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Abstract
Literary translation remains one of the most
challenging frontiers in machine translation
due to the complexity of capturing figura-
tive language, cultural nuances, and unique
stylistic elements. In this work, we introduce
TRANSAGENTS, a novel multi-agent framework
that simulates the roles and collaborative
practices of a human translation company,
including a CEO, Senior Editor, Junior Ed-
itor, Translator, Localization Specialist, and
Proofreader. The translation process is di-
vided into two stages: a preparation stage
where the team is assembled and comprehen-
sive translation guidelines are drafted, and an
execution stage that involves sequential trans-
lation, localization, proofreading, and a final
quality check. Furthermore, we propose two
innovative evaluation strategies: Monolingual
Human Preference (MHP), which evaluates
translations based solely on target language
quality and cultural appropriateness, and BLP,
which leverages large language models like
GPT-4 for direct text comparison. Although
TRANSAGENTS achieves lower d-BLEU scores,
due to the limited diversity of references, its
translations are significantly better than those
of other baselines and are preferred by both
human evaluators and LLMs over traditional
human references and GPT-4 translations. Our
findings highlight the potential of multi-agent
collaboration in enhancing translation quality,
particularly for longer texts.1

1 Introduction

Machine translation (MT) has achieved significant
advancements recently, driven by breakthroughs

†Longyue Wang is the corresponding author.
1GitHub Repository: https://github.com/minghao

-wu/transagents.

in deep learning and neural networks (Cho et al.,
2014; Sutskever et al., 2014; Vaswani et al., 2017;
Gu et al., 2019; Liu et al., 2020; Fan et al., 2021).
Despite these technological strides, literary trans-
lation remains a challenging area for MT systems.
Literary texts, with their complex language, fig-
urative expressions, cultural nuances, and unique
stylistic elements, pose significant hurdles that
are difficult for machines to overcome (Voigt
and Jurafsky, 2012). This complexity makes liter-
ary translation one of the most challenging areas
within machine translation, referred to as ‘‘the last
frontier of machine translation’’ (Klemin, 2024).

Recent research in multi-agent systems, espe-
cially those using large language models (LLMs),
shows significant promise (Yao et al., 2023;
Wang et al., 2023c; Dong et al., 2023). These
systems harness the collective intelligence of
multiple agents, outperforming individual mod-
els in dynamic environments that require complex
problem-solving and collaboration. In this work,
we leverage LLMs to simulate the various roles
in a human translation company and propose
TRANSAGENTS, a multi-agent framework designed
to mimic the best practices of human translation.
The translation process in TRANSAGENTS is divided
into two main stages: preparation and execution,
each comprising several sub-stages. In the prepa-
ration stage, the designated CEO agent selects a
Senior Editor based on the specific needs of the
client. The Senior Editor then assembles a team
from a roster of roles, including Junior Editor,
Translator, Localization Specialist, and Proof-
reader. Together, the Senior Editor and Junior
Editor draft a comprehensive translation guideline
to ensure consistency and quality throughout the
process. During the execution stage, the Transla-
tor agent translates the text chapter by chapter,
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adhering to the guidelines. The Localization
Specialist revises the translated text to ensure
cultural and contextual alignment with the target
audience. Subsequently, the Proofreader reviews
the translation to eliminate errors and verify ad-
herence to the guideline. Finally, the Senior Editor
conducts a thorough quality check to ensure the
final translation meets the highest standards. By
dividing the workflow into distinct stages and
assigning specialized roles, TRANSAGENTS effec-
tively emulates the structured approach of human
translation companies, leveraging the capabili-
ties of LLMs to enhance translation quality and
efficiency.

Furthermore, evaluating the accuracy and qual-
ity of literary translations is challenging due to
the subjective nature of literature and the poten-
tial imperfections in reference translations (Thai
et al., 2022; Freitag et al., 2023). To address
these challenges, in addition to conventional MT
evaluation metrics, we propose two innovative
evaluation strategies: Monolingual Human Pref-
erence (MHP) and Bilingual LLM Preference
(BLP). Monolingual Human Preference involves
human evaluators from the target audience assess-
ing translations without referring to the original
text. This approach focuses on fluidity, readabil-
ity, and cultural appropriateness, simulating the
real-world consumption of literature. BLP lever-
ages advanced LLMs, such as GPT-4, which are
provided with the original texts to facilitate direct
comparison. This method aims to utilize the supe-
rior translation capabilities of LLMs, mitigating
the impact of imperfect reference translations.

Our empirical findings reveal that, while
TRANSAGENTS achieves the lowest d-BLEU scores,
it significantly outperforms the state-of-the-art
machine translation (MT) method in terms of
GEMBA-DA. Additionally, both human evalua-
tors and a LLM evaluator prefer the translations
produced by TRANSAGENTS over human-written
references and GPT-4 translations. Our analysis
suggests that the significant decline in d-BLEU
scores is primarily due to the limited diver-
sity of the reference translations. In contrast,
the translations generated by TRANSAGENTS ex-
hibit significantly greater diversity compared to
other approaches. Furthermore, we demonstrate
the effectiveness of our design in terms of agent
profiling and collaboration strategies. Interest-
ingly, while TRANSAGENTS excels in translating
long texts and significantly outperforms other

baselines in this area, it struggles with translating
shorter texts effectively.

Our contributions are summarized as follows:

• We present TRANSAGENTS, a novel
multi-agent system for literary transla-
tion that emulates the traditional translation
publication process. This multi-agent ap-
proach effectively addresses the complex
nuances inherent in literary works.

• We propose two novel evaluation strategies,
Monolingual Human Preference (MHP) and
Bilingual LLM Preference (BLP) to assess
the quality of translations. These methods
address the limitations of traditional machine
translation evaluation metrics.

• Despite achieving lower d-BLEU scores, our
empirical results demonstrate that transla-
tions produced by TRANSAGENTS are signifi-
cantly better than other approaches in terms
of GEMBA-DA and preferred by both hu-
man evaluators and language models over
human references and GPT-4 translations.
Furthermore, we offer a comprehensive anal-
ysis of the strengths and weaknesses of
TRANSAGENTS.

