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Abstract. Sign language generation (SLG), also known as text-to-sign
generation, aims to bridge the communication gap between signers and
non-signers. Unlike many other generative tasks, SLG must satisfy two
fundamental linguistic constraints. First, sign language expresses mean-
ing through a sequence of gestures aligned with word-like units called
glosses, and therefore requires correct lexical ordering to preserve in-
tended meaning. Second, each gesture should faithfully reflect the in-
tended gloss (semantic accuracy). Despite recent progress, existing SLG
methods frequently produce signs with incorrect lexical order and low
semantic accuracy. A common limitation of prior approaches stems from
globally fused conditioning strategies, which weaken temporal ground-
ing, the temporal correspondence between glosses and their realized sign
segments. This often leads to incorrect lexical order and semantically
ambiguous signs. To address this limitation, we propose SIGNER, a
SIGN language generation framework with timE-Resolved conditioning
to ensure temporal grounding, leveraging a temporal-gloss condition and
local temporal fusion (LTF). SIGNER constructs a temporal-gloss con-
dition by estimating a gloss sequence and its durations from input text,
and assigning gloss semantics across the temporal dimension. We then
introduce LTF, a temporally grounded fusion module that integrates
the temporal-gloss condition within a constrained temporal window dur-
ing denoising. By enforcing temporal locality in condition fusion, LTF
preserves temporal grounding, leading to correct lexical ordering and
clearer per-gloss semantics. Experiments on Phoenix-2014T and CSL-
Daily demonstrate state-of-the-art performance, further supported by
motion-smoothness analysis. The project page is available here.
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Fig. 1: Qualitative comparison. We compare the generated signs from our
SIGNER and prior methods, MoMask [11] and NAT-EA [14], all trained on CSL-
Daily. We represent the glosses with colors, and the sign segments corresponding to
each gloss are painted in the same color. Human-interpreted glosses of generated signs
are denoted in brackets below the signs. While the signs generated by the prior meth-
ods exhibit incorrect lexical order and include inaccurate signs, our SIGNER produces
accurate signs in the correct order.

1 Introduction

Sign language is a primary communication medium for millions of deaf and
hard-of-hearing (DHH) individuals worldwide. However, communication between
signers and non-signers often depends on expert interpreters. Text-to-sign lan-
guage generation (SLG) [3, 41, 46, 47] is a key step toward lowering this barrier,
enabling applications such as automated subtitles and virtual assistants.

Unlike many other generative tasks such as text-to-image [32], SLG must
satisfy strict linguistic constraints. Sign language expresses meaning through a
sequence of gestures aligned with word-like linguistic units called glosses. Each
gloss corresponds to a sign segment, and these segments must appear in the
correct lexical order to preserve the intended meaning [8,27]. In addition to lex-
ical order, semantic accuracy—how faithfully each gesture reflects the intended
gloss—is equally crucial for preserving clarity in sign language communication.
These linguistic properties imply that SLG requires explicit temporal grounding,
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Fig. 2: Temporally grounded sign language generation. Previous SLG ap-
proaches often rely on global fusion (e.g., cross-attention), which integrates text/gloss
features over the entire sequence (left/middle), without ensuring temporal ground-
ing (i.e., temporal gloss-sign correspondence). In contrast, our method realizes time-
resolved conditioning by combining temporal-gloss condition with local temporal fusion
(LTF) to preserve temporal grounding (right).

namely temporal correspondence between gloss semantics and their realized sign
segments (illustrated in Figure 1 by color correspondence).

Despite recent advances, existing SLG methods frequently fail to generate
semantically accurate signs in correct lexical order, as illustrated in Figure 1.
A common limitation among prior works is the use of global fusion [11, 32, 36,
46], where conditioning signals are shared across the entire sequence (Figure 2,
left). Such global fusion provides no explicit indication of which gloss should
be presented at a particular timestep, often resulting in incorrect lexical order
and semantically ambiguous signs. Some works incorporate gloss sequences to
better reflect lexical structure [14,39] (Figure 2, middle). However, even in these
methods, gloss-based conditions are still globally fused, which limits explicit
preservation of temporal grounding and leaves the limitation of global fusion
only partially addressed (Figure 1, last row).

