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ABSTRACT

Large Language Models (LLMs) have demonstrated remarkable ca-
pabilities, yet they often suffer from hallucinations and lack up-to-
date knowledge. Retrieval-Augmented Generation (RAG) addresses
these limitations by grounding LLMs in external knowledge. While
vector-based RAG is effective for simple queries, it struggles with
complex queries that require multi-hop reasoning. Graph-based
RAG frameworks have emerged to solve this by constructing knowl-
edge graphs that capture global relationships and enable multi-hop
reasoning. However, these graph-based approaches frequently un-
derperform on simple fact-based queries compared to their vector-
based counterparts, as they may lose detailed entity information. In
this paper, we conduct dataset-level and framework-level analysis
targeting graph-based RAG approaches. We find that existing QA
benchmark datasets can be split to “Local” and “Global” queries that
have different properties; and different RAG frameworks perform
differently on these two kinds of queries. Concretely, existing graph-
based RAG frameworks, including recent dual-branch ones, cannot
consistently outperform vector-based RAG on “Local” queries. We
attribute this phenomenon to the fact that graph-based RAG often
employs a fixed retrieval strategy, leading to redundant informa-
tion retrieval and unnecessary cost for simple queries. Based on the
analysis, we propose QA-GraphRAG, a new query-adaptive plug-
and-play retrieval integration for graph-based RAG frameworks.
QA-GraphRAG incorporates a pre-trained router that predicts the
optimal knowledge hierarchy from which to start retrieval based
on the characteristics of the input query. Extensive experiments on
KGQA datasets and GraphRAG-Bench demonstrate that equipping
existing graph-based RAG frameworks with our QA-GraphRAG
leads to substantial performance improvements.
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1 INTRODUCTION

Large Language Models (LLMs) have attracted numerous attention
for their impressive performance on diverse real-world tasks [4, 19,
20, 35, 36, 38, 52]. To further improve LLM’s capability, Retrieval-
Augmented Generation (RAG) [7, 18, 21, 53] has been introduced
to relieve LLMs’ hallucination issue [13, 46] and provide up-to-
date knowledge. Vanilla vector-based RAG retrieves relevant raw
text chunks from its knowledge base. However, vector-based RAG
fails to handle queries that require multi-hop knowledge or syn-
thesized analysis [6] since its retrieved text chunks are mostly
independent and fragmented. Borrowing ideas from graph ma-
chine learning [9, 16, 27, 31, 34, 47, 50], graph-based RAG frame-
works [6, 8, 26, 39, 51] are proposed to address this issue. Graph-
based RAG constructs knowledge graph as its knowledge base based
on the raw text chunks. In this way, graph-based RAG can capture
multi-hop knowledge and have a more global understanding of the
stored knowledge.

Although graph-based RAG has achieved significant perfor-
mance gain in many tasks, some recent researches have found that
graph-based RAG performs poorly on simple fact-based queries [10,
40, 41, 55], even outperformed by vanilla vector-based RAG. They
attribute this phenomenon to graph-based RAG’s weakness on cap-
turing the detailed entity information. Some recent graph-based
RAG frameworks [2, 8, 12] try to resolve this issue by adopting a
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dual-branch retrieval strategy. One branch is responsible for re-
trieving local-level knowledge, which is based on keyword [8] or
vector similarity [2] search; and the other branch is responsible for
retrieving global-level knowledge, which is similar to early graph-
based RAG frameworks. Another framework HiRAG [12] addition-
ally retrieves bridging paths between local and global knowledge.
By retrieving local and global knowledge simultaneously, these
frameworks achieve decent performance on both simple fact-based
queries and complex queries.

However, regardlessly retrieving from two branches may in-
troduce unnecessary cost and redundant information for many
queries. In this paper, we conduct dataset-level and framework-
level analysis on graph-based RAG frameworks. We find that the
queries within existing QA benchmark datasets can be categorized
into “Local” queries and “Global” queries, and they have diverse
characteristics. Further, we find that graph-based RAG frameworks
and vector-based RAG frameworks perform differently on these
two kinds of queries (E.g., graph-based RAG frameworks cannot
consistently outperform vector-based RAG frameworks on “Lo-
cal” queries). We also noticed that most existing graph-based RAG
frameworks [2, 6, 12, 26, 49] orchestrate their knowledge base in
a hierarchical manner. We find that low knowledge hierarchies
are proper for answering simple fact-based queries; while high
knowledge hierarchies are proper for answering complex queries.

Based on the analysis results and this observation, we propose a
new query-adaptive plug-and-play retrieval integration called QA-
GraphRAG, which is compatible with most existing graph-based
RAG frameworks. We design a flexible router module that can adap-
tively alter retrieval strategy according to query characteristics.
The deployment of QA-GraphRAG can be split to two stages: 1)
offline pre-train and 2) online inference. During offline pre-train,
we implement two router deployment strategies with different
performance-cost trade-offs, which produces Generalist router and
Specialist router, respectively. The Generalist router is trained by
question-answer pairs from public benchmark datasets [11, 33, 43]
and preprocessed LLM performance scores to learn to predict the
optimal knowledge retrieval hierarchy. The Specialist router is fur-
ther finetuned based on the Generalist router when a small num-
ber of queries from the target dataset is available. During online
inference, the router directly predicts the appropriate retrieval
strategy for the current query based on its embeddings. Experi-
ments on Knowledge Graph Question Answer (KGQA) datasets
and GraphRAG-Bench [41] show that existing graph-based RAG
frameworks achieve significant performance improvements when
equipped with QA-GraphRAG.

