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Tournament on Path: Relation Abstraction and Ranking for Knowledge Graph Rea-
soning

Shihao Xiang
Yihan Wu
Department of Computer Science and Engineering
Chalmers University of Technology and University of Gothenburg

Abstract
While Knowledge Graph Question Answering (KGQA) leverages Large Language
Models (LLMs) to perform complex multi-hop reasoning, existing training-free frame-
works like Think-on-Graph (ToG) suffer from inherent limitations, including locally
scoped pruning, unstable pointwise scoring, and the indiscriminate discarding of
valuable candidates through random sampling. To address these challenges, this
thesis introduces Tournament on Path (ToP), a novel reasoning framework that
enhances relation abstraction and candidate ranking. The proposed framework sys-
tematically tackles the baseline’s flaws by implementing an entity-agnostic relation
path pruning strategy that captures global path semantics and reduces the search
space. To effectively operationalize this, ToP is instantiated into two specific vari-
ants. System 1 employs a hybrid lexical-semantic pre-filtering combined with a
chunked tournament selection algorithm to stabilize ranking across large candidate
pools. System 2 relies on purely semantic pre-filtering and a pairwise tournament
selection method, introducing a topic entity masking mechanism to strictly prevent
LLMs from answering using unverified internal knowledge. Experimental evalua-
tions across four diverse benchmarks (CWQ, WebQSP, WebQuestions, and GrailQA)
demonstrate that both variants consistently outperform the ToG baseline. The re-
sults confirm that these strategies not only improve reasoning accuracy but also
resolve the "negative scaling" behavior, establishing a computationally efficient and
consistently reliable framework for different language models.

Keywords: Knowledge Graph Question Answering, Large Language Models, Multi-
hop Reasoning, Relation Abstraction, Tournament Selection, Path Pruning.
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1
Introduction

1.1 Knowledge Graph
A Knowledge Graph (KG) is a structured representation of interconnected enti-
ties, their attributes, and relationships. It can facilitate enhanced data integra-
tion, reasoning, and insight extraction. By organizing information in a network for-
mat, knowledge graphs enable machines to understand complex data and improve
decision-making across various domains. They have gained significant prominence
in technology and data science, particularly in applications like search engines, rec-
ommendation systems, and artificial intelligence, allowing organizations to leverage
vast amounts of data more effectively.

To illustrate, consider a fragment of geographic knowledge from Freebase [1]—a
widely adopted open-domain knowledge graph—represented as a set of triples:

• (Alta_V erapaz_Department, location.containedby, Guatemala)

• (Guatemala, location.containedby, Central_America)

• (Guatemala, type.object.type, Country)

Here, Alta Verapaz Department is an administrative region within Guatemala, which
in turn is part of the broader geographic region Central America. Such facts are
naturally modeled as edges in a directed, labeled graph, enabling compositional
reasoning via path traversal.

In contrast to relation databases, where answering compositional queries typically re-
quires explicit JOIN operations across multiple normalized tables, knowledge graphs
support query evaluation through graph traversal mechanisms. This allows multi-
hop relation patterns to be expressed and evaluated more directly.

However, the flexibility of graph-structured data introduces non-trivial computa-
tional challenges. In particular,

• For weakly constrained or unconstrained multi-hop queries—where no fixed
anchor entity, type constraints, or depth bounds are specified—the size of the
search space can grow combinatorially with respect to the path length. This
also applies to graphs without type information.

• In graphs that are not well-engineered, a single relation or entity in the real
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1. Introduction

world may not have a unique relation or entity representation, and a relation
may not consistently have an inverse.

1.2 Large Langauge Models
Large Language Models (LLMs) are advanced artificial intelligence systems designed
to understand and generate human language, playing a crucial role in various natural
language processing (NLP) applications. Their development traces back to founda-
tional advancements in NLP and machine learning, evolving significantly through
innovations like the Transformer architecture, which enables efficient handling of
language complexities and long-range dependencies in text data. [2]

LLMs, such as Bidirectional Encoder Representations from Transformers (BERT),
Generative Pre-trained Transformer 2 (GPT-2), and GPT-3, have demonstrated
remarkable capabilities across various industries. [3] Notably, the reasoning capabil-
ities of LLMs have been significantly enhanced through techniques such as Chain-
of-Thought (CoT) prompting and self-reflection, enabling the execution of complex,
multi-step tasks. Despite these breakthroughs, challenges persist in maintaining
factual accuracy and performing rigorous logical reasoning over structured data [4],
[5]. These limitations often manifest as hallucinations, where the model generates
plausible-sounding but factually incorrect information, necessitating the integration
of external, structured knowledge sources.

1.3 Knowledge Graph Question Answering
Knowledge Graph Question Answering (KGQA) is a transformative approach that
integrates the structured data of knowledge graphs with the flexibility of natural
language queries, allowing users to receive precise answers derived from complex re-
lationships. At its core, KGQA navigates the intricate web of nodes and edges within
a graph to address queries that often require multi-hop reasoning across disparate
information sources. Traditional methodologies primarily focused on translating
natural language into formal query representations like SPARQL (SPARQL Pro-
tocol and RDF Query Language); however, ensuring semantic fidelity during this
translation remains a significant challenge [6].

Recently, the integration of LLMs has brough substantial enhancements to the field
by providing advanced reasoning capabilities that facilitate a more nuanced under-
standing of user intent [7]. This synergy allows for ”LLM-guided planning,” where
the model generates a structured traversal plan grounded in verifiable triples, thereby
reducing the incidence of hallucinations inherent in free-form generation models [8],
[9]. Despite these advancements, the effectiveness of KGQA continues to be hin-
dered by linguistic challenges, including semantic mismatches, the complexity of
entity resolution for ambiguous terms, and the difficulty of maintaining contextual
continuity in multi-turn dialogues. Addressing these limitationsspecifically the need
for reliable reasoning paths in large-scale data environmentsserves as the primary
motivation for this research.
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1. Introduction

Building upon KGs, the task of KGQA can be defined as follows: given a natural
language question q and a knowledge graph G, the goal is to retrieve an answer set
A ⊆ E that satisfies the semantic constraints expressed in q [9].

Consider the multi-hop query: “Which nation has the Alta Verapaz Department and
is in Central America?” Answering this query requires grounding textual mentions to
entities (e.g., Alta_Verapaz_Department, Central_America) and aligning phrases
such as “has” and “is in” to corresponding graph relations. Following Freebase
schema, this induces relation paths intersecting at an intermediate variable x:

(Alta_Verapaz_Department, location.containedby, x),

(x, location.containedby, Central_America)

together with an implicit type constraint (x, type.object.type, Country).

In practice, these steps are tightly coupled. Moreover, multi-hop reasoning intro-
duces a key challenge: the candidate search space grows combinatorially with the
number of hops due to large branching factors in real-world graphs. This path
explosion issue makes exhaustive traversal infeasible and motivates more efficient
reasoning strategies [10].

1.4 Overall Architectures for KGQA
Current KGQA research mainly follows five paradigms that cover different subprob-
lems, the first four of which are from [11]: generative semantic parsing for formal
query synthesis, reasoning on graphs for iterative path exploration, graph Retrieval-
Augmented Generation (RAG) for factual grounding, agentic KGQA for autonomous
planning, and graph neural networks for path exploration.

1.4.1 Generative semantic parsing
This paradigm maps natural-language questions into formal query languages (like
SPARQL [12]) that can be executed directly on a knowledge graph. The focus is on
accurate structure generation and schema alignment between language and graph
representations.

Recent research in this paradigm focuses on enhancing the structural accuracy and
executability of natural language translations. ChatKBQA [13] introduces a stream-
lined “generate-then-retrieve" framework that fine-tunes LLMs to prioritize the syn-
thesis of logical forms, followed by unsupervised entity alignment to ensure retrieval
precision. To overcome the syntax errors inherent in traditional logical expressions,
CodeAlignKGQA [14] redefines semantic parsing as constrained code generation,
leveraging the pre-trained coding proficiency of LLMs for more robust execution.
Furthermore, frameworks such as Logic-LM [15] and Knowledge Crosswords [16]
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1. Introduction

extend this capability by enabling LLMs to synthesize symbolic formulations for ex-
ternal solvers; these approaches integrate self-refinement and constraint verification
to ensure that complex reasoning tasks are grounded in rigorous logical structures.

