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Abstract

When the complete source sentence is provided,
Large Language Models (LLMs) perform ex-
cellently in offline machine translation even
with a simple prompt "Translate the follow-
ing sentence from [src lang] into [tgt lang]:".
However, in many real scenarios, the source
tokens arrive in a streaming manner and si-
multaneous machine translation (SiMT) is re-
quired, then the efficiency and performance
of decoder-only LLMs are significantly lim-
ited by their auto-regressive nature. To en-
able LLMs to achieve high-quality SiMT as
efficiently as offline translation, we propose
a novel paradigm that includes constructing
supervised fine-tuning (SFT) data for SiMT,
along with new training and inference strate-
gies. To replicate the token input/output stream
in SiMT, the source and target tokens are rear-
ranged into an interleaved sequence, separated
by special tokens according to varying latency
requirements. This enables powerful LLMs
to learn read and write operations adaptively,
based on varying latency prompts, while still
maintaining efficient auto-regressive decoding.
Experimental results show that, even with lim-
ited SFT data, our approach achieves state-
of-the-art performance across various SiMT
benchmarks, and preserves the original abilities
of offline translation. Moreover, our approach
generalizes well to document-level SIMT set-
ting without requiring specific fine-tuning, even
beyond the offline translation model'.

1 Introduction

Simultaneous machine translation (SiMT) (Gu
et al., 2017) is a critical technique for enabling
seamless cross-linguistic communication in real-
time scenarios, such as international conferences.
Unlike offline machine translation (OMT), where
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English: Avalanche at Washington state ski resortKkills 1, traps 5
Chinese: fLRETMB T MM A =T A, &AL 1 AL, 5 AHE
Fixed policy (read 4 words per step by Conversational SimulMT)
Avalanche at Washington state f£ 25§ M £9 5 55
skiresortkills 1, 778 5 E{RMMIEMIAILT,
traps 5 5 A #% &

Adaptive policy (use our EAST method)
Avalanche at Washington state ski resort fe B8 8 /8 F 7 & 4 5 5
kills 1, traps 5 &R 1AL T, SAA BLEU: 72.04

BLEU: 42.03

Figure 1: Examples of fixed policy and adaptive policy.
The fixed policy (Conversational SimulMT) reads a pre-
determined number of words per step, leading to trans-
lation errors due to incomplete semantic understanding
(e.g., prematurely translating "Avalanche at Washington
state" as "TERXHM AYE B"). In contrast, EAST uses a
adaptive policy and recognizes the incompleteness of
the semantic context and continues reading more words
until "ski resort", resulting in the correct translation.

the entire source sentence is available before trans-
lation begins, SIMT systems start translating before
receiving the complete input, achieving a balance
between translation quality and latency.

Large language models (LLMs) have achieved
significant advances in OMT, demonstrating im-
pressive capacity when translating full sentences
in offline settings (Xu et al., 2024a,b; Ye et al.,
2025). However, their application to SiMT re-
mains underexplored and faces several significant
challenges. First, most existing SiMT models
(Zhao et al., 2023; Guo et al., 2024b; Raffel et al.,
2024) are typically trained on OMT data due to
the scarcity of SiMT-specific datasets. This train-
ing setup does not align well with the demands of
SiMT, which hinders the model’s ability to learn
how to translate effectively with incomplete in-
put (Wang et al., 2023b; Sakai et al., 2024). Sec-
ond, many SiMT approaches focus on optimiz-
ing prompt structures to simulate SIMT for LLMs
(Wang et al., 2023a; Koshkin et al., 2024a,b; Guo
et al., 2024b; Agostinelli et al., 2024; Cheng et al.,
2024), as shown in Figure 2(a), which requires re-
computing the key-value (KV) cache as the prompt
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<prompt>
English: We watch movie
German: German: Wir

! o

<prompt>

> English: We watch movie at

<prompt>
:-- English: We watch movie at home.
German: Wir schauen

|

Large Language Models

l write 1 word l write 1 word

update prompti

schauen

l write until <eos> is emitted
update prompt
Filme zu Hause.

(a) Previous LLM SiMT with R/W policy, e.g., wait-3: p(y:—2|x<¢, y<¢—3), where KV cache needs to re-calculate as ¢ increments.
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(b) The inference process of EAST in auto-regressive manner p(cy|cf, cY, ..

.,€¢ ), where c; is the ¢-th chunk of source or target.

Figure 2: Comparison between existing LLM-based SiMT methods and our EAST. (a) Existing LLM-based SiIMT
typically reuses the sequence organization X<, y<, leading the prompt to generate new target tokens always
changing. (b) Our inference follows the nature of auto-regressive decoding without recalculating the KV cache. For
simplicity, we use <|eor |> and <|eow|> to represent the special tokens without hurting readability.

changes continuously with the update of the source
and target. This recomputation significantly in-
creases the computational cost and inference la-
tency, limiting the efficiency of SIMT systems (Raf-
fel et al., 2024). Lastly, LLMs-based methods typ-
ically employs fixed policies (Wang et al., 2023a;
Agostinelli et al., 2024; Sakai et al., 2024; Wang
et al., 2024; Raffel et al., 2024), such as the wait-k,
for their simplicity. However, these methods fail
to adaptively adjust its read/write actions based on
sentence structure and context, leading to subopti-
mal translation quality, as shown in Figure 1.

In this paper, we introduce EAST, an Efficient
and Adaptive Simultaneous machine Translation
method with LLMs, which aims to achieve high-
quality SiMT as efficiently as offline transla-
tion. Specifically, we first leverage the instruction-
following capability of LLMs to generate the SIMT
data (Sakai et al., 2024) with different latency lev-
els (low, medium, and high). Two SiMT datasets
are constructed for supervised fine-tuning (SFT),
including the German-English dataset SiMT-De-
En-660K and the multilingual dataset SiMT-Multi-
90K. We structure the SFT data by alternating be-
tween the source and target segments of the gen-
erated SiMT data and introducing two special to-
kens (<|end-of-read|> and <|end-of-write|>)
as explicit read-write signals. By performing SFT

on this structured data on the LLLMs, it can learn to
effectively determine when to read more source
input and when to generate the translation. A
two-stage fine-tuning process is conducted to en-
hance its multilingual translation capabilities, with
full-weight fine-tuning on the SiMT-De-En-660K
dataset, followed by LoRA (Hu et al., 2022) fine-
tuning on a combination of the SIMT-Multi-90K
and Off-Multi-120K datasets. During inference,
EAST employs an adaptive read-write policy that
aligns with its SFT recipe. The model predicts
token-by-token and then dynamically switches be-
tween read and write actions based on whether the
predicted token is a read or write signal. Due to
the auto-regressiveness of our token input/output
(I/0) sequence, where new source input and target
translations are incrementally appended, EAST can
efficiently reuse the KV cache without modifying
historical sequence. This significantly reduces com-
putational costs and inference latency, improving
the overall efficiency of SIMT. A comparison to
highlight the main difference between the previous
LLM SiMT and ours is shown in Figure 2. Ex-
perimental results show that EAST achieves high-
quality SiMT across eight translation directions and
near-offline decoding speeds, without compromis-
ing offline translation performance, and generalizes
well to document-level SiMT.
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Our contributions are summarized as follows:

* We construct two novel latency-aware
datasets, including a German-English dataset
(SiMT-De-En-660K) and a multilingual
dataset (SiMT-Multi-90K), where latency-
awareness is often neglected in SiMT studies.

* We propose a novel LLM-based adaptive
read/write policy which achieves high-quality
SiMT as efficiently as offline model. To the
best of our knowledge, this is the first efficient
and adaptive LLM-based SiMT method.

