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Abstract

Vision-language models (VLMs) have emerged
as a powerful framework for multimodal video
understanding. However, they remain limited
in the sign language translation task, where we
identify a key failure mode of existing VLM-
based translators: poor spatial-temporal vi-
sual grounding. In particular, we find that
standard next-token cross-entropy does not di-
rectly provide signal for where and when the
model should attend, causing models to over-
look sign-relevant regions and frames. To ad-
dress this challenge, we propose AttnSign, a
VLM-based spatial-temporal attention steering
framework for sign language translation. At-
tnSign first introduces spatial attention super-
vision for sign-relevant regions, such as face
and hands, in each frame; then develops an
RL-based motion-cadence steering method that
encourages the model to explore and focus on
sign-level keyframes. Experimental results on
How2Sign and OpenASL benchmarks show
that our proposed AttnSign consistently outper-
forms existing methods. Code will be released.

1 Introduction

Sign language translation (SLT) converts contin-
uous sign language videos into natural-language
sentences. Early systems rely on gloss-based
supervision (Camgoz et al., 2020; Zhang et al.,
2023), while more recent methods bypass it en-
tirely (Wong et al., 2024; Fish and Bowden, 2026;
Kim et al., 2025; Jiang et al., 2026). These gloss-
free methods typically adopt a modular design: a
visual encoder is pretrained with pseudo-gloss su-
pervision (Guo et al., 2026), contrastive video-text
alignment (Zhou et al., 2023), or self-supervised
learning (Hu et al., 2023; Gueuwou et al., 2025b),
and then fine-tuned jointly with a language decoder.

Meanwhile, vision-language models (VLMs)
such as Gemini (Team et al., 2023), GPT-
4 (Achiam et al., 2023), and Qwen-VL (Bai et al.,
2023) have rapidly advanced, enabling strong

general-purpose multimodal perception and gen-
eration in a single unified backbone. This naturally
raises the question: can general VLMs serve as ef-
fective SLT translators? However, we empirically
observe that these VLMs show limited performance
on SLT. We thereby investigate how to close this
gap and propose AttnSign, an end-to-end, gloss-
free training framework that adapts a general VLM
for sign language translation.

To adapt VLMs for SLT, we start with super-
vised fine-tuning (SFT) (Liu et al., 2023) on vi-
sual instructional data, which teaches the VLM
to translate by following instructions. After train-
ing, we observe that the model can output fluent
translations while assigning high visual attention
to background and clothing regions, resulting in
poor interpretability. Yet, sign language conveys
linguistic content through manual features such
as handshape, movement, and location, as well as
non-manual facial markers (Brentari and Eccarius,
2010; Pfau et al., 2010), whereas these non-signing
regions carry no linguistic information. In this
work, we hypothesize that cross-entropy applied
only to text tokens cannot provide explicit signals
to regularize misaligned attention. We address this
problem by adding a spatial attention supervision,
enabling the model to generate translations while
aligning visual attention with an annotated prior.

SFT optimizes a token-level objective, while
translation quality is judged at the sequence level.
To complement SFT, we refine the model as a trans-
lation policy via reinforcement learning (RL), fol-
lowing existing works (Feng et al., 2026).

Standard RL algorithms such as GRPO (Shao
et al., 2024) are task-agnostic, treating sign lan-
guage as any other text-generation task without
considering its specific properties. Meanwhile, we
observe that its KL penalty term offers limited ben-
efit and can restrict policy updates on our task,
consistent with recent RL studies on LLM (Yu
et al., 2025; Hu et al., 2025). To inject sign-specific
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Figure 1: Overview of the proposed training framework. The general VLM takes video frames Xv and instruction
Xq as inputs and generates the translation. In Sign-Aware SFT stage, we introduce a spatial attention Lattn at
selected LLM layers with frame-level foreground targets, jointly with the next-token prediction loss LCE . In
Sign-Aware GRPO stage, we add a motion-cadence steering objective Lcadence in place of the KL penalty term
LKL, which aligns per-frame temporal attention a

(l)
k with a Gaussian-smoothed motion-peak target tk. We adopt

the translation quality-based rewards.

signal, we leverage a temporal property of sign
language: signs are organized through structured
movements and holds that produce changes in vi-
sual motion energy over time (Brookshire et al.,
2017), with motion peaks marking visually salient
keyframes within each sign. Given that the KL
penalty can offer limited benefit, we then replace
it with a motion-cadence steering mechanism that
guides temporal attention toward these keyframes
during RL training.

We evaluate AttnSign on two large-scale Amer-
ican Sign Language benchmarks, How2Sign and
OpenASL. Our proposed AttnSign reaches BLEU-
4 of 15.54 on How2Sign and 20.75 on OpenASL,
outperforming leading specialized SLT methods
and general-purpose VLM baselines. We summa-
rize the contributions as follows:

• We propose AttnSign, an end-to-end training
framework that adapts a general VLM for SLT,
achieving better interpretability and accuracy.

• In the SFT stage, we introduce a spatial at-
tention supervision that guides the model to
focus on sign-relevant regions in each frame.

• In the RL stage, we propose a motion-cadence
steering mechanism in place of the KL penalty
in standard GRPO, guiding the model’s tem-
poral attention toward keyframes of each sign.

• Experiments on benchmark datasets show the
leading performance over both task-specific
methods and general-purpose VLMs.

2 Related Work

Sign Language Translation. Prior SLT methods
use gloss annotations to bridge visual and linguistic
modalities (Chen et al., 2022; Zhang et al., 2023),
which bring promising performance but can be hard
to scale due to the annotation cost. More recently,
gloss-free methods (Zhou et al., 2023; Gong et al.,
2024; Rust et al., 2024; Pu et al., 2026; Hamidul-
lah et al., 2024) learn from video-text pairs with
auxiliary alignment or pretraining objectives, being
more flexible and seeing further performance boost.
Given the success of foundation models (Liu et al.,
2020; Touvron et al., 2023; Bai et al., 2023), exist-
ing works (Zhang et al., 2024; Wong et al., 2024;
Hwang et al., 2024; Rao et al., 2025; Wang et al.,
2025b; Jang et al., 2025) adopt LLMs for decod-
ing. However, these works generally need to tailor
the model structure by integrating customized vi-
sion encoders (He et al., 2016; Oquab et al., 2023).
How to directly tune a unified VLM model for SLT
remains underexplored.

