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Abstract

Large language models (LLMs) have made001
progress in knowledge-intensive tasks, reason-002
ing and planning, and collaborative problem003
solving, yet they exhibit intrinsic limitations004
such as knowledge cutoff, single-threaded rea-005
soning that hinders finer-grained branch and ag-006
gregation, and rigid collaboration mechanisms007
that struggle to coordinate specialized capabil-008
ities. Graphs, with their ability to represent009
relational knowledge and complex dependen-010
cies, offer a natural means to address these lim-011
itations: they provide structured, high-density012
knowledge for augmenting or correcting LLMs’013
generation; enable revisitable inference by or-014
ganizing intermediate steps as graphs; and sup-015
port dynamic coordination among experts or016
agents in collaborative settings. Motivated by017
these developments, we present the first system-018
atic survey of graph-assisted LLMs from the019
perspective of how graph structures mitigate020
LLMs’ limitations. We introduce a taxonomy021
spanning Graph-Assisted Knowledge Augmen-022
tation, Graph-Assisted Reasoning and Plan-023
ning, and Graph-Assisted LLM Collaboration,024
and analyze representative methods, summa-025
rize common design patterns, and outline open026
challenges and future directions for advancing027
LLMs with graph-based enhancements.028

1 Introduction029

Large language models (LLMs) exhibit strong gen-030

eralization and adaptability across diverse applica-031

tions, serving as compact parametric knowledge032

bases in knowledge-intensive tasks (Wang et al.,033

2024a; Dernbach et al., 2024), producing multi-034

step reasoning chains for reliable problem solv-035

ing (Yao et al., 2023; Wang et al., 2025a), and036

collaborating via multi-agent systems or mixture-037

of-experts to handle dynamic task demands (Shinn038

et al., 2024; Dong et al., 2024; Wang et al., 2025c).039

Despite their strong capabilities, LLMs also ex-040

hibit inherent limitations in knowledge, reasoning,041

and collaboration. (i) Knowledge limitations. Be- 042

cause LLMs learn from static text corpora, their 043

parametric knowledge suffers from knowledge cut- 044

off (Agarwal et al., 2023; Wu et al., 2024a), factual 045

errors arising from noisy training data (Huang et al., 046

2025a), and unintentional memorization of sensi- 047

tive or copyrighted content (Yang et al., 2025; Qiu 048

et al., 2024a). (ii) Structured reasoning limita- 049

tions. Token-by-token generation forces reason- 050

ing into a linear “single-thread” process in which 051

early mistakes propagate (Ren et al., 2024; Li et al., 052

2023b; Luo et al., 2024a), preventing backtracking 053

or branching and making LLMs unreliable for tasks 054

requiring network-structured inference. (iii) Col- 055

laboration limitations. Although multi-LLM and 056

mixture-of-expert-based approaches aim to com- 057

bine complementary capabilities, LLMs lack mech- 058

anisms for effective coordination, and mixture-of- 059

expert (MoE) or multi-agent system (MAS) de- 060

grade when routing selects suboptimal experts or 061

agents (Zhang et al., 2024a; Zhao et al., 2024). 062

Graphs, as a canonical structured data form, are 063

well-suited for storing knowledge, guiding LLMs 064

toward structured outputs, and orchestrating ex- 065

perts/agents, thereby addressing key limitations 066

in knowledge, reasoning, and collaboration. (i) 067

Knowledge enhancement. Knowledge graphs can 068

mitigate issues such as knowledge cutoff and fac- 069

tual errors (Jiang et al., 2025a; Chen et al., 2025c) 070

and help identify or remove unintentionally mem- 071

orized content (Yang et al., 2025) by providing 072

accurate and up-to-date knowledge. In addition, 073

their structured triples, high information density, 074

and rich resources (Bodenreider, 2004; GeoNames, 075

2004) facilitate graph-based knowledge injection, 076

editing, and unlearning of LLMs. (ii) Reason- 077

ing and planning enhancement. While LLMs 078

can perform multi-step reasoning, their reasoning 079

traces typically remain linear, limiting exploration 080

of alternative paths. By introducing an explicit 081

topology of reasoning into the reasoning process, 082
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graph structures enable parallel branching and re-083

