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Abstract

Recent sign language translation methods have
advanced visual-language alignment, yet au-
toregressive generation remains vulnerable to
unstable policy updates under ambiguous vi-
sual evidence. Such instability may cause lo-
cally plausible continuations to accumulate into
sentence-level semantic deviations, especially
when reinforcement learning is used with noisy
reward and advantage estimates. Existing PPO-
style policy optimization applies confidence-
agnostic clipping bounds to all generated to-
kens, which limits its ability to distinguish be-
tween over-amplified confident predictions and
low-probability tokens that may still carry use-
ful corrective signals. To address this issue,
we propose CAPO-SLT, a reinforcement learn-
ing based framework for stable sign language
translation generation. CAPO introduces a
confidence-aware policy optimization strategy
that adapts the upper clipping bound accord-
ing to old-policy token probability. It applies
more conservative updates to high-confidence
predictions while preserving update capacity
for low-probability positive-advantage tokens.
In addition, CAPO caps negative-advantage up-
dates to improve robustness under noisy super-
vision. This design provides a simple drop-in
replacement for standard clipping and stabilizes
generation-stage optimization without chang-
ing the underlying visual encoder or reward
function. Experiments on Chinese and Ameri-
can sign language benchmarks show consistent
improvements over pose-based baselines under
the same input setting, suggesting that CAPO-
SLT provides an effective optimization strategy
for stable sign language translation generation.

1 Introduction

Automatic sign language translation (SLT) aims
to translate continuous sign language gestures into
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Corresponding author.

fluent natural language sentences, thus bridging the
communication gap between deaf and hearing com-
munities (Kim et al., 2025; Cooper et al., 2011).
This task poses significant challenges, as sign lan-
guage videos and natural language sentences differ
substantially in modality, temporal granularity, and
linguistic structure. Recent studies have made no-
table progress by improving visual-language align-
ment, with the goal of learning representations that
faithfully connect visual observations with textual
semantics (Camgoz et al., 2020; Zhou et al., 2023;
Li et al., 2025). However, accurate visual-language
alignment alone does not fully determine the stabil-
ity of the final autoregressive translation process,
where each generated token can influence subse-
quent decoding decisions.

Even with well-aligned visual and textual rep-
resentations, SLT generation remains a sequential
decision process. During autoregressive decoding,
a locally plausible token can alter the subsequent
context and guide later predictions toward a differ-
ent meaning. This issue is particularly relevant for
sign language videos, where visual evidence can
be ambiguous due to subtle hand motions, similar
gestures, temporal boundary uncertainty, or incom-
plete non-manual cues (Hwang et al., 2025; Fish
and Bowden, 2025). As illustrated in Fig. 1(a),
autoregressive decoding (Li et al., 2025) may pro-
duce fluent continuations that are locally plausi-
ble under the language prior but insufficiently sup-
ported by the visual input, allowing local deviations
to accumulate and affect sentence-level semantic
consistency. This observation suggests that stable
SLT generation requires not only cross-modal align-
ment, but also explicit control over how token-level
generation behavior is updated during learning.

Reinforcement learning (RL) provides a natural
way to regulate autoregressive generation by op-
timizing sequence-level translation quality (Jaech
et al., 2024). However, applying RL to SLT is non-
trivial because the feedback used for policy updates

17999

Findings of the Association for Computational Linguistics: EMNLP 2026, pages 17999-18014
October 24-29, 2026 ©2026 Association for Computational Linguistics



(a) Generation-Stage Instability in SLT (b) Limitation of Confid

Sign Video Sequence NG,

sequence-level

A fluent but visually under-supported token may receive high old-

\ ~ / \ ~ / \ P / \ P / \ reward/advantage language prior

Different upper bounds for positive-advantage
tokens according to old-policy confidence.

Ambiguous

visual evidence

Upper bound 5

3 policy confidence and positive advantage. 0 old-policy confidence pt 1
Visual-L Aligned Repr i
Public place, no No fireworks in Public place, no
3 smoking. public places. smoking.
Auto regressive Decoder 3 3 3
(token-by-token generation)
() i) (i) ) (i) <> |].|.I...| |.|].I...|
i High old-policy confidence Low old-policy confidence High old-policy confidence Low old-policy confidence
Reference: Prediction: Positive advantage (4, > 0) Positive advantage (4, > 0) Positive advantage (4, > 0) Positive advantage (4, > 0)
Public place, no smoking. No fireworks in public places. Iyl a o
Locally plausible continuation: 1]
- Accumulation of deviations — ! 1
— Sentence-level semantic deviations "
e v Same upper bound for all positive-advantage tokens.
Even with aligned representations, autoregressive Uniform clipping and CAPO assigns an adaptive upper bound according
generation can accumulate deviations under cannot differentiate update strength across positive to old-policy confidence, leading to more stable
ambiguous visual evidence. tokens, leading to b generation-stage optimization.

Figure 1: Motivation of CAPO-SLT. (a) Although current SLT methods largely focus on cross-modal alignment,
autoregressive decoding may still accumulate locally plausible deviations under ambiguous visual evidence and
produce sentence-level semantic deviations. (b) With noisy sequence-level rewards, strong autoregressive language
priors, and ambiguous visual evidence, token-level updates can have heterogeneous reliability. Standard PPO-style
clipping uses the same upper bound for all positive-advantage tokens, making policy updates insensitive to old-
policy confidence and potentially unstable. (c) CAPO assigns confidence-aware upper clipping bounds according to
old-policy token probability. It still permits positive updates for high-confidence predictions but limits unnecessary
over-amplification, while preserving larger update capacity for low-confidence positive-advantage tokens, enabling

more stable generation-stage policy optimization.