2 Related Work

Machine Translation Machine translation
(MT) has seen significant advancements recently.
However, these improvements are mainly at the
sentence level. Recent efforts focus on integrating
contextual information to enhance translation
quality beyond individual sentences (Wang
et al., 2017; Wu et al., 2023; Herold and Ney,
2023; Wu et al., 2024b). LLMs have also shown
superior capabilities in MT (Xu et al., 2023a;
Robinson et al., 2023; Wang et al., 2023a; Wu
et al., 2024a). Despite progress, MT performance
in the general domain is saturating, shifting inter-
est towards literary translation, which demands
accuracy and cultural nuance. Karpinska and
Iyyer (2023) show that while LLMs effectively
leverage document-level context for literary
translation, they still make critical errors. Wang
et al. (2024a) evaluate LLMs’ ability to translate
long texts and propose context extrapolation to
improve translation quality. Additionally, recent
research explores using LLMs for evaluating
literary translations (Yan et al., 2024; Zhang
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et al., 2024). In this work, we introduce a
novel multi-agent virtual company for literary
translation and propose two evaluation strategies
for assessing translation quality.

Multi-Agent Systems Intelligent agents are de-
signed to understand their environments, make
informed decisions, and respond appropriately
(Wooldridge and Jennings, 1995). Compared to
single-agent setups, multi-agent systems leverage
collaboration among multiple agents based on
LLMs to tackle complex problems or simulate
real-world environments effectively (Guo et al.,
2024). Recent studies have shown promising out-
comes in areas such as software development
(Qian et al., 2023; Hong et al., 2023), multi-robot
collaboration (Mandi et al., 2023; Zhang et al.,
2023), evaluation (Chan et al., 2023; Verga et al.,
2024), and fact-checking (Du et al., 2023a).
Additionally, extensive research explores using
multiple agents to simulate societal, economic,
and gaming environments (Park et al., 2022, 2023;
Xu et al., 2023b; Li et al., 2023; Mukobi et al.,
2023). Liang et al. (2023) proposes leveraging
multi-agent debate for machine translation. How-
ever, their approach is limited to the sentence level.

Ours In this work, we utilize LLMs to replicate
the traditional translation workflow employed by
human translation companies, streamlining the
process step by step and present a demo (Wu
et al., 2024c). Recently, Briakou et al. (2024)
introduce a step-by-step approach for translat-
ing long texts. Additionally, Wang et al. (2024c)
proposed a multi-agent framework designed to
preserve long-term memory in document-level
machine translation. These studies are concur-
rent with our work and share similar goals of
enhancing translation quality through structured
methodologies.

3 TRANSAGENTS: A Multi-Agent
Company for Literary Translation

3.1 Company Organization

To simulate the entire book translation process,
TRANSAGENTS involves a diverse range of roles
besides the CEO, including senior editors, junior
editors, translators, localization specialists, and
proofreaders, each with distinct responsibilities:

• Senior Editors: Senior editors are respon-
sible for overseeing the content production

Figure 1: An example profile of Senior Editor.

process. Their primary duties encompass set-
ting editorial standards, guiding other team
members, and making decisions regarding
publication schedules and content direction.

• Junior Editors: Junior editors work under
senior editors, managing day-to-day edito-
rial workflows, editing content, and assisting
in content planning, and handling com-
munications with various roles within the
team.

• Translators: Translators convert written
material from one language to another, pre-
serving the original text’s tone, style, and
context.

• Localization Specialists: Localization spe-
cialists adapt content for specific regions or
markets, translating and adjusting cultural
references to resonate with local audiences.

• Proofreaders: Proofreaders perform final
checks for grammar, spelling, punctuation,
and other possible errors.

Agentization To enhance the realism and effi-
cacy of our translation process simulation, we use
GPT-4-TURBO to generate 30 diverse virtual agent
profiles for each role. As shown in Figure 1, these
profiles encompass a wide range of attributes
beyond language skills, including gender, nation-
ality, rate per word, education, experience, and
more. This detailed approach enriches the simu-
lation’s authenticity and reflects the complexity
and diversity of real-world translation settings,
thereby supporting and inspiring future research.

3.2 Translation Workflow
As visualized in Figure 2, we introduce the book
translation workflow in our company TRANS-
AGENTS, including two main stages—preparation
(Section 3.2.1) and execution (Section 3.2.2)—in
this section.
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Figure 2: The workflow of TRANSAGENTS.

3.2.1 Preparation
Project Member Selection In our company, we
create 30 agent profiles for each role, each with
a unique role assignment prompt (see Figure 1).
These prompts help assign specific roles to agents
before dialogues begin. Initially, the CEO selects
a Senior Editor for the book translation project,
considering the client’s requirements and the can-
didates’ qualifications. Once chosen, the Senior
Editor collaborates with the CEO to form the
project team, taking into account the candidates’
skills and backgrounds. Additionally, we employ
a self-reflection strategy (Yao et al., 2023; Shinn
et al., 2023; Qian et al., 2023) by using a ‘‘ghost
agent’’ to prompt the CEO to reconsider their
decision, as they sometimes struggle to select a
Senior Editor with the necessary language skills.