* Experimental results on multilingual and
document-level test sets demonstrate the ef-
fectiveness of our method, where document-
level evaluation is particularly underexplored
in prior work.

* Our findings reveal that only 10K SiMT exam-
ples may be sufficient to achieve commend-
able translation quality, offering valuable in-
sights for future research.

2 Related Work

Traditional SiMT SiMT requires starting trans-
lation before the full source sentence is available,
aiming to balance translation quality and latency.
To achieve this, a read-write policy is introduced
to determine whether to wait for more input or be-
gin translating. Traditional SiMT models are often
built on encoder-decoder architectures, with fixed
or trainable policies. The widely studied fixed wait-
k policy (Ma et al., 2019; Elbayad et al., 2020;
Zhang and Feng, 2021; Zhang et al., 2023a; Fu
et al., 2023) is simple but struggles with complex
contexts or non-monotonic language pairs (Zhang
et al., 2022). Adaptive policies, which dynamically
determine when to read and write, offer improved
translation quality. To enable models to learn effec-
tive read-write decisions, a variety of techniques
have been applied, including reinforcement learn-
ing (Gu et al., 2017; Arthur et al., 2021; Miao et al.,
2021), dynamic programming (Miao et al., 2021;
Liu et al., 2021; Fu et al., 2024), data augmenta-
tion (Zhang et al., 2020; Deng et al., 2023), infor-
mation transport theory (Zhang and Feng, 2022),
Hidden Markov Models (Zhang and Feng, 2023),
and decoder-only architecture (Guo et al., 2024a).
LLM-based SiMT Recent studies have explored
leveraging LLMs for SiMT, but traditional adaptive

policies in encoder-decoder architectures not well-
suited for LLMs. Some approaches (Wang et al.,
2023a; Koshkin et al., 2024a,b; Agostinelli et al.,
2024) optimize prompts with a fixed wait-k policy.
Others, like the Agent-SiMT (Guo et al., 2024b),
combine traditional adaptive SiMT models to guide
read/write decisions. However, these approaches
face issues: updating prompts during inference
prevents KV cache reuse, leading to increased re-
computation and latency, and Agent-SiMT requires
training an additional SiMT model, complicating
the process. Recent efforts (Sakai et al., 2024;
Cheng et al., 2024) use LLMs to generate SIMT
data for adaptive policy learning but still struggle
with inefficiencies in LLM-based SiMT systems.

To improve translation efficiency, Wang et al.
(2024) introduce the Conversational SimulMT
framework, which employs a multi-turn dialogue
decoding approach with generating SFT data by
segmenting parallel sentences with an alignment
tool. However, the method employs a fixed pol-
icy during inference that reads a fixed number of
words at each step, leading to a mismatch with the
fine-tuning process. The differences between Con-
versational SimulMT and our method are described
in the Appendix A. Moreover, SimulMask (Raffel
et al., 2024) improves prompt-based efficiency by
introducing a policy-specific attention mask during
fine-tuning. It mimics inference behavior, limit-
ing target token attention to the relevant source
prompt. However, its complex masking requires
prior knowledge of policy decisions, making it un-
suitable for adaptive policies.

In addition, these SiMT methods primarily focus
on leveraging the translation capabilities of LLMs,
without exploring the adaptive read-write policies
and generalization abilities. Unlike previous meth-
ods, EAST enables the LLMs to learn adaptive
read-write policies in various latency requirements,
and utilizes an interleaved text structure to sig-
nificantly improve the inference efficiency of the
LLMs while maintaining consistency between fine-
tuning and inference.

3 Methods

In this paper, we propose EAST, an Efficient
and Adaptive Simultaneous machine Translation
method with LLMs, which involves three key com-
ponents: the construction of SiMT data, the train-
ing of the LLMs on the SFT data, and the inference
with adaptive read-write policy.
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3.1 SiMT Data Curation via Latency-aware
Chunk Segmentation

The availability of SiMT-specific datasets is scarce,
and the annotation by professional interpreters is
time-consuming and expensive. To address this is-
sue, we leverage the powerful instruction-following
capability of LLMs after RLHF (Ouyang et al.,
2022) (e.g., GPT-4 (OpenAl et al., 2024)) and de-
sign a prompt that instructs LLMs to act as a pro-
fessional simultaneous interpreter, segmenting sen-
tences into independent semantic chunks and gen-
erating corresponding translations for each chunk.

In practice, SIMT must accommodate varying
latency requirements depending on different use
cases, such as live broadcasts that prioritize low
latency and formal conferences that demand high-
quality translation with higher latency. Impor-
tantly, different latencies naturally influence how
sentences are segmented, reordered, and translated.
Therefore, we prompt LLMs to generate SiMT
data at three latency levels: "low", "medium", and
"high". The prompt template is provided in Fig-
ure 19 in Appendix. Concretely, given a language
pair x1.7,, y1.7,, the LLM output of the proposed
low latency prompt can be represented as follows:

X].:Tz = [C:fv T ’C%low]’ (1)

.'Y1:Ty - {cgv e ’C%low]’ (2)

where ¢!/ is the ¢-th semantic chunk of source or
target. With simple length filtering, the two chunk
sequences should be well aligned with the same
length. Similarly, we can obtain the medium and
high latency output. In general, for the same pair,
we have Tiow > Tinedium = Thigh‘

In this study, we curated a dataset of 660K SiMT
samples by extracting language pairs from the
WMT15 De-En training data, allocating one-third
of the samples to each latency requirement. While
existing LLM-based SiMT methods typically train
separate models for different language pairs (Guo
et al., 2024b; Raffel et al., 2024), they often over-
look the inherent multilingual capabilities of LLMs.
In contrast, we constructed a smaller multilingual
SiMT dataset of 90K samples encompassing eight
translation directions.

3.2 Training LLMs with SFT

To tackle the challenge proposed at the beginning
of this section, we propose a two-stage SFT training
process on the two curated SiMT datasets.

Stage I: Activate SIMT of LLMs The objective
of this stage is to teach the LLMs how to perform
adaptive simultaneous translation by learning when
to read and write in our designed format. To enable
the model to learn these adaptive behaviors, we
reorganized the aligned chunks in the SiIMT data by
interleaving between source and target chunks and
introduce two special tokens (<|end-of-read]|>
and <|end-of-write|>), i.e.,

[c],<leor|>cY <|eow|>, -,

ct,<|eor|> cf, <|eow|>]. (3)

The special tokens act as explicit signals for the
model to transition between reading and writ-
ing. The SiMT annotation process shows that
each chunk contains enough semantic meaning for
LLMs to carry out translations, ensuring that se-
quence reorganization does not lead to any loss of
information for the model’s reading or writing de-
cisions. Since the annotation process also encodes
the degree of fragmentation into latency indica-
tor tokens—"low", "medium" or "high", the SFT
can effectively guide the model to adapt to vary-
ing latency requirements. Figure 18 provides a
comprehensive example of the SFT data.

We train for one epoch during this stage on the
larger SIMT-De-En-660K, employing full parame-
ter tuning. As SiMT defined in our proposed format
is generally a novel task for LLMs, full parameter
tuning ensures that the LLM can effectively and
successfully learn the auto-regressive SiMT. Train-
ing for just one epoch helps mitigate the risk of
overfitting during the full parameter tuning.

