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Abstract

Effectively capturing co-occurrence signals, such as hand
shapes, facial expressions, and body postures, is critical for
semantic understanding in sign language recognition (SLR)
and translation (SLT). Although skeleton data offer greater
efficiency and robustness than RGB inputs, existing meth-
ods typically rely on pairwise graph structures, limiting their
ability to model complex high-order interactions across body
regions. To address this limitation, we propose HyperSign,
a hierarchical hypergraph neural network that systemati-
cally captures high-order co-occurrence patterns among di-
verse body parts. The Co-occurrence Graph Perception Mod-
ule jointly learns relational structures via three complemen-
tary pathways: (1) traditional graph convolutions for mod-
eling physical joint connections, (2) dynamic geometric hy-
pergraphs constructed via k-nearest neighbors to encode lo-
cal spatial patterns, and (3) soft hypergraphs generated by
learnable prototypes to reveal latent semantic associations.
To further enhance structural modeling and semantic con-
sistency, a Meta-Part Hypergraph Fusion Module abstracts
feature streams from the hands, face, and body into uni-
fied hypergraph nodes, while leveraging empirically derived
co-occurrence priors to model high-order cross-part depen-
dencies. Moreover, an uncertainty-aware collaborative dis-
tillation mechanism guides the model to focus on critical
body regions. Extensive experiments on standard SLR and
SLT benchmarks (e.g., PHOENIX-2014, PHOENIX-2014T,
and CSL-Daily) demonstrate that HyperSign not only out-
performs existing skeleton-based approaches in both speed
and accuracy but also achieves competitive or superior re-
sults compared to several state-of-the-art RGB-based meth-
ods across multiple evaluation metrics.

Introduction

Sign language is a primary means of communication within
the deaf community, where semantics are conveyed through
coordinated movements involving the hands, face, and body.
These articulations exhibit strong spatial structures and in-
tricate temporal dynamics. Within this context, Sign Lan-
guage Recognition (SLR) aims to map sign language video
sequences to continuous streams of gloss-level labels, while
Sign Language Translation (SLT) extends this process by
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Figure 1: Hierarchical Hypergraph Modeling of Co-
occurring Signals in Sign Language. The figure illustrates
co-occurring signals in sign language, where expressive
units emerge from interactions among the hands, face, and
body. HyperSign models these high-order dependencies via
hierarchical hypergraphs for accurate gloss prediction and
translation.

generating grammatically correct and semantically fluent
sentences from the recognized glosses. Both tasks pose sig-
nificant challenges due to the inherent complexity and struc-
tural richness of sign expressions.

In recent years, RGB-based approaches for SLR and SLT
have achieved substantial progress. However, RGB inputs
often suffer from visual redundancy and incur high com-
putational costs. By contrast, skeleton data provide a com-
pact and structured representation that filters out irrelevant
visual content, allowing models to focus on the essential
structural dynamics of sign gestures. Despite these advan-
tages, skeleton-based methods generally fall short of their
RGB counterparts. CoSign (Jiao et al. 2023) attributes this
performance gap to the uniform treatment of all keypoints
as a single input, which hampers the model’s ability to
learn structured semantic representations. To mitigate this
issue, it proposes a part-based strategy that partitions key-
points into groups and processes them separately, thereby
preserving localized structural information. Building upon
this idea, MSKA (Guan et al. 2025) incorporates attention
mechanisms to model the varying strengths of inter-joint re-



lationships, enabling the network to capture latent depen-
dencies embedded in the skeletal topology. In addition, sev-
eral skeleton-based methods for SLR and SLT (Pu, Lim, and
Chong 2024; Lin et al. 2024; Li et al. 2025) have demon-
strated encouraging progress. However, their core model-
ing paradigms largely remain confined to pairwise relational
structures. Such modeling schemes exhibit clear limitations
when tasked with capturing the higher-order relational de-
pendencies that are prevalent in sign language. In practice,
expressive units in sign language, such as a specific hand
configuration or a compound posture that conveys interrog-
ative intent, are typically formed through coordinated and
synchronous movements involving multiple joints, as illus-
trated in Fig. 1. These functional entities emerge from com-
plex co-occurrence patterns that span across different body
regions and cannot be adequately represented by conven-
tional pairwise graphs.

