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Abstract

Large Language Models (LLMs) have achieved remarkable success in natural
language processing tasks, particularly in question-answering (QA). How-
ever, their integration into real-world systems is often hindered by two key
challenges: first, the need for structured, concise answers and reliable confi-
dence estimation to support aggregation across multiple reasoning paths; and
second, the large model size and computational cost, which limit deployment
efficiency.

To address these challenges, this thesis presents two complementary con-
tributions. First, we introduce ANSPRE, a structured answer generation
framework that guides LLMs to produce concise answers with reliable con-
fidence scores. ANSPRE improves aggregation across retrievals and reason-
ing chains, enhances answer quality, and generalizes across multilingual and
vision-language QA tasks. Extensive experiments on open-domain, multi-
lingual, and visual QA benchmarks demonstrate that ANSPRE significantly
improves Exact Match (EM) and F1 scores while providing well-calibrated
confidence estimates.

Second, we investigate the behavior of pruning techniques across varying
sparsity levels and identify key findings that inform optimal pruning strate-
gies. Building on these insights, we propose OPTIPRUNE, a method that dy-
namically selects the most suitable pruning approach for each sparsity regime.
Empirical evaluation shows that OPTIPRUNE consistently outperforms state-
of-the-art pruning methods across multiple architectures, benchmarks, and
language-specific calibrations, enabling efficient deployment without signifi-
cant performance degradation.

Together, ANSPRE and OPTIPRUNE advance LLMs toward high-quality,
reliable, and deployment-efficient systems, addressing critical gaps in struc-
tured reasoning, confidence estimation, and model compression.

[Keywords] Model Reliability, Model Efficiency, Retrieval-Augmented
Generation, Model Pruning, Question-Answering, Large-Language-Model
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Chapter 1

Introduction

1.1 Background

1.1.1 Answer Quality and Reliability in LLM

Recent progress in Large Language Models (LLMs) has significantly advanced
the field of Open-domain Question Answering (ODQA). Despite their re-
markable capabilities, most LLMs rely solely on static pre-trained knowl-
edge, which naturally becomes outdated as new information emerges. This
limitation restricts their ability to answer time-sensitive or factual queries
accurately. To mitigate this issue, retrieval-augmented approaches such as
Retrieval-Augmented Generation (RAG) [43], 21] were proposed. RAG en-
hances question answering by retrieving relevant documents from an exter-
nal knowledge source and conditioning the generation process on both the
query and retrieved content. For example, when asked, “Who won the FIFA
Women’s World Cup in 20237”, an LLM trained prior to that year might
respond incorrectly or acknowledge the lack of data. In contrast, a retrieval-
augmented model can dynamically access updated information, enabling it
to produce a correct and up-to-date answer. Figure [I.1a] illustrates this dif-
ference, where a RAG-enabled system successfully retrieves and integrates
relevant knowledge to identify the correct answer.

Beyond textual retrieval, LLMs have also been extended to Visual Ques-
tion Answering (VQA), a task that combines linguistic understanding with
visual perception. Similar in spirit to RAG—which retrieves textual evi-
dence from a knowledge base—VQA integrates visual models with LLMs to
extract information directly from images. Given an input question and an
image, the model can reason over visual cues and textual context to produce
an appropriate response. For instance, in Figure when asked, “Which
kind of technology had the highest priority in 2016?”, the model interprets



the visual chart to determine the correct answer. This demonstrates the
growing potential of multimodal reasoning systems that unify textual and
visual comprehension for more informed and context-aware answers.

Prompt: Which kind of

Direct generation Not sure about 2023, technology had the -
—> but the USA won the : F ity 0 o
2019 World Cup. highest priority in 20167
LLM .
Textual Information
+
Prompt: Who won % oo
the FIFA Women's VLM
World Cup in 2023? l,
Ro | :
RAG @ e The FIFA Women's Answer: In 2916, thg
technology with the highest

| ZQ Web Search —> —> World Cup 2023 was . chnolc J
@ patabase | won by Spain . N priority is Internet of Thing
LLM -

@~ L I

Retrieve knowledge Visual Information

(a) Retrieval-Augmented Generation (b) Visual Question Answering (VQA)
(RAG) example. example.

Figure 1.1: Examples of RAG and VQA systems.

Although such methods enrich the knowledge accessible to LLMs, they
often lead to verbose outputs that obscure the essential answer. As shown
in Figure [1.1] while both responses are factually correct, they can be more
concisely expressed as “Spain” and “Internet of Things (IoT).” Consider the
example in Figure [1.2] where the question “What gambling game, requiring
two coins to play, was popular in World War I?” expects the concise an-
swer “Two-Up.” A conventional RAG pipeline, however, may generate an
extended explanation around this answer, complicating its extraction. While
instruction-tuned [79] or reinforcement-trained [62] LLMs can be prompted
to produce shorter responses, their consistency varies considerably depending
on the underlying model, prompt format, and instruction style.

Another important challenge in ODQA 1is the calibration of confidence
scores. Reliable confidence estimation is critical in high-stakes applications
such as healthcare, law, and finance, where incorrect predictions can have
serious consequences. LLMs typically compute confidence based on token
probabilities; however, prior studies [20} 30] have shown that these probabili-
ties are often misaligned with actual answer correctness. This miscalibration
undermines the dependability of model outputs, especially when integrating
automated reasoning systems with structured databases or decision-making
pipelines [15] @].

To address these challenges, this study introduces Answer-Prefix Gen-
eration (ANSPRE), a novel framework designed to produce concise, well-
calibrated answers from LLMs. The core idea of ANSPRE is to use explicit
answer prefizes that guide the model to generate direct and precise responses.



Retrieval-Augmented Generation (RAG)

Step 1: Retrieve K documents Step 2: Doc + Prompt — LLM Generate
Answer phrase

Multiple samplings of response
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Australia's soldiers during World War | 2 [
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+
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popular in World War | was [...] o 9 o o Aggregator
O 8 @ a a AAA

2 EIREd

| Twoup” |} Twoup Pachinko
H 42 Prob: 0.12

Prob022 i1 Probi0a42

Figure 1.2: Overview of the proposed ANSPRE framework compared with the
standard RAG pipeline.

As shown in Figure , the method proceeds in four stages: (1) generating
a compact set of answer-prefix examples, (2) retrieving relevant evidence
using standard RAG techniques, (3) composing an augmented prompt that
integrates the question, retrieved passages, and answer prefix to guide the
generation process, and (4) aggregating predictions and associated confidence
scores across multiple retrievals. This structured pipeline improves both an-
swer accuracy and confidence interpretability, making it suitable for practical,
reliability-critical applications.

Furthermore, we extend this approach by integrating ANSPRE with Self-
Reflective Retrieval-Augmented Generation (SELF-RAG) [4]. SELF-RAG in-
troduces reflection tokens to assess the quality and relevance of retrieved
information during generation. Our combined framework, termed SELF-
ANSPRE, fuses the calibrated confidence mechanism from ANSPRE with the
reflective retrieval strategy of SELF-RAG, enhancing both retrieval precision
and response reliability. Figure illustrates this integration, where SELF-
ANSPRE unifies structured answer generation and retrieval-based reflection
for improved performance across ODQA benchmarks.



1.1.2 Model Pruning

Large Language Models (LLMs) have achieved remarkable performance across
a wide range of natural language processing tasks. However, their immense
parameter counts and computational demands pose challenges for efficient
deployment, especially in resource-constrained environments. To mitigate
these issues, model compression techniques such as pruning have been exten-
sively studied [38, 24], 59, [67, 18,87, [84]. Model pruning aims to reduce model
size and inference cost by removing redundant or less significant parameters.
Depending on the granularity of the removed components, pruning meth-
ods can be categorized into three types: unstructured pruning (individual
parameter removal), semi-structured pruning (removal under partial struc-
tural constraints), and structured pruning (removal of entire neurons, filters,
or layers). Among these, post-training pruning—a one-shot approach that
eliminates the need for retraining—has proven particularly practical for large-
scale models, especially in unstructured and semi-structured forms. Given a
target sparsity ratio, these methods iteratively remove parameters until the
desired sparsity level is achieved (e.g., pruning 70% of parameters for 70%
sparsity).

Recent state-of-the-art (SOTA) pruning methods generally adopt a lay-
erwise strategy, where each layer is pruned independently to minimize the
discrepancy between the outputs of the pruned and original models. Most of
these approaches employ a uniform sparsity pattern, applying the same spar-
sity ratio across all layers. Pruning can be accomplished either by construct-
ing a binary sparsity mask or by reconstructing weights based on second-order
information such as the Hessian matrix. Mask-based methods typically rely
on parameter magnitude [22] or relative importance estimation [87], whereas
reconstruction-based approaches [45] (17, [I8] optimize the remaining weights
using Hessian-guided updates. In contrast, several studies have explored
non-uniform sparsity, allowing the sparsity ratio to vary across layers while
maintaining a fixed overall sparsity budget [16} 41l [76] [39] 49, [84]. Despite
their success, our findings indicate that these methods exhibit performance
trade-offs depending on the sparsity regime: non-uniform sparsity tends to be
advantageous at higher compression ratios, while uniform sparsity performs
better when pruning is moderate. Moreover, little prior work has examined
how pruning affects multilingual generalization, leaving this an open area for
further investigation.



1.2 Research Objectives

The overarching goal of this research is to advance the development of high-
quality, reliable, and deployment-efficient large language models
(LLMs). While existing LLMs exhibit impressive capabilities, they often
face challenges in generating concise and structured outputs, providing reli-
able confidence estimates, generalizing across modalities and languages, and
maintaining efficiency under pruning. To address these limitations, this thesis
pursues two major research directions, each corresponding to a core objective.

1.2.1 Objective 1: Toward High-Quality and Reliable
Answer Generation

The first objective is to design a mechanism that enhances the answer quality,
reliability, and adaptability of LLMs. Specifically, this research proposes a
framework, termed ANSPRE, which aims to:

e Guide LLMs to produce concise and structured answers, improving
interpretability and enabling aggregation of reasoning paths to enhance
overall accuracy.

e Develop a method for reliable confidence estimation, ensuring that
the model’s self-assessed confidence aligns closely with its true perfor-
mance.

e Evaluate the proposed mechanism’s generalizability across multilin-
gual and vision-language settings to confirm its robustness and cross-
domain applicability.

1.2.2 Objective 2: Toward Deployment-Efficient Large
Language Models

The second objective focuses on optimizing LLM efficiency through struc-
tured pruning analysis and improvement. This research investigates how
various pruning strategies behave under different sparsity levels and derives
actionable insights for optimal compression. Based on these findings, this
thesis introduces OPTIPRUNE, an approach designed to:

e Analyze the effects of pruning across multiple sparsity regimes to un-
derstand performance trade-offs.

e Leverage sparsity-dependent characteristics to determine the most
effective pruning method for each sparsity range.



Achieve an optimal balance between model performance, efficiency, and
deployability across diverse computational settings.

1.3 Research Contributions

This thesis makes several contributions toward advancing the quality, reli-
ability, and efficiency of large language models (LLMs). The contributions
are organized around two main research objectives: (1) improving answer
generation and confidence estimation, and (2) enhancing model pruning for
deployment efficiency.

1.3.1 High-Quality and Reliable Answer Generation

Structured Answer Generation: We propose ANSPRE, a struc-
tured generation framework that guides LLMs to produce concise and
well-structured answers. This approach improves interpretability and
enables effective aggregation across multiple retrievals and reasoning
paths, enhancing overall answer accuracy.

Reliable Confidence Estimation: ANSPRE introduces a mecha-
nism for deriving reliable confidence scores alongside generated answers.
These scores align closely with model correctness, improving the trust-
worthiness of LLM predictions in high-stakes applications.

Integration into Retrieval-Augmented Generation: We extend
the self-reflective RAG framework by proposing SELF-ANSPRE, which
integrates reflection token scores and answer-prefix supervision. This
design enhances both the quality of generated answers and the precision
of the retrieval process.

Multilingual and Multimodal Adaptation: We adapt ANSPRE to
multilingual and multimodal question answering tasks, achieving sub-
stantial improvements on Vietnamese and Japanese QA benchmarks,
as well as on visual question answering (VQA) datasets. This demon-
strates the generality and adaptability of the approach.

Comprehensive Evaluation: Extensive experiments across open-
domain QA, multilingual QA, and VQA tasks using diverse LLM fam-
ilies show that ANSPRE significantly improves Exact Match (EM) and
F1 scores. Moreover, it provides better-calibrated confidence scores,
making it suitable for applications requiring reliable reasoning and fac-
tual consistency.



1.3.2 Deployment-Efficient LLMs via Pruning

e Empirical Findings on Pruning Behavior: We present and vali-
date two key findings through extensive empirical studies on state-of-
the-art pruning techniques. These findings reveal how different pruning
strategies behave across varying sparsity levels and guide the design of
more effective pruning mechanisms.

e Proposed Method — OptiPrune: Building on these insights, we
introduce OPTIPRUNE, a method designed to optimally prune LLMs
across a wide range of target sparsity levels. The approach dynamically
selects the most suitable pruning strategy based on observed sparsity-
dependent characteristics.

e Superior Empirical Performance: Experimental results demon-
strate that OPTIPRUNE consistently outperforms state-of-the-art prun-
ing methods across multiple model architectures, sparsity regimes, and
evaluation benchmarks. Furthermore, it maintains strong multilingual
performance after language-specific calibration, highlighting its robust-
ness and practical deployability.



Chapter 2
Related Work

2.1 Retrieval-Augmented Generation (RAG)

Retrieval-Augmented Generation (RAG) has emerged as a key framework
for addressing knowledge-intensive tasks by integrating external information
sources into the response generation process [43]. The central idea is to
enable large language models (LLMs) to retrieve relevant evidence before
or during text generation, thereby enhancing factuality and grounding the
model’s outputs.

Several studies have proposed different strategies for incorporating re-
trieval into LLMs. One approach focuses on instruction-tuning with a fixed
number of retrieved passages to guide the model toward better-informed
responses [50]. Another line of research jointly trains models to perform
both retrieval and response generation, allowing them to learn the relation-
ship between retrieved context and output quality in an end-to-end manner
[28]. More recent advances explore dynamic retrieval mechanisms, where
the model actively queries external knowledge during the decoding process
to refine its reasoning and answer accuracy [31]. Similarly, systems such as
Toolformer train models to decide when to issue API calls for external data
sources, enabling more context-aware information retrieval [65].

A notable advancement is the SELF-RAG framework, which introduces
a self-reflective mechanism allowing models to determine when retrieval is
necessary and to evaluate both retrieved content and generated answers.
This method has achieved state-of-the-art results on multiple open-domain
question-answering (ODQA) benchmarks, demonstrating the potential of
self-assessment for enhancing RAG performance.

