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B Introduction

The field of Natural Language Processing (NLP) has un-
dergone a revolutionary shift with the arrival of large language
models (LLMs), which demonstrate a remarkable ability to
generate, interpret and engage with human language. They
have been trained on vast amounts of text corpus, which al-
lows them to capture inherent patterns of text such as syntax
and semantics. Owing to this progress, LLM reasoning has
emerged as a key focus area for recent research.! This field aims
to explore and improve the ability of models to draw logical
inferences and solve complex, multi-step problems in ana-
Iytical tasks. Effective reasoning demands LLMs to leverage
contextual understanding, integrate diverse pieces of informa-
tion, and follow structured thought processes. However, when
integrating large source documents or text corpus, LLMs face
challenges like logical inconsistency, generation of contradic-
tory information, and difficulty in tracking long passages of
text.? Thus, they are unable to perform well in knowledge-in-
tensive applications. In a nutshell, enhancing LLM reasoning
is an important direction the global research community is now
moving towards and our paper aims to address how to build
better techniques that leverage graph context to achieve this.

In response to this, Retrieval Augmented Generation (RAG)
(Figure 1) has emerged as a key NLP tool. These models access
relevant information from external knowledge bases or doc-
ument repositories, enabling more accurate and contextually
appropriate responses.’ RAG pipelines achieve this by indexing

large datasets, embedding documents into vector spaces, and
using similarity search to dynamically retrieve most relevant
content to the question. Thus, they ground outputs in factual
content in tasks such as question answering, summarization,
and content creation. Furthermore, empirical studies show
nearly 30-50% gains in metrics like exact match (EM) and F1
scores on datasets such as Natural Questions and TriviaQA
when using RAG.* As the field progresses, modern research
is focusing on optimizing retrieval algorithms, indexing tech-
niques, and query generation pipelines - all aimed at question
answering quality enhancement.
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Figure 1: This is a retrieval augmented generation pipeline demonstrating
stages of document indexing, vector embeddings, similarity retrieval, querying
and generation followed at a high-level in majority of RAG pipelines.?

As the next step of LLM evolution, the use of unstructured
information for context in LLMs has become increasingly
evident. While RAG provides an expansive breadth of infor-
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mation that forms the base of material generated, structured
graphs (Figure 2) provide a framework for coherent reasoning
that improves chain of thought, context arrangement and idea
integration.’ Structured data augmented RAG thus provides a
more concise relational representation of the most important
concepts in a text. This recent evolution in LLM information
processing has fostered an emerging interest in the integration
of knowledge graphs - networks where nodes represent enti-
ties, and edges capture relationships. Extracting relationships
from text allows reasoning over interconnected ideas and pro-
vides a framework to link and structure essential components
of domain specific information.® In fact, studies using the
COVID-19 Open Research Dataset (CORD-19) for knowl-
edge graph-based reasoning reported an 18% improvement in
precision and reduction in irrelevant answers.”®

Open Market Food Truck
i )
‘end, name type ype, name

type—-{ Food Festival |<¢——type

venue ype,

2018-03-22 12:00 }e—start—{ EID15

venue  venue

Y ¥ X
(Drinks Festival) (Solomayov) (Piscina Olimpica)
|

city city city

A4 flight A4 A4
:/’—'_bus::

flight

Figure 2: This network is a knowledge graph based on flight and country
data. They represent nodes as entities and relationships as edges such as vehicle
type. Nodes can be heterogeneous and have multiple descriptive attributes.’

In addition, to structure all these pipelines together, LLMs
require sophisticated prompting and agent-based methodolo-
gies.” Frameworks such as chain of thought, few shot reasoning
have helped improve LLM reasoning thought-process and
improve the utilization of every aspect of contextual informa-
tion, specifically when prompts are lengthy and require specific
instructions.’®™ On the other hand, self-evaluation and deci-
sion making agentic frameworks have primarily aided LLMs
to evaluate their answers and decide approaches to multi-step
queries.”? This cycle of thinking ensures final responses are
well revised and well throughout.

Despite all this progress, modern retrieval models face sev-
eral limitations. Firstly, structural relevance. The unorganized
integration of document chunks can lead to unsystematic ar-
rangement of ideas in terms of timeline and logical flow of
thought. Secondly, the widespread occurrence of hallucinations,
which is phenomenon wherein models make major logical
leaps and false conclusions that are not factually supported.’
Thirdly, conventional RAG fails at high level questions that
require a global overview of the database as they tend to rely
on localized chunks as opposed to interconnected data.” Fi-
nally, most retrievals are unable to extract inherent connections
in text i.e identify key relationships between major entities or-
ganized in information networks. These issues underscore the
need for a robust mechanism that leverages all properties of
text to achieve significant advancement in these issues.

To tackle this, our research introduces a novel approach that
integrates Textual Entity RAG, Microsoft GraphRAG, and
MetaWiki GraphRAG techniques applied on the Wikipedia

dataset. Through our novel framework and empirical analy-
sis we present a structured approach focusing on three critical
problem statements:

1. How to efficiently leverage, automatically construct, ex-
tract, and traverse knowledge graphs to enbance information
retrieval and integration? 'To maximize the exploitation of
graph information for RAG structures, we combine advanced
graph creation frameworks with hybrid RAG schemas. This
is achieved by semantic chunking of text paired with graph
embeddings to create a multi-dimensional schema for tra-
versing subgraphs and extracting nodes. This ensures that all
textually relevant nodes and edges are returned, allowing the
RAG model to generate contextually supported and logically
consistent results. These pipelines are layered with prompting
and agenting to create an assimilated system.

2. How to improve reasoning, coherence, and reduce hal-
lucinations of LLMs in Retrieval-Augmented Generation?
Enabling logical consistency and hallucination suppression in
LLM-equipped RAG systems requires a two-pronged solu-
tion that combines state-of-the-art retrieval mechanisms with
structure enhancement graph techniques.To tackle this, our
framework carefully builds and structures the input context to
guide the LL.M to closely follow factual information and avoid
large deviations which may result in hallucinations. In short,
we improve the structured thought process of this model and
improve information context at various levels during retrieval
and generation, so the model can reason with logical analysis.

