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Mesoscale simulation and Al optimization of bioprocesses

WANG Zhihui', WANG Cong?, ZHANG Qinghua'*", XIA Jianye*, CONG Wei',
YANG Chao™’

1 State Key Laboratory of Petroleum Molecular & Process Engineering, Institute of Process Engineering, Chinese
Academy of Sciences, Beijing 100190, China

2 School of Chemical & Environmental Engineering, China University of Mining and Technology-Beijing,
Beijing 100083, China
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Abstract: As green, sustainable, and environmentally friendly material processing processes using
biological cells or enzymes to achieve substance conversion, bioprocesses play an increasingly
important role in biomanufacturing. It is difficult to optimize bioprocesses because of the complex
relationship at multiple levels and multiple scales. The knowledge of mesoscale behaviors is the key
to understanding the dynamics of bioprocesses and to sort out the complex relationships of
parameter variations in the spatial-temporal domain. Mesoscale numerical simulation paves a way
for understanding these phenomena, and the integration of artificial intelligence (AI) and mesoscale
simulation offers new vitality into the optimization of bioprocesses. This article reviews the
progress in mesoscale simulation and Al optimization of bioprocesses and discusses the possible
development directions, aiming to promote the development of this field.

Keywords: bioprocess; mesoscale simulation; computational fluid dynamics;
intelligence (Al) optimization; machine learning
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PEYRRRAE, R FH 2 T S 50 X sl e 3 A A0 1%
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155 Y 4% FR R B 44 SF- i B A (population  balance
model, PBM), S5&5 115 A T % (CFD)45 &,
AR s i3 5 BURL [ A B2, #5 PBM
1) CFD F52 404 2 4 8 ok ik 22 b 17 FHAE A= ) 0ok R 1)
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1.1 BHAFEEEE(PBM)

A5 H5RH AU AR 2R v R R ST 1S R R B Y 43
AR AR A 8 T H . R 3 TR g
PRI 4 T RS- 48y 2 8 3 22 M AR 2 Hp BDRCIR S
Wi s 0] B 235 8] 114 3% S A8 Ak, 4 J0RLIY B BT T K
(BRI WERAE) 5 G128 o CRi A2 55 ) Bk Rl
ko ¥ PBM 51& %G1 54K J1 % (CFD) )
Euler-Euler Z M iR BFRA ! (1), AT LIS
BRI 2 PN I AR 55 43 BIORE LA R 4 BSOAH 1) 508 ]
FEAEH T 0 R P S ROEM S
PBM 5 CFD XAl fer, i A% AH H
Y 1 711 Navier-Stokes (N-S) 7 #a it &7, 3k
A5 S g ALY Jry 0 8BS RIAE B R A S R g
AL OB R I PR A (R DY PBE R,
i PBM ZRAS 73 HORH CRURLAE ) i) Uk RO A%
AL, EIE CFD BEAIrh W AHEAE R )
it CFD 5 PBM XL [w) #575 R A5 S 4 A AH (]

CFD Euler-Euler method

4 l]

Velocity, Sauter diameter,

volume fraction interphase force
Particle aggregation Particle size
and breakage distribution

PBM

1 CFD-PBM 384 753!
Figure 1 Schematic diagram of the CFD-PBM
17.36]

coupling model principle! .
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F1 SABHERSHEERN
Table 1 Bubble coalescence models and breakage models!'™
Model Equation Characteristics
Luo c(\/i Vi ) = W”TPC(di,d j) The most used kernel for bubble coalescence
coalescence due to low computational requirements and
model?” [ 075 ( - )ﬁf) ( L+ )]05 optimal precision, needs parameters tun.ning to
Fl(di,dj ) =exps— — Wq?‘s reduce the coalescence rate; over-predicts the
' Qi [38]
( P . Sj (1 +x, )3 collision frequency parameter
e
, L
dA: . 102 22
Wq(j)_s _ P ;- Yij s A<ij =1.43¢3 (di3 +dj3]
Mc-Luo c(\/i WV ) = W”TF’C (di,d i ) M, Based on the energy-minimization multi-scale
coalescence u, concept, the meso-scale energy dissipation
model**" 0.13491+1.134 03¢ *'*  U_<0.101 m/s was considered
c = B Ug
0.10164 +1.53737¢ *™ U, >0.101 m/s
Luo breakage ! g L Energy spectrum combined with vortex
model! »(4.d))=0.923(1-,) 3 (1+ %)X 3d, 3, energy
x=A/d,, A<d,
Han breakage D d) = 0.993(1 3 Lty Zx%d% 1<d The colliison frequencys of bubbles with large
=0. - +C, + <
mode]#**4 @,(4,0h) (I=a e+ G+ 0 0 vortices and small vortices were modeled
1
0.43(1-a, )83 separately
w;(1,d,) = TS , A>d,
X3 dg min |:1,1/[2\/§X5in2 [njﬂ
4%
i 0.5 0.822(1-« isi i
Solsvik wA(l,dO):E(/1+d0 )z [7((10 +/1)}/|} (4 g)’ 1<d, C0111s1on. frequency caused by viscous shear
breakage 4 m A was considered
model™”
Shi breakage (HE)? rou,, The mean turbulent velocity of eddy under the
— _ slip
model(*%) @;(2,0y) =C,(1-a)ny d,& = v A<d, influence of turbulence and the characteristic
I corresponding to BIT characteristic wave
_n 5 12 3
C,=—-CC number/length was considered

