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As molecular design plays a crucial role in drug discovery, materials science, and other related fields,
finding ways to design molecules with desired properties is of great importance. In recent years, machine
learning has shown promise in achieving this goal. However, the practical application of de novo molecular
design is still hindered by the difficulty and cost of synthesizing computationally designed molecules. To
address this issue, synthetic route design using deep neural networks has been studied as a potential solution.
Despite this progress, simultaneous design of molecules and their synthetic routes is a challenge that remains
unresolved. This issue has been addressed in a novel approach presented in this paper, which utilizes
Bayesian inference. This approach involves designing a set of reactants in a reaction network and its
topology. The design space can be extremely large, consisting of all combinations of purchasable reactants,
which can be in the order of millions or more. Moreover, the designed reaction networks can adopt any
topology beyond simple multistep linear reaction routes. To address the hard combinatorial problem of
simultaneous molecule and route design, a powerful sequential Monte Carlo algorithm is presented, which
recursively designs a synthetic reaction network by building up single-step reactions sequentially. We
applied this approach to design drug-like molecules based on commercially available compounds and
compared it with heuristic combinatorial search methods. The results showed superior performance in terms
of computational efficiency, coverage, and novelty with respect to existing compounds. In addition to the
novel approach, we provide the Python library "Seq-Stack-Reaction," which enables researchers to test and
explore the approach further. An illustrative example of designing highly viscous lubricant molecules is also
provided to demonstrate the effectiveness of the Seq-Stack-Reaction library. This library can help facilitate
the design of complex reaction networks and identify promising synthetic routes for molecules of interest.
De novo molecular design has emerged as a promising area in drug discovery, materials science, and other
fields where designing molecules with specific properties is essential. Researchers have explored various
machine learning techniques to design molecules, including generative models, reinforcement learning, and
evolutionary algorithms. These approaches have shown significant potential in designing molecules with
desired properties. However, despite the progress made in this field, practical applications of de novo
molecular design are still limited. The cost and technical difficulty of synthesizing computationally designed
molecules remain a challenge, particularly in drug discovery, where the synthesis and testing of compounds
can be costly and time-consuming. To address this challenge, synthetic route design using deep neural
networks has been studied as a potential solution. Synthetic route design enables the prediction of synthetic
routes for computationally designed molecules, thus reducing the time and cost of synthesizing molecules
with desired properties. However, the simultaneous design of molecules and their synthetic routes remains a
significant challenge. This is because the design space for molecules and their synthetic routes is vast,

consisting of all possible combinations of purchasable reactants, which can be in the order of millions or



more. Furthermore, the designed reaction networks can adopt any topology beyond simple multistep linear
reaction routes, making the design problem even more challenging. Despite these challenges, researchers
continue to explore new approaches to simultaneously design molecules and their synthetic routes. Bayesian
inference has emerged as a promising approach in this area. Bayesian inference allows for the simultaneous
modeling of both the molecular properties and synthetic routes, enabling the design of molecules that can be
synthesized using predicted synthetic routes. This approach has shown significant promise in reducing the
time and cost required for designing molecules and their synthetic routes. In conclusion, de novo molecular
design has the potential to revolutionize drug discovery and materials science, but practical applications are
still limited. Synthetic route design using deep neural networks is a promising approach to overcome the
challenges associated with synthesizing computationally designed molecules. However, designing molecules
and their synthetic routes simultaneously remains a significant challenge. Bayesian inference is a promising
approach to simultaneously model the molecular properties and synthetic routes, enabling the design of
molecules that can be synthesized using predicted synthetic routes. Further research is needed to develop
more effective approaches for de novo molecular design and synthetic route design.

To address the challenge of simultaneously designing molecules and their synthetic routes, we present a
novel approach that uses Bayesian inference to optimize the design of both molecules and their synthetic
routes. Our approach involves designing a set of reactants in a reaction network and its topology. The design
space is vast, consisting of all possible combinations of purchasable reactants, which can be in the order of
millions or more. Moreover, the designed reaction networks can adopt any topology beyond simple
multistep linear reaction routes. To solve this hard combinatorial problem, we present a powerful sequential
Monte Carlo algorithm that recursively designs a synthetic reaction network by sequentially building up
single-step reactions. Our method also incorporates a sequence-based approach that enables us to consider
the entire set of reactions needed to synthesize a given molecule. This approach helps us to design molecules
with desirable properties and identify promising synthetic routes for these molecules. To evaluate our
method, we applied it to design drug-like molecules based on commercially available compounds and
compared it with heuristic combinatorial search methods. Our proposed method demonstrated superior
performance in terms of computational efficiency, coverage, and novelty with respect to existing
compounds. Moreover, the Seq-Stack-Reaction library that we provide enables researchers to test and
explore our approach further. An illustrative example of designing highly viscous lubricant molecules is also
provided to demonstrate the effectiveness of the Seq-Stack-Reaction library. The library can be used to
facilitate the design of complex reaction networks and to identify promising synthetic routes for molecules
of interest.