RAG-based methods have also been tailored for specialized domains such
as medicine and fact-checking. For instance, TrumorGPT [23] addresses the



problem of health-related misinformation by integrating LLMs with graph-
based RAG over dynamic health knowledge graphs, thus enabling real-time,
factual public health verification. Likewise, [6] proposed a clinical decision-
support system that combines open-source LLMs with RAG in the Obstetrics
and Gynecology (OBGYN) domain, leveraging Bio-Mistral-7B [36] and med-
ical embeddings to improve factual accuracy and relevance. Despite these
achievements, most RAG systems still overlook the importance of explicitly
identifying concise answer phrases within verbose model outputs and have
not adequately addressed the calibration of model confidence scores.

2.2 Question Answering

Question Answering (QA) remains one of the central challenges in Natural
Language Processing (NLP), with broad applications in knowledge retrieval,
dialogue systems, and digital assistants. The rise of LLMs has shifted re-
search attention toward improving the factuality, interpretability, and faith-
fulness of QA systems. Recent studies have introduced methods to mitigate
common issues such as retrieval noise and hallucination. For example, the
retriever—generator—verifier framework proposed in [68] improves QA accu-
racy by verifying the consistency between retrieved evidence and generated
answers. Other work has focused on enhancing robustness by masking un-
stable knowledge during machine reading comprehension [44].

In domain-specific QA, approaches such as fine-tuning with hard-sample-
aware optimization have been shown to effectively reduce hallucinations in
legal QA systems [27]. Additionally, evaluation metrics have been refined
to better align with human judgment, emphasizing correctness and factual-
ity in instruction-following models [I]. For low-resource languages, notable
progress has been made in developing efficient QA systems that achieve
strong performance with minimal supervision; a Vietnamese open-domain
QA model, for example, demonstrated impressive results using compact
training data [60]. Beyond textual QA, advancements in Visual Question
Answering (VQA) have also emerged, such as the use of bias-guided margin
loss to mitigate language priors and improve visual reasoning accuracy [69].

2.3 Re-ranking and Aggregation

Re-ranking and aggregation are crucial components for improving the pre-
cision and reliability of model-generated responses. Re-ranking involves re-
ordering candidate outputs to select the most relevant or accurate answer,



while aggregation combines multiple generated hypotheses or reasoning paths
into a unified prediction. With the rise of LLMs, several new aggregation
techniques have been proposed to exploit the diversity of model outputs.

A prominent example is the Self-Consistency approach 78], which gener-
ates multiple reasoning paths using the Chain-of-Thought (CoT) paradigm
[80] and then marginalizes over the final answers to produce a consensus re-
sult. Although effective in structured reasoning tasks such as mathematics,
Self-Consistency often struggles in open-ended QA tasks, where the reasoning
process is less deterministic.

Building upon this foundation, our proposed aggregation strategy en-
hances the reliability and interpretability of QA results by leveraging the
answer-prefix generation capability of ANSPRE. Instead of merely voting
across multiple sampled generations, our approach identifies and aggregates
precise answer phrases extracted from diverse retrieval contexts. Further-
more, this method enables multi-level aggregation — both within the most
relevant retrieved sources and across all available external documents — lead-
ing to more robust, consistent, and trustworthy responses in RAG-based QA
tasks.
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Chapter 3
ANSPRE Generation

3.1 Problem Formulation and Overview

3.1.1 Problem Formulation

Given a natural language question, such as the one shown in Figure
the objective is to employ a RAG pipeline integrated with a LLM to produce
both the correct answer phrase (e.g., “Two-up”) and an associated confidence
score that quantifies the model’s certainty in that answer. The key goal is to
ensure that the generated output is not only accurate but also well-calibrated
in terms of the model’s self-assessed reliability.

Formally, let a question be denoted as @), and let M represent a pre-
trained large language model. A document retriever first identifies a col-
lection of k relevant documents D = {Dy, Ds,...,D;} that may contain
supporting evidence for answering (). The model M then takes ) and D as
input and generates a textual response Y, along with a confidence estimate
reflecting how certain the model is about its output.

The generation process of M can be mathematically formulated as a
sequence of conditional next-token predictions:

P./\/l(yt ’ X7y<t)7

where X denotes the input prompt (which may include both @ and the
retrieved documents D), and y, is the token predicted at time step t. Con-
sequently, the probability of generating the full sequence Y = [y1,v2, ..., yr|

is given by:
Y|

Pu(Y | X) =[] Puly | X y<r).

t=1

11



In the context of RAG, this conditional probability becomes Puy (Y |
Q, D), where the model conditions its next-token predictions not only on
the question but also on the retrieved evidence documents. In practical
implementations, the cumulative log-probability of the generated sequence is
typically used to improve numerical stability during computation.

However, a notable limitation of conventional RAG approaches is the
weak correlation between the sequence probability Py (Y | @, D) and the
model’s actual confidence in the correctness of the answer phrase. This dis-
crepancy leads to situations where a model might assign a high probability to
an incorrect or hallucinated answer. The ANSPRE framework is designed to
mitigate this issue by introducing mechanisms for aligning model confidence
with prediction accuracy.

3.1.2 Background on Calibration

In probabilistic modeling, calibration measures the alignment between pre-
dicted confidence and empirical accuracy. For example, a model with a con-
fidence score of 0.6 should be correct approximately 60% of the time. A
perfectly calibrated model satisfies:

PY =Y | fenY)=p)=p, Ype[0,1],

where fcon(f/) denotes the predicted confidence of answer Y. To quanti-
tatively evaluate calibration, the Ezpected Calibration Error (ECE) [20] is
widely used. ECE partitions predictions into M discrete confidence intervals
(or “bins”) and computes the average absolute difference between accuracy
and confidence across all bins:

M
By,
ECE = E [Br| lacc(B,y,) — con(By,)|,
n
m=1

where B,, represents the m-th bin, acc(B,,) is the empirical accuracy of
predictions in that bin, con(B,,) is the average confidence score, and n is the
total number of predictions. Lower ECE values indicate better calibration.

3.1.3 Instruction-tuning and Few-shot Approaches

Various strategies have been developed for improving the answer-generation
capability of LLMs. Few-shot prompting [63] leverages example-based guid-
ance directly within the prompt to help the model infer task patterns. Mean-
while, instruction-tuning [79] and reinforcement learning with human feed-
back (RLHF) [62] adapt LLMs through large-scale supervised fine-tuning.

12



However, these approaches face practical limitations in the RAG setting.
Few-shot prompting becomes less feasible as input length increases, particu-
larly when multiple retrieved passages must be included. Similarly, instruction-
tuning or RLHF requires substantial amounts of labeled data, which are often
unavailable for specialized domains or low-resource languages.

3.1.4 Overview

The proposed ANSPRE framework, illustrated in Figure (Bottom), en-
hances LLM-based answer generation by introducing an answer prefiz mech-
anism. Since causal LLMs are inherently trained to predict the next token
in a sequence, appending an answer prefix to the input prompt effectively
guides the model to anticipate the correct answer phrase as the immediate
continuation. The cumulative log-probability of the generated tokens can
then be interpreted as a natural measure of confidence for that answer.

Importantly, ANSPRE requires no additional fine-tuning or retraining, al-
lowing it to be seamlessly integrated with existing pre-trained LLMs—whether
monolingual, multilingual, or multimodal (e.g., vision-language models). This
design makes it both scalable and adaptable. The subsequent subsection de-
tails how the answer prefix is constructed and how the method is incorporated
into the Self-Reflective RAG system to further enhance both accuracy and
calibration.

3.2 Generating Answer Prefix

3.2.1 Generation Method

Consider a question such as ”What is the capital of France?”. Its declara-
tive counterpart would be ”The capital of France is [ANSWER]”, where the
token [ANSWER] denotes the expected response. The segment preceding
this placeholder, i.e., "The capital of France is”, is referred to as the an-
swer prefiz. Generating such prefixes enables the model to begin an answer
in a natural, declarative form that aligns with grammatical conventions in
English.

To produce these prefixes automatically, we employ a large language
model (LLM) that is prompted to convert interrogative questions into their
corresponding declarative forms. The prompting process follows a few-shot
strategy, where the LLM is conditioned on a small set of manually curated
examples that cover diverse wh-types (e.g., who, what, where, when, why,
which, whose, and how). Each example demonstrates how an interrogative
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question can be rewritten into a declarative sentence containing the place-
holder [ANSWER)] at the answer position.

For English, we construct three representative examples per question
type, yielding a total of 24 few-shot examples. These examples are reused
during inference to maintain stylistic consistency and guide the model to-
ward generating fluent prefixes. During deployment, for each input question,
the same few-shot context is concatenated with the new question, and the
LLM is instructed to output a declarative reformulation ending with the to-
ken [ANSWER)]. For instance, when given the question ”"What is the largest
ocean on Earth?”, the model produces the prefix ”The largest ocean on Earth
is 7, which subsequently serves as the first part of the final answer.

The transformation is prompted using the following instruction: ”Given
an interrogative sentence: “{question}”, and assuming the answer to this
question is [ANSWER], convert the sentence into its declarative form.” Once
the LLM M outputs the placeholder JANSWER], the process terminates, and
the preceding text is extracted as the answer prefix E. Details of the few-shot
examples used for English are provided in Table [3.1]

To verify the quality of the generated prefixes, we randomly sampled 100
questions from the TriviaQA dataset [32] and generated corresponding pre-
fixes using the proposed method. The results were evaluated by GPT-4o,
which judged 96.23% of the generated prefixes as syntactically and seman-
tically correct, confirming the reliability of our prefix generation process.

3.2.2 Interrogative/Declarative Transformations

To effectively train the model to generate appropriate answer prefixes, it is
essential to provide high-quality few-shot examples that illustrate the trans-
formation from interrogative to declarative sentence structures. These ex-
amples enable the LLM to learn the linguistic patterns necessary to generate
declarative statements that naturally precede an answer. Tables and
present representative samples of these transformations in English and
Vietnamese, respectively.

English Examples. Table demonstrates the process of converting En-
glish interrogative sentences into their declarative counterparts across vari-
ous wh-question types, including who, what, where, when, why, which, whose,
and how. Each example is paired with its corresponding declarative form,
in which the placeholder [ANSWER)] indicates the position of the antici-
pated response. For instance, the question “Who wrote the 1975 book "Super-
woman’?” is reformulated as “The author of the 1975 book *Superwoman’ was
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[ANSWER)].” This explicit reformulation allows the model to learn the gram-
matical and syntactic alignment between question types and their declarative
realizations.

These examples serve as the few-shot context provided to the language
model during inference. By generalizing from these patterns, the model can
automatically produce grammatically coherent answer prefixes for unseen
questions. This process supports cross-question generalization while main-
taining fluency and syntactic correctness.

3.3 Answer Phrase Generation

Given the answer prefix £ produced in the previous step, the next objective
is to generate the full answer phrase conditioned on both the prefix and the
supporting documents. For each retrieved document D;, the LLM predicts
the next token according to the conditional probability distribution:

P./\/l(yt | Q S EaDiay<t)a

where @ denotes sequence concatenation. Generation proceeds until the
model outputs a termination token or punctuation, indicating the end of the
phrase. To ensure diversity and robustness, beam search with beam width
B is applied to generate multiple candidate sequences, from which the top
N are retained for aggregation in subsequent steps.

To effectively combine parametric knowledge encoded in the LLM and
non-parametric information retrieved from external sources, we define two
complementary scoring functions. The first,

SPhrase = PM(Y ‘ Q D E7 D2)7

represents the likelihood of the generated phrase given the retrieved evidence,
thereby capturing non-parametric knowledge. The second score,

SSentence = PM (E S¥ Y)a

measures the intrinsic probability of the complete declarative sentence within
the model’s internal distribution, reflecting its parametric knowledge.

The final ANSPRE score integrates these two components through a weighted
combination:

SANSPRE = W~phrase * SPhrase + Wsentence * SSentence;

where the weights wpprase and Wsentence are predefined hyperparameters sat-
isfying wpprase + Wsentence = 1. This formulation balances factual ground-
ing from retrieved evidence with the fluency and coherence inherent to the
model’s own linguistic knowledge.
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3.4 Answer Aggregation
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Figure 3.1: Overview of the proposed answer aggregation process.

To derive a single, coherent final answer from multiple candidate phrases,
we design an answer aggregation mechanism. This module consolidates
diverse answer candidates—produced during the answer phrase generation
stage—Dby assigning each candidate a confidence score and then merging se-
mantically equivalent ones. Figure |3.1] presents an overview of this process.

Each generated candidate is first associated with a final confidence score
that reflects both parametric and non-parametric evidence (see Section .
These scores are normalized using a softmax operation to ensure compara-
bility across candidates. Subsequently, candidates expressing equivalent or
paraphrased content are grouped together through a normalization function.
Within each group, the cumulative probability mass serves as an aggregate
measure of support for that answer variant. The group with the highest
aggregate score is then selected as the final system output.

Formally, let C = {C,Cs, ..., Cjc|} denote the complete set of candidate
answer phrases, and let A = {A;, Ay,..., A4} represent the set of normal-
ized (or canonical) answer forms. We define a surjective mapping n: C — A
that standardizes candidate text by applying operations such as lowercasing,
punctuation removal, and minimal text normalization. Given that S(C;)
denotes the unnormalized confidence score assigned to candidate Cj;, the
normalized aggregated score for each canonical answer A; is computed as:

68(0]')

Score(A4;) = _—
A, > cec €@

n(Cj)=
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The canonical answer A corresponding to the highest aggregated score, i.e.,
A = argmax,, Score(4;), is returned as the final prediction.

To explore different aggregation strategies, we propose two configura-
tions for constructing the candidate set C based on the retrieval and decoding
stages. Suppose the retrieved documents are denoted by D = {Dy, Dy, ..., Dy},
ranked by retrieval relevance such that D; is the most relevant. During an-
swer generation, beam search is employed with width B, producing N candi-
date samples per document. Let Y denote the s-th candidate generated
from document D;, ranked in descending order of likelihood (i.e., YU is
the most probable).

e Top-N from the most relevant document: In the first configu-
ration, we take the top N candidates solely from the highest-ranked
document, forming the candidate set

C={yW&|1<s<NL

This strategy prioritizes precision by relying exclusively on the most
relevant context.

e Top-1 from each retrieved document: The second configuration
aims to improve diversity by selecting only the best candidate from
each retrieved document, constructing

C={vOW|1<i<k}.

This approach enables the model to aggregate evidence across multi-
ple relevant documents and mitigates overreliance on a single retrieval
result.

By combining these candidate-level strategies with score-based aggrega-
tion, our method effectively balances the trade-off between accuracy and
diversity in open-domain answer generation.

