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Abstract

The WSLP 2026 shared task studies sentence-
level translation from Indian Sign Language
pose sequences to English, with training on
iSign and evaluation on a disjoint collection
of source videos. We address two challenges
in this setting: unstable pose scale caused
by landmark errors and weak grounding be-
tween pose inputs and generated text. We
introduce robust clip-level normalization and
shared-encoder contrastive grounding, which
aligns pose and target-text representations in
a pretrained T5 encoder during training while
retaining standard autoregressive decoding at
inference. On a video-held-out iSign devel-
opment split, contrastive grounding improves
chrF from 0.102 to 0.121, while clip-level nor-
malization further improves it to 0.128; the
normalization gain is consistent across three
matched seeds. A retrieval probe provides com-
plementary evidence of improved pose–text
alignment. Our final shared-task submission
achieves chrF 0.16 on the official test set. How-
ever, input-independent English controls reach
chrF 0.15, showing that small differences in
the official score are difficult to interpret at
the current level of translation accuracy. The
source code is available at https://github.
com/gyan-shrestha/WSLP-2026-SLT.

1 Introduction

The WSLP 2026 shared task studies sentence-level
translation from Indian Sign Language (ISL) pose
sequences to English. Training supervision comes
from the public iSign corpus (Joshi et al., 2024),
while the shared-task validation and test clips are
drawn from a separate set of source videos with no
overlap with iSign. Models must therefore transfer
from iSign to a different collection of recordings
and pose estimates without labeled examples from
the evaluation collection.

Two problems became apparent in this setting.
First, a pretrained encoder–decoder can produce

fluent English without learning a strong connection
between the pose sequence and the sentence con-
tent. In preliminary experiments, unrelated clips
often received the same generic predictions, indicat-
ing that the language model was easier to learn than
the pose-to-text mapping. Second, frame-wise pose
normalization was sensitive to unreliable shoulder
estimates. Near-zero shoulder widths occasionally
produced extreme coordinate values, and these fail-
ures were more common in the shared-task clips
than in iSign.

We address these problems with robust clip-
level normalization and shared-encoder contrastive
grounding. Pose sequences are projected into
the embedding space of a pretrained T5 encoder–
decoder. During training, the corresponding target
sentence is encoded by the same T5 encoder, and
a contrastive objective aligns the pooled pose and
text representations alongside the translation loss.
The text branch is removed at inference. For pose
preprocessing, scale is estimated from the median
shoulder width over the clip rather than indepen-
dently in each frame, reducing the effect of individ-
ual landmark failures.

Controlled experiments on held-out iSign videos
show that contrastive grounding provides the
largest improvement over cross-entropy training,
with clip-level normalization providing a further
gain. Repeating the normalization comparison
across three matched seeds yields higher chrF
with normalization in all three runs. A retrieval-
based grounding probe provides complementary
evidence that the contrastive objective affects pose–
text alignment directly: the cross-entropy-only
checkpoint performs near chance, while the con-
trastive checkpoints achieve substantially higher
retrieval recall. Several other changes, including
velocity features, augmentation, a larger T5 model,
and masked-pose pretraining, do not show a simi-
larly clear improvement.

The shared-task evaluation also exposes a limi-

132

https://github.com/gyan-shrestha/WSLP-2026-SLT
https://github.com/gyan-shrestha/WSLP-2026-SLT


tation of interpreting the official score in isolation.
The same trained checkpoint receives different chrF
scores under different output-length constraints,
while input-independent English can recover a sub-
stantial portion of the score. We therefore report
the controlled method evaluation separately from
the analysis of the official test output.

The main contributions are:

• An analysis of the WSLP evaluation showing
that, at the current level of translation accu-
racy, chrF is strongly affected by decoding
choices and English surface form in addition
to the signed input. A fixed English sentence
selected using only the output register, with-
out using pose, scores within 0.02 chrF of the
top official submission (Section 4.6).

• A pose-to-text formulation that jointly trains
autoregressive translation and pose–text con-
trastive alignment through the same pretrained
T5 encoder, without requiring a separate text
encoder at inference.

• A clip-level normalization procedure that re-
duces the effect of unstable pose scale across
recording collections and provides an addi-
tional improvement over contrastive training
alone.

