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Abstract

Gloss-free sign language translation (SLT)
aims to translate sign videos directly into
spoken-language sentences without relying on
costly gloss annotations. However, when super-
vision is available only at the sentence level, the
correspondence between visual dynamics and
linguistic content remains weak. We introduce
TransAlign-SLT, a lightweight fully gloss-free
framework that derives complementary tempo-
ral and semantic supervision from the avail-
able translations. Auxiliary TranslationCTC
provides coarse temporal regularization, while
Masked Entropic Optimal Transport (MOT)
aligns visual temporal features with contextual-
ized word-level representations from a frozen,
corpus-adapted BERT encoder. Since the se-
mantic branch is used only during training, the
inference pipeline remains lightweight and au-
toregressive. TransAlign-SLT achieves 23.54
BLEU-4/48.46 ROUGE-L on PHOENIX14T
and 16.39 BLEU-4 / 44.68 ROUGE-L on
CSL-Daily, with 45.6M inference parameters
and 123 GFLOPs. Ablation studies show that
temporal modeling, semantic alignment, and
decayed TranslationCTC supervision provide
complementary benefits. Overall, the results
show that useful visual-language structure can
be learned directly from translation supervision
without glosses, pseudo-glosses, or a large pre-
trained language decoder at inference.

1 Introduction

Sign languages express meaning through coordi-
nated hand movements, facial expressions, body
posture, and other non-manual cues. Sign Lan-
guage Translation (SLT) aims to translate contin-
uous sign videos into spoken-language sentences,
supporting communication between signed and spo-
ken languages.

Many existing SLT systems use gloss annota-
tions as an intermediate form of supervision (Cam-
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goz et al., 2018, 2020). Glosses provide use-
ful temporal and lexical structure, but producing
them requires linguistic expertise and substantial
annotation effort, which makes them difficult to
scale across languages and domains. This limita-
tion has encouraged growing interest in gloss-free
SLT, where models learn directly from paired sign
videos and sentence-level translations (Zhou et al.,
2023; Fu et al., 2023; Chen et al., 2025). In this
setting, however, the model must infer both tempo-
ral structure and visual-language correspondence
from the relatively weak supervision provided by
sentence-level translations.

Recent gloss-free methods address this difficulty
in several ways, including gloss-inspired atten-
tion (Yin et al., 2023), visual-language pretrain-
ing (Zhou et al., 2023; Jiao et al., 2024), cross-
modal contrastive learning (Fu et al., 2023; Chen
et al., 2025), and the use of large pretrained lan-
guage or multimodal models (Wong et al., 2024;
Gong et al., 2024; Chen et al., 2024; Kim et al.,
2025). While these approaches have improved
translation performance, they may involve addi-
tional pretraining stages, auxiliary recognition mod-
els, pseudo-label generation, or large language
components. This raises a natural question: can
useful temporal and semantic structure be learned
directly from raw video-translation pairs without
gloss supervision or a large pretrained language
decoder at inference?

To investigate this question, we introduce
TransAlign-SLT, a fully gloss-free framework
that combines complementary temporal and se-
mantic supervision. The visual stream couples
multi-scale temporal modeling with bidirectional
sequence refinement. During training, Transla-
tionCTC provides a coarse temporal-linguistic
prior, while Masked Entropic Optimal Transport
(MOT) encourages soft semantic correspondence
between visual temporal features and contextual-
ized word-level representations obtained from a
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frozen, corpus-adapted BERT encoder. To obtain
word-level representations, WordPiece subwords
belonging to the same lexical unit are pooled before
transport alignment. Translation is then generated
autoregressively using an attention-based GRU de-
coder, with optional post-hoc CTC rescoring at
inference.

We evaluate TransAlign-SLT on PHOENIX14T
and CSL-Daily and examine the contributions of
temporal modeling, semantic supervision, Transla-
tionCTC weighting, and decoding.

Our main contributions are:

* We introduce TransAlign-SLT, a fully gloss-
free SLT framework trained directly from sign
videos and spoken-language translations with-
out gloss or pseudo-gloss supervision.

* We combine TranslationCTC for coarse tem-
poral regularization with MOT-based seman-
tic alignment using corpus-adapted contex-
tualized word representations and subword-
aware pooling.

* We evaluate the framework on PHOENIX14T
and CSL-Daily and provide component-level
analyses of temporal modeling, semantic su-
pervision, TranslationCTC, and decoding,
while retaining an inference pipeline that does
not require a large pretrained language de-
coder.