Although our approach provides a promising solution to the challenge of simultaneously designing
molecules and their synthetic routes, there are still limitations that need to be addressed. For example, the
scalability of the algorithm to larger design spaces needs to be improved. Furthermore, the accuracy of the
generated synthetic routes needs to be further validated experimentally. To address these limitations, further

research is required.



(BI#% 1 Separate Sheet 1)

Results of the doctoral thesis defense

BLmICEERR

Na‘EEe: inZIFuH Zhang Qi

Toit 1 e . . . . .
i L& H Machine learning for de novo design of functional molecules and their
synthetic routes

2023 4= 8 A 16 HA R 10 BE2r 58 2 BEfijic 72V Zhang Qi KO L XHEELZES
R L. 1REOABRRELERICE, SHIIHN1IKBHOEEZREODAIZL 2% AL
Tol- MR, BEZEDIIRG XN AN OZEITET 5 L ¥ L.

(R 3C o> 4 22 ]

HBEGR SUXRFECHEINTEY, 6 EE8EHNLRD. TEORKMEEZAT LI FLZD
G E TR T HHEE XA XA fEmo A cERI L, AlKIGER Yy hT—2 LS
MESDO FICERSNTHEREREESADONRNCT XL TV T EITHI D
W2, B— 27 v 7O EBRNICHER EIF TERKIER Yy VU — 27 2B RMICRE T2
BIRE T AN BEEZREZLTND.

FEOMEL, UTo@E) THD.

B 1 ETE, BEEE AW TRETCAE IR REHIE T 2 F o0& 2R L,
MEEBEMEDOFEIMMNERLAEMRZHHA L TWVD.

%2 mTIE, HrmEoFEET — 2R (CFH) TH D SMILES FRiEIC DU THERL
L, BEEEAEKRET VE N FRFTRGHERE PHIOBEMEELZE LD TND.

FI3IETIE, TEORMLF OO FHELANRKER Yy MY — 27 ZRIKFICHE T2 2 A
I e XA AW O AIHE > TERIEL TS, ERLEMTIFRy NI —T DT T 7
EHEZONTERICYEARORETOMEE LB IND 2D, FEERNLR FETITFEL M
DEUPKRETHLZ ER@MELNLTND.

B4R, BEFEIOVWTREREETHD. BEMIIE, A6y U —27 OH
YTV TR BN ET L OFIRT VI U XA, Transformer % H 72 A B G T
OHFE A NI A EHT 572D 0/REET L DEH A, Generative Topographic Mapping
RV E R R o &mEl, FEREESIGET VT ZALEOKRIEN T A T T R HE
FEPFHHA SN TND.

%5 ETIL, EHSFREGZ A 7B T 5% TH], Transformer (255 < & Rl ST
W, 5 FRE - SRR THOERERIEMEROEEPIBESNL TS, £z, TSN
BRRIGR Y N =27 1ZxT 2 A b FOHEMFIC L D% YRR MO RN HmE S
TW5.

FHOeFEE, FLOOETHD.

(R 3C o Rl ]



ARIFFROFMPIEERIILL T OEY Th 5.

(D) FMEOREEZROD T EZORKRKIER Y VT —27 2 THlT2BEICx L, <A1 XH#E
A OV A H N CRIBF ISR T 2 FIEEIRRE L.

(2) REEHIT, FUEFy N =T 2R T H2RIEWESOMAEE L XY MU — 7 &N
5. BAFWRRKICHEOEIIHRE T Eod—2—Leb bbb, ZOMAE
HRIEICH L, MAOZEKREL T HALRIEOT L ITY A LEREL, BEFETIHER
TERDOLZRRERBRE L LENITHRETEDL LA FEIELL

ARIFFEIL, HIFEH TV O OE BT REANEINTHDEID, AHABRLELFICE W TE

B2 ERE b2 D T AlREME A2 o, £, HAA o m L RMAHRES -1

wobnd., UEOHBEICLY, BT HEOE LR XONEEL L THaITmWn KR

ELTWD EHET 5.

[ D]

O3 E, B 4FE, HE L BEONEEELDMINEGIE Y ¥ —7 /L Science and
Technology of Advanced Materials: Methods 3 (5 — &%) IZHEEINTWVWDH. Z D
LA @ Editor's Choice 28T TV 5.



