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 A B S T R A C T

Pose and point cloud representations are inherently complementary for human action recognition: pose 
provides compact structural priors, while point clouds offer flexible geometric modeling. Although multimodal 
approaches attempt to combine these advantages, existing dual-input architectures often suffer from a strong 
reliance on paired data and complex cross-modal alignment. To address these issues, we propose the Pose2Point 
(P2P) framework, which reformulates pose sequences into a Pose Point Cloud (PPC) representation. By 
achieving data-level unification at the source, P2P deeply integrates pose structural priors with point cloud 
geometric flexibility within a single-modality paradigm. The framework introduces a Transfer2PointCloud 
module to convert pose sequences into point clouds encoding 3D spatial coordinates and spatiotemporal 
topology, enabling the joint preservation of pose semantics and motion dynamics. By selecting points based 
on joint distribution, the proposed Uniform Mixed Sampling (UMS) strategy circumvents the structural and 
temporal destruction inherent in standard downsampling, ensuring the preservation of pose topology and 
motion continuity. On the resulting PPCs, hierarchical neighborhood aggregation is employed to capture 
fine-grained local interactions and high-level action semantics. In addition, a Multi-CLS loss and PPC-Specific 
Training Strategy strategies are incorporated to enhance optimization and robustness. Extensive experiments 
on NTU RGB+D, NTU RGB+D 120, and NW-UCLA demonstrate that Pose2Point achieves state-of-the-art 
performance, validating the effectiveness of the proposed unified point cloud representation for pose-based 
action recognition. Code is publicly available at: https://github.com/jolin830/Pose2Point.
. Introduction

Human action recognition (HAR) is a crucial task in video under-
tanding and human motion understanding, aiming to accurately inter-
ret and classify human activities by analyzing the dynamic actions and 
otion patterns [1–4]. To achieve precise recognition, various video 
odalities have been explored, such as pose sequences [5–7], RGB 
mages [8,9], and point clouds [10,11].
Pose-based HAR methods have received extensive attention due to 

heir efficiency, lightweight representation, and robustness to back-
round variations. Since human poses can naturally be represented as 
raphs, most existing methods model pose data based on a predefined 
opological structure, as shown in Fig.  1(a), where joints are treated 
s nodes and bones as edges, and feature learning is performed via 
nformation propagation on the graph. By explicitly modeling human 
tructural priors, these methods have achieved strong performance on 
ultiple benchmark datasets. However, the reliance on fixed topology 
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also imposes a fundamental limitation on modeling flexibility. Human 
actions are essentially continuous motions of joints in space, and many 
motion patterns involve cross-topology joint interactions, such as hand–
hand coordination (e.g., clapping), hand–head interaction (e.g., wear 
on glasses), and hand–foot interaction (e.g., wear a shoe). In these 
cases, the involved joints are physically close in space but far apart 
in the predefined topology, or even directly disconnected. In topology-
based methods, information exchange between such non-adjacent joints 
must be established through multi-hop message passing, which not 
only increases the length of the propagation path but may also lead to 
gradual attenuation of critical features, thereby impairing the modeling 
of local coordinated motions.

In contrast to pose representations, point clouds are unordered geo-
metric representations whose core modeling paradigm is based on local 
aggregation within spatial neighborhoods rather than fixed structure 
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Fig. 1. A comparison between our Pose2Point and previous action recognition approaches. (a) and (b) illustrate the feature extraction methods for pose-based 
and point cloud-based modalities, respectively, while (c) process pose and point cloud sequences as separate branches. In contrast, we propose Pose2Point (d), 
which unifies pose sequences within a point cloud processing framework.
as in Fig.  1(b). Point cloud deep learning methods are naturally ef-
fective at capturing local geometric relationships. Point cloud methods 
model local interactions based on spatial proximity, enabling effective 
aggregation of neighboring points regardless of their connectivity in 
the original topology. This distance-driven paradigm compensates for 
the limitations of fixed topology in capturing physically close yet 
topologically distant joint interactions. However, point cloud-based 
HAR remains challenging due to high computational cost caused by 
large-scale, unordered data, as well as the lack of explicit structural 
priors, which hinders the modeling of coordinated joint interactions 
and structured motion patterns. In contrast, pose representations are 
compact and semantically explicit, providing strong priors for human 
motion modeling.

Consequently, pose and point cloud representations exhibit an in-
herent complementarity for human action recognition: while point 
clouds excel at flexible geometric modeling, poses provide efficient and 
structured semantic priors. Most prevailing approaches leverage multi-
modal fusion to combine these respective strengths, as illustrated in Fig. 
1(c). However, such dual-input architectures encounter a significant 
representation bottleneck. They primarily suffer from a heavy reliance 
on paired datasets—a requirement that many existing skeleton bench-
marks fail to meet. Furthermore, fusion at the feature level often de-
mands intricate alignment, leading to increased training difficulty and 
overhead. Fundamentally, existing multimodal methods continue to 
treat skeletons and point clouds as isolated entities, focusing on feature-
level manipulation rather than data-level unification. This modality 
gap constrains the capacity to deeply explore the latent relationships 
between human joints and spatial geometry. Therefore, a natural ques-
tion arises: Can we deeply integrate the complementary advantages of 
both representations within a unified, single-modality framework?Building 
upon these insights, we propose Pose2Point (P2P), a unified frame-
work for pose-based human action recognition based on point cloud 
representation learning as shown in Fig.  1(d). By reformulating pose 
sequences into a point cloud format, P2P achieves data-level unification 
at the source, allowing joint structural priors to seamlessly guide geometric 
point-wise modeling within a single modality. Meanwhile, it leverages 
the flexible neighborhood aggregation inherent in point clouds to ef-
fectively capture long-range cross-joint interactions. By synergizing 
skeleton structural priors with geometric flexibility, P2P establishes a 
simplified yet effective paradigm that circumvents the pitfalls of mul-
timodal alignment, yielding a more cohesive and efficient end-to-end 
feature extraction scheme. Pose2Point first transforms pose sequences 
into dense Pose Point Clouds (PPCs) through the Transfer2PointCloud 
2 
module, which encodes both 3D positions and spatiotemporal dynam-
ics. To preserve pose topology and motion continuity while selecting 
diverse and informative points, we apply a Uniform Mixed Sampling 
(UMS) strategy that supports effective downstream feature learning. 
The downsampled point set is then processed using hierarchical point-
wise local neighborhood aggregation and global feature abstraction 
to capture both fine-grained local joint interactions and holistic ac-
tion semantics. We further enhance optimization by incorporating a 
Multi-CLS loss, which strengthens gradient propagation and provides 
intermediate supervision, and complement this with a PPC-specific data 
augmentation strategy to boost performance. Extensive experiments 
were conducted on benchmark datasets, including NTU RGB+D, NTU 
RGB+D 120, and NW-UCLA. The results demonstrate that Pose2Point 
achieves state-of-the-art performance comparable to advanced human 
pose models, thereby validating its effectiveness.

