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B Introduction

How to represent molecular structure?

/

< 3 Ways of Representing Molecular Structure

3D Coordinates : 22| ZO|L} Zt= S9O| 3Xt3 HEf7F 58
2D Connectivity Graph : ®XIE node, 282 edge £ BT}
«  Character Sequence : =Xt 27| #+&(SMILES)O| 2} L2 E EAIEE HH
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B Introduction

How to represent molecular structure?

/

< 2D Connectivity Graph
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Complex Molecule 2D Grid Convolution
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B Introduction

How to represent molecular structure?

% Character Sequence
»  Transformer A/ €2| 20| REZ Sl A2 R4 HEE F=
- RXZHZO7} 71 ZXt0f| CHol A E ZASH | 2=
v’ Layer 7i==0f| &2+ §10]| Self-Attention A4t = SHAHO| 2= @I} 7H #AHE LA} Tts
- =AMEO| LIEHL = 2Ate| 7t X 5 S ZASH| e &

L
v 2AE0| LiZotn Y= 2 AS ZEO| o5ot=H 2E A[ZHo] 2

key
uer ke
d Y y cc(c)o
C —1C C
C =lC C
( ( query (
C C )C
) )
0 0 ©
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B Introduction

Deep Learning Applications in Chemical Domain

% What is Property Prediction??

- E73d 3iet EAe dHE=HE, Y, gy, s4)2 o|sst= A
«  MoleculeNet : 273 0|=2 /¢t Benchmark Dataset & 2H0.6k~439k)
v’ BBBP: EX EXt9| L|Yatzte Entd FM(Binary Classification)
BBBP(2k)

ESOL(1k)

—— s PubChem
o |\ Ne oy << (Unlabeled Data)

‘cr ClinTox ‘

MUV(90K) (1K) ' ( 10M )

} BACE(1k)

Wu, Z., Ramsundar, B., Feinberg, E. N., Gomes, J., Geniesse, C., Pappu, A. S., ... & Pande, V. (2018).
MoleculeNet: a benchmark for molecular machine learning. Chemical science, 9(2), 513-530.
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I Preliminaries

What is Self-Supervised Leaming?

/

% Supervised Learning Framework
- Feature Extractor : 218 HO|HERH 2% JEE 2%, ==
o

Fully-Connected Layer : SAFEEERH FHO| Y%= ELALE o=

Spiderman
- B - Thor
. Iron Man
B Hulk
Feature Representation
Extractor Vector Fully-Connected Layer
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I Preliminaries

What is Self-Supervised Leaming?

/

% Self-Supervised Learning Framework
«  Supervised Learning 2 ?|%t Labeled Data & 7+&5 8= A2 A[Z/HIEXH 2271 2

«  LCHZFQ| Unlabeled Data & &&7d}0] Feature Extractor & St5& = ASIH?

Unlabeled Data —_> 0 —_> .I. Unsupervised Pre-training

Labeled Data —> —_> + Supervised Fine-tuning

- @ H Data Mining
UKI\E?/&EQ 9/35 'U'ft, ma .‘:‘. Quality Analytics



I Preliminaries

Self-Supervised Learning in CV

/

% Pretext Task-based Learning

Inpainting : =& O[0|X| LA HEZRH OtAZE X[ Z 0=

Representation
Vector

Pathak, D., Krahenbuhl, P., Donahue, J., Darrell, T., & Efros, A. A. (2016). Context encoders: Feature learning by
inpainting. In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 2536-2544). =
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I Preliminaries

Self-Supervised Learning in CV

% Pretext Task-based Learning
«  Context Prediction : £78 I{X|E SA 2 CtE IHX|o| HIHX QI {X|IE 0F

«tdn

Representation
Vector

Doersch, C., Gupta, A., & Efros, A. A. (2015). Unsupervised visual representation learning by context

prediction. In Proceedings of the IEEE international conference on computer vision (pp. 1422-1430).
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B Preliminaries ()
exp (=~

