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Abstract

Large Language Models (LLMs) have achieved remarkable advances in rea-
soning, understanding, and generation across a wide range of natural lan-
guage processing (NLP) tasks. However, their large scale imposes substan-
tial computational and memory costs, posing challenges for efficient deploy-
ment, particularly in low-resource settings. Simultaneously, while retrieval-
augmented methods have enhanced the factual grounding and interpretabil-
ity of question answering (QA) systems, their effectiveness in low-resource
languages remains limited by data scarcity and the absence of high-quality
retrieval frameworks.

This thesis addresses these challenges through two complementary re-
search directions. First, it introduces LangCompress, a language-aware
model compression framework that integrates self-supervised instruction gen-
eration and vocabulary optimization to adapt LLMs for specific languages.
LangCompress improves efficiency while preserving linguistic competence
and can be seamlessly combined with existing pruning and quantization
methods. Second, the thesis proposes a graph-based retrieval framework for
multi-hop question answering that leverages Wikipedia’s hyperlink structure
to identify semantically connected evidence across documents. This frame-
work enables efficient retrieval and reasoning in low-resource languages. To
support this line of research, a generalizable dataset construction framework
is developed, resulting in VIMQA, a Vietnamese multi-hop QA dataset de-
signed to evaluate explainable and complex reasoning grounded in Wikipedia
evidence.

Together, these contributions advance the development of retrieval- and
compression-aware LLM systems that are efficient, interpretable, and inclu-
sive across diverse linguistic environments.

[Keywords] low-resource language, quantization, pruning, large language
model, retrieval, question-answering
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Chapter 1

Introduction

1.1 Background

Model Compression. Modern large language models (LLMs) have achieved
strong performance across a wide range of tasks, driven by architectures with
billions of parameters trained on extremely large-scale text corpora. Because
training such models from the ground up requires prohibitive computational
resources, current practice relies on pre-trained foundation models that are
subsequently adapted to downstream applications. Although this paradigm
enables broad generalization and reasoning abilities, it also poses significant
challenges for practical deployment. In particular, the high memory foot-
print and computational demands of LLMs make inference expensive, limit-
ing their usability in resource-constrained environments. To mitigate these
limitations, model compression has become an essential research direction
for improving the efficiency of LLM deployment. The goal of compression is
to reduce model size and inference cost while maintaining acceptable perfor-
mance. Widely adopted techniques include pruning and quantization, which
have demonstrated effectiveness in lowering memory usage and latency. How-
ever, most existing compression methods [12, 76, 63, 13, 37] are developed
and evaluated primarily for English-language models. As a result, their per-
formance often fails to transfer reliably to multilingual or low-resource lan-
guage settings. In such cases, compressed models can experience substantial
performance degradation, largely due to uneven language coverage in pre-
training data and the lack of language-aware adaptation during compression
(Figure 1.1, top).

Question-Answering. Question Answering (QA) is a fundamental prob-
lem in natural language processing (NLP) and information retrieval (IR),
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Figure 1.1: Comparison between standard compression methods and the
proposed language-aware compression framework.

aiming to automatically generate correct answers to natural language ques-
tions using textual or structured knowledge sources. Effective QA systems
must comprehend the semantics of both the question and its context, iden-
tify relevant information, and reason across multiple pieces of evidence. As
such, QA serves as a key benchmark for assessing language understanding
and reasoning capabilities.

Early QA systems, often termed traditional QA, focused on extracting
factual information from single documents using lexical or statistical match-
ing techniques [22, 60]. With the growth of large-scale text corpora such as
Wikipedia, open-domain QA emerged, allowing retrieval and reasoning over
diverse sources. Modern open-domain QA typically follows a dual-phase
pipeline [8, 50]: a retriever first chooses candidate passages relevant to the
query, and a reader then interprets these passages to extract or generate an
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answer. Earlier systems such as DrQA [9] relied on machine reading com-
prehension (MRC) models trained on annotated datasets and were effective
for factoid questions but struggled with multi-hop reasoning and integrating
information across documents.

Recent developments in extensive language models, exemplified by GPT,
Llama, and Qwen, have profoundly influenced approaches to QA. Trained on
massive multilingual corpora, LLMs demonstrate strong reasoning, instruction-
following, and in-context learning abilities. Unlike span-based readers, LLMs
can synthesize information from multiple retrieved passages and generate co-
herent, contextually grounded answers. This integration of retrieval, reason-
ing, and generation into a unified framework represents a natural evolution
from traditional retriever–reader architectures. Figure 1.2 illustrates this
progression in QA system development.

Retrieved Passage-pair

The Greek alphabet is
a system of 24 letters
used to write the
Greek language ...

Retriever Reader

Multi-hop
Retriever

Answer: 24 letters

Retrieved Passage

The first series was
Mighty Morphin Power
Rangers, premiered ...

Mighty Morphin Power
Rangers is an American
live-action ... based on
the 16th Japanese
Super Sentai series ...

Answer: 16

Question: How many letters 
does the Greek alphabet have?
Context: The Greek alphabet is
a system of 24 letters used to
write the Greek language ...

Reader

Answer: 24 letters

Traditional Question-Answering (Machine Reading Comprehension)

Retrieval Augmented Generation (RAG) for Question Answering

Advanced RAG for multi-document reasoning Question-Answering

Reader

Question: How many letters 
does the Greek alphabet have?

Question: Which Super Sentai 
series from Japan was the first 

Power Rangers series based on?

Figure 1.2: Comparison between types of Question Answering systems.
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Knowledge Retrieval in the LLM Era. While open-domain QA sys-
tems have enhanced knowledge accessibility, multi-hop reasoning that neces-
sitates the integration of evidence across documents or the inference of im-
plicit connections between entities remains a core challenge. While multilin-
gual encoders such as XLM-RoBERTa [11] and PhoBERT [43] have achieved
strong performance on single-hop QA tasks, their performance often declines
in scenarios requiring multi-step reasoning and contextual synthesis. These
limitations are further exacerbated in low-resource languages, where anno-
tated datasets for complex reasoning tasks are scarce.

Recent progress in Retrieval-Augmented Generation (RAG) has funda-
mentally shifted how information retrieval is integrated into QA systems.
In essence, RAG builds upon the conventional retriever-reader architecture
by substituting the reader component with a LLM that produces responses
using the retrieved content. This paradigm allows models to access external
knowledge beyond their internal parameters, improving factual grounding
and interpretability. Nonetheless, the overall performance of such systems
is highly dependent on the effectiveness of the retrieval stage. In particular,
retrieval mechanisms that can exploit structured relationships are critical for
enabling multi-step reasoning and identifying semantically related evidence
across documents.

1.2 Motivation

Limitation of Low-resource model compression. Despite their im-
pressive reasoning and generative capabilities, LLMs remain computation-
ally expensive to deploy in practice. Operating full-scale models requires
substantial GPU memory and energy consumption, which imposes signifi-
cant constraints in resource-limited environments such as academic research
laboratories, small enterprises, or developing regions. In such settings, users
often aim to deploy LLMs for a specific languages rather than supporting
all languages included in a multilingual model. To alleviate these compu-
tational constraints, researchers have increasingly explored techniques that
shrink model parameters and lower resource demands. Nonetheless, the ma-
jority of compression techniques, including pruning and quantization, have
been designed and evaluated primarily on English datasets. When applied
to non-English languages, these techniques frequently result in dispropor-
tionate performance degradation due to differences in linguistic distribution,
morphology, and vocabulary structure.

Addressing these disparities requires the development of language-aware
compression strategies that selectively preserve linguistic knowledge relevant
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to the target language. Such methods would ensure that efficiency improve-
ments do not compromise linguistic competence. By aligning model param-
eters with the statistical and semantic characteristics of a specific language,
language-aware compression can facilitate more equitable and sustainable
LLM deployment across diverse linguistic contexts. Furthermore, an addi-
tional source of inefficiency in LLMs lies in the final layer, the language
modeling (LM) head, which maps hidden representations to an extensive
multilingual vocabulary. Empirical studies show that, for any given lan-
guage, only a small portion of this vocabulary is actively employed. For
instance, roughly 5% of the total vocabulary may account for over 95% of
the tokens in a specific language. This finding motivates a more targeted
approach in which the LM head is simplified and adapted to the linguistic
characteristics of the target language. Such adaptation can reduce model
size and computational demands while potentially improving performance
by removing redundant lexical representations.

Figure 1.1 better illustrates the conceptual distinction between conven-
tional compression methods and the idea of our language-aware compres-
sion framework proposal. The upper part of the figure depicts the limita-
tions of existing model compression techniques when applied to a specific
non-English language, where linguistic characteristics are not adequately
preserved. The lower part presents our proposed idea, which introduces
language-aware mechanisms to enhance compression efficiency while main-
taining language-specific performance.

Limitations of Low-resource Retrieval Approaches. RAG frameworks
improve the factual accuracy of language models through the integration of
outside information when producing responses. The overall performance of
such systems, however, is highly dependent on the quality of the retrieval
mechanism. Most existing retrievers rely on dense embedding similarity to
identify relevant documents, often overlooking the structured relationships
that exist between them. Consequently, they struggle to capture implicit
semantic connections that are essential for multi-hop reasoning and complex
question answering. Although large embedding models trained on massive
datasets can better encode such semantic relationships, these resources are
rarely available for low-resource languages. In contrast, Wikipedia provides
a naturally interconnected knowledge source through its extensive hyperlink
network, which can be leveraged to construct relational graphs representing
document-level associations. Despite this potential, the use of such relational
structures remains limited in current question answering pipelines, particu-
larly for low-resource languages, where explicit link structures and annotated
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retrieval datasets are scarce or absent. This gap underscores the need for a
retrieval framework capable of exploiting hyperlink-based knowledge graphs
to retrieve contextually related evidence across multiple documents. More-
over, the scarcity of multi-hop QA datasets in low-resource languages poses
a substantial barrier to both evaluation and improvement of such retrieval
systems. This motivates the development of a new benchmark dataset, along
with a flexible and language-agnostic framework for constructing multi-hop
QA datasets across diverse linguistic settings.

Toward Efficient and Inclusive QA Systems. The limitations dis-
cussed above highlight two complementary challenges in modern QA re-
search: (1) improving the retrieval process to enable structured, multi-hop
reasoning over interconnected knowledge sources, and (2) optimizing LLM ef-
ficiency through compression techniques that remain robust in low-resource
languages. Together, these directions aim to make QA systems not only
more capable and interpretable, but also more inclusive and practically de-
ployable across linguistic contexts. Addressing these challenges provides the
foundation for the frameworks proposed in this study.

1.3 Research Goals and Key Contributions

To address the challenges outlined in the preceding sections, this thesis pur-
sues two overarching research goals:

1. Goal 1: To design a language-aware compression framework that im-
proves existing pruning and quantization strategies, enabling efficient
deployment in multilingual and low-resource scenarios while preserving
model accuracy.

2. Goal 2: To develop an effective retrieval framework for low-resource
languages by leveraging graph-based corpora to retrieve semantically
connected evidence across multiple documents, thereby enhancing multi-
hop reasoning performance.

Together, these goals aim to advance the development of retrieval- and
compression-aware QA systems that combine robust reasoning capabilities
with practical deployability across diverse linguistic environments.

Contributions toward Language-Aware Model Compression

To achieve the second research goal, this thesis introduces LangCompress,
a framework that enhances the efficiency and adaptability of LLMs through
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self-supervised data synthesis and vocabulary optimization tailored to spe-
cific languages.

• Self-supervised instruction generation. Proposed a fully auto-
mated pipeline for generating instruction-tuning data in any target
language, enabling model adaptation and calibration without depen-
dence on large-scale human-annotated datasets.

• Vocabulary simplification and LM-head adaptation. Develop a
method for identifying core vocabulary tokens in the target language
and restructuring the model’s output layer to prioritize these tokens,
improving both computational efficiency and linguistic accuracy.

• Comprehensive evaluation and integration. Extensive experi-
ments demonstrate that LangCompress can be seamlessly combined
with existing pruning and quantization methods, resulting in substan-
tial gains in both efficiency and accuracy for language-specific down-
stream tasks.

Contributions toward Low-resource Multi-hop Retrieval

In pursuit of the first research goal, this thesis makes the following key con-
tributions:

• Framework for constructing low-resource multi-hop datasets.
This work introduces a generalizable framework for building multilin-
gual, multi-hop question–answering datasets, initially implemented for
the Vietnamese language. Using this framework, a new benchmark
dataset VIMQA is developed to evaluate advanced reasoning capa-
bilities and to generate explainable, multi-hop answers grounded in
Wikipedia evidence.

• Graph-based retrieval for interconnected documents. A novel
retrieval approach is proposed for multi-hop open-domain question an-
swering, leveraging Wikipedia’s hyperlink graph to discover semanti-
cally related documents. The method is computationally efficient, re-
quiring only modest resources for training, and is inherently language-
agnostic, making it adaptable to a wide range of domains that demand
multi-step reasoning and evidence integration.
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Chapter 2

Related Work

2.1 Model Compression for Efficient LLMs

Model compression has become an essential direction in scaling LLMs effi-
ciently, aiming to reduce computational and memory requirements while re-
taining model performance. Among the most studied compression techniques
are pruning and quantization, which address redundancy in model parame-
ters from different perspectives. Pruning eliminates unnecessary parameters
to enforce sparsity, while quantization reduces the precision of weights and
activations. Both techniques aim to achieve a balance between efficiency
and accuracy, yet their effectiveness depends heavily on the sparsity pattern,
pruning granularity, and training constraints. This section reviews recent
progress in unstructured, semi-structured, and structured pruning methods,
followed by a discussion of quantization approaches and their limitations,
especially in multilingual settings.

Pruning

Pruning-based compression methods aim to introduce sparsity into neural
networks by removing redundant or low-saliency parameters, thereby reduc-
ing model size and inference cost while preserving predictive accuracy. The
fundamental intuition is that large-scale neural networks are heavily over-
parameterized, many of their connections contribute minimally to the out-
put distribution, and can thus be eliminated without major degradation in
performance. Depending on the granularity of pruning, approaches can be
categorized as unstructured, semi-structured, or structured pruning.
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Unstructured and Semi-Structured Pruning.

