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Abstract

Large language models (LLMs) have demonstrated strong capabilities across
a wide range of reasoning tasks, especially when supported by prompting
or external knowledge. Among the most common ways to incorporate such
knowledge is retrieval-augmented generation (RAG), which grounds model
outputs in retrieved evidence. In scientific and biomedical settings, however,
users need more than a correct answer: they must be able to (i) identify
which facts the system relies on, (ii) assess whether the evidence genuinely
supports the conclusion, and (iii) verify the reasoning through explicit, fine-
grained references to the source material. Accordingly, this thesis argues
that evidence-based reasoning with LLMs requires inspectable evidence
selection and verifiable reasoning traces, not only fluent answers—especially
in biomedical and scientific settings where decisions must be audited. In this
thesis, evidence-based reasoning means that each prediction is grounded in
explicitly selected evidence and accompanied by a reasoning trace that can
be checked at the appropriate granularity (sentence-level in text, path-level
in graphs, and cell-level in tables).

In practice, many LLMs paired with RAG pipelines still fall short for three
structural reasons. First, much of an LLM’s knowledge remains implicit in
its parameters, making it difficult to inspect, reuse, or maintain as explicit
facts. Second, retrieval is frequently driven by lexical matching and vector
similarity, which can capture topical relatedness but still miss the precise
evidence required for multi-hop inference. Third, reasoning traces are often
not audit-friendly—especially for tables, where verification requires localized,
cell-level citations rather than generic explanations.

A common solution is to train task-specific retrievers and reasoning
models. However, in biomedical and scientific applications, labeled data is
often limited and expensive, and the evidence format changes across tasks,
including text, graphs, and tables. As a result, supervised systems can be
hard to transfer and maintain: they usually need new labels or fine-tuning
when the domain or task changes. This motivates an unsupervised and
explainable framework that can work with minimal annotation. We therefore
organize the thesis around an unsupervised pipeline that (i) makes knowledge
explicit, (ii) performs semantic retrieval, meaning unsupervised evidence
selection across data formats (sentences in text, columns/cells in tables,
and salient paths in graphs), and (iii) produces reasoning traces that can
be directly checked. These goals align with three pillars of the dissertation:
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unsupervised knowledge extraction makes latent model knowledge explicit,
semantic retrieval selects the right evidence precisely, and evidence-based
reasoning exposes verifiable traces for auditing.

This thesis develops an unsupervised and explainable evidence-based
reasoning framework that works across tabular and textual settings with
minimal annotation. We first study unsupervised semantic retrieval and ver-
ifiable reasoning without external knowledge, focusing on tabular evidence.
For tabular reasoning and fact verification, UCRET selects claim-relevant
columns via spherical k-means and produces label-conditioned counterfactual
reasoning with concise cell-level citations. To strengthen evidence selection in
tables, UCRET-JS extends this idea with distribution-aware retrieval, using
Jensen–Shannon divergence to compare contextual token distributions rather
than relying on a single embedding.

While reasoning only from the provided input improves transparency and
reduces supervision needs, it also exposes a key limitation: the evidence
available in a table or a passage can be implicit, incomplete, or insufficient
for multi-hop inference. To address this limitation, the thesis moves to unsu-
pervised semantic retrieval with external knowledge, where knowledge graphs
(KGs) provide additional context, enable multi-hop reasoning, and improve
answer reliability. K-Bloom converts latent knowledge in pretrained language
models into high-precision KG tuples using an Optimal Transport formula-
tion, making model knowledge explicit and reusable. USCRaKe performs
unsupervised text retrieval with Optimal Transport and Jensen–Shannon di-
vergence by comparing distributions of contextual tokens rather than single-
vector similarity, improving evidence selection for compositional queries.
Building on the biomedical KG produced by K-Bloom, UGAT-MedQA
applies unsupervised graph attention to identify salient multi-hop paths,
which are verbalized into step-by-step evidence-linked reasoning for medical
question answering.

Across general, biomedical, and scientific benchmarks, the results show
that an unsupervised and explainable pipeline can deliver higher quality
evidence selection and more verifiable reasoning without task-specific labels
or fine-tuning while remaining adaptable to different evidence formats (ta-
bles, text, and graphs). Future work will focus on reducing hallucinations,
making retrieval more intent- and verification-oriented, maintaining domain
knowledge graphs over time, and extending unsupervised table reasoning to
noisier real-world and clinical settings.

Keywords: Large Language Models, Knowledge Graphs, Optimal
Transport, Unsupervised Learning, Question Answering, Table-based Fact
Verification
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Chapter 1

Introduction

1.1 Research Overview and Motivation

Recent years have seen rapid progress in pre-trained foundation models,
especially large language models (LLMs), which achieve strong performance
across a broad range of tasks [3,4], including recommender systems [5], molec-
ular discovery [6], and report generation [7]. These models are trained on
massive corpora and often exhibit emergent capabilities [5,8], such as robust
language understanding, instruction following, and in-context learning.

To improve the faithfulness and usefulness of generated outputs, Retrieval-
Augmented Generation (RAG) [9] has become a representative technique in
generative AI. RAG conditions the model on retrieved evidence from external
sources [6,9,10], and is often effective with minimal or no additional training
[11]. This design has shown promise in knowledge-intensive tasks such as
open-domain question answering [12–14], as well as in broader language tasks
and downstream applications [15–19].

In scientific and biomedical settings, however, users need more than a
correct answer: they must be able to (i) identify which facts the system
relies on, (ii) assess whether the evidence genuinely supports the conclusion,
and (iii) verify the reasoning through explicit, fine-grained references to the
source material. Accordingly, this dissertation argues that evidence-based
reasoning with LLMs requires inspectable evidence selection and verifiable
reasoning traces, not only fluent answers—especially in biomedical and
scientific settings where decisions must be audited.

Despite these successes, both LLMs and RAG still face challenges that
affect their reliability and interpretability in complex domains such as
biomedicine and science. In practice, many LLMs paired with RAG pipelines
still fall short for three structural reasons.

Limitation 1: Knowledge is implicit and hard to reuse. Much of
an LLM’s knowledge remains implicit in its parameters, making it difficult
to inspect, reuse, or maintain as explicit facts. Language models such as
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BERT [20], GPT-3 [21], and T5 [22] are trained on large, diverse datasets
and store this knowledge implicitly. This raises a fundamental question:
what specific facts reside inside these models, and how can we extract and
represent them systematically? A promising approach involves knowledge
graphs (KGs), which represent information as triples (h, r, t) and make
relationships within a domain accessible to both humans and machines [23].
Integrating pretrained language models (PLMs) with KGs has improved
applications such as search engines [24], recommendation [25], and question
answering [26, 27]. However, existing extraction methods can be noisy. For
example, BertNet [28] extracts relational triples from masked sentences, but
the resulting graphs may contain inconsistent entity pairs, which reduces
reliability and precision. This motivates an unsupervised knowledge
extraction component, which turns PLM knowledge into precise, reusable
triples without labels.

Limitation 2: Retrieval is often pointwise and misses multi-hop
evidence. Retrieval is frequently driven by lexical matching and vector
similarity (e.g., BM25, cosine, Euclidean). These methods capture topical
relatedness, but they can still miss the precise evidence required for multi-
hop inference. While RAG helps by retrieving external context, its reliance
on Euclidean or cosine similarity [29–33] is often insufficient for capturing
fine-grained semantic relationships in contextualized embeddings, especially
in complex multi-hop reasoning scenarios. Moreover, although BM25 [34]
and Dense Passage Retrieval (DPR) [35] enable efficient retrieval from large
corpora, they frequently lack semantic depth [36]. This motivates our un-
supervised semantic retrieval component, using Optimal Transport with
Jensen–Shannon divergence to capture distribution-level semantics beyond
surface overlap and single-vector matching.

Limitation 3: Reasoning is hard to verify, especially for graphs
and tables. Reasoning traces are often difficult to verify, particularly when
the evidence is structured (e.g., graphs and tables). For tables, verification
is inherently localized : users need precise, cell-level support rather than
generic natural-language rationales. However, most LLMs are primarily
trained on unstructured text, which limits robust generalization to semi-
structured inputs and multi-step operations over tabular data [37–41]. While
recent progress in table-based fact verification and table reasoning (e.g.,
TART [42], Table-LLaVA [43], and others [44–46]) has shown promise, many
approaches rely on fine-tuning, domain-specific training, or closed models,
which reduces transferability and complicates auditability in practice. This
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motivates our unsupervised column selection mechanism and citation-
centric reasoning, designed to expose exactly which table cells support each
decision.

For knowledge graphs, the challenge shifts from citing cells to isolating
a salient subgraph for multi-hop inference. Large KGs contain millions of
facts, and naive retrieval can introduce substantial noise, which confuses
downstream LLM reasoning. Existing approaches [47–50] either rely on
generic retrievers, heuristic traversal, or costly LLM-driven graph explo-
ration; supervised node selection further requires labeled data or hand-crafted
rules, limiting scalability across biomedical domains. These issues underscore
the need for an unsupervised yet structured mechanism to estimate relevance
and surface evidence-linked multi-hop paths that users can inspect.

Finally, LLMs still face inherent limitations such as hallucinations and
outdated internal knowledge [5, 8]. This further strengthens the case for
evidence-based pipelines where intermediate evidence and reasoning steps
are explicitly surfaced for inspection and post-hoc verification [51].

Why unsupervised. A common solution is to train task-specific retrievers
and reasoning models. In biomedical and scientific applications, however,
this is often impractical: labeled data is often limited and expensive, and
the evidence format changes across tasks (tables, text, and graphs). As a
result, supervised systems are harder to transfer and maintain: they usually
need new labels or fine-tuning when the domain or task changes. This
motivates an unsupervised and explainable framework that can work with
minimal annotation. We therefore organize the thesis around an unsupervised
pipeline that (i) makes knowledge explicit, (ii) performs semantic retrieval,
meaning unsupervised evidence selection across data formats (sentences in
text, columns/cells in tables, and salient paths in graphs), and (iii) produces
reasoning traces that can be directly checked. These objectives align with
the three core pillars of our dissertation: unsupervised knowledge extrac-
tion, which transforms latent model knowledge into explicit facts; semantic
retrieval, which ensures the most relevant evidence is accurately selected;
and evidence-based reasoning, which generates verifiable traces for rigorous
auditing.

The research is organized into two complementary scenarios:

• Unsupervised semantic retrieval without external knowledge:
The system first performs evidence selection from the given input alone
(e.g., identifying claim-relevant table columns) and supports the output
with checkable citations.

• Unsupervised semantic retrieval with external knowledge:
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When the input evidence is implicit or incomplete, the system first
retrieves additional evidence from external resources (e.g., tex-
t/KGs), then performs multi-step reasoning using evidence-linked
traces that remain inspectable.

Overview of our unified pipeline. Across both settings, we develop a
unified pipeline that works with different evidence formats (tables, text, and
graphs) under unsupervised manner. The core principle is to use a specific
selector for each evidence type: identifying relevant columns and cells in
tables, selecting sentences in text, and finding salient paths in knowledge
graphs. Regardless of the input format, the system ensures that all reasoning
remains checkable through explicit citations or evidence-linked traces.

Part I: Unsupervised semantic retrieval and verifiable reasoning
without external knowledge. We first study verifiable reasoning when
the system must rely only on the given input, with a focus on tables. For
table-based fact verification, UCRET selects claim-relevant columns using
spherical k-means, forms a compact evidence table, and generates a predicted
answer and label-conditioned explanations with concise, cell-level citations.
To further strengthen table evidence selection, UCRET-JS extends this
idea with distribution-aware scoring: it uses Jensen–Shannon divergence over
contextual token distributions rather than relying on a single embedding.

Reasoning only from the provided table improves transparency because
the supporting evidence is directly observable and can be cited at the cell
level. However, it also exposes a key limitation: for multi-hop questions, the
necessary facts are not explicitly stated in a single input. Crucial background
knowledge may be unstated, absent, or fragmented across multiple locations,
making input-only reasoning frequently insufficient. This motivates our
second setting, where external knowledge is introduced to support multi-hop
inference while still keeping evidence selection and reasoning traces explicit
and inspectable.

Part II: Unsupervised semantic retrieval and verifiable reason-
ing with external knowledge. To address this limitation, we move
to unsupervised semantic retrieval with external knowledge. K-Bloom
converts latent knowledge in pretrained language models into high-precision
KG tuples using an Optimal Transport formulation, making model knowledge
explicit and reusable. Building on the biomedical KG produced by K-
Bloom, UGAT-MedQA applies unsupervised graph attention to identify
salient multi-hop paths, which are verbalized into step-by-step, evidence-
linked reasoning for medical question answering. In addition, USCRaKe
performs unsupervised text retrieval with Optimal Transport and Jensen–
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Shannon divergence by comparing distributions of contextual tokens rather
than single-vector similarity, improving evidence selection for multi-hop and
compositional questions

Key novelty. This dissertation proposes a unified, unsupervised pipeline
that extracts knowledge, selects evidence, and produces verifiable
reasoning across tables, knowledge graphs, and text. Its novelty lies in a
family of unsupervised evidence selectors tailored to each format: Optimal
Transport-based scoring for knowledge extraction, distribution-aware Opti-
mal Transport retrieval for text, unsupervised graph attention for identifying
salient multi-hop paths, and clustering-based selection for claim-relevant
table columns. Because these selectors do not rely on labeled training data,
the pipeline can be reused across tasks while still producing transparent,
verifiable reasoning traces.

1.2 Research Objective and Contributions

Research objective. The objective of this research is to develop an effec-
tive, unsupervised, and explainable pipeline that extracts knowledge,
retrieves evidence, and reasons transparently across text, knowledge
graphs, and tables, while achieving competitive accuracy with minimal
annotation. The central research question is: How can we develop fully
unsupervised and explainable methods that extract knowledge from pretrained
language models, identify and retrieve relevant evidence across text, knowl-
edge graphs, and tables, and provide transparent reasoning for question
answering and fact verification, all without supervised training?

Main contributions. To answer this, the dissertation proposes and eval-
uates the following contributions:

• UCRET (Unsupervised Column Extraction for Table-based
Fact Verification without Knowledge Graphs): An interpretable
framework for table-based fact verification that uses spherical k-means
as unsupervised column selection to form a concise evidence table and
apply label-conditioned counterfactual reasoning (SUPPORTS, RE-
FUTES, NOT ENOUGH INFO) to deliver precise decisions with clear
explanations, achieving strong performance without using a knowledge
graph.

• UCRET-JS (Distribution-Aware Table Evidence Selection):
An extension of UCRET that strengthens table evidence selection
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using Jensen–Shannon divergence over contextual token distributions,
improving robustness for table QA tasks without requiring labeled
training data.

• K-Bloom (Unsupervised Knowledge Extraction): A method
for extracting high-quality knowledge graphs from pretrained language
models using OT-based distance scoring, expanding from minimal seeds
to produce a reusable symbolic resource for downstream reasoning.

• UGAT-MedQA (Unsupervised Graph Attention Network for
Biomedical QA): We construct a biomedical knowledge graph using
K-Bloom, then apply an unsupervised Graph Attention Network to se-
lect salient multi-hop paths, verbalize those paths, and supply them to
the LLM as evidence, yielding step-by-step and readable explanations
for medical QA without task-specific labels.

• USCRaKE (Unsupervised semantic chunk retrieval): Formu-
late sentence-level retrieval as Optimal Transport with Jensen–Shannon
divergence as the ground cost, enriched with lightweight one-hop
ConceptNet verbalization, yielding robust evidence selection without
labels.

• Generality and Impact: Extensive experiments across general,
biomedical, and scientific datasets show competitive accuracy and clear
explanations, narrowing the gap with supervised approaches while
improving transparency and flexibility.

1.3 Overview of the Dissertation

Figure 1.1 illustrates the overall structure of this dissertation. We propose
a unified, unsupervised framework that integrates knowledge extraction,
semantic retrieval, and structured reasoning with large language models
to address diverse natural language processing tasks. The primary goal
is to develop modular and interpretable systems that function effectively
without labeled data or task-specific fine-tuning. To achieve this, the thesis
is organized into two parts: (i) unsupervised semantic retrieval and verifi-
able reasoning without external knowledge, and (ii) unsupervised semantic
retrieval with external knowledge.

In summary, this thesis delivers a practical, transparent, and flexible
framework. It shows how to discover the knowledge hidden inside the
language models, retrieve semantically precise evidence from text and tables,
and reason step by step—without labeled data. Ultimately, this work
establishes a modular, interpretable, and scalable paradigm for building
trustworthy AI systems capable of accurate and explainable inference across
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diverse real-world language understanding tasks.

Figure 1.1: Dissertation Outline.

The remainder of the thesis is organized as follows.

• Chapter 2: Background reviews foundations in knowledge extrac-
tion, semantic retrieval, explainable reasoning, KG-augmented QA, and
table-based verification, and summarizes key limitations that motivate
the proposed methods.

• Chapter 3: UCRET presents an unsupervised approach for table-
based fact verification via spherical k-means column selection and
checkable, label-conditioned explanations with cell-level citations.

• Chapter 4: UCRET-JS - Unsupervised Column Relevance Ex-
traction for Table-Based Question Answering via Structured
and Explainable Large Language Model Reasoning presents
a KG-free method for table QA. It selects relevant columns using
spherical k-means and explains decisions with label-conditioned coun-
terfactual reasoning.

• Chapter 4: UCRET-JS focuses on table question answering
and strengthens column and evidence selection with Jensen–Shannon
divergence over contextual token distributions.

• Chapter 5: K-Bloom introduces an unsupervised method to extract
high-precision KG triples from pretrained language models using Op-
timal Transport scoring.
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• Chapter 6: UGAT-MedQA uses the extracted biomedical KG from
K-Bloom and unsupervised graph attention to select salient multi-hop
paths and verbalize them into evidence-linked medical QA reasoning.

• Chapter 7: USCRaKe proposes unsupervised semantic chunk re-
trieval for text using Optimal Transport with Jensen–Shannon di-
vergence, and shows how retrieved evidence supports interpretable
reasoning for multiple-choice QA.

• Chapter 8: Conclusion and Future Work summarizes the thesis
and outlines future directions for unsupervised evidence selection and
verifiable reasoning across formats.

Note on chapter order. Although UCRET-JS appears before USCRaKE
in this dissertation, the reuse of Jensen–Shannon divergence should be
understood as a shared design principle rather than a dependency on later
chapters. UCRET-JS adopts the same distribution-aware motivation in the
table setting to improve robustness in column selection for option-driven table
QA. The general formulation and analysis of Jensen–Shannon divergence
within an Optimal Transport retrieval framework is then presented in detail
in the USCRaKE chapter.
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Chapter 2

Background

2.1 Unsupervised Knowledge Extraction from
PLMs to Knowledge Graphs

2.1.1 Knowledge Graph Construction and Extraction

2.1.1.1 From Text to Graphs

Knowledge Graph Construction (KGC) traditionally follows pipelines for
entity, relation, and attribute extraction from text, producing triples that
can be integrated into large KGs [52–54]. Human-curated resources such
as Freebase, WordNet, and Wikidata [55–57] offer broad coverage but
are costly to maintain. Automated approaches (OpenIE, YAGO) [58–61]
reduce annotation cost but may introduce noise or require significant post-
processing. This motivates methods that can extract higher-precision triples
with minimal supervision, which is the focus of this dissertation.

2.1.1.2 From PLMs to Graphs

A complementary line of work aims to extract graph-structured knowledge
from PLMs themselves, using prompts to elicit relations and entities (e.g.,
LAMA; prompt-engineering and automated prompt discovery). Compared
to text-only extraction, PLM-based extraction can quickly surface factual
associations learned during pre-training. However, prior approaches often
predict missing objects for pre-specified (subject, relation,_) templates, of-
fering limited support for discovering new entity pairs or expanding around
seed knowledge. This gap motivates seed-guided, unsupervised strategies
that (i) search beyond single triples, (ii) score candidate pairs robustly, and
(iii) assemble outputs into a coherent KG suitable for downstream reasoning.
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2.1.2 Probing PLMs for Factual Knowledge

PLMs such as BERT [20] encode broad linguistic and factual regularities
learned from large corpora. A central question is how much of this knowledge
is retrievable in a controlled way. Early factual probing frameworks (e.g.,
LAMA) treat PLMs as implicit knowledge bases by filling cloze prompts
to recover (subject, relation, object) triples [51]. Subsequent work explores
prompt design, paraphrasing, and prompt automation to improve recall and
stability of retrieved facts (e.g., conditional masked language modeling [62],
prompt tuning and AutoPrompt).

Despite progress, factual probing exposes several limitations relevant
to this dissertation: (i) outputs may be prompt-sensitive and inconsistent
across paraphrases, (ii) coverage remains biased toward frequent entities
while long-tail facts are underrepresented, and (iii) retrieved snippets are
not immediately structured for downstream reasoning. These issues motivate
methods that transform latent parametric knowledge into explicit, reusable
symbolic structures and are less sensitive to prompt wording.

2.2 Semantic Retrieval for Question Answering

Retrieval-augmented generation (RAG) couples a parametric generator with
a non-parametric memory of external documents to improve factual ground-
ing [9]. Typical systems retrieve passages (e.g., via FAISS [63]) and con-
dition a generator such as BART [64] to produce answers, yielding gains
on open-domain QA benchmarks like Natural Questions [65] and reducing
hallucinations in dialogue [66].

However, standard dense retrieval pipelines often depend on basic simi-
larity (cosine or Euclidean) over chunked text and may return long, loosely
related passages. This is problematic for multi-step reasoning or fine-grained
alignment at the sentence level. Moreover, many RAG variants benefit
from supervised retriever–generator tuning, which can diminish cross-domain
portability. These observations motivate unsupervised retrieval mechanisms
that (i) operate at finer granularity, (ii) capture subtle semantic relations
beyond cosine distance, and (iii) remain effective without task-specific labels.
Therefore, in this dissertation, we propose unsupervised text retrieval using
Optimal Transport with Jensen–Shannon divergence to score sentence-level
alignments while preserving an unsupervised pipeline robustly.
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2.3 Explainable Reasoning with
Graph-Augmented LLMs

2.3.1 Retrieval-Augmented Question Answering Systems

Retrieval-Augmented Generation (RAG) [9] has emerged as a prominent
architecture for open-domain question answering and knowledge-intensive
tasks due to its explainability, scalability, and reduced hallucination com-
pared to purely parametric models. RAG seamlessly integrates parametric
memory, represented by a pre-trained seq2seq generator BART [64], with
non-parametric memory consisting of dense vector representations of external
documents indexed by FAISS [63]. Given a query, RAG encodes it into dense
embeddings, retrieves relevant passages from an external knowledge base, and
conditions the generator on these retrieved documents to produce the final
output. This retrieval-augmented design not only grounds the generation
process in external evidence but also enables end-to-end training to jointly
optimize both the retriever and generator components. Empirical results
demonstrate RAG’s effectiveness on benchmarks such as Natural Questions
[65], outperforming parametric-only models by leveraging external knowledge
to improve factual accuracy. Furthermore, RAG has been shown to reduce
hallucination in knowledge-grounded tasks such as dialogue generation [66],
where grounding responses in retrieved evidence enhances informativeness
and faithfulness to source content. Despite their success, RAG pipelines
[67, 68] depend on retrievers that use traditional metrics such as cosine
or Euclidean distance to compute similarity over dense embeddings. In
addition, though traditional techniques such as BM25 [34] and Dense Passage
Retrieval [35] are highly effective at efficiently locating relevant documents
across massive datasets, they frequently fall short when it comes to capturing
the deeper, underlying semantic meaning of the content. This dependency
reduces their effectiveness on complex reasoning tasks that require subtle
semantic alignment, as it often results in the retrieval of long passages with
loosely related content. Specifically, these methods remain limited by the
chunking style of knowledge organization and struggle to effectively capture
information in complex queries. In addition, many RAG variants [69–72]
jointly fine-tune the retriever and generator in a supervised manner, which
improves in-domain accuracy but reduces portability to unseen domains.
These issues highlight the need for a retrieval mechanism that can capture
fine-grained semantic alignment while remaining unsupervised. Unlike prior
RAG pipelines that depend on cosine or Euclidean similarity and often
require supervised fine-tuning of retriever–generator pairs, our framework
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introduces a theoretically grounded OT–JSD retrieval mechanism. Opti-
mal Transport is a paradigm for transforming one probability distribution
into another while minimizing the cost of the transformation [73, 74]. Its
strength lies in optimizing a transportation cost matrix, which effectively
captures various modalities and constraints, such as text-text alignment and
image-image alignment in a fine-grained manner. This unsupervised design
captures fine-grained semantic alignment without task-specific supervision,
thereby improving cross-domain generalization while reducing reliance on
large annotated datasets.

2.3.2 Knowledge Graph-Augmented Question Answer-
ing

In our framework, structured knowledge from ConceptNet is leveraged as
an auxiliary evidence source to support reasoning in MCQA. This approach
aligns with the broader trend of incorporating structured knowledge into QA
systems to enhance factual consistency and reasoning transparency. Existing
approaches in incorporating knowledge graphs into question answering can be
broadly grouped into three categories: embedding-based methods, semantic
parsing methods, and retrieval-augmented methods. Embedding-based ap-
proaches embed entities and relations from KGs into continuous vector spaces
and employ various architectures—such as key-value memory networks [75],
sequence modeling [76], or graph neural networks [2]—to learn reasoning
paths that connect the question with relevant entities and relations. On the
other hand, semantic parsing-based methods convert natural language ques-
tions into structured query languages (e.g., SPARQL) using semantic parsers.
These queries are then executed over the KG to retrieve answers [77–80].
However, such methods often treat reasoning as an external process executed
by the KG engine, thereby underutilizing the reasoning capabilities of the
model itself. Retrieval-augmented methods aim to bridge the gap between
the structured nature of knowledge graphs and the reasoning capabilities
of neural models. These approaches retrieve relevant knowledge triples or
subgraphs from the KG and integrate them into the model’s inference process
to improve factual grounding. For instance, GraftNet [81] performs entity
linking to extract local subgraphs, while PullNet [82], SR [83], DiFar [84], and
UniKGQA [85] leverage dense retrievers to access more semantically relevant
KG content. Building on this foundation, the emergence of large language
models has given rise to RAG [9,86–88], a paradigm that integrates retrieved
external knowledge—structured or unstructured—into generative pipelines.
In this setting, structured KG triples are often verbalized into natural
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language to guide generation or validate reasoning chains. For example, [89]
uses KG-derived facts to correct hallucinated reasoning steps, while DECAF
[90] jointly retrieves knowledge and generates both structured queries and
natural language answers, unifying the strengths of semantic parsing and
generation. Although graphs serve as effective knowledge carriers, their
utility is constrained by several limitations. First, most publicly available
KGs remain incomplete and inconsistent, as constructing high-quality graphs
is resource-intensive and hampered by the lack of a unified ontology. Second,
corpus-based KG construction faces a trade-off between efficiency and effec-
tiveness: fine-grained graphs preserve detail but are computationally costly,
while compact graphs risk losing critical information. These limitations
motivate the need for a framework that can exploit KGs in a lightweight yet
context-sensitive way, while complementing them with more robust semantic
retrieval.

2.3.3 Question Answering over Knowledge Graphs

Question answering over a knowledge graph aims to retrieve and apply rele-
vant facts from the knowledge graph to answer natural language questions.
Given a natural language question q, a list of options Aq, and a KG G, the
task aims to design a function f to reason answers a ∈ Aq based on knowledge
from G, i.e., a = f(q,G). Recent advancements in question answering over a
knowledge graph can be broadly categorized into two paradigms: semantic
parsing-based and retrieval-based approaches. Semantic parsing (SP)-based
methods utilize LLMs to convert natural language queries into structured
logical forms such as S-expressions or SPARQL queries, which can be directly
executed on a knowledge graph to retrieve precise answers [91], [92], [93].
These methods exploit the structured nature of KGs to enable interpretable
and deterministic reasoning. In contrast, retrieval-based approaches aim
to enhance response generation by extracting relevant entities, relations, or
relational paths from the knowledge graph and conditioning large language
models on this contextual information [94, 95]. Recently, approaches based
on LLMs have utilized the reasoning abilities of these models to generate
answers in a step-by-step process without requiring additional training [50],
[96], [97]. The study by He et al. [48] focuses on retrieving additional
contextual information relevant to a given question and using it as extra input
to enhance the performance of LLMs, aiming to improve answer accuracy.
This highlights the benefit of augmenting language models with external
knowledge to improve performance in specialized domains.

13



2.3.4 Graph-Augmented Language Models for Question
Answering

Integrating language models (LMs) with graphs containing natural language
information has emerged as a significant research area [98]. Existing methods
generally fall into two main categories: (i) leveraging latent graph-based
features—often extracted with graph neural networks—to enhance language
models [99, 100], and (ii) explicitly feeding verbalized graph information as
part of the language model’s input [96, 101]. The first category struggles
with the inherent differences between graph structures and natural language,
which can lead to limited effectiveness on knowledge-intensive tasks [102].
The second category, meanwhile, often suffers from the inclusion of noisy
or irrelevant information retrieved from large graphs, which can hinder the
reasoning performance of language models [48,103]. To overcome these chal-
lenges, our approach integrates GAT-based retrieval with RAG for multiple-
choice question answering, yielding superior results compared to previous
methods.

2.4 Table-Based Fact Verification and Question
Answering with Reasoning

Table-based reasoning tasks, including question answering, fact verification,
and summary generation, require models to interpret structured tabular
data and perform precise inference. Early work addressed these challenges
through symbolic approaches, such as translating natural language into
executable queries (e.g., SQL, SPARQL) [104, 105], or using graph neural
networks to model table structure [106, 107]. However, these approaches
often struggled to generalize due to their dependence on schema-specific
formats and handcrafted operations. Pretrained neural methods such as
TAPAS [108] extend BERT with table-aware embeddings and achieve strong
results on cell selection and aggregation, typically under weak supervision,
and TaBERT [109] jointly pretrains over text–table pairs to improve semantic
parsing and QA via task-specific fine-tuning. However, both lines generally
rely on large-scale pretraining and labeled adaptation, limiting plug-and-play
transfer to new domains. These limitations highlight the motivation for a new
approach that enhances flexibility and transparency across diverse domains.

With the emergence of large language models, recent methods have
explored language-driven table reasoning. Several studies introduced ta-
ble pretraining strategies that align textual and tabular representations to
improve LLMs’ ability to reason over semi-structured inputs [39, 110, 111].
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Building on this, Ye et al. [111] proposed a decomposition-based strategy
that simplifies reasoning by breaking down complex tables and questions
into subcomponents. Chain-of-Table [112] incorporates table structures into
chain-of-thought prompting, while ReAcTable [113] integrates reactive and
proactive planning to handle complex multi-step reasoning.

Despite these advances, many existing methods rely primarily on textual
reasoning, which can be insufficient for tasks that require accurate numerical
comparison or structural table understanding. To improve flexibility and
performance, hybrid systems have emerged that dynamically assign sub-
tasks to symbolic (e.g., SQL) or textual reasoning modules depending on the
query [113, 114]. However, these systems still face challenges in identifying
the most relevant table columns and providing interpretable justifications
for their decisions. On the other hand, Liu et al. [115] proposed Multi-
aspect Adversarial Contrastive Learning (Macol), which leverages adversarial
examples generated from multi-aspect reasoning to train a tabular-textual
encoder via contrastive learning. Although Macol achieved promising results
on three Wikipedia-based table fact-checking datasets, it requires substantial
computational resources and struggles to generalize to diverse datasets due
to its reliance on multi-aspect reasoning rules.

To address these limitations, we propose a zero-shot, unsupervised
pipeline that uses spherical k-means for claim-driven column filtering and
open-source LLMs for interpretable reasoning, providing flexibility and
transparency without dependence on task-specific fine-tuning. For fact
verification, we apply label-conditioned counterfactual reasoning to generate
structured explanations for SUPPORTS, REFUTES, and NOT ENOUGH
INFO in fact verification, or to derive precise answers in table-based question
answering. The result is a compact, auditable pipeline for table reason-
ing—covering both fact verification and question answering without relying
on KGs. Our method explicitly targets the dual goals of precision and
interpretability, aiming to bridge the gap between symbolic and textual
reasoning in table-based fact verification.

2.5 Positioning and Identified Gaps

The surveyed literature points to four gaps this dissertation targets:

1. From probing to usable structure: Factual probing retrieves token
completions, but downstream reasoning benefits from explicit, reusable
KGs. We bridge this with seed-guided, unsupervised extraction that
scores and assembles entity–relation knowledge from PLMs.
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2. Fine-grained, unsupervised retrieval: Dense retrieval with cosine
similarity over long passages is coarse and often supervised. We propose
an Optimal Transport + Jensen–Shannon Divergence mechanism for
sentence-level, unsupervised alignment.

3. Selective graph grounding: KG integration boosts transparency
but can inject noise. We introduce learned graph attention for targeted
node/path selection before verbalization into LLM inputs.

4. Interpretable table verification: Many table methods lack explicit
column relevance and contrastive rationales. We combine unsupervised
column filtering with counterfactual, label-specific explanations to im-
prove auditability.

Chapter Summary

This chapter surveyed core areas relevant to the dissertation: probing PLMs
for factual knowledge, constructing and exploiting KGs, semantic retrieval
and RAG, graph-augmented QA, and table-centric reasoning. Common
limitations—prompt sensitivity, incomplete KGs, coarse similarity measures,
and unclear explanations—shape the design choices in subsequent chapters.
The dissertation responds with unsupervised, explainable methods for (i)
extracting KGs from PLMs, (ii) fine-grained semantic retrieval, (iii) selective
graph grounding for medical QA, and (iv) interpretable fact verification over
tables without relying on KGs.

16



Chapter 3

UCRET: Unsupervised Column Rel-
evance Extraction for Table-Based
Fact Verification via Structured
and Explainable Large Language
Model Reasoning

3.1 Introduction

Tables are a fundamental data format widely used in diverse domains such
as healthcare, finance, and scientific research due to their ability to organize
complex information systematically [116]. Unlike unstructured text, tables
encode rich information through the interaction of rows and columns, enhanc-
ing their data capacity and introducing significant challenges for automated
reasoning [108]. The tasks involving tabular data, such as table-based fact
verification (TFV) and table question answering, require models to not
only comprehend the structural relationships within tables but also perform
precise numerical reasoning and multi-step inference [39,117].

However, most large language models (LLMs) are primarily trained on
unstructured text, limiting their ability to generalize to semi-structured
inputs like tables or hybrid formats combining tables and text, as seen
in [37–40]. These models often struggle with multi-step reasoning tasks,
especially when dealing with complex mathematical operations involving
tables, as presented in [41]. Although recent work [118] has demonstrated
the capacity of LLMs to process and reason with semi-structured tables,
this study remains limited and does not directly assess the mathematical
reasoning abilities of the models.

One prominent direction in recent work focuses on planning-based ap-
proaches that generate step-wise plans to guide the reasoning process
[112, 113, 119, 120]. Recent works in this direction either fine-tune open
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LLMs [42, 44] or rely on prompting closed-source models [112, 113, 119].
However, fine-tuning relies on high-quality data, which is often costly to
acquire [42, 121]. While prompt-based methods using commercial LLMs
can be costly and raise concerns about reproducibility and accessibility.
In addition, these approaches [112, 113] primarily utilize textual reasoning
techniques, such as chain-of-thought, which often lack the precision needed
for accurate table interpretation and numerical computation, both essential
to effective table-based reasoning.

Recent advancements in table-based fact verification have been driven by
state-of-the-art (SOTA) methods, including TART [42], Table-LLaVA [43],
PROTRIX [44], MACT [45], and SynTab-LLaVA [46]. Despite their progress,
these approaches face significant challenges. TART relies on multiple LLMs
to parse and reason over tables, which raises computational complexity.
Similarly, MACT leverages multiple LLMs as multi-agent collaboration
framework with tool use, resulting in increased computational complexity. To
improve multi-step reasoning over tables, PROTRIX generates instruction-
tuning data using a Plan-then-Reason pipeline to fine-tune LLMs, further
increasing model complexity and training cost.

To address these challenges, we propose UCRET (Unsupervised Column
Relevance Extraction for Table-Based Fact Verification via Structured and
Explainable Large Language Model Reasoning), a fully interpretable, zero-
shot framework for table-based fact verification, requiring neither fine-tuning
nor pretraining, and enabling robust, explainable reasoning with open-source
LLMs. UCRET consists of three primary stages: (1) Column Filtering,
which constructs a condensed evidence table by selecting semantically rele-
vant columns using unsupervised clustering; (2) Counterfactual Chain-of-
Explanation, which prompts an LLM to generate structured explanations
for each veracity label assumption; and (3) Answer Generation, which
compares the generated explanations to determine the most plausible veracity
label through the verification process. UCRET is easy to deploy, works
with any open-source LLM, and is readily adaptable to new domains or
downstream tasks. The three components of UCRET form a coherent,
modular pipeline, where each stage explicitly improves the reasoning quality
of the next. Column Filtering selects only relevant evidence, Counterfactual
Explanation considers all possible outcomes, and Answer Generation reflects
on the alternatives to ensure interpretability and transparency. UCRET
operates fully zero-shot, without any fine-tuning, making it flexible and
accessible across different domains. To the best of our knowledge, UCRET
is the first framework to employ spherical k-means for unsupervised, claim-
driven column selection. This approach precisely identifies the most relevant
evidence columns without requiring labels or fine-tuning before reasoning.
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Extensive experiments on PubHealthTab and SCITAB demonstrate that
UCRET consistently surpasses both open-source and closed-source models
such as GPT-3.5-turbo, with an accuracy improvement of up to 17.8%, while
narrowing the performance gap with GPT-4 to less than 2.7%. Further-
more, ablation studies underscore the critical role of both Column Filtering
and Counterfactual Explanation, confirming their essential contribution to
achieving high accuracy and interpretability.

In summary, the main contributions of this chapter are as follows:

• We introduce UCRET, a novel, fully modular, zero-shot framework for
table-based fact verification with structured reasoning that combines
unsupervised, claim-driven column selection with multi-perspective
counterfactual explanation, all without fine-tuning, pretraining, or
closed-source models.

• UCRET works with any open-source LLM, requires no fine-tuning or
proprietary models, and can be easily adapted to new domains or
downstream applications.

• Extensive experiments on PubHealthTab and SCITAB, along with
ablation studies, demonstrate that both Column Filtering and Coun-
terfactual Explanation are essential, complementary components for
achieving high accuracy and interpretability.

The rest of this section has been organized as follows. Section 3.2 provides
a brief overview of previous works on tabular information processing and
the use of large language models (LLMs) for table reasoning. Section 3.3
describes the UCRET framework in detail. Section 3.4 presents empirical
results and comparisons with other state-of-the-art methods. Section 3.5
discusses error analysis, and Section 3.6 concludes the work and outlines
future directions.

3.2 Related Works

Table-based reasoning tasks, including question answering, fact verification,
and summary generation, require models to interpret structured tabular
data and perform precise inference. Early work addressed these challenges
through symbolic approaches, such as translating natural language into
executable queries (e.g., SQL, SPARQL) [104, 105], or using graph neural
networks to model table structure [106, 107]. However, these approaches
often struggled to generalize due to their dependence on schema-specific
formats and handcrafted operations. Pretrained neural methods such as
TAPAS [108] extend BERT with table-aware embeddings and achieve strong
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results on cell selection and aggregation, typically under weak supervision,
and TaBERT [109] jointly pretrains over text–table pairs to improve semantic
parsing and QA via task-specific fine-tuning. However, both lines generally
rely on large-scale pretraining and labeled adaptation, limiting plug-and-play
transfer to new domains. These limitations highlight the motivation for a new
approach that enhances flexibility and transparency across diverse domains.

With the emergence of large language models, recent methods have
explored language-driven table reasoning. Several studies introduced ta-
ble pretraining strategies that align textual and tabular representations to
improve LLMs’ ability to reason over semi-structured inputs [39, 110, 111].
Building on this, Ye et al. [111] proposed a decomposition-based strategy
that simplifies reasoning by breaking down complex tables and questions
into subcomponents. Chain-of-Table [112] incorporates table structures into
chain-of-thought prompting, while ReAcTable [113] integrates reactive and
proactive planning to handle complex multi-step reasoning.

Despite these advances, many existing methods rely primarily on textual
reasoning, which can be insufficient for tasks that require accurate numerical
comparison or structural table understanding. To improve flexibility and
performance, hybrid systems have emerged that dynamically assign sub-
tasks to symbolic (e.g., SQL) or textual reasoning modules depending on the
query [113, 114]. However, these systems still face challenges in identifying
the most relevant table columns and providing interpretable justifications
for their decisions. On the other hand, Liu et al. [115] proposed Multi-
aspect Adversarial Contrastive Learning (Macol), which leverages adver-
sarial examples generated from multi-aspect reasoning to train a tabular-
textual encoder via contrastive learning. Although Macol achieved promising
results on three Wikipedia-based table fact-checking datasets, it requires
substantial computational resources and struggles to generalize to diverse
datasets due to its reliance on multi-aspect reasoning rules. To address these
limitations, we propose UCRET, a zero-shot, unsupervised pipeline that uses
spherical k-means for claim-driven column filtering and open-source LLMs
for interpretable reasoning, providing flexibility and transparency without
dependence on task-specific fine-tuning. Our method explicitly targets the
dual goals of precision and interpretability, aiming to bridge the gap between
symbolic and textual reasoning in table-based fact verification.
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3.3 Methodology

3.3.1 Problem Formalization

We define the task of table-based fact verification as a structured reasoning
problem where, given a natural language claim C and a table D, the goal
is to predict a label V ∈ {SUPPORTS, REFUTES, NOT ENOUGH INFORMATION}.
Formally, we denote our framework as a function gϕ(·) with parameters ϕ as
follows:

V = gϕ(C,D) (3.1)

where D consists of a descriptive caption S and its content {Di,j | 1 ≤ i ≤
RD, 1 ≤ j ≤ CD}, where RD and CD correspond to the total number of rows
and columns, respectively. Each cell (i, j) contains a data value Di,j. Figure
3.1 illustrates the input and output structure of our framework.

Table 1. Measles Outbreaks in Canada, by province, 2007 to 2011

Assets

Province Year
Number 

of 
cases

Duration 
(weeks) Strain

Quebec 2007 94 24 D4

Ontario 2008 53 11 D8

British 
Columbia 2010 82 7 D8 and H1

Quebec 2011 20 11 D4

Quebec 2011 678 33 D4

Claim: Measles outbreak in
Quebec carries a different
strain than that in Ontario

in recent years.

UCRET Veracity Label: SUPPORTS

Figure 3.1: An example of the input and output for UCRET.