To address the limitations of conventional pairwise re-
lational modeling in sign language understanding, we in-
troduce HyperSign—a hierarchical hypergraph neural net-
work framework tailored to capture the high-order relational
structures intrinsic to sign language expressions. At the
heart of HyperSign is a hierarchical disentanglement mech-
anism that systematically models multi-granular, heteroge-
neous, and semantically co-occurring dependencies. This is
achieved through a bottom-up process that maps low-level
keypoints to higher-level body components, enabling struc-
tured representation of complex sign semantics.

At the joint level, we introduce a Co-occurrence Graph
Perception (CGP) Module that concurrently models three
complementary types of structural dependencies. First, a
physical graph encodes the topological connectivity among
joints, capturing intrinsic anatomical constraints. Second, a
dynamic geometric hypergraph captures local spatial corre-
lations to model coordinated joint patterns. Third, a learn-
able prototype hypergraph captures semantic consistency
and reveals latent co-occurrence structures. By structurally
disentangling these components, the module enables unified
and flexible modeling of heterogeneous graph representa-
tions, allowing the network to jointly learn multidimensional
spatial dependencies and local co-occurrence patterns within
a single framework.

At the body-part level, we propose the Meta-Part
Hypergraph Fusion (MPHF) Module, which abstracts the
feature representations of key anatomical regions such as
the hands, face, and body into nodes of a meta-level hy-
pergraph. To capture high-order co-occurrence and semantic
interactions across body parts, the module introduces prior-
guided meta-hyperedges that explicitly encode inter-part re-
lational structures. In addition, to account for the dynamic
shift of information focus in sign language expressions,
we propose an Uncertainty-Aware Collaborative Distillation
(UACD) mechanism. This method estimates the uncertainty
of each body-part stream and dynamically assigns reliability
weights to construct a weighted consensus teacher. By em-
phasizing more reliable and informative regions, the model
is guided to attend more effectively to critical body parts
during training.

The main contributions are summarized as follows:
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* We introduce HyperSign, a hierarchical hypergraph neu-
ral network that offers a new perspective on structured
representation in sign language by jointly modeling high-
order co-occurrence across both joint and body-part lev-
els for the first time.

* We design the Co-occurrence Graph Perception and
Meta-Part Hypergraph Fusion modules, integrating phys-
ical structural graphs, dynamic geometric hypergraphs,
learnable semantic hypergraphs, and linguistically in-
formed cross-part hyperedges to model high-order se-
mantic synergy from local joints to the entire body.

* We introduce an Uncertainty-Aware Collaborative Distil-
lation mechanism to improve the model’s focus on criti-
cal body parts and enhance expression understanding.

» Extensive experiments on several standard SLR and
SLT benchmarks demonstrate the superiority of our
method in both speed and accuracy, outperforming ex-
isting skeleton-based models.

Related Works
Sign Language Recognition and Translation

Skeleton-based representations have gained increasing at-
tention in both sign language recognition (SLR) and sign
language translation (SLT) due to their robustness to view-
point changes and occlusions. The goal of SLR is to tran-
scribe continuous video or skeleton sequences into gloss-
level word sequences, while SLT further maps these se-
quences into grammatically correct spoken-language sen-
tences. Most existing methods employ CNNs, GCNs, or
Transformer-based architectures to extract spatiotemporal
features (Niu and Mak 2020; Hu et al. 2023b; Zheng et al.
2023; Jiang et al. 2024; Zhang et al. 2025; Guan et al.
2025). For instance, CoSign captures co-occurrence pat-
terns between hands and torso via skeleton graphs (Jiao
et al. 2023). The decoding typically involves connectionist
temporal classification (CTC) (Graves et al. 2006), though
its weak supervision can hinder convergence. To mitigate
this, recent works leverage frame-level knowledge distilla-
tion (Chen et al. 2022b; Guo et al. 2023; Guan et al. 2025),
improving feature discriminability. SLT is often modeled as
a neural machine translation task, where visual encoders ex-
tract semantic features from video inputs, which are then
decoded into natural language text. To enhance translation
quality, many approaches incorporate semantic-level super-
vision, such as pretraining on SLR or adopting joint train-
ing strategies (Chen et al. 2022a; Zhou et al. 2021b; Guan
et al. 2025). In our work, we follow the latter strategy to im-
prove cross-task generalization through unified optimization
of SLR and SLT.