The model combines established components:
pose projection into a pretrained T5 encoder–
decoder (Uthus et al., 2023), contrastive visual–text
alignment (Zhou et al., 2023), and an InfoNCE ob-
jective (van den Oord et al., 2018; Radford et al.,
2021). Their combination is computationally in-
expensive, adds no inference-time parameters, and
allows the alignment objective to act directly on
the encoder states used by the translation decoder.

2 Related Work

Pose-to-text translation. The iSign benchmark
introduced a large ISL–English corpus together
with pose-to-text baselines for open-domain trans-
lation, with its strongest reported pose baseline
reaching BLEU-4 1.47 on the conventional 0–100
scale (Joshi et al., 2024). A related pose-to-text
formulation projects pose features into the embed-
ding space of a pretrained T5 model and trains
the encoder–decoder directly for translation (Uthus
et al., 2023). Our backbone follows this general
design, while the WSLP task introduces a different
evaluation setting in which the test clips come from

a disjoint collection and no labeled target-domain
development set is available.

Visual-language alignment. Early neural SLT
systems were developed on constrained corpora
such as PHOENIX14T (Camgoz et al., 2018),
where jointly modeling recognition and transla-
tion is effective (Camgoz et al., 2020). Gloss-free
SLT work has used visual-language pretraining to
strengthen the connection between visual input and
target text. GFSLT-VLP (Zhou et al., 2023), for
example, learns aligned visual and textual represen-
tations before translation. We use the same broad
contrastive principle, but place it inside end-to-end
translation training: pose and target text share the
T5 encoder, and the alignment loss regularizes the
encoder states attended to by the decoder.

Motion and ISL modeling. Motion-aware mod-
eling has shown stronger performance on the iSign
test split, with BLEU-4 reaching 8.58 when optical
flow is combined with multi-scale spatial encoding
and a language-model decoder (Chowdhury and
Sanyal, 2025). Although this setting differs from
WSLP in both input representation and evaluation
data, the result indicates that video-derived motion
can provide information that sparse pose coordi-
nates do not capture. For isolated ISL recognition,
MediaPipe keypoints combined with a temporal
convolutional network achieve 54% top-1 accuracy
across 4,361 classes (Reddy and Kamakshi, 2025).
Our work considers a different setting: sentence-
level, open-domain translation from the pose se-
quences provided for WSLP Task 1.

3 Methodology

The proposed model translates ISL pose sequences
directly into English using a pretrained T5 encoder–
decoder. Figure 1 shows the overall pipeline. A
temporal frontend first converts the pose sequence
into T5-compatible embeddings. These embed-
dings are processed by the T5 encoder and passed
to the decoder for autoregressive translation. Dur-
ing training, the target sentence is also encoded by
the same T5 encoder, and a contrastive objective
encourages paired pose and text representations to
remain close while separating other sentences in
the batch. The final training objective combines
translation and contrastive losses:

L = LMT + λconLcon (1)

where LMT is token-level cross-entropy and
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λcon = 0.5. The target-text branch is used only
during training. Register conditioning and multi-
seed ensemble decoding complete the full system.

3.1 Pose representation and normalization

The released pose features contain 576 MediaPipe
Holistic (Lugaresi et al., 2019) landmarks per frame
at 25 fps. We retain 103 landmarks covering both
hands, the upper-body joints, and 40 facial points
around the lips, eyes, and brows. Each frame is
represented by the corresponding two-dimensional
coordinates.

Pose scale varies with camera distance and with
the quality of landmark detection. A frame-wise
normalization based on shoulder width is partic-
ularly unstable when one shoulder is missing or
poorly localized, since a very small estimated width
can produce extremely large coordinates. To re-
duce this sensitivity, each frame is centered on its
shoulder midpoint, while scale is estimated from
the median shoulder width over the full clip. The
sequence is then standardized to zero mean and
unit variance. This retains relative articulatory mo-
tion while reducing large frame-to-frame changes
caused by pose-estimation errors.

3.2 Pose-to-text architecture

The temporal frontend contains a linear projection
followed by two stride-2 convolutions, LayerNorm,
and a learned scaling parameter. The two convo-
lutions reduce the temporal resolution by a factor
of four and give each output position a receptive
field of approximately nine input frames. The re-
sulting sequence is projected to the dimensionality
of flan-t5-base (Raffel et al., 2020; Chung et al.,
2024) and supplied through inputs_embeds. T5
then performs sequence encoding and autoregres-
sive generation in the same way as for ordinary
token embeddings.

