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Abstract

We present an end-to-end speech translation (ST) model that
uses a large language model (LLM) to guide the translation pro-
cess. Recent advances in LLMs have shown strong contextual
understanding and robustness to noisy text, making them ben-
eficial for mitigating automatic speech recognition (ASR) er-
rors. Building on these strengths, we develop an LLM-driven
ST model within an encoder-decoder framework, with the en-
coder handling an auxiliary ASR task and the decoder incorpo-
rating an LLM at its front end. Here, the encoder generates an
ASR hypothesis that cues the LLM to perform machine transla-
tion. The LLM output is then fed into the decoder to yield the
final translation. This two-pass design capitalizes on the LLM’s
robust and accurate translation capabilities, while enabling end-
to-end optimization tailored to specific ST tasks. Experimental
results on various ST tasks reveal significant performance gains
with our LLM integration, and extensive analyses further vali-
date our approach.

Index Terms: end-to-end speech translation, large language
model, language model integration

1. Introduction

Large language models (LLMs) [1-6] have rapidly become a
dominant paradigm in natural language processing, driven by
the exponential growth of internet-sourced data and significant
advancements in GPU-accelerated computing. Among their
key strengths is a robust ability to interpret diverse textual in-
puts [7-11], enabling them to generate contextually appropriate
responses—even when queries are imperfect or noisy (as is of-
ten the case with human-generated content).

Such advantages are particularly beneficial in developing
accurate speech-to-text systems, where automatic speech recog-
nition (ASR) outputs can serve as inputs into LLMs for text
generation. A number of studies have demonstrated promising
results for enhancing ASR models by refining their hypothe-
ses, focusing on the LLMs’ potential for generative grammati-
cal/spelling error correction [12-18]. Recent research has fur-
ther extended this approach to encompass a broader range of
speech tasks beyond improving ASR [19]. Moreover, spoken
language understanding can be effectively realized by applying
natural language understanding tasks to ASR results, exhibiting
resilience even in the presence of ASR errors [20-23].

In this work, we aim to achieve speech translation (ST)
by harnessing the robust machine translation (MT) capabili-
ties of LLMs. A common approach for adopting LLMs for ST
involves fine-tuning them on speech data to generate transla-
tions [24-27], often using parameter-efficient techniques such
as conditional soft-prompting [28,29] and low-rank adaptation
(LoRA) [30]. However, these methods can be computationally
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demanding during both training and inference, especially when
processing lengthy speech sequences alongside text. Instead,
we explore a simpler solution that relies on off-the-shelf LLMs
without fine-tuning, capitalizing on their inherent MT abilities
that are generally highly accurate [31-34] and robust against
error-prone inputs, such as those produced by ASR. Our ap-
proach is conceptually similar to fusion strategies (e.g., cold
fusion [35, 36]), which build an end-to-end ASR system on top
of prior language-specific information captured by an external
language model (LM). In our setting, the ST system focuses on
bridging speech and its translation, while the pre-trained LLM
provides strong guidance on potential translation outputs.

To this end, we propose a novel ST model based on the
attention-based encoder-decoder (AED) architecture [37-39],
augmented with an auxiliary ASR sub-task trained via connec-
tionist temporal classification (CTC) [40] on the encoder output.
We further introduce an LLM-guided decoder [18], wherein a
fixed LLM is instructed to translate the intermediate ASR hy-
pothesis (from CTC) into the target language. The LLM output
is then fed into the decoder to generate the final translation. This
design allows for a formulation unifying cascaded and end-to-
end ST features, exploiting the LLM’s strengths in generating
accurate translations and handling noisy ASR results, while pre-
serving a direct objective dedicated to specific ST tasks.

2. Background: End-to-End ST

End-to-end ST aims to model a direct mapping from a source-
language speech sequence O = (o, € R¥|t = 1,--- | T) of
length T into its corresponding target-language text sequence
W = (wnp € V|n =1,---, N) of length N. Here, F denotes
the dimensionality of the acoustic features at each frame, and V
represents the vocabulary of the target language.

End-to-end ST systems are typically built using the AED
architecture [37-39], where the posterior probability distribu-
tion of p(W|0O) is modeled using a probabilistic chain rule as

N
P (W0) = [ [ p(wa|Wen, 0).

n=1

ey

The token emission probability of p(wy, |W<n, O) is computed
using encoder and decoder networks as

H = (hy, -, hy) = Encoder(0) € R %P, @)
P(wn|Wen, O) = Decoder(We.,,, H) € [0, 1]IVI_ 3)

In Eq. (2), Encoder(-) converts the input sequence into D-
dimensional hidden vectors H of down-sampled length 7" (<
T). In Eq. (3), Decoder(-) comprises causal networks, followed
by a linear layer and the softmax function to generate the out-
put vocabulary distribution. The decoder also incorporates the
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Figure 1: Overview of proposed LLM-guided end-to-end ST.

cross-attention mechanism that attends to the relevant parts of
the encoder output H for producing the current token w, .