visitable inference (Yao et al., 2023; Besta et al.,084

2024), improving the robustness of complex plan-085

ning. (iii) Collaboration enhancement. The inter-086

action and coordination of experts (Bai et al., 2024)087

or agents (Zhang et al., 2025h) naturally forms a088

collaboration graph. Explicitly modeling these in-089

teractions allows for dynamic graph optimization090

and adaptive module selection, facilitating effective091

orchestration in both MoE and MAS settings.092

A wide range of graph-enhanced LLM meth-093

ods have been proposed for knowledge augmenta-094

tion (Chen et al., 2025a; Zhang et al., 2024d), rea-095

soning and planning (Yao et al., 2023; Besta et al.,096

2024), and LLM collaboration (Zhang et al., 2024a;097

Zhao et al., 2024) (more works see Tab. 1, 2, 3),098

leveraging graph structures to address core LLM099

limitations. Yet, the field lacks a systematic survey100

examining these approaches from the perspective101

of how graphs help mitigate such limitations. To102

fill this gap, we categorize graph-assisted LLMs103

into three aspects: Graph-Assisted Knowledge104

Augmentation, Structural Reasoning and Plan-105

ning, and LLM Collaboration, and develop a106

taxonomy spanning parametric and non-parametric107

knowledge augmentation, knowledge validation/-108

correction, graph-assisted reasoning/planning, and109

collaboration (Sec. 2 and Fig.12). We then summa-110

rize key mechanisms that graphs help LLMs and111

outline promising research directions.112

Differences from Existing Surveys. While vari-113

ous surveys examine graph applications in the LLM114

era, the majority (Liu et al., 2023; Li et al., 2023b;115

Jin et al., 2024; Ren et al., 2024; Huang et al.,116

2024a; Wang et al., 2025i; Wei et al., 2025a) focus117

on LLMs for Graphs, with limited discussion on118

the reciprocal benefits of graphs for LLMs. Sur-119

veys that do address Graphs for LLMs are often120

restricted to single dimensions: Pan et al. (2024);121

Yang et al. (2024a); Ma et al. (2025a) focus on122

KG-enhanced LLMs; Zhang et al. (2025g); Procko123

and Ochoa (2024); Peng et al. (2024) on Graph124

RAG; and Bei et al. (2025); Liu et al. (2025) on125

graph-based agents. We fill this gap by providing a126

holistic survey from the perspective of LLM limi-127

tations, synthesizing how graphs address deficits128

in knowledge, reasoning, and collaboration.129

2 Taxonomy130

This section summarizes graph-assisted LLMs into131

five paradigms (Fig. 12). To address the three core132

limitations, we divide the knowledge enhancement 133

into three functional categories based on their op- 134

erational stage, while maintaining reasoning and 135

collaboration as distinct structural enhancements. 136

• Parametric Knowledge Augmentation. Knowl- 137

edge graphs support parametric knowledge 138

within LLMs, including: 1 knowledge injection, 139

where KG information is incorporated through 140

fine-tuning; 2 knowledge editing, which lever- 141

ages KGs to modify specific internal facts; 3 142

knowledge unlearning, where KGs guide the re- 143

moval of undesired or sensitive knowledge. 144

• Non-Parametric Knowledge Augmentation. 145

Graphs support non-parametric augmentation in 146

two settings: 1 external RAG, using graphs as 147

indices or stores over external knowledge re- 148

sources; 2 internal memory, using graphs to 149

index or store system- and user-derived memory. 150

• Knowledge Validation and Correction. Knowl- 151

edge graphs support post-inference knowledge 152

enhancement: 1 post-inference validation, 153

which checks the correctness of generated con- 154

tent; 2 post-inference correction, which revises 155

erroneous outputs using KG evidence. 156

• Graph-Assisted Reasoning and Planning. Rea- 157

soning and planning are formalized as graph- 158

structured processes to improve reliability: 1 159

graph-structured reasoning organizes interme- 160

diate reasoning steps into graph form to en- 161

able multi-branch reasoning; 2 graph-structured 162

planning models tasks, tools, and environments 163

as graphs to guide complex action sequences. 164

• Graph-Assisted Collaboration. Collaboration 165

among LLMs is represented as a graph to fa- 166

cilitate optimization and adaptation to dynamic 167

task demands: 1 graph-assisted MoE optimizes 168

expert graphs for dynamic expert selection; 2 169

graph-assisted MAS organizes agent interactions 170

for effective multi-agent collaboration. 171

3 Parametric Knowledge Augmentation 172

LLMs suffer from knowledge limitations, includ- 173

ing outdated information, factual errors, and un- 174

intended memorization. To address these issues, 175

recent work explores parametric knowledge oper- 176

ations, including injection, modification, and un- 177

learning. While many operate on text, KGs provide 178

greater control and interpretability. This section re- 179

views KG-based approaches for injecting, editing, 180

and unlearning LLMs’ parametric knowledge. 181
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Figure 1: Full-parameter injecting KGs into LLMs.

3.1 Knowledge Injection182

By the update scope, KG-based parametric knowl-183

edge injection includes (1) full-parameter fine-184

tuning, which updates all parameters, and (2)185

adapter-based injection, which infuses KG knowl-186

edge via adapters while freezing the base model.187

(1) Full-Parameter Fine-Tuning Techniques.188

KGs play multifaceted roles in full-parameter189

knowledge injection, serving both as direct knowl-190

edge sources and as structure mentors that help191

LLMs’ adapt to graph-structured information192

(Fig. 1). (i) Direct Knowledge Source: Methods193

such as KITLM (Agarwal et al., 2023) convert194

KG triples into text for next-token training, while195

GraphVis (Deng et al., 2024) encodes subgraphs196

as visual inputs for multimodal tuning. PMC-197

LLaMA (Wu et al., 2024a) and SKILL (Moiseev198

et al., 2022) use entity-centric KG explanations for199

continual learning. SSQR (Lin et al., 2025) aligns200

KG entities with LLM embeddings, enabling ef-201

ficient vocabulary expansion. (ii) Adaptation to202

Graph-Structured Information: GLaM (Dernbach203

et al., 2024) and ELPF (Jiang et al., 2024b) fine-204

tune models on textualized subgraphs and reason-205

ing QA, while GALLa (Zhang et al., 2025j) inte-206

grates code graphs via Graph2Code and GraphQA207

to better align graph and language representations.208

(2) Adapter-Based Injection Methods. To re-209

duce computational cost, recent work uses adapters210

to inject knowledge from KGs without updat-211

ing base parameters, primarily by converting KG212

triples into natural language for targeted adapter213

training (Fig. 2). The adapters mainly treat214

the KGs as knowledge sources. (i) Parallel215

Adapters: These operate alongside Transformer216

layers, merging adapter and model outputs. For217

example, InfuserKI (Wang et al., 2024a) injects218

missing KG knowledge via gated parallel adapters;219

MixDA (Diao et al., 2023) employs a mixture-of-220

adapters with adaptive gating; K-Adapter (Wang221

et al., 2021) enables modular domain-specific222

knowledge injection; LightPROF (Ao et al., 2025)223

encodes KG prompts using a graph token; STR-224

CMP (Li et al., 2025c) integrates GNN-derived225

Transformer

Transformer

Transformer

Fine-tuning loss

N×

AdapterGate

AdapterGate

Knowledge Triplets

Transformer

Transformer

Fine-tuning loss

N×

Adapter

Gate

Knowledge Triplets

(a) Parallel Adapters (b) Series Adapters

Down

Self-
Attention
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Figure 2: Adapter-based injecting KGs into LLMs.

structural embeddings for combinatorial optimiza- 226

tion. (ii) Series Adapters: Inserted within Trans- 227

former stacks, they jointly propagate KG and 228

LLM embeddings. KG-Adapter (Tian et al., 2024) 229

injects node and relation features; multilingual 230

adapters (Gurgurov et al., 2024; Gurgurov et al.), 231

KnowLA (Luo et al., 2024c), and domain-specific 232

methods (Park et al., 2023; Meng et al., 2021) ex- 233

tend this strategy to various settings. 234

3.2 Knowledge Modification 235

This subsection focuses on KG-based knowledge 236

modification (editing), which includes (1) enhanc- 237

ing cascading effects via knowledge subgraphs and 238

(2) constructing KG-derived editing datasets. 239

(1) Enhancing Cascading Effects via Knowledge 240

Subgraphs. Isolated fact edits often fail to gener- 241

alize to related knowledge, whereas KGs encode 242

dependencies that enable coherent cascading up- 243

dates. GLAME (Zhang et al., 2024d) propagates 244

edits over n-hop KG subgraphs via causal tracing, 245

and HYPE (Atri et al., 2025) further promotes con- 246

sistent propagation using hyperbolic subgraphs. 247

(2) Constructing KG-derived Editing Datasets. 248

Existing knowledge editing benchmarks largely tar- 249

get commonsense reasoning and underrepresent 250

domain-specific settings. KGs provide a prin- 251

cipled basis for realistic benchmarks by defin- 252

ing edits over factual triples. MedCF (Xu et al., 253

2024) derives medical QA-based editing data 254

from DRKG with counterfactual tail replacements, 255

while VLKEB (Huang et al., 2024b) extends this 256

paradigm to multimodal MMKGs. KGs also en- 257

able portability evaluation through one-hop QA 258

tests that assess generalization to related facts. 259

3.3 Knowledge Unlearning 260

Privacy and copyright risks in LLMs motivate reg- 261

ulated unlearning, yet most methods ignore de- 262

pendencies between forgotten and retained knowl- 263

edge. Graphs explicitly encode such correlations 264
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by enabling (1) graph-based unlearning evaluation265

