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ABSTRACT

Large language models (LLMs) have fundamentally transformed
the landscape of Natural Language Processing, although they re-
main susceptible to errors. Retrieval-augmented generation (RAG)
systems have emerged as a common deployment scenario seeking
to both avoid the well known risk of the LLM “hallucinating” in-
formation, and to enable reasoning and question answering over
proprietary information that the LLM did not have access to during
training without resorting to expensive model fine-tuning.

In this work, we explore the idea of using a lightweight graph
structure with a relatively simple graph schema, to support the
RAG subsystem via a dedicated toolset. We design an agentic sys-
tem with a variety of vector search and graph query tools operat-
ing over a structured dataset based on a curated subset of English
Wikipedia articles, and evaluate its performance on questions from
MoNaCo, a challenging Wikipedia based benchmark of complex
question answering (QA) tasks.

Our results show that the introduction of graph-based tools can
significantly increase the precision and recall of factual correct-
ness, can halve the number of hallucinated answers, and achieves
the highest fine-grained truthfulness score among the three evalu-
ated scenarios. All this with a modest increase in token usage.
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1 INTRODUCTION

Since the advent of the transformer architecture many competing
Large language models (LLMs) have been developed with strong
capabilities in understanding, reasoning, summarisation, and ques-
tion answering. Their ability to generate coherent and contextu-
ally relevant responses has led to widespread adoption in many
domains. Despite these advances, LLMs and LLM-based systems
remain prone to a variety of failure modes.
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Type I (false positive) and Type II (false negative) errors pro-
vide a useful framework for describing fundamental failure modes
in machine-learning models, including LLMs. These failures can
be severe: false positives manifest as hallucinated content, incor-
rect context, or inappropriate tool use, while false negatives lead
to omissions, missed context, or failure to invoke the right tools. In
practice, such errors often occur simultaneously in multiple stages
of system operation [9]. Therefore, a valuable improvement reduces
both error types simultaneously rather than merely shifting perfor-
mance along the precision-recall tradeoff. This consideration be-
comes even more vital for complex question answering problems,
such as multi-hop (MHQA), cross-document (CDQA) and multi-
entity question answering (MEQA) [5, 29, 41], where knowledge
from multiple sources must be retrieved, aggregated, and reasoned
over in order to provide an answer.

As an example, consider the following question:

Can you name all the battles between the Dutch and
English in the First, Second and Third Anglo-Dutch
Wars, and list the victor of each battle?

To answer this question, one needs to perform a sophisticated re-
trieval and reasoning process. In fact, it requires multi-entity and
multi-hop reasoning, and cross-document access, all at once [34].

First, as with MEQA, the process must operate on a set of en-
tities (in this case nations, wars, battles and victors) and needs to
perform per-entity analysis and filtering. Second, as with MHQA,
it requires hierarchical traversal, repeated relational expansion and
nested decomposition. Finally, as with CDQA, it needs to fetch in-
formation from multiple sources: war documents, battle descrip-
tions, and historical records. A single document is unlikely to an-
swer this question; the information required is typically dispersed
across dozens of documents.

These types of questions pose a significant challenge to current
state-of-the-art LLM-based systems. There are multiple reasons for
this, but in this work we focus on one aspect: Retrieval-Augmented
Generation (RAG) [27]. RAG is a common element of many LLM-
based systems, specifically those used for document processing, an-
alytics, and question answering. In this context, we address com-
plex QA problems, like the one presented above, using a unified
vector and graph database with a series of pre-defined tools to im-
prove retrieval from a knowledge base (KB). We compare our solu-
tion, vector+graph RAG, with simple vector RAG and zero-shot ap-
proaches. With agents prompted for safe refusal - instructed to an-
swer ‘unknown’ when the necessary information cannot be found
in the provided KB, our system more than halved the proportion of
complex questions that the agent refused to answer. At the same
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time, it improved the ratio of correct over incorrect answers com-
pared to the zero-shot approach. Thus, it shows a promising direc-
tion of research in which graphs are coupled with more traditional
vector-based retrieval methods.

The use of knowledge retrieval systems (RAG) to extend the ca-
pability of LLM agents is the preferred method by which general-
purpose LLMs are applied to reason over specialised and/ or pro-
prietary knowledge [13]. By augmenting a user query with data
queried by a knowledge retrieval system - data which may not
be in the LLM’s training data — the LLM can answer the ques-
tion using in-context learning, extending its capabilities and reduc-
ing hallucinations. Whilst early RAG systems consisted of a single
retrieval-then-answer pipeline [18], it is now typically expected
that RAG systems should be agentic for all but the simplest queries,
so as to allow the LLM to practise question decomposition, reflec-
tion, and follow-up or validation queries using Chain of Thought
(CoT) reasoning. Limiting ourselves to systems querying a defined
KB (rather than Internet search), the most commonly-used tool
within agentic RAG is vector search, where a vector database of
text chunks from source documents is queried by an embedding
model to assess semantic similarity [4, 26]. Beyond this, a variety of
other tools have been developed that purport to improve retrieval
in terms of its accuracy and/ or efficiency.

Among these new retrieval methodologies, those that employ
graphs are gaining popularity. Rather than operating over unstruc-
tured, chunked text documents, a knowledge graph (KG) is either
harnessed directly or created using an LLM from a set of related
documents (commonly known as GraphRAG [10]). However, a ma-
jor challenge with graph-based solutions is the creation of a useful
KG. On the one hand, KBs with rich structures are potentially de-
sirable, but they necessitate a complex schema and thus risk filling
the fixed context window of an LLM [6]. On the other hand, small
schemas are more easily digestible by an LLM, but may not faith-
fully and comprehensively capture the true status of the KB.

In this work, we explore the latter idea, i.e. using a lightweight
graph structure, with a relatively simple graph schema, to sup-
port the RAG subsystem via a dedicated toolset. We adopt this
very practical approach in which a KB is constructed from semi-
structured documents, including only a high-level structure of doc-
ument titles, section titles, and constituent paragraphs, with links
to other paragraphs or documents. This scenario is well suited to
many real-world KBs that comprise various document types but
lack a sophisticated and / or rich KG representation, such as those
proposed by other work [8].