To address these limitations, we propose SIGNER, a SIGN language gener-
ation framework with timE-Resolved conditioning (Figure 2, right). In contrast
to prior methods based on global fusion, which share conditioning signals across
the entire sequence, SIGNER preserves the temporal correspondence between
glosses and their realized sign segments (i.e., temporal grounding). By explic-
itly maintaining temporal grounding during generation, SIGNER prevents gloss
information from being mixed across time, which often causes incorrect lexical
order and semantically ambiguous signs.

SIGNER implements time-resolved conditioning by combining a temporal-
gloss condition with local temporal fusion (LTF). We construct the temporal-
gloss condition by deriving a gloss sequence from the input text, estimating gloss
durations, and repeating each gloss embedding for its estimated duration to form
a time-resolved sequence. Our key contribution is LTF, which integrates this
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condition into diffusion denoising within a local temporal window. In contrast
to global fusion that integrates the condition globally across time and weakens
time-specific guidance, LTF preserves temporal grounding by applying the con-
dition locally, which enforces the correct lexical order. Moreover, this locality
constraint prevents semantic overmixing across adjacent segments, improving
semantic accuracy.

We evaluate SIGNER on Phoenix-2014T [4] and CSL-Daily [45], where it
substantially outperforms prior SLG methods on back-translation-based met-
rics. Beyond automatic evaluation, we additionally conduct a motion-smoothness
analysis (e.g., peak jerk statistics) to validate overall motion quality. Our con-
tributions are summarized as follows.

– We propose SIGNER, a sign language generation framework via time-
resolved conditioning to enforce lexical order of generated signs.

– We introduce local temporal fusion (LTF), which integrates the temporal-
gloss condition locally during denoising to ensure the temporal grounding.

– LTF also enhances semantic accuracy by mitigating overmixing of gloss se-
mantics across time.

2 Related works

Sign language generation (SLG). SLG synthesizes sign gesture sequences
from spoken-language text, enabling machine-mediated communication for deaf
and hard-of-hearing individuals [3,16,33,34,41,42,46,47]. Recent methods span
diverse generation paradigms, including diffusion-based generation [3], autore-
gressive token generation [41,46], and retrieval-and-concatenation pipelines [47].
Despite progress, two limitations remain central: generating signs in correct lex-
ical order and maintaining semantic accuracy at the segment level. A common
cause is global fusion, where text or gloss features are shared across the entire
sequence, weakening temporal grounding and leading to cross-time confusion of
lexical cues and temporally mixed semantics. Several works incorporate gloss
features [39] or temporal-gloss conditions [14] to better reflect lexical structure.
However, such conditions are still globally fused into generation process via cross-
attention, leaving these limitations not fully resolved. Retrieval-based pipelines
such as Spoken2Sign [47] can enforce lexical order by sequentially connecting re-
trieved sign segments, but they often yield unnatural transitions due to limited
modeling of temporal dependencies across segment boundaries. In contrast, our
approach explicitly enforces temporal grounding through time-resolved condi-
tioning, combining a temporal-gloss condition with LTF. This directly addresses
the limitations of previous approaches using global fusion, improving lexical or-
der and semantic accuracy.
Human motion generation. Human motion generation aims to synthesize
temporally coherent body movements from text descriptions [1,6,11,12,17–20,30,
31, 35, 36, 38, 43, 44]. ACTOR [30] learns action-conditioned motion embeddings
with a Transformer VAE. MDM [36] applies diffusion in motion space for text-
to-motion generation. MotionGPT [17] models motion as discrete tokens for
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Fig. 3: Overview. Our method aims to model temporal correspondence between the
glosses and their associated sign segments (temporal grounding). We first learn a mo-
tion latent space using PVQ-VAE (top-left). Next, we construct temporal-gloss con-
dition from the input text (bottom-left), providing time-resolved conditioning signals.
Finally, SIGNER generates sign language sequences by integrating temporal-gloss con-
ditions within localized temporal windows via local temporal fusion (LTF), enabling
accurate temporal grounding.

unified pretraining. MoMask [11] uses masked modeling over a hierarchical VQ
representation. While these methods can be adapted to SLG, sign language
imposes additional linguistic constraints such as lexical order and gloss-level
semantic specificity. Our temporally-localized conditioning is designed to better
respect these constraints during generation.

