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Abstract

Large language models (LLMs) have recently
achieved remarkable progress in sentence-level
machine translation, but scaling to document-
level machine translation (DocMT) remains
challenging, particularly in modeling contexts
and discourse phenomena across sentences and
paragraphs. Document translations generated
by LLMSs often suffer from poor consistency,
weak coherence, and omission errors. To ad-
dress the issues, we propose a novel DocMT
framework named SubDocTrans, that enables
LLMs to produce high-quality translations
via plug-and-play multi-granularity knowledge
augmentation. SubDocTrans first performs
topic segmentation to divide a document into
coherent sub-documents, enabling efficient
document-level translation while preserving
contextual coherence. For each sub-document,
both global and local knowledge are extracted
including bilingual summary, theme, proper
nouns, topics, and transition hint. We then
incorporate the multi-granularity knowledge
into the prompting strategy, to guide LLMs
in producing consistent, coherent, and accu-
rate translations. We also conduct extensive
experiments across various DocMT tasks, and
the results demonstrate the effectiveness of our
framework, particularly in improving consis-
tency and coherence, reducing omission errors,
and mitigating hallucinations.

1 Introduction

LLMs have demonstrated remarkable performance
in natural language processing tasks (Adams et al.,
2023; Garcia and Firat, 2022; Hendy et al., 2023;
Zhang et al., 2023a; Jiao et al., 2023). Researchers
have explored the application of LLMs to DocMT,
to address discourse issues, such as pronoun trans-
lation and terminological inconsistencies. Liu et al.
(2025) demonstrated that large reasoning models
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(LRMs) (OpenAl et al., 2024; Zhang et al., 2023b;
DeepSeek-Al et al., 2025) with chain-of-thought
(CoT) capabilities (Wei et al., 2022) can redefine
translation as a dynamic reasoning task for improv-
ing contextual coherence, cultural adaptation, and
robustness through explicit reasoning.

Recent studies primarily focus on developing
DocMT agents (Guo et al., 2025; Wang et al., 2025;
Cui et al., 2024; Wu et al., 2024). They can be cat-
egorized into two groups: Doc2Doc and Doc2Sent.
The first group adopts Doc2Doc decoding by lever-
aging multi-agent collaboration for translating ex-
tremely long texts (Wu and Hu, 2023). However,
they may result in sentence omissions (Karpinska
and lyyer, 2023) and hallucinations (Dale et al.,
2023). To mitigate sentence omissions, the second
group adopts Doc2Sent decoding by decomposing
documents into individual sentences (Wang et al.,
2025). However, they often impair discourse phe-
nomena, such as document coherence and pronoun
translation accuracy. Multi-agent interactions can
also substantially increase the computational cost.

To address these challenges, we propose a novel
DocMT framework denoted as SubDocTrans, to
help LLMs produce high-quality translations via
plug-and-play multi-granularity knowledge aug-
mentation. Different from Doc2Doc and Doc2Sent,
we propose a new translation strategy to segment
documents into sub-documents. SubDocTrans ar-
guments translation with global and local knowl-
edge extracted from sub-documents: bilingual sum-
mary, theme, proper nouns, topics, and transition
hint. Incorporating such multi-granularity knowl-
edge into the prompting strategy can guide LLMs
in producing consistent, coherent, and accurate
translations. SubDocTrans further adopts a sen-
tence alignment strategy to avoid omission errors.
Our main contributions are summarized as follows:

* We propose a novel DocMT framework denoted
as SubDocTrans, which enables LLMs to gen-
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erate high-quality translations via plug-and-play
multi-granularity knowledge augmentation.

* We introduce a sentence alignment strategy to
address key limitations of existing Doc2Doc ap-
proaches by avoiding omission errors and miti-
gating hallucinations.

* We conduct extensive experiments and the re-
sults demonstrate the effectiveness of our frame-
work, particularly in improving consistency and
coherence, reducing omission errors, and miti-
gating hallucinations.

* Compared to advanced baselines, SubDocTrans
shows competitive efficiency by leveraging sub-
document translation. It makes sense to take
slight cost for achieving high-quality translations
by incorporating multi-granularity knowledge.

2 Related Work

LLMs for DocMT LLMs are leveraged to ad-
dress discourse phenomena and coherence in
DocMT, and recent studies primarily focus on de-
veloping DocMT agents (Guo et al., 2025; Wang
et al., 2025; Cui et al., 2024; Wu et al., 2024). They
can be categorized into two groups: Doc2Doc and
Doc2Sent. TransAgent (Wu and Hu, 2023) adopts
Doc2Doc decoding by leveraging multi-agent col-
laboration to tackle the translation of extremely
long texts. However, it may result in sentence
omissions (Karpinska and Iyyer, 2023) and hallu-
cinations (Dale et al., 2022; Guerreiro et al., 2023;
Dale et al., 2023). To mitigate sentence omissions,
IncreD (Lyu et al., 2021) and DELTA (Wang et al.,
2025) focus on Doc2Sent decoding by decompos-
ing documents into individual sentences. However,
they often impair discourse phenomena, such as
document coherence and the accuracy of pronoun
translation. Moreover, multiple agent interactions
can substantially increase the computational cost.

Knowledge Augmentation for MT Recent work
leverages LLMs with external knowledge to im-
prove translation quality, consistency, and infor-
mativeness (Merx et al., 2024; Conia et al., 2024).
Wang et al. (2023a) introduce a prompting-based
framework that prepends multiple knowledge types
including examples, templates, and terminologies,
without modifying the NMT model. Qian et al.
(2023) utilize GPT-4 with style-aware instructions
and human-written references to capture nuanced
authorial intent. Li et al. (2025) propose KAT,

which retrieves structured knowledge from Wiki-
data and incorporates it via entity-aware prompting
to enhance low-resource translation. Existing work
mainly focused on single-source or retrieval-based
knowledge. Differently, our SubDocTrans lever-
ages LLMs as agents to extract and integrate multi-
granularity knowledge into a unified prompting
framework, which guides LLMs to produce coher-
ent, consistent, and accurate outputs by effectively
mitigating omission errors and hallucinations.

3 Method

We propose SubDocTrans, a novel DocMT frame-
work that leverages the CoT capabilities of
LRMs. By segmenting long documents into sub-
documents, SubDocTrans ensures inter-paragraph
cohesion while enhancing translation through five
knowledge augmentations: bilingual summary for
modeling global context, theme for domain guid-
ance, proper nouns for terminology consistency,
topics for capturing local semantics, and transition
hint for preserving seamless paragraph transitions.
The framework of our SubDocTrans is illustrated
in Figure 1, the algorithm of SubDocTrans is de-
tailed in Algorithm Appendix A.1, and the prompts
used for each module are given in Appendix A.2.

