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Abstract

Isolated sign language recognition is com-
monly formulated as supervised classification,
but this formulation is challenging when nearly
every target gloss has only one labeled video.
We study the Isolated Sign Language Recog-
nition track of the WSLP 2026 Shared Task
on Indian Sign Language Processing, a pre-
dominantly one-shot target setting with 4,398
training videos spanning 4,361 glosses, over
99% of which are singletons. We introduce
CARE, a Coverage-Aware Retrieval Ensemble
that augments a complete local visual dictio-
nary with a CISLR reference bank covering
a subset of the target vocabulary. A frozen
Video-Swin encoder ranks all target labels lo-
cally, while frozen I3D and SignRep encoders
provide external retrieval evidence for lexi-
cally matched labels. CARE estimates orthog-
onal Procrustes mappings from shared-class
centroids, retains both raw and aligned rep-
resentation geometries, and preserves exter-
nal videos as individual nearest-neighbor ref-
erences. Query-wise score standardization and
a deterministic coverage mask restrict exter-
nal evidence to supported labels. The method
requires neither target-specific backbone fine-
tuning nor a large-vocabulary classification
head. CARE obtains 74.31%/76.15%/76.15%
Top-1/5/10 accuracy on the WSLP 2026 valida-
tion split and 65.59%/67.11%/68.25% on the
official test split. The 8.72% Top-1 gap war-
rants caution when interpreting performance
on the small 109-query validation split used for
model selection.

1 Introduction

Isolated sign language recognition (ISLR) maps
a sign video to its corresponding lexical label, or
gloss. ISLR can support dictionary lookup and
corpus annotation, but achieving robust recogni-
tion under unconstrained conditions remains a chal-
lenge. In this paper, we address the Isolated Sign
Language Recognition track of the WSLP 2026
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Shared Task on Indian Sign Language Processing.!
We refer to the task’s word-recognition dataset as
WR.

WR presents a predominantly one-shot regime
in which nearly all target glosses occur exactly
once in the training set. A standard classifier would
therefore have almost no within-class evidence for
estimating most decision boundaries. An alterna-
tive formulation interprets the labeled target set as
a visual dictionary: each training video acts as a
reference entry, reducing recognition to a query-
to-entry ranking problem. This retrieval formu-
lation also permits vocabulary expansion without
retraining a classification head, a property explored
by prior work on one-shot and dictionary-based
sign recognition (Joshi et al., 2022; De Coster and
Dambre, 2023; Desai et al., 2023; Vandendriessche
et al., 2025). CARE builds on this formulation by
augmenting the complete target dictionary with a
cross-dataset reference bank that supports only a
known subset of labels. Its coverage-aware fusion
prevents labels without external references from
receiving external scores.

Public labeled corpora can enlarge the reference
dictionary, but their use introduces three coupled
problems. First, dataset-specific differences in sign-
ers, temporal boundaries, and recording conditions
can shift feature distributions even when the same
encoder is used. Second, the external lexicon only
partially overlaps the target vocabulary. Normal-
ized exact matching with the public CISLR cor-
pus (Joshi et al., 2022) supports only part of the tar-
get vocabulary; all other labels must still compete
in the same global ranking. Third, distances pro-
duced by different representations and geometries
can have different distributions. Assigning large
external distances to unsupported labels would con-
flate absence of external support with negative vi-

1https://exploration—lab.github.io/WSLP—2026/
task/
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sual evidence.

We address this setting with CARE. A frozen
Video-Swin (Liu et al., 2022) encoder supplies
a complete local dictionary score, while frozen
WLASL-adapted I3D (Carreira and Zisserman,
2017; Li et al., 2020) and SignRep (Wong et al.,
2025) encoders provide external CISLR retrieval
scores for the lexically covered labels. We estimate
orthogonal Procrustes mappings from shared-gloss
class centroids and retain both raw and aligned rep-
resentations. The resulting scores are standardized
per query and fused through a deterministic cov-
erage mask, so unsupported labels retain only the
local score. CARE thus combines local retrieval,
cross-dataset alignment, and coverage-aware fu-
sion without target-specific backbone fine-tuning.

