ining Text-Attributed

Graphs with LLMs
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Outline

Q Motivation: Why Mining Text-attributed Graphs?

QO Content: Mining Text-attributed Graphs with Language Models @
O Representation learning with language models on text-attributed graphs
O Language model pretraining text-attributed graphs

0 Large language model reasoning on text-attributed graphs



Ubiquitous Graphs

U N N N Wi

Graphs and substructures: Chemical compounds, visual objects, circuits, XML
Biological networks

Bibliographic networks: DBLP, ArXiv, PubMed,

Social networks: Facebook >100 million active users

World Wide Web (WWW): > 3 billion nodes, > 50 billion arcs

Cyber-physical networks

e i - O ey, WEES Tumba Vst 8 Pipehikes VLTTEO
Ggw Leitz Re\Dnnn - > 8 Goadbouy :
onsonni ng: D Donnel MM eiA teden m shadows  GPOIVES: Youl imbra e P
UFig R Konmal Pt @ m =z - g
o Bl iscient — ool I - F tar 2 s
S logniscient ‘Wl R () Pocouis iatar 0
P sabes W ZAZZUE . Tail G nuio e @oeD oppposT
iNods Tl B blis ﬂ @ " 7 1 simply m
P Courler g - 09‘
A*smseu/// o QYOG i standpoint
Klde 0O v T stere ¥
mzr::a rrend, ﬂﬂDMEU ,wecss @SHIUTWIRE (karms oo

@mem&:unﬂnm ! »
- P p———
©NIPers q]b w...- _ blogbeal Bz (5 VSocial co wink

+oen
SRR s ool GUMIMO Bm 0" @
o ’ BaminC
P Uiaor 7
tivetext harters
S Niapata o 'f*" Concoo ﬁz)??u 1
Soume dPdls flickr Ning Ookles _ T ©:comint 5T W
Raloe
G Linden elop [y ETEEY vooies NN Orovcs |ourmeda foa- )
Jiiner O RisletskBhani b.com WO Mooy w o Allmydataicon
NS gabbroom, €3 e aichat™ "" ROLLYO
i Cast comony B ClipShack
AV e w look P,
ol [ ik t©-
M G wenday O Noodly wohdir \ bor mrm gy
Netarr; = i 2 g
p%w;g:mév PR o R d, nmonarocs  Togyu 30 FEEY Simpy Gaikr
i Samen
ré:?mm‘i'l"‘,agamw G cooSurf fable Pegasus a %squiD00:  picturecioud

G Gl Jyiinen 315 e

ctptive A rarocte =
S g B o (e
— 500K PN Things  AS Technorati  me  ummaner Gpau

“ P sho! B peedmatket

filangy

Miusicsear ]; «t.. $pin

 Gunopulos

L

_ Yeast protein



Text-attributed Graphs

Q Text-attributed Graphs
2 A graph with some nodes or edges associated with text.
2 Also called text-rich graphs.
2 E.g., Academic Network, User-review-Item Network, Legal-case Network

G o —[
G mw

== . [

(W)

Academic network E-commerce network Legal case network



Mining Text-attributed Graphs

A Text-attributed information networks contain rich semantic information @ @
and structure information.

d Semantics: Ex. In an academic network, we can infer the topic of a
paper from its title and abstract.

O Structure: Ex. In an e-commerce network, two items frequently @
connected to the same user (co-viewed) can have similar functions.

Qd In a text-attributed information network, some nodes/edges can contain
textual information, while others might not.

2 Ex. In an academic network, papers are associated with paper
title/abstract; authors are not associated semantic-rich text.

0 Ex. In an e-commerce network, there might be text (review) between
the item and user if the user leaves a review.



Examples of Text-attributed Graphs

Q Bibliographic information networks: DBLP, ArXive, PubMed
O Node types: paper (P), venue (V), author (A), and term (T)
O Edge type: authors write papers, venues publish papers, papers contain terms
O Text-rich nodes: paper (title/abstract)
Q E-commerce item network: Amazon, Taobao
O Node types: item (I), brand (B), ...
O Edge types: items co-viewed with items, items co-purchased with items, items

belong to brands
d  Text-rich nodes: item (title/description), brand (name)

O Legal case networks:

O  Node types: cases, laws, academic papers, ...
O Edge types: cases cited by cased, cased interpret laws, cases explained by

academic papers
0 Text-rich nodes: cases (content), laws (content), academic papers (content)




Examples of Text-attributed Graphs

d E-commerce user-item network: Amazon, Taobao
O Node types: user (U), item (1), brand (B), ...
O Edge types: items co-viewed with items, items co-purchased with items, items
belong to brands, items purchased by users, items carted by users, ...
d  Text-rich nodes: item (title/description), brand (name)
O Text-rich edges: items reviewed by users

Q Social networks: twitter, Instagram
2 Node types: users, posts, tags, ...
O Edge types: posts written by users, posts liked by users, users messaged by users,
posts associated with tags, ...
0 Text-rich nodes: posts (content)
O Text-rich edges: users messaged by users




What Can be Mined from Text-attributed Graphs?

Q A raw text corpus can be derived from its “parent” text-attributed graph

O Ex. Paper corpus from the original academic networks

Q Text-attributed networks carry richer info. than the raw text corpus

Q Text-attributed nodes & links imply more semantics, leading to richer discovery

Q Ex.: DBLP: A Computer Science bibliographic database (network) @
262 @) L B i -

= Yizhou Sun, Jiawei Han, Cham C. Aggarwal Nitesh V. Chawla: When will it happen’:

gt w |[relationship prediction in heterogeneous information networlcs. WSDM 2012: 663-672

TeA M1
Who are the leading researchers on Web search? Ranking
Who are the peer researchers of Jure Leskovec? Similarity Search
Whom will Christos Faloutsos collaborate with? Relationship Prediction

Which relationships are most influential for an author to decide her topics? Relation Strength Learning

How was the field of Data Mining emerged or evolving? Network Evolution

Which authors are rather different from his/her peersin IR?

Outlier/anomaly detection

‘



Outline

Q Motivation: Why Mining Text-attributed Graphs?

