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Abstract: Large Language Models (LLMs) often tend to hallucinate, especially on domain-specific
tasks and tasks that require reasoning. Previously, we introduced SubGraph Retrieval Augmented
Generation (SG-RAG) as a novel GraphRAG method for multi-hop question answering. SG-RAG
leverages Cypher queries to search the given knowledge graph and retrieve the necessary subgraph to
answer the question. The results from our previous work showed a higher performance of our method
compared to the traditional Retrieval Augmented Generation (RAG). In this work, we further enhance
SG-RAG by proposing an additional step called Merging and Ordering Triplets (MOT). The new MOT
step seeks to decrease the redundancy in the retrieved triplets by applying hierarchical merging on
the retrieved subgraphs. Moreover, it provides an ordering among the triplets using the Breadth First
Search (BFS) traversal algorithm. We conducted experiments on the MetaQA benchmark, which is
proposed for a multi-hop question-answering on the movies domain. Our experiments show that the
SG-RAG MOT provides more accurate answers than Chain-of-Though and Graph Chain-of-Though.
We also find out that merging (up to some point) highly overlapping subgraphs and defining an order
among the triplets helps the LLM to generate more precise answers.

Keywords: large language model; knowledge graph; question answering; multi-hop question; graph
RAG

1. Introduction

Large language models (LLMs), such as GPT, Gemini, and Llama, have shown a strong ability in
natural language understanding and generation. The strong capabilities of LLMs made them a key
component for many solutions regarding natural language processing tasks, especially for generic
question answering, where LLMs are capable to generate convincing answers [1]. However, the
hallucination problem of those models limits their usage in real scenarios [2]. In the case of domain-
specific question answering, the hallucination can be seen as factual wrong, outdated, or irrelevant
responses by the LLMs [3]. To decrease the effect of hallucination and help the LLMs to generate more
accurate answers, Retrieval Augmented Generation (RAG) was proposed [4]. The RAG method helps
the underlying LLM by embedding a set of relevant textual documents with the given question, and
the task of the LLM becomes extracting the answer from this set of documents.

The simplicity of applying the RAG method makes it very common in multiple fields such as
Finance [5], Medicine [6], Religion [7], to name a few. However, the RAG method struggle to solve
the hallucination in multi-hop (complex) questions that require the underlying LLM to reason over
multiple documents. The semantic similarity-based document retrieval in RAG fails at retrieving the
necessary documents to answer multi-hop questions. The recent LLMs, such as Gemini 2.0, provided a
longer context window to enable sharing more knowledge with the LLMs; however, the LLMs have
shown that they do not leverage all the knowledge shared with them, as they are focusing only on part
of the shared knowledge [8]. This problem is known in the literature as the lost-in-the-middle problem.
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Another attempt to alleviate the limitations of the RAG method is the GraphRAG method [9].
The first appearance of the GraphRAG was in a blog by Microsoft Research [10]. The authors in
the Microsoft blog suggested converting the knowledge from the unstructured textual format into a
knowledge graph (KG), where knowledge can be well structured, as a solution to the limitation of
RAG in multi-hop questions. Previously, we proposed SubGraph Retrieval Augmented Generation
(SG-RAG) as a GraphRAG method for multi-hop knowledge graph question answering [11]. SG-RAG
depends on Cypher queries to retrieve the necessary subgraphs from the KG to answer the given
questions. Since LLMs expect textual data, SG-RAG transforms the retrieved subgraphs into a textual
representation in triplet format. We showed that SG-RAG outperforms RAG for 1-hop, 2-hop, and
3-hop questions using Llama-3 8B Instruct and GPT-4 Tubro as underlying LLMs. Although SG-RAG
has shown a high performance, the textual transformation step in SG-RAG does not impose an order
on the triplets shared with the underlying LLM, leaving us unaware of how the ordering might affect
the performance of SG-RAG. We have also observed that the shared triplets contain many redundant
triplets, which makes the context shared with the LLM longer. Lastly, our previous experiments were
bound by Llama-3 8B Instruct as the only open-source LLM we experimented with and by RAG as a
baseline.

In order to fill the gap in our previous work and further enhance our method, we propose an
extension to the methodology of SG-RAG that is based on injecting an additional step after the textual
transformation called Merging and Ordering Triplets (MOT). The goal of MOT is to merge highly
overlapped subgraphs, which leads to removing the redundant triplets, and then defining an ordering
among them. We have also extended our experiments to cover more open-source LLMs with different
sizes and more advanced baselines. The chosen LLMs are Llama-3.1 8B Instruct, Llama-3.2 3B Instruct,
Qwen-2.5 7B Instruct, and Qwen-2.5 3B Instruct. Our results show that SG-RAG MOT outperforms
Chain-of-Thought and Graph Chain-of-Thought, which is a state-of-the-art GraphRAG method. The
ablation study on the effect of ordering triplets indicates that defining an order using graph traversal
algorithms, such as Breadth First Search (BFS) and Depth First Search (DFS), helps the underlying
LLM in reasoning on the given triplets and decreases the effect of the lost-in-the-middle problem.

The rest of this article is structured as follows. Section 2 presents the background information
and related works. Section 3 provides the definition of the preliminary concepts and the definition
of the problem we are targeting. We present our previous work in Section 4 with explaining the
methodology of SG-RAG and the main findings, and highlighting the potential improvements. We
describe the Merging and Ordering Triplets (MOT) step as an extension to the SG-RAG method in
Section 5. Sections 6 and 7 provide the setup of the experiments and the results with the ablation
studies and the case studies. Section 8 concludes the article with a summary of the work and highlights
the future work.

2. Background and Related Work

Large Language Models have shown significantly high performance in many tasks regarding
Natural Language Understanding and Generation [1,12]. However, for domain-specific question
answering task, LLMs are suffering from providing factually wrong, out-of-context, outdated, or
irrelevant responses. This problem is known in the literature as hallucination [2]. Because of the
large scale of those models, task or domain-specific fine-tuning becomes challenging. One of the most
promising and commonly used solutions is Retrieval Augmented Generation (RAG) [4,13]. The RAG
method is based on injecting a set of domain knowledge with the user input and sending them together
to the LLM. The selection process of the set of knowledge shared by the LLM is based on measuring
the semantic similarity between the user input and the entire set of domain knowledge. The top-k most
similar piece of knowledge is sent to the LLM. Although the RAG method has shown an improvement
on simple questions, it is still struggling with complex questions where reasoning is required [10].