Direct pose embeddings also need to match the
scale of the representations seen during T5 pre-
training. In the checkpoint used here, normal token
embeddings have a mean norm near 300, whereas
the LayerNorm output from the pose frontend has
norm

√
dmodel = 27.7. Feeding the latter with-

out rescaling produced an initial loss near 609. A
learned scalar is therefore initialized from the mea-
sured mean norm of the checkpoint embedding
table before joint training.

Split Clips Videos References

iSign, raw 124,194 3,726 yes
Task validation 5,256 1,804 no
Task test 5,333 1,813 no

Video-id overlap, iSign ∩ evaluation: 0

Table 1: Data used for WSLP Task 1. The evaluation
clips come from source videos that do not occur in iSign.

3.3 Shared-encoder contrastive grounding

Cross-entropy alone optimizes the probability of
the target sentence but does not directly require
the pose representation to distinguish one sentence
from another. In preliminary runs, this often led
to similar generic English predictions for unrelated
pose sequences. The contrastive objective adds
sentence-level discrimination to the same encoder
used for translation.

Let Hp
i and Ht

i denote the shared T5 encoder
states for pose sequence xi and target sentence yi.
Mean pooling followed by ℓ2 normalization gives
zpi and zti . For a batch of size B, the contrastive
loss is

Lcon = − 1

B

B∑︂

i=1

log
exp(sim(zpi , z

t
i)/τ)∑︁B

j=1 exp(sim(zpi , z
t
j)/τ)

(2)
where sim is cosine similarity and τ = 0.07.

This is the InfoNCE objective of (van den Oord
et al., 2018), applied across modalities as in (Rad-
ford et al., 2021). Other target sentences in the
batch serve as negatives. Since the two branches
share the T5 encoder, the additional objective acts
on the representation used by the translation de-
coder and introduces no separate text encoder at
inference.

3.4 Dataset and preprocessing

Training uses the public iSign corpus (Joshi et al.,
2024), while validation and test evaluation follow
WSLP 2026 Task 1. The raw iSign file contains
124,194 sentence-level pairs from 3,726 source
videos. The WSLP release contains 5,256 vali-
dation clips from 1,804 videos and 5,333 test clips
from 1,813 videos. Comparing the source-video
identifiers shows no overlap between iSign and the
shared-task evaluation videos.

The WSLP validation release does not contain
reference translations, so development experiments
use an iSign holdout. A total of 1,940 clips are
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Figure 1: Overview of the proposed pose-to-text translation model. Orange boxes are the two changes introduced
in this work: clip-level pose normalization and shared-encoder contrastive grounding. The pose sequence is
normalized, reduced in time by a convolutional frontend, and projected into the embedding space of a pretrained
T5 encoder–decoder together with a register control token. During training the target sentence is encoded by the
same T5 encoder and an InfoNCE objective aligns the pooled pose and text representations, so the contrastive term
regularizes exactly the states the decoder attends to and adds no parameters at inference. Dashed boxes and arrows
are used only during training and are removed at inference.

held out by source video rather than by clip, avoid-
ing nearby segments from the same recording on
both sides of the split. The resulting development
set remains in-domain with respect to iSign and
is therefore used for controlled model comparison
rather than as a direct estimate of WSLP test per-
formance.

Before splitting the data, 3,408 iSign targets con-
sisting of a single token, bare digits, or punctuation-
like text are removed, leaving 120,786 usable pairs.
The most frequent target in the raw file is 2. These
examples are excluded because they strongly favor
degenerate short predictions.

Two uid patterns in the evaluation data corre-
spond to different target styles: capitalized, punc-
tuated prose and lowercase fragments. Since the
uid identifies this distinction at inference time, a
control token is prepended to the pose embeddings
to specify the target register. Training labels for
this token are derived from the target surface form.

3.5 Implementation details

Training uses AdamW with separate learning rates
for the randomly initialized pose frontend and the
pretrained T5 backbone. The frontend uses 1 ×
10−4 and T5 uses 3×10−5, with cosine scheduling
and 8% linear warmup. A single learning rate of
1 × 10−4 for both components caused the loss to
rise from 5.8 to 15.1 near the peak of the schedule.

