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MISSION:
FOCus ON IMPROVING “DE NOVO” MOLECULAR DESIGN

THE ABILITY TO CREATE NEW MOLECULAR STRUCTURES FROM
SCRATCH FOR USEFUL APPLICATION (DRUG DISCOVERY,
MATERIAL DESIGN, ETG)



DISCLAIMER

MOLECULES ARE UNPREDICTABLE IN NATURE DUE TO MUTATIONS AND CROSSOVERS
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Figure 2: Illustration of (a) mutation and (b) crossover used in the genetic expert policy. Figure 3: Illustration of the apprentice policy generating a SMILES representation of a molecule.




(JUESTION

HOwW CAN WE CONTROL NATURE?Y



INTRODUCTION

® DEEP NEURAL NETWORKS (DNNS)

® DEMONSTRATED SUCCESSFUL RESULTS FOR SOLVING DE NOVO
MOLECULAR DESIGN

® OTHER RELATED WORKS FOCUS ON THE PROBLEM OF DRUG DESIGN
CREATION

® THE QUESTION:

® AS THERE ARE NEW FOREFRONTS WITH DNNS WITH OPTIMIZING THE
ourcoMeES OF THE DESIRED MOLECULAR STRUGCTURE

® How CAN WE VALIDATE THE MOLECULAR STRUCTURE FOR ITS DESIRED
DUTCOME?



RELATED WORK

OTHER TECHNOLOGY EXPLORED

® DEEP REINFORCEMENT LEARNING:

®* MODEL ADAPTATION = REWARD OF DESIRED OUTCOMES

® APPLICATIONS: PROTEIN STRUCTURE DESIGN, BIOLOGICAL SEQUENCES

® DEEP EMBEDDING PTIMIZATION.

® HAVING NEURAL NETWORKS LEARN FROM CHARACTERISTICS (EMBEDDINGS) FROM DNNS
AND APPLY THEM ON A UNIVERSAL STAND

® APPLICATIONS: PARTICLE SWARM PTIMIZATION, BAYESIAN PTIMIZATIONS

® GENETIC ALGORITHMS:

® SEARCH OVER MOLECULAR SPACE, LOOKING OVER MUTATIONS AND CROSSOVER
(EVOLUTION BASED)

® APPLICATIONS: PTIMIZATION PROBLEMS




SOLUTION

GENETIC EXPERT GUIDED LEARNING (GEGL)

® DEEP REINFORCEMENT LEARNING FRAMEWORK

® PREMISE:

® To AWARD THE DESIRED OUTCOME OF THE
MOLECULAR DESIGN

® FROM THE INITIAL (APPRENTICE) STAGE TO THE
FINAL (EXPERT) STAGE

® 3 STEPS:

® 1.) APPRENTICE STAGE: THE DNN TAKES IN THE
MOLECULES WITH A GIVEN SPACE AND COMPARES

® 2.) EXPERT POLICY: CHECKS THE QUEUE TO MATCH
WHAT THE DESIRED MOLECULE IS IN A GIVEN SPACE

® 3.) THE PARAMETERS ARE OPTIMIZED IN THE
APPRENTICE STAGE TO OBTAINED THE DESIRED

OUTCOME

imitate sample targets
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Figure 1: Illustration of the proposed genetic expert-guided learning (GEGL) framework.



SOoLUTION (P2)

GENETIC EXPERT GUIDED LEARNING (GEGL)

DEEP REINFORCEMENT LEARNING FRAMEWORK

° U A GIVEN MOLECULE
¢ "“(Z) THE DESIRED REWARD MOLECULE
® @ THE DNN’S PARAMETERS (ABLE TO ADJUST WITHIN A SPACE

‘CQ JUEUE
" Q
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THE EXPERT UUEUE

UEUE AND EXPERT

° 7'('(37; @) THE NEURAL APPRENTICE POLICY

¢ ﬂ-ea:(a’;’ Q) THE EXPERT APPRENTICE POLICY
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SoLuUuTIoON (P3)

GENETIC EXPERT GUIDED LEARNING (GEGL)

® DEEP LEARNING FRAMEWORK:

® SET AT INITIAL STAGE (WITH EACH INSTANCE OF
TIME)

Algorithm 1 Genetic expert-guided learning (GEGL)

1: Set Q@ + (), Qox + 0. > Initialize the max-reward priority queues Q and Q..
2: fort=1,...,T do
® AS THERE ARE MORE SAMPLES : form=1,..., M do > Step A: add M samples generated by 7 into Q.
: Update Q <— Q U {x}, where & ~ w(x;0).
: If [Q > K, update Q <~ Q \ {®nin }, Where Tpin = arg min o ().
® JUEUE IS BEING UPDATED WITH EACH POLICY, : end for
CHECKING FOR DESIRED OUTPUT ; form=1,...,M do > Step B: add M samples generated by Trey into Q..
Update Qex < Qex U {x}, where & ~ mex(x; Q).
. If | Qex| > K, updat ex ex min f, Wh min = ] > .
® WHILE NEW SAMPLES ARE GENERATED, THE QUEUE o endfO'rQ | > K. update Qux = Qox \ {Tain}, Whete Zain = aTg migco,, ()
WILL BE UPDATED FOR EACH MOLEGULE 11: Maximizezwegugexlogw(a:;@) over 6. > Step C: train T with imitation learning.

