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Abstract

In recent years, graph convolutional networks (GCNs) have been widely applied to skeleton-based
action recognition. However, existing channel-wise dynamic topology methods typically compress
node features along the temporal dimension before topology generation, which limits the use of fea-
ture variations, motion intensity, and phase evolution for estimating inter-joint relations. Meanwhile,
conventional multi-scale temporal convolutions mainly model temporal dependencies by aggregat-
ing features within local temporal windows, without explicitly characterizing inter-frame variations,
thereby limiting the representation of fine-grained motion dynamics. To address these issues, we
propose STME-GCN, a skeleton-based action recognition network featuring topology feature opti-
mization and temporal motion enhancement. Specifically, the Topology Feature Optimization Module
integrates multi-attribute temporal descriptors, including global state, local motion, and phase evo-
lution, to enrich the node information used for generating channel-specific topologies. The Temporal
Motion Enhancement Module introduces a pose–motion collaborative branch alongside the multi-scale
temporal pathway to jointly extract pose features and explicit motion features, thereby enhancing
the representation of local temporal dynamics. Experimental results demonstrate that, with relatively
few parameters, STME-GCN achieves competitive recognition accuracy on NTU RGB+D 60, NTU
RGB+D 120, and NW-UCLA, providing a favorable balance between model efficiency and recognition
performance.

Keywords: skeleton-based action recognition; graph convolutional networks; motion enhancement; dynamic
topology

1 Introduction

Action recognition aims to determine action cat-
egories from videos or motion sequences and
has important applications in video surveillance,

human–computer interaction, medical rehabilita-
tion, and sports analysis. RGB-based methods
can fully exploit appearance, texture, and scene
information, but their recognition performance
is susceptible to changes in illumination, back-
ground, viewpoint, and occlusion. In contrast,
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human skeleton data describe body motion using
joint coordinates and their connectivity, providing
low-dimensional representations with clear seman-
tic structures [1]. Early skeleton-based meth-
ods mainly employed recurrent neural networks
(RNNs) or convolutional neural networks (CNNs)
to process skeleton sequences, making it difficult
to explicitly model the inherent non-Euclidean
structure among human joints [1, 2]. ST-GCN first
represented human skeletons as spatio-temporal
graphs and jointly extracted action features
through spatial graph convolution and tempo-
ral convolution [2]. Building on this framework,
subsequent studies have continuously improved
skeleton representations through adaptive topol-
ogy learning [3, 4], channel-wise relation model-
ing [5], and multi-scale spatio-temporal feature
extraction [6]. In particular, CTR-GCN generates
channel-specific relation refinement terms accord-
ing to pairwise node feature differences, allowing
different feature channels to adopt distinct infor-
mation propagation patterns [5]. Nevertheless,
effectively exploiting the temporal evolution infor-
mation contained in action sequences to further
improve inter-joint relation modeling and tempo-
ral representations remains an important problem
in skeleton-based action recognition.

Despite the favorable performance achieved by
existing methods, limitations remain in topology
generation and local motion modeling. Channel-
wise dynamic topology methods commonly aggre-
gate node features along the temporal dimen-
sion and then calculate inter-joint correlations
from the compressed representations [5]. Although
this strategy provides efficient topology infer-
ence,temporal averaging mainly describes the
overall state of an action sequence and can-
not sufficiently preserve feature fluctuations, local
motion variations, or phase evolution. Some meth-
ods retain fine-grained dynamics by explicitly con-
structing time-varying inter-joint relationships [7],
which introduces topology modeling along the
temporal dimension. Therefore, the first prob-
lem addressed in this work is how to enable
channel-wise topology modeling to exploit richer
action-evolution information without explicitly
constructing frame-specific inter-joint relations.

In terms of temporal modeling, multi-scale
temporal modeling can extract action features
over different temporal ranges [6, 8], whereas local
motion variations between adjacent frames are

generally learned only implicitly by the network.
Explicit motion information is usually introduced
through additional input streams, such as joint
motion and bone motion [9], whose correspond-
ing feature extraction networks and classifica-
tion branches further increase model complexity.
Accordingly, the second problem considered in this
work is how to make full use of action evolu-
tion information without constructing frame-wise
dynamic topologies or introducing an independent
motion stream.

