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Abstract— Viewpoint shifts significantly change how gestures
and facial expressions appear and frequently cause occlusions,
posing a critical challenge for robust Sign Language Recogni-
tion (SLR). To address this challenge, we exploit the spatial
flexibility and computational efficiency of skeleton data and
propose ViSL, a dual-stream contrastive learning framework
to learn View-invariant representations for Sign Language
understanding. Specifically, the primary and lifting streams
share a common visual feature extractor with different types
of input: the primary stream (P-Stream) directly processes
frontal-view skeleton data, and the lifting stream (L-Stream)
synthesizes skeleton data from arbitrary viewpoints based on
3D estimations. We further propose a view-invariant contrastive
loss to align representations across both viewpoints and streams.
Experimental results on the challenging cross-view setting of
MM-WLAuslan demonstrate that ViSL achieves substantial
performance improvements, highlighting its potential for robust
real-world SLR applications.

I. INTRODUCTION

Sign language, expressed through hand gestures, body
movements and facial expressions, is a primary mode of
communication within the Deaf community. Vision-based
Sign Language Recognition (SLR) aims to interpret the
semantic meaning of these expressions in a non-intrusive
manner and has developed rapidly in the last decade [1].
However, current SLR systems often struggle to generalize
beyond controlled experimental settings [46]. Challenges
such as viewpoint variability, complex backgrounds, and the
demand for real-time performance continue to limit their
effectiveness in everyday scenarios. Therefore, it is essential
to design a SLR method that can robustly capture the spa-
tiotemporal dynamics of sign language. Beyond recognition
alone, integrating such methods with robotic technologies
can overcome the limitations of static cameras by leveraging
mobility, adaptive perception, and multimodal sensing, which
opens new possibilities for natural and intuitive human-robot
interaction. Such advancements not only enhance assistive
technologies for the Deaf community but also broaden the
scope of human-robot interaction in service, education, and
social contexts.

Unlike spoken language, sign language conveys infor-
mation through face-to-face visual communication, which
indicates that SLR systems cannot always access data from
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Fig. 1. Illustration of the proposed method. The dual-stream framework
consists of a primary stream containing accurate 2D keypoints and a lifting
stream containing noisy 3D keypoints with diverse augmented views. We
employ a cross-view contrastive loss (LCV ) and a cross-stream contrastive
loss (LCS ) to reduce both viewpoint and estimation gaps.

ideal viewpoints. However, most widely used datasets are
collected primarily from the frontal view, largely overlooking
the impact of viewpoint variations encountered in real-world
scenarios. Recent works [9], [46] have reported substantial
performance drops for state-of-the-art methods under cross-
view conditions, as they struggle with occlusions, motion
blur, background clutter, and other forms of visual noise,
thereby limiting their robustness and generalization beyond
controlled environments. Some studies [14], [38], [46], [53],
[55] attempt to improve the robustness to viewpoint variabil-
ity by synthetic view augmentation and multi-modal fusion,
but a substantial performance gap remains between frontal
and non-frontal inferences, underscoring the pressing need
for more robust, viewpoint-invariant approaches.

In this paper, we propose a dual-stream contrastive learn-
ing framework to achieve view-invariant representation for
sign language recognition. As illustrated in Fig. 1, we
adopt keypoint sequences as input, leveraging their spatial
flexibility and computational efficiency, and further exploit
different types of pose estimators. Specifically, the primary
stream operates on 2D estimations, which provide higher
accuracy but fail to capture depth cues in sign videos. The
lifting stream employs 3D estimations to model viewpoint
variations, effectively narrowing the gap between seen and
unseen views while synthesizing inaccurate 2D samples.

