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Traditional machine translation (MT) systems and even Large Language Models (LLMs) often face sig-
nificant challenges with complex language structures, stemming from a limited understanding of intricate
syntactic dependencies and subtle semantic nuances. While LLMs possess powerful generative capabilities,
their over-reliance on surface-level patterns can lead to suboptimal translations for complex sentences. To
addpress this, we propose a novel framework, Structured Linguistic Augmentation (SLA), designed to en-
rich LLMs with a deep and explicit understanding of linguistic structures. The SLA framework integrates
three synergistic components: (1) Contextual Linguistic Dependency Graph Construction and Pre-training
(CLDG-PT), which injects fine-grained syntactic knowledge into the LLM; (2) Common Sense-Driven Re-
lational Augmentation (CSRA), which externalizes the LLM's implicit knowledge to identify high-level se-
mantic relations, and (3) Latent Structural Relation Discovery (LSRD), which uncovers subtle, implicit
connections between linguistic components via a self-supervised objective. We conduct comprehensive ex-
periments on the general-domain WMT En-De dataset and a new, challenging CS-Trans dataset curated
with complex sentences. Evaluations show that SLA significantly improves both the fluency and accuracy
of complex sentence translation. Notably, on the CS-Trans test set, our model achieves a COMET score
of 75.0, substantially outperforming a strong fine-tuned LLM baseline (70.0) and demonstrating superior
linguistic comprehension. These results, along with strong performance on logical reasoning translation

tasks, validate SLA's effectiveness in enhancing LLMs for high-fidelity complex machine translation.

Povzetek:

1 Introduction

The rapid proliferation of digital content and global com-
munication platforms has fundamentally reshaped expert
interaction, underscoring the critical role of Machine Trans-
lation (MT) in bridging linguistic divides [1]. In this era
of unprecedented linguistic diversity, MT systems have
emerged as indispensable tools, diligently processing vast
amounts of text to facilitate cross-lingual communication
and information access [2]. These systems have become a
cornerstone of modern global decision support, playing a
pivotal role in various industries, from international com-
merce and media streaming to scientific collaboration and
diplomatic relations [3, 4].

Despite their undeniable advancements and pervasive in-
tegration into daily life, MT systems face formidable chal-
lenges, particularly when confronting the inherent com-
plexities of natural language [5]. Early rule-based MT
(RBMT) systems, as detailed by Brown et al. [6], demon-
strated significant limitations in handling linguistic vari-
ability and ambiguity. Subsequently, statistical MT (SMT)
approaches, analyzed by Lee et al. [7], often exhibited de-
ficiencies in capturing deep syntactic structures and long-
range dependencies, leading to translations that, as ob-

served by Chen et al. [8], frequently appeared unnatural or
inaccurate for nuanced sentences. Pervasive issues include
difficulties with resolving syntactic ambiguity, a persistent
problem highlighted by Wang et al. [9], and effectively han-
dling long-range dependencies, which Johnson et al. [10]
extensively investigated. Furthermore, the faithful rendi-
tion of idiomatic expressions and subtle pragmatic nuances
remains a significant hurdle, as highlighted by Taylor et al.
[11].

Understanding and adapting to the dynamic and intri-
cate nature of complex language structures is paramount
in achieving high-quality translation [12, 13]. Expert lin-
guistic comprehension is not static; it continuously evolves
in response to new communication contexts and nuanced
expressions [14]. Researchers like Jones et al. [15] em-
phasized that conventional MT methods often overlook dy-
namic linguistic patterns due to evolving semantic relation-
ships, causing issues like mistranslations in contextually
sensitive scenarios. Similarly, Miller et al. [16] demon-
strated that advanced deep learning models are needed to ef-
fectively classify evolving linguistic variants in online text,
outperforming conventional approaches. Consequently,
there is a pressing need for advanced methodologies that
can not only translate complex language but also dynami-
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cally disentangle genuine linguistic drivers from confound-
ing surface-level variations, ensuring that translations truly
foster long-term communicative satisfaction.

The advent of Large Language Models (LLMs) presents
a compelling paradigm for addressing these intricate chal-
lenges. The introduction of the Transformer architecture
by Vaswani et al. [17, 18, 19] became foundational for
LLMs, enabling powerful representation learning. Subse-
quently, Brown et al. [20] showcased the emergent few-
shot learning abilities of massive LLMs, while Lee et al.
[21] demonstrated how LLMs could effectively optimize
sequential text generation strategies, significantly improv-
ing translation quality. Further advancements by Chen et al.
[22] have shown LLMs’ remarkable ability to manage high-
dimensional lexical and syntactic spaces, adapting to evolv-
ing linguistic environments and learning optimal text gen-
eration policies through continuous interaction [23]. The
broad applicability and accessibility of LLMs were further
expanded by Wolf et al. [24], who presented a comprehen-
sive library, and by Touvron et al. [25], who introduced
open-source LLMs. These developments make LL.Ms par-
ticularly suitable for the complex, dynamic, and partially
observable nature of natural language translation.

