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Abstract—In recent years, combining pre-trained speech foun-
dation models(SLM) with large language models (LLMs) has
emerged as an effective paradigm for improving speech-to-text
translation performance. However, most existing LLM-based
speech translation methods rely on linear Chain-of-Thought
(CoT) reasoning and single-path decoding strategies, which limits
their ability to fully exploit diverse translation hypotheses and
makes them prone to error propagation, especially under zero-
shot settings. In this paper, we propose a novel Tree-of-Thought
reasoning framework for speech translation task, termed ToT-ST,
which reformulates speech translation as a structured reasoning
problem. Instead of being restricted to a single reasoning tra-
jectory, ToT-ST enables LLMs to generate, evaluate, and select
multiple candidate translation paths in parallel, thereby explicitly
modeling diverse translation strategies. This structured reasoning
mechanism allows the model to better explore the translation
hypothesis space effectively improving translation performance
in zero-shot speech translation scenarios. We evaluate ToT-ST
on multiple benchmark datasets, including FLEURS, CoVoST-2,
and MuST-C, covering zero-shot and cross-lingual scenarios. Ex-
perimental results demonstrate that ToT-ST achieves competitive
improvements over end-to-end models and LLM-based baselines
in terms of BLEU and COMET scores.

Index Terms—Speech Translation, Large Language Models,
Tree-of-Thought, Zero-shot Learning, Structured Reasoning

I. INTRODUCTION

Speech Translation (ST) aims to directly map source-
language speech signals into target-language text, constituting
a representative multimodal and multi-task challenge that
integrates automatic speech recognition, semantic understand-
ing, and cross-lingual generation [1]. While both traditional
cascade approaches and end-to-end models have achieved
substantial progress, they still face significant limitations in
low-resource languages, domain transfer, and robustness to
acoustic noise.

In recent years, Large Language Models (LLMs) have
profoundly reshaped the technical paradigm of speech transla-
tion, owing to their strong multilingual representations, deep
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Fig. 1: Translation process (e.g., De → En) of Chain-of-
Thought and Tree-of Thought in LLMs.

contextual modeling, and instruction generalization capabil-
ities. Rather than being treated merely as post-processing
modules, LLMs are increasingly integrated into the encod-
ing–reasoning–generation pipeline of ST systems, endowing
them with more human-like semantic perception and error-
correction abilities. A representative line of research adopts
a ”speech foundation model (SLM) + LLM” paradigm [2]
[3] [4], in which speech inputs are first mapped to source-
language transcripts or multiple candidate translations, fol-
lowed by LLM-based refinement or aggregation. For example,
GenTranslate [2] leverages the linguistic knowledge of LLMs
to re-rank and fuse N-best translation hypotheses generated by
speech foundation models, thereby producing higher-quality
outputs. TGCoT [3] proposes a Translation Graph Chain-of-
Thought [5] reasoning framework, enabling iterative feedback
and back-translation to self-correct potential errors. LLM-
based refinement strategies under diverse scenarios have also
been explored [4], [6], [7], including iterative prompting
and explicit incorporation of intermediate reasoning chains
to encourage multi-step semantic reasoning prior to final
generation.



Despite demonstrating the potential of LLMs as the core
of linguistic reasoning and generation for speech transla-
tion, these approaches predominantly rely on linear Chain-of-
Thought (CoT) reasoning paradigms. Under this framework,
models generate intermediate reasoning steps and final transla-
tions along a single sequential path, making the process vulner-
able to error propagation once mistakes occur in early stages
[8]. As illustrated in Figure 1, the CoT wrongly optimized the
translation prompt for text ”Einhaltung der Regeln”, resulting
in a discrepancy with the original text and generating an un-
natural phrase such as ”rules keeping”. Although backtracking
mechanisms [9], [10] can alleviate certain errors, effective
correction remains challenging and computationally expensive.
Moreover, linear reasoning restricts the ability to explore
multiple translation hypotheses in parallel, thereby limiting
the search space of translation strategies and preventing the
full exploitation of potentially useful information contained in
alternative candidates.

To overcome these limitations, this paper introduces a Tree-
of-Thought (ToT) [11]-based structured reasoning mechanism
for speech translation, which enables the model to generate,
evaluate, and select multiple candidate translation paths in
parallel. By explicitly modeling alternative translation strate-
gies, the proposed approach enhances robustness and stability.
Transforming translation from a linear decision process into
a structured tree-based search, our method more effectively
exploits translation diversity and achieves more reliable per-
formance under zero-shot speech translation settings.