3 Preliminary

Motion Representation. We utilize the human motion representation defined
on 43 joints of upper-body and hands, consisting of 3D joint position, 6D rotation
and 3D velocity. We also leverage facial expression parameters and jaw poses.
Therefore, our pose representation consists of 43 × (3 + 6 + 3) + 10 + 3 = 529
dimensions.
VQ-VAE. VQ-VAE [37,43] comprises an encoder E, a decoder G, and a code-
book Z = {zk ∈ Rd}Kk=1, where K is the number of codebook entries and d is the
dimensionality of each code vector. Given an input motion X ∈ RL×D, where L
and D denote the sequence length and feature dimension, respectively, the en-
coder maps it to a latent representation Ze = E(X) ∈ RL′×d. The length of the
latent sequence is defined as L′ = ⌊L/r⌋, where r denotes the temporal reduc-
tion rate of the encoder E. We denote the encoder outputs and quantized latent
representation as Ze and Zq, respectively. Each latent vector Ze

i at temporal
step i is quantized to the nearest code zk:

Zq
i = zk, where k = argmin

k′
∥Ze

i − zk′∥2. (1)
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The decoder reconstructs the motion from the quantized latent codes X̂ =
G(Zq). The VQ-VAE is trained to minimize the following loss function:

LVQ = ∥X− X̂∥22 + ∥sg(Ze)− Zq∥22 + β∥Ze − sg(Zq)∥22, (2)

where sg(·) is the stop-gradient operation, and β is a loss weight.
Discrete diffusion. Discrete diffusion [10] operates over discrete tokens, a finite
set of codebook indices, obtained from a pre-trained VQ-VAE. Unlike continu-
ous diffusion models [13], which add Gaussian noise to real-valued inputs, this
approach defines a Markov diffusion process over discrete tokens.

Let k0 ∈ {1, . . . ,K}L′
denote the original sequence of discrete tokens from the

codebook. The forward diffusion process gradually corrupts k0 over T timesteps
by randomly replacing tokens, defined by a transition matrix Qt:

q(kt | kt−1) = v⊤(kt)Qtv(kt−1), (3)

where v(·) denotes the one-hot representation of a discrete token, and Qt ∈
RK×K is a stochastic matrix with rows summing to 1. The transition matrix is
constructed using hyperparameters αt, βt, and γt, which control the probabilities
of token retention, replacement with random tokens, and masking, respectively.
At the final timestep T , all tokens are fully masked, and the masked sequence
serves as the starting point for the reverse denoising process, analogous to sam-
pling from a standard Gaussian distribution in continuous DDPM frameworks.

The goal of the reverse process is to recover k0 from a noisy kt. This is done
by estimating the reverse transition:

pθ(kt−1 | kt,y) =
∑
k̃0

q(kt−1 | kt, k̃0) pθ(k̃0 | kt,y), (4)

where k̃0 is the predicted denoised discrete token sequence, and y is a condi-
tional input (e.g., text prompt). The denoiser model, which can be designed for
the specific purpose such as sign language generation, predicts the initial state
pθ(k̃0 | kt,y). Denoiser is trained to estimate the posterior transition distribu-
tion q(kt−1 | kt,k0) with the variational lower bound [10].

4 SIGNER

In this section, we describe SIGNER, which implements time-resolved condi-
tioning by using temporal-gloss condition and local temporal fusion (LTF) (Fig-
ure 3). We first introduce part-aware motion latents learned by PVQ-VAE, then
construct the temporal-gloss condition, and finally describe time-resolved con-
ditioning with LTF.