3. How to leverage the underlying Wikipedia network
structure for global contextual understanding? Utilizing the
interconnected hyperlinked nature of Wikipedia's network for
RAG systematically exploits high level graph properties to en-
able large-scale reasoning. We build a knowledge graph based
on the dense article connectivity of this Wikipedia graph.
This is enhanced with multi-level node attributes to provide
additional context on each Wikipedia article. Then, we use
sophisticated link analysis algorithms to discover important
nodes as well as contextually coherent subgraphs. Overall, the
augmented graph structure provides a comprehensive high
level context.

Related Work:

The body of related work pertinent to our research can
be categorized into four principal domains. This paper uti-
lizes various existing techniques in prompting and agenting;
enhances and explores diverse RAG pipelines; leveraged
knowledge graph concepts to develop retrieval methods; and
overall aims to test LLM reasoning on the improved context by
amalgamating all fundamental concepts from these domains.

*  Retrieval Augmented Generation:

Retrieval Augmented Generation has emerged as an initial
solution to address Large Language Model challenges such as
hallucination, outdated knowledge, and non-transparent rea-
soning processes by incorporating knowledge from external
databases.*® The success of RAG lies in its ability to com-
pensate for the inherent limitations of closed LLMs, such as

DOI: 10.36838/v6i12.11

81



ijhighschoolresearch.org

outdated information and the lack of access to real-time data.
It has to an extent enhanced generation accuracy and credi-
bility in knowledge-intensive tasks and synergistically merged
with LLMs. However, retrieval operations often rely on tra-
ditional document similarity metrics, which are insufficient
when dealing with complex interdependencies. The real chal-
lenge is not just retrieving documents but retrieving the right
knowledge for nuanced queries. Furthermore, RAG pipelines
frequently struggle with query-focused summarization (QFS)
tasks that demand nuanced global contextualization beyond
basic retrieval.”® Therefore, to solve this there is a growing in-
terest in knowledge grounded generation.® Another significant
research gap is developing dynamic retrieval mechanisms in
cases like scientific article networks, recommender systems,
and knowledge graphs - these aim to build intricate pipeline
for processing domain specific knowledge.** Our paper aims to
leverage existing RAG pipelines and enhance them to address
existing challenges in LLM reasoning. The paper synthesizes
diverse RAG methodologies and creates multi-layered retriev-
al pipelines integrating various retrieval elements.
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Figure 3: This pipeline demonstrates how knowledge graph extraction
can potentially be applied to integrate domain specific knowledge and
node embeddings for improving text prompts and LLM output generation.
Additionally, it shows the presence of structural, semantic and knowledge
grounding.
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e LLM Reasoning in context of graph structured data:

The rise of LLMs having massive context-aware knowledge
and semantic comprehension capabilities has made signifi-
cant advancement in QA generation and human-centric tasks;
models like GPT-4 and BERT have demonstrated exceptional
performance in general NLP tasks and become indispensable
to artificial general intelligence.”® However, in domain-inten-
sive tasks, they produce hallucinations due to their reliance on
unstructured text. Their key weakness is weak precise relation-
al reasoning and their inability to interpret graph structures
into meaningful text representations, producing incorrect or
unsupported information in 21-35% of responses in such cas-
es. Thus, knowledge graphs and graph structured data have
emerged as promising solutions; however, application of LL.Ms
to rich structural/relational/textual graphs is still relatively
less explored and faces challenges on accessing and precisely
manipulating knowledge, encoding graphs to language, and
knowledge formatting.'®!” A promising field to address this is
augmenting LL.Ms with graph embeddings or graph-to-text
generation tools. These include developing a framework where
KGs directly influence generation through graph-enhanced
prompting strategies. Our paper serves to evaluate LLM rea-
soning on graph structured data through various metrics and

provide frameworks to encode graphs for maximum efficiency
in LLMs answer generation.

*  Knowledge Graphs:

In real-world scenarios, text data is associated with rich
structure graph information (e.g., academic networks, scien-
tific research, finance, e-commerce networks) or graph data is
paired with textual information (e.g., molecules with descrip-
tions). They are a powerful tool for representing and analyzing
complex relationships in applications such as social networks,
recommender systems, and computational finance.’® Hence,
reasoning on graphs (Figure 3) is essential for drawing infer-
ences about the relationships between entities in a complex
system, identifying hidden patterns/trends and avoiding hallu-
cinations by leveraging explicitly network representations.'*?
The 2 relevant frameworks for our paper are LLM-augment-
ed KGs that leverage LLMs for different KG (Knowledge
Graph) tasks such as embedding, completion, construction,
graph-to-text generation, and question answering; Synergized
LLMs + KGs, in which LLMs and KGs play mutually ben-
eficial roles for bidirectional reasoning.?’ Having said that,
most techniques restrict KGs to tasks like entity linking or
knowledge embedding, often missing the opportunity to ex-
ploit their full potential for relational reasoning and multi-hop
inference. In fact, fewer than 10% of studies actively apply
LLM:s to structural graph tasks.” To improve this, our paper
specifically focuses on Wikipedia, which is a rich network of
human knowledge connected by hyperlinks.*® Furthermore,
one potential mechanism we are utilizing is the bidirectional
interaction framework allowing continuous knowledge ex-
change between the KG and LLM throughout the generation

process.

*  Role of Prompting & Agenting:

Our paper uses prompt engineering to formulate and
structure context to improve LLM understanding. Chain
of Thought: By providing intermediate reasoning steps as
guidelines, performance improves on arithmetic, common
sense and symbolic reasoning. This is especially significant as
COT provides examples of graph data formats and graph rea-
soning methodologies which the LLLM can use as guidance
during reasoning processes.?* Contrastive Chain of Thought :
This improves CoT by providing valid and invalid reasoning
demonstrations to explain mistakes and erroneous logic - thus
preventing LI Ms from making incongruous connections from
graph data and RAG chunks.” Graph of Thought is another
mechanism we are testing to see its comparative performance
against other techniques : GoT models information as a graph,
where units of “LLM thoughts” are vertices, and edges are
dependencies representing networks of thoughts. Other meth-
odologies include few-shot prompting, zero-shot prompting,
directional-stimulus prompting.*>* Secondly, Agenting is a
crucial tool employed in our research to integrate several RAG
pipelines and evaluate answers. ReACT : A decision making
LLM framework demonstrates improved interpretability and
trustworthiness over baselines like HotpotQA and Fever (Fact
verification). It reduces hallucinations and error propagation
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by generating human-like task-solving trajectories, which are
extremely beneficial for hybridized multi-step retrieval.”® Re-
flexion : This framework converts binary/scalar feedback into
verbal textual summary feedback. This self-reflective feedback
is crucial to our paper as it acts as a ‘semantic’ gradient signal
for future episodes, which allows LLMs to enhance their final
responses with maximum contextual and knowledge graph un-
derstanding.?

