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Abstract— Skeleton-based gesture recognition has attracted
extensive attention and has made great progress. However,
mainstream methods generally treat all frames as equally im-
portant, which may limit performance, especially when dealing
with high inter-class variance in gesture. To tackle this issue, we
propose an approach that models a Markov decision process to
identify keyframes while discarding irrelevant ones. This paper
proposes a deep reinforcement learning double-feature double-
motion network comprising two main components: a baseline
gesture recognition model and a frame selection network. These
two components mutually influence each other, resulting in
enhanced overall performance. Following the evaluation of
the SHREC-17 and F-PHAB datasets, our proposed method
demonstrates superior performance.

I. INTRODUCTION

With the widespread application of photoelectric motion
capture, Leap Motion, and depth sensors, it becomes easier to
obtain 3D joint locations. Skeleton-based sequences, in con-
trast to 2D RGB-based action recognition methods, contain
compact 3D locations of crucial hand joints that are robust to
changes in lighting, camera angles, and other background [1].
Skeleton data provide a substantial reduction in computing
cost compared to video data. Additionally, the hand serves
as one of the most effective interaction tools for humans.
Consequently, skeleton-based gesture recognition has gained
significant research [2] attention across multiple fields, in-
cluding human-computer interaction [3], [4], Human-robot
collaboration [5], [6], and human behavior understanding [7].

However, despite these advantages, developing a precise
recognition system remained challenging due to the high
intra-class variance arising from the various subjects that
could perform the same gesture. Moreover, human observers
can discern discriminative information from several still
frames. Therefore, we can discard a large number of non-
keyframes in the skeleton data without affecting the recog-
nition accuracy.

Although most hand action recognition methods have
made great progress, these methods based on deep learning
generally regard all frames as equally important. One strategy
is that all the frames participate in the training of the deep
learning model [8], [9], which leads to computational redun-
dancy. The other strategy is to uniformly or continuously
sample [10]-[12], which cannot guarantee the best recogni-
tion result. Not all skeleton frames contain useful information
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in the recognition process based on the deep learning method,
and only a few keyframes within the skeleton sequence
significantly contribute to the recognition results. Redun-
dant and ambiguous frames in the hand skeleton data can
lead to incorrect recognition results. Absolutely, discarding
irrelevant frames is a crucial step in reducing noise and
optimizing the gesture recognition process. Irrelevant frames
may not contribute significantly to the gesture’s distinctive
characteristics and can introduce unnecessary variability. By
selectively focusing on keyframes and eliminating irrelevant
ones, the gesture recognition model can achieve higher
accuracy and efficiency, leading to more reliable results.

We propose a deep reinforcement learning double-feature

double-motion Network (DRL-DDNet) to select keyframes
in a sequence. The DRL-DDNet consists of two main
components: a double-feature double-motion Network (DD-
Net) and a frame selection network (FS-Net). The FS-Net
employs reinforcement learning to find the optimal strategy
in a Markov decision process (MDP), aiming to identify
distinguished frames and discard irrelevant ones in the se-
quence. The DD-Net and FS-Net directly impact each other’s
performance. The DRL-DDNet uses reinforcement learning
to select keyframes, which requires a lot of computation
and resource consumption. We use the smaller and faster
advantages of the DD-Net to improve the processing speed
of the algorithm. During training, DD-Net rewards FS-Net,
enabling FS-Net to select keyframes that represent the most
informative frames for recognition. Subsequently, we input
the selected keyframes into the DD-Net for skeleton-based
gesture recognition. The symbiotic relationship between DD-
Net and FS-Net is a crucial aspect of the DRL-DDNet.
The performance of the DD-Net benefits from the frame
selection process, which ensures that only key frames can
be recognized, avoiding recognition errors caused by am-
biguous frames. On the other hand, the training of the FS-
Net is affected by the recognition accuracy of the DD-
Net, which provides better rewards for faster and more
accurate keyframe selection. The step-by-step interaction
of DD-Net and FS-Net forms an integrated and efficient
system. The training process of DRL-DDNet ensures that the
model learns to focus on the keyframes, leading to enhanced
skeleton-based gesture recognition accuracy.

To sum up, the contributions of this paper can be summa-

rized:

1) Introducing a Markov process to discard ambiguous
and redundant frames in the hand skeleton training
set, leading to improved training quality and enhanced
recognition accuracy of the network.