2 Ci=
4 7 7 ac, 2n)?

REPL AL PR ALK, 48 5 O A8 AR Ak SR o
Mishra Z£U2M4 PBM 5 CFD D) S AL R RUEE A
RS B A AL T RS L AL G,
FIRHRZ AN 3.8%8.7%, i K % 22
TR A B AR Sh AT . KR
A2 ARk DL RSB i se ), e T AR
FEEATEREHUARZE YA 300 L A3 S Pk
TR R S, FE B AP Rl Tl A
IR R e, TR AR T 2 A
RIFAFR (Luo RIFHAIET SRS TR /N2
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JJE (energy minimization multi-scale, EMMS)#
B Mc-Luo & 1E R IFAEAIN 5 4 Fi < i i
FAASE AR (Luo 25 1V HH 1) it O 008 15 Al 93 < T
PR ARSI | Han 851213 3 100 B B 25 B 34
2 Y 2 R T IR v A DR R JRE 8 2 e ) A
M REREAL | Solsvik 451125 1Bk i 5T DI R il Ay
AL RS AT Shi S5 OBE T T I R Y
1& IE MM RF B RN G IE i 8 Fhdl A5
B (R DB B SRS Sl B 28, K3
HFNAREHISH Mc-Luo RIFHA L2 EZE
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DL 5 D)5 el 1 U B RS R A S AR AU B Y S
W RST ARG o R B S ST AR T
LRR R LRI - A AR, 5T AR RN
FIE e AL S BORCR R 52 ), AR AP Y 4]
15 R BORNR A E AR TR, #7E T 400 m® A= 9
SN 2 e L A2 45 . PBM B RS AE S PR AH
A= I g AR A I A RO S, Bl i
N9 NS S TR S S S IS DTAE 113/ DN
PEpE T AR RS . (B2, RIT B AR A
FAAENT ISR, XSS R 3 2005 T 90 50 5l i
55 SR B XS FOR G S P RO e fef AR A g T
P 3z 2 PR

TEWG Bt Ve U 22 46 ] 4 Sk 174 i < =X
AR BT, S O ALEE SO A ER 2 Ry
BOMT, AR 2R SRR 2 R R S5 1Y
If 23 728 Ak 34 0 A Wy i AR AR A B )
Hussain #1 Kumar!'*'J%F Euler-Euler ¥k, #t
SRS A HT - EEA T, 51 Elzaki
U S 4 R B O3 i, TH T IR SRS
7 P IS TS U BRI AL, dR e TR
B PE RN SPE , R4S SN fis P RIORLAFE 358K R
W5 IR 5T . Wodotazski 43 1
AL T AR R R R, R bR i
R R R A BEAR-# )r #E, 5 CFD ARG
BT P IR B SR AR I R B RO
A SRS A BAEW AR K s,
JOL i 2 AL AR E ZR O AR S i T 4R HE . PBM A
O 9 J I FH T -V - [T =R 2 ) s vy 2 ) 42
{H AT R PR T 43 BORH 5 32 S AR Ta] A AR AR
ik = PR Ao FORE ] B AH AR O BESY o 43 OM
() AR EAE AR X BT U] . BLm s . AR
JoT A5G S, - [ AR AR RO AR R
B2 M S AR RO L Z M AR R

