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Abstract. Monocular video-based 3D human pose estimation remains challeng-
ing due to depth ambiguity, noisy 2D observations, and complex spatio-temporal
dependencies. Existing Transformer-based methods can capture global relation-
ships, but they often lack explicit skeletal topology constraints and may introduce
redundant dense temporal interactions. To address these issues, this paper pro-
poses a Skeleton-Graph and Agent-guided Transformer network (SGAFormer)
for skeleton-aware and temporally coherent 3D human pose estimation from 2D
pose sequences. In spatial modeling, the proposed Skeleton-constrained Adaptive
Graph-order Attention Module (SAGA) introduces skeleton-constrained dy-
namic graph attention and multi-order graph propagation to capture joint self-
information, direct skeletal connections, and indirect structural dependencies. By
adaptively fusing different graph-order branches, SAGA enhances dynamic joint
interaction modeling under physical skeleton constraints. In temporal modeling,
the proposed Agent-token Global-local Temporal Attention Module (AGTA) re-
organizes dense frame-wise interactions through agent tokens and combines tem-
poral positional bias with depthwise separable temporal convolution to enhance
global-local motion representation. Experiments on Human3.6M show that SGA-
Former remains competitive under detected 2D keypoint inputs, achieves supe-
rior temporal consistency in terms of MPJVE, and obtains strong reconstruction
accuracy with ground-truth 2D keypoints, demonstrating the effectiveness of the
proposed spatial-temporal modeling framework.

Keywords: Monocular 3D human pose estimation, Skeleton-constrained graph
attention, Transformer, Agent token, Spatio-temporal modeling.

1 Introduction

Monocular 3D Human Pose Estimation (3D HPE) is a fundamental task in the field of
computer vision, aiming to recover the three-dimensional coordinates of human joints
from monocular images or video sequences. This technology has broad application
value in action recognition [1] and related scenarios such as augmented reality, human-
computer interaction, and sports rehabilitation [2]. Compared with multi-view or depth-
sensor-based approaches, monocular methods offer advantages such as low hardware
cost and convenient deployment. However, because monocular input inherently lacks
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depth information and is easily affected by human self-occlusion, errors in 2D keypoint
detection, motion blur, and complex motion patterns, recovering 3D human structure
from 2D projections remains a highly ill-posed problem.

Existing monocular 3D pose estimation methods mainly include end-to-end image
regression and two-stage pose lifting. End-to-end methods directly regress 3D joints
from images but are sensitive to background, illumination, and occlusion. In contrast,
two-stage methods first estimate 2D keypoints and then lift them to 3D poses [3-5].
Martinez et al. demonstrated the effectiveness of a simple residual 2D-to-3D network
[3], while VideoPose3D exploited temporal continuity to alleviate depth ambiguity [4].

Recently, Transformer-based methods have achieved significant progress through
self-attention modeling [6—8]. PoseFormer introduced spatial and temporal Transform-
ers for intra-frame and inter-frame modeling [8]. MHFormer reduced 2D-to-3D uncer-
tainty using multi-hypothesis representations [9], and MixSTE enhanced spatiotem-
poral modeling by alternately stacking spatial and temporal Transformers [10]. Subse-
quent methods, including STCFormer, PoseFormerV2, MotionAGFormer, and
KTPFormer, further improved performance through spatiotemporal cross-attention,
frequency-domain modeling, Transformer-GCN fusion, and kinematic priors [11-14].

Despite these advances, several limitations remain. First, monocular 3D pose esti-
mation is highly dependent on the quality of 2D observations, and noisy 2D keypoints
caused by occlusion, motion blur, or detection errors can significantly degrade the ac-
curacy of 3D pose lifting. Second, existing spatial modeling methods often rely on fixed
skeleton topology, unconstrained graph learning, or global self-attention. Although
graph-based methods improve adaptive spatial modeling [15-17], fixed topology lacks
flexibility, while unconstrained graph learning may introduce invalid or physically im-
plausible joint connections. Third, standard temporal self-attention directly models all
pairwise frame relationships, which may introduce redundant temporal interactions and
provides limited explicit modeling of local motion patterns [18-20]. Recent studies fur-
ther indicate that both long-range temporal dependencies and local motion details are
important for video-based 3D pose estimation [21,22].

Motivated by these observations, we propose SGAFormer, a Skeleton-Graph and
Agent-guided Transformer network for monocular video-based 3D human pose esti-
mation. Specifically, the proposed SAGA module leverages skeletal topology priors
and order-aware graph attention to capture dynamic joint relationships and multi-order
spatial dependencies under physical skeleton constraints. In the temporal dimension,
AGTA introduces agent tokens as intermediate temporal representations to reorganize
dense frame-wise interactions, and combines temporal positional bias with depthwise
separable temporal convolution to represent global temporal context and local motion
patterns. By integrating skeleton-constrained spatial modeling with agent-guided
global-local temporal modeling, SGAFormer improves the representation of spatio-
temporal pose dependencies from 2D pose sequences. The main contributions of this
paper are as follows:

(1) A Skeleton-constrained Adaptive Graph-order Attention Module (SAGA) is

designed to couple anatomical topology constraints with adaptive multi-order
graph reasoning. By constructing and fusing self-loop, first-order, and second-
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order graph branches, SAGA captures joint self-information, direct skeletal
connections, and indirect structural dependencies.

