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Abstract

Sign language translation (SLT) can help bridge
the communication gap between the Deaf and
hard-of-hearing community and the general
population. Yet progress has been driven
largely by a handful of high-resource sign lan-
guages, such as German or American Sign
Language, supported by large annotated cor-
pora and large computing budgets. Many sign
languages, including Bangla Sign Language
(BdSL), remain underrepresented because an-
notated data is scarce and much research as-
sumes access to powerful hardware. In this
paper, we share an early-stage adaptation of the
gloss-free SpaMo framework for Bangla, called
SpaMo-BdSL, and reflect on what we learned
while building it under real resource limits. We
report two findings that we believe matter for
low-resource and underrepresented SLT. First,
a small language-specific model (BanglaT5,
247M parameters) matches the translation qual-
ity of a much larger multilingual model (mT0-
XL, 3.7B parameters) on our Bangla dataset,
while being far cheaper to run; for example,
it translates the test set in 40 seconds versus
2 minutes 43 seconds for mT0-XL. Second,
a set of simple training changes suggested by
a large language model (Claude Opus 4.6) al-
lowed us to train the whole system on a single
consumer-grade GPU. We argue that the com-
mon assumption “bigger and more multilingual
is better” can quietly exclude underrepresented
sign languages and the researchers who work
on them, and we use our experience to open a
discussion on more inclusive, multilingual, and
culturally aware SLT.

1 Introduction

Sign language is the main way many Deaf and
hard-of-hearing people communicate. It is visual
and uses hand shapes, facial expressions, body pos-
ture, and movement instead of sound. Systems
that automatically translate sign language videos
into written text can help Deaf and hearing peo-

ple understand each other. This is an accessibility
problem at heart, and it is central to building inclu-
sive, multilingual, and culturally aware SLT that
serves underrepresented sign-language communi-
ties, not only the few languages that already have
large resources.

Most SLT work carries two hidden assumptions.
The first is about language: most systems target
high-resource sign languages such as German Sign
Language (Camgoz et al., 2018; Cihan Camgöz
et al., 2020) or American Sign Language, and often
rely on gloss annotations (a written label per sign)
that are costly to produce and do not exist for many
languages. The second is about compute: strong
results are usually reported with large models and
large GPUs that many researchers cannot access.
Both assumptions can quietly exclude low-resource
languages like Bangla Sign Language (BdSL) and
the people who study them.

Recent gloss-free methods translate directly
from video to text and remove the need for glosses
(Zhou et al., 2023). One such method, SpaMo
(Hwang et al., 2025), uses frozen off-the-shelf vi-
sual encoders to capture spatial configurations and
motion dynamics, then feeds these features to a
large language model (LLM). This design is at-
tractive for low-resource work because it avoids
expensive fine-tuning of the visual encoders.

We adapt SpaMo to Bangla, calling it SpaMo-
BdSL, and report what happened when we ran it
within our own limits. Our contributions are:

• We adapt the gloss-free SpaMo framework
to BdSL by running the BanglaGov dataset
(BanglaGov, 2025) through its pipeline.

• We compare a small Bangla-specific model
(BanglaT5 (Bhattacharjee et al., 2023), 247M)
with a much larger multilingual model (mT0-
XL (Muennighoff et al., 2023), 3.7B) on the
same data, and find that the small model
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matches the larger one’s accuracy while being
much cheaper and faster.

• We document concrete training changes, sug-
gested by Claude Opus 4.6, that let us train
the full pipeline on a single consumer-grade
GPU, and discuss why each helps.

We connect these findings to a central question for
underrepresented sign languages: how can SLT
progress reach languages and communities that
lack large annotated corpora and large compute,
rather than only those already well served?

2 The SpaMo-BdSL Framework

Our system follows SpaMo (Hwang et al., 2025)
with adaptations for Bangla. Figure 1 shows the
pipeline. It has three parts: (I) sign feature extrac-
tion, (II) visual–textual alignment, and (III) text
generation with a language model.

Feature extraction. We keep the two visual en-
coders frozen. A CLIP ViT-L/14 (Radford et al.,
2021) is the spatial encoder, producing (with multi-
scale S2 processing) one spatial vector per frame; a
VideoMAE-L/16 (Tong et al., 2022) is the motion
encoder, producing one motion vector per 16-frame
clip via a sliding window. Because the encoders
are frozen, we extract all features once and store
them, saving a lot of compute during training.

Fusion and language model. The spatial and
motion features are projected to a shared size,
joined along time, and passed through a tem-
poral convolutional Sign Adapter that shortens
the sequence and captures local timing. A
small MLP maps the result to the language
model’s embedding size. We then add a Bangla
prompt ("ইশারা ভাষা েথেক বাংলায় অনুবাদ করুন:", “Trans-
late from sign language to Bangla:”) and feed ev-
erything to the language model, which generates
the sentence. We fine-tune it with LoRA (Hu et al.,
2021) (rank 16, α = 32, dropout 0.1), so only a
small number of parameters are trained.

