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Abstract

Point cloud video understanding is becoming increas-
ingly important in fields such as robotics, autonomous driv-
ing, and augmented reality, as they can accurately repre-
sent object motion and environmental changes. Despite
the progress made in self-supervised learning methods for
point cloud video understanding, the limited availability of
4D data and the high computational cost of training 4D-
specific models remain significant obstacles. In this pa-
per, we investigate the potential of transferring pre-trained
static 3D point cloud models to the 4D domain, pointing
out the limitations of static models that capture only spatial
information while neglecting temporal dynamics. To ad-
dress this, we propose a novel Cross-frame Spatio-temporal
Adaptation (CSA) strategy by introducing the Point Tube
Adapter as the embedding layer and the Geometric Con-
straint Temporal Adapter (GCTA) to enforce temporal con-
sistency across frames. This strategy extracts both short-
term and long-term temporal dynamics, effectively integrat-
ing them with spatial features and enriching the model’s
understanding of temporal changes in point cloud videos.
Extensive experiments on 3D action and gesture recog-
nition tasks demonstrate that our method achieves state-
of-the-art performance, establishing its effectiveness for
point cloud video understanding. Code is available at:
https://github.com/LvBaixuan/Point-CSA.

1. Introduction

Four-dimensional (4D) point cloud videos offer an accurate

representation of object motion, making them increasingly

valuable in fields such as robotics, autonomous driving, and

augmented reality. A comprehensive understanding of point

cloud videos is crucial for effectively perceiving environ-

mental changes and facilitating interactions with the real

world. Consequently, the learning-based point cloud video

understanding [9–11, 20, 33] has attracted significant re-
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Figure 1. Comparison of direct transfer of static point cloud pre-

training model and point cloud video pre-training model on MSR-

Action dataset. Blue bars represent the performance of 4D-specific

models, yellow bars indicate the results from directly transferring

static point cloud pre-trained models, and orange bars depict the

performance after applying our Adaptation Method.

search interest in recent years.

Self-supervised representation learning has become the

most popular approach for current point cloud video un-

derstanding, as it learns general representations using un-

labeled 4D data. Although various self-supervised meth-

ods [25–28, 46] have achieved some success in point cloud

video modeling, the difficulty in collecting 4D data results

in relatively small pre-training datasets, which limits the

ability to learn general representations. Furthermore, the in-

troduction of the temporal dimension in point cloud videos

increases the time and computational resources required

during the pre-training phase, thereby raising the costs of

training 4D-specific models.

Pre-trained models [4, 8, 23, 37–39, 42, 44] for 3D static

point clouds have seen significant success within the com-

munity and have gained widespread adoption. Static and

dynamic point clouds exhibit spatial consistency, raising the

question of whether existing pre-trained models for static

point clouds can be effectively leveraged for point cloud

videos, thereby reducing the need for additional training

of 4D-specific models. To explore this, we initially di-
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rectly transfer existing popular pre-trained models for static

point clouds to the 4D domain. However, as shown in Fig-

ure 1, the direct transfer of static point cloud pre-trained

models results in significantly inferior performance com-

pared to existing pre-training methods [25, 26, 28] specif-

ically designed for point cloud videos. This performance

gap is primarily due to the static models capturing only

spatial information while neglecting critical temporal dy-

namics. These observations have motivated us to design an

adaptation strategy that incorporates temporal awareness.

The straightforward idea is to incorporate temporal in-

formation into static point clouds. Inspired by previous

work [9, 11], we introduce the Point Tube Adapter as our

embedding layer, replacing the embedding layer in static

point cloud pre-trained models. As shown in Table 3, al-

though this modification significantly enhances the model’s

ability to understand point cloud videos, there remains a gap

compared to dedicated 4D models. We believe this is due

to the self-attention mechanism in the frozen backbone net-

work being unable to dynamically capture the long-range

spatio-temporal correlations between patches. To this end,

we propose the Geometric Constraint Temporal Adapter

(GCTA), which introduces geometric constraints on neigh-

boring points to ensure the consistency of point cloud struc-

tures across different time frames during interaction, cap-

turing cross-temporal geometric information. This strategy

enables the model to perceive structural changes in spatial

regions throughout the entire video and integrates global dy-

namic information into the pre-trained encoder, enriching

the model’s understanding of temporal dynamics.

