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Abstract

Simultaneous speech translation (SimulST) produces trans-
lations incrementally while processing partial speech in-
put. Although large language models (LLMs) have shown
strong capabilities in offline translation tasks, applying them
to SimulST poses notable challenges. Existing LLM-based
SimulST approaches either incur significant computational
overhead due to repeated encoding of bidirectional speech
encoder, or they depend on a fixed read/write policy, lim-
iting the efficiency and performance. In this work, we in-
troduce Efficient and Adaptive Simultaneous Speech Trans-
lation (EASiST) with fully unidirectional architecture, in-
cluding both speech encoder and LLM. EASiST includes a
multi-latency data curation strategy to generate semantically
aligned SimulST training samples and redefines SimulST
as an interleaved generation task with explicit read/write
tokens. To facilitate adaptive inference, we incorporate a
lightweight policy head that dynamically predicts read/write
actions. Additionally, we employ a multi-stage training strat-
egy to align speech-text modalities and optimize both trans-
lation and policy behavior. Experiments on both in-domain
(MuST-C) and out-of-domain (Europarl-ST) En-De and En-
Es datasets demonstrate that EASiST offers superior latency-
quality trade-offs compared to several strong baselines.

Code — https://github.com/biaofuxmu/EASiST

Introduction
Simultaneous speech translation (SimulST) aims to enable
seamless cross-lingual communication in streaming scenar-
ios such as live broadcasts and international meetings (Ma,
Pino, and Koehn 2020; Fu et al. 2023; Chen et al. 2024a).
Unlike offline speech translation (ST), which relies on com-
plete utterances before generating translations, SimulST
systems must generate output incrementally while receiving
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partial speech input, thus requiring models to balance trans-
lation quality against latency.

Recent advances in offline ST have demonstrated that
employing large language models (LLMs) as backbone
architectures leads to substantial performance improve-
ments (Huang et al. 2023; Chen et al. 2024b). However,
extending LLMs to SimulST remains non-trivial. Early ef-
forts typically adopt a prompt-based cascaded architec-
ture (Koshkin, Sudoh, and Nakamura 2024a,b), where an
offline ASR model (e.g., Whisper (Radford et al. 2023))
transcribes streaming speech into text, which is then incre-
mentally fed into an LLM as prompts for translation. This
pipeline, however, introduces error propagation from ASR
result and additional latency for its repeated encoding of
historical inputs. To address these limitations, recent work
has explored LLM-based end-to-end SimulST frameworks.
FASST (Ouyang et al. 2024) introduces an attention mask-
ing strategy during training to simulate streaming condi-
tions, allowing the LLM to reuse its key-value (KV) cache
during inference, but the under-trained masking strategy
may compromise translation performance. Alternatively, In-
finiSST (Ouyang, Xu, and Li 2025) reformulates SimulST
as a multi-turn dialogue task, enabling incremental input and
output processing while retaining efficient KV cache utiliza-
tion. However, its data construction relies on word alignment
tools over offline data, which can result in domain mismatch
with SimulST and alignment errors—ultimately leading to
suboptimal performance.

In this work, we propose EASiST, a novel framework
for Efficient and Adaptive Simultaneous Speech Translation
with LLMs and unidirectional speech encoder. Unlike cas-
caded pipelines, EASiST adopts an end-to-end architecture
that incrementally encodes speech through a streaming en-
coder and prompts an LLM to generate translations. To en-
able EASiST to effectively perform SimulST task, we curate
SimulST training data by segmenting offline ST corpora into
semantically aligned chunks under multiple latency settings,
and reformat them into interleaved input-output sequences
with explicit read/write tokens. Moreover, we introduce a

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

30735



lightweight policy head that dynamically predicts read/write
actions based on the LLM’s hidden representations.

To stabilize the training, we propose a multi-stage training
strategy that first teaches the LLM source-target interleaved
translation format via text-only MT pre-training, then aligns
speech and text modalities via offline ST training, and fi-
nally jointly optimizes translation and policy through multi-
task supervised fine-tuning (SFT). During inference, EAS-
iST employs an adaptive read-write policy that aligns with
its SFT recipe while leveraging KV cache in both the stream-
ing encoder and LLM for efficient decoding eliminating re-
computation and reducing inference latency.