Stage II: Generalize to Multilingual SIMT As
the LLM acquires its auto-regressive SiMT capabil-
ity in Stage I, its inherent multilingual proficiency
enables it to generalize to multilingual SiMT, even
with limited SFT data. Consequently, we apply
LoRA (Hu et al., 2022) fine-tuning to a smaller
multilingual dataset of 90K instances including
eight language directions. Additionally, during this
stage, we incorporate an OMT task to bolster the
model’s ability to translate full sentences and en-
hance overall translation performance. In fact, we
can view offline translation as a specific instance of
SiMT by treating the entire sentence as a complete
semantic chunk, e.g., x1.7 = cf.

Loss In previous LLM-based SiMT methods
(Wang et al., 2024), loss calculation w.r.t. source
text is typically masked out, as it does not con-
tribute to the training. However, in our case, the
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cross-entropy loss is calculated on both the tar-
get text and the source text, as well as on special
tokens. The primary goal is to align with the auto-
regressive design of interleaved sequences and es-
tablish the appropriate reading and writing timing.

3.3 Efficient Inference for Adaptive SiMT

Unlike Conversational SimulMT (Wang et al.,
2024), which adopts a fixed policy (e.g., reading a
fixed number of tokens at each step) during infer-
ence and suffers from a mismatch between train-
ing and inference phases, EAST performs auto-
regressive token-by-token prediction aligned with
the training process as shown in Figure 2(b). The
process unfolds in two main phases:

Read-Predict-Discard During the read phase,
the model sequentially receives source tokens and
predicts the next token. If the predicted token
is not <|end-of-read|>, it is discarded, and the
next source token is appended to the current source
chunk. Once <|end-of-read|> is predicted, the
model transitions to the translating phase. Note
that the discarding operation in the read phase does
not violate the incremental appending of contexts,
enabling EAST to efficiently utilize KV-cache for
faster generation.

Predict-Append Once the model enters the
translation phase, it directly begins predicting
the next token. If the predicted token is not
<|end-of-write|>, it is appended to the current
target chunk. When <|end-of-write|> is pre-
dicted, the model completes the current translation
and returns to the reading phase.

Similar to the training phase, inference con-
trols latency through indicator tokens—"low",
"medium", or "high". Interestingly, an Interpo-
lation Effect is observed, allowing for generaliza-
tion to other latency levels using indicator tokens
such as "low-medium" or "medium-high". Conse-
quently, we can gather 3 to 5 observations to draw
the BLEU-AL curve.

4 Experiments

4.1 Experimental Settings

Datasets Following ALMA (Xu et al., 2024a), we
collect test data from WMT17 to WMT21, cover-
ing the 8 language directions: De<+En, Zh<>En,
Ru<«+En, and Cs<>En, and refer to this collection
as Off-Multi-120K for OMT training. As intro-
duced in the previous section, the primary SiMT
SFT dataset to initiate novel task learning is SIMT-

32

- 4~ EAST-Stage-I w/ Llama3

.(/ —aA— EAST-Stage-I w/ Llama2
y onv

SacreBLEU

SimulMT w/ SiMT-De-En-660K

28 |-

24 1) L I

Figure 3: BLEU vs. AL on WMT15 De—En test set.

De-En-660K, derived from the WMT15 De—En
training dataset. In addition, we construct a smaller
multilingual SiMT SFT dataset, SIMT-Multi-90K,
derived from Off-Multi-120K dataset>. As shown
in Table 5 of Appendix, the sentence-level test
data is extracted from WMT22 across the same
8 translation directions as the OMT data. The
majority of existing research primarily focuses on
sentence-level evaluation. However, in many real-
world applications, such as speech delivery, the
input for SIMT often comes at the document level
rather than isolated sentences. Moreover, LLMs
have demonstrated impressive capabilities in long-
form generation. Thus, we directly evaluate EAST
on WMT22 document-level test data without ad-
ditional fine-tuning.

Metrics For quality evaluation, we use auto-
matic metric—SacreBLEU? to compute the corpus-
level BLEU, along with neural evaluation metrics
BLEURT* (Sellam et al., 2020; Pu et al., 2021)
and COMET? (Rei et al., 2020, 2022). For latency
evaluation, we adopt Average Latency (AL) (Ma
et al., 2019), computation-aware AL (AL-CA)°,
and Length-Adaptive AL (LAAL) (Papi et al.,
2022). In addition, we use Word Wall Time (WWT)
(Wang et al., 2024) to evaluate the model’s decod-
ing speed by calculating the actual inference time
per word. For the implementation details of our
model, please refer to Appendix D.

System Settings In this paper, we conduct compar-
ative experiments between EAST and the following
baselines. We employ the same training setup as

2See Appendix C for details of data processing.

Shttps://github.com/mjpost/sacrebleu

*BLEURT-20

Swmt22-comet-da

®The AL-CA metric is calculated by adding the machine
processing time to the policy delay .
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Figure 4: SacreBLEU against AL on the WMT22 X—En and En—X test sets.

EAST in these baselines.

* EAST: The proposed pipeline includes two-
stage training, i.e., full-weight fine-tuning on
SiMT-De-En-660K followed by LoRA fine-
tuning on SiMT-Multi-90K and Off-Multi-
120K datasets.

o EAST-Stage-I: Full-weight fine-tuning on the
SiMT-De-En-660K dataset.

* Conversational SiMT (Wang et al., 2024): It
first generates SIMT data by segmenting par-
allel sentences using an alignment tool, and
then formats it into a multi-round dialogue
prompts for SFT. During inference, it reads k
tokens each step and then incrementally de-
codes them.

e Llama3-MOMT: LoRA fine-tuning on the
Off-Multi-120K dataset for OMT using
Llama-3-8B-Instruct as the base model.

* Llama3-MOMT w/ wait-k: Applying the
wait-k policy on the trained Llama3-MOMT
model for streaming inference.

4.2 Main Results

SiMT WMT15 De—En To compare with the pre-
vious SOTA models, We first evaluate our method
on the WMT15 De—En test set. As Figure 3 shows,
we compare our method with two categories of
baselines: (1) Traditional SiMT methods, including

ITST (Zhang and Feng, 2022), Mono-KD (Wang
et al., 2023b), and SM2-Bi (Yu et al., 2024); (2)
LLM-based SiMT methods, including Agent-SiMT
(Guo et al., 2024b) and Conversational SimulMT
(Wang et al., 2024). Our EAST-Stage-I achieves su-
perior BLEU-AL curves, outperforming these tra-
ditional approaches with a large margin. We admit
that the LLMs are typically pre-trained on exten-
sive multilingual corpora, giving them an inherent
advantage over smaller SiMT models. However, it
is important to recognize that our definition of auto-
regressive SIMT with an adaptive policy represents
a completely novel challenge for LLMs, and the
size of our SFT dataset considerably smaller than
that of these methods. In addition, even the recent
LLM-based SiMT method Conversational SiMT
and Agent-SiMT can only achieve on-par perfor-
mance with traditional SiMT methods and does not
show significant advantages.

When Conversational SiMT is trained on our
SiMT-De-En-660K dataset, it achieves more than
a2 BLEU improvement across all latency settings
compared to its original counterpart with a larger
dataset (4M examples). This demonstrates the ef-
fectiveness of our dataset. When incorporating
our adaptive policy (EAST-Stage-I), we observe an
additional 0.9 BLEU improvement, showing the
effectiveness of our policy. Upgrading the back-
bone model from Llama?2 to Llama3 results in +0.5
BLEU in low-latency regions and +1 BLEU in
high-latency regions.
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Method Low Low-Medium Medium Medium-High High
Conversational-SiMT ~ 47.85/2.18  47.29/3.62  45.68/4.72  43.04/593  32.70/10.75
EAST 38.98/2.64 38.60/295 3525/4.68 3388/646  32.12/10.22

Table 1: PPL and AL results on the WMT22 En—Zh test set at different latency settings.