1.4.2 Reasoning on graphs
Methods in this category perform multi-hop reasoning by iteratively exploring enti-
ties and relations in the graph, often guided by heuristics or learned strategies. The
objective is to discover plausible reasoning paths that connect the question entities
to the answer nodes.

Recent research in this field focuses on the interactive navigation of knowledge graph
topologies to establish grounded and interpretable reasoning chains. Reasoning on
Graphs (RoG) [10] introduces a planning-retrieval-reasoning framework that gener-
ates KG-grounded relation paths to guide the model toward faithful conclusions.

To address complex multi-hop scenarios, Reasoning with Trees (RwT) [17] reframes
KGQA as a discrete decision-making problem by employing Monte Carlo Tree Search
(MCTS), while the Collaborative Reasoning Framework (CRF) [18] utilizes reinforce-
ment learning to coordinate hierarchical agents for efficient path selection.

iQUEST [19] improves Knowledge Base Question Answering (KBQA) by iteratively
breaking a complex question into simpler sub-questions to guide multi-hop reasoning
over the knowledge graph. Although these methodologies achieve significant perfor-
mance gains, they often necessitate additional training, knowledge distillation, or
task-specific fine-tuning.

Think-on-Graph (ToG) [20] provides a training-free architecture that enables LLMs
to perform iterative beam searches over the graph. Although this paradigm enhances
traceability and versatility, it comes at the cost of higher computational overhead
during inference compared to fine-tuned approaches.

1.4.3 Graph RAG with LLM
Graph RAG approaches retrieve relevant subgraphs, triples, or paths from a knowl-
edge graph and inject them as structured context into a language model. This
paradigm emphasizes factual grounding and hallucination reduction through explicit
evidence retrieval.

Recent research in this branch increasingly complements traditional vector-based
retrieval with structure-aware knowledge integration through graph-based indexing
mechanisms. GraphRAG [21] proposes a two-stage indexing framework that first
constructs an entity-level knowledge graph from source documents and then gener-
ates community-level summaries, enabling more effective handling of global, corpus-
scale queries that conventional RAG pipelines often struggle to address. To deepen
retrieval and memory integration, HippoRAG [22] introduces a neurobiologically in-
spired architecture grounded in hippocampal indexing theory, where large language
models, knowledge graphs, and the Personalized PageRank algorithm are jointly
employed to support efficient long-term knowledge consolidation.

4
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For textual graph reasoning, G-Retriever [23] formulates retrieval as a Prize-Collecting
Steiner Tree optimization problem, allowing the system to identify compact yet in-
formative subgraphs while mitigating hallucinations in generation. HybGRAG [24]
further extends this line of work by introducing a hybrid retriever bank coupled
with an agent-style critic module to jointly leverage relational and textual evidence
within semi-structured knowledge bases. Meanwhile, LightRAG [25] enhances effi-
ciency and contextual coverage through a dual-level retrieval scheme that supports
both fine-grained entity discovery and higher-level structural aggregation.

1.4.4 Agentic KGQA
Agentic KGQA treats the system as an autonomous planner that decomposes com-
plex questions into subtasks, tools usage and self-reflection. The key characteristic
is dynamic decision-making and multi-step planning rather than a fixed pipeline.

Recent research in this field focuses on framing Large Language Models as au-
tonomous agents capable of iterative reasoning and planning with feedback from
the environment. Knowledge Graph Agent (KG-Agent) [26] introduces an efficient
agent framework that integrates a multifunctional toolbox, a knowledge memory
module, and a KG-based executor, enabling small-scale LLMs to iteratively plan
and refine reasoning trajectories over knowledge graphs.

To enhance the reliability of these reasoning trajectories, Debate on Graph (DoG) [27]
employs a multi-role debate mechanism in which different agent personas cross-verify
reasoning steps, mitigating the impact of false-positive relations and lengthy reason-
ing paths. Interactive Knowledge Base Question Answering (Interactive-KBQA) [28]
supports multi-turn interactions through generic KB APIs and exemplar-guided rea-
soning, allowing LLMs to iteratively generate logical forms even in low-resource
scenarios while supporting manual intervention.

Furthermore, KnowAgent [29] addresses the planning hallucination problem by incor-
porating an explicit action knowledge base and a knowledgeable self-learning strat-
egy to constrain the agents trajectories, ensuring that synthesized actions remain
grounded in verifiable domain knowledge. Collectively, these approaches demon-
strate how treating LLMs as agentic reasoners, guided by structured planning and
feedback mechanisms, can improve reasoning reliability and maintain grounded
decision-making over knowledge graphs.

1.4.5 Graph neural networks
Graph neural networks (GNNs) are a class of neural networks that operate on graphs.
Their inputs and outputs are graph representations. Neural networks must be spe-
cialized for graphs to work on them natively, most importantly because graphs are
invariant to permutations in sequenced representations but regular neural networks
and LLMs are sensitive to them. [30]

GNNs are inherently suitable for KG inference and completion, because the output
of these tasks is a graph, the same format as the output of a GNN. In the case
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of [31], the context node is a single node, whereas in [32] the context is a subgraph.
In contrast, language models produce natural language strings as output, and they
require additional mechanisms to be converted to graph information. Some research
has shown improvements in question answering performance when GNNs are used
in addition to only language models.

Since a GNN outputs a graph, it still requires an language model to be able to
respond in natural language, and a pruning mechanism to direct the multi-hop
inference. In [31], the approach consists of: a relevance scoring module using a pre-
trained language model, a newly-trained GNN that performs inference, and another
language model for converting the graph to answers. In [32], the pruning mechanism
is trained into the GNN, eliminating relevance scoring as a standalone module and
joining the two inference-time modules into one.

GNN is less resource-intensive than language model for graph inference given the
same scale. [32]

Existing methods also require training for specific graphs, making GNN non-portable.

1.5 Think-on-Graph
Building upon the “Graph RAG with LLM” architecture discussed above, a promi-
nent line of work explores how KGs can support explainable and controllable rea-
soning. ToG [20] exemplifies this direction and serves as the primary technical foun-
dation for this thesis. Unlike other walking-based methods that require task-specific
training or knowledge distillation, ToG establishes a training-free interaction loop
between the LLM and the knowledge graph, supporting explainable and controllable
reasoning.

Three paradigms are compared in ToG: [20]

• LLM-only reasoning

The method only utilizes information in the model weights.

• LLM ⊕ KG (retrieval from KG)

This method combines LLM with external graph knowledge. However, it uses
an LLM to generate a one-shot KG query and thus relies too heavily on KG
retrieval and fails to leverage full reasoning capabilities of LLMs.

• LLM ⊗ KG (reasoning on KG)

Proposed by ToG, this algorithm involves LLMs more deeply in the reason-
ing procedure. The ToG algorithm offers several advantages over previous
approaches.

– It improves synergistic and iterative inference between LLMs and KGs.

– It produces explainable inference graphs, enhancing transparency in the
reasoning process.
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LLMQuestion Generate Answer

LLM KG
Question

Retrieve
Generate Answer

Prompt

Question
Retrieve

KG LLM-Scoring

Prune

LLM-Thinking
Knowledge not enough

Generate Answer
Conclude

LLM Only

LLM  KG ⊕

LLM  KG ⊗

Figure 1.1: Representative workflow of three LLM reasoning paradigms: (a) LLM-
only, (b) LLM ⊕ KG, (c) LLM ⊗ KG.

– No training or fine-tuning is required, easy to adopt in various domains.

Despite the progress demostrated by ToG, this paradigm suffers from several inher-
ent limitations.

Firstly, relation pruning decisions are locally scoped, failing to capture the global se-
mantic intent of complex queries. As a consequence, retrieved facts are not sufficient
enough for LLM to answer many questions, causing LLMs to use its internal knowl-
edge. This is harmful as LLMs are not always equipped with up-to-date knowledge,
and will lead to improper results.

Secondly, pruning is performed using pointwise scoring, which introduces instability
into candidate selection. Specifically, the scoring quality depends on both the model
capacity of the LLM and the size of the candidate set. Moreover, in this context,
only relative rankings are required rather than precise scores.

Finally, ToG resorts to random sampling to handle the large number of neighbors in
knowledge graphs, potentially discarding useful neighbors. Although this provides
a straightforward way to reduce the computational overhead of LLMs, it may intro-
duce undesirable effects, as informative and uninformative candidates are discarded
indiscriminately, leading to unstable results.
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2
Theory

2.1 Graph Database
Formally, a knowledge graph can be defined as [11]

G = {E , R, T }
where E represents the set of entities (nodes), R represents the set of relations, and
T ⊆ E × R × E represents the set of factual triples (edges).