QO Content: Mining Text-attributed Graphs with Language Models @
O Representation learning with language models on text-attributed graphs
O Language model pretraining text-attributed graphs

0 Large language model reasoning on text-attributed graphs
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Representation learning with language models on text-

attributed networks

Q Given a text-attributed network, people are interested in various tasks.

2 Node classification, link prediction, and node clustering.

 E.g., academic network
3 Automatically classify each paper.
3 Find the authors of a new paper.

Q Provide paper recommendation.

- » paper
-7 corpus

"B RS ‘.

I
! author

I & (textless) i
EEEEEEEEEE 050 venue |

PHKDD (textless) ,

Paper classification

Author disambiguation

Paper recommendation

Link prediction



Representation learning with language models on text-
attributed networks

Q Given a text-attributed network, people are interested in various tasks.

2 Node classification, link prediction, and node clustering.

Q Learn representations for nodes/edges which can be utilized in various tasks.

O Textual information & structure information

R
g ;}‘ KDD £(x) 7 9(Z)  Clustering
et =5 . T™MWEB Classification
gz =} CONFERENCE
2] = TWsdm Link prediction
= i f(x) g9(z)
—/—R

11
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Representation learning with language models on text-
attributed networks

Q Given a text-attributed network, people are interested in various tasks.

2 Node classification, link prediction, and node clustering.

Q Learn representations for nodes/edges which can be utilized in various tasks.

2 Textual information & structure information How to have a unified model?

Liberty

w47
S

* Hidden layer Hidden layer

@ ) ( ) ( ) ( )

Transformer layer RelU | o— /—° ReLU

BERT | @ @» @@ @D o e .

Transformer layer

@ ) « ) ( ) « )

Statue of [MASK] in

Language models Graph Neural Networks
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Representation learning with language models on text-
attributed networks

Q Heterformer 2 (KDD 2023)
d  Graph-empowered Transformer

0 Heterogeneous text-attributed networks

0 Edgeformers (2 (ICLR 2023)
O Graph-empowered Transformers

d Textual-edge networks

QO METERN 3] (NeurlPs 2024 GLFrontiers)
O  Multiplex text-attributed network

[1] Heterformer: Transformer-based Deep Node Representation Learning on Heterogeneous Text-Rich Networks. KDD 2023.
[2] Edgeformers: Graph-Empowered Transformers for Representation Learning on Textual-Edge Networks. ICLR 2023.
[3] Learning Multiplex Representations on Text-Attributed Graphs with One Language Model Encoder. Arxiv 2023.



Heterformer: Transformer-based Deep Node Representation
Learning on Heterogeneous Text-Rich Networks (KDD23)

O Heterogeneous text-rich networks are ubiquitously utilized to model real-world data
 Text-rich.

- Heterogeneous.

0 E.g., Academic Networks, Social Media Networks

RN P ;@J blog |
: paper ] @ ;’// //,’ corpus |
L S 8 ga POI |
3° 3t corpus
_____________ y. _
r \
B RS “

blog
author (text-ric .
(textless) i S ! user
oo venue | ! (textless)
L Bk (textless) “ i _
............. - |‘\ @ (tethgss)./l

— o = s = oo e

Academic Network

Social Media Network
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Heterformer: Transformer-based Deep Node Representation
Learning on Heterogeneous Text-Rich Networks (KDD23)

0 Heterogeneity in those text-rich networks
2 Presence or absence of text.

2 Diversity of types.

'/:::E:@ blog |

2,7 157 corpus

& paper ’ R J

corpus ] POI |
/ B

............. - / gm{;’ corpus

pa elr)". F— L

ext-rich) 1 Iy \

(> | ;[ eoart |

au'f,ho : g ! !

i o user

2% (Wgeﬁii) ; ! & (textless) :

& = T (textless) D) (t(;_l):(?lgss) !

— = mm s omm o o o

Academic Network Social Media Network
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Heterformer: Transformer-based Deep Node Representation
Learning on Heterogeneous Text-Rich Networks (KDD23)

A Overall framework

0 Transformers + GNN vs. Network-Empowered Transformer

Center Node Embedding Center Node Embedding

| Transformer Layer |

Center Node Embedding GNNs | 0 B 1
o]
..... Deep Language Model 0 ‘ B O B i AGG

: : ‘[ Transformer Layer ] | Transformer Layer |
:(__Transformer Layer |: :
: : : __Transformer Layer | : Bl AGG
:(__Transformer Layer | : : o
D W :‘[ Tra nsformer Layer ]5

S TR [ Transformer Layer |

B B
Transformer + Network-Empowered
Transformer GNN variant Transformer

S
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Heterformer: Transformer-based Deep Node Representation
Learning on Heterogeneous Text-Rich Networks (KDD23)

A Overall framework
O Heterformer: a network-empowered Transformer.

0 Unifying text semantic encoding and network signal capturing.

Center Node Embedding

[ Transformer Layer ] " ----------------------------- N

| :

5% o | se i [ Transformer Layer ] i

7 | AGG O ~AGG) '

ﬂ HHHHHHH . .

{i[ Transformer Layer ]"\ ! [ @ @ @ ] [ @ O O ] ;

| T EE .'

II @ O@AGG || | ‘\._._._._._._.._._._._._._.‘__..:..__..__.._.__../
\‘ (@) "I

N e o —— — — —

& Heterformer is a network-empowered Transformer.
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Heterformer: Transformer-based Deep Node Representation
Learning on Heterogeneous Text-Rich Networks (KDD23)

Q Text-Rich Node Encoding

 Network-aware node text encoding with virtual neighbor tokens.

2  Multi-head attention-based heterogeneous neighbor aggregation.

[L__I B I:I\ / i-__D_T]_EI___.: \

|
HE B B =
B M B I@ B I | B O |
B B B W O
B B B Text-rich Neighbor Textless Neighbor
Transformers Aggregation Aggregation
" EEEE Heterformer
¥ e ~—_ eterforme
" B o G, o
Text-rich Neighbor Textless Neighbor
\ [l [1 0] J @regation o M | Aggregation/
@ Ego-Graph

o
18 ®



Heterformer: Transformer-based Deep Node Representation
Learning on Heterogeneous Text-Rich Networks (KDD23)

Q Textless Node Encoding

2 Node type heterogeneity-based representation

hff) Wq(sl)h(o), where ¢(vp) = ¢i, @i € ATL.

