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Abstract

This paper summarizes the results of the second Multi-
modal Sign Language Recognition Challenge, SignEval
2026, organized at CVPR 2026. The challenge featured
two tracks: (i) a Continuous Sign Language Recognition
(CSLR) task based on the newly curated Isharah dataset,
a Saudi Sign Language dataset, and (ii) an Isolated Sign
Language Recognition (ISLR) task using the MultiMeDaLIS
dataset, a multimodal Italian Sign Language corpus tai-
lored for doctor–patient communication. Two tasks are
defined within the CSLR track: Signer-Independent and
Unseen-Sentences. The Signer-Independent task evaluates
a model’s ability to generalize across different signers, a
critical property for scalable real-world CSLR systems.
The Unseen-Sentences task assesses the model’s capabil-
ity to recognize novel sentence compositions by leveraging
learned grammar and semantics. The challenge utilized two
leaderboards to showcase submitted methods, with partici-
pants setting new benchmarks and achieving state-of-the-
art results across both tracks. More information on the
challenge, tasks, leaderboards, baselines, and development
kits is available at: https://m-slrt.github.io/
MSLR2026/.

1. Introduction

Sign language recognition has become an active research
area in computer vision and multimodal learning, driven by
the need for accessible communication technologies and by
the growing availability of benchmark datasets across dif-
ferent sign languages and sensing modalities. Despite re-
cent progress, two challenges remain central: robust con-
tinuous sign language recognition in realistic sentence-
level settings, and privacy-preserving isolated sign language
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recognition when visual sensing is unavailable or undesir-
able. These two directions motivate SignEval 2026, the sec-
ond challenge organized within the CVPR Multimodal Sign
Language Recognition Workshop.

SignEval 2026 is structured into two complementary
tracks. Track 1 addresses Continuous Sign Language
Recognition (CSLR) using the Isharah dataset [5], a large-
scale Saudi Sign Language (SSL) benchmark contain-
ing sentence-level samples recorded in realistic environ-
ments. To evaluate different forms of generalization, this
track is further divided into signer-independent and unseen-
sentence tasks. Track 2 focuses on Isolated Sign Lan-
guage Recognition (ISLR) using MultiMeDaLIS [47], a
multimodal Italian Sign Language (ISL) benchmark de-
signed for patient-doctor communication. In contrast to
the multimodal isolated track of SignEval 2025 [43], the
2026 edition restricts evaluation to radar-only Range-Time
Maps (RTMs), encouraging methods that operate without
identity-bearing visual information and are therefore suit-
able for privacy-sensitive settings such as hospitals and out-
patient environments. Together, the two tracks provide a
broad view of the current sign language recognition land-
scape, spanning both sequence-level linguistic modeling
and compact privacy-aware sensing.

This paper presents the datasets, task definitions, evalu-
ation settings, leaderboard outcomes, and participating sys-
tems of SignEval 2026. For Track 1, we summarize the re-
sults of the signer-independent and unseen-sentence CSLR
tasks and discuss the dominant modeling strategies adopted
by the top teams. For Track 2, we report the outcomes of
the radar-only isolated-sign challenge, compare them with
contextual baselines and prior MultiMeDaLIS results, and
analyze the main methodological trends emerging from the
submitted reports.

This CVPR Workshop paper is the Open Access version, provided by the Computer Vision
Foundation. Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.
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2. Literature Review

2.1. Continuous Sign Language Recognition

CSLR is commonly formulated as a sequence-to-sequence
learning problem that involves three core components: vi-
sual feature extraction, temporal sequence modeling, and
alignment or decoding. The feature extraction stage cap-
tures spatial appearance and short-term motion patterns, the
sequence modeling stage learns long-range temporal depen-
dencies, and the alignment component establishes corre-
spondence between video frames and gloss sequences [19].

For visual representation learning, convolutional neu-
ral networks (CNNs) are widely used [10, 11, 28, 72].
Early approaches relied on 2D CNNs for frame-level fea-
tures [11, 28], while later works explored 3D CNNs to
model short-term spatio-temporal cues [10, 72]. More re-
cently, Vision Transformers (ViTs) have been introduced to
capture global spatial dependencies [3, 41]. Pose-based rep-
resentations have also been explored to explicitly model hu-
man motion [24, 33]. Despite their effectiveness, these ap-
proaches often struggle with fine-grained motion modeling
and generalization.

