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BLow-Distortion GRL — Motivation and Key Concept

O Graph distortion: loss of intrinsic structure info in embeddings
(noisy edges, missing links, altered topology)

O Goal: preserve essential graph properties in low-dim representations

0 Complex topologies make embeddings sensitive to small
perturbations, risking major information loss
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B Key Approaches to Reduce Distortion

|. Recap of Tutorial

OlInvariance-guided (causality-based) methods: enforce stable

representations under graph perturbations or interventions,

Isolating causal structure from noise

O0D: P,.(X,Y) # P,.(X,Y)

P,.(X,Y) (partially) Known:
OOD Adaptatlon (Domain Adaptation)

P;.(X,Y) Unknown:
00D Generalization

[Picture Credit] Stable Learning for Out-of-Distribution Generalization and the NICO Challenge. Peng Cui.
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B Key Approaches to Reduce Distortion

O Information-theoretic methods: maximize mutual information
and minimize info loss between graphs and embeddings (retain as
much original signal as possible)

max [ (Grp;Y) — BI(Grp;G)  nputgraph G,g (embedding) label
IB A (R '
> %9 — 0 AL task target
% \ \ HGrps X)) O HG g Y)
D / } Y noisy relation
é}\ /,’ » 0ptima| 2 - === underlying relation
e T ” s G ~ p(G) Grg ~p(GrB) Y
7 irrelevant info. + 7, overfitting N VAN Y
. . Y e
minimal sufficient info. _ _ . .
noise / irrelevant info. useful / relevant info.
compression conservation

abandon
[Picture Credit] Graph information bottleneck. Tailin Wu, et al. ( ) <
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B Key Approaches to Reduce Distortion

|. Recap of Tutorial

[0 Geometry-guided methods: embed graphs in non-Euclidean

spaces (e.g. hyperbolic) better suited to graph structure, reducing
embedding distortion for hierarchical or complex topologies

Metwork
F o — —sa— 7"

%

orlginal network embedding space

[Picture Credit] Efficient and Effective Edge-wise Graph Representation Learning. Hewen Wang, et al
Hyperbolic mapping of complex networks. Dmitri Krioukov, et al
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O1l. Future Directions
0 Benchmarks for Low-Distortion GRL
O Graph Foundation Model (GFM)
O Graph Retrieval-Augmented Generation (GraphRAG)
O Graph World Model (GWM)
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BEBenchmarks for Low-Distortion GRL

[ONeed for structural fidelity benchmarks: Current evaluations
often don't reveal the advantages of low-distortion methods

O Develop new metrics (e.g. curvature, hyperbolicity) and tasks to test
how well embeddings preserve topology and features

O Community benchmarks & leaderboards: Build shared datasets
and standardized protocols to fairly compare methods and drive
progress
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BEBenchmarks for Low-Distortion GRL

OImbalanced Machine Learning
[0 Data imbalance leads to decision boundary shift
Cldecision boundary shift = high-distortion GRL

bias induced by imbalance
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[Picture Credit] Handling inter-class and intra-class imbalance in class-imbalanced learning. Zhining Liu, et al. 9
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BEBenchmarks for Low-Distortion GRL

CImbalanced Graph Learning (IGL)

The number of node The distribution of node labels is The distribution of node labels is uneven
labels is uneven uneven in the position of topology in the hierarchical roles of topology

Bottom-level

o}
Conflict boundary

Quantity imbalance  Position imbalance Hierarchy imbalance

[Picture Credit] Hyperbolic geometric graph representation learning for hierarchy-imbalance node classification. Xingcheng Fu, et al. 10
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[l. Future Directions

BEBenchmarks for Low-Distortion GRL

Problems

£\

[ GMaching 1
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O There lacks a comprehensive benchmark for Imbalanced Graph

Learning (IGL), which significantly impedes the understanding and

progress of IGL

[Picture Credit] A survey of imbalanced learning on graphs: Problems, techniques, and future directions. Zemin Liu, et al.

11
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BEBenchmarks for Low-Distortion GRL

DWhy Benchmark for IGL? Algorithms (Node-level)
J Node-level imbalanced graph |earning Resampling LTE4G, ALLIE......
O Class-imbalance: the disproportionate distribution Reweighting TAM, HTvgs(r)IZ/IUBCA, Renode,
of labeled nodes across classes SR I e S ]
O Topology-imbalance: the positional distribution of SR o
labeled nodes on the graph Datasets (Node-level)
0 Graph-level imbalanced graph learning Manual imbalanced ~ Cora, Citeseer, Pubmed,
datasets Chameleon, Squirrel, Actor

O Class-imbalance: the disproportionate distribution . . P ——
of labeled graphs across classes datasets Computers, ogbn-arXiv
O Size-imbalance: the great disparity in graph sizes @

between multiple graphs

Comparison Backbones Homophily

12
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BEBenchmarks for Low-Distortion GRL

OIGL-Bench: Establishing the comprehensive benchmark for IGL
017 diverse graph datasets and 24 distinct IGL algorithms

/" Node-/ Graph-Level X Node-Level Topology-Imbalance N Graph-Level )
Class-Imbalance Locsl : Global Topology-lmbalance
S | gr%er—Reaching ussssmnnn,, . o graphs Hg = aﬁphs Te
% . =1 a® 9;' , .,
N ?Tajo?ty (C;) nuni)rlfy (f ) | ok :'_? * o o X
# s ma_]orlty (C ) — o — ﬁ. R —— l_. —
= : D, 69 ? L PR R
g' minority (C;) | SC'": Over-Squashing 3;: .; *.: $ o
< = @® head nodes H, " tailnodes7, | @ labeled O  unlabeled o1 :T’: °’ .
index [ I ® 1
. RC < Equation B.4
. maxz 1|C| — ﬁ%n—IZd(v),UEHn -‘ o q ; 5 s B | giE'Hg
p= Ci| >p = S e | < Equation B.5 >p = LZ|9|Q
mini’, |C; 72l UHhYSTn 1 5p = —10-log|RC - SC| A il
\o J \_ 7 N /

[Picture Credit] IGL-Bench: Establishing the comprehensive benchmark for imbalanced graph learning (ICLR 2025 Spotlight). Jiawen Qin, et al. 13
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BGraph Foundation Models (GFM)

COFoundation Models: A foundation model is a model that is trained

on broad data and be adapted to a wide range of downstream tasks.
O Pretrain-then-finetune
[0 Revolutionize many research domains

Language Vision Speech

@ 0openAl x GPT4 QO Meta x DINOv2 Google x USM
Language foundation models Vision foundation models Speech foundation models show
show initial signs of universal exhibit strong image the capability to recognize

Al capabilities. understanding capabilities. hundreds of languages.

