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MaDiS: Taming Masked Diffusion Language
Models for Sign Language Generation
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Fig. 1. We propose MaDiS, a novel sign language generation approach built upon masked diffusion language models (MDLMs) [1]. (a) A sign tokenizer
discretizes continuous sign motions into part-wise tokens [2]. (b) Conventional autoregressive language models generate tokens in a left-to-right manner,
limiting utilization of contexts and inference efficiency. (c) The emerging MDLMs model token distributions with bidirectional contexts and enable parallel
multi-token sampling during inference. (d) MaDiS achieves SOTA performance across multiple benchmarks [3]–[5] while delivering a 40% higher throughput.

Abstract—Sign language generation (SLG) aims to translate
written texts into expressive sign motions, bridging communica-
tion barriers for the Deaf and Hard-of-Hearing communities.
Recent studies formulate SLG within the language modeling
framework using autoregressive language models, which suffer
from unidirectional context modeling and slow token-by-token
inference. To address these limitations, we present MaDiS, a
masked-diffusion-based language model for SLG that captures
bidirectional dependencies and supports efficient parallel multi-
token generation. We further introduce a tri-level cross-modal
pretraining scheme that jointly learns from token-, latent-, and
3D physical-space objectives to leverage complementary, multi-
level sign representations. To accelerate model convergence in
the fine-tuning stage, we design a novel unmasking strategy with
temporal checkpoints, which restructures generation in a coarse-
to-fine manner and reduces the combinatorial complexity of
unmasking orders by over 1041 times. In addition, a mixture-of-
parts embedding layer is developed to effectively fuse information
stored in different part-wise sign tokens through a learnable
gate and well-optimized codebooks. Extensive experiments on
CSL-Daily, Phoenix-2014T, and How2Sign demonstrate that
MaDiS achieves superior performance across multiple metrics,
including DTW error and two new complementary metrics,
SiBLEU and SiCLIP, while delivering a 40% higher throughput.
Code, models, and demos are available on the project page:
https://2000zrl.github.io/madis/.
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I. INTRODUCTION

Sign language is the primary communication mode for Deaf
and Hard-of-Hearing (DHH) individuals, yet in predominantly
oral societies they are often encouraged to rely on text instead
of their preferred sign language [6]. Research in sign language
translation (SLT, sign-to-text) and generation (SLG, text-to-
sign) aims to improve the accessibility of sign language,
thereby mitigating the communication gap between the hear-
ing and DHH communities. While SLT has seen significant
progress [7]–[15], SLG remains relatively under-explored.

Early SLG approaches typically rely on glosses, the written
form of signs, as an intermediate representation and formu-
late SLG as a text-to-gloss-to-sign pipeline [16]–[19]. While
glosses encode rich linguistic information and provide explicit
guidance for sign generation, the performance of gloss-based
methods is constrained by the quality of the text-to-gloss
module: since gloss annotations are expensive, gloss-based
datasets are often limited in scale, leading to degraded text-
to-gloss performance. For example, Gemini-generated glosses
exhibit an error rate of over 60% [12]. In addition, such
cascaded pipelines incur higher inference latency.

Given these limitations, recent efforts have increasingly
adopted gloss-free SLG, directly generating signs from text.
Typical works [20]–[23] formulate the task as a visual content
generation problem, using either GANs [17] or diffusion
models [24]. Recently, motivated by the linguistic character
of sign language and the generalizability of large language
models (LLMs), a new research direction has emerged that
models SLG through tokenization (Fig. 1a) and autoregressive
language models (ARLMs) [2], [25]–[28] (Fig. 1b). How-
ever, ARLMs have two main limitations: their left-to-right
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generation order restricts the use of bidirectional contexts
and their one-token-at-a-time decoding introduces an inference
bottleneck.

To address such problems, we propose MaDiS (Fig. 1c), a
novel SLG approach built upon an emerging and promising
language modeling paradigm, the masked diffusion language
model (MDLM) [1], [29]–[31]. Unlike conventional ARLMs,
MDLMs are based on masked diffusion models [32]–[34],
which introduce a forward data masking process and train
a mask predictor to approximate the reverse denoising pro-
cess. This mechanism enables MDLMs to construct model
distributions with bidirectional dependencies, allowing them to
capture richer contextual information. During the reverse pro-
cess, multiple tokens can be sampled simultaneously, thereby
improving inference efficiency.

Pretraining plays a crucial role in sign language understand-
ing models [7], [35]–[39], yet pretraining for SLG models
remains largely unexplored. MDLMs are typically pretrained
in the token space using a mask-then-predict framework [1],
where a subset of tokens is randomly masked and subse-
quently predicted by the model. Although such token-space
objective is well-established in natural language processing,
recent advances in self-supervised learning [40]–[42] have
demonstrated that latent-space pretraining is often more ef-
fective in a wide range of vision tasks, including image
and video understanding [41], [43] and world modeling [44],
[45]. Moreover, sign language, as a visual language, con-
veys most of its semantics through body and hand motions
in the 3D physical space. Motivated by the advantages of
different representation spaces, we propose a tri-level cross-
modal pretraining method in which the model learns to predict
masked text and sign tokens, latent features, and 3D sign
motions simultaneously. This challenging and comprehensive
pretraining objective encourages the model to fully exploit
complementary sign representations and yields significant per-
formance improvements in the downstream SLG task.

After pretraining, we perform supervised fine-tuning condi-
tioned on unmasked text tokens. The original MDLM can be
viewed as an any-order ARLM [46]. Due to its unconstrained
confidence-based unmasking strategy, the number of possible
unmasking orders is enormous. For example, generating 100
tokens in 25 steps results in approximately 10123 possible
orders. Although this property enables MDLMs to perform
well in data-constrained scenarios, it also leads to significantly
slower convergence, often requiring more training epochs [47].
To address this issue, we propose a novel unmasking strat-
egy with temporal checkpoints. Inspired by the effectiveness
of VAR [48], which generates images progressively from
low to high resolution, we insert checkpoints composed of
uniformly distributed tokens at noise levels 0.75 and 0.5,
corresponding to temporal resolutions of T/4 and T/2. This
design decomposes generation in a coarse-to-fine manner and
dramatically prunes unmasking orders by over 1041 times,
thereby accelerating convergence during training. Furthermore,
to better integrate part-wise sign tokens [2], we propose a plug-
and-play mixture-of-parts (MoP) embedding layer. Unlike the
previous SOTA method [2] that simply averages token embed-
dings from different body parts, our MoP embedding layer is

built upon well-optimized VQ-VAE codebooks, and part-wise
embeddings are dynamically fused through a learnable gate.
In summary, our contributions are as follows:

• We propose MaDiS, the first approach to introduce
MDLMs to gloss-free SLG, enabling bidirectional context
modeling and parallel multi-token generation.

• A tri-level cross-modal pretraining framework is de-
veloped that jointly learns from token, latent, and 3D
physical spaces, enabling the model to exploit the benefits
from complementary, multi-level sign representations.