for more reliable assessment, and (2) graph-based266

forget-set construction for systemic forgetting.267

(1) Graph-Based Unlearning Evaluation. Exist-268

ing unlearning benchmarks test forgetting of target269

facts while preserving unrelated ones (Shi et al.,270

2024; Maini et al., 2024), but they ignore depen-271

dencies between facts. KGs offer a structured ba-272

sis for more reliable evaluation. FaithUn (Yang273

et al., 2025) assesses robustness, multi-hop forget-274

ting, and retention via KG-derived QA sets. PIS-275

TOL (Qiu et al., 2024a) builds relational graphs for276

multi-scenario evaluation. HANKER (Jiang et al.,277

2025b) removes overlapping triples and generates278

diverse queries to ensure faithful auditing.279

(2) Graph-Based Forget-set Construction. Graph280

structures can also enhance forget-set construction.281

KGUnL (Mai et al., 2024) builds forget sets by con-282

verting harmful outputs into knowledge graphs and283

replacing unsafe triples with ethical ones, enabling284

interpretable unlearning that removes malicious285

content while reinforcing safe knowledge. Concept286

Unlearning (Yamashita et al., 2025) targets scenar-287

ios where only a concept-level forgetting request288

is given, constructing a concept-centric knowledge289

graph via LLM-generated triplets and converting it290

into textual forget samples for iterative unlearning291

until no new concept-related triplets remain.292

4 Non-Parametric Knowledge293

Augmentation294

Non-parametric methods store knowledge outside295

the parameters and retrieve it at inference time.296

Based on the source, they include external and297

internal knowledge augmentation. External knowl-298

edge, typically retrieved from resources such as299

Wikipedia or Wikidata, underpins RAG, where300

graphs index text corpora or store structured re-301

lational knowledge. Internal knowledge comprises302

long-context inputs, user preferences, and interac-303

tion experience, maintained as memory. In both304

cases, graphs act as indexing or memory structures.305

Accordingly, we organize this section into Graph-306

Assisted RAG and Graph-Assisted LLM Memory.307

4.1 Graph-Assisted RAG308

Graph-assisted RAG includes two roles of graphs:309

graphs for knowledge indexing that organize textual310

knowledge into retrievable graphs, and graphs as311

knowledge stores that supply explicit context.312

(1) Graph for Knowledge Indexing. Traditional313

Chunks

Route

…
clustering

abstract
node

Recursive building

(c) Generative Graph Indexing

[Head]Messi[Int1]positi
on(s)[Int2]Forward[Tail]]

(inference)

(training)construct

Transformer

Generative 
Retriever

Chunks

… Triples

extracting

Entity Name: Donald Trump
Entity Type: PERSON
Description: Donald Trump is 
…
Original Chunk ID: 1, 2

(a) Abstractive Graph Indexing (b) Extractive Graph Indexing

Query

Figure 3: Graph-based indexing methods.

RAG indexes isolated text chunks, missing inter- 314

document relations. Graph-based indexing struc- 315

tures documents into graphs, reducing redundancy 316

and improving retrieval. Fig. 3 shows that existing 317

methods follow three paradigms: (i) abstractive, 318

(ii) extractive, and (iii) generative graph indexing. 319

(i) Abstractive Graph Indexing: Independent 320

chunk indexing scatters related information and 321

degrades global summarization; abstractive graph 322

indexing clusters text into hierarchies, with lower- 323

level nodes capturing details and higher-level nodes 324

encoding abstractions (Fig. 3(a)). RAPTOR (Sarthi 325

et al., 2024) constructs retrieval trees for multi- 326

level retrieval, while PECAN (Wang et al., 2025h) 327

and GraphRAG (Edge et al., 2024) extend this to 328

hierarchical graphs for more flexible exploration. 329

(ii) Extractive Graph Indexing: Chunk-based 330

retrieval ignores structural relations, often pro- 331

ducing fragmented answers. Extractive graph in- 332

dexing addresses this by extracting entities, rela- 333

tions, and events into graphs that preserve logical 334

connections and links to source text (Fig. 3(b)). 335

Methods such as GEAR (Shen et al., 2025), Hip- 336

poRAG (Jimenez Gutierrez et al., 2024), Ligh- 337

tRAG (Guo et al., 2024), MiniRAG (Fan et al., 338

2025), GFM-RAG (Luo et al., 2025c), and 339

KAG (Liang et al., 2025) enhance multi-hop re- 340

trieval. Extensions include GoR (Zhang et al., 341

2024b), and HyperGraphRAG (Luo et al., 2025a). 342

(iii) Generative Graph Indexing: KG retrieval 343

often relies on breadth-first expansion, yielding ir- 344

relevant triples, or agent-based search, which is 345

slow. Generative graph indexing addresses these 346

limitations by fine-tuning LLMs to map queries di- 347

rectly to relevant relation sets or induced subgraphs 348

(Fig. 3(c)). GSR (Huang et al., 2024c) generates 349

query-specific relation chains, DialogGSR (Park 350

et al., 2024) extends this to dialogue, and DP (Ma 351

et al., 2025b) injects the structural and constraint 352

priors from KGs for faithful subgraph generation. 353

(2) Graph as Knowledge Store. Beyond graph 354
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indexing, RAG uses KGs as external structured355

knowledge for QA and reasoning. KG querying is356

challenged by the language–schema gap, schema357

heterogeneity, and incompleteness. Recent meth-358

ods leverage LLMs’ generative querying and in-359

ternal knowledge to address these issues. Thus,360

KG-sourced RAG approaches are grouped into (i)361

semantic parsing–based, (ii) information retrieval-362

based, and (iii) agent-based multi-turn methods.363

(i) Semantic Parsing–based Methods: Semantic364

parsing enables LLMs to access KGs by translat-365

ing natural-language queries into executable forms366

(e.g., SPARQL), bridging unstructured inputs and367

graph schemas. Early approaches rely on KG-368

specific parsers with heavy supervision (Yih et al.,369

2015; He et al., 2021). Recent methods leverage370

LLM in-context learning for low-annotation query371

generation (Fig. 4), including KB-BINDER (Li372

et al., 2023a), and KB-Coder (Nie et al., 2024).373

(ii) Information Retrieval–based Methods: IR-374

based KG methods retrieve relevant subgraphs or375

reasoning paths without explicit logical forms, al-376

leviating limitations of semantic parsing under377

KG incompleteness (Fig. 5). They typically in-378

volve (i) query representation and entity match-379

ing, (ii) multi-hop subgraph or path retrieval, (iii)380

relevance scoring and reranking, and (iv) KG-381

grounded answer generation. Representative ap-382

proaches include MedRAG (Zhao et al., 2025c), K-383

RagRec (Wang et al., 2025e), GNN-RAG (Mavro-384

matis and Karypis, 2024), HyKGE (Jiang et al.,385

2025c), and constraint-based generation meth-386

ods (Ma et al., 2025b; Luo et al., 2025b, 2024b).387

(iii) Agent–Based Methods: Agent-based meth-388

ods enable multi-turn LLM–KG interaction, over-389

coming rigid schemas in semantic parsing and390
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Figure 5: Information retrieval-based methods.
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Figure 6: Agent-based methods.