2 Related Work

2.1 Large-Vocabulary and Low-Resource
ISLR

Large-scale datasets have shifted ISLR from small
controlled vocabularies toward recognition under
substantial variation in signer and recording con-
ditions. MS-ASL introduced a signer-independent
benchmark with 1,000 American Sign Language la-
bels (Vaezi Joze and Koller, 2019), while WLASL
provides videos covering 2,000 word classes and
compares appearance- and pose-based models (Li
et al., 2020). These resources established strong
supervised baselines and encouraged the use of
spatio-temporal networks such as I3D (Carreira
and Zisserman, 2017) and hierarchical video trans-
formers such as Video Swin (Liu et al., 2022).
These benchmarks mostly support fixed classi-
fiers trained with repeated examples per class. One
approach to low-resource recognition transfers pre-
trained representations across datasets or languages.
OpenHands standardizes pose-based representa-
tions across six sign languages (Selvaraj et al.,
2022). Most relevantly, CISLR proposes prototype-
based one-shot recognition for Indian Sign Lan-
guage using features transferred from resource-
richer American Sign Language data (Joshi et al.,
2022). SignBERT adds a prediction head and fine-
tunes its pretrained encoder for supervised isolated-
sign classification (Hu et al., 2021). This setup
differs from our WR setup, where nearly all tar-
get classes have only one labeled example and we
formulate recognition as retrieval. SignRep, by con-
trast, demonstrates that a frozen encoder can sup-
port sign-dictionary retrieval (Wong et al., 2025).

We therefore use it in CARE’s external retrieval
branch.

2.2 Dictionary Retrieval

Several works formulate sign recognition as query-
by-example search. De Coster and Dambre re-
trieve dictionary entries with dense vector search
(De Coster and Dambre, 2023), while Bohacek and
Hriz study few-shot recognition using videos col-
lected from online dictionaries (Bohacek and Hriz,
2023). ASL Citizen frames large-vocabulary ISLR
as dictionary retrieval (Desai et al., 2023), and Van-
dendriessche et al. (Vandendriessche et al., 2025)
learn representations for one-shot retrieval across
changing dictionaries and sign languages. Metric-
based few-shot learning provides a related compar-
ison: Matching Networks predict from attention-
weighted query—support similarities (Vinyals et al.,
2016), whereas Prototypical Networks compare
each query with the mean embedding of a class’s
support examples (Snell et al., 2017). CARE is
closer to instance-level matching: although we use
shared-class centroids to estimate the alignment
maps, retrieval retains every external video rather
than replacing each class with a single prototype. It
additionally combines a complete local dictionary
with an external bank that covers only a known
subset of target labels.

2.3 Cross-Dataset Alignment and Partial
Coverage

Cross-dataset retrieval must account for both rep-
resentation shift and incomplete label overlap.
CORAL aligns second-order feature statistics (Sun
et al., 2016), and Procrustes analysis has been
used for manifold alignment (Wang and Mahade-
van, 2008). Universal domain adaptation considers
shared and private source and target classes (You
et al., 2019), but must typically infer their rela-
tionship. In CARE, normalized lexical matching
directly identifies the externally supported target
labels. We estimate an orthogonal map from shared-
gloss centroids, retain the raw geometry as a com-
plementary channel, and mask external scores for
unsupported labels.

3 Methodology

3.1 Problem Formulation and Overview

Let Gr = {(ay, yi)}f\gl be the labeled local dic-
tionary with target vocabulary ), where z; is a
reference video, y; € Y is its gloss, and Ny, is the
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number of local references. Given a query video
q, the task is to rank every y € ). Because almost
every target label is a singleton, CARE retains the
training videos as reference instances instead of
learning a separate classifier output for every target
label.

CARE uses three retrieval branches that produce
five score channels: one local Video-Swin channel,
raw and aligned 13D channels, and raw and aligned
SignRep channels. The external channels compare
the query with a CISLR reference bank, whereas
the local channel scores every target label. Since
the external lexicon covers only part of ), these
scores are fused through an explicit label-coverage
mask. We precompute the representations and fit
closed-form orthogonal alignment maps without
updating the encoders. Fusion weights are selected
using validation scores. Figure 1 summarizes the
retrieval and fusion pipeline.

