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After Transformer: 1E=. %,

M

B

1. BERT (Bidirectional Encoder Representations from Transformers) : X2—ffE+
Transformer I IIRESERR, (EEKESEEMISHES rIEREENES

2. GPT-32 (Generative Pre-training Transformer 3) : iIXE—FET Transformer FIEAIES
ERCEE, BRIFEEANIERRED.

3.T5 (Text-To-Text Transfer Transformer) : XE—FET Transformer FIZESFIEE, &
FEZEAESHEMIS IS TR ESIER.

4. XLNet (eXtreme Transformer) : X2—FhET Transformer fFM)IERESHERL, FEHRE
B TSPEE T RFNESR

5. ERNIE: Sun, Y, Chen, Z, Liu, Z, Liu, Q, Chen, E., & Sun, M. (2019). ERNIE: Enhanced
Representation through Knowledge Integration. In Proceedings of the AAAI Conference
on Artificial Intelligence (Vol. 33, pp. 4891-4898). iX&ie3#A 7 ERNIE 58, BE—FhE
F Transformer RFRIIERES1EE, ATl MAREEPEREE MY = Sokidsazeraer.

6. NeZha: Wang, W, Chen, Z., & Sun, Y. (2019). NEZHA: Fast and Accurate Pre-trained
Model for Chinese. arXiv preprint arXiv:1909.00204. X 3ER 7 NeZha 188!, BE—
HET Transformer [T IERESED, EIRTHYERESINETS.

- IESh, EEWERFIPRIFFEIMCETE.

CVFINLPERIE SRR RS 2.

1. ViT (Vision Transformer) :
SREEOINER M TR E \“‘Q

2. DETR (End-to-End Object Detection with Transformers) : XE—FET Transformer Y

BT RIS 2.

3. DALL-E (Deep Aligned Low-Rank Learning for Image Generation)
Transformer NEIRAEMAETRY, Bl LIRIENARIAERAERIE .

4. DeiT (Distilled Transformer for Image Classification)

BE, CEdEEERANRNT EENRT, R 7 Srsh,

BsaEm,

===z

=

F R HI 7

—MET Transformer FIMEHER, ErlLIEAGERERG 1

RERFHIERNE

D XE—FPET Transformer AYHILGE

"R BITE

BB

1, fgn:

. Speech Transformer: JX2—FET Transformer FIEEHEINMER, ElllEENEMES
FEHTIRE, EFEATRIAT A,

. FastSpeech: XE—MET Transformer (NESEMMER, ErLEMAKLAAFIES .

. Transformer-TTS (Transformer-based Text-to-Speech) : XE—fhET Transformer I3iE

SamiEE, BalLEARAAFES.

Transformer ASR (Automatic Speech Recognition) :

R, BN SRS SHitTIRE.

D XE—ET
HE—FET Transformer FREEIR

AN W4

JPEFWIIENA. BRFNEES

Attention Is

All You Need

[1] https://www.zhihu.com/question/510273885
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. WIS SESBIELESENS— .

. TSUIERST TSOARBISAMESR, Si— T FENLPIS/ERRFILERIAE, B sl s
. CLIPRFIFBEIS-ANWRE=MESEAMTS, HMEFEASSHANER, o oo o s o

+ Unified AgentBISRAIESAIESFEARAgentiOIREIRE, FINRA T SR SIAE,

. PSMET promptigRia MEEEIS ERER MBS SIS, W— S TiX—a8,

. DATIEHRERR, FIAEAESHTSESEEEREHRI— L Baanstass,

. SATIEEISE S S, AIBEAESHEERAISIREAER.

This is probably just a start of a new era:)

[1] Exploring the limits of transfer learning with a unified text-to-text transformer. The Journal of Machine Learning Research, 21(1):5485-5551, 2020.

[2] Learning transferable visual models from natural language supervision. In International conference on machine learning, pages 8748-8763. PMLR, 2021.

[3] Towards a unified agent with foundation models. In Workshop on Reincarnating Reinforcement Learning at ICLR 2023, 2023.