The implementation is publicly available at
https://github.com/pallapumohankrishna/
TransAlign-SLT.

2 Related Work

2.1 Gloss-Supervised and Weakly Supervised
SLT

Early SLT systems often relied on gloss annotations
as an intermediate source of supervision (Camgoz
et al., 2018, 2020). Later work improved temporal,
multi-cue, and sequence modeling through stochas-
tic transformers, spatial-temporal representations,
cross-modal reranking, and stronger sequence ar-
chitectures (Voskou et al., 2021; Zhou et al., 2022;
Zhao et al., 2022; Chen et al., 2022a,b; Zhang et al.,
2023; Zhou et al., 2021). While these approaches
have been effective, many of them depend on gloss
annotations, which require substantial linguistic ex-
pertise and are difficult to scale across languages
and domains.

Weakly supervised methods aim to reduce this
dependence by introducing auxiliary alignment or
pseudo-label signals. TSPNet (Li et al., 2020) ex-
plored temporal-semantic correspondence, while
GASLT (Yin et al., 2023) introduced gloss attention
and transferred sentence-level similarity knowl-
edge from a pretrained natural language model.
ConSLT (Fu et al., 2023) introduced contextual
cross-modal contrastive learning, and VAP (Jiao
et al., 2024) employed visual alignment pretrain-
ing. Although these approaches reduce reliance on
manual gloss supervision, they may still involve
pseudo-glosses, pretrained recognition models, or
additional pretraining stages.

2.2 Fully Gloss-Free SLT

Fully gloss-free SLT learns directly from paired
sign videos and spoken-language translations with-
out using intermediate gloss supervision. GFSLT-
VLP (Zhou et al., 2023) introduced visual-language
pretraining, while C2RL (Chen et al., 2025) used
cross-modal contrastive representation learning
to improve semantic consistency between visual
and textual representations. More recent systems,
including FLa-LLM (Chen et al., 2024), Sign-
LLM (Gong et al., 2024), and MMSLT (Kim et al.,
2025), increasingly make use of large pretrained
language or multimodal models to strengthen trans-
lation generation.

TransAlign-SLT takes a different approach by
deriving complementary supervision directly from
the paired translation signal. TranslationCTC pro-
vides a coarse temporal prior, while masked opti-
mal transport supplies training-time semantic cor-
respondence with contextualized word representa-
tions. This design keeps the inference pipeline fully
gloss-free and avoids both pseudo-gloss generation
and the use of a large pretrained language decoder.

3 Methodology
3.1 Method Overview

Given a continuous sign video X = {z1,...,z7}
and its corresponding spoken-language translation
Y = {y1,...,yn}, fully gloss-free SLT learns a
mapping fp : X — Y without relying on interme-
diate gloss or pseudo-gloss supervision.

As shown in Figure 1, TransAlign-SLT combines
a visual-temporal encoding pipeline with comple-
mentary temporal and semantic training signals.
The encoding process is defined as

X $CNN F PHMTF Heonv PBILSTM H* (1)
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Figure 1: Overview of TransAlign-SLT during training and inference. ResNet18 features are processed by HMTF
and BiLSTM before autoregressive translation with a Bahdanau-attention GRU. During training, TranslationCTC
provides auxiliary temporal guidance, while frozen corpus-adapted BERT representations provide semantic super-
vision through MOT. BERT, MOT, distillation, teacher forcing, and training losses are excluded from the main
inference path. TranslationCTC scores may optionally be used for post-hoc beam rescoring.

where ¢cnn 1S an  ImageNet-pretrained
ResNet18 (He et al., 2016; Deng et al., 2009),
¢umTr denotes the Hierarchical Multi-scale Tem-
poral Fusion encoder adapted from GPGN (Guo
et al., 2024), and ¢pi.sT™ provides bidirectional
sequence refinement (Graves and Schmidhuber,
2005).

TranslationCTC encourages coarse temporal or-
ganization of the visual representations, while
Masked Entropic Optimal Transport (MOT) pro-
vides soft visual-text semantic correspondence. To-
gether, these signals improve representation learn-
ing from sentence-level translation supervision be-
fore an attention-based GRU generates the target
sentence autoregressively.

3.2 Hierarchical Multi-scale Temporal Fusion

HMTF adapts the Parallel Densely-Connected Tem-
poral Feature Extraction design of GPGN (Guo
et al., 2024) to the translation setting. We adopt
only the architectural design from GPGN and do
not initialize HMTF using GPGN checkpoints or
any gloss-supervised pretrained weights. Parallel
dilated temporal convolutions capture information
over multiple receptive fields, while cross-scale
residual connections and hierarchical fusion inte-
grate the resulting temporal representations. A de-
tailed view of the HMTF architecture is shown in
Figure 2.

