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Origin centric and part based pose
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Lei Zhao® & Wei Xing®

Transformer-based approaches have recently made significant advancements in 3D human pose
estimation from 2D inputs. Existing methods typically either consider the entire 2D skeleton for global
features extraction or break it into independent parts for local features learning. However, capturing
the spatial dependencies of the entire 2D skeleton does not effectively facilitate learning local

spatial features, while partitioning the skeleton into independent segments disrupts the relevance

of individual joints to the whole. In this paper, we propose a novel Origin-centric Part Transformer
(OPFormer) block to address this issue through two steps: Skeleton Separation and Skeleton
Recombination. Skeleton Separation separates the 2D skeleton into several distinct parts, enabling
the extraction of fine-grained local spatial features that accurately reflect the geometric structure of
the human body. Secondly, we introduce the concept of a human skeleton Origin, which serves as a
central hub to reconnect different parts through Skeleton Recombination. The resulting local features,
when fused with global features from the Spatial Transformer Encoder, yield more accurate 3D results.
Comprehensive experiments conducted on the Human3.6M and MPI-INF-3DHP benchmark datasets
verify that our approach attains state-of-the-art performance. It should be emphasized that OPFormer
achieves a Mean Per Joint Position Error (MPJPE) of 37.6mm on the Human3.6M dataset without any
additional training data.

Human pose estimation (HPE) is a critical and challenging task in the field of computer vision (CV), with
significant applications in areas such as human-robot interaction!, virtual reality?, and action recognition®. The
goal of HPE is to predict the position of each joint from input images or videos. Depending on whether the
predicted joint contains depth information, HPE can be categorized into 2D human pose estimation (2D HPE)
and 3D human pose estimation (3D HPE). With the advancement of deep learning technology, the field of 2D
HPE has matured considerably. The accuracy and generalization of 2D detectors™ have reached an advanced
level. However, the output of these models is limited to 2-dimensional information. In contrast, although 3D
HPE faces more challenges, the addition of depth information enables it to provide richer 3D spatial information
and a better understanding of human movements and interactions. Consequently, the 2D-to-3D methods of
applying the developed 2D detector to the 3D HPE tasks hold significant potential as a monocular solution.

The inherent ambiguity of monocular data allows a single 2D pose to correspond to multiple possible 3D
poses, making it challenging to accurately recover 3D poses from single-frame 2D joint position information.
Recently, driven by Transformer!? for its ability to capture long-distance dependencies, 2D-to-3D methods'!-'8
leveraging video frame sequences with temporal motion information have made significant progress. Starting
with an input video, the 2D-to-3D methods first detect the 2D keypoints and subsequently infer the 3D joint
positions based on the detected 2D keypoints. Among these, PoseFormer!! captures global spatial dependencies
from the entire 2D human skeleton and models temporal features from frame sequences to output accurate 3D
poses. MixSTE!? further separates the entire human skeleton into multiple joints to model more fine-grained
temporal features. However, previous methods overlook the fact that not all human joints are closely related in
spatial position, thus capturing the spatial dependencies of the entire 2D skeleton does not effectively facilitate
the learning of spatial features.
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To address the above issue, we performed a MixSTE performance analysis in modeling spatial relationships
among 17 joints from the Human3.6M!® dataset. We begin by averaging the attention weights of the Spatial
Self-Attention modules in MixSTE, resulting in a 17 x 17 attention map. Based on the distribution patterns
of high-weight regions in the average attention map, the 2D skeleton can be segmented into five joint groups
and an Origin, as illustrated in Fig. 1a. Each joint group is represented by a distinct color for clarity, and the
corresponding average attention weights between the joints in these groups are visualized with matching colors
in Fig. 1b. In addition to the joint groups shown in Fig. 1a, b also illustrates the average attention weights
between the hip joint and all other joints (denoted as “Origin”), as well as the average attention weights among
all joints outside of the defined joint groups (denoted as “Other”). As shown by the average attention weights
associated with the “Other” label in Fig. 1b, joints outside the defined groups show low spatial dependencies,
due to their lack of direct anatomical connections and their tendency to move independently. In contrast, joints
within the same part exhibit high spatial dependencies, as reflected by the “Right Leg” value, due to their close
geometric connections and their synchronized movement. Furthermore, the results indicate that all joints are
strongly associated with the hip joint, the root of the human body, and its position subsequently affects the
spatial positions of all other joints.

Building on the aforementioned observations, achieving accurate and fine-grained spatial feature modeling
is essential for improving the accuracy of 3D human pose estimation. In this paper, we introduce a new Origin-
centric and part-based pose decomposition method for more precise spatial feature modeling. Specifically,
we propose a novel Origin-centric Part Transformer (OPFormer) block to model fine-grained dependencies
through two steps: Skeleton Separation and Skeleton Recombination.