3.2 Representations and External Coverage

For Video-Swin (Liu et al., 2022) and WLASL-
adapted I3D (Carreira and Zisserman, 2017; Li
et al., 2020), each WR video is represented by
a uniform temporal view and a motion-quantile
view. The latter samples according to smoothed
frame-difference energy, emphasizing frames in
higher-motion regions. For SignRep (Wong et al.,
2025), we process overlapping windows and pool
their embeddings using predicted hand activity to
downweight windows with low predicted activity.
All resulting embeddings are ¢2-normalized and
all encoders remain frozen. For a WR video z,
let hj(z) denote its normalized embedding from
encoder b € {5, I, R} under view v, where S, I,
and R denote Video-Swin, I3D, and SignRep, re-
spectively. For Video-Swin and 13D, v € {u, m}
denotes the uniform or motion-quantile view; for
SignRep, v = act denotes its single activity-pooled
view. Accordingly, Vr = {u, m} and Vr = {act}.
For a retained CISLR video p, let h¥(p) denote
its normalized external embedding for b € {I, R}.
We use norm(a) = a/||al|2.

We construct the external bank by normalizing
WR and CISLR glosses through Unicode decompo-
sition, lowercasing, and non-alphanumeric replace-
ment, followed by unambiguous exact matching.
Let &, be the retained CISLR videos for target la-
bel y, and let C C ) contain the labels with both
I3D and SignRep external features. Every matched
video remains an individual prototype; no class
averaging is used during retrieval.

3.3 Local Prototype Retrieval

Video-Swin defines the complete local expert. For
each label, CARE selects the closest local instance
after taking the strongest agreement among the four
uniform/motion view pairs:

max
v,we{u,m} (1)

(h3(a), B (@) |-

DS,L(Qa y) = zr;u:ny 1-

This reduces to nearest-neighbor retrieval for sin-
gleton labels and remains valid for the few labels
with multiple references. Here, L denotes the local
bank and (-, -) is the inner product, which equals
cosine similarity because the embeddings are nor-
malized. The final system uses no additional local
SignRep score.

3.4 Cross-Dataset Alignment and External
Retrieval

WR and CISLR can occupy different regions of
the same pretrained feature space because of differ-
ences in signers, framing, temporal boundaries, and
recording conditions. For encoder b € {I, R}, we
compute normalized local and external centroids
for every shared gloss y € C. The matrices Xj ,
and Y, stack the paired local-view and external
centroids, respectively, and ulf , and ,uf denote
their row means. Here, v € {u, m} for I3D, while
SignRep has one activity-pooled channel. Let R} |
be the standard orthogonal Procrustes solution ob-
tained by singular value decomposition after cen-
tering the two matrices (Schonemann, 1966). A
local query is mapped into the external coordinate
system as

hy(q) = norm((hy(q) — pt ) Riy + HE) . ()

CARE retains both the original and aligned ge-
ometries. Let hgraw(q) = hy(q) and h})”ahgn(q) =

ﬁ}j (q). External instance similarities are reduced to
label distances by nearest-reference matching for
r € {raw, align}:

D7 =1 — maxma
.20 Y) A tmax )

< E,T(Q)ath(p)>7 yEC.

Here, E denotes the external bank. Thus, class
centroids determine only the alignment map, while
retrieval retains individual external instances rather
than class averages.

143



WR reference bank

full vocabulary Y Video-Swin local

retrieval

O Input ([JLocal (JExternal (3 Fusion [J Output

$ Frozen

—» Retrieval / score flow

------ > Precomputed map / mask

E Query video

13D external *

retrieval
raw + aligned

Per-channel Rank all labels
standardization inY
local: Y | external: C

A

Precomputed
Procrustes maps

SignRep externa#

retrieval
raw + aligned

CISLR reference bank >
covered labels C

Weighted coverage fusion

A

Figure 1: Overview of CARE.

3.5 Coverage-Aware Retrieval Ensemble

Because the retrieval channels can have different
distance distributions, each is standardized indepen-
dently for every query. For a distance function F'
with finite label support A, Z 4[F|(g, y) subtracts
median,c 4 F(q,y') from F(q,y) and divides by
stdyca F(q,y") + €, where € > 0 prevents divi-
sion by zero. Local scores are standardized over
Y, whereas each external channel is standardized
separately over C. The complete fusion rule is

D(q,y) = Zy[Ds,L](q,y)

+1[y € C]
be%,:R} €]
> XpZelDy gl(qy).

re{raw,align}

Here, A} is the weight of external channel (b, )
and I[-] is the indicator function. The indicator is
the coverage-aware component: external evidence
is added only to labels with valid CISLR support,
while uncovered labels retain their complete local
score. The term ensemble denotes the late fusion
of these normalized score channels. At inference,
labels are ranked in ascending order of D(q,y); no
backbone update or target-vocabulary classifier is
required.