However, directly applying LLMs to complex MT tasks
often presents unique hurdles. Liu et al. [26] noted that
despite their capabilities, LLMs’ direct application to MT
can yield suboptimal performance for structurally complex
inputs. Geng etal. [27] demonstrated that while LLMs gen-
erate fluent text, they may still misinterpret deep semantic
relationships. Zhao et al. [28] observed that existing LLMs,
despite their large scale, often lack explicit mechanisms for
robust structural understanding in translation. The chal-
lenge of maintaining semantic consistency across lexically
diverse contexts, as revealed by Hou et al. [29] and Li et
al. [30], further exposes deficiencies in LLMs’ ability to
consistently map synonymous concepts. Yang et al. [31]
discussed the over-reliance of LLMs on surface-level pat-
terns, leading to errors in structurally complex MT. Fun-
damentally, the implicit knowledge within LLMs may be
insufficient for all nuanced linguistic complexities required
for high-quality MT, as highlighted by Whang et al. [32].

To overcome these limitations and unlock the full po-
tential of LLMs for debiased, structurally aware transla-
tion, this paper proposes a novel framework, Structured
Linguistic Augmentation (SLA). Drawing inspiration from
knowledge-enhanced methods in related NLP tasks, SLA
is designed to explicitly model the underlying mechanisms
of complex language generation and interpretation. Our
method integrates linguistic graph models to explicitly rep-
resent dependency relationships, leverages common sense
to identify semantic connections, and employs latent dis-
covery methods to uncover subtle, implicit structural links.
By optimizing a multi-faceted objective within this dis-
entangled framework, SLA aims to generate translations
aligned with true linguistic intent, ensuring long-term com-
municative fidelity. The framework also incorporates so-
phisticated techniques from structured learning, to ensure
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stable and reliable learning from diverse linguistic datasets
without requiring costly or risky manual feature engineer-
ing. The research objectives are:

1.To design and implement a novel framework, Struc-
tured Linguistic Augmentation (SLA), that explicitly en-
hances LLMs with multi-faceted linguistic knowledge—
spanning syntactic, semantic, and latent structures—to im-
prove the translation of complex sentences.

2.To empirically validate that this explicit structural aug-
mentation leads to superior translation quality compared
to standard LLM-based approaches that rely on implicit
knowledge.

3.To analyze and quantify the individual contributions of
different types of structural knowledge to understand which
facets are most critical for resolving linguistic complexity
in translation.

2 Machine translation

2.1 Evolution of machine translation
paradigms

Machine Translation (MT), a core sub-field of natural lan-
guage processing (NLP), seeks to translate speech or text
from a source language to a target language automatically,
and with complete faithfulness to its semantic content,
stylistic differences, and original intention. MT has been
driven by various dominant paradigms. There were earlier
iterations, which included Rule-Based Machine Transla-
tion (RBMT) systems carefully constructed on massive lin-
guistic rules, extensive dictionaries, and intricate grammat-
ical forms painstakingly created by expert experts. While
RBMT delivered high transparency and good control over
translation quality in pre-specified domains, its inherent de-
pendence on handcrafted rule generation rendered its build-
ing troublesome and generally rendered it powerless when
faced with the widespread ambiguity and heterogeneity of
natural language textual information [33].

The availability of large parallel corpora facilitated the
introduction of Statistical Machine Translation (SMT).
SMT models were coded to predict translation probabili-
ties by analyzing vast numbers of aligned text segments.
Conventional SMT methods, such as phrase-based SMT,
involved segmenting source sentences into small-sized unit
phrases and then using sophisticated statistical models to
arrive at the optimal sequence of translations. This ap-
proach greatly enhanced the fluency and robustness of ma-
chine translations compared to its rule-based predecessors.
SMT did have, however, usually exhibit shortcomings in
handling long-distance dependencies in sentences appro-
priately and producing grammatically correct outputs con-
sistently, largely due to its localized view of phrase-level
equivalence rather than deeper linguistic structural knowl-
edge.
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2.2 Inherent challenges in translating
complex language structures

While NMT and related technologies have progressed by
leaps and bounds, the translation of complex sentence struc-
tures continues to pose a daunting challenge for machine
translation algorithms. The reasons are rooted in the multi-
faceted meaning of the complex sentences, non-literal sen-
tence constructions, as well as deep grammatical interde-
pendencies.

A native difficulty in syntactic and semantic ambiguity
exists. A single complex sentence can provide more than
one syntactic reading, enabling the possible misperceptions
by the translation model in regard to part-of-speech roles
and word-to-word relationships, thereby generating incor-
rect translations. Also, comprehension of deeper seman-
tic connections, like anaphora resolution or selection of the
appropriate polysemous word senses, demands the model
to move beyond superficial text examination and conduct
a deeper contextual comprehension [34]. Another major
hindrance is the issue of long-distance dependency. Infor-
mation essential for proper translation of a particular word
or phrase in complex sentence structures can be placed far
from its local context. This highly tests the model’s capac-
ity for maintaining contextual coherence, a challenge es-
pecially severe in free word order languages or those with
high anaphoric reference.

Finally, there usually is profound structural divergence
between source and target languages. When the two lan-
guages’ syntactic structures differ significantly (e.g., En-
glish Subject-Verb-Object vs. Japanese Subject-Object-
Verb), a word-for-word translation is not sufficient for high-
quality translation [37]. In these situations, MT models
must perform advanced rewording and structure conversion
in order to generate natural and grammatically correct trans-
lations. All these intricacies combined have a tendency
to produce translated output that, while perhaps grammat-
ically correct, may either lack the refined nuances, coher-
ence, or naturalness demanded of expert-level translation,
particularly for extremely intricate sentences.