2) Proposing a novel deep reinforcement learning double-
feature double-motion network for skeleton-based ges-
ture recognition, consisting of interconnected compo-
nents that continuously enhance recognition perfor-
mance through interaction.

3) Demonstrating that the proposed algorithm achieves the
most advanced performance on two datasets, namely
SHREC-17 and F-PHAB.

The remainder of this paper is organized as follows. Re-
lated work on hand recognition methods and reinforcement
learning are briefly reviewed in Section II. In Section III, we
provide details information about the proposed algorithm.
Section IV details the experimental setup and results. and
the conclusions are presented in Section V.

II. RELATED WORK

A. Skeleton-based action-gesture recognition

The rapid development of deep neural networks [13] has
attracted the attention of an increasing number of researchers
exploring deep learning methods for action and gesture
recognition. Various deep neural network architectures, such
as Convolutional Neural Networks (CNN) [14], [15], Recur-
rent Neural Networks (RNN) [16], [17], and Long Short-
Term Memory (LSTM) [18] have been developed to effec-
tively capture the temporal and spatial features of hand or
body data for accurate recognition. For example, Nunez et al.
[19] proposed an architecture that combines a CNN with an
LSTM recurrent network for skeleton-based action-gesture
recognition. The CNN focuses on extracting spatial features,
while the LSTM recurrent network captures patterns related
to time evolution. Hou et al. [20] proposed the Spatial-
Temporal Attention Residual Temporal Convolutional Net-
work (STA-Res-TCN) to learn different levels of attention for
skeleton-based dynamic gesture recognition. Alberto Sabater
et al. [21] proposed a skeleton-based hand motion represen-
tation model with excellent generalization capabilities across
various action domains and camera perspectives.

However, many existing methods [22], [23] suffer from
large models and slow execution speed. By studying skeleton
sequence properties, Yang et al. [10] proposed a more
lightweight DD-Net for hand and body action recognition.
In the recognition process, while all joints are considered, it
is found that only a handful of important joints are essential
for the recognition. Ferda Ofli et al. [24] represent the actions
as a sequence of the most informative joints for action recog-
nition, which can avoid taking into account non-information
that often brings noise and degrades performance.

Most of the aforementioned methods overlook the varying
importance of frames and treat each frame equally. However,
not all skeleton frames contain useful information through-
out the entire recognition process based on deep learning
methods. Redundant and ambiguous frames in the hand
skeleton data can lead to incorrect recognition results. To
overcome this limitation, it is essential to identify and utilize
the keyframes for recognition.

B. Deep reinforcement learning for action recognition

Reinforcement learning (RL) has shown efficient represen-
tation of extracted sequences and strong generalization abil-
ity. Deep Reinforcement Learning (DRL) has been increas-
ingly applied to address the activity recognition problem,
serving various purposes such as finding most information
in sequence and optimizing network structures [25]. Human
activity recognition via DRL can be expressed as a search
for optimal solutions. In this context, the RL agent constantly
interacts with the environment to try and error, to identify
the framework set that contains the most information and
achieve accurate identification.

To select the most informative frames for action recogni-
tion, Tang et al. [26] proposed a deep progressive reinforce-
ment learning method for skeleton-based action recognition.
Similarly, to reduce the computational burden of the learning
model in untrimmed video analysis, it is important to sample
frames effectively. Wu et al. [27] solved the frame sam-
pling problem in untrimmed video analysis through multi-
agent reinforcement learning. Dong et al. [28] proposed
an attention-aware sampling method for action recognition,
which preserves the most discriminative frames and discards
the irrelevant frames. Xu et at. [29] proposed a feature
selection network (FSN) that selects the most representative
features to improve recognition performance. For group
activity recognition, Hu et al. [30] proposed a method based
on DRL to progressively refine the low-level and high-level
features relations of group activities.

However, there is a lack of investigation into model-
ing Markov decision processes for skeleton keyframes of
gestures, which exhibit completely different characteristics
from skeleton-based hand models. Therefore, we emphasize
the improvement of hand action recognition baselines, and
our model employs a modeling Markov process to select
keyframes more effectively.

III. METHODOLOGY
A. Model Architecture

The overview of the proposed DRL-DDNet framework is
illustrated in Fig. 1. The input to a DRL-DDNet is the hand
skeleton sequence of three-dimensional coordinates. We use
the hand skeleton as input to train the DD-Net. Next, we
integrate the trained model into the FS-Net as a reward for
reinforcement learning. We feed the hand skeleton data into
the FS-Net as a state. We use the prediction results of the
DD-Net as a reward, adjust the sequence through actions, and
use a continuous trial and error mechanism to help us discard
irrelevant frames and generate keyframes. Subsequently, we
input the obtained keyframes into the DD-Net again for
further training, resulting in an improved the DD-Net, which
we then use as a reward for the FS-Net. This alternating
training process leads to the final classification result.