The AED model is trained by minimizing the negative log-
likelihood of Eq. (1), i.e., £2** = —logp***(W|0). To fa-
cilitate end-to-end ST training, it is common to employ multi-
task learning with an auxiliary ASR sub-task [41-43]. Given
the source-language transcript W™ = (w;y € V|im =
1,---, M) of length M and vocabulary V', the objective of
end-to-end ST £ is defined using an ASR loss £>*" as

£st — (1 _ )\asr)ﬁaed-st(W‘O) + /\asrﬁasr(WsrC|O)’ (4)

where A*" (0 < A*' < 1) is a tunable weight. The ASR loss
L' is defined based on the joint CTC/AED framework [44] as

LBSI’ — (1 _ )\CtC)ﬁaed-aSI’(WSI’C|O) + )\CtCﬁCtC(WSrC‘O)7 (5)

where A\ (0 < A < 1) is a tunable weight for the CTC loss
L€ [40], which is computed using the encoder output H from
Eq. (2). The AED loss £2*%*" is computed using an additional
ASR decoder, similarly to Eq. (3).

3. LLM-Guided End-to-End ST

Figure 1 shows our proposed end-to-end ST model, which ben-
efits from the robust and accurate translation guidance provided
by an off-the-shelf LLM. The proposed model builds on the
conventional end-to-end ST approach (as described in Sec. 2)
by simply replacing the original decoder with an LLM-guided
decoder [18]. In this setup, the LLM is tasked with translat-
ing an ASR hypothesis—obtained via the CTC-based ASR sub-
task—into the target language, and its output representations are
then fed into the decoder to produce the final translation result.
This integration allows the model to exploit the LLM’s strengths
not only in generating precise translations but also in robustly
handling noisy inputs (i.e., those with ASR errors). Further-
more, error propagation from the LLM’s translations can be ef-
fectively mitigated through end-to-end training of the decoder,
which explicitly attends to the encoder output.

Below, we delve into the structure of our proposed model,
which enables an end-to-end ST formulation powered by the
LLM’s MT capabilities. Then, we describe the specific training
and inference algorithms for the proposed model. Finally, we
discuss the relationship to existing work on two-pass modeling.

3.1. Formulation

The proposed model addresses end-to-end ST by factorizing the
posterior distribution p(W|O) over ASR hypotheses as

p(W[0) = > p(W[W*,0)p(W"|0),
WS'CE’H

(6)
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where TW*" denotes a hypothesized source-language transcript,
and H is a set of all ASR hypotheses for the speech input O. In
this formulation, the conditional distribution p(W|W*®* O) is
further decomposed using a probabilistic chain rule as
N
p(WW*e,0) = [ ] pwa|Wen, W<, 0). @)
n=1

Compared to the standard AED formulation in Eq. (1), the pre-
diction of each target token is conditioned not only on its pre-
ceding tokens W, but also on the ASR hypothesis W*. This
integrates both end-to-end and cascaded ST features, enabling
the model to exploit complementary information from the inter-
mediate ASR output while directly modeling the translation.

The token emission probability in Eq. (7) is computed sim-
ilarly to the AED architecture, but the original decoder (i.e.,
Eq. (3)) is replaced with an LLM-guided decoder as

plwn|Wen, W, 0)
= LLMGuidedDecoder(e1, - - - , e,, H) € [0,1]V, (8)
where H is the encoder output from Eq. (2). The sequence

(e1,--- ,e,) comprises D"™-dimensional hidden vectors de-
rived from an LLM as

en = LLM(W™, W, W_,) e R”"", ©)

where W™ is an instruction that prompts the LLM to translate
W* into the target language. With the implementation shown
in Egs. (8) and (9), the LLM is employed to infuse cascaded ST
capabilities into the model (cf. Eq. (7)). Although the LLM is
not explicitly trained to translate from erroneous ASR hypothe-
ses, its strong contextual reasoning allows for interpreting noisy
inputs. Consequently, the LLM-guided decoder is expected to
facilitate end-to-end ST, incorporating the robust MT capabili-
ties of the LLM into direct translation modeling.

3.2. Inference Algorithm

Figure 1 illustrates the decoding flow for the proposed model.

