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Retrieval-Augmented Generation (RAG)

* Retrieval-augmented generation (RAG) has proven effective in
integrating knowledge into LLMs without training.
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Limitations of RAG

* Neglecting relationships

* Traditional RAGs struggle to capture complex relationships between pieces of
knowledge, limiting their performance in intricate reasoning that requires
integrating knowledge from multiple sources, e.g., multi-hop reasoning.
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@ph-enhanced RAG

* GraphRAG constructs a graph structure to explicitly model
relationships, allowing for more effective and efficient retrieval based
on it.
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Knowledge Graph Index

* Knowledge graphs provide a structural index of knowledge across
multiple documents are widely used in GraphRAG.

* KGs can be automatically constructed from documents by LLMs
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HippoRAG (NeurlPS 2024)

* HippoRAG adopts Personalized PageRank (PPR) to compute the
relevance of documents with the graph structure for retrieval.
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Challenge: The graph structure can be noisy and incomplete.



GNN-RAG (ACL 2025)

* GNNs have demonstrated impressive performance in GraphRAG due
to their powerful graph reasoning ability.

GNN-RAG - Prompt: "Generate helpful relation paths."
- +RA
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E Jamaica = located_in -> Caribbean Sea
o "Which language do Jamaican people speak?"

Challenge: GNNs limit in generalizability as they need to be trained from scratch in
new datasets. !



Graph Foundation Model for Retrieval Augmented Generation

* We propose a novel graph foundation model (GFM), with 8 M
parameters for retrieval-augmented generation (GFM-RAG).
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KG-index Construction

* OpenlE: gpt-40-mini

* Entity resolution: colbert

* Calculate the entities’ embedding
similarities and link entities with
similar semantics by threshold o.

— LT

Open Information Extraction

Instruction:

Your task is to construct an RDF (Resource Description Framework) graph from the given passages and
named entity lists.

Respond with a JSON list of triples, with each triple representing a relationship in the RDF graph.

Pay attention to the following requirements:

- Each triple should contain at least one, but preferably two, of the named entities in the list for each
passage.

- Clearly resolve pronouns to their specific names to maintain clarity.

Convert the paragraph into a JSON dict, it has a named entity list and a triple list.

One-Shot Demonstration:
Paragraph:

Radio City

Radio Gity is India’s first private FM radio station and was started on 3 July 2001. It plays Hindi, English
and regional songs. Radio City recently forayed into New Media in May 2008 with the launch of a music
portal - PlanetRadiocity.com that offers music related news, videos, songs, and other music-related
features.

{"named_entities": ["Radio City", "India", "3 July 2001", "Hindi","English", "May 2008",
"PlanetRadiocity.com"]}

{"triples":
[

["Radio City", "located in", "India"],
["Radio City", "is", "private FM radio station"],
["Radio City", "started on", "3 July 2001"],
["Radio City", "plays songs in", "Hindi"],
["Radio City", "plays songs in", "English"],
["Radio City", "forayed into", "New Media"],
["Radio City", "launched", "PlanetRadiocity.com"],
["PlanetRadiocity.com", "launched in", "May 2008"],
["PlanetRadiocity.com", "is", "music portal"],
["PlanetRadiocity.com", "offers", "news"],
["PlanetRadiocity.com", "offers", "videos"],
['"PlanetRadiocity.com", "offers", "songs"]

Input:

Convert the paragraph into a JSON dict, it has a named entity list and a triple list.
Paragraph:

PASSAGE TO INDEX

{"named_entities": [NER LIST]}

Figure 9: Prompt for OpenlE during indexing.