Query by Subgraph Matching The way to query a graph database is subgraph
matching. A typical SPARQL [12] query such as

SELECT ?b ?c
WHERE {

ns:ent1 ?a ?b.
?b ns:rel1 ?c.

}

contains a WHERE clause that specifies a subgraph with some unknown entities and
some unknown relations. The unknown entities and relations are fulfilled by the
database and returned as the query result.

Bidirectional Neighbor Exploration The relations in a graph database are
directed. In well-engineered graphs, every directed relation typically has an inverse
relation, making it possible to explore the graph only by matching the subgraph

{
<subject> ?rel ?obj.

}

which explores all relations that have a certain subject entity.

Relations that have this “subject” as the object of a triple do not appear in a result
of this query. To find that, another query is needed,

{
?robj ?rrel <subject>.

}

which, in case of graphs without inverse relations, is necessary.
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2.2 Neural Networks
The lifecycle of a neural network can be broken down into three phases: construction,
training (teaching the network), and inference (putting the model to work).

2.2.1 Construction
The Neuron The fundamental building block of any artificial neural network
is the neuron. A single neuron performs a very specific, two-step mathematical
operation.

1. Linear Transformation: When a neuron receives incoming data, it multiplies
each input by a specific weight and then adds a single constant value called a
bias. If a neuron receives two inputs x1, x2, it computes a weighted sum z:

z = w1x1 + w2x2 + b

The parameters wi, b are tunable. These parameters allow the neuron to com-
pute any linear function.

2. Activation Function: The weighted sum z is a purely linear function. To allow
the network to have non-linear behavior, z is passed through a non-linear
activation function, denoted as f , to produce the neuron’s final output y:

y = f(z)

Common activation functions include:

• Rectified Linear Unit: Outputs the input if it is positive; otherwise, out-
puts zero. This is common for hidden layers.

• Sigmoid: Squashes the input into a range between 0 and 1. It is often
used in the final output layer for binary classification tasks.

• Softmax: Squashes the input into a probability distribution. for multi-
candidate classification tasks.

The Layer One layer contains many independent neurons that use the same in-
puts. These independent neurons will have different parameters, resulting in differ-
ent outputs.

Multiple Layers Layers can stack after one another, using the previous layer’s
output as input. The count of outputs and inputs must match.

The first and last layers in a series are called the input and output layers. Any layers
in between are called hidden layers.

The 2015 introduction of ResNet [33] started a “revolution of depth”. The team
achieved much better results than the state of art with an extremely deep network
at that time, at 152 layers. Since then, neural networks have grown even deeper.
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The Initial State To finalize the build before training begins, every single weight
and bias in the network is initialized randomly. If all weights were set to zero or
the same number, every neuron would perform the exact same calculation, making
it impossible to train them to become different numbers. Random initialization
ensures that each neuron begins learning a slightly different feature of the data
during the training phase.

2.2.2 Inference
During inference, the weights and biases do not change. The network performs a
forward pass, i.e., computing each layer sequentially. Assuming the weights have
been optimized during training, the transformations meaningfully process the input,
resulting in an accurate output classification, translation, or decision.

2.2.3 Training
The goal of training is to change the network so it mimics the training data as much
as possible.

Training is a loop that expects convergence of the loss value. In each iteration,
inference is first performed to compute the loss against the training data, then
gradient descent optimization is applied to minimize the loss.

Loss Function To quantify how wrong the prediction is, a loss function (or cost
function) is used. For classification tasks, cross-entropy loss is common; for regres-
sion, mean squared error is common. The loss function compares the network’s
prediction to the true value and outputs a single number L representing the error.
The entire objective of training is to minimize this number.

Optimization Looking at a neuron, we can have the expression

∂L

∂w

which is the partial derivative of the loss L with respect to the weight w. If we know
the value of ∂L

∂w
, then we know how to optimize this w to mimimize L.

The core challenge is figuring out what ∂L
∂w

is. Because the loss is calculated at the
very end of the network, and the weight is applied earlier, one must use the chain
rule to work backward.

Recall the forward pass of a single neuron:

z = wx + b, a = f(z), L = loss(a)

To find how L changes with w, the derivatives of those three steps are multiplied
together:

∂L

∂w
= ∂L

∂a
· ∂a

∂z
· ∂z

∂w
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All of these can be computed. ∂L
∂a

is known from the loss function. ∂a
∂z

is known from
the activation function. Finally, ∂z

∂w
= x.

This generalizes to multiple layers.

Once we know this derivative ∂L
∂w

, the weight can be updated as

wnew = wold − α
∂L

∂w

where learning rate α is an arbitrary small number. If α is too large, training will
not converge.

2.3 Embeddings of Natural Language
Turning natural language into vector embeddings is the foundational process of
modern natural language processing (NLP). Generally, the goal is to map discrete,
symbolic tokens (words or subwords) into a continuous vector space Rd, where d is
usually between 103 and 105. Each dimension usually comes to express the intensity
of a certain sense in natural language. In this space, the geometric relationships
between vectors mathematically represent the semantic and syntactic relationships
between their corresponding words. Notably, meanings can be combined by vector
addition in this space, and removed by subtraction.

Once natural language has been successfully mapped to vectors, we need a math-
ematic way to compare them. The standard metric in NLP for comparing two
embedding vectors, v1 and v2, is cosine similarity.

sim(v1, v2) = v1 · v2

||v1|| ||v2||

Instead of measuring the Euclidean distance (which is sensitive to vector magni-
tude/word frequency), cosine similarity measures the cosine of the angle between
the two vectors:

• 1: Vectors point in the exact same direction (similar meaning).

• 0: Vectors are orthogonal (unrelated meaning).

• −1: Vectors point in opposite directions (opposite meaning).

2.4 Language Model and Transformer

2.4.1 Language Model
The task of a language model is to calculate the probability of a sequence of words,
or predict the next word given the previous context, which are very related tasks. Al-
though modern LLMs feel very different from such a primitive description, they still
conform to this description—their chat responses are probable linguistic responses.
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2.4.2 Language Model Before Transformer
Before the transformer architecture revolutionized NLP in 2017 with [34], a few
paradigms have been explored:

• Discrete methods: Early models were built by simply counting word frequen-
cies in a massive text corpus using maximum likelihood estimation. Its dis-
creteness addressed semantics poorly.

• Feed-Forward Neural Networks: In 2003, [35] introduced the use of embed-
dings in NLP, something that has come to be taken for granted. It addressed
semantics better by using embeddings. But its fixed-length context was not
an improvement from previous methods.

• Recurrent Neural Networks: The recurrent architecture theoretically supported
arbitrarily long context windows, given its hidden state. However, a long con-
text in this architecture results in the vanishing gradient problem, making it
impossible to train. [36]

• Gated Recurrent Networks: A special gated unit is added to the recurrent
architecture, enabling the network to remember and forget certain information.
It can thus handle longer contexts without the vanishing gradient problem. [36]
But the recurrent architecture is not parallelizable, limiting its scale.

2.4.3 Transformer
Throughout this history, we see a clear goal of utilizing context in NLP. Attention is a
method of building contextual embeddings at a particular layer of a language model,
by selectively integrating information from prior tokens at the previous layer [37].
It is simply a weighted sum of context vectors, and the complexity lies within how
the weights are computed [37]. Attention has been used in earlier works, but the
significant contribution of [34], which powers the vast majority of modern LLMs, is
replacing recurrent neural networks with self -attention, the only kind of attention
we describe.

This new kind of attention involves query, key, and value matrices Q, K, V in a
single attention mechanism. They represent three different roles that each input
embedding plays [37]:

• as the current element being compared to the preceding inputs.

• as the preceding inputs being compared from the current element.

• as a value of this kind of query for a preceding element.

The self-attention is computed as:

A = softmax
(

QKT

√
dk

)
V

A transformer contains multiple layers, and each layer contains multiple attention
mechanisms that function independently.
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Importantly, the transformer is much more parallelizable than its predecessors, en-
abling the scale of modern LLMs.

2.4.4 Training a Modern LLM
Modern LLMs are trained in two steps: pre-training, and fine-tuning [37].

Pre-training is very resource-intensive. The model is trained on a huge amount of
text, so it can predict the next token without any particular goal. The theory used
in this step has already been introduced above.

