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Abstract— Most skeleton-based action recognition algorithms
extract spatio-temporal features from skeleton data using
Graph Convolutional Networks (GCNs) and Transformers.
However, typical GCNs use static learnable parameters to
aggregate joint features, which prevents the model from dy-
namically adjusting aggregation weights based on different
motion patterns. Although the Transformer can dynamically
aggregate features by the self-attention mechanism, it has
high computational complexity when processing long sequences.
To address these limitations, we propose DGCMam, a model
fusing distance graph convolution and Mamba for skeleton-
based action recognition. DGCMam uses the Distance Graph
Convolution (DGC) to extract features, where learnable dis-
tance parameters are applied to adjust the aggregation weights
of joints based on spatial distances. Moreover, DGCMam
effectively extracts global spatio-temporal features through the
alternating-direction Mamba (AD-Mamba) structure, achieving
lower computational complexity than bidirectional Mamba and
Transformers for long sequence data. A gated fusion mechanism
is also employed to enhance high-level features by selectively
adding initial features. Experiments on the NTU RGB+D, NTU
RGB+D 120, and NW-UCLA datasets show that DGCMam
achieves the state-of-the-art performance with lower inference
time.

[. INTRODUCTION

Skeleton-based action recognition plays an important role
in many areas, such as accident detection [1], intelligent
surveillance [2], robot navigation [3], and sports analysis [4],
because skeleton data is less sensitive to changes in lighting,
perspective and background compared to images [5].

Graph Convolutional Networks (GCNs) are widely applied
in skeleton-based action recognition algorithms, because the
skeleton sequence data can be represented as a spatio-
temporal graph, where joints are represented as nodes. How-
ever, the typical graph convolution aggregates node features
using static learnable weights regardless of the input features.
For instance, as shown in Fig. 1, the network adds the
same proportion of the right hand’s features to the left hand,
whether the human is putting palms together or waving a
hand, which is unreasonable because the correlation between
the left and right hands is greater in putting palms together
than in waving a hand.

To dynamically aggregate joint features, the Transformer
[6] is applied in some algorithms, where the self-attention
mechanism calculates the correlation between two joint
nodes in the spatio-temporal graph based on their features.
However, the length of the input sequence is the product
of the number of frames and the number of joints, com-
bined with the quadratic computational complexity of the
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Fig. 1. An example of two types of graph convolution. Black lines represent
skeletal structure; the thickness of the red line denotes the magnitude of
hand-head aggregation weight and hand-hand aggregation weight.
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Fig. 2. The top-1 accuracy and inference time of DGCMam and SOTA
algorithms for the X-Sub benchmark.

Transformer, resulting in a high computational effort for this
global attention mechanism.

To address the weakness of static aggregation weights
and high computation effort of global attention, we propose
DGCMam, a model fusing distance graph convolution and
Mamba [7] for skeleton-based action recognition.

As shown in Fig. 2, by using our proposed DGC (Distance
Graph Convolution) operation, AD-Mamba (Alternating-
Direction Mamba) structure, and SGF (Semantic-Guided



Fusion), DGCMam achieves the highest recognition accuracy
and lower inference time compared to the state-of-the-art
(SOTA) algorithms. As shown in Fig. 3, DGC blocks are
first employed to extract initial features from the skeleton
sequence data. Then, AD-Mamba blocks are used to extract
high-level features from the initial features. Finally, the SGF
block is applied to fuse the high-level features with the initial
features.

For the DGC operation, the learnable distance parameters
are applied to adjust the aggregation weights of joints based
on their spatial distances, allowing the model to capture
the relationship between joints dynamically. As shown in
Fig. 1, for the distance graph convolution, the hand-head
aggregation weight increases and the hand-hand aggregation
weight decreases in the ‘phone call’ action, whereas the
hand-hand aggregation weight increases in the ‘put palms
together’ action.

For the AD-Mamba structure, Mamba models perform
forward and backward scans in different layers, achieving
global scanning without increasing the computational effort.
In the SGF block, we weight the initial feature based on
the high-level feature and employ the residual connection,
ensuring that the final feature for classification contains both
global semantics and noteworthy details.

The main contributions of this paper are as follows.

1) We propose DGCMam, a model fusing distance graph
convolution and Mamba for skeleton-based action
recognition. DGCMam fuses high-level features and
initial features by an adaptive gating mechanism,
achieving state-of-the-art performance with low infer-
ence time.