Addition-by-Subtraction Collaboration In our
framework, we introduce the Addition-by-
Subtraction Collaboration between two agents.
Unlike the debate-style strategy, which involves
multiple agents proposing answers and a
third-party agent concluding, our method uses
only two agents. One is the Addition agent, who
extracts extracting as much relevant information
as possible, and the other is the Subtraction agent,
who reviews and eliminates redundant details,
providing feedback to the Addition agent. We
present the details of our collaboration strategy in

Algorithm 1: Addition-by-Subtraction
Collaboration
Input : C, the context; I, the instruction;

M, the maximum number of
iterations; m, the index of current
iteration; A, the Addition agent; S,
the Subtraction agent; F, the
feedback from the Subtraction
agent; R′, the temporary response;

Output: R, the final response;
1 H ← [C; I] � Initialize the conversation;
2 R ← ∅ � Initialize the response;
3 m ← 0 � Current round;
4 while m < M do
5 m ← m+ 1;
6 R′ ← A(H) � Generate detailed

response;
7 F ← S(H,R′) � Review and remove

redundant information;
8 H ← H+ [R′;F] � Append R′ and F

to the conversation history H;
9 if R = R′ then

10 Break � Stop iterating as no further
revisions are needed;

11 R ← R′;

12 Return the final response R;

Algorithm 1. The Addition agent A generates an
initial response with comprehensive content. The
Subtraction agent S then reviews this response,
removes redundancies, and the agents iterate this
process until no further revisions are necessary.
The iteration process can terminate before
reaching the maximum number of iterations if
the ‘‘stop’’ condition is met. This approach is
referred to as the ‘‘early exit’’ mechanism. Note
that the maximum number of iterations used in
Algorithm 1 is 2.

Long-Term Memory Management One of the
principal challenges in literary translation is to
maintain the coherence, cohesion, and consis-
tency throughout the translated text. In this work,
we classify memory into two types: short-term
memory, which pertains to the context within
the current conversation, and long-term memory,
which relates to the context spanning the entire
book. Recent efforts allow LLMs to effectively
process the sequence containing several thousands
of tokens (Xiong et al., 2023; Gu and Dao, 2023;
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Botev et al., 2024), but they remain inadequate
for handling the broader context required for en-
tire books (Karpinska et al., 2024). Addressing
this limitation, we employ multi-agent collabora-
tion to develop a comprehensive set of translation
guidelines, guiding all the agents involved in the
translation process. In TRANSAGENTS, there are five
components in the translation guidelines: the glos-
sary, the book summary, the tone, the style, and
the target audience. We design different strategies
to process them:

• Glossary and Book Summary: The glos-
sary of the book compiles essential terms
from the source language and provides their
corresponding translations in the target lan-
guage, while the book summary provide
a comprehensive overview of the whole
book. Both components are facilitated by
the collaboration between the Junior Ed-
itor (Addition Agent A) and the Senior
Editor (Subtraction Agent S), employing
the Addition-by-Subtraction Collaboration
as depicted in Algorithm 1. For example,
when constructing the glossary, the Junior
Editor extracts as many terms as possible,
while the Senior Editor attempts to remove
generic terms.

• Tone, Style, and Target Audience: The
translation of a book is more than just a
word-for-word conversion; it’s a delicate pro-
cess of adapting tone, style, and content to
resonate with the target audience while stay-
ing true to the original text’s essence. In
TRANSAGENTS, the Senior Editor defines the
tone, the style, and the target audience of the
translations based on a random chapter.

Overall, the glossary, book summary, tone, style,
and target audience together form the comprehen-
sive translation guidelines. These guidelines are
prefixed as an essential part of the prompts for
all roles involved in the translation process. We
present an example prompt for the Translator in
Figure 3. More prompts are in Appendix D.

3.2.2 Execution
In the execution phase, the process is divided
into four sub-stages: translation, localization,
proofreading, and final review. The first three
sub-stages employ a collaborative strategy as
detailed in Algorithm 2. Here, the Translator,
Localization Specialist, and Proofreader act as

Figure 3: An example prompt for the Translator, in-
cluding the translation guidelines, the chapter text in
the source language, and the instruction.

Action agents P. The Junior Editor serves as the
Critique agent Q, and the Senior Editor functions
as the Judgment agent J. The Senior Editor also
conducts the final checks before publication.

Trilateral Collaboration We divide the col-
laboration in TRANSAGENTS into three branches,
referred to as Trilateral Collaboration:

• Action: Executes instructions and imple-
ments required actions.

• Critique: Reviews the response and provides
constructive feedback to the Action branch.

• Judgment: Makes the final decision on
whether the response is satisfactory or needs
further revision.

Each branch is managed by a dedicated agent as
detailed in Algorithm 2. The Action agent P gen-
erates a response R based on the context C and
instruction I. The Critique agent Q then critiques
the response R. The Action agent P can either
accept the critiques and update the response or
maintain the original response. Finally, the Judg-
ment agent J evaluates the response R to decide if
the discussion can be concluded, without requiring
the conversation history, due to the agents’ limited
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Algorithm 2: Trilateral Collaboration
Input : C, the context; I, the instruction;

M, the maximum number of
iterations; m, the index of current
iteration; P, the Action agent; Q,
the Critique agent; J, the Judgment
agent; F, the feedback from the
Critique agent; D, the judgment
decision;

Output: R, the final response;
1 H ← [C; I] � Initialize the conversation;
2 m ← 0 � Current round;
3 while m < M do
4 m ← m+ 1;
5 R ← P(H) � Generate response;
6 F ← Q(H,R) � Generate critiques;
7 H ← H+ [R;F] � Append R′ and F

to the conversation history H;
8 if m > 1 then
9 D ← J(C, I,R) � The Judgment

agent J evaluate the response
quality;

10 if D = TRUE then
11 Break � Stop iterating if the

Judgment agent J thinks the
response is of high quality;

12 Return the final response R;

capability of processing long-range context. Sim-
ilar to Algorithm 1, we also introduce the ‘‘early
exit’’ mechanism if Judgment agent J thinks the
iteration process can terminate. Note that the
maximum number of iterations in Algorithm 2
is 2.

Translation, Localization, and Proofreading
The translation stage involves three key roles:
the Translator, the Junior Editor, and the Senior
Editor, who collaborate to translate the book from
the source language to the target language on a
chapter-by-chapter basis. The process starts with
the Translator (Action agent P) translating the
chapter content. The Junior Editor (Critique agent
Q) then reviews the translation, ensuring it ad-
heres to guidelines and identifying any potential
errors or areas for improvement. Lastly, the Senior
Editor (Judgment agent J) evaluates the transla-
tion and decides if further revision is needed.
Following translation, the cultural adaptation pro-
cess begins. The Localization Specialist adapts

the content to fit the cultural context of the target
audience, ensuring it resonates well and maintains
the intended meaning. Next, the Proofreader then
checks for language errors. Throughout cultural
adaptation and proofreading, both the Junior Edi-
tor and the Senior Editor continue to critique and
evaluate the content for further refinement.