Given frame-level features F and valid lengths L,

HMTF produces temporal representations, Transla-
tionCTC logits, and encoded sequence lengths:

(Hconv’ Zconv, e) — ¢HMTF (F, L) (2)

Here, Heonwv ¢ ]RfmaxXBth, and Zcow ¢

Rfmax X BXVete X

The fused temporal representations are then re-
fined by a stacked BiLSTM:

H**9 = ¢pirgTm (H®™, £), 3)

which introduces bidirectional sequence context
that complements the multi-scale convolutional
modeling performed by HMTE.

3.3 Auxiliary TranslationCTC Supervision

Without gloss supervision, there is no explicit in-
termediate correspondence between the visual se-
quence and linguistic units. We therefore apply
TranslationCTC, based on Connectionist Tempo-
ral Classification (CTC) (Graves et al., 2006), to
both the HMTF and BiLSTM representations as an
auxiliary temporal regularizer.

Let r € {conv,seq} denote the two branches,
and let Z; denote their logits produced by a shared
classifier. For sample b, the branch-specific objec-
tive is
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Figure 2: Hierarchical Multi-scale Temporal Fusion (HMTF). Parallel dilated convolutions capture multiple temporal
scales, cross-scale residual connections exchange information across branches, and hierarchical fusion produces the

final temporal representation.

B
1
re = 5 Z CTC(log softmax(Zy), @
b=1

ygtcv gba Nb) .

where y§'° is the target spoken-language token
sequence, {; is the valid visual sequence length,
and N, denotes the corresponding target sequence
length.

TranslationCTC uses the same translation vo-
cabulary as the decoder, excluding PAD, BOS,
and EOS tokens, with an additional CTC
blank class. We use PyTorch CTCLoss with
zero_infinity=True to handle invalid align-
ments.

During the early stages of training, the visual
representations are only weakly organized with
respect to the target language. As a result, fine-
grained visual-semantic correspondence is difficult
to learn directly from sentence-level supervision.
TranslationCTC is therefore assigned a relatively
strong initial weight, providing a coarse token-level
temporal-linguistic prior that helps organize the vi-
sual sequence.

This weight is smoothly reduced from 0.5 to
0.1 over the course of training. Reducing its influ-
ence relaxes the monotonic auxiliary constraint and
increases the relative contribution of MOT-based
semantic alignment and autoregressive translation
learning. This is important because sign-to-spoken-
language translation does not necessarily follow a
strictly monotonic frame-to-word correspondence.
TranslationCTC therefore acts primarily as an early

optimization prior rather than as the final alignment
mechanism.

We further transfer sequence-level information
from the BiLSTM branch to the convolutional
branch through knowledge distillation:

2 B fb
T ~ ~
Lo = — > > D, (B3 11 B55™)
valid b—1 t—1
(5

where 7 is the distillation temperature and
Nyalia = > Up is the total number of valid tempo-
ral positions. We set 7 = 8 in all experiments.

3.4 Masked Semantic Alignment with Frozen
BERT

TranslationCTC provides temporal guidance, but
it does not explicitly capture contextual sentence
semantics. To complement this signal, we use
Masked Entropic Optimal Transport (MOT) to
establish soft semantic correspondence between vi-
sual temporal features and contextualized textual
representations.

A language-specific BERT encoder (Devlin et al.,
2019) is first adapted using only the training-set
translations of the target corpus through masked
language modeling and is then frozen during SLT
training. Since WordPiece tokenization may di-
vide a single lexical unit into multiple subwords,
subwords associated with the same original word
are mean-pooled before alignment, yielding T}, =

T
{to,i};2-

Each visual sequence feature is projected into

the textual embedding space:

Qpi = thgs,i‘q + bp7 (6)
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and the corresponding visual-text transport cost is
defined using cosine distance:

b ~ A
C =1 a] by 7)

To prevent padded positions from contributing to
the alignment, uniform marginals are normalized
only over valid visual and textual positions:

v t
My, my
v ? vaj = t :
2k My ke 2ok my i,

The entropically regularized transport plan is
defined as

Mb,i = (®)

®) = i T,C®)) — (T
m =arg min [< , C) — eH( )},
)
with the semantic alignment objective
1 B
- _ ) c®)
Lyor =5 > (=.cV) . (10

b=1

We solve Eq. 9 using 50 log-space Sinkhorn it-
erations (Cuturi, 2013) with € = 0.1. In contrast
to TranslationCTC, MOT does not explicitly en-
force monotonic frame-to-word correspondence. It
therefore provides a complementary form of seman-
tic supervision. The frozen BERT/MOT branch is
used only during training.