Preliminaries:

This section gives a high level overview of the dataset and
key terminologies that illuminate the fundamental aspects of
our methodology.

Dataset: Our dataset belongs to SNAP, Stanford Network
Analysis Project, datasets. These datasets are employed for
their extensive network data, critical for analyzing graph-
based retrieval and extracting knowledge graphs within RAG
frameworks.* Specifically, we are using the Wikispeedia Path
Datasets - The dataset was specifically chosen as our research
aims to target the Wikipedia knowledge graph to leverage its
rich article network and properties. Although our research
isn't centered around LLM wikispeedia gameplay, this dataset
provides useful data like path sequences (~76000), plaintext
articles, article names (~4600) and hyperlink connections
(~119000).* Additionally, the text articles form the source
corpus for all the baseline retrieval. Alternatively the Wikipe-
dia Article Network dataset, focused on community detection
and network visualization, can also satisfy base demands of
this research.

These following are the primary components of the data-
base: wikispeedia_plaintext_articles - raw wikipedia articles
with entire page content, forming the text corpus for our vec-
tor databases and RAG pipeline; articles.tsv - list of all article
names, which are used as nodes for our graphs including dead
end and orphaned nodes as well; categories.tsv - hierarchical
list of categories and themes associated with each node, which
are beneficial for community detection and thematically link-
ing nodes; links.tsv - list of all hyperlink connections between
one article to another (to create edges); paths_finished.tsv -
utilized in sub-experiment testing ability of LLLM to navigate
wikipedia graph.
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Figure 4: This illustration is a sample representation of knowledge graph
integration for Wikipedia articles from the WikiGraphs dataset. One key
aspect of this mechanism is that each article features a network of key textual
elements, such as names, dates, and numerical figures, connected by structured
hierarchical category edges.*

Retrieval-Augmented Generation Pipeline: This system
combines retrieval methods to generate outputs that are rel-
evant to the context. Firsty, it splits down documents into
smaller, easier-to-handle text chunks.®* After this, the sec-
tions are vectorized using embedding techniques ( Word2Vec,
Transformer models,etc.), which change text into numerical
representations that capture word meanings. A vector data-
base is set up to perform approximate nearest neighbor (ANN)
searches ( k-d trees, HNSW graphs, etc.), which quickly com-
pare how similar a query is to stored documents. The last part
of the pipeline is generating content, wherein relevant text
documents are retrieved using search algorithms and formatted
with the assistance of LLMs to generate the final output that
directly aligns with source information only.

Knowledge Graphs: Knowledge graphs are complex sys-
tems that represent entities and their interrelationships in a
graph structure with nodes and edges (Figure 4). In Retriev-
al-Augmented Generation (RAG), textual knowledge graphs
use NLP techniques like Named Entity Recognition (NER)
and relation extraction (finding connections between ideas).**
Alternatively, knowledge graphs can be high level networks de-
picting the linkage between metadata and broader structures.
Potential operations include subgraph extraction based on que-
ry relevance, node ranking to prioritize important entities, and
relationship traversal. Several graph exploration methods like
breadth-first or depth-first can also search efficiently examine
the graph and extract a detailed subgraph rich in context.***
These operations leverage a rich, interconnected context, en-
hancing the accuracy and depth of the generated responses.”

B Methods

This section details the methodology behind our integrat-
ed framework of retrieval techniques. We will systematically
break down the procedures behind the three major techniques:
Textual Entity Graph RAG, Microsoft GraphRAG, and Met-
aWiki RAG. Each technique leverages unique approaches to
integrate graph-based structures, advanced language models,
and meta-information, aiming to optimize the accuracy and
relevance of retrieval and generation processes.

Textual Entity Graph RAG:
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Figure 5: Knowledge graph extracted from Wikipedia article using a large
language model graph transformer. Nodes represent all important events,
names, organizations, etc. and bidirectional edges represent direct and indirect
relationships mentioned in the text. The graph structure also demonstrates
thematic similarity and connections at micro and macro level.

The Textual Entity Graph Retrieval-Augmented Gen-
eration (RAG) architecture starts with loading the source
documents from Wikipedia articles dataset. It uses a new pow-
erful language model based graph transformer to subsequently
read and group key entities, along with all the connections be-
tween them from unstructured text data. The process starts by
parsing the source documents for which NLP (Natural Lan-
guage Processing) techniques like Named Entity Recognition
(NER) and relationship extraction algorithms are used.* They
are methods by which you can identify entities (e.g., person,
organization and event) as well establish linguistic relation-
ships between them: for example, “affiliation with” or “born
in”. The entities and relationships are then joined together to
form a complete graph (Figure 5), where the nodes represent
different things/entity classes and edges define their connec-
tions.® Additionally, each node has an attribute of entity type
(Ex: person, country, organization, etc.). After constructing
the graph, a cutting-edge vector database®® of the source docu-
ment chunks is created and integrated within the graph. This
is hosted on a graph visualization platform like Neo4], which
is used to extract and perform search queries on the intercon-
nected nodes and verify all information.*

Textual Entity Graph RAG has a complex, multi-stage
architecture for processing user queries through the retrieval
pipeline. First, it extracts important entities from the query
by pruning nonessential words to extract a subset of essential
keywords. A query language for graphs is then used (like Cy-
pher or SPARQL) to run queries that are expressed as path
patterns where source and target nodes contain the entities
gleaned from text data, enabling complex multi-hop extraction
( nodes which are more than 1 link apart ) of all relevant rela-
tionships within the knowledge-graph.* Through this, we can
extract tuples of all graph paths where the relevant entities are
present. To improve precision of the search results, we com-
bine keyword-based retrieval with a vector-based similarity
search in a hybrid RAG fashion. Such a dual approach helps
in not only returning documents that are semantically similar
to the user query but also include important keywords.* The
final step actualizes chain-of-thought prompting to help the

model use the structure of graph data in order to generate ex-
act and contextually relevant responses. Specifically, through
prompting we format the knowledge graph in SOURCE
- RELATIONSHIP - TARGET pairs and explain how to
utilize these structural connections to strengthen the answer.*