Once pre-training has completed, we have a model that masters the language it
is trained on, but still does not know how to perform specific tasks. It naturally
generates text consistent with the context, for example [38],

Prompt: Explain the moon landing to a six year old in a few sentences.
Output: Explain the theory of gravity to a 6 year old.

Task-specific capabilities are added in a process called fine-tuning. These capabili-
ties include sentiment analysis, spam detection, question answering, named entity
recognition, and so on. Many modern LLMs have been fine-tuned for instruction fol-
lowing, enabling us to use zero-shot, algorithmic instruction prompts. Fine-tuning
requires very little resources compared to pre-training.

2.5 Bidirectional Encoder Representations from
Transformers (BERT)

Bidirectional Encoder Representations from Transformers (BERT) is a foundational
pre-trained language model that introduced a deep bidirectional Transformer en-
coder architecture, significantly advancing natural language understanding [39]. Pre-
viously, models were restricted to unidirectional text processing. BERT, however,
utilizes bidirectional self-attention. This mechanism allows the model to simultane-
ously incorporate context from both preceding and succeeding tokens, granting it a
profound capability to capture complex syntactic and semantic nuances across text
sequences.

Pre-training of BERT contains two kinds of tasks [39]:

1. Masked LM: mask some percentage of the input tokens at random, and then
predict those masked tokens

2. Next Sentence Prediction: a binarized next sentence prediction task, where the
model is taught what it is like for a sentence to meaningfully follow another,
and the opposite as well. This is beneficial to both question answering and
natural language inference.

BERT has been fine-tuned for a number tasks, but we do not use these fine-tuned
models as we only need to compute vector similarity.
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2.6 Sentence-BERT
Although BERT can produce sentence embeddings via basic [CLS] extraction or av-
erage pooling, these methods often fail to fully encapsulate sentence-level semantics.
To address this shortcoming, Reimers and Gurevych introduced Sentence-BERT
(SBERT) [40]. SBERT modifies the original architecture by incorporating a Siamese
network structure.

Once these independent embeddings are generated, the model measures their seman-
tic relatedness utilizing cosine similarity.

Due to the fact that the encoding process is independent and deterministic, SBERT
ensures high efficiency on large-scale retrieval and clustering applications while pre-
serving deep semantic accuracy.

2.7 Retrieval-Augmented Generation
Large Language Models often experience hallucinations by generating statements
that are factually incorrect. To address this inherent limitation, Retrieval-Augmented
Generation (RAG) proposes combining non-parametric memory modules with para-
metric generation to handle external knowledge [41].

Formally, given an input query x, a standard LLM attempts to generate an output
sequence y by maximizing the conditional probability P (y|x) relying solely on its
frozen weights. In the RAG framework, the system first searches for relevant infor-
mation in a non-parametric memory pool via retrieval mechanisms [41]. RAG treats
these retrieved knowledge snippets as hidden variables z. The generation process is
mathematically factorized into two probabilistic components: a retriever module pη

and a generator module pθ. The probability of generating the final answer sequence
y is computed by marginalizing over the retrieved context z ∈ Z:

P (y|x) =
∑
z∈Z

pη(z|x)pθ(y|x, z)

Here, pη(z|x) denotes the probability of retrieving a specific knowledge snippet z
given the query x. Additionally, pθ(y|x, z) represents the probability of the output
generator producing the answer y, conditioned on both the original query x and the
additional context information z. By conditioning the generation process on explic-
itly retrieved facts rather than pure parameter memorization, the RAG framework
ensures that the model’s outputs are more specific, diverse, and deeply anchored in
verifiable knowledge.

2.8 Prompt Engineering
Prompt engineering refers to the deliberate construction of input contexts to steer
the behavior of LLMs without modifying their internal parameters. Rather than
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relying on fine-tuning, this paradigm leverages carefully designed instructions, for-
matting conventions, and contextual signals to influence how a model interprets and
responds to a task. As a result, prompt design functions as a primary mechanism
for adapting general-purpose LLMs to downstream applications.

A key aspect of prompt engineering lies in how much contextual guidance is provided
to the model. This has led to a spectrum of in-context learning strategies, ranging
from instruction-only prompts to those augmented with illustrative examples.

2.8.1 In-Context Learning Strategies
At one end of the spectrum, zero-shot prompting relies solely on a task descrip-
tion, without providing any explicit demonstrations. In this setting, the model
must infer the task structure based entirely on patterns acquired during pretraining.
While this approach offers maximum flexibility and minimal overhead, it may yield
inconsistent results when task requirements are underspecified or involve complex
reasoning. To improve reliability, practitioners often incorporate auxiliary cues such
as role specifications or reasoning triggers (e.g., encouraging step-by-step thinking),
which help constrain the model’s interpretation of the task [42], [43].

Introducing examples into the prompt leads to one-shot and few-shot prompting,
where the model is guided through explicit input-output pairs. A single example
(one-shot) can already provide useful inductive bias, especially in interactive or
exploratory settings [44]. Extending this to multiple examples (few-shot) generally
improves performance by reinforcing task patterns and reducing ambiguity [45].

However, the effectiveness of example-based prompting depends on several design
factors. These include the semantic similarity between examples and the target
query, the ordering of demonstrations, and the consistency of formatting [46]. Poorly
chosen examples may introduce noise or unintended biases, whereas carefully se-
lected ones can significantly enhance task alignment. Recent approaches have ex-
plored automated methods for selecting representative examples, such as similarity-
based retrieval techniques, to further optimize prompt quality.

2.8.2 Chain-of-Thought Prompting
For tasks that require multi-step reasoning, Chain-of-Thought (CoT) prompting
extends the idea of few-shot learning by embedding intermediate reasoning processes
within the examples [47]. Instead of directly mapping inputs to outputs, the model
is encouraged to generate a sequence of logical steps that lead to the final answer.

This structured reasoning format has been shown to improve performance across a
range of cognitively demanding tasks, including arithmetic problem solving, com-
monsense inference, and symbolic reasoning. The benefits arise from making the
reasoning process explicit, which helps the model maintain coherence over multiple
steps rather than relying on implicit pattern matching.

In addition to improving accuracy, CoT prompting enhances the transparency of
model outputs by exposing the intermediate decision process. While larger models
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tend to benefit more substantially from this approach due to their stronger reasoning
capabilities, smaller models can also exhibit measurable gains when guided by struc-
tured reasoning patterns. Overall, different prompting strategies reflect trade-offs
between simplicity, control, and performance, and their effectiveness fundamentally
depends on the complexity of the target task.

2.9 BM25
BM25 serves as a probabilistic ranking framework widely utilized in information re-
trieval to assess the relevance between a document and a specific query [48]. As an
extension of earlier Term Frequency-Inverse Document Frequency (TF-IDF) archi-
tectures, the model introduces term frequency saturation alongside document length
normalization. Consequently, it achieves enhanced ranking outcomes while keeping
computational expenses negligible.

The algorithm assigns a comprehensive relevance score to a document d against a
query q by accumulating the contributions of each matching term t:

Score(q, d) =
∑
t∈q

IDF(t) · TF(t, d)

The Inverse Document Frequency (IDF) component captures the significance of a
term across the entire collection. This mechanism ensures that common terms con-
tribute minimally to the final score, whereas rarer, informative terms are weighted
more heavily:

IDF(t) = log
(

N − nt + 0.5
nt + 0.5

)
where N represents the total number of documents, and nt denotes the number of
documents containing term t.

The Term Frequency (TF) component reflects the occurrence rate of term t in doc-
ument d while considering diminishing returns:

TF(t, d) = f(t, d) · (k1 + 1)

f(t, d) + k1 ·
(

1 − b + b · |d|
avgdl

)

In this equation, f(t, d) indicates the term frequency, |d| is the current document’s
length, and avgdl is the average document length. The parameters k1 (typically
between 1.2 and 2.0) and b (usually around 0.75) are tunable constants.

2.10 Reciprocal Rank Fusion
In hybrid search architectures, aggregating results from dense retrieval models (e.g.,
SBERT) and sparse retrieval models (e.g., BM25) persents a fundamental challenge:
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their scoring mechanisms are inherently incompatible. While cosine similarity pro-
duces bounded scores, probabilistic models such as BM25 generate unbounded val-
ues. Consequently, direct score aggregation or linear combination requires careful
calibration and may lead to instability.