Our contributions in this paper can be summarized as follows:

e (1) New Finding. We find that existing dual-branch graph-
based RAG frameworks cannot well handle different kinds
of queries and further introduce additional noise and cost.
(2) Plug-and-play Integration. We propose QA-GraphRAG,
a query-adaptive retrieval integration that is compatible
with most existing graph-based RAG frameworks.

(3) Strong Performance. We integrate QA-GraphRAG into
many graph-based RAG frameworks and find that they
achieve great performance gains on various public bench-
mark datasets.
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Figure 1: “Local” vs.“Global” query ratio per dataset.

2 PRELIMINARIES

2.1 Problem Formulation

In this paper, we focus on the Knowledge Graph Question An-
swering (KGQA) task [5, 30, 30, 44, 56]. In conventional KGQA
datasets, each question-answer pair is equipped with its own con-
text. When evaluating RAG frameworks on these datasets, we re-
build the peripheral knowledge base for each question-answer pair.
In contrast, the evaluation setting of new graph-based RAG spe-
cific KGQA datasets [40, 41] is more akin to real-world scenarios.
In these datasets, all the question-answer pairs share the same
context. Thus, when evaluating on these datasets, we build the
shared peripheral knowledge base only once when evaluating on
these datasets. In this paper, we use both these two kinds of KGQA
datasets for evaluation.

2.2 Graph-based RAG

Retrieval-Augmented Generation (RAG) [7, 53, 54] is a powerful
approach that helps the LLMs to reduce hallucination and gain
up-to-date knowledge when answering questions. Graph-based
RAG frameworks [3, 6] are proposed to enhance the multi-hop
reasoning and synthesizing capability of conventional RAG ap-
proaches. GraphRAG [6] by Microsoft first identifies entities and
relations from raw text chunks using LLMs and constructs the
first-level knowledge graph. Then, GraphRAG conducts the Leiden
algorithm [32] iteratively and finally produces a hierarchical knowl-
edge base. When encountered with a query, GraphRAG retrieves
textual descriptions of the relevant entities from the hierarchical
knowledge base and feed them to LLMs for answer generation. This
way, the LLM is exposed to more coarse-grained information; and
the relations inside the hierarchical knowledge base act as shortcuts
connecting related concepts. RAPTOR [26] is another graph-based
RAG framework that adopts a hierarchical clustering algorithm
implemented by Gaussian Mixture Model clustering [42] to build
tree-like hierarchical knowledge base.

3 DATASET-LEVEL ANALYSIS

Recently, some researchers have found through experimental anal-
ysis that some graph-based RAG frameworks underperform vanilla
vector-based RAG frameworks on many KGQA datasets [10, 40, 41,
55]. In the same time, graph-based RAG frameworks show signifi-
cantly higher performance on newly-proposed graph-based RAG
specific benchmark datasets [40, 41]. In this section, we conduct an
empirical analysis comparing KGQA datasets and graph-based RAG



0.8 = Local = local
Global 0.1 Global
0.6
I 8 ——
o o
©n 0.4 %) 0.0
0.2
0.0
Local Global Local Global
(a) 2WikiMQA (b) MC in GraphRAG-Bench

Figure 2: S;5, comparison of “Local” and “Global”.

specific benchmark datasets and try to identify their intrinsic differ-
ences. Concretely, we choose MuSiQue [33], 2WikiMQA [11] and
HotpotQA [43] for KGQA datasets and the five tasks in GraphRAG-
Bench [41] for graph-based RAG specific datasets.

3.1 Inter-dataset Analysis

Existing experimental analysis found that many graph-based RAG
frameworks perform poorly on KGQA datasets. They attributed
this phenomenon to that graph-based RAG frameworks introduce
redundant global knowledge when only local detailed knowledge
is required for answering simple fact-based queries.

Here, we use Qwen2.5-32B-Instruct [22] as the classifier to cate-
gorize each query in the QA datasets to either “Local” or “Global”.
The “Local” category means that this query only needs simple fact
related knowledge and require no multi-hop or synthetic capability.
The “Global” category means that this query needs more high-level
summarized knowledge and possibly require multi-hop or synthetic
capability. To ensure the reliability of the LLM-based classifier, we
randomly sample 50 queries from each dataset (400 in total) and
have three human annotators independently label them as “Local”
or “Global” following the same criteria defined above. The majority
vote of the annotators shows strong agreement with the LLM pre-
dictions, which achieves 90.75% accuracy (363/400). The validation
results confirm that our LLM-based classifier reliably distinguishes
between “Local” and “Global” queries.

We report the “Local” vs. “Global” ratio of each dataset in Fig-
ure 1. “FB”, “MC”, “MS”, “TF” and “OE” each denotes a unique
task in GraphRAG-Bench, which is short for “Fill-in-Blank”, “Multi-
Choice”, “Multi-Select”, “True-or-False”, “Open-Ended”, respectively.
Figure 1 shows that KGQA datasets possess significantly more “Lo-
cal” queries than “Global” queries. For example, 82% of queries
in the 2WikiMQA dataset are “Local” queries. As for GraphRAG-
Bench, different tasks show diverse trends. For example, nearly all
the queries in “MC” and “FB” tasks are “Local” queries; while most
queries in “OE” and “MS” tasks are “Global” queries. This empirical
analysis reveals that “Local” queries dominate in KGQA datasets
and “Global” queries constitute a significantly larger proportion in
certain tasks of graph-based RAG specific benchmarks.