3.5 Translation Decoder and CTC Rescoring

The target translation is generated autoregressively
using a single-layer GRU with Bahdanau additive
attention (Bahdanau et al., 2015; Camgoz et al.,
2018), conditioned on H**1. At decoding step wu,
the model predicts

P(yy | y<u, H*%) = softmax <W0[su; Cu; X

+ bo> .
(11)
where s,, is the GRU hidden state and c,, denotes
the Bahdanau attention context.
At inference, hypotheses are generated autore-
gressively using beam search and may optionally
be reranked with TranslationCTC scores:

Sﬁnal - (1 - Bctc)Sbeam + BctcSCTC- (12)

The autoregressive beam score is normalized
using a length penalty, while the TranslationCTC
score is normalized by the target hypothesis length
before interpolation. The CTC score is applied only

to completed hypotheses and does not participate in
autoregressive beam expansion. Thus, it does not
constrain the decoder’s generation path, although
its sequence score retains the monotonic alignment
assumption of CTC.

3.6 Overall Training Objective

The complete training objective is
conv

Liotal = )\ctc(e) ( cTC T E??%c) + 10 Lpist
+ 2 Lyvot + LTransCEs
(13)

where Acic(e) is the epoch-dependent Transla-
tionCTC coefficient, smoothly reduced from 0.5 to
0.1. TranslationCTC provides coarse temporal reg-
ularization, MOT contributes contextual semantic
alignment, and translation cross-entropy directly
optimizes the final autoregressive translation objec-
tive.

4 Experiments

4.1 Datasets and Evaluation

Datasets. We evaluate TransAlign-SLT on RWTH-
PHOENIX-Weather 2014T (PHOENIX14T) (Cam-
goz et al., 2018) and CSL-Daily (Zhou et al., 2021).
PHOENIX14T consists of 7,096 training, 519 de-
velopment, and 642 test video-translation pairs
collected from German weather broadcasts. Its
spoken-language vocabulary contains 2,887 words.
CSL-Daily contains 18,401 training, 1,077 develop-
ment, and 1,176 test examples covering daily-life
communication, with a spoken-language vocabu-
lary of 2,343 Chinese words. Although gloss anno-
tations are available for both datasets, TransAlign-
SLT uses only sign videos and spoken-language
translations during training and inference.
Metrics.

Following standard SLT evaluation protocols, we
report BLEU-1 through BLEU-4 (Papineni et al.,
2002) together with ROUGE-L (Lin, 2004). BLEU
scores are computed using NLTK’s corpus-level
BLEU implementation with smoothing method
3. ROUGE-L is computed as the mean sentence-
level F1 score based on the longest common sub-
sequence of token sequences. The translation text
is lowercased, and punctuation is removed before
dictionary encoding.

4.2 Implementation Details

We use a ResNetl8 backbone initialized with
ImageNet-pretrained weights from torchvision.
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Following TSN-style sampling (Wang et al., 2016),
50% of the frames are retained during training by
partitioning each video into uniformly spaced tem-
poral segments and randomly sampling one frame
from each segment. Each sampled frame is resized
to 256 x 256, randomly cropped to 224 x 224, and
horizontally flipped. During inference, we sample
the same number of frames at uniformly spaced
temporal positions and apply center cropping.

The semantic branch uses a language-specific
BERT encoder with a hidden dimension of 768.
The encoder is adapted using only the training-set
translations of the corresponding benchmark, with
MLM masking ratios of 0.5 for PHOENIX14T and
0.3 for CSL-Daily. After this adaptation, BERT
remains frozen throughout SLT training and is not
used during inference.

All models are trained for 60 epochs using Adam.
For PHOENIX14T, both the learning rate and
weight decay are set to 10~%. For CSL-Daily, the
learning rate is 5 x 10~ and the weight decay is
1076, The TranslationCTC coefficient is gradually
reduced from 0.5 to 0.1. MOT is computed using
50 log-space Sinkhorn iterations with € = 0.1. All
experiments were conducted on an NVIDIA RTX
A6000 GPU.

