afX £

Synthetic Biology Journal z21.2(1).1-14 2021 5 2% % 1 35 | www.synibioj.com

S N B DOI: 10.12211/2096-8280.2020-074
R TR IR

AW 0r 1 AN TR et

T4, TRE, 2HE, ALk, FIR
(BEEARFEHINE, bREREENFARFN, HEHREANGEFELLRE, LEGEARFEEAERFARF L, L
= 100084)

WE: SENFHRAEINEZBA. WEBANBUEZANIES, HZORBIALHUBERTHAHS0E
MEHAHEG, USHIBEFTENATENRSE, SREUEEEMFNEM TR A TEMRZIEM . &
Fk, AIENHFEAH IENERATFUABE ZNA. TR 2D FRITETSERER
IHEBEEEMIEND FFY, RamENFMEIGNEERFER ., HEEATEERANRERRE, B
BEEEREYIFENEZEREEY D FIORITHPRIEEXREN . AXMABREZIZAK LIRS ZIFIENE
NES, BRUHREMAY S F. RRFIINERARFIITEAELR, ERoT T REEMIVREERE
ATEYFRIIRITPRINAT R EILEM L, S50\ 0FUEY. BBRNERRFEN D FIRITRINAZE,
SEST THNATED D FRIIRITHERSMER . ATHEEREEZRITD FEITTE, REDTTAE
TP REREFIRITTHES RIS, BETATEMFINERRITHAE, SERDERENEGTEES
BEREEiEeERENEISE, NERAENTERERNEDFIIHTMMRTT, NMENATEDRFE
BEISRC S

Xigia: SpEWS; Beoikit; £EMaHirit; REZS; el

RESES: Q819  NEkMFEH: A

Design of biomolecular sequences by artificial intelligence
WANG Ye, WANG Haochen, YAN Minghao, HU Guanhua, WANG Xiaowo

(Department of Automation, Tsinghua University, Center for Synthetic and System Biology, Ministry of Education Key Laboratory
of Bioinformatics, Beijing National Research Center for Information Science and Technology, Beijing 100084, China)

Abstract: Based on the concept of learning from nature, transforming and transcending nature, the core of synthetic
biology is to optimize, reconstruct and recombine genetic elements in order to build synthetic biological systems that
meet our needs. Obtaining desirable biological components is the basis for building and controlling synthetic biological

systems. Recently, synthetic biomolecules have been widely used in areas such as metabolic engineering and gene
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therapy. How to search for biomolecular sequences with specific biological functions from the vast sequence library
is a challenge for synthetic biology. With the rapid development of artificial intelligence, intelligent algorithms have
shown great potentials in mining complex biological characteristics and designing biomolecules. In this review, the
applications of deep generative models for the design of different artificial biological sequences are analyzed from
the perspective of exploring new drug molecules, nucleic acid fragment sequences and protein sequence spaces
under the guidance of complex feature rules discovered by deep learning technology. Furthermore, combined with
the application cases in the design of small molecular compounds, nucleic acids and proteins, the directed
optimization strategies for designing artificial biomolecules are summarized and analyzed. In order to evaluate the
model-designed molecular sequences, this review systematically analyzes the schemes for sequence design
evaluation from different perspectives in applications. As an important information writing carrier of synthetic life
systems, how the artificial biological sequence interacts with the complex multi-level regulation in the cell is still an
important issue to be studied. In the future, the intelligent design of artificial biological sequence needs to consider
the characteristics of biological systems with multi-level regulation that is often coupling. Through the design of
biological sequences at different levels, different regulation in natural biological systems should be elucidated at
different levels properly for an overall intelligent adaptation and optimization of biological sequences and cell

chassis environments.
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(a) Methods based on mutagenesis and motif combination to design biomolecular sequences
and explore fitness landscape by local changes
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Fig.1 Biomolecular design with or without machine learning-guided search
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Fig. 2 Deep generative models commonly used in biomolecule sequence generation
(Suppose that the biomolecular sequence to be designed is x and the representation of hidden space is z)
(a) Generating adversarial network (GAN). GAN contains two ‘adversarial’ networks: the generator G and the discriminator D. The generator tries
to capture the data distribution and produces artificial samples to fool the discriminator, whereas the discriminator tries to distinguish generated
samples from the training data. After the min-max game between two networks, the artificial sequences generated by G can be used as artificial
biomolecules. (b) Variational auto encoder (VAE). VAE is a directed probability graph model constructed by neural networks with autoencoder
structures. The biological sequences are generated by sampling the posterior distribution P (x|z) after model training. (¢) Recurrent neural network
(RNN). RNN is a classical sequential data generation model in natural language processing (NLP), which learns the relationship between the
current output of a sequence and the previous information. Starting from the initial input atom or base, the output for artificial biomolecule sequences is

composed of the outputs of each step.
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Tab.3 Advantages and challenges of intelligent design for drug molecules, proteins and nucleic acid sequences
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