The model estimates the most probable translation W by solv-

ing the following optimization problem based on Eq. (6):
= argmax Z (W|W™, 0)p(W|0),

WsrceH

(10)

To simplify the search process, the Viterbi approximation is ap-
plied to p(WW*|O), which yields

W ~ argmax p(W|W**, 0), (11)
w

where W*'° = argmax p(W*°|0).
s

In Eq. (12), the ASR hypothesis W*" is first obtained by per-
forming best path decoding [40] using the CTC module applied
to the encoder output. Then, in Eq. (11), the final translation
W is generated by performing beam search decoding with the
LLM-guided decoder, which takes the instruction W™ and the
ASR hypothesis W as inputs.

(12)

3.3. Training Algorithm

The proposed end-to-end ST model is trained in two stages:

Stage 1: Train the standard AED-based model using the loss
L defined in Eq. (4).

Stage 2: Freeze the encoder network with the CTC-based ASR
module, then train the LLM-guided decoder while
keeping the parameters of the pre-trained LLM fixed.



By freezing all pre-trained components in Stage 2, the LLM-
guided decoder can focus solely on end-to-end ST modeling,
learning to integrate speech information from the encoder with
accurate and robust translation guidance provided by the LLM.
The LLM-guided decoder is optimized by minimizing the
negative log-likelihood of Eq. (6) expanded with Eq. (7),

N
—log > []pwaWen, W, 0)p(W,|0)  (13)
Wsregy n=1
N ~
Wsremp(Wsre|O) long(wn|W<n7W5rC7O) . (14)
n=1

IN
|
=

2 raed-llm

To handle the intractable summation in Eq. (13), we approx-
imate it with an expectation under the sampling distribution
p(W*|O), which leads to the upper bound shown in Eq. (14).
In practice, W*" is sampled by running the encoder in training
mode (with dropout enabled) and performing best path decod-
ing within the CTC framework [45]. Aside from this sampling
procedure, the loss computation follows that of the standard
AED decoder (in Eq. (3)).

3.4. Relationship to Prior Work on Two-Pass ST

Equation (6) can be viewed as a general formulation of two-
pass modeling, which decomposes the ST objective into ASR
and MT tasks for tractable optimization. Previous studies have
explored such two-pass structures, mainly focusing on the tight
coupling of pre-trained ASR and MT models through joint
training [46—49]. In contrast, our approach uses an LLM solely
for providing translation guidance in ST, meaning the MT com-
ponent is not explicitly optimized with ASR information. This
enables the use of parameter-heavy LLMs without fine-tuning.

4. Experiments
4.1. Experimental Setup

We implemented our models and conducted experiments using
the ESPnet-ST toolkit [50,51].

Data We trained and evaluated models using CoVoST-2 [52],
a large-scale multilingual ST corpus derived from Common
Voice [53]. This dataset includes translations from English
into 15 languages (En — X), with each task providing approx-
imately 430 hours of training data. Our experiments focused
on the En — {De, Zh, Ja} tasks. CoVoST-2 also supports
translations from 21 languages into English (X — En), with
the amount of training data varying across languages. Specifi-
cally, we used the high-resource De — En task (184 hours), the
mid-resource Zh — En task (10 hours), and the low-resource
Ja — En task (1 hour). All data pre-processing followed the ES-
Pnet recipe for CoVoST-2 [54]. However, for Ja — En, we used
Kana (Japanese phonological units) as the source transcript to
mitigate limited training data, and for all tasks, we tokenized
the target text using the LLM vocabulary.

Modeling We developed our baseline model (AED-ST) within
the standard AED-based framework (as described in Sec. 2).
The encoder (in Eq. (2)) consisted of a frozen XLS-R (0.3B)
front-end [55] followed by 12 Conformer encoder blocks [56].
The encoder blocks are configured with D" = 4 attention
heads, the dimension of a self-attention layer of D = 256,
the dimension of a feed-forward network of Df = 1024,
and the kernel size of 31. The decoder (in Eq. (3)) employed
Transformer decoder blocks [39], with parameters (D" = 4,
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D = 256, D = 2048). In our proposed model (LLM-Guided
AED-ST), the LLM-guided decoder (in Eq. (8)) retained the
same configuration as the standard decoder, while Llama2-Chat
(7B) [57] served as the front-end LM. The pre-trained mod-
els were accessed through the HuggingFace library [58]: XLS-
R [59] and Llama2-Chat [60]. For further analysis, we also de-
veloped an AED-based MT model (AED-MT) based on Trans-
former. The model had 6 blocks each in the encoder and de-
coder, with parameters (Dh =4, D = 256, Df = 2048).
Training and Decoding We primarily followed optimization
configurations specified in the ESPnet recipe [54]. All tasks
were treated independently, without any multilingual training.
Before training the baseline AED-ST, we first trained the joint
CTC/AED-based ASR model (AED-ASR) using only the loss
L% in Eq. (5). Then, we initialized the AED-ST training pro-
cess (with £ in Eq. (5)) using the encoder from AED-ASR.
For evaluation, the ST models used beam search decoding with
a beam size of 5, while the ASR models used joint CTC/AED
decoding [44] with a beam size of 20 and a CTC weight of 0.3.
LLM Prompting In the proposed LLM-Guided AED-ST, the
instruction W™ and the ASR hypothesis W (see Eq. (9))
were given to the LLM as follows:

