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Abstract

Machine translation has achieved remarkable
success at the sentence level, yet signifi-
cant challenges persist in generating coher-
ent and consistent translations across entire
documents. Document-level machine trans-
lation (DocMT) addresses these limitations
by incorporating inter-sentential context, en-
abling improvements in discourse coherence,
coreference resolution, and lexical consistency.
This survey presents a comprehensive overview
of the field, exploring the motivations and
challenges of DocMT, state-of-the-art mod-
eling approaches, and evaluation methodolo-
gies. We discuss recent advances, includ-
ing hierarchical attention networks, memory-
augmented systems, and pretrained language
models, alongside specialized datasets and
discourse-sensitive evaluation metrics. The
paper also identifies open problems, such as
data scarcity, evaluation limitations, and han-
dling long-range dependencies, and outlines
promising future directions, including multi-
modal DocMT and real-time translation sys-
tems. By synthesizing key research contribu-
tions, this survey provides a roadmap for ad-
vancing DocMT toward achieving human-level
translation quality.

1 Introduction

Machine Translation (MT) has long been a corner-
stone of natural language processing (NLP), facili-
tating cross-lingual communication in an increas-
ingly interconnected world. Over the years, ad-
vancements in neural machine translation (NMT)
have propelled the field, with state-of-the-art
systems achieving near-human performance in
sentence-level translation tasks for high-resource
languages. Despite these achievements, a signifi-
cant limitation persists: the inability of sentence-
level models to consider the broader context of a
document, leading to inconsistencies and inadequa-
cies in translation.

Sentence-level MT systems operate under the
assumption that each sentence can be translated
independently. While this approach simplifies the
translation process and yields impressive results
for isolated sentences, it disregards the contextual
dependencies critical for maintaining coherence
and consistency across documents. This shortcom-
ing becomes evident in discourse-level phenomena
such as:

* Coreference Resolution: Correctly translat-
ing pronouns (e.g., he, she, it) often requires
understanding the antecedents in preceding
sentences.

* Lexical Cohesion: Ensuring consistent termi-
nology usage throughout a document to main-
tain fluency and readability.

* Deixis and Ellipsis: Interpreting context-
dependent expressions and implied meanings
that rely on prior text.

* Discourse Coherence: Aligning sentences
to form a logically structured and cohesive
narrative.

Document-level machine translation (DocMT)
seeks to address these challenges by integrating
inter-sentential context into the translation process.
Unlike sentence-level MT, which is prone to local
inconsistencies and ambiguity, DocMT focuses on
global coherence and consistency, making it better
suited for translating long-form content such as
legal documents, technical manuals, and literary
works.

The motivation for DocMT is both theoretical
and practical. From a theoretical perspective, lin-
guistic elements like discourse markers, topic con-
tinuity, and pragmatic nuances demand contextual
understanding. Practically, human translators natu-
rally consider document context, producing transla-
tions that are coherent and consistent at the macro



level. Bridging this gap between human and ma-
chine translation is essential for applications where
context fidelity is critical.

Despite its potential, DocMT presents significant
challenges:

* Data Scarcity: The availability of parallel
corpora with document-level alignment is lim-
ited, especially for low-resource languages.

* Model Complexity: Capturing long-range
dependencies requires sophisticated architec-
tures and efficient handling of computational
overhead.

* Evaluation Limitations: Traditional metrics
like BLEU, designed for sentence-level evalu-
ation, fail to capture document-level phenom-
ena such as coherence and consistency.

Recent advances in the field have started address-
ing these issues. Context-aware NMT architec-
tures, pretrained models, and targeted evaluation
metrics have shown promise in improving DocMT
performance. However, many questions remain
unanswered, providing fertile ground for future re-
search.

This paper provides a comprehensive survey of
document-level machine translation, synthesizing
the state-of-the-art research and highlighting crit-
ical gaps and future directions. The remainder of
this paper is organized as follows:

* Section 2 delves into the problem state-
ment and motivations for transitioning from
sentence-level to document-level MT.

* Section 3 discusses the key challenges unique
to DocMT, including discourse phenomena,
data scarcity, and computational constraints.

* Section 4 reviews modeling approaches, rang-
ing from context-aware architectures to hier-
archical and retrieval-augmented models.

» Section 5 provides an overview of available
datasets, benchmarks, and evaluation proto-
cols, emphasizing the need for discourse-
sensitive metrics.

* Section 6 highlights recent advances and no-
table systems in DocMT, showcasing the
progress made and current state of the field.

* Section 7 identifies open problems and future
directions, exploring avenues for research and
innovation.