Unstructured pruning operates at the finest granularity by selectively zeroing
out individual weights in the network. This approach offers high flexibility
and can achieve substantial sparsity ratios, as each connection is indepen-
dently evaluated. This idea can be traced back to early works such as Op-
timal Brain Damage [32] and Optimal Brain Surgeon [23], which leveraged
second-order Taylor expansions of the loss function to quantify each parame-
ter’s contribution to the overall objective. Parameters associated with small
second-order derivatives were considered unimportant and pruned to achieve
parameter efficiency without retraining from scratch. These foundational
studies established the theoretical link between pruning and the curvature of
the loss landscape, but their reliance on explicit Hessian computation made
them computationally prohibitive for modern large-scale networks. With the
advent of transformer-based LLMs, pruning research has shifted toward post-
training pruning (PTP), which involves eliminating parameters directly from
pretrained models without retraining. This paradigm is especially attractive
for billion-scale models, where fine-tuning or retraining is prohibitively expen-
sive. Modern PTP techniques such as AdaPrune [34] and SparseGPT [12]
approximate second-order curvature using local blockwise matrix updates,
achieving efficient weight pruning with complexity reduced from O(N4) to
O(N3). These approaches reconstruct remaining weights after pruning to
minimize local reconstruction error, preserving model fidelity even under high
sparsity levels. To further improve scalability, recent research has explored
simpler pruning metrics that avoid heavy Hessian approximations. Simple
Pruning (Wanda) [63] prunes weights based on the product of their mag-
nitudes and corresponding input activations, capturing both static weight
importance and dynamic activation strength. This design allows pruning
without retraining, enabling direct deployment of the pruned model. Plug-
and-Play Pruning (RIA) [76] extends this idea by introducing the Relative
Importance and Activations metric, which accounts for both weight mag-
nitudes and activation relationships, thereby preserving neuron interactions
critical to LLM reasoning. RIA also integrates a channel permutation mecha-
nism that reorganizes weight structures to better align with semi-structured
sparsity constraints, resulting in improved trade-offs between compression
and performance across multiple LLaMA variants. OptiPrune [31] represents
another step forward in adaptive post-training pruning. Through a compre-
hensive analysis, it demonstrates that pruning effectiveness depends on the
distribution of sparsity across layers. Uniform sparsity is often optimal at
low compression ratios due to stability and balanced representation, whereas
non-uniform sparsity yields better results under high compression by focusing
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pruning on redundant layers. OptiPrune adapts dynamically between these
two strategies, employing layerwise deviation thresholds to balance efficiency
and performance. This adaptivity allows it to maintain robustness across a
broad range of architectures and sparsity levels, setting a new benchmark for
pruning consistency.

Despite their conceptual elegance, unstructured methods face practical
deployment challenges. The irregular sparsity patterns they produce lead to
inefficient memory access and poor utilization of hardware accelerators such
as GPUs or TPUs, which are optimized for dense matrix operations. Conse-
quently, their theoretical computational savings do not translate directly into
runtime speedups. To bridge this gap, semi-structured pruning introduces
constrained sparsity patterns that retain partial regularity. The most widely
adopted configuration is the N :M sparsity pattern [42], where N out of ev-
ery M weights within a local block are pruned. This regular structure aligns
with specialized GPU kernels that can skip fixed zero positions, enabling
substantial practical speedups. Semi-structured pruning thus strikes an ef-
fective balance between compression flexibility and hardware compatibility.
The RIA framework [76] demonstrates that incorporating activation-aware
metrics and channel permutation under N :M constraints can even yield
pruned LLMs that outperform their dense counterparts in zero-shot evalua-
tions. These findings highlight that structured alignment between sparsity,
activation dynamics, and hardware execution can produce models that are
not only smaller and faster but occasionally more robust. Semi-structured
pruning, therefore, serves as a pragmatic direction for deploying compressed
LLMs at scale, especially in latency-sensitive applications.

Structured Pruning.

While unstructured and semi-structured pruning operate at the level of indi-
vidual or grouped weights, they often produce models with irregular sparsity
patterns. Such sparsity typically requires custom kernels or specialized hard-
ware support to realize inference speedups, limiting its practical impact in
real-world deployment scenarios. In contrast, structured pruning removes
higher-level architectural components such as attention heads, MLP chan-
nels, and even entire transformer blocks, resulting in smaller, fully-dense
networks with contiguous computation flows. This property ensures compat-
ibility with highly optimized dense matrix multiplication libraries and makes
structured pruning particularly attractive for accelerating inference on com-
modity hardware. Structured pruning has gained significant traction in the
context of LLMs, where model sizes frequently exceed billions of parame-
ters, posing severe challenges in memory capacity, computational efficiency,
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and energy consumption. A key design goal is therefore to compress the
network while retaining its strong general-purpose generation and reasoning
capabilities.

LLM-Pruner [39] adopts a task-agnostic structured pruning strategy that
selectively removes non-critical coupled structures inside transformer blocks.
The method evaluates the contribution of each structural unit using gradient-
based saliency, targeting components that contribute minimally to model
predictions across diverse downstream tasks. A notable strength of this ap-
proach is that it does not require access to the original pretraining corpus,
reducing data handling burdens and enabling a practical post-training work-
flow. To restore model quality, a lightweight recovery stage is applied using
LoRA-based fine-tuning [24], requiring only 50K examples and a short adap-
tation period (e.g., three hours). Experiments on LLaMA [66], Vicuna [10],
and ChatGLM [75] show that the pruned models retain strong zero-shot
reasoning and language generation performance while achieving substantial
reductions in parameter count, making the framework suitable for multi-
purpose LLM deployment under resource constraints.

SliceGPT [5] takes a different structured compression perspective by re-
ducing the embedding dimension throughout the network. Instead of pruning
individual units or branches, the method slices dense weight matrices into
lower-dimensional subspaces, effectively slimming the width of the trans-
former while keeping the computation path intact. This design is enabled
by the insight of computational invariance in transformer networks, which
suggests that core representational properties can be preserved even when
projection dimensionality is reduced. Crucially, SliceGPT performs sparsifi-
cation in a post-hoc manner without requiring additional data structures or
modification to execution kernels. This leads directly to runtime gains: slic-
ing up to 25% of parameters from LLaMA2-70B [66] preserves up to 99% of
zero-shot performance while reducing memory usage and inference compute
by up to 36% on widely available A100 and consumer GPUs. These results
demonstrate that structural reductions in network width can serve as a scal-
able and hardware-friendly alternative to conventional weight sparsification.

Overall, structured pruning represents a practical pathway toward effi-
cient LLM deployment, enabling model downsizing while preserving dense
computation for minimal disruption to existing acceleration infrastructure.
Compared to unstructured pruning, these methods provide more predictable
latency improvements, lower implementation barriers, and better alignment
with production hardware environments. As the field continues to push to-
ward trillion-parameter frontier models, structured pruning is likely to remain
a central strategy in the design of resource-efficient large-scale LLMs.
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2.2 Question Answering

The Retriever–Reader Paradigm for Open-Domain QA. The two-
stage Retriever–Reader architecture has long been the dominant paradigm for
open-domain QA, where the knowledge source is a large and heterogeneous
corpus such as Wikipedia or web-scale content. The core motivation behind
this design is to decouple knowledge access from knowledge reasoning: rather
than relying solely on parametric memory within the model, a retriever first
identifies a small set of potentially relevant passages, after which a reader
processes these passages to extract or generate the answer. This separation
enables high scalability, interpretable evidence, and the ability to continually
update knowledge without retraining the system.

Early retrievers were predominantly sparse-vector methods such as TF-
IDF and BM25, which measure lexical overlap and remain strong baselines
due to their simplicity and efficiency (e.g., BERTserini [73]). However, sparse
methods often struggle with semantic mismatch when relevant evidence uses
paraphrased language. To address this challenge, dense retrievers embed
questions and passages into a shared vector space using dual-encoder archi-
tectures, enabling semantic similarity search via approximate nearest neigh-
bor techniques [26, 20, 16, 58]. Scaling dense retrieval to billions of docu-
ments and fine-grained matching has been advanced by late-interaction mod-
els such as ColBERT [28] and COLBERTv2 [61], which preserve token-level
semantics with lightweight interaction at retrieval time. Baleen [27] fur-
ther explores iterative retrieval and document expansion to handle long-tail
queries and sparse supervision. More recent work extends retrieval to richer
knowledge modalities. For instance, retrieval combined with graph reason-
ing enables propagation across entity relationships [35], while multi-modal
retrieval broadens QA to settings requiring images or structured tables [36].
These developments reflect a growing recognition that real-world information
needs demand more than unstructured text alone.

Once passages are retrieved, a reader is applied to interpret and answer
the query. Reader architectures generally fall into two broad categories: ex-
tractive readers, which locate answer spans within retrieved texts [26, 20], and
generative readers, which employ sequence-to-sequence generation to synthe-
size answers [33, 71]. Generative readers have become especially prominent
due to their flexibility in handling paraphrasing, incomplete evidence, and
multi-document synthesis. A particularly challenging variant of open-domain
QA is multi-hop QA, where a question cannot be answered from a single
passage alone. Instead, successful reasoning requires aggregating informa-
tion across multiple documents or entities [74]. Accordingly, retrievers must
locate multiple complementary passages, and readers must perform complex
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cross-passage reasoning [2, 71]. Iterative retrieval strategies, retrieval condi-
tioned on intermediate reasoning steps, and supervised attention to support-
ing evidence have all been explored to address this challenge.

Finally, a crucial refinement to the pipeline is reranking, where initial
retrieval results are re-ordered using more expressive but computationally
expensive methods. Reranking using cross-encoders [49], generative scor-
ing [55], or reader-aware signals [48, 40] has consistently shown to yield mean-
ingful improvements in end-to-end QA accuracy. This step helps mitigate
retrieval errors and ensures the reader processes the most relevant evidence.

Overall, the Retriever–Reader pipeline offers a modular and scalable frame-
work that can leverage growing corpora and evolving retrieval technologies.
Despite emerging alternatives such as end-to-end retrieval-augmented gen-
eration with large language models, the two-stage architecture continues to
serve as a strong backbone for interpretable and efficient open-domain QA
systems.

Graph-based Retrieval and Relational Knowledge. Beyond conven-
tional lexical or dense retrieval, recent research has increasingly explored
graph-based retrieval frameworks that explicitly model inter-document and
inter-entity relationships to support complex information needs. Early stud-
ies demonstrated that leveraging hyperlink structures in large corpora such
as Wikipedia can significantly improve multi-hop question answering by en-
abling explicit reasoning paths and enhancing interpretability [3]. By travers-
ing hyperlink graphs, these approaches move beyond isolated document rele-
vance and instead exploit the relational structure inherent in curated knowl-
edge sources. Building on this intuition, more recent systems integrate
graph construction and traversal directly into retrieval pipelines. DGR-
CoQA [35] dynamically constructs document graphs during retrieval, allow-
ing the system to iteratively expand relevant evidence across multiple hops.
This dynamic graph formulation enables adaptive reasoning over evolving ev-
idence sets, particularly in open-domain question answering scenarios. Sim-
ilarly, GraphRAG [41] incorporates entity- and document-level graphs into
retrieval-augmented generation, using graph traversal to select contextually
related passages and improve factual coherence in generated responses. Col-
lectively, these methods demonstrate that explicit relational structures (e.g.,
hyperlinks, shared entities, and citation links) provide critical contextual sig-
nals for multi-hop reasoning and evidence aggregation. Graph-based retrieval
not only improves recall for compositional queries but also offers greater
transparency by exposing reasoning chains across documents. However, most
existing approaches are developed and evaluated primarily on high-resource
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languages and well-curated corpora, where relational signals such as hyper-
links and entity annotations are dense and reliable. In contrast, their ap-
plicability to low-resource or non-English languages remains underexplored,
as relational graphs in these settings are often sparse, incomplete, or noisy.
Addressing this limitation is crucial for extending graph-based retrieval and
reasoning frameworks to multilingual and low-resource contexts.

Multilingual and Low-Resource QA. While much of the progress in
QA has been driven by benchmarks and systems developed for high-resource
languages (e.g., most notably English and Chinese), there is increasing recog-
nition that these advances do not readily generalize to multilingual and
low-resource settings. To mitigate data scarcity, early work has focused
on cross-lingual and multilingual QA, leveraging shared representations to
transfer knowledge across languages. For example, Asai et al. [4] propose
a cross-lingual dense retriever that retrieves documents written in multiple
languages for a question posed in a different language, enabling evidence ag-
gregation across language boundaries. Ren et al. [57] similarly explore hybrid
sparse–dense retrieval strategies for self-supervised multilingual retrieval. Be-
yond multilingual transfer, recent studies explicitly target extremely low-
resource languages, where both annotated QA data and auxiliary linguistic
resources are scarce. Pal et al. [52] demonstrate that structured data sources
such as tables can partially compensate for the lack of unstructured cor-
pora in low-resource Indic languages. Gaim et al. [15] construct the first
native QA dataset for Tigrinya and evaluate monolingual, multilingual, and
machine-translated (“silver”) training regimes, highlighting the limitations
of cross-lingual transfer when linguistic and cultural gaps are large. Simi-
larly, Taffa et al. [64] introduce Amh-QuAD, the first publicly available QA
benchmark for Amharic, enabling systematic evaluation for this language.
Importantly, most existing multilingual and low-resource QA datasets and
systems focus on single-hop question answering, where the answer can be
derived from a single passage. For instance, Nguyen et al. [44] propose UIT-
ViQuAD, a Vietnamese single-hop QA dataset inspired by SQuAD, while
domain-specific resources such as ViMedAQA [68] and VLQA [45] address
medical and legal QA, respectively. While these datasets are essential for es-
tablishing baseline QA capability, they do not explicitly evaluate multi-hop
reasoning, which requires aggregating evidence across multiple documents,
passages, or modalities. As a result, multi-hop QA in multilingual and low-
resource settings remains largely underexplored. The challenges of multi-hop
reasoning, such as effective evidence retrieval, relational reasoning, and error
propagation across hops, are exacerbated by sparse corpora, limited hyperlink
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or entity graphs, and weaker cross-lingual alignment. Although the high-level
QA architecture (retriever followed by reader or generator) remains similar,
low-resource multi-hop QA places substantially greater demands on retrieval
quality, relational knowledge modeling, and robustness to noise. This gap
motivates the need for approaches that can support multi-hop reasoning
under multilingual and low-resource constraints, particularly by leveraging
structured relations, cross-lingual transfer, or alternative sources of relational
evidence.
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Chapter 3

Compact Model Size with
Language-aware Compression

We proposed LangCompress, which is a language-aware framework de-
signed to enhance the efficiency of existing model compression techniques
such as structured pruning, semi-structured pruning, or quantization (re-
ferred to here as the backbone method). The framework comprises two
complementary components: instruction data synthesis and vocabu-
lary simplification. At the outset of compression, the pretrained LLM
generates synthetic instruction data in the target language. This dataset
is subsequently employed during the calibration and recovery fine-tuning of
the backbone method, ensuring effective compression even in low-resource
language scenarios. In parallel, a vocabulary analysis identifies a compact
set of key tokens that cover the majority of the target language’s functional
lexicon. Following the compression process, the language modeling head is
streamlined by retaining only the parameters corresponding to these key to-
kens. This modification not only reduces the overall model size but also
improves its ability to specialize in the target language, yielding a compact
yet linguistically focused model.

