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Abstract

While LLMs have achieved significant success in natural language tasks, their tendency to hallucinate remains
a critical challenge. RAG tries to address this issue by grounding models in external data; however, standard
vector-based RAGs often fail when working with highly interconnected datasets. GraphRAG has emerged as a
superior alternative in this setting by modelling the relational topology, yet evaluating GraphRAGs remains challenging.
Current benchmarks predominantly focus on the final LLM-generated output frequently overlooking the structural
accuracy of the underlying retrieval process. In this paper, we propose a novel schema-agnostic framework for
the automated generation of synthetic evaluation datasets from KGs. Unlike previous approaches, our framework
establishes a rigorous, deterministic ground truth to specifically quantify the retriever performance across nine
distinct query categories, including multi-hop and aggregation tasks. We demonstrate the utility of this benchmark by
applying it to a biochemical KG and evaluating four diverse retrieval architectures. Our results indicate that agentic,
LLM-driven retrievers provide the highest recall and reasoning capacity, effectively navigating complex topologies
where other methods struggle. This work provides a robust, scalable methodology for performance tracking, shifting
the evaluation of GraphRAG toward a more topologically precise standard.
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1. Introduction GraphRAG leads to a whole new set of challenges
regarding the way we navigate the Knowledge

In recent years, Large Language Models (LLMs)  Graph (KG) and retrieve information.
have revolutionised the field of Artificial Intelligence
through their impressive generalisation capabilities
in a wide range of tasks, including text generation
and question answering. However, an important
limitation of LLMs is that they tend to hallucinate (Xu

Indeed, the response quality of GraphRAGs
highly depends on the quality of the information that
is retrieved from the graph because an LLM can-
not generate accurate answers from erroneous/in-
: Al complete information. Therefore, focusing on the
ot aI.,'2024; Huang etal., 202,5),’ particularly within retrieval and being able to quantify its quality is an
domains where they lack sufficient knowledge. essential aspect of GraphRAGs. Currently, few pa-

To mitigate these issues, researchers introduced pers and benchmarks focus on the retrieval part
Retrieval-Augmented Generation (RAG) (Lewis  of those GraphRAGs. Most often, they evaluate
et al., 2020). This architecture leverages domain-  i4e final answer generated by the LLM rather than

specific document retrieval, providing the LLM with 4,6 4ccuracy of the retrieved elements (Xiao et al.,
relevant context to produce more grounded and ac-  5(o5. Edge et al., 2024).

curate answers. Despite its success, standard RAG )

is not perfect; it is not adapted for datasets con- In this paper, we propose a novel approach for
taining highly interconnected information. Indeed, ~ Penchmarking GraphRAGs. We have designed a
the typical vector database focuses on semantic ~ framework that enables the generation of synthetic
similarity rather than structural relationships, which e:valuatlon datasets from KGS_’ _Wh'le maintaining a
causes RAG models to struggle to answer complex  1igorous ground truth to specifically assess the re-
queries that require traversing links between dif- trieval quality of the GraphRAG architectures. This

ferent data entries, an issue already mentioned in solution provides an alternative evaluation method-
(Peng et al., 2025). ology that focuses on classical performance dimen-

sions compared to those explored in this previous
improve the reasoning capabilities of LLMs, a WO”,((IT_OU_'mI,' ot ali, 2:225;)' By a.ddfessmglthe.po-
new framework has recently been introduced: tential limitations (lack of quantitative evaluation,

GraphRAG (Edge et al., 2024). Using graph inability to ensure correctr_1ess) of this earlier ap-
databases to model the relationships between  Proach, our new process aims to deliver a comple-
data nodes explicitly, GraphRAG enables LLMs mentary benchm_ark to assess the performance of
to directly navigate the information topology. This ~ 9raph-based retrieval more robusly.

switch from standard RAG, where simple met- The primary contributions of our work are the
rics and retrieval mechanisms can be used, to  following:

To address these relational limitations and
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* We introduce a novel methodology for the
automated generation of evaluation datasets
based on existing KGs, specifically designed
to benchmark the retrieval performance of
GraphRAG systems.

» We demonstrate our approach by generating
a specialised evaluation dataset based on a
scientific biochemical KG derived from Het-
ionet (Himmelstein et al., 2016).

» We perform a detailed performance analysis
of four retrieval methods using this new bench-
mark.

2. Related Work

Recently, GraphRAG has occupied a prominent
role in scientific research. This interest is driven
by the potential of graph-based architectures to
ground LLMs and facilitate reasoning over inter-
connected data, which is expected to significantly
enhance the performance of LLM agents across
diverse domains.

Current research has addressed various aspects
of the GraphRAG pipeline, ranging from retrieval
strategies (Sanmartin, 2024; Wen et al., 2024; Luo
et al., 2023; Tian et al., 2024; Guo et al., 2024;
Wu et al., 2023) and comprehensive surveys (Han
et al., 2024; Xiang et al., 2025; Zhang et al., 2025),
to KG construction (Choi and Jung, 2025; Chen
etal., 2025; Min et al., 2025) and benchmark design
(Houimli et al., 2025; Xiao et al., 2025; Tang and
Yang, 2024).

