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Abstract

Graph Convolutional Networks (GCNs) and Transformers
have been widely applied to skeleton-based human action
recognition, with each offering unique advantages in captur-
ing spatial relationships and long-range dependencies. How-
ever, for most GCN methods, the construction of topological
structures relies solely on the spatial information of human
joints, limiting their ability to directly capture richer spatio-
temporal dependencies. Additionally, the self-attention mod-
ules of many Transformer methods lack topological structure
information, restricting the robustness and generalization of
the models. To address these issues, we propose a Joint Tra-
jectory Graph (JTG) that integrates spatio-temporal informa-
tion into a uniform graph structure. We also present a Joint
Trajectory GraphFormer (JT-GraphFormer), which directly
captures the spatio-temporal relationships among all joint tra-
jectories for human action recognition. To better integrate
topological information into spatio-temporal relationships,
we introduce a Spatio-Temporal Dijkstra Attention (STDA)
mechanism to calculate relationship scores for all the joints
in the JTG. Furthermore, we incorporate the Koopman oper-
ator into the classification stage to enhance the model’s repre-
sentation ability and classification performance. Experiments
demonstrate that JT-GraphFormer achieves outstanding per-
formance in human action recognition tasks, outperforming
state-of-the-art methods on the NTU RGB+D, NTU RGB+D
120, and N-UCLA datasets.

Introduction

Human action recognition aims to accurately identify and
classify different human actions from input videos or se-
quence data. As an important task in computer vision, hu-
man action recognition has been extensively researched and
widely applied in fields such as human-computer inter-
action, intelligent surveillance, and motion reconstruction.
In particular, skeleton-based methods are less affected by
changes in lighting conditions, background clutter, and oc-
clusions. This robustness enhances the model’s ability to fo-
cus on motion-related information, making skeleton-based
methods increasingly popular.

Currently, two popular deep learning models, Graph
Convolutional Networks (GCNs) and Transformers, have
demonstrated strong performance in skeleton-based human
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Figure 1: Visualization and Heatmaps. (a) Visualization de-
picting the Joint Trajectory Graph (JTG). (b) Visualization
of Dijkstra weights within the Spatio-Temporal Dijkstra At-
tention (STDA). The thicker curves denote higher correla-
tion weights among interconnected joints. For illustrative
purposes, lower correlation weights are depicted using dot-
ted lines and are selectively sampled. (c) Heatmaps showing
Dijkstra matrices for the original human joint graph and the
proposed JTG.

action recognition tasks. GCNs treat human joint data as
graph structures and employ convolutional operations based
on adjacency matrices to capture spatial dependencies be-
tween different body parts, thereby improving the accuracy
of action recognition (Yan, Xiong, and Lin 2018; Shi et al.
2019b; Ye et al. 2020). Additionally, Transformers have
demonstrated remarkable success due to their strong self-
attention mechanisms and capability to capture long-range
dependencies (Vaswani et al. 2017; Dosovitskiy et al. 2020).

Despite the promising performance of GCNs and Trans-
formers, accurate and robust skeleton-based action recog-
nition remains a challenging task. This is primarily due to
several factors. Firstly, conventional GCN methods do not
directly utilize spatio-temporal topology to capture more
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comprehensive spatio-temporal dependencies. They aggre-
gate information from neighboring nodes in the graph to up-
date node representations, which is effective for capturing
spatial dependencies. However, simply extending the spatial
graph is not sufficient for effectively capturing temporal dy-
namic correlations. Secondly, in joint coordinate sequences,
the density of information may vary between the spatial and
temporal dimensions, with greater redundancy in the tempo-
ral dimension. Finally, although self-attention mechanisms
can adaptively compute correlation scores for sequence el-
ements, they may not be able to capture the hidden topo-
logical information of each sequence element, leading to a
negative impact on the model’s robustness and generaliza-
tion.

