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Abstract. In recent years, significant progress has been made in estimat-
ing 3D human joint positions from monocular 2D images or videos. How-
ever, existing approaches that lift 2D to 3D often rely on mean per-joint
position error (MPJPE) as explicit supervision, while ignoring implicit
semantic consistency across 2D-3D sequences and disregarding human
kinematic constraints. As a result, these methods may produce physio-
logically implausible poses. To address this issue, we propose SemGAN,
an adversarial learning framework that integrates explicit supervision
with implicit semantic constraints. Specifically, we employ a two-stage
adversarial learning approach that complements explicit supervision with
motion semantic consistency as an implicit constraint, which is further
enforced through an Entropy-based Cross-Frequency Discriminator(ECF-
Discriminator). This design jointly optimizes both joint coordinate ac-
curacy and motion semantic consistency. Moreover, guided by human
kinematic principles, we construct a Semantic Prototype-guided Hierarchi-
cal Generator(SPH-Generator), which enhances local part-level uniformity
and global inter-part coordination, thereby alleviating abnormal 3D pose
generation. Extensive experiments on the Human3.6M and MPI-INF-
3DHP benchmark datasets demonstrate that our method outperforms
previous state-of-the-art approaches.

Keywords: 3D Human Pose Estimation - Adversarial Learning - Seman-
tic Consistency

1 Introduction

3D Human Pose estimation, a key task in computer vision, aims to predict the
joint positions of the human skeleton in 3D space from a monocular 2D image
or video. This technology serves as a core foundation for various applications,
such as action recognition [14}/15] and human-computer interaction [9,32], and its
accuracy has a significant impact on the performance of downstream tasks. As a
result, research on 3D human pose estimation has garnered widespread attention
in recent years.

The current mainstream "2D-to-3D lifting" approach |16}[22}27,[35] typically
follows a two-stage pipeline: first, a 2D human pose detector [2}/17,/25] is used to
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detect keypoints, and then the 2D coordinates are lifted into 3D space. Based
on this pipeline, existing works focus on two main directions. On the one hand,
some studies aim to enhance spatio-temporal feature modeling capabilities. For
example, [33| separates spatial and temporal attention paths to improve long-
range dependency modeling while reducing computational cost, whereas [12]
introduces a multi-hypothesis generation mechanism to mitigate depth ambiguity
through the interaction and fusion of multiple intermediate hypotheses. On the
other hand, certain approaches incorporate prior knowledge for optimization. For
instance, 28| leverages anatomical structures and joint motion trajectories as
priors, and designs kinematic and trajectory attention modules to strengthen
spatio-temporal correlation learning.

Despite the significant progress achieved by these methods [3}/18[39], they still
face two key challenges. First, most existing methods adopt explicit supervision
strategies (e.g., MPJPE loss), which emphasize the positional accuracy of 3D joints
but overlook the motion semantic consistency across temporal sequences. Motion
semantic consistency refers to ensuring that the motion features (i.e., action
expression) of the 2D and 3D sequences of the same action remain consistent over
time. Second, hierarchical modeling of the human body is often ignored. Human
motion inherently exhibits hierarchical characteristics: joints within each of the
five major body parts (e.g., left arm, right arm, left leg, right leg, and torso) should
maintain local uniformity, while coordination among different parts is necessary
to accomplish complex actions. However, most existing approaches [8}/13}/41]
treat all joints as a whole, failing to effectively capture such multi-level motion
correlations, which limits their ability to understand complex human actions. In
response, this paper focuses on addressing the challenges of lacking kinematic
semantic consistency and hierarchical modeling.

Regarding motion semantic consistency, a 2D skeleton sequence and its corre-
sponding 3D skeleton sequence essentially represent the same action expressed
in different dimensions, and thus share semantic consistency. By leveraging this
cross-dimensional semantic correlation, an implicit association can be established
between 2D and 3D sequences. Accordingly, we employ a GAN-based adversarial
framework, where a semantic-aware discriminator enforces implicit constraints
on 2D-3D sequences to ensure that the generated 3D sequence is consistent with
the 2D sequence in terms of motion semantics.

For a hierarchical structure, the core challenge lies in effectively capturing fine-
grained motion features within local body parts while maintaining coordination
across global parts. To address this problem, we design a hierarchical feature
learning and cross-level interaction mechanism. By utilizing semantic prototypes
to link local functional parts with global motion patterns, the framework is able
to capture relative motion features of joints within each part while preserving
inter-part dependencies. This enables multi-granularity motion understanding,
ranging from local uniformity to global coordination.

Our main contributions can be summarized as follows:

— We propose a 2D-to-3D sequence GAN framework with a two-stage
adversarial mechanism. By incorporating motion semantic consistency be-



SemGAN 3

tween 2D and 3D sequences as implicit supervision, in conjunction with the
explicit MPJPE loss, the generated 3D skeleton sequences achieve both joint
coordinate accuracy and motion semantic consistency.