Our main contributions can be summarized as follows:

• We propose Pose2Point, a unified framework that reformulates 
HAR through a Pose Point Cloud representation. It seamlessly 
integrates pose structural semantics with geometric point cloud 
modeling within a cohesive single-modality paradigm.

• We introduce a Transfer2PointCloud module to encode pose se-
quences into PPC with explicit spatiotemporal dynamics, enabling 
point cloud networks to leverage structural priors for modeling 
action evolution.

• We develop a Uniform Mixed Sampling strategy that preserves 
pose topology and motion continuity, circumventing the struc-
tural destruction typical of conventional point cloud downsam-
pling.

• Extensive Experiments on NTU-RGB+D, NTU-RGB+D 120, and 
NW-UCLA demonstrate state-of-the-art performance, establishing 
P2P as a simple and efficient paradigm for pose-based action 
recognition.

2. Related work

2.1. Pose-based action recognition

Deep learning has been widely adopted for pose-based action recog-
nition, with representative approaches based on CNNs, GCNs, and 
Transformers [12–15]. CNN-based methods typically transform pose se-
quences into pseudo-images to capture spatial–temporal patterns [12]. 
GCN-based approaches represent human poses as skeletal graphs and 
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Fig. 2. Framework of the proposed Pose2Point Network (P2P). The input pose sequence is transformed into a pose point cloud via the Transfer2PointCloud 
module, encoding both joint and temporal information into a unified 3D representation. Each P2P block adopts Uniform Mixed Sampling to ensure structured and 
uniform sampling over spatiotemporal dimensions, enabling effective global and local modeling. Furthermore, Multi-CLS loss is introduced to guide multi-level 
feature learning and improve overall representation quality.
exploit graph convolutions to model the predefined topological rela-
tionships among joints [13]. More recently, Transformer-based meth-
ods have been introduced to capture global dependencies across joints 
and frames [14]. Despite their effectiveness, most existing methods still 
rely on predefined skeletal topology, which may limit their ability to 
model interactions between physically close but topologically distant 
joints. In contrast, Pose2Point converts pose sequences into PPCs, en-
abling flexible geometric modeling of cross-joint interactions within a 
unified point cloud framework.

2.2. Point cloud based on deep learning

Point cloud can be categorized into static and dynamic point clouds. 
Static point clouds represent 3D points sampled at a single moment and 
are widely used for object and scene understanding [16–19], with re-
cent MLP-based and Transformer-based models such as PointMLP [17] 
showing strong classification performance. Point cloud processing has 
also been extended to geometric completion and LiDAR upsampling
[20–22]. Dynamic point clouds model temporal sequences and have 
been explored for action recognition [10,11,23–25]. However, existing 
point cloud-based action recognition methods are mainly designed for 
dense point clouds and lack explicit pose structural priors. Pose2Point 
bridges this gap by converting pose sequences into PPCs, combin-
ing pose semantics with point cloud geometric modeling in a unified 
single-modality framework.

2.3. Multimodal combination of human pose and point cloud

Pose and point cloud data offer complementary information for 
action recognition [26]. Early dual-branch methods process the two 
modalities independently but require high-quality paired data and 
substantial computation [27]. More efficient approaches convert pose 
sequences into 3D point clouds [28,29]. However, representing an 
entire sequence as a static point cloud discards motion dynamics [28], 
while spatiotemporal color encoding lacks continuous temporal mod-
eling and topological awareness [29]. Moreover, existing point cloud 
paradigms rarely account for the structural characteristics of poses. 
In contrast, our unified framework preserves spatiotemporal topol-
ogy while leveraging local geometric modeling, enabling efficient and 
robust end-to-end representation.
3 
3. Method

The architecture of P2P is illustrated in Fig.  2. Following the prob-
lem formulation (Section 3.1), P2P first transforms a pose sequence into 
a Pose Point Cloud via the Transfer2PointCloud module (Section 3.2). 
This PPC is then processed through a series of P2P blocks, incorporating 
Uniform Mixed Sampling to preserve joint consistency and temporal 
continuity (Section 3.3). Finally, the refined features are extracted by 
a backbone network, optimized with a Multi-CLS loss (Section 3.4) 
and specialized training strategies (Section 3.5) to enhance recognition 
performance.

3.1. Problem setting

Pose data offers a compact and structured representation of human 
motion, capturing key joint positions and their dynamics. For a pose 
sequence 𝑆 comprising 𝑇  frames, the pose at frame 𝑡 is represented as 
𝑆𝑡 = {𝑗𝑡1,… , 𝑗𝑡𝑖 ,… , 𝑗𝑡𝑉 } ∈ R𝑉 ×𝐶 , where 𝑗𝑡𝑖 denotes the 𝑖th joint at frame 
𝑡, 𝑉  is the number of joints, and 𝐶 denotes the number of channels 
per joint. Consequently, the entire pose sequence can be uniformly 
represented as 𝑆 = (𝑆1,… , 𝑆𝑡,… , 𝑆𝑇 ) ∈ R𝑇×𝑉 ×𝐶 . In this work, we use 
3D pose data, where each joint is represented by its (𝑥, 𝑦, 𝑧) coordinates, 
so that a pose sequence is given by 𝑆 ∈ R𝑇×𝑉 ×3.

Point cloud data serves as a crucial representation for describing 
the geometric structure of objects. For a point cloud 𝑃 ∈ R𝑁×𝐶 , it can 
be defined as: 𝑃 = {𝑝1,… , 𝑝𝑖,… , 𝑝𝑁}, 𝑝𝑖 ∈ R𝐶 , where 𝑁 denotes the 
number of points, and each point 𝑝𝑖 has 𝐶 channels. Typically, these 
channels include the (𝑥, 𝑦, 𝑧) coordinates in 3D space, and may also 
contain other features such as RGB.