Example: Take a Wikipedia article on World War 1. It is
likely to have a sentence like “At the end of World War 1,
countries like the United Kingdom signed the historic Treaty
of Versailles in 1919”. After parsing the text, key entities in-
clude : “World War 1” (event), "United Kingdom" (country),
"1919" (date), and "Treaty of Versailles" (thing). These become
the nodes and their type is the attribute. Then using relation-
ship extraction, we can find the following connections: "United
Kingdom" — "country in" — "World War 1", "Treaty of Ver-
sailles" — “date” — "1919", "United Kingdom" — "signed" —
"Treaty of Versailles". These relations become edges. Thus, in
this graph the United Kingdom is a node connected to the
Treaty of Versailles which is then connected to the year 1919.
Finally, for a sample question like “What year was the treaty
signed?”, we extract the paths with entities similar to “treaty”
(including its neighbours) and relations related to time and
dates. Using this, the edge "Treaty of Versailles" — “date” —
"1919" is retrieved for LLM context. After combining this
with the retrieved text sentences from the source document,
the LLM formats this into the final answer “The Treaty of
Versailles was signed in 1919.”

Microsoft Graph RAG:
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Figure 6: Microsoft graph RAG indexing and query time pipeline. The
indexing includes source chunking and domain tailored summarization.
The query phase involves graph community detection, domain tailored
summarization and query focused summarization.'

This open-source GraphRAG framework, developed by
Microsoft, can be used to generate a complete knowledge
graph from given text documents by using LLMs. This frame-
work uses a series of LLM calls to identify complex entities
such as people, organizations, and events along with their rela-
tionships.” The framework formats this in various tuples and
structural sequences of information pairs. Another key feature
is the "bottom-up clustering", which groups data hierarchically
into semantic clusters or communities, which represent major
themes. For example, concepts like machine learning, neural
networks, and artificial intelligence will be grouped into one
community.
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Community-based summary generation (Figure 6) is a cru-
cial technique as it captures essential graph information of each
community of nodes in one holistic summary. The communi-
ty summaries are hierarchically ordered from broader to more
narrow communities. When a question is asked, the system
searches for relevant concepts and the community summa-
ries.® It generates partial answers from each summaries and
combines all of these partial generations into one holistic an-
swer in a mechanism called query-focused summarization.'
Microsoft graph RAG also uses the dual search strategy that
enables global search, which provides general, broader and high
level information like themes, and local searches, which focus
on specific entities and particular relationships such as charac-
ter traits.

MetaWiki RAG:
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Figure 7: Graphs generated from Wikipedia articles and metadata for a
small subset of hyperlink connections. The nodes represent decoded article
titles, with their size indicating PageRank (significance based on connections).
The colors denote community clusters identified using a greedy modularity

algorithm. All node connections, community clusters, and PageRank scores
are relative and specific to this subgraph.

The MetaWiki RAG novel framework is a sophisticated
methodology designed to leverage Wikipedia’s expansive net-
work of articles for knowledge graph creation and metadata
retrieval. Firstly, using the SNAP dataset, which provides sev-
eral node tsv files, we decode all articles names and create an
edgeless graph (a graph with only nodes - considering there
are orphan and dead end articles).*® Then we add bidirectional
edges (connections between nodes) by loading all article link
relationships. Thus each node is an article name and each edge
is the hyperlink connection (Figure 7).3! The entire graph is
built using the ‘networkx’ library and at this stage it is a high

level structural graph that is able to capture the network infor-
mation of Wikipedia.

Then, we create a parameter and text rich graph by develop-
ing several node attributes.* Firstly, by loading the article text
file corresponding to the node we create a node summary attri-
bute. These summaries are generated using Ollama LLMs and
condense the article’s information into concise, yet informative,
summaries. Then, by processing category data we assign a hi-
erarchical list of article categories to each node (Ex: History ->
US History -> WW1), this helps in categorical classification
of nodes.* Thirdly, page rank scores are calculated for each
node by evaluating the number and depth of neighbor con-
nections. This reflects the relative importance of each article
in a network. Finally, by using the edges we create primary and
secondary neighbor attributes (nodes the article is connected
to) by traversing the entire graph. These are lists of all one hop
and 2 hop connecting nodes (secondary nodes is a dictionary
where connecting nodes also has to be mentioned). As an ex-
periment, using Textual Entity RAG a sample of nodes is given
a knowledge graph attribute containing a graph of textual re-
lationships for that article page. Thus, during query time this
attribute can be utilized for all relevant nodes to provide more
direct structured information.

The process of retrieval used in MetaWiki RAG is very ef-
ficient and optimized for relevance and precision. The source
documents are queries using MMR (Maximum Marginal
Relevance search type) to produce semantically relevant yet
diverse/distinct text chunks. Then, by performing a similari-
ty search between the user query and the node summaries (a
vector database and index was created for node summaries),
we retrieve k-most relevant nodes to the query (Ex: Nodes
'Climate change,’ 'Renewable energy,’ 'Carbon footprint,'
and 'Sustainable development' are retrieved when the prompt
is about 'Global warming'). For each node we print text
attributes such as article title, article summary, page rank, cat-
egories, neighbors, etc. Then for the most relevant node, the
entire neighbor structure along with node attributes is encod-
ed into linguistic connections for the LLM. This was inspired
by Google’s Talk Like A Graph mechanism; therefore we are
using a combination of incident and social network encoding.
This encodes graph data in an understable manner for LLMs
and helps them get a high level overview of which concepts
and events are connected to each other and how.” Finally, by
using advanced prompting and reasoning we format all the
node and graph information along with instructions on how to
leverage this to enhance the traditional context. This helps the
LLM prioritize entities whose nodes are most relevant, use the
neighbor information to link concepts, use node summaries for
content generation especially in cross or multi-concept queries
combining multiple concepts. This metadata helps the LLM
enhance its ability to generate responses that are both contex-
tually rich and accurate.