• To accelerate training convergence, we design a novel
token unmasking strategy with temporal checkpoints,
which significantly reduces unmasking order complexity
through a coarse-to-fine decomposition. To enhance the
integration of part-wise sign tokens, we introduce an
MoP embedding layer that is conditioned on VQ-VAE
codebooks and controlled by a learnable gate.

• Extensive experiments on widely adopted benchmarks
[3]–[5] demonstrate that MaDiS achieves SOTA perfor-
mance across multiple metrics, including DTW error and
two new complementary metrics, SiBLEU and SiCLIP,
while enhancing inference throughput by 40% (Fig. 1d).

II. RELATED WORK

A. Sign Language Generation

Sign language generation (SLG), also known as sign lan-
guage production, aims to translate texts into sign language
outputs represented in various forms, such as skeletons [49]–
[56], RGB videos [17], [22], [23], [57]–[59], and 3D motions
[2], [16], [21], [25], [26], [60], [61]. Together with sign lan-
guage translation (SLT), SLG enables bidirectional interaction
between hearing and Deaf or Hard-of-Hearing individuals,
thereby helping to mitigate the communication barriers. Al-
though real-person videos are more realistic, developing end-
to-end sign video generation models is challenging due to the
high dimensionality of RGB video data. Therefore, we focus
on generating sign motions, which can serve as an intermediate
representation for subsequent sign video synthesis [20], [62],
[63] or be used to control humanoid robots [64], [65].

One line of SLG research relies on glosses, either as
intermediate representations [16]–[19], [53], [58], [66], [67] or
as additional supervision [49]. For example, Signing-at-Scale
[17] and Spoken2Sign [16] adopt a language model for text-
to-gloss translation, use the predicted glosses to retrieve sign
language dictionaries in the form of videos or motions, and
learn a connector to model co-articulations between adjacent
signs. However, such two-stage pipelines inevitably introduce
an information bottleneck. To mitigate this issue, MoMP
[49] uses glosses only as auxiliary supervision for the text-
to-gloss module, rather than as a mandatory intermediate
representation.

Although glosses provide useful linguistic guidance, their
annotations are expensive, resulting in small-scale gloss-based
datasets and consequently degraded text-to-gloss performance
[12]. Recent works have therefore shifted towards gloss-free
methods, i.e., generating signs directly from texts in an end-
to-end manner. One line of work formulates SLG as a visual
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Fig. 2. MaDiS is built upon the emerging masked diffusion language model (MDLM), implemented by modifying a standard decoder-only LLM with
bidirectional attention. The MDLM is first pretrained with three objectives (Ltok , Llat, Lphy) from the token, latent, and 3D physical spaces, respectively.
We then fine-tune the model conditioned on text inputs using the proposed temporal-checkpoint unmasking strategy and a dedicated mixture-of-parts sign
embedding layer.

generation problem [21], [23], [56], [59], [61], where text
features are used as conditions for visual generative models.
Motivated by the linguistic nature of sign language, another
line of work [2], [25], [26], [28] formulates SLG within a
language modeling framework by combining a discrete sign
tokenizer [2] with an autoregressive language model (ARLM).
Due to the difficulty of gloss-free SLG, some methods further
introduce additional information, such as external sign dictio-
naries [2] or key frames [61].

In this work, we follow the language-model-based paradigm
and study gloss-free SLG without relying on any additional
information, which represents a more practical and challenging
setting. Unlike previous methods based on well-established
ARLMs, which are inherently limited by their left-to-right
generation process, we explore emerging masked diffusion
language models for SLG, which model token distributions
bidirectionally and enable efficient parallel generation.

B. Masked Diffusion Language Model

Current LLMs are mostly built upon ARLMs. Although they
demonstrate strong capability, their left-to-right generation
order limits both efficiency and context modeling. Recently,
masked diffusion language models (MDLMs) [1], [31], [68],
[69] have emerged as a new language modeling paradigm.
Built upon masked diffusion models [32]–[34], MDLMs define
a forward data-masking process and train a mask predictor
to approximate the reverse denoising process, which enables
bidirectional context modeling and allows multiple tokens to
be sampled in a single generation step. MDLMs have been
successfully applied to diverse domains, including multimodal
understanding [29], [30], protein design [70], [71], and robotic
manipulation [72], [73]. A related line of work in human mo-
tion generation [74]–[77] adopts a similar masked generation
approach [78], but their training objectives are determined
heuristically and lack the rigorous theoretical foundation of
MDLMs. In this work, we present the first effort to intro-
duce MDLMs into SLG and propose a temporal-checkpoint
unmasking strategy to improve training efficiency.

C. Sign Language Pretraining

Pretraining plays a crucial role in sign language understand-
ing tasks. Early works [9], [79], [80] use isolated or continuous
sign language recognition as pretext tasks and observe the
transferability of the learned features to the translation task.
Recent works can be broadly categorized into two groups
based on their dependence on text labels.

For text-based methods, one line of work [36], [38], [39],
[81]–[83] pretrains models by learning sign-text alignment in
a contrastive manner. For example, VAP [39] learns frame-
level alignments between sign videos and texts, and transfers
the learned features to translation and retrieval tasks; MMSLT
[81] instead learns sentence-level alignments and uses them
as a regularizer for an off-the-shelf multimodal large language
model. Another line of work [7], [84] directly adopts SLT
as the pretext task and pretrains models with a next-token-
prediction loss.

Text-free methods can better exploit unlabeled data. Typical
works [35], [37], [85]–[88] pretrain models by reconstructing
sign language inputs in either video or pose format. For exam-
ple, SignBERT+ [35] performs pretraining by reconstructing
masked sign poses, while SHuBERT [88] provides a different
perspective by predicting cluster assignments instead of raw
sign language inputs. Beyond reconstruction, SignDINO [89]
learns sign-aware representations from global video frames by
self-distillation with different data views.

However, an important oversight is that all these works fo-
cus solely on understanding tasks. Our work represents the first
attempt to pretrain sign language generation models through a
cross-modal and multi-level strategy that jointly predicts sign
and text tokens, latent features, and 3D sign motions, thereby
injecting sign-aware knowledge into MDLMs.

III. METHODOLOGY

An overview of MaDiS is illustrated in Fig. 2. In the
first stage, both text and sign tokens are randomly masked
according to a masking ratio t, and the MDLM is pretrained
with objectives defined across multiple representation spaces
(token, latent, and physical) to exploit the benefits from multi-
level sign representations. In the subsequent fine-tuning stage,
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the MDLM keeps text tokens unmasked and learns to generate
sign tokens using the proposed unmasking with temporal
checkpoints (UTC) strategy and the mixture-of-parts (MoP)
embedding layer.