Motivated by these observations, we propose a Joint Tra-
jectory GraphFormer (JT-GraphFormer) model with a Joint
Trajectory Graph (JTG). The JTG introduces a temporal di-
mension on top of the original spatial graph structure, en-
abling it to better encapsulate complex discriminative de-
tails associated with joint trajectories. Unlike ST-GCN(Yan,
Xiong, and Lin 2018), the proposed JTG focuses on con-
structing the topological structure between joints within a
certain spatio-temple period. This enhancement greatly en-
riches its potential for action recognition. Specifically, we
construct a dynamic trajectory topology for all joints within
a certain frame sequence, as shown in Fig. 1 (a).

For action recognition tasks, an action is usually described
as a temporal sequence, characterized by temporal order and
dynamic evolution. To more effectively capture the intricate
spatio-temporal inter-dependencies, JTG extends connec-
tions to nodes in neighboring frames. This strategy serves
to reduce redundant temporal information and utilize a uni-
form graph structure to capture the inherent dependencies
within the spatio-temporal dimension, facilitating aggrega-
tion of features across both spatial and temporal domains.

To extract features more effectively, we utilize an im-
proved Transformer structure. When JTG is used as input
data, a node within a single frame will concurrently com-
pute the relationship scores for all nodes within neighboring
frames, imposing a strong requirement on the model to han-
dle complex spatio-temporal associations. Inspired by the
spatial encoding in Graphormer (Ying et al. 2021), we pro-
pose a Spatio-Temporal Dijkstra Attention (STDA) mech-
anism, which adds the distances between joints in JTG as
spatio-temporal topology information to the calculation of
attention scores. This enables each node to learn to pay more
attention to neighbor nodes that are more relevant to the
action. Unlike Graphormer’s method of encoding discrete
data, our method is more suitable for processing continu-
ous data such as human action recognition. STDA combines
the global attention score and shortest path weights and
shows stronger expressive power by adding prior informa-
tion present in the joint trajectory. The correlation weights
of a node to its neighbors are shown in Fig. 1 (b) and the
heatmaps of Dijkstra matrices are shown in Fig. 1 (c).

Furthermore, we introduce the Koopman operator into the
classification stage. The Koopman operator is a linear oper-
ator that describes a nonlinear dynamical system by map-
ping it into an infinite-dimensional Hilbert space. In our ap-
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proach, the Koopman operator is employed to classify ex-
tracted features by learning feature evolution of the different
categories. Specifically, the Koopman operator serves to lin-
earize extracted features within either the temporal or spatial
dimension and characterizes dynamic shifts inherent to dif-
ferent action categories for effectively capturing dynamic in-
terrelationships of trajectories. This enhances the robustness
and generalization ability of the model.

Our contributions can be succinctly summarized as fol-
lows:

* Introduction of JTG as an input data representation,
leveraging trajectory information to enrich feature aggre-
gation capabilities for nodes and their interactions across
frames.

* Proposal of STDA, augmenting feature aggregation
among neighboring nodes via the integration of shortest
path concepts between joints.

* Incorporation of the Koopman operator for classifica-
tion, facilitating an encompassing perspective and supe-
rior classification performance.

* Rigorous evaluation of our proposed model across three
diverse datasets (NTU RGB+D, NTU RGB+D 120, and
N-UCLA), revealing its superiority over existing state-
of-the-art (SOTA) methods and underscoring its potential
as a promising solution for action recognition tasks.

Related Work

GCNs for Action Recognition. The extracted skeleton se-
quences from videos exhibit non-Euclidean characteristics,
and the inherent interconnections among individual joints
can be succinctly represented using a graph structure. Rep-
resenting skeleton data as simple vectors does not fully cap-
ture the complex configurations and correlations. In contrast,
the topological graph representation may be more suitable
for this purpose. As a result, several GCN-based approaches
have been emerged to process skeleton data as graphs.
For instance, ST-GCN introduces spatio-temporal GCN for
skeleton-based human action recognition (Yan, Xiong, and
Lin 2018), automatically learning spatial and temporal pat-
terns from skeleton data. Specifically, it estimates pose infor-
mation from input videos and achieves action representation
with strong generalization capability through graphs. How-
ever, it focuses solely on the relationships between physi-
cally adjacent joints, neglecting implicit joint co-occurrence
correlations.