(2) An Agent-token Global-local Temporal Attention Module (AGTA) is intro-
duced to reorganize dense frame-wise temporal interactions through agent to-
kens while preserving local motion dynamics. By combining agent-guided
global aggregation with temporal positional bias and depthwise separable tem-
poral convolution, AGTA enhances global-local temporal representation.

(3) Experiments are conducted on the Human3.6M dataset [23]. The results
demonstrate the effectiveness of the proposed SGAFormer.

2 Related Work

Monocular 3D human pose estimation has been widely studied in recent years. Existing
methods can be divided into end-to-end regression methods and two-stage pose lifting
methods. Since two-stage approaches decouple 2D pose detection from 3D reconstruc-
tion, they have become a popular paradigm for video-based 3D pose estimation [3-5].
Martinez et al. proposed a simple residual network to lift 2D joints into 3D space [3],
and VideoPose3D further introduced temporal convolutions to capture motion depend-
encies across frames [4]. Subsequent studies improve robustness by exploiting motion-
guided temporal modeling and feature fusion under noisy inputs [24,25]. These works
show that accurate 3D pose estimation requires not only effective spatial dependency
modeling among joints, but also reliable temporal modeling across frames.

To explicitly describe spatial relationships, graph-based methods have been intro-
duced into skeleton representation learning. The human skeleton naturally forms a
graph structure, where joints are regarded as nodes and bones are regarded as edges.
Graph Convolutional Networks (GCNs) propagate features along skeletal connections
[26], while Graph Attention Networks (GATSs) assign adaptive weights to neighboring
joints [15]. ST-GCN further modeled skeleton sequences as spatio-temporal graphs for
human motion representation [27]. In 3D pose estimation, early graph-based methods
usually rely on fixed anatomical adjacency matrices, which preserve physical skeleton
topology but are less flexible in modeling pose-dependent joint interactions. To im-
prove adaptability, Modulated GCN introduces learnable node and adjacency modula-
tion [28], while Conditional Directed GCN models hierarchical motion dependencies
through directed skeletal graphs [29]. Recent methods further integrate graph structures
with attention mechanisms, such as GLA-GCN, GraFormer, MotionAGFormer,
HDFormer, and STGFormer [13,16,17,30,31]. However, many of them rely on fixed
or implicitly learned graph relations, or use attention mainly for feature aggregation.

Driven by advances in sequence modeling, Transformers have been widely adopted
for video-based 3D human pose estimation. Compared with convolutional and graph-
based models, Transformers are effective in capturing long-range dependencies
through self-attention [7]. PoseFormer introduced spatial and temporal Transformers to
model joint-level relations and frame-level dependencies [8]. MHFormer alleviates
depth ambiguity through multi-hypothesis representations [9], while MixSTE alter-
nately models spatial correlations and temporal trajectories [10]. Subsequent studies
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further improve long-sequence modeling and pose robustness by incorporating strided
temporal modeling, frequency-domain representations, cross attention, motion pre-
training, and kinematic priors [6,11,12,14,18,21,22,32]. Although these methods en-
hance global spatio-temporal representation learning, most of them mainly rely on data-
driven attention for joint interaction modeling. Consequently, explicit skeletal topology
is not always sufficiently emphasized in these methods.

Beyond the issue of skeletal structural priors, temporal self-attention computes dense
frame-to-frame relationships, which may introduce redundant interactions in long video
sequences. To reorganize temporal interactions, StridedFormer reduces computation
through temporal downsampling [18], while the Hourglass Tokenizer selects informa-
tive tokens to balance accuracy and representation compactness [19]. Agent Attention
introduces a small number of agent tokens to aggregate global information and propa-
gate it back to original tokens [20], providing a useful perspective for modeling tem-
poral dependencies. However, monocular 3D pose estimation requires both global mo-
tion context and fine-grained local temporal cues, such as short-term joint displacement
and velocity variation. Therefore, effective temporal modeling should capture global
frame-level dependencies and local motion dynamics, which remains challenging for
existing methods.

Despite recent progress, two issues remain insufficiently explored: adaptively mod-
eling multi-order joint dependencies while preserving anatomical topology, and captur-
ing local motion details while reducing redundant temporal interactions. To address
these issues, we propose SGAFormer for monocular video-based 3D human pose esti-
mation. SGAFormer introduces SAGA for skeleton-constrained dynamic multi-order
spatial modeling and AGTA for agent-guided global-local temporal interaction. By
combining skeleton-aware spatial modeling with agent-guided global-local temporal
modeling, SGAFormer learns effective spatio-temporal representations for accurate
and temporally consistent 3D pose estimation.