As an extension this can be fed to vision models like GPT-4
to gain insights that visualization may better offer. By using
plotting libraries, we can extract a sub-graph of all related nodes
and feed that image to a vision model along with existing in-
formation. Additionally, we have experimented with a ReACT
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agent. We give this agent several functions like neighbour_info,
node_info, rag_info and based on the user prompt (Ex: if the
question is content heavy, requires pathfinding, needs connect-
ing themes) it aims to utilize these functions iteratively to gain
observations and decide the next course of action. This is in
development, but besides wikispeedia it can be a great tool for
dynamically extracting relevant info specific to a user prompt.

Hybridization Mechanism:

We implement an object-oriented framework that encap-
sulates three graph-based RAG techniques within a LLM
generator class. The class has specialized functions to call each
retrieval technique. There are additional methods that combine
all the outputs to generate a final, comprehensive response.
This design enables flexible retrieval and generation pipelines
that adjust dynamically based on task complexity.

Sequential Answer Generation. The pipeline begins by que-
rying the traditional baseline RAG, MetaWiki RAG, Textual
RAG, Microsoft RAG for each of their individual answers.
Then, it asks the LLM to leverage the baseline RAG and
MetaWiki’s response to generate a combined answer. Simi-
larly, it then asks the LLM to integrate the combined answer
and Microsoft’s response for an integrated response. Finally, it
prompts the LLM to combine Textual Entity’s answer with this
integrated response for one final answer. Thus it sequentially
integrates these models along with sophisticated prompting on
how to leverage these techniques. The order is deliberately se-
lected as MetaWiki specialized in high level network coverage
and node identification which is key for the initial step. Then
Microsoft adds the 2nd tier of community response generation
and knowledge graphs. Finally, Textual Entity provides explicit
direct graph connections to structure the final response with
stronger coherence.

Cumulative Generation with Chain-of-Thought Synthesis.
In this strategy, each RAG module operates independently, and
all the outputs are collated into one large prompt template. We
use contrastive and normal chain of thought reasoning to ex-
plain how to leverage each technique’s answer properties. The
prompt provides a step-by-step reasoning example on how
an LLM should navigate all this information and extract key
elements from all answers. Textual Entity is used to organize
the arguments and ensure factual relevance; Microsoft’s is a
source of key ideas, characters and themes related to the ques-
tion; MetaWiki highlights how broader level concepts relate
and which ideas to put emphasis on. Thus, this is a synthesis
strategy wherein the LLM is fed all the answers cumulatively,
augmented using prompting mechanisms

Context Retrieval and Graph Traversal. This system com-
piles all the graph and text property information generated by
each method. The system extracts complete graph structures
from the Textual Entity Graph RAG (entity relationships), Mi-
crosoft Graph RAG (thematic clusters), and MetaWiki RAG
(node summaries and metadata). By combining only the graph
and retrieval context each technique internally uses ( rather
than their final answers ), we can get even better responses in
some situations. The LLM can structurally utilize the various
knowledge graphs, metadata, and community structures to

frame its response without being influenced by the individual
responses of each technique. Therefore, we are amalgamating
the entire graph and RAG context into 1 prompt template to
be used by the LLIM.

Agent-Based Dynamic Retrieval and Iterative Refinement.
This approach involves a dynamic, agent-driven system that
selects retrieval strategies based on query requirements. The
agent evaluates the nature of the query and determines the
appropriate retrieval method to use. For high-level thematic
exploration, the agent may prioritize Microsoft RAG, while de-
tailed entity extraction might trigger the Textual Entity Graph
RAG. During the retrieval and generation process, the agent
continuously monitors the response quality. If necessary, it re-
calls the different techniques to retrieve missing information or
refine the answer. For example, it may extract subgraphs from
the Textual Entity Graph or adjust the prompts for Microsoft
RAG to improve precision. The agent may adapt the prompts
dynamically, targeting specific nodes or relationships to retrieve
relevant data. Furthermore, it can systematically keep using the
retrieval methods and refine its answer or target different nodes
each time. This is the most advanced hybridization framework
as an LLLM agent can deconstruct questions into multi-level
reasoning steps. For example, if a prompt is about “renewable
energy’, it can perform retrieval on related concepts not direct-
ly mentioned (“fossil fuels”). Moreover, based on the output
of technique, it can leverage information in the answer as a
basis for further inquiry. For example, if “treaty of versailles” is
a neighbor node of WW1, then it can inquire further related
to this treaty specifically. This model is still under development
and still requires heavy optimization and refinement; however,
it demonstrates the maximum potential.

Experimentation:
This section outlines the detailed experimental pipelines
designed to evaluate and compare the performance of various

Retrieval-Augmented Generation (RAG) techniques.

Q1: How do advanced RAG techniques like Textual Enti-
ty-based RAG, Microsoft RAG, and MetaWIKI RAG compare
to traditional methods, and what are the key strengths and
weaknesses of each? The bascline RAG uses classic methods
for finding and generating answers, while Textual Entity-based
RAG uses textual graph relationships (extracted through spe-
cial queries) along with hybrid similarity search. Microsoft
RAG combines a knowledge graph with community summa-
ries and query focused summarization whereas MetaWIKI
RAG uses a large network hyperlink graph based on Wiki-
pedia. The aim is to analyze the answers generated by each
technique and get a comparative standing of the various mod-
els and their strengths. Specifically, do these three techniques
outscore traditional RAG and then amongst them which tech-
nique is overall superior.

02: How does the combined MetaWIKI and Textual Graph
RAG stack up against Microsoft RAG in generating detailed an-
swers, and how does answer structure impact their effectiveness?
We use two methods to combine the results from MetaWIKI
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and Textual Graph: one includes combining the individual
answers to create a final answer while the other utilizes an-
swers and the entire context of both techniques to create a
more detailed and rich answer. The aim is to measure how the
combination of our two techniques compare to Microsoft’s
GraphRAG. Furthermore, the results help substantiate wheth-
er meta data and textual graphs extracted in our technique are
comparative to community response generation.