3.2. Transfer2PointCloud

To accurately convert pose data into a Pose Point Cloud without 
losing critical information, it is essential to fully consider the charac-
teristics of both pose representations and point clouds. If a single-frame 
pose 𝑆𝑡 is directly treated as a point cloud, the limited number of joints 
leads to severe information loss during point cloud learning. A natural 
solution is to stack the entire pose sequence along the temporal axis 
to form a denser point cloud. However, such direct stacking destroys 
the temporal order and topological structure of the pose sequence, 
making it difficult to capture motion continuity and dynamic evolution. 
To address this, Pose2Point first performs Temporal-Vertex Embedding 
(TV-Embedding) on each joint in the pose sequence. By incorporating 
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spatio-temporal structural prior to stacking, the resulting Pose Point 
Cloud becomes both dense and structurally consistent, while preserving 
temporal coherence.

Before merging joints across frames, Pose2Point applies TV-
Embedding to each 3D joint 𝑗𝑡𝑖 in 𝑆 ∈ R𝑇×𝑉 ×3, augmenting it with a 
temporal channel   and a spatial channel  to obtain the enhanced 5D 
joint 𝑗𝑡𝑖 : 

𝑗𝑡𝑖 =
[

𝑗𝑡𝑖 ;
𝑡
𝑇

− 0.5; 𝑖
𝑉

− 0.5
]

∈ R5, (1)

where [⋅; ⋅] denotes concatenation, the temporal channel   corresponds 
to the normalized frame index 𝑡

𝑇 −0.5, and the spatial channel  corre-
sponds to the normalized joint index 𝑖

𝑉 − 0.5. Applying TV-Embedding 
to the input sequence 𝑆 ∈ R𝑇×𝑉 ×3 yields the enhanced representation 
 ∈ R𝑇×𝑉 ×5, where the embedding is applied per-subject for multi-
person sequences. All enhanced joints across all frames are reshaped 
along the temporal dimension to form a Pose Point Cloud  : 

 ∈ R𝑇×𝑉 ×5 𝑃=𝑇×𝑉
←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←→  ∈ R𝑃×5, (2)

where 𝑃 = 𝑇 × 𝑉  denotes the total number of points in the Pose Point 
Cloud. Each point is a 5D representation consisting of 3D spatial coordi-
nates (𝑥, 𝑦, 𝑧), a temporal channel, and a spatial channel. Subsequently, 
a linear layer is applied to  for feature embedding, projecting it to a 𝐶-
dimensional point cloud  ∈ R𝑃×𝐶 . Through the Transfer2PointCloud, 
the pose sequence is transformed into a dense Pose Point Cloud that 
integrates positional and spatio-temporal information, enabling unified 
modeling within a point cloud framework. It not only supports effective 
local–global feature aggregation but also preserves motion continuity, 
resulting in more expressive representations for action recognition.

3.3. Uniform mixed sampling

The main goal of sampling in point cloud tasks is to reduce the 
computational cost of analyzing large-scale point clouds while pre-
serving their overall contour. Farthest Point Sampling (FPS) [16] was 
first proposed and widely used for point cloud grouping. FPS relies on 
spatial distances to cover the entire point cloud, capturing its maximal 
contour. This approach is highly effective for dense, widely distributed 
point clouds with many redundant points. However, pose data differ 
fundamentally from dense point clouds, making the direct use of FPS 
inappropriate. Poses consist of a limited set of key joints, each carrying 
explicit semantic and functional information, forming an inherently 
structured representation that contrasts with unordered point clouds. 
FPS selects points based solely on Euclidean distance and thus favors 
farthest contour points. When applied to PPC, this leads to uneven sam-
pling: distal joints are oversampled, while proximal joints critical for 
motion representation are under-sampled. This bias undermines human 
topology and motion continuity, resulting in significant information 
loss during feature extraction.

To address this, Pose2Point proposes a Uniform Mixed Sampling 
(UMS) strategy that enforces both sampling uniformity and diversity. 
UMS ensures uniform coverage over the spatio-temporal domain of the 
Pose Point Cloud, preserving both pose topology and motion continuity. 
Furthermore, a mixed sampling strategy combining two variants of FPS 
is employed to enhance sampling diversity and mitigate the bias of 
conventional single FPS. Therefore, UMS yields a structurally consistent 
and information-rich subset for downstream feature learning.

3.3.1. Uniform sampling
Define the input PPC at layer 𝑙 as  𝑙 ∈ R𝑃 𝑙×𝐶 , where 𝑃 𝑙 denotes 

the total number of points at layer 𝑙. At the initial layer (𝑙 = 0), 
0 ∈ R(𝑇𝑉 )×𝐶 , where 𝑃 0 = 𝑇 × 𝑉 . The input  𝑙 is partitioned into 
𝑉  disjoint groups according to the joint index encoded in the spatial 
channel  : 

 𝑙 = { 𝑝 𝑙 ∣ (𝑝 𝑙) = 𝑣}, 𝑃 𝑙 = 𝑃 𝑙
, 𝑣 = 1, 2,… , 𝑉 , (3)
𝑣 𝑖 𝑖 𝑣 𝑉

4 
where  𝑙
𝑣  denotes the set of points corresponding to the 𝑣th joint, with 

𝑃 0
𝑣 = 𝑇  in particular, and (⋅) extracts the joint index. Each group 
aggregates all points corresponding to the same joint across different 
frames, thereby preserving joint-wise structural consistency. Next, each 
group is independently downsampled with a fixed ratio 𝜌 using the 
proposed mixed sampling strategy: 

̂ 𝑙
𝑣 = MixedSampling

(

 𝑙
𝑣 ,

⌊

𝜌 𝑃 𝑙
𝑣
⌋)

, 𝜌 = 0.5 (4)

where ̂ 𝑙
𝑣  is the sampled output of the 𝑣th joint group at layer 𝑙, 

MixedSampling refers to the mixed sampling method described in Sec-
tion 3.3.2, and 𝜌 ∈ (0, 1) is the sampling ratio, set to 0.5 by default. By 
recursion, the number of sampled output points in each group at layer 
𝑙 can be approximated as: 

𝑃 𝑙
𝑣 =

⌊

𝜌𝑙 𝑇
⌋

, (5)

with 𝑃 0
𝑣 = ⌊𝜌𝑇 ⌋ in particular, ensuring that all joint groups are sampled 

with the same ratio and avoiding sampling bias across joints. After 
downsampling, the sampled groups are merged and fed into the point 
cloud backbone: 

̂ 𝑙 =
𝑉
⋃

𝑣=1
̂ 𝑙
𝑣 , 𝑃 𝑙 =

𝑉
∑

𝑣=1

|

|

|

̂ 𝑙
𝑣
|

|

|

= 𝜌𝑙𝑃 , (6)

ensuring a consistent and balanced hierarchical sampling across all 
joint groups.