To better exploit the complementary information in dual
streams, we share the visual feature extracted between
streams, and propose a view-invariant contrastive loss to
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align cross-view and cross-stream representations. Consid-
ering the noisy level of different pairs, we adopt asymmetric
constraints for intra- and inter-stream pairs respectively. To
achieve more stable optimization, we introduce learnable
proxies to explicitly align cross-view, cross-stream pairs.
Experimental results on the challenging cross-view setting of
large-scale sign language dataset verify the effectiveness of
the proposed framework, which achieves significant improve-
ments while keeping inference lightweight by maintaining
only the P-Stream. Besides, the consistent behavior under
various viewpoints reveals the potential of the proposed
method in real-world applications, which can be further
combined with the mobility of robotic technology to achieve
more flexible human-robot interaction. In summary, our
contributions are summarized as follows:

1) Exploring the usage of different pose estimators in sign
language recognition, and demonstrating the effective-
ness of leveraging 3D estimations to enhance view-
invariant representation.

2) Proposing a view-invariant contrastive loss to bridge
the gap between different estimators and viewpoints
in a non-fusion way, which can improve performance
while preserving the lightweight efficiency of single-
stream inference.

3) Designing a dual-stream contrastive learning frame-
work that effectively integrates accurate 2D localiza-
tion with complementary 3D depth cues to learn view-
invariant representations, achieving significant perfor-
mance improvements and highlighting its potential for
real-world applications.

II. RELATED WORK

A. View-invariant Sign Language Recognition

Sign language recognition, which aims to interpret the
semantic meaning of sign language gestures, serves as a
fundamental task in sign language understanding. Exist-
ing SLR approaches often leverage the human pose pri-
ors [19], [21], [65], [66], language priors [25], [56], [62],
[67], and monotonous alignment between input and label
sequences [4], [8], [15], [36] to guide the learning of
discriminative representation from fine-grained video data.
Although these methods achieve remarkable progress in
both accuracy and efficiency, Shen et al. [46] demonstrate
that state-of-the-art SLR models suffer severe performance
degradation under varying viewpoints. Compared to face
or action recognition [45], [50], [54], most current SLR
datasets are recorded from the front view, and recognizing
sign language from side views is particularly challenging due
to the fine-grained nature of the gestures, which often leads
to significant occlusion issues.

Recent works [14], [38], [46], [48], [53], [55] have
explored the cross-view SLR setting, where models are
evaluated on viewpoints not encountered during training.
For example, [14] introduced multi-view training with
a view-fusion strategy to enhance representation learning,
while [38] leveraged an off-the-shelf 3D whole-body mesh

recovery model to generate synthetic multi-view data from
frontal-view input. However, these methods adopt simple
augmentation or ensemble methods without considering the
unique challenges met in sign language. To address these
limitations, we propose ViSL, which not only learns more
discriminative view-invariant features but also reduces the
impact caused by inaccurate estimation.

B. Multi-view Contrastive Learning

Contrastive loss is a classical training objective [6] in deep
metric learning that operates on pairs of inputs, minimizing
the distance between positive pairs while maximizing the
distance between negative pairs. Its extended variants have
been widely used in both supervised [43], [51] and unsu-
pervised learning [16], [37], which also show impressive
improvement in visual representation learning. For instance,
several successful attempts [5], [13], [17] in self-supervised
learning demonstrate that simple contrastive frameworks can
improve various downstream tasks. Building on this idea,
[23] extends the self-supervised contrastive approach to
the fully-supervised setting and outperforms cross-entropy-
based methods. Additionally, some works [31], [58] explore
proxy-based strategies to mitigate optimization challenges
in contrastive learning, showing promising effectiveness in
domain generalization.

Due to the success of contrastive learning, several works
leverage it to learn view-invariant representation. [2], [28],
[35], [44], [60] address multi-view action recognition by
treating different viewpoints of the same action as posi-
tive pairs and pulling them closer together. [12] introduces
additional contrast among temporally augmented features.
Beyond action-level contrast, [49] employs a view-level con-
trastive objective to group different samples from the same
viewpoint, thereby disentangling semantics from viewpoint
and yielding more discriminative representations. Similar to
this paradigm, [48] proposes to address view-invariant SLR
by utilizing a contrastive multi-task learning paradigm that
disentangles view from sign semantics. Different from these
methods, we additionally notice the noise introduced by 3D
estimation and propose a cross-stream contrastive loss to
leverage the complementary strengths of different estimates
in spatial localization and depth perception.