3.2 Within-dataset Analysis

The empirical analysis in the previous subsection shows that KGQA
datasets have significantly more “Local” queries and less “Global”
queries than graph-based RAG benchmark datasets. This finding
may explain why some graph-based RAG frameworks performs
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poorly on KGQA datasets. In this subsection, we take a closer
look on the 2WikiMQA dataset and the MC task in GraphRAG-
Bench, trying to locate the specific properties of “Local” queries
and “Global” queries. We propose two quantitative metrics to ana-
lyze these two kinds of queries. The first quantitative metric is the
average cosine similarity between query and answer of each QA pair,
which is formulated as follows:

1 N
Sq2a = — s
?TN ; Qkl |A]

where Q and A are embedding matrix of paired questions and an-
swers in the KGQA dataset encoded by the same encoding model
(all-MiniLM-L6-v2 [37] in our case) in the RAG frameworks, respec-
tively. The second quantitative metric is called Specificity, which
measures the fraction of tokens in question that are named entities
or capitalized tokens. Intuitively, “Local” queries would mention
more specific entities than “Global” queries since they care more
about detailed entity information.

Evaluation results of these two metrics are reported in Figure 2
and 3. Figure 2 shows that “Global” queries possess higher aver-
age Sg2, than “Local” queries on the 2WikiMQA dataset; while
the MC task in GraphRAG-Bench shows the opposite trend. This
observation illustrates that “Local” and “Global” queries have no
substantial difference in terms of question-answer similarity. Fig-
ure 3 shows that “Local” queries has significantly higher Specificity
than “Global” queries on both two datasets. This finding suggests
that “Local” queries indeed mentions more specific entities in their
questions, which may require more detailed knowledge to tackle.

Qr - Ak (1)

3.3 Dataset-level Analysis Summary

After conducting the dataset-level empirical analysis of graph-based
RAG frameworks, we have the following three findings:

e 1) KGQA datasets are mostly composed of “Local” queries
while some tasks in new graph-based RAG specific bench-
mark datasets contain significantly more “Global” queries.
2) The question-answer similarities of “Local” queries and
“Global” queries have no substantial difference, and depend
more on specific dataset properties.

3) “Local” queries mention significantly more specific enti-
ties than “Global” queries, which may require more detailed
knowledge to deal with.

In the next section, we will characterize the performance of different
RAG frameworks on KGQA datasets and graph-based RAG specific
benchmark datasets.



Table 1: Graph vs. vector RAG on KGQA datasets.

| MuSiQue | 2WikiMQA | HotpotQA
Frameworks ‘ Acc  Recall ‘ Acc  Recall ‘ Acc  Recall
BM25 17.23 28.87 33.29 45.87 51.78 57.74
TE-IDF 17.58 28.11 | 33.86 46.04 51.52 58.69
GraphRAG 15.31 25.57 31.40 43.57 50.02 55.76
RAPTOR 18.13  28.59 3326 46.29 | 52.29 59.42

4 FRAMEWORK-LEVEL ANALYSIS

In this section, we conduct empirical analysis to profile existing
graph-based RAG frameworks. Firstly, we compare graph-based
RAG against vector-based RAG in Section 4.1 to see whether graph-
based RAG is superior in most scenarios. Secondly, we compare new
dual-branch graph-based RAG frameworks [2, 8] against old single-
branch ones in Section 4.2 to see if the dual-branch approaches are
effective. We adopt Qwen2.5-7B-Instruct [22] as the backbone LLM
throughout this empirical analysis.

4.1 Graph-based RAG vs. Vector-based RAG

In this subsection, we compare graph-based RAG against vector-
based RAG frameworks. For graph-based RAG, we use GraphRAG [6]
and RAPTOR [26] in the comparison. For vector-based RAG, we
use TF-IDF [29] and BM25 [24] to retrieve relevant text chunks. We
report evaluation results of all the frameworks on MuSiQue [33],
2WikiMQA [11] and HotpotQA [43] in Table 1.

Evaluation results in Table 1 show that simple vector-based RAG
methods can sometimes beat complex graph-based RAG frame-
works on KGQA datasets. Our empirical analysis results are in
accord with many recent experimental analyses on graph-based
RAG [10, 40, 41, 55]. They found that graph-based RAG frame-
works cannot beat vector-based RAG frameworks in many scenar-
ios where simple fact-based queries dominate. This finding raises
the concern that whether we need the complex retrieval pattern in
graph-based RAG frameworks to solve simple fact-based queries.

4.2 Dual-branch vs. Single-branch

In this subsection, we compare new dual-branch graph-based RAG
frameworks against old single-branch ones. For dual-branch graph-
based RAG frameworks, we use TREX [2] that is built on RAP-
TOR [26] for comparison. For single-branch frameworks, we modify
the original TREX to get two new variants: TREX-local and TREX-
global TREX-local only preserves the local branch and TREX-global
only preserves the global branch (i.e., equivalent to RAPTOR). We
report evaluation results of TREX and two its variants together
with TF-IDF and BM25 on GraphRAG-Bench in Table 2.