A. Preliminaries

1) Sign Tokenizer: We adopt the open-sourced decoupled
tokenizer [2] to discretize sign motions, which can be re-
constructed with high accuracy. It consists of three parallel
VQ-VAEs [90] responsible for different body parts. Each VQ-
VAE includes an encoder Ep, a decoder Dp, and a codebook
Cp = {cip}

Nc
i=1, where p ∈ {b, l, r} represents the upper body

(including face), left hand, and right hand, respectively, and
Nc is the codebook size. Using this tokenizer, a T -frame
sign motion sequence S ∈ RT×ds is decomposed into three
part-wise token sequences, xp = {xi

p}
Ls
i=1. Here, ds = 133

denotes the number of SMPL-X parameters [91], comprising
11 upper-body joints, 30 hand joints, and 10 facial expression
parameters; xi

p ∈ {1, . . . , Nc} denotes the code index of the
i-th token, and Ls denotes the token sequence length.

2) Masked Diffusion Language Model: MDLMs [1], [31]
introduce a new language modeling paradigm based on
forward-reverse discrete diffusion. In the forward process, the
original token sequence x0 is corrupted with mask tokens
|M| according to the time (noise level) t ∈ [0, 1]. The
conditional distribution of the masked sequence xt is defined
as qt|0(xt|x0) =

∏L
i=1 qt|0(x

i
t|xi

0), where

qt|0
(
xi
t | xi

0

)
=

{
1− t, xi

t = xi
0,

t, xi
t = |M|.

(1)

The reverse process aims to generate meaningful tokens
from the all-masked sequence x1. The conditional distribution
is defined as qs|t(xs|xt) =

∏L
i=1 qs|t(x

i
s|xt), where 0 ≤ s <

t ≤ 1, and

qs|t(x
i
s|xt) =


1, xi

s=xi
t ̸= |M|,

s
t , xi

s=xi
t= |M|,

(1− s
t )q0|t(x

i
s|xt), xi

s ̸= |M|, xi
t= |M|,

0, otherwise.

(2)

A proof in [34] shows that q0|t(x
i
s|xt) = pdata(x

i
0|xUM

t ),
where xUM

t denotes the unmasked tokens in xt that are
identical to those in x0. This implies that the time condition t
can be omitted from the model inputs, leading to a simplified
implementation of MDLM in which the model only needs to
predict masked tokens conditioned on the unmasked ones.

B. Tri-Level Cross-Modal Pretraining

Existing works [92], [93] reveal that the knowledge of
LMs mainly comes from pretraining. As shown in Fig. 2,
we pretrain the MDLM at three spaces, enabling it to absorb
knowledge from sign representations of different levels.

1) Token Space: At the first level, we pretrain the MDLM
by predicting masked tokens. Following [1], at each training
iteration, we uniformly sample a noise level (mask ratio)
t ∼ U(0, 1). Denoting text tokens as xe = {xi

e}
Le
i=1 and an

end-of-sentence token as |eos|, the input sequence is formed
by concatenating text tokens, |eos|, and sign tokens: x0 =
cat(xe, |eos|, x{p}, |eos|) = {xi

0}
Le+Ls+2
i=1 . For simplicity, we

use {p} to denote all part-wise sign tokens, since they are
masked and unmasked simultaneously once their index is
selected. Each index i is selected with a probability of t, and its
corresponding token is masked to obtain xt. The token-space
loss is defined as a cross-entropy loss [1]:

Ltok = −1

t

∑
i∈Im

log pθ(x
i
0 | xt), (3)

where Im denote the set of masked indices, and pθ(·) denotes
the token probabilities predicted by the model.

2) Latent Space: Inspired by the effectiveness of joint-
embedding predictive architectures (JEPAs) [40], [94] in nu-
merous vision tasks [41], [44], [45], we extend this idea to
MDLM pretraining. Unlike the original JEPAs that train an
additional target encoder to extract embeddings, we directly
leverage the well-trained codebooks Cp, whose embeddings
can accurately reconstruct sign motions via the decoders, as
the prediction targets to simplify model design.

More specifically, let the last hidden states of the MDLM
corresponding to the sign tokens be H ∈ RLs×d. We use
three MLPs to map H into the spaces of the codebooks: Hp =
MLPp(H) ∈ RLs×dc , where dc denotes the dimension of each
code embedding. Let Is denote the set of masked sign-token
indices. For each i ∈ Is, the target is the corresponding code
embedding cni

p , where 1 ≤ ni ≤ Nc denotes the code index
of the i-th token. Finally, the latent-space pretraining loss is
defined as the smoothed L1 loss (∥ · ∥1) between the mapped
hidden states and their target code embeddings:

Llat =
∑
i∈Is

∑
p

∥Hi
p − cni

p ∥1. (4)

3) Physical Space: Inspired by the visual-language nature
of sign languages, we incorporate 3D sign motion recon-
struction as an additional pretraining objective in the physical
space. More specifically, we reuse the well-trained VAE de-
coder Dp, which is frozen and used to reconstruct sign motions
from the mapped hidden states Hp. Denoting the ground-truth
part-wise sign motions as Sp, the objective function in the
physical space is defined as:

Lphy =
∑
p

∥Dp(Hp)− Sp∥1. (5)

Unlike existing works [35], [36], [85] that mask and re-
construct sign poses, we mask tokens but reconstruct poses
(motions), which is more challenging and encourages the
model to learn more grounded sign representations. The over-
all pretraining loss is defined as:

Lpre = Ltok + Llat + Lphy. (6)
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ing strategy [1]. (b) We insert temporal checkpoints at noise levels 0.75 and
0.5 to reduce the complexity of unmasking orders. (c) The original unmasking
strategy allows arbitrary unmasking orders (about 10123 for generating 100
tokens), while our method reduces this complexity by over 1041 times.

C. Supervised Fine-Tuning

After the pretraining stage, the MDLM is expected to
acquire basic sign language knowledge and adapt to the
diffusion process with bidirectional contexts. We then fine-tune
the entire model while keeping the text tokens unmasked.

1) Unmasking with Temporal Checkpoints (UTC): During
the reverse process, the original MDLM [1] adopts a simple
confidence-based unmasking strategy (Fig. 3a). Specifically,
at each step, the model unmasks k tokens with the highest
confidence, defined as the maximum of their categorical prob-
abilities. However, this unconstrained strategy leads to highly
diverse unmasking orders. Denoting the number of generated
tokens as M , the total number of possible unmasking orders
is:

Nu =

(
M

k

)(
M − k

k

)
· · ·

(
k

k

)
=

M !

(k!)M/k
. (7)

When M = 100 and k = 4, this number can achieve
2.9 × 10123. Although such diversity can enhance model
performance, it also results in slow convergence [47].

Inspired by VAR [48], which adopts a coarse-to-fine gen-
eration scheme with progressively enhanced resolution, we
propose a novel unmasking strategy with temporal checkpoints
(UTC), as shown in Fig. 3b. Specifically, we divide the reverse
process into three stages at t = 0.75 and t = 0.5, where
1/4 and 1/2 of the tokens have been unmasked, respectively.