— To capture both local and global dynamics, we design the SPH-Generator.
It decouples motion into five Basic Functional Parts and introduces a multi-
granularity interaction mechanism that balances local uniformity and global
coordination. This hierarchical semantic modeling facilitates a deeper under-
standing of complex actions.

— We propose an ECF-Discriminator that decomposes motion in the fre-
quency domain to capture overall trends, limb dynamics, and local details,
using cross-frequency energy entropy interactions to improve temporal coher-
ence in 3D pose generation.

2 Related Work

2D-to-3D Lifting for Human Pose Estimation. Monocular 3D human
pose estimation recovers 3D joint coordinates from 2D observations. Methods
are divided into single-stage approaches that directly regress 3D poses from
images [10,1924}26/)38|, and two-stage “2D-to-3D lifting” approaches [29/33//361[37].
The two-stage strategy, which first uses 2D pose detectors |2,/17},25] and then
lifts the coordinates to 3D, has become the dominant paradigm due to advances
in 2D detection. Some works use attention mechanisms to focus on key video
frames [16]. Others employ graph convolutional networks (GCNs) [41/40] to model
skeletal topology; for instance, SemGCN [44] and LCN [5] learn spatial joint
dependencies. However, these methods are limited in capturing long-range and
non-local global dependencies.

Transformer-Based Methods. The Transformer architecture |34], with its
strong ability to model long-range dependencies, is widely applied in 3D pose esti-
mation for spatiotemporal correlations [1,/31L[47]. The pioneering PoseFormer [46]
decouples spatial and temporal modules. MixSTE [43] constructs a hybrid spa-
tiotemporal encoder with alternating layers, while STCFormer [33| uses a parallel
dual-path design to efficiently encode spatial and temporal contexts. More re-
cently, studies have begun to explore hierarchical body structures. Strided Trans-
former [11] hierarchically aggregates features, and Zhang et al. [42] propose a
progressive convolutional-temporal fusion method. However, its fixed hierarchical
downsampling strategy struggles to adapt to the temporal variations of complex
actions, limiting its ability to understand cooperative human motions.
Frequency-Based Feature Representation. Several studies have incorpo-
rated frequency-domain transformations into neural networks to enhance feature
extraction and robustness. For instance, converting skeleton sequences into DCT
coefficients provides an effective representation of motion dynamics [20}21],
leading to their increased use in the 2D-to-3D lifting task. PoseFormerV2 [45]
pioneered this approach, using low-frequency DCT coefficients as Transformer
inputs to efficiently handle long sequences and improve noise robustness. Sub-
sequent studies have extended this idea by transforming raw signals into the
frequency domain to capture spectral interactions across different poses.
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Fig. 1: The overall architecture of our proposed SemGAN model. This frame-
work employs a two-stage adversarial training strategy with a dual-supervision
mechanism. In the first stage (left), a pre-trained GAN is used to generate high-
quality 3D motions and their 2D projections, constructing semantically consistent "real
pairs." In the second stage (right), the core SPH-Generator lifts an input 2D
sequence to 3D.

3 Method

3.1 Overall Architecture

2D and 3D sequences of the same action share inherent semantic consistency.
Our proposed SemGAN architecture leverages this by combining explicit joint
coordinate supervision with implicit, semantic-driven supervision to improve the
robustness of 2D-to-3D skeleton reconstruction. As shown in Fig. [I we introduce
a GAN-based framework where a generator and discriminator collaboratively
learn motion semantic consistency between 2D and 3D sequences.

Our framework employs a two-stage adversarial training strategy. The first
stage generates positive sample pairs with inherent motion semantic consis-
tency, which serve as a reference standard. The second stage uses a dual-
supervision mechanism: our Semantic Prototype-guided Hierarchical Generator
(SPH-Generator) is supervised by an explicit positional loss (MPJPE), while
our Entropy-based Cross-Frequency Discriminator (ECF-Discriminator) provides
implicit supervision. The ECF-Discriminator assesses structural and dynamic co-
herence from both temporal and frequency perspectives, enhancing the semantic
consistency and robustness of the generated 3D sequences.