2.1. Retrieval Strategies

Designing efficient retrieval strategies capable of
navigating the complex topology of KGs is an es-
sential aspect of GraphRAG research. To this
end, researchers have explored diverse methodolo-
gies that vary significantly in their logic (Sanmartin,
2024; Wen et al., 2024; Luo et al., 2023; Tian et al.,
2024; Guo et al., 2024; Wu et al., 2023). Gener-
ally, these retrieval methods can be categorised
into three main families: rule-based or symbolic
traversal, neural or embedding-driven retrieval, and
hybrid or multi-step reasoning strategies.
Rule-Based and Symbolic Traversal retrievers
rely on a predefined set of rules and determinis-
tic algorithms. These methods generally involve
an initial phase to identify entry points within the
graph, typically through Entity Linking and Rela-
tional Matching. In this case, Entity Linking is used
to map entities identified in the query to specific
graph nodes (Shen et al., 2021; Lumer et al., 2025),
while Relational Matching identifies predicates men-
tioned in the text and finds the corresponding edges
(Gao et al., 2024; Kim et al., 2023). To further ex-
pand the search space, some methods incorporate
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k-hop subgraph extraction (Jiang et al., 2023; Tian
et al., 2024) or the retrieval of paths up to a speci-
fied length (Feng et al., 2020; Zhang et al., 2022),
though the implementation of these traversal strate-
gies varies significantly across the literature.

Neural and Embedding-Driven retrievers aim
to leverage deep semantic representations to en-
hance the retrieval performance, going beyond
the literal matching typically used in rule-based
approaches. These methods generally project
graph components and the natural language query
into a shared vector space, which enables di-
rect similarity-based search (Edge et al., 2024;
Min et al., 2025) or the potential conditioning of
graph embeddings on the query (Tian et al., 2024).
This category encompasses a wide and diverse
range of methods, such as Graph Neural Network
(GNN) (Scarselli et al., 2009), including more spe-
cialised frameworks such as GraphSAGE (Hamilton
et al., 2017) and Graph Attention Networks (GATs)
(Velickovi¢ et al., 2018). Within these models, the
embeddings are generated via message-passing
mechanisms, where the query can be integrated,
such as in GNN-RAG (Mavromatis and Karypis,
2024). Once these enriched embeddings are gen-
erated, the system can perform latent reasoning
over the graph elements to identify relevant infor-
mation.

Hybrid and Multi-Step Reasoning Strategies
integrate neural reasoning with symbolic or itera-
tive logic to address the limitations of single-stage
retrieval. This category encompasses a very di-
verse range of designs. For instance, frameworks
such as G-Retriever (He et al., 2024) combine se-
mantic search with structural graph optimisation,
using Prize-Collecting Steiner Tree (Ahmadi et al.,
2024) algorithms for subgraph construction. Other
approaches include iterative retrieval, where an
autonomous agent explores the graph incremen-
tally, gathering evidence through successive hops
to build an answer set (Sanmartin, 2024; Wen et al.,
2024; Luo et al., 2023; Guo et al., 2024). Moreover,
Hierarchical Strategies, such as ArchRAG (Wang
et al., 2025), reorganise graph elements into the-
matic communities; this abstraction allows the re-
triever to operate at varying levels of granularity,
significantly improving retrieval quality for global or
high-level queries.

2.2. Performance Evaluation

Evaluating RAG and GraphRAG systems is chal-
lenging because performance can be assessed
at multiple stages of the pipeline, and each stage
exposes different failure modes. The most com-
mon paradigm is end-to-end evaluation, where the
final answer is scored against a reference using
lexical-overlap metrics (e.g., EM/F1, ROUGE) or
human/LLM-based judgments. For example, "From



Local to Global" (Edge et al., 2024) adopts an LLM-
as-a-judge protocol to assess overall pipeline out-
puts.

While practical, this setup conflates two distinct
failure modes: (i) retrieval errors (missing or in-
correct graph evidence) and (ii) generation errors
(hallucination, poor reasoning, or weak grounding).
As a result, the score conflates missing evidence
with the LLM’s failure to use retrieved context.

This limitation has motivated a growing corpus of
evaluation frameworks that target specific compo-
nents of the RAG system. General-purpose bench-
marks such as RAGBench (Friel et al., 2024) pro-
vide large-scale datasets and structured evalua-
tion signals intended to diagnose RAG behaviour
across domains. Nevertheless, RAGBench fo-
cuses primarily on text-based relevance and ve-
racity, failing to assess the correct use of the graph
structure.

In parallel, MultiHop-RAG (Tang and Yang, 2024)
explicitly stresses retrieval by requiring systems
to combine multiple supporting pieces of infor-
mation, and they commonly report metrics such
as MAP@K, MRR@K, and HIT@K. GraphRAG-
Bench (Xiao et al., 2025) proposes a holistic frame-
work intended to assess the entire lifecycle of a
GraphRAG system, with an emphasis on retrieval
efficiency rather than retrieval quality. Other stud-
ies (Cahoon et al., 2025) benchmark graph-based
retrieval mechanisms for open-domain QA using
standard metrics such as Accuracy, Recall, and
Precision on off-the-shelf public datasets.

Alongside dataset-driven benchmarks, judge-
based evaluation frameworks, such as RAGElo
(Rackauckas et al., 2024), RAGAS (Es et al., 2024),
and ARES (Saad-Falcon et al., 2024), aim to re-
duce reliance on costly human annotations by us-
ing LLMs as evaluators. However, these efforts
primarily target semantic similarity/relevance. They
are insufficient because they cannot diagnose fail-
ure cases where the model does not retrieve the
entirety of the graph elements. This work moves be-
yond these semantic proxies, addressing the need
to verify that the retrieved subgraph contains all the
elements necessary for generation.