Despite recent progress, most existing methods for table-based fact
verification still face significant challenges in real-world scenarios. These
models often struggle to identify and focus on the most relevant evidence
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within complex, noisy tables, and their reasoning is frequently limited to a
single perspective or label. This limitation can lead to incomplete, biased
decision processes, especially when evaluating complex or unclear claims
that need a deeper, more detailed examination of the table contents. To
systematically address the problems of extracting relevant evidence and
enabling faithful, multi-perspective reasoning over tabular data, we propose
UCRET, the zero-shot framework that operates without fine-tuning or
supervision. UCRET is designed to solve two critical problems: (i) selecting
claim-relevant evidence from noisy tables and (ii) constructing structured,
contrastive reasoning paths that enable the model to reason systematically
across multiple veracity hypotheses.

As illustrated in Figure 3.2, UCRET decomposes the verification task into
three tightly connected stages: Column Filtering, Counterfactual Chain-of-
Explanation, and Answer Generation. This decomposition allows UCRET to
isolate the evidence selection, explanation generation, and decision-making
stages, enabling interpretable and generalizable reasoning over tabular data.
Unlike prior work that relies on closed-source models or fine-tuning on
curated datasets, UCRET operates entirely in a zero-shot setting and demon-
strates robustness across both medical and scientific domains.

The combination of these three stages is critical for effective table-based
reasoning. Column Filtering focuses the model’s attention on semantically
relevant evidence, reducing noise and irrelevant distractions. Counterfactual
Chain-of-Explanation (CCoE) prompts the model to systematically explore
all veracity possibilities, encouraging structured, faithful reasoning rather
than biased or shallow inference. Finally, Answer Generation introduces a
reflective verification step, comparing which of the generated explanations
is most likely, leading to the final inference of the veracity label V . This
modular decomposition enables UCRET to isolate and address the core
challenges of table-based verification—evidence selection, reasoning gener-
ation, and prediction validation—leading to more accurate, interpretable,
and robust fact verification across domains.
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Claim:  "The actuarial balance of
the OASI is less negative than

the OASDI."

Table Evidence

spherical k-means

Assets

Item OASI DI OASDI

Actuarial balance shown in the 2019 Report -2.67 -.12 -2.78

Changes in actuarial balance due to changes in:

Valuation period -.05 -.01 -.05

Demographic data and assumptions -.12 .00 -.13
Economic data and assumptions -.16 -.02 -.18

Disability data and assumptions -.01 .06 .05

Methods and programmatic data -.02 .02 .00

Total change in actuarial balance -.47 .05 -.43

Actuarial balance shown in the 2020 Report -3.14 -.07 -3.21

Assets

Item OASI OASDI

Actuarial balance shown in the 2019 Report -2.67 -2.78

Changes in actuarial balance due to changes in:

Valuation period -.05 -.05

Demographic data and assumptions -.12 -.13

Economic data and assumptions -.16 -.18

Disability data and assumptions -.01 .05

Methods and programmatic data -.02 .00

Total change in actuarial balance -.47 -.43

Actuarial balance shown in the 2020 Report -3.14 -3.21

Input: Claim + Table evidence

Stage 1: Column Filtering

Claim + Collapsed Table

Collapsed Table 

Viewpoint: REFUTES

Claim + Collapsed Table

Viewpoint: SUPPORTS

REFUTES Rationale SUPPORTS Rationale NEI Rationale

Stage 2: Counterfactual 
Chain-of-Explanation

Stage 3:
Answer Generator

Compare
Rationales &

Decide

SUPPORTS REFUTES NEIOutput: Veracity Label

Claim + Collapsed Table

Viewpoint: NEI

Figure 3.2: An overall framework of UCRET, which contains three main
modules: (i) Column Filtering, which selects columns that are relevant to
the query to make a collapsed evidence table; (ii) Counterfactual Chain-
of-Explanation, which offers detailed reasoning, evaluating how effectively
each explanation aligns with the claim by highlighting both its strengths and
limitations; and (iii) Answer Generator, which produces the final decision of
the claim.
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Stage 1: Column Filtering Tables often contain irrelevant or distracting
information that is unrelated to the specific claim, which can hinder precise
reasoning. To address this challenge, we introduce an unsupervised column
filtering module that applies spherical k-means clustering to automatically
select only the columns most semantically aligned with the claim. By nar-
rowing the context to the most informative columns and their corresponding
row values, this stage minimizes the risk of introducing irrelevant evidence
that could mislead the model. The output is a collapsed evidence table
Dcollapsed that preserves only the most informative content needed for claim
verification. This automated filtering not only enhances interpretability and
accuracy but also makes the framework inherently adaptable to diverse and
previously unseen table formats.

Stage 2: Counterfactual Chain-of-Explanation In this stage, the
Counterfactual Chain-of-Explanation module evaluates the relationship be-
tween the input claim and the collapsed evidence table Dcollapsed generated in
Stage 1. The language model is prompted to generate three distinct explana-
tions—one each under the assumptions that the evidence supports, refutes,
or does not provide enough information for the claim. Each explanation
directly corresponds to a specific veracity label: SUPPORTS, REFUTES, or NOT
ENOUGH INFORMATION. For every scenario, the model is instructed to reason
explicitly about the strengths and weaknesses of the connection between the
evidence and the claim.

Unlike traditional chain-of-thought prompting, which typically produces
a single explanation for the most likely label, our counterfactual approach
systematically requires the model to consider all possible outcomes. By
examining the evidence from multiple perspectives, the model reduces the
risk of bias or premature conclusions. This comprehensive, multi-scenario
analysis results in more robust predictions and generates explanations that
are clearer and more transparent, greatly improving interpretability and
trustworthiness. Building on the claim-focused evidence selection in Stage 1,
this structured reasoning approach enables careful, interpretable evaluation
for each veracity scenario, helping to ensure that no relevant perspective is
overlooked.

Stage 3: Answer Generator In the final stage, the Answer Generator
module plays a pivotal role in the claim verification process. At this
stage, an LLM is instructed to analyze the strengths and weaknesses of
each explanation concerning the claim and the collapsed evidence table.
By performing this introspective verification, the model selects the label
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whose supporting explanation is most coherent and plausible. This reflective
deliberation enforces consistency between the evidence, the explanation, and
the final prediction, improving robustness and transparency in the claim
verification.

3.3.2 The UCRET framework

We next detail UCRET’s components and how they interact within the
pipeline. Key novelty of UCRET in the Column Filtering stage: we use claim-
driven spherical k-means to collapse the table into a compact evidence view
before any LLM reasoning, which improves both accuracy and auditability.
Figure 3.2 illustrates the full overview of the UCRET framework.

STAGE 1: Column Filtering

Tables often contain irrelevant or distracting information that is unrelated
to the specific claim, which can hinder precise reasoning. To address this
challenge, we propose an unsupervised column filtering module that leverages
spherical k-means clustering on embeddings. This approach captures the
underlying semantic structure of columns by grouping them based on their
similarity in embedding space. Our method applies a two-step process to
automatically select columns most relevant to the claim: first, it applies
lexical similarity for initial filtering, then refines the selection using semantic
clustering with spherical k-means for precise alignment. By narrowing the
context to the most informative columns and their corresponding row values,
this stage minimizes the risk of introducing irrelevant evidence that could
mislead the model. The output is a collapsed evidence table Dcollapsed that
preserves only the most informative content needed for claim verification.
This automated filtering not only enhances interpretability and accuracy but
also makes the framework inherently adaptable to diverse and previously
unseen table formats. A complete specification of Stage 1 is presented in
Algorithm 3.1.
Input notes. For each column j ∈ J , the column token set Tj is the set
of normalized tokens from (i) the header and (ii) non-empty cells. Let TC
be the claim token set. Column embeddings xj are built from header and
data cells; uC is the claim embedding. Cosine is computed on ℓ2-normalized
vectors.
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Algorithm 3.1 Lexical Pre-filter + Spherical k-means for Column Filtering
Input: claim C; table D with CD columns; column index set J =
{1, . . . , CD}; claim tokens TC ; column token sets {Tj}j∈J ; column em-
beddings {xj}j∈J ; claim embedding uC ; Jaccard threshold τ ; clusters k;
cosine threshold θ

1: Step 1: Lexical pre-filter
2: Slex ←

{
j ∈ J : J(j) =

|TC∩Tj |
|TC∪Tj | ≥ τ

}
3: R← J \ Slex

4: if R = ∅ then
5: return Dcollapsed with columns Slex

6: end if
7: Step 2: Spherical k-means on R
8: Normalize all vectors: x̃j ← xj/∥xj∥2 ∀j ∈ J ; ũC ← uC/∥uC∥2
9: Work set: use {x̃j : j ∈ R} for clustering

10: k′ ← min(k, |R|)
11: Initialize {µ1, . . . ,µk′} by spherical k-means++ on {x̃j : j ∈ R}
12: repeat
13: Assignment: a(j)← argmaxt∈{1,...,k′}⟨x̃j,µt⟩ ∀j ∈ R
14: Update: for t = 1 to k′ do
15: Xt ← {x̃j : a(j) = t}
16: if Xt = ∅ then
17: re-seed µt ← spherical k-means++ sample from {x̃j : j ∈ R}
18: else
19: µt ←

∑
x∈Xt

x; µt ← µt/∥µt∥2
20: end if
21: end for
22: until no assignment changes
23: Pick claim-aligned cluster: st ← ⟨µt, ũC⟩ for t=1..k′; t⋆ ← argmaxt st

24: Ssem ←

{
{ j ∈ R : a(j) = t⋆ }, if st⋆ ≥ θ

∅, otherwise
25: Step 3: Merge
26: S ← Slex ∪ Ssem

27: if |S| = 0 then
28: S ← Top2

(
{(⟨ũC , x̃j⟩, j) : j ∈ J }

)
29: end if
30: return Dcollapsed with columns S
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STAGE 2: Counterfactual Chain-of-Explanation

As stated in [122], counterfactual thoughts significantly influence cognition,
emotion, and social perception. People frequently generate counterfactual
scenarios about how past events might have unfolded differently, often
imagining better outcomes rather than worse ones under different condi-
tions. Counterfactual reasoning is considered “human-friendly" because its
contrastive and selective nature mirrors the way people naturally reason
about cause and effect when attempting to understand the causal structure
of events [123,124].

In this stage, we adopt a form of counterfactual reasoning tailored for
table-based claim verification. Given a claim C and a collapsed evidence
table Dcollapsed, the model generates a counterfactual chain of explanation
to evaluate how the evidence may support, refute, or fail to verify the
claim. Specifically, for each label, SUPPORTS, REFUTES, or NOT ENOUGH
INFORMATION, the language model is asked to generate an explanation
conditioned on that assumption: (1) eS, assuming the table supports the
claim; (2) eR, assuming that the table refutes the claim; (3) eNEI , assuming
the table provides insufficient information. To be clear, each explanation is
generated by a parameterized probabilistic model pθ through a maximized
likelihood process as:

pθ
(
eS | y = S, C, Dcollapsed

)
=

L∏
i=1

pθ
(
t
(S)
i | t

(S)
<i , y = S, C, Dcollapsed

)
(3.2)

pθ
(
eR | y = R, C, Dcollapsed

)
=

L∏
i=1

pθ
(
t
(R)
i | t(R)

<i , y = R, C, Dcollapsed

)
(3.3)

pθ
(
eNEI | y = NEI, C, Dcollapsed

)
=

L∏
i=1

pθ
(
t
(NEI)
i | t(NEI)

<i , y = NEI, C, Dcollapsed

)
(3.4)

where L is the length of an explanation.
To systematically generate these explanations, we design Chain-of-

Explanation (CoE) prompts instructing the model to reason step-by-step
explicitly. For instance, the CoE prompt for the SUPPORTS label is as follows:

You are an expert for fact verification.
Your task is to explain why the given claim is supported by the

evidence in the table representation.
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Claim: {claim}
Table Representation:
{table_representation}

Step-by-step, identify the relevant facts, data points, or rows in
the table that directly confirm or strongly align with the claim
.

Clearly explain how each piece of evidence contributes to verifying
the claim.

Your explanation should be logical, precise, and grounded in
specific table content.

In addition, for the REFUTES label, an LLM is instructed as follows:

You are an expert for fact verification.
Your task is to explain why the claim is refuted by the content of

the given evidence table.

Claim: {claim}
Table Representation:
{table_representation}

Step-by-step, identify which parts of the table contradict or
disprove the claim.

Point out any inconsistencies, conflicting data, or logical
mismatches between the claim and the evidence.

Your explanation should be clear and rooted in specific rows or data
from the table.

Lastly, for the NOT ENOUGH INFORMATION (NEI) label, an LLM receives
the following prompt:

You are an expert for fact verification.
Your task is to explain why the evidence table does not provide

enough information to verify or refute the claim.

Claim: {claim}
Table Representation:
{table_representation}

Analyze each row of the table step-by-step, explaining exactly how
the statements and their contexts fail to provide sufficient
data to either support or refute the claim.
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This counterfactual approach enables the model to explore multiple
plausible interpretations of the evidence for the claim and to reflect on
the reasoning process under each scenario. These explanations serve as
intermediate reasoning artifacts that enhance interpretability and guide the
model toward a more accurate final prediction in downstream stages.

To illustrate Stage 2, we provide an instantiated prompt that is directly
used as the input to the LLM for generating an explanation for SUPPORT
label. The prompt explicitly includes (i) the natural-language claim and
(ii) the collapsed evidence table produced by the column filtering stage, so
that the model is constrained to reason over a compact, relevance-preserving
representation rather than the full raw table. By instructing the LLM to
identify concrete rows and values and to explain their contributions in a
step-by-step manner, this example clarifies how our pipeline operationalizes
evidence grounding and produces a verifiable rationale aligned with the
selected evidence.

You are an expert for fact verification.
Your task is to explain why the given claim is supported by the

evidence in the table representation.

Claim: "The actuarial balance of the OASI is less negative than the
OASDI."

Table Representation:
[Collapsed Evidence Table: Actuarial Balance (OASI vs. OASDI)]
| Item | OASI | OASDI |
|--------------------------------------------------|-------|-------|
| Actuarial balance shown in the 2019 Report | -2.67 | -2.78 |
| Changes in actuarial balance due to changes in: | | |
| - Valuation period | -0.05 | -0.05 |
| - Demographic data and assumptions | -0.12 | -0.13 |
| - Economic data and assumptions | -0.16 | -0.18 |
| - Disability data and assumptions | -0.01 | 0.05 |
| - Methods and programmatic data | -0.02 | 0.00 |
| Total change in actuarial balance | -0.47 | -0.43 |
| Actuarial balance shown in the 2020 Report | -3.14 | -3.21 |

Step-by-step, identify the relevant facts, data points, or rows in
the table that directly confirm or strongly align with the claim
.

Clearly explain how each piece of evidence contributes to verifying
the claim.

Your explanation should be logical, precise, and grounded in
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specific table content.

STAGE 3: Answer Generator

A function fAG takes C,Dcollapsed, eS, eR, eNEI , and generates a final answer
veracity label V . Mathematically, the function fAG representing the Answer
Generator (AG) module, is expressed as follows:

V = fAG(C,Dcollapsed, eS, eR, eNEI) (3.5)

Similar to the CCoE generation stage, the predicted answer V is generated
by a parameterized probabilistic model pθ through a maximized likelihood
process as:

pθ(V |C,Dcollapsed, eS, eR, eNEI) =
N∏
i=1

pθ(Vi|C,Dcollapsed, eS, eR, eNEI , V<i)

(3.6)
where N is the length of the predicted answer.

Our prompting strategy provides LLMs with the ability to deliberate
on their responses, enabling them to identify and correct errors through
introspection. Specifically, this stage draws inspiration from Chain of
Verification (CoVe) prompting, introduced by [125]. Building on this idea,
we introduce a variant called Counterfactual Chain of Verification (CCoV)
prompting. In this approach, we use the counterfactual explanations eS, eR,
and eNEI generated in Stage 2 as baseline responses for verification. An
LLM is instructed to examine the strengths and weaknesses of each expla-
nation concerning the claim C and the collapsed evidence table Dcollapsed,
and to select the most rational label. By incorporating both structured
tabular evidence and natural language reasoning, this method enhances
decision quality and improves model interpretability in claim verification
tasks. Notably, our CCoV enables LLMs to introspectively evaluate the
counterfactual explanations they generate, refining their outputs through a
process of iterative verification and correction. This not only strengthens
the model’s reasoning capabilities but also fosters greater transparency in its
decision-making process.

To systematically generate the final answer, we design our prompt to
introspect upon the counterfactual explanations generated with C, Dcollapsed,
and eS, eR, eNEI as follows:

You are an expert fact-checker.
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You will be given:
- A claim.
- Evidence presented in a table format.
- Three different explanations concerning how this evidence
relates to the claim.

- One assumes the evidence SUPPORTS the claim,
- One assumes it REFUTES the claim,
- One assumes it is NOT ENOUGH INFORMATION.

Your task is to evaluate whether the provided claim is supported,
refuted, or lacks sufficient information based on the given
table evidence and explanation.

Input:
Claim: {claim}
Evidence: {collapsed_evidence_table}
Explanation (SUPPORTS): {e_S}
Explanation (REFUTES): {e_R}
Explanation (NEI): {e_NEI}

Task:
1. Analyze the claim, evidence, and explanation.
2. Determine if the explanation and evidence together:

- Support the claim (confirm it as true).
- Refute the claim (contradict or disprove it).
- Lack sufficient information (do not provide enough data to

confirm or refute the claim).
3. Make a final decision about the claim’s veracity based on
this comparison.

Answer with only one label: NOT ENOUGH INFORMATION, REFUTES, or
SUPPORTS.

To illustrate Stage 3, we provide an example prompt in which the LLM is
asked to act as an expert fact-checker and output a single veracity label.
The prompt consists of (i) a claim, (ii) a collapsed evidence table produced
by the preceding column filtering stage, and (iii) three candidate explana-
tions generated under the mutually exclusive hypotheses that the evidence
SUPPORTS, REFUTES, or provides NOT ENOUGH INFORMATION for
the claim. Given these inputs, the LLM is instructed to compare the claim
against the tabular evidence while assessing the internal consistency and
evidential grounding of each explanation and then return exactly one label
among SUPPORTS, REFUTES, NOT ENOUGH INFORMATION. This
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example demonstrates how Stage 3 consolidates evidence and counterfactual
rationales into a final, decision-oriented prediction.

You are an expert fact-checker.

You will be given:
- A claim.
- Evidence presented in a table format.
- Three different explanations concerning how this evidence
relates to the claim.

- One assumes the evidence SUPPORTS the claim,
- One assumes it REFUTES the claim,
- One assumes it is NOT ENOUGH INFORMATION.

Your task is to evaluate whether the provided claim is supported,
refuted, or lacks sufficient information based on the given
table evidence and explanation.

Input:
Claim: "The actuarial balance of the OASI is less negative than
the OASDI."

Evidence (Collapsed Table):
| Item | OASI | OASDI |
| Actuarial balance shown in the 2019 Report | -2.67 | -2.78 |
| Changes in actuarial balance due to changes in: | | |
| Valuation period | -0.05 | -0.05 |
| Demographic data and assumptions | -0.12 | -0.13 |
| Economic data and assumptions | -0.16 | -0.18 |
| Disability data and assumptions | -0.01 | 0.05 |
| Methods and programmatic data | -0.02 | 0.00 |
| Total change in actuarial balance | -0.47 | -0.43 |
| Actuarial balance shown in the 2020 Report | -3.14 | -3.21 |

Explanation (SUPPORTS):
"The claim states that OASI is ’less negative’ than OASDI. In
the collapsed table, OASI has an actuarial balance of -2.67 in
the 2019 Report, while OASDI is -2.78. Since -2.67 is closer to
zero than -2.78, OASI is less negative in 2019. The same pattern
holds in the 2020 Report: OASI is -3.14 and OASDI is -3.21, and
-3.14 is closer to zero than -3.21, so OASI is again less

negative. Therefore, the table evidence directly supports the
claim."
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Explanation (REFUTES):
"Although the 2019 and 2020 headline actuarial balances appear
close, the table shows that the total change in actuarial
balance is -0.47 for OASI versus -0.43 for OASDI. This indicates
OASI deteriorates more than OASDI over the period (a larger

negative change). Since OASI becomes worse relative to OASDI in
the changes, the claim that OASI is less negative than OASDI is
contradicted by the overall direction of change in the evidence.
"

Explanation (NEI):
"The table provides numerical actuarial balances, but it does
not define the precise evaluation criterion for ’less negative’
(e.g., whether it refers to headline balances only, absolute
magnitude, or a specific actuarial horizon). It also does not
provide uncertainty estimates or methodological context to judge
whether the differences between OASI and OASDI are

substantively meaningful. Because the evidence lacks definitions
and context needed to interpret ’less negative’ rigorously,

there is not enough information to definitively support or
refute the claim."

Task:
1. Analyze the claim, evidence, and explanation.
2. Determine if the explanation and evidence together:

- Support the claim (confirm it as true).
- Refute the claim (contradict or disprove it).
- Lack sufficient information (do not provide enough data to

confirm or refute the claim).
3. Make a final decision about the claim’s veracity based on
this comparison.

Answer with only one label: NOT ENOUGH INFORMATION, REFUTES, or
SUPPORTS.

In conclusion, we explicitly position UCRET as a knowledge-based
decision-support system: the collapsed evidence table Dcollapsed serves as a
structured knowledge slice, the per-label counterfactual chains eS, eR, eNEI

are explicit knowledge artifacts for explanation, and the answer generator
applies a verification operator over these artifacts to produce a justified
decision.
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3.4 Experiment Results

3.4.1 Empirical Preparation

We tune the number of clusters k for the column-filtering stage over the
range k ∈ {2, 3, 4}, while also searching the cosine similarity threshold
θ ∈ {0.55, 0.60, 0.65} and the Jaccard threshold τ ∈ {0.20, 0.25, 0.30}.
Across our experiments, k = 2 yields the best performance for clustering
in Column Filtering. For the thresholds, the optimal setting is θ = 0.60
and τ = 0.25. We use NVIDIA A6000 GPU with 48GB memory for all
experiments. Semantic embeddings for the claim and headers are generated
using the BGE model [126], which produces 1024-dimensional vectors.

We use fully open-source instruction-tuned LLMs as backbones for the
counterfactual explanation and answer generation stages: Llama-3.3-70B-
Instruct [127], Qwen2.5-14B-Instruct, and Qwen2.5-72B-Instruct [128]. This
selection aligns with our zero-shot, open-model goal while spanning capacities
from 14B to 72B, allowing us to probe robustness across model sizes.
Instruction tuning improves adherence to our structured prompts, and all
models are implemented with 4-bit quantization [129] and set the do_sample
to False to prevent unexpected generation from the LLMs. Table 3.1 details
model configurations used in our empirical study on UCRET.

Table 3.1: Model configurations
Task Model name Pre-trained Configuration
Text
Embedding

Flag
Embedding BAAI/bge-m3 default configuration

CCoE
Llama3.3 Llama-3.3-70B-Instruct do_sample=False,

max_new_tokens=1024Qwen2.5 Qwen2.5-14B-Instruct
Qwen2.5-72B-Instruct

Answer
Generation

Llama3.3 Llama-3.3-70B-Instruct do_sample=False,
max_new_tokens=32Qwen2.5 Qwen2.5-14B-Instruct

Qwen2.5-72B-Instruct

3.4.2 Datasets

We select two existing tabular benchmarks to evaluate the performance of
our proposed framework: PubHealthTab [130] and SCITAB [131], which
focus on tables from scientific papers and public health articles, respectively.
To ensure fair comparison, we follow prior work by reporting only test-set
results and using accuracy as the primary metric, since the baselines assess
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both datasets solely with accuracy. As shown in Figure 3.3, both datasets
have a majority of samples labeled as support, with the remaining examples
more evenly split between NEI and refute. SCITAB contains more samples
than PubHealthTab, but the overall label distributions are similar across
both datasets.

0
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200

300

400

500

support NEI refuted

SCITAB PubHealthTAB

Figure 3.3: Label distribution in the SCITAB and PubHealthTab.

In addition, we analyze the table sizes in SCITAB and PubHealthTab
based on the number of rows and columns. According to Table 3.2, the
average table size in SCITAB is 7×6 (rows × columns), compared to 7×3 for
PubHealthTab. The maximum table sizes reach up to 32×16 and 18×11 for
SCITAB and PubHealthTab, respectively, demonstrating significant table
complexity. Since LLMs process tables via serialization, these substantial
table dimensions challenge their understanding and reasoning on tabular
data. Therefore, SCITAB and PubHealthTab are suitable datasets for
evaluating our proposed UCRET framework and demonstrating its efficiency
in table-based fact verification tasks.

3.4.3 Experiment Results

We evaluate the performance of UCRET against several competitive base-
lines on two tabular fact verification benchmarks: PubHealthTab [130] and
SCITAB [131]. For a baseline comparison, we evaluate our method against
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Table 3.2: Statistics about the table size on SCITAB and PubHealthTab
datasets.

SCITAB PubHealthTab
Domains Scientific Articles Wikipedia and medical sources
Num. samples 1,224 194
max column 16 11
max row 32 18
min column 2 0
min row 1 0
mode row 5 2
mode column 3 7
average column 6.11 3.43
average row 7.52 7.15

several recent state-of-the-art approaches. TART [42] is included due to its
integration of external tool invocation within the chain-of-thought reasoning
framework. We also consider Table-LLaVA [43] and PROTRIX [44], both
of which employ hybrid reasoning strategies that combine unstructured
text understanding with structured table parsing, making them particularly
relevant for fact-checking and complex inference tasks. In addition, we
compare with MACT [45], a multi-agent system equipped with tool-using
capabilities that operates without reliance on closed-source large language
models and does not require task-specific fine-tuning. Finally, we include
SynTab-LLaVA [46], a hybrid multi-resolution multimodal model engineered
to enhance the understanding of both textual content and structural details
within table images.

As shown in Table 3.3, UCRET is competitive among prior open-source
models and rivals closed-source methods, all while operating in a zero-shot
setting with no fine-tuning. From the empirical results, UCRET surpasses
strong baselines such as Table-LLaVA [43], ProTrix [44], and MACT [45],
particularly on SCITAB, which presents more complex scientific reasoning.
Notably, UCRET also outperforms TART [42] when it uses GPT-3.5-turbo,
a much larger closed-source model. While GPT-4-based TART achieves the
highest overall accuracy on PubHealthTab at 84.10%, our UCRET framework
secures a commendable second-best score of 81.41% using only the open-
source Llama-3.3-70B-Instruct model. These results highlight UCRET’s
strong performance, transparency, and cost efficiency, achieving competitive
results without relying on heavy fine-tuning or proprietary systems. It is
noteworthy that GPT-4 boasts approximately 1 trillion parameters [132],
significantly outnumbering the parameters of our open-source model. Despite
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this disparity, UCRET narrows the performance gap with GPT-4, underscor-
ing the efficiency and effectiveness of our proposed framework. Furthermore,
UCRET’s reliance on open-source systems ensures transparency and cost-
efficiency, making it a robust alternative for tabular fact-checking tasks.

Table 3.3: Accuracy comparison across baselines and UCRET variants using
different LLM backbones on the PubHealthTab and SCITAB datasets. –
denotes results not reported from prior publications. Bold indicates the
best result; underline indicates the second best. Our reproduced results
are denoted with ∗

Approach Method PubHealthTab SCITAB

Baselines

TART (GPT-3.5-turbo) [42] 63.60 59.30
TART (GPT-4) [42] 84.10 63.60
Table-LLaVA [43] 50.23 ∗ –

ProTrix [44] – 45.00
MACT [45] – 57.40

SynTab-LLaVA [46] 68.02 –

Ours

Qwen2.5-14B-Instruct
UCRET w/o Column Filtering 53.09 34.49

UCRET w/o CCoE 54.12 38.32
UCRET 58.27 40.85

Qwen2.5-72B-Instruct
UCRET w/o Column Filtering 70.10 42.31

UCRET w/o CCoE 71.61 45.16
UCRET 75.77 53.42

Llama-3.3-70B-Instruct
UCRET w/o Column Filtering 74.25 54.66

UCRET w/o CCoE 77.32 56.12
UCRET 81.41 60.88

The success of UCRET stems from its modular two-stage design. The
Column Filtering module identifies claim-relevant columns through k-means
clustering, producing a condensed and focused evidence table. The CCoE
module then generates structured, label-specific explanations under different
veracity assumptions. Together, these components enable more accurate,
interpretable inference. We also observe consistent gains across different
LLM backbones, including Qwen2.5-14B-Instruct, Qwen2.5-72B-Instruct,
and Llama-3.3-70B-Instruct, demonstrating the robustness and generalizabil-
ity of the approach.
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3.4.4 Ablation Study

To evaluate the individual contributions of UCRET’s two core modules:
Column Filtering and Counterfactual Chain-of-Explanation, we conduct
ablation studies. These experiments are designed to verify the effective-
ness of our novel components, specifically unsupervised column filtering
and label-conditioned counterfactual explanations, while demonstrating their
complementary benefits. According to Table 3.3, removing either component
results in consistent performance degradation across all model backbones and
datasets. On PubHealthTab, omitting Column Filtering leads to drops of
5.18 points with Qwen2.5-14B-Instruct (from 58.27 to 53.09), 5.67 points with
Qwen2.5-72B-Instruct (from 75.77 to 70.10), and 7.16 points with Llama-
3.3-70B-Instruct (from 81.41 to 74.25). This confirms the importance of
semantic column selection in reducing noise and isolating relevant evidence.
The impact is even more pronounced on SCITAB, where table density and
numerical complexity are higher. Accuracy drops by 6.36 points (Qwen2.5-
14B-Instruct), 11.11 points (Qwen2.5-72B-Instruct), and 5.22 points (Llama-
3.3-70B-Instruct) when Column Filtering is removed, highlighting its crucial
role in challenging scientific settings.

On the other hand, the CCoE module also contributes substantial gains
by enriching multi-label reasoning. Removing CCoE reduces performance
by 2.53 points (Qwen2.5-14B-Instruct), 8.26 points (Qwen2.5-72B-Instruct)
on SCITAB, and 3.76 points (Llama-3.3-70B-Instruct) on SCITAB, where
detailed explanation chains are essential. On Llama-3.3-70B-Instruct, per-
formance drops from 60.88 to 56.12 without CCoE.

In summary, our ablation study results demonstrate that Column Fil-
tering and CCoE play complementary roles: the former sharpens evidence
selection, while the latter enhances reasoning depth, enabling UCRET to
maintain strong accuracy and interpretability across medical and scientific
domains.

3.4.5 Effect of the number of clusters k to Column Fil-
tering

As shown in Figure 3.4, we study how the cluster k in Stage 1 for column
filtering affects performance on PubHealthTab. In experiments conducted
on a random 100-instance subset using Qwen2.5-72B-Instruct, accuracy
peaks at k=2 (85.60%), with modest declines for k=3 (84.20%) and k=4
(83.60%). This trend supports the intuition that smaller k avoids over-
segmenting semantically coherent, claim-relevant columns, thereby retaining
salient evidence while still removing distractors. Larger k produces finer
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partitions but can split relevant columns across clusters, diluting selection
scores and slightly reducing answer quality. Based on this observation, we
adopt k=2 as the default for PubHealthTab in our main experiments.

Figure 3.4: Sensitivity of column filtering to the number of clusters on
PubHealthTab.

3.4.6 Effect of cosine threshold θ and Jaccard threshold
τ to Column Filtering

In the experiment conducted on a random 100-instance subset using Qwen2.5-
72B-Instruct, we assess nine (θ, τ) combinations with k = 2, where θ controls
the cosine gate for the claim-aligned cluster, and τ is the Jaccard threshold
in the lexical pre-filter. Accuracy peaks at θ=0.60, τ=0.25 with 85.8%. At
θ=0.60, relaxing the lexical filter to τ=0.20 yields 85.4%, while tightening
it to τ=0.30 gives 85.0%. Moving θ away from 0.60 degrades performance:
with τ=0.25 accuracy is 85.2% at θ=0.55 and 85.6% at θ=0.65; with τ=0.20,
84.6% and 85.4%; with τ=0.30, 84.8% and 84.6%. Overall, a moderate cosine
gate (θ=0.60) paired with a mid-range lexical threshold (τ=0.25) gives the
best accuracy for the Column Filtering stage.

3.4.7 Computational Cost
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Figure 3.5: PubHealthTab sensitivity with fixed spherical k-means (k=2).
X-axis: cosine threshold θ; lines: Jaccard threshold τ (lexical pre-filter).

To evaluate the computational efficiency of the UCRET framework across
different large language models, this section analyzes the end-to-end runtime
results presented in Table 3.4. The data reveals a clear trend: the Counterfac-
tual Chain-of-Explanation and Answer Generation stages dominate the total
runtime, accounting for the vast majority of the processing time. In contrast,
the Column Filtering stage remains relatively quick and consistent across
datasets. For instance, on PubHealthTab, the CCoE and Answer stages
take between 73.30 and 236.00 minutes, depending on the model, compared
to a fixed 2.90 minutes for Column Filtering. On the larger SCITAB
dataset, this pattern holds, with CCoE and Answer times ranging from
462.80 to 1490.40 minutes, while Column Filtering still takes a steady 24.50
minutes. This disparity highlights that the runtime scales significantly with
model size—larger models, such as Qwen2.5-72B-Instruct and Llama-3.3-
70B-Instruct, require substantially more time than the smaller Qwen2.5-14B-
Instruct, due to the intensive reasoning and explanation generation involved
in the later stages. However, when normalized by minutes per question
(min/Q), the runtime per question remains relatively stable, ranging from
0.39 to 1.24 min/Q across datasets, suggesting that the framework’s efficiency
scales reasonably with the number of questions. The consistent Column
Filtering time across models indicates that this stage’s computational cost
is minimal and effectively independent of model size, scaling primarily with
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the table size (the number of columns).

Table 3.4: End-to-end runtime per dataset. Values are reported in minutes
(mins), with minutes per question (min/Q) shown in the right-most column.
Dataset Model Column

Filtering (mins)
CCoE &
Answer Generation (mins) Total (mins) min/Q

PubHealthTab

Qwen2.5
(14B-Instruct) 2.90 73.30 76.20 0.39

Qwen2.5
(72B-Instruct) 2.90 236.00 238.90 1.23

Llama-3.3
(70B-Instruct) 2.90 216.60 219.50 1.13

SCITAB

Qwen2.5
(14B-Instruct) 24.50 462.80 487.30 0.40

Qwen2.5
(72B-Instruct) 24.50 1490.40 1514.90 1.24

Llama-3.3
(70B-Instruct) 24.50 1367.90 1392.40 1.14

3.5 Error Analysis

Table 3.5 summarizes the performance of our UCRET framework and its
ablated variants, showcasing the distinct yet complementary contributions
of Column Filtering and Counterfactual Chain-of-Explanation generation.
Across both PubHealthTab and SCITAB, the full framework consistently
outperforms the ablations, underscoring the complementary effect of struc-
tured evidence selection and explanatory reasoning.

When we remove column filtering, the impact varies across labels and
datasets. On SCITAB, the F1-score for the REFUTES class drops sharply
by 26.5 points, falling from 59.84 to 33.33. This steep decline mainly
stems from a significant drop in recall, from 46.23 to 20.44, even though
precision slightly improves (from 84.82 to 90.32). This suggests that,
without column filtering, the model struggles with the additional noise from
irrelevant columns, which dilutes the refuting evidence. Interestingly, for
the SUPPORTS class on SCITAB, we observe an opposite trend: F1-score
increases from 47.34 to 54.46, largely driven by a substantial jump in recall
(from 36.24 to 85.96), despite a drop in precision (from 68.25 to 42.03).
This pattern implies that column filtering, while generally helpful, might
sometimes inadvertently prune supporting evidence, especially in complex
claims involving subtle numerical relationships. On PubHealthTab, the
impact of removing column filtering is less dramatic but still noticeable:
the F1-score for REFUTES declines by 10 points (from 76.74 to 66.67),
reaffirming the value of column selection in preserving precision.
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Table 3.5: Performance comparison of our claim verification model under ab-
lation settings on the PubHealthTab and SCITAB datasets using LLaMA3.3-
70B-Instruct. Results are reported in terms of precision, recall, and F1-
score for each veracity label (SUPPORTS, REFUTES, NEI). We evaluate
three setups: the full framework (UCRET), the framework without Column
Filtering, and the framework without CCoE.

PubHealthTab SCITAB
precision recall F1 precision recall F1

Full framework
SUPPORTS 61.97 97.78 75.86 68.25 36.24 47.34
REFUTES 82.50 71.74 76.74 84.82 46.23 59.84
NEI 95.18 76.7 85.15 50.92 90.37 65.14

w/o Column Filtering
SUPPORTS 71.93 91.11 80.39 42.03 85.96 54.46
REFUTES 60.71 73.91 66.67 90.32 20.44 33.33
NEI 88.89 69.90 78.26 69.23 61.05 64.88

w/o CCoE
SUPPORTS 64.62 93.33 76.36 61.68 28.93 39.39
REFUTES 70.21 71.74 70.97 58.81 62.53 60.61
NEI 91.46 72.82 81.08 52.90 71.77 60.91

Removing CCoE also degrades performance, though its severity depends
on the dataset. On PubHealthTab, the decline is moderate REFUTES
drops from 76.74 to 70.97, indicating that for more straightforward factual
claims, explanatory reasoning is less critical. However, on SCITAB, where
the claims tend to be more complex and ambiguous, the impact is much
more pronounced. For instance, the F1-score for SUPPORTS falls from
47.34 to 39.39. This highlights CCoE’s crucial role in handling scientific
claims that require connecting incomplete or indirect pieces of evidence
through hypothetical reasoning. Notably, the NEI class consistently benefits
from the complete UCRET pipeline in both datasets. On PubHealthTab,
the full framework achieves an F1-score of 85.15, with particularly strong
precision (95.18) and solid recall (76.70), which reflects its ability to reliably
abstain from incorrect judgments when evidence is lacking. Similarly, on
SCITAB, the full model outperforms the ablated versions, achieving an F1-
score of 65.14 compared to 64.88 without column filtering and 60.91 without
CCoE. These results emphasize how the combination of structured column
filtering and explanatory reasoning improves the model’s ability to recognize
situations with insufficient evidence. Overall, these findings illustrate the
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complementary strengths of column filtering and CCoE. Column filtering
plays a crucial role in reducing noise, while CCoE enriches the model’s
reasoning capability, especially in cases that demand nuanced numerical or
compositional understanding. When combined, they enable our framework to
perform robust and interpretable claim verification across datasets of varying
complexity.

Although the results provide a clear picture of our framework’s overall
effectiveness, they do not fully explain why certain claims remain particularly
challenging. To address this gap, we take a closer look at four representative
errors that reveal the underlying causes of misclassification. These cases
help illustrate how complex interactions between claim characteristics and
table structures, including noisy numerical data, cells with noisy or mixed
data, and incomplete tables, lead to incorrect predictions. Through this
deeper examination, we identify a comprehensive understanding of the key
limitations in our framework that lead to these errors. We divided the error
cases into four categories as follows.

• Case 1: Missing Critical Numeric Value. As illustrated in Figure 3.6,
the claim “The Chinese FT worry value is half of the Latino FT worry
value" requires comparing numerical values for Chinese FT (0.215) and
Latino FT (0.065). However, during the column filtering stage, the
framework mistakenly selects a “Worried About Coronavirus" column
that includes only a placeholder (“A") for Chinese FT, while excluding
the original column that contains the actual value. This oversight
likely stems from the table’s complex regression-style structure, where
ambiguous or overlapping column headers obscure the true source of
numerical evidence. Without access to the correct value, the reasoning
process breaks down, preventing the model from constructing a valid
explanation. As a result, the framework erroneously predicts NOT
ENOUGH INFORMATION instead of the correct label, REFUTES.
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Figure 3.6: Missing Critical Numeric Value.

• Case 2: Confusion from Noisy Cell Content. As shown in Figure
3.7, the claim “The 1997 study had the largest sample size" requires
comparing participant counts across studies, with Black et al. (1997)
reporting 177 participants (59 cases and 118 controls). The k-means
clustering step correctly selects the “Sample" column, but the entry
for Makela et al. (2002) contains multiple values within a single cell:
“535,544 children" (total population) and “161 children hospitalized for
meningitis" (a clinical subgroup). Due to the ambiguous formatting
and absence of structural delimiters, the model fails to isolate 535,544
as the relevant value during counterfactual reasoning. This confusion
prevents the framework from recognizing that Makela et al.’s study
involved a substantially larger population, ultimately leading to an
incorrect prediction of NOT ENOUGH INFORMATION instead of the correct
label REFUTES.

• Case 3: Misalignment in Categorical Reasoning. As presented in
Figure 3.8, the claim “Foreign Policy is a domestic issue" requires
distinguishing between categorical domains. The column filtering
step correctly retains the “International Issues" and “Domestic Issues"
columns, which are essential for assessing the claim. However, the
table lacks vertical headers or clear row-level alignment, providing only
horizontal labels without explicit relational cues. As a result, items
such as “Foreign Policy" and “Gun Control" appear in the same row but
under different columns, which misguides the reasoning process. The
model interprets their co-occurrence as indicative of a shared category,
conflating international and domestic issues. The lack of structural
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Claim: The 1997 study had the largest sample size 

Original Evidence Table 

Assets

    Citation
Operationally

Defined
Outcome

Study
Setting

Defined
Study

Population

Study
Design

Sample
Size

Primary Effect
Size Estimatea

(95% CI or p value)

Heterogeneous
Subgroups

at Higher Risk

Limitations
(Negligible or

Serious)

Black ct al. (1997)

Meningitis 
diagnosis

identified in the
medical record

Four HMOs
participating in
the VSD from

1984-1993

Ages 12-23
months Case-control

59 children
with

meningitis

OR for meningitis
diagnosis within 14 days

of MMR vaccination:
0.50 (95% CI 0.1-4.5)

None described Negligible

Controls matched by
age (within 1 month),
sex, HMO, and HMO
membership status

118 matched
controls

OR
for meningitis diagnosis

within 30 days of
MMR vaccination: 0.84

(95% CI 0.2-3.5)
OR for meningitis

diagnosis within 8-14
days of MMR

vaccination: 1.00
(95% CI 0.1-9.2

Makela et al. (2002

Aseptic meningitis
identified in

the nationwide 
hospital

Finland from
11/1982 to

6/1986
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Figure 3.7: Confusion from Noisy Cell Content.
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cues prevents the model from recognizing that Foreign Policy belongs
under international concerns, resulting in a misclassification. This case
shows how missing row organization or vertical guidance in the table
can confuse the model when reasoning about categorical distinctions.

Figure 3.8: Misalignment in Categorical Reasoning.