Hypergraph Learning Methods

Unlike traditional pairwise graph structures, hypergraphs
connect multiple nodes simultaneously via hyperedges, of-
fering a more expressive and flexible mechanism for mod-
eling complex high-order relationships. Hypergraph learn-
ing is first introduced by (Zhou, Huang, and Scholkopf
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Figure 2: Detailed architecture of HyperSign, integrating sub-pose features to capture high-order body-part relations.

2006), whose core idea is to explicitly model high-order de-
pendencies among samples through hyperedge construction
and to enhance learning by propagating information via hy-
pergraph convolution operations. Subsequent studies (Feng
et al. 2019; Gao et al. 2022; Lei et al. 2025; Guo et al.
2026) further validate that well-designed hyperedges effec-
tively capture non-local and multi-way interactions. Bene-
fiting from their inherent capability to model complex struc-
tures, hypergraph methods have recently been applied to var-
ious vision tasks with promising results (Feng et al. 2024;
Zhou et al. 2024).

Methods
Preliminaries

We propose a unified framework, HyperSign, that jointly
models skeleton-based SLR and SLT. Inspired by prior
works (Chen et al. 2022b; Guan et al. 2025), we use HR-
Net (Wang et al. 2020) to extract 133 skeletal keypoints.
From these, we select 76 representative joints for down-
stream modeling, including 42 from the hands, 25 from the
face, and 9 from the body. As illustrated in Fig. 2, Hyper-
Sign 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 pat-
terns within local regions. The MPHF module then explic-
itly captures cross-part structural dependencies by leverag-
ing linguistically inspired co-occurrence priors. To handle
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dynamic shifts in attention during sign expressions, we in-
troduce an UACD mechanism.

Co-occurrence Graph Perception Module

To effectively model high-order semantic co-occurrence re-
lationships among joints in skeleton sequences, we design
the CGP Module, which integrates three complementary
topological structures: a physical structural graph, a dy-
namic geometric hypergraph, and a soft semantic hyper-
graph. This unified design enables the capture of localized
collaborative patterns from multiple perspectives, as illus-
trated in Fig. 3.

Given a skeleton sequence of length T, we represent it as
a tensor X € REXTXN wwhere C' = 3 denotes the feature
channels comprising two normalized spatial coordinates and
one confidence score, 7' is the temporal length, and NV is
the number of selected keypoints. The input tensor is first
processed by two independent 1 x 1 convolutional branches:

X, X; = R(Convy, (X)), R(Convg, (X)) € RT*N*C/2
(1

where R(-) denotes a reshape operation.

Static Graph Path. GCN is applied using a fixed adja-

cency matrix A € RV *¥ encoding anatomical connections.

The traditional graph convolution operation captures physi-
cal joint relationships as follows:

Faon = GON(X,, A) € RTXN*C/2, )



Dynamic Geometric Hypergraph Path. To model the lo-
cal spatial proximity among joints, we dynamically con-
struct a K-nearest neighbor (KNN) hypergraph based on the
temporally pooled pose features X. First, we apply tempo-
ral average pooling to obtain a compact representation:

Fpo0 = AvgPooly(X;) € RV*C/2, 3)

We then compute the pairwise squared Euclidean dis-
tances between joints:

Di,j = ||Fpool,i @

For each joint i, we select its k = 8 nearest neighbors to
form a hyperedge, resulting in N hyperedges in total. Each
hyperedge connects one center node and its corresponding
k nearest nodes. The hypergraph is encoded using an inci-
dence matrix Hy,,, € RV*N_ where Hy,u[i, j] = 1 if node
7 belongs to the ¢-th hyperedge (centered at node ¢), and 0
otherwise.