2) We propose the Distance Graph Convolution (DGC)
operation, where learnable distance parameters are
used to adjust the aggregation weights based on the
spatial distance dynamically. The DGC operation al-
lows the model to focus on more relevant joints.

3) We propose an Alternating-Direction Mamba (AD-
Mamba) structure, where Mamba models perform for-
ward and backward scans in different layers. AD-
Mamba enables the model to capture global correla-
tions with less computational effort.

II. RELATED WORKS
A. Skeleton-based Action Recognition

Some early algorithms use convolutional neural networks
(CNNs) or LSTMs [8] for skeleton-based action recognition
by adapting skeleton data into image or sequence formats
[9], [10]. Subsequently, algorithms using graph neural net-
works significantly improve recognition accuracy by mod-
eling skeleton data as a spatio-temporal graph. ST-GCN
[11] and ST-GCN++ [12] use the graph convolution network
to extract features from spatio-temporal graphs constructed
based on human joint connections. CTR-GCN [13] intro-
duces a channel-wise topology refinement mechanism to
perform channel-wise feature aggregation. Some algorithms
then improve accuracy by adapting feature aggregation meth-
ods in graph convolution. BlockGCN [14] uses topological

encoding and block graph convolution to efficiently extract
features. G3CN [15] applies a Gaussian filter with Gated
Recurrent Units (GRUs) [16] to better distinguish ambiguous
actions. Some algorithms focus on enhancing the representa-
tion of features. FR-Head [17] proposes an auxiliary feature
refinement head to discriminate samples, and CSRE [18]
applies the attentive features to contrastive learning for better
exploiting latent data distributions. The aggregation weights
in these algorithms are mostly static, and remain constant
regardless of action classes, which limits the adaptability of
these algorithms. In contrast, our proposed DGCMam uses
dynamic aggregation weights by distance graph convolution
to adapt to diverse actions.

Considering the limitations of static weights in graph
convolutions, some algorithms use Transformers to dynami-
cally extract features [19]. ST-TR [20] employs spatial and
temporal Transformers to extract features from joints and
frames. TranSkeleton [21] proposes a Transformer frame-
work to unify the spatial and temporal modeling of skeleton
sequences. HyperFormer [22] uses a hypergraph transformer
to better model joint interactions. FreqMixFormerV2 [23]
proposes a frequency-aware mixed transformer for identify-
ing skeletal movements in the frequency domain. As the self-
attention mechanism in Transformers makes a high computa-
tional effort, some algorithms employ the Mamba to extract
features with linear computational complexity. SkeMamba
[24] stacks several dual-path spatio-temporal Mamba blocks
with gating mechanisms to extract features dynamically.
TSkel-Mamba [25] proposes a hybrid Transformer-Mamba
framework with temporal dynamic modeling blocks for mod-
eling complex actions. Both SkeMamba and TSkel-Mamba
extract features by the bidirectional Mamba structure, but the
AD-Mamba block in DGCMam achieves a similar function
with lower computational cost.

B. Dataset

There are already many datasets used for skeleton-based
action recognition [26], [27], [28], [29], [30]. The NTU
RGB+D [26] and NTU RGB+D 120 [27] datasets are cur-
rently the most widely used datasets for skeleton-based ac-
tion recognition. In these two datasets, each sample contains
up to two humans, whose 3D coordinates of 25 joints are
captured by three Kinect V2 cameras. The NTU RGB+D
dataset contains 60 action classes and 56,880 video samples,
and the NTU RGB+D 120 dataset contains 120 classes
and 114,480 samples. In addition, the NW-UCLA dataset
[28] is also used by some algorithms to evaluate the cross-
view adaptation ability of models. The NW-UCLA dataset
contains 1,400 samples across 10 action classes. Each sample
contains one pedestrian, whose 3D coordinates of 20 joints
are captured by three Kinect V1 cameras.

III. METHODOLOGY

A. Model Structure

The model structure of DGCMam is shown in Fig. 3.
DGCMam mainly consists of three types of blocks: the DGC
block, the AD-Mamba block, and the SGF block.
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Fig. 3. The structure of the DGCMam. The DGC block dynamically aggregates initial features from joint features through distance graph convolution. The
AD-Mamba block captures global high-level features with lower computational cost by alternating-direction scanning. The SGF block performs semantic-
guided fusion to fuse semantic information from high-level features with details from initial features.