For temporal modeling, most methods employed tempo-
ral convolutional networks (TCNs) followed by recurrent
neural networks (RNNs) to efficiently capture both short-
term and long-term temporal dependencies [31, 34]. More
recently, Transformer-based architectures [9, 13, 71] have
demonstrated strong performance by capturing global de-
pendencies through self-attention.

A key challenge in CSLR is learning from unsegmented
sequences with only gloss-level annotations. While early
methods relied on hidden Markov models (HMMs) [36, 69],
Connectionist Temporal Classification (CTC) has become
the dominant approach due to its ability to enable end-to-
end training without frame-level supervision. Building on
this, Cui et al. [12] proposed a recurrent CNN framework
with CTC-based alignment and iterative refinement, while
Cheng et al. [11] introduced a fully convolutional model
with a gloss feature enhancement module.

Beyond unimodal approaches, multimodal learning has
been explored to improve representation quality. Methods
such as TwoStreamSLR and STMC integrate RGB and pose
information [10, 70], while other works incorporate atten-
tion mechanisms, correlation modeling, and multi-stream
designs to enhance spatio-temporal representations [27, 29].
To address data limitations, some studies leverage cross-
lingual data or self-supervised pretraining [24, 67]. In con-
trast, Alyami and Luqman [4] proposed CLIP-SLA, which
adapts pretrained vision-language models using parameter-
efficient modules to align visual features with gloss em-
beddings, improving generalization while maintaining ef-
ficiency, particularly in low-resource settings.

Recent works have focused on improving spatio-

temporal modeling [25, 66, 66, 71]. Wang et al. [66]
proposed STNet with enhanced spatial and temporal mod-
ules, while Zhu et al. [71] introduced MAM-FSD, which
combines motor attention and self-distillation for improved
motion modeling. More recently, Hu et al. [25] pro-
posed MTCNet, which models motion dynamics through
cross-frame refinement and temporal-channel recalibration,
achieving strong performance on benchmark datasets. In
addition, Conformer-based models have been explored to
combine convolution and self-attention for joint local and
global modeling [2].

2.2. Isolated Sign Language Recognition

ISLR assigns a single gloss to a temporally bounded sign-
ing clip. Although simpler than continuous sign language
recognition, it remains challenging because discriminative
information is distributed across handshape, motion trajec-
tory, body pose, and non-manual components.

Progress in ISLR has been largely driven by vi-
sual benchmarks such as MS-ASL, WLASL, and
AUTSL, which supported CNN-based, 3D convolu-
tional, transformer-based, and pose-driven models for
word-level recognition [7, 14, 40, 57, 61]. De Coster
et al. showed that combining pose flow, hand crops,
and self-attention improves RGB-based recognition [14],
while pose-based transformers and other landmark-driven
methods demonstrated that structured body, hand, and
facial keypoints can provide competitive performance
with lower computational cost [7, 40]. Multimodal visual
approaches further combined RGB-D, motion, and skeletal
cues through multi-branch architectures, confirming the
effectiveness of appearance-based sensing when both
manual and non-manual components are available [62].

For Italian Sign Language in healthcare-oriented set-
tings, MultiMeDaLIS introduced a multimodal benchmark
for patient-doctor communication, with synchronized RGB,
RGB-D, lidar, and 60 GHz radar acquisitions over 126 iso-
lated classes, including 100 medical signs and 26 alphabet
letters [47]. Subsequent work on the same corpus explored
multisource visual learning from RGB, depth, optical flow,
and skeleton representations [8], while the SignEval 2025
challenge established MultiMeDaLIS as a reference bench-
mark for comparative ISLR evaluation [43].

At the same time, camera-based systems remain prob-
lematic in privacy-sensitive environments such as hospitals
and outpatient settings. This has motivated research on RF
and radar sensing, which capture motion without storing
identity-bearing imagery and are less affected by illumina-
tion variability [16–18, 45]. Early studies showed that RF
sensing can support sign classification in non-visual settings
[18], while related analyses highlighted the relevance of
radar micro-Doppler patterns for sign characterization and
corpus development [17, 45]. Later works extended this line
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to word-level recognition, trigger-sign detection, and more
realistic sequential and interactive settings [16, 37, 38, 54].
In parallel, radar representations have also proved effec-
tive in related gesture and motion analysis tasks through
Range-Doppler, FMCW, and spectrogram-like encodings
[6, 15, 32]. However, much of this literature focuses on
ASL, generic gestures, or limited-vocabulary settings, leav-
ing open the question of radar-based recognition for larger
and domain-specific sign lexicons.