is often noisy. Sequence-level rewards only ap-
proximate semantic faithfulness, and the resulting
advantage estimates must be assigned to individ-
ual tokens despite ambiguous visual evidence and
strong autoregressive language priors. Standard
PPO-style policy optimization mitigates update in-
stability by clipping the policy ratio within a fixed
range (Schulman et al., 2017; Shao et al., 2024).
While effective as a general trust-region heuris-
tic, this confidence-agnostic clipping rule applies
the same upper bound to all positive-advantage to-
kens. As shown in Fig. 1(b), such a uniform bound
does not reflect the heterogeneous token-level up-
date conditions induced by ambiguous visual obser-
vations, language-prior driven continuations, and
noisy sequence-level reward or advantage estimates
(Chen et al., 2023). Consequently, confident predic-
tions may receive unnecessary probability ampli-
fication, while low-probability positive-advantage
tokens may have limited room for useful updates.
To address this imbalance, we propose CAPO-
SLT, a reinforcement learning based framework
for stable sign language translation generation.
The core of CAPO-SLT is Confidence-Aware Pol-
icy Optimization, which uses the old-policy prob-
ability of each generated token as an optimiza-

tion signal to regulate the upper clipping bound
for positive-advantage updates. As illustrated in
Fig. 1(c), CAPO assigns a tighter upper bound to
high-confidence predictions and a more relaxed up-
per bound to low-probability positive-advantage
tokens. Importantly, CAPO does not treat confi-
dence as a direct indicator of semantic correctness,
nor does it suppress high-confidence tokens. Since
the adaptive upper bound remains above one, high-
confidence positive tokens can still be reinforced,
but their maximum update ratio is controlled to
avoid unnecessary over-amplification. In addition,
CAPO caps negative-advantage updates to reduce
the effect of noisy negative feedback. In this way,
CAPO serves as a drop-in replacement for standard
PPO-style clipping and complements cross-modal
alignment by stabilizing generation-stage policy
optimization.

To validate CAPO-SLT, we conduct experiments
on Chinese and American sign language transla-
tion benchmarks under matched pose-based input
settings. The results show that CAPO-SLT con-
sistently improves translation performance over
corresponding baselines. We further analyze pol-
icy optimization variants, component contributions,
reward configurations, hyperparameter sensitivity,
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and training dynamics to examine the robustness
and stability of CAPO. Our main contributions can
be summarized as follows:

* We revisit SLT from the perspective of
generation-stage stability, highlighting that
autoregressive translation requires not only
cross-modal alignment, but also stable token-
level policy updates under noisy sequence-
level feedback.

* We propose CAPO-SLT, a reinforcement
learning based framework for stable SLT gen-
eration. CAPO introduces a confidence-aware
policy optimization strategy that adapts the
upper clipping bound for positive-advantage
tokens according to old-policy token probabil-
ity, while further capping negative-advantage
updates to improve robustness.

» Extensive experiments on both Chinese and
American sign language benchmarks demon-
strate that CAPO-SLT achieves consistent
improvements over corresponding baselines,
validating the effectiveness and stability of
confidence-aware policy optimization for SLT
generation.

2 Related Works
2.1 Sign Language Translation

Sign language translation has been studied under
both gloss-based and gloss-free settings. Gloss-
based methods use gloss annotations as interme-
diate linguistic supervision to bridge sign videos
and natural language sentences, which helps guide
visual representation learning and temporal align-
ment (Camgoz et al., 2018, 2020; Chen et al.,
2022a; Jiao et al., 2024). However, gloss anno-
tations are costly to obtain and may introduce in-
formation loss when used as an intermediate rep-
resentation. Gloss-free methods therefore aim to
directly translate sign videos into natural language
sentences without relying on gloss supervision (Li
et al., 2025). Recent studies in this direction im-
prove SLT through visual-language pretraining,
contrastive alignment, spatial-temporal modeling,
and large language model based generation (Yin
et al., 2023; Zhou et al., 2023; Gong et al., 2024;
Kim et al., 2025; Li et al., 2025; Fish and Bow-
den, 2025). These methods have substantially ad-
vanced cross-modal representation learning for SLT
by strengthening the correspondence between vi-
sual observations and textual semantics. Different

from these alignment-oriented studies, our work
focuses on the generation-stage policy optimiza-
tion process. CAPO-SLT complements existing
SLT frameworks by regulating token-level policy
updates during reinforcement learning fine-tuning,
aiming to improve the stability of autoregressive
translation generation.

2.2 Reinforcement Learning for Generation

Reinforcement learning has become an important
tool for controlling autoregressive generation, espe-
cially in language model alignment, instruction fol-
lowing, and reasoning-oriented generation (Schul-
man et al., 2017; Shao et al., 2024; Guo et al.,
2025a). A common choice is PPO-style policy opti-
mization, which stabilizes learning by clipping the
policy ratio and preventing excessively large policy
updates (Schulman et al., 2017). Recent variants
such as GRPO reduce the cost of PPO-style train-
ing by replacing value-model based advantage esti-
mation with group-relative rewards, while DAPO
further modifies clipping and sampling strategies
to improve large-scale reasoning-oriented RL train-
ing (Shao et al., 2024; Guo et al., 2025a; Yu et al.,
2025). These methods demonstrate the effective-
ness of policy optimization for generation, but they
are mainly designed for text-only or reasoning-
centric scenarios. In SLT, policy updates are
conditioned on ambiguous visual evidence, and
sequence-level rewards must be assigned to token-
level decisions during autoregressive translation
(Fish and Bowden, 2025). This creates a different
optimization setting, where confidence-agnostic
clipping may not sufficiently reflect token-level up-
date conditions. CAPO-SLT is designed for this
setting by adapting the positive-advantage upper
clipping bound according to old-policy token confi-
dence and by capping negative-advantage updates
for more stable SLT generation.

3 CAPO-SLT

3.1 Overview

Fig. 2 illustrates the framework of CAPO-SLT,
which consists of two stages. In the first stage, we
train a pose-based SLT model with visual-language
alignment and supervised translation objectives,
which provides a shared initialization for subse-
quent policy optimization. Given a sign input, the
vision encoder and text encoder produce visual
and textual representations, which are connected
to a LoRA-adapted language model for translation
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Figure 2: Framework of CAPO-SLT. The framework consists of supervised initialization and CAPO-based rein-
forcement learning. During pre-training and fine-tuning, the model learns visual-language representations and
translation ability through an alignment objective and a supervised SLT objective. During reinforcement learning, the
policy model samples multiple candidate translations, receives sequence-level rewards, computes advantages, and
updates the policy with CAPO. CAPO adapts the positive-advantage upper clipping bound according to old-policy
token confidence and caps negative-advantage updates, providing confidence-aware update control for stable SLT

generation.

generation. This stage aims to establish basic cross-
modal correspondence and translation ability.

In the second stage, we perform reinforcement
learning fine-tuning for autoregressive SLT genera-
tion. The policy model samples multiple candidate
translations for each sign input, receives sequence-
level rewards, and computes advantages for policy
updates. CAPO is applied only at this policy op-
timization stage. Instead of changing the visual
encoder or the reward function, CAPO replaces
the confidence-agnostic PPO-style clipping rule
with confidence-aware update control. This design
allows us to study generation-stage optimization
while keeping the supervised SLT backbone fixed
across policy optimization variants.

