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Research Background

Molecular Generation, Molecular Optimization,

Molecular Spectroscopy Analysis
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Molecular Representation Learning

Translate the molecular structures into vectorized
molecular representations to understand and
predict various molecular properties, interactions,
chemical reactions.

h = f(molecule)

Chemical Reaction, Retrosynthesis Planning,

Intermolecular Interactions, Target-Ligand Interaction

Based on molecular representations,
various

Molecular Property Prediction

physical, chemical,

< properties >= g(h)
P1, - Dlp| = 91(h), -, gp| (M)

predict
and Dbiological
molecular properties, to guide scientific research
and industrial applications.
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Research Background

Challenges of supervised molecular representation learning

(1) Scarcity of labeled data.

(2) Poor out-of-distribution generalization capability.

Plpelme of Molecular Representation Pre- trammg

,' Pre training
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1 Chemical Pre-trained Models
' Downstream Molecular Datasets :

v" Pre-trained on large-scale

unlabeled molecules.
v" Fine-tuned on various

downstream tasks.
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Review

Self-supervised Strategies

Contrastive Learning Representative Work:
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Review

Masked Components Modeling

(b) Attribute Masking ~ pmmmmemmmmo——aoo

: L Feature Reconstruction |
| Mask & _—— —————
GNN I Node code
| vl T x;
, —— D D “ ®
| IMASK]
: xsm (4)
_________________________ Scaled Cosine Error(Zi, X;)
GNN = == == Eneadme = — = — == = = edling— = — —
{C,N, 0O, S, ...} GAEs ! GNN Encoder — MLP or Propagation : : :i;:lt{ll{{::;):s::::;‘[l\o[gh i
X = Maskednode [ toooooooooooooooooooooo oo e I e
(' AttrMasking (ICLR 2020) ) (' GraphMAE (KDD 2022) )

1. Linear decoder -> GNN decoder
2. Remask
3. Cross entropy loss -> scaled cosine error (SCE) loss

Lsce =E, 5 (1 -z h(c))’
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Background

* Denoising as learning a force field.

* |tis not feasible to learn the molecular force field directly, because it is either unknown or expensive

to evaluate.

* Alternative: approximate the data-generating force field with one that can be cheaply evaluated.
* Prove that the denoising objective is equivalent to learning the molecular force field:

e Molecular structure: x € R3N

e The structure follows the Boltzmann distribution: Pphysical (x) ox exp(—E(x))
e Forcefield: Vxlog Pphysical (%) = =N E(x]

* Approximate pphysical With @ mixture of Gaussians centered at the known equilibrium structures
1 n
ical(X) =2 ¢ (X) 1= — X | xg
pphyswal( ) QJ( ) 7 ; Q(I( | l)

where CIa(i | Xz‘) = N(i; Xi,02I3N)
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Background

* Denoising as learning a force field. (Cont.)

* Learning the force field now yields a score-matching objective:

E,, o |[I6NNo(%) = Vz log 4, (%)’] (1)

e According to reference [1], minimizing the following two objectives is equivalent:

1(8) = By, 5 [6NNG(R) — Vi log g, (2)]7]

J2(8) = By (5) [IIGNNg (%) — Vi log g (% | %)

* Thus, the objective in Eq. (1) is equivalent to:

X —X

GNNp(X) —

o2

]qu(i,X) I:“GNNO(S() o Vf( log qO’(i | X)||2] = ]EQU(iax) [

T

[1] Pascal Vincent. “A Connection Between Score Matching and Denoising Autoencoders.” Neural Computation July 2011
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Background

a. b.

: : Coordinate Denoising Fractional Denoising

Sliced Denoising

Bond stretching

p e
AR
4

Atom types \

Atom types x s Atom types x J
Bond types x Rotatable bonds Bond types
Esiipe(r,0,¢) =3[kP © (r —ro)]" (r — o)
Ecoora(®) = zrz(x — 20) T (2 — 20) EFrada(®) = 3(x — x0) " 27}, ( — 20) +1[k2© (6 - 69)]7 (6 — o)
Bond torsion " +3 kT © (¢ — d0)] " (¢ — ¢0)
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Recent Work | —— AUG-MAE, AAAI 2024
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E e vaxmzenageement A€ GraphMAE and GCL completely
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Masked Components Modeling Contrastive Learning

R_"?
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Recent Work | —— AUG-MAE, AAAI 2024

Theoretical Understanding of GraphMAE

Assumption 4.1. For any graph decoder g, we assume the exis-
tence of a pseudo-inverse graph encoder f; such that the resulting

pseudo graph autoencoder hy = gof; satisfies Ex ||hg (x) - x||2 <,
where x represents the feature of masked node v € V.

