adE-2R YEED AW 22 24 EF FQelN TEZEY m3} 24
254, A9, ol AT

=
N

*jaekoo@kookmin.ac.kr

El

Analyzing the Effect of Prompt on Graph—Text Multimodal Based
Molecule Graph Classification Task

Wooseong Cho, Minsung Kim, Jaekoo Lee”
College of Computer Science, Kookmin University

ok
2F

A A Qo] Bul 0 A7 x4 mue] BAe Aedo] Ael 3] B oheh A7 QA A% SHUE A5E
welFa gvh. A4 858 (Pretrained) A o] B9 AAE w4 24 (Finetuning)371% 844w, Ar) ¢lo] male
5191 34 (Downstream Task)©.29] vla] 24o] 44 @k, o7l FAE FH5p) Ash Ar) ¢lo] male YA A

Feoll 29l ZFZE (Prompt) TS 5171 A7 21w aL ik

232 &7 (Graph Classification) #ell At Qo] ey} > ,

B2 22 dlolE FHEtelA ZTFZE gl whE g Wkl A 71E Rl vuE 8 Ad dof =d Y
ZEIES Oz Hgsh= Al v 7hed S AT

olget W e EFoR, B =X E
=

[k
ol
[H
ful
il
>,
oo
p‘L
rlr
t
i)
tlo
>
o
o
°
e

I. A8

H A o] Bd 2 AR mdle] e 24l
A Ze Wk ol ARl BR/, Az
9 Al 1A FPoAME =2 AHes 4T 5 A
AFAH 1], of7)oll= CLIP[2]0] & H3S FAUT}.

CLIP & #}7] A= &5 (Self-Supervised Learning)

o mgeor & dve @Asald. s 2z 3
o 3}st Bof A4 YEL A (Social Network), ¢1-&
HES A, AE AHE 5 st FofilA S8Ed

A A7F vk AEelti 4], wEiA B = 2

o] 3 Bl thx g% (Contrastive Learning) 7]4+H2]
Edo|t}t, dwrAl tix k53 g CLIP & JERY
(MultimodaDZ AFd 3} o] sjFats EALS FAHF
ol # (Positive Pair)o.&, A= tE Al FAde
B4 %4 (Negative Pair)o2 A3t} ol AL}
wAEE 77t AP Q1=EY (Encoder), A Q1EHE
F3 dWd (Embedding) ®v. tix g WAooz A}
A gF (Pretrain)s &S o]F 48 Az dud o
] ozl Zd 2 (Class) AL (HDE T AE #holl
ek dude A, g2 AL HWA st AR ERF
Aol et vlH 24 (Finetuning) & Z83tt}. o] 9}
e WHo=w CLIP 2 34 %2 5t (Few-Shot) <
S Ass 2A-4deH, vA 24 §lo] dste AR A
(Zero-Shot) <& A% =gk =krh dH CoOpl3]
Fal TAE Yol ZFZE (Prompt)E F7bste] 24l

_________________

Prompts + [Class]

( ; t t " 1 As an input
i
| | l 3‘? Text

| Encoder
H ’ Class 1 | Class 2 | . ’ Class € ‘

Backpropagation |
4

Learnable param.

Ground Truth

\
1
i
i
i
1
i
i
i
i
i
1
i

’
K
1

i

| 3}5 Frozen param.
1

1
PO
1

i =
\

________________

Text Embeddings w.rt. [Class]

i ] )
]

/7

A Graph 7

\O‘QIN\ Encoder
0

Backpropagation to Maximize
Input Graph (G;)

Cosine Similarity with Ground Truth
I8 1. A 2E 7=

=

2
CoOp # #o] B2 2= A& 98 Abd 59 2
gz Qlatel #A JdIHE o] &ste] e & =
FEERES SgA7)E BES AlRbgt $-2l= OGBS
of Al 7HA HlolE il ZEIZE o] uhE de
& Hlaske] e pglel] Ad) o] mely} ZIEIE
=9le] mdE wolal, 7heAdE AAEAH

o. #d 4+

2 =FdAe MoMul6lalA AR shgd = <l
et £AF JAFZEE AT MoMu = Lz B
(GIN[7D3} o] RE(SciBERTI8]DS CLIP 3} 7o) &
A g zel Bxlo] gEE AYs o]&3le] HAEnd=R
AP gk mdolt), S =i AMd ghd 1
Pz mAvhs vA Z27g3te] ske HPES s o}

T B mRe g smo A CoOp o9t 2ol a9 3

AL gl AbA g5E 2E Azl FAF JFUE

AAATNIL TEIEGS SHAT]E 2D A
m A3

Hom=RellA ARk REle [1%] 119 2Tk MoMu °l
M Ak ShgE 22 915t (Graph Encoder)$t w4
A3 (Text Encoder)v IAAIZIA 48 Zeh2 &2t

4 ([Class]) ol F713k N7le) Zge ({gp)_ )w
& SHAAY 28 98 2= (GOt Yol
e st A Fes A col disted (s)) & =%
E