03: What are the advantages and challenges of integrating
Textual Graph RAG, Microsoft RAG, and MetaWIKI RAG,
and how does this integration enbance answer quality? Our goal
is to see if amalgamating all three together can create better
answers than using any one method alone. We have 3 pipe-
lines for this : combining individual answers of each technique,
providing answers and context of all 3 techniques, and only pro-
viding context of all 3 techniques. Our study aims to find out
if combining these methods improves the quality of answers.
Specifically, we want to analyze what aspect of each technique’s
answer is most unique and useful for the LLM”'s final answer.
This will indicate to us the current ability of LLMs with re-
gard to diverse graph information and how effective they are at
amalgamating the entire context to produce the highest quality
response. This also highlights which components of context are
futile and thus can be deprioritized.

04: How do agentic frameworks and advanced prompting
improve RAG techniques like Textual Entity RAG and MetaW-
IKI RAG, and can they rival Microsoft RAG in complex query
handling? In this study, we investigate the improvements of
agenting and prompting frameworks for MetaWiki and Tex-
tual Entity. The aim is to analyze the advantages provided by
various self-evaluation and decision-making frameworks to
improve answer coherence. More importantly, this experiment
also analyzes which prompting techniques enable most effi-
cient context utilization and answer framing.

Evaluation Framework:

Prompting. Our first few experiments centered on verify-
ing basic prompts which needed an adequate domain level
understanding and understanding of cross-connections across
various subjects. The aim was to test a broad range of ques-
tion answering such as similarity and differences,timeline
synthesis, impact assessment, high level overviews and cross
text links. Advanced prompts required connecting, contrasting,
and inferring relationships across complex domains. This in-
cluded envisioning different scenarios, exploring perspectives
of characters, integrating events in hypothetical situations and
analyzing multi-dimensional sub-questions. These are some
examples:

*  "What are the similarities between the 9th, 10th, and

11th centuries?"
¢ "Create a timeline of history, focusing specifically on
India."

*  "Write a story about a day in the life of a scholar in the
Tang Dynasty during the 9th century. What challenges
and opportunities do they face, and how do they con-

tribute to the rich cultural and intellectual landscape of
the time?"

* "Envision a brewing competition in a medieval Euro-
pean town in the 9th century. What ingredients and
techniques are used, and what social and economic im-
pacts does this event have on the community?"

¢ "Write an emotive descriptive essay exploring the life
of a healer in a small European village during the Dark
Ages. How do they navigate the challenges of limited
medical knowledge, superstition, and the harsh realities
of their time?"

Evaluation. Using the Microsoft Graph RAG evaluation
framework as a benchmark, we evaluated answers using LLM
linguistic feedback on 4 criteria: comprehensiveness, coverage
of all aspects and details of question; diversity, richness and
variety of perspectives; empowerment, ability to aid the read-
er to make informed judgements; and directness, clarity and
specificity to concisely address question. To make decisions
more transparent, the framework requires the LLM to provide
overall rankings, numerical scores and analysis of strengths
and weaknesses of each technique for more nuanced reason-
ing. This feedback process is known as self-evaluation and is
an increasingly popular feedback mechanism. Essentially, by
utilizing a detailed set of criteria the LLM critiques and pro-
vides feedback on its own answers. Furthermore, it is required
to justify its ranking of techniques with detailed reasoning us-
ing specific references to the responses. One advantage of this
, besides the qualitative feedback, is that the linguistic ability
of the answer generator and evaluator are similar since they
are from the same LLM. Furthermore, the methods can be
evaluated on datasets like Natural Questions, HotPotQA, and
RAGEval.%#

B Result and Discussion

This section details the results of our experiments across var-
ious Retrieval-Augmented Generation (RAG) techniques and
their combinations.

Experiment 1: Individual Performance of Techniques:

After multiple rounds of testing, MetaWiki emerged as the
victor with Textual Entity in very close competition (Table 1).
MetaWiki’s strengths include thorough and multi-dimensional
explorations, multi-perspective analysis, which allows informed
judgment for the reader by explaining context and directly ad-
dressing the question in a clear manner. Textual Entity gives
a well rounded overview of micro and macro concepts, with
specific focus on character’s perspective and directness through
perspectives of related entities. However, this fails to address
perspectives of multiple actors and emphasize the broader con-
text. Microsoft has a straightforward answer and gives a clear
understanding covering essential points. However, it relies on
singular perspective and lacks nuanced depth. Baseline RAG
ranks last as it is solely text chunk retrieval based without spe-
cialized graph information. While the answer is direct, it is
rather narrow focused. The baseline ranked last in 95% of the
trials and was on average 20-40% lower in scores. This proves
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that graph and structured information allows more multifacet-
ed and comprehensive answering.

Table 1: Individual ranking of all techniques on LLM evaluation criteria
from a scale of 1 - 10, with 10 being the highest.

Technique\Criteria Comprehensiv | Diversity Empowerment Directness
eness

Microsoft 7 6 7 9

MetaWiki 8 8 9 9

Textual Entity 9 7 8 8

Baseline 5 4 5 8

Experiment 2: Combined Techniques vs. Microsoft RAG:

The combined answer generated using the entire context and
answers emerged as the best technique. Each section of this an-
swer was well-developed covering all sub-components of the
question. In nearly 80% of our trials the LLM mentioned this
technique provided a superior and “richer variety of insights”
along with a more robust analysis (Table 2). Furthermore,
“comprehensiveness” and “diversity” were consistently 15-25%
higher. However, it could be sharpened for a more direct focus
on the main themes and actors in a concise manner. The 2nd
combined answer generated only by integrating MetaWiki and
Textual Entity’s final answers ranked 2nd overall. The respons-
es were clear and had a direct focused perspective, providing
a thorough understanding of concepts and their implications.
However, it lacked diversity in thought and could benefit from
contrasting perspectives. Finally, Microsoft was a formidable
opponent. It had a thorough clear understanding explaining
all key aspects of the question and concisely covering import-
ant themes. However, deeper exploration and analysis was the
major flaw. From these observations, we can see the combined
answer which has more diverse graph information and various
structural and RAG info to use leads to a more holistic answer.
That being said, there is a trade off between diversity and di-
rectness. The combined answers were longer and therefore less
direct in nature.