Training Strategies for SLT. These SLT sys-
tems are typically trained in two stages: visual-
encoder pretraining followed by joint fine-tuning.
Pretraining objectives include contrastive align-
ment between video and text (Kim et al., 2025),
masked self-supervised modeling (Rust et al., 2024;
Gueuwou et al., 2025b), and pseudo-gloss predic-
tion (Wong et al., 2024). Most works rely on
SFT for the fine-tuning stage (Liang et al., 2024;
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Gong et al., 2024; Sun et al., 2024), while recent
works (Rao et al., 2025; Pu et al., 2026) further
explore reinforcement learning after SFT. Mean-
while, general-purpose VLMs—including LLaVA-
OneVision (Li et al., 2024b) and Qwen-VL (Bai
et al., 2025) offer strong general-purpose visual-
language capabilities (Zhao et al., 2026; Inan et al.,
2025; Sun et al., 2025). Instead of relying on a sep-
arate pretraining stage, we adapt a general VLM
end-to-end through SFT and RL with sign-specific
domain knowledge introduced at both stages.

Attention Supervision. Attention supervision
has been studied in vision and multimodal learning
to improve grounding, including attention trans-
fer (Li et al., 2024a), human attention or gaze
guidance (Selvaraju et al., 2019; Yan et al., 2024;
Wang et al., 2025a), and region-level grounding for
vision-language models (Wan et al., 2024). These
works demonstrate that attention supervision can
effectively shape model behavior, yet its potential
remains underexplored in sign language translation.
To address this gap, we develop attention steering
methods tailored to SLT by guiding attention in
the LLM decoder along both spatial and temporal
dimensions.

3 Method

Section 3.1 introduces SFT on a general VLM, and
Section 3.2 extends it with spatial attention super-
vision. Section 3.3 describes GRPO for sequence-
level optimization, and Section 3.4 enhances it with
motion-cadence attention steering.

3.1 Instructional SFT on a VLM

Given a sign language video Xv = {xk}Kk=1 of
K frames, language instruction Xq, and a target
translation Y , the goal is to learn a translator πθ
parameterized by θ, such that Y = πθ(Xv, Xq).

We use a general VLM that models percep-
tion and generation of each output token yn ∈
{y1 · · · yN} = Y jointly as:

Pθ(Y | Xv, Xq) =

N∏︂

n=1

Pθ(yn | Xv, Xq, y<n) .

(1)
where the input frames Xv are encoded into vi-
sual tokens using a vision encoder and projected
to language space by a projector, followed by the
instruction tokens.

Instructional Fine-tuning. Pretrained VLMs
provide three capabilities directly useful for SLT:

general visual perception, fluent language gener-
ation, and alignment between visual tokens and
language. However, they can lack SLT-specific
knowledge due to the scale and quality of the sign
language data in the real world (Duarte et al., 2021).
We empirically find that representative pretrained
VLMs such as GPT-5 and Qwen2.5-VL-7B (Bai
et al., 2025) can show limited performance on both
How2Sign and OpenASL (Table 1 and Table 2).

We cast SLT as instruction-following generation
task. Each training instance pairs a video Xv with
a natural-language instruction Xq (e.g., “Translate
the American Sign Language in this video to En-
glish”) and uses the target translation Y as the re-
sponse. The model is trained with the standard
cross-entropy loss:

LCE = −
N∑︂

n=1

logPθ(yn | Xv, Xq, y<n) , (2)

where θ is optimized to maximize the likelihood of
the translation conditioned on the input video and
instruction. The SFT stage transfers the VLM’s
general capabilities to the SLT task.

Observation on Visual Attention. Despite the
fact that sign-linguistic content is primarily con-
veyed by the signer’s hands and face, We empir-
ically find that after instructional SFT, the model
can assign high visual attention to the less infor-
mative areas, including background and clothing
regions (Figure 2, middle column). Considering
that cross-entropy on text tokens does not penalize
misaligned attention, we hypothesize that apply-
ing explicit spatial constraint to attend more on
sign-relevant regions can benefit translation.

3.2 SA-SFT: Sign-Aware SFT
To achieve the goal, we propose a spatial supervi-
sion loss during SFT. Unlike approaches that rely
on cropped regions or keypoints as inputs (Gan
et al., 2023; Gueuwou et al., 2025a; Li et al., 2025),
we keep the raw video as input and impose the
spatial constraint through the loss. This preserves
global visual context while guiding attention to-
ward hand and face regions that carry primary sign-
linguistic cues.

Foreground target. For each frame xk of a train-
ing video, we use MediaPipe (Lugaresi et al., 2019)
to extract a binary mask Mk covering the hands and
face. We then resize the mask via average pooling
to the 8×8 visual-token grid, yielding a soft fore-
ground intensity vector Mk,flat ∈ [0, 1]64, and con-
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Frame 0 Frame 6 Frame 13 Frame 20 Frame 26

Figure 2: Visual-token attention maps at LLM layer
16 across five frames (columns) of the same test video.
Rows show the three training stages: pre-trained VLM
(top), standard SFT (middle), and Sign-Aware SFT with
our spatial attention supervision (bottom).

vert it into a soft spatial target using a temperature-
controlled softmax:

P̂k = softmax(Mk,flat/T ). (3)

Spatial Attention loss. Let P (l)
attn,k ∈ R64 de-

note the per-frame attention distribution over the
64 visual positions of frame k at LLM decoder
layer l. We obtain this distribution by extracting
the attention weights assigned to visual tokens and
renormalizing them within each frame, so that the
64 spatial positions of frame k form a valid prob-
ability distribution. We supervise a set of decoder
layers Sattn with:

Lattn =
1

K |Sattn|
K∑︂

k=1

∑︂

l∈Sattn

KL
(︂
P

(l)
attn,k ∥ P̂k

)︂
,

(4)
averaging over frames and supervised layers.