Table 2 shows that TREX-local outperforms TREX on the FB and
MC task that consist of more “Local” queries as shown in Figure 1.
While on other tasks consisting of more “Global” queries like MS
and OE, TREX and TREX-global outperform TREX-local. We also
report the per-query time of TREX and its two variants in Table 3.
Table 3 shows that TREX has longer per-query time than TREX-local
and TREX-global, which is in accord with intuition. Comparison be-
tween these two kinds of graph-based RAG frameworks illustrates
that newly proposed dual-branch approaches introduce additional
cost yet cannot outperform old single-branch ones consistently.
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Table 2: Accuracy comparison on GraphRAG-Bench.

Frameworks ‘ FB MC MS TF OE
BM25 50.28 62.80 66.17 7449 16.32
TF-IDF 51.71 6198 67.52 7417 16.58
TREX-local 51.16 63.02 71.62 74.69 17.15
TREX-global | 46.12 62.05 72.97 75.66 17.64
TREX 51.41 6277 71.83 78.81 18.25

Table 3: Per-query time comparison on GraphRAG-Bench.

Frameworks | FBL MC MS TF  OE
TREX-local | 2.86s 2.85s 2.77s 2.83s 2.96s
TREX-global | 3.23s 3.26s 3.35s 3.27s 3.37s
TREX 3.50s 3.51s 3.58s 3.53s 3.67s

4.3 Framework-level Analysis Summary

After conducting the framework-level empirical analysis of graph-
based RAG frameworks, we have the following two findings:

e 1) Graph-based RAG frameworks have no significant ad-
vantage over vector-based RAG or even underperform on
KGOQA datasets where simple fact-based queries dominate.

o 2) Recent dual-branch graph-based RAG frameworks par-
tially address the performance issue on simple fact-based
queries, yet still fall behind under scenarios that require
extreme local knowledge.

Together with the analysis results in Section 3, we find that vector-
based RAG performs better on “Local” queries and graph-based RAG
performs better on “Global” queries. However, for graph-based RAG,
we can approximate it to vector-based RAG by setting its retrieval
level to 0 (i.e., raw text chunks). If one graph-based RAG framework
can alter its retrieval strategy according to query properties, it can
achieve satisfying performance on both two kinds of queries. Based
on this intuition, we propose QA-GraphRAG that can adaptively
alter its retrieval strategy when faced with different queries.

5 FRAMEWORK DESIGN

In this section, we introduce our QA-GraphRAG in detail. Firstly,
we provide the overview of QA-GraphRAG in Section 5.1. Then,
we describe the details of QA-GraphRAG’s two stages — offline
pre-train and online inference — in Section 5.2 and 5.3, respectively.

5.1 Framework Overview

The structures of the knowledge bases in vector-based RAG and
graph-based RAG are quite different. Vector-based RAG orches-
trates its text chunks all at the same semantic level. However, inside
the knowledge base of graph-based RAG frameworks, low-level and
high-level text chunks are more akin to detailed fact-based knowl-
edge and generalized knowledge, respectively. Ideally, graph-based
RAG frameworks should retrieve low-level text chunks for simple
fact-based queries, and vice versa. However, existing graph-based
RAG frameworks adopt fixed retrieval strategy and cannot satisfy
the different knowledge requirement of different queries.
Motivated by this, we propose a new query-adaptive plug-and-
play retrieval integration for graph-based RAG called QA-GraphRAG.
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Figure 4: Workflow overview of our proposed QA-GraphRAG.

It can adaptively alter retrieval strategy according to the properties
of different queries, which is achieved by a new router module. Any
graph-based RAG frameworks that build their knowledge base hier-
archically are compatible with QA-GraphRAG. The router module
in QA-GraphRAG is responsible for predicting the optimal knowl-
edge level to start retrieval for the current query. For example, if
the knowledge base in the current graph-based RAG framework
has two levels, then the router module in QA-GraphRAG helps to
decide that whether to start retrieval from the second level (i.e.,
knowledge from both levels) or from the first level (i.e., knowl-
edge only from the first level). The deployment of QA-GraphRAG
has two stages: 1) offline pre-train and 2) online inference. In the
next two subsections, we will detail these two critical stages of our
proposed QA-GraphRAG.

5.2 Offline Pre-train

The router module in QA-GraphRAG is responsible for predicting
which knowledge level to start retrieval. To implement this func-
tionality, a straightforward idea is using an LLM to generate the
answer. However, it would introduce significant latency when QA-
GraphRAG is deployed online for inference, although LLMs can
generalize to diverse data and task types. Choosing which knowl-
edge level to start retrieval is similar to choosing the number of
model layers, which is a typical Neural Architecture Search (NAS)
problem [23] in AutoML. Borrowing the design intuition from the
DFG-NAS [48] algorithm that uses a gating mechanism for choos-
ing model layers, we use a 3-layer MLP as the router backbone
model. An empirical analysis regarding performance and cost on
router backbone model selection can be found in Section 6.3.