Algorithm 1 Adding Noise for UTC
1: Input: Token sequence x0 ∈ NB×L; noise level t ∈

[0, 1]B ; mask token |M|
2: Output: Noisy token sequence xt

3: Define temporal grids Q = {i | i mod 4 = 0}, H = {i |
i mod 2 = 0}, and O = {0, . . . , L− 1} \ H

4: Initialize the kept mask K← FalseB×L

5: for b = 0, . . . , B − 1 do
Case 1: randomly keep quarter-grid tokens.

6: if tb ≥ 0.75 then
7: q ← (tb − 0.75)/0.25
8: Sample r ∈ {0, 1}L with ri ∼ Bernoulli(q)
9: Kb,i ← 1{i∈Q}(1− ri)

Case 2: fix quarter-grid tokens and sample the remain-
ing half-grid tokens.

10: else if 0.5 ≤ tb < 0.75 then
11: q ← (tb − 0.5)/0.25
12: Sample r ∈ {0, 1}L with ri ∼ Bernoulli(q)
13: Kb,i ← 1{i∈Q} ∨ (1{i∈H\Q}(1− ri))

Case 3: fix half-grid tokens and sample the remaining
tokens.

14: else
15: q ← tb/0.5
16: Sample r ∈ {0, 1}L with ri ∼ Bernoulli(q)
17: Kb,i ← 1{i∈H} ∨ (1{i∈O}(1− ri))
18: end if
19: end for
20: xt ← x0

21: xt[K = 0]← |M|
22: return xt

Both pivot states are enforced to contain uniformly distributed
tokens, while a standard confidence-based unmasking strategy
is applied within each stage1. Consequently, the number of
possible orders under our UTC is substantially reduced to:

NUTC
u =

(M/4)!

(k!)M/4k
· (M/4)!

(k!)M/4k
· (M/2)!

(k!)M/2k
. (8)

When M = 100 and k = 4, UTC reduces the number of orders
by 1041× compared to vanilla unmasking strategy (Fig. 3c).
Moreover, the resulting generation process follows a coarse-to-
fine structure, with both factors jointly easing model learning
and accelerating convergence.

Algorithm 1 describes the noise-adding process used for
UTC during training. Instead of randomly masking tokens over
the whole sequence, we constrain the noisy states according to
three temporal stages: when t ≥ 0.75, only quarter-grid tokens
are allowed to remain unmasked; when 0.5 ≤ t < 0.75, the
quarter-grid tokens are fixed and the remaining half-grid to-
kens are randomly sampled; when t < 0.5, all half-grid tokens
are fixed and the remaining tokens can be sampled. In each
stage, the random sampling follows a Bernoulli distribution.
This design ensures that the noisy sequence follows the same

1When the target number of unmasked tokens at a pivot state is not divisible
by k, the final iteration of that stage unmasks all remaining tokens, which
may be fewer than k.
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Fig. 4. (a) A conventional sign embedding layer is randomly initialized and
simply averages the embeddings of part-wise tokens [2]. (b) The proposed
mixture-of-parts embedding layer leverages optimized VAE codebooks and
uses a learnable gate to control contributions from different body parts.

coarse-to-fine structure as the UTC reverse process, thereby
ensuring training-inference consistency.

2) Mixture-of-Parts (MoP) Embedding Layer: In contrast
to the pretraining stage, where different part-wise tokens
are treated equally, we aim to more discriminatively capture
the relations among body parts during fine-tuning with text
conditions. To this end, our MoP embedding layer is built
upon the well-trained VQ-VAE codebooks and employs a
learnable gate to control the contributions from different parts.
For instance, since a large number of signs are produced with a
single hand [95], [96], it would be beneficial to assign distinct
weights to each hand.

As shown in Fig. 4b, given the part IDs (ip), the part-wise
code embeddings are passed through fully-connected (FC) lay-
ers to match the model dimension of MDLM: Ep = FCp(c

ip
p ).

We then use an MLP followed by a softmax layer to predict the
gating weights G, which adaptively control the contribution
of each body part. The final sign embedding, denoted as E,
is obtained as:

G = {gp} = softmax(MLP(cat({cipp }))),

E =
∑
p

gp ·Ep.
(9)

Similar to [39], we also observe that continuing to use pre-
training objectives during fine-tuning is beneficial. Therefore,
the fine-tuning loss is defined as:

Lsft = Ltok + α(Llat + Lphy), (10)

where α = 0.5 is determined through a sensitivity analysis.

D. Complementary Metrics: SiBLEU and SiCLIP

Existing SLG models [2], [16], [21], [51] are typically
evaluated using dynamic time warping (DTW) error [51] and
back-translation (BT) [18]. However, DTW error may over-
optimistically reflect model performance since it measures
the minimum distance between generated and ground-truth
sequences. Moreover, its computation is inefficient due to
the reliance on dynamic programming. On the other hand,

BT evaluates performance in the text space, which overlooks
the visual and multi-cue nature of sign language, and the
translation process itself introduces unavoidable errors [97].
To address these issues, we propose two new complementary
evaluation metrics.

1) SiBLEU – Straightforward and Efficient Evaluation in
the Token Space: For LM-based SLG approaches, signs are
tokenized, which enables a straightforward evaluation by
computing BLEU scores [98] over generated tokens against
ground-truth tokens. We term this the SiBLEU score. Specifi-
cally, denoting the generated and ground-truth token sequences
as (y′b, y′l, y

′
r) and (yb, yl, yr) for the body, left hand, and right

hand, respectively, the SiBLEU scores for the body and hands
are computed as:

SiBLEU Body = BLEU(y′b, yb), (11)
SiBLEU Hands = (BLEU(y′l, yl) + BLEU(y′r, yr))/2.

A higher SiBLEU indicates greater overlap with the ground-
truth tokens.

2) SiCLIP – Evaluation in a Joint Embedding Space:
In related domains such as human motion generation [99],
[100] and text-to-video generation [101]–[103], CLIP [104] is
widely used to evaluate the alignment between prompts (texts)
and generations in a joint-embedding space. Motivated by this,
we train a CLIP model over ground-truth sign-text pairs in
the training sets, and adopt retrieval-based metrics [60], [105],
[106] for evaluating the semantic alignment between texts and
generated signs.

Specifically, sign motions are encoded using part-wise sign
encoders, each consisting of a stack of 1D ResNet blocks [2].
The resulting features are concatenated and passed through an
MLP to obtain sign embeddings. For text, we adopt a multilin-
gual language model [107] as the encoder. We empirically find
that its first 14 layers are sufficient to achieve high retrieval
performance; therefore, the remaining layers are discarded for
efficiency. The resulting hidden states are then projected into
the shared embedding space through another MLP. The overall
model is trained with a fine-grained contrastive loss [108],
which implicitly learns precise sign-to-word alignments.