[Picture Credit] Lecture-style tutorial: Towards graph foundation models. Chuan Shi, et al. 14
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BGraph Foundation Models (GFM)

[0 Foundation Models

[0 Two Characteristics of Foundation Models:
0 Emergence: As scales up, it spontaneously manifests novel capabilities.
0 Homogenization: Enables its deployment across diverse applications.

4 o e ) 4 % N

Machine Information

20 ‘—' @ '— Translation Retrieval

0F .- Foundation | 4 \~tl

\ 10'% 1020 1022 1024 / Models \ G Tt‘Xtt. SQ 8: A /
eneration ystem

Emergence Homogenization 15

Accuracy (%)




Y IEFIRELIREARYE [

Uc"-'j%c.qs — BETHANG UNIVERSITY 0¥ M E? 7C ,jéL [l. Future Directions

GUANGXI NORMAL UNIVERSITY

BGraph Foundation Models (GFM)

O Graph Foundation Models: A graph foundation model (GFM) is a

model pre-trained on extensive graph data, adapted for diverse
downstream graph tasks.

---------------------------------------------------------------------------------

E , J?D N o Pretext Task
+ Pre-training b — O

(e.g., link prediction) g !

-
Performance
L

: A o > E
C;i O | &O i | #Parameters |
______________ ] ... 2 T
_________________________________ =
} Homogenization Emergence
v )
S 52 y (a0 B In-context Learning
Adaptation _— K c%f o%go ? Graph Reasoning
---------- Zero-shot Generation
Downstream Tasks 5

(Node-, Edge-, Graph-level Tasks)

[Picture Credit] Graph foundation models: Concepts, opportunities and challenges. Jiawei Liu, et al. 16
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BGraph Foundation Models (GFM)

O Graph Foundation Models: A graph foundation model (GFM) is a
model pre-trained on extensive graph data, adapted for diverse
downstream graph tasks.

[0 Two Characteristics of GFMs:

0 Emergence: Scaling up GNNs, redesign graph neural network
architectures (e.g. deeper, Transformer-based) with far more parameters to
unlock emergent capabilities.

0 Homogenization: Leverage large unlabeled graph datasets for self-
supervised learning, then adapt one model to diverse downstream graph

tasks
17
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BGraph Foundation Models (GFM)
O Key Techniques of GFMs:

[0 Pre-training: neural networks are

trained on a large graph dataset in a

self-supervised manner (contrastive /

generative)

l! “"“‘; “% ;‘to
N

| Pretext Task
(e.g., link prediction)

——————————————————————————

- b

Homogenlzatlon s )

;@f ¥ B

Downstream Tasks
\_  (Node-, Edge-, Graph-level Tasks) P,

- e e e -

(a) Contrastive Methods, (b} Generative Methods.

[Picture Credit] Graph foundation models: Concepts, opportunities and challenges. Jiawei Liu, et al.
Can large language models analyze graphs like professionals? a benchmark, datasets and models. Xin Li, et al. 18
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BGraph Foundation Models (GFM)
O Key Techniques of GFMs:

[0 Pre-training: neural networks are
trained on a large graph dataset in a
self-supervised manner (contrastive /
generative)

0 Adaptation: adapt pre-trained models to

specific downstream tasks or domains to
enhance their performance

[Picture Credit] Graph foundation models: Concepts, opportunities and challenges. Jiawei Liu, et al.

————————————————— - —————

-

-
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Downstream Tasks
. (Node-, Edge-, Graph-level Tasks) P,

o ——

- . -
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BGraph Foundation Models (GFM)
OGFMs V.S. LLMs

Language Foundation Model Graph Foundation Model
NPT Goal Enhancing the model’s expressive power and its generalization across various tasks
Similarities
Paradigm Pre-training and Adaptation
Non-Euclidean data (graphs) or a mixture of Euclidean
Intrinsic Data Euclidean data (text) ) (graphs) )
, (e.g., graph attributes) and non-Euclidean data
differences
Task Many tasks, similar formats Limited number of tasks, diverse formats
Backbone Architectures Mostly based on Transformer No unified architecture
Exiripsic Homogenization Easy to homogenize Difficult to homogenize
differences
Domain Generalization  Strong generalization capability Weak generalization across datasets
Emergence Has demonstrated emergent abilities No/unclear emergent abilities as of the time of writing

20
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BGraph Foundation Models (GFM)
O Text-free GFMs

[ single-domain pre-training, cross-task adaptation

0 multi-domain pre-training, cross-domain / task adaptation

0 homogeneous and heterogeneous GFMs
[ robust GFMs (noise, adversarial attacks)
[ stable GFMs (few-shot, fine-tuning)

[0 scalable GFMs

O GFMs with theoretical guarantees in knowledge transfer

O...
21
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BGraph Foundation Models (GFM)
O Text-free GFMs

O Challenge: Multi-domain conflicts & dimension inconsistency

—) 35 N H 50
[ Product R User [&;, Paper
§‘° i s (T Domain
= ﬂ + / ,]' variation A_ A
p e B o~
=~ fa ITrJ ?-51 /L".J 2, /Lrj 2 Llllk O\o il
é (& (A& J_L‘i) LCJ_’_CJ (& L &n_l' 1\ A prediction T304 I 145
Q
=~ Q -
& 3 $ | < u
= Laptop =~ Theory &/ Laptop =L~ Theory S T
§ A 1'2'4- Desktop {:h Case Based \rd Desktop EDC ase Based \ode 75 = 40
L& L = L [J = = X 3 - e bt e ¢ .
%. 9 E 2 ELU 2 Eb 2 1Bk~ classification Target: Cora Target: Photo
= < 2 = R . B Cora [ Citeseer [ ] Pubmed
Single-domain Cross-domain Multi-domain B photo [ Computers (source domains)
(a) Various transfer scenarios (b) Observation of domain conflicts

22

[Picture Credit] Text-free multi-domain graph pre-training: Toward graph foundation models. Xingtong Yu, et al.
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BGraph Foundation Models (GFM)
O Text-free GFMs

O Challenge: Multi-domain conflicts & dimension inconsistency

Domain tokens

& Tuned Frozen

4 & Unifying  Mixing | 4 4Umj_‘ymg
prompt - - prompt prompt —_r prompt

Aggregate((?— ?) — Aggregate((Tx)— y )

3

A

Dimension
alignment

Dlmcmlon alignment

= m m
A ax 2o g

Pre-traine

graph
encoder

Pre-traine
graph
encoder

Dimension
alignment

© Node classification K Graph classification
G

Pre-train loss downstream loss downstream loss
Source  Source Source _ .
domain, domain, domain; Target domain Target domain
(a) Cross domain pre-training (b) Downstream node classification / graph classification

[Picture Credit] Text-free multi-domain graph pre-training: Toward graph foundation models. Xingtong Yu, et al. 23
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BGraph Foundation Models (GFM)
O Text-free GFMs