4.1 Motion latent space learning

As illustrated in Figure 3, we learn the motion latent space using PVQ-VAE to
enhance the expressiveness of hand and face, inspired by prior works [5,25,39,46].
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leading to a better quality of generated sign language.
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Following the notations in previous section, each input motion sequence X is
decomposed into Xbody, Xlhand,Xrhand, and Xface. We denote the input motion
sequence of each part by Xpart, where part ∈ {body, lhand, rhand, face}.

The input motion sequence of each part Xpart is processed by a dedicated 1D
convolutional encoder Epart and decoder Gpart, with a corresponding codebook
of each part Zpart = {zpart

k ∈ Rd}Kk=1. Each input Xpart is encoded as Ze,part =
Epart(Xpart), then quantized using the codebook into Zq,part. The quantized
feature is decoded as X̂part = Gpart(Zq,part). Here, Ze,part and Zq,part denote the
encoder output and the quantized latent of each part, respectively. The training
objective minimizes the loss across all parts, L = Lbody+Llhand+Lrhand+Lface,
with each term defined in Equation 2.

4.2 Temporal-gloss condition

As illustrated in Figure 3 (bottom left), we first convert the input text into a
gloss sequence g = {gj}j using an off-the-shelf text-to-gloss model used in [47].
For each gloss gj , we extract an embedding cj ∈ RDcond using a pre-trained
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mBART [23]. A learned duration estimator (MLP) predicts token-level dura-
tions lj from cj , and we define the generation length as Lg =

∑
j lj . We then

construct an intermediate sequence S̄ ∈ RLg×Dcond by repeating each cj for lj
steps and concatenating them in order. Finally, we project S̄ to the denoiser
feature dimension to obtain S = Φ(S̄) ∈ RLg×Dfeat . During training and infer-
ence, we use token sequences of length Lg for both the motion tokens and the
temporal-gloss condition.

4.3 Time-resolved conditioning with LTF

In this section, we describe the temporally grounded sign language generation
process with local temporal fusion (LTF). First, we describe the overall archi-
tecture. Then we introduce inter-part attention (IPA) to enable coordinated
movements across articulators, which is critical when separately encoding each
body part with PVQ-VAE. We also present LTF to promote temporal localiza-
tion during condition fusion.
Architecture. Figure 4a visualizes the architecture of the proposed denoiser.
Each body part—body, left hand, right hand, and face—is forwarded indepen-
dently without inter-part interaction, except within the IPA module. To be spe-
cific, for each part, we first represent discrete tokens kpart ∈ {1, . . . ,K}Lg as
a vector of codebook indices. The discrete tokens are formed into embedded
tokens Xpart

embed ∈ RLg×Dfeat . Dfeat denotes the channel dimension of the fea-
ture, and is maintained throughout the denoiser forward pass. Then, we inte-
grate the diffusion timestep t into the embedded tokens Xpart

embed using adaptive
layer normalization (AdaLN) [15], resulting in Xpart

time. This is passed through
a self-attention (SA) layer followed by a residual connection, yielding Xpart

SA =

SA(Xpart
time) +Xpart

embed. Next, Xpart
SA is processed by the inter-part attention (IPA)

module with a residual connection, producing Xpart
IPA = IPA(Xpart

SA ) +Xpart
SA . Fi-

nally, the features are fused with the temporal-gloss condition S in LTF, resulting
in the output Xpart

LTF.
Inter-part attention (IPA). Figure 4b illustrates the architecture of our pro-
posed IPA module. It is designed to enhance the denoising process by enabling
coordinated movements across articulators through inter-part feature integra-
tion. Each of body features (body, hands, face) is first normalized with Layer-
Norm [2] and then used as a query in cross-attention with other body parts.
Specifically, the body features attend to a concatenation of the face and hand
features, while each hand and face attends to the body features. The model cap-
tures dependencies between body parts through this cross-attention mechanism,
producing refined features for the body and both hands.
Local temporal fusion (LTF). Figure 5a shows LTF for temporal grounding,
which integrates the temporal-gloss condition within a local temporal window.
LTF anchors the gloss semantics to their corresponding token index from the
temporal-gloss condition, and aggregates nearby context to produce smooth and
natural transitions.