IV. EXPERIMENTS

A. Datasets and Evaluation Metrics

1) Datasets: We evaluate MaDiS on three widely-adopted
datasets: CSL-Daily [4], Phoenix-2014T [5], and How2Sign
[3], which contain 20K/8K/35K video-text pairs for Chinese,
German, and American sign languages, respectively. We use
the curated SMPL-X poses provided in [2] as sign motion
representations.

2) Evaluation Metrics: Due to the length difference be-
tween generated signs and ground truth, we follow the previ-
ous work [2] to use dynamic time warping over joint position
errors (DTW-JPE) as the major metric to measure sequence-
level distances. Note that we do not compute Procrustes
Alignment (PA) since it will align rotation before computing
joint errors, leading to overoptimistic performance [109]. As
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我们要帮助学习差的同学。 Feucht-kühle Luft bestimmt das Wetter. I'm going to go ahead and measure off.
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吃完午饭要多吃点水果。 Wettervorhersage für Freitag, neunten Oktober. I'm Johanna Krynytzky.

苹果是你买的吗？ We are going to identify the proper hand wear.
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Wettervorhersage für morgen, den 27. Januar.

Fig. 5. Qualitative comparisons of generated signs between our proposed method, MaDiS, with the SOTA method, SOKE [2], on the test sets of CSL-Daily
(left), Phoenix-2014T (middle), and How2Sign (right). Video demonstrations are available on the project page.

complementary metrics, we report SiBLEU to assess token-
level precision, and sentence-level sign-to-text retrieval per-
formance, measured by Recall@1 (R@1) [60], [108], using
SiCLIP as the joint feature extractor for signs and texts.

B. Implementation Details
We instantiate the MDLM with Qwen3-0.6B-Base [107],

a leading open-source LLM supporting 119 languages. To
enable bidirectional modeling, we replace the causal attention
mask in each transformer layer with a non-causal one [1].

During pretraining, the model is trained on the combined
training sets of all three datasets to maximize data utilization
[35], [84]. In the fine-tuning stage, it is trained on each dataset
independently. We empirically set k = 4 and M = 100, which
corresponds to 400 frames after decoding due to the 4x up-
sampling layer in the VAE decoder. This length is sufficient to
cover about 98% of training videos, and over-length videos are
uniformly sampled to fit within 400 frames. When generating
sign tokens, we adopt multi-head decoding [2] to predict all
three part-wise tokens simultaneously, and tokens appearing
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TABLE I
HYPER-PARAMETERS OF MLPS.

Module Latent Map. Gating Net. Motion Enc. Text Enc.

din 1024 1536 1536 1024
dm 3072 1024 3072 3072
dout 512 3 512 512

TABLE II
DETAILS OF COMPUTATIONAL COSTS, MEASURED ON NVIDIA GH200

GPUS. ∗DENOTES TIME COSTS ON
CSL-DAILY/PHOENIX-2014T/HOW2SIGN, RESPECTIVELY.

Stage Memory Cost Time Cost

Pretraining 96GB 144 GPUh
Supervised fine-tuning 96GB 40/15/70 GPUh∗

Inference 8GB 0.76 sec/video

after the end-of-sentence token are discarded [1]. The initial
learning rate is set to 2e − 4, and we adopt the AdamW
optimizer [110] with a cosine learning rate scheduler and a
batch size of 64 per GPU for both stages. The models are
trained for 200 and 150 epochs in the pretraining and fine-
tuning stages, respectively, using 4x NVIDIA GH200 GPUs.

MLPs are extensively used in pretraining, the MoP embed-
ding layer, and SiCLIP. Each MLP consists of two linear layers
with a SiLU [111] activation function in between. As shown
in Tab. I, let din, dm, and dout denote the dimensions of the
input, intermediate, and output features, respectively.

• For MLPs used in latent-space pretraining, din = 1024
to match the hidden state dimension, dm = 3072, and
dout = 512 to match the code embedding dimension.

• For the MLP used in the gating network of the MoP
embedding layer, din = 512×3, dm = 1024, and dout =
3, corresponding to the three body parts.

• For the MLP appended to the motion encoder in SiCLIP,
din = 512×3, dm = 3072, and dout = 512. For the MLP
appended to the text encoder in SiCLIP, din = 1024,
dm = 3072, and dout = 512.

We further report the computational costs of different stages
in Tab. II. The model is first pretrained on the combination
of the three datasets, requiring 144 GPU hours. Supervised
fine-tuning is then performed independently on each dataset;
for example, fine-tuning on CSL-Daily requires only 40 GPU
hours. During inference, MaDiS is highly efficient owing to
the parallel reverse process of MDLMs, requiring only 0.76
seconds on average to generate a video. In addition, the
relatively small model size (0.6B parameters) results in a low
GPU memory footprint of 8GB.

C. Comparison with State-of-the-Art Methods

1) Qualitative Comparison: We first conduct qualitative
comparisons with the previous SOTA method, SOKE [2],
which proposes a simple autoregressive SLG model without
dedicated pretraining and can only capture unidirectional con-
texts due to the nature of ARLMs. In contrast, our MaDiS
is pretrained across multiple sign representation spaces and

(c)

(a) (b)

(d)

𝑅 = 0.66 𝑅 = 0.44 𝑅 = 0.39

Fig. 6. (a) Comparison of throughput measured in output tokens per second.
(b-d) Efficiency-quality trade-off on three datasets. The generation length is
fixed to 100 tokens, and the number of sampling steps is set to 100, 50, 25
(default), and 10, corresponding to decoding 1, 2, 4, and 10 tokens per step,
respectively. DTW and SiBLEU refer to the average on body and hands.

benefits from an MDLM backbone that enables bidirectional
contextual modeling. As shown in Fig. 5, our model produces
more precise and natural sign motions, demonstrating better
generalization across diverse hand shapes, palm orientations,
single- and double-handed signs, and finger details. Video
demos are available on the project page.

2) Quantitative Comparison: As detailed in Tab. III, we
conduct a quantitative comparison with SOTA SLG methods.
Since we introduce two new evaluation metrics, we carefully
reproduce previous works using their open-source codes [2],
[18], [75], [112], [113] or our own reimplementations [21],
[25]. MoMask++ [75] is a leading human motion generation
method based on a masked generation approach [78]. How-
ever, its masking schedule is heuristically determined with-
out a theoretical foundation, and its multi-scale tokenization
introduces error accumulation during inference, leading to
inferior performance than SOKE. For fairness, we also report
the performance of SOKE when using Qwen3-0.6B as the
LM, instead of the originally adopted mBART-Large [114].
Although both LMs have a similar size (0.6B), we observe
that employing Qwen3 leads to slightly better performance,
which can be attributed to the larger pretraining corpus of the
Qwen3 series.