First, the introduction of Skeleton Separation aims to focus the model’s attention on more localized spatial
features. This approach is motivated by our observation, as illustrated in Fig. la, that spatial dependencies
between closely connected joints exhibit higher correlation compared to more distant joints. In light of this,
we hypothesize that by isolating these finer-grained local relationships, we can better capture the specific
movements and interactions within each body segment. To this end, we divide the 2D skeleton into distinct,
independent parts through the process of Skeleton Separation. Each of these parts, such as the legs or arms, is
treated as a separate unit, allowing the model to capture local dependencies within each part individually and
more effectively. This division not only simplifies the spatial modeling but also improves the granularity of the
features learned from closely related joints.

Secondly, we introduce the concept of the hip joint as the Origin of the human skeleton. This Origin plays a
critical role as a spatial hub that maintains the overall coherence of the skeleton by reconnecting the separated
parts. As shown in Fig. 1b, through the process of Skeleton Recombination, each part is recombined with the
Origin, forming what we refer to as Origin-centric Parts (OParts). This process ensures that all parts are not
treated as independent isolated regions, but as components whose spatial relationships are maintained relative
to the entire body. By establishing this hierarchical relationship, where each OPart remains anchored to the hip
joint, we preserve the structural integrity of the skeleton while modeling local spatial dependencies.

Furthermore, although some joint pairs do not belong to the same part, they still exhibit a certain degree
of dependency. We adopted the strategy of previous works'!'"1*18 to model relationships outside of parts and
generate global spatial features that complement local spatial features. Consequently, our proposed OPFormer
employs a parallel structural design, with two parallel channels responsible for capturing global and local spatial
features, respectively. Finally, after fusing the outputs of the two channels, the temporal block is utilized to obtain
the temporal features of each joint over multiple time steps, thereby generating more accurate 3D pose results.

The main contributions of this paper can be summarized in three aspects:
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Fig. 1. (a) The origin-centric part diagram. The 2D skeleton is separated into multiple parts and an Origin
based on the distribution of spatial dependencies, with the corresponding colors from (b) used to draw the
joints and connections. (b) The average dependencies within different joint groups in (a). The “Origin” value
indicates the average dependency of all joints on the hip joint, while the “Other” value indicates the average
dependency between all joints outside the joint groups defined in (a).
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« We proposed a novel Origin-centric Part Transformer (OPFormer), which models fine-grained local depend-
encies within each body part through part-level decomposition and utilizes the Origin joint as a central hub
to preserve global structural coherence across all parts of the skeleton.

« We developed an alternative network structure with a dual-channel parallel mechanism to capture spatial fea-
tures across various ranges. It is complemented by a temporal block to capture temporal features of different
joints, and finally it enhanced 3D pose estimation accuracy.

o We evaluated the proposed model with two benchmark datasets: Human3.6M and MPI INF-3DHP, and the
proposed model reached SOAT results without using any extra training data.

Related work

Monocular 3D human pose estimation

Monocular 3D human pose estimation (3D HPE) primarily consists of end-to-end methods and 2D-to-3D
methods. Earlier works focused on directly inferring 3D poses from single-view images. Li et al.? first used
convolutional neural networks (CNN?!) to regress 3D pose and explored the ability of CNN to encode the
relationships of human structure. However, end-to-end methods do not leverage the superior performance of
2D detectors. Chen et al.? introduced the 2D-to-3D method, dividing 3D HPE into two stages: first estimating
a 2D pose and then estimating its depth by matching to a library of 3D poses. However, predicting the 3D pose
from the 2D pose cannot avoid inherent depth ambiguity, necessitating additional information for accurate 3D
pose estimation. Zhang et al.?*> used commercial LiDAR to explore the 3D background and scan neighbors,
providing spatial and contextual cues for individual point clouds to improve 3D HPE performance. But
hardware-based methods are costly and have stringent environmental requirements, making them challenging
to apply in real-world scenarios. Other methods rely on video sequences and use multi-frame image data to
predict 3D pose. Earlier video-based methods employed recurrent neural networks (RNN?*) to process time
series, whereas VideoPose3D? used a dilated temporal convolution network to process sequences connected by
2D joint coordinates. Compared with RNN-based methods, CNN-based methods can process time series data
in parallel. Similar to CNNs, Transformers!? can also process sequence data in parallel and effectively capture
long-distance dependencies. Recently, Transformers have become fundamental in natural language processing
(NLP), and their application?®? to visual tasks has achieved advanced performance.