The input of DGCMam is the skeleton sequence data P €
RTinxVxCin  \where T}, denotes the number of frames, V'
denotes the number of joints in each frame, C;, denotes
the input information dimension of each joint. DGCMam
only uses joint position information as input, and P%* € R3
denotes the 3D position coordinates of joint ¢ at frame ¢.

First, P is embedded through a Multi-Layer Perceptron
(MLP) layer to create E € RTin*V*Cage Then, two stacked
DGC blocks are used to aggregate spatial and temporal cor-
relations of joints from E to generate F gy, € RTin*V*Cage,
Further, F g4 is fed into six stacked AD-Mamba blocks to
extract high-level features F,u, € RToutXVXCmam The
downsampling convolution is applied between every two
blocks. Finally, the features F'yy. and F',,,, are fused by
the SGF block to obtain F'.;,ss for the classification head.

B. DGC Block

The DGC (Distance Graph Convolution) block is used
to extract local spatial features and temporal features dy-
namically. As shown in Fig. 3, in the DGC block, the
input feature IC € RT*V*C first halves the channels by
a fully connected (FC) layer, and splits along the channel
into the static spatial feature XS € RTXV*$ | the distance
spatial feature X D € RT*VXS  and the temporal feature
XT € RT*V*% Then, three types of convolution heads are
used to extract features from them. Finally, an MLP layer is
applied to fuse the extracted features. The details of the three

types of convolution heads and feature fusion in the DGC
block are presented as follows.

1) Static Convolution Head: We use multiple static con-
volution heads to capture common relationships and fixed
dependencies of joints in all actions. X S is divided into N
segments along the channel according to the number of static
convolution heads N. The k-th feature of joint ¢ is denoted
as XS"F e RT*1xsx

The static convolution head uses a learnable adjacency
matrix Ay, € RV*V as the aggregation weights. For the
k-th static convolution head, the aggregated feature Y .S ke
RTX1X5% for joint ¢ is calculated as follows:

\%
YSih =" Ak x5k (1)
j=1

where A’Sghk € R represents the learnable weights for joint
j to joint ¢ in the k-th static convolution head.

2) Distance Convolution Head: We use multiple distance
convolution heads to capture unique joint relationships from
different actions dynamically. The distance convolution head
introduces a learnable distance decay function to adjust
the aggregation weights between joints in different actions
dynamically. A distance mask M € RY*V is first calculated
based on the distances of joint positions. The mask value
M for joint i to joint j is calculated using a Gaussian
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where o is a learnable parameter for adjusting the decay
rate; ||-||, denotes the Euclidean norm. The adjacency matrix
Ager, € RV*V used for the distance convolution head is
obtained by combining the distance mask M and a learn-
able adjacency matrix A € RY*V through the Hadamard
product:

Agen=A0M 3)

For the k-th distance convolution head, the aggregated
feature Y D** for joint ¢ is calculated as follows:

1,5,k
z : Adch ’

where AZ’f,’f € R represents the learnable weights for joint
j to joint ¢ in the k-th distance convolution head.

In the distance convolution head, the aggregation weights
dynamically adjust depending on the action. For instance, in
the action of raising a single hand, even if A" for both hands
is high, the aggregation weight Adgh becomes smaller due
to the smaller M"/ caused by the greater distance between
both hands.

3) Temporal Convolution Head: The temporal convolu-
tion head is applied to extract the motion and temporal fea-
tures for each joint. Specifically, we apply the 1D convolution
operation along the temporal axis of the temporal feature
X T. The aggregated temporal feature yt! for joint i at frame
t is computed as follows:

YD = XD’k 4)

th
YT = > Wr-XTHi4p (5)
n=—Rq.
where XT"" € R1*1X% denotes the feature of joint 4 at

frame t in X T, R,. is a scalar related to the kernel size, W"
denotes the learnable weight corresponding to the temporal
offset n, b denotes the learnable bias.