<s>[INST] <<SYS>>

You will receive a statement in ${SRC.LNG} enclosed in
quotation marks. Please translate it into ${TGT.LNG}.
<</SYS>>

Translate "${ASR.HYP}" [/INST] Here’s the translation:

The prompt was adjusted to encourage the LLM to generate the
translation immediately after the prefix input.

4.2. Main Results

Table 1 lists case-sensitive detokenized BLEU scores [64] for
the test set of each task, computed using SacreBLEU [65]. Our
proposed LLM-Guided AED-ST significantly outperformed the
baseline AED-ST. The performance improvements were more
pronounced for the X — En tasks compared to the En — X
tasks, reflecting Llama2’s stronger proficiency in generating
English text. Importantly, these gains were achieved by training
only the LLM-guided decoder (~20M parameters), showing ef-
ficient end-to-end ST training by incorporating the frozen LLM.

To evaluate the LLM’s MT capabilities, we developed cas-
caded ST systems that combine AED-ASR with either the LLM
or AED-MT. Table 2 reports the corresponding BLEU scores.
Note that while the LLM operates in a zero-shot manner on the
CoVoST-2 tasks, AED-MT is trained on CoVoST-2 using task-
specific training data. On the De — En task, the LLM-based
cascaded system achieved performance comparable to our end-
to-end system, demonstrating robust zero-shot translation even
in the presence of ASR errors. Conversely, for En — De, the
LLM was not effective; even with reference text, its results fell
short of the proposed model’s performance. For a fairer compar-
ison, Sec. 4.3 evaluates a cascaded system where the LLM is ex-
plicitly adapted to CoVoST-2. The cascaded system using AED-
MT outperformed the LLM-based system on En — De, likely
due to the availability of ample training data specific to the MT
task. This raises the question of whether the LLM or AED-MT
is more effective for constructing our proposed model, which is
further examined in Sec. 4.3.

In Table 1, we also list previous end-to-end ST results, all
obtained using only CoVoST-2 as supervised ST data. Although
direct comparisons are difficult, given the wide variations in ar-
chitectures and optimization strategies driven by available com-
putational resources, our findings suggest potential directions



Table 1: BLEU scores on X — {De, Zh, Ja} and {De, Zh, Ja} — X tasks in CoVoST-2, comparing baseline ST model (AED-ST) with
our proposed ST model using LLM (LLM-Guided AED-ST). For reference, we also report scores of previous models trained exclusively
on CoVoST-2 tasks, with numbers obtained from original papers. * Evaluated using character-level BLEU.  Used without fine-tuning.

Pre-Trained X — En En — X

End-to-End ST Model Speech Model Language Model De Zh Ja De Zh* Ja (Ja”)
AED-ST XLS-R' (0.3B) - 239 87 28 23.0 322 26.6(37.8)
LLM-Guided AED-ST XLS-R' (0.3B) Llama2-Chat' (7B) 309 124 4.6 260 353 27.8(39.2)
XLS-R [55] XLS-R (0.3B) mBART (0.5B) 2677 49 06 236 335 - (36.9)

XLS-R (2B) mBART (0.5B) 336 94 35 283 385 - (41.5)
mSLAM [61] mSLAM-CTC (2B) - 359 100 33 - - - (=)
CoT-ST [62] Whisper-L-v3 Enc." (0.8B) Qwen?2 (7B) - - - 287 477 30.8( -)
LLaST [63] Whisper-L-v2 Enc. (0.8B)  Llama2-Chat (13B) 41.2 24.8 28.8 - - - (=)

Table 2: BLEU scores for cascaded ST systems.

Model De - En En — De
LLM-Guided AED 30.9 26.0
AED-ASR — LLM (zero-shot) 29.7 17.2
Reference — LLM (zero-shot) 343 22.6
AED-ASR — AED-MT 21.2 21.6
Reference — AED-MT 24.0 28.8

Table 3: Ablation study on proposed LLM-Guided AED-ST.