• Case 4: Lack of Structure in Term-Definition Table. As illustrated
in Figure 3.9, the claim “The diagnostic value of PI-RADS V1 and V2
using multiparametric MRI in transition zone prostate clinical cancer"
centers on assessing the relationship between diagnostic imaging pro-
tocols and prostate cancer localization. Although the column filtering
step retains numerous relevant terms, such as “PI-RADS", “mpMRI",
and “TZ", the structure of the table lacks horizontal headers that
explicitly define relational semantics or align these concepts across
rows. This absence of horizontal structure leads to an unstructured
list of abbreviations and definitions, which prevents the model from
establishing diagnostic relationships or comparative value between PI-
RADS versions. As a result, the counterfactual reasoning process
fails to construct a meaningful chain of explanation, leading to a
misprediction. This case highlights a structural limitation of the
column filtering process when applied to glossary-style tables without
clearly defined headers or relational alignment.
This case illustrates a bridging external knowledge: tables alone
may lack sufficient information to fully answer certain questions. By
retrieving relevant external knowledge from a reliable source, we can aid
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language models in grasping the broader context of the query, enabling
more informed and nuanced responses.

Figure 3.9: Lack of Structure in Term-Definition Table.

In general, these four cases reveal that, although our column filtering
step often retains semantically relevant content, the counterfactual reasoning
stage still faces several critical challenges. First, key numeric values required
for accurate reasoning may be omitted when they are stored in auxiliary or
non-retained columns, limiting the model’s ability to perform quantitative
comparisons. Second, cells containing noisy or mixed content can disrupt
the reasoning process, as the model lacks fine-grained parsing mechanisms
to isolate the relevant information. Third, category-based claims become
difficult to verify when tables rely solely on horizontal headers and lack
structural cues such as row alignment or vertical labels, which can lead to
incorrect associations between unrelated items. Finally, glossary-style tables
without any horizontal headers, as seen in Figure 3.9, introduce an additional
structural limitation: although column filtering retains relevant entities,
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the absence of relational structure prevents the model from constructing
meaningful logical chains.

To address these issues, we plan to improve the robustness of our
framework along multiple dimensions. First, we will introduce additional
data quality checks after column filtering to detect and retain critical
numeric information that may otherwise be missed. Second, we aim to
improve the parsing of complex cells containing noisy or mixed content by
incorporating more sophisticated content-aware splitting and normalization
strategies. Third, to better capture the structural layout of diverse table
formats, including glossary-style and row-aligned tables, we propose extend-
ing our use of k-means clustering to both column and row dimensions. This
bidirectional clustering will allow the framework to identify not only the most
relevant columns but also the most informative rows, thereby constructing
a more contextually grounded and structured collapsed table. Together,
these improvements are expected to provide the counterfactual reasoning
component with cleaner, better-aligned evidence, mitigating noise-induced
errors and increasing both the confidence and correctness of the model’s
final predictions.

3.6 Conclusion

We introduce UCRET, a zero-shot framework for interpretable table-
based fact verification, requiring neither fine-tuning nor reliance on closed-
source models. UCRET addresses key limitations of current large language
models—particularly their difficulty in interpreting tabular structure and
performing precise numerical reasoning—by explicitly decomposing the veri-
fication process into interpretable reasoning stages. The framework integrates
two core components: (i) Column Filtering, which uses k-means clustering to
construct a condensed, claim-relevant evidence table, and (ii) Counterfactual
Chain-of-Explanation, which prompts an LLM to generate structured expla-
nations under each possible veracity assumption. This design promotes both
reasoning accuracy and transparency by disentangling evidence selection
from multi-perspective inference. This separation of evidence selection
from multi-hypothesis reasoning improves both accuracy and verifiability,
especially when tables are noisy or heterogeneous.

In our experiments on PubHealthTab and SCITAB, UCRET achieves
competitive results with open-source backbones and surpasses several strong
baselines. Ablation studies indicate that Column Filtering and Counterfac-
tual Chain-of-Explanation contribute complementary gains in both accuracy
and interpretability. While GPT-4 remains a strong upper bound, our
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findings suggest that careful decomposition and structure-aware reasoning
can narrow the gap even with lighter models. Beyond table structure,
a practical challenge is that tables alone may not always contain
sufficient information to fully verify or answer certain queries,
especially in domain settings where key context is implicit or missing. This
motivates a bridging external knowledge direction: retrieving relevant
external evidence from reliable sources can help language models grasp the
broader context of a claim, leading to more informed and nuanced decisions
when the table-only evidence is insufficient.

Future work will incorporate bidirectional clustering to jointly identify
the most relevant columns and informative rows. In addition, integrating
content-aware parsing and normalization strategies could further improve
robustness to noisy or heterogeneous table formats. These enhancements
aim to extend UCRET’s applicability to a wider range of real-world tabular
reasoning tasks across scientific, medical, and other high-stakes domains.
Finally, we will explore knowledge-augmented extensions that retrieve ex-
ternal evidence when the collapsed table is not evidential enough, while
still maintaining explicit, inspectable links between the final decision and
its supporting sources.

Chapter Summary

This chapter introduced UCRET, an unsupervised framework for table-based
fact verification that aims to make decisions both accurate and easy to
verify. The pipeline starts with Column Filtering, where we use spherical
k-means to select columns that are most relevant to the claim and to form a
collapsed evidence table. By removing irrelevant columns, UCRET reduces
noise and makes the evidence easier for a language model to read. On top
of the collapsed table, UCRET performs label-conditioned counterfactual
reasoning for the three veracity labels (SUPPORTS, REFUTES, and NOT
ENOUGH INFO) and produces concise explanations with cell-level citations.
This design encourages the model to justify each possible label using the
same evidence, instead of giving one opaque explanation. Overall, UCRET
shows that a fully unsupervised pipeline can support table verification while
remaining transparent and inspectable.

Nevertheless, this table-only setting reveals an important boundary:
tables alone may not always provide enough information to fully
verify a claim. In such cases, a natural extension is bridging external
knowledge—triggering retrieval from reliable sources to supply missing
context, while keeping the final decision auditable through explicit evidence
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links. More broadly, after completing the table-only setting (Scenario I), we
move to Scenario II, where we study unsupervised external retrieval
and knowledge-graph reasoning to bring in missing evidence with in-
spectable, evidence-linked traces.

In the next chapter, we extend this idea to table question answering,
where the system must choose among multiple options, and the evidence
differences can be small but important. In this setting, using cosine similarity
inside spherical k-means can be less reliable, because it compares single
embedding directions and may fail when the relevant signal is spread across
multiple tokens or cells. Motivated by the distribution-aware retrieval
results of USCRaKe, we introduce UCRET-JS, which replaces cosine-based
matching with a Jensen–Shannon divergence (JSD) based measure to make
column selection more robust for option-driven table QA. This extension
keeps UCRET’s unsupervised and explainable structure while adapting the
similarity measure to better fit the tighter evidence selection required by
TabMCQ-style questions.
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Chapter 4

UCRET-JS: Unsupervised Column
Relevance Extraction for Table-
Based Question Answering via Struc-
tured and Explainable Large Lan-
guage Model Reasoning

4.1 Introduction

Table-based question answering requires identifying which columns in a table
are most relevant to a natural-language question and reasoning over them to
select the correct answer from candidate options. Compared with table-based
fact verification, this setting is often more fine-grained: multiple options can
be semantically close, so small differences in the selected evidence may change
the final choice.

In Chapter 3, we introduced an unsupervised column filtering method
combining (i) a lexical pre-filter and (ii) spherical k-means clustering over
dense embeddings using cosine similarity. Separately, our unsupervised chunk
retrieval framework in Chapter 7 showed that Jensen–Shannon divergence
(JSD) provides a stable, bounded, and symmetric way to compare represen-
tations in a distribution-aware manner.

In this chapter, we unify these ideas: we retain the lexical pre-filter, but
replace cosine similarity in the semantic clustering step with a JSD-based
criterion. To apply JSD to dense vectors, we map question and column
embeddings onto the probability simplex using temperature-scaled softmax.
The resulting selector remains fully unsupervised and integrates lexical and
information-theoretic signals. We refer to this method as UCRET-JS.
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4.2 Related Work

Recent research on table-based reasoning can be grouped into two main
directions. The first direction improves reasoning precision by combining
LLMs with explicit operations. Lu et al. [42] propose a tool-augmented
framework that formats tables, builds task-specific tools for tabular oper-
ations, and generates explanations that integrate tool outputs, aiming to
address weaknesses of pure chain-of-thought on tables. This line is effective
for tasks that require reliable table manipulation and numerical computation,
but it typically introduces additional tool design and training requirements.

The second direction improves table reasoning by training tabular LLMs
with instruction tuning data, including large-scale curated or synthesized
data. Zheng et al. [133] summarize this trend and propose a data syn-
thesis pipeline tailored for table instruction tuning, emphasizing diversity
and efficiency of synthetic instructions and tables. While training-centric
approaches can deliver strong performance, they move the burden to data
construction and fine-tuning, which can be costly to maintain when domains,
table formats, or task requirements change.

As discussed in Chapter 3, UCRET focuses on a different bottleneck:
unsupervised evidence selection inside the table. UCRET shows that even
without task-specific fine-tuning, a pipeline can remain competitive by (i)
filtering columns with a lexical step and spherical k-means over dense
embeddings, and (ii) producing label-conditioned explanations grounded in
a collapsed evidence table. This design targets transparency and portability,
especially when labeled supervision is limited and when the evidence must
be inspectable at the cell level.

Building on this motivation, UCRET-JS retains the same fully unsu-
pervised pipeline—lexical pre-filtering followed by semantic column selec-
tion—but revises the similarity signal used in the semantic step. Specifi-
cally, we replace the cosine-based assignment in spherical k-means with a
Jensen–Shannon divergence criterion by first mapping question and column
embeddings onto the probability simplex (via temperature-scaled softmax).
This design follows the distribution-aware perspective established in our
USCRaKe chapter: unlike cosine similarity, which compares vector direc-
tions, JSD compares normalized distributions and is bounded and symmetric,
which makes it a stable choice for unsupervised matching. This adjustment
is particularly relevant for table question answering, where multiple answer
options can satisfy similar semantic constraints and accurate answering
depends on selecting columns that provide the most discriminative evidence.
Importantly, UCRET-JS keeps the same explainable structure of UCRET;
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it only changes the similarity measure used for column selection so that
downstream reasoning is grounded in a more reliable collapsed evidence table.

4.3 Framework

Given a question Q, answer options O = {o1, . . . , oM} (typically M=4), and
a source table D with columns J = {C1, . . . , C|D|}, our goal is to select a
compact subset S ⊆ J of columns most relevant toQ and produce a collapsed
table Dcollapsed that preserves evidence necessary for answering Q. Formally,
we denote our framework as a function fϕ(·) with parameters ϕ as follows:

ŷ = fϕ(Q,D) (4.1)

where D consists of a descriptive caption S and its content {Di,j | 1 ≤ i ≤
RD, 1 ≤ j ≤ CD}, where RD and CD correspond to the total number of rows
and columns, respectively. Each cell (i, j) contains a data value Di,j. Figure
4.1 illustrates the input and output structure of our framework.

Assets

ORBITAL 
EVENT

PERIOD 
OF 

DAYLIGHT

PERIOD 
OF

NIGHT

The summer solstice is the day
with the longest period of daylight

and the shortest period of
night

The winter solstice is the day
with the shortest period of daylight

and the longest period of
night

The spring equinox is the day
with the midrange period of daylight

and the midrange period of
night

The fall equinox is the day
with the midrange period of daylight

and the midrange period of
night

Question:  Which orbital
event is the day with the

longest period of daylight?
Options:

A) Summer solstice
B) Winter solstice
C) Spring equinox

D) Fall equinox

UCRET-JS Predicted Answer: 
Summer solstice

Figure 4.1: An example of the input and output for UCRET-JS.

As shown in Figure 4.2, UCRET-JS factorizes table-based queston an-
swering into three tightly coupled stages: Column Filtering, Counterfactual

53



Chain-of-Explanation, and Answer Generation. This separation isolates
evidence selection, explanation generation, and final decision-making, yield-
ing interpretable and generalizable reasoning over tabular data. Unlike
approaches that depend on closed-source models or task-specific fine-tuning,
UCRET-JS operates fully in a zero-shot setting and exhibits robustness
across both medical and scientific domains.

The three-stage design is essential for effective table reasoning. Col-
umn Filtering concentrates the model’s attention on semantically relevant
evidence, reducing noise. Counterfactual Chain-of-Explanation prompts
the model to systematically explore all veracity possibilities, encouraging
structured, faithful reasoning instead of shallow or biased inference. Finally,
the Answer Generation stage performs a reflective verification, comparing the
candidate explanations and selecting the option ŷ most consistent with the
evidence. This modular decomposition directly addresses the core challenges
of table-based verification—evidence selection, rationale construction, and
prediction validation—leading to more accurate, interpretable, and robust
fact verification across domains.
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Question:  Which orbital event
is the day with the longest

period of daylight?

Table Evidence

spherical k-means
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Input: Question + Options
+ Table evidence

Stage 1: Column Filtering

Question + Option +
Collapsed Table

Collapsed Table 

Option: Summer solstice

Summer solstice 
Rationale

Stage 2: Counterfactual 
Chain-of-Explanation

Stage 3:
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Compare
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Decide

Winter solsticeOutput: Predicted
Answer

Assets
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PERIOD 
OF 

DAYLIGHT

PERIOD 
OF

NIGHT

The summer solstice is the day
with the longest period of

daylight and the shortest period of
night

The winter solstice is the day
with the shortest period of

daylight and the longest period of
night

The spring equinox is the day
with the midrange period of

daylight and the midrange period of
night

The fall equinox is the day
with the midrange period of

daylight and the midrange period of
night

Options:  
A) Summer solstice
B) Winter solstice
C) Spring equinox

D) Fall equinox

Assets

ORBITAL 
EVENT

PERIOD 
OF 

DAYLIGHT

summer
solstice is the day with the longest

winter
solstice is the day with the shortest

spring
equinox is the day with the midrange

fall equinox is the day with the midrange

Question + Option +
Collapsed Table

Option: Winter solstice

Winter solstice 
Rationale

Question + Option +
Collapsed Table

Option: Spring equinox

Spring equinox
Rationale

Question + Option +
Collapsed Table

Option: False equinox

False equinox
Rationale

Figure 4.2: Overview of UCRET-JS. The framework has three modules:
(i) Column Filtering, which selects query-relevant columns and forms
a collapsed evidence table; (ii) Counterfactual Chain-of-Explanation,
which generates option-specific rationales and assesses their alignment with
the question; and (iii) Answer Generation, which verifies the competing
explanations and outputs the final decision.
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4.3.1 STAGE 1: Integrating JSD into the Column Selec-
tor

We retain the UCRET structure: (1) a lexical pre-filter selects columns
with Jaccard overlap above a threshold τ ; (2) a semantic selection step
examines the remaining columns. The only change is the similarity used in
step (2):

• In chapter 3 UCRET: rank or cluster columns by cosine similarity
between L2-normalized embeddings.

• In UCRET-JS: we measure the semantic similarity between the
question Q and a candidate column Cj using the Jensen–Shannon
divergence. Let eQ ∈ Rd denote the embedding of the question Q,
and eCj

∈ Rd denote the embedding of column Cj. To compute JSD,
we first convert embeddings into probability distributions by applying
a softmax over dimensions:

PQ(l) =
exp(eQ,l)∑d
t=1 exp(eQ,t)

, PCj
(l) =

exp
(
eCj ,l

)∑d
t=1 exp

(
eCj ,t

) , l = 1, . . . , d,

(4.2)

where eQ,l and eCj ,l are the l-th components of eQ and eCj
, respectively.

This ensures PQ(l) ≥ 0, PCj
(l) ≥ 0, and

∑d
l=1 PQ(l) =

∑d
l=1 PCj

(l) = 1.
We then define the mixture distribution at dimension l as:

M(l) =
1

2

(
PQ(l) + PCj

(l)
)
. (4.3)

Finally, the JSD-based score between Q and Cj is computed as:

JSD(Q,Cj) =
1

2

d∑
l=1

PQ(l) log

(
PQ(l)

M(l)

)
+

1

2

d∑
l=1

PCj
(l) log

(
PCj

(l)

M(l)

)
.

(4.4)

4.3.2 STAGE 2: Counterfactual Chain-of-Explanation

In this stage, we adopt a form of counterfactual reasoning tailored for
table-based question answering. Given a question Q, answer options O =
{o1, . . . , oM}, and a collapsed evidence table Dcollapsed, the model generates a
counterfactual chain of explanation to evaluate how the evidence may support
or fail to support each option as the correct answer. Specifically, for each
option oi, the language model is asked to generate an explanation conditioned
on that assumption:
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• exo1 : assuming the table supports o1 as the correct answer,
• exo2 : assuming the table supports o2 as the correct answer,
• . . .
• exoM : assuming the table supports oM as the correct answer.

To be clear, each explanation is generated by a parameterized probabilis-
tic model pθ through a maximized likelihood process, step-by-step identifying
relevant facts, data points, or rows in the table that directly lead to selecting
the option as the answer. It clearly explains how each cited cell filters,
matches, compares, or aggregates to produce this selection, ensuring the
explanation is logical, precise, and grounded in specific table content.

pθ
(
exoi | y = oi, Q, Dcollapsed

)
=

L∏
k=1

pθ
(
t
(oi)
k | t(oi)<k , y = oi, Q, Dcollapsed

)
(4.5)

where t(oi)k is the k-th token of explanation exoi , and L is its length.
To systematically generate these explanations, we design Chain-of-

Explanation prompts that instruct the model to reason step-by-step using
only the provided table. An example Chain-of-Explanation prompt for an
option oi is as follows:

You are an expert for table-based question answering.
Your task is to explain why the given option is the correct answer

using only the table.

Question: {question}
Option: {option}
Table Representation:
{table_representation}

Step-by-step, identify the relevant facts, data points, or rows in
the table that directly lead to selecting the option as the
answer to the question. Clearly explain how each cited cell
filters, matches, compares, or aggregates to produce this
selection. Your explanation should be logical, precise, and
grounded in specific table content.

4.3.3 STAGE 3: Answer Generator

Given a question Q, a collapsed evidence table Dcollapsed, answer options
O = {o1, . . . , oM}, and the set of explanations X = {exo1 , . . . , exoM}, the
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Answer Generator selects the final answer as:

ŷ = fAG(Q,Dcollapsed,O,X ), (4.6)

where ŷ ∈ O is the predicted correct option.
Our prompting strategy empowers LLMs to deliberate on their responses,

allowing them to identify and correct errors through self-reflection. This stage
is inspired by Chain of Verification (CoVe) [125]. Similar to UCRET in 3, we
extend it with a variant called Counterfactual Chain of Verification (CCoV)
prompting, where counterfactual explanations X = {exo1 , . . . , exoM} (one
for each answer option) generated in Stage 2 serve as baseline rationales for
verification. The LLM is prompted to assess the strengths and weaknesses
of each explanation in relation to the question Q and the collapsed evidence
table Dcollapsed, then select the most rational answer choice. By integrating
structured tabular evidence with natural language reasoning, this approach
boosts decision accuracy and enhances model interpretability in table-based
question answering. Notably, CCoV allows LLMs to introspectively eval-
uate their own counterfactual explanations, refining outputs via iterative
verification and correction, which strengthens reasoning while promoting
transparency in the decision process.

To systematically generate the final answer, we design our prompt to
introspect upon the counterfactual explanations generated with Q, Dcollapsed,
O = {o1, . . . , oM}, and X = {exo1 , . . . , exoM} as follows:
You are an expert answer selector for question answering.

You will be given:

Input
Question: {question}
Table Evidence: {collapsed_evidence_table}
Options:
A) {o_1}
B) {o_2}
C) {o_3}
D) {o_4}
Explanations:
A: {ex_{o_1}}
B: {ex_{o_2}}
C: {ex_{o_3}}
D: {ex_{o_4}}

Your task is to determine which single option is best supported by
the table, using only the table and the option explanations.
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Task:
Step-by-step, identify the specific cells in the table that each
option’s explanation relies on. Choose the option whose

explanation is fully consistent with the table, supported by the
smallest, clearest set of cells, and makes no unsupported

assumptions.

Output:
Answer with only one label: A, B, C, or D.

4.4 Experiment Results

4.4.1 Empirical Preparation

We fix the number of clusters for the column-filtering stage to k=2. Replacing
cosine with JSD, we set the acceptance gate to a JSD distance threshold
ηJS=0.30. We retain the Jaccard threshold grid τ=0.20. All experiments are
executed on a single NVIDIA A6000 GPU (48GB). For semantic represen-
tations of the question and column headers, we use the BGE encoder [126],
yielding 1024-dimensional embeddings.

For counterfactual explanation and answer generation, we adopt fully
open-source instruction-tuned LLMs—Llama-3.3-70B-Instruct [127], Qwen2.5-
14B-Instruct, and Qwen2.5-72B-Instruct [128]—to align with our zero-shot,
open-model design while probing robustness across 14B–72B scales. In-
struction tuning improves adherence to our structured prompts; all models
are run with 4-bit quantization [129] and do_sample set to False to avoid
stochastic deviations. Unless otherwise noted, we use the same experimental
configuration as in the previous section.

4.4.2 Experiment Results

We select the existing tabular benchmark to evaluate the performance of
our proposed framework UCRET-JS: TabMCQ [134], which contains 9092
manually annotated multiple choice questions (MCQs) with their answers
and 63 tables as its knowledge. The metric is used as accuracy (%). For a
baseline comparison, we evaluate our method against recent state-of-the-art
approaches, TabFlash [135], TableDreamer [133] and SynTab-LLaVA [46].
Zheng et al. [133] introduces a progressive and weakness-guided data syn-
thesis framework tailored for table instruction tuning, named TableDreamer,
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to explore the input space under the guidance of newly identified weakness
data to more effectively enhance the model performance. In addition, Kim
et al. [135] propose TabFlash, a multimodal large language model for table
understanding that integrates a pruning strategy with token focusing. This
combination helps reduce redundant information while minimizing the loss of
critical content during pruning. Moreover, we include SynTab-LLaVA [46], a
hybrid multimodal model that operates at multiple resolutions, specifically
designed to enhance the understanding of both the textual content and the
structural layout of tables in images.

Table 4.1: Accuracy comparison across baselines and UCRET-JS variants
using different LLM backbones on the TabMCQ dataset. Bold indicates the
best result; underline indicates the second best.

Approach Method Acc. (%)

Baselines

TableDreamer (Llama3.1-70B-Instruct) [42] 82.99
TableDreamer (GPT-4o) [42] 84.29

TabFlash (InternVL-2.5-1B) [43] 57.80
TabFlash (InternVL-2.5-3B) [44] 71.90

SynTab-LLaVA (Vicuna-1.5-7B) [45] 70.55

Ours

Qwen2.5-14B-Instruct
UCRET-JS w/o Column Filtering 53.28

UCRET-JS w/o CCoE 55.31
UCRET-JS 60.46
Qwen2.5-72B-Instruct

UCRET-JS w/o Column Filtering 70.29
UCRET-JS w/o CCoE 72.80

UCRET-JS 77.96
Llama-3.3-70B-Instruct

UCRET-JS w/o Column Filtering 74.44
UCRET-JS w/o CCoE 77.51

UCRET-JS 83.01

Table 4.1 compares UCRET-JS with recent strong baselines on TabMCQ
and reports consistent evidence that our unsupervised design contributes
substantially to accuracy across open LLM backbones. First, UCRET-JS
shows a clear scaling trend: performance increases from Qwen2.5-14B to
Qwen2.5-72B and further to Llama-3.3-70B, indicating that the framework
effectively leverages stronger reasoning capacity without any task-specific
fine-tuning. More importantly, the ablations validate the necessity of both
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core components. Removing Column Filtering causes the largest drop
across all backbones, suggesting that early-stage evidence compression—via
relevance-aware column selection—is critical for reducing noise and making
the downstream reasoning tractable. Removing label-conditioned counterfac-
tual reasoning also consistently degrades performance, confirming that gener-
ating structured rationales conditioned on each candidate label improves dis-
crimination under ambiguity, especially when tables contain distracting but
superficially related fields. With the strongest open backbone (Llama-3.3-
70B), UCRET-JS reaches near-best performance and becomes competitive
with closed-model systems, while maintaining the key practical advantages
of being zero-shot, explainable, and based on open models. Overall, these
results highlight the novelty of combining JSD-based unsupervised clustering
for column relevance with counterfactual, label-aware explanation generation:
the two modules are complementary, and together they enable robust table
reasoning under a fully unsupervised setting.

4.4.3 Ablation Study

We evaluated our UCRET-JS method on the first 150 items of the TabMCQ
dataset, a benchmark designed for table-based multiple-choice question
answering. As shown in Table 4.2, our full UCRET-JS approach achieved
70.67% accuracy, outperforming two ablated versions: one without column
filtering (62.33%) and another without counterfactual chain-of-explanation
reasoning (66.00%). This shows that both column filtering and CCoE
contribute meaningfully—removing either drops performance by 8.34 and
4.67 percentage points, respectively. Compared with the cosine-based
UCRET (69.33%), UCRET-JS reaches 70.67%, a +1.34 point absolute
gain, indicating that replacing cosine with JSD yields a modest but consistent
improvement in column selection and downstream accuracy. Column filtering
helps focus the model on relevant parts of the table, reducing noise, while
CCoE enables clearer, step-by-step reasoning that improves answer selection.

Table 4.2: Ablation study results on the first 150 items of TabMCQ. Bold
indicates the best result; underline indicates the second best

Method Acc. (%)

w/o Column Filtering 62.33
w/o CCoE 66.00
UCRET 69.33
UCRET-JS 70.67
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4.4.4 Error Analysis

Although our approach clearly outperforms prior methods, it still has limi-
tations. To better understand the remaining errors, we randomly inspected
a failed test instance where the model does not select the correct answer.
This case also exposes a labeling issue in the dataset: a small number of
questions effectively allow more than one correct option, yet the benchmark
provides only a single gold label. For the question “Which of the following is
a carnivore?", both Andean Cat and Arctic fox appear among the candidates
and are both valid carnivores, but only one is marked as correct.

Crucially, from Figure 4.3, the evidence table itself indicates that both
Andean Cat and Arctic Fox are carnivores. This remains true even after
Column Filtering: the collapsed table still contains the diet column and
preserves the rows for both animals, each labeled “carnivore.” Therefore, the
model’s prediction is not contradicted by the evidence; instead, the error
arises because the task is evaluated as single-choice even though the table
supports multiple candidates. In other words, this is best characterized as an
ambiguity or multi-valid-answer case under a single-gold annotation protocol.

From a system perspective, this case highlights a tie-breaking weakness:
when multiple options satisfy the same evidence constraint, the final selection
can depend on minor scoring differences or prompt sensitivity, despite both
being evidence-consistent. From an evaluation perspective, such items can
underestimate the faithfulness of evidence-based methods, since a model may
provide a verifiable and correct rationale while still being penalized for not
matching the single annotated label.

A practical improvement is to make UCRET-JS ambiguity-aware. After
generating the collapsed evidence table, the system can explicitly check which
options are supported by the table. If more than one option is supported,
the system should either (i) flag the question as under-specified given the
table (with lower confidence), or (ii) return all evidence-supported options.
This change would align predictions more faithfully with the evidence and
make error analysis more informative in the presence of noisy or incomplete
annotations.
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Figure 4.3: Case-study example of UCRET-JS on TabMCQ.

4.5 Conclusion

In this chapter, we presented UCRET-JS, a fully unsupervised and explain-
able framework for table-based multiple-choice question answering. The key
change from UCRET is in the column selection stage: we keep the lexical pre-
filter but replace cosine-based matching in the semantic step with a Jensen–
Shannon divergence criterion after mapping embeddings onto the probability
simplex. This design transfers the distribution-aware similarity principle
from our USCRaKe study to the tabular setting, while preserving the same
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three-stage pipeline: Column Filtering, option-conditioned Counterfactual
Chain-of-Explanation, and Answer Generation.

Experiments on TabMCQ show that UCRET-JS benefits from stronger
open LLM backbones and that both major components are necessary. Across
Qwen2.5 (14B and 72B) and Llama-3.3-70B, removing Column Filtering
yields the largest accuracy drop, confirming that early evidence compression
is critical for reducing noise in tables. Removing the option-conditioned
explanation stage also consistently degrades performance, indicating that
structured, per-option rationales help the final selector discriminate among
close choices. On the strongest open backbone (Llama-3.3-70B), UCRET-JS
achieves 83.01% accuracy on TabMCQ without any task-specific fine-tuning.

UCRET-JS also clarifies the scope of this table-only setting. Since
the model is restricted to the evidence contained in the input table (after
column filtering), it cannot introduce additional facts that are not present
in the table. This limitation motivates Part II of the dissertation, where we
incorporate external evidence through unsupervised retrieval and knowledge-
graph reasoning to support knowledge-augmented reasoning with explicit and
verifiable traces.

Finally, our error analysis highlights a practical limitation of the bench-
mark: some questions admit multiple evidence-consistent options, but only
a single gold label is provided. In such cases, the model can produce a table-
consistent answer and still be counted as incorrect. This suggests a clear next
step: incorporate an ambiguity-aware check that detects multiple supported
options from the collapsed table and either flags under-specified instances or
returns the set of evidence-supported answers.

Chapter Summary

This chapter introduced UCRET-JS, an unsupervised framework for table-
based multiple-choice question answering. The method follows the same
structure as UCRET: a lexical pre-filter first removes obviously irrelevant
columns, and a semantic selector then chooses the most relevant columns
to form a collapsed evidence table. The main extension is that we replace
cosine similarity in the semantic step with Jensen–Shannon divergence by
mapping dense embeddings onto the probability simplex using temperature-
scaled softmax. This makes the semantic comparison distribution-aware and
consistent with the principle used in USCRaKe.

Given the collapsed table, the framework generates option-conditioned
explanations, one for each candidate answer, grounded in cited cells from
the collapsed table. A final answer generator compares these explanations
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against the evidence table and selects the single best-supported option.
Experiments on TabMCQ show that performance scales with stronger open
LLM backbones and that both Column Filtering and option-conditioned ex-
planations contribute meaningfully in ablations. A case-study error analysis
further shows that some failures are caused by single-label annotations in
questions where the table supports multiple candidates. Overall, UCRET-JS
extends the unsupervised and explainable design of UCRET to table question
answering by strengthening the similarity measure used for column relevance
selection.

Finally, this chapter completes the setting of unsupervised semantic
retrieval and verifiable reasoning without external knowledge in the table
domain. In the next chapters, we study unsupervised retrieval and rea-
soning with external knowledge through extracted knowledge graphs and
distribution-aware text retrieval.
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Chapter 5

K-Bloom: Unleashing the Power
of Pre-trained Language Models in
Extracting Knowledge Graph with
Pre-defined Relations

5.1 Introduction

Pre-trained language models have revolutionized natural language processing
(NLP) by demonstrating an unprecedented ability to process vast amounts of
unstructured text data, achieving state-of-the-art results across various tasks.
Models like BERT [20], GPT-3 [21], and T5 [22] are trained on extensive
corpora, leading to the hypothesis that their parameters encapsulate a
significant amount of factual knowledge. Recent studies suggest that PLMs
can be conceptualized as knowledge bases [51], which offer a flexible and
powerful tool to extract and utilize embedded information. However, this
raises a critical question: Which specific facts are stored within these models,
and how can this internal knowledge be systematically represented and
accessed?

A promising approach involves the use of knowledge graphs, which are
structured representations of information that capture relationships between
entities within a specific domain, making information accessible to both
humans and machines [23]. KGs consist of collections of triples, where
each triple represents a relation r between a head entity h and a tail entity
t. Examples of real-world KGs include Freebase [136], WordNet [137], and
YAGO [138], which are used to support efficient supply chain management
[139], improve accurate and explainable recommendation systems [140],
enable commonsense reasoning [141], enhance business scenarios [142], and
detect financial fraud [143].

Building KGs from raw text data is a challenging task that requires
advanced NLP techniques such as Named Entity Recognition [144], Relation
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Extraction [145], and Question Answering [26]. The integration of PLMs
with KGs, as seen in recent studies [146], has shown potential to improve the
quality and diversity of the knowledge generated, thus advancing applications
such as search engines [24], recommendation systems [25], and question
answering systems [26, 27]. This synergy between PLMs and KGs not only
provides a snapshot of the knowledge stored within these models but also
offers a pathway for systematically harnessing and expanding that knowledge.

The most relevant area to our approach lies in knowledge graph extraction
from language models. BertNet, as introduced by [28], is a framework specifi-
cally designed to obtain knowledge bases directly from language models. This
methodology focuses on extracting relation triplets from masked sentences
to generate knowledge graphs. However, the knowledge graphs produced
by BertNet often include inconsistent entity pairs, which decreases the
reliability and correctness of the extracted information, leading to lower ac-
curacy. To address these limitations, we propose an unsupervised knowledge
extraction pipeline from PLMs, called Knowledge Bloom (K-Bloom). K-
Bloom aims to explore the facts stored within the internal knowledge bases
of PLMs and provide a comprehensible representation that facilitates both
manual and automatic evaluation of what PLMs know and what they do not.
By leveraging PLMs, K-Bloom extracts unseen tuples without supervision
from minimal input, consisting of an initial prompt and a few seed entity
pairs. Our approach is designed to generate new entity tuples whose semantic
similarity closely aligns with the seed entity pairs, without being constrained
by pre-existing datasets.

Despite the growing interest in utilizing PLMs as knowledge bases, to our
knowledge, our framework is the first to select the most reasonable tuples
for an arbitrary relation within a set of pre-specified relations from any
PLMs (with minimal definition of relations as input) based on comprehensive
scoring. We convert implicit PLM knowledge into an explicit KG with an OT-
based tuple consistency filter. Unlike hard token matching, our OT-based
approach enables soft alignment and retains only those relation tuples that
are consistent with their contextual usage, thereby improving the quality
and usability of the extracted knowledge. Specifically, after harvesting all
candidate entity pairs for each relation that consistently satisfy a diverse set
of prompts, we evaluate and rank these pairs to identify the most relevant and
meaningful tuples. The key component of our scoring function leverages the
concept of Word Mover’s Distance, grounded in Optimal Transport theory,
to enhance the selection of reasonable tuples extracted from PLMs. The core
insight of our approach lies in its ability to measure the semantic distance
between generated tuples and seed entity pairs, ensuring that the selected
tuples maintain high contextual similarity to the original seed entities. This
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not only enhances the accuracy of the knowledge graph completion process
but also amplifies the diversity and quality of the generated knowledge. The
novelty of our scoring function lies in its integration of Optimal Transport
principles to effectively align and map the semantic spaces of different
entities, thereby producing more meaningful and contextually appropriate
knowledge tuples.

5.2 Related Works

5.2.1 Knowledge Probing using Prompt

Since the advent of pre-trained language models, one key question has been
how well these models capture the factual information in the texts on which
they are trained. Knowledge probing is vital for understanding the knowledge
transfer mechanisms within PLMs. Researchers have leveraged PLMs such
as BERT [20] and conditional masked language modeling [62] as powerful
tools for probing tasks. These probing tasks have provided valuable insights
into the extent to which PLMs capture linguistic information, shedding light
on their suitability for various NLP applications. LAMA [51] is the first
framework that illustrates that PLMs can be viewed as knowledge bases. The
LAMA methodology focuses on extracting relation triples from cloze “fill-in-
the-blank" statements to generate knowledge graphs from PLMs. In recent
work, BertNet [28] proposes an automatic framework to generate weighted
prompts using GPT-3 [21] and search for new entity pairs with PLMs.

5.2.2 Knowledge Graph Construction

Knowledge Graph Construction (KGC) tasks mainly employ pipelines that
use Attribute Extraction [52], Relation Extraction [53], and Entity Extrac-
tion [54] techniques to extract structural information from unstructured
texts, capturing entities, their relationships, and associated attributes. KGC
is constructed through manual and automated approaches. For example,
Freebase [55], WordNet [56], and Wikidata [57] are well-known large KGs
developed by human labor. In contrast, OpenIE [58–60] and YAGO [61] are
developed to reduce human effort.

The work most similar to ours, in addition to BertNet, is “Prompting
as Probing" [147], where the authors use a prompt engineering approach
to obtain knowledge from GPT-3 [21]. However, while the authors of
“Prompting as Probing" use fact probing to ask the language model to predict
possible objects of a triple, given the subject and relation, our framework
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leverages masked LMs to predict all potential entity pairs from a given
prompt.

5.2.3 Language Models as Knowledge Graphs

Recent research has focused on probing knowledge in pre-trained language
models, a process commonly referred to as factual probing. This approach
aims to measure how much factual knowledge is encoded within the internal
representations of these models. For example, LAMA, introduced by [51],
employs prompting methods and leverages masked PLMs to assess this
knowledge. Numerous studies have been conducted to achieve state-of-the-
art results through text mining, paraphrasing [148], prompt tuning [149], and
AutoPrompt techniques [150].

However, using PLMs as knowledge bases comes with several limitations:
(1) they tend to learn shallow heuristics rather than developing a deep factual
understanding [151], (2) their responses can be inconsistent [152], (3) they
exhibit dependency on prompts and are prone to bias [153], and (4) they
often underperform when dealing with long-tail scenarios [154].

Nevertheless, it is important to note that the research mentioned above
differs from our research goals. Instead of focusing on measuring the internal
knowledge of language models, our method aims to automatically extract
new, reasonable knowledge graphs from PLMs based on minimal input.

5.3 Methodology

5.3.1 Problem Formalization

In this section, we present the components of our proposed framework to
construct a KG by extracting purely from a given PLM. The framework
consists of two main stages: the first stage focuses on the prompt creation
task for generating paraphrased prompts from PLMs based on initial prompts
and seed entity pairs while the second stage involves harvesting diverse and
accurate knowledge from LMs. The core component is an efficient search with
scoring functions aimed at discovering all possible entity pairs that compose
the desired KG. Specifically, given seed entity pairs sepas and an initial
prompt p of a particular relation r (e.g., “AtLocation" as illustrated in Figure
5.1), our framework generates a comprehensive knowledge graph G that
includes new head and tail entities of r. This graph is enriched with head and
tail entities pertinent to the specified relation r, thus expanding the breadth
and depth of the generated information. Figure 5.1 illustrates our proposed
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framework. We employ two practical methods: generate prompt candidates
from the given input and discover meaningful entity tuples through seed pairs
according to our efficient scoring functions.

Input: Arbitrary Relation in
Pre-defined Relation Sets

Pre-trained Language
Models

Output: New tuples extracted from PLMs 

Automatic Extracting Knowledge Graph Framework

Output: New generated prompts

Relation name: AtLocation

Initial prompt: 
<ENT1> is the location for <ENT0>

Seed entity pairs:
{"water","soft_drink"}
{"giraffes","africa"}

The <ENT0> is located in the  <ENT1>.
The <ENT1> is where the <ENT0> is

located.
<ENT0> is found in <ENT1>.

{"online videos","youtube
channel"}

{"wikipedia","north korea"}
{"christmas parade","church"}

{"video","youtube"}

Phrase 1: New Prompt Paraphrasing

Phrase 2: New Entity Tuple Searching

Relation name: AtLocation

Initial prompt: 
<ENT1> is the location for <ENT0>

Seed entity pairs:
{"water","soft_drink"}
{"giraffes","africa"}

Pre-trained Language
Models

Input: Arbitrary Relation in
Pre-defined Relation Sets

The <ENT0> is located in the  <ENT1>.
The <ENT1> is where the <ENT0> is located.

<ENT0> is found in <ENT1>.

Input: New generated prompts

Figure 5.1: Our automatic extracting knowledge graph proposal framework:
Probing PLMs to harvest a complete KG.

5.3.2 The New Prompt Paraphrasing

In this part, we introduce our unsupervised prompt generation framework.
The idea behind our framework is based on two basic principles. First, the
paraphrased prompt must contain seed entity pairs and the keywords of
the initial prompt. Second, we recognize that rearranging these keywords
while linking them with appropriate connectors can produce novel and
grammatically sound paraphrases. In other words, our approach aims to
create diverse permutations while ensuring that the paraphrase captures the
core meaning of the original sentence. Here are the reasons why our approach
relies on three key assumptions:

• Semantic Preservation: Using keywords ensures that the para-
phrased sentences retain the core meaning of the original sentence.
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Keywords act as anchors, preventing the paraphrase from straying too
far from the initial prompt.

• Expressive Flexibility: Allowing keywords to be expressed using syn-
onyms enables the generation of diverse versions without compromising
the core meaning.

• Order Flexibility: Permitting different keyword orders makes the
paraphrase grammatically correct and natural-sounding.

Based on these three assumptions, our unsupervised prompt generation
framework is divided into four key components:

• Keyword Extraction: We extract important keywords from the
initial prompt, along with the seed entity pairs, and generate all
possible permutations of these keywords.

• Keyword Substitution: We use a lexical substitution system to
generate the most appropriate synonyms for each keyword.

• PLM-based Text Generation: By leveraging the contextual under-
standing and linguistic proficiency of LMs, we use these keyword per-
mutations to generate fluent sentences that retain all key information
and maintain the order of keywords.

• Candidate Prompt Scoring: After generating a set of semantically
consistent prompts with linguistic variety, a maximum of 20 prompts
will be selected as the best candidates based on our scoring metrics.

Keyword Extraction

egg white is a part of egg
KeyBERT

k = {egg white, part, egg}

k1 = {egg white, part, egg}

Get all
permutations

k6 = {part, egg white, egg}

k2 = {egg white, egg, part}

Prompt Generation from PLM

Extract paraphrased prompt
<ENT0> is a

component of the
<ENT1>

The composition of the
egg includes the egg white

egg white is a
element of the egg

PLM

Candidate Prompt Scoring
Candidate sn

BERT- iBLEU Entropy

final score of Candidate sn

key to text generation

<ENT0> is a element of
the <ENT1> .

The composition of the
<ENT1> includes the

<ENT0>

Prompt Set

...

Weighted Prompt Set

Ranking and pick top-n prompts

...

Phrase 1: New Prompt Parapharing

Input Relation: PartOf

(egg_white, egg)
(dead_sea, jordan)

Seed entity pairs Initial Prompt

<ENT0> is a part of <ENT1>

Insert

Phrase 2: New Entity Tuple Searching

 hold is a element of ground
floor

The viking mythology is a part
of  the scandinavian folklore

court martial is a part
of military

The composition of the stadium
includes the stand

The language is a component
of the culture

Search all candidate entity tuples
1-1, 1-2, 2-1, 2-2 in PLM 

Scoring the similarity of
generated entity pairs

[viking
mythology, scandinavian

folklore]
[hold, ground floor]

[court martial, military]
[stand, stadium]

[language, culture]

     [court martial, military]
[stand, stadium]
[language, culture]
[viking mythology, scandinavian
folklore]
[hold, ground floor]
.....

0.92
0.85
0.81
0.75
     
 0.6
....

Pick top-k candidate entity pairs
with highest scores

Collect all
entities pairs 1-1,

1-2, 2-1, 2-2

Relation: PartOfOutput

        [court martial, military] 
        [stand, stadium]

   [language, culture]

0.92
0.85
0.81P1   P2    P3   ...