Numerous methods have been proposed in an effort to
address this limitation. Actional-Structural GCN (AS-GCN)
(Lietal. 2019) combines action links and structure links into
a generalized skeleton graph, with a greater emphasis on de-
pendencies between non-physically adjacent joints. A dual-
stream adaptive GCN, named 2s-AGCN (Shi et al. 2019b),
explores the fusion of diverse input modalities. It utilizes
both bone vectors and joint coordinates as inputs, inspiring
further research on multiple joint modalities data (Shi et al.
2019a; Ye et al. 2020; Zhang et al. 2020).

In recent years, Channel-wise Topology Refinement GCN
(CTR-GCN) has demonstrated promising outcomes in the
context of dynamic topology and multi-channel feature
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modeling (Chen et al. 2021a). CTR-GCN employs a shared
topology matrix as a universal prior for channels and subse-
quently refines it through the inference of channel-specific
correlations. Furthermore, InfoGCN based on information
bottleneck learning utilizes attention-based graph convolu-
tions to deduce contextually relevant skeleton topology (Chi
et al. 2022). This approach guides the model in acquiring
potential representations that are information-rich yet struc-
turally compact.

Transformers for Action Recognition. The capability of
Transformers to model long-range dependencies results in
their successful application in modeling and classifying
human action sequence data. The Spatio-Temporal Trans-
former network (ST-TR) utilizes spatial and temporal self-
attention modules to learn intra-frame joint interactions and
motion dynamics, leading to enhanced outcomes through
integrating the two input streams (Plizzari, Cannici, and
Matteucci 2021). The Spatio-Temporal Tuple Transformer
(STTFormer) investigates interdependencies among distinct
sequence segments (Qiu et al. 2022). It divides a skeleton
sequence into non-overlapping units and subsequently cap-
tures multi-joint dependencies between neighboring frames
via spatio-temporal self-attention modules, followed by a
feature aggregation module for sub-action fusion.

To handle variable-length skeleton inputs without requir-
ing additional preprocessing, a Sparse Transformer-based
Action Recognition (STAR) is proposed (Shi et al. 2021).
STAR consists of two modules. The first module is a
sparse self-attention module that learns spatial relation-
ships using sparse matrix multiplication. The second mod-
ule is a segment-wise linear self-attention module that mod-
els temporal co-dependencies. Additionally, to incorporate
more comprehensive skeleton information, the Intra-Inter-
Part Transformer (IIP-Transformer) utilizes part-level skele-
ton data encoding for action recognition (Wang et al. 2021),
considering human body joints as five distinct parts to cap-
ture dependencies within and between them.

It can be observed that the majority of research efforts
are inclined towards handling sequences or modeling spa-
tial topological structures, while the exploration of spatio-
temporal topological structures remains relatively scarce.
The JT-GraphFormer complements the research in this area,
utilizing the trajectory topology and a unified graphical
structure known as JTG to unravel the inherent dependencies
within trajectories across the spatio-temporal dimension.

Method

Undoubtedly, spatial and temporal information are both cru-
cial for representing human actions. Structures that inte-
grate these two types of features can capture more accu-
rate and richer spatio-temporal dependencies. Therefore, we
propose a JTG, which models the spatio-temporal topo-
logical structures of the joint trajectories to capture poten-
tial spatio-temporal dependencies. Moreover, we propose
a STDA mechanism and a simple sequential aggregation
module named TCN to augment feature aggregation among
neighboring nodes and model the temporal dependencies.
These two modules form a JT-GraphFormer block for fea-
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ture extraction. Furthermore, we introduce the Koopman op-
erator in the classification stage to globally linearize the fea-
ture functions and fit the dynamic changes of various action
categories. The overall process is illustrated in Figure 2.

Joint Trajectory Graph

We divide the action sequences into several groups. Each
group has IV frames and describes the joint trajectories with
a graph structure, named Joint Trajectory Graph G jr
(G, Gy, -, Geyn—1, Er) = (Vyr, Ej7), Where G is
a spatial graph of joints in a frame, Er is the correspond-
ing set of edges, denoting the joint trajectory of the nodes in
N frames, and V;r, E ;7 denote the set of nodes and edges
in JTG, respectively. To understand JTG more clearly, we
represent it as (1).