Given a temporal-gloss condition S ∈ RLg×Dfeat , two MLPs produce per-
token scale and shift, u, v ∈ RLg×Dfeat . We modulate the denoiser features with
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adaptive normalization and then apply a temporal 1D convolution:

Xpart
LTF = Conv1D

(
LN(Xpart

IPA )⊙ (1 + u) + v
)
,

where the convolution aggregates local temporal context within a fixed win-
dow. Through this design, AdaLN ensures that each gloss condition is aligned
to its corresponding token index, while the 1D convolution allows the model
to consider local context for coherent generation. In contrast to global fusion
(e.g., cross-attention over all gloss tokens), LTF confines conditioning to local
neighborhoods, improving temporal grounding and transition coherence.
Training objective. We follow the standard discrete diffusion objective in VQ-
diffusion [10]. Given a clean token sequence k0 and its noised version kt at
diffusion step t, the denoiser predicts the posterior over the original tokens con-
ditioned on the temporal-gloss condition pθ(k0 | kt, t, S). We train the model by
minimizing the negative log-likelihood of the ground-truth tokens:

Ldiff = Et,k0,kt

[
− log pθ(k0 | kt, t, S)

]
,

where t is sampled uniformly and kt is obtained by the forward noising process.

5 Experiment

5.1 Protocols

Datasets. We use two large-scale sign language datasets: CSL-Daily [45] and
PHOENIX-2014T [4], which contain approximately 20K and 8K samples, respec-
tively, in Chinese and German sign languages. Our models are trained with a
maximum motion length of 180 frames [36,43], and all evaluations are conducted
on the test set.
Implementation details. We implement our framework using PyTorch [29].
Input text is converted into gloss sequences via an off-the-shelf model used in [47],
and encoded into temporal-gloss condition with mBART [23] embeddings. We
adopt the same hyperparameters for PVQ-VAE as used in T2M-GPT [43]. Our
discrete diffusion model follows the configuration of VQ-Diffusion [10], except
that we use 50 timesteps. The denoiser consists of 14 layers with an inner di-
mension of 512 and 16 attention heads. LTF is implemented with 1D convolu-
tional network of stride 1 and kernel size 3. Gloss duration estimator consists of
2 MLP layers with 512 dimensions. We train the models using AdamW [24] with
a learning rate of 1 × 10−4 and weight decay of 4.5 × 10−2. PVQ-VAE and the
denoiser are both trained for 30K iterations, with a mini-batch size of 56 on a
single NVIDIA RTX 4090 GPU.
Evaluation metrics. Following prior work [3, 46, 47], we evaluate generated
signs using metrics for motion accuracy and linguistic fidelity. For motion-level
evaluation, we use dynamic time warping with joint position error (DTW-JPE) [26],
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Condition fusion
DTW-JPE↓ Back translation

Body Hand All WER↓ BLEU-4↑ ROUGE↑

Cross Attention 0.251 1.258 0.832 84.90 5.81 24.87
AdaLN + FC 0.249 1.217 0.807 72.52 7.85 27.90

AdaLN + 1D Conv (LTF, Ours) 0.242 1.189 0.788 55.05 15.60 39.52

Table 1: Effectiveness of LTF. We validate the contribution of LTF by comparing
different condition fusion methods. Our method appears in the last row.

Attention DTW-JPE↓ Back translation
B→H H→B B→F Body Hand All WER↓ BLEU-4↑ ROUGE↑

✗ ✗ ✗ 0.248 1.197 0.796 61.31 13.27 36.42
✓ ✗ ✗ 0.247 1.195 0.794 57.01 13.76 37.74
✗ ✓ ✗ 0.240 1.190 0.788 58.74 14.52 38.13
✗ ✗ ✓ 0.242 1.191 0.790 58.96 13.66 37.38
✓ ✗ ✓ 0.243 1.194 0.792 55.31 15.06 38.95
✗ ✓ ✓ 0.248 1.206 0.801 57.77 13.41 37.62
✓ ✓ ✗ 0.247 1.189 0.790 57.34 13.59 37.67
✓ ✓ ✓ 0.242 1.189 0.788 55.05 15.60 39.52