3 Methodology

3.1 Overview

The overall procedure of the proposed SGAFormer is illustrated in Fig. 1. Given an
input 2D pose sequence X;,, € RF*/*2 where F denotes the number of frames and J
denotes the number of joints, the objective is to predict the corresponding 3D pose se-
quence ¥ € RF/*3_ First, the input 2D joint sequence Xj,, is fed into the Skeleton-con-
strained Adaptive Graph-order Attention (SAGA) module, which introduces human
skeletal topology constraints and performs multi-order graph propagation to extract
skeleton-aware spatial features. Then, the obtained features are processed by the Spatial
Transformer encoder, where intra-frame joint dependencies are further modeled
through spatial self-attention. After that, the spatial features are rearranged along the
temporal dimension and passed into the AGTA-based Temporal Transformer encoder.
In this stage, agent tokens are used to reorganize frame-wise temporal interactions,
while temporal positional bias and depthwise separable temporal convolution are em-
ployed to represent global temporal context and local motion patterns. The spatial and
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temporal encoders can be stacked to progressively refine spatio-temporal representa-
tions. Finally, the encoded features are fed into a regression head, which maps the
learned representations to 3D joint coordinates and outputs the predicted pose sequence
Y. A detailed explanation of our proposed method is as follows.
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Fig. 1. Overview of the proposed SGAFormer. SAGA first extracts skeleton-aware spatial fea-

tures from the input 2D pose sequence. The resulting features are then processed by alternating

Spatial Transformer and AGTA-based Temporal Transformer encoders for spatiotemporal rep-
resentation learning, followed by a regression head for 3D pose prediction.

3.2 Skeleton-constrained Adaptive Graph-order Attention Module
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Fig. 2. Architecture of the proposed SAGA module. Given a single-frame 2D joint feature X,

SAGA first constructs multi-order adjacency matrices, then performs graph-order propagation

on self-loop, first-order, and second-order branches, and finally fuses the propagated features
through order-aware attention to obtain the skeleton-aware spatial representation F;.

The human skeleton can be naturally represented as a graph, where joints are treated as
nodes and bones are treated as edges. To extract skeleton-aware spatial features from
2D joint coordinates, we propose the Skeleton-constrained Adaptive Graph-order At-
tention (SAGA) module. Different from fixed graph methods or unconstrained learna-
ble graphs, SAGA uses the physical human skeleton as a structural prior and learns
adaptive spatial relations within anatomically valid connections. As shown in Fig. 2,
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SAGA follows a three-stage procedure: first, it constructs multi-order adjacency matri-
ces, including the self-loop adjacency A(®, the first-order dynamic adjacency A®, and
the second-order adjacency A®); Then, the input joint features are transformed by or-
der-specific projections and propagated through three parallel graph-order branches to
obtain self-loop, first-order, and second-order spatial features; finally, it adaptively
fuses the propagated features through an order-aware attention mechanism. In this way,
SAGA jointly models joint self-information, direct skeletal connections, and indirect
structural dependencies.

Given the 2D joint feature of a single frame X € R/*“, where J denotes the number
of human joints, SAGA constructs multi-order adjacency matrices for spatial feature
propagation, as illustrated in Fig. 3. The self-loop adjacency A preserves each joint’s
own information, the first-order dynamic adjacency A®) models adaptive interactions
between physically connected joints, and the second-order adjacency A® further cap-
tures indirect two-hop dependencies. In this way, SAGA preserves valid skeletal topol-
ogy while enhancing dynamic multi-order spatial modeling.
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Fig. 3. Multi-order adjacency matrix construction in SAGA. (a) A© preserves each joint’s own
information. (b) A" learns adaptive weights between physically connected joints under the
skeleton mask. (c) A® is derived from A™ to capture indirect two-hop joint dependencies.

As shown in Fig. 3(a), the self-loop adjacency matrix A(®) is defined as an identity
matrix:

A® =1(,]), (1)

where each joint is connected only to itself. This branch is used to retain the original
information of each joint during spatial propagation and prevents the joint representa-
tion from being dominated by neighboring joints.

Fig. 3(b) shows the construction of the first-order dynamic adjacency matrix A®.
SAGA first defines a physical adjacency matrix A € R/*/ according to the human skel-
eton topology. If joint i and joint j are directly connected by a bone, then A[i, j] = 1;
otherwise, A[i, j] = 0. This physical adjacency matrix is used as a structural mask to
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ensure that dynamic relation learning is performed only between anatomically valid
neighboring joints. The input joint features X are first projected into a latent space:
H = XW, , where W, € R?*¢ is a learnable projection matrix, For any two joints i and
Jj, their correlation score is computed as:

e;; = LeakyReLU (a'[H;||H;]), )

where [- || -] denotes feature concatenation, and a is a learnable attention vector. Then,
the physical adjacency matrix 4 is used to mask invalid non-skeletal connections:

. (€ Ajj=1

In this way, only physically connected joints are retained for dynamic adjacency
learning, while invalid non-skeletal connections are excluded. For each joint i, a soft-
max operation is then performed over its valid first-order neighboring joints:

@ _ exp (&;;)
Y Yken (i) exp (i)’

(4)

where IV (i) denotes the set of first-order neighboring joints of joint i. Thus, R® forms
an input-adaptive first-order adjacency matrix, where each valid skeletal edge is as-
signed a dynamic propagation weight according to the current pose. To stabilize graph
propagation, R is further symmetrized and row-normalized:

— R (RMYT
R(l) = T, (5)
w___R
Ay = LIRS ©
where € is a small constant used to avoid division by zero. The resulting A®) is the
first-order dynamic adjacency matrix used in SAGA.

