Evaluation of GraphRAG Strategies
for Efficient Information Retrieval

Asma Houimli
Email: asma.houimli@euranova.eu

Abstract—Retrieval Augmented Generation (RAG) has
emerged as a solution to enhance large language models
(LLMs) and avoid hallucination by grounding their answers
in external data. However, traditional RAG systems struggle
to capture relationships and cross-references between
different sources unless explicitly mentioned. This challenge
is common in real-world scenarios, where information is
often distributed and interlinked, making graphs a more
effective representation. Recent research has focused on
using GraphRAG systems that retrieve subgraphs instead of
isolated passages, improving both interpretability and retrieval
precision. Our work provides a technical contribution through
a comparative evaluation of retrieval strategies within
GraphRAG, focusing on context relevance rather than
abstract metrics. We aim to offer practitioners actionable
insights into the retrieval component of the GraphRAG
pipeline. We experimented with a biochemical knowledge
graph, benchmarking four graph-based retrieval strategies.
To assess retrieval quality, we developed a refined framework
inspired by ARES, minimizing the reliance on reference-based
evaluations.

1. Introduction

Large Language Models (LLMs) [1] [2] demonstrated
high performance in generation and question-answering
tasks. However, they are prone to hallucinations [3]] [4],
generating plausibly sounding yet incorrect or fabricated in-
formation, particularly when they lack sufficient knowledge
to accurately answer a question. To address this, Lewis et al.
presented in their paper Retrieval-Augmented Generation for
Knowledge-Intensive NLP Tasks [5]], RAG, an architectural
framework that grounds the answers of an LLM, using
external data sources. This data is usually stored in vector
databases, where passages are indexed and retrieved when
relevant to enhance the LLM’s answer generation.

Alternative versions of RAG have been developed to
overcome its limitations; for instance, Corrective RAG [0]
enhances information retrieval by sourcing data from the
web when external sources are insufficient. Another en-
hanced version is proposed by Rackauckas et al. [[7]], called
Rag-Fusion, which first reformulates the query, extracts rel-
evant passages for each version, and fuses them to produce
the final answer.
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Although these improved versions enhance retrieval
quality, RAG systems struggle to extract relationships and
cross-references either within the same data sources or
across different sources, unless they are explicitly stated
[B]-['10]]. This occurs because the retriever selects individual
passages that are deemed semantically relevant to the query.

Recent research has increasingly focused on connect-
ing LLMs to knowledge graphs [4] [8] [10]. Knowledge
graphs are structured representations where entities such as
people, events, places, or concepts are modeled as nodes,
and relationships between them as edges. This structured
format is particularly useful in domains where information
is distributed across multiple highly interconnected sources,
making it difficult to capture through isolated text passages.

GraphRAG utilizes the rich connections and semantic
relationships found in knowledge graphs to surpass the
limitations of vector-only RAG, ultimately providing more
accurate and explainable responses.

The construction of the knowledge graph is also ex-
tremely important [[10], as it can significantly affect the sys-
tem’s performance and the overall quality. There are various
types of knowledge graphs, including community summary
graphs [8]], embedding graphs [11]], and the most commonly
used ones, which are basic text-attributed knowledge graphs
[12].

A RAG or a Graph RAG pipeline, consists mainly of two
components: the retriever and the generator. The retriever
is responsible for extracting relevant data for answering a
query, while the generator utilizes the extracted information
to produce the final answer. Therefore, the retriever is the
most important component, and the quality of the final
answer is heavily dependent on its effectiveness.

This work does not aim to introduce a new theoreti-
cal framework or retrieval architecture. Rather, it offers a
practical and implementation-driven benchmark of graph-
based retrieval strategies, either available through existing
frameworks or easily built on top of them. Our goal is to
provide practitioners with a clear and actionable comparison
of four different retrieval strategies in Graph-RAG systems,
ranging from simple methods to more advanced reasoning
techniques, evaluating them across three key dimensions:
context relevance, runtime, and computational cost.

To that end, our contributions are threefold:

o We implemented and/or enhanced four GraphRAG re-
trieval strategies, covering both commonly used and



emerging approaches.

o« We developed a domain-specific evaluation frame-
work inspired by ARES [13]], which includes a fine-
tuned context relevance classifier trained on synthetic
biomedical queries.

o We conducted experiments on a biochemical knowl-
edge graph extracted from Hetionet [14], and evalu-
ated each strategy’s retrieval quality under controlled
conditions.