Decoder flan-t5-base (223M)
Pose frontend 6.1M parameters
Input 103 keypoints ×2, 25 fps
Max input / target 512 frames / 48 tokens

Optimizer AdamW, β = (0.9, 0.98)
LR, frontend / T5 10−4 / 3× 10−5

Schedule cosine, 8% linear warmup
Weight decay / clipping 0.01 / 1.0
Batch size / epochs 64 / 14
Precision bfloat16
Contrastive weight 0.5
Contrastive temperature 0.07
Development set 1,940 clips, held out by video
Hardware / runtime 1 × B200 / ≈60 min per model
Ensemble 5 models (chrF 0.15)
Submitted output single model + fixed suffix
Submitted decoding beam 8, length penalty 2.0

no-repeat 3-grams, min. 36 tokens

Table 2: Training and decoding configuration.

Models are trained for 14 epochs with batch size
64, weight decay 0.01, gradient clipping at 1.0, and
bfloat16 precision. The contrastive weight is 0.5
and the temperature is 0.07.

The submitted model averages token log-
probabilities from five runs that differ only in ran-
dom seed and data order. Decoding uses beam
size 8, length penalty 2.0, no-repeat 3-grams, and
a minimum output length of 36 tokens. The lo-
cal evaluation follows the shared-task metric stack:
unsmoothed BLEU (Papineni et al., 2002) with
the NLTK punkt tokenizer, ROUGE (Lin, 2004)
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Configuration chrF ROUGE-L BLEU

Cross-entropy only 0.102 0.076 0.0089
+ shared-encoder contrastive
grounding

0.121 0.089 0.0113

+ robust clip-level normalization 0.128 0.094 0.0115

Table 3: Ablation results on the video-held-out iSign
development split.

via rouge==1.0.1, and chrF (Popović, 2015) via
sacreBLEU (Post, 2018). As a scorer check, a con-
stant hello prediction receives chrF 0.0317 locally
and 0.03 from the official scorer.

4 Results

4.1 Shared-task performance
On the official WSLP 2026 Task 1 test set, our
submitted system reaches chrF 0.16, ROUGE 0.08,
and BLEU 0.00, ranking second among five sub-
mitted systems. Official chrF scores range from
0.13 to 0.17, while all five systems obtain BLEU
at or below 0.02. Under the same decoding con-
straints, both the five-model ensemble and the sin-
gle strongest model reach chrF 0.15; the remain-
ing 0.01 comes from a fixed suffix appended to
every prediction, analyzed in Section 4.5. Ensem-
bling therefore improves the development scores
reported below without producing a measurable
gain on the evaluation collection. Because the of-
ficial test references are not released, the effect of
individual model components is evaluated on the
video-held-out iSign development split.

4.2 Ablation study
Because the official test references are not released,
component-level comparisons use the video-held-
out iSign development split. Section 4.4 shows that
performance on this split does not always predict
official chrF, so the ablation results characterize the
method on held-out iSign videos rather than estab-
lish the same component ordering on the WSLP
collection.

The controlled development experiments in Ta-
ble 3 isolate the two main changes in the proposed
method. Cross-entropy training alone reaches
chrF 0.102, ROUGE-L 0.076, and BLEU 0.0089.
Adding shared-encoder contrastive grounding in-
creases all three metrics and raises chrF to 0.121.
Replacing frame-wise scaling with clip-level nor-
malization further raises chrF to 0.128.

The normalization change also addresses a mea-
surable difference in input scale. Under frame-wise

Seed chrF ROUGE-L BLEU

0 0.1240 0.0953 0.0142
1 0.1305 0.0849 0.0090
2 0.1301 0.1024 0.0113

mean ± sd 0.128 ± 0.003 0.094 ± 0.007 0.0115 ± 0.0021
range 0.0065 0.0175 0.0052

Table 4: Three runs of the final configuration, with con-
trastive grounding and clip-level normalization, using
different random seeds.

Seed chrF ROUGE-L BLEU

0 0.1212 0.0893 0.0113
1 0.1166 0.0952 0.0123
2 0.1024 0.0911 0.0071

mean ± sd 0.113 ± 0.008 0.092 ± 0.003 0.0102 ± 0.0022
range 0.0187 0.0059 0.0052

Table 5: Three runs of the contrastive configuration
without normalization, same seeds as Table 4.

shoulder scaling, training features have standard de-
viation 1.99 and a 99.9th percentile of 3.29, while
the corresponding test statistics are 3.04 and 13.92.
After clip-level standardization, both collections
have unit variance. Together with the ablation re-
sult, this indicates that clip-level normalization re-
duces a measurable scale mismatch between the
two collections.