3.2 Backbone and Supervised Initialization

Before reinforcement learning, we initialize the pol-
icy model with a supervised SLT backbone. Given
a sign input, the vision encoder extracts a sequence
of visual embeddings, while the text encoder pro-
duces textual embeddings from the paired sentence.
Then we use learnable visual and textual queries
to obtain global representations through attention-
based aggregation. These representations are opti-
mized with a visual-language alignment objective,
which encourages paired sign and text representa-

tions to be close in the shared embedding space.

In addition to alignment learning, the LoRA-
adapted language model is trained with a super-
vised SLT objective under teacher forcing. Let
Lalign denote the visual-language alignment loss
and L denote the supervised translation loss. The
supervised initialization objective is

['sup = ﬁalign + L. (D

This stage provides the model with basic cross-
modal correspondence and translation ability be-
fore reinforcement fine-tuning. Since our focus
is policy optimization, the same SLT backbone
and supervised initialization are used for all experi-
ments in this paper.

3.3 Confidence-Aware Policy Optimization

After supervised initialization, we further optimize
the SLT model with reinforcement learning. Given
a sign input z, the policy model 7y generates a
candidate translation § = {91, 92, ..., Y7} autore-
gressively, where each token is generated according
to 7g(J¢|x, Y<¢ ). Following PPO-style policy opti-
mization (Schulman et al., 2017), we keep a frozen
old policy mg_,, during each update step and define
the token-level policy ratio as
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WH(Qt ‘ x7§<t)
T01q (Qt ‘ xz, ?3<t) .
The sequence-level reward is converted into an
advantage estimate A, for valid response tokens.
Standard PPO-style optimization clips the policy
ratio within a fixed interval, which can be written
as

rt(G) =

2

(PP°(9) = — min (rt(e)/it, clip (r4(6),
. (3)
16,1+ 0)A,).

This clipping rule provides a simple trust-region
constraint, but its upper bound is shared by all
positive-advantage tokens. Therefore, it does not
distinguish between tokens that already have high
old-policy probability and tokens that are assigned
low probability but receive positive advantage un-
der the sampled response. In visually grounded
SLT generation, where the reward and advantage
estimates may be affected by ambiguous visual evi-
dence and language-prior driven continuations, this
confidence-agnostic upper bound can lead to less
controlled positive updates.

CAPO addresses this issue by adapting the upper
clipping bound according to the old-policy prob-
ability of each generated token. We define the
old-policy token confidence as

P = o0 (01 | 2, Gt)- )
We emphasize that p?'d is used only as an optimiza-

tion signal for controlling update magnitude. It is
not treated as a direct indicator of semantic correct-
ness. For positive-advantage tokens, CAPO assigns
a token-specific upper clipping range

1)
5+t = clip (W,5o,5mfx> )
: L+ a(p) RV
a = 5max _ 1
=5

Here, dp is the base upper clipping range, dpax
is the maximum relaxed range. Following prior
works (Guo et al., 2025a; Yu et al., 2025), we set
0o = 0.2 and pax = 0.3 to keep the adaptive
clipping range within a stable and commonly used
scale. ~y controls the shape of the confidence-aware
schedule. This formulation makes the upper clip-
ping range decrease as old-policy confidence in-
creases. When p¢9'd is high, 5; approaches the
conservative range dg, limiting unnecessary proba-
bility amplification for predictions that are already

favored by the old policy. When pfld is low, 0,

moves toward Jpax, preserving larger update ca-
pacity for low-probability tokens with positive ad-
vantage. Since the effective upper bound is 1 + &;",
which remains larger than one, high-confidence
positive-advantage tokens can still be reinforced.
CAPO only controls their maximum update ratio
rather than suppressing them.

Using the adaptive upper range, the clipped pol-
icy ratio is

7(0) = clip (r¢(0),1 =6, 14+6;), (6)

where 0~ is a fixed lower clipping range. The
CAPO clipped loss for positive-advantage update
control is then defined as

Eglip(‘g) — —min (rt(G)Ata ft(e)AAt) . (7)

For tokens with non-positive advantages, we keep
the adaptive upper range at the base value and use
the fixed lower clipping range. This keeps the
confidence-aware relaxation focused on positive-
advantage updates, which are responsible for in-
creasing token probabilities.

To improve robustness under noisy negative
feedback, CAPO further caps the loss magnitude
for negative-advantage tokens. Specifically, for
A; < 0, we define a constant cap

07°(0) = —cAy, (8)

where ¢ > 0 controls the maximum effective loss
scale for negative-advantage updates. The final
token-level loss is

g;lip(9)7 At Z 07
min (¢7(6), °(9)) . A; <.
©)
This cap does not reverse the update direction.
It only prevents negative-advantage tokens from
producing excessively large loss values when the
sequence-level reward assigns noisy penalties to
individual tokens.
Finally, given a response mask m; € {0, 1} that

indicates valid generated tokens, the CAPO policy
optimization loss is computed as

_ X mila(6)
ZZ;I ms + €

0(0) =

Lcaro(f) , (10)

where € is a small constant for numerical stability.
CAPO is therefore a drop-in replacement for the
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Table 1: SLT performance on the CSL-Daily dataset. The best results are highlighted in Red , and the second-best
results in Blue . ‘Pose’ and ‘RGB’ indicate the input modalities.

Methods Year Modality Dev Set Test Set

Pose RGB B-1 B-4 R-L B-1 B-4 R-L
Gloss-Based Methods
SLRT (Camgoz et al., 2020) (Gloss-Based) CVPR20 - v 37.47 11.88 37.96 37.38 11.79 36.74
TS-SLT (Chen et al., 2022b) Neurips22 v v 55.21 25.76 55.10 55.44 25.79 55.72
MMTLB (Chen et al., 2022a) CVPR22 - v 53.81 24.42 53.38 53.31 23.92 53.25
Gloss-Free Methods
SLRT (Camgoz et al., 2020) (Gloss-Free) CVPR20 - v 21.03 4.04 20.51 20.00 3.03 19.67
GASLT (Yin et al., 2023) CVPR23 - v - - - 19.90 4.07 20.35
GFSLT-VLP (Zhou et al., 2023) ICCVv23 - v 39.20 11.07 36.70 39.37 11.00 36.44
SignLLM (Gong et al., 2024) CVPR24 - v 42.45 12.23 39.18 39.55 15.75 39.91
MSLU (Zhou et al., 2025) TPAMI25 - 33.28 10.27 33.13 33.97 11.42 33.80
SpaMO (Hwang et al., 2025) NAACL25 - v - - - 48.90 20.55 47.46
C2RL (Chen et al., 2025) TCSVT25 - v - - - 49.32 21.61 48.21
MMSLT (Kim et al., 2025) ICCV25 - v 50.05 20.51 48.53 49.87 21.11 48.92
PGG-SLT (Guo et al., 2025b) Neurips25 - v 53.58 24.05 52.34 53.29 23.70 52.88
Uni-Sign (Li et al., 2025) ICLR25 v - 53.24 25.27 54.34 53.86 25.61 54.92
Uni-Sign (Li et al., 2025) ICLR25 v v 55.30 26.25 56.03 55.08 26.36 56.51
Geo-Sign (Fish and Bowden, 2025) Neurips25 v - 55.57 27.05 57.27 55.89 27.42 57.95
CAPO-SLT (Ours) EMNLP26 v - 58.83 28.55 58.89 58.82 28.68 58.59

Table 2: SLT performance on the How2Sign dataset.
The best results are highlighted in Red , and the second-
best results in Blue . ‘Pose’ and ‘RGB’ indicate the
input modalities.