To effectively integrate these heterogeneous results without relying on score normal-
ization or additional training, Reciprocal Rank Fusion (RRF) is widely adopted as
a robust ensemble ranking technique [49]. RRF is an unsupervised fusion algorithm
that operates solely on rank positions rather than absolute scores.

The algorithm computes a fused relevance score for a document d by aggregating
the reciprocal ranks assigned by multiple independent rankers:

RRFScore(d) =
∑
r∈R

1
k + r(d)

where R demotes the set of rankers and r(d) is the 1-based rank of document d
given by ranker r. The constant k is a smoothing parameter, commonly set to
60 in prior work. This parameter reduces the dominance of top-ranked documents
while allowing lower-ranked but consistently retrieved items to contribute to the
final ranking.

By eliminating the need for score calibration and training. RRF provides a simple yet
effective late-fusion strategy and has been shown to outperform individual ranking
methods in many retrieval settings.

2.11 Beam Search and Heuristic Exploration
In the context of multi-hop reasoning over large-scale knowledge graphs, exhaustive
search methods such as Breadth-First Search (BFS) or Depth-First Search (DFS)
quickly become computationally intractable. This is primarily due to the combina-
torial explosion of the search space, where the number of possible relational paths
grows exponentially with the number of hops. To mitigate this, heuristic search algo-
rithms are widely employed, among which Beam Search is the most prominent [50].

Beam Search can be viewed as a constrained variant of best-first search that has
become the standard decoding algorithm for neural sequence generation [51]. Instead
of maintaining the entire search tree, it relies on a predefined hyperparameter called
the beam width, denoted as k. At each expansion step (or depth level), the algorithm
evaluates all successor nodes generated from the current states, but only retains the
top-k most promising candidates based on a specific heuristic scoring function. The
rest of the nodes are permanently pruned from the search space.

While Beam Search significantly reduces computational overhead and memory con-
sumption, its effectiveness is entirely dependent on the reliability of the underlying
heuristic evaluation [52]. In standard LLM-guided exploration paradigms like Think-
on-Graph (ToG), the LLM itself serves as the heuristic scorer. However, when the
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model is forced to assign absolute pointwise scores to a massive list of highly sim-
ilar candidates simultaneously, the scoring distribution may degrade, potentially
leading to the pruning of globally optimal reasoning paths. This fundamental limi-
tation highlights the necessity for search mechanisms that rely on different selection
methods.

2.12 Tournament Selection Mechanism

The term “tournament selection” conceptually originates from competitive sports,
where participants are structured into local match-ups or knockout brackets to de-
termine a victor without requiring every participant to compete against all others.
In computer science, this paradigm was formally adopted and popularized within
the domain of evolutionary computation and genetic algorithms to bypass the severe
inefficiencies of global fitness evaluations [53].

Early evolutionary selection mechanisms, such as fitness proportionate selection
(commonly known as roulette wheel selection), mandated the calculation of abso-
lute fitness scores for every individual across the entire population to derive global
selection probabilities. This approach was not only computationally expensive but
also highly vulnerable to scale distortiona phenomenon where extreme outlier scores
could dominate the probability distribution, leading to a premature loss of diversity.
To circumvent these bottlenecks, tournament selection relies purely on local, rela-
tive comparisons. In a standard tournament process, a small subset of candidatesre-
ferred to as a “chunk” or “tournament pool” is randomly sampled. These individuals
compete locally, and only the highest-ranking candidates survive. This simple yet
elegant mechanism effectively eliminates the need for global sorting and makes the
algorithm largely insensitive to the absolute magnitude of fitness scores [53].

This historical shift in heuristic optimization closely mirrors the current method-
ological transition required in LLM-based reasoning frameworks. In standard archi-
tectures like ToG, LLMs are utilized as pointwise scorers across the entire candidate
space, encountering the exact same vulnerabilities as early genetic algorithms: high
computational overhead and unstable, polarized absolute scoring distributions. Re-
cently, the comparative or tournament-style comparative paradigm has been success-
fully adapted to address these calibration limitations in Large Language Models [54].

By reframing the evaluation as an iterative, tournament-based pairwise or chunked
comparison, the task is reduced to determining local relative preferences rather than
global absolute truths. This aligns much better with an LLM’s natural judgment
capabilities, allowing the model to develop a consistent ranking perspective without
exceeding its context processing limits in related ranking or evaluation settings [55].
Consequently, implementing tournament selection in multi-hop reasoning can effec-
tively mitigate the limitations of absolute scoring, potentially improving evaluation
stability and pruning behavior in large-scale knowledge graphs.
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2.13 Merge Sort
Merge sort [56] is a sort algorithm that relies on pairwise comparison of elements.

Merge sort is a divide-and-conquer algorithm. With a list of n elements:

• Divide: The algorithm recursively splits the unsorted list in half until it can
no longer be divided. This results in n sublists, each containing exactly one
element. By definition, a list with a single element is already sorted.

• Merge: The goal is to merge all lists into one. To merge two lists, the algorithm
creates an empty new list l, compares the top item from each of the two input
lists, moves the greater one to the new list l, and iterates until one input list
is empty, in which case all remaining items are directly added to the new list
l. List l is returned.

This algorithm has a time complexity of O(n log n) for the best and worst cases.

Merge sort cannot be done in-place on arrays, but can be done in-place on linked
lists. The space complexity is O(n) for arrays and O(1) for mutable linked lists.

Merge sort is a stable sorting algorithm. If two elements have the same value, their
relative order in the original unsorted list is preserved in the final sorted list.

Because the left and right halves of the arrays are sorted independently during the
divide phase, merge sort is well-suited for parallel processing and multi-threading.
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Three Observations
Our methods are based on three basic observations.

Observation I: Relation Overlap and Redundancy
In the ToG framework, candidates are presented as complete triples (e1, r, e2), where
ei represents entities and r denotes a relation. We observed a significant overlap
in relations among the explored candidates. For instance, as shown in Figure 3.1,
multiple entities share the same relation r2. In this case, it is redundant to treat each
triple independently for LLM evaluation. It will be helpful if overlapped relations
are merged.

Observation II: Entity-Agnostic Reasoning Potential
Another critical insight is that, in multi-hop reasoning over knowledge graph, the
semantic utility of a reasoning path is largely governed by its sequence of relations.
For example, given the following question,

What is the national bird of where Chicago is?

a straightforward path is Chicago located_in−−−−−→ x
national_bird−−−−−−−→ y. Although there is no

information about entities (except for the topic entity), it is still clear that the path
should be kept for answering.

Formally, the relation described above could be abstracted as compositional relation
R(X, Z) defined over relation paths.

R(X, Z) = ∃Y, located_in(X, Y ) ∧ national_bird(Y, Z)

The observation mentioned above reflects the potential for improving the pruning
process with entity-agnostic relation paths.
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Figure 3.1: In ToG, we have triples as candidates: { (a, r1, f) , (a, r2, b), (a, r2, c),
(a, r2, d), (a, r2, e) }, where overlapped relations are not merged.
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Figure 3.2: After ignoring entities, candidates become relation paths: { (r1), (r2),
(r2, r3), (r2, r4) }. With merging operations mentioned in I, we could generate fewer
candidates while maintaining enough information for pruning.
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Observation III: LLM as Chooser, Not Scorer
ToG relies on assigning absolute numerical scores, leading to scoring failures such
as degrading to extreme scores (0 or 1) and assigning the same score to a huge
amount of different candidates. This may be due to the absence of calibration in
LLM scoring.

Furthermore, scores are not necessary required for ToG—it is sufficient to give just a
rank (or top-k rank). Recent work on LLM-based evaluation also shows that relative
comparative ranking improves evaluation consistency over absolute scoring [57], [58],
[59]. Therefore, it is better to treat the LLM as a comparative chooser rather than
a point-wise scorer.
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3.1 Hybrid Lexical-Semantic Pre-filter
As mentioned at the end of Introduction, ToG employs random sampling to reduce
the number of neighbors in knowledge graphs. But this method retains both relevant
and irrelevant candidates. For the worst case, it may discard all useful candidates,
making it impossible for the LLM to deduce the correct answer.

However, it is still necessary to figure out a method to reduce the candidates for
lower computational overhead of LLMs. Instead of random sampling, we propose a
hybrid method to conduct selective pre-filtering.