Furthermore, we report the performance of an MDLM
baseline obtained by directly training an MDLM on sign
language datasets, without any of our proposed techniques
(pretraining, UTC, or MoP). Notably, this baseline performs on
par with SOKE, which utilizes external sign dictionaries, while
offering 40% higher throughput (Fig. 6a). This highlights the
potential of MDLMs for SLG. Finally, our proposed MaDiS
achieves new SOTA results across the test sets of all three
datasets and all evaluation metrics.

3) Efficiency: As shown in Fig. 6a, across all test samples
of the three datasets, our method achieves a throughput of
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TABLE III
COMPARISON WITH SOTA SIGN LANGUAGE GENERATION METHODS. NOTE THAT SINCE SIBLEU SCORES ARE COMPUTED OVER SIGN TOKENS, WE

REPORT “N/A” FOR TOKENIZER-FREE METHODS [18], [21], [112]. SIMILARLY, FOR METHODS [25], [75], [113] THAT EMPLOY A SINGLE TOKENIZER
FOR WHOLE-BODY MOTIONS, THE SIBLEU-HANDS RESULTS ARE ALSO MARKED AS “N/A”. ∗DTW ERRORS ARE REPORTED BY [2]. †DENOTES

METHODS USING EXTERNAL SIGN DICTIONARIES.

Method
CSL-Daily Phoenix-2014T How2Sign

DTW-JPE↓ SiBLEU↑ SiCLIP↑ DTW-JPE↓ SiBLEU↑ SiCLIP↑ DTW-JPE↓ SiBLEU↑ SiCLIP↑
Body Hands Body Hands R@1 Body Hands Body Hands R@1 Body Hands Body Hands R@1

Prog. Trans.∗ [18] 16.30 32.63 N/A 13.65 15.01 31.77 N/A 14.03 14.74 30.17 N/A 9.88
Text2Mesh∗ [112] 13.76 30.37 N/A 15.84 14.04 31.64 N/A 12.08 15.50 32.97 N/A 9.30
T2S-GPT∗ [25] 12.32 15.43 2.11 N/A 20.03 11.65 19.09 1.93 N/A 22.10 12.65 18.44 2.13 N/A 12.58
NSA [21] – – N/A – – – N/A – 9.16 18.51 N/A 15.04
S-MotionGPT∗ [113] 11.58 11.31 2.26 N/A 20.37 10.42 9.08 1.97 N/A 32.42 12.41 13.74 2.32 N/A 12.77
MoMask++ [75] 8.93 10.57 1.53 N/A 22.62 8.16 9.96 1.49 N/A 37.88 9.06 11.34 1.58 N/A 20.39
SOKE (mBART)† [2] 7.38 9.68 2.59 2.14 23.64 6.04 7.72 2.71 1.85 34.30 7.75 10.08 2.52 1.74 16.12
SOKE (Qwen3)† [2] 7.29 9.59 2.71 2.27 25.05 6.09 7.65 2.38 1.98 38.53 7.18 10.09 2.57 1.97 18.48

MDLM baseline 7.12 9.57 3.17 2.55 29.17 5.98 7.58 2.36 2.14 44.25 7.02 10.16 2.73 1.79 25.78
MaDiS 5.99 7.96 4.87 4.08 38.61 4.97 6.59 4.54 3.33 57.94 6.59 9.45 4.41 3.46 34.27

(a) (b)

(c) (d)

Fig. 7. Left: User study with professional CSL/ASL signers. We report
average ratings of the previous SOTA method, SOKE [2], our proposed
MaDiS, ground-truth motions, and ground-truth RGB videos. Error bars
indicate 95% confidence intervals. Right: Absolute values of Spearman’s rank
correlation coefficient [115] between CSL/ASL signers’ ratings and metric
scores. DTW and SiBLEU refer to the average on body and hands.

132 tokens/sec, representing a 40% improvement over SOKE
with KV caching. This high throughput enables the generation
of a 400-frame (100-token) video in only 0.76s, thereby
satisfying real-time requirements. This improvement stems
from the highly efficient parallel token generation enabled by
the reverse process in MDLMs.

In Fig. 6b-d, we observe that MaDiS provides a flexible
trade-off between generation quality and efficiency, where
quality is measured by DTW and SiBLEU scores. When the
number of sampling steps is set to 100, corresponding to
sampling one token at a time, the model achieves the highest
generation quality but the lowest throughput. In contrast, with
only 10 sampling steps, inference becomes extremely fast (ex-
ceeding 300 tokens/sec) at the cost of degraded performance.
Using 25 sampling steps yields a balance between generation
quality and efficiency.

D. Human Evaluation with Professional Signers

To assess the intelligibility of the generated signs, we
conducted a user study involving 5 professional CSL signers
and 3 professional ASL signers, each with 4 to 13 years
of signing experience. Participants were asked to rate the
alignment between generated signs and text annotations on
a scale from 1 to 10, where higher scores indicate higher

(a) (b) (c) (d)

𝑅 = 0.66 𝑅 = 0.44 𝑅 = 0.39

Fig. 8. Top: Future-attention ratios (R) of the 16 attention heads in the
penultimate Transformer layer. Bottom: A case study visualizing the attention
maps of the three heads with the highest future-attention ratios.

sign accuracy and better semantic conveyance. Ground-truth
motions and RGB videos were also included for reference.
Specifically, we provided 15 generated signs from SOKE and
from our proposed MaDiS, together with the corresponding
ground-truth motions and videos. The order of all samples
was randomly shuffled to avoid potential bias. All participants
were compensated above the local average hourly rate.

As shown in the left part of Fig. 7, on CSL-Daily, our
method achieves an average rating of 6.9, substantially outper-
forming SOKE, which receives an average rating of 4.6. The
ground-truth motions obtain an average rating of 8.4, further
demonstrating the feasibility of using motions as effective
sign language representations. Similar trends are observed on
How2Sign, demonstrating the generalizability of our method
across different sign languages.

Furthermore, we report the absolute values of Spearman’s
rank correlation coefficient [115] to assess the agreement
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TABLE IV
ABLATION STUDY FOR THE KEY TECHNIQUES.

Method DTW-JPE↓ SiBLEU↑ SiCLIP↑
Body Hands Body Hands R@1

MaDiS 5.99 7.96 4.87 4.08 38.61
w/o Pretraining 6.93 9.27 3.48 2.84 31.49
w/o UTC 6.61 9.05 3.87 3.11 32.81
w/o MoP 6.35 8.50 4.06 3.42 35.95

TABLE V
ABLATION STUDY FOR THE TRI-LEVEL CROSS-MODAL PRETRAINING.

Token Latent Physical DTW-JPE↓ SiBLEU↑ SiCLIP↑
Sign Text Body Hands Body Hands R@1

6.93 9.27 3.48 2.84 31.49
✓ 6.81 8.90 3.76 2.97 33.01
✓ ✓ 6.41 8.64 4.18 3.24 34.76
✓ ✓ ✓ 6.22 8.39 4.45 3.67 35.96
✓ ✓ ✓ ✓ 5.99 7.96 4.87 4.08 38.61

between automatic metrics and human judgments. A value
closer to 1 indicates stronger monotonic agreement between
an automatic metric and signers’ ratings, while a value closer
to 0 indicates weaker agreement. As shown in the right part
of Fig. 7, SiBLEU and SiCLIP exhibit stronger agreement,
whereas DTW, based on minimum-distance alignment, shows
relatively weaker agreement.