12: end for

® WHILE THE EXPERT QUEUE IS BEING UPDATED FOR 13 Report QU Queastheoutput. > Output the highly-rewarding molecules

THE SIZE, BEING LESS TAN THE MINIMAL REWARD
FUNGCTION

® THE ALGORITHM ENDS WHEN ALL POLICIES HAVE
BEEN MET WITH THE DESIRED MATCHES FROM THE
APPRENTICE QQUEUE



Algorithm 1 Genetic expert-guided learning (GEGL)

1: Set Q < 0, Qox < 0. > Initialize the max-reward priority queues Q and Qex.
2: fort=1,...,T do
3: form=1,...,M do > Step A: add M samples generated by T into Q.
Update Q < Q U {x}, where  ~ 7(x;0).
If |Q| > K, update Q < Q \ {xuin }, Where x,i, = arg min,, . 5 r(x).

end for
form=1,..., M do > Step B: add M samples generated by ey into Qex.
Update Qex ¢ Qex U {x}, Where & ~ mex(a; Q).
If |Qex| > K, update Qex < Qex \ {Tnin}, Where Znin = arg min, o 7(x).
10: end for
11: Maximize ), o, o. 108 m(a; @) over 6. > Step C: train T with imitation learning.
12: end for

13: Report Q U Qex as the output. > Qutput the highly-rewarding molecules.




EXPERIMENT (P 1)

OVERVIEW OF

® COMPARISON STUDY OF GEGL
® ALGORITHMS OF DRL, DEO, DSL, AND GA

® penalizedlogp =TESTING GROUND FOR MOLECULE OPTIMIZATION
MODELS

® PENALIZED OCTANOL-WATER PARTITION COEFFICIENT
® Penalizedlogp = LogP(x) — SyntehticAccessibility(x) — RingPenalty(x)

® COMPARISON OF 8,192 MOLECULES—UNREALISTIC RESULTS

¢ PGTLCLZZZGd logp VS Penal@zed ]'Og]?/\/ITH SIMILARITY CONSTRAINTS



(a) PenalizedLogP

Algorithm

Type

Objective

GVAE+BO [Kusner et al. 2017]
SD-VAE (pai et a1. 2018]

ORGAN [Guimaraes et al. 2017]
VAE+CBO (Griffiths and Hernéndez-Lobato 2020}
ChemGE [Yoshikawa et al. 2018]
CVAE+BO (G6émez-Bombarelli et al. 2018]
JT—VAE [Jin et al. 2018]

ChemTS [vang et al. 2017)

GCPN [You et al. 2018]

MRNN (popova et al. 2019]

MOoOIDQN (Zhou et al. 2019]

GraphAF (shietal. 2020)

GB-GA pensen 2019]

DA-GA [Nigam et al. 2020]

DEO
DEO
DRL
DEO
GA
DEO
DEO
DRL

DRL
DRL

DRL
DRL
GA
GA

2.87 +0.06
3.50 + 0.44
3.52 +0.08
4.01

4.53 +0.26
4.85 +0.17
4.90 + 0.33
56 +o05
7.86 + 0.07
8.63

11.84
12.23
15.76 + 5.76
20.72 +3.14

(b) Similarity-constrained PenalizedLogP

0 Algorithm

Type

Objective Succ. rate

JT-VAE (in et a1. 20138
GCPN rvou et al. 2018
DEFactor [assouel et al. 2018]
VJTNN pin et al. 2019]
HierG2G pin et a1 2020]

C}EJC}[JI (Ours)

DEO
DRL
DEO
DSL
DSL

DRL

0.84 + 1.45
2.49 + 130
341 +1.67
3.55 £ 167
3.98 +1.09

7.87 + 1.81

0.84
1.00
0.86

1.00

JT-VAE pin et al. 20138
GCPN [vou et al. 2018]
DEFactor [Assouel et al. 2018]
VIJTNN pin et a1. 2019]
HierG2G pin et a1 2020]
(}IE(}I_,I (Ours)

DEO
DRL

DEO
DSL
DSL
DRL

0.21 + 07
0.79 + 0.63

1.55 +1.19
2.33 +1.17
2.49 + 146

4.43 + 1.53

0.47
1.00

0.73

1.00

MSO [winter et al. 2019]
PGEFS (Gottipati et al. 2020}
GEGLT (ours)

DEO 26.1
DRL 27.22

DRL 31.40 =+ 0.00




EXPERIMENT (P2)