Self-Supervised Learing in CV lij = —log

212{];]11}!{# exp (exp (SlTk))

1
InfoNCE = ﬁzllgzl(ZZk—LZk + Lok 2k-1)

% Contrastive Learning(SIMCLR)
Positive Pair : Z2 O|0|X[|0|A A= C}2 H|O|E & 7|82 M-8t
Negative Pair : M2 C}-2 O|O[X[22E O|0|H & 7|EE XH&ct M

*  Positive Pair = 7FZ |, Negative Pair= HO{X| =& & (Cosine Similarity)

Mk

Mk

It1 XX
Images Representation +
Vector
Itz L) 9 eeoo
~ e -
Hypersphere
Chen, T., Kornblith, S., Norouzi, M., & Hinton, G. (2020, November). A simple framework for contrastive yp p
learning of visual representations. In International conference on machine learning (pp. 1597-1607). PMLR.
O H Data Mining A

KOREA 12/35 ".P” md b Quallity Analytics

UNIVERSITY



= MSE (”q(Ze )|, ||sa(z9/(1j))||2)

lli,lj
B Preliminaries LosSavor = by, + Uiy,
Self-Supervised Leaming in CV

/

% Non-Contrastive Learning(BYOL)
- O[O|X|o|M M2 CHE H|0[E S2Z 7|Es HE3dt0 TiX| & dd
«  Online Network 2} Target NetworkOl|A] Representation Vector & =&

Online Network 2| Representation Vector 25E Target Network 2| Representation Vector & 0=

:

Representation Prediction
Vector Vector MSE Loss
ﬁ E Stop
Gradient

Grill, J. B., Strub, F., Altché, F., Tallec, C., Richemond, P., Buchatskaya, E., ... & Valko, M. (2020).
Bootstrap your own latent-a new approach to self-supervised learning. Advances in Neural Information
Processing Systems, 33, 21271-21284.
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I Preliminaries

Self-Supervised Learning in CV

/

% Reference Materials of Self-Supervised Learning in CV

Dive into BYOL - Concept of Representation Learning, Details of BYOL

= g o
Self-Supervised i) umms @
Representation Learning d¥s a- |
Seokho Moon '
May 1, 2020 B = .

i
]

Self-Supervised Representation Learning Towards Contrastive Learning

wix: (@) 24z wnx. ® zm
EM@ = E}‘?":T-T‘

£ 20204 58 12
{3 o= 14~
© &4 == 0|2(Zoom)

£ 20214 18 292
{3 2= 14~
3 =212l H|C|2 AlHE (YouTube)

Mol HE HI] — HojLt g5 7] —

KOREA
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Self-Supervised Representation Learning - Exemplar, Context Prediction, Jigsaw, Colorization, Inpainting, Count, Rotation

Towards Contrastive Learning - Concept of SSL, NPID, MoCo v1&v2, SimCLR, False Negative Cancellation

E=
- -minar 20200219

Dive into BYOL

Bootstrap Your Own Latent

ey e
g

Dive into BYOL

X ’Q unE
4.

B 20214 2% 19
{3 @14~
D =212 8O 2 AIE (YouTube)
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X = [Xq1,X9, ., XT]
- Prel i m i na ries Losspy = ZilogPg (xi|xi—1,Xi—3, -
Self-Supervised Learning in NLP

/

% Pretext Task-based Learning
«  Generative Language Model(GPT) : O| ™ A|EHX|2] A|EAE Soll LS A|Ee| EEZ 0lF
love you so much <e>

Fully Connected Layer

Key Query Pred T
-> Add & Layer Norm |
| | love : y
F Forwar
love love you eed Forward y
you you SO x N
> Add & Layer Norm |
S0 S0 much i 4
Masked Self-Attention |
much much <e> 4
Radford, A., Narasimhan, K., Salimans, T., & Sutskever, I. (2018). | love you SO much
Improving language understanding by generative pre-training.
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X = [xl,xZ, ...,xT_l,xT]
m(x) = [xl,m, ey X721, m]