Final Review The final review is the conclud-
ing step in the editorial process. Here, the Senior
Editor evaluates the translation quality and checks
the flow between adjacent chapters. The review
ensures each chapter is coherent and meets quality
standards while maintaining smooth transitions
for narrative consistency. If the translation does
not meet the required standards during the final re-
view, the steps in the execution stage are repeated
to address any issues, as shown in Figure 2.

3.3 Discussion
System Design Our multi-agent framework
aligns with the commonly recognized transla-
tion project management process (Landers, 2001;
Pérez, 2002; Terhaar et al., 2019; Walker, 2022).
Besides the preparation stage, there are three core
steps in the execution stage—translation, localiza-
tion, and proofreading—each with its own specific
aims. The translation phase leverages multi-agent
collaboration to draft a coherent, context-aware
translation from the source text. Although the
translation from this step is already highly accu-
rate thanks to the detailed translation guidelines,
its output can still contain inaccuracies or lack cul-
tural nuances, which is why the subsequent phases
are indispensable. Next, we employ the localiza-
tion phase to adapt the text more deeply to cultural,
stylistic, or domain-specific norms, which is a dis-
tinct and critical step for achieving a fluent and
natural translation of the content. Furthermore, the
proofreading step ensures the translated text meets
quality assurance standards by resolving residual
errors such as typos, omissions, or inconsisten-
cies. Together, these steps enable TRANSAGENTS to
produce high-quality translations, like those from
human translation agencies.

Collaboration Strategies Comparison In this
work, we design two collaboration strategies,
Addition-by-Subtraction Collaboration and Tri-
lateral Collaboration. These two strategies are
designed based on the tasks the agents are dealing
with and the capability of LLM backbone. They
are not directly comparable. When constructing
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the translation glossary, we observe that the Addi-
tion agent is very likely to include some generic
words into the list, so we introduce the Subtraction
agent to remove these generic words. The iteration
stops until the translation glossary does not update.
However, this strategy is not suitable for transla-
tion, localization, and proofreading, as adding
and removing content can significant degrade the
translation quality. Conversely, Trilateral Collab-
oration cannot replace Addition-by-Subtraction
Collaboration either. In our preliminary study, we
observe that the Critique agent and the Judgment
agent often fail to exclude those generic terms if
we leverage Trilateral Collaboration to construct
the translation glossary, which make translation
guideline overly lengthy. Long context modeling
is one of the key challenges of current LLMs. An
overly lengthy translation guideline can degrade
the translation quality.

4 Experimental Setup

In this work, our experimental setup primarily fol-
lows the WMT2023 shared task on discourse-level
literary translation (DLLT) (Wang et al., 2023b,
2024b). The following sections introduce the base-
lines and datasets (Section 4.1), and evaluation
approaches (Section 4.2) used in our study.

4.1 Baselines and Datasets

We leverage the state-of-the-art LLM GPT-4-TURBO

as the backbone of our agents,2 and compare
our approach with the unconstrained systems
in WMT2023 shared task on DLLT, including
LLAMA-MT (Du et al., 2023b), GPT-4 (OpenAI,
2023), GOOGLE TRANSLATE, DUT (Zhao et al.,
2023), and HW-TSC (Xie et al., 2023). We also
involve GPT-4-TURBO, GPT-4O-MINI,3 and GPT-4O4 as
our baselines.

In this work, we only leverage the official test
set of the WMT2023 shared task on DLLT for
evaluation. The official test set is collected from
20 web novels, each of which consists 20 consec-
utive chapters, totaling 240 chapters. Each chapter
contains approximately 1,404 English words on
average. The test set contains two references: REF-
ERENCE 1 is translated by human translators and
REFERENCE 2 is built by manually aligning bilingual
text in web pages.

2gpt-4-1106-preview.
3gpt-4o-mini-2024-07-18.
4gpt-4o-2024-08-06.

4.2 Evaluation

In this work, we employ two evaluation ap-
proaches: Standard Evaluation (Section 4.2.1) and
Preference Evaluation (Section 4.2.2).

4.2.1 Standard Evaluation
Following Wang et al. (2023b), we use d-BLEU
(Papineni et al., 2002; Post, 2018; Liu et al.,
2020) to evaluate the translation quality,5 as the
translations may not strictly align with the source
text on a sentence-by-sentence basis. To com-
pute the d-BLEU score, we concatenate all the
chapter translations into a single document for
evaluation. Both references in the test set are
used for computing d-BLEU. Furthermore, we
use GEMBA-DA (Kocmi and Federmann, 2023b)
with GPT-4O as the evaluator to assess transla-
tion quality chapter by chapter. It is important
to note that recent neural MT metrics, such as
COMET (Rei et al., 2020), are typically designed
for sentence-level evaluation and have restricted
context sizes. For instance, COMET has a context
window of only 512 tokens, while DOCCOMET
(Vernikos et al., 2022) supports slightly longer
contexts but requires sentence-by-sentence align-
ment. Additionally, we also conduct the bootstrap
resampling and significance testing (Koehn, 2004)
to better understand the results.

4.2.2 Preference Evaluation
Acknowledging the multifaceted nature of literary
texts is essential, as they do not have a single,
universal translation. Standard translation evalu-
ations, which rely on comparisons to a standard
reference, fall short in capturing this complex-
ity. Following Thai et al. (2022), we segment
each chapter into approximately 150-word sec-
tions based on the story development and then
utilize both human evaluators and LLMs to assess
translations based on their preferences. We detail
our evaluation methods in this section.