Our main contributions are listed as follows:

• We propose EASiST, an end-to-end framework for adap-
tive and efficient SimulST with with fully unidirectional
architecture, allowing fully reusable cache.

• We design a SimulST data curation pipeline to produce
chunk-level monotonic pairs tailored to SimulST needs.

• We introduce a policy module to predict read/write ac-
tions and a multi-stage training pipline that progressively
learns translation format, modality alignment, and adap-
tive policy.

• Experimental results demonstrate that EASiST outper-
form multiple strong baselines in balancing between
translation quality and latency.

Related Work
Traditional SimulST
SimulST generates translation before receiving the full
source utterance, and typically relies on either fixed or adap-
tive read/write policies. Fixed policies are primarily based
on pre-defined rules, such as emitting one target word per
fixed-length speech segment (Ma, Pino, and Koehn 2020),
or applying wait-k after word boundary detection (Ren et al.
2020; Zeng, Li, and Liu 2021; Dong et al. 2022; Fu et al.
2023; Zhang et al. 2023b; Zhang and Feng 2023). In con-
trast, adaptive policies determine actions based on context,
leveraging techniques such as data-driven learning (Zhang
et al. 2022), information transport theory (Zhang and Feng
2022), attention-based alignment (Papi, Negri, and Turchi
2023; Papi, Turchi, and Negri 2023), divergence-guided de-
cisions (Chen et al. 2024a), and transducer-based archi-
tectures (Liu et al. 2021; Tang et al. 2023). In addition,
offline-trained ST models and pretrained encoders have been
adopted to enhance SimulST performance (Zhang et al.
2023b; Fu et al. 2023, 2024).

LLM-based SimulST
Recent advances in LLMs have led to a paradigm shift in
the MT area (Xu et al. 2024; Huang et al. 2023), includ-
ing simultaneous MT (SimulMT)—often used as a mod-
ule in cascaded SimulST systems. Several methods incre-
mentally update the prompts under the fixed policies (e.g.,
wait-k) (Wang et al. 2023; Koshkin, Sudoh, and Nakamura
2024a,b; Agostinelli et al. 2024) or by integrating a tradi-
tional adaptive SimulMT model as the policy module (Guo
et al. 2024), but suffer from recomputation due to KV cache

Data En→De En→Es

Mono. (↓) Kiwi (↑) Mono. (↓) Kiwi (↑)

Ours 1.01 85.04 1.06 86.21
Offline 1.54 84.16 1.51 85.07

Table 1: Monotonicity (Mono.) and CometKiwi (Kiwi)
scores of our SimulST data vs. offline ST data.

invalidation. To enable cache reuse, SimulMask (Raffel,
Agostinelli, and Chen 2024) introduces attention masking
to mimics inference behavior during training, while Wang
et al. (2024) reformulates SimulMT as multi-turn dialogue.
Fu et al. (2025) further enables adaptive translation with in-
terleaved generation format and learned policies.

Recently, end-to-end LLM-based SimulST systems have
been explored to avoid cascading errors and high latency.
FASST (Ouyang et al. 2024) introduces consistency masks,
akin to SimulMask, to reduce recomputation; however, it
still relies on a fixed policy and cannot adapt read/write de-
cisions based on input semantics. InfiniSST (Ouyang, Xu,
and Li 2025) extends dialogue-based generation to SimulST
for efficient inference, but it depends on word alignment
tools over offline parallel data for data construction, which
may introduce domain mismatch with SimulST and suffer
from alignment errors, ultimately degrading model perfor-
mance. In this paper, we introduce an end-to-end frame-
work with fully unidirectional architecture for efficient and
adaptive SimulST that leverages interleaved SimulST data,
a lightweight policy module, and multi-stage optimization.

Methods
In this section, we present EASiST, a novel framework
for Efficient and Adaptive Simultaneous Speech Translation
with fully unidirectional architecture. An overview of our
proposed method is depicted in Figure 1.

SimulST Data Curation
Ideally, training SimulST models requires explicitly curated
and aligned SimulST data, where speech prefixes corre-
spond incrementally with their target translations. However,
collecting such datasets is challenging due to the high cost of
manual annotation. To this end, we propose to transform the
offline ST dataset into a SimulST dataset based on multi-
latency chunk segmentation.