PBM 7 72 T LA 0 5% 27 4 Bt ) A -5 25
Ak, B SR A R A YRR R
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HE/EVA PR RE 224k, A B T8 75 A2 ) B 4
AR RUBE B9AT AL, O A g AR i T 254K
b B BB 4 1 45 A A Ak B2 TsOR AR A T B AR
o {EE, HET PBM BRI | AR A7 A6 1]
WSE, FTRSEA LRI TS, ERH
TEBHR LT L XELLORUEATILL Y HERA P

BRI T PBM KL o 5 T EMMS 94 KB
UV BE 1Y 4 T4 7s 02 A5 A] LLOAA ) 2% A B i
K, WENNRE R SEILER], BT 8t 8ik
O3 RIS 5 vk, T A R ) T I B R
B, RO T S8, R RO B 92 50K
ik

1.2 BFHRZESHELBM)

LBM & —Fi 4 T2 A GO IX 2 Fh 7 2
(] B A WBUE B Ty 1, MBSO Bl 27 £ J3E i
- L KNP UR =S E X (N R Ok DA RS =t
S 2 < I 111 B 3 o (E T 3 6 1 B VA 3 U R
R R Z MR C R, KRR EE . B
SRS B . LBM it 4> Fia shie Mgeit
J1%, BRI, BA RS
8 5 TIFT IR, TRV 2R 5kl
T BME LUEAT B/ a0 RBE 3l . 2 ALY BT i 55
GURIRAG Tk 2 I RE, R4 Yyt AR b
AN .

YA E Z A B R ZLRA e 2
UM I 2548 , T LBM {f BAy B h o RO 8
P TR 311 T 247 S B A M A AR A i A R
1128, A BT B D RE R L . A
SRR LBM [FEANTT R4 7Y, 454
B A 5 7 (immersed boundary method, IBM)
A0 B[] - 0 ST AR BRI, RS R T A4
L A Y A £ S P TR IR L 2T 4 ) 2 e R
Nizd . BN Th AR s sh U e &
UMY AR R B IPUR AT LBM ASEHLL T ik
CLVE R H A s -ar ikl #2, JFEM T 2Bk
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BN Y Ik VR U 31 B — 4Rk A (nitric
oxide, NO)HY A e 7 Afi o TEAF B B 1A,
LBM 5 IBM 454G a] IR by A, (H2
W T e ngBR &, BT SRS TR
Z MM 2 BaRE R A RE TR, BA =
Ak 45 1) S Pk 2 FLAS A B TR ROBEAT o 1 Rf
eGP

TE 75 Z2 LA I ol i 8 4548 1) A= 4 3 D B
B AL SRR O N b, LA B R S 3R
1) 3k Bl RN A% B0 A ek B A3OR A  2 OCHEY
YER &SI I E LAARAS O P A K e 4 SOH:
XTLBRZE R AR AL B2, IBM = % i1 A 7 ]
DR 24 i 7, IS BE LA 7k (quartet
structure generation set, QSGS) R L4 #: & 7= 1)
JUMEEH, 5 LRk z—454, LBM SUER
U Z2 LA Jox v %) ik sl S ek 1 A K A DA
I 2), Benioug %K LBM-IBM #i4&
JFERRL T ZHAN P A RAERK, A
AL B AE YR A K AU Damkéhler

*2 RTEYIERERN LBM RE
Table 2 LBM models used in bioprocess

H. Peclet XUMICIE MBI I JIHHSG, BRALER
O AW ) 3 A 3 Z AL BB E VA B
FW . DTS LBM 5 IBM F G LY
ZAN BRI, SRR A Sh U R
ZALA PR A R AR KO T R, B
B AP A K B T R ) 22 £ LAY JBAH
X E R LR RS, R T
A=W FE B B A R R S R b L L LAY BT
BYERESUE YA, sk S A= Y3 e S it 1K
Wio B %EPSRA LBM-IBM H AR £
fLA B, SR A B Fi R S A P A I
AL T LB R U W A K S SR AR AR ST R
(representative elementary volume, REV)Z {4
i 3 A IR A 5 5L (18] 2), it REV R
JE B AR B AR AT AL R R D A, AR
FLEUREZ BT 32 FLE R, B REV R
ERBER, ZINEAUEAM R A A K
FRPE, 0 REMERG S WL LB RO A A K5 5
T R Z AL R WS AR RS, R

Models Characteristics

[BMI27-3032]

Using interpolation functions on discrete grids to describe the position and properties of solid boundaries, it can

handle boundary problems withlcomplex geometric shapes. The accuracy in simulating high Reynolds number

flow needs to be improved
QSGSP!]