In parallel to the domain-specific question answering, the high performance of LLMs attracts
researchers to investigate the potential of LLMs with graph-related tasks [14], such as classifying graph
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nodes [15]. The potential of using graphs and LLMs leads to the idea of using knowledge graphs and
LLMs. Edge et al. [16] works on answering the domain-specific questions that are on a global level,
which require an understanding and awareness of the domain. To achieve their goal, they used LLMs
to transform the unstructured domain knowledge into a knowledge graph, and then they divided
the knowledge graph into small subgraphs (communities) where each subgraph holds summarized
information about the subgraph. After that, the concept of GraphRAG has been raised and intensively
studied as an improvement of the traditional RAG method [9], where the domain knowledge in
GraphRAG is represented as a knowledge graph. Graph Cain-of-Thought (Graph-CoT) proposed
by Jin et al. [17] is an example of the GraphRAG method. Graph-CoT tackles the questions that require
reasoning by giving the LLM the ability to interact directly with the knowledge graph through a set of
predefined functions. For any input question, it starts from the node that is semantically similar to the
input question and then traverses the knowledge graph, collecting the required information to answer
the question. Another GraphRAG method is Think-on-Graph(ToG), proposed by Sun et al. [18]. ToG is
based on iteratively applying beam search on the given knowledge for building multiple reasoning
paths starting with the nodes containing the entities that appear in the given question. The task of
the LLM in ToG is scoring the candidate paths, determining whether the reasoning paths contain
enough knowledge to answer the question, and lastly generating the response based on the retrieved
paths. The last example of the GraphRAG method is the SubGraph Retrieval Augmented Generation
(SG-RAG) that we proposed earlier [11]. We discuss SG-RAG in detail later in Section 4.

3. Preliminaries and Problem Definition

In this section, we define preliminary concepts that we used in the problem definition and the rest
of this paper.

Definition 1. Graph: Graph is a data structure that consists of a set of nodes denoted by V and a set of edges
denoted by E. For each edge e € E, there exist two nodes, v;, v; €V, such that e connects v; and v;. With
respect to E, a graph can be categorized as directed or undirected. The difference between them is that for each
edge e € E in the directed graph, there exist two nodes, v;,v; € V, where e connects from v; to v;. In the context
of the directed graph, we call the v;, v; as source and destination, respectively.

Definition 2. Subgraph: Let G = (V,E) and G' = (V', E") be two graphs. We call G" a subgraph of G if and
only if V' C Vand E' C E.

Definition 3. Multigraph: A graph G = (V,E) is called a multigraph if loops and multiple edges connecting
the same two vertices are permitted [19]. Similar to graph, a multigraph can be either directed or undirected.

Definition 4. Knowledge Graph: Knowledge Graph, denoted by KG, refers to the knowledge stored in a
multigraph Gxg = (Vkg, Exg)- Each vertex v € Vi represent an entity, while each edge e € Exg determines
the relationship between the two entities in v;, v; € Vig. The nodes and edges are labeled to specify the type of
information they carry.

The nodes and edges in KGs may include a set of attributes to embed additional information
in a structured format. KG can be hosted in a graph database such as Neo4j !, where graph-specific
query language can be used to search and retrieve subgraphs. An example of a graph-specific query
language is Cypher query language developed by Neo4;j [20].

Definition 5. n-hop Question in KG context: Let q be a question expressed in Natural Language where the
answer to q consists of multiple entities in the KG. We call q an n-hop question if answering q requires one or

1 https:/ /neodj.com/product/neodj-graph-database/
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more subgraphs, where each subgraph has n edges. The number of necessary subgraphs is equal to the number of
entities in the expected answer to q.

The question "The films staged by Sharon Tate have been released during which years" is an
example of a 2-hop question. To find the correct answer to the question, which is "1967, 1968", you need
two subgraphs. Each of these subgraphs has 2 edges, "STARRED_ACTORS" and "RELEASE_YEAR".

Problem Definition: Let D be a domain where its knowledge is represented by a knowledge
graph KG. The task of domain-specific Multi-hop Knowledge Graph Question Answering (KGQA)
can be defined as generating answers to the n-hop questions about D. The generation of the answer is
based on the retrieved knowledge from the KG.

4. SubGraph Retrieval Augmented Generation

Subgraph Retrieval Augmented Generation (SG-RAG) is a zero-shot GraphRAG method we
proposed in [11] for domain-specific Multi-hop KGQA. In this section, we first provide an overview of
the SG-RAG method. Then, we highlight the experimental setup and the main findings in our previous
work [11]. Lastly, we discuss the potential improvements that we cover in our extension.

4.1. Overview of the SG-RAG

As Figure 1 shows, the SG-RAG method comprises three main steps: 1. Subgraphs Retrieval, 2.
Textual Transformation, and 3. Answer generation. For a user question g, the SG-RAG method starts
with the Subgraphs Retrieval step for retrieving the necessary subgraphs to answer 4. The retrieval
process is based on mapping q into a Cypher query ¢ (Text2Cypher mapping):

¢ = Text2Cypher(KG, q) (1)

such that querying the KG using ¢’ retrieves the set of matched and filtered subgraphs S containing
the necessary information to answer g:

S = querying(KG, c1) ()

where, S = {G}, G}, .., G}, }. We applied Text2Cypher mapping using a template-based approach where
the templates are manually generated. Examples of the templates are provided in Figure Al.

After retrieving the set of subgraphs S, the second step of transforming the retrieved subgraphs
into a textual representation starts. For each retrieved subgraph G’ = (V/,E’) € S, the transformation
is based on converting each directed edge e € E’ with its corresponding source and destination nodes
v;,v; € V' into a triplet, denoted by ¢, in the form of "subject | relation | object". In the triplet format,
the "subject” and "object” refer to v; and v; respectively, while "relation" refers to the label of e. During
the textual transformation, the triplets that belong to the same subgraph are grouped, such that

T = {TGi/ TGQ""’ TG;,,}

)
where, Tg: = {ti1, tip, .--tin}
Since T is a set, there is no pre-defined order among the triplets t;; € T.
Lastly, the answer A to the question g is generated using the underlying LLM as
A=LLM(L,q,T) (4)

where I refers to the instructions explaining the task and the inputs to the LLM. The prompt templates
represented by I is shown in Figure A2.
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Figure 1. An Overview of SG-RAG.

4.2. Experimental Setup and Main Results

In our previous work [11], we experimented with the MetaQA benchmark dataset proposed
by Zhang et al. [21], which is a benchmark for Multi-hop KGQA. It contains a KG about the Movies
domain and a set of question-answer pairs grouped into 1-hop, 2-hop, and 3-hop. The ground truth
answers are lists of entities.