one-shot retrieval limits under KG incompleteness 391

(Fig. 6). Agents iteratively plan, query, verify, and 392

update reasoning via atomic KG actions until ter- 393

mination. Representative systems include Struct- 394

GPT (Jiang et al., 2023), Think-on-Graph (Sun 395

et al., 2024), Interactive-KBQA (Xiong et al., 396

2024), CoK (Li et al., 2024), and KG-Agent (Jiang 397

et al., 2025a). 398

4.2 Graph-Assisted Memory 399

Graphs organize internal memory either as struc- 400

tured indices for efficient retrieval or as explicit 401

stores for dense, interrelated information. Accord- 402

ingly, we distinguish graph for memory indexing 403

and graph as memory store, as shown in Fig. 7. 404

(1) Graph for Memory Indexing. Graph-based 405

memory indexing is categorized into planar and 406

hierarchical graphs. Planar graphs directly con- 407

nect raw interaction records and enrich represen- 408

tations via neighborhood aggregation but are less 409

explored (e.g., A-mem (Xu et al., 2025)). Hierar- 410

chical graphs dominate, organizing memory into 411

multiple abstraction levels for coarse-to-fine re- 412

trieval. Representative methods include CAM (Li 413

et al., 2025a), Zep (Rasmussen et al., 2025), SG- 414

Mem (Wu et al., 2025), G-Memory (Zhang et al., 415

2025b), and AriGraph (Anokhin et al., 2024). 416

(2) Graph as Memory Store. Graph-based mem- 417

ory stores encode memory as knowledge graphs, 418

discarding raw input–output records in favor of 419

structured, editable representations. By extract- 420

Graph-assisted Memory Indexing

Environmental history:  
• In-context information
• Personal user input
• Feedback&Trajectory

Agent

Response

M
em
ory

Query

Memory generationMemory usage

re
tri

ev
e

Memory StoreMemory Index generate

or

Figure 7: Memory graph for indexing or as stores.
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ing explicit relations from past interactions, they421

enable controllable, up-to-date retrieval and rea-422

soning. For example, D-SMART (Lei et al., 2025)423

builds dialogue-specific KGs to maintain factual424

consistency, while EMG-RAG (Wang et al., 2024c)425

constructs user-centric, multi-level KGs from daily426

interactions to support personalized retrieval.427

5 Knowledge Validation and Correction428

Despite knowledge augmentation, LLMs still ex-429

hibit stochastic errors that are unacceptable in high-430

stakes settings post-inference; therefore, verified431

KGs enable efficient fact-checking with structured432

triples and correcting errors. Accordingly, this sec-433

tion focuses on graph-assisted knowledge valida-434

tion and graph-assisted knowledge correction.435

(1) Graph-Assisted Knowledge Validation. They436

verify factual consistency by comparing graph-437

structured representations of LLM outputs with438

trusted sources (Fig. 8(a)). Graphs play two439

roles. (i) Graphs as External Knowledge:440

Outputs are converted into triples (e.g., via441

OpenIE) and matched against verified KGs;442

CoKGLM (Hasegawa and Ichise, 2024) detects443

inconsistent relations, while domain-specific meth-444

ods (Delmas et al., 2025) resolve terminology mis-445

matches. (ii) Graphs for Internal Validation: Out-446

puts are transformed into graphs and checked via447

graph reasoning, as Context-aware Hallucination448

Detection (Fang et al., 2025), GraphCheck (Chen449

et al., 2025b), and GENUINE (Wang et al., 2025g).450

(2) Graph-Assisted Knowledge Correction.451

Once erroneous knowledge is detected, this pro-452

cess aligns LLM outputs with verified KG facts.453

The system constructs a corrected graph from re-454

trieved triples and retrofits the response for consis-455

tency (Fig. 8(b)). Representative methods include456

KGR (Guan et al., 2024) and GraphCheck (Chen457

et al., 2025c), which revise answers using Wikidata,458

and CoG (Zhao et al., 2025b), which fixes entity,459

relation, and path errors to ensure faithfulness.460

Discussion on Graph-Assisted LLM Knowledge

Graph-Assisted LLM knowledge augmentation acts across
three stages: fine-tuning, inference, and post-inference.
• In the fine-tuning stage, parametric knowledge editing

methods, ranging from full-parameter to adapter-based
approaches, e.g., inject new or domain-specific KG
knowledge into model parameters but still suffer from
slow update cycles. Knowledge unlearning is a new area
in data rights that requires deeper investigation.

• During the inference stage, external knowledge graphs
or internal/textual knowledge organized as graphs pro-
vide more real-time information, yet LLMs may still
hallucinate due to stochastic generation or incorrect be-
liefs.

• Post-inference stage employs external KGs for valida-
tion and correction, identifying inconsistencies and sup-
plying verified facts to further refine model outputs.

461

6 Graph-Assisted Reasoning/Planning 462

LLMs often struggle with tasks requiring long- 463

range dependencies in reasoning and planning due 464

to implicit relationships in reasoning traces and 465

planning steps. Graph-based methods address this 466

by making dependencies explicit, enabling struc- 467

tured reasoning and planning. This section reviews 468

graph-structured reasoning for logical thinking and 469

graph-assisted planning for goal-oriented action 470

sequences, summarized in Table 2. 471

6.1 Graph-Structured Reasoning 472

LLMs can perform multi-step reasoning when 473

prompted, but their reasoning traces remain linear, 474

limiting exploration of alternative paths. Graph 475

structures address these limitations by introducing 476

explicit graph-form organization into either the rea- 477

soning process or the input context. Current work 478

falls into two categories: (1) graph-structured input 479

and (2) graph-structured reasoning. 480

(1) Graph-Structured Input. LLMs possess 481

strong contextual understanding but struggle with 482

long text, where key entities and relations are dis- 483

persed. Graph-based input structuring addresses 484

this by converting raw text into explicit relational 485

graphs that highlight semantic, temporal, or causal 486

dependencies, producing a compact and less noisy 487

prompt (Fig. 9(a)). Representative methods include 488

Input Entity Output

Entity

b. Graph-Informed Prompting 

Query
Triple
Graph

extract

Answer

(a) Graph-structured input

Query

Thought
Graph

Answer

(b) Graph-structured reasoning

Figure 9: Graph-structured reasoning.
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Structure-Guided Prompting (Cheng et al., 2024),489