Theorem 4.2. Under Assumption 4.1, the SCE loss in Eq. (2) can
be lower bounded by a pretext loss:
Lscg (1) > ¥ Lpcetext () = Lo+ const,
where Lpretext (h) = — ]E,__hg (xi)T h(ci) .

v; eV

(6)

Definition 4.3. (Context-Level Alignment Loss) The alignment
loss for positive context pairs (c, ct) is defined as:

Ly == B _h©Th(c*). )

(cc*) “‘P]gos

Theorem 4.4. The pretext loss in Eq. (6) can be lower bounded
by the context-level alignment loss in Eq. (7):

1
Lpretext (h) 2 ELZhgn(h) + const. (8)

Theorem 4.5. Under Assumption 4.1, GraphMAE’s nodel-level
reconstruction loss in Eq. (2) can be lower bounded by the context-
level alignment loss in Eq. (7):

Lsce(h) 2 g.ﬁfmgn(h) — ge + const w©
10
=Ygy (©Th(c*) - Y+ const.

4c,ct 2

Proof
Sketch

Proof
Sketch

Lsce= E_(1-x]h(c)"
UiE(V
> E (1- yx;rh(c,'))

UiE(V

(Bernoulli’s inequality)

= E (1-y(1- 1||x,~ — h(ci)||?)) (features are normalized)
DiE(V 2

=1-y+L B Jlxi - b
v; €V

=1-y+ }E, E_(||xi - h(ci)||? +¢) - ge (Assumption 4.1)
€

(43

>1-y+ L E_(xi - bl + Ihg(e) = xil?) - Le.
€

(73 (V
>1-y+ L B Jlhy(x) - (eIl - Le
vie'V

=1-y+! B (2o 2hy (o) R () - L
UiE(V
Y T Y Y
=—=E h i h(ci) - = 1-2
2, Bt (xi) (o) = gev =5

= g-CPretext (h) - %s + const .

Lpretext (h) = — 151'(1'1;—ACFH)
1 ~ 2
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1 oo~ 1
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Theoretical result:
GraphMAE performs
implicit context-level
graph contrastive
learning.
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Recent Work | —— AUG-MAE, AAAI 2024
Theoretical Understanding of GraphMAE

Theoretical result: GraphMAE performs implicit context-level graph contrastive learning.

Intuitive Explanation:

Masked features

I
I
I
I
(S ) I Contexts Masicedi¥ode Contexts
S _dd | Features
Q Q I
o 2] [3 e,
I connectivity
= MELS d R ‘§o _____ >
o o
& & !
NG :
\. / I Context-Feature Graph Context Graph
: ACF € RCXF AC € RCXC
Masked Graph ~ Masked Nodes Reconstructed I
with Contexts features I
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Recent Work | —— AUG-MAE, AAAI 2024
Theoretical Understanding of GraphMAE

Measure representation quality of GraphMAE.:
* Representation Alignment?
* Representation Uniformity?

Note:

 Alignment (—ZU4) refers to the
concentration of samples from the same
class within the same region of the
hypersphere.

e Uniformity (X2 14#) refers to the uniform
distribution of all samples on the
hypersphere.

Alignment: Similar samples have similar features. Uniformity: Preserve maximal information.
(Figure inspired by Tian et al. (2019).)

1] Tongzhou Wang. Phillip Isola. “Understanding Contrastive Representation Learning through Alienment and Uniformity on the Hypersphere.” In /CML. 2020
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Recent Work | —— AUG-MAE, AAAI 2024
Theoretical Understanding of GraphMAE

Limitations of GraphMAE.:
* Alignment performance is still restricted by the mask distribution, which is
decided by the masking strategy.

== y
£xE=IE~o—xﬁ°ﬂﬂﬁD),y2L
lv,-e‘V_:

Lyn (D=1 ER©@Th(c).
Ic,c I

* Uniformity performance is not strictly guaranteed.

hypersphere learned by GCL (taking GRACE [52] as an ex-
ample) and GraphMAE [7]. The representations learned by
GCL is more uniformly distributed than GraphMAE.