Monolingual Human Preference (MHP) When
reading a translated book, understanding the
original language is unnecessary for the target
audience. Thus, readers should prefer a better
translation without referencing the original text.
Human evaluators compare pairs of translation
segments describing the same part of the story
and select their preferred translation using the

5nrefs:2|case:mixed|eff:no|tok:13a|
smooth:exp|version:2.3.1.
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provided interface in Appendix A. To ensure con-
text is considered, evaluators review all segments
within a chapter in their original order, as segments
may rely on preceding information.

Implementation Details of MHP In this work,
we collect human preferences on translation seg-
ments through SurveyMonkey.6 We only recruit
evaluators from the United States to minimize po-
tential impacts of demographics. Each translation
pair is evaluated by at least 10 people and costs
us 0.30 USD per annotation. During the annota-
tion process, we randomly swap the positions of
translation segments for each comparison to avoid
the positional bias from human annotators. We
filter out possible low-quality responses or human
evaluators based on following criteria:

• Being labeled as low quality by SurveyMon-
key’s response quality model;

• Selecting the same option for all selections;

• Taking less than 20 seconds per annotation.

After filtering, we collect at least 5 responses
per pair. Furthermore, we aggregate the human
evaluations using majority voting, where the most
selected option is considered the final result. If
two translations receive the same number of votes,
we record the result as ‘‘No Preference’’ (Tie).

Bilingual LLM Preference (BLP) Recent work
demonstrates that the reference translations are
likely to be of low quality (Freitag et al., 2023;
Xu et al., 2024). Kocmi and Federmann (2023a)
demonstrate that GPT-4 is capable of accurately
estimating translation quality without the need for
human reference translations. Hence, we require
GPT-4-0125-PREVIEW to determine which transla-
tion segment is better, without providing the
reference translations, as shown in Figure 4. Each
segment pair is assessed in both forward and
reversed directions.

Evaluation Metrics For both MHP and BLP,
we use the winning rate (%), which is the per-
centage of instances where a model’s generated
chapter is preferred by either the human evaluators
or the LLM, to measure the model performance.

Comparison with Classical Human Evaluation
Classical human evaluation methods, such as the
Multidimensional Quality Metrics (MQM) frame-
work (Lommel et al., 2013), are typically designed

6https://www.surveymonkey.com/.

Figure 4: The prompt used for bilingual LLM
preference evaluation.

for sentence-level MT. However, TRANSAGENTS

translates the source text chapter by chapter. It
is highly challenging for the annotators to per-
form MQM evaluations on ultra-long texts like
our test examples, making the human evalua-
tion process extraordinarily slow and expensive.
In contrast, the MHP evaluation method offers
several advantages. First, MHP does not require
bilingual professional annotators. Instead, it re-
lies on monolingual annotators from the target
audience, simplifying the annotator recruitment
process and enabling larger-scale human evalua-
tions. Second, unlike classical human evaluation
methods, MHP does not provide the source text
to annotators. Instead, annotators are asked to se-
lect their preferred translations, allowing them to
focus on text attributes beyond translation errors,
such as naturalness, fluency, and other stylistic
qualities. Furthermore, recent research has demon-
strated the effectiveness of preference-based
evaluation in estimating translation quality (Thai
et al., 2022; He et al., 2024). These distinctions
make MHP a more suitable evaluation method for
our use case.

5 Main Results

We present the main results on standard evaluation
and preference evaluation in this section.

Standard Evaluation Results We present the
automatic evaluation results in Table 1. Our ap-
proach performs poorly in terms of the d-BLEU
metric, achieving the lowest scores among the
compared methods. However, it is important to
note that d-BLEU has limitations as an evaluation
metric, as it primarily focuses on surface-level
similarity and may not fully capture the quality
and coherence of the generated text. Although the
d-BLEU score of TRANSAGENTS is significantly
lower than that of GPT-4, TRANSAGENTS achieves
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d-BLEU ↑ GEMBA-DA ↑
REFERENCE 1 — 85.4±0.5

REFERENCE 2 — 82.6±4.5

LLAMA-MT 43.1 —
GPT-4-0613 43.7 —
GOOGLE 47.3 —
DUT 50.2 —
HW-TSC 52.2 —
GPT-4-TURBO 47.8±2.6 85.8±0.5

GPT-4O-MINI 46.1±2.5 86.9±0.4†
GPT-4O 46.3±2.6 87.1±0.3†
TRANSAGENTS 25.0±2.4 87.7±0.2†

Table 1: d-BLEU and GEMBA-DA scores with
standard deviation on WMT2023 DLLT test set. ↑
indicates higher is better. GEMBA-DA score is in the
range from 0 to 100. † indicates the improvement is
statistically significant against REFERENCE 1 at the
significance level α = 0.05 according to Koehn
(2004).

Figure 5: Monolingual Human Preference evaluation
results. GPT-4 indicates GPT-4-1106-PREVIEW.

a higher GEMBA-DA score. The GEMBA-DA results
suggest that TRANSAGENTS delivers better overall
quality despite its lower performance on d-BLEU.

Preference Evaluation Results We compare
the performance of our TRANSAGENTS model with
REFERENCE 1 and GPT-4-1106-PREVIEW using MHP
and BLP evaluations. The results, presented as
winning rates, are shown in Figure 5. The trans-
lations produced by TRANSAGENTS are marginally
preferred by human evaluators compared to both
REFERENCE 1 and GPT-4-1106-PREVIEW. The Co-
hen’s κ for the MHP between REFERENCE 1
and TRANSAGENTS is 0.17, while the Cohen’s κ
for the MHP between GPT-4-1106-PREVIEW and
TRANSAGENTS is 0.11. Additionally, the transla-
tions generated by TRANSAGENTS are also more
favored by GPT-4-0125-PREVIEW compared to the
other models, as shown in Figure 6. Both evalu-
ation methods demonstrate that TRANSAGENTS can

Figure 6: Bilingual LLM Preference evaluation results.
GPT-4 indicates GPT-4-1106-PREVIEW.

d-BLEU GEMBA-DA
GPT-4-TURBO 47.8±2.6 85.8±0.5

TRANSAGENTS

– Translation 28.8±2.3 86.4±0.2

– Localization 25.5±2.5 87.3±0.3

– Proofreading 25.0±2.4 87.7±0.2

Table 2: d-BLEU and GEMBA-DA scores with
standard deviation given by each stage in
TRANSAGENTS on WMT2023 DLLT test set. Note
that the ‘‘proofreading’’ translation is the final
translation of TRANSAGENTS.

generate superior translations compared with the
human translators and GPT-4-1106-PREVIEW.