3.1 Document Segmentation

SubDocTrans first performs topic segmentation
named by Lgsegment, to divide a source document
into coherent topic sub-documents. Given a source
document of Dg = {s1, $2,...,5N}, where s; is a
sentence, Lsegment divides D into overlapping sub-
documents {C1, ..., C,}, each with ¢ sentences
and an overlap of o sentences to ensure smooth
transitions.

We first partition Dy into M segments (e.g.,
paragraphs), represented as Dy = {p1,...,pn}.
Each partition is converted to a vector using TF-
IDF weighted by Word2Vec embeddings to capture
semantic similarity:

SIM(pi, p;) Z Z

Wm €p; Wn EP; €8

tldf (Wm, pi) - SIM (Wi, wy) - tAdf (wn, p;),

where tfidf (wyy, p;) is the TF-IDF score of word
Wy, in partition p;, and SIM (w,,, wy, ) is the cosine
similarity of Word2Vec embeddings of words w;,
and w,,, capturing semantic closeness.

Sub-documents are formed by grouping parti-
tions to maximize coherence using dynamic pro-
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Step1 : Document Segmentation

— _E % ( Semantic Dynamic
— »= =—|  Similarity ynamic I% @ @—»
= = Programming
= = L Measurement Sub-d "
Source Document Paragraph ub-documents
Step2 : Knowledge Extraction l
Global Knowledge Extraction Local Knowledge Extraction
Ask for Bilingual Summary and Theme Ask for Proper Nouns Ask for Topics

You are a professional article analysis and
{SRC_LANG}- {TGT_LANG} bilingual expert.
Thought 1: Please generate a {SRC_LANG} and
{TGT_LANG} summary , including the main
contents of these sentences, the overall domain...
Thought 2: Please predict the theme distribution in
percentage format for the following input paragraph..

bilingual expert.

{TGT_LANG}.

Output: <Bilingual Summary>, <Theme>

You are an {SRC_LANG}- {TGT_LANG}

Thought 1: Use the summary as a global
reference to understand the paragraph.
Thought 2: Extract all the proper nouns
from the paragraph and translate them into

Input: <sub-document>, <Summary>
Output: <Proper Nouns>

You are a professional article analysis expert.

Please use a few words to describe the topics of

the following input paragraph.

Input: <sub-document>

\_Output: <Topics> J
Ask for Transition Hint

You are a professional article analysis expert.

Please generate a transition hint describing how
the current paragraph follows the previous one.

Input: <sub-document>

Input: Previous paragraph: <sub-document; ;>
Current paragraph: <sub-document;>

[Bilingual Summary [ Ay ] [ Ay ] [ A, ]J et Transiton Hint2 -
[Theme ()7 ) [Tn]][Topics (o J(o ) [On]]
[ProperNouns [ Py ] [ Ps ] [ Pn ]] [Transition Hint (( Hi ][ Ha ) ( H. ] ]

Step3 : Knowledg-augmented Translation

Input: Bilingual Summary, Theme,
Proper Nouns, Topics, Transition Hint

Format your output as follows:

"{SRC_LANG} sentence": "First line",
"{TGT_LANG} translation": "..."
},// ... one object per line

Sentence Alignment Strategy

Sub-documents
Target Document

Figure 1: Framework of SubDocTrans. Step 1 divides the source document into coherent and overlapping sub-
documents to maintain contextual coherence. Step 2 extracts global and local knowledge from sub-documents,
including bilingual summary, theme, proper nouns, topics, and transition hint. Step 3 leverages the multi-
granularity knowledge into the prompt construction and adopts a sentence alignment strategy to produce high-

quality translations of target document.

gramming. The quality of a sub-document C; is:

q(C;) = Z SIM(p;, Z;),

p;€C;

2

where C; = {pi,...,pm} denotes the sub-
document containing a contiguous sequence of par-
titions from the [-th to the m-th, and Z; is the cen-
troid vector of Cj, averaging its partition vectors.
The optimal segmentation maximizes » . ; ¢(C;),
is solved by

f7(b,k) = max {f*(I = 1,k = 1) +q(l,b)},
o 3)

where f*(b, k) is the maximum quality of group-
ing the first b partitions into k sub-documents, and
q(l,b) is the quality of a sub-document from parti-
tions p; to pp.

The resulting sub-documents are generated as:

{Cla ) Cn} — ﬁSegment(-Ds; 0)7 )

where o is the overlap size.

On average, each sub-document contains 20 sen-
tences, as determined dynamically by our segmen-
tation strategy.

3.2 Knowledge Extraction

3.2.1 Global Knowledge Extraction

Global Knowledge Augmentation provides
document-level context to guide translation,
ensuring consistency and coherence across
sub-documents. It includes bilingual summary,
theme, and proper nouns, which are shared across
all sub-documents to maintain global information
consistency throughout the translation process.
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Bilingual Summary and Proper Nouns Bilin-
gual Summary (A;, A;) and Proper Nouns (P) are
critical to capture global context and maintain ter-
minology consistency, respectively (Wang et al.,
2025).

For each sub-document Cj;, a bilingual summary
is first generated by the LLM-based Summary Gen-
erator Lsummary:

Asiy Api = Lsunmary (Ci) 5)
The summaries are then aggregated:
As — AgU{A Y, A A U{AL (6)

To form cohesive global summaries, they are
merged by the LLM-based Summary Merger:

As < ﬁMergeS (AS)7 At A £MergeT(v4t) (7)

Proper nouns are generated at the sub-document
level, using the source summary A, to enhance
contextual accuracy. For each sub-document Cj,
they are extracted by an LLM-based Proper Nouns
Extractor LproperNouns:

Pi A LProperNouns(Cia As) (8)

Proper nouns from each sub-document P: are
first aggregated and then merged by the LLM-
based Proper Noun Merger as follows:

P+ P,U {Pi}, P »CMergeProperNouns (P) )

During merging, we adopt the first translation
of each proper noun, which is generated with ac-
cess to the most complete global context, as the
canonical form to ensure consistency across all
sub-documents.

Theme Unlike summary, theme directly provides
the paragraph’s theme using a few words, such as
Social issues 50%, Economy 30%, International
relations 20%.

