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Abstract

Machine translation with large language models has recently attracted growing atten-
tion due to its flexibility and strong zero-shot and few-shot capabilities. However, most
prompt-based LLM translation methods rely on linear generation or shallow self-refinement,
implicitly committing to a single reasoning path. Such designs are brittle when translating
long and syntactically complex sources, where reliable translation often requires structured
planning and hypothesis exploration. In this paper, we propose TransGoT, a novel machine
translation framework inspired by the graph-of-thoughts paradigm, which formulates
translation as a structured, multi-stage reasoning process over a graph of intermediate
thoughts. TransGoT explicitly decomposes translation into constraint identification, draft
generation, and culture- and style-aware refinement, enabling systematic exploration and
aggregation of alternative translation hypotheses. To better adapt graph-based reasoning to
translation, we design two key mechanisms: (1) Uncertainty-driven thought transformation.
Unlike general reasoning tasks, translation uncertainty is often localized and unevenly
distributed across tokens, making holistic regeneration inefficient. We therefore design
uncertainty-driven thought transformation, which leverages model-internal confidence
signals to guide targeted token-level revision; (2) Dispersion-adaptive thought scoring.
It emphasizes evaluation criteria with stronger inter-candidate variance to enable robust
multi-criteria thought selection. We evaluate TransGoT on the WMT22 benchmarks and ex-
perimental results demonstrate that TransGoT consistently outperforms strong LLM-based
translation baselines, validating the effectiveness of structured graph-based reasoning for
machine translation.

Keywords: machine translation; chain of thought; large language model

1. Introduction
Machine translation (MT) is a long-standing task of automatically converting text from

one language into another while preserving meaning and style. As a core application in
natural language processing, machine translation enables cross-lingual communication
and access to information [1,2].

Mainstream MT systems evolved from statistical paradigms to neural architectures.
Early efforts rely on statistical methods, in particular phrase-based statistical MT [3]. These
works decompose translation into local phrase correspondences with probabilistic models
to align and translate phrases, relying heavily on feature engineering and phrase tables, and
often struggle with complex linguistic context. In the last decade, neural MT has improved
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end-to-end modeling through encoder–decoder architectures with recurrent networks
and attention mechanisms, achieving higher translation quality [2,4,5]. The Transformer
architecture further advanced quality by enabling fully attention-driven sequence modeling
with strong scalability [6]. Transformers eliminate recurrence and enable highly parallel
training, leading to improved translation quality. These advances establish powerful neural
MT systems that underpin most contemporary translation approaches.

With the advent of pre-trained large language models (LLMs), MT research has entered
a new era [7]. Modern LLMs can be applied to translation either by fine-tuning or by
prompting. In the fine-tuning based approach, a pre-trained language model is adapted
with parallel data [8–10]. Examples include mBART [11] and mT5 [12], which are sequence-
to-sequence models pre-trained on large multilingual corpora and then fine-tuned on
translation tasks. Such methods leverage massive monolingual data and often attain strong
performance across many language pairs. However, fine-tuning LLMs for translation can
be computationally intensive and may over-specialize the model, potentially weakening its
in-context generalization ability [13].

In contrast, prompt-based approaches cast MT as an inference-time task for a fixed
LLM, offering high flexibility without requiring task-specific training. For example, GPT-3
and subsequent models can perform translation via few-shot prompting without gradient
updates [14]. A growing body of work has examined how prompt templates, in-context
demonstrations, and decoding strategies influence MT performance [15–19]. However,
current prompt-based MT methods typically follow a linear reasoning trajectory, producing
a translation in a single pass or through a small number of sequential refinements. This
design effectively commits to a single generation trajectory, which may be insufficient
for inputs requiring non-local planning (e.g., long-distance reordering, discourse-level
coherence, or ambiguity resolution that depends on multiple interacting cues), where
exploring alternative hypotheses can be beneficial. For instance, in news-style documents,
the antecedent of a pronoun or an implicit subject may only become unambiguous several
sentences later; a linear pipeline that resolves the ambiguity locally can propagate the
mistake throughout the paragraph, yielding globally inconsistent entity chains. This limita-
tion is especially evident for long documents and syntactically complex sentences, where
reliable translation often benefits from exploring alternative hypotheses and aggregating
intermediate decisions rather than committing to a single path.

To this end, we aim to develop a more structured reasoning framework for MT.
Recent work on LLM reasoning has shown the power of multi-step planning (chain-of-
thought) [20], and even branching reasoning strategies (tree-of-thought) [21], to improve
complex problem-solving. More recently, Graph of Thoughts (GoT) [22] generalizes these
ideas by representing intermediate “thoughts” as vertices in a graph and allowing them to
be combined and refined along different paths, showing strong reasoning ability. In GoT,
vertices correspond to units of generated text (LLM “thoughts”) and edges capture logical or
semantic dependencies. This enables the model to explore multiple hypotheses in parallel
and to revisit or merge them as needed. By analogy to GoT, we posit that MT can benefit
from an explicit multi-stage planning approach that generates and evaluates translation
hypotheses in a structured way. However, the standard GoT does not prescribe MT-specific
intermediate thoughts, where the search space should be structured around translation
constraints (e.g., terminology and forbidden patterns), cultural appropriateness, and style
control. Moreover, directly applying GoT to MT, however, can lead to error accumulation
across thoughts and can not effectively filter low-quality translation thoughts.

In this work, we propose TransGoT, a novel translation framework inspired by graph-
of-thoughts. TransGoT organizes the translation process into multiple and structured
reasoning stages that build on one another. First, the model identifies key lexical or
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structural constraints from the source (e.g., named entities and technical terms) to construct
constraint thoughts. Conditioned on these constraints, it then generates initial translation
thoughts as editable drafts. Finally, Considering the cultural [23] and stylistic [24] attributes
are non-negligible factors that substantially affect translation adequacy and acceptability,
TransGoT performs culture-aware and style-aware refinement, incorporating relevant
background knowledge and style guidelines to revise the drafts and improving cultural
appropriateness and maintaining consistency with the desired style.