Node type heterogeneity

d Textless node embedding warm up

O A great number of textless nodes will introduce a great number of randomly initialized parameters
into the model -> underfitting.

O Warm up to give textless node embeddings good initializations.

exp(f: T h(”)

f(jf)l*g"": Z Z —log

- I I
@ 9V guen,, (A hy) + Xy ep(h ] )
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Heterformer: Transformer-based Deep Node Representation
Learning on Heterogeneous Text-Rich Networks (KDD23)

Q Model Training

d  Unsupervised training objective

— - exp(h, hy,)
mgxo - n n p(ﬂj|vlr@)’ P(Uj|Ui;@) J

v;,eV 0;ENy, - ex hTh . ’
¢{vfjeﬂm¢(gfj)gﬂm ZﬂuE’V.@"(ﬂu)E.?lm p( Uy ﬂ.a,)

Negative sampling

exp(h], ho,)
in £ = -1 ] :
K 2, L Tl exp(hy, ho;) + Oy, exp(h], ho,)

v eV 0;ENp;
$(vi)EATR ¢ (vj)eATR
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Heterformer: Transformer-based Deep Node Representation

Learning on Heterogeneous Text-Rich Networks (KDD23)

Node

Edge

# paper™: 3,597,191
# venue: 28,638
# author: 2,717,797

# paper-paper: 36,787,329
# venue-paper: 3,633,613
# author-paper: 10,212,497

# tweet™: 279,694
# POI": 36,895
# hashtag: 72,297
# user: 76,398
# mention: 24,089

# tweet-POI: 279,694
# user-tweet: 195,785
# hashtag-tweet: 194,939
# mention-tweet: 50,901

d Datasets: Dataset
a DBLP DRLP
3 CS papers from 1990 to 2020.
O Twitter
0 POl-related tweets in LA and NY. Twitter
O Goodreads
O Books listed in Goodreads
Goodreads

# book™:1,097,438

# shelves: 6,632

# author: 205,891

# format: 768

# publisher: 62,934

# language code: 139

# book-book: 11,745,415

# shelves-book: 27,599,160

# author-book: 1,089,145

# format-book: 588,677

# publisher-book: 591,456

# language code-book: 485,733
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Heterformer: Transformer-based Deep Node Representation
Learning on Heterogeneous Text-Rich Networks (KDD23)

QA Link prediction

Method DBLP Twitter Goodreads

PREC MRR NDCG PREC MRR NDCG PREC \ MRR ‘ NDCG

MeanSAGE 0.7019 0.7964 0.8437 0.6489 0.7450 0.7991 0.6302 0.7409 0.8001
BERT 0.7569 0.8340 0.8726 0.7179 0.7833 0.8265 0.5571 0.6668 0.7395

:E BERT+MeanSAGE 0.8131 0.8779 0.9070 0.7201 0.7845 0.8275 0.7301 0.8167 0.8594
@) BERT+MAXSAGE 0.8193 0.8825 0.9105 0.7198 0.7845 0.8276 0.7280 0.8164 0.8593
g BERT+GAT 0.8119 0.8771 0.9063 0.7231 0.7873 0.8300 0.7333 0.8170 0.8593
mo GraphFDrmers 0.8324 0.8916 0.9175 0.7258 0.7891 0.8312 0.7444 0.8260 0.8665
Z BERT+RGCN 0.7979 0.8633 0.8945 0.7111 0.7764 0.8209 0.7488 0.8303 0.8699
% BERT+HAN 0.8136 0.8782 0.9072 0.7237 0.7880 0.8306 0.7329 0.8174 0.8597
o BERT+HGT 0.8170 0.8814 0.9098 0.7153 0.7800 0.8237 0.7224 0.8112 0.8552
% BERT+SHGN 0.8149 0.8785 0.9074 0.7218 0.7866 0.8295 0.7362 0.8195 0.8613
o GraphFDrmers++ 0.8233 0.8856 0.9130 0.7159 0.7799 0.8236 0.7536 0.8328 0.8717
Heterformer 0.8474* 0.9019* 0.9255* 0.7272* 0.7908* 0.8328* 0.7633* 0.8400* 0.8773*
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Heterformer: Transformer-based Deep Node Representation
Learning on Heterogeneous Text-Rich Networks (KDD23)

O Node Classification

Table 3: Transductive text-rich node classification. Table 4: Inductive text-rich node classification.

Method DBLP Goodreads Method . DBLP . Goodreads
Micro-F1 ‘ Macro-F1 | Micro-F1 | Macro-F1 Micro-F1 ‘ Macro-F1 | Micro-F1 | Macro-F1
BERT | 06119 | 05476 0.8364 | 0.7713 BERT | 0.599% | 05318 08122 | 07371
BERT+MaxSAGE 0.6179 0.5511 0.8447 0.7866 BERT+MaxSAGE 0.6117 0.5435 0.8368 0.7749
BERT+MeanSAGE 0.6198 0.5522 0.8420 0.7826 BERT+MeanSAGE 0.6129 0.5431 0.8350 0.7721
BERT+GAT 0.5943 0.5175 0.8328 0.7713 BERT+GAT 0.5879 0.5150 0.8249 0.7590
GraphFormers 0.6256 0.5616 0.8388 0.7786 GraphFormers 0.6197 0.5548 0.8330 0.7683
BERT+HAN 0.5965 0.5211 0.8351 0.7747 BERT+HAN 0.5948 0.5165 0.8279 0.7626
BERT+HGT 0.6575 0.5951 0.8474 0.7928 BERT+HGT 0.6467 0.5835 0.8390 0.7798
BERT+SHGN 0.5982 0.5214 0.8345 0.7737 BERT+SHGN 0.5955 0.5202 0.8280 0.7626
GraphFormers++ 0.6474 0.5790 0.8516 0.7993 GraphFormers++ 0.6386 0.5696 0.8427 0.7848
Heterformer 0.6695™ 0.6062* 0.8578* 0.8076* Heterformer 0.6600* 0.5976* 0.8507* 0.7977*
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Heterformer: Transformer-based Deep Node Representation
Learning on Heterogeneous Text-Rich Networks (KDD23)

Q Node Clustering

Table 6: Node clustering.