2. State of the Art

2.1. Existing Works for retrieval strategies

According to the survey by Han et al. [10], current
retrieval methods in GraphRAG can be broadly categorized
into heuristic-based, learning-based, and advanced strategies
that combine multiple techniques to handle complex queries.
Heuristic-based Retrievers rely on predefined rules and algo-
rithms. A common first step is Entity Linking, where entities
in the query are mapped to nodes in the graph using vector-
based similarity [15]—[17] or lexical features [18]]. Similarly,
Relational Matching identifies edges in the graph that align
with relations mentioned in the query by selecting the top-K
most similar edges [[19], [20].

Once seed nodes and edges are identified, Graph Traver-
sal algorithms are used to retrieve context. Some methods
extract all paths up to a certain length between the initial
entities [21]]-[25]], while others retrieve the k-hop subgraph
surrounding the seed entities [26]—[29]]. Another emerging
type of graph traversal uses LLMs to generate Graph Query
Language (GQL) queries that extract information from the
graph database relevant to answering the natural language
query [30]. To manage the risk of information overload
from traversal, some methods use LLMs to prune irrelevant
paths [15]], [18], [31]], [32] or employ pre-defined rules and
templates to guide the traversal [33]—[35].

Other heuristic methods include Graph Kernels, which
measure the structural similarity between a query graph and
candidate graphs for tasks like document [36] or image
retrieval [37]], [38]].

Learning-based Retrievers leverage machine learning to
capture semantic relationships by embedding graph compo-
nents and the query into a shared vector space for similarity
search. Graph Neural Networks (GNNs) have become key
in this approach, often integrating the query into the GNN’s
message-passing mechanism to make the process question-
aware. For example, GNN-RAG [39] incorporates the query
embedding into the message computation and retrieves the
shortest paths to high-probability candidate nodes. Other
works use conditional GNNs where only query-linked enti-
ties are initialized [40] or employ query-conditional atten-
tion weights on edges to guide the aggregation process [41]].

Advanced Retrieval Strategies have been developed to
address a variety of complex queries that require multi-hop
reasoning.

« Integrated Retrieval combines symbolic and neural ap-
proaches. Some methods first expand neighbors in a

symbolic knowledge graph and then use neural match-
ing for path retrieval [16], [32]. While others use GNNs
for neural retrieval of seed entities before symbolically
extracting shortest paths [39]. Another approach is to
symbolically fetch the k-hop neighborhood and then
use neural attention to compute the relevance of can-
didates [23], [24], [29], (32]], [42].

« Iterative Retrieval builds context through a multi-step
process. This can involve an LLM agent that alternates
between generating evidence and selecting the next
neighbor to explore [43], iteratively expanding reason-
ing paths from seed entities [44]], or repeatedly calling
pre-defined graph interfaces to collect information [[17]],
[26]]. For instance, in their paper [4]], the authors extend
the chain-of-thought paradigm by enabling iterative
reasoning over graph-structured data.

« Adaptive Retrieval identifies the required external in-
formation for a query by training models to predict the
needed reasoning depth (number of hops) for a given
query and retrieving content accordingly, ensuring that
retrieved content is neither insufficient nor overly noisy
[31]1, [43].

2.2. Context relevance evaluation

Since the focus is on the retrieval quality, the key metric
to assess is Context relevance. In the survey "Benchmarking
of retrieval augmented generation” [46], the authors pre-
sented a variety of methods.

The most basic approach involves using lexical matching
metrics such as Recall @K, MRR@K, MAP@K, Preci-
sion@K. Each one provides a different insight into the
effectiveness of the retrieval process.

While Recall@K measures how many of the truly rel-
evant items appear in the top K, Precision@K measures
how many of the top K items are truly relevant.

Both metrics are effective and used, for instance, the
Graph RAG-Tool Fusion paper [17] reports Precision@K at
K =10, 20, 30; however, these metrics neglect results rank-
ing. To address this, researchers use rank-aware metrics. For
example, MAP@K (Mean Average Precision@K) mea-
sures how many relevant items are retrieved and how early
they appear, while MRR@XK (Mean Reciprocal Rank @K)
measures how soon the most relevant item appears. It was
employed in the study Evaluating rag-fusion with ragelo [/
to assess the context retrieved.

Although these metrics are popular due to their simplic-
ity and ease of computation, one of their main limitations
is the need for annotated reference data. Creating such
annotations is often time-consuming and costly, which can
significantly slow down experimentation.