To better harness GoT’s structured thought search for the MT task, we design
uncertainty-driven thought transformation and dispersion-weighted thought scoring,
which enable uncertainty-aware revision and dispersion-adaptive multi-criteria scoring
over intermediate thoughts. More specifically: (1) Predictive uncertainty is indicative of
unreliable generation and is correlated with a higher likelihood of errors [25,26]. Compared
with the general reasoning tasks, translation confidence often manifests locally at the token
or phrase level rather than the holistic regeneration, so revising low-confidence spans can
be more efficient than refining the entire draft to address the issue of error accumulation.
Therefore, we detect parts of the draft with low confidence and explicitly mark them as
revisable targets, so that TransGoT can re-attend to these spans and perform targeted
rewriting in subsequent reasoning stages rather than blindly propagating early mistakes.
Compared with GoT, TransGoT additionally uses token-level probabilities generated by the
LLM (or truncated top-(k) logprobs when full access is unavailable) to quantify uncertainty
and mask high-uncertainty spans for targeted rewriting. This type of probability-based
uncertainty estimation is not part of standard GoT, and it is introduced in this work specif-
ically for machine translation, where errors often concentrate in localized spans. This
mechanism enables TransGoT to revise low-confidence regions while reducing unnecessary
global rewrites, thereby improving adequacy and stability. (2) In addition, translation
quality is inherently multi-dimensional and different criteria may vary in how well they
discriminate among candidates. We then design a dispersion-adaptive scoring mechanism
that assigns larger weights to criteria with higher dispersion across candidate thoughts,
thereby enabling robust pruning and selection of high-quality thoughts.

The key contributions of this paper are summarized as follows:

• We propose a new MT paradigm TransGoT, a graph-of-thoughts-based translation
framework that applies structured, multi-stage reasoning to translation.

• We deliberately design task-specific thought types in the translation graph, and pro-
pose uncertainty-driven masking and dispersion-adaptive scoring to enable targeted
revision of low-confidence segments and robust multi-criteria selection of intermediate
thoughts.

• Extensive experiments are conducted on multilingual translation benchmarks (WMT22)
to verify the effectiveness of the proposed TransGoT. The results demonstrate signifi-
cant improvements over competitive baselines.

2. Related Work
2.1. LLM-Based Translation

Building on the strong text understanding and generation capabilities of LLMs, recent
work has increasingly investigated applying them to MT. These studies primarily fall into
two categories: fine-tuning-based and prompt-based approaches. For the former, ref. [8]
showed that LLMs achieve strong translation capability when fine-tuned with only a few
dozen sentence pairs; ref. [9] applied a two-stage recipe (monolingual continued pretraining
then parallel fine-tuning) to substantially boost translation quality; ref. [10] incorporated
quality-aware strategies, such as weighting more difficult sentences higher during fine-
tuning. Moreover, specialized translation LLMs have also been developed. For example,
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the open Tower model was trained on multilingual translation data to excel in translation-
related tasks [27]. However, several studies note that aggressive fine-tuning can harm some
LLM capabilities. For example, ref. [28] found that full fine-tuning improves BLEU and
COMET scores but can degrade abilities like formality control and few-shot generalization.
Meanwhile, many closed-LLMs outperform their open-source counterparts [29], which
makes fine-tuning these models to acquire strong translation capabilities infeasible.

Instead of updating model weights, other works use few-shot or zero-shot prompting
to exploit LLM translation capabilities through in-context learning. Ref. [7] systemati-
cally studied different prompting strategies for MT and showed that example formatting
and selection significantly affect quality. Ref. [30] evaluated GPT-3.5/4 and found that
these models achieve competitive quality on high-resource languages with only prompt-
based use. Indeed, ChatGPT (GPT-4) prompts can yield translations approaching the
quality of commercial systems [31]. Other works explored advanced prompt techniques:
ref. [32] showed that careful selection of few-shot exemplars further improves in-context
MT. Ref. [33] prompted LLMs to self-correct their translations across multiple rounds,
which enhances fluency and adequacy. Ref. [18] employed an automatic speech recognition
transcript plus encoded speech as a “chain-of-thought” prompt to guide a speech transla-
tion LLM, achieving notable BLEU gains. Ref. [17] proposed MAPS to mimic the human
translation process: it first analyzes the source text to extract relevant knowledge, and then
integrates and selects the useful information for generating the final translation. Overall,
prompt-based methods follow a linear reasoning trajectory, and can not fully explore the
reasoning ability of LLMs.

2.2. Chain-of-Thought Prompting

Chain-of-thought (CoT) prompting was introduced by [20] as a way to improve LLM
reasoning by generating intermediate reasoning steps. The key insight is that providing
exemplar solutions with explicit step-by-step rationales enables models to decompose
complex tasks. This approach can also be applied in a zero-shot style by simply appending
phrases like “Let’s think step by step” to the prompt [34]. Ref. [35] further investigated
why CoT is effective through ablation studies and found that it mainly helps the model
structure its task understanding within the prompt. Numerous studies have been proposed
to further enhance the CoT’s abilities to handle complex tasks. Representative work, such
as [36], proposed self-consistency, where multiple CoT samples are generated and then
aggregated to select the most consistent answer. However, these extensions typically
generate or aggregate linear chains, without explicitly organizing the reasoning process
into a structured search space. The Tree-of-thought (ToT) framework generalizes CoT by
allowing an LLM to explore structured reasoning branches [21], highlighting the benefit
of structured search in LLM prompting. In ToT, a model generates several “thought”
vertices at each step and selectively expands a search tree. Graph-of-thought (GoT) further
extends this idea by modeling LLM reasoning steps as a directed acyclic graph [22]. In GoT,
each vertice represents an “LLM thought”, a coherent piece of generated content, and the
edges encode logical or procedural dependencies among vertices. By searching over graph
structures, GoT can integrate thoughts from different chains and apply feedback loops,
yielding synergistic outcomes.