= FpooLj3-

Soft Semantic Hypergraph Path. To capture high-order
semantic co-occurrence relationships among joints, we
construct a soft semantic hypergraph based on learnable
prototype-based attention. Specifically, we introduce a set
of P learnable semantic prototypes E, € R” *C/2 and com-
pute a weighted incidence matrix as:

ET) c RNXP

Hiore = Softmax(F oo - E,

&)

each entry Hgop[i, j] represents the soft affiliation strength
of joint ¢ to semantic prototype j, thereby forming a set of
soft hyperedges that encode cross-joint semantic affinities.

Hypergraph Computation and Fusion. To comprehen-
sively capture localized co-occurrence patterns, we fuse out-
puts from three complementary paths. Specifically, we con-
catenate the semantic and geometric hypergraphs to form a
unified incidence matrix:

thper - [Hsoft ‘ Hknn] € RNX(P+N). (6)

Subsequently, X; is propagated through a hypergraph
convolution operation to obtain enhanced representations:

(N

where the hypergraph convolution (Gao et al. 2020) is de-
fined as:

Fuyp = HyperConv(X,, Hyyper) € RTXNXC/Q’

1 1
HyperConv(F,H) = F + D, >’ HWD_'H'D, *FO,
(®)
in which D,, and D, are the degree matrices of the vertices
and hyperedges, respectively, W is a diagonal matrix of hy-
peredge weights, © is the learnable transformation matrix,
and F is the input node feature matrix.
To adaptively combine structural and hypergraph-based
representations, we employ a gating mechanism:

G = o (MLP ([Faon | Fuye])) ®

Ffused = GO Fgen + (1 — G) © Fayp,  (10)

where o(-) denotes the sigmoid activation function and ©
represents the Hadamard product.
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Figure 3: Structure of the Co-occurrence Graph Perception
Module.

Finally, the fused features are reshaped and passed
through a 1 x 1 convolutional layer to adjust the output di-
mensionality. A residual path is added for stability. The re-
sulting features are fed into a Temporal Convolutional Net-
work module, which effectively captures long-range tempo-
ral dependencies across frames:

Y = TCN (COHVﬁnal (R (Ffuscd))

+ Convresidual(x)) S RC, xT'x N. (1 1)

Meta-Part Hypergraph Fusion Module

As illustrated in Fig. 2, we propose the MPHF module to
model high-level interactions among full-body regions. The
part-level features are extracted from the output of the four-
stage CGP module. Specifically, we define P = 5 semantic
regions: left hand, right hand, face, body, and whole, each
serving as a node in the hypergraph. Let X* € R4Cx T xN
denote the feature tensor for part p. To obtain frame-level
representations, we apply average pooling along the key-
point dimension: F? = AvgPool y(X?) € RC*% . The
resulting feature is then transposed to a frame-major format,
producing Fr € RT*4C Al part-wise features are then
stacked along the part axis to form the unified meta-part rep-
resentation: Xpay € RTXPx4C,

Based on prior knowledge of co-occurrence and coordi-
nation among body parts, we define the hyperedge set as:

&= {{Oa 1, 2}7 {2a 374}7 {17374}7 {07 374}} y

where node indices represent: 0—whole, 1—body, 2—face,
3—right hand, 4—Ileft hand. The corresponding incidence
matrix is:

Hmeta = € {0, 1}5><4,

OO =
R R PP,OO
=—_O = O
_ =0 o

where each row corresponds to a semantic part node and
each column to a hyperedge.



Hypergraph Reasoning and Fusion. To model the se-
mantic dependencies among different parts, we apply two
layers of hypergraph convolution over the input enhanced
with positional embeddings. The input is defined as:

2 = Xpuri + Epart € RTXPX4C, (12)

where Epe € RIXPX4C 5 a learnable part-level embed-
ding. The hypergraph reasoning process is formulated as:

Z"*Y) = HyperConv""(Z") Hye), 1=0,1, (13)

which allows semantic information to propagate across parts
within each frame, enabling explicit modeling of high-
order co-articulations. The final hypergraph-enhanced fea-
tures Z(? € RT*P*4C gre split along the part dimension
and fused with the original part-wise features through resid-
ual connections:

Fo, = FP+2O i, e RTC p=1,..,P, (14)
where i, denotes the index of part p in the hypergraph node
set.