3.1 Prelimaries

Large Language Models and Vocabulary. LetM denote a pretrained
LLM with a discrete vocabulary V of size |V|. The model consists of mul-
tiple transformer decoder layers that process contextual token embeddings
in a d-dimensional hidden space. Each layer captures long-range dependen-
cies through self-attention and feed-forward mechanisms. The final hidden
representation is passed to a language modeling (LM) head, parameterized
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by a weight matrix WLM ∈ R|V|×d, which projects the hidden states into a
logit vector l ∈ R|V| representing the predicted probability distribution over
all vocabulary tokens.

The vocabulary V defines the model’s linguistic granularity through a
tokenizer, which establishes a bijective mapping between tokens and integer
indices. During text generation, M iteratively samples from l to select the
next token ID, which is then converted back to its textual representation.
Vocabulary choice strongly influences multilingual performance; languages
with rich morphology or complex scripts often suffer from suboptimal token
coverage, reducing modeling quality.

Pruning. Formally, given a weight matrix W ∈ Rdout×din with elements
w ∈ R, pruning applies a sparsification operation by element-wise masking:

ŵ = m · w,

where m ∈ 0, 1 is a binary pruning mask indicating whether the weight is
retained (m = 1) or removed (m = 0). Equivalently, the pruned weight
matrix can be expressed as

Ŵ = M⊙W,

where M ∈ 0, 1dout×din and ⊙ denotes element-wise multiplication. The prun-
ing mask M is typically constructed by ranking weights according to an im-
portance criterion, such as magnitude or an approximation of second-order
loss sensitivity, and retaining only the top-k weights under a predefined spar-
sity constraint.

Unstructured Pruning. Pruning aims to compress neural networks by
eliminating redundant or less important parameters, thereby reducing com-
putational and memory demands. Unstructured pruning operates at the
individual weight level by setting selected parameters in the model’s weight
matrices to zero, resulting in fine-grained sparsity patterns. This approach
provides high flexibility and precise control over sparsity distribution; how-
ever, unless the underlying hardware and software stack explicitly support
sparse matrix multiplication, unstructured sparsity typically does not trans-
late into inference speedups, as zero-valued weights are still processed by
dense kernels.

Semi-Structured Pruning. Semi-structured pruning introduces regular-
ity constraints on sparsity patterns to improve hardware efficiency while re-
taining some flexibility. A widely adopted formulation is the N :M sparsity
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pattern, where at least N out of every M consecutive weights within a tensor
block are pruned. This predictable structure enables optimized GPU kernels
to skip zero-valued weights, resulting in tangible inference speedups on mod-
ern hardware. Methods (e.g., SparseGPT [12]) estimate block-wise weight
importance using local Hessian approximations, allowing effective sparsifica-
tion with minimal accuracy loss. By balancing expressiveness and compu-
tational efficiency, semi-structured pruning provides a practical compromise
between unstructured sparsity and fully structured model compression.

Structured Pruning. Structured pruning removes entire architectural com-
ponents (e.g., attention heads, feed-forward network units, or even whole
layers) rather than individual weights [5, 39]. By eliminating complete sub-
modules, structured pruning preserves dense matrix operations and is there-
fore inherently compatible with existing hardware acceleration. Typically,
structured pruning involves two stages: (1) identifying low-importance com-
ponents using calibration data, and (2) recovering performance through task-
specific fine-tuning.

In multilingual settings, pruning introduces additional challenges: prun-
ing decisions made using calibration data dominated by high-resource lan-
guages can disproportionately remove components critical for low-resource
languages. Consequently, multilingual-aware calibration or balanced data
selection is often required to maintain cross-lingual robustness.

Quantization. Quantization is a widely adopted model compression tech-
nique that reduces the computational and memory cost of deep neural net-
works by representing weights and activations using reduced numerical pre-
cision. Instead of storing model parameters as high-precision floating-point
values such as FP32 or FP16, quantization maps them into lower-bit inte-
ger formats (e.g., INT8, INT4) or even binary values in highly compressed
systems. This reduction directly decreases model size and enables faster in-
ference, especially on hardware optimized for integer-based operations such
as tensor accelerators and edge NPUs. As a result, quantization is an es-
sential component for deploying large-scale models in resource-constrained
environments, including real-time applications or mobile devices.

Formally, for a weight matrix W with elements w ∈ R, quantization
applies a transformation such that each weight is mapped into a discrete set
of integer values:

ŵ = round
(w
s

)
+ z,

where s denotes a scaling factor and z is an integer zero-point. The role of the
zero-point is to shift the quantized value range to better approximate asym-
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metric real-valued distributions. During inference, an approximate value w̃
is reconstructed through a corresponding dequantization process:

w̃ = s · (ŵ − z).

The discrepancy between w and w̃ introduces quantization noise; maintaining
this error within acceptable limits is crucial to preserving model accuracy.

Different variations of quantization exist based on how scaling parame-
ters are shared. Per-tensor quantization uses a single scale and zero-point for
the entire tensor, which is efficient but can be suboptimal for matrices with
large inter-channel variance. Per-channel and per-group quantization assign
separate scaling values to individual structural units (e.g., output channels of
linear layers), reducing quantization error at the cost of additional metadata
storage. The choice of granularity, therefore, reflects a trade-off between ef-
ficiency and numerical fidelity. Quantization can be applied either during or
after training. Post-training quantization (PTQ) converts weights to reduced
precision after model convergence without modifying the training procedure.
PTQ is attractive due to its simplicity and low computational cost, particu-
larly for LLMs with billions of parameters. In contrast, quantization-aware
training (QAT) incorporates simulated quantization effects into the forward
pass during fine-tuning, enabling the model to adapt to discretization noise.
QAT generally achieves higher accuracy, though its compute and memory
requirements make it less feasible at a massive scale.

In multilingual and low-resource language settings, quantization poses ad-
ditional difficulties. Quantized models’ performance can strongly depend on
the representativeness of calibration data, which is used to estimate scaling
factors. Calibration data typically reflects common, high-resource language
patterns, yet token distributions in low-resource languages may differ signif-
icantly. This mismatch can lead to reduced token prediction accuracy and
inconsistent quality across languages after quantization.

3.2 Data Synthesis for Target Language

Figure 3.1 illustrates the proposed instruction data synthesis pipeline for a
target language, shown here using Japanese as an example. Prior research
[72] has demonstrated that, due to the autoregressive nature of LLMs, in-
struction data can be automatically generated by providing only pre-query
templates up to the position designated for user input, as long as a suitable
system prompt is specified. In principle, this allows an LLM to autonomously
infer and generate coherent instruction–response pairs without requiring ex-
plicit supervision for each example. However, this generative capability does
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Figure 3.1: Instruction data synthesis pipeline in the target language, with
an example of Japanese language.

not always guarantee linguistic consistency. In multilingual models, espe-
cially those trained on unbalanced corpora, the model may spontaneously
revert to dominant languages such as English, even when the prompt is writ-
ten in the target language. This issue becomes particularly pronounced for
low-resource languages that receive limited exposure during pretraining, re-
sulting in inconsistent, code-mixed, or semantically incoherent outputs.

To overcome these limitations, we introduce an iterative few-shot en-
hancement pipeline that progressively aligns the model’s output distribution
toward the target linguistic domain. The process begins by preparing a small
set of high-quality instruction–response exemplars written in the target lan-
guage. These examples are embedded into a chat-style prompt using a pre-
defined template that emulates natural human–machine dialogue. The LLM
is then prompted to generate additional instruction data conditioned on this
augmented context. In each iteration, a new batch of candidate instructions
is sampled, validated, and filtered for language consistency before being ap-
pended to the few-shot context. As the process repeats, the model gradually
internalizes the linguistic characteristics of the target language, improving its
ability to generate consistent and well-structured instructions. This iterative
bootstrapping continues until the probability of producing target-language
instructions converges to a stable and satisfactory level, ensuring both cov-
erage and reliability in the synthesized dataset.

Algorithm 1 formalizes the synthesis procedure. The process begins with
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Algorithm 1 Data Synthesis for Target Language

Require: Target language L
Require: System prompt in target language SL
Require: Original LLMM
Require: Language filter function ffilter
Require: Chat template function ftemplate

Require: Maximum few-shot examples K
Require: Number of examples to generate N
1: Initialize dataset D ← ∅
2: Initialize few-shot counter k ← 0
3: Initialize prompt p← ftemplate(SL)
4: while |D| < N do
5: Sample instructions I←M(p, temp = 1.0)
6: Filter instructions I← ffilter(I, target = L)
7: for i = 1 to |I| do
8: Ri ←M(Ii) ▷ Generate response
9: if k < K then ▷ Append few-shot example
10: p← p⊕ ftemplate(Ii,Ri)
11: k ← k + 1
12: end if
13: D ← D ∪ {(Ii,Ri)}
14: end for
15: end while
16: return D

the initialization of a system prompt crafted in the target language. This
prompt serves as the global instruction that defines the linguistic context for
all subsequent generations. The system prompt is paired with a chat tem-
plate that mimics multi-turn interactions, providing structural cues that en-
courage the model to produce realistic and contextually grounded dialogues.
This combination ensures that the generated instructions resemble authen-
tic user queries and assistant responses, which are essential for downstream
fine-tuning. The LLM then samples a batch of candidate instructions using
a temperature-based decoding strategy. This stochastic decoding mechanism
introduces a controlled degree of randomness into the token sampling pro-
cess, balancing creativity and diversity with coherence and grammaticality.
By adjusting the temperature parameter, the generation process can explore
a broader range of linguistic expressions while avoiding deterministic repeti-
tion or trivial outputs. However, due to the inherently multilingual nature
of modern pretrained LLMs, the resulting samples often contain instructions
in multiple languages. Such cross-lingual interference arises from the uneven
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representation of languages in pretraining data and the model’s tendency to
generalize across overlapping lexical and syntactic patterns.

To enforce linguistic purity and domain fidelity, we apply a probabilistic
N-gram language filter [54] to all generated candidates. This filter computes
the likelihood that each candidate belongs to the target linguistic domain
by comparing its N-gram frequency distribution with that of a reference cor-
pus in the target language. Samples whose probability falls below a thresh-
old are discarded, while high-confidence instructions are retained for further
processing. This filtering mechanism plays a crucial role in isolating clean,
monolingual instruction data and preventing contamination from dominant
or unrelated languages. The resulting corpus thus remains both linguistically
consistent and semantically diverse.

After filtering, the LLM generates responses corresponding to each re-
tained instruction, forming coherent instruction–response pairs that encap-
sulate both pragmatic and linguistic features of human dialogue. These pairs
constitute the fundamental units of the synthetic dataset. In addition to be-
ing stored for downstream use, selected pairs are reintegrated into the chat
template as new few-shot exemplars, creating a self-reinforcing feedback loop.
Over successive iterations, this loop enables the model to refine its internal
representation of the target language and reduce its reliance on dominant
language priors. Empirically, we find that this self-improvement mechanism
enhances both the fluency and naturalness of the generated text, particularly
in low-resource language settings.

0 2 4 6 8 10
N-shot

0

20

40

60

80

100

Pr
ob

ab
ilit

y 
(%

)

26%

77% 79% 73%
88% 87% 89% 92% 93% 89% 90%

Figure 3.2: Relationship between the number of few-shot Japanese examples
in the prompt and the probability of Japanese instruction generation for
Llama3-8B-Instruct.

Figure 3.2 and 3.3 present the empirical relationship between the number
of few-shot examples and the probability of generating instructions in the
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target language. The probability increases rapidly as more examples are
added, before reaching a plateau at a stable generation rate. In practice, we
observe that approximately ten high-quality few-shot examples are sufficient
to achieve consistent generation across most target languages. Beyond this
point, additional examples yield diminishing returns. This finding highlights
the efficiency of the iterative enhancement approach, which achieves strong
language fidelity with minimal manual supervision.

In addition, to ensure that only high-quality instruction data are selected,
we apply quality control filters based on estimated instruction quality. Specif-
ically, we retain only generated samples labeled as “good” or “excellent” in
quality, discarding low-quality instructions. This filtering strategy, adopted
from previous work [72], is not a novel contribution but serves to maintain a
high standard of instructional clarity in the synthesized data.

Overall, the proposed synthesis pipeline integrates three key components,
namely stochastic generation, language-aware filtering, and iterative few-shot
reinforcement, to construct high-quality and language-consistent instruction
datasets. This framework effectively harnesses the generative potential of
large language models while addressing the inherent imbalance of multilin-
gual pretraining. The resulting data not only supports robust fine-tuning for
underrepresented languages but also provides a foundation for downstream
model compression, recovery, and calibration within the LangCompress
framework. Examples of the generated data and the corresponding genera-
tion prompts are provided in Appendix 7.

3.3 Vocabulary Simplification

Figure 3.4 and Algorithm 2 illustrate the vocabulary analysis and simpli-
fication procedure used to identify key tokens for reducing the size of the
language model (LM) head. This component aims to improve model effi-
ciency by focusing on the most frequently used linguistic units in the target
language while maintaining high coverage of the input space.

The process begins with a large-scale raw corpus in the target language,
such as Wikipedia, multilingual C4, or FineWeb. The corpus is first tokenized
using the model’s native tokenizer to ensure consistency with the pretrained
vocabulary. We then compute the frequency distribution of all tokens and
sort them in descending order of occurrence. The top-k most frequent tokens
are selected as key tokens, representing the subset of vocabulary that captures
the dominant linguistic patterns of the target language. This frequency-based
selection strategy aligns with Zipf’s law, which states that natural language
exhibits a highly skewed token distribution, where a small proportion of
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Algorithm 2 Key Token for Target Language

Require: Target language L
Require: Original LLMM
Require: Tokenizer Ftoken ofM
Require: Raw corpus CL in language L
Require: Number of desired key tokens k
1: Tokenize corpus: T← Ftoken(CL)
2: Initialize frequency map: F ← ∅
3: for each token t ∈ T do
4: F [t]← F [t] + 1
5: end for
6: Sort tokens by frequency: S← SortDescending(F)
7: Select top-k tokens: Vsimplify ← {S1,S2, . . . ,Sk}
8: return Vsimplify

Raw corpus of 
target language

(Wiki, Fineweb, etc.)