- Preliminaries LSSy = 51 Lyy-mlogPy (xelm(x))
Self-Supervised Learning in NLP

% Pretext Task-based Learning
Masked Language Model(BERT) : =H EZ2| HEE S| 7t24% EZ 0=

| love <m> SO <m>

Fully Connected Layer

Key Query Pred T

| I -> Add & Layer Norm
|

Feed Forward

love love )
X N

<m> <m> you
-> Add & Layer Norm )
o) o) I
Self-Attention )
<m> <m> much

Devlin, J., Chang, M. W., Lee, K., & Toutanova, K. (2018). Bert: Pre-training of deep bidirectional transformers for | love <m> SO <m>
language understanding. arXiv preprint arXiv:1810.04805.
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I Methods

/

% Self-Supervised Learning for Chemical Property Prediction

Pre-training Strategy Architecture Algorithm
Masked Language Model Transformer ChemBERTa
Contrastive Learning Graph Neural Network MoICLR

BYOL Both DMP
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I Methods

ChemBERTa

% ChemBERTa : Large-Scale Self-Supervised Pretraining for Molecular Property Prediction(Chithrananda et al, 2020)
«  University of Toronto OfA] 132

rl>

«  Masked Language Model Pre-training 24/ © = RoBERTa 22 = <F
- J[EXEsg REED FHoH 455 EO[X| EUS

v' Pre-train Dataset 2| 3 7|7} 742 4& Fine-tuning ‘§&0| £7I5l= AS Edlf Mot YWHZEO| EFEHY &

—

rr
o[

ChemBERTa: Large-Scale Self-Supervised
Pretraining for Molecular Property Prediction

Seyone Chithrananda Gabriel Grand
University of Toronto Reverie Labs
seyone.chithrananda@utoronto.ca gabe@reverielabs.com
Bharath Ramsundar
DeepChem

bharath.ramsundar@gmail.com

Chithrananda, S., Grand, G., & Ramsundar, B. (2020). Chemberta: Large-scale self-supervised
pretraining for molecular property prediction. arXiv preprint arXiv:2010.09885.

) —— Data Mini
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I Methods

ChemBERTa
% Pre-training Process(Masked Language Model) & Fine-tuning o x
Cclccc(CCS)cclkF
Fully Connected Layer Fully Connected Layer
PubChem-10M T
Add & Layer Norm
Cclccc(CCS)cclF :
CCclec(C)ece1C(=0)NCC(C)C Feed Forward )
CC1CCC(0)(CCc2ccsc2)C1 x N
CN(CCC(F)(F)F)c1c{F)cccc1CC[NH3+] Add & Layer Norm
: Self-Attention J
[ ]
CCCC(C)COC(=0)c1cc(F)cccl[N+](=0)[O-]

\_

Chithrananda, S., Grand, G., & Ramsundar, B. (2020). Chemberta: Large-scale self-supervised
pretraining for molecular property prediction. arXiv preprint arXiv:2010.09885.
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I Methods

ChemBERTa

/

% Results
. J|Z= RESHS QEECH S Y M2 HO|Xl e
«  AME?®t Fine-tune Dataset EE3 A|oHA

Pre-train Dataset 3 7[0f 2} 50| S7tSCh= Scalability & E0&

-

0.14 A Dataset Metric
BBBP —— ROC-AUC mean
ClinTox -== PRC-AUC mean
0.12 q|— Tox21
BBBP ClinTox (CT_TOX) HIV Tox21 (SR-p53) 10
2,039 1,478 41,127 7,831 oo
ROC PRC ROC PRC ROC PRC ROC PRC :
ChemBERTa I0M  0.643 0.620 0.733 0.975 0.622 0.119 0.728 0.207 0.06 1
D-MPNN 0.708 0.697 0.906 0.993 0.752  0.152 0.688 0.429
RF 0.681 0.692 0.693 0.968 0.780 0.383 0.724 0.335 0.04 ]
SVM 0.702 0.724 0.833 0.986 0.763 0.364 0.708 0.345
0.02 A
0.00 A
10° 10° 107