The morphological characteristics of porous medium constructed through the adjustment of four parameters

[growth probability of the initial growth point, probability of growth direction, the volume (or area) ratio

occupied by the growing phase, the growth probability between two contacting phases]. It can describe well the

microscopic pore distribution and shape of real materials. It requires significant computational resources and

time due to the complexity

REV B ourndary
condition
e
| DR Porosity
v distribution

Pore

LBM-IBM |

'

‘Velocity HConcentration ‘ — | Velocity || Concentration H Biomass ‘

B2 FLBE-RIEATRE LBM B4 750"

Figure 2 Schematic diagram of the Pore-REV coupling LBM model principle®”’.
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A A X Z2 AL A T8 385 2R 5 Ik 1) 52 1) A
A, A RS R K R R v B U
FEPRAUE T ISR . N TR AW 2 AL A5
PUECA TR A (5 BT 203 R E], i g 450
K Z2 B A% (A R A A, 2 3 IR
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M AL ) S s 7 N R 3 B AL o, Ha s T
N7 £ P A RUBE 1) A 0 65 45 A (L B 38 L B 25
AT 40 Jo A% i S 2B A BN B sE e B, AR
B 25 A AL A8 B T D7 1a),  RIVSE I B2 o A= 4 g
FLBR R B 5 A W B R FLBR A, T A ) o
et , iR N, REIRYERECE. B
i, LBM F A= 95 7 2 AL 45 b ) B (E A 0L =
TR AR, RRig 2 IR A OGN R AR 1k
SR RS EEAL A, HRZAL
A TR 1) S, = 42 (A 35500 11 52 i e
DUAIR 5 55— 7 1 Z2 LA S5 3 S 500 LA T
— e gk 7 WS R ) S e R B TIE AR Y, 4
WL RURE L R e A R A A T

R PR B3 0k 58 22 e A% 5 s Ak 2
15, LBM W] LIS EA &2 22 A A5 1 2%
B SN g 22 LA LB A 00 R ) A
W s AL . [, LBM J5 5 TSe M fLBR
RS RARTTRE WIS, 7L B ek
P 8 I o7 2 A S RBE R 47 Ry T s B A S
{H2, BT LBM BB E R U 0 20 i AR (i AR
FEME SR S AR A AR FOL VA B B S TR
Rril e, 7EU RCSORE = AR R A L RE Y
N HBESE M T . 534k, HET LBM ik e
Wy 3k A A IO FH 2 R A A AR, = A

TR R AL, i = AR fE 5 0 B 2y P s
()4 N D7 TR A S, MO A AR 5 — AR

SRR SIE, A BT A 1 RO AT
N, o Hr REERIVERTBLA .
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2 ALfRAL

A= it R R i 1 22 )2 IR 22 RO TR] 19 52 )%
KHFHOE T I BV o WX, Rl
KB A B DA AR e AR 1Y) & Je, Bk
A Yt B S AR VR R . BURA T
B HE B AR (AD)——HL 2% 2% >J (machine learning)
MR, AP R RALTEA T TS 1,
A=Yyt B AL A BRI B IS
21 HBEFIFEEN

Blie2z 2 N TR ey ok, prasn
R(H AT — BRI RN R T 2R ARG
1, Bl IR B A AL, A A
PR 1 Sfe SR fie ] R

G bLER 2=, ARIEEAE AR ETE O,
— A MW 2R ST | MBS S R 5T
WA = > T AL 5 A 28 1 A0 v A R i A7 I
G, PR IR BL R FN B R AT 00, R UL
W22 ) B AR R B (decision tree). 4
m] & HL(support vector machine, SVM), k(1]
IH(linear regression) . i 45 7] 9 (logistic regression)
P22 M 2 (neural network) 35 o TG W B 2% 21 R A
L8 N PR VBV 254, 18id k-means
FJ5(k-means clustering) . JZ X 2 (hierarchical
clustering) . = h% 43 43 M7 (principal component
analysis, PCA)SE A LN BRI 1028, 2212
P ABE TS o AR o o B 2T B XML
RO B A AR TR O, T MR A= I
SRR P 5 2 0 B 2 > i A B i )
SREFR BRI AT R ) AR bR 1 s 2 A
Y, E 0BRSS 5 3 S R ) Ml (transductive
support vector machine), A= AR 7 (generative
H Yl %k 55 ¥ (self-training
algorithm) 55 . & A — Fh 55 Wi B 2% > (weakly
supervised learning), X HYAESh 2 FPfE AL,

model algorithm) .
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— PR EANERGA, — PR NG UER
TR GE bl 2 > 38w 5L T HCE Mg T e
R N T BT B RRE A7 5508 1Y o S Ao
XA i A R R AR RSN, BRAETE/NEE 4R |
T A HE, BT ETRERUN L2
MR, I E T EAR U AR 1 S
e He PRI U AR IR IR, BA BRI A
TR, A TIAFMIERRZ