This objective penalizes attention mass assigned
to regions with low target probability, thereby en-
couraging the model to concentrate attention on the
hand and face regions. The SA-SFT objective com-
bines the standard next-token cross-entropy loss
with spatial attention supervision:

LSA-SFT = LCE + γ Lattn, (5)

where γ controls the strength of attention supervi-
sion. We supervise mid-depth LLM decoder layers,
which we empirically find to be the most effective
for spatial attention supervision (Section 4.5).

SFT optimizes token-level cross-entropy under
teacher forcing, whereas translation quality is eval-
uated with sequence-level metrics such as BLEU,
ROUGE, and BLEURT. This creates an objec-
tive mismatch: cross-entropy encourages high-
probability next-token predictions, but does not di-
rectly optimize full-sentence quality or enhance the

semantic score. Following existing works (Feng
et al., 2026), we therefore further perform post-
training stage upon SFT model, e.g., policy opti-
mization.

3.3 GRPO for Sequence-Level Optimization
We first study the canonical GRPO (Shao et al.,
2024) to further fine-tune the SFT model for
the SLT, considering GRPO can also support
different rule-based rewards for optimizing non-
differentiable translation metrics.

Formulation. For each input video Xv, we
sample G candidate translations {Y (g)}Gg=1 from
the current policy and score each with a reward
r(Xv, Y

(g)). We define the reward as a reference-
based function:

r(Xv, Y
(g)) = R(Y (g), Y ∗), (6)

where Y ∗ is the reference translation and R(·, ·)
measures translation quality. This formulation al-
lows us to instantiate R with different rule-based
reward designs, which we compare in Section 4.

We compute group-relative advantages by com-
paring each candidate with the group mean reward:

A(g) = r(Xv, Y
(g))− 1

G

G∑︂

g′=1

r(Xv, Y
(g′)). (7)

The advantage A(g) is assigned to all generated
tokens of Y (g). Let c = (Xv, Xq). The clipped
GRPO surrogate is defined per-token as:

Lclip = −E

[︄
1

G

G∑︂

g=1

1

|Y (g)|

|Y (g)|∑︂

t=1

min
(︂
ρ
(g)
t A(g),

clip(ρ
(g)
t , 1−ϵ, 1+ϵ)A(g)

)︂]︄
,

(8)

where ρ
(g)
t = πθ(y

(g)
t | c, y

(g)
<t )/πθold(y

(g)
t |

c, y
(g)
<t ) is the token-level probability ratio, πθold

denotes the policy before the update, and ϵ is the
clipping bound. The standard GRPO objective com-
bines this with a KL penalty:

LGRPO = Lclip + β LKL, (9)

where β controls the KL strength, and LKL keeps
the policy close to a fixed reference πref . The KL
penalty term is:

LKL = Ec∈D [DKL(πθ(· | c)∥πref(· | c))] , (10)

where DKL is the KL divergence.
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Limitations of standard GRPO. Standard
GRPO can have limitations for SLT. First, it is
task-agnostic and carries no explicit SLT-specific
knowledge. Second, we observe that its generic
LKL, which only anchors the policy to the refer-
ence πref , can bring limited benefit and even can
restrict the potential of the policy model for SLT
(Table 3). This is consistent with recent RL studies
on LLM (Yu et al., 2025; Hu et al., 2025). Accord-
ingly we replace LKL with a proposed sign-specific
steering mechanism that addresses both issues.

3.4 SA-GRPO: Sign-Aware GRPO
Sign language exhibits structured temporal dynam-
ics, with signs organized through movements and
holds that give rise to changes in visual motion en-
ergy over time (Liddell and Johnson, 1989; Brook-
shire et al., 2017). This makes motion peaks a
natural target for guiding optimization. However,
this prior alone does not tell us whether focusing
attention on these peaks actually helps translation
quality, or in which LLM layers this effect holds.
Accordingly, we uncover the attention-performance
relationship through a statistical analysis, connect-
ing the model’s per-layer attention concentration
with translation quality.

Statistical Analysis. For each video and LLM
layers of the SA-SFT model, we obtain a per-frame
attention vector by aggregating over visual tokens
within each frame and averaging over text-query
positions. We compute the concentration score as
C = 1−H/ logK, where H is the entropy over K
frames. Figure 3 shows that there exists a positive
correlation relationship between C and BLEU-1,
computed across both training and test videos, es-
pecially peaks at the upper-middle 17th and 19th
layers (r ≈ +0.32), indicating that enhancing such
an attention concentration at these layers during op-
timization can potentially improve the translation
quality during inference.

Motion-cadence Steering Loss. While the anal-
ysis identifies at which layers concentration helps,
the linguistic prior that informative moments clus-
ter around motion peaks tells us which frames to
concentrate on. We therefore construct a frame-
level target around motion peaks at these layers.
For each training video, we compute a per-frame
motion signal using grayscale frame differences:

mk =
1

HW

∑︂

h,w

⃓⃓
xgrayk − xgrayk−1

⃓⃓
h,w

, (11)

where xgrayk denotes the grayscale frame at time k.
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Figure 3: Correlation between temporal attention score
and translation performance (measured by BLEU-1).
For example, the strongest positive correlation emerges
at the 17th and 19th layers for the SA-SFT model, moti-
vating us to steer the temporal attention for the perfor-
mance boost during optimization.

We detect local maxima P in mk with a minimum
inter-peak distance of 3 frames, and convert them
into a normalized temporal target:

tk =
1

Z

∑︂

p∈P
exp

(︃
−(k − p)2

2σ2

)︃
,

∑︂

k

tk = 1,

(12)
where the Gaussian bandwidth is set to σ = 2.5
frames, spreading each peak to neighboring frames
to yield a soft cadence target. For videos where
no local maxima are detected (P = ∅), we skip
Lcadence for that sample and retain only Lclip.