6 Analysis

What Causes TRANSAGENTS to ‘‘Fail’’ in Terms
of d-BLEU? As shown in Table 1, the trans-
lation produced by TRANSAGENTS achieves the
lowest d-BLEU score among the compared meth-
ods. To investigate the reasons behind this,
we evaluate the output of each stage in the
TRANSAGENTS workflow using the official ref-
erences from the WMT2023 DLLT test set.
As shown in Table 2, although TRANSAGENTS

achieves lower d-BLEU scores, the translation
quality improves further in terms of GEMBA-DA af-
ter each step. This demonstrates the effectiveness
of each step in TRANSAGENTS and highlights the
limitations of BLEU. Furthermore, the translation
guideline is likely to be the primary contributor
to the final translation quality, as the largest de-
cline in d-BLEU comes from the Translation step
of TRANSAGENTS, compared to GPT-4-TURBO. Addi-
tionally, we conduct an experiment that rephrases
the references of FLORES (Costa-jussà et al.,
2022) and present the results in Appendix B.

Strengths and Weaknesses of TRANSAGENTS

Regarding Genres The test examples span a
variety of genres, including Video Games (VG),
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Overall VG EF SR CR F SF HT FR
Monolingual Human Preference
GPT-4-TURBO 55.6 64.5 68.2 63.3 44.6 68.2 39.1 48.0 77.8
REFERENCE 1 52.1 67.7 63.6 56.7 42.9 63.6 37.0 40.0 66.7
Bilingual LLM Preference
GPT-4-TURBO 55.9 74.1 56.8 58.3 47.3 70.5 47.8 34.0 66.7
REFERENCE 1 66.2 88.7 59.1 70.0 54.5 83.0 53.3 62.0 61.1

Table 3: The breakdown winning rate of TRANSAGENTS against GPT-4-TURBO and REFERENCE 1. Best
results in each row are highlighted in bold. Worst results in each row are highlighted in underline.

MATTR ↑ MTLD ↑
REFERENCE 1 80.9 89.1
GPT-4-1106-PREVIEW 81.5 94.9
TRANSAGENTS

– Translation 83.5 117.0
– Localization 83.6 119.4
– Proofreading 83.6 119.4

Table 4: Linguistic diversity in terms of MATTR
(up-scaled by ×100) and MTLD. ↑ indicates
higher is better.

Eastern Fantasy (EF), Sci-fi Romance (SR), Con-
temporary Romance (CR), Fantasy (F), Science
Fiction (SF), Horror & Thriller (HT), and Fantasy
Romance (FR). We present a detailed analysis
of the performance of our model TRANSAGENTS,
across these categories in Table 3. Our observa-
tions indicate that TRANSAGENTS excels in domains
that demand extensive domain-specific knowl-
edge, such as historical contexts and cultural
nuances. These areas often pose significant chal-
lenges for translators. Meanwhile, TRANSAGENTS

underperforms in contemporary domains, which
do not require as much specialized knowledge.
This trend underscores TRANSAGENTS’s strengths
and weaknesses.

Linguistic Diversity Linguistic diversity in lit-
erary texts is critical for enriching the reading
experience. To quantify the linguistic diversity
of the translation, we leverage two metrics: the
Moving-Average Type-Token Ratio (MATTR)
(Covington and McFall, 2010) and the Measure
of Textual Lexical Diversity (MTLD) (McCarthy
and Jarvis, 2010). As shown in Table 4, assisted
by our translation guidelines, our initial trans-
lation significantly improves linguistic diversity
compared to the reference text. Moreover, the

localization step further enhances linguistic diver-
sity, while the proofreading step does not affect it.
These results demonstrate the effectiveness of our
approach in preserving and enhancing the richness
of language in the translated literary work.

Agent Profile Design Recent work demon-
strates that diverse role-playing profiles can
effectively enhance model performance (Chan
et al., 2024). We design agent profiles with
detailed and rich personas, as described in
Section 3.1. To validate the effectiveness of our
design choices on agent profiles, we categorize
the agent profiles into four groups based on their
level of detail:

• None: The role-playing profile is not used.

• Minimum: The profile includes only the job
title of the agent, for example, You are a
Senior Editor.

• Language-Specified (LangSpec): The
profile includes the job title and language
skills of the agent, for example, You are
a Senior Editor, specializing
in English and Chinese.

• Vivid: The profile includes detailed and rich
personas as described in Section 3.1.

We present the results in Table 5 and demon-
strate that incorporating a role-playing message
can significantly enhance model performance. We
observe that agent profile with more details typi-
cally lead to better performance. Our Vivid agent
profile, which includes the most detailed and col-
orful information, achieves the best performance.

Impact of Iterations We conduct additional ex-
periments to analyze the effect of varying M and
present the results in Figure 7 for Algorithm 1 and
Algorithm 2, respectively. Our findings indicate
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MTLD ↑ BLPREF ↑ BLPGPT ↑
TRANSAGENTS

+ None 113.8 48.2 40.1
+ Minimum 117.9 59.6 48.2
+ LangSpec 118.8 64.4 52.7
+ Vivid 119.4 66.2 55.9

Table 5: Analysis on agent profile design. MTLD
measures the linguistic diversity. BLPREF and
BLPGPT indicate the winning rate (%) of Bilin-
gual LLM preference against REFERENCE 1 and
GPT-4-TURBO. ↑ indicates higher is better.