Transformer-based methods

Due to the adoption of self-attention mechanism, Transformer can capture global dependencies across 2D pose
sequence. StridedFormer!* reduces the redundancy of 2D pose sequences by replacing the full connection layer
in the Vanilla Transformer Encoder (VTE) with Strided Convolution, thereby reducing the data dimension
layer by layer. PoseFormerV2!7 expands the receptive field using frequency domain representation from 2D
pose sequences. MotionBERT!® learns human motion representations from large and heterogeneous datasets
for downstream tasks like 3D HPE after fine-tuning. MotionAGFormer'¢ uses Transformer to capture global
information and graph convolutional networks (GCNs) to capture local information, ensuring a balanced and
comprehensive representation of human motion. In addition, recent methods?®?® leverage Transformer as the
backbone of the denoiser within diffusion architectures to achieve more accurate 3D pose estimation. The above
methods are rough to use the entire 2D skeleton as the source of spatial features of the model, but we observe
that not all human joints are closely related during movement.

Part-aware methods

Some work has also attempted to separate the entire skeleton to investigate new schemes to improve the
performance of models. HEMlets Pose®® uses heatmaps of the three joints to represent the relative depth
information of the end joints of each part to shorten the gap between 2D observation and 3D interpretation.
SRNet! divides human body into local areas to solve the problem of long-tailed distribution caused by a
small number of pose samples. Anatomy3D>** decomposes 3D pose estimation into bone direction and length
prediction, leveraging skeletal consistency and a fully convolutional architecture to enhance temporal modeling
without recurrent units. PoseAug?® introduced part-aware Kinematic Chain Space to evaluate the rationality of
local joint angle for enhanced pose. HSTFormer?* captures temporal features hierarchically, treating joints, parts,
and the entire human body as distinct objects to analyze from local to global scales. STCFormer divides human
body into static parts and dynamic parts, and generates two different Structure-enhanced Positional Embeddings
to add to the network structure. While these methods separate the human body into several independent
parts, they often neglect the relationships between the parts and the whole. In contrast, our proposed method
introduces an Origin-centric Part representation that not only captures fine-grained local dependencies within
each part but also preserves global spatial coherence by anchoring all parts to a shared reference joint. This
design enables more comprehensive spatial modeling and leads to improved pose estimation accuracy.

Methods

The objective of our network is to lift a 2D skeleton sequence generated by a 2D detector into a 3D pose
sequence. Figure 2 illustrates the overall network architecture, which consists of five key components. The
Origin-centric Part Transformer (OPFormer) Block and the Spatial Transformer Encoder are combined in a
dual-channel parallel structure to model spatial dependencies at multiple scales within a single-frame 2D pose.
The OPFormer Block, introduced in this work, focuses on capturing intra-part relationships among joints and
generating localized spatial features. In line with previous studies'!"1*13, the Spatial Transformer Encoder is
employed to model inter-joint relationships across the entire body, producing global spatial features. The outputs
of these two channels are adaptively fused to strengthen the networK’s ability to capture spatial dependencies
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Fig. 2. Overview of the network architecture. The proposed network is designed with L stacked loops. Within
each loop, the Origin-centric Part Transformer Block and the Spatial Transformer Encoder are arranged in a
parallel structure to facilitate feature fusion. Subsequently, these components are integrated with the Temporal
Transformer Encoder in a serial structure to enable feature transmission.

at different scales. The fused spatial features are subsequently passed to the Temporal Transformer Encoder,
which models temporal dependencies of each joint across sequential frames. The spatial and temporal modeling
processes are performed alternately, and the 3D pose sequence is obtained through a Regression Head after L
loops. We start with an overview of the computational workflow and then provide a comprehensive explanation
of each network component.

Network architecture

As shown in Fig. 2, the input of the model is a 2D skeleton sequence X € R”*7*% with a confidence
score, where T is the number of frames, J is the number of joints and C; is the number of input channels.
The Linear Embedding layer is initially used to project the input to a high-dimensional feature
F° € RT*7%C%% and then the learnable spatial position embedding Ps € R**7* e is added. After inputting
the prepared features into the parallel channel, we utilize the OPFormer Block to compute the local spatial
features Flog € RT*7*C (] =1,... L), and utilize the Spatial Transformer Encoder to compute the global
spatial feature Fyg € RT*7*% (1 =1,..., L), where L is the depth of the network and C. is the number of
channels with embedded features. We use adaptive fusion to fuse the output of the two channels to generate a
complete spatial feature F5 € RT*7*Ce (] =1,..., L), this process is defined as:

Fé = albg © Fhg + alss © Fis, ey
where © is element-wise production, the adaptive fusion weights ol g and ol is defined as:
apg, abg = Softmaz(Concat(Fbg, Fss)Wa), (2)

where W4 is a learnable linear transformation.