3.3.2. Mixed sampling
In point cloud processing, FPS has two common implementations: a 

PyTorch-based version, referred to as Torch-FPS, and a CUDA-accelerate
version, referred to as CUDA-FPS. Typically, models adopt only one 
of these methods during training. However, each FPS implementation 
differs in efficiency and exhibits its own selection bias, resulting in 
different sampling outcomes for the same point cloud. To alleviate this 
bias and enhance the diversity of sampled points, Pose2Point employs a 
Mixed Sampling strategy that leverages the strengths of both Torch-FPS 
and CUDA-FPS by using them in phases during training.

In terms of computational efficiency, CUDA-FPS, implemented 
in CUDA and C++ with full GPU parallelization, runs significantly 
faster than the pure PyTorch implementation, Torch-FPS. In terms of
sampling strategy, the differences mainly stem from variations in the 
initial point selection and the distance update mechanism. For the 
initial point, Torch-FPS selects a random starting point, introducing 
stochasticity, whereas CUDA-FPS deterministically uses the first point 
(index 0). Regarding the update strategy, CUDA-FPS ignores points 
that are very close to the current reference point during distance 
updates, which improves efficiency but may alter the subsequent sam-
pling trajectory. In contrast, Torch-FPS updates distances using all 
points, resulting in a more exhaustive and consistent sampling process. 
These implementation-level differences introduce a trade-off between 
efficiency and sampling quality. Empirically, when applied to PPC 
downsampling, CUDA-FPS achieves faster runtime but tends to produce 
inferior sampling results, whereas Torch-FPS is slower but yields more 
reliable and effective samples.

To leverage the complementary advantages of the two FPS imple-
mentations, Mixed Sampling adopts a staged training strategy as shown 
in Algorithm 1. During the main training phase, CUDA-FPS is employed 
on the PPC to enable fast and efficient sampling across most epochs. 
In the subsequent fine-tuning phase, Torch-FPS is used to refine the 
sampling results, enhancing precision and mitigating the selection bias 
introduced by CUDA-FPS. This staged design not only preserves the 
computational advantage of CUDA-FPS, but also improves the stability 
and quality of the final sampled point sets. As a result, Mixed Sampling 
provides a practical balance between efficiency and sampling quality, 
yielding more representative point subsets and ultimately boosting 
downstream performance.
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Algorithm 1: Mixed Sampling Strategy in Pose2Point Training
Input: Pose Point Cloud  , total epochs 𝐸, main training 

epochs 𝐸𝑚, fine-tune epochs 𝐸𝑓
Output: Trained network with representative point subsets

1 for 𝑒 = 1 to 𝐸 do
2 if 𝑒 ≤ 𝐸𝑚 then
3 Sample points from  using CUDA-FPS;
4 else
5 Sample points from  using Torch-FPS;
6 Forward sampled points through the P2P network;

Table 1
Comparison of accuracy (%) with state-of-the-art pose-based methods on the 
large-scale NTU-RGB+D 120 dataset (joint stream only). Bold indicates the 
best performance.
 Method Source NTU-RGB+D 120
 X-Sub (%) X-Set (%) 
 2S-AGCN [30] CVPR’19 84.00 85.30  
 Shift-GCN [31] CVPR’20 80.90 83.20  
 MS-G3D [12] CVPR’20 82.35 84.14  
 CTR-GCN [32] ICCV’21 84.95 86.68  
 MSTGCN [33] AAAI’21 82.80 84.50  
 Info-GCN [34] CVPR’22 85.10 86.30  
 FR-Head [35] CVPR’23 85.51 87.32  
 HD-GCN [36] ICCV’23 85.70 87.30  
 SkeletonGCL [37] ICLR’23 85.20 87.20  
 SkeMixFormer [38] ACMMM’23 85.82 87.64  
 DSDC-GCN [39] TCSVT’24 84.00 87.00  
 Mss-AGCN [40] Neur.’24 85.90 87.30  
 BlockGCN [13] CVPR’24 86.90 88.20  
 EPP-Net [26] TRIT’24 85.00 86.70  
 HSIC-based [41] AAAI’25 86.00 87.40  
 VA-AR [42] AAAI’25 84.60 87.10  
 LA-GCN [43] TMM’25 86.50 88.00  
 Gamba [44] CVPR’26 86.30 –  
 DSTAFormer [14] TCSVT’26 87.20 87.10  
 Pose2Point (Ours) – 87.34 88.22  

3.4. Enhanced backbone with Multi-CLS loss

Pose2Point consists of 𝑛 P2P blocks, each comprising a UMS module 
followed by a point cloud backbone. In the 𝑙th P2P block, UMS first 
downsamples the input PPC features to obtain ̂ 𝑙, which is then fed into 
the point cloud backbone for spatiotemporal modeling of PPC. Features 
extracted from the final block are passed to the classification head to 
produce the prediction. Most existing point cloud classification methods 
rely solely on a single classification loss computed at the final output as 
the supervisory signal. However, using only a single classification loss 
may limit gradient propagation: in a network with 𝑛 blocks, gradients 
from the final loss tend to weaken when reaching earlier blocks, which 
must process larger and denser PPCs.

To address this, Pose2Point introduce independent heads for the last 
𝑚 blocks. Each head computes a loss from its block’s output and back-
propagates, enhancing gradient flow and providing direct supervision 
to intermediate layers. The overall Multi-CLS loss is: 

 =
𝑛
∑

𝑖=𝑛−𝑚+1
𝑖, (7)

where 𝑖 denote the loss at block 𝑖 for 𝑖 = 𝑛 − 𝑚 + 1,… , 𝑛. This 
strategy significantly improves backbone performance by ensuring that 
all blocks receive strong and direct training signals.