Stage 1: Although existing 3D pose datasets (e.g., Human3.6M) provide
accurate 2D-3D ground-truth (GT) pairs, their coverage of action types and
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viewpoints is relatively limited, making it difficult to fully encompass the complex
and variable human motion patterns in the real world. To break through the
bottleneck of limited GT data and enhance the model’s generalization ability to
unseen actions, we introduce MoDi [30] as a generative module. This module
aims to generate diverse and naturally plausible 3D synthetic motion sequences,
thereby expanding the motion pattern coverage of the training data. Specifically,
Modi’s Generator (Generator A) takes a Gaussian noise vector as input, which
is transformed into a structured latent variable through a mapping network.
Then, a synthesis network, featuring skeleton-aware 3D convolutional modules,
hierarchical style injection, and convolutional scaling operators, progressively
generates diverse 3D skeleton sequences A3, in a coarse-to-fine manner. Modi’s
Discriminator (Discriminator A) employs a hierarchical architecture that is inverse
to the generator’s synthesis network. It receives either real sequences Azt (positive
samples) or generated sequences A2, , (negative samples). Through skeleton-aware
3D convolutional modules and downsampling operators, it gradually reduces the
temporal and joint resolution to output a discrimination result on the motion’s
realism, enabling adversarial training. After training, the sequences A2, generated
by Generator A are projected into 2D to form corresponding 2D action sequences
Af)mj. Together, A2, and Af)mj constitute positive sample pairs (42, Agmj),
which provide a real motion reference for the training in the second stage.
Stage 2: The SPH-Generator converts a 2D skeleton sequence B2, into a 3D
skeleton sequence B3, forming the sample pair (B2, B3,,). To construct the
adversarial training for the SPH-Generator, we treat (B2,, B3,,) as a negative

wm?
sample pair and the (A3 ,, A% ) pair obtained from the first stage as a positive

70,
sample pair. The ECF—DiSCI‘iI’II)liIiatOF is then utilized to perform implicit discrimi-
nation through its time-domain and frequency-domain branches. In addition, the
explicit supervision loss, Mean Per Joint Position Error (MPJPE), is calculated
between the 3D skeleton sequence B3, generated by the SPH-Generator and the

ground-truth 3D skeleton sequence Bj,.

3.2 Semantic Prototype-guided Hierarchical Generator

Based on human kinematics [6], the body can be divided into five Basic Functional
Parts (BFPs): the trunk, arms, and legs. Human motion is characterized by two
key principles: 1) Intra-BFP motion uniformity, where joints within a part
move cohesively, and 2) Inter-BFP motion coordination, where different
parts interact to maintain overall balance and naturalness.

Generating coherent 3D skeleton sequences requires a model that can con-
sistently handle both fine-grained local actions within BFPs and coarse-grained
global interactions between them. To achieve this, we design the Semantic
Prototype-guided Hierarchical Generator (SPH-Generator), shown in Fig.
The generator takes a 2D skeleton sequence B2, as input, which first undergoes
feature extraction using stacked spatio-temporal Transformers.

Based on human kinematics principles, we divide the J joints in the feature
set Fy into five functional parts (left arm, right arm, left leg, right leg, and
trunk). For the feature subset of each part, F; (where i € {1, ..., 5}), we use a
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Fig. 2: Architecture of the SPH-Generator

Graph Convolutional Network (GCN) to further strengthen the collaborative
modeling of its internal joints and then use a pooling operation to aggregate it
into a semantic prototype, cls;, which represents the overall motion state of the
part.

cls; = Pooling(GCN(F;)) (1)

This process compresses the complex dynamic information of multiple joints
within each part into a single, high-dimensional feature vector. Ultimately, we
obtain an initial set of semantic prototypes clSinitial = {cls1, clsa, clss, clsy, clss}
representing the five major body parts.

To capture the dynamic synergistic relationships between different body
regions, such as the coordinated swinging of arms and legs during walking, we
introduce a self-attention mechanism among the five semantic prototypes. This
module takes the entire set of prototypes, clSinitial, as input to compute the
Query, Key, and Value matrices:

Q = csinitiaW?, K = clsiniiaWs, V= clsiniiaW" (2)

where W@, WX WV are learnable weight matrices. Subsequently, the prototypes
are updated through the standard scaled dot-product attention operation, allowing
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each prototype to perceive the state of all other prototypes:

. QKT
Attention(Q, K, V) = softmax < ) 1% (3)

Vi,
After processing by this module, we obtain a set of enhanced semantic prototypes
that have undergone global information interaction, denoted as CLS,pdated. This
set contains five updated prototypes, each representing a specific body part
(referred to as l.arm, lleg, torso, r.leg, and r.arm in the architecture of the

SPH-Generator).

Finally, the model utilizes the enhanced semantic prototypes to guide the
generation of 3D coordinates for each joint within its corresponding part. Specifi-
cally, for each part, we initialize a set of learnable embeddings to serve as Queries,
where the number of Queries strictly matches the number of constituent joints
in that specific part (for instance, 3 learnable Queries are assigned to the left
arm, denoted as l.arm, corresponding to its 3 joints), and the corresponding
enhanced semantic prototype as the Key and Value to perform a cross-attention
calculation. This allows the final feature of each joint to be precisely adjusted
according to the overall motion state of its part, as encoded by the semantic
prototype. Ultimately, the features of all 17 joints across all parts are passed
through a regression head to output their coordinates in 3D space, forming the
complete 3D skeleton sequence B2,,.