The tools we developed use the Neo4j graph database engine and
its accompanying Cypher query language! to traverse the graph
of Wikipedia articles, article sections and section paragraphs. We
compare our graph-based approach with a typical vector-based
RAG system on a set of sophisticated queries that require gather-
ing and reasoning over information from multiple sources (articles,
sections, and paragraphs).

Although work has been done to evaluate vector RAG against
GraphRAG methods [14, 24, 30, 39], in this work we are concerned
instead with evaluating vector RAG against knowledge base ques-
tion answering (KBQA) from the perspective of unstructured and
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semi-structured data. There is as yet no research that directly eval-
uates vector RAG against KBQA on structured data. To address this
deficiency, we aim to answer the following research question:

Do queries over structured knowledge bases, such as
knowledge graphs, improve the performance of com-
plex QA over unstructured RAG?

We design an agentic system with a variety of vector search and
graph query tools operating over a structured dataset based on a
curated subset of English Wikipedia articles, and evaluate its per-
formance on a challenging Wikipedia QA benchmark (MoNaCo,
vide infra). Our experiments measure both answer accuracy and
token usage, with the objective of a strong system being to max-
imise answer accuracy while minimising token usage.

Additionally, we compare both solutions against a zero-shot ap-
proach that relies purely on the knowledge acquired during model
training. Our results show that the introduction of graph-based
RAG significantly reduces hallucinated content and improves truth-
fulness scores, all with only a modest increase in token usage com-
pared to the more conventional vector RAG approach, and using a
lightweight and easy to construct graph knowledge base.

In summary, our main contributions are as follows. We:

o Identify a complex-QA benchmark suitable for comparing
structured and unstructured retrieval.

e Design a unified Cypher-based toolset that affords efficient
navigation over a knowledge graph.

o Conduct extensive experiments on the efficacy of RAG and
KBQA tools.

o Release an evaluation KG based on a significant proportion
of English Wikipedia, suitable for both RAG and KBQA.2

2 BACKGROUND AND SCOPE

As has recently been observed, the expectations of LLM-based and
agentic systems are increasing beyond simple question answering
problems [13]. Indeed, real-world queries often require retrieving
information from multiple sources, summarising and reasoning be-
fore an answer can be produced. In this context, our reliance on
systems that may hallucinate their answers, even if only at some
of the substages of the whole answering pipeline, is problematic
and undermines trustworthiness of these systems. Therefore, the
need to design and develop solutions that can reduce hallucination
(confabulation) and improve trust are critical.

There have been various attempts to address this problem. They
revolve around improving four main aspects: query understanding
and decomposition, evidence gathering (i.e. information retrieval),
reasoning, and response synthesis and grounding (c.f. Figure 1).

In this work we focus on the second step — information retrieval
- and aim to verify the extent to which the introduction of a knowl-
edge graph store with a simple document graph structure within
a complex QA system can improve overall system performance.
To accomplish this, we embed our QA system within an evalua-
tion framework that includes a benchmark dataset and an evalu-
ation step. Our goal is to evaluate the end-to-end factual correct-
ness and truthfulness of the QA system. Our comparison is delib-
erately scoped to generic vector RAG versus vector+graph RAG

Zhttps://github.com/NICD-UK/graph-based-rag-qa/
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Figure 1: A Graph-based Question Answering pipeline embedded within evaluation framework. Highlighted in black are items

of our focus.

over a simple document graph; more sophisticated GraphRAG [10]
approaches and richer, LLM-constructed KG representations are
beyond the scope of this study. Our simple graph is intended as
an enabler of structure-aware retrieval rather than a competing
heavyweight knowledge graph.

The following sections provide more details on these aspects.

2.1 Information Retrieval

Several paradigms have emerged within state-of-the-art RAG sys-
tems. Vector search is still the most common method, as it can be
applied directly to unstructured text, such as a corpus of PDF doc-
uments on a topic. As a result, most RAG benchmarks and evalu-
ations begin from the assumption that the initial data will be of
an unstructured form [19]. For natively structured data, text-to-
SQL [7, 28] or text-to-SPARQL [25, 33] are common techniques,
where the LLM is tasked with directly querying a relational or
graph database respectively. For the case of structured data query-
ing over graphs, methods either:

o use graph metrics, such as community detection, alongside
vector retrieval, to improve results by retrieving small sub-
graphs [10],

o verbalise entities and relationships into text for embedding
[1], or

e generate structured queries, e.g. in SPARQL or Cypher, that
are then executed directly against the graph [15].

Here, we propose an alternative approach. We expose the agent to
specific tools, backed by handwritten queries, which enable flexible
structured data retrieval while, at the same time, relieve the agent
from the task of generating valid data queries - a potential source
of failure and security vulnerability.

2.2 Benchmark dataset

An external knowledge base offers three advantages over relying

on an LLM’s parametric memory: it can be updated continuously

rather than being frozen at training time [27, 32]; it supplies domain-
specific or proprietary knowledge that the model lacks [23]; and

it sidesteps the degraded performance of LLMs on long or com-

plex inputs, since even large context windows are usably shorter

than advertised [21]. Regardless of context size or parameter count,

there will always be datasets too large or specialised for an LLM

to reason over unaided.

Typical vector RAG and automatically-constructed GraphRAG
both ingest unstructured documents. By contrast, a graph database
operates on already-structured data, and its key advantage is a con-
trolled schema: rather than searching for semantically similar text,
it lets us query structure directly. Using this lens, we reviewed re-
cent datasets and benchmarks to find one usable in a knowledge-
graph RAG (KG RAG) system, employing the following criteria:

(1) Large dataset (>10,000 records); for a realistic scenario when
KB does not fit into LLM context window.

(2) End-to-end QA; in contrast to retrieval only or generation
only evaluation.

(3) Data appropriate for both structured and unstructured re-
trieval; for fair comparison between simple vector-based
RAG and KG RAG.

(4) Multi-hop, multi-entity reasoning; to tackle the challeng-
ing task of complex QA which the current LLM-based sys-
tems struggle to solve.

A search within the literature for benchmark datasets for RAG, es-
pecially graph RAG, yielded many candidates. A summary of this
survey is presented in [37, Appendix A].