Graph Foundation Model for Retrieval Augmented Generation

6raph Foundation Model for Retrieval Augmented Generation
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Training Graph Foundation Model

Training Knowledge Graphs Training Question-Doc. Pairs and K6-Indexes
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Triple Target Ent. Question Ents.
Q: (Barack Obamna, |:> Graph Foundation |:> A: Honolulu Where was |:> Graph Foundation E> A: Honolulu,
born_in, ?) 6NN Model Obarnna born in? 6NN Model el

Stage 1: Self-supervised K& Completion Pre-training Stage 2: Supervised Document Retrieval Finetuning
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Synthetic query-target pairs Labeled query-target pairs

15



Experiments

 Datasets:
* HotpotQA
* MuSiQue
e 2Wiki
* Training: 8 A100s

Table 1. Statistics of the query-doc pairs and KGs used for training.
Dataset  #Q-doc Pair #Document #KG  #Entity  #Relation #1riple

HotpotQA 20,000 204,822 20 1930362 967,218 6,393,342
MuSiQue 20,000 410,380 20 1,544966 900,338 4,848,715
2Wiki 20,000 122,108 20 016,907 372,554 2,883,006

Total 60,000 737,310 60  4,392235 2240,110 14,125,063
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Retrieval Performance

Table 1: Retrieval performance comparison.

Casapey, | = s | HotpotQA | MuSiQue | 2Wiki
| R@2 R@5 | R@2 R@5 | R@2 R@S

BM?25 554 722 | 323 412 | 518 619
Contriever : 572 755 | 348 466 | 466 515
GTR Naive 594 733 | 374 491 | 602 679
ColBERTY2 647 793 | 379 492 | 592 682
RAPTOR Methods | 55 712 | 357 453 | 463 5338 Findings:

Single-step |_ProPosition 587 71.1 | 376 493 | 564 63.1 N based hod (Hi ) hod

= [ ) -
GraphRAG (MS) 583 766 | 354 493 | 616 T3 Graph-based method (HippoRAG) > naive methods.
LigthA% . 33-3 54-'27 24-3 gﬂ 45‘; gg-l * Multi-step framework can improve the performance.
HippoRAG (Contriever) 59. 76. 41. ok | TR S . .
Graph-based HippoRAG (ColBERTY2) 605 777 | 409 s19 | 707 891 * GFM-RAG can effectively conduct the multi-hop
SubgraphRAG 615 730 | 421 493 | 707 855 N :
Methods oot Yo conlaee 3 liess S reasoning in a single step.

Adaptive-RAG 610 764 | 35.1 447 | 447 614
FLARE 73.1 813 | 443 551 | 671 731
IRCoT + BM25 656 790 | 342 447 | 612 756

Multi-step | IRCoT + Contriever 659 816 | 39.1 522 | 516 638
IRCoT + ColBERTY2 679 820 | 417 537 | 641 744
IRCoT + HippoRAG (Contriever) | 658 823 | 439 566 | 753 934
IRCoT + HippoRAG (ColBERTv2) | 67.0 830 | 453 576 | 758 939

Single-step | GFM-RAG | 783 871 | 49.1 582 | 90.8 956

. . 18
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Efficiency

Table 4. Retrieval efficiency and performance comparison.

Method HotpotQA MuS1Que 2Wiki

Time (s) R@5 | Time(s) R@5 | Time(s) R@5
ColBERTv2 0.035 79.3 0.030 49.2 0.029 68.2
HippoRAG 0.255 77.7 0.251 51.9 0.158 89.1

IRCoT + ColBERTV2 1.146 82.0 1.152 53.7 2.095 744
IRCoT + HippoRAG 3.162 83.0 3.104 57.6 3.44] 93.9

GFM-RAG 0.107 87.1 0.124 58.2 0.060 95.6

Findings:
* GFM-RAG achieves a great efficiency in performing multi-step reasoning in a single step.
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Eneraliza bility

e Zero-shot transfer to new datasets

PubMedQA
Table 6. Statistics of the dataset and constructed KG-index used for testing. DelucionQ A HAGRID
Dataset Domain #Test #Document #Enuty #Relation #Triple
HotpotQA Multi-hop 1,000 9,221 87,768 45,112 279,112
MuSiQue Multi-hop 1,000 6,119 48,779 20,748 160,950
2Wiki Multi-ho 1,000 11,656 100,853 55,944 319,618
PubMedQA Biomedical 2.450 5,932 42,389 20,952 149,782
DelucionQA  Customer Support 184 235 2.669 2,298 6,183 EManual S Marco
TechQA Customer Support 314 769 10,221 4,606 57,613
ExpertQA Customer Support 203 808 11,079 6,810 16,541
EManual Customer Support 132 102 695 586 1,329
MS Marco General Knowledge 423 3,481 24,740 17,042 63,995
HAGRID General Knowledge 1,318 1,975 23,484 18.653 48.969

ExpertQA TechQA
= GFM-RAG = HippoRAG = LightRAG

21



Path

Interpretations

* GFM can provide path interpretations for its reasoning.