The Cross-frame Spatio-temporal Adaptation (CSA)

strategy not only allows the model to capture short-term

structure changes but also emphasizes long-term dynamics,

significantly enriching its understanding of temporal infor-

mation. We evaluated our model on 3D action recognition

and gesture recognition tasks. Experiments on the MSR-

Action3D [18] and SHREC’17 [7] datasets demonstrate the

effectiveness of our approach. The contributions of this pa-

per include:

• We explore methods for transferring spatial semantic in-

formation from static point clouds to point cloud videos.

To our knowledge, this is the first exploration of applying

static point cloud pre-trained models in point cloud video

tasks.

• We propose a novel Cross-frame Spatio-temporal Adap-

tation (CSA) strategy by introducing the Point Tube

Adapter as the embedding layer and the Geometric Con-

straint Temporal Adapter (GCTA) to enforce temporal

consistency across frames. This strategy extracts both

short-term and long-term temporal dynamics, effectively

integrating them with spatial features and enriching the

model’s understanding of temporal changes in point cloud

videos.

• Extensive experiments on 3D action and gesture recog-

nition tasks demonstrate that our method achieves state-

of-the-art performance, highlighting its efficacy in point

cloud video understanding.

2. Related Work

2.1. Static Point Cloud Pre-trained Model
Recent research on pre-training methods for 3D point cloud

analysis has made significant progress. These methods typ-

ically involve learning latent semantic information from

point clouds through pretext tasks, followed by fine-tuning

the model for specific applications to enhance performance.

Existing pretext tasks can be categorized into two types:

discriminative tasks [2, 5, 12, 34, 45], and generative

tasks [13, 19, 30, 36, 40, 41]. Discriminative methods en-

able the model to distinguish similar point clouds by con-

trasting various views or instances. For example, techniques

such as PointContrast [35] and CrossPoint [1] leverage both

in-domain and cross-domain features. Generative meth-

ods learn the latent features of the data relying on autoen-

coders to reconstruct the original input. For example, Point-

BERT [37] generates discrete point tokens that contain

meaningful local information derived from masked tokens.

Point-MAE [23] employs an autoencoder to learn high-

level latent features from unmasked patches, with the aim

of reconstructing the masked point patches. ACT [8] sig-

nificantly improves the performance of 3D self-supervised

networks on real scanned point clouds by combining pre-

trained language and image models. PointGPT [4] intro-

duces an autoregressive generation task for point clouds to

pre-train Transformer models, offering high scalability.

However, these pre-trained models have primarily been

fine-tuned for downstream tasks associated with static point

clouds. Our research aims to extend their applicability by

transferring these models to the domain of point cloud video

understanding.

2.2. Point Cloud Video Understanding
Point cloud videos exhibit a dual nature, being unordered

in the spatial dimension while ordered in the temporal di-

mension. This characteristic necessitates the design of spe-

cialized methods to aggregate spatio-temporal information

to perceiving both geometry and dynamics. Current ap-

proaches in this domain can be broadly classified into voxel-

based [15, 43] and point-based [9–11, 20, 21, 33] tech-

niques. Voxel-based methods, such as MinkowskiNet [6],

involve voxelizing the original point clouds and then em-

ploying 4D convolution to extract features from 4D vox-

els. However, this voxelization process inherently results in

quantization loss. In contrast, point-based methods operate

directly on the raw point data. MeteorNet [20] introduces

the temporal dimension and tracks motion at the point level,
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Figure 2. Illustration of the proposed Cross-frame Spatio-temporal Adaptation strategy. We divide point cloud videos into point tubes.

