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Large Language Models

* LLMs exhibit great reasoning ability to solve many complex tasks.

Chain-of-Thoughts
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Large Language Models

* LLMs lack up-to-date or domain-specific knowledge, which limits their
performance in knowledge-intensive tasks, such as medical diagnosis,
legal judgment.

Question
What product did Apple release in 20232 ]

Output

~
Sorry, I do not have knowledge after Sept. 2021.
Could you provide some additional information?
\. J

Lack of Knowledge




Retrieval-Augmented Generation (RAG)

 Retrieval-augmented generation (RAG) allows LLMs to reason in
external knowledge, enhance its applicability.

Knowledge



Reasoning on Structured Knowledge

* To better reason with knowledge, we need to capture the structural
connections (associations) between knowledge.

@

When was the football club founded in which/Walter Otto Davis played at centre forward?

Paragraph 1: [Walter Davis (footballer)] <

Walter Otto Davis was a Welsh Paragraph 2: [Millwall F.C ]
professional footballer who played at Millwall Football Club is a professional
centre forward for Millwall for ten years football club in South East London, ...

in the 1910s. R RCeaa L LT IELECELED SITITL »| Founded as Millwall Rovers in 1885.




Reasoning on Structured Knowledge

* Moreover, many real-world knowledge is structured like knowledge
graphs.
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Reasoning on Structured Knowledge

* Unfortunately, LLMs, with their unstructured nature in architecture,
cannot effectively reason on structured knowledge.

 We need a better way to enhance LLMs to conduct reasoning on
structured knowledge.



Reasoning on Structured Knowledge

* Existing works focus on two-fold:
 Structured knowledge index construction:
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Figure 2: Workflow of graph-based RAG methods under our unified framework.

Zhou, Yingli, et al. “In-Depth Analysis of Graph-Based RAG in a Unified Framework.” VLDB 2025




Reasoning on Structured Knowledge Trilemma
Speed, Structure, or Scale?

Paradigm Generalizability | Latency (Speed) | Computational Scalability Multi-hop
Cost Accuracy

Graph Search High Moderate
(HippoRAG, (ad-hoc ("'2-205)

LightRAG) structure)

Agentic Low Critical Critical Moderate High
Reasoning (ad-hoc (> 70s)

(ToG, KAG, structure)

Youtu-

GraphRAG)

GNN-based Low Low Moderate Low Moderate
Reasoning (KG specific) (~2-10s)

(G-retriever,
GFM-RAG)



G-reasoner: Unified Reasoning Framework

G-reasoner

Pillar 1: Unified Structure
G

A standardized 4-layer
abstraction (QuadGraph) that
normalizes all heterogeneous

graph data

7

Pillar 2: Synergized Reasoning

A 34M-parameter Graph
Foundation Model (GFM) that
fuses topological structure with
text semantics.

\
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Pillar 3: Massive Scalability
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Distributed message-passing

and mixed-precision training to
scale across unlimited GPUs

\
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G-reasoner: Graph Foundation Models for Unified
Reasoning on Structured Knowledge with LLMs
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QuadGraph: An Universal Graph Interface

* To handle diverse graph structure for
different domains, we created a
standardized, four-layer abstraction.

* QuadGraph Layers:

 This flexible structure can represent and
unify the outputs of most existing GraphRAG
construction methods.

Attribute Layer: Captures common properties of nodes

(e.g., price, date) .

Knowledge Graph Layer: Represents entities and their
relationships as structured factual triples.

Document Layer: Contains unstructured text from
documents and passages.

Community Layer: Groups related nodes to provide
high-level, global structural information.
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Mergizing Topology and Semantics Reasoning

* G-reasoner adopts a 34M parameter GFM that jointly reason over the
graph topology and text semantics to score node against user queries.
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Mergizing Topology and Semantics Reasoning

G-reasoner adopts a 34M parameter GFM that
jointly reason over the graph topology and text

semantics to score node against user queries. Knowledge Distillation
. . from Text Encoder g
Synergizes Structure & Semantics:

* Jointly reasons over the graph topology and
rich text embedded in nodes and edges.

Weakly Supervised Training:

* Knowledge distillation from pre-trained text /7
embedding model.

Scalable Implementations:

* Mixed precision training and a distributed Distributed
message-passing to handle massive graphs Multi-GPU Training
across multiple GPUs.
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Mergizing Topology and Semantics Reasoning

* Semantic Encoding

h, = SentenceEmb(g), q € R,
H), = SentenceEmb(V), h, € Hy, h, € R

* GFM Reasoning

h, = Init(h,, 1,e, - hy), vEV,
h! = Update(hf},_l,Agg({Msg(hl_1 h/,h!"h) | (v,7,0)) € £})), le{1,...,L},

v ) r?

p(v) = Predictor; (hl,h,, h,).
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ﬂercoming Data Scarcity via Weak Supervision

* To effectively train GFM without exhaustive human labels, we
leverage the pre-trained text embedding model to provide weak
supervision signals for training GFM.