Methods Modality Test Set
Pose RGB B-1 B-4 R-L
GIoFE-VN (Lin et al., 2023) v - 149 22 126
MSLU (Zhou et al., 2025) v - 20.1 24 172
SLT-IV (Tarrés et al., 2023) - v 340 80 -
C?RL (Chen et al., 2025) - v 291 94 270
FLa-LLM (Chen et al., 2024) - v 298 9.7 278
SSVP-SLT (Rust et al., 2024) - v 432 155 384
PGG-SLT (Guo et al., 2025b) - v 408 13.7 329
Uni-Sign (Li et al., 2025) v - 404 145 343
Uni-Sign (Li et al., 2025) v v 402 149 360
Geo-Sign (Fish and Bowden, 2025) v - 40.8 15.1 354
CAPO-SLT v - 414 152 349

fixed clipping rule in PPO-style optimization. It
preserves the proximal update structure while mak-
ing positive-advantage upper bounds confidence-
aware and bounding noisy negative-advantage up-
dates, leading to more stable generation-stage pol-
icy optimization for SLT.

3.4 Reward Design for RL Fine-Tuning

During RL fine-tuning, each sampled translation
is evaluated by a sequence-level reward. SLT gen-
eration requires both surface-form fidelity and se-
mantic consistency, so we use a lightweight combi-
nation of format-oriented and semantic similarity
signals. Specifically, the format reward Rene (9, y)
is computed as the average of B-1 (Papineni et al.,
2002), B-4 (Papineni et al., 2002), and R-L (Lin,
2004) between the generated translation ¢ and the

Table 3: ISLR results on the WLASL2000. The best
results are highlighted in Red , and the second-best
results in Blue . ‘Pose’ and ‘RGB’ indicate the input

modalities. T denotes results reproduced by (Hu et al.,
2021a).

Methods Modality Test Set
Pose RGB P-1 P-C
ST-GCNT (Yan et al., 2018) v - 3440 3253
SignBERT (Hu et al., 2021a) v - 39.40 36.74
HMA (Hu et al., 2021b) - v’ 3791 3590
BEST (Zhao et al., 2023) v - 46.25 43.52
SignBERT+ (Hu et al., 2023) v - 48.85  46.37
MSLU (Zhou et al., 2025) v - 56.29  53.29
NLA-SLR (Zuo et al., 2023) v v 61.05 58.05
Sign-Rep (Wong et al., 2025) v v 61.05 5889
Uni-Sign (Li et al., 2025) v - 63.13  60.90
Uni-Sign (Li et al., 2025) v v 6352 6132
Geo-Sign (Fish and Bowden, 2025) v - 63.64 61.89
CAPO-SLT v - 63.77 6191

reference y. This term encourages lexical over-
lap and phrase-level fidelity. Since n-gram based
metrics can be sensitive to surface variations, we
further use BERTScore (Zhang et al., 2019) as
the semantic reward Rgem (9, y), which provides
a complementary signal for contextual semantic
similarity. The final reward is defined as

R(,y) = AReme (9, y) +(1=A) Rsem (9, ), (11)

where A controls the balance between surface-form
matching and semantic similarity.

Following GRPO (Shao et al., 2024), we com-
pute the advantage of each candidate SLT transla-
tion by normalizing its reward within the sampled
response group.
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Table 4: Comparison with policy optimization variants
on the CSL-Daily test set. All RL variants are conducted
under the same settings.

Table 6: Effect of the reward weight \ on CSL-Daily test
set. A\ controls the balance between the format reward
and the semantic reward.

Method  Clipping strategy B-1 B-4 R-L

SFT None 49.18  20.04 49.40
GRPO Regular 5847 2790 57.88
DAPO Larger 58.52 2818 5792
CAPO Confidence-aware  58.82 28.68  58.59

Table 5: Ablation of the negative-advantage cap on CSL-
Daily test set. Both variants use the same confidence-
aware positive upper bound and differ only in whether
the negative cap is applied.

Negative Cap B-1 B-4 R-L
wl/o 58.48 28.03 57.80
w/ 58.82 28.68 58.59

4 Experiments

4.1 Experimental Settings

Datasets. We conduct evaluations of CAPO-SLT
on both Chinese Sign Language (CSL) and Ameri-
can Sign Language (ASL) benchmarks. For CSL,
experiments are carried out on the CSL-Daily
dataset (Zhou et al., 2021). For ASL, we assess
translation performance on the How2Sign dataset
(Duarte et al., 2021), while isolated sign language
recognition (ISLR) is additionally evaluated using
the WLASL2000 dataset (Li et al., 2020). More
details are provided in Appendix B.1.

Evaluation Metrics. Following previous works
(Li et al., 2025; Fish and Bowden, 2025), we re-
port BLEU (B-1, B-4) (Papineni et al., 2002) and
ROUGE-L (R-L) (Lin, 2004) scores for SLT, and
Per-Class (P-C) & Per-Instance (P-I) accuracy for
ISLR.

Implementation Details. Following prior work
(Li et al., 2025; Fish and Bowden, 2025), we em-
ploy the CSL-News (Li et al., 2025) and YouTube-
ASL (Uthus et al., 2023) datasets for the pretraining
stage on CSL and ASL, respectively. More details
can be found in Appendix B.2

4.2 Comparison with State-of-the-Art

Results on CSL. Table 1 reports the comparison
on the CSL-Daily dataset. CAPO-SLT achieves
the best performance on both the dev and test
sets across all evaluation metrics. On the test
set, CAPO-SLT obtains 58.82 B-1, 28.68 B-4,
and 58.59 R-L, outperforming the strongest prior
method Geo-Sign by 2.93, 1.26, and 0.64 points,

Metric 0.5 0.6 0.7 0.8 0.9

B-1 58.28 5844 5849 58.82 58.81
B-4 27.85 28.09 2794 28.68 28.17
R-L 58.17 58.04 5790 5859 58.13

Table 7: Sensitivity analysis of the scheduling parameter
~ on the CSL-Daily test set.