Tokens

Token

Distributions

Sorted

Token

Distributions

Key Token Analysis

Key Tokens

Figure 3.4: Instruction data synthesis pipeline in the target language, with
an example of Japanese language.

words accounts for the vast majority of textual content.
Empirical evidence supports this principle. As shown in Figure 3.5, the

top 5% of tokens in the FineWeb corpus collectively cover more than 95% of
all token occurrences. This finding implies that a significant degree of lexical
redundancy exists in the long tail of the vocabulary, providing an opportunity
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Figure 3.5: Coverage on FineWeb of the top 1% to 20% highest-frequency
vocabulary tokens, averaged across six languages: German, Spanish, French,
Japanese, Chinese, and Vietnamese.

for compression without substantial loss in representational capacity. Based
on this observation, we simplify the LM head by retaining only the rows of
the output projection matrix corresponding to these key tokens. In practice,
this reduces the effective parameter count and memory footprint of the LM
head while preserving most of the model’s predictive capability for common
linguistic patterns. Additionally, we measure token coverage across multiple
languages using both the FineWeb2 dataset and the Llama3 tokenizer with
a 128K-token reference vocabulary. Token coverage is defined as the propor-
tion of corpus tokens that can be represented using the reduced vocabulary.
Table 3.1 summarizes these results.

Vocab Size English Vietnamese Chinese Japanese

8K (6%) 82.79 98.94 99.37 99.39
16K (13%) 89.58 99.55 99.79 99.76
32K (25%) 95.34 99.88 99.94 99.92
64K (50%) 99.33 99.99 99.99 99.99

Table 3.1: Token coverage (%) by vocabulary size for each language, evalu-
ated on Fineweb2 with Llama3 (128K-token vocabulary).
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In summary, the proposed vocabulary simplification strategy leverages
frequency-based key token extraction to retain the most informative subset of
tokens in the LM head. This approach capitalizes on the natural redundancy
of linguistic distributions, allowing the model to achieve memory-efficient
inference and fine-tuning without significant loss in representational accuracy.
The resulting architecture provides a flexible mechanism for adapting large
multilingual models to specific target languages, especially under resource-
constrained deployment scenarios.

3.4 LangCompress’s Compression

With both the target-language instruction dataset D and the selected key
token set Vsimplify, the compression phase of LangCompress is carried out
using a chosen backbone method (i.e., pruning or quantization). This stage
integrates vocabulary simplification with model compression to achieve sub-
stantial parameter and memory reductions while maintaining performance
in the target language.

を the 木 食 this い 研 究 is 大 学 một ス シ Katze

を the 木 食 this い 研 究 is 大 学 một ス シ Katze

Simplify using Key tokens

Figure 3.6: LM Head Simplification process.

LMHead Simplification. To simplify the LM head, we adopt a vocabulary-
aware transformation inspired by prior work on frequency-based vocabulary
reduction [77]. The original LM head is represented as a weight matrix
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WLM ∈ R|V|×d, where |V| denotes the size of the full vocabulary and d is the

hidden dimension. We construct a reduced LM head W̃LM ∈ R|Vsimplify|×d by
retaining only the rows corresponding to the most frequent and informative
tokens identified during vocabulary analysis:

W̃LM[i, :] = WLM

[
Vsimplify[i], :

]
, i = 1, . . . , |Vsimplify|

Figure 3.6 provides a schematic overview of the vocabulary-aware sim-
plification of the LM head. This operation effectively prunes the output
projection layer to focus exclusively on the high-coverage subset of tokens
Vsimplify, which accounts for the majority of token occurrences in the tar-

get language. By replacing WLM with its simplified counterpart W̃LM, we
achieve a smaller and more efficient LM head that retains linguistic expres-
siveness for the target domain.
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Recovered
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Calibrate on Recovery on 
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Compressed

LLM

Original
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(b) Quantization-based

Figure 3.7: Applying instruction dataset D to Compression Methods

Backbone Compression and Adaptation. After simplifying the LM
head, the next step involves compressing the backbone network using the
selected compression technique. This process is guided by an instruction
dataset D, which is synthesized specifically for the target language to ensure
that compression remains sensitive to linguistic nuances. The dataset plays
different roles depending on the compression strategy adopted. For pruning-
based methods, D is utilized during a recovery or fine-tuning phase following
the introduction of sparsity. This recovery training allows the pruned model
to regain lost performance and to realign its internal representations with
the linguistic and semantic characteristics encoded in the target-language
instructions. By exposing the model to D during this stage, the pruned
parameters are adapted to preserve both task performance and language-
specific fidelity. In contrast, when applying quantization-based compression,
D functions as a calibration dataset used to estimate the activation and
weight distributions within the model. These statistics are critical for de-
termining optimal quantization scales and zero-points, thereby minimizing
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precision loss and maintaining output quality across different numerical bit
widths. Proper calibration ensures that quantization does not disproportion-
ately affect features that are linguistically salient in the target language. In
both cases, the instruction dataset provides essential contextual grounding
that enhances the robustness of the compressed model.

Overall, LangCompress integrates instruction-driven synthesis, vocab-
ulary reduction, and backbone compression into a unified framework. By
jointly leveraging language-specific vocabulary simplification and data-guided
compression, the resulting model attains a compact yet linguistically expres-
sive representation optimized for efficient inference in the target language.
This design facilitates the effective adaptation of large multilingual models to
low-resource languages while preserving their generative capacity and repre-
sentational strength. Consequently, the compressed model strikes a favorable
balance among computational efficiency, linguistic fidelity, and downstream
task performance.
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Chapter 4

Low-resource Language
Multi-hop Retrieval

4.1 Multilingual multihop dataset creation

4.1.1 Data creation framework

We propose a comprehensive framework for constructing multilingual, multi-
hop question–answering (QA) datasets. The framework is designed to gener-
ate high-quality and explainable QA samples while remaining adaptable to
different languages and knowledge sources. It operates through four primary
stages.

In the first stage, data collection, interconnected articles or documents are
selected from structured knowledge sources such as Wikipedia, forming the
foundation for multi-hop reasoning. Next, during question creation, human
annotators compose questions that require reasoning across multiple con-
texts, ensuring that each question is both challenging and answerable. The
third stage, answer and supporting facts annotation, involves identifying the
correct answer and marking the specific sentences that justify it, thereby
enhancing interpretability and traceability. Finally, in the validation and
normalization stage, all collected samples are reviewed for accuracy, consis-
tency, and linguistic quality, followed by normalization procedures to ensure
compatibility across languages.

Through this structured process, the proposed framework produces datasets
that facilitate the evaluation and development of advanced QA systems capa-
ble of performing multi-hop reasoning and generating transparent, explain-
able predictions.
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Data Collection Pipeline

The data collection process begins by defining a set of suitable source docu-
ments, which are filtered to ensure they are amenable to multi-hop question
creation. The selected documents are treated as nodes in a directed graph,
with edges representing relationships or hyperlinks. From this graph, pairs
of related paragraphs are sampled to serve as the context for multi-hop ques-
tions. For comparison-type questions, similar entities (e.g., musicians, scien-
tists, or organizations) are grouped, and paragraph pairs are drawn from the
same category. This allows questions to require reasoning that compares or
connects multiple entities. Figure 4.1 illustrates the data collection pipeline.

Collect question,

answer, and


supporting facts

A C

D

E

Sample paragraph pair

Crowd workers

Sample a title List of feasible titles

B

A

A

B

Dataset
Processing,

normalizing

A

B

Question

Answer


Supporting fact

QA sample

Wikipedia graph

Bridge entity

Hyperlink

Figure 4.1: Overall data collecting pipeline
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Annotation Process

Annotators are provided with the paragraph pairs and instructed to cre-
ate multi-hop questions. For each question, they supply the correct answer
along with supporting sentences. Figure 4.2 shows the user-friendly annota-
tion interface, which is designed to guide workers and enforce rules, thereby
minimizing human error.

Figure 4.2: Annotator interface for entering a sample

Processing and Normalization

After annotation, the data undergoes post-processing to clean, standard-
ize, and normalize language-specific elements. While the framework includes
tools for certain languages, it is fully configurable to accommodate the unique
characteristics of any language with minimal modifications. This method-
ology establishes a flexible, systematic approach to building high-quality,
multilingual datasets for multi-hop reasoning, supporting both research and
system development in QA.

4.1.2 VIMQA: Vietnamese Multi-hop QA Dataset

VIMQA is a large-scale Vietnamese dataset designed to facilitate research on
QA systems that require multi-step reasoning and explainable predictions.
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It was constructed using the multilingual multi-hop dataset framework pro-
posed in this thesis, which enables the systematic collection of QA pairs from
any structured knowledge source. VIMQA addresses a notable gap in Viet-
namese QA resources by providing over 10,000 high-quality question-answer
pairs based on Wikipedia articles, each requiring reasoning across multiple
contexts.

Dataset Features

VIMQA exhibits several distinctive characteristics that make it a valuable
benchmark for evaluating multi-hop question-answering systems. Each ques-
tion in the dataset is designed to require the integration of information from
two or more paragraphs, thereby assessing a model’s capacity for complex
reasoning across linked knowledge sources. In addition, every QA pair is ac-
companied by sentence-level supporting facts, enabling the development and
evaluation of models capable of transparent and interpretable reasoning.

The dataset encompasses a diverse range of reasoning types, including
temporal, numerical, and causal reasoning, as well as entity comparison
and relational inference. As a Vietnamese dataset, VIMQA also presents
language-specific challenges such as word segmentation and diacritic han-
dling, which are rarely encountered in high-resource languages. Furthermore,
with more than 10,000 QA pairs collected from a broad selection of Wikipedia
articles, the dataset offers extensive topical coverage across domains such as
history, notable figures, and technical concepts. Collectively, these charac-
teristics establish VIMQA as a comprehensive and challenging benchmark
for advancing multilingual and explainable multi-hop QA research.

Construction Using the Proposed Framework

The creation of VIMQA demonstrates the effectiveness of the proposed mul-
tilingual multi-hop framework. Wikipedia articles were treated as nodes in
a directed graph, with hyperlinks representing edges. Pairs of connected
paragraphs were sampled as the basis for multi-hop questions. Human anno-
tators generated questions, identified answers, and marked supporting sen-
tences, following the pipeline described in the methodology section. Post-
processing and normalization ensured consistency and language-specific cor-
rectness. This approach not only allowed the systematic creation of VIMQA
but also establishes a template for constructing similar datasets in other
languages.
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Benchmarking and Impact

Initial experiments on VIMQA with state-of-the-art multilingual QA mod-
els show that existing methods often struggle to perform accurate multi-hop
reasoning in Vietnamese. This confirms the dataset’s complexity and high-
lights the need for improved QA architectures for low-resource languages. By
providing both challenging questions and explicit supporting facts, VIMQA
supports research on interpretable and robust QA systems. Detailed exper-
imental settings and quantitative results have been thoroughly reported in
our prior work on VIMQA [30], and are therefore not repeated here.

Availability

The VIMQA dataset [30], initially presented at the LREC conference, has
been made publicly accessible to support scholarly inquiry. The complete
dataset, along with its accompanying multilingual framework, is hosted and
available for download from its official repository: https://github.com/vim
qa/vimqa. Descriptive statistics detailing the dataset’s composition are pro-
vided in Table 4.1. Sample VIMQA instances are presented in Appendix 7.

Split Number of Questions

Train 8,041
Development 1,003
Test 1,003

Total 10,047

Table 4.1: Statistics of the VIMQA dataset.

Overall, VIMQA exemplifies how a structured, language-agnostic frame-
work can produce a high-quality, explainable QA dataset, advancing research
in multi-hop reasoning for Vietnamese and potentially other underrepre-
sented languages.

4.2 Hyperlink-based retrieval system

We propose a retrieval framework, which introduces a hyperlink-based re-
trieval mechanism for efficient multi-hop question answering. Although the
system was initially developed for Vietnamese, its architecture and retrieval
logic are language-agnostic, allowing it to be adapted to other languages that
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provide Wikipedia or similar hyperlinked corpora. This design enables cross-
lingual scalability and facilitates the development of multilingual question
answering systems.

4.2.1 Prelimaries

Problem Definition. We address the open-domain QA task as follows.
Given a natural language question q, the goal is to find the correct answer
by querying a knowledge collection C. This collection contains c candidate
passages P1, . . . , Pc, where each passage Pi consists of tokens p

(1)
i , . . . , p

(li)
i .

For multi-hop questions, the system must identify and reason over multiple
related passages (e.g., Pi and Pj) to produce the final answer.

Notation Summary Table 4.2 lists the symbols used in this work along
with their concise definitions.

Symbol Definition

[CLS] Token representing the full input; its hidden state is used for classifi-
cation/regression.

[SEP] Segment separator token (e.g., between question and passage).

Toki i-th token in a tokenized question or passage.

Ei Input embedding for Toki.

C Final hidden state of the [CLS] token.

Ti Hidden state of the i-th question token after encoding.

T′
i Hidden state of the i-th passage token after encoding.

Pi i-th candidate passage retrieved for the question.

ai i-th predicted answer by the reader model.

Ri Passage included in the final retrieval results.

Qi Passage retrieved at the second hop in multi-hop reasoning.

Ai Article in the knowledge collection.

Ai,j j-th article linked to Ai via hyperlinks.

Pi,j,k k-th passage within article Ai,j.

Table 4.2: Description of the notations used in the study.

Transformer Architecture

The Transformer architecture [69] forms the foundation of most modern lan-
guage models. It replaces recurrent operations with a self-attention mecha-
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nism, allowing each token in a sequence to directly attend to all other tokens.
This mechanism enables efficient modeling of long-range dependencies and
supports parallel computation.

The core component of the Transformer is the Scaled Dot-Product At-
tention, which computes the weighted representation of a sequence based on
query (Q), key (K), and value (V ) matrices as follows:

Attention(Q,K, V ) = softmax

(
QKT

√
dk

)
V,

To capture diverse contextual relationships, multiple attention heads are ap-
plied in parallel, forming the Multi-Head Attention mechanism:

MultiHead(Q,K, V ) = Concat(head1, ..., headh)WO,

headi = Attention(QWQ
i , KWK

i , V W V
i ),

where WQ
i ,WK

i ,W V
i ,WO are are learnable parameter matrices

This attention mechanism is used in both encoder and decoder layers, en-
abling self-attention within a sequence and cross-attention between encoder
and decoder representations. In addition, the Transformer incorporates position-
wise feed-forward networks, residual connections, and layer normalization to
enhance representational capacity and stabilize training.