3.5. PPC-specific training strategy

Training strategies are crucial, and the same applies to our PPC 
modality, which requires an appropriate training strategy. Common 
5 
Table 2
Comparison of accuracy (%) with state-of-the-art pose-based methods on 
NTU-RGB+D and NW-UCLA datasets (joint stream only). Bold indicates the 
best performance.
 Method Source NTU-RGB+D (%) NW-UCLA 
 X-Sub X-View (%)  
 2S-AGCN [30] CVPR’19 88.90 94.50 92.00  
 Shift-GCN [31] CVPR’20 87.80 95.10 92.50  
 MS-G3D [12] CVPR’20 88.77 94.88 –  
 CTR-GCN [32] ICCV’21 88.95 90.23 93.10  
 MSTGCN [33] AAAI’21 89.00 95.10 –  
 Info-GCN [34] CVPR’22 89.80 95.20 93.80  
 FR-Head [35] CVPR’23 90.33 95.26 –  
 HD-GCN [36] ICCV’23 90.60 95.70 –  
 SkeletonGCL [37] ICLR’23 90.10 95.50 94.80  
 TD-GCN [45] TMM’23 90.20 95.00 94.82  
 SkeMixFormer [38] ACMMM’23 90.73 95.76 –  
 DSDC-GCN [39] TCSVT’24 90.50 95.60 –  
 Mss-AGCN [40] Neur.’24 90.40 95.50 95.50  
 BlockGCN [13] CVPR’24 90.90 95.40 95.50  
 EPP-Net [26] TRIT’24 90.20 95.00 –  
 VA-AR [42] AAAI’25 88.70 93.50 –  
 DSTAFormer [14] TCSVT’26 90.70 95.20 –  
 ST-VA-AR [46] PR’26 90.30 95.10 –  
 Pose2Point (Ours) – 91.13 96.07 95.64  

Table 3
Comparison with state-of-the-art point cloud-based methods on NTU RGB+D 
and NTU RGB+D 120 X-Sub benchmarks. 
 Method Source NTU60 (%) NTU120 (%) 
 P4Transformer [25] CVPR’21 90.2 86.4  
 PSTNet [24] ICLR’21 90.5 87.0  
 HyperPointNet [47] ICME’22 90.2 83.2  
 SequentialPointNet [48] TII’22 90.3 83.5  
 CPR [49] AAAI’23 91.0 –  
 3DinAction [11] CVPR’24 89.3 –  
 PRG-Net [50] Neur.’25 91.0 85.4  
 PvNeXt [51] ICLR’25 89.2 –  
 EchoNet [52] KBS’26 91.0 84.3  
 Pose2Point (Ours) – 91.13 87.34  

data augmentation techniques in both point cloud–based and pose-
based representations include scaling, translation, rotation, and mixup 
augmentation. Specifically, scaling is used to adjust the overall size 
of the input, translation shifts the overall structure within a specified 
range, rotation transforms the data using fixed or random angles, and 
mixup augmentation generates new data by interpolating between dif-
ferent samples to improve the model’s generalization ability. Through a 
series of ablation experiments, we propose a PPC data augmentation
method, where random rotation and mixup augmentation are found to 
be the most effective enhancement techniques for PPC. In addition, 
since the PPC is generated by randomly selecting subsets from the 
entire point set, each sampling process introduces a degree of ran-
domness. In order to mitigate the impact of this randomness on the 
final outcomes and enhance the model’s stability, we introduce a PPC-
Ensemble strategy: we perform multiple inferences to obtain results 
from different Pose Point Clouds, and then average these results to 
produce the final output.

4. Experiments

4.1. Datasets

We gauge the performance of our Pose2Point on three widely-used 
benchmark datasets for pose-based human action recognition: NTU 
RGB+D [53], NTU RGB+D 120 [54], and Northwestern-UCLA [55].

NTU-RGB+D [53] is a large-scale human action recognition dataset 
collected in indoor environments, comprising 56,880 pose action se-
quences. The action samples were performed by 40 volunteers and 
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Table 4
Ablation results of Pose2Point modules on NTU-RGB+D 120 X-
Sub. The full model is compared against versions with individual 
components removed. ↓ denotes the performance degradation.
 Method Acc (%) 𝛥 (%)  
 Pose2Point (Full Model) 87.34 –  
  w/o Transfer2PointCloud 79.37 −7.97  
  w/o Uniform Mixed Sampling 84.92 −2.42  
  w/o Multi-CLS Loss 84.45 −2.89  
  w/o PPC-Specific Strategy 84.81 −2.53  
 Baseline 74.74 −12.60 

Table 5
Performance of Uniform Sampling under different FPS implementations.
 FPS Acc (%) Latency (ms/sample) Throughput (samples/s) 
 CUDA-FPS 86.06 5.47 182.96  
 Torch-FPS 87.09 6.48 154.21  

Table 6
Ablation study for different sampling strategies. 
Method Components Acc (%)

Uniform Mixed FPS

FPS 7 7 3 85.31
Uniform Sampling 3 7 3 86.06↑0.75
Mixed Sampling 7 3 3 86.92↑1.61
Uniform Mixed Sampling 3 3 3 87.34↑2.03

Table 7
Sensitivity analysis of the sam-
pling ratio 𝜌 in UMS on NTU-
RGB+D X-Sub.
 Sampling Ratio 𝜌 Acc (%) 
 0.30 88.97  
 0.50 91.13  
 0.70 90.24  

Table 8
Ablation study on the number of Multi-CLS 
loss heads (𝑚). Results are reported under 
uniform sampling without PPC-Ensemble. 
Total Params denotes the total number of 
network parameters.
Count (𝑚) Acc (%) Total Params (M)

1 84.38 13.23
2 85.17↑0.79 13.39↑0.16𝑀
3 86.06↑1.68 13.44↑0.21𝑀
4 85.87↑1.49 13.47↑0.24𝑀

categorized into 60 classes. Each sample contains a single action and 
at most two subjects, captured simultaneously from three Microsoft 
Kinect v2 cameras from different views. Two benchmarks are defined: 
(1) Cross-View (X-View): Training data are collected from cameras posi-
tioned at 0◦ (View 2) and 45◦ (View 3), while testing data are obtained 
from a camera at −45◦ (View 1). (2) Cross-Subject (X-Sub): Data from 
20 subjects are used for training, and data from the remaining 20 
subjects are reserved for testing.

