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A B S T R A C T
Generative AI particularly Large Language Models, increasingly integrates graph-based representa-
tions to enhance reasoning, retrieval, and structured decision-making. Despite rapid advances, there
remains limited clarity regarding when, why, where, and what types of graph–LLM integrations are
most appropriate across applications. This survey provides a concise, structured overview of the design
choices underlying the integration of graphs with LLMs. We categorize existing methods based on
their purpose (e.g., reasoning, retrieval, generation, recommendation), graph modality (knowledge
graphs, scene graphs, interaction graphs, causal graphs, dependency graphs), and integration strategies
(prompting, augmentation, training, or agent-based use). By mapping representative works across
domains such as cybersecurity, healthcare, materials science, finance, robotics, and multimodal
environments, we highlight the strengths, limitations, and best-fit scenarios for each technique. This
survey aims to offer researchers a practical guide for selecting the most suitable graph–LLM approach
depending on task requirements, data characteristics, and reasoning complexity.

1. Introduction
Generative Artificial Intelligence (Gen-AI) has rapidly

transformed the landscape of intelligent systems, with large
language models (LLMs) demonstrating remarkable capa-
bilities in understanding, generating, and reasoning over
unstructured text. Despite these advances, LLMs primar-
ily operate on sequential token representations and often
lack explicit mechanisms for modeling structured relational
knowledge [1, 2, 3]. In parallel, graph representations pro-
vide a powerful framework for capturing entities, relation-
ships, and topological dependencies in structured data [4].
Consequently, integrating LLMs with graph-based learning
has emerged as a promising direction to enhance reasoning,
retrieval, and decision-making.

Graph-enhanced LLMs combine the semantic reasoning
power of language models with the structured inductive bias
of graphs. While LLMs excel at extracting contextual mean-
ing from text, they often struggle to explicitly model com-
plex relationships and multi-hop dependencies [5]. Graph
structures address this limitation by encoding entities and
their interactions in an organized and interpretable manner.
Based on previous works [6, 7, 8], graph-LLM integration
enables more reliable reasoning over structured knowledge
that may be difficult to infer from text alone.

Recent studies further demonstrate the effectiveness of
this combination across multiple domains. For instance,
applications span software engineering [9], recommendation
systems [10], healthcare [11] and clinical decision support
[12], traffic prediction [13], and cybersecurity [14, 15]. For
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example, [16] introduces a graph-augmented LLM frame-
work that incorporates relational structures to improve rea-
soning and predictive performance on structured datasets.
Similarly, [17] proposes a hybrid LLM–GNN architecture
in which semantic features generated by LLMs enhance
graph-based classification and inference, highlighting the
synergy between language and graph representations. Figure
1 illustrates the recent methods for integrating graphs and
LLMs.

Motivated by these advances, this paper investigates
recent strategies for integrating large language models with
graph-based methods. Furthermore, we provide a structured
overview of existing approaches and present a unified per-
spective on their design choices, capabilities, and application
scenarios.
Motivation Since 2018, the importance of transformer-
based models and large language models (LLMs) has in-
creased rapidly and continues to be highlighted across
diverse real-world applications. More recently, integrating
LLMs with graph-based representations has shown strong
potential to produce more informative and structured rea-
soning outcomes. Although a limited number of studies have
explored the use of LLMs in conjunction with graphs, we
have not identified any systematic research that compre-
hensively investigates the different aspects of graph-LLM
integration. In particular, there is a lack of studies addressing
the fundamental questions (when, why, where, and what),
regarding the effective use of LLMs with graph structures. In
this research, we aim to provide a structured and systematic
analysis of graph-LLM integration, clarifying when such
integration is most beneficial and why graph representations
enhance LLM reasoning. We further examine where these
approaches are most effective across application domains,
and identify the key design choices and architectural patterns
critical for their successful deployment.
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Figure 1: Recent methods for integrating Graph and LLMs

Why Combine Graphs and LLMs? To address the ques-
tion of why graphs and large language models should be
combined, the rationale largely depends on the specific use
case and application requirements. LLMs are highly effec-
tive at understanding unstructured text, while graph-based
models are effective at capturing structured relationships and
dependencies.
For example, in software engineering [9], LLMs can analyze
source code to infer semantic intent, whereas graphs can
represent program structures such as call graphs and control-
flow graphs. Together, they enable more accurate tasks such
as code localization, vulnerability analysis, and program
understanding.
Similarly, in healthcare and clinical decision support sys-
tems [11], LLMs can interpret clinical notes, while graphs
encode structured medical knowledge, including disease-
symptom relationships and drug interactions. Their inte-
gration supports more reliable clinical reasoning, improved
decision support, and reduces the risk of hallucination in
high-stakes medical applications.
Survey Scope and Contributions This survey focuses
on the systematic analysis of recent efforts that integrate
large language models with graph-based representations. We
cover a broad range of graph modalities, including knowl-
edge graphs, program and dependency graphs, interaction
graphs, causal graphs, and multi-modal graph structures, and
examine how they are combined with LLMs across diverse
tasks and domains. The main contributions of this survey are
summarized as follows:

• We present a unified taxonomy of graph-LLM integration
strategies, categorizing existing approaches by their func-
tional role, graph modality, and integration mechanism.

• We investigate representative methods across multiple appli-
cation domains, highlighting their strengths, limitations, and
suitability for different task settings.

• We identify common design patterns and recurring chal-
lenges, including scalability, hallucination mitigation, inter-
pretability, and reasoning depth.

• We provide practical guidelines to help researchers and
practitioners select an appropriate graph-LLM integration
approach based on the task complexity, data availability, and
application constraints.
The rest of the paper is organized as follows. Section 2
presents the foundational concepts underlying Large Lan-
guage Models (LLMs) and Graph Neural Networks (GNNs),
highlighting their complementary strengths and limitations.
Section 3 reviews LLM-assisted graph construction tech-
niques, including knowledge graph extraction, ontology
engineering, and iterative graph building methods. Section
4 introduces graph-enhanced LLM reasoning paradigms,
with a particular focus on Graph Retrieval-Augmented
Generation (GraphRAG) and related reasoning frameworks.
Section 5 discusses hybrid GNN–LLM models, categoriz-
ing them into collaboration frameworks, directional inte-
grations, explainability-enhanced methods, and pre-trained
architectures.
Section 6 explores knowledge graph question answering
(KGQA) approaches, covering both training-free and LLM-
augmented methods. Section 7 examines the integration of
scene graphs with LLMs, including applications in gen-
eration, editing, retrieval, and navigation tasks. Section 8
presents graph–agent–LLM integration frameworks, empha-
sizing agentic reasoning and multi-step workflows. Section
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9 highlights real-world applications across domains such
as cybersecurity, healthcare, recommendation systems, and
governance. Finally, the paper concludes with a summary of
key insights, challenges, and future research directions.

2. Foundations
Add details of the subsections below:

2.1. Large Language Models
Large Language Models are deep neural architectures

trained on large-scale textual corpora to learn general-
purpose representations of language. They capture statistical
patterns, semantic relationships, and contextual dependen-
cies across tokens, enabling a wide range of tasks including
text generation, question answering, and reasoning. Most
modern LLMs are built upon the Transformer architecture,
which leverages self-attention mechanisms to model long-
range dependencies without relying on recurrence. Due to
large-scale pretraining, LLMs exhibit strong generalization
and in-context learning capabilities [18, 19], allowing them
to adapt to new tasks with minimal or no parameter updates.

Formally, let a tokenized sequence be denoted as
𝐱 = (𝑥1, 𝑥2,… , 𝑥𝑇 ),

where each 𝑥𝑡 ∈  and  is the vocabulary. An LLM param-
eterized by 𝜃 models the joint probability of the sequence
using the autoregressive factorization:

𝑃𝜃(𝐱) =
𝑇
∏

𝑡=1
𝑃𝜃(𝑥𝑡 ∣ 𝑥<𝑡),

where 𝑥<𝑡 = (𝑥1,… , 𝑥𝑡−1). The model is trained by maxi-
mizing the likelihood over a dataset :

𝜃∗ = argmax
𝜃

𝔼𝐱∼

[ 𝑇
∑

𝑡=1
log𝑃𝜃(𝑥𝑡 ∣ 𝑥<𝑡)

]

.