E. Ablation Studies

We conduct all ablation studies on CSL-Daily unless other-
wise specified.

1) Usage of Bidirectional Contexts: To verify that the
MDLM effectively models bidirectional contexts, we visualize
attention maps from the penultimate Transformer layer at the
final sampling step, which captures rich contextual interac-
tions while being less influenced by the task-specific output
projection of the final layer [116], [117].

As shown in the top part of Fig. 8, we compute the future-
attention ratio for each attention head as:

R =

∑
i,j>i Ai,j∑
i,j Ai,j

, (12)

where A denotes the attention map. The ratios vary substan-
tially across the 16 attention heads, ranging from 21.9% to
51.2%, with an average of 35.4%. Heads 3, 13, and 16 exhibit
the highest ratios, indicating that they allocate nearly half of
their attention to future tokens, i.e., the upper-triangular region,
and effectively capture bidirectional contextual dependencies.
As a case study, we further visualize the attention maps of
these three heads for a representative test sample in the bottom
part of Fig. 8.

2) Contribution of Key Techniques: Tab. IV validates the
effectiveness of the key techniques in MaDiS. Removing the
tri-level cross-modal pretraining leads to the largest perfor-
mance degradation, increasing DTW-JPE from 5.99/7.96 to
6.93/9.27 for body and hands, respectively, while reducing
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Fig. 9. Visualization of reconstructed signs from mask tokens.

TABLE VI
ABLATION STUDY FOR PRETRAINING DATA.

Pretraining data DTW-JPE↓ SiBLEU↑ SiCLIP↑
Body Hands Body Hands R@1

No pretraining 6.93 9.27 3.48 2.84 31.49
CSL 6.33 8.40 3.96 3.74 35.51
CSL+Phoenix 6.21 8.25 4.19 3.92 36.83
CSL+Phoenix+How2Sign 5.99 7.96 4.87 4.08 38.61

SiBLEU and SiCLIP R@1 from 4.87/4.08 and 38.61 to
3.48/2.84 and 31.49. This demonstrates that pretraining across
complementary spaces is crucial for learning effective sign
language representations. Disabling the proposed unmasking
with temporal checkpoints (UTC) also consistently worsens
all metrics, validating that the coarse-to-fine unmasking strat-
egy improves generation quality. In addition, removing the
mixture-of-parts (MoP) embedding layer results in inferior
performance, showing the benefit of dynamically fusing part-
wise sign tokens instead of treating body and hand tokens
equally. Overall, these results confirm that each technique
contributes positively to MaDiS.

3) Tri-Level Cross-Modal Pretraining: We pretrain the
model across three spaces (token, latent, and physical) to
fully exploit the benefits from multi-level sign representations.
Results in Tab. V validate the effectiveness of each pretraining
level. First, at the token level, masking both sign and text
tokens yields better performance than masking sign tokens
alone, demonstrating the benefit of cross-modal training. This
observation is consistent with previous findings on alignment-
based pretraining in sign language translation [38], [39], [118].
Second, predicting latent features proves effective in reducing
DTW errors and enhancing sentence-level semantic alignment.
Finally, incorporating physical-space training by reconstruct-
ing sign motions leads to the best overall performance. This
design also enables the pretrained model to learn physically
grounded representations, allowing it to accurately reconstruct
sign motions from masked tokens (Fig. 9). Quantitatively,
when t = 0.25 (i.e., masking 25% of tokens), the recon-
structed signs achieve mean position errors of 24.79/5.64mm
on body/hand joints, comparable to the performance of the
sign tokenizer [2].

In the pretraining stage, we use the combined training sets
of all three datasets to maximize data utilization. Although
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TABLE VII
ABLATION STUDY FOR UNMASKING WITH TEMPORAL CHECKPOINTS.

Checkpoint DTW-JPE↓ SiBLEU↑ SiCLIP↑
(distribution, noise level) Body Hands Body Hands R@1

N/A 6.61 9.05 3.87 3.11 32.81
Uniform, t = 0.75 6.33 8.73 4.15 3.52 34.09
Uniform, t = 0.5 6.18 8.23 4.63 3.94 36.73
Uniform, t = 0.75/0.5 5.99 7.96 4.87 4.08 38.61
Uniform, t = 0.875/0.75/0.5 6.07 8.14 4.92 3.97 38.04
Contiguous, t = 0.75/0.5 6.28 8.44 4.31 3.80 34.85

Fig. 10. Visualization of training loss (left) and validation performance
(average of SiBLEU-Body and SiBLEU-Hands, right).

these datasets come from different languages, pretraining on
multilingual data has been shown to improve performance in
sign language recognition and translation [35], [84]. As shown
in Tab. VI, we study the effect of different pretraining data
sources on downstream SLG performance on CSL-Daily. The
results show that pretraining on the same data source leads to
significant performance gains, while further incorporating data
from other languages continues to improve performance. This
also suggests the scalability of our model.

4) Unmasking with Temporal Checkpoints (UTC): To ac-
celerate model convergence, we propose a novel unmasking
strategy with temporal checkpoints, which substantially re-
duces the complexity of unmasking orders in a coarse-to-fine
manner. As shown in Tab. VII, inserting checkpoints composed
of uniformly distributed tokens at either t = 0.75 (T/4
temporal resolution) or t = 0.5 (T/2 temporal resolution)
yields superior performance over the no-checkpoint setting.
Inserting checkpoints at both t = 0.75 and t = 0.5 achieves
the best performance. Adding an additional checkpoint at
t = 0.875 (T/8 temporal resolution) yields comparable results
but provides no clear performance gain.

We further construct a baseline that retains only the first 1/4
or 1/2 contiguous tokens at the pivot states. While this design
also reduces the order complexity, it does not explicitly model
the coarse-to-fine prior. Although this baseline outperforms
the no-checkpoint setting, the best performance is achieved
when both checkpoints are applied with uniformly distributed
tokens, indicating the benefits of both the reduced complexity
and the coarse-to-fine design. Finally, we visualize the train-
ing loss (Ltok) and validation performance in Fig. 10. The
curves demonstrate that our UTC leads to faster convergence,
which is reflected by lower training loss and higher validation
performance at the same epoch.

TABLE VIII
ABLATION STUDY FOR THE MIXTURE-OF-PARTS EMBEDDING LAYER.