3. Material

Building upon this previous research (Houimli et al.,
2025), we used a subset of the biomedical KG Het-
ionet (Himmelstein et al., 2016) as our primary
data source. It served as a base for generating
the new evaluation dataset and benchmarking the
performance of the various retrievers. The graph
architecture comprises five node types and ten dif-
ferent relationship types, represented in Figure 1,
and was deployed in a Neo4j environment to facil-
itate high-performance retrieval. Unlike common
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GraphRAG implementations that rely on text-heavy
nodes (such as document chunks or detailed entity
descriptions), our database is primarily structural.
It represents biochemical entities where the nodes
have minimal attributes; therefore, the essential in-
formation is encoded within the graph’s topology
itself rather than its textual content.
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Figure 1: Schema-level overview of the filtered
biochemical KG. Nodes correspond to biomedical
entity types (Gene, Compound, Molecular Function,
Biological Process, Pathway), and directed edges
encode curated relations ( binds, up/downregulates,
participates, interacts, regulates, covaries). The
graph contains 38,584 nodes and 1,488,879 edges
(Houimli et al., 2025).

4. Methodology

4.1.

The objective of this study is to develop a bench-
mark for the quantitative evaluation of various re-
trieval strategies. While previous work (Houimli
et al., 2025) addressed the qualitative aspects of
retrieval, leveraging the Ares framework (Saad-
Falcon et al., 2024) and a fine-tuned BioBERT
model (Lee et al.,, 2020) to assess the contex-
tual relevance, this paper shifts the focus toward
measuring "structural" alignment. More specifi-
cally, we aim to quantify the difference between
the graph elements retrieved by the system and
a predefined ground truth. Therefore, we need to
establish a pipeline that generates datasets con-
taining both natural language queries paired with
their corresponding graph elements (that we denote
as "ground truth elements").

This objective imposes three major constraints
on the benchmark design:

Dataset Generation

+ Consistency: we must ensure that the ground
truth elements matched to each query indeed
represent a verifiable ground truth.

» Coverage: To avoid evaluation bias, the
ground truth must encompass the exhaustive
set of relevant items for a specific query. Eval-
uating against an incomplete subset would just



measure the alignment with a specific selec-
tion rather than the global retrieval quality.

» Generalisation: While our study uses a spe-
cific biochemical KG, the benchmark that we
develop is designed to be agnostic to the un-
derlying schema, ensuring its usability across
diverse KGs.

To achieve this objective, we implemented the
pipeline illustrated in Figure 2.

The first step of our framework involves estab-
lishing a taxonomy of categories representing the
fundamental operations that one could perform on
agraph database. We assume these categories en-
compass the majority of query types encountered
in practical KG applications. We define nine cate-
gories: direct-node-retrieval, direct-edge-retrieval,
aggregation-node, aggregation-edge, negative-
node, negative-edge, out-of-scope, multi-hop, and
intersection-node. For each category, we define
generalised Cypher' templates, which will serve
as the basis for natural language question gener-
ation. By design, these templates target nodes or
edges separately; therefore, the resulting answer
sets will be homogeneous, containing only one type
of element at a time.

The direct-node-retrieval category corresponds
to questions requiring the direct extraction of nodes
without the need for complex reasoning. Similarly,
direct-edge-retrieval corresponds to the same re-
trieval objective but specifically for graph edges.

The aggregation-node and aggregation-edge cat-
egories represent question types that necessitate
the quantification/counting of elements, such as
counting nodes or edges that satisfy specific predi-
cates, and are functionally similar to direct retrieval.
However, the principal difference is that their out-
put will be the number of elements satisfying the
particular predicates rather than the complete list
of ground truth elements.

Furthermore, the negative-node and negative-
edge categories focus on "null-response” queries
where there is no valid answer that exists within
the graph. The motivation for these categories is
to evaluate whether retrievers have a bias toward
returning results in instances where no ground truth
actually exists. The out-of-scope category has the
same objective; however, the latter involves queries
that are entirely unrelated to the KG. These are
used to observe the retriever’s behaviour when con-
fronted with questions that lack both a valid answer
and relevance to the underlying data.

Finally, the remaining two categories are specifi-
cally designed to highlight the advantages of KGs
over traditional vector databases. A principal
strength of GraphRAG is its ability for relational
reasoning during the retrieval process. To evaluate

'The query language used for Neo4j databases.
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this aspect, the multi-hop category targets ques-
tions that require the retriever to traverse specific
paths across the graph topology to locate all the
correct information. Similarly, the intersection-node
category focuses on triangular structures, wherein
a central node shares relationships with two other
distinct nodes (either converging or diverging), re-
quiring also structural reasoning to satisfy the query
constraints.

