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Abstract

Retrieval-Augmented Generation (RAG) plays a crucial role
in grounding Large Language Models by leveraging exter-
nal knowledge, whereas the effectiveness is often compro-
mised by the retrieval of contextually flawed or incomplete
information. To address this, knowledge graph-based RAG
methods have evolved towards hierarchical structures, or-
ganizing knowledge into multi-level summaries. However,
these approaches still suffer from two critical, unaddressed
challenges: high-level conceptual summaries exist as dis-
connected “semantic islands”, lacking the explicit relations
needed for cross-community reasoning; and the retrieval pro-
cess itself remains structurally unaware, often degenerating
into an inefficient flat search that fails to exploit the graph’s
rich topology. To overcome these limitations, we introduce
LeanRAG, a framework that features a deeply collabora-
tive design combining knowledge aggregation and retrieval
strategies. LeanRAG first employs a novel semantic aggrega-
tion algorithm that forms entity clusters and constructs new
explicit relations among aggregation-level summaries, cre-
ating a fully navigable semantic network. Then, a bottom-
up, structure-guided retrieval strategy anchors queries to the
most relevant fine-grained entities and then systematically
traverses the graph’s semantic pathways to gather concise
yet contextually comprehensive evidence sets. The LeanRAG
can mitigate the substantial overhead associated with path
retrieval on graphs and minimize redundant information re-
trieval. Extensive experiments on four challenging QA bench-
marks with different domains demonstrate that LeanRAG sig-
nificantly outperforms existing methods in response quality
while reducing 46% retrieval redundancy.

Introduction
Large Language Models (LLMs) have demonstrated re-
markable capabilities in natural language understanding and
generation. Yet their effectiveness is often undermined by
their static internal knowledge, leading to factual inaccura-
cies and hallucinations (Huang et al. 2025b; Li et al. 2024).
Retrieval-Augmented Generation (RAG) was introduced as
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a potential solution, dynamically grounding LLMs in ex-
ternal, up-to-date information (Gao et al. 2023). However,
the effectiveness of naive RAG approaches is frequently
compromised. The retrieved text chunks often lack precise
alignment with the user’s true intent, and the reliance on
embedding-based similarity alone is often insufficient to
capture the deep semantic relevance required for complex
reasoning, resulting in responses that are either incomplete
or contextually flawed (Zhao et al. 2024; Wang et al. 2025).

To overcome the limitations of unstructured retrieval,
researchers have increasingly explored knowledge graph-
based RAG methods. Initial efforts, such as GraphRAG
(Edge et al. 2024), successfully organized documents into
community-based knowledge graphs, which helped preserve
local context better than disconnected text chunks. However,
these methods often generated large, coarse-grained com-
munities, leading to significant information redundancy dur-
ing retrieval. Subsequently, more advanced works like Hi-
RAG (Huang et al. 2025a) refined this paradigm by intro-
ducing hierarchical structures, clustering entities into multi-
level summaries. This represented a significant step for-
ward in organizing knowledge. Despite this progress, our
analysis reveals that two critical challenges remain unad-
dressed currently (as Figure 1 shows). First, the high-level
summary nodes in these hierarchies exist as “semantic is-
lands”. They lack explicit relational connections between
each other, making it hard to reason across different concep-
tual communities within the knowledge base. Second, the
retrieval process itself remains structurally unaware, often
degenerating into a simple semantic search over a flattened
list of nodes, failing to exploit the rich topological informa-
tion encoded in the graph. This leads to a retrieval process
that is both inefficient and imprecise.

To address these challenges, we propose LeanRAG, a
novel retrieval-augmented generation framework that syn-
ergistically integrates deeply collaborative knowledge struc-
turing with a lean, structure-guided retrieval strategy. At its
core, LeanRAG introduces a semantic aggregation algorithm
that constructs a hierarchical knowledge graph by organiz-
ing retrieved entities into semantically coherent clusters. Its
key innovation lies not only in clustering entities based on
semantic similarity but also in automatically inferring ex-
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Figure 1: Comparison of typical LLM retrieval-augmented generation frameworks.

plicit inter-cluster summary relations, leveraging the under-
lying knowledge’s contextual and relational semantics to es-
tablish higher-order abstractions. This process transforms
fragmented, isolated hierarchies into a unified, fully navi-
gable semantic network, where both fine-grained details and
abstracted knowledge are seamlessly interconnected.