Although A® captures adaptive interactions between directly connected joints,
many human pose dependencies are established through multi-hop skeletal paths. For
example, the wrist may be related to the shoulder through the elbow, and the ankle may
be influenced by both the knee and hip. Therefore, as shown in Fig. 3(c), SAGA further
constructs the second-order adjacency matrix A® from the first-order dynamic adja-
cency matrix: A® = AMAD At the element-wise level, the second-order relationship
between joint i and joint j is computed as:

@) _yJ 1) 4
Ay = T A Agj s (7

where k denotes an intermediate joint. This formulation accumulates the path weights
from joint i to joint j through all possible intermediate joints. Since A® is derived
from the dynamic first-order adjacency matrix, it remains sample-adaptive and can cap-
ture indirect joint dependencies under different motion patterns.
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After obtaining A, A®, and A®, SAGA performs multi-order graph propagation,
as shown in Fig. 2. Three learnable transformation matrices W, W®, W ® are used
to project the input features for different graph-order branches. The transformed node
features are computed as:

H® = (xw®)oM, ke {0,1,2}, (®)

where M € R/*¢ is a node-channel modulation parameter, ® denotes element-wise
multiplication, and C is the output feature dimension. The modulation parameter M
adaptively adjusts the response strength of different joints and feature channels. The
three graph propagation branches are then formulated as:

00 = A40H©O o) = AOF® 0@ = g@F@) )

The self-loop branch 0 preserves joint-specific information, the first-order branch
0™ models dynamic interactions between directly connected joints, and the second-
order branch 0® captures indirect dependencies between joints. However, different
actions and joints rely on different graph orders. Local movements may depend more
on first-order adjacency, full-body coordination may benefit from second-order de-
pendencies, while noisy joints may require stronger self-node information for stability.
Therefore, SAGA introduces an order-aware attention mechanism to adaptively fuse
the outputs of the three propagation branches. The branch outputs are first stacked as:
0 =[0©,0M,0@)] where 0 € R/*3*¢ Then, a lightweight attention network as-
signs an importance score to each graph order for every joint:

s® = fattn(o(k))a (10)

(k) — _exp ®)
T T exp Oy an

where f,, (+) consists of a linear layer, a nonlinear activation function, and a linear pro-
jection, and @ denotes the importance weight of the k-th order propagation branch.
Finally, the fused spatial feature of a single frame is obtained by: F, = ¥2_, a® 0",
For clarity, the above formulation describes SAGA on a single frame. In practice,
SAGA is applied to each frame of the input sequence with shared parameters. There-
fore, for the whole input sequence X;,, € RF*/*2 the output of SAGA is denoted as
Fs € RF?JXC_ The resulting sequence feature Fg is further passed through batch normal-
ization and a ReLU activation function to obtain the final skeleton-aware spatial repre-
sentation. Through the above design, SAGA preserves the physical skeleton prior while
adaptively modeling direct and indirect joint dependencies, providing structured spatial
features for the subsequent Spatial Transformer encoder.

3.3 Spatial Transformer Encoder

The skeleton-aware feature Fg produced by SAGA is fed into a Spatial Transformer
encoder to further capture global dependencies among joints within each frame. After
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adding spatial positional encoding, the features are projected into Q,K and V, and
standard multi-head self-attention is applied:
Qik{

head; = softmax(W)Vi, (12)

MHSA(Q,K,V) = Concat(head,, head,, ..., head,) W, (13)

where W, is a learnable output projection matrix. The output of MHSA is then com-
bined with the input via a residual connection followed by layer normalization, and an
MLP are used to obtain the encoded spatial feature Xg € RF*/*C which is subsequently
rearranged for temporal modeling.

3.4 AGTA Based Temporal Transformer Encoder

After spatial encoding, the feature sequence Xg € RF*/XC is rearranged as Xp €
R/*FXC 50 that the temporal evolution of each joint can be modeled independently. For
a specific joint sequence X, € RF*C the proposed Agent-token Global-local Temporal
Attention (AGTA) module aims to reorganize dense frame-to-frame interactions into
an agent-guided temporal interaction process. As shown in Fig. 4, AGTA first generates
compact agent tokens from the temporal sequence to summarize global motion context,
then propagates the aggregated information back to each frame. Meanwhile, a local
temporal convolution branch is introduced to preserve short-term motion details. In this
way, AGTA enhances global-local temporal representation while avoiding purely
dense frame-wise interaction.
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Fig. 4. Architecture of the proposed AGTA module. AGTA generates agent tokens from en-
hanced query features to aggregate global temporal context and propagate it back to frame fea-
tures through a two-stage attention process. Meanwhile, a depthwise separable temporal convo-
lution branch captures local motion patterns from value features, and the global and local tem-

poral features are fused to obtain the final temporal representation.



