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Figure 1: For Indian Sign Language Production, we exploit fine-grained gloss-boundary and sign-type annotations with SOTA
interpolation method; we show it enables smooth, context-aware visual synthesis for sign-language generation, and to support
this, we collected a carefully curated 1,000-sentence interpreted ISL corpus - SanketVaani-1K.

Abstract

Sign Language Production (SLP) systems can significantly improve
accessibility for Deaf communities by translating spoken or written
language into sign language videos. For millions of Indian Sign
Language (ISL) users, such systems could bridge persistent commu-
nication gaps in education, healthcare, and public services. However,
SLP in ISL is hindered by the scarcity of annotated datasets and the
expressive complexity of the language. Existing ISL datasets, such
as 1Sign [24] and ISL-CSLRT [37], are designed for recognition and
lack gloss-level! annotations, forcing full-sentence modeling that
struggles to generalize to new constructions.

1Gloss is word representation of sign.
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We propose an interpolation-based approach that stitches to-
gether individual gloss-level signs using modern text-to-motion
frameworks like FramePack [56]. This produces contextually ac-
curate and grammatically consistent sign sequences while retain-
ing fine-grained articulation. To support this pipeline, we curate
a 1,000-sentence ISL dataset, translated by a native interpreter
and annotated with precise gloss boundaries. Results show that
with high-quality gloss-level supervision, interpolation-based syn-
thesis offers a practical, scalable path for inclusive SLP in low-
resource sign languages like ISL. The project page can be found here
https://cvit.iiit.ac.in/research/projects/cvit-projects/towards_ssp.
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1 Introduction

According to the World Health Organization (WHO), approximately
466 million people worldwide are deaf or hard of hearing, with
around 72 million using sign language as their primary means of
communication B3. In India, a WHO news report estimates that 63
million people have signi cant auditory impairment £3.2 Sign
language is a visually rich and complex mode of communication,
incorporating spatial grammar, facial expressions, and contextual
cues that are often unfamiliar to non-signers, making it challenging
for them to learn and use e ectively.

Sign language communication involves two key aspects: be-
ing understood and understanding others. Although signi cant
progress has been made in sign language recognition, the ability
to generate accurate and uent sign language, known as Sign Lan-

We conducted both quantitative evaluations and user stud-
ies with Deaf participants, showing improved realism and
understandability.

2 Related works

Sign Language Production (SLP) sits at the intersection of computer
vision, natural language processing, and motion synthesis. Early
research primarily focused on Sign Language Recognition (SLR)
[34, 58 60 63 and Sign Language Translation (SLB) R0, 27, 61].
However, with the growing need for e ective communication be-
tween deaf and hearing individuals, and the shortage of interpreters,
Sign Language Production (SLP) has gained signi cant attention in
recent years.

Avatar-based systems render sign language using animated 3D
characters, driven by notation-based scripting (e.g., HamNoSys/SiGML)
or motion capture. They o er ne-grained control over grammatical
and non-manual features, enabling linguistically accurate genera-

guage Production (SLP), remains a major challenge. The situation tion. However, these systems often fall into the "uncanny valley,"

is exacerbated by the shortage of certi ed professionals; the In-
dian Sign Language (ISL) Research and Training Centre (ISLRTC)
currently lists only 304 Level-C (DISLI) certi ed ISL interpreters

with rigid or unnatural motion that reduces comprehensibilit@[7,
22 36. More recent methods like Spoken2SigsY] leverage SMPL-
X-based avatars improve motion continuity, but remain heavily

across India, divided across six regions. This stark gap underscores reliant on tracking accuracy and still fall short of producing visu-
the urgent need for scalable SLP systems that can provide an ac-ally realistic, uent sign language videos.

cessible and a ordable communication bridge for the deaf and
hard-of-hearing community.