The core computation in Transformer-based LLMs is
the self-attention mechanism. Given an input representation
𝑋 ∈ ℝ𝑇×𝑑 , attention is computed as:

Attention(𝑄,𝐾, 𝑉 ) = softmax
(

𝑄𝐾⊤
√

𝑑𝑘

)

𝑉 ,

where
𝑄 = 𝑋𝑊𝑄, 𝐾 = 𝑋𝑊𝐾 , 𝑉 = 𝑋𝑊𝑉 ,

and 𝑊𝑄,𝑊𝐾 ,𝑊𝑉 are learnable projection matrices. Multi-
ple attention heads are combined to capture diverse contex-
tual interactions.

At inference time, given a context or prompt , the model
generates an output sequence 𝐲 as:

𝑃𝜃(𝐲 ∣ ) =
|𝐲|
∏

𝑡=1
𝑃𝜃(𝑦𝑡 ∣ , 𝑦<𝑡),

enabling in-context learning without modifying model pa-
rameters.

Despite their strong representational power, LLMs en-
code knowledge implicitly within parameters 𝜃, lacking ex-
plicit structured representations such as graphs  = ( , ).
This limits their effectiveness in tasks requiring explicit rela-
tional reasoning, multi-hop inference, and verifiable factual
consistency.
2.2. Graph Neural Networks

Graph Neural Networks (GNNs) are designed to operate
on graph-structured data, where entities are represented as
nodes and relationships as edges. Through message passing
and neighborhood aggregation, GNNs capture structural de-
pendencies and relational patterns that are difficult to model
using sequential representations. GNNs have been widely
applied in domains such as social networks, recommenda-
tion systems, biology, and program analysis. Despite their
effectiveness in structured reasoning, GNNs typically lack
the rich semantic understanding and generalization capabil-
ities of LLMs when dealing with unstructured language.

Graph neural networks were first introduced in [31] to
learn representations of nodes in an unordered set of nodes
connected by graph connectivity, aggregating integrative
features, and disseminating information among local neigh-
bors. GNNs became a hot topic after the emergence of GCNs
[7]. GCNs use a variant of convolutional neural networks for
node feature propagation. Simple Graph Convolution (SGC)
[32] simplifies the vanilla GCN by removing nonlinear ac-
tivations and compressing the weight matrix. Graph-SAGE
[33] more space-efficiently aggregates and updates node
features from local neighbors for aggregation and updating.

These methods often have issues such as over-smoothing.
In response to these challenges, researchers have explored
Transformer-based methods, such as Graphormer [34], for
graph-learning tasks. These methods conceptualize graph
nodes and edges as tokens, leveraging attention mechanisms
to learn their relations for effective graph representation.
Although these methods alleviate the over-smoothing is-
sue and capture long-range dependencies between nodes,
inadequate generalization significantly impedes progress in
graph learning. GNNs have shown outstanding performance
in graph reasoning tasks, however, the majority of GNNs
are graph-specific. They are tailored for a particular graph
type with consistent features and structures, thus posing
challenges for generalization to different graphs.

3. LLM-Assisted Graph Construction
Write the text here about the sub-sections....

3.1. Knowledge Graph Extraction from Text
Knowledge graph (KG) extraction from text, often re-

ferred to as Text2KG, aims to transform unstructured or
semi-structured documents into structured knowledge rep-
resentations, typically in the form of entity-relation-entity
triples enriched with types, attributes, and provenance [20].
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Figure 2: LLM-assisted graph construction vs traditional text2KG

Traditional Text2KG pipelines decompose this task into
multiple components, including named entity recognition,
relation extraction, entity linking, and schema alignment.
While effective, such pipelines require task-specific models,
annotated datasets, and substantial engineering effort, limit-
ing their scalability and adaptability to new domains.

Recent advances in large language models (LLMs) have
significantly reshaped the Text2KG landscape by enabling
LLM-assisted graph construction, where extraction is for-
mulated as a structured generation problem [21]. Instead of
relying on separate extraction modules, LLMs can jointly
identify entities, infer relations, and map outputs to a prede-
fined or dynamically induced schema using natural language
prompts. This paradigm substantially reduces pipeline com-
plexity while improving semantic coverage, particularly for
implicit relations and higher-level abstractions expressed in
text [22, 23, 24].
3.2. LLM-assisted extraction paradigms.

Current research converges on several dominant paradigms
for LLM-based KG construction. Prompt-based extraction
instructs the LLM to output entities and relations in a
constrained format such as JSON or RDF-like triples, often
conditioned on a fixed ontology or relation inventory to con-
trol relation drift. Hybrid pipelines combine LLM-generated
candidates with deterministic validation steps, including
schema constraints, duplicate removal, and entity canoni-
calization, to improve precision and consistency. Retrieval-
augmented approaches further ground extraction by incor-
porating relevant schema definitions, exemplar triples, or
external knowledge retrieved at inference time, thereby miti-
gating hallucinations. More advanced systems adopt agentic

or multi-step workflows, decomposing KG construction into
extraction, verification, normalization, and consolidation
stages with iterative refinement.
3.3. Ontology Engineering and Schema

Construction
Ontology engineering is another method for connecting

LLMs and graphs. For example, in [25], the authors focused
on automating ontology and knowledge graph construction
using large language models (LLMs) to reduce reliance on
human experts. Their goal was to design a semi-automated
pipeline that generates competency questions, builds an on-
tology schema, extracts entities and relationships from sci-
entific texts, and constructs a knowledge graph with mini-
mal manual intervention. They applied retrieval-augmented
generation (RAG) and tested multiple open-source LLMs on
a dataset of scientific publications related to deep learning.
Their results showed that LLMs can effectively support
ontology and knowledge graph creation with reasonable
accuracy.

In [26], the authors of the paper focused on exploring
how large language models like ChatGPT can assist with
knowledge graph engineering (KGE), especially to support
tasks that normally require deep expertise in graph struc-
tures, vocabularies, logic, and web technologies. They con-
ducted comprehensive experiments to test whether ChatGPT
(including GPT-3.5 and GPT-4) can help with the develop-
ment and management of knowledge graphs by performing
specific engineering tasks and evaluated the results of these
experiments to demonstrate the model’s potential and limi-
tations in supporting KGE processes.
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In [27], the authors focused on applying large language
models (LLMs) to the challenging task of complex ontology
alignment, which means finding semantic correspondences
between detailed, multi-entity structures in different on-
tologies rather than just simple one-to-one matches. Their
goal was to replicate and evaluate a previous approach that
uses modular information about ontologies to guide LLMs
in generating alignment rules, testing whether this method
remains effective on a new dataset with more varied, com-
plex alignments. They used a dataset based on the Enslaved
ontology to propose alignment rules.
3.4. Iterative and Zero-Shot Graph Construction

Also, other researchers focused on zero-shot graph con-
struction. In [28], the authors focused on automatically
constructing knowledge graphs using large language models
(LLMs) in a zero-shot setting, without relying on annotated
data or predefined ontologies. Their goal was to design a
scalable and general pipeline that extracts entities, relations,
and triplets directly from unstructured text through iterative
prompting. Using models like GPT-3.5, they demonstrated
that LLMs can generate structured knowledge graphs effec-
tively, showing the potential of prompt-based approaches for
automated knowledge graph construction.

In [29], the authors focused on creating a new method to
evaluate and detect hallucinations (inaccurate or inconsistent
outputs) from large language models by converting their re-
sponses into knowledge graph (KG) structures and checking
each part against known context. Their goal was to provide
a more explainable and systematic way to pinpoint exactly
where a model’s answer diverges from factual grounding
than previous metrics, while also improving detection ac-
curacy by combining their KG representation with natural
language inference models. They also introduced a follow-
up method called GraphCorrect that leverages the same KG
structure to attempt to correct hallucinated information.

In [30], the authors focused on creating a scalable bench-
mark called LLM-KG-Bench to assess how well large lan-
guage models perform on tasks related to knowledge graph
engineering (KGE). Their goal was to design a framework
with multiple challenge tasks, including syntax/error cor-
rection, fact extraction, and dataset generation, that can
automatically evaluate LLM responses, track prompt engi-
neering, and visualize performance, because existing bench-
marks didn’t adequately measure LLMs’ abilities in KGE.
They found that while LLMs can be useful tools, they are not
yet effective enough for knowledge graph generation using
zero-shot prompting, and their benchmark helps quantify
and compare model strengths and weaknesses in this area.