Metric 0.3 0.5 0.7 1.0 1.5

B-1 58.14 5842 58.82 58.57 58.69
B-4 27.70  28.19 28.68 2821 28.08
R-L 57.80 5829 58.59 58.01 57.90

respectively. A similar trend is observed on the dev
set, where CAPO-SLT improves over Geo-Sign by
3.26 B-1, 1.50 B-4, and 1.62 R-L. Notably, CAPO-
SLT uses only pose inputs, yet it surpasses both
RGB-based methods and multi-modal methods that
rely on pose and RGB inputs. Compared with Uni-
Sign under the same pose-only modality, CAPO-
SLT brings substantial gains of 4.96 B-1, 3.07 B-4,
and 3.67 R-L on the test set. These results demon-
strate the effectiveness of CAPO-SLT on Chinese
SLT and highlight its strong competitiveness under
the pose-only setting.

Results on ASL. Tables 2 and 3 report the re-
sults on American sign language benchmarks. On
How2Sign, CAPO-SLT achieves 41.4 B-1, 15.2
B-4, and 34.9 R-L using only pose inputs. Our
method improves over all pose-based methods on
B-1 and B-4, while its R-L score is slightly lower
than Geo-Sign. It also performs marginally be-
low the best RGB-based method SSVP-SLT (Rust
et al., 2024), which benefits from RGB inputs and a
larger-scale visual pre-training setting. Compared
with pose-only Uni-Sign, CAPO-SLT brings gains
of 1.0 B-1, 0.7 B-4, and 0.6 R-L. On WLASL2000,
CAPO-SLT achieves the best performance with
63.77 P-1 and 61.91 P-C, outperforming Geo-Sign
while using the same pose-only modality. These
results indicate that CAPO-SLT generalizes to ASL
benchmarks and provides consistent gains under
pose-based settings.

4.3 Ablation Studies

Comparison with Policy Optimization Variants.
Table 4 compares CAPO with representative policy
optimization variants on the CSL-Daily test set. To
isolate the effect of the update rule, all RL variants
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Table 8: Qualitative examples on CSL-Daily. Words
in green indicate accurate translations, words in blue
indicate semantically close expressions, and words in
red indicate incorrect or visually unsupported content.

Case 1

Reference % 57 /144 X JLALIAIEE

I introduced these colleagues separately.
wio CAPO 3 52— F L AR HEEA -

I am a team made up of several people.
CAPO B B R T JLNLFE -

I introduced several colleagues separately.

Case 2
Reference

RET, ZEMW-
It is dark, and I am afraid.
w/o CAPO RET, FEEE [ -

It is dark, and I fell asleep.

CAPO RET, TEM-

It is dark, and I am afraid.
Case 3 U
Reference XH[HLY 120 AR E:

The actress in this movie is very beautiful.
wio CAPO iXHRELFY HrHE i Bl 2 B A -
This movie is about the actress’s love story.
XTI H L AR -

The actress in this movie is very beautiful.

CAPO

are initialized from the same supervised checkpoint
and use the same reward design and training recipe.
GRPO (Shao et al., 2024) with a regular clipping
bound substantially improves over SFT, indicat-
ing that sequence-level RL fine-tuning is beneficial
for SLT generation. DAPO (Yu et al., 2025) fur-
ther enlarges the upper bound and gives slightly
better B-4, but the overall improvement remains
limited. CAPO achieves the best results across all
metrics, with 58.82 B-1, 28.68 B-4, and 58.59 R-
L. These results suggest that, under the same RL
fine-tuning setting, confidence-aware upper-bound
control provides a more effective update rule for
SLT generation than simply using a uniform regular
or enlarged clipping bound.

Effect of Negative-advantage Cap. Table 5 iso-
lates the effect of the negative-advantage cap in
CAPO. Both variants use the same confidence-
aware positive upper bound, and the only difference
is whether the cap is applied to negative-advantage
updates. Removing the cap leads to lower per-
formance across all metrics, while the full CAPO
achieves 58.82 B-1, 28.68 B-4, and 58.59 R-L.
This indicates that bounding negative-advantage
updates provides additional robustness under noisy
feedback and complements the confidence-aware
positive update control.

Comparison of Different Clipping Schedules
To investigate whether the effectiveness of CAPO

Table 9: Ablation of the confidence-to-bound mapping
on the CSL-Daily test set. Both schedules use the same
clipping range and training configuration.

Schedule B-1 B-4 R-L
Linear 58.66 27.95 57.99
Inverse 58.82 28.68 58.59

Table 10: Comparison of alternative confidence signals
for CAPO on the CSL-Daily test set. TM, TE, and
OP denote token margin, token entropy, and old-policy
probability, respectively. Results are reported as mean
=+ standard deviation over three random seeds (42, 43,
and 44).

Signal B-1 B-4 R-L

™ 58.2310.01 27754000 57.8440.00
TE 58714000 28.034000 58.0640.00
(0] 58.851001 28.65. 000 58.63. 001

stems from the specific confidence-to-bound map-
ping rather than simply the clipping range, we
compare the proposed inverse schedule with a
linear confidence-aware schedule on CSL-Daily.
Both schedules use the same clipping range
([00, Omax] = [0.2,0.3]) and training configuration.
As shown in Table 9, the inverse schedule achieves
58.82/28.68/58.59 on B-1/B-4/R-L, outperforming
the linear schedule with 58.66/27.95/57.99. Partic-
ularly, the inverse schedule yields improvements of
0.73 and 0.60 points on B-4 and R-L, respectively.
Since the overall clipping range is controlled, these
results demonstrate that the allocation schedule it-
self plays an important role. Compared with the
linear mapping, the inverse schedule provides a
more selective relaxation by allocating larger up-
date capacity primarily to low-probability positive-
advantage tokens, while remaining more conserva-
tive for medium- and high-confidence tokens. This
selective allocation gives low-probability positive-
advantage tokens more room for updates while
keeping medium- and high-confidence tokens more
conservative, which is consistent with the design
motivation of CAPO.

