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Abstract

Sign language is a visual language expressed through
complex movements of the upper body. The human skele-
ton plays a critical role in sign language recognition due
to its good separation from the video background. How-
ever, mainstream skeleton-based sign language recognition
models often overly focus on the natural connections be-
tween joints, treating sign language as ordinary human
movements, which neglects its linguistic characteristics. We
believe that just as letters form words, each sign language
gloss can also be decomposed into smaller visual symbols.
To fully harness the potential of skeleton data, this paper
proposes a novel joint fusion strategy and a visual symbol
attention model. Specifically, we first input the complete set
of skeletal joints, and after dynamically exchanging joint
information, we discard the parts with the weakest connec-
tions to other joints, resulting in a fused, simplified skeleton.
Then, we group the joints most likely to express the same vi-
sual symbol and discuss the joint movements within each
group separately. To validate the superiority of our method,
we conduct extensive experiments on multiple public bench-
mark datasets. The results show that, without complex pre-
training, we still achieve new state-of-the-art performance.
The code is available at https://github.com/atinyboy/VSNet.

1. Introduction

Sign language is a visual language expressed through body
movements and serves as the primary communication tool
for the deaf community [13]. Although sign language
and spoken language have distinctly different grammati-
cal structures [1, 7], they share common linguistic fea-
tures [39, 44, 59]. Accurate sign language translation can
facilitate communication between deaf and hearing people,
fostering a more inclusive and accessible society. Among
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gloss: 'algebra’

Figure 1. In the sign for “accent”, the index and middle fingers (or
only index finger) are extended toward the neck while other fingers
are curled, forming the “pointing” VS. In the sign for “algebra”,
movements can be decomposed into multiple VS such as “crossed
arms,” “fist,” and “thumb-up.”

the key subtasks in sign language translation is isolated sign
language recognition (ISLR), which focuses on translating
individual glosses. ISLR has garnered significant attention
as it aids people in accurately understanding numerous ges-
tures and quickly learning sign language.

In recent years, human skeletons have been increasingly
applied in the ISLR field due to their strong operability and
clear separation from video backgrounds. Although most
skeleton-based recognition methods have achieved promis-
ing results, they typically treat sign language as typical hu-
man motion [12, 21, 23, 30, 31, 41, 58], overlooking the
intrinsic relationships among joints and the unique linguis-
tic characteristics [25, 52] of sign language itself. We be-
lieve that: (1) The importance of joints in sign language is
not equivalent; joints with stronger connections to others
are more significant than isolated joints, and connections
among joints with similar movement tendencies hold more
meaning than those among dispersed joints. (2) Similar to
how letters form words, each sign language gloss can be
decomposed into smaller visual symbols (VS). While VS
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lack explicit meaning on their own, from a skeletal perspec-
tive, they capture distinct movement patterns of joints, ef-
fectively decomposing sign language actions (see Fig. 1).
Therefore, our work focuses on these two core aspects:

Core 1: Focus on identifying essential joints. Including
too many joints can impede training, while too few can lead
to information loss. On the one hand, many prior models
have used manually trimmed, simplified skeletons, but man-
ually selecting the optimal joints is not trivial. On the other
hand, enabling a model to automatically choose key joints
can be computationally intensive. Fortunately, the dynami-
cally learned skeletons from GCNs approximate real struc-
tures more closely, enabling us to reduce the dependency
on an initial skeleton. By computing the weight of each
joint, we can identify and retain the most important joints
while discarding less critical local joints. Specifically, for
the complete hand skeleton, we discard a small number of
joints based on computed weights after each GCN layer, re-
learning new skeleton connections in the subsequent GCN
layer. We control the number of joints discarded within
each region to ensure that the final GCN output retains a
recognizable structure. Notably, even joints with the lowest
weights undergo at least one convolution, so their informa-
tion is not entirely discarded.