3.5 Adaptation to Self-Reflective RAG

Self-Reflective Retrieval-Augmented Generation (SELF-RAG) [4] has demon-
strated state-of-the-art results across open-domain question-answering (ODQA)
benchmarks. It enhances LLM-based retrieval systems by allowing dynamic
document retrieval during text generation and by introducing self-critique to-
kens that guide reflection and evaluation. Building upon this paradigm, we
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propose SELF-ANSPRE, an extension that integrates our ANSPRE methodol-
ogy into the SELF-RAG framework (Figure , right). This integration intro-
duces structured answer prefix generation and refined critique-based scoring
mechanisms.

The general workflow of SELF-ANSPRE follows the SELF-RAG pipeline,
with two principal modifications: (1) an additional step for generating an
answer prefiz before answer generation, and (2) the incorporation of the
ANSPRE score into the reflective critique phase.

During the initial retrieval stage, the model determines whether external
documents are needed by producing special reflection tokens (/Retrieve] or
[No retrieve]). If the model decides that retrieval is unnecessary, the answer
is generated using only the question and the answer prefix, following the
standard ANSPRE approach described in Section [3.2 Conversely, if retrieval
is triggered, the model retrieves k relevant documents using an external re-
triever. These documents are then passed to the LLM for evidence-aware
generation.

In the response generation stage, SELF-RAG traditionally embeds reflec-
tion tokens that assess aspects such as relevance, support, and usefulness of
the retrieved evidence. SELF-ANSPRE extends this mechanism by prepend-
ing the answer prefiz to every generated response, thereby encouraging more
consistent and structured output. The segment between the prefix and the
next reflection token is extracted as the answer phrase, for which the ANSPRE
score Sanspre 18 computed following Section (3.3

In the final critique and ranking phase, SELF-RAG employs three cate-
gories of critic tokens—ISREL, IsSup, and ISUSE—to evaluate the quality
of generated answers. During inference, beam search explores multiple tra-
jectories, and the final response is selected based on a weighted sum of the
normalized critic token probabilities:

G _ G
Scritique = § w- s,
Geg

where G = {ISREL, IsSuP,ISUSE} denotes the set of critic categories, s&

represents the probability of producing the correct critic token of type G,
and w is the associated weight.

To integrate ANSPRE into this process, we extend the critique score to
include the ANSPRE score as an additional weighted term:

G G A
Scritique = E w- Sy +w SANSPRE;
Geg

A

where w* is a hyperparameter controlling the contribution of the ANSPRE
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score. The candidate with the highest combined score is ultimately selected
as the system’s final response.

By integrating structured prefix generation and ANSPRE-based scoring
into the self-reflective reasoning framework, SELF- ANSPRE achieves more re-
liable and interpretable answer synthesis. This combination improves factual
precision and promotes a more principled evaluation of generated responses

in open-domain QA tasks.

Self. " i ion (SELF-RAG) Ours: Self-Reflective Answer-prefix Generation (Self-ANSPRE)

Additional Step: Generate Answer-Prefix . .
Prefix: The gambling

game, requiring two
_—

IR @ + @ —> coins to play, that was
popular in World War |
was [...]

Prompt: What gambling game, requiring two  Step 1: Retrieve K documents
coins to play, was popular in World War 1?
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i’ » EY '
Prompt + o Prompt + e Prompt + o Prompt + o Prompt + 9 Prompt + 9
+ Prefix + Prefix + Prefix
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- | . . " game, requiring two game, requiring two game, requiring two
was called "Two-up' is played by tossing mechanical game | h . | N . | n
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. . popular in World War | popular in World War | popular in World War |
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Figure 3.2: Comparison between the original SELF-RAG framework and the
extended SELF-ANSPRE approach. Key modifications in SELF-ANSPRE are

highlighted on the right.
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Chapter 4

ANSPRE Adaptation to
Multilingual Settings

4.1 Overview

The ANSPRE framework is designed to be language-agnostic, enabling adap-
tation to a wide range of linguistic systems beyond English. FExtending
this paradigm to multilingual environments primarily involves addressing
the structural and grammatical variations that influence question formation
and declarative transformations. By tailoring the prefix-generation step to
account for language-specific interrogative markers and syntax, ANSPRE can
maintain its effectiveness across typologically diverse languages.

To illustrate this adaptability, we conduct two case studies focusing on
Vietnamese and Japanese—languages that represent distinct linguistic fam-
ilies and orthographic systems. Vietnamese employs a Latin-based alphabet
with analytic grammar, while Japanese integrates multiple scripts (Kanji, Hi-
ragana, and Katakana) within a syntactically agglutinative structure. These
two languages pose different challenges for constructing answer prefixes and
question-declarative mappings. Following the general approach outlined in
Section we apply the same methodological pipeline to generate answer
prefixes while incorporating language-specific adjustments to reflect each lan-
guage’s grammatical and syntactic patterns.

4.2 Vietnamese

For Vietnamese, the few-shot examples were developed by a native speaker
to ensure grammatical and semantic correctness. The design of the examples
was informed by prior research on Vietnamese machine reading comprehen-
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sion, particularly the VIMQA dataset [37]. Table summarizes the central
Vietnamese question words (CQs) and their English equivalents.

Vietnamese grammar shares many surface similarities with English, such
as subject—verb—object (SVO) word order and limited inflectional morphol-
ogy. As a result, the procedure for generating declarative forms closely mir-
rors that of English. For example, given the question "Ho Hoan Kiém trudc
day con duoc goi la gi?" (“What was Hoan Ki“m Lake previously called?”),
the declarative transformation becomes "Ho Hoan Kiém trudc day con dugc
goila [ANSWER]." (“Previously, Hoan Ki“m Lake was called [ANSWER].”),
where [ANSWER] marks the placeholder for the final answer.

To achieve comprehensive linguistic coverage, we include examples for
all major Vietnamese question forms, including wh-questions ("ai"(who),
"oi"(what), "G dau" (where), "khi nao" (when), "tai sao/vi sao"(why)) as well
as yes—no interrogatives such as "phai khong" and "dung khong". Each
question type is accompanied by one or two declarative examples, leading to a
total of 24 few-shot examples. These examples guide the model in converting
interrogative structures into declarative templates with the correct placement

of the answer placeholder. Details of all examples and their transformations
are presented in Table [4.2]

Group English CQW Vietnamese CQW
Yes/No Copulas (is, are) Phai khong, Ding khong
Auxiliaries (does, did)
Which Which Nao
What What La gi
What ordinal number Thit may, Thit bao nhiéu
Who Who Ai
By whom Béi ai
How How many Bao nhiéu
How often Bao lau mot lan
How long Bao lau
How far Bao xa
When When Khi nao
Where Where 0 dau, Tai dau
Why Why Vi sao, Tai sao

Table 4.1: List of Vietnamese central question words (CQs) used in few-shot
prefix generation.
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4.3 Japanese

Unlike the Vietnamese case, where we relied on native expertise, our Japanese
setup does not involve native speaker curation. Instead, we draw on pub-
licly available Japanese QA datasets—JAQKET [70] and JaQuAD [66]—to
design few-shot examples representative of common question types. While
the coverage is not exhaustive, it sufficiently captures frequent interrogative
structures used in factual QA.

Japanese differs from English and Vietnamese in several key respects:
(1) word order follows a subject—object—verb (SOV) structure, (2) particles
mark grammatical relations rather than fixed word positions, and (3) varying
levels of politeness affect question endings. Despite these challenges, the
declarative transformation process can still be modeled effectively with minor
modifications to word order and particle placement.

For instance, consider the question "It ¥ 7 — IV >ETHN XL /=
7?7 (“When was Tokyo Tower built?”). A direct declarative transforma-
tion would yield "B i ¥ 7 —I[ANSWER]ICEHTHN X L 7=, 7 (“Tokyo
Tower was built in [ANSWER].”). However, to ensure that the answer to-
ken appears naturally at the end of the sentence, we adjust the declarative
form to "B Y T — T HN=DII[ANSWER]. 7, where [ANSWER]
occupies the final syntactic slot, consistent with Japanese discourse norms.

For prefix generation, the model M is provided with approximately two
few-shot examples per interrogative type, resulting in 25 total examples cov-
ering question forms such as ”F” (who), "fa]” (what), ” & 27 (where), 7\
27 (when), "L (why),” & 9 % - C” (how), and others. Although these
examples were not verified by native speakers, they were manually reviewed
to maintain grammatical validity and natural word order.

Overall, this multilingual extension demonstrates that the ANSPRE frame-
work is not restricted to English-based QA systems. By incorporating lin-
guistic and morphological adjustments in the prefix generation step, it can
be effectively applied to low-resource or morphologically rich languages, fa-
cilitating a more inclusive and language-agnostic approach to open-domain
question answering.

4.4 Adaptation Details

Vietnamese Examples. Table[d.2 provides illustrative examples for Viet-
namese, a low-resource language with structural similarities to English but
unique morphological and syntactic features. Each interrogative sentence
is paired with its declarative transformation, ensuring that the placeholder
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[ANSWER)] appears at the syntactically appropriate position. For example,
the question “Ho Hoan Kiém trude day con duge goi 1a gi?” (“What was Ho
Hoan Kiem previously called?”) becomes “Ho Hoan Kiém truée day con dugc
goi la [ANSWER].” (“Ho Hoan Kiem was previously called [ANSWER].”).
These examples were designed by a native Vietnamese speaker to ensure
grammatical accuracy and natural phrasing. They comprehensively cover a
wide range of interrogative constructions, including yes/no questions, “Ai”

(who), “O dau” (where), “Bao nhieu” (how many), and “Vi sao” (why). Such
linguistic diversity enables the model to generalize across various syntactic
templates during multilingual adaptation.

4.4.1 List of Omitted Copulas

During the construction of Japanese examples, several copulas were inten-
tionally omitted to maintain grammatical simplicity and avoid ambiguity.
The following copular forms were excluded from the dataset: " ¢39., 7,”C
5.7, Tl 7, TEnITLES. 7, T EVWTL T e R TL
5.7 TEEVET. L TEEITLES. N

This list does not represent an exhaustive set of Japanese copulas but
rather the subset most frequently encountered in formal declarative expres-
sions. A more detailed linguistic exploration of copular variation in Japanese
could further refine declarative generation, potentially improving cross-linguistic
generalization in future work.
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Chapter 5

ANSPRE-VLM: Adaptation to
Vision-Language Models

5.0.1 Problem Formulation

Consider the question ”Which kind of technology had the highest priority in
201677 paired with a chart image titled ”Most popular technology by year”.
In this example, a vision-language model (VLM) must integrate textual and
visual cues to infer that the correct answer is “Internet of Things”. The
goal is to generate this answer phrase along with an associated confidence
score that reflects the model’s certainty. Achieving this requires the model
to jointly reason about the semantics of the question and the information
encoded within the visual content.

Formally, given a question (), an image I, and a pre-trained vision-
language model M, the objective is to generate an answer sequence Y =
[Y1, Y2, - - -, yr] with an estimated confidence measure. At each decoding step
t, the model predicts the next token y; conditioned on the question, the visual
input, and previously generated tokens as follows:

Pr(ye | @, 1,y<0), (5.1)

where y.; represents the sequence of tokens generated before step t. The
joint probability of the entire answer phrase can then be expressed as:

Pu(Y 1 Q1) =[] Pmly | Q. 1,y<). (5.2)

t=1
The input image [ is first encoded into a set of visual embeddings, which
are integrated into the transformer’s cross-attention mechanism to enable
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multimodal reasoning. The cumulative log-likelihood of the generated se-
quence is often used as a surrogate for the model’s confidence in its output.

Despite their success, existing VLMs exhibit several limitations when
applied to open-ended question answering tasks (Figure , Top). These
include: (i) difficulty in producing precise and concise answer phrases, (ii)
a weak correlation between token-level probabilities and actual model con-
fidence, and (iii) a lack of structured methods for aggregating answers from
multiple samples or decoding paths. To mitigate these issues, we extend the
ANSPRE framework to the multimodal domain and propose ANSPRE-V LM,
a method that improves visual-textual grounding and introduces more reli-
able confidence calibration for VLM outputs.

5.0.2 Answer Generation in Anspre-VLM

The ANSPRE generation framework can be naturally extended to vision-
language models. The general process follows the same principle as the
text-only ANSPRE (Figure Bottom), with the main difference being the
integration of visual features during the answer generation phase.

Given the answer prefix E generated similarly to Section [3.2] the VLM is
prompted to generate the subsequent tokens conditioned on both textual and
visual inputs. Specifically, the probability distribution for token generation
at time step t is given by:

PM<yt |Q@E7I7y<t)7 (53)

where @ denotes the concatenation operator between the question () and
the answer prefix E/. The generation process continues until an end-of-phrase
condition is reached, typically signaled by punctuation or a designated stop
token. We employ beam search with width B to generate the top N most
likely candidate answers, which are subsequently aggregated following the
same strategy as the base ANSPRE framework.

To integrate both the model’s parametric knowledge and its visually
grounded reasoning, we define two scoring components analogous to those
used in the text-only setting:

SPhrase:PM(Y | Q@Evl)a (54)
SSentence = P_/\/l (E S¥ Y) (55)

The final score is computed as a weighted combination of these two com-
ponents:
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SANSPRE—VLM = Wphrase * SPhrase + WSentence * ‘SSentence; (56)

where Wpprase aNd Wsentence are predefined weights satisfying wpprase +
Wsentence = 1. This formulation ensures a balanced contribution between vi-
sual grounding and textual fluency, leading to more accurate and confidence-
calibrated multimodal responses.

5.0.3 Additional Factors for Multimodal Adaptation

In vision-language models, the textual prompt is often augmented with spe-
cial tokens that specify the position of the image input relative to the text.
The text and image embeddings are then fused within a multimodal encoder-
decoder architecture to enable cross-modal attention during decoding. For
instruction-tuned VLMs such as LLaVA [48] and BLIP-2 [46], a chat-style
template is typically employed during inference. This template enforces
a specific conversational structure, marking user queries and assistant re-
sponses, and inserting placeholder tokens for image inputs.

When adapting ANSPRE to such VLMs, care must be taken to ensure
that the answer prefix is appended in the correct position—specifically, af-
ter the tokens that denote the start of the assistant’s response. This place-
ment guarantees that the model continues generation directly from the prefix,
maintaining grammatical coherence and semantic relevance.