B. Baseline model

In this study, we use the DD-Net [10] as the baseline
model, which is smaller in size and faster in processing speed
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Fig. 2. The network architecture of the DD-Net.

compared to traditional network architectures, and has excel-
lent Action recognition accuracy and generalization ability
are very necessary as rewards in reinforcement learning. To
train the baseline model, we use the standard cross-entropy
loss, ensuring a robust and efficient training procedure. The
network architecture of the DD-Net is shown in Fig. 2.
We supplement the more details of the figure in IV-A.2.
This network consists of joint collection distances (JCD)
features and two-scale motion features, which are used to
model location-viewpoint invariant features and global scale-
invariant motions.

1) Joint Collection Distances: The DD-Net introduces the
JCD feature to tackle the limitations of the two primary ex-
isting feature representations in skeleton-based action recog-
nition. Cartesian coordinate features can undergo significant
changes when dealing with skeleton rotation or displacement.
Geometric coordinates as input features necessitate extensive
feature redesign when transitioning from one dataset to
another. Euclidean distances between collective joints are
calculated to form a symmetric matrix, and JCD features
are obtained by selecting the lower triangular matrix without

the diagonal to reduce redundancy.

To be more specific, the total number of joints in a hand
skeleton is represented as N. The 3D coordinates of the i-
th joint in the k-th frame are denoted as JF = (=,y,2).
The hand skeleton in the k-th frame, comprising /N joints,
is described as E* = {Jf, J§, ..., J%}. The JCD feature of
E* can be written as:
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where, ||JFJF|| (i # j) denotes the Euclidean distance be-
tween JF and JJ.

2) Two-scale Motion Feature: Both fast and slow motions
should be taken into account while learning a robust global
motion feature. To achieve this, we incorporate two distinct
global motion features, one capturing fast motion and the



other representing slow motion. These two-scale global mo-
tion features are integrated into the DD-Net for enhanced
motion feature representation.

To ensure the robustness of our model in recognizing both
fast and slow motions, the DD-Net introduces a two-scale
global motion feature. This feature consists of a fast global
motion and a slow global motion.

The following equation can be used to generate the two-
scale motions:

ME =EMY_EF ke{1,2,3,--- K -1},

slow

M,y =E"? —EF ke {1,3,--- | K -2},

where, M}, and M§,,, denote the slow motion and the
fast motion at the frame k, respectively. Additionally, E*+1
and E**2 refer to the motion information of one frame and
two frames behind E*, respectively.

Then, the dynamic change of joint correlation in different
actions is solved by embedding the JCD feature and the two-
scale motion feature into the latent vector at each frame.
Finally, the network learns the temporal information by em-
ploying a 1D ConvNet layer, leading to classification results
via Global Average Pooling (GAP) and Fully Connected

(FC) layers.

2)

C. Frame Selection Network

Skeleton-based gesture recognition involves discrimina-
tive actions that may occur sparsely in several frames.
Consequently, not every frame in the sequence is equally
informative for the recognition task. To avoid the negative
effects of irrelevant frames, it is vital to discard them.

We formulate the process of selecting keyframes as a MDP
[26], as illustrated in Fig. 3. The input to the MDP is the
entire sequence, treated as the state S. The actions A of the
MDP represent the adjustments made by the agent’s choice in
the next time step, and the reward R is the prediction result
of the DD-Net. The agent interacts with the environment,
receiving rewards and updating its state. The objective of
the agent is to learn a policy that maximizes the total
expected reward, leading to the selection of the keyframes,
denoted by m. For a more comprehensive understanding of
the select frames process, Fig. 4 provides a detailed overview.
The network also includes structures for extracting features
from selected frames, including convolutional and pooling.
Following this, each frame undergoes adjustments after the
full connection and softmax, resulting in a probability score
denoting its likelihood of being selected as a keyframe. The
final output is the adjusted action. The primary objective of
this network architecture is to optimize the frame selection
process, ensuring the preservation of keyframes while dis-
carding irrelevant ones.