Building upon this enriched structure, LeanRAG em-
ploys a bottom-up, structure-aware retrieval mechanism that
strategically navigates the graph to maximize relevance
while minimizing redundancy. The retrieval process begins
by anchoring the query to the most contextually pertinent
fine-grained entities at the leaf level. It then systematically
traverses relational pathways across both the original entity
layer and the derived summary layer, propagating evidence
upward through the hierarchy. This dual-level traversal en-
sures that the retrieved evidence set is not only concise and
focused but also contextually comprehensive, capturing both
specific details and broader conceptual relations essential for
accurate and coherent generation.

Our primary contributions can be summarized as follows:

• A novel semantic aggregation algorithm designed for
superior knowledge condensation. This method con-
structs a multi-resolution knowledge map by modeling
and building new relational edges between summary-
level conceptual nodes, effectively preserving both fine-
grained facts and high-level thematic connections within
a single, coherent structure.

• The introduction of a bottom-up entity retrieval strat-

egy to mitigate information redundancy. By initiating re-
trieval from high-relevance “anchor” nodes and expand-
ing context strictly along relevant semantic pathways,
this strategy yields a precise and compact evidence sub-
graph for LLMs.

• We demonstrate through extensive experiments that
LeanRAG achieves a new state-of-the-art on multiple
challenging QA tasks, significantly outperforming exist-
ing methods in both response performance and efficiency.

Related Work
Retrieval-Augmented Generation
Retrieval-Augmented Generation (RAG) mitigates the
knowledge limitations of LLMs by grounding them in ex-
ternal information (Lewis et al. 2020). It retrieves relevant
text chunks from a corpus and provides them as context
for generation (Wang et al. 2024). While effective, RAG
faces the ‘chunking dilemma”: small chunks lose context,
whereas large ones introduce noise and dilute the model’s
focus (Tonellotto et al. 2024).

Substantial research has been dedicated to overcoming
this limitation. One line of work improves the retriever it-
self, evolving from sparse methods like BM25 (Robert-
son, Zaragoza et al. 2009) to dense models such as DPR
(Karpukhin et al. 2020) and Contriever (Izacard et al. 2021),
which better capture semantic relevance. Another focuses
on indexing and organizing source documents (Jiang et al.
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2023), with recent methods creating hierarchical summaries
of text chunks to enable multi-level retrieval. For example,
RAPTOR builds a tree of recursively summarized clusters,
allowing retrieval of fine-grained details and high-level sum-
maries (Sarthi et al. 2024). However, these approaches still
treat knowledge as linear or simple hierarchical structures
and do not explicitly model complex, non-hierarchical re-
lations between entities and concepts, limiting their abil-
ity to answer queries requiring reasoning over such connec-
tions—motivating KG-based RAG methods.

Knowledge Graph Based Retrieval-Augmented
Generation
To better capture the relational nature of information, KG-
based RAG has emerged as a prominent research direc-
tion. By representing knowledge as a graph of entities and
relations, these methods aim to provide a more structured
and semantically rich context for the LLM (Peng et al.
2024). Early approaches in this domain focused on lever-
aging graph structures for improved retrieval. For instance,
GraphRAG (Edge et al. 2024) organizes documents into
community-based KGs to preserve local context, while other
methods like FastGraphRAG utilize graph-centrality metrics
such as PageRank (Page et al. 1999) to prioritize more im-
portant nodes during retrieval. This subgraph retrieval ap-
proach has also proven effective in industrial applications
like customer service, where KGs are constructed from his-
torical support tickets to provide structured context (Xu et al.
2024). These methods marked a significant step forward by
imposing a macro-structure onto the knowledge base, mov-
ing beyond disconnected text chunks.