The contrastive objective also learns a measur-
able pairing signal. Its loss decreases from 4.45
to 2.66, compared with ln 64 = 4.16 at the batch
size used here. This shows that the shared encoder
learns to distinguish the paired sentence from the
other sentences in its batch, but batch-level discrim-
ination does not by itself establish semantic ground-
ing. The rank-based retrieval probe in Section 4.6
provides a more direct test: the correct sentence
ranks substantially above chance for the contrastive
checkpoints and near chance for the cross-entropy-
only checkpoint. Translation performance remains
the primary evidence for the method; the retrieval
probe provides complementary evidence of align-
ment beyond batch discrimination.

4.3 Run-to-run variation

Table 4 reports three runs of the final configuration,
which combines contrastive grounding with clip-
level normalization. chrF ranges from 0.1240 to
0.1305, with a mean of 0.128± 0.003.

To assess the normalization gain across random
seeds, we repeated the contrastive configuration
without clip-level normalization using the same
three seeds as the final configuration (Table 5).

Normalization improves chrF in all three
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Configuration chrF ROUGE-L BLEU

Contrastive (reference) 0.121 0.089 0.0113

+ velocity features 0.121 0.081 0.0099
+ pose augmentation 0.116 0.083 0.0095
+ flan-t5-large 0.106 0.074 0.0083
+ masked-pose pretraining 0.118 0.090 0.0078
+ all of the above 0.110 0.079 0.0084

Table 6: Single-run modifications on the video-held-out
iSign development split, each varying one component
from the contrastive configuration.

matched comparisons, by +0.0028, +0.0139, and
+0.0277, with an average improvement of +0.015.
The magnitude varies across runs, but the direction
is consistent across all three seeds. ROUGE-L and
BLEU vary more across runs, so small differences
on those metrics should be interpreted cautiously.

Other single-run modifications, including veloc-
ity features, pose augmentation, flan-t5-large,
and masked-pose pretraining, do not improve be-
yond the variation observed here. Table 6 reports
each, varying one component from the contrastive
(no-normalization) configuration; none of these dif-
ferences is larger than that configuration’s own seed
range (0.0187, Table 5), so we report them as unre-
solved rather than as evidence that the component
is harmful.

We discuss two of these results in more detail
below.

Velocity features. Appending first-order frame
differences to the keypoint stream did not help.
This differs from prior work showing substantial
gains from optical flow computed directly on video
(Chowdhury and Sanyal, 2025). First differences of
103 keypoint coordinates provide a much coarser
motion signal than dense optical flow, so this neg-
ative result should not be interpreted as evidence
against motion representations more broadly.

Masked-pose pretraining. We pretrained the
frontend by masked reconstruction over iSign to-
gether with the unlabeled WSLP validation and test
poses, as a form of unsupervised adaptation to the
evaluation collection. It reduced development loss
while producing lower translation scores. Recon-
structing masked pose frames rewards features that
predict neighboring coordinates, which is not the
same as features that carry sentence-level content.

4.4 Cross-collection development

Performance on the iSign development split does
not consistently predict performance on the WSLP
collection. Across three submitted configurations,
development BLEU rises from 0.0073 to 0.0188,
whereas official chrF changes from 0.12 to 0.13
and then falls to 0.11. The configuration with the
strongest development result is therefore the weak-
est of the three under official chrF.

This difference is consistent with the collec-
tion split described in Section 3: the develop-
ment set contains held-out iSign videos, while
the shared-task clips come from a separate set of
source videos. Holding out complete videos re-
duces within-recording leakage, but it does not
reproduce the target distribution.

4.5 Effect of decoding on the official score

The ablation above measures changes to the trained
model, while the final WSLP score also depends on
how that model is decoded. Table 7 evaluates one
fixed checkpoint under six different output-length
constraints. Increasing the mean output length from
11.6 to 25.9 words raises chrF from 0.13 to 0.15
even though the model itself is unchanged, and
lengthening further to 60.9 words brings it back
down to 0.14. Over the same sweep ROUGE-L
decreases monotonically from 0.09 to 0.06 and
BLEU remains 0.00, so the two metrics move in
opposite directions for a model that never changed.
For scale, that 0.02 swing from decoding alone is
half the 0.04 spread separating all five submitted
systems.