R 2% 2] (deep learning) & —Fh 3L T £ 2 #
2 45 AL AR 22 2 BB ™ R FAE S
PLgs 2] — T LN TSR E, A2 —
P G R T BB A ) 22 R R AR I 4 4
¥, ZORZEMAEMYS, H—)2Eid e
Pt ke S IBOMT 2 ) Bl A R AE o TR 7 ]
1) FEEALHAE T REAE KA B B 35 )
FRHIE o MR RS 2T SR, TR A AR R Ak
2# > (reinforcement learning, RL)FIiL % 2% ~J
(transfer learning, TL)SF Z R, 58 1k=2% > N
— RINVEES i TR, X ESREE T
HAT h RN — L F R, AR AR 2]
MICH AR~ o TEABARRfE A= S rh,
RE A FH PR 55 1) 5 RS AR AU R 355 I il e il 15 5
FFdeE i A7 8l . fE o ALk 2] v, T RE
EAHE R, JF A& B,
7T 2 38 4 Sl A 80 ek B R Mg 1 R T vk L
AR BT A . 1B 2 ] LK — A4
I AT 55 v 30 A0 PR R =0 T A o — A
KB UL g H sl @y ik, RiF AAER K
M ARAR TSR R R R, JERNH T — &5
55, 7E BAR ST ROA 5, 38 5 P ik
T Y SR AR A B R A 5. T2 )2
T 228 I 28 1) TR B2 27 > B A% R MRS 4K 4 v A 3
BRI, SRR AN T,
TAE PR R B I, B B BRI R

TERBAR IS T, BEE 257 FH 0 R &

&: 010-64807509

&, Bl pakbes . e A AR
Z2ER R R T, AW R m I Be A 2
B, AL IEAE) 3G X AR O D (4 )7 ) A o
ARk, BAARFEE ARG a4
RPN AR, BRSEH 25
22 Al EEYIEREREFRINA

AR, AL PUARAE A= Pk BEA [A] 475 31
TR, AR ECR AR . A Al
S, PO TR AR R T AR
Tk RZypt ot e, s T EEYonr+
JRR BN A AR RN o A SC EEERAR LUE
I T B M 4 A S v 1 R A R S R Ak
HAn iy AL AR R e
221 BERtEILEEE

fit A B Ny B 2 I S5 AR R A B R A
GFAEA L, TEBRZY . Bdh . BEURSEGURY T2 Y
o B PR M S ARSI SO0, R 58 v 37 1
FIRRE T A2 52 Wi it A A Ao A Ml A 107 T 7 3 B
PR, oA il S I 3t R G A DG T ) SRR A3 o
Mlaese > A S SUe IR e, nT R
IR R A ), PR e B I OC R AL
PWXTELA A . HET, Hlasy ] 2 TR E m
B AED il 2 i 4 ) PO K il Sz 1
RO AN P AR 045 T (3 3).

il 0 R R Tl R 25 4, AR R [l T
DAk 2 Tl e A B N AT A DG T I FEEE T I 22—
B4 B R AR H LI FE R K BT R A%, Pl
2 2] D5 WA TR0 B A B AR 1) T ) B T
C AR m pwEmh v i H AU SRS AL %
ATTEA LT Z A RERE-F I G R, BERE
it 4 1 B AR, P SRy P 51 45 A o
TR g Ay I 5 i, TR N
AlphaFold 2 14 )& BE 2546 I (global distance
test, GDT)F i BGA 2 T 92.4, Tl my 34 5
RIRZL N 1.6 A, B HAREHERTED,
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*®3 Al EBEAIIEPHNA