Aggregate points within the point tube to obtain local spatio-temporal embedding, and construct a cross-frame KNN graph based on the

coordinates of the anchor point of the point tubes. Our proposed Geometric Constraint Temporal Adapter (GCTA) aggregates long-term

changes based on the cross-frame KNN graph.During fine-tuning, the parameters of Attention and Feed Forward Network(FFN) of the

pre-trained model are frozen.

while PSTNet [11] constructs point tubes along the time

axis to facilitate 4D point convolution. Recent advances, in-

cluding P4Transformer [9], PPTr [33], and LeaF [21], have

integrated transformer architectures to expand the recep-

tive field. PST-Transformer [10] builds on P4Transformer,

enhancing its ability to model spatio-temporal structures

through spatial displacement encoding. To effectively learn

the inherent information in point cloud videos, rather than

focusing solely on downstream tasks, several methods em-

ploy self-supervised learning to enhance generalization ca-

pabilities. One approach [31] pretrains an encoder by pre-

dicting the temporal order of shuffled segments. C2P [46]

introduces a complete-to-part 4D distillation method to pre-

dict representations of point cloud frames over short time

windows. Additionally, several methods [26–28] utilize

spatial and inter-frame contrastive learning to extract inher-

ent geometric and dynamic features. However, these tech-

niques often rely on clip-level or frame-level pretext tasks

to learn motion information, which may be limited by in-

consistencies in points across frames. MaST-Pre [25] pro-

poses a masked prediction approach that segments continu-

ous point clouds into point tubes for reconstruction. While

this method effectively encodes relative spatio-temporal in-

formation within the point tubes, it falls short in capturing

global semantics.

Our approach preserves the model’s strong encoding

capability for spatial structures learned from static point

clouds while also emphasizing the capture of short-term

morphological changes and long-term dynamics.

3. Method

3.1. Overview

The general framework of our method is shown in Fig-

ure 2. To enable the static point cloud pre-trained model

to perceive dynamic information within point cloud videos,

we introduce the Cross-frame Spatio-temporal Adaptation

(CSA) strategy, which allows the model to comprehend

point cloud videos through both short-term and long-term

spatial structural changes. Initially, we incorporate point

tubes during the feature embedding phase. This grouping

strategy combines local points along both spatial and tem-

poral dimensions. By integrating relative spatio-temporal

information, the model effectively captures temporal dy-

namics along with spatial structures. Subsequently, to en-

hance attention to the spatial structural changes of point

clouds across the entire video, we propose a Geometric

Constraint Temporal Adapter(GCTA). This module facili-

tates feature aggregation over a global temporal range, al-

lowing each point tube to traverse time and identify relevant

features from other point tubes throughout the video. By

aggregating spatial information from various frames, we in-
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fuse global dynamic knowledge into the pre-trained model.

Through this approach, we successfully adapt the static

point cloud pre-trained model for point cloud video under-

standing tasks while keeping its parameters frozen.

3.2. Point Tube Adapter
Some widely used static point cloud pretraining methods

process input point clouds using farthest point sampling

(FPS) and K-Nearest Neighbors (KNN) algorithms to ob-

tain center points and point patches. This encoding tech-

nique effectively aggregates information from local spatial

neighborhoods. However, point cloud video data exhibit

dynamic characteristics, necessitating a neighborhood parti-

tioning method that can extract spatial structures while con-

currently encoding temporal information.

Building on previous work [9, 11], we introduce the con-

cept of point tubes. Point cloud videos can be represented

as a series of 3D point coordinates P ∈ R
L×N×3 , where L

is the length of the video and N is the number of points per

frame. First, we uniformly select anchor frames within the

point cloud video, obtaining anchor points using FPS within

these frames and extending them to adjacent frames. Next,

we search for neighbors within a spatial radius rs around

the anchor points in both the anchor frame and its adjacent

frames, forming a point tube, denoted as T ∈ R
l×k×3 ,

where l is the temporal length of the point tube and k is the

number of points per frame in the point tube.

Similarly to the embedding methods for static point

clouds, we explicitly calculate the relative distances be-

tween the points in the tube and the anchor points, which

aids the model in capturing local spatial structures. In

addition, we incorporate relative temporal information to

encode short-term local structural dynamics. The ob-

tained spatio-temporal displacements (δx, δy, δz, δt) serve

as point-level features Fp . The embedding of point tubes is

accomplished by an extended lightweight 4D PointNet [24],

which mainly consists of feature mapping functions and

pooling layers. This embedding can be represented as:

Te = maxpool[ψ(Fp)], (1)

where ψ : Rlk×4 −→ R
lk×C aims to increase the dimen-

sionality of point features to enhance feature representation

capabilities. We directly input the embeddings Te into the

pre-trained encoder.