4) Spatial and Temporal Feature Fusion: The spatial
features Y'.S, Y D and the temporal feature YT are concate-
nated and fused through the FC layer and MLP layer with the
dropout mechanism. The residual connection and the layer
normalization are also applied. The output OC € RT*V*¢
of the DGC block is calculated as follows:

YC=IC+ ¢,([YS, YD, YT]) (6)
OC =Y C + ¢oq(LN(YC)) (7)
where [-,-] denotes concatenating two features along the

channel dimension; ¢, is an FC layer with input dimensions
of C'/2 and output dimensions of C; 1,4 denotes a three-
layer MLP with input and output dimensions of C, hidden
dimensions of 2C, and GELU (Gaussian Error Linear Unit)
activation functions; LN(-) denotes layer normalization.

C. AD-Mamba Block

Although the DGC block extracts local features effec-
tively, it has a limited receptive field. Therefore, the AD-
Mamba (Alternating-Direction Mamba) block is designed to
efficiently capture global spatio-temporal dependencies with-
out doubling the computational effort like the bidirectional
Mamba. Specifically, we stack multiple AD-Mamba blocks.
For the [-th block, if [ is odd, the Mamba model scans
the feature sequence from beginning to end (forward scan);
otherwise, the Mamba model scans the sequence from end
to beginning (backward scan).

As shown in Fig. 3, in each AD-Mamba block, the input
feature IM € RT*VXC first halves the channels by an
FC layer and flattens as XM ¢ REXS along the time
and joint dimensions, where L = T -V represents the
flattened sequence length. The scanning process in the [-th
AD-Mamba block is shown as follows:

{ is odd

l
VM - {Mam (X M) . -
otherwise

Re(Mam!(Re(X M)))

where Re(-) denotes the operation of reversing the feature
sequence along the length dimension; Mam! is the Mamba
model for the [-th AD-Mamba block with input dimensions
of C/2, state dimensions of C'/6. Similar to the DGC block,
the final output OM € RT*V*C of the AD-Mamba block
is calculated through the following process:

ZM = IM + ¢,,,(Y M) )

OM = ZM + ,,(LN(ZM)) (10)
where Y M’ € RT*V*S denotes Y M expanded along the
length dimension; ¢, is an FC layer with the same structure
as Gyd; Yom is a three-layer MLP with the same structure
as wod~

As each block only performs a single-direction scan, the
AD-Mamba block can capture joint relationships globally
with the same computational effort as the standard Mamba
model.

D. Down-sampling Convolution

The down-sampling convolution is applied to halve the
feature’s temporal dimension and adjust its channel di-
mension. Specifically, assuming the input features X &
RT*VXC “the output Y € Rz XV*C" of the down-sampling
convolution is calculated as follows:

Y = BN (pac(X)) (11)
where @ 4. denotes a 2D convolution network with kernel size
of K. x 1, stride of 2 x 1, input dimensions of C, output
dimensions of C’; BN(-) denotes Batch Normalization.



E. SGF Block and Classification

As shown in Fig. 3, the SGF (Semantic-Guided Fusion)
block is used to introduce the action details from F'g4. into
the high-level semantic features F',, . Specifically, the SGF
block combines F',, ., and F g, to generate a mask that
emphasizes valuable details in F'g4., and residually adds
these details to F',,qm.

For aligning the temporal dimension, we first upsam-
ple Fqm by the nearest-neighbor interpolation to obtain
F,.0m € RTinxVxCage To determine the importance of the
information contained in each frame of Fy,., an attention
mask K € RTinxV X1 g calculated as follows:

K = U(¢cat([ngcyFma7ilD)

where 1.4; denotes a three-layer MLP with input dimensions
of Cage + Cpam, hidden dimensions of Cg4./3, output
dimensions of 1, GELU activation functions and 2D batch
normalization; o represents the sigmoid function.

Then, we multiply the mask K with Fg,. and apply
average pooling in the temporal dimension to obtain the
importance-weighted feature F'ycign: € RToutxVxCage

12)

Fyeight = AvgPool (F 44 © K) (13)

where AvgPool(-) denotes the average pooling along the
temporal dimension with a pooling size of T}, /Tout.

The feature F'.,ss that combines weighted detail infor-
mation F'yc;gn; With high-level feature F'y,,q,y, is calculated
as follows:

Fclass = Fmam + [Fweight7 0} (14)

where 0 € RTout XV *(Cmam—Cage) represents a zero matrix
for aligning the channels. The feature vector v 55 € RCmam
for classification is then obtained through average pooling of
F class-

Tout V.