Core 2: Focus on emphasizing visual symbols (VS) in
sign language. If each joint is considered the smallest el-
ement of a sign language action, then the combination of
joints across all frames becomes too vast to compute self-
attention. In practice, sign language is not random motion;
it is designed for human recognition. When a signer inter-
prets sign language, they do not scrutinize the position of
every joint but instead form a general impression of each
hand. Thus, in this work, we concentrate on recognizing
VS. Unfortunately, isolating each VS from movements is
as challenging as the entire SLR task itself. Therefore, we
adopt a simplified approach, segmenting the skeleton into
a generalized VS in a fixed manner, as shown in Fig. 2.
We then design two self-attention modules to capture spa-
tial and temporal relationships between these VS. Empiri-
cally, we find that this approach significantly enhances the
model’s discriminative power.

Our main contributions are summarized as follows:

e We propose a novel module with an automated skele-
ton simplification function for sign language recogni-
tion. This module is designed to dynamically learn global
skeleton connections while progressively discarding iso-
lated local joints.

* Considering the linguistic characteristics of sign lan-
guage, we introduce a new self-attention model called
VSformer, which captures temporal and spatial patterns
in sign language motions and extracts knowledge from
the human skeleton based on the concept of VS.

* We conduct extensive experiments on ISLR to validate

Figure 2. Decomposing generalized visual symbols from videos

the effectiveness of our proposed approach. Compared
to previous methods, our approach achieves SoTA perfor-
mance on four public benchmarks, namely WLASL [32],
MSASL [26], NMFs-CSL [16], and Slovo [27].

2. Related Works
2.1. Sign Language Recognition

Sign language is the primary means of communication
within the deaf community. With significant advances in
machine learning and computer vision over the past decade,
exploring sign language recognition (SLR) has become in-
creasingly important [28, 43, 45], as it can automatically
interpret sign language and help deaf and mute individu-
als communicate more easily in daily life. Unlike directly
translating sign language sentences, isolated sign language
recognition (ISLR) is a subtask in the field of sign lan-
guage translation [45], aimed at translating each individ-
ual gloss [40, 53]. ISLR is not only useful for guiding be-
ginners in learning sign language and assisting in the cre-
ation of new sign language gestures, but it also lays a solid
foundation for SLR [1, 4, 53]. Research in this area can
be divided into two categories based on the input modality:
RGB-based methods and skeleton-based methods.
RGB-based Recognition. RGB-based methods, similar to
other video recognition tasks, typically use CNNs to extract
visual features from RGB videos [5, 15, 19, 20, 29, 55—
57], and then aggregate temporal and spatial information to
predict sign language. However, RGB-based models face
two significant challenges: first, they are heavily affected
by changes in the video background, and second, video data
occupies a large amount of memory resources.
Skeleton-based Recognition. Compared to RGB images,
human skeletons [8, 47, 50, 54] describe the motion in-
formation conveyed in sign language videos using sim-
plified points and edges, reducing interference from com-
plex backgrounds and the appearance of the signer. More-
over, operations on three-dimensional spatial points with
actual physical meanings offer stronger interpretability and
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Figure 3. Overview of our VSNet. Here, Down sample consists of a convolution layer with a kernel size of 7 and a stride of 2 along the
temporal dimension, followed by a batch norm layer, Average Pooling represent transforming the data into a single-dimensional feature
by taking the mean across both temporal and spatial dimensions. For details on the Skeleton-(a,b,c), please refer to Fig. 4.

lower memory consumption. In earlier works, identifying
the correct human keypoints in a video was a major chal-
lenge. However, with the development of deep learning,
human pose estimation models have become increasingly
reliable [10, 24, 51].

2.2. Human Skeleton

Due to the natural physical connections between skele-
ton joints, Graph Convolutional Network (GCN) has been
widely applied to model spatio-temporal relationships [12,
23, 31, 34, 41, 46]. GCN require predefined connectivity
of the key points to construct the graph network. How-
ever, the physically natural skeleton connections may not
always be the most suitable edges for recognition. Relying
solely on the skeleton itself to construct the graph can limit
the information flow between nodes. To address this issue,
SL-GCN [21] employs a dynamic graph with decoupling
between different frames, while TD-GCN [37] adds super-
nodes to control the connections between nodes. A common
drawback of these approaches is that they require complex
networks to model the key points. Furthermore, while dy-
namic graphs alleviate the limitations of the original skele-
ton, blindly allowing all key points to connect introduces
redundant information, leading to suboptimal models.