‘ ‘ Figure 1: Distribution of nodes representations on the unit
.
1 0 1

(a) GCL (b) GraphMAE
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Recent Work | —— AUG-MAE, AAAI 2024
Alignment-Uniformity Enhanced Graph Masked Autoencoders

Masked features (O O O)

’ ) - Reconstructed

: [ Random Mask ] : features

: ] Mask

: | m € {0,1}V £ g L

: l Easy2Hard : 3 g / SCE

= : —> > & > B |:{> L

: : b N LU X

I[Mask Generator Mq,] - : :

N\ — ‘ ______ — 7 k ) : :
. GraphMAE hg = go f aL::
! Adversarial Training 4 Gradient of GraphMAE =a
1 I

Gradient of Mask Generator %

Alignment Enhancement
. Adversarlal Masking
= arg max(Lsce(650,@) ~ A sin(; Z"‘l) D, » Explicit Uniformity Regularizer

2
©* = argmin(Lsc(G3 ©, ®) + (1~ tagy) 2 Luni (G 0)), Loni=log B e tllz-zl
zi,zj)NPdata

Uniformity Enhancement

* Easy-to-Hard Masking
prob(t) = (1 — aaay(t)) - probrand + Radv(t) - probagy (1),

o (1) = 0 + Aa(t) = a0 + ()" - (a ),
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Recent Work | —— AUG-MAE, AAAI 2024
Experimental Results

Performance on node classification and graph classification.

|  Method Cora CiteSeer PubMed  Ogbn-arxiv PPI Reddit Corafull Flickr WikiCS | AR

DGI 823+06 71.8+07 768+£0.6 703+02 638+£02 940+0.1 482+05 450+02 648+£0.6| 7.89

MVGRL 835+04 733£05 80.1£0.7 - - - 52.6 £ 0.5 - 64.8 +0.7 | 5.20

Contiadise GRACE 81.9+£04 712+£05 806+04 715+01 69.7+£02 947+0.1 4524+0.1 - 68.0 £0.7 | 6.50
BGRL 827+06 71.1+£08 796+£05 71.6+0.1 73.6+£02 942+0.1 4744+05 394+0.1 655+£15 ]| 6.56

InfoGCL 835+03 735+04 79.1+02 - - - - - - 4.67

CCA-SSG | 84.0+04 73.1+03 81.0+04 712+£0.2 733+02 951+£0.1 535+04 49.1+0.1 67409 | 3.89

SeeGera | 828+03 71.6+02 792+03 712+03 734+£03 952+02 520+04 494+05 658=+0.2 | 578

MaskGAE | 82.6+03 73.1+06 81.0£03 7124+03 739+£03 954+0.1 522401 49.1+04 660=£0.2 | 4.78

Generative | GraphMAE | 84.0+ 0.6 73.1+04 809+04 713+06 741+£04 958+04 533+04 4954+05 706=+0.9 | 3.00
| AUG-MAE | 843+04 7324+04 814+04 719+02 743+01 961+0.1 57.6+03 503+02 717=+0.6 | 1.22

Table 1: Node classification results on benchmarks. We report Micro-F1(%) score for PPI and accuracy(%) for the other datasets.

The best results are highlighted in bold and the runner ups are highlighted with underlines. A.R. means the average rank.

| Method | IMDB-B IMDB-M  PROTEINS  COLLAB MUTAG  REDDIT-B | AR.

Graph2vec | 71.10 £ 0.54 50.44 +0.87 73.30 + 2.05 - 83.15+£9.25 7578+ 1.03 | 7.00

InfoGraph | 73.03 +0.87 49.69£0.53 74.44+031 70.65+1.13 89.01 +1.13 82.50+ 1.42 | 5.17

GraphCL | 71.14+£0.44 4858 +0.67 74394045 7136+ 1.15 8680+ 1.34 89.53+0.84 | 5.83

Contrastive | JOAO | 7021 £3.08 49.20+0.77 7455+041 69.50+0.36 87.35+1.02 8529+ 1.35 | 6.33
GCC 72.0 49.4 - 78.9 - 89.8 4.50

MVGRL | 7420+ 0.70  51.20 = 0.50 - - 89.70 + 1.10  84.50 = 0.60 | 4.00

InfoGCL | 75.10 +0.90 51.40 + 0.80 - 80.00 +1.30 88.28 + 0.98 - 25

| GraphMAE | 7530 +£0.59 51.35+0.78 7530+0.52 80.32+042 88.19+126 87.83+0.25 | 3.00

Generative | "AUG-MAE | 75.56 + 0.61 51.80 + 0.86 7583 £0.24 8048 £0.50 9120+ 130 87.98 043 | 1.83

Table 2: Graph classification results on benchmarks. We report accuracy(%) for all datasets. The best results are highlighted in

bold and the runner ups are highlighted with underlines. A.R. means the average rank.