Let a(l)k denote the attention mass on frame k at
LLM layer l. We obtain it by summing attention
over the 64 visual tokens of frame k and normaliz-
ing across all frames. We supervise a set of layers
Scadence toward this target with:

Lcadence =
1

|Scadence|
∑︂

l∈Scadence

KL
(︂
a(l) ∥ t

)︂
.

(13)
This loss keeps temporal attention aligned with

the soft cadence target t centered on motion peak.
SA-GRPO. We replace the LKL in stan-

dard GRPO with the sign-specific cadence term
Lcadence. The SA-GRPO objective is:

LSA-GRPO = Lclip + λLcadence, (14)

where λ controls the strength of the cadence steer-
ing. Unlike generic LKL, Lcadence is conditioned
on the input video and ties the regularization to
sign-relevant motion structure. Interestingly, we
observe a continued performance boost tendency
by reducing the KL penalty in canonical GRPO or
increasing our proposed motion-cadence term. See
more discussion in Section 4.5.
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Method B-1 B-2 B-3 B-4 ROUGE-L BLEURT
Closed-source VLMs
Gemini-2.5-Pro (Comanici et al., 2025) 15.41 5.57 2.61 1.41 13.79 30.90
GPT-5 6.64 1.02 0.68 0.10 5.72 24.62
Open-source VLMs
LLaVA-OV-7B (Li et al., 2024b) 11.21 3.56 1.45 0.16 4.10 20.15
Qwen2.5-VL-7B (Bai et al., 2025) 12.42 4.12 1.13 0.11 7.24 24.10
InternVL-2.5-8B (Chen et al., 2024a) 11.81 2.35 0.86 0.06 7.56 25.12
Trained on H2S only
GloFE-VN (Lin et al., 2023) 14.94 7.27 3.93 2.24 12.61 31.65
Tarrés et al. (Tarrés et al., 2023) 34.01 19.30 12.18 8.03 — —
SSVP-SLT (Rust et al., 2024) 30.20 16.70 10.50 7.00 25.70 39.30
SignMusketeers (Gueuwou et al., 2025a) 18.80 8.10 4.20 2.40 — —
C2RL (Chen et al., 2025) 29.07 18.56 12.92 9.37 27.02 —
SpaMo (Hwang et al., 2024) 33.41 20.28 13.96 10.11 30.56 42.23
AttnSign (Ours) 35.82 20.68 13.52 9.45 30.45 42.73
Trained on H2S + YT
Uthus et al. (Uthus et al., 2023) 37.82 24.13 16.92 12.39 — 46.63
SSVP-SLT-LSP (Rust et al., 2024) 43.20 28.8 20.80 15.50 38.40 49.60
SignMusketeers (Gueuwou et al., 2025a) 41.50 27.20 19.30 14.30 — —
Uni-Sign (Li et al., 2025) 40.20 — — 14.90 36.00 49.40
SHuBERT (Gueuwou et al., 2025b) — — — 16.20 — 49.90
Geo-Sign (Fish and Bowden, 2026) 40.80 — — 15.10 35.40 —
AttnSign (Ours) 43.45 28.82 20.94 15.54 39.02 50.44

Table 1: Performance comparison on the How2Sign benchmark. Methods are grouped into four blocks: zero-shot
closed-source VLMs, zero-shot open-source VLMs, specialized SLT methods using only How2Sign (H2S) dataset,
and specialized SLT methods that additionally use YouTube-ASL (YT) dataset. B-n denotes BLEU-n. Our method
uses InternVL-2.5-1B as the backbone.

Method B-1 B-4 ROUGE-L BLEURT
Closed-source VLMs
Gemini-2.5-Pro (Comanici et al., 2025) 22.23 3.82 19.78 36.45
GPT-5 14.18 1.63 10.23 28.36
Open-source VLMs
Qwen2.5-VL-7B (Bai et al., 2025) 11.38 0.55 6.30 24.71
InternVL-2.5-8B (Chen et al., 2024a) 12.96 0.38 6.09 21.15
Specialized SLT methods
I3D-transformer (Shi et al., 2022) 18.31 5.66 18.64 28.82
OpenASL (Shi et al., 2022) 20.92 6.72 21.02 31.09
GloFE-VN (Lin et al., 2023) 21.56 7.06 21.75 36.35
C2RL (Chen et al., 2025) 31.46 13.21 31.36 —
SHuBERT (Gueuwou et al., 2025b)† — 23.20 — 60.60
Uni-Sign (Li et al., 2025)† 49.35 23.14 43.22 60.40
AttnSign (Ours) 37.52 13.45 34.23 51.42
AttnSign (Ours)† 47.74 20.75 45.62 61.68

Table 2: Performance comparison on the OpenASL
benchmark. Methods are grouped into three blocks:
zero-shot closed-source VLMs, zero-shot open-source
VLMs, and specialized SLT methods. †: additionally
uses YouTube-ASL data. B-n denotes BLEU-n. Our
method uses InternVL-2.5-1B as the backbone.

4 Experiments

4.1 Datasets and Metrics

Datasets. We train and evaluate on two large-
scale American Sign Language (ASL) benchmarks:
How2Sign (H2S) (Duarte et al., 2021), about 80
hours of studio-recorded ASL, and OpenASL (Shi
et al., 2022), about 288 hours ASL videos. For SFT

scaling, we additionally incorporate YouTube-ASL
(YT) (Uthus et al., 2023), a 984-hour web-scale cor-
pus with weakly aligned English text translations.
When augmenting OpenASL with YouTube-ASL,
we remove all YouTube-ASL clips overlapping
with any OpenASL split by video ID to prevent
test leakage, excluding 620 test clips and 70,100
training clips. For GRPO training, we use only the
in-domain training split of the target benchmark.

Evaluation metrics. Following previous work
(Rust et al., 2024; Lin et al., 2023) we report
BLEU (Papineni et al., 2002) computed with Sacre-
BLEU (Post, 2018), ROUGE-L (Lin, 2004), and
BLEURT (Sellam et al., 2020).