In the base ANSPRE framework, answer aggregation operates along two
axes: (i) across retrieved documents and (ii) across multiple response samples
per document. However, in the multimodal setting, retrieval-based variation
does not exist since the input is limited to a single image-question pair.
Therefore, ANSPRE-VLM performs aggregation only across multiple gener-
ated responses, applying the same probabilistic averaging and consistency
filtering techniques as in the base method. This enables robust answer con-
solidation and improved prediction reliability in multimodal reasoning tasks.
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Figure 5.1: Overview of the ANSPRE-VLM framework compared to stan-
dard vision-language generation. The proposed method enhances multimodal
grounding and confidence calibration.
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Chapter 6

Experiments and Results on
Anspre (Generation Techniques

6.1 Tasks and Datasets

6.1.1 Textual Question Answering

To assess the effectiveness of our proposed approach, we conduct extensive
evaluations on three widely adopted English open-domain question-answering
(ODQA) benchmarks.

PopQA [51] is designed to test a model’s ability to recall factual knowl-
edge. Following prior work, we focus on the long-tail subset, which contains
1,399 questions centered on rare entities—specifically, those with fewer than
100 monthly page views on Wikipedia. This subset is particularly chal-
lenging, as it emphasizes knowledge that is underrepresented in large-scale
training corpora.

TriviaQA [32] evaluates factual reasoning across diverse domains, such
as history, science, and literature. We employ the open-domain (unfiltered)
version of TriviaQA, which does not provide access to the original test set.
Therefore, consistent with established practice, we use the validation and
test splits adopted in prior studies, totaling 7,313 test examples.

Natural Questions (NQ) [35] consists of real-world questions posed
by Google search users, offering a realistic evaluation setting for fact-based
QA. We utilize the Open-NQ subset introduced by Lee2019Latent Answering,
which comprises 3,610 questions in its validation set.
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6.1.2 Multilingual Question Answering

To evaluate the generalization of our approach across languages, we further
perform experiments on multiple multilingual QA datasets.

VIMQA [37] is a Vietnamese multi-hop question-answering benchmark
containing over 10,000 manually crafted questions and answers derived from
Wikipedia articles. We report results on its test set.

ViQuAD [61] is another Vietnamese reading comprehension dataset with
23,000 human-annotated QA pairs based on 5,109 Wikipedia passages. It
provides a standard benchmark for evaluating Vietnamese QA performance.

JAQKET [70] is an open-domain Japanese QA dataset intended to pro-
mote research on question answering and machine reading comprehension in
Japanese. Answers are derived from Wikipedia article titles. Our evaluation
is performed on version 2.0 of the dataset’s validation set, which includes
more than one thousand samples.

JaQuAD [66] is a large-scale, human-annotated Japanese MRC dataset
inspired by SQuAD, comprising 39,696 QA pairs derived from Japanese
Wikipedia. The dataset is commonly used to evaluate contextual comprehen-
sion in Japanese models. We report results using its validation split, which
contains approximately four thousand instances.

6.1.3 Visual Question Answering

We further extend our evaluation to the multimodal domain to investigate
whether our approach generalizes beyond text-based tasks.

InfographicVQA [52] features questions grounded in real-world info-
graphics, requiring the model to reason over textual, visual, and graphical
content simultaneously. Many queries also demand basic arithmetic or rea-
soning over data visualizations.

DocVQA [53] consists of 50,000 questions spanning over 12,000 docu-
ment images. The task requires understanding complex document layouts,
recognizing textual and visual elements, and synthesizing information from
structured data sources.

All evaluations are conducted in a zero-shot setting, where only task in-
structions are provided to the model without any few-shot examples. Model
outputs are evaluated using three metrics: (i) Exact Match (EM), which
measures the proportion of predictions that exactly match the reference an-
swers; (ii) F1-score, which computes the token-level overlap between the pre-
diction and gold answer; and (iii) Match Accuracy, which checks whether
the gold answer appears anywhere in the model’s response.
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6.2 Baselines

We compare our proposed method against a diverse set of publicly avail-
able large language models (LLMs), covering various architectures, training
paradigms, and adaptation strategies.

Pre-trained Foundation LLMs. We first evaluate standard foun-
dation models without additional fine-tuning, including Llama27g 135 [73],
Llama3gp [2], Llama3.1gp, Llama3.235, Mistralyg [29], Gemmazp [71], and
OPTg.75 [86].

LLMs without retrieval. In this configuration, we assess models such
as Llama2;p 13p [73] operating solely with their internal parametric memory,
without incorporating external retrieval components.

Multilingual LLMs. We evaluate multilingual foundation models opti-
mized for both English and Chinese, which have demonstrated strong cross-
lingual performance. This group includes Qwenrg 14 [5], Qwen27p [83],
Qwen2.575 [72], and Baichuan27p 135 [82].

Instruction-tuned and Reinforcement-optimized LLMs. We also
evaluate instruction-following models fine-tuned on human feedback or pro-
prietary data, including Llama2-Chatrg 135 [74] and Vicunaysg [§].

Self-Reflective Retrieval-Augmented Models. We further compare
our approach with SELF-RAG7g, 138 [4], a retrieval-augmented model that
integrates self-reflection during inference. This comparison highlights the
contribution of our proposed SELF-ANSPRE framework relative to a strong
self-reflective RAG baseline.

Multimodal LLMs. For visual QA tasks, we include multimodal LL.Ms
capable of processing both image and text inputs. These include InternVL
2.0sp [7], Llama 3.2-Vision;p, Qwen2-VLop 7p [77], and LLaVA-v1.6-Vicunasg
[47).

Finally, for each model, we compare performance with and without the
integration of our proposed ANSPRE method to quantify its effectiveness in
improving model reasoning and factual accuracy.

6.3 Experimental Settings

For all experiments within the ANSPRE framework, we generate the answer
prefix using greedy decoding. This choice aligns with standard practices in
recent studies on retrieval-augmented generation [4]. In our setup, English
Wikipedia serves as the primary knowledge source: the 2018 snapshot is
used for general evaluation, while the December 2020 version is specifically
employed for the PopQA dataset to ensure consistency with prior work.
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During the retrieval stage, we leverage the Contriever-MS MARCO re-
triever [28] to identify the top k£ = 5 most relevant documents for each query.
Each retrieved document is then used to generate N = 10 candidate answer
samples. This multi-sample approach allows for robust answer aggregation
and improves the likelihood of producing accurate responses. For the final
answer scoring in ANSPRE, we use equal weighting between the phrase-level
and sentence-level components, setting wpprase = Wsentence = 0.5. The autore-
gressive generation is limited to a maximum of 100 new tokens per answer
to maintain efficiency.

To ensure fair and consistent evaluation, we apply a standard normal-
ization function 1 to the generated answers. This function performs sev-
eral preprocessing steps: it removes articles, strips punctuation, normalizes
whitespace, and converts all text to lowercase. These steps reduce superficial
mismatches between predicted and reference answers, allowing evaluation
metrics to focus on meaningful content alignment.

For baseline models that are instruction-tuned or reinforcement-optimized,
we employ multiple prompt variants to steer the LLM towards producing con-
cise answer phrases. The best-performing prompt is reported for each model
to provide a fair comparison.

In the case of reflective, retrieval-augmented models such as SELF-RAG
and SELF-ANSPRE, we adopt the same reflection token weights as defined by
[]. Specifically, the weight for ISREL is set to 1.0, for ISSuP to 1.0, and for
ISUSE to 0.5. In SELF-ANSPRE, the default weight for combining multiple
answer scores is set to w? = 0.5, balancing contributions from the retrieved
evidence and the model’s generative predictions. These settings provide a
controlled and reproducible experimental environment while ensuring that
our proposed method is fairly evaluated against competitive baselines.

6.4 Results and Analysis

6.4.1 Main Results
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TriviaQA PopQA NaturalQuestion

Model Match EM F1 Match EM F1 Match EM F1
Fine-tuned & Commercial model baselines (for references)
Graph Retriever [58] - 55.8 - - - - - 34.7 -
Hard EM [57] - 50.9 - - - - - 28.8 -
ORQA [0] - 45.1 - - - - - 31.3 -
DPR [33] . 57.9 . . . . . 415 =
RAG [42] - 56.1 - - - - - 44.5 -
ChatGPT - 74.3 - - 29.3 - - - -
ChatGPT+Retrieve - 65.7 - - 50.8 - - - -
Pre-trained Foundation LLM with retrieval
Llama-27p 48.28 9.83 24.83 38.74 6.72 18.65 23.85 0.94 7.42
Llama-27;5-ANSPRE 52.851457  47.61l43778  55.55430.72 42171343  43.1043638 47.0140836  24.9041.05 23. 7149277 30.73423.31
Llama-2;3p 52.48 17.38 32.35 42.17 5.15 18.79 26.15 4.96 14.32
Llama-2;33- ANSPRE 58.5146.03  D3.6443606 61.78429.43 46.031386  44.3913904 47.9812919 30.361401  29.3440435 37.524932
Llama-3gp 60.88 51.68 60.68 48.82 31.59 37.96 33.38 21.14 27.67
Llama-3gp- ANSPRE 63.124904  B7. 754607  67.46467s  48.965014  48.0341644 51.83t1387 30.50,085  29.364522  39.58411.01
Llama-3.1gp 57.71 18.72 32.36 49.96 7.01 20.37 33.35 5.98 14.10
Llama-3.1s3- ANSPRE 64.1646.45  57.9013018 67.9543550 49.61 035 48.68r4167 52.21431.80 31.25)5;4 28.9841250  39.82195.72
Llama-3.25p 54.85 0.96 8.12 47.53 0.29 6.04 31.14 0.00 3.17
Llama-3.233- ANSPRE 55.7650.01  50.08ts0.12 59.3L45119 47.53400  46.9614667 49.7T1a373 27.23) 501 254340543 34.874317
Mistralzg 54.29 12.59 26.25 44.53 4.50 17.05 33.52 3.32 10.31
Mistral;z- ANSPRE 61.114650  55.13ts250 64.8843863 47.53130  45.82p132 499743000 32.521 29.8919657  40.23199.92
Gemmayp 58.91 31.40 44.23 42.74 21.30 31.45 38.67 9.72 20.06
Gemmarp-ANSPRE 61.89129s  55.18t2378 65.3549112 46.534379  44.8919350 47.88116.43 31.58 700  28.4841576  39.46419.4
OPTg 75 46.37 3.08 11.22 40.89 1.36 9.12 22.13 0.14 3.28
OPTg 75-ANSPRE 415215 35161008 43.191107 40.10,070  37.60m620 41.213m000 19831050 1864185 26.2319005
Pre-trained Foundation LLM without retrieval (only parametric memories)
Llama2;3p 46.47 33.38 42.62 15.23 9.86 13.88 16.29 8.17 15.48
Llama2,33 ANSPRE 61.2341476 55.08t217  64.6610204 24.164593  23.3041344 26.6711279 301941309  28.03419.86  38.12490.64
Llama27p 28.39 10.64 20.19 11.58 4.65 9.04 12.13 2.96 8.68
Llama2;5- ANSPRE 55.59972 49313567 58.3443815 24.3T11279  25.66401.01 271311800 25.2441311  23.68490.72  32.4149573
Pre-trained Foundation LLM on multilingual data (focus on Chinese and English) with retrieval
Baichuan27p 44.20 13.58 26.46 40.74 4.65 15.34 20.78 2.11 7.78
Baichuan2;p- ANSPRE 54.984107s 48481319  57.8813140 41.24105  40.81ys616  43.9210858 24.434365  21.33119.220  31.05493.07
Baichuan2;3p 48.99 8.10 21.54 39.10 4.29 14.62 27.12 0.83 6.49
Baichuan2;35- ANSPRE 53.89119  48.04t30.04 57.0743553 40.531143  39.5313500  42.8540823 27.344020 254010457  34.90495.41
Qwenrp 54.49 0.44 5.27 48.96 0.14 2.10 33.93 0.19 3.68
Qwenyp-ANSPRE 57.09126  48.00ta7.56 59.6415437 48.611035  46.1814604 50.941us81 30.72y301 244312401 36.17130.49
Qwenyyp 57.04 1.38 5.76 47.18 0.36 2.86 36.62 0.50 3.55
Qweny4p-ANSPRE 61.001396 52.00t5062 63.48457.72 47.751057  45.894u553 494014651 29.5317.00 229149041 35.0743150
Qwen2.p 66.24 1.97 24.26 56.33 0.00 19.33 47.23 1.05 16.46
Qwen2;3-ANSPRE 60.30, 501 50.49ta850 624143515 49.54) 679 46.3214630 50.38431.05 33.191400 272019615 38.42421.96
Qwen2.575 66.98 3.28 24.38 57.97 0.00 20.24 47.51 0.94 15.00
Qwen2.575- ANSPRE 59.13) 755 48.61ta533 60.8Llys643 49.11 556 44.82p050 494149917 30.83 1665 24.0212308 35.61120.61
Instruction-tuned & Reinforced LLM
Llama2-Crg 60.41 33.20 48.32 45.18 23.73 36.33 38.14 9.81 21.19
Llama2-C75-ANSPRE 57731265 40.9Tt777  55.544700  50.251507  40.531168  48.0511172 31.08;7.06  19.581977  31.38410.19
Llama2-Cy3p 66.84 5.67 33.03 54.32 0.36 17.40 41.69 1.30 15.92
Llama2-Cy35- ANSPRE 62.03;451  47.00ta133 61.0812805 50461356  42.8214046 49.113171 33131556 22.99p2169 354311951
Vicunagsg 66.53 30.86 48.98 56.25 3.65 23.60 43.21 5.29 20.33
Vicuna;3g-ANSPRE 6235415 44.33t1347  59.984110 4746579  39.6T13600 46.0440044 34.101911  18.0141272  32.46412.13
Llama-3.1-Instrsg 63.86 19.40 36.71 52.61 8.22 21.66 39.70 21.80 37.38
Llama-3.1-Instrgg-ANSPRE ~ 46.1117.75 35.29415.80 46.0849.37  45.68)693  40.6713245 46.004243¢ 21.9717.75  16.70,51  26.22)11.46
Llama-3.2-Instrsg 49.17 19.66 31.79 49.89 1.36 12.09 37.78 3.82 12.75
Llama-3.2-Instrsg-ANSPRE  37.78 1139 23.0d1335  36.181439  24.30j2550 13.5141015 21.681959  14.4019355  7.344350  16.124337
Llama-3.1-Instr7os 66.95 38.51 59.17 49.32 25.02 39.89 47.06 17.51 36.80
Llama-3.1-Instrog-ANSPRE  57.21 974 42.80ts09  56.05;315  51.251193  45.25490003 512441135 27.89y1917 18371086  31.37)5.43
Self-Reflective Retrieval-Augmented-Generation

SELF-RAG 7p 66.18 20.91 38.70 54.97 1.14 19.67 36.15 36.73 44.89
SELF-ANSPRE 75 66215005 401511001 584211070 54115055  42.17m10s 519015020 38.14p100 3125547  39.73)5.6
SELF-RAG 138 67.59 19.14 38.37 55.83 0.79 20.10 38.73 40.75 48.72
SELF-ANSPRE 135 66.99,06  46.7827610 629810461 52.611300  38.T4ys705 494140931 40.303157  35.68507  44.793.05

Table 6.1: Performance on three ODQA tasks. Each pair of rows contrasts
the performance of an LLM with and without ANSPRE.
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Performance Comparison with Baselines.