Models De—En Zh—En Ru—En Cs—En Average
BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET
GPT4 . 3587 8562 27.20 | 8299 4351 8618 4867 8743 @ 3831 8551
Bayling-7B 28.16 83.19 20.31 77.48 34.74 82.48 35.98 82.03 29.80 81.30
ALMA-7B-LoRA  29.56 83.95 23.64 79.78 39.21 84.84 43.49 85.93 33.98 83.63
Llama3-MOMT 31.98 84.89 25.48 81.26 39.83 85.19 44.92 86.23 35.55 84.39
EAST 32.55 84.77 23.80 80.86 39.83 85.04 45.61 86.20 3545 84.22
Models En—De En—Zh En—Ru En—Cs Average
BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET
(GPT4 3538 8744 4398 8749 3045 8887 3453 9077 3609 8864
Bayling-7B 25.66 82.18 38.19 84.43 14.85 74.72 15.64 76.85 23.59 79.55
ALMA-7B-LoRA  30.16 85.45 36.47 84.87 26.93 87.05 30.17 89.05 30.93 86.61
Llama3-MOMT 30.45 85.63 40.68 86.53 24.83 87.27 27.92 88.36 30.97 86.95
EAST 30.84 85.49 40.17 86.31 26.79 87.13 26.63 88.17 31.11 86.78

Table 2: Offline results on the WMT22 X—En and En—X test sets.

SiMT WMT22 X<+En We further evaluate EAST
on the WMT?22 X<«+En test sets, as shown in Fig-
ure 4. We compare EAST with two LLM-based
baselines: Llama-MOMT w/ wait-k and Conver-
sation SimulMT, where Conversation SimulMT is
reproduced based on the Llama3 backbone model
with EAST’s SFT data and the two-stage training
method for fair comparisons. Llama-MOMT w/
wait-k shows inferior translation quality in all la-
tency areas due to the limitations of the fixed pol-
icy. Compared to Conversation SimulMT, EAST
achieves higher BLEU in all latency regions across
eight directions, with an average improvement of
1.5 BLEU in low latency regions. In the En—Zh
direction, while Conversational SimulMT achieves
a higher BLEU at high latency area, it is lower
than EAST in COMET and BLEURT metrics, as
shown in Figures 8 and 9. These metrics better
reflect semantic quality that better correlate with
human judgments, whereas BLEU primarily mea-
sures surface-level n-gram overlap with the refer-
ence. This result can be attributed to the fixed
policy used in Conversational SimulMT. It often
generates translations before the complete seman-
tic context is available, which can lead to surface-
level matches with the reference (thus increasing
BLEU), but at the cost of semantic completeness or
fluency—resulting in lower COMET and BLEURT
scores. To further verify this, we use L1ama-3-8B

to compute the PPL of translations. As shown in
Table 1, EAST achieves lower PPL scores across
all latency levels, demonstrating that its transla-
tions are more fluent and semantically coherent. A
detailed comparison of the COMET and BLEURT
metrics is provided in the Appendix E.1.

Offline Performance We also evaluate the perfor-
mance of offline translation on the WMT?22 test set,
as presented in Table 2. Our results are superior
to previous studies, Bayling (Zhang et al., 2023b)
and ALMA (Xu et al., 2024a), except for a slight
lag in En—Cs. Compared to OMT model Llama3-
MOMT and other variants, EAST maintains com-
parable or superior offline translation performance
across the eight language directions, indicating that
our two-stage SFT process effectively maintains
translation quality for OMT.

In summary, these results highlight that EAST
not only excels in high-quality simultaneous trans-
lation but also ensures that the offline translation
capabilities are not compromised.

4.3 Zero-Shot Generalization to
Document-level SiMT

Since real-world applications often involve stream-
ing inputs that are typically long and unsegmented,
we further evaluate the EAST directly on the
document-level test set from WMT22 De/Ru—En
without fine-tuning on document-level data. In our
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Method BLEU (1) AL () AL-CA(})  WWT (ms) ()
EAST-offline 32.55 14.62 15.22 38.96

EAST 29.87/31.08/32.38  2.59/3.42/5.87 3.26/4.29/6.55  49.87 (+£1,21)
Llama3-MOMT w/ wait-k ~ 26.50/27.60/28.95  2.70/3.63/5.44  3.69/4.69/6.43  977.2 (+4.49)

Table 3: Comparison of inference latency and speed on WMT22 De—En test set. The BLEU, AL, and AL-CA
scores are given for low, medium, and high latency settings respectively. WWT refers to the actual inference time
per word and is reported as mean and standard deviations (in parentheses) over the three latency.
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Figure 5: SacreBLEU-LAAL curves on the WMT22
document-level De/Ru—En test set. Methods labeled
with “-Off" refer to offline translation, i.e., including
the entire document in the prompt. Methods marked
with “-Si" denote simultaneous translation, involving
the streaming input.

experiments, the document-level test set is derived
from the same data as the sentence-level set but
without sentence segmentation. The results w.zz.
the corpus BLEU are depicted in Figure 5. EAST
shows superior performance in document-level set-
tings, as this enhancement is due to the model’s
improved ability to leverage historical context, thus
enhancing translation accuracy and coherence.

Originally, document-level offline translation
was expected to be one of the strongest capabil-
ities of LLMs. Surprisingly, our proposed EAST
model significantly outperforms both EAST and
Llama3-MOMT in offline performance within a
document-level context. This discrepancy in previ-
ous works may arise from models being trained ex-
clusively on sentence-level data, which can lead to
a training-inference mismatch during offline trans-
lation. Additionally, the long context of the source
document may contribute to forgetting issues dur-
ing the generation of the target document. However,
our training approach, which alternates between
source and target texts, effectively minimizes these
mismatches. These results indicate that EAST is
better suited for longer text sequences, making it
particularly suitable for streaming scenarios.

Moreover, it can be observed that there is a
significant rightward shift on the document-level

BLEU-LAAL curve of the wait-k£ method (Llama3-
MOMT Doc-Si) compared to its sentence-level
counterpart (Llama3-MOMT Sent-Si). Our statisti-
cal data indicates that English texts are substantially
longer than their German and Russian counterparts
in document-level test set—averaging 16.1 words
longer than German and 35.8 words longer than
Russian. This discrepancy is much greater than
in the sentence-level test set, where English texts
are only 2.2 and 3.1 words longer, respectively. In-
stead, EAST uses an adaptive read/write policy that
effectively mitigates the above problems.

4.4 Inference as Efficient as Offline

In this section, we measure the overall efficiency
of the EAST model on an NVIDIA A100 through
computation-aware latency (AL-CA) and decoding
speed (WWT), as shown in Table 3. EAST achieves
comparable translation performance to its offline
counterpart EAST-offline with lower latency, and
significantly outperforms Llama3-MOMT w/ wait-
k method under similar latency conditions. For
decoding speed, Llama3-MOMT w/ wait-k shows
the slowest inference speeds, taking up to 977.2ms
to generate a single word. This inefficiency is at-
tributed to the inability of this method to efficiently
utilize the KV cache, necessitating the re-encoding
of historical content at each decoding step, which
limits its practical use in real-time scenarios. Con-
versely, EAST efficiently leverages KV-cache dur-
ing inference, taking only 49ms to decode a word,
achieving comparable decoding speeds to its offline
counterpart (38.96ms per word). This small differ-
ence of about 10ms shows that EAST maintains
near-offline efficiency, even under the streaming
input conditions of SiMT.

