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Effectively capturing co-occurrence signals, such as hand shapes, ?
facial expressions, and body postures, is criricafj%r semantic understanding in sign language ‘e 3
recognition (SLR) and translation (SLT). Although skeleton data offer greater ejﬁ'ciency and ﬁ @O =
robustness than RGB inputs, existing methods typically rely on pairwise graph structures, limiting Adjacency Matrix
their ability to model complex high-order interactions across body regions. To address this 4
limitation, we propose HyperSign, a hierarchical hgverg?‘agh neural network that systematically ';::; 7
captures high-order co-occurrence patterns among diverse body parts. The Co-occurrence Grap ) T
Perception Module jointly learns relational structures via three complementary pathways. To Learnable Hypergraphy  Face Handpign,
Sfurther enhance structural modeling and semantic consistency, a Meta-Part Hypergraph Fusion *1 .
Module abstracts feature streams from the hands, face, and body into unified hypergraph nodes, FEL e Stk
while leveraging empirically derived co-ocecurrence priors to model high-order cross-part el
dependencies. Moreover, an uncertainty-aware collaborative distillation mechanism guides the ﬁ o
madel to focus on critical body regions. Extensive experiments on standavd SLR and SLT T bicn —_
benchmarks demonstrate that HyperSign not only outperforms existing skeleton-based o iy it ]
approaches in both speed and accuracyebur also achieves competitive or superior results . o e i S Fomearil il et
- - - am dienstag wird es Wi efwas
compared to several SOTA RGB-based methods across multiple evaluation metries. T w3 e gl T
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Hopicprph To effectively model high-order semantic co-occurrence relationships among
joints in skeleton sequences, we design the CGP Module, which integrates
{ Co-occurrence Graph Perception Module X 4’] . N
three complementary topological structures:
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Subpose  { » Pl f » The traditional graph convolution operation captures physical
\ y ) L o=y r [ joint relationships as follows:
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- Faon = GON(X,,, A) € RT*VXCA2,
Sub-pose
Figure 1: Detailed architecture of HyperSign, integrating sub-pose features # Dynamic Geometric Hypergraph Path
to capture high-order body-part relations. » Apply temporal average pooling to obtain a compact representation:
te Q1 . T 8 N 1
* HyperSign Framework Fpool = AvgPool,(X,) € RV*0/2,

As illustrated in Figure 1, HyperSign consists of two core modules. The
CGP module takes multi-stream inputs from the hands, face, body, and
whole skeleton to model high-order semantic co-occurrence patterns within D-E.J = ||F|_,UU|_¢ — Fpuul,_-;‘|
local regions. The MPHF module then explicitly captures cross-part
structural dependencies by leveraging linguistically inspired co-occurrence
priors. To handle dynamie shifts in attention during sign expressions, we
introduce an UACD mechanism. H.x = SUftII'J.?_lX(Fpggj . E;) e RV*P,
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» Compute the pairwise squared Euclidean distances between joints:

2
5

# Soft Semantic Hypergraph Path

» Capture high-order semantic co-occurrence relationships among joints:

For the SLT task, we adopt ROUGE and BLEU4 as evaluation metrics. As

— oo PHOENINVIT DEV/TEST) CSLDaily (DEV/TEST) shown in Table 1, Hypcr?lgn consistently achle:’cs the best performar.lce

ROUGE / BLEU4 ROUGE/ BLEU4 ROUGE / BLEU4 ROUGE / BLEU4 across all datasets and splits. On the PHOENIX-2014T dataset, HyperSign

RGE-based obtaings ROUGE/BLEU4 scores of 54.36/28.81 on the DEV set and

STMC (Zhou et al. 2021b) TMM 482472408 4665/ 2365 - 54.26/29.35 on the TEST set, surpassing the best skeleton-based SOTA, by
M B (Chen et al. 20224) CVFR 531072761 52,65/ 2839 53.38/ 2442

1/ 2/ 2 i
eam SLT (Chenet al. 2022} NewrlPS ~ 5408/28.66  53.48/2895  55.10/25.76 +1.04/+0.71 and +0.72/+0.32, respectively.
wr :
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5572125,
i I+ (Hu et al, 2023 TPAMI  SLI2/2495  S50.63/2570 e
IOV 4372/2212 4249/214  36T0/1L07 3 ' o
GASLT (Yin et al. 2023) CVPR - 39.07/1574 iy 350407 . COHCIUSIOH
P-SLT (Yao et al. 2023) ICCV  $443/2820  S372/2197  M33/1674  4409/1672 : : .
CV-SLT (Zhao el al. 2024) AAAL  SS05/2955  S454/2982  5636/2824 5762894 This paper presents HyperSign, the first

Skeleton-based skeleton-based method that systematically models high-order semantic co-
TwoStream-SLT (Chen et al. 2022b) NeurlPS ~ 5332/28.10  53.09/2842  54.03/25.01 550712542 occurrence for sign language recognition and translation. HyperSign jointly
SignBERT+ (Hu et al, 2023a) TPAMI 44.89/20.41 —-i- i - o - .
MSKA (Guan et al, 2025) PR 535472903 SIS4/2506 540472552 constructs physical graphs, Iec::)mctr.lc hypergraphs, and semantic P“’“’FyPﬁ
HyperSign (Ours) = S436/2881  5426/2935  S521/2639  56.14/2687 hypergraphs to capture multidimensional co-occurrence patterns at the joint
Improvement = +1.04 £ 4071 +0.72/ +0.32 +1.18/+1.23 +1.07/+135

level, while a meta-part hypergraph further models cross-region semantic
Table 1: ROUGE and BLEU4 scores (higher is better) on PHOENIX- interactions. In addition, an Uncertainty-Aware Collaborative Distillation
2014T and CSL-Daily. Best results are in bold. mechanism is introduced to enhance the model’s focus on critical
expressive regions.