A A+I A A
A+T A A+T
Ast=| A  A4T A | M
: . A A+1T
A A A+I A

where A ;7 is an adjacency matrix of a JTG, A denotes the
physical connectivity of all joints in a frame, and [ is a
unit diagonal matrix indicating the connectivity of the same
joints in neighboring frames.

JT-GraphFormer

Positional Encoding. In previous work, a human skeleton
graph sequence is usually represented as a joint feature vec-
tor X € RE*T*V where T is the number of frames, C' is
the number of channels, and V' is the number of joints. In
this paper, the vector X of JTGs with /N frames is denoted
as X € RCXT/NXV*N.

In many Transformer structures, embedding map linearly
transforms the joint features into a vector with learnable pa-
rameters. However, such vectors lack the position informa-
tion of the joints and have trouble in distinguishing the se-
quential order of the joints in the subsequent parallel com-
putation (Qiu et al. 2022).

In JTG, the trajectories of the joints involve specific tem-
poral information. Following (Vaswani et al. 2017), we add
position encoding (PE) for each frame to express the sequen-
tial relationship correctly. PE uses sine and cosine functions
with different frequencies to incorporate the inter- and intra-
frame position information, as Eq. (2).

PE(P7 27;) = Sin(p/10()()0%/01'")7
PE(p,2i+1) = COS(p/lOOOOQi/Cm)’
where p is the position of the joints in a JTG, i is the dimen-

sion of the position encoding vector, and C},, is the feature
dimension.

STDA Module. To better utilize the spatial information of
a graph structure, Graphormer (Ying et al. 2021) adds spatial
encoding to compute the self-attention of the nodes. Inspired
by this, we propose a STDA mechanism, which adds the

2
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spatio-temporal topological information to the multi-head
attention mechanism, increasing the weight of associations
between neighboring nodes, thus making the nodes more
biased towards aggregating the features of the local neigh-
bors. We compute the Dijkstra matrix D € Z4 " *N*xV*N of
JTG to describe its topology information, where D;; = D ;.
Then, we compute the topological weights W via Eq. (3):

W =exp(—D) + b, 3)

where — D stands for inverting all the entries in the D ma-
trix, exp(-) computes the exponential values for all the en-
tries in the matrix, and b € RYV*N*V*N ig 4 learnable ma-
trix for learning the adaptive inter-joint dynamic weights.
W will be multiplied element-wisely with the attention map
Gmap Obtained by the self-attention calculation, as:

Amap = Tanh(QKT /\/d x a),

Ascore = Amap * VV?

“

where (), K are the query and key vector in the self-attention
calculation, which performs a 1 x 1 convolution operation on
the input. dj, represents the dimension of K, « is a learnable
parameter that assigns adaptive weights to different heads,
ascore 1S the final weighted attention score. In the forward
propagation, the STDA output is obtained by a FFN struc-
ture and a residual structure via Eq. (5).

STDA(H') = 0(FFN (aseore H) + res(H'),  (5)

where H! is the input feature of the Ith block. o is a acti-
vation function, we use the Leaky ReL.U function here. The
FFN structure contains a 1 X kg convolution operation and
a Batch Normalization (BN) operation. The res represents
the residual operation and consists of a 1 x 1 convolution
operation and a BN operation.

TCN Module. For convenience of understanding, we
name the sequential aggregation module as TCN, which
aims to aggregate features of the joint trajectories and con-
sists of a k; x 1 convolution operation and a BN operation.
The input H;, € RE*T/NxV*N jg reshaped to the output
Hyy € REXTXV during this process, where C; denotes the
output channel number of the /th block. The residual oper-
ation res is utilized in both the input and output stages, as
shown in Fig. 2.

Koopman Operator

The Koopman operator is a linear operator that describes a
nonlinear dynamical system by mapping it into an infinite-
dimensional Hilbert space. This mapping allows the sys-
tem’s evolution to be depicted in a linear space, which can be
easier to analyze than the original nonlinear space (Proctor,
Brunton, and Kutz 2018).