To effectively reduce the search space while preserving relevance, ToP replaces ran-
dom discarding with a hybrid pre-filtering strategy that leverages both lexical and se-
mantic signals. As previously established, BM25 [48] provides robust exact keyword
matching but is susceptible to vocabulary mismatch, whereas SBERT [40] captures
deep contextual semantics but may overlook fine-grained, strict token alignments.
Given their clear complementarity, integrating these two approaches yields a much
more robust candidate screening process. To circumvent the normalization chal-
lenges associated with combining fundamentally disparate scoring distributions, we
fuse their independent rankings using RRF [49]:

ScoreRRF = 1
k + rBM25

+ 1
k + rSBERT

(3.1)

where rBM25 and rSBERT denote the rank positions and k is a smoothing constant
(typically 60). This produces a compact candidate set, retaining high-relevance
entities.

3.2 Entity-Agnostic Relation Path Pruning
When performing pruning, ToG only keeps current relations or entities without their
previous path information. This makes ToG limited to local context and may fail
to capture global path semantics.

explored graph all depth 1, 2 paths
merged by relation path equivalence

all depth 1, 2 paths
entities ignored

e6
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Figure 3.3: Entity-Agnostic Relation Path Pruning The raw explored sub-
graph (left) is first grouped by relation path equivalence (middle). Then, the entities
of each grouping path are ignored, abstracting them into purely relational paths
(right).
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Based on Observation I & II, we propose an entity-agnostic relation path pruning
approach to address this issue. In ToP, intermediate entities are deliberately ignored
in the relation path pruning process, thereby merging full entity-aware paths by
identical start entity (or Topic Entity) and sequence of relations(Figure 3.3). More
formally, a full path could be defined as

p : e0, r1, e1, r2, e2, ..., rn, en

where ei denotes entities (e0 represents the topic entity) and ri denotes relations.
Given two paths p1 and p2, we define they are path-equivalent if and only if their
subsequences e0, r1, r2, ..., rn are identical.

This approach enables ToP to prune more effectively by allowing LLM to evaluate
candidates with their global path semantics while reducing entity-level noise.

3.3 Tournament Candidate Selection
After the pre-filter, there can still be plenty of candidates in the pool, which may lead
to the “lost in the middle” phenomenon, where LLM performance degrades when
relevant information appears in the middle of long contexts. To address this, we
propose the tournament candidate selection algorithm so each prompt can contain
fewer candidates. In detail, two distinct versions are proposed, each with its specific
advantages.

3.3.1 Chunked Tournament

path 1 ✓

iteration

top k candidates

path 2 ✗
path 3 ✗
path 4 ✓

path 5 ✗
path 6 ✓
path 7 ✓
path 8 ✗

. . .

path 1 ✓
path 4 ✗
path 6 ✗
path 7 ✓

path 9 ✓
path a ✗
path b ✓
path e ✗. . .

path 1
path 7
path 9
path b

iteration iteration. . .

Figure 3.4: Chunked Tournament Initially, candidates are partitioned into
multiple chunks, with each chunk containing a fixed number of paths (e.g., four).
During each selection round, only the top 50% of paths within a chunk are retained
and subsequently regrouped into new chunks. This iterative process continues until
all surviving candidates fit into a single final chunk, from which the ultimate top-k
candidates are selected.
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In this version, we divide candidates into a few chunks (Figure 3.4), where the
number of candidates in each chunk is strictly capped at a predefined threshold.
During each round, the LLM chooses to keep the top 50% candidates in a chunk. The
selected candidates are then recombined into better chunks. This process iterates
until the remaining candidates fit within a single chunk, so the final top-k selection
can be performed. This hierarchical selection provides more stable ranking across
varying candidate pool sizes.

To execute this chunk-wise evaluation effectively, we carefully design a specific
prompt template that instructs the LLM to compare and rank candidates within
each given chunk, as detailed below.

Prompt Design

Relation Pruning Prompt Instead of giving scores, our prompt asks LLM to
give top-k helpful relation chains by giving a list of indexes. Typically, the results
given by LLM should have up to k chains. If LLM does not follow the instruction
and gives more chains, there will be a parser to truncate the list to k.
Instruction : Given the question , you are provided with

several candidate relation chains derived from a knowledge
graph. Your task is to select UP TO {k} relation chains

that are most helpful for answering the question .

Format Example :
Q: The movie featured Miley Cyrus and was produced by Tobin

Armbrust ?
Candidate Relations :
[0] film.actor.film -> film.film.genre
[1] film.film. production_companies -> organization .

organization . founders
[2] film.actor.film -> film.film. produced_by
A: [1, 2]

Entity Pruning Prompt In order to save costs without sacrificing path infor-
mation, the paths are grouped based on their prefixes. In each group, there is one
“Explored Path” to show the prefix and a set of candidate entities. Similarly, we
ask LLM to give a list of indexes with length up to k. Another parser function will
truncate the list if the list has more elements than k.
Instruction : Please evaluate all provided candidate entities

across different reasoning paths , and select UP TO {k}
entities in total that are most helpful for answering the
question .

Format Example :
---
Explored Path: [ Entity ] Miley Cyrus -> [ Relation ] film.actor.

film
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Candidate - Entities :
[0] So Undercover
[1] The Last Song
---
Explored Path: [ Entity ] Tobin Armbrust -> [ Relation ] film.

film. produced_by
Candidate - Entities :
[2] Let Me In
[3] So Undercover
---
A: [0, 3]

3.3.2 Pairwise Tournament
In this version, we sort the candidates with the LLM by asking it to rank only two
candidates at a time. We implemented this as a special version of merge sort.

We modify merge sort to limit the item count in l to some k during this merge step1.
The modified merge routine ends once the merged list l reaches size k, saving time
that would have been used to compare remaining (worse) candidates. For n = 30,
about2 119 comparisons are required in the worst case to fully sort the list, but
only 72 comparisons are required to find and sort the top 3, a 40% saving. The
asymptotic time complexity is still O(n log n).

For our purpose, we do not require LLM comparison to be consistent (for example,
a > b > c > a is permissible) or transitive, as our goal is to exploit the LLM’s
reasoning capability enough to probabilistically find the more accurate paths.

Diff Prompting

In order to trick the LLM into comparison thinking, we symbolically extract the
longest common prefix of the two path candidates. This common prefix is presented
as “given conditions” to the LLM. The remaining segment of each path, the path diff,
each becomes an option. In case of any empty path diff, the question is formulated
as a relevance decision problem and only the nonempty path diff is presented, so the
LLM does not become confused over an empty option.

In case of two nonempty path diffs the following zero-shot prompt structure
is used:
You are helping a computer program perform question answering

on a knowledge graph.
Do not pick information that is redundant .
In combination with the known conditions , which one of the

candidates is more relevant to the following question ?
Question : m.03 _dwn is the mascot for the team that last won

the world series when?

1We used k = 3.
2depends on implementation details
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Given conditions : -> GIVEN_TOPIC_ENTITY : m.03 _dwn
Candidate A: -> sports . mascot .team <- common . webpage .topic
Candidate B: <- sports . sports_team . team_mascot <- award.

award_nomination . award_nominee
First explain your reasons in one sentence for each option ,

then write the response as [A] or [B].

Sample response:
Candidate A describes a general relationship between a mascot

and a webpage topic , which is too broad. Candidate B
connects the team mascot to sports teams and awards , which

is relevant to winning a world series .
[B]

In case of any empty path diff the following zero-shot prompt structure is
used:
You are helping a computer program perform question answering

on a knowledge graph.
Do not pick information that is redundant .
In combination with the known conditions , is the candidate

relevant to the following question ?
Question : m.03 _dwn is the mascot for the team that last won

the world series when?
Given conditions : -> GIVEN_TOPIC_ENTITY : m.03 _dwn <- sports .

sports_team . team_mascot
Candidate : <- baseball . baseball_league .teams
First explain your reasons in one sentence for each option ,

then write the response as [ RELEVANT ] or [NOT RELEVANT ].

Sample response:
The candidate is too broad and does not specifically mention

the team that won the world series or the mascot mentioned
in the question .

[NOT RELEVANT ]

3.4 Topic Entity Masking
Sometimes, very easy questions like the following are asked:

The national anthem Afghan National Anthem is from the country which
practices what religions?

In this case, the LLM may choose to answer the question using its internal knowledge
rather than the knowledge base. In fact, we can even test this kind of QA system
against a fictional knowledge graph (with real-world entity names and relations, but
all relations are connected in a very different way), and it will perform very poorly.
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While ToG encourages the LLM to use its internal knowledge, improving test set
outcomes when run against real-world KGs, this approach is fundamentally wrong
and undermines our principle: question answering should be backed by a human-
verified external source.

