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2. LLM-as Encoder

Harnessing Explanations:
LLM-to-LM Interpreter for Enhanced Text-Attributed
Graph Representation Learning

1

Xiaoxin He! Xavier Bresson' Thomas Laurent’? Adam Perold®> Yann LeCun*® Bryan Hooi'

{xiaoxin, xaviercs, bhooi}@comp.nus.edu.sg, tlaurent@lmu.edu
research@provenance.ai, yann@cs.nyu.edu

!National University of Singapore ?Loyola Marymount University *Provenance Al
“New York University °Meta Al
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2. TAPE
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YAEME ( Text-Attributed Graphs,

TAGs ) BRSNS ERIGRY , RSOk \ //
E jzgﬁiﬂs , 1’|E§§l"-|'t'1',mE|’J )= I\EE TAG EIJ_ O [5988] Experimentally induced diabetes is pre

—_— 1 7390] Type 2 diabetes. The paper specifically mentions the Tl study used streptozotocin to induce diabe
™ ;_—:FII: I~ =N ""—‘ [
.ﬂﬂ J/ W E1D , ,\ -: of db/db mice, which are 4 model of Type 2 diabetes. The
study focuses on the effects of a PPAR- alpha activator on

cardiac function and metabolism in these mice. 5988
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2. TAPE

2. BT
AT EREAAR , FEABESEE (LLM) gUhE | XEARBIRER 7 AIRF BRI KRS
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Step 1: Node Feature Extraction

Abstract: Text in curve orientation, despite being one of |

the common text orientations in real world environment...
Title: Total Text A Comprehensive Dataset For Scene Text
Detection And Recognition.

Question: Which arXiv CS sub-category does this paper
belong to? Give 5 likely arXiv CS sub-categories as a
comma-separated list ordered from most to least likely, in
the form "cs.XX", and provide your reasoning.

Answer:

Overview of TAPE: Title, Abstract, Prediction & Explanation

Prediction: cs.CV, cs.IR, ¢s.CL, ¢s.LLG, cs.Al

Explanation: The paper is about a new dataset for scene text
detection and recognition, which is a topic related to computer vision
(cs.CV). The paper also mentions the use of deep learning techniques
such as DeconvNet, which falls under the sub-category of artificial
intelligence (cs.AI). The dataset is annotated and involves text
recognition, which could also fall under the sub-categories of
information retrieval (cs.IR) and natural language processing (cs.CL).
Finally, the paper discusses the effectiveness of different solutions,
which could be evaluated using machine learning techniques, falling

" | under the sub-category of machine learning (cs.LG).

Step 2: Downstream Tasks
on TAGs

D | 2. P4 LM ERESE |
| BEFLIME R BTN AERE, 1L
| l&ﬁ%zx,wﬁwuﬁﬁﬁﬁl
| R 1

p————- A o, P 1
', I Prompt :I Ppred 1 \\ I 3 ‘J"iﬁ GNN I
|\ \ 1
Jp— | Tt T AmGNNESR |
I ; Query Response GO Fine-tune h i : I 4 B 4 N I
: Title: LM _I_)empl : GNN 1 I -Ij VAT l*% 1-|-E 9 u
y | Abstract: > GPI3.5 (175B) Explanation: ' RevGAT ——>» v ! N -+ I
1 P Deberta hon : ! I Tﬁ-l ~)r“] 5E %ﬂ BEN I
I azom |2, | (18M) !
: L Frozen Fine-tune : / : I % %'J I
\ > %b/e , Trainable y ¢ bk ————— —
without fine-tuning ( Shallow Embedding Techniques 1 hogh /V
L e.g., skip-gram / bags of words J i
12



2. TAPE

(1) &F LLM RYFGNIFORERREERY
HBERETIRITGERprompt , LSRR LLM H SN FUFH A ERSRIZ R,
Bt , WTFEMeNTR 1 €V, BlIER— T Rmprompt , EPERIE]AIRR. HEIUKL
AT ERIARENER, LLM AR ER—THFR TGRS A HRE.