4.2.2 Construction of the Wikipedia Knowledge Base

The knowledge base was constructed using the Vietnamese Wikipedia dump
(January 20, 2022). Following standard preprocessing procedures, inspired
by Chen et al. [9], the WikiExtractor tool was used to remove semi-structured
content such as tables and lists, preserving only the textual segments of
each article. The text of each article was divided into overlapping passages
using a sliding window of 100 tokens with a stride of 50 tokens, yielding
approximately 3.9 million passages in total.

In addition, a Wikipedia hyperlink graph was built to represent the struc-
tural relationships between articles. In the graph, nodes correspond to ar-
ticles, and a directed edge (u, v) exists when u links to v. Hyperlinks were
extracted from HTML tags, normalized, and mapped to the corresponding
articles in the corpus. This hyperlink graph serves as the relational founda-
tion for multi-hop retrieval, enabling the system to follow semantic connec-
tions between articles. The same hyperlink-based reasoning process remains
applicable across linguistic boundaries.
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4.2.3 Hyperlink-based Multi-hop Retrieval

To effectively retrieve evidence for complex questions that require reason-
ing over multiple sources, the system integrates both textual relevance and
hyperlink structure. The retrieval process proceeds in two main stages.

First-hop Retrieval: The system initiates a single-hop retrieval process
(illustrated in Figure 4.3). Initially, BM25 [38] retrieves the top-m candidate
passages based on lexical similarity between the question and the corpus,
where m is selected to balance coverage and computational cost for down-
stream reranking. These candidates are then reranked using a Cross-Encoder
built on XLM-RoBERTa [11], which measures the semantic relevance of each
question–passage pair. Concurrently, a Reader model identifies candidate an-
swer segments within each passage, and the top n segments with the strongest
prediction scores are kept. Both the relevance scores and the extracted an-
swer spans are subsequently used to rerank the passages. The passage with
the highest combined score, denoted P1, is chosen as the first-hop evidence,
and its corresponding article, A1, is identified for hyperlink-based expansion.

Figure 4.3: Architecture of the single-hop retriever used in first-hop retrieval

37



Wikipedia hyperlink GraphQuestion 1st Retrieval

Passage P1

Passage P2

Passage Pn

...

Candidate Passages

Passage P1_1_1

Passage P1_1_2

Passage P1_2_...

...

A1

A1_2

A2

A2_1

A1_1

An

An_2

An_1

Single-hop Retrieval

2nd Retrieval

Passage Q1

Passage Q2

Passage Qr

... Single-hop Retrieval

Final Passage Pair

Passage P1

Passage Q1

Collect
passages in
connected

articles 

Passage P1_2_2

...

Passage P1_2_1

Figure 4.4: Architecture of the multi-hop retriever used for 2nd-hop retrieval

Second-hop Retrieval via Hyperlinks: Figure 4.4 illustrates how the
second-hop retrieval is performed by iteratively applying the first-hop re-
trieval procedure. Once the first-hop article A1 is identified, the system
explores its outgoing hyperlinks to discover related articles A11 , A12 , ..., A1c1 .
These linked articles provide potential candidates for the second-hop evi-
dence. Passages from the linked articles are reranked using the same Cross-
Encoder model, and the top passage Q1 is selected as the second-hop re-
sult. The resulting pair (P1, Q1) constitutes a multi-hop evidence pair that
connects semantically related information distributed across multiple docu-
ments. This procedure can be extended to lower-ranked first-hop passages
{P2, . . . , Pn} and their neighboring articles in the hyperlink network, as rep-
resented below:

P2 → {A21 , A22 , . . . , A2c2
}

P3 → {A31 , A32 , . . . , A3c3
}

. . .

Pn → {An1 , An2 , . . . , Ancn
}

This hyperlink-based expansion allows the system to go beyond surface-level
textual matching, leveraging Wikipedia’s structured relationships to discover
contextually connected content.
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4.2.4 Cross-Encoder for Relevance Scoring

The Cross-Encoder component plays a crucial role in scoring and reranking
retrieved passages. Figure 4.5 illustrates the overall architecture. The mul-
tilingual capability of XLM-RoBERTa [11] makes it suitable for our work,
so we employ it as the backbone encoder for our non-English language de-
velopment. Because XLM-RoBERTa is a multilingual pretrained model, this
retrieval mechanism can be readily adapted to other languages.

Figure 4.5: Architecture of the Cross-Encoder for evaluating passage-
question relevance

For each question–passage pair, the input is constructed by concatenat-
ing the question and passage sequences, separated by a special [SEP] token,
and prepended with a classification token [CLS]. The hidden representation
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corresponding to the [CLS] token in the final encoder layer serves as the ag-
gregate semantic representation of the pair. A regression head is then applied
on top of this representation to predict a scalar relevance score ranging from
0 to 1. This score reflects how relevant the passage is to the given question.

We adopt the standard XLM-RoBERTa setup, in which the [CLS] token’s
final hidden representation is a 768-dimensional vector with a dropout rate of
0.1. A fully connected regression layer projects this vector to a single scalar
output. The model is optimized using the Mean Squared Error (MSE) loss,
defined as follows:

MSE(ŷ, y) =
1

m

m∑
i=1

(ŷi − yi)
2

where m denotes the number of examples, ŷi is the predicted relevance score,
and yi ∈ {0.0, 1.0} represents the target label (0.0 for irrelevant, 1.0 for
relevant pairs).

In addition to the MSE objective, we also explore a classification-based
variant trained with Cross-Entropy loss. In this setting, the regression head
is replaced with a two-class classifier corresponding to the “Relevant” and
“Irrelevant” categories. The Cross-Entropy loss is defined as:

CrossEntropyLoss(ŷ, y) = − eŷy∑C
c=1 e

ŷc
,

where C is the number of classes, ŷ denotes the model logits, and y is
the ground-truth class label. During inference, the logit corresponding to the
“Relevant” class is used as the passage relevance score.

Training. The Cross-Encoder is trained specifically to adapt to the target-
language QA dataset. Training requires constructing both positive and neg-
ative question-passage pairs. Positive examples consist of pairs in which the
passage contains the gold answer, while negative examples are passages that
are irrelevant but share substantial lexical overlap with the question. Fol-
lowing the negative sampling approach of [26], for each question, the top n
passages retrieved by Lucene-BM25 are labeled positive if they include the
answer, and negative otherwise, continuing until the negative-to-positive ra-
tio reaches r. We set n = 100 and r = 7 to balance training effectiveness and
computational efficiency. The Cross-Encoder is trained for 3 epochs with a
batch size of 32 and a learning rate of 1× 10−5.
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4.2.5 Answer Span Prediction with the Reader

The Reader component is another criterion to filter the retrieved passages.
Figure 4.6 illustrates the overall architecture. Leveraging the multilingual
strengths of XLM-RoBERTa [11], we adopt it as the backbone for the Reader.
On top of the pretrained encoder, we add a span-level prediction layer that
operates on the final contextualized token embeddings. This layer produces
scores for each token, representing the probability that it marks the start or
end of an answer span.

Figure 4.6: Architecture of the Reader for extracting answer spans

41



To compute span boundaries, two learnable vectors, S ∈ RH and E ∈ RH ,
are used to project token representations into start and end scores, respec-
tively. Given the contextualized embedding T ′

i of token i, the probability
that this token marks the start of an answer is defined as

Pstart(i) =
eS.T

′
i∑

j e
S.T ′

j

An analogous formulation is employed to estimate the probability of token i
being the end of the answer span:

Pend(i) =
eE.T ′

i∑
j e

E.T ′
j

For any candidate span defined by token positions (i, j) with i ≤ j, a
span-level score is obtained by summing the corresponding start and end
logits, i.e., S⊤T ′

i + E⊤T ′
j . The span with the highest score is selected as the

model’s predicted answer.

Training. The Reader requires training to specialize in the target language
QA dataset. Specifically, the Reader is optimized to predict the start and
end positions of answer spans based on the annotated labels provided in the
dataset. We employ a batch size of 16 and initialize the optimizer with a
learning rate of 1×10−5. The model is trained for a total of 5 epochs, during
which we monitor the loss and span prediction accuracy on a validation set.
Empirical observations indicate that the Reader reaches stable convergence
after approximately 2.5 epochs.

4.2.6 Advantages of the Hyperlink-based Framework

The hyperlink-based retrieval approach provides two main advantages. First,
it utilizes the inherent relational structure of Wikipedia to discover semanti-
cally connected documents, improving evidence coverage for complex, multi-
step questions. Second, by combining structural and textual signals, the
system achieves more accurate and explainable retrieval compared to purely
similarity-based methods. Although this retrieval system was originally de-
veloped for the Vietnamese language, its modular and language-independent
design allows seamless adaptation to multilingual and cross-lingual QA set-
tings, provided that the target language has a sufficiently interconnected hy-
perlinked corpus. This flexibility makes the system an effective foundation
for multilingual reasoning and retrieval-based language model applications.
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Chapter 5

Experiments and Results

5.1 Language-aware Compression

This experiment evaluates the effectiveness of the proposed LangCompress
framework in maintaining performance in the target language after model
compression. The goal is to determine whether incorporating language-
specific knowledge during compression can preserve reasoning ability and
semantic understanding while significantly reducing model size. The evalua-
tion focuses on the trade-off between efficiency and accuracy, demonstrating
that language-aware compression enables compact models to retain strong
cross-lingual capability and competitive performance compared to their un-
compressed counterparts.

5.1.1 Experimental Setup

Models

To comprehensively assess the impact of vocabulary size and model archi-
tecture, we conduct experiments on several representative families of LLMs.
These models were selected to cover a range of vocabulary configurations,
parameter scales, and training objectives.

• Llama 2. As a previous generation of the Llama family, Llama-2-
7B [67] serves as a useful baseline for comparison. This model employs
a 32K-token vocabulary, significantly smaller than that of Llama 3,
allowing us to investigate how vocabulary expansion affects represen-
tational coverage and downstream generation quality. Llama-2 was
trained on a large corpus of publicly available text and instruction-
tuned data, making it suitable for general-purpose language under-
standing and generation tasks.
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• Llama 3. The Llama 3 family [19] represents Meta’s latest genera-
tion of open-weight LLMs, designed to improve efficiency and multi-
lingual capabilities over its predecessors. We employ three variants in
our evaluation: Llama-3-8B, Llama-3-8B-Instruct, and Llama-3.1-8B.
All of these models share a common vocabulary containing approx-
imately 128K tokens. The Instruct variant is further optimized for
alignment and dialogue-style interactions through instruction tuning,
whereas Llama-3.1 incorporates architectural refinements and extended
context handling.

• Qwen 2.5. Developed by Alibaba Cloud, Qwen-2.5-7B [6] represents
a strong open-source model with competitive multilingual and reason-
ing capabilities. Its vocabulary contains approximately 152K tokens,
one of the largest among the models considered. The Qwen family
adopts a tokenizer that integrates both English and Chinese linguistic
units, enabling cross-lingual generalization and efficient representation
of mixed-language text. Including Qwen-2.5 in our evaluation provides
insight into how large and linguistically diverse vocabularies influence
tokenization behavior and model performance.

• Phi 3. Finally, we include Phi-3-mini-4k-instruct [1], a compact yet
high-quality model developed by Microsoft. It employs a 32K-token
vocabulary, comparable in size to that of Llama 2, and is optimized for
instruction following and reasoning tasks despite its relatively small pa-
rameter count. Phi-3 models are known for their efficient use of training
data and robust performance across various benchmarks, making them
an informative contrast to larger LLMs with broader vocabularies.

Tasks and Datasets

To comprehensively evaluate the performance of LangCompress across
linguistic and functional dimensions, we consider four representative tasks:
language modeling, summarization, translation, and dialogue. Each task
assesses a different capability of LLMs, ranging from basic fluency to higher-
level reasoning and interaction. The following subsections describe the datasets
and evaluation metrics used for each task.

Perplexity. To evaluate the general language modeling ability of LLMs,
we measure their perplexity on Wikipedia corpora in the target language.
Perplexity quantifies how well a model predicts the next token given the
preceding context; lower values indicate better predictive accuracy and a
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stronger understanding of linguistic structure. This task isolates the intrinsic
modeling capacity of the LLM, independent of instruction tuning or task-
specific fine-tuning. In this study, perplexity serves as a direct indicator of
the language modeling quality preserved after model compression and LM
head simplification.

Summarization. For text summarization, we adopt the MLSum dataset [62],
a large-scale multilingual corpus of professionally written news articles and
human-edited summaries across several languages, including English, French,
German, and Spanish. Model performance is evaluated using the ROUGE-
Lsum metric, which measures the longest common subsequence overlap be-
tween generated and reference summaries, emphasizing content coherence
and structural fidelity. This task evaluates the model’s capacity to condense
and reformulate information in the target language while preserving semantic
integrity.

Translation. We evaluate machine translation performance using the FLO-
RES benchmark [18], a comprehensive multilingual dataset originally devel-
oped for the No Language Left Behind (NLLB) project. The dataset extends
earlier versions of the FLORES corpus [17, 21], which focused on low-resource
pairs. The current version covers over 200 languages, providing a balanced
and standardized framework for evaluating cross-lingual generalization. In
our setup, translation is performed from English to the target language, and
results are reported using BLEU scores, which quantify n-gram overlap be-
tween the generated and reference translations. This evaluation captures
both lexical and syntactic fidelity, serving as a strong indicator of multilin-
gual transfer quality under compression.

Dialogue. Finally, to evaluate the general-purpose reasoning and dialogue
capabilities of LLMs, we use MT-Bench [78], a benchmark designed to assess
instruction-following and conversational quality across diverse user queries.
MT-Bench consists of multi-turn, open-ended prompts covering topics such
as reasoning, coding, writing, and general knowledge. Model responses are
evaluated using GPT-based pairwise scoring, where an external LLM serves
as an automated judge to compare two responses and assign a relative qual-
ity score. This evaluation reflects how effectively an LLM understands and
follows complex natural-language instructions. In our experiments, GPT-
5 [51] serves as the judge model, and the score ranges from 0 (lowest) to 10
(highest) for each response.
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In summary, these diverse evaluation settings allow us to examine Lang-
Compress from complementary perspectives, ranging from intrinsic token
prediction and factual reasoning to generative fluency and multilingual di-
alogue competence, thereby providing a robust foundation for analyzing its
effectiveness in low-resource language scenarios.