To address these problems, we propose STME-
GCN, a skeleton-based action recognition net-
work based on topology feature optimization
and temporal motion enhancement. The Topol-
ogy Feature Optimization (TFO) Module replaces
a single temporal-mean descriptor with multi-
attribute temporal descriptors, thereby provid-
ing more informative temporal cues for inter-
joint relation estimation. The Temporal Motion
Enhancement (TME) Module strengthens fine-
grained dynamic features by explicitly modeling
motion variations. The main contributions of this
work are summarized as follows:

1. We propose a channel-wise Topology Fea-
ture Optimization Module that encodes the
global state, local motion responses, and phase
evolution information of joint sequences into
node-level temporal representations. Input-
dependent channel-wise topology refinement
terms are then generated from the representa-
tion differences between nodes, mitigating the
loss of temporal-evolution information caused
by reliance on a single temporal-mean descrip-
tor.

2. We propose a Temporal Motion Enhancement
Module that constructs a pose–motion collabo-
rative pathway in addition to multi-scale tem-
poral convolution. First-order inter-frame dif-
ferences of shallow-layer features are employed
to explicitly emphasize local motion variations
and are fused with the base temporal features
in a learnable residual manner, without intro-
ducing an independent motion input stream or
an additional classification branch.

3. We validate the effectiveness of the pro-
posed method on the NTU RGB+D 60, NTU
RGB+D 120, and NW-UCLA datasets. Exper-
imental results demonstrate that temporal-
evolution-driven topology optimization and
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shallow-layer motion enhancement are comple-
mentary. The complete model achieves compet-
itive recognition performance while maintain-
ing a relatively small number of parameters and
low computational cost.

2 Related Work

2.1 Dynamic Topology Modeling

ST-GCN constructs a fixed adjacency matrix
according to the natural connections of the human
skeleton and aggregates features from neighbor-
ing joints through graph convolution [2]. Since a
fixed topology has limited flexibility in modeling
non-physical joint dependencies across different
actions, 2s-AGCN further introduces learnable
adjacency matrices and sample-dependent rela-
tions, enabling information propagation among
joints to adapt to the input features [3]. Sub-
sequent studies have improved the represen-
tational capacity of graph topology through
graph-structure decomposition [6], hierarchical
organization [10], and channel-wise differentia-
tion [5]. CTR-GCN generates channel-specific
inter-joint relations according to pairwise node
feature differences, allowing different feature chan-
nels to learn distinct information propagation
patterns [5]. BlockGCN and DS-GCN further
extend the representation of inter-joint relations
through decoupled graph structures and reorga-
nized topology units, respectively [11, 12].More
recent studies have further explored adaptive
and dynamic topology modeling through multi-
dimensional graph construction [13], adaptive
large-kernel graph modeling [8], dynamic topol-
ogy with multi-scale temporal modeling [14], and
topology-enhanced spatio-temporal graph convo-
lution [15].

2.2 Temporal Modeling and Motion
Representation

Temporal convolution is widely used for tem-
poral feature extraction in GCN-based skele-
ton action recognition. Early methods employed
temporal convolution kernels with fixed recep-
tive fields to aggregate features from neighbor-
ing frames [2].Subsequently, multi-scale temporal

modeling has been introduced to enlarge the tem-
poral receptive field and capture action informa-
tion over different temporal ranges [6, 8]. Recent
studies have further explored Transformer-based
and state-space architectures to model long-range
spatio-temporal dependencies [16, 17]. However,
these temporal modeling approaches generally
extract motion dynamics from continuous fea-
ture sequences, without explicitly introducing
local inter-frame differences into temporal feature
extraction.

To explicitly incorporate action variations,
existing studies construct inter-frame joint or bone
differences as independent motion modalities and
employ multi-stream networks for feature extrac-
tion and decision-level fusion [9]. Although these
approaches provide complementary motion cues,
they generally require additional input branches
and classifiers.

3 Proposed Method

STME-GCN consists of a Topology Feature
Optimization Module and a Temporal Motion
Enhancement Module. The former provides more
informative node representations for channel-
specific topology generation through multi-
attribute temporal descriptors, whereas the lat-
ter enhances shallow-layer local dynamic features
through a pose–motion collaborative pathway.
The following subsections introduce the two mod-
ules and describe how they are deployed within
the overall network.