We implement two router deployment strategies that have dif-
ferent performance-cost trade-offs:

e Cross-Domain Pre-train (Generalist router): We pre-train
the router on diverse queries sampled from multiple source
datasets. This strategy exposes the router to diverse query
patterns and reasoning requirements.

Cold-Start Adaptation (Specialist router): We finetune a
dataset-specific router based on the Generalist router when
a small number of queries from the target dataset is avail-
able. This strategy produces a router tailored to the target
dataset, which yields better performance with higher cost.

We use the Generalist router throughout this paper without further
notion. A comparison between these two different deployment
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strategies can be found in Section 6.5. Next, we will detail the
training data generation and the router training processes.

5.2.1 Training Data Generation. To teach the MLP router for pre-
dicting the proper knowledge level to start retrieval for queries, we
construct the training data from three public Knowledge Graph
Question-Answer (KGQA) datasets: HotpotQA [43], Natural Ques-
tions (NQ) [17], and TriviaQA [15]. We randomly sample 2,000
question-answer pairs from each dataset (for HotpotQA, we sample
from its training set), resulting in a total of 6,000 training samples.

Then, we adopt the graph-based RAG framework inside QA-
GraphRAG (RAPTOR in this paper without further notion) to an-
swer these questions when using different knowledge levels to
start retrieval. The different answers corresponding to different
knowledge levels are evaluated to get their respective accuracy
scores. For example, if the knowledge base has K levels, we adopt
the graph-based RAG framework to generate answers with the
retrieval starting at 1,2, ..., K. After evaluation, we get a K-dim ac-
curacy score vector, denoted by P. The query embeddings together
with P are used to train the router in QA-GraphRAG.

5.2.2  Router Training. Suppose the knowledge base has K lev-
els, we initialize the router with its output dim equals to K. The
router takes in the encoded query embedding and output its K-dim
knowledge level preference score vector, denoted by Q. We use
the Gumbel-Softmax [14] function on Q to approximate the hard-
select operation during online inference, and the final output of the
router is denoted by Q The loss function for training the router is
formulated as follows:

loss=1- (P*Q), (2)

where P and é are multiplied in the element-wise manner. After
training, the router in QA-GraphRAG gains the ability to adaptively
select the most appropriate knowledge level to start retrieval for
the current query based on the query’s embedding.

5.3 Online Inference

With the pre-trained router, QA-GraphRAG can now well handle
different kinds of queries in a query-adaptive manner. When given
a query, the online inference of QA-GraphRAG has following steps:
o 1) The encoding model in QA-GraphRAG encode the textual
query to a semantic-rich embedding.
o 2) The pre-trained router in QA-GraphRAG predicts the
most appropriate knowledge level to start retrieval based
on the query embedding.



Table 4: Evaluation results on KGQA datasets.

| MuSiQue | 2WikiMQA | HotpotQA

Frameworks | Acc [ Recall | Acc | Recall | Acc [ Recall
BM25 17.23 28.87 33.29 45.87 51.78 57.74
TF-IDF 17.58 28.11 33.86 46.04 51.52 58.69
GraphRAG 15.31 25.57 31.40 43.57 50.02 55.76
GraphRAG-QA | 18.94 | 30.06 | 34.79 | 46.66 | 54.13 | 60.84
RAPTOR 18.13 28.59 33.26 46.29 52.29 59.42
RAPTOR-QA 20.92 | 32.17 | 35.77 | 49.30 | 54.81 | 61.69
LightRAG 15.07 24.38 33.17 46.20 51.58 58.03
LightRAG-QA | 19.08 | 28.95 | 35.71 | 48.33 | 55.31 | 61.79
TREX 18.34 28.98 33.54 46.58 52.64 59.30
TREX-QA 21.89 | 33.03 | 35.75 | 49.30 | 54.81 | 62.69
HiRAG 18.80 29.93 34.62 46.99 52.85 59.98
HiRAG-QA 22.44 | 33.52 | 36.29 | 50.38 | 55.72 | 62.87

3) The retriever in QA-GraphRAG retrieves relevant text
chunks in the hierarchically orchestrated knowledge base
starting from the knowledge level predicted by the router.
4) The generator in QA-GraphRAG takes in the query and
the retrieved text chunks and generates the final answer.

The second step is the most important step where the router chooses
the appropriate knowledge level to start retrieval for the current
query. The introduced time cost of the MLP router is negligible
compared to the LLM inference time. Our proposed QA-GraphRAG
is compatible with most existing graph-based RAG frameworks.
To gain the query-adaptive retrieval ability, a graph-based RAG
framework only needs to incorporate an additional router module
and slightly modify its retrieval algorithm to control the retrieval
knowledge level.

6 EXPERIMENTS

In this section, we thoroughly compare the performance of our
proposed QA-GraphRAG against vector- and graph-based base-
lines. Code is available at https://github.com/PKU-DAIR/Query-
Adaptive-GraphRAG.

6.1 Experiment Settings

6.1.1 Hardware Setup. All the evaluations are conducted on a
Linux server with two Intel(R) Xeon(R) Platinum 8255C CPUs and
eight Tesla V100s with 32GB GPU memory.