PubChem pretraining size (log scale)

Chithrananda, S., Grand, G., & Ramsundar, B. (2020). Chemberta: Large-scale self-supervised
pretraining for molecular property prediction. arXiv preprint arXiv:2010.09885.
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I Methods

MolCLR

/

- Carnegie Mellon CHEHOf A TSR

- edge feature EM Y HEE 88 & + UL E GNN +ZE HY

- =Xt =0 Q10| Contrastive Learning & H-83d}7| 2[dl| Ct¥et 2%t H|O|E| FZ 7|H2

« MolCLRE Sl ==t 2XI2| Representation Vector 0f CH$t A H|Z

i b "\C:r Masking
"\,//\\ 1 / Deletion
Contrastive Loss I el
ok T o
Y
————— v —_————
oz, [ P OOz, , EEDzy N i ¢ . ¥
A o g = " o &
et e R !
17N 4 e N T |~~‘\‘/Z PN
OIEDh, — EEEDh, - CCOED -y EECED hoy Ly l ! L !
T Readout | ! Readout f (1) Atom masking  (2) Bond deletion (3) Subgraph removal
(= [=d
G c
\_/ N T 0,
e A3t YL H ,
Unlabeled
Augmemayy @"e“‘a‘/"y databases

~( Parameter shanng |
/ \// /7 Molecule

=, L7 : Jownstream fine-funing
r graph G, N /T graph Gy |
t i3
Cclcce(CCS)cclF ™77 CCnlccc2cc[nH]c(=0)c21
Labeled
SMILES s, SMILES sy databases |

MolICLR Architecture

Wang, Y., Wang, J., Cao, Z., & Barati Farimani, A. (2022). Molecular contrastive learning of
representations via graph neural networks. Nature Machine Intelligence, 4(3), 279-287.

KOREA 21/35 -2 hcol
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% Molecular Contrastive Learning of Representations via Graph Neural Networks(Wang et al, 2022)
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I Methods

MolCLR

/

% Architecture Change
- 7|E9| GCN/GIN Layer = edge attribute

£ HI5HA| BHS
- Ao HEEMN edge feature £ EEY = UZZE GNN Layer £ HY

L—

mot

GIN Convolution GINE Convolution
| mmmn k-1
__EEE e
LT - u
BT
hk-1

hk = ReLU MLP(k>< Z h5—1> hk = ReLU MLP(k)< hk-1 4 h’g—1>
u€eN (v)U{v} U€EN (v)u{v} e=(v,u):uenN(v)

Wang, Y., Wang, J., Cao, Z., & Barati Farimani, A. (2022). Molecular contrastive learning of
representations via graph neural networks. Nature Machine Intelligence, 4(3), 279-287.
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I Methods

MolCLR

/

% Reference Materials of Graph Neural Networks

«  Graph-based semi-supervised learning - Basic concept of GNN, Label Propagation with GCN

«  Graph Attention Networks - Basic concept of GNN, GCN, GGNN, GraphSAGE, GAT

KOREA

UNIVERSITY

[ D~

Lagr ¢
Lagr e 41

ot

— TEm FEF

.'D;J”-.’C-—V’ T t T
R Tt ® D — It

o (D~ Lim
omeo—@ . O [IH =y @
—_——— Conv
Wen o BB
Bac—ac —D Ld

Graph-based semi-supervised learning

wx}: a olxig

£ 20214 38 192
3 2= 14~
3 =212 H|C|2 AlH (YouTube)

MHojLt B2 =7 —

23/35

Graph Attention Networks

waR: @ e

£ 20204 98 112
3 2= 14~
©

@ =212 HIO 2 AlH (YouTube)