Table 2: Ranking of combined answers with comparison to Microsoft on
LLM evaluation criteria from a scale of 1 - 10, with 10 being the highest.

Technique\Criteria Comprehensive Diversity | Empowerment Directness
ness

MetaWiki + TextualEntity ( Full 9 8 8 8

Context )

MetaWiki + Textual Entity (Only | 8 7 9 9

Answers )

Microsoft 7 7 8 8

Experiment 3: Combining All Three Techniques:

When combining the answers of 3 techniques with the en-
tire context and answers, we achieve the best performance of
any model out of all 3 experiments. It has a 40-60% increase
across all metrics compared to the baseline and consistently
beats Microsoft RAG with 15-25% score margin. Nearly 30%-+
boosts were consistently seen in “diversity”, “comprehensive-
ness”, and “empowerment”. “Directness” was also consistently

high in 100% of trials. The answer thoroughly detailed con-
cepts in context of wider implications and range of perspectives
in a well structured and concise manner (Table 3). The only
critique is some density could be more broken up. Ranking
second is the combined answer integrating only final answers
of all 3 techniques. It covers multiple aspects and discusses
different angles providing an easy to follow and succinct un-
derstanding. However, it could include more specific examples
and personal anecdotes while being concise. Third is Microsoft
RAG; it covers key areas bridging areas of influence, and it
directly relates ideas and clearly outlines impacts. However, it
could be streamlined with more broader context and specif-
ic examples. Finally, traditional RAG ranked last. Although it
provides a straightforward and direct answer to questions, the
lack of depth or breadth was its biggest pitfall. Thus, by amal-
gamating all 3 techniques we holistically capture all properties
of text to create the most efficient answer.

Table 3: Ranking of combined answers with reference to Microsoft and
Baseline on LLLM evaluation criteria from a scale of 1 - 10, with 10 being the
highest.

Technique\Criteria Comprehensiven | Diversity Empowerment | Directness
ess

Textual Entity + MetaWiki + 10 9 10 9

Microsoft ( Full Context )

Textual Entity + MetaWiki + 9 8 9 8

Microsoft ( Only Answers )

Microsoft 9 8 8 9

Baseline 6 5 6 8

Experiment 4: Impact of Agenting and Prompting Tech-
niques:

The final experiment assessed the impact of agenting and
prompting techniques on the performance of MetaWiki RAG
and Textual Entity Graph RAG in specific. They both achieved
nearly 20-40% performance increases in performance in 90%
of experiment trials. Firstly, agenting techniques like self eval-
uation based on the linguistic feedback were highly effective
in improving weak areas in initial outputs. By using this feed-
back and generating answers the areas of strength increased
and achieved much higher rankings and comparative perfor-
mance to Microsoft RAG - a consistent increase of 30%+ in
the refined answer was seen in 95% of trials. Similarly, when
agenting like ReACT is used when combining techniques the
decision making process helps better integrate diverse com-
ponents of both techniques. In prompting, I evaluated Few
Shot, CoT, Contrastive Co'T, Tree of Thoughts, Meta Prompt-
ing, Directional Stimulus Prompting, which all saw boosts in
performance. With MetaWiki, Meta Prompting ( focused on
structure and broader patterns of questions ) and modified di-
rectional prompting ( provided hints on information utilization
) helped the LLM leverage Wikipedia’s high-level node con-
nections and effectively use this graph information in the right
manner. With Textual Entity RAG, chain of thought, tree of
thought and contrastive chain of thought saw huge benefits.
These focused on providing examples and how to utilize enti-
ty relationships and keyword pairs to structure and formulate
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answers. Overall, using prompting and agenting improved per-
formance significantly (Table 4).
Table 4: Relative ranking of MetaWiki & Textual Entity with and without

addition of prompting and agenting on LLM evaluation criteria from a scale
of 1 - 10, with 10 being the highest.

Technique\Criteria Comprehensiven Empowerment Diversity Directness
ess

MetaWiki 7 8 8 7
MetaWiki with 9 8 9 8
Prompting/Agenting

Textual Entity 7 7 7 8

Textual Entity with 9 9 8 8
Prompting/Agenting

Sub-Experiment: Using MetaWiki to Simulate Wikispeedia
Gameplay:

In this experiment, the MetaWiki RAG framework tests the
LLM’s ability to navigate through Wikipedia’s article network
by simulating the Wikispeedia game, where the goal is to move
from a starting article to a target article through a series of
hyperlink jumps ( Ex: “sports” -> “football” -> “goalkeeper” ->
“Manuel Neuer”). As explained in our technique, each node
(article) in the graph comes with rich attributes—including
a summary, categories, page rank scores, and lists of primary
and secondary neighbors—providing the LLM with essential
information for decision-making. The LLM uses an agentic
approach that leverages functions we built to receive node in-
formation, article summaries, neighbor connections inspired
by Google’s "Talk Like a Graph" method. By examining the
neighboring nodes, categories, and PageRank, the LLM can
choose optimal paths to reach the final target article . For ex-
ample, an article with high page rank has a high number of
hyperlink connections - this can be a good node or high-de-
gree hub connecting many articles; categories can help LLM
thematically navigate by analyzing which subject-domains
the target node belongs to. We successfully found in 60-70%
of cases the LLM can effectively navigate 1-3 hop nodes. In
nodes with 4 or more connections, the accuracy was limited to
15-20%. However, this is a promising insight into the model’s
graph-based reasoning and ability to use structured knowledge
to make informed jumps, testing its proficiency in multi-hop
navigation. Thus, this experiment was instrumental in building
test ground that informed our intuition on how we can build

reasoning engines with graph based RAG.