6.1.2 Datasets & Evaluation Metrics. We conduct evaluations on
both conventional KGQA datasets and graph-based RAG specific
benchmark datasets. For conventional KGQA datasets, we use
MuSiQue [33], 2WikiMQA [11] and HotpotQA [43]. For graph-
based RAG benchmark datasets, we use GraphRAG-Bench [41] that
consists of five tasks. We adopt accuracy and recall to evaluate
on the conventional KGQA datasets. While for GraphRAG-Bench,
we adopt its original evaluation scripts to obtainscores. We use
Qwen2.5-7B-Instruct as the backbone LLM by default.

6.1.3 Baselines. We validate the effectiveness of QA-GraphRAG
on the following graph-based RAG baselines: GraphRAG [6], RAP-
TOR [26], LightRAG [8], TREX [2], and HiRAG [12]. We integrate
QA-GraphRAG with them and compare to their original perfor-
mance. Further, we also report the evaluation results of TF-IDF [29]
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Table 5: Evaluation results on GraphRAG-Bench.

Frameworks | FB | MC | MS | TF | OE
BM25 50.28 | 62.80 | 66.17 | 74.49 | 16.32
TF-IDF 51.71 | 61.98 | 67.52 | 74.17 | 16.58
GraphRAG 49.77 | 65.32 | 72.84 | 73.27 | 20.02
GraphRAG-QA | 52.22 | 68.93 | 72.79 | 81.78 | 21.91
RAPTOR | 51.12 | 64.05 | 72.97 | 7056 | 18.64
RAPTOR-QA | 52.74 | 68.66 | 73.23 | 79.61 | 20.96
LightRAG | 45.84 | 63.84 | 69.43 | 7259 | 19.86
LightRAG-QA | 51.62 | 68.47 | 72.83 | 79.58 | 20.79
TREX 5141 | 6277 | 71.83 | 78.81 | 20.25
TREX-QA | 52.69 | 69.22 | 73.29 | 82.21 | 22.05
HiRAG 52.34 | 63.85 | 72.15 | 79.65 | 20.77
HiRAG-QA | 53.26 | 69.91 | 72.78 | 82.69 | 21.72

and BM25 [24] to serve as vector-based RAG representatives for a
more comprehensive comparison.

6.2 Overall Performance Comparison

We report the evaluation results of all the RAG frameworks on con-
ventional KGQA datasets and GraphRAG-Bench in Table 4 and 5,
respectively. The “-QA” suffix denotes the variant that is integrated
with QA-GraphRAG. Table 4 shows that the “-QA” variants outper-
form their corresponding vanilla variants on all the three KGQA
datasets. Furthermore, on some datasets that the variant originally
outperformed by vector-based RAG, integrating QA-GraphRAG
helps it beat vector-based RAG. For example, GraphRAG achieves
15.31 accuracy and 25.57 recall on the MuSiQue dataset, while BM25
achieves 17.23 and 28.87, respectively. After integrating with QA-
GraphRAG, GraphRAG-QA achieves 18.94 accuracy and 30.06 recall,
which exceeds BM25. Evaluation results on GraphRAG-Bench in
Table 5 share the same trend as Table 4. All the “-QA” variants out-
perform their corresponding vanilla variants on all the tasks, except
GraphRAG-QA on the MS task. Compared to other datasets, MS task
has the highest “Global” query ratio according to Figure 1, yet QA-
GraphRAG mainly boosts the performance of existing graph-based
RAG frameworks on “Local” queries by limiting their knowledge
retrieval to a low level. Overall, the significant performance superi-
ority of “-QA” variants against original variants strongly illustrates
the effectiveness of our QA-GraphRAG.

6.3 Router Backbone Selection Analysis

We adopt an MLP as the router in QA-GraphRAG for its balance be-
tween effectiveness and efficiency. In this subsection, we compare
the overall performance of QA-GraphRAG when utilizing differ-
ent backbone models for the router, including LLMs and adaptive
retrieval methods.

6.3.1 V5. LLM. We compare the original MLP option against zero-
shot Qwen2.5-3B-Instruct and report the evaluation results in Ta-
ble 6 and 7. Evaluations show that “-QA-LLM” variants has no
consistent performance advantage over their corresponding “-QA”
variants. Further, Table 7 shows that the “-QA-LLM” variants have
significantly higher per-query time than the “-QA” variants, even
slower than the original variant most of the time. Thus, we choose
to use the MLP as the router in QA-GraphRAG considering both
the effectiveness and the query efficiency.
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Table 6: Router backbone selection accuracy comparison.

Frameworks ‘ MuSiQue ‘ HotpotQA ‘ FB ‘ MS ‘ TF ‘ OE
GraphRAG-QA 18.94 54.13 52.22 | 72.79 | 81.78 | 21.91
GraphRAG-QA-LLM 18.64 53.35 51.45 | 72.38 | 81.20 | 20.87
GraphRAG-Self-RAG 18.73 54.06 51.12 | 72.23 | 81.06 | 20.44
GraphRAG-SeaKR 18.89 53.59 50.69 | 73.48 | 80.36 | 22.29
RAPTOR-QA 20.92 54.81 52.74 | 73.23 | 79.61 | 20.96
RAPTOR-QA-LLM 20.01 54.89 52.59 | 73.65 | 80.82 | 20.76
RAPTOR-Self-RAG 20.59 54.83 52.39 | 72.66 | 81.35 | 20.83
RAPTOR-SeaKR 21.03 54.69 51.84 | 73.21 | 81.09 | 21.49

Table 7: Router backbone selection cost comparison.