The main contributions of this work are summarized as
follows:

• We propose ToT-ST, a novel Tree-of-Thought-based
speech translation framework that reformulates speech
translation as a structured reasoning problem, enabling
parallel exploration of multiple translation hypotheses
instead of relying on a single linear reasoning path.

• We introduce a tree-structured inference strategy for
LLM-based speech translation, in which candidate trans-
lations are iteratively generated, evaluated, and selected,
effectively mitigating error propagation and improving
robustness under zero-shot translation scenarios.

• Extensive experiments on multiple benchmarks, including
FLEURS, CoVoST-2, and MuST-C, demonstrate that
ToT-ST achieves competitive or superior performance
compared to strong end-to-end and LLM-based baselines
in both zero-shot and cross-lingual speech translation
settings.

II. RELATED WORK

Zero-shot Speech Translation

Zero-shot Speech Translation focuses on directly translating
speech into target-language text under the absence of target
language pairs or speech–translation annotations, and repre-
sents a more challenging setting in speech translation research.
Depending on the availability of supervision during training,
this problem generally includes both zero-shot language pair

scenarios and the more stringent zero-resource setting, where
no speech–translation paired data is used during training. Some
studies address this challenge by decomposing the general
zero-resource problem into several simpler sub-tasks [12].

With the advancement of end-to-end speech translation
models, researchers have attempted to alleviate data scarcity
by introducing weak supervision or cross-lingual transfer
learning. Certain approaches employ shared encoders [13],
multi-task learning, or explicit distance constraints [14] [15] to
map speech and text into a unified semantic space, enabling
zero-shot translation. However, such methods typically still
rely on a non-negligible amount of speech translation data for
fine-tuning, and therefore fail to satisfy the strict zero-resource
requirement.

More recent work has shifted toward systematic mod-
eling of the modality gap, simultaneously addressing the
mismatch between speech and text in both sequence length
and representation space. Representative approaches such as
ZEROSWOT [16] [17] [18] demonstrate that, without using
any speech translation data, it is possible to achieve true
zero-shot end-to-end speech translation by relying solely on
automatic speech recognition and machine translation data.
These methods employ CTC-based [19] subword compression
and Optimal Transport [20] [21] to explicitly align speech and
text representations, enabling the speech encoder to be directly
integrated with large-scale multilingual machine translation
models. Experimental results show that, when cross-modal
alignment is sufficiently strong, speech translation perfor-
mance can approach or even surpass that of certain supervised
models.

In parallel, another research investigates LLM-based zero-
resource speech translation and recognition frameworks, where
speech representations are mapped into the token embedding
space of LLMs and used as soft prompts [22] to directly
drive text generation. These studies further indicate that, under
zero-resource conditions, the performance ceiling of speech
translation systems is largely determined by the reasoning
and generation strategies of LLMs, rather than by acoustic
modeling alone.

III. METHODS

A. Overall Framework

In this section, we introduce the design overview of ToT-ST
as shown in Figure 2,including automatic speech recognition
and Tree-of-Thought reasoning.

1) Speech Encoder: We employ Whisper-Large-V3 [23] as
the speech foundation model to transcribe the source speech.
The transcription is then processed sentence by sentence
through LLM to generate translations in the target language.

2) Tree-of-Thought Reasoning: Given an input sentence,
the proposed ToT framework performs structured multi-path
reasoning. First, the input sentence is translated into an initial
translation. Second, the ToT further refines the translation
by breaking it down into multiple independent sentences
or clauses. From the perspective of fluency and contextual
coherence, an improved translation is generated for each



Fig. 2: Overall framework of ToT-ST (e.g., En → De). (1) Input layer: raw speech is encoded by a pre-trained Whisper-Large-
V3 speech encoder to extract text. (2) Tree-of-Thought (ToT) reasoning process, which enables parallel generation, evaluation,
and selection of multiple translation paths. (3) LLM backbone: Qwen3-8B serves as the core language model for reasoning
and translation generation.

segment, resulting in a more accurate, natural, and coherent
overall output. Finally, during the optimization process, we
continuously perform comparative analyzes and supplement
any missing information until the final translation is produced.