In deep learning, the Koopman operator can be utilized
to extract evolution features of nonlinear dynamical sys-
tems for enhancing classification performance. In this study,
we establish the temporal evolution function (for illustrative
purposes, we take the temporal connection as an example)
f () for the JT-GraphFormer’s output feature H across dis-
tinct frames to relate the feature h; at the ¢th frame to the
feature h;1 1 at the next frame step, i.e., hyr1 = f(hy).
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Figure 2: JT-GraphFormer architecture. The model is com-
posed of an encoder and a classifier. The encoder with the
STDA module captures context-dependent spatio-temporal
joint topology to better represent action. The STDA and
TCN modules form a JT-GraphFormer block for feature ex-
traction.

We define the Koopman operator K, as a Nejs X Coyz X
Cout linear operator, where N5 denotes the number of ac-
tion categories, and C,,,; denotes the output channel amount
of the last JT-GraphFormer block. K, applies a linear ap-
proach to approximate the interrelations among various cat-
egories of action features in the temporal dimension, satis-
fying Eq. (6).

hit1 =~ Kopht (6)

Since we establish the linear correlations at different
frame steps, it is possible to approximate the representation
of any continuous frame segment feature HY, which denotes
the feature segment from the xth frame to the yth frame.
Thus the features H; ' can be represented as:

H{ "~ [hy, Kophy, K2, by, -+ KL72h] (D)
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According to Eq. (6), it can be deduced that:

HY\ ~ K,H ! 8)
We adopt the DMD algorithm (Kutz et al. 2015) and mini-
mize the Frobenius norm of || H] — K,,H{ ~*|2 to update
the K,,. Since K, denotes the feature evolution of various
action categories, we can average the K, in the temporal di-
mension to get the probability distribution of each category
and finally complete the classification, as shown in Fig. 2.

Four-stream Ensemble

Previous studies demonstrate that simultaneously using dif-
ferent streams can significantly enhance the performance of
human action recognition (Shi et al. 2019b,a). Therefore,
we evaluate the performance of the trained models utiliz-
ing streams for joint, bone, joint motion, and bone motion.
The bone stream utilizes bone modality as input data, pro-
posed by (Shi et al. 2019b). The joint motion and the bone
motion streams align with the method presented in (Shi et al.
2019a). The ultimate result is calculated through a weighted
average of the models’ inference outputs.

Experiments

To demonstrate the advantages of the proposed JT-
GraphFormer, we conducted comprehensive experiments on
the NTU-60, NTU-120 and N-UCLA datasets. Furthermore,
we performed a comparative analysis with current SOTA
models and detailed ablation studies to explore the perfor-
mance of the proposed modules under various conditions.

Datasets

NTU RGB+D (NTU-60) contains 56880 skeleton action se-
quences in 60 classes (Shahroudy et al. 2016). Each sample
contains one action, and each action is performed by up to
two subjects and captured by three cameras from different
views. The dataset is divided into two test benchmarks based
on different subjects and different views, i.e., cross-subject
(XSub) and cross-view (XView).

NTU RGB+D 120 (NTU-120) extends NTU RGB+D with
114480 samples in 120 classes (Liu et al. 2019). The dataset
was also taken by three cameras and contains 32 settings,
each indicating a specific location and background. The
dataset is divided into two benchmarks based on parity
across subjects and sample IDs, i.e., cross-subject (XSub)
and cross-setup (XSet).

Northwestern-UCLA (N-UCLA) contains 1494 video
clips in 10 classes. Each action is performed by 10 subjects
and captured through three cameras with different camera
views. The same evaluation protocol in (Wang et al. 2014)
is adopted.

Experimental Setting

All experiments are performed on 2 GTX 3090 GPUs. The
skeleton sequences processed as in (Chen et al. 2021a) are
resized to 120, 120, 56 frames for NTU-60, NTU-120, and
N-UCLA, respectively. No other data processing or augmen-
tation is applied for fair comparisons. Our model is trained
utilizing a stochastic gradient descent (SGD) optimizer with
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frame count N Top-1 Accuracy (%)

1 (baseline) 87.4
2 89.4 (12.0)
4 90.0 (12.6)
6 90.4 (13.0)
8 89.7 (12.3)
fusion (2,4,6,8) 91.7 (14.3)