Top-k new candidate pairsWeighted Prompt Set

egg white is a part of egg
Keyword Substitution

Lexical
Substitution
Framework

k'1 = {egg white,
component, egg}

k'3 = {egg white, composition,
egg}

k'2 = {egg white, element, egg}

k1 = {egg white, part, egg}

...

k'1 = {egg white, component,
egg}

k'2 = {egg white,
element, egg}

k'3 = {egg white,
composition, egg}

egg white is a
component of the egg

<ENT0> is a component of the
<ENT1>

The composition of the <ENT1>
includes the <ENT0>

<ENT0> is a element of the
<ENT1> .

     P1     P2     P3   ...

Figure 5.2: Our proposed framework for extracting internal knowledge from
PLMs

Figure 5.2 illustrates a framework for generating diverse prompts from an
initial input that includes a few pairs of seed entities and an initial prompt.
Starting with the initial prompt, we insert any entity pair from the seed
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entity pairs into the prompt to create a complete sentence s. The process
can be broken down into several stages:

• Keyword Extraction: In the first stage, keyword extraction is
performed on the sentence “egg white is a part of egg" using
KeyBERT [155], which identifies the most relevant keywords in the
sentence, resulting in a set of keywords:

k = {eggwhite,part,egg}
From this set, all permutations are generated, resulting in multiple
keyword sets k1, k2, ..., k6.

• Keyword Substitution: The second stage involves keyword sub-
stitution, where each permutation of keywords is processed through
XLNet with embeddings [156] to produce the possible alternatives for
each keyword without changing the meaning of the context. This
framework generates substituted keywords to create various alternative
expressions. For instance, k1 = {eggwhite,part,egg} may produce
k

′
1 = {eggwhite,component,egg}, k′

2 = {eggwhite,element,egg},
and k′

3 = {eggwhite,composition,egg}
• Prompt Generation from PLM: In the third stage, these substi-

tuted keyword sets are used to generate prompts with the assistance
of the text-to-text framework (T5) [22], which takes keywords as
inputs and generates sentences as outputs with the same meaning. T5
generates fluent sentences while preserving all key information and the
order of keywords. For example, from k

′
1, the prompt “egg white is

a component of the egg" is generated. Similarly, other keyword sets
produce prompts like “egg white is an element of the egg" and
“The composition of the egg includes the egg white". Differ-
ing from the baseline, we utilize T5 instead of GPT-3 [21] since T5 can
be fine-tuned for specific tasks, generating more controlled and relevant
output based on a given context or set of keywords. Additionally, the
architecture of T5 treats all NLP tasks as text-to-text transformations,
allowing greater flexibility in sentence generation tasks.

• Candidate Prompt Scoring: The fourth stage involves scoring the
candidate prompts using two metrics: BERT-iBLEU and Certainty.
BERT-iBLEU evaluates the semantic similarity between the original
and generated prompts, while Certainty measures the certainty of the
generated text. These scores help to assess the quality and relevance
of each candidate prompt.

• Prompt Set Formation: Based on the scores from the previous
stage, a set of high-quality paraphrased prompts is formed. This set in-
cludes top-scoring prompts such as “<ENT0> is a component of the
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<ENT1>", “The composition of the <ENT1> includes the <ENT0>",
and “<ENT0> is an element of the <ENT1>".

• Ranking and Selection: In the final stage, the paraphrased prompts
are ranked based on their weighted scores. The top-n prompts are
selected, resulting in the formation of the final weighted prompt set.
In this paper, n is equal to 20. This set represents the most accurate
and contextually appropriate interpretation of the initial prompt.

5.3.3 Candidate Prompt Scoring

Automatically generated prompts often lack precision, resulting in prompts
that fail to capture the intended relational context. Such inaccuracies can
adversely affect the model’s performance in extracting the internal knowledge
of PLMs, as knowledge retrieval requires high-quality prompts that are
semantically consistent with the desired relation. To address this limita-
tion, we propose a novel prompt scoring method to evaluate and enhance
the quality of generated prompts. Specifically, we introduce two distinct
scoring methods: (i) BERTScore combined with iBLEU, and (ii) Certainty.
Using these scoring mechanisms, our approach offers a more comprehensive
evaluation, facilitating the generation of high-quality prompts that are both
accurate and better at capturing the semantics of a relation.

5.3.3.1 BERT-iBLEU

To evaluate the quality of prompt generation, we propose BERT-iBLEU, a
metric designed to measure both meaning similarity and fluency between the
source sentence s and candidate sentence c. To access semantic similarity,
we use the BERTScore [157], which leverages the contextual embeddings of
the BERT model to calculate the cosine similarity between reference and
candidate sentences. This approach provides a robust similarity measure
between the reference text and the generated text at both the word and
sentence levels. The BERTScore metric ranges from 0 to 1, where a score
of 1 signifies perfect similarity between the generated text and the reference
text, and a score of 0 indicates no semantic overlap with the reference text.

To measure surface-form dissimilarity, we propose a metric called iBLEU
(where i stands for inverse). BLEU [158] typically assesses the similarity of
generated text to reference text, with scores also ranging from 0 to 1. A
BLEU score nearing 1 indicates that the generated text is highly similar to
the reference, whereas a score of 0 suggests significant differences from the
reference corpus. iBLEU emphasizes the dissimilarity between the generated
text and the reference text. A higher 1

BLEU
value means that the generated

73



text is less similar to the reference, which can indicate greater dissimilarity
or uniqueness. Our idea for iBLEU is that we can assess the fluency and
distinctiveness of generated text, as it focuses on how different the generated
text is from the reference. In this way, higher values of 1

BLEU
may suggest

that the generated text is more distinct and less similar to the reference.
By combining these two metrics, we hypothesize that the integration of

these metrics will not only enhance the quality of the generated text but also
provide valuable insights on the trade-off between semantic similarity and
the “uniqueness". To facilitate the integration of iBLEU with other metrics,
such as BERTScore, it is necessary to standardize the iBLEU score to a
common range. Applying the sigmoid function to iBLEU ensures that the
standardized iBLEU values smoothly transition between 0 and 1, making
them directly comparable with BERTScore.

BERT − iBLEU(s, c) = BERTscore(s, c)+sigmoid

(
1 + 0.01

BLEUscore(c) + 0.01

)
(5.1)

where BERTscore represents the BERTScore between the source sentence s
and the candidate sentence c, BLEUscore denotes the BLEU score between
the source sentence s and the candidate sentence c; 0.01 is a small smoothing
factor added to both the numerator and the denominator in the i -BLEU term.

5.3.3.2 Certainty

The BLEU metric evaluates the quality of generated texts, but ignores their
certainty. The certainty associated with language models plays a crucial role
in determining the reliability and authenticity of the generated output. In
this paper, to evaluate the certainty of the generated prompt, we can use
the entropy of the probabilistic generative model to measure the degree of
uncertainty or randomness, where the higher values show greater uncertainty.
Entropy, as a measure of uncertainty, proves particularly insightful in the
context of language models as it quantifies the level of uncertainty associated
with each word or sequence. Specifically, we use the formula to calculate
the entropy of a generated sentence s, as given below, where P(x) is the
probability of the word x. In our context, a lower entropy is desirable
because it indicates that the output prompt is more certain and is focused
on generating coherent and contextually appropriate sequences.

Certainty(s) =
1

Entropy(s)
(5.2)
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where:
Entropy(s) =

∑
x

−P (x)log(P (x)) (5.3)

5.3.3.3 Compatibility Score

The final compatibility score combines BERT-iBLEU and Certainty to
provide a holistic evaluation of the quality of the prompt generated by PLMs.
The combined metric is formulated as follows:

CompatibilityScore(s, c) = αBERT − iBLEU(s, c) + βCertainty(c) (5.4)

Here, s represents the initial prompt and c denotes the generated prompt.
The α and β are weighting factors that balance the contributions of semantic
similarity, syntactic fluency, and model certainty. In our setting, α and β
are equal to 1. The BERT-iBLEU component ensures that the generated
prompt is semantically and syntactically aligned with the reference, while
the Certainty component evaluates the reliability of an automatically created
prompt. This metric enables a nuanced assessment of text generation quality,
ensuring that the prompts generated by the PLM are relevant and varied in
response to the given initial prompts.

5.3.4 Efficient Knowledge Tuple Searching

In the context of this paper, the entity pairs extracted from PLMs using
our framework can be categorized into four distinct types: 1-1, 1-2, 2-1,
and 2-2. In this classification scheme, 1-1 denotes entity pairs where each
entity consists of only one word, and 1-2 signifies cases where the first entity
comprises a single word and the second entity consists of precisely two words.
Conversely, 2-1 represents instances where the first entity comprises two
words and the second entity is a single word, while 2-2 represents entity
pairs where both entities are composed of exactly two words.

In contrast to using a single minimum heap for all entity pairs in
BertNet, our method improves extracted fact count by employing four
distinct heaps, each with a maximum size of 1,000, dedicated to searching
entity pairs of types 1-1, 1-2, 2-1, and 2-2. This multi-heap approach allows
efficient management and surpasses the single-heap system of BertNet in
finding possible pairs of entities. During the candidate entity pair search,
we implement a pruning strategy similar to the baseline but adapted to our
multi-heap system. For each tuple type, we maintain a dedicated minimum
heap to keep track of the log-likelihoods of the entity tuples. For instance,
when searching for 1,000 entity tuples of type 1-1, we maintain a minimum
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heap specifically for 1-1 tuples. The maximum size of this heap is 1,000, and
the heap top serves as a threshold for future searches because it represents the
1,000th largest log-likelihood for that tuple type. Additionally, we restrict
each entity to a maximum of 10 occurrences to enhance the diversity of the
generated knowledge.

When searching for consistent tuples, if the log-likelihood at any time step
is lower than the threshold of the corresponding heap, we can immediately
prune the search. This ensures that the log-likelihood of the current tuple
will not surpass any existing tuples in the heap. If a new entity tuple is found
without being pruned, we remove the heap top and insert the log-likelihood
of the new tuple into the heap.

Maintaining separate heaps for each type of tuple in our method ensures
a more targeted and efficient pruning process, leading to better management
of candidate entity pairs. This strategy offers several advantages. Firstly,
it facilitates type-specific prioritization, optimizing each heap for its re-
spective entity pair format, and potentially improving retrieval efficiency.
Secondly, it reduces the risk that lower-priority entities of one type are
overshadowed by high-priority entities of another type within a single, unified
heap. This segregation ensures fairer competition within each category.
Lastly, maintaining separate heaps not only enables efficient filtering and
retrieval based on specific entity pair formats but also enhances the overall
efficiency and accuracy of the entity pair generation process. Consequently,
this strategic utilization of minimum heaps not only expands the pool of
potential candidate entity pairs but also provides a broader spectrum of
choices, enabling the selection of entity pairs that align more closely with the
semantic context of the relation under consideration.

In summary, our strategy offers several advantages over using only a single
minimum heap with a single threshold:

• Optimized Thresholds: The distinct thresholds allow for fine-tuning
of the selection process within each entity pair type, aligning with their
unique likelihood distributions and relevance criteria. This enhances
precision and reduces false positives within each type.

• Granular Insights: Our 4-heaps approach facilitates a more nuanced
understanding of entity relationships by revealing patterns and trends
within each entity pair type. This granularity can inform downstream
tasks and knowledge graph construction.
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5.3.5 Scoring Functions for All Candidate Entity Pairs

In the approach of BertNet, the sole criterion to be considered is the log-
likelihood of the top minimum heap, establishing a threshold to determine
the reasonableness of extracted entity pairs. However, this simplistic strategy
may result in the omission of numerous pairs of potential entities. To address
this limitation, we propose multiple scoring functions to improve the selection
process of harvested tuples. By integrating diverse scoring criteria, our
method aims to enhance the identification of the most plausible and relevant
entity pairs, thereby providing a more comprehensive selection process that
surpasses the constraints of a singular log-likelihood threshold.

After harvesting a large number of candidate entity pairs, it is essential
to implement a robust selection process to identify the most relevant and
meaningful pairs. From this pool of candidates, we extract up to 1,000 of the
most pertinent tuples for any given arbitrary relation. This selection process
often relies on scoring functions that incorporate two key aspects: semantic
equivalence and fluency. Using these criteria, our proposed framework en-
sures that the extracted knowledge is contextually accurate and linguistically
coherent, thus enhancing the overall quality and reliability of the output
knowledge.

5.3.5.1 Semantic Score

In recent research, BERTScore has been used to model the semantic distance
between system-generated and reference texts to evaluate text generation
systems. As depicted in Figure 5.3, BERTScore operates a “harder" align-
ment strategy, meaning that each word in one sequence is matched to the
most semantically similar word in the other sequence, creating a one-to-one
correspondence. This allows BERTScore to evaluate the semantic similarity
between system-generated and reference texts by comparing individual word
pairs in a one-to-one manner. In contrast, our method does not operate on a
one-to-one alignment basis. Instead, our approach utilizes “soft" alignments,
allowing for many-to-one mappings of semantically related words. This
means that our approach can be used to map semantically related words
from one sequence to their counterparts in another sequence. This approach
solves a constrained optimization problem to determine the minimum effort
required to transform one text into another, thereby providing a more flexible
and comprehensive assessment of textual similarity.

Given the above considerations, our framework strategically employs
BERTScore to generate diverse weighted prompts similar to the initial
prompt and uses the idea of Word Mover’s Distance (WMD) to select the
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Figure 5.3: An illustration of BERTScore and our semantic score with OTP

most relevant tuples. The choice of BERTScore is based on its ability to
provide a robust, hard-constrained one-to-one mapping of contextual em-
beddings, which ensures precise and direct semantic similarity measurement.
BERTScore uses deep contextualized representations, allowing for accurate
identification of prompts that closely match the initial prompt in meaning
and context, thus maintaining the integrity of the original information and
generating high-quality related prompts.

To harvest the relevant and reliable knowledge graph from PLMs, our
semantic score is inspired by the idea of Word Mover’s Distance [159] to
define our non-contextualized word embedding metric. WMD, an instance
of Earth Mover’s Distance [160], is a well-studied method to measure text
similarity using the optimal transport distance between the pre-trained word
embeddings. It has proven effective for tasks such as document classification
and retrieval [159]. This soft alignment approach, characterized by many-
to-one mappings, measures the semantic distance between two sets of word
embeddings by solving an optimal transport problem, effectively capturing
both word-level and structural differences. This flexibility in alignment allows
our approach to accurately filter candidate tuples to find those most relevant
to the seed entity pairs, ensuring a high degree of contextual alignment and
relevance.

Let x and y be two sentences viewed as sequences of one word: x1 and y1
consisting of n and m words.

x1 = (w1, w2, ..., wn), y1 = (w
′

1, w
′

2, ..., w
′

m) (5.5)
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Let wi and w
′
j be the word i in x1 and word j in y1, respectively. The

bold symbol wi ∈ Rd represents the word vector representation to word wi.
In WMD, the weight of each word is uniformly assigned, and the distance
function is the Euclidean distance between the embeddings of the word wi

and w′
j. WMD defines the transportation cost matrix C ∈ Rd×Rd such that

Cij = d(x1i , y
1
j ) is the Euclidean distance between the embedding of the word

i in x1 and the embedding of the word j in y1 as:

d(wi, w
′

j) =
∥∥∥wi −w

′

j

∥∥∥
2

(5.6)

Therefore, the WMD distance between word sequences of 1-gram x1 and
y1 with weighted 1-gram tx1 and ty1 , where tx1 ∈ R|x1|

+ is the non-negative
real-valued vector of weights and one weight for each 1-gram of x1, is defined
in the following equation:

WMD(x1, y1) = min
T∈R|x1|×|y1|

⟨C, T ⟩,

= minimize
T∈R|x1|×|y1|

∑
ij

CijTij,

subject to Tij ≥ 0,T1 = tx1 ,T⊤1 = ty1

(5.7)

where T⊤ denotes the transpose of T, 1 ∈ Rd is the vector of ones. Here,
T is the transportation flow matrix with Tij represents how much the i−th
1 -gram in x1 travel to the j−th 1 -gram in y1.

From the perspective of Equation 5.7, the distance is computed as the sum
of the element-wise multiplication of the optimal transportation flow matrix
T and the transportation cost matrix C. Thus, WMD(x1, y1) is defined as
the minimum distance between x1 and y1 weighted by tx1 and ty1 .

Despite its intuitive formulation, the WMD often misaligns words with
each other, resulting in semantic textual similarity (STS) performance that is
less than that of recent methods such as SynWMD [161]. For instance, WMD
might align “soup" with “burger" rather than “soup" with “ramen". This
shortcoming arises because the WMD is based on the Euclidean distance,
which mixes the weighting factor as norm and dissimilarity. The problematic
nature of this mixing is evident in Equation 5.6, where the Euclidean
transportation cost misjudges the similarity of word pairs as low<SWP> even
when their meanings are close<SY N> but their concreteness or importance is
very different <CI>, e.g., “soup” and “ramen” (low<SWP>).

To address this problem of the Euclidean distance, we first discuss the
contributions of the norm and the direction of the word vectors.
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• Norm of the embedding vector of a word as weighting factor:
The norm of a word embedding vector plays a crucial role in determin-
ing its semantic contribution to the overall meaning of a sentence. In
this work, we define λ and û as the norm and the direction vector of
word embedding w:

λ = ∥w∥ (5.8)

û =
w

∥w∥
=

w

λ
(5.9)

From equation 5.9, we can conclude that w = λ · û, and û is a unit
vector whose length 1 (∥û∥ = 1).

• Angle similarity between embedding vectors: Angle similarity
between embedding vectors measures the semantic relationship between
words encoded in high-dimensional spaces. Cosine similarity is one
method that quantifies the similarity between two vectors by measuring
the cosine of the angle between them and returns a number measuring
their similarity as:

cos(wi,w
′

j) =
wi ·w

′

j

∥wi∥ ·
∥∥w′

j

∥∥ = wi
⊤w

′

j (5.10)

Here is the relationship between the Euclidean distance and cosine
similarity:

d(wi, w
′

j) =
√
(λiûi − λjû

′
j)

⊤(λiûi − λjû
′
j)

=
√

(λiûi)2 − 2λiλj cos(wi,w
′

j) + (λ1û
′
j)

2

=
√
λ2i + λ2j − 2λiλj cos(wi,w

′

j) (5.11)

From equation 5.11, d(w0,w1) is determined to be significantly large<SWP>,
even when the cosine similarity cos(w0,w1) is large<SY N>, so long as λ20 + λ21
is large<CI>, indicating a substantial magnitude of the embedding vectors.

Figure 5.4 shows the cosine similarity and Euclidean distance between
the embedding vectors of “soup", “ramen", “burger", and “bacon". Euclidean
distance might judge “soup" and “bacon" as more similar than “soup" and
“ramen" due to potentially larger magnitudes, despite the closer semantic
relationship between “soup" and “ramen" reflected by a higher cosine simi-
larity. This highlights the importance of considering cosine similarity when
evaluating semantic relationships within embedding spaces, as it focuses on
the directional alignment of vectors rather than their magnitudes.
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Figure 5.4: Comparative analysis of cosine similarity and Euclidean distance
metrics for word embeddings derived from word2vec [1]. In the Euclidean
distance matrix, the lowest value, indicating the correct similarity word, is
colored yellow for each row, while inappropriate alignments are highlighted
in pink. In the Cosine Similarity matrix, the largest value, indicating the
correct similarity word, is highlighted in blue for each row.

Given the above considerations, we propose a simple but powerful sen-
tence similarity measure that leverages the idea of WMD. The WMD ap-
proach initially used the static word embedding word2vec [1] to generate the
embedded words. However, static embeddings like word2vec have limitations,
as they lack the capacity to capture word order and compositionality. There-
fore, by incorporating contextualized embeddings such as BERT [20], which
are capable of capturing relationships between words within a sequence, our
objective is to achieve a more comprehensive and dynamic representation of
linguistic structures, improving the accuracy of WMD-based word similarity
calculations. Additionally, for the cost function, we use the cosine similarity
between the embedding representations of 1 -gram sequences:

d(wi, w
′

j) = 1− cos(wi,w
′

j) (5.12)

wi = BM25(wi) ·wi (5.13)

where BM25(wi) is the BM25 of word i in x1 computed from all sentences in
the corpus C = {S1, S2, . . . , SN}, and wi is its word embedding. Additionally,
the weight associated to 1 -gram x1i is given by:

tx1
i
= BM25(wi) (5.14)
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BM25(wi) =
N∑
i=1

idf(wi) ·
f(wi, Si) · (k1 + 1)

f(w, Si) + k1 ·
(
1− b+ b · |Si|

avgdl

) (5.15)

where f(w, Si) represents the frequency of the word w in sentence Si, while
|Si| denotes the length of the sentence Si in terms of the number of words.
The parameter avgdl is the average sentence length across all sentences in
the corpus C. N is the total number of sentences, and n(wi) refers to the
number of sentences that contain the word wi. The parameters k1 and b are
set by default to 1.2 and 0.75, respectively. Finally, IDF(wi) is the Inverse
Document Frequency of the word wi, is defined as:

IDF (wi) = ln

(
N − n(wi) + 0.5

n(wi) + 0.5

)
(5.16)

In our context, the semantic similarity score between the generated pair
gen_pair and seed entity pairs sepas is computed as:

ssemantic(sepas, gen_pair) =
∑
p

WMD(ip1p, ip
1
gen_pair) (5.17)

where ip is an initial prompt, sepas are the list of p seed entity pairs, and
ip1p is the sentence viewed as a sequence of 1-gram in which the masks in an
initial prompt are replaced by the p-th seed entity pair. Similarly, ip1gen_pair

is the sentence represented as a sequence of 1-gram, with the masks in the
initial prompt replaced by the generated tuple.

5.3.5.2 Fluency-Weighted IDF

The primary condition for a reasonable tuple is fluency, hence we compute
the fluency value of an initial prompt with masks replaced by a generated
tuple based on perplexity. Fluency represents how smoothly and naturally
a generated text reads, without considering whether it accurately conveys
the original meaning. It plays a pivotal role in determining the efficacy
of language models in seamlessly conveying information. The selection of
perplexity as a fluency metric for evaluating tuples harvested from PLMs is
motivated by its ability to measure the uncertainty or unpredictability of a
language model. The perplexity metric measures how well the probability
distribution predicted by a model proposed by GPT [162], with higher
perplexity meaning lower fluency. In other words, a lower value of perplexity
reflects better performance, suggesting that PLMs are better at predicting
or understanding the sequence of words in the input sentence. In the context
of tuple generation from PLMs, perplexity provides a quantitative measure
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of the linguistic smoothness in the generated output. The perplexity is
calculated as the exponent of the mean of the log-likelihood of all the words
in an input sequence. Given ip is an initial prompt, ipgen_pair is the sentence
in which masks in an initial prompt are replaced by an extracted entity pair.

sperplexity(ipgen_pair) = exp{ 1
n

n∑
i=1

logPLM
(wi|w<i)} (5.18)

where logPLM
(wi|w<i) represents the log-likelihood of the i -th token given the

preceding tokens w<i according to our model. After computing the perplexity
value, we obtain the fluency score by:

sfluency(ipgen_pair) =
1

fperplexity(ipgen_pair)

n∑
i=1

idf(wi) (5.19)

where idf(wi) is the IDF of work wi computed from ipgen_pair. The IDF is a
crucial metric in information retrieval and text mining, used to evaluate how
important a word is within a given document relative to a collection or corpus
of documents. In this paper, we apply IDF to capture the discriminative
power of individual tokens by considering their inverse prevalence between
documents. Tokens with lower IDF scores appear more frequently, potentially
signifying common knowledge. In contrast, tokens with high IDF scores are
rarer and might contribute to factuality and uniqueness within the extracted
tuple. By combining IDF with Perplexity, we can potentially achieve a more
robust and informative ranking of extracted tuples. The high perplexity,
along with the high IDF, could indicate a genuinely novel and informative
fact, worthy of further investigation and potential inclusion in the knowledge
base. This combined approach might outperform methods relying solely on
perplexity or IDF, as it leverages the strengths of both metrics to capture
both novelty and factual uniqueness. In other words, combining perplexity
and IDF at the token level presents a promising avenue for enhancing
the ranking of newly extracted tuples from PLMs. By harnessing the
complementary strengths of these metrics, we can potentially improve the
quality and informativeness of the knowledge extracted from neural language
models.
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5.3.5.3 Comprehensive Score

Finally, we leverage the linear combination of two values: ssemantic, sfluency
to compute the comprehensive score sfinal as follows:

λsem = sigmoid(ssemantic(sepas, gen_pair))
λflu = sigmoid(sfluency(ipgen_pair))

sfinal(gen_pair) = λsem · ssemantic(sepas, gen_pair)
+ λflu · sfluency(ipgen_pair)

(5.20)

By leveraging the sigmoid function, two lambda values are derived from
the respective input values, effectively transforming them onto a uniform
scale between 0 and 1. This transformation enables the model to prioritize
high-scoring aspects (closer to 1) while gracefully diminishing the influence
of lower-scoring ones (closer to 0). These lambda values act as weights,
emphasizing the relative importance of each metric in the final score calcula-
tion. This adaptability is crucial for capturing the nuanced interplay between
semantic coherence and fluency in evaluating generated text. The final score
is obtained by multiplying the weighted perplexity by the weighted semantic
similarity, capturing the appropriate balance between semantic accuracy
and natural language flow, ultimately contributing to a more robust and
informative comprehensive score.

Our method offers several advantages over traditional evaluation metrics
that rely solely on perplexity or semantic similarity. By incorporating both
aspects, it provides a more holistic assessment of the extracted tuples from
PLMs, ensuring that they are not only grammatically correct and fluent but
also semantically meaningful and relevant to the context. Moreover, the use
of lambda weights, generated from the sigmoid functions, allows flexibility in
adjusting the relative importance of each metric for a particular tuple.

5.4 Experiment Results

5.4.1 Dataset

In this study, we evaluate our framework with the relation datasets Con-
cepNet [163] and LAMA [51]. Similarly to BertNet [28], we only use 20
relations of Conceptnet (e.g., AtLocation, HasA, IsA) and 20 relations of
LAMA (e.g., P279_subclass_of, P37_official_language) to mine diverse
tuples from PLMs. The initial prompt and a few seed entity pairs (maximum
of 5 tuples) of each relation are randomly taken from the ConceptNet and
LAMA knowledge bases.
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To access the novelty of our framework for extracting tuples from the
ConceptNet dataset, we use the four datasets of the ConceptNet knowledge
base completion task data 1.

5.4.2 Evaluation Metrics

Starting with a few pairs of seed entities sepas and an initial prompt p
describing a relation r, our framework builds a knowledge graph G containing
new entities related to r.

Ideally, our goal is to compare G with a ground truth graph formed
by extending seeds. Given such a graph, we can calculate precision and
extracted fact count by comparing the sets of triplets from both the gold and
predicted sets. Nevertheless, using PLMs for graph generation presents the
challenge of not having a ground-truth graph to compare the generated sets of
tuples. Initially, we suppose that WikiData [164] or DBpedia [165] can verify
the predicted sets of tuples, but these knowledge bases miss many correct
tuples from the predicted sets by PLMs, highlighting their incompleteness.
Consequently, our motivation is to find a method to verify the accuracy of
the generated facts.

To overcome this challenge, we propose the following concepts of precision
and extracted fact count:

Precision: The primary aim of our paper is to enhance knowledge
extraction from LLMs. The evaluation of these methods using another
advanced LLM, such as Gemini 2, is justified by the assumption that a
robust LLM can provide accurate and nuanced assessments. Gemini, known
for its advanced capabilities and extensive training data, serves as a reliable
benchmark to judge the quality of extracted tuples. Its comprehensive cov-
erage of various knowledge domains ensures that the evaluation is conducted
with high accuracy and relevance. Unlike traditional knowledge bases, which
often miss correct tuples due to their static and incomplete nature, Gemini’s
expansive and dynamic training allows it to identify correct tuples more
reliably, minimizing the risk of overlooking valid information.

Given a tuple generated and prompt sentence, the Gemini judge gives
this tuple a binary relevance label: correct or incorrect. In this manner,
we can gauge how many accurate tuples extracted from PLMs were found.
In this scenario, tuples, which consist of subject-object statements with a
certain relation, are extracted without direct supervision. Gemini, with
its robust contextual comprehension and semantic analysis abilities, can be

1https://home.ttic.edu/~kgimpel/commonsense.html
2https://gemini.google.com/
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used to assess the accuracy, coherence, and relevance of these tuples. It
evaluates whether the relationships and entities identified are meaningful
and correctly represent the input data. This evaluation process is crucial
for refining the quality of unsupervised extraction methods, ensuring that
the generated tuples are not only syntactically correct but also semantically
valid. Consequently, this enhances the overall reliability and applicability of
the extracted information, making Gemini an essential tool in advancing the
field of knowledge extraction from PLMs.

To be more specific, to check the correctness of an extracted tuple (h,t)
belonging to a specific relation r, we form a query containing exactly h and
t. For instance, to check the correctness of the tuple (video, YouTube) in
the relation AtLocation, we use the initial prompt of this relation: “<ENT1>
is the location for <ENT0>". Two masks in this prompt are replaced
by “video" and “YouTube", respectively. Gemini then processes this
query with the template: Is the statement correct or not: “YouTube is the
location for video" and returns the result. If the response is correct, we
assume that the tuple (h,t) is valid.

To achieve a more objective and rigorous evaluation, our second approach
proposes using the ConceptNet knowledge base completion task as a ground
truth. Specifically, we employ the ConceptNet training set, which contains
600,000 tuples, to validate the accuracy of the output KGs produced by
our framework and the BertNet baseline. In this approach, we compare
the semantic similarity between the generated tuples and the ground-truth
tuples from ConceptNet. This ensures a robust evaluation, confirming that
the generated KGs are accurately aligned with established knowledge. By
anchoring our assessment in a well-established knowledge base, this method
offers a more concrete and objective measure of the accuracy of the KG
outputs.

Extracted Fact Count: Estimating extracted fact count is not possible
since we do not have any ground-truth graph. Following the notion of open
information extraction [166], where it is impossible to know the set of all
true facts, the convention is to report the number of generated facts only.
Inspired by this notion, in this paper, we only report the number of entities
extracted as the extracted fact count value.

Diversity: To assess the degree of uniqueness or newness in the harvested
KG, we calculate the number of unique entities in this KG. A high count of
unique entities indicates the diversity and variety of entities present within
a KG.

Novelty: To evaluate the new, uniquely generated tuples in comparison
to the original dataset, we refer to the proportion of extracted entities that
do not appear in ConceptNet datasets. A high novelty value suggests that
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the output KG includes information not present in the original dataset. This
introduces new facts, relationships, or insights that were not part of the initial
data. KGs with a high novelty value contribute to knowledge discovery by
producing diverse facets and information that might not have been part of
the original dataset.

Noisy percentage. In addition to accuracy, we explicitly report the noisy
percentage of the extracted knowledge graph, defined as the proportion
of incorrectly extracted tuples among all extracted tuples under the same
evaluation protocol as Tables 5.3 and 5.5. Accordingly, it is complementary
to the reported extraction accuracy, so Noisy(%) = 100− Precision(%).

5.4.3 Experimental Results

To evaluate our automatic framework for extracting internal knowledge of
PLMs, we compare our generated KG results extracted from BERT-large and
RoBERTa-large, denoted as K-BloomBERT-large and K-BloomRoBERTa-large,
with the output KGs in BertNet harvested from BERT-large and RoBERTa-
large, denoted as BertNetBERT-large and BertNetRoBERTa-large, under
three settings of prompts:

• Initial prompt: Without considering the effectiveness of multiple
generated prompts from our framework, we use an initial prompt for
each relation to harvest knowledge from PLMs. The empirical results
are shown in §3.4.3.1.

• Top-1 prompt generated (top-1 prompt): Similar to using the
initial prompt as the sole prompt for extracting internal knowledge
from PLMs, in this setting, we utilized the generated prompt with
the highest weight (§5.3.2) during the knowledge search stage. The
empirical results are shown in §5.4.3.2.

• Multiple generated prompts (multi-prompts): To assess the im-
pact of our method on automatically generating prompts as described
in §5.3.2, we use all automatically generated prompts for knowledge
extraction. The empirical results are shown in §5.4.3.3.

Furthermore, we evaluate the ability of K-Bloom in the ConceptNet
knowledge base to investigate the efficiency of our proposed method to
generate reasonable pairs of entities for the Knowledge Graph Completion
task. The detailed results of the evaluation are described in §5.4.3.4.
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5.4.3.1 Evaluation of output KGs with initial prompt

In this section, we present the empirical evaluation of our knowledge
graph expansion method, which constructs informative knowledge subgraphs
expanded by existing seed entities. We begin by reporting results that
demonstrate the ability of K-Bloom to extract entity pairs from PLMs using
only an initial prompt. We evaluated the diversity, novelty, and accuracy of
the tuples extracted by our framework using the ConceptNet dataset and
compared our results with those obtained by BertNet, as shown in Table
5.1, Table 5.2 and Table 5.3.

Table 5.1: Diversity results (#tuples) of output KG from BertNet and our
K-Bloom methods on ConceptNet dataset.

Method Number of Tuples Diversity Extracted Fact Count

Initial Prompt Approach

BertNetBERT-large 16,244 9,076 32,488
K −BloomBERT−large(Ours) 18,800 25,288 37,600
BertNetRoBERTa-large 18,566 12,700 37,132
K −BloomRoBERTa−large(Ours) 19,712 26,252 39,424

Top-1 Prompt approach

BertNetBERT-large 13,958 7,813 27,916
K −BloomBERT−large(Ours) 19,599 25,307 39,198
BertNetRoBERTa-large 17,685 11,681 35,370
K −BloomRoBERTa−large(Ours) 19,633 25,890 39,266

Multi-Prompts approach

BertNetBERT-large 14,052 6,679 28,104
K −BloomBERT−large(Ours) 19,860 25,356 39,720
BertNetRoBERTa-large 17,879 10,824 35,758
K −BloomRoBERTa−large(Ours) 20,000 26,461 40,000

As shown in Table 5.1, the evaluation is based on three key metrics:
the number of tuples, diversity, and extracted fact count. Our preliminary
experiments reveal insightful findings regarding the diversity achieved by each
method. In particular, K-BloomBERT-large and K-BloomRoBERTa-large

demonstrate substantial increases in the number of tuples, with 18,800
and 19,712 tuples, respectively, surpassing BertNetBERT-large and Bert-
NetRoBERTa-large by 2,556 and 1,146 tuples. Furthermore, the diversity met-
ric provides a nuanced perspective on the variety of information encapsulated
by each model. K-BloomBERT-large and K-BloomRoBERTa-large exhibit
diversity scores of 25,288 and 26,252, showing a remarkable improvement
over BertNetBERT-large by 16,212 entities and BertNetRoBERTa-large by
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13,138 entities. This significant increase in diversity emphasizes the enhanced
capability of our framework in comprehensively covering a broader spectrum
of concepts, leading to a richer and more diverse representation of KG’s
completeness.

We also evaluate the novelty of our resulting KG on four ConceptNet
datasets. Table 5.2 presents a comprehensive analysis that compares the per-
formance of K-BloomBERT-large and K-BloomRoBERTa-large with Bert-
NetBERT-large and BertNetRoBERTa-large across four datasets: Concept-
Net_train100k, ConceptNet_train300k, ConceptNet_train600k, and Con-
ceptNet_test. The results in Table 5.2 indicate that our K-Bloom methods
outperform the baseline methods, demonstrating a significant improvement
in concept understanding. Specifically, for ConceptNet_train600k, the
percentage improvement of K-BloomBERT-large over BertNetBERT-large

is substantial at 34.01%, highlighting the scalability and robustness of our
framework. These observed percentage improvements underscore the novelty
and promise of our framework, not only in the context of specific training
datasets but also in its ability to generalize well to unseen data.

Table 5.2: Novelty results (%) of output KG from BertNet and our K-
Bloom methods on ConceptNet dataset.

Method ConceptNet_train100k ConceptNet_train300k ConceptNet_train600k ConceptNet_test

Initial Prompt Approach

BertNetBERT-large 71.00 63.97 46.55 95.41
K −BloomBERT−large(Ours) 89.40 85.82 80.56 98.52
BertNetRoBERTa-large 80.92 75.14 62.53 97.15
K −BloomRoBERTa−large(Ours) 92.70 89.73 86.02 99.00

Top-1 Prompt Approach

BertNetBERT-large 63.33 54.50 41.80 93.8
K −BloomBERT−large(Ours) 89.08 85.00 80.41 98.48
BertNetRoBERTa-large 72.01 64.24 53.04 95.47
K −BloomRoBERTa−large(Ours) 90.88 87.53 84.43 98.70

Multi-Prompts Approach

BertNetBERT-large 60.83 53.60 36.59 92.54
K −BloomBERT−large(Ours) 89.78 86.11 80.70 98.52
BertNetRoBERTa-large 72.96 66.15 52.40 95.32
K −BloomRoBERTa−large(Ours) 92.03 88.72 85.45 99

The results shown in Table 5.3 illustrate the consistent superiority of
our framework over BertNet across multiple instances. Specifically, both
K-BloomBERT-large and K-BloomRoBERTa-large outperform the baseline
models in terms of precision in ConceptNet relations when using the Initial
Prompt approach. Our K-BloomBERT-large achieves an accuracy of 85.12%,
exceeding the 79.80% accuracy of BertNetBERT-large. Furthermore, K-
BloomRoBERTa-large consistently outperforms BertNetRoBERTa-large in
precision, showing a notable 4.17 percentage point increase. Comparison
of precision values emphasizes the reliability and efficiency of our scor-
ing functions in accurately identifying relationships between entities, thus
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contributing to a more effective way to extract internal knowledge from
PLMs. Our method consistently generates higher-quality entity pairs than
BertNet, even when limited to the initial prompt. These results suggest
that the semantic scoring component is a key factor in improving the accuracy
of knowledge extraction from PLMs. In addition to extraction accuracy,
Table 5.3 also reports the noisy percentage, which directly quantifies the
fraction of incorrect tuples in the extracted knowledge graph under the same
evaluation protocol. The noisy percentage results further strengthen our
conclusion that K-Bloom produces more reliable knowledge than BertNet.
Under the Initial Prompt approach, BertNetBERT-large exhibits a noisy
percentage of 20.20%, whereas K-BloomBERT-large reduces this value to
14.88%. Similarly, BertNetRoBERTa-large has a noisy percentage of 19.09%,
while K-BloomRoBERTa-large reduces it to 14.92%. This advantage persists
under stronger prompting strategies. With the Top-1 Prompt approach,
the noisy percentage decreases from 19.58% to 14.86% for the BERT-large
backbone and from 21.35% to 15.73% for the RoBERTa-large backbone when
moving from BertNet to K-Bloom. With the Multi-Prompts approach,
BertNetBERT-large shows 17.64% noise, whereas K-BloomBERT-large low-
ers it to 13.89%, and for RoBERTa-large the noise decreases from 18.86%
to 16.22%. Overall, the consistent reduction in noisy percentage indicates
that our semantic scoring mechanism not only improves the correctness of
extracted relations but also actively suppresses spurious entity–relation pairs,
resulting in a cleaner knowledge graph that is more suitable for downstream
evidence-based reasoning.
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Table 5.3: Precision and noisy percentage (%) of the output KG from the
baseline and our K-Bloom method on the ConceptNet dataset.

Method Precision (%) Noisy (%)

Initial Prompt Approach

BertNetBERT-large 79.80 (± 0.73) 20.20 (± 0.73)
K-BloomBERT−large (Ours) 85.12 (± 0.71) 14.88 (± 0.71)
BertNetRoBERTa-large 80.91 (± 0.65) 19.09 (± 0.65)
K-BloomRoBERTa−large (Ours) 85.08 (± 0.69) 14.92 (± 0.69)

Top-1 Prompt Approach

BertNetBERT-large 80.42 (± 0.68) 19.58 (± 0.68)
K-BloomBERT−large (Ours) 85.14 (± 0.68) 14.86 (± 0.68)
BertNetRoBERTa-large 78.65 (± 0.90) 21.35 (± 0.90)
K-BloomRoBERTa−large (Ours) 84.27 (± 0.74) 15.73 (± 0.74)

Multi-Prompts Approach

BertNetBERT-large 82.36 (± 0.65) 17.64 (± 0.65)
K-BloomBERT−large (Ours) 86.11 (± 0.68) 13.89 (± 0.68)
BertNetRoBERTa-large 81.14 (± 0.73) 18.86 (± 0.73)
K-BloomRoBERTa−large (Ours) 83.78 (± 0.73) 16.22 (± 0.73)

Comparison of precision values emphasizes the reliability and efficiency of
our scoring functions in accurately identifying relationships between entities,
thus contributing to a more effective way to extract internal knowledge from
PLMs. According to Figure 5.5, the results demonstrate a similar trend,
in which K-Bloom consistently outperforms BertNet on both BERT-
large and RoBERTa-large language models, indicating that our method
consistently produces higher quality entity pairs compared to BertNet,
even when using only the initial prompt. This suggests that the semantic
scoring component is a key factor in improving the accuracy of harvesting
KGs from PLMs.
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Figure 5.5: Knowledge extraction accuracy between our approach and
BertNet on ConceptNet using an initial prompt setting, with using BERT-
large and RoBERTa-large as the PLMs. The left image shows the
precision of both methods with BERT-large, while the right image displays
the precision of both methods with RoBERTa-large.

In addition to the ConceptNet dataset, we conducted an experiment to
extract internal knowledge from PLMs using 20 relations from the LAMA
dataset. The statistics of our resulting KG are listed in Table 5.4. It is
evident that K-BloomBERT-large and K-BloomRoBERTa-large outperform
BertNet, showing a higher number of tuples, greater diversity and greater
extracted fact count, indicating their potential superiority in the knowledge
extraction task. Furthermore, the analysis of precision for the tuples discov-
ered from PLMs using our method, compared to BertNet reveals significant
insights. Across 200 experiments conducted on the LAMA dataset with the
initial prompt option, the results show notable differences in performance
between the models, highlighting the effectiveness of our approach.

As demonstrated in Table 5.5, BertNetBERT-large achieves an accuracy
of 81.47%. In contrast, our approach, K-BloomBERT-large, exhibits superior
consistency and enhanced performance, achieving an accuracy of 84.54%.
This improvement underscores the effectiveness of our method in significantly
enhancing the accuracy of tuples generated from PLMs, thereby validating
its robustness in producing more reliable and precise knowledge represen-
tations. Moreover, with RoBERTa large, BertNetRoBERTa-large achieves
an accuracy of 81.64%, while K-BloomRoBERTa-large exceeds BertNet
with a higher accuracy of 85.01%. These results suggest that our ap-
proach consistently delivers improved accuracy in various tests compared
to BertNet. Additionally, the data indicate that the angular measurement
of word vectors has become more precise, enhancing its effectiveness as a
metric for word dissimilarity. This precision in vector angle measurement
underlines the robustness of our method in accurately capturing semantic
nuances, further reinforcing the superiority of our approach in language
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Table 5.4: Diversity results (#tuples) of output KG from BertNet and our
K-Bloom method on LAMA dataset.