B. Tree-of-Thought Reasoning
In the section, we introduce the implementation detail of

Tree-of-Thought Reasoning.
1) Generate: For any ToT node Ti and text x, it generates

K candidate thought strategies for next node Ti+1 according
to Eq. (1):

kj |(j = 1, . . . ,K) ∼ pθ(Ti+1|x, Ti) (1)

where pθ(Ti+1|x, Ti) denotes the probability of generating the
next thought strategy Ti+1 based on the current state (x, Ti),
and θ denotes the current parameters of LLMs. Each candidate
thought strategy {kj |(j = 1, . . . ,K)} is independently gener-
ated from different thought spaces, ensuring the diversity of
translation results and enhancing the translation performance.

2) Evaluate: For the branch nodes generated at each ToT
layer, we use the proposed SATS to evaluate their current
quality in the translation task and guide the generation of the
thinking path, as shown in Eq. (2a) to Eq. (2c).

BLEU = BP × exp

(
N∑

n=1

(Wn) logPn

)
(2a)

Sim(u, v) =
u · v

∥u∥ · ∥v∥
=

∑d
i=1uivi√∑d

i=1u
2
i ·
√∑d

i=1v
2
i

(2b)

S = α ·BLEU + (1− α) · Sim (2c)

where Eq. (2a) and Eq. (2b) denotes the calculation equation
for BLEU and semantic similarity, respectively. Both BLEU
and semantic similar scores are normalized to [0, 1]. Eq. (2a)
uses N-Gram to to match the reference translation and the
LLM translation results, calculating the BLEU score. The text
of speech recognition is represented as a vector u ∈ Rd, and
the translated text is represented as a vector v ∈ Rd. Eq. (2b)
calculates the semantic similarity between v and u through the
cosine similarity. Finally, Eq. (2c) performs weighted fusion.
During the experiment, when α = 0.7, the average score
reaches the highest value.

3) Search: We use the breadth-first search strategy to fully
explore the search space of ToT, as shown in Algorithm 1. In
addition, during the exploration process, when the search depth
of ToT is 3 and the branch width is 5, the overall performance
tends to be stable. In Algorithm 1, x denotes the transcribed
text by ASR and is regarded the initial state (line 1). For
each step t, we calculate all possible extended states S

′

t . We
use generator G(pθ, s, k) to generate k candidate thoughts and
attach them to state s to obtain a new state S

′

t = (s, zt) (lines
2-10). Then, we evaluate each new state to obtain the score
Vt, choosing the top b states with the highest evaluation value
Vt as the state set for the next step (lines 11-13). Finally, we
select the state s∗ with the highest evaluation value in ST and
use G(pθ, s

∗, 1) to generate the final result (lines 13-15).

IV. EXPERIMENT

A. Datasets

We evaluate our method on three multilingual speech trans-
lation datasets:



Algorithm 1 Breadth-First Tree-of-Thought Inference.

Input: Input x (text from Whisper-Large-V3), total steps T ,
generation width k, beam width b

Output: Final translation output
1: Initialize state set S0 = {x}
2: for t = 1 to T do
3: Initialize candidate state set S′

t = ∅
4: for all s ∈ St−1 do
5: Generate k candidate thoughts {z(1)t , . . . , z

(k)
t } us-

ing generator G(pθ, s, k)
6: for i = 1 to k do
7: Append z

(i)
t to s to form new state (s, z

(i)
t )

8: Add the new state to S′
t

9: end for
10: end for
11: Evaluate each state s′ ∈ S′

t using evaluation function
Vt(s

′)
12: Select the top b states with highest Vt scores to form

St

13: end for
14: Let s∗ = argmaxs∈ST

VT (s)
15: Generate final output using G(pθ, s

∗, 1)

• MuST-C [24]: It covers English to 15 target languages
collected from TED talks.

• FLEURS [25]: It is released by Google for low-resource
language research.

• CoVoST-2 [26]: It is extended from CommonVoice [27]
and is suitable for evaluating the generalization of model.

B. Metrics

• SacreBLEU: A standardized version of BLEU [28] that
employs consistent tokenization and preprocessing meth-
ods, and is compatible with multilingual settings.

• COMET [29]: A semantic evaluation metric based on
pre-trained language models, which measures the seman-
tic similarity between generated translations and refer-
ence translations.