Recognizing the need for finer control and abstraction,
subsequent works have explored more sophisticated hierar-
chical structures. HiRAG (Huang et al. 2025a), the current
state-of-the-art, clusters entities to form multi-level sum-
maries, while LightRAG (Guo et al. 2024) adopts a dual-
level framework to balance global and local retrieval. De-
spite these advances, a key gap remains in how graph struc-
tures are leveraged at query time. Retrieval is often decou-
pled from indexing—initial searches are performed over a
‘flattened” list of nodes rather than guided by community or
hierarchical relations. As a result, structural information is
mostly used for post-retrieval expansion instead of guiding
the crucial step of identifying relevant content. This limits
performance on complex queries where inter-entity relations
are critical, underscoring the need for a paradigm where re-
trieval is natively co-designed with the knowledge structure.

Preliminary
In this section, we will introduce and give a formal definition
of a RAG system with a specific knowledge graph.

Given a rich knowledge graph with the description of ver-
texes and relations G = (V,R,D(ver), D(rel)), where V
and R denote the set of entities and relations, D(ver) rep-
resents the collection of entity descriptions and D(rel) repre-
sents the collection of relationship descriptions. The goal of
KG-based RAG is to leverage existing information to build
a query-relevant sub-graph that helps LLMs generate high-

quality responses. Given a query q, the searching process
can be formulated as:

Ṽ = Top-nv∈V (Sim(q, dv)) (1)
where Sim(·, ·) is the embedding similarity metric function,
and n is the choice number of similarity entities. Based on
the metric, Ṽ contains the top n entities. Then we can search
the relational paths L between nodes v ∈ Ṽ . All relations r
that constitute the path L belong to the relation set R.

L =
⋃

x,y∈Ṽ

Path(x, y) = (r1, r2, . . . ) (2)

By leveraging Ṽ and L, the sub-graph G̃ is constructed to
support RAG systems with focused, query-relevant, and se-
mantically enriched knowledge retrieval.

Method
The performance of a generic KG-augmented retrieval
framework is fundamentally determined by the structural
and semantic quality of the underlying knowledge graph G,
as well as the precision and efficiency of the retrieval strat-
egy. To address the limitations of a flat graph structure and
naive path search strategy, we introduce LeanRAG, a frame-
work built on the principle of tightly co-designing its ag-
gregation and retrieval processes. As illustrated in Figure 2,
LeanRAG consists of two core innovations: (1) a Hierar-
chical Graph Aggregation method that recursively builds a
multi-level, navigable semantic network from the base KG;
and (2) a Structured Retrieval strategy that leverages this
hierarchy via Lowest Common Ancestor (LCA) path search
approach to construct a compact and coherent context.

Hierarchical Knowledge Graph Aggregation
The foundation of LeanRAG is the transformation of a flat
knowledge graph G0 into a multi-level, semantically rich hi-
erarchy H. This hierarchy allows for retrieval at varying lev-
els of abstraction. We construct this hierarchy, denoted as
H = {G0,G1, . . . ,Gk}, in a bottom-up, layer-by-layer fash-
ion. Each layer Gi = (Vi, Ri, D(ver)i , D(rel)i) represents a
more abstract view of the layer below it, Gi−1. The core of
this construction lies in a recursive aggregation process that
clusters nodes based on semantic similarity and then intelli-
gently generates new, more abstract entities and relations to
form the next layer.

Recursive Semantic Clustering. Given a knowledge
graph layer Gi−1, the first step is to identify groups of se-
mantically related entities that can be abstracted into a sin-
gle, higher-level concept. We leverage the rich descriptive
text dv ∈ D(ver)i−1

associated with each entity v ∈ Vi−1 for
this purpose. Following recent works in clustering text repre-
sentation (Sarthi et al. 2024), we employ a two-step process:
1. Semantic Embedding: We first encode the textual de-

scription of each entity into a dense vector representation
using a pre-trained embedding model Φ(·). This yields a
set of embeddings for the entire KG layer:

Ei−1 = {Φ(dv) | v ∈ Vi−1} (3)
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Figure 2: Overview of the LeanRAG framework.