At inference, we use beam search with a beam
size of 10, followed by post-hoc TranslationCTC
reranking with B = 0.6. CTC scores are ap-
plied only to completed hypotheses and there-
fore do not affect autoregressive beam expansion.
The deployed model contains 45.6M parameters
and requires 123 GFLOPs for 64 RGB frames at
224 x 224. The frozen BERT/MOT branch is used
only during training.

4.3 Main Results

Tables 1 and 2 summarize performance on both the
development and test sets. All component-level
ablations are conducted on the PHOENIX14T de-
velopment split.

PHOENIX14T. TransAlign-SLT achieves 22.86
BLEU-4 / 47.63 ROUGE-L on the development
set and 23.54 BLEU-4 / 48.46 ROUGE-L on the
test set (Table 1). Among fully gloss-free systems,
it outperforms GFSLT-VLP, FLa-LLM, and Sign-
LLM in test BLEU-4, while STN-SLT, C2RL, and
MMSLT achieve higher scores. These results show
that competitive translation performance can be
obtained directly from video-translation pairs with-
out gloss or pseudo-gloss supervision and without

relying on a large pretrained language decoder at
inference.

CSL-Daily. On CSL-Daily, TransAlign-SLT ob-
tains 16.17 BLEU-4 / 44.13 ROUGE-L on the de-
velopment set and 16.39 BLEU-4 / 44.68 ROUGE-
L on the test set (Table 2). It again outperforms
GFSLT-VLP, FLa-LLM, and SignLLM in test
BLEU-4, while C2RL and MMSLT achieve higher
scores. These results show that TransAlign-SLT
remains competitive across two distinct SLT bench-
marks, while component-level ablations are con-
ducted on PHOENIX14T.

4.4 Qualitative Analysis

Table 3 presents representative examples of suc-
cessful semantic preservation together with re-
maining translation errors. In the first example,
TransAlign-SLT preserves most of the sentence-
level content while producing a slightly shorter
translation. In the second example, the model re-
tains the geographic and weather context but fails
to preserve the distinction between Schnee (snow)
and Schneeregen (sleet). The third example illus-
trates a fine-grained numerical error, where fiin-
ften (fifth) is replaced by zehnten (tenth). Taken
together, these examples suggest that the model
captures broad semantic content more reliably than
fine-grained lexical and numerical details.

5 Ablation and Analysis

We study the contribution of temporal modeling,
semantic supervision, TranslationCTC, decoding
strategy, and decoder choice on the PHOENIX14T
development set.

5.1 Temporal Modeling Components

We begin by examining the temporal modeling
components of TransAlign-SLT. Table 4 compares
the full HMTF + BiLSTM encoder with two con-
trolled architectural variants.

Replacing HMTF with a conventional temporal
convolution module while retaining the BiILSTM
lowers BLEU-4 from 22.86 to 18.18, correspond-
ing to a drop of 4.68 points. Keeping HMTF but
removing the BiLSTM reduces BLEU-4 to 20.14
and ROUGE-L to 43.77. These results indicate that
the two stages play complementary roles. HMTF
captures temporal patterns at multiple scales, while
the BiILSTM further refines these representations
using bidirectional sequence context.
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| Dev | Test

Method

| Bl B2 B3 B4 R | Bl B2 B3 B4 R

Gloss-supervised SLT
SLRT (Camgoz et al., 2020) 4726 3440 27.05 22.38 - 46.61 33.73 26.19 21.32 -
STMC-T (Zhou et al., 2022) 47.60 36.43 29.18 24.09 48.24| 4698 36.09 28.70 23.65 46.65
BN-TIN-Transf.+SignBT (Zhou et al., 2021) | 51.11 37.90 29.80 24.45 50.29| 50.80 37.75 29.72 24.32 49.54
MMTLB (Chen et al., 2022a) 5395 41.12 33.14 27.61 53.10| 53.97 41.75 33.84 2839 52.65
TS-SLT (Chen et al., 2022b) 5432 4199 34.15 28.66 54.08| 54.90 4243 34.46 2895 5348
SLTUNET (Zhang et al., 2023) - - - 27.87 52.23| 5292 41.76 33.99 28.47 52.11
Weakly Supervised Gloss-free SLT
TSPNet (Li et al., 2020) - - - - - 36.10 23.12 16.88 13.41 34.96
GASLT (Yin et al., 2023) - - - - - 39.07 26.74 21.86 15.74 39.86
ConSLT (Fu et al., 2023) - - - 21.11 47.74 - - - 21.59 47.69
Sign2GPT (Wong et al., 2024) - - - - - 49.54 3596 28.83 22.52 48.90
VAP (Jiao et al., 2024) 52.78 - - 26.62 51.47| 53.07 - - 26.16 51.28
Fully Gloss-free SLT