As baseline methods to compare SG-RAG with, we considered the following methods:

1. Direct: The direct method generates an answer to g based solely on the internal knowledge of
the LLM stored in its weights. This method is important because it tests how knowledgeable the
underlying LLM is in the targeted domain.

2. Retrieval Augmented Generation (RAG) [4]: This method is based on the traditional RAG method,
where the external knowledge is a set of textual documents about the targeted domain. The
external knowledge is stored in a vector database. Knowledge retrieval is based on the semantic
similarity between g and the set of textual documents. The top-k similar documents to g are sent
as a context to the LLM to generate an answer.

The performance of the SG-RAG and the baseline methods are measured using the answer-
matching rate metric, which is inspired by the notion of entity-matching rate metric proposed by Wen
et al. [22] for measuring the performance of dialogue systems. The answer-matching rate, denoted by

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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AMR, is based on measuring the intersection between the ground truth answer A& and the generated
answer A, normalized by the number of entities in A8*

|ASt N A|

)

Initially, we compared the performance of SG-RAG with the Direct and RAG methods, where RAG
used Wikipedia documents regarding the entities in the MetaQA dataset as external knowledge. This
experiment was conducted on a test sample of 15K question-answer pairs divided equally among
1-hop, 2-hop, and 3-hop questions. The underlying LLM is the Llama-3 8B Instruct version [23].
From the results shown in Table 1, we can observe that the performance of the Direct method is poor
compared to other methods. This shows that depending only on the internal knowledge of Llama-3 8B
is not enough for the domain-specific task. On the other hand, the traditional RAG method provides
a significant ? increase in the performance in 1-hop and 2-hop questions (18% and 14% increase in
1-hop and 2-hop respectively using Top-10) compared to the Direct method; however, the performance
increase for 3-hop questions is very low (maximum increase is 4% using Top-1) that may due to
the limitation of the semantic-based retrieval to find the necessary documents to answer multi-hop
questions. This limitation of traditional RAG is addressed in SG-RAG, which is seen in the significant
increase in the performance for 1-hop, 2-hop, and 3-hop questions.

Table 1. Comparison between the performance of Direct, RAG on Wikipedia documents (RAG-Wiki), and SG-RAG.
We show the performance based on Answer-Matching Rate(AMR). We conducted this experiment on Llama-3.1

8B Instruct.
Method 1-hop 2-hop 3-hop
Direct 0.24 0.13 0.17
RAG-Wiki Top-1 0.33 0.19 0.21
RAG-Wiki Top-2 0.36 0.20 0.20
RAG-Wiki Top-3 0.38 0.22 0.20
RAG-Wiki Top-5 0.40 0.23 0.18
RAG-Wiki Top-10 0.42 0.27 0.19
SG-RAG 0.90 0.73 0.58

One of the possible reasons behind the lower performance of the traditional RAG method com-
pared to SG-RAG on 1-hop questions can be that Wikipedia documents may not contain all the
information required to answer the question. To address this issue further, we generated textual docu-
ments based on the MetaQA-KG using the Gemini model °. To generate the documents, we first extract
the entity names from the questions. Then, for each entity, we extracted the node v € Vi representing
the targeted entity and the 1-hop neighborhood around it. Lastly, we converted the extracted subgraph
into a set of triplets and sent it to the Gemini model to generate a paragraph regarding the given
triplets. During this experiment, we used Gemini 1.5 Flash version. This experiment was conducted
on a test sample of 1547 1-hop questions, 1589 2-hop questions, and 1513 3-hop questions. From the
results in Table 2, we can see that applying RAG on generated documents based on the KG (RAG-Gen)
increases the performance in 1-hop questions compared to RAG-Wiki. Moreover, we can still notice
that the performance of SG-RAG is higher than the RAG-Gen performance, even for 1-hop questions.
The reason behind the high performance of SG-RAG is that the knowledge sent to the LLM is in the
triplet format, which helps the LLM in extracting the information and applying reasoning on it.

2 The p-value calculated by one-tailed paired t-test < 0.05
3 https://gemini.google.com/
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Table 2. Comparison between the performance of RAG on Wikipedia documents (RAG-Wiki), RAG on Gemini
generated documents (RAG-Gen), and SG-RAG. We show the performance based on Answer-Matching Rate(AMR).
We conducted this experiment on Llama-3.1 8B Instruct.

Method 1-hop 2-hop 3-hop
RAG-Wiki Top-1 0.33 0.19 0.21
RAG-Wiki Top-2 0.35 0.20 0.20
RAG-Wiki Top-3 0.36 0.22 0.20
RAG-Gen Top-1 0.64 0.15 0.17
RAG-Gen Top-2 0.66 0.12 0.13
RAG-Gen Top-3 0.66 0.12 0.16
SG-RAG 0.91 0.72 0.60

Lastly, to analyze the effect of the underlying LLM, we re-applied SG-RAG and RAG-Gen on the
GPT-4 Turbo [24] using the same sample we used earlier. We can notice from the results in Table 3 that
SG-RAG still outperformed the traditional RAG method for 1-hop, 2-hop, and 3-hop questions. We can
also see a general increase in the performance of all the methods compared to the results on Llama-3
8B instruct. This increase is because of the high capability of the GPT-4 model compared to Llama-3 8B.

Table 3. Comparison between the performance of RAG on Gemini generated documents (RAG-Gen), and SG-RAG.
We show the performance based on Answer-Matching Rate(AMR). We conducted this experiment on GPT-4

Turbo.
Method 1-hop 2-hop 3-hop
RAG-Gen Top-1 0.765 0.286 0.204
RAG-Gen Top-2 0.776 0.181 0.177
RAG-Gen Top-3 0.784 0.179 0.180
SG-RAG 0.941 0.815 0.520

4.3. Potential Improvements

LLMs generally struggle to pay enough attention to the knowledge that appears in the middle of
the context and focus only on the knowledge at the beginning and end of the context. This problem in
LLMs is known as lost-in-the-middle [8]. For multi-hop QA, the lost-in-the-middle problem increases
when the necessary parts of information are far away from each other [25]. A possible solution to this
problem is to apply an ordering on the knowledge in the context [26,27]. In our previous work, we did
not propose any ordering mechanism among the subgraph’s triplets Ty € T; however, specifying an
order among the triplets can decrease the effect of the lost-in-the-middle problem by supporting the
LLM in reasoning on T and generating a more accurate answer to g.