2. Gaussian Mixture Clustering: We then apply a Gaus-
sian Mixture Model (GMM) (Reynolds 2015) to the set
of embeddings Ei−1. The GMM partitions the entities
Vi−1 into m disjoint clusters Ci−1 = {C1, C2, . . . , Cm},
where each cluster Cj (j ∈ [1,m]) contains entities that
are semantically similar in the embedding space.

This clustering provides a principled grouping of fine-
grained entities, setting the stage for conceptual abstraction.

Generation of Aggregated Entities and Relations. A
key limitation of prior hierarchical methods is that they often
only cluster entities, losing the rich relational information in
the process. LeanRAG overcomes this by using LLMs to in-
telligently generate both new entities and new relations for
the subsequent layer Gi.

Aggregated Entity Generation. For each cluster Cj ∈
Ci−1, we generate a single, more abstract aggregated entity
αj that represents the cluster’s collective semantics. This ab-
straction is achieved via a generation function Fentity, which
synthesizes a new concept by considering both the entities
within the cluster and the relations that exist among them.
Let RCj

be the set of relations in Gi−1 among entities within
cluster Cj .

(αj , dαj ) = Fentity(Cj , RCj ) (4)

The new entity set Vi = {αj}mj=1 and their associated de-
scriptions DVi

{dαj
}mj=1 are defined as the parent nodes of

{C1, C2, . . . , Cm} in the hierarchy, i.e., the nodes located at
the immediate higher level in the hierarchical structure.

In practice, the generation function Fentity is implemented
by LLMs guided by a carefully designed prompt Pentity. We
prompt LLMs to produce a concise name for the new entity
αj and a comprehensive description dαj

that summarizes its
components. Each entity v ∈ Cj is then linked to its new
parent entity αj , forming the parent-child connections in the
hierarchy.

Aggregated Relation Generation. To prevent the forma-
tion of “semantic islands” at higher layers, we explicitly cre-
ate new relations between the aggregated entities in Vi. This
ensures that the graph remains connected and navigable at
all levels of abstraction. For any pair of aggregated entities
(αj , αk), we confirm the inter-cluster relations R<Cj ,Ck>

that contains the relations between nodes that belong to the
Cj and Ck, respectively. Then, we constitute the inter-cluster
aggregated relation r<Cj ,Ck> by R<Cj ,Ck>. This paper de-
fines the number of R<Cj ,Ck> as the connectivity strength,
λj,k. If λj,k exceeds a dynamically defined threshold τ , we
infer that a meaningful high-level relationship exists, which
is summarized by the LLM-driven function Frel. Otherwise,
the inter-cluster aggregated relation is simply regarded as the
text concatenation of R<Cj ,Ck>.

r<αj ,αk> =

{
F(rel)(αj , αk, R<Cj ,Ck>), if λj,k > τ

Concate(R<Cj ,Ck>), otherwise
(5)

In practice, the generation function Frel is implemented
by LLMs guided by a specific prompt Prel.

The threshold τ is a data-dependent hyper-parameter that
may vary with the layer index to reflect the knowledge
graph’s density at different abstraction levels, ensuring only
salient, well-supported relations are propagated.

By recursively applying this process of clustering and
generation, we construct a rich, multi-layered KG where
each layer provides a progressively more abstract, yet se-
mantically coherent, view of the original information.

Structured Retrieval via Lowest Common Ancestor
The hierarchical knowledge graph H enables a retrieval
strategy that is fundamentally more structured and efficient
than searching over a flat graph. Our approach moves be-
yond simple similarity-based retrieval by leveraging the
graph’s topology to construct a compact and contextu-
ally coherent subgraph. This process consists of two main
phases: initial entity anchoring at the base layer, followed
by a structured traversal of the hierarchy to gather context.
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Initial Entity Anchoring. Given a user query q, the first
step is to ground the query in the most specific, fine-grained
facts available. We achieve this by performing a dense re-
trieval search exclusively over the entities of the original
graph, including the initial entities, that is, the base-layer
graph G0. We identify the top n entities whose textual de-
scriptions are most semantically similar to the query:

Vseed = Top-nv∈V0
(sim(q, dv)) (6)

This set of “seed entities”, Vseed, serves as the starting
point for structured traversal, ensuring our retrieval process
is anchored in the most relevant parts of the knowledge base.