* Finally, Section 8 concludes the paper, sum-
marizing findings and emphasizing the signifi-
cance of DocMT in bridging the gap between
human and machine translation.

2 Motivation and Problem Statement

The need for document-level machine translation
(DocMT) arises from the inherent limitations of
sentence-level translation systems. While sentence-
level MT excels in processing individual sentences,
it fails to account for inter-sentential dependencies,
leading to errors in coherence, consistency, and
adequacy when translating longer texts.

2.1 Limitations of Sentence-Level MT

Sentence-level MT models operate under the as-
sumption that each sentence is independent, an ap-
proach that simplifies modeling but disregards the
interconnected nature of language in documents.
Some key limitations include:

* Ambiguity in Pronoun Resolution: Pro-
nouns such as he, she, it, and they often refer
to entities mentioned in previous sentences.
Without context, determining the correct an-
tecedent can lead to mistranslation.

Lexical Cohesion and Consistency:
Sentence-level models may translate the same
term differently across sentences, resulting in
a lack of cohesion.

Ellipsis and Deixis: Phrases with implied
meaning or context-dependent references are
often misinterpreted.

Discourse Coherence: Translations that lack
logical flow and narrative structure detract
from the readability of the text.

For example, consider the following text:

The company announced its quarterly
earnings yesterday. It reported a signifi-
cant increase in profits.

A sentence-level model might fail to link if to the
company, resulting in an incoherent or inaccurate
translation.



2.2 Motivations for Document-Level MT

Document-level MT aims to bridge the gap by in-
corporating inter-sentential context, addressing the
limitations of sentence-level models. The key mo-
tivations include:

e Improved Accuracy: Incorporating context
enables more accurate translations of ambigu-
ous terms and references.

* Enhanced Coherence: Capturing document-
level discourse improves the logical flow and
readability of translations.

* Consistency in Terminology: Context-aware
models ensure uniformity in translating recur-
ring terms and phrases.

¢ Alignment with Human Translation: Hu-
man translators naturally consider document-
level context, making DocMT a step toward
replicating human-like translation quality.

2.3 Formalizing the Problem
The task of document-level machine translation can
be formally defined as follows:

N

D:argmgxP(D|S,C;9), (1)

where S represents the source document, C' de-
notes the contextual information (e.g., preceding
and following sentences), D is the translated docu-
ment, and 6 are the model parameters. The objec-
tive is to generate a target document D that maxi-
mizes the conditional probability given the source
document S and context C.

Table 1 summarizes the key differences between
sentence-level and document-level MT.

In summary, DocMT represents a paradigm shift
in machine translation, addressing critical linguistic
and practical issues that arise in real-world appli-
cations. The next section explores the challenges
associated with implementing effective document-
level translation systems.

3 Key Challenges in Document-Level M T

Document-level machine translation (DocMT) in-
troduces several unique challenges that must be ad-
dressed to achieve effective translation across entire
documents. These challenges stem from the need
to handle complex linguistic phenomena, model
long-range dependencies, and evaluate outputs in a
way that captures document-level quality.

3.1 Discourse Phenomena

One of the most significant challenges in DocMT is
accurately translating discourse-level phenomena.
These include:

* Coreference Resolution: Correctly linking
pronouns or noun phrases to their antecedents
is crucial for coherence. For instance, trans-
lating "The team won their match. They cel-
ebrated with a dinner.” requires associating
"they" with "the team".

* Lexical Cohesion: Maintaining consistent
terminology across a document is essential,
especially in technical or formal texts.

* Ellipsis and Deixis: Handling omitted infor-
mation (ellipsis) or context-dependent expres-
sions (deixis) demands an understanding of
surrounding sentences.

* Discourse Markers: Translating conjunc-
tions and transitional phrases (e.g., however,
therefore) correctly ensures logical flow be-
tween sentences.

3.2 Sparse Training Data for Discourse

Document-aligned parallel corpora are scarce com-
pared to sentence-aligned datasets, particularly for
low-resource languages. Many available corpora
are noisy or domain-specific, limiting their general-
izability. This scarcity hinders the ability of models
to learn document-level dependencies effectively.

3.3 Modeling Long-Range Dependencies

Capturing dependencies that span multiple sen-
tences or paragraphs requires sophisticated archi-
tectures. Traditional NMT models struggle with
long-range context due to:

* Memory Constraints: Transformer models
have quadratic complexity with respect to in-
put length, making them inefficient for long
documents.

* Error Propagation: Errors in earlier transla-
tions can propagate, compounding inconsis-
tencies throughout the document.

» Attention Diffusion: As context length in-
creases, attention mechanisms may lose focus
on relevant parts of the input.