Therefore, we argue that relying solely on GCN does not
fully exploit the true potential of skeleton data.

In recent years, attention-based methods [3, 6, 9, 38, 42,
48] have also made progress in human skeleton recogni-
tion. Unlike GCN, attention mechanisms do not require
the researcher to provide information on joint connections,
instead equally attending to all nodes. However, captur-

ing the correlations between all joints across all frames
requires substantial memory resources. To address this,
SLGTformer [49] decomposes the spatio-temporal pose se-
quence into spatial graphs and temporal windows, while
SkateFormer [1 1] partitions joints and frames and performs
self-attention on each partition. Based on these theories,
we design a model where GCNss and self-attention networks
complement each other. GCNs are responsible for explor-
ing the spatial correlations between human joints, while
self-attention networks focus on capturing the motion of the
skeleton across multiple time sequences and spatial combi-
nations.

3. Methods
3.1. Data Pre-Processing

Key Point Extraction. Sign language is a visual language
primarily conveyed through hand and body movements,
with facial expressions also playing a crucial role. How-
ever, the human skeleton mainly describes bones and joints,
excluding muscles, making it unable to accurately capture
facial expressions in sign language videos. Our investiga-
tion revealed that a significant number of signers, especially
beginners, do not exhibit extensive facial expressions during
sign language communication. Therefore, our main exper-
iments exclude facial expressions, while the appendix pro-
vides additional details on how the concept of VS can be
extended to the face.

In previous GCN models, finger joints were often sim-
plified to avoid making the graph too complex, leading to a
loss of information. In this study, we selected a complete
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Figure 4. Illustration of the skeleton and grouping type-1. V4 represents a localiza-
tion node, the dashed box indicates nodes that are grouped together and hollow dots

indicate dropped nodes. Please note that (a) is the input real skeleton diagram, while
(b) and (c) are simplified representations drawn after dropping for ease of analysis.

set of 44 key points from both hands out of the 133 human
body joints extracted using HRNet [24, 51], as shown in
Fig. 4(a).

Data Enhancing. Given a video X € R”*V*C where
T, V, and C represent the number of frames, joints, and coor-
dinates respectively. We replace abnormal points—such as
those out of range (less than 0, more than 512) or clearly dis-
torted—caused by model extraction errors, with the average
value from adjacent frames. Additionally, to standardize
body positions and movement amplitudes across different
signers in the sign language videos, we first use the hollow
node Vj in Fig. 4 as the reference node for the entire video.
Then, all key points in each frame are shifted based on this
reference coordinate, as follows:

X(t,v,c):X(t,v,c)—X(t,v07c)+[x,y,z} (1)

where [x,y, z] is the average value of all the coordinates of
V) in the dataset.

In the time dimension, we randomly select 64 frames to
standardize the video length and perform random mirroring
and shifting of the video to generate augmented data.

3.2. Self-Pacing Dropping Block (SPD)

As shown in Fig. 3, our SPD consists of two components:
“Keypoint Activation” and “Weak Joints Dropping”. The
input is a complete hand skeleton where the node informa-
tion is independent, and the output is a high-dimensional
feature skeleton after activation. The entire block is stacked
three times, where the third block only outputs features and
does not build a new skeleton.

Keypoint Activation Layer. In this part, we define the
interaction of each joint with others as an activation. We
employ a decoupled graph convolution [21] to perform this
activation, represented as:

1 p
Foue =~ > D72 ADEg(FL) )
k=0

Figure 5. Skeleton groupings type-2 and type-3.
The other hand is grouped in a mirrored fashion.

where A is the learnable adjacency matrix initialized as
I + In + Out, D presents the diagonal degree of A. Here,
I denotes self-connections, while In and Out represent in-
ward and outward connections, respectively. The symbol
¢ represents a linear layer, and p represents the decoupling
quantity, with a different A applied each time, followed by
averaging the results. Following the graph convolution, we
apply the simplest Temporal Convolutional Network (TCN)
to capture features along the temporal dimension.