Loss Function

Uncertainty-Aware Collaborative Distillation. To fur-
ther enhance the collaborative modeling of multi-view se-
mantics, we introduce an UACD mechanism. This mecha-
nism adaptively computes confidence weights based on the
entropy discrepancies of prediction distributions from dif-
ferent visual heads and fuses their knowledge to construct a
soft teacher distribution. During training, the outputs of all
visual heads are aligned with this soft teacher via KL diver-
gence, guiding the model to more stably attend to critical
body parts.

Specifically, we concatenate the enhanced features of all
body parts along the channel dimension to obtain a fused

5 .
feature stream: Fepeemple = Concat (Fgm) o1’ After obtain-

ing the enhanced part-level features and the fused repre-
sentation, we feed them into six parallel Visual Head mod-
ules. Each visual head consists of a linear projection layer,
a nonlinear activation function, a normalization layer, and a
classification output layer, independently producing frame-
level classification outputs denoted as {L; € R%*V |
i = 1,...,6}. We then compute the predicted probabil-
ity distribution for each visual head’s logits L; as Q; =
softmax(L; ), and estimate the prediction entropy as an un-
certainty measure:

.
Hy = = Qi(v)log(Qi(v) +¢), (15)
v=1

where € is a small constant to ensure numerical stability,
and V is the number of classes. The teacher logits are
obtained by confidence-weighted summation Lieacher =
Z?:l w; - L;, where the confidence weights are computed
exp(—Hi/T)
S5 exp(=H;/7)’
eter 7 controlling the smoothness of the weight distribu-
tion. The teacher logits are then softened by a temperature

as w; = with temperature hyperparam-

factor Ty to obtain the soft label distribution Qteacher =
softmax(Lieacher/T4), and each student head prediction is
similarly softened as Q;(Ty) = softmax(L;/Ty). Finally,
the distillation loss is computed as the average Kullback-
Leibler divergence between the teacher distribution and each
student prediction:

6

Laistin = é;KL(thachcr | Qi(Ta)). (16)
HyperSign-based SLR. For the skeleton-based sign lan-
guage recognition task, each semantic stream is indepen-
dently fed into a recognition branch supervised by the CTC
loss to predict the gloss sequence. To further enhance multi-
view collaboration, we incorporate the UACD-based distil-
lation loss Lg;stin described earlier. The overall SLR objec-
tive is formulated as:

6
1
Lsir ==Y CTC(Li,G) +a- Lawm,  (17)
6 i=1
where o = 0.5 is a hyperparameter that balances the contri-
bution of the distillation loss.

HyperSign-based SLT. For sign language translation, the
fused features are projected via a lightweight MLP into
the input embedding space of a pretrained mBART (Liu
et al. 2020) model. The entire translation branch is opti-
mized end-to-end using a combination of the recognition
loss Lsr,r and the sequence-level cross-entropy loss Lo =
CrossEntropy (S, S), where S and S denote the ground-
truth and predicted spoken language sentences, respectively.
The final SLT objective is defined as

Lsir = Lcw + LsiR- (18)

Experiments
Datasets and Evaluation Metrics

We evaluate our method on three public benchmark datasets
for sign language recognition and translation: PHOENIX-
2014 (Koller, Forster, and Ney 2015), PHOENIX-2014T
(Camgoz et al. 2018), and CSL-Daily (Zhou et al. 2021a).
PHOENIX-2014 is used for SLR, while PHOENIX-2014T
and CSL-Daily provide annotations for both SLR and SLT.
All ablation studies are conducted on the PHOENIX-2014T
dataset.

* PHOENIX-2014. A German sign language dataset with
1,295 glosses, containing 5,672 training, 540 validation,
and 629 test samples from 9 signers.