3.3. Geometric Constraint Temporal Adapter
The classical Transformer [29] relies on the self-attention

mechanism to perceive long-range correlations among all

patches globally and has achieved great success in static 3D

domains. However, simply replacing point patch embed-

dings with point tube embeddings still makes it challeng-

ing to adapt static point cloud pre-trained models for point

cloud video. The temporal scope of point tubes remains

…
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Figure 3. Illustration of Geometric Constraint Temporal Adapter.

limited by their length, capturing only short-term changes.

Moreover, static point clouds only contain spatial structural

information, which results in the frozen parameter static

point cloud pre-trained models having a limited ability to

perceive temporal relationships between point tubes.

To address this issue, we propose Geometric Constraint

Temporal Adapter (GCTA) to capture long-term dynamic

information from point cloud videos. The structure of

GCTA is shown in Figure 3. Inspired by EdgeConv [32],

We construct a directed cross-frame KNN graph G =
(T,E) based on the spatial distance between all point tubes,

allowing each point tube to explore more relevant point

tubes across the entire video without being constrained by

time. Consider a point cloud video divided into N ′ point

tubes with features denoted as F = {f1, f2, ..., fN ′} , we

define the edge feature between the i-th and the j-th point

tube as :

eij = φ(concat(fj − fi, fi)), (2)

where φ : R
2C −→ R

C′
is a function parameterized by

a set of learnable parameters. We use a symmetric opera-

tion, max pooling, to aggregate the edge features and project

them into feature dimension C using ξ : RC′ −→ R
C :

f ′
i = ξ(maxpool

j:(i,j)∈E

(eij)). (3)

GCTA explicitly combines global variation, captured by

fj − fi, with local structural features, captured by the point

tube embedding fi . By aggregating point tubes distributed

across different timestamps, GCTA can learn the global dy-

namics of spatial structures, thereby enhancing long-term
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Methods Reference 8 Frames 12 Frames 16 Frames 24 Frames

Supervised Learning

MeteorNet[20] ICCV2019 81.14 86.53 88.21 88.50

PSTNet[11] ICLR2021 83.50 87.88 89.90 91.20

P4Transformer[9] CVPR2021 83.17 87.54 89.56 90.94

Kinet[47] CVPR2022 83.84 88.53 91.92 93.27

PPTr[33] ECCV2022 84.02 89.89 90.31 92.33

LeaF[21] ICCV2023 84.50 - 91.50 93.84

PST-Transformer[10] TPAMI2023 83.97 88.15 91.98 93.73

X4D-SceneFormer[17] AAAI 2024 86.47 - 92.56 93.90

Self-Supervised Learning (End-to-End Fine-Tuning)

CPR[27] AAAI2023 86.53 91.00 92.15 93.03

C2P[46] CVPR2023 87.16 - 91.89 94.76

PointCMP[26] CVPR2023 89.56 91.58 92.26 93.27

PointCPSC[28] ICCV2023 88.89 90.24 92.26 92.68

MaST-Pre[25] ICCV2023 - - - 94.08

Adaptation for Pre-Trained Models

Point-BERT+CSA - 90.72 92.39 93.38 94.77

Point-MAE+CSA - 91.41 92.04 93.73 95.12
PointGPT-S+CSA - 91.41 93.08 94.08 94.42

Table 1. Action recognition accuracy (%) on the MSR-Action3D.

temporal perception.

3.4. Feature Interaction
In this section, we fuse local and global spatio-temporal in-

formation. The Point Tube Adapter provides the model with

local spatio-temporal information, while the GCTA learns

global dynamic knowledge. The global information related

to spatial positions is provided by a customized position en-

coder (PE) implemented as a simple multilayer perceptron

(MLP). The position encoders in different layers maintain

the same architecture but have different parameters. The

specific architecture is illustrated in the figure. The feature

interaction process at the i-th layer can be represented as:

Fi+1 =FFN(Attention(Fi))

+GCTA(Fi) + PE(Fi),
(4)

where FFN is a feedforward neural network whose param-

eters, along with the attention parameters, are pre-trained

on static point cloud data and frozen during the adaptation

process.