4.2 Implementation Details

Our backbone is InternVL-2.5-1B (Chen et al.,
2024b). Each video frame is resized to 224×224
and frames are uniformly sampled over time at
16 FPS. Throughout training and inference, the
model takes raw video and instructions as input.

SFT stage. We fully fine-tune the ViT and adapt
the LLM with LoRA (Hu et al., 2021) at rank r=16.
We use AdamW with a learning rate of 5×10−5

and cosine decay, training for up to 5 epochs with a
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batch size of 64 on 8× NVIDIA A100 GPUs, tak-
ing approximately 12 hours in the H2S-only setting
and 6 days in the full H2S+YT setting. For spatial
attention supervision, we use weight γ=0.15, soft-
max temperature T=0.5, supervise layers 13 and
16 of LLM. Pose-based foreground masks are ex-
tracted only for How2Sign and OpenASL samples;
YouTube-ASL samples are included in SFT with
the cross-entropy loss only, and attention supervi-
sion is skipped on these samples.

RL stage. We start from the SA-SFT model,
with group size G=4, clipping ϵ=0.2, and sam-
pling temperature 0.7. As in the SFT stage, we
fully fine-tune the ViT and adapt the LLM with
LoRA at rank r=16. Training runs for 2 epochs
on the 10K in-domain samples take approximately
8 hours. For How2Sign evaluation, we use the
How2Sign training split, and for OpenASL evalu-
ation, we use the OpenASL training split. We use
BLEU-1 and ROUGE-L as the rule-based rewards
with equal weight. The motion-cadence attention
constraint uses λ=0.001 and is applied at LLM
layers 17 and 19.

4.3 Main results
Tables 1 and 2 report our main results on How2Sign
and OpenASL. AttnSign achieves competitive per-
formance under both single-source and +YT train-
ing settings, and consistently leads on the semantic
metrics ROUGE-L and BLEURT. Compared with
SSVP-SLT (Rust et al., 2024), which uses the same
training settings but adds a self-supervised pretrain-
ing stage on YT, AttnSign exceeds it without that
stage, reaching BLEU-4 of 9.45 on H2S-only com-
pared to 7.00, and 15.54 on H2S+YT compared
to 15.50. On the semantic metrics ROUGE-L and
BLEURT, which better reflect translation quality
beyond exact n-gram overlap, AttnSign leads in ev-
ery evaluation block, suggesting that a raw-video,
attention-supervised design can generalize seman-
tically without external feature pipelines.

4.4 Ablation Study
We validate the contribution of each pipeline com-
ponent. Throughout this section, SFT is trained on
How2Sign and YouTube-ASL, GRPO is trained on
10K How2Sign in-domain samples, and evaluation
is on the How2Sign. Appendix J reports the same
ablation on OpenASL with matching gains.

Effect of each component. Table 3 reports
the contribution of each pipeline component. In-
structional SFT raises performance over the zero-

Method B-1 B-4 ROUGE-L BLEURT

Zero-shot baseline 10.79 0.08 6.98 23.87

SFT stage
SFT 41.23 13.89 37.13 49.02
SA-SFT (Ours) 41.94 14.55 37.67 49.55

RL stage
GRPO (w/ KL) 42.74 15.04 38.47 50.01
GRPO (w/o KL) 43.22 15.38 38.86 50.30
GRPO (w/ KL + cadence) 42.87 15.13 38.62 50.13
SA-GRPO (Ours) 43.45 15.54 39.02 50.44

Table 3: Component ablation on How2Sign. We isolate
the contribution of each stage in our pipeline: the SFT
stage block compares standard SFT with our SA-SFT,
and the RL stage block compares variants of GRPO.
Combining SA-SFT and SA-GRPO yields the best re-
sults across all metrics.

shot baseline, and spatial attention supervision in
SA-SFT further improves BLEU-4 from 13.89 to
14.55 over plain SFT. Within the RL stage, re-
moving the KL term of GRPO improves BLEU-4
from 15.04 to 15.38, indicating that anchoring the
policy to the SFT reference limits beneficial up-
dates. Combining motion-cadence steering with
the KL penalty (w/ KL + cadence) reaches 15.13.
SA-GRPO, which replaces the KL penalty with
motion-cadence steering, reaches 15.54. This fur-
ther outperforms GRPO w/o KL by +0.16 BLEU-
4, indicating that cadence steering provides task-
aligned guidance beyond what removing KL alone
offers. This gain is consistent across 3 random
seeds (SA-GRPO 15.54± 0.03 vs. GRPO w/o KL
15.38 ± 0.03), well above the per-seed variabil-
ity. This supports replacing the KL penalty with
cadence steering rather than combining the two.

4.5 Model Discussion

All analyses in this section are evaluated on
How2Sign. Unless otherwise stated, the training
data is also How2Sign only.

Layer choice for spatial supervision. We vary
the supervised layer set Sattn while fixing γ at its
default. Figure 4(a) sweeps supervised layer pairs
spanning the LLM depth. Mid-depth supervision
at the 13th and 16th layers produces the strongest
gains, raising BLEU-4 from the baseline 8.06 to
8.69, while shallow, upper-middle, and final super-
vision yield smaller or no improvement. Mid-depth
supervision consistently outperforms shallow or fi-
nal layers across all metrics, supporting our choice
of the 13th and 16th layers as default.

Spatial supervision verification and sensitivity.
Fixing the supervised layers at the 13th and 16th,
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(c) Spatial supervision check.

(b) Loss weight sensitivity(a) Supervised layer choice
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Figure 4: SA-SFT analysis. (a) Layer choice: sweep
over supervised layer pairs spanning the LLM depth;
mid-depth performs best in BLEU-4. (b) Spatial atten-
tion loss weight γ sensitivity. (c) Per-layer foreground
attention ratio: SA-SFT raises mass on foreground to-
kens at the supervised 13th and 16th layers over standard
SFT and the pre-trained VLM.