[4] Recommendation as language processing (rlp): A unified pretrain, personalized prompt & predict paradigm (p5). In Proceedings of the 16th ACM Conference on
Recommender Systems, pages 299-315, 2022.
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- HRESR= BESLIERZENS—/EL
- @OEFGNNMAE;, @8 FTransformerfifzix; ®GNN+Transformer; @ETFLLM

h =

« GNNEKHILUCREEN S I SRS, FIFBREBETNRGIHE, GNNEKENZIT
RYFE. INSFHEFIGIMEEER. BEREGNNSZ T g, TAEEMEREEZMES
(XAREGEFIENFER) NRBEHIE. sfMERELEIBENGNNIIEXR, XNTFESURFIE
SSHMMA TS EMIR—E R RRZ R,
+ Transformer@Z&=TFEEVE], TLABTKEEHE N RIARTARERtokenFATERNE,
(B2EAMEEMITEEIXR. BEEERNTENNHNEBIMN YTt E T EZEBHRNES
HUHRFNED, *NGEIEIER P R ERINEEIVHIEEEERR, H— ESI8MNTIREISRIMEE.

[1] https://zhuanlan.zhihu.com/p/378492032
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- REE= BESLIELZENS—/EL
« OEFGNNEIAE; @EF Transformerfd5iL; @GNN+Transformer; @ETFLLM

h =

« GNNEBEZIZEMWEE, mTransformerfBI<BAZIESIFIE, SHERUUBRTFRSERX
BHESE . (BENAZENGHEEEAT —S, TransformerfIGNNZ B 7E, =8HI)|%48/ &
B, REZFEEENITETE,; REMENAT 22 IGNNEGERAE N (3 8%E) .
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- HRESR= BESLIERZENS—/EL

« OEFGNNEIAE; @EF Transformerfd5iL; @GNN+Transformer; @EFLLM

« FRBLLMEEHESHIIE AR A8 ALA TS :

+ IRLLMMA: FELLMRISZESENELIERS. BRADES

+ LLM+GNN: 5%, LLMFZEIFFHRENEREETRERER, LIRS TiiFGNNAIMRE. GNN13
SFIENERER, FESHAGNNIRE (TFESE) .

» LLM+Transformer: A [E|transformerigitprompt, EZ¢Pipeline BT 457ANER LI 8L
tokenFRFKEEEW SR, XEESERELHEGNNIIEERENRINZEISWER, RHI T HeER
H—FE1EE. E.g. LFAKDeepGPT, EZYUESHprompt/EARIZISEY B,

« HMLLMRIE: FLLMA@Eidfine-tuning., promptEATEHAGNNAIHE, FIFRLLMZ IR
Y5 RIE N EIRY T ESS.

h =
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« BEFLIMEFZAIGNE SRS, HEW L, BAESIFARERNONENC—, BKEE

S7ER, RIEAXRIBREREXF—1IR: LLMESHALEXGNNIEAENSRFSR
BfibEE?

h =

Given that LLMs have been dominant in many Al domains. we aim to answer the question: Can
LLMs also replace GNNs as the foundation model in graph machine learning? Intuitively, as
one of the most expressive medium, natural language is adept at describing complex structures such

« ATHRRETLIMBEZISZFEFEENERRHREETERAESNEZIRER, AGRET
InstructGLM (Instruction-finetuned Graph Language Model) ,
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Proposed Model

1-hop prompt with meta node feature

"—taugarrn the central node: [<node_4>, ‘toward cloud computing evelution’)
is connected with (<node_76>, [title_76]), (<node_21>, [title_21]}, ... within
one hop. \n

\ ‘Which category should <node_4> ba classified as?

distributed computing J

3-hop prompt with intermediate paths

Categorize the central node: <node_17> is connected with <node_909>,
<node_1682>, ... within three hops through (<node_32>, and <node_561>),
(<node_16980> and <node_983), ..., respectively. \n

software engineering }
Which category should <node_17> be classified as?

computer vision

Node Classification

structure-free prompt
Categorize the central node: <node_169341> is featured with its
title: ‘unsupervised attention guided image to image transiation’
and abstract: ‘Current unsupervised image-to-image translation
technigues struggle to focus thelr attention on Individual objects
without altering the background. ...". \n
Which category should <node_169341> be classified as?

Multk-task Multi-prompt Instruction Tuning _ __

.lmir Prediction

2-hop prompt with meta node feature & intermediate nodes
Perform link prediction for the central node: (<node_0=, ‘difference
target propogation’) is connected with (<nade_511>, [title 511]),
(<nade_B=, [title_6]), ... within two hops through (<node_49= [title_49]),
(<nade_12=, [title_12]), ..., respectively. \n
Which other node will be linked to <node_0> within two hops through
<nede_2001>?