C. Robot-assisted Human-Centered Tasks

With the rapid development of robotic technology, diverse
human-centered tasks have applied perceptive and adaptive
robots, including intention prediction [22], [24], [33], tra-
jectory prediction [41], [52], and target tracking [18], [29].
These works point to promising directions for deeper human-
computer interaction, where robots dynamically adapt their
actions to situational contexts to enhance both performance
and user experience. To foster inclusive communication
between the Deaf community and the wider society, previous
research [11], [26], [30], [34], [39], [40] has explored robot-
assisted sign language recognition (SLR). These systems
typically rely on camera-equipped devices to capture sign
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Fig. 2. During training, both 2D and 3D keypoints are estimated as the input for primary and lifting stream. The estimated 3D mesh is projected to diverse
viewpoints to generate synthetic 2D keypoints. Keypoint sequences are processed by a shared visual feature extractor with cross-view LCV, cross-stream
LCS and proxy-based LPCS contrastive learning to learn view-invariant representations. Notably, only the primary stream is used during inference.

language videos, coupled with algorithms for sign recog-
nition. For instance, [40] deployed SLR techniques on
the humanoid robot Pepper to recognize signs and display
the results on its screen. Similarly, [26] integrated large
language models to enable Pepper to generate co-speech
gestures. While these approaches enhance convenience for
people with hearing and speech impairments, current systems
cannot adapt to the signer’s position, requiring a direct-
facing orientation. This limits the flexibility of the SLR
system in dynamic environments and diminishes usability.
By integrating our method with robotic mobility, we enable
more flexible and seamless human-robot interaction.

III. METHOD

In this section, we first formulate the problem and demon-
strate the baseline in III-A. Then we propose the cross-view
contrastive learning, which helps model learning view-robust
representations in III-B. After that, we discuss the necessity
and challenge of leveraging both the depth information from
3D estimation and the accurate localization of 2D estima-
tion, and present the proxy-assisted cross-stream contrastive
learning in III-C. An overview of the proposed method is
presented in Fig. 2.

A. Preliminary

As shown in Fig. 2, we adopt both 2D and 3D esti-
mated keypoints as input, considering their complementary
strengths in spatial localization and depth perception. For a
given view-specific input data Xv recorded from viewpoint
v, we employ a modified version of ST-GCN F [10] with a
learnable adjacency matrix A:

Z = F(Xv;A), (1)

where the input keypoints can be either 2D or 3D (Xv ∈
R{2D,3D}), The objective of cross-view sign language recog-
nition is to learn a view-invariant representation that gener-
alizes across a range of viewpoints v ∈ [−α, α], including
those not present in the training set. As illustrated in Fig. 2,
the adopted baseline method synthesizes input data for
unseen views based on 3D estimations as previous work
does [38], and is supervised with a cross-entropy loss LCE.

B. Cross-view Contrastive Learning

Since most available sign language data is collected from
the frontal view, we focus on a setting where training data is
restricted to the frontal view, while evaluation data includes
varying viewpoints. To improve generalization to unseen
viewpoints, we first generate synthetic 2D keypoints with
diverse viewpoints, and then leverage a contrastive loss to
learn more discriminative yet view-invariant representation.

As shown in Fig. 2, we first reconstruct 3D human
meshes from sign language videos, and subsequently project
them onto multiple virtual cameras to obtain 2D keypoints
with diverse viewpoints. Following the standard contrastive
learning framework [5], we generate two different synthetic
views (Xv1

i , Xv2
i ) for each input sample Xi, and adopt a

supervised contrastive loss [23] to provide supervision to
enforce view-invariant representation:

LCV(i) = − 1

|P (i)|
∑

p∈P (i)

log
exp (si,p/τ)∑2N

k=1 I[k ̸=i] exp (si,k/τ)
,

(2)
where N denotes the batch size, P (i) is the set of synthetic
samples sharing the same label as Xi within the batch, si,p
calculates the cosine similarity between Zi and Zp, and τ
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is the temperature hyperparameter controlling the sharpness
of the distribution. The utilization of supervised contrastive
loss enables multi-positive contrast, leading to more stable
optimization and faster convergence.