C. Baselines

We compare the proposed method with a diverse set
of strong baselines covering different speech translation
paradigms, including end-to-end models, LLM-based speech
models, and SLM + LLM methods.

• End-to-end Speech Translation Models: We include
SeamlessM4T-Large [30] and SeamlessM4T-Large-V2
as representative end-to-end speech translation systems
trained on large-scale multilingual data. In addition, we
include ZEROSWOT [16] as a representative zero-shot
end-to-end speech translation model. These models serve
as strong supervised baselines and reflect the performance
of modern end-to-end ST approaches.

• LLM-based Speech Models: Qwen2-Audio [31] is used
as a representative large language model that directly
performs speech translation without explicit cascaded

refinement. This baseline allows us to assess the effective-
ness of structured reasoning beyond the raw generative
capability of LLMs.

• SLM + LLM Methods: We compare against recent state-
of-the-art cascaded approaches that combine ASR–MT
pipelines with LLM-based refinement or reasoning, in-
cluding GenTranslate [2], GenTranslate-V2 [2], TG-
CoT [3], RefineST [4] and ZERO-ST [22], a recent zero-
resource speech translation framework. These methods
leverage LLMs for hypothesis aggregation, iterative re-
finement, or Chain-of-Thought reasoning, and represent
the strongest prior art in zero-shot speech translation.

D. Experiment Results Analysis

1) X→English(En): Table I reports speech translation
BLEU scores from multiple source languages into En-
glish(X→En) on the FLEURS and CoVoST-2 test sets.
First, compared with end-to-end speech translation models
SeamlessM4T-Large and SeamlessM4T-Large-V2, our method
achieves substantially higher BLEU scores on the FLEURS
dataset across all evaluated languages, and attains the highest
average BLEU score of 36.1. A similar trend is observed on
the CoVoST-2 dataset, where our method consistently deliv-
ers superior performance on German(De-En), French(Fr-En),
and Spanish(Es-En). Second, compared with Qwen2Audio,
our method yields significant improvements, indicating that
structured reasoning during translation contributes more to
performance gains than the raw language modeling capability
of LLMs alone.

More importantly, relative to state-of-the-art SLM +
LLM approaches for zero-shot speech translation, our
method establishes a new benchmark. Although GenTranslate,
GenTranslate-V2, and TGCoT already outperform end-to-end
models by leveraging LLM-based refinement, our approach
further improves performance on both datasets. Specifically,
ToT-ST achieves competitive BLEU scores on nearly all
language pairs and attains the highest average BLEU on
the FLEURS dataset, demonstrating superior robustness and
consistency under zero-shot conditions.

2) English(En)→X: Table II reports speech translation
BLEU scores from English to multiple target language
(En→X) on the CoVoST-2 and MuST-C test sets. ToT-
ST achieves competitive improvements across all evaluated
datasets. On CoVoST-2, ToT-ST attains a BLEU score of 24.9
on En–Fa language pair, outperforming the strongest SLM +
LLM baseline, TGCoT, by 1.8 BLEU points. For the En–Ja
ToT-ST also improves BLEU scores by 0.2, demonstrating
robust performance even when compared with other strong
baselines. Although zero-shot models such as ZEROSWOT-
MEDIUM and ZEROSWOT-LARGE achieve strong results,
our approach remains competitive within LLM-based reason-
ing framework. On the MuST-C dataset, ToT-ST continues
to exhibit superior performance. For example, on the En–Es
translation task, ToT-ST achieves a BLEU score of 36.4, out-
performing the ZEROSWOT-LARGE baseline by 0.6 BLEU
points. On the En–It task, ToT-ST improves BLEU by 1.5



TABLE I: Speech translation results on FLEURS and CoVoST-2 X-En test sets in terms of BLEU score. We use bold to denote
the best results and underline the second-best results to emphasize competitive performance.