10 M. Li, L. Du, Y. Lu, N. Wang, and Z. Xu

Given the input temporal feature of a specific joint X, € RF*¢, AGTA first generates
query, key, and value representations: @ = X;W,, K = X;W,,V = X, W,,, where W,
W, and W, are learnable projection matrices. The features are then split into multiple
attention heads: Q, K,V € RF*F*XP where H is the number of attention heads and
D=C/H. Different from standard temporal self-attention, which directly computes all
F X F frame-wise relationships, AGTA uses a small number of agent tokens as inter-
mediate temporal representations. To generate more informative agent tokens, AGTA
first enhances the query features with channel-aware reweighting:

Q = Q © sigmoid(Conv(GAP(Q))). (14)

This operation emphasizes informative motion channels before agent generation.
Then, a depthwise separable temporal convolution is applied to introduce local tem-
poral dynamics:

Q =0Q +DWConv(0Q), (15)

where DWConv(+) denotes depthwise separable temporal convolution. Adaptive aver-
age pooling is further used to compress the temporal dimension and generate a fixed
number of agent tokens:

A = Pool(Q), (16)

where A € RH*M*D "and M is the number of agent tokens. In this work, M is set to 32.
These agent tokens do not correspond to specific frames, instead, they serve as compact
semantic centers that summarize representative temporal patterns from the whole se-
quence. After obtaining the agent tokens, AGTA performs two-stage attention. In the
first stage, the agent tokens act as queries to aggregate global temporal information
from the full sequence:

AKT

T
+ BH) v, (17)

Z, = Softmax (JB

where B, _,; is a learnable agent-to-time positional bias, and Z, denotes the aggregated
agent representation. This stage compresses long-range temporal context into a small
set of agent tokens. In the second stage, the temporal frame features retrieve relevant
information from the agent representations:
4

Yagent = Softmax (ﬁ + Bioa) Zas (18)
where B;_,, is a learnable time-to-agent positional bias. The two positional biases are
interpolated when the input sequence length changes, allowing AGTA to adapt to dif-
ferent temporal lengths. Although the agent branch models global temporal context,
fine-grained pose changes usually occur within local temporal ranges, such as short-
term joint displacement and instantaneous motion variation. Therefore, AGTA intro-
duces an additional local temporal branch on the value feature:

Ylocal = DWCODV(V)’ (19)
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where dilated depthwise temporal convolution is used to enlarge the local temporal re-
ceptive field and capture short-term motion patterns. The global agent-attention output
and the local convolution output are fused in a residual manner:

Y = Yagent + ¥ Yiocal» (20)

where y is a learnable scaling coefficient initialized to a small value, preventing the
local branch from dominating the global temporal representation at the early training
stage. Finally, the fused multi-head features are concatenated and projected to obtain
the output:

Yo = Linear(Y),Y,, € RFXC. 21

For all joints, AGTA produces the temporal feature sequence Yoy € R/*FXC, which
is then rearranged back to F X J X C for subsequent prediction. From the perspective
of attention interaction scale, standard temporal self-attention computes F X F frame-
wise interactions, while AGTA changes the main attention interaction scale to approx-
imately 2FM through agent aggregation and information readout. When F = 243 and
M = 32, this corresponds to 15552 interactions, about 26.3% of the 59049 interac-
tions in standard self-attention. However, due to the additional channel reweighting,
positional bias, and depthwise separable temporal convolution, the overall computa-
tional cost may not decrease. Therefore, AGTA is mainly used to reorganize dense
frame-wise interactions and enhance global-local temporal representation rather than to
reduce total computation.

3.5 Regression Head

After alternating Spatial Transformer and Temporal Transformer encoding, the model
obtains spatiotemporal features integrating spatial structure and motion information.
The regression head first applies layer normalization and then predicts 3D joint coordi-
nates through a linear layer:

Y = Linear (LN (Your)), (22)

where ¥ € RFX/X3| representing the predicted 3D coordinates of all joints across all
frames.

4 Experiments

4.1  Experimental Setup

Datasets and Evaluation Metric. We evaluate the proposed method on the Hu-
man3.6M dataset, a large-scale indoor motion capture benchmark for 3D human pose
estimation. It contains 15 action categories performed by 11 subjects with 3D joint an-
notations captured by four synchronized high-definition cameras. Following previous
works[9-10], subjects S1, S5, S6, S7, and S8 are used for training, while S9 and S11
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are used for testing. Both CPN-detected and ground-truth 2D keypoints are used as
input to evaluate the model under realistic detection noise and ideal 2D observation
conditions. We adopt MPJPE, P-MPJPE, and MPJVE as evaluation metrics, which
measure 3D joint error, Procrustes-aligned structural error, and temporal smoothness,
respectively.

Implementation Details. The proposed method is implemented in PyTorch, and all
experiments are conducted on a single NVIDIA GeForce RTX 3090 GPU. The model
stacks L = 8 spatio-temporal encoder layers with H = 8 attention heads and feature di-
mension of C = 512. During training, we use the Adam optimizer with a batch size of
8. The initial learning rate is set to 0.00008 and decayed exponentially by a factor of
0.99 after each epoch.

4.2  Comparison with State-of-the-Art Methods

Table 1. Quantitative comparison on Human3.6M using CPN-detected 2D keypoints. The up-
per and lower parts report MPJPE under Protocol #1 and P-MPJPE under Protocol #2, respec-
tively. T denotes the number of input frames. Lower values indicate better performance. The
best and second-best results are shown in bold and underlined, respectively.