Given offline ST data represented as triplets (s,x,y),
where s denotes speech sequences, x and y represent the
source transcription and target translation, respectively, we
first leverage powerful LLMs (e.g., GPT-4) to semantically
segment transcripts and generate monotonic translations un-
der multiple latency settings, following the approach pro-
posed in Fu et al. (2025). As illustrated in the data curation
process in Figure 1, the LLM segments the source transcrip-
tion x into semantically independent chunks while simul-
taneously generating the corresponding translation chunks,
which are shown in different colors.

Formally, the generated aligned SimulMT data is rep-
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Figure 1: Overview of the proposed EASiST framework. Bottom: SimulST data curation pipeline that generates monotonic
interleaved SimulST data from offline ST corpora. Top: A three-stage training strategy—(I) MT pre-training on SimulMT and
offline MT data, (II) speech-text modality alignment via offline ST task, and (III) multi-task SFT for optimizing SimulST and
adaptive read/write policy.

resented as cmt = [(cx1 , c
y
1), · · · , (cxI , c

y
I )], where c

[·]
i de-

notes the i-th semantic chunk in the source or target lan-
guage, and I is the number of chunks determined by the
prompted latency requirements. In practice, we use three
different latency settings, resulting in Ilow ≥ Imedium ≥
Ihigh, i.e., three possible SimulMT pairs derived from
one offline pair. Subsequently, we employ the Montreal
Forced Aligner to temporally align the source text chunks
[cx1 , · · · , cxI ] with the original speech sequence s, thereby
obtaining the corresponding speech chunks [cs1, · · · , csI ]. As
a result, we construct well-aligned SimulST data: cst =
[(cs1, c

y
1), · · · , (csI , c

y
I )], which can be directly used to effec-

tively train SimulST models.
In this work, we curate a large-scale SimulST dataset

based on the MuST-C corpus, containing 217K instances
for En→De and 294K for En→Es. Unlike conventional of-
fline ST data, where global reordering may result in non-
monotonic alignments, our method enforces locally mono-
tonic chunk-level alignment between speech and transla-
tion, better matching the requirements of SimulST. To eval-
uate the quality of our constructed data, we compute the
monotonicity scores based on word alignment statistics (Fu
et al. 2023) and report CometKiwi scores (Rei et al. 2022).
As shown in Table 1, our data achieve significantly lower
monotonicity scores while maintaining comparable or better
CometKiwi scores, making it more suitable for SimulST.

Model Architecture
To better leverage our curated chunk-level SimulST data,
we propose a fully unidirectional architecture for training
an LLM-based SimulST model using an interleaved format.

Streaming Encoder. The first unidirectional module we
adopt is wav2vec-S (Fu et al. 2024), a streaming audio en-
coder adapted from wav2vec 2.0 (Baevski et al. 2020) to
support incremental input. The original wav2vec 2.0 em-
ploys a bidirectional design that relies on future context,
making it unsuitable for streaming applications. Addition-
ally, wav2vec 2.0 does not reuse historical KV caches, in-
stead requiring full recomputation for each incremental in-
put—resulting in higher latency and reduced efficiency in
real-time scenarios. To address these limitations, wav2vec-S
introduces several key modifications: it replaces group nor-
malization with layer normalization, adopts absolute sinu-
soidal positional encodings in place of convolution-based
relative encodings, and uses block-wise self-attention in-
stead of bidirectional self-attention—enabling efficient pro-
cessing of streaming input.

Adapter. The adapter first uses a convolutional module
to reduce the length of the speech encoder output. Specifi-
cally, it comprises two sequential 1D convolutional layers,
each with a kernel size of 5 and a stride of 2. This setup
reduces the length of the speech features by a factor of 4.
To maintain streaming-friendly, the convolutional module is
applied independently within each speech block, preserving
the model’s unidirectional property. Finally, a linear layer
projects the compressed speech features into the representa-
tion space of the LLM.