* PHOENIX-2014T. An extended version of PHOENIX-
2014 with glosses and spoken sentence translations, in-
cluding 1,085 glosses and 7,096 training, 519 validation,
and 642 test samples.

* CSL-Daily. A large-scale Chinese sign language dataset
with 2,000 common glosses, consisting of 18,401 train-
ing, 1,077 validation, and 1,176 test samples.

Following standard practice in previous work, we use
Word Error Rate (WER) as the evaluation metric for SLR,
and adopt BLEU (Papineni et al. 2002) and ROUGE-L (Lin
2004) scores for evaluating SLT performance.



PHOENIX14 PHOENIX14T L-Dail;
Method O (o) CSL-Daily

DEV/TEST DEV/TEST DEV/TEST

RGB-based
VAC (Min et al. 2021) 21.2/223 —/- 33.3/32.6
SMKD (Hao, Min, and Chen 2021) 20.8/21.0 20.8/224 28.4/21.5
CMA (Pu et al. 2020) 21.3/219 —/- —/-
STMC (Zhou et al. 2021b) 21.1/20.7 19.6/21.0 —/-
MMTLB (Chen et al. 2022a) -/- 21.9/225 -/-
C2SLR (Zuo and Mak 2022) 20.5/20.4 20.2/20.4 —/-
TLP (Hu et al. 2022) 19.7/20.8 19.4/21.2 -/-
CorrNet (Hu et al. 2023b) 18.8/19.4 18.9/20.5 30.6/30.1
TwoStream-SLR (Chen et al. 2022b)  18.4/18.8 17.7/19.3 25.4/25.3
SignBERT+ (Hu et al. 2023a) 19.9/20.0 18.8/19.9 —/-
CTCA (Guo et al. 2023) 19.5/20.1 19.3/20.3 31.3/294
CVT-SLR (Zheng et al. 2023) 19.8/20.1 19.4/20.3 —/-
mLTSF+GFE (Xie et al. 2023) 22.9/23.0 —/= —/-
AdaBrowse+ (Hu et al. 2023c) 19.6 /20.7 19.5/20.6 31.2/30.7
Skeleton-based
TwoStream-SLR (Chen et al. 2022b)  28.6/28.0 27.1/272 34.6/34.1
SignBERT+ (Hu et al. 2023a) 34.0/34.1 32.9/33.6 —/—
CoSign-1s (Jiao et al. 2023) 209/21.2 20.4/20.6 29.5/29.1
CoSign-2s (Jiao et al. 2023) 19.7/20.1 19.5/20.1 28.1/27.2
MSKA (Guan et al. 2025) 20.5/21.2 19.6/19.8 27.5/27.1
HyperSign (Ours) 18.2/18.8 18.6/19.2 26.1/25.7
Improvement +1.5/+1.3 +0.9/+40.6 +1.4/+1.4

Table 1: Word Error Rate (WER %, lower is better) on
PHOENIX-2014, PHOENIX-2014T, and CSL-Daily. Best
results are in bold.

Implementation Details

Our architecture comprises four sequential CGP modules
with output channels of 64, 128, 128, and 256, followed by
a single MPHF module. Temporal resolution is reduced to
one-fourth of the input length for efficiency. For the SLR
task, we train the model for 100 epochs using the Adam op-
timizer with an initial learning rate of 1 x 1073, a batch size
of 4, and a beam width of 5 during decoding. For the SLT
task, we initialize the translation module with the pretrained
mBART-large-cc25 model and use a lightweight MLP to
project skeletal features into its input embedding space. The
MLP is trained with a learning rate of 1 X 10~3, while the
skeleton encoder and translation module are fine-tuned with
1 x 1075, Training runs for 100 epochs under the same set-
tings as SLR. All experiments are conducted on a single
NVIDIA RTX A4000 GPU using the PyTorch 2.6.0 frame-
work under the Ubuntu 20.04.6 operating system.