CoVoST-2 MuST-C-v2

Model De - En En — De En — De
AED-ST 23.9 23.0 124
LLM-Guided AED-ST 30.9 26.0 17.5
(A1) Remove Prompt 24.5 22.7 -
(A2) Remove Cross-Attention 28.6 23.0 -
(A3) Remove XLS-R 29.1 25.7 -
(A4) Replace LLM with AED-MT  21.5 222 11.8

for further improvement. The XLS-R results [55] are derived
from an AED-based model that fine-tunes pre-trained XLS-R
and mBART models applied to the encoder and decoder, re-
spectively. Using XLS-R (0.3B), our model outperforms these
results without requiring any fine-tuning of pre-trained models,
highlighting the effectiveness of our end-to-end ST formulation
guided by an LLM. Employing larger and more sophisticated
pre-trained speech models, e.g., XLS-R (2B) and mSLAM [61],
could further enhance our model. CoT-ST [62] and LLaST [63]
directly fine-tune LLMs for ST using parameter-efficient tech-
niques (e.g., soft-prompting [28,29] and LoRA [30]). While
increasing training costs, similar strategies could be applied to
our approach to help the LLM better handle translation tasks
affected by ASR errors. Employing the Whisper encoder [66],
trained by supervised ST tasks across various languages, is an-
other promising direction for future enhancement.

4.3. Ablation Study

Table 3 reports BLEU scores for the De — En and En —
De tasks, summarizing the results on various ablation studies
(A1~A4) performed on the proposed LLM-Guided AED-ST.

LLM prompt matters. We trained our proposed model with-
out the instruction W™ and the ASR hypothesis TW*" (A1),
thereby the LLM functioning as a simple LM. This modification
greatly degraded the scores and yielded only marginal improve-
ments over the baseline AED-ST. This highlights the impor-
tance of designing a prompt that elicits the translation task [18].
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Speech information is necessary. To evaluate the effective-
ness of end-to-end training (as formulated in Eq. (7)), we ab-
lated the cross-attention layers from the LLM-guided decoder
(A2), thus ignoring speech cues from the encoder. This makes
the decoder act as an adapter for the LLM outputs, resulting in a
cascaded system with LLM translations adapted to the CoVoST-
2 tasks. The ablation led to a decrease in the performance of the
proposed model, demonstrating the importance of directly ac-
cessing speech information (i.e., conditioning of O in Eq. (7))
rather than relying solely on the ASR hypothesis. Furthermore,
when compared with the unadapted cascaded system reported in
Table 2, the LLM adaptation had a negative impact on De — En,
with the BLEU score declining from 29.7 to 28.6. In contrast, it
was beneficial for En — De, with the score improved from 17.2
to 23.0. This suggests that an adaptive mechanism is crucial for
the LLM when generating text in a less proficient language.
LLM is the key to improvement. To assess the contribution
of the LLM in the proposed model, we first trained it without the
pre-trained XLS-R frontend (A3). This led to a slight drop in
BLEU scores, suggesting that the performance gains were pri-
marily attributable to the use of the pre-trained LLM. We then
replaced the LLM with AED-MT (a4). Specifically, in Eq. (8),
en is generated by the decoder of AED-MT using the ASR-
hypothesis as input. This end-to-end training with AED-MT
improved upon the cascaded system shown in Table 2, show-
ing the advantages of tightly coupled AED-ASR and AED-MT
training, as similarly demonstrated in [48]. However, it sig-
nificantly degraded performance compared to our LLM-Guided
AED-ST, indicating that the formulation in Eq. (7) greatly ben-
efits from the robust and general translation capabilities, which
are successfully realized through the LLM. We further con-
firmed the benefits of the LLM’s generalizability through an
out-of-domain evaluation using the MuST-C-v2 test set (tst-
COMMON) [67], where our LLM-Guided AED-ST achieved
larger gains than its performance on in-domain CoVoST-2.

5. Conclusion

We proposed a novel end-to-end ST model that employed an
LLM to guide its direct translation process. Specifically, we
prompted the LLM to translate the ASR hypothesis and then
used the resulting output to generate the final translation. Our
approach successfully capitalized on the LLM’s accurate and
robust MT capabilities, while achieving end-to-end modeling of
ST. One limitation of the proposed model is its reliance on a par-
ticular LLM used during training. Future work should enable
seamless integration with any LLM to allow easy adaptation to
rapidly evolving models, thereby maximizing the advantages of
the proposed model that does not require LLM fine-tuning.
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