Contextualization via LCA Path Traversal. Graph re-
trieval methods in the prior KG-based RAG would typically
find all paths between entities in Vseed on the flat graph G0.
This approach often retrieves a large number of intermediate
nodes that add noise and redundancy. In contrast, LeanRAG
utilizes the entire hierarchy H to define a much more fo-
cused and meaningful context. Our core idea is to construct
a minimal subgraph that connects the seed entities through
their most immediate shared concepts in the hierarchy. We
achieve this using the principle of the LCA. For two seed
entities in Vseed, their lowest common ancestor (LCA) vlca is
defined as the common ancestor with the minimum depth in
the hierarchy H among all their ancestors. This ensures that
the combined path length from the two seed entities to vlca
is minimized to avoid information redundancy.

The retrieval path Plca is then defined as the union of all
shortest paths in the hierarchy from each seed entity v ∈
Vseed to the common ancestor vlca:

Plca(Vseed,H) =
⋃

v∈Vseed

ShortestPathH(v, vlca) (7)

where ShortestPathH(·, ·) denotes the shortest path between
two nodes within the hierarchical graph H. Since our hierar-
chy is tree-like, this path consists of the direct chain of from
child nodes to parent nodes. Finally, the retrieved subgraph
for RAG context Gret is composed of all entities and relations
that lie on these LCA paths:

Gret = (Vret, Rret) (8)

Vret = {v | v ∈ Plca} (9)
Rret = Rlca ∪Rinter-cluster (10)

where Rlca contains the relations within the retrieval path
Plca and Rinter-cluster contains the inter-cluster relations be-
tween aggregation entities that are in the same level in the
hierarchical knowledge graph. For example, r<αj ,αk> ∈
Rinter-cluster, where αj ∈ Gi and αk ∈ Gi.

This LCA-based traversal strategy ensures that the re-
trieved context is not just a collection of relevant entities,
but a connected, coherent narrative structure, spanning from
specific facts to their shared abstract concepts. This signifi-
cantly reduces information redundancy and provides a much
richer, more structured context to the final LLM generator.
Furthermore, we return the original chunks from which the
entities were sourced as supporting evidence. The illustra-
tion of this process is provided in Figure 2.

Experiments
In our experiments, we aim to answer the following research
questions:
• RQ1: How does LeanRAG’s QA performance compare

against state-of-the-art baselines across diverse domains?
• RQ2: Does LeanRAG’s retrieval strategy reduce redun-

dancy while improving generation quality?
• RQ3: To what extent does the explicit generation of re-

lations between aggregated entities contribute to the
quality of the response?

• RQ4: Is the structured knowledge retrieved from the
graph sufficient for high-quality generation, or is the in-
clusion of the entities original textual context essential?

Baselines. To evaluate the performance of LeanRAG, we
compare it against a comprehensive suite of representative
and state-of-the-art KG-based RAG methods. The selected
baselines include:
• NaiveRAG (Lewis et al. 2020): The foundational RAG

approach, which retrieves semantically similar text
chunks from a document corpus.

• GraphRAG (Edge et al. 2024): A KG-based method that
organizes knowledge into communities. We use its local
search mode, as the global mode is computationally ex-
pensive and lacks local contextual grounding.

• LightRAG (Guo et al. 2024): Uses a dual-level retrieval
framework based on a KG-based text indexing paradigm.

• KAG (Liang et al. 2025): A pipeline that aligns LLM
generation with structured KG reasoning through mutual
knowledge-text indexing and logic-form guidance.