Performance on representation

alignment and uniformity.

Features
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o - ure)
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Few-Shot Molecular Property Prediction
Key Elements underlying Molecular Property Prediction

Representation LA

Generalization

Model Evaluation
Chemical Space Generalization Inter-scaffolds Generalization Intra-scaffold Generalization Activity Cliffs

Molecular Representation Model Architecture Learning Paradigm
Chemical Space Coverage Data Splitting Dataset Quality
Statistical Analysis Task Setting

Fig. 1| Key elements underlying molecular property prediction. There are four  labels), and scrutiny of its quality, including dataset size and label accuracy (e.g.,

aspects involved: model, dataset, model evaluatcgqrrently in the literature, the duplicates, contradictories, and noise), as well as data splitting, is essential before
focus is more on the model, which aims at developing novel learning paradigms or  developing a model for a specific property prediction task. For the model evalua-
model architectures on certain molecular representations. However, it is also tion, thoughtful consideration of statistical analysis, evaluation metrics, and task

necessary to consider other crucial elements, pertaining to (1) what the model is settings is critical as they impact the observed prediction performance. For the
built upon, (2) how the model is evaluated, and (3) eventually what the model is chemical space generalization, it is important to clarify the model’s applicability
capable of. For the dataset, its chemical space coverage (w.r.t. both structures and  and if the activity-cliffs issue is addressed.

nature communications

Anete o e 2 s

A systematic study of key elements

underlying molecular property prediction

[1] “A Systematic Study of Key Elements Underlying Molecular
Property Prediction.” Nature Communications, 2023
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Few-Shot Molecular Property Prediction
Representative Work

Figure 1. Schematic of Network Architecture for one-shot learning in drug discovery.

Figure 1: (a) The overall framework of Meta-MGNN: It first samples

IterRefLSTM, ACS Central Science, 2017

Molecule-Property relation Graph
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Support Set Points

CAMP, submitted to ICLR 2024

update .. using implicit function theorem

(b) Deep Kernel Transfer (DKT)

(c) Deep Kernel Lenrnmg (DKL)

PAR, NeurlIPS, 2021

Similarity Module
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. .
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T T T T
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MHNfs, ICLR, 2023
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ADKEF-IFT, ICLR, 2023

ActFound, bioRxiv 2024
Cross-property (task augmentation, pairwise learning)
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Few-Shot Molecular Property Prediction

Evaluation Benchmark

¢ MoleculeNet FS-Mol: A Few-Shot Learning Dataset of Molecules

A Benchmark for Molecular Machine Learning

Dataset Details

Category  Dataset Data Type Task Type #Tasks # Compounds Rec-Split" Rec - Metric®
Qam7 SMILES, 3D coordinates Regression 1 7160 Stratified ~ MAE
Quantum QM7b 3D coordinates Regression 14 7210 Random MAE
Mechanics QM8 SMILES, 3D coordinates Regression 12 21786 Random MAE
Qm9 SMILES, 3D coordinates Regression 12 133885 Random  MAE Datasets
e e L i e ExCAPE-ML PCBA LSC FS-Mol
Lipophilicity SMILES Regression 1 4200 Random RMSE
prAp . SMILES Clagssification 128 437929 Random  PRC-AUC # measurements 49,3 16,5 17 34,01 7, 170 5 5 1 00,4 11 489, 133
lassification andom -
Biophysics HMIl\;V 2m:t§: Elassifica:ion 17 iigg; ';caffold F;Rof:‘/\ktl.jlcc # Compounds 955 ’3 86 437’929 449 ’3 9 1 233 ’786
PDBbind SMILES, 3D coordinates Regression 1 11908 Time RMSE # tasks 526 128 1 3 10 5 120
BACE SMILES Classification 1 1513 Scaffold  ROC-AUC
BBBP SMILES Clasziﬁcation 1 2039 ScaffZId ROC-AUC Mean # compounds / task 93,758 265,759 3872 94
p
Physilogy Toncast—SMILES Casifcation 5178575 som ™ ROCAUC Median # compounds / task 1820 309,562 320 46
e Costovn 217 fedan_foculc Mean inactive:active / task 268:1 46:1 7:1 1:1
Raw values available? Yes No No Yes
Source PubChem/ChEMBL  PubChem ChEMBL18 ChEMBL27
Dataset | Tox21 SIDER MUV  ToxCast PCBA
#Compound 7831 1427 93127 8575 437929
#Property 12 27 17 617 128
#Train Property 9 21 12 451 118
#Test Property 3 6 5 158 10