Table 5. Path interpretations of GFM for multi-hop reasoning, where +—' denoles the inverse of original relation.

Question |

What fooiball club was owned by the singer of “"Grow Some Funk of Your Own™?

Answer |

Watford Football Club

Sup. Doc. |

[ “Grow Some Funk of Your Own”, “Elton John™]

Paths

1.095: (grow some funk of your own, is a song by, elton john) — (elton john, equivalent, sir
elton hercules john) — (sir elton hercules john, named a stand after I watford football
club)

0.915: (grow some funk of your own, is a song by, elton john) — (elton john, equivalent, sir
elton hercules john) — (sir elton hercules john, owned, watford football club)

Question

When was the judge born who made notable contributions to the trial of the man who
tortured, raped, and murdered eight student nurses from South Chicago Community Hospital
on the night of July 13-14, 19667

Answer |

June 4, 1931

Sup. Doc. |

[ “Louis B. Garippo”, “Richard Speck™]

Paths

0.797: (south chicago community hospital, committed crimes at™ !, richard speck) —
(richard speck, equivalent, trial of richard speck) — (trial of richard speck, made contribu-
tions during !, louis b garippo)

0.412: (south chicago community hospital, were from !, eight student nurses) — (eight
student nurses, were from, south chicago community hospital) — (south chicago community
hospital, committed crimes at 1, richard speck)

The path’s importance to the final prediction
can be quantified by the partial derivative of
the prediction score with respect to the triples
at each layer.

dp
51,82,...,8 = t{}p-ﬁ:L(q).

Hr‘} =
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Neural scaling law

* Performance of the GFM scales with the data and parameters.

Neural Scaling Law Model Scaling Data Scaling
z=0.24x%9 +0.11y"%%3, R2=0.95
ik 12k — 0k m— 45k m— (LOEM ()T — M
Bk 24k =—— 16k — 02M —_— M
(.59 .59
(5% - (.58
0,57 0.57 4
.56 - (.56 4
.55 1 g 0.55 4
0.54 .54 4
.53 1 = 0.53 .
0.52 - 0.52
0.51 7 0.51 A
0.50 = 0.50
0.49 ==y —— T 0.49 T —T T T T - T
0.08M 0.2M 0.7M M M ik sk 10k 20k 30k S0k
# Parameter (log scale) # Data (log scale)

A : Figure 5. The illustration of the model and data scaling law of GFM-RAG.
Figure 4. Neural scaling law of GFM-RAG.
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Future works — G-reasoner

* G-reasoner: Foundation Models for Unified Reasoning over Graph-
structured Knowledge

Multi-domain 6raph-structured nified OuadGrach 6raph Foundation Language Foundation
Knowledge Knowledge iR A Model Reasoning Mode! Reasoning
I >
o | @ I I ® I
iz | —
— Community O 3 CO"\PGH!
== Knowledge Graph Layer
Encyclopedia  (HippoRAG, To6, I Community
~ G6FM-RAG..) ‘ =
o o pple Inc.
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w = Large
Hierarchical Gf'dph release
O——0 | \_Model
j.egal Cases YouTu-G_S.thAG...) Graph Layer ; . Inc. Triple
Oy /o FETEE ”
LG [ 2 \—_:} Ly A " color, price...
04 N e Armibate @ DL 0 B
Financial Report = < Virtual
inancial Report  pocument Graph Attribute Assistant

(K6P, RAPTOR...)
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Thanks for your listening!
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