Additionally, they rely on lexical matching without con-
sidering semantic equivalence, which leads to the underes-
timation of evidence expressed differently but holding the
same meaning as the gold truth.

To address this issue, more recent methods of evaluation
rely on using an “LLM as a judge” approach, where
LLMs are tasked with assessing context relevance. Here,



we present some of the most commonly used evaluation
frameworks that adopt this approach.

RAGAS: RAG Assessment [47] is a well-known framework
that leverages LLMs to evaluate the performance of RAG
systems. The evaluation covers three metrics: Context Rele-
vance, Answer Faithfulness, and Answer Relevance. To as-
sess the context relevance, the LLM is prompted to identify
which statements in the retrieved context are relevant to the
query. The final context relevance score is calculated as the
ratio of the relevant statements found within the context.
RAGElo: RAGEIo [7] is another “LLM as a judge” evalua-
tion framework that uses an Elo-style rating system. Instead
of assessing systems individually, it pits two systems against
each other, with the LLM determining which one performs
better for answer correctness and faithfulness. For context
relevance in particular, it uses MRR@5 by prompting an
LLM to classify documents as Not relevant, Somewhat
relevant, or Very relevant to the query. The labels gener-
ated by the LLM are then used to compute the MRR@5
score.

Both RAGAS and RAGEIlo frameworks minimize re-
liance on human-annotated datasets, but have significant
limitations: the results heavily depend on the LLM and
the prompts used, leading to less stability compared to
reference-based metrics. They may also struggle with spe-
cific domains that require specialized terminology that the
LLM was not likely trained on.

ARES: This Framework [13|] enhances RAG evaluation
systems by using fine-tuned LLMs specifically trained on
a specific domain. It covers three key metrics: context
relevance, answer faithfulness, and answer relevance, each
evaluated by a dedicated expert judge. By fine-tuning the
models for evaluation, ARES improves upon generic LLMs,
enhancing their ability to assess the specific metrics reliably.

Across the literature, GraphRAG benchmarks generally
adopt traditional metrics such as accuracy, precision, and
F1-score, focusing on end-task performance over retrieval
quality [48]-[50].

Overall, existing work mostly evaluates end tasks, either
using traditional metrics that require annotation or relying on
generic LLMs prompting. To the best of our knowledge, cur-
rently, no benchmark compares context relevance across var-
ious GraphRAG retrieval strategies. In response, we evaluate
retrieval separately from generation, using a domain-specific
judge and PPI calibration, while also reporting efficiency
(runtime and API calls) to highlight performance—efficiency
trade-offs.

3. Biochemical Knowledge graph

The biochemical knowledge graph used for evaluating
retrieval strategies is derived from Hetionet [14]], a large-
scale, heterogeneous biomedical knowledge graph that inte-
grates data from various curated sources.

For our research, we focused on a subset of the graph
highlighting key biochemical entities and their interactions.
Specifically, the graph includes five node types: genes,

compounds, biological processes, molecular functions, and
pathways, along with directed relationships between them.

As illustrated in Fig. 1, this curated subset captures
semantic and functional dependencies among biochemical
concepts, making it suitable for evaluating multi-hop rea-
soning and structural awareness in retrieval strategies. We
uploaded the graph to a Neo4j database for easier commu-
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Figure 1: The final biochemical knowledge graph contains
38,584 nodes and 1,488,879 edges.

4. Design of Retrieval Strategies

We focused on four distinct retrieval strategies as il-
lustrated in Fig. 2, either developing them from scratch or
adapting existing implementations. In the following sections,
we explain how each strategy operates given a natural
language query, along with a brief description of its im-
plementation.

4.1. Graph Traversal

When stored in a graph database, knowledge graphs can
be easily queried using Graph Query Languages (GQL) such
as Cypher, GraphQL, or SPARQL. However, using GQL
requires specialized knowledge, which can be challenging
for non-technical users. Neo4j’s Text2Cypher [30] aims to
overcome this challenge by automatically translating natural
language queries into Cypher query language, making the
interaction with the knowledge graph easier for non-experts.

Building on this, this strategy uses Neo4j’s GraphRAG
Text2Cypher feature. Given a natural language query, a
description of the ontology or the schema of the knowledge
graph (including node labels, edge labels, and properties),
and a few-shot set of natural language-Cypher examples, the
LLM generates a Cypher query. This query is then executed
on the graph database, where the knowledge graph is stored,
retrieving items or subgraphs deemed relevant. We have also
implemented a retry mechanism: if the query fails, the LLM
will regenerate a new one.