The advent of deep learning has enabled more data-driven meth-
ods for mapping spoken language to sign language. One of the

Although several approaches to Sign Language Production (SLP) earliest SLP pipelines decomposed the task into three stages: Text-

have been proposed, most rely on avatar-based 3D animatpn [
7, 22 34 or generative models like GANSID, 4§. In contrast, we

to-Gloss (T2G) translation, Gloss-to-Pose (G2P) retrieval, and Pose-
to-Sign (P2S) video synthesid3g, 48. While e ective in modulariz-

propose an interpolation-based approach that leverages modern ing the process, these early systems struggled to produce smooth

text-to-motion models to interpolate between individual gloss-level

signs. This method preserves the ne-grained detail and expressive-
ness of original signing, enabling the synthesis of novel sentences.
Using state-of-the-art techniques such as FramePack, we show that

transitions between signs and often generated low-resolution out-
puts that failed to capture critical non-manual cues such as facial
expressions and eye gaze.

Generative Adversarial Networks (GANs) have been applied

realistic and coherent sign-language sequences can be generatedto sign language productiord0, 4§ to generate realistic signing

through gloss-wise interpolation.

A major challenge in SLP is the lack of nely annotated datasets
suitable for synthesis. Existing datasets like RWTH-PHOEN]X[
How2Sign [L3, and iSignp4 are designed for recognition and

videos from pose or gloss input. While models like SignGANJ[

and FSNet41] improve motion detail through adversarial training
and temporal smoothing, they remain limited by dependence on
large paired datasets, temporal inconsistencies between signs, and

lack accurate gloss-level annotations. Training end-to-end SLP sys- visual artifacts that hinder uency and realism.

tems requires large continuous corpora to capture the full range In terms of resources, several datasets have propelled SLP and
of sign-gloss combinations and co-articulations, which are scarce SLR research. RWTH-PHOENIX-Weather 201¢[TBSL-1K P,

and expensive to annotate. To alleviate this, we adopt a modular and How2Sign13 provide large-scale video-gloss pairs, with How2Sign
approach and introduce a compact dataset of 1,000 sentences with 0 ering multiview and RGB-D data for ASL. However, these are
gloss-level annotations, enabling compositional synthesis through primarily designed for recognition tasks and lack gloss-type an-

interpolation to generate novel sentences. The contributions are:

We propose a novel interpolation-based method for sign
language production using gloss-level alignment and text-
to-motion models.

We introduce a compact dataset of 1000 ISL sentences with

precise gloss boundaries tailored for generation.

2Estimates of India's deaf and hard-of-hearing population vary widely. The 2011 Census
reports 5 million people with hearing disabilities, while WHO (2024) and Varshney
(2016) estimate 63 million with signi cant auditory loss. NAD (2016) reports 18
million deaf individuals. [43].

Shttps:/fislrtc.nic.in

notations (*P for pointing, *FS for ngerspelling, etc.) or motion-
segment boundaries needed for compositional synthesis. In the
Indian context, iSign24 provides sentence-level ISL glosses, but
lacks consistent signer identity, temporal alignment, or metadata
for generative modeling. ISLTranslat@d focuses on bilingual
translation and omits gloss boundary annotations. CSLBg in-
troduces some temporal annotations for signs, but is still aimed at
classi cation and not production.

Despite this progress, current resources and methods do not
adequately support semantically controlled, modular sign language
generation. There remains a pressing need for datasets with rich
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gloss-level annotations, temporal alignment, and motion metadata
to enable scalable SLP grounded in linguistic context.

By capturing gloss meanings at a ne-grained, contextual level
and linking them to expressive motion data, this database serves
as the semantic backbone for our retrieval-based sign language
3 Proposed Synthesis Pipeline production system.

Sign Languages (SLs) are natural visual-gestural languages used by
Deaf communities worldwide, each with its own linguistic structure. 3.2 Textto Gloss Sequence

ISL is the primary SL used in India, distinct from ASL or BSL in Early English-to-1SL . ; . ilv relied on hand

grammar, vocabulary, and regional variation. ISL is relatively under- arly English-o-15L. conversion systems primarily retied on hand-

resourced. with limited standardized datasets and formalization crafted transfer rules to reorder source text into ISL gloss sequences.
’ " While the limited and partially documented nature of ISL gram-

making direct sign synthesis particularly challenging. These chal- mar exacerbates the challenae. th e limitation stems from th
lenges motivate retrieval-based methods that operate over gloss- ar exacerbates the challenge, the core ation stems fro €

level annotations and leverage modular synthesis strategies.