Method Number of Tuples Diversity Extracted Fact Count

Initial Prompt Approach

BertNetBERT-large 13,976 7,978 27,952
K −BloomBERT−large(Ours) 15,558 18,520 31,116
BertNetRoBERTa-large 15,465 10,963 30,930
K −BloomRoBERTa−large(Ours) 17,642 21,020 35,284

Top-1 Prompt Approach

BertNetBERT-large 8,424 4,523 16,848
K −BloomBERT−large(Ours) 18,187 21,516 36,374
BertNetRoBERTa-large 11,520 8,094 23,040
K −BloomRoBERTa−large(Ours) 19,820 24,390 39,640

Multi-Prompts Approach

BertNetBERT-large 8,424 4,523 16,848
K −BloomBERT−large(Ours) 18,187 21,516 36,374
BertNetRoBERTa-large 11,520 8,094 23,040
K −BloomRoBERTa−large(Ours) 19,820 24,390 39,640

model evaluations. The substantial improvement in accuracy observed in
K-BloomRoBERTa-large indicates that our method optimizes the retrieval
of relevant information from PLMs, leading to more precise results. These
findings highlight the robustness of our approach and its capacity to ex-
tract relevant knowledge with minimal prompt engineering. In addition
to accuracy, Table 5.5 also reports the noisy percentage, which offers a
complementary view of extraction quality by measuring the proportion of
incorrect tuples in the output KG. The noisy percentage results consistently
favor K-Bloom across all prompting settings and both PLM backbones.
Under the Initial Prompt approach, BertNetBERT-large yields a noisy per-
centage of 18.53%, while K-BloomBERT-large reduces it to 15.46%. For the
RoBERTa-large backbone, the noisy percentage decreases from 18.36% with
BertNetRoBERTa-large to 14.99% with K-BloomRoBERTa-large. Under the
Top-1 Prompt approach, BertNetBERT-large records 20.74% noise, whereas
K-BloomBERT-large lowers it to 15.27%, and for RoBERTa-large the noise
decreases from 21.25% to 15.96%. Under the Multi-Prompts approach,
the noisy percentage is 20.18% for BertNetBERT-large and 15.20% for K-
BloomBERT-large, while for RoBERTa-large it decreases from 20.60% to
15.81%. These results indicate that the improvements of K-Bloom are
not limited to higher accuracy; rather, the method consistently reduces the
amount of incorrect extracted knowledge, producing a cleaner and more
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reliable KG that better supports downstream retrieval and reasoning.

Table 5.5: Precision and noisy percentage (%) of the output KG from
BertNet and our K-Bloom method on the LAMA dataset.

Method Precision (%) Noisy (%)

Initial Prompt Approach

BertNetBERT-large 81.47 (± 0.63) 18.53 (± 0.63)
K-BloomBERT−large (Ours) 84.54 (± 0.61) 15.46 (± 0.61)
BertNetRoBERTa-large 81.64 (± 0.56) 18.36 (± 0.56)
K-BloomRoBERTa−large (Ours) 85.01 (± 0.55) 14.99 (± 0.55)

Top-1 Prompt Approach

BertNetBERT-large 79.26 (± 0.72) 20.74 (± 0.72)
K-BloomBERT−large (Ours) 84.73 (± 0.73) 15.27 (± 0.73)
BertNetRoBERTa-large 78.75 (± 0.72) 21.25 (± 0.72)
K-BloomRoBERTa−large (Ours) 84.04 (± 0.71) 15.96 (± 0.71)

Multi-Prompts Approach

BertNetBERT-large 79.82 (± 0.75) 20.18 (± 0.75)
K-BloomBERT−large (Ours) 84.80 (± 0.68) 15.20 (± 0.68)
BertNetRoBERTa-large 79.40 (± 0.74) 20.60 (± 0.74)
K-BloomRoBERTa−large (Ours) 84.19 (± 0.72) 15.81 (± 0.72)

Finally, the results in Figure 5.6 underscore the improved stability and
precision of our method. The red lines representing our models consistently
lie above the blue lines of BertNet, indicating superior performance. These
findings highlight the effectiveness of our method in refining the performance
of PLMs, particularly in terms of precision in tuple extraction tasks. Using
initial prompts, our approach performs better than BertNet in terms of
precision and consistency. This capability is evident in the higher accuracy
achieved by our models compared to the baseline in multiple experiments.
The improvement in performance underscores the robustness of our approach
in handling complex language structures and varying contexts, making it a
more reliable approach for knowledge extraction tasks.
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Figure 5.6: Knowledge extraction accuracy of our approach and BertNet
on LAMA using an initial prompt setting, with using BERT-large and
RoBERTa-large as the PLMs. The left image shows the precision of both
methods with BERT-large, while the right image displays the precision of
both methods with RoBERTa-large.

5.4.3.2 Evaluation of output KGs with top-1 prompt generated

In this section, we present the value of the output tuples derived from the top-
1 prompt approach, which encapsulates the most relevant and contextually
appropriate information. The new prompt paraphrasing stage formulates
contextually relevant queries that are then used to interact with PLMs. The
top-1 prompt, generated in (§3.2) and identified by its highest weight, is used
to extract knowledge tuples of a specific relation from PLMs. This prompt
selection ensures that the most effective and relevant prompt is utilized for
knowledge extraction.

The results of the top-1 prompt approach, as illustrated in Table 5.1, show
a significant improvement in diversity and extracted fact count metrics with
our method compared to BertNet in the ConceptNet dataset. In particular,
our K-BloomBERT-large generates 19,599 tuples, which is a considerable
increase over the 13,958 tuples generated by BertNetBERT-large. Further-
more, our K-BloomRoBERTa-large diversity score of 25,890 is significantly
higher than the 11,681 diversity score of BertNetRoBERTa-large. Similarly,
our method achieves a extracted fact count metric of 39,198, surpassing
BertNetBERT-large’s extracted fact count of 27,916. These results indi-
cate that our K-BloomBERT-large method significantly outperforms the
BertNetBERT-large method in tuple generation, diversity and extracted fact
count. These findings highlight the effectiveness of our method in generating
richer and more diverse knowledge graphs, making a substantial contribution
to the field of knowledge graph construction and its applications.
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Figure 5.7: Knowledge extraction accuracy of our approach and BertNet
on ConceptNet using top-1 prompt approach, with BERT-large and
RoBERTa-large as the PLMs. The left image shows the precision of both
methods with BERT-large, while the right image displays the precision of
both methods with RoBERTa-large.

From Table 5.2, these results demonstrate a significant improvement
in the generation of reasonably large sets of knowledge using our meth-
ods. In the ConceptNet_train100k dataset, K-BloomBERT-large achieves
a novelty score of 89.08%, substantially higher than 63.33% achieved by
BertNetBERT-large. Similarly, K-BloomRoBERTa-large outperforms Bert-
NetRoBERTa-large with a novelty score of 90.88% compared to 72.01%. This
trend is consistent across larger datasets, with K-BloomBERT-large and K-
BloomRoBERTa-large achieving 85% and 87.53% novelty, respectively, on the
ConceptNet_train300k dataset, compared to 54.5% and 64.24% for Bert-
NetBERT-large and BertNetRoBERTa-large. In the ConceptNet_train600k
dataset, our methods continue to excel with novelty scores of 80.41% for K-
BloomBERT-large and 84.43% for K-BloomRoBERTa-large, outperforming
BertNetBERT-large and BertNetRoBERTa-large, which score 41.8% and
53.04%, respectively. In the ConceptNet_test dataset, K-BloomBERT-large

and K-BloomRoBERTa-large maintain high novelty scores of 98.48% and
98.7%, respectively, compared to 93.8% for BertNetBERT-large and 95.47%
for BertNetRoBERTa-large. The consistent trend across these datasets
underscores the robustness and effectiveness of K-Bloom in promoting
diversity within the knowledge extraction process, thereby enhancing the
overall quality and applicability of the generated knowledge graphs. These
findings highlight the superiority of our approach in capturing a broader
spectrum of knowledge, making it a valuable tool for expanding and enriching
knowledge bases with novel and diverse information.

Furthermore, our analysis with the top-1 prompt approach in the
LAMA dataset, as presented in Table 5.5, demonstrates a notable per-
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formance disparity between the models examined. Specifically, Bert-
NetBERT-large records an accuracy of 79.26%, while our proposed model, K-
BloomBERT-large, significantly outperforms it with an accuracy of 84.73%.
A similar pattern emerges with the RoBERTa variant: BertNetRoBERTa-large

achieves 78.75% accuracy, while our K-BloomRoBERTa-large model improves
this with an accuracy of 84.04%. These findings underscore the superior
efficacy of our K-Bloom approach in different model architectures (as
shown in Figure 5.7), reinforcing its robustness and reliability in improving
model performance. It can be seen that our K-Bloom method significantly
enhances the generation of new knowledge, outperforming BertNet in
different dataset sizes. This improvement underscores the efficacy of our
method in utilizing the top-1 prompt generated, which has the highest
confidence weight, to extract unique and previously unseen knowledge from
PLMs.

Figure 5.8: Knowledge extraction accuracy of our approach and baseline on
LAMA using top-1 prompt approach, with BERT-large and RoBERTa-
large as the PLMs. The left image shows the precision of both methods
with BERT-large, while the right image displays the precision of both
methods with RoBERTa-large.

Finally, the experimental results on the LAMA dataset indicate that our
K-Bloom enhances the performance of PLMs in knowledge extraction tasks
compared to BertNet (as illustrated in Figure 5.8). This suggests that
our top-1 prompt effectively guides the PLMs towards relevant and factual
entity relationships, contributing to the high precision of extracted pairs.
In other words, our prompt paraphrasing method generates high-quality
prompts that closely align with the semantic content of the initial prompt.
From the experiments with the top-1 prompt generated, it is evident that our
prompt paraphrasing strategy, focusing on the most reliable output from the
initial part of our framework, significantly contributes to the robustness and
creativity of the results. Furthermore, our top-1 prompt approach achieves
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a 0.19% increase in accuracy compared to the initial prompt approach
(according to Table 5.5), highlighting the efficiency of our prompt search
algorithm in generating high-quality prompts. This improvement suggests
that our top-1 prompt effectively guides PLMs toward identifying relevant
and factual entity relationships, thereby contributing to the high precision
of the extracted pairs. In other words, our prompt paraphrasing method
generates the top-1 high-quality prompt that is semantically aligned with
the initial prompt, ensuring that the extracted information is more precise
and reliable.

5.4.3.3 Evaluation of output KGs with multiple generated prompts

To further assess the effectiveness of our complete framework, we evaluated
a variant that uses all diverse automatic generated prompts to extract
knowledge from the PLMs. Specifically, we utilize all the generated prompts
from the New Prompt Paraphrasing stage (§3.2) to exploit the internal
knowledge of PLMs.

From Table 5.1, it is evident that our multi-prompts approach in the K-
Bloom model generates 26,461 tuples compared to BertNet’s 10,824. This
improvement in diversity indicates that our new prompt paraphrasing module
is more effective in generating a wide range of unique entity pairs, thereby
enriching the knowledge graph with varied and comprehensive information.
Next, Table 5.2 shows that our K-Bloom method consistently exceeds the
baseline BertNet method in all sizes of ConceptNet training datasets and
the test set. For example, on the ConceptNet_train100k dataset, K-Bloom
achieves an impressive novelty of 92.03%, while BertNet only manages
72.96%. This significant performance gap highlights the superior capability
of our approach in introducing novel and valuable insights into the knowledge
graph. Such advancements are critical to improve the comprehensiveness and
practical utility of the extracted knowledge, demonstrating the effectiveness
of K-Bloom in increasing the quality and depth of the knowledge graph
construction.

In addition, Table 5.3 and Figure 5.9 clearly demonstrate the superior
performance of our K-Bloom method in terms of accuracy in all experimen-
tal settings. In particular, under the multi-prompts approach, our method
achieves an accuracy of 86.11%, significantly surpassing BertNet, which
records an accuracy of 82.36%. These results underscore the robustness
and effectiveness of our prompt generation and entity extraction framework,
which strategically leverages the strengths of the BERT and RoBERTa
models. Moreover, our approach successfully captures a more diverse set of
relationships between entities by generating a broader spectrum of prompts,
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leading to a more comprehensive and precise extraction of extracted tuples.
Our multi-prompts strategy enhances accuracy by an additional 0.97% com-
pared to our top-1 prompt, demonstrating that integrating diverse prompts
more effectively captures the semantics of relations. By generating a broader
spectrum of prompts, our approach successfully captures a more diverse set of
relationships between entities, leading to a more comprehensive and precise
extraction of new tuples. The improvements in precision indicate that our
prompts not only generate new information, but do so with a high degree of
accuracy. This increased diversity ensures that the knowledge graph remains
rich and comprehensive, while the high novelty scores affirm our method’s
ability to introduce relevant new information.

Figure 5.9: Knowledge extraction accuracy of our approach and base-
line on ConceptNet using multi-prompts setting, with BERT-large and
RoBERTa-large as the PLMs. The left image shows the precision of both
methods with BERT-large, while the right image displays the precision of
both methods with RoBERTa-large.

In the LAMA relations, our proposed model shows a marked improve-
ment in accuracy over baseline, as detailed in Table 5.5. Specifically, the
accuracy ranges from 79.82% to 84.8% with BERT-large and from 79.4%
to 84.19% with RoBERTa-large, reflecting a lower incidence of false positive
connections. This suggests that our model effectively filters out "counterfeit"
associations, leading to a more reliable and trustworthy knowledge graph.
The detailed insights from Figures 5.9 and 5.10 further substantiate the
superior performance of K-Bloom in extracting rich, precise, and diverse
knowledge. These results highlight the robustness and adaptability of the
K-Bloom framework, underscoring its potential to significantly improve the
quality and diversity of knowledge graphs. This advancement emphasizes the
method’s potential to elevate the quality and diversity of knowledge graphs,
thereby making a significant contribution to the field of knowledge extraction
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from PLMs.

Figure 5.10: Knowledge extraction accuracy of our approach and baseline on
LAMA using multi-prompts approach, with BERT-large and RoBERTa-
large as the PLMs. The left image shows the precision of both methods
with BERT-large, while the right image displays the precision of both
methods with RoBERTa-large.

Our prompt generation framework produces fewer diverse prompts than
the baseline. However, the prompts generated by our framework are seman-
tically superior to those of BertNet, since our method selects synonyms
of keywords in the initial prompt to create diverse and meaningful prompts.
The results indicate that the scoring functions in our entity tuple search
stage capture more accurate and reasonable tuples compared to BertNet.
Additionally, our prompt paraphrasing stage, combined with our new entity
pair searching method, proves effective in capturing relation semantics.
These experimental results demonstrate the adaptability of K-Bloom, which
is plug-and-play and can be implemented in various scenarios. In general,
our framework leverages the diverse perspectives offered by multiple prompts
to unlock a wealth of accurate and novel entity pairs within PLMs.

5.4.3.4 Evaluation of output KGs with ConceptNet knowledge base
completion data

To validate the accuracy of the knowledge graph extracted from PLMs in our
unsupervised framework, we use the ConceptNet knowledge base completion
task as a surrogate ground truth. Specifically, we use a training set of 600,000
tuples from ConceptNet as a proxy for the ground truth. The validation
process involves comparing the tuples generated by our framework and the
BertNet framework with the ground-truth tuples. This comparison is
conducted 200 times, where, for each iteration, we randomly select 100 tuples
of the same relation from the ground truth. The semantic similarity between
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each generated tuple and the 100 ground-truth tuples was calculated. If the
similarity value exceeds a threshold of 0.75, the number of accuracies will
increase by one.

A tuple is considered valid if it exhibited semantic similarity to more
than half of the ground-truth tuples, which means it is deemed valid in at
least 50 out of 100 randomly selected tuples. The precision of our approach
and BertNet was then evaluated in three different prompt scenarios: initial
prompt, top-1 prompt, and multi-prompts generation.

Table 5.6: Accuracy results (%) of output KG from BertNet and our K-
Bloom method on ConceptNet_train600k dataset.

Method Accuracy (%)

Initial Prompt Approach

BertNetRoBERTa-large 35.76 (± 0.66)
K −BloomRoBERTa−large (Ours) 43.46 (± 0.85)

Top-1 Prompt Approach

BertNetRoBERTa-large 37.90 (± 0.59)
K −BloomRoBERTa−large (Ours) 47.08 (± 0.95)

Multi-Prompts Approach

BertNetRoBERTa-large 40.28 (± 0.70)
K −BloomRoBERTa−large (Ours) 50.95 (± 0.86)

Our approach surpasses BertNet in accuracy in various scenarios, as
illustrated in Table 5.6. Specifically, for the init prompt setting, BertNet
records an accuracy of 35.76%, while our method achieves a considerably
higher accuracy of 43.46%. In the top-1 prompt scenario, our approach
further improves performance, reaching an accuracy of 47.08%, compared
to BertNet’s precision of 37.9%. The most significant enhancement
is observed in the multi-prompts scenario, where our framework attains
an accuracy of 50.95%, outperforming BertNet, which manages 40.28%.
These results consistently affirm the superior precision and efficacy of our
method in generating semantically relevant tuples, validating its advantage
over BertNet in all scenarios tested. By leveraging LLMs for knowledge
graph extraction and using multiple prompts, our framework demonstrates a
robust capability to capture accurate and relevant knowledge, reinforcing the
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value of our approach to produce semantically precise and reliable knowledge
graphs.

In general, K-Bloom consistently outperforms BertNet in various
prompt settings, indicating that our approach produces a more precise and
reliable knowledge graph, which is essential for tasks such as answering
questions and fact-checking. This gain supports our novelty claim: soft
OT matching better preserves contextual consistency than hard alignment,
leading to higher-quality extracted tuples.

5.4.3.5 Precision evaluation of novel-only tuples not produced by
BertNet

To directly validate the quality of our novel extracted knowledge, we evaluate
the precision of novel-only tuples produced by K-Bloom that do not appear
in BertNet: Tnovel = TK-Bloom \ TBertNet. We use ConceptNet_train600k
(600,000 tuples) as a ground truth.

We follow the same validation protocol as Section 5.4.3.4 and repeat the
evaluation 200 times. In each iteration, we randomly sample 100 ground-
truth tuples of the same relation and compute the semantic similarity
between one generated tuple (sampled from Tnovel) and each of the 100
ground-truth tuples. If the maximum similarity exceeds a threshold τ = 0.75,
the tuple is counted as correct (i.e., the score increases by one). We report the
mean (± std) accuracy across 200 iterations under three prompt scenarios:
initial prompt, top-1 prompt, and multi-prompts generation.

Table 5.7: Novel-only precision (%) of K-Bloom on ConceptNet_train600k,
evaluated on tuples in Tnovel = TK-Bloom \ TBertNet.

Setting Novel-only Precision (%)

Initial Prompt 37.41 (± 0.77)
Top-1 Prompt 42.09 (± 0.86)
Multi-Prompts 44.82 (± 0.81)

Table 5.7 reports the precision of novel-only tuples extracted by K-
Bloom, i.e., tuples in Tnovel = TK-Bloom \ TBertNet that are not produced
by the baseline. When evaluation is restricted to novel-only tuples that
BertNet does not produce, K-Bloom still achieves stable precision, im-
proving from 37.41% (Initial) to 42.09% (Top-1) and reaching 44.82% under
Multi-Prompts. This consistent upward trend indicates that our prompt
selection and multi-prompt aggregation not only increase tuple quantity but
also improve the correctness of genuinely new extractions. Importantly, these
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results directly support our novelty claim: K-Bloom is able to produce
additional knowledge beyond BertNet while keeping a reasonable precision
level, with multi-prompt generation yielding the most reliable novel tuples.

5.4.3.6 Human–AI inter-annotator agreement

The inter-annotator agreement results show that the Human and AI judges
are moderately consistent beyond chance when assessing whether K-Bloom
triples are correct. Across two independent runs of 100 randomly sampled
triples, exact agreement is 77–80%, and Cohen’s κ is 0.481–0.502. Following
Landis & Koch [167], κ values between 0.41 and 0.60 correspond to moderate
agreement, indicating that the observed alignment is not solely explained by
chance agreement induced by similar label prevalences. The close κ values
across the two runs (0.481 vs. 0.502) further suggest that the agreement level
is reasonably consistent across different random samples.

This directly supports K-Bloom’s contribution: the method aims to make
implicit PLM knowledge explicit as reusable KG triples, and these results
show that the extracted triples are verifiable under independent judging
rather than relying on a single evaluator. In other words, K-Bloom does
not only increase tuple quantity; it produces extracted knowledge that
can be validated with moderate, reproducible agreement, strengthening the
evidence-based and inspectable design goal of the framework.

Table 5.8: Unweighted Cohen’s kappa across Human–AI triple correctness
labels (N=100).

Settings Cohen’s κ Exact Percent
Human–AI (Run-1) 0.481 80.0
Human–AI (Run-2) 0.502 77.0

5.4.4 Ablation Study

In this study, we perform an ablation analysis to assess the impact of our
scoring function, which addresses the limitations of the traditional Word
Mover Distance by replacing the Euclidean distance metric with cosine
similarity to account for angular dissimilarity in embedding vectors. WMD
methods using Euclidean distance tend to overlook the angular dissimilarity
of embedding vectors, potentially leading to less accurate semantic compar-
isons. In contrast, our approach utilizes cosine similarity to measure angular
similarity between embedding vectors, thus offering a more precise metric for
evaluating semantic relationships.
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To assess the effectiveness of our scoring function, we systematically re-
place the semantic scoring function of our architecture with the conventional
Euclidean distance metric in selecting the most semantically reasonable tu-
ples generated by pre-trained language models. The evaluation is conducted
on the ConceptNet_train600k dataset, and Table 5.9 shows the results of an
ablation experiment recorded in accuracy, novelty, and diversity.

Table 5.9: An ablation study comparing the output knowledge graphs gener-
ated from pre-trained language models using our proposed semantic scoring
function versus the conventional Euclidean metric on ConceptNet_train600k
dataset

Our semantic scoring Euclidean metric Accuracy (%) Novelty Extracted Fact Count Diversity (%)

Initial-Prompts Approach

✓ ✗ 43.46 (± 0.85) 26,252 39,424 86.02
✗ ✓ 37.5 (± 0.73) 26,252 39,424 82.15

Multi-Prompts Approach

✓ ✗ 50.95 (± 0.88) 26,461 40,000 85.45
✗ ✓ 41.72 (± 0.75 ) 26,461 40,000 81.83

The results, detailed in Table 5.9, demonstrate that our method out-
performs the Euclidean metric using the initial prompt and multi-prompts
approaches. The ablation study highlights that our approach significantly
outperforms the traditional method in terms of accuracy, diversity, and
overall accuracy. Specifically, our semantic scoring function demonstrates
superior precision and diversity, achieving a precision of 43.46% and a
diversity score of 86.02%, compared to an accuracy of 37.5% and a diversity
score of 82.15% when using the Euclidean metric. Similarly, under the
multi-Prompts approach, our semantic scoring attains an accuracy of 50.95%
and a diversity of 85.45%, outperforming the Euclidean metric’s 41.72%
accuracy and 81.83% diversity. Notably, while the novelty and extracted fact
count remain unchanged between the two scoring methods, the enhanced
precision and diversity achieved by our approach highlight its robustness
in generating semantically rich and accurate knowledge representations.
These results emphasize the superiority of cosine similarity over Euclidean
distance in our semantic scoring function, particularly in capturing nuanced,
semantically rich relationships, thereby contributing to more accurate and
diverse knowledge graph construction from PLMs.

5.4.5 Error Analysis

In Table 5.10, we show an example of tuples extracted from PLMs by our
proposed method and the approach of BertNet under two settings of
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prompts: an initial prompt and multiple generated prompts. We can easily
see the benefits of our proposed method over BertNet from these results.

Table 5.10: Error analysis of top 10 generated tuples of relation UsedFor
from BertNet and our K −Bloom method on ConceptNet dataset.

Our generated tuples Generated tuples of BertNet

Initial Prompt Approach

(“sanskrit grammar", “karnataka") (“solar radiation", “solar panels")
(“sanskrit",“karnataka") (“solar cells", “solar panels")
(“coffee maker",“brewing coffee") (“de facto", “temporary status")
(“thermometer", “measuring temperature") (“mechanical vibration", “mechanical engineering")
(“parliament", “government") (“natural turf", “soccer")
(“russian script",“cyrillic") (“natural turf", “grass")
(“europe",“greek macedonia") (“dry rot", “treatment")
(“sanskrit words",“kerala") (“legend", “historical significance")
(“english translations",“english") (“de facto", “temporary situations")
(“clock",“waking up") (“heavy fog", “visibility")

Multi-Prompt Approach

(“october bench",“sit upright") (“ladder",“climbing ladder")
(“christmas distribution",“gift") (“ladder",“climbing stairs")
(“probability",“statistical model") (“window",“open window")
(“piano",“playing musical") (“television",“broadcast television")
(“drug therapy",“treatment") (“electric stove",“heat")
(“car",“transportation") (“camera",“video surveillance")
(“august week",“vacation break") (“window",“open windows")
(“oven",“heating food") (“pulpit”,“preaching sermons”)
(“calendar",“tracking time") (“beach",“surf surfing")
(“august week",“holiday") (“pulpit",“preaching sermon")

Our proposed method demonstrated a significant improvement in accu-
racy compared to BertNet when evaluating the factual consistency of newly
extracted tuples using Gemini. In the case of using an initial prompt, while
both methods exhibited some errors which are highlighted by red color (our
method: 3/10, baseline: 5/10), ours achieved a higher success rate (7/10)
compared to the baseline (5/10). Similarly, the results reported in Table
5.10 using the multiple prompt approach show that our method performs
significantly better with a multiple prompt approach (8 successes out of
10) compared to BertNet’s 6 successes out of 10. Our Multiple-Prompt
approach achieves an accuracy improvement of 2 tuples compared to the
baseline. This shows that combining multiple prompts is more effective in
capturing the semantics of a relation.

This improvement can be attributed to the effectiveness of our method
in capturing the underlying relationships between entities. However, it is
important to acknowledge that both methods still produced errors, such as
the misinterpretation of context, leading to inaccuracies in tuple extraction
in the output KG of our method (“sanskrit words, kerala"), and the presence
of irrelevant information in the baseline (“de facto, temporary status" and “de
facto, temporary situations"). Despite these errors, the notable improvement
in accuracy achieved by our proposed method underscores its efficacy and
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importance in enhancing tuple extraction from PLM, signifying a significant
advancement in the field.

Figure 5.11: The correlation matrices between the generated tuples of two
methods: (a) our harvest tuples and (b) the generated tuples of BertNet.
The x-axis represents seed entity pairs, the y-axis symbolizes new entity
pairs.

Moreover, in our comprehensive error analysis, we use the BARTScore
[168] to evaluate the quality and relevance of the generated entity pairs from
our proposed approach and the baseline BertNet. As shown in Figure 5.11,
our approach achieves an average BART score of -4.69, ranging from -2.97
to -6.27. This is an improvement over BertNet’s average score of -5.12,
which ranges from -4.15 to -6.70. Notably, our K-Bloom produces fewer
extremely low-scoring tuples, with a minimum score of -6.3 compared to -6.7
for BertNet, and significantly better high-scoring tuples, with a maximum
score of -3.0 versus -4.1 for BertNet. These findings indicate that our
framework consistently enhances the overall quality of the pairs of extracted
entities. Furthermore, our framework obtains higher average BART scores
for six out of the ten pairs of extracted entities. This suggests that our
approach is more effective in identifying semantically relevant entity pairs
for arbitrary relation types compared to BertNet, thereby demonstrating
its robustness and reliability in knowledge extraction tasks.

5.5 Conclusion

In this section, we present a pipeline for extracting knowledge graphs from
pre-trained language models (e.g., Bert, RoBERTa), using minimal input,
defined as a few seed entity pairs and an initial prompt. By relying solely on
language models as the source of knowledge, without the need for external
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training data, our method offers significant flexibility, enabling the dynamic
integration of arbitrary pre-defined relations directly into the model. A
key aspect of our approach is the introduction of scoring functions for all
possible entity pairs extracted from these models. In contrast to traditional
methods that require extensive annotation and domain-specific expertise, our
framework reveals hidden knowledge within pre-trained LMs with minimal
input. This reduces both the complexity and the cost of constructing
knowledge graphs, making the process more accessible to a wider range of ap-
plications. Our proposed framework demonstrates significant advancements
over BertNet by using scoring functions to refine the selection process,
ultimately leading to a richer and more accurate extraction of knowledge
from pre-trained language models. In this paper, we first indicate the
limitation of Euclidean transportation cost in the Word Mover’s Distance,
which misestimates the similarity of word pairs. Based on this finding, we
propose a novel unsupervised distance measure that serves as a better proxy
for word similarity.

Experimental results on the ConceptNet and LAMA benchmark datasets
show that our framework can extract more meaningful tuples in terms of
semantics and diversity for each relation, resulting in a more comprehensive
knowledge graph. This work establishes a powerful framework for construct-
ing KGs from PLMs, fueled by seed entity pairs. This approach facilitates
efficient knowledge discovery, improves model interpretability, and improves
the performance of various NLP tasks, including question answering, in-
formation retrieval, and knowledge-based reasoning. These advances are
also particularly beneficial in specialized domains such as biomedical and
legal fields, where accurate and diverse knowledge representation is critical.
However, while these results are promising, they highlight an important
dependency on the quality of the initial seed triples, which poses a critical
challenge in ensuring the reliability of the constructed KG. Overall, K-
Bloom’s novelty is an OT-based consistency criterion that turns noisy PLM
generations into a reusable KG with verifiable tuple selection.

One of the biggest challenges in harvesting knowledge graphs from pre-
trained language models is their heavy reliance on the initial seed triples,
which consist of relationship descriptions and entities. These seeds serve
as the foundation, guiding the model in generating the rest of the graph.
However, if the seed data contains biases, inaccuracies, or lacks diversity,
these flaws can propagate and even amplify in the harvested KG, leading
to distorted or incomplete representations of the knowledge domain. Conse-
quently, the reliability and utility of the extracted KG are largely determined
by the quality of these starting points. Addressing this limitation requires
rigorous curation and validation of seed data, with a focus on ensuring di-
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versity and minimizing bias to enhance the accuracy and comprehensiveness
of the resulting KGs.

Our current framework and experimental results indicate that while our
approach has improved the variety of generated tuples, some extracted entity
pairs may not be perfectly accurate and could contain misleading facts and
disinformation. As a remedy, we propose a multi-pronged approach. Fine-
tuning PLMs on task-specific datasets allows for refining general models
to specialized knowledge domains, mitigating ambiguities and enhancing
precision. Moreover, error detection and correction mechanisms play a
critical role in identifying and addressing inaccuracies. Techniques such as
meta-learning help models recognize uncertainty or erroneous outputs while
self-ensembling and out-of-domain detection further flag potential errors. In
addition, we are investigating the use of open-source large language models
that can be deployed locally for harvesting the internal knowledge embedded
within these models, such as LLaMA [169] or Mistral [170]. Future work
should focus on developing advanced techniques to mitigate hallucination
errors, ensuring that the generated tuples maintain semantic consistency
and relevance to the target domain. Finally, our proposed “extracted fact
count" metric might not be optimal, as measuring knowledge coverage itself is
inherently challenging. In the future, we aim to develop advanced techniques
to address this limitation. Methods such as entity matching and contextual
validation could provide more precise evaluations. Additionally, leveraging
external knowledge bases for alignment and fine-tuning PLMs with objectives
tailored to extracted fact count optimization may significantly enhance
extraction performance. These approaches hold promise for constructing
more comprehensive and accurate knowledge graphs.

Chapter Summary

This chapter introduces K-Bloom, our unsupervised knowledge extraction
module designed to make latent knowledge in pretrained language models
explicit and reusable as a knowledge graph. We begin with the observation
that many downstream reasoning tasks—especially in biomedicine—benefit
from structured relational facts; yet, most model knowledge remains im-
plicit and cannot be directly inspected or verified. To address this, K-
Bloom extracts candidate relational triples and scores their consistency with
context using an Optimal Transport formulation with a similarity-based
transport cost. This Optimal Transport-based scoring acts as a principled
filter, reducing noisy or inconsistent triples and yielding higher-precision
extractions than naive pattern- or prompt-based generation. The extracted
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triples are then organized into a lightweight knowledge graph resource that
can be reused across tasks without task-specific labels or fine-tuning. We also
discuss remaining challenges of unsupervised extraction, including coverage
limitations and maintaining precision when scaling to broader domains.

This chapter establishes the first core principle of the dissertation:
unsupervised knowledge extraction. The resulting knowledge graph
is not only an end product for analysis but also a reusable resource that
supports Chapters 6 (UGAT-MedQA) and 7 (USCRaKe). In particular,
the graph serves as an external knowledge source for biomedical question
answering. By transforming implicit model knowledge into an explicit and
verifiable format, K-Bloom directly advances the dissertation goal of enabling
evidence-based reasoning in biomedical settings.

At the same time, this chapter clarifies a practical limitation of using
cosine similarity as a semantic signal. Cosine is simple and fast, but it
compares only the direction of vectors, which can miss how information is
distributed inside a representation; two sentences may align in direction while
differing in their internal feature makeup. Cosine also does not directly
compare probability distributions of features, which becomes important
when semantic evidence is expressed as distributional differences rather than
a single vector direction. These limitations motivate the next chapter,
USCRaKe, which extends the same Optimal Transport foundation from
knowledge extraction to text retrieval: instead of relying on cosine similarity,
USCRaKe compares contextual token distributions via Optimal Transport
with Jensen–Shannon divergence as the ground cost to improve unsu-
pervised evidence selection.
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Chapter 6

UGAT-MedQA: Unsupervised Graph
Attention Network Empowered by
LLMs for Medical Question An-
swering

6.1 Introduction

Biomedical question answering (BQA) is increasingly vital for clinical de-
cision support, medical education, and patient-facing health information
systems, where accuracy, interpretability, and reliability are critical. Effective
QA systems depend on robust access to relevant knowledge and strong
reasoning capabilities to process it. Modern approaches typically leverage
two primary sources: knowledge implicitly encoded in large language models
(LLMs) [3, 4, 21, 51, 169, 171–173], and knowledge explicitly structured in
knowledge graphs (KGs) such as Freebase [136], ConceptNet [163], and Wiki-
data [164]. While LLMs achieve strong results on diverse natural language
processing (NLP) tasks, including QA, they have important limitations:
reliance on static, pre-trained knowledge; difficulty with specialized, up-
to-date, or multi-hop information needs; and a lack of transparency and
interpretability [174–176]. Updating LLMs is costly and cannot guarantee
knowledge freshness, while answers may be prone to hallucination or lack
clear evidence. Conversely, KGs organize curated factual knowledge as ex-
plicit triples (head, relation, tail), such as <Australia → language_spoken
→ English>, supporting structured and interpretable reasoning [177–179].
However, their coverage is inherently limited; KGs may be noisy [180, 181],
and they work best for questions that can be directly mapped to the graph,
limiting open-domain applicability [182,183].

Retrieval-augmented generation (RAG) [9] provides a promising bridge
by enriching LLM input with external knowledge, e.g., from KGs. This
integration leverages a wide range of relevant data sources, including patient
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records and medication lists, to enhance the model’s decision-making capabil-
ities. However, standard RAG often incorporates irrelevant or noisy content
[184], and subgraph expansion methods tend to include many semantically
unrelated nodes [81, 179], diluting answer evidence and reducing reasoning
quality. Most frameworks treat the question and KG as separate modalities,
making it difficult to accurately identify the most relevant nodes for a given
query [185,186].

Despite these advances, several challenges remain unsolved. First, naive
RAG faces challenges in generating novel insights and often falls short in tasks
that demand a comprehensive understanding of large document collections.
Second, KGs contain millions of facts, making it difficult to isolate the
evidence most relevant to a given question; irrelevant retrieval not only
introduces noise but also confuses downstream reasoning in LLMs. Existing
approaches [47–50] either rely on generic natural language processing (NLP)
retrievers or heuristic graph traversal, which are not tailored for KG reasoning
or require costly LLM-driven traversal that is impractical in production
cases. Third, heuristic or supervised approaches to node selection in KGs
require either hand-crafted rules or labeled training data, both of which limit
scalability and generalizability across biomedical domains. Estimating node
relevance in an unsupervised manner is particularly challenging, as it requires
capturing subtle interactions between the question and graph nodes without
explicit supervision.

A natural question is why we adopt a Graph Attention Network (GAT),
given that GAT has been widely used in graph-based QA. Our key insight
is that node selection in large biomedical knowledge graphs is fundamentally
a neighbor-weighting problem: for a given question, only a small subset of
connected entities provides useful evidence, while many neighbors act as
noise or distractors. In standard GCN-style message passing, neighbors are
aggregated with structure-based normalization (e.g., degree-based scaling)
that is typically independent of the question, which can dilute relevant signals
in noisy neighborhoods. In contrast, GAT computes adaptive, edge-level
attention weights, allowing the model to emphasize informative neighbors
and suppress distractors. In UGAT-MedQA, we further couple attention-
based aggregation with question-guided scoring so that nodes can be ranked
by relevance to the question. Importantly, our use of GAT differs in its role
from many existing GAT-based QA systems. Many approaches train GAT
end-to-end with supervision (e.g., answer labels or reasoning annotations)
to directly predict answers or rank reasoning paths. In UGAT-MedQA, we
instead use GAT in an unsupervised manner to support evidence retrieval:
it produces node representations that are then scored by alignment to the
question embedding (e.g., cosine similarity), without requiring any node-level
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relevance labels. This allows us to prune the KG into a compact, question-
specific subgraph before extracting reasoning paths, yielding more focused
and interpretable evidence chains. This design is particularly valuable in
retrieval-augmented generation, where evidence transparency and traceabil-
ity are as important as answer accuracy.

These challenges underscore the need for a modular, unsupervised, and
interpretable framework that can facilitate robust biomedical reasoning.
Building upon these considerations, we propose UGAT-MedQA, a novel
retrieval-augmented framework that leverages an unsupervised Graph At-
tention Network (GAT) to dynamically quantify the contextual relevance
of each node to a given question for biomedical QA. Unlike prior methods
that rely on heuristic graph traversal or supervised node classification, our
unsupervised attention-based scoring eliminates the need for labeled training
data and reduces reliance on hand-crafted traversal rules, facilitating easier
adaptation to new domains. By using our GAT-based node scoring, our
method identifies and retains only the most informative entities, yielding
compact and contextually faithful subgraphs. This enables explicit, inter-
pretable multi-hop reasoning chains, which are verbalized as natural language
evidence for retrieval-augmented answer generation. UGAT-MedQA is fully
modular and portable: each component—including entity linking, subgraph
retrieval, GAT-based node scoring, reasoning path extraction, and knowledge
verbalization—is an independent, clearly defined module. This modularity
enables component-level upgrades or replacements without affecting the
rest of the system, supporting scalability across domains and facilitating
integration with emerging LLMs or specialized biomedical knowledge graphs
with minimal changes. Each stage is assigned a specific function and can
be optimized independently, with scope for potential future optimization.
This architectural clarity makes the framework both theoretically sound and
implementable. Furthermore, analysis of GAT attention weights can provide
indications of which biomedical entities and relations contribute most to the
reasoning process. To the best of our knowledge, UGAT-MedQA is the
first framework that integrates unsupervised graph attention mechanisms
into retrieval-augmented biomedical QA, enabling node relevance estimation
without labeled supervision and yielding interpretable reasoning chains.
Experiments on MedQA-USMLE, MedMCQA, and MMLU-Med benchmarks
demonstrate that UGAT-MedQA achieves accuracies of 86.71%, 77.50%, and
91.02%, respectively, surpassing state-of-the-art methods by up to 2.8 points.
In summary, UGAT-MedQA performs label-free, question-conditioned node
selection via multi-layer graph attention, producing a compact biomedical
reasoning path before verbalization and answer generation.

The main contributions of this chapter are as follows:
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• We propose UGAT-MedQA, a novel retrieval-augmented framework
that applies an unsupervised graph attention network to select rel-
evant entities in knowledge graphs, thereby improving reasoning for
biomedical multiple-choice question answering (MCQA).

• Our approach tightly integrates GAT-based node scoring with retrieval-
augmented answer generation, constructing compact, stepwise reason-
ing chains that are directly explainable.

• UGAT-MedQA is modular and plug-and-play: each stage is indepen-
dently replaceable and easily adaptable to diverse KGs and LLMs.

• Extensive experiments on MedQA-USMLE, MedMCQA, and MMLU-
Med demonstrate state-of-the-art results, with ablation studies con-
firming the critical impact of GAT-based node selection.

6.2 Related Works

6.2.1 Question answering over knowledge graph

Question answering over knowledge graph aims to retrieve and apply relevant
facts from the knowledge graph to answer natural language questions. Given
a natural language question q, a list of options Aq, and a KG G, the task
aims to design a function f to reason answers a ∈ Aq based on knowledge
from G, i.e., a = f(q,G). Recent advancements in question answering over a
knowledge graph can be broadly categorized into two paradigms: semantic
parsing-based and retrieval-based approaches. Semantic parsing (SP)-based
methods utilize LLMs to convert natural language queries into structured
logical forms such as S-expressions or SPARQL queries, which can be directly
executed on a knowledge graph to retrieve precise answers [91], [92], [93].
These methods exploit the structured nature of KGs to enable interpretable
and deterministic reasoning. In contrast, retrieval-based approaches aim
to enhance response generation by extracting relevant entities, relations, or
relational paths from the knowledge graph and conditioning large language
models on this contextual information [94, 95]. Recently, approaches based
on LLMs have utilized the reasoning abilities of these models to generate
answers in a step-by-step process without requiring additional training [50],
[96], [97]. The study by He et al. [48] focuses on retrieving additional
contextual information relevant to a given question and using it as extra input
to enhance the performance of LLMs, aiming to improve answer accuracy.
This highlights the benefit of augmenting language models with external
knowledge to improve performance in specialized domains.
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6.2.2 Graph-Augmented Language Models for Question
Answering

Integrating language models (LMs) with graphs containing natural language
information has emerged as a significant research area [98]. Existing methods
generally fall into two main categories: (i) leveraging latent graph-based
features—often extracted with graph neural networks—to enhance language
models [99, 100], and (ii) explicitly feeding verbalized graph information as
part of the language model’s input [96, 101]. The first category struggles
with the inherent differences between graph structures and natural language,
which can lead to limited effectiveness on knowledge-intensive tasks [102].
The second category, meanwhile, often suffers from the inclusion of noisy
or irrelevant information retrieved from large graphs, which can hinder the
reasoning performance of language models [48,103]. To overcome these chal-
lenges, our approach integrates GAT-based retrieval with RAG for multiple-
choice question answering, yielding superior results compared to previous
methods.