For each sub-document C'i, a theme is generated
by the LLM-based Theme Predictor Lheme:

7; — ETheme(Ci) (10)

Themes from each sub-document 77 are aggre-
gated and then merged by the LL.M-based Theme
Merger as follows:

T+ TU {7;}, T + ﬁMergeTheme(T) (11)

This global theme informs the translation pro-
cess, helping ensure domain-appropriate lexical
choices and stylistic consistency—particularly in
literary and technical documents.

3.2.2 Local Knowledge Extraction

Local knowledge augmentations focus on sub-
document-specific semantics and cohesion, enhanc-
ing translation quality within and between sub-
documents. These include topics and transition
hint.

Topics Topics (O) capture local semantics, en-
suring translations reflect the core ideas of each
sub-document. Unlike global knowledge, topics
are not merged, as they are specific to each sub-
document.

For each sub-document C}, topics are generated
by an LLM-based component known as the Topic
Extractor Lopics:

Oi — »CTopics(Ci) (12)

Transition Hint Transition Hint (#) ensures
inter-paragraph cohesion by guiding translations to
maintain discourse flow between sub-documents.

For each sub-document C, a transition hint is
generated by an LLM-based component known as
the Hint Generator Lyjnt:

Hi < Luin(Ci—1, Ci) (13)

These hints are used during the translation of all
sub-documents except the first (¢ > 1) to ensure
smooth transitions across segments.

3.3 Knowledge-Augmented Translation

The final translation is performed by an LLM-
based component, Document Translator, denoted
as Lransiate- For each sub-document Cj, the trans-
lation is generated as:

’Ti — »CTranslate(Cia 7)7 A87 Atv 7-7 Oi7 7'[1) (14)

All knowledge augmentations are integrated into
the prompt to support the translator in producing
high-quality and consistent translations.

SubDocTrans adopts a Sentence Alignment
Strategy to guide the LLM in generating one-to-
one aligned translations for each source sentence,
reducing sentence omissions and ensuring output
validity. To enhance robustness, the translation al-
lows up to ryux retries to ensure valid output and
full sentence coverage.

Post-translation, overlapping content is removed,

producing target sub-documents:
T; < RemoveOverlap(T;, o) (15)

These target sub-documents are concatenated to
form the Target Document D).
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4 Experiments

We conducted extensive experiments to answer the
following research questions:

* RQ1: Translation Quality and Consistency.
Does SubDocTrans lead to improvements in
overall translation quality and consistency com-
pared to advanced baselines?

* RQ2: Effectiveness of Knowledge Augmen-
tation. How do different types of knowledge
contribute to DocMT task?

* RQ3: Handling of Discourse Phenomena.
Does SubDocTrans give improvement in the han-
dling of discourse phenomena?

* RQ4: Omission Errors and Hallucination
Mitigation. Can SubDocTrans reduce sentence
omissions and mitigate hallucinations more ef-
fectively than Doc2Doc systems?

* RQS5: Inference Efficiency. Does SubDocTrans
achieve better inference efficiency compared to
existing DocMT systems?

4.1 Settings

Datasets The tst2017 is designed for the
IWSLT2017 translation task (Akiba et al., 2004),
comprising parallel documents from TED talks. we
focus on eight bidirectional pairs: En < Zh, De,
Fr, and Ja. Each language pair includes 10 to 12
sentence-aligned parallel documents, with approx-
imately 1,500 sentences per language pair. The
Guofeng Web-novel (Wang et al., 2023c, 2024) is
a high-quality, discourse-level web novel corpus.
We conduct our experiments on the Guofeng V1
TEST_2 set in the Zh = En direction.

Backbone Models We employ two GPT mod-
els of GPT-3.5-Turbo-0125 and GPT-40-mini as
our backbone models, which are obtained from the
official OpenAl API . We set the temperature to
0.8 and the top-p sampling threshold to 0.8, while
keeping other hyperparameters at their default val-
ues. We also employ two open-source LRMs of
DeepSeek-R1:14B and DeepSeek-R1:32B as our

https://wit3.fbk.eu/2017-01-d/
https://github.com/longyuewangdcu/
GuoFeng-Webnovel/
https://platform.openai.com/docs/guides/
text-generation/
https://ollama.com/library/deepseek-r1:14b/
https://ollama.com/library/deepseek-r1:32b/

backbone models. To accommodate document-
level translation outputs, we set num_predict to
-1, allowing unrestricted generation lengths. The
maximum retry count 7y, is set to 20, and the
o-sentence overlap is set to 3.

Baselines We compare SubDocTrans against
four baselines, all using the same LLMs and de-
coding settings. Sentence treats each sentence
independently without any document-level con-
text. Context (Wu et al., 2024) adds three pre-
ceding source-target sentence pairs to the prompt
to improved local coherence. Doc2Doc (Wang
et al., 2023b) prompts the LLM to translate 10
sentences in a single conversation turn. prompts
the LLM to translate ten sentences at once with-
out intermediate alignment or guidance. DELTA
(Wang et al., 2025) performs sentence-by-sentence
translation using multi-level memory prompts to
guide consistency and fluency. We also include
results from NLLB-3. 3B (Costa-jussa et al., 2022)
and GoogleTrans, for further evaluation.

Metrics We adopt both quality and consis-
tency metrics to evaluate the performance. For
quality, we utilize two neural-based COMET
metrics. One is the sentence-level COMET
score (SCOMET), for which we use the
model Unbabel/wmt22-comet-da. Another is
the document-level COMET score (dAdCOMET),
proposed by Vernikos et al. (2022), using
wmt21-comet-ge-mgm to compute reference-free
scores. To assess terminological translation consis-
tency, we use the consistency metrics of LTCR-1
and LTCR-1f (Wang et al., 2025).

4.2 Main Results

We report the main results of SubDocTrans on the
IWSLT2017 and Guofeng datasets, comparing its
performance against strong baselines across multi-
ple translation directions.