Reward B-1 B-4 ROUGE-L BLEURT

SA-SFT (baseline) 34.16 8.69 29.31 42.21

BLEU-1 35.03 9.18 30.21 42.42
BLEU-1 + BLEU-4 34.78 8.98 29.89 42.33
BLEU-1 + ROUGE-L 35.68 9.28 30.33 42.62
BLEU-1 + BLEU-4 + ROUGE-L 35.47 9.22 30.25 42.53

Table 4: Rule-based reward combinations for standard
GRPO. The selected reward is reused in SA-GRPO for
our main experiments.

Figure 4(b) sweeps the loss weight γ: the curve
shows a clear interior optimum at γ=0.15, with
smaller values weakening supervision and larger
values over-regularizing.

Figure 4(c) reports the foreground attention ra-
tio—the fraction of per-frame attention mass falling
inside the pose-derived foreground mask—across
LLM layers. SA-SFT raises this ratio at the super-
vised 13th and 16th layers compared with standard
SFT and the pre-trained VLM, confirming that the
supervision actually shifts attention toward the fore-
ground regions.

GRPO reward design. Table 4 compares four
rule-based reward combinations under standard
GRPO, isolating reward design from the motion-
cadence steering. BLEU-1 alone improves over
the SA-SFT baseline. Adding BLEU-4 consis-
tently degrades performance, suggesting that the
sparse 4-gram signal is noisy at this scale. BLEU-
1+ROUGE-L performs best across all metrics, and
is adopted as the default reward in both standard

(a) Temporal supervision check.

(b) Regularization weight sensitivity.
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Figure 5: (a) Per-layer cosine similarity between atten-
tion and the motion-cadence target: SA-GRPO raises
alignment at the supervised layers over the SA-SFT
model and the standard GRPO model. (b) Sensitivity
to the regularization weight; the shared center is the
no-regularization baseline. Left: GRPO with KL weight
β. Right: SA-GRPO with motion-cadence weight λ.

GRPO and SA-GRPO for our main experiments.
SA-GRPO analysis. Figure 5(a) verifies SA-

GRPO’s mechanism: cosine alignment between
attention and the motion-cadence target rises at
the supervised 17th and 19th layers, which are the
layers identified by the statistical analysis, while
GRPO w/o KL remains close to the SA-SFT model.
This indicates that the alignment is a specific effect
of motion-cadence steering, not a generic outcome
of RL training.

Figure 5(b) contrasts the two forms of attention
control from a shared center–GRPO without KL
penalty or cadence term. For standard GRPO, any
nonzero KL weight β reduces BLEU-4, and the
largest weight β=0.01 drops the BLEU-4 by nearly
a full point below the center baseline; this confirms
that anchoring the policy to πref limits how much
the policy can improve under our setting. Replac-
ing the KL penalty with our motion-cadence steer-
ing reverses the pattern: BLEU-4 increases mono-
tonically with λ across the swept range, peaking
at λ=0.001, indicating that sign-specific steering
carries useful signal.

SFT Data Scaling. Figure 6 shows that increas-
ing the SFT training data, starting from the 80h
H2S-only setting and progressively adding YT data,
yields substantial gains in the early scale-up regime,
while further scaling at the larger end yields only
marginal additional improvement.
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Figure 6: Effect of SFT training data size on the H2S,
measured by total video duration. The 80h setting uses
H2S only; larger sizes are obtained by adding YT data.

Method BLEU-4 ROUGE-L BLEURT

OOD transfer on How2Sign
Uni-Sign (Li et al., 2025) 6.13 21.28 35.18
AttnSign (Ours) 9.29 29.19 41.74

In-the-wild evaluation on 100 YouTube videos
Uni-Sign (Li et al., 2025) 2.13 16.28 31.18
AttnSign (Ours) 5.01 19.19 35.74

Table 5: Generalization comparison against Uni-
Sign (Li et al., 2025) under two evaluation settings: (i)
out-of-domain transfer, training on OpenASL+YT and
testing on the H2S test set; (ii) in-the-wild evaluation on
100 randomly collected ASL clips from YouTube that
are not present in H2S, OpenASL, or YT dataset, using
their original English captions as ground truth.

Generalization. Beyond in-distribution perfor-
mance, we assess whether AttnSign generalizes to
unseen data. Table 5 evaluates AttnSign against
Uni-Sign (Li et al., 2025) under two settings: (i)
out-of-domain (OOD) transfer, where both meth-
ods are trained on OpenASL+YT and evaluated
on the H2S test set; and (ii) in-the-wild evalua-
tion on 100 randomly collected ASL clips from
YouTube, with no overlap against H2S, OpenASL,
or the YouTube-ASL training corpus. AttnSign out-
performs Uni-Sign on all three metrics under both
settings, suggesting stronger generalization to both
unseen distributions and in-the-wild videos.

5 Conclusion

We presented AttnSign, an end-to-end training
framework that adapts a general-purpose VLM to
SLT in two stages. In the SFT stage, we introduce a
spatial attention supervision that guides the model
to focus on sign-relevant regions in each frame; in
the RL stage, we add a motion-cadence steering
mechanism in place of the KL penalty in standard
GRPO, guiding the model’s temporal attention to-
ward keyframes of each sign. AttnSign achieves
competitive performance on both How2Sign and
OpenASL, showing that explicitly steering visual

attention toward where and when sign-linguistic
content occurs is a useful strategy for adapting a
general-purpose VLM to SLT. We hope these find-
ings encourage exploring attention-level supervi-
sion for other video-language tasks.

Limitations. Our experiments focus on Ameri-
can Sign Language (ASL); extending the proposed
framework to other sign languages is left for future
work. In addition, while attention steering yields
strong empirical gains, a theoretical derivation of
why this form of supervision benefits translation
quality remains an open question that warrants fur-
ther study.
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A Training Instructions

We use diverse instruction phrasings during instruc-
tion tuning to improve robustness to prompt varia-
tion. Examples include:
(1) “Translate the American Sign Language in this

video to English.”
(2) “What is being signed in this video? Provide

the English translation.”
(3) “Watch the sign language video and write the

English sentence.”