Following the definition of these general cat-
egories, we established a set of sub-categories
and corresponding Cypher templates for spe-
cific queries within each class. Each sub-
category represents a distinct query template
associated with the parent category. For
example, within the direct-node-retrieval cate-
gory, we defined the exact-property-match,
contain-property-match, and membership-
match sub-categories. The purpose of this sub-
classification is to segment each category with
greater precision. Furthermore, this granularity fa-
cilitates detailed performance tracking, which en-
ables us to analyse how retrieval quality evolves
across specific categories and sub-categories and
to identify whether retrievers show shortcomings in
certain areas. Template 1 presents one of the sub-
categories that we used for the dataset generation.

template:

"MATCH (n{node_type}) WHERE ALL
(key IN keys ($Sparams[key])
RETURN n"

type: "exact-property-match"
Template 1: Cypher template for the exact-
property-match sub-category, retrieving nodes
whose properties exactly match a parameter set
($params).

These categories and sub-categories generic
templates provide the necessary framework for the
generation of the evaluation dataset. Moreover, this
design is sufficiently abstract to be transferred to
any KG architecture, thereby satisfying the Gener-
alisation constraint.

The second step of our pipeline involves popu-
lating the generic query templates with data from
the KG to generate executable queries. To achieve
this, we select at random information directly from
the graph. This ensures data integrity, as the infor-
mation comes from the existing database, thereby
satisfying the Consistency constraint. With this re-
trieved information, we can complete the query pa-
rameters. For instance, in the direct-node-retrieval
category, we randomly select a node and a subset
of its properties; these properties and their corre-
sponding values are then applied as filters within
the generic query (illustrated in Template 1).

The negative-node, negative-edge, and out-of-
scope categories are managed with a slightly dif-
ferent approach, as these classes contain no valid


https://neo4j.com/docs/cypher-manual/current/queries/basic/
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Figure 2: Dataset generation framework. This Figure presents the schema-agnostic dataset generation
workflow that we propose in this paper. Note that both graph database icons represent the same database

instance.

ground truth within the graph. For the former two,
we deliberately select or generate incorrect ele-
ments, such as non-existent edges between nodes
or non-existent nodes derived from a set of invalid
values. On the other hand, the out-of-scope cate-
gory does not use Cypher templates; instead, it is
handled at the third step of our pipeline by a LLM.

Once the queries are fully populated, we exe-
cute them against the database. Indeed, relying
only on the randomly selected elements used to fill
the templates does not guarantee that they are the
exhaustive set of answers for that specific Cypher
query; thus, it would not satisfy the Coverage con-
straint. By executing the queries, we ensure that
this property is met, as all ground truth elements
are retrieved and will be used as the ground truth.

The third and final step of our dataset generation
pipeline involves translating the populated Cypher
queries, or generating them from scratch for the out-
of-scope category, into natural language questions
using a Large Language Model (LLM). In this step,
the populated queries are provided as input to the
LLM alongside a designated writing style. We aim
to assess the sensitivity of retrievers to question
formulation and measure, for instance, whether
they are influenced by more abstract phrasing. To
achieve this, we use three distinct writing styles:
None, Paraphrasing, and Synonyms. The "None"
style corresponds to a direct translation of the query.
The "Paraphrasing” style reformulates the initial
translation, while the "Synonyms" style substitutes
key terms with their equivalents.

At the end of the pipeline, we produce a table sim-
ilar to the one illustrated in Figure 2. This dataset
includes a question identifier, the source graph el-
ements (ground truth), the natural language ques-
tion, the category, the sub-category, and the ap-
plied writing style.

4.2. Evaluation

To rigorously assess the performance of the re-
trievers, we implemented a structured evaluation
workflow, illustrated in Figure 3, that measures the
accuracy of retrieved contexts against the ground
truth dataset. During the evaluation phase, the re-
trieval system processes each query to generate a
set of predicted identifiers (nodes or edges), which
are then compared against the expected ground
truth using distinct metrics.

Q Sources Category | Sub cat Writing Compare with

source

Q1 {node:[1,13,42],
edae:[5671}

node:[17,50], edge: "
{ |3[90.45]7]) o Direct ! Set of retrieved

nodes and edges
Query —>| Retrieval system {node: Measure
[1,10,42], metrics
edge:[789]}

Figure 3: Evaluation framework.

Multi-hop 2 None

Q

N

Paraphrasing

For standard retrieval tasks where the objective
is to identify specific nodes or edges, we use set
theory that defines metrics as follows: let Gegpected
be the set of ground-truth identifiers and G, ciricved
be the set of retrieved identifiers.

* Precision (P): The proportion of retrieved
identifiers that are relevant. If both sets of re-
trieved identifiers and expected identifiers are
empty, the precision is considered maximal.

P— ‘Gretrieved N Gempected‘ (1)

| Gretrieved |

* Recall (R): The proportion of relevant identi-
fiers that were successfully retrieved. If both
sets of retrieved identifiers and expected iden-
tifiers are empty, the recall is considered maxi-
mal.

R — |Gretrieved N Geajpected| (2)
|Gempected|
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* F1-Score: The harmonic mean of precision
and recall.

For aggregation questions (e.g., "How many
genes interact with X?"), we employ proxy metrics
that measure numerical proximity rather than strict
set overlap.

10)

where C represents the count value. This formula-
tion penalises deviations in either direction while
capping the score at 1.0 for perfect matches.

For questions requiring the traversal of specific
routes (e.g., "How are A and B connected?"), we
introduce topological metrics to verify structural in-
tegrity:

Ce:rpected 7 1.0

Pprozy = min ( (3)

Cretrie'ued

Oretrieved

Rp’rowy = min < (4)

expected

 Path Hit Rate: A strict binary metric that re-
turns 1 only if the entire set of ground-truth
identifiers is contained within the retrieved sub-
graph, and 0 otherwise.