We rst build a gloss-level vector database storing gloss embed-

dings for fast retrieval. At runtime, an LLM translates the English

sentence into ISL gloss tokens, which query the database for match-

ing context embeddings, and a motion-interpolation module blends
the retrieved segments into a uent video Fig. 2.

3.1 Vector Database Construction

To support semantically grounded sign language generation, we
construct a vector database of gloss-level embeddings that capture

both the lexical identity and contextual meaning of each sign. We

begin by encoding gloss sequences using a pretrained contextual

language model, such &ER[M], which is well-suited for producing
high-quality token-level embeddings.
Given a sentence-level gloss sequence,

= B1eGpe """ o5l
we compute a contextualized embedding for each gloss tdegas:
€g=5'68)6g . """ B"""oH. %
where 5! ° is the encoder function and is a context window

size. These embeddings encode the gloss meaning in relation to its

neighboring glosses, capturing critical information for sign disam-
biguation* and production.

Each embeddings 2 R3 is then stored in a vector database (e.g.,
FAISS [11]), indexed along with the following metadata:

Gloss label and sign type (e.dgR for pointing, *MTHor
mouthing),

Gloss position within the sentence,

Surrounding gloss context (for local coherence),

Motion segment pointer linking to the corresponding sign
animation.

During inference, for a given query glosg we compute its
contextual embeddinggand perform a nearest-neighbor search
over the database:

B=arg min dist'egeg’
gagzo Ca@es

wheredist! « © denotes cosine, anD is the set of stored embed-
dings with linked motion segments. Gloss position, Sign Type can
be used for ranking. This allows us to retrieve motion units that
are both semantically relevant and contextually appropriate for
subsequent stitching.

“4process of selecting the correct sign for a gloss based on its intended meaning in

context.

inherent brittleness of rule-based architectures: xed if else style
rules cannot adequately capture the full variability of natural lan-
guage. As a result, novel syntactic constructions require manual,
ad hoc rule additions, and idiomatic or polysemous expressions are
often mistranslated or omitted. When applied to unconstrained,
real-world text, these systems often yield gloss output that is syn-
tactically inconsistent and semantically incomplete.

Recent studies demonstrate that LLMs provide a coniaxare
alternative, consistently outperforming rigid rule-based systems.
[18 generatepseudalosslabels from spoken text via fevghot
prompting, eliminating costly manual annotation and improving
downstream sigrAanguage translation on PHOENIX4BAand CSEDaily.
Further work has shown that zerghot prompting in dialogue sys-
tems [19, gloss+nommanual cue generation5q, and stepwise
gloss induction #] can all leverage LLMs to capture sign language
grammar better than traditional rule sets.

LLM-based ISL Gloss Generatidfe supply the LLM with a con-
ciselSL rule cardhat summarises the core grammatical constraints
reported in [17 (e.g.,TOPIC COMMENword order, article omis-
sion, sentencenal WH -words, clausenitial time adverbials). Let
the input sentence b€= 1F 1¢F¢” " "+ °, Conditioned on this
rule card (plus one worked example), the LLM emits a gloss se-
quenceg® = 639y, where" is determined dynamically by the
semantic segmentation & Each tokerﬁg respects the rulecard
constraints, ensuring thag® preserves the meaning @while con-
forming to the syntactic and morphological conventions of ISL. Full
prompt templates and representative gloss outputs are provided in
the supplementary material.

3.3 Stitching

Stitching is the nal and crucial step in our Sign Language Pro-
duction pipeline, where retrieved motion segments for individual
glosses are seamlessly combined into a coherent and natural signing
sequence. Naively, stitching together individual motion segments
often results in temporal discontinuities, abrupt transitions, or jerky
artifacts at the boundaries between segments.

Traditional approaches for generating intermediate motion frames
between two anchor poses often rely on pose-space interpolation
(e.g., linearly interpolating joint angles or latent vectors in a model
like MediaPipeRd or SMPLRE). While simple, these methods fail
to capture the non-linear dynamics of natural human motion, of-
ten producing mechanical or physically implausible transitions,
especially around semantically rich actions like signing, gestures,
or expressive facial cues. Rendering these interpolated poses with
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Figure 2: Stitching Pipeline: includes Text to gloss Translator, formation of Vector database, and video retrieval, and sign
stitching with interpolation.