MojLt HE B —

=2 hcol
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I Methods

MolCLR

/

% Molecule Graph Augmentation
- Contrastive Learning 2 t&05t7| 2o Xt =0 10| A Positive/Negative Pair & ‘32

* Molecule Graph Augmentation : 578 &XAt2| &Xl/A&/sub-graph BEE M

H, H, H,

FIL | [L ; I
N /C\ H,/ \c/ \c H, \c \c H,/ \c
Yy P f

N N 4 N
C Augmentation
atom masking bond deletion sub-graph removal
Molecule Graph G Molecule Graph G

Wang, Y., Wang, J., Cao, Z., & Barati Farimani, A. (2022). Molecular contrastive learning of
representations via graph neural networks. Nature Machine Intelligence, 4(3), 279-287.
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I Methods

MolCLR

/

% Pre-training Process(SICLR)

= ~ Representation
G; , - Graph Conv
t Gi-1 Gai P Vector
T/ / FIL _
H/N\c/g\c ' \c/ N H N\c CJ\C 7 - = ~ N
L LT LI / N
\CJ/‘ \c/ . J/ i // \
\
AN N AN /
£\ E\ ‘l;\ AN Por [
o N ¢ o & . S
i i f 1 ! A\c‘/ c + I
/N}—‘; / —C A
< . ‘
\
®  Augmentation °® ° ° ° \ /
([ ] [ J [ ] [ ] \ /
[ J [ J [ J [ ] [ ] \ /
H N 7
L N T | N o _
LT |
& NN LA AR, | Hypersphere

Wang, Y., Wang, J., Cao, Z., & Barati Farimani, A. (2022). Molecular contrastive learning of
representations via graph neural networks. Nature Machine Intelligence, 4(3), 279-287.
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I Methods

MolCLR

/

% Results
« PubChem 10M Dataset 22 At st& 2, MoleculeNet 0| A 77H2| Classification TaskO| EHSH finetuning
» Sub-graph Removal & 7|8 S AI&SIRAS W, Fine-tuning ‘d&80| 7I& &

v' BBBP H|O|H MO| L, Xt #X22o| 9l&t Hotoy| what =0l I A HHY 7| W0 ’S% ot

- XNk stg 20A Heteh HIojH S2 7|80| 95 g0 = 0jXl= A= 39

L—

a B Atom masking + bond deletion b B w\o augmentations
# Subgraph removal (p<25%) 90.00 ® w\ augmentations
100.00 1 Subgraph removal 25.00
95.00 I Composition of three augmentations >
90.00 _ 80.00
— 85.00 . S
= | I ]' o 75.00
g 300 | 11T 2
[ I & | 8
g 70.00 | I & 65.00
& I
65.00 I | 60.00
60.00 I |
55.00 : : 55.00
50.00 | I 50.00
SIDER ClinTox BACE | BBBP | HIV ~ Tox21 MUV SIDER ClinTox BACE BBBP Tox21 MUV

Wang, Y., Wang, J., Cao, Z., & Barati Farimani, A. (2022). Molecular contrastive learning of
representations via graph neural networks. Nature Machine Intelligence, 4(3), 279-287.
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I Methods

MolCLR

/

«» Results

H,

I
N
T

Wang, Y., Wang, J., Cao, Z., & Barati Farimani, A. (2022). Molecular contrastive learning of - Amlnes
representations via graph neural networks. Nature Machine Intelligence, 4(3), 279-287.
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I Methods
DMP
% Dual-view Molecule Pre-training(Zhu et al, 2022)
« University of Sci&Tech of China 2 Microsoft Research Asia Of| A| &1
- EAELF O2fZE LRI IR = HEEO| ME 43 HAMAS HOolE