Protocol #1 T Dir. Disc. Eat Greet Phone Photo Pose Pur. Sit SitD. Smoke Wait WalkD. Walk WalkT. Avg.|
PoseFormer[8] 81 [ 415 448 398 425 465 516 421 420 533 607 455 433 46.1 31.8 322 44.3
MHFormer[9] 351 | 392 431  40.1 409 44.9 512 406 413 535 603 43.7 41.1 43.8 29.8 30.6 43.0
MixSTE[10] 243 | 37.6 409 373 397 423 49.9 401 398 517 550 421 398 41.0 27.9 27.9 409
GLA-GCN[30] 243 | 41.3 443 408 418 459 541 421 415 578 629 45 42.8 459 29.4 29.9 44.4
MSTFormer[25] 243 | 39.0 425 40.7 4l.1 459 513 41.1 405 541 599 44.1 41.3 43.4 29.5 29.8 43.0
HMSFT[33] 81 | 448 440 410 426 413 455 418 421 456 562 433 413 459 353 34.7 43.0
HSA-DMT[22] 243 | 37.9 39.6 367 383 420 482 384 382 507 549 421 388 414 283 285 40.2
DMFormer{34] 243 | 372 413 373 391 43.1 49.8  40.1 377 529 572 42.1 396 41.7 28.0 28.6 41.0
:Sl::er(ours) 81 38.7 421 387 403 44.1 51.6 401 399 532 567 44.1 41.2 43.2 29.6 29.2 422
:Sl::er(ours) 243 | 36.7 39.6 37.0 377 41.9 487 388 387 513 565 41.6 38.6 40.7 28.0 28.2 40.3
Protocol #2 T Dir. Disc. Eat Greet Phone Photo Pose Pur. Sit SitD. Smoke Wait WalkD. Walk WalkT. Avg.
PoseFormer[8] 81 [ 325 348 326 346 353 395 321 320 428 485 34.8 324 353 245 36.0 34.6
MixSTE[10] 243 | 308 33.1 303 318 33.1 39.1 31,1 305 425 445 34.0 30.8 32.7 22.1 229 32.6
GLA-GCN[30] 243 | 324 353 326 342 35.0 42.1 321 319 455 495 36.1 324 35.6 235 24.7 348
MSTFormer[25] 243 | 31.2 344 33.0 339 354 394 323 317 433 481 359 328 34.6 24.0 245 343
HMSFT([33] 81 309 324 324 320 30.7 33.0 29.6 30.7 364 441 33.4 29.3 329 252 25.6 319
HSA-DMT[22] 243 | 30.7 325 304 315 324 376 301 297 411 445 339 300 32.8 22.1 23.1 322
DMFormer[34] 243 |1 29.7 329 30.1 311 334 38.7 31.0 292 429 464 34.1 30.3 323 22.0 233 325
ifl::cr(onrs) 81 | 308 333 314 327 340 397 314 307 423 449 356 309 332 22.7 23.8 332
ifl::cr(onrs) 243 | 298 327 300 311 324 382 307 298 409 46.6 338 299 324 222 232 323

Using 2D Keypoints Detected by CPN as Input. To evaluate the performance under
practical 2D detection inputs, we use CPN-detected 2D keypoints and compare SGA-
Former with representative methods on Human3.6M. As shown in Table 1, under Pro-
tocol #1, SGAFormer achieves an average MPJPE of 40.3 mm with 243-frame input,
ranking second among all compared methods and only 0.1 mm higher than HSA-DMT.
Compared with MixSTE and DMFormer, SGAFormer reduces the average error by 0.6
mm and 0.7 mm, respectively. Although SGAFormer does not obtain the best average
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result, its action-level performance shows competitive or better results on several mo-
tion patterns. In particular, compared with HSA-DMT, SGAFormer achieves better or
comparable results on actions such as Dir., Disc., Greet, Phone, Smoke, Wait, WalkD.,
Walk, and WalkT. These actions usually contain relatively stable skeletal trajectories
or clear kinematic chains, indicating that SAGA can preserve valid anatomical topology
while AGTA effectively captures continuous temporal dependencies.

For actions with severe occlusion, body folding, or fine-grained lower-limb ambigu-
ity, such as Photo, SitD., and some sitting-related cases, SGAFormer still leaves room
for improvement. As shown in Table 1, these actions are also difficult for most com-
pared methods, indicating the inherent ambiguity under CPN-detected 2D inputs. A
possible reason is that occlusion leads to inaccurate 2D joint localization, which prop-
agates to 3D lifting. Although SAGA helps maintain valid skeletal topology and AGTA
improves temporal coherence, they are still constrained by the quality of 2D observa-
tions. Nevertheless, SGAFormer remains competitive with HSA-DMT on average, sug-
gesting that the proposed spatial-temporal modeling is effective under noisy inputs.