. Teacher: Pre-trained Text Encoder (Frozen)

Pseudo- Label\\\'\*\llv//v/"//
(Similarity Scores
-/L KL Divergence Pipeline

QA

logpo(v | 4.9) — ADialps(V | 4.) | a(V | 4,9))
Y Y

Student:
34M GFM

G-reasoner Distill from the text embedding models.
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Engineered for Unlimited Scale

* G-reasoner partitions massive graphs across distributed GPUs. It
computes locally and exchanges messages globally, allowing compute
to scale linearly with data size via mixed-precision training.
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Unified Reasoning Engine

* G-reasoner is an end-to-end framework for knowledge-enhanced reasoning.

* |t processes chaos, restructures it, analyzes it with specialized GNNs, and provides
the LLM only the precise structural and semantic context needed for a perfect
answer.

1 2 3 4 5 6
S Esii “Eg;;
1 2 3 4 5 6

Raw Multi-Domain QuadGraph 34M GFM Top-K LLM Context Hallucination-Free

Inputs Normalization Processing Selection Injection Answer
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Dataset

# Query # Document

° HotpotQA (Yang et al., 2018) 1,000 9,221
QA Rea soni ng Pe rfo rmance MuSiQue (Trivedi et al., 2022) 1,000 6.119
2Wiki (Ho et al., 2020) 1,000 11,656
— G-bench (Novel) (Xiang et al., 2025) 2,010 461
G-bench (Medical) (Xiang et al., 2025) 2,062 2,406
G-bench (CS) (Xiao et al., 2025) 1,018 24,534
G-bench | G-bench | G-bench
‘ HotpotQA ‘ MuSiQue 2Wiki ‘ (Novel) Medical) ‘ (CS)
Method 'EM Fl [EM Fl |EM Fl | ACC | ACC | ACC
Non-structure Methods
None (GPT-40-mini) (OpenAl, 2024) 28.6 410 | 11.2 363 | 30.2 363 514 67.1 70.7
BM?25 (Robertson & Walker, 1994) 520 634 | 203 288 | 479 512 56.5 68.7 71.7
ColBERTYvV2 (Santhanam et al., 2022) 434 577 | 155 264 | 334 433 56.2 71.8 71.9
Qwen3-Emb (8B) (Zhang et al., 2025b) 534 676 | 319 44.1 | 57.2 632 56.2 70.4 73.5
Graph-enhanced Methods
RAPTOR (Sarthi et al., 2024) 50.6 64.7 | 27.7 392 | 39.7 484 43.2 57.1 73.6
GraphRAG (MS) (Edge et al., 2024) 514 67.6 | 27.0 420 | 347 61.0 50.9 45.2 72.5
LightRAG (Guo et al., 2024) 99 202 | 20 93 25 121 45.1 63.9 71.2
KAG (Liang et al., 2025) 595 722|338 460 | 673 75.1 - - -
HippoRAG (Jimenez Gutierrez et al., 2024) | 46.3 60.0 | 240 359 | 594 67.3 44.8 59.1 72.6
HippoRAG 2 (Gutiérrez et al., 2025) 563 71.1 | 350 493 | 60.5 69.7 56.5 64.9 -
SubgraphRAG (Li et al., 2025a) 445 570 | 25.1 357 | 6277 69.0 - - -
G-retriever (He et al., 2024) 414 534 | 23.6 343 | 335 396 - - 69.8
GFM-RAG (Luo et al., 2025) 56.2 69.5 | 302 49.2 | 69.8 77.7 58.6 72.2 72.1
G-reasoner | 61.4 76.0 | 385 525|749 821 | 589 73.3 73.9



E)ss-graph Generalizability

* Because QuadGraph acts as a universal translator, the GFM can be
deployed directly onto existing graph architectures and immediately

outperform their native retrieval methods.

Retriever Graph Structure QuadGraph Layer HotpotQA MuSiQue 2Wiki
KG Doc. Attrr. Com. | EM F1 EM F1 EM Fl
Personalized
PageRank HippoRAG v - - - 46.3 60.0 24.0 359 594 673
Embedding+
Graph Search LightRAG v v - - 99 202 20 93 25 121
HippoRAG v - - - 54.0 683 289 41.0 72.0 80.0
G-reasoner LightRAG v v - - 497 620 253 359 594 644
Youtu-GraphRAG | v v v v 523 659 303 425 69.7 7T1.7




Efficiency: Fast and Accurate

| G-bench (CS)
Method | Time (s) ACC
Agent-based Methods
KGP (Wang et al., 2024) 89.4 71.9
ToG (Sun et al., 2024) 70.5 71.7
DALK (Li et al., 2024) 26.8 69.3
Graph Search Methods
GraphRAG (MS) (Edge et al., 2024) 44.9 72.5
LightRAG (Guo et al., 2024) 14.0 71.2
HippoRAG (Jimenez Gutierrez et al., 2024) 2.4 72.6
GNN-based Methods
G-retriever (He et al., 2024) 23.8 69.8
GFM-RAG (Luo et al., 2025) 2.0 72.1

G-reasoner 0.2 73.9




Efficiency: Compute Scaling

* G-reasoner can scale linearly with data size and model size to support

large-scale training and inference.
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Figure 3: Memory and throughput gain
brought by mixed precision training.
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Thanks for your listening!
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