• FastGraphRAG: An enhancement of graph retrieval that
uses the PageRank algorithm (Page et al. 1999) to prior-
itize nodes of higher importance.

• HiRAG (Huang et al. 2025a): The current state-of-the-
art, which introduces hierarchical structures by clustering
entities into multi-level summaries.

Datasets and Evaluation Metrics. We used four datasets
from the UltraDomain benchmark (Qian et al. 2024), which
is designed to evaluate RAG systems across diverse applica-
tions, focusing on long context tasks and high-level queries
in specialized domains. We used Mix, CS, Legal, and Agri-
culture datasets following the prior work (Guo et al. 2024).

Evaluation Metrics. To provide a multi-faceted and in-
depth analysis of system performance, we evaluate the gen-
erated answers along four crucial dimensions, following the
prior work (Huang et al. 2025a):
• Comprehensiveness: Measures how thoroughly the an-

swer addresses the user’s query.
• Empowerment: Evaluates the answer’s practical utility

and its ability to provide actionable information.
• Diversity: Assesses the breadth of information and per-

spectives presented in the answer.
• Overall: Provides a single, holistic quality score to mea-

sure how the answer performs overall, considering com-
prehensiveness, empowerment, diversity, and any other
relevant factors.
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Following recent best practices in automated evaluation,
we employ powerful LLMs as judges to score the outputs of
all methods on the 1 to 10 scale defined by our metrics. In
order to directly reflect the quality of the answers, we will
also use LLM to directly evaluate the two answers to obtain
their win rates. Specifically, we use DeepSeek-V3 (Liu et al.
2024) as our evaluators, providing them with carefully de-
signed prompts to ensure consistent and unbiased scoring,
and each query and answer is scored 5 times.

Implementation Details. Across all experiments, we use
DeepSeek-V3 as the LLM generator for all models to en-
sure a fair comparison. The text embedding for retrieval is
computed using BGE-M3 (Chen et al. 2024). The number
of clusters for the GMM and other key hyperparameters are
tuned on a held-out validation set. All main experiments
were conducted leveraging commercial API services. For
our main experiments, we utilized the DeepSeek-V3 model
as the backbone for all models, following prior work (Huang
et al. 2025a), ensuring a fair comparison. In addition, to eval-
uate RQ2 efficiently, we reproduced the baseline methods on
the Qwen3-14b (Yang et al. 2025) model to assess the redun-
dancy between LeanRAG and other methods.

Overall Performance Comparison (RQ1)
To address RQ1 , we compare LeanRAG against all baseline
models across four benchmarks, as presented in Table 1. The
experimental results demonstrate that LeanRAG almost out-
performs all baselines across the evaluated datasets.

From a Comprehensiveness perspective, even after re-
moving the information-intensive community structure of
traditional KG-based RAG, the aggregation used by Lean-
RAG still provides sufficient query-related information. Fur-
thermore, Empowerment and Diversity effectively measure
the relevance of the provided information. These indi-
cate that LeanRAG effectively enhances the breadth of in-
formation by establishing inter-cluster relations, resulting
in optimal performance. In summary, LeanRAG demon-
strates state-of-the-art performance on the majority of met-
rics across four evaluated datasets and achieves highly com-
petitive results on the remaining ones.

Analysis of Information Redundancy (RQ2)
Experimental Setup. To answer RQ2, we evaluate the in-
formation redundancy of different methods. We use the to-
ken count of the retrieved context as a metric for redundancy,
where a lower token count at a comparable performance
level signifies a less redundant context. We re-implemented
all baselines with Qwen3-14B-Instruct.