Large Language Model. In offline ST tasks, the LLM
generally receives complete speech input representations
and then generates corresponding translation autoregres-
sively. However, in SimulST, the LLM must translate based
on partial speech input. To simulate the SimulST process,
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we reorganize the aligned SimulST data by interleaving
speech and their corresponding translation chunks. Further-
more, to guide the model learning a read-write policy, we
introduce two special tokens (<|end-of-read|> and
<|end-of-write|>) that serve as explicit signals for
the model to transition between reading speech and writing
translations. Formally, given an aligned chunks sequence cst,
the reorganized SimulST sequence chunks are structured as:

ĉst = [cs1,<|eor|>, c
y
1,<|eow|>, · · · ,

csI ,<|eor|>, c
y
I ,<|eow|>], (1)

where the <|eor|> token signals the transition to writing
mode for generating the translation and the <|eow|> token
signals the model to stop translating and start reading the
next speech chunk. This formulation ensures that the LLM
learns an explicit read-write policy aligned with streaming
translation from our SimulST data.

Policy Module. To enable an adaptive read/write policy,
in parallel to the token prediction layer of LLM, we intro-
duce an additional linear layer, which serves as a binary clas-
sifier dynamically determining whether the model should
continue reading speech input or start generating translation
output at each step. Formally, given the hidden state ht of the
last layer of the LLM at timestep t, this module computes a
read/write probability:

pt = softmax(Wpht), (2)

where Wp ∈ R2×d are learnable parameters.

Multi-stage Training
To stabilize the training, we propose a multi-stage progres-
sive training framework consisting of three stages: SimulMT
Pre-training, Speech-Text Modality Alignment, and Multi-
task Supervised Fine-tuning (SFT).

Stage I: SimulMT Pre-training. The goal of the first
stage is to guide the LLM to learn the format of inter-
leaved source and target sequences for streaming translation.
Specifically, given an interleaved SimulMT sequence ĉmt =
[cx1 ,<|eor|>, c

y
1,<|eow|>, · · · , cxI ,<|eor|>, c

y
I ,

<|eow|>], the training objective for the SimulMT task is
formulated as the autoregressive prediction:

LSimulMT = −
|ĉmt|∑
t=1

log pθ(ŷt|o, ŷ≤t−1), (3)

where ŷt represents the t-th token in the sequence ĉmt, o
is the prompt, and θ denotes the LLM’s parameters. In this
task, we compute the cross-entropy loss for all tokens, in-
cluding source text, target text, and special tokens.

Additionally, to maintain the LLM’s capability for full-
sentence translation, we include an offline MT objective at
this stage. Given a sentence pair (x,y), its loss is defined as:

LMT = −
|y|∑
t=1

log pθ(yt|x, y≤t−1), (4)

where yt represents the t-th token in the target translation y.
The overall loss for this stage is then computed as:

LStage-I = LSimulMT + LMT. (5)

At this stage, we employ full-parameter fine-tuning to train
the LLM for one epoch to effectively learn the SimulMT in
the novel autoregressive and interleaved format.

Stage II: Speech-Text Modality Alignment. The second
stage aims to align the speech and text modalities at the se-
mantic level by training the model on an offline ST task.
Given a parallel speech-text pair (s,y), the training loss is
formulated as:

LStage-II = LST = −
|y|∑
t=1

log pϕ(yt|s, y≤t−1). (6)

At this stage, we freeze the LLM and train the streaming
encoder and adapter. This ensures that the speech encoder
aligns well with the LLM’s text representation space while
maintaining the LLM’s translation capabilities.

Stage III: Multi-task SFT. In the final stage, we enhance
the model’s streaming translation capability by jointly opti-
mizing multiple tasks, including:

(1) SimulST task: The primary objective is to improve
streaming translation performance by fine-tuning the model
on the structured SimulST data. Given a SimulST data ĉst,
we define its loss as:

LSimulST = −
I∑

i=1

|cy
i |∑

t=1

log pθ(c
y
i,t|c

s
1:i, c

y
1:i−1, c

y
i,<t), (7)

where c
[·]
1:i denotes the first i speech or translation chunks

and cyi,t is the t-th token in the i-th translation chunk. We
omit the loss computation for special tokens in Eq. (7) with-
out hurting readability. In practice, the loss is calculated on
both the target text and special tokens.

(2) Policy decision task: To train the policy module, we
use a binary classification objective that guides the model
in making read/write decisions, where the loss is simply a
binary cross-entropy loss.