4. Experiments
We evaluated the performance of our proposed Cross-frame

Spatio-temporal Adapting (CSA) strategy on 3D action

recognition and gesture recognition tasks. We also discuss

the benefits of our adaptation strategy and architecture in

Sec 4.4. We used three classic pre-trained models, Point-

Bert [37], Point-MAE [23], and PointGPT-S [4], as our

baseline.

4.1. Experiment Setting
We apply our CSA strategy on three baseline models: Point-

BERT [37], Point-MAE [23], and PointGPT-S [4]. All three

are pre-trained on ShapeNet [3] dataset for 300 epochs.

To ensure a fair comparison, we use the same experimen-

tal settings for each baseline. We freeze the weights of the

pre-trained static point cloud model and only update the pa-

rameters of the Point Tube Embedding module, the GCTA,

and the head during downstream task training. We employ

the SGD optimizer. The learning rate warms up to 0.01 in

the first 10 epochs and decays at a rate of 0.1 in the 20th and

30th epochs. The model is trained for a total of 50 epochs.

4.2. 3D Action Recognition
We only use the coordinates of the points, without incorpo-

rating color information. The point cloud videos are divided

into multiple clips with a fixed number of frames as input.

During evaluation, we average the prediction probabilities

at the clip level to obtain the video-level prediction result.

The experiment is conducted on the MSR-Action3D [18]

dataset. MSR-Action3D consists of 567 depth videos, with

20 action categories. Each video in the MSR-Action3D

dataset contains an average of 40 frames. Following pre-
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vious work [9], we partition the dataset into 270 training

videos and 297 testing videos. To evaluate the performance

of our adaptation strategy under different temporal reso-

lutions, we conduct experiments by extracting 8, 12, 16,

and 24 frames, with each frame randomly sampled to 2048

points.

We select an anchor frame every two frames and sample

64 anchor points from it. We set the temporal length of the

point tube l = 3, the neighborhood space radius rs = 0.3,

and randomly sample 32 points in the neighborhood space.

The results summarized in Table 1 demonstrate that our

adaptation method outperforms both supervised and self-

supervised learning approaches across all temporal config-

urations. These results underscore the potential of trans-

ferring knowledge from static point cloud pre-trained mod-

els to point cloud video understanding. The robust spa-

tial feature extraction capabilities inherent in these mod-

els provide valuable insights that enhance action recogni-

tion in dynamic settings. The CSA strategy effectively

bridges the gap between static and dynamic representations,

ensuring that the model can capitalize on both short-term

and long-term temporal dynamics. The consistent improve-

ments across varying input configurations suggest that our

approach adapts flexibly to different temporal resolutions.

In the experiments with 8, 12, and 16 frames, the applica-

tion of our CSA to the three baseline models outperformed

existing methods, demonstrating the effectiveness of this

approach at low temporal resolutions.

Overall, our results not only validate the effectiveness

of the proposed adaptation method but also highlight the

importance of leveraging existing pre-trained models to im-

prove performance in downstream tasks.

4.3. Gesture Recognition

We conduct gesture recognition experiments on the

SHREC’17 [7] dataset. SHREC’17 consists of 2800 videos

in 28 classes for gesture recognition, of which 70% (2960

videos) are training data and the other 30% (840 videos)

are the test set. To adapt our models, we freeze the param-

eters of the pre-trained models and retain the same archi-

tecture used in the action recognition tasks from the MSR-

Action3D dataset.

As shown in Table 2, our method achieved higher recog-

nition accuracy compared to both supervised and self-

supervised methods. Notably, pre-trained models using

the Cross-Frame Spatio-temporal Adaptation (CSA) strat-

egy achieved impressive accuracies: PointGPT-S+CSA

reached 96.5%, Point-BERT+CSA attained 96.2%, and

Point-MAE+CSA achieved 95.2%. The high performance

across various tasks reinforces the adaptability of our ap-

proach. By effectively leveraging the consistency in spa-

tial structures between static point clouds and point cloud

videos, our method successfully adapts static pre-trained

models to a variety of downstream tasks. This indicates that

the structural insights gained from static point clouds can be

effectively transferred to dynamic contexts.