2.3 The role of large language models in
machine translation

The advent of Large Language Models (LLMs) that have
their huge parameter sizes (typically in the scale of bil-
lions) and their gigantic pre-training over gigantic amounts
of text data has revolutionized the machine translation field
in a fundamental way. LLMs exhibit a whole range of re-
markable abilities that position them very well for transla-
tion work. Their exemplary generative capability enables
them to generate readable and contextually relevant text,
naturally best for sequence-to-sequence operations such as
translation. Through their lengthier pre-training, LLMs
acquire indirectly an immense body of world knowledge
and common sense, beneficial especially for disambigua-
tion and in producing semantically more enhanced transla-
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tions. Besides, LLMs demonstrate an exceptional ability
to understand deep semantic relation between words and
phrases, a vital parameter for sustaining the fidelity of trans-
lated meaning.

LLMs are becoming increasingly applied in MT
pipelines, either by fine-tuning on parallel corpora or more
recently and generally by way of a variety of prompt engi-
neering techniques. The techniques attempt to obtain high-
quality translations from pre-trained LLMs without exten-
sive re-training. Prompting techniques differ. Zero-shot
prompting instructs the LLM to translate directly with no
in-context examples given, only relying upon the model’s
built-in, generalized translation capability acquired during
pre-training. This approach serves as a baseline to gauge an
LLM’s inductive knowledge for a particular language pair.
Less often, few-shot prompting (also known as in-context
learning) involves providing the LLM with a limited set of
source-target language translation examples as part of the
input prompt, before the target sentence to translate. Even
in the case where these examples are not necessarily seman-
tically directly related to the target sentence, they serve as
contextual pointers, pointing the model towards translating
tendencies and stylistic variations, which generally leads
to higher performance [35]. A more advanced approach,
fragment-shot prompting, is a targeted few-shot approach
in which the sentence to translate is segmented into succes-
sive word strings, or “fragments.” Next, authentic transla-
tion instances with the identical source-side fragment are
retrieved from a training dataset. The fragment-specific
examples are appended to the prompt. This approach tar-
gets localized contextual salience, thereby guiding the LLM
toward probable translations of specific linguistic compo-
nents. On this basis, pivoted fragment-shot prompting also
enables translation between language pairs that have no or
only limited parallel data readily available directly by em-
ploying an intermediary, or “’pivot,” language-a third lan-
guage with parallel data available for both source and target
languages-to perform indirect translation.

To contextualize the contributions of our proposed
framework, Table 1 provides a comparative summary of
prominent LLM-based translation approaches and their per-
formance on complex linguistic structures.

3 Structured linguistic
augmentation (SLA) Methodology
for translation

While Large Language Models (LLMs) have achieved re-
markable progress in Machine Translation (MT) due to
their robust text generation capabilities and extensive world
knowledge, challenges persist concerning the fluency and
accuracy of translations, particularly when dealing with
complex linguistic structures. These difficulties arise from
the implicit nature of deep syntactic dependencies, long-
range semantic associations, and subtle pragmatic nuances



396 Informatica 49 (2025) 393-404

H. Li

Table 1: Comparison of LLM-based MT methods on complex structures (CS-Trans Dataset)

Method Approach

BLEUt COMET?!

Key Limitations

Zero-Shot LLM Direct prompting without examples.

Few-Shot LLM In-context learning with random examples.
Fragment-Shot LLM In-context learning with retrieved, relevant examples.

Fine-tuned LLM (FT-LLM)  Fine-tuning on a large parallel corpus.

10

13

15

22

50 Lacks task-specific adaptation; highly reliant on pre-trained knowledge,
which is often too general for complex syntax.

55 Performance is sensitive to example selection; does not guarantee un-
derstanding of specific structural challenges.

60 Improves on localized context but still fails to capture global, long-range
dependencies or implicit logical relations.

70 Strong baseline, but learns implicitly from data, struggling with system-

atic generalization for rare or highly ambiguous structures.

inherent in complex sentences, which LLMs struggle to
fully capture through purely statistical pattern learning. To
overcome these limitations, we propose the Structured Lin-
guistic Augmentation (SLA) framework. SLA aims to en-
hance LLMs’ translation capabilities by explicitly instill-
ing a profound understanding of linguistic dependencies
and semantic relationships within complex language struc-
tures. Inspired by recent advancements in knowledge-
enhanced recommendation systems, SLA integrates three
synergistic modules: Contextual Linguistic Dependency
Graph Construction and Pre-training (CLDG-PT), Com-
mon Sense-Driven Relational Augmentation (CSRA), and
Latent Structural Relation Discovery (LSRD). These com-
ponents collectively guide the LLM to learn, externalize,
and leverage structured linguistic knowledge, thereby sig-
nificantly improving the fluency and accuracy of its trans-
lations of complex language.

3.1 SLA overall framework

The overall architecture of the Structured Linguistic Aug-
mentation (SLA) framework conceptually illustrates how
it enriches the underlying Large Language Model with
both explicit and implicit linguistic structural knowledge
through a multi-stage, jointly optimized learning process.
As shown in Figure 1. The framework utilizes the LLM as
its core translation engine, with each proposed component
addressing a specific aspect of linguistic complexity: Con-
textual Linguistic Dependency Graph Construction and
Pre-training (CLDG-PT) is designed to capture explicit,
fine-grained structural dependencies at the sub-sentential
level and transfer this generalized knowledge to the LLM,
ensuring grammatical correctness and naturalness in the tar-
get language. Common Sense-Driven Relational Aug-
mentation (CSRA) focuses on leveraging the LLM’s in-
herent common sense to explicitly identify and integrate
high-level semantic and syntactic relationships necessary
for comprehending complex clauses and phrases, which is
crucial for precise meaning preservation. Finally, Latent
Structural Relation Discovery (LSRD) is responsible for
uncovering implicit, subtle structural connections within
and between complex sentence components that are diffi-
cult to capture through predefined rules or direct observa-
tion. This facilitates the model’s ability to handle ambiguity
and generate translations with greater contextual adaptabil-
ity. These components are designed to operate synergis-
tically, with their respective learning objectives contribut-

ing to a unified optimization framework that enhances the
LLM’s capacity for complex language translation, leading
to improved fluency and accuracy.