Discussion:

This paper set out to prove that leveraging and assimilating
network structures and knowledge graphs to augment base-
line retrieval augmented general improves LLM reasoning and
reduces issues like hallucinations and incoherence. The exper-
imental results successfully substantiate this and underscore
the critical role of structured information in enhancing RAG
models. Firstly, all graph augmented techniques outperformed
baseline RAG in all 4 criteria, which clearly establishes that
specialized graph information prevents narrow focused answers
and increased depth and coverage of all essential answer com-
ponents. Our results are supported by popular frameworks such

as HybridRAG or KG-FiD, integrating KGs, that have faith-
fulness (factual accuracy), recall, and answer relevance scores
around 0.96, which are consistently higher than traditional Vec-
torRAG by 10-15%.% Secondly, techniques like Textual Entity
and especially the novel MetaWiki framework performed ex-
ceptionally well, highlighting the benefits of incorporating
diverse and structured data sources. MetaWiki’s neighbor and
node attribute information facilitated a multi-dimensional and
multi-perspective exploration of text. Furthermore, Textual
Entity’s graph relationships ensured directness while enhanc-
ing organization of micro and macro concepts. The efficacy
of our techniques is further substantiated by empirical studies
which demonstrate that incorporating knowledge graphs im-
proves performance by 20-30% performance improvements in
answer relevance and factual correctness across datasets such as
SQuAD and TriviaQA.*®

Moreover, holistically combining all 3 techniques significant-
ly boosts performance to maximum levels in all criteria, with an
average 30% increase in all performance metrics. This suggests
that by assimilating various properties and graph formats the
utility of the context to provide nuanced and contextually rich
answers increases. The results prove that the combination of
techniques yielded superior performance compared to individ-
ual methods, demonstrating the benefit of hybrid approaches.
Moreover, empirical studies, such as COKG-QA, demonstrate
that graph-enhanced language models that leverage direct
graph information for relation extraction demonstrate im-
proved accuracy and reasoning in generating contextualized
answers.” By merging MetaWiki, Textual Entity, and Micro-
soft RAG techniques, the experiments achieved a more holistic
and detailed understanding of queries. Microsoft provided a
base of community-based summaries; MetaWiki gives high
level neighbor structures and relevant node attributes; and
Textual Entity gives direct tuples of graph paths - existing em-
pirical analysis has also proven that direct structured graphs are
85% better at capturing implicit textual knowledge represen-
tation.”> Thus majority properties of the text, its concepts and
entities are covered through each technique. This ensures the
context is multi-dimensional and covers all potential attributes
inherent to the text. In fact, reviews in this domain support the
idea that diverse knowledge graphs lead to 40% greater breadth
of information which improves reasoning in complex queries.”
Additionally, an integrated pipeline not only improved the
answers breadth and diversity but also addressed trade-offs be-
tween directness and comprehensiveness.

While we haven’t leveraged traditional metrics of answer
evaluation, we can still frame results in terms of these popular
benchmarking metrics. While all techniques had high accuracy
(similarity to ground truth) scores, knowledge graph tech-
niques generally had higher quality and more nuanced answers.
In multi-dimensional queries - quality of response was actually
more relevant than pure accuracy. Secondly, there is a certain
trade-off between precision (retrieved content that is relevant)
and recall (relevant information retrieved). Graph techniques
have higher recall as the structural information was highly
relevant. However, this risked a slight decrease in precision as
directness can decrease due to excessive context. Nonetheless,
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using advanced prompting there was a positive overall increase
in both these metrics and relevance was higher. Finally, our
techniques boasted high diversity scores owing to the variety
of perspectives in the answer. Having said this, our paper aims
to highlight the qualitative evaluation metrics more and puts
more emphasis on the LLM textual feedback received.

Finally, advanced prompting and agenting techniques
showed significant improvement, especially in guiding the
LLM to efficiently leverage the complex context. This assists
LLMs in effectively navigating and utilizing a variety of an-
swers and information. In a nutshell, the results highlight the
importance of focusing on dynamic, context-aware hybridiza-
tion of RAG and knowledge graphs, which can be augmented
with prompting.

B Conclusion

This research demonstrated the integral role of structured
information in enhancing the performance of Retrieval-Aug-
mented Generation (RAG) models. Techniques such as
MetaWiki and Textual Entity RAG, which leveraged
multi-faceted data and explored diverse perspectives, outper-
formed less structure-driven methodologies. The findings also
reveal that while MetaWiki and Textual Entity performed
strongly individually, layering these techniques generates more
comprehensive and contextually rich responses. Therefore this
mechanism encapsulates deeper contextual understanding, in-
formation coherence and a wider range of narratives.

Thus, this study also demonstrates that integrating vari-
ous RAG techniques yields superior outcomes, suggesting
that the amalgamation of structured information sources, like
MetaWiki and Textual Entity, can significantly improve the
quality of generated content. Although advanced prompting
and agenting techniques provided significant enhancements,
the fundamental takeaway is the importance of structured
data and pipeline integration in enhancing the effectiveness of
RAG models. Finally, as a practical application this study paves
the way for an application for advanced question answering on
Wikipedia to transform information navigation and user ques-
tion answering. This can be further extended to other dataset
like TREC-COVID, wherein existing hybrid systems have
demonstrated state-of-the-art results in precision (up to 0.96)
and recall (1.0). Therefore, our research is an effective step in
demonstrating the application of layered graph pipelines in re-
al-world context datasets - Wikipedia especially offers limitless
potential to test hybrid mechanisms on a variety of knowledge
domains.>

Future Works:

Future efforts can focus on developing improved dy-
namic advanced RAG frameworks that adaptively combine
techniques like Textual Entity Graph RAG, Microsoft RAG,
and MetaWiki RAG based on the query requirements; this can
include multiple agents collaborating to optimize information
retrieval. Furthermore, expanding these models across different
domains, such as healthcare and law, can reveal domain-spe-
cific characteristics unique to enhancing contextual awareness.

Moreover, synthesizing Textual Entity with MetaWiki is a
very promising approach that leverages high level networks
and direct graph connections as individual node attributes.

Additionally, graph retrieval methods can work on prioritiz-
ing meaningful connections and exploring thematic retrieval
techniques. This includes identifying indirect graph connec-
tions that do not contain direct keywords but are thematically
relevant. Finally, practical applications such as an advanced
Wikipedia-based search tool, to revolutionize information
navigation and data assimilation for answering user queries,
presents significant commercial potential. Another exciting
direction is the development of a capable (reinforcement-learn-
ing based) LLM framework that utilizes MetaWiki graph
properties to participate in the Wikispeedia game and simulate
human navigation for shortest path identification.
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