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Figure 1 Chemical language modelling. (a) SMILES strings;
(b) recurrent neural networks; (c) self-attention (color online).
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Figure 2 Schematic diagram of the surface of glycine molecule (color
online).

110

LR, HhGERRy B, VERRTUSES, ER
INIA B, MR T 2 (A )& B AFE T 2K &, 347 LA
A R, WAL TSR, {3 A AR PRk A (A
3a). o] I EAE 2 AN, 47, SRRl DU T
R(vEV)RAMIR, PRI 8] 140 258 T LA 1 (e ,€E)
AR (E3b). 7ERZHB A, TS FI i S —4E
REAE R S L, S RAE ) T DA b I 2R A Sl
PR Bl 4E A K 52T A B B, INCGCNNH9Ff
JUEMEFR AL AR E 1 B, B IR T AL,
. A B, fEEREE LR RWOTER T
AR, =Y T 5B E RN NG3D=(V, E, R)EF# 3D
HLZP3D=(V, R), B 1 T0 5 FIA A AE, T A5 HIA ELAS
B (reR) B min™ . 3D & 7 23D K — R ik i o,
WA e e a0 2 IA) I I 45 5 1 4 i e 4
WA R e R A

PARIVE NS NS B IR B 2 ) VR I R
B2 25 (GNN)™YL HAT, K2 HGNNIE T B
BHUEDY, ST EARREIE, AFERENE B
H(E4a), FHEITA IR 7 H SR80S R

Vil =U (1)(\”;'171’ ZM(vilil’ ijI, eij))

Hordi, jev, URRNTEH KL, MEREBALIBREL
AT ] LR S N A B TS AT E S5 B S, He

N
A

alo|a|lo|=|m
- & 0 = = n
- © = o = o
© = = a2 o 0m

(b)

Bl 3 (a) BRIRILAREAERE; (b) 707454 5 B R R (9 2% b
1)

Figure 3 (a) Graph and its adjacency matrix; (b) molecular structure
and graph representation (color online).
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Figure 5 Schematic sketches of string-based neural network models
(seq2seq, transformer, and their variants). (a) Process for synthesis
prediction by the general encoder-attention-decoder architecture [78].
(b) 10 reaction classes within the United States Patent and Trademark
Office (USPTO) database [68]. (¢) Beam search [78] and (d) the
correction of unreasonable SMILES output by an independent neural
network [68] (color online).
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Molecular represention in Al-assisted synthesis chemistry: from
sequence to graph
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Abstract: With the rapid development of deep neural networks and their derived algorithms, artificial intelligence (AI)
has flourished in various fields in recent years. In the field of computer-aided synthetic route design, artificial
intelligence algorithms such as generative adversarial networks and variational autoencoders have performed very well.
How to deal with the geometric representation of molecules is a key step in transforming chemical problems into
algorithmic problems. Starting from different dimensions, this paper systematically summarizes the application of
various molecular sequence models, graph theory and other representation methods in Al-assisted synthesis chemistry,
and discusses the shortcomings and challenges of current molecular representation.
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