SLA Unified Optimization Framework

Contextual Linguistic
Dependency Graph Construction
and Pre-training

Latent Structural Relation
Discovery

Common Sense-Driven
Relational Augmentation

Semantic & Syntactic
Relationships

[ ) lmplicit Connections
- Large Language Mo«

Explicit Dependencies

Improved Translations

Figure 1: SLA unified optimization framework

3.2 Contextual linguistic dependency graph
construction and pre-training
(CLDG-PT)

To address this deficiency, and inspired by the success of
graph representation learning in modeling structured data,
we propose injecting this structured linguistic knowledge
into the LLM’s representation space. This component con-
structs a graph that captures co-dependent linguistic units
(e.g., subject-verb relations, modifier-head relations) and
utilizes this graph to guide the LLM’s pre-training. This
enables the LLM to acquire transferable, fine-grained struc-
tural understanding, thereby improving its ability to trans-
late complex sentences while ensuring grammatical cor-
rectness and natural fluency [36].

Figure 2 illustrates the core concept from recommenda-
tion systems that inspired our CLDG-PT module. In this
example, a user’s recent interactions with items containing
words like “card” and “’santa” are used to establish “co-
clicked word” relationships with other words like “retro”
and “red” (from a target item). This ”"word-level collabora-
tive filtering” is shown to help predict the next item. Anal-
ogously, in our context, we leverage the idea of building a
graph of co-dependent linguistic units (words/phrases con-
nected by syntactic or semantic relations) to infuse the LLM
with structured linguistic knowledge, enabling it to better
translate complex sentences by understanding their inher-
ent structural fabric.
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Sequencing result:

red \
christmas

“retro

Recent R [ RN / santa ~
interactions .. 4 motorbike |
—_—
H santa. H

PSS ead —

red retrospot
mini cases.

Figure 2: CLDG-PT module core concept

:~ _____ ] ______

Sequencing result: @

We construct a Linguistic Dependency Graph
(Grpeg = (Vi,€L)) from a large, diverse linguistic
corpus. The nodes Vy, in this graph represent individual
words or multi-word expressions (MWESs), functioning as
linguistic units participating in syntactic structures. The
edges &1, denote observed dependency relations between
these units, conceptually analogous to co-occurrence or
co-click patterns in recommendation systems. Distinct
from simple co-occurrence graphs, the edges in the LDG
are derived from the output of syntactic parsers (e.g., based
on the Universal Dependencies framework) or represent
strong semantic co-dependencies.

For a given linguistic unit w; € Vy, in the graph, we first
identify its direct linguistic dependents w; within parsed
sentences. To quantify the strength of the dependency be-
tween w; and w;, we adapt the TF-IDF concept, here re-
interpreted as Term-Dependency Frequency - Inverse De-
pendency Frequency. Let c; ; be the frequency of observ-
ing a specific dependency relation between w; and w; (e.g.,
w; is the head of wj, or vice versa) across the entire corpus.
The Term-Dependency Frequency (tdf) from w; to w; is
defined as: o

2
tdf; ;= W (1)
k=1 “i,k
where the denominator represents the total count of all de-
pendencies involving w;, normalizing ¢; ;. The Inverse De-
pendency Frequency (idf) for a unit w; reflects its speci-
ficity in dependencies, i.e., how commonly w; acts as a de-
pendent. If w; frequently appears as a dependent across
many different heads, its idf value will be lower, and vice

versa.
Vil )
2
Twn [Fupeny >0} 1) P

idf; = log <

Here, € is a small constant added to prevent division by zero.
The numerator |V, | is the total size of the vocabulary, while
the denominator counts how many head words w,, have a
dependency relation with w;. In the GPT task, we process
arandomly masked token ¢,,, within the input sentence. We
treat the LLM-generated contextual semantic embedding
em and its corresponding LDG-derived structural embed-
ding ¢, as a positive sample pair. Structural embeddings
g; from other tokens in the same sentence (where # m )
are treated as negative samples. Our objective is to maxi-
mize the agreement between positive pairs while minimiz-
ing it for negative pairs, by minimizing an InfoNCE-like
loss function.
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The GPT Alignment Loss (£G2'T) is defined as:

align

GPT __
ﬁalign -

M exp(sim(€em,gm)/TcPT) 3
Zmzl 1Og (Z;,Vl exp(sz‘m(em,gj)/TGPT)) @

-M

where M is the number of masked tokens, sim(-, -) is a sim-
ilarity function (e.g., cosine similarity or dot product), and
TapT 1S @ temperature parameter used to adjust the sharp-
ness of the similarity distribution. During this pre-training,
the parameters of both the LLM and the GNN are jointly
optimized. The LLM’s word embedding layer can often be
initialized with the GNN’s learned node embeddings, facil-
itating the fusion of linguistic structural knowledge. This
mechanism ensures that the LLM’s internal representations
not only capture lexical semantics but also the grammatical
connections between words. This is crucial for correctly
handling word order, part-of-speech variations, and syn-
tactic transformations when translating complex sentences,
leading to more grammatically accurate and fluent target
translations.