In MT, CoT-style prompting has been explored recently. As mentioned above, ref. [33]
used a CoT strategy to iterate on translations. Ref. [37] prompted LLMs to explain transla-
tion errors in natural language, showing improved translation quality. Ref. [38] included
ToT in their study of translation prompts and found that ToT can sometimes yield higher-
quality translations or better error-detection compared with CoT. Our work focuses on
formulating the GoT to MT.
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3. Preliminary
GoT [22] is a general-purpose inference framework that organizes an LLM’s intermedi-

ate reasoning states as a directed graph, enhancing LLMs’ capabilities through networked
reasoning. GoT enables the combination of multiple intermediate thoughts by allowing
a vertice to depend on several predecessors. More broadly, its graph-based formulation
subsumes both CoT [20] and ToT [21], supporting richer reasoning structures and flexible
information aggregation without modifying model parameters. Through this, GoT can
implement structured exploration, selective expansion, and controlled combination of
partial solutions (thoughts).

3.1. Thought Graph

Given an input instance x (e.g., a prompt or a general problem statement), GoT
maintains a thought graph

Gt = (Vt, Et)

at a reasoning step t, where each vertex v ∈ Vt corresponds to a thought (e.g., an initial
solution, a partial solution, and an intermediate hypothesis), and each directed edge
(vi → vj) ∈ Et indicates that vj was produced by transforming vi (predecessor vertice)
under a specific operation. In contrast to linear reasoning, the graph representation allows
multiple hypotheses to coexist and evolve, supporting constructed branching.

3.2. Thought Transformations

Common transformations of GoT include: (1) Aggregation Transformations, which
merge multiple intermediate thoughts into a new thought, combining their complementary
strengths while mitigating their individual weaknesses. More broadly, this mechanism
naturally extends from aggregating individual thoughts to aggregating reasoning paths, i.e.,
longer chains of thoughts. Under the graph abstraction, this is achieved by connecting the
vertices v1, v2, . . . , vk which represent the terminal thoughts of several chains, via outgoing
edges into a single aggregation vertex v+; (2) Refining Transformations, which refine an
existing thought v by updating its content. In this case, no new vertices are added and
a self-loop is introduced, i.e., the new edge inserted into G is E+ = v → v. This loop
represents an iterative revision of the same thought while keeping the original connectivity
in the graph; (3) Generation Transformations, which generate k new thoughts from a single
existing thought v. This operation is closely related to branching-style reasoning used
in earlier schemes (e.g., ToT). Formally, we add k new vertices V+ = {v1, v2, . . . , vk} and
connect them from v via new edges E+ = {(v → v1), (v → v2), . . . , (v → vk)}.

In GoT, transformations that generate or update textual thoughts invoke an underlying
generator (typically an LLM), which defines a conditional distribution pθ(·|context) over
outputs, where θ is the fully pre-trained parameters of LLM. GoT does not estimate pθ

beyond using the generator for decoding. Instead, it relies on an external scoring function
(Equation (1)) to rank and prune thoughts. Therefore, explicitly designed probability-based
uncertainty estimation in TransGoT is not a required component of GoT.

3.3. Thoughts Pruning

To control the thought search, GoT assigns each thought a scalar utility via a task-
specific evaluation function:

s(v) = Score(x, zv) ∈ R, (1)
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where the score function might be computed by an LLM-based critic, a learned metric, or
heuristics. Typically, at each iteration (reasoning step), top-K vertices ranked by their scores
are retained.

3.4. Graph of Operations and Graph Reasoning State

The controller of GoT comprises two key components: the Graph of Operations (GoO)
and the Graph Reasoning State (GRS). The GoO is a static blueprint that encodes how a
task is decomposed into a graph of thought operations. It specifies which transformations
are applied to LLM-generated thoughts, as well as their execution order and dependency
structure. In contrast, the GRS is a dynamic data structure that tracks the evolving reasoning
process. In practice, the user instantiates a GoO to define the execution plan of thought
operations, where each operation explicitly records its predecessors and successors. During
execution, the GRS is updated online to reflect the current status of the reasoning process,
such as which operations have been completed and the set of generated thoughts.

4. Framework
4.1. Problem Definition

Let x denote a source segment, which can be a sentence or a document chunk, and let y
be its target translation. We assume access to an LLM parameterized by θ (fully pre-trained),
which could be open-weight model (e.g., Llama (https://www.llama.com/ (accessed on 25
February 2026))) or closed-weight model (e.g., ChatGPT (https://chatgpt.com/ (accessed
on 25 February 2026))). Our goal is to prompt the LLM to reason a translation y that
preserves the source meaning, aligns with the target culture, follows the desired stylistic
conventions, and satisfies other requirements.

4.2. TransGoT

TransGoT formulates translation as a staged search over a directed graph of interme-
diate thoughts, where multiple thought candidates are generated and pruned via a scoring
function. In both GoT and TransGoT, intermediate thoughts are produced by a pre-trained
LLM via conditional generation, i.e., decoding from an implicit conditional distribution
pθ(·|context), and neither of them introduces a new trained probabilistic model. Follow-
ing the core idea of GoT, an LLM-generated thought in TransGoT is a vertex in a graph
(e.g., constraint specification and draft translation). We define a directed acyclic graph
G = (V , E), where each vertex v ∈ V corresponds to a translation thought zv, and each
edge (vi → vj) ∈ E indicates zvj is generated conditioned on zvi . The final output y is
generated by transforming and aggregating the information from a selected set of thought
vertices.