3.1 Overall Architecture

The proposed STME-GCN integrates the Topol-
ogy Feature Optimization Module and the Tem-
poral Motion Enhancement Module into a spatio-
temporal graph convolutional backbone. The over-
all architecture is illustrated in Fig. 1.

The input skeleton sequence is denoted as
X0 ∈ R

B×C×T×N×M , where M denotes the
number of persons in each sequence. After data
normalization and dimension rearrangement, the
person dimension is merged into the batch dimen-
sion before the features are fed into the subsequent
network. The backbone of STME-GCN consists
of ten basic units and is divided into three stages
according to the number of output channels. The
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Fig. 1 Overall architecture of STME-GCN, with TFO used for topology modeling in all blocks and TME applied only to
the four shallow blocks

first four units have 64 output channels, the mid-
dle three units have 128 channels, and the last
three units have 256 channels. Each basic unit
sequentially performs spatial graph feature aggre-
gation and temporal feature extraction, followed
by a residual connection. The Topology Feature
Optimization Module is used in all ten basic units
for channel-wise topology refinement at differ-
ent network depths. In contrast, the Temporal
Motion Enhancement Module is deployed only in
the first four shallow units, where local motion
variations are still relatively explicit. The subse-
quent layers continue temporal feature extraction
using the base multi-scale temporal convolution,
thereby avoiding excessive enhancement of local
inter-frame variations in deep semantic features.
After multi-layer spatio-temporal feature extrac-
tion, global average pooling is applied to obtain
action-level representations, which are then fed
into a fully connected layer for final category pre-
diction. In this way, the Topology Feature Opti-
mization Module improves spatial relation mod-
eling, while the Temporal Motion Enhancement
Module supplements shallow-layer local dynamic
information. Together, they constitute the spatio-
temporal feature extraction framework of STME-
GCN.

3.2 Topology Feature Optimization
(TFO) Module

Existing channel-specific dynamic topology meth-
ods typically aggregate node features along the
temporal dimension before computing inter-joint
relations from the compressed representations [5].
Although efficient, a single temporal mean mainly
reflects the overall sequence state and may sup-
press local motion variations and phase-wise evo-
lution. Temporal frame-wise topology methods
explicitly construct inter-joint relations at differ-
ent temporal positions to preserve fine-grained
dynamic information [7], but require inter-joint

relations to be modeled across temporal positions,
increasing the computational cost of topology gen-
eration. To address this trade-off, TFO retains the
channel-specific topology computation paradigm
while replacing the single temporal-mean repre-
sentation with multi-attribute temporal descrip-
tors that encode global state, local motion, and
phase evolution. These descriptors provide richer
temporal cues for inter-joint relation generation
without explicitly constructing frame-wise pair-
wise relations. The structure of TFO is shown in
Fig. 2.

Given an input feature X ∈ R
B×C×T×N ,

where B, C, T , and N denote the batch size,
number of channels, number of frames, and num-
ber of joints, respectively, three independent 1×1
convolutions are applied to obtain

(Pk, Qk, Hk) = Φk(X), (1)

where Φk(·) denotes three independent channel
projections for the k-th subgraph. Here, Pk, Qk ∈
R

B×Cr×T×N are used for pairwise relation mod-
eling, while Hk ∈ R

B×Cout×T×N is used for
subsequent feature aggregation. Subsequently, for
each relation projection feature F ∈ {Pk, Qk},
three types of temporal information are extracted
along the temporal dimension, namely the global
state, local motion, and phase evolution. Their
specific definitions are given as follows.

Ωs denotes the set of frames corresponding
to the s-th temporal phase, where s ∈ {1, 2, 3}.
The phase differences are calculated between the
early and middle phases, the middle and late
phases, and the early and late phases, respectively.
The global-state descriptor characterizes the over-
all feature state and sequence-level variation, the
local-motion descriptor captures the intensity of
short-term inter-frame changes, and the phase-
evolution descriptor characterizes state transitions
across different temporal phases of an action.
After concatenating the three types of descriptors
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Fig. 2 Architecture of the Topology Feature Optimization (TFO) module, where multi-attribute temporal descriptors
replace the single temporal-mean representation for channel-wise topology refinement