Results for RQ1: Translation Quality and Con-
sistency. The main experiment results on the
IWSLT2017 test set are demonstrated in Table 1.
For more detailed scores, please refer to Appendix
A.3. SubDocTrans achieves the highest scores

https://py-googletrans.readthedocs.io/

https://github.com/Unbabel/COMET/

https://github.com/amazon-science/
doc-mt-metrics/

https://unbabel-experimental-models.s3.
amazonaws . com/comet/wmt21/wmt21-comet-qge-mgm.
tar.gz
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System En = Xx Xx = En
sCOMET dCOMET LTCR-1 LTCR-1f sCOMET dCOMET LTCR-1 LTCR-1¢
NLLB 82.11 6.36 74.56 81.87 84.10 6.98 79.03 90.76
GOOGLE 80.41 5.83 81.38 84.72 80.17 5.96 81.43 90.81
777777777777777777777777777777777 GPT-3.5-Turbo
LLM + Sentence 84.80 6.58 77.06 82.81 84.47 7.05 81.98 91.86
LLM + Context 85.40 6.70 77.34 83.12 84.97 7.15 85.03 95.27
LLM + Doc2Doc - 6.62 79.12 86.39 - 6.96 85.17 92.98
DELTA 85.58 6.73 82.96 88.83 84.95 7.15 86.53 96.26
SubDocTrans 85.46 6.72 83.03 88.84 85.11 7.19 86.88 96.39
7777777777777777777777777777777777 GPT-40-mini
LLM + Sentence 81.51 6.35 78.59 85.07 84.01 6.99 81.42 91.34
LLM + Context 84.78 6.65 80.01 86.99 84.95 7.15 84.40 94.34
LLM + Doc2Doc - 6.75 80.54 85.39 - 7.01 83.50 93.39
DELTA 85.85 6.80 81.80 86.33 85.26 7.24 85.25 95.89
SubDocTrans 85.79 6.76 83.14 87.43 85.27 7.24 86.33 96.32
" DeepSeek-R1:14b
LLM + Sentence 81.63 6.17 73.92 80.51 83.15 6.93 80.01 87.53
LLM + Context 82.01 6.27 74.12 81.41 83.55 7.01 81.39 91.17
LLM + Doc2Doc - 6.54 80.03 86.41 - 7.16 84.48 93.83
DELTA 82.49 6.40 81.74 86.49 83.37 7.02 83.90 93.94
SubDocTrans 83.41 6.57 81.92 87.58 84.06 7.14 85.05 94.47
" DeepSeek-R1:32b
LLM + Sentence 83.16 6.42 74.17 82.75 83.47 6.99 77.71 86.98
LLM + Context 82.89 6.45 79.10 85.77 83.65 7.07 83.61 92.37
LLM + Doc2Doc - 6.70 78.53 85.46 - 7.25 82.88 92.24
DELTA 83.29 6.51 81.85 86.76 83.39 7.07 84.85 93.54
SubDocTrans 84.50 6.71 80.78 88.44 84.88 7.28 86.05 95.86

Table 1: Test results on the IWSLT2017 dataset. Since the translations produced by the LLM + Doc2Doc method
are not aligned at the sentence level with the source text, we do not report the SCOMET scores for this method.
The best performance in each block is highlighted in bold, while the second-best is underlined. Part of the data is

sourced from Wang et al. (2025).

across nearly all translation directions and models.
In the Xx = En direction, SubDocTrans surpasses
DELTA with significant gains, such as a 1.49 point
improvement in SCOMET (84.88 vs. 83.39) and
a 1.2 point increase in LTCR-1 (86.05 vs. 84.85)
with DeepSeek-R1:32b. Compared to Sentence
and Context, SubDocTrans boosts SCOMET by ap-
proximately 2 points and LTCR-1 by 6 points in En
= XX, while outperforming Doc2Doc by nearly 2
points in LTCR-1.

Table 2 reports results on the more challeng-
ing Guofeng dataset. SubDocTrans consistently
outperforms all baselines. While DELTA slightly
outperforms in LTCR-1 under GPT-40-mini, Sub-
DocTrans offers a better trade-off between quality
and consistency, with clearer gains under stronger
models. These findings also confirm the effective-
ness of our multi-granularity knowledge and CoT
reasoning.

4.3 Ablation Study

Results for RQ2: Effectiveness of Knowledge
Augmentation. Table 3 presents an ablation
study for the Zh = En direction in the Guofeng
dataset, using Deepseek-R1:32B as the backbone
model. For more detailed scores, please refer to
Appendix A.4. When provided with Theme, the
model exhibits improved translation quality scores,
but no significant enhancement in translation con-
sistency is observed. The introduction of Topics
contributes to more consistent translations, as evi-
denced by an increase of 4.73 percentage points in
LTCR-1 across the baselines, reinforcing consis-
tency by ensuring that translations reflect the core
topics. Transition Hint enhances discourse fluency
by improving coherence between sub-documents,
leading to an increase of 0.10 points in SCOMET
and 0.08 points in dCOMET. The combination of
Theme, Topics, and Transition in the Doc2Doc +
Summary + Proper Nouns baseline achieves the
best performance.
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System sCOMET dCOMET LTCR-1 LTCR-1;y , sCOMET dCOMET LTCR-1 LTCR-1¢
GPT-3.5-Turbo GPT-40-mini
LLM + Sentence 77.62 3.07 61.58 78.82 77.87 3.10 58.82 70.59
LLM + Context 78.57 3.19 70.10 81.37 78.56 3.19 64.32 74.37
LLM + Doc2Doc - 2.82 717.46 89.02 - 2.96 82.04 91.62
DELTA 78.45 3.17 85.57 96.52 78.77 3.34 88.94 96.48
SubDocTrans 78.57 3.20 81.64 97.58 78.89 3.35 81.55 94.66
" DeepSeek-R1:14b |~ DeepSeek-R1:32b
LLM + Sentence 74.96 2.95 45.00 60.00 75.28 3.10 57.77 63.11
LLM + Context 74.89 2.98 42.57 65.84 75.76 3.17 62.32 74.88
LLM + Doc2Doc — 3.02 59.31 77.45 - 3.26 60.49 81.46
DELTA 76.78 3.18 79.81 92.79 76.55 322 84.54 93.72
SubDocTrans 76.52 3.21 86.87 95.45 78.06 3.42 89.05 96.52

Table 2: Test results on the Guofeng dataset. Part of the data is sourced from (Wang et al., 2025).