Moreover, the textual transformation step in SG-RAG converts the set of retrieved subgraphs
§ ={G}, G}, ., Gy} to theset T = {T¢/, Tgy, ..., T, } so that each subgraph G; € S is represented by
the set of triplets T, € T. In the triplets representation, the subgraphs in T can overlap. This means
that the set of subgre;phs’ triplets T that is shared with the LLM to generate an answer to g can contain
repetitive triplets. These redundant triplets unnecessarily increase the size of the context shared with
the LLM. During our experiments, we noticed that on average, 13% of the retrieved triplets in a 2-hop
question are redundant. This percentage is increased to around 31% in the case of the 3-hop question.

5. Merging and Ordering Triplets

To address the potential improvements discussed in Section 4.3, we introduce an additional step
to the SG-RAG method after the textual transformation step, as demonstrated in Figure 2. The new
step is called Merging and Ordering Triplets (MOT) that works to reduce the redundant triplets in
T by merging the subgraphs that have a high overlap with each other. After that, the MOT step sets

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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an order among the triplets in each subgraph’s triplets T; € T using a graph traversal algorithm. In
the following sub-sections, we explain in detail the process of the Merging Subgraphs (MS) and the
Ordering Triplets (OT).

1. Subgraphs Retrieval

Gy e e, €3

Knowledge @

Graph (KG) Retrieving——>
R Question (q) G2 { e e ©
User \\ [) ‘@

© Text2Cypher Querying @@
MATCH.. G'
Cypher WHERE .. s €4 eq9%8
Query (c) RETURN.. \_ @

4 valez| vy N
V1|e1|V2 V3|62|V2 TG'1 v3|e3|v4
T4 vslezlva Ty vales|vy vileq| vy
: Vzles|vy vileq|vy
: : Vileq|vy
\ . €OT .
: V4 |E4|V7 V4 |e4|V7 . TG'Z Vg|eg|V12
Answer (a) | | & <—:— Viol €10 | V7 Vg leg|Vip | [€Ms=— Vg leq|vy
. Vg | eq1|vy Ta < Voleqq|vy .
: . \% e \
LLM . Vio | €g | Vi Vg | eg | V41 . 10: 8: 1
. . \ e \
: V9|99|V12 vigle vy T e T
: - / :\ V1o|ewo\V7/
4. Answer Generation 3. Merging and Ordering Triplets (MOT) : 2. Textual Transformation

Figure 2. An Overview of SG-RAG with Merging and Ordering Triplets Extension.

5.1. Merging Subgraphs (MS)

The redundant triplets in T are due to the overlap among the subgraphs’ triplet set T; € T. Let
T;, Tj € T such that there exists a triplet f where t € T; and ¢ € Tj. Removing ¢ from one of them makes
the information in the cropped subgraph incomplete. For that reason, MOT reduces the redundancy
by applying agglomerative (bottom-up) hierarchical merging on T as demonstrated in Algorithm 1.
Initially, the hierarchical merging algorithm starts with the set of subgraphs’ triplets T, which is created
by the textual transformation step of SG-RAG. In each iteration, it merges the two sets of triplets
T;, Tj € T such that the overlap between T; and T; is the maximum and above the threshold th. The
merging forms a new set of triplets Ty = T; U T}. Both T; and T; are removed from T and replaced with
Tk. The MS algorithm stops when the overlap between each two sets T;, T; € T is below th.

[ 24y
To measure the overlap between two sets of triplets, we use the Jaccard similarity:

a7y - 1G0T 6
Jaccard(T;, ]) = m (6)

The result of the MS is:
Tps = {11, To, -, Ty} 7)

where T; € T)ys is a set of triplets.
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The result of the MS depends on the threshold th, which is a hyperparameter. The threshold th
can take a value between 0 and 1, where 0 leads to merge all Ty € T into a single subgraph, while 1
prevents any merging process. This hyperparameter controls the trade-off between decreasing the size
of the context shared with the LLM by removing redundant triplets and the performance of the LLM.
We discuss the effect of this hyperparameter later in Section 7.2.

Algorithm 1: Merging Subgraphs
input:Set of Subgraphs’ Triplets T, threshold th
repeat

maxSim <~ —1;

m < length(T);

fori=0tom —1do

forj=i+1tomdo

sim < jaccard(T[i], T[f]);

if (sim > th)&(sim > maxSim) then
maxlI < i;
max] < j;
maxSim <— sim;

end

end
end
if maxSim > th then T < merge(T, maxI, max]);

until maxSim # —1;
return T

5.2. Ordering Triplets (OT)

After completing Merging Subgraphs (MS), the Ordering Triplets (OT) works to order the triplets
in each set of triplets T} € Tjs independently. Our ordering mechanism uses the Breadth First Search
(BFS) as a triplet traversal algorithm. As shown in Algorithm 2, the OT requires as inputs the set of
triplets T € Ty;s, and the node v; € Vg where v, represents the entity appearing in the question 4.
OT defines a queue, called fringe in Algorithm 2, to hold the nodes that have been reached but not
explored yet. The fringe contains the node v, initially. Besides the fringe queue, OT also defined an
empty list, called traversed in Algorithm 2, to carry the traversed triplets. On each iteration, OT gets
the first node v; from the fringe queue, then it retrieves the set of triplets Ts as:

Ts = {t = (vs,¢,v4) € Tx|v; = vs or v; = vy} (8)

After that, for each triplet t € T, t is appended to the traversed list if t ¢ traversed, and the algorithm
adds the node v}, defined as v; = vs or v; = vy where v; # v;, to the end of the queue fringe.

Figure 3 provides a zoomed-in visualization of the MOT on the subgraphs G} and G} from
Figure 2. We can see that G} and G} merged into a larger subgraph where the redundant triplet " |
e4 | v7"is removed. After that, BFS traversed the merged subgraph. The numbers in the green squares
are the traversing order of the triplets.
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Algorithm 2: BFS Ordering Triplets
input:Set of Triplets Ty, Node v,
/* Initialize fringe */
fringe <—queue();
fringe.enqueue(vy);

/* Initialize traversed list */
traversed <list();
while fringe.empty() = false do
v; < fringe.dequeue();
T <retrieve_triplets_contain(Ty, v;);
foreach t € T; do
if t ¢ traversed then
traversed.append(t);
vj <extract_other_node(t, v;);
fringe.enqueue(v;);

end

end
end
return traversed

) () (=) (Vileqlvs )
@K g:) (v Jeoro{(vio) vio lero | v7
@~

@ voleqn vz T,
e} %1% e ° o O
oWl ® o (@

Figure 3. Zoomed-in Visualization of the MOT on the subgraphs G} and G} from Figure 2.
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6. Experimental Settings

In this section, we provide the settings of our experiments. First, we list the baseline methods we
considered. Then, we specify our test set and the evaluation metric we used. Lastly, we discuss the
implementation setup of the experiments.