B Further Discussion on the Vision
Encoder

ViT Setting B-1 B-4 ROUGE-L BLEURT

Freeze 20.45 1.79 16.89 30.11
Half (top-6) 22.85 3.87 18.97 31.20
Full (Ours) 32.61 8.06 28.47 36.82

Table 6: ViT freezing strategy on H2S. Fully tuning the
ViT is critical for adapting to the sign-language visual
distribution.

During the SFT stage, we study how much of
the ViT should be trained in our task, comparing
three strategies: keeping the entire ViT frozen, un-
freezing only its top six transformer layers, and
fully fine-tuning all ViT parameters jointly with the
LLM. All variants share identical training data and
hyperparameters; only the ViT trainable parame-
ters differ. Table 6 shows that full fine-tuning of
the ViT is essential for SLT. A fully frozen ViT
yields only 1.79 BLEU-4, indicating that the pre-
trained general-image features are far from suffi-
cient for the fine-grained hand and facial cues in
signing videos. Partially unfreezing the top six lay-
ers improves BLEU-4 to 3.87 but still falls short
of the fully fine-tuned setting with BLEU-4 8.06.
We therefore fully fine-tune the ViT alongside the
LLM throughout all of our experiments.

C Further Discussion on Spatial
Attention Loss

Attention loss B-1 B-4 ROUGE-L BLEURT

SFT (baseline) 32.61 8.06 28.47 36.82
+ Background Penalty 32.35 7.81 27.42 36.47
+ KL Loss (Ours) 34.16 8.69 29.31 42.21

Table 7: Comparison of two attention supervision losses.

In the SA-SFT stage, our spatial attention super-
vision uses a KL loss via a soft foreground target.

An alternative is a direct background penalty that
directly suppresses attention mass outside the fore-
ground mask:

Lbg =
∑︂

i/∈FG
P

(l)
attn,i. (15)

The background penalty has a degenerate so-
lution: the loss can be minimized by placing all
attention on few foreground tokens, which dis-
cards information from all other foreground re-
gions. We observe this collapse at the supervised
layers, which end up receiving little visual signal.
As a result, the background penalty underperforms
even plain SFT, dropping BLEU-4 from 8.06 to
7.81. In contrast, the KL loss matches the entire at-
tention distribution against the soft target P̂k, which
prevents collapse onto a single token and keeps at-
tention distributed across the hands and face, yield-
ing better performance.

D Foreground Mask Generation Details

We use MediaPipe (Lugaresi et al., 2019) to
construct per-frame foreground masks for both
How2Sign and OpenASL training sets. Medi-
aPipe has been widely adopted in recent SLT
works (Gueuwou et al., 2025b,a). MediaPipe’s
FaceDetection and Hands modules are widely used
for their accurate, real-time detection of face and
hand regions in videos, with reliable performance
across diverse signers and camera setups. For each
frame, we extract bounding boxes for the face and
both hands and build a binary mask at the original
frame resolution by marking all pixels inside these
boxes as foreground. The mask is then average-
pooled to the 8× 8 visual-token grid and stored on
disk before training. When MediaPipe fails to pro-
duce a valid mask for a video, we skip the spatial
attention loss for that sample and retain only the
cross-entropy term.

E Further Discussion on Softmax
Temperature

In the SA-SFT stage, the softmax temperature T
controls how sharply the spatial target P̂k concen-
trates on foreground tokens: smaller T produces a
sharper target focused on the hand and face regions,
while larger T flattens the target toward a uniform
distribution over all tokens. We sweep different
temperature values on H2S, with the loss weight
fixed at γ=0.15 (Figure 7). T=0.5 achieves the
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Figure 7: Effect of varying the softmax temperature T
in the spatial attention target on H2S during SA-SFT,
with γ=0.15 fixed.

best BLEU-4 of 8.69, with T=0.2 close behind, in-
dicating that a relatively sharp foreground target is
effective. As T increases beyond 0.7, performance
drops back toward the baseline level (8.06): the
target becomes too flat to provide useful guidance
and the attention supervision becomes ineffective.
We therefore use T=0.5 in all main experiments.

F Spatial Attention Visualization on
OpenASL

To verify that the spatial attention supervision gen-
eralizes beyond H2S, we visualize attention maps
on an OpenASL test video. Figure 8 mirrors the lay-
out of Figure 2. As on H2S, SA-SFT concentrates
attention on the signer’s hands and face, while the
pre-trained VLM and standard SFT model fail to
focus, indicating that the spatial steering effect gen-
eralizes to OpenASL.

Frame 0 Frame 8 Frame16 Frame 24

Figure 8: Visual-token attention maps at LLM layer 16
across four frames (columns) of an OpenASL test video.
Rows show the three training stages: pre-trained VLM
(top), standard SFT (middle), and Sign-Aware SFT with
our spatial attention supervision (bottom).

G Further Discussion on RL Training
Data

In the RL stage, we sweep the number of in-domain
training samples across 5K, 10K, 15K, and 30K
under standard GRPO (without our motion-cadence
steering), to isolate the effect of data size from other
design choices. Figure 9 shows that performance
improves from 5K to 10K and then plateaus, with
15K and 30K offering no additional gain over 10K.
We therefore use 10K samples as our default GRPO
setting; additional samples beyond this size yield
no improvement and only increase training cost.

5K 10K 15K 30K
GRPO Training Samples

8.4

8.6

8.8

9.0

9.2

9.4

9.6

BL
EU
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8.98

9.28 9.25 9.29

SA-SFT = 8.69

Figure 9: Effect of GRPO training set size on H2S,
evaluated under standard GRPO. Performance plateaus
beyond 10K samples.

H Motion-Cadence Target Ablation

In the SA-GRPO stage, the motion-cadence tar-
get tk is built from detected motion peaks plus
Gaussian smoothing. We conduct two checks:
(i) whether the gain comes from content-aligned
peak positions rather than an arbitrary target, and
(ii) whether the model is sensitive to the specific
motion-peak extractor. For (i), we replace the de-
tected peaks with random peak positions; for (ii),
we compare our default frame-difference extractor
with optical flow (Farnebäck, 2003). The rest of
the cadence loss (KL form, Gaussian smoothing,
peak count, weight λ) is kept unchanged.