Function



For the choice of the text to cypher LLM, in their
paper Text2Cypher: Bridging Natural Language and Graph
Databases |30]], the authors outlined various approaches,
ranging from simply prompting an LLM for the generation
of the Cypher query to fine-tuning models specifically for
this task. For our implementation, we used the O3-mini
model as the Text2Cypher LLM. Since this is a reason-
ing task, this model appears to perform better than other
OpenAT models.

Once the items are retrieved from the graph, they may
initially appear disorganized and messy. To address this, we
apply a cleaning step followed by graph pruning, where we
select the first £ = 10 items. This ensures that the context
remains short and focused. The final step is the context
refinement, in which the retrieved context is organized by
prompting Gpt-4o with the generated cypher query and
the cleaned retrieved items. This process produces a more
refined and coherent context that presents the relevant in-
formation in an organized manner.

4.2. Hybrid Retrieval

This hybrid retrieval strategy combines simple Cypher-
based traversal methods with semantic similarity ranking to
prioritize semantically relevant subgraphs. Similar methods
have been proposed in prior work, including Cheng et al
[51]. In our implementation, we build upon the previous
strategy by incorporating an additional semantic-similarity
reranking of the retrieved items from the graph.

Instead of basic graph pruning, we apply semantic-
based pruning. We embed the cleaned retrieved items
in batches of 256, alongside the original query, using
OpenAI’s model, text-embedding—-ada—-002. This
batching process reduces the number of API calls and
decreases overall latency compared to embedding each item
individually. By calculating the cosine similarity between
each item’s embedding and the embedding of the query, we
narrow the selection down to the top k¥ = 10 most semanti-
cally relevant items. Finally, the selected items undergo the
same Context Refinement step, as described in the graph
traversal section, to ultimately achieve a coherent context.

4.3. Agentic semantic-first traversal

This retrieval strategy combines semantic search with
graph-based reasoning. It begins with a one-time vector
search to identify optimal starting nodes for traversal, fol-
lowed by an iterative graph traversal.

Recent research has explored such hybrid agent-based
approaches. For instance, in their paper Graph RAG-Tool
Fusion [17], the authors present a novel plug-and-play
method that effectively combines vector-based retrieval with
efficient graph traversal. This technique identifies all rele-
vant nodes (or tools) and then extracts full dependencies of
these tools, allowing for further graph traversal to extract
dependencies and gather additional information. The items
obtained are then ranked, and the top results are used to gen-
erate the final answer. Another similar strategy is presented

in the paper titled ”Graph Chain of Thoughts: Augmenting
Large Language Models by Reasoning on Graphs” [4]. In
this work, the authors propose a framework called "Graph
chain of Thought", an iterative process that allows LLMs
to navigate the graph step-by-step to identify the essential
information needed for answering the query; Starting with
vector search to identify initial search nodes, followed by
step-by-step graph traversal to explore specific neighbor-
hoods of these semantically relevant nodes.

Inspired by previous work, we adapt this paradigm in
our implementation, combining vector search with guided
graph traversal through a tool-augmented LLM agent.

The initial step in this implementation involves em-
bedding the nodes of the knowledge graph. Each node is
represented by a descriptive sentence that captures its key
attributes. For example, a gene node might be described with
a sentence detailing its name, whole description, and chro-
mosome location (e.g., “Gene AGT is located on chromo-
some 1. Its function involves angiotensinogen (serpin pep-
tidase inhibitor, clade A, member 8).”). These sentences are
embedded using OpenAl’s text-embedding—-ada-002
model, and the embedding vectors are ultimately stored as
a node property and indexed by node type using Neo4j
indexes.

The core of our implementation is the Langchain agent
powered by Gpt—4o, which interprets the natural language
query, plans the retrieval process, and orchestrates tool use
throughout the reasoning process. The agent is provided
with a system prompt providing high-level guidance on the
expected behavior of the agent, as well as formatting rules
and a few-shot set of examples demonstrating how queries
should be decomposed and mapped to tool calls. The process
begins with an initial, mandatory, and one-time semantic
search step using node embeddings to identify semantically
relevant starting points.

The agent then enters an iterative reasoning loop, calling
specialized tools to retrieve neighbors or additional node
information, analyzing the retrieved data and the interme-
diate steps at each iteration, and deciding how to proceed
until enough information is collected or a maximum iteration
limit is reached.