Table 3 Al models used in enzyme bioprocess

Subject Task Al algorithm References
Enzyme De novo design malate dehydrogenase and Generative adversarial networks (GAN) [52]
design fructose-1,6-bisphosphate aldolase
Predict halohydrin dehalogenase sequences Leak generative adversarial networks [53]
(LeakGAN)
Enhance the diastereoselectivity of Gated recurrent unit (GRU) [54]
ketoreductase for dihydrotetrabenazine synthesis
Enzyme EC coding of multifunctional enzyme Graph convolutional network and [57]
function convolutional neural network (GCN-CNN)
Function prediction of understudied enzymes, Feed-forward neural networks [58]
promiscuous enzymes with two or more EC Transformer (FFNN-Transformer)
numbers
Function prediction of multi-level enzyme Multi-view deep interactive [59]
network (MVDINET)
Prediction of metabolic pathway Graph convolutional network and [63]
random forest (GCN-RF)
Enzymatic Prediction of polysaccharide yield Random forest (RF), eXtreme gradient [64]
reactions boosting (XGB), deep neural networks (DNN)
Prediction of enzymatic reactions with a Multi-task transfer learning [65]

molecular transformer

RZC LIMAE R TIIReAR, R 17X
SO R o 8 S AL A% > O v AT LTI 2 k0
FP 5 ST S bR TE A I T RE . b R G0
ST — TG T A R 2 AR A i A G B 2L
TREE 27 2] Z 1P REFN 7 % (multi-label deep
learning GCN-CNN net, mIDGChnet) , ¥ Z#1 ffi 2%
2 ZARE S IEHLI RN R G R B 2 ) W 4% 45
FARSS G, 38 BB 5 30 0 7 AR DG PERRE
FUFF TR 2 A AR R 4R 5 [l KA
R ZE X il 73 S hn A5 DA T IR FE RRIE SR L, 78
SN, SR T 2 S I HLR A R R
2 M 2% (convolutional neural networks, CNN)-X{ [#]
I"J #2116 21 BA.JT (bi-directional gated recurrent unit,
BiGRUs)iR & M 45 Sk & ML T Z Th R il )3 51 1) i
JE JRy PR AR AN R FE 42 R R, TN T 2 D) RE G
58 % EC 4ihh, EC Hihh 1-4 2415 09
RO 97.84% . 93.14%., 90.27%H1 72.49%
Tang %5 POV T — Ff 22 W0 18 TR 24 > O vk

http://journals.im.ac.cn/cjben

(multi-view deep interactive network, MVDINET)
FH T 0000 A 1) 22 R D RE , R UERCHE 5 i PEAG &5
KW MVDINET X /il 22 2% J1 GE 59 700 P4 fig ¢
HEMTALG Ik, HEl, SR HALas 207
12 BIMGE R B2 2~ 1 AN RE U T80 2 R 91 i )
fe, hits Z A AR B A uE s, I HoAH
AU 1 £ o 20,

BILAS =7 ~J T i B F500 K it R AR Ak rp -t A4
BT R PERE. Lincoln i i W B AL # 2 )
Tiik, W T 5 e W S A B O R A S
TR AR JF R I Z5F 2y, B e T Tl HL A
B2 LA BT I S AL B S A e S R
Baranwal 55 & 7 — i 5L [R5 UM 22 0 245
(graph convolutional neural network, GCNN)#/
FEHLZE MK (random forest, RF)HLASF > s,
i i B B 2 M A 3R U TR IR, 1N
BEBLAR AR 2L 2004, IERR TN T 95.16%H)
AR YA S W AR BB B, X 2R
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AT 55 TR MER R E) T 95.62%., S1E5EHY
A2 SO AR T, il SO i s R 3 b, AR g
MR T O AR AL A5 5 > T3 05 A0 I o 48 1) 2%
(graph neural network, GNN)FI1iF ¥ it 25 ¥ 2%
(recurrent neural network, RNN)AJN HAZE] T
—E BRI Kreutter 2 DREU T VR 2% 2] TR i)
Z AT 45 i #% 2% >J (multi-task transfer learning,
MTL) i 5 W%, 1) 3¢ [ & B 7 45 J (United
States Patent and Trademark Office, USPTO)
A HLE BUSRABHEAT BIZR, A) F f
ARSI S, i 2k A AL N ) P 2 N £ S
A B i 1 BB TN ) ER 1, AU fE 2
il T I 2R A i B B A i . A58
WG BT, 454 USPTO Ml ENZR HdlEsE
f9 MTL B 45 2R B R R 290 62.2%
(XA F ENZR BB R0 A2 34.3%), 75
Kdl AR PR B 22 WO (I 017 e R 5 S50 ) ) T
J 48 SR I B R B U0, i 0 ok Tl S 7 2
T AR R IR F 2 70%0, AT UL, EARSR
TRIE 7 ] I R o7 > SR T LA Fi v it S 107 45
SR FHERR R, (H AR AT M T P o
BRI p) AL AL T DL SEad SEg i 572
e, )RR A, SZ R A
TG PEZS [E), PRGN RE S 45 H e, wT LU
SR ) A 1 B LA, O S A B D RE
AL LATSO LG Y SN A RO, E
it Sz SRR DAL RR . Bl I ANl Tk
0 R 3 N A I 2, AT LS B 4 K
IO LA PR RE 0 e RHERR T, (HZ, HATHLAY
5 2] AN RE N TN e AR i R D RE TP ]
AETE T i 1) 5 A 2 A% (BB £ 5 il 45 4 6 55 DU ¢
G5, WLERA ) 0 ANl 1 b TR AL G T AR Ak
AR AR AL IS ARG T, s B i Y R (R 4L
PO AL, TIHLAR 7 ) R kT H080s i) e 53
U A B2 5 A R T A B AR G v A B A