GANSs or rigged avatars, FOMM, often produces warping arti- Dataset tang. #Sent | Doman 0% segmented  CUeled

facts or temporal inconsistency. purdve RvL 30 ASL 25k 104 Generd 2 7 2
. g . . Boston 104 [12] ASL 201 103 General 7
In contrast, unidirectional next-frame generation methods, e.g., Howzsign (13 ASL 3 16k insmcionsl @ 7 0
. . . . pen. /el
causal video di usion or autoregressive models, su er from tempo- yrasLfen ASL ek etk Web 7 7 7
ral drift, attention bottlenecks that limit long-range coherence, and  eossL-csir s8] BSL sk Sk v 2 7
. . . CSL Daily [62] csL 20.6k 2k General 7 7 (%]
quadratic memory/compute costs for high-resolution sequences. Proeweriel DS B K Veaner 2 7 7
. . . h e r

To overcome this, we use FramePack, originally proposed for — swisstxrniol DSGS ek 10k News @ 7 7
. .. . . . . KETI [25] KSL 14.6k 419 Emergency @ 7 %]
long-video next-frame prediction in di usion transformers, which VRT-News [10] VeT 71k News 7 7 7
compresses earlier and later frames geometrically so the total con- S5, o AN a7 4 2
text length stays xed, letting a transformer attend to far-apart 1 e N SR R = o= 5 g

anchors without the quadratic blow-up. More importantly, its bidi-  Taple 1: Comparison of sign language datasets. The Con-

rectional "antidrifting’ sampling rst locks in high- delity start trolled Env. column indicates whether the dataset was
and end frames, then generates the intermediate span from both recorded in a controlled environment (@) or curated from
directions, eliminating the drift and anchor forgetting. existing sources (7).

We apply FramePack interpolation between glosses. For each
boundary we supply only the last frame of segment i and the rst
frame of segment i + 1 as anchors; FramePack keeps these two
frames at full resolution, treats them as bi-directional endpoints,
and synthesises the missing in-betweens from both directions.
FramePack runs atop a frozen Hunyuan-DIdq a 13 B-parameter
di usion backbone, letting us inherit strong text-to-motion align-
ment while achieving drift-free, low-overhead interpolation. The
result is a seamless signing stream.

4 Dataset: "SanketVaani-1K"

We present arichly categorized ISL dataset comprising 1,000 spoken

sentences, meticulously crafted to re ect the diverse and essential

communication needs of Deaf individuals in India. The dataset

spans over 40 high-utility domains, including Financial Literacy,

Banking, Hgglthcare, Legal Rights, Ed‘_ma“o”z and Government Ser- Figure 3: Comprehensive category-wise distribution of the

vices & Policies, among others, capturing a wide range of everyday |g| qataset.

contexts that Deaf users regularly navigate. Figure 3 presents a de-

tailed breakdown of these categories, highlighting the percentage

distribution of sentences across each domain. We also analyzed the = To ensure meaningful coverage, we carefully selected each do-
sentence structure, with Figure 4 showing the overall word count main based on its practical relevance to the Indian socio-cultural
distribution; most sentences range between 10 and 30 words. context. Within each domain, we designed subdomains to capture
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Figure 4: Distribution of sentence word counts in the ISL
dataset, showing most sentences fall between 10 30 words.

ner real-world variations. For example, the Healthcare domain

includes topics such as vaccination schedules, medication usage in-
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signer onto a chosen background image, frame by frame, preserving
the original frame rate and resolution.

4.2 Annotations

Figure 5: Example sentence from the dataset and correspond-
ing annotation with marked boundaries for each gloss.

The annotation procedure uses a web-based interface built on

structions, and emergency protocols. We used ChatGPT to generate the VIA video annotation tool 14, as also adopted in prior CSLR

contextually rich, culturally grounded, and linguistically accessible

annotation work [3§. With the help of the same ISL interpreter who

sentence prompts. Emphasis was placed on clarity, relevance, and translated the original sentences, we performed detailed gloss-level

simplicity to ensure suitability for visual translation. A certi ed ISL
interpreter translated each spoken sentence into ISL, preserving
grammatical structure, facial expressions, and non-manual cues
essential for natural communication.