which builds concept maps to aid zero-shot rea-490

soning; RwG (Han et al., 2025), which iteratively491

constructs and verifies reasoning graphs; and Talk-492

like-a-Graph (Fatemi et al., 2023), which assesses493

LLM reasoning over graph-encoded text.494

(2) Graph-Structured Reasoning. LLMs can per-495

form multi-step reasoning using Chain-of-Thought496

(CoT) prompting (Wei et al., 2022; Wang et al.,497

2023), but linear reasoning limits their ability498

to capture complex dependencies, explore alter-499

natives, or recover from early errors. Graph-500

structured reasoning addresses this by organizing501

thoughts into relational structures where nodes502

represent states and edges encode dependencies503

(Fig. 9(b)), enabling multi-path exploration. Re-504

cent methods extend CoT into structured frame-505

works: ToT (Yao et al., 2023) performs tree search506

over partial solutions; Tree Prompting (Singh et al.,507

2023) learns static decision trees; GoT (Besta et al.,508

2024) generalizes to arbitrary directed graphs of509

logical dependencies; and SaGoT (Bai et al., 2025)510

infers thought dependencies via attention scores.511

6.2 Graph-Assisted Planning512

LLMs often struggle to plan long action sequences,513

manage inter-tool dependencies, and adapt to dy-514

namic contexts. Graph structures address these515

challenges by providing explicit representations of516

task dependencies, tool relations, and action flows.517

We organize works into two approaches: (1) graphs518

as coordinators and (2) graphs as environments.519

(1) Graphs as Coordinators. For multi-stage com-520

posite tasks, graphs unify decomposition, tool se-521

lection, and sequencing, addressing dependency522

modeling and hallucination (Fig. 10(a)). (i) Sub-523

Task Pool as Graphs: Agents model subtask de-524

pendencies by constructing task graphs for long-525

horizon planning (Shen et al., 2023; Lin et al.,526

2024) or using pre-defined pools via GNN-based527

retrieval for reliability (Wu et al., 2024b). (ii) Tool528

Management as Graphs: Tool graphs structure529

the tool space to model functional dependencies. 530

Approaches like (Liu et al., 2024b,a; Ding et al., 531

2025) use traversal to find optimal paths in large 532

libraries, while others (Wang et al., 2025j) employ 533

graph-based sampling to generate tuning data for 534

enhanced capability. (iii) Plan as Graphs: Execu- 535

tion is modeled as static workflows or dynamic, 536

context-aware graphs (Zhang et al., 2024c; Wu 537

et al., 2024c). Synthetic plan graphs enhance par- 538

allel planning via fine-tuning (Zhang et al., 2025i), 539

a core paradigm in agent benchmarks (Qiao et al., 540

2024). 541

(2) Graphs as Environments. Beyond internal 542

task coordination, agents frequently need to per- 543

ceive and interact with external environments that 544

are inherently structured and dynamic. Graph repre- 545

sentations serve as a critical bridge, enabling agents 546

to model intricate dependencies within codebases, 547

memory systems, or physical spaces (Fig. 10(b)). 548

For instance, LocAgent (Chen et al., 2025d) mod- 549

els codebases as dependency graphs for bug local- 550

ization; Mem0g (Chhikara et al., 2025) organizes 551

memory into dynamic KGs for context-aware re- 552

trieval; and Huang et al. (2025b) constructs spatio- 553

semantic graphs for safety-aware planning. 554

Discussion on Graph-Assisted Reasoning and Planning

Graph-assisted reasoning and planning offer a principled
solution to LLMs’ structural limitations in complex tasks.
By embedding explicit relational structures into input con-
texts or intermediate thoughts, graphs enable LLMs to
externalize long-range dependencies, recover from early
errors, explore multiple reasoning paths, and integrate
dispersed information. In planning, graph-based repre-
sentations of tasks, tools, or environments support multi-
step coordination and adaptive decision-making. Remain-
ing challenges include automatically constructing reliable
graph representations in real-world settings and developing
scalable evaluations for structured reasoning and planning.

555

7 Graph-Assisted LLM Collaboration 556

Single LLMs struggle to meet diverse task require- 557

ments, motivating collaborative mechanisms. Two 558

dominant paradigms emerge: Mixture-of-Experts 559

(MoE), which enables implicit division of labor 560

within a single model via expert routing, and Multi- 561

Agent Systems (MAS), where heterogeneous LLM 562

agents interact. Both induce structured interactions 563

that are naturally captured by graphs, which we an- 564

alyze for organizing and optimizing collaboration; 565

therefore, we focus on (1) graph-assisted MoE and 566

(2) graph-assisted MAS, summarized in Table 3. 567

(1) Graph-Assisted Mixture-of-Experts. MoE ar- 568

chitectures rely on routing mechanisms that select 569
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Figure 11: Graph-assisted LLM collaboration.

a subset of experts for each input. Traditional rout-570

ing treats experts as independent units, often lead-571

ing to redundant learning and weak specialization.572

Graph-assisted routing addresses this by modeling573

experts as nodes in a graph to enable relational574

reasoning and coordinated activation via message575

passing (Fig. 11(a)). This richer structure, how-576

ever, introduces challenges such as load imbalance577

and communication overhead in large models. Re-578

cent methods explore solutions: GraphLoRA (Bai579

et al., 2024) and GraphRouter (Zhao et al., 2024)580

employ GNN-guided routing for balanced selec-581

tion, while GraphMOE (Tang et al., 2025) en-582

hances inter-expert knowledge transfer. Addition-583

ally, Lancet (Jiang et al., 2024a) optimizes system-584

level communication in graph-structured pipelines.585

(2) Graph-Assisted Multi-Agent System. LLMs586

coordinate specialized agents by decomposing587

tasks and assigning them to appropriate units.588

These methods model the systems as graphs where589

nodes represent agents and edges encode commu-590

nication or dependency constraints, enabling coor-591

dinated execution via optimization (Fig. 11(b)). (i)592

For Performance: Collaboration is formulated as593

graph optimization, including DAG-based frame-594

works (Dong et al., 2024; Park et al., 2025), topol-595

ogy learning (Zhang et al., 2024a; Li et al., 2025b),596

KG-driven (Yu and McQuade, 2025), search-597

based (Zhang et al., 2024c; Wei et al., 2025b), evo-598

lutionary (Zhang et al., 2025a; Hu et al., 2024),599

RL-based (Shinn et al., 2024; Wang et al., 2025b;600

Zhou et al., 2025), and hypergraphs (Zhao et al.,601

2025a; Zhang et al., 2025f,c). (ii) For Efficiency:602

Communication efficiency is improved via Agent-603

Prune (Zhang et al., 2025d), AgentDropout (Wang604

et al., 2025l), and budget-aware AgentBalance (Cai605

et al., 2025). (iii) For Robustness: Robustness is en-606

hanced by filtering failure-prone paths (Gao et al.,607

2025), cooperative evolution (Wei et al., 2025b),608

and GNN-based detection with topological inter-609

vention (Wang et al., 2025f).610

Discussion on Graph-Assisted LLM Collaboration

Graph-assisted collaboration provides explicit structures
for coordinating experts or agents, improving routing and
task decomposition beyond traditional MoE or MAS sys-
tems. By modeling collaboration as a graph, systems can
adapt communication patterns and specialize more effec-
tively, efficiently, and robustly. Remaining challenges in-
clude scalability bottlenecks in large systems and the lack
of standard benchmarks for graph-structured cooperation.

611

8 Applications 612

Graph-assisted LLMs address intrinsic limitations 613

via structural modeling. In biomedical and health- 614

care, methods bridge domain gaps through pre- 615

cise knowledge injection (Wu et al., 2024a) and 616

retrieval (Zhao et al., 2025c). In scientific reason- 617

ing, graph structures enable non-linear inference 618

for math and biology (Bai et al., 2025; Sengupta 619

et al., 2025). For software engineering, graphs 620

model code dependencies to enhance bug localiza- 621

tion (Chen et al., 2025d) and understanding (Zhang 622

et al., 2025j). Finally, graphs enhance trustwor- 623

thiness using external KGs to detect (Chen et al., 624

2025c) and correct (Zhao et al., 2025b) hallucina- 625

tions. Detailed reviews are in Appendix A. 626

9 Challenges and Future Directions 627

While graph-assisted LLMs address key deficits, 628

challenges remain. In knowledge maintenance, 629

slow parametric updates necessitate lightweight 630

editing. For reasoning, a major bottleneck is auto- 631

mated construction of reliable graphs from unstruc- 632

tured text, alongside a need for process-oriented 633

evaluations beyond final accuracy. Finally, col- 634

laborative systems face scalability bottlenecks due 635

to communication overhead, requiring topology- 636

aware compression and standardized benchmarks. 637

A detailed discussion is provided in Appendix B. 638

10 Conclusion 639

We present a systematic survey of graph-assisted 640

LLMs focusing on mitigating intrinsic limitations. 641

We propose a taxonomy spanning five paradigms: 642

Parametric and Non-Parametric Knowledge Aug- 643

mentation, Knowledge Validation and Correction, 644

Reasoning and Planning, and Collaboration. These 645

methods address three core deficits: alleviating 646

knowledge cutoffs and hallucinations, overcoming 647

linear reasoning constraints, and optimizing collab- 648

oration. By demonstrating how graphs complement 649

LLMs, our work serves as a roadmap for develop- 650

ing trustworthy and intelligent systems. 651
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Limitations652