Table 1 Definitions and roles of the multi-attribute temporal descriptors in TFO

Temporal

Information
Mathematical Definition Function

Global State
µ(F ) =

1

T

T
∑

t=1

Ft,

σ(F ) =

⌜

⃓

⃓

⎷

1

T

T
∑

t=1

(Ft − µ(F ))2 + ε

Describes the average feature
state and degree of fluctuation
over the entire sequence

Local Motion

∆Ft = Ft − Ft−1, t = 2, . . . , T,

Mavg(F ) =
1

T − 1

T
∑

t=2

|∆Ft|,

Mmax(F ) = max
2≤t≤T

|∆Ft|

Captures the average intensity
and salient variations of
short-term motion

Phase

Evolution

ps(F ) =
1

|Ωs|

∑

t∈Ωs

Ft, s ∈ {1, 2, 3},

d21 = p2(F )− p1(F ),

d32 = p3(F )− p2(F ),

d31 = p3(F )− p1(F )

Characterizes feature-state
differences and evolution across
different action phases

along the channel dimension, a 1 × 1 convolu-
tion followed by batch normalization and ReLU
is applied to remap them into the Cr-dimensional
relation space, yielding the node-level temporal
representations P̂k and Q̂k.

After obtaining the node-level temporal repre-
sentations, the relations between source and target
nodes are computed through pairwise broadcast
subtraction. For nodes u and v, the relation
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feature is defined as

Rk,b,c,u,v = tanh
(
P̂k,b,c,u − Q̂k,b,c,v

)
, (2)

where Rk ∈ R
B×Cr×N×N . This operation

generates input-dependent pairwise node rela-
tions according to the representation differences
between nodes in terms of global state, local
motion, and phase evolution. Subsequently, a
channel mapping function gk(·) projects the rela-
tion features into the output channel space and
fuses them with the k-th base sub-topology Ak:

Ãk = Ak + αkgk(Rk), (3)

where αk is a learnable scaling coefficient that
controls the influence of the input-dependent rela-
tions on the base topology. The updated topology
Ãk is then used to aggregate the node features
Hk. The aggregation results from the three sub-
topology branches are summed and subsequently
processed by batch normalization and a resid-
ual connection to obtain the module output. In
this way, multi-attribute temporal information
directly participates in the generation of channel-
specific topologies without explicitly constructing
pairwise node relations at every temporal step,
thereby providing richer temporal cues for topol-
ogy generation while maintaining relatively low
computational complexity.

3.3 Temporal Motion Enhancement
(TME) Module

Conventional multi-scale temporal convolution
aggregates consecutive-frame features using differ-
ent temporal receptive fields and can effectively
capture multi-scale temporal information [6, 8].
However, local variations between adjacent frames
are still mainly learned implicitly by the network.
Such short-term dynamics provide important dis-
criminative cues for actions with similar poses
but different motion processes. Therefore, we
design a Temporal Motion Enhancement Module
that introduces a pose–motion collaborative path-
way alongside the multi-scale temporal pathway,
explicitly incorporating inter-frame variations into
shallow-layer temporal feature extraction. The
module structure is illustrated in Fig. 3.

Given the output of spatial graph convolution,
Y ∈ R

B×Cin×T×N , the base temporal pathway

consists of four parallel branches. Two tempo-
ral convolution branches use dilation rates of 1
and 2, respectively, to extract local features over
different temporal ranges. A max-pooling branch
supplements locally salient responses, while a 1×1
projection branch preserves the original feature
information. After channel mapping, the outputs
of all branches are concatenated along the channel
dimension to form the base multi-scale temporal
feature Fbase.

On this basis, the pose–motion collaborative
pathway explicitly extracts variations between
adjacent frames. For the input feature Y , the
signed first-order difference is defined as

∆Yt =

{
0, t = 1,

Yt − Yt−1, 2 ≤ t ≤ T,
(4)

where ∆Y preserves both the direction and magni-
tude of feature changes between adjacent frames.
Subsequently, the original pose feature Y and the
motion feature ∆Y are separately processed by
depthwise temporal convolutions to extract local
pose variations and motion responses. The two
feature streams are then concatenated along the
channel dimension, followed by a pointwise con-
volution for feature interaction and channel map-
ping, yielding the pose–motion fused feature Fm.
Compared with relying solely on continuous pose
features, this pathway directly takes inter-frame
variations as input, enabling shallow network lay-
ers to exploit local dynamic information more
effectively.