In the end we selected the MoNaCo benchmark dataset [38]. Al-
though it does not directly include a structured KB we built a sim-
ple knowledge graph to provide a structured index to the source
documents (Wikipedia articles) necessary as context. This bench-
mark dataset, contains 1315 complex questions, one of which was
shown earlier in the introduction. They are human written in natu-
ral language rather than being LLM-generated as in some alterna-
tives. The answer to each question is a result to be determined by
combining or reasoning over multiple pieces of information. The
published, yet preliminary, studies of this dataset show poor per-
formance by modern LLMs in a zero-shot or basic RAG context,
which requires the use of LLM reasoning approaches [38]. Within
an agentic vector RAG implementation, this might require multi-
ple queries to retrieve the necessary information, but we postulate
that using a graph RAG system it may be possible to retrieve infor-
mation directly via a suitable graph query.

Although this dataset is less than ideal in that the QA pairs
are based on publicly available Wikipedia data, the complexity of
questions, and the reported failure of zero-shot LLMs to answer
these accurately without a retrieval subsystem [38], ensure that
the agent cannot rely solely on parametric knowledge.



2.3 Evaluation

The decision on the most appropriate RAG evaluation metrics must
take into consideration the benchmark dataset in use, to ensure
that the required information is available to compute the chosen
metrics in both vector- and KG-RAG scenarios. For definitions of
key metrics see the two recent reviews of RAG evaluation methods
in [16, 42]. Here, we consider which of the many available metrics
are appropriate.

RAG-supported systems comprise separate retrieval and gener-
ation components [27]. As a result, any evaluation experiment has
the option to focus on only one of the two individual components,
or the entire end-to-end pipeline [42]. For the results to be widely
explainable, in this study we focus on metrics that are relevant
to the end-to-end RAG system. We report a headline difference in
overall performance when adding a KG to a RAG system, rather
than focusing on a specific sub-component.

2.3.1 Traditional metrics. The simplest metrics for evaluating gen-
erated answers come from the domain of NLP and tend to work at a
character level. These include Exact Match, BLEU and ROUGE. The
challenge when applying such metrics to LLM output is that a cor-
rect answer, identical semantically but phrased differently to the
reference answer, would be given a low score. They are, therefore,
ineffective when evaluating free-form LLM responses [16, 40].

2.3.2 Embedding-based metrics. Metrics based on semantic simi-
larity are more appropriate for our purpose, as they seek to evalu-
ate whether the meaning of the generated and reference answers
are the same. A typical example would be BERTScore, which gen-
erates embeddings from a BERT pre-trained transformer for both
generated and reference answers, allowing token level similarity to
be addressed [43]. Similar models include BART and RoBERTa [16].
These approaches have the advantage of capturing some seman-
tic meaning, while still relying on a deterministic scoring method.
However, they are less flexible and give lower evaluation quality
than LLM prompting methods [17], and some exhibit specific blind-
spots [20].

2.3.3 LLM-based evaluators. The so-called LLM-as-a-judge meth-
ods rely on prompting an LLM to evaluate some material from the
RAG chain against predefined criteria. This general approach can
be used for a wide variety of different metrics assessing the RAG
system at various stages; the required inputs to evaluate these are
summarised in Table 1.

For example, the RAGAS framework [35] has context precision
and context recall metrics, in which retrieved contexts are processed
along with the user query and golden answer to determine whether
they are useful in answering that query. The computation of these
scores is achieved by decomposing the number of distinct claims
within the contexts to assess precision and recall on a claim-by-
claim basis, and the reference answer is used as a proxy for a golden
context to allow evaluation even when a curated dataset contain-
ing the golden context is not available.

Two LLM-based metrics commonly seen to be important for
RAG systems are faithfulness and answer relevancy. Both of these
metrics can be computed using the user query and LLM-generated
response without requiring a golden answer, and were introduced
by RAGAS to address the specific challenge of RAG evaluation

Table 1: Summary of different LLM-based RAG evaluation
metrics with required inputs and score range; underlined
are metrics used in this work.

User Retrieved LLM Golden Score

Metric Query  Context  Response  Answer Range
Answer Relevancy . . Oto1l
Faithfulness ° ) . Oto1
Context Precision . ) . Oto1l
Context Recall . . . Oto1
Factual Correctness . . Oto1l
CRAG . . ° 1,0 0or-1

when a golden answer is not available [12]. Answer relevancy aims
to measure alignment between the generated response and the
user query, by generating three additional queries from the re-
sponse and computing the average cosine similarity between the
embedding of these queries and the actual query. Faithfulness ad-
ditionally uses the retrieved contexts, and breaks down the indi-
vidual claims in the LLM response to check these for support from
the context. The ratio of supported claims to total claims is then
returned as a score from 0 to 1 (e.g. a faithfulness score of 1 means
that all claims in the answer are justified by the retrieved context).

A potential challenge to the evaluation of faithfulness is that for
complex questions with extensive reasoning or aggregation over
multiple context chunks even correct answers will not have a di-
rect corresponding claim in a single context chunk, which may lead
to errors in the evaluation. As the MoNaCo benchmark does not
provide specific golden context chunks directly, and prompting for
metrics using context chunks is not developed for the scenario of
reasoning and aggregating from multiple chunks, the context pre-
cision/recall and faithfulness metrics were deemed inappropriate
and are not used in this study.

A more general LLM-as-a-judge metric is the factual correctness
score in RAGAS, which is computed by a direct comparison be-
tween the generated and reference answers. In this case, the LLM is
asked to decompose each input into a number of individual claims.
By assessing using an LLM judge whether each claim in the re-
sponse list matches a claim in the reference list and vice versa,
claims are labelled as true positives, false positives or false nega-
tives, allowing the system to calculate precision, recall or F; score
according to their usual definitions [35]. While score calculation is
done analytically, the claim decomposition and verification steps
rely on LLM judgement. This allows flexibility in answer interpre-
tation to determine correctness without direct word-for-word text
matching, but it does make the results non-deterministic.