6.3 Preliminary

Knowledge Graphs: Knowledge graphs are structured representations of
factual knowledge, encoded as a set of triples: GK = {(e, r, e′) ∈ E ×R×E},
where E andR denote the set of entities and relations, respectively. KGs cap-
ture rich semantic relationships between entities, enabling the representation
of complex real-world knowledge in a machine-readable format.

Reasoning Paths: Reasoning Paths are sequences of consecutive triples
of depth l in KGs: wz = e0

r1−→ e1
r2−→ . . .

rl−→ el, where ∀(ei−1, ri, ei) ∈ GK .
where ei ∈ E represents the i-th entity and ri ∈ R represents the i-th relation
in the path. Reasoning paths reveal implicit connections between entities
by chaining relations, facilitating inferential reasoning. The paths reveal
the connections between knowledge that potentially facilitate reasoning. For
example, the reasoning path: wz = Davis

spouse_of−−−−−→ Jenifer
Lives_in−−−−−→ New York

indicates that “Davis” is the spouse of “Jenifer” and “Jenifer” lives in “New
York”. Therefore, “Davis” could be reasoned to live in “New York”.

Graph Attention Mechanism: Graph attention mechanism enables
nodes in a graph to focus on relevant edges when aggregating information,
based on the similarity between node features. We define a graph G as a
structure composed of three main components: a set of nodes V , a collection
of node features X = (h1, . . . , h|V|), and a list of directed edge sets E =
(E1, . . . , EK), where K represents the total number of edges. Each node i ∈ V
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has its own representation hi ∈ Rdh , where dh is the number of features in
each node. Assuming that an edge connects two nodes i and j, and hi and
hj are the features of these two nodes, the attention score eij is defined as
follows:

eij =

(
hiW

Q
) (
hjW

K
)T

√
dh

(6.1)

For any given node i, let Ni represent the set of its neighboring nodes.
Then, we normalize the attention coefficients of the node i by using the
softmax function across all the neighbor nodes j ∈ Ni as follows:

αij = softmaxj(eij) =
exp(eij)∑

k∈Ni
exp(eik)

(6.2)

The output of a single attention head, denoted as zi, is calculated as a
weighted sum of the linear transformed input elements.

zi =
∑
j∈Ni

αijhjW
V (6.3)

In these equations, WQ, WK , and WV are learnable parameter matrices
with dimensions Rdh×dz , where dh is the hidden size and dz is the output
size of a single attention head. The relationship between hidden size and the
number of attention heads m is given by dz ×m = dh.

Finally, the multi-head attention result z′i ∈ Rdh is obtained by concate-
nating the outputs of all m individual attention heads:

z′i =
∥∥m

k=1
zki (6.4)

6.4 Methodology

In this work, we propose UGAT-MedQA, a novel retrieval mechanism that
integrates the reasoning capabilities of Graph Attention Networks for unsu-
pervised node classification in a retrieval-augmented generation setting with
LLMs for medical MCQA tasks. Instead of keeping all nodes from hop-based
subgraph expansion, we train an unsupervised GAT to score each node by
its semantic alignment to the question and retain only the top-ranked nodes.
Multi-hop reasoning paths are then extracted from this pruned, question-
focused subgraph. Specifically, given a medical query q and a set of candidate
answers C = {c1, c2, . . . , cn}, we assume the availability of a retrieved
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subgraph Gq, which serves as a source of supplementary information po-
tentially relevant for answering the question. Unlike conventional supervised
approaches, our method does not require labeled data for training, enabling
flexible adaptation to diverse medical domains. Notably, our GAT model is
employed to perform unsupervised node classification over Gq, identifying the
medical concepts or evidence nodes most relevant to the query intent without
requiring labeled training data. Then, the shortest paths in the KG that
connect answer entities and GAT-based answers are extracted to represent
interpretable reasoning paths. These paths are subsequently verbalized into
natural language statements and provided as input to an LLM, enabling it to
reason over both retrieved knowledge and the question context. In this setup,
the GAT functions as a dense subgraph reasoner that extracts structured rela-
tional evidence, while the LLM leverages its natural language understanding
capabilities to synthesize and validate answers. By integrating structured
graph reasoning with the natural language understanding strengths of LLMs,
our framework provides a scalable and interpretable solution for complex
medical MCQA tasks, effectively leveraging external knowledge to enhance
answer accuracy.

In this section, we introduce our proposed method, UGAT-MedQA,
and outline its overall framework. Figure 6.1 presents a block diagram
of UGAT-MedQA, highlighting the clear flow from concept recognition to
answer generation. Each stage of the pipeline is designed as an independent
module, supporting flexible adaptation and easy integration. The six core
components of our approach are further detailed in Figure 6.2, which visually
maps out the specific function and data flow of each stage.

Figure 6.1: Block Diagram of our framework

• Stage 1: Concept Recognition. We extract medical concepts from
the question using keyword extraction and hierarchical entity mapping
to align them with entities in the knowledge graph.

• Stage 2: Knowledge Reasoning Path Generation. Based on
the recognized concepts, we retrieve a question-specific subgraph from
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the knowledge graph to constrain reasoning within relevant medical
knowledge.

• Stage 3: Node Classification. We employ a graph attention network
to classify nodes within the subgraph and identify clinically relevant
entities for downstream reasoning.

• Stage 4: Shortest Path Extraction. Based on the identified
clinically relevant entities from Stage 3, we extract the shortest paths
in the knowledge graph that connect these entities to the answer nodes,
constructing concise and interpretable reasoning chains.

• Stage 5: Knowledge-to-Passage Conversion. We convert the
extracted reasoning paths into natural language passages to align with
the input format expected by large language models.

• Stage 6: Answer Generation. Finally, we provide the assembled
passages along with the original question to an LLM, which synthesizes
the information to generate the final answer.
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Figure 6.2: The detail of our framework. The GAT reasons over a subgraph
to retrieve candidate answer nodes related to the question, and then we aim to
find the corresponding reasoning paths (shortest paths from question entities
to answer entities). These reasoning paths are then converted into natural
language explanations and provided to the large language model (LLM) as
part of the retrieval-augmented generation (RAG) process.

117



6.4.1 Concept Recognition

In this study, we leverage our previous work [187] in Chapter 5 to construct a
self-curated biomedical knowledge graph, denoted as GK , that integrates both
the Disease Database component of the Unified Medical Language System
(UMLS) [188] and DrugBank [189]. The graph is organized as a collection
of triples (h, r, t), where h and t correspond to the head and tail concepts
drawn from the concept set V , and r represents a relation type selected from
a predefined set R. Specifically, our KG includes 15 distinct relation types
(e.g., belongs_to_the_category_of, is_a_category, ...), as shown in Table
6.1, comprising a total of 45,751 nodes and 178,147 edges.

In this stage, we first identify related medical entities, denoted as Oraw
q ,

and then we map each entity oi ∈ Oraw
q to the corresponding entity in the

knowledge graph GK , resulting as Cq. Specifically, Oraw
q denotes the set of

raw entity candidates extracted directly from the question text, while Cq is
the set of these entities after mapping to KG entities in GK .

For example, given the query: "Chronic urethral obstruction due
to benign prostatic hyperplasia can lead to the following change
in kidney parenchyma," the extracted entities Oraw

q , which are extracted
by matching 1-grams and 2-grams from the input question, include terms
such as "Chronic, Urethral, Prostatic, following, kidney parenchyma,
urethral obstruction, prostatic hyperplasia". However, this direct
matching approach often retrieves irrelevant or ambiguous terms, including
unrelated words like "following". Efficient retrieval of contextually relevant
knowledge from noisy resources remains an open research challenge in itself
[190]. Previous studies have addressed this issue using basic techniques
such as lemmatization or stop-word removal [191, 192], but these methods
often lack robustness. To improve on this, we design the module Concept
Recognition that integrates statistical, lexical, and semantic matching
mechanisms to identify related medical entities Cq in GK . We begin by
applying KeyBERT-based keyword extraction [193] to identify keywords and
keyphrases within the question, followed by a hierarchical entity mapping
strategy. This mapping process prioritizes exact surface-form matching
and subsequently incorporates fuzzy string matching and embedding-based
semantic similarity to address lexical variations and bridge gaps between
the query and the entries in GK . This hybrid approach effectively mitigates
lexical noise and enhances the recall of semantically relevant concepts, even
in the presence of morphological variants or paraphrased expressions.
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6.4.2 Knowledge Reasoning Path Generation

For a given set of concept entities Cq from the previous stage, we capture the
induced subgraph Gq ⊆ GK by expanding around each entity e ∈ Cq. For each
entity, we retrieve knowledge triples associated with its Dmax-hop neighbors,
thereby incorporating query-relevant and faithful KG information into Gq.
The result subgraph, Gq, is defined as (Eq,Rq, Tq), where Eq encompasses Cq

together with the set {NGK
(e,Dmax) | e ∈ Cq}, where NGK

(e,Dmax) denotes
the set of all entities in GK reachable from e within Dmax hops, effectively
linking all relevant entities and their connective paths within the defined hop
distance.

6.4.3 Node classification

In this paper, we introduce an unsupervised Graph Attention-based node
classification method to identify relevant nodes within a subgraph. The
algorithm utilizes a multi-head Graph Attention Network to classify nodes
within a subgraph Gq based on their relevance to a given natural language
question q. Initially, node embeddings are generated using a SentenceTrans-
former to capture semantic information, while the adjacency matrix encodes
the graph’s structure. The model incorporates K attention heads, each
attending to local neighborhoods within the graph to compute node-level
feature representations, h̃(k,l)v , for each layer l. These features are iteratively
aggregated using a non-linear transformation, ψ, to produce updated node
representations, h(l)v .

At the end of L layers, the final node embeddings, hout
v , are projected

into a query-aligned space through a learned linear transformation Wq. A
cosine similarity-based loss function minimizes the dissimilarity between node
embeddings and the query embedding during training. Nodes are classified
as relevant or non-relevant by comparing their similarity scores against a
predefined threshold. This process effectively integrates graph structure and
semantic meaning, enabling robust relevance classification for nodes in Gq.

After relevant nodes are identified through our unsupervised graph
attention-based classification, these nodes act as key anchors for subsequent
reasoning within the pipeline. Specifically, we use the relevant nodes to
extract multi-hop reasoning paths that connect question concepts to po-
tential answer candidates through medically meaningful relationships in the
subgraph. These paths are then verbalized into natural language evidence
passages, providing interpretable and contextually rich support for down-
stream answer prediction by the language model. By integrating this step,
our approach ensures that only contextually important and semantically
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aligned subgraphs are utilized for answer generation, which both reduces
irrelevant noise and enhances the faithfulness and reliability of the medical
QA system.

Learning parameters of GAT in “unsupervised” fashion: In this
study, after T steps, we use the final node embedding matrix Hout to infer
node relevance scores. We learn our model parameters (including attention
weights and node embeddings) by minimizing the sampled cosine similarity
loss function, applied to each node v ∈ Vq, as follows:

LGAT(v) = 1− hproj
v · hq

∥hproj
v ∥∥hq∥

(6.5)

where hproj
v = Wqh

out
v is the projected embedding of node v, and hq is the

query embedding.
In our framework, the GAT model is not pre-trained across all questions.

Instead, for each question, we build a specific subgraph and then train a
new GAT model just for that question. This process is called “unsupervised"
because there are no human-annotated labels indicating which nodes are
relevant. The only signal used for learning comes from the question embed-
ding itself: the model tries to identify and rank nodes whose representations
are most similar to the question. As a result, for every question, the GAT
learns to highlight nodes in the subgraph that are most likely to help answer
that question, based solely on the structure of the knowledge graph and the
meaning of the question, without any manual labeling or prior training.
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Algorithm 6.1 Graph Attention-Based Node Classification
Input: Question q, subgraph Gq = (Vq, Eq), hyperparameters T,K,L, similarity
threshold θ0.

Output: Relevant node set Vrelevant.
1: Initialize:

• Node features H in = [M(v) | v ∈ Vq] using SentenceTransformer.
• Construct adjacency matrix A ∈ R|Vq |×|Vq |, where:

Aij =

{
1, if (vi, vj) ∈ Eq
0, otherwise

• Initialize multi-head attention parameters.

2: for t = 1 to T do ▷ For each epochs
3: for l = 1 to L do ▷ For each attention layer
4: for k = 1 to K do ▷ For each attention head
5: Compute attention-based representation:

h(l,k)v = ϕ
(
{ mv′→v : v′ ∈ N (v), i(k)}

)
6: end for
7: Aggregate node representations explicitly:

h(l)v = ψ
(
h(l−1)
v , {h(l,k)v }Kk=1

)
8: end for
9: Obtain final node representation houtv (from the final layer L).

10: Project node embeddings explicitly:

hprojv =Wqh
out
v

11: Calculate cosine-based dissimilarity loss explicitly:

LGAT(v) = 1− hproj
v · hq

∥hproj
v ∥∥hq∥

12: Backpropagate and update parameters using LGAT(v).
13: end for
14: for each v ∈ Vq do ▷ Compute relevance of each node
15: Project node embedding to query space: hproj

v = Wqh
out
v

16: Compute cosine similarity with query embedding: Sv = hproj
v ·q

∥hproj
v ∥∥q∥

17: end for
18: Select Relevant Nodes: Vrelevant = {v | Sv > θ0}
19: Output: Relevant node set Vrelevant.
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6.4.4 Shortest Path Extraction

To construct coherent reasoning chains between the identified relevant nodes
and potential answer concepts, we extract the shortest paths within GK . For
each pair comprising a question-relevant entity and an answer candidate, we
compute the shortest path based on the graph topology. These paths consist
of sequences of knowledge graph triples that capture meaningful semantic
relationships, such as (parenchymal thinning, is_a_risk_factor_of, atrophy)
and (bladder hypertrophy, is_a_subtype_of, hyperplasia). By focusing on
the shortest paths, we maintain the interpretability and contextual relevance
of the reasoning process while reducing noise from indirect or unnecessarily
complex connections. These paths function as concise, clinically meaningful
explanations that bridge the gap between medical phenomena and answer
choices, providing structured knowledge traces to guide answer generation.

6.4.5 Knowledge-to-Passage Conversion

Once the reasoning paths have been extracted, we convert the structured
graph-based knowledge into natural language passages suitable for large
language models (LLMs). Each path is linearized into coherent textual
sequences that maintain the semantic relationships between entities and
relations. We provide a detailed overview of relation mapping in Table 6.1.
The left column lists the relation types, while the right column presents
the natural language templates that we use to verbalize each triple. For
example, the triple (parenchymal thinning, is_a_risk_factor_of, atrophy)
is verbalized into the passage: “Parenchymal thinning is a risk factor for
atrophy". This transformation enables the LLM to process graph-derived
knowledge in a format aligned with its pretraining paradigm, effectively
bridging the modality gap between structured data and unstructured text.
Furthermore, assembling these passages provides contextualized prompts
that enrich the LLM’s input space, enhancing its capacity to reason over
medical knowledge and generate accurate predictions.
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Table 6.1: Natural language template phrases for relations in our knowledge
graph.

Relation Type Template Phrase
is_a_subtype_of is a subtype of
belongs_to_the_category_of belongs to the category of
may_cause may cause
may_be_allelic_with may be allelic with
is_a_risk_factor_of is a risk factor for
is_associated_with is associated with
see_also see also
interacts_with interacts with
may_contraindicate may contraindicate
belongs_to_the_drug_family_of belongs to the drug family of
is_a_vector_for is a vector for
belongs_to_drug_super-family belongs to the drug super-family
is_a_category is a category of
is_an_ingredient_of is an ingredient of
may_treat may treat

6.4.6 Answer Generation

In the final stage, we input the assembled knowledge passages alongside the
original question into an LLM to perform answer generation. An LLM,
augmented by the curated and contextually relevant evidence, synthesizes
information across the provided passages to infer the most likely answer
among the candidate options. By grounding the generation process in
explicit reasoning paths derived from the knowledge graph, we enhance the
interpretability and reliability of the model’s predictions. The integration of
knowledge-aware prompts enables the LLM to effectively navigate complex
medical scenarios, yielding answers that are not only accurate but also
supported by verifiable knowledge traces.

To systematically elicit the final answer, we design the following prompt
template, encouraging introspective reasoning based on the provided pas-
sages:
You are a biomedical question answering assistant.
Your task is to read the given question, the candidate answer

options, and the retrieved passage evidences, then generate the
most accurate answer.

You are given:
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- A multiple-choice question: {question}
- Candidate answer options: {candidate_list}
- Retrieved passage evidences: {passages_formatted}

Your task:
1. Carefully read all the passage evidences and understand their

content.
2. Identify which information in the evidences directly supports or

contradicts each candidate option.
3. Select the candidate answer that is most strongly supported by

the evidence.
4. When necessary, use multi-hop reasoning across multiple passages

to connect facts to the question.

Guidelines:
- Always ground your reasoning in the provided passages; do not rely

on external knowledge or unsupported assumptions.
- If none of the passages support an answer, indicate that the

evidence is insufficient.
- Provide a short explanation (from 2 to 4 sentences) that shows how

the selected evidence leads to the final answer.
- Focus on factual accuracy, logical flow, and clear justification.

Your final output should be in the following format:

Answer: <final_answer_choice>
Explanation: <concise explanation citing relevant passages>

To illustrate final stage in our pipeline, we provide a concrete biomedical
multiple-choice example in which the model is prompted with a question,
four candidate options, and a small set of retrieved evidential passages
converted from the upstream knowledge representation. In this instance,
the passages are intentionally arranged to support multi-hop inference: they
link chronic urethral obstruction to hydronephrosis and increased pressure,
and then relate pressure-induced pathological changes to kidney parenchymal
outcomes, enabling the LLM to select the option most strongly supported by
evidence rather than relying on prior knowledge. The prompt also constrains
the model to ground its decision in the provided passages and to return a
brief justification, making the final prediction both traceable and suitable for
error analysis.

You are a biomedical question answering assistant.
Your task is to read the given question, the candidate answer
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options, and the retrieved passage evidences, then generate the
most accurate answer.

You are given:
- A multiple-choice question: Chronic urethral obstruction due to

benign prismatic hyperplasia can lead to the following change in
kidney parenchyma

- Candidate answer options:
A) Hyperplasia
B) Hyperophy
C) Atrophy
D) Dyplasia

- Retrieved passage evidences:
[Passage 1] Parenchymal thinning is a risk factor for atrophy.
[Passage 2] Hydronephrosis is associated with increased pressure.
[Passage 3] Increased pressure is a risk factor for bladder
hypertrophy.

[Passage 4] Bladder hypertrophy is a subtype of hyperplasia.

Your task:
1. Carefully read all the passage evidences and understand their

content.
2. Identify which information in the evidences directly supports or

contradicts each candidate option.
3. Select the candidate answer that is most strongly supported by

the evidence.
4. When necessary, use multi-hop reasoning across multiple passages

to connect facts to the question.

Guidelines:
- Always ground your reasoning in the provided passages; do not rely

on external knowledge or unsupported assumptions.
- If none of the passages support an answer, indicate that the

evidence is insufficient.
- Provide a short explanation (from 2 to 4 sentences) that shows how

the selected evidence leads to the final answer.
- Focus on factual accuracy, logical flow, and clear justification.

Your final output should be in the following format:

Answer: <final_answer_choice>
Explanation: <concise explanation citing relevant passages>

125



6.5 Experiment Results

6.5.1 Experiment Preparation

We evaluate our system using three established multiple-choice question
datasets that assess a range of medical knowledge and reasoning abilities.
Specifically, the benchmarks include the following:

• MedQA [194] is a large multiple-choice question-answering dataset
created from USMLE exam questions. It includes questions in English,
simplified Chinese, and traditional Chinese. For our evaluation, we use
the English subset, denoted as MedQA (USMLE), which contains 1,273
questions.

• MedMCQA [195] is a large-scale dataset containing over 194k MCQs
drawn from the Indian NEET PG and AIIMS medical entrance exams.
It spans 21 medical subjects and approximately 2,400 healthcare topics,
with our evaluation focusing on the development set, which comprises
4,183 questions.

• The medical subset of the Massive Multitask Language Understand-
ing (MMLU-Med) benchmark [196] includes 1,089 four-option test
questions across six medically relevant subjects: Anatomy, Clinical
Knowledge (Clinical. KG), Professional Medicine (Pro. Med), Medical
Genetics (Med. Gen), College Medicine (Col. Med), and College
Biology (Col. Bio). This subset is specifically designed to evaluate
model performance in specialized biomedical domains.

Next, our evaluation includes two major categories of models. The first
category consists of closed-book models, which are pre-trained or fine-tuned
specifically for the medical domain. These models rely entirely on their
internal parameters to answer questions, without retrieving or consulting any
external data sources during inference. Representative models in this group
include Meditron-70B [197], Med-PaLM 2 [198], UltraMedical [199],
LLM-AMT [200], BiMediX2 [201], HuatuoGPT-o1 [202], and Open-
BioLLM [203]. The second category, external knowledge-augmented models,
integrates information retrieved from external knowledge sources, such as
Wikipedia or Textbooks [194], to support the answer generation process.
Notable works in this category include Codex [204], MIRAGE [205], and
Med-R2 [206]. These frameworks aim to enhance their internal reasoning
capabilities by leveraging external knowledge sources, thereby improving
accuracy on complex medical queries.
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6.5.2 Main Results

We evaluate our framework across two prominent medical question-answering
benchmarks, MedQA (USMLE) and MedMCQA (Dev), as well as six
medical-related subsets from the MMLU benchmark: Anatomy, Clinical
Knowledge, College Biology, College Medicine, Medical Genetics, and Pro-
fessional Medicine. The results, summarized in Table 6.2 and Table 6.3,
compare our models against a range of strong baselines, including Med-
PaLM 2 [198], UltraMedical [199], OpenBioLLM [203], BiMediX2 [201],
HuatuoGPT-o1 [202], and Meditron-70B [197]. To evaluate the performance
of our models, we use the Accuracy metric in our experiments.

Table 6.2: Performance of baseline and our proposed models on MedQA
(USMLE) and MedMCQA (Dev). The best and second-best results are
shown in bold and underline, respectively.
Models MedQA (USMLE) MedMCQA (Dev)

Baseline
Meditron-70B [197] 52.00 53.30
Med-PaLM 2 [198] 85.40 72.30
UltraMedical [199] 85.40 74.70
LLM-AMT [200] 88.10 74.60
BiMediX2 [201] 74.30 70.50
Codex [204] 78.20 62.70
MIRAGE [205] 83.97 69.88
HuatuoGPT-o1 [202] 83.30 73.60
OpenBioLLM [203] 78.16 74.01
Med-R2 [206] 86.37 74.48

Our implementation
UGAT-MedQA ( Qwen2.5-72B ) 86.71 77.50
UGAT-MedQA ( Qwen2.5-14B ) 65.33 57.14
UGAT-MedQA (LLama3.3-70B) 75.05 70.28

Table 6.2 presents that our UGAT-MedQA with Qwen2.5-72B model
achieves 77.50% accuracy on MedMCQA and 86.71% on MedQA (USMLE),
both the highest among all models evaluated. In addition, UGAT-MedQA
also achieves leading performance across all benchmarks, obtaining an
average score of 91.02% on the MMLU medical subsets, outperforming
OpenBioLLM (90.39%) and UltraMedical (89.90%), as shown in Table 6.3.
These results indicate the effectiveness of our proposed method compared to
other robust baseline models on multiple-choice medical question-answering
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tasks across diverse benchmarks.

Table 6.3: Performance of baseline and our proposed models on MMLU
medical subsets. – denotes results not evaluated from prior publications. *
denotes results not reported from prior publications. The best and second-
best performances are highlighted in bold and underline, respectively.
Models Anatomy Clinical. KG Col. Bio Col. Med Med. Gen Pro. Med Average

Baseline
Meditron-70B [197] 69.40 75.50 86.70 68.00 85.90 82.30 77.97
Med-PaLM 2 [198] 84.40 88.70 95.80 83.20 92.00 95.20 89.88
UltraMedical [199] 85.20 89.40 95.10 82.10 95.00 92.60 89.90
LLM-AMT [200] – – – – – – –
BiMediX2 [201] 82.20 86.80 95.10 79.80 94.00 91.50 88.23
Codex [204] – – – – – – –
MIRAGE [205] * * * * * * 87.24
HuatuoGPT-o1 [202] – – – – – – –
OpenBioLLM [203] 83.90 92.93 93.83 85.75 93.20 93.75 90.39
Med-R2 [206] * * * * * * 84.65

Our implementation
UGAT-MedQA ( Qwen2.5-72B ) 89.27 90.71 96.22 79.74 93.32 96.81 91.02
UGAT-MedQA ( Qwen2.5-14B ) 70.89 83.61 88.48 80.63 86.96 83.04 82.27
UGAT-MedQA (LLama3.3-70B) 66.90 69.08 75.87 58.51 77.56 74.28 70.37

Across the MMLU domains, the UGAT-MedQA with Qwen2.5-72B
achieves the best performance in Anatomy (89.27%), College Biology (96.22%),
and Professional Medicine (96.81%), and ranks second in Clinical Knowledge
(90.71%). These results highlight the strong ability of the model to reason
over both foundational biomedical knowledge and clinical scenarios.

Moreover, to investigate the efficiency of UGAT-MedQA besides Qwen2.5-
72B, we evaluate UGAT-MedQA with two smaller LLMs, including Qwen2.5-
14B and Llama3.3-70B. According to Table 6.3, Qwen2.5-14B achieves
competitive results, reaching 82.27% on the MMLU subsets, while Llama3.3-
70B achieves 70.37%, with comparatively lower performance on MedMCQA.
These results demonstrate that UGAT-MedQA significantly boosts the per-
formance of LLMs on the medical question answering task.

Overall, these results demonstrate that our UGAT-MedQA framework,
combining unsupervised graph attention-based node selection with retrieval-
augmented answer generation, achieves substantial improvements over strong
baselines. These results suggest that attention-based subgraph selection
adds structured medical evidence while avoiding the irrelevant nodes that
often accumulate under naive multi-hop expansion. Remarkably, our fully
open-source pipeline is able to exceed the performance of many closed-source
medical QA systems in complex medical reasoning tasks.
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6.5.3 Ablation Study

To assess the contribution of our retrieval-enhanced reasoning framework, we
conduct an ablation study in two scenarios: (1) the LLM answers using only
the question and answer options, with no access to retrieved knowledge or
intermediate reasoning paths (w/o knowledge retrieval); (2) the LLM answers
using retrieved subgraphs but without GAT-based node filtering (w/o node
filtering); and (3) we keep the node filtering stage and the same query,
where we replace the Graph Attention Network with a Graph Convolutional
Network (w/o attention). The results are reported in Table 6.4 and Table
6.5.

Table 6.4: Ablation study results on MedQA (USMLE) and MedMCQA
(Dev).
Models Settings MedQA (USMLE) MedMCQA (Dev)

Qwen2.5-72B

Full 86.71 77.50
w/o knowledge retrieval 74.97 67.75
w/o node filtering 79.20 70.18
w/o attention 84.46 75.30

Qwen2.5-14B

Full 65.33 57.14
w/o knowledge retrieval 59.46 50.92
w/o node filtering 61.22 53.47
w/o attention 64.10 56.04

LLama3.3-70B

Full 75.05 70.28
w/o knowledge retrieval 66.52 59.43
w/o node filtering 70.09 65.15
w/o attention 73.56 68.74

To quantify the contribution of each component in our retrieval-enhanced
reasoning framework, we evaluate four settings on MedQA (USMLE) and
MedMCQA (Dev), as reported in Table 6.4. The Full setting consistently
achieves the best performance for all LLM backbones. For Qwen2.5-72B,
the full framework attains an accuracy of 86.71% on MedQA and 77.50%
on MedMCQA. When knowledge retrieval is removed (w/o knowledge re-
trieval), performance drops markedly to 74.97% on MedQA and 67.75%
on MedMCQA, confirming that answering from the question and options
alone is insufficient for knowledge-intensive medical reasoning. When we
keep retrieved subgraphs but disable node filtering (w/o node filtering),
Qwen2.5-72B improves to 79.20% on MedQA and 70.18% on MedMCQA,
indicating that raw subgraph evidence is helpful; however, the gains re-
main limited because simple neighborhood expansion introduces substantial
irrelevant or noisy information. To isolate the effect of attention-based
neighbor selection, we further test w/o attention (GCN-based node filtering),
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which retains the same query-aligned scoring and thresholding strategy but
replaces the GAT encoder with a GCN-style mean aggregation. Under
this configuration, Qwen2.5-72B reaches 84.46% on MedQA and 75.30%
on MedMCQA, outperforming w/o node filtering by 5.26 and 5.12 absolute
points, respectively, while remaining below the full model by 2.25 and 2.20
points. For Qwen2.5-14B, the full framework achieves 65.33% on MedQA
and 57.14% on MedMCQA, whereas w/o knowledge retrieval yields 59.46%
and 50.92%, and w/o node filtering yields 61.22% and 53.47%; introducing
w/o attention (GCN-based node filtering) raises performance to 64.10% and
56.04%. For Llama3.3-70B, the full framework achieves 75.05% on MedQA
and 70.28% on MedMCQA; removing retrieval lowers results to 66.52% and
59.43%, and removing node filtering yields 70.09% and 65.15%, while w/o
attention recovers to 73.56% and 68.74%. Overall, Table 6.4 shows a clear
hierarchy: knowledge retrieval provides a large performance foundation, node
filtering reduces noise introduced by neighborhood expansion, and attention
further strengthens filtering quality by selectively emphasizing the most
question-relevant neighbors, thereby enabling the strongest downstream LLM
reasoning.

Table 6.5: Ablation study results on MMLU medical subsets.
Models Settings Anatomy Clinical. KG Col. Bio Col. Med Med. Gen Pro. Med Average

Qwen2.5-72B

Full 89.27 90.71 96.22 79.74 93.32 96.81 91.02
w/o knowledge retrieval 81.34 81.82 90.21 72.67 85.86 88.56 83.41
w/o node filtering 84.25 84.40 90.95 74.86 88.70 90.12 85.99
w/o attention 87.76 88.82 94.64 78.28 91.93 94.80 89.51

Qwen2.5-14B

Full 70.89 83.61 88.48 80.63 86.96 83.04 82.27
w/o knowledge retrieval 64.92 77.65 82.51 71.51 78.78 77.86 75.54
w/o node filtering 66.28 77.79 81.42 74.11 80.30 77.32 75.79
w/o attention 69.51 81.86 86.36 78.67 84.96 81.32 80.33

LLama3.3-70B

Full 66.90 69.08 75.87 58.51 77.56 74.28 70.37
w/o knowledge retrieval 62.69 62.50 69.23 54.07 72.72 69.01 65.04
w/o node filtering 62.24 64.86 70.37 54.19 72.47 68.12 65.35
w/o attention 65.50 67.81 74.22 57.21 76.03 72.43 68.86

We further validate these findings on six medical subsets of MMLU, with
results summarized in Table 6.5. Across all backbones, the full framework
yields the best average accuracy, and removing knowledge retrieval causes
the largest degradation. For Qwen2.5-72B, the full framework achieves an
average accuracy of 91.02% across Anatomy, Clinical Knowledge, College
Biology, College Medicine, Medical Genetics, and Professional Medicine.
Without knowledge retrieval, the average accuracy decreases to 83.41%.
When node filtering is disabled but subgraphs are still provided (w/o node
filtering), the average accuracy increases to 85.99%, which is higher than
the retrieval-free setting but still substantially below the full framework
due to the inclusion of many irrelevant nodes and relations from unfiltered
neighborhood expansion. Under w/o attention (GCN-based node filtering),
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the average accuracy rises to 89.51%, demonstrating that non-attentive
message passing can already improve relevance estimation by refining node
representations through neighborhood aggregation. However, the remaining
gap to the full model is still evident, with 91.02% under Full compared
to 89.51% under w/o attention, indicating that attention-based neighbor
weighting provides additional benefit beyond generic propagation. This
trend is consistent for Qwen2.5-14B and Llama3.3-70B. For Qwen2.5-14B,
the average accuracy is 82.27% in the full framework, 75.54% without
retrieval, 75.79% without node filtering, and 80.33% without attention.
For Llama3.3-70B, the average accuracy is 70.37% in the full framework,
65.04% without retrieval, 65.35% without node filtering, and 68.86% without
attention. Taken together, Table 6.5 confirms that retrieval is necessary to
supply critical domain knowledge, node filtering mitigates the noise of naive
neighborhood expansion, and attention is a key mechanism for selecting the
most informative neighbors, which ultimately yields the most accurate and
robust medical question answering across diverse medical subdomains.

In general, the ablation study results highlight the essential role of GAT-
based attention in our approach. While simple subgraph expansion provides
some useful information, it often includes irrelevant or distracting details
that limit its effectiveness. In contrast, GAT allows the framework to focus
precisely on the most relevant entities and connections for each question, pro-
viding clear and high-quality evidence that significantly improves question-
answering accuracy.

6.6 Results Analysis

6.6.1 Analysis of Number of Hops

Our UGAT-MedQA framework is specifically designed to reason over sub-
graphs constructed solely from biomedical concepts extracted from the
question, deliberately excluding any information from the answer candidates
to ensure that the inference process remains general and unbiased. However,
the framework’s effectiveness depends on two factors: the accuracy of entity
linking and the structure of the knowledge graph. If key concepts are not
correctly linked to entities, or if these entities are poorly connected in the
graph, the model may struggle to build complete reasoning paths. In such
cases, the shortest path module may return empty or incomplete paths, which
deprives the language model of sufficient evidence to generate an accurate
answer. It is important to note that this limitation stems not from the
UGAT-MedQA architecture itself, but from upstream dependencies, specifi-
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cally the robustness of concept-to-entity alignment and the local connectivity
of the knowledge graph.

Figure 6.3: Effect of the number of hops (Dmax) on accuracy for MedQA and
MedMCQA. Accuracy peaks at Dmax = 3, demonstrating the importance of
multi-hop expansion for capturing relevant reasoning paths while controlling
information noise.

Figure 6.3 demonstrates that accuracy for both MedQA and MedMCQA
reaches its highest point at Dmax = 3, highlighting the importance of
multi-hop expansion for capturing relevant reasoning paths while effectively
controlling information noise. To show why looking at more hops helps,
we looked at example cases comparing models set to 1 hop versus 3 hops, as
shown in Figure 6.4. In one clinical scenario with symptoms like blurry vision,
chest pain, and fast heartbeat, a 1-hop model can only find facts directly tied
to those symptoms—like possible findings or simple associations. But it can’t
connect those symptoms to deeper causes, such as drug toxicity (from cocaine
or nicotine), and often makes the wrong choice. When allowed to explore up
to 3 hops, the model can find links to important concepts like specific drugs,
substance abuse, and toxin exposure. This richer reasoning chain helps the
model connect symptoms to their likely causes and make a more accurate
prediction, though sometimes it can still get confused if irrelevant facts slip
in. Overall, these findings emphasize the necessity of controlling subgraph
scope to balance completeness and relevance in graph-based medical question
answering.
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A 70 years old male patient presents with amblyopia,
exeional chest pain, episodic tachycardia and extra

systoles on FCC. What is the probable cause?

A child with 10 days abdominal pain presented to OPD.
Stool microscopy was done which showed the given
findings. What is the DOC for the disease caused by

the given organism?

Albendazole

Praziquintal

(amblyopia, may_cause, visual loss)
(chest pain, may_be_associated_with, myocardial

 ischemia)
(tachycardia, is_a_feature_of, arrhythmias)
(extra systoles, can_be_detected_by, ECG)

(ECG, may_reveal, abnormal rhythms)
(chest pain, may_be_exacerbated_by, exertion)

Cocaine 
poisoning

Chronic nicotine 
poisoning

k = 1

k = 3

tachycardia
abnormal rhythms

extra systoles

Relevant Node

    (tachycardia, may_be_caused_by,
sympathomimetic drugs)

    (sympathomimetic drugs, includes,
cocaine

(cocaine, may_result_in, cocaine toxic)

    (amblyopia, may_be_caused_by, optic nerve
damage),

    (optic nerve damage, may_result_from, chronic
exposure to toxins),

    (chronic exposure to toxins, may_occur_in, heavy
smokers),

    (tachycardia, may_lead_to, palpitations),
    (palpitations, may_indicate, stimulant use),

    (stimulant use, can_be_caused_by, excessive
nicotine),

    (chest pain, may_prompt, cardiovascular
evaluation),

    (cardiovascular evaluation, may_identify,
underlying arrhythmia),

    (underlying arrhythmia, may_be_induced_by,
substance abuse)

excessive nicotine
underlying arrhythmia

substance abuse

Relevant Node

(excessive nicotine, may_result_in, nicotine
dependence)

(nicotine dependence, may_cause, nicotine
toxicity)

❌  Incorrect Answer

✅ Incorrect Answer

Node
Classification

Shortest Path

Shortest Path

(abdominal pain, may_cause, stool microscopy)
(child, may_present_with, abdominal pain)
(stool microscopy, may_detect, schistosoma

mansoni)
(abdominal pain, is_a_symptom_of,

schistosomiasis)
(schistosomiasis, may_be_treated_by,

Praziquintal)
(schistosomiasis, is_a_category_of, parasitic

diseases)

k = 1

k = 3

schistosomiasis
stool microscopy

(schistosomiasis, may_be_confused_with,
ascariasis)

(ascariasis, may_be_treated_by, antihelminthic)

(abdominal pain, may_be_associated_with, fever)
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Figure 6.4: Qualitative comparison of 1-hop and 3-hop reasoning chains on
representative clinical and parasitic infection cases. 3-hop expansion enables
the model to access richer biomedical knowledge and establish informative
reasoning paths connecting clinical features to underlying causes and treat-
ments.

Overall, we saw a similar pattern with questions about parasitic infec-
tions. With only 1 hop, the model just links symptoms like abdominal pain
to basic tests or organisms, but can’t reach the right treatment. With 3 hops,
it discovers not only the parasite but also the correct medicine and related
conditions, leading to much better answers. These examples show why being
able to “reason" over several steps in the knowledge graph is so helpful, but
also why we need to be careful not to go too far and include irrelevant details.

6.6.2 Error Analysis

A key limitation of UGAT-MedQA emerges in scenarios that require precise,
guideline-based fact-checking. As shown in Figure 6.5, consider the following
example question: “Lamivudine used as monotherapy in post-exposure pro-
phylaxis (t/f)". After constructing the reasoning subgraph via entity linking
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and three-hop neighborhood expansion, the framework successfully retrieves
facts indicating that lamivudine is used for HIV, that antivirals are used
in prophylaxis, and that prophylaxis is recommended after needle injury.
However, the subgraph does not contain any triples specifying whether
lamivudine monotherapy is recommended or if dual therapy is required.

A nurse got accidental prick from the HIV infected needle. Which of the
following is T/F regarding the management of this nurse?a. Lamivudine

used as monotherapy in post-exposure prophylaxis (t/f)b. Washing hands
advised(t/f)c. Viral markers at the time of prick(t/f)d. Repeat serology at 6

weeks (t/f)

Lamivudine used as 
monotherapy in post-
exposure prophylaxis

k = 3

lamivudine
 prophylaxis 

Relevant Node
(lamivudine, used_for, hiv)
(hiv, treated_by, antiviral)

(antiviral, used_in, post exposure)

(prophylaxis, manages, needle injury)
(needle injury, initial_step, hand washing)
(hand washing, reduces, contamination)

❌ Incorrect Answer

Node
Classification

Shortest Path

(post exposure, drug, lamivudine)
(lamivudine, used_for, hiv)
(hiv, treated_by, antiviral)

(antiviral, used_in, prophylaxis)
(prophylaxis, manages, needle injury)

(tenofovir, used_for, hiv)

b,c,d true a false
 a, b true c,d false
b,c true a,d false

All true

b,c,d true a false

Options Correct AnswerQuestion

Figure 6.5: Illustration of a reasoning failure in UGAT-MedQA: the subgraph
includes relevant facts but omits explicit guideline constraints, leading the
model to incorrectly accept monotherapy for post-exposure prophylaxis.

When presented with this statement, the model, relying solely on the
available knowledge graph paths, predicted it as true. However, this is
incorrect, since current clinical guidelines recommend combination therapy
(such as tenofovir and lamivudine) rather than lamivudine monotherapy for
post-exposure prophylaxis. The source of error here is not a failure of the
UGAT-MedQA reasoning process itself, but rather the absence of explicit
guideline-specific or negative evidence in the constructed subgraph. Because
the knowledge graph does not encode that monotherapy is insufficient or
outdated, the model cannot reject the incorrect statement.

This example highlights a key limitation of UGAT-MedQA. The reason-
ing subgraph is built automatically using entity linking and neighborhood
expansion. If important entities are missed or connections are incomplete, the
subgraph may fail to include critical information, even if the knowledge graph
has the necessary data. As a result, the model cannot reliably distinguish
between answers that are only partially correct and those that fully align with
clinical guidelines. Ultimately, the effectiveness of guideline-based medical
QA with UGAT-MedQA depends not only on the coverage, specificity, and
up-to-dateness of the knowledge graph but also on the accuracy of the entity
linking and subgraph extraction processes.
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6.7 Conclusion

In this chapter, we presented UGAT-MedQA, a novel unsupervised frame-
work that combines graph-based neural reasoning with large language models
to advance multiple-choice medical question answering. By integrating a
Graph Attention Network for node-level relevance assessment and extracting
explicit multi-hop reasoning paths from knowledge graphs, UGAT-MedQA
enables interpretable and guideline-oriented answer generation. Our ex-
periments on MedMCQA and MMLU-Med benchmarks demonstrate that
UGAT-MedQA achieves new state-of-the-art performance, outperforming
strong baselines. While our approach demonstrates clear strengths in
biomedical multiple-choice QA, its modular design suggests it can easily
generalize to other knowledge-intensive domains such as law, finance, or
general scientific reasoning by replacing the underlying knowledge graph
and updating entity recognition. Through qualitative and quantitative
error analysis, we identified that the ultimate effectiveness of the framework
depends on both the coverage and specificity of the underlying knowledge
graph and the accuracy of entity linking and subgraph construction pro-
cesses. Future work could focus on integrating multiple complementary
medical knowledge graphs to increase coverage and reduce missing links,
as well as developing automated KG updating methods to keep information
current. Such advances would help address issues of outdated or incomplete
evidence and improve the reliability of model outputs in fast-evolving medical
domains. Furthermore, the interpretable reasoning chains produced by our
approach may help facilitate integration into future clinical decision support
systems, thereby advancing transparency and trustworthiness in medical
artificial intelligence systems. Overall, UGAT-MedQA represents a promising
step toward transparent and robust biomedical question answering by tightly
coupling structured graph reasoning with the generative capabilities of LLMs.
Moreover, its modular design facilitates easy adaptation to other knowledge-
intensive domains beyond biomedicine, such as legal, financial, or general
scientific reasoning. In summary, UGAT-MedQA’s novelty is unsupervised,
question-driven graph attention that turns a biomedical KG into an inter-
pretable reasoning path for QA.