Aspect

‘ Sentence-Level MT | Document-Level MT

Context Consideration | None
Coherence Limited
Pronoun Resolution Ambiguous
Lexical Consistency Inconsistent

Incorporates inter-sentential context
Enhanced coherence across sentences
Resolves based on document context
Consistent terminology usage

Table 1: Comparison of Sentence-Level and Document-Level MT

3.4 Evaluation Metric Limitations

Traditional evaluation metrics like BLEU and ME-
TEOR focus on sentence-level n-gram overlaps,
failing to capture:

* Coherence: Logical flow and narrative con-
sistency across sentences.

* Pronoun Resolution and Consistency: Ac-
curate translation of references and uniform
terminology.

* Fluency: Human-like readability and stylistic
appropriateness across an entire document.

Developing metrics tailored to document-level phe-
nomena is an ongoing area of research.

3.5 Computational and Deployment
Constraints

Integrating document-level context in real-time
translation systems introduces significant computa-
tional challenges, including:

* Latency: Increased input length leads to
higher processing times, which may not be
feasible for real-time applications.

* Scalability: Managing large-scale document-
level translations for multiple language pairs
requires efficient use of resources.

In conclusion, while DocMT offers the potential
for significant improvements in translation quality,
overcoming these challenges requires innovative
modeling approaches, enhanced datasets, and re-
fined evaluation metrics. The next section explores
the modeling strategies developed to address these
challenges.

4 Modeling Approaches

Advancing document-level machine translation
(DocMT) requires innovative modeling approaches
that address the challenges of incorporating inter-
sentential context, managing long-range dependen-
cies, and preserving computational efficiency. This

section categorizes and details various modeling
paradigms for DocMT, highlighting their architec-
tures, mechanisms, and contributions to the field.

4.1 Concatenation-Based Methods

One of the simplest approaches to introduce con-
text in DocMT is concatenating multiple sentences
before feeding them to the model. This approach
treats a sequence of sentences as a single, long
input.

4.1.1 Single-Stream Concatenation

In this method, the current sentence and its context
(e.g., previous and subsequent sentences) are con-
catenated with delimiters and passed to the encoder.
Mathematically, the input can be represented as:

X = [x¢—1; [SEP]; x¢; [SEPT; X441]

where x; represents the tokens of the current sen-
tence, and [SEP] is a delimiter token.

Although straightforward, this method often re-
sults in performance degradation for longer con-
texts due to diluted attention over extended in-
put lengths. Studies like Tiedemann and Scherrer
(2017) have shown modest improvements using
this approach for tasks involving limited context.

4.1.2 Segmented Concatenation with
Hierarchical Encoding

To mitigate the issues of single-stream concatena-
tion, hierarchical encoding first processes sentences
individually and then aggregates their representa-
tions. This is often implemented using hierarchical
attention mechanisms.

4.2 Multi-Encoder Architectures

Multi-encoder architectures leverage separate en-
coders for the current sentence and its context,
merging their outputs for translation.

4.2.1 Parallel Encoding
Each sentence in the context is encoded indepen-

dently using separate encoders:

H; = Encoder(x;), H; 1 = Encoder(x;_1)



Feature ‘ Single-Stream ‘ Hierarchical
Context Handling Linear Structured
Scalability to Long Contexts Limited Better
Computational Complexity Low Moderate

Table 2: Comparison of Single-Stream and Hierarchical Concatenation Methods

These representations are combined using attention
or gating mechanisms during decoding:

z=o H;+(1-a) -Hy,

where « is a learned weight.

4.2.2 Sequential Encoding

In sequential encoding, context is processed itera-
tively to capture dependencies:

H; = Encoder(H;_1,x;)

This approach captures cumulative context but at
the cost of increased computational complexity.

4.3 Hierarchical Attention Networks (HANS)

Hierarchical Attention Networks (HANSs) extend
multi-encoder architectures by employing multi-
level attention. Sentence-level representations are
aggregated into a document-level representation
using:

exp(u; v)

Haoe = Zﬁi ‘Hi, fbi==——"=F=

p > j eXp(uj v)
where [3; is the attention weight for sentence ¢, and
v is a learned context vector.

HANSs have been particularly effective for cap-
turing inter-sentential dependencies in tasks like
anaphora resolution and lexical cohesion (Miculi-
cich and et al., 2018).

4.4 Graph-Based Models

Graph-based models represent documents as
graphs, where nodes correspond to sentences or
phrases and edges capture relationships such as
coreference, discourse relations, or lexical connec-
tions. Graph Convolutional Networks (GCNs) are
commonly employed in these models.