Table 2: Effectiveness of IPA. We validate the contribution of IPA by testing
various combinations of attention flows: Body→Hands (B→H), Hands→Body (H→B),
and Body→Face (B→F). Our method appears in the last row.

which measures distances between temporally aligned joint trajectories of gen-
erated and reference motions. For linguistic fidelity, we adopt a back-translation
pipeline [7]: we report word error rate (WER) [22] for sign-to-gloss, and BLEU-
4 [28] and ROUGE [21] for sign-to-text.

Since our method uses a new motion representation including face, evalu-
ating our method with prior evaluators that use skeleton-only inputs can be
confounded (limiting evaluation of facial expression). Therefore, for fair compar-
ison, we re-evaluate all methods under a unified setup: we train all models to
use the same motion representation (including face as part of the input/output
feature), and evaluate them with a single back-translation model trained on the
same representation. Details of the unified evaluator are provided in the sup-
plementary material; for transparency, we additionally report cross-evaluator
results using the prior evaluator in the supplementary material.

5.2 Ablation Study

Local temporal fusion (LTF). Table 1 shows that time-resolved conditioning
with LTF yields substantial performance gains. Global fusion via cross-attention
(row 1) yields limited generation performance, as it allows each motion timestep
to aggregate information from all gloss tokens, which can blur temporal ground-
ing. In contrast, our LTF (row 3) restricts conditioning to a local temporal
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Text-to-gloss
method

DTW-JPE↓ Back translation
Body Hand All WER↓ Bleu-4↑ ROUGE↑

GT gloss 0.234 1.145 0.768 54.70 15.69 40.33
mT5 finetuned 0.237 1.151 0.764 58.70 14.87 38.92
M2M finetuned 0.250 1.215 0.806 67.63 14.79 39.08

mBART finetuned 0.252 1.204 0.801 70.48 14.78 38.44
Ours (w.

off-the-shelf in [47]) 0.242 1.189 0.788 55.05 15.60 39.52

(a) Robustness to text-to-gloss models.

Duration variation
DTW-JPE↓ Back translation

Body Hand All WER↓ Bleu-4↑ ROUGE↑

GT (test set) duration 0.201 0.448 0.345 57.76 14.44 38.94
Estimated duration + 4 0.247 1.204 0.799 56.60 15.18 38.71
Estimated duration - 4 0.251 1.211 0.804 59.25 14.47 36.97
Estimated duration +

t ∼ U(−4, 4)
0.254 1.219 0.810 60.74 14.06 35.53

Estimated duration
(Ours) 0.242 1.189 0.788 55.05 15.60 39.52

(b) Robustness to gloss duration variation.

Table 3: Robustness of our system. We show the robustness of our method on the
choice of text-to-gloss models and the variation of gloss duration. Our method appears
in the last row.

Setting Method
CSL-Daily Phoenix-2014T

DTW-JPE↓ Back translation DTW-JPE↓ Back translation
Body Hand All WER↓ BLEU-4↑ ROUGE↑ Body Hand All WER↓ BLEU-4↑ ROUGE↑

Gloss
free

MotionGPT [17] 0.939 2.258 1.700 94.92 1.79 15.48 1.709 3.424 2.699 99.60 0.81 7.07
MDM [36] 0.351 1.754 1.161 95.54 2.78 16.29 0.855 2.819 1.988 99.83 0.97 7.40
NSA [3] 0.347 1.691 1.123 96.64 2.09 14.56 0.826 2.406 1.738 98.29 1.03 7.62

MoMask [11] 0.376 1.565 1.062 91.51 3.79 20.12 0.864 2.296 1.690 92.01 5.15 22.80
SOKE [46] 0.256 1.283 0.849 85.69 4.09 21.70 0.231 1.102 0.733 87.74 5.52 19.69