) ) ) ) ) Explanation: The paper is about a new dataset for scene text
Abstract: Text in curve orientation, despite being one of detection and recognition, which is a topic related to computer vision
the common text orientations in real world environment... (cs.CV). The paper also mentions the use of deep learning techniques
Title: Total Text A Comprehensive Dataset For Scene Text such as DeconvNet, which falls under the sub-category of artificial
Detection And Recognition. mtelligence (cs.Al). The dataset is annotated and involves text

o : : 5 recognition, which could also fall under the sub-categories of
Question: Which arXiv CS sub-category does this paper information retrieval (cs.IR) and natural language processing (cs.CL).

belong to? Give 5 l.ikely arXiv CS sub-categories asa Finally, the paper discusses the effectiveness of different solutions,
comma-separated list ordered from most to least likely, in which could be evaluated using machine learning techniques, falling
the form "cs.XX", and provide your reasoning. under the sub-category of machine learning (cs.LG).

Answer:

Prediction: cs.CV, cs IR, ¢s.CL, ¢s.LG, cs.Al

Harnessing Explanations: LLM-to-LM Interpreter for Enhanced Text-Attributed Graph Representation Learning-ICLR2024 13



2. TAPE

(1) EF LLM BITmFNaERR LR
PromtiZ/RIa@ER o R MR 2 IREESTEERES EHR , NFRF7R.

Dataset

Prompt

Cora

Abstract: <abstract text> \n Title: <title text> \n Question: Which of the following
sub-categories of Al does this paper belong to: Case Based, Genetic Algorithms, Neural
Networks, Probabilistic Methods, Reinforcement Learning, Rule Learning, Theory?
If multiple options apply, provide a comma-separated list ordered from most to least
related, then for each choice you gave, explain how it is present in the text. \n \n Answer:

Pubmed

Abstract: <abstract text> \n Title: <title text>\n Question: Does the paper involve any
cases of Type 1 diabetes, Type 2 diabetes, or Experimentally induced diabetes? Please
give one or more answers of either Type 1 diabetes, Type 2 diabetes, or Experimentally
induced diabetes; if multiple options apply, provide a comma-separated list ordered from
most to least related, then for each choice you gave, give a detailed explanation with
quotes from the text explaining why it is related to the chosen option. \n \n Answer:

ogbn-arxiv

Abstract: <abstract text> \n Title: <title text> \n Question: Which arXiv CS sub-category
does this paper belong to? Give 5 likely arXiv CS sub-categories as a comma-separated

list ordered from most to least likely, in the form *“cs.XX”, and provide your reasoning.

\n \n Answer:

Harnessing Explanations: LLM-to-LM Interpreter for Enhanced IText-Attributed Graph Representation Learning-ICLR2024
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2. TAPE

(2) =0 LM fifEkEss
BIRHA— MUY LM |, B85 LLM SORERERY "Res" | RIS LLMAYREEANTTN
NAPRIEGEIMERNTE | BRRIESANTE. FERIFE | AURHFFRUFLE,

® JRIASANHIERRERRASHIE
Bt , BFRIASA s e iERE sP D BIATIZRAILM g LM oxp . 28T, FIFAMLPXILMAYHD
ik, RRMARZRBIRRIGRE, &2, RIS i IREFRITEhexp B FREI145 bz
GNN HIFEEFFHIL.

orig = LMorig(s™8) € RY>? B = LMegp (s°P1) € RV >4,

Yorig — MLPorig(horig) S RNXC; Yexpl = MLPexpl(hexpl) = RNXC.

Harnessing Explanations: LLM-to-LM Interpreter for Enhanced Text-Attributed Graph Representation Learning-ICLR2024 15



2. TAPE

(2) =0 LM fifEkEss

® HEFFRUAFE

FRYBEEZON , LLM BABATRIRIE 7T HERRD k IIFGNIER | X7 B8MERIEE. ATE
BXLEINR , WTFHA § AT & DAl , B5eRAEAYRIS=Rs/Aone-hotHE p; 1, .. pix ERC , B
FIXLEREERN— kC HRE , N TEME RS EIRFTRUAF Ay req.

42 b, ASCEIAERTEA hraps ={horig » hexpt hprea) + HFR "TAPE" RESAITAMIRE, HE.
URIREEE,

————————————————————————————————————————————————————————

r
r

1 1

! I

1 ( | \

I s

1 . Response ey o Fine-tune !