&: 010-64807509

ST, AR R 2 D RE B bR
SR o IR T IA T 8% . Sy — T I,
T A% 2 2] i v Il S 1 T S A 3 0 SR R
A E R Z [ BA B TE A LS, B Pl
RN WNE ¥ NV 3t ot N
FHEETE RS [RI AL, 87 v] s U e ) i B
LA 33 1 1) By B sl s ) O e
2.2.2 EMHEREYENIIE

A e R A T A 0 B A A L ) A A
SR G A A & . 19U Y sk gt
WY AR RNAR R R Z 2 Z A2 40 3 1Y)
EARIEER, AR A B ARSI B B b %
B SN G, SO BE AR 5 A, T HL RN
AP ARZ RSB R A% . Bl HBE
s 278, AL GE R A Wy ad B AL s BE AR T 22
B, M2 R Z R A A 1 2 T 2 10 i %L
P o B A 3+ oy IR . AT BOR BAT 58Ky
Bt 1 S WS A R RE 0, TR 40 Ul R 2
00T N B AR B AR A i
(08 B AR 5 4 o) 1542145 Ty T e B o R Y
PERE(R 4).

I 2 v ARG A 1) A L i v 2 W i R AR
M EERBEZ — BRI SERHE R EL
Lk Z 50U, &R I B U0 id SR SR Ll
240, SREEPY Y, o RRAREIE, R
HA RHE b PEL 2 [R5 53 RE 1 L &5 >
T3 2] LA e 88043 B R 1 G A5 AR 4 v 4
PUIRCR, $Eedpiiikima; 5 —Jrm, Hl
a7 AT B ORI A B, 1248
THREFNBE PR ZH [E] YOG 27, Ay 200 1) ik PRI T3 2
BEARYE . Shang 2155173 3l fifi 1] S 43 1) F ML (support
vector machine, SVM)#l k #4B(k-nearest neighbor,
KNN) AL 27 ) 5k 23 A i 206 3% B 001
7, SVM B v IR B A Had 95%, KNN A
VR IT 90%. Aliev 25175 1t 22 )2 UM
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4 (multilayer perceptron model, MPM)AL P HL {L
SRR, TONAE P AN R, R R
4 10>-10° CFU/mL, “FX¥IHERHHE 97%, KK
FF AR S T DA 2448 h 4565 % 30 min, FK AN
SRR TR OGER TN T e A 25 AR LR RS
YA Ot 208 7 TR A P, i R T R DR 2 B R
N LB FLMR AR ER LA, BERE T
O 0 T RE RN AR 2, WHESh T s AR FLRR T Y
M ACHERR o 38 A HLES A 2T 5 st AT DA v O E

R4 AIESRFEMHABRNEYIIEFEA

Table 4 Al models used in bioprocess with cells

ARAS 3h P 4l B 25 T8 A . Migdadi % U0
PLes 7 07Tk e i g e Pk H-1-H-1 24 ¢
W, ARAE T NG 2Ok IR A N TR] 52 5T 40 i
(AT-derived hMSCs) L K i 15 4t Jfd 0By 4 it 43
RIS ASEAR , RN T 250 DL AR A
My, Hrpr2i4s kernel null Foley-Sammon
transform (KNFST)HI kernel density estimation
(KDE) 7 KRB AR T 3.6%, BEHTEFIE
BT 0,

