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Abstract

Large Language Models (LLMs) have demonstrated remarkable question-answering
(QA) capabilities, yet their decision processes and outputs often remain opaque and prone
to factual inconsistencies. While existing methods evaluate or ground LLM outputs af-
ter generation, they typically lack mechanisms for aligning LLM reasoning with external
knowledge sources. This thesis introduces ApresCol, a lightweight model-agnostic frame-
work that validates LLM reasoning by grounding it in an external knowledge graph (KG).
ApresCol operates through three main components: Subgraph Retrieval, which extracts a
KG subgraph relevant to a given query; Triple Extraction and Parsing, which converts the
LLM’s output into factual triples; and Matching, which aligns these triples with entities
and relations in the extracted KG subgraph. The integration of these modules enables
alignment between LLM reasoning and structured knowledge, producing traceable and
structured explanations alongside model outputs. We evaluate alternative retrieval and
matching strategies, analyze their trade-offs, and demonstrate how AprésCol helps users
surface reasoning gaps, hallucinations, and missing facts. Experiments across multiple
domains, including large-scale KGs, highlight ApresCol’s effectiveness in advancing trust-
worthy and explainable Al
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Chapter 1

Introduction

1.1 Motivation

Large language models (LLMs) have brought major advances to natural language pro-
cessing, demonstrating strong generative performance on tasks such as question answer-
ing (QA). However, despite their capabilities, these models can suffer from hallucination,
generating confident yet inaccurate outputs, which poses challenges for their adoption in
sensitive domains such as healthcare and education.

To address hallucination, systems such as Google Gemini,! Perplexity,> and Microsoft
Copilot® adopt retrieval-augmented generation (RAG) [23], where relevant documents (from
the web or a private knowledge base) are retrieved and added to the LLM’s context to
ground its response. This allows the model to reason over external information during
inference and combine its pretrained knowledge with retrieved content via in-context learn-
ing [5].

However, RAG does not guarantee that the retrieved information will actually influence
the model’s response. Tracing the provenance of a generated answer often requires addi-
tional effort, either through a secondary model that attempts post-hoc citation recovery
[24], which itself may hallucinate, or by repeatedly querying the LLM with subsets of the
retrieved content to infer which sources affected the output [2, 32]. Both approaches can
be unreliable and computationally expensive.

1https://gemini.google.com/
2https://www.perplexity.ai/
3https://copilot.microsoft.com/
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Beyond provenance tracing, recent work in fact checking aims to assess whether an
LLM’s output aligns with external evidence. Here, existing approaches focus on verify-
ing the final output rather than the reasoning process leading to it. However, ensuring
valid reasoning is equally important in high-stakes domains to build trust in LLMs. For
example, in our use cases (Section 4.4.3), we analyze inference differences across LLMs
and highlight instances of implausible reasoning steps and unsupported inference. Such
cases can undermine trust in a model’s decision-making, even when the final answer seems
plausible.

To enable reasoning-level verification, we build on two observations:

e that modern LLMs can generate their reasoning steps, e.g., via chain of thought
(CoT) prompting [15], by appending the sentence “Let’s think step by step” to the
query; and

e that these steps, if plausible, can be mapped to facts stored in a knowledge graph
(KG) to produce a data provenance trail leading to a structured explanation.

These observations motivate a framework that grounds an LLM’s reasoning process in
structured knowledge, enabling both interpretability and verifiable reasoning.

1.2 Contributions

Leveraging the above observations and addressing the gaps identified in existing work, we
design ApresCol as a post-hoc tool applicable to any LLM or QA system that exposes its
reasoning process, provided that a corresponding KG exists or can be constructed from
a suitable document corpus. It allows users to pose questions across various domains by
selecting an LLM of their choice along with a corresponding KG for verification. ApresCol
then aligns both the model’s answers and its reasoning steps against the KG. Optionally,
users may enable RAG mode, where ApresCol supplements the LLM with contextual in-
formation drawn from the KG to facilitate question answering. Examples showing both
RAG and non-RAG modes are included within the Experiments section (Section 4.4).

We make the following contributions.

1. LLM-KG Reasoning Alignment: We present AprésCol, a framework that ex-
plains LLM reasoning by aligning their generated answers and intermediate steps
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with entities and relations in a KG. The idea is inspired by nearest neighbor LLMs
[19]; i.e., looking up documents most similar to the prompt and using the content of
these documents to either modify next-token probabilities or as a form of citation.
However, our use of LLM reasoning to trace structured inference paths over a KG is
novel.

2. Modular Framework: AprésCol follows a modular architecture consisting of three
main components.

(a) The Subgraph Retriever extracts a KG subgraph relevant to the user’s question.

(b) The Triple Extractor and parser converts the LLM’s response into final answers
and factual triples.

(¢) The Matcher aligns the processed LLM responses with entities and relations in
the retrieved subgraph.

Proposing new strategies to design these modules and their integration is the key
contribution of this work, enabling reasoning alignment and explanation over large-
scale KGs in an interactive setting.

3. Validation: The interpretability and quality of ApresCol’s explanations depend on
how each system component is implemented. We validate these design choices in
two ways: first, through experiments that evaluate alternative implementations and
justify our selected configurations; and second, through use cases that demonstrate
ApresCol’s effectiveness as an explanation tool.

(a) Module-level evaluation: We evaluate different implementations of the main
components, particularly the Subgraph Retrieval and Matcher modules,
through studies that compare alternative KG retrieval strategies (Section 4.2)
and embedding models (Section 4.3), assessing their respective trade-offs. The
results show that our enhancements improve the ability of subgraph retrieval
methods to extract question-relevant subgraphs.

(b) Use-cases: We illustrate how ApresCol assists users in interpreting model rea-
soning through three representative scenarios: consistent inference, where
the response is fully supported by the KG; incomplete inference, where the
model’s response is only partially grounded; and KG incompleteness, where
ApresCol helps with identifying missing or insufficient knowledge within the
knowledge graph.
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Figure 1.1 shows AprésCoTl in action.*:> The user selects from a set of preloaded LLMs
(ChatGPT 3.5 with RAG) and the KG (MetaQA Movies), and asks for the release years
of movies starring actor Jean Rochefort. The LLM’s answer (1972 and 1990), along with
the parsed chunks of information used in its reasoning, are displayed both in tabular form
and on the corresponding KG. Dark blue KG nodes represent entities in the question, blue
nodes correspond to answers, and green edges highlight the inference paths that ApresCol
matched to the CoT. This example illustrates full alignment between the LLM output
and the KG: the answers correspond to existing nodes, and the reasoning steps map onto
connected inference paths and demonstrate traceable reasoning.

This thesis is organized as follows. In Chapter 2, we provide the necessary background
and review related work, highlighting the gaps that AprésCol aims to address. Chapter 3
outlines how ApresCol is designed and describes the implementation of each component.
Chapter 4 presents our experimental setup, results, and analysis for evaluating alternative
configurations of these components. This is followed by three use cases to demonstrate
how users can explore inference gaps to discover instances of LLM hallucination or KG
incompleteness. Lastly, Chapter 5 concludes with a summary of findings and directions for
future work.

4ApresCoT is available at http://lg-research-2.uwaterloo.ca:8055/aprescot
5The source code is also available at https://github.com/moeinsh78/ApresCoT

4
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Question LLM Knowledge Graph

What were the release years of the films starred by Jean Rochefort? ChatGPT 3.5 + KG RAG v MetaQA Movies v

Generate

LLM Final Answers LLM Chain of Thought
ID LLM ANSWER ITEM ID LLM CHAIN OF THOUGHT STEP
[A1] | 1972 [s1] Actor "Jean Rochefort" starred in "The Tall Blond Man with One Black Shoe".
[A2] | 1990 [S2] Movie "The Tall Blond Man with One Black Shoe" was released in 1972.
[S3] Actor "Jean Rochefort" starred in "The Hairdresser's Husband".
[s4] Movie "The Hairdresser's Husband" was released in 1990.
Yves Robert
[A1]1972 [A2] 1990 Claude Klotz
yves robert ' French Anna Galiena
written_by
directed_by  [92] release_year [S4] release_year written_by
has_tags " in_language in_language starred_actors
Pierre Richard ~ The Tall Blond Man with One Black Shoe Comedy The Hairdraésser's Husband hairdresser
starred_actors «. has_genre , has_tags
starred_actors [S1] starred_actors [S3] starred_actors
Bernard Blier Jean Rochefort: written_by
has_tags. written_by has_tags |
in_language directed_by
. Patrice L« 1
pierre richard Francis Veber patrice leconte (come
English

Figure 1.1: An explanation produced by AprésCol.