Weak Joints Dropping Layer. Compared to the simpli-
fied skeletons used in [21, 49], our approach utilizes a com-
plete set of skeleton keypoints that contains richer informa-
tion. However, this comes at the cost of significantly in-
creasing the model’s burden and raising the risk of introduc-
ing outlier points. To leverage these additional points with
minimal overhead, we have designed an adaptive skeleton
simplification strategy.

Before formally introducing this layer, it is necessary to
present our approach to skeleton decomposition. Based on
the definition of VS described in Introduction, the decom-
position concept involves grouping joints that exhibit strong
overall correlation or frequently form VS together in sign
language. These groupings can be viewed as a generalized
or macro-level VS. A simple approach is grouping each fin-
ger and arm separately, but this creates too many groups, po-
tentially affecting later interactions. Based on this, we con-
ducted various experiments on VS, including treating indi-
vidual fingers and distant fingers as VS. However, these ex-
periments did not yield optimal results (the average perfor-
mance in WLASL dataset decreased by 1.20% and 1.64%,
respectively). We believe this is because the information
from a single finger is insufficient to form a meaningful VS,
while the information disparity between distant fingers is
even greater. This also serves as the skeleton grouping ba-
sis for Figs. 4 and 5.

After graph convolution in Eq. 2, A(%, j) has learned the
weighted edge between node ¢ and node j. These edges
reflect the connection strength between 7 and j. Since these
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connections are not normalized via softmax, we can use A
as a guide to calculate the total correlation of all keypoints,
Cor, as follows:

Cor; = Z max(Ao(4,7), A1,..., Ap) 3)
J

A lower Cor to other keypoints indicates that the point is
more independent. We refer to the two most independent
points in each group as weak joints, which are dropped from
the skeleton. To ensure that the number of keypoints in each
group remains consistent, the groups involving both arms
will have two fewer joints dropped.

3.3. VSformer

After the joint fusion block, we obtained six different joint
groupings, as shown in Fig. 4(c). Based on the concept of
skeletal disassembly, we treat each grouping as a general-
ized VS. We now need to focus on two main questions: Q1,
what are the relationships between different VS? And Q2,
do these VS remain consistent throughout the entire video,
or do they change after a brief period?

Inspired by [11], which proposes an efficient model for
partitioning human limbs in action recognition, we employ
two types of self-attention to constrain the model’s focus
on the aforementioned questions. Specifically, we calcu-
late spatial pairing attention among different combinations
within a frame to address Q1, and we compute temporal
window attention for both global and local motion of the
combinations across different frames to address Q2.

Spatial Pairing Attention (SPA). Given a frame F; €
REXC | where G = 6 represents VS groupings, the ideal
approach would involve calculating attention among all VS
pairwise. However, this is inefficient and often purposeless,
as VS that are far apart in the skeletal structure tend to have
weak correlations. For instance, in the sign language ges-
ture for “accent”, it is unnecessary to compare the fingers
of the left hand with those of the unused right hand. Based
on this observation, we ultimately partition F} into pairs as
follows:

F = [Panm Bett, Eighl] “4)

where P, € R2XC represents the grouping of both arms,
Pt denotes the four fingers of the left hand, and Pigp rep-
resents the remaining four fingers of the right hand. Repre-
sented as:

KT
SP Ay, = concat <softmax <Qi/I% ) Vi> 5)

where @);, K;,V; are obtained from F; after mapping
through linear layers. The attention is actually calculated
among the 8 joints within each pairing and is ultimately
concatenated to form the output.

Temporal Window Attention (TWA). Depending on
different sign language videos, the VS can be classified into

---------- S v{
|*I2I3I F'W“h I I I II| A B T
0 --->TwAs ! 2

Figure 6. TWA windows. The small ticks represent frames, and
the large ticks represent windows.

two types: short duration and long duration, representing
their respective duration periods. Accordingly, our TWA is
also divided into two types: TWA-s and TWA-L. Given a
video X € RTXGXC where T represents the total num-
ber of frames, the timeline is divided into n windows, each
containing k frames, such that T = n X k, as shown in
Fig. 6. For TWA-s, attention is computed within each win-
dow. For TWA-I, frames with the same index are selected
sequentially from each window. Finally, the results from
both types of attention are concatenated to produce the out-
put, represented as:

TW Agur = softmax(¢y (W)ga (W) +b)ez(W)  (6)

where W represents the selected windows, ¢,, denotes di-
viding the C' dimension into three equal parts and selecting
the n-th part, and b represents the added bias.