4 Experiments

4.1 Datasets

WSLP 2026 ISLR (WR). The dataset was re-
leased for the Isolated Sign Language Recogni-
tion track of the WSLP 2026 Shared Task on
Indian Sign Language Processing. It contains
5,033 videos: 4,398 labeled training examples,
109 validation queries, and 526 official test queries.
Its training vocabulary contains 4,361 glosses, of
which 4,336 (99.43%) are singletons. Validation
and test labels are withheld, and predictions are
evaluated by the official WSLP 2026 task server.

CISLR. We use the public CISLR corpus (Joshi
et al., 2022) only as labeled external data. The
corpus contains 7,050 videos and 4,765 glosses.
The lexical alignment defined in the Methodology
retains 3,739 videos covering 2,016 target labels
(46.23%). This bank comprises 2,017 videos from
the CISLR prototype partition and 1,722 from its
released test partition; we do not evaluate perfor-
mance on the original CISLR task.

4.2 Evaluation Metrics

Following the official WSLP 2026 evaluation met-
rics, performance is measured using Top-1, Top-5,
and Top-10 accuracy. Top-K accuracy is the per-
centage of videos for which the ground-truth gloss
appears among the first K predictions. Top-1 there-
fore measures exact recognition, whereas Top-5
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and Top-10 measure the quality of the short ranked
candidate list returned by the system.

4.3 Implementation Details

Video preprocessing and local retrieval. All
RGB frames are resized to 224 x 224 pixels. For
Video-Swin, each uniform and motion-quantile
view contains 32 frames. We use a frozen Video-
Swin-S model initialized with its default pretrained
weights. We remove the classification head and
apply the normalization associated with those
weights.

I3D features. The I3D branch uses the pub-
lic RGB checkpoint fine-tuned on WLASL-2000.
Each WR view contains 96 frames. We extract
the final spatio-temporal feature sequence, normal-
ize each temporal vector, average over time, and
normalize the result again. External CISLR I3D
sequences are pooled using the same normalize—
average—normalize rule.

SignRep features. We use the released SignRep
checkpoint with its backbone frozen. Videos are
divided into 16-frame windows with a stride of 8
frames. Window embeddings are pooled using pre-
dicted hand activity to downweight windows with
low predicted activity. CARE uses the resulting
activity-weighted representation.

Alignment and score fusion. We fit one Pro-
crustes map for each I3D view and one for Sign-
Rep using the complete shared-label set. We set
e = 1075 and use \1*V = 3.25, )\?hgn = 3.50,
N2 — 1,00, and A3 8" = 6.00. We assign the
local Video-Swin score a weight of 1.00.

5 Results

5.1 Validation and Test Performance

Table 1 reports the performance of the final CARE
configuration. Official test accuracy is lower than
validation accuracy by 8.72%, 9.04%, and 7.90% at
Top-1, Top-5, and Top-10, respectively. Although
all backbones remain frozen, repeated validation-
based selection of the fusion weights and system
configuration may have introduced selection bias.
Sampling variability and differences between the
split distributions may also contribute to the gap;
the aggregate scores alone do not establish their
relative contributions. On the test split, Top-10
accuracy exceeds Top-1 accuracy by 2.66%, corre-
sponding to 14 additional queries with the correct
label at ranks 2-10.

5.2 Archived External Encoder Comparison

Table 2 compares the two external configurations;
the second row corresponds to the final CARE sys-
tem in Table 1. The SignRep-based configuration
scores 2.75% higher at Top-1 and 1.84% higher at
both Top-5 and Top-10 than the Video-Swin-based
configuration. Because the fusion weights of the
two configurations were selected separately on the
same validation split, this is a descriptive compari-
son rather than a controlled ablation.

6 Conclusion

We presented CARE, which combines a complete
local dictionary with raw and aligned external re-
trieval under a coverage mask. Without target-
specific backbone fine-tuning, it achieves 65.59%
Top-1 accuracy on the official 526-query WSLP
2026 test split. The validation—test gap warrants
caution when interpreting performance on the small
validation split used for model selection. The re-
ported comparison does not isolate the contribu-
tions of individual components; a controlled abla-
tion remains necessary to assess them.
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