State. The state S is composed of two components, .S,
and Sj. Specifically, S, consists of two tensors, G and M.
The tensor G represents all frames of the hand skeleton
sequence for training, with a shape of g x N x 3, where g, N,
and 3 denote the number of frames, joints, and dimensions,
respectively. The tensor M contains selected keyframes and
has a shape of m x N x 3, where m is the number of selected
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Fig. 3. Process of selecting keyframes in hand skeleton sequence.

frames. On the other hand, S, represents the index of the
selected frame.

Action. The action in the output of the FS-Net represents
the adjustment direction for each selected frame. Actions
represent three types of action shift strategy j € (0, 1,2) as
Ishift left? (action 0), ?retain? (action 1) and ?shift right?
(action 2), and shift step is set to be 1 frame. The FS-Net
emits a vector A € R™*3, where A;; € [0,1] denotes the
probability of choosing the shift strategy j for the ith selected
frame.

Reward. The reward function 7 (S, A) reflects the effec-
tiveness or goodness of the action taken by the agentwith
respect to the current state S. We use the prediction results
of the DD-Net as rewards. Initially, in the first iteration, we
set the reward r to 1 if the prediction is correct, and -1
otherwise. For subsequent iterations (n > 1), we define the
ro reward as follows:

ro = sgn (pr —pi~'), 3)

where, c is the ground truth label of the skeleton sequence,
and p7 represents the probability of predicting the skeleton
sequence as class c at the nth iteration. The function sgn
stands for the sign function, which returns -1 for a negative
input, and 1 for a positive input. The value of 7y is in the
range (—1,1). If the predicted class changes from incorrect
to correct after one iteration, a strong reward of €2 is given.
Otherwise, a strong punishment of —{2 is enforced. The
overall reward function can be expressed as follows:

Q , if stimulation
r=<¢ —Q , if punishment 4)
ro otherwise.

Training with policy gradient. We train the FS-Net to
obtain a policy function my by maximizing the following
reward [26]:

R=) +'n, )
t=0

where, 4! is the discount factor. 7; is computed by Equation
4. T represents the maximum iteration step. In the process
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Fig. 4. The frame selection Net architecture for selecting the keyframes in hand skeleton sequence.

of selecting keyframes, as the number of selected frames
increases, the complexity of the network will increase expo-
nentially by 3™, making the application of deep Q-learning
[31] computationally infeasible. To address this challenge,
we choose the policy gradient method (reinforcement learn-
ing) as an alternative approach.

The cross-entropy loss is calculated as follows to maxi-
mize the discounted reward:

—%Zlog (70 (St, Ayr)) -

t=1

1(0) (6)

More details for training the proposed FS-Net are summa-
rized in Algorithm 1.

Algorithm 1: keyframe selection training

Input: training set V;,., baseline model DD-Net
Output: parameters 6 of the frame select network
Initialize 6 of the frame selection network
for epoch + 1,2,--- , E do
for V; in V., do
random sample m frames and its index from
the training sequence V;;
for i < 1,2,--- ;m do
choice action {a,}, -, from policy mp;
update the select frames by action a,,;
update the state to sample sequence by
action shift strategy j € (0,1,2);
get the new prediction by the DD-Net;
compute reward using 7;
end
compute the loss by I (6);
update 6;
end
end
return 6

IV. EXPERIMENTS

In this section, we have provided a detailed description of
the dataset, baseline method, and implementation details in
our experiments. Subsequently, we evaluated our proposed
method’s performance on two datasets, comparing it against
state-of-the-art methods to assess its effectiveness and supe-
riority.

A. Datasets and experimental setup

1) Experimental Datasets: We evaluate the DRL-DDNet
on two gesture recognition datasets: SHREC-17 [32] and F-
PHAB [33].

SHREC-17 The SHREC-17 dataset serves as a valuable
resource for researchers in the human-computer interaction
domain, which is collected by RealSense depth cameras.
Captured from a frontal third-person view, the dataset offers
a diverse range of operations categorized into 14 and 28
classes of granularity. The dataset includes 1960 sequences
for training and 840 sequences for validation. Notably, the
actions are performed by 28 different users, introducing inter-
user variance that closely reflects real-world scenarios.

F-PHAB The F-PHAB dataset contains motion sequences
from various real-life scenarios, recorded from a first-person
viewpoint. This dataset involves hand movements performed
by six subjects and includes 45 action categories. We split the
1175 action sequences into three sets for training and valida-
tion, using different training-to-validation ratios. Specifically,
we have employed 1:3, 1:1, and 3:1 splits for the action
videos, facilitating a comprehensive evaluation of different
training scenarios. Additionally, we adopted the leave-one-
person-out cross-person protocol, which involves training on
five subjects and testing on the remaining one.