Figure 1 illustrates the overall pipeline. We model the translation reasoning process as
a directed heterogeneous graph. Specifically, we design TransGoT that performs staged
transformations as follows (This resembles chain-of-thought reasoning like CoT, but its core
lies in retaining multiple thoughts at each step and performing thought transformations,
thus forming graph-based reasoning.):

Z (c) ∼ pθ(· | x), (Constraint Thoughts) (2)

Z (d) ∼ pθ(· | x,Z (c)), (Draft Thoughts) (3)

Z (k) ∼ pθ(· | x, Z̃ (d)), (Culture-aware Thoughts) (4)

Z (s) ∼ pθ(· | x,Z (k)), (Style-aware Thoughts) (5)

y∗ ∼ pθ(· | x.Z (s)), (Final Translation) (6)
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Throughout this paper, pθ(·|·) is the base LLM’s conditional generation distribution
under the given prompt/context. In TransGoT, we quantify token-level uncertainty for
masking the draft thoughts (Section 4.2.2). For open-weight models like Llama, token
probabilities are directly available. For closed-weight models where θ is unaccessible like
ChatGPT, token logprobs may be truncated and we use the binned entropy approximation
defined in Equation (9). We should note that the graph in TransGoT is not a syntac-
tic/semantic parse graph of the sentence. Instead, it is a reasoning graph (i.e., thought
graph) where nodes are intermediate textual states such as constraints, drafts, culture-aware
rewrites, and style-aware rewrites. And edges denote conditioning dependencies induced
by the controller (e.g., Z (s) is generated conditioned on Z (k)). The generation is performed
by the LLM: the graph provides multi-hypothesis exploration and structured pruning and
enables multi-hypothesis exploration and structured pruning.

Following GoT, we generate multiple candidate thoughts at each stage
(Equations (4)∼(6)) and retain the top-K thoughts according to a multi-criteria scoring
function, yielding a compact set of high-quality thoughts for subsequent stages. For sim-
plicity, we omit the prompts for specific transformations in the above equations, as well as
the scoring and ranking stages [22]. Particularly, Z̃ (d) is an uncertainty-masked version
of the initial translation thought (Section Uncertainty-Driven Masking for Draft Revision),
which explicitly flags low-confidence regions for targeted language. Particularly, consid-
ering that translation quality involves multiple metrics such as accuracy and fluency, we
score and retain translation thoughts through a carefully designed dispersion-weighted
multi-dimensional score (Section Dispersion-Adaptive Multi-Dimensional Scoring and
Selection). This yields a compact set of high-quality thoughts that propagate to later stages,
akin to graph search with pruning. Next, we will introduce each type of thought.

Source
Segment �

LLM (�)
Open-Weight

LLaMA

Closed-Weight

ChatGPT

Uncertainty-Masked Version )(~ d

Z

Multi-Dimensional ScoringLow-confidence regions are blurred for revision

Art
Fluency
Alignment

Initial Translation 
Darafts

Keyword mappings
Domain constraints
Forbidden patterns

Ciltural
Considerations

Stylistic
Adjustments

Constraint Thoughts
)|(~)( xpZ c 

Culture-Aware ThoughtsDraft Thoughts
),|(~ )()( cd ZxpZ 

)~,|(~ )()( dk ZxpZ 

Style-Aware Thoughts
),|(~ )()( ks ZxpZ 

Figure 1. The overview of TransGoT.

4.2.1. Constraint Thoughts

TransGoT first prompts the LLM to produce a set of constraint thoughts Z (c) that
normalizes the requirements into an executable checklist. Concretely, Z (c) includes: (i) key-
word mappings (source key-word → required target key-word); (ii) domain framing (e.g.,
biomedical/legal); and (iii) forbidden patterns (e.g., do not translate product names). This
step externalizes constraints as a stable conditioning signal for draft thought generation.

4.2.2. Draft Thoughts

Conditioned on (x,Z (c)), the LLM generates initial translation thoughts Z (d). Unlike
the final output, Z (d) is treated as an editable draft whose uncertain parts will be explicitly
revised in later stages.

https://doi.org/10.3390/bdcc10030070
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Uncertainty-Driven Masking for Draft Revision

A key challenge in prompting-based translation is that early-stage errors can per-
sist through later refinement. TransGoT introduces an uncertainty-driven mechanism
that forces the model to re-attend to unreliable regions of the draft thoughts. Let
z(d) = (w1, . . . , wm) be the token sequence of the draft translation thought. For each
token wi, we compute an uncertainty score ui from the LLM token probabilities:

pi ≜ pθ(wi | x, z(c), w<i), (7)

ui = −∑|V|
j=1 pi,j log(pi,j), (8)

where z(c) is a constraint thought and |V| is the vocabulary size. Here we define ui

as the entropy of token probabilities. Intuitively, if ui is relatively small, it indicates
that the current token generated by LLM exhibits higher confidence. For open-weight
models, ui can be computed directly from the model’s token distribution during decoding.
For closed-weight models, token-level probabilities may be truncated (e.g., the APIs of
ChatGPT (https://platform.openai.com/chat (accessed on 25 February 2026))). When top-k
probabilities (or logprobs) are provided, we approximate entropy using a binned estimate
and define the following binned entropy to approximate ui.

ui = −∑k
j=1 pi,j log(pi,j)− r log(r), (9)

where r = 1 − ∑k
j=1 pi,j. We define the low-confidence index set as the top ρ-quantile:

Lρ =
{

i ∈ {1, . . . , m} : ui ≥ Quantileρ({uj}m
j=1)

}
, (10)

with ρ = 0.1 in our method. We then randomly sample a subset M ⊆ Lρ (to avoid
deterministic artifacts) and replace tokens {wi}i∈M with a special marker [MASK]:

Z̃ (d) = Mask(Z (d);M). (11)

When generating culture-aware thoughts Z (k), we explicitly instruct the LLM that
[MASK] regions are uncertain and might be rewritten with justification grounded in x. This
transforms uncertainty into a controllable refinement signal.