. Title: | LM

2 _>

1 PIREEE GPT3.5 (175B) Explanation: : Dl

1
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1

1

i 1

1

1
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2. TAPE

(3) YIIZxGNN
&fa , AXFIBLAZZRYFHiEhrape | I
BaE
B , A Ehorig  hexpiFlhprea L5 BIATTI)
RIS |, REEHYERMEIX LTRSS,
Z)orig/expl/pred — forig/expl/pred (horig/expl/preda A) = RN e |

2% GNN, ASCRAETERTTE , —MiERaeTFE

é?'j:\ GNN *Eﬂ forig ;fexp]$ufpred 1 L\J\Tﬁimugi-ﬁ

] — y ? " NxC
Y= mean(yoriga Yexpl s ypred> cR :

|
Prediction: \
—l—l—)

Title: Response Fine-tune LM

. —_—>
Abstract: GPT3.5 (175B) Explanation: Dl

(129M)

1
‘ Vhgio 1
/ 1
) Frozen .
L Fine-tune / :
> i 1
\ S Tiamabfﬁ :
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2. TAPE

4, SLIGLER
o iE&
SMNTAGEWES : Cora, Pubmed, ogbn-arxiv, ogbn-productes, arxiv-2023
o HifRTl
GNN#&EE! : GCN, GraphSAGE, RevGAT ;
LLMA&EZRY : LLM. LMfinetune
Table 4: Statistics of the TAG datasets

Dataset #Nodes #Edges Task Metric Augmentation
Cora 2,708 5,429 7-class classif.  Accuracy v
Pubmed 19,717 44,338 3-class classif.  Accuracy v
ogbn-arxiv 169,343 1,166,243  40-class classif.  Accuracy

ogbn-products (subset) 54,025 74,420 47-class classif.  Accuracy

arxiv-2023 46,198 78,548 40-class-classif.  Accuracy v

Harnessing Explanations: LLM-to-LM Interpreter for Enhanced Text-Attributed Graph Representation Learning-ICLR2024 18



2. TAPE

1 7AY /= =
4' %Etﬂgl:l7<

® I3y

-
EH

— F========"=
I 1
Dataset Method GNN LM : Ours :
Pshatiow hGIANT G7 LLM LMfinetune LT hrapE :

1
MLP 0.6388 £0.0213 - 37.41% 0.6769 0.7606 £ 0.0378 13.35% 1 0.8778 £0.0485 :
Cora GCN 0.8911 £ 0.0015 - 2.33% 0.6769 0.7606 £ 0.0378 16.59% ! 0.9119+0.0158
SAGE 0.8824 £ 0.0009 - 5.28% 0.6769 0.7606 + 0.0378 18.13% : 0.9290 £ 0.0307
RevGAT 0.8911 £ 0.0000 - 4.14% 0.6769 0.7606 + 0.0378 18.04% | 0.9280 +0.0275 |
1

T
MLP 0.8635 = 0.0032 - 10.77% 0.9342 0.9494 £ 0.0046 0.75% 1 0.9565 +0.0060 !
PubMed GCN 0.8031 £ 0.0425 - 17.43% 0.9342 0.9494 £ 0.0046 -0.66% 1 0.9431 +£0.0043 :
SAGE 0.8881 = 0.0002 - 8.30% 0.9342 0.9494 £ 0.0046 1.31% : 0.9618 + 0.0053
RevGAT  0.8850 % 0.0005 - 8.52% 09342 0.9494+0.0046  1.15% | 0.9604+0.0047 1
I I
MLP 0.5336 £0.0038 0.7308 £ 0.0006 42.19% 0.7350 0.7361 £ 0.0004 3.07%  0.7587 £0.0015 !
ogbn-arxiv GCN 0.7182 £ 0.0027 0.7329 = 0.0010 4.71% 0.7350 0.7361 £ 0.0004 2.16% 1 0.7520 £ 0.0003 :
SAGE 0.7171 £0.0017 0.7435 £ 0.0014 6.98% 0.7350 0.7361 + 0.0004 4.22% : 0.7672 £0.0007
RevGAT 0.7083 £ 0.0017 0.7590 £ 0.0019 9.42% 0.7350 0.7361 + 0.0004 528% | 0.7750 £0.0012
MLP 0.5385 £0.0017 46.3% 0.7440 0.7297 £ 0.0023 7.96% : 0.7878 £0.0082 1
oobn-products GCN 0.7052 £ 0.0051 - 13.39% 0.7440 0.7297 £ 0.0023 9.58% 1 0.7996 £ 0.0041 :
gon-p SAGE 0.6913 £ 0.0026 - 17.71% 0.7440 0.7297 £ 0.0023 11.51% 1 0.8137 £0.0043 |
RevGAT 0.6964 £ 0.0017 - 18.24% 0.7440 0.7297 £ 0.0023 12.84% : 0.8234 £ 0.0036
1
MLP 0.6202 = 0.0064 - 35.20% 0.7356 0.7358 £ 0.0006 12.25% : 0.8385+£0.0246 1
aTxiv_2023 GCN 0.6341 = 0.0062 - 27.42% 0.7356 0.7358 + 0.0006 8.94% 1 0.8080+0.0215 !
SAGE 0.6430 £ 0.0037 - 30.45% 0.7356 0.7358 + 0.0006 12.28% 1 0.8388 +0.0264 :
RevGAT 0.6563 + 0.0062 - 28.34% 0.7356 0.7358 £ 0.0006 12.64% : 0.8423 £ 0.0256
1
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2. TAPE