Gloss
based

G2P-DDM [39] 0.249 1.248 0.825 74.28 6.44 25.31 0.236 1.138 0.757 88.00 5.17 16.78
NAT-EA [14] 0.532 1.598 1.147 67.80 7.87 29.17 0.453 1.475 1.043 75.65 8.79 23.04

Ours 0.242 1.189 0.788 55.05 15.60 39.52 0.229 1.096 0.729 67.16 11.46 29.39

Table 4: Comparison to state-of-the-art methods. We report motion errors
and back-translation results under a unified evaluation setting on the CSL-Daily and
Phoenix-2014T datasets. Methods are grouped into gloss-free and gloss-based settings
for clearer comparison. Our SIGNER outperforms previous methods on both datasets.

window, and thereby preserves temporal grounding. This localized fusion leads
to accurate signs in the correct lexical order. Replacing the temporal convo-
lution with a fully connected layer (row 2) consistently degrades performance,
confirming that local temporal aggregation is critical for incorporating nearby
context and producing smooth transitions. Overall, these results indicate that
time-resolved conditioning in diffusion process effectively addresses the limita-
tions of global fusion used in prior methods.
Inter-part attention (IPA). Table 2 shows that IPA improves sign language
generation performance notably. As illustrated in Figure 4b, IPA integrates inter-
part dependencies through cross-attention flows between body and hands (B→H
and H→B) as well as body-to-face attention (B→F). Individually enabling B→H
or H→B attention (second and third rows) yields consistent gains over the base-
line without IPA (first row), highlighting the importance of coordinating body
and hand articulations. Incorporating B→F attention further improves perfor-
mance (fourth and fifth rows), indicating that facial cues provide complemen-
tary information beyond body–hand interactions. Notably, enabling all attention
flows (B→H, H→B, and B→F; last row) achieves the best overall results. Based
on these findings, we adopt this full IPA configuration as our final design.
Robustness on text-to-gloss and duration sampling. Table 3 evaluates the
robustness of our framework to variations in both the text-to-gloss model and
the predicted sign duration. The left block reports results using alternative text-
to-gloss models (fine-tuned mT5 [40], M2M [9], and mBART [23]). Performance
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Model Peak velocity (↓) Peak jerk (↓)

NSA [3] 0.75±0.20 1.75±0.59
MoMask [11] 0.44±0.13 0.63±0.31

Spoken2Sign [47] 0.88±1.11 1.70±2.14
NAT-EA [14] 0.43±0.10 0.69±0.31

Ours 0.38±0.10 0.35±0.12

Table 5: Peak jerk and peak veloc-
ity. We report peak velocity and peak
jerk which indicates the naturalness and
smoothness of generated motion. Results
are reported in normalized units.

Fig. 6: Jerk curves. We visualize
mean joint jerk over time for two
samples. Lower peak height indicates
smoother transitions.

remains strong across different text-to-gloss choices, indicating that SIGNER is
not overly sensitive to the specific text-to-gloss model.

The right block (Table 3 (b)) tests robustness to perturbations around the
estimated sign duration. We test robustness by perturbing the estimated du-
ration for each gloss by +4, -4, and a random offset sampled from U(−4, 4).
Across these settings, performance remains stable, suggesting that SIGNER is
not overly sensitive to moderate errors or noise in the predicted duration. Given
that the average gloss duration in CSL-Daily is 16 frames, these perturbations
correspond to approximately ±25% variation, supporting the temporal robust-
ness of our method.

5.3 Comparison to state-of-the-art methods

Table 4 demonstrates that our proposed SIGNER substantially outperforms pre-
vious methods on both Phoenix-2014T [4] and CSL-Daily [45].