Frameworks | MuSiQue | HotpotQA | FB | MS | TF | OE
GraphRAG 4.66s 4.05s 5.13s | 5.05s | 4.96s | 5.19s
GraphRAG-QA 4.19s 3.82s 4.57s | 4.51s | 4.47s | 4.52s
GraphRAG-QA-LLM 5.46s 5.16s 5.39s | 5.45s | 536s | 5.86s
GraphRAG-Self-RAG 11.74s 11.39s 11.53s | 12.16s | 12.89s | 12.65s
GraphRAG-SeaKR 41.93s 42.27s 42.19s | 43.27s | 43.33s | 44.51s
RAPTOR 2.855 2485 | 3.26s | 336s | 3265 | 3.30s
RAPTOR-QA 2.57s 2.21s 2.90s | 2.98s | 2.84s | 2.90s
RAPTOR-QA-LLM 3.38s 3.33s 3.51s | 3.28s | 3.32s | 3.89s
RAPTOR-Self-RAG 8.82s 9.31s 8.17s 9.52s | 8.83s 9.86s
RAPTOR-SeaKR 29.71s 30.45s 29.63s | 30.85s | 29.38s | 31.92s

6.3.2 Vs. Adaptive Retrieval. To further validate the effectiveness
of QA-GraphRAG, we compare it against two recent adaptive RAG
baselines: Self-RAG [1] and SeaKR [45]. Since these methods are
originally designed for vector-based RAG, we adapt them to operate
under the unified graph-based RAG environment:

o “-Self-RAG” variant: First retrieves local knowledge (level-0)
and generates an answer. If the average token log-probability
< Oseif, global knowledge (root-level summaries) is re-
trieved and combined to regenerate the answer.

e “-SeaKR” variant: Generates N = 5 answers from local
knowledge, computes pairwise embedding similarity, and
defines uncertainty = 1 — avg_sim. If uncertainty > Ogeq,
global knowledge is retrieved and the answer is regenerated;
otherwise, select the cluster-center answer.

Both 0,ir and 0se, are manually tuned on the training set. We
integrate these two baselines into GraphRAG and RAPTOR and
report their respective performance in Table 6 and 7. Table 6 illus-
trates that “-QA”, “-Self-RAG” and “-SeaKR” variants each achieves
varying degrees of success across different datasets. Notably, QA-
GraphRAG only requires a single retrieval call per query, whereas
Self-RAG and SeaKR occasionally require more retrievals, , which
significantly increases the average retrieval cost. This phenomenon
is reflected in the time cost comparison in Table 7.

6.4 LLM Backbone Selection Analysis

In this subsection, we substitute the underlying LLM backbone from
Qwen2.5-7B-Instruct to Qwen2.5-14B-Instruct and see how LLM
backbone selection influences the performance of QA-GraphRAG.
Evaluation results in Table 8 show that all the “-14B” variants out-
perform their corresponding “-7B” variants, which is in accord
with intuition. Further, we find that GraphRAG-QA-7B outper-
forms GraphRAG-14B on the HotpotQA dataset, and the two “
QA-7B” variants outperform their “-14B” variants on the TF task of
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Table 8: LLM backbone selection accuracy comparison.

Frameworks | MuSiQue | HotpotQA | FB | MS | TF | OE
GraphRAG-7B 15.31 50.02 49.77 | 72.84 | 73.27 | 20.02
GraphRAG-14B 23.10 53.37 61.93 | 76.22 | 73.71 | 27.88
GraphRAG-QA-7B | 18.94 5413 | 5222 | 72.79 | 8178 | 21.91
GraphRAG-QA-14B |  25.93 56.39 | 63.37 | 76.81 | 83.39 | 28.75
RAPTOR-7B 18.13 5229 | 5112 | 72.97 | 70.56 | 18.64
RAPTOR-14B 25.26 5573 | 6247 | 76.57 | 75.94 | 27.35
RAPTOR-QA-7B 20.92 54.81 5274 | 73.23 | 79.61 | 20.96
RAPTOR-QA-14B |  26.69 57.77 | 64.02 | 76.61 | 82.49 | 28.36

Table 9: Router deployment strategy comparison.

Methods ‘ HotpotQA ‘ MuSiQue ‘ FB ‘ MS ‘ TF ‘ OE
HotpotQA router 20.62 54.59 52.16 | 72.62 | 79.11 | 20.15
Generalist router 20.92 54.81 52.74 | 73.23 | 79.61 | 20.96
Specialist router 21.19 54.97 53.02 | 73.64 | 79.89 | 21.27

GraphRAG-Bench. This finding strongly illustrates the effectiveness
of our proposed QA-GraphRAG.

6.5 Router Deployment Strategy Analysis

In this subsection, we compare the performance between the two
router deployment strategies inside QA-GraphRAG where the Spe-
cialist router is trained additionally on 200 samples from each target
dataset. We also include the HotpotQA Router in the comparison,
which is pre-trained only on the 2,000 samples from the HotpotQA
training set. Table 9 shows that the Generalist router consistently
outperforms the HotpotQA Router, illustrating that pre-training
on diverse queries effectively enhances generalization ability. Fur-
ther, we observe that the Specialist Router achieves the highest
performance on all the datasets. The modest gap between the two
deployment strategies suggests that the Generalist router captures
general query characteristics effectively. The choice between the
two deployment strategies offers a practical trade-off: Generalist
router requires no target-specific data and delivers robust perfor-
mance, while Specialist router provides a modest accuracy boost at
the cost of additionally finetuned on a small set of queries.