3.3 Common sense-driven relational
augmentation (CSRA)

Complex sentences frequently convey implicit semantic re-
lationships beyond their literal syntactic structures, such
as causality, temporal sequence, elaboration, or contrast.
These relationships are critical for accurate and coherent
translation but are not always explicitly marked by syntac-
tic cues. For instance, in a sentence like ”Because it rained,
the game was canceled,” a clear causal relationship exists
between ”it rained” and “’the game was canceled.” Accu-
rately capturing this relationship is indispensable for ensur-
ing the target translation faithfully reflects the logical co-
herence of the original. Drawing on the LLM’s success in
inferring complementary or substitute item relationships in
recommendation systems, we aim to leverage its inherent
vast common-sense knowledge base to explicitly identify
and augment high-level linguistic relations present in com-
plex source sentence structures.

We construct a Relational Knowledge Graph
(Grxc = (Vr,ER)) where the nodes Vg represent
linguistic entities, which can be clauses, phrases, or
key concepts within a sentence. The edges £r denote
semantic relationships between these entities, derived
from the LLM’s common sense. These relations are often
intuitively understood by experts but may be challenging
for traditional MT models to explicitly recognize. For each
complex source sentence or its fragment, we first identify
potential linguistic entity pairs (F1, E2) through linguistic
analysis techniques (e.g., syntactic parsing, named entity
recognition, coreference resolution). Examples of such
pairs include a main clause and a subordinate clause, two
parallel verb phrases, or a noun phrase and its anaphoric
reference. Subsequently, we prompt the LLM to identify
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the most probable common sense relation 1 € Res
between E; and Es.

To bridge the potential “knowledge space gap” between
LLM-derived representations and KGE-derived representa-
tions, we utilize a mutual information maximization objec-
tive, analogous to the L4, objective found in the recom-
mendation system paper. This objective focuses on align-
ing common linguistic entities (e.g., clauses, phrases) that
exist in both representation spaces, ensuring that the LLM’s
understanding of these entities reflects the common sense
relations present in the RKG. For each common linguistic
entity Ej, we maximize the mutual information between
its LLM embedding £~ and its RKG embedding eRKG, G
The Common Sense Allgnment Loss (£52 ) is deﬁned as:

align
‘Callgn =
Zl exp (sim (ef XM, elfKC) [1cs) 4)
— og
ZE exp (sim (e£EM e fKG) /Tcs)

where 7¢g is a temperature parameter and sim(-,-) is a
similarity function. This loss ensures that the LLM’s inter-
nal representations become “aware” of the common sense
relations explicitly identified in the RKG. During the trans-
lation process, attention mechanisms or gating mechanisms
within the LLM can be guided by these fused RKG embed-
dings to more accurately interpret and translate complex se-
mantic relational structures. For example, if the RKG indi-
cates a causal relationship between two clauses, the LLM
will be inclined to use corresponding causal connectors in
the target translation, ensuring its logical coherence and flu-
ency. This is paramount for accurately conveying the im-
plicit logic of the source language into the target language,
especially when source and target languages differ in their
preferred ways of expressing such relationships.

3.4 Latent structural relation discovery
(LSRD)

Beyond predefined common sense relations, complex lan-
guage often harbors subtle, non-explicit structural relation-
ships between its components (e.g., implicit coherence rela-
tions between sentences in a paragraph, fine-grained logical
connections between nested clauses, or discourse structures
arising from rhetorical devices). These latent relations are
critical for handling highly nuanced and context-dependent
translations, as they capture the deeper organizational prin-
ciples of language that surface-level syntax or predefined
semantic relations often fail to fully encompass. For in-
stance, a complex sentence might contain an implicit con-
trastive relationship; if not identified by the LLM, the trans-
lation might appear bland and fail to convey the original’s
rhetorical force. Inspired by latent relation discovery in rec-
ommendation systems, we propose a self-supervised learn-
ing paradigm to uncover these implicit, ”latent” structural
relations, thereby providing the LLM with a richer, more
diverse set of relational perspectives.

H. Li

The core of LSRD is a self-supervised learning objective,
conceptually similar to a Discrete State Variational Au-
toencoder (DVAE). It aims to predict latent structural rela-
tions between pairs of linguistic components (e.g., clauses,
phrases) within complex sentences. Given a pair of lin-
guistic components (C1, Cs) from a complex source sen-
tence, the objective of LSRD is to reconstruct one com-
ponent given the other component and a predicted latent
relation 7 € Rygent - This reconstruction task compels the
model to learn latent relations that possess sufficient seman-
tic meaning and structural relevance to benefit the transla-
tion task.