2.3.4  Custom metrics. While all of the metrics discussed above are
commonly used, there are several other useful metrics for RAG
evaluation that are used for specific purposes. One is the Compre-
hensive RAG Benchmark (CRAG) score, introduced by [40]. A key
observation made by the authors is that incorrect or hallucinated
answers are far worse than missing or refused answers, as they
can harm user confidence in the LLM system. The CRAG paper
therefore assigned +1 to a correct answer, 0 to a missing answer,
and —1 to a hallucinated answer. For human evaluation, the scor-
ing was extended to include not only +1 for a perfect answer but
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also +0.5 for an acceptable answer that contains useful informa-
tion but with some minor errors or omissions. However, for auto
evaluation with an LLM judge, both +1 and +0.5 were combined
into the accurate class (+1). With this scoring system, a value can
be reported for each answer in terms of whether it is accurate, miss-
ing, or hallucinated. From these can be calculated the proportions
of each answer class, as well as an additional truthfulness metric,
being the sum of all the scores given across a question batch (i.e.
the number of accurate answers less the number of hallucinated
answers).

3 A SOLUTION TO GRAPH-BASED COMPLEX
QUESTION ANSWERING

To implement the QA pipeline presented earlier in Figure 1, we de-
veloped a system with a single reasoning agent and a set of tools
used to retrieve information from vector and graph databases. Fig-
ure 2 shows the architecture of the proposed solution.

The reasoning agent was created using LangChain’s create_ag-
ent function,? which provides tool calling capabilities. We equipped
the agent with three types of tools: vector-based, graph-based and
a simple calculation tool.

The agent was supplemented with standard middleware for tool
call error handling, retries with exponential back-off for LLM fail-
ures, and a run limiter to prevent a never ending cycle of tool calls
and limit token consumption. Finally, the agent was given a JSON
structured output schema such that an answer, explanation for the
answer, and references were produced separately.

The database, both vector store and graph DB, were populated
with a semi-structured representation of a significant portion of
English Wikipedia articles included in the MoNaCo benchmark.

3.1 MoNaCo reproducibility

The question-answer pairs of MoNaCo were created by 24 Amazon
Mechanical Turk (AMT) crowdworkers over an unspecified period
of time on live English Wikipedia [38]. Although this is method-
ologically straightforward, it creates issues for reproducibility. A
key concern is that Wikipedia is constantly in flux: articles that
AMT workers may have used to generate question-answer pairs
may have since been altered, deleted, or more up-to-date articles

3https://reference.langchain.com/python/langchain/agents/factory/create_agent.
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Figure 3: Graph schema for the English Wikipedia dataset

created. Therefore, in this study we used the benchmark against a
snapshot version of the English Wikipedia from August 2025. This
was done after we conducted a data alignment experiment to as-
certain which of the various snapshots of Wikipedia prior to the
benchmark publication was capable of providing the most valid
sources to perform the evaluation.

Each of the fetched snapshots, from January 2023 to August
2025, were scored according to the proportion of answerable ques-
tions, out of the MoNaCo total of 1315. The August 2025 snapshot
contained the sources necessary to answer 1207 (91.7%) of the
questions. The 108 questions deemed unanswerable by this snap-
shot were dropped from our evaluation.

3.2 Knowledge graph creation

Each article within the snapshot consists of Wikitext, a lightweight
markup language used for authoring Wikipedia articles. Using Wiki-
text markers, we parsed sections and paragraphs from each article
as well as article redirects and articles linked to from each para-
graph. From these links, we also materialised links between arti-
cles themselves (mentions), which later aid path-finding within the
dataset.

As we also wanted to evaluate vector RAG, paragraphs were fur-
ther split into 500-character chunks, with a 40-character overlap,
following the parameters recommended by Bratani¢ and Hane [3].
Preceeding and succeeding sections, paragraphs, and chunks were
made into doubly-linked lists via the NEXT__* /PREVIOUS_ *
relationships. Article nodes were given a title property, and the
text of each paragraph was stored in a text property, which was
then replicated onto the relevant chunk. The resulting schema is
shown in Figure 3.

Using the filtered list of 1207 MoNaCo questions, a canonical list
of sources was created. The August 2025 snapshot was filtered to
just these sources, to balance dataset size against information den-
sity. Nodes outside of this filtered subset that were linked to from
inside the subset were reduced to stubs: for example, an article not
listed as a source by MoNaCo but linked to by a paragraph within
a MoNaCo source was reduced to an empty article node.

The resulting KG comprised 5,771,867 nodes and 22,088,251 rela-
tionships. Nearly half of all nodes were paragraph chunks, which
were vectorised to enable vector search. As such, an embedding
model was selected based on its performance on the retrieval task
of the MTEB leaderboard [11].

At the time of writing, the top-performing models on the MTEB
leaderboard for retrieval were almost entirely large embedding mod-
els with 8B parameters or more, such as Qwen3-embedding. Despite
demonstrating high performance, such large models are unfeasible
for this study, where the dataset within the chunk’s text attribute
runs to over 300 million tokens, and so the embedding process
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would take an unreasonably long time. However, an outlier among
the top retrieval embedding models on the leaderboard was Mi-
crosoft’s Harrier 0.6B [22], which achieved top-5 performance on
retrieval tasks (70.75), similar to Qwen3-embedding 8B (70.88), and
top-10 performance overall (69.01), despite being a much smaller
and faster model.

Apart from chunk embeddings, an embedding was also created
for each article title, and the resulting dataset was imported to the
Neo4j database. Vector indices were created for each chunk’s text
embedding and article title embedding, so that the graph could be
queried directly via Cypher, or article titles / chunk texts surfaced
via vector search. The resulting dataset could be queried both by
traditional vector RAG methods and by KG tooling.

3.3 Retrieval tools

A key advantage of graph queries over vector RAG is that they are
cheap operations capable of traversing many hops at once. Mul-
tihop QA datasets such as MuSiQue [34] rely on CoT reasoning,
decomposing a complex question into single-node steps, e.g. “Who
succeeded the first President of Namibia” becomes “Who was the first
President of Namibia?” (Sam Nujoma), then “Who succeeded Sam
Nujoma?”. Each step is cheap, but requires a separate LLM call to
reflect and generate the next step, on the assumption that retrieval
returns one answer at a time from a single data point.

The same multihop reasoning can be seen in MoNaCo, in that
it also provides question decomposition. However, a motivation of
this study is to determine whether more intelligent retrieval tools
can encourage reasoning over multiple hops at once, reducing both
the number of LLM turns required as well as overall token usage.