6.1. Baselines

In our results, we compared the performance of the SG-RAG MOT on the following state-of-the-art
methods:

1. Direct: Similar to the Direct baseline used by Saleh et al. [11]. The prompt used with this method
in shown in Figure A3.

2. Chain-of-Thought (CoT) [28]: In the CoT method, the LLM answers the question g in a step-by-
step approach based on its internal knowledge until it reaches the final answer to 4. To give the
LLM this ability, we applied the few-shot setup by providing 7 examples as context in the prompt.
The prompt template for CoT is in Figure A4.

3. Triplet-based RAG: This method integrates the top-k related knowledge, which is retrieved from
the KG in triplet format, with the LLM prompt to generate the answer to q. The retrieval process
is based on the semantic similarity between the g and the triplets in the KG. In our experiments,
we applied this method three times with k being 5, 10, and 20. the prompt used with this method
is same as SG-RAG which is shown in Figure A2.
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4. Graph Chain-of-Thought (Graph-CoT) [17]: We applied the Graph-CoT in the few-shot setup using
the implementation of Jin et al. [17] published on GitHub *.

We discarded the Think-on-Graph (ToG) [18] method from our baselines. During our initial experiment,
we applied ToG using the implementation of Sun et al. [18] published on GitHub °; however, we
noticed incompatibility between ToG and the MetaQA benchmark we used for testing, which led to a
low performance on ToG.

6.2. Dataset and Evaluation Metric

Following our previous work [11], we applied our experiments to the MetaQA benchmark dataset
proposed by Zhang et al. [21]. All the experiments were conducted on a sample of 3942 question-
answer pairs, around 5% of the test set in the MetaQA, divided equally among the number of hops.
We hosted MetaQA KG in the Neo4j Graph Database. To evaluate the performance of the SG-RAG
MOT and the baseline methods, we continued using Answer-Matching Rate(AMR) metric.

6.3. Experimental Setup

We tested our method and the baseline on multiple open-source LLMs with different sizes. From
the Llama family, we chose Llama-3.1 8B Instruct and Llama 3.2 3B Instruct. From the Qwen family,
we chose Qwen-2.5 7B Instruct and Qwen-2.5 3B Instruct [29].

The MOT step requires specifying the entity name that appears in the question. To do that, we use
a general open-source NER model from Hugging Face © that is built based on the Roberta Large model.
Since the Graph-CoT and the Triplet-based RAG methods need to apply a semantic-based retrieval as
part of their methods, we used "all-mpnet-base-v2" 7 as an embedding model. This model is the default
embedding model used by the Graph-CoT [17].

Lastly, we ran the methods 3 times for each question, except for the Graph-CoT, to decrease the
effect of the randomization that can come from the underlying LLMs. For the Graph-CoT, we executed
it only once per question due to the high cost in terms of time and resources, as it requires multiple
calls to the LLM.

7. Results and Discussion

In this section, we first highlight the overall performance of our method and the baselines. Then,
we discuss the ablation studies for further analysis. Lastly, we provide case studies as empirical
examples of our method and the baseline, and show some of the failure cases of SG-RAG MOT.

7.1. Overall Performance

The main results are shown in Table 4. From the results, we can observe that: 1) The performance
of SG-RAG MOT achieved a higher performance than other baselines, especially for 2-hop and 3-hop
questions. 2) When we look at the performance of Triplet-based RAG for 2-hop and 3-hop questions,
we can observe that its performance is the lowest. Based on our experiments, we notice that the
triplets retrieved by the semantic similarity are factually irrelevant to the 2-hop and 3-hop questions,
which misleads the underlying LLMs to generate factually wrong answers. 3) For the CoT, we notice
that it did not provide a performance boost to the Direct method for 2-hop and 3-hop questions.
We noticed that answering the multi-hop question step-by-step requires stronger knowledge in the
targeted domain. 4) The performance of Graph-CoT is highly sensitive to the underlying LLM, where its
performance changes significantly from one LLM to another. For example, the performance difference
between Qwen-2.5 7B Instruct and Llama-3.1 8B Instruct is 33.42%, 42.04%, and 21.05% in 1-hop, 2-hop,
and 3-hop, respectively. Based on our experiments, we noticed that the iterative approach that the

https:/ /github.com/PeterGriffinJin/Graph-CoT
https://github.com/GasolSun36/ToG

https:/ /huggingface.co/tomaarsen/span-marker-roberta-large-ontonotes5
https:/ /huggingface.co/sentence-transformers/all-mpnet-base-v2

N o G
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Table 4. Comparison between the performance of Direct, CoT, Triplet-based RAG, Graph-CoT, and SG-RAG MOT.
We show the performance based on Answer-Matching Rate(AMR) as a percentage. For SG-RAG MOT we set the
merging threshold th as 0.4 and used Llama-3.1 8B Instruct as the underlying LLM.

Method LLM 1-hop 2-hop 3-hop
Llama-3.1 8B Instruct 36.43 22.77 18.01
Direct Llama-3.2 3B Instruct 21.30 12.13 8.72
e¢ Qwen-2.5 7B Instruct 16.46 18.61 15.14
Qwen-2.5 3B Instruct 11.85 12.96 8.05
Llama-3.1 8B Instruct 39.27 21.81 14.25
CoT Llama-3.2 3B Instruct 23.01 13.95 13.38
Qwen-2.5 7B Instruct 18.45 18.99 15.62
Qwen-2.5 3B Instruct 13.08 14.36 8.79
Llama-3.1 8B Instruct 54.94 4.58 9.85
. Llama-3.2 3B Instruct 52.24 5.27 12.83
Triplet RAGTop 5 05 5 7B Instruct 56.73 5.91 11.68
Qwen-2.5 3B Instruct 53.60 3.71 12.13
Llama-3.1 8B Instruct 60.28 6.06 12.66
. Llama-3.2 3B Instruct 58.25 6.42 15.23
Triplet RAG Top 10 0 5 5 7B Instruct 61.82 6.53 13.20
Qwen-2.5 3B Instruct 57.31 4.27 13.87
Llama-3.1 8B Instruct 63.87 7.18 14.63
. Llama-3.2 3B Instruct 61.46 7.12 16.79
Triplet RAG Top 20 0 5 5 7B Instruct 64.68 6.75 14.14
Qwen-2.5 3B Instruct 58.55 5.58 14.62
Llama-3.1 8B Instruct 47.98 15.38 4.33
Graph-CoT Llama-3.2 3B Instruct 25.11 9.92 6.41
p Qwen-2.5 7B Instruct 81.40 57.42 25.35
Qwen-2.5 3B Instruct 51.83 13.65 6.48
SG-RAG MOT 85.26 77.27 65.63

Graph-CoT used to traverse the KG to reach the answer requires a high capability from the underlying
LLM, where any small hallucination in one iteration leads the LLM to hallucinate in all upcoming
iterations.