C. Cross-stream Contrastive Learning

For skeleton-based sign language recognition, keypoint
sequences can be obtained using either 2D or 3D estimators,
such as DWPose [57], Mediapipe [32], and OSX [27]. While
2D estimators offer high localization accuracy, 3D estimators
capture richer spatial relationships, which can be used to
generate 2D keypoints from unseen viewpoints. However,
due to the high annotation cost and the inherently ill-posed
nature of 3D reconstruction, both estimated 3D keypoints
and synthetic 2D keypoints are typically less accurate than
direct 2D estimates. This discrepancy motivates an explicit
alignment mechanism that can jointly leverage the richer
depth context from 3D estimation and the higher localization
fidelity of 2D estimation.

To address this challenge, we design a dual-stream frame-
work that leverages both 2D and 3D inputs and introduce a
cross-stream contrastive learning strategy to enhance view-
invariance with the help of 3D information. As shown in
Fig. 2, the primary stream takes 2D keypoints as input,
providing precise localization but lacking depth information.
In contrast, the lifting stream uses 3D human mesh to
synthesize 2D keypoints as described in the previous section,
offering auxiliary 3D context at the cost of lower accuracy.
By jointly training the dual streams with a shared visual
feature extractor, the proposed framework can enhance the
3D awareness of the primary stream while maintaining its
localization accuracy with proper supervision.

Besides the noise inherent in 3D estimation, 2D and 3D
estimators use heterogeneous keypoint formats [42], inducing
a domain gap that makes implicit alignment challenging. To
explicitly align the 2D and 3D feature spaces and narrow the
gap between different annotation formats, we further propose
a cross-stream contrastive loss. Since 3D lifting is noisy, the
synthesized 2D keypoints may not coincide with directly es-
timated 2D keypoints, yielding false positive/negative pairs,
necessitating a noise-robust contrastive loss. We therefore
adopt RINCE [7] that performs robustly to noisy pairs to
model the cross-stream relationships. We use its supervised
variant similar to view-invariant loss, formulated as:

LCS(i) = − 1

η1 · |Q(i)|
∑

q∈Q(i)

(
exp (s̃i,q/τ)

−
(
λ1

2N∑
k=1

I[k ̸=i] exp (s̃i,k/τ)
)η1

)
,

(3)

where Q(i) is the set of samples from the other stream that
share the same label as Xi within the batch, s̃i,q measures
the cosine similarity between Z(2D)

i and Z(3D→2D)
q , the

hyperparameter λ controls the contribution of negative pairs,
and η ∈ (0, 1] balances the exploitation and exploration.
A larger η places more weights on easy positive pairs and
performs more robustly to noise [7]. To further bridge the

Estimated 2D Samples

Learnable Proxy Negative Samples

Synthetic 2D Samples

Similarity Matrix Feature Space

ℒCV ℒCS
ℒPCS

ℒCV

ℒCS

ℒPCS

Fig. 3. Illustration of the proposed contrastive learning method. Synthetic,
estimated, and proxy features are concatenated into a single batch, and
contrastive losses are computed from the corresponding regions of the
similarity matrix.

estimation gap and enforce view-invariant representation, we
additionally leverage a proxy-based contrastive loss and align
both 2D and 3D samples to their corresponding learnable
class proxies:

LPCS(i) = − 1

η2 · |C(i)|
∑

c∈C(i)

(
exp (ŝyi,c/τ)

−
(
λ2

2N∑
k=1

I[k ̸=i] exp (ŝyi,k/τ)
)η2

)
,

(4)

where C(i) is the set of samples that share the same label
as Xi within the batch, ŝi,q measures the cosine similarity
between Zi and its corresponding learnable proxy.