One method of achieving this would be to provide a direct inter-
face between the Al agent and the database, such as an MCP server
that allows the agent to write and execute Cypher statements di-
rectly to the database.* This would, however, require the LLM to
not only maintain knowledge of the question it is answering but
also the schema of the database, possibly fracturing its thinking be-
tween its main task (answering the question) and the generation
of syntactically correct Cypher queries.

Allowing an LLM to generate its own queries also raises prompt
injection issues, where a malicious actor may be able to exfiltrate
data that they were not supposed to access. Moreover, early at-
tempts with Cypher query generation in this study revealed that
Al agents were reluctant to generate complex Cypher queries that
would go beyond a single hop, likely due to their preconditioning
for typical RAG scenarios.

Instead, we decided that bespoke Cypher queries should be hand-
written to query our KG. This allowed the LLM to focus more di-
rectly on answering the question, and encouraged it to use more
complex queries than single-hop question decomposition. As such,
several queries were written for vector search (for typical RAG
and graph discovery), structural navigation, and relational queries.
These are listed below:

e Discovery: finding entry points into the graph and vector
RAG
— Title vector search: return top-k articles whose title
matches a query.

4https://neo4j.com/docs/mep/current/.

— Chunk vector search: return top-k paragraphs with chunks

matching a query.

— Article neighbourhood: return all articles that are linked
to an article within distance n.

e Structural navigation: reading the text of an article

— Article text: walk all paragraphs in an article sequen-
tially, returning article text.

— Section titles and infoboxes: Wikipedia often includes
so-called “infoboxes”, short summaries and vital statis-
tics about the object or person in question. Although
extracting all the article text retrieves these along with
the rest of the article, it may be possible to save tokens
by extracting just the infobox. Similarly, section head-
ings give a brief overview of the content of an article
and allow for more incisive reading.

— Get sections: given a list of section IDs, return the text
of just those specific sections; this might be another
way to reduce token usage.

— Window paragraph: get the n paragraphs surrounding
a particular paragraph

— Window section: get the n sections surrounding a par-
ticular section.

o Relational queries: finding how other articles relate

— Get backlinks: find all the paragraphs that link to an
article.

— Shortest path: get all of the interstitial paragraphs that
link two articles together.

Each of these queries were integrated as tools into our LangChain
agent, so that the Cypher queries themselves were hidden from the
LLM and exposed via a simple API; see [37, Appendix B] for details.

3.4 The calculator tool

Given that some of the MoNaCo queries require calculations to be
performed using the retrieved data, a calculator tool was created
in addition to the retrieval tools discussed above. The tool allows
basic arithmetic operations to be performed, and was designed to
support aggregation tasks.

4 EVALUATION

To investigate whether queries over structured KBs can improve
the performance of complex QA versus unstructured RAG, we set
up our pipeline following Figures 1 and 2. Specifically, we:

e ingested an English Wikipedia dataset into both the vector
store and knowledge base store. For this purpose we used
the native Neo4j vector store and Neo4j graph database. The
methods for chunk embedding and graph creation are doc-
umented in Section 3.2,

o Jooped over 510 complex questions, selected from our re-
producible snapshot of the MoNaCo benchmark dataset,’

o performed query understanding, planning, reasoning and
answer synthesis using a single agent equipped with a set
of tools described in Section 3.3, along with a structured
output parser,

5To reduce computational expense 512 of 1207 questions were randomly selected, two
were subsequently dropped due to repeated blocking by the LLM content guardrails.
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e evaluated the answers produced by our QA system using
the LLM-based evaluation metrics described in Section 2.3,
i.e. factual correctness, answer relevancy and two CRAG-
inspired custom metrics, along with additional scores cal-
culated from these; we also recorded the token and tool
usage for each of the three solutions.

4.1 Experiment configuration

To understand the impact of graph-based tools on the accuracy
and performance of the agentic system, we ran three kinds of ex-
periments, namely: vector RAG, vector+graph RAG, and zero-shot.
They differed in the combination of tools the agent could use:

o vector RAG: the agent had access only to the retrieval tool,
chunk vector search, and the calculator tool;

o vector+graph RAG: the agent had access to all the retrieval
tools, plus the calculator tool; and

e zero-shot: no tools were available to the agent.

To account for stochasticity in LLM responses, for each scenario
the QA task was run three times and minimum, median and maxi-
mum values are reported.

In our preliminary experiments, we gave identical prompts in all
three scenarios, modified only by the inclusion of the names and
descriptions of available tools. The analysis of tool usage showed,
however, that in the vector+graph RAG scenario, the agent relied
predominantly on the Chunk vector search and Article text tools,
and rarely used other structural navigation tools. Using the two
tools, the agent read in many whole articles consuming substan-
tially more input tokens than in the vector RAG scenario. For this
reason, we updated the prompts to give explicit instructions to
use the tools to obtain information efficiently, with an example
usage sequence: Title vector search — Section titles — Get sections.
This prompting strategy improved the overall use of different tools,
although some of the tools were still underutilised. More work
is, therefore, needed to improve the prompts and tool use. The
prompts themselves are available in [37, Appendix C].

Experiments were performed using a LangChain agent based
on GPT-5.4 which, at the time of the experiments, was a top-10
model in the MMLU-Pro leaderboard [36], with a score of 0.875.
The model’s reasoning effort was set to medium, as a trade-off be-
tween reasoning depth and response latency, to allow the experi-
ments to be preformed repeatedly over a large question set.

As noted earlier in Section 3.2, this high performance reasoning
model was used in conjunction with a top-performing embedding
model, Harrier-0.6B. To avoid model “self-preference” bias [31], LLM-
as-a-judge evaluations were performed using Llama-4-Maverick 17B
parameter 128 Expert Instruct model. This model, although achiev-
ing somewhat lower performance than the GPT model (MMLU-Pro
0.805), was used for the simpler task of comparison between agent
generated and expected answers. Where evaluation required em-
beddings, these were computed using the text-embedding-3-large
model, again ensuring the use of an independent model family,
and again sufficient for the simpler task of identifying semantic
similarity between lists of generated and ground truth answers.

Answer evaluation metrics were calculated using the RAGAS
library [35], with factual correctness calculated in both the preci-
sion and recall modes. The original CRAG metric could not be used

directly, but inspired us to design two custom metrics, coarse and
fine-grained CRAG, explained later.