7.2. Ablation Study

How do different open-source LLMs with different sizes perform in SG-RAG MOT? In the main
results, we showed the performance of SG-RAG MOT using Llama-3.1 8B Instruct. In this experiment,
we want to explore its performance using different open-source LLMs that have different sizes. The
results of SG-RAG MOT with different underlying LLMs are shown in Table 5. From the results, we
can see that the performance of SG-RAG MOT changes with the different underlying LLMs. However,
we can observe that the performance is not related to the size of the model, as we can see that the
best performance is achieved with Qwen-2.5 7B Instruct, which is higher than Llama-3.1 8B Instruct
by 3.54%, 9,25%, and 2.87% for 1-hop, 2-hop and 3-hop respectively. Moreover, the performance of
Llama-3.1 8B and Llama-3.2 3B are similar to each other for 2-hop and 3-hop questions. Our results
indicate that the LLM with a higher ability to reason and extract answers from the given subgraphs
triplets can achieve a higher performance in SG-RAG MOT.
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Table 5. Comparison between the performance of different open-source LLMs in SG-RAG MOT. We show the
performance based on Answer-Matching Rate(AMR) as a percentage. We set the merging threshold th as 0.4.

LLM 1-hop 2-hop 3-hop
Llama-3.1 8B Instruct 85.26 77.27 65.63
Llama-3.2 3B Instruct 72.62 77.43 65.75
Qwen-2.5 7B Instruct 88.80 86.52 68.50
Qwen-2.5 3B Instruct 81.40 75.25 57.75

What is the effect of the Breadth First Search (BFS) traversal algorithm on the performance of
SG-RAG MOT? To answer this question, we re-applied SG-RAG MOT with the merging threshold th
set as 0 and using different ordering strategies. We applied this experiment with th = 0 to have only
one big subgraph where the effect of the ordering can reach the maximum. The ordering strategies
we tested are: 1) Breadth First Search (BFS) traversal algorithm, which we used as the main ordering
strategy, 2) the reverse of BFS, which reverses upside down the order defined by BFS, 3) Depth First
Search (DFS) traversal algorithm, 4) the reverse of DFS, and 5) Random ordering following the standard
SG-RAG [11]. The results of SG-RAG MOT with the selected ordering strategies are shown in Table 6.
From the results, we can find that the performance of the Random ordering is always lower than the
performance of BFS and DFS. Moreover, we can also see that DFS and BFS achieved comparable results
without any significant difference in performance. This result indicates that defining an order among
the triplets in the subgraph helps the LLMs to reason over the given subgraph and extract the right
answer, which leads to a decrease in the hallucination problem. When we look at the performance of
the reverse BFS, we can see that it is lower than the performance of BFS and closer to the performance
of the Random ordering. We can observe the same for the performance of reverse DFS. The advantage
of BFS and DFS over their reverse versions is that the first (top) triplets in the BFS and DFS ordering
contain the entity appearing in the question g, and the following triplets are connected to the previous
one, which helps the LLMs to concentrate on all given triplets until the last triplet.

Table 6. Comparison among different ordering strategies on SG-RAG MOT with merging threshold th = 0.

LLM Ordering Strategy 2-hop 3-hop
Random 67.69 45.81
DFS 73.24 50.98
Llama-3.1 8B Instruct Reverse DFS 68.82 46.68
BFS 72.64 51.59
Reverse BFS 69.39 50.37
Random 69.75 42.93
DEFS 73.98 46.52
Llama-3.2 3B Instruct Reverse DFS 69.44 43.60
BFS 74.78 46.29
Reverse BFS 69.65 43.34
Random 77.07 43.81
DEFS 82.58 50.45
Qwen-2.5 7B Instruct Reverse DFS 80.98 45.98
BFS 81.88 48.23
Reverse BFS 79.76 49.36
Random 65.12 36.98
DEFS 69.47 41.25
Qwen-2.5 3B Instruct  Reverse DFS 67.77 38.42
BFS 70.49 42.42
Reverse BFS 67.28 38.26
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What is the importance of the Merging Threshold th on the performance of SG-RAG MOT?
To answer this question, we tested the SG-RAG MOT with different values of merging threshold th.
The selected values are from 0 to 0.5 and 1. We did not test the values between 0.6 to 0.9 because there
is no merging happening among the subgraphs for those values, which makes them exactly similar
when th = 1 in our test set. When th is set to 0, all subgraphs are merged to create one subgraph,
which means that all redundant triplets are removed. As the value of th increases, we have more
subgraphs and more redundant triplets, until th reaches 1. When th is 1, the subgraphs are kept as they
are without merging and without removing redundant triplets. Figure 4 shows the performance of
SG-RAG MOT with the different values of th in all the questions in our test set. We can observe from the
results that the performance increases as the value of th increases until a specific value, which is 0.4 in
our case. After that value, the performance does not change significantly. This observation highlights
the importance of the merging threshold th in controlling the trade-off between the performance of
SG-RAG MOT and the redundancy in the triplets. Decreasing the value of th to be close to 0 leads
to a decrease in the duplicated triplets, which makes the context shared with the underlying LLM
shorter and helps the LLM to infer faster; however, this comes with a sacrifice in the performance of
the method, in our case there is a performance decrease of 7.5% on average compared to the peak of
the performance. We can see a deeper look in Figure 5, which shows the performance of the SG-RAG
MOT on the 3-hop questions only. The percentage enclosed by parentheses on the x-axis shows the
percentage of reduction in the number of triplets. We can see that when th is 0.4, we decrease the
number of triplets by 12.74% and obtain high performance on different underlying LLMs.
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Figure 4. The Performance of SG-RAG MOT with Different Merging Threshold Values Over All Questions.
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Figure 5. The Performance of SG-RAG MOT with Different Merging Threshold Values Over 3-hop Questions.