Figure 7: GEMBA-DA scores given by TRANSAGENTS

with regard to M in Algorithm 1 and Algorithm 2.
The green and red dashed lines indicate the GEMBA-DA
scores of REFERENCE 1 and GPT-4-TURBO.

that for M > 2, the improvements in translation
quality become minimal. This behavior can be
attributed to our ‘‘early exit’’ design, where the it-
eration terminates early if the glossary list and sum-
mary converge quickly (at line 9 of Algorithm 1)
or if the Judgment agent J in Algorithm 2 deter-
mines that the output is of high quality (at line 10
of Algorithm 2). For ultra-long literary texts, the
limitations of current LLMs in processing long
contexts become more pronounced, and increasing
M beyond 2 can sometimes degrade translation
quality. Furthermore, thanks to our ‘‘early exit’’
design, the runtime of TRANSAGENTS increases by
only about 10% when M > 2.

Short-Text Translation We conduct ad-
ditional experiments on English-Chinese and
English-German translations using the WMT2024
General MT tasks. Due to budget constraints,
we randomly selected 200 test examples from
the entire test set, and the results are presented
in Table 6. When translating shorter texts,
TRANSAGENTS performs worse than GPT-4O-MINI

En-Zh En-De

d-BLEU C.K. d-BLEU C.K.
GPT-4-TURBO 42.7 79.3 25.5 70.5
GPT-4O-MINI 42.9 79.3 26.6 71.2
GPT-4O 45.6 80.5 28.3 72.4
TRANSAGENTS 29.3 75.5 24.0 72.4

Table 6: d-BLEU and COMETKIWI scores on
English-Chinese and English-German translation
tasks of WMT2024 General MT test set. C.K.
indicates COMETKIWI.

G.D. Runtime Cost
REFERENCE 1 85.4 a few weeks est. 40K
GPT-4-TURBO 85.8 1.1 42.1
TRANSAGENTS 87.7 13.1 487.3

Table 7: Comparison among REFERENCE 1,
GPT-4-TURBO, and TRANSAGENTS. G.D. indicates
GEMBA-DA. The runtime (in hours) and cost (in
USD) are calculated based on the entire test set.

and GPT-4O, as expected. Upon manual inspection
of the translations and the conversations between
agents, we found that the agents often fail to
correctly determine the style, tone, and target
audience when provided with only a short text.
Consequently, the translations produced by
TRANSAGENTS frequently misalign with the style
and tone of the source and reference sentences
and suffer from overtranslation issues. We present
a case study for the short text translation in
Section 7.

Cost Analysis We provide a more detailed
evaluation of REFERENCE 1,7 GPT-4-TURBO, and
TRANSAGENTS in terms of translation quality, run-
time, and financial costs, as shown in Table 7.
Our analysis reveals that TRANSAGENTS intro-
duces significant overhead in both runtime and
costs compared to GPT-4-1106-PREVIEW. However,
it remains substantially more cost-effective and
efficient than professional human translators.

7 Case Study

In this section, we explore case studies on cultural
adaptation and shorter texts. We also discuss a
case on undertranslation and include comments
from professional translators in Appendix C.

7The minimum rate for translation services is 0.12 USD
per word. Source: https://tinyurl.com/bdze92xr.
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Table 8: Case study on cultural adaptation. The
text in red indicates that the translation is accurate
in meaning but not in cultural context. The text in
blue indicate that the translation is accurate both
in meaning and in cultural context.

Cultural Adaptation In Chinese, job titles are
typically placed before a person’s name, whereas
in English, job titles usually come after the per-
son’s name. This order reflects differing linguistic
and cultural conventions regarding the structuring
of personal information in the two languages.
As demonstrated in Table 8, both REFERENCE

1 and GPT-4-TURBO fail to correctly adjust the
order of names and job titles, thus not adher-
ing to the cultural norms expected in the target
language. In contrast, TRANSAGENTS accurately re-
flects this cultural context in its translation after
the translation-localization-proofreading work-
flow. In the initial translation phase, the output
of TRANSAGENTS is of high quality but contains
errors related to cultural adaptation and termi-
nology usage. During the localization step, the
cultural adaptation issues are resolved, but errors
in terminology persist. Finally, the proofreading
step addresses the remaining terminology issues.
This example effectively demonstrates the utility
of each step in the TRANSAGENTS process. This
emphasizes the capability of TRANSAGENTS to pro-
vide translations that are culturally appropriate,
ensuring an immersive reading experience for
readers.

Short-Text Translation As mentioned in Section
6, the translations produced by TRANSAGENTS

Table 9: Case study on short-text translation. The
texts within parentheses are the back-translations
provided by GOOGLE TRANSLATE.

frequently misalign with the style and tone
of the source and reference sentences due to
the short context. For instance, as shown in
Table 9, the translations generated by GPT-4-TURBO,
GPT-4O-MINI, and GPT-4O are almost identical to the
reference translation. In contrast, the translation
produced by TRANSAGENTS are more polished and
idiomatic in Chinese but diverge somewhat from
the literal meaning of the original text.

8 Conclusion

We introduce TRANSAGENTS, a novel multi-agent
framework for literary translation inspired by the
structured workflows of human translation com-
panies. The framework divides the process into
preparation and execution stages, assigning dis-
tinct roles to agents. To evaluate its effectiveness,
we propose innovative methods, including Mono-
lingual Human Preference (MHP) and Bilingual
LLM Preference (BLP). Our findings show that
the framework excels in translating long texts and
capturing the nuances of literary works, though
challenges with shorter texts highlight areas for
improvement. Insights from agent profiling and
collaboration strategies offer guidance for refin-
ing future translation systems. In summary, our
work paves the way for new directions in develop-
ing translation systems that combine LLMs with
the best practices of human translation.
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A Interface for Monolingual
Human Preference

We present the user interface for MHP in Figure 8.

Figure 8: The user interface for Monolingual Hu-
man Preference (MHP). [x] indicates the selection of
human evaluator.