A key takeaway is that how conditions are fused across time is critical. On
CSL-Daily (left block), SIGNER achieves state-of-the-art performance among all
prior methods. Compared to global-fusion approaches such as MoMask [11] and
SOKE [46], SIGNER outperforms by a large margin. Methods that incorporate
gloss-level cues, including G2P-DDM [39] and NAT-EA [14], generally outper-
form text-only baselines, yet SIGNER still yields substantially higher scores.
Notably, the performance gap between our SIGNER and NAT-EA [14], which
also leverages a temporal-gloss condition, suggests that using temporal-gloss in-
formation alone is insufficient to guarantee correct lexical ordering and semantic
accuracy. Rather, the conditioning mechanism must preserve temporal grounding
during generation. Similarly, on Phoenix-2014T (right block), SIGNER delivers
consistent improvements over existing methods across all evaluation metrics.
These gains across datasets further support that time-resolved conditioning by
LTF enhances sign generation quality by ensuring temporal grounding.
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GT

SIGNER 
(Ours)

MoMask

NAT-EA

Gloss
Input text “I love old black and white movies.”

Past Old Black White Movie LikeI

<Past> <Old> <Black> <White> <Movie> <I> <Like>

<Like>
<Like>

Wrong order <Movie> <I>Irrelevant signIrrelevant sign

Irrelevant sign <Old>
Wrong order & Incorrect sign

<White>
Wrong order

<I> <Like>

GT

SIGNER 
(Ours)

“I forgot to bring my passport and need to go to home to get it.”

MoMask

IGloss
Input text

Passport Forget Bring Go TakeHome

NAT-EA

<Passport>
Incorrect signIrrelevant sign <Take>

Wrong order
<Take>

<I> <Passport> <Forget> <Bring> <Go> <Home> <Take>

Irrelevant sign <Home>
Incorrect sign

Irrelevant sign<I> <Bring> <Go> <Home> <Take>

Fig. 7: Qualitative result. We present the qualitative comparison of our SIGNER
with GT, MoMask [11], and NAT-EA [14], all trained on CSL-Daily.

Motion smoothness and transition quality. We evaluate motion smooth-
ness and transition quality using peak velocity and peak jerk, where lower values
indicate smoother motions. As shown in Table 5, SIGNER achieves the lowest
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peak velocity and peak jerk among the compared methods. Figure 6 provides
qualitative evidence: our jerk curves exhibit lower peaks, whereas baselines show
pronounced peaks around transitions. We include Spoken2Sign [47] as a repre-
sentative retrieval-and-concatenation baseline to contextualize transition quality.
Qualitative result. Figure 7 shows that our SIGNER generates accurate sign
language in correct lexical order compared with MoMask [11] and NAT-EA [14].
Each gloss is represented by its own colors, and the corresponding sign segment is
shown in the same color. Human-interpreted glosses are denoted inside brackets.
Compared with our method, MoMask conditions the denoiser on a text feature
via global fusion, which does not preserve temporal grounding; as a result, it
often produces signs with incorrect lexical order and semantically mismatched
segments. NAT-EA leverages a temporal-gloss condition, but it still fuses the
condition globally, so temporal grounding is only partially preserved. As a re-
sult, NAT-EA still generates signs with incorrect lexical order and semantically
mismatched segments.

6 Conclusion

Summary. We presented SIGNER, a temporally grounded sign language gen-
eration framework that addresses two central limitations of prior SLG methods:
incorrect lexical ordering and low semantic accuracy. We identified globally fused
conditioning as a key cause, as it weakens temporal grounding—the temporal cor-
respondence between glosses and their realized sign segments—by mixing linguis-
tic cues across time. To preserve temporal grounding during generation, SIGNER
implements time-resolved conditioning with a temporal-gloss condition and local
temporal fusion (LTF), which injects gloss semantics within localized temporal
windows during diffusion denoising. Experiments on Phoenix-2014T and CSL-
Daily demonstrate that SIGNER achieves state-of-the-art performance under a
unified evaluation setup, showing that our proposed time-resolved conditioning
efficiently addresses the challenge of lexical ordering and semantic accuracy.
Limitation. While SIGNER demonstrates strong performance in sign language
generation, it relies on off-the-shelf text-to-gloss models. Despite this depen-
dency, Table 3(a) shows that SIGNER remains robust across different text-to-
gloss models. However, to train SIGNER with a new sign language dataset on a
different language system, a text-to-gloss model must still be trained to extract
the necessary gloss annotations. Future work could explore jointly optimizing
text-to-gloss and sign generation within a unified framework to alleviate this
dependency.
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