4.2 Results

In our evaluation, we mainly compare the baseline vector RAG ap-
proach against the proposed vector+graph RAG solution. Addition-
ally, we include the evaluation of the zero-shot scenario in which
no external data was introduced to the model.

As shown later, we do note that in our results the highest num-
ber of correct answers and lowest token usage occur in the zero-
shot mode. However, the dataset used for evaluating the MoNaCo
benchmark is based on English Wikipedia. Wikipedia itself, as a
largely dispassionate and factual source of information, is one of
the key sources used in LLM training. For complex QA against a
non-public knowledge base, the scores for the zero-shot approach
would almost certainly be significantly lower than those using RAG,
since the LLM would not have been exposed to the data in training,
and without RAG would have no access to it whatsoever. Here we
consider the zero-shot results as indicative of the limiting values
possible for an LLM fine-tuned on the KB.

While model fine-tuning on relevant data is an option more
efficient than training from scratch, it still requires considerable
compute and is not generally an attractive proposition for KBs
that are regularly updated. Indeed, RAG was specifically proposed
as a method to reduce hallucination, improve factual correctness,
and allow access to up-to-date information without costly fine-
tuning [27]

Table 2 includes an overview of the results obtained. On top
of the LLM-based metrics, we report derived scores to highlight
key insights from the plots presenting the “CRAG scores”, and the
number of tokens each approach used.

4.2.1 Factual correctness and answer relevancy. As explained in
Section 2.3.3, factual correctness is a RAGAS score computed by
a direct comparison of the generated and reference answers. The
factual correctness results indicate that the vector+graph RAG re-
sponds with much higher precision and recall than the basic vec-
tor RAG approach, and is not far from the “fine-tuned” zero-shot
solution. This is a significant achievement for vector+graph RAG,
meaning that even a simple, semi-structured KG can substantially
improve the correctness score, both in terms of precision and recall.
To reiterate, the zero-shot approach is only able to obtain compara-
ble results due to the open public nature of the Wikipedia dataset,
and this would not be achieved for QA tasks on proprietary data
to which the model had not been exposed during training.

We note that in each implementation the precision and recall of
factual correctness are relatively low. This is in part due to refusal
(‘unknown’ scores 0), and also indicative of errors being a mixture
of false positives and false negatives rather than one form of error
predominating. It is not simply the case that failure to retrieve all
claims related to a particular concept leads to false negatives low-
ering the recall score. The precision scores indicate that substantial
incorrect answers (i.e. false positives) are also returned. However,
in the case of aggregation queries the root cause could still be im-
perfect recall (e.g. the vector RAG approach fails on the question
“How many novels were written by Ernest Hemingway while he was
living abroad?” as while the correct time period is identified some



Table 2: Evaluation scores (medianj) for the three experi-

ment scenarios each run three times; the best results are in
bold, the second best are underlined. Scores are based on the
same 510 question subset of the MoNaCo questions; some
factual correctness evaluations failed due to long answer
lists hitting embedding token limits so are based on success-
ful evaluations only (median: precision 499, recall 467).

Score Vector RAG Vector+ Zero-shot
graph RAG
Factual correctness prec. (mean) 0.158:%2 mggi 0.438:1%
Factual correctness recall (mean) 0. 138:}? @ggg 0.398:§§
Answer relevancy (mean) 0.3583? @82% 0.808:2(1)
Coarse truthfulness -31:%? Lﬂ):g‘f —127:%‘;
Fine-grained truthfulness 35%2 63;2 @ég
Coarse CRAG % 0.1182}8 Mgéﬁ 0'348:?;%
Coarse CRAG % 0.168:}(75 wggﬁ 0.598:28
Fine CRa Spmivenst | 015030 040080 0533
Fine CRAG =8 010332 0.26927  0.42043
Tokens used (median) ‘
Input tokens 4009431892 4365255162 490399
Reasoning tokens @ggi 1055%8;8 516?}2
Output tokens %ﬁ% 1620%8?‘81 6182%2
Total 4169433835 4569535871 11081120

novels written in this period are missed, and so the total returned
is too low. But, since the golden answer provided is the numerical
total only, this appears as a precision error; the additional graph
tools allowed this question to be answered correctly).

Considering answer relevancy, which measures alignment be-
tween the generated response and the user query (Section 2.3.3),
adding a graph-based KB to the baseline vector RAG noticeably
improves this score. The KG tools raise relevancy from about 0.35
to 0.61 which is over a 74% increase. As indicated later, this is due
to the fact that with the KG tools the agent answers more of the
user queries, whereas when using only vector tools the agent of-
ten states that the answer is unknown. While this “safe refusal” is
preferable to a potentially hallucinated answer, it is likely to have
received a low relevancy score from the LLM judge.

The highest relevancy score is achieved in the zero-shot case,
which can be attributed to a further increase in the number of
questions for which an answer was attempted. But this does not
account for the correctness of the returned answer. The faithful-
ness score would add to answer relevancy a test for whether the re-
sponse is grounded in the context. However, as noted earlier, this
metric could not be implemented for the MoNaCo dataset given
golden contexts are not provided.

4.2.2  Truthfulness scores. Following the idea of the CRAG bench-
mark, our truthfulness scores strongly penalise hallucinated infor-
mation over a system that refuses to answer (see Section 2.3.4).
However, due to the fact that many of the answers in the MoNaCo

Table 3: The number of answers (medianp,>), classified into

three or five CRAG inspired score classes for the three exper-
iment scenarios, each run three times. All scores are based
on the same 510 question subset of the MoNaCo questions.
The best results are in bold, the second best are underlined.

Correctness metric Score Vector Vector+ Zero-
RAG graph RAG shot

U e 1ou songy

Coarse CRAG 0 36322(1) m%% 35§})
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U | s sy 136l
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Fine-grained CRAG 0 362%28 1775% ;g 3423
05 | w3 sl w6l
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dataset are supposed to produce lists of claims rather than individ-
ual full-text responses, the answers can be fully or partially correct.
Therefore, we report two versions of the truthfulness score. The
first, and most strict coarse truthfulness assigns +1 only if the pre-
cision and recall of a response is 1. That is, the response includes
all the claims from the golden answer and nothing more, which
otherwise would be hallucinated claims.