Uclass = Tut;‘/ Z Z F?lfzss

o t=1 i=1

15)

Finally, v.,ss is fed into a linear classification head to
generate the prediction scores S.qss- The final predicted
action is determined by the index with the maximum value
in Sciass-

IV. EXPERIMENTS AND ANALYSIS
A. Datasets

We compared DGCMam with SOTA algorithms on the
NTU RGB+D, NTU RGB+D 120, and NW-UCLA datasets.
In the NTU RGB+D and NTU RGB+D 120 datasets, we
employ the same benchmarks as the majority of algorithms:

1) X-Sub: the benchmark across different subjects in the

NTU RGB+D dataset.

2) X-View: the benchmark with different camera views

in the NTU RGB+D dataset.

3) X-Sub120: the benchmark across different subjects in

the NTU RGB+D 120 dataset.

4) X-Setl20: the benchmark with different camera setups
in the NTU RGB+D 120 dataset.

The dataset splits for each benchmark and NW-UCLA are
shown in the corresponding papers. For fair comparisons, all
algorithms only use joint positions as input.

B. Implementation Details

For the NTU RGB+D and NTU RGB+D 120 datasets,
each sample contains a maximum of two humans, and each
human has 24 joints after removing the spine joint, hence
V = 48. For the UCLA dataset, each sample contains one
human with 20 joints, hence V' = 20. The information for
each joint is represented as 3D position coordinates, thus
Cin = 3.

We use interpolation to transform skeleton sequences
with different frame lengths into sequences with 64 frames,
so Tj, = 64. We use three downsampling blocks, hence
Tout = 8. The channel dimensions are set as Cgg. = 96,
Crnam = 192. The convolution kernel size is set as R;. = 3,
K4. = 7. The number of static convolution heads and
dynamic convolution heads is set as N = 4.

All the experiments are performed on a single RTX 5090
GPU. The model is trained by the AdamW optimizer [35]
with a weight decay of 0.1. The gradient clipping is set to 1.
The epoch number is set to 500, and the batch size is set to
128. The warm-up strategy and cosine annealing strategy are
employed to adjust the learning rate during training. During
the first 25 epochs, the learning rate increases linearly from
1077 to 1073, and then, the learning rate gradually decreases
to 107°. We perform data augmentation during training,
including rotation, rescaling, flipping, temporal cropping,
coordinate dropout, and joint dropout of skeleton data [19].
The model is trained using the cross-entropy loss function
with label smoothing.

C. Comparisons with SOTA algorithms

Table I shows the top-1 accuracy of DGCMam and the
SOTA algorithms for the three datasets. For the SOTA
algorithms, we adopt the accuracy reported by their authors.

By combining distance graph convolution, alternating-
direction Mamba scanning, and semantic-guided feature fu-
sion, DGCMam achieves the highest top-1 accuracy among
the SOTA algorithms in all the datasets. TSkel-Mamba,
which also uses the Mamba model, achieves the second place
in the X-Sub and X-Set120 benchmarks, where DGCMam’s
accuracy surpasses it by 1.2% and 0.6%, respectively. Ske-
Mamba achieves the second place in the X-View benchmark
with an accuracy of 96.1%, while DGCMam outperforms
it by 0.7%. Also, DGCMam outperforms the second-place
algorithm FreqMixFormerV2 by 0.4% and 0.8% in the
accuracy for X-Sub120 and NW-UCLA, respectively.

Table II shows the model parameter numbers, FLOPs
(Floating Point Operations), and inference time of the SOTA
algorithms for the X-Sub benchmark. The results are mea-
sured using official code. We set the batch size to 1 and run
100 inferences at FP32 precision on the RTX 5090 and Ryzen
7 7700 to measure the inference time of each algorithm.



TABLE I
THE TOP-1 ACCURACY (%) OF THE SOTA ALGORITHMS. BOLD AND UNDERLINE MARK THE BEST AND SECOND-BEST RESULTS, RESPECTIVELY.
RESULTS ARE CITED FROM ORIGINAL PAPERS UNLESS OTHERWISE NOTED. ‘-’ DENOTES NO AVAILABLE DATA.