7.3. Case Studies

We conduct case studies for two main reasons. 1) Provide an empirical example of the responses
generated with SG-RAG MOT and the other baseline. 2) Highlight the weakness of SG-RAG MOT. In
Figure 6, we can see an example of a 3-hop question from MetaQA. The question given in this example
is a 3-hop because it requires identifying the director of the "Song of the Exile" movie, then finding
the movies that were directed by the director of "Song of the Exile", and lastly finding the names of
the actors and actresses who appeared in these movies. From the SG-RAG MOT, we can see that the
Cypher query searches for the required knowledge in the KG and retrieves it as triplets, which leads
the LLM to generate the correct and precise answer. For Graph-CoT, one of the names in the final
answer is correct, while the rest are wrong. This may be due to the underlying LLM controlling the
traversal process of the knowledge graph, where a small hallucination of the underlying LLM can
wrongly turn the direction of the traversal. In the case of the CoT and Triplet-based RAG methods, they
both failed to generate correct answers.
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Number of Hops: 3
Question: who starred in the movies whose director also directed Song of the Exile

Ground-Truth Answer: Andy Lau, Jacky Cheung, Anita Mui

SG-RAG MOT Baselines

Cypher Query: MATCH (m1:Movie)-[r1:DIRECTED_BY]->(d:People)<-
[r2:DIRECTED_BY]-(m2:Movie)-[r3:STARRED_ACTORS]->(a:People)
WHERE m1.name = "Song of the Exile"

RETURN m1,r1,d,r2, m2,r3, a

’Direct: I'm not aware of a movie named Song of the Exile.

CoT: The question asks about the actors and actresses who starred in the movies that
were directed by the same director as the movie "Song of the Exile". To answer the
Iquestion, we need to: 1. find the people who directed the movie "Song of the Exile", 2. list
the movies that were directed by the same directors we find in (1), 3. find the cast of the
movies we listed in (2).

Step 1: The movie "Song of the Exile" is directed by "Alan Duryea".

Step 2: "Alan Duryea" directed the following movies: "Song of the Exile", "The Other
Love", and "The Seventh Veil".

Step 3: The movie "The Other Love" has the following cast: "Barbara Stanwyck" and
"John Lund". The movie "The Seventh Veil" has the following cast: "Ann Todd" and
"James Mason".

{So the answer to the question is Barbara Stanwyck, John Lund, Ann Todd, James
Mason.}

Retrieved Triplets Triplets Visualization

Song of
le,

DIRECTED_BY

Song of the Exile | DIRECTED_BY | Ann
Hui

A Simple Life | DIRECTED_BY | Ann Hui
A Simple Life | STARRED_ACTORS |
Andy Lau

‘Song of
the Exile,

Ed
3

DIRECTED_BY

Song of the Exile | DIRECTED_BY | Ann
Hui

July Rhapsody | DIRECTED_BY | Ann
Hui

(D
(D

DIRECTED_BY DIRECTED_BY

July Rhapsody | STARRED_ACTORS |
Anita Mui

July Rhapsody | STARRED_ACTORS |
Jacky Cheung

/A simple’
Life

July
Rhapsod,

STARRED_ACTOR STARRED_ACTOR

Figure 6. Example of the Responses generated with SG-RAG MOT and the other baseline on a 3-hop Question.

STARRED_ACTOR

lSG-RAG MOT Answer: Anita Mui, Jacky Cheung, Andy Lau

Triplet RAG Top 20: Charlton Heston, Paul Robeson, Maurice Evans, Basil
Rathbone, Robert Redford, Nigel Bruce

Graph-CoT Final Answer: Leslie Cheung, Carina Lau, Maggie Cheung, Andy
Lau, Chun-wai Lam

In Figure 7, we can see two examples where SG-RAG MOT failed to generate complete answers.
Each of these examples represents a limitation in our method. The left example in the figure is a
2-hop question where the "Brad Bird" entity is repeated 9 times in the retrieved triplets. This high
repetition of an entity confuses the underlying LLM and misleads it to think it is the right answer. Such
a kind of entity (node) level repetition is not addressed by the MOT step since our method catches the
redundancy on the triplet level. Another weakness of SG-RAG MOT can be seen in the right example
in Figure 7, where the number of retrieved triplets is high. The total number of retrieved triplets is 76,
but we cropped them in the figure because of space limitations. Although the triplets provided the
necessary knowledge to answer the question fully and precisely, the long context prevents the LLM
from leveraging the entire provided knowledge.

Number of Hops: 2 Number of Hops: 3

Question: what are the genres of the movies whose writers also wrote Apocalypse
Now

Cypher Query: MATCH (m1:Movie)-[r1:WRITTEN_BY]->(w:People)

MATCH (m2:Movie)-[r2:WRITTEN_BY]->(w)

MATCH (m2)-[r3:HAS_GENRE]->(g:Genre)

WHERE m1.name = "Apocalypse Now"

RETURN m1, r1, w, r2, m2, r3, g

Part of the Retrieved Triplets

Question: which person directed the films written by Brad Bird

Cypher Query: MATCH (w:People)<-[r1:WRITTEN_BY]-(m:Movie)-
[r2:DIRECTED_BY]->(d:People)

WHERE w.name = "Brad Bird"

RETURN w, r1, m, r2, d

Triplets Visualization

Retrieved Triplets

The Incredibles | WRITTEN_BY | Brad Bird
The Incredibles | DIRECTED_BY | Brad
Bird

The Iron Giant | DIRECTED_BY | Brad Bird
The Iron Giant | WRITTEN_BY | Brad Bird

WRITTEN_BY

DIRECTED_BY

Ratatouille | WRITTEN_BY | Brad Bird
Ratatouille | DIRECTED_BY | Brad Bird

-

DIRECTED_BY,
WRITTEN_BY Y \wRirTEN BY  DIRECTED BY

Ratatouille | WRITTEN_BY | Brad Bird
Ratatouille | DIRECTED_BY | Jan Pinkava

Jack-Jack Attack | WRITTEN_BY | Brad

Bird Jan
Jack-Jack Attack | DIRECTED_BY | Brad R Pinkava
Bird

Llama-3.1 Response: Brad Bird

Answer is INCOMPLETE

Apocalypse Now | WRITTEN_BY | Francis Ford Coppola
The Rainmaker | WRITTEN_BY | Francis Ford Coppola
The Rainmaker | HAS_GENRE | Drama

Apocalypse Now | WRITTEN_BY | Francis Ford Coppola
The Godfather | WRITTEN_BY | Francis Ford Coppola
The Godfather | HAS_GENRE | Crime

Apocalypse Now | WRITTEN_BY | Francis Ford Coppola
Tetro | WRITTEN_BY | Francis Ford Coppola
Tetro | HAS_GENRE | Drama

Apocalypse Now | WRITTEN_BY | John Milius
Red Dawn | WRITTEN_BY | John Milius
Red Dawn | HAS_GENRE | War