Under Protocol #2, SGAFormer achieves an average P-MPJPE of 32.3 mm with
243-frame input, which is only 0.1 mm higher than HSA-DMT. Although it does not
obtain the best result, the gap is marginal, indicating that SGAFormer still maintains
competitive structural consistency after Procrustes alignment. Moreover, increasing the
input length from 81 to 243 frames improves MPJPE from 42.2 mm to 40.3 mm and P-
MPIJPE from 33.2 mm to 32.3 mm, demonstrating the benefit of longer temporal con-
text for 3D pose estimation.

Overall, the results in Table 1 show that SGAFormer is competitive but not uni-
formly superior under CPN-detected 2D inputs. Its performance depends partly on the
quality of detected 2D keypoints. Therefore, MPJPE and P-MPJPE alone do not fully
reflect the temporal stability and intrinsic 3D reconstruction ability of the model. To
further evaluate these aspects, we report MPJVE in Table 2 and conduct experiments
using ground-truth 2D keypoints in Table 3. These complementary evaluations help
distinguish whether the remaining errors mainly come from 2D detection noise or from
the 3D pose estimation model itself.

Table 2. MPJVE comparison on Human3.6M using CPN-detected 2D keypoints. Lower values
indicate better temporal consistency. The best results in each column are highlighted in bold.

MPJVE T | Dir. Disc. Eat Greet Phone Photo Pose Pur. Sit SitD. Smoke Wait WalkD. Walk WalkT. Avg.

PoseFormer{8] 81 2.7 28 2.0 3.1 2.0 2.4 2.4 28 18 24 2.0 2.1 3.4 2.7 2.4 2.5
MHFormer({9] 351 | 2.6 2.7 19 2.8 1.9 23 23 26 17 24 2.0 2.1 32 2.7 23 2.4
MixSTE[10] 243 | 2.5 2.7 1.9 2.8 1.9 22 23 26 16 22 1.9 2.0 3.1 2.6 22 23
HMSFT[33] 81 2.6 26 2.1 3.0 1.9 23 2.4 26 17 22 2.0 2.1 3.1 2.7 2.5 2.4
SGAFormer(ours) 243 | 2.5 2.6 1.9 2.7 1.8 22 22 26 15 21 1.8 2.0 3.1 2.5 2.1 22

In terms of temporal consistency, we use MPJVE to evaluate the inter-frame smooth-
ness of predicted pose sequences. As shown in Table 2, SGAFormer achieves the low-
est average MPJVE of 2.2 among all compared methods, reducing the average velocity
error by 8.3% compared with HMSFT. It also obtains the best or tied-best results on
most action categories, especially those involving continuous or subtle motion changes,
such as Greet, Phone, Sit, SitD., Smoke, Walk, and WalkT. Since MPJVE measures
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temporal stability beyond frame-wise joint accuracy, this result indicates that SGA-
Former produces more coherent motion trajectories. Although SGAFormer is not con-
sistently the best in all MPJPE or P-MPJPE results under noisy CPN inputs, its lower
MPIJVE suggests that AGTA helps enhance temporal coherence by combining global
motion context with local temporal cues.

Table 3. Quantitative comparison on Human3.6M under Protocol #1 using ground-truth 2D
keypoints as input. Lower MPJPE indicates better performance. The best and second-best re-
sults are shown in bold and underlined, respectively.

Protocol #1 T Dir. Disc. Eat Greet Phone Photo Pose Pur. Sit SitD. Smoke Wait WalkD. Walk WalkT. Avg.
PoseFormer{8] 81 [30.0 336 299 310 302 333 348 314 378 386 31.7 315 29.0 233 23.1 31.3
MixSTE[10] 243 | 21.6 220 204 210 20.8 243 247 219 269 249 21.2 215 20.8 14.7 15.7 21.6
GLA-GCN[30] 243 1201 212 200 196 215 267 233 198 27.0 294 20.8 20.1 19.2 12.8 13.8 21.0
MSTFormer[25] 243 | 279 319 287 283 29.8 33.8 334 302 372 377 30.4 29.8 28.6 211 225 30.1
HMSFT[33] 81 299 289 225 297 254 262 336 291 252 297 27.1 29.2 28.0 26.5 27.3 27.9
HSA-DMT[22] 243 1203 202 192 192 195 222 218 208 231 239 195 192 19.8 13.8 15.0 19.8
DMFormer[34] 243 1 207 213 195  20.0 22.0 25.0 239 198 259 272 21.5 204 20.3 135 14.4 21.0
SGA- 243 | 201 195 18.6 18.6 19.2 22.7 20.8 194 235 244 20.1 18.6 18.8 143 15.2 19.6
Former(ours)

Using Ground-Truth 2D Keypoints as Input. To evaluate the upper-bound perfor-
mance under ideal 2D observations, we further test SGAFormer using ground-truth 2D
keypoints. Different from CPN-detected inputs, ground-truth 2D keypoints largely
eliminate detection errors and provide a clearer evaluation of the 3D lifting capability
of each model. As shown in Table 3, SGAFormer achieves the best average MPJPE of
19.6 mm with 243-frame input, outperforming all compared methods. In particular,
compared with HSA-DMT and HMSFT, SGAFormer reduces the average MPJPE by
1.0% and 29.7%, respectively. This result indicates that when the influence of 2D de-
tection noise is removed, the proposed model demonstrates stronger intrinsic 3D recon-
struction ability.