Algorithm Source X-Sub  X-View  X-Subl20  X-Setl20 NW-UCLA
CTR-GCN [13] ICCV, 2021 89.9 9481151 84.9 86.71151 94,6113
ST-TR [20] ICPR, 2021 88.7 95.6 81.9 84.1 -

InfoGCN [31] CVPR, 2022 89.8l151 9520151 85.1 86.3 94,0113
HyperFormer [22] arXiv, 2022 90.7 95.1 86.6 88.0 92.70181
ST-GCN++ [12] ACMMM, 2022 89.3 95.6 83.2 85.6 -
FR-Head [17] CVPR, 2023 90.3 95.3 85.5 87.3 94.4
TranSkeleton [21] TCSVT, 2023 90.1 954 84.9 86.3 -
BlockGCN [14] CVPR, 2024 90.9 95.4 86.9 88.2 95.5118]
SiT-MLP [32] TCSVT, 2024 90.0 95.0 83.9 85.7 95.7
STRN [33] TIM, 2025 90.4 95.4 85.2 87.1 -
DAMD-GCN [34] Neurocomputing, 2025 89.5 94.8 84.7 86.3 -
SkeMamba [24] The Visual Computer, 2025 90.6 96.1 85.0 87.3 -
TSkel-Mamba [25] arXiv, 2025 91.4 95.8 87.4 88.7 -
FreqMixFormerV?2 [23] FG, 2025 90.7 954 87.6 88.5 96.2
G3CN [15] IROS, 2025 91.1 95.3 87.4 88.6 94.2
CSRE [18] PR, 2025 91.3 95.6 87.2 88.7 95.9
DGCMam Ours 92.6 96.8 88.0 89.3 97.0

[x] The result is reported by another paper [x].

TABLE II
THE MODEL PARAMETERS, FLOPS, AND INFERENCE TIME OF THE
SOTA ALGORITHMS FOR THE X-SUB BENCHMARK. RESULTS ARE
MEASURED USING OFFICIAL CODE UNLESS OTHERWISE NOTED. ‘-’
DENOTES NO AVAILABLE DATA.

Algorithm Parameters FLOPs  Inference Time
CTR-GCN 1.4M 1.8G 8.1ms
ST-TR 12.1M 64.5G 8.7ms
InfoGCN 1.5M 1.7G 6.9ms
HyperFormer 2.6M 4.8G 8.6ms
ST-GCN++ L4M" 2.8G" -
FR-Head 1.4M 1.8G 8.9ms
TranSkeleton 2.2M" 2.3G" -
BlockGCN 1.3M 1.6G 10.2ms
SiT-MLP 0.6M 0.7G 2.9ms
STRN L4M" 1.6G™ -
DAMD-GCN 3.8M" 8.4G" -
SkeMamba - - -
TSkel-Mamba 2.4M" 8.2G" -
FreqMixFormerV?2 1.2M" - -
G3CN 7.2M 9.3G 21.5ms
CSRE 2.9M 4.8G 8.7ms
DGCMam 3.3M 3.3G 3.8ms

* The result is cited from the original paper.

Although the parameter number of DGCMam is relatively
high among the SOTA algorithms, the FLOPs and inference
time of DGCMam are acceptable compared to the G3CN and
CSRE.

D. Ablation Study

We study the effect of DGC blocks, AD-Mamba blocks,
and SGF blocks on algorithm performance through several
base models and fusion methods. The experiment contains
the following basic models:

1) SGC: All eight blocks are SGC blocks.

2) ADGC: All eight blocks are ADGC blocks.

3) DGC: All eight blocks are DGC blocks.

4) ADMam: All eight blocks are AD-Mamba blocks.

5) BDMam: All eight blocks are BD-Mamba blocks.

6) SGC/ADMam: First two blocks are SGC blocks, last
six blocks are AD-Mamba blocks.

7) DGC/BDMam: First two blocks are DGC blocks, last
six blocks are BD-Mamba blocks.

8) DGC/ADMam: Our proposed base model.

where the SGC block replaces all distance convolution heads
in the DGC block with static convolution heads; the ADGC
block replaces all static convolution heads in the DGC
block with distance convolution heads; the BD-Mamba block
replaces the alternating-direction scanning in the AD-Mamba
block with bidirectional scanning and fuses features with an
FC layer.

Moreover, the experiment contains the following feature
fusion methods:

1) SGF: Our proposed feature fusion method.

2) APF: The average pooling feature fusion method,
where F g5 = Fam + [AvgPool(Fg4c), 0]

3) No fusion: Let F'oj4s5 = F'yam, represented as -’ in
the table.