O Challenge: Lack of theoretical guarantees in knowledge transfer

a N
A_—? Graph Learner h=go f |<

~ H| H Hr > —HF—H _# H _a H &
X! 0000 - ((Craph Neural Networks) ) g @@+ ce0e+P - 000 e +P X'

A}% A 'Asn& ~ %v'Aligner Ié%-zir;g Network; __>£ l __,l

|

( % Semantic-wise Feature Alignment {.As}7 J S 7. [ Semantic-wise Feature Alignment {.A}7 J
R T j : \—/ T r T N
X 0000 \___/ 09000 o000 - 0000 X
| | | = | | I
( ¢y Dimension-wise Feature Alignment {.A4} J Rspec (Q, X; H)|> [ Dimension-wise Feature Alignment {. A4} J
T | | T T T
X 000000 Graph Signals 0000 00000 - 000000 X
] ] ] e
# g— ‘.3 XN /\ S S ———— .
S S LS ! 1N\ o T T |
|G P s [C2 8 G A BN | G1 Gz CGm @@ |
S =1 = IS\ -\t L ae , 9 - |
& W B — f 5 A s ..}
Academic E-Commerce Social % /\'., \)\ Transactions

@ Multi-Domain Pre-training > <«——— (3) Spectral Regularfzer [>——— (2 Cross-Domain Down-prompting >

[Picture Credit] How much can transfer? BRIDGE: Bounded multi-domain graph foundation model with generalization guarantees. Haonan Yuan, et al. 24
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BGraph Foundation Models (GFM)
O Text-free GFMs

O Challenge: Lack of theoretical guarantees in knowledge transfer

M BRIDGE BRIDGE (w/o A;) ™ BRIDGE (w/o MoE) W BRIDGE (w/o R,..)

ProNoG GCOPE MDGPT BRIDGE (ours)
Node Classification Graph Classification 12 Loss Curvature Accuracy Curvature

60. e 60 ﬁ . 'f"' 80 i
9 B - 1\ g T b
= N (2 | - BEERER >
050 o501 mm o T 60
S S - b =
3 3 ™ \ P S ||
< 413 < 1.0\ = /

40{ -l 40 ' Lo 7% 40

= - = - - i , 0 100 200 300 0 100 200 300
one-shot five-shot one-shot five-shot Epoch

Epoch

[Picture Credit] How much can transfer? BRIDGE: Bounded multi-domain graph foundation model with generalization guarantees. Haonan Yuan, et al. 25
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BGraph Foundation Models (GFM)
O Text-free GFMs

O Challenge: Graph topology differences across domains

Multi-domain Pre-training

- - - - - -

. Domain tokens Feature Projection
G, TL; ol = _‘E Id 0 . into Unified Semantic Space

Graph Topology-aware Alignment

! 5
1
] )
] )
; AX' G/ k“ :
: = s \‘ Shared token Sl I i
i e ’ Al (S — | . G I
H : y il O—i=hmiy | [ Balance token : S E,,;’L Pre-train loss ;
' { I — 1
L\ BT - | o y :
| O E____----H Id \| b l— X' — Gy :
\\ a, \l | I ”
\: \ i ' :
I, @ — i “’I [ \
- | |  Balance token _’T H
| ‘""’”l”""’l’" | .V —— :
! e )
- ——» BT o T -] A, X;— g
Y e = BN | e’ :
1 S 1
i Unify L ——— > - —-—-——— Unified Semantic Space :
\ dimension Specific prompt | ,"

___________________________________________________________________________________________________________________________________

Downstream Adaptation

—— Pre-train |— — Downstream {' Learnable i1:¢2 Frozen D Weighted addition (=) Hadamard multiplication

[Picture Credit] Multi-domain graph foundation models: Robust knowledge transfer via topology alignment. Shuo Wang, et al. 26
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BGraph Foundation Models (GFM)
O Text-attributed GFMs

G ra p h = Text Re I at i 0 n S h i p —(Direct Answering )—F:xf::: [[1122;]],_:115;]], |[1122§]],' llllg 11]],’ GraphLLM [43], ]

: 5 3 Role Prompting [126], Format Explanation [126],
Protein Molecule Academic Social
Traffic
Networks Graphs Graphs Networks Networks - CoT [124]-[126], [128], [131], [132],
- —(Pure Graphs  )}—(LIM as Predictor ) (i5zrine Reasoning Self.Consistency [124], BaG [124], [131],
ﬂ “Benzene is toxic” RoG [129], StructGPT [130], ToG [132]
‘3 5 —(Algorithmic Reasoning —{(Algorithmic Prompting [124], Graph-ToolFormer [127))
7/
(@) “Water 1s less toxic™ Rule-based  }—{InstructGLM [47], GraphText [66], [84],
“Myoglobin holds My Graph as 1671, GraphiText 1661, 1041 )
0 % \Mysen in muscles. G Sequence GNN-based )}—(GNP [42], GraphGPT [46], DGTL [77], METERN [76] )
v~ "
2 —(LLM as Predictor )_1 Graph-Empowered LLM GreaseLM [68], DRAGON ([83], GraphFormers [73],
Pure Graphs Text-Paired Graphs ~ —( ) | Patton [32], Heterformer [74], Edgeformers [75],
[+%
= : - SPECTER [52], SaNCL (53], Touchup-G [55],
S —(Graph-Aware LLM Finetuning )_| TwHIN-BERT [57], MICoL [60], E2EG [61]
=]
s One-step  )}—{(TextGNN [79], AdsGNN [80], GNN-LM [67] )
— s e =
3| | (TR
‘=H | Graphs Two-step  }—{GIANT [59], LM-GNN [69], SimTeG [36), GaLM [82] )
=4
£ +{LEM e Eioclen H-(Bat= Augmentaion }—(CIM-GNN [64], TAPE [71], ENG [72] )
N
’ g —(Knowledge Distillation }—(AdsGNN (80}, GraD [70] )
“
= p, 5 Prediction Al T LTRN [5
O iction Alignmen )——( N [58], GLEM [62] )
7 ~— —(LLM as Aligner
Latent Space Alignment )—(ConGrat [54], GRENADE (56}, G2P2 [63], THLM [34])
LLM GNN GNN (CatBERTa [168] , LLaMA-Mol [169] , LLM4Mol [172] )
L3 A A RT [173] , MolReGPT [174] , ChatMol [175] ,
)
“. " “ ” Graph as Sequence MOolXPT [178] , LLM-ICL [177] , Text+Chem T5 [180] ,
lI*il text GNN | “text” text LLM oé’\‘ MolT5 [123] , KV-PLM [184] , Chemformer [164] ,
" 5 LM as Predictor | MFBERT [185] , Galatica [187) , SMILES-BERT [188]
........ “text“
.e .é ’ X 0], G ’
(Graph-Empm\'emd LLM )—['?:\&EAM[J,I‘*["}?;]&OQTE“ Al ST R J
- - Graphs - -
Predi i r £
LLM as Predictor LLM as Aligner LLM as Encode TR SO ST, ¥
5 —(LLM as Aligner )}—(Latent Space Alignment )}—{ CLAMP [179] , MoMu-v2 [182] , MoleculeSTM [181] ,
Large Language Models’ Roles (MoMu [153] )

[Picture Credit] Large language models on graphs: A comprehensive survey. Bowen Jin, et al. 27
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BGraph Foundation Models (GFM)
O Text-attributed GFMs

0 LLM-as-enhancer / encoder

P % Text Attributes : ” 1
/ v i & =Tuned " = Frozen |
/ B o
i LLM ] { y = Optional Operation | Enhancement: e; = frim(ti,p), xi = fum(ei, ti),
| v o F —
\ W Explanation a Text Attributes Graph Learning: H = fonn(X, A),

= y
\>LhLM | [{9LLM ]

Enhancement: = Frrmlts)s
m Embeddmgs Graph m Embeddlngs Graph Learning: H = foan (X, A).