We recorded all clips with a single front-facing GoPro10 camera
(192@1080 at 30 fps), mounted on a tripod and centered on the
signer. The xed frontal view consistently framed the head, torso,
and hands, providing clear capture of both manual and non-manual
cues while keeping recordings comparable across sessions.

4.1 Data Pre-processing

4.1.1 Filtering and Synciritp enable precise sign-token segmen-
tation, we insert an unambiguous acoustic cue (clap) at the start
and end of each sentence.

GoPro audio is down-mixed to mono PCM (44.1 kHz), normalized,

annotations. For each sign token, the interpreter entered free-form
glosses while observing the full signing context. The original spoken
sentence, generated via ChatGPT, was shown alongside the video to
guide semantic alignment, and glosses were chosen to re ect both
semantic accuracy and contextual relevance. If a spoken word was
expressed using multiple signs, both the combined and individual
glosses were annotated. The annotator additionally marked the
sign types when appropriate, for example, *MTH for mouthing,
*P for pointing, and *NS for no sign, inspired by the worB§
with some additional types. See the Supplementary for more details.
Each gloss was temporally aligned with the corresponding signing
segment using the annotation tool, ensuring an accurate alignment
suitable for downstream generation and synthesis.

While our primary focus is on sign language generation, the
dataset's structure and annotation granularity also make it well-

and transformed to a Hilbert envelope. Peaks above 0.7 a.u. and o.5suited for other tasks such as sign language translation (SLT), gloss

s apart de ne clap events, which segment the timeline into H.264
clips (sub00.mp4, ...). Next, we run a single manual pass to Iter
noisy and non-important clips. All retained clips are renamed to
match their annotated sentence IDs (e.g., S00001, S00002, ...).

4.1.2 Signer normalizatioBach frame is run through YOLO v9
[3]] to detect the signer, the detection is linked across frames with
ByteTrack, and the resulting box is expanded by 10 % to avoid
trimming hands or face. That crop is then pasted in the center of
a full-HD canvas lled with a neutral green-grey background, so
every output frame shows the signer in the same position and scale.

4.1.3 Body masking & background replacentemtevery cropped
clip, the pipeline rst extracts a foreground mask from the very rst
frame using isnet 35 and saves binary mask. The video is then
processed in 60-frame chunks: each chunk is fed through a matting
step that yields clean foreground RGB frames plus per-pixel alpha
maps (MatAnyone $1]). Those alpha maps are used to blend the

spotting, sign retrieval. Figure 5 illustrates the annotation process,
including gloss input, sign-type tagging, and temporal alignment.

5 Experiments
5.1 Data preprocessing

Figure 6: Qualitative results of our preprocessing pipeline.
Each column shows key stages, including initial frame mask,
initial segmented frame, signer detection and normalization,

alpha matting, and nal composite with background replace-

ment.
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We qualitatively evaluate our preprocessing pipeline by exam-
ining visual consistency, signer isolation, and background replace-
ment across multiple sign language video clips. The pipeline en-
sures temporal alignment, consistent framing, and clean signer
isolation across all clips. Figure 6 presents exemplar frames from
the preprocessed video, highlighting YOLO v9 + ByteTrack-based
cropping and centering procedure successfully standardizes signer
positioning and scale across clips, leading to uniform framing re-
gardless of signer movement. The matting and blending pipeline
with MatAnyone e ectively isolates the signer and integrates them
onto a neutral background, preserving edge details such as hands
and hair.

5.2 Textto Gloss Sequence

BLEU" ROUGE-L" METEOR" CHrF"
1 2 3 4
0.350 0.182 0.114 0.086 0.393 0.294 0.473
BERTScore| F1 Recall Precision
0.784 0.789 0.781

Table 2: Automatic evaluation of generated gloss sequences
on the RWTH-PHOENIX-Weather 2014T [ 16] test set using
BLEU, ROUGE-L, METEOR, CHrF, and BERTScore. Metrics
compare the ground truth glosses with generated (ChatGPT).

Gloss Seq Variant TSOV Accuracy " BERTScore"

F1 Recall Precision
RWTH-PHOENIX-Weather 2014T(Test set) 0.72 0.723 0.687 0.704
ChatGPT 40 0.76 0.791  0.740 0.764

Table 3: Evaluation of German Sign Language gloss sequence
generation using TSOV (Time-Subject-Object-Verb) word or-
der accuracy and BERTScore. BERTScore is computed be-
tween the original sentence and the generated gloss sequence.