Chapter 2

Background and Related Work

2.1 Background

This section provides the foundational background necessary to contextualize the de-
sign and objectives of ApresCol. It begins by tracing the evolution of language models
and the emergence of large-scale architectures capable of reasoning through context (Sec-
tion 2.1.1). It then introduces retrieval-augmented generation, a paradigm that enhances
factual grounding in LLMs by incorporating external information (Section 2.1.2). It then
continues to discuss structured knowledge sources as popular sources of information in
RAG paradigm, describing how knowledge bases and knowledge graphs represent and or-
ganize factual information (Section 2.1.3), and how such graphs can be constructed from
unstructured text (Section 2.1.4). Lastly, we examine methods for matching and retriev-
ing relevant information from these graphs (Section 2.1.5), and motivate the alignment of
LLM reasoning with structured knowledge to promote interpretability and factual reliabil-
ity (Section 2.1.6).

2.1.1 Language Models and the Rise of LLMs

The evolution of language models has progressed rapidly from context-limited systems
to general-purpose reasoning models. The Transformer architecture introduced by [/1]
replaced sequential processing with a self-attention mechanism, allowing each word to di-
rectly attend to others in a sequence of text and capture long-range dependencies across
text efficiently. Building on this foundation, BERT [9] showed that a bidirectional Trans-
former encoder, pre-trained on large text corpora and later fine-tuned for specific tasks,

6
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could achieve strong language understanding. Soon after, GPT-3 [5] demonstrated that
scaling Transformer-based decoder-only models to hundreds of billions of parameters en-
abled in-context learning: the ability to perform new tasks from examples given in natural
language prompts without additional training. Extending this trend, PaLM [7] combined
massive model size with distributed training infrastructure and introduced chain-of-thought
prompting, where the model generates intermediate reasoning steps to improve multi-step
problem solving. Together, these advances mark the shift from task-specific training to
general-purpose large language models capable of flexible reasoning through context, an
ability that also helps mitigate some limitations of earlier systems by allowing them to
incorporate guidance and clarification directly within their prompts.

2.1.2 Retrieval-Augmented Generation (RAG)

Despite their impressive reasoning ability, large language models are limited by the knowl-
edge embedded in their weights during training, which cannot be updated or verified at in-
ference time. This often leads to factual errors or outdated responses. Retrieval-Augmented
Generation addresses this limitation by allowing models to retrieve external information
and integrate it into their responses.

A RAG system normally consists of a retriever that searches an external corpus for
relevant documents and a generator that conditions its output on both the query and the
retrieved text, which typically is an LLM with the ability of in-context learning. This
architecture enables grounding in real evidence and improves factual accuracy and inter-
pretability. The idea was introduced in [23], showing that coupling retrieval with gener-
ation enhances performance on knowledge-intensive tasks such as open-domain question
answering.

Later work refined this paradigm: [14] proposed REALM, which learns to retrieve doc-
uments during pre-training, and [17] developed ATLAS, jointly optimizing retrieval and
generation at scale. While these systems mostly rely on information unstructured text,
retrieval can also draw from structured sources, such as knowledge bases (KBs) and knowl-
edge graphs, where information is stored as entities and relations. Leveraging these struc-
tured forms of knowledge provides greater semantic precision and transparency, motivating
the next section on knowledge-based retrieval.
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2.1.3 Knowledge Bases and Knowledge Graphs

To complement retrieval from unstructured text, many systems leverage structured knowl-
edge sources, where information is explicitly represented as entities and relations. A knowl-
edge base is a general term for any system that represents information about the world in
a structured form, typically through entities, attributes, and relations. Traditional KBs
organize information in a schema-driven manner. Each entity or fact is stored according to
a predefined schema (e.g., a relational database), where attributes and relations are fixed
in advance. This structure enables precise queries using formal languages such as SQL but
limits flexibility when representing complex or heterogeneous relationships.

A knowledge graph can be viewed as a graph-structured form of a knowledge base,
in which facts are represented as triples (subject, predicate, object). Here, entities cor-
respond to nodes, and relations between them correspond to edges labeled by predicates.
This representation captures heterogeneous and semantically rich relationships between
entities, allowing for multi-hop reasoning and contextual inference. Beyond their repre-
sentational advantages, KGs also support expressive query capabilities through languages
such as SPARQL, allowing structured retrieval, inference, and integration with external
data sources.

Some widely used knowledge graphs include DBpedia [22], which extracts structured
facts from Wikipedia, ConceptNet [31], that encodes general human knowledge about ev-
eryday concepts and their relationships, and YAGO [35], which automatically combines
Wikipedia’s broad scope with a structured hierarchy to build a large-scale, highly accurate
semantic knowledge base.

2.1.4 Constructing KGs from Text

While large-scale knowledge graphs are often built from curated or semi-structured sources,
many domains rely on extracting knowledge directly from unstructured text. The process
of transforming natural language into structured triples, and eventually KGs, is known as
information extraction (IE). A typical IE pipeline consists of several stages:

1. Named Entity Recognition (NER) identifies mentions of entities such as people,
organizations, or locations within text.

2. Entity Linking (EL) resolves these mentions to entries in a knowledge base, en-
suring consistency across references.
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3. Relation Extraction (RE) detects semantic relationships between entities (e.g.,
directed_by, born_in).

Together, these steps produce triples of the form (subject, predicate, object) that repre-
sent factual statements (e.g., {Inception, directed_by, Christopher Nolan}) which can then
be added as nodes and edges to a knowledge graph.

Both early and recent works have contributed to advancing these components, either
by implementing the full pipeline or improving specific stages. [17] applied convolutional
neural networks (CNNs) to relation classification, advancing RE beyond manually crafted
features toward automatically learned sentence representations. Stanford OpenlE [1] exem-
plifies open-domain information extraction, extracting relational tuples from unrestricted
text without relying on a fixed ontology. More recently, EAGER [6] introduced a frame-
work that integrates KG construction with explainable question answering. EAGER builds
or enriches a knowledge graph from text, links question terms to graph entities, and re-
trieves relevant subgraphs. By explicitly exposing these paths, the system provides trans-
parent and verifiable explanations. Once constructed, however, these knowledge graphs
must be navigated and queried. The next section discusses methods for matching enti-
ties and retrieving relevant subgraphs, which are fundamental to enabling reasoning and
interpretability in systems that leverage information in KGs.

2.1.5 Matching and Retrieval in KGs

In knowledge graphs, matching and retrieval refer to the process of identifying relevant
portions of the graph that correspond to a query or context. These concepts are defined
as follows:

e Seed node: the entity node that serves as the starting point for graph exploration,
typically derived from the input query or a recognized mention in text.

e Hop distance: the number of edges traversed from a seed node to reach another
node within the graph.

e Subgraph: a subset of the KG containing the seed node and its neighboring nodes
and edges, representing the retrieved region of interest.

Retrieval approaches can generally be divided into two categories: structural and
semantic. Structural methods, such as breadth-first retrieval, iteratively expand from
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the seed node by visiting neighbors up to a specified hop limit. While this approach ensures
complete local coverage, it may also retrieve large, irrelevant neighborhoods as the number
of hops increases.

Alternatively, similarity-based retrieval employs semantic representations to iden-
tify entities and relations that are contextually related to the query without relying solely
on structural distance. This approach often relies on knowledge graph embedding models
that map entities and relations into continuous vector spaces using their textual features,
enabling retrieval based on vector similarity measures such as cosine or Euclidean dis-
tance. Representative knowledge embedding models include TransE [1], DistMult [10], and
ComplEx [10], which encode relational dependencies so that semantically related entities
are positioned closely in the embedding space. Embedding-based retrieval for multi-hop
reasoning has seen significant advances. For example, [13] proposes a model that tightly
integrates retrieval and reasoning in a single architecture and parameter-space to better
handle large search spaces of knowledge graph-based QA. More recently, [16] demonstrates
that smaller language models can serve as efficient subgraph retrievers when equipped with
relational sequence embeddings, improving performance in multi-hop KG reasoning.

Despite these advancements, effective retrieval remains challenging due to the expand-
ing search space in multi-hop reasoning and semantic noise in embedding-based similarity.
Designing reliable ranking and filtering mechanisms is thus essential to balance precision
and coverage. Accurate retrieval forms the foundation for aligning structured knowledge
with generative reasoning. The following section explores how these retrieved subgraphs
can be integrated with large language models to enhance factual grounding and inter-
pretability.

2.1.6 Aligning LLM Responses to KGs

Large language models can generate coherent reasoning chains and outputs, yet these re-
main ungrounded in verifiable knowledge. Aligning their reasoning steps with structured
information from KGs enables explanations that are both interpretable and factually
traceable. Such alignment enhances transparency, by revealing the factual basis of reason-
ing; verifiability, by linking claims to explicit relations; and trust, by exposing the evidence
supporting each step. This motivation underlies the design of systems like ApresCol, which
integrate KGs to ground LLM reasoning and outputs in structured, inspectable knowledge
bases.