Chapter Summary

This chapter presents UGAT-MedQA, an unsupervised framework for biomed-
ical question answering that performs evidence-based reasoning over a
biomedical knowledge graph. Building on the triples extracted in K-Bloom,
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we first construct a domain KG that makes part of the model’s latent
knowledge explicit and reusable. Given a question and its answer options, the
system retrieves a query-focused subgraph and then applies an unsupervised
Graph Attention mechanism to identify the most salient nodes and relations.
From these high-attention regions, UGAT-MedQA extracts multi-hop paths
that connect question concepts to candidate answers, providing a compact
set of structured evidence. To keep the reasoning inspectable, the selected
paths are verbalized into natural-language statements that can be read
and checked by humans. An LLM then uses these verbalized chains to
produce a step-by-step answer grounded in the retrieved evidence, rather
than relying purely on parametric recall. The chapter also discusses the
practical trade-off between evidence coverage and noise when expanding to
longer-hop neighborhoods and shows why attention-based filtering is needed
to control this noise. We further analyze typical failure cases, such as
missing or incomplete KG links and situations where different paths support
competing interpretations. Overall, UGAT-MedQA demonstrates how the
thesis philosophy—explicit knowledge, unsupervised evidence selection, and
verifiable reasoning traces—can be realized in the graph modality for medical
QA. In the next chapter, we move from graph-based evidence to unstructured
text retrieval, introducing USCRaKE to improve evidence selection with
distribution-aware semantic matching.
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Chapter 7

USCRaKE: Unsupervised Seman-
tic Chunk Retrieval and Knowledge-
Enhanced Reasoning for Multiple-
Choice Question Answering

7.1 Introduction

The multiple-choice question answering (MCQA) task requires not only
factual recall but also the ability to reason through multiple, interrelated
concepts. Although pre-trained language models such as BERT [207] and
RoBERTa [208] have delivered strong performance on a wide range of NLP
benchmarks, the reasoning behaviors they exhibit are largely an emergent
by-product of learning from unstructured corpora. Consequently, their
intermediate decisions are often opaque, and their predictions can be brittle
in settings that require relational knowledge, compositional linking, or multi-
hop inference [51].

Structured resources, notably knowledge graphs such as ConceptNet [163]
and Freebase [136], offer a complementary perspective by encoding facts as
interpretable entity–relation triples. When paired with PLMs, KG evidence
can enable more explicit and explainable forms of reasoning [177, 179].
However, many KG-assisted MCQA pipelines still depend on fixed, coarse, or
generic triple retrieval strategies that are insufficiently sensitive to the specific
context of each question [209, 210]. In parallel, Chain-of-Thought (CoT)
prompting [211, 212] encourages large language models to produce stepwise
explanations and often improves accuracy on challenging problems. Despite
this benefit, CoT can also amplify inconsistency: different reasoning trajec-
tories may produce conflicting conclusions [213, 214], and long, monolithic
rationales make it difficult to attribute the final decision to particular facts
or intermediate steps. Moreover, many retrieval-based approaches [29–33,35]
rely on Euclidean distance or cosine similarity, which can be too coarse
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to capture nuanced semantic correspondences in contextualized embedding
spaces, especially when multi-hop reasoning requires fine-grained alignment.

These observations motivate a reasoning framework that is modular,
interpretable, and able to combine unstructured textual evidence with
structured KG cues, while keeping the reasoning process for each answer
option separated and traceable. Such a design supports clearer inspection of
model behavior, more actionable error analysis, and greater robustness even
when the final prediction is incorrect. Following this direction, we intro-
duce USCRaKE (Unsupervised Semantic Chunk Retrieval and Knowledge-
Enhanced Reasoning), an unsupervised hybrid retrieval-and-reasoning frame-
work for MCQA. To the best of our knowledge, USCRaKE is the first to
employ Jensen–Shannon Divergence (JSD) as the ground cost within an
optimal transport formulation for evidence retrieval, providing a principled
alternative to standard Euclidean or cosine measures. Compared with these
conventional metrics, JSD is symmetric and bounded, and it is better suited
to comparing distributional representations under shift, which is particularly
relevant when contextualized semantics vary across domains. This integra-
tion of JSD into optimal transport directly targets the need for more robust
semantic similarity in retrieval settings where subtle distributional alignment
can materially affect downstream answer accuracy.

USCRaKE draws evidence from two complementary channels. First, for
semantic chunk retrieval, we formulate evidence selection as an unsupervised
optimal transport problem and use JSD as the ground cost, rather than
the Euclidean or cosine distances commonly adopted in prior work. This
choice yields a probabilistically grounded alignment between question–answer
pairs and candidate chunks, improving robustness across diverse datasets
and domains while retaining a clear theoretical motivation. Second, we
inject structured cues by retrieving 1-hop subgraphs from ConceptNet and
converting the retrieved triples into natural-language statements. Instead
of collapsing all evidence into a single aggregated rationale, USCRaKE
constructs separate reasoning chains for each answer choice. This dual-
evidence strategy allows OT–JSD retrieval to capture fine-grained semantic
correspondence, while KG retrieval supplies explicit relational signals without
introducing additional graph encoders such as GNNs [215]. By verbalizing
triples, we enable pretrained language models to integrate external knowledge
with question–answer context in a lightweight and interpretable manner.
Overall, the modular design supports more precise assessment of contextual
relevance and logical coherence, strengthening both interpretability and
answer selection quality, while also providing a theoretically grounded lens
for semantic alignment in MCQA retrieval.

To evaluate generalization, we test USCRaKE on multiple MCQA bench-
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marks spanning both general and specialized settings, including biomedical
and physics-focused datasets. Across these domains, USCRaKE consistently
performs strongly and surpasses competitive unsupervised and few-shot
baselines by up to 10.08% absolute accuracy, without any supervised fine-
tuning.

In summary, this chapter makes the following contributions:

• We present USCRaKE, a fully unsupervised hybrid framework that
jointly leverages fine-grained semantic chunk evidence and structured
KG triples, enabling complementary and interpretable inference over
unstructured and structured sources.

• We provide a theoretical motivation and analysis for using JSD as the
ground cost in optimal transport-based semantic retrieval, highlighting
its advantages over Euclidean distance and cosine similarity under
distributional shift in contextualized embeddings.

• We propose a modular reasoning architecture that builds and evaluates
distinct explanation chains for each answer candidate, improving trans-
parency, interpretability, and robustness in MCQA answer selection.

The remainder of this chapter is organized as follows. Section 7.2 reviews
related work, and Section 7.3 details the proposed framework. Section 7.4
describes the experimental setup. Results and ablations are reported in
Section 7.5, followed by error analysis in Section 7.6. Finally, Section 7.7
concludes the chapter and discusses future directions.

7.2 Related Works

7.2.1 Retrieval augmented question answering systems

Retrieval-Augmented Generation (RAG) [9] has become a widely adopted
paradigm for open-domain question answering and other knowledge-intensive
NLP tasks, largely because it improves evidence grounding, scales to large
corpora, and mitigates hallucination relative to fully parametric generators.
In its canonical form, RAG couples a parametric sequence-to-sequence gen-
erator (e.g., BART [64]) with a non-parametric memory implemented as
an indexed collection of dense document representations, typically searched
using FAISS [63]. For an input query, the retriever maps the query into
a dense vector, retrieves a small set of relevant passages from an external
knowledge store, and the generator then produces an answer conditioned on
these retrieved contexts. A key advantage of this design is that the overall
system can be trained end-to-end, enabling joint optimization of retrieval
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and generation while explicitly tying outputs to external evidence.
Empirically, RAG-style pipelines have shown strong results on bench-

marks such as Natural Questions [65], where access to external documents
helps improve factual accuracy over parametric-only baselines. Similar
benefits have also been reported in knowledge-grounded dialogue genera-
tion [66], in which grounding responses in retrieved passages tends to increase
informativeness and faithfulness to source content.

Despite these strengths, many modern RAG pipelines [67,68] still rely on
dense retrievers that utilize traditional metrics such as cosine or Euclidean
distance to compute similarity over dense embeddings. For queries that re-
quire subtle semantic matching or multi-faceted reasoning, these metrics can
be brittle: retrieval may return long chunks that are only weakly aligned with
the query intent, and performance can become overly sensitive to the corpus
chunking strategy. Moreover, a large family of RAG variants [69–72] improves
in-domain accuracy by supervised joint tuning of retriever–generator pairs,
but this often reduces portability when moving to unseen domains or settings
with limited labeled data. These limitations motivate retrieval mecha-
nisms that (i) capture fine-grained semantic alignment beyond standard
embedding-space distances and (ii) remain effective without task-specific
supervision. In contrast to prior pipelines that depend heavily on cosine or
Euclidean similarity and supervised retriever tuning, the proposed USCRaKE
framework introduces a theoretically grounded OT–JSD retrieval strategy
that operates in an unsupervised manner, aiming to improve semantic
matching while supporting stronger cross-domain generalization.

7.2.2 Knowledge Graph-Augmented Question Answer-
ing

Alongside unstructured text, many QA systems exploit structured knowledge
graphs to enhance factual consistency and to make reasoning traces more
interpretable. In our setting, ConceptNet is used as an auxiliary evidence
source for multiple-choice question answering, which aligns with a broader
literature on KG-augmented QA. Existing KG-based QA methods are com-
monly grouped into three lines: embedding-based approaches, semantic
parsing approaches, and retrieval-augmented approaches.

Embedding-based methods learn continuous representations of entities
and relations, and then perform reasoning using neural architectures such
as key–value memory networks [75], sequence modeling approaches [76], or
graph neural networks [2]. These models aim to connect the question to
relevant KG elements by learning latent paths or aggregations over graph
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neighborhoods.
In contrast, semantic parsing approaches translate natural language ques-

tions into formal queries (e.g., SPARQL) using a parser, and then execute the
resulting query against a KG to obtain answers [77–80]. While this pipeline
offers explicit, executable reasoning, it often externalizes the core inference to
the KG engine, which can limit how much the neural model itself contributes
to reasoning beyond parsing.

Retrieval-augmented KG methods seek a middle ground by retrieving
relevant triples or subgraphs and injecting them into the model’s inference
process. Representative systems include GraftNet [81], which performs
entity linking and expands local subgraphs, as well as PullNet [82], SR [83],
DiFar [84], and UniKGQA [85], which employ dense retrieval to access
semantically related KG content

With the emergence of large language models, retrieval-augmented gen-
eration has also been extended to incorporate structured and unstructured
evidence within generative pipelines [9, 86–88]. In such settings, KG triples
are frequently verbalized into natural language so that they can guide
generation or support intermediate reasoning checks. For example, [89]
leverages KG-derived facts to revise or correct hallucinated reasoning steps,
while DECAF [90] jointly retrieves knowledge and produces both structured
queries and free-form answers, combining advantages from semantic parsing
and generative modeling.

Nevertheless, the usefulness of KGs is constrained by practical issues.
Public KGs are often incomplete or noisy, and building high-quality graphs
is costly due to ontology design challenges and annotation requirements.
In addition, corpus-derived KG construction typically involves a trade-
off: highly detailed graphs preserve information but increase computational
overhead, whereas compact graphs improve efficiency at the risk of discarding
critical relations. These factors suggest that effective KG use in QA should
be lightweight, context-sensitive, and complementary to robust semantic
retrieval over text.

Motivated by these observations, USCRaKE combines (i) optimal transport–
based semantic chunk retrieval with Jensen–Shannon Divergence to achieve
fine-grained alignment over unstructured evidence and (ii) 1-hop ConceptNet
retrieval, whose triples are verbalized into natural language to provide
structured relational grounding without training additional graph encoders.
Overall, prior retrieval-augmented QA systems exhibit several limitations.
First, many pipelines rely on relatively coarse embedding-space similarity
functions (e.g., cosine similarity or Euclidean distance), which often fail to
reflect fine-grained semantic correspondence, especially for compositional or
multi-facet queries. Second, a substantial line of work improves accuracy by

141



supervised joint optimization of the retriever and generator; while effective
in-domain, this strategy can reduce robustness and transferability when
moving to new domains with different terminology and limited annotations.
Third, although knowledge graphs can improve interpretability by providing
explicit relations, KG-centric QA remains constrained by practical issues—
including incompleteness, noise, and the non-trivial cost of building and
maintaining high-quality graphs—so the resulting reasoning support is often
neither comprehensive nor lightweight.

These observations motivate a unified framework that combines precise
semantic retrieval over unstructured text with efficient, context-aware struc-
tured grounding. Such a hybrid design leverages the coverage and adapt-
ability of textual evidence while preserving the explicit relational signals
offered by knowledge graphs, thereby addressing the most common failure
modes of prior KG-augmented QA methods. In this thesis, USCRaKE follows
this principle by introducing an unsupervised OT–JSD retrieval mechanism,
which is theoretically motivated to capture finer semantic alignment than
standard distance-based dense retrieval. In addition, instead of training
dedicated graph encoders over KG structure, USCRaKE applies lightweight
1-hop KG retrieval and verbalizes the retrieved triples into natural language,
allowing LLMs to exploit structured relations directly without additional
graph-model training. By integrating these two components, the framework
simultaneously mitigates coarse retrieval alignment and avoids heavyweight
KG modeling, thereby addressing key weaknesses in both retrieval-only RAG
and KG-augmented QA approaches.

7.3 Methodology

In this section, we detail the proposed framework and clarify how its
components interact. Section 7.3.1 first summarizes the overall design and
task formulation. Next, Section 7.3.2 introduces the hybrid retrieval module,
which gathers supporting evidence chunks and the associated knowledge
triples. Building on the retrieved evidence, Section 7.3.3 describes how we
instantiate a set of candidate-specific reasoning chains by pairing the input
question with each answer option. Finally, Section 7.3.4 explains how the
framework consolidates these candidate-wise chains to produce a single final
prediction for the given question.
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7.3.1 Problem Setup

We study multiple-choice question answering (MCQA), focusing on scenarios
where solving a question benefits from multi-step reasoning over heteroge-
neous knowledge. Each dataset instance contains a question q and a collection
of answer candidates C = c1, c2, . . . , cn. In addition to (q, C), the model has
access to two external resources: (i) a structured knowledge graph G that
stores relational facts between concepts, and (ii) an unstructured textual
databaseDB (e.g., Wikipedia) that provides broader contextual descriptions.
Given (q, C) together with G and DB, the objective is to select the correct
option c∗ ∈ C, and we evaluate performance using accuracy. An overview of
the proposed framework is shown in Figure 7.1.

Query 
List of

relevant
chunks

Subgraph

Re-ranker
Cross

Encoder Answer
Generate

Subgraph Retrieval

Multiple Reasoning Chains
Hybrid Retrieval

cn Reasoning

Generating
Reasoning
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c1 Reasoning 
Chunk Retrieval

c2 Reasoning 

c3 Reasoning 

...

Answer Generator

Candidate answer choices: 
{c1, c2, . . . , cn}

Figure 7.1: Architecture of the USCRaKE framework for multiple-choice
question answering.

USCRaKE is designed to be unsupervised and interpretable, and it
explicitly combines unstructured text evidence with structured relational
knowledge for reasoning. The framework is organized into three main stages:

• Hybrid Retrieval: For each question–candidate pair (q, ci), we iden-
tify relevant information from the corpus DB and complementary
relational evidence from the knowledge graph G. For chunk retrieval,
we use a semantic matching function inspired by WMD [159] to surface
informative text chunks from DB. Instead of using the standard
Euclidean transport cost, we employ JSD to quantify the distance
between word distributions. Because JSD is symmetric and bounded,
it is better suited to capturing fine-grained semantic discrepancies
while mitigating noisy alignments. In parallel, for Subgraph Retrieval,
we extract key entities from both the question and the candidate
answer and then retrieve their one-hop neighbors in G to form relevant
triples. These triples are subsequently verbalized into natural-language
sentences, preserving the semantics of their original relational struc-
ture. Finally, we re-rank all retrieved evidence units—corpus chunks
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and verbalized triples—using a pretrained cross-encoder that directly
scores the relevance of each evidence unit concerning (q, ci), thereby
prioritizing the most informative and contextually aligned content.

• Multiple Reasoning Chains: To make the decision process transpar-
ent, we construct an independent reasoning chain for every candidate
ci. Each chain integrates both retrieved textual passages with the
verbalized triples to explain why ci may be correct or incorrect. Instead
of collapsing all candidates into a single shared rationale, USCRaKE
intentionally produces multiple candidate-specific chains and assesses
them based on plausibility and internal consistency.

• Answer Generator: This component performs a comparative assess-
ment over reasoning chains and outputs the answer whose explanation
appears most convincing. By explicitly judging the quality of the gener-
ated explanations, this introspective step improves both the robustness
of the final decision and the interpretability of the overall reasoning
process.

To enable evaluation across diverse MCQA domains, we build a unified
textual knowledge source from the October 1, 2023 Wikipedia snapshot1

, which contains 6.41 million articles. We segment this resource into 11.4
million chunks, with each chunk limited to 512 tokens. Each chunk is
encoded into a semantic embedding using the BGE model [126], and the
resulting vectors are indexed with FAISS [216] to support efficient retrieval.
This setup enables efficient matching between a question–candidate pair
and semantically related chunks, serving as the foundation of our retrieval-
augmented reasoning pipeline. Concretely, we first use FAISS to retrieve an
initial candidate pool R (e.g., the top-20k chunks) from the full corpus as raw
evidence. We then run our fine-grained chunk retriever only on this subset,
which keeps the framework computationally feasible and focuses computation
on the most informative evidence. The following sections describe these three
stages of USCRaKE in detail.

7.3.2 Stage 1: Hybrid Retrieval

This section presents the hybrid retrieval stage and clarifies how its two com-
plementary components interact. We first detail the proposed chunk retrieval
module in Section 7.3.2.1, whose role is to identify evidence chunks that are
semantically most aligned with the input question. Next, Section 7.3.2.2
describes the knowledge-graph retrieval module, which extracts relational
triples that capture relational knowledge related to the same question.

1https://huggingface.co/datasets/wikimedia/wikipedia/viewer/20231101.en
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7.3.2.1 Chunk Retrieval

We start by distinguishing hard alignment from soft alignment for-
mulated through Optimal Transport, motivating an OT view of chunk
retrieval.

We then cast Word Mover’s Distance as a representative OT-based
retrieval objective and highlight its main limitation: it relies on a Euclidean
transport cost, which is insensitive to context and can misalign semanti-
cally close words. To address this issue, we substitute the Euclidean ground
cost with a Jensen–Shannon divergence computed over normalized
contextual embeddings. This yields a distributional transport cost that
better captures semantic discrepancy. The key novelty of our retrieval design
is to employ Jensen–Shannon divergence as the Optimal Transport ground
cost, producing a bounded and symmetric similarity signal that supports
fine-grained alignment between the question and candidate evidence.

Finally, we integrate BM25-weighted marginals and define the com-
plete OT-based retrieval scoring function used to score and rank chunks.
This stage returns the top-k chunks with the lowest scores, since these are
the closest in similarity to the input question.

Limitations of Hard Alignment. Although BERTScore [217] is widely
used to measure semantic similarity in natural language generation, its under-
lying hard alignment mechanism imposes a key limitation. In particular,
BERTScore determines word-level similarity by matching each token in the
system-generated text to the single most similar token in the reference text,
thereby enforcing a strict one-to-one matching constraint. As shown in
our prior work [187], this strategy yields a rigid correspondence: each word is
forced to select only one counterpart, which can fail to capture the many-to-
one or one-to-many associations that frequently occur in natural language.
To address this limitation, we introduce our chunk retrieval approach as
a more flexible way to model semantic alignment. In contrast to one-to-
one matching, our method adopts “soft” alignments, allowing a word in one
sequence to be linked to multiple semantically related words in the other
sequence, and vice versa. Operationally, the approach is formulated as a
constrained optimization problem that estimates the minimum effort required
to transform one text into another, thereby providing a more comprehensive
and flexible assessment of semantic similarity.

Word Mover’s Distance as Soft Alignment. To retrieve the most
relevant chunks for a question q from the corpus DB, we draw inspiration
from Word Mover’s Distance [159], which is a specific instance of Earth
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Mover’s Distance [160]. WMD leverages pre-trained word embeddings to
calculate the dissimilarity between two text sequences. It assigns uniform
weights over words and uses the Euclidean distance between embeddings as
the transport cost. This mechanism provides an intuitive and effective
way to assess semantic similarity by minimizing the total distance required
to “move" words from one document to another.

Limitations of Euclidean Transport Cost. Despite its intuitive formu-
lation, WMD exhibits notable limitations that affect its performance in the
semantic textual similarity task. In particular, it ignores syntactic structure
and word order by treating each sentence as an unordered collection of
embeddings. This simplification can produce misalignments of semantically
distinct words, particularly in sentences with high lexical overlap but different
meanings. Consequently, WMD may fail to separate pairs where subtle
contextual or syntactic differences are crucial. This limitation is especially
pronounced when using static word embeddings, which lack contextual
sensitivity. Recent work, such as Structure Mover’s Distance [218], addresses
these issues by integrating sentence-level structure through BERT’s self-
attention matrix (SAM), thereby achieving substantially better performance
on STS benchmarks compared to the original WMD approach.

Let x and y be two sentences viewed as unigram sequences x1 =
(w1, . . . , wn) and y1 = (w′

1, . . . , w
′
m) consisting of n andm words, respectively.

x1 = (w1, w2, . . . , wn), y1 = (w
′

1, w
′

2, . . . , w
′

m) (7.1)

where wi and w
′
j indicate the i-th word in x1 and the j-th word in y1. We

denote the embedding of each word wi by a bold vector wi ∈ Rd, where
d is the embedding dimensionality. In the WMD setting, each word is
assigned an equal weight, and the distance between two words is computed
as the Euclidean distance between their embedding vectors. Accordingly,
we construct a transportation cost matrix C ∈ Rd × Rd, where each entry
Cij = d(x1i , y

1
j ) measures the cost of moving the i-th word in x1 to the j-th

word in y1:

d(wi, w
′

j) =
∥∥∥wi −w

′

j

∥∥∥
2

(7.2)

The WMD between the unigram sequences x1 and y1, considering the
weight vectors tx1 and ty1 , where tx1 ∈ R|x1|

+ represents non-negative weights
assigned to each unigram in x1, is formalized as follows:
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WMD(x1, y1) = min
T∈R|x1|×|y1|

⟨C, T ⟩,

= minimize
T∈R|x1|×|y1|

∑
i,j

CijTij,

subject to Tij ≥ 0, T1 = tx1 , T⊤1 = ty1 .

(7.3)

where T⊤ denotes the transpose of T, and 1 ∈ Rd is an all-ones vector. The
matrix T corresponds to the transportation flow : each element Tij specifies
the proportion of the i-th unigram in x1 that is “transported" to the j-th
unigram in y1.

Under this formulation, WMD is the minimum total cost required to
transport the unigrams from x1 to y1, derived from the element-wise multi-
plication of the optimal transportation flow matrix T and the cost matrix C.
Therefore, WMD(x1, y1) can be interpreted as the minimum transportation
cost that aligns the word distributions of x1 and y1, weighted by tx1 and ty1 .

Advantage of Jensen–Shannon Divergence (JSD). Although WMD
has an intuitive interpretation, it often results in suboptimal word align-
ments, leading to inferior performance in semantic textual similarity com-
pared to more recent techniques such as [161]. A key reason is that WMD
typically uses Euclidean distance as the transportation cost, which merges
the weighting component with the dissimilarity metric in a single calculation.
Concretely, Euclidean costs may underestimate the similarity of word pairs as
low<SWP> even when their meanings are close<SY N> but their concreteness or
importance differs substantially<CI>. For instance, “noodles" and “pho" are
semantically close<SY N> but can appear low<SWP> under Euclidean-based
transport because their concreteness or frequency of usage in the corpus
is different, causing WMD to assign an unexpectedly low similarity. This
highlights the limitations of using Euclidean distance in capturing nuanced
semantic relationships.

Figure 7.2 further contrasts JSD and Euclidean distance computed be-
tween the embedding vectors of “noodles”, “pho” (a Vietnamese noodle soup
dish), “burger”, and “pizza”. In this setting, Euclidean distance can rank
“noodles” closer to “pizza” than to “pho” due to potentially effects tied to
vector magnitudes, even though “noodles” and “pho” are semantically more
aligned, which is reflected by a smaller JSD. Unlike Euclidean distance, which
relies on the norm of vectors when estimating the similarity of word pairs,
JSD operates by comparing the underlying distributions, making it a more
robust indicator of semantic discrepancy in contexts when embeddings are
viewed in probabilistic representations.
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Figure 7.2: Comparative analysis of JSD and Euclidean distance for
word embeddings generated by word2vec [1]. In the Euclidean distance
matrix, the lowest value, representing the correct similarity word, is marked
in blue for each row, while inappropriate alignments are highlighted in
red. Conversely, in the JSD matrix, the lowest value, indicating the correct
similarity word, is highlighted in green for each row.

Integration with BM25 Weighting and Contextual Embeddings.
Considering these factors, we introduce a robust yet efficient sentence-level
similarity measure, drawing inspiration from the Word Mover’s Distance
method. While traditional WMD leverages static embeddings such as
word2vec [1] to map words into continuous vector spaces, these representa-
tions are inherently limited because they cannot adjust word meaning to the
surrounding context. To mitigate this limitation, our approach replaces static
vectors with context-aware embeddings, leveraging dynamically contextual-
ized representations from advanced language models such as BERT [207].
This contextualization allows the similarity computation to better reflect
nuanced and compositional semantic relations in sentences, improving the
accuracy and reliability of similarity evaluations in diverse linguistic scenar-
ios. For the cost function, we utilize JSD to measure the distance between the
embedding representations of 1 -gram sequences. JSD provides a principled,
symmetric notion of distributional divergence by averaging the Kullback–
Leibler (KL) divergence with respect to a midpoint distribution. When word
embeddings are normalized into probability distributions (e.g., via softmax
transformations), JSD captures subtle shifts in their distributional structure,
potentially revealing nuanced semantic differences that simple geometric
distances can overlook. Consequently, using JSD as the cost function yields
a probabilistically grounded and semantically richer cost function that aligns
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naturally with the nuanced expressiveness of contextual embeddings.
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where Ml is the mixture distribution at dimension l:

Ml =
1

2

(
P (wil) + P (wj′l

)
)

(7.5)

P (wi) =
exp(zi)∑d
l=1 exp(zl)

(7.6)

where P (wi) denotes the probability distribution associated with word i in
x1. In Equation 7.6, zl refers to the l-th component of the embedding vector
for word i. The softmax function converts the embedding components into
a normalized vector that P (wi) = [p1, p2, . . . , pd] forms a valid probability
distribution where each pl ≥ 0 and

∑d
l=1 pl = 1.

wi = BM25(wi) ·wi (7.7)

where BM25(wi) is the BM25 score of the word wi within sentence x1,
computed with respect to the corpus DB = {S1, S2, . . . , SN}. Here, wi is
the embedding vector of word i. Accordingly, the weight assigned to the
1-gram x1i is:

tx1
i
= BM25(wi) (7.8)

BM25(wi) =
N∑
i=1

IDF(wi) ·
f(wi, Si) · (k1 + 1)

f(wi, Si) + k1 ·
(
1− b+ b · |Si|

avgdl

) (7.9)

where f(wi, Si) is the frequency of wi in sentence Si, |Si| is the sentence length
of Si in words, and avgdl is the average sentence length in the corpus C. The
corpus contains N ssentences and n(wi) indicates the number of sentences
that include wi. We adopt the standard parameter setting k1 = 1.2 and
b = 0.75. The inverse document frequency (IDF) is defined as:
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IDF(wi) = ln

(
N − n(wi) + 0.5

n(wi) + 0.5

)
(7.10)

Complexity. Two primary computational steps determine the time
complexity of our chunk retrieval method. First, we evaluate the pairwise
JSD distances between the query and each candidate chunk. Given a query of
h1 tokens and a candidate chunk of h2 tokens, where each token is encoded as
a d-dimensional embedding, this step requires O(h1h2d) operations. Second,
we solve the optimal transport problem that matches the two token sets by
minimizing the total JSD-based alignment cost. This minimum-cost flow
computation has complexity O((h1 + h2)

3 log(h1 + h2)). Therefore, the total
time complexity is:

O(h1h2d) + O
(
(h1+h2)

3 log(h1+h2)
)
. (7.11)

Because our chunk retriever computes exact optimal transport by solving a
minimum-cost flow problem between the query and each candidate chunk,
its runtime becomes expensive: the computation scales cubically with the
number of tokens in the compared texts. As a result, directly applying
this method to very large corpora is not practical. In this thesis, we
retain the exact optimal transport formulation rather than adopting faster
approximations to prioritize accuracy over speed. To keep inference time
within a reasonable range, we mitigate the cost by segmenting long Wikipedia
documents into shorter passages, with each chunk limited to 512 tokens. This
preprocessing step enhances computational feasibility while preserving robust
performancer for text similarity estimation.

7.3.2.2 Knowledge Graph Retrieval

In addition to retrieving textual evidence, we introduce a knowledge graph
retrieval module to strengthen the system’s reasoning ability. The core
purpose of this module is to integrate external structured knowledge into
the question answering pipeline through a set of graph-oriented retrieval
and ranking steps. Concretely, the workflow includes four main stages:
(i) extracting and aligning entities, (ii) retrieving relational triplets, (iii)
transforming the retrieved knowledge into a passage-style format, and (iv)
pruning irrelevant information. Figure 7.3 provides an overview of the overall
procedure. Each stage plays a role in steadily narrowing the gap between
natural language questions and structured relational paths needed for reliable
answer prediction.
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Step 1: Entity Extraction and Mapping

Jame's bare feet were burned as he walked,
because the sunshine had made the surface hot.

Where might he have been?

barefoot
get burned

walk 
sunshine
surface

hot

E'
Q

ConceptNet

Extract key entities and
mapping into ConceptNet

Text

disneyland
snow

windowsill
street

summer

disneyland
snow

the windowsill
street

summer

E'C

Step 2: Triplets Retrieval

Find all triples in ConceptNet
containing the entities in E'C  and E'

Q 

<sunshine, AtLocation, the windowsill>
<sunshine, AtLocation, sea>

....
<get burned, NotDesires, a person>

Step 4: Knowledge Pruning

Step 3: Sub-graph as Passage Corpus

Subgraph Triplets

<sunshine, AtLocation, the windowsill>
<sunshine, AtLocation, sea>

....
<get burned, NotDesires, a person>

Subgraph Triples

sunshine is at location of the windowsill
sunshine is at location of sea

....
get burned does not desire a person

Templates

sunshine is at location of the windowsill
sunshine is at location of sea

....
get burned does not desire a person

Jame's bare feet were burned as he
walked, because the sunshine had

made the surface hot. Where might he
have been? 

Question Q

Passages
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Question Q

List of answer candidates C
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Figure 7.3: An illustration of the knowledge graph retrieval stage.
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External Knowledge Graph We define the external knowledge source
as a graph G = (V,E), where V is the set of entities and E denotes directed
relations among them. In this thesis, we use ConceptNet2, a large-scale
commonsense knowledge graph with more than 799k nodes and around 2.5
million edges.

In ConceptNet, each fact is represented as a triple (h, r, t), where h and
t correspond to the head and tail entities, and r specifies the relation type.
For instance, (a window, AtLocation, any house) expresses a location-
oriented relationship between two physical concepts.

Entity Extraction and Mapping Given a natural language question
q with its candidate answer set C, we first identify salient concepts using
KeyBERT [193], a transformer-based approach for keyword extraction. This
step produces two entity sets: Eq, which captures the main concepts from
the question, and EC , which contains representative terms extracted from
the answer options.

Next, we align entities by linking each element in Eq and EC to the
corresponding entries in ConceptNet. This linking procedure can rely on
exact lexical matching as well as fuzzy matching to increase coverage when
surface forms differ. After alignment, we obtain the refined mapped sets: E ′

q,
the subset of question-side entities successfully linked to the graph, and E ′

C ,
the set of mapped entities derived from the candidate answers.

Triplets Retrieval At this stage, given two entity lists E ′
q and E ′

C , we
collect all ConceptNet triples that are connected to any entity appearing in
either list. We define the retrieved triple set as T = {(e, r, e′), (e′, r′, e)|e ∈
E ′

q ∪ E ′
C}. Concretely, for every entity e ∈ E ′

q ∪ E ′
C , we construct its 1-

hop neighborhood by collecting all triples where e appears as the subject
or the object. For instance, when e is sunshine, this procedure can return
triples such as (sunshine, AtLocation, sea) or (sunshine, Causes, warmth).
By restricting retrieval to a 1-hop subgraph, we keep the most immediate
relational context for each entity, which provides useful coverage while
minimizing irrelevant expansion.

Sub-graph as Passage Corpus The retrieved subgraph T is then treated
as a collection of textual “passages" P , where each element p ∈ P corresponds
to a triple with head entity h, relation r, and tail entity t. To make these
structured triples usable in text-based reasoning, we convert each triple into a
natural-language sentence using predefined templates as presented in Table

2https://home.ttic.edu/~kgimpel/commonsense.html

152

https://home.ttic.edu/~kgimpel/commonsense.html


7.1. Formally, for each relation r, we first associate it with a phrase rp,
and then build a sentence d by concatenating h, rp, and t in that order.
For example, <sunshine, AtLocation, the windowsill> is verbalized as
“sunshine is at location of the windowsill". After this verbalization step,
the graph-structured set T becomes a textual corpus D, thereby facilitating
downstream retrieval and reasoning.

Knowledge Pruning To suppress irrelevant content and retain only useful
evidence, we introduce a pruning step that removes sentences whose relevance
to the question–answer context is low. Concretely, for each sentence d ∈ D,
we concatenate the questions and options: si = q ⊕ ci and the sentence d as
an input of the pretrained cross-encoder model [29]. The model produces a
semantic relevance score that indicates how well the sentence aligns with the
corresponding question–option pair. We then use these scores to re-rank all
candidate sentences and select the top s sentences with the highest similarity
values. This filtering process ensures that only the most informative content
from the graph is retained, which both reduces retrieval overhead and helps
the subsequent reasoning stage concentrate on the most relevant content.

7.3.3 Stage 2: Multiple Reasoning Chains

For every answer option ci ∈ C, we generate a corresponding reasoning chain,
denoted as rci. The construction of rci is conditioned on the question q, the
specific candidate ci, and the top-ranked textual passages with the graph
triples returned by the hybrid retrieval module. Conceptually, each reasoning
chain provides a step-by-step inference path that link q to ci by integrating
evidence from both retrieved text and the knowledge graph.

To obtain these chains, we provide a language model with a structured
input that includes q, ci, and the retrieved evidence. The model then
outputs an explanation rci that supports the plausibility of candidate ci.
These explanations typically contain intermediate sub-facts, commonsense
elements, and explicit logical transitions, making the inference process more
interpretable. In contrast to standard pipelines that condense reasoning into
only a final answer selection, our approach produces one reasoning chain per
candidate. This design enables the subsequent decision stage to compare
candidates using the plausibility, coherence, and factual support of their
respective explanations.

We denote the complete set of reasoning chains asRC = {rc1, rc2, . . . , rcn},
where each rci is associated with candidate ci. To systematically elicit these
explanations, we propose prompts that explicitly instruct the model to reason
step-by-step as shown below:
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Table 7.1: Relation templates for ConceptNet are used in USCRaKE. We
adapt these templates from [2]

Relation Type Template Phrase
Antonym is the antonym of
AtLocation is at location of
CapableOf is capable of
Causes causes
CreatedBy is created by
IsA is a kind of
Desires desires
HasSubevent has subevent
PartOf is part of
HasContext has context
HasProperty has property
MadeOf is made of
NotCapableOf is not capable of
NotDesires does not desire
ReceivesAction is
RelatedTo is related to
UsedFor is used for
LocatedNear is located near
CausesDesire causes the desire of
MotivatedByGoal is motivated by the goal of
DistinctFrom is distinct from
HasFirstSubevent has the first subevent
HasLastSubevent has the last subevent
HasPrerequisite has the prerequisite of
Entails entails
MannerOf a manner of
InstanceOf an instance of
DefinedAs is defined as
HasA has a
SimilarTo is similar to
Synonym is the synonym of

You are a helpful reasoning assistant. Your task is to explain
whether a given candidate answer is likely to be correct by
reasoning step-by-step from the question and supporting evidence
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.

You are given:
- A question: {question}
- A candidate answer: {candidate}
- Retrieved evidence: {evidence}

Using the information above, generate a step-by-step chain of
reasoning that links the question to the candidate. The
explanation should integrate relevant facts from both textual
and graph-based evidence and show how they relate to the
candidate answer.

Guidelines:
- Focus only on building the reasoning chain from question to

candidate.
- Do not state whether the candidate is correct or incorrect.
- Make sure each explanation is logically complete and includes all

key facts from the question and evidence.

Begin your reasoning below:

To illustrate Stage 2 in our pipeline, we provide a concrete example in
which the LLM is asked to select the most plausible option by assessing
the quality of evidence-grounded reasoning rather than relying on answer
frequency. Given the question “Which vitamin is supplied from only animal
source?" and four candidate vitamins (C, B12, D, K), the prompt supplies a
compact evidence set containing both supportive and potentially distracting
statements. In particular, the evidences emphasize that vitamin B12 occurs
naturally in animal-derived foods and is not reliably present in plants unless
fortified, while an additional Wikipedia-style statement about vitamin A
functions as a distractor by being animal-related but not satisfying the
“only animal source" constraint. The evaluator must therefore judge logical
coherence and factual grounding across the provided chains to output the
best-supported answer choice.

You are a helpful reasoning assistant. Your task is to explain
whether a given candidate answer is likely to be correct by
reasoning step-by-step from the question and supporting evidence
.

You are given:
- A question: Which vitamin is supplied from only animal source?
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- A candidate answer: Vitamin B12
- Retrieved evidence:
[E1] Vitamin B12 is naturally present in foods of animal origin such

as meat, fish, eggs, milk.
[E2] Plants do not naturally contain reliable amounts of vitamin B12

; plant-based foods provide B12 mainly when fortified or
contaminated by microorganisms.

[E3] Vitamin B12 is synthesized by microorganisms and accumulates in
animal tissues through the food chain, making animal-derived

foods the primary natural dietary source.
[E4] Vitamin B12 is related to animal products.
[E5] Vitamin A is found in animal-derived foods such as liver, fish

oils, egg yolk, and dairy products, and it can also be obtained
from plant sources as provitamin A carotenoids

Using the information above, generate a step-by-step chain of
reasoning that links the question to the candidate. The
explanation should integrate relevant facts from both textual
and graph-based evidence and show how they relate to the
candidate answer.

Guidelines:
- Focus only on building the reasoning chain from question to

candidate.
- Do not state whether the candidate is correct or incorrect.
- Make sure each explanation is logically complete and includes all

key facts from the question and evidence.

Begin your reasoning below:

7.3.4 Stage 3: Answer Generator

Given the reasoning chains produced for each candidate, the final decision
stage selects the most plausible option by comparing the overall explanatory
strength across these chains. Concretely, each chain is written as a step-by-
step explanation that links the input question q to a particular candidate ci,
using both retrieved textual and graph-based evidence.

We concatenate all chains into a single structured prompt, where each line
corresponds to the explanation associated with one candidate. The model
is then instructed to solve the question step by step so that it explicitly
examines and contrasts the reasoning paths. Based on this comparison, it
determines which candidate is supported by the strongest rationale and uses
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that rationale to produce the final answer prediction.
Formally, we define the Answer Generator as a function fAG that takes the

question q, the candidate set C, and the corresponding collection of reasoning
chains RC = {rc1, rc2, . . . , rcn}, and returns a predicted answer c∗:

c∗ = fAG(q, C,RC) (7.12)

To reliably elicit the final prediction, we use the following prompt tem-
plate, which encourages introspective reasoning grounded in the provided
chains:

You are a reasoning evaluator. Your task is to analyze multiple
reasoning chains generated for each candidate answer to a given
question and select the most plausible answer based on logical
support.

You are given:
- A multiple-choice question: {question}
- A set of candidate answers: {candidate_list}
- A collection of reasoning chains for each candidate. Each chain is

a step-by-step explanation connecting the question to that
candidate using retrieved evidence.

Below are the reasoning chains:

{reasoning_chains_formatted}

Your task:
1. Carefully read the reasoning chains for each candidate.
2. Identify which candidate answer is most strongly supported across

its chains.
3. Compare the logical coherence, factual grounding, and

informativeness of the chains.
4. Choose the best answer.

Guidelines:
- Do not rely on the majority count. Based on your choice about the

quality and consistency of reasoning.
- Focus on factual accuracy, logical flow, and connection to the

original question.

Your final output should be in the following format:

Answer: <final_answer_choice>
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To illustrate the Answer Generate stage in our pipeline, we provide a
concrete example in which the model is asked to select the final answer by
comparing several candidate-specific reasoning chains rather than answering
the question directly. The question asks which vitamin is supplied only from
animal sources, and the supporting evidence consistently characterizes vita-
min B12 as naturally present in animal-derived foods while not being reliably
available in plants unless through fortification or microbial contamination.
Accordingly, the reasoning chains for option B (Vitamin B12) are both better
grounded and more logically coherent than those for the remaining options,
which are not supported by any explicit statements in the evidence set.
This example highlights how the evaluator prioritizes factual grounding and
internal consistency of reasoning, reducing the risk of choosing an option
based on surface plausibility or majority voting.

You are a reasoning evaluator. Your task is to analyze multiple
reasoning chains generated for each candidate answer to a given
question and select the most plausible answer based on logical
support.

You are given:
- A multiple-choice question: Which vitamin is supplied from only

animal source?
- A set of candidate answers:
A) Vitamin C
B) Vitamin B12
C) Vitamin D
D) Vitamin K

- A collection of reasoning chains for each candidate. Each chain is
a step-by-step explanation connecting the question to that

candidate using retrieved evidence.

Below are the reasoning chains:

Chain 1
1) The question asks which vitamin is supplied only from an animal

source.
2) Evidence states that vitamin B12 is naturally present in foods of

animal origin (meat, fish, eggs, milk).
3) Evidence also states that plants do not naturally contain

reliable amounts of B12; plant-based foods provide B12 mainly
when fortified or contaminated by microorganisms.

4) Therefore, among the options, vitamin B12 best matches the
criterion of being supplied only from animal sources (naturally)
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Chain 2
1) To determine a vitamin supplied only from animal sources, we

check whether it is naturally available in plants.
2) Vitamin B12 is synthesized by microorganisms and accumulates in

animal tissues through the food chain, making animal-derived
foods the primary natural dietary source.