ROUGE-L: We adapt the ROUGE-L score (Lin
and Och, 2004) to evaluate the Longest Com-
mon Subsequence (LCS) of the retrieved IDs
against the ground truth. This effectively mea-
sures the agent’s ability to recover the correct
sequence of connections in multi-hop scenar-
ios.

In addition to standard quality metrics, the exper-
imental setup captures the context retrieval time,
measured in seconds, and the count of API calls
made to the LLM. Together, these measurements
give insights into the system’s real-time responsive-
ness and its overall cost-efficiency.

4.3. Retrieval Strategies

Different retrieval strategies have been imple-
mented and will be tested on this evaluation frame-
work. They are inspired by the (Houimli et al., 2025)
paper.

In the Graph Traversal strategy, a Text2Cypher
model is used as described in (Ozsoy et al., 2025).
This approach uses an LLM to translate natural
language queries directly into executable, schema-
aware Cypher statements. To address the potential
for syntax errors in model-generated code, we incor-
porate a robust self-correcting feedback loop: if the
initial query fails execution, the specific database
error is fed back to the model to iteratively refine
the syntax. The gpt-40 model is prompted, as it
is mentioned to be the best-performing.

The Cypher query generated this way is then ex-
ecuted against the graph database, and raw results
are stored.
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The Semantic Agent leverages an LLM-driven?
architecture initialised with a set of high-level tools
designed for broad, content-based exploration.
This agent process begins with a semantic vec-
tor search (via a search_index tool) to locate
graph nodes that are conceptually similar to the in-
put query, establishing relevant entry points into the
graph. Then the agent traverses immediate con-
nections using a relational neighbour retrieval tool
(get_neighbors_by_relationship). This
loop continues until either the maximum number of
steps is reached or sufficient contextual data has
been collected.

The Chain-of-Thought Agent acts as an exten-
sion of the Semantic Agent by providing a more
extensive set of tools. It uses the same seman-
tic search to find the seed nodes, then chooses
through a reasoning process which tool is best
adapted to fetch the information required to answer
the question. These new tools allow the agent
to count the number of neighbours, get common
neighbours, and get specific nodes or edges. This
extensive toolset enables the agent to dynamically
navigate the graph structure, allowing it to synthe-
sise information from disparate parts of the graph
and address multi-hop queries that require an un-
derstanding of specific topological constraints.

For comparative analysis, we established a Ran-
dom baseline. This baseline selects k random
nodes and edges from the graph schema to serve
as a lower-bound reference, allowing us to quantify
the performance gain achieved by the semantic
and agentic reasoning strategies.

5. Results & Discussion

To evaluate the performance of the various retriev-
ers, we executed each of them against a dataset
of 500 samples generated using our framework.
To ensure that the assessment covered diverse re-
trieval challenges, this dataset was stratified across
the distinct categories. We tracked performance
metrics relative to the specific category, template,
and writing style of each question. This granu-
lar result collection facilitates an advanced perfor-
mance analysis, allowing us to identify potential
bottlenecks and the specific domains in which each
retriever excels.

5.1.

The main objective of this evaluation is to evaluate
the effectiveness of each technique with regard to
the various performance metrics we use. Figure 4
displays the performance of the retrievers across
our metrics: F1 score, recall, precision, hit rate,
and ROUGE score.

Retrievers’ Performance

2gpt-5.2 was used as it was performing better.
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Figure 4: Retrievers performance on the generated
dataset across different metrics.

Several observations can be drawn from the data
in Figure 4. First, the baseline Random retriever
consistently performs poorly. Given the scale of
our KG, the probability of randomly selecting cor-
rect entities is negligible. Consequently, it obtained
near-zero scores across precision, F1, hit rate, and
ROUGE metrics. The 0.56 recall observed is an
artefact of our metric definition, since in null-ground-
truth cases (the ground truth is an empty set), we
consider that the empty set matches by default the
retriever’s output. Moreover, the proxies that we
use for the aggregation question evaluation also
slightly bias recall, as they give non-null scores
because the random baseline always returns k ele-
ments. These specific instances marginally inflate
the recall despite the lack of true predictive preci-
sion (highlighted by the 0.1 precision, due to the
numerical proximity used in the proxy measures).

The GraphTraversal Retriever achieved the
second-highest precision, indicating that its re-
trieved elements are likely to belong to the ground
truth. This retriever uses a Text-to-Cypher ap-
proach to translate natural language queries into
executable code; thus, a successful translation en-
sures that the resulting execution focuses strictly
on relevant entities, minimising the inclusion of ex-
ternal noise. However, this retriever struggles with
multi-hop metrics. This suggests that while gener-
ating Cypher queries for direct retrieval is straight-
forward, synthesising logic for complex path traver-
sals and multi-hop reasoning is significantly more
difficult for the model, as confirmed by a deeper
analysis of the results. Thus, while highly effective
for simple queries, this approach performs more
like a traditional RAG system.

On the other hand, the two Agentic Retrievers
appear as the best retrievers for multi-hop queries.
The Semantic Agent leverages a semantic search
as an initial seeding process, augmenting its infor-
mation pool by incrementally traversing the neigh-
bours of current nodes afterwards. This iterative ex-
pansion closely mirrors the requirements for multi-
hop reasoning over moderate path lengths. The
Chain-of-Thought (CoT) Agent extends this capabil-

ity thanks to a broader set of tools, such as direct
node retrieval and counting tools. Our results con-
firm that the CoT agent outperforms the semantic
variant due to this enhanced flexibility.