Model Compression Backbones

LangCompress is designed to operate as a plug-in framework that can be
seamlessly integrated with various model compression techniques to improve
language-specific efficiency. To demonstrate its generality and effectiveness,
we evaluate it across three widely used compression paradigms: structured
pruning, semi-structured pruning, and quantization-based approaches. Each
method offers a different balance between computational savings and model
fidelity, allowing us to assess LangCompress under diverse constraints.

Structured Pruning. Structured pruning eliminates entire model compo-
nents, such as attention heads, feed-forward layers, or channels, to produce
compact and hardware-efficient models. In this work, we adopt two represen-
tative structured pruning methods: LLM-Pruner [39] and SliceGPT [5].
LLM-Pruner conducts layer-wise structured sparsification guided by sensi-
tivity analysis, while SliceGPT prunes weights based on their activation im-
portance without requiring retraining. In our experiments, we applied LLM-
Pruner with sparsity levels ranging from 20% to 50%, using configuration
block-wise pruning with Taylor-based sensitivity. SliceGPT was evaluated
with sparsity levels from 10% to 50%.

Semi-Structured Pruning. We adopt SparseGPT [12], which applies a
2:4 sparsity pattern (i.e., two nonzero weights per four consecutive elements)
for semi-structured pruning. This fine-grained structure is optimized for
modern GPU architectures and is the only sparsity configuration known to
yield measurable inference speedups on current hardware [42]. By integrat-
ing LangCompress with SparseGPT, we examine how language-oriented
vocabulary simplification and instruction-based recovery influence the per-
formance of hardware-efficient pruning schemes.

Quantization. Quantization compresses model parameters by reducing
numerical precision, enabling faster inference and lower memory consumption
without major structural changes. We evaluate two representative quantiza-
tion methods: GPTQ [13] and AWQ [37], quantize weights to 4 bits while
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keeping activations at 16 bits. GPTQ performs post-training quantization
using second-order information to minimize reconstruction error, supporting
weight precision as low as 4 bits while preserving accuracy. AWQ introduces
activation-aware scaling to better align quantized weights with activation
statistics, improving robustness to quantization noise. When integrated with
LangCompress, these methods benefit from target-language calibration
data and reduced LM head dimensionality, further enhancing quantization
stability and multilingual performance.

Languages

Our evaluation covers both alphabetic and logographic writing systems to
assess the generality of LangCompress across linguistic typologies. Specifi-
cally, we experiment with four Latin-based languages: German (DE), Spanish
(ES), French (FR), and Vietnamese (VI); and two logographic or morpholog-
ically complex languages: Japanese (JA) and Chinese (ZH). This selection
enables an analysis of how compression and language adaptation interact un-
der different linguistic characteristics, such as token frequency distribution,
vocabulary redundancy, and morphological richness.

Baselines

In our experiments, the terms Base or Normal recovery refer to models that
employ the same compression backbones as LangCompress, but are cali-
brated using the Alpaca English dataset [65]. This baseline is intended to
evaluate the impact of language-specific calibration: by using a large English
instruction dataset, we can measure how much performance improvement is
attributable to the multilingual and target-language adaptations introduced
by LangCompress. These baselines provide a reference point for under-
standing the benefits of target-language calibration and vocabulary simplifi-
cation under various compression settings.

Implementation Details

Instruction Data Synthesis. For the construction of instruction datasets
within the LangCompress framework, we employ the Alpaca instruction
template [65] for base foundation models (e.g., Llama-2-7B, Llama-3-8B,
Qwen2.5-7B) and use each model’s default chat template for instruction-
tuned variants (e.g., Llama-3-8B-Instruct, Phi-3-Instruct). The instruction
synthesis process incorporates a probabilistic N-gram language filter imple-
mented via the lingua-py library [54] to ensure linguistic consistency with
the target language. To stabilize the language generation probability, we
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adopt a few-shot iterative synthesis strategy with a maximum of K = 10 in-
context examples per iteration. These examples are dynamically updated to
reflect high-quality, target-language instruction–response pairs, thereby im-
proving the model’s self-consistency over successive generations. For fairness,
we generate an equal number of instruction samples across all compression
baselines, matching the dataset size used in their respective recovery or cal-
ibration stages. This ensures that performance differences arise solely from
the effects of LangCompress rather than disparities in data volume.

Vocabulary Simplification. For the vocabulary analysis and LM head
simplification described in Section 3.3, we utilize the FineWeb2 corpus [53]
as the raw linguistic resource. This large-scale, web-crawled multilingual
dataset provides broad lexical coverage and a realistic distribution of token
frequencies across languages. We compute token frequency statistics on the
target-language subset and select the top-k most frequent tokens to form
the key-token set Vsimplify. The cutoff value of k is empirically determined
to balance representational coverage and model compactness: for Llama-3,
Llama-3.1 and Qwen2.5 models, we set k = 32,000, while for Llama-2 and
Phi-3 models, we use k = 16,000. These configurations retain more than 95%
of token coverage in FineWeb2 while substantially reducing the dimensional-
ity of the LM head, enabling efficient inference and memory savings without
compromising linguistic expressiveness.

Summary. The above configurations are chosen to maintain methodologi-
cal consistency and enable fair comparisons across different compression ap-
proaches. The instruction synthesis and vocabulary simplification pipelines
are designed to work in a complementary manner: the former aligns the
model’s behavior with the target language, while the latter reduces model
complexity by optimizing the vocabulary representation. Combined, these
design choices establish a controlled experimental framework for assessing the
effectiveness of LangCompress in enhancing language-specific performance
under various compression settings.

5.1.2 Main results

Perplexity.

Table 5.1 presents the perplexity results across multiple languages and model
architectures. The proposed LangCompress framework consistently im-
proves the performance of compressed language models, demonstrating its
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effectiveness across different compression settings. In particular, LangCom-
press achieves substantial perplexity reductions, with the most pronounced
gains observed for non-English languages. These improvements span several
linguistic families, including European (e.g., German, Spanish, French), East
Asian (e.g., Japanese), and Southeast Asian (e.g., Vietnamese), highlighting
the language-agnostic nature of the approach. Moreover, the consistent ben-
efits across various backbone models, such as the LLaMA variants, Qwen2.5,
and Phi3, confirm the robustness and generalizability of LangCompress in
compressed model scenarios.

Method
DE ES FR JA VI

Base Ours Base Ours Base Ours Base Ours Base Ours

Llama3-8B
Original 5.08 5.13 5.40 6.34 6.44

GPTQ 49.25 30.22 64.52 6.41 781.84 71.61 14.79 9.56 67.48 47.15

AWQ 5.62 5.55 5.64 5.52 5.90 5.82 7.22 7.16 7.34 7.22

SparseGPT 32.60 14.81 22.85 12.60 25.01 16.55 130.19 22.04 61.87 17.87

SliceGPT 156.19 17.57 162.34 14.80 86.33 15.25 65K 37.41 2K 22.48

LLM-Pruner 8.06 7.84 7.62 7.53 8.03 7.87 10.18 9.78 11.25 10.17

Llama3.1-8B
Original 5.03 5.09 5.37 6.34 6.36

LLM-Pruner 7.87 7.62 7.40 7.26 7.81 7.65 10.10 9.78 10.99 9.59

Qwen2.5-7B
Original 6.22 5.75 6.02 7.31 6.32

GPTQ 6.68 6.47 6.13 5.98 6.33 6.27 8.36 7.68 7.07 6.58

AWQ 6.62 6.61 6.05 6.04 6.35 6.05 7.82 7.80 6.69 6.68

SparseGPT 17.97 9.97 13.39 8.63 14.28 10.24 45.22 12.51 29.12 9.65

Llama2-7B
Original 5.67 5.06 5.32 3.43 2.53

SliceGPT 233.12 16.20 329.72 16.32 171.28 15.50 5K 11.20 12.17 6.14

LLM-Pruner 8.74 8.29 7.50 7.26 7.60 7.52 5.18 4.86 3.69 3.32

Llama3-8B-Instruct
Original 6.71 6.95 7.18 9.16 9.22

SliceGPT 171.88 20.92 160.23 15.23 488.79 15.67 58K 86.33 3K 28.62

LLM-Pruner 9.82 9.18 9.18 8.68 9.66 9.10 12.97 11.53 15.20 12.32

Phi3-Instruct
Original 5.83 5.15 5.49 6.63 4.77

SliceGPT 196.46 20.19 181.20 14.53 397.88 14.52 5K 14.73 16.00 9.47

Table 5.1: Perplexity (lower is better) on target-language Wikitext.
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Translation.

Table 5.2 summarizes the translation results, reported in BLEU, on the FLO-
RES benchmark [47] for English-to-multilingual translation. The proposed
LangCompress framework consistently improves the performance of com-
pressed models across a range of target languages. For both pruning-based
and quantization-based compression methods, integrating LangCompress
yields notable gains in translation quality. These improvements are observed
across multiple architectures, including Llama-2, Llama-3, Qwen2.5, and Phi-
3, demonstrating the robustness and general applicability of LangCom-
press in multilingual translation settings.

Summarization.

Table 5.3 presents the summarization results, reported in ROUGE-Lsum
scores, on the MLSUM dataset [62]. The results demonstrate that inte-
grating LangCompress consistently enhances the summarization quality of
compressed models across different languages. Specifically, across compres-
sion techniques such as pruning and quantization, LangCompress leads to
notable improvements in ROUGE scores. These gains are observed across
multiple architectures, including Llama-2, Llama-3, Llama-3.1, and Phi-3, in-
dicating the robustness and general applicability of the proposed framework
in multilingual summarization settings.

Dialogue.

Figure 5.1 presents the MT-Bench [78] evaluation results, where GPT-5 [51]
is used as the judge model. We evaluate the SliceGPT compression method
applied to the Llama3-8B-Instruct model. The results show that LangCom-
press substantially enhances the instruction-following ability of compressed
models. These gains suggest that the proposed recovery mechanism effec-
tively preserves linguistic and contextual understanding in lower-resource lan-
guages, thereby highlighting its potential for enhancing multilingual model
quality under compression.

5.1.3 Analysis

Perplexity Across Sparsity

We evaluate the effectiveness of LangCompress at different sparsity lev-
els using two structured pruning methods, SliceGPT and LLM-Pruner, ap-
plied to LLaMA-3-8B, as shown in Figure 5.2. Across all sparsity set-
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Method
DE ES FR JA VI

Base Ours Base Ours Base Ours Base Ours Base Ours

Llama3-8B
Original 17.42 17.92 25.01 21.73 27.70

GPTQ 23.11 23.55 16.13 18.57 31.91 32.98 6.24 17.93 25.65 35.31

AWQ 10.14 13.65 15.67 15.93 11.71 25.98 4.12 4.64 29.17 30.59

SparseGPT 0.60 1.26 0.56 13.34 0.62 1.06 0.00 0.00 0.26 1.23

SliceGPT 0.78 3.60 0.67 5.57 0.88 5.93 0.00 8.08 0.20 5.63

LLM-Pruner 13.89 17.88 18.67 19.81 25.74 26.53 24.12 32.45 23.09 30.83

Llama3.1-8B
Original 18.26 21.38 32.31 37.30 25.39

LLM-Pruner 8.87 15.51 16.87 21.87 15.58 29.18 24.17 31.73 11.47 21.16

Qwen2.5-7B
Original 19.88 15.61 12.69 39.56 13.63

GPTQ 10.98 22.59 19.60 22.01 36.35 38.28 16.86 19.06 13.29 17.95

AWQ 3.15 3.94 16.70 31.04 11.14 36.11 6.94 15.80 11.38 13.13

SparseGPT 7.27 18.50 10.24 18.95 17.85 25.41 4.15 22.63 6.18 25.02

Llama2-7B
Original 23.01 25.57 38.03 21.84 34.01

SliceGPT 0.42 4.32 0.19 13.02 0.00 5.34 0.05 9.03 0.00 12.88

LLM-Pruner 4.06 5.64 4.46 6.65 6.21 11.26 6.82 10.47 1.76 2.36

Llama3-8B-Instruct
Original 8.56 3.97 15.35 27.46 19.04

SliceGPT 2.94 13.18 0.59 4.36 0.37 4.13 0.62 9.40 2.04 0.00

LLM-Pruner 1.71 20.13 5.41 17.67 7.39 12.47 7.54 20.95 9.74 17.50

Phi3-Instruct
Original 27.25 25.35 43.09 34.15 12.08

SliceGPT 2.60 3.26 1.70 4.95 2.57 6.02 1.13 5.18 0.58 0.00

Table 5.2: Translation performance (BLEU) on FLORES from English to
target languages.
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Method
DE ES FR

Base Ours Base Ours Base Ours

Llama3-8B
Original 11.36 11.18 11.08

GPTQ 12.15 13.36 10.64 10.82 14.02 14.27

AWQ 11.80 12.62 10.78 10.62 13.85 13.31

SparseGPT 11.27 13.62 9.26 10.51 12.44 13.25

SliceGPT 3.38 10.87 2.36 11.13 3.49 11.14

LLM-Pruner 12.00 12.19 10.54 10.59 11.72 13.30

Llama3.1-8B
Original 11.15 10.91 14.91

LLM-Pruner 11.70 11.78 10.44 10.73 11.63 13.98

Llama2-7B
Original 12.56 11.82 13.97

SliceGPT 3.31 9.58 2.51 10.97 2.47 11.54

LLM-Pruner 8.19 8.19 10.44 10.64 10.78 10.99

Llama3-8B-Instruct
Original 16.09 13.53 14.97

SliceGPT 4.09 14.58 3.12 10.94 3.65 12.18

LLM-Pruner 14.52 14.32 11.87 12.57 14.82 15.97

Phi3-Instruct
Original 14.30 12.02 13.30

SliceGPT 2.07 8.20 1.97 10.59 2.16 11.63

Table 5.3: Summarization performance (ROUGE-Lsum) on MLSUM for tar-
get languages.
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Figure 5.1: MT-Bench results using GPT-5 as the judge model. Scores range
from 0 to 10.

tings, LangCompress consistently reduces perplexity, highlighting its ro-
bustness in compressed model scenarios. Notably, the improvements with
LLM-Pruner become more pronounced at higher sparsity levels, indicating
that LangCompress provides particular benefits in high-sparsity regimes.
For SliceGPT, the performance gains are substantial and stable across the
entire range of tested sparsity levels, demonstrating the general applicability
of the method regardless of compression intensity.