Table III shows the experiment results of the ablation
study. The results of SGC and DGC show that, without
significantly increasing the parameters and FLOPs, dis-
tance graph convolutions can dynamically aggregate features,
thereby achieving better performance than typical graph
convolutions. However, the results of ADGC and DGC
indicate that without static convolution heads, the common
relationships and static dependencies of joints are difficult to
capture, leading to limited performance improvement.

The results of ADMam and BDMam indicate that pure
Mamba models show similar performance to pure con-
volution models, probably because of the poor ability to
extract local features. The results of DGC/ADMam, DGC,
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TABLE III
THE TOP-1 ACCURACY (%), MODEL PARAMETERS, AND FLOPS OF THE
ALGORITHMS FOR THE X-SUB BENCHMARK. ‘-’ DENOTES WITHOUT
ANY FUSION METHOD.

Base Model Fuse  Top-1 Accuracy  Parameters = FLOPs
SGC - 91.5 3.01M 2.99G
ADGC - 91.6 3.01M 2.99G
DGC - 91.9 3.01M 2.99G
DGC APF 92.0 3.01M 2.99G
DGC SGF 92.0 3.02M 3.03G
BDMam - 91.5 3.86M 3.80G
ADMam - 91.4 3.29M 3.32G
ADMam APF 91.4 3.29M 3.32G
ADMam SGF 91.6 3.30M 3.35G
SGC/ADMam - 91.7 3.29M 3.24G
DGC/BDMam - 92.3 3.81M 3.60G
DGC/ADMam - 92.3 3.29M 3.24G
DGC/ADMam  APF 92.4 3.29M 3.24G
DGC/ADMam  SGF 92.6 3.30M 3.27G

and ADMam indicate that the hybrid model combining
graph convolutions with Mamba outperforms both pure graph
convolutional models and pure Mamba models. However,
using static graph convolutions or bidirectional Mamba in
hybrid models does not improve the performance, as shown
by the results of SGC/ADMam and DGC/BDMam.

The results from the same base model with different fusion
methods indicate that for pure convolution models, both SGF
and APF methods only slightly improve model performance.
However, our proposed SGF method shows a more notable
performance improvement compared to the APF method for
the hybrid model.

The recognition accuracy and accuracy difference between
DGCMam and SGC/ADMam for all classes in the NTU
RGB+D dataset are shown in Fig. 4. Among all the 60
classes, there are 33 classes where DGCMam achieves a
higher accuracy than SGC/ADMam, 13 classes where their
accuracy is identical, and 14 classes where DGCMam ex-
hibits a lower accuracy than SGC/ADMam. The accuracy of
DGCMam exceeds that of SGC/ADMam most significantly
in action Al7 (take off a shoe), by 7.3%. DGCMam shows
a higher recognition accuracy than SGC/ADMam in over

DGCMam Accuracy

——SGC/ADMam Accuracy

The recognition accuracy and accuracy difference between DGCMam and SGC/ADMam for all classes in the X-Sub benchmark.

half of the action classes, reflecting that distance graph
convolutions can effectively extract features.

The ablation study shows that distance graph convolution,
alternating-direction Mamba, and the semantic-guided fea-
ture fusion method effectively improve model performance
without significantly increasing the model parameters or
computational effort.

E. Aggregation Weight Analysis

To further study the effectiveness of the DGC block and
the SGF block, we present the feature aggregation weights
of the trained DGCMam for some actions in the X-Sub
benchmark. These actions are illustrated in Fig. 5, where
‘brush teeth’ and ‘phone call’ relate to the hand and head,
‘take off a shoe’ relates to the hand and foot, and ‘put palms
together’ and ‘reading’ relate to the left and right hands.

1) Distance Graph Convolution Feature Aggregation:
Table IV presents the Average Aggregation Ratio (AAR) for
different types of convolution heads between different joints
in some actions. For instance, for the ‘brush teeth’ action,
the AAR between the left and right hands of the distance
convolution head is calculated as follows:

ALH.RHk

RH,LH,k
dch A

1
LH,RH _
AAR doh

dch _SQN |+‘

s N
>0 )
k=1

(16)
where LH and RH denote the indices for the left and right
hands, respectively; S represents the number of samples with
label ‘brush teeth’. The larger the AAR, the more features
the convolution head aggregates from the two joints.