4. Graph-Enhanced LLM Reasoning
This section surveys graph-enhanced LLM reasoning

paradigms, where graph structures are incorporated directly
into the inference pipeline to impose relational constraints,
enable multi-hop reasoning, and improve factual consis-
tency. We review Graph Retrieval-Augmented Generation

(Graph-RAG) methods that perform structure-aware re-
trieval over graphs (Section 4.1), graph-based prompting and
tokenization techniques that encode topology and relational
semantics into LLM inputs or representations (Section 4.2),
and graph-guided reasoning frameworks in which explicit
graph traversal or path selection steers LLM inference
(Section 4.3). Figure 2 shows a general view of LLM-graph
reasoning methods.
4.1. Graph Retrieval-Augmented Generation

(RAG)
In a Direct LLM workflow, the model receives a user

query and produces an answer solely based on its internal
parametric knowledge. All factual recall, reasoning, and
multi-step inference are implicitly encoded in the model’s
learned weights. While this approach offers a simple and
efficient inference pipeline, it exhibits fundamental limita-
tions. The model’s knowledge is static and frozen at training
time, performance degrades on domain-specific or long-tail
queries, and multi-hop reasoning remains unreliable because
intermediate relational constraints are not explicitly repre-
sented or enforced [31]. Consequently, Direct LLMs are
prone to hallucination, brittle reasoning chains, and limited
transparency, particularly when answering questions that
require integrating multiple interdependent facts.

Retrieval-Augmented Generation (RAG) addresses the
knowledge limitation of Direct LLMs by introducing an
external retrieval step. Given a query, relevant documents
or text chunks are retrieved from a corpus—typically using
vector similarity—and supplied to the LLM as contextual
grounding before generation. This design reduces hallu-
cination by anchoring responses in external evidence and
enables access to up-to-date or domain-specific information
[32]. However, classical RAG treats retrieved content as
a flat collection of independent passages, largely ignoring
structural relationships among entities, facts, or documents.
As a result, while RAG improves factual recall, it continues
to struggle with multi-hop reasoning, compositional queries,
and global logical consistency. In complex reasoning scenar-
ios, relevant pieces of information may be retrieved, yet the
model lacks an explicit mechanism to coherently chain them.

Graph Retrieval-Augmented Generation (GraphRAG)
extends the RAG paradigm by explicitly modeling retrieved
knowledge as a graph, where nodes represent entities, docu-
ments, or concepts, and edges encode semantic, temporal,
causal, or relational dependencies. Rather than retrieving
isolated text chunks, GraphRAG retrieves subgraphs or
reasoning paths, preserving the relational structure required
for multi-step inference [33, 34, 35]. This enables controlled
traversal, neighborhood expansion, and constraint-aware
reasoning, allowing the LLM to follow explicit relational
pathways instead of implicitly inferring them from unstruc-
tured text.
In summary, GraphRAG can be viewed as a natural evo-
lution of retrieval-augmented generation, where grounding
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Figure 3: Graph-enhanced LLM reasoning and related graph categories

Table 1
Comparison of Direct LLM, RAG, and GraphRAG.

Paradigm Core Workflow Strengths Weaknesses

Direct LLM Query processed directly by LLM
for answer generation

Static inference, low latency,
strong language fluency

Static knowledge, hallucinations,
weak multi-hop reasoning

RAG Retrieve relevant documents and
inject contextual evidence before
LLM generation

External grounding, reduced hallu-
cination, updatable corpus

Flat retrieval, no relational struc-
ture, weak compositional reasoning

GraphRAG Graph-aware retrieval followed by
subgraph reasoning with LLM

Structure-aware retrieval, explicit
multi-hop reasoning, interpretabil-
ity

Graph construction cost, higher
system complexity, scalability chal-
lenges

alone is insufficient and explicit relational structure is re-
quired to support reliable, interpretable, and generalizable
reasoning by large language models. The key differences in
workflow design, strengths, and limitations among Direct
LLMs, RAG, and GraphRAG are summarized in Table 1.

5. Hybrid GNN-LLM Models
Recent advances in integrating Large Language Models

(LLMs) with Graph Neural Networks (GNNs) have led
to a rapidly evolving research landscape. Existing works
can be broadly categorized into four paradigms based on
their interaction mechanisms and architectural designs: (1)
collaboration frameworks, (2) directional integrations, (3)
explainability-enhanced hybrids, and (4) pre-trained hybrid
architectures. This taxonomy is consistent with recent sur-
veys that categorize LLM-graph integration based on cou-
pling strategies between language and graph models [36].

Figure 6 provides a conceptual overview of these paradigms
by contrasting hybrid GNN-LLM collaboration frameworks
with the emerging LLM-as-GNN paradigm. Hybrid ap-
proaches explicitly combine structural inductive bias with

semantic reasoning, whereas LLM-as-GNN methods im-
plicitly encode graph structure into textual sequences and
rely on attention mechanisms for reasoning.

A unified comparison of representative methods across
all paradigms is provided in Table 2.
5.1. Collaboration Frameworks

Collaboration frameworks enable bidirectional interac-
tion between LLMs and GNNs through iterative or coopera-
tive mechanisms. These approaches can be categorized into:
(1) iterative co-training, (2) LLM-guided supervision, and
(3) graph structure refinement.

Iterative Co-training:Iterative co-training frameworks
establish feedback loops between LLMs and GNNs. Repre-
sentative methods such as GLEM [37] and LOGIN [38] al-
ternately refine graph representations and predictions using
both semantic and structural signals.

LLM-Guided Supervision : In this setting, LLMs pro-
vide pseudo-labels, rationales, or soft supervision signals.
Distillation-based approaches [39] enable knowledge trans-
fer from LLMs to GNNs, improving performance in low-
resource settings.
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Graph Structure Refinement : These approaches lever-
age LLMs to modify graph topology. GraphEdit [40] is a
representative example that refines graph connectivity to
improve downstream learning.
5.2. Directional Integrations: LLM4GNN and

GNN4LLM
Directional integration represents unidirectional interac-

tion, where either LLMs enhance graph learning (LLM4GNN)
or graph structures enhance LLM reasoning (GNN4LLM).
5.2.1. LLM4GNN

LLM4GNN approaches can be divided into: (1) feature
augmentation, (2) pseudo-labeling and supervision, and (3)
graph structure enhancement.

Feature augmentation methods (e.g., GLEM [37], LLaGA [41])
improve node representations using LLM embeddings. Pseudo-
labeling approaches (e.g., LOGIN [38], distillation [39])
provide supervision signals. Structure enhancement meth-
ods (e.g., [42], SaVe-TAG [43]) refine graph topology or
generate data.
5.2.2. GNN4LLM

GNN4LLM approaches can be categorized into: (1)
graph retrieval, (2) graph-guided prompting, and (3) instruction-
tuned reasoning. GNN-RAG [44] enables graph-based re-
trieval for reasoning, while LLaGA [41] supports graph-
to-text encoding. InstructGraph [45] enables graph-aware
instruction tuning for zero-shot reasoning.
5.3. Explainability-Enhanced Hybrid Models

These models aim to improve interpretability by com-
bining graph reasoning with natural language explanations.

They can be categorized into: (1) natural language ex-
planation generation, (2) rationale-guided learning, and (3)
structure-aware explanation modeling.

Gspell [46] generates both textual explanations and sup-
porting subgraphs. Distillation approaches [39] use ratio-
nales as supervision signals. Structure-aware models such
as LLaGA [41] ensure explanations are grounded in graph
topology.
5.4. Pre-trained Hybrid Architectures

Pre-trained hybrid architectures aim to learn general-
purpose representations across graph and text modalities.

These approaches can be categorized into: (1) instruction-
tuned graph LLMs, (2) graph-language co-pretraining, and
(3) graph-native foundation models.

Instruction-tuned models (GraphGPT [47], Instruct-
Graph [45], HiGPT [48]) adapt LLMs for graph reasoning
tasks. Co-pretraining approaches (LLaGA [41]) align graph
and text representations. Graph-native models (GOFA [49],
GDL4LLM [50]) integrate graph computation directly into
LLM architectures.

6. Knowledge Graph Question Answering
(KGQA)

6.1. Training-Free and Low-Resource KGQA
Training-free and low-resource KGQA methods aim

to reduce reliance on large annotated datasets and costly
fine-tuning procedures. These approaches leverage prompt-
based reasoning, symbolic graph traversal, or lightweight
adaptation techniques to enable question answering over
knowledge graphs with minimal supervision, making them
suitable for domain-specific or rapidly evolving knowledge
graphs.

Representative systems demonstrate that LLMs can per-
form dynamic reasoning, link prediction, and multi-hop in-
ference without full retraining. Although their performance
may not always match fully supervised models, these meth-
ods significantly lower deployment barriers and highlight the
practicality of LLM-based KGQA in data-scarce settings.