SrIA 4t
4, SLIGZEER

LM

W

78
77 7= >
TAPE (Ours) 2.88x lower computation time ' GLEM-ICLR2023
76 -
S0¢ .

_ 1oqmin, 77.50% GLEM LLM as Aligner
X 75 551min, 76.57%
}; o‘utput
s 74 _input
; . TE\fEmbeddmg gg;,ng'm lar: g(Z/ -
S 7
<

104min, 73.61% ® Pure LM >| GNN training
72 o GNN w/ shallow embedding Seudo fabel by LM Pseudo-label by GNN
GNN LM-based GLEM E-Step —o@
71 . 0 _ LM training |e—o0
4min, 70.83% LLM-based TAPE (Ours) St Arribute
70
0 100 200 300 400 500 600

Total Time (min)

Figure 2: The performance trade-off between node classification accuracy and total training time on

ogbn-arxiv |

13

| for various training approaches that combine language models (LMs) and graph

neural networks (GNNs). The experiment employs DeBERTa-base [12
RevGAT [17] as the GNN backbone, with the size of the marker indicating the number of parameters. 20

| as the LM backbone and




2. TAPE

1 7AY /= =
4. %E_L‘Lgﬂlga

® AL

Table 3: Ablation study on the ogbn-arxiv dataset, showing the effects of different node features on
the performance. Node features include the original text attributes (forig), the explanations (fexp and
predicted /preq) generated by LLM, and the proposed method (htape). Results are averaged over 4
runs with 4 different seeds. The best results are in bold.

Method : horig hexpl hpred hTAPE :
GCN val 07624 +0.0007 ~ 0.7577 =0.0008 07531+ 0.0006 _ 0.7642 =0.0003 _
test  0.7498 £0.0018 0.7460 + 0.0013  0.7400 = 0.0007  0.7520 * 0.0003
SAGE val  0.7594 £0.0012 0.7631 £0.0016 0.7612 £ 0.0010  0.7768 + 0.0016
test 0.7420£0.0018 0.7535+0.0023  0.7524 £ 0.0015  0.7672 + 0.0007
RevGAT val  0.7588 £0.0021 0.7568 £ 0.0027  0.7550 £ 0.0015  0.7785 £0.0016
test  0.7504 £0.0020 0.7529 £ 0.0052  0.7519 £0.0031  0.7750 % 0.0012

Harnessing Explanations: LLM-to-LM Interpreter for Enhanced IText-Attributed Graph Representation Learning-ICLR2024
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3. LLM prexxx

GrathPT: Graph Instruction Tuning

for Large Language Models

Jiabin Tang!, Yuhao Yang®, Wei Wei?, Lei Shi’,
Lixin Su’, Sugi Cheng’, Dawei Yin® and Chao Huang"**
IMusketeers Foundation Institute of Data Science,

“Department of Computer Science, University of Hong Kong, *Baidu Inc.
Project Page: https://GraphGPT.github.io, Github: https://github.com/HKUDS/GraphGPT

GraphGPT: Graph Instruction Tuning for Large Language Models — SIGIR2024
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3. GraphGPT

4 2
l. B

EFR , EHEMSEIANRERESIRERENINIEZ—, A, FREZERNEXEEARR
HE  XESREA— R REHEMNERERRREES. 5—hH|E , NESEREESIMIS LR
W TIRARES] , TTEEN RIS ERIRIEZAE

R , A= KESREREEIEREILSN |, FERoESEAERRY NHES.