In this view, the basic vector RAG solution achieves the highest
score. It is, however, very conservative in answering complex ques-
tions and responds only in about 58 + 84 = 142 cases (28.1%) of
which only 58 (11.4%) are fully correct. The number of answers in
different categories is presented in Table 3, whilst the distribution
of responses is shown in Figure 4 (left).
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Figure 4: Coarse (left) and Fine-grained (right) “CRAG”
scores in three scenarios (top-to-bottom): vector RAG, vec-
tor+graph RAG and zero-shot.



The vector+graph RAG approach obtains a slightly lower coarse
truthfulness score, but significantly higher than the zero-shot solu-
tion, which provides fully correct answer for 174 questions (34.1%)
but hallucinates in 301 cases (59%). The graph-supported solution
is somewhat conservative in responding to the complex questions
and provides answers for about 333 questions (65.3%), of which
142 (28.5%) are fully correct (cf. the left middle plot in Figure 4).
Considering the coarse truthfulness and coarse CRAG scores, the
vector+graph RAG system is intermediate between the other two
scenarios in answering incorrectly, but the number of fully correct
responses is much closer to the best, zero-shot approach, than it is
to simple vector RAG.

Looking at the answers via a more fine-grained lens (Figure 4,
right), the CRAG scores are distributed differently. The fine-grained
truthfulness still penalises hallucinations, but allows some missing-
ness in the answers. A score of +1 is assigned only to fully correct
answers (that is, precision = 1, recall = 1), 0.5 to answers with miss-
ing claims but no hallucinations (precision = 1, 0 < recall < 1), 0
to unanswered questions, —0.5 to answers which mix correct and
hallucinated claims and —1 where all claims were wrong (i.e. re-
call = 0). In this case, the vector+graph RAG solution achieves the
best score of 63 (median), which is much higher than the other
scenarios, 35 and 40.5 for vector RAG and zero-shot, respectively.

This is a significant result which reinforces coarse truthfulness
in that the vector+graph RAG solution produces much less hallu-
cinated content than zero-shot. But it also indicates that despite
the responses still not always being fully correct, adding a simple
knowledge-graph can substantially improve correctness and trust
into a QA system, especially for complex questions.

4.2.3 Token usage. Token usage and tool use were evaluated by
capturing all messages from the agent during QA tasks, and sub-
sequent evaluation and post-processing. We extracted details from
the usage_metadata dictionary of messages of type AIMessage. As
shown in Table 2, for the two RAG implementations, around 96%
of total token usage is for input tokens, with over 40,000 input
tokens used in each case. This is due to the reading of material re-
trieved from the RAG system. In the zero-shot case input token us-
age is minimal because the knowledge is embedded in the model
parameters, and so tokens are spent on the system prompt, user
query and reasoning only.

While the vector RAG implementation has slightly lower total
token usage, hence lower cost than the vector+graph RAG solu-
tion, this should be considered in relation to the truthfulness scores
discussed above. In the vector+graph RAG approach tokens are
used to answer many more questions than plain vector RAG (i.e.
the fewer responses of 'unknown’) while the generated answers
are more correct. Overall, the graph-supported solution provides
much better value to the end user.

4.2.4 Tool use. Figure 5 shows the distribution of tool calls by
both the vector RAG (two tools) and vector+graph RAG scenar-
ios (11 tools). Unsurprisingly, the vector RAG scenario called the
vector search tool almost exclusively, often with similar search
terms and increasing number of retrieved chunks k as it widened
its search to include more results in its context window. The vec-
tor+graph RAG also used the chunk vector search tool regularly,
but in far fewer turns. It used this tool in conjunction with the other
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Figure 5: Distribution of tools called per question for the vec-
tor RAG and vector+graph RAG scenarios. The shortest path
tool available in the vector+graph RAG scenario was never
used so is omitted from the figure.



vector tool (title search) to retrieve more relevant results, and then
used combinations of the other tools to determine its answer. The
article neighbourhood tool was used extremely rarely, indicating
that links between articles were of little importance once the agent
had reached an article.

The article text tool was also rarely used, indicating that the
agent limited token usage by focussing on specific sections rather
than reading whole articles. Indeed, the tool to fetch section titles
and infoboxes was regularly used to fetch basic information about
the article: many queries could be answered in part by infoboxes,
and section titles give a clear overview of the article’s content be-
fore the agent begins reading. The agent could then select the sec-
tions that it wished to read from the article, and so used the get
sections tool in a majority of cases, reducing token usage.

The “windowing” functions for paragraphs and sections were
not used often. It suggests the agent correctly retrieved the in-
tended sections and paragraphs in the first try, rather than having
to read forwards and backwards from its current location. Simi-
larly, unused were the backlinks, shortest path, and calculate tools.
Seemingly, the relationships between articles were not as impor-
tant as argued by the authors of the MoNaCo benchmark, nor the
calculation and aggregation of intermediate results.

The observed reluctancy to call graph tools over vector searches
may be due to the task-specific training of LLMs. Vector RAG is
seen as a key business case for LLMs, and Al providers such as Ope-
nAl are clearly including RAG in their post-training.® Therefore,
the use of graph tools to perform complex QA, as explored in this
paper, is likely under-represented in LLM training. LLMs are con-
servative in their tool selection, and are biased towards tools that
align with tools seen during training [2]. It is, therefore, not surpris-
ing that even when encouraged to use graph tools by the system
prompt, the tested model fell back on simpler vector searches for
complex queries.

4.3 Non-deterministic evaluation

It is important to state that the results presented above show scores
calculated automatically using the LLM-as-a-judge pattern and with-
out human validation. Inherently, this process is non-deterministic
and resulted in scoring discrepancies, which stem for randomness
embedded in the inference of LLM models.

To illustrate the extent of non-determinism, in Figure 6 we show
correlation heatmaps between the coarse and fine-grained trust-
fulness scores. Following the definition, an ideal heatmap would
classify all results of x-axis (fine-grained CRAG) less then 1 and
non-zero under the score —1 on the y-axis (coarse CRAG). All ze-
ros on the x-axis should correspond to zeros on y-axis, and all ones
on the x-axis should correspond to ones on y-axis.