We convert Text into a sequence of glosses following the respec-
tive linguistic rules as discussed in section (3.2) for ISL. Since there is
no parallel text dataset for ISL, we evaluated our method on RWTH-
PHOENIX-Weather 2014T1Lf, a German Sign Language (GSL)

Query(sense) Rank Retrieved sentence

light (lamp) 1 If you smell gas inside your home, do not switch on electrical devices. Open
windows immediately and call the emergency gas service.

Electricity is the energy that powers lights, fans, and machines. It comes from wires
or batteries.

Photosynthesis is how plants make their food. They use sunlight, water, and air to
grow.

2

3

light (sun) 1 Photosynthesis is how plants make their food. They use sunlight, water,

and air to grow.

If you smell gas inside your home, do not switch on electrical devices. Open windows
immediately and call the emergency gas service.

Electricity is the energy that powers lights, fans, and machines. It comes from wires
or batteries.

fair 1
(carnival)

Located in Gujarat, the Rann of Kutch is a salt desert. It hosts the colorful

Rann Utsav festival every year.

Punjab is famous for its fertile plains, Sikh culture, and Baisakhi festival.

The local community center will hold a vaccination drive next Saturday from 9 AM
to 3 PM. All residents are encouraged to participate.

fair(just) 1 Shivaji maharaj was a brave Maratha leader who fought the Mughals and
created a strong navy to protect the coast. He is admired for his clever plans

and fair rule.

Beware of fake callers pretending to be bank o cials. Never share your PIN or OTP
with anyone.

If someone cannot be present, they can give legal rights to another person to sell or
manage property using POA.

bank(nance) 1 A home loan is money borrowed from a bank to buy a house, and it must

be repaid monthly with interest over several years. Before approving a

loan, banks check your income, job status, credit history, and the property
documents.

Beware of fake callers pretending to be bank o cials. Never share your PIN or OTP
with anyone.

Beware of fake callers pretending to be bank o cials. Never share your PIN or OTP
with anyone.

Table 4: Top-3 sentence retrieval for ve ambiguous queries
with di erent meanings in the context.

the top-: candidate signs together with metadata. To handle low-
con dence retrievals, we also collect isolated alphabet signs from
the signer. If the retrieval match score for a given gloss is below 40%,
the system defaults to ngerspelling the word using the recorded
alphabet signs.

Table 4 shows three illustrative cases. TBensecolumn clar-
i es the meaning of the ambiguous gloss in its source sentence,
whereas theRetrieved sentence column displays the sentence
that supplied the topranked sign. In all examples, the system se-
lects a sign whose usage is semantically consistent with the query
context, demonstrating e ective disambiguation.

5.4 Interpolation

corpus. As shown in Table 2, our generated glosses achieve compet-
itive scores in BLEU, ROUGE-L, METEOR, CHrF, and BERTScore

metrics. Notably, while PHOENIX glosses are widely used for eval-
uation, they were designed for recognition tasks and often diverge
from canonical GSL structure, re ected in their lower TSOV accu-

racy (0.72) compared to ChatGPT-generated glosses (0.76) in Table 3.
The BERTScore F1 is also higher (0.791 vs. 0.723), indicating better

semantic alignment. German compound words (e.g., Sturmwar-
nung) further challenge lexical matching, emphasizing the need for
gloss evaluation benchmarks for generation tasks.

5.3 Vector Database Retrieval

A single English word may map to several distinct signs, depending
on context. Our experiment therefore measures the ability of the
glosslevel vector database to perform sense disambiguation and
return the correct sign for each occurrence of a polysemous word.

Figure 7: Qualitative comparison of DreamMover, VIFMamba,
BIM-VFI and FramePack interpolation Methods.

Interpolating human motion in sign language videos poses chal-
lenges not typically found in generic frame interpolation. In natural

For every unseen sentence we (1) convert the sentence to an ISL images or object scenes, small geometric or texture inaccuracies
gloss sequence using the LLM, and (2) query the vector database may go unnoticed. In contrast, sign language demands high preci-
with the contextual embedding of each gloss. The database returns sion in handshape, palm orientation, and facial expressions: any
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