Lpolicy = −
T∑

t=1

[yt log pt + (1− yt) log(1− pt)] , (8)

where yt ∈ {0, 1} is the ground-truth read (0) or write (1)
label derived from the aligned SimulST dataset. Concretely,
given a speech chunk csi that is segmented into n streaming
blocks, we assign decision labels based on block boundaries.
We assign read labels (yt = 0) to the last position of the first
n−1 blocks, indicating that the model should continue read-
ing. For the last (i.e., n-th) block, we assign yt = 1 (write
decision) at its final position, signaling that the model should
begin generating the corresponding translation. To address
the potential label imbalance between read and write deci-
sions, we additionally assign the label yt = 1 to all tokens
within the corresponding translation chunk cyi . Finally, we
compute the policy loss only at the labeled positions: the fi-
nal positions of speech blocks and the translation tokens. All
other positions within the speech chunk are excluded from
the loss computation.

(3) Offline ST task: To preserve the model’s translation
accuracy, we keep the offline ST loss LST as a regularization.
Thus, the final objective function for this stage is:

LStage-III = LSimulST + LST + λLpolicy, (9)
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where λ is a hyper-parameter controlling the weight of the
policy loss. We set λ = 1 in experiments.

In this stage, we keep the LLM frozen and fine-tune the
rest of the model components, including the streaming en-
coder, adapter, and policy module. Through this multi-stage
training pipeline, our model effectively learns to generate
translations based on partial speech input and adaptively
make read/write decisions, ultimately achieving efficient and
adaptive SimulST.

SimulST Inference
Gap-Free between Train and Infer Our model performs
autoregressive inference in a manner consistent with its
training process. Specifically, when a speech block is re-
ceived, the hidden state at its final position is passed
to the policy module to compute a read/write probabil-
ity pt. If the predicted probability exceeds a pre-defined
threshold τ , the model stops reading further speech in-
put, appends the <|end-of-read|> token, and then be-
gins generating translation tokens autoregressively until the
<|end-of-write|> token is emitted. Otherwise, it con-
tinues to read the next speech block before making another
decision. The threshold τ also serves as a tunable hyperpa-
rameter to control latency: a lower value prompts earlier out-
put translation, while a higher value encourages the model to
wait for more speech input.

Reusable Cache Our model achieves efficient streaming
translation by leveraging the KV cache mechanisms of both
the streaming encoder and the LLM. Since past context is
cached, the model avoids redundant computation for previ-
ously seen tokens, significantly improving computational ef-
ficiency and reducing inference latency.

Experiments
Experimental Settings
Datasets. For the offline MT and ST tasks, we use
the training sets from the MuST-C v1 (Di Gangi et al.
2019) English→German (En→De) and English→Spanish
(En→Es) datasets, which contain speech, transcription, and
translation triplets. For the SimulMT and SimulST tasks,
we train our models on the SimulST dataset constructed
by our multi-latency segmentation method. We evaluate our
method on the tst-COMMON set of MuST-C and addition-
ally assess generalization to out-of-domain settings using
the Europarl-ST (Iranzo-Sánchez et al. 2020) En→De and
En→Es test sets.

Implementation Details. EASiST uses the finetuned
wav2vec-S-Large (Fu et al. 2024) as the streaming encoder
and the Llama-3-8B-Instruct (Dubey et al. 2024) as the
backbone LLM. The adapter consists of two 1D convolu-
tional layers followed by a linear projection layer. Across
all stages, we use a batch size of 128, a cosine learning-
rate scheduler, and the AdamW optimizer. Stage I trains the
LLM for 1 epoch with micro-batch size 16 using learning
rate 1e-5, and warmup ratio 0.1, updating 8.03B parameters.
Stage II trains the encoder and adapter for 6 epochs with
micro-batch size 4 using learning rate 2e-4, and warmup ra-
tio 0.03, updating 323M parameters. Stage III uses the same

setup as Stage II except training for 1 epoch with learning
rate 2e-5, updating 323M parameters. All experiments are
run a single time on 8 NVIDIA A100 80G GPUs.

Evaluation. For translation quality, we report case-
sensitive detokenized BLEU using SacreBLEU. For latency,
we adopt LAAL (Papi et al. 2022) and computational-aware
LAAL (LAAL-CA). We evaluate EASiST under varying
probability thresholds τ ∈ {0.1, 0.2, . . . , 0.6} to control the
latency-quality trade-off. All evaluations are conducted us-
ing greedy decoding.