In [51], the authors focus on building a training-free
question answering system over a dynamic knowledge graph
tailored to the financial domain. They propose FinQA, which
constructs a dynamic finance knowledge graph partitioned
by update frequency, designs a training-free pipeline that
parses natural language questions into graph query language
(NL2GQL), and integrates an open-source large language
model for revision to improve parsing accuracy. The method
targets the challenge of frequent data updates and scarce
annotated training data in financial KGQA and evaluated
on real-world finance KGQA tasks, demonstrating strong
performance in dynamic finance question answering.

In [52], the authors focus on improving knowledge graph
question answering (KGQA) in low-resource settings by en-
hancing large language models (LLMs) through fine-tuning
with generative adversarial imitation learning (GAIL). They
propose a framework that uses GAIL to guide the LLM’s
reasoning behavior, aiming to generate more accurate an-
swers over a knowledge graph when annotated training data
is scarce. The method is evaluated on benchmark KGQA
datasets to demonstrate its effectiveness in low-resource QA
scenarios.

In [53], the authors focus on improving multi-hop link
prediction in knowledge graphs by introducing a frame-
work called KG-LLM, which leverages large language mod-
els (LLMs) to convert structured graph data into natural
language prompts and fine-tune the LLMs to reason over
graph connections. They transform graph paths into chain-
of-thought-style natural language prompts and use instruc-
tion fine-tuning (and optionally in-context learning) to train
models such as Flan-T5, LLaMA2, and Gemma to pre-
dict whether distant entities are connected. The method is
evaluated on standard multi-hop link prediction benchmark
datasets such as WN18RR and NELL-995, demonstrating
improved generalization and prediction accuracy in unfamil-
iar scenarios
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Table 2
Global comparison of representative GNN-LLM hybrid models across paradigms.

Method Year Paradigm Subtype Interaction Key Mechanism Strength

GLEM [37] 2022 Collaboration / LLM4GNN Co-training Bidirectional EM-style optimization Strong graph-text alignment
LOGIN [38] 2024 Collaboration / LLM4GNN Co-training Iterative LLM as consultant Selective knowledge injection
Distillation [39] 2024 Collaboration / Explainability Supervision One-way Knowledge transfer Efficient learning
GraphEdit [40] 2024 Collaboration Structure refinement Indirect Graph editing via LLM Improved graph quality

Robustness [42] 2025 LLM4GNN Structure One-way Edge refinement Robust learning
SaVe-TAG [43] 2024 LLM4GNN Augmentation One-way Data generation Handles long-tail data
GNN-RAG [44] 2024 GNN4LLM Retrieval One-way Graph retrieval Multi-hop reasoning
LLaGA [41] 2024 GNN4LLM / Explainability Prompting One-way Graph-to-text encoding Structured reasoning
InstructGraph [45] 2024 GNN4LLM / Pre-trained Instruction One-way Instruction tuning Zero-shot ability

Gspell [46] 2025 Explainability NL + Structure Hybrid Text + subgraph explanation Interpretability

GraphGPT [47] 2023 Pre-trained Instruction Unified Graph instruction tuning Generalization
HiGPT [48] 2024 Pre-trained Instruction Unified Graph tokenization Heterogeneous graphs
GOFA [49] 2024 Pre-trained Graph-native Unified GNN inside LLM Deep integration
GDL4LLM [50] 2025 Pre-trained Graph-native Unified Graph-as-language Efficient encoding

Figure 4: Conceptual comparison between hybrid GNN-LLM collaboration frameworks and the LLM-as-GNN paradigm. Hybrid
approaches explicitly combine structural inductive bias with semantic reasoning, whereas LLM-as-GNN methods implicitly encode
graph structures into textual representations and rely on attention mechanisms for reasoning.

6.2. LLM-Augmented KGQA Frameworks
LLM-augmented KGQA frameworks integrate large lan-

guage models into the reasoning pipeline to enhance se-
mantic parsing, candidate answer generation, and logical
inference. In these systems, LLMs often act as reason-
ing agents that guide graph traversal, generate executable
queries, or compensate for incompleteness and noise in
knowledge graphs.

Experimental results indicate that LLM augmentation
improves robustness and reasoning accuracy, particularly for
complex, multi-hop, and domain-specific queries. Neverthe-
less, challenges remain in mitigating hallucination, ensuring
faithfulness to graph evidence, and balancing generative

flexibility with symbolic correctness, motivating ongoing
research on tighter integration and verification mechanisms.

In this [54], the authors focus on designing a knowledge-
graph question answering system tailored to materials sci-
ence. They introduce KGQA4MAT, a framework that lever-
ages knowledge graphs constructed for material entities and
properties, coupled with pre-trained large language models
to interpret and answer natural language questions related
to materials data. The method combines structured graph
retrieval with semantic language understanding to support
complex queries over materials knowledge graphs, and the
approach is evaluated on domain-specific KGQA tasks in-
volving materials databases and related benchmarks.
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In this [55], the authors focus on addressing question
answering over incomplete knowledge graphs, where the
knowledge graph does not contain all the triples needed
to answer a question. They propose a training-free method
called Generate-on-Graph (GoG) that treats a large language
model (LLM) both as an agent that searches the graph and as
a knowledge source that generates new factual triples to aug-
ment the graph. GoG uses a Thinking-Searching-Generating
a framework, which the model iteratively explores the graph,
identifies missing information, and synthesizes additional
facts to enable correct answers. They evaluate their ap-
proach on two IKGQA (incomplete KG Question Answer-
ing) datasets constructed from existing KGQA benchmarks
and show that GoG outperforms previous methods in this
setting

In this [56], the authors focus on improving large lan-
guage model (LLM) performance on knowledge graph
question answering (KGQA) by reducing hallucinated or un-
grounded reasoning results produced by generative LLMs.
They propose a framework called READS that reformulates
KGQA into a series of discriminative subtasks (including
subgraph search, subgraph pruning, and answer inference)
and designs a corresponding discriminative inference strat-
egy to better guide reasoning over the knowledge graph. The
approach is evaluated on widely used benchmark KGQA
datasets, such as WebQSP and Complex Web Questions
(CWQ), and achieves state-of-the-art performance com-
pared with strong baselines

7. Scene Graphs and Large Language Models
Scene graphs (SGs) represent objects, relationships, and

attributes existing in a scene [57, 58, 59]. LLMs can be used
as advanced tools to facilitate scene-graph-centric tasks such
as generation, editing, and navigation by playing different
roles across the pipeline. In the following sections, we ex-
plain the different dimensions of the integration of LLM and
SGs as shown in Figure 5.
7.1. Graph Type

The graph type is SGs can be viewed from spatial di-
mensionality and temporal setting. Based on spatial dimen-
sionality, the graph could either be 2D or 3D. A 2D scene
graph models relations in the image plane, while a 3D
scene graph additionally encodes metric depth and object
geometry, enabling physically grounded spatial reasoning
[57, 58, 60]. Temporal setting describes whether or not the
graph evolves over time. So, based on the temporal setting,
the graph could either be static or dynamic. A static graph
is constructed from a single observation and represents one
fixed scene or time instant, although it may be internally
refined during optimization. In contrast, a dynamic graph
evolves as new or sequential observations update the scene
representation [57, 58, 61, 62].

7.2. LLM’s Role
LLMs play important roles in SG tasks. These roles

include reasoning, parsing/translation, planning, and evalu-
ation/verification.

In reasoning LLMs are used to infer semantics, rela-
tionships, or latent attributes, which can’t be directly ob-
served [5, 63]. In parsing/translation, LLMs are used to
directly convert unstructured inputs (text or instructions)
into structured presentations such as scene graphs, triplets,
logic, or commands [64, 65, 61]. In planning, LLMs are
used to make decisions, organize actions, select goals, or
guide search [61, 66, 62]. In evaluation, LLMs are used
to assess correctness, consistency, or alignment between
representations [67, 68, 69, 70].
7.3. Main Objective

The main objectives of the integration of LLMs and SGs
are divided into generation, editing, retrieval, and naviga-
tion.
7.3.1. Generation

In generation, the primary objective is to create a new
structured representation or scene, typically a scene graph
or a scene itself, from raw or unstructured inputs.

In [5], the authors propose SceneLLM for dynamic scene
graph generation (SGG). The framework consists of three
phases: video-to-language (v2l) mapping, reasoning with an
LLM, and SG prediction. First, V2L maps the video frames
to an implicit linguistic signal (a sequence of scene to-
kens) by discretizing object features and embedding spatial-
temporal information. Then, in the second phase, they em-
bed the linguistic tokens into a prompt and feed it to a LoRA
fine-tuned LLM to generate reasoned hidden representa-
tions. Finally, in SG prediction, a transformer-based SGG
predictor generates the final SG based on the hidden states
from the previous step. The results demonstrate the state-of-
the-art performance of SceneLLM in terms of recall@K for
the Action Genome (AG) dataset across various tasks.

