss,
otherwise low-loss. The vand X signify appending register tokens in Transformers or not. The losses are evaluated with the

MPJPE metric.

Registers High-loss joints Low-loss joints

left foot right foot left hand right hand left elbow right elbow left hip right hip
X 50.5 mm 58.3 mm 55.1 mm 56.9 mm 40.4 mm 46.7 mm 16.3 mm 16.3 mm
v 45.9 mm 51.9 mm 54.1 mm 55.5 mm 40.2 mm 47.4 mm 16.9 mm 16.9 mm

accuracies are achieved at 50.1 mm and 39.2 mm by appending 8
registers. We can observe that the performance does not improve along
with the increase in the number of registers. The losses with 8 registers
are higher than those with fewer registers.

Qualitative comparison of visualized accuracy. We compare vi-
sualized predictions of our method and Graformer [13], the results
are shown in Fig. 7. Our method exhibits improved alignment with
ground-truth 3D poses, in comparison with the predicted 3D poses by
Graformer. Meanwhile, more estimated 3D poses on Human36M [23]
are presented in Fig. 8.

5. Limitations

Despite the effectiveness of our proposed approach, several lim-
itations remain. First, our method is designed for frame-based 3D
human pose estimation and does not explicitly incorporate temporal
information. As a result, it cannot leverage motion continuity or handle
sequential inputs, which are often beneficial for improving pose con-
sistency in video-based applications. Second, the current design targets
single-person pose estimation. In multi-person scenarios, interactions,
occlusions, and overlapping body parts are common. Our model is
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2D pose Ours GraFormer

Fig. 7. Visualized comparison with GraFormer. The black curves are ground-truth 3D poses and the red curves are predicted 3D poses.
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Fig. 8. Qualitative results of the proposed method on Human3.6M dataset.

not directly applicable without significant modification or the inte- our approach is aimed at general-purpose 3D human pose estimation
gration of person-specific disentanglement mechanisms. Third, while and performs robustly on action-wise average losses, it may struggle
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Table 9

Quantitative comparison of the number of registers appended to
Transformers. All the models are trained and evaluated with 5
layers of ADGT model and 96 channels.

MPJPE [23] | (mm)

Num-register P-MPJPE [42] | (mm)

0 50.9 40.2
2 50.7 39.9
4 50.4 39.7
6 50.4 39.4
8 50.1 39.2
10 50.8 39.4

with highly complex poses involving severe self-occlusion. For example,
actions such as “Sitting” or “SittingD” often result in entangled limb
configurations that are inherently difficult to resolve from monocular
2D inputs, leading to a drop in performance on these categories.

6. Conclusion

In this work, we introduced ADGT, a novel parallel GCN-transformer
architecture designed for efficient and accurate 2D-to-3D human pose
estimation. Our approach effectively addresses key limitations in ex-
isting methods, including receptive field mismatch in sequential ar-
chitectures, over-smoothing [14] in deep GCNs, and inefficient fusion
of local and global features. By integrating Hop-wise Scalable GCN
(HS-GCN) for enhanced local feature extraction, Attention-Based Local
Feature Extractor (ALFE) for selective refinement, and Register-Based
Transformer Enhancement for improved feature separation, our model
ensures robust and efficient pose estimation.

Extensive experiments on Human3.6M [23] and MPI-INF-3DHP
[24] datasets demonstrate that ADGT achieves state-of-the-art perfor-
mance among frame-based methods while maintaining a significantly
smaller model size and computational cost compared to video-based ap-
proaches. Our method outperforms prior GCN-based and Transformer-
based techniques in key evaluation metrics such as MPJPE [23] and
P-MPJPE [42] while also generalizing well to unseen data.

These findings highlight the potential of ADGT as an effective solu-
tion for real-time 3D human pose estimation in various applications,
including motion analysis, virtual reality, and autonomous systems.
Future work will focus on further optimizing computational efficiency
and extending the framework to multi-person scenarios.

To promote reproducibility and support future research, we will
release our code upon publication.
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