4.2.3. Culture- and Style-Aware Thoughts
Culture-Aware Thoughts

Considering culture-specific expressions and culturally nuanced references are often
poorly served by literal translation [23], especially when no direct target-language equiva-
lent exists, we explicitly incorporate cultural reasoning into TransGoT to guide the LLM
toward culturally appropriate translations. Given (x, z̃(t)), we prompt the LLM to generate
cultural thoughts Z (k) that resolve idioms, allusions, honorifics, and other culture-specific
content. This step aims to improve culture appropriateness while maintaining semantic
fidelity and constraint compliance.

Style-Aware Thoughts

Refs. [24,39] have pointed that stylistic attributes (e.g., formality and politeness)
are crucial for producing natural and audience-appropriate translations. Therefore, we
further model the desired style to steer the LLM toward stylistically consistent outputs.
Conditioned on (x,Z (k)), the model generates Z (s) to match target-side style requirements.
Importantly, style adaptation is applied after cultural adaptation to reduce conflicts between
pragmatic rewriting and stylistic polishing.

https://doi.org/10.3390/bdcc10030070
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Dispersion-Adaptive Multi-Dimensional Scoring and Selection

Since multiple candidate culture and style thoughts can be generated with varying
qualities, filtering for high-quality thoughts is necessary so that the LLM is guided by
relevant signals rather than noisy or conflicting cues. Translation quality is inherently
multi-dimensional, and collapsing multiple criteria into a single score by simply averaging
criteria can dilute dimensions that better discriminate among candidates and may lead to
suboptimal rankings in practice. TransGoT performs candidate selection under a dispersion-
weighted multi-dimensional scoring mechanism.

Let Q be a set of quality dimensions (e.g., accuracy, fluency, cultural appropriateness,
formatting correctness, and stylistic consistency, among others). For a candidate c (a culture
or style thought), we assign a score qd(c) for each criteria q ∈ Q, which can be instantiated
by LLM-based judges [40,41]. TransGoT requires only that higher is better and scores are
comparable within each dimension. Rather than simply averaging these scores for c, we
propose dispersion-weighted mechanism to integrate them. We build this on a simple yet
effective intuition: criteria that better discriminate among candidates (higher dispersion)
should contribute more to the integrated score. Given a candidate set C = {c1, . . . , cn}
where n is the number of thoughts, we compute a dispersion statistic for each criterion:

∆q(C) ≜ Dispersion({q(cj)}n
j=1), (12)

where Dispersion(·) is a generic operator (variance in our experiments). We then normalize
to obtain weights:

wq(C) =
∆q(C) + ϵ

∑q′∈Q
(
∆q′(C) + ϵ

) , (13)

with a small ϵ > 0 for numerical stability. The final score for candidate cj is

s(cj; C) = ∑
q∈Q

wq(C) · q(cj), (14)

and we select the top-K candidates for reasoning via This mechanism is applied consistently
to culture-aware thoughts and Z (k) style-aware thoughts Z (s). Finally, we further refine
the translation by conditioning the LLM on the retained style-aware thought. Algorithm 1
summarizes TransGoT, which is prompt-only and compatible with both sentence-level and
document-level translation.

Algorithm 1 TransGoT.
Require: source x, LLM.

1: Generate constraint thoughts Z (c)
2: Generate initial translation candidates Z (d) based (x,Z (c))

3: Compute token confidences {ui} for Z (d); build Z̃ (d) by masking top-ρ quantile tokens
(highest uncertainty)

4: Generate culture-aware thoughts Z (k) from (x, Z̃ (d)); select via dispersion-weighted
scoring

5: Generate style-aware thoughts Z (s) from (x,Z (k)); select via dispersion-weighted
scoring

6: Generate the final translation y∗ from (x,Z (s))
7: Return y∗
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5. Experiments
5.1. Datasets

We conduct our experiments on the WMT22 [42] benchmark, which extends the former
WMT News Translation task to evaluate MT systems under a multi-domain setting. Each
example in the dataset contains a varying number of sentences. Since our method and
baselines do not require model training, we directly use the official test set. The test sets
are conducted from four domains: news, social, e-commerce, and conversational. The
organizers target 2000 source segments per language pair, aiming for 500 segments per
domain. Following the work of [19], we use 8 translation directions across 5 languages
(German (De), Czech (Cs), Chinese (Zh), Russian (Ru), and English (En)) in our experiments,
using approximately 2,000 source segments per direction spanning four domains (news,
social, e-commerce, and conversational. The detailed statistics are shown in Table 1.

Table 1. Statistics of the employed dataset. Specifically, when the first four lines are used as the source
language, we use English as the target language; when English is the source language in the last row,
the target can be any of the other four languages.

Source Conv. E-Com. News Social Other Total

German 462 501 506 515 - 1984
Czech - - 957 491 - 1448
Chinese 349 518 505 503 - 1875
Russian - 508 1004 - 504 2016
English 484 530 511 512 - 2037

5.2. Baselines

We employ TEaR [19], which improves LLM-based MT by prompting the model to
iteratively critique and revise an initial translation through a systematic self-refinement
loop, as the strongest baseline in our experiments. Additionally, we compare TransGoT
with the following baselines:

• IT (Initial Translation): which directly prompts the LLM to translate the sources.
• SCoT [37]: which formulate automatic translation post-editing as a direct LLM prompt-

ing task, where the LLM takes the source sentence and a neural MT output and is
prompted to produce an improved translation by applying targeted edits.