The relation inference module, ¢ (r | C;, C_;; ), is re-
sponsible for predicting the probability distribution over
the set of latent relations Ryyene given a pair of linguistic
components. First, for each linguistic component (e.g., a
clause or a phrase), we extract a ”linguistic knowledge rep-
resentation” ec € R? from the LLM. This representation
can be obtained by pooling (e.g., mean pooling or atten-
tion pooling) the LLM’s contextual embeddings for the to-
kens within that component. This e encodes the compo-
nent’s semantic meaning and its position within the LLM’s
learned language space. Subsequently, a lightweight neu-
ral network (e.g., a multi-layer perceptron) takes the con-
catenated embeddings of the two components and outputs
a probability distribution over the latent relations:

q(r | Ci, C=i; ) = SoftMax(MLPy ([ec;;ec_,]))  (5)

where MLP,, is the multi-layer perceptron with parameters
1, and [; ] denotes vector concatenation. This module learns
to infer latent relationships directly from the rich knowl-
edge representations produced by the LLM, enabling it to
capture deeper linguistic patterns that traditional methods
might struggle to identify.

The structural reconstruction module, ¢ (C;, C—;,r;6),
aims to evaluate the likelihood of component C; given com-
ponent C_; and the predicted latent relation . This recon-
struction task compels the LLM to link the inferred latent
relations with the actual structure and semantics of the lin-
guistic components, ensuring these relations are semanti-
cally meaningful and practically useful for reconstructing
linguistic context.

The scoring function can be a simple bilinear model (e.g.,
a DistMult-like model), which calculates the interaction be-
tween the embeddings of the two components and the rela-
tion embedding:

¢ (Cy, Ci, 13 0) = el diag (e,) ec_, (6)

where e, € R? is the embedding of the latent relation r, and
diag(e,.) is a diagonal matrix formed from the elements of
e,. This reconstruction objective ensures that the discov-
ered latent relations facilitate the understanding and gen-
eration of complex linguistic structures. In this manner,
LSRD empowers the LLM to identify implicit, deep con-
nections in the source language that impact the translated
output’s structure and fluency. For instance, based on iden-
tified implicit causal relations, the LLM might select more
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natural linking words in the translation, or adjust the order-
ing of clauses according to an implicit temporal sequence,
thereby significantly enhancing the accuracy and readabil-
ity of complex sentence translations.

4 Experiments

A comprehensive empirical evaluation was conducted to
validate the efficacy and theoretical underpinnings of
the proposed Structured Linguistic Augmentation (SLA)
framework. This section details the datasets used, the base-
line methodologies selected for comparative analysis, the
evaluation metrics employed, and the specific configura-
tions of hyperparameters adopted for the experiments.

4.1 Datasets

The evaluation leveraged a combination of widely-used
general domain translation datasets and specifically curated
datasets focusing on complex linguistic structures. This
multi-faceted approach enabled an assessment of SLA’s
performance across various translation challenges [37].
The Dataset Statistics for WMT En-De and CS-Trans are
shown in Table 2.

This dataset was specifically designed to include a high
density of complex structures, such as sentences with mul-
tiple levels of clausal embedding, long-range dependencies
between subjects and verbs, passive voice constructions,
and idiomatic expressions. To ensure the quality of the ref-
erence translations, the inter-annotator agreement among
the three professional linguists was calculated, yielding a
Cohen’s kappa coefficient of 0.85, which indicates substan-
tial agreement.

4.2 Baseline methods

To rigorously assess the performance of the Structured
Linguistic Augmentation (SLA) framework, we conducted
comparative experiments against a diverse set of estab-
lished machine translation algorithms and LLM-based ap-
proaches, categorized by their primary task focus.

Traditional Neural Machine Translation (NMT): We em-
ployed canonical Transformer models, trained end-to-end
on the WMT En-De dataset using Fairseq. The Base model
comprised 6 encoder and 6 decoder layers, while the Large
model utilized the same number of layers but with larger
hidden dimensions and more attention heads. These models
served as strong baselines for evaluating the general trans-
lation capabilities.

General LLM-based Translation Baselines (for WMT
En-De and CS-Trans): We evaluated several LLM-based
approaches to provide a comprehensive comparison. The
Zero-Shot LLM utilized the Llama-2-70B model, which
was prompted directly to translate sentences without any
in-context examples. The Few-Shot LLM provided the
Llama-2-70B model with 5 randomly selected source-target
translation pairs in the prompt before the target sentence.
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The Fragment-Shot LLM used fragments of the source sen-
tence to retrieve and include 3 relevant translation exam-
ples in the prompt. Additionally, the Fine-tuned LLM (FT-
LLM) involved fine-tuning the Llama-2-70B model on the
entire WMT En-De parallel corpus using Low-Rank Adap-
tation (LoRA).

LLM Baselines for Logical Reasoning Translation (for
Logical Reasoning Datasets):To evaluate the performance
on logical reasoning tasks, we tested several large language
models under distinct settings. These models included
GPT-3.5-Turbo, GPT-4-1106-preview, DeepSeek-V3, and
DeepSeek-R1. Each model was evaluated under three set-
tings:

4.3 Implementation details

The Structured Linguistic Augmentation (SLA) framework
was implemented using PyTorch (version 2.2.0) on a Linux
server, capitalizing on its robust capabilities for efficient
tensor operations and distributed training. The backbone
of the SLA framework was the Llama-2-70B model, ini-
tialized with pre-trained weights from Hugging Face Trans-
formers (version 4.39.3), which were subsequently up-
dated during the joint training process. GraphSAGE model
was employed to learn structural embeddings with 128-
dimensional hidden states, using attention-based pooling as
the aggregation function. The temperature parameter 7Gpr
for the alignment loss Lyjign—gpr Was set to 0.1. Experi-
ments were conducted on 8 NVIDIA A100 GPUs (40GB
VRAM each), with a global random seed of 42. The ap-
proximate runtime per epoch on the WMT En-De dataset
was 4.5 hours.