In order to prohibit the LLM from using its internal knowledge, we mask any match-
ing entity names in the question, so the question instead looks like:

The national anthem m.02r0hl7 is from the country which practices
what religions?

3.4.1 The Role of the LLM, Revisited
The LLM must know all the relations in the KG domain in order to help us with
the task. For example, it must know that a country usually has a national anthem,
and that a country can have a predominant religion. This is the only way it can
help find the relevant information.

However, the LLM must not help us with any specific entities, such as those specific
to Afghanistan, as it is considered wrong to not retrieve such information from the
KG.
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4
Construction of Our Two Systems

We constructed two different systems, using different methods from the previous
chapter.

Property System 1 System 2
Information used for exploration Path and Entity Path only
Tournament ranking mode Chunked Pairwise
Tournament prompting Few-shot Zero-shot, diff
Pre-filter Lexical, semantic Semantic
Topic entity masking No Yes
Answer from LLM knowledge Yes Impossible
Search depth Fixed Until answered

Table 4.1: Feature comparison of our two systems.
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4.1 System 1: Path and Entity Exploration, Chun-
ked Tournament, Hybrid Filter

1  retrieve neighbors

2  update search data

3  filter paths with BM25, S-BERT (RRF)

4  filter paths with LLM by tournament

5  filter paths with LLM for top k

7  generate answer
 using paths from all depths

6  check if depth has been reached

start

end

~800 paths

~300 paths

~30 paths

~5 paths

in
cr

ea
se

 d
ep

th

our main contribution

Freebase

“Which nation has the Alta Verapaz Department
and is in Central America?”

“Guatemala”

Figure 4.1: Overall architecture of System 1

System 1 requires a fixed depth that allows for ToP to explore. And for each
iteration, ToP first filters the paths with hybrid pre-filtering method to narrow down
the number of candidates and generate a small candidate pool. The candidates are
then divided into chunks and ranked for selection. This iterative process continues
until only one chunk remains and the problem turns into a top-k ranking. Once the
depth is reached, the paths are then sent to the LLM to deduce the answers.
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4.2 System 2: Path-only Exploration, Pairwise
Tournament, Topic Entity Masking

1  retrieve neighbors

2  update search data

3  filter paths with embedding similarity

4  rank paths with LLM

5  rank paths and entities with LLM
 using paths from all depths

7  generate answer

6  check if answer has been reached

start

end

~400 paths

~30 paths

~3 paths

~3 paths

in
cr

ea
se

 d
ep

th

our main contribution

Freebase

 × depth

“Which nation has the Alta Verapaz Department
and is in Central America?”

“Guatemala”

Figure 4.2: Overall architecture of System 2

System 2 has the following features:

• In Step 3: Single Filter: Semantic top-k filter powered by a single embedding
model.

• In Step 4: Path-only Exploration: Unlike the other design, there is no entity
pruning during exploration.

• In Step 4: Pairwise Tournament with zero-shot diff prompting.

• In Step 6: Search can be ended by a positive response from the LLM.

• In Steps 3, 4, 5, 6: Topic Entity Masking in all prompts.
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5
Results

In this chapter, we focus on the following research questions.

1. To what extend does the proposed framework improve multi-hop reasoning
performance over ToG?

2. How does model scale affect reasoning performance, and how does the pro-
posed method reshape this scaling behavior?

3. How consistently does ToP perform across datasets with varying schema com-
plexities, compared to the baseline?

4. How does ToP behave if key improvements are ablated?

Before answering these questions, we first detail the experimental setup and then
conduct a detailed analysis across three corresponding dimensions on two different
versions (as mentioned in Section 3.4).

5.1 Experiment Setup

5.1.1 Datasets
Following ToG [20], we employ Freebase [60] as our underlying knowledge graph.

Our query language is SPARQL [12], a pure implementation choice that does not
affect performance.

We perform our evaluations across four widely recognized benchmarks featuring com-
plex, multi-hop reasoning tasks: CWQ [61], WebQSP [62], WebQuestions (WebQ) [63],
and GrailQA [64].

In order to optimize computational efficiency while maintaining evaluation integrity,
we randomly sample a subset of 200 questions from each dataset for our evaluation,
except otherwise noted.

5.1.2 Metrics
Exact Match (EM) is adopted as our primary metric to strictly determine whether
the predicted answer aligns with the ground-truth answer.
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LLM Size Variant System 1 System 2
Deepseek R1 671B *
Llama 3.3 Instruct 70B *
Qwen 3 32B * *

14B * *
Gemma 4 Instruction-Tuned Effective 4B *

Effective 2B *

Table 5.1: LLMs used to test our two systems.

5.1.3 Language Models
The two versions of tournament selection have different advantages—chunked tour-
nament selection costs fewer tokens and is suitable for larger models whereas pair-
wise tournament selection makes better use of language models and is suitable for
smaller models. Therefore, we use different models according to the tournament
implementation.

For System 1, we choose the 14B and 32B variants of Qwen 3 models [65] as well as
two larger models, Llama 3.3 70B Instruct [66] and Deepseek R1 [67]. For System 2,
we keep the Qwen models, but replace two large models with small models, Gemma
4 E2B IT, E4B IT (instruction-tuned) [68]. An overview is in Table 5.1.

For System 2, the embedding model in the filter is Qwen 3 Embedding 4B [69].
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5.2 Results

5.2.1 System 1

Model CWQ WebQSP WebQ GrailQA
Deepseek R1 w/ ToG 46.0 72.0 46.5 62.5

w/ System 1 64.0 81.0 54.0 70.0
Llama 3.3 70B Instruct w/ ToG 34.5 43.0 24.0 22.0

w/ System 1 56.5 79.0 58.0 64.0
Qwen 3 32B w/ ToG 38.0 58.5 46.0 50.0

w/ System 1 43.5 72.0 48.5 72.0
Qwen 3 14B w/ ToG 34.0 63.5 54.0 56.0

w/ System 1 38.0 63.5 46.5 60.0

Table 5.2: Performance of various LLMs equipped with ToP System 1 versus ToG.

5.2.1.1 Performance Grains Across Frameworks

Table 5.2 shows that System 1 consistently outperforms the standard ToG across
nearly all tested LLM and benchmarks. Notably, when equipped with Llama3.3-
70B-Instruct, System 1 achieves substantial absolute EM improvements of 22.0%
on CWQ, 36.0% on WebQSP, 34.0% on WebQ and 42.0% on GrailQA. Even for
a strong reasoning model such as Deepseek-R1, System 1 further improves perfor-
mance, yielding an 18.0% absolute gain on CWQ.

These improvements suggest that modifying step-wise exploration into global path
level reasoning, combined with list-wise candidate selection, leads to more effective
filtering of relevant reasoning paths. Moreover, while the entity-agnostic path ab-
straction naturally introduces a larger candidate space during final entity resolution,
the overall performance gains demonstrate that our tournament selection algorithm
successfully manages the increased search complexity without degrading accuracy.

5.2.1.2 Impact of LLM Model Scale and Capability

ToG results show a clear performance inversion, or negative scaling, among open-
source models. The larger Llama-3.3-70B-Instruct underperforms the smaller Qwen-
3-14B on WebQ (24.0 vs. 54.0) and GrailQA (22.0 vs. 56.0), with a similar trend
observed for Qwen-3-32B (46.0 on WebQ and 58.5 on WebQSP). We attribute this
to the strict evaluation criteria. While necessary to prevent false positives, this may
penalize the longer and more flexible responses generated by larger models.

First, larger instruct-tuned models tend to produce more fluent and informative rea-
soning path, but they also generate more verbose outputs that may deviate from
the strict structural format (e.g., bracketed representations) required by ToG. This
constraint is inherent to the framework design for reliable downstream parsing; de-
viations from the required format therefore lead directly to scoring penalties.
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Method CWQ WebQSP WebQ GrailQA
System 1 44 72 49 72
System 1 w/o Relation Path Pruning 32 67 48 70
System 1 w/o Tournament 40 71 54 66
System 1 w/o Pre-filter 40 72 50 70

Table 5.3: Ablation study of System 1 under Qwen 3 32B. “w/o” denotes the
removal of a specific component. Numbers are percetage points.