Table 1: Top-1 accuracy using joint input modality with dif-
ferent frame count NV on the NTU-60 dataset under the x-sub
setting. The JTG is configured to be dynamic and inter-layer
weight-sharing without normalization.

a Nesterov momentum of 0.9, and the weight decay is set
to 0.0005. The Cross-entropy is taken as the loss function.
The training epoch is set to 110 for NTU-60 & 120, and to
30 for N-UCLA. The initial learning rate is 0.1, and a warm
up strategy is employed in the first 5 epochs for more stable
learning (He et al. 2016). For the NTU-60, NTU-120, and
N-UCLA datasets, the learning rate is decayed at epochs on
[60, 80, 100], [60, 80, 100], [15], and the batch size is set
to 64, 64 and 16, respectively. The JT-GraphFormer block
amount is set to 8, and the output channel amounts are [64,
64, 64, 128, 128, 256, 256, 256]. The dimensions dg, dy, d.,
in each layer are set to 0.25 x C,,,,;. Convolution kernels k;,
ks are set to [3, 5]. The shape of K, is [Ny, 256, 256],
where N.;; denotes the number of categories in the dataset.

Ablation Studies

To analyze the impact of the different components of the
proposed JT-GraphFormer, we examine the performance of
our model under different configurations and conditions.

Number of Frames in JTG. Different number of frames
in JTG means different sequence and information densities
in the temporal dimension, which can affect the effective-
ness of STDA and TCN modules. In this regard, we exper-
imentally analyze the effect of the different frame count [V
to the accuracy. We also explore the performance of fusing
models with multiple frame counts. The comparison results
are shown in Table 1, with the best performance marked in
bold.

It can be observed that at the frame count 6, the accuracy
of the model on the NTU-60 dataset under the X-Sub set-
ting increases by margins of 3.0% compared to the baseline
model, and 0.7% compared to the frame count 8. This phe-
nomenon is consistent with intuitive expectations. In scenar-
ios with excessively simplistic spatio-temporal structures,
the model struggles to capture intricate spatio-temporal fea-
tures. Conversely, within complex spatio-temporal graph
structures, the spatio-temporal correlation of actions tends
to diminish, thereby affecting the extraction of effective fea-
tures.

The model with fusion of different frame count can com-
pensate for the need of different actions for the number of
adapted frames to some extent, which shows a performance
improvement of 1.3% compared to the frame count 6 and
4.3% compared to the baseline.
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method dynamic normalized shared Acc. (%)

baseline 89.8
M, v 89.7
Moy v 90.0
M3 v v 90.0
My v v 90.4
M v v v 89.8

Table 2: Ablation study of Top-1 accuracy (%) using the JTG
with different settings, where baseline represents the method
that does not apply these settings.

Dynamic and Weight-sharing. We investigated the per-
formance differences between the static and dynamic con-
figuration of the JTG structure, as well as whether inter-
layer weight-sharing is employed. Additionally, an explo-
ration was conducted on whether JTG should be normalized.
It is worth noting that the parameters of the static JTG are
fixed, hence the issue of inter-layer weight-sharing does not
require consideration.

We conducted tests employing solely the joint modality
on the NTU-60 dataset under the X-Sub setting, utilizing
the JTG with 6 frames as input data, and the results are pre-
sented in Table 2.

Experiments demonstrate that the dynamic configuration
of the JTG has superior expressive power, particularly when
a layer-sharing structure is employed without normalization.
We conduct the following analysis.

Firstly, the spatial distances between nodes in a JTG
frame are theoretically not uniformly distributed, neither are
the distances along the temporal dimension. Thus, the dy-
namic structure enables the precise modeling of such dis-
tances, enhancing the model’s expressive capabilities.

Secondly, the improved performance of the layer-sharing
dynamic configuration demonstrates the capability of the
JTG in global spatio-temporal modeling, which reduces the
number of parameters and training costs.

Finally, normalization typically align the variation mag-
nitude of features and improves the optimization conditions.
However, in JTG, the difference in the variation magnitude
of distance is not significant, thus the advantage of normal-
ization is quite slight. Furthermore, normalization narrows
the variation range of distances, which leads to averaging of
weights and affects the performance negatively.