4.5 How Many Examples Are Needed to
Teach LLMs the Novel SiMT Task?

In this section, we investigate the data size re-
quired for efficiently training LLMs on the novel
SiMT task based on the SIMT-De-En-660K dataset.
Figure 6 illustrates the changes in BLEU and AL
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Figure 6: BLEU scores (left y-axis ) and AL values (right y-axis ) over data size. We use log scale for scale the
x-axis to more clearly observe the effect of data size. The original plots are also provided in Figure 7.

scores with data sizes for different latency settings—
“low", “medium", and “high". First, there is a signif-
icant improvement in BLEU score as the data size
increases to about 10K. Beyond this point, the rate
of increase in BLEU score diminishes. Similarly,
AL metrics also decrease notably as the data size
reaches around 10k, before stabilizing or showing
minor fluctuations. This pattern is consistent across
all latency settings, indicating a general learning
behavior of the model: rapid enhancements in trans-
lation quality are achieved with the first 10K exam-
ples, followed by a phase where the model focuses
on refining its read/write policy across different
latency levels, up to 100k examples.

The results suggest that a relatively small dataset
of just 10K SiMT examples may be sufficient to
achieve commendable translation quality. This
finding aligns well with our multilingual dataset,
which contains approximately 10K examples per
language, facilitating good performance across dif-
ferent languages. Moreover, expanding the data
size (up to 100K examples) can further optimize
the model’s read/write policy.

More analysis are included in the Appendix.
Appendix E.2 analyzes the performance of EAST
under various training strategies. Appendix E.3
compares the hallucination rate of different meth-
ods. Appendix E.4 evaluates the quality of differ-
ent translation policies. Appendix E.5 explores
the impact of different backbones on translation
performance. Appendix E.6 compares the SIMT
performance of EAST with GPT-4. Appendix E.7
evaluates the fluency of EAST translations.

5 Conclusion

In this paper, we introduce an Efficient and
Adaptive Simultaneous Translation method using

LLMs, EAST, designed to achieve high-quality
SiMT with the efficiency of offline systems. By
constructing SFT data, leveraging an interleaved
token structure with explicit read-write signals
and incorporating latency-aware prompts, EAST
enables LLMs to perform adaptive reading and
translation based on varying latency requirements.
Our experimental results demonstrate that EAST
not only achieves state-of-the-art performance on
SiMT benchmarks but also maintains high-quality
translations in offline settings. Additionally, EAST
shows excellent generalization to document-level
SiMT, highlighting its suitability for streaming
translation in real-world scenarios.

Limitations

The proposed method assumes an idealized setting
where the input is clean and fluent. In real-world
applications, however, simultaneous translation of-
ten involves noisy or disfluent input. The model’s
performance under such conditions has not been
evaluated. Additionally, our approach is designed
and evaluated for simultaneous text-to-text trans-
lation tasks, leaving the domain of simultaneous
speech-to-text translation unexplored.
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A Key Differences from Conversational
SimulMT

A.1 Data Construction

Conversational SimulMT relies on an alignment
tool and multi-step data augmentation to create
SiMT data. However, this approach has significant
limitations: (i) The resulting subsequences may
not represent meaningful semantic units. (ii) The
data construction method is based on offline par-
allel data, which introduces a domain mismatch
with the SIMT paradigm. (iii) The word align-
ments generated by the alignment tool fast_align
used in Conversational SimulMT have an error rate
of approximately 30%, potentially degrading the
quality of synthetic data and leading to suboptimal
performance.

In contrast, EAST leverages GPT-4 to segment
source text into independent semantic units and
generate corresponding simultaneous translations,
effectively mitigating these issues. Moreover, our
data construction considers varying latency levels,
as the models should generate different translations
for different latency requirements, an important
consideration often overlooked in prior works. As
shown in Figure 3, when training our SiMT-De-En-
660K dataset in Conversational SimulMT format,
we observe a consistent performance improvement
of 2 BLEU across all latency settings. Notably, our
dataset (660K samples) is an order of magnitude
smaller than that of Conversational SimulMT (4M
samples). Moreover, the results in Figure 6 show
that only 10K SiMT examples may be sufficient to
achieve commendable translation quality.

This concludes that a limited amount of high-
quality, latency-aware aligned data is more effec-
tive than large-scale, tool-aligned data.

A.2 Training for Adaptive Read/Write Policy

In Conversational SimulMT, the SFT data is struc-
tured into a chat (or message API) format during
training, and only the loss on target tokens is com-
puted to optimize the LLM’s translation ability
for incomplete text. However, during inference,
it adopts a fixed policy (e.g., reading a fixed num-
ber of tokens at each step), leading to a mismatch
between training and inference phases. In contrast,
EAST introduces the training method the same as

the pretraining, i.e., or next-token prediction (or
completion API) format, to learn an adaptive read-
/write policy. Particularly, the loss is computed
across source, target, and read/write tokens. This
not only optimizes the translation performance but
also enables LLMs to model adaptive read/write
behaviors based on context, ensuring consistency
between training and inference. As a result, EAST
can effectively segment and translate source text
into appropriate semantic units based on latency re-
quirements specified by the instructions, achieving
a latency-specific adaptive read/write policy.

B Data Statistics

The data statistics for our SIMT and OMT datasets
are illustrated in Table 4 and 5, respectively.

C Data processing

For each sentence pair from WMT15 De—En train-
ing set, we first filter out source sentences with
less than 20 words. We then utilize LLMs to
generate SIMT chunk sequences at three differ-
ent latency levels, as outlined in Eq.(2), while fil-
tering out invalid examples generated by LLMs
with unequal numbers of source and target chunks.
We found that such mismatches often result from
non-monotonic translations. Next, we compute
BLEURT scores between the LLM-generated trans-
lations and the ground-truth references, removing
examples with scores below 80 to ensure transla-
tion quality. Additionally, we merge any chunk that
contains fewer than two words (or four characters
for Chinese) with its subsequent chunk to avoid
overly short segments. This processing pipeline
ensures that the final dataset is well-aligned and
preserves monotonicity.

D Implementation Details

Our implementation is based on LLaMA-Factory’
(Zheng et al., 2024). We train our models using
Llama-3-8B-Instruct (Dubey et al., 2024) as the
backbone, with full parameter tuning on Stage I and
LoRA tuning on Stage II. All models are trained
on 8 Nvidia A100 GPUs with a total batch size of
256, a learning rate of le-5, a cosine learning rate
scheduler, a warm-up ratio of 0.1 and a maximum
sequence length of 1024. The number of epochs is
set to 1 for full parameter tuning and 2 for LoRA
tuning, respectively. When using LoRA, the LoRA

"https://github.com/hiyouga/LLaMA-Factory
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Figure 7: BLEU scores (left y-axis ) and AL values (right y-axis ) over data size using normal scale.
SiMT-Multi-90K SiMT-De-En-660K
Latency
De—En Zh—En Ru—En Cs—En En—De EN—Zh En—Ru En—Cs Total De—En
Low 3,325 1,635 3,642 2,507 3,267 2,423 4,945 4,226 25,970 230,902
Medium 3,631 2,763 3,719 2,472 3,997 2,433 5,830 5,035 29,880 227,131
High 4,102 4,166 4,254 2,746 4,921 2,920 6,322 5,433 34,864 202,843
Total 11,058 8,564 11,615 7,725 12,185 7,776 17,097 14,694 90,714 660,876

Table 4: The statistics for the two SiMT datasets we constructed.

rank, alpha, and dropout rate are set to 64, 128, and
0.05, respectively.