X-En Fleurs CoVoST-2

Cy El Fa Ta Uk Avg De Fr Es Nl Ca Avg

End-to-end Methods
SeamlessM4T-Large [30] 31.7 25.9 32.2 19.8 30.5 28.0 38.8 41.3 41.1 41.1 38.4 40.3
SeamlessM4T-Large-V2 [30] 34.5 28.5 30.3 24.2 31.5 29.8 40.0 42.4 42.9 42.7 39.0 41.4

LLM
Qwen2-Audio [31] 32.5 29.6 32.7 22.5 33.6 30.2 35.2 38.5 40.0 22.7 25.5 32.4

SLM + LLM Methods
ZERO-ST [22] — — — — — — 32.4 35.6 34.6 23.3 25.8 30.3
GenTranslate [2] 39.4 32.8 35.9 24.1 36.9 33.8 40.2 41.8 42.1 43.8 38.4 41.3
GenTranslate-V2 [2] 39.1 33.8 35.4 26.4 37.1 34.4 41.1 43.1 43.3 44.9 39.5 42.4
TGCoT [3] 42.7 34.5 35.1 26.4 38.5 35.4 — — — — — —
Ours 43.0 36.1 36.5 28.1 36.9 36.1 41.2 45.8 44.5 42.6 36.5 42.1

TABLE II: Speech translation results on CoVoST-2, MuST-C
En-X test sets in terms of BLEU score.Remarks follow Table
I.

En-X CoVoST-2 MuST-C

Fa Ja Zh Avg Es It Avg

End-to-end Methods
SeamlessM4T-Large [30] 18.3 24.0 34.1 25.5 34.2 29.9 32.1
SeamlessM4T-Large-V2 [30] 16.9 23.5 34.6 25.0 32.1 27.5 29.8
ZEROSWOT-MEDIUM [16] 26.0 46.0 39.0 37.0 34.9 30.6 32.8
ZEROSWOT-LARGE [16] 26.6 47.1 40.5 38.1 35.8 31.4 33.6

LLM
Qwen2-Audio [31] 21.5 28.6 45.2 31.8 35.2 29.6 32.4

SLM + LLM Methods
GenTranslate [2] 21.8 30.5 43.3 31.9 33.2 28.3 30.8
GenTranslate-V2 [2] 20.8 29.7 43.5 31.3 33.2 28.3 30.8
TGCoT [3]) 23.1 32.3 46.6 34.0 35.5 30.3 32.9
Ours 24.9 32.5 44.8 34.1 36.4 32.9 34.7

over ZEROSWOT-LARGE, resulting in an average BLEU im-
provement of 1.1. These results indicate that ToT-ST remains
effective even in the reverse translation direction, where target-
side linguistic diversity introduces additional ambiguity and
uncertainty. The observed gains highlight the effectiveness of
Tree-of-Thought reasoning in handling such challenges under
zero-shot conditions. To further assess translation quality,
Table III reports results on CoVoST-2 En→X using both
BLEU and COMET metrics. Across all evaluated languages,
our method achieves the highest BLEU and COMET scores
in almost all cases, as well as the best overall average
performance. Compared with LLM-based refinement baselines
such as RefineBoth [4], RefineST [4], and ParaphraseST [4], our
approach consistently improves performance on both metrics.
The simultaneous gains in BLEU and COMET indicate that
the proposed Tree-of-Thought structured reasoning enables
more reliable translation decisions, leading to improvements
not only in surface-level fluency but also in semantic adequacy
and faithfulness.
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Fig. 3: Impact of tree branch number k on BLEU score and
decoding time on FLEURS X-En. Subfigure (a) shows the
effect on BLEU scores; subfigure (b) shows the decoding time.
Colors denote target languages: blue (Cy), orange (El), green
(Fa), red (Ta), purple (Uk), and gray (average).

E. Ablation Study

To investigate the impact of ToT reasoning on transla-
tion performance, we conduct ablation experiments on the
CoVoST-2 X→En dataset, as shown in Table IV.

When only the initial translation step is used, BLEU drops
significantly from 43.8 to 37.2, indicating that a single-pass
generation is insufficient under zero-shot conditions. Remov-
ing either step 2 or step 3 leads to BLEU scores of 40.4 and
41.3, respectively, demonstrating the importance of iterative
refinement and hypothesis comparison in the reasoning pro-
cess.

Furthermore, removing the evaluation and scoring step
results in an additional performance degradation, confirming
that explicit selection based on quality estimation is a critical
component of ToT. Overall, these results highlight that the
performance gains of ToT arise from the joint effect of refine-
ment, comparison, and evaluation, rather than from prompt
design alone. Figure 3 illustrates the effect of translation
candidate k on decoding performance. Since ToT relies on
the power of LLMs and the number of translation candidates,
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TABLE III: Speech translation results on CoVoST-2 test sets are reported in terms of BLEU and COMET scores. For each
language, the left column shows BLEU results, and the right column shows COMET results.Remarks follow Table I.