Apocalypse Now | WRITTEN_BY | John Milius
Extreme Prejudice | WRITTEN_BY | John Milius
Extreme Prejudice | HAS_GENRE | Action
Apocalypse Now | WRITTEN_BY | John Milius
Jeremiah Johnson | WRITTEN_BY | John Milius
Jeremiah Johnson | HAS_GENRE | Western
Llama-3.1 Response: War, Drama

Answer is INCOMPLETE

Apocalypse Now | WRITTEN_BY | Francis Ford Coppola
Youth Without Youth | WRITTEN_BY | Francis Ford Coppola
Youth Without Youth | HAS_GENRE | Drama

Youth Without Youth | HAS_GENRE | Fantasy

Apocalypse Now | WRITTEN_BY | Francis Ford Coppola
Dementia 13 | WRITTEN_BY | Francis Ford Coppola
Dementia 13 | HAS_GENRE | Horror

Dementia 13 | HAS_GENRE | Thriller

Apocalypse Now | WRITTEN_BY | Francis Ford Coppola
Pation | WRITTEN_BY | Francis Ford Coppola

Pation | HAS_GENRE | War

Pation | HAS_GENRE | Biography

Apocalypse Now | WRITTEN_BY | Francis Ford Coppola
The Cotton Club | WRITTEN_BY | Francis Ford Coppola
The Cotton Club | HAS_GENRE | Crime
The Cotton Club | HAS_GENRE | Drama

Apocalypse Now | WRITTEN_BY | Francis Ford Coppola
Twixt | WRITTEN_BY | Francis Ford Coppola

Twixt | HAS_GENRE | Thriller

Twixt | HAS_GENRE | Horror

(@)

(b)

Figure 7. Failure Cases of SG-RAG MOT: (a) Failed Because of High Repetition of "Brad Bird" Entity in the
Retrieved Triplets. (b) Failed Because of High Number of Retrieved Triplets.
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8. Conclusions and Future Work

In our previous work, we proposed SubGraph Retrieval Augmented Generation (SG-RAG) as
a GraphRAG method for multi-hop knowledge graph question answering [11]. We also showed
that the performance of SG-RAG outperforms the traditional RAG method using Llama-3 8B Instruct
and the GPT-4 Turbo. In this work, we aim to further enhance the performance of SG-RAG by
introducing a new step called Merging and Ordering Triplets (MOT). The MOT step seeks to decrease
the redundancy in the retrieved subgraph triplets by applying hierarchical merging, where highly
overlapped subgraphs are merged. It also defines an order among the triplets using the Breadth
First Search traversal algorithm. We conducted our experiments on 4 different open-source LLMs.
The SG-RAG MOT performed better than Chaint of Thought (CoT), Triplet-based RAG, and Graph
Chain-of-Thoughts (Graph-CoT) on the chosen LLMs. During our ablation studies, we tested different
ordering strategies. Our results indicate that using a graph traversal algorithm, such as Breadth First
Search and Depth First Search, helps the LLM in reasoning on the given triplets and decreases the
effect of the lost-in-the-middle problem.

Although SG-RAG MOT achieved good performance on the MetaQA benchmark, there is still
room for improvement. Besides the weakness of SG-RAG MOT we described in our case studies, the
template-based Text2Cypher mapping is one of the main limitations in our method. Working on a
domain-agnostic Text2Cypher mapping is a promising direction that can help facilitate applying our
method to real scenarios.
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Abbreviations

The following abbreviations are used in this article:

LLM Large Language Model
KG Knowledge Graph
RAG Retrieval Augmented Generation

SG-RAG  SubGraph Retrieval Augmented Generation
MOT Merging and Ordering Triplets

MS Merging Subgraph
oT Ordering Triplets
BFS Breadth First Search
DFS Depth First Search
CoT Chain-of-Though
ToG Think-on-Graph
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Appendix A. Cypher Query Templates

Movie to Language

MATCH (m:Movie)-[r:IN_LANGUAGE]->(l:Language)
WHERE m.name="<entity>"
RETURN m, r, |

1-hop

Director to Movie

MATCH (m:Movie)-[r:DIRECTED_BY]->(d:People)
WHERE d.name="<entity>"
RETURN m, r, d

Writer to Movie to
Genre

2-hop

MATCH (w:People)<-[r1:WRITTEN_BY]-(m:Movie)-[r2:HAS_GENRE]->
(g:Genre)

WHERE w.name="<entity>"

RETURN w, r1, m, r2, g

Actor to Movie to
Year

MATCH (a:People)<-[r1:STARRED_ACTORS]-(m:Movie)-
[r2:RELEASE_YEAR]->(y:Year)

WHERE a.name="<entity>"

RETURN a, r1, m, r2,y

Movie to Director to
Movie to Actor

3-hop

MATCH (m1:Movie)-[r1:DIRECTED_BY]->(d:People)<-[r2:DIRECTED_BY]-
(m2:Movie)-[r3:STARRED_ACTORS]->(a:People)

WHERE m1.name="<entity>"

RETURN m1,r1,d,r2, m2,r3, a

Movie to Writer to
Movie to Language

MATCH (m1:Movie)-[r1:WRITTEN_BY]->(w:People)<-[r2:WRITTEN_BY]-
(m2:Movie)-[r3:IN_LANGUAGE]->(l:Language)

WHERE m1.name="<entity>"

RETURN m1, r1, w, r2, m2, r3, |

Figure A1. Example of Our Cypher Query Templates for MetaQA KG.

Appendix B. Prompt Templates

System You are a helpful assistant. Your role is to answer the user's
Instruction :  question based on the knowledge provided to you as context.

Please answer my question provided below based on the
knowledge provided as context. The knowledge in the context is
a set of subgraphs represented as triplets. Each triplet is
formatted as "subject | relation | object". Your answer should be
- accurate and based on the knowledge in the context. Don't
Prompt : generate any further explanation rather than the answer.

The Context:
<triplets>

My question: <question>

Figure A2. The Prompt Template used with SG-RAG, SG-RAG MOT, and Triplet-based RAG.
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System - You are a helpful assistant. Your role is to answer the user's
Instruction :  question precisely.

Please answer my question provided below. Your answer should
: be precise and accurate. Don't generate any further explanation
Prompt :  other than the answer.

My question: <question>

Figure A3. The Prompt Template used with the Direct Method.

System - You are a helpful assistant. Your role is to answer the user's
Instruction :  question following the Chain-of-Thought approach.

Please answer my question provided below. Your final answer
should be accurate, enclosed by curly parentheses "{}", and
based on a Chain-of-Thought approach as demonstrated in the
examples.
Prompt .
Here are some examples:
<few shot examples>
(END OF EXAMPLES)

My question: <question>

Figure A4. The Prompt Template used with the Chain-of-Thought (CoT) Method.
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