Then, the temporal position embedding Pr € RT***“ js added to the fused feature Fi and input into
the Temporal Transformer Encoder to compute the temporal feature Ff. € RT>7*% (1 =1,... L). Finally,
a linear Regression Head is applied to FiF to estimate the final 3D pose Y € R”*7*3, which contains the
coordinate values of the three dimensions in the spatial coordinate system.

Origin-centric part transformer block

The OPFormer Block is designed to compute the local spatial features of a single-frame 2D pose. Unlike previous
methods! 131 that primarily focus on the global spatial correlations of all human joints, our approach introduces
a more localized scope for capturing spatial dependencies.

Skeleton separation and skeleton recombination

Asillustrated in Fig. 1a, our method separates the human skeleton into several parts based on spatial dependencies:
rightleg, left leg, trunk, rilght arm, and left arm, along with an Origin. Speciﬁcallg, as shown in Fig. 3, the complete
skeleton feature Fis € R”*° is segmented into five part features F5, € R’»*“ (p =1,...,5) and an Origin
feature Fo € R**7 via Skeleton Separation, where .J,, denotes the number of joints in the p-th part. Due to
stronger spatial dependencies within each part, joints belonging to the same part can provide more fine-grained
local spatial representations. However, they lack the implicit positional relationships between different parts.
To address this, we recombine each part with the Origin joint to form multiple Origin-centric Parts (OParts).
More precisely, for each part, we concatenate the Origin feature Fo € R'*“ with F5 € R7»*“ through
Skeleton Recombination to generate the OPart feature Fj , € R 1) *Ce The process of skeleton separation

and recombination can be denoted as:

Fo,Fp,...,Fp = Split(Fs), 3)
FYp, = Concat(Fo, F), @
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Fig. 3. Architecture and computational flow of the origin-centric part transformer block. The input 2D
skeleton feature undergoes two key processes: skeleton separation and skeleton recombination, resulting in
the generation of OPart features. After each OPart feature is projected into a higher-dimensional space, spatial
dependencies are modeled using scaled dot-product attention. Since the origin features span multiple OParts
and carry positional dependencies with each part, they are converged into a single feature through a linear
transformation module. Finally, the complete skeleton feature is restored via skeleton reconstruction.

Local spatial dependencies modeling

With Origin and joints of the same part included, each OPart is treated as a unit to capture local spatial
dependencies, and FJ . is then fed into the Scaled Dot-Product Attention (SDPA) mechanism. For computing
the query matrix Qop, the key matrix Ko p and the value matrix Vo p, we project F§ , by Linear layer:

Qop = FE . W&p, Kop = Fb W, Vop = F5,WEp, (5)

where ng, ng, and Wg p are projection matrices. The query matrix Qop, the key matrix Kop and the
value matrix Vo p are then fed into the Scaled Dot-Product Attention (SDPA):

SDPA(Qop,Kop,Vopr) = Softmax <QOP(KOP)T> Vor, (6)
Vi

where T is the matrix transpose operation, dx is the number of dimensions of the key Kop.
To model relations inside each Origin-centric Part, multi-head self-attention (MSA) mechanism is applied:

MSA(Qop, Kop,Vop) = Concat (heads, . . ., heads) WSp,

7

where head;, = SDPA (QgP,Kgp,Vohp) , h=1,... H,
where W§p is a learnable linear transformation, H is the number of attention heads. The complete process of
local spatial dependencies modeling can be defined as follows:

Fop' = MSA(LN(Fgp)) + Fop, (8)
ng = MLP(LN(FSP/)) + FSPI’ ©)

where MSA represents the multi-head attention, MLP represents the multilayer perceptron and LN is the layer
normalization layer.

Skeleton reconstruction

Fps = Concat(Concat (Zé, e Zg) Wo,Zp,...,Z3), (10)

where Wo is a learnable linear transformation that converges multiple Origin features into a single feature.
Through these steps, both local and global spatial dependencies can be accurately captured and used to generate
the final 3D pose estimation.

Transformer encoder

Spatial transformer encoder

We utilize Spatial Transformer Encoder (STE) to capture the spatial relationships between the joints outside
the parts of a single frame 2D skeleton. The Spatial Multi-Head Self-Attention (SMSA) treats individual joints
from the entire body as tokens. Each attention head is computed in a way that follows the scaled dot-product
attention. The definition of SMSA and scaled dot-product attention is as follows:

SMSA(Qs, Ks,Vs) = Concat (heady, . . ., heads ) WS, (11)
h (7R T
K
head;, = Softmazx M Ve, (12)
Vdx
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where Wg is a learnable linear transformation, H is the number of attention heads, T is the matrix transpose
operation, d is the number of dimensions of the key K% For computing the query matrix Qs, the key matrix
K5 and the value matrix Vs, we project spatial feature F's by Linear layer:

Q% = FsWi*" K& = FsWw{™" V§ = Fsw{"™", (13)

where WéQ’h), WéK’h), and Wév’h) are projection matrices of the h-th head.