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

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

Human Question: Given a citation
graph: <graph> where the Oth node
is the target paper, with the

following information: Abstract: ... LLM
Title: ... Question: Which arXiv CS
sub-category does this paper
belong to? ...

GraphGPT: Graph Instruction Tuning for Large Language Models — SIGIR2024
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3. GraphGPT

2. BlFT
SR, AMEBRMEE LLM 5 graph &4 , AeJ[EHEAIHEERFIFAREIERINT -
® WIBERIIE graph IAZE LLM b , ERBAIESHA AR EMIR ?
® Y{AIMKF LLM IEfE graph AYBESD , 1k LLM EIFIERE graph SHasdE ?

NT R AR , A3URY T GraphGPTHREEY | ASZRIGIFTIAT -

v REETNARNESRRD: , KESENRESBAES RN TT
v IRBEN BRI | 8158 mERESHMBENITEES USRI

GraphGPT: Graph Instruction Tuning for Large Language Models — SIGIR2024



3. GraphGPT

3. GraphGPT#=#!

Graph Tokens Language Tokens I ol I

' m Central Node - [cls] I Human Instruct g N I
Tuned m [Instruct] | Given a sequence of graph tokens <Graph>... Here is a list |
1-hop Neighbor . :

of node text: <NodeTexts> Please reorder the list of

— | |
Frozen N - _ [NedereLtll | texts according to the order of graph tokens. :
2-hop Neighbor

' Alignment . :
Projector | Aclinical
Lo U [Graph] BT @ comertontine
. ) . }% | confirms... |
b 9 Text-Grounded i |

In security

; | !
——i ructura ncoaer N + sensitive apps, it .
(-, Structural Encod Graph Tokens | s > (LT P ops.
] » . | o ,' is essential that... |
‘ m [ et ] : S I
. /\
/ l Text A ° \\ We show a tight .

Input Graphs from

[ : . ' ] 1

! text Multiple Domains - [eos] | Attributes i m’ i \omageonthe. |

-l e e e e e e e I N

! Attributes % g I Instruct Tunin O\ l

Cardiovascular > Pmeed | LLSA Res onse_‘ OE L M |

prapln i . amazon Large Language ! Viecuna | (""" TTTT oo oo -----——== b ===
primany:- arXiv Models (LLMs) I 1 Based on the information, we obtain the matching as

oo W | : follows: Graph token 1 corresponds to... Graph token 1 |

‘e” Uama 2 corresponds to... Graph token 3 corresponds to... I

Structural Information Encoding | Pones o pitachnibdvseti D e . ;|

j Self-Supervised Instruction Tuning [

GraphGPT: Graph Instruction Tuning for Large Language Models

Human Instruct o M
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.

T ®e?
LLMs © .. ?,.

Graph Tokens A . . :

. classification | link prediction

CoT i iuiaai el !
Prompts

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...

e e e e e e e o e e e e e e e =

Task-Specific Instruction| Tuning
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\
|
|
|
|
]
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(1) EZE5YRAERIR
AT H graphzsy AR LLM 5, Bal
TEEHMERSE
o NEFEILEH
AMEHBETRIER >
o ETNARIELEH
ENAERHEAERNEEER > BA
EFMKEIK
AT IR ER[E)IRR
graph tokens,
B

<graph_begin> <graph_token 1>, ...,
<graph_token n> <graph_end>

SUERRAE

GraphGPTE B4R/
NS A NS

Input: (a)ChatGPT with Node Content Only Token Length: 615
Abstract: The use of lower precision has emerged as a popular technique ..
Title: TiM-DNN: Ternary in-Memory accelerator for Deep Neural Networks
Question: Which arXiv CS sub-category does this paper belong to? ..
Output:

cs.AR, c¢s.AI, cs.SY, cs.ET, cs.NE.The paper presents a hardware ..
Therefore, the most likely category for this paper is -

(b) ChatGPT with Node Content and 4649

Text-based Graph Structure

Token Length:
Input:
Abstract: The use of lower precision has emerged as a popular technique ..
Title: TiM-DNN: Ternary in-Memory accelerator for Deep Neural Networks
With it as central node (paper 0), a citation graph can be constructed.
The list of neighbors: Paper 1: .., .., Paper 102:

The citation relations: Paper 0 cites Paper 1, .. , .. cites Paper 102.
Question: Which arXiv CS sub-category does this paper belong to? ..
Output:

Based on the title and Abstract,
1. - (HardwarenArcAutecture)

the paper is likely to belong:

©

J

Input: \* (c) GraphGPT Token Length: 750
Given a citation graphi/<graph> where| the 0th node is the target paper,
with the following information:
Abstract: The use of lower precision has emerged as a popular technique ..
Title: TiM-DNN: Ternary in-Memory accelerator for Deep Neural Networks
Questiont” Which arXiv CS sub-category does this paper belong to? ..
outpat:

ased on the title and abstract,
sub-categories that are most likely to be relevant:1.

we can identify the following CS

Vaa'd

o

27
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(1) Bl dmpgisit

Bt , WTFAREEE E‘f‘ﬁﬂﬁﬁGNN“'jl%—ﬁ ,

HFIABTransformer=3XAEKTx , %A
SHiER | F—EFEFIN AT G,

Bl ®.o-® m
G(V.E A X) 0—--:' '

NAREM | Text Attribute [
C 5

H = fg(X), T = f(C), H= norm(H),T = norm(T)

= gV (E)g!P (D7) - exp(r)

L=y ~A(CE(Tyy) + CE(T] y))

Graph Tokens

m Central Node
ATuned v 7—

Frozen (SFggeF|
. .‘ 2-hop Neighbor
|
L__
Text-Grounded
Structural Encoder
|
K Input Graphs from
, . .
/o Text Multiple Domains
r  Attributes
, Y Publ@ed
Cardiovascular
complications are /
the primary... arXiv amazon

s

Structural Information Encoding
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(2) S ERAE AU ET

HEWEWF LLM Ef# graph HIAE
HUIE SR EES RIS SHUA.

= e o o my

{£551: graph |
' matching |
fR#Egraph |
. tokensf9F51 |
SITRENAE
i%ﬁﬂ%ﬁﬁi |
 HTHERR. :

Human Instruct 4 N

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.

Ty

A clinical

. observation that
confirms...

In security
Graph Tokens LLMs ﬁ\ + sensitive apps, it
o // is essential that...
X
Text A ° \\ We show a tight
Attributes ! ﬁ’ 1 lower bound of
: : \Omega on the...
Instruct Tunin o~
& o~
e ——_ LMResponse {{L L M
. . . . 1
Based on the information, we obtain the matching as
follows: Graph token 1 corresponds to... Graph token 1
2 corresponds to... Graph token 3 corresponds to... "

Self-Supervised Instruction Tuning

Human Instruct o N
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.

dercry

Graph Tokens

0, 00:0
" classification : link prediction

al Instract Tuning + Task Distlatiop
Prompts Nnstruc uning + las IStiiatio

LLMs

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...

- o m mm mm E mm mm o Em EE Em Em o O Em Em Em o e o Em mm

Task-Specific Instruction Tuning

o~
LLM Response Q(_L_L_M

\

1

1

I

1

/

, ik LLM 5 Graph #3335, FEQERINER : BN

{F5%1: Node
classification
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(2) N EAES A

F—ME . BEENIESHE

AR T — A RAIEIICEESS |, Blgraph matching |, iZIEEHIFER 2RIEgraph tokensfy
AR R A E RS RH I TERHEF.

N7 LIENEES , ERET : OIRITPromptid~™ES | @ IRITIERES

Promptig7~iE< _*‘B ok - BIERE. AZKEER. #1 GraphGPTHIEIZE

Graph Information: <graph>: Central Node: 68442, Edge index: [[src node...],[dst node...]], Node list: [...]

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 ...

GraphGPT: Graph Instruction Tuning for Large Language Models — SIGIR2024
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(2) S ERAE AU ET

F—ME . B
Gl

m ERHES T
Table 8: Instruction template for the graph matching task.

Graph Matching

Input: Given a sequence of graph tokens <graph> that constitute a subgraph

of a citation graph, where the first token represents the central node of the sub-

h. and the remaining n represent the first an nd order neigh

of the central node. Each graph token contains the title and abstract information
of the paper at this node. Here is a list of paper titles: {1. Paper 1. 2. Paper

2. ... n. Paper n}, please reorder the list of papers according to the order
|

'\ of graph tokens (i.e., complete the matching of graph tokens and papers). l

—————————————————————————————————————————————————————

Output: Based on the given graph tokens and the list of paper titles, we ob-
tain the matching of graph tokens and papers as follows: {Graph token 1
corresponds to Paper Q, Graph token 2 corresponds to Paper P,
Graph token n corresponds to Paper R}.
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(2) N EAES A