Setting sCOMET dCOMET LTCR-1 LTCR-1;
Doc2Doc + Summary + Proper Nouns 77.73 3.34 79.23 92.27
+ Theme 77.83 3.38 74.38 89.66
+ Topics 77.95 3.37 80.49 95.12
+ Transition Hint 77.88 3.38 82.67 93.56
+ Theme + Topics 77.96 3.34 84.39 94.39
+ Theme + Transition Hint 77.92 3.38 75.12 90.24
+ Topics + Transition Hint 77.66 3.34 88.24 96.57
+ Theme + Topics + Transition Hint 78.06 342 89.05 96.52
Table 3: Ablation Study.
4.4 Effectiveness of SubDocTrans System TC CP PT TCP
We conducted additional experiments to further LLM + Sentence 562 31.6 65.2 48.8
T LLM + Context 55.1 319 635 48.1
evaluate the robustness and practicality of SubDoc-
T S ficall lp . ffy . . LLM + Doc2Doc 58.7 32.7 67.9 50.7
rans: pe‘m cally, we evaluate its effectiveness }n DELTA 573 299 622 474
handling discourse phenomena and pronoun consis- SubDocTrans 603 32.1 689 51.1

tency (RQ?3), its ability to mitigate sentence omis-
sions and hallucinations (RQ4), and its inference
efficiency compared to existing methods (RQS5).

Results for RQ3: Handling of Discourse Phe-
nomena. To evaluate whether our method ef-
fectively uses document-level context to enhance
discourse coherence, we utilized the Zh-En test
set from Sun et al. (2022), covering tense consis-
tency (TC), conjunction presence (CP) and pro-
noun translation (PT). The overall TCP score, de-
fined as the geometric mean of these metrics, aligns
well with human judgments. As shown in Table 4,
SubDocTrans achieves the best performance in dis-
course phenomena compared to all baselines under
DeepSeek-R1:32B.

For pronoun translation, we adopt the accuracy
of pronoun translation (APT) metric from Miculi-
cich Werlen and Popescu-Belis (2017), refined
with alignment heuristics, to evaluate the correct-
ness of pronoun triplets (source, reference, candi-
date). Table 5 shows that SubDocTrans achieves

Table 4: Evaluation results of discourse phenomena.

Doc2Doc
58.30

DELTA  SubDocTrans
57.90 58.67

Context

58.65

Sentence

58.58

Metric
APT

Table 5: Evaluation results of pronoun translation accu-
racy (APT).

the highest APT score in En = Zh, confirming its
strength in preserving pronoun consistency across
document contexts.

Results for RQ4: Omission Errors and Halluci-
nation Mitigation. Table 6 shows that SubDoc-
Trans significantly reduces omission errors com-
pared to Doc2Doc, with an omission rate of 0.75
vs. 8.75. This improvement stems from the use of
a sentence alignment strategy that enforces one-to-
one mapping between source and target sentences.
We also reports Avg. Retries, measuring the av-
erage number of attempts needed by our method
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System Missing Sents  Avg. Retries Time (hour)
LLM + Doc2Doc 8.75 - 0.21
SubDocTrans 0.75 0.40 0.48

Table 6: Effect of the sentence alignment strategy on
omission errors. Since the LLM + Doc2Doc method
does not require retries, Avg. Retries is not reported.

DeepSeek-R1:14b

Sentence wa» Doc2Doc = DELTA

wws Context SubDocTrans

23.96

UTW Percentage (%)

Xx = En

En = Xx

Figure 2: Comparison of UTW percentages between
our method and other baselines.

to produce a valid output, and Time, indicating to-
tal translation time. While Doc2Doc achieves the
fastest runtime by translating multiple sentences
without alignment and retry mechanisms, SubDoc-
Trans completes translation in 0.48 hours with only
0.40 retries, demonstrating that it ensures high-
quality translations with minimal cost.

To further evaluate hallucinations, we compute
Unaligned Translation Words (UTW) using the
alignment tool from Dou and Neubig (2021). This
measurement is also used by Hendy et al. (2023) to
investigate the presence of words that do not sup-
port the source sentences. Figure 2 reports UTW
scores on IWSLT2017 across four language pairs
using DeepSeek-R1:14B. SubDocTrans achieves
an UTW of 23.31 in En = XX, lower than that
of Context and Doc2Doc, respectively, and consis-
tently below DELTA. This suggests that SubDoc-
Trans helps reduce hallucinations, thereby improv-
ing the translation quality.

Results for RQ5: Inference Efficiency. In
Figure 3, we utilized DeepSeek-R1:14B and
DeepSeek-R1:32B to translate documents in the
En = Zh, De, Fr, and Ja directions. Since the
Doc2Doc method translates multiple sentences
at once without any additional input, it achieves
the highest efficiency. Apart from Doc2Doc, our
method outperforms the other baselines.

Time Cost of Five Approaches

Doc2Doc

SubDocTrans

Sentence 25.88
| mmm Ccontext

EEm Delta

201

14.50

Inference Time (hours)
&

397 420 B89

DeepSeek-R1:32B

DeepSeek-R1:14B

Figure 3: Comparison of time cost between our method
and other baselines.

Other extended analysis and implementation de-
tails are reported in Appendix A.5S.

5 Conclusion

This paper proposed SubDocTrans, a novel DocMT
framework that leverages sub-document segmen-
tation, five knowledge augmentations, and chain-
of-thought reasoning to address the challenges of
document-level translation. By segmenting doc-
uments into overlapping sub-documents of simi-
lar topics, SubDocTrans ensures seamless inter-
paragraph cohesion and robust contextual mod-
eling. The sentence alignment strategy further
mitigates omission errors. Experimental results
show that our framework outperforms all advanced
baselines, and effectively improves the accuracy of
pronoun translation and mitigate hallucinations.

6 Limitations

Our SubDocTrans demonstrates significant im-
provements in DocMT, while some concerns can
be further investigated. First, the computational
overhead of the framework is driven by the knowl-
edge extraction. This may limit its applicability in
real-time or resource-constrained settings. Second,
the use of LLMs for extracting proper nouns and
their translations, though flexible, may be less effi-
cient than lightweight, rule-based extraction tech-
niques. Employing more precise and task-specific
techniques for this purpose could further improve
the overall efficiency of our framework.

7 Ethics Statement

This work builds upon publicly available datasets
that are widely used in the community. These
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datasets do not contain personally identifying in-
formation or offensive content. No new user-
generated or sensitive data was collected or pro-
cessed in this study. Our use of these datasets
complies with their original licenses and intended
use.
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A Appendix
A.1 The algorithm of SubDocTrans

The complete procedure of SubDocTrans is out-
lined in Algorithm 1, which illustrates how doc-
ument segmentation, knowledge extraction, and
translation are integrated into a unified framework.