In Table IV, the AARs of the static convolution heads
are invariant among different actions, indicating that they
aggregate the same proportion of features from the two joints
regardless of the action feature. This aggregation method
limits the dynamic feature extraction ability of the static
convolution head.

Meanwhile, for different joint pairs, the highest AARs of
the convolution head belong to different actions. For the pair
of left and right hand, the highest AAR occurs in ‘reading’
(0.012), while for the pair of right hand and head, the highest



A28. Phone call

A3. Brush teeth

Fig. 5.

A17. Take off a shoe

A39. Put palms together Al1. Reading

Tllustration of samples of the five action classes in the X-Sub benchmark.

TABLE IV
THE AVERAGE AGGREGATION RATIOS OF THE DISTANCE CONVOLUTION HEAD (DCH) AND STATIC CONVOLUTION HEAD (SCH) OF DGCMAM FOR
SOME ACTIONS IN THE X-SUB BENCHMARK. BOLD AND UNDERLINE MARK THE HIGHEST AND SECOND-HIGHEST VALUES OF DCH FOR DIFFERENT
ACTIONS, RESPECTIVELY.

Right Hand - Left Hand

Right Hand - Head  Right Hand - Right Foot

Action
DCH SCH DCH SCH DCH SCH
Brush teeth 0.005 0.011 0.038 0.039 0.001 0.021
Phone call 0.006 0.011 0.034 0.039 0.003 0.021
Take off a shoe 0.010 0.011 0.026 0.039 0.012 0.021
Put palms together ~ 0.011 0.011 0.019 0.039 0.004 0.021
Reading 0.012 0.011 0.025 0.039 0.002 0.021

TABLE V

AAR occurs in ‘brush teeth’ (0.038). For the pair of right
hand and right foot, apart from ‘take off a shoe’ (0.012), the
AARs for the other actions are very low.

When processing actions with significant hand-hand corre-
lation, distance convolution heads exhibit higher hand-hand
feature aggregation weights and lower hand-head and hand-
foot feature aggregation weights. Moreover, when processing
actions with significant hand-head correlation, the hand-head
feature aggregation weights in distance convolution heads
are enhanced. Results show that the distance convolution
head can dynamically focus on and aggregate joint features
based on action patterns, thereby achieving flexible feature
aggregation.

2) Semantic-guided Feature Fusion: We study the adapt-
ability of the SGF block by calculating the Average Gating
Ratio (AGR) of different joints for some actions. For action
[ and joint ¢, AGR is calculated as follows:

i 1 3 & t,1
AGR] = o= Z;(K )

where S; denotes the number of samples labeled as action /.
Table V presents the AGR of different joints in some actions.

In every action in Table V, the hands have larger AGRs
than the foot and head, indicating that the SGF block tends
to seek details of hand movements from the initial features.
This may be because hand movements are more fine-grained.
In addition, the proportion of feature fusion is different for
actions. For actions ‘brush teeth’ and ‘put palms together’,
about 10% of the initial features are fused, whereas for the
action ‘take off a shoe’, over 40% of the features are fused.
The different AGR values indicate that the SGF block can

7)

THE AVERAGE GATING RATIOS OF THE SGF BLOCK OF DGCMAM FOR
SOME ACTIONS IN THE X-SUB BENCHMARK.

Action Left Hand Right Hand Head  Right Foot
Brush teeth 0.096 0.107 0.090 0.068
Phone call 0.100 0.086 0.058 0.058

Take off a shoe 0.517 0.460 0.405 0.370
Put palms together 0.122 0.099 0.090 0.069
Reading 0.194 0.155 0.054 0.029

adaptively extract features from joints guided by high-level
semantics in various actions.

V. CONCLUSION

In this paper, we propose DGCMam, a model fusing
distance graph convolution and Mamba for skeleton-based
action recognition. To fuse joint features dynamically ac-
cording to motion patterns, we propose distance graph
convolution, which combines a learnable decay function to
calculate fusion weights according to the spatial distance.
In addition, we propose an alternating-direction Mamba
structure to capture joint features globally with lower compu-
tational effort. A semantically guided feature fusion module
is also applied to fuse the action details from initial features
with the semantic information from high-level features by
an adaptive gating mechanism. Experiments on the NTU
RGB+D, NTU RGB+D 120, and NW-UCLA datasets show
that DGCMam achieves the highest top-1 accuracy among
the SOTA algorithms with a lower inference time.
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