<node_1006>

1-hop prompt without meta node feature

Perform link prediction for the central node: <node_2867> is connected
with <nade_48605>, <node_b09>, <node_B56>, <nade_1998>, ... within
one hop. \n

Will =znade_174> be connected with <node_2867> within ane hop?

Figure 1: Illustration of the InstructGLM Framework. We fine-tune InstructGLM under a Multi-task
Multi-prompt instruction tuning framework, enabling it to solve various graph machine learning tasks

with the structure information purely described by natural language.

ERNISEPRPRIS
1 B o B R T E

e,

X Z|GNNHEMEREEEENG
&, RiIT7T—RINATERHE
prompt, FAF7ELLM Li#iTiES
TR
Specifically, FEMEROT = H
1TMEREEE, FAIRIEprompts
Fritb s B PAE S R iR E RS,
MTEMTE LT [ LLMiZ HE S,
FE X BE S E Y pipeline,

, EEE
ﬁim LW

-
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Proposed Model 1. Preliminary

- Lk, BIETAE =V, AEANvev {Elece) , EPVETRE, ERINE, ARME
%EBE: Nv ZEE%/I-\I_\_T\LF%{[EI 56 ZEEmEf%{“-.Eo
© TRFEROFAEATLAZ SN, SRS, fldl, T R4FIERTLARES |3 8EE 3 M4 HY

NAER. BYETHARER. ERFRFTHAFEEXYH, EEEFMNETIIIBIEERES,

MIZFHE LR EF R ST AP -Ym X EERTRE.

11
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Proposed Model 2. iE<PrompthYigit

« NTEEFEXENSEEER, RIECIENESpromptZXREREN S, RINREFEWRIT T —E
LAFrb B R AR ORE IR prompt, IXESERATLRIELA T =ANa@RX 5

S RBF=HN

—ik
1. prompt e OT RRISEEERHIR KBRS D ? {

as
2. promptEEE AT AU EISE? {

A
3. MFROBREEKA (2 2) BRIERIprompt, promptREBESHRHIETS MaliGiE

a8
A

[1] EmIBIAR5EaREA, FIA&S 3 BLERELIRGH B, MEd 3 NERREN AR, EEFESHAERMm.

IR IR AR BRRATIS 2 {



Natural Language is All a Graph Needs

Proposed Model 2. fELPrompthgigit

- BfiIinstruct promptZFRRAT(), 17 Z =T (v. A, {Notvev, {Ectecr) RLLMAYRMAGF, V2
1Zprompti LT RN ERNAABRESHIANELSM., flal, BaxE2udEFMRERAE
iR ERE R IUE
REEREL e T (v, A) = {v} is connected with {|v2]y,c.ay } within two hops.

- MEFHRFMANEAN BT RIFE. WEHAEENAYARRREEZR:

T(Ua -’4: {Nv}vEV:‘ {ge}eEE) — {(’U,NU)} is connected with {[(UQ?NUQ)]’UQEAE}
within two hops through {[(v1, Ny, )]s, c4v } and featured
paths {[(Ew v1)s E(wy02)) vy cav , vyeam1 |- TESPECtively.
- Hep AVRFBRVEIKBEBETRSIER. ARLE, FENpromptEEEET mlFHERRTE 25k
/ N - > \ E V.U £ vy LU
BefE, BILIBRVARON (o, AL) TS (0, N, ) S (0g, N,
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2. I5SPromptiYigi

Proposed Model RS Promptasiit
Prompt ID: 1-2-3-2 ﬁﬁgimmu
Input template: o prompt ID%41§Z§&$§E%E§]
({{central node}},{{text feature}}) is connected with {{3-hops neighbor list
attached text feature within three hops throu corresponding 2-hops ==K, — — e —— k) N
i:xterlllllegi::-itetpithtlisi}att:ilhed t‘?ext fheelljtul?:}} ,glge:;ectivefy. dWhich? ilaé)egory should * %1 1&;&?%7.]?1}%?% | ] 1 %E/_F'Ij /\\\ﬁj\¥ [} Ziem%ﬁﬂgﬁjvﬂu
({{central node}},{{text feature}}) be classified as? _ " - _
. BN R TR AT SRS TR, 1%
Prompt ID: 1-0-0-0 TAER, 2F£~E(FEA.,
Input template: s sl — s N

o « BB FRTERRIGEES AN MNAYSARBUR. 1/2/3%
{{central node}} is featu?:efi with?its {{text feature}}. Which category should . N
{{central node}} be classified as? /_-R@Jé'l/2/35:;'5%\'3%5/\]2:51;@{5,%\0
Target template: {{category}} SN —— DA Ay — L ,
S - BMUIHFRTESEREENMERTHHEITRER(ENEBER).