Although our work introduces a systematic frame-653

work for analyzing Graph-LLM integration, several654

limitations remain. First, given the rapid evolution655

of this field, new techniques emerge daily. While656

we strive for comprehensive coverage, certain re-657

cent preprints or niche domain applications may not658

be fully captured, and further community insights659

are encouraged to complement this study. Second,660

overlaps exist among the categorized limitations.661

For instance, the objective of enhancing domain662

knowledge via KGs naturally intersects with mit-663

igating hallucination, as factual grounding serves664

both ends. While we categorize methods based on665

their primary motivation, many graph-based solu-666

tions effectively address multiple deficits simulta-667

neously. We expect that addressing these complex-668

ities will motivate future comprehensive surveys669

and deeper investigations into the interpretability670

and scalability of Graph-LLM systems.671
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A Applications 1522

Graph-assisted Large Language Models have 1523

demonstrated significant potential across domains 1524

by explicitly modeling structural dependencies to 1525

mitigate intrinsic limitations, such as knowledge 1526

cutoffs, reasoning gaps, and hallucinations. We 1527

summarize representative works in Figure 12 and 1528

detail their applications below. 1529

Biomedical and Healthcare. As a quintessential 1530

knowledge-intensive domain, healthcare demands 1531

high precision and the integration of specialized, 1532

up-to-date information. Graph-assisted methods 1533

effectively bridge the domain gap in this context 1534

by enhancing knowledge injection and retrieval. 1535

For instance, PMC-LLaMA (Wu et al., 2024a) 1536

and MedCF (Xu et al., 2024) demonstrate how 1537

graph-based injection and editing ensure precise 1538

medical adaptation. Similarly, in retrieval tasks, 1539

systems like MedRAG (Zhao et al., 2025c) and 1540
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HyKGE (Jiang et al., 2025c) use medical graphs to1541

ground generation, improving the accuracy of diag-1542

nostic and discovery tasks (Delmas et al., 2025).1543

Software Engineering. Code data inherently pos-1544

sesses a graph structure (e.g., Abstract Syntax1545

Trees, dependency graphs), which is crucial for un-1546

derstanding complex logic. LocAgent (Chen et al.,1547

2025d) utilizes these structures to model depen-1548

dencies between code files, enabling autonomous1549

agents to accurately locate bugs. KB-Coder (Nie1550

et al., 2024) enhances knowledge-based question1551

answering via code-style in-context learning, while1552

GALLa (Zhang et al., 2025j) improves source code1553

understanding by aligning structural code represen-1554

tations with textual models.1555

Scientific Reasoning. Scientific domains demand1556

rigorous logic and the exploration of non-linear so-1557

lution spaces. In these contexts, graph structures1558

enable models to explicitly plan and navigate com-1559

plex reasoning paths. Works such as SaGoT (Bai1560

et al., 2025) in mathematics and Biomol-mqa (Sen-1561

gupta et al., 2025) in biology exemplify this capa-1562

bility, demonstrating how graph-based inputs facil-1563

itate structural inference over mathematical proofs1564

or bio-molecular interactions.1565

Trustworthiness and Factuality. Combating hal-1566

lucinations is a critical application area for deploy-1567

ing trustworthy AI services. Graph-assisted sys-1568

tems provide a verifiable reference for validation,1569

serving as a safeguard for reliable information dis-1570

semination. Tools like GraphCheck (Chen et al.,1571

2025c) and CoKGLM (Hasegawa and Ichise, 2024)1572

utilize external KGs to cross-reference and verify1573

generated content. Furthermore, frameworks such1574

as KGR (Guan et al., 2024) and CoG (Zhao et al.,1575

2025b) extend this utility by actively correcting1576

erroneous outputs based on trusted graph evidence.1577

B Challenges and Future Directions1578

While graph-assisted LLMs have addressed key1579

deficits, several critical challenges remain. Based1580

on the discussions above, we highlight primary1581

directions for future research.1582

Efficient Knowledge Maintenance and Safety.1583

Current parametric knowledge augmentation faces1584

a significant bottleneck in update efficiency: injec-1585

tion methods often suffer from slow update cycles,1586

making them ill-suited for rapidly evolving infor-1587

mation. Future research must explore lightweight,1588

modular editing techniques that allow for rapid1589

knowledge integration without the cost of full pa-1590

rameter updates. Furthermore, Knowledge unlearn- 1591

ing represents a nascent but critical area for data 1592

rights and safety. Deeper investigation is required 1593

to develop rigorous frameworks that can selectively 1594

erase sensitive or outdated information from graph- 1595

enhanced models while preserving the integrity of 1596

retained knowledge. 1597

Automated Graph Construction and Process 1598

Evaluation. Graph-assisted reasoning and plan- 1599

ning offer a principled solution to the structural 1600

limitations of LLMs by enabling them to external- 1601

ize long-range dependencies and recover from early 1602

errors. However, a major bottleneck is automati- 1603

cally constructing reliable graph representations 1604

from unstructured contexts without relying on ex- 1605

pensive human annotation or pre-defined schemas. 1606

Furthermore, current benchmarks largely focus on 1607

final answer accuracy. The field urgently needs 1608

scalable evaluations that assess the quality of the 1609

structured reasoning process itself, measuring the 1610

logical validity of graph traversal paths and the 1611

coherence of intermediate planning steps. 1612

Scalability and Standardization in Collabora- 1613

tion. For graph-assisted collaboration, scalabil- 1614

ity bottlenecks pose a serious challenge. As the 1615

number of experts (in MoE) or agents (in MAS) 1616

grows, the communication overhead inherent in 1617

complex graph topologies can degrade system ef- 1618

ficiency. Research is needed into topology-aware 1619

compression and dynamic pruning strategies that 1620

enable large-scale coordination without exhaust- 1621

ing resources. Finally, there is a distinct lack of 1622

standard benchmarks for graph-structured coopera- 1623

tion. Establishing unified evaluation platforms that 1624

rigorously test coordination efficiency, robustness, 1625

and role specialization is essential for measuring 1626

progress in collaborative intelligent systems. 1627
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Figure 12: A taxonomy of graph-assisted large language models.
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Table 1: Overview of Graph-Augmented LLM Knowledge across domains, datasets, and paradigms.

Paper Domain Knowledge Graph Dataset(s) Model Paradigm
Knowledge Injection

KG-SFT (2025a) Biomedical UMLS MedQA, IgakuQA, RuMed-
DaNet, etc.