This gap is particularly relevant for MultiMeDaLIS. Mi-
neo et al. proposed a radar imaging framework based on
multi-antenna Range-Doppler Maps and Moving Target In-
dication for isolated LIS recognition in medical commu-
nication scenarios [48]. TRACE extended this direction
by aligning radar features with textual embeddings through
prompt-conditioned contrastive learning [49]. More re-
cently, SABRE introduced the first benchmark on the
frequency-domain radar branch of MultiMeDaLIS using
Range-Time Maps (RTMs), together with a dedicated base-
line combining convolutional encoding, bidirectional tem-
poral modeling, attention pooling, and metric supervision
[51]. These developments motivate the isolated track con-
sidered in this work, which focuses on radar-only recogni-
tion of isolated LIS signs in a compact, privacy-preserving,
and clinically grounded setting [43, 47, 51].

3. Track 1: Continuous Sign Language Recog-
nition Track

3.1. Task Description
The first track in the SignEval 2026 challenge focuses on
CSLR, where the objective is to predict gloss sequences
(i.e., sentence-level sign representations) from pose-based
input signals. Participants are provided with pose features
extracted from the Isharah dataset [5] and are expected
to design models capable of generalizing to both unseen
signers and previously unseen sentence compositions. The
Isharah dataset contains more than 30,000 RGB video clips
representing approximately 2,000 distinct sentences in SSL,
performed by 18 different signers. Within this track, two
separate evaluation tasks are defined: signer-independent
and unseen-sentence recognition.
Task 01 - Signer-Independent. This task evaluates how
well a model generalizes across different individuals. Mod-
els are trained using data from a subset of signers and are
then tested on completely unseen signers. The training set
includes 19,500 samples collected from 12 signers. The de-
velopment set consists of 1,950 samples from a signer not
included in training. The test set contains 7,800 samples
from five additional signers who are absent from both train-
ing and development splits.
Task 02 - Unseen-Sentences. This task focuses on eval-
uating the model’s ability to recognize sentence structures

that were not observed during training. While the model
has seen individual glosses in different contexts, it has not
encountered the exact sentence combinations present in the
evaluation data. The dataset for this task contains 20,900
training samples, along with 550 samples each for develop-
ment and testing.

3.2. Dataset

Figure 1. Samples from the Isharah dataset [5]. The pose infor-
mation of the signers are used in the CSLR track of the SignEval
challenge.

Both CSLR tasks are based on the Isharah dataset [5],
a large-scale and diverse resource designed to support re-
search in sign language recognition and translation. The
dataset comprises 30,000 video clips of SSL sentences per-
formed by 18 fluent signers, including deaf individuals,
hard-of-hearing participants, and professional interpreters.
It covers around 2,000 unique sentences spanning multiple
real-world domains such as healthcare, transportation, ed-
ucation, legal services, and emergency situations. Samples
from the dataset are shown in Figure 1.

All recordings were captured using the front-facing cam-
eras of smartphones in natural environments, resulting in
significant variability in background, lighting, and record-
ing conditions, thereby reflecting realistic deployment sce-
narios. Pose features are extracted using the MediaPipe
Holistic model [68], which provides landmarks for the
signer’s body, hands, and face on a per-frame basis. From
these outputs, we select a total of 86 keypoints, including
21 landmarks per hand, 24 upper-body landmarks, and 20
keypoints corresponding to the lip contour.

3.3. Evaluation Metrics
Performance in the CSLR tasks is assessed using the Word
Error Rate (WER) as the primary evaluation metric. WER
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quantifies the discrepancy between the predicted gloss se-
quence and the ground-truth sequence by considering sub-
stitutions (Sub.), deletions (Del.), and insertions (Ins.). It is
computed as:

WER =
Sub. + Del. + Ins.
Reference Length

× 100% (1)

3.4. Results and Participating Teams
3.4.1. Baselines
For both CSLR tasks, we developed a pose-based base-
line model. For each frame, 42 landmarks correspond-
ing to both hands are used, forming a temporal sequence
P = p1, p2, . . . , pT with dimensionality T × 42 × 2. This
representation is reshaped into T × 84 and passed through
a linear embedding layer to project it into a d-dimensional
feature space. The architecture is based on a Transformer
encoder [64], leveraging stacked self-attention layers to
model temporal dependencies. Specifically, the model com-
prises four Transformer encoder layers augmented with si-
nusoidal positional encodings to retain temporal order infor-
mation. No auxiliary losses are introduced between layers,
enabling the model to progressively accumulate temporal
context through residual connections. Following the Trans-
former stack, temporal resolution is gradually reduced via a
combination of two 1D average pooling layers and TCNs,
which together capture longer-range dependencies. Finally,
a multi-layer perceptron produces frame-wise gloss predic-
tions.