NTU-RGB+D 120 [54], an extension of NTU-RGB+D, is the largest 
top-view dataset for action recognition, featuring 114,480 samples 
across 120 classes and 106 subjects. It introduces 32 distinct setups with 
diverse locations and backgrounds. Following the official recommen-
dation, we adopt two benchmarks: (1) Cross-Subject (X-Sub), involving 
53 subjects for training and 53 for testing; and (2) Cross-Setup (X-Set), 
where training data are from even-numbered setups and testing data 
from odd-numbered ones.
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Table 9
Ablation study results for Pose Point Cloud data 
augmentation. The results shown are without PPC-
Ensemble. 

Data Augmentation Strategies Acc (%)
Rotation Mixup Translation & Scaling

7 7 7 84.81
3 7 7 85.13↑0.32
7 3 7 85.46↑0.65
7 7 3 84.85↑0.04
3 3 7 87.07↑2.26
3 3 3 85.46↑0.65

Northwestern-UCLA (NW-UCLA) [55] contains 1494 video clips 
captured by three Kinect cameras, covering 10 action classes performed 
by 10 subjects from multiple viewpoints. Following [55], we train on 
data from two cameras and test on the remaining one.

4.2. Implementation details

All experiments are conducted on four NVIDIA GeForce RTX 3070 
Ti GPUs. The model comprises four P2P blocks. In the UMS module, 
the number of sampled points is initially set to 1024, and at each subse-
quent stage, the number of points is reduced by half. The neighborhood 
size for the KNN operation is fixed at 32. The Multi-CLS loss is applied 
to the last three blocks. Training is performed using stochastic gradient 
descent (SGD) with a batch size of 48, an initial learning rate of 0.025, 
and a weight decay of 1 × 10−4. For the PPC-specific training strategy, 
random rotation is applied with a probability of 1 using rotation angles 
sampled from ([−0.3, 0.3]) radians for each axis, and Mixup is applied 
with a probability of 0.5. During inference, PPC-Ensemble performs 
four independent runs and averages their scores to produce the final 
output. The models are trained for 256 epochs on NTU-RGB+D and 
NTU-RGB+D 120, and for 128 epochs on NW-UCLA using CUDA-based 
FPS. This is followed by an additional 5–10 epochs of fine-tuning using 
Torch-based FPS.

4.3. Comparison with state-of-the-art methods

We compare the proposed P2P method with state-of-the-art ap-
proaches, and the comparative results are presented in Tables  1 and
2. Notably, the comparison is performed using only the Joint stream. 
This is because the Joint stream contains the same 3D coordinates as 
point clouds, allowing it to be directly converted into a Pose Point 
Cloud (PPC) representation. In contrast, point cloud-based methods 
cannot naturally accommodate modalities such as Bone, Joint Motion, 
and Bone Motion. Therefore, to ensure a fair comparison, we report 
results using only the Joint stream rather than those obtained from 
multi-stream fusion. It can be observed that our method achieves 
state-of-the-art performance across all benchmarks of NTU-RGB+D, 
NTU-RGB+D 120, and NW-UCLA. Notably, as a pure point cloud-based 
approach, our method achieves state-of-the-art performance compared with 
pose-based methods, demonstrating the feasibility and potential of con-
verting pose sequences into point clouds and processing them within a 
unified Pose Point Cloud framework.

In addition, we compare our method with recent point cloud-based 
approaches, as shown in Table  3. Notably, conventional point cloud 
methods typically take sequential point clouds as input, where each 
frame is dense and rich in surface geometry.

In contrast, PPC aggregates the joint coordinates of an entire pose 
sequence into a point cloud, implicitly preserving temporal information 
while being relatively sparse and lacking surface details compared to 
conventional dense point clouds. Despite this lower information density, 
Pose2Point still outperforms all dense point cloud-based baselines. This 
result demonstrates that Pose2Point effectively bridges the gap between 
pose data and point cloud modeling, further validating the effectiveness 
of the unified modality.
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Table 10
Performance improvement of PPC-Ensemble on different 
benchmarks. Baseline refers to the model without PPC-
Ensemble.
Dataset Benchmark Acc(%)

Baseline PPC-Ensemble

NTU-RGB+D X-Sub 90.76 91.13↑0.37
X-View 95.42 96.07↑0.65

NTU-RGB+D 120 X-Sub 87.07 87.34↑0.27
X-Set 87.44 88.22↑0.78

NW-UCLA – 95.10 95.64↑0.54

Table 11
Comparison of parameters and accuracy with point 
cloud-based HAR methods on NTU-RGB+D X-Sub. 
 Method Params (M) Acc (%) 
 MeteorNet [10] 17.6 –  
 P4Transformer [25] 44.1 90.20  
 PSTNet [24] 20.5 90.50  
 PST-Transformer [23] 44.2 91.00  
 Pose2Point 13.4 91.13  

Table 12
Complexity and accuracy analysis of Pose2Point and its com-
ponents.
Method Params (M) FLOPs (G) Acc (%)
PointMLP 13.40 15.67 74.74
Pose2Point 13.44↑0.04 15.68↑0.01 87.34↑12.60

- Transfer2PointCloud 0.00 0.00 –
- UMS 0.00 0.01 –
- Feature Extraction 12.57 15.67 –
- Classifier 0.86 0.86 –

4.4. Ablation studies

In this section, ablation studies are conducted to demonstrate the 
effectiveness of each module in the proposed Pose2Point framework. 
Unless otherwise specified, experiments are performed on the most 
challenging benchmark, NTU-RGB+D 120 X-Sub.

Module ablation. Table  4 summarizes the ablation experiment 
results of each module of the proposed Pose2Point model. The re-
sults show that removing the modality transformation module Trans-
fer2PointCloud will reduce the accuracy of NTU-RGB+D 120 X-Sub 
by 7.97%; removing UMS will cause the accuracy to drop by 2.42%; 
removing Multi-CLS loss in the backbone network will reduce the 
accuracy by about 2.89%; removing the PPC-Specific Training Strategy 
will reduce the accuracy by about 2.53%. Compared with the baseline 
method, where the input pose data is modeled using PointMLP, the 
overall accuracy of the P2P model is improved by about 12.60%. These 
results fully demonstrate the importance of each module we proposed 
to the overall performance of the model and significantly improve the 
recognition accuracy.