Retrieved Context Size. Figure 3 shows the number of to-
kens in the context retrieved by each method. The results in-
dicate that LeanRAG retrieves a substantially more compact
context compared to all baselines. On average, its retrieved
context is 46% smaller than baselines. This result can be
attributed to our LCA-based traversal strategy, which con-
structs a focused subgraph by navigating the hierarchy, in
contrast to methods that retrieve larger communities.
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Figure 3: Comparison in retrieval tokens across four datasets

Cluster Relation Effectiveness Analysis (RQ3)
The core innovation of LeanRAG is not only its use of fine-
grained, controllable aggregate entities but also its establish-
ment of paths between them, which creates a fully naviga-
ble semantic network for retrieval. This design directly ad-
dresses RQ3: whether the inter-cluster relationships, which
break the traditional “semantic islands” problem, can truly
improve retrieval quality. To test this, we conducted exper-
iments on four datasets, comparing the retrieval results of
LeanRAG with and without the inclusion of path informa-
tion. The win rates across four different metrics were then
analyzed, with the results summarized in Table 2.

The data in Table 3 clearly shows that when relational
paths are removed, LeanRAG’s retrieval diversity, or the
breadth of its information, decreases significantly. This re-
sult confirms that establishing relationships between clusters
effectively connects isolated entities, thereby enriching the
information available for retrieval. Furthermore, by explic-
itly returning these relationships, the retrieval process is en-
hanced, leading to a demonstrable improvement in the over-
all quality of the retrieved answers.

Necessity Analysis of Textual Context (RQ4)
Motivation and Setup. To answer RQ4, we investigate the
role of the original unstructured text chunks in our frame-
work. While the graph structure serves as an effective re-
trieval guide, it is crucial to assess whether structured in-
formation alone suffices for the generator or if the source
text remains essential. To this end, we conduct an ablation
study using a variant of our model, denoted as LeanRAG
w/o Context. This variant follows the same hierarchical re-
trieval process, but the final context provided to the LLM
generator includes only the names and descriptions of the
retrieved graph entities, excluding the original text chunks
linked to the base-level entities. We then compare its perfor-
mance with that of the full LeanRAG model.

Results and Analysis. The results of this comparison are
presented in Table 3. Across all four datasets and nearly ev-
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Dataset Metric ↑ LeanRAG HiRAG Naive GraphRAG LightRAG FastGraphRAG KAG

Mix

Comprehensiveness 8.89±0.01 8.72±0.02 8.20±0.01 8.52±0.01 8.19±0.02 6.56±0.02 7.90±0.03
Empowerment 8.16±0.02 7.86±0.03 7.52±0.03 7.73±0.02 7.56±0.03 5.82±0.03 7.41±0.04
Diversity 7.73±0.01 7.21±0.02 6.65±0.03 7.04±0.02 6.69±0.04 4.88±0.03 6.42±0.04
Overall 8.59±0.01 8.08±0.02 7.47±0.02 7.87±0.01 7.61±0.04 5.76±0.02 7.25±0.03

CS

Comprehensiveness 8.92±0.01 8.92±0.01 8.94±0.01 8.55±0.02 8.76±0.02 6.79±0.01 8.22±0.02
Empowerment 8.68±0.02 8.66±0.02 8.69±0.04 8.28±0.04 8.50±0.04 6.67±0.04 8.52±0.05
Diversity 7.87±0.02 7.84±0.02 7.79±0.02 7.42±0.02 7.63±0.04 5.45±0.04 7.03±0.02
Overall 8.82±0.02 8.77±0.02 8.77±0.03 8.37±0.04 8.59±0.04 6.31±0.03 7.99±0.03

Legal

Comprehensiveness 8.88±0.02 8.68±0.02 8.85±0.01 8.95±0.01 8.24±0.02 3.87±0.02 8.41±0.02
Empowerment 8.42±0.03 8.18±0.06 8.28±0.03 8.33±0.02 7.83±0.05 3.53±0.03 8.20±0.03
Diversity 7.49±0.03 7.00±0.03 7.10±0.04 7.47±0.03 6.87±0.01 2.87±0.02 6.71±0.01
Overall 8.49±0.04 8.00±0.04 8.21±0.03 8.44±0.01 7.74±0.03 3.43±0.02 7.83±0.03