4.4.1 Discourse Graph Construction

Nodes are initialized with sentence embeddings,
while edges represent discourse links derived from

rhetorical structure theory (RST) or linguistic an-
notations. The graph is updated iteratively:

(+1) _ 1)
H W =0c|W > H’+b
JEN ()
where N (i) denotes the neighbors of node 7, and
‘W, b are trainable parameters.

4.4.2 Graph Attention Networks (GATsSs)

Attention mechanisms can be integrated into GCN's

to assign importance to different nodes:

 exp(LeakyReLU(a” [H;||H])))
> ken(i) exp(LeakyReLU(a T [H; || Hy]))

Oéij

4.5 Memory-Augmented Models

Memory-augmented models maintain an external
memory to store representations of previous transla-
tions, dynamically retrieving relevant information
during decoding. For instance:

m,; = RetrieveMemory(M;_1, q;)

where M;_ is the memory at time ¢ — 1, and q; is
the query vector derived from the decoder state.
4.5.1 Cache-Based Approaches

Cache-based methods update memory in real-time
to ensure consistent terminology usage:

M; =M,;_; U{H;}

4.6 Pretrained Language Models

Pretrained models like BERT, mBART, and GPT
have been fine-tuned for DocMT, leveraging their
contextual embeddings to capture document-level
dependencies.

4.6.1 Fine-Tuning for DocMT

Pretrained models are adapted by adding task-
specific heads or objectives:

ﬁ == ﬁMT + )\ : Econtext

where Lconext €nforces consistency across sen-
tences.



Approach Strengths Weaknesses Complexity
Concatenation-Based Simple, low cost Limited to short contexts Low Multi-Encoder
Flexible, modular Requires multiple encoders Moderate

Hierarchical Attention | Effective for structured dependencies High computational cost High
Graph-Based Captures discourse relations Dependency on graph structure High
Memory-Augmented Consistent terminology usage Requires efficient memory management Moderate
Pretrained Models Rich contextual embeddings High resource requirements High

Table 3: Comparison of Modeling Approaches for DocMT

4.7 Comparison of Approaches

5 Datasets and Benchmarks

The development and evaluation of document-level
machine translation (DocMT) systems rely heav-
ily on the availability of high-quality datasets and
robust benchmarks. These resources enable re-
searchers to train context-aware models, evaluate
their performance, and address specific document-
level challenges such as coherence, coreference,
and consistency.

5.1 Document-Aligned Parallel Corpora

Document-aligned parallel corpora form the back-
bone of DocMT research, providing sentence pairs
aligned at the document level. Some widely used
datasets include:

* Europarl: A collection of European Par-
liament proceedings, available in multiple
languages. While initially sentence-aligned,
efforts have restructured it into document-
aligned versions to support DocMT tasks.

* OpenSubtitles: Contains subtitles from
movies and TV shows, offering informal and
conversational text across various languages.
Its short, context-rich sentences make it suit-
able for studying intra-document phenomena.

* News Commentary: A dataset of aligned
news articles, ideal for analyzing document-
level features in formal text.

* TED Talks: Contains transcripts of TED
Talks in multiple languages, offering diverse
topics and consistent document structure.

* JRC-Acquis: A legal corpus from European
Union documents, valuable for studying con-
sistency and terminology in formal contexts.

Despite their utility, these datasets often have
limitations, such as noise, domain specificity, and
varying lengths of documents, which can affect
their suitability for certain DocMT tasks.

5.2 Specialized Datasets for Document-Level
Phenomena

Several datasets have been developed to address
specific document-level challenges, including:

* ContraPro: A dataset designed for evaluating
pronoun translation in context. It provides
contrastive test sets where one translation is
correct and others contain deliberate errors.

* MuST-Cinema: Focuses on subtitle trans-
lation, emphasizing coherence and speaker
consistency.

* BWB: The Bilingual Book Worms dataset,
which aligns literary texts across languages,
is annotated for coreference and discourse re-
lations.

* M3T: A multi-modal dataset combining tex-
tual and visual content, enabling studies on
multi-modal DocMT.

These specialized datasets allow targeted evalua-
tion of discourse phenomena, offering insights into
model capabilities beyond BLEU scores.

5.3 Evaluation Benchmarks and Metrics

Evaluation metrics play a crucial role in assess-
ing the quality of DocMT systems. While tradi-
tional metrics like BLEU, METEOR, and TER
remain popular, they have limitations in capturing
document-level phenomena. Recent efforts have
introduced tailored benchmarks and metrics:

* BLEU and Document-Level BLEU: Tra-
ditional BLEU scores are computed at the
sentence level, but document-level BLEU ag-
gregates n-gram overlaps across entire docu-
ments, offering a more holistic view.