Table summarizes the evaluation results of various baseline LLMs, com-
paring their original performance with the enhancements provided by ANSPRE.
In the table, blue numbers indicate improvements achieved by ANSPRE,
whereas red numbers denote a reduction in performance relative to the corre-
sponding baseline model. To ensure a fair comparison, we apply a consistent
aggregation strategy across all ANSPRE evaluations, specifically aggregating
multiple sampled responses within the top-ranked retrieved document.

Overall, ANSPRE demonstrates consistent improvements across most eval-
uation metrics, particularly Exact Match (EM) and F1-score, reflecting its
ability to generate more precise and well-aligned answers. However, in certain
cases, a minor decrease in Match-accuracy is observed. This phenomenon
can be attributed to the baseline LLMs’ tendency to produce longer outputs
containing additional context, which increases the likelihood of the correct
answer appearing somewhere within the generated text.

For instruction-tuned and reinforced LLMs, we explicitly constrain the
models to produce only the answer phrase. Without such instructions, base-
line outputs are generally longer and substantially underperform in EM and
F1 metrics. Even under constrained conditions, baseline models consistently
lag behind ANSPRE, highlighting the effectiveness of our framework in en-
hancing answer precision and reducing irrelevant content. Notably, we ob-
serve a pronounced performance gap between Llama2-Crg and Llama2-Cy3p.
Error analysis indicates that, despite the prompt constraints, Llama2-Ci3p
frequently generates conversational fillers or extraneous text, which dimin-
ishes EM and F1 scores. The ANSPRE framework alleviates this issue by
guiding the model to focus on the core answer phrase, thereby improving
output consistency.

In the Self-Reflective retrieval-augmented generation (RAG) group, SELF-
ANSPRE outperforms SELF-RAG across most metrics. Specifically, EM and
F1 improvements are notable on the TriviaQA and PopQA datasets, while
Match-accuracy remains largely comparable. For the NaturalQuestion dataset,
SELF-ANSPRE achieves higher Match-accuracy relative to SELF-RAG, even
though a marginal decrease in EM and F1 is observed. These results suggest
that ANSPRE effectively balances answer precision with broader coverage,
mitigating issues caused by extraneous information in the model outputs [4].
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Figure 6.1: Reliability diagram of confidence score by sequence probability
(left) and by ANSPRE (right). Red diagonal represents perfect calibration.
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Model ANSPRE ECE (default) ECE (normalized)

Llama2 0o ) Lazt
7B v 0.3638 0.1426

‘ 0.4572 0.2669
Mistralzg v 0.3519 0.1045
Comma 0.4518 0.3907
7B v 0.2489 0.0840

_ 0.4150 0.2460
Baichuan27p v 0.0884 0.1055
Qwen 0.5489 0.3399
wenrzg v 0.2037 0.1463

Table 6.2: Comparison of confidence score reliability, measured in Expected
Calibration Error (ECE), lower is better. By default, the confidence score is
obtained by cumulative probability (for baseline) and Spyrase (for ANSPRE).
normalized indicate normalizing across samplings in generation

Confidence calibration comparison with baseline models.

Figure and Figure presents a reliability diagram that compares the
confidence calibration of large language models (LLMs) against that of ANSPRE.
In this comparison, the x-axis represents the predicted confidence (i.e., the
model’s internal probability estimate), while the y-axis denotes the empirical
accuracy of the predictions. Ideally, a perfectly calibrated model would align
along the diagonal line, where predicted confidence equals actual accuracy.

Confidence scores derived from ANSPRE exhibit significantly improved
alignment with the true correctness probabilities, indicating a more faithful
estimation of uncertainty. This improvement stems from the aggregation and
normalization processes incorporated in ANSPRE, which integrate evidence
from multiple generated samples and reduce overconfidence—a common issue
in autoregressive LLMs. By averaging likelihoods across sampled responses,
ANSPRE effectively mitigates variance in individual predictions, resulting in
smoother and more consistent calibration behavior.

Table reports the Expected Calibration Error (ECE) for both the
baseline LLMs and ANSPRE. Across all evaluated models, ANSPRE consis-
tently achieves lower ECE scores, reflecting a closer correspondence between
predicted probabilities and empirical correctness. Furthermore, normalizing
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Figure 6.2: Reliability diagram of confidence score by sequence probability
(left) and by ANSPRE (right). Red diagonal represents perfect calibration.
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confidence estimates across multiple samples yields the best calibration re-
sults, demonstrating that uncertainty aggregation enhances reliability. These
findings highlight the robustness of ANSPRE as a general-purpose framework
not only for accuracy enhancement but also for improving interpretability
and confidence estimation in generative LLMs.

Adaptation to Multilingual Settings.

Tables [6.3] and present the results of applying ANSPRE to multilingual
settings, focusing on Vietnamese and Japanese question-answering datasets
[37, 61, 66 [70]. For these experiments, we adapt ANSPRE to account for
linguistic and grammatical structures specific to each language, particularly
in the formulation of declarative transformations and answer prefixes.

We evaluate recent multilingual-capable LLMs, including models from the
Llama and Qwen families, using three key metrics: Match accuracy, Exact
Match (EM), and Fl-score. In both languages, the ANSPRE-enhanced models
consistently outperform their baselines, as indicated by the blue values (per-
formance gains) in the tables. Red values denote marginal decreases, which
typically occur in cases where the model struggles with linguistic morphology
or tokenization differences between languages.

Overall, these results demonstrate that ANSPRE maintains its effective-
ness beyond English, providing measurable improvements in multilingual
question answering. However, the degree of enhancement varies depend-
ing on the syntactic complexity and tokenization schemes of the target lan-
guage. These findings suggest that further adaptation—such as incorporat-
ing language-specific templates or morphological normalization—could lead
to even greater gains, particularly for typologically diverse languages with
rich inflectional systems.

Adaptation to Visual Question Answering.

Table [6.5] summarizes the performance of baseline multimodal large language
models (LLMs) when augmented with the proposed ANSPRE framework.
Similar to the results observed in purely textual question answering tasks,
integrating ANSPRE consistently enhances model performance in terms of
Exact Match (EM) and F1 scores across all evaluated architectures and
datasets. This improvement suggests that the probabilistic normalization
and confidence-aware mechanisms of ANSPRE effectively extend to multi-
modal reasoning, where both visual and textual modalities jointly influence
the model’s predictions.

The performance gains highlight ANSPRE’s ability to refine the alignment
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ViQUAD VIMQA

Model Match EM F1 Match EM F1
Llama-3gp 17.74 6.56 21.73 15.65 11.47 22.35
Llama—?)gB—ANSPRE 968&;0@ 8~1OT1A54 23‘06T1«33 20.74¢5A09 19~64T8,17 33‘19T10-84
Llama-3.1gp 13.94 2.26 17.36 17.05 3.99 15.03
Llama—?).lgB—ANSPRE 9.86&1408 8.51%.25 23.70“3‘34 25.62@'57 25'22T21~23 39-017“23498
Llama-3.2;55 13.80 0.18 9.74 18.74 0.50 5.99
LlaIIla-3.233-ANSPRE 8.01&3‘7;) 6~83T6.65 20.097*10.35 2064T19 19‘44T18»94 30.827‘24‘83
Qwen2;p 27.15 0.50 25.17 21.73 0.50 16.24
QWCH27B—ANSPRE 10~59¢16.56 8.19¢7'69 23.96@_21 25021329 22'93T22-43 37.377?1_13
Qwen2.57 24.52 0.27 19.42 23.43 0.50 12.38

QW6112.57B-ANSPRE 11'49ll3»()3 900@373 24'96T5<54 25'52T2<09 23.231[22,73 37.53&515

Table 6.3: Results on two Vietnamese ODQA tasks comparing baseline LLMs
with and without ANSPRE. Each pair of rows contrasts the performance of
an LLM with and without ANSPRE.

JAQKET JaQuAD

Model Match EM F1 Match EM F1
Llama-3gg 65.21 22,77 31.11 65.02 15.87 20.91
Llama—?)SB—ANSPRE 81.10¢15_89 52.23@9_4@ 52.35@1_24 75'25T10-23 35'54T19-67 35-54T14.63
Llama-3.1gg 64.52 24.83 30.09 67.78 18.00 20.71
Llama-3. 1SB-ANSPRE 80~93T16.41 44.331-19.5 44.447‘14435 75.68T7490 36~89T18,89 36.897‘16‘18
Llama-3.23p 57.22 1.55 5.31 53.47 0.86 2.72
Llama—3.23B—ANSPRE 55.58\L1.(§4 28'09T26-54 28.3()?22‘99 6210¢86‘3 24'98T24»12 25~00T22428
Qwen2:p 75.86 10.57 11.03 86.70 2.26 2.31
QW6H27B—ANSPRE 77-49'?1‘63 37'11T26-54 37-297“26‘26 7266‘L1404 33'46T31‘2 33'497"31«18
Qwen2.57p 75.09 6.62 7.79 88.12 2.08 2.24

QW6H2.57B—ANSPRE 81.70¢6_61 34~28T27.66 3430?26.51 78.98\&]4 37'62T35-54 37.64¢35_4

Table 6.4: Results on two Japanese ODQA tasks comparing baseline LLMs
with and without ANSPRE. Each pair of rows contrasts the performance of
an LLM with and without ANSPRE.

between generated answers and ground-truth responses by reducing uncer-
tainty in multimodal fusion. Specifically, by leveraging the normalized confi-
dence derived from multiple candidate responses, ANSPRE mitigates the ef-
fect of spurious correlations between visual features and textual prompts—an
issue commonly encountered in visual question answering systems.
Nonetheless, a slight decrease in Match accuracy is observed in certain
models after applying ANSPRE. This degradation is likely attributed to
the baseline models’ inclination to produce more verbose or descriptive re-
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InfographicVQA DocVQA
Model Match EM F1 Match EM F1
InternVL2gp 53.84 0.82 12.67 81.27 7.66 37.98
InternVLZSB—ANSPRE 56.411«2_57 18.85Tlg_03 31'30T18-653 74-59L6.68 30'73T73-U7 50'93T12-95
Llama-3.2-Vision;p 41.31 0.04 2.63 48.55 1.89 9.01
Llama—B.Q—ViSionlm—ANSPRE 49.661«8_35 0-181*[]_14 3.35T0_72 62'95T]4-4 18'457‘16.56 27-91T18.9
Qwen2-VL-Instrop 50.84 0.36 11.63 79.88 0.60 32.25
QwenQ—VL—InstrgB—ANSPRE 49.30¢1_5w1 28‘31T27-95 39.33127_7 73.90@_93 61.13%'0_53 74.25“2_0
Qwen2-VL-Instrsg 64.30 1.75 17.05 86.30 0.45 35.13
Qwen2—VL—Instr7B—ANSPRE 63.16u_11 36'42T34-67 50'94T33-89 79.60w_7 66~93¢66_4g 80-0T44.87
LLaVA-v1.6-Vicunasg 23.03 0.00 2.78 48.10 1.51 17.97
LLaVA—vl.6—Vicuna7B—ANSPRE 26.927-3,89 4~28T4A28 10.007-7‘22 48.01u)_09 31.411-29,9 43.847-2537

Table 6.5: Results on two VQA tasks comparing baseline multimodal LLMs
with and without ANSPRE. Each pair of rows contrasts the performance of
a model with ANSPRE and its version without ANSPRE.

sponses when prompted with visual inputs, leading to mismatches with con-
cise ground-truth answers. Despite this minor limitation, the overall trend
indicates that ANSPRE provides a robust and generalizable calibration frame-
work for enhancing the reasoning consistency of multimodal LLMs across
diverse visual question answering benchmarks.
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Impact of ANSPRE Weighting.

Figure[6.3]illustrates how varying the weighting parameters wppyase and Wsentence
influences the performance of the Llama2 model. These weights are con-
strained by wWpprase + Wsentence = 1, ensuring that emphasizing one compo-
nent proportionally reduces the contribution of the other. The experimen-
tal results reveal that the model achieves optimal performance when both
weights are approximately equal. This observation suggests that phrase-level
parametric knowledge (Spprase) and sentence-level non-parametric knowledge
(SSentence) contribute complementary strengths to the reasoning process, and
neither should be overly prioritized.

A balanced weighting enables the model to leverage the precision of
phrase-level representations, which capture fine-grained lexical and syntac-
tic cues, while simultaneously benefiting from sentence-level representations
that encode broader contextual and semantic relationships. This synergy al-
lows ANSPRE to better align retrieved information with the model’s internal
knowledge, leading to improved answer consistency and confidence calibra-
tion.

Notably, this trend is consistent across other LLM architectures beyond
Llama2. Comparable performance gains are observed when maintaining a
balanced ratio between wpprase and Wsentence, highlighting the robustness and
architectural independence of the proposed weighting scheme. These findings
emphasize that both parametric and non-parametric components play indis-
pensable roles in enhancing retrieval-augmented generation systems. Future
investigations could explore whether this equilibrium persists across multi-
lingual or multimodal tasks, thereby shedding light on the universality of
ANSPRE’s weighting dynamics under diverse linguistic and contextual con-
ditions.

Effect of Aggregation Strategies.

Table compares the performance of the ANSPRE framework under dif-
ferent aggregation strategies across multiple large language models (LLMs).
Three configurations are evaluated: (1) no aggregation, where each gener-
ated answer is treated independently; (2) aggregation based on selecting the
best sampling across all retrieved documents (“Best sampling across docs”);
and (3) aggregation of samplings within the most relevant document (“Best
sampling within doc”). To further validate the generalizability of these ap-
proaches, Table[6.7]reports the corresponding results on Vietnamese datasets,
providing insight into how aggregation techniques perform in a non-English
linguistic environment.
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Overall, the results consistently show that incorporating aggregation mech-
anisms yields substantial performance gains across all metrics, datasets, and
model families. This improvement can be attributed to the ensemble-like
effect of aggregation, which mitigates random generation noise and amplifies
high-confidence responses. By integrating evidence from multiple samplings,
ANSPRE effectively enhances answer stability and reduces variance in the
output quality.

Interestingly, neither of the two aggregation strategies emerges as a uni-
versal winner. The relative effectiveness of “across-document” versus “within-
document” aggregation appears to depend on factors such as the underlying
model architecture, retrieval diversity, and document relevance distribution.
For instance, larger models with stronger retrieval alignment may benefit
more from “within-document” aggregation, whereas smaller models often
gain from “across-document” aggregation, which introduces broader contex-
tual diversity.