Methods Reference Acc.(%)

Supervised Learning

PLSTM-base [22] CVPR2020 87.6

PLSTM-early [22] CVPR2020 93.5

PLSTM-PSS [22] CVPR2020 93.1

PLSTM-middle [22] CVPR2020 94.7

PLSTM-late [22] CVPR2020 93.5

Kinet [47] CVPR2022 95.2

Self-Supervised Learning (End-to-End Fine-Tuning)

PointCMP [26] CVPR2023 93.3

MaST-Pre [25] ICCV2023 92.4

Adaptation for Pre-Trained Models

Point-BERT+CSA - 96.2

Point-MAE+CSA - 95.2

PointGPT-S+CSA - 96.5

Table 2. Gesture recognition accuracy (%) on the SHREC’17.

4.4. Ablation Studies
To analyze the impact of each module in our proposed

method on performance, we utilize Point-MAE as the base-

line model and conduct ablation experiments on the MSR-

Action3D dataset.

4.4.1. Architecture Design
Our proposed Cross-frame Spatio-temporal Adaptation

strategy enhances static point cloud pre-trained models with

spatio-temporal information in three key ways: (1) Point

Tube Adapter: This component aggregates local spatio-

temporal neighborhood information. (2) Position Encoders:

These encoders are independently learned for each layer,

providing adaptive global spatial context. (3) Geometric

Constraint Temporal Adapter(GCTA): This module extends

the temporal field of view, enabling the model to perceive

global dynamics effectively. we conduct extensive ablation

studies, as shown in Table 3.

We first present the performance of model A0 as the

baseline (freeze the pre-trained model and only tuned the

task head), achieving an accuracy of 77.35%. Model A1,

which integrates Point Tube Adapter, increases the accuracy

by 6.62%, highlighting the benefit of local spatio-temporal

aggregation. Adding Position Encodings in model A2 fur-

ther enhances accuracy to 87.11%, emphasizing the impor-

tance of adaptive global spatial context. Model A3, which

combines Point Tube Adapter with the GCTA, achieves an

accuracy of 94.08%, demonstrating the value of extend-
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PTA PE GCTA Acc.(%)

A0 × × × 77.35

A1 � × × 83.97

A2 � � × 87.11

A3 � × � 94.08

A4(ours) � � � 95.12

Table 3. Ablation studies on architecture designs. PTA denotes

Point Tube Adapter, and PE denotes additional Position Encoders.

ing the temporal field of view. Finally, our full model

A4, incorporating all components, reaches an accuracy of

95.12%, confirming the effectiveness of our Cross-frame

Spatio-temporal Adaptation strategy in leveraging both lo-

cal and global information to improve recognition perfor-

mance in dynamic point cloud scenarios.

We visualize the attention distribution of the model with

and without the GCTA. As shown in the Figure 4, for the

same input video, the model adding the GCTA focuses more

on the key frames where the action occurs, and allocates less

attention to the frames that are weakly related to the motion

(the first two frames). This demonstrates that that the GCTA

helps the model understand long-term motion.

(a) Without Geometric Constraint Temporal Adapter (b) With Geometric Constraint Temporal Adapter

Figure 4. Visualization of the attention of model with/without the

Geometric Constraint Temporal Adapter. Warmer color indicates

higher attention. The model with the Geometric Constraint Tem-

poral Adapter can correctly identify important frames and moving

areas.

4.4.2. Advantages of CSA compared to Other Tuning
strategies

To demonstrate the effectiveness of our Cross-frame Spatio-

temporal Adaptation strategy, we conduct comprehensive

comparative experiments against various tuning strategies

while keeping the parameters of the pre-trained model

frozen. As shown in the Figure 5, we compare our

method with the vanilla adapter [14], VPT-Deep [16], and

IDPT [39]. The baseline is consistent with that described in

Sec 4.4.1. Our CSA outperforms other tuning strategies in

terms of performance. We fully consider the spatially disor-

dered and temporally ordered characteristics of point cloud

Figure 5. Comparison of different tuning strategies.

videos, and enhance the ability of models to capture dy-

namics by combining spatio-temporal information. This fo-

cus on dynamics is crucial for point cloud video tasks such

as action recognition and gesture detection, where temporal

changes play a significant role.