Structure
& o ](— >{ & ow |
(a) Explanation-based (b) Embedding-based

[Picture Credit] A survey of graph meets large language model: progress and future directions. Yuhan Li, et al. 28
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[l. Future Directions

BGraph Foundation Models (GFM)

O Text-attributed GFMs

0 LLM-as-enhancer / encoder

_____ - l--.*..____l'_i”""‘_"_"’i’il____
. PATIENT o VISIT : . DISEASE I !
| Pid | | @ wvia | ! 3 i 4
E ls\ge E E Ml Time E E:?Q'. Namei ‘
1 DEX | i ] " |

(b) Attributed random walk

o 49 O TR
O‘% ;\\@ %&\g Ria:};il(l)(m 9O © %—g‘
@{[@/&//\gﬂOOOO‘ |
'Ol / @Q é\O Composed ’

o900

texts

(a) Attributed RW-based textualization program

(b) Graph-aware LM fine-tuning

A 35-year-old female
PATIENT P246 has a VISIT

‘ V196 on May 3rd including
I » | a DISEASE Epistaxis given at
' a VISIT V175 on May 13th

Jor a36-year-oldmale
PATIENTP359. )/

(c) Composed text

Node
O classification

[TT1] 1\

— P |—1
B ’ O=@ = [UZI_D

Generic graph \ \ .;O Link

embeddings (=) prediction

(c) Downstream tasks

[Picture Credit] A survey of graph meets large language model: progress and future directions. Yuhan Li, et al.
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BGraph Foundation Models (GFM)

O Text-attributed GFMs
O LLM-as-predictor

Yo Graph [C Text R~ Graph Initial
% = p(e p itia - B
9¢ Structure Attributes ¢ Structure @Feamres Graph Flattening: steq =Flat(V,€,T,J),
v v v v Prediction: Y = Parse(fLim(Gseq; D)),
[ Flattening J [ h GNN ]
v \
Sequence Graph
I-hop: @5 @2 2-hop: @2 Embeddings Graph Learning: H = fonn (X, A),
v r v Prediction: Y = Parse(fuum(H,p)),
[5/8 Lm | Sl v |
(a) Flatten-based (b) GNN-based

30

[Picture Credit] A survey of graph meets large language model: progress and future directions. Yuhan Li, et al.
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BGraph Foundation Models (GFM)

O Text-attributed GFMs
O LLM-as-predictor

machine ]

Flan-T5/ LLaMA —

<node_9> ]

I
Categorize the central node: (<node_1>, Title_1) is connected to (<node_2>, Title_2), (<node_4>, Title_4), (<node_5>, Title_5),

(<node_7>, Title_7), (<node_8>, Title_8) within one hop. Which category should (<node_1>, Title_1, Abstract_1 ) be classified as?
Perform link prediction for the central node: <node_1> is connected with <node_5>,<node_6>,<node_7> within two hops through
<node_7>,<node_4>,<node_5> respectively. Which other node will be connected to <node_1> within two hops through <node_4> ?

Token: <node_1> Title_1: Lifelong Learning of Discriminative Representatiions
Abstract_1: We envision a service provider facing a continuous stream of problems with the same domain...
1-hop neighborinfo:[2,4,5,7, 8] 2-hop neighborinfo:[(1,4,9),(1,4,6),(1,5,7),(1,7,5)]

3-hop neighborinfo:[(1,4,9,0), (1,4,6,3)]

[Picture Credit] Language is all a graph needs. Ruosong Ye, et al.
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EGraph Foundation Models (GFM)

lText Attribute |

O Text-attributed GFMs
O LLM-as-predictor

Language Tokens i

A i
BT oeserocny

Graph Tokens

T corvvoe

“Tuned

1-hop Neighbor :
Frozen ) _ [NOdeTeXt] l
2-hop Neighbor Alignment |
Z X ' ; :
| Lon i Projector (Graph] I
o " n ‘
Text-Grounded i
& ) Structural Encoder m ;
[Instruct] !
o G117 i
4 Input Graphs from -
L Multiple Domains - [eos] |

]’ Attributes

Publfed < L :
Large Language Ew«:una '

anan Models (LLMs) !
m |

‘e’ Llama
Structural Information Encoding

Cardiovascular
complications are
the primary...

N
/
arXiv

Workflow of text-structure alignment

T
Human Instruct ad M

Given a sequence of graph tokens <Graph>... Here is a list
of node text: <NodeTexts> Please reorder the list of
texts according to the order of graph tokens.

&y T

A chinical

observation that
confiems...

In security
Graph Tokens LLMs m\ + sensitive apps, it
O ,/ isessential that...
’
A
Text A d N, We show atight
W I - i i i g
R : \Omega on the..
Instruct Tuning by o~

Based on the information, we obtain the matching as
follows: Graph token 1 corresponds to... Graph token
2 corresponds to... Graph token 3 corresponds to...

Self-Supervised Instruction Tuning

[Picture Credit] GraphGPT: Graph instruction tuning for large language models. Jiabin Tang, et al.

&
Human Instruct } f
Given a sequence of graph tokens <Graph>. The first
token represents the central node of the subgraph. The
remaining represent the first and second order
neighbors... <NodeTexts> Which category does this
node belong to? Please think in a step-by-step manner

and provide your reasoning.

i

6‘06.0
?
é*%

Graph Tokens
classification | link prediction
il Instruct Tuning + Task Distillati
Prompts nstruct Tuning + Task Disti act}o&\

_________________ LLM Response {5 L._L. M
To determine the categorization, we consider the
specific topics in the text. First, it involves... Second,
there is evidence that... Finally, this node is about...,

which can be categorized into...