* COMET: A model-based metric that incorpo-
rates linguistic features, capable of evaluating
coherence and fluency.



* Contrastive Test Suites: Datasets like Con-
traPro use contrastive examples to evaluate
specific phenomena, such as pronoun resolu-
tion or lexical consistency.

* Human Evaluation: Human judgments re-
main the gold standard, often conducted using
Multi-dimensional Quality Metrics (MQM)
frameworks to assess fluency, coherence, and
adequacy.

5.4 Challenges in Dataset Development

Creating datasets for DocMT involves unique chal-
lenges:

* Data Scarcity: Document-aligned corpora
are relatively scarce compared to sentence-
aligned datasets, especially for low-resource
languages.

* Noisy Alignments: Many document-level
corpora are automatically aligned, introducing
errors that can affect model performance.

* Diversity: Ensuring diversity in topics, do-
mains, and languages is critical to building
robust DocMT systems.

Efforts to address these challenges include min-
ing document-level alignments from web resources,
as demonstrated by ParaCrawl, and constructing
synthetic datasets through back-translation or data
augmentation.

In summary, datasets and benchmarks are foun-
dational to advancing DocMT research. While ex-
isting resources provide a strong starting point, on-
going efforts to create high-quality, diverse, and
specialized datasets will be essential for tackling
the complexities of document-level translation.
The next section explores the recent advances and
notable systems that have leveraged these resources
to push the boundaries of DocMT.

6 Recent Advances and Notable Systems

Prior work on document-level MT may be grouped
into several strands. Early methods extended sen-
tence models with context from adjacent sentences
via multi-encoder or concatenation strategies (Jean
etal., 2017; Wang et al., 2017a). Hierarchical atten-
tion networks condition translation on both word-
and sentence-level encodings to capture structured
context (Miculicich et al., 2018). Cache-based ap-
proaches store recently translated words or topical

words in dynamic and topic caches to model co-
herence (Kuang et al., 2017; Tong et al., 2020).
Continuous cache methods leverage a light-weight
history memory to adapt translations on the fly (Tu
et al., 2018). More recently, unified context mod-
els explicitly encode both local sentence context
and global document context in Transformer archi-
tectures (Ohtani et al., 2019). Large-scale surveys
have summarized these approaches and highlighted
persistent gaps in modelling and evaluation (Maruf
et al., 2021).

Wang et al. (2025) focuses on treating document-
level MT as a sequential translation task. They
translate each sentence individually in a sequence,
while maintaining a persistent memory, which is
updated after the translation of each sentence. Sim-
ilarly, Hu and Wan (2023) explore the inherent
discourse structure present in documents by utiliz-
ing the paragraph as the discourse boundary. Both
these approaches use heuristic rules to decide dis-
course boundaries, which are difficult to align with
the idea of discourse segmentation for the task of
translation.

Ideally, a discourse segmentation strategy should
ensure that each discourse unit is self-contained
for handling intra-discourse phenomena, such as
pronoun resolution and verb tense consistency, uti-
lizing its own context. Simultaneously, it should
facilitate the handling of inter-discourse phenom-
ena, like entity co-reference and lexical cohesion,
by leveraging context from related discourse units.
Further, most memory or cache-based document-
level MT systems discussed above treat context
as a flat or heuristic aggregation of preceding sen-
tences, failing to model fine-grained dependencies
between discourse units (Bawden et al., 2018; Voita
etal., 2018, 2019).

Document-Level MT Approaches: Document-
to-Sentence (Doc2Sent) methods (Wang et al.,
2017b; Miculicich et al., 2018; Guo and Nguyen,
2020) incorporate contextual signals from neigh-
boring sentences to enhance translation quality but
often treat sentences as isolated units during gen-
eration. This results in fragmented discourse and
missed target-side cues, as highlighted by Mino
et al. (2020); Jin et al. (2023). On the other hand,
Document-to-Document (Doc2Doc) approaches
(Wu et al., 2023; Wang et al., 2023; Pang et al.,
2025) jointly model multiple sentences, capturing
long-range dependencies and improving discourse
coherence. However, these approaches often face
challenges with ultra-long documents, such as con-



tent omissions and scalability limitations. Recent
advances leverage large language models (LLMs)
for document-level MT, as demonstrated by Wang
et al. (2023); Wu et al. (2024); Li et al. (2025).
These models process long contexts to generate
more coherent translations and address discourse-
level phenomena.