A.2 Prompts

This part presents the prompt templates used in
each module of our framework. The prompt
for the Bilingual Summary and Theme Writer
in Figure 4, followed by the Proper Nouns Ex-
tractor in Figure 5, the Topic Extractor in Fig-
ure 6, and the Transition Hint Writer in Fig-
ure 7. Figure 8 illustrates the prompt used by the
Knowledge-augmented Translation Module to in-
corporate multi-level contextual knowledge. All
prompt designs are instruction-style and follow a
structured format to elicit reliable and consistent
responses from the LLM.

A.3 Detailed Results of the Main Experiment

The scores for the En = Zh, De, Fr, Ja translation
directions are presented in Table 7, while the scores
for the Zh, De, Fr, Ja = En are shown in Table 8.

A.4 Detailed Results of the Ablation Study

The Detailed Ablation Study are shown in Table
9. Based on Doc2Doc with Bilingual Summary,
Proper Nouns, and their combination as baselines.
When provided with Theme, the model exhibits
improved translation quality scores across all three
baselines, but no significant enhancement in trans-
lation consistency is observed. The introduction
of Topics contributes to more consistent transla-
tions, as evidenced by an average increase of 1.93
percentage points in LTCR-1 and 3.00 percentage
points in LTCR-1; across the baselines. Transi-
tion Hint enhances discourse fluency by improving
coherence between sub-documents, leading to an
average increase of 0.16 points in sSCOMET and
0.05 points in dCOMET, with significant gains in
the Summary baseline, where SCOMET reaches
78.31 and dCOMET reaches 3.41. The combina-
tion of Theme, Topics, and Transition Hint in the
Doc2Doc + Summary + Proper Nouns baseline
achieves the best performance.

A.5 Additional Details on Inference Efficiency

SubDocTrans involves three stages: Document Seg-
mentation, Knowledge Extraction, and Knowledge-

Augmented Translation.  The first stage is
lightweight, while most time cost arises from LLM
calls in the latter two. Specifically, the number of
LLM calls equals the number of sub-documents
multiplied by (1 + ravg), Where 7y, is the average
retry count per sub-document.

Algorithm 1: The Overall Framework of
SubDocTrans
input :Source document

D; = {s1,...,sn}, Large
Reasoning model £, Overlap
Sentences o, Maximum Retry
Attempts Tmax, Proper Nouns
P = (), Source and Target
Language Summaries
As =0, A =0, Theme T = 0,
Topics O = (), Transition Hint

H=0
output : Target document
D; = {tl,. . .,tN}
D; + 1)

C « ESegment(D& 0)

for i =11 |C|do

C; + {Sl,...,sm}

Hi + Lyin(Ci-1, Ci)

Oz’ — ETopics(Cz')

72 — »CTheme(Ci)

T« TU{T:}

-/Zts,z'y At,i — ESummary(Ci)
Ag — As U{Ag )

Ay +— A U {Am’}

Pz' — £ProperNouns(C'u As)
P «— PU{P:}

end
7) — EMergeProperNouns (P)
As <~ ['MergeS (As)
-At — ['MergeT(At)
T — EMergeTheme(T)
for i =11 |C|do
T, +
ﬁTranslate(Ciy P7 A37 At; 7—7 Oi; Hz)
Dt — Dt ) E
end
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Prompt for Bilingual Summary and Theme Writer

You are a professional article analysis agent. You are provided with a context (delimited by “°)
and you need to summarize the input text into an abstract and a theme distribution.

Thought 1: Generate a {SOURCE_LANG} language summary (30-60 words), including the main
contents of these sentences, the overall domain, style, and tone, while preserving key information
as much as possible.

Thought 2: Translate the {SOURCE_LANG} summary to {TARGET_LANG}.

Thought 3: Generate a theme: Output the article’s theme in {TARGET_LANG} (e.g., politics
60%, economy 30%, technology 10%).

Paragraph: {PARAGRAPH}
Format your output as a list of JSON. Like the following:

L
{
"{SOURCE_LANG} summary”: ",
"{TARGET_LANG} summary": "",
"Theme": "”
3
]

Figure 4: Prompt template for Bilingual Summary and Theme Writer.

Prompt for Proper Nouns Extractor

You are a {SOURCE_LANG}-{TARGET_LANG} bilingual expert. You are provided with a
context chunk (delimited by “‘) containing a summary and a {SOURCE_LANG} paragraph.
Thought 0: Use the summary as a global reference to understand the broader context of the entire
paragraph. The summary helps identify key entities (e.g., persons, locations, organizations) or
concepts that might be ambiguous or unrecognized in the context.

Thought 1: Extract all the proper nouns from the {SOURCE_LANG} paragraph and translate them
to {TARGET_LANG}. Ensure that the {TARGET_LANG ]} translations are accurate, consistent,
and culturally appropriate.

Summary: {SUMMARY }
Paragraph: {PARAGRAPH}

Format your output as a list of JSON. Like the following:
L

"{SOURCE_LANG} proper nouns”: "",
:I{TARGET_LANG} proper nOUnS": nn

Figure 5: Prompt template for Proper Nouns extraction
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Prompt for Topics Extraction

You are a professional article analysis agent. You are provided with a context (delimited by “¢).
Use a few words to describe the topics of the following input {SOURCE_LANG} article.

Paragraph: {PARAGRAPH}
Format your output as a list of JSON. Like the following:
[

nn

"Topics":

Figure 6: Prompt template for Topics extraction.

Prompt for Transition Hint Writer

You are a professional article analysis agent. Please generate a hint for the input
{SOURCE_LANG} paragraph, linking its logical relationship with the previous paragraph. The
transition hint should be concise (20—30 words) and reflect logical connections (e.g., cause-eftect,
progression). You are provided with a context (delimited by “).

Thought 1: Analyze the logical relationship between the two paragraphs (e.g., cause-effect,
progression, contrast).

Thought 2: Generate a {SOURCE_LANG} language transition hint describing how the current
paragraph follows the previous one.

Thought 3: Self-evaluate whether the transition hint accurately reflects the logical relationship; if
inaccurate, optimize it.

Thought 4: Translate the {SOURCE_LANG} hint into { TARGET_LANG}.

Paragraph 1: {PARAGRAPH_1}
Paragraph 2: {PARAGRAPH_2}

Format your output as a list of JSON. Like the following:
L

nn

"Transition Hint":

Figure 7: Prompt template for Transition Hint Writer.
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Prompt template for the Knowledge-augmented Translation.