Comparison with State-of-the-arts

For the SLR task, results in Table 1 show that HyperSign
consistently performs strongly across all datasets and splits.
On PHOENIX-2014, HyperSign achieves WERs of 18.2%
and 18.8% on DEV and TEST, reducing WER by 0.2% com-
pared to TwoStream-SLR on DEV, and by 1.5%/1.3% com-
pared to CoSign-2s on DEV/TEST. On PHOENIX-2014T, it
obtains 18.6% and 19.2% on DEV and TEST. While 0.9%
higher than TwoStream-SLR on DEYV, it reduces WER by
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0.1% on TEST. Compared to CoSign-2s and MSKA, it re-
duces WER by 0.9%/0.9% and 1.0%/0.6% on DEV/TEST.

For the SLT task, we adopt ROUGE and BLEU4 as
evaluation metrics. As shown in Table 2, HyperSign con-
sistently achieves the best performance across all datasets
and splits. On the PHOENIX-2014T dataset, HyperSign ob-
tains ROUGE/BLEU4 scores of 54.36/28.81 on the DEV
set and 54.26/29.35 on the TEST set, surpassing the best
skeleton-based SOTA, by +1.04/+0.71 and +0.72/+0.32, re-
spectively. Compared with RGB-based models, HyperSign
outperforms TwoStream-SLT in BLEU4 (29.35 vs. 28.95)
on the TEST set and achieves a ROUGE score comparable to
CV-SLT (54.26 vs. 54.54), demonstrating competitive trans-
lation quality without relying on RGB inputs. On the CSL-
Daily dataset, HyperSign achieves ROUGE/BLEU4 scores
of 55.21/26.39 on the DEV set and 56.14/26.87 on the TEST
set, exceeding MSKA by +1.18/+1.23 and +1.07/+1.35.

Furthermore, as shown in Table 3, HyperSign exhibits sig-
nificantly better efficiency than existing approaches, achiev-
ing the lowest FLOPs and parameter count while delivering
the fastest inference speed.

Reference:  das hilft gegen die trockenheit
(That helps against the drought)
MSKA: es bleibt meist trocken
(It stays mostly dry)
HyperSign: das hilft gegen die trockenheit
(That helps against the drought)
Reference:  es wird deutlich freundlicher
(The weather will get much nicer)
MSKA: am freundlichsten wird es im siiden
(The nicest weather will be in the south)
HyperSign: es wird deutlich freundlicher
(The weather will get much nicer)
Reference: &4 R4z 2RI P4 &2, B2 K KM P RIFI
(We should not only learn from success,
but also draw lessons from failure)
MMTLB:  #41& & F R &K a9 3]
(We should be good at learning from failure)
HyperSign: &AMt &4 42 5%, kM2 R IR

(We should not only learn from success,
but also draw lessons from failure)

Figure 4: Qualitative translation results on PHOENIX-
2014T and CSL-Daily datasets.

Ablation Study

As shown in Table 4, we conduct a module-wise ablation
study on the PHOENIX-2014T dataset for the SLR task.
The baseline model, composed of four spatiotemporal graph
convolution layers, achieves a WER of 27.3%/28.1%. Intro-
ducing the CGP module significantly improves performance
to 20.8%/21.1% by modeling joint-level co-occurrence.



PHOENIX-2014T (DEV / TEST)

CSL-Daily (DEV / TEST)

Method Pub
ROUGE / BLEU4 ROUGE / BLEU4 ROUGE / BLEU4 ROUGE / BLEU4
RGB-based
STMC (Zhou et al. 2021b) TMM 48.24/24.08 46.65 /23.65 -/- -/ -
MMTLB (Chen et al. 2022a) CVPR 53.10/27.61 52.65/28.39 53.38/24.42 53.25/23.92
TwoStream-SLT (Chen et al. 2022b) NeurIPS ~ 54.08 / 28.66 53.48 /28.95 55.10/25.76 55.72/25.79
SignBERT+ (Hu et al. 2023a) TPAMI 51.12/24.95 50.63/25.70 -/- -/-
GFSLT-VLP (Zhou et al. 2023) ICCV 43.72/22.12 42.49/21.44 36.70/11.07 36.44/11.00
GASLT (Yin et al. 2023) CVPR -/- 39.07/15.74 -/- 20.35/4.07
IP-SLT (Yao et al. 2023) ICCV 54.43/28.22 53.721/27.97 44.33/16.74 44.09/16.72
CV-SLT (Zhao et al. 2024) AAAI 55.05/29.55 54.54/29.52 56.36 / 28.24 57.06 / 28.94
Skeleton-based