Condition Fusion Strategy DTW-JPE↓ SiBLEU↑ SiCLIP↑
Body Hands Body Hands R@1

N/A Average [2] 6.35 8.50 4.06 3.42 35.95

Codebook

Average 6.19 8.25 4.45 3.73 36.98
MLP 6.22 8.29 4.19 3.86 37.02
Transformer 6.17 8.13 4.33 3.62 36.49
Sparse MoE (Top-1) 6.48 8.74 3.76 3.27 35.65
Sparse MoE (Top-2) 6.29 8.41 3.91 3.50 36.87
Dense MoE (ours) 5.99 7.96 4.87 4.08 38.61

Fig. 11. Visualization of the learned gating weights G.

5) Mixture-of-Parts (MoP) Embedding Layer: Our MoP
sign embedding layer dynamically fuses token embeddings
from different body parts via a learnable gate. As shown
in Tab. VIII, MoP significantly outperforms the prior design
that simply averages randomly initialized part-wise token
embeddings [2]. When conditioned on well-trained codebooks,
we evaluate three standard fusion strategies: 1) averaging,
2) an MLP applied to the concatenation of part-wise code
embeddings, and 3) a two-layer Transformer equipped with a
|CLS| token. Results show that all conditioned fusion strate-
gies outperform the non-conditioned baseline [2], validating
the effectiveness of codebook conditioning.

Our MoP is built upon a dense mixture-of-experts (MoE)
formulation [119], where all experts, corresponding to dif-
ferent body parts, are activated for each input and their
contributions are adaptively weighted by the gating network.
As reported in Tab. VIII, we further compare the dense
formulation with sparse MoE variants that retain only the
experts associated with the top-1 or top-2 gate activations.
Although these sparse variants reduce the number of active
experts, they consistently yield inferior performance to the
default dense setting. This suggests that discarding experts
with lower gate weights may remove useful co-occurrence
cues, whereas dense fusion provides a more comprehensive
representation of part-wise sign information.

To further analyze the learned gating behavior, we visualize
MoP gate weights for four example signs in Fig. 11. For
single-handed signs (left two examples), the MoP layer assigns
higher weights to the active hand, indicating that it effectively
captures hand dominance. In contrast, for two-handed signs,
the layer learns comparable weights for both hands, reflecting
balanced contributions during generation. Quantitatively, we
identify the signing hand using a simple rule based on wrist
position relative to the spine-01 joint [91], and accordingly
classify signs as single- or two-handed. Tab. IX reports the
correlation between hand dominance and MoP gate weights
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TABLE IX
DISTRIBUTION OF GATE WEIGHTS ACROSS DIFFERENT SIGN CATEGORIES.

Part
Category Left-Handed Right-Handed Two-Handed

Body 0.41 0.47 0.32
Left Hand 0.47 0.08 0.31
Right Hand 0.12 0.45 0.37

TABLE X
SENSITIVITY ANALYSIS FOR THE LOSS WEIGHT (α).

Weight (α) DTW-JPE↓ SiBLEU↑ SiCLIP↑
Body Hands Body Hands R@1

0.0 6.13 8.04 4.39 3.64 36.99
0.2 6.05 7.98 4.81 4.15 38.07
0.5 5.99 7.96 4.87 4.08 38.61
0.7 6.02 8.01 4.65 3.99 37.90
1.0 6.03 7.97 4.43 3.83 37.23

(body/left hand/right hand), indicating that the learned gates
align with interpretable physical structure.

6) Choice of Loss Weight: Following [39], we retain the
pretraining objectives during the fine-tuning stage and intro-
duce a hyperparameter, α, to weight Llat and Lphy (Eq. (10)).
The sensitivity of model performance to α is shown in Tab. X.
Based on these results, we set α = 0.5, which achieves the
best performance among all the values.

7) SiCLIP: To better evaluate the semantic alignment be-
tween texts and generated signs, we follow established prac-
tices in related fields [99], [100] and train a CLIP model
on ground-truth sign motions and their corresponding texts,
referred to as SiCLIP. We assess the quality of the learned
joint embedding space using the sign-to-text retrieval task,
where higher retrieval accuracy indicates stronger semantic
alignment. As shown in Tab. XI, using only a standard
contrastive loss [106] results in relatively low retrieval per-
formance. Introducing decoupled sign encoders [2], which
model different body parts separately, yields noticeable im-
provements. Most of the gains come from the fine-grained
contrastive loss [108], which implicitly learns more precise
word-level alignments between sign motions and texts. The
final retrieval performance is comparable to that of a leading
motion retrieval model [105], validating both the quality of
the learned embedding space and the reliability of SiCLIP as
an SLG evaluator.

V. DISCUSSION

A. Broader Impacts

Sign language is the primary communication method for
Deaf and Hard-of-Hearing (DHH) communities. However,
DHH individuals are often encouraged to communicate with
hearing people through text rather than their preferred sign
language [6]. SLG research therefore has great potential to
improve sign language accessibility and foster a more inclusive
society. Our proposed MaDiS advances the state of the art in
SLG in both generation quality and inference speed, laying the

TABLE XI
ABLATION STUDY FOR THE SICLIP.

Method CSL-Daily↑ Phoenix↑ How2Sign↑
R@1 R@5 R@1 R@5 R@1 R@5

Baseline (CLIP) [106] 41.07 81.97 58.41 88.01 9.27 28.47
+ Decoupled encoders 45.07 85.88 61.84 90.03 12.13 38.48
+ Fine-grained loss 59.10 95.66 68.85 95.64 41.33 88.43

groundwork for practical, real-time communication systems
between DHH and hearing individuals.

B. Limitations and Future Work

In this work, we focus on a relatively small diffusion
language model with 0.6B parameters. The performance is
expected to improve further with larger model sizes and larger-
scale datasets. We leave this direction for future work, subject
to the availability of additional computational resources. In
addition, since the adopted tokenizer [2] operates solely on
motions, intra-sign variance may be introduced; that is, varied
motions of the same sign may be mapped to different tokens.
This factor may lead to lower SiBLEU scores and an underesti-
mation of model performance. Therefore, in this study, we use
SiBLEU in token space together with other metrics, such as
DTW-JPE in physical space, to provide a more comprehensive
evaluation. Future work should explore more robust tokenizers
with reduced sensitivity to intra-sign variation. Finally, while
we have demonstrated the generalizability of our method
across three sign languages, there are over 200 distinct sign
languages worldwide. In future work, we will investigate
the performance of our method on a broader range of sign
languages.

VI. CONCLUSION

We present MaDiS, a novel SLG approach built upon
MDLMs that enable bidirectional context modeling and effi-
cient generation. To effectively inject sign language knowledge
into MDLMs, we design a tri-level cross-modal pretraining
framework that jointly learns from token, latent, and 3D
physical spaces. To improve training efficiency of MDLMs, we
simplify unmasking orders by proposing a novel unmasking
strategy with temporal checkpoints. Moreover, a mixture-of-
parts sign embedding layer is introduced to enhance part-
wise token integration through gated, codebook-conditioned
fusion. Experiments on standard SLG benchmarks demonstrate
that MaDiS achieves SOTA performance, while improving
inference throughput by 40%.
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