3) Plants do not naturally contain reliable amounts of B12.
4) Thus, vitamin B12 is the most strongly supported answer for "only

animal source" in a natural dietary sense.

Chain 3
1) The key requirement is exclusivity to animal-derived foods.
2) Evidence explicitly links vitamin B12 to animal products.
3) Additionally, evidence lists animal-origin foods as natural

sources of B12.
4) Since the other options are not supported as "only animal source"

by the provided evidence, vitamin B12 is the best-supported
choice.

Chain 4
1) The question asks which vitamin is supplied only from animal

source.
2) The provided evidence discusses vitamin B12 and vitamin A, but

does not mention vitamin C as being supplied only from animal
sources.

3) Since there is no passage support for vitamin C in the evidence
set, this candidate is weakly grounded compared with vitamin B12
. (No supporting evidence for A)

Chain 5
1) The question asks which vitamin is supplied only from animal

source.
2) The evidence set provides support that vitamin B12 is naturally

present in animal foods and not reliably present in plants.
3) The evidence set does not provide any statements about vitamin D

or vitamin K sources, nor does it claim either is only from
animal sources.

4) Therefore, vitamin D and vitamin K are not supported by the given
evidence, making them less plausible than vitamin B12. (No

supporting evidence for C/D)
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Your task:
1. Carefully read the reasoning chains for each candidate.
2. Identify which candidate answer is most strongly supported across

its chains.
3. Compare the logical coherence, factual grounding, and

informativeness of the chains.
4. Choose the best answer.

Guidelines:
- Do not rely on the majority count. Based on your choice about the

quality and consistency of reasoning.
- Focus on factual accuracy, logical flow, and connection to the

original question.

Your final output should be in the following format:

Answer: <final_answer_choice>

7.4 Experiment Settings

7.4.1 Implementation Details

To determine the final configuration, we search the number of retained
chunks (top-k) and the number of retained triples (top-s) over the following
candidate ranges:

• k ∈ {5, 10, 15, 20}
• s ∈ {5, 10, 15, 20}

Across the explored settings, we observe that k = 15 and s = 10 deliver
the best overall performance, and we therefore adopt these values in all
reported results. We encode chunks with the BGE model [126] to obtain
1024-dimensional semantic embeddings and index them using FAISS [216] to
support efficient retrieval. All experiments are conducted on an NVIDIA
A100 GPU with 40GB memory. For the answer generation component,
we use open-source language models as the backbone of the framework,
specifically Llama 3.3-70B-Instruct [127] (referred to as Llama3.3-70B),
as well as Qwen2.5-14B-Instruct and Qwen2.5-72B-Instruct [128] (denoted
as Qwen2.5-14B and Qwen2.5-72B, respectively), all running with 4-bit
quantization [129]. We set the decoding temperature to 0 to keep the
generation deterministic. Finally, for a fair and consistent comparison with
prior state-of-the-art methods, including from QA-GNN [2], DRAGON [219],
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and GREASELM [220] to MixLoRA [221], which report results exclusively
in terms of accuracy, we also use accuracy (%) as the evaluation metric.

7.4.2 Data Preparation

Table 7.2 presents the evaluation benchmarks used in our experiments. In
particular, we evaluate our proposed framework on six diverse multiple-
choice QA datasets, covering both general-domain and specialized settings:
CommonsenseQA (CSQA) [222], OpenBookQA (OBQA) [223], RiddleSense
(Riddle) [224], Physical Interaction QA (PIQA) [225], MedMCQA [195], and
ARC_C [226].

Table 7.2: Overview of dataset statistics. The symbol “–" denotes dataset
splits that were either unavailable or not used in our experiments.

Task Dev Test

CommonsenQA official split 1,221 -
OpenBookQA - 500
RiddleSenseQA 1,021 -
PIQA 1,838 -
MedMCQA 4,183 -
ARC_C - 1,172

CommonsenseQA (CSQA) CommonsenseQA is a multiple-choice
question answering benchmark centered on general commonsense reason-
ing, and it is constructed using ConceptNet [163]. The dataset contains
12,247 questions, each accompanied by five answer options. Since the
CommonsenseQA test split is not publicly released, we follow [222] and run
all comparisons with baseline methods as well as ablation analyses on the
development set of the official split.

OpenBookQA (OBQA) OpenBookQA is a four-choice multiple-choice
QA task that targets reasoning with elementary-level science knowledge. It
includes 5,957 questions, and we report the accuracy of our system on the
official test set provided by [223].

RiddleSense (Riddle) RiddleSense is a dataset designed to measure
higher-level commonsense reasoning through riddle-style questions. This
benchmark introduces a a distinctive multiple-choice question-answering
challenge that requires understanding figurative expressions, counterfactual
reasoning, and other advanced natural language understanding capabilities.
Because the RiddleSense test set is not publicly available, we conduct
evaluation on its development set as released in [224].
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Physical Interaction QA (PIQA) The PIQA dataset is designed
to address the challenging task of reasoning about physical commonsense
in natural language. As PIQA does not release its test set, we use the
validation split from [225], which contains 1,838 two-choice questions focused
on physical intuition.

MedMCQA MedMCQA is a benchmark for answering real-world med-
ical entrance examination questions, covering a wide range of medical topics
drawn from the AIIMS & NEET PG entrance exams. In this work,
since ground-truth labels for the test set are not provided, we adopt the
development split from the original MedMCQA, consisting of 4,183 medical
questions, for evaluating our framework.

AI2’s Reasoning Challenge (ARC) AI2’s Reasoning Challenge (ARC)
evaluates reasoning on science multiple-choice questions spanning grades 3
through 9. ARC is organized into two parts, Easy and Challenge, where
the Challenge set contains harder problems that demand stronger reasoning.
The ARC_C subset follows a four-option format and includes 2,590 questions
collected from standardized science examinations. We use the official test set
introduced in [226].

7.4.3 Method Selected for Comparison

To assess the empirical effectiveness of our framework, we include several
state-of-the-art (SOTA) reasoning QA systems (sorted by the timeline be-
low).

• QA-GNN [2]: an end-to-end question answering approach that com-
bines pretrained language models with knowledge graphs to strengthen
multi-hop reasoning. It builds a unified graph that links the QA context
with KG entities, and then applies graph neural networks to perform
joint reasoning over both sources.

• DRAGON [219]: a self-supervised pretraining framework that learns
a unified language–knowledge representation by integrating textual
corpora with knowledge graphs.

• GREASELM [220]: a hybrid model that integrates pretrained lan-
guage models with graph neural networks, aiming to enhance question
answering.

• GrapeQA [227]: a framework for commonsense question-answering
that integrates pretrained language models with knowledge graphs .

• Med-PaLM 2 [198]: introduces Med-PaLM 2, an advanced large
language model developed specifically to improve medical question
answering performance.
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• MEDITRON 70B [197]: Released in November 2023, MEDITRON is
an open-source, monolingual biomedical large language model obtained
by further pre-training LLaMA 2 on an additional 45 billion English
tokens to boost domain specialization. It provides two parameter scales
(7B and 70B); however, to keep the comparison aligned with prior
biomedical baselines, we mainly report results for the 7B variant in
this study.

• MVP-Tuning [228]: a retrieval-augmented tuning strategy that lever-
ages similar question–answer pairs from the training data and uses
a single prompt-tuned pretrained language model to fuse retrieved
knowledge with the input text.

• GPT-4 [3]: The authors introduced GPT-4, a large-scale multimodal
model that can accept both text and image inputs while producing text
outputs as its primary response.

• PESC [229]: The authors propose Parameter-Efficient Sparsity Craft-
ing (PESC), which converts dense models into sparse ones by exploiting
a Mixture of Experts architecture.

• G-SAP [230]: A framework that improves commonsense question an-
swering by incorporating graph-structured signals into prompt learning.

• MoSLoRA [231]: Authors proposed the Mixture-of-Subspaces Low-
Rank Adaptation (MoSLoRA) framework, which strengthens common-
sense reasoning by decomposing model weights into multiple low-rank
subspaces and learning an optimal combination of these subspaces.

• Graph Reasoning for Question Answering with Triplet Re-
trieval [30]: Since the paper does not introduce an acronym, we
propose ‘GRQATR’ (Graph Reasoning for Question Answering with
Triplet Retrieval) in this study, as it captures the central idea of
retrieving relevant knowledge graph triplets to support graph-based
question answering reasoning.

• SHAKTI [232]: SHAKTI presents a 2.5 billion parameter language
model tailored for resource-limited settings (e.g., edge devices). Despite
its compact size, it achieves competitive commonsense reasoning results
according to the benchmarks reported by the authors.

• FineMedLM-o1 [233]: This framework improves dialogue and deep
reasoning ability by training on high-quality synthetic medical data
and long-form reasoning traces via Supervised Fine-Tuning (SFT) and
Direct Preference Optimization (DPO).

• MedS3 [234]: a self-improving medical language model proposed for
comprehensive clinical use, with an emphasis on deep reasoning capa-
bility.

• MixLoRA [221]: the authors introduce MixLoRA, a parameter-
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efficient mixture-of-experts design that inserts multiple LoRA experts
into the feed-forward layers of a frozen dense pretrained model.

• Hippocrates [235]: Hippocrates applies LoRA during the Domain-
Adaptive Pre-training stage to effectively integrate medical-domain
knowledge while aiming to preserve the model’s general-purpose rea-
soning ability.

• ISP2 [236]: the authors propose Iterative Summarization Pre-Prompting
(ISP2), a technique designed to enhance LLM reasoning, particularly
in cases essential information is implicit or not directly stated.

• ERA-CoT [237]: This framework is designed to enhance LLMs’
comprehension of context by identifying relationships between entities
while also facilitating reasoning across various tasks using the Chain-
of-Thought (CoT) approach.

• ERA-CoT [237]: a framework that improves LLM’s comprehension
of context by explicitly modeling relationships among entities and
supports reasoning across tasks using Chain-of-Thought.

• RE2 [238]: RE2 is a prompting strategy proposed to improve the rea-
soning performance of Large Language Models by targeting input-side
understanding. In contrast to approaches that mainly induce reasoning
in the output stage, RE2 improves comprehension by instructing the
model to read and process the question twice before generating an
answer.

Finally, due to significant time constraints and limited computational
resources, we could not reproduce all baseline models. Instead, we re-
ran three representative approaches: QA-GNN [2], GREASELM [220], and
PESC [229] in parallel with our proposed framework, and we denote these
reproduced scores using an asterisk ∗ in Section 7.5.1. For all other baselines,
we directly use the officially reported numbers from their original papers;
these results were produced on the same benchmark datasets that have the
same number of questions as in our experiments. Hence, while the reported
improvement percentages should be interpreted with this limitation, the
comparison is still informative and provides a reasonably fair indication of
the strengths of our proposed method.
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7.5 Experiment Results

7.5.1 Main Results

7.5.1.1 Results on Commonsense Reasoning QA Datasets

We perform extensive experiments on several standard MCQA benchmarks
to evaluate the effectiveness of our retrieval-augmented reasoning framework.
Table 7.3 reports results on three representative commonsense reasoning
datasets: OBQA, CSQA, and ARC_C. In contrast to prior studies that often
rely on fine-tuned language models or simple retrieval augmentation, our
approach combines chunk-level retrieval with triple-level retrieval, enabling
more informative and context-sensitive inputs for inference. When paired
with open-source large language models, this design achieve state-of-the-art
results across several of these benchmarks.

Using Qwen2.5-72B, USCRaKE attains 95.4 accuracy on OBQA, improv-
ing upon the strongest baseline (MVP-Tuning) by 4.1 points, and reaches
92.79 on CSQA, outperforming G-SAP by 1.44 points. The advantage of
our retrieval pipeline also extends to smaller models: with Qwen2.5-14B and
Llama3.3-70B, we obtain OBQA accuracies of 92.2 and 94.8, respectively.
While GPT-4 still provides the best result on ARC_C, our method with
open-source LLMs remains strongly competitive, reducing the performance
gap and obtaining 93.69 on this challenging benchmark.
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Table 7.3: Comparison of model performance on the commonsense reasoning
benchmarks OBQA, CSQA, and ARC_C. Accuracy scores for baseline
models (reported from original publications) and our implementations using
Qwen2.5 and Llama3.3 are reported. Bold highlights the best-performing
results, and underlined values indicate the highest baseline performance.
Results reproduced in our experiments are marked with ∗. The symbol “-"
indicates results that were not reported in the SOTA. Blue values indicate
improvements achieved by USCRaKE over the best baseline, whereas red
values indicate a performance decrease of USCRaKE compared to that
baseline.

model
dataset OBQA CSQA ARC_C

Our implementation
USCRaKE (Qwen2.5-14B) 92.20↑0.9 85.53↓5.82 91.49↓4.81
USCRaKE (Qwen2.5-72B) 95.40↑4.1 92.79↑1.44 93.69↓2.61
USCRaKE (Llama3.3-70B) 94.80↑2.9 89.24↓2.11 91.53↓4.77

Baseline (test)
QA-GNN [2] 82.75 ∗ - -

DRAGON [219] 72.00 - -
GREASELM [220] 84.77 ∗ - -

GrapeQA [227] 90.00 - -
MVP-Tuning [228] 91.30 83.29 -

GRQATR [30] 74.93 - -
GPT-4 [3] - - 96.30
PESC [229] - - 65.20
G-SAP [230] 84.52 91.35 -

MoSLoRA [231] 86.80 - 81.50
MixLoRA [221] 86.90 - 79.90

ISP2 [236] - 81.00 -
ERA-CoT [237] - 83.20 -

RE2 [238] - 73.38 84.47

The empirical results indicate that dual-source retrieval can substantially
improve LLM performance without relying on proprietary models or su-
pervised fine-tuning, thereby establishing strong open-source baselines for
open-domain MCQA. Overall, the findings highlight that combining textual
retrieval with knowledge-based retrieval is a key factor in advancing the state
of open-domain multiple-choice question answering.
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7.5.1.2 Results on Other QA Datasets

To assess robustness and adaptability, we further evaluate the method on
three heterogeneous reasoning benchmarks: Riddle, MedMCQA, and PiQA,
as summarized in Table 7.4. On Riddle, USCRaKE with Qwen2.5-72B
reaches 85.01 accuracy, outperforming the best baseline (GRQATR) by more
than 10 points. On PiQA, the same setting achieves 96.24, exceeding G-SAP
by 5.27 points and setting a new high-water mark. In the biomedical setting,
Llama3.3-70B obtains 74.69 on MedMCQA, surpassing Med-Palm 2 by 2.39
points, which evidences that the approach transfers effectively to specialized
domains.

USCRaKE also remains strong with smaller backbones. In particular,
Qwen2.5-14B obtains 78.82 on Riddle and 92.21 on PiQA, and in both
cases it consistently surpasses all evaluated baselines. These improvements
across both general and domain-specific tasks show that retrieval-augmented
reasoning not only boosts absolute performance but also provides reliable,
scalable MCQA with open-source models. We associate these gains with
our hybrid retrieval mechanism, which effectively combines evidence from
complementary sources to support accurate and interpretable reasoning on
complex questions.
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Table 7.4: Accuracy of various models across diverse reasoning tasks, in-
cluding Riddle, MedMCQA, and PiQA datasets. Baseline results (reported
from original publications) and improvements from our approaches using
Qwen2.5 and Llama3.3 are shown, with bold indicating the best performance.
Results reproduced by us are marked with ∗. The symbol “-" indicates
results that were not reported in the SOTA. Blue values indicate performance
improvements, while red values indicate performance decrease of USCRaKE
compared to the best baseline.

model
dataset Riddle MedMCQA PiQA

Our implementation
USCRaKE (Qwen2.5-14B) 78.82↑3.89 65.34↓5.96 92.21↑1.24
USCRaKE (Qwen2.5-72B) 85.01↑10.08 71.65↓0.65 96.24↑5.27
USCRaKE (Llama3.3-70B) 83.61↑8.68 74.69↑2.39 92.82↑1.85

Baseline (test)
DRAGON [219] 71.30 - 81.10

GREASELM [220] 64.88 ∗ - 78.22 ∗
Med-Palm 2 [198] - 72.30 -

MEDITRON 70B [197] - 66.00 -
MVP-Tuning [228] 64.54 - 78.94

GRQATR [30] 74.93 - -
G-SAP [230] - - 90.97

MoSLoRA [231] - - 89.70
SHAKTI [232] - - 86.20

FineMedLM-o1 [233] - 65.26 -
MedS3 [234] - 65.20 -

MixLoRA [221] - - 87.80
PESC [229] - - 82.09 ∗

Hippocrates [235] - 54.30

The consistent performance improvements observed across a range of
datasets are explained by the synergistic structure of our dual-source retrieval
pipeline. Specifically, the pipeline retrieves evidence from two levels in
parallel: chunk-level textual passages and 1-hop knowledge graph triples.
By integrating these complementary forms of evidence, our hybrid retrieval
mechanism not only constructs richer reasoning chains but also enables open-
source LLMs to select answers more accurately without relying on in-context
learning tricks or fine-tuning.

In addition, the enhanced chunk retrieval module contributes significantly
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to the system’s accuracy. Rather than returning broadly relevant or weakly
associated passages, it is better at identifying the most informative chunks
that align with both the question and the answer choices, thereby increasing
the relevance of the textual evidence presented to the model. When combined
with structured knowledge from the graph, the model gains access to both
contextual surface-level contexts and deeper background information. These
design elements enhance the method’s reliability, broaden its applicability
across diverse question types, and improve the interpretability of its reasoning
process.

7.5.2 Ablation Study

To analyze the individual contribution of each retrieval component, we con-
duct ablation studies focused on both the chunk retriever and the knowledge
graph modules.

7.5.2.1 Ablation Study on CommonsenseQA

For the chunk retrieval module, we evaluate our JSD-based optimal transport
method against three alternative measures: MoverScore, Euclidean distance,
and cosine similarity, evaluated on the main commonsense reasoning datasets.
As presented in Table 7.5, our retriever consistently achieves the highest
accuracy across all evaluated datasets and model scales. For instance, under
Qwen2.5-14B, the JSD-based method obtains 90.6 on OBQA, exceeding
MoverScore by 2.2 points and Euclidean distance by 6.6 points. When
using larger backbones, the gains increase further, reaching up to 7.2 points
relative to the baseline similarity metrics. Overall, these findings indicate
that using Jensen-Shannon Divergence to define the retrieval cost leads to
more semantically aligned evidence for downstream reasoning and establishes
a new retrieval-augmented QA benchmark.
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Table 7.5: Accuracy of different chunk retrieval methods: our pro-
posed Jensen-Shannon Divergence, MoverScore, Euclidean distance, and
cosine similarity—on commonsense reasoning benchmarks (OBQA, CSQA,
ARC_C) using different models (Qwen2.5-72B, Qwen2.5-14B, and Llama3.3-
70B). Best results per dataset are highlighted in bold. Blue numbers denote
performance improvement of each chunk retrieval compared to the metric
with the lowest score, and top results are marked in bold.

model
dataset OBQA CSQA ARC_C

Qwen2.5-14B

USCRaKE ( Chunk retrieval with
Jensen-Shannon Divergence) 90.60↑6.6 83.88↑4.13 90.41↑3.79

USCRaKE ( Chunk retrieval with
MoverScore [239] ) 88.40↑4.4 82.44↑2.69 89.87↑3.25

USCRaKE ( Chunk retrieval with
Euclidean distance ) 84.00 79.75 87.15↑0.53

USCRaKE ( Chunk retrieval with
cosine similarity ) 86.20↑2.2 82.21↑2.46 86.62

Qwen2.5-72B

USCRaKE ( Chunk retrieval with
Jensen-Shannon Divergence) 93.60↑6.4 90.81↑4.45 93.25↑3.16

USCRaKE ( Chunk retrieval with
MoverScore [239] ) 90.60↑3.4 88.12↑1.76 92.67↑2.96

USCRaKE ( Chunk retrieval with
Euclidean distance ) 87.20 86.36 89.71

USCRaKE ( Chunk retrieval with
cosine similarity ) 91.80↑4.6 89.53↑3.17 91.93↑2.22

Llama3.3-70B

USCRaKE ( Chunk retrieval with
Jensen-Shannon Divergence) 92.60↑7.2 87.98↑5.19 91.01↑4.5

USCRaKE ( Chunk retrieval with
MoverScore [239] ) 90.20↑5.2 86.03↑3.24 90.52↑4.01

USCRaKE ( Chunk retrieval with
Euclidean distance ) 85.00 82.79 86.51

USCRaKE ( Chunk retrieval with
cosine similarity ) 89.00↑4 85.47↑2.68 88.05↑1.54

7.5.2.2 Ablation Study on other QA Datasets

To further evaluate the generalizability of our retrieval approach, we extend
the ablation analysis beyond commonsense reasoning to three additional
benchmarks: Riddle, MedMCQA, and PiQA. Table 7.6 provides a compre-
hensive comparison between our Jensen-Shannon divergence-based optimal
transport retriever and three commonly used alternatives—MoverScore [239],

170



Euclidean distance, and cosine similarity—across multiple open-source large
language models, namely Qwen2.5-14B, Qwen2.5-72B, and Llama3.3-70B.

Table 7.6: Accuracy comparison of various chunk retrieval strategies: our
proposed Jensen-Shannon Divergence-based method, MoverScore, Euclidean
distance, and cosine similarity—on three distinct reasoning benchmarks:
Riddle, MedMCQA, and PiQA. Blue values denote performance improve-
ment of each chunk retrieval compared to the metric with the lowest score,
while the best results are highlighted in bold.

model
dataset Riddle MedMCQA PiQA

Qwen2.5-14B

USCRaKE ( Chunk retrieval with
Jensen-Shannon Divergence) 76.90↑3.89 62.10↑3.39 90.32↑3.97

USCRaKE ( Chunk retrieval with
MoverScore [239] ) 73.57↑0.56 59.07↑0.36 89.85↑3.5

USCRaKE ( Chunk retrieval with
Euclidean distance ) 73.01 58.71 86.35

USCRaKE ( Chunk retrieval with
cosine similarity ) 74.21↑1.2 59.54↑0.83 87.33↑0.98

Qwen2.5-72B

USCRaKE ( Chunk retrieval with
Jensen-Shannon Divergence) 83.78↑4.49 68.41↑4.19 95.29↑6.16

USCRaKE ( Chunk retrieval with
MoverScore [239] ) 82.34↑3.05 66.31↑2.09 93.78↑4.65

USCRaKE ( Chunk retrieval with
Euclidean distance ) 79.29 64.22 89.13

USCRaKE ( Chunk retrieval with
cosine similarity ) 81.41↑2.12 65.17↑0.95 92.02↑2.89

Llama3.3-70B

USCRaKE ( Chunk retrieval with
Jensen-Shannon Divergence) 82.79↑4.41 71.15↑5.32 91.56↑4.55

USCRaKE ( Chunk retrieval with
MoverScore [239] ) 80.65↑2.27 68.81↑2.98 89.34↑2.33

USCRaKE ( Chunk retrieval with
Euclidean distance ) 78.38 65.83 87.01

USCRaKE ( Chunk retrieval with
cosine similarity ) 82.23↑3.85 69.35↑3.52 89.27↑2.26

Across all datasets and model scales, our JSD-based retriever delivers
the best accuracy among the compared retrieval strategies. Concretely, on
Riddle, Qwen2.5-72B with our retriever reaches 83.78, yielding a +4.49 point
gain over the strongest Euclidean distance baseline. The same configuration
on PiQA achieves 95.29, exceeding Euclidean distance by 6.16 points. The
advantage is also evident in the biomedical setting: Llama3.3-70B obtains
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71.15 on MedMCQA, which is 5.32 points higher than the Euclidean baseline.
Notably, the improvements are not limited to large models—using the
smaller Qwen2.5-14B, our retriever still improves results on all three datasets,
indicating that the scalability of the approach.

Overall, these findings show that our JSD-based retriever generalizes
reliably across domains and question styles, and it clearly surpasses conven-
tional distance-based retrieval. By more accurately capturing the semantic
relationships between questions, answer choices, and candidate chunks, our
strategy supplies open-source LLMs with higher-quality, more relevant con-
textual evidence—thereby enhancing performance in a variety of challenging
reasoning scenarios. These consistent gains directly substantiate our core
contribution: in unsupervised retrieval settings, the JSD-based approach
better captures distributional mismatches between query and candidate
chunks than standard similarity measures like cosine or Euclidean distance.

7.5.2.3 Analysis: Effect of Knowledge Graph retrieval

Table 7.7 presents the performance of our knowledge graph retrieval module
evaluated on six diverse reasoning benchmarks using three open-source
LLMs: Qwen2.5-14B, Qwen2.5-72B, and Llama3.3-70B. The results con-
sistently demonstrate that integrating knowledge graph evidence leads to
accuracy improvements across all datasets and all model sizes. Specifically,
with Qwen2.5-72B, our method achieves the top performance on four of
the six benchmarks: OBQA (91.0), CSQA (88.05), ARC_C (91.36), and
PiQA (93.35). On Riddle and MedMCQA, Llama3.3-70B shows particularly
strong results, attaining 80.84 and 69.98, respectively, and notably exceeds
Qwen2.5-72B on MedMCQA by over five points. This suggests that the
advantages of structured retrieval are preserved and even amplified as model
capacity increases, particularly for tasks that require relational or multi-hop
reasoning. Importantly, Qwen2.5-14B is also robust, reaching 88.0 on OBQA
and 89.43 on PiQA, indicating that graph-derived context is beneficial even
for moderate-sized models.

Consistent gains across domains—including general commonsense (CSQA,
ARC_C), biomedical (MedMCQA), and abstract reasoning (Riddle) -
demonstrate the versatility of our approach. By incorporating ConceptNet
triples, the model gains access to explicit relational structures that text-only
retrieval may overlook, thereby enriching the evidence available for answer
selection. Overall, these findings confirm that structured knowledge graph
retrieval significantly strengthens the reasoning capabilities of open-source
LLMs, enabling them to perform more effectively and adaptably across
a broad range of multiple-choice question-answering tasks. Moreover, the
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results reinforce that such structured retrieval not only enhances contextual
grounding but also empowers models to handle complex relational questions
that would otherwise be inaccessible using text alone.

Table 7.7: Accuracy comparison of our knowledge graph retrieval framework
across six diverse reasoning datasets (OBQA, CSQA, ARC_C, Riddle,
MedMCQA, and PiQA) using different open-source LLMs (Qwen2.5-14B,
Qwen2.5-72B, and Llama3.3-70B).

model
dataset OBQA CSQA ARC_C Riddle MedMCQA PiQA

USCRaKE (Qwen2.5-14B) 88.00 81.92 88.56 74.15 59.12 89.43
USCRaKE (Qwen2.5-72B) 91.00 88.05 91.36 81.23 64.67 93.35
USCRaKE (Llama3.3-70B) 90.60 84.15 89.37 80.84 69.98 89.83

Our ablation results highlight the central role of retrieval in final perfor-
mance. Compared to standard similarity measures, our enhanced chunk re-
triever consistently yields more relevant and better-aligned textual evidence,
thereby improving the model’s ability to perform accurate reasoning. Com-
bined with structured triples from the knowledge graph, the dual-retrieval
setup enables robust generalization across commonsense and domain-specific
questions. These findings validate the importance of using a hybrid and
semantically grounded retrieval design in improving reasoning quality.

7.5.3 Computational Cost

To assess the computational costs of our framework across different LLMs,
this subsection reports the end-to-end runtime on six datasets (Table 7.8.
A consistent pattern emerges: retrieval is the dominant cost, contributing
for roughly 90% of total runtime. In contrast, knowledge-graph reasoning
contributes about 8–10%, and the answer generator remains below 6%, even
when using 70B-parameter models. Total runtime increases with dataset size,
largely because the framework must compute optimal-transport distances
with a JSD ground metric across a large retrieval pool. Although the three
generators have different decoding throughput, their influence on end-to-end
time is limited once retrieval is included. For instance, moving from a 14B
model to a 70B model raises overall latency by only 5–8%, since generation
constitutes only a small portion of the pipeline. Accordingly, the “Average
Time" column—defined as the mean across generator settings—changes only
modestly with model scale, because retrieval dominates the overall budget.
These observations imply that meaningful acceleration depends mainly on
retrieval-related hyperparameters, including the FAISS candidate pool size
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R and the degree of parallelization used for chunk retrieval scoring. Finally,
MedMCQA exhibits a much larger absolute runtime because it contains
substantially more questions than the other benchmarks. However, after
normalizing by minutes per question, the runtime is similar across datasets
(16–19 min/Q), suggesting that the framework scales approximately linearly
with dataset size rather than introducing disproportionate overhead.

Table 7.8: End-to-end runtime per dataset. Values are reported in hours (h),
with minutes per question (min/Q) shown in the rightmost column.
Dataset Chunk retrieval Knowledge Graph

Reasoning
Answer Generator Average Time min/Q

Qwen2.5-14B Llama3.3-70B Qwen2.5-70B

OBQA 132h 16h 1.4h 9.7h 8.3h 153h 17.36min
CSQA 289h 38h 3.4h 23.7h 20.4h 343h 16.8min
ARC_C 305h 36h 3.3h 22.8h 19.5h 360h 17.6min
Riddle 293h 33h 2.8h 19.8h 17.0h 339h 19.8min
MedMCQA 984h 74h 11.6h 81.4h 69.7h 1016h 16.2min
PiQA 480h 50h 5.1h 35.7h 30.7h 553h 18.6min

7.5.4 Effect of FAISS candidate-pool size R

We investigate how the coarse retrieval pool size R influences USCRaKE
by evaluating 100 randomly sampled questions from OBQA and CSQA.
Figure 7.4 shows that increasing the FAISS pool from 15k to 20k leads
to steady improvements in accuracy on both datasets. On OBQA, accuracy
increases from 86.19% to 87.51%, corresponding to an improvement of +1.32
points. On CSQA, accuracy rises from 83.98% to 84.74%, corresponding to
an improvement of +0.76 points.
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Figure 7.4: Comparative analysis of different pool size R on the two datasets
CSQA and OBQA.

These improvements arise because a larger candidate pool increases the
likelihood of capturing relevant evidence chunks, which our fine-grained
semantic matcher can then promote into the final top-ranked set. In practice,
this suggests that setting R = 20k offers a favorable choice when maximizing
accuracy is the main objective, while acknowledging that it introduces
additional retrieval overhead.

7.5.5 Analysis of top-k and top-s

Figure 7.5 presents the effect of varying the chunk budget k and the triple
budget s on accuracy. On both OBQA and CSQA, performance improves
steadily when k increasing from 5 to 15, but then drops slightly at k = 20,
showing that larger chunk pools eventually introduce noise that offsets recall
gains. A similar trend is observed for the triple budget: moving from s = 5
to s = 10 yields clear improvements, whereas higher values (s ≥ 15) provide
little benefit and may even reduce accuracy. The best results are consistently
achieved with k = 15 and s = 10, where accuracy reaches 95.6% on OBQA
and 92.8% on CSQA. Overall, these findings demonstrate that moderate
retrieval budgets effectively balance comprehensive evidence coverage against
noise suppression, while also mitigating the unnecessary computational over-
head associated with excessively large retrieval candidates.
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Figure 7.5: Comparative analysis with different top-k and top-s on the two
datasets OBQA and CSQA.

7.6 Error Analysis

To better understand the limitations of our hybrid retrieval framework, we
analyze two representative failure cases. These examples illustrate how
abstract or metaphorically phrased queries can challenge both chunk-level
and knowledge graph retrieval, especially when such queries lack dense lexical
anchors or exhibit ambiguous semantics.
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Figure 7.6: Error Analysis for Abstract Goal-Oriented Query

Figure 7.6 presents the system output for the question: “What do people
aim to do at work?". The gold answer is complete job, whereas the system
predicts learn from each other. This question is highly abstract and goal-
oriented, but it does not contain strong lexical indicators of the intended
objective. Consequently, most of the top-ranked chunk passages emphasize
general workplace activities (e.g., communication and teamwork) rather
than the concrete goal of finishing tasks. Among the top twenty retrieved
passages, only two explicitly mention completing a job, suggesting that the
chunk retriever tends to prefer thematically related evidence even when it
is not aligned with the question’s core intent. A similar pattern appears
in KG retrieval: although relevant triples are retrieved (e.g., (“worker",
“CapableOf", “complete job")), they are dominated by triples that stress
social interaction or learning, such as (“student", “CapableOf", “learn from
teacher") and (“people", “CapableOf", “talk to each other"). As a result,
the retrieved evidence broadly matches the workplace setting but does not
sufficiently emphasize the principal objective, revealing a limitation in intent
alignment for abstract queries.
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Figure 7.7: Error Analysis for Figurative Metaphorical Query

The second example, shown in Figure 7.7, involves a metaphorically
expressed question: “I saw a strange creature long, hard, and straight,
thrusting into a round, dark opening preparing to discharge its load of lives..."
The correct answer is train, but the system outputs space. In this case,
the query relies heavily on figurative imagery rather than explicit reference
terms, which makes retrieval especially susceptible to misleading overlaps.
At the chunk level, the retriever returns passages about nocturnal creatures
(e.g., Bigfoot), largely triggered by surface matches with words such as
“creature", “dark", and “nocturnal", while failing to recover evidence related
to transportation. The KG retriever exhibits the same tendency, producing
triples such as (“hole", “RelatedTo", “space") and (“dark", “LocatedNear",
“space"), driven by prominent but contextually unhelpful terms in the
question. Although some relevant KG evidence exists (e.g., (“passenger",
“PartOf", “train")), it is too limited to shift the overall evidence distribution
toward the correct interpretation. This failure illustrates how metaphorical
phrasing, when paired with sparse lexical anchoring, can cause retrieval to
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overweight coincidental associations instead of the intended concept.
In summary, these two cases underscore a recurring limitation in our

hybrid retrieval system: for queries that are abstract, ambiguous, or figura-
tive, both chunk-level and KG-based retrievers tend to prioritize surface-
level similarity at the expense of task-specific intent. In the abstract
case, the system conflates surrounding workplace context (e.g., teamwork
and communication) with the latent goal (e.g., task completion). In the
metaphorical case, retrieval is primarily driven by shallow word overlap,
producing evidence that appears related at the term level but is pragmatically
misaligned with the correct answer. These difficulties are closely tied to the
distributional nature of such queries, including sparse lexical cues, broad
expressions, and limited concrete descriptors. While the framework performs
well on literal and well-grounded questions, it is less reliable when ambiguity
and figurative language dominate the input. Without additional reranking or
verification, the system cannot consistently disambiguate these cases. This
analysis motivates future extensions toward goal-aware retrieval, pragmatic
reasoning, and stronger verification strategies that better align retrieved
evidence with the true intent of the query.

7.7 Conclusion

We present USCRaKE, a unified retrieval-and-reasoning framework designed
to improve language model performance by combining fine-grained semantic
chunk retrieval, knowledge graph reasoning, and structured answer gener-
ation. The main novelty is a fully unsupervised dual-evidence pipeline:
Optimal Transport with Jensen-Shannon Divergence delivers precise text
grounding, while verbalized knowledge graph triples provide essential struc-
tured cues. A key contribution is an unsupervised semantic retrieval module
built on Optimal Transport, where the transport cost is defined via Jensen-
Shannon Divergence within the Word Mover’s Distance framework. This
formulation supports semantically aligned evidence retrieval without requir-
ing annotated supervision or training a dense retriever.

To further enhance retrieval quality, the framework integrates 1-hop
subgraphs from ConceptNet to capture relational paths between question and
context entities. Evidence from both chunk-based and graph-based sources
is then re-ranked with a cross-encoder, which reduces noise and improves
overall coherence. On top of this evidence, the reasoning component produces
contrastive, candidate-specific rationales, explicitly encouraging the model
to differentiate among answer choices. The final prediction is obtained by
selecting and aggregating the most plausible and coherent explanation, which
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improves factual accuracy and helps mitigate hallucinations.
Experimental results indicate that this hybrid combination of unsu-

pervised semantic retrieval, structured knowledge graph reasoning, and
contrastive explanation generation yields substantial gains in robustness,
grounding, and interpretability for complex question answering tasks. Over-
all, USCRaKE offers a promising direction for retrieval-augmented language
modeling in both general-domain and specialized-domain settings.

Despite these advantages, the framework remains less effective on ques-
tions that are highly abstract, ambiguous, or dependent on implicit knowl-
edge. Future work could investigate retrieval mechanisms that are more sen-
sitive to the underlying intent of the question, rather than relying primarily
on surface-level similarity. Exploring approaches that incorporate pragmatic
and contextual understanding, as well as mechanisms for verifying the factual
consistency of retrieved evidence, could further enhance the reliability of the
system.

Chapter Summary

This chapter presented USCRaKE, an unsupervised framework for evidence
selection in retrieval-augmented reasoning, designed to reduce reliance on
labeled data while improving the faithfulness of retrieved context. The
core motivation is that many RAG pipelines still retrieve evidence using
lexical matching or pointwise vector similarity, which can capture topical
relatedness but often fails to preserve the distribution-level semantics needed
for multi-hop inference. To address the limitation, USCRaKE formulates
chunk retrieval as an Optimal Transport problem and uses Jensen–Shannon
divergence as the ground cost, enabling retrieval that compares distributions
of contextual tokens rather than a single pooled embedding. This design
makes the retriever more sensitive to subtle semantic shifts and better suited
for selecting precise supporting evidence in a fully unsupervised manner.
The chapter also described the complete pipeline from chunk segmentation
and embedding construction to Optimal Transport-based scoring and final
ranking, emphasizing that the method can be integrated with open models
without task-specific fine-tuning. Empirical results across general, biomedi-
cal, and scientific benchmarks showed that USCRaKE consistently improves
evidence quality and downstream accuracy compared with conventional
similarity-based retrieval. Beyond accuracy, the framework strengthens
interpretability by making the retrieval decision more principled and easier to
diagnose when errors occur. Overall, USCRaKE establishes a retrieval foun-
dation for evidence-based reasoning in this thesis by prioritizing verifiable,
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semantically aligned context selection.
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Chapter 8

Conclusions and Future Work

8.1 Conclusions

This dissertation develops a unified, unsupervised, and explainable framework
for evidence-based reasoning across text, knowledge graphs, and tables.
The core claim established in the dissertation is that trustworthy use of
LLMs in scientific and biomedical settings requires not only fluent answers
but also (i) inspectable evidence selection and (ii) verifiable reasoning traces.
To meet this requirement without task-specific supervision, the thesis follows
three design principles: (1) make model knowledge explicit when possible, (2)
retrieve evidence precisely, and (3) produce reasoning artifacts that humans
can inspect and verify.

Concretely, the framework contributes a family of unsupervised evidence
selectors that can be plugged into different reasoning settings. For knowledge
extraction, we cast tuple selection as an Optimal Transport view with cosine-
based matching to retain contextually consistent relations. For text retrieval,
we use Optimal Transport with Jensen–Shannon divergence to compare
representations in a stable and distribution-aware manner. For graph
reasoning, we select question-relevant multi-hop paths from a biomedical
knowledge graph using unsupervised graph attention and then verbalize them
as compact evidence for an LLM. For tables, we perform KG-free evidence
compression through spherical k-means column selection and generate struc-
tured, counterfactual explanations with fine-grained citations. Together,
these components support both question answering and fact verification while
keeping decisions auditable.

The main contributions of this dissertation are summarized as follows:

• Chapter 3: UCRET — Unsupervised Column Relevance
Extraction for Table-Based Fact Verification. We propose
UCRET, a KG-free framework for table-based fact verification that
performs unsupervised evidence compression via spherical k-means col-
umn selection. It forms a collapsed evidence table and produces label-
conditioned explanations (SUPPORTS, REFUTES, NOT ENOUGH
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INFO) with fine-grained, citation-grounded rationales.
• Chapter 4: UCRET-JS — Unsupervised Column Relevance

Extraction for Table-Based Question Answering. We introduce
UCRET-JS, which strengthens semantic column selection by replac-
ing cosine-based similarity with a Jensen–Shannon-divergence alter-
native over contextual token distributions. This improves robustness
for option-driven table question answering while preserving the same
unsupervised and explainable design.

• Chapter 5: K-Bloom — Unsupervised Knowledge Extraction.
We propose K-Bloom, which converts implicit knowledge in pretrained
language models into an explicit and reusable knowledge graph by
harvesting high-precision tuples. The method adopts an Optimal-
Transport perspective with cosine-based matching to reduce noisy
or inconsistent extractions and to produce an interpretable symbolic
resource.

• Chapter 6: UGAT-MedQA — Unsupervised Graph Atten-
tion for Biomedical Question Answering. We develop UGAT-
MedQA, which applies unsupervised graph attention to select question-
relevant nodes and salient multi-hop paths from the extracted biomed-
ical KG. The selected subgraph is verbalized into compact evidence
chains to support step-by-step biomedical question answering without
node-level supervision.

• Chapter 7: USCRaKe — Unsupervised Semantic Retrieval for
Text with Lightweight Knowledge Graph Evidence. We present
USCRaKe, an unsupervised retrieval-and-reasoning framework for
multiple-choice question answering. It introduces semantic chunk
retrieval based on Optimal Transport with Jensen–Shannon divergence
and integrates lightweight one-hop ConceptNet evidence to support
answer selection with interpretable rationales.

Overall, this thesis shows that evidence-based reasoning does not require
heavy supervision to be practical. By focusing on unsupervised evidence
selection and verifiable reasoning artifacts, the proposed framework improves
transparency and supports reliable analysis in scientific and biomedical
settings, where users must inspect both evidence and reasoning rather than
only accept an answer.

8.2 Future Work

Although the proposed framework is fully unsupervised and modular, there
remain several promising directions to improve reliability and coverage:
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• Unsupervised Knowledge Extraction. Future work should reduce
hallucinated or inconsistent tuples by adding stronger consistency
checks during extraction. Another open challenge is how to evaluate
knowledge coverage in a principled way. Since coverage is difficult
to measure directly, future work can explore improved evaluation
protocols using entity matching, contextual validation, and alignment
with external knowledge bases when available.

• Unsupervised Chunk Retrieval. A key next step is to design
retrieval strategies that better reflect the intent of the question, not
only surface similarity. Incorporating lightweight verification signals
for retrieved evidence could further improve reliability, especially in
settings where retrieved context contains distractors or partially rele-
vant information.

• Unsupervised Graph Attention for Biomedical Reasoning.
Future work can increase KG coverage by integrating multiple com-
plementary medical knowledge graphs and developing automatic KG
updating methods to reduce missing links and outdated facts. The
verbalized reasoning chains produced by our approach also provide a
natural interface for future clinical decision support settings, where
transparency and traceability are essential.

• Unsupervised Table Evidence Selection. For tables, future work
can extend column selection to jointly identify informative rows (e.g.,
bidirectional selection over rows and columns) to better handle large
or noisy tables. Additional improvements may include more robust
table parsing and normalization to support heterogeneous real-world
schemas and domain-specific formatting.
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