Despite their high recall, these agentic mod-
els generally demonstrate similar precision to the
GraphTraversal approach. This discrepancy comes
from the "over-inclusion" of elements during the
reasoning process. Our ground truth elements are
strictly defined by the output of the generic Cypher
templates, which target either nodes or edges. In
practice, when asked a question such as, "What
is the relationship indicating that the Gene FOX04
participates in the Pathway Adaptive Immune Sys-
tem?", the CoT agent retrieves the correct relation-
ship along with the IDs of the two terminal nodes.
While these nodes are technically accurate in a
broader context, they are not the specific targets
of the query. Our "hard" precision metric penalises
this behaviour, even though such additional context
would likely enhance, rather than hinder, the quality
of a final generated answer.

Therefore, applying a "hard" precision metric in
this context may be overly pessimistic regarding the
retriever’s actual performance. The recall metric
is better suited to our use case, as we hypothe-
sise that at a later stage, during answer generation,
an LLM could effectively filter the relevant context
from the retrieved set when generating this final
answer. This highlights a fundamental trade-off be-
tween our current benchmark and LLM-as-a-judge
approaches. While a strict retrieval benchmark
provides clear quantitative metrics, it may occa-
sionally over-penalise a retriever for over-inclusion.
Conversely, an LLM-as-a-judge might be more per-
missive of extra context, yet it is less capable of
precisely assessing the total coverage of retrieved
elements. This underscores the complementarity
of these two benchmarking methodologies.

Overall, the performance of the agentic meth-
ods is highly satisfactory. They capture nearly all
required ground truth elements, and the auxiliary
information that they retrieve could likely contribute
to a more comprehensive final response.

To extend our analysis, Figure 5 illustrates the
F1 scores achieved by the CoT Agent across the
different categories and writing styles.

The Figure 5 shows that the category type has a
major influence on the performance. F1 scores vary
drastically, ranging from near-perfection (0.9) to
near-zero (0.1). The retriever performed best in the
out-of-scope, direct-node-retrieval, negative-node,
and multi-hop categories. These classes achieved
F1 scores roughly between 0.7 and 0.9, which is a
promising result suggesting that the agent is indeed
capable of both standard retrieval and multi-hop
reasoning.

On the other hand, the retriever performed worst

182



Writing B none M paraphrase M synonym M Out-of-Scope

1

I Ill III

sgg

Mean F1

7S
e, o
oy, 0,7 479@ oy,

710, 10
0% 0%
g g s”s/ e

Figure 5: Chain-of-Thought Agent Retriever.
Mean F1 score along categories.

in the intersection-node and negative-edge cate-
gories. This disparity is somewhat unsurprising;
indeed, the KG contains a significant amount of
intersections (hundreds of millions); thus, it is more
difficult for the agent to navigate through the topol-
ogy and find the correct ones. Additionally, for
the negative-edge category, the retriever has to
go through the complete topology to ensure that
the edge does not exist, which is more error-prone
than simply retrieving a direct edge and mainly af-
fects the agentic retrievers.

Regarding the influence of writing styles, our find-
ings suggest that they do not significantly impact
the retriever’s performance. F1 scores remained
largely consistent across the "None", "Paraphras-
ing", and "Synonyms" styles within most categories.
Even in instances where we observe variance, such
as in the negative-edge, intersection-node, and
negative-node categories, we do not observe any
emerging trend. The "best" and "worst" performing
styles were inconsistent across the board. We can
thus conclude that the category type is the principal
factor that influences the retriever’s performance
rather than the specific phrasing.

5.2. Retrievers’ Resource Efficiency

Another important aspect of evaluating retrieval
strategies is resource efficiency, more particularly
regarding the retrieval time and the frequency of
API calls. The performance metrics alone are not
sufficient for determining the overall retriever’s vi-
ability; a retriever that achieves marginally better
accuracy at the cost of a significantly higher execu-
tion time or number of API calls may be unsuitable
for real-world applications. Therefore, we also anal-
ysed the computational overhead associated with
each retrieval method.

Table 1 details the average execution time and
the mean number of API calls per query for each
retriever, computed over the 500-question dataset.

Unsurprisingly, the Random Retriever is the most
efficient, as it only selects k elements without re-
quiring any external model interaction. Following
this, the GraphTraversal Retriever is the second-
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Retriever Time (s) API Calls
Random 2.683 0
GraphTraversal 4.256 1.078
Semantic Agent  6.893 2.096
CoT Agent 7.560 4.018

Table 1: Per-query resource consumption of the

evaluated retrievers, expressed as average execu-
tion time (s) and average API call count.

most efficient strategy. It typically requires only a
single API call to translate the natural language
query into Cypher, with additional calls occurring
only when the generation failed. lIts relatively low
execution time was partially influenced by a two-
minute timeout threshold enforced on the database
queries; while this threshold was reached only in
a few isolated cases, it was used to maintain a
consistent execution flow and mitigate the impact
of extreme outliers (generally when cross-product
queries were generated).

Overall, each retriever demonstrated acceptable
execution times and number of API calls. No single
strategy showed extreme inefficiency; all evaluated
methods have reasonable resource efficiency.