F—ME - BESNESHIAE

N TEMEREES , ERET . QRiTPromptig~igS ; @ &Kit
EATRES

HVATRES | AT ESSEMUUHIRERNER | 2H T —MEEUXISTR
%, E)IG0IFESF , B LLM 898200 graph encoder 982§ , (XX
KEFABISTREIRY Projector BISEL,

ZEZ| graph matching BUISEELWNER , XIS 8 AREA
BRI A E R TMEREEIRLIEESFSEIAY projector AYZ{LEE

0Alignment
P Projector

Language Tokens

R -
ﬁj [Instruct]
[NodeText]

[Graph]

A

%% [Instruct]
S -

Large Language i' ',j Vicuna
Models (LLMs) L=
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(2) N EFES A BTN

FBMER : I5EESHIESHIE

ARSI MWL LIRE TRNMFEES | LUBEAEBRZI(ESHTFELIRFIEXK |, flgINode
classificationfdLink Prediction{¥5%.

NTLIWFEES | ERET : QiRiTPromptiBRiES ;| @ iRIHERKES

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

Human Question: Given a citation graph: <graph> where the 0th 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, ¢s.LG, ¢s.SP, ¢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 1: [[...src node...],[...dst node...]], Node list 1: [...]
<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 ....
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o HiE&

3INTAGEUEEE : Cora. Pubmed, OGB-arxiv

o HifitREl
GNN#=E

LLM#EHY

: GCN. GraphSAGE, GAT. Rev GNN, DGI, ...;

Baichuan-7B, vicuna-7B-v1.1, and vicuna-7B-v1.5
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Table 1: Performance comparison of various methods on node classification under both supervised and zero-shot settings.

Dataset Arxiv-Arxiv Arxiv-PubMed Arxiv-Cora (Arxiv+PubMed)-Cora | (Arxiv+PubMed)-Arxiv

Model Accuracy Macro-F1 acc Macro-F1 | Accuracy Macro-F1 | Accuracy Macro-F1 | Accuracy  Macro-F1
MLP 0.5179 0.2536 0.3940 0.1885 0.0258 0.0037 0.0220 0.0006 0.2127 0.0145
GraphSAGE 0.5480 0.3290 0.3950 0.1939 0.0328 0.0132 0.0132 0.0029 0.1281 0.0129
GCN 0.5267 0.3202 0.3940 0.1884 0.0214 0.0088 0.0187 0.0032 0.0122 0.0008
GAT 0.5332 0.3118 0.3940 0.1884 0.0167 0.0110 0.0161 0.0057 0.1707 0.0285
RevGNN 0.5474 0.3240 0.4440 0.3046 0.0272 0.0101 0.0217 0.0016 0.1309 0.0126
DGI 0.5059 0.2787 0.3991 0.1905 0.0205 0.0011 0.0205 0.0011 0.5059 0.2787
GKD 0.5570 0.1595 0.3645 0.2561 0.0470 0.0093 0.0406 0.0037 0.2089 0.0179
GLNN 0.6088 0.3757 0.4298 0.3182 0.0267 0.0115 0.0182 0.0092 0.3373 0.1115
NodeFormer 0.5922 0.3328 0.2064 0.1678 0.0152 0.0065 0.0144 0.0053 0.2713 0.0855
DIFFormer 0.5986 0.3355 0.2959 0.2503 0.0161 0.0094 0.0100 0.0007 0.1637 0.0234
baichuan-7B 0.0946 0.0363 0.4642 0.3876 0.0405 0.0469 0.0405 0.0469 0.0946 0.0363
vicuna-7B-v1.1 0.2657 0.1375 0.5251 0.4831 0.1090 0.0970 0.1090 0.0970 0.2657 0.1375

_____ viewna7Bvi5 | 04962 _ 01853 | 06351 05231 | 01489 _ 01213 | 01489 __ 01213 | 04962 __ 01853
GraphGPT-7B-v1.1-cot 0.4913 0.1728 0.6103 0.5982 0.1145 0.1016 0.1250 0.0962 0.4853 0.2102
GraphGPT-7B-v1.5-stage2 0.7511 0.5600 0.6484 0.5634 0.0813 0.0713 0.0934 0.0978 0.6278 0.2538
GraphGPT-7B-v1.5-std 0.6258 0.2622 0.7011  0.6491 0.1256 0.0819 0.1501 0.0936 0.6390 0.2652

_ GraphGPT-7B-v1.5-cot_ _|_ 0.5759 _ _ 0.2276 _ | 0.5213 _ _ 04816 _|_0.1813 __ 0.1272_ | _0.1647 _ _0.1326 _| _0.6476__ _ 0.2854 _
p-val 2267 156e7 10 [ 2.22¢77 15577 | 1.04e77  9.96e7° | 7.62¢7° 1.97¢~ 1.5~ 4.63¢°
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Table 9: Instruction template for node classification and link prediction on different datasets.