2) Baseline Methods: In our experimental design, each
hand sequence is represented as a tensor with dimensions
T x N x 3. T denotes the number of sampling frames. We
conduct a comparative study with two scenarios: without
sampling, where no processing for the sampling frames,



and sampling, where 90% of the entire frame is randomly
selected for temporal enhancement [10]. We determine the
optimal number of sampling frames for subsequent experi-
ments and set 7" to 32. We set the hand sampling point N to
22 for the SHREC-17 dataset, and we set the hand sampling
point NV to 20 for the F-PHAB dataset. 3 denotes the 3D
coordinates.

The network architecture of the DD-Net is shown in
Fig.2. In the figure, "2*CNN(3,2*filters), /2” denotes two
1D ConvNet layers (with kernel of 3, filters is the channels)
and a Maxpooling (strides = 2). Similar ConvNet layers are
defined in the same manner.

3) Implementation Details: The proposed method was
implemented using the Tensorflow platform, and the network
architecture was built on two Nvidia GTX 2080Ti GPUs
for efficient computation. We used our proposed algorithm,
which comprises two main components: DD-Net and FS-
Net, both trained from scratch. We set the parameters for
training the DD-Net based on the reference [10]. During
training, we employed the Adam optimizer with an initial
learning rate that decayed from 102 to 10~°, conducting
600 training iterations. The value of filters in Fig. 2 was set to
64. Regarding the FS-Net, we trained it using a dropout rate
of 0.5, ReLU activation functions, and the Adam optimizer
with a learning rate of 1075. We set the parameter € (in
Eq. (4)) to 5. Additionally, we empirically set the discount
factor 4* (in Eq. (5)) to 0.7. To reduce the computational cost
of selecting keyframes, we set the number of interactions
between the two networks to 5.

B. Design evaluation

1) Results on the SHREC-17 Dataset: Comparison with
state-of-the-art results.

We expect the original sequence to get a useful frame
sequence after the Markov decision, which can improve the
action recognition results. To provide convincing arguments
for verification purposes, we used the above network to
verify the SHREC-17 dataset.

The results of our proposed method are compared
with several recent state-of-the-art methods, which include
CNN+LSTM [19], STA-Res-TCN [20], MFA-Net [34], DD-
Net [10], TCN+SUM [21], MMEGRN [35]. Table I shows
the recognition accuracy of our proposed method and SOTA
methods on the SHREC datasets. Our method achieves
remarkable results, with an accuracy of 96.5% for the 14
gestures and 93.8 for the more fine-grained 28 gestures.
Importantly, our model exhibits a substantial accuracy im-
provement of 1.9% and 1.9% for the 14 and 28 gestures,
respectively, over the baseline model, showing the superiority
of our proposed approach. Additionally, compared to the
CNN+LSTM method [19], our model outperforms with a
remarkable improvement 6.7% and 7.5% for the 14 and
28 gestures, respectively. Furthermore, The DRL-DDNet
achieves competitive performance with the state-of-the-art
algorithms [35]. Notably, for the 28 gestures, our method
demonstrates even greater superiority. These results highlight

TABLE I
COMPARISONS WITH SOTA METHODS ON THE SHREC-17 DATASET IN
ACCURACY (%).

Methods 14 gestures 28 gestures
CNN+LSTM [19] 89.8 86.3
STA-Res-TCN [20] 93.6 90.7

MFA-Net [34] 91.3 86.6
DD-Net [10] 94.6 91.9
TCN+SUM [21] 93.6 91.4
MMEGR [35] 96.4 93.2
DRL-DDNet 96.5 93.8

TABLE II
COMPARISON OF ACCURACY (%) OF DIFFERENT SAMPLING METHODS
FOR DIFFERENT NUMBERS ON THE SHREC-17 DATASET.

14 gestures 28 gestures

Methods
N=10 N=20 N=32 N=10 N=20 N=32
_ DD-Net 9434 9411 9405 89.93 9093 91.78
(without sampling)
DD-Net 9457 9422 9474 89.67 9159 91.89
(sampling)
DRL-DDNet 9422 9641 9653 91.05 91.89 93.81

the significant advancements and competitiveness of our
proposed model in skeleton-based gesture recognition tasks.