Training objective. We combine the standard
cross-entropy loss for text generation with a sym-
metric CLIP-style contrastive loss (Radford et al.,
2021) that pulls matching sign–text pairs closer in
the embedding space, giving L = LCE + αLCLIP
with α = 1.0. The contrastive term helps in the
gloss-free setting because there are no intermediate
sign labels to supervise the visual features.

Dataset. We use the BanglaGov dataset
(BanglaGov, 2025): 1,922 unique sentences, each
signed by 5 signers, for 9,610 videos in total. The
videos are high quality with clean backgrounds,
and the domain is narrow (eating-related activities),
so vocabulary and sentence patterns repeat often.
We split the data 80%/10%/10% (train/dev/test)
by sentence ID, so all five signers of a sentence
fall in the same split. A sentence therefore never
appears in more than one split, which prevents data
leakage.

3 Adapting to a consumer-grade GPU

The original SpaMo settings assume a data-center
GPU, and on our single consumer-grade GPU the
defaults ran out of memory. We used one NVIDIA
RTX 5060 Ti GPU with 16GB VRAM. We de-
scribed our limits to the Claude Opus 4.6 language
model, which suggested alternative settings for
each bottleneck; we then tried these ourselves and
kept the combination that actually ran. We report
this openly because such human–AI collaboration
is part of how inclusive tools get built, and because
the reasoning is simple and reusable.

Table 1 lists the changes:

• Feature-extraction batch size (32 → 8) for
the ViT and VideoMAE stages. Multi-scale
(S2) processing runs each frame through the
ViT as five 224 × 224 tiles, and each Video-
MAE “batch” is 16-frame clips, so memory
grows quickly. Dropping the batch to 8 cuts
peak memory by roughly 4×. Since the en-
coders are frozen and run only once, this costs
a little extra time but leaves the extracted fea-
tures unchanged.

• Maximum frame length (512 → 256).
Videos longer than the cap are randomly
cropped to a contiguous window. We use 256
because it is the largest cap that fits in mem-
ory, and it matches the data well: a 256-frame
window fully covers 87.46%/87.19%/83.94%
of BanglaGov train/dev/test videos and
98.94%/99.81%/100.00% of PHOENIX14T
(Camgoz et al., 2018). Because the crop is
random, the few cropped videos are seen from
different windows across epochs, acting a lit-
tle like augmentation.

• Training batch size (8 → 2) with gradient
accumulation (2 → 8). The effective batch
size is unchanged at 8× 2 = 2× 8 = 16, so
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Figure 1: Overview of the SpaMo-BdSL pipeline. A frozen CLIP ViT-L/14 extracts spatial features and a frozen
VideoMAE-L/16 extracts motion features; these are projected, fused by a temporal convolutional Sign Adapter, and
passed with a Bangla prompt to a LoRA-tuned text model that generates the sentence. A contrastive loss (VT-Align)
aligns the visual and text spaces. (Adapted from Hwang et al. (Hwang et al., 2025).)

Setting Original Ours

ViT extraction batch size 32 8
VideoMAE extraction batch size 32 8
Max. frame length 512 256
Training batch size 8 2
Gradient accumulation steps 2 8
Max. epochs (cap) 500 200

Table 1: Configuration changes to fit a single consumer-
grade GPU. The effective training batch size is un-
changed (16).

optimization behaves like the original while
far fewer samples sit in memory at once.

• Maximum epochs (500 → 200). This is only
a safety ceiling: we validate every 2 epochs
and stop early if BLEU-4 does not improve
for 50 checks. Since the original was trained
for 40 epochs, 200 is a comfortable cap that
also bounds wall-clock time.

None of these changes require new algorithms or
extra data; they are careful bookkeeping of memory.
This matters for inclusion: reproducing assistive-
technology research should not require a data cen-
ter. Running the full pipeline on our machine took
a total of four days.

4 Small Language-Specific vs. Large
Multilingual Models

A common instinct is to reach for the biggest, most
multilingual model available. Bangla uses a non-
Latin script, so a natural choice is a large multilin-
gual model that already covers many scripts, such
as mT0-XL (Muennighoff et al., 2023) (3.7B pa-
rameters). We compare it against BanglaT5 (Bhat-

Metric mT0-XL (3.7B) BanglaT5 (247M)

BLEU-1 96.041 96.301
BLEU-2 93.741 93.792
BLEU-3 91.782 91.718
BLEU-4 88.618 88.477

ROUGE-L Precision 0.969 0.968
ROUGE-L Recall 0.969 0.967
ROUGE-L F1 0.969 0.967

Table 2: Backbone comparison on the BanglaGov test
set. Both use the same SpaMo-BdSL pipeline; only the
language model differs. Higher is better for all metrics.

tacharjee et al., 2023) (247M parameters), a much
smaller model pre-trained only on Bangla. Both are
dropped into the exact same SpaMo-BdSL pipeline;
only the language model changes.