After retrieval is complete, the context refinement step
is performed, where the raw results are refined to transform
the returned nodes and edges into a coherent and concise
context.

The implemented tools are the following:

e Search_INDEX (keyword, node_type) : This
is the first tool to be used, which performs vector
searches to retrieve nodes of a specific type semanti-
cally relevant to a particular part of the query, returning

their IDs.
e Get_neighbors_by_relationship(node_id,
relationship, target_label) and

Extract_genes_regulated_by_a_Gene
(node_id) : Used to fetch specific neighbors of a
node given its ID.

e Extract_gene_info (node_id) : extract addi-
tional information from a particular gene node.



These tools serve as the agent’s interface to the underlying
knowledge graph and are used for translating reasoning
based on natural language into concrete and executable
operations.

4.4. Agentic traversal

Similar to the Agentic semantic-first traversal strategy,
this strategy uses a step-by-step reasoning approach on
graphs to extract relevant information needed to answer
queries. It is also implemented through a tool-augmented
LLM agent. The key difference is that this strategy relies
entirely on agentic iterative graph traversal, skipping
the mandatory initial step of semantic search found in the
previous approach.

To implement this strategy, we developed both basic
tools as well as advanced ones that facilitate operations like
list merging and set intersection to integrate information
from different graph regions when dealing with complex
questions. These are the implemented tools:

e RetrieveNode (name) : Get a node’s ID from its
name.

e Check_node (NodeID, FeatureName) :
Retrieve a node’s attribute (e.g., name, chromosome).

e NeighbourCheck (NodelD,

NeighbourType) : Retrieve a node’s neighbors via
a given relationship.

e NodeDegree (NodeID, NeighborType) :
Returns the count of neighbors associated with a
specific relationship.

e InverseNeighbourCheck (nodelD,
relation): Retrieves upstream (incoming)
neighbours through a given relationship. We introduced
this tool to support our unidirectional graph design.

e FilterNodes (label, property, value):
Filter nodes that satisfy a specific property constraint.

e CombinelLists (listl, 1list2) and
IntersectLists (listl, list2): Perform
set operations on lists. CombineLists is used for
logical OR, whereas, IntersectLists support
logical AND.

Initially, the LLM agent powered by Gpt—4o is given
a prompt containing the natural language query, a textual
description of the knowledge graph’s ontology, a curated
set of few-shot examples illustrating how this strategy is
applied to answer natural language queries, and the full list
of available tools it can use during execution. The LLM
agent iteratively explores the graph using the given tools
until enough evidence is found or a maximum number of
iterations is reached, while maintaining an internal scratch-
pad that tracks intermediate reasoning steps and tool outputs,
which is later refined into a concise and coherent context.

5. Evaluation Framework for Context Rele-
vance

Building on the Context relevance evaluation methods
detailed in the State of the Art 2.2, we adopt ARES as

our backbone for context-relevance evaluation. We chose
ARES because its modular architecture allows us to focus
only on the evaluation of retrieved context, and given our
biochemical setting, the fine-tuning yields a robust, domain-
aware judge. Additionally, ARES is label-efficient and cal-
ibrated via synthetic question—context pairs and the use of
PPI, which reduces reliance on large annotated QA corpora
while correcting model bias. We therefore adapt ARES to
our needs with a set of targeted changes, detailed in the
following sections.

5.1. Synthetic Data Generation

To train a context-relevance model, we need a dataset
of query—context pairs. Such datasets are often drawn from
the text documents used to build the underlying knowledge
graph; since no such corpus was available, we constructed
one from two complementary sources:

« PubMed articles. We chose 24 PubMed papers on bio-
chemistry and biomedicine. From each paper, we kept
the main text and removed references, figures/tables,
and metadata.

« Graph linearizations. We converted the biochemical
knowledge graph into natural-language passages in
two styles: fan-out, a central entity and its immediate
neighbors (e.g., TP53 regulates MDM2, CDKNI1A, and
BAX”); and chain-based, multi-hop relations reflect-
ing longer reasoning (e.g., Molindone binds HTR2A,
which covaries BRSK1”).

These passages were chunked into seven-sentence win-
dows with a two-sentence overlap to preserve local context
and continuity.

With the corpus ready, we built query—context pairs
that the evaluator will be trained on. For each passage, we
asked GPT-3.5-Turbo to generate at least two relevant
questions. Passages from PubMed and fan-out linearizations
produced simple questions focused on one entity or relation
(e.g., "What compounds resemble Caffeine?"). Chain-based
passages led to more complex questions that connect several
entities (e.g., "What is the biological process that involves
the gene covaried by NHLRC1?"). These formed our initial
set of positive question—context pairs.