Sampling Method. We propose a UMS strategy, which consists 
of two components: uniform sampling and mixed sampling. Uniform 
sampling is performed on joints along both the temporal and spatial 
dimensions to preserve the structural integrity of human semantics 
and capture dynamic variations in motion sequences. Mixed Sampling 
adopts a staged strategy that combines the efficiency of CUDA-FPS 
with the sampling stability of Torch-FPS, thereby alleviating the sam-
pling bias introduced by different FPS implementations. As shown 
in Table  5, different FPS implementations exhibit a clear efficiency–
performance trade-off: CUDA-FPS achieves lower inference latency and 
higher throughput, whereas Torch-FPS provides slightly better recog-
nition accuracy. Furthermore, we compare UMS with other sampling 
strategies in Table  6, including uniform sampling, mixed sampling, and 
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farthest point sampling. The results show that using FPS alone leads 
to a 1.73% drop in accuracy compared with UMS, indicating a signif-
icant performance degradation. In addition, neither uniform sampling 
nor mixed sampling alone can achieve the performance obtained by 
combining both strategies, demonstrating their complementary benefits 
and validating the effectiveness of the proposed UMS framework. We 
further analyze the sensitivity of UMS to the sampling ratio 𝜌. As in 
Table  7, 𝜌 = 0.5 achieves the best accuracy among the evaluated 
settings, indicating a better balance between topology preservation and 
sampling efficiency. Therefore, we use 𝜌 = 0.5 as the default setting.

Multi-CLS Loss. Table  8 analyzes the effect of the number of Multi-
CLS loss heads 𝑚. Compared with the single-head setting (𝑚 = 1), 
adding auxiliary classification heads consistently improves recognition 
accuracy. Specifically, increasing 𝑚 from 1 to 2 improves the accuracy 
by 0.79%, with only 0.16M additional parameters. The best perfor-
mance is achieved when 𝑚 = 3, reaching 86.06% and yielding a 
1.68% improvement over the baseline, while the total model size only 
increases from 13.23M to 13.44M. This result indicates that intermedi-
ate supervision can effectively enhance feature learning by providing 
stronger gradient signals to earlier network stages. The auxiliary heads 
introduce only marginal overhead, adding 0.21M parameters when 
𝑚 = 3, and they are disabled during inference so that only the final 
classification head is used. When 𝑚 is further increased to 4, the total 
parameters increase to 13.47M, but the accuracy drops to 85.87%. 
This suggests that excessive auxiliary supervision may not bring fur-
ther benefits and could introduce additional optimization constraints. 
Therefore, we adopt 𝑚 = 3 as the default setting, which provides the 
best trade-off between performance and computational overhead.

PPC Data Augmentation. An ablation study on PPC data aug-
mentation was conducted to evaluate the effects of three common 
augmentation techniques: Rotation, Mixup, and Translation & Scaling. 
As shown in Table  9, each augmentation method contributed to an 
improvement in accuracy relative to the baseline, but the gain from 
Translation & Scaling was significantly lower than that from Rotation 
and Mixup. For combined augmentation strategies, the data augmen-
tation strategy we used, the combination of Rotation and Mixup, led 
to the best performance, with a gain of +2.26%. It is worth noting 
that simply stacking all strategies does not yield better results. The 
accuracy improvement is only +0.65% when all three strategies are 
combined, which is identical to the effect achieved using only mixup. 
This indicates that stacking multiple data augmentation strategies does 
not automatically result in better performance and further confirms the 
effectiveness of our PPC data augmentation.

PPC-Ensemble. In addition to data augmentation, we also intro-
duced the PPC-Ensemble strategy. Since PPC is generated by randomly 
selecting a subset from the entire point set, each sampling process will 
introduce a certain degree of randomness, which may lead to unstable 
results. In order to mitigate the impact of this randomness and enhance 
the robustness of the model, we designed the PPC-Ensemble strategy. 
Table  10 shows that performance improvements were achieved on 
different benchmarks after adopting the PPC-Ensemble strategy. It can 
be seen that PPC-Ensemble has achieved significant performance gains 
on various benchmarks, which proves that the strategy can effectively 
reduce the negative impact of sampling randomness, and thereby im-
prove the generalization ability and robustness of the entire system in 
different scenarios.

Efficiency. As shown in Table  11, Pose2Point achieves a better 
trade-off between parameter efficiency and performance. Table  12 
further analyzes the contributions of individual components: compared 
with the baseline PointMLP model, Pose2Point improves accuracy by 
12.60% while incurring negligible additional overhead. Notably, the 
Transfer2PointCloud and UMS modules introduce no trainable param-
eters, with most parameters stemming from the baseline’s original fea-
ture extraction. This confirms that the performance gain mainly comes 
from the modules proposed in Pose2Point, such as Transfer2PointCloud 
and UMS. All results are obtained using 64-clip inputs, averaged over 
50 independent runs.
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Fig. 3. Pose sequence represented as a static point cloud in 3D space, illustrated with the ‘‘hand waving’’ action.
Fig. 4. Point cloud visualization for different actions, where different colors represent different joints.
Fig. 5. Comparison of Uniform Manifold Sampling (UMS) and Farthest Point Sampling (FPS) on the ‘‘taking off a jacket’’ action. (a) Visualization of progressive 
downsampling across stages. (b) Distribution of sampling points over 25 keypoints at each stage. 𝑁 denotes the total number of points.
4.5. Visualization