Impact of Instruction Data Synthesis

We further analyze the impact of instruction data synthesis on model per-
formance within LangCompress. Using LLM-Pruner and SliceGPT as
compression backbones, Figure 5.3 presents the resulting perplexity across
languages. The results show that incorporating instruction data synthesis
substantially improves model performance compared to the baseline, high-
lighting its role in guiding compressed models to capture linguistic and con-
textual patterns more effectively. Although vocabulary simplification also
contributes to performance gains (see Section 5.1.3), the combination of both
techniques achieves the lowest perplexity. This finding demonstrates that
synthesized instruction data plays a central role in enhancing the language
modeling quality of compressed models.
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Figure 5.2: Perplexity (lower is better) of pruning methods using normal
recovery and LangCompress recovery, measured with Llama3-8B on target-
language Wikitext.
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Figure 5.3: Perplexity performance of Llama3-8B using pruning methods
LLM-Pruner and SliceGPT.

Instruction Data Synthesis Against Raw and Real-World Data

Quantization methods such as GPTQ and AWQ often rely on raw text
corpora (e.g., C4) for calibration. However, our experiments indicate that
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instruction-formatted data provides more effective calibration. As shown in
Figure 5.4, LangCompress-generated instruction data consistently outper-
forms raw text calibration, resulting in lower perplexity and demonstrating
its utility for quantization.
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Figure 5.4: Perplexity performance of Llama3-8B using GPTQ Quantization
with different calibration data.

To evaluate the effectiveness of our approach in real-world scenarios,
we conducted additional experiments on Japanese (JA) and Vietnamese
(VI). For Japanese, we employ the open-source Japanese-Alpaca instruction
dataset [14], and for Vietnamese, Vietnamese-Alpaca [46]. These datasets
represent real-world instruction data and are used for calibration and recov-
ery training. Table 5.4 presents the perplexity results of existing compression
methods when calibrated with English Alpaca (EN), real-world instruction
data, and our LangCompress approach. Analysis reveals that being com-
pared to real-world instruction data, LangCompress achieves lower per-
plexity in Japanese and comparable performance in Vietnamese. While real-
world instruction datasets can be scarce and their quality highly dependent
on the source, the data generation techniques in LangCompress are sta-
ble, language-agnostic, and do not rely on the availability of high-quality
real-world data. These results highlight the practical advantages of our ap-
proach for compressing multilingual models.

Effect of Instruction Data Synthesis on Pruning Stages

Table 5.5 reports the perplexity of the Llama3-8B model pruned with SliceGPT
under different choices of calibration datasets for the pruning and recovery
fine-tuning stages. Lower values indicate better performance. The English
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Method
JA VI

EN Real-world Ours EN Real-world Ours

Llama3-8B
Original 6.34 6.44

SparseGPT 130.19 17.69 22.04 61.87 15.53 17.87

SliceGPT 65K 46.48 37.41 2K 19.90 22.48

Llama2-7B
Original 3.43 2.53

SliceGPT 5K 14.37 11.20 12.17 5.05 6.14

Llama3-8B-Instruct
Original 9.16 9.22

SliceGPT 58K 101.13 86.33 3K 27.31 28.62

Phi3-Instruct
Original 6.63 4.77

SliceGPT 5K 16.63 14.73 16.00 6.79 9.47

Table 5.4: Perplexity results (lower is better) across Japanese (JA) and Viet-
namese (VI) under different model families. Each language shows results
for English calibration (EN), real-world instruction data (Real-world), and
LangCompress synthesis instruction data (Ours).

(Eng) calibration dataset corresponds to the English Alpaca dataset [65],
while Lang denotes our language-specific instruction data synthesized using
the proposed method. The pruning stage refers to slicing the model, whereas
recovery corresponds to recovery fine-tuning after pruning. Using English
data for both stages serves as the baseline, while using language-specific
data for both stages represents our LangCompress setting. Overall, incor-
porating language-specific instruction data improves performance. Notably,
applying language-specific data only during the recovery fine-tuning stage
yields larger gains than applying it only during pruning. This is likely be-
cause recovery fine-tuning uses substantially more samples than pruning,
making it more influential. Moreover, due to vocabulary simplification dur-
ing recovery fine-tuning, using an English dataset at this stage cannot fully
exploit language-specific characteristics, limiting its effectiveness.

Effect of Vocabulary Size on Model Perplexity

We further conducted an ablation study to investigate how vocabulary size
influences model perplexity when applied to Llama3 [19] (with a 128K full
vocabulary). The results in Table 5.6 show that while moderate reductions
in vocabulary size can slightly improve perplexity, overly small vocabularies
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Prune Recovery DE FR JA VI

Eng Eng 156.19 86.33 65K 2K

Eng Lang 23.47 18.92 33.77 27.17

Lang Eng 40.50 20.51 39.41 29.66

Lang Lang 17.57 15.25 37.41 22.48

Table 5.5: Perplexity of Llama3-8B pruned with SliceGPT using different
calibration datasets in each step. English–English calibration is the baseline
( red ); language-specific calibration (LangCompress) is shown in blue .

lead to a sharp degradation in performance. In summary, these findings sug-
gest that reducing the vocabulary size to approximately 25% of the original
(around 32K tokens) provides a favorable trade-off between compression effi-
ciency and model quality, achieving stable perplexity across languages while
reducing memory and computational requirements. Accordingly, in our ex-
periments for LangCompress (mentioned in Section 5.1.1), we fix the vo-
cabulary size to 32K for the Llama3-family models, as this configuration
consistently yields the best balance between model accuracy and efficiency.

Effect of LM Head Simplification on Model Perplexity

We analyze the contributions of vocabulary and LM head simplification
within LangCompress to model perplexity. Vocabulary simplification re-
duces the model’s effective vocabulary size, encouraging the compressed
model to focus on high-frequency tokens in the target language and thereby
improving language modeling efficiency. Figure 5.3 shows that vocabulary
simplification alone consistently lowers perplexity across languages. When
combined with instruction data synthesis, the two techniques achieve the
lowest perplexity, highlighting their complementary effects. In addition, Ta-
ble 5.7 presents the perplexity results of SliceGPT under varying sparsity
levels and languages, explicitly evaluating the impact of LM head simplifica-
tion. While the performance gains from LM head simplification are generally
smaller than those from instruction data synthesis, they are consistent across
sparsity levels and contribute to the overall effectiveness of LangCompress.
Together, these analyses demonstrate that both vocabulary and LM head
simplification provide reliable improvements, particularly when integrated
with instruction data synthesis.
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Method Vocabulary Size JA ZH VI

Original Model - 6.34 8.46 6.44

SliceGPT Full 39.46 91.59 22.53

32K 37.41 87.13 22.48

16K 38.14 88.96 26.61

8K 39.85 101.44 30.47

GPTQ Full 9.92 18.43 79.88

32K 9.56 14.45 47.15

16K 10.21 18.52 89.52

8K 11.82 22.45 102.94

AWQ Full 7.36 9.59 8.21

32K 7.16 9.47 7.22

16K 7.57 10.26 9.18

8K 8.08 12.63 10.84

Table 5.6: Perplexity of models across languages (JA, ZH, VI) under varying
vocabulary sizes. Lower values indicate better performance. Original models
are highlighted in gray , full vocabulary as baselines in red , and LangCom-

press results with 32K vocabulary in blue , representing the best perplexity
within each method.

Efficiency gains of LM Head Simplification

The LM head simplification module is designed primarily to guide the lan-
guage model to focus on the target language vocabulary while maintaining
performance after pruning or quantization. An additional benefit is the re-
duction of the LM head’s effective size, which can decrease latency and mem-
ory usage during inference. To quantify these efficiency gains, we conducted
runtime measurements of the LM head using Llama3-8B (hidden size = 4096,
sequence length = 2048, full vocabulary size = 128,356) on 1,000 examples.
Table 5.8 summarizes the results across different GPUs and vocabulary sizes.
Smaller vocabularies yield higher speedups and memory savings, while the
full 128K vocabulary serves as the baseline. As expected, reducing the vo-
cabulary size consistently results in greater speedups and memory savings.
It is worth noting that the LM head represents only a small fraction of the
overall model, approximately 7% in Llama3-8B, and an even smaller fraction
in larger models (e.g., those exceeding 70B parameters). Therefore, while
latency and memory improvements are beneficial, the primary goal of LM
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Sparsity JA VI ZH

× ✓ × ✓ × ✓

0.1 29.06 27.40 17.98 18.01 80.88 77.93

0.2 39.46 37.41 22.53 22.48 91.59 87.13

0.25 52.36 47.36 25.90 25.79 174.89 163.38

0.3 90.91 79.92 28.99 28.79 149.57 138.78

0.4 143.15 120.58 35.67 35.41 197.24 181.75

0.5 114.11 100.36 48.94 48.33 294.99 271.40

Table 5.7: Perplexity comparison of SliceGPT under varying sparsity levels
and languages, with (✓) and without (×) LM head simplification. Lower
values indicate better performance.

head simplification remains aligning the model’s output distribution with the
target language vocabulary while preserving task performance.

Vocabulary Size Time (ms) Parameters Speedup Memory Saved in LM Head

NVIDIA A100-PCIE-40GB

16K 1.50 65M 7.41× 88%
32K 2.88 131M 3.87× 75%
64K 5.54 262M 2.01× 50%
128K (full) 11.13 525M 1.00× 0%

NVIDIA A40

16K 2.38 65M 7.70× 88%
32K 4.54 131M 4.04× 75%
64K 9.14 262M 2.01× 50%
128K (full) 18.35 525M 1.00× 0%

NVIDIA RTX A6000

16K 2.34 65M 7.68× 88%
32K 4.43 131M 4.06× 75%
64K 8.89 262M 2.02× 50%
128K (full) 17.95 525M 1.00× 0%

NVIDIA A100-80GB-PCIe

16K 1.27 65M 7.41× 88%
32K 2.52 131M 3.75× 75%
64K 4.73 262M 1.99× 50%
128K (full) 9.43 525M 1.00× 0%

Table 5.8: LM head runtime and efficiency comparison across different GPUs
and vocabulary sizes using Llama3-8B.
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5.2 Retrieval System

This experiment evaluates the effectiveness of the proposed retrieval system
in identifying relevant documents through relational connections within the
Wikipedia hyperlink graph. By leveraging these structured inter-article links,
the system retrieves semantically related passage pairs required for multi-hop
reasoning in a target language.

5.2.1 Experimental Setup

Dataset

The evaluation is conducted on the VIMQA dataset (proposed in Section 4.1.2),
a large-scale, human-annotated benchmark for Vietnamese multi-hop ques-
tion answering. This dataset enables the assessment of how effectively the
hyperlink-based retrieval strategy enhances the system’s ability to locate cor-
rect supporting passages.

Knowledge Base

We employ the Vietnamese Wikipedia textual archive as the main source of
knowledge for the experiments. After preprocessing, the corpus comprises
approximately 1.27 million articles and 3.89 million passages, repre-
senting a substantially larger resource compared with the human-curated
UIT-ViQuAD dataset [44], which contains only 174 articles and 5,109 pas-
sages. This considerable difference in scale underscores the suitability of
Vietnamese Wikipedia as a comprehensive knowledge source for retrieval-
based tasks.

Evaluation Metrics

Retrieval performance is evaluated using three complementary metrics:

• 1C (Single Accurate Title): The percentage of retrieved passage
pairs where at least one title exactly matches a reference passage title.

• 2C (Both Accurate Titles): The percentage of passage pairs in
which the titles of both passages correctly align with the corresponding
reference titles.

• CA (Answer Present): The percentage of retrieved passage pairs
that contain the correct answer span, excluding questions that require
a Yes/No response.
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A title is regarded as correct only when it perfectly corresponds to the refer-
ence passage title in the ground truth. It is noted that the metrics (1C) and
(2C) measure correctness at the title level, rather than assessing the align-
ment of the underlying content. Since the retrieval corpus is constructed from
segmented 100-word chunks of Wikipedia articles, direct content matching
between retrieved passages and gold passages is infeasible. Therefore, title
matching serves as a practical proxy for evaluating retrieval precision at the
article level.

Competitive Baselines

We evaluate the performance of the proposed retriever against two strong
baselines: the traditional sparse method Lucene-BM25 [59] and the dense
multi-hop retrieval model Multi-hop Dense Text Retrieval [71]. Lucene-
BM25 has demonstrated robust performance in Vietnamese QA tasks such
as VIMQA, where substantial lexical overlap exists between questions and
relevant passages. In contrast, MDR leverages dense vector representations
and has achieved strong results on English open-domain QA benchmarks,
including NaturalQuestions [29], TriviaQA [25], and WebQuestions [7].

Implementation Details

The Vietnamese Wikipedia Corpus is indexed using Pyserini [38] to construct
the Lucene-BM25 retriever. For reranking, a Cross-Encoder model based on
XLM-RoBERTaBase is implemented using the transformers library [70]. In
the multi-hop setting, the top m = 100 passages are retrieved, and the top
n = 30 answer span predictions are retained for reranking.

For the Vietnamese setting, MDR is customized by replicating the train-
ing protocol described in [26], where dual encoders is optimized using the
VIMQA corpus together with Vietnamese Wikipedia as the supporting knowl-
edge source. The in-batch negatives strategy is applied to improve training
efficiency, and the batch size is tuned for optimal performance. The Viet-
namese DPR model is built on top of Multilingual BERT (mBERT), which
is used as its underlying encoding architecture.

5.2.2 Results

Table 5.9 compares the proposed retrieval system with baseline methods.
Although our system yields lower performance on the single-title metric
(1C) compared to Lucene-BM25, it substantially improves both the two-
title (2C) and answer coverage (CA) metrics. This suggests that leveraging
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Method
Development Set Test Set

1C 2C CA 1C 2C CA

BM25 58.72 5.78 83.78 55.23 4.59 84.50
MDR 73.48 32.80 83.50 71.98 30.61 84.21

Ours 44.97 9.27 86.20 42.17 8.18 86.63

Table 5.9: Multi-hop retrieval accuracy on the VIMQA dataset over the
Wikipedia knowledge base.

the Wikipedia hyperlink graph enhances the discovery of semantically related
passage pairs, which is an essential factor for effective multi-hop reasoning.
BM25 achieves relatively high 1C scores but performs poorly on 2C, indicat-
ing its limitation in retrieving multiple supporting passages. MDR attains
the best 1C and 2C results, reflecting strong source article retrieval, yet
its CA remains lower than ours. Since title-based metrics do not necessar-
ily reflect factual alignment, CA provides a more comprehensive measure
of retrieval quality. Overall, our system achieves the highest CA scores on
both development and test sets, demonstrating that graph-based retrieval
improves answer coverage and supports more accurate multi-hop reasoning.