The heatmaps show that there was a small number of inconsis-
tently classified responses. For example, in the bottom right cor-
ner 4, 14 and 26 answers in the vector RAG, vector+graph RAG
and zero-shot scenarios, respectively, were classified by the ‘fine-
grained CRAG’ judge as +1. But the same answers were given —1
by the ‘coarse CRAG’ judge. Similarly, 2, 3 + 6 and 3 + 5 + 10 an-
swers classified by the ‘coarse CRAG’ judge as +1 were classified

Shttps://developers.openai.com/api/docs/guides/retrieval.
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Figure 6: Correlation between coarse CRAG (y-axis) and fine-
grained CRAG (x-axis) scores from a single experiment run
in three scenarios (left-to-right): vector RAG, vector+graph
RAG and zero-shot.

with scores below +1 by the fine-grained judge. Further investiga-
tion would be required to confirm whether these effects are due to
the stochastic nature of the LLM generative processes, or whether
they are systematic errors related to specific questions.

5 LIMITATIONS

One benchmark, one model. Although the results presented are
very promising, one of the key limitations of this work is that we
evaluated our scenarios using only a single benchmark dataset,
MoNaCo, and only a 510 question-answer pair subset from the
1,207 QA pairs available for which corresponding source articles
could be found. Furthermore, we used only a single reasoning model
for answer generation. In favour of our analysis, MoNaCo uses
Wikipedia as its source of ground truth, and despite this, we were
still able to show that vector+graph RAG improves precision and
recall while reducing hallucinations. Nevertheless, it would be use-
ful to validate these results using a larger number of questions, ad-
ditional benchmark datasets, and alternative reasoning models.

Human validation. The majority of the results presented in this
paper were generated using the LLM-as-a-judge paradigm; only
limited human validation was conducted to assess potential scor-
ing errors and inconsistencies in the evaluation values (cf. Sec-
tion 4.3). As the observed scoring discrepancies were not signifi-
cant, we used a relatively large number of complex questions from
MoNaCo, and three independent experiment runs, the results may
be considered valid. Nevertheless, repeated evaluations and thor-
ough error analysis would further increase confidence.

Isolating the contribution of individual tools. Our experiments
compare vector RAG against vector+graph RAG as whole config-
urations, and so do not isolate the marginal contribution of each
graph tool. A full ablation would re-run the entire pipeline (510
questions, three repeats, an LLM agent per run) for every tools con-
figuration: while a leave-one-out study scales linearly in the num-
ber of tools, isolating the interactions between tools grows combi-
natorially (up to 2" subsets for n tools), making a thorough ablation
substantially more expensive than the experiments reported here.
As partial evidence in lieu of such a study, the per-question distri-
bution of tool calls (Figure 5) already indicates which tools carry
the load - chunk and title vector search, section-title retrieval, and
get_sections — and which are near-unused - article neighbourhood,
backlinks, shortest path, and the windowing tools - providing a
coarse signal of each tool’s importance.

Tool use depends on prompting. The graph tools require accom-
panying prompt instructions to be used effectively: as described
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in the experiment configuration, we supply an example usage se-
quence (Title vector search — Section titles — Get sections) to steer
the agent towards efficient, structure-aware retrieval. We regard
this prompting as an intended and integral part of the proposed
method rather than a confound: the contribution is the combina-
tion of a lightweight document graph, a dedicated toolset, and the
prompting that drives them. The agent’s residual reluctance to call
the more complex graph tools might be further reduced with few-
shot examples - e.g. by working through the MoNaCo-provided
decomposition steps — or by fine-tuning on graph-specific traces,
which we leave to future work.

Latency. Due to asynchronous batching of LLM calls by RAGAS
and unhandled API errors on some LLM calls we do not assess the
relative answer latency of vector vs vector+graph approaches. We
note that an assessment of such features would be strongly depen-
dent on the precise deployment details of the vector and graph DB
systems, and is beyond the scope of this work.

Scope. This study compares vector RAG against vector+graph
RAG built on a simple document graph. Richer knowledge graphs
and more sophisticated GraphRAG variants are out of scope. We
do not claim that a graph database is the only way to realise the
approach, nor that our simple graph is optimal; rather, it is the
lightweight enabler that makes structure-aware retrieval practical
on semi-structured collections.

6 CONCLUSIONS

In this paper we describe a QA system capable of tackling complex
questions that require sophisticated multi-hop and multi-entity rea-
soning, access to multiple documents, and strong summarisation
and aggregation capabilities. To evaluate the proposed approach,
we used the MoNaCo complex QA dataset. This we filtered to over
1200 questions with golden answers referring to over 28 thousand
semi-structured documents drawn from a static snapshot of Eng-
lish Wikipedia. From the dataset, we extracted a simple graph struc-
ture that does not require sophisticated graph construction meth-
ods. Instead, it relies on basic structural information, such as doc-
ument and section titles, together with links to the relevant docu-
ment fragments.

Typical LLM-based solutions, such as vector-based RAG and
zero-shot prompting, are often inadequate for addressing complex
QA tasks. The former often refuse to answer the question, being
unable to retrieve, collate, and reason over all relevant context ef-
fectively. The latter are often overconfident and respond with a lot
of hallucinated content.

The results shown indicate that augmenting a basic vector RAG
subsystem with a simple graph-based KB and corresponding tools
can significantly reduce the amount of hallucinated content (the
coarse truthfulness score improved from about —127 to —49 for
vector+graph RAG vs zero-shot). At the same time, the vector+
graph RAG approach attempted to answer more than twice as many
complex questions as the baseline vector RAG solution. We also
show that, when partially correct answers are taken into account,
vector+graph RAG achieves the highest score across all three eval-
uated scenarios; the fine-grained truthfulness score was 80% higher
than for vector RAG. Additionally, the factual correctness results

indicate that vector+graph RAG achieves more than twice the pre-
cision and recall of the system based solely on vector RAG.

These results show a substantial improvement over the baseline
vector RAG, allowing us to answer our research question positively
and with confidence: structured knowledge bases, such as knowl-
edge graphs, can improve the performance of complex QA systems.
By increasing both precision and recall while reducing hallucina-
tions, the proposed solution is a promising direction towards in-
creasing trust in LLM-based QA systems.
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