Node Classification (Arxiv in the COT manner)

Input: Given a citation graph: <graph> where the 0th node is the target paper, with the following information: Abstract: {abstract of the central node}. Title:
{title of the central node}. Question: Which arXiv CS sub-category does this paper belong to? Give 5 likely arXiv CS sub-categories as a comma-separated

list ordered from most to least likely, in the form "cs.XX". Please think about the categorization in a step by step manner and avoid making false associations.
Then provide your reasoning.

Output: Based on the information, {reasoning process and answers}.

Arxiv in the standard manner)

Input: Given a citation graph: <graph> where the 0th node is the target paper, and other nodes are its one-hop or multi-hop neighbors, with the following
information: Abstract: {abstract of the central node}. Title: {title of the central node}. Question: Which arXiv CS sub-category does this paper
belong to? Give the most likely arXiv CS sub-categories of this paper directly, in the form "cs.XX" with full name of the category.

Output: {the ground-truth answer}.

GraphGPT: Graph Instruction Tuning for Large Language Models — SIGIR2024 36
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Table 2: Performance comparison of various instruction mix-

tures in supervised learning on the Arxiv dataset and the
zero-shot setting on the Cora dataset for node classification.

Dataset Supervision. on Arxiv | Zero Shot on Cora

Model Acc Macro-F1 Acc Macro-F1
MLP 0.5179 0.2536 0.0220 0.0006
GraphSAGE 0.5480 0.3290 0.0132 0.0029
GCN 0.5267 0.3202 0.0187 0.0032
GAT 0.5332 0.3118 0.0161 0.0057
RvGNN 0.5474 0.3240 0.0217 0.0016
DGI 0.5059 0.2787 0.0205 0.0011
GKD 0.5570 0.1595 0.0406 0.0037
GLNN 0.6088 0.3757 0.0182 0.0092
NodeFormer 0.5922 0.3328 0.0144 0.0053
DIFFormer 0.5986 0.3355 0.0100 0.0007
baichuan-7b 0.0946 0.0363 0.0405 0.0469
vicuna-7B-v1.1 0.2657 0.1375 0.1090 0.0970
vicuna-7B-v1.5 0.4962 0.1853 0.1489 0.1213
Arxiv-std + PubMed-std 0.6390 0.2652 0.1501 0.0936
Arxiv-cot + PubMed-cot 0.6476 0.2854 0.1647 0.1326
Arxiv-mix + PubMed-mix 0.6139 0.2772 0.1544 0.1048
Arxiv-std + PubMed-std + Link 0.5931 0.2238 0.1847 0.1579
Arxiv-mix + Pubmed-mix + Link | 0.6874 0.3761 0.1836 0.1494

Table 3: Module ablation study under both supervised and
zero-shot settings to analyze the individual contributions.

Dataset Arxiv-Arxiv Arxiv-PubMed Arxiv-Cora
Variant Acc Mac-F1 Acc Mac-F1 Acc Mac-F1
w/o GS 0.4962 0.1853 0.6351 0.5231 0.1489 0.1213
w/o LR 0.5807 0.2462 0.2523 0.1925 0.0050 0.0016
ours 0.6258 0.2622 0.7011 0.6491 0.1813 0.1272

Note: GS (Graph Structural), LR (LIm Reasoning)

Table 4: Study on the time and space efficiency of our
GraphGPT during both the training and inference stages.

Variants Training Time | Tuned Parameters | GPU Occupy
Stage-1-tune | OOM 6,607,884,288 OOM
Stage-1-freeze | 22:53:33 131,612,672 39517.75
improvement | - 1 x50.21 -
Stage-2-tune | OOM 6,607,884,288 OOM
Stage-2-freeze | 03:44:35 131,612,672 38961.75
improvement | - 1 x50.21 -
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