We generated negatives by pairing each passage with
questions from unrelated passages. We removed duplicates
and fixed a minimum of two negatives per passage to
maintain class balance.

Finally, we expanded the generated dataset with a se-
mantic augmentation step. We embedded all questions and
passages using text-embedding-ada-002. We ran-
domly paired a subset of questions with the nearest passages
to create additional positive pairs and paired another subset
with the farthest passages to create additional negative pairs.
After de-duplication, we obtained a balanced dataset of
query—context pairs, ready to use for downstream tasks.



User query: Find compounds that resemble Fentanyl.

Graph Traversal

<«
<

he

ds that r

P

MATCH (c:Compound {name:
}-[:’ Compound-resembles-
ICompound’]->(ca:Compound)

—>
Text2Cypher

ble Fentanyl

are Loperamide, Diphenylpyraline

, Cyclizine...

(03-mini) RETURN ca.name

Generated Cypher Query

Context refinement

Hybrid Traversal Embedding
Fentanyl resembles the following
compounds: Alfentanil, Remifentanil,
0.1,0.2, 0.66.... Sufentanil, Anileridine,...
Reranking
\ 2 Graph pruning Context refinement

—

"Alfentanil”

Agentic Seman

rst Traversal

Get_neighbors_by_relationship(
"DB00813", "Compound-resembles-
Compound")

= X

Agent
(gpt-40)

Search_INDEX(Fentanyl,
Compound) Tool
Calling

<

Tools

Context
refinement

Compounds that resemble Fentanyl
include Loperamide, Diphenylpyraline,
Cyclizine, Eprazinone,...

<

Tool
Calling | RetrieveNode(Fentanyl) ——»

NeighboursCheck("DB00813",
"Compound-resembles-
Compound")

X

Tools

Agent
(gpt-40)

Context
refinement

he compounds that resemble Fentanyl|
are: Loperamide, Diphenylpyraline,
Cyclizine, Eprazinone,...

(d)

Figure 2: Representative workflow of the four retrieval strategies. (a)Graph Traversal (b)Hybrid Traversal (c)Agentic
Semantic-First Traversal (d)Agentic Traversal.



5.2. Fine-Tuning BioBERT with LoRA

Once the synthetic dataset of query—context pairs was
ready, we began training a model capable of classifying
whether a given context is relevant to answering a query.
In the original ARES framework, this role is fulfilled by
a DeBERTa-V3 Large model. Because our work operates
in the biochemical domain, we replace it with BioBERT
introduced by Lee et al. [52]. In fact, BioBERT is a BERT
model pretrained on PubMed abstracts and PMC full-text
articles, which equips it with a stronger grasp of biochemical
terminology and semantic relationships, making it better
suited for evaluating context relevance in our setting.

Instead of full fine-tuning, which updates all of
BioBERT’s parameters, making it computationally expen-
sive and risking overwriting its valuable biochemical knowl-
edge, we adopt a Low-Rank Adaptation (LoRA) [53]] ap-
proach. LoRA adapts the model by updating a small param-
eter set while keeping the base weights frozen.

This approach reduces catastrophic forgetting, which is
a limitation of full fine-tuning [54] and tackles ARES’s
[13] concern of high GPU cost and long training, while
maintaining strong performance.

To achieve robust results, we explore different training
configurations and refine them using Bayesian optimization
via Weights & Biases Sweeps. This process produces a well-
tuned context-relevance judge capable of assessing context
relevance in the biochemical domain.

5.3. Prediction Powered Inference

Given a batch of queries and their corresponding context
retrieved from the biochemical knowledge graph using a
specific strategy, the fine-tuned model estimates the proba-
bility that the context is relevant to the query for each pair.
The final context relevance score is calculated as the average
of these probabilities across the entire batch.

This approach assumes that the model’s predictions are
entirely trustworthy. In practice, small systematic biases in
the predictions could misrepresent the true performance of a
retrieval method. To address this, the ARES framework em-
ploys Prediction-Powered Inference (PPI) [S5]], a statistical
framework that combines the speed of automated predictions
with the precision of human judgment. The process begins
by manually annotating a small representative subset of
query—context pairs that are used to calibrate the model’s
outputs, correcting any bias and improving the alignment be-
tween predicted and actual relevance. The calibrated scores
are then applied to the much larger unlabeled set, which
allows the estimation of the mean context relevance with
statistically valid confidence intervals. This approach is
particularly well-suited to the biochemical domain, where
labeling costs are high but rigorous evaluation is essential.
By leveraging PPI, we grounded our large-scale retrieval
assessments in human validated knowledge without the cost
of labeling every example.