10
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2.2 Related Work

To situate ApresCol within existing research, this section reviews four areas that address
interpretability and factual grounding in LLMs. The first area, LLM Explanations, explores
how model behavior can be interpreted through either mechanistic analysis of internal acti-
vations or attribution-based methods that link outputs to influential inputs, both relevant
to improving LLM transparency (Section 2.2.1). The second, LLM Fact Checking, focuses
on verifying the factual correctness of model outputs or intermediate steps, which aligns
with ApresCol’s goal of ensuring factual grounding and mitigating hallucination (Section
2.2.2). The third, KG-Augmented LLMs for Question Answering, shows how recent works
integrate structured knowledge directly into reasoning to enhance QA systems (Section
2.2.3). Lastly, KG Information Retrieval reviews methods for retrieving relevant sub-
graphs from large knowledge bases (Section 2.2.4), a critical step in our framework, where
the KG is incorporated after reasoning rather than during it.

2.2.1 LLM Explanations

Research on explaining LLMs includes a range of approaches aimed at improving trans-
parency. Among these, one line of work, referred to as mechanistic interpretability, exam-
ines how transformer models internally compute and store information by analyzing their
parameters and activations. Studies have shown that transformer feed-forward layers con-
tribute to predictions by learning semantically meaningful concepts that align with output
tokens [12], that groups of attention heads form interpretable circuits implementing algo-
rithmic behaviors [11], and that specific multilayer perceptron modules can store factual
associations [29]. Other work has examined how token predictions evolve across layers by
analyzing the model’s hidden representations and their alignment with output tokens [2].
While these methods provide insight into model internals, they depend on parameter-level
access that is typically unavailable in modern, closed-source LLMs.

A complementary set of methods focuses on attribution and factual grounding, link-
ing generated statements to the contextual evidence that most influenced them, often
in retrieval-augmented settings. Several approaches do this through counterfactual or
perturbation-based analysis: RAGE identifies minimal supporting subsets of the retrieved
text by pruning pieces of the context and observing output changes [32], while RAG-Ex ap-
plies model-agnostic perturbations to measure how variations in retrieval affect generation
[36]. Others rely on learned surrogate models to approximate causal effects: ContextCite fits
a sparse linear model over ablation experiments to estimate each context unit’s contribu-
tion [8] and AttriBol introduces a set of techniques that accelerate this process and enable

11
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more efficient attribution [27]. These methods enhance transparency by linking generated
claims to unstructured textual evidence. AprésCol offers a complementary perspective by
grounding both answers and reasoning steps in structured KGs, where attribution occurs
over entities and relations rather than text spans.

2.2.2 LLM Fact Checking

Recent studies have explored ways to make large language models more trustworthy by
checking the accuracy of their generated content. Early works such as FEVER [39] and
SciFact [13] treat fact-checking as a retrieval and comparison task, testing whether a given
claim can be supported or contradicted by evidence from external text. FActScore [30]
extended this idea to long-form answers by breaking them into smaller factual statements
and measuring how many are verifiable against a trusted source. Chain of Verification
(CoVe) [10] further reduced factual errors by prompting a model to ask and answer its own
verification questions about its output.

However, these methods mainly assess the correctness of the final answer rather than
the reasoning process that led to it. Deductive Verification of Chain-of-Thought Reasoning
[20] takes a step toward reasoning verification by checking whether each step in a model’s
explanation logically follows from its stated premises, but it still depends on another lan-
guage model’s judgment, which may itself be unreliable. In contrast, ApresCol verifies both
the reasoning steps and the final answer by grounding them in a trusted external source
(a knowledge graph). Each step is linked to concrete entities and relations, allowing the
full reasoning path to be checked and visualized, thus reducing the risk of self-verification
errors or hallucinated logic.

2.2.3 KG-Augmented QA with LLMs

Another line of research has focused on early fusion of KGs and LLMs to enhance reasoning
and factual precision in question answering. The concept of early fusion refers to integrat-
ing structured graph reasoning directly into the LLM’s inference process. For instance,
GreaseLM [18], KG-CoT [50], and Think-on-Graph [38] incorporate KG structure into the
model’s reasoning loop, either through joint graph—text encoding, CoT prompts grounded
in KGs, or iterative graph exploration by an LLM agent. G-Retriever [15] and KELDaR
[25] follow a related idea but formalize retrieval as a subgraph-selection or question-
decomposition process, allowing the LLM to reason and generate over a compact and

12
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structured evidence set. These systems build more accurate QA pipelines by fusing KGs
and LLMs before or during reasoning.

In contrast, ApresCol is not a QA model but an explanation framework that operates
after reasoning. It performs post-hoc alignment between an LLM’s reasoning process and
a structured KG, producing grounded and interpretable traces of reasoning. When a QA
system satisfies AprésCol’s requirements such as CoT-compatibility, our framework can
function as an explanation layer built on top of it. Our approach is therefore complementary
to early-fusion models: rather than using KGs to guide reasoning, we use them to explain
it. In this late-fusion design, the quality of retrieval and alignment becomes critical to
explanation accuracy, introducing new challenges in identifying and extracting the most
relevant portions of the KG.

2.2.4 KG Information Retrieval

Because ApresCol integrates the KG after reasoning, it must first retrieve a concise yet rep-
resentative subgraph that supports the model’s reasoning steps. Unlike some early-fusion
models that interact with the KG throughout inference, ApresCol retrieves information only
once, requiring a trade-off between completeness and efficiency. Existing methods fall into
two categories: structure-based approaches, such as breadth-first search (BFS), which
expand a node’s neighbors to a fixed depth; and semantic similarity-based approaches,
such as SRTK [33], which retrieve nodes based on label similarity. These approaches will
be discussed in more detail in Section 3.2.

However, these methods were mostly developed for simpler, single-hop questions and
often struggle with complex, multi-hop reasoning.’ To overcome these limitations, we build
on top of these existing methods to achieve better coverage and scalability, ensuring that
the extracted subgraph captures the relevant knowledge needed for accurate grounding and
explanation in ApresCol .

1Single-hop questions can be answered using a single KG fact; e.g., “Where was Einstein born?” Multi-
hop questions on the other hand require combining multiple facts and step-by-step reasoning; e.g., “What
language is spoken in the country where Einstein was born?”
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Chapter 3

Methodology

This section describes the components of, and design decisions behind, ApresCol. We begin
with an overview of the full workflow in Section 3.1. This is followed by individual sections
describing the subgraph retriever (Section 3.2), the prompting strategy (Section 3.3), the
parsing and triple extraction process (Section 3.4), and the semantic matcher (Section
3.5). In addition to the presentation of the framework, we highlight specific methodological
contributions, including new subgraph retrieval strategies that extend existing similarity-
based approaches.

3.1 System Overview

ApresCol is a lightweight, post-hoc framework to analyze how LLMs arrive at answers
and to verify their reasoning against knowledge graphs. Its workflow follows a modular
pipeline depicted in Figure 3.1. Given a natural language question and a selected knowledge
graph, ApréesCol (1) identifies relevant KG facts via the subgraph retriever, (2) queries
the LLM with reasoning prompts and optional context information about the question,
extracted from the KG, (3) parses the LLM output into final answer items and pieces
of reasoning, extracted as textualized triples, (4) aligns these outputs with nodes and
edges in the retrieved subgraph using the matcher module, and (5) produces a structured
visual explanation by overlaying reasoning paths onto the KG. The architecture is model-
agnostic, meaning that ApresCol requires only inference access to the LLM and a suitable
KG. General-purpose or domain-specific KGs usually exist or can be constructed from a
suitable document corpus using existing tools [6].

14
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Figure 3.1: System architecture and workflow of ApresCoT.

3.2 Subgraph Retriever

We model a knowledge graph as a labeled graph:
Gg=W.¢,L),

where V is the set of entities (nodes), &€ C V x R x V is the set of edges labeled with
relation types R, and L is a labeling function assigning textual descriptions to nodes and
edges.

A natural language question is denoted as ¢. The goal of the subgraph retriever is to
extract a candidate subgraph G, C G that contains the entities and relations most relevant
to answering q. We define:

G, = RETRIEVE(G, q),
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where RETRIEVE is an algorithm that selects a subset of nodes and edges from G based on
the given question, ¢q. The subgraph retrieval method should balance three factors: recall
(including all facts needed for reasoning in G,), precision (avoiding irrelevant facts that
may overwhelm the matcher), and retrieval time (to support interactive explanations).

We explore several retrieval algorithms, each implementing the RETRIEVE(+) function
differently!. The first two serve as standard baselines, while the remaining methods are
novel contributions introduced in this work. We benchmark all methods in Section 4.2.