3.4.2. Results
The results for the CSLR track are presented in Table
1 (Singer-Independent) and Table 2 (Unseen-Sentences).
The top-performing teams converged on two dominant
paradigms: graph convolutional networks (GCNs) for struc-
tured keypoint modeling and attention-based encoders (in-
cluding Conformer and Transformer variants) for long-
range temporal dependencies. Teams such as TEMPO [21],
LiftSign [52], VIPL SLP, El-iitk, Suvajit PatraL, BioRG
[42], and Tawasul [1] built on multi-stream or hybrid archi-
tectures that separately process spatial and motion features,
followed by sequence modeling via BiLSTMs, GRUs, or
Transformer blocks. Many teams also applied cross-stream
consistency, temporal pooling, or attention mechanisms to
improve generalization.

Task 1 proved to be more manageable, with the top
three teams (TEMPO, LiftSign, VIPL SLP) achieving Test
WERs below 6.5%. TEMPO narrowly led the leaderboard
with a WER of 5.68%, benefiting from a two-stream ST-
GCN backbone augmented with temporal modeling mod-
ules and robust regularization. LiftSign and VIPL SLP fol-
lowed closely, combining multi-stream processing and en-
semble strategies to improve temporal receptive fields and
mitigate overfitting.

By contrast, Task 2 highlighted the challenge of gen-
eralizing to unseen sentences, where WERs approximately
quintupled for most teams. LiftSign and VIPL SLP main-
tained the top positions with Test WERs of 27.35% and
27.62%, respectively, illustrating that careful temporal
modeling, dual supervision, and ensemble strategies can
partially compensate for the lack of exposure to novel sen-
tence structures. Teams such as El-iitk, TEMPO, BioRG,
and Tawasul also demonstrated competitive performance,
leveraging hybrid attention and cross-stream refinement to
extract signer-agnostic features.

Across both tasks, a notable trend is the divergence be-
tween development and test WERs, reflecting overfitting
risks when models rely excessively on development data.
Task 2 particularly exposes extreme over-adaptation, un-
derscoring the necessity of robust regularization, diversified
development folds, and mechanisms that emphasize learn-
ing sign gestures rather than memorizing sequences. Over-
all, these results highlight that hybrid architectures combin-
ing spatial GCNs with attention-based temporal encoders
continue to be the most effective approach for CSLR, espe-
cially when complemented by cross-stream consistency and
ensemble modeling.

# Team Name Test WER (%)

1 TEMPO [21] 5.68
2 LiftSign [52] 5.70
3 VIPL SLP 6.37
4 El-iitk 7.14
5 Algosalih 8.13
6 Nttruong 8.99
7 Hang 9.41
8 Suvajit Patra 14.72
9 BioRG [42] 16.35
10 Tawasul [1] 16.62
11 Baseline 20.12
12 SmartALC 36.97
13 Farhankhan 38.14
14 CyberTI 38.49
15 Lili12 42.17
16 Astral fate 47.82
17 IAsystems 58.44
18 Peneter 64.15
19 TKA 68.4
20 IDEAMCVG 69.16

Table 1. The leaderboard results for Task 1 (Signer-Independent)
of the CSLR track.

3.4.3. Participating Teams
TEMPO team [21] proposed a pose-based CSLR frame-
work built upon an enhanced Two-Stream CoSign-2s [10,
33] backbone, leveraging both spatial and temporal dynam-
ics from 2D skeleton sequences. The input consists of 86
keypoints per frame, enriched through feature engineering
to include part-normalized coordinates, bidirectional tem-
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# Team Name Test WER (%)

1 LiftSign [52] 27.35
2 VIPL SLP 27.62
3 El-iitk 28.28
4 TEMPO [21] 39.73
5 Algosalih 43.17
6 BioRG [42] 50.72
7 TCVG 71.06
8 Farhankhan 71.64
9 KLsys 72.38

10 IAsystems 72.38
11 CyberTI 72.77
12 Hang 73.23
13 TKA 75.63
14 Peneter 78.38
15 Tawasul [1] 78.72
16 Mshamani 79.77
17 AADE 79.92
18 Baseline 80.31

Table 2. The leaderboard results for Task 2 (Unseen-Sentences) of
the CSLR track.