Koopman Operator. To capture more trajectory informa-
tion and dynamic correlation, the Koopman operator is ap-
plied in this work. We explored the performance differences
between methods using the Koopman operator and those us-
ing global average pooling and fully connected (FC). The re-
sults are shown in Table 3, where the Temporal (or Spatial)
K, denotes global linearization in the temporal (or spatial)
dimension of the features.

In this experiment, we utilize four different modalities of
skeleton sequences, i.e., joint, bone, joint motion, and bone
motion, as input data respectively. The frame count of the
JTG is set to 6.

The result indicates that employing the Koopman opera-
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modality FC  Temporal K,, Spatial K,
Joint 90.4 90.5 90.3
Bone 88.9 89.5 89.5

Joint motion 87.9 87.9 88.4
Bone motion 86.9 87.2 87.3

Table 3: Top-1 accuracy (%) using the Koopman operator
and fully connected methods on the NTU-60 dataset under
the X-Sub setting of using various data modalities.

modality NTU-60 . NTU-120

X-Sub X-View X-Sub X-Set

Joint 91.8 96.8 87.6 89.6
Bone 91.2 96.4 87.4 89.6
Joint motion 90.2 95.0 84.7 86.7
Bone motion 90.0 94.1 84.6 86.1
Joint+Bone 92.5 97.1 89.0 91.0
4 ensemble 934 97.5 89.9 91.7

Table 4: Top-1 accuracy (%) of the methods using various
data modalities on the NTU-60 and NTU-120 datasets.

tor in JT-GraphFormer yields superior results compared to
utilizing FC in all the input modalities. It is worth noting
that motion modalities encompass information describing
variations in joint coordinates or bone vectors. The spatial
linearization process of this information involves using the
variation trend of the joint to infer its spatial relationship,
i.e., to deduce the change of other joints, while its tempo-
ral linearization process can be regarded as the evolution of
the variation amount. The latter approach is more abstract,
which may lose some important dynamic information and
may require more complex feature processing methods or
more training samples. Therefore, the Spatial K, method is
advantageous in capturing the associations of the trajectories
and exhibits superior performance for the motion modalities
1nput.

Four-stream Ensemble. We utilize four-stream ensemble
method to represent the performance of the trained models,
namely joint, bone, joint motion, and bone motion. Each
stream and the ensemble methods are tested on the NTU-
60 and NTU-120 datasets via the proposed JT-GraphFormer.
The results are shown in Table 4.

We observe that the performance of the model gradually
improves as the stream number of the ensemble method in-
creases. On the NTU-60 dataset under the X-Sub setting, the
accuracy of joint + bone and four-stream ensemble methods
increases by margins of 0.7% and 1.6%, respectively, com-
pared with the accuracy of using the joint only modality. It
fully demonstrates that the multi-modal representation in-
creases the variety of input features, and improves the repre-
sentational and the generalization ability of the model.

Comparison with the State-of-the-art Methods

We evaluate the proposed JT-GraphFormer on three popular
benchmarks and compare the performance with recent pre-
vailing approaches. Table 5 shows that the JT-GraphFormer
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NTU-60 NTU-120
Method Year X-Sub  X-View X-Sub X-Set NUCLA
ST-GCN (Yan, Xiong, and Lin 2018) AAAI 2018 81.5 88.3 - - -
2s-AGCN (Shi et al. 2019b) CVPR 2019 88.5 95.1 82.9 84.9 -
DGNN (Shi et al. 2019a) CVPR 2019 89.9 96.1 - - -
Dynamic-GCN (Ye et al. 2020) ACM MM 2020 91.5 96.0 87.3 88.6 -
SGN (Zhang et al. 2020) CVPR 2020 89.0 94.5 79.2 81.5 92.5
DDGCN (Korban and Li 2020) ECCV 2020 91.1 97.1 - - -
DC-GCN+ADG (Cheng et al. 2020) ECCV 2020 90.8 96.6 86.5 88.1 -
MS-G3D (Liu et al. 2020) CVPR 2020 91.5 96.2 86.9 88.4 -
MST-GCN (Chen et al. 2021b) AAAT 2021 91.5 96.6 87.5 88.8 -
CTR-GCN (Yan, Xiong, and Lin 2018) ICCV 2021 92.4 96.8 88.9 90.6 96.5
InfoGCN (4s) (Chi et al. 2022) CVPR 2022 92.7 96.9 89.4 90.7 96.6
InfoGCN (6s) (Chi et al. 2022) CVPR 2022 93.0 97.1 89.8 91.2 97.0
STF (2s) (Ke, Peng, and Lyu 2022) AAAI 2022 92.5 96.9 88.9 89.9 -
Ta-CNN (4s) (Xu et al. 2022) AAAI 2022 90.4 94.8 854 86.8 96.1
EffificientGCN (3s) (Song et al. 2022) TPAMI22 91.7 95.7 88.3 89.1 -
CTR-GCN+FR (4s) (Zhou, Liu, and Wang 2023) CVPR 2023 92.8 96.8 89.5 90.9 96.8
Ours(Joint only) - 91.8 96.8 87.6 89.6 95.5
Ours(2s) - 92.5 97.1 89.0 91.0 96.6
Ours(4s) - 934 97.5 89.9 91.7 97.2