E Additional Results

E.1 COMET-AL and BLEURT-AL Curves
for Main Results

In Figures 8 and 9, we present the COMET-AL
and BLEURT-AL curves across multiple language
pairs for the WMT22 X—En and En—X test sets.
COMET-AL Results: EAST achieves consistently
superior COMET scores compared to both Conver-
sational SimulMT and Llama3-MNMT with wait-k
across all language pairs, especially in the low-
latency region. The adaptive policy of EAST effec-
tively balances latency (AL) and quality, achieving
a higher COMET score.

BLEURT-AL Results: EAST demonstrates strong
BLEURT performance across the language pairs
and achieves the best BLEURT scores on aver-
age. However, in En-De, Llama3-MNMT w/ wait-k
achieves comparable BLEURT scores.

E.2 How Different Training Strategies Affect
Performance
We conduct comprehensive experiments between

EAST and the following variants.

1. EAST-Stage-I: Full-weight fine-tuning on the
SiMT-De-En-660K dataset.

2. EAST-Single-Stage: Full-weight fine-tuning
on all the three datasets for one single epoch.

3. EAST-w/o-Offline: Removing the Off-Multi-
120K datasets in Stage II.

4. EAST-Only-Stage-II: Removing the Stage I
fine-tuning.

SiMT Performance The BLEU-AL curves of
SiMT X—En tasks are illustrated in first row of Fig-
ures 10. Notably, the EAST-Stage-I model, which
is obtained from tuning the 660K De—En SiMT
data alone, shows reasonable performance under
varying latency instructions in language pairs like
Ru—En and Cs—En due to linguistic similarities
among these Indo-European languages, facilitating
better transfer learning. The Stage I model strug-
gles with correct translation for Zh—En because
of the significant structural and grammatical dif-
ferences between Chinese and Indo-European lan-
guages. However, EAST with two-stage training
greatly improves the performance of Zh—En be-
comes normal, underscoring the importance of this
approach. Additionally, EAST with two-stage train-
ing further enhances performance across multiple
latency ranges for De—En, Ru—En, and Cs—En,
with improvements of 0.5 to 1 in BLEU.

The Stage I model completely fails to perform
En—X translations, by repeating the source En-
glish sentence. This underperformance in En—X
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Sentence-level Parallel Data

Document-level Parallel Data

Language

Train  Test (from En) Test (to En) Test (to English) Avg. Words Max. Words
German (De) 14211 2037 1984 217 107/123 839/1003
Chinese (Zh) 15406 2037 1875 - - -
Russia (Ru) 15000 2037 2016 128 175/211 699/843
Czech (Cs) 12076 2037 1448 - - -

Table 5: The statistics for the parallel data from the WMT. "Avg. Words" indicates the average number of words per
document in the source/target language. "Max. Words" represents the maximum number of words per document in
the source/target language.
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Figure 8: COMET-AL curves for main results on the WMT22 X—En and En—X test sets.

directions without specific fine-tuning on those
language pairs highlights the challenges of cross-
linguistic semantic structures in SiIMT. Fortunately,
a very smaller multilingual dataset with 90K SiMT
parallel pairs enable the LLM excellent perfor-
mance on the reversed language directions En—X.
Compared with LLM-based SiMT baselines, EAST
demonstrates superior performance across all 8
translation directions. In Figure 16 and 17 of
the Appendix, we also plot the quality-latency
curves of all methods with respect to COMET and
BLEURT, revealing a trend similar to that of the
BLEU-AL curves.

The EAST-w/0-Offline variant, which removes
the OMT data in Stage II, shows a slight per-
formance decline in De—En and Ru—En but
maintained similar performance in other language
pairs. The EAST-Only-Stage-II that omits the
Stage I fine-tuning results in a performance degra-
dation of about 1 BLEU for the X—En on av-
erage, whereas the translation performance re-

mains relatively unchanged for En—X. This sug-
gests that learning a novel SiMT task may re-
quire a larger scale dataset. When fine-tuning with
all three high-quality datasets in a single stage,
EAST-Single-Stage demonstrates competitive per-
formance across various delays and language orien-
tations. Specifically, it achieves even higher BLEU-
AL curves than the full two-stage training pipeline
for both En—De and En—Cs. However, the two-
stage training approach offers the advantage of bet-
ter generalization to novel language directions with
a reduced training schedule, avoiding re-training
on the extensive Stage I dataset.

Offline Performance We also evaluate the perfor-
mance of offline translation on the WMT?22 test set,
as presented in Table 6. Compared to offline NMT
model Llama3-MNMT and other variants, EAST
maintained comparable or superior offline transla-
tion performance across the eight language direc-
tions, indicating that our two-stage SFT process
effectively maintains translation quality for offline
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Figure 9: BLEURT-AL curves for main results on the WMT22 X—FEn and En—X test sets.

Models De—En Zh—En Ru—En Cs—En Average
BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET
Llama3-MOMT 31.98 84.89 2548  81.26 39.83 8519 4492  86.23  35.55 84.39
EAST 32.55 84.77 23.80 80.86 39.83 85.04  45.61 86.20 3545 84.22
EAST-Single-Stage ~ 30.01 84.15 24.05 80.20 36.06 84.39 39.12 84.63 3231 83.34
EAST-w/o-Offline 32.37 84.55 2242 80.85 40.29 84.80  41.21 85.41 34.07 83.90
EAST-Only-Stage-1I  31.34 84.34 24.90 80.89 38.48 84.78  42.77 85.97 34.37 84.00
Models En—De En—Zh En—Ru En—Cs Average
BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET
Llama3-MOMT 30.45 85.63  40.68  86.53  24.83 87.27 27.92 88.36 30.97 86.95
EAST 30.84 8549  40.17 86.31 26.79 87.13 26.63 88.17 31.11 86.78
EAST-Single-Stage ~ 30.85 85.51 39.69 86.43 26.57 87.32 2776  88.40  31.22 86.92
EAST-w/o-Offline 26.77 84.34 28.27 84.69  23.17 85.89 23.27 87.00 25.37 85.48
EAST-Only-Stage-II ~ 30.50 85.44 39.03 86.31  26.62 8740  26.85 88.32 30.75 86.87

Table 6: Offline results for different training strategies on the WMT22 X—En and En—X test sets. Bold values
denote the highest scores, while the underlined values indicate the second highest scores.

NMT. EAST-Single-Stage shows excellent transla-
tion performance for En—X, although it slightly
underperforms by about 3 BLEU and 1 COMET
for X—En. The EAST-w/0-Offline model, not even
trained on offline translation data, still performed
well, particularly for X—En. This can be attributed
to the fact that our high-latency SiMT data has
context that is close to being as informative as the
offline NMT data. Similar to the trend in SiMT,
the offline performance of the EAST-Only-Stage-11
drops by 1 BLEU and 0.22 COMET for X—En,
while the performance remains relatively stable for
En—X. In summary, these results highlight EAST
not only excels in high-quality simultaneous trans-
lation but also ensures that the offline translation
capabilities are not compromised.

E.3 What Is hallucination Rate of The
LLM-based SIMT?

Hallucination is a significant challenge in tradi-
tional SiMT, as the models begin translating while
receiving input. This can prompt incorrect assump-
tions about the content yet to be received, resulting
in hallucinated outputs. Additionally, hallucination
is a common issue in the outputs of LLMs across
various generation tasks. Therefore, it is more es-
sential to evaluate the hallucination phenomenon
in LLM-based SiMT. To effectively measure the
hallucinations in our case, we utilize the halluci-
nation rate (HR) metric (Chen et al., 2021), which
quantifies the proportion of target words in the hy-
pothesis that do not align with any source words.
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Figure 11: The hallucination rate (HR) against the latency metrics (AL) on the WMT?22 test sets.