Comparison of Alternative Confidence Signals
We further investigate the choice of confidence sig-
nal for modulating the clipping bound in CAPO.
In addition to the old-policy probability used in
CAPO, we consider two alternatives derived from
the policy distribution, namely token margin and
token entropy. All variants are trained under the
same RL configuration and evaluated on the CSL-
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Daily test set using three random seeds (42, 43, and
44), with the results summarized in Table 10. Old-
policy probability consistently achieves the best
performance across all metrics. Compared with
token entropy, it improves B-1, B-4, and R-L by
0.14, 0.62, and 0.57 points, respectively. Token
margin yields lower performance, indicating that
the separation between the top candidate probabili-
ties is less effective for regulating the update of the
sampled token. The superior performance of old-
policy probability is also consistent with its role
in policy optimization. Rather than estimating se-
mantic correctness, it directly reflects how strongly
the old policy favors the sampled token and thus
provides a natural token-level signal for controlling
the update magnitude.

Effect of Reward Weight. Table 6 studies the
influence of the reward mixing weight A on CSL-
Daily. CAPO-SLT performs stably across a range
of X\ values, suggesting that the method is not
overly sensitive to the exact balance between the
format reward and the semantic reward. Among
these settings, A = 0.8 achieves the best over-
all performance, with 58.82 B-1, 28.68 B-4, and
58.59 R-L. When A is reduced, the model receives
relatively weaker surface-form guidance, which
slightly lowers BLEU-based scores. When A is fur-
ther increased to 0.9, the performance also drops
slightly, indicating that placing too much emphasis
on overlap-based rewards may not provide the best
balance. Based on these results, we set A = 0.8.

Sensitivity to scheduling parameter. Table 7 re-
ports the sensitivity of CAPO to the scheduling
parameter -, which controls the curvature of the
confidence-aware upper-bound schedule. CAPO
maintains competitive performance across differ-
ent -y values, showing that its effectiveness is not
tied to a single narrow setting. Among the tested
values, v = 0.7 achieves the best overall results,
with 58.82 B-1, 28.68 B-4, and 58.59 R-L. Smaller
values such as v = 0.3 lead to weaker performance,
while larger values also show mild degradation. We
therefore set v = (.7 in the main experiments.

4.4 Qualitative Analysis

Table 8 shows representative examples from CSL-
Daily. Compared with the model without CAPO,
CAPO produces translations that better preserve
key semantic units such as predicates, entities, and
event relations. The baseline outputs are often flu-
ent, but may contain meaning shifts or visually un-

supported details. In contrast, CAPO reduces such
deviations and generates outputs that are closer to
the references, while still allowing semantically
valid paraphrases. This qualitative comparison is
consistent with the quantitative improvements ob-
served in the main results. More qualitative analy-
sis is shown in Appendix D.

5 Conclusion

In this paper, we presented CAPO-SLT, a reinforce-
ment learning based framework for stable sign lan-
guage translation generation. CAPO introduces a
confidence-aware clipping strategy for policy op-
timization. It adapts the upper clipping bound for
positive-advantage tokens according to old-policy
token probability, while further capping negative-
advantage updates to control excessive loss values.
This design regulates generation-stage policy up-
dates without changing the underlying SLT back-
bone. Experiments on Chinese and American sign
language benchmarks show that CAPO-SLT con-
sistently improves over corresponding baselines
under pose-based settings. Ablations and qualita-
tive examples further support the effectiveness of
CAPO for stable and faithful SLT generation.

Limitations

Although CAPO-SLT achieves consistent improve-
ments across Chinese and American SLT bench-
marks, the gains on ASL translation are more
moderate than those on CSL-Daily. One limita-
tion is that the current reward design is relatively
simple and fully reference-based. It combines
overlap-oriented metrics with BERTScore, which
provides useful sequence-level feedback but may
not fully capture valid paraphrases, discourse-level
adequacy, or fine-grained semantic preferences in
open-ended translation. As a result, the policy op-
timization signal may be less informative when
multiple semantically acceptable translations differ
substantially in wording. Future work will explore
stronger reward models for SLT generation, such as
learned preference models or task-specific seman-
tic evaluators, to provide more reliable feedback
for reinforcement learning based SLT optimization.
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A More Experimental Studies

A.1 Analysis of Optimization Dynamics

We further compare the optimization dynamics of
GRPO and CAPO during RL fine-tuning on CSL-
Daily under the same experimental settings. As
shown in Fig. 3, both methods keep the updated
policy relatively close to the reference policy af-
ter an initial adjustment, as reflected by their low
KL divergence during most of the training pro-
cess. This suggests that neither method induces
excessively large policy shifts from the supervised
initialization.

A more pronounced difference emerges in the
entropy dynamics. As shown in Fig. 3(a), the mean
entropy under GRPO decreases rapidly at the early
stage but gradually rises again during later training,
exhibiting a non-monotonic trajectory. This behav-
ior suggests that policy uncertainty increases again
later in training, which is consistent with less stable
generation-stage optimization. In contrast, Fig. 3(c)
shows that CAPO exhibits an early entropy de-
crease followed by gradual stabilization. The pol-
icy exhibits decreasing uncertainty followed by sta-
bilization, without an abrupt entropy collapse or a
subsequent increase in uncertainty. Such behavior
is particularly desirable for autoregressive SLT gen-
eration, where the model should strengthen its pref-
erence for high-quality translations while avoiding
overly aggressive changes to the output distribu-
tion.

Together with the KL curves in Fig. 3(b) and (d),
these results provide further evidence that CAPO
yields more controlled optimization dynamics than
GRPO. While both methods remain close to the
reference policy in terms of KL divergence, CAPO
maintains a more stable entropy trajectory, con-
sistent with the intended role of confidence-aware
clipping in regulating token-level update magni-
tudes during RL fine-tuning.

A.2 Effect of Cross-modal Alignment

We further examine the role of cross-modal align-
ment in the supervised initialization stage. As
shown in Table 11, both variants use the same
CAPO-based RL fine-tuning procedure, and the
only difference is whether the cross-modal align-
ment objective is included before RL. Remov-
ing the alignment objective leads to lower perfor-
mance, with 57.67 B-1, 27.13 B-4, and 56.65 R-L.
Adding cross-modal alignment improves the results
to 58.82 B-1, 28.68 B-4, and 58.59 R-L. This indi-

Table 11: Effect of cross-modal alignment during su-
pervised initialization on the CSL-Daily test set. Both
variants use CAPO for RL fine-tuning and differ only in
whether the alignment objective is applied.

Cross-modal Alignment B-1 B-4 R-L

w/o 57.67 27.13  56.65
w/ 58.82 28.68 58.59

Table 12: Results on the CSL-Daily test set across three
random seeds (42, 43, and 44).