7} b BAGel W dugol sk ol



¥ 1. dojg A ¥ [Class|E A3 48 &3

golg A

a8 B4 Class 1

Class 2

Permeable to blood- [Non-permeable to

BBBP [5] brain barrier blood-brain barrier
HIV [5] Active to HIV Inactive to HIV
BACE [5] Inhibits human beta—- [Does not inhibit human

secretase 1 beta-secreatase

exp(cos(s,, zt) /1)
G exp(cos(sj, z5) /7)

ol 7= MoMu oA 8t5d &% (Temperature) WS
ol cos(-,) 2 FAF A= (Cosine Similarity)e]t.
2de 4G (Ground Truth)oll thdt &Eo] 714 FolX]
L5 wzk A== (Cross-Entropy) &4 45 S35l
skl [ 1A E odE azed gis F dA
S A el Es AR mhebA zl 9} s, 9
FTAFETE 71 ol 28 ZEZEVL st&drt

391 29 dlelE "> OGBI5]¢] BACE, BBBP, L
gar HIV o] & Al 7 22 o]d e 57 dloly
AeS A3tk BACE © 54 84 849 A o
-, BBBP & ¥y &3 5, HIV & dlo]= ulo]
2l HIV)el o3k 53 o5&
I g Y2 ARE 3 doj2 xdET 5 glo] 7 o
ole] el gt [Class]&=
A=

APA EsE g lFEe; F4F lFEYe| TEEXE
g EYdE deo #F A5 (Aera Under Curve,
AUC, %) [% 2]d Y&t N=02 ZEZEE A
3] ARESHA] ks W, S AE A S grlsid 7]
# 24 (Baseline)2 MoMu oA Z#HZ <1z vhs 7]
Al A5t 54 455 v s

gAAgez ZFZE JGrt TUHE et dsol =
o= AE & 4 ) ol CoOp =RAAE X
SE AR, g5 Jhee wisfHg AT wolbx ] W
ot AT I E V|E RARTE 5ol WHes
2 unk BEE viESs A Aolrt dARE AR
kol ARESE dlolE HEgeA WS grolE 4 QT
CoOp oA AF&3F CLIP 2 SIEdldl A 33 AR 1
S AHA HdY FES HolHE Agsto AR
St [Class] @o7} 4oz AZAE & 75
[2]. A RF MoMu ol A= &4+ sild 2417}
TS dHolHR Ahgete] Lejzel Ak 79

(D

p(y =clG) =

2 9
p

N O
=)
TOH ot
e S

[o
5

¥ ftlo 2 ol ox
i,
o]

| ¢kaltb[6]. =& CLIP S 49 7H[2]9 dHolg #
53181949 MoMu += 15,613 /[61°] Hlol8 %<
Aakdrh, wkA AP S ez QAE TS 5y
AAE "o Adeol ¥ £ o= BT
X2 43 A%
A8 %] pppp (51| HIVIS] |BACE [5]
2d
71 2d[6] 70.5 75.9 76.7
N=0 47.6 46.9 66.6
N=4 59.3 66.3 64.0
N=8 58.9 68.4 64.2
N=16 60.5 72.0 65.2

S BACE & Al9stal ZHZEVE gl dug ol

21t = glrh. BACE 1A
FILE 9o Aso] "olA= AL HolH e
7% (Imbalance) W&}l 22 Wl 8ol AR

¢

A=)
=
g =4 g9l wAk QERI = Fs Biye] A
& AS A7 A Zozed g el Fojen

[9]. BACE & 9 do|g 3ol [Class 1]o] <F
40:60 o2 Wi, AF 2 H2E dHoly Hele
[Class 217} ¢F 14:84 & @t} wleba] &5 A [Class 2]
of tist &EEo] Auder sy, de HE 4
dlole ol Agso] ol A H Aotk AA=RZ
stE Foll E4 dloly Aol digt de e SUtskAI R

s deol” Aol g Hee #Histe dde #4F
kit

Iv. 28

2 EEdAE 2L 25 A Ad Ao md

319 th BACE A=

_?_
Hsel o we 59 W
1

O offt b ([
)

ACKNOWLEDGMENT
= 2022 A% AR BEAH)] Ao A
A7k ALE Pop FPH AFY (NoRS-
022-00167194, 714 =eE]d A2glE 93 AF] 7 9
A%)

S ok

ok
—[‘

[e)
ATE 2022 A F|EHRBANY 2 HREA7EH M
SW AU A9 AT272 F3d5%S (2022-0-00964)

FaEd

Ay

[1] Zhang, J., et al. (2023). Vision-language models for
vision tasks: A survey. arXiv preprint arXiv:2304.00685.

[2] Radford, A., et al. (2021, July). Learning transferable
visual models from natural language supervision. In
International conference on machine learning (pp. 8748~
8763). PMLR.

[3] Zhou, K., et al. (2022). Learning to prompt for vision-
language models. International Journal of Computer
Vision, 130(9), 2337-2348.

[4] Jin, B., et al. (2023). Large Language Models on Graphs:
A Comprehensive Survey. arXiv preprint
arXiv:2312.02783.

[5] Hu, W., et al. (2020). Open graph benchmark: Datasets
for machine learning on graphs. Advances in neural
information processing systems, 33, 22118-22133.

[6] Su, B., et al. (2022). A molecular multimodal foundation
model associating molecule graphs with natural language.
arXiv preprint arXiv:2209.05481.

[7] Xu, K., et al. (2018). How powerful are graph neural
networks?. arXiv preprint arXiv:1810.00826.

[8] Beltagy, L., et al. (2019). SciBERT" A pretrained
language model for scientific text. arXiv preprint
arXiv:1903.10676.

[9] Lin, T. Y., et al. (2017). Focal loss for dense object
detection. In Proceedings of the IEEE international
conference on computer vision (pp. 2980-2988).