Agriculture

Comprehensiveness 8.94±0.06 8.99±0.00 8.85±0.01 8.97±0.01 8.71±0.01 3.28±0.01 8.22±0.01
Empowerment 8.66±0.02 8.52±0.02 8.51±0.03 8.52±0.02 8.23±0.02 3.29±0.05 8.33±0.06
Diversity 8.06±0.03 7.98±0.02 7.76±0.06 7.95±0.02 7.68±0.03 3.01±0.03 7.07±0.02
Overall 8.87±0.02 8.87±0.03 8.69±0.03 8.85±0.01 8.56±0.02 3.17±0.02 7.95±0.03

Table 1: Evaluation scores (1–10 scale) of LeanRAG compared to baseline methods, assessed by an LLM

Mix CS Legal Agriculture

Comprehensiveness 51.5% 48.6% 54.5% 45.5% 55.5% 44.5% 54.0% 46.0%
Empowerment 55.0% 45.0% 55.5% 44.5% 56.5% 43.5% 59.5% 40.5%
Diversity 59.6% 40.4% 66.0% 34.0% 57.0% 43.0% 63.0% 37.0%
Overall 53.8% 46.2% 58.5% 41.5% 56.5% 43.5% 58.0% 42.0%

Table 2: Win rates (%) between LeanRAG and LeanRAG w/o Relation (Left: LeanRAG; Right: w/o Relation)

ery evaluation metric, the performance of LeanRAG drops
significantly when the original textual context is removed.
On average, the overall quality score decreases from 8.59
to 7.93 on the Mix dataset, and similar degradations are ob-
served on the CS, Legal, and Agriculture datasets.

The most pronounced drops are consistently seen in the
Comprehensiveness and Empowerment metrics. This is ex-
pected, as raw text chunks contain the detailed explanations,
evidence, and nuanced language necessary for generating
thorough and actionable answers. In contrast, a context com-
posed solely of structured entity information, while seman-
tically focused, lacks the narrative richness required by the
LLM. These findings confirm our hypothesis: the hierarchi-
cal graph in LeanRAG acts as an effective semantic index
and navigation system whose primary function is to pre-
cisely locate critical segments of unstructured text. The col-
laboration between structured graph traversal for guidance
and the rich content of unstructured text for generation is
essential to achieving state-of-the-art performance.

Conclusions
To address the critical challenges of “semantic islands” and
the structure-retrieval mismatch in the KG-based RAG sys-
tems, we propose LeanRAG, a novel framework that re-
solves these issues through a tight co-design of its knowl-
edge aggregation and retrieval mechanisms. Our approach
features a hierarchical aggregation algorithm that constructs
a fully navigable semantic network by generating explicit

Dataset Metric ↑ LeanRAG LeanRAG w/o Context

Mix

Comprehensiveness 8.89±0.01 8.15±0.02 ↓
Empowerment 8.16±0.02 7.80±0.01 ↓
Diversity 7.73±0.01 7.26±0.02 ↓
Overall 8.59±0.01 7.93±0.01 ↓

CS

Comprehensiveness 8.92±0.01 8.66±0.02 ↓
Empowerment 8.68±0.02 8.19±0.03 ↓
Diversity 7.87±0.02 7.57±0.02 ↓
Overall 8.82±0.02 8.34±0.02 ↓

Legal

Comprehensiveness 8.88±0.02 8.49±0.01 ↓
Empowerment 8.42±0.03 8.11±0.04 ↓
Diversity 7.49±0.03 7.09±0.04 ↓
Overall 8.49±0.04 8.00±0.04 ↓

Agriculture

Comprehensiveness 8.94±0.06 8.65±0.01 ↓
Empowerment 8.66±0.02 8.16±0.05 ↓
Diversity 8.06±0.03 7.88±0.05 ↓
Overall 8.87±0.02 8.53±0.03 ↓

Table 3: Necessity analysis of textual context

relations between abstract summary concepts, and a com-
plementary bottom-up, LCA-based retrieval strategy that
efficiently traverses this structure. Experiments show that
LeanRAG achieves state-of-the-art performance with signif-
icantly reduced redundancy. Ablation studies further con-
firm that both summary generation and original context are
crucial for comprehensive, diverse answers.
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