3.3 Entropy-based Cross-Frequency Discriminator

A 3D skeleton sequence (A3,;) and its 2D projected sequence (A2 ;) for the same

action are semantically consistent at their core. Through a pairwise comparison
of the 2D-3D sample features, it becomes easier to discriminate whether A3 ,
and A?"_Oj belong to the same action. Furthermore, the 3D and 2D sequences of
the same action exhibit strong consistency in both the temporal and frequency
domains. Therefore, fusing the temporal and frequency domain features of the
2D-3D samples can fully express the uniqueness of the action, which is more
effective for discriminating them as a corresponding pair.

When designing an action discriminator, this allows for the creation of separate

branches to discriminate motion semantics in the time and frequency domains:

1. Temporal Branch: This branch needs to capture the structural differences
between the 2D-3D sequences in both space and time. By learning spatio-
temporal features along the temporal trajectory and in the spatial topology,
the discriminator can enhance the feature discriminability between real action
pairs and fake action pairs.

2. Frequency Branch: This branch needs to establish a multi-scale feature
extraction mechanism in the frequency domain, based on the motion semantics
of human actions in different frequency bands. It should also utilize a cross-
band interaction mechanism to correlate multiple frequency bands, thereby
improving its ability to detect abnormal frequency distributions in fake action
pairs.
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Fig. 3: The overall architecture of the ECF-Discriminator, featuring the Frequency-
domain branch above and the Time-domain branch below.

We designed the ECF-Discriminator as shown in Fig. [3] Its input is a 2D-3D
sample pair—either a positive pair p(A3,;, AZ,,.) or a negative one p(BZ,, B3,,).
The 2D (P,p € RT*7*2) and 3D (P;p € RT*7*3) sequences (where T is the
number of time steps and J is the number of joints) are first concatenated along

the coordinate dimension.
Pcombined = Concat(P2D7 PSD) c RTXJX5 (4)

A Discrete Cosine Transform (DCT-II) is applied along the time dimension
to the combined input, yielding a frequency-domain representation X € RT*7*5,
The transformation is as follows:

T—1
. s 1
Xy je = Z Peombined(t, j, ) cos <T (t + 2) k> (5)

t=0

Here, k represents the frequency index, t the time step, j the joint index, and ¢
the coordinate dimension. Subsequently, the DCT coefficients are divided into
three non-overlapping frequency bands based on the spectral energy distribution
characteristics of human motion. Since human motion is primarily dominated by
low-frequency components, whereas high-frequency components typically contain
subtle joint jitters or noise, we employ a non-uniform frequency band division
strategy to partition the coefficients into: a low-frequency component X; for the
overall motion trend, a mid-frequency component X,, for inter-limb coordination,
and a high-frequency component X} for fine-grained realism.

Independent Band Encoding: The coefficients of each band are averaged
along the frequency dimension, flattened, and passed through separate MLP
encoders to yield feature vectors fr, far,and fg.

fB = Encoderp(Flatten(Mean(Xg))), B € {l,m,h} (6)

Cross-band Features: To quantify the smoothness of energy flow between
bands, we compute the energy entropy difference. First, the energy Ep for each
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band is calculated:

Ep =YY |X(kj.c) (7)

keB j,c

The energy at each frequency point is then normalized to form a probability

>, | X (ko)
Ep

distribution pg(k) = , allowing for the calculation of the Shannon

entropy Hp for the band:

Hp = — Z pp(k)logy (ps(k)) (8)
keB

The energy entropy difference (AH) is then calculated between adjacent
bands. A smaller difference indicates a more natural energy transfer.

AHponm = |Hp — Hu| 9)

AHyep = |Hy — Hy| (10)

These differences are encoded via an independent MLP to produce a cross-band
feature vector, feross-

fcross = EHCOdercrOSS([AHLHMv AHMHH]) (]-]-)

Specifically, Encoderg,oss is designed as a lightweight three-layer Multilayer
Perceptron (MLP) that maps the low-dimensional scalar difference into a high-
dimensional feature vector, feross. This projection aligns feross Within the same
dimensional space as the frequency-domain features (f;, fm, and f5,). Subsequently,
these four features are fused via an attention-weighted mechanism to form the
final frequency-domain token (7).

Tf:WGG[fL;fNI;fH;fcross} (12)

Here, [;] denotes concatenation, W, is an adaptive weight vector generated by
an MLP to dynamically adjust the importance of each feature, and ® represents
element-wise multiplication.

The time-domain branch uses alternating Spatial-MHSA and Temporal-
MHSA layers. Spatial-MHSA focuses on spatial relationships between joints
within a frame, while Temporal-MHSA captures temporal dependencies of a joint
across frames. This stacked design validates the spatio-temporal coherence and
outputs a time-domain feature token (7).

Finally, the frequency token Ty and time token T} are concatenated into a joint
feature T' = [Ty, T;] and fed into an MLP to output a discrimination probability.
This dual-branch mechanism ensures the generated sequence conforms to realistic
motion patterns across its overall trend, limb coordination, and fine-grained
dynamics.
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4 Experiments

4.1 Datasets and Evaluation Metrics

We conduct a comprehensive evaluation of our experiments on two public datasets:
Human3.6M [7] and MPI-INF-3DHP [23].