It is worth noting that the discussions on Q1 and Q2 are
not fully addressed by these two attention layers. The SPA
only addresses the relationships between paired VS, while
the windows defined in TWA do not entirely correspond to
the duration of the VS. Therefore, we incorporate a simple
GCN and TCN to enhance the model’s ability to address the
remaining scenarios. The connection method of SPA and
TWA is shown in the right side of Fig. 3. After passing the
input data X € RT*&*XC through a linear layer, we divide
its channel dimension C' into four equal parts, sending each
part into one of the four modules and later concatenated.
Additionally, unlike the Decoupled GCN in Sect. 3.2, the
GCN here utilizes an adjacency matrix shared across certain
frames, which significantly reduces the computational load.

3.4. Multi-Grouping Ensemble

In the previous sections, we introduced the concept of skele-
tal disassembly based on VS. However, since we cannot
precisely determine the true VS composition for each sign
language, using a fixed disassembly method appears to be a
compromise, potentially weakening interpretability. There-
fore, we adopt an ensemble strategy to reduce such discrep-
ancies. Specifically, we designed two additional skeleton
grouping schemes, as shown in the Fig. 5, and trained the
model separately to obtain the output ¢ from the final fully
connected layer for each scheme. Following [21], we ag-
gregate these results using a weighted sum, represented as:
Qrotal = 1Gtype-1 + Q2Gtype-2 + Q3Gtype-3 + ®4Gbone, where
« represents the weights. For a detailed discussion on «,
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MSASL1000 MSASL200 MSASL100

Methods _P-I P-C _P-I_ P-C _P-I pP-C

Top-1 Top-5 Top-1 Top-5 | Top-1 Top-5 Top-1 Top-5 | Top-1 Top-5 Top-1 Top-5
RGB-based
HMA [15] 49.16 69.75 46.27 68.60 | 6630 84.03 6747 84.03 | 73.45 89.70 7459 89.70
I3D [5]* - - 57.69 81.05 - - 81.97 93.79 - - 81.76  95.16
BSL [2] 64.71 8559 61.55 8443 - - - - - - - -
TCK [33]7 - - - - 80.31 91.82 81.14 9224 | 83.04 9346 8391 9352
skeleton-based
ST-GCN [58] 36.03 5992 3232 57.15 | 5291 76.67 5420 77.62 | 59.84 82.03 60.79 82.96
BEST [60] 58.82 81.18 54.87 80.05 | 76.60 91.54 76.75 9195 | 8098 95.11 8124 9544
SignBERT [14]7 59.80 81.86 57.06 80.94 | 77.34 91.10 78.02 91.48 | 81.37 93.66 8231 93.76
SignBERT+ [17]1 | 62.42 8349 60.15 8244 | 78.51 - 79.35 - 84.94 - 85.23 -
MASA [61]F 63.47 83.89 60.79 8329 | 79.25 9286 79.70 9333 | 83.22 9524 83.19 95.46
SSRL [62]F 6522 85.09 62.68 8438 | 8293 9478 8343 95.03 | 86.26 96.96 86.63 96.79
Ours 70.71 86.36 68.38 85.71 | 84.62 94.04 85.19 94.08 | 86.26 9524 86.68 95.39
Ours(4-crops) 73.18 88.64 70.88 87.59 | 86.17 95.51 86.64 95.61 | 88.11 97.09 88.32 97.18

Table 1. Comparison with previous work on MSASL. “§” indicates that the model was pre-trained, and “*” indicates methods that applied
result fusion with other modalities in post-processing. Bold indicates the best performance, while underlined denotes the second-best.