• CT [33]: which improves MT by iteratively prompting an LLM to self-correct and
rewrite an initial translation in multiple rounds, conditioning each refinement on the
source sentence and the current translation to enhance fluency and overall quality
progressively.

5.3. Metrics

Following the work of [19], we adopt two learned neural metrics as our evalua-
tion criteria: the reference-free metric COMET-Kiwi [43] and the reference-based metric
XCOMET-XL [44]. COMET-Kiwi is a quality estimation (QE) variant in the COMET family:
given a source sentence x and a hypothesis y, it produces a scalar quality score without
requiring a human reference. Complementarily, we use XCOMET-XL as a strong reference-
based learned metric. XCOMET-XL takes (x, y, r) (source, hypothesis, and reference) as
input and outputs a sentence-level quality score. For both metrics, higher values indicate
better translations. We report the macro-averages over segments for each translation direc-
tion, i.e., the arithmetic mean of sentence-level metric outputs across all test segments in
that direction.

Reliability and Limitation of Learned Metric. The two neural semantic evaluation mod-
els, i.e., the two learned metrics employed in our work, are trained to approximate human
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judgment of translation quality and therefore are typically robust to benign paraphrase and
word-order variation that preserves meaning. They also generally capture synonymy (e.g.,
“lunch” vs “luncheon”) reasonably well since the reliance on contextual representations
rather than relying on surface overlap. As a result, they are typically more tolerant to
synonymy and meaning-preserving paraphrase than string-based metrics. In contrast, we
explicitly note a limitation that the sentence-level learned metrics (XCOMET-XL and c
COMET-Kiwi) can still be imperfect in edge cases (rare entities, heavy ambiguity, or subtle
scope effects). For logical scope, COMET-style evaluators are trained to detect major ade-
quacy errors, and therefore they are typically expected to assign substantially lower scores
when a hypothesis (target) contradicts the source/reference via explicit negation or other
logical operators (e.g., “I did not eat at lunch” vs. “I ate at lunch”). We also acknowledge
that fine-grained logical entailment remains challenging for any sentence-level learned
metric, especially in cases of ambiguity or long-range dependencies. For this reason, we
report results with two complementary learned metrics (reference-free COMET-Kiwi and
reference-based XCOMET-XL), reducing the risk that conclusions are driven by a single
metric’s blind spots.

5.4. Implementation Details

To ensure a fair comparison, all thought generation and aggregation operations are per-
formed with GPT-4o mini accessed through the OpenAI API. GPT-4o mini is a lightweight,
cost-efficient model designed for fast, focused generation tasks and supports standard
text-based prompting. Note that TransGoT is a prompt-based methodological framework
based on a fully pre-trained LLM. This means that there is no loss function, optimizer, or
training hyperparameters to report for TransGoT. Considering we focus on the MT task,
we use text inputs/outputs only.

5.5. Prompting Protocol

In this section, we present the prompts used for each type of thought.

5.5.1. Constraint Thoughts Z (c)

We prompt the LLM to canonicalize all requirements into an executable checklist. The
output schema is

Z (c) = {T ,D,F}, (15)

where T is a terminology map (source term → required target term), D provides domain
grounding, and F lists forbidden operations.
Template:

System: You are a professional translator. Follow instructions strictly.

User:

[Task] Extract constraints for translating the SOURCE into TARGET.

Return a checklist with the following sections exactly:

[TERMS] source_term -> required_target_term (one per line; empty if none)

[DOMAIN] domain + intended audience + key context assumptions

[DO-NOT] forbidden actions (do not add/delete info; do not translate product names)

SOURCE:

{x}

5.5.2. Draft Thoughts Z (d)

Conditioned on (x,Z (c)), we generate an initial translation draft.
Template:
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System: You are a professional translator. Follow instructions strictly.

User:

Translate the SOURCE into TARGET. You SHOULD comply with the checklist.

[CHECKS]

- terms satisfied: {T}

- domain assumptions: {D}

- forbidden patterns: {F}

Output format:

[TRANSLATION]

<your translation>

SOURCE:

{x}

5.5.3. Culture-Aware Thoughts Z (k)

We construct an uncertainty-masked draft Z̃ (d) (Section Uncertainty-Driven Masking
for Draft Revision). The culture-aware thought refines idioms, pragmatic intent, and
culturally loaded references.
Template:

System: You are a professional translator. Be faithful and culturally appropriate.

User:

You are given:

(1) SOURCE

(2) a DRAFT with [MASK] markers indicating uncertain tokens/spans

Task:

- Rewrite the DRAFT into a culturally appropriate translation.

- You MUST rewrite every [MASK] region (no [MASK] remains).

- Preserve all FORMAT invariants and required TERMS.

Output format:

[TRANSLATION]

<revised translation>

SOURCE:

{x}

DRAFT:

{Masked_Draft}

5.5.4. Style-Aware Thought Z (s).

Given (x,Z (s)), we enforce style goals after cultural resolution.
Template:

System: You are a professional translator. Follow instructions strictly.

User:

Rewrite the TRANSLATION to match the [STYLE-NOTES].

This is an optional override when the TARGET and SOURCE styles are inconsistent.