NSLT (Camgoz et al., 2018) 28.10 16.81 11.82 9.12 31.00| 27.10 15.61 10.82 835 29.70
NSLT+Bahdanau (Camgoz et al., 2018) 31.87 19.11 13.16 9.94 31.80| 32.24 19.03 12.83 9.58 31.80
NSLT+Luong (Camgoz et al., 2018) 31.58 1898 1322 10.00 32.60| 29.86 17.52 11.96 9.00 30.70
STN-SLT (Voskou et al., 2021) 49.12 36.29 28.34 23.23 - 48.61 3597 28.37 23.65 -
CSGCR (Zhao et al., 2022) 3585 2477 18.65 15.08 38.96| 36.71 2540 18.86 15.18 38.85
GFSLT-VLP (Zhou et al., 2023) 44.08 33.56 26.74 22.12 4372 4371 33.18 26.11 21.44 4249
FLa-LLM (Chen et al., 2024) - - - - - 46.29 35.33 28.03 23.09 45.27
SignLLM (Gong et al., 2024) 46.88 36.59 2991 25.25 47.23| 4521 3478 28.05 2340 4449
C?RL (Chen et al., 2025) - - - - - 52.81 40.20 32.20 26.75 50.96
MMSLT (Kim et al., 2025) 48.73 37.78 30.51 25.47 48.58| 48.92 38.12 30.79 25.73 47.97
TransAlign-SLT (Ours) | 48.13 36.04 28.55 22.86 47.63| 48.53 36.97 29.39 23.54 48.46

Table 1: Comparison with prior methods on PHOENIX14T. Methods are grouped by supervision setting. B1 to
B4 denote BLEU-1 to BLEU-4, and R denotes ROUGE-L. Best and second-best results within the fully gloss-free
setting are shown in bold and underlined, respectively.

Method | Dev | Test
| B1 B2 B3 B4 R | Bl B2 B3 B4 R
Gloss-supervised SLT
SLRT (Camgoz et al., 2020) 37.47 24.67 1686 11.88 37.96|37.38 24.36 16.55 11.79 36.74
BN-TIN-Transf.+SignBT (Zhou et al., 2021) 51.46 37.23 27.51 20.80 49.49|51.42 37.26 27.76 21.34 49.31
MMTLB (Chen et al., 2022a) 53.81 40.84 31.29 24.42 53.38|53.31 40.41 30.87 23.92 53.25
Twostream-SLT (Chen et al., 2022b) 55.21 4231 3271 25.76 55.10|55.44 42.59 32.87 25.79 55.72
SLTUNET (Zhang et al., 2023) - - — 2399 5358|5498 41.44 31.84 25.01 54.08
Weakly Supervised Gloss-free SLT
TSPNet* (Li et al., 2020) - - - - - 17.09 898 5.07 297 18.38
GASLT (Yin et al., 2023) - - - - - 11990 994 598 4.07 2035
ConSLT (Fu et al., 2023) - - - 1480 4146| - - - 1453 40.98
Sign2GPT (Wong et al., 2024) - - - - - | 41.75 28.73 20.60 15.40 42.36
VAP? (Jiao et al., 2024) 50.41 - -  21.16 487214999 - - 20.85 48.56

Fully Gloss-free SLT
SLRT-GF* (Camgoz et al., 2020; Zhou et al., 2023) | 21.03 9.97 596 4.04 20.51[20.00 9.11 493 3.03 19.67

NSLT+Luong (Camgoz et al., 2018) 3422 19.72 12.24 796 34.28|34.16 19.57 11.84 7.56 34.54
GFSLT-VLP (Zhou et al., 2023) 39.20 25.02 16.35 11.07 36.70|39.37 2493 16.26 11.00 36.44
FLa-LLM (Chen et al., 2024) - - - - - | 37.13 25.12 18.38 14.20 37.25
SignLLM (Gong et al., 2024) 4245 26.88 17.90 12.23 39.18|39.55 28.13 20.07 15.75 39.91
C?RL (Chen et al., 2025) - - - - — 14932 36.28 27.54 21.61 48.21
MMSLT (Kim et al., 2025) 50.05 36.39 26.91 20.51 48.53|49.87 36.37 27.29 21.11 48.92
TransAlign-SLT (Ours) | 44.59 32.22 22.75 16.17 44.13|44.59 3221 22.89 16.39 44.68