%Positive Label 6.24 56.76  0.31 12.60 0.84
%Negative Label | 76.71  43.24 15776  72.43 59.84
%Unknown Label | 17.05 0 84.21 14.97 39.32

Bioactivity Prediction, N-shot (support set size),

Molecular Property Prediction, N-way K-shot Stratified Random Split
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Recent Work Il —— Pin-Tuning
Few-Shot Molecular Property Prediction

% Frozen [ 3’;
0 Fine-Tuning
* Pin-Tuning I

Property Classifier

A

Encoder

Molecular |

(a) Vanilla MPP framework.
Observation

Molecular

T__l.y T__l.y T__I.}A/
A A
Context T : :

- —
SR-HSE Context-Aware

SR-MMP= * Property Classifier
SR-p53 = *» y

3

a

Q Pre-Trained

Molecular Encoder

(b) Existing FSMPP framework.

B Train-from-Scratch B8 Pretrain-then-Freeze

88

ROC-AUC (%)
T 8 8 3

joc]
w

Tox21

Pretrain-then-Finetune

SIDER

GIN-Mol

CMPNN Graphormer

87

86 A

85 A

84 A

83 1

82 -

GIN-Mol

Train-from-Scratch <_5 Pretrain-then-Freeze

Pre-training is effective, but fine-tuning is ineffective.

How to adapt molecular pre-trained models to downstream tasks,
especially in few-shot scenarios?

CMPNN Graphormer
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Recent Work Il —— Pin-Tuning

Few-Shot Molecular Property Prediction

% Frozen % ¥ ¥ ¥
Fine-Tuning
Qs 51 e Llf Llf
| |

A pin-Tuning ot [ o Reasons:
SR-HSE — Context A
. n = I
Property Classifier | SR-MMP - —» nge rfyx ars 1. Imbalance between the abundance
A SR'p53 - A
h of tunable parameters and the
| HE|

5 1 scarcity of labeled molecules.

® rrc-1rained 2. Limited contextual perceptiveness

Molecular Encoder Molecular Encoder

in the encoder.

(a) Vanilla MPP framework. (b) Existing FSMPP framework.
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Recent Work Il —— Pin-Tuning

Pin-Tuning: Parameter-Efficient In-Context Tuning
for Few-Shot Molecular Property Prediction
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Pin-Tuning: Parameter-Efficient In-Context Tuning
for Few-shot Molecular Property Prediction
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Pin-Tuning: Parameter-efficient In-Context Tuning

I L Ly

l 1
I
€T
. cr

Property Classifier IS
o
_____ L__1
— ]
!___ Iy
Molecular T L
Context 1 [
SR-HSE —1> % S
SR-MMP- b» Pre-Trained
Molecular Encoder
SR-pS3 - T

Our FSMPP framework.

* Pin-Tuning for PMEs

T LX
Encoder Layer
Layer Norm \
. f—
Emb 16 FeedForward
= (@}~ P)TH(D,, &,)(@} @) Up-Project
44
1 Nonlinearity |
Sttty T t
: Molecular —1— ' FeedForward
I Context — |—> DOWII-PI‘O_]CCt
®, . %
Bond Embedding Message Passing ’
Layer Layer
®, T
Atom Embedding Layer

| 1
0%, o000

Bonds Atoms

Our Pin-Tuning method for PMEs.

for Few-shot Molecular Property Prediction

Enabling contextual perceptiveness in MP-Adapter

pe  p*" P
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Context Information ) Molecule ) Property .~ Positive Label .-“Negative Label ~ Unknown Label

Figure 3: Convert the context information of a 2-
shot episode into a context graph.