4.4.3. Receptive Field of Geometric Constraint Temporal
Adapter

The size of the convolutional kernel significantly influences

the ability to model local structures. In the Geometric Con-

straint Temporal Adapter, the kernel size of EdgeConv [32]

is determined by the number of neighbors k selected for

each anchor point during graph construction. We investi-

gate the impact of varying k values on spatio-temporal mod-

eling. The kernel radius is defined as the distance between

the center point of a point tube and the farthest point tube

among its k-nearest neighbors. Figure 6a shows the average

kernel radius corresponding to different k values. Figure 6b

shows the video-level recognition accuracy under different

k values.

(a) Kernel radius. (b) Accuracy.

Figure 6. The effect of number of edge per point tube in the Geo-

metric Constraint Temporal Adapter.

As k increases, the kernel radius also increases, indicat-

ing that a larger k allows the model to consider a broader

spatial context when processing local structures. The ker-

nel radius (<0.1) is much smaller than the point tube spa-

tial radius (0.3), which means that the GCTA can focus on

changes in spatial structure at similar locations in different

frames.

In the case of k = 1, point tubes do not aggregate infor-
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mation from others. Increasing k to 5 results in a slight

decrease in accuracy to 91.99%, suggesting that too few

neighbors may limit the ability to capture relevant features

or even confuse its own information. The peak accuracy of

95.12% is observed at k = 20, demonstrating optimal per-

formance when the model has access to a sufficient number

of neighbors. However, as k increases to 25 and 30, the

accuracy decreases by 1.04% and 0.69%, respectively, sug-

gesting that excessive neighborhood information may intro-

duce redundancy that negatively impacts performance.

We further cut the point cloud video into slices, which

limits the process of searching for spatial K-nearest neigh-

bors within those slices. We evaluate the impact of the

temporal range on the GCTA. The results shown in Ta-

ble 4 indicate a clear trend: as the temporal range increases,

model performance tends to improve, peaking when the full

video is utilized. The model achieves the highest accuracy

of 95.12% when using the full video as the slice length.

This result underscores the advantage of utilizing the entire

temporal span of the video, enabling the model to integrate

global context and dynamics effectively.

Slice Lenth Acc.(%)

4 93.38

6 93.03

8 94.08

12 94.77

24(full clip) 95.12

Table 4. The effect of temporal range.

4.4.4. Location of Geometric Constraint Temporal
Adapter

We add the GCTA at different locations to explore how

spatio-temporal information can be effectively combined

with static point cloud pre-trained models. As shown in

the Figure 7, we conducted experiments at 4 locations: (a)

Bypass (b) Prepend (c) Post (d) Middle.

The model achieves the highest accuracy of 95.12%

when the GCTA is positioned at the Bypass location. This

suggests that integrating spatio-temporal information in a

way that allows the model to process it alongside static fea-

tures leads to optimal performance. The Bypass configura-

tion allows the model to maintain the integrity of the pre-

trained static features while benefiting from additional tem-

poral dynamics. Compared to the result of placing at the

Middle location, those at the Post location indicates that ap-

plying the GCTA after adding the global spatial position

information still maintains a strong impact on the model’s

performance, suggesting that the temporal dynamics intro-

duced at this stage enhance the overall understanding of the

data. The lowest accuracy is observed at the Prepend loca-
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GCTA

Pos Encoder

Attention

FFN

Block

GCTA

Pos Encoder

FFN

Attention

Block

GCTA

Pos EncoderBlock GCTA

Pos Encoder

FFN

Attention

(a) Bypass (default) (b) Prepend

(c) Post (d) Middle

Figure 7. Different location of Geometric Constraint Temporal

Adapter.

tion. This placement disrupts the initial processing of static

features, indicating that introducing temporal dynamics too

early in the pipeline can hinder the model’s ability to effec-

tively leverage pre-trained static information.

5. Conclusion
In this paper, we explored transferring pre-trained static

point cloud models to point cloud video tasks and iden-

tified the limitations of static models in capturing tempo-

ral dynamics. We proposed a novel Cross-frame Spatio-

temporal Adaptation (CSA) strategy, integrating the Point

Tube Adapter and Geometric Constraint Temporal Adapter

(GCTA) to capture both short-term and long-term tempo-

ral dynamics. Our method outperforms existing approaches

in 3D action and gesture recognition tasks, demonstrating

its effectiveness in bridging the gap between static and dy-

namic point cloud representations. This work advances

point cloud video understanding and offers valuable in-

sights for future research.
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