Baseline Models. We first implement an offline ST sys-
tem following Zhang et al. (2023a), which comprises a
wav2vec 2.0 encoder, a convolutional adapter, and an LLM.
The model is trained in two stages: fine-tuning the LLM on
offline MT data and aligning speech and text modalities on
offline ST data. The training setup is the same as the first two
phases of EASiST. We compare EASiST with several strong
end-to-end SimulST approaches, including wait-k (Ma et al.
2019), EDAtt (Papi, Negri, and Turchi 2023), AlignAtt
(Papi, Turchi, and Negri 2023) and InfiniSST (Ouyang, Xu,
and Li 2025). Except for InfiniSST, we implement all base-
lines on top of the offline ST model; for InfiniSST, we eval-
uate using its official released weights.

Main Results
Latency-Quality Trade-off. Figure 2 presents BLEU-
LAAL trade-offs on both in-domain (MuST-C) and out-of-
domain (Europarl-ST) test sets. On the MuST-C En→De
and En→Es directions, EASiST consistently matches or out-
performs all baselines, particularly in low-latency regions
(LAAL ≈ 1s), where it achieves over +1 BLEU improve-
ment. More notably, EASiST demonstrates strong gener-
alization to the out-of-domain Europarl-ST dataset. It sur-
passes all baselines across all latency levels, with over 2
BLEU gains on En→De and more than 3 BLEU improve-
ments on En→Es at medium-to-low latency (LAAL ≈ 2s).
These results highlight the effectiveness and cross-domain
robustness of our approach.

Computational-Aware Evaluation. We further evaluate
the computational-aware latency (LAAL-CA) of different
systems under a realistic hardware setting. All experiments
are conducted on the same machine using a single NVIDIA
A100 GPU to ensure fair comparison. As shown in Figure 3,
EASiST’s advantages become even more pronounced under
the more realistic LAAL-CA metric. This is attributed to its
fully unidirectional architecture, which allows for effective
cache reuse in both the streaming encoder and the LLM, sig-
nificantly reducing inference overhead. In contrast, the base-
lines lack this capability and suffer from repeated recompu-
tation at each decoding step, leading to inflated latency in
practice. Consequently, the BLEU improvements of EAS-
iST over baselines grow wider under LAAL-CA, achieving
more substantial gains across all latency levels and test sets.
To further quantify inference efficiency, we report the aver-
age computation time per generated token across all latency
levels in Table 2. EASiST achieves significantly faster infer-
ence speed (28.95 ms/token) compared to all SimulST base-
lines, while maintaining a decoding speed comparable to the
offline system (23.25 ms/token).
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Figure 2: The translation quality (BLEU) against the latency metric (LAAL) on both in-domain (MuST-C En→De/Es) and
out-of-domain (Europarl-ST En→De/Es) test sets.
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Figure 3: The translation quality (BLEU) against the computational-aware latency metric (LAAL-CA) on both in-domain
(MuST-C En→De/Es) and out-of-domain (Europarl-ST En→De/Es) test sets.

Method EASiST wait-k AlignAtt EDAtt offline

Speed (↓) 28.95 38.51 123.75 120.92 23.25

Table 2: Comparison of inference speed (ms/token).

Ablation Study
To investigate the contribution of each component in our
training pipeline, we conduct ablation studies on the En→De
tst-COMMON set. The results are shown in Figure 4.

Effect of the training objectives in Stage III. In the
w/o Stage III Lpolicy variant, we remove the policy loss and
the corresponding policy module. During inference, we in-
stead apply a fixed policy where the model reads a fixed
number of speech blocks (k) and then generates transla-
tions until an <|eow|> token is emitted. We observe that
this variant achieves similar translation quality to our model
in low-latency regions. However, as latency increases, its
performance degrades significantly. We attribute this to a
mismatch between training and inference: during training,
speech chunks are semantically aligned and vary in length,

while inference uses fixed-length blocks. This mismatch be-
comes more severe as latency increases (i.e., larger speech
chunks), leading to degraded performance in higher latency
regions. These results show the superiority and robustness
of our adaptive policy. In the w/o Stage III LST variant, we
remove the offline ST loss from Stage III. This change re-
duces translation quality at medium and high latencies by 1–
2 BLEU, suggesting that incorporating offline ST objectives
during SimulST training helps maintain translation quality.