poral offsets, and confidence scores, forming a T × 86× 7
representation. The model separates static and motion infor-
mation into two streams processed via ST-GCNs, with part-
wise representations fused using complementary masking
to encourage signer-invariant features. On top of this back-
bone, several temporal modeling modules are explored, in-
cluding the TAPE adapter [20], MSTCN [3], and a hybrid
BiLSTM–Transformer sequence model. Additional regu-
larization strategies such as Stochastic Sequence Depth and
Cross-Stream Consistency are employed to improve gen-
eralization and reduce overfitting. Supervision is applied
only on the fused representation through an objective com-
bining CTC and reconstruction losses. Final predictions
are obtained via CTC decoding with beam search, followed
by a vocabulary-constrained dynamic programming post-
processing step to refine sequence outputs.

LiftSign team [52] built upon the CoSign-2s [33] archi-
tecture. The team adopts a multi-stream ST-GCN back-
bone that processes 86 keypoints partitioned into anatom-
ical regions (body, hands, and mouth). Separate static and
motion streams capture spatial configurations and tempo-
ral dynamics, respectively, while a fusion stream integrates
both to learn higher-level spatiotemporal representations.
To enhance temporal modeling, standard pooling opera-
tions with a TLP module [26] were used. The extracted
features are further modeled using a two-layer BiLSTM to
capture long-range dependencies, with dual CTC supervi-
sion applied to both convolutional and sequential represen-
tations. In addition, complementary regularization is em-
ployed through masked temporal views to enforce consis-
tency. A cross-stream knowledge distillation strategy is
introduced, where the fusion stream guides the static and

motion streams to improve representation quality. During
inference, predictions from all three streams are combined
using a temperature-scaled ensemble decoding scheme, fol-
lowed by a CTC beam search to produce the final gloss se-
quence.

VIPL SLP proposed an approach built upon the CoSign-1s
[33] baseline. Their method focuses on improving temporal
modeling through an ensemble strategy composed of mul-
tiple models with varying temporal receptive field config-
urations, achieved by altering the arrangement of 1D con-
volution and pooling layers. To enhance robustness in the
signer-independent setting, they construct diverse training
subsets by resampling signers, encouraging the model to
generalize across different individuals. Additional tempo-
ral augmentation is applied via sequence rescaling. The fi-
nal predictions are obtained by combining multiple trained
models.

El-iitk proposed a two-stream framework that models both
spatial and temporal data through a combination of graph-
based feature extraction and sequence modeling. The input
consists of 86 keypoints grouped into anatomical regions,
with an additional motion stream derived from frame-wise
joint offsets to capture temporal changes. Each stream is
processed through group-wise GCNs to learn localized spa-
tial representations, followed by temporal aggregation us-
ing 1D convolutional layers. For long-range dependency
modeling, the framework explores Bi-LSTM for sequen-
tial context learning and a Transformer encoder with multi-
head self-attention and positional encodings. Both short-
term and long-term representations are supervised using a
dual CTC objective to improve alignment learning. Com-
plementary regularization is applied across streams to en-
courage diverse yet consistent representations.

Suvajit PatraL team proposed a parameter-efficient frame-
work that jointly models spatial, temporal, and sequential
dependencies. Their approach employs a spatio-temporal
attention encoder, in which attention mechanisms replace
conventional kernels to dynamically aggregate information
across temporal neighborhoods and intra-frame joint rela-
tionships. Multiple stacked attention blocks with resid-
ual connections and feed-forward layers are used to learn
hierarchical spatiotemporal representations. For sequence
modeling, the encoded features are processed using bidirec-
tional GRUs to capture temporal dependencies, followed by
a BERT layer to incorporate higher-level language context.
The final gloss predictions are obtained through a linear pro-
jection layer.

BioRG team proposed a CSLRTransformer framework,
which augments raw 86-keypoint coordinates with per-
joint velocity, forming a spatiotemporal feature tensor that
captures both position and motion. Spatial relationships
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are modeled through an anatomy-aware GCN that com-
bines predefined skeletal connectivity with a learnable adja-
cency component. To further emphasize dynamic informa-
tion, a Cross-Frame Motion Refinement module adaptively
enhances motion-sensitive features through gated residual
connections. Temporal dependencies are captured using
stacked Transformer blocks with RoPE. The encoded fea-
tures are then temporally compressed via multi-stage pool-
ing and Temporal Channel Adaptive Recalibration modules,
which apply dilated convolutions and channel-wise atten-
tion to capture multi-scale temporal patterns. Finally, a
lightweight MLP head produces gloss logits, and the model
is trained end-to-end using the CTC objective.