LLaMA-2-7B Fine-tuning

GLaM (2024) Biomedical UMLS UMLS tasks LLaMA-7B Fine-tuning
ELPF (2024b) Biomedical – CMedQA, BioASQ ChatGLM2-6B Fine-tuning
GraphVis (2024) General ConceptNet CSQA, OBQA Llava-Mistral-7B Fine-tuning
KITLM (2023) Aviation AviationKG AeroQA T5 Fine-tuning
PMC-LLaMA (2024a) Biomedical UMLS PubMedQA, MedMCQA, etc. LLaMA-7B Fine-tuning
InfuserKI (2024a) Biomedical, Movie UMLS, MetaQA – LLaMA-7B Adapters
KnowLA (2024c) General ConceptNet, Wikidata CWQ, SIQA, WebQSP, etc. LLaMA-2 Adapters
LightPROF (2025) General Freebase WebQSP, CWQ LLaMA-7B Adapters
STRCMP (2025c) Math – MILP, SAT Code LLaMA-7B Adapters
Language Adapters (2024) General ConceptNet WikiANN, DGurgurov mBERT Adapters
COMPASS (2024b) Recommendation Self-construct ReDial, INSPIRED LLaMA-3.1-8B Adapters

Knowledge Modification
GLAME (2024d) General Wikipedia COUNTERFACT/+, MQUAKE GPT-2 XL, GPT-J Knowledge association
HYPE (2025) General Wikipedia COUNTERFACT/+, MQUAKE GPT-2 XL, GPT-J Knowledge association
MedCF (2024) Biomedical DRKG MedCF, MedFE ChatDoctor-7B, Meditron-7B Dataset construction
VLKEB (2024b) Multimodal MMKG VLKEB BLIP2, MiniGPT-4, Qwen-VL,

LLaVA
Dataset construction

TQA-KG (2024) Education CK12-QA CK12-QA GPT-3.5 Dataset construction
Knowledge Unlearning

FaithUn (2025) General Wikidata FaithUn Gemma2, LLaMA-3.2-3B Unlearning Evaluation
PISTOL (2024a) Business Self-construct PISTOL LLaMA-2-7B, Gemma-7B,

Mistral-7B
Unlearning Evaluation

HANKER (2025b) General Self-construct HANKER LLaMA-2-7B Unlearning Evaluation
KGUnL (2024) Safety Self-construct AdvBench LLaMA-2-7B Forget-set Construction
CU (2025) General Self-construct Wiki-Fact, TOFU Mistral-7B, Llama3.1-8B, etc. Forget-set Construction

Graph-Assisted RAG
RAPTOR (2024) General – QuALITY GPT-4 retriever+generator Abstractive indexing
PECAN (2025h) General – NarrativeQA, Qasper, HotpotQA,

etc.
Llama-3.x guided LLM Abstractive indexing

GraphRAG (2024) General – Private corpora GPT-4 family Abstractive indexing
GEAR (2025) General – MuSiQue, etc. BM25 + LLM agent Extractive indexing
HippoRAG (2024) General – HotpotQA, 2WikiMultihopQA,

etc.
LLM + PPR traversal Extractive indexing

LightRAG (2024) General – Public corpora LLM various Extractive indexing
MiniRAG (2025) On-device – QA benchmarks Small SLM-based Extractive indexing
KAG (2025) Professional – HotpotQA, 2WikiMultihopQA,

etc.
Framework various LLMs Extractive indexing

Graph of Records (2024b) General – WCEP, QMSum, etc. BERT + GNN Extractive indexing
KGP (2024b) General – IIRC, HotpotQA, etc. LLM traversal agent Extractive indexing
KG2RAG (2025) General – HotpotQA, etc. LLM retriever + generator Extractive indexing
HyperGraphRAG (2025a) General – Multi-domain datasets LLM various Extractive indexing
GFM-RAG (2025c) General – Multi-hop/domain sets GraphFM Extractive indexing
ROGRAG (2025k) Domain-specific – SeedBench, etc. Qwen2.5-7B eval Extractive indexing
CausalRAG (2025d) General – EventStoryLine, DramaQA, etc. LLM various Extractive indexing
GSR (2024c) General – Subgraph retrieval sets 220M SLM retriever Generative indexing
DialogGSR (2024) General – OpenDialKG, KOMODIS LLM with graph decoding Generative indexing
DP (2025b) General – ComplexWebQuestions, etc. LLM w/ priors Generative indexing
KB-BINDER (2023a) General, Movie Freebase, WikiMovies WebQSP, GrailQA, etc. Codex SP-based
KB-Coder (2024) General Freebase WebQSP, GrailQA, GraphQA GPT-3.5 SP-based
MedRAG (2025c) Biomedical Self-construct DDXPlux, CPDD Mixtral-8×7B, GPT-4o, etc. IR-based
K-RagRec (2025e) Recommendation Freebase MovieLens-1M/20M, Amazon

Book
LLaMA-2/3 variants IR-based

GNN-RAG (2024) General Freebase WebQSP, CWQ LLaMA-2-Chat-7B IR-based
HyKGE (2025c) Biomedical CpubMed-KG, etc. MMCU-Medical, CMB-Exam,

etc.
GPT-3.5, Baichuan IR-based

KG-Rank (2024b) Biomedical UMLS LiveQA, ExpertQA-Bio/Med,
etc.

GPT-4, Baize-healthcare IR-based

DP (2025b) General Freebase WebQSP, CWQ, MetaQA LLaMA-3.1-8B, Qwen-3-8B IR-based
GCR (2025b) General, Biomedical Freebase, MedicalKG WebQSP, CWQ, etc. Llama-3-8B IR-based
RoG (2024b) General Freebase WebQSP, CWQ LLaMA-2-7B-Chat IR-based
StructGPT (2023) General Freebase WebQSP, MetaQA GPT-3/3.5 Agent-based
ToG (2024) General Freebase, Wikidata CWQ, GrailQA, QALD10-en,

etc.
GPT-3.5/4, LLaMA-70B Agent-based

Interactive-KBQA (2024) General Freebase, Wikidata WebQSP, CWQ, KQA-Pro GPT-4, Mistral, LLaMA Agent-based
CoK (2024) General Wikidata FEVER, HotpotQA, FeTaQA LLaMA-2-7B, ChatGPT Agent-based
KG-Agent (2025a) General Freebase, Wikidata WebQSP, CWQ, etc. LLaMA-2-7B Agent-based
PoG (2024) General Freebase CWQ, WebQSP, GrailQA GPT-3.5/4 Agent-based

Graph-Assisted Memory
CAM (2025a) General – NovelQA, QMSum GPT-4 retriever+generator Graph for indexing
Zep (2025) General – DMR, LongMemEval GPT-4o/4o-mini Graph for indexing
SGMem (2025) General – LongMemEval, LoCoMo Qwen2.5-32B Graph for indexing
A-mem (2025) General – LoCoMo, DialSim GPT-4o/4o-mini, etc. Graph for indexing
AriGraph (2024) General – TextWorld, MuSiQue, etc. GPT-3.5/4 Graph for indexing
G-Memory (2025b) Embodied, Game - ALFWorld, PDDL, etc. Qwen-2.5-7B/14B,GPT-4o Graph for indexing
D-SMART (2025) General – MT-Bench-101 GPT-4o, Qwen-8B Graph as store
EMG-RAG (2024c) General – Self-construct GPT-4,ChatGLM-6B,etc. Graph as store

Knowledge Validation and Correction
CoKGLM (2024) General OpenDialKG OpenDialKG BART Knowledge Validation
Delmas et al. (2025) Biomedical ABROAD-KG LOTUS, PubMed Mixtral-8×7B Knowledge Validation
KGR (2024) General Wikidata SimpleQuestions, Mintaka, etc. GPT-3.5, Vicuna Knowledge Correction
GraphCheck (2025c) General Wikidata FEVER, SciFact GPT-4, Llama-2, ChatGLM Knowledge Correction
CoG (2025b) General Self-construct LC-QuAD, QALD-9 T5, BART Knowledge Correction
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Table 2: Overview of Graph-Assisted Reasoning and Planning across domains, datasets, and paradigms.

