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Motivation and Challenges
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® Graphs ubiquitous: Social networks, finance, molecules (e.g., fraud detection on
200k+ nodes)

@ |LMs struggle: Context Exhaustion (graphs exceed windows) and Reasoning
Hallucination (single tools fail complex tasks)

@ Prior work limitations: Text-based (NLGraph) limited by size; Tool-based
(GraphForge) lacks adaptive chaining

® |nspiration: Mimic human exploration — broad to focused



GraphChain Overview
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® Framework: LLMs chain specialized tools (NetworkX-based) for dynamic graph analysis

» MDP Modeling: States (query + memory), Actions (tool selection), Rewards (success +
distillation)

@ Innovations:
Progressive Graph Distillation: RL to reduce complexity while keeping relevance
Structure-aware Test-Time Adaptation: Adapt to topologies via SVD fingerprint and lightweight

adapter




Key Methods

o Distillation: Quantify GDL (volume) and Relevance; Reward for reduction + gain;
PPO optimization

@ Adaptation: Graph fingerprint zG from Laplacian SVD; Adapter generates prompt
for frozen LLM

® Self-supervised: Minimize chain length + KL on auxiliary queries

® Benefits: Scales to large graphs, no retraining
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Experimental Results

s Datasets: 5 domains (Cora, Facebook, QM9, etc.) — Table 1 stats
o GraphChain: 84.7% avg. accuracy (+20.7% over GraphForge at 70.2%)
o Baselines: Text (GPT-40: 59.4%); Tools (GraphForge: 70.2%)

® Scalability: Consistent on 200k nodes; Ablations confirm distillation/STTA value

Text-Instruction Methods

Model Parameters  Financial Network  Chemical Molecule  Social Network  Citation Graph  Traffic Network  Average

Claude-3-Sonnet - 217+ 18 470+£22 215+£32 17.7+£12.1 168 +£20 249+£23
GPT-3.5-turbo ~175B 366 + 2.1 18.2 +3.6 122+ 08 194+ 1.9 219424
Claude-3-Haiku ~208 122+£3.0 503434 19.8 £ 2.0 13.9+£24 298428
Claude-3-0Opus ~1378 236+2.1 51.9+13 36.7+ 3.1 396+22
GraphWiz 13B 41.1£39 524 £26 61.5+3.5 68.0£2.1 523429
NLGraph ~100B 521434 584425 652423 59.4 £ 0.5 550421
GPT-40 ~200B 575+19 62.7 £3.6 652+39 T1.5+34 594426
Claude-4-Sonnet - 5824210 629+ 1.7 61.7+4.3 7154 1.4 586423
GPT-4.1 - 522415 634 £2.6 674423 700+ 1.9 61.7+22
Gemini-2.5-Flash - 251 £1.3 673 £ 1.6 28.1 £2.1 24.1+18 339+ 1.7

Tool-Instruction Methods

Graph-ToolFormer 8B 47519 68.1 £4.8 61434 62.4+35
GraphForge 8B 635+ 3.5 T09 +54 634 +44 702438
ToolGen 8B 758+ 1.1 579+£129 612+13 674 £ 18
GraphChain B 81.5+22 BL1£40.7 89.6 + 2.0 836+ 2.6 84.1 +0.3 84.7 + 1.8
Relative improvement (%) - +7.5% +14.4% +11.4% +7.9% +14.4% +20.7%




Conclusion and Contributions

@ GraphChain enables scalable LLM graph analysis via chaining
@ Contributions: RL distillation, topology adaptation, +20.7% SOTA, open-source code

@ Future: More tools, online adaptation
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