C = ContextEncoder(V;, A;, Xy)

20 = FeedForwarddown(hg) [emllep),
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Experiment Results

Table 1: ROC-AUC scores (%) on benchmark datasets, compared with methods trained from scratch
(first group) and methods that leverage pre-trained molecular encoder (second group). The best
is marked with boldface and the second best is with underline. Almprove. indicates the relative

improvements over the baseline models in percentage.

Modei Tox21 SIDER MUV ToxCast PCBA

10-shot 5-shot 10-shot 5-shot 10-shot 5-shot 10-shot 5-shot 10-shot 5-shot
Siamese 80.40(0.35) - 71.10¢4.32) - 59.96(5.13) - - - - -
ProtoNet 74.980032) 72.783.93) | 64.54089) 64.092.37) | 65.884.11) 64.8602.31) | 68.87(0.43) 66.26(1.49) | 64.93(1.94) 62.292.12)
MAML 80.210.24) 69.1701.34) | 70.430.76) 60.920.65) | 63.902.28) 63.0000.61) | 68.3000.59) 67.56(1.53) | 66.22(1.31) 65.25(0.75)
TPN 76.050024) 75.450.95) | 67.840095) 66.52(1.28) | 65.22582) 65.130.23) | 69.470.71) 66.04(1.14) | 67.610.33) 63.66(1.64)
EGNN 81.210.16p 76.802.62) | 72.870.73) 60.61(1.06) | 65.202.08) 63.462.58) | 74.02(1.11)  67.13(0.50) | 69.92(1.85) 67.713.67)
IterRefLSTM | 81.10¢0.17) - 69.63(0.31) - 49.56(5.12) - - - - -
Pre-GNN 82.140.08) 82.040.30) | 73.96(0.08)y 76.76(0.53) | 67.1401.58) 70.2301.40) | 75.310.957 74.43(0.47) | 76.790.45  75.27(0.49)
Meta-MGNN | 82.970.100 76.120.23) | 75.4300.21) 66.6000.38) | 68.99(1.84) 64.070.56) | 76.270.56) 75.26(0.43) | 72.580.34) 72.51(0.52)
PAR 84.930.11) 83.95(0.15) | 78.08(0.16) 77.7000.34) | 69.96(1.37) 68.082.42) | 79.410.08) 76.8900.32) | 73.710.61) 72.79(0.98)
GS-Meta 86.67(0.41) 86.4300.02) | 84.36(054) 84.57.01) | 66.08(1.25) 64.500.200 | 83.810.16)0 82.65(0.35) | 79.4000.43) 77.47(0.29)
Pin-Tuning 91.560257) 90.950233) | 93.41352 92.023.01) | 73.3300) 70.71(1.42) | 84.94(1.09) 83.710.93) 81.26(0.46) 79.23(0.52)
Almprove. 5.64% 5.23% 10.73% 8.81% 4.82% 3.86% 1.35% 1.28% | 2.34% 2.27%
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Tunable Parameter Size Analysis

Ours (14.2% parameters, higher performance)

Nrine_Tuning = |Enld + L(E.|d + 2dds + 3d + dy).
NPin—Tuning — ‘En|d -+ L(’Ee‘d + 2dds + 3d + dg)

AN = (d1 —d2)L(2d +1).

Y

* A Pin-Tuning (d; = 25)
;\? &8 * sk Pin-Tuning (4, =50)
5’ 90 A #  Pin-Tuning (d, =75)
3 %  Pin-Tuning (d> =100)
O ¢ Pin-Tuning (&, =150)
2 88 @ Fine-Tuning (Gs-Metz(
e
0.0 0.5 1.5 .

Number of Trainable Parameters (X1e6)

Baseline

Figure 5: ROC-AUC (%) and number of
trainable parameters of Pin-Tuning with var-
ied value of d- and full Fine-Tuning method
(e.g., GS-Meta) on the Tox21 dataset.
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Visualization

Dataset: Tox21, Property: SR-MMP Dataset: Tox21, Property: SR-p53

o  Negative
Positive

'p ®  Negative

nf o Positive
, (]

Negative

Positive

Dataset: Tox21, Property: SR-MMP Dataset: Tox21, Property: SR-p53

Negative
Positive

Figure 6: Molecular representations encoded
by GS-Meta [58].

Figure 7: Molecular representations encoded

by Pin-Tuning.
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