Finally, the pose–motion feature is fused with
the base multi-scale temporal feature through a
learnable residual formulation:

Ytem = Fbase + αFm, (5)

where α is a learnable scaling coefficient initialized
to zero. At the beginning of training, the mod-
ule mainly preserves the feature propagation of
the base temporal pathway. As training proceeds,
the model can adaptively adjust the contribution
of motion information according to the recogni-
tion objective. Since shallow features retain clearer
motion semantics than deep high-level seman-
tic features, the Temporal Motion Enhancement
Module is deployed only in shallow network layers
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Fig. 3 Architecture of the Temporal Motion Enhancement (TME) module, which reformulates the shallow temporal block
by combining the base multi-scale pathway with explicit inter-frame motion modeling

to avoid excessive amplification of local variations
in deeper representations.

4 Experiments and Results

4.1 Datasets and Implementation
Details

Experiments were conducted on three skeleton-
based action recognition datasets: NTU RGB+D
60 [18], NTU RGB+D 120 [19], and NW-
UCLA [20]. NTU RGB+D 60 contains 56,880
skeleton sequences covering 60 action classes per-
formed by 40 subjects. Each skeleton consists of
25 joints, and the dataset is evaluated under the
cross-subject (X-Sub) and cross-view (X-View)
protocols. NTU RGB+D 120 further expands the
dataset to 114,480 sequences, 120 action classes,
and 106 subjects, and adopts the cross-subject
(X-Sub) and cross-setup (X-Set) evaluation pro-
tocols. NW-UCLA contains 1,494 sequences from
10 action classes captured from three viewpoints,
with each skeleton consisting of 20 joints. Follow-
ing the standard cross-view protocol, samples from
the first two viewpoints are used for training, while
those from the third viewpoint are used for testing.

The model was implemented in PyTorch and
trained using stochastic gradient descent. The
momentum, weight decay, and initial learning rate
were set to 0.9, 0.0004, and 0.1, respectively,

with linear warm-up applied during the first five
epochs. For NTU RGB+D 60 and NTU RGB+D
120, the batch size was set to 128, and the mod-
els were trained for 120 epochs. The learning rate
was reduced by a factor of 0.1 at epochs 60, 90,
and 110. For NW-UCLA, the batch size was set to
16, and the models were trained for 100 epochs,
with the learning rate adjusted at epochs 50,
70, and 85. Joint-stream and bone-stream mod-
els were trained separately, and their prediction
scores were fused at the decision level to obtain
the two-stream results. Top-1 accuracy was used
as the evaluation metric in all experiments.

4.2 Comparison with Existing
Methods

To evaluate the overall performance of STME-
GCN, comparisons were conducted with repre-
sentative methods on NTU RGB+D 60, NTU
RGB+D 120, and NW-UCLA. The top-1 accura-
cies of the joint stream, bone stream, and two-
stream fusion are reported in Tables 2–3. Results
for the competing methods were collected from the
original publications, the public benchmarks pro-
vided by PYSKL [21], or the retrained baseline
results reported in SkeletonGCL [26]. On NTU
RGB+D 60, STME-GCN achieves 90.7% accuracy
with the joint stream under the X-Sub proto-
col, while the two-stream model reaches 92.6%
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Table 2 Comparison of Top-1 accuracy (%) with representative methods on NTU RGB+D 60 and NTU RGB+D 120

Method
NTU RGB+D 60 (X-Sub) NTU RGB+D 60 (X-View) NTU RGB+D 120 (X-Sub) NTU RGB+D 120 (X-Set)