WLASL2000 WLASL300 WLASL100

Methods P-1 P-C P-1 P-C P-1 P-C

Top-1 Top-5 Top-1 Top-5 | Top-1 Top-5 Top-1 Top-5 | Top-1 Top-5 Top-1 Top-5
RGB-based
I3D [5]* 3248 5731 - - 56.14 7994 5624 7838 | 65.89 84.11 67.01 84.58
HMA [15] 3791 7126 3590 70.00 - - - - - - - -
BSL [2] 46.82 7936 4472 7847 - - - - - - - -
TCK [33]7 - - - - 68.56 89.52 6875 89.41 | 77.52 91.08 77.55 9142
NLA-SLR V64 [63]* | 51.15 83.43 48.14 82.20 - - - - - - - -
skeleton-based
P3D [30] 4447 79.69 42.18 7852 | 67.18 89.01 67.62 89.24 | 76.71 9197 7827 9297
BEST [60] 46.25 7933 4352 77.65 | 67.66 89.22 6831 89.57 | 7791 9147 77.83 92.50
SignBERT [14]+ 4746 8332 4517 8232 | 7036 8892 71.17 89.36 | 79.07 93.80 80.05 94.17
MASA [61]7 49.06 8290 4691 81.80 | 73.65 91.77 7433 92.13 | 83.72 93.80 8447 94.30
NLA-SLR K64 [63]* | 49.10 82.00 46.18 80.71 - - - - - - - -
SL-GCN [22]* 51.50 84.94 4887 84.02 - - - - - - - -
DSTA [18] 53.68 - 51.17 - 79.97 - 80.56 - 82.38 - 83.09 -
Ours 5354 83.18 51.18 82.03 | 79.04 94.01 79.74 94.25 | 84.50 94.57 85.25 94.33
Ours(4-crops) 5598 87.07 5354 86.04 | 80.09 94.76 80.85 9492 | 85.66 94.96 86.25 95.08

Table 2. Comparison with previous work on WLASL. “1” indicates that the model was pre-trained, and “*” indicates methods that applied
result fusion with other modalities in post-processing. Bold indicates the best performance, while underlined denotes the second-best.

please refer to Sect. 4.4. The term bone refers to the joint
data of type-1 represented in vector form, generated by di-
recting from the source joint to its target joint according to
the natural connections of the human body.

4. Experiments
4.1. Parameter Settings

We employ the AdamW optimizer with a plateau learning
rate schedule. The initial learning rate is set to 1 x 1073,
with a minimum learning rate of 1 x 10~° and a decay rate

of 0.5. The batch size is 32 and the loss function used is
cross-entropy with label smoothing. Training spans a max-
imum of 200 epochs, with the first 15 epochs serving as a
warm-up period starting from a learning rate of 1 x 10~7. A
random sample of 64 frames is selected as input, and with
a 50% probability, image mirroring is applied. A random
jitter in the range (—10, 10) is added to each joint point. In
the last two layers of SPD, joints are randomly masked with
a probability of (1 — pg,)/100 x epoch, where py,, is set to
0.9. All experiments were performed with NVIDIA A100.
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Methods NMFs-CSL

Top-1 Top-5
RGB-based
13D [5]* 64.4 88.0
HMA [15] 64.7 91.0

GLE-Net [36] 69.0 88.1
skeleton-based

ST-GCN [58] 59.9 86.8
BEST [60] 68.5 94.4
MASA [61]F 71.7 97.0
SignBERT [14]1 | 74.9 93.2
Ours 753 95.4

Ours(4-crops) 76.7 97.2

Table 3. Comparison on NMFs-CSL. Bold indicates the best per-
formance, while underlined denotes the second-best.

Slovo
Methods Top-1 Top-5
Swin-large-48 [38] 55.66 -

MViTv2-small-48 [35] | 62.18 -

MViTv2-small-32 [35] | 64.09 -
Ours 76.53 93.08
Ours(4-crops) 77.83 95.17

Table 4. Comparison with the baselines on Slovo. The final num-
ber indicates the number of frames input to the model.

Metrics. Following [22, 61, 63], we report top-1 and top-
5 classification accuracy, as well as per-instance (P-I) and
per-class (P-C) precision metrics. Each table includes re-
sults for single-crop and 4-crop inference, with all ablation
studies conducted in the single-crop setting. For 4-crops
inference, we sum the predictions from the three types of
skeleton groupings along with the bone data to obtain the
final prediction.