rompt ID: 2-1-2-
Input template: §D$§&$ZEE1|%§£I mu%m%)ﬂ*lﬂ-ﬁlﬁ ! yn%é&?%%é&l

{{central node}} is connected with {{2-hops neighbor list}} within two hops — Yy o o
P e ’ NFRRAEERET R,

through {{corresponding 1-hop intermediate node list}}, respectively. Which other
node will be connected to {{central node}} within two hops through {{specified

. HBI, SRS RESFIRIE T — A TELprompt,
Target template: {{node_id}} #;{%Hgﬁ%%'] _O_O_O y
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Proposed Model

h ==

3. Pipelinefthigit 3.1HERAT RS XAESHIB

- Lk, BB §= V. AE {No}ev, {E}eer) FHFERINstruction prompt I=T() , xfly2

LLMBVE AFNB e, BBAEAIRpipelinen] LAFR<9:
Py (y; | x,¥<;) =LLMg (x,y~j), x = Concatenate(P;Z; Q)

Iy

Log=— Z log Py (F,j | X, Y{j)

j=1

« Hep Lo FRNLURE, I=T A {Nohev,{Etecr) BUTRVARORIBZEEA, PFIQE

task-specifictg<RIprefixfquery,

« Specifically, MFHTRHPE, FIRTPTROEPFAIQUT

P = B0 AN FER: [< FraES >). HET S MH 2oL R

Q = [W}FIi%ETH K2

node classification, we design P and Q for node classification as follows: P = ‘Classify the central
node into following categories: [<All category>]. Pay attention to the multi-hop link relationships
between the nodes.” and Q = “Which category should {v} be classified as?’. More details of the

15
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Proposed Model 3. Pipelinefiigit 3.1EMT S XIS SHIE

Flan-T5/ LLaMA - B, EREpromptiEAS T RNZSHE

_ EZFRE, B4R AESEIEENE
BIRBESELAMHES. R, E<SLLME
HK—ES EERRIPipelineh £ EFHEZF
SHESSRYMEN,

|
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 b j\] /l\ ’ T ﬁJ § I /\?Fﬁ to ke N ;E j:}-‘_ E L L M
Abstract_1: We envision a service provider facing a continuous stream of problems with the same domain...

1-hop neighbor info: [ 2,4,5,7,8] 2-hop neighbor info: [(1,4,9),(1,4,6),(1,5,7),(1,7,5)]

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

HURILE.

Figure 2: Illustration of InstructGLM. We use graph prompts to describe each node’s multi-hop

connectivity and meta features in a scalable mini-batch manner, conveying graph structure concisely X }Eﬁ LLME’J% J 1{75’_] .ﬁ "1':'1',“\51:1
and intuitively by pure natural language for learning. Subsequently, we instruct LLM to generate 4 <tz I

responses for various graph learning tasks in a unified language modeling pipeline. We also expand }]:‘Fxé;';%mg ﬂ-'Er_’l 'LxEj]
LLM'’s vocabulary by creating a new and unique token for every node. More specifically, we set %ln EtO ken ,jtﬁ'tO kenE’JH)\)\

the graph’s inherent node feature vectors (e.g. BoW, OGB) as the embedding for these new tokens
(depicted as red vectors in the figure) and employ LLM’s pre-trained embedding (depicted as blue

vectors in the figure) for natural language tokens. 16
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Proposed Model  ; o i cmizit 3 1mmsms s mm

* InstructGLM V.S. GNNs: #l§IBHEME, FLagEHhE=RE, "—HETE”

- IRBEFH: InstructGLME) | GEREFLIFEEEFSHKBEAFILE, BEEBFRERKERH
promptERIBSHE—#2, 5Jumping KnowledgelgREARISHENERESHE—IE, FIMixHop
EARBIRENA B _E TSI AL

- PEFREMEEN: BTLLMAMSNKERS, InstructGLM5GraphSAGEZ(, EEE prompthd
XJ O T RF T8 E R LA B mini-batchi)ll %, BRUFHLESEFENEENMEA, U
DropEdge,

- BEiEE: BT InstructGLMAYSIAREZRRRERMIA, ELaTLARMAGATRERIM IR EHH
{B#H T Instruct GLMBREEARSBEXPOT RINARIEZE M.