In summary, our evaluation framework adapts ARES,
which was originally designed for evaluating RAG systems,

to the GraphRAG setting. The process combines synthetic
data generation, BioBERT Lora fine-tuning, and calibration
via Prediction-Powered Inference. This design balances scal-
ability with accuracy, enabling the evaluation of retrieval
strategies without the cost of fully annotated datasets, the
high GPU consumption, or the long training process.

The next section is dedicated to the experimental setup,
where we apply this framework to the retrieval strategies
presented in section 4 and compare their performance.

6. Experiments

6.1. Experimental Setup

To evaluate the performance of each retrieval strategy,
we prepared two types of queries:

« Simple Questions: Typically focus on a specific node,
its features, or direct neighbors; requiring only one-
hop on the knowledge graph. (e.g., "What biological
processes does the gene UBASH3B participate in?",
"Does Tizanidine bind to any genes?"...)

o Complex Questions: These questions are more com-
plex, requiring multiple hops on the knowledge graph,
either asking about indirect neighbors or global ques-
tions. (e.g., "Find two compounds that regulate the
gene that participates in the biological process response
to gravity?", "Give me genes located on chromosome
8 that participate in at least one pathway and are
regulated by another gene.", "Find two compounds that
resemble, and both bind to a gene that participates in
the biological process double-strand break repair via
break-induced replication."...)

The purpose of these questions is to evaluate and
benchmark the four retrieval strategies developed, assessing
their ability to maintain performance even with complex
inquiries. We curated and prepared a total of 300 simple
questions and 200 complex questions from the biochemical
knowledge graph, ensuring comprehensive coverage of all
node types and relationships.

6.2. Evaluation Metrics

To evaluate the retrieval strategies, we focused on two
key and complementary dimensions: performance and ef-
ficiency.

6.2.1. Performance. In the batches of simple and complex
questions we created, each strategy retrieves and produces
its candidate context. To evaluate their performance in ex-
tracting relevant information from the graph, we used the
Context Relevance score on an entire batch of query-
context pairs using predictions from the model alone as well
as PPI-adjusted.

We calculate the average probability that the context is
relevant to the query based on the predictions from the fine-
tuned BioBERT model across an entire batch.



Regarding the PPI adjustment, we labeled a set of 150
query-context pairs. These pairs are used to correct the
model’s predictions, addressing any bias by taking the mid-
point of the confidence intervals produced by PPIL

6.2.2. Efficiency. To evaluate the efficiency of the retrieval
strategies, we focused on two key metrics: The runtime and
the number of API calls.

Runtime is measured as the average time required to
process a single query.

The number of API calls reflects the average number of
external LLM invocations, including generation and embed-
ding requests.

These two measures capture the computational and mon-
etary overhead of each strategy, providing a practical view
of their efficiency.

7. Results & Discussion

TABLE 1: Performance of implemented retrieval
strategies. Average context relevance scores across simple
and complex questions, reported as model-only predictions
and PPI-adjusted values.

Retrieval Strategy Simple Complex
Model-only ~ PPI | Model-only  PPI
Graph Traversal 0.942 0.840 0.8395 0.744
Hybrid Traversal 0.937 0.840 0.8409 0.743
Agentic Semantic-first 0.921 0.820 0.688 0.588
Agentic Traversal 0.910 0.810 0.8396 0.740

TABLE 2: Efficiency of retrieval strategies. Average
runtime (in seconds) and number of API calls per for
simple and complex questions.

Retrieval Strategy Simple Complex
Runtime  API calls ‘ Runtime  API calls
Graph Traversal 6.11 2.0 10.92 2.0
Hybrid Traversal 9.39 4.85 34.69 21.02
Agentic Semantic-first 4.94 4.5 7.72 5.89
Agentic Traversal 8.17 7.47 14.50 11.3

As illustrated in Table 1, all retrieval strategies achieve
a high context relevance score (greater than 0.9) for simple
questions, with Graph Traversal and Hybrid Traversal
strategies obtaining the top scores for both model predictions
and PPI-adjusted values. This reflects the effectiveness of all
strategies in retrieving relevant information from the graph
for simple questions that do not require multiple hops.