Tawasul team [1] proposed a multi-stage framework that
combines region-wise feature modeling with hybrid se-
quence learning. The input consists of normalized pose se-
quences partitioned into four anatomical regions: body, left
hand, right hand, and face. Each region is processed in-
dependently through dedicated convolutional encoders that
extract local temporal features. The multiple streams are
then fused using a gated attention mechanism. The fused
representation is passed through a stack of Conformer en-
coder blocks. For training, the model employs a hybrid ob-
jective that combines CTC loss with cross-entropy supervi-
sion from an autoregressive Transformer decoder.

4. Track 2: Isolated Sign Language Recogni-
tion Track

4.1. Task Description
The second track of SignEval 2026 focuses on radar-only
ISLR. Given a pre-segmented sample containing a single
Italian Sign Language (LIS) gesture, the goal is to predict
one label among 126 classes. The track is based on Mul-
tiMeDaLIS [47] and targets privacy-aware sign recognition
in patient-doctor communication scenarios.

Unlike the SignEval 2025 isolated track, which consid-
ered multimodal RGB and radar inputs [43], the 2026 edi-
tion is restricted to frequency-domain radar only [50]. Par-
ticipants are required to use Range-Time Maps (RTMs) de-
rived from a 60 GHz radar sensor, while visual streams and
alternative radar representations are excluded from scoring.
The task also serves as the challenge counterpart of the
SABRE benchmark, which introduced RTM-based radar-
only evaluation on the frequency-domain branch of Multi-
MeDaLIS [51]. Participants submit one predicted label for
each evaluation sample, and top teams are asked to provide
code and model checkpoints for reproducibility.

4.2. Dataset
The isolated-sign track is based on MultiMeDaLIS, a mul-
timodal LIS dataset designed for patient-doctor communi-
cation [47]. It includes 126 isolated classes, 100 medical-

Figure 2. Example MultiMeDaLIS sample. Left: RGB frame
of an isolated LIS gesture. Right: the corresponding three syn-
chronized RTMs acquired from the radar receive channels. The
RGB frame is shown only for illustration, while the challenge uses
RTMs exclusively for scoring.

domain signs and 26 alphabet letters, for a total of 25,830
instances collected across 205 recording sessions. In each
session, all classes are performed by a professional signer
under a controlled acquisition protocol.

Although MultiMeDaLIS includes multiple sensing
modalities, this challenge uses only the frequency-domain
radar branch. Each sample is represented by RTMs derived
from a 60 GHz mm-wave radar sensor with one transmit
antenna and three receive antennas. An example sample is
shown in Fig. 2, where an RGB frame is displayed only
for illustration together with the three synchronized RTMs.
RTMs are the only modality allowed for leaderboard evalu-
ation, while visual streams and alternative radar representa-
tions are excluded. Of the original 205 recording sessions,
10 were discarded because at least one class lacked valid
data, resulting in 195 usable sessions. These were split at
the session level into 117 labeled training sessions, 39 unla-
beled development sessions, and 39 unlabeled test sessions.

By restricting the task to RTMs only, the bench-
mark emphasizes privacy-preserving sign recognition with-
out identity-bearing visual information, while still requir-
ing models to capture fine-grained temporal and range-
dependent motion patterns. In this sense, the challenge ex-
tends MultiMeDaLIS into a focused testbed for radar-only
isolated sign recognition in medically relevant scenarios.

4.3. Evaluation Metrics
The isolated-sign track is evaluated using Top-1 Accuracy,
which is also the official ranking metric. The public leader-
board is computed on the development split, while the final
ranking is determined on a shared hidden test split.

4.4. Results and Participating Teams
4.4.1. Baselines
The official reference point for the isolated-sign track is pro-
vided by the recent SABRE benchmark [51], which intro-
duced RTM-based radar-only evaluation on the frequency-
domain branch of MultiMeDaLIS. Within this setting,
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standard convolutional backbones, including MobileNetV3
[23], ResNet18 [22], EfficientNet [59], RegNet [53], and
InceptionV3 [58], serve as reference RTM baselines, while
SABRE represents the strongest published RTM model,
reaching 81.6% accuracy [51].