TwoStream-SLT (Chen et al. 2022b) NeurIPS ~ 53.32/28.10 53.19/28.42 54.03/25.01 55.07/25.42
SignBERT+ (Hu et al. 2023a) TPAMI 45.53/19.86 44.89/20.41 -/- -/ -
MSKA (Guan et al. 2025) PR 52.67/27.63 53.54/29.03 53.54/25.16 54.04/25.52
HyperSign (Ours) - 54.36 / 28.81 54.26 / 29.35 55.21/26.39 56.14 / 26.87
Improvement - +1.04 /+0.71 +0.72 / +0.32 +1.18/+1.23 +1.07 / +1.35

Table 2: ROUGE and BLEU4 scores (higher is better) on PHOENIX-2014T and CSL-Daily. Best results are in bold.

Method Params M) | FLOPs(G)|l FPST
SMKD 31.6 183.2 913
TwoStream 104.8 312.7 318
CoSign-2s 30.1 28.2 -
MSKA 44.1 30.1 1224
Ours 28.4 27.3 1397

Table 3: Model complexity and inference speed on
PHOENIX-2014T.

Adding the MPHF module further reduces the WER to
18.9%/19.7% through cross-part semantic fusion. Finally,
incorporating the UACD module leads to the best result
of 18.6%/19.2%. These results confirm the complementary
benefits of each component and validate the overall design
of our hierarchical semantic modeling strategy. We also con-
duct a joint ablation study of the hyperparameters K and
P in the CGP module on the PHOENIX-2014T dataset,
with results presented in Table 5. Here, K denotes the num-
ber of nearest neighbors in the dynamic geometric graph,
and P represents the number of semantic part prototypes.
The results reveal that performance is generally sensitive to
both parameters. The best WER of 18.6%/19.2% is achieved
when K = 8 and P = 8. When either K or P deviates from
this optimal setting, performance tends to degrade slightly.

Baseline CGP MPHF UACD | DEV/TEST
v X X X 27.3/28.1
4 v X X 20.8/21.1
v v 4 X 18.9/19.7
4 v v v 18.6/19.2

Table 4: Module-wise ablation
for SLR (WER, %).

study on PHOENIX-2014T
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P

7 18.7/19.4 18.7/19.3 18.8/19.5
8 18.6/19.5 18.6/19.2 18.7/20.0
9 189/194 19.0/20.1 189/19.7

Table 5: Joint ablation of hyperparameters K and P in the
CGP module on PHOENIX-2014T for SLR. Results are re-
ported as WER (%) in the format of DEV/TEST.

Qualitative Analysis

Fig. 4 illustrates qualitative comparisons between model
outputs and reference texts. Green highlights indicate cor-
rect translations, while red highlights mark incorrect ones.
HyperSign consistently aligns well with the reference in
both semantics and structure, while MSKA and MMTLB
frequently exhibit semantic drift or omit critical information.
For example, MSKA introduces irrelevant details (e.g., “in
the south”), and MMTLB, in the Chinese example, omits the
contrastive structure and shows semantic confusion.

Conclusion

This paper presents HyperSign, the first skeleton-based
method that systematically models high-order semantic co-
occurrence for sign language recognition and translation.
HyperSign jointly constructs physical graphs, geometric hy-
pergraphs, and semantic prototype hypergraphs to capture
multidimensional co-occurrence patterns at the joint level,
while a meta-part hypergraph further models cross-region
semantic interactions. In addition, an Uncertainty-Aware
Collaborative Distillation mechanism is introduced to en-
hance the model’s focus on critical expressive regions. Ex-
perimental results show that HyperSign outperforms exist-
ing skeleton-based approaches in both accuracy and effi-
ciency across multiple benchmarks.
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