I. Breadth-First Search (BFS) The simplest method, BE'S, expands from seed entities
detected in the question ¢ (via named entity recognition). BFS covers local neighborhoods
around seed entities, but may include many irrelevant edges, especially in large-scale knowl-
edge graphs.

II. Semantic Similarity—based Retrieval (SSR) This method is inspired by the
semantic similarity—based graph search used in systems such as EAGER [6] and SRTK [33].
Similar to the traversal component in these works, we begin with seed entities identified
in the question ¢ and expand the search over their local neighborhoods.

However, instead of exploring edges purely by structure or depth, we prioritize edges
whose textual descriptions are semantically similar to the question. Each candidate edge—
represented as a short natural language description obtained from its subject, relation, and
object labels—is compared to the question embedding, and the top-scoring edges at each
stage are kept for further expansion. The number of retained paths is configured via
a “beam size” parameter. The process continues iteratively, expanding from the most
relevant nodes until a stopping condition such as a maximum number of edges or hops is
reached.

This method serves as a bridge between structural and semantic retrieval. Compared to
a structural method such as BF'S, which may collect many irrelevant facts in large graphs,
similarity-based retrieval focuses on the subset of relations that are most likely to express
the semantics of the question.

However, its performance depends heavily on how the question is phrased: if the word-
ing of the question diverges from the embedding space of the possible answers, even relevant
edges may receive low similarity scores. This limitation motivates the introduction of the

!Terminology such as seed entity, hop distance, subgraph, and named entity recognition follows the
definitions introduced in Sections 2.1.4 and 2.1.5
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Please write a passage to answer the question.

Question:
Which countries have land borders with Germany’s neighbours?
Passage:

Figure 3.2: Prompt used to obtain a hypothetical answer for a question.

next retrieval variant, which uses a hypothetical answer rather than the question itself to
guide similarity scoring.

ITI. Semantic Similarity with Hypothetical Answer (SSR+HyDE) Building on
the previous similarity-based method, we adapt the idea of Hypothetical Document Embed-
dings (HyDE) [11] to improve retrieval robustness when the question wording differs from
pieces of information that will assist with answering the question.

The core idea is to guide similarity scoring using a hypothetical answer rather than the
question itself. To find this hypothetical answer, we perform a separate inference call to
an LLM to generate a short, plausible answer a for each question ¢, and then compare
edge descriptions to a instead of ¢q. For this, we use a standard chat-completion interface
and restrict the model output to a maximum number of tokens to keep the answer concise.
The rest of the retrieval process (e.g., edge textualization, traversal, and top-k selection)
remains the same as the previous method. In our implementation of ApresCol, we use
the prompt shown in Figure 3.2 to ask gpt-4o-mini for a hypothetical answer to a given
question:

This modification is expected to help the retriever better capture the semantics of
the target subgraph, as the generated answer typically contains relational cues that are
closer in embedding space to relevant KG facts. Notably, the factual correctness of the
generated answer is not required; its purpose is solely to provide a semantically meaningful
embedding. As such, even a lightweight or less accurate LLM can be used to reduce
computational cost.

To the best of our knowledge, this is the first application of utilizing a hypothetical
answer in the context of KGs and subgraph retrieval, as the original HyDE framework [1 1]
was developed for retrieving text documents rather than graph edges.

17
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IV. Path-Aware Similarity Retrieval (SSR4+PASR) While the previous retrieval
methods treat each candidate edge independently, this assumption can be limiting in multi-
hop questions, where the relevance of an edge often depends on the context gathered by
the traversal path so far. To address this, we extend the similarity-based retrieval by
accumulating the textual descriptions of previously visited edges to form a running context.
At each expansion step, instead of comparing the question (or the hypothetical answer) to
the candidate edge only, we compare it to the concatenation of the current path description.

Figure 3.3 illustrates this idea. The intuition is as follows. Consider the question,
“Which countries have land borders with Germany’s neighbors?” If we only consider
individual edges, a fact such as “France shares border with Spain” may seem irrelevant.
However, when combined with the context accumulated from Germany — France, the
path “Germany shares border with France; France shares border with Spain” becomes
highly relevant to the original question. This approach, which we refer to as Path-Aware
Similarity Retrieval (PASR), can be applied on top of both the question-based and HyDE-
based variants, resulting in SSR+PASR or SSR+HyDE+PASR, respectively.

Algorithm 1 describes the logic of the Path-Aware Similarity Retrieval (PASR) proce-
dure. The algorithm takes as input a knowledge graph G = (V, &, £), a natural language
question ¢, a set of seed entities extracted from ¢, and parameters controlling the retrieval
depth (H), beam size (b), and subgraph size (V). The goal is to return a set of relevant
edges &, and the nodes they connect, based on their semantic similarity to the question
(or its hypothetical answer).

Lines 3-7 handle the query setup. The question itself is used as the query, unless
the use_hyde flag is enabled. In that case, the algorithm invokes an LLM to generate a
hypothetical answer a to the input question, and uses that as query to retrieve similar
KG edges?. Lines 8-9 initialize the main data structures: the set of collected edges, the
set of visited nodes, and the initial frontier, which holds the seed nodes along with their
cumulative path descriptions. Each item in the frontier is a pair consisting of a node and
a textual trace representing the path taken to reach it.

The core loop (lines 10-24) expands the frontier for H hops. For each frontier node,
the algorithm examines its outgoing edges (line 13), skips those already seen, and builds
a new cumulative path description by appending the current edge’s label to the prior
context (line 14). Each edge is scored based on the cosine similarity between the query

2In our implementation, we embed the query once at the beginning and pass its vector to SiM(-) to
avoid repeated encoding. The pseudocode has a slight difference for simplicity and to stay consistent with
the definition of siM(+) in the Matcher section.
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Figure 3.3: Path-aware context in describing KG edges.

and this cumulative text (line 15) and added to the set of collected edges. The SiM(-)
function returns the similarity score between its input texts using an embedding model.
This function is identical to the one used in the Matcher module described later, as they
use the same underlying embedding model.

The top-b candidates are retained after expanding every node in the frontier (lines 19),
and the collected edges are added to the result set (line 20). Their target nodes are used to
construct the next-hop frontier. The loop terminates early if no more candidates are found
or if the subgraph has reached the desired size (lines 21-23). The final result includes the
retrieved edge set and all nodes seen during traversal.

This pseudocode represents the general case of our similarity-based retrieval methods.
If the frontier stores only node labels and similarity is computed using individual edge
descriptions, the algorithm reduces to SSR (with use_hyde = false) or SSR + HyDE (with
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Algorithm 1 Path-Aware Similarity Retrieval (PASR)

: Input: Knowledge Graph G = (V, &, L), seed_entities, question ¢, max_hops H, beam size
b, max_nodes N, flag use_hyde
: Output: Retrieved edges &, visited nodes V,
query < q
if use_hyde then
a < Generate_hypothetical _answer(q)
query < a
end if
. Initialize &, < 0, seen_edges < ), seen_nodes < seed_entities
. frontier < {(s,—) | s € seed_entities} > (node, cumulative description)
10: for h =1 to H do
11: candidates < ()
12: for all (n,dcym) in frontier do
13: for all neighboring edges e = (u,r,v) of n not in seen_edges do
14: dpew < deum ; L(€)
15: s < SIM(query, dpew)
16: Add (s, e,dpew) to candidates
17: end for
18: end for
19: Sort candidates by score and keep top-b
20: Add selected edges to & and expand frontier with their targets
21: if candidates =) or |E;| > N then

—_

© PN DTy

22: break
23: end if
24: end for

25: return (&, seen_nodes)

use_hyde = true). PASR extends these by incorporating cumulative path descriptions
during scoring. We benchmark these retrieval methods in Chapter 4 on several KGs.

To illustrate Algorithm 1, consider the question: “Which countries have land borders
with Germany’s neighbors?” The seed node is Germany, the search depth is set to two
hops, and the retriever uses a hypothetical answer as the similarity query. Figure 3.4
visualizes a small region of the KG relevant to this query, with edges labeled as neighbors
and capital. Paths deemed more relevant to the query are shown in blue.

1. The LLM is first queried with the input question to generate a hypothetical answer,
which is embedded and used as the retrieval query.
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Austria

Berlin

Canpital

Figure 3.4: Ilustration of Algorithm 1 over a KG neighborhood.

2. The frontier is initialized with the seed node (Germany) and an empty path descrip-
tion.

3. First hop:

e Outgoing edges from Germany are expanded, including:

neighbors
S

Germany France,

neighbors
Germany N Poland,

capital .
Germany ZPR, Berlin

e Each edge is converted into a short sentence such as “Germany neighbors France”
or “Germany capital Berlin” and compared to the query using the similarity
function.
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e Assume the edges to France and Poland score highly, while the capital relation
to Berlin does not qualify amongst top-ranked paths. Then, only France and
Poland are added to the frontier for the next hop.