The relatively small performance gap between the two methods suggests
that both are viable and complementary, and the optimal choice may vary
with the task characteristics and the LLM’s inductive biases. These findings
highlight the importance of model- and dataset-specific tuning when selecting
aggregation strategies. In practice, ANSPRE demonstrates robustness to this
choice, indicating that aggregation—regardless of its specific form—serves as
a key mechanism for improving answer consistency and reliability in retrieval-
augmented generation systems.
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TriviaQA PopQA NaturalQuestion

Model Aggregator Match EM F1 Match EM F1 Match EM F1
None 37.59 3152 37.71 43.46 39.03 44.06 14.71 12.88 17.73
Llama2;p Best samp across docs  46.66 39.68 47.49 40.39 36.31 41.04 20.86 19.14 25.08
Samps in best doc 52.85 47.61 55.55 42.17 43.10 47.01 24.90 23.71 30.73
None 29.80 2491 29.69 38.81 3517 3820 17.87 16.26 21.77
Llama2i3p Best samp across docs  41.61  35.46 42.04 32.74 29.38 32.68 23.77 2230 29.15
Samps in best doc 58.51 53.64 61.78 46.03 44.39 47.98 30.36 29.34 37.52
None 59.48 53.21 62.55 48.96 4568 49.85 29.17 2645 36.07
Llama3sp Best samp across docs  63.02 57.32 66.73 41.53 39.96 43.55 31.97 29.92 40.39
Samps in best doc 63.12 57.75 67.46 48.96 48.03 51.83 30.50 29.36 39.58
None 60.29 50.38 61.92 49.82 44.17 49.10 33.38 27.51 39.52
Gemmayg Best samp across docs  64.30 55.15 66.40 45.96 42.82 4599 36.32 31.52 43.80
Samps in best doc 61.89 55.18 65.35 46.53 44.89 47.88 31.58 2848 39.46
None 41.52  34.80 4247 42.24 38.88 42.92 2294 20.33 28.39
OPT¢.78 Best samp across docs  46.38 39.94 47.86 33.45 30.81 34.10 26.29 23.82 32.16
Samps in best doc 41.52 3516 43.19 40.10 37.60 41.21 19.83 18.64 26.23
None 50.20 43.94 52.11 46.75 45.10 48.09 23.07 19.53 28.96
Baichuan2;g  Best samp across docs ~ 53.14  47.00 55.39 39.17 38.38 40.54 24.93 21.22 31.16
Samps in best doc 54.98 48.48 57.88 41.24 40.81 43.92 2443 21.33 31.05
None 52.44 4523 54.14 48.32 45.46 49.36 28.56 24.35 34.88
Baichuan2,35 Best samp across docs 56.19 49.46 58.39 39.39 37.74 41.03 30.39 26.93 37.23
Samps in best doc 53.89 48.04 57.07 40.53 39.53 42.85 27.34 2540 34.90
None 58.62 50.29 60.53 51.11 46.82 51.48 33.19 28.17 38.98
Mistral;g Best samp across docs  63.27 55.30 65.67 44.75 42,17 4546 35.76 31.39 42.44
Samps in best doc 61.11 55.13 64.88 47.53 45.82 49.97 32.52 29.89 40.23
None 55.34 43.63 56.16 48.61 40.46 48.01 31.14 21.80 34.62
Qwenyp Best samp across docs 60.40 49.76 61.79 43.82 39.81 45.10 34.63 25.90 39.21
Samps in best doc 57.09 48.00 59.64 48.61 46.18 50.94 30.72 2443 36.17
None 58.68 46.86 59.37 51.82 4532 50.68 31.50 18.56 32.64
Qwenyyp Best samp across docs  63.65 52.65 64.70 44.75 41.67 45.53 34.93 22.19 36.80
Samps in best doc 61.00 52.00 63.48 4775 45.89 4940 29.53 22.91 35.07
None 58.68 44.47 58.12 50.39 43.10 4857 33.13 22.85 35.64
Qwen27p Best samp across docs  63.76  50.29 63.47 41.39 3846 41.39 37.31 27.70 41.00
Samps in best doc 60.30 50.49 6241 49.54 46.32 50.38 33.19 27.20 38.42
None 58.43 4247 56.98 50.39 39.10 47.42 3136 21.08 33.64
Qwen2.57p Best samp across docs  63.11  47.56 62.00 40.53 34.38 3941 34.93 25.07 38.33
Samps in best doc 59.13 48.61 60.81 49.11 44.82 49.41 30.83 24.02 35.61
None 48.69 36.37 48.68 50.25 42.67 49.02 28.03 19.47 31.65
Phi-2, 75 Best samp across docs  54.66 42.73 54.91 40.39 36.53 40.69 31.02 23.57 36.07
Samps in best doc 49.80 40.60 51.81 48.61 45.18 49.46 2590 20.61 31.22

Table 6.6: Performance of LLMs with different aggregator settings: no aggre-
gator (None), aggregation of the best samplings across all documents (Best
samp across docs), and aggregation of samplings within the best document
(Samps in best doc).
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ViQUAD VIMQA

Model Aggregator Match EM F1 Match EM F1
None 11.22 8.55 23.07 17.25 14.36 28.03
Llama-3sp Best samp across docs 10.41 9.00 21.96 18.74 16.55 29.04
Samps in best doc 8.78 7.19 20.80 17.15 14.66 28.34
None 11.58 8.60 23.43 18.44 14.46 28.43
Llama-3.1gp Best samp across docs 11.49 9.28 23.67 18.25 15.35 28.63
Samps in best doc 8.69 7.06 20.57 17.25 14.86 28.87
None 6.47 4.62 13.34 12.86 10.37 21.54
Llama-3.23p Best samp across docs 6.74 4.84 13.59 12.46 11.17 21.49
Samps in best doc 5.66 4.21 12.35 11.76 11.37 20.99
None 9.59 6.24 17.88 0.00 9.09 16.80
Qwen27p Best samp across docs 9.59 7.19 18.07 0.00 9.09 16.36
Samps in best doc 7.19 5.70 15.39 0.00 9.09 16.79
None 13.30 8.19 24.63 15.55 10.77 24.51
Qwen2.57p Best samp across docs 12.94 8.73 25.06 15.45 11.37 25.11
Samps in best doc 10.27 7.96 22.40 14.06 11.47 24.45

Table 6.7: Performance of multilingual LLMs with different aggregator set-
tings: no aggregator (None), aggregation of the best samplings across all
documents (Best samp across docs), and aggregation of samplings within
the best document (Samps in best doc).

Effect of Grammar.

Grammatical structures vary considerably across languages, shaping not only
how information is conveyed but also how it is interpreted in automated
evaluation metrics such as Exact Match (EM) and F1. These variations
can introduce systematic biases when assessing model outputs, especially in
multilingual settings where syntactic and morphological conventions differ
substantially from English.

Japanese, for instance, illustrates this challenge clearly. The language
employs copular forms such as ¢4, CL 7z, Td %, which primarily serve
pragmatic or stylistic purposes—indicating levels of formality or politeness
rather than contributing to the core semantic meaning of a sentence. Because
of this, two sentences expressing the same factual content may differ only in
their copular choice. Such differences, though semantically equivalent, can
lead to mismatches under surface-form metrics like EM and F1, resulting in
artificially lower scores.

To mitigate this issue, we introduce a grammar-aware evaluation proce-
dure in which copulas are removed prior to metric computation. This adjust-
ment ensures that comparisons are grounded in semantic equivalence rather
than stylistic variation. Table presents the results of an ablation study
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JAQKET JaQuAD

Model Revised Match EM F1 Match EM F1
Llama-3gg-ANSPRE 81.01 12.03 12.24 75.22 8.86 8.88
v 81.10 52.23 52.35 75.25 35.54 35.54
Llama-3gp 65.03 18.13 26.33 65.02 13.63 18.47
v 65.21 22.77 31.11 65.02 15.87 20.91
Llama-3.1gg-ANSPRE 80.76 5.07 5.34 75.65 4.54 4.56
v 80.93 44.33 44.44 75.68 36.89 36.89
Llama-3.1gp 64.26 20.27 25.19 67.76 14.39 16.91
v 64.52 24.83 30.09 67.78 18.00 20.71
Llama-3.235- ANSPRE 55.50 1.03 1.41 62.10 0.69 0.70
v 55.58 28.09 28.30 62.10 24.98 25.00
Llama-3.235 57.04 1.12 4.76 53.47 0.71 2.42
v 57.22 1.55 5.31 53.47 0.86 2.72
Qwen273- ANSPRE 77.41 0.52 0.77 72.66 0.46 0.49
v 77.49 37.11 37.29 72.66 33.46 33.49
Qwen27p 75.86 5.84 6.27 86.70 1.42 1.47
v 75.86 10.57 11.03 86.70 2.26 2.31
Qwen2.575- ANSPRE 81.53 0.17 0.37 78.95 0.25 0.30
N 81.70 34.28 34.30 78.98 37.62 37.64
Qwen2.57p 74.83 4.90 5.91 88.14 1.85 1.98
N 75.09 6.62 7.79 88.12 2.08 2.24

Table 6.8: Comparison of Evaluation Versions on two Japanese ODQA tasks
using ANSPRE: Original (Unaltered) vs. Revised (Copula Removed). Bold
indicates the best result per group.

contrasting two evaluation configurations: (1) the original evaluation, which
retains the full sentence structure, and (2) the revised evaluation, where cop-
ulas are systematically omitted[l] The findings reveal that while the Match
metric remains largely unaffected—since it depends on broader answer inclu-
sion—the EM and F1 scores exhibit notable improvements under the revised
setting, reflecting a more accurate measure of semantic consistency.

Interestingly, when the same grammar-sensitive evaluation is applied to
baseline models (Table , the performance improvement is relatively mod-
est. This can be attributed to the design of the ANSPRE framework, which
structures outputs using a declarative template that positions the answer
phrase at the end of the sentence. As a result, even when copulas are re-
moved, the essential information remains intact and correctly aligned with
the ground truth.

These observations emphasize that grammatical normalization plays a
crucial role in ensuring fair cross-lingual evaluation. Language-specific gram-
matical elements—particularly those with stylistic or pragmatic functions—should

IThe complete list of excluded copular forms is provided in Section m
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be carefully accounted for to prevent penalizing models for producing valid
linguistic variants. In essence, grammar-aware evaluation enhances the fi-
delity of performance assessment, especially for languages with rich morpho-
logical or politeness systems such as Japanese.

Analysis of Computational Cost.

To assess the computational cost introduced by the proposed aggregation
module and the ANSPRE generation procedure, we perform a comprehensive
runtime analysis comparing standard generation with ANSPRE-based infer-
ence on three question-answering benchmarks: TriviaQA, PopQA, and Nat-
uralQuestions. All experiments are conducted using the LLaMA3gg model,
and we report the average decoding latency in seconds. For the ANSPRE
setting, the decoding process is decomposed into two components: (i) pre-
fix construction and (i) generation of the final answer phrase, with the
overall latency obtained by summing both stages. As summarized in Ta-
ble ANSPRE achieves lower end-to-end inference time on PopQA and
NaturalQuestions, primarily because the answer phrase decoding step is sub-
stantially shorter than that of the baseline. This behavior is corroborated by
the output length statistics shown in Figure 6.4, which indicate that ANSPRE
produces more concise and targeted responses. Taken together, these findings
suggest that ANSPRE not only enhances answer quality but also preserves
computational efficiency, resulting in a favorable balance between perfor-
mance and runtime.

Generation time (ms)

Dataset .
Normal Generation ANSPRE Generation
Prefix part Answer phrase Total
TriviaQA 178.49 59.79 292.71 352.49
PopQA 288.70 48.39 121.67 170.06
NaturalQuestion 614.84 59.17 150.26 209.44

Table 6.9: Average generation time of normal and ANSPRE methods on Triv-
iaQA, PopQA, and NaturalQuestion.
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Figure 6.4: Distribution of response lengths for LLaMA3gg across TriviaQA,
PopQA, and NaturalQuestion under normal and ANSPRE generation meth-
ods.
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Chapter 7

LLM Efficiency: Smaller LLMs
through Optimal Pruning

7.1 Preliminaries on Pruning

7.1.1 Layer-wise Pruning

Post-training pruning is commonly applied in a layer-wise manner, where the
pruning process is decomposed into independent optimization problems for
each layer. The objective is to minimize the reconstruction error between the
original dense layer and its pruned counterpart. Formally, for a given input
X, and weight matrix W, € R"*¢ in the /-th layer—where r and ¢ denote the
numbers of output and input channels, respectively—the goal is to determine
a binary pruning mask M, € {0,1}"*¢ and reconstructed weights W, that
minimize the following objective:

arg mug HWng - (M( ©O) Wg)XgHg (71)
M, W,

This formulation ensures that the pruned layer approximates the behavior
of the original dense layer as closely as possible while achieving a desired
sparsity level.

7.1.2 State-of-the-Art Solvers

Layer-wise pruning algorithms, referred to here as solvers, can generally be
grouped into two categories based on how they handle pruning masks and
weight reconstruction.
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Mask-based solvers. The first category determines a binary mask M,
while leaving the weights unchanged (i.e., W, = W,). These methods typi-
cally compute an importance score for each weight parameter and iteratively
remove the least important parameters until a target sparsity is reached.
Early approaches relied on simple magnitude-based importance estimation
[88], whereas recent methods, such as RIA [87], incorporate both parameter
connectivity and activation information to produce more accurate impor-
tance scores.

Reconstruction-based solvers. The second category reconstructs the
pruned weights W, using second-order information derived from the Hessian
matrix [38], 24], [45], [17, [18] [67]. During reconstruction, the pruning mask M,
is selected adaptively to minimize the layer’s output error. Recent work such
as SparseGPT [18] has significantly improved the computational efficiency of
this approach, reducing complexity while maintaining strong performance in
large language model (LLM) pruning.

7.1.3 Non-uniform Sparsity

When pruning a model to a target sparsity level S, a straightforward ap-
proach is to apply uniform sparsity, where each layer ¢ has the same sparsity
ratio S; = S for all i. However, this uniform constraint may not be optimal,
as different layers contribute unequally to model performance.

To address this, non-uniform sparsity assigns distinct sparsity ratios .S;
to different layers while preserving the overall sparsity target. This relaxes
the constraint S; = S, but enforces the global condition:

1 N
N 51287
v

where N is the total number of layers.