Temporal transformer encoder

We utilize a Temporal Transformer Encoder (TTE) to capture the temporal relationships between different time
steps of a single joint. The Temporal Multi-Head Self-Attention (TMSA) treats individual joints from different
frames as tokens. Each attention head is computed in a way that follows the scaled dot-product attention. The
definition of TMSA and scaled dot-product attention is as follows:

TMSA(Qr, Kr,Vr) = Concat (heady, . . ., heads ) Wi, (14)

D" |,
Vi v

head;, = Softmaz (15)

the definition of each parameter in the formula is similar to that in the Spatial Transformer Encoder.

Regression head .

A linear Regression Head is employed to estimate the final 3D pose Y € RT>J*3 e then compute the loss
between Y and GT to train the network from end to end. Since the proposed model processes 2D skeleton
sequences at joint-level and frame-level, the final loss function . is composed of two elements:

T J
2=3.2
t=1 j=1

T J

[Ves = Yol + 2 3

t=2 j=1

My — My, (16)

where M, = Yt - Y’t, 1, My = Y: — Y;_1, and the constant coefficient Ay is used to balance position accuracy
and motion smoothness.

Experiments
We evaluated our proposed OPFormer model with two benchmark datasets: Human3.6M!* and MPI-INF-
3DHPY.

Dataset and evaluation metrics

Human3.6M is a commonly utilized indoor dataset for 3D human pose estimation, comprising 3.6 million video
frames. It features 11 professional actors engaged in 15 diverse everyday activities, including actions such as
eating, sitting, and walking. Each subject was filmed from four different angles. We followed the protocol of
previous works!"2>3238 training the model on subjects 1, 5, 6, 7, and 8, and testing on subjects 9 and 11.

MPI-INF-3DHP is a comprehensive dataset for 3D human pose estimation, featuring both indoor and
outdoor environments. It consists of over 1.3 million frames, capturing 8 categories of activities performed by 8
subjects from 14 camera angles, including a greater variety of poses.

For the Human3.6M dataset, we use MPJPE (Mean Per Joint Position Error) and P-MPJPE (Procrustes-
aligned Mean Per Joint Position Error) as metrics to evaluate the performance of OPFormer. MPJPE calculates
the average Euclidean distance between the estimated joint and the ground truth. P-MPJPE, on the other hand,
computes the MPJPE following rigid alignment between the estimated joint positions and the ground truth,
providing greater robustness to single joint prediction errors. We adopt these proven metrics (Percentage of
Correct Keypoint with 150 mm, and Area Under the Curve) to evaluate the proposed model in the MPI-INF-
3DHP dataset.

Implementation details

Our approach is implemented with PyTorch® and trained and tested on an NVIDIA RTX 4080 GPU. To ensure
a fair comparison, we select specific 2D input lengths for different datasets: Human3.6M (T=27, 81, 243) and
MPI-INF-3DHP (T=81). For Human3.6M, we use both the 2D predictions of the Stacked Hourglass’” and the
2D ground truth as inputs to the proposed model, following!®!8. Following!"!, the 2D ground truth data is
utilized for the MPI-INF-3DHP dataset. During model training, we set the input channel C;=3 (including the
coordinates of x and y along with confidence scores) following!®%° and use random horizontal flipping as data
augmentation following®>*>%8. The model is trained for 120 epochs using the Adam*! with an initial learning
rate of 0.0002 and a weight decay of 0.99. To address the issue of limited video memory, we use a gradient
accumulation strategy. Specifically, we accumulate gradients over batches of size 4 and update the model weights
after every 8 such accumulations.
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| T [Dire. [ Disc. | Eat | Greet [ Phone | Photo [ Pose | Pur. [ Sit [SitD. | Smoke [ Wait [ WalkD. | Walk | WalKT. | Avg