D. View-invariant Contrastive Learning

As mentioned above, we propose three kinds of con-
trastive losses to improve the view-invariant representation
with different contrastive pairs. As shown in Fig. 3, the
representation used in contrastive learning is composed of
2N synthetic 2D samples from the L-Stream, N estimated
2D samples from the P-Stream, and N learnable proxies,
resulting in a 4N × 4N similarity matrix. The final view-
invariant contrastive objective is formulated as follows:

LV I = LCV + LCS + LPCS . (5)

It is worth noting that both the lifting stream and the
learnable proxies are employed to enforce view-invariant
representations in a non-fusion manner, meaning that only
the P-Stream is retained during inference. Consequently,
the proposed method introduces no additional computational
overhead at the inference stage.

IV. EXPERIMENT

A. Experimental setup

Datasets. Our experiments are conducted on MM-
WLAuslan [46], a large-scale multi-view multi-modal Aus-
tralian sign language (Auslan) recognition dataset, which
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TABLE I
COMPARISON WITH SOTA METHODS (TOP-1, %) ON MM-WLAUSLAN.

THE ENTRIES DENOTED BY ‘†’ ARE IMPLEMENTED BY [46], THE

ENTRIES DENOTED BY ‘‡’ ARE IMPLEMENTED BY [48], ‘∗’ DENOTES

FUSION WITH ADDITION DEPTH MODALITY.

Method Modality Test
RGB Skeleton Fusion

Methods on the CV-ISLR Challenge [47]

gkdx2 [53] ✓ 20.29
WANGXINYU1 [55] ✓ 25.39
VIPL_SLP [38] ✓ 36.15
VIPL_SLP [38] ✓ 45.99
gkdx2* [53] ✓ 24.53
WANGXINYU1* [55] ✓ 33.97
Tonicemerald [63] ✓ 40.30
VIPL_SLP [38] ✓ 56.87
VIPL_SLP* [38] ✓ 57.97

State-of-the-art Methods

VKNet-V† [67] ✓ 14.53
STC-SLR‡ [61] ✓ 25.72
VKNet-K‡ [67] ✓ 28.04
DSTA-SLR‡ [20] ✓ 28.66
CMVSR [48] ✓ 43.12
UMDR*† [64] ✓ 22.82
NLA-SLR‡ [67] ✓ 33.23

Baseline (P-Stream) ✓ 45.53
Baseline (L-Stream) ✓ 52.75
Ours ✓ 67.14

contains 282K+ sign videos covering 3,215 glosses in Aus-
lan. In the cross-view setting, where models are evaluated
on the viewpoints unseen during training, only frontal-view
videos are used in the training set. We use side-view valida-
tion sets (left-front and right-front) for model selection and
additionally report performance on the frontal-view valida-
tion set for comparison. The test sets contain only side-view
videos, and are divided into 4 subsets to manipulate real-
world scenarios: in-the-wild (ITW) set, synthetic background
(SYN) set, studio (STU) set and the temporal disturbance
(TED) set. The split ratio of training, validation and testing
set is 6:3:4.

Evaluation Metrics. We use Top-1 accuracy to evaluate
the proposed method. The results on side-view validation sets
are averaged for conciseness. The final test performance is
computed as the average across all four subsets.

Implementation Details. We crop all sequences to a fixed
length of 64 frames for both training and inference. For 3D
viewpoint augmentation, elevation (up-down) and azimuth
(left-right) rotation angles are sampled within [−10◦, 10◦]
and [−35◦, 35◦] respectively. We train the model for 100
epochs on a single NVIDIA RTX 3090. AdamW optimizer
is adopted, and the initial learning rate is set to 0.001, divided
by 10 at the 70th and 95th epoch. The dimension of learnable
proxy is 512. Both λ1 and λ2 are set to 0.01 in Eq. 3 and 4,
and η1 is set to 1, η2 is set to 0.1. The P-Stream adopts 2D
keypoints estimated by DWPose [57] as input, and the L-
Stream adopts 3D keypoints obtained by OSX [27] as input
with synthetic view augmentation.

TABLE II
ABLATION ON ESTIMATED AND SYNTHETIC 2D KEYPOINTS (TOP-1, %).

VAL (F): FRONTAL-VIEW VALIDATION; VAL (S): AVERAGE OVER

LEFT/RIGHT-FRONT VALIDATION; TEST: AVERAGE OVER ALL

LEFT/RIGHT-FRONT TEST SETS.