T -

Task-Specific Instruction Tuning
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BGraph Foundation Models (GFM)

O Text-attributed GFMs
O LLM-as-predictor

Graph Information: <graph>: Central Node: 68442, Edge index: [[..src node..], [..dst node..]], Node list: [..] Graph Matching
Human Question: Given a sequence of graph tokens <graph> that constitute a subgraph of a citation graph, ... Here is a list of paper titles: 1.
2. .., please reorder the list of papers according to the order of graph tokens.

GraphGPT Response: Based on the given graph tokens and the list of paper titles, we obtain the matching of graph tokens and papers: Graph token 1
corresponds to smt based induction methods for timed systems. Graph token 2 corresponds to ..

Graph Information: <graph>: Central Node: 2, Edge index: [[..src node..], [.dst node..]], Node list: [..] Node Classification

Human Question: Given a citation graph: <graph> where the 0Oth node is the target paper, with the following information: Abstract: .. Title:

Question: Which arXiv CS sub-category does this paper belong to? .

GraphGPT Response: cs.IT, cs.LG, cs.5P, ¢s.CV, cs.NA. The paper discusses the Restricted Isometry ... So, it is likely to belong to cs.IT..

Graph Information: <graph>: Central Node 1: 8471, Edge index 1l: [[..src node..], [..dst node..]], Node list 1: [..] Link Prediction
<graph>: Central Node 2: 19368, Edge index 2: [[..src node..], [..dst node..]], Node list 2: [..]

Human Question: Given a sequence of graph tokens: <graph> that constitute a subgraph of a citation graph, ... Abstract: .. Titile: .. and the other

sequence of graph tokens: <graph>, .. Abstract: .. Title: .., are these two central nodes connected? Give me an answer of "yes" or "no".

GraphGPT Response: Yes, they are connected. Based on the first paper, ... And the second paper proposes ...

33

[Picture Credit] GraphGPT: Graph instruction tuning for large language models. Jiabin Tang, et al.
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BGraph Foundation Models (GFM)

O Text-attributed GFMs
O LLM-as-predictor

Graph to token Categ'orize the central node: (<node_4>, Title_4> ) is
—- | cONnected to (<node_1>, Title_ 1), (<node_2>, Title_2), Instruction
(<node_5>, Title_5) within one hop. Which category should

(<node_4>, Title_4, Abstract_4) be categorized?

(a) Graph-to-token.

4 \
|
I [ LLM ] —-- B] —!-) Predictions
|
/

[ — —q—dh—ﬂ—‘h—wh———— [ S S ——

| I ' Il I Token
T T T T T T T T T
Graph to text The title of Paper_4 is: Can language .. The title Festtiction
of Paper_1 is: Exploring .. Paper_1 cites Paper_4 ..
Question: The category of Paper_4 is ..

(b) Graph-to-text.

[Picture Credit] Graph foundation models: Concepts, opportunities and challenges. Jiawei Liu, et al.
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BGraph Foundation Models (GFM)

O Text-attributed GFMs
0 GNN-LLM-Alignment

5 A L@
Graph Initial + Re@ Graph [nitial ; z Graph Structure Text Attnbules .&O Graph Structure Text Attributes
@ Structure mrmmns [9 Text Attributes § O Structure Features @Tcxtmtnbutes i Og @ @

: - v W i l | Teacher Model l
ey | LLM]? | & o | M | | - (/L TRM

| LM |
! 5 e aw < " (& o <08
G\l;aph Text 7 J" X ‘l' Jy (/[ h TRM l l
. o Jiall | supervise | gl | & 6NN | Student Model
k) Contrastive/ (/ 5 .

N v ; .

) ! ext

[ h TRM § [ h LLM m Embeddings
Pseudo-Labels Pseudo-Labels :

Concatenate {

(a) Contrastive (b) Iterative (c) Graph-Nested (d) Distillation

[Picture Credit] A survey of graph meets large language model: progress and future directions. Yuhan Li, et al. 35
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BGraph Retrieval-Augmented Generation (GraphRAG)

[0Retrieval in the age of LLMs

“Chat with an LLM”

Query Response
(natural language)

l T

(natural language)

[ LLM

J

Cannot easily retrieve from
private enterprise data

Query Response
(natural language) (natural language)

l T

Unstructured data Structured data

)

)

RS-

LAA >
o

Private enterprise data
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BGraph Retrieval-Augmented Generation (GraphRAG)
A deeper look at traditional RAG

Query Response
(natural language) (natural language)

[l TJ
I

employees must have | 0.82 | 0. 01 0.36 l

/ \ secure badges / \

N

=1 =y | e setting standards towards| 0.6 [0.01 [0.36 | .. | [082[001[036] . | .. 2PPles o ndustria

% does not have jurisdiction | : dala Tus‘, be jeponed '
=
setting standards towards| 0.82 [0.01 036 ] .. | [082]0.01]0.36] .. | .. 2PPlestendusinal

;—/ does not have jurisdiction data must be reported

Documents

Vector database (retrieve top-k documents) 37
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BGraph Retrieval-Augmented Generation (GraphRAG)
COWhat is Graph RAG? Query Response

(natural language) (natural language)

l T

Extends traditional RAG by incorporating a graph
as part of the retrieval step [ RAG j

~ S, L B | empioyees must have | 082]0.01[036] ...
N | secure badges /\
Chunking e

]
setting sta ndadstowardsloaz\om 036 \|°82'0011036 > | apphesto industrial

_— —5 doesno!hae; risdiction l l ‘» data must be reported

" setting standards towards 082}001 [03s] .. |[082][001]03s6] .. ] apohes to ndusmal

f data must be r epor ed

does not ha ve juri sdcno

o
;[ k

E@’

Documents Graph structured data
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BGraph Retrieval-Augmented Generation (GraphRAG)
O GraphRAG pipeline

<Company, founded _in, Year>

') 'III'J]
[[RRETR ]

Step 1: Text cleaning Step 2: Triple extraction

E50EE-8

(o
C

Earnings reports Processed earnings
reports

@ Prompt for text processing Q ::rto,:?fftofr?‘: Z?ijr\?g;ige SRR

39
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BGraph Retrieval-Augmented Generation (GraphRAG)
O GraphRAG pipeline

Example of summarization and triple extraction

Chunk 1 Processed chunk 1
Larry Fink is the CEO and co-founder of Larry Fink is the CEO and co-founder of <Larry Fink, is_ceo_of, BlackRock >
BlackRock, the world's largest asset BlackRock. <Larry Fink, founded, BlackRock >
management firm, established in 1988 ... BlackRock was established in 1988. <BlackRock, founded_in, 1988 >
Chunk 2 Step 1: Processed chunk 2 Step 2z

Text processing Tﬂple extraction
Born in Los Angeles, California, in Larry Fink was born in Los <Larry Fink, born_in, Los Angeles >
1952, Fink grew up in Van Nuys and —» Angeles, California. —® <l os Angeles, is_city_in, California >
later earned his MBA from UCLA's Larry Fink earned his MBA from <Larry Fink, graduated_from, UCLA >
Anderson School of Management ... UCLA
Chunk n Processed chunk n
- <BlackRock, asset_value, 10.5 trillion >
10.0 trillions of dollars in asset management ... BlackRock manages 10.5 trillion

dollars in assets.
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BGraph Retrieval-Augmented Generation (GraphRAG)
O GraphRAG pipeline