Agentic Frameworks with LLMs: Agentic
systems utilize autonomous LLMs to decompose
complex tasks into specialized subtasks. Multi-
agent architectures, such as ExpeL. (Zhao et al.,
2024) and DELTA (Wang et al., 2025), employ
mechanisms like retrieval, iterative refinement, and
multi-level memory to enhance task performance
and ensure consistency. Related work (Park et al.,
2023; Zhang et al., 2024; Qian et al., 2025; Madaan
et al., 2023; Koneru et al., 2024; Guo et al., 2024)
explores agentic paradigms for maintaining long-
context memory, refining outputs, and addressing
discourse-level challenges. These frameworks of-
ten draw upon discourse theories Grosz and Sidner
(1986); Mann and Thompson (1988) for segment-
ing and maintaining text coherence.

The field of document-level machine translation
(DocMT) has witnessed significant progress in re-
cent years, driven by advancements in neural archi-
tectures, the integration of pretraining strategies,
enhanced evaluation methodologies, and the avail-
ability of specialized datasets. These developments
address key challenges in capturing discourse-level
phenomena, modeling long-range dependencies,
and achieving computational efficiency while main-
taining translation quality. This section delves into
recent innovations and highlights notable systems
that have shaped the current state of DocMT.

6.1 Advancements in Neural Architectures

Traditional sentence-level models struggle to incor-
porate contextual information effectively, motivat-
ing the development of specialized architectures for
DocMT. Recent innovations in neural architectures
include:

6.1.1 Hierarchical Attention Networks
(HANSs)

Hierarchical Attention Networks (HANSs) operate
on two levels: they encode individual sentences
and aggregate these sentence representations using
higher-level attention mechanisms. By attending to
relevant context at both the sentence and document
levels, HANSs effectively model inter-sentential de-
pendencies, improving coherence and cohesion.

For example, Miculicich and et al. (2018) demon-
strated that HANS significantly improve pronoun
resolution and lexical consistency in multi-sentence
documents.

6.1.2 Graph Neural Networks (GNNs)

Graph-based methods represent documents as
graphs, where nodes correspond to sentences or
phrases and edges capture relationships such as
coreference or discourse connections. Systems
like Disco2NMT (Zhang and et al., 2022) utilize
Graph Convolutional Networks (GCNs) to propa-
gate contextual information across the graph struc-
ture. This approach enhances the model’s ability to
understand complex discourse phenomena, such as
rhetorical relations and topic continuity.

6.1.3 Gated Architectures

G-Transformers incorporate gating mechanisms to
regulate the flow of contextual information during
encoding and decoding. This selective attention to
context ensures that irrelevant information does not
overwhelm the translation process, leading to im-
proved focus and computational efficiency. Recent
experiments with gated architectures have shown
significant gains in tasks requiring long-range de-
pendency modeling.

6.2 Integration of Pretrained Language
Models

Pretrained language models (PLMs) have been in-
strumental in advancing DocMT, leveraging their
ability to encode rich contextual information. Key
contributions include:

6.2.1 mBART and mT5

Multilingual pretrained models such as mBART
and mT5 incorporate document-level context dur-
ing pretraining. These models use denoising ob-
jectives that extend across sentences, enabling
them to generalize effectively across languages
and domains. Fine-tuning these PLMs for DocMT
tasks has demonstrated improvements in discourse-
sensitive phenomena, including coreference resolu-
tion and lexical cohesion.

6.2.2 GPT-Based Approaches

GPT models, especially GPT-3 and GPT-4, have
been fine-tuned for DocMT, leveraging their gen-
erative capabilities and contextual understanding.
Few-shot approaches with GPT have been partic-
ularly effective, where in-context learning allows



the model to adapt to document-level nuances with-
out extensive retraining. Studies by Cui and et al.
(2024) highlight the potential of GPT models in
maintaining coherence across translations.

6.2.3 ParaFormer

ParaFormer is a specialized pretrained model de-
signed for paragraph-level context. By training on
larger contextual windows, ParaFormer effectively
models long-range dependencies, making it par-
ticularly suitable for translating formal documents
such as legal texts and research papers.

6.3 Innovative Evaluation Methodologies

The limitations of traditional metrics like BLEU
have spurred the development of novel evaluation
methodologies tailored for DocMT:

6.3.1 Contrastive Evaluation Sets

Datasets such as ContraPro evaluate models’ ability
to handle specific discourse phenomena, including
pronoun resolution and lexical consistency. These
datasets present contrastive examples where mod-
els must distinguish between correct and incorrect
translations, providing targeted insights into their
contextual understanding.