4. Second hop:

e Frontier nodes including France and Poland are expanded similarly. For exam-

ple:

neighbors .
France —82%% Spain,

neighbors .
France —82%% Austria,

Capital
Poland =22 Warsaw
e Each two-step path is aggregated into a cumulative description, such as: “Ger-
many neighbors France; France neighbors Spain.”, and scored based on their
relevance to the query.

5. After reaching the hop or node limit, the top-ranked paths are retained to form the

. Capital . Ca .
retrieved subgraph G,. Here, Poland P Warsaw is pruned due to low similarity

score to the query.

3.3 Prompting

For each question asked, ApréesCol instructs the LLM to answer the question and share its
reasoning process alongside final answers. Figure 3.5 shows the instruction template used
to guide the language model during both base and RAG QA to specify the desired output
structure.

Given a natural language question ¢, we define the full LLM prompt as:
¢ = PrRoMPT(q, C),

where C' is an optional set of contextual facts derived from the retrieved subgraph. In
RAG mode, C consists of textual sentences derived from the retrieved subgraph G,. If the
user selects the non-RAG mode, the model answers only based on its pretrained knowledge
and C' = @. Specifically, in order to build C, we convert each edge (u,r,v) € G, into a
natural language fact using its labels, and the resulting sentences are concatenated to form
C. Figure 3.6 illustrates how a subgraph of the MetaQA knowledge graph is transformed
into a textual format. MetaQA is introduced in detail in the next section.
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The LLM’s output containing its free-form reasoning text and final answers to the
question is passed to the extractor module to facilitate matching free-form natural language
to a KG.

3.4 Triple Extraction

This module initially parses out the LLM’s reasoning and final answers based on the
formatting instructions given to the LLM, discussed in Section 3.3. After parsing, two
textual components are obtained: the final answer text and the reasoning text. The final
answers are first collected into a set

A=A{a,a9,...,a,},

and the reasoning text is passed to a triple extraction module built using the spaCy library.
We leverage spaCy’s syntactic dependency parser and rule-based relation extractors to
identify subject—predicate—object tuples from the reasoning text. This yields a set of
extracted triples

T={N,T,,...,T,,}, T;= (subject,;, relation;, object,).

Each extracted triple is then converted to a simple natural language sentence of the form
“subject relation object”. The resulting set of textualized reasoning statements is denoted
as

S ={51,5,...,5},
where each S; corresponds to the sentence representation of triple 7;.

Although we use spaCy’s dependency-based relation extraction in our current imple-
mentation, this component is modular and can be replaced with any off-the-shelf triple
extraction method. These sets, A and S, are then passed to the matcher module, which
aligns them with the retrieved subgraph.

3.5 QOutput Matching

The matcher module aligns the LLM outputs with the corresponding elements of the
retrieved subgraph G,. To perform alignment, we project textual items from both the
LLM output and the subgraph into a shared vector space using an embedding model ¢(-).
Specifically, we embed the following:
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e answer items a; € A and reasoning steps s; € 5,
e node labels £(v) for each node v € V,, and

e edge labels L(e) for each edge e € &,.

Similarity between two textual items x and y is computed as the cosine distance of

their embeddings:
: (o) = 200l
’ [o(@)[[[e(y) ]l

Reasoning steps are matched to edges via:

Mg = {(sj,e") | " = arg max SIM(s;, L(e)), SIM(s;, L(e*)) > 75},

e€&y

and answer items are matched to nodes analogously:

My = {(a;,v") | v* = argmax SIM(a;, L(v)), SIM(a;, L(v*)) > Ta},

vEVy

where 7 is a similarity threshold distinguishing valid matches from non-matches. We
set 7¢ = 0.7 and 74 = 0.9, determined via grid search on a curated dataset of valid matches
and non-matching answers and sentences. That is, the matcher module returns the top
match if its similarity is above the threshold and no match otherwise.

As we will show in the use cases presented in Section 4.4, failed matches correspond to
gaps in inference paths, due to model hallucination or KG incompleteness. Items that fall
below the threshold are considered unmatched, indicating potential hallucination or KG
incompleteness.

In our implementation of ApresCol, we employ the all-MiniLM-L6-v2 encoder as ¢(-),
balancing runtime efficiency with semantic accuracy. The choice of embedding model is
further evaluated experimentally in Section 4.3. The resulting alignment sets M4 and Mg
form the basis for constructing structured explanations in the next step of the pipeline.

Finally, ApresCol overlays the matched reasoning path onto the retrieved subgraph.
Entities in the question are highlighted, answers are marked, and reasoning steps are
traced through the KG. This visualization enables users to investigate inconsistencies,
missing links, or hallucinations, and it reveals differences across retrieval strategies or
LLM backbones.
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You are a reasoning assistant for question answering.
You will be given a question, and in some cases, a block
of context information retrieved from a knowledge base.
For each question, follow these steps:

1. Think step by step to answer the question. Use the
context information, if given, or use your knowledge

otherwise, and share your reasoning and every bit of

information you might use.

2. After you finish the reasoning, include a final section
that begins exactly with: ---FINAL ANSWERS---

Then list the final answers, one per line. Do not include
bullets or numbering.

Output Format:

<your reasoning here>
---FINAL ANSWERS---
<one answer per line>

Figure 3.5: Instructions given to the LLM in the QA process.
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<Context>

Movie "The Shawshank Redemption" was directed by "Frank Darabont".
Movie "The Shawshank Redemption" was released in 1994.

Movie "The Mist" was directed by "Frank Darabont".

Movie "The Green Mile" was directed by "Frank Darabont".

Movie "The Mist" was released in 2007.

Movie "The Green Mile" was released in 1999.

Actor "Morgan Freeman" starred in "The Shawshank Redemption".
Actor "Tim Robbins" starred in "The Shawshank Redemption".
Movie "The Mist" was written by "Stephen King".

Movie "The Green Mile" has genre Drama.

Movie "The Green Mile" has genre Fantasy.

</Context>

<Question>
What were the release years of the films directed by the director of The Shawshank Redemption?
</Question>

Let's answer the Question by reasoning step by step.

Morgan Freeman

1999
Drama Fantasy
starred_actors
reloash_year The Shawshank Redemption 1994
has_genre has_genre release_year
The Green Mile directed_by
Frank Darabont
directed_by starred_actors
Tim Robbins
directed_by

2007 The Mist

release_year Stephen King
written_by

Figure 3.6: An example of a prompt created for a question asked in RAG mode.
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Chapter 4

Experiments

This section evaluates the components of AprésCol through both benchmark experiments
and illustrative use cases. We begin by describing the LLMs and knowledge graphs used in
this study (Section 4.1). We then detail our subgraph retrieval experiments by describing
each method under test, defining the evaluation metrics, and presenting the results in
Section 4.2. Furthermore, we describe our experiments for selecting an embedding model
that fits matching requirements in interactive settings (Section 4.3). Finally, we show
use cases that demonstrate ApresCol’s ability to explain and verify LLM reasoning across
various application domains in Section 4.4.

4.1 Experimental KGs and LLMs

Our experiments use three knowledge graphs covering a range of domains and scales:
MetaQA, UMLS, and WikiData. This diversity allows us to evaluate retrieval and matching
performance in both focused and open-domain settings. Table 4.1 summarizes their key
characteristics.

e MetaQA is a movie-focused KG used widely in KGQA benchmarks [28, 37]. It con-
tains entities such as actors, directors, and movie titles, connected by relations such as
starred_actor and directed_by. This is a suitable KG for complex multi-hop reasoning
questions.

e UMLS (Unified Medical Language System) is a compact but dense medical KG, well-
suited for analyzing inference alignment in a specialized domain. It contains rich
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knowledge graph ‘ domain #nodes H#edges

WikiData [12] | general ~ 90.4M  748.9M
MetaQA [19] | movies 432K 134.7K
UMLS [3] | medical 127 6.1K

Table 4.1: Dataset characteristics.

semantic relationships between medical concepts, including hierarchical and associa-
tive relations such as “treats” and “is a,” and supports concept grouping by semantic
types (e.g., all diseases or pharmacologic substances) [3].

e WikiData is a large, heterogeneous, open-domain KG with millions of entities and
relations. It introduces scalability challenges for subgraph retrieval and matching,
making it a suitable benchmark setting for assessing whether AprésCol remains re-
sponsive in interactive scenarios.

For LLMs, we experiment with two widely used models via OpenAl’'s API: ChatGPT
3.5 and gpt-4o-mini. Both models are capable of generating reasoning steps via chain-of-
thought prompting.