Human3.6M is the most representative benchmark dataset in the field of
3D human pose estimation. It contains approximately 3.6 million video frames
collected in an indoor environment, captured by four synchronized cameras from
different viewpoints. The dataset involves 11 professional actors performing 15
common activities. Following previous studies [12}/46], we use data from five
subjects (S1, S5, S6, S7, S8) for training and data from two subjects (S9, S11)
for testing. We use the most common metrics to evaluate our proposed method:
Protocol 1 is the Mean Per Joint Position Error (MPJPE), which calculates the
error between the predicted and ground-truth joint coordinates; Protocol 2 is
the Procrustes-aligned Mean Per Joint Position Error (P-MPJPE), which refers
to the MPJPE calculated after further aligning the predicted joint coordinates
with the ground-truth coordinates.

MPI-INF-3DHP is a large-scale 3D pose dataset that includes three scenes:
green screen, non-green screen, and outdoor. It contains 1.3 million frames from
8 subjects, with the training set including 8 activities and the test set including
7 activities. Following previous settings [12,/28|, we use three evaluation metrics:
Mean Per Joint Position Error (MPJPE), Percentage of Correct Keypoints (PCK)
within a 150mm range, and Area Under the Curve (AUC).

4.2 Implementation Details

We implement our model based on the PyTorch framework and conduct training
and evaluation on a server equipped with four NVIDIA A6000 GPUs. During
model training, we set the number of stacked spatial-temporal Transformers (N)
to 7 and use the Adam optimizer to optimize the model. We train for 80 epochs
with an initial learning rate of 8e-5, which is decayed by a factor of 0.99 each
epoch. For Human3.6M, following established settings [12,/28|, there are two
types of input 2D joint sequences: 2D keypoints detected by a pre-trained CPN
model and 2D ground truth (GT) labels. For MPI-INF-3DHP, following previous
settings, we directly use the 2D ground truth (GT) labels as input. During the
training and testing phases, we follow the same settings as in prior works and
use horizontally flipped pose data for data augmentation.

4.3 Comparison with State-of-the-Art Methods

Results on the Human3.6M Dataset. We evaluated our method on the
Human3.6M dataset using CPN-detected 2D poses, with results shown in Table [T}
With an input of T' = 243 frames, our method achieves a state-of-the-art MPJPE
of 39.7mm, outperforming methods like STCFormer (40.5mm) and MixSTE
(40.9mm). Our model also demonstrates high efficiency; with a shorter input
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Table 1: Quantitative comparison results with the state-of-the-art methods on Hu-
man3.6M. The 2D poses obtained by CPN [2]| are used as inputs. Bold: best; Underlined:
second best.

MPJPE (CPN)
Method Publication Dir. Disc. Eat Greet Phone Photo Pose Pur. Sit SitD. Smoke Wait WalkD. Walk WalkT. Avg

ECCV’20 40.2 42.5 42.6 41.1 46.7 56.7 41.4 423 56.2 60.4 46.3 422 46.2 31.7 31.0 445
) ICCV’21  41.5 44.8 39.8 425 46.5 51.6 42.1 42.0 53.3 60.7 455 43.3 46.1 31.8 322 443
(T=351) TMM'22  40.3 43.3 40.2 423 456 52.3 41.8 40.5 55.9 60.6 44.2 43.0 44.2 30.0 30.2 43.7
351) CVPR’22  39.2 43.1 40.1 40.9 449 51.2 40.6 41.3 53.5 60.3 43.7 41.1 438 298 30.6 43.0
243) ECCV’22 389 42.7 40.4 41.1 45.6 49.7 40.9 39.9 55.5 59.4 44.9 42.2 427 294 294 428

MixSTE [43[(7=81) CVPR’22  39.8 43.0 38.6 40.1 434 50.6 40.6 41.4 52.2 56.7 43.8 40.8 439 294 30.3 424
MixSTE T=243) CVPR’22 37.6 40.9 37.3 39.7 423 49.9 40.1 39.8 51.7 55.0 42.1 39.8 41.0 279 27.9 409
GLA-GCN (T7243) ICCV’23  41.3 44.3 40.8 41.8 45.9 54.1 42.1 41.5 57.8 62.9 45.0 428 459 294 299 444
HDformer T*S}G) IJCAI'23  38.1 43.1 39.3 39.4 44.3 49.1 41.3 40.8 53.1 62.1 43.3 41.8 43.1 31.0 29.7 426