For this, we employ the fast-align® tool to identify
word-level alignments between the source text and
the target translation.

Figure 11 illustrates the HR comparison on
En<De and En<+Zh test sets. EAST consistently
demonstrates a lower hallucination rate across all
latency levels and test sets compared to the Llama3-
MOMT w/ wait-k. Unlike the wait-£ policy, EAST
can adaptively determine reading and writing ac-
tions based on the semantic context. This prevents
the model from prematurely generating transla-
tions, thereby reducing the production of hallu-
cinated content and ensuring translations that are
more accurate and faithful to the source text.

E.4 Quality of Translation Policy

To evaluate the quality of our translation policy,
we conduct experiments on the manually aligned

8https://github.com/clab/fast_align
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Figure 12: The proportion of the ground-truth aligned
source tokens received before translating.

RWTH De—En alignment dataset’. Following
(Zhang and Feng, 2022), we measure the propor-
tion of ground-truth aligned source tokens that are

9https: //www-16.informatik.rwth-aachen.de/
goldAlignment/
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read before generating each target token. Specif-
ically, for a target token y;, the number of source
tokens read (g;) must be at least equal to the ground-
truth aligned source position (a;). This ensures that
the alignment between y; and x, is satisfied during
the SiMT process. The proportion is calculated as
follows:

1 T
A= T Zl Haiﬁgi 4)
1=

where 7' is the total number of target tokens and
I4;<g; counts the number of a; < g;.

As shown in Figure 12, EAST consistently
achieves the higher percentage of aligned source
tokens read before translating across most latency
levels compared to Conversational SimulMT and
Wait-k. This result indicates that EAST better ad-
heres to the ground-truth alignment, ensuring suffi-
cient source context is read before generating target
tokens.

E.5 Analysis on Different Backbone LLMs

In this section, we analyze the impact of different
backbone models, Llama-3-8B-Instruct, Llama-3.1-
8B-Instruct and Qwen2.5-7B-Instruct, on transla-
tion performance.

SiMT Performance As shown in Figure 15,
EAST-Llama3.1 achieves similar or higher perfor-
mance compared to EAST-Llama3 across all eight
language pairs, indicating that a more powerful
backbone model leads to better translation qual-
ity. The curves for EAST-Llama3.1 and EAST-
Llama3 are generally higher than those for EAST-
Qwen2.5, demonstrating the superiority of Llama-
based models in multilingual SiMT tasks. However,
for Zh—En, En—Z7h and En—Ru, EAST-Qwen2.5
achieves better performance than both Llama mod-
els. This can be attributed to the pretraining data
distribution, where Qwen2.5 likely benefits from
having been pre-trained on a larger proportion of
Chinese monolingual data, enhancing its perfor-
mance on tasks involving the Chinese and Russian.

Offline Performance The performance trends
observed in Table 8 align closely with those
seen in SIMT. EAST-Llama3.1 consistently outper-
forms EAST-Llama3, while EAST-Qwen2.5 deliv-
ers competitive results only in Zh—En and En—Zh.
Importantly, EAST models achieve translation per-
formance comparable to their offline counterparts,
demonstrating that the EAST framework effec-
tively preserves high translation quality.

32| 1 sl
83|

30| 1

82|

8| 1 sl

——EAST 0
2% L GPT-4 |

I I I I I I I I
2 3 4 5 6 7 2 3 4 5 6 7

SacreBLEU
COMET

AL AL
(a) SacreBLEU vs. AL (b) COMET vs. AL

Figure 13: Translation quality and latency results on the
WMT?22 De—En test set.

You are a professional simultaneous interpreter,
your task is to translate the streaming text from
German into English without additional comments.

Nun reagiert das Kind

Now the child responds.

PO POy

hysterisch wenn wir es

Hysterically when we...

@O P WM

versuchen.

Try.
@0 P MOy

Figure 14: A SiMT case for GPT-4.

E.6 Comparison with GPT-4

GPT-4 demonstrates superior offline translation
quality in Table 2, largely due to its extensive of-
fline translation training corpus and larger model
size. Since GPT-4 is a closed-source model, it can-
not effectively execute adaptive SIMT as EAST
does. Instead, we use a fixed-policy inference strat-
egy similar to Conversational SimulMT, where a
fixed number of words are read before GPT-4 gen-
erates the corresponding translation. The experi-
mental results are shown in Figure 13. The results
indicate that GPT-4 significantly underperforms
EAST across all latency levels. A key reason for
this performance gap is that GPT-4 has not been
fine-tuned on SiMT-specific data, which can’t effi-
ciently perform zero-shot simultaneous translations.
For example, when provided with partial source in-
put, GPT-4 tends to add a period at the end of this
response (Figure 14), leading to suboptimal trans-
lations and reduced performance.
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Latency Level Fluency () BLEU (1) AL()

Low 7.25 28.27 2.47
Medium 7.55 30.60 4.53
High 7.81 32.44 9.44
Offline 8.29 33.28 18.80

Table 7: Translation fluency, BLEU, and AL of EAST
under different latency levels. Fluency scores are rated
by GPT-4 on a 0-10 scale.

E.7 Fluency Evaluation

Table 7 presents the fluency scores of translations
generated by EAST under varying latency levels,
as rated by GPT-4 on a 0-10 scale. The results
are averaged over eight translation directions on
the WMT?22 test set (X—En and En—X). These
results show that while offline translation achieves
the highest fluency, our method maintains consis-
tently high fluency across all latency levels, with
only a minor drop compared to offline. This demon-
strates that our method preserves fluency well.

E.8 Numeric Results for the Figures

We also provide the numeric results for Figures 3
in Tables 9 and for Figures 4, 8, and 9 in Tables 10.

F Prompt

The example for SiMT SFT data is shown in the
Figure 18. The prompt template for generating
SiMT data is provided in Figure 19. The instruction
data for offline translation is shown in the Figure
20. The fluency evaluation prompt is provided in
Figure 21.
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Figure 15: BLEU-AL curves for different backbone LLMs on the WMT22 X—En and En—X test sets.

De—En Zh—En Ru—En Cs—En Average
BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET

Llama3-MOMT 31.98 84.89 25.48 81.26 39.83 85.19 44.92 86.23 35.55 84.39
Llama3.1-MOMT  31.80 84.90 26.87 81.46 40.45 85.42 45.92 86.50 36.26 84.57
Qwen2.5-MOMT  31.62 84.73 27.33 81.78 40.15 85.60 43.85 85.48 35.74 84.40
EAST-Llama3 32.55 84.77 23.80 80.86 39.83 85.04 45.61 86.20 35.45 84.22
EAST-Llama3.1 32.62 84.80 26.22 81.12 39.98 85.08 44.89 86.24 35.93 84.31
EAST-Qwen2.5 32.33 84.52 25.62 81.46 40.29 85.44 44.24 85.58 35.62 84.25

Models

En—De En—Z7h En—Ru En—Cs Average
BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET

Llama3-MOMT 30.45 85.63 40.68 86.53 24.83 87.27 27.92 88.36 30.97 86.95
Llama3.1-MOMT  32.11 85.78 40.65 86.70 27.28 87.51 29.75 89.10 3245 87.27
Qwen2.5-MOMT  29.57 84.62 43.88 87.56 27.86 87.51 21.48 86.26 30.70 86.49
EAST-Llama3 30.84 85.49 40.17 86.31 26.79 87.13 26.63 88.17 31.11 86.78
EAST-Llama3.1 31.13 85.68 40.75 86.38 27.10 87.20 28.53 88.67 31.88 86.98
EAST-Qwen2.5 28.70 84.32 41.97 87.17 27.66 87.29 23.75 86.45 30.52 86.31

Models

Table 8: Offline results for different backbone LLMs on the WMT?22 X—En and En—X test sets.