Method B-1 B-4 R-L

GRPO 58484000 27944001 57.8410.00
DAPO 58.544000 28.144001 57.9240.00
CAPO 58.85. 001 28.651000 58.63.1001

cates that a stronger supervised initialization is ben-
eficial for subsequent policy optimization. Impor-
tantly, this analysis does not change the conclusion
of the main experiments, since all policy optimiza-
tion comparisons in the main paper use the same
supervised initialization. Rather, the result shows
that CAPO can benefit from better visual-language
representations while remaining a generation-stage
policy optimization method.

A.3 Results across Different Random Seeds

To further assess the consistency of the improve-
ments brought by CAPO, we repeat the RL fine-
tuning experiments on CSL-Daily using three ran-
dom seeds (42, 43, and 44). All methods are eval-
uated under the same experimental settings, with
only the policy optimization method changed. Ta-
ble 12 reports the mean and standard deviation over
the three runs.

As shown in Table 12, CAPO consistently out-
performs GRPO and DAPO across all three metrics
while exhibiting very small variance across dif-
ferent random seeds. In particular, compared with
DAPO, CAPO improves B-1, B-4, and R-L by 0.31,
0.51, and 0.71 points, respectively. The improve-
ments on B-4 and R-L are especially notable, as
these metrics place greater emphasis on longer-
range matching and sequence-level consistency.
These results indicate that the gains of CAPO are
consistent across random seeds rather than arising
from a particular training run, further supporting
the effectiveness of its confidence-aware policy up-
date.

18010



mean_entro
5.00 — py

mean_kl

0.006
2 :
4.95
§ 'c;; 0.005 A
4.90 0.004
4.85 0.003 A
P 0.002
0.001
4751
0.000
4701 — . . . ) T y y v v
0 1000 2000 3000 4000 0 1000 2000 3000 4000
(a) (b)
500 mean_entropy mean_kl
0.006
[ Q
5495 =
§ § 0.005 -
4901 0.004 -
4.85 0.003
4.80 0.002 4
0.001 -
475 -
0.000
470 1 — ‘ . ’ . . : . . .
0 1000 2000 3000 4000 0 1000 2000 3000 4000
(© (d)

Figure 3: Comparison of training dynamics of GRPO and CAPO during RL fine-tuning on CSL-Daily. (a—b) Mean
entropy of the actor policy and mean KL divergence between the current and reference policies during GRPO
training, respectively. (c—d) Corresponding results during CAPO training.

B More Experimental Settings
B.1 Details of SLT Datasets

We use five sign language datasets in our experi-
ments, including two downstream SLT benchmarks,
two large-scale pre-training corpora, and one iso-
lated sign language recognition benchmark. CSL-
Daily (Zhou et al., 2021) is used as the downstream
benchmark for Chinese Sign Language translation.
It focuses on daily-life communication scenarios
such as travel, shopping, medical care, and public
services, and provides paired Chinese sentence an-
notations. Following the official split, CSL-Daily
contains 18,401 training segments, 1,077 develop-
ment segments, and 1,176 test segments, with a
total duration of approximately 23 hours. In our
experiments, CSL-Daily is used for supervised fine-
tuning, reinforcement learning fine-tuning, and fi-
nal evaluation on Chinese SLT.

How2Sign (Duarte et al., 2021) is used as the
downstream benchmark for American Sign Lan-
guage translation. It is a large-scale multimodal
and multiview ASL dataset collected from instruc-

tional videos, containing more than 80 hours of
sign language videos with aligned English tran-
scripts. Compared with CSL-Daily, How2Sign
contains more open-domain instructional content
and more diverse English expressions. We use
How2Sign to evaluate CAPO-SLT on ASL transla-
tion under the same pose-based setting.

For large-scale pre-training, we follow prior SLT
studies and use language-specific pre-training cor-
pora before downstream fine-tuning. For Chinese
Sign Language, we use CSL-News (Li et al., 2025),
a large-scale CSL dataset containing 1,985 hours
of sign language videos paired with textual anno-
tations. CSL-News is mainly collected from sign-
interpreted news programs and provides a substan-
tially larger source of CSL video-text pairs than
downstream benchmarks, making it suitable for
learning general visual-language representations
before adapting to CSL-Daily. For American Sign
Language, we use YouTube-ASL (Uthus et al.,
2023), a large-scale open-domain ASL-English cor-
pus mined from YouTube. It contains 984 hours
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of captioned ASL videos from 11,093 videos and
covers more than 2,500 signers. The broad signer
coverage and open-domain content make YouTube-
ASL useful for pre-training ASL representations
before fine-tuning on How2Sign.

We additionally evaluate isolated sign language
recognition on WLASL2000 (Li et al., 2020).
WLASL is a large-scale word-level ASL recog-
nition dataset, and its WLASL2000 split covers
2,000 common ASL glosses with over 21,000 video
samples from more than 100 signers. Unlike CSL-
Daily and How2Sign, WLASL2000 is used for
isolated sign recognition rather than sentence-level
translation. We include it as an auxiliary bench-
mark to evaluate whether the learned pose-based
representations remain effective for sign under-
standing beyond continuous translation. The pre-
training datasets are only used to initialize the
SLT backbone, while downstream results are re-
ported on the official evaluation splits of CSL-
Daily, How2Sign, and WLASL2000.

B.2 Training Details

All experiments are implemented in PyTorch
(Paszke et al., 2019) and trained on a distributed
system comprising eight nodes, each equipped with
four NVIDIA L40s GPUs.

Pre-training settings. In this stage, we use the
AdamW optimizer with a base learning rate of
3 x 107* and a weight decay of 1 x 1074, and
train the model for 10 epochs with a batch size of
1. The text decoder is instantiated from Qwen3-
VL-4B (Bai et al., 2025). We cap the maximum
input sequence length at 256 tokens, and fix the
feature dimensionality of both visual and textual
representations to 512. The instruction template
is set as: "You are a translation assistant. Trans-
late sign language video to {Config.lang}." "Con-
fig.lang" is set to Chinese or English according to
the SLT task. The temperature 7 in cross-modal
alignment is initialized as 1/0.07, following com-
mon contrastive-learning practice (Radford et al.,
2021).

Fine-tuning settings. In this stage, we employ
AdamW with a base learning rate of 1 x 10~ and
a weight decay of 1 x 1076 for all parameters. The
batch size is set to 1, and the model is trained for 5
epochs. The model is optimized using the standard
cross-entropy loss. For parameter-efficient fine-
tuning, we apply LoRA (Hu et al., 2022) to the
projection layers of the attention modules, with

rank 32 and scaling factor 64. During inference,
we use deterministic beam search with a beam size
of 5.