STCFormer
STCFormer

CVPR’23  40.6 43.0 38.3 40.2 43.5 52.6 40.3 40.1 51.8 57.7 428 39.8 423 28.0 29.5 420
CVPR’23 384 41.2 36.8 38.0 42.7 50.5 38.7 38.2 52.5 56.8 41.8 38.4 40.2 26.2 27.7 405
KTPFormer CVPR’24 39.1 41.9 37.3 40.1 44.0 51.3 39.8 41.0 5 43.0 41.0 42.6 288 29.5 41.8
KTPFormer (’1'7243) CVPR’24 37.3 39.2 359 37.6 42.5 48.2 38.6 39.0 5 416 39.0 40.0 27.0 274 40.1

Ours (T=81) 38.8 41.0 36.6 38.8 43.7 51.6 40.8 40.2 52.0 58.0 42.4 409 41.8 279 283 415
Ours (T=243) 36.9 39.0 35.1 36.7 41.9 48.5 388 38.6 51.3 56.3 41.3 388 39.4 26.7 26.5 39.7

P-MPJPE (CPN)
Method Publication Dir. Disc. Eat Greet Phone Photo Pose Pur. Sit SitD. Smoke Wait WalkD. Walk WalkT. Avg

UGCN (T:96) ECCV’20 31.8 34.3 354 33.5 354 41.7 31.1 31.6 444 49.0 364 322 350 249 230 345
PoseFormer T=81) ICCV’21 341 36.1 34.4 37.2 36.4 422 344 33.6 45.0 52.5 374 33.8 378 256 27.3 36.5
1

1)(T=351) TMM’22  32.7 35.5 32.5 354 359 41.6 33.0 31.9 45.1 50.1 36.3 33.5 351 239 250 352
T*351) CVPR’22 31.5 34.9 328 33.6 353 39.6 32.0 322 43.5 48.7 364 326 343 239 251 344

P-STMO T=243) ECCV’22  31.3 35.2 329 339 354 39.3 325 31.5 44.6 48.2 36.3 329 344 238 239 344

MixSTE CVPR’22 320 34.2 31.7 33.7 344 39.2 320 31.8 429 46.9 355 320 344 23.6 252 339
MixSTE T—=243) CVPR’22 30.8 33.1 30.3 31.8 33.1 39.1 31.1 30.5 42.5 44.5 34.0 30.8 32.7 221 229 326
GLA-GCN ICCV’23 324 35.3 326 342 35.0 421 321 31.9 45.5 49.5 36.1 324 35.6 23.5 247 348
HDformer IJCAT23  29.6 33.8 31.7 31.3 33.7 37.7 30.6 31.0 41.4 47.6 35.0 30.9 33.7 253 236 33.1
STCFormer CVPR’23 304 33.8 31.1 31.7 33.5 39.5 30.8 30.0 41.8 45.8 34.3 30.1 328 21.9 234 327
STCFormer @ CVPR’23  29.3 33.0 30.7 30.6 32.7 38.2 29.728.8 422 45.0 33.3 294 315 209 22.3 318
KTPFormer CVPR’24  30.6 : 30.1 31.9 33.7 382 30.6 30.7 40.9 44.8 344 30.5 327 223 240 326

KTPFormer CVPR’24 30.1 3

Ours (T=81) 29.9 32.7 29.8 31.6 33.9 385 309 30.5 41.5 45.6 342 302 326 220 23.7 325
Ours (T=243) 29.5 32.1 29.3 30.7 32.6 37.1 30.4 29.6 40.6 45.1 33.7 29.2 31.1 20.6 224 31.6

29.6 30.8 32.3 37.3 30.0 30.2 41.0 453 33.6 29.3 314 21.5 226 319

of T = 81, its 41.5mm MPJPE not only improves upon STCFormer (42.0mm)
but also surpasses MHFormer (43.0mm), which uses a much longer sequence
of T = 351 frames.To evaluate the upper-bound performance, we used ground-
truth 2D poses as input (Table . In this setting, SemGAN achieves a new
state-of-the-art MPJPE of 18.8mm, outperforming the previous best competitor,
KTPFormer.

Results based on MPI-INF-3DHP. To verify the generalization ability
of our method, we conducted evaluations on the more challenging MPI-INF-
3DHP dataset, which features more complex backgrounds and outdoor scenes.
Following the setup of previous studies , we used ground-truth 2D poses
as input. Considering the shorter video sequences in this dataset, we set the
input frame counts to 27 and 81. As shown in Table [3] our method achieves
excellent performance at 7' = 81, with a PCK of 98.7%, an AUC of 86.2%,
and an MPJPE of 16.5mm. Compared to the current state-of-the-art method,
KTPFormer, our model achieves a 0.3% improvement in AUC and a 0.2mm
reduction in MPJPE, establishing a new state-of-the-art result of 16.5mm in this
key metric. Furthermore, our method remains highly competitive with an input
frame count of T' = 27, achieving an AUC of 84.8% and an MPJPE of 19.3mm,
which proves its effectiveness in handling shorter sequences.
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Table 2: Quantitative comparison results of MPJPE (mm) with the state-of-the-art
methods on Human3.6M using ground-truth (GT) 2D poses as inputs. 7" is the number
of input frames.