Joint Bone 2s Joint Bone 2s Joint Bone 2s Joint Bone 2s

ST-GCN† [2] 87.8 88.6 90.0 95.5 95.0 96.2 82.1 83.7 85.6 84.5 85.8 87.5

AAGCN† [9] 89.0 89.2 90.8 95.7 95.2 96.4 82.8 84.7 86.3 84.8 86.2 88.1

2s-AGCN∗ [3] 88.9 89.2 91.0 94.5 94.1 95.7 84.0 85.1 87.8 85.3 86.3 89.0

CTR-GCN† [5] 89.6 90.0 91.5 95.6 95.4 96.6 84.0 85.9 87.5 85.9 87.4 89.2

MS-G3D† [6] 89.6 89.3 91.0 95.9 95.0 96.4 84.0 85.3 86.9 86.0 87.3 88.9

STGCN++† [21] 89.3 90.1 91.4 95.6 95.5 96.7 83.2 85.6 87.0 85.6 87.5 89.1

H2GCN [22] – – 92.2 – – 96.1 – – 86.9 – – 88.9

DPGCN [23] 90.1 90.4 91.9 – – 96.5 – – 87.5 – – 89.3

AT-Shift-GCN [24] – – 91.2 – – 96.8 – – 86.8 – – 88.2

STME-GCN 90.7 90.6 92.6 96.0 95.3 96.9 85.5 85.9 88.4 87.2 87.3 90.0

Note: Joint and Bone denote the joint and bone streams, respectively; 2s denotes two-stream fusion. “–” indicates that the
corresponding result was not reported. † denotes results obtained from the public benchmarks provided by PYSKL [21]; ∗ denotes
results reported in SkeletonGCL [26], where the corresponding models were retrained using their officially released code.

Table 3 Comparison of Top-1 accuracy
(%) with representative methods on
NW-UCLA

Method
NW-UCLA

Joint Bone 2s

AT-Shift-GCN [24] 93.4 – 94.8

Shift-GCN [25] 92.5 – 94.2

2s-AGCN∗ [3] 92.0 92.2 95.0

CTR-GCN∗ [5] 94.6 91.8 94.2

STME-GCN 94.3 93.5 95.3

Note:
∗ denotes retrained results reported in

SkeletonGCL [26], as defined in Table 2.

and 96.9% under X-Sub and X-View, respectively.
The improvement of the joint stream indicates
that the proposed topology refinement and motion
enhancement effectively exploit temporal evolu-
tion and local dynamics. Although the gain of the
bone stream is relatively limited, joint and bone
representations remain complementary, leading
to improved two-stream performance. On NTU
RGB+D 120, the two-stream accuracies reach
88.4% and 90.0% under X-Sub and X-Set, respec-
tively. On NW-UCLA, STME-GCN achieves a
two-stream accuracy of 95.3%. Overall, STME-
GCN maintains competitive performance across
datasets of different scales and evaluation proto-
cols, with consistent advantages in the two-stream
fusion.

4.3 Ablation Studies

To verify the effectiveness of the proposed mod-
ules, joint-stream ablation experiments were con-
ducted on the NTU RGB+D 60 dataset under
the X-Sub protocol, with the results reported in
Table 4.

The baseline model achieves a Top-1 accuracy
of 89.60%. Replacing the baseline topology mod-
eling with TFO increases the accuracy to 89.95%,
while reformulating the shallow temporal mod-
eling with TME improves it to 90.54%. When
both proposed modules are adopted, STME-GCN
achieves 90.73%, outperforming the baseline by
1.13 percentage points.

In terms of model complexity, STME-
GCN contains 1.61 M parameters and requires
2.00 GFLOPs. These results indicate that TFO
and TME improve inter-joint relation modeling
and local temporal dynamics, respectively, while
maintaining relatively low computational com-
plexity. Their joint use yields the best recognition
accuracy, demonstrating the complementarity of
the two designs.

Table 4 Ablation study of TFO and TME on
NTU RGB+D 60 under the X-Sub protocol

Configuration Top-1 (%) Params. (M) GFLOPs

Baseline 89.60 1.45 1.94
TFO variant 89.95 1.58 1.89
TME variant 90.54 1.42 1.99
STME-GCN 90.73 1.61 2.00
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Fig. 4 Visualization of dynamic relation components learned in deep network layers for different representative actions

4.4 Visualization Analysis

To further examine the behavior of the proposed
modules, we conduct visualization analyses from
two complementary perspectives: topology refine-
ment and temporal motion responses. All results
are obtained using the joint-stream model on the
NTU RGB+D 60 dataset.