Recall: Graphs can model simple sentences

Chunk 1
is_ceo_of
7 <Larry Fink, is_ceo_of, BlackRock >
/ <Larry Fink, founded, BlackRock >

founded

@ graduated_from —p» @ Chunk 2

<Larry Fink, born_in, Los Angeles >

borh. 3 <Los Angeles, is_city in, California >
o P4 <Larry Fink, graduated from, UCLA >
is_city_in
Los
Angeles

e Benefit 1: Information in disparate chunks are now directly connected

e Benefit 2: Triples are a form of capturing the essence of text chunks in very simple sentences

e Benefit 3: Can now put the triples into a graph DB where you can query it using a query language 41
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BGraph Retrieval-Augmented Generation (GraphRAG)
O GraphRAG pipeline

Vector retrieval

/Chunk 1 \

[ ] M;f Larry Fink is the CEQ and co-founder of T T
0.48 ; 0_18J 0.21 l J BlackRock, the world's largest assel 043 10'21 ;905,[, . ]
W.——.; 004 j — management firm, established in 1988
) top k Chunk 2
Who is the CEO of vector 087 [ose 037 .|
Born in Los Angeles, California, in
BlackRock and where SearCh 1952, Fink grew up in Van Nuys and I 057 ] 0.09 I 037
were they born? later eamed his MBA from UCLA's oandl okl Bl

Anderson School of Management
text2Cypher \ >, /

/ is_ceo_of \ \
’ T BiackRock — >
MATCH (p:Person el is_ceo_of —+ic:Company

WHERE ¢ “BlackRock”

Larry Fink is the CEO
of BlackRock. He was

born in Los Angeles,
California

¢.name
founded

NATEN (3)- (#3:bore_1n)-3 (E1:City Concatenated
RETURN p.name, el. c,nane raduated from ——b Context

bom_in

‘/"IHIIIIII’ < i i g

e cLarry Fink, is_ceo_of, BlackRock _

Larry Fink, born_in, Los Angeles
Angeles /

N

Graph

retrieval
42
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BGraph Retrieval-Augmented Generation (GraphRAG)
OWhy Dynamic GraphRAG?

O The intrinsic structure of a graph (with nodes and edges) can model the
temporal dynamics and evolution of events.

O Traversing that sub-graph lets the system return both semantic related and
time closely event chains rather than scattered snippets.

[0 Presents retrieved events as a chronologically sorted timeline + a Time-
CoT template that teaches the model inclusion, overlap & persistence rules

43
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BGraph Retrieval-Augmented Generation (GraphRAG)
ODynamic GraphRAGs

/ Retrieve passages based \
| on semantic relevance y |
Who won the ' Document ) - '
Smg':;glgggr?myn?gnsl? ' Index Pete Sampras .. defeated Cedric \ z5 Pete '
Pioline .. at the Wimbledon .. 8¢ Sa Q]
Timestamp: I : : on 1997-06-23, ... 8 _mg"i‘_ I
2020-02-16 | =
Retrieval - l
| ]
N Atlas RALM ! semantic score + temporal score
s(qg,d) + (qt, dt if gt > dt
R - TempRet;(q.d, qt,dt) = (g:d) +eghed) 4 '
s ¢ —00, otherwise
/ Retrieve passages based
| Temporal on semantic + temporal relevance , '
Who won the ‘ Retrieval . l
Wimbledon Men's ! » \ 5 l
Singles Tournament? Novak Djokovic .. defeated Roger = 2 Novak -
g0 | Federer .. at the Wimbledon .. e §_ S Djokovic |C il
2020-02-16 I on 2019-07-01, ... -4 % |
| Document ‘ |
‘\ TempRALM p
44

[Picture Credit] It's about time: Incorporating temporality in retrieval augmented language models. Anoushka Gade, et al.
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BGraph Retrieval-Augmented Generation (GraphRAG)
CODynamic GraphRAGs o

; -F»\:‘) | Boris Johnson | Rishi Sunak | Keir Starmer
..‘ Q W |< > > >

| | i

2019 2022 2024

Original question
Who is the UK Prime Minister as of 2019?

Perturbed question
Who is the UK Prime Minister as of 6 May 20217

N o
[ Baseline Retrieval Q] [ Modular Retrieval ’—]

Inaccurate Documents Accurate Documents
- $-
Nicola Sturgeon | ... She was | | Boris Johnson | ... He was
re-elected in May 2021 as appointed as the Prime
the First Minister of Minister on 24 July
Scotland ... 7 2019 ... 7
<> <L
{A: Nicola Sturgeon {A: Boris Johnson ]
/[
v

45

[Picture Credit] MRAG: A modular retrieval framework for time-sensitive question answering. Siyue Zhang, et al.
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BGraph Retrieval-Augmented Generation (GraphRAG)
ODynamic GraphRAGs

(1) Question Processing (2) Retrieval & Summarization (3) Semantic-Temporal
== Hybrid Ranking
Q: Who won the latest America’s " ) MC | Retrieval MC | Summarization SPTTTS
Next Top Model as of 2021? MC . #1
. Scoring 1 »
s Ne»> Kyla Coleman is the T '
. 24 | ... it was W f empora | )\ #2
Q| Segmentation filmed in 2017 ... Next ext Top Mode In TC | § P 7
Top Model premiered 2018. 7 coring
on January 9,
MC: Who won Tc: Iatest L 7 2018 ... The ... Next Top Model premiered on e
the America’s as Of 2021 of the competition January 9, 2018 ... 7 @
was Kyla Coleman , = d { A: Kyla Coleman ]
Next Top Model? I \|romacey . 7 | mmm— | ekl

[Picture Credit] MRAG: A modular retrieval framework for time-sensitive question answering. Siyue Zhang, et al. 46
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BGraph Retrieval-Augmented Generation (GraphRAG)
CODynamic GraphRAGs

~

| (a) Fact Retrieval I
| - :
. |
: Ul —_ Q

E FKS Retriever |
. . S

” -~
’

(d) Reasoning -®

Answer the question
based on retrieved facts

Retrieved Quadruples

(Jack Straw, visit, Iraq, 2016-01-06)
(Obama, visit, Iraq, 2016-01-07)

1
|
1
!
1
|
|
|
1
|
1
|
|
|
|

. (Obama, visit, Iraq, 2016-01-09)

[Picture Credit] TimeR*: Time-aware retrieval-augmented large language models for temporal knowledge graph question answering. Xinying Qian, et al.