Table 2: Comparison with prior methods on CSL-Daily (Zhou et al., 2021). Methods are grouped by supervision
setting. B1 to B4 denote BLEU-1 to BLEU-4, and R denotes ROUGE-L. * denotes TSPNet results reproduced
by prior work (Yin et al., 2023). ¥ denotes the SLRT architecture reproduced under the gloss-free setting by
GFSLT-VLP (Zhou et al., 2023). For VAP (Jiao et al., 2024), marked with ©, we report results without punctuation
post-processing following (Min and Chen, 2023). Best and second-best results within the fully gloss-free setting are
shown in bold and underlined, respectively.
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Reference:

auch morgen erwartet uns eine ruhige herbstmischung aus hochnebel wolken und sonne

(tomorrow too we can expect a calm autumnal mix of high fog, clouds and sunshine)

TransAlign-SLT: morgen erwartet uns eine mischung aus hochnebel wolken und sonne
(tomorrow we can expect a mix of high fog, clouds and sunshine )

Reference:

im osten und siidosten auch schnee oder schneeregen

(in the east and southeast also snow or sleet)

TransAlign-SLT: im osten und siidosten schnee oder schnee
(in the east and southeast snow or snow)

Reference:

und nun die wettervorhersage fiir morgen samstag den fiinften dezember

(and now the weather forecast for tomorrow, Saturday, 5 December)

TransAlign-SLT: und nun die wettervorhersage fiir morgen samstag den zehnten dezember
(and now the weather forecast for tomorrow, Saturday, 10 December )

Table 3: Qualitative translations on the PHOENIX14T test set. Correctly preserved content is shown in blue,
semantically related but inaccurate content is shown in green, and incorrect content is shown in red.

Temporal Encoder B4 R

TemporalConv + BiLSTM  18.18  43.09
HMTF w/o BiLSTM 20.14 43.77
HMTF + BiLSTM 22.86 47.63

Table 4: Effect of temporal modeling components on
PHOENIX14T Dev. B4 denotes BLEU-4 and R denotes
ROUGE-L.

5.2 Semantic Supervision

Table 5 examines the individual components of the
training-time semantic branch. The baseline re-
moves BERT-based semantic guidance while keep-
ing the remaining TransAlign-SLT components un-
changed. Introducing frozen BERT representations
through MOT increases BLEU-4 from 21.54 to
21.85 and ROUGE-L from 45.10 to 45.95.
Adapting BERT to the target translation corpus
using masked language modeling provides a further
improvement, reaching 22.54 BLEU-4 and 46.90
ROUGE-L. The best performance is obtained when
WordPiece subwords are additionally pooled into
word-level representations before transport align-
ment, yielding 22.86 BLEU-4 and 47.63 ROUGE-
L. This result suggests that the semantic signal
is more useful when the text representations are
adapted to the target corpus and aligned at the word
level rather than at fragmented subword positions.

Method MLM Word MOT Bl B2 B3 B4 R

Adapt Pool Align

47.43 3400 2721 21.54 45.10
47.50 3423 27.88 21.85 4595
48.00 35.88 28.10 22.54 46.90
48.13 36.04 28.55 22.86 47.63

Baseline

+ BERT

+ MLM adaptation
+ Word pooling

AN
N X X% X%
AN N

Table 5: Effect of training-time semantic supervision
on PHOENIX14T Dev. B1 to B4 denote BLEU-1 to
BLEU-4, and R denotes ROUGE-L.

5.3 Effect of TranslationCTC

Table 6 studies both the strength and the scheduling
of TranslationCTC supervision. Removing Transla-
tionCTC (A = 0) causes BLEU-4 to fall from 22.86
to 10.50 and ROUGE-L from 47.63 to 27.01, show-
ing that this auxiliary signal is important during
representation learning. At the same time, main-
taining a strong constant weight is not optimal. A
fixed weight of A = 0.6 produces 21.50 BLEU-4,
while moderate constant weights recover most of
the performance.

The proposed 0.5 — 0.1 schedule achieves the
best BLEU-2, BLEU-3, and BLEU-4 scores. This
behavior supports the role of TranslationCTC as an
early temporal-linguistic prior whose influence is
gradually reduced as training progresses.