Method DBLP Goodreads

NMI | ARI NMI | ARI
BERT | 02570 | 0.3349 | 0.2325 | 0.4013
BERT+MaxSAGE 0.2615 0.3490 0.2205 | 0.4173
BERT+MeanSAGE | 0.2628 0.3488 | 0.2449 | 0.4329
BERT+GAT 0.2598 0.3419 0.2408 | 0.4185
GraphFormers 0.2633 0.3455 | 0.2362 | 04139
BERT+HAN 0.2568 0.3401 0.2391 | 0.4266
BERT+HGT 0.2469 0.3392 0.2427 | 0.4296
BERT+SHGN 0.2589 0.3431 0.2373 | 0.4171
GraphFormers++ 0.2566 0.3432 | 0.2372 | 0.4211
Heterformer 0.2707" | 0.3639" | 0.2429 | 0.4199
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Outline

Q Motivation: Why Mining Text-attributed Graphs?

QO Content: Mining Text-attributed Graphs with Language Models @
O Representation learning with language models on text-attributed graphs
O Language model pretraining text-attributed graphs

0 Large language model reasoning on text-attributed graphs



Why do we need language model pretraining on network?

A Given a text-rich network, people are interested in various downstream tasks
d Document/node classification, document retrieval and link prediction

O E.g., academic network
a Automatically classify each paper
@ Find the authors of a new paper

O Provide paper recommendation

@—fj‘f i Paper classification
><="\ —%.kDD
g = ™ WEB Author disambiguation
gs 3 "\~ CONFERENCE
R = ey Paper recommendation
8 —p/

Link prediction

Academic network
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Why do we need language model pretraining on network?

Q Given a text-rich network, people are interested in various downstream tasks

d Document/node classification, document retrieval and link prediction

Q Text-rich network contains rich unsupervised semantic information

2 Alleviate human labeling burden for downstream tasks

j¢ \ Retrieval
=gl KDD ' /
2 :
:v..\_:i,, WER | SRk _—~+ Reranking
—» |~ CONFERENCE
%\k ., e *  Classification
o S . T S Link prediction
Pretraining on a Text-rich Network G Finetuning on downstream tasks



Patton: Language Model Pretraining on Text-Rich Networks
(ACL 2023)

O How to design pretraining strategies to help LMs extract unsupervised semantic
information from the network?

O Motivation 1: On token-level, documents can help facilitate the understanding of tokens.
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Patton: Language Model Pretraining on Text-Rich Networks
(ACL 2023)

O How to design pretraining strategies to help LMs extract unsupervised semantic
information from the network?

O Motivation 2: On document-level, the two connected nodes can have quite related
overall textual semantics.

- o e o e = = = e = = = = = = =y,
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1 1
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Patton: Language Model Pretraining on Text-Rich Networks
(ACL 2023)

O Mode architecture

O GraphFormers: Graph-empowered Transformer architecture

N B B Hm B B HR B B

lI\DD;\IDD/;IDD

[ Graph-based Aggregation ]

H"Y = Concate z(l),H(l) , 2
xR L E R W RN ¢ OHD), @
ITRARICE AT HY = NGO + AL, (D), O

(I+1) — HY O
Graph-based Aggregation ] Hj =LN(H;’ + MLP(H;”)), @

/'
[ neighbor aggregation -/
hidden state D D D D D D
B [cLS]token hidden state
D word token hidden state

z() = GNN({H{[CcLS]|y € N;}), (1)

H B N H E B B B B
[CLS] [CLS] [CLS]

Doci [g) . Doc2 [Z] .. Doc3 B
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Patton: Language Model Pretraining on Text-Rich Networks
(ACL 2023)

Q Pretraining strategy 1: Network-contextualized masked language modeling

2 Original masked language modeling

you has the highest probability you they, your..

O BERT, domain adaptation f

Output [CLS] | | how are doing | |today @ [SEP]

O The semantics of each token can be reflected by its contexts. | T T T T T T T

BERT masked language model
Loy = — Y log p(w;| Hy),

i, N A A

Input [CLS] how are doing | today | [SEP]

ad Ours
3O In node MLM -> Network contextualized MLM

O Use both in-node text context and neighbor node context to conduct masked token prediction

O Facilitate the LM to understand both in-node token correlation and network-contextualized text semantic
relatedness

On the [mask] ?
and risks of ...

=

B

Lxvim = — Y log p(wi|Hy, 22),
1€ My

) -



Patton: Language Model Pretraining on Text-Rich Networks
(ACL 2023)

A Pretraining strategy 2: Masked Node Prediction

O We dynamically hold out a subset of nodes from the network (M,, € V), mask them, and
train the LM to predict the masked nodes based on the adjacent network structure. @

2 LM will absorb document semantic hints hidden inside the network structure.

Lune =— Y log p(vj|Gy,) B B

’Uj EM’U
O Directly optimizing masked node prediction is computationally expensive II plommsa = vilve € Nuguso)
. . . . vmask1 € My
O Representations for all candidates/neighboring nodes x TI 2k € Nopusolvomsa = v:)
O  We prove that masked node prediction can be theoretically transferred to a s €Ms
computationally cheaper pairwise link prediction task. - L I plocfoous = v)

vimask] €My Ve € Nupyageg

= Il plox— w)

vimask] €My Ve € Nopyaseq
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Patton: Language Model Pretraining on Text-Rich Networks
(ACL 2023)

Q Joint pretraining

, 2 :i——— MNP A MNP A MNP -
a On the [mask] ! 4 ! A ! A [
| |and risks of ... !