-‘ (Danish Ministry, visit, Iraq, 2016-01-05)

:.‘ .................................................... .. .................... ":

’ N

(b) Rewriting #
Retrieved Quadruples

(Evan Bayh, visit, Iraq, 2016-01-04)

|

: Y

: (Obama, visit, Iraq, 2016-01-09)
I

|

|

Replace the fact with
e e e e T e AT, B

explicit timestamps
2 @4 After 2016-01-05, |
’ who was the first to visit Iraq? J

| gl wea e fri foviekt I

: f(’c_)—fA_é(e-t_ri_ee—\;a;l—l '''''''''''' :
N == :

-

& é &= |
[ =y :

TKS |

___________________________

Re-rank Retriever

KS Construction A

=
%% Encoder S—1iS
1 [ —
N p T
3 B
Time (Jack Straw, visit,
Incorrect Iraq, 2017-01-05)
Content (Jack Straw, consult,
Incorrect Iraq, 2016-01-06)
Both (Evan Bayh, c:onsult.N
Incorrect Iraq, 2017-01-05) )
Neguative pairs o
==
C‘ Encoder =t TKS
°

Positive pair:
(Jack Straw, visit, Iraq, 2016-01-06)
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CODynamic GraphRAGs

E@‘:’E Query: What did Barack Obama do after 2008? 9 GraphRAG B LightRAG
= Index Retrieval >N¢ 9 E3GraphRAG @ Vanilla RAG
= a. Vanilla RAG ‘ : > G
=i i e ~ . @ HippoRAG @ DyG-RAG
Convention on 28 Aug 2008 he

Senator Barack chunk2 embedding | ——p | cccepted the party’s nomination.. Implicit Temporal

Obama championed . Thonkl: Senotor Boreck Inference

health-care reform in April - .

2006. At the Democratic chunkN embedding

Convention on 28 Aug 2008

he accepted the party’s b. 6raphRAG Barack Obama hmm % Fhe most proximal
nomination, outlining an W\@- s I Person - i is He Acccpfed DN

mic r lan. ’ y
B o = f . > = Bl g
President, Obama signed TEntity2 C“m;;m D Grounding "
the Affordable Care Act, P S QU@ —— CM‘" em?:::o:?
overhauling the U.S. health- @

care system. That summer, c. DyG-RAG
First Lady Michelle Obama Barack Oboma

toured schools for the “Let’s Eventl champienad @ reform. v X il check The
Move!” campaign. Earlier, Vi _’\4,/ 2004-04-01 [2008] Obama accepted the party... :;:nelmc to get
on 10 Nov 2007, Barack 'éﬁ, e T -> v <
Obama made headlines 'l1 Evert ‘}’5,/ [2010] Obama signed the ... 58,6 $1s
during a Bulls-Lakers game Event2 [r_z N £ & v \ Stgncd Affe VoY fnd
at the United Center. , Care Act! ulti-hop ndex
e e Temporal Reasoning Time
(a) Comparison of RAG pipeline (b) Comparison of multi-dimensions

[Picture Credit] DyG-RAG: Dynamic graph retrieval-augmented generation with event-centric reasoning. Qingyun Sun, et al. 48
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Method Graph Unit Edge Type Retrieval Strategy Reasoning Mechanism | Dynamic
GraphRAG Entity + Community KG Relations + Community Links | Local + Global Community summary X
LightRAG Chunk Entities Intra-chunk KG Relations Dual-level keywords Shallow path merge X
E2GraphRAG | Summary Tree + Entity | Semantic + Hierarchical Links Adaptive Local/Global Chunk ranking X
HippoRAG Concept Nodes Concept Associations PPR-guided multi-hop PPR subgraph rank X
HybridRAG KG + Chunks KG relations Hybrid merge Evidence voting X
DyG-RAG Dynamic Event Units | Temporal-Semantic Links Time-aware graph walk | Time-CoT v

[Picture Credit] DyG-RAG: Dynamic graph retrieval-augmented generation with event-centric reasoning. Qingyun Sun, et al. 49
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BGraph Retrieval-Augmented Generation (GraphRAG)
CODynamic GraphRAGs

Stagel: Source Documents - Dynamic Event u:m] Stage 2: Dynamic Event Unit = Event Graph Stage 3: Event Graph - Retrieved Event Timeline
@. Chunking P> B (f_Edge Construction > h ?LQML&W B
=4 20120801 [ auery s % —s [fime consrainis |

Dr.Ann Leeisoppointed... (=2 | [ .
Dﬁ\}m T ﬁ ) \___J,
P sim(v;, vy) = i»t—‘-;*'—‘ ; = 1
= AN 4 — A | - et Cirer
— A" wy_y =sim(vg, vy )-exp(—alt;—t,|) Query Time | {"-"M o [h' PARG
: <+ DEO | .
=) oro | T DEUSeed |
o', \ = v,
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more months firmed Mario Silvo o - <7 g APu s Pay P ?.}a
m t e t ‘ ,,, R A
| T \~\ =+ ViP(wesq Ill[l———‘L—-—“——.—‘
_ - 18 [ % \ I 7 - \. vi) ‘
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[Picture Credit] DyG-RAG: Dynamic graph retrieval-augmented generation with event-centric reasoning. Qingyun Sun, et al. 50
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[l. Future Directions

BGraph Retrieval-Augmented Generation (GraphRAG)
ODynamic GraphRAGs

Query: Who was the acting Minister of Health of the

Republic of Solaris on 15 April 2020?

Retrieved Events:

E1: [2017-08-01] Dr. Ann Lee is appointed Minister of Health.
E2: [2020-03-01] Dr. Lee resigns for health reasons.

E3: [2020-03-05] Carlos Diaz is appointed Acting MoH.

E4: [2020-04-15] Parliament passes an emergency Public-
Health Amendment Act, creating a National Crisis Council
that temporarily oversees pandemic logistics.

E5: [2020-05-10] Dr. Maria Silva is confirmed by Parliament
as the new (permanent) MoH, replacing Acting Minister Diaz.

* Track how entity states evolve or

, e Aggregate (Across multiple times)

Goal: Identify the office halder (Acting

* Treat nodes as persistent states until

SeP I e
» :
S :
] i Identify Intent:
v : | » Existence (What happened at time T7)
g’ i | Continuity (What was ongoing?)
b kS : » Boundary (Start/end of o state)
.,\ S
'8

» | participants

o

E6: [2020-06-15] Carlos Diaz is appointed Acting MoH. MoH) on a specific date

Step6...... UOR D ccscicissnicsisivsinsiissivisasi SRS iy
i reference * |dentify roles / location / attribute :| ©Check chronological order, persistence,
: | with : | and transitions

maintain over time

-
R RARRARR AR

Dr. Lee: Resigned in E2 -» not valid
Dr. Silva: Appointed in E5 - too late

---------------------

[Picture Credit] DyG-RAG: Dynamic graph retrieval-augmented generation with event-centric reasoning. Qingyun Sun, et al.