CTC Strategy B1 B2 B3 B4 R

Constant (A = 0.0) 16.58 13.56 11.20 10.50 27.01
Constant (A = 0.6) 47.56 35.01 26.32 21.50 47.20
Constant (A = 0.5) 48.32 35.93 28.24 2242 47.46
Constant (A = 0.4) 48.50 35.76 28.09 22.40 47.70
Decay (0.5 — 0.1) 48.13 36.04 28.55 22.86 47.63

Table 6: Effect of TranslationCTC weighting on
PHOENIX14T Dev.

Complementarity with MOT. TranslationCTC
encourages coarse temporal organization, whereas
MOT provides soft semantic correspondence with-
out explicitly enforcing a monotonic frame-to-word
alignment. The separate ablations show that both
signals are useful. However, we do not interpret
these results as a fully controlled factorial decom-
position of their interaction.
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5.4 Decoding with CTC Rescoring

Table 7 separates the contribution of autoregressive
beam search from that of post-hoc TranslationCTC
rescoring. Beam search accounts for most of the de-
coding improvement, raising BLEU-4 from 20.58
with greedy decoding to 22.40.

Applying TranslationCTC rescoring to com-
pleted beam hypotheses provides an additional
improvement, reaching 22.86 BLEU-4 and 47.63
ROUGE-L. By comparison, CTC rescoring with-
out beam search produces only a small gain over
greedy decoding.

CTC scores are used only to rerank completed
hypotheses and do not participate in beam expan-
sion. TranslationCTC therefore does not impose
a hard monotonic decoding path. Moreover, the
relatively small gain from inference-time rescor-
ing, compared with the large performance drop
observed when TranslationCTC is removed dur-
ing training, suggests that its main contribution
comes from representation learning rather than
from decoding-time reranking.

Decoding Beam CTC Bl B2 B3 B4 R
Greedy X X 45.84 3332 26.03 20.58 45.44
CTC rescore only X v 4590 33.50 26.20 20.60 45.60
Beam v X 47.18 3527 2797 2240 46.54
Beam + CTC v v 4813 36.04 28.55 22.86 47.63

Table 7: Effect of beam search and post-hoc Transla-
tionCTC rescoring on PHOENIX14T Dev.

5.5 Effect of Decoder Choice

We also examine whether the observed gains
can be explained primarily by the choice of a
larger pretrained language decoder. An mBART-
based decoder variant achieves 20.43 BLEU-4 on
PHOENIX14T Dev, compared with 22.86 BLEU-4
for the GRU-Bahdanau decoder used in TransAlign-
SLT. This 2.43-point difference indicates that sim-
ply increasing decoder scale does not account for
the improvements. Strong visual-temporal repre-
sentations and training-time alignment remain im-
portant even when translation is generated with a
lightweight recurrent decoder.

Translation quality versus model size.
TransAlign-SLT achieves 23.54 test BLEU-
4 with 45.6M inference parameters, compared
with 25.73 BLEU-4 using 640.94M parameters for
MMSLT (Kim et al., 2025) and 22.52 BLEU-4
using approximately 1.77B parameters for
Sign2GPT (Wong et al., 2024). This indicates a
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Figure 3: Translation quality versus model size on
PHOENIX14T. The x-axis reports total model param-
eters on a logarithmic scale, and the y-axis reports test
BLEU-4. Only methods with directly reported or mea-
sured complete model parameter counts are included.

favorable trade-off between translation quality and
model size rather than establishing a direct runtime
efficiency comparison. Figure 3 visualizes this
trade-off on PHOENIX14T.

Limitations and future work. Evaluation is lim-
ited to PHOENIX14T and CSL-Daily, so general-
ization beyond these benchmarks remains untested.
We report model size and computational cost but
not hardware-matched latency, memory, or training-
time comparisons. Future work will consider
broader sign languages and domains and controlled
efficiency benchmarking.

6 Conclusion

We presented TransAlign-SLT, a fully gloss-free
SLT framework that learns directly from paired
sign videos and spoken-language translations using
complementary temporal and semantic supervision.
TranslationCTC provides coarse temporal regular-
ization, while MOT encourages semantic alignment
between visual features and contextualized word-
level representations from a frozen, corpus-adapted
BERT encoder. Experiments on PHOENIX14T
and CSL-Daily, together with component-level ab-
lations, show that these training signals improve
learning from raw translation supervision while pre-
serving a compact GRU-based inference pipeline
that does not rely on glosses, pseudo-glosses, or
a large pretrained language decoder. The results
suggest a practical direction for scalable gloss-free
SLT with compact inference pipelines.
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