Compared with HSA-DMT, SGAFormer obtains better or comparable results on
several actions, including Dir., Disc., Eat, Greet, Phone, Pose, Pur., Wait, and WalkD.
These improvements suggest that the skeleton-constrained adaptive graph modeling in
SAGA is effective for capturing multi-order joint dependencies under reliable 2D ob-
servations. Meanwhile, the global-local temporal representation introduced by AGTA
further helps maintain coherent motion cues across frames. Compared with HMSFT,
SGAFormer shows a clear average improvement, indicating that the proposed spatial-
temporal design is effective when accurate 2D structural information is available.
Therefore, the relatively small gaps observed under CPN-detected inputs in Table 1 are
likely related to the quality of 2D keypoint detection rather than a fundamental limita-
tion of the 3D pose estimation model. This finding further supports the effectiveness of
SGAFormer in 3D pose lifting under reliable 2D inputs.

4.3 Ablation Studies

Effectiveness of Each Module. To evaluate the contribution of SAGA and AGTA, we
conduct ablation studies on Human3.6M, as shown in Table 4. we report both pose
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accuracy and computational cost (parameters and FLOPs) for each module. The base-
line model adopts the same overall framework as SGAFormer, but removes SAGA and
employs a standard Transformer encoder for temporal modeling, where multi-head self-
attention is used to capture frame-wise temporal dependencies. Based on this baseline,
SAGA and AGTA are introduced separately and jointly to evaluate their individual and
combined contributions.

Table 4. Ablation study and complexity comparison of SAGA and AGTA on Human3.6M un-
der Protocol #1 using CPN-detected 2D keypoints.

Methods SAGA AGTA Params(M) FLOPs(G) MPJPE]
Baseline 33.651 139.038 40.9
+ SAGA N, 33913 142.298 40.4
+ AGTA N 33.697 139.174 40.6
SGAFormer (ours) v N 33.942 142.433 40.3

From the results in Table 4, we can observe that the baseline model obtains 40.9 mm
MPJPE. SAGA alone reduces MPJPE to 40.4 mm, indicating that skeleton-constrained
dynamic graph modeling effectively enhances spatial structure representation. When
only AGTA is used to replace the standard temporal self-attention, the MPJPE de-
creases to 40.6 mm, showing that the agent-guided temporal interaction also improves
temporal representation compared with the baseline. When SAGA and AGTA are
jointly adopted, the full SGAFormer achieves the best result of 40.3 mm.

In terms of complexity, SAGA introduces a modest increase in parameters and
FLOPs, while AGTA adds negligible computational overhead compared with the base-
line. The full SGAFormer increases the parameter count by only 0.291M (0.86%) and
the FLOPs by 3.4G (2.44%), achieving the lowest MPJPE in this ablation setting. These
results demonstrate that SAGA and AGTA are complementary: SAGA primarily en-
hances skeleton-aware spatial representation, whereas AGTA improves global-local
temporal modeling. Overall, the proposed design achieves consistent performance
gains with only marginal additional computational cost.

4.4  Qualitative Visualization Analysis.

Figure 5 shows the qualitative visualization results on the Purchases action. The pre-
dictions of MixSTE and SGAFormer are generally similar, indicating that both methods
can recover the main body configuration in this action. Nevertheless, SGAFormer still
shows slightly better structural consistency in several challenging details. For example,
in the third row, where the elbow and knee appear visually close in the projected view,
our result is slightly more consistent with the ground truth in terms of limb arrangement
and joint alignment. This suggests that the proposed SAGA module helps model skel-
eton-aware spatial dependencies, while AGTA provides complementary temporal cues
for more stable pose estimation. Therefore, although the visual differences are not dra-
matic, the proposed method still shows better structural consistency in challenging
poses with possible limb overlap or body folding.
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MixSTE Ground Truth

S

Fig. 5. Qualitative visualization results on the Purchases action. Each row shows one repre-
sentative frame, and the columns from left to right show the 2D input, MixSTE prediction,
SGAFormer prediction, and Ground Truth.

5 Conclusion

In this paper, we propose SGAFormer, a skeleton-graph and agent-guided Transformer
network for monocular video-based 3D human pose estimation. The proposed frame-
work aims to enhance spatial-temporal representation learning by integrating skeleton-
constrained spatial reasoning with agent-guided temporal interaction modeling. Specif-
ically, SAGA introduces skeleton-constrained graph attention and multi-order graph
propagation to capture dynamic joint interactions and structural dependencies. Mean-
while, AGTA organizes temporal information through agent-guided interactions and
local temporal modeling to enhance motion representation. Experiments on Hu-
man3.6M show that SGAFormer achieves competitive performance under CPN-
detected 2D inputs and strong reconstruction accuracy with ground-truth 2D inputs,
while improving temporal consistency. Ablation studies verify that SAGA and AGTA
provide complementary spatial and temporal representations, and their combination
yields the lowest MPJPE. These results demonstrate the effectiveness of integrating
skeleton-constrained spatial reasoning with agent-guided temporal modeling for video-
based 3D human pose estimation.
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