6.6 Interpretability Analysis

In this subsection, we split each benchmark dataset to “Local” and
“Global” queries the same as in Section 3.1. We report the eval-
uation results of GraphRAG and RAPTOR on the MuSiQue, Hot-
potQA dataset and MS, TF task of GraphRAG-Bench in Figure 5. Fig-
ure 5 illustrates that GraphRAG-QA and RAPTOR-QA outperform
their corresponding original variant on both “Local” and “Global”
queries except that GraphRAG-QA outperformed by GraphRAG
on the “Global” queries in the MS task. This finding reflects that
QA-GraphRAG can improve the performance of graph-based RAG
frameworks on both “Local” and “Global” queries, meaning that it
can well handle different kinds of queries across datasets.

6.7 Router Decision Analysis

To better understand how our router selects retrieval levels, we ran-
domly select 4 queries from the HotpotQA validation set. For these
queries, we report in Table 10 their respective preference scores on



Table 10: Preference scores examples predicted by the Generalist router.

Sampled Queries

‘Level-O Level-1 Level-2

“When did the director of film Hypocrite die?”
“What are the main differences between renewable and non-renewable energy sources?”
“Who is the author of the book that won the 2020 Pulitzer Prize for Fiction?”
“What is the overall trend in global temperatures over the past century?”
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Figure 5: “Local” and “Global” performance comparison.

retrieval levels predicted by the Generalist router, where Level-0
means raw text chunks and higher levels means more synthesized
knowledge. Table 10 shows that the router’s decisions align with
human intuition: factoid queries go to lower levels and abstract
queries go to higher levels. This case study confirms that our router
makes decisions consistent with our intended design.

7 DEPLOYMENT IN TENCENT

The GraphRAG framework in Tencent is deployed in the self-
developed Taiji ML platform as an indexing service. The GraphRAG
framework in Tencent uses the self-developed EasyGraph graph
database for graph data store. To integrate QA-GraphRAG into
the existing framework, we add a pre-trained router inside the
EasyGraph serving API to ensure that the router is called every
time when searching the pre-built GraphRAG index. The router
takes in the encoded query embedding returned by the embedding
model and outputs the optimal knowledge retrieval level. Then, the
original search function is invoked along with the parameter of
the predicted optimal knowledge retrieval level. The manual code
modification to the existing GraphRAG framework is marginal,
illustrating the flexibility of our proposed QA-GraphRAG.

8 RELATED WORKS

8.1 Retrieval-Augmented Generation

Retrieval-Augmented Generation (RAG) [7, 18, 21, 53] grounds
Large Language Models (LLMs) in external and up-to-date knowl-
edge, thereby reduces hallucinations and overcomes knowledge
cutoffs. To optimize retrieval efficiency and quality, REPLUG [28]
treats the LLM as a black box and prepends retrieved documents to
the input. Then, it uses the model’s output probability to supervise
the retriever. Self-RAG [1] introduces “reflection tokens”, which
allows the model to adaptively decide when to retrieve and eval-
uate the relevance of the retrieved passages through self-critique.
SeaKR [45] leverages the internal states of LLMs to estimate “self-
aware uncertainty”. SeaKR triggers retrieval if this uncertainty is
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high. This uncertainty is also used to re-rank and select the best
reasoning path. While these methods improve factuality, they pri-
marily rely on independent text chunks and lack the structural
connectivity needed for global context synthesis.

8.2 Graph-based RAG

Graph-based RAG frameworks enhance retrieval by representing
text as structured entities and relationships and facilitate multi-
hop reasoning. Two representative frameworks are Microsoft’s
GraphRAG [6] and RAPTOR [26]. GraphRAG utilizes the Leiden
community detection algorithm [32] to build a hierarchical knowl-
edge graph, within which summaries are generated at multiple
levels. In contrast, RAPTOR builds a tree-like hierarchy through
recursive Gaussian Mixture Model clustering [42]. While these sys-
tems offer global context, they often suffer from a “granularity gap”,
where they sometimes provide overly broad summaries for specific
fact-based queries through fixed retrieval strategies. LightRAG [8],
HybridRAG [25] and TREX [2] try to resolve this issue by retriev-
ing both local knowledge and global knowledge. Moreover, recent
works like HIRAG [12] and LeanRAG [49] have explored semantic
aggregation to improve this process, yet they frequently overlook
the need for query-adaptive retrieval.

9 CONCLUSION

In this paper, we conduct dataset-level and framework-level anal-
ysis on existing graph-based RAG frameworks and find that they
fail to satisfyingly handle different kinds of queries. To address this
issue, we propose QA-GraphRAG, a query-adaptive plug-and-play
retrieval integration that helps existing graph-based RAG frame-
works to adaptively select the most appropriate knowledge level
to start retrieval. Experiments on conventional KGQA datasets
and GraphRAG-Bench illustrate that our approach significantly en-
hances the performance of existing graph-based RAG frameworks,
providing a more efficient and effective retrieval mechanism for
graph-based RAG frameworks.
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