Training set Testing set Val (F) Val (S) Test

Estimated Estimated 92.58 50.26 45.53
Synthetic Synthetic 86.17 24.11 22.60
Synthetic (aug) Synthetic 86.49 57.78 52.75
Synthetic (aug) Estimated 70.67 49.81 45.45

[10∘, 0∘]

(0∘, −30∘)

(−10∘, 0∘)

(0∘, 0∘)

(0∘, 30∘)

Fig. 4. Comparison between the baseline (P-Stream) and ViSL across
different synthetic viewpoints. We estimate 3D keypoints from the frontal-
view validation set and rotate them to the desired angles for evaluation.

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

We compare our method with SOTA approaches on the
MM-WLAuslan dataset [46]. As shown in Tab. I, previous
SOTA methods fail to maintain competitive results in the
cross-view setting due to the large viewpoint variations.
Moreover, methods in the CV-ISLR challenge [47] often
rely on model ensembles to boost performance. The best-
performing method [38] leverages both viewpoint augmen-
tation and multi-modal fusion, achieving a Top-1 accuracy
of 57.94%. Despite relying solely on the skeleton data,
our method achieves 67.14%, outperforming all existing
approaches by a large margin (+9.2%) and surpassing the
best-performing skeleton-based method by 21.15%, demon-
strating its effectiveness in handling viewpoint variations.

Compared to the state-of-the-art model trained solely on
skeleton [38], our P-Stream baseline achieves comparable
performance (45.53%) without viewpoint augmentation, at-
tributable to DWPose’s [57] precise keypoint localization
and the strong framework. Although the L-Stream baseline
utilizes noisy keypoints than the 2D counterpart, incorpo-
rating view augmentation boosts its accuracy to 52.75%.
Finally, the proposed method further improves performance
to 67.14% with the view-invariant contrastive loss, demon-
strating the effectiveness of integrating precise localization
with complementary depth information.

Fig. 4 further visualizes the effectiveness of view-invariant
recognition. While the baseline model suffers a significant
performance drop under large deviations from the frontal
view, the proposed ViSL model consistently maintains robust
performance across different viewpoints.
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TABLE III
ABLATION ON THE DESIGNS OF CROSS-VIEW CONTRASTIVE LEARNING

(TOP-1, %).

P-Stream L-Stream LCV LCS LPCS Val(F) Val(S) Test
✓ 92.58 50.26 45.53

✓ 86.49 57.78 52.75
✓ ✓ 86.94 59.69 54.94

✓ ✓ ✓ 91.63 70.62 65.31
✓ ✓ ✓ ✓ 92.02 71.44 66.13
✓ ✓ ✓ ✓ ✓ 92.64 71.71 67.14

C. Ablation Results

Ablation on pose estimators. Tab. II shows that training
and evaluating solely on synthetic 2D keypoints based on
estimated mesh [27] yields substantially lower performance
(24.11% on validation set) compared to using 2D keypoints
estimated by DWPose (50.26%), highlighting the inferior
localization accuracy of the 3D pose estimator. Interest-
ingly, augmenting with synthetic keypoints from different
viewpoints significantly boosts accuracy on the synthetic
2D keypoints (from 24.11% to 57.78%), confirming the
strong benefit of injecting depth-derived rotational diversity
during training. However, performance drops when testing
on estimated 2D keypoints (from 57.78% to 49.81%) likely
due to the mismatches in keypoint formats and distributions.
Overall, these findings reveal a pronounced domain gap
between 2D and 3D estimation results.

Ablation on contrastive loss design. As shown in Tab.
III, incorporating LCV can improve the performance of
baseline (L-Stream) from 57.78% to 59.69%, which indicates
that explicitly tightening intra-class distance and enlarging
inter-class margins yields more discriminative, view-invariant
features. Joint training of both streams results in a sig-
nificant performance boost, demonstrating that co-learning
effectively generalizes across heterogeneous keypoint for-
mats. Further introducing LCS and LPCS raises performance
to 71.71%, highlighting the benefit of explicitly enforcing
compact class clusters and leveraging proxy centroids.