Reinforcement learning settings. In this stage,
we employ the AdamW optimizer with a base learn-
ing rate of 1 x 1075 and a weight decay of 1 x 106
for all parameters. We adopt a new LoRA configu-
ration with rank 4 and scaling factor 4, and train the
model for 2 epochs. For CAPO clipping, we set the
lower bound 6~ to 0.2, and constrain the adaptive
upper clipping range to lie within [0.2, 0.3]. During
inference, we use deterministic beam search with a
beam size of 5.

C Framework Implementation

C.1 Keypoints Extraction

Following prior work (Li et al., 2025), we utilize
the RTMPose-x (Jiang et al., 2023) from MMpose
to extract keypoints of the whole body. The key-
point definition is based on COCO indices (Jin
et al., 2020). All the pose points are divided into
four sub-poses: face, body, left hand, and right
hand. The indices of each pose are shown as fol-
lows:

» Face: {24, 26, 28, 30, 32, 34, 36, 38, 40, 54,
84-91},

* Body: {1, 4-11},
* Left hand: {92-112},
* Right hand: {113-133}.

C.2 ST-GCN Architecture

Following prior work (Yan et al., 2018; Fish and
Bowden, 2025; Li et al., 2025), each sub-pose
group is processed by an ST-GCN stream that can
explicitly model the spatial joint relationships and
temporal motion dynamics. The core components
of the ST-GCN architecture are listed as follows:

1. Graph Definition: Each group of keypoints
is defined as a graph, and their connections
are defined as edges.

2. Initial Projection: A linear layer is adopted
to project input keypoint coordinates to a
higher-dimensional embedding space.

3. ST-GCN Blocks: These features are then in-
put into a sequence of ST-GCN blocks, each
block consists of a Spatial Graph Convolu-
tion (SGC) layer and a Temporal Convolution
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Network (TCN). The SGC layer aggregates
information from the neighboring joints via a
spatial convolution operation, while the TCN
layer utilizes 1D convolution across the time
dimension to model the motion dynamics.

4. Residual Connections: To ensure better fea-
ture interaction and stable training, ST-GCN
introduces residual connections between spa-
tial fusion layers and temporal fusion layers.
This operation allows for richer spatial and
temporal relationships.

D More Qualitative Results

We provide additional qualitative results on CSL-
Daily to complement the main results. In the fol-
lowing tables, green indicates accurate translations,
blue indicates semantically close expressions, and
red indicates incorrect, missing, or visually unsup-
ported content. These examples are intended to
illustrate representative generation behaviors rather
than serve as a substitute for quantitative evalua-
tion.

The additional cases show that CAPO-SLT pro-
duces accurate translations across both short and
long sentences. For short utterances, the model
often matches the reference exactly or differs only
in minor function words. For longer sentences,
CAPO-SLT maintains coherent event structures
and preserves key semantic units such as entities,
predicates, temporal expressions, and modifiers.
The remaining differences are mostly mild para-
phrases or local omissions, rather than large mean-
ing shifts. These examples provide qualitative sup-
port for the quantitative results reported in the main

paper.
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Table 13: Fine-grained error cases on CSL-Daily. The examples show that the remaining errors are mostly local
discrepancies, such as missing arguments, temporal mismatches, or minor wording differences, rather than complete

sentence-level failures.

Prediction

Reference

Observation

%%Eﬁﬁ%%?1%£%ﬁmﬁ

I need to buy a chair at the supermarket,
can you go and look for me too?

ETT, HERA-

It is snowing, and it is very cold now.

TIE T— 1A HERE -

I ordered a birthday cake.
HEURER TE, RE=-

I love snow in winter, it is so beautiful.

o BB R, BT
Younger brother loves playing soccer and
is physically strong.

RIARSAE, METEGH T -

The flight was canceled due to bad
weather.

YR B B AP IR R

Is the lunch at your company good?

HELBT LT, REG?
I need to go to the supermarket to buy a
chair, do you want to come?

FET, 4K R4

It is snowing, and it is very cold today.

o BIR 2T — M HEE.
I ordered a birthday cake for you.
HENLER, PTEKET -

I love winter, the snow is so beautiful.

L FHEWG LB, SR F-
My younger brother loves playing soccer
and is very physically fit.

BRI RS, WL AEEUE T -
The airplane flight was canceled due to
bad weather.

PR RIS B AR

How does the lunch at your company
taste?

The main event is preserved, but the
motion and question structure are para-
phrased into a different intent.

The translation is semantically close,
with a minor temporal expression mis-
match.

The core action and object are correct,
but the beneficiary argument is omitted.
The meaning is largely preserved, while
the attachment between season and snow
is expressed differently.

The main content is correct, but posses-
sive and degree modifiers are missing.

The event is correctly translated, with a
minor missing nominal modifier.

The output is a valid paraphrase that pre-
serves the intended question.

Table 14: Additional qualitative examples on CSL-Daily with short sentences. CAPO-SLT generally preserves key
entities, attributes, and temporal expressions in short utterances.

Prediction Reference
SRREABERR - SRREBERR -
It is a bit cold today. It is a bit cold today.
RAEFRA SR - RIERHAS

I was a little tired yesterday.
PRECB AL — /N

You woke up an hour earlier than me.
XFMET B ARE?

What do you think of these pants?
XALE KPR

This teacher has a very high level of teaching ability.

XA PR RS -

This game has an anti-addiction system.
HATAAEER L -

We do not want to graduate.

R B AR 2 -

Adolescence is the period when the body matures.

B ER A
We must respect objective laws.

LS RATHEMA KT THIEARL -

Learning is the key to unlocking the door to knowledge.

W R EBINAER KA EE -

Finding a girlfriend is my biggest goal right now.

Foz P E L5
I love the Communist Party of China.

SWEERFZHEARS -

The conference room is equipped with a multimedia system.

VR A T Sk i -

You have a knack for business.

I was a little tired yesterday.

IRECH R —/ N .

You woke up an hour earlier than me.

X AT B LRE?

What do you think of these pants?
XL T R 2B K PAR g

This teacher has a very high level of teaching ability.

XHAFRE PR RS -
This game has an anti-addiction system.

HATAAREE -

We do not want to graduate.

R B A AR 2 -

B EE A

Adolescence is the period when the body matures.

We must respect objective laws.

ST RFTHFEIR R THIEA R -

Learning is the key to unlocking the door to knowledge.

Pl R RTINS AT -

FEPEITR

Finding a girlfriend is my biggest goal right now.

I love the Communist Party of China.

SWEBFTEZHRAERS -

The conference room is equipped with a multimedia system.

R A R A2k -

You have a knack for business.
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