Table 2 shows the results. The two models are
essentially tied: mT0-XL is marginally ahead on
BLEU-3, BLEU-4, and ROUGE-L (for example,
88.618 vs. 88.477 on BLEU-4, about 0.14 points),
while BanglaT5 leads on BLEU-1 and BLEU-2. A
Bangla-specific model with roughly 15× fewer pa-
rameters thus matches the large multilingual model
on this dataset. The decisive difference is cost:
BanglaT5 uses far less memory and translates the
whole test set in 40 seconds versus 2 minutes 43
seconds for mT0-XL, about 4× faster on the same
hardware.

We read this as focus beating scale. A model
trained only on Bangla has seen the script, spelling,
and word patterns far more deeply than a mul-
tilingual model that spreads its capacity across
more than a hundred languages. In a low-resource,
narrow-domain setting, this focus lets a compact
model keep pace with one an order of magnitude
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larger. This echoes the finding that bigger models
mostly help when there is enough high-quality data
to feed them (Kaplan et al., 2020), and the origi-
nal SpaMo result that scaling up the LLM did not
always improve translation (Hwang et al., 2025).
For an underrepresented language, then, a small
language-specific model can match a much larger
one while being far more feasible to train and de-
ploy.

5 Discussion: Reflections for
Underrepresented Sign Languages

We highlight three reflections that we hope can
start a conversation about SLT for low-resource
and underrepresented languages.

“Bigger and more multilingual” is not automati-
cally more inclusive. Large multilingual models
are often presented as the inclusive choice because
they cover many languages at once. Our result
complicates this story. For Bangla, a small dedi-
cated model matched the quality of a much larger
multilingual model while being far cheaper and
faster to run. Coverage on paper is not the same as
good service in practice. For an underrepresented
sign language, investing in focused, community-
relevant models may serve the language at least as
well as adding it as one more entry in a giant multi-
lingual model, and at a cost that local researchers
can actually afford.

Compute access is an accessibility issue. If re-
producing a result needs a data center, then re-
searchers in low-resource regions, often the same
regions whose sign languages are underrepresented,
are pushed out. The changes in Section 3 show
that meaningful work is still possible on modest
hardware. We think reporting and sharing such
“low-compute recipes” should be a normal part of
low-resource SLT research, not an afterthought.

Narrow datasets give high scores but narrow
promises. Because no prior baseline exists for
BanglaGov, we contextualize our numbers with
PHOENIX14T (Camgoz et al., 2018), a Ger-
man weather-forecast benchmark. Running our
SpaMo-BdSL pipeline with Flan-T5-XL (Chung
et al., 2024) on PHOENIX14T reproduces the
original SpaMo numbers (Hwang et al., 2025)
closely (BLEU-4 19.53 versus 24.32), which in-
dicates that our compute adaptations (Section 3)
did not break the system. As Table 3 shows, our
BanglaGov BLEU-4 (88.48) is roughly four times

Metric PHOENIX14T PHOENIX14T BanglaGov
(Flan-T5-XL, (Flan-T5-XL, (BanglaT5,

original) ours) ours)

BLEU-1 49.80 44.44 96.30
BLEU-2 37.32 31.56 93.79
BLEU-3 29.50 24.12 91.72
BLEU-4 24.32 19.53 88.48
ROUGE-L F1 46.57 39.47 96.70

Table 3: Our BanglaGov result (BanglaT5) next to
PHOENIX14T results with Flan-T5-XL: both the num-
bers reported in the original SpaMo work (Hwang et al.,
2025) and our own reproduction using our setup. The
datasets and languages differ, so this is for context, not a
fair head-to-head comparison. ROUGE-L F1 is reported
on a 0–100 scale. The large gap mainly reflects how
much narrower BanglaGov is.

the PHOENIX14T BLEU-4. We do not read this
as being four times “better.” It mainly reflects how
narrow and repetitive BanglaGov is: a small vocab-
ulary and highly similar eating-related sentences
make the task far easier than open-domain weather
reports. Our scores should therefore not be read
as general BdSL translation. Inclusive evaluation
needs diverse signers, dialects, and everyday top-
ics, gathered with the community’s consent and
involvement.

6 Conclusion

We shared an early-stage adaptation of the gloss-
free SpaMo framework for BdSL, built under real
resource limits. Two findings stood out: a small
Bangla-specific model matched a much larger mul-
tilingual model on our data while being far cheaper
and faster to run, and a few simple, AI-suggested
configuration changes made training possible on
a single consumer-grade GPU. We offer these as
talking points rather than final answers. For SLT to
reach underrepresented languages and their com-
munities, we believe the field should question the
“bigger is better” default, treat compute access as
part of accessibility, and evaluate systems on data
that reflects the diversity of the communities they
claim to serve.

Ethics Statement

This work aims to support communication access
for the Deaf and hard-of-hearing community in
Bangladesh. Automatic translations can be wrong,
so such a system should support people rather than
replace human interpreters, and should be used
with a human in the loop for anything important.
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Our model is trained on a narrow domain and a
small set of signers, so it should not be assumed to
work for all of BdSL or all signers. We encourage
future data collection that includes more signers,
dialects, and topics, with informed consent and
community participation. We also note that we
used an AI assistant (Claude Opus 4.6) to help
choose training settings; we treat this as a tool
whose suggestions we checked, not as an author.
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