6.3.2 Model-Based Metrics

Metrics like COMET and BLEURT incorporate
features from pretrained models, offering a more
nuanced evaluation of fluency, coherence, and ade-
quacy. These metrics have shown better correlation
with human judgments, making them valuable tools
for assessing document-level translation quality.

6.3.3 Human Evaluation Frameworks

Human evaluations remain indispensable for
DocMT, particularly for assessing document-level
fluency and consistency. Protocols such as the
Multi-dimensional Quality Metrics (MQM) frame-
work have been extended to include document-
specific criteria, offering a comprehensive assess-
ment of translation quality.

6.4 Notable DocMT Systems

Several state-of-the-art systems have emerged, in-
tegrating advancements in architecture, pretraining,
and evaluation:

6.4.1 DiscoTransformer

DiscoTransformer combines hierarchical attention
with discourse parsing to enhance inter-sentential

context modeling. By leveraging discourse rela-
tions explicitly, this system achieves improvements
in coherence and fluency.

6.4.2 Doc2NMT

Doc2NMT employs a multi-encoder architecture
that processes sentences and their surrounding con-
text independently before merging the represen-
tations using gating mechanisms. This modular
approach ensures flexibility and robustness across
diverse document types.

6.4.3 Dynamic Memory Models

Inspired by traditional translation memories, dy-
namic memory models maintain a cache of previ-
ously translated sentences, which can be retrieved
during decoding. This mechanism supports con-
sistent terminology usage and resolves ambiguities
across documents.

6.4.4 Hierarchical Transformers

Hierarchical Transformers extend standard Trans-
formers with an additional layer of attention ded-
icated to inter-sentential context. These models
have been particularly effective in tasks requiring
global document understanding, such as literary
translation and technical documentation.

6.5 Emerging Trends and Future Directions

Recent research has also explored emerging areas
such as:

* Multi-Modal Translation: Systems like
M3T integrate textual and visual data, en-
abling richer contextual understanding for
tasks involving images and videos.

* Low-Resource DocMT: Techniques such as
unsupervised pretraining and synthetic data
generation address the scarcity of document-
aligned corpora for low-resource languages.

* Real-Time DocMT: Advances in computa-
tional efficiency, including sparse attention
mechanisms and on-the-fly context retrieval,
are paving the way for real-time document
translation systems.

7 Open Problems and Future Directions

Despite significant advancements in document-
level machine translation (DocMT), several open
problems persist. Addressing these challenges
requires interdisciplinary innovation, integration



of novel methodologies, and development of new
benchmarks. This section outlines key open prob-
lems and identifies promising future directions for
DocMT.

7.1 Discourse Representation and Modeling

Effective document translation requires accurate
representation and modeling of discourse phenom-
ena, yet many challenges remain:

7.1.1 Capturing Implicit Discourse Relations

Current models struggle with implicit discourse
relations (e.g., causal or temporal connections)
that are not explicitly signaled by discourse mark-
ers. Advanced models incorporating explicit dis-
course parsers or leveraging discourse theories
(e.g., Rhetorical Structure Theory) may help bridge
this gap.

7.1.2 Fine-Grained Contextual Dependencies

Modeling fine-grained dependencies, such as long-
range anaphora or topic shifts, remains difficult.
Future research could explore hierarchical repre-
sentations combined with fine-grained attention
mechanisms to capture nuanced inter-sentential re-
lationships.

7.2 Evaluation Limitations and New Metrics

Traditional evaluation metrics, such as BLEU, fail
to capture document-level phenomena, underscor-
ing the need for robust evaluation frameworks:

7.2.1 Discourse-Sensitive Metrics

Metrics that directly measure coherence, cohesion,
and consistency at the document level are still un-
derdeveloped. For example, embedding-based met-
rics like COMET or BLEURT could be extended
with discourse-specific objectives.

7.2.2 Human-Centric Evaluation Protocols

Human evaluations are the gold standard for trans-
lation quality but are often time-intensive and sub-
jective. Developing semi-automated evaluation
frameworks that combine human judgments with
model-based metrics could enhance reliability and
scalability.

7.3 Data Scarcity and Low-Resource
Scenarios

The scarcity of document-aligned parallel corpora,
especially for low-resource languages, poses sig-
nificant challenges:
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7.3.1 Synthetic Data Generation

Techniques such as back-translation, paraphrasing,
and monolingual data augmentation offer potential
solutions for expanding document-level datasets.
Leveraging pretrained language models to gener-
ate pseudo-parallel corpora can help address data
scarcity.