Transfer2PointCloud. The original pose data retains 3D spatial 
coordinate information, and the pose sequence encapsulates temporal 
information. During the conversion of the pose sequence into a point 
cloud, the 3D coordinates of each joint are preserved while temporal 
and joint-specific information are embedded into the feature channels. 
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This allows for an intuitive visualization of the action point cloud based 
solely on 3D spatial coordinates. In Fig.  3, uses the ‘‘hand waving’’ ac-
tion as an example to illustrate the transformation from a pose sequence 
to a point cloud in the 3D space, and Fig.  4 presents representative 
visualizations of action point clouds for both single-person and two-
person actions. The local geometric details of these action point clouds 
reveal rich motion characteristics.
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Fig. 6. Visualization comparison of joint retention during point cloud modeling between P2P and the baseline. The first group shows the RGB image and its 
corresponding pose. The second and third groups present the joint retention results of the baseline and P2P, respectively, where the left images retain the pose 
topology to clearly illustrate the relationships between joints. Blue indicates joints retained by the baseline, white indicates joints discarded by the baseline, and 
red indicates the additional joints preserved by P2P compared to the baseline. (For interpretation of the references to color in this figure legend, the reader is 
referred to the web version of this article.)
Fig. 7. Attention visualization comparison between topology-based pose modeling and geometry-based point cloud modeling. For each sample, we show the RGB 
frame, followed by the attention maps produced by the pose-based method (CTR-GCN [32]) and the point cloud-based method, respectively. Color intensity from 
blue to red indicates increasing importance. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this 
article.)
Uniform Mixed Sampling. In hierarchical point cloud feature ex-
traction, the downsampling strategy is critical for preserving semantic 
information. As illustrated in Fig.  5, although FPS ensures spatial 
coverage, its farthest-distance criterion may discard semantically im-
portant body regions, as highlighted by the red circles in Fig.  5(a) 
and (b). In contrast, our UMS incorporates pose priors to distribute 
sampling points evenly across the 25 keypoints, thereby preserving 
human topological integrity. As shown in Fig.  6, the FPS-based baseline 
loses hand-related points for ‘‘pick up’’ and lower-limb points for ‘‘stand 
up’’, weakening essential motion cues and structural representations. 
Given the inherent sparsity of human joints, such structural disruption 
hinders effective spatiotemporal modeling. Pose2Point addresses this 
limitation by retaining critical joints (highlighted in red), enabling 
more robust representations of fine-grained actions.

Topology-based vs. Geometry-based Attention Based on Fig.  7, 
we compare attention distributions of a topology-based pose method 
and a geometry-based point cloud method. The pose method shows 
scattered attention and fails to focus on key joints, especially in cross-
topology actions like clapping or wearing on glasses. In these cases, 
its responses are confined to local pose chains and miss physically 
close but topologically distant joints. This occurs because pose methods 
rely on a fixed topology, requiring multi-hop propagation that dilutes 
critical features. In contrast, point cloud methods directly capture 
spatially adjacent joints via neighborhood modeling, leading to more 
accurate attention. This comparison confirms the advantage of geomet-
ric modeling for cross-joint interactions and supports converting pose 
sequences to point clouds.
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Feature Analysis. In Fig.  8, we visualize the feature distributions 
before the classification layer using t-SNE for four configurations: (a) 
the baseline (PointMLP), (b) the baseline with the Transfer2PointCloud 
module, (c) the P2P method without the Transfer2PointCloud mod-
ule, and (d) our complete P2P method. Under identical experimental 
settings, the full P2P method (d) yields the most compact intra-class 
clusters and clearest inter-class separation, with minimal overlap and 
well-defined class boundaries, demonstrating the strongest discrimi-
native power. In contrast, the baseline (a) exhibits dispersed features 
with substantial inter-class overlap, highlighting the limitations of di-
rectly treating raw pose sequences as point clouds. Introducing the 
Transfer2PointCloud module (b) improves class separability, while the 
ablated P2P variant (c) also outperforms the baseline, yet both remain 
inferior to the complete P2P pipeline (d). Furthermore, the comparison 
between (b) and (d) shows that our complete P2P method produces 
more discriminative feature representations, demonstrating the positive 
impact of the PPC-specific modules and strategy after converting pose 
sequences into Pose Point Clouds. Overall, these results validate the 
effectiveness and synergy of the proposed components.

Per-Action Performance. Fig.  9 visually illustrates the accuracy 
differences across 120 actions in the NTU-RGB+D 120 between our 
method and the baseline (PointMLP). It is evident that our method 
outperforms the baseline in every category, demonstrating its supe-
rior performance. Notably, for action categories involving complex 
spatiotemporal dynamics, such as those with subtle hand or body 
movements, our approach shows significant gains. This indicates that 
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Fig. 8. T-distributed Stochastic Neighbor Embedding (t-SNE) visualization of features. Visualizations are provided for: (a) the baseline model (PointMLP), (b) the 
baseline model with the Transfer2PointCloud module, (c) the P2P method without the Transfer2PointCloud module, and (d) our proposed P2P method.
Fig. 9. A bar chart comparing the per-action accuracy of our method and the baseline on the NTU-RGB+D 120 dataset. Our method outperforms the baseline 
(PointMLP) for every action.
-

 

by converting pose sequences into Pose Point Clouds and incorporating 
our proposed sampling, modeling, and related techniques, P2P can cap-
ture fine-grained action features more accurately, thereby substantially 
improving recognition accuracy.

5. Limitations and future work

Although Pose2Point achieves strong performance by converting 
pose sequences into PPCs, it still has several limitations. First, PPC 
quality depends on the accuracy of input poses, and severe occlusion, 
missing joints, or noisy pose estimation may introduce incomplete 
or inaccurate structural information. Second, the current framework 
mainly focuses on the joint stream and has not yet fully exploited 
complementary modalities such as bone, motion, RGB appearance, and 
depth cues. In future work, we will extend Pose2Point toward a more 
general unified multimodal framework. Specifically, we plan to explore 
converting more modalities into point cloud-like representations and 
using point clouds as a unified modality for joint modeling. This may 
enable different sources of information to be represented, aligned, and 
learned within a single point cloud-based paradigm.

6. Conclusion

We propose a novel data-driven cross-modal unified framework, 
Pose2Point, which achieves an end-to-end structured conversion from 
pose sequences to point clouds and constructs a Pose Point Cloud 
modality that integrates both temporal dynamics and human topology 
characteristics. Our approach circumvents the challenges of multi-
modal feature alignment through the Transfer2PointCloud module, 
and leverages prior knowledge of human joints by designing a Uni-
form Mixed Sampling strategy, combined with Multi-CLS loss and 
a PPC-Specific Training Strategy, significantly enhancing the feature 
extraction capability of the Pose Point Cloud. The effectiveness of the 
proposed Pose2Point is validated on the NTU RGB+D, NTU RGB+D 
120, and NW-UCLA datasets, demonstrating that a pure point cloud 
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approach can achieve state-of-the-art performance comparable to ad-
vanced pose-based models. This work provides a simple and efficient 
solution for cross-modal research on poses and point clouds, substan-
tially improving the system’s generalization and robustness in complex 
scenarios.
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