In the Common Sense-Driven Relational Augmentation
(CSRA) module, a curated set of prompts was designed
to extract common sense relations between linguistic en-
tities, leveraging 5 few-shot examples. The Llama-2-70B
model was used for prompting. The Knowledge Graph Em-
bedding (KGE) model employed was DistMult, with 128-
dimensional embeddings. The temperature parameter 7cs
for the alignment loss Lgjign—cs Was set to 0.1. For the La-
tent Structural Relation Discovery (LSRD) module, clauses
and complex phrases were identified as linguistic compo-
nents for pair generation, using the outputs of the syntactic
parser. The number of latent relations Rjaene Was set to 10.
A 2-layer MLP with ReLU activations and 256dimensional
hidden states was used as the Relation Inference Module.
The Structural Reconstruction Module employed a bilin-
ear model with 128-dimensional embeddings for compo-
nents and relations. The entropy regularization coefficient
a LSRD was set to 0.1. Training was conducted using
the AdamW optimizer with 5, = 0.9,8> = 0.999, and
€ = 10~%. The initial learning rate was set to 3 x 10~°, with
a linear warm-up schedule over the first 10% of total train-
ing steps, followed by a cosine decay. The batch size was
16 sequences, with gradient accumulation used to simulate
an effective batch size of 64. Training ran for 15 epochs,
with early stopping based on validation set COMET score
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Table 2: Dataset statistics for WMT En-De and CS-Trans

Dataset Training Pairs(M) Dev Pairs(K) Test Pairs(K)  Avg. Source Length ~ Avg.Target Length
WMT En-De  ~4.5 ~3 ~3 ~25 ~28
CS-Trans ~0.08 ~1 ~1 ~40 ~45

improvement over 5 consecutive epochs. The loss weights
were set to y; = 0.5,72 = 0.5, and v3 = 0.5.

4.4 Evaluation of SLA on general and
complex translation tasks

The performance of the Structured Linguistic Augmen-
tation (SLA) framework was evaluated on two distinct
datasets to comprehensively assess its capabilities in both
general and complex translation scenarios. The first
dataset, WMT En-De, provided a benchmark for evaluat-
ing SLA’s ability to translate general text, while the second
dataset, CS-Trans, focused on complex linguistic structures
to test SLA’s proficiency in handling intricate translation
challenges.

(1) General Translation Performance on WMT En-De

The general translation performance of SLA was evalu-
ated on the WMT En-De dataset to ensure that the struc-
tural augmentation did not negatively impact its ability to
translate general text. The evaluation utilized standard au-
tomatic metrics, including BLEU, ch-F, and COMET, to
compare SLA against traditional Neural Machine Transla-
tion (NMT) baselines and fine-tuned Large Language Mod-
els (LLMs). The results shown in Table 3 demonstrated
that SLA achieved competitive performance, indicating the
implicit benefits of structured understanding even in less
overtly complex sentences.

Table 3: Overall translation performance on WMT En-De
test set

baseline is already highly proficient at generating lexically
plausible text, thus narrowing the margin for surface-level
improvements.

(2) Performance on Complex Structure Translation (CS-
Trans)

The critical evaluation of SLA’s performance on the CS-
Trans dataset, which focuses on complex linguistic struc-
tures, revealed significant improvements over all baselines.
This dataset, designed to challenge models with intricate
linguistic structures, provided a rigorous test of SLA’s ca-
pabilities in handling complex translation tasks. The evalu-
ation utilized both automatic and expert evaluation metrics
to provide a comprehensive assessment. As shown in Ta-
ble 4, higher scores on BLEU, ch-F, and COMET indicated
better alignment with reference translations, suggesting im-
proved fluency and accuracy for complex structures. SLA
outperformed all baselines, demonstrating its superior abil-
ity to handle complex linguistic challenges.

Table 4: Performance on complex structure translation

Model BLEU 1?1 <ch-F1t COMET?
Transformer (Base) 18.0 40.0 65.0
Transformer (Large) 20.0 43.0 68.0
Zero-Shot LLM 10.0 30.0 50.0
Few-Shot LLM 13.0 35.0 55.0
Fragment-Shot LLM  15.0 38.0 60.0
FT-LLM 22.0 45.0 70.0
SLA (Ours) 25.0 48.0 75.0
SLA (Ours) 31.5 59.5 88.5

Model BLEU 1t ch-F1 COMET 1
Transformer (Base)  28.0 55.0 85.0
Transformer (Large) 30.0 58.0 87.0
Zero-Shot LLM 20.0 45.0 75.0
Few-Shot LLM 24.0 50.0 80.0
Fragment-Shot LLM  26.0 52.0 82.0
FT-LLM 31.0 59.0 88.0
SLA (Ours) 31.5 59.5 88.5

These results confirm that SLA’s structural augmentation
enhances translation quality without compromising perfor-
mance on general text. SLA’s competitive scores across
BLEU, ch-F, and COMET metrics highlight its robustness
and versatility in handling a wide range of translation tasks.
BLEU, as a metric based on n-gram precision, primarily re-
wards lexical overlap and surface-level fluency. While our
SLA framework certainly improves grammatical correct-
ness, leading to a solid gain in BLEU, the fine-tuned LLM