Lxvim = — ) log p(wi|Hy, 22)
ieM,;

a. NMLM  «- r Graph-based Aggregation LMNp = — Z Z log p(v; <> vg)

i 'UjEMJU UR:EN’uj
Y, N S
7 v; €M, v EN, exp(hy; by, ) + 32, exp(hy by )

@/;E Graph-based Aggregation

b. MNP <--

L = LnvuM + Lymnp
[ | neighbor aggregation

hidden state
I [CLS] token hidden state [C LS] T [CLS] T [C LS] T
B word token hidden state Doc 1 @ Doc 2 B Doc 3 B
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Patton: Language Model Pretraining on Text-Rich Networks

(ACL 2023)

Q Finetuning

O Texts in the network (thus with neighbor info)

d Feed both node text sequence and neighbor text sequences

O Texts not in the network (neighbor info not available)

O Feed text sequence and leave neighbor text sequences blank

34
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Patton: Language Model Pretraining on Text-Rich Networks

35

(ACL 2023)

O Datasets
J MAPLE

d Mathematics, Geology, Economy

O Academic network

J Amazon

a Cloth, Sports

d E-commerce network

O Downstream tasks

C O 0O O

Classification
Retrieval
Reranking

Link prediction

Field of Study | #Nodes  #Edges  #Fine-Class #Coarse-Class
Mathematics | 490,551 2,150,584 14,271 18
Geology 431,834 1,753,762 7,883 17
Economics 178,670 1,042,253 5,205 40
Clothes 889,225 7,876,427 2,771 9
Sports 314,448 3,461,379 3,034 16




Patton: Language Model Pretraining on Text-Rich Networks
(ACL 2023)

A Classification

Table 2: Experiment results on Classification. We show the meangy of three runs for all the methods.

Method Mathematics Geology Economy Clothes Sports
Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1
BERT 18.144 o7 22.04¢ .32 21.979 87 29.630 36 14.175.08 19.779.12 45.101 47 68.545 95 31.88p 23 34.58) 56
GraphFormers 18.69¢.52 23.240 48 22.64¢ 99 31.021 16 13.681 .03 19.001 44 46.271 .92 68.979 .46 43.770.63 50.47.78
SciBERT 23.500.64 23.109 93 29.491 o5 37.821 89 15.91p.48 21.320.66 - - - -
SPECTER 23.370.07 29.830 08 30.400 45 38.54¢ 77 16.16¢ 17 19.844 47 - - - -
SimCSE (unsup) 20.12¢.08 26.119 39 38.780.19 38.550.17 14.544 96 19.07q.43 42.702.32 58.720.34 41.91p 85 59.19y 55
SimCSE (sup) 20.39¢.07 25.56¢ g0 25.66( 98 33.89¢.40 15.03p.53 18.644 39 52.82p.a7 75.540.98 46.69¢.1¢ 59.19q 55
LinkBERT 15.780.01 19.751 .19 24.08p 58 31.320.04 12.715.19 16.39¢.99 44.945 =0 65.334.34 35.600.35 38.300.00
BERT.MLM 23.444.39 31.750 58 36.310.36 48.04p g9 16.600.21 22.711.16 46.980 .84 68.000.84 62.21p.13 75.430.74
SciBERT.MLM 23.34¢.42 30.11¢.97 36.94¢ 28 46.549 40 16.28 38 21.419 g1 - - - -
SimCSE.in-domain  25.15g.09 29.850.20 38.919.08 48.930.14 18.08q.29 23.790.44 57.030.20 80.16¢.31 65.570.35 75.220.18
PATTON 27.580.03 32.820.01 39.350.06 48.199.15 19.320.05 25.12¢.05 60.14 55 84.88; .09 67.570.08 78.60¢ 15
SciPATTON 27.350.04 31.700.01 39.65,.1¢ 48.93 o6 19.91; s 25.68 3- - - - -
“w/loNMLM 2591045  27.7907 38.78019 4848017  18.86023 2425026  56.68024  80.27p17  65.83028  76.24p54
w/o MNP 24.790.65 29.444 59 38.000.73 47.821 06 18.69q.59 25.631 44 47.351 .90 68.502.60 64.231 53 76.031.67
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Patton: Language Model Pretraining on Text-Rich Networks
(ACL 2023)

Q Retrieval

Table 3: Experiment results on Retrieval. We show the meangy of three runs for all the methods.

Method Mathematics Geology Economy Clothes Sports

o R@50 R@100 R@50 R@100 R@50 R@100 R@50 R@100 R@50 R@100
BM25 20.76 24.55 19.02 20.92 19.14 22.49 15.76 15.88 22.00 23.96
BERT 16.73p.17 22.66018 18.82p539 25.94p39 23.9500925 31.54p991 40.77168 950.40141 32.37109 43.320.96
GraphFormers 16.65912 22.41p.10 18,92p060 25.94p39 24.48p3¢ 32.16049 41.77205 51.26007 32.399.89 43.29; 19
SciBERT 24.700.17 33.55031 23.7Tlgge 30.94p995 29.80956 38.66¢.52 - - - -
SPECTER 23.86095 31.11p31 26.56105 34.0413> 31.260.15 40.790.11 - - - -
SimCSE (unsup) 17-910.26 23.190_29 20.450.20 26.820_25 25.830_23 33-420.28 44.900.35 54.760_33 38.810_35 49.300_44
SimCSE (Sllp) 20.290_4] 26.230_51 22.340.49 29.630_55 28.070_38 36.510_37 44.690.59 54.700_77 40.310_43 50.550_41
LinkBERT 17.25¢.30 2321047 17.14p75 23.05974 22.69930 30.77036 28.66297 37.7938 31.97954 41.77067
BERT.MLM 20.69001 2717995 32.13p3¢ 41.749420 2713004 36.000.14 5241171 63.72179 54.10981 63.14¢.83

SciBERT.MLM 20.6509.21 27.67032 31.65p971 40.52976 29.23p67 39.18¢.73 - - - -
SimCSE.in-domain 24.540_05 31.660_09 33.970.07 44.090_19 28.440_31 37.810_27 61.420,84 72-250.86 53.770_22 63.730_30

PATTON 2744015 34.970.21 34.94¢ o3 45.019.28 32.100.51 42.19¢ 62 68.62( 35 77.54) 19 58.63( 31 68.53; 55

SciPATTON 31.40 59 40.380 66 40.69) 50 51.31 48 35.82p 49 46.05¢ 69 - - - -
“w/oONMLM 30.850.14 39.89023 39.29007 49.59.11 35.17031 4607020 65.60026 75.19932 57.050.14 67.22012

w/o MNP 2247007 3020015 31.28p89 40.54p97 29.54036 39.57057 60.20073 69.85052 51.730.41 60.350.78
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Patton: Language Model Pretraining on Text-Rich Networks
(ACL 2023)

QA Link prediction

Table 5: Experiment results on Link Prediction. We show the meangqy of three runs for all the methods.