Influence of the multi-stage training framework. In the
w/o Stage II variant, we skip Stage II, where EASiST freezes
the LLM and performs offline ST training for 6 epochs. For
fairness, this variant is also trained for 6 epochs during Stage
III. However, skipping Stage II underperforms in all latency
regions. In the w/o Stage I variant, we remove Stage I, which
fine-tunes the LLM on SimulMT data for one epoch to learn
the interleaved translation format. To achieve the same ob-
jective, this variant fine-tunes all model parameters for 1
epoch during Stage III. Results show that removing Stage
I leads to degraded performance across all latency regions.
In the w/o Stage I and Stage II variant, we train SimulST
directly from scratch by fine-tuning the full model’s param-
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Figure 4: Ablation study of our approach on the
tst-COMMON set of MuST-C En→De dataset.

Setting Stage I Stage II Stage III Total

EASiST 8 18 7 33
w/o Stage I 0 18 28 46
w/o Stage II 8 0 37 45
w/o Stage I+II 0 0 154 154

Table 3: Training time (hours) for different ablation settings.

eters for 6 epochs. This leads to a significant decrease in
model performance. These results suggest that it is chal-
lenging for the model to simultaneously optimize multiple
objectives—interleaved generation, modality alignment, and
read/write policy—in a single training stage, highlighting
the effectiveness of our progressive multi-stage training.

In addition to improving translation performance, our
multi-stage training strategy is also more efficient in the
training cost. As shown in Figure 3, EASiST achieves over
75% and 25% savings in total training time compared to one-
stage and two-stage training variants, respectively. Notably,
fine-tuning the LLM during SimulMT pretraining is signifi-
cantly more efficient than doing so in the SimulST stage, as
text sequences are significantly shorter than speech.

Effect of Fine-Tuning Different Modules
We further investigate the effect of fine-tuning different
model components during Stage III, while keeping the pol-
icy module trainable in all settings. As shown in Figure 5,
fine-tuning both the encoder and adapter (our default set-
ting) achieves the best performance across all latency lev-
els, offering an better balance between performance and
training efficiency. Interestingly, fine-tuning only the adapter
also achieves comparable performance. This makes adapter-
only tuning a viable alternative in resource-constrained set-
tings. In contrast, fine-tuning only the encoder results in
clearly inferior performance. We attribute this to a repre-
sentation mismatch between the encoder and the frozen
LLM: without updating the adapter, the encoder’s output
distribution may not align well with the LLM’s represen-
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Encoder + Adapter (EASiST)
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Figure 5: BLEU-LAAL curves on En→De tst-COMMON
set when fine-tuning different modules during Stage III.

τ 0.1 0.2 0.3 0.4 0.5 0.6 offline

En→De 7.51 7.75 7.96 8.09 8.18 8.29 8.39
En→Es 7.84 8.01 8.07 8.15 8.21 8.24 8.32

Table 4: Fluency scores (0–10) of translations generated by
EASiST under different policy thresholds (τ ) , evaluated by
DeepSeek-V3-0324.

tation space. On the other hand, updating the LLM (ALL,
Encoder+LLM, Adapter+LLM, LLM) introduces higher
computational cost and leads to performance degradation
potentially due to overfitting. Overall, these results show that
lightweight tuning strategies—particularly encoder+adapter
or adapter-only fine-tuning—can achieve optimal SimulST
performance while avoiding the overhead of LLM updates.

Fluency Evaluation
We report the fluency scores of translations generated by
EASiST under different decision thresholds τ in Table 4.
As τ increases, fluency scores steadily improve for both
En→De and En→Es directions, indicating that allowing
more input speech before generating output leads to more
fluent translations. Importantly, EASiST achieves high flu-
ency across all latency settings, with near-offline quality.

Conclusion
In this work, we present EASiST, an efficient and adaptive
framework for SimulST. We first introduce a novel SimulST
data curation pipeline that generates monotonic, interleaved
speech-translation pairs from offline corpora. We further
introduce a lightweight policy module for adaptive read-
/write decisions and adopt a three-stage training strategy
to progressively align text and speech modalities and opti-
mize streaming translation performance. Experiments on the
MuST-C and Europarl-ST En→De and En→Es benchmarks
show that EASiST achieves better latency-quality trade-offs
while maintaining high training and inference efficiency.
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