4.2 Subgraph Retrieval Evaluation

4.2.1 Setup and Retrieval Methods

To evaluate the effectiveness of subgraph retrieval in ApresCol, we construct a benchmark
of natural language questions that vary in structure and complexity. Each question is
paired with a ground-truth subgraph, manually identified by us as the minimal set of KG
edges leading to ground truth answer entities that are semantically necessary to answer the
question and justify its reasoning trace. These ground-truth examples are used to compute
precision and recall for each retrieval method.

The benchmark questions cover a range of properties, including the number of correct
answers, the number of reasoning steps required (i.e., the number of ground-truth edges),
the number of hops from the seed entities, the local density of the KG around those
seed entities, and the lexical paraphrasing and similarity to the answer space. Table 4.2
illustrates a sample of the questions and their characteristics used in subgraph retrieval
experiments.
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Question KG Seed nodes #hops
(Q1l) What were the release years of the | MetaQA | The Shawshank 3
films directed by the director of The Shaw- Redemption

shank Redemption?

(Q2) Which countries have land borders | WikiData | Germany 2
with Germany’s neighbors?

(Q3) Where is the hometown of the clubs | WikiData | Arjen Robben 2

Arjen Robben has played for?
(Q4) Which countries have football clubs | WikiData | Thierry Henry, 2

where both Thierry Henry and Eden Haz- Eden Hazard

ard have played during their careers?

(Q5) In which continents are the clubs | WikiData | Edinson Cavani 3
that Edinson Cavani has played for based?

(Q6) Which continents contain the coun- | WikiData | Edinson Cavani 3

tries of the clubs that Edinson Cavani has
played for?!

(Q7) What were the significant events | WikiData | Germany 2
happened in the capital of Germany?

(Q8) In which languages has the director | MetaQA | The Pianist 3
of The Pianist directed movies?

(Q9) Which countries are neighbors with | WikiData | Argentina, Peru 1
both Argentina and Peru?

(Q10) What were the release years of the | MetaQA | Jean Reno, 2
films starring both Jean Reno and Emily Emily Mortimer
Mortimer?

Table 4.2: Sample of questions used in the subgraph retrieval experiments.

The goal is to compare five subgraph retrieval strategies discussed in Section 3.2. The
first two methods are existing baselines, and the addition of HyDE and PASR to each
variant are amongst the contributions of this work.

1. BFS (Breadth-First Search) (Baseline)
2. SSR (Semantic Similarity-based Retrieval) (Baseline)

3. SSR + HyDE: Comparing edge similarity to a hypothetical answer rather than the
question in SSR.

Notably, Q5 and Q6 are practically similar, only with different wordings. Q6 has a more straight-
forward wording to observe the effect of adding HyDE.
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4. SSR + PASR: Comparing path similarity rather than edge similarity in SSR.

5. SSR + HyDE +4 PASR: Comparing path similarity to a hypothetical answer
rather than edge similarity to the question in SSR.

4.2.2 Evaluation Metrics

We evaluate each subgraph retrieval method using four metrics that reflect both the quality
of the retrieved subgraph and the system’s runtime constraints:

1. Recall measures the proportion of ground-truth edges successfully retrieved. High
recall is essential to ensure that reasoning paths and answer-supporting facts are avail-
able for matching and explanation. However, recall must be balanced against system
requirements such as latency; overly large subgraphs, while complete, may hinder in-
teractive analysis and overwhelm downstream components (i.e., the Matcher). Oth-
erwise, low recall may lead to false no-match cases, which could be misinterpreted as
KG incompleteness or LLM hallucination (see related use cases in Section 4.4).

2. Precision reflects the proportion of retrieved edges that belong to the ground-truth
subgraph. While ApresCol is designed to tolerate irrelevant context during matching,
higher precision leads to faster and more and accurate alignment.

3. Subgraph Retrieval Time: We measure the total time required to retrieve the
subgraph for a given question. Since AprésCol is intended to operate in interactive
settings, retrieval latency is a key constraint in selecting the final algorithm.

4. Matching Time (per match): To isolate the impact of retrieval on downstream
processing, we measure the time taken to find the closest match for a single rea-
soning step and a single answer candidate with the retrieved subgraph. This metric
captures how the size and quality of the subgraph affect overall explanation latency,
independent of the LLM’s output length.

4.2.3 Results

We now compare the performance of the five retrieval methods across the benchmark
questions described earlier. Each method is evaluated using the metrics defined above.
For each benchmark question, we compute the metrics individually and report averages
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SR Method Recall Precision SR time Matching time
BFS 1.00 0.019 0.016 s 9.62 s
SSR 0.495 0.114 7.86 s 3.33 s
SSR+PASR 0.609 0.138 8.47 s 3.40 s
SSR+HyDE 0.708 0.164 10.39 s 3.44 s
SSR+HyDE+PASR | 0.823 0.185 11.27 s 3.19 s

Table 4.3: Aggregated experiment results for all questions.

SR Method Recall Matching time #edges
BFS 1.00 9.90 s 15K
SSR 0.26 3.66 s 130
SSR+PASR 0.34 3.66 s 130
SSR+HyDE 0.53 3.83 s 130
SSR+HyDE+PASR | 0.72 3.45 s 130

Table 4.4: Aggregated experiment results for 3-hop questions.

across the full set of questions. This allows us to assess how each method performs in
capturing relevant subgraphs while maintaining the responsiveness required by AprésCol .

Table 4.3 summarizes the results across all questions. Rows correspond to the five
retrieval strategies, and columns report the average values of each evaluation metric across
the benchmark. Matching time is reported per alignment operation. Recall is prioritized
in our analysis, as missing critical edges may directly undermine the system’s ability to
verify reasoning traces.

Additionally, since multi-hop questions tend to amplify retrieval differences, we report
an aggregated view of results specific to 3-hop questions in Table 4.4. While these cases
are already included in the overall averages in Table 4.3, this focused view allows us to
compare retrieval methods under greater retrieval complexity, including their impact on
recall, matching latency, subgraph size, and visualizability.

4.2.4 Analysis

In this section, we summarize the observations from the results depicted in Tables 4.3 and
4.4:
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BFS Impracticality While BFS achieves perfect recall by design, its exhaustive nature
makes it impractical for ApresCol’s responsiveness and explainability objectives. First,
as shown in Table 4.3, BFS yields a significantly higher average matching time—9.62 sec-
onds—more than 6 seconds slower than any other method. This latency scales linearly with
the number of reasoning steps or answers, quickly compounding in multi-step explanations.

Second, as Table 4.4 illustrates, BFS retrieves an average of 15,000 edges for 3-hop
questions, a scale that overwhelms the user interface and obscures the intended reasoning
paths. In contrast, similarity-based methods yield significantly smaller, more focused sub-
graphs that remain suitable for interactive analysis and reasoning path tracing. Together,
these limitations highlight why BF'S, despite its coverage, is not a viable retrieval strategy
for a system such as ApresCol.

Comparing Similarity-Based Retrievals Among the four similarity-based retrieval
methods, we observe relatively consistent performance in matching time based on Ta-
ble 4.3. This is expected due to the similar nature of these variants, since they only differ
in the way they judge and rank KG edge similarity. Subgraph retrieval time slightly
increases in HyDE-based variants due to the additional LLM call required to generate a
hypothetical answer. However, the time gap does not increase as this inference step is
performed only once per question, and the added cost does not scale with output size, re-
maining acceptable for interactive use. Besides, experiments are conducted with complex
multi-hop queries, requiring deeper search than most common scenarios. In practice, this
cost can be further reduced by substituting the remote LLM call with a local model. In
addition, precision alone provides limited insight in this context as all methods retrieve
some extraneous edges by design, and recall is the key differentiator.

Recall Improvements with HyDE and PASR Starting from a baseline average re-
call of 0.495 with SSR, we observe improvements with both HyDE and PASR individually,
and a substantial boost when combined. The hybrid SSR+HyDE+PASR method achieves
an average recall of 0.823, representing a 66% relative improvement over the SSR baseline.
This confirms that both hypothetical answer guidance and path-aware context enhance
the retriever’s ability to recover relevant reasoning edges, and that their effects are com-
plementary when used together.

To better understand the individual contributions of HyDE and PASR, we examine
recall trends across methods. HyDE’s benefit is evident in Table 4.3: adding a hypothetical
answer significantly boosts recall when comparing SSR to SSR+HyDE, and similarly when
comparing SSR+PASR to the combined SSR+HyDE+PASR. This suggests that providing

32



4.3. EMBEDDING MODEL SELECTION CHAPTER 4. EXPERIMENTS

the retriever with a more answer-oriented guidance vector consistently improves its ability
to surface relevant facts.

PASR’s contribution, while more subtle in the aggregate, becomes clearer when focus-
ing on 3-hop questions. The motivation behind PASR was to improve retrieval for long
reasoning chains by incorporating contextualized path information rather than treating
each edge in isolation. As shown in Table 4.4, this benefit is reflected in the results: the
combined SSR+HyDE+PASR method achieves an average recall of 0.72 on 3-hop ques-
tions, compared to 0.53 for SSR+HyDE—a relative improvement of 36.5%. This indicates
that PASR plays a critical role in deeper inference settings, where single-edge similarity is
insufficient to capture the semantics of multi-step reasoning paths.