MPJPE
VideoPose3D 243 | 452 | 467 |43.3 | 456 |48.1 |55.1 |44.6 |443 |57.3 |658 |47.1 |44.0 |49.0 328 [339 |468
PoseFormer!! 81 |41.5 |448 |39.8 |425 |465 |51.6 |42.1 (420 |533 |60.7 |455 |433 |46.1 31.8 [322 443
Stridedformer'* 351 | 40.3 |43.3 402 | 423 |456 |523 |41.8 |40.5 559 |60.6 |44.2 [43.0 |44.2 300 302 |437
MixSTE" 243|367 390 365|394 |40.2 |449 |398 (369 |47.9 |548 (396 [37.8 |393 297 306 |39.8
STCFormer™ 243 384 |412 |368 380 |427 |50.5 387 |382 |525 568 |41.8 |384 |402 262 |27.7 | 405
MotionBERT' 243 363 |387 |386 (336 |421 |50 362 |357 |50.1 [56.6 |41.3 |37.4 |37.7 256 |265 |392
HDFormer® 96 |34.7 |417 360 |384 |41.1 |453 |39.6 |37.4 |49.0 |631 |39.8 [389 |402 293 |29.1 | 403
MotionAGFormer'® | 243 |36.8 [385 [35.9 |33.0 |41 |486 |380 |348 |49.0 |51.4 |403 |374 |363 272 |272 | 384
Ours 243 353 |37.4 |372 |325 |404 481 |358 |34.4 (484 |526 |39.0 |36.2 |357 |256 |256 |37.6
P-MPJPE
VideoPose3D 243 341 |36.1 |344 (372 |364 |422 344 |336 450 [525 |374 |338 |378 256 |273 |365
PoseFormer!! 81 |325 |348 |32.6 (346 |353 395 |321 |320 |428 |485 |348 324 (353 245 (260 |346
Stridedformer'* 351|327 |355 |325 (354 [359 [41.6 |33.0 |319 451 |50.1 363 |335 |35.1 351 [250 |352
MixSTE! 243 308 |33.1 |30.3 |31.8 [33.1 [39.1 |31 |305 |425 (445 |340 [308 |327 221 |229 |326
STCFormer? 243 293 |33.0 (307 |30.6 |327 382 |29.7 (288|422 |450 (333 |29.4 [315 209 [223 |31.8
MotionBERT'® 243|308 |32.8 |324 287 |343 [389 [30.1 |30.0 425 |49.7 |360 |30.8 |22.0 317 230 |329
HDFormer® 96 |27.9 |328 |29.7|306 |32.5 |350 |289 292|383 |500 |329 [301 |318 236 |228 |317
MotionAGFormer'® | 243 |31.0 [326 |31.0 |27.9 |340 |387 |315 |300 |41.4 |454 |348 |308 |313 228 |232 |325
Ours 243 |29.9 |31.6 |31.6 280 |335 381 |294 295 [405 |468 [340 |298 |21.6 306 |22.3 | 318

Table 1. Quantitative comparison results under MPJPE (mm) and P-MPJPE (mm) with state-of-the-art

methods on Human3.6M using the detected 2D pose as input. T denotes the number of input frames. The top

two results are marked in bold and italics, respectively.
MPJPE T Dire. | Disc. | Eat | Greet | Phone | Photo | Pose | Pur. | Sit | SitD. | Smoke | Wait | WalkD. | Walk | WalkT. | Avg
VideoPose3D* 243 | - - - - - - - - - - - - - - - 37.2
PoseFormer!! 81 [300 |33.6 (299|310 [302 |333 |348 |31.4 378 [386 |31.7 [315 |29.0 233 |23.1 313
Stridedformer'* 351 |27.1 |294 (265|271 |286 |33.0 |307 |268 382 |347 |291 [29.8 |268 191 [198 |285
MixSTE! 243|216 220 (204 |21.0 |208 |243 |247 |219 |269 |249 |212 [215 |208 147 |157  |216
HDFormer*® 9% |- - - - - - - - - - - - - - - 21.6
STCFormer™ 243 208 |21.8 [200 |20.6 |234 250 |23.6 193 |27.8 |26.1 [21.6 |206 |19.5 143 |151  [213
MotionAGFormer'® | 243 | - - - - - - - - - - - - - - - 17.3
MotionBERT'8 243 | 167 |19.9 |17.1 |165 |174 |188 |193 |205 [240 |221 |186 |168 |167 108 |11.5 |178
Ours 243 |142 |154 [15.0 |140 |155 |[17.7 |163 [16.2 |21.0 200 (162 |13.7 |89 142 |97 15.2

Table 2. Quantitative comparison results using MPJPE (mm) with state-of-the-art methods on Human3.6M,
using 2D ground truth key points as input.