Another interesting observation from Tab. III is that
frontal-view and side-view performance are largely uncor-
related. While the L-Stream substantially improves perfor-
mance in the side-view setting, it suffers a drop on the frontal
validation set (from 92.58% to 86.49%), likely due to noisy
3D keypoints. Combining the primary and lifting streams
helps mitigate this estimation noise, and incorporating LCS

and LPCS further enhances frontal-view performance, bring-
ing it on par with using P-Stream only.

Ablation on the hyperparameter of loss design. We test
a range of values for η1, and fix the best η1 to test the best η2.
As shown in Tab. IV, for η1, the best performance is achieved
when η1 = 1. The model generally improves as the value of
η1 increases, suggesting that softer constraints are robust to
noisy pairs. The optimal value for η2 is 0.1, and a smaller
η2 performs better. Since proxy partially mitigates noisy
pairs, stricter constraints encourage the model to explore by
learning from hard pairs, therefore boosting the performance.

TABLE IV
ABLATION ON DIFFERENT VALUES OF η1 AND η2 ON THE VAL (S) SET

(TOP-1, %).

Value 0.01 0.05 0.1 0.2 0.5 0.8 1
η1 70.16 70.04 69.85 70.09 70.69 71.29 71.44
η2 71.62 71.59 71.71 71.38 71.54 70.54 70.72

D. Qualitative Results

Impacts of viewpoint variation. Fig. 5 presents represen-
tative success and failure cases. Signs involving pronounced
depth trajectories (e.g., back-and-forth arm motions) exhibit
significant appearance shifts when observed from side views.
The proposed ViSL model effectively infers implicit depth
cues to handle these variations, enabling correct recognition
even under such unseen viewpoints.

In failure cases, incorrect predictions are typically seman-
tically related or kinematically similar to the ground-truth
glosses under side views. These misclassifications suggest
that ViSL relies primarily on coarse limb orientations, lead-
ing to ambiguity among signs with subtle differences. This
highlights the necessity of incorporating more fine-grained
features for robust cross-view SLR.

V. DISCUSSION

Recent advances in sign language recognition have largely
benefited from research in computer vision and natural
language processing [3], [59]. Yet, sign language is not only
a rich, multi-modal form of human communication but also
a structured and highly informative signal for interaction. Its
spatiotemporal patterns, hand and body dynamics, and facial
expressions provide dense cues that can support intention
understanding, trajectory prediction, and adaptive behavior.
Conversely, robotic platforms offer controlled and mobile
environments for large-scale, multi-view, and multi-modal
SLR data collection, enabling the study of complex inter-
actions that are difficult to capture otherwise. However, the
interaction between sign language and robotics capabilities
remains largely unexplored. Integrating robust SLR into
robots could enable more natural and inclusive human-
robot communication. We hope that this perspective inspires
more research that bridges sign language understanding and
robotics, moving beyond conventional SLR benchmarks to
real-world, dynamic, and interactive applications.

VI. CONCLUSIONS

Sign language recognition systems are prone to degra-
dation under viewpoint changes, limiting their utility in
assisting the Deaf community. In this study, we introduce a
dual-stream contrastive learning framework that learns view-
invariant representations. A cross-view contrastive learning
loss promotes a more discriminative feature space, while
a cross-stream contrastive learning loss fuses accurate 2D
localization with complementary 3D depth cues. Leveraging
class proxies can further improve cross-stream alignment.
Experimental results demonstrate that ViSL can achieve
state-of-the-art performance on unseen viewpoints using only
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Fig. 5. Qualitative success and failure cases. Given side-view input, we show the corresponding frontal-view videos to highlight appearance differences
caused by viewpoint variations for success cases. For failure cases, we show the side-view clip of the predicted gloss to illustrate the potential confusion.

skeleton modality, and the method remains lightweight at
inference. Based on the proposed view-invariant framework,
we further advocate introducing robotic agents into SLR
systems to enable view-adaptive SLR, thereby extending the
accessibility and inclusivity of advanced human-computer
interactive technologies to the Deaf community.
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