The final row of Table 7 appends the same En-
glish sentence to every 25.9-word prediction. This
text is identical for all 5,333 clips and does not
use the pose, yet it increases chrF from 0.15 to
0.16. The final 0.01 in the submitted score there-
fore comes from decoding rather than a change in
the learned translation model.

4.6 Input-independent controls

The decoding results suggest that part of the chrF
score may come from target-language surface form
rather than the signed input. To estimate this effect
directly, Table 8 evaluates several controls that do
not use the pose sequence.

A fixed sentence repeated for every test clip
reaches chrF 0.14, while selecting a fixed sentence
using only the known output register raises the
score to 0.15. The random-sentence control also
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Mean output length chrF ROUGE BLEU

11.6 words 0.13 0.09 0.00
19.6 words 0.14 0.09 0.00
25.9 words 0.15 0.08 0.00
32.6 words 0.15 0.08 0.00
42.1 words 0.15 0.07 0.00
60.9 words 0.14 0.06 0.00

25.9 words + fixed suffix (43.9) 0.16 0.08 0.00

Table 7: Official test scores for one fixed checkpoint
under different output-length constraints. The final row
appends the same fixed suffix to every prediction.

Prediction rule chrF ROUGE BLEU

constant hello 0.03 0.00 0.00
one fixed sentence 0.14 0.09 0.00
fixed sentence, register-matched 0.15 0.08 0.00
random training sentence 0.13 0.04 0.00

Table 8: Sanity checks on the official test set. None of
these controls use the pose sequence.

reaches 0.13. None of these predictions uses in-
formation from the signed content. All four con-
trols were evaluated with the official scorer and are
therefore directly comparable with the leaderboard
scores in Section 4. Three fall within the 0.13–0.17
chrF range spanned by the five submitted systems,
and the best input-independent control is only 0.02
below the top submission. In contrast, the constant
hello control reaches only 0.03 chrF, indicating
that the higher scores depend on plausible English
surface form rather than arbitrary output.

Because the contrastive objective aligns pose
and text in a shared space, the trained encoder can
also be used as a retrieval index, giving a pose-
conditioned control that the controls above lack.
We embedded all training clips, embedded each
development clip, and returned the nearest training
sentence. On the development split, this reaches
chrF 0.154, ROUGE-L 0.067, and BLEU 0.0069,
compared with chrF 0.121 for generated output
from the same checkpoint on the same split. We do
not report this result on the official test set because
no target-domain retrieval index is available for the
WSLP evaluation collection. Retrieved sentences
are fluent and human-written but, on inspection,
unrelated in meaning to the query clip: the retrieval
control separates two properties that chrF does not
distinguish, since a retrieved sentence has ideal sur-
face fluency and essentially no content accuracy,
and still scores above generated output that is par-
tially correct.

Checkpoint R@1 R@5 R@10

Cross-entropy only 0.0005 0.0026 0.0057
+ contrastive 0.0072 0.0294 0.0567
+ normalization 0.0351 0.1191 0.1964

chance (N=1,940) 0.0005 0.0026 0.0052

Table 9: Pose-to-text retrieval recall on the 1,940-clip
development split. R@1/5/10 reports the fraction of
pose queries for which the paired reference sentence
appears among the top 1, 5, or 10 candidates. Chance
recall is shown for reference.

Retrieval recall as a grounding probe. The con-
trastive loss measures discrimination within a train-
ing batch, but does not show how well pose and
text representations align on held-out examples.
We therefore evaluate pose-to-text retrieval on the
1,940-clip development split. For each clip, we
encode its pose and reference sentence separately
with the shared T5 encoder, mean-pool the repre-
sentations, and rank all 1,940 reference sentences
by cosine similarity to the pose query. We report
recall at 1, 5, and 10 (R@1/5/10), together with
chance performance for a candidate pool of this
size. The cross-entropy-only checkpoint provides
a control because it was not trained with the con-
trastive objective.

The cross-entropy-only checkpoint performs
near chance at each k, while both contrastive check-
points perform substantially above chance. Con-
trastive grounding reaches R@10 of 0.057, com-
pared with a chance level of 0.0052, and adding
normalization raises R@10 to 0.196. The median
rank of the correct sentence also improves from
158 to 49 out of 1,940 candidates after normal-
ization. These results provide additional evidence
that contrastive training produces pose–text align-
ment beyond the decrease in its training loss, while
normalization further improves retrieval on this
probe. Absolute retrieval performance nevertheless
remains limited: at R@10 of 0.196, the correct sen-
tence falls outside the top 10 for about four fifths
of the queries.