6. Conclusion

This paper introduces a novel framework for
GraphRAG dataset generation, designed to be
adaptable to any underlying graph database, along-
side a rigorous evaluation methodology. A key
difference from our previous work is the transi-
tion from a subjective LLM-as-a-judge approach
to a complementary, significantly stricter evalua-
tion framework. This methodology facilitates ad-
vanced performance tracking with a specific fo-
cus on multi-hop reasoning. We demonstrated
the practical utility of our approach by applying
it to a subset of the Hetionet (Himmelstein et al.,
2016) dataset. Using the resulting benchmark, we
evaluated four distinct retrieval methods and es-
tablished that LLM-driven agentic retrievers exhibit
superior performance. These techniques show an
interesting capacity to reason over local context
while strategically navigating the graph topology to
retrieve the missing information. While our strict
benchmark provides a rigorous baseline, it occa-
sionally penalises 'over-inclusion’, a behaviour that,
while technically imprecise, may still offer value to
the end-user. Therefore, to address this limitation
and capture the full spectrum of a GraphRAG sys-
tem quality, one should opt for a hybrid approach
that balances deterministic metrics with subjective
evaluation. Future work could apply this methodol-
ogy to KGs across diverse domains to validate its
generalisability.
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A. Additional Experiments

Appendix A presents additional results detailing the
F1 score distribution across all query categories.
These figures follow the format of Figure 5, and ex-
tend the evaluation to the Semantic Agent, Random
Retriever, and Graph Traversal Retriever.
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B. Categories Taxonomy

Appendix B further formalises the query taxonomy
that we introduced in Section 4.1. Figure 9 provides
a schematic representation of these categories,
illustrating the structural patterns that define the
retrieval challenges that we consider in our frame-
work.

Node Aggregatlon Negative
retrieval node node

0y

N Aggregation
retrieval edge

Negative
edge

Out of

?ﬁ 7

Figure 9: Graphical representation of the query
taxonomy. Green highlights indicate the expected
retrieval set for each category, while red highlights
illustrate the lack of ground truth elements. Blue
boundaries represent aggregation operators.

Intersection scope ___

C. Cypher Query Templates

In Appendix C, we provide the detailed list of query
templates used during the question generation pro-
cess.

While the official Cypher specification prescribes
the use of a colon (:) to denote the node labels,
our templates omit this prefix to facilitate structural
flexibility. By treating the label specification as a
dynamic string injection within the brackets, the
framework can handle more easily either typed or
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untyped node searches without altering the under-
lying template logic.

direct —-node-retrieval:

1:
template: "MATCH (n{node_type

2
template: "MATCH (n{node_type

}) WHERE ALL (key IN keys (
$params) WHERE nl[key] =
$params [key]) RETURN n" #
Note: the format is n{
node_type} and not n: {
node_type} so that it is
possible to use the same
template for MATCH (n) and
MATCH (n: type)

type: "exact-property-match"

}) WHERE n.{prop} CONTAINS
$params RETURN n"

type: "contain-property-match
"

template: "MATCH (n{node_type
}) WHERE n.{prop} IN
$params RETURN n"

type: "membership-match"

direct —edge-retrieval:

1:
template: "MATCH (nl{

3:
template: "MATCH (nl{

node_typel}) -[r{rel_type
}1->(n2{node_type2}) WHERE
ALL (key IN keys ($params)
WHERE nl[key] = $params]|
keyl) RETURN r"

type: "known-source-matching"

template: "MATCH (nl/{

node_typel})-[r{rel_type
}1->(n2{node_type2}) WHERE
ALL (key IN keys ($params)
WHERE n2[key] = $params|
key]) RETURN «r"

type: "known-target-matching"

node_typel}) -[r{rel_type
}1-(n2{node_type2}) WHERE
ALL (key IN keys ($params)
WHERE nl[key] = $params|
key]) RETURN DISTINCT «r"

type: "known-source-matching-

undirected"

template: "MATCH (nl{

node_typel})-[r{rel_type
}1->(n2{node_type2}) WHERE
ALL (key IN keys ($paramsl)

WHERE nl[key] = $paramsl|
key]l) AND ALL (key in keys (
$params2) WHERE n2[key] =
$params2[key]) RETURN r"

type: "known-extremities-

matching"

template: "MATCH (nl{

node_typel})-[r{rel_type
}1-(n2{node_type2}) WHERE
ALL (key IN keys ($paramsl)
WHERE nl[key] = $paramsl|
key]l) AND ALL (key in keys (
$params2) WHERE n2[key] =
$params2[key]) RETURN
DISTINCT «r"

type: "known-extremities-

matching-undirected"

x—hop-on-node: # to stay general,
never precise the type of
relationship

template: "MATCH p = (nl{

node_typel}) —-[{rel_type}*{
x}]->(n2{node_type2})
WHERE ALL (key IN keys (
$params) WHERE nll[key] =
$params[key]) RETURN nodes
(p) LIMIT 1"

type: "path-from-source-node"

template: "MATCH p = (nl{

node_typel}) -[{rel_type}*{
x}]1->(n2{node_type2})
WHERE ALL (key IN keys (
$paramsl) WHERE nl[key] =
$paramsl [key]) AND ALL (key
in keys ($params2) WHERE
n2[key] = $params2[key])
RETURN nodes (p) LIMIT 1"

type: "path-from-extremities"
aggregation-node:

template: "MATCH (n{node_type

}) WHERE ALL (key IN keys (
$params) WHERE nl[key] =
$params [key]) RETURN COUNT
(n) AS count"

type: "property-node-count"”

template: "MATCH (nl{

node_typel}) -[r{rel_type
}1->(n2{node_type2}) WHERE
ALL (k IN keys ($params)
WHERE nl[k] = $params[k])
RETURN COUNT (n2) AS count"

type: "source-neighbor-count"