Target source B-1 B-4 ROUGE-L BLEURT

GRPO w/o KL 35.62 9.28 30.07 42.62

random peaks 35.59 9.21 29.84 42.59
optical flow — 9.43 30.41 42.68
frame difference (Ours) 35.82 9.45 30.45 42.73

Table 8: Effect of the motion-cadence target source
on H2S. Random peaks share the same number and
Gaussian smoothing as the detected peaks; only the
alignment with video content is removed. Optical flow
and frame difference are two alternative motion-peak
extractors.
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Random-peak target shows no gain over the
GRPO w/o KL baseline (BLEU-4 9.21 vs. 9.28),
indicating that adding a cadence loss with an ar-
bitrary target brings no benefit on its own. This
shows that the gain comes from content-aligned
peak positions specifically, not from adding any
attention regularization in the RL stage. Switching
between frame difference and optical flow yields
near-identical results across all metrics (BLEU-4
9.45 vs. 9.43), showing that the method is not sen-
sitive to the specific motion-peak extractor. Con-
sistent with this, the peaks selected by the two
extractors are highly overlapping, with a consensus
rate of 91% within ±3 frames, 79% at ±2 frames,
and 65% at ±1 frames.

I Further Discussion on Supervised
Layers for SA-GRPO

In the SA-GRPO stage, the statistical analysis se-
lects the 17th and 19th layers based on their pos-
itive concentration-quality correlation. To check
that the probe genuinely predicts the best layers,
we move the motion-cadence steering to alternative
layer groups spanning the network depth, where
the analysis shows weak or lower correlation.

Layer Corr. r B-4 ∆ vs. w/o KL

5/7 ∼0 9.19 −0.09
11/13 +0.15 9.30 +0.02
17/19 (Ours) +0.32 9.45 +0.17
21/23 +0.20 9.36 +0.08

Table 9: Layer-selection falsification for SA-GRPO.
Corr. r denotes the concentration–quality correlation
from Fig. 4; ∆ vs. w/o KL is the BLEU-4 gain over the
GRPO w/o KL baseline.

BLEU-4 gains monotonically track the
concentration–quality correlation r: the 5/7
layers (r ≈ 0) even underperform the baseline,
whereas the 17/19 layers (r = +0.32) yield the
largest gain (+0.17). This confirms the probe is a
predictive signal for layer selection, and the causal
relationship does not appear at randomly chosen
layer combinations.

J Ablation Study on OpenASL

To verify that the component-wise gains observed
on H2S are not specific to that dataset, we run the
same ablation on OpenASL. SFT is trained on Ope-
nASL and YT, GRPO is trained on 10K OpenASL
in-domain samples, and evaluation is on the Ope-

nASL test set. We reuse the same supervised layers
as on H2S to test cross-dataset transferability.

Method B-1 B-4 ROUGE-L BLEURT

Zero-shot baseline 11.23 0.35 5.67 19.76

SFT stage
SFT 45.67 18.92 41.85 58.76
SA-SFT 46.89 19.76 43.53 60.23

GRPO stage
GRPO (w/ KL) 47.03 20.04 44.75 60.98
GRPO (w/o KL) 47.51 20.55 45.34 61.56
GRPO (w/ KL + cadence) 47.12 20.22 45.26 61.31
SA-GRPO (Ours) 47.74 20.75 45.62 61.68

Table 10: Component ablation on OpenASL. The pat-
tern of gains mirrors that on H2S (Table 3): SA-SFT im-
proves over plain SFT, removing the KL penalty further
improves over standard GRPO, and SA-GRPO yields
the best results across all metrics.

The component-wise gain pattern on OpenASL
matches that on How2Sign, confirming that the
contributions of SA-SFT and SA-GRPO general-
ize across both benchmarks rather than reflecting
How2Sign-specific tuning.

K Qualitative Results

We show qualitative translation examples on
How2Sign (Table 11) and OpenASL (Table 12),
with each example reporting the ground-truth ref-
erence alongside the output of AttnSign. AttnSign
successfully captures the semantic information in
most examples and generates sentences close to the
ground-truth references, while still struggling on
more complex cases, as shown in the last example
of each table.
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Reference: I’m CarolAnn with Studio Group X and just do
those push ups every day and you’ll improve.

AttnSign: I’m Carol Ann with Studio Group X and we
just did those pushups every day and you will
improve.

Reference: It has a bright color due to the fruit punch.
AttnSign: It has a bright color because of the pineapple.

Reference: I practice with the Barton Oaks Dental Group.
AttnSign: I practice with the Barton Oaks Dental Groups.

Reference: To come out of it, soften the knees, take the
hands away from your feet, and slowly roll it up,
tuck in the tail bone and rolling up one vertebra
at a time and come straight up.

AttnSign: And then she comes out of the tension soft hands
to the floor and slowly roll her knee and she
loosens her bones as she rolls up into a lunge.

Table 11: Qualitative results on the How2Sign dataset.

Reference: We have a lot of respect for our Canadian neigh-
bors.

AttnSign: We have a lot of respect for our neighbors.

Reference: His family were skilled woodcarvers and sold
totems around Seattle since 1909, passing down
their carving skills.

AttnSign: His family was skilled woodcarvers and sold to
totem poles around Seattle area since 1909, as
an art skills.

Reference: Biden had 150,000 more votes than Bernie.
AttnSign: Biden is ahead by 150,000 votes than Bernie.

Reference: You need to invest your time and passion to as-
sist delegates to understand why this topic is
important to ensure your proposed priority suc-
cessfully ranks.

AttnSign: We want you to spend your time and make sure
you understand your passion, your desires, and
your work to be successful in proposing an idea
and getting it passed.

Table 12: Qualitative results on the OpenASL dataset.
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