Method Mathematics Geology Economy Clothes Sports
PREC@1 MRR PREC@1 MRR PREC@1 MRR PREC@1 MRR PREC@1 MRR
BERT 6.600.16 12.96¢.34 6.24¢.76 12.961 34 4.120 .08 9.230.15 24.170.41 34.200.45 16.480.45 25.350.52
GraphFormers 6.91g09 1342934  6.52117 13.34181  4.160.2 9.28p28  23.79%.69 33.79%.66 16.69036  25.740.48
SciBERT 14.080.11 23.620.10 7.150.26 14.11¢ 39 5.011 04 10.481 79 - - - -
SPECTER 13.44¢ 5 21.730.65 6.850.22 13.370.34 6.330.29 12.419.33 - - - -
SimCSE (l.HlSl]p) 9.850_10 16.280‘12 7.470‘55 14-240.89 5-720.26 11.020.34 30.510‘09 40.4‘00_10 22.990_07 32-470.06
SimCSE (Sllp) 10.350_52 17.010‘72 10.100‘04 17.800‘[]7 5-720.26 11.020.34 35-420.06 46.070_05 27.070_15 37.44[]_16
LinkBERT 8.050.14 13.91¢.09 6.400.14 12.999.17 2.970.08 6.790.15 30.330.56 39.590.64 19.830.09 28.320.04
BERT.MLM 17.550.25 29.2209¢ 14.13019  25.360.20 9.020.09 16.720.15 42.Tlp31  54.54035 29.36009 41.600.05
SciBERT.MLM 22.44¢ 08 34.220.05 16.22¢.03 27.020.07 9.800.00 17.72¢ 01 - - - -
SimCSE.in-domain 33.55[]_[]5 46.070.07 24.560.05 36.890.11 16.770_10 26.930_01 60.410_03 71.860_06 49.170_04 63.48[]_03
PATTON 70.41p.11 80.21¢.04 44.76¢.05 57.710.04 57.044 05 68.350.04 58.599.12 70.12¢ 12 46.68¢ 09 60.96( o3
SciPATTON 71.220.17 80.79¢ .10 44.95; o4 57.84¢ 55 57.36p 96 68.71p 31 - - - -
“wioNMLM 71.04013 80.60007 44.33023 572922 56.64025 68.12916 60.30003 71.67007 49.72006 63.76001
w/o MNP 63.060.23 74.26011 33.84p60 47.02065  44.460.03 57.05004 49.62006 61.61g01 36.05020 49.780.95
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Patton: Language Model Pretraining on Text-Rich Networks

(ACL 2023)

QO How pretraining help the model?

O  Finetune data size study

0.8 0.5
0.8 0.8 .
— 0.7 = 0.
L 0.7 = © ©0 ’
° @06 . O
O 0.6 LLJ
© 0-6 o o W o3
= . —— GraphFormers —— GraphFormers < 0.5 —— GraphFormers - —— GraphFormers
Ours 0.4 Ours ' ‘ Ours 0.2 Ours
0 2000 4000 6000 8000 0 20000 40000 60000 0 10000 20000 30000 0 10000 20000 30000
data data data data
(a) Classification (b) Retrieval (c) Reranking (d) Link Prediction
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Outline

Q Motivation: Why Mining Text-attributed Graphs?

QO Content: Mining Text-attributed Graphs with Language Models@
O Representation learning with language models on text-attributed graphs
O Language model pretraining text-attributed graphs

0 Large language model reasoning on text-attributed graphs
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Graph Chain-of-Thought: Augmenting Large Language
Models by Reasoning on Graphs (ACL 2024)

ad Motivation

O Large language models suffer from hallucination and misinformation.

llama-2-13b-chat

Scroll down and start chatting
Who is the author of both "Weakly-supervised neural text classification" and "Heterformer: Transformer-based Deep Node Representation Learning on Heterogeneous Text-

Rich Networks"?

The author of both "Weakly-supervised neural text classification" and "Heterformer: Transformer-based Deep Node Representation Learning on Heterogeneous Text-Rich

Networks" is Ming-Hsun Cheng.
® Hallucinating!



Graph Chain-of-Thought: Augmenting Large Language
Models by Reasoning on Graphs (ACL 2024)

ad Motivation

O Existing works propose to augment LLMs with individual text units retrieved from
external knowledge corpora to alleviate the issue (RAG).

Augment LLM with External Texts

@ )

Question Deep Residual Learnin
Who develops both ' ' Masked Autoencoders
Resnet and MAE? Are Scalable Vision

Learners. Kaiming He, ...

R LLMs »\_ External Text Corpora  /

S~a -
S, _——_———
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Graph Chain-of-Thought: Augmenting Large Language
Models by Reasoning on Graphs (ACL 2024)

ad Motivation

O However, in many domains, texts are interconnected which form a (text-attributed)
graph.

O Legal case opinions are linked by citation relationships.
O Web pages are connected by hyperlinks (Common Crawl).

World-Wide Web Co-author network



Graph Chain-of-Thought: Augmenting Large Language
Models by Reasoning on Graphs (ACL 2024)

ad Motivation

O This motivates us to explore the problem of augmenting LLMs with external graphs.

Augment LLM with External Texts

Question Deep Residual Learning W
Who develops both .| " Masked Autoencoders
Resnet and MAE? Are Scalable Vision
-~ Learners. Kaiming He, ...
Tl LLMs AN External Text Corpora  /

\~~ _
TN e =T

Augment LLM with External Graphs

Question f \
@
Who develops both .' " P\ @Q R
Resnet and MAE? @ R
B0 —B
TN~ LLMs \_ A O, External Graph )

-~
~ -
-
-~ -
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Graph Chain-of-Thought: Augmenting Large Language
Models by Reasoning on Graphs (ACL 2024)

0O Can RAG be directly adopted for LLMs on graphs?