MPJPE (GT)
Method Publication Dir. Disc. Eat Greet Phone Photo Pose Pur. Sit SitD. Smoke Wait WalkD. Walk WalkT. Avg
UGCN ﬁ(T:.‘)ﬁ') ECCV’20 23.0 25.7 22.8 22.6 24.1 30.6 24.9 245 31.1 350 25.6 243 251 19.8 184 256

PoseFormer 81) ICCV’21  30.0 33.6 29.9 31.0 30.2 33.3 348 31.4 37.8 386 31.7 315 29.0 233 231 313
StridedFormer (T=351) TMM'22  27.1 29.4 265 27.1 28.6 33.0 30.7 26.8 38.2 34.7 29.1 298 268 19.1 198 285
MHFormer =351) CVPR’22 27.7 32.1 29.1 289 30.0 339 33.0 31.2 37.0 39.3 30.0 31.0 294 222 23.0 305
1] 243) ECCV’22 285 30.1 28.6 279 298 332 31.3 27.8 36.0 374 29.7 29.5 281 21.0 187 29.0
MixSTE [43[(7=81) CVPR’22 256 27.8 24.5 25.7 249 299 286 27.4 299 29.0 26.1 25.0 252 187 19.9 259
MixSTE T=243) CVPR’22  21.6 22.0 204 21.0 20.8 24.3 24.7 21.9 26.9 249 21.2 21.5 20.8 147 157 21.6
GLA-GCN m T=243) ICCV’23 201 21.2 20.0 19.6 21.5 26.7 23.3 19.8 27.0 294 20.8 20.1 19.2 12.8 13.8 21.0
STCFormer [33|(T=81) CVPR’23 262 26.5 234 246 25.0 28.6 28.3 24.6 30.9 33.7 25.7 253 24.6 186 19.7 25.7
STCFormer [33/(T=243) CVPR’23 214 226 21.0 21.3 23.8 26.0 24.2 20.0 28.9 28.0 223 214 20.1 142 150 220
KTPFormer |28|(T=81) CVPR’24 225 224 21.3 214 21.2 255 242 224 244 275 227 214 21.7 163 173 222

KTPFormer [28|(T=243) CVPR’24 19.6 18.6 18.5 181 18.7 22.1 20.8 18.3 22.8 22.4 18.8 181 184 139 152 19.0
Ours (T=81) 21.9 22.2 20.8 20.5 21.0 256 23.8 21.6 24.7 27.3 21.5 20.7 214 148 164 21.6
Ours (T=243) 19.4 18.8 18.3 18.0 18.5 21.7 20.518.022.6 22.7 19.1 18.0 18.2 135 14.8 18.8

Table 3: Performance comparisons on MPI-INF-3DHP

Method Publication PCKt AUCT MPJPE/
UGCN ([35] (T=96) ECCV’20 86.9  62.1 68.1
PoseFormer (T=9) ICCV’21 88.6  56.4 77.1
MHFormer [12] (T'=9) CVPR’22 93.8  63.3 58.0
MixSTE =27) CVPR’22 94.4  66.5 54.9
P-STMO (T 81) ECCV’22 97.9 758 32.2
PoseFormerV2 (T 81) CVPR’23 97.9 788 27.8
GLA-GCN ICCv23 98.5 79.1 27.7
STCFormer T 27) CVPR’23 88.4  83.4 24.2
STCFormer (T 81) CVPR’23 98.7  83.9 23.1
KTPFormer (I'=27) CVPR24 98.9 844 19.2
KTPFormer (T=81) CVPR24 98.9 85.9 16.7
Ours (T=27) 98.6  84.8 19.3
Ours (T=81) 98.7 86.2 16.5

Metric 7 denotes the higher, the better; | denotes the lower, the better.

Table 4: Ablation study on different components of our SemGAN.

Method SPH-Generator Time Branch Frequency Branch|MPJPE
Baseline X X X 51.2
SPH-Time v v X 44.2
SPH-Freq v X v 44.5
Time-Freq X v v 42.4
SemGAN v v v 39.7

4.4 Ablation Study

To validate the effectiveness of the core components in our proposed SemGAN, we
conducted a series of ablation studies on the Human3.6M dataset. All experiments
use 2D poses detected by CPN as input, with a fixed input frame count of T' = 243.

As shown in Table[d] we progressively dismantled the model to quantify the
contribution of each innovative design. Our baseline model (a) removes the entire
GAN framework, retaining only the SPH-Generator with pure explicit supervision
using MPJPE.
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Effectiveness of the SPH-Generator. In the Time-Freq experiment, we
removed the Semantic Prototype-guided Hierarchical Generator (SPH-Generator).
Compared to the full model (SemGAN), the MPJPE increased by 1.5mm (from
43.9mm to 45.4mm). This indicates that by partitioning the body into five Basic
Functional Parts (BFPs) and using semantic prototypes to constrain their internal
and external motor coordination, the SPH-Generator can more effectively model
the intrinsic kinematic structure of the human body, thereby enhancing the
overall plausibility of the generated actions.