4.4.1 Analysis of Action-Related
Dynamic Topologies

To examine whether the inter-joint relations
learned by the model are action-dependent, six
representative action classes are selected: “Clap-
ping,” “Phone call,” “Writing,” “Kicking some-
thing,” “Jump up,” and “Wear a shoe.” The
dynamic relation components generated from the
input features in the deep network layers are
visualized in Fig. 4. The horizontal and verti-
cal axes represent the source and target nodes,
respectively. Positive and negative responses indi-
cate that the model strengthens and weakens
the corresponding inter-joint relations in the base
topology, respectively, whereas responses close to

zero indicate only minor relation adjustments.
Different actions exhibit clearly distinct response
magnitudes and distributions of positive and neg-
ative values. The “clapping” action is dominated
by relatively strong positive responses, indicating
that the model strengthens information exchange
among specific joints. The overall responses for
“Phone call” and “Wear a shoe” are close to zero,
with relation adjustments concentrated on only
a few joint pairs. “Writing” and “Kicking some-
thing” mainly exhibit weak negative responses,
whereas “Jump up” shows more pronounced over-
all negative modulation. These differences indicate
that the Topology Feature Optimization Module
does not apply a fixed relation adjustment to
all actions. Instead, it adaptively modulates the
strength of information propagation between dif-
ferent joints according to the input action features.
These results further demonstrate that multi-
attribute temporal information contributes to the
generation of action-related topologies, allowing
deep-layer inter-joint relations to vary with the
action content.
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Fig. 5 Temporal response visualization for ”Clapping”(A10) and ”Rub two hands together”(A34) under different model
configurations. The left and middle columns show the joint–time response heatmaps, while the right column presents the
frame-level response curves aggregated over all joints.

4.4.2 Analysis of Temporal Motion
Responses

To investigate how the Temporal Motion
Enhancement Module affects local dynamic infor-
mation, we select two actions, “clapping” and
“rubbing hands,” and compare their joint–time
responses and frame-level response curves between
the variant without TME, which retains TFO
and uses the baseline shallow temporal block, and
the complete STME-GCN, as shown in Fig. 5.

Both actions mainly involve the bilateral upper
limbs and hand joints and exhibit somewhat sim-
ilar overall poses, but their motion processes
differ substantially. Clapping is characterized by
the periodic approach and separation of the two
hands, whereas rubbing hands primarily consists
of local reciprocating movements while the hands
remain in continuous contact.

Compared with the variant without TME, the
responses for clapping become more concentrated
on the bilateral upper-limb joints and around the
key temporal phases when the hands approach
each other. More pronounced phase-wise fluctu-
ations also appear in the frame-level response
curve. In contrast, the responses for rubbing hands

remain continuously distributed over the princi-
pal moving joints for a longer duration, while
the corresponding curve varies more smoothly.
This pattern is consistent with its relatively small-
amplitude but sustained motion. The distinct
response distributions of the two actions indicate
that the module does not simply increase the
response intensity of all joints or frames. Instead,
it highlights action-relevant joints and temporal
intervals according to the specific motion pattern.

5 Conclusion

This work introduces STME-GCN, which com-
bines temporally enriched channel-wise topol-
ogy learning with explicit shallow-layer motion
modeling for skeleton-based action recognition.
The Topology Feature Optimization (TFO) Mod-
ule incorporates global-state, local-motion, and
phase-evolution cues into topology generation.
The Temporal Motion Enhancement (TME) Mod-
ule introduces inter-frame differences through a
pose–motion collaborative pathway. With two-
stream fusion, STME-GCN achieves top-1 accu-
racies of 92.6%/96.9% on NTU RGB+D 60 (X-
Sub/X-View), 88.4%/90.0% on NTU RGB+D 120
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(X-Sub/X-Set), and 95.3% on NW-UCLA. The
consistent performance across datasets with dif-
ferent scales and evaluation protocols, together
with the low joint-stream complexity, indicates
a favorable balance between recognition accu-
racy and computational efficiency. Together with
the visualization results, the ablation studies sug-
gest that TFO improves action-dependent relation
modeling, whereas TME emphasizes discrimina-
tive joints and temporal intervals. However, fixed
phase partitioning may restrict adaptation to
actions with irregular temporal progression, while
skeleton-only inputs provide limited cues about
interacting objects and fine-grained hand motions.
Future work will explore adaptive temporal mod-
eling and integrate appearance or object semantics
to improve the recognition of complex actions.
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