In [71], the authors propose SceneCraft for static-3D
SGG by transforming a text query into a 3D scene. This
pipeline consists of four phases: asset retrieval and scene
decomposition, SG construction, scene layout optimization,
and library learning. In the first phase, an LLM makes a
list of assets (3D objects) and their descriptions from a text
query. Then for each asset the top-10 3D models are retrieved
from a large depository and the one with the highest text-
to-image score is kept as final. Then, SceneCraft breaks
crowded scenes into smaller sub-scenes to solve the prob-
lem more efficiently. In the second phase, a layout matrix
is constructed for every asset to put each of them in the
correct location and orientation. This done by constructing
a relational scene graph with help of LLM-Planner. In the
third phase, SceneCraft uses a set of scoring functions to
iteratively optimize the scene layout using a Multimodal
LLM’s feedback to obtain the final optimized scene.
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LLM-powered SG

Main Objectives LLM's Role Graph Type

Generation

Edition
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Static Dynamic2D 3D

Figure 5: Taxonomy of LLM-enhanced scene graphs.

7.3.2. Editing
In addition, the goal of LLM is to modify an existing

scene or scene graph to obtain a new configuration.
EditRoom [72] is a static-3D scene graph edition (SGE)

framework, which is capable of six types of edits: rotate,
translate, scale, replace, add, and remove. EditRoom re-
ceives a natural language text and the original scene as input
to make the final scene; this includes two main modules:
command parameterizer and scene editor. In the command
parameterizer, the natural language command is converted
into a set of edit types. After that, EditRoom uses graph
diffusion models to find a target scene with the highest
probability.

Scene graph edit (SGEdit) uses parsing and planning ca-
pabilities of LLMs to perform static-2D SGE tasks. SGEdit
consists of two main stages: scene parsing and image editing.
Given an input image, SGEdit generates a scene graph,
masks, and descriptions using an LLM-driven scene parser.
After that, a diffusion model is fine-tuned to learn each
object’s identity. In the next stage, the LLM acts as a planner
to decide the changes and how to apply them, and a diffusion
model performs editing tasks.
7.3.3. Retrieval

In retrieval, scene graphs are used as structured indices
to search, match, rank, or query information, rather than to
generate or modify content.

In [73], the authors propose Visual Triplet-based Graph
Transformation (VTGT) for static-2D object retrieval from
input images. The pipeline consists of two phases: graph
transformation and graph representation learning. In phase

one, VTGT transforms a scene graph into a triplet graph,
where nodes include subject-relation-object triplets and
edges represent similarity between the nodes; this is achieved
by introducing local and global features for each triplet.
Local features are used to keep the ordered sequence,
while global features are attained by help of an LLM. The
encodings for these two feature types are then merged to be
used in the next phase. In the second phase, a graph attention
network is used to update the representation of each triplet
based on its top-k similar triplets. Finally, a single semantic
embedding for the input image is generated, which is used
for downstream retrieval tasks.

3DGraphLLM [60] is a static-3D method that takes
point clouds of scene objects and builds a new scene rep-
resentation to support object retrieval from natural language
queries. It assigns each object both 2D features (appearance
cues such as texture and color) and 3D features (shape
and geometry). Then, semantic relations between object
pairs are extracted using a vision-language spatial attention
transformer and encoded as latent relation vectors. Finally,
the objects and their relations are projected into the LLM
token space and fed to an LLM (via object identifier tokens
and a compact k-nearest-neighbor subgraph representation)
to retrieve the target object from the scene.
7.3.4. Navigation

In navigation, scene graphs are used to guide an embod-
ied agent’s movement or task execution within an environ-
ment.

In [66], the authors propose Time is in my Sight (TioMS),
which is an LLM-driven robot architecture for dynamic
environments using continuously updated scene graphs. The
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Table 3
Comprehensive comparison between state-of-the-art frameworks - reasoning (R1), parsing/translation (R2), planning (R3), and
evaluation/verification (R4).

Research work Year Objective Input LLM’s Role Graph Type
R1 R2 R3 R4

SceneLLM [5] 2026 Generation Video ✓ ✓ ✗ ✗ Dynamic-2D
SceneCraft [71] 2024 Generation Text ✓ ✓ ✓ ✓ Static-3D
LLM4SGG [64] 2024 Generation Image+Text ✓ ✓ ✗ ✗ Static-2D
SDSGG [74] 2024 Generation Image ✓ ✗ ✗ ✗ Static-2D
PASGG-LM [75] 2024 Generation Image ✓ ✗ ✗ ✗ Static-2D
Planner3D [76] 2025 Generation Graph/Text ✓ ✗ ✗ ✗ Static-3D
LLaVA-SpaceSGG [77] 2025 Generation Image ✓ ✓ ✗ ✗ Static-2D
GraLa3D [65] 2024 Generation Text ✗ ✓ ✓ ✗ Static-3D
IntegraPSG [78] 2025 Generation Image ✓ ✗ ✗ ✗ Static-2D
SGFormer [63] 2024 Generation Point cloud ✓ ✗ ✗ ✗ Static-3D
ELEGANT [69] 2023 Generation Image ✓ ✓ ✗ ✓ Static-2D
HRSGL [79] 2024 Editing 3D scene ✓ ✗ ✓ ✓ Static-3D
SGEdit [80] 2024 Editing Image ✓ ✓ ✓ ✗ Static-2D
EditRoom [72] 2025 Editing 3D Scene+Text ✗ ✓ ✓ ✗ Static-3D
ScanEdit [81] 2025 Editing 3D Scene+Text ✓ ✗ ✓ ✗ Static-3D
SAKR-Edit [70] 2025 Editing Image+Text ✓ ✗ ✗ ✗ Static-2D
VTGT [73] 2025 Retrieval Image ✓ ✗ ✗ ✗ Static-2D
3DGraphLLM [60] 2025 Retrieval 3D Scene ✓ ✗ ✗ ✗ Static-3D
TioMS [66] 2024 Navigation Video ✗ ✓ ✓ ✗ Dynamic-3D
OSGP [61] 2024 Navigation Graph ✗ ✓ ✓ ✗ Static-3D
SG-Nav [62] 2024 Navigation Video ✓ ✗ ✓ ✗ Dynamic-3D

pipeline has two main modules: perception and planning.
In the perception module, RGB-D frames are processed by
a scene graph generator to detect objects and relationships,
then object positions are estimated in 3D using robot/camera
pose, and a particle filter refines tracking and localization
across frames before updating the semantic map. In the
planning module, the LLM uses the updated semantic map
to translate natural-language commands into robot skills and
replans when execution fails.

In [62], the authors propose scene graph navigation (SG-
Nav) for zero-shot object-goal navigation by using an online
3D scene graph as the main representation for LLM-based
planning. This pipeline consists of three main steps: online
scene graph construction, LLM-guided exploration, and re-
perception. In the first step, the agent incrementally builds
a hierarchical 3D scene graph from RGB-D observations
and prunes unreliable edges using geometric constraints and
VLM-based checks. In the second step, the LLM scores
graph regions to select promising exploration frontiers for
searching the target object. In the third step, when the target
object is detected, SG-Nav re-observes it from multiple
views to confirm the detection and reduce false positives
before finalizing the navigation result.

Table 3 illustrates a comprehensive comparison between
state-of-the-art research works on LLM-powered SGs by

providing details such as objective, LLM’s role, and graph
type.

8. Graph-Agent-LLM Integration
The authors in [82] focused on developing LAFA (LLM-

Agentic Federated Analytics), a hierarchical multi-agent
framework that enables complex natural-language analytics
over decentralized data while preserving privacy. Instead
of centralizing raw data, their system uses a structured
agent pipeline—consisting of a coarse-grained planner, fine-
grained planner, DAG optimizer, and answerer agent—to
translate user queries into optimized federated analytics
execution plans. The framework leverages Large Language
Models (LLMs) to decompose and structure analytical tasks,
while federated analytics backends handle secure aggrega-
tion and privacy mechanisms such as encryption and differ-
ential privacy. For evaluation, the authors used the AdultPii
dataset (32,563 records with 18 features) and a benchmark
of 20 complex natural-language analytics queries generated
using GPT-4o based on realistic privacy scenarios (including
Apple privacy reports). The results demonstrate improved
semantic parsing accuracy, higher execution success rates
than baseline prompting strategies, and a significant re-
duction in redundant federated operations through DAG
optimization, leading to greater efficiency while maintaining
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strict privacy guarantees.
The authors in [83] focused on developing X-GridAgent.