5.3 End-to-End Evaluation of Retrieval and

Compression

To provide a thorough evaluation of the proposed framework, this experiment
evaluates the system that integrates the document retrieval module with the
language-aware compressed LLM. The evaluation is conducted through a QA
task, which simultaneously examines the accuracy of document retrieval and
the reasoning capability of the compressed model. Such an evaluation is es-
sential, as it demonstrates the system’s ability to utilize retrieved information
to generate factually correct and contextually appropriate answers in the tar-
get language. This section presents the evaluation of the proposed end-to-end
QA system, which integrates the retrieval module with the language-aware
compression module.

5.3.1 Experimental Setup

Dataset

The evaluation employs the VIMQA dataset proposed earlier (Section 4.1.2).
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Evaluation Metrics

We evaluate the end-to-end QA system using Exact Match (EM) and F1,
in accordance with the standard evaluation procedure introduced for the
SQuAD benchmark [56]. The EM metric measures the proportion of ques-
tions for which the predicted answer string is identical to at least one ground-
truth answer after normalization. It is defined as:

EM =
# exactly correct answers

# questions

While EM provides a strict correctness criterion, it does not account for
partially correct answers. To capture partial overlap between predictions
and references, we additionally report the F1 score, which balances precision
and recall over tokens.

Precision =
# overlapping tokens

# tokens in the prediction

Recall =
# overlapping tokens

# tokens in the reference answer

F1 =
2× Precision× Recall

Precision + Recall

Besides, we design the Contain Answer metric (CA) to capture cases
where the model produces a correct answer embedded within a longer gen-
erated span. This metric counts a prediction as correct if the gold answer
appears as a contiguous substring within the model output. Unlike EM and
F1, which penalize verbosity, the Contain Answer metric reflects whether
the essential content is correctly generated even when the output is over-
complete. Following common QA evaluation practice, yes/no questions are
excluded from this measure because substring-based matching is not mean-
ingful for such cases.

Together, these metrics offer a more complete evaluation of both the
retrieval accuracy and answer-generation behavior of the integrated system,
particularly in scenarios where models tend to generate longer, conversational
responses.

5.3.2 Results

Table 5.11 reports the QA results on the development and test sets of VIMQA [30]
across four backbone models. Applying LangCompress consistently im-
proves performance across all compression methods and model sizes. Al-
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though EM and F1 can remain relatively low because the model often gener-
ates longer answers than the typically short, phrase-level gold references, CA
shows substantial gains, indicating that the predicted answers still contain
the correct information. For example, SliceGPT-LC on Llama3-8B recovers
much of the performance lost due to structural pruning, nearly doubling F1
while significantly improving CA. Similar trends are observed for quantiza-
tion methods and models. Overall, LangCompress enhances the quality of
compressed models by preserving the correctness of generated answers even
when exact matches with reference spans are limited.
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Method
Development Set Test Set

EM F1 CA EM F1 CA

Llama3-8B
Original 21.14 39.73 47.46 21.04 41.00 48.16

GPTQ 21.73 37.93 38.19 22.83 39.48 39.18
GPTQ-LC 21.73 39.21 42.27 23.73 40.58 43.67

SparseGPT 1.00 11.92 18.34 0.90 11.96 19.34
SparseGPT-LC 6.08 24.50 37.39 6.28 25.52 36.09

SliceGPT 3.69 9.68 14.46 3.89 10.30 13.76
SliceGPT-LC 2.09 20.45 38.38 1.50 20.67 36.79

Llama2-7B
Original 18.54 29.01 24.63 22.33 32.14 26.62

SliceGPT 4.69 14.63 19.54 5.28 15.38 19.34
SliceGPT-LC 0.90 14.27 32.30 1.00 14.00 31.61

Llama3-8B-Instruct
Original 6.58 28.70 53.74 7.28 29.72 52.44

SparseGPT 0.00 9.32 17.65 0.20 8.55 15.55
SparseGPT-LC 1.30 18.82 35.99 1.10 19.17 36.69

SliceGPT 0.30 1.50 1.89 0.30 1.16 1.10
SliceGPT-LC 0.00 17.80 33.60 0.20 18.98 35.89

Phi3-Instruct
Original 1.99 19.72 34.30 1.89 19.86 32.90

GPTQ 1.69 16.73 29.51 2.69 18.36 29.01
GPTQ-LC 2.09 19.01 32.30 2.19 19.36 32.70

SparseGPT 0.00 4.60 6.28 0.10 4.23 7.68
SparseGPT-LC 0.10 9.57 16.25 0.00 9.16 15.35

Table 5.11: End-to-end QA performance of various model compression back-
bones with and without using LangCompress, measured in Exact Match
(EM), F1 Score (F1), and Containing Answer (CA) on VIMQA [30].
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Chapter 6

Conclusion

The main contributions of this thesis lie in the development of a relational
retrieval framework for structured reasoning and a language-aware compres-
sion framework for efficient LLM adaptation. Together, these frameworks
advance the goal of building QA systems that are both reasoning-capable and
computationally practical. Beyond the immediate improvements in QA per-
formance, this research contributes to broader objectives of fairness and in-
clusivity in NLP by providing methods that support low-resource languages,
thereby reducing the technological gap across linguistic communities.

Moreover, the proposed frameworks highlight the synergistic relationship
between retrieval and compression. Effective retrieval can reduce the reason-
ing burden on LLMs by supplying precise, contextually relevant evidence,
while efficient, language-adapted models can make real-time reasoning fea-
sible under limited resources. This interaction lays the foundation for more
sustainable and scalable QA systems capable of operating across a wide spec-
trum of domains and languages.

This research advances the development of efficient, language-aware sys-
tems for two complementary frameworks that advance both the retrieval and
compression aspects of QA systems, with a particular focus on low-resource
languages. The contributions can be summarized as follows:

• A hyperlink-based retrieval system. The first framework focuses
on retrieval enhancement through the exploitation of relational knowl-
edge structures. By leveraging the inherent link relationships within
Wikipedia, a relational knowledge graph was constructed to support the
retrieval of semantically connected evidence across multiple documents.
This approach enables reasoning that extends beyond isolated passages,
allowing the system to synthesize information distributed across differ-
ent sources.
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• A multilingual dataset construction framework. In support of
this framework, a multilingual dataset construction process was intro-
duced, culminating in the creation of VIMQA, a Vietnamese dataset
designed to evaluate reasoning and evidence integration. The VIMQA
framework demonstrates that multi-hop QA datasets can be efficiently
constructed for other languages using a similar methodology, thus ex-
tending the scope of multilingual QA research.

• LangCompress Framework. The second framework, LangCom-
press, addresses the computational barriers to deploying LLMs in
resource-constrained environments. Recognizing that multilingual mod-
els often contain redundant parameters and excessively large vocabu-
laries, LangCompress introduces a language-aware compression ap-
proach that combines self-supervised instruction data generation with
vocabulary simplification. It improves both the efficiency and per-
formance of LLMs in language-specific scenarios, particularly for low-
resource languages. It is compatible with existing pruning and quan-
tization techniques, enabling reductions in model size while preserv-
ing, or in some cases improving, performance on target languages.
This demonstrates its potential for practical, multilingual, and domain-
specific deployment of large models.

Overall, this research demonstrates the feasibility of combining language-
aware QA and model compression techniques to build efficient, effective,
and practical NLP systems for low-resource languages. The methodologies
developed here are not limited to Vietnamese and can be generalized to other
languages with limited resources.
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6.1 Discussion and Limitations

Despite the promising results, several limitations remain:

• Language-Specific Trade-offs. Techniques such as vocabulary sim-
plification in LangCompress enhance performance in the target lan-
guage but can reduce multilingual generalizability, making the ap-
proach most suitable for resource-constrained, language-specific appli-
cations.

• Preprocessing Overhead. While inference in both ViWiQA and
LangCompress-compressed models remains efficient, preprocessing
steps such as instruction data synthesis, vocabulary analysis, and dataset
construction require additional computational resources.

• Scalability and Evaluation Scope. Experiments for LangCom-
press were conducted on medium-scale LLMs (7B–8B) due to re-
source limitations. Similarly, QA evaluations focused on Vietnamese
Wikipedia. Future work should assess larger models, other domains,
and additional low-resource languages to validate generalizability.

• Multi-hop Reasoning Complexity. In the current proposed re-
trieval system, multi-hop QA relies on passage retrieval using the hy-
perlink graph, which may not fully capture complex reasoning across
diverse knowledge sources. Extending retrieval and reasoning strategies
remains an important avenue for improvement.
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6.2 Future Work

Based on the findings and contributions of this thesis, several potential ex-
tensions can be explored:

• Extending the knowledge base of the retrieval system to incorporate
other relational knowledge sources, such as academic citation networks
or domain-specific ontologies, enabling richer reasoning across struc-
tured and semi-structured data.

• Scaling LangCompress to larger LLMs and exploring additional com-
pression techniques to further improve efficiency while preserving mul-
tilingual capabilities.

• Investigating more sophisticated multi-hop reasoning strategies, includ-
ing graph-based reasoning and neural reasoning over heterogeneous
knowledge sources.

• Integrating cross-lingual transfer techniques to improve QA perfor-
mance in languages with extremely limited datasets.

Overall, these future research directions are intended to strengthen the
accessibility, efficiency, and robustness of NLP systems in multilingual and
limited-resource environments, helping to reduce disparities between high-
resource and low-resource languages.
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Chapter 7

Appendix

LangCompress - Synthesis Data

System Prompt

Table 7.1 shows examples of system prompts (introduced in Section 3.2) that
can be used to generate synthetic data in the target language. These prompts
only instruct the model to generate text in the specified language, without
specifying a particular task or topic. As a result, the generated content can
be diverse, consistent with observations in previous work [72].

Few-shot for Data Synthesis

Figure 7.1, analogous to the main results presented in Section 3.2, illustrates
the empirical relationship between the number of few-shot examples and the
probability of generating instructions in the target language. The languages
examined here are considered very low-resource languages, including Māori,
Ganda, and Xhosa, which are less represented than the languages discussed
in the main content, as well as Arabic, whose writing system differs sub-
stantially from that of English. Overall trends are consistent with those
reported in the main section. The results indicate that even for less popu-
lar languages, zero-shot generation can occasionally produce outputs in the
target language; however, the probability is low. Increasing the number of
few-shot examples consistently improves the likelihood of generating text in
the correct language. For Arabic, although the probability does not exceed
90% even with 10-shot prompting, further increasing the number of shots
yields diminishing returns due to the trade-off between input length and
generation effectiveness. At approximately 80% accuracy, generating Arabic
data requires additional sampling iterations to obtain the same number of
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Language System Prompt

Translation Below is an instruction that describes a task. Write an ap-
propriate response that correctly fulfills the request. Please
respond in [target language].

German Im Folgenden findest du eine Anweisung zur Beschreibung
der Aufgabe. Schreibe eine passende Antwort, die der An-
frage entspricht. Bitte antworte auf Deutsch.

Spanish A continuación se presenta una instrucción que describe la
tarea. Escriba una respuesta adecuada que cumpla con la
solicitud. Por favor, responda en español.

French Voici une instruction décrivant la tâche. Rédigez une réponse
appropriée qui répond à la demande. Veuillez répondre en
français.

Vietnamese Dưới đây là hướng dẫn mô tả nhiệm vụ. Hãy viết câu trả
lời phù hợp để đáp ứng yêu cầu. Vui lòng trả lời bằng tiếng
Việt.

Japanese 以下は、タスクを説明する指示です。要求を適切に満
たす応答を書きなさい。回答は日本語のみでお願いしま
す。

Chinese 以下是任务的说明。请写出能够正确满足要求的回答。回
答请使用中文。

Table 7.1: Multilingual system prompts provided to guide language models
during data synthesis.
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valid examples, which remains acceptable in practice. Overall, these findings
suggest that applying prompting with ten high-quality few-shot examples
provides a reasonable and effective configuration for balancing generation
quality, efficiency, and prompt length across languages.
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Figure 7.1: Relationship between the number of language-specific few-shot
examples in the prompt and the probability of language-specific instruction
for Llama3-8B-Instruct.

Examples of Instruction Data Synthesis

Although the quality of synthesized data depends on the model used, after
filtering for language and quality, we believe the resulting data is reliable.
Figures 7.2, 7.3, and 7.4 present examples of data generated in Japanese using
the Llama3-8B-Instruct model. Example 7.2 illustrates a math task. The
model generated a clear and reasonable instruction, and the output presents
the multiplication table in a consistent and readable format. Since the output
consists of numbers, it is considered valid Japanese and was not filtered
out. Example 7.3 demonstrates another case where both the instruction
and input are well-formed. The output is in the target language, with a
concise title that reflects the main content and aligns factually with the input
text. Example 7.4 is suitable for an educational blog article. The output is
coherent and grammatically correct, but the content is generic and has little
informative value, which gives it the appearance of being machine-generated.
Despite this, it still qualifies as high-quality instruction data. Additionally,
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due to resource limitations, a maximum length was set for generation, causing
the output to be cut off mid-sentence and end abruptly.

Figure 7.2: Example of Japanese data synthesized by Llama3-8B-Instruct.

VIMQA Dataset

Figures 7.5 and 7.6 present examples of multi-hop questions from VIMQA.
A sample is composed of an ID, a question, an answer, and a context, which
is a list of titled paragraphs. The supporting facts specify the paragraphs
required to derive the answer and are represented by the paragraph titles
together with the corresponding supporting sentence indices. For clarity in
the examples, we present only the gold paragraphs.
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Figure 7.3: Example of Japanese data synthesized by Llama3-8B-Instruct.
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Figure 7.4: Example of Japanese data synthesized by Llama3-8B-Instruct.
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Figure 7.5: Example of wh-question from VIMQA. Supporting facts are also
a part of the dataset and are highlighted in blue. The translation is in italic.
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Figure 7.6: Example of a yes/no question from VIMQA. Supporting facts are
an integral part of the dataset and are highlighted in blue. The translation
is shown in italic.
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