. BYOL ZHE PUS WOt A2 CH2 ZoHo| EH HHE Zot AN ot 3

0

Dual Views Backbone Projection Prediction
the molecular grapnh: -,
q--.,
GNN fq Po a]
o Pg - Vg - i
g Pg .
oH SG(pg}‘:"'-"I‘“ .
SG Dual-view
Consistency
I SG(pS)<"-.-‘;1|
. Transformer Ps
the SMILES sequence: 0 . fs s — as|
C=C(OCICC(C(=0)0)=CCc(op —* s P &
(=0)(0)0)C10)C(=0)0 — s
Zhu, J., Xia, Y., Qin, T., Zhou, W., Li, H., & Liu, T. Y. (2021). Dual-view molecule pre-training. arXiv
preprint arXiv:2106.10234.
-0, o~ o~
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I Methods
DMP
% Pros & Cons of each representations

« Transformer A €2 &2 RX} ALO] AH2[7

o 5
. GNN %Sl 3RS o2 shol Bat HA STEA 528 Batel BAE T ot

(a) (b)

Zhu, J., Xia, Y., Qin, T., Zhou, W., Li, H., & Liu, T. Y. (2021). Dual-view molecule pre-training. arXiv
preprint arXiv:2106.10234.
- @ H
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I Methods
DMP

/

% Pre-training Process1 (Multi-Format BYOL)

ﬂ»ﬁ»

H

lJ
NN
Yy »

«—> cos(qy(z4), SG(z5))

G/KQ/CJ\Q/Q\SJ
Representation Prediction
Vector Vector
Cclccc(CCS)cclF » Transformer » » — COS(qS(ZS),SG(Zg))
Encoder

Zhu, J., Xia, Y., Qin, T., Zhou, W., Li, H., & Liu, T. Y. (2021). Dual-view molecule pre-training. arXiv
preprint arXiv:2106.10234.
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OREA .o PS4 Data Mining N
UKNNERIS:_ITY 30/35 '.f"” md' i & Quuality Analytics



I Methods
DMP
% Pre-training Process2 (Masked Language Model)

e GNN : Masked Atom Prediction

e Transformer : Masked Token Prediction

Y Cclccc(CCS)cclF
NN
g (I:r C Fully Connected Layer
5/ \c,} N c,/ \S, ,[
\ . > Add & Layer Norm )
%! oo Feed Forward )
\
b, \ Pax
F\ x N
= > Add & Layer Norm )
T
T Self-Attention )
©)
(7, €
& \(lf
NN
¢ ¥ ¥ 5 Cclc<M>c(CCS)<M>c1F

Zhu, J., Xia, Y., Qin, T., Zhou, W., Li, H., & Liu, T. Y. (2021). Dual-view molecule pre-training. arXiv
preprint arXiv:2106.10234.
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«» Results

« PubChem 10M Dataset S 2 AN st&

- DMP 2 &3t £

= architecture = Trans

_JI\_
f

A =2, MoleculeNet Benchmark Off CH3l Finetuning
rmer7t GNN ﬁImEEf

. . o = = o~ L O
« Masked Language Model Pre-training & F7I5I%S i 4 < ?_F dss 2

Dataset BBBP Tox21 ClinTox HIV BACE SIDER

# Molecules 2039 7831 1478 41127 1513 1478
RF 714+£00 769+15 T713+£56 781+06 86708 684409
SVM 729+£00 818+1.0 669+£92 792+00 862+£0.0 682413
MGCN [36] 85.0t+6.4 70.7£16 634+42 T38£16 T3.4+3.0 552L18
D-MPNN [57] 71.2+38 689+13 905+53 T5.0£21 85.3+53 632423
Hu et al. [23] 70815 787+04 789+24 80.24£09 85.9+£08 652409
MolCLR [53] 73605 T79.8+0.7 932+17 80.6%x11 89.0£03 68.0%x1.1
TF (MLM) 749£06 TT6x£04 9294+05 802£04 83.0x0.5 684404
TE (x2) ZR6407 771405 020+08 RK04-+04 SRKX1+05  GRI419
 DMPre w/o MIM 711404 HT74+04 938+ 07 791417 R34+ 0.7 681 4+ 0.7
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Figure 3: Visualization of the representations learned by different models. Different colors indicate
different scaffolds.
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