[STYLE-NOTES]

- tone

- register
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- formality

- politeness

Output format:

[TRANSLATION]

<styled translation>

SOURCE:

{x}

CURRENT TRANSLATION:

{Z(k)}

5.6. Results

Table 2 reports the evaluation on WMT22 using a reference-free metric and a reference-
based metric. We have the following observations: (1) TransGoT achieves the best overall
performance across all language directions on both metrics, outperforming the strongest
prior baseline TEaR by +0.24/+0.21 on average for EN→X (COMET-Kiwi/XCOMET-XL)
and +0.33/+0.27 for X→EN. These results suggest that structured graph-based reasoning
can provide benefits beyond linear self-refinement in our setting; (2) The gains over TEaR
are especially pronounced for CS→EN on COMET-Kiwi (+0.56) and for EN→ZH / EN→CS

on XCOMET-XL (+0.37 / 0.29), suggesting that our uncertainty-guided revisions and multi-
criteria selection are particularly effective; (3) In several directions, CT yields marginal
or negative changes e.g., for DE→EN, COMET-Kiwi: −0.17, and for CS→EN, XCOMET-
XL: −0.20, suggesting that iterative revision without targeted guidance may sometimes
introduce regressions. In contrast, TransGoT’s structured search and targeted editing
mitigate such drift; (4) We perform significance testing using a paired t-test with α = 0.05
on segment-level metric scores. For each translation direction and metric, we compute
scores for the TransGoT and baseline on the same test segments and test the per-segment
differences. Results show that TransGoT significantly outperforms all the baselines in most
cases.

Table 2. The experimental results on WMT22. The up and down arrows indicate whether the method
improves or deteriorates on the corresponding metrics.

Settings Metrics IT CT SCoT TEaR TransGoT

Zh→En COMET-Kiwi 79.29 79.25 (↓0.04) 79.38 (↑0.09) 79.46 (↑0.17) 79.83 (↑0.37)
XCOMET-XL 87.22 87.12 (↓0.10) 87.07 (↓0.15) 87.47 (↑0.25) 87.71 (↑0.24)

De→En COMET-Kiwi 80.29 80.12 (↓0.17) 80.44 (↑0.15) 81.09 (↑0.80) 81.27 (↑0.18)
XCOMET-XL 95.00 95.02 (↑0.02) 95.38 (↑0.38) 95.66 (↑0.66) 95.92 (↑0.26)

Ru→En COMET-Kiwi 81.29 81.30 (↑0.01) 81.35 (↑0.06) 81.49 (↑0.20) 81.68 (↑0.19)
XCOMET-XL 95.08 95.04 (↓0.04) 95.22 (↑0.14) 95.25 (↑0.17) 95.60 (↑0.35)

Cs→En COMET-Kiwi 82.09 82.18 (↑0.09) 82.26 (↑0.17) 82.46 (↑0.37) 83.02 (↑0.56)
XCOMET-XL 94.34 94.14 (↓0.20) 94.30 (↓0.04) 94.94 (↑0.60) 95.17 (↑0.23)

Avg. COMET-Kiwi 80.74 80.71 (↓0.03) 80.86 (↑0.12) 81.12 (↑0.38) 81.45 (↑0.33)
XCOMET-XL 92.91 92.83 (↓0.08) 92.99 (↑0.08) 93.33 (↑0.42) 93.60 (↑0.27)

En→Zh COMET-Kiwi 82.07 82.08 (↑0.01) 82.13 (↑0.06) 82.33 (↑0.26) 82.60 (↑0.27)
XCOMET-XL 87.75 87.72 (↓0.03) 87.81 (↑0.06) 87.99 (↑0.24) 88.36 (↑0.37)

En→De COMET-Kiwi 83.48 83.33 (↓0.15) 83.56 (↑0.08) 83.55 (↑0.07) 83.71 (↑0.16)
XCOMET-XL 96.72 96.68 (↓0.04) 96.78 (↑0.06) 96.76 (↑0.04) 96.87 (↑0.11)

En→Ru COMET-Kiwi 83.62 83.56 (↓0.06) 83.66 (↑0.04) 83.80 (↑0.18) 84.24 (↑0.44)
XCOMET-XL 93.03 92.99 (↓0.04) 93.10 (↑0.07) 93.16 (↑0.13) 93.21 (↑0.05)

En→Cs COMET-Kiwi 84.56 84.58 (↑0.02) 84.63 (↑0.07) 84.82 (↑0.26) 84.93 (↑0.11)
XCOMET-XL 93.08 93.08 (↑0.00) 93.12 (↑0.04) 93.41 (↑0.33) 93.70 (↑0.29)

Avg. COMET-Kiwi 83.43 83.39 (↓0.04) 83.50 (↑0.07) 83.63 (↑0.20) 83.87 (↑0.24)
XCOMET-XL 92.65 92.62 (↓0.03) 92.70 (↑0.05) 92.83 (↑0.18) 93.04 (↑0.21)
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5.7. Ablation Analysis

Table 3 presents an ablation study on two translation directions (Zh→En and En→Zh),
aiming to quantify the contributions of the two key components in TransGoT.

Table 3. Ablation results. The up and down arrows indicate whether the method improves or
deteriorates on the corresponding metrics.

Method
Zh→En En→Zh

COMET-Kiwi XCOMET-XL COMET-Kiwi XCOMET-XL
TransGoT 79.83 87.71 82.60 88.36
- w/o
Uncertainty 79.65 (↓0.18) 87.64 (↓0.07) 82.44 (↓0.16) 88.28 (↓0.08)
- Top-10
logprob 79.82 (↓0.01) 87.69 (↓0.02) 82.63 (↑0.03) 88.35 (↓0.01)

- Top-5 logprob 79.80 (↓0.03) 87.68 (↓0.03) 82.54 (↓0.06) 88.31 (↓0.05)
- w/o
Weighted Score 79.71 (↓0.12) 87.53 (↓0.18) 82.41 (↓0.19) 88.20 (↓0.16)

5.7.1. Impact of Uncertainty-Driven Thought Transformation

Removing the uncertainty component (- w/o Uncertainty) consistently degrades per-
formance across directions and metrics. In particular, COMET-Kiwi drops by 0.18 (Zh→En)
and 0.16 (En→Zh), while XCOMET-XL decreases by 0.07 and 0.08, respectively. These
results indicate that uncertainty-guided thoughts transformation is effective in identifying
low-confidence segments for targeted refinement, thereby improving overall translation
quality. Moreover, we can deduce that the uncertainty-based masking version of TransGoT
is preferred when the logprobs of tokens are available, but our method remains usable
when logprobs are unavailable.