4.2. Dataset

We conduct experiments on four publicly available bench-
marks: WLASL, MSASL, NMFs-CSL, and Slovo. All
training occurs on the training set, with hyperparameter tun-
ing performed on the validation set.

MSASL [26] is a widely used dataset for American Sign
Language (ASL). It contains a total of 16,054, 5,287, and
4,172 samples in the training, validation, and test sets, re-
spectively, with a vocabulary of 1,000 signs. Two subsets,
consisting of the top 100 and 300 words, are defined as
MSASL100 and MSASL300, respectively.

WLASL [32] has a larger vocabulary but fewer total
samples than MSASL. It contains 2,000 signs performed
by over 100 signers, with 14,289, 3,916, and 2,878 sam-
ples in the training, validation, and test sets. Similarly, two
subsets, WLASL100 and WLASL300, are created. Both

ASL datasets are collected from real-world scenarios, of-
fering greater authenticity.

NMFs-CSL [16] is a challenging Chinese Sign Lan-
guage (CSL) dataset with a vocabulary of 1,067 and con-
sists of 25,608 and 6,402 samples in the training and test
sets, respectively.

Slovo [27] is the latest dataset for Russian Sign Lan-
guage (RSL). It contains 20,000 videos across 1,000 iso-
lated RSL gestures from 194 signers. Notably, the authors
provide 42 hand landmarks based on MediaPipe, so we do
not re-extract joint points.

4.3. Comparison with State-of-the-art Methods

In this section, we compare our model with several state-of-
the-art approaches. For single-modality methods, we cat-
egorize them as either RGB-based or skeleton-based. For
multi-modality methods, we report the performance of their
single-modality models before ensemble.

MSASL [26]. As shown in the Tab. 1, RGB-based meth-
ods have developed slowly in recent years, and our ap-
proach shows a significant improvement when compared to
them. Among skeleton-based methods, SignBERT [14] and
BEST [60] designed self-supervised learning strategies to
pre-train the model in order to alleviate issues related to lim-
ited interpretability and overfitting due to the small size of
the SLR datasets. MASA [61] and SSRL [62] address the
problem of neglecting explicit motion information and lexi-
cal signs during pre-training. However, none of these meth-
ods take into account the linguistic characteristics of sign
language itself. Compared to them, our method achieves a
substantial top-1 improvement of 7.96% in P-I and 8.2% in
P-C on the full dataset. However, SSRL performs slightly
better than our single-crop method on the 100-class sub-
set, which we speculate is due to SPD requiring a certain
amount of data to effectively learn the droppable nodes.

WLASL [32]. SAM-SLR [22] and NLA-SLR [63] are
currently the two best-performing heavy multi-modality en-
semble models. Among them, SL-GCN is the skeleton
model used in SAM-SLR for later ensemble, employing
a multi-stream approach to further improve performance.
K64 and V64 are skeleton and RGB models in NLA-
SLR that use 64-frame input, where the skeleton is repre-
sented as a heatmap sequence, allowing their keypoint en-
coder to share the same architecture with the video encoder.
DSTA [18] was the previously most accurate model. Com-
pared to their results, our top-1 accuracy achieved a 2.30%
improvement on WLASL2000.

NMFs-CSL [16]. As shown in Tab. 3, NMFs-CSL is a
balanced dataset in terms of class distribution, so we only
report the P-I accuracy. The pretraining strategy of Sign-
BERT [14] is highly effective on this dataset; however, its
performance on top-5 is suboptimal. Our model does not
use any additional training data, yet it shows a significant
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Skeleton MSASL1000 MSASL200 MSASL100 WLASL2000 WLASL300 WLASL100 NMFs-CLR
Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 | Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 | Top-1 Top-5
type-1 70.71 86.36 84.62 94.04 86.26 95.24 | 53.54 83.18 79.04 94.01 8450 94.96 | 75.26 95.47
bone 68.41 85.88 8241 9338 84.68 94.06 | 50.76 8245 7470 91.17 84.11 93.80 | 73.63 94.31
type-2 7035 86.10 85.28 94.11 8745 95.64 | 53.02 8332 7844 9341 83.72 93.80 | 7470 94.86
type-3 7035 86.10 8492 9411 8560 95.11 | 52.26 8249 78.14 9341 84.88 93.41 | 74.87 95.55
Table 5. Performance of multi-grouping VSformer on three datasets.
weighting WLASL2000 | MSASLI1000 | NMFs-CSL layer without the weak joints dropping strategy. To ensure
Top-1 Top-5 | Top-1 Top-5 | Top-1 Top-5 consistent output data shape, these two methods directly in-
sum 5398 87.07 ) 73.18 8864 | 7665 97.17 put the simplified 24 joint points. The complete SFB im-
acc 56.01 87.18 | 73.13 88.64 | 76.65 97.17