Taken together, these results show that substan-
tial character-level overlap can be obtained from
English surface form alone in this evaluation set-
ting, whether or not the prediction is conditioned
on the pose. They do not imply that chrF is gener-
ally unsuitable for sign language translation; rather,
they show that chrF is difficult to interpret on its
own when translation accuracy is this low.
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Reference: Do you know whose idea it was to set up Clin
d’Oeil? It was him!
CE only This is why they have a lot of people.
+ contrastive It is a very important importance of the

world.

Reference: Hello! Hello! Hello!
CE only This is why you will be very happy.
+ contrastive Let me tell you.

Reference: It is all about Sign Language. Which is very
important.
CE only This is why it was very happy.
+ contrastive This is why he was very happy.

Table 10: Development examples from cross-entropy
and contrastive training.

4.7 Qualitative analysis

The generated sentences are often fluent even when
their content is poor. Under cross-entropy alone,
unrelated development clips frequently receive sim-
ilar sentences beginning with “This is why”. Con-
trastive training reduces this repetitive pattern and
increases output variation, although the examples
in Table 10 remain far from their references. Be-
fore decoding calibration, one sentence accounts
for 9.2% of the 5,333 official test predictions and
only 23% of predictions are distinct.

The qualitative results are consistent with the
quantitative ablation but also limit the strength of
the grounding claim from generation alone. Shared-
encoder contrastive training improves the measured
translation scores and reduces an obvious repetition
mode, but the generated sentences remain weakly
aligned with the reference content; the retrieval
probe in Section 4.6 is what supports a grounding
claim beyond generation quality, and even there the
absolute recall remains low.

Taken together, these experiments separate two
sources of improvement. The controlled ablation
shows that contrastive grounding and clip-level nor-
malization improve the trained model on the avail-
able development data. The decoding and input-
independent controls show that changes of a similar
magnitude in official chrF can also arise without
changing the model itself. This makes small chrF
differences difficult to interpret on their own in the
current low-accuracy setting.

5 Conclusion

This paper presents a pose-to-text approach for the
WSLP 2026 Indian Sign Language translation task.
The method combines robust clip-level pose nor-
malization with shared-encoder contrastive ground-

ing, using the same T5 encoder for pose and target
text during training. Controlled experiments on
held-out iSign videos show improved translation
scores after contrastive grounding and clip-level
normalization. Across three matched seeds, nor-
malization improves chrF in every comparison. A
rank-based retrieval probe provides complementary
evidence that contrastive training improves pose–
text alignment, with a further improvement after
normalization.

The shared-task evaluation reveals a separate dif-
ficulty. Performance on held-out iSign does not
consistently predict performance on the WSLP col-
lection, and the official chrF score is sensitive to
output length and input-independent English con-
tent. These results support the proposed training
method while also showing that, at the current
level of translation accuracy, small changes in chrF
do not necessarily correspond to better use of the
signed input.

Limitations

The method is evaluated on a single sign lan-
guage and a single training corpus (iSign); whether
shared-encoder contrastive grounding transfers to
other sign languages or pose-extraction pipelines
is untested. Register conditioning relies on a uid
pattern specific to the WSLP evaluation data, and
would need a learned or predicted register signal in
a setting where this side information is unavailable
at inference. The contrastive objective improves
translation scores and reduces a specific repetition
failure mode, and a rank-based retrieval probe (Sec-
tion 4.6) shows the resulting pose representation
is above-chance predictive of its paired sentence,
but the qualitative examples in Table 10 show gen-
eration itself does not establish accurate content
grounding: generated sentences often remain un-
related to the reference in meaning even when flu-
ent, and even the retrieval probe’s absolute recall
is low (R@10 of 0.20 on a 1,940-clip pool). Be-
cause official test references are not released for
this shared task, all component-level comparisons
rely on a held-out development split, which Sec-
tion 4.4 shows can rank configurations differently
than the official evaluation; the true ranking of the
tested components on the WSLP test collection
therefore remains uncertain. The retrieval probe is
subject to the same limitation.

Absolute translation quality also remains low:
our system obtains BLEU 0.00, and every submit-

139



ted system obtains BLEU at or below 0.02. At this
level of performance, small chrF differences can-
not by themselves establish better use of the signed
input.
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