O Structure context:

O Retrieval augmentation can find individual nodes/texts from the graphs.

O However, knowledge on the graph also lies in the structure which cannot be captured by single nodes.

O Graph size explosion:
O It is feasible to convert local subgraph structure into text descriptions as the input contexts to LLMs.
O However, the size of the local subgraph increases exponentially as the hop number increases.

O It will result in an excessively long context sequence and cause LLM to be lost in the middle.

~

Question /
[ Who develops both J " "

Q B A
@A

B © B

JRbe \R @ ExternaIGraphJ

Resnet and MAE?

Augment LLM with External Graphs "= _---"77



Graph Chain-of-Thought: Augmenting Large Language
Models by Reasoning on Graphs (ACL 2024)

d Framework

O lterative reasoning, interaction and execution.

Question Whole process
[ Who develops both Resnet and MAE? |- - - - - - - - (&) We need to first find ResNet and MAE in the graph.
|® I ! B8 RetrieveNode(Resnet), RetrieveNode(MAE) @
S — LLM Reasoning |'
@ g I ¢ The node IDs for Resnet and MAE are p-152 and p-562.

|
e T
ext, check the author nei ors of the two papers.
R :“ @ N heck the author neighbors of th pap
| n Neighborcheck(p-152,author), Neighborcheck(p-562,author) @

- I
@ ; l======= I U C, The authors neighbors are [a-54, a-75, ...] and [a-75, a-23, ...].
I_ ————————————————————————————————————————————————————————————
"ff@\.\ |® @ The intersection author is a-75. Let's check hisfher name.

- |
[ @ LLM Reasoning ]: B8 NodeFeature(a-75,name) ©)
|

¢, The name for a-75 is Kaiming He.

f\ | ) . )
F_c Graph Execution ]' @ We have obtained the answer: Kaiming He.

I
K External Graph /.. _ ‘-~ ! e have oo
/ I.I"@F"hmsls'::uning — @ Finish @ Finish[Kaiming He] @
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Graph Chain-of-Thought: Augmenting Large Language
Models by Reasoning on Graphs (ACL 2024)

O LLM reasoning
O LLM conduct reasoning on what further external information from graph is needed.

O If the question is answerable with the current contexts from graphs.

Question Whole process
[ Who develops both Resnet and MAE? |- _ - - - - - _ | @ We need to first find ResNet and MAE in the graph.
|® i ! B8 RetrieveNode(Resnet), RetrieveNode(MAE) @
o LLM Reasoning |
® g I CF The node IDs for Resnet and MAE are p-152 and p-562.

|
T
R : “ [ i I I@ Mext, check the author neighbors of the two papers
> c Graph Execution

B8 Neighborcheck{p-152,author), Neighborcheck(p-562,author) (2)

b I oot T CJ The authors neighbors are [a-54, a-75, ...] and [a-75, a-23, ...].

N@@ p\; i
E____.—--' \ |® @ The intersection author is a-75. Let's check his/her name.
R / 0 ©, @ l @ LLM Reasoning ] B8 NodeFeature(a-75,name) G)

¢*, The name for a-75 is Kaiming He.

We have obtained the answer: Kaiming He.

k External Gra py L@Heasmmg S @ Finioh @ Finish[Kaiming He] ] 9




Graph Chain-of-Thought: Augmenting Large Language
Models by Reasoning on Graphs (ACL 2024)

O Interaction between LLMs and graphs

O Let LLMs know how to interact with the graphs and fetch relevant information.

Question Whole process
[ Who develops both Resnetand MAE? | _ - - - - - _ S (&) We need to first find ResNet and MAE in the graph.
|® [ | Ii RetrieveMNode(Resnet), RetrieveNode(MAE) @
- LLM Reasoning |'
@ g I 6 The node IDs for Resnet and MAE are p-152 and p-562.
e, I --------------------------------------------

1
R : u [ i I Mext, check the author neighbors of the two papers.
| -LG Graph Execution |, =

Neighborcheck(p-152,author), Neighborcheck(p-562,author) @

I
@ 9/ b= I Lot G The authors neighbors are [a-54, a-75, ...] and [a-75, a-23, ...].
I_ ————————————————————————————————————————————————————————————
"“"'Hf \,\ |® . | @ The intersection author is a-75. Let's check his/her name.
. |
@ a I @ LLM Reasoning ]| Bl NodeFeature(a-75,name) @
I L Il ¢ The name for a-75 is Kaiming He.

A
AN

Q /3
1
E |G h | - | @ We have obtained the answer: Kaiming He.
K Al el / i i @ Finish[Kaiming He] ©

(@&)Reasoning — @ Finish
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Graph Chain-of-Thought: Augmenting Large Language
Models by Reasoning on Graphs (ACL 2024)

O Interaction between LLMs and graphs

O WVe pre-define four graph functions to cover both the semantic and structure
information on graphs:

O RetrieveNode(Text): Identify related nodes in the graph with semantic search.
O NodeFeature(NodelD, FeatureName): Extract the textual feature information for a specific node.
0 NeighborCheck(NodelD, NeighborType): Return the neighboring information for a specific node.

0 NodeDregree(NodelD, NeighborType): Return the degree of a specific neighbor type for a node.



Graph Chain-of-Thought: Augmenting Large Language
Models by Reasoning on Graphs (ACL 2024)

O Execution on graphs
O Call the functions and fetch relevant information from the graph.

Question Whole process
Who develops both Resnet and MAE? |- - - - - - - - S (&) We need to first find ResNet and MAE in the graph.
|® i - : B RetrieveNode(Resnet), RetrieveNode(MAE) @
/ ® \ @ LLM Reasoning |_Ig The node IDs for Resnet and MAE are p-152 and p-562.
\ L e el e R SR S JR

I
R : u i i I @ Mext, check the author neighbors of the two papers.
I 1 c Graph Execution |, B2 Neighborcheck(p-152,author), Neighborcheck(p-562,author) (2)

I
@ 9/ e e e- I T"' """ The authors neighbors are [a-54, a-75, ...] and [a-75, a-23, ...].
! ! --- 4
sl \ |® r | @ The intersection author is a-75. Let's check his/her name.
: |
@ @ ' @ LLM Reasoning ]| B8 NodeFeature(a-75,name) @
p |

| (%, The name for a-75 is Kaiming He. I

A
AN

f\ | i . I
i | C Graph Execution ]' @ We have obtained the answer: Kaiming He.