For broader context, Table 3 also reports previously pub-
lished results on MultiMeDaLIS obtained with RGB, RGB-
D, multimodal RGB-radar, and alternative radar representa-
tions such as RDM and MTI. These methods are included
only as contextual references, since they rely on different
sensing modalities or evaluation protocols and are there-
fore not strictly directly comparable with the 2026 chal-
lenge leaderboard.

4.4.2. Results
Table 3 summarizes the outcomes of the SignEval 2026
isolated-sign track together with contextual results from
prior literature. AI4Good achieved the best performance,
ranking first on both the public and private leaderboards
with 92.17% and 93.10% accuracy, respectively. Capybara
followed with 91.15% public accuracy and 91.68% private
accuracy, while High-Five and Team Alpha formed a sec-
ond tier around 90% on the private leaderboard.

The results indicate a substantial improvement over the
official SABRE baseline. In particular, the top submis-
sion improves upon the published RTM reference by 11.5
percentage points on the private leaderboard, while the
top four leaderboard entries all remain clearly above the
baseline level. Additional teams, such as RTX 5090 and
ROLL TIDE RADAR, further confirm that competitive per-
formance can be achieved even under the strict radar-only
RTM setting adopted in this edition.

At the same time, the comparison with prior work high-
lights that RTM-only recognition remains more challeng-
ing than multimodal RGB-radar solutions and stronger
radar formulations based on RDM and MTI. This suggests
that the 2026 track defines a non-trivial benchmark: re-
strictive enough to emphasize privacy-preserving sensing,
yet mature enough to support meaningful methodological
progress.

4.4.3. Participating Teams
AI4Good [39] proposed a radar-only framework built
around three complementary components, referred to as
“Mix, Measure, Merge”. The first component studies
spectro-temporal data augmentation tailored to RTMs, with
more than 300 controlled experiments showing that CutMix
and MixUp provide the strongest gains among the tested
strategies. The second combines cross-entropy with triplet
loss to regularize the embedding space and improve dis-
crimination among physically similar signs. The third re-
lies on a cross-validation-weighted ensemble of 83 mod-
els spanning multiple CNN families, including EfficientNet,
ConvNeXt, MobileOne, and RegNetY. Their analysis sug-

Table 3. Comparison with previous methods and SignEval
2026 leaderboard results for the isolated-sign track. For pre-
viously published methods, only test accuracy is available, so the
public leaderboard column is marked with “-”. Earlier results are
reported for context only, since they may rely on different sensing
modalities or evaluation protocols. All values are reported in %.

Method/Team Data type Public Private/Test

Previous methods
De Coster et al. [14] RGB - 88.4
Caligiore et al. [8] RGB-D - 74.6
Vahdani et al. [62] RGB-D - 84.1

FusionEnsemble-Net [30] RGB + 3×RDM - 99.4
Manjur et al. [46] RGB + 3×RDM - 99.7
Uni-Sign [55] RGB + 3×RDM - 99.8
Juranek [35] RGB + 3×RDM - 99.8

Jhaung et al. [32] Radar - 71.9
Debnath et al. [15] Radar - 79.3
Arab et al. [6] Radar - 81.0
Mineo et al. [48] 3×RDM + 3×MTI - 93.6
TRACE [49] 3×RDM + 3×MTI - 99.3

MobileNetV3 [51] 3×RTM - 53.0
ResNet18 [51] 3×RTM - 65.2
EfficientNet [51] 3×RTM - 65.9
RegNet [51] 3×RTM - 68.4
InceptionV3 [51] 3×RTM - 69.5
SABRE [51] 3×RTM - 81.6

SignEval 2026 leaderboard
AI4Good [39] 3×RTM 92.17 93.10
Capybara [60] 3×RTM 91.15 91.68
Team Alpha [44] 3×RTM 89.91 89.99
High-Five [65] 3×RTM 89.46 90.09
RTX 5090 [56] 3×RTM 84.88 85.69
ROLL TIDE RADAR 3×RTM 81.38 -
mohboc 3×RTM 80.67 81.05
Khanh Le Nguyen Van 3×RTM 79.32 -
DDS-KGP [63] 3×RTM 72.22 73.69
Haoying 3×RTM 62.33 62.54
Le Ngo Thanh Toan 3×RTM 50.51 48.68

gests that the main performance gain comes from the train-
ing recipe and augmentation design, while architectural di-
versity further improves robustness at the ensemble stage.