Recent work such as OWL [84] computes layer-specific sparsity levels
based on the distribution of outlier activations, referred to as the Layerwise
Outlier Distribution (LOD). Layers containing more outliers are assigned
lower sparsity (i.e., are pruned less aggressively), while layers with fewer
outliers receive higher sparsity. For a given global sparsity S and outlier
distribution vector D = [D*, D2, ..., D], the layerwise sparsity is computed
proportionally to (1 — D;), subject to a deviation constraint:

S;e[S—NS+ ),
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Figure 7.1: Overview of findings. Top: Uniform sparsity outperforms at
low sparsity, while non-uniform sparsity achieves better performance at high
sparsity. Bottom: Relative importance-based pruning (RIA) is more effec-
tive at low sparsity, whereas Hessian-based weight reconstruction performs
better at high sparsity. Orange cells indicate layers with modified weights.

where )\ is a hyperparameter controlling the allowable variation in per-layer
sparsity. Figure illustrates how different values of A influence the result-
ing sparsity distribution across layers.
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7.2 Findings Overview

State-of-the-art pruning approaches commonly adopt a layerwise formula-
tion, where each layer is pruned independently to minimize the deviation
between the outputs of the original and pruned layers. Most existing meth-
ods assume uniform sparsity, meaning that all layers are pruned to the
same sparsity level. Pruning can be implemented either by (1) learning a
binary sparsity mask or (2) reconstructing the weights to approximate the
dense model.

Mask-based methods often rely on magnitude pruning [22] or parameter
importance estimation, such as the relative importance and activation (RIA)
approach [87]. In contrast, reconstruction-based approaches [45] [17, 18] lever-
age second-order information from the Hessian matrix to iteratively refine
weights, typically selecting masks adaptively during optimization.

Several studies have explored non-uniform sparsity, in which the spar-
sity ratio differs across layers while preserving the global sparsity target
[16, 4T, [76], 139, 49, 84]. However, our experiments reveal that these strategies
tend to perform optimally within specific sparsity ranges and lose efficiency
beyond them. Moreover, little prior work examines how such pruning strate-
gies affect multilingual or cross-lingual capabilities. To address these gaps,
we systematically evaluate various pruning solvers and sparsity allocation
schemes across different target sparsity levels on multiple LLM architectures.

e F1: Uniform vs. Non-uniform Sparsity. Uniform sparsity per-
forms better at low sparsity levels, while non-uniform sparsity pro-
vides significant gains at high sparsity. Increasing deviation from
uniformity improves performance at high sparsity but reduces it at
low sparsity.

e F2: Solver Type. Importance-based mask pruning (e.g., RIA)
achieves superior results at low sparsity, whereas Hessian-based weight
reconstruction methods excel at high sparsity.

Figure summarizes these findings. We empirically validate them
using state-of-the-art pruning solvers and widely adopted LLM architec-
tures. To facilitate fair comparison and deeper analysis, all methods were
re-implemented within a unified framework that allows flexible configuration
of solver components and supports recent architectures such as Llama3 [14].
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7.3 Empirical Study

7.3.1 Study on Uniform vs. Non-uniform Sparsity (F1)

We investigate how uniform and non-uniform sparsity affect model perfor-
mance across different sparsity levels. The comparison is based on model
perplexity, where lower values indicate better performance. Additionally, we
study how deviations from uniform sparsity (controlled by the parameter \)
influence non-uniform pruning effectiveness.

Experimental Setup. We employ two representative pruning methods:
SparseGPT [18], which reconstructs weights using Hessian information, and
RIA [87], which estimates parameter importance through relative activations
and connectivity. Non-uniform sparsity ratios are computed using OWL [84],
which derives layerwise sparsity based on outlier distributions. Experiments
are conducted on Llama2 (7B, 13B), Llama3 (8B), and OPT (6.7B) models,
with target sparsity levels ranging from 10% to 80%. Perplexity is evaluated
using the Wikitext2 test set [54]. To assess the effect of deviation, we vary
A € {0.01,0.08,0.15} for SparseGPT on Llama2 (7B).

10t4d LLaMA2 13B
LLaMA2 7B
100 4 — LLaMA3 8B
> — OPT 6.7B
5 10—1 .
2
& 0 +r~==————s====—m—oah
<
—1071 ~
—10° ~

0.0 0.2 0.4 0.6 0.8
Target sparsity

Figure 7.2: Perplexity difference (A Perplexity) between uniform and non-
uniform sparsity using SparseGPT. Negative A values indicate uniform spar-
sity performs better, while positive values indicate non-uniform sparsity is
superior.

Results on Uniform vs. Non-uniform Sparsity. Figure[7.2] presents

the performance difference between uniform and non-uniform sparsity under
SparseGPT. Non-uniform sparsity consistently outperforms uniform sparsity
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Figure 7.3: Perplexity difference (A Perplexity) between RIA (mask-based)
and SparseGPT (reconstruction-based). Negative A values indicate RIA
performs better; positive values indicate SparseGPT performs better.

at higher target sparsity levels, while uniform sparsity performs slightly bet-
ter at lower sparsity levels. This trend holds across different architectures.

Effect of Deviation in Non-uniform Sparsity. Figure[7.4a visualizes
layerwise sparsity distributions for varying A\ values at a target sparsity of
70%. Figure shows that smaller A values (closer to uniform sparsity)
lead to better performance at low sparsity (10-50%), whereas larger \ values
improve performance at higher sparsity (60-80%). This indicates that flexi-
bility in sparsity allocation becomes increasingly beneficial as overall sparsity
increases.

7.3.2 Study on State-of-the-art Solvers (F2)

We further compare two representative solvers: RIA and SparseGPT. RIA
identifies sparse masks based on relative importance and activation infor-
mation without altering weight values, while SparseGPT performs layerwise
weight reconstruction using the Hessian matrix and adaptively determines
the pruning mask.

Experimental Setup. Both solvers are evaluated on Llama2 (7B, 13B),
Llama3 (8B), and OPT (6.7B) models across target sparsity levels from 10%
to 80%. Model perplexity is measured using the Wikitext2 dataset [54].

Results. As shown in Figure [7.3 RIA achieves lower perplexity at low
sparsity levels, indicating its advantage when retaining most parameters.
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Figure 7.4: Effect of deviation parameter A\ on pruning performance.

Conversely, SparseGPT surpasses RIA at higher sparsity levels, where its
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Figure 7.5: Illustration of OptiPrune applied to Llama2 (7B). Each layer
consists of seven weight matrices: four for multi-head attention (Q, K, V, O)

and three for the feed-forward network (Gate, Up, Down). Shades of green
represent relative layer importance based on the outlier distribution.

weight reconstruction mechanism becomes beneficial. This crossover trend is
consistent across all model architectures. Further analysis in Appendix [9.3.5]
confirms that direct weight reconstruction may slightly degrade performance
at low sparsity but substantially improves model quality at high sparsity.

7.4 OptiPrune

Building on our validated findings, we propose OPTIPRUNE, a pruning method
designed to handle models effectively across different target sparsity levels.

Figure provides an overview of the method. Since lower deviation val-

ues benefit low sparsity and higher values benefit high sparsity (Finding

F1), we first compute a deviation level A\(S) based on the target sparsity S

(Step 1). Next, we derive the non-uniform layerwise sparsity S; (Step 2). To

further optimize performance, we compare .S; with a threshold 7 to select the

pruning solver (Finding F2) (Step 3). Finally, we prune each layer using

the chosen solver and its corresponding sparsity S; (Step 4). The following

subsections detail these steps.

7.4.1 Determining the Deviation Level

The parameter A\ controls how much layerwise sparsity deviates from uniform
sparsity. While prior work [84] uses a fixed A\, we dynamically adjust A
based on the target sparsity S, as suggested by Finding F1. Specifically,
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A increases with 9, allowing flexible adaptation across sparsity ranges. We
define A € [Ayin, Amax] and compute it by linear interpolation:

(S - Smin)<)\max - Amin)

/\(S) - )\min * Smax - Smin

In all experiments, we use linear interpolation with A\;, = 0.01, A« = 0.16,
and sparsity bounds Sy, = 0%, Smax = 100%.

7.4.2 Computing Layerwise Non-uniform Sparsity

With A(S) determined, we compute layerwise sparsity S; following the OWL
method [84] (see Section[7.1.3)). Let D = [D*, D?,..., D"] denote the outlier
distributions across layers. We assign

810(1—DZ',

and scale it within [S — A\, .S + )|, ensuring the global sparsity target S is
maintained. Layers with more outliers receive lower sparsity (i.e., retain more
weights).

7.4.3 Adaptive Solver Selection

We employ two state-of-the-art solvers: RIA and SparseGPT. According to
Finding F2, RIA performs better at low sparsity, while SparseGPT excels
at high sparsity. We introduce a threshold 7 to automatically select the
appropriate solver per layer:

RIA, it S; <,
Solver; = .
SparseGPT, otherwise.

RIA estimates importance based on activation sensitivity, while SparseGPT
reconstructs weights to minimize error after pruning.

7.4.4 Layerwise Pruning

Finally, we prune each layer using the selected solver and its target sparsity
S;. For transformer-based LLMs, pruning is applied to main weight matrices
in multi-head attention (Q, X, V, 0) and feed-forward layers (e.g., 3 matri-
ces for LLaMA-2; 2 for OPT). This process produces models that maintain
performance while achieving the desired sparsity distribution.
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Chapter 8

LLM Efficiency: Faster LLMs
through Retrieval-based
Speculative Decoding

8.1 Preliminaries on Speculative Decoding

8.1.1 Autoregressive Decoding in LLMs

Large Language Models (LLMs) generate text in a sequential manner, pre-
dicting one token at a time conditioned on previously observed inputs. For-
mally, given an input sequence x = (z1,s,...,2s) of length s, we denote
the prefix of length m as x1.,, = (z1,29,...,%,). At each decoding step t,
an LLM outputs a probability distribution over the vocabulary for the next
token. The probability of generating token z; is expressed as:

PM(ﬂCt | X1:t—1), (8-1)

where M refers to the model parameters.

During generation, a sampling strategy is required to transform this
predictive distribution into a concrete token. Common approaches include
greedy decoding, top-k sampling, and nucleus (top-p) sampling [34] 26]. Un-
der greedy decoding, the next token is chosen by selecting the most likely
candidate:

=y Py(v| X1:4-1). (8.2)

By recursively applying the token generation process, the model produces
an autoregressive output sequence y = (y1,¥2,-..,¥n) of length m, where
each token is conditioned on both the input and previously generated outputs:

Yi =v PM(”U | Y1:i—17X)- (8.3)
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This autoregressive procedure ensures that each prediction incorporates con-
textual information from all prior tokens, enabling coherent text generation
but requiring a forward pass per generated token, which can be computa-
tionally expensive.

8.1.2 Speculative Decoding

Speculative decoding is designed to accelerate autoregressive generation by
predicting and verifying multiple future tokens in parallel. The method fol-
lows a draft-and-validate paradigm: a lightweight or auxiliary model first
generates multiple candidate continuations, and the main LLM subsequently
validates them in fewer decoding steps.

Specifically, consider a drafting process that proposes G different contin-
uations, each of length K. Let the set of all speculative hypotheses be:

}N/ - {g(1)7 5(2)7 ttt 7:&(G)}7 (8'4)

where gjﬁi) denotes the j-th token in the i-th draft. Using tree attention
mechanisms [55], multiple candidates can be verified simultaneously using a
single forward pass of the larger model.

During verification, the primary LLM computes the correct next tokens
(Y}, Yh, ..., yy) in parallel. The verification procedure then identifies the
longest prefix h for which a draft sequence is consistent with the validated
output. Thus, instead of generating only one token, up to A-+1 tokens can
be committed in a single decoding iteration.

This yields substantial inference-time speedups by reducing the number
of sequential decoding steps without compromising output fidelity.

8.2 Faster LLMs with Efficient Retrieval-based
Speculative Decoding

Our proposed retrieval-based speculative decoding method introduces an ex-
ternal knowledge—driven strategy to enhance speculative decoding by incor-
porating retrieved text as candidate guesses. The key idea is to preprocess a
large text corpus into an efficient data structure, such as a trie or compressed
index, which allows rapid prefix-based lookup. During decoding, the most
recently generated tokens serve as a query prefix to retrieve sequences that
are likely to continue the current context in a linguistically coherent manner.
These retrieved sequences then act as speculative drafts for verification by
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Figure 8.1: Comparison of (a) Retrieval-based speculative decoding [25] and
(b) Our improved approach.

the main model. Figure|[8.1|compares the existing retrieval-based speculative
decoding method [25] and our improved approach.

Using arbitrary segments from a corpus, however, may lead to low-quality
guesses that are often rejected during verification, thereby limiting the ac-
celeration benefits of speculative decoding. To mitigate this, we introduce a
refinement step that selects corpus segments most compatible with the target

LLM.

Corpus Refinement via Perplexity. To improve the relevance of re-
trieved guesses, we evaluate each text sequence u = (uq,us,...,u;) using
perplexity, which measures the average uncertainty of the model when pre-
dicting each token:

=1

PPL(u) = exp (—% Zlog Prr(u; | u<z)> : (8.5)

A lower perplexity indicates that the sequence is more predictable under the
model, suggesting it aligns well with the model’s learned distribution and
can generate high-quality guesses.
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We leverage this property to construct a curated subset of the corpus
by selecting sequences with the lowest perplexity. This high-quality subset
is then indexed into a trie structure for efficient prefix-based retrieval. By
prioritizing sequences that the model naturally predicts with high confidence,
our method improves the acceptance rate of speculative guesses, enhances
overall decoding efficiency, and facilitates smoother integration with other
speculative decoding strategies.

Importantly, this refinement approach is model-agnostic and complements
other speculative decoding techniques. By aligning retrieval with the inter-
nal probabilistic behavior of the LLM, our method ensures that external
knowledge is effectively leveraged while maintaining high generation speed
and accuracy.
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Chapter 9

Experiments and Results on
Efficient LLM Techniques

9.1 Tasks and Datasets

We assess the effectiveness of the proposed method on two major categories:
language modeling and zero-shot classification. For language modeling, we
report the perplexity (PPL) metric, where lower values indicate better predic-
tive performance. This evaluation is conducted on the WikiText-2 dataset.

For zero-shot classification, we examine model generalization across a
diverse suite of benchmarks, including Hellaswag, BoolQ, ARC, MNLI, QNLI,
RTE, OpenBookQA, Winogrande, and MathQA. These datasets collectively cover
commonsense reasoning, natural language inference, reading comprehension,
and mathematical reasoning. Perplexity is assessed on the Wikitext2 [54].
For zero-shot evaluation, we employ a diverse set of benchmarks covering
commonsense reasoning, natural language inference, and question answering.
These include Hellaswag [85], BoolQ [10], ARC (Challenge and Easy) [11],
MNLI [81], QNLI [75], RTE [13], OpenBookQA [56], Winogrande [64], and
MathQA [3].