Interestingly, while recall is our primary optimization target, we also observe modest im-
provements in precision alongside recall as we move from SSR to SSR+PASR, SSR+HyDE,
and ultimately SSR+HyDE+PASR. This is notable because precision and recall often trade
off, but here both improve. This suggests that the additions of HyDE and PASR not only
help retrieve more relevant facts, but also guide the retriever toward higher-quality can-
didates, reducing irrelevant edge selection. These trends further support the joint use of
both techniques.

In conclusion, the SSR+HyDE+PASR strategy demonstrates the strongest performance
and best aligns with ApresCol’s requirements in terms of both recall and efficiency, and is
thus selected as our default subgraph retriever.

4.3 Embedding Model Selection

The matcher module in ApréesCol relies on sentence embeddings to compare LLM-generated
statements with textualized KG facts. To ensure responsiveness in interactive settings, we
prioritize embedding models that offer both semantic precision and fast inference.

We selected all-MiniLM-L6-v2, a lightweight transformer-based encoder producing 384-
dimensional vectors amongst off-the-shelf embedding models. The choice was based on two
factors: (1) encoding speed, to support efficient interaction, and (2) its ability to produce
meaningful separation between semantically similar and dissimilar facts in the embedding
space. Without proper separation, unrelated facts may score highly and be incorrectly
matched during alignment.

Since mismatches between reasoning and KG facts can mislead interpretation, we prior-
itize semantic separation when selecting the embedding model. To evaluate this, we com-
pared all-MiniLM-L6-v2 and a larger encoder with 768-dimensional vectors, DistilBERT,
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- Movie 'The Tall Blond Man with One Black Shoe' was released in 1972.
Sentence Simiritos | Smirtios
Actor 'Jean Rochefort' starred in 'The Tall Blond Man with One Black Shoe'. 0.6463 0.958
Actor 'Jean Rochefort' starred in 'The Hairdresser's Husband'. 0.2193 0.9442
Movie 'The Tall Blond Man with One Black Shoe' was directed by 'Yves Robert'. 0.7726 0.912
Movie "The Tall Blond Man with One Black Shoe' was written by "Yves Robert'. 0.731 0.9115
Movie 'The Tall Blond Man with One Black Shoe' was written by ‘Francis Veber'. 0.7213 0.9496
Actor 'Bernard Blier' starred in 'The Tall Blond Man with One Black Shoe'. 0.6731 0.9533
Actor 'Pierre Richard' starred in 'The Tall Blond Man with One Black Shoe'". 0.6717 0.9605
Movie 'The Tall Blond Man with One Black Shoe' was released in 1972. 0.9897 0.988
Movie "The Tall Blond Man with One Black Shoe' is in English language. 0.778 0.8923
Movie ‘The Tall Blond Man with One Black Shoe' is in French language. 0.7135 0.9131
Movie 'The Tall Blond Man with One Black Shoe' is in French language. 0.7804 0.9086
Movie 'The Tall Blond Man with One Black Shoe' is described with 'yves robert' tag. 0.6614 0.9361
Movie "The Tall Blond Man with One Black Shoe' is described with 'pierre richard' tag. 0.6839 0.9406
Movie 'The Hairdresser's Husband' was directed by 'Patrice Leconte'. 0.2972 0.935
Movie 'The Hairdresser's Husband' was written by 'Patrice Leconte'. 0.2402 0.9339
Movie 'The Hairdresser's Husband' was written by 'Claude Klotz'. 0.2756 0.9461
Actor 'Anna Galiena' starred in 'The Hairdresser's Husband'. 0.286 0.9264
Movie 'The Hairdresser's Husband' was released in 1990. 0.3925 0.9776
Movie 'The Hairdresser's Husband' is in French language. 0.2916 0.9023
Movie 'The Hairdresser's Husband' is described with 'patrice leconte' tag. 0.2097 0.9466
Movie 'The Hairdresser's Husband' is described with 'hairdresser’ tag. 0.2964 0.9169

Figure 4.1: MiniLM vs. DistilBERT: Darker green indicates higher similarity, reflecting
better separation of relevant and irrelevant facts by MiniLLM.

by measuring cosine similarity scores between a target sentence and a set of candidate KG
facts. Figure 4.1 shows an example where the input sentence is: “The Tall Blond Man
with One Black Shoe was released in 1972.” Both models rank the correct KG fact high-
est, but DistilBERT yields a narrow spread of similarity scores, offering limited separation
between relevant and irrelevant facts. In contrast, all-MiniLM produces a broader score
distribution, reducing the risk of false alignments and improving match reliability.

Hence, all-MiniLM-L6-v2 is used as the default encoder in the experiments and the web
interface.

34



4.4. USE CASES CHAPTER 4. EXPERIMENTS

4.4 Use Cases

In this section, we describe three use cases illustrating consistent inference, incomplete
inference, and KG incompleteness, each on one of the pre-loaded KGs. We will analyze
LLM answers over knowledge graphs such as WikiData for their general questions, MetaQA
for movie inquiries, and UMLS for medical questions. Furthermore, we compare the outputs
produced by several LLMs, both in standalone and RAG mode.

4.4.1 Consistent Answers and Reasoning

The first use case is illustrated in Figure 4.2. The user selects gpt-4o-mini as the LLM
and WikiData as the knowledge graph, and submits a geography-related question: “Which
countries have land borders with both Germany and the Czech Republic?”. As shown in
the parsed response tables, “Poland” and “Austria” are identified as final answers.

To verify the answers and reasoning steps, users can trace the corresponding search
patterns starting from the two entities mentioned in the question, “Germany” and “Czech
Republic.” Edges labeled [S1] through [S9] capture all countries that share land borders
with Germany, while [S10] through [S13] represent those sharing land borders with the
Czech Republic.

The only two nodes discovered from both search paths are “Poland” and “Austria,”
forming two distinct reasoning chains connecting “Germany” and “Czech Republic.” This
use case shows consistency between answers and reasoning steps, as the two completed
reasoning paths yield two correct final answers, and it demonstrates full alignment of the
LLM response with the facts in WikiData.

4.4.2 KG Data Quality

In this use case, ApresCol surfaces potential data quality issues in the KG. The user sub-
mits the same query as in Figure 1.1: “What were the release years of the films starred
by Jean Rochefort?”, but this time uses gpt-4o-mini in standalone mode, without access
to any external context. The model generates an answer based on its pretrained knowl-
edge and produces both an answer and intermediate reasoning steps via chain-of-thought
prompting. Since the query pertains to movies, the MetaQA knowledge graph is selected
as the grounding source.
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As shown in Figure 4.3, gpt-4o-mini produces five answer candidates, [A1] through [A5],
supported by ten reasoning steps [S1] through [S10]. However, only two of the predicted
answers and their corresponding reasoning paths (those already seen in the example from
the Introduction) can be matched to facts in the KG by ApresCol. The remaining answers
(1995, 1967, and 1974) and most of the reasoning steps ([S1]-[S3], [S8]-[S10]) cannot be
aligned with any KG content. Upon inspection, [S1] is a generic biographical statement,
while [S2] and [S3] refer to a film released in 1995 starring Jean Rochefort that is not
present in MetaQA. Similarly, [S8] through [S10] cite additional films from 1967 and 1974.
These mismatches prompt a further investigation: if such films do not exist, the LLM has
likely hallucinated. But if they do exist, the KG is incomplete. In this case, a web search
confirms that the missing films are real, highlighting incompleteness in MetaQA.

Repeating the experiment with ChatGPT 3.5 yields a similar pattern; some additional
correct answers are surfaced, but others are omitted. Notably, the reasoning traces from
ChatGPT 3.5 occasionally include procedural instructions (e.g., “Identify films starred by
Jean Rochefort”, “check their release years”) rather than factual content, reflecting stylistic
differences in LLM behavior across models.

4.4.3 Inconsistent Answers and CoT

We conclude with an example from the UMLS medical KG that illustrates inconsistencies
between an LLM’s answers and its chain of thought. In Figure 4.4, the user asks, “What
types of animals are affected by dysfunctions caused by Fungus?” wusing ChatGPT 3.5
with RAG enabled. The model produces three final answers, [A1l] Mammal, [A2] Reptile,
and [A3] Bird, along with five reasoning steps [S1] through [S5], all of which are matched
against a KG subgraph retrieved by ApresCol.