Comparison with state-of-the-art
Table 1 shows the results of our comparison with other methods, including the error and average error for all 15
actions. For the sake of a clear and intuitive presentation of the results, we select only the best results of models
without considering variants. To ensure a fair comparison, only the results of models trained without additional
pre-training on external data are considered. With the same detector of Stacked Hourglass, our method achieved
the best result of average MPJPE of 37.6mm, which outperforms MotionAGFormer!® by 0.8mm (2.4%) MPJPE
and MotionBERT'® by 1.6mm (4.8%) MPJPE. It is worth mentioning that our average error is only 0.1mm worse
than the pre-trained MotionBERT with extra data. Moreover, OPFormer achieved the best results to date in 9 of
the 15 categories. A P-MPJPE of 31.8mm was obtained, which outperforms MotionAGFormer by 0.7mm (2.1%)
MPJPE and only 0.1mm worse than HDFormer.

To further evaluate the performance of OPFormer, we used 2D ground truth keypoints as input, allowing for
a direct comparison with state-of-the-art methods. The results presented in Table 2 show that by eliminating the
error introduced by the 2D pose estimation process, our method achieves an average MPJPE of 15.2mm. This
result significantly outperforms all other methods and marks a substantial improvement of 2.6mm (14.6%) over
MotionBERT. This considerable enhancement highlights the effectiveness of OPFormer in accurately estimating
3D poses when given precise 2D input data. The removal of 2D estimation errors underscores the inherent
robustness and precision of our approach. The experiments conducted with both 2D detected keypoints and
2D ground truth keypoints collectively demonstrate the versatility and reliability of our method across different
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Fig. 4. The MPJPE distribution on the testset S9 and S11 in Human3.6M. The x-axis and y-axis represents the
error interval and poses proportion in a certain interval.
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Fig. 5. The average joint error for each part across all frames in the Human3.6M testset.

input types. These findings solidify OPFormer as a highly competitive model in the field of 3D human pose
estimation.

Furthermore, Fig. 4 shows the MPJPE distribution comparisons between OPFormer and two other recent
methods, including MotionBERT and MotionAGFormer. With the same input of 2D keypoints from Stacked
Hourglass, OPFormer leads to the highest poses proportion with MPJPE less than 30mm, and the lowest poses
proportion with MPJPE larger than 40mm. The results demonstrate that our method has fewer errors for difficult
actions and higher accuracy for simple actions.

In Fig. 5, we also compare the average joint error for each part with MotionBERT and MotionAGFormer.
As shown, the results indicate that the left arm and the right arm exhibit higher detection errors due to more
complex movements. The proposed method demonstrates superior accuracy, as evidenced by its performance
on each part, particularly in the left and right arms, highlighting its effectiveness in precisely locating joints and
handling complex movements.

To verify the generalization of OPFormer on other datasets, we compared it with other methods on MPI-
INF-3DHP dataset. As shown in Table 3, with 2D ground truth keypoints as input and a frame number of 81,
the proposed model achieves the best results in three evaluation metrics with PCK of 98.7%, AUC of 85.3%
and MPJPE of 15.9mm. On MPJPE in particular, the OPFormer is 0.3mm (1.8%) lower than the best previous
method MotionAGFormer'¢. On the other two metrics, our approach also matched the to-data best reported
results. These findings demonstrate that OPFormer possesses superior generalization ability and an enhanced
capacity for spatial feature modeling when applied to more complex datasets. This robustness across different
datasets underscores the effectiveness of OPFormer in 3D human pose estimation.

Ablation study
In order to analyze the impact and performance of each component of the model in depth, we conducted a series
of ablation experiments to evaluate their effectiveness. The Stacked Hourglass detector provides 2D keypoints
based on the Human3.6M dataset.

As shown in Table 4, since our 3D HPE model is based on video sequences, the Temporal Encoder is a
fundamental component. For a fair comparison, we incrementally add modules to the baseline model, which
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Method T |PCKT | AUCT |MPJPE]}
VideoPose3D? 81 | 86.0 51.9 84.0
PoseFormer!! 9 | 886 56.4 77.1
MixSTE" 27 | 94.4 66.5 54.9
HDFormer®® 96 | 98.7 72.9 37.2
STCFormer? 81 | 98.7 83.9 23.1
MotionAGFormer'® | 81 | 98.2 85.3 16.2
Ours 81 |98.7 85.3 15.9

Table 3. Quantitative comparison results on MPI-INF-3DHP using the 2D ground truth as input.

Temporal | Spatial | Part | Origin-centric
Encoder | Encoder | Block | design MPJPE (mm)
v v 40.4
Baseline | v 384
v v v 38.3
Ours v v v v 37.6

Table 4. Ablation study for each component used in our method on Human3.6M with MPJPE (mm).

Depth | Dimension | Frames | MPJPE (mm)
6 512 243 38.0
8 128 243 40.5
8 256 243 39.6
8 512 27 439
8 512 81 40.4
8 512 243 37.6
10 512 243 37.9

Table 5. Ablation study on different hyper-parameters in our method on Human3.6M with MPJPE (mm).