Table 6. Performance of the two ensemble methods

Methods WLASL300 WLASL2000

Top-1 Top-5 | Top-1 Top-5
Linear 74.70  92.81 | 4632 77.24
GCN 76.35 91.77 | 51.18 80.82
SPD(ours) | 79.04 94.01 | 53.54 83.18

Table 7. Comparing our SPD with GCN and linear layers.

WLASL300 WLASL2000

SPA | TMA Top-1 Top-5 | Top-1 Top-5
v 77.69 9341 | 5243 82.24
v 7799 93.26 | 52.36 81.83

v v 79.04 94.01 | 53.54 83.18

Table 8. Ablation study on the impact of our two types of attention
mechanisms.

improvement over SignBERT in overall performance, with
a 1.8% improvement in top-1 accuracy and a 4% improve-
ment in top-5 accuracy.

Slovo [27]. Slovo is a recently released RSL dataset,
with only limited experimental data available. We pro-
vide an up-to-date benchmark for better evaluating this
dataset. As shown in Tab. 4, the results for Swin [38] and
MViTv2 [35] were provided as baselines by the dataset au-
thors. Notably, the skeleton landmarks provided by the au-
thors includes only 42 hand joints, without arm data, which
partially limits our model’s performance. Despite this, we
still achieve results significantly above the baselines.

4.4. Ablation Study

In this section, we conduct several key ablation experiments
on the WLASL dataset [32] and report P-I accuracy to vali-
date the effectiveness of our approach.

SPD. We first replace SPD with two alternative meth-
ods. As shown in Tab. 7, “Linear” denotes a three-layer
Conv-2D module with the same output dimension as SPD,
while “GCN” refers to three decoupled graph convolution

plementation achieves the highest accuracy, indicating that
our dropping strategy better facilitates the extraction of sign
language action features.

Multi-Grouping. As shown in Tab. 5, we present the
final performance of four types of crops. The overall per-
formance of each grouping type varies only slightly, mainly
depending on the sample distribution of the dataset. How-
ever, integrating all four crops significantly enhances action
classification performance. The performance of the bone-
based grouping is slightly lower than that of joint-based re-
sults, primarily because our model is designed for points
and is less sensitive to vector-based data.

SAM-SLR [21] ultimately using manually set weights to
control the ensemble. However, we argue that such weights
lack interpretability. As shown in Tab. 6, we employed two
methods to integrate the results: “acc” refers to using the
individual top-1 accuracy of each crop as the weight, while
“sum” represents directly summing the outputs of the final
layer of the model. Both methods resulted in an about 2%
improvement in top-1 accuracy, demonstrating that our en-
semble approach is both general and robust.

VSformer. For our two types of self-attention, we re-
place one with a linear layer to test the performance of the
other individually. As shown in Tab. 8, the full VSformer
achieves significantly better performance, indicating that
features in both temporal and spatial dimensions are crucial
for distinguishing sign language actions.

5. Conclusion

In this work, we design a skeleton recognition model tai-
lored specifically for ISLR, termed VSNet. The core idea
of our approach is to focus on the truly essential elements
of sign language. To this end, we first introduce a weak
joints dropping strategy to prioritize more critical points
in the skeleton. We then propose the VSformer to cap-
ture the linguistic characteristics of sign language, where
Visual Symbols (VS) represent smaller components of sign
language actions. We conduct extensive experiments to val-
idate the effectiveness of the proposed VSNet, achieving
state-of-the-art performance across four benchmarks.
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