B Rephrasing Experiment

We acknowledge that a drop from 47.8 to 25.0
in d-BLEU may intuitively suggest poorer trans-
lation performance. However, we argue that this
significant decline in BLEU does not necessar-
ily indicate poorer translation quality but rather
reflects the inherent limitations of BLEU as a
metric. BLEU primarily measures surface-level
n-gram overlap, which often fails to capture
deeper semantic and stylistic qualities, especially
in nuanced domains like literary translation. To
illustrate this limitation, we conduct an additional
experiment on the FLORES Chinese-English test
set. First, we used GPT-4O to generate translations
and then rephrase these translations to use en-
tirely different vocabulary while preserving the
intended meaning. We evaluate the original ref-
erences, the translations generated by GPT-4O,
and their rephrased versions using BLEU and
COMETKIWI.8 As shown in Table 10, the BLEU

8BLEU signature: nrefs:1|case:mixed|eff:no
|tok:13a|smooth:exp|version:2.3.1 and COMETKIWI

signature: Unbabel/wmt22-cometkiwi-da.

BLEU COMETKIWI

Reference 1 100.0 82.7
Rephrased Reference 1 12.5 82.7
GPT-4O 29.4 84.9
Rephrased GPT-4O 11.5 82.8

Table 10: FLORES Chinese-English translation
results given by the reference, rephrased reference,
GPT-4O, and rephrased GPT-4O. The COMETKIWI is
scaled up by × 100.

scores decline significantly after rephrasing, while
the COMETKIWI scores remain almost unchanged.
These results highlight BLEU’s inability to ac-
count for semantic preservation when lexical
variation occurs. Therefore, the large drop in
BLEU does not suggest poor translation perfor-
mance by our approach but rather underscores
the BLEU’s limitations in evaluating nuanced
translations and poor diversity of references,
as discussed by Freitag et al. (2020).

C More Cases

In this section, we present additional case study on
undertranslation and comments from professional
translators.

Undertranslation Our TRANSAGENTS is gen-
erally preferred over both REFERENCE 1 and
GPT-4-1106-PREVIEW according to evaluations by
human judges and LLMs (Figure 5 and Figure 6).
However, despite its higher preference, the trans-
lations produced by TRANSAGENTS are not without
flaws. A detailed analysis of the translated chap-
ters, when divided into smaller segments, reveals
that both GPT-4-1106-PREVIEW and TRANSAGENTS

exhibit significant issues with undertranslation,
as illustrated in Table 11. While these under-
translations do not seem to impact the overall
development of the story plot, they could po-
tentially influence other critical aspects of the
narrative. For example, missing content could di-
minish the depth of character development or alter
the intended emotional impact of the text. Such
undertranslations, therefore, raise concerns about
the completeness and fidelity of the translation in
preserving the nuanced expressions and thematic
elements of the original texts.

Comments from Professional Translators We
anonymize the translations from TRANSAGENTS,
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Table 11: Case study for undertranslation. The text highlighted in red and blue indicates the content
that is omitted by TRANSAGENTS. The text highlighted in red represents the content that is omitted by
GPT-4-1106-PREVIEW.

Translator A TRANSAGENTS’s translation style is similar to that of a novel, with sophisticated wording and personal flair. Despite some omissions, it makes
the text more concise and effectively conveys the original text’s mood and meaning. REFERENCE 1 and GPT-4-1106-PREVIEW’s translations are more
conventional, adhering strictly to the original text word for word. However, GPT-4-1106-PREVIEW’s translation is more grammatically precise than
REFERENCE 1’s, and its wording is slightly better, making its translation aesthetically superior to REFERENCE 1’s but still not reaching the literary
expressiveness of TRANSAGENTS. From their translation habits, TRANSAGENTS appears to have a solid foundation in English, REFERENCE 1 seems
to rely on machine translation, and GPT-4-1106-PREVIEW behaves like a standard, rule-abiding translator.

Translator B TRANSAGENTS’s translation breaks away from the constraints of the original language, using the language freely with ample additions and expansions,
and the choice of vocabulary also demonstrates a deeper understanding of the language. REFERENCE 1 remains faithful to the original text, translating
directly and succinctly without adding personal interpretations. GPT-4-1106-PREVIEW’s translation style is similar to REFERENCE 1’s, both strictly
adhering to the original without much personal interpretation or embellishment. Overall, TRANSAGENTS’s translation shows the greatest depth and
sophistication, followed by REFERENCE 1, while GPT-4-1106-PREVIEW performs most ordinarily among the three.

Table 12: Comments from two experienced professional translators on the translations from
TRANSAGENTS, REFERENCE 1, and GPT-4-1106-PREVIEW. We present both the original text and the
anonymized translations to two experienced professional translators. The original comments are writ-
ten in Chinese, and we make adaptations while preserving their original meaning. We replace the
anonymized system names with the actual system names to improve readability. The translation systems
are highlighted in red.

REFERENCE 1, and GPT-4-1106-PREVIEW for a ran-
domly selected chapter and present both the
original text and the translations to two ex-
perienced professional translators. We request
that they assess and rank the quality of each
translation and provide their comments on the
translations. As shown in Table 12, both Transla-
tor A’s and Translator B’s comments highlight
the novel-like, expressive translation style of
TRANSAGENTS, which uses sophisticated language,

though it sometimes omits parts of the original
text. REFERENCE 1, and GPT-4-1106-PREVIEW stick
closer to the original text. Overall, TRANSAGENTS’s
translations are viewed as the most expressive
and engaging, REFERENCE 1’s as straightforward,
and GPT-4-1106-PREVIEW’s as the most traditional.
These comments confirm that TRANSAGENTS is
capable of producing more expressive and en-
gaging translations, compared to REFERENCE 1 and
GPT-4-1106-PREVIEW.
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D Prompts

In this section, we present the prompts used
for translation, localization, and proofreading in
Figure 9, Figure 10, and Figure 11, respectively.

Figure 9: An example prompt for the Translator, in-
cluding the translation guidelines, the chapter text in
the source language, and the instruction.

Figure 10: An example prompt for the Localization Spe-
cialist, including the translation guidelines, the chapter
text in the source language, the chapter translation in
the target language, and the instruction.
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Figure 11: An example prompt for the Proofreader,
including the translation guidelines, the chapter text
in the source language, the chapter translation in the
target language, and the instruction.
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