Carlos Diaz: Acting MoH from E3 - still valid

...............................................................

an explicit end

Srssssnnanane

Diaz appointed on Ma@ and No replacement
before Apr 15.

Role is assumed to persist unless explicitly
ended -> Rigz still in office on query date

---------------------------------------------------------------

i | » Locate explicit/implicit time expressions
: |fe.g., "in March 2012", "after graduation")
S * Match question subject to event

8

Target date: 15 April 2020

* Select events which are within or near
the time scope
Prefer time-closer evidence with

strong contextual value
g 6

Relevant Events: E2, E3, E4, E5

RARRR AR AR,

51
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BGraph World Model (GWM) = Model the World as Graph

O unifies world-modeling with graph structure: represents the world

state as a graph with multi-modal data and action nodes
OO handle diverse tasks (generation, recommendation, multi-agent
simulation, planning) by reasoning over a structured graph

State t Action t State t+1 Legend
Multi-modal IL\:‘t,ieOIn Node-level Edge-levlglx Graph-leyfqlr_“ o Upda—tt_{giraphs /" State node
() . () . ( ) 2 i "t
Image ( /[ //:' ( \\/[/ = ; -
Node AR oy U A d . ! : v () Action node
Table \/Target *\ W : =) A R
P NOdeS N "\(’ “,/‘l’- : y ; > "’ ) I'
Action () ( \ ( \ Lo e |1 g
Text Node N _/ e \__/ Target node
_________ Ways to obtain target nodes " ~"---.__ ~—aen
»' Select acﬁon-direcﬂy-i Calculate node Retrieve Top-k —» — State-state edge
related nodes /| similarity <, nodes - ' ... Action -target link
// ";""'E a // / y / '——» Update edges 2
: \::--'— --\;l,' E N - 1 \(‘ \ ' Update nodes __ = =~ Node-node similarity
< T_._,-‘, . - X T' :' [ =]
Intended /74 'Unintended;” iR " Lipdatadinade/eoge/
( ' () graph

Action \_/ !Action

[Picture Credit] Graph world model. Tao Feng, et al. 92
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[ETEATR B T L ek

EGraph World Model (GWM)

(a) Multi-mpdal generation puiti-modal generation i(b) Recommendation | (c) Traditional graph predictfiqn‘_. B
and matching .-~ image ~~. : User Node Item Node | /
V& 0 % ' :
] \ i : ' Y AgHonNGd
! | Action Node 1 : : ction e
po |—©-~--»o = |
.~ Image "~ \ ’ ' ’ -
. o g * Jext Table, Node-level ' ; Graph-level

’ \ o - |

S - ]
/ \\ c ' ! "y Action Node
| -——— ' ! Sub-graph ‘
L : @
N 1 -
R Text Table, ® g #Aetion Nods ! Action Node ! Node-level

/ "/’?\_ B 1 !

- - / \’g_,j ‘l L A TR e e :
1

Edge '\ ] ; Elgedevel ] Edge-level ! N
b l Ll ' : Edge @ """" )Q
\ Tay ’ ] . 4
oy Tabley i N THEsanaaglp jnesenes ! ¥ O Edge-level

L S 1

Multi-modal matching . :

(d) Multi-agent collaboration (e) Retrieval-augmented generation ' (f) Planning and optimization

1
1
External knowledge : ’ : ' Decision Node
|mage Node '-g ————————————————— I : ! Chunk Node \l : 1 !
[ " 1 ' | [
o Read' if, Communication ' : : Edge : : ' . Action Node
-—— ] 1 ] ' ‘
o o ™~ T Mimilarityr- SEs -)O ‘ S >Q
£ =7 [ ' 1 !
Text Node ot £ ml Action Node: ) : Retrieve . : INext deds‘o(?raphdevel
Edge By e o . Unintended | ' '
I‘ Genelraﬂon ! \ ! Actlon Nodel ’
. Graph-level , Tttt Rl r- '
Table Node : .. Q : | y===== » _DataChunks - : : T AN T AN AN \
== TS -4 ' ¥ : Lo :
Ll : (" Agent Node | | — ) S— ) e— ! ! NS N NN P

[Picture Credit] Graph world model. Tao Feng, et al. 23
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BGraph World Model (GWM)

[0 Possible frameworks

Multi-modality as token (Current State)

Token-based GWM
Token-level message passing

Image
5)

,\/\—b[ Image-to-text Model —l
- o

Lo Prompting

—-»{ Table-Prompt Model —I

Table

||
L1

I+1 _
L]

Nod

aggregatlon
e
Target)-

nodes |/

= ok, b o0l

Token

Prompt (Target ([ —
nodes) " K)
= {/ \\

O

()

\ -4

Action ; (\\
node 7

Legend
) State node
Instruction tuning Next state
Stable ‘ (‘ ) Action node

Diffusion

(
\

Multi-modality as embedding (Current State)

Embedding-based GWM
Embedding-level message passing

Image : : vt = [e,, ez, €8 - B q Target nodes
° i | 1= lewenal g > Dijvj . |embeddin
A » Image Encoder V) J
‘ Node S No_dejy’ Multi-hop
= % A (s .
Text & > Multi-hop ! Projector
oncat( -4 i
. aggregation
Table Prompt A 4 |
- Text Encoder ] Action Token
node

[Picture Credit] Graph world model. Tao Feng, et al.
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Target node
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EData and Evaluation Challenges

O Limited graph data scale: Few large, high-quality graph datasets
for pre-training; graph data often noisy or domain-specific

COHeterogeneity: Graphs vary greatly (social networks vs. molecules);
a single model must handle diverse structures and feature types

[ONo standard distortion metric: Lacking unified measures of
structural information loss — e.g. d-hyperbolicity

O Evaluation gaps: Current benchmarks don’t fully capture fidelity of
structure preservation, complicating fair comparison of methods

56
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BModel and Training Challenges

O Architectural limits: GNNs struggle with — scaling to billion-
parameter models without losing local detall is unresolved

O Training paradigms: Unsupervised pre-training objectives for
graphs are not as clear or universal as language modeling;

O Efficiency: Graph training doesn’t scale easily — computing over
large graphs or batches of graphs pushes memory and runtime
limits

COGNN-LLM integration: Combining graph and language model

components introduces complexity 57
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BDeployment and Trust Challenges

O Lack of “killer app”: Needs a high-impact application (analogous
to ChatGPT for LLMs) to drive broad adoption and investment

[0 Domain adaptation: Foundation graph models may not seamlessly
transfer across domains — risk of distortion or failure

O Trustworthiness: Ensuring fairness, explainability, and robustness
In graph models is vital — graph embeddings can inherit biases

OPrivacy and ethics: Graph data often involve sensitive
relationships; using them in large models raises privacy concerns

and potential misuse if distortions lead to incorrect inferences s
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