LuACAMOL BENCHMARK

® DESIGNED AS A BENCHMARK PERFORMANCE OF DE NOVO
MOLECULAR DESIGN AND VARIOUS TASKS

® APPENDIX E

® | uckiLy, WITH THE BENCHMARK GEGL ACHIEVES THE HIGHEST
SCORE WHEN COMPARING DIFFERENT ALGORITHMS

® 19/20 TASKS OF RECOGNIZING DIFFERENT DE NOVOD
MOLECULES

® RANOLAZINE MP0O, SITAGLIPTIN MP, AND ZALEPLON MPO
VAR=1. €=



.. ChEMBL MCTS ChemGE HC-MLE GB-GA

1id

1
2
3
4
5
6
7
8
9
10

[ e I e I e e e e
SO oo ~JN N LWHh -

[62]

0.505
0.418
0.456
0.595
0.719
0.629
0.684
0.747
0.334
0.351
0.839
0.817
0.792

0.575
0.696

0.509
0.547
0.259
0.933
0.738

[24]

0.355
0.311
0.311
0.380
0.749
0.402
0410
0.632
0.225
0.170
0.784
0.695
0.616
0.385
0.533
0.458
0.488
0.040
0.590
0.470

(a) GuacaMol

[23]

0.732
0.515
0.598
0.834
0.907
0.790
0.829
0.889
0.334
0.380
0.886
0.931
0.881
0.661
0.722
0.689
0.413
0.552
0.970
0.885

[13]

1.000
1.000
1.000
1.000
1.000
1.000
0.993
0.879
0.438
0.422
0.907
0.959
0.855
0.808
0.894
0.545
0.669
0.978
0.996
0.998

[24]

1.000
1.000
1.000
1.000
1.000
1.000
0.971
0.982
0.406
0.432
0.953
0.998
0.920
0.792
0.894
0.891
0.754
0.990

1.000
1.000

CReM GEGL

[26]

1.000
1.000
1.000
1.000
1.000
1.000
0.966
0.940
0.371
0.434
0.995
1.000
0.969
0.815
0.902
0.763
0.770
0.994
1.000
1.000

(Ours)

1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
0.455
0.437
1.000
1.000
0.958
0.882
0.924
0.922
0.834
1.000
1.000
1.000

[62]

0.505
0.260
0.456
0.595
0.711
0.632
0.684
0.747
0.334
0.351
0.839
0.815
0.786
0.572
0.679
0.501
0.547
0.127
0.933
0.690

[23]

0.646
0.504
0.552
0.769
0.959
0.631
0.786
0.883
0.361
0.377
0.895
0.920
0.714
0.572
0.709
0.587
0.647
0.827
0.857
0.964

[13]

1.000
0.537
1.000
1.000
1.000
1.000
0.997
0.992
0.453
0.433
0.916
0.999
0.882
0.835
0.902
0.601
0.715
0.992
1.000
1.000

(b) GuacaMol with filtering

ChEMBL*ChemGE*® HC-MLE* GB-GA*

[24]

1.000
0.837
1.000
0.995
0.996
0.996
0.960
0.823
0.402
0.420
0.914
0.905
0.530
0.780
0.889
0.634
0.698
0.789
0.994
1.000

GEGL
(Ours)
1.000
0.552
1.000
1.000
1.000
1.000
1.000
1.000
0.455
0.437
1.000
1.000
0.933
0.833
0.905
0.749

0.763
1.000

1.000
1.000




EXPERIMENT (P 3)

ABLATION STUDIES

® COMPARISON STUDY OF GEGL
® FOCus ON MAX-REWARD PRIORITY QUEUE
® SAME TYPES OF TASKS FROM THE GUACAML BENCHMARK

® COMPARE THE BENCHMARKS OF THE GUACMOLSCORES RELATIVE
TO THE APPRENTICE QUEUE AND THE UNION OF THE TW0O QUEUE

GuacamolScore(Q)/GuacaMolScore(QUQ . x)
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Figure 6: Illustration of ablation studies for (a, b) investigating contribution from DNN and genetic
operator, and (c, d) separate evaluation of max-reward priority queues.




CONCLUSION & BROADER IMPACTS

® THE TEAM CREATED A NEW FRAMEWORK OF DNNS TO SOLVE THE
DESIGN PROBLEM OF MOLEGCULAR STRUCGCTURES

® OPTIMIZATION FOR A DRL FRAMEWORK FOR MOLECULAR DESIGN

® THE ALGORITHM IS EXPECTED TO PERFORM WELL FOR DOMAINS
OF GENETIC ALGORITHMS

® HELPING TO DESIGN DESIRE OUTCOMES OF “DESIGNER DRUGS”

® RELATIVE TO CROSSOVERS & MUTATIONS



THANK YOU



FURTHER READING

Sch. dmger
What is Lifee ' C O D E

BREAKER

Jennifer Doudg\a Gene Editing,

ano he Future of th»e Human Race

BESTSELLING AUTHOR OF Leonardo da Vinei aND Steve Jobs




DISCUSSION

® 1. WHAT ARE YOUR THOUGHTS ON CREATING NEW DRUG
DESIGNS?

® 2 BASED ON THE TEAM’S EFFORTS WHAT ARE SOME
SUGGESTIONS TO IMPROVE?

® 3 WHAT ARE SOME FUTURE DIRECTIONS YOU wOULD SUGGEST
DR THINK OF?