Using the visual explanation, the user can verify that only two answers, Mammal and
Reptile, are logically grounded in the KG via complete reasoning paths beginning at Fungus,
aligned with CoT steps [S1], [S2], and [S5]. However, the third answer, Bird, lacks any
supporting path from the source entity. This absence is shown in the graph via dashed red
edges, marking a break between the CoT and the KG evidence. Additionally, CoT steps
[S3] and [S4], while valid KG facts, do not contribute to answering the question as they
reference non-animal entities outside the scope of the query.

Switching to gpt-4o-mini with RAG reveals a different inference pattern: while the final
answers remain the same, the reasoning steps align fully with the answers, including a
valid path to Bird. At the same time, the irrelevant steps observed in the earlier output
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([S3] and [S4]) are absent. This example again shows AprésCol’s value in understanding
the inference differences between LLMs.
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Question LLM Knowledge Graph

Which countries have land borders with both Germany and the Czech Republic? GPT-40 mini v WikiData v

Generate

LLM Final Answers LLM Reasoning Steps

ID | LLM ANSWER ITEM D LLM REASONING STEP D LLM REASONING STEP

[A1] | Poland [S1]1 | Germany shares land borders with Denmark. [S8] | Germany shares land borders with Belgium.

[A2] | Austria [S2] | Germany shares land borders with Poland. [S9] | Germany shares land borders with the Netherlands.
[S3] | Germany shares land borders with the Czech Republic. [S10] | The Czech Republic shares land borders with Germany.
[s4] Germany shares land borders with Austria. [S11] | The Czech Republic shares land borders with Poland.
[s5] Germany shares land borders with Switzerland. [S12] | The Czech Republic shares land borders with Austria.
[S6] | Germany shares land borders with France. [S13] | The Czech Republic shares land borders with Slovakia.
[s7] Germany shares land borders with Luxembourg.

Netherlands
Belgium
France eurozone Slovakia
[A1] Poland
Austria-Czech Republic border
(9] shares porder with
Saarland (58] sharesfborder with
S6] shareSporder with member of
Bavaria [S2] shareg/Border with

[S13) share§ border with
[S11] sharé8porder with

contains the administrative territorial e has boundary Czech Republic-Germany border

Saxony-Anhalt  contains the administrative territoriai v. titv

Uy
contains the administrative territorial entity
has boundary " N
Central Europe located in/on physical feature Czéch|Republic Liberec Region
of contains the administrative territorial entity
[S1] sharessBorder with

[S4) shareSorder with = "

\as (s)
[S7] sharegfborder with S12] shargs®Border with e (1

Denmark (55] shareSiorder with 1512) shaggeorder wi Czech part of Lower Austria
member of )
member of A2] Austria has boundary
has boundary
Luxemboufg
Switzerland Czech Republic-Slovakia border
European Economic Area
Schengen Area Czech Republic-Poland border

Figure 4.2: An explanation showing consistency in LLM answers and reasoning.
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Question LLM Knowledge Graph

What were the release years of the films starred by Jean Rochefort? GPT-40 Mini v MetaQA Movies v

LLM Final Answers LLM Chain of Thought
ID LLM ANSWER ITEM ID LLM CHAIN OF THOUGHT STEP
[A1] | 1995 [S1] Jean Rochefort was a prominent French actor known for his work in various films.
[A2] | 1972 [S2] Jean Rochefort starred in the film 'The Horseman on the Roof".
[A3] | 1990 [S3] The Horseman on the Roof' was released in 1995.
[A4] | 1967 [S4] He also starred in 'The Tall Blond Man with One Black Shoe'".
[A5] | 1974 [S5] 'The Tall Blond Man with One Black Shoe' was released in 1972.
[S6] Another notable film he starred in is 'The Hairdresser's Husband'.
[S7] 'The Hairdresser's Husband' was released in 1990.
[s8] Rochefort appeared in 'The Last Adventure'.
[s9] Movie 'The Last Adventure' which was released in 1967.
[S10] He was also in 'The Return of the Tall Blond Man' released in 1974.
Yves Robert
[A2] 1972 [A3] 1990 Claude Kiotz
yves robert : French Anna Galiena
written_by
directed_by [S5] release_year [S7] release_year written_by
has_tags in_language in_language starred_actors
Pierre Richard The Tall Blond Man with One Black Shoe Comedy The Hairdresser's Husband hairdresser
starred_actors has_genre has_tags
starred actors [S4] stafred_actors [S6] starred_actors
Bernard Blier Jean Rocheforts hoed written_by
has_tags written_b 2 as_tags |
9 in_language y directed_by
. . . atrice leconte Patrice Leconte
pierre richard Francis Veber p
English
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Figure 4.3: An explanation showing missing information in the KG.
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Question LLM

Knowledge Graph
What types of animals are affected by dysfunctions caused by Fungus? ChatGPT 3.5 + KG RAG v UMLS Relations v
LLM Final Answers LLM Chain of Thought

ID LLM ANSWER ITEM ID LLM CHAIN OF THOUGHT STEP
[A1] | Mammal [s1] Fungus causes Mental or Behavioral Dysfunction.
[A2] | Reptile [S2] Mental or Behavioral Dysfunction affects Mammal.
[A3] | Bird [S3] Mental or Behavioral Dysfunction affects Mental Process.

[s4] Mental or Behavioral Dysfunction affects Neoplastic Process.

[S5] Mental or Behavioral Dysfunction affects Reptile.

Professional or Occupational Group [A2] Reptile

Neoplastic Process
Patient or Disabled Group
Congenital Abnormality
Acquired Abnormality
Injury or Poisoning

Anatomical Abnormality

— oceurs. in Family Group [S5] affects [S4] affects
occurs_in complicates complicates
occurs_in complicates Mental Process
occurs_in . .
Mental or Behavioral Dysfunction
interacts_with Experimental Model of Disease
Chemical Enzyme
isa
causes
. location_of
complicates Virus
Organism Function intoractomwith 1] Mammal
. . location_of ( \
interacts_with Hormone isa \ \
\ \
Bacterium
issue_in Eukaryote h @ffectg \
affects affects \ \
\ \
i \
. ... disrupts  causes :
Occupation or Discipline P isa \ \[AE’D?"rd
Cell Component Pathologic Function Organism
40

Figure 4.4: An explanation showing inconsistent LLM Answers and Reasoning.



Chapter 5

Conclusions and Future Work

5.1 Final Remarks

We introduce ApresCol, a lightweight, modular framework for explaining LLLM answers and
reasoning in a post-hoc manner, aimed at aligning model-generated answers and reason-
ing steps with structured knowledge from external knowledge graphs. ApresCol provides
interpretable traces of reasoning on KGs across a range of domains by decomposing the
process into three components: subgraph retrieval, LLM response parsing, and semantic
matching. These modules are implemented and evaluated with multiple design alternatives
to understand their trade-offs and effectiveness.

Through systematic experiments, we benchmarked different KG retrieval algorithms
and embedding models to assess their impact on retrieval coverage, matching precision,
and computational cost. Notably, we proposed and validated novel extensions to standard
similarity-based retrieval methods, namely Hypothetical Document Embeddings (HyDE)
and Path-Aware Similarity Retrieval (PASR), which improved recall significantly without
sacrificing runtime efficiency. We also demonstrated ApresCol’s practicality through cu-
rated use cases demonstrating LLM consistencies in reasoning, model hallucination, and
KG incompleteness, highlighting how structured visualizations can aid users in interpreting
and auditing LLM behavior.

5.2 Future Direction

Building on the current framework, several promising extensions can be explored:
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First, ApresCol could be adapted to identify and diagnose adversarial behavior in RAG
systems. In such settings, malicious actors may inject misleading or false information
into the retrieved context to influence the LLM’s output. By aligning reasoning steps
with a trusted KG, ApresCol can help surface contradictions or mismatches, providing a
structured view of where the model’s reasoning diverges from the ground truth. This opens
opportunities to integrate AprésCol into Al auditing tools or safety protocols.

Second, as knowledge graphs grow in size and complexity, performance bottlenecks
emerge during subgraph retrieval and matching. To address this, future work can focus
on infrastructure-level improvements, such as using native graph data stores with support
for efficient multi-hop neighborhood indexing or in-memory caching strategies. These op-
timizations would allow ApresCol to remain responsive even when operating on large-scale
KGs like WikiData, enabling interactive use in more demanding environments.

Third, the subgraph retrieval process itself can be further optimized. Currently, simi-
larity comparisons are performed at query time, which may be computationally expensive.
Future versions of ApresCol could incorporate precomputed semantic indices or leverage
learned retrieval models trained on question-answer pairs to reduce runtime overhead.
Query-time pruning heuristics may also help limit the search space without sacrificing
relevance, thereby improving both speed and accuracy of the subgraph selection.

These directions offer natural next steps for extending ApresCol toward broader im-
pact and stronger real-world utility. We hope this work contributes to more transparent,
trustworthy, and interpretable language model applications.
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