I
k External Graph /.- _ ‘e’ ! ehave b
/L@Heasoning—h @ Finish @ Finish[Kaiming He] @
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Graph Chain-of-Thought: Augmenting Large Language
Models by Reasoning on Graphs (ACL 2024)

O Overall performance

Model Academic E-commerce Literature Healthcare Legal
R-L. GPTdscore R-L. GPTd4score R-L GPT4score R-L GPTd4score R-L  GPT4dscore

LLaMA-2-13b-chat  8.13 8.03 7.01 12.00 5.32 20.83 5.25 13.70 15.97 16.11

% Mixtral-8x7b 9.02 8.14 12.54 18.00 7.50 22.50 3.88 20.00 12.74 16.11
= GPT-3.5-turbo 6.05 12.80 9.18 23.50 10.43 26.67 5.83 14.44 10.51 20.00
-0 LLaMA-2-13b-chat  8.69 8.52 9.23 12.50 7.61 20.00 1.44 5.93 15.37 16.67
E é Mixtral-8x7b 8.44 8.02 23.14 29.50 13.35 27.92 322 16.67 19.69 25.00
GPT-3.5-turbo 5.83 9.91 14.06 20.00 10.04 20.83 4.57 8.52 18.14 23.89

= LLaMA-2-13b 22.01 22.97 12.48 20.00 9.25 20.00 2.97 4.81 17.98 17.22
& < Mixtral-8x7b 27.97 31.20 32.87 37.00 20.08 33.33 8.66 15.19 23.48 25.56
O & GPT-3.5-turbo 18.45 26.98 17.52 28.00 14.94 24.17 8.69 14.07 18.66 22.22

GrAPH-COT 31.89 33.48 42.40 44.50 41.59 46.25 22.33 28.89 30.52 28.33




Graph Chain-of-Thought: Augmenting Large Language
Models by Reasoning on Graphs (ACL 2024)

O How important are the demonstrations for Graph-CoT?

Demonstration Domain

Academic E-commerce Literature Healthcare Legal None
0.5
0.13 0.2 0.13 0.067 0.2
0.4
0.4 0.55 0.4 0.4 0.45
0.3

Target Domain
Healthcare Literature E-commerce Academic

Legal

-0.0

O  LLMs suffer if given insufficient instructions (only graph definition and interaction function definitions).

O  In-domain demonstrations (diagonal) perform quite well,and Graph-CoT is overall robust to demonstration domain-shift.
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Graph Chain-of-Thought: Augmenting Large Language
Models by Reasoning on Graphs (ACL 2024)

O How different LLMs perform in Graph-CoT?

Model GPT4score
GRAPH-COT

w. LLaMA-2-13b-chat 16.04

w. Mixtral-8x7b 36.46

w. GPT-3.5-turbo 36.63

w. GPT-4 46.28

O  An LLM with more advanced instruction following ability and reasoning ability (i.e., GPT-4) can contribute to better performance
in Graph-CoT.
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Graph Chain-of-Thought: Augmenting Large Language
Models by Reasoning on Graphs (ACL 2024)

O Graph RAG vs Graph-CoT

Model GPT4score
GPT-3.5-turbo 1948
+ node retrieval 16.63

+ 1-hop subgraph retrieval 23.09
+ 2-hop subgraph retrieval 22.12
+ GRAPH-COT 36.29

O Retrieving |-hop ego-graph performs the best but still underperforms Graph-CoT.
O The number of nodes/texts grow exponentially as the hop number grows linearly.

O  Alarge-hop ego-graph will lead to a super long context -> lost in the middle.



Graph Chain-of-Thought: Augmenting Large Language

Models by Reasoning on Graphs (ACL 2024)

A Case Study

Question: How many academic works referenced the paper "Model of experts for decision support in the

diagnosis of leukemia patients"?
The question is asking for the number of academic works that referenced a specific paper. We need to

find the paper node in the graph.
- RetrieveNode[Model of experts for decision support in the diagnosis of leukemia patients]

The ID of this retrieval target node is p-987.
@The question is asking for the number of academic works that referenced the paper "Model of experts
for decision support in the diagnosis of leukemia patients". We need to calculate the "reference" neighbor

degree of this paper node.
a NodeDegree[p-987, reference]

The reference neighbor node degree of p-987 are: 45.
The number of academic works that referenced the paper "Model of experts for decision support in the

diagnosis of leukemia patients" is 45.

@ Finish[as)
B—

QM

A

Answer is INCORRECT

Question: Who is the closest collaborator with author A? Closeness is defined in terms of the number of

collaboration together.
The question is asking for the closest collaborator of author A. We need to find the author node

corresponding to A in the graph.

B3 RetrieveNode[A]

The ID of this retrieval target node is a-675.

The question is asking for the closest collaborator of author A. We need to calculate the "author

neighbor degree of this node to find the collaborators.

‘ NodeDegree[a-675, author]
¢ The node or neighbor type does not exist in the graph. This might because your given neighbor type is

not correct. Please modify it.
@ In order to find the closest collaborator of author A, we need to check the neighbors of the author node.

However, it seems that the neighbor type "author" does not exist in the graph.

B3 NeighbourCheck[a-675, author]
c The node or neighbor type does not exist in the graph. This might because your given neighbor type is

not correct. Please modify it.
It seems that there is an issue with the graph structure or the given neighbor type.

° Finish[Unable to retrieve closest collaborator]

Answer is INCORRECT
Correct answer: B

Correct answer: 73

O The LLM sometimes refers to the occurrence of the word rather than understanding its semantic meaning.

O The LLM sometimes misunderstands the structure of the graph, resulting in interaction failures.
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Thank you!
Q/A
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