9.2 Baselines

We compare our approach against several strong, publicly available large
language models (LLMs) and recent state-of-the-art pruning techniques. The
baseline LLMs include Llama2 (7B, 13B) [73], Llama3 (8B) [14], and OPT
(6.7B) [86].

For pruning methods, we benchmark against SparseGPT [I8|, Wanda [67],
RIA [87], and OWL [84]. Since OWL focuses on determining non-uniform spar-
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sity and requires an underlying pruning algorithm, we integrate SparseGPT
as its backbone method, following the configuration reported to yield the
best performance in [84].

Target sparsity
Method 10% 20% 30% 40% 50% 60% 70% 80% ‘ Avg

Llama2-7B (Dense=53.83)
OPTIPRUNE (Ours) 53.83 54.06 53.61 53.39 51.50 48.05 42.83 36.79 | 49.26

OWL 53.89 5381 53.03 52.67 50.98 47.65 4236 36.20 | 48.82
RIA 53.80 54.17 53.79 53.11 50.29 46.10 36.40 33.90 | 47.70
SparseGPT 53.88 5349 53.35 5236 50.12 4725 39.89 33.48 | 47.98
Wanda 53.90 54.09 5326 51.86 49.72 43.46 34.88 33.60 | 46.85

Liama2-13B (Dense=56.60)
OPTIPRUNE (Ours) 56.35 55.81 55.40 55.79 54.35 51.69 46.25 38.35 | 51.75

OWL 56.25 56.14 55.87 54.20 54.33 51.07 4553 37.59 | 51.37
RIA 56.34 5599 55.65 55.29 53.89 50.60 39.65 33.44 | 50.11
SparseGPT 56.35 5598 55.89 55.12 54.08 50.51 42.74 35.30 | 50.75
Wanda 56.19 56.10 55.65 55.45 53.33 48.05 35.81 33.20 | 49.22

Liama3-8B (Dense=>58.62)
OPTIPRUNE (Ours) 59.06 58.82 57.74 56.72 5345 50.74 42.45 36.41 | 51.92

OWL 59.15 58.78 58.06 56.60 54.05 49.85 41.66 36.39 | 51.82
RIA 58.72 5852 57.08 55.31 5242 4521 3451 33.42 | 49.40
SparseGPT 59.10 5870 57.75 56.59 53.42 48.64 40.20 3491 | 51.16
Wanda 59.10  58.60 57.36 54.53 50.97 44.08 3591 33.54 | 49.26

OPT-6.7B (Dense=46.89)
OPTIPRUNE (Ours) 47.59 46.98 47.11 46.64 45.52 44.18 41.83 37.60 | 44.68

OWL 47.00 47.19 47.19 46.59 4556 44.18 41.54 37.15 | 44.55
RIA 46.94 46.88 46.72 46.41 4550 4331 36.10 35.63 | 43.44
SparseGPT 47.00 46.88 47.15 46.54 45.92 44.61 4182 37.21 | 44.64
Wanda 46.97 46.93 46.89 46.24 4335 38.06 35.11 33.15 | 42.09

Table 9.1: Zero-shot accuracy at each sparsity ratio, averaged across all
benchmarks: Hellaswag, BoolQ, ARC (Challenge/Easy), MNLI, QNLI, RTE,
OpenBookQA, Winogrande, and MathQA. The results of OPTIPRUNE are
highlighted in blue . Bold numbers indicate the highest performance among
the methods.

9.3 Results

9.3.1 Zero-shot Performance Across Sparsity Levels

Table[9.1|reports zero-shot accuracy across various target sparsity levels. The
proposed OPTIPRUNE method consistently outperforms existing baselines
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Method ARC-C ARC-E BoolQ HSwag MathQA MNLI OBQA QNLI RTE V\YGrande‘ AVG
Llama-2 (7B) Touvron2023LlamaModels

Dense 4343 76.30  77.71  57.16 28.17 4224 3140 4990 62.82 69.14 53.83
OPTIPRUNE  35.85  65.28 73.56 49.03 26.03 40.37 27.50 50.22 58.57 66.17 49.26
OWL 36.09 64.69  73.46 49.05 26.31 38.74 2750 5045 56.05 65.89 48.82
RIA 34.97 62.71  68.58  47.02 25.47 39.96 2598 50.28 57.85 64.12 47.69
SparseGPT 35.41 63.60  70.15  48.25 26.25 3773 27.05 50.51 55.42 65.40 47.98
Wanda 34.79 60.64  66.44  45.86 25.98 37.57  26.05 50.88 56.72 63.52 46.85
Llama-2 (13B) Touvron2023LlamaModels
Dense 48.46 79.38  80.61  60.07 32.06 43.19  35.00 49.53 65.34 72.38 56.60
OPTIPRUNE 40.00 69.76 78.01 52.42 28.60 40.42 29.98 49.57 59.39 69.36 51.75
OWL 39.88 69.49  77.25  52.08 28.46 40.09 29.88  49.51 58.21 68.88 51.37
RIA 38.46 66.94  73.12  50.43 28.32 39.92  28.62 49.52 58.98 66.75 50.11
SparseGPT 39.25 6796  75.65 51.14 28.25 40.69 29.12 49.54 57.85 68.01 50.75
Wanda 38.01 63.89  71.15  49.32 27.73 40.12 2832 49.28 58.08 66.34 49.22
Llama-3 (8B) dubey2024llama3herdmodelsyrief
Dense 50.26 80.09  80.98  60.11 40.47 4782 3460 49.94 68.59 73.40 58.62
OpTIPRUNE 39.19 67.03 77.40 50.85 32.62 42.80 27.55 51.15 62.59 68.06 51.92
OWL 38.76 66.74  76.74  50.52 32.82 4243 2788 51.81 62.73 67.77 51.82
RIA 37.20 62.97  69.30  47.76 31.70 41.35 26.00 50.23 61.42 66.06 49.40
SparseGPT 38.77 66.00 T4.87  49.77 32.73 4218 27.20 51.48 61.60 67.04 51.16
Wanda 37.08 61.93  71.67  47.60 31.45 4099  26.82  49.96 59.39 65.73 49.26
OPT (6.7B) Zhang20220PT:Models
Dense 30.46 65.57  66.06  50.51 24.62 32.81  27.60 50.92 55.23 65.19 46.89
OPTIPRUNE  27.56 59.54  65.28 44.97 24.34 34.56 24.38 50.31 54.18 61.70 44.68
OWL 27.46 59.45  65.25  44.80 23.99 3423 2430 50.20 53.97 61.82 44.55
RIA 26.77 55.81  65.01  42.89 23.18 32.86 2298 50.16 54.15 60.56 43.44
SparseGPT 27.59 60.05 6525 45.25 23.92 33.81 2430 50.32 53.70 62.21 44.64
Wanda 26.43 52.28  60.70  40.79 22.84 32.62 2250 50.22 53.20 59.31 42.09

Table 9.2: Zero-shot accuracy of all benchmarks, averaged over all target
sparsity (from 10% to 80% sparsity). OPTIPRUNE ’s results are highlighted
in blue. Dense models’ results are highlighted in gray . Bold numbers
indicate highest performance among methods.

at nearly all sparsity ratios. When averaged over all sparsity levels, Op-
TIPRUNE achieves the highest overall accuracy among competing approaches.
This trend remains consistent across multiple model architectures and param-
eter scales. Although OPTIPRUNE does not always yield the top result at
every individual sparsity level, its performance remains highly competitive
and stable, demonstrating strong robustness across a wide sparsity range.

9.3.2 Zero-shot Performance Across Benchmarks

Table presents zero-shot accuracy for individual benchmarks, averaged
over all sparsity levels. Our method achieves superior performance on al-
most all benchmarks and attains the highest average score across tasks.
This improvement is consistent across different model families, indicating
that OPTIPRUNE provides reliable generalization and robustness in zero-
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shot settings. The gains across diverse benchmarks—spanning commonsense
reasoning, NLI, and QA—underscore the method’s adaptability and broad
effectiveness.

9.3.3 Perplexity Evaluation

Table summarizes the average perplexity results across all sparsity ra-
tios. OPTIPRUNE attains the lowest perplexity among all baselines for the
Llama series of models. For the OPT architecture, while OPTIPRUNE does
not surpass OWL [84], it still performs comparably to other state-of-the-art
(SOTA) methods, maintaining competitive perplexity values overall. These
results confirm the general effectiveness of the proposed method across model
types and sizes.

9.3.4 Additional Results

We further evaluate OPTIPRUNE under semi-structured pruning with an
N : M constraint, where at least N of every M consecutive weights are set
to zero, enabling structured sparsity with improved hardware efficiency. As
shown in Table [0.5] OPTIPRUNE achieves superior performance in most
architectures under the 2:4 semi-structured setting, demonstrating its flexi-
bility and compatibility with hardware-friendly pruning schemes.

Figure 9.1 compares the perplexity differences between models pruned
using uniform and non-uniform sparsity patterns under the RIA framework.
The results reveal that non-uniform sparsity achieves lower perplexity at
higher sparsity ratios, suggesting its effectiveness in retaining important
weights under extreme compression. In contrast, at lower sparsity ratios,
uniform sparsity tends to yield slightly better performance. This trend re-
mains consistent across all evaluated architectures.

Sparsity ratio
A Calculation 0.1 0.2 0.3 04 0.5 0.6 0.7 0.8 ‘ Avg

Linear translate  53.83 54.06 53.61 53.39 51.50 48.05 42.83 36.79 | 49.26
Sigmoid function 53.78 54.20 53.70 53.15 50.56 47.92 42.82 36.85 | 49.12

Table 9.3: Zero-shot accuracy across different sparsity ratios for Llama2-7B.

9.3.5 Effect of Weight Reconstruction in RIA

To further analyze RIA’s behavior, we examine the impact of integrating
SparseGPT’s weight reconstruction procedure using RIA’s pruning mask.
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Figure 9.1: Perplexity difference (A Perplexity) between uniform and non-
uniform sparsity using RIA. Lower perplexity indicates better performance.
Negative A denotes cases where uniform sparsity performs better, whereas
positive A indicates superior performance of non-uniform sparsity.

Figure presents the perplexity differences between models pruned with
and without reconstruction across various sparsity levels. The results suggest
that weight reconstruction tends to reduce performance when the sparsity
ratio is low but provides noticeable gains at higher sparsity levels, where
model capacity is more constrained.

Method Llama2-7B Llama2-13B Llama3-8B OPT-6.7B
OPTIPRUNE 18.98 13.68 39.42 26.55
RIA 152.88 65.15 310.23 1967.77
SparseGPT 23.18 22.61 44.56 26.35
OWL 20.61 14.81 39.67 24.49
Wanda 743.84 251.90 447.14 592.75

Table 9.4: Average perplexity across all sparsity levels. Lower values indicate
better performance.
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Figure 9.2: Perplexity difference (A Perplexity) between RIA with and with-
out weight reconstruction. Negative A values indicate that reconstruction
degrades performance, while positive A values indicate improvements.

Method Llama2-7B Llama2-13B Llama3-8B OPT-6.7B
OPTIPRUNE 12.31 9.86 18.49 16.09
RIA 12.75 9.49 25.81 17.63
SparseGPT 12.41 9.87 18.49 16.11
OWL 12.41 9.86 18.49 16.11
Wanda 13.72 10.17 27.71 17.80

Table 9.5: Average perplexity under semi-structured 2 : 4 pruning. Lower
values indicate better performance.

9.3.6 Retrieval-based Speculative Decoding

Table presents the decoding performance of LLaMA2-7B-Chat on the
GSMSK dataset [I2], measured in terms of speedup relative to standard
autoregressive decoding. The baseline autoregressive method achieves a
reference speedup of 1.0x. REST [25], a previous retrieval-based specu-
lative decoding approach, provides a marginal improvement, achieving a
1.01x speedup. In contrast, our retrieval-based speculative decoding method
demonstrates a substantial acceleration, reaching a speedup of 1.18x. Fur-
thermore, our framework is explicitly designed to allow seamless integra-
tion with complementary acceleration techniques, such as the N-gram-based
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Method Speedup AVG Accepted Length

Autoregressive 1.00x 1.00
REST 1.01x 1.47
REST (Integrate)  1.08x 1.47
Ours 1.18x 1.31
Ours (Integrate) 2.14x 2.64

Table 9.6: Decoding performance (speedup gain) of LLaMA2-7B-Chat, mea-
sured on GSMS8K dataset [12]. (Integrate) indicate the integration with N-
gram-based approach[19].

method [19], whereas REST does not support such integration due to its cor-
pus size. When combined with the N-gram strategy, our method achieves a
speedup of 2.14x, representing an almost twofold improvement over standard
decoding. This result highlights that by selectively retrieving high-quality,
model-aligned text sequences and integrating them as speculative drafts, our
approach significantly enhances decoding efficiency while maintaining the fi-
delity of generated outputs. The notable speedup indicates that our method
effectively reduces the number of forward passes required during speculative
decoding, outperforming prior retrieval-based techniques.
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Chapter 10

Conclusions

10.1 Conclusions

In this thesis, we have addressed key challenges in developing high-quality,
reliable, and deployment-efficient Large Language Models (LLMs). Our work
focuses on two complementary directions: improving answer quality and con-
fidence estimation, and enabling optimal model pruning across varying spar-
sity levels.

First, we proposed ANSPRE, a structured answer generation framework
that guides LLMs to produce concise, structured answers with reliable confi-
dence scores. By enabling aggregation across multiple retrievals and reason-
ing paths, ANSPRE improves both accuracy and robustness. We extended
this framework to multilingual and vision-language settings through SELF-
ANSPRE, demonstrating significant gains on Vietnamese and Japanese QA
benchmarks, as well as visual QA tasks. Extensive experiments show that
ANSPRE consistently improves Exact Match (EM) and F1 scores, while pro-
ducing better-calibrated confidence estimates suitable for high-stakes appli-
cations.

Second, we conducted an empirical study of pruning techniques, reveal-
ing two key findings: (i) layerwise uniform sparsity performs best at low
sparsity, while non-uniform sparsity excels at high sparsity, and (ii) relative
importance-based mask pruning is more effective at low sparsity, whereas
Hessian-based weight reconstruction is superior at high sparsity. Building
on these insights, we developed OPTIPRUNE, a pruning method that dy-
namically selects the optimal sparsity distribution and solver for each layer.
Our experiments demonstrate that OPTIPRUNE outperforms existing state-
of-the-art pruning methods across a variety of LLM architectures, sparsity
levels, benchmarks, and language calibrations.
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Overall, this thesis contributes to the design of LLMs that are simultane-
ously accurate, reliable, and deployment-friendly. Future work includes ex-
ploring adaptive pruning strategies for continual learning, extending ANSPRE
to more complex reasoning tasks, and investigating hardware-aware compres-
sion techniques to further improve efficiency in practical deployments.
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