In Fig. 5a and Fig. 5b, we show the confusion matri-
ces for the 14 and 28 gestures, respectively, allowing a
detailed analysis of the recognition results for each type of
action. Remarkably, our proposed DRL-DDNet achieves a
recognition rate higher than 90.0% for the 14 gestures, with
an outstanding 100% recognition accuracy achieved in five
categories of actions. These results demonstrate exceptional
performance and effectiveness of our proposed model in
accurately recognizing a diverse set of gestures. During the
collection process of sequence actions, there were instances
of unclear expression of actions, which led to the inclusion of
more redundant or ambiguous frames in the training data. In
such cases, our proposed algorithm demonstrated improved
performance compared to the DD-Net.

Performance evaluation with different numbers of
frames selected.

We evaluate the impact of selecting different numbers of
frames with the DRL-DDNet model and baseline methods.
To this end, we choose to vary the number of selected
frames to 10, 20, and 32. We also compare these results with
scenarios involving both without sampling and sampling. As
shown in Table II, the performance of our algorithm steadily
improves as the number of sampled frames increases. This
improvement is intrinsically related to the Markov decision
process, which significantly enhances the recognition perfor-
mance by acquiring more keyframes.

2) Results on the F-PHAB Dataset: Comparison with
state-of-the-art results.

In our experiments on the F-PHAB dataset, we conducted
a thorough comparison between our method and state-of-
the-art skeleton-based gesture recognition methods using two
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TABLE III
COMPARISONS WITH SOTA METHODS ON THE F-PHAB DATASET IN
ACCURACY(%).
Methods Protocol
1:3 1:1 3:1 | cross-person
DD-Net(without sampling)  91.95 9391 9541 80.06
DD-Net(sampling) 9195 9496 9596 79.99
TCN+SUM [21] 9290 9593 96.76 88.70
DRL-DDNet 92.59  96.00 96.43 81.80

evaluation protocols. The results can be found in Table III.

The first protocol involved exploring various training-to-
validation ratios. When the ratio is set to 1:3, our proposed
method not only outperforms the baseline models but also
achieves par performance with the TCN+SUM method [21].
Moving to the 1:1 setting ratio, our method achieves a
substantial 2.09% and 1.04% improvement over the DD-
Net (without sampling) and the DD-Net (sampling), respec-
tively, and exhibits superior performance compared to the
TCN+SUM. As the training dataset size increased with a 3:1
ratio, the DRL-DDNet consistently maintains an advantage
over the baseline model. Experimental results show that
modeling the Markov model can effectively select keyframes
in the dataset to improve the performance of the model.

The second protocol, leave-one-person-out cross-person
evaluation, demonstrate that the DRL-DDNet method led
to an improve the DD-Net(without sampling) recognition
accuracy by 1.74%, and it further enhanced the DD-Net
(sampling) classification accuracy by 1.81%. Nevertheless,
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(a) Confusion matrix of SHREC dataset with 14 gestures. (b) Confusion matrix of SHREC dataset with 28 gestures.

there remained a performance gap of approximately 6.9%
compared to the TCN+SUM method. The baseline model’s
inherent limitation lies in its inability to generate view-point
agnostic motion representations [21]. This deficiency sub-
stantially constrains its capacity to effectively accommodate
the diverse hand movement styles observed among different
subjects. Consequently, the model experiences a discernible
degradation in its cross-person generalization ability.

V. CONCLUSION

In this paper, we proposed a deep reinforcement learning
double-feature double-motion Network (DRL-DDNet) to im-
prove the performance of skeleton-based gesture recognition
by discarding irrelevant frames. The Markov decision pro-
cess, implemented as the Frame Selection Network, assists
the Networks in adaptively focusing on keyframes while
excluding irrelevant ones that often introduced unneces-
sary noise. The keyframes are then used to train the DD-
Net again, continuously improving the recognition perfor-
mance through alternating training. The experimental results
confirmed the effectiveness of our proposed DRL-DDNet,
demonstrating significant accuracy enhancements compared
to other state-of-the-art methods. During the keyframe se-
lection process in reinforcement learning, we observed that
the number of sampled keyframes was limited to the length
of the gesture sequence. Previous studies have employed
padding or truncation operations on the skeleton sequence
to fix the length. However, this approach may hinder the
ability to dynamically model the entire sequence. In the
future, we plan to explore an adaptive sampling strategy
to achieve better temporal modeling of gesture sequences,



ultimately leading to more efficient skeleton-based hand
action recognition performance.
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