CoVoST-2

En-X De Ca Ar Tr Avg
BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET

RefineBoth [4] 31.24 0.8230 39.62 0.8163 23.62 0.8189 22.28 0.8366 29.19 0.8237
RefineST [4] 30.02 0.8021 38.21 0.8005 22.82 0.8103 21.92 0.8305 28.24 0.8108
ParaphraseST [4] 28.43 0.7859 36.72 0.7823 21.95 0.7981 20.19 0.8067 26.82 0.7932
Ours 32.11 0.8344 40.15 0.8202 23.70 0.8079 23.40 0.8536 29.84 0.8290

TABLE IV: Translation performance of ToT on CoVoST-2 X-
En datasets. The standard setting refers to the LLM directly
generating a translation. ”w/o step2” and ”w/o step3” indicate
the removal of the second and third reasoning steps, respec-
tively. ”w/o evaluate” removes the evaluation step, allowing
the model to select the best translation autonomously.

X-En De Fr Es Avg

ToT 41.2 45.8 44.5 43.8
standard 35.6 36.9 39.1 37.2
w/o step2 39.2 40.3 41.8 40.4
w/o step3 38.7 41.4 43.8 41.3
w/o evaluate 36.8 35.2 39.9 37.3

TABLE V: Decoding time comparison (seconds per utterance)
between ToT-ST and representative baselines on CoVoST-2
X→En. All methods are evaluated under the same hardware
settings.

Method De Fr Es Nl Ca Avg

Qwen2-Audio [31] 46.8 44.8 42.0 44.1 46.2 44.8

Ours (Whisper + Qwen3-8B) 49.0 49.0 46.2 45.3 46.2 47.2
Ours (Whisper + Qwen2.5-7B) 2.9 4.1 3.5 2.6 3.6 3.3
Ours (Whisper + LLaMA3.1-8B) 3.8 3.7 4.5 3.4 4.1 3.9

we test translation candidate k in {1, 3, 5, 8, 10}. BLEU scores
increase steadily as n grows up to 5, after which performance
saturates or slightly declines. Smaller values of k limit the
search space and hinder hypothesis diversity, while larger
values introduce redundancy and increase the risk of hallu-
cinations.In parallel, decoding time grows monotonically with
increasing k, reflecting the computational cost of expanded
search. Considering both translation quality and efficiency, we
identify k = 5 as an optimal trade-off, which is used in all
subsequent experiments.

Table V compares the decoding time of ToT-ST with
representative baselines on the CoVoST-2 X→En test set.
Results are reported in seconds per utterance and averaged
over five source languages.Compared with Qwen2-Audio [31],
ToT-ST incurs additional decoding cost due to multi-branch
reasoning and hypothesis evaluation. However, the overhead
remains moderate and scales linearly with the number of trans-
lation candidates.Among different LLM backbones, ToT-ST
with Qwen3-8B achieves the best balance between translation

quality and decoding efficiency, while smaller models such
as Qwen2.5-7B offer reduced latency at the cost of trans-
lation performance. Overall, these results indicate that Tree-
of-Thought reasoning improves translation robustness without
introducing prohibitive computational overhead.

V. CONCLUSION

In this paper, we introduced ToT-ST, a Tree-of-Thought
based structured reasoning framework for speech translation
with large language models. Unlike conventional approaches
that rely on linear Chain-of-Thought reasoning and single-path
decoding, ToT-ST enables parallel generation and evaluation
of multiple translation hypotheses, allowing the model to
explicitly explore alternative reasoning paths and mitigate error
propagation.Extensive experiments on FLEURS, CoVoST-2,
and MuST-C demonstrate that the proposed approach con-
sistently improves translation quality under zero-shot and
cross-lingual settings, outperforming both end-to-end speech
translation systems and recent LLM-based refinement meth-
ods. Further ablation studies validate the contribution of each
reasoning component and show that an appropriate number of
tree branches can achieve a favorable balance between trans-
lation accuracy and decoding efficiency.Our findings suggest
that structured reasoning paradigms such as Tree-of-Thought
provide a promising direction for advancing speech translation
with large language models, particularly in low-resource and
zero-supervision scenarios.
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