Additionally, we examine portability under degraded probability access by restricting
uncertainty estimation to truncated top-k logprobs. As shown in Table 3, using Top-
10 logprob yields almost identical performance to the full setting, with changes within
0.01–0.03 on COMET-Kiwi and 0.01–0.02 on XCOMET-XL across both directions. When
the exposure is further reduced to Top-5 logprob, performance degrades slightly more
(most notably on En→Zh (up to 0.06 on COMET-Kiwi and 0.05 on XCOMET-XL)). But
the overall drop remains modest. This indicates that the binned-entropy approximation
retains stable behavior under truncated logprob access, and TransGoT’s uncertainty-guided
masking remains effective even when probability information is partial (a common case for
closed APIs).

5.7.2. Effectiveness of Dispersion-Adaptive Scoring

Replacing our dispersion-adaptive scoring with a simple unweighted average over
criteria (- w/o Weighted Score) leads to larger regressions: −0.12/−0.18 on Zh→En
(COMET/XCOMET) and −0.19/−0.16 on En→Zh. This suggests that equal-weight aggre-
gation under-utilizes discriminative criteria and can be overly influenced by less informa-
tive dimensions, whereas weighting criteria according to their dispersion better reflects
their selection utility and yields more reliable intermediate-thought ranking.

Overall, both modules contribute meaningfully to TransGoT. Uncertainty-driven trans-
formation primarily improves the editing stage by focusing revisions on error-prone spans,
while dispersion-adaptive scoring strengthens the thought selection stage by stabilizing
multi-criteria decision-making. The full model achieves the best results on all settings.
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5.8. Human Evaluation

While COMET-Kiwi and XCOMET-XL are strong indicators of overall translation
quality, claims about culture-aware and style-aware stages benefit from direct human
assessment. Therefore, we add a human evaluation in this section. Table 4 reports the
average ratings (0–4 for very bad to very good) from three bilingual annotators on 100
randomly selected En→Zh samples. TransGoT consistently outperforms the strongest
baseline TEaR on both dimensions, improving cultural appropriateness from 2.81 to 3.37
(+0.56) and style adherence from 3.04 to 3.46 (+0.42). This indicates that the explicit culture-
aware and style-aware refinement stages lead to translations that better follow Chinese
cultural conventions and maintain a more consistent target style.

Table 4. Human evaluation results.

Settings Methods Cultural Appropriateness Style Adherence

En → Zh TEaR 2.81 3.04
TransGoT 3.37 3.46

5.9. Inference Cost and Practical Considerations

TransGoT is a multi-call inference pipeline with branching, pruning, masking, and re-
scoring, and thus may incur higher inference compute than single-pass methods. We report
per-segment token usage for transparency. On average, TransGoT consumes 1.18k prompt
tokens and 1.05k completion tokens per segment. For the strongest baseline TEaR, the
corresponding numbers are 1.17k prompt tokens and 0.98k completion tokens. While TEaR
does not adopt iterative refinement, it includes MQM-style annotation/instruction prompts
that already introduce a substantial prompt-token overhead. Consequently, TransGoT does
not substantially increase total token consumption relative to TEaR. However, for calls, our
method invokes the LLM more than a dozen times, whereas TEaR requires only three calls.
TransGoT typically requires a larger number of LLM calls, which might increase inference
latency in practice. Reducing the number of calls is an important direction for future work,
e.g., via early stopping, adaptive branching/pruning conditioned on segment difficulty,
or stage consolidation to compress multiple refinement steps into fewer calls. We believe
these directions can significantly improve the latency-quality trade-off while preserving
the controllability benefits of TransGoT.

6. Discussion and Future Work
In this paper, we introduce TransGoT, a graph-of-thoughts-inspired prompting frame-

work for machine translation. TransGoT formulates translation as a structured, multi-stage
reasoning process over a directed graph of translation thoughts. A key strength of TransGoT
lies in its task-specific adaptation of the GoT paradigm. Starting from constraint thoughts,
TransGoT generates editable draft thoughts and then performs targeted revision through
uncertainty-driven masking, followed by culture-aware and style-aware transformations.
To robustly select intermediate thoughts under multi-dimensional quality criteria, we
further propose a dispersion-adaptive scoring mechanism that emphasizes criteria that
better discriminate among candidates. Together, these components turn translation into
an explicit search-and-refine process over a compact thought graph, yielding stronger and
more controllable translations. Empirical results on WMT22 benchmarks demonstrate the
effectiveness of structured graph-based reasoning for translation.

Despite its effectiveness, TransGoT also has several limitations. First, the framework
requires multiple LLM calls (generation, transformation, and scoring), which increases in-
ference cost and latency; reducing the number of vertices via adaptive branching/pruning
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policies is an important next step. Second, uncertainty-driven masking relies on token-level
probabilities: while straightforward for open-weight models, closed-weight APIs may ex-
pose only partial probability information (or none), and the binned-entropy approximation
may be noisy for certain languages or decoding settings. These limitations point to several
promising directions for future work. One avenue is to develop more efficient graph control
and pruning strategies to reduce computational overhead. Another is to explore richer
uncertainty signals beyond token entropy, such as semantic or discourse-level uncertainty.
Additionally, extending the current graph to a graph neural network (GNN)-based learn-
able module, i.e., encoding intermediate thoughts and performing information passing for
more systematic aggregation, is also a promising direction.
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