Table 5: Performance comparison between JT-GraphFormer and prevailing SOTA methods in skeleton-based human action
recognition tasks on the NTU-60, NTU-120, and N-UCLA datasets. For clarity, we provide multi-stream descriptions for the

models published between 2022 and 2023.

surpasses the listed methods under all settings with equiv-
alent streams, even in several cases where fewer streams
are applied. By utilizing the joint only modality, the JT-
GraphFormer already surpasses the majority of models on
the NTU-60 dataset under the X-View setting. When ex-
cluding the joint motion and bone motion streams, the JT-
GraphFormer outperforms the STF (2s) (Ke, Peng, and Lyu
2022) by a margin of 0.1% on the NTU-120 dataset un-
der both the X-Sub and X-Set settings. On the N-UCLA,
the accuracy of the JT-GraphFormer (4s) shows a margin
of 0.4% improvement compared to the CTR-GCN+FR (4s)
(Chen et al. 2021a; Zhou, Liu, and Wang 2023). Further-
more, despite employing four streams, the JT-GraphFormer
(4s) outperforms the InfoGCN (6s) (Chi et al. 2022) by a
margin of 0.4% on the NTU-60 dataset in both the X-Sub
and X-View configurations. To the best of our knowledge,
our model attains superior performances compared with the
SOTA methods on the three listed datasets.

Limitations

Despite JT-GraphFormer’s advanced performance on the
NTU-60, NTU-120, and N-UCLA datasets, testing it on
Kinetics-400 (Kay et al. 2017) will be challenging due to
its large parameter count when using K, (14.54M parame-
ters for NTU-120). Additionally, JT-GraphFormer only con-
siders integrating four streams and lacks exploration of us-
ing more streams fusions to fully exploit its potential. Fur-
thermore, JT-GraphFormer is limited to processing struc-
tured data sequences, such as the motion of regular objects.
Finally, the use of unlabeled data in JT-GraphFormer is a
promising area of future work. In future work, it is suggested
and encouraged to explore its methods and potential in un-
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supervised mode.

Conclusions

In this endeavor, we present a JT-GraphFormer model based
on a joint trajectory topology structure. By constructing the
JTG, our model effectively captures the semantic informa-
tion of the input joint trajectory data, enhancing the Trans-
former’s capability. The proposal and use of STDA, which
incorporates intra-graph distances of joints within a JTG,
empower each node to discerningly allocate attention. Fur-
thermore, our incorporation of the Koopman operator lin-
earizes the extracted features in either the temporal or the
spatial dimension, which effectively captures dynamic shifts
inherent to distinct action categories. This culminates in aug-
mented representational capacity and classification perfor-
mance.

Empirical validations unequivocally accentuate the out-
standing performance of JT-GraphFormer in human action
recognition tasks. Through meticulous comparative analy-
sis and quantitative evaluations across three distinct datasets,
the JT-GraphFormer emerges as a standout contender, firmly
establishing its superiority over prevailing SOTA methods.
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