3: type: "known-source-count-

template: "MATCH (nl{ undirected"
node_typel}) -[r{rel_type
}1->(n2{node_type2}) WHERE 4:
ALL (k IN keys ($params) template: "MATCH (nl{
WHERE n2[k] = $params[k]) node_typel}) -[r{rel_type
RETURN COUNT (nl) AS count" }1->(n2{node_type2}) WHERE
type: "target -neighbor-count" ALL (key IN keys ($paramsl)
WHERE nl[key] = $paramsl|
4 key]) AND ALL (key in keys (
template: "MATCH (nl{ $params2) WHERE n2[key] =
node_typel})-[r{rel_type $params2[key]) RETURN
}1-(n2{node_type2}) WHERE COUNT (r) AS count"
ALL (k IN keys ($params) type: "known-extremities-
WHERE nl[k] = $params[k]) count "
RETURN COUNT (DISTINCT n2)
AS count" 5:
type: "neighbor-count" template: "MATCH (nl{
node_typel}) -[r{rel_type
5: }1-(n2{node_type2}) WHERE
template: "MATCH (n{node_type ALL (key IN keys ($paramsl)
}) WHERE n.{prop} CONTAINS WHERE nl[key] = $paramsl|
$params RETURN COUNT (n) key]) AND ALL (key in keys (
AS count" $params2) WHERE n2[key] =
type: "contain-property-count $params2 [key]) RETURN

" COUNT (DISTINCT r) AS count

6: type: "known-extremities-
template: "MATCH (n{node_type count —undirected"
}) WHERE n.{prop} IN
$params RETURN COUNT (n) AS negative —node:
count" 1:
type: "membership-count" template: "MATCH (n{node_type
}) WHERE n.{prop} =
aggregation-edge: $params RETURN n"
1: type: "property-inequality"
template: "MATCH (nl{
node_typel})-[r{rel_type 2
}1->(n2{node_type2}) WHERE template: "MATCH (n{node_type
ALL (key IN keys ($params) }) WHERE NOT n.{prop} IN
WHERE nl[key] = $params]| $params RETURN n"
key]) RETURN COUNT (r) AS type: "membership-inequality"
count"
type: "known-source-count" negative —edge:
1:
2 template: "MATCH (nl{
template: "MATCH (nl{ node_typel}), (n2{
node_typel}) -[r{rel_type node_type2}) WHERE ALL (k
}1->(n2{node_type2}) WHERE IN keys ($paramsl) WHERE nl
ALL (key IN keys ($params) [k] = $paramsl[k]) AND ALL
WHERE n2[key] = $params| (k IN keys ($params2) WHERE
key]) RETURN COUNT (r) AS n2[k] = $params2[k]) AND
count" NOT (nl)-[{rel_type}]l->(n2
type: "known-target-count" ) RETURN nl, n2"
type: "missing-directed-edge"
3:
template: "MATCH (nl{ 2:
node_typel}) -[r{rel_type template: "MATCH (nl{
}1-(n2{node_type2}) WHERE node_typel}), (n2{
ALL (key IN keys ($params) node_type2}) WHERE ALL (k
WHERE nl[key] = $params| IN keys ($paramsl) WHERE nl
key]) RETURN COUNT ( [k] = $paramsl[k]) AND ALL
DISTINCT r) AS count" (k IN keys ($params2) WHERE
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n2[k] = $params2[k]) AND
NOT (nl)-[{rel_typel}]l-(n2)
RETURN nl, n2"
type: "missing-undirected-
edge"

out —of —scope:
1:
template: "Totally out-of-
scope question (about any
potential domain) .
Examples: {examples}"
type: "out-of-scope-general"

template: "out-of-scope in
the {domain_name} domain.
Examples: {examples}"

type: "out-of-scope-specific"

intersection-node:
1:

template: "MATCH (nl{
node_typel})-[rl{rel_typel
}1->(n{node_type_target})
<-[r2{rel_type2}]-(n2{
node_type2}) WHERE ALL (k
IN keys ($paramsl) WHERE nl
[k] = $paramsl[k]) AND ALL
(k IN keys ($params2) WHERE
n2[k] = $params2[k])
RETURN DISTINCT n"

type: "intersection-two-
sources -converging"

template: "MATCH (nl{
node_typel}) <-[rl{
rel_typel}]l-(n{
node_type_target}) -[r2{
rel_type2}]->(n2{
node_type2}) WHERE ALL (k
IN keys ($paramsl) WHERE nl
[k] = $paramsl[k]) AND ALL
(k IN keys ($params2) WHERE
n2[k] = $params2[k])
RETURN DISTINCT n"
type: "intersection-two-
sources -diverging"
Cypher templates across all categorized query
domains. These patterns illustrate the mapping

between the theoretical taxonomy and the concrete
database implementation.
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