However, for complex questions, Graph Traversal, Hy-
brid Traversal, and Agentic Traversal all achieve high
context relevance scores that are closer to each other,
demonstrating consistent performance and stability even
with more complex queries that necessitate multiple hops
on the graph to find relevant information. In contrast, the
agentic semantic-first traversal shows a significant decline
in context relevance score. This decline can be attributed to

the initial step of the semantic search, which retrieves the
first nodes in a manner that can be misleading, especially for
general questions. For example, consider the query: "Give
me all genes located on chromosome 8 that participate in at
least one pathway and are regulated by another gene". This
strategy works by taking a portion of the query, for example,
“located on chromosome 8, that participate in at least one
pathway and are regulated by another gene”, and using it to
conduct a semantic search to retrieve relevant nodes. How-
ever, since the embeddings of each node contain information
that is specific only to that node and not its neighborhood,
the initial nodes retrieved may not be relevant. Therefore,
the first step of the semantic search can be misleading if
the query does not focus on a specific node. Additionally,
the choice of which portions of the query to use for the
semantic search is crucial to the effectiveness of the search.

It is important to note that while the PPI-adjusted values
align with the trends observed in the model predictions, they
are generally lower for both simple and complex questions.
This can be attributed to the relatively small size of the eval-
uation set, which makes the PPI correction more sensitive
to variability, potentially leading to slight underestimations
of the model’s true performance.

After examining the context relevance scores of each
strategy, we now turn our attention to their efficiency as il-
lustrated in Table 2, a clear contrast emerges: Graph traversal
maintains a low and lightweight runtime with exactly two
API calls per query. Whereas Hybrid traversal introduces
a significant rise in both runtime and API calls due to the
additional reranking step, making it the slowest option with
the highest number of API calls for complex questions.

The agentic strategies fall in between these two ex-
tremes. Agentic semantic-first traversal achieves the fastest
runtime for both simple and complex questions, while also
requiring a low number of API calls. On the other hand,
Agentic traversal has a longer runtime and involves more
API calls, making it an expensive option for simple ques-
tions, and relatively slower and more costly for complex
questions.

Taken together, these results highlight a clear trade-off
between performance and efficiency. Graph Traversal stands
out as the most optimal strategy, consistently achieving a
high context relevance score while remaining lightweight
in both runtime and API calls. Hybrid Traversal, although
competitive in performance, pays a high cost in efficiency
due to the semantic reranking, making it less practical in
time or budget-constrained settings. In contrast, Agentic
semantic-first traversal offers excellent efficiency but de-
clines in performance on complex queries, reflecting the risk
of relying on embedding that neglects neighborhood context.
Finally, Agentic traversal delivers high performance across
both simple and complex questions, but at the expense of
increased API calls and longer runtime.

8. Conclusion

In this work, we adapt the ARES evaluation frame-
work to the GraphRAG setting, conducting experiments



on a biochemical knowledge graph to assess four retrieval
strategies. Our evaluation framework serves as a reliable,
nearly reference-free context relevance classifier capable of
capturing domain-specific nuances. We also examined the
efficiency of these strategies by measuring runtime and API
calls for each strategy. Results show that Graph Traversal
performs best with low runtime and a minimal number
of API calls. Hybrid and Agentic traversal methods also
perform well but come with higher computational and mon-
etary costs, making them effective yet expensive options. In
contrast, the Agentic semantic-first traversal struggles with
complex queries, reflecting the limitations of embeddings
that only capture local node information.

This paper represents a practical benchmark. It is
designed to guide practitioners by offering a clear and
actionable comparison of different retrieval strategies in
GraphRAG systems. This way, we provide not only in-
sights into the performance and efficiency trade-offs but also
concrete guidance for system builders who aim to balance
performance with scalability and budget constraints.

It’s important to highlight that these findings are closely
tied to the specific experimental setup. So generalization
to other domains and knowledge graph schemas may vary.
As future work, we plan to explore neighborhood-aware
or GNN-enhanced node embeddings, such as the method
introduced in “Augment to Interpret” [56], to reduce the
risk of relying on misleading starting points for retrieval.
Another promising research direction is integrating an in-
ference layer on top of the knowledge graph to evaluate its
added value. We also plan to inspect emerging parameter-
efficient fine-tuning methods like QLoRA, RoSA, DoRA,
and related variants, to study their impact on judge quality
and compute/memory cost.
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