This LLM-powered agentic AI system automates complex
power grid analysis using natural-language queries while
integrating domain-specific tools and structured databases
for rigorous engineering computations. Their model uses a
three-layer hierarchical architecture (planning, coordination,
and action layers) in which the planning layer interprets user
intent and generates structured workflows, the coordination
layer manages task execution and memory, and the action
layer interfaces with professional tools (e.g., Pandapower
modules) to perform analyses like power flow, contingency
analysis, optimal power flow, short-circuit calculations, and
topology searches—all grounded in engineering rather than
pure text generation. To enhance performance, they intro-
duced two novel algorithms: LLM-driven prompt refinement
with human feedback and schema-adaptive hybrid retrieval-
augmented generation (RAG) for accurate retrieval from
large structured grid datasets. While the paper doesn’t use a
traditional machine-learning dataset, evaluations were con-
ducted using various power grid cases and user query scenar-
ios to demonstrate that X-GridAgent can interpret diverse
natural-language requests and generate interpretable, tool-
invoked analytical results with high reliability and flexibility.
Results show the system effectively automates interpretable
power system analysis and handles previously unseen tasks
in a modular, extensible way, significantly reducing manual
effort and domain expertise requirements.

The authors in [84] focused on improving GraphRAG
(graph-based retrieval-augmented generation) by introduc-
ing GraphSearch, an agentic deep searching workflow that
integrates dual-channel retrieval over both semantic text
chunks and structural graph knowledge, with iterative, multi-
turn reasoning and modular stages to better surface relevant
evidence and leverage graph structure. GraphSearch en-
hances how large language models interact with and reason
over structured graph data, addressing limitations of shallow
retrieval and inefficient use of graph information. They eval-
uated GraphSearch across six multi-hop RAG benchmarks,
demonstrating consistently higher answer accuracy and gen-
eration quality compared to traditional RAG strategies, con-
firming the effectiveness of their agentic approach to graph
retrieval-augmented generation. In more detail, we provided
recent integration agentic models with LLM and graphs in
Table 4

9. Applications
9.1. Cybersecurity and Malware Analysis

The integration of large language models (LLMs) with
graph-based representations has emerged as a powerful
paradigm in cybersecurity and malware analysis. Graph
structures such as control-flow graphs, call graphs, and
dependency graphs capture rich structural relationships
that are difficult to obfuscate, while LLMs provide high-
level semantic understanding and reasoning capabilities.
By grounding language-based inference in explicit program

and interaction structures, these hybrid approaches enhance
robustness against code obfuscation, polymorphism, and
rapidly evolving attack strategies.

Recent studies demonstrate that graph-enhanced LLM
frameworks can uncover latent malicious behaviors by rea-
soning over structural patterns rather than relying solely
on surface-level code features. For example, cluster-aware
graph modeling combined with LLM-assisted recovery
improves the detection of obfuscated JavaScript malware,
while graph-guided vulnerability detection systems focus
LLM reasoning on security-critical execution paths. These
methods consistently improve detection accuracy and reduce
false positives, while also offering interpretable insights into
the underlying causes of security alerts.

Beyond malware detection, graph–LLM integration has
been successfully applied to identifying adversarial and au-
tomated behaviors in online ecosystems. Graph-based rep-
resentations of user interactions and network behaviors pro-
vide contextual signals that complement LLM-based seman-
tic analysis, enabling the detection of coordinated or LLM-
driven bot activity. Collectively, these advances highlight
the effectiveness of graph-augmented LLMs as a scalable,
explainable, and resilient foundation for next-generation cy-
bersecurity solutions.

In [99], the authors focus on detecting malicious JavaScript
code that has been intentionally obfuscated. They propose a
hybrid method called DeCoda that combines large language
model (LLM)-based deobfuscation with a cluster-aware
code graph learning approach. The LLM is used to pro-
gressively reconstruct and normalize obfuscated JavaScript
into Abstract Syntax Trees (ASTs), and then a hierarchical
graph model with node-to-cluster attention captures both
local and global structural relationships in the code graphs.
The framework is evaluated on two benchmark malicious
JavaScript datasets, where it achieves significantly higher
detection performance (e.g., F1-scores around 94–97%)
compared with state-of-the-art baselines.

In [100], the authors focus on improving software vul-
nerability detection by enhancing large language models
(LLMs) with structural code information and in-context
learning. They propose a framework called GRACE, which
integrates graph structure representations (including code
graph information such as abstract syntax trees, program
dependence graphs, and control flow graphs) into LLM
prompting and uses a demonstration selection module that
retrieves similar code examples based on semantic, syntac-
tic, and lexical similarity. The enhanced vulnerability detec-
tion module combines domain knowledge, graph-structure
prompts, and in-context examples to guide the LLM in
identifying vulnerabilities more accurately. The method is
evaluated on three widely studied vulnerability detection
benchmark datasets (Reveal, FFmpeg+Qemu, and Big-Vul),
and GRACE significantly outperforms existing token-based
and graph-based baselines in terms of F1 score.
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Table 4
Comparison of Graph, Agent, and LLM-based frameworks across architecture, evaluation, and contributions.

Paper / Model Category Core Idea Architecture / Method Data / Evaluation Key Results / Contri-
bution

Agent-as-a-Judge
[85]

Evaluation
Framework

Multi-agent evaluation
paradigm

Planning + tool verifi-
cation + debate mecha-
nisms

Cross-domain survey Roadmap for robust
and verifiable LLM
evaluation

MAGMA [86] Agent Memory
Architecture

Multi-graph structured
memory

Semantic, temporal,
causal graph views +
policy-guided traversal

Scenario-based eval-
uation

Improved
interpretability and
long-context reasoning

Graph-S3 [87] Graph Retrieval
Training

Stepwise supervision for
graph reasoning

Synthetic supervision
pipeline for iterative
retrieval

WebQSP, CWQ,
MetaQA

Improved accuracy and
F1 over baselines

AgenticMath [88] Data-Centric
Reasoning

Multi-agent math data
generation

Filtering + paraphrasing
+ CoT augmentation

AgenticMathQA
(30K–90K)

Matches/surpasses
larger baselines via
high-quality data

AriGraph [89] Memory Graph
Agent

Episodic + semantic
world model

Dynamic KG construction
+ structured memory up-
dates

TextWorld + multi-
hop QA

Outperforms full-
history and RAG
baselines

AgentBench [90] Agent
Benchmark

Standardized agent
evaluation suite

Multi-task benchmark
(planning, reasoning, tool
use)

Synthetic + real-
world tasks

Reveals weaknesses in
long-horizon reasoning

Self-Refine [91] Iterative Refine-
ment

Self-critique loop for
improvement

Draft → Critique → Re-
fine pipeline

CNN/DM,
HumanEval

Improved generation
quality vs single-pass

ToolStorm [92] Tool Ecosystem Standardized
multimodal tool
integration

Unified APIs + tool chain-
ing

Simulated + real
tasks

Higher task success and
composability

COT-PLUS [93] Structured Rea-
soning

Explicit planning + sub-
goal reasoning

Plan → Decompose →
Recursive solve

Math, logic, QA Outperforms vanilla
CoT in deep reasoning

GraphAgents [94] Scientific
Design Agent

KG-guided cross-
domain reasoning

Specialized agents +
graph traversal

PFAS-free materials
case

Multi-agent > single-
shot prompting

ReaGAN [95] Graph Learning
Agent

Node-as-agent reason-
ing

LLM-guided node plan-
ning + RAG + GNN

Cora, Citeseer,
Chameleon

84.95 / 60.25 / 43.80
accuracy

GraphCodeAgent
[96]

Repo-Level
Code Agent

Dual-graph guided code
generation

Requirement Graph +
Structural Code Graph

DevEval, CoderEval Outperforms repo-level
RAG baselines

AgentVNE [97] Graph RL +
LLM

Affinity-aware agent
placement

LLM semantic inference +
Graph RL

Simulation-based <40% latency, 5–10%
acceptance gain

AgentEdge [98] Edge Multi-
Agent System

Agentic orchestration in
edge-cloud

PARES framework + Act-
SimCrit validation

Real-world
orchestration

3.6× success, 2.8× API
reduction

In [101], the authors focus on evaluating and enhancing
the use of large language models (LLMs) for software vul-
nerability detection in source code. They systematically an-
alyze how state-of-the-art LLMs can detect security flaws in
C/C++ and other languages by comparing different prompt-
ing strategies, such as basic vulnerability queries, CWE-
specific prompts, and data-flow-analysis-based prompts, to
guide the models’ reasoning on code semantics. The eval-
uation is conducted on multiple popular code vulnerability
datasets (including Juliet, OWASP Juliet, CVEFixes, and
others) to measure detection performance and F1-scores
across vulnerability types. The results highlight both the
strengths and limitations of current LLM methods for vul-
nerability detection and suggest directions for improving
prompt design and context-aware reasoning.
9.2. Healthcare and Biomedical Knowledge

Graphs
In healthcare and biomedical domains, the integration

of LLMs with knowledge graphs (KGs) addresses key chal-
lenges related to data heterogeneity, domain specificity, and

interpretability. Biomedical knowledge is inherently rela-
tional, involving complex interactions among genes, dis-
eases, drugs, phenotypes, and clinical outcomes. Knowledge
graphs provide a structured representation of these relation-
ships, allowing LLMs to perform reasoning that is grounded
in curated and evidence-based medical knowledge.