« FEABEDIZAL: InstructGLMA, BIERENERIATERIAGED LEBETKEGNN, TLURAERN
El{ESSHJinductive bias, MIZEXLLMAYZERIEFRAEH TH TR
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h =

Proposed Model

3. Pipelineffhigit 3.25HAAY B IS S HE R TR
« SIANTIHENMERTUES, AR EIEERENESEERIER, RKETEFNTRENMIT REE D

Kp9tee. FEMNNER, BATIERInstructGLMAYES prompt REEEAFEIIZT R RES
FREZIFRIPOTRARS, 5INBSSHEEFRUEARHENES.

« ETE(ERhop level, NFEFHBNTR, EITTLAENIEEZhop levelIBETIAFBEIEARIRIE
H. ARIREH TR EIprompt:

Discriminative prompt: #3401 RFRIET R ZERNZHR KA R BT EERZ
Generative prompt: 4SRN EREAERIERIIE

[1] How to find your friendly neighborhood: Graph attention design with self-supervision. arXiv preprint arXiv:2204.04879, 2022.
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Proposed Model ;. i comigit 3. 28N A SRS
- XLk, BB G = (V. AE {No}vev. {&}ecr) FRFERIINStruction prompt I1=T(-) , xfy=2
LLMBYs ANFO B RS, BBAFI8pipelinerTLAZRZ/9:
Py (y; | x,¥<;) =LLMg (x,y~j), x = Concatenate(P;Z; Q)

Iy

Lo = —Zlugpg (Fj | Xe)’{j)

j=1

- Hrih Lo FRRNLUREK, Z=T(, A {Notvev, {&tecr) BUTRVATORNELSEEA, PAIQRE
task-specifictg<RIprefixfquery,

« Specifically, XJFHEEEFN, FhiTHEEFuNEPAIQIIT

19
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Proposed Model ;. i caigit 3. 24BNk E M B HERRT

« Specifically, XJFHEEEFN, FhiTHEEFTNEPAIQUIT

P =" XA AT RERE TN . R R A 2R EER G R
ny:-ru:-rcaii-:;ff =" {h} hﬂp’j{l ﬂ}jﬁ-”f[\'jﬁ“”f{% %ij-% §|J {U} ? f
Qdim:r'imi'rmf-i'uf: = {ﬁ} % E {h} hop W %‘ﬁ:ﬁ;%” {U} Dg;‘ ? !
Heh v 2h0OTR, U 2B80R, h 2iEcikd,
task-specific prefix and two different query templates for it. Specifically, we design P and Q for
link prediction as follows: P = ‘Perform link prediction for the central node. Pay attention to the
multi-hop link relationships between the nodes.”, Q epnerative = “Which other node will be connected

to {v} within {h} hop?’ and Qy;scriminative = Will {v} be connected to {v} within {h} hop?’,
where v is the central node, v is the candidate node and / is the specified hop level.

. ZEt, B1EInstructGLMY Bk SHUAIEZE

20
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I8

« SCIMESS: TROE. T

- #UESE: ogbn-arxiv (OGB open benchmark: 54%/18%/28%) . Cora (60%/20%/20%) .
PubMed (60%/20%/20%) , EFE8NMTRRFREFELTRANFEANICY, HindiEEESERE
NAEIFR, AENRARICZEFES A, IBAXNNARIN T RZEMEE—54,

« REBUBSRENBAT RIFERAN, BERIITHRAUEEERtokensk BLLMAYHEIC E.

Table 1: Dataset Statistics

Dataset #Node #Edge #Class Default Feature #Features

ogbn-arxiv 169,343 1,166,243 40 Skip-gram / GIANT 128 /768
Cora 2,708 5,429 7 Bag of Words 1433
PubMed 19,717 44,338 3 TF-IDF 500

*  SIFRBSEIRKAZprompUsSHIEIESR, FiGtest accuracy(FAR(IRYIERR.