Effectiveness of the Dual Branches. In the SPH-Time and SPH-Freq
experiments, we removed the frequency-domain and time-domain branches, re-
spectively. The results show that removing either branch leads to performance
degradation. Specifically, removing the frequency branch (SPH-Time) caused the
MPJPE to increase by 0.3mm, while removing the time branch (SPH-Freq) led
to a 0.6mm increase. This confirms that the time and frequency domains provide
complementary perspectives for action discrimination: the time-domain branch
focuses on the coherence of spatio-temporal topology, while the frequency-domain
branch examines motion rhythms at different scales. Modeling both in parallel
allows for the construction of a more robust and comprehensive discrimination
criterion.

Impact of Frequency Band Division Strategy: To verify the rational-
ity of the non-uniform frequency band division in the ECF-Discriminator, we
compared different division ratios, as shown in Table |5l Experimental results
demonstrate that division strategies deviating from the energy distribution of
human motion lead to performance degradation. Specifically, the uniform split
(a) broadens the low-frequency range to 33%, causing mid-frequency signals (e.g.,
limb coordination) to mix into global trajectory features, which weakens the dis-
criminator’s ability to capture macroscopic motion trajectories. The low-frequency
bias (b) ensures trajectory smoothness but struggles to accurately capture the
subtle jitters of distal joints due to the limited high-frequency bandwidth (only
20%). The high-frequency bias (c) loses the low-frequency information containing
the primary motion components due to an overemphasis on details, resulting in
significant distortions in the overall skeletal structure. In contrast, our strategy
(10%-20%-70%) effectively aligns with the natural energy distribution of human
motion. It utilizes a narrower band to precisely capture high-energy primary
motion components while retaining a sufficiently wide high-frequency band to
monitor generative noise.

Table 5: Ablation study on different frequency band division strategies.

Strategy Low Freq (X;) Mid Freq (X,,) High Freq (X;) MPJPE P-MPJPE
(a) Uniform Split 33% 33% 33% 40.5 33.1
(b) Low-Frequency Bias 50% 30% 20% 40.2 32.3
(c) High-Frequency Bias 5% 10% 85% 41.5 34.1

(d) Ours (Physiological) 10% 20% 70% 39.7 31.6
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Parameter-matched comparison. To further verify that the improvement
of SemGAN does not simply come from increased model capacity, we compare
it with KTPFormer and a parameter-matched flat Transformer baseline under
the same setting. As shown in Table [6] the flat Transformer has comparable
parameters and FLOPs to SemGAN, but obtains a worse MPJPE. This indicates
that the performance gain mainly stems from the hierarchical semantic modeling
and cross-frequency motion constraints, rather than merely increasing the number
of parameters.

Table 6: Complexity and parameter-matched comparison on Human3.6M with CPN
2D inputs.

Method Params| FLOPs| MPJPE|
KTPFormer [28] 33.652M 139.059G  40.1
Flat Trans. 36.741M 145.214G 404
SemGAN 36.569M 144.662G  39.7

4.5 Qualitative Analysis

To intuitively evaluate the performance and robustness of our method, we show
a qualitative comparison of SemGAN against KTPFormer on the Human3.6M
dataset in Fig. |4l The figure displays two representative actions: "Eating" (first
row) and "SittingDown" (second row). These poses are typically challenging
for 2D-to-3D lifting due to their complex body articulations and significant
self-occlusions (e.g., occlusion of arms and legs), which introduces significant
depth ambiguity. As can be seen, our method generates 3D poses that are
more consistent with the Ground Truth than KTPFormer, faithfully capturing
correct spatial relationships. Particularly for the complex "SittingDown" action,
where the lower body is heavily occluded, KTPFormer produces noticeable
artifacts. In contrast, SemGAN still estimates the 3D coordinates accurately
and reconstructs a structurally plausible and precise 3D pose, demonstrating its
superior effectiveness in resolving ambiguities.

5 Conclusion

In this paper, we propose an adversarial learning framework that integrates
explicit supervision with implicit semantic constraints to synergistically optimize
both joint coordinate accuracy and motion semantic consistency. We design a SPH-
Generator that enhances the understanding of complex actions by decoupling
the body’s functional parts and establishing a multi-granularity interaction
mechanism. Additionally, we construct a ECF-Discriminator that implements
multi-scale semantic discrimination by analyzing signals at low, medium, and



SemGAN 15

KTPFormer Ours _Ground Truth

Jad
aa

Fig. 4: Visualization of 3D pose estimation results comparing SemGAN and KTPFormer
on the Human3.6M dataset.

high-frequency levels through a cross-frequency interaction strategy. Experiments
on two benchmarks demonstrate SemGAN’s effectiveness and good generalization
ability compared to state-of-the-art techniques.
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