Paper Domain Graph Dataset(s) Model Paradigm
Graph-Assisted Reasoning

SGP (2024) General Concept Graph CLUTRR, BBH, etc. GPT-3.5, GPT-4, etc. Graph-Structured Input
RwG (2025) General Concept Graph AIW, LogiQA GPT-4o, Claude-3.5, etc. Graph-Structured Input
Talk-like-graph (2023) Graph Problems General Graph GraphQA PaLM-62B Graph-Structured Input
ToT (2023) General Reasoning Tree Game of 24, Creative Writing, etc. GPT-4 Graph-Structured Reasoning
GoT (2024) General Reasoning Graph Sorting, Keyword Counting, etc. GPT-3.5, LLaMA-2, etc. Graph-Structured Reasoning
SaGoT (2025) Math Reasoning Graph GSM8K, MathBenchA Qwen2-1.5B, LLaMA3-8B, etc. Graph-Structured Reasoning

Graph-Assisted Planning
HuggingGPT (2023) General Task Graph HuggingGPT Alpaca-7B, Vicuna-7B, etc. Graphs as Coordinators
PLaG (2024) General Task Graph AsyncHow GPT-3.5, GPT-4, etc. Graphs as Coordinators
GNN4TaskPlan (2024b) General Task Graph TaskBench, RestBench Baichuan2-13B, CodeLlama, etc. Graphs as Coordinators
ControlLLM (2024b) Multimodal Tool Graph Self-construct GPT-3.5, LLaMA-7B Graphs as Coordinators
ToolNet (2024a) General Tool Graph SciQA, TabMWP, etc. GPT-3.5 Graphs as Coordinators
SciToolAgent (2025) General Tool Graph SciToolEval, Safeguard Database, etc. OpenAI o1, Qwen2.5-72B, etc. Graphs as Coordinators
ToolFlow (2025j) General Tool Graph ToolBench, BFCL-v2, etc. GPT-4, LLaMA-3.1-8B Graphs as Coordinators
AFlow (2024c) General Task Graph GSM8K, HumanEval, etc. DeepSeekV2.5, GPT-4o, etc. Graphs as Coordinators
AgentKit (2024c) General Task Graph Crafter, WebShop GPT-3.5, GPT-4 Graphs as Coordinators
Plan-over-Graph (2025i) General Task Graph Self-construct GPT-4o, Llama-3.1, Qwen2.5, etc. Graphs as Coordinators
WorfBench (2024) General Task Graph WorfBench GPT-4, GPT-3.5, etc. Graphs as Coordinators
LocAgent (2025d) Code Code Graph Loc-Bench Qwen-2.5-Coder Graphs as Environments
Mem0g (2025) General Concept Graph LOCOMO GPT-4o-mini Graphs as Environments
Huang et al. (2025b) General Task Graph AI2-THOR not mentioned Graphs as Environments

Table 3: Overview of Graph-Assisted Collaboration across domains, datasets, and paradigms.

Paper Domain Dataset(s) Model Paradigm
Mixture-of-Experts (MoE)

GraphLORA (2024) General ARC-Challenge, BoolQ, OpenBookQA, SocialIQA LLaMA-3-8B, Qwen2-7B, Yi-1.5-9B MoE
Lancet (2024a) General WikiText LLaMA-3-8B MoE
GraphMOE (2025) General ARC, BoolQ, OpenBookQA, SocialIQA, etc. GPT2-S-MoE, GPT2-L-MoE MoE
GraphRouter (2024) General Natural Instructions v2, TriviaQA, MMLU, Hu-

manEval
T5, GPT-3.5 MoE

Multi-Agent Systems (MAS)
Villageragent (2024) General OpenDialKG GPT-4, Gemini Pro, GLM-4 For Performance
RAG-KG-IL (2025) Biomedical Private 20 questions GPT-4o For Performance
G-designer (2024a) General MMLU, GSM8K, MultiArith, SVAMP, HumanEval GPT-3.5/4 For Performance
Magic (2023) Customer Service Magic benchmark GPT-3.5/4, LLaMA-2-70B, PaLM 2, Claude 2, etc. For Performance
HYGMA (2025a) MARL, Robotics MAPF, StarCraft II micromanagement Actor-Critic architecture with Hypergraph neural

modules
For Performance

GPTSwarm (2024) General MMLU, Mini CrossWords, HumanEval, GAIA GPT-3.5/4 For Performance
AFlow (2024c) General GSM8K, HumanEval, etc. DeepSeekV2.5, GPT-4o, etc. For Performance
AGORA (2025f) Math, Multimodal GSM8K, AQuA, MATH-500, MME-RealWorld Deepseek-R1-1.5B, Qwen2-1.5B-Instruct, etc. For Performance
LocAgent (2025d) Code CodeSearchNet, CoSQA GPT-4, CodeLLaMA, StarCoder, SantaCoder For Performance
Park et al. (2025) Industrial Self-construct Qwen2.5-32B, Gemma-3-27B For Performance
EvoFlow (2025a) General GSM8K, MultiArith, HumanEval, MBPP, ALFWorld GPT-4o-mini, LLaMA-3.1-70B, Qwen-2-72B, etc. For Performance
EvoMAC (2024) General rSDE-Bench, HumanEval GPT-4o-mini, Claude-3.5-Sonnet, and Gemini-1.5-

flash
For Performance

ReSo (2025) General MATH, SciBench Gemini-2.0-Flash, GPT-4o, Qwen-2.5- Max, etc. For Performance
ARG-Designer (2025b) General GSM8K, MMLU, SVAMP, AQuA, HumanEval GPT-4o For Performance
MaAS (2025c) General GSM8K, MATH, HumanEval, MBPP, GAIA GPT-4o-mini, Qwen2.5-72B, LLaMA-3.1-70B For Performance
AgentPrune (2025d) General MMLU, SVAMP, AQuA, HumanEval GPT-3.5/4 For Eficiency
AgentDropout (2025l) General GSM8K, MMLU, AQuA, MultiArith, etc. Llama3-8B, Qwen2.5-72B-Instruct, etc. For Eficiency
AgentBalance (2025) General MMLU, HumanEval, MATH Qwen3-8B, DeepSeek-R1, etc. For Eficiency
FlowReasoner (2025) Code BigCodeBench, HumanEval, MBPP GPT-4o-mini, DeepSeek-R1-Distill-Qwen For Robustness
VFlow (2025b) Code VerilogEval GPT-4o, DeepSeek-V3, GPT-4o-mini For Robustness
G-Safeguard (2025f) Security CSQA, MMLU, GSM8K GPT-4o, LLaMA-3.1-70B, Claude-3.5-haiku, etc. For Robustness
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