21
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SEI8

- LWERKXBITHAISOTA, E=THEELBEL THEE—REEZFIE (GNNs &

h ==

Transformers) , XFRIAXNESHRENENEZINEMRELZE RGO HAEE,

Table 2: Results on ogbn-arxiv

GNNs <

N~

Transformers{

Method OGB GIANT
MLP 55.50+£0.23 73.06+0.11
GAMLP (Zhang et al. [78]) 56.53+0.16 73.35+0.08
GraphSAGE  (Hamilton et al. [13]) 71.19+£0.21 7435+0.14
GCN (Kipf and Welling [11]) 71.74+0.29 73.29+0.01
DeeperGCN  (Lietal. [79]) 71.92+0.16 -
ALT-OPT (Han et al. [80]) 72.76 £0.00 -
GTAN (Wu and Wang [81]) 7297 £0.17 -
UniMP (Shi et al. [82]) 73.11+£0.20 -
LEGNN (Yu et al. [83]) 73.37 £0.07 -
GAT (Velickovié et al. [12])  73.66+0.11 74.15+£0.05
AGDN (Sun et al. [84]) 73.715+£021 76.02+0.16
RvGAT (Lietal. [74]) I-M-w&l 75.90 £ 0.19
DRGAT (Zhang et al. [83]) 74.16 £ 0.07| 76.11+0.09
NodeFormer (Wu et al. [86]) 5990+ 042 -
CoarFormer (Kuang et al. [87]) 71.66 +0.24 -
SGFormer (Wu et al. [88]) 72.63 £0.13 -
Graphormer (Ying et al. [23]) 72.81 +0.23 -
E2EG (Dinh et al. [89]) |73.62 +0.14 I -
InstructGLM-Flan-T5-base (ours) 73.51+£0.16 7445+0.11
InstructGLM-Flan-T5-large (ours) 74.67+0.08 74.80+0.18
InstructGLM-Llama-v1-7b (ours) 75.70 £ 0.12| 76.42 +0.09

« R2HPRYSLIGLERIKAF, InstructGLM
HEBEM TR ERETFGNNFIET
TransformerfY R4S E.

« {EAOGBfHIERY, FEAiIAYInstructGLM
FEERIEGNNZIEIRE T 1.54%, LUEiE
Transformer5,&85 7 2.08%,

« {EAGIANTHFHERT B3RS THTEYSOTA

1%ERE.
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TransformerfSRIET %,
fECoraBiEs L& EGNNGIERS
71.02%, tbEg{ETransformerm &g
=572.08%;

EPubMed#ESE FEVERIEGNN 737%
RBE73.18%, tb&g{ETransformerr

=iEm 1 4.87%,

A= =
Transformers) , XFRIAKIESEEFAEFINEMEREE NG ARESE,
Table 3: Results on Cora and PubMed
Cora Acc PubMed Acc
~— MixHop (Abu-El-Haija et al. [35]) 75.65+1.31 GAT (Velickovic et al. [12]) 83.28 £0.12
GAT (Veli¢kovié et al. [12]) 76.70£ 042 SGC-v2 (Wuetal [91]) 85.36 £ 0.52
Geom-GCN  (Pei et al. [92]) 85.27+1.48 GraphSAGE (Hamilton et al. [13]) 836.85 £0.11
SGC-v2  (Wuetal. [91]) 8548 £1.48 BernNet (Heetal. [93]) 88.48 £ 0.41
GraphSAGE (Hamilton et al. [13]) 86.58 £0.26 RevGAT (Lietal. [74]) 88.50 £ 0.05
G N N GCN (Kipf and Welling [11]) 87.78+£0.96 GCN (Kipf and Welling [11]) 88.90 + 0.32
S < BernNet  (He et al. [93]) 88.52+£0.95 GCNII (Chen et al. [94]) 89.80 £ 0.30
FAGCN (Boetal. [95]) 88.85+1.36 FAGCN (Bo et al. [95]) 89.98 £ 0.54
GCNII (Chen et al. [94]) 88.93+1.37 MixHop (Abu-El- Hdijd et al. [35]) 90.04 £ 1.41
RevGAT (Lietal. [74]) 89.11 £0.00 Geom-GCN (Peietal. [92]) 90.05 +£0.14
ACM-Snowball-3 (Luan et al. [96]) 89.59+1.58 ACM-GCN+ (Luan et al. [96]) 90.96 + 0.62
. ACM-GCN+ (Luan et al. [96]) m ACM-Snowball-3 (Luan et al. [96])
T f Graphormer  (Ying et al. [23]) 80.41 £0.30 GT (Dwivedi and Bresson [33]) 88.75x0.16
ranstormers { GT (Dwivedi and Bresson [33]) 86.42 +0.82  Graphormer (Ying et al. [23]) 88.24 + 1.50
CoarFormer (Kuang et al. [87]) 88.69 £ 0.82| CoarFormer (Kuang et al. [87]) 89.75 £ 0.31
InstructGLM-Llama-v1-7b (ours) 87.08+0.32 InstructGLM-Llama-v1-7b (ours) 93.84 +0.25
InstructGLM-Flan-T5-base (ours) [90.77 £ 0.52| InstructGLM-Flan-T5-base (ours) 94.45+0.12
InstructGLM-Flan-T5-large (ours) 88.93+1.06 InstructGLM-Flan-T5-large (ours) |94.62 + 0.1
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Table 4: Ablation Study Results