Capybara [60] proposed a Range-Aware Transformer
framework with kinematic feature augmentation. Start-
ing from the three RTM channels, their preprocessing
pipeline derives additional motion cues such as veloc-
ity, acceleration, and range gradients, producing a richer
multi-channel representation intended to reduce sensitiv-
ity to inter-subject variation and signal-intensity fluctua-
tions. The resulting architecture combines convolutional
feature extraction, range-aware pooling, and Transformer-
based temporal modeling, while training is strengthened
through physics-aware perturbations, CutMix-style regular-
ization, and a two-stage optimization strategy followed by
soft-voting ensemble inference. Their report also highlights
the importance of preserving early range information and
scaling the backbone gradually rather than relying on ag-
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gressive early pooling.

High-Five [65] proposed PRISM, a privacy-preserving
radar-based recognition framework formulated as a dual-
perspective ensemble. A first stream uses a ConvNeXt-
Large backbone on the stacked three-channel RTM tensor
to capture global macro-level motion patterns, whereas a
second multi-branch ResNet stream processes each antenna
separately before adaptive fusion, so as to preserve antenna-
specific cues and mitigate viewpoint bias. The two streams
are combined through weighted soft-voting over stratified
5-fold models, with the global branch assigned a higher
weight and the view-specific branch used to disambiguate
more difficult cases. Their pipeline also includes radar-
specific preprocessing, augmentation, and test-time aug-
mentation, yielding a robust ensemble-oriented solution.

Team Alpha [44] proposed MSBAD, a Multi-Scale Born-
Again Distillation framework centered on multi-scale fea-
ture extraction and diversity-driven ensembling. Their
method augments ConvNeXtV2-Tiny backbones with a
backbone-agnostic head that aggregates features from mul-
tiple stages through GeM pooling and learned scale at-
tention, capturing both coarse temporal dynamics and fine
spatial details. To improve both single-model quality and
ensemble diversity, they combine progressive resolution
scaling with born-again distillation and cross-architecture
knowledge distillation involving ConvNeXtV2, CAFormer-
S18, and EfficientNetV2-S models. At inference time, they
use a six-model geometric-mean ensemble with multi-view
test-time augmentation and an additional consensus filtering
step, showing that diversity across architectures and reso-
lutions is more beneficial than simply increasing ensemble
size.

RTX 5090 [56] proposed a dual-stream architecture re-
ferred to as CAST/RadarCVD-Net, explicitly motivated by
the physical properties of RTM signals. Their method first
converts RTMs into Cadence Velocity Diagrams (CVDs)
through dB-to-linear inversion followed by temporal FFT,
aiming to recover motion periodicity without introducing
artefacts from operating directly in the log domain. In par-
allel, the original RTMs are processed as magnitude-based
structural representations. The two streams are encoded
through separate ConvNeXt-Tiny and EfficientNetV2-S
backbones, while a Cross-Antenna Spatial Attention mod-
ule models the geometric relation among the three radar
receivers. Finally, an asymmetric cross-attention fusion
module integrates the RTM and CVD branches, yielding
a model designed to combine range structure and velocity
evidence.

DDS-KGP [63] proposed a lightweight three-stream con-
volutional baseline operating directly on RTM inputs. Each
radar channel is independently normalized and temporally

resampled to a fixed length, then encoded through com-
pact convolutional blocks designed to capture temporal-
spectral micro-motion patterns with minimal preprocess-
ing overhead. The stream-level features are concatenated
and passed to a multilayer perceptron for final classifica-
tion. Although simpler than the top-ranked ensemble-based
solutions, this approach provides a useful reference point
for understanding how far a compact convolutional design
can go in the RTM-only setting, and shows that competitive
radar-only recognition does not necessarily require highly
complex fusion mechanisms.

5. Conclusion

This paper presented the SignEval 2026 challenge at the
CVPR Multimodal Sign Language Recognition Workshop
and summarized the outcomes of its two tracks. Track
1 addressed CSLR on Isharah through signer-independent
and unseen-sentence settings, while Track 2 focused on
radar-only ISLR on MultiMeDaLIS using RTM represen-
tations. The results show clear progress in both settings.
In the CSLR track, the strongest systems combined struc-
tured pose modeling with attention-based temporal en-
coders. In the radar-only ISLR track, several teams sub-
stantially improved over published RTM baselines, show-
ing that privacy-preserving radar sensing can support strong
isolated sign recognition without visual input, while still re-
maining more challenging than multimodal or richer radar
formulations. Overall, SignEval 2026 provides a common
benchmark for evaluating sign language recognition across
complementary tasks and sensing conditions, and we ex-
pect it to support future work on robust CSLR, radar-native
modeling, and privacy-aware assistive systems.
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