You are a {SOURCE_LANG}-{TARGET_LANG]} bilingual expert translating a long
{SOURCE_LANG} article. You are provided with a context (delimited by “‘) including the
article’s {SOURCE_LANG} and {TARGET_LANG} summaries, theme, transition hint between
the previous and current paragraphs, the current paragraph’s topic, and historical translations of
some proper nouns.

Translate the current {SOURCE_LANG} source paragraph into {TARGET_LANG} as a cohesive
unit, ensuring that proper nouns remain consistent with their historical translations and that the
style is coherent across all sentences.

Summaries:
<{SRC_LANG} summary> {SRC_SUMMARY }
<{TGT_LANG} summary> {TGT_SUMMARY }

Proper nouns:
{PROPER NOUNS}

Theme:
{THEME}

Topics:
{TOPICS}

Transition hint:
{TRANSITION_HINT}

Format your output as a list of JSON. Like the following:

L
{
"{SOURCE_LANG} sentence”: "First line",
"{TARGET_LANG} translation”: "First line translated to {TARGET_LANG}"
s
// ... one object per line
]

Figure 8: Prompt template for the Knowledge-augmented Translation.
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System sCOMET dCOMET LTCR-1 LTCR-1y sCOMET dCOMET LTCR-1 LTCR-1¢

En = Zh En = De

NLLB 76.81 6.20 71.68 84.96 84.15 6.64 91.76 99.61
GOOGLE 78.46 5.76 89.45 92.36 80.23 5.78 93.55 99.19

" GPT-3.5-Turbo ¢ oo oo oo e
LLM + Sentence 83.78 6.55 80.27 88.78 84.97 6.71 92.06 98.81
LLM + Context 84.50 6.68 77.89 87.41 85.12 6.74 93.70 99.21
LLM + Doc2Doc - 6.29 82.04 94.29 - 6.81 88.89 97.94
DELTA 84.70 6.72 86.44 95.25 85.37 6.78 93.46 99.23
Ours 84.75 6.73 87.76 98.30 85.10 6.75 92.05 99.24

" GPT-40-mini ~ 0T
LLM + Sentence 82.13 6.43 78.04 91.89 81.41 6.39 90.70 98.84
LLM + Context 84.36 6.68 78.95 93.42 84.83 6.70 92.66 99.61
LLM + Doc2Doc - 6.60 82.33 88.35 - 6.90 91.05 99.22
DELTA 84.94 6.81 85.52 91.72 85.47 6.79 92.19 100.0
Ours 85.22 6.80 86.09 94.04 85.00 6.71 93.46 99.23

" DeepSeek-R1:140 oo oo oo oo
LLM + Sentence 83.32 6.59 74.71 85.44 79.82 6.00 86.32 95.75
LLM + Context 83.81 6.72 72.98 81.40 79.57 6.04 81.69 95.31
LLM + Doc2Doc - 6.92 78.74 88.04 - 6.26 84.74 95.98
DELTA 83.56 6.76 85.53 90.13 80.07 6.15 86.75 96.79
Ours 84.91 7.00 87.38 90.94 80.97 6.20 87.06 96.47

" DeepSeek-R1:320 oo oo oo oo
LLM + Sentence 84.47 6.79 77.09 86.91 81.79 6.33 83.98 94.17
LLM + Context 83.89 6.78 76.60 85.11 81.24 6.32 85.32 93.58
LLM + Doc2Doc - 6.92 79.58 87.54 - 6.60 87.35 96.33
DELTA 83.92 6.87 82.67 88.33 81.78 6.38 88.67 98.05
Ours 85.09 7.00 84.35 90.14 83.22 6.56 91.37 98.43

En = Fr En = Ja

NLLB 85.35 6.23 87.84 89.86 82.12 6.37 46.94 53.06
GOOGLE 82.21 5.53 88.61 91.46 80.74 6.23 53.92 55.88

" GPT-3.5-Turbo oo oo oo
LLM + Sentence 85.84 6.18 83.55 88.49 84.61 6.89 52.34 55.14
LLM + Context 86.49 6.27 83.06 89.25 85.50 7.09 54.72 56.60
LLM + Doc2Doc - 6.28 92.28 94.63 - 7.10 53.26 58.70
DELTA 86.48 6.30 88.96 94.16 85.76 7.13 62.96 66.67
Ours 86.44 6.30 90.49 94.17 85.54 7.10 61.82 63.64

" GPT-40-mini ~ T
LLM + Sentence 80.79 5.82 88.89 90.91 81.72 6.74 56.73 58.65
LLM + Context 85.10 6.14 90.52 92.81 84.84 7.09 57.89 62.11
LLM + Doc2Doc - 6.24 91.00 94.00 - 7.25 57.78 60.00
DELTA 86.38 6.28 90.94 93.85 86.61 7.32 58.54 59.76
Ours 86.50 6.26 89.97 91.22 86.42 7.28 63.04 65.22

" DeepSeek-R1:140 oo oo oo oo oo e
LLM + Sentence 82.57 5.87 84.64 85.77 80.80 6.22 50.00 55.07
LLM + Context 83.00 5.95 83.15 87.27 81.67 6.35 58.65 61.65
LLM + Doc2Doc - 6.13 86.32 88.27 - 6.84 70.30 73.33
DELTA 83.44 6.06 93.42 95.07 82.88 6.62 61.26 63.96
Ours 83.64 6.14 87.46 90.43 84.10 6.92 65.77 72.48

" DeepSeek-R1:320 oo oo oo oo
LLM + Sentence 83.45 5.96 81.34 85.56 82.91 6.59 54.26 64.34
LLM + Context 83.42 6.03 84.12 89.89 82.99 6.65 70.34 74.48
LLM + Doc2Doc - 6.24 88.50 92.65 - 7.03 58.67 65.33
DELTA 83.84 6.07 94.95 97.16 83.61 6.71 61.11 63.49
Ours 84.93 6.23 84.59 92.46 84.77 7.05 62.81 72.73

Table 7: Detailed results of our experiments in En = Xx directions.
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System sCOMET dCOMET LTCR-1 LTCR-1y sCOMET dCOMET LTCR-1 LTCR-1¢