Hop Info Link Prediction ogbn-arxiv Cora PubMed
Llama-vl-7b  Flan-T5-base Flan-T5-base

Multi-hop w/ 75.70% 90.77 % 94.45 %

Multi-hop w/o 75.37% 87.27% 94.35%

1-hop w/o 75.25% 86.90% 94.30%

Structure-Free-Tuning w/o 74.97% 75.65% 94.22%

Hop Info: Structure-Free-TuningZ®R/<4~
ZEERIEN, RERRIET AR
RXRBEHRITHAE, 1-hopFIMulti-hop sy
BIFRTREAERANpromptEEBIEREA
BEeBEFNZHEBEAYEE.

SLIREERRIE, 82 ERMEETTE

SEBREIRBREMET R RIS HRIMERE.
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Table 5: Results on PubMed with 60 training nodes

GNNs <

N~

Transformers {

Method Acc
GraphSAGE (Hamilton et al. [13]) 76.8 0.9
GAT (Velickovié et al. [12]) 79.0+1.4
Snowball (Luan et al. [97]) 792+£0.3
GCN (Kipf and Welling [11]) 804 +04
SuperGAT  (Kim and Oh [75]) 81.7+0.5
ALT-OPT (Han et al. [80]) 82.5+1.7
GRAND (Feng et al. [98]) 82.7+0.6
SAIL (Yu et al. [99])
ANS-GT (Zhang et al. [100]) 79.6 1.0
NodeFormer (Wu et al. [86]) 799+ 1.0
SGFormer  (Wu et al. [88])
InstructGLM-Llama-v1-7b (ours) 85.1 0.6
InstructGLM-Flan-T5-base (ours) 88.2 +0.3
InstructGLM-Flan-T5-large (ours)

+ RSPFHILINEERFRA, InstructGLMAY
LFFrBGNNDE, B THREGNNE
e 1 5.8%, ENEEE T &RFHNET
Transformerf9t&E#EY9.3%, FIHECIN 7T
RISOTA,
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« FERFANES—NMEHARERBRESHITRSERT, AXILLMETESHERFREHE
KERERY. BiR T IRIHSERNERMER OGS AEBES EHltokenizerfVEXK, Bk, FHIAEM
ERFIRETNMEERANEAESHIBEO, R NSESTISASERERIESTT R
M, FFEAGITIHAYHRREE,

« ZGNNPEMEREENHNGER, HERESEERNMIENESEFZINGIT T —RFIEFRN. SE
Al RAYIESprompt, ZELLTGNNAITR, B T GNNAJERRS,

o« AT TN FAE SR EIFIEREEWNEEY, AFRKETLLIMRZSESEZIIRME

7valuab|e INsig h'tSo Given that LLMs have been dominant in many Al domains, we aim to answer the question: Can
LLMs also replace GNNs as the foundation model in graph machine learning? Intuitively, as
one of the most expressive medium, natural language is adept at describing complex structures such

o Y= IZERNEIEERIT T IZRISEE, SR T top-rankedtge, @1 T FIFALLMAE
GNN{EBBENRBFZINEMRBASEEE, 26
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