(3) Performance on Logical Reasoning Translation Tasks

This section evaluates SLA’s capability in translating
natural language logical reasoning problems into formal
logic formulas, comparing its performance against promi-
nent LLMs under various prompting strategies from recent
literature. Accuracy, defined as the success rate of the
solver based on the LLM’s translation, is the primary met-
ric. The evaluation of SLA’s performance on logical rea-
soning translation tasks revealed significant insights into
its ability to handle lexically diversified problems. The
results presented in Figure 3 show SLA perform better.
It demonstrate SLA’s explicit structural augmentation, en-
compassing linguistic dependency alignment (CLDG-PT),
common-sense relational understanding (CSRA), and latent
structural discovery (LSRD), effectively enables the LLM
to maintain semantic consistency and produce accurate for-
mal logic translations even in the presence of lexical diver-
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Figure 3: Accuracy on logical reasoning translation tasks

sification.

SLA’s strong performance in this area aligns it with
neuro-symbolic approaches, which also seek to combine
neural networks with formal reasoning. However, unlike
many methods that require specialized logical parsers, SLA
achieves this by enhancing the LLM’s intrinsic understand-
ing. A qualitative analysis reveals that SLA’s structural
augmentation is particularly beneficial for preserving the
scope of logical quantifiers and the integrity of implica-
tions, which are often challenging for models that do not
explicitly model dependency and semantic relationships.

4.5 Ablation studies

To determine the individual contribution of each compo-
nent within the SLA framework, a series of ablation stud-
ies was conducted. These studies involved creating modi-
fied versions of SLA by progressively removing each of its
proposed augmentation modules. All ablation experiments
in Table 5 were performed on the CS-Trans dataset, as its
complexity best highlighted the impact of structural under-
standing.

By comparing the performance of these ablated mod-
els against the full SLA model, the unique and synergis-
tic contribution of each proposed component to the overall
enhancement of complex language translation was quan-
titatively demonstrated. The full SLA model consistently
outperformed all ablated versions across both automatic
and expert evaluation metrics, substantiating the thoughtful
design and necessity of integrating all three augmentation
strategies.

These results highlight the critical role of each compo-
nent in SLA’s overall performance, demonstrating that the

full integration of CLDG-PT, CSRA, and LSRD is essen-
tial for achieving optimal translation quality in complex lin-
guistic contexts.

Table 5: Ablation study results on CS-Trans test set

Model BLEU? c¢h-F1 COMET 1}
SLA (Full Model) ~ 25.0 480  75.0
SLA w/o CLDG-PT  22.8 455 725
SLA w/o CSRA 225 450  73.0
SLA w/o LSRD 223 448 720

4.6 Discussion

As shown in our experiments, SLA consistently outper-
forms all baselines on the CS-Trans dataset, which is rich
in linguistic complexity. While the fine-tuned LLM (FT-
LLM) serves as a strong baseline with a COMET score
of 70.0, SLA achieves a score of 75.0, a substantial im-
provement. This gap underscores the limitations of relying
solely on implicit knowledge learned during pre-training or
fine-tuning. Standard LLMs, even after extensive training,
may fail to build a robust, generalizable model of gram-
mar and logic. Instead, they excel at learning surface-level
statistical correlations, which are insufficient for consis-
tently resolving the syntactic ambiguity and semantic nu-
ances inherent in complex sentences. SLA’s success stems
from its core design philosophy: augmenting the LLM with
an explicit, multi-faceted representation of linguistic struc-
ture. This explicit knowledge acts as a scaffold, guiding the
model toward more accurate and coherent translations that
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preserve the deep meaning of the source text.

5 Conclusion

This work addresses the age-old challenge of fluent and
faithful translation of intricate language structures using
Large Language Models (LLMs). While LLMs show ex-
tremely high generative quality and wide world knowl-
edge, their implicit understanding of deep linguistic de-
pendencies and subtle semantic interactions was a barrier
to high-fidelity translation of complex sentences. To fill
this deficiency, we proposed Structured Linguistic Aug-
mentation (SLA), a novel method that is particularly de-
signed to enhance LLMs with an in-depth comprehension
of complex linguistic structures. Our comprehensive exper-
imental study demonstrated the efficacy of SLA in various
challenging translation situations. On the overall domain
WMT English-German translation task, SLA attained state-
of-the-art performance, substantiating its strong foundation
strength at no loss in overall translation quality. More sig-
nificantly, on the CS-Trans dataset, well-suited to complex
linguistic structures, SLA significantly outperformed all
NMT and LLM-based baselines on automatic (BLEU, ch-F,
COMET) and expert judgments of fluency and accuracy. A
detailed error analysis further revealed SLA’s superior abil-
ity to mitigate complexity-specific errors, such as incorrect
long-distance dependency resolution and loss of implicit
logical relations. Furthermore, when applied to logical rea-
soning translation tasks, SLA consistently achieved higher
accuracy scores compared to baseline LLMs, particularly
when faced with lexically diversified problems.

For future work, we intend to explore the applicabil-
ity of SLA to other language pairs, particularly those with
higher syntactic divergence or richer morphological fea-
tures, to further validate its generalizability. Additionally,
investigating adaptive mechanisms for dynamically weigh-
ing the contributions of different SLA components based
on input sentence complexity could further optimize per-
formance. Finally, exploring the potential of integrating
SLA’s structured linguistic representations into multilin-
gual LLMs for cross-lingual transfer learning on complex
structures presents a promising avenue for research.
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