Recent systems illustrate how KG-enhanced LLMs can
support advanced clinical and research tasks. Web-scale
biomedical knowledge graphs enable interactive exploration
of treatment pathways, molecular mechanisms, and clinical
evidence, supporting decision-making in precision medicine.
Similarly, LLM-powered biomedical assistants leverage phe-
notypic and genomic graphs to facilitate structured querying,
hypothesis generation, and knowledge discovery across large
and diverse biomedical datasets.

Graph-empowered LLMs have also shown promise in
mental health assessment and disease monitoring. By mod-
eling symptoms, behavioral signals, and clinical indicators
as interconnected graph elements, these approaches improve
the reliability and contextual awareness of LLM-based pre-
dictions. Overall, the synergy between knowledge graphs
and LLMs enhances transparency, factual consistency, and

: Preprint submitted to Elsevier Page 13 of 20



Figure 6: Graph-Agent-LLM integration for Electronic Medical Record (EMR) labeling

trustworthiness, which are essential for real-world health-
care and biomedical applications.

In [102], the authors focus on building a web-scale
hybrid knowledge graph and large language model (KG-
LLM) system to support interactive assistance with optimal
cancer treatment and care. They propose CancerKG.ORG,
an integrated platform that automatically ingests and or-
ganizes the latest peer-reviewed medical knowledge into a
verifiable knowledge graph and combines it with an LLM
for retrieval and reasoning. The knowledge graph acts as a
guardrail to reduce hallucinations and ensure that responses
are grounded in verified medical facts. The system is eval-
uated on real-world cancer treatment and clinical informa-
tion tasks, demonstrating its ability to improve information
retrieval quality compared with standalone LLM or KG
methods

In [103], the authors focus on enabling non-expert users
to interactively query and explore a large biomedical knowl-
edge graph using natural language and large language mod-
els (LLMs). They introduce Phenomics Assistant, a proto-
type chat-based interface that translates user questions into
calls to the Monarch Knowledge Graph (a comprehensive
biomedical KG integrating gene, disease, and phenotype
data), uses LLMs to interpret and refine queries, and returns
summarized, factual responses grounded in the KG. The
system is evaluated on benchmark gene-disease association
and gene alias query tasks, showing that LLMs augmented
with KG access produce significantly more accurate answers
compared with standalone LLM responses

In [104], the authors focus on automatic depression
detection from clinical interview recordings by modeling
the full multi-modal interview data (questions, answer tran-
scripts, audio, and video) as a structural element graph
(SEGA). They introduce SEGA, a directed acyclic graph
representation aligned with human expertise about interview
elements, and combine it with principle-guided LLM-based
data augmentation and graph contrastive learning to address
data scarcity. The method is evaluated on two real-world
depression corpora (in English and Chinese), and results
show that SEGA significantly outperforms strong baselines
and powerful LLMs like GPT-3.5 and GPT-4 on depression
classification tasks.
9.3. Recommendation Systems

Recommendation systems increasingly adopt graph-
enhanced LLMs to overcome the limitations of traditional
collaborative filtering and neural recommendation approaches.
User–item interactions, social relationships, and contextual
dependencies are naturally represented as graphs, capturing
both direct and higher-order relational information. When
combined with the reasoning and conversational capabilities
of LLMs, these graph structures enable more personalized,
adaptive, and context-aware recommendations.

Recent research demonstrates that graph-augmented
LLMs effectively model long-range dependencies and evolv-
ing user intent, particularly in conversational recommenda-
tion scenarios. Knowledge graphs and interaction graphs
guide LLM reasoning by providing structured represen-
tations of user preferences, item attributes, and historical
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behaviors. This integration improves performance in sparse-
data settings and enhances robustness to noisy or incomplete
interaction histories.

Moreover, graph–LLM integration significantly improves
explainability in recommendation systems. By tracing paths
and relationships within knowledge graphs, LLM-based
recommenders can generate transparent and user-aligned
explanations for their suggestions. These capabilities posi-
tion graph-enhanced LLMs as a key enabler for trustworthy,
interactive, and human-centered recommendation platforms.

In [105], the authors focus on improving recommender
systems under sparse feedback by leveraging large language
models (LLMs) to augment user-item interaction graphs.
They propose LLMRec, a framework that uses three simple
LLM-based graph augmentation strategies reinforcing inter-
action edges, enhancing item attribute understanding, and
generating user profile information together with a denoising
and robustification mechanism to refine augmented data.
The approach is evaluated on benchmark recommendation
datasets (e.g., MovieLens and Netflix), showing that LLM-
augmented graphs lead to better recommendation perfor-
mance compared with state-of-the-art baselines

In [106], the authors focus on reviewing the capabilities
and current limitations of graph neural networks (GNNs)
when applied to knowledge graph representation and rea-
soning. They systematically analyze why standard GNN
architectures struggle with tasks like long-range reasoning,
multi-hop inference, and compositional generalization over
symbolic relational structures. The paper discusses theoret-
ical limitations (e.g., expressiveness bounds) and practical
challenges (e.g., scalability and heterogeneity) and surveys
existing extensions and alternatives aimed at bridging the
gap between GNNs and symbolic relational models. This
work does not introduce a new dataset or a new algorithm
but synthesizes empirical and theoretical findings from prior
studies to outline future research directions.
9.4. Education, Law, and Governance

In education, law, and governance, graph-enhanced LLMs
address the need for structured reasoning over complex, rule-
driven, and highly interconnected knowledge sources. Legal
frameworks, educational curricula, and policy documents
are naturally suited to graph representations, where entities
and regulations are linked through formal relationships. In-
tegrating these graphs with LLMs enables accurate question
answering and decision support grounded in authoritative
and structured knowledge.

Recent applications show that graph-augmented LLM
systems can effectively support regulatory compliance and
legal analysis. For instance, graph-enhanced question-answering
systems for AI governance leverage structured representa-
tions of legal texts to guide LLM reasoning during regu-
latory transitions. Anchoring LLM outputs to graph-based
legal knowledge reduces hallucinations and improves factual
reliability in high-stakes decision-making environments.

In education and public administration, LLM-enabled
knowledge graph construction facilitates scalable knowledge

access and intelligent assistance. Cross-domain educational
knowledge graphs allow LLMs to align student queries with
structured learning objectives, while service-domain graphs
support efficient governance-oriented information retrieval.
These applications underscore the value of graph–LLM
integration in promoting transparency, accountability, and
informed decision-making across societal institutions.

In [107], the authors focus on creating a structured
knowledge base that represents the legal concepts, obliga-
tions, risk categories, and regulatory requirements intro-
duced by the European Union’s AI Act. They design an
ontology-driven model to capture the semantics of the Act’s
clauses, duties for different stakeholder roles (e.g., providers,
deployers, users), and relationships between risk levels and
compliance obligations. The method combines legal analy-
sis, ontology engineering, and knowledge graph construc-
tion to formalize legal norms into a machine-readable rep-
resentation. They build and publish the resulting AI Act
Knowledge Base (AI-KB) and demonstrate its use with
example queries that show how structured representations
can support compliance checking, automated reasoning, and
stakeholder guidance. The report does not use “datasets” in
the machine-learning sense but uses the text of the European
AI Act and related legal documents as its primary source to
extract and encode concepts into a knowledge graph.