Second, during graph exploration, the number of candidate reasoning nodes grows
combinatorially. To maintain the computational budget, vanilla ToG applies a fixed-
width pruning strategy disregarding path quality. Instead, candidate path are trun-
cated through a quality-agnostic process, where all paths have equal probability of
being discarded. As the candidate space expands, this creates a stronger selection
bottleneck and weakens the link between generation quality and retained reasoning
paths.

System 1 addresses both issues in a unified way. By introducing optimized guid-
ing prompts, System 1 improves structural compliance and reduces formatting drift.
More importantly, instead of uniform discarding, System 1 uses a semantic hyper-
graph to organize the search space and applies a tournament pruning strategy to
retain the most promising reasoning paths in a quality-aware manner. As a result,
the negative scaling behavior is consistently mitigated, with performance improving
from 14B to 32B, and further to 70B across all datasets, suggesting more effective
utilization of larger models.

5.2.1.3 Performance Consistency Across Datasets

The baseline ToG framework shows significant performance variation across datasets
with different graph-query distributions. For example, Llama-3.3-70B-Instruct achieves
43.0% on WebQSP under the baseline setup, but drops to 24.0% on WebQ and 22.0%
on GrailQA. This gap suggests that the effectiveness of vanilla graph-based reason-
ing is sensitive to differences in question complexity and style, rather than scaling
consistently with model capacity.

In contrast, System 1 exhibits stable performance across different benchmarks, miti-
gating performance degradation on complex datasets while preserving strong results
on simpler ones. A representative example is Qwen3-14B: when equipped with Sys-
tem 1, the model improves its accuracy on challenging multi-hop tasks such as CWQ
(from 34.0 to 38.0) and GrailQA (from 56.0 to 60.0), while maintaining its strong
baseline performance on WebQSP (63.5). This pattern indicates that System 1 pro-
vides more consistent behavior across datasets, rather than being optimized to a
specific benchmark.

5.2.1.4 Ablation Study

Table 5.3 presents the ablation study of System 1 using Qwen 3 32B and 100 samples.
Overall, the removal of each component results in a decrease of accuracy.
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Model CWQ WebQ WebQSP GrailQA

Qwen 3 32B w/ ToG 38.0 46.0 59.5 50.0
w/ System 2 43.5 63.5 73.0 74.0

Qwen 3 14B w/ ToG 34.0 54.0 62.5 56.0
w/ System 2 37.5 57.0 62.5 59.5

Gemma 4 E4B IT w/ ToG 31.0 28.0 39.0 53.5
w/ System 2 46.0 56.5 67.5 74.0

Gemma 4 E2B IT w/ ToG 12.0 17.0 22.0 10.5
w/ System 2 39.5 52.0 64.5 67.5

Table 5.4: Performance of various LLMs equipped with ToP System 2 versus ToG.

5.2.2 System 2
We conduct an analysis across three distinct dimensions. The results are shown in
Table 5.4.

5.2.2.1 Performance Gains Across Frameworks

Our experiment results show that System 2 consistently outperforms the standard
ToG baseline across nearly all tested LLM and benchmarks. Notably, when paired
with smaller models, such as Gemma 4 E2B, System 2 achieves substantial EM
improvements of 27.5% on CWQ, 35.0% on WebQ, 42.5% on WebQSP and 57.0%
on GrailQA. Even for larger models like Qwen 3 32B, System 2 still yields significant
gains, improving performance by up to 24.0% absolute on GrailQA.

These empirical improvements suggest that restructuring step-wise path pruning
into path-level reasoning in conjunction with tournament candidate selection leads
to more effective filtering of reasoning paths, especially for small LLMs.

5.2.2.2 Impact of LLM Model Scale and Capability

We observed that the baseline ToG results show a certain degree of performance in-
version, or “negative scaling”, among Qwen models as the parameter size increases.
For instance, the larger Qwen 3 32B underperforms the smaller Qwen 3 14B across
multiple datasets, including WebQ (46.0% vs 54.0%), GrailQA (50.0% vs 56.0%),
and WebQSP (59.5% vs 62.5%). We attribute this to longer and more flexible re-
sponses, which more frequently violate formatting requirements, generated by larger
models.

There is an apparent performance inversion between the Qwen 3 and Gemma 4
LLM families, specific to System 2 and not ToG. We attribute this to the different
sensitivities of LLMs to certain prompt styles. During pruning, ToG asks scoring
questions with a list of candidates using few-shot prompting, while System 2 asks
zero-shot multiple-choice questions with exactly two options and requires the LLM
to show its reasoning process. The choice of an instruction-tuned model (Gemma 4
E4B IT and E2B IT) may also have made a difference. Finally, it is worth noting
that the Gemma 4 LLM family is approximately one year more recent than Qwen
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Method CWQ WebQ
System 2 46.0 56.5
System 2 w/o Relation Path Pruning 33.0 45.5
System 2 w/o Tournament 32.5 53.0

Table 5.5: Ablation study of System 2 under Gemma 4 E4B IT.

3, entailing non-trivial systematic changes.

5.2.2.3 Performance Consistency Across Datasets

System 2 exhibits stable performance across different benchmarks, with variations
aligned with the baseline. This pattern indicates that System 2 provides consistent
behavior across datasets rather than being optimized to a specific benchmark, and
the variations should be explained by differences in question complexity.

5.2.2.4 Ablation Study

Table 5.5 presents the ablation study results of the System 2 framework using
Gemma 4 E4B IT to evaluate our two core components. Both ablations reduce
performance from full System 2 on CWQ and WebQ, demonstrating the necessity
of these modifications.

Ablation of relation path pruning Only the final relation in the relation path
is used for pruning.

Ablation of tournament The candidates are point-wise scored rather than ranked
by pair-wise comparison. We batch 5 items per LLM prompt. Scoring is imple-
mented for both entity-agnostic path pruning and final path ranking with entity
information.
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Conclusion

6.1 Conclusion
In this study, we investigated into the baseline ToG framework and explored several
limitations that affect the accuracy of the answers. The limitations include locally
scoped pruning, pointwise scoring, as well as random sampling to narrow down the
candidate pool.

For locally scoped pruning, we proposed an entity-agnostic relation path pruning
to provide global path semantics. According to the observations, our method ig-
nored the entities and kept only relation sequences, which reveals substantial over-
lap among candidates, allowing us to merge them into a significantly more compact
candidate pool.

Instead of asking the LLM to make pointwise scoring, we changed it to a ranking
task, which LLMs are better at. To maintain the accuracy and stability, we proposed
two systems that mainly differ in tournament selection algorithm. System 1 with
chunked style divides the candidates into several chunks and screens out half of
them. The iterative process continues until only one chunk remains, when the
problem becomes a top-k selection. System 2 uses a top-k merge sort whose pairwise
comparison is powered by the LLM.

As for random sampling, we altered it into a pre-filtering process that utilize lightweight
tools to narrow down the number of candidates before sending them to the LLM.
In System 1, we replaced random sampling with a hybrid pre-filtering strategy that
leverages both lexical and semantic signals. In System 2, we used a single embedding
model to produce similarity scores.

Because both systems are composed of several core components, we also performed
ablation studies to ensure each component contributes to the improvements. Ulti-
mately, by integrating these methods, our approach achieves three key things: it
delivers higher accuracy, scales effectively with larger language models, and remains
consistently reliable across datasets.
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6.2 Future Work
1. Path-only exploration has some limitations.

(a) It cannot handle questions that require instantiation of any entity.

Consider the question “What is the nationality of the tallest person in the
world?” on a knowledge graph without the superlative relation “tallest
person in”. To answer this question, it is necessary to instantiate the
entity referred to by “the tallest person in the world”, which is impossible.

In order to answer this question, it is necessary to query the height of
every human, choose the largest number, and make its path entity-aware
again to continue with the instantiated entity.

(b) It cannot handle a conjunction of requirements about the answer.

In the graph, each predicate is an edge on the entity. A conjunction of
many predicates simply means the entity must be connected to all of
these predicate edges.

In order to support conjunction, the question must be separated into its
clauses. Then, the solution set is the intersection of those of its clauses.

2. For us to rigorously assess the performance of knowledge base QA systems, it
is best to use a dedicated adversarial1 fictional knowledge base.

3. It is best to terminate the search by answer convergence, rather than a single
positive answer.

4. For explainability, the user deserves the formal SPARQL query in addition
to the natural language response. It is technically trivial to implement, as
the program already maintains an equivalent data structure internally. How-
ever, when explainability features are added, the user experience may require
thoughtful design, including natural language explanations of the formal query.

1containing information inconsistent with the LLM
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