7.3.2 Unsupervised and Semi-Supervised
Learning

Unsupervised and semi-supervised learning
paradigms hold promise for low-resource DocMT.
Future research could explore cross-lingual
transfer learning, where high-resource language
pairs inform the training of low-resource models.

7.4 Handling Long-Range Dependencies

Capturing long-range dependencies remains a criti-
cal bottleneck in DocMT:

7.4.1 Efficient Architectures for Long
Contexts

Transformers with full attention mechanisms strug-
gle with computational efficiency for long docu-
ments. Sparse attention models, such as Long-
former or BigBird, and segment-level approaches
like Transformer-XL, could offer practical solu-
tions.

7.4.2 Memory-Augmented Models

Dynamic memory models that store representations
of previously translated sentences or phrases can
help manage long-range dependencies. Further re-
search into efficient memory retrieval mechanisms
is needed to optimize these systems.

7.5 Incorporating Multi-Modality

Translation tasks often involve multimodal inputs,
such as text paired with images or audio. Integrat-
ing multimodal context into DocMT could improve
translation quality:

7.5.1 Text-Image Translation

Incorporating visual context, such as diagrams or
images accompanying text, could provide addi-
tional cues for ambiguous phrases. Benchmarks
like M3T could guide the development of text-
image DocMT systems.

7.5.2 Speech and Video Translation

Expanding DocMT to include speech or video data
introduces new challenges in modeling temporal
and contextual information across modalities. Joint



embeddings for audio, text, and visual content
could enable richer contextual understanding.

7.6 Real-Time Document Translation

Real-time document translation is essential for ap-
plications like live subtitling or dynamic web con-
tent translation:

7.6.1 Balancing Speed and Quality

Optimizing computational efficiency while main-
taining high translation quality is a critical chal-
lenge. Lightweight architectures, approximate in-
ference techniques, and incremental translation
methods could be explored.

7.6.2 Progressive Document Translation

Progressive translation, where translations are re-
fined iteratively as more context becomes available,
could strike a balance between real-time processing
and global coherence.

7.7 Addressing Ethical Concerns and Biases

As DocMT systems become more integrated into
real-world applications, ethical considerations and
biases need to be addressed:

7.7.1

Biases in training data, such as gendered transla-
tions or cultural insensitivity, can propagate into
machine-generated translations. Future research
should focus on creating balanced datasets and im-
plementing fairness-aware training objectives.

Mitigating Linguistic Biases

7.7.2 Transparency and Explainability

Providing interpretable outputs, such as visualizing
attention weights or explaining model decisions,
could enhance trust in DocMT systems. Explain-
ability is particularly critical in applications involv-
ing sensitive or high-stakes content.

7.8 Future Directions

Based on the identified challenges, the following
directions offer promising avenues for advancing
DocMT:

* Cross-Disciplinary Integration: Leveraging
insights from computational linguistics, cog-
nitive science, and multimodal learning to en-
hance discourse understanding and context
modeling.

* Robust Low-Resource Strategies: Extend-
ing transfer learning, data augmentation, and
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unsupervised approaches to handle diverse
and low-resource languages effectively.

* Personalized Document Translation: Devel-
oping systems that adapt translations based
on user preferences, domain knowledge, or
stylistic requirements.

* End-to-End Multimodal DocMT: Building
unified models that jointly process textual, vi-
sual, and auditory inputs, paving the way for
more holistic translation systems.

8 Conclusion

Document-level machine translation (DocMT) rep-
resents a significant leap forward in bridging the
gap between machine-generated translations and
human-quality outputs. By incorporating inter-
sentential context, DocMT addresses fundamental
challenges in discourse coherence, coreference res-
olution, lexical consistency, and long-range depen-
dency modeling. Recent advancements, including
hierarchical architectures, memory-augmented sys-
tems, and pretrained language models, have demon-
strated the potential to achieve higher-quality trans-
lations that align closely with human expectations.

Despite these advancements, substantial chal-
lenges remain. The scarcity of document-aligned
parallel corpora, the limitations of existing evalu-
ation metrics, and the computational overhead of
handling long-range dependencies are ongoing bar-
riers to progress. Additionally, expanding DocMT
to encompass low-resource languages, real-time
applications, and multimodal inputs requires inno-
vative solutions and interdisciplinary collaboration.

This survey highlights the current state of
DocMT, synthesizing research across datasets,
benchmarks, architectures, and evaluation methods.
By identifying open problems and proposing future
directions, we aim to provide a roadmap for advanc-
ing the field. As DocMT continues to evolve, its
success will not only enhance machine translation
quality but also contribute to broader advancements
in natural language processing, cross-lingual under-
standing, and global communication.
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