Origin | MPJPE (mm)
Thorax | 38.6

Spine | 38.1
Hip 37.6

Table 6. Ablation study of different Origin choices in our method on Human3.6M with MPJPE (mm).

initially includes only the Temporal Encoder, and calculate the MPJPE losses to assess the effect of each
component. When only the Spatial Encoder or a simple Part Block is added to the model, the results indicate
that more accurate 3D pose estimations cannot be achieved using solely global or local spatial features. However,
when we combine these three components, the addition of the Part Block alone only reduces the MPJPE by 0.1
mm, demonstrating that independent local spatial features bring little improvement. The best results (37.6 mm
MPJPE) are achieved when we introduce the Origin-centric design to form the OPFormer Block. This addition
reduces MPJPE by 2.8mm (6.9%) compared to the baseline model, validating the efficacy of our design.

Table 5 shows how the setting of different hyperparameters impacts the model performance under MPJPE.
The proposed model has three main hyperparameters: the depth of the network stack, the dimension of the
model, and the number of input frames. To assess the effect of each configuration on the model, we vary each
hyper-parameter across three different values while keeping the other two fixed. Referring to the results in
Table 5, we select the configuration with Depth=8, Dimension=512, and Frames=243. Table 6 presents the
results of an ablation study evaluating the impact of different joint selections as the Origin in our Origin-centric
framework. This can be attributed to the hip joint’s anatomical role as the root of the human skeleton, providing
a more stable and centrally located reference for modeling spatial dependencies.
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Qualitative results

Attention visualization: we visualize the average spatial attention maps for the different layers of the OPFormer
Block (top) and the STE (bottom), as illustrated in Fig. 6. From the bottom, the results indicate that the
dependencies between all human joints and the hip joint are greatly reduced compared to MixSTE!>. As expected,
the Spatial Transformer Encoder (SPE) focuses on the spatial relationships of joints outside the part, whereas
the dependencies inside the part and the implicit position relationships based on the Origin are transferred to
the OPFormer Block. From the top, it is evident that layers 1 to 5 of the OPFormer Block mainly capture the
dependencies between different joints within the part, whereas layers 6 to 8 primarily capture the dependencies
between the internal joints and the Origin. This clear division of modeling different types of dependencies is due
to the OPFormer block and the overall network architecture design. By segmenting the human body structure
based on the Origin, our double-channel parallel structure is capable of capturing more fine-grained global and
local spatial features. This enhances the model’s ability to comprehensively understand and model the spatial
dependencies inherent in human poses.

Qualitative analysis: Figure 7 presents a qualitative comparison between OPFormer and two recent methods:
MotionBERT!® and MotionAGFormer!®. The examples are selected from the Photo and SittingDown actions in
the Human3.6M test set. As highlighted in the blue circled areas, the poses estimated by OPFormer exhibit a
closer resemblance to the ground truth compared to the other methods. Importantly, for complex actions such as
“SittingDown,” our method achieves significantly more accurate results. This indicates that OPFormer maintains
competitive performance even in challenging action categories, demonstrating its robustness and precision in
3D human pose estimation.

Conclusion

We propose the OPFormer model for spatial feature modeling that leverages Skeleton Separation and Skeleton
Recombination for effective monocular 3D pose estimation. The OPFormer uniquely captures localized joint
dependencies within distinct body parts while preserving the structural relevance of each joint to the entire body.
Integrated into an innovative network architecture, the OPFormer operates within a parallel and alternating
framework, efficiently capturing and fusing spatio-temporal features to enhance performance. Comprehensive
experiments on benchmark datasets validate that the proposed model substantially improves the accuracy of
3D HPE, demonstrating robust performance across varying motion patterns. However, our proposed method
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Fig. 6. Visualization of attention maps in the OPFormer block (top) and the STE (bottom). The x-axis and
y-axis correspond to the joint indexes in the part and body. The label indicates which layers the average
attention comes from.
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Fig. 7. Qualitative comparison between OPFormer and the state-of-the-art methods on Human3.6M testset.
Red represents the torso and the left, and black indicates the right of the estimated body. The blue circle
indicates areas where our method outperforms others.

incurs a relatively higher computational cost compared to some existing approaches. In future work, we plan
to explore efficiency-aware variants of our model to reduce computational cost while preserving high accuracy,
potentially by sharing Origin embeddings across parts or integrating more efficient attention mechanisms.

Da

ta availability

The data used in this study is sourced from publicly available datasets. Human3.6M dataset URL: http://vision.i
mar.ro/human3.6m/description.php. MPI-INF-3DHP dataset URL: https://vcai.mpi-inf.mpg.de/3dhp-dataset/.
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