Zh = En De = En

NLLB 82.14 7.01 75.31 88.27 85.63 7.23 95.98 98.85
GOOGLE 78.06 5.68 72.89 86.14 82.31 6.47 96.53 98.27

" GPT-3.5-Turbo ¢ oo oo oo e
LLM + Sentence 83.34 7.17 73.99 86.71 85.92 7.26 98.88 100.0
LLM + Context 83.88 7.29 76.92 90.53 86.10 7.30 98.30 100.0
LLM + Doc2Doc - 7.08 76.77 88.39 - 7.16 98.24 98.82
DELTA 83.88 7.30 80.00 93.53 86.14 7.30 98.33 100.0
Ours 84.08 7.34 79.43 94.29 86.40 7.30 98.85 100.0

" GPT-40-mini ~ 0T
LLM + Sentence 83.55 7.24 71.93 84.80 85.11 7.17 98.20 100.0
LLM + Context 83.96 7.35 78.24 91.18 86.12 7.27 98.88 100.0
LLM + Doc2Doc - 7.15 79.62 92.36 - 7.19 95.24 97.62
DELTA 84.10 7.47 79.41 94.71 86.61 7.31 98.32 100.0
Ours 84.33 741 83.15 95.51 86.20 7.35 98.84 100.00

" DeepSeek-R1:140 oo oo oo oo
LLM + Sentence 82.45 7.20 69.54 79.89 84.18 7.12 97.10 97.10
LLM + Context 82.72 7.24 78.24 88.82 84.75 7.20 95.68 98.56
LLM + Doc2Doc - 7.38 82.46 93.57 - 7.31 96.55 98.28
DELTA 82.56 7.29 80.23 90.12 82.64 7.15 95.71 96.93
Ours 83.73 7.42 84.88 94.19 85.85 7.34 97.66 98.83

" DeepSeek-R1:320 oo oo oo oo
LLM + Sentence 82.76 7.22 60.12 82.66 84.42 7.18 94.57 98.45
LLM + Context 83.11 7.30 68.79 83.24 84.70 7.24 95.71 96.43
LLM + Doc2Doc - 7.42 81.14 90.86 - 7.36 97.01 98.80
DELTA 83.00 7.31 83.62 94.35 85.42 7.30 98.19 99.40
Ours 84.22 7.50 85.14 96.00 85.74 7.34 98.83 99.42

Fr = En Ja= En

NLLB 87.59 6.79 93.56 97.42 81.02 6.90 51.27 78.48
GOOGLE 84.64 6.19 95.63 96.83 75.67 5.50 60.67 82.00

" GPT-3.5-Turbo oo oo oo
LLM + Sentence 87.60 6.78 94.94 97.89 81.00 6.98 60.12 82.82
LLM + Context 88.03 6.84 94.96 97.90 81.85 7.17 69.94 92.64
LLM + Doc2Doc - 6.78 94.78 97.39 - 6.80 70.90 87.31
DELTA 88.02 6.86 96.17 98.30 81.76 7.13 71.60 93.21
Ours 88.02 6.84 97.47 99.49 81.93 7.27 71.76 91.76

" GPT-40-mini ~ T
LLM + Sentence 87.32 6.77 94.42 97.85 80.04 6.76 61.11 82.72
LLM + Context 87.72 6.81 94.85 97.42 82.00 7.17 65.62 88.75
LLM + Doc2Doc - 6.83 94.42 98.28 - 6.86 64.71 85.29
DELTA 88.13 6.90 96.58 98.72 82.20 7.29 66.67 90.12
Ours 88.15 6.88 97.99 100.0 82.38 7.33 65.34 89.77

" DeepSeek-R1:140 oo oo oo oo oo e
LLM + Sentence 86.32 6.75 95.88 98.45 79.65 6.86 57.58 78.79
LLM + Context 86.81 6.80 93.72 96.34 79.92 6.94 58.02 81.48
LLM + Doc2Doc - 6.91 93.91 96.95 - 7.26 68.26 91.62
DELTA 86.85 6.84 94.55 98.02 80.27 7.01 65.27 90.42
Ours 87.55 6.90 94.85 96.39 81.10 7.31 67.30 90.57

" DeepSeek-R1:320 oo oo oo oo
LLM + Sentence 86.75 6.78 94.33 96.91 80.40 6.91 52.35 71.76
LLM + Context 86.85 6.83 96.43 99.49 80.74 7.08 66.06 87.27
LLM + Doc2Doc - 6.90 95.92 98.47 - 7.32 58.43 80.72
DELTA 87.07 6.84 97.56 99.02 80.72 7.09 65.06 86.14
Ours 87.80 6.92 92.83 98.44 81.77 7.35 67.65 90.59

Table 8: Detailed results of our experiments in Xx = En directions.
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Setting sCOMET dCOMET LTCR-1 LTCR-1y

Baseline: Doc2Doc + Summary

Doc2Doc + Summary 77.81 3.37 68.60 85.99
+ Theme 77.97 3.38 74.02 80.39
+ Topics 77.73 3.34 66.99 82.04
+ Transition 77.92 3.40 77.56 84.39
+ Theme + Topics 77.88 3.36 68.29 87.32
+ Theme + Transition 78.25 3.38 76.85 81.77
+ Topics + Transition 77.94 3.35 72.33 81.07
+ Theme + Topics + Transition 78.31 341 74.63 87.80
777777777777777 Baseline: Doc2Doc + Proper Nouns
Doc2Doc + Proper Nouns 71.57 3.37 82.84 95.59
+ Theme 77.95 3.39 76.59 93.17
+ Topics 77.62 3.37 81.19 96.53
+ Transition 77.79 3.34 76.24 94.55
+ Theme + Topics 77.90 3.35 78.11 93.53
+ Theme + Transition 77.65 3.35 77.67 94.66
+ Topics + Transition 78.02 3.37 80.88 96.57
+ Theme + Topics + Transition 77.84 3.37 83.98 94.17
777777777777 Baseline: Doc2Doc + Summary + Proper Nouns
Doc2Doc + Summary + Proper Nouns 77.73 3.34 79.23 92.27
+ Theme 77.83 3.38 74.38 89.66
+ Topics 77.95 3.37 80.49 95.12
+ Transition 77.88 3.38 82.67 93.56
+ Theme + Topics 77.96 3.34 84.39 94.39
+ Theme + Transition 77.92 3.38 75.12 90.24
+ Topics + Transition 77.66 3.34 88.24 96.57
+ Theme + Topics + Transition 78.06 342 89.05 96.52

Table 9: Ablation study evaluating novel knowledges (Theme, Topics, Transition Hint) and prior knowledges
(Bilingual Summary, Proper Nouns) on Zh =- En document-level translation in the Guofeng dataset.
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