In [108], the authors focus on building a knowledge
graph from diverse educational data sources to support
a large language model (LLM)-driven question-answering
system in the context of higher education. They propose an
automatic cross-data knowledge graph construction method
that integrates structured and unstructured educational con-
tent (e.g., relational databases, text, APIs) into a unified KG
and demonstrate how this KG can be used in conjunction
with an LLM (such as ChatGPT) to answer educational
queries. The approach is evaluated through a case study at
Ho Chi Minh City University of Technology (HCMUT) on
educational QA tasks, showing the effectiveness of the con-
structed knowledge graph for improving answer relevance
and organization.

In this work, the authors focus on constructing a large-
scale, open service domain knowledge graph to support
service computing research. They propose BEAR, a service
domain KG built using a comprehensive, manually designed
service ontology and a zero-shot LLM-based knowledge
extraction framework. The method automatically generates
ontology-guided prompts and leverages large language mod-
els to extract high-quality entities, relations, and attributes
from unannotated and heterogeneous data sources without
supervised training. The resulting knowledge graph con-
tains over 133k entities, 169k relations, and 424k factual
attributes, and its feasibility and richness are demonstrated
through empirical analysis rather than traditional ML bench-
mark datasets.

10. Open Challenges and Future Directions
Based on the surveyed literature and the integration

patterns analyzed in this work, several open challenges
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Table 5
When, why, where, and what to use for different graph-LLM integration paradigms.

Paradigm What is it When to Use Why Use It Where It Is Ap-
plied

LLM-Assisted Knowledge Graph Construction LLMs extract
entities and
relations
from text to
automatically
build knowledge
graphs.

When large
amounts of
unstructured
documents need
to be converted
into structured
knowledge.

Reduces manual
annotation
and simplifies
traditional
multi-step
extraction
pipelines.

Scientific
literature
mining,
enterprise
knowledge
bases,
biomedical
knowledge
graphs.

Graph-Enhanced LLM Reasoning (GraphRAG) LLMs reason
over retrieved
graph structures
instead of flat
text documents.

When tasks re-
quire multi-hop
reasoning across
related facts.

Graphs preserve
relationships be-
tween facts and
improve reason-
ing consistency.

Question
answering,
fact verification,
domain-specific
search systems.

Hybrid GNN–LLM Models Combines Graph
Neural Networks
for structural
learning with
LLMs for
semantic
reasoning.

When both
structural
graph patterns
and textual
semantics are
important.

Leverages
strengths of
both models:
GNNs capture
topology
while LLMs
understand
language.

Molecular
property
prediction,
recommender
systems,
knowledge
graph learning.

KGQA with LLM LLMs interpret
questions and
retrieve answers
from knowledge
graphs.

When users
need natural
language access
to structured
knowledge.

Provides inter-
pretable reason-
ing over struc-
tured knowledge
bases.

Search engines,
enterprise assis-
tants, legal and
financial knowl-
edge systems.

Scene Graph + LLM LLMs reason
over scene
graphs
representing
objects
and spatial
relationships.

When tasks
require
visual scene
understanding
and spatial
reasoning.

Scene graphs
provide
structured
representations
of visual
environments.

Robotics,
autonomous
navigation,
visual question
answering,
AR/VR
systems.

Graph–Agent–LLM Integration LLMs act as
agents that
plan tasks and
interact with
graph-based
memory or
workflows.

When solving
complex
multi-step
tasks requiring
planning and
tool use.

Agents enable
autonomous
reasoning,
coordination,
and workflow
execution.

Scientific
discovery
systems,
automated
analytics,
engineering
decision
systems.

emerge that limit the practical deployment and theoretical
understanding of graph-LLM systems. These challenges are
closely tied to the design choices discussed throughout this
survey, including graph construction, retrieval, reasoning,
and hybrid GNN-LLM architectures.
10.1. Scalability

Scalability is a recurring challenge across nearly all
graph-LLM integration paradigms reviewed in this survey.

LLM-assisted knowledge graph construction methods (Sec-
tion 3) often rely on document chunking, iterative prompt-
ing, and multi-stage validation pipelines, which incur high
computational costs when applied to large corpora or contin-
uously evolving data sources. Similarly, GraphRAG systems
(Section 4.1) require graph-aware retrieval, subgraph ex-
traction, or path expansion, which can become prohibitively
expensive as graph size and reasoning depth increase.
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Hybrid GNN-LLM models (Section 5) further amplify
scalability concerns by combining graph neural message
passing with LLM inference, leading to increased memory
usage and inference latency. These limitations are partic-
ularly evident in large-scale knowledge graphs, program
graphs in cybersecurity, and dynamic scene graphs in multi-
modal environments. Future research should focus on hierar-
chical graph abstraction, approximate or adaptive subgraph
retrieval, and incremental graph updates to enable scalable
reasoning without sacrificing structural fidelity.
10.2. Graph-LLM Alignment

A central challenge highlighted throughout this survey
is the alignment between graph structure and LLM rea-
soning behavior. While graphs encode explicit relational
constraints, LLMs operate in a latent language space and
may not consistently respect graph topology, edge seman-
tics, or logical dependencies. This misalignment is evident
in several surveyed settings, including LLM-assisted KG
construction (Section 3), where hallucinated relations or
schema drift may occur, and LLM-augmented KGQA (Sec-
tion 6), where generative reasoning can deviate from graph-
grounded evidence.

Existing approaches address alignment through prompt
engineering, graph serialization, or post-hoc verification;
however, these solutions remain fragile and task-specific.
Ensuring that LLM reasoning faithfully follows graph con-
straints, particularly in multi-hop and incomplete-graph sce-
narios, remains an open problem. Future directions include
structure-aware tokenization, graph-constrained decoding,
tighter neuro-symbolic coupling, and joint objectives that
explicitly penalize graph-inconsistent generations.
10.3. Benchmark Gaps

Although several benchmarks for graph-LLM systems
have been introduced (Section 10), the current evaluation
landscape remains fragmented. Many benchmarks focus on
isolated tasks such as node classification, link prediction,
or factual QA, while under-representing complex reasoning
scenarios emphasized in this survey, including multi-hop
GraphRAG reasoning, dynamic knowledge graph updates,
causal inference, and cross-modal scene graph understand-
ing.

Moreover, most evaluations emphasize task accuracy
while overlooking critical dimensions such as hallucination
rates, faithfulness to graph evidence, reasoning path correct-
ness, and robustness to graph incompleteness or noise. This
gap is particularly evident in application-driven domains
such as cybersecurity and healthcare, where reliability and
interpretability are as important as predictive performance.
Developing unified, multi-dimensional benchmarks that re-
flect real-world graph-LLM workloads remains an important
direction for future research.
10.4. Trustworthy and Explainable Graph-LLM

Models
Trustworthiness and explainability emerge as cross-

cutting concerns across all surveyed applications. While

graphs provide a natural substrate for interpretable reasoning
through paths, subgraphs, and relational chains, LLM-based
reasoning may still produce opaque or ungrounded expla-
nations if not explicitly constrained. This issue is particu-
larly critical in high-stakes domains such as cybersecurity,
healthcare, law, and governance (Section 9).

Several works reviewed in this survey leverage graphs as
guardrails to mitigate hallucinations, yet ensuring that gen-
erated answers are both correct and verifiably grounded in
graph evidence remains challenging. Future research should
emphasize faithful explanation generation, explicit reason-
ing trace extraction, uncertainty-aware inference, and graph-
grounded verification mechanisms. Strengthening the trust-
worthiness of graph-LLM systems will be essential for their
safe deployment in real-world decision-making pipelines.

11. Conclusion
This survey systematically examined the emerging land-

scape of graph-LLM integration, addressing the fundamen-
tal questions of when, why, where, and how graphs and large
language models should be combined. By organizing prior
work according to graph modality, integration strategy, and
application objective, we provided a unified view of methods
spanning LLM-assisted graph construction, graph-enhanced
reasoning, hybrid GNN-LLM models, KGQA, scene graph
understanding, and domain-specific applications.

Our analysis shows that graph-LLM integration offers
clear advantages for tasks requiring structured reasoning,
multi-hop inference, and factual grounding, but also intro-
duces new challenges related to scalability, alignment, eval-
uation, and trustworthiness. Importantly, the effectiveness
of graph-LLM methods depends on careful design choices
rather than generic integration.

We believe that future progress in this field will be driven
by tighter neuro-symbolic alignment, scalable graph-aware
reasoning mechanisms, realistic evaluation benchmarks, and
a strong emphasis on explainability and reliability. This
survey aims to serve as both a reference and a design guide
for researchers and practitioners seeking to build robust,
structure-aware, and trustworthy graph-LLM systems.
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