Latency EAST-Stage-I w/ Llama3 EAST-Stage-I w/ Llama2

AL BLEU COMET BLEURT AL BLEU COMET BLEURT
Low 2.68 3246 84.28 72.52 3.18 3255 84.32 72.62
Low-Medium  3.06 33.12 84.63 72.90 346 32.80 84.51 72.88
Medium 477 35.21 85.66 74.29 584 3462 85.49 74.28
Medium-High 533 3555 85.72 74.47 7.05 3493 85.70 74.57
High 7.78  36.62 86.11 75.02 9.73 3549 85.91 74.83

Table 9: Numeric results on WMT15 De—En test set for EAST-Stage-I w/ Llama3 and EAST-Stage-I w/ Llama2
(Figure 3).
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Figure 17: BLEURT-AL curves for different training strategies on the WMT22 X—En and En—X test sets.

<|begin_of_text|><|start_header_id|>system<|end_header_id|>
You are a helpful assistant.<|eot_id|><|start_header_id|>user<|end_header_id|>

Translate the following text from English into German with low latency. <|eot_id|>
<|start_header_id|>assistant<|end_header_id|>

Anyone with information<|end-of-read|> Jeder, der Informationen hat,<|end-of-write|> is asked to call<|end-of-read|>
wird gebeten,<|end-of-write|> the SFPD Tip Line<|end-of-read|> das Hinweistelefon des SFPD<|end-of-write|> at 415-
575-4444 .<|end-of-read|> unter 415-575-4444 anzurufen.<|end-of-write|><|eot_id|>

Figure 18: An example of the SIMT SFT data for Llama-3. Prompt is colored in gray. The source and target texts
are highlighted in cyan and orange, respectively. The read-write tokens are highlighted in blue and red, respectively.
We calculate the loss for all tokens other than the prompt during training.

20392



As a professional simultaneous interpreter, your task is to segment sentences into independent
semantic chunks and provide corresponding English translations.

You will use three different granularities for segmentation:

1. For low latency, the chunks would be fragmented into brief, coherent phrases that convey a
complete thought.

2. For medium latency, the chunks would be longer, possibly clause or sentence-long segments.
3. For high latency, the chunks would be the longest, likely to cover complete clauses or full
sentences.

You also need to provide corresponding simultaneous translation for each segment by performing
the translation monotonically while making the translation grammatically tolerable.

Please take into consideration the example attached below:

Input:
Chinese: k#1216 H W & H — 2R 5] 4 XA 88 524 .

Output:

{

"low_latency": {

"Chinese": ["/RIT=L", "16 FIHE", "A tH— R 1", " W, "A- H TR 2", "Bl ",

"English": ["Houston", "on the evening of the 16th", "issued a series of", "tornado”, "and

severe thunderstorm", "warnings."]

h
"medium_latency":{
"Chinese": ["R 16 HIG", " HH— R ", "o A5 W™ H d B &R . "),
"English": ["On the evening of the 16th, Houston", "issued a series of ", "tornado and severe
thunderstorm warnings."]

}

high_latency": {

"Chinese": ["/R 16 HHE", " A th— R e A B f &R "],

"English": ["On the evening of the 16th, Houston", "issued a series of tornado and severe
thunderstorm warnings."]

}
}

Figure 19: The prompt template for GPT-4 to generate SiMT data.

<|begin_of_text|><|start_header_id|>system<|end_header_id|>

You are a helpful assistant.<|eot_id|><|start_header_id|>user<|end_header_id|>

Translate the following text from English into German.

Anyone with information is asked to call the SFPD Tip Line at 415-575-4444. <|eot_id|>
<|start_header_id|>assistant<|end_header_id|>

Jeder, der Informationen hat wird gebeten das Hinweistelefon des SFPD unter 415-575-4444 anzurufen.
<|eot_id|>

Figure 20: An example of the OMT SFT data for Llama-3. The source and target texts are highlighted in cyan and
orange, respectively. We compute the loss on the target tokens during training.
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Fluency Evaluation

Evaluate the fluency of the translated text based on the following scoring criteria from 0 to 10, with
a minimum granularity of 1 point.

Scoring Criteria:

* 10: Perfectly matches the target language’s expression habits, with no grammatical, spelling,
punctuation, or word order issues. The language is idiomatic and reads as if written by a
native speaker.

* 8: Mostly natural and fluent, with only minor grammar or word usage issues. The reader can
easily understand the entire text and almost won’t notice any unnaturalness.

* 6: The translation is somewhat stilted, with several grammar or word usage issues. Some
sentences require the reader to adjust their understanding. Overall, the original meaning can
still be understood.

* 4: Poor fluency, with frequent grammatical and expression errors. Reading is laborious but
the general idea can still be understood.

 2: Extremely stilted, with most content being hard to understand. The language is disorganized
and almost fails to convey the message.

* 0: Completely incomprehensible.

non

Please output the score in the following JSON format: {"fluency": "score"

Translated text:
\ y,

Figure 21: Prompt template for fluency evaluation.
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De—En En—De
Latency
AL BLEU COMET BLEURT AL BLEU COMET BLEURT
Low 2.59 29.87 82.04 69.63 2.58 23.27 80.31 68.00
Low-Medium  2.74  30.09 82.27 69.94 3.09 24.57 81.70 69.60
Medium 342 31.09 82.95 70.75 5.39 27.00 83.49 71.91
Medium-High  3.82  31.61 83.23 71.09 7.54 2799 84.01 72.66
High 5.88 32.38 83.97 72.10 1220 28.77 84.37 73.25
Zh—En En—Zh
Latency
AL BLEU COMET BLEURT AL BLEU COMET BLEURT
Low 1.31 18.74 77.14 63.27 264  31.86 81.69 65.58
Low-Medium 1.56 19.08 77.40 63.56 2.95 32.18 82.11 66.10
Medium 3.60 21.43 78.74 65.30 4.68 34.37 83.70 67.99
Medium-High  4.88 22.34 79.24 65.99 6.46 35.32 84.30 68.74
High 13.79  25.00 80.59 67.87 10.22  37.15 84.87 69.37
Ru—En En—Ru
Latency
AL BLEU COMET BLEURT AL BLEU COMET BLEURT
Low 224 36.35 83.66 74.06 2.97 23.69 83.73 69.31
Low-Medium 243 36.49 83.83 74.26 348 24.63 84.60 70.32
Medium 341 37.42 84.22 74.82 5.82 25.69 85.52 71.63
Medium-High  4.01 37.73 84.35 74.97 740  26.21 85.63 71.83
High 6.78 38.92 84.60 75.43 10.10  26.67 85.84 72.00
Latency Cs—En En—Cs
AL BLEU COMET BLEURT AL BLEU COMET BLEURT
Low 230 3747 83.41 72.05 3.13 24.88 85.23 73.83
Low-Medium  2.55 38.32 83.73 72.54 3.77 25.48 85.98 74.80
Medium 3.82  40.80 84.72 73.95 6.07 26.96 86.75 76.11
Medium-High  4.43 41.28 84.94 74.27 7.53 27.28 86.83 76.22
High 6.96 4299 85.43 74.92 9.56 27.62 87.20 76.48

Table 10: Numeric results on WMT22 X—FEn and En—X test sets for EAST (Figures 4, 8, and 9).
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