Subject Task Al algorithm References
Cell screening  Ultra-fast identification of lactic acid bacteria  Support vector machine (SVM), [66]
colonies k-nearest neighbors (KNN)
Detecting Escherichia coli bacteria by a Multilayer perceptron model (MPM) [67]
bioelectrochemical platform combined with
machine learning model
Gene regulation in Escherichia coli Deep mySQL group replication (DeepMGR) [68]
Capture the differentiation of Kernel null Foley-Sammon transform [70]
adipose-tissue-derived human mesenchymal (KNFST), kernel density estimation (KDE)
stem cells
Bioprocess High cell density cultivation of Deep neural network, Bayesian optimization [78]
optimization Corynebacterium glutamicum and genetic algorithm (DNN-BO-GA)
Enhance performance in plant-based Principal component analysis (PCA), [79]
microbial fuel cells classification tree (CT)
Improve lipid production by Rhodotorula Artificial neural network (ANN), support [80]
glutinis for renewable fuel production vector machine (SVM), multiple linear
regression (MLR)
Optimization continuous biohydrogen Particle swarm optimization and functional [81]
production in dynamic membrane bioreactor  link artificial neural network (PSO-FLN)
Optimize of CHO-K1 fed-batch process Artificial neural network and response surface  [82]
methodology (ANN-RSM)
Optimize biogas production from palm oil Feed-forward neural networks (FFNN) [83]
mill effluent
Monitoring and Temperature control of a fermentation Twin delayed deep deterministic (TD3), deep [87]
control bioreactor deterministic policy gradient (DDPG)
Predict cell concentration Attention social scene long short-term memory [88]
(Attn-SSLSTM)
Prediction of oxygen concentration Direct memory access and recurrent neural [87]
network (DMA-RNN)
Monitoring of biopharmaceutical processes Principal component analysis (PCA) [89]
Rapid determination of starch and alcohol Support vector machine [90]

contents in fermented grains
Temperature control strategy

(SVM)-AdaBoost/XGBoost
Random forest (RF)

http://journals.im.ac.cn/cjben
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Ak R AN ML R g A L AR S IR S AU
RSNG| AL LA BERT 25 278 B FRAE .
R B L ACYERE, WA W TR Y N B AR BAK
Ak, — T O Z R LA ) IR A A B
W LR 2] i SHLER R 5 5 U i e
A R REEFT B 40 AR K 3%, Konishi' @ 1t
TRFE 22 45 (deep neural network, DNN)4i )
wit, 454 D34k (Bayesian optimization,
BO) gt {4 5 7% (genetic algorithm, GA)fffLEs
FRELAI AL, BRI SR i R k5] 0.98,
KR FREA S, ST, R
BEFF R M A K HORIE R T2 46%. Zhang 551
il FH Z2 Rl a8 2 >J Sk X B o & e ol F A7
BEROEAL , 5T N T4 28 I 45 F S 4 ) 22 AL
(support vector machine, SVM)JHL#2~ > 7 ik
ST T A IS K R A TN AL A, IR
RET 093, A WE¥IkhmLnsk
P4 [8] 5 (multiple linear regression, MLR)¥EAL T
TGRS A BRS80Sk S
A (GAYXT AW g A Bt AT T A sz H
it e RAEY RS 50.3 g/L, IR
BE] 14.1 g/L, BINES S EZ W iR 22/ T
5%, Pandey 2Bk FHEL Ak (particle swarm
optimization, PSO) I it 5k 2 N\ T- 91 28 ¢ 2%

(functional link artificial neural network,
FLANN)Z54, JF& T PSO-FLN JRARRL, fii
F PSO-FLN i A 70 T30 51 245 B 5 1 2% i)
AR MERT &', EUT R R Y
R 0.97 F1 0.80, FHAHXF 52543 3K
0.014%7F1 0.023%, PSO-FLN #H % i % 1 5 45 1Y)
TR ] N (A R T B E] 2k 9.8 s, &A™
HEFU A Y 10.0 s)bHE 22 O8R4, T H.
HARE R ; KH SHAP (shapely additive
explanations) 73 #7 & BL A ML 7 faf 22 A1 T 1R % i
J g PEBRERE I .2 . Pinto AR TRT A

&: 010-64807509

[ By T fH 22 N 2% (feed-forward neural networks
FFENN)RJE (3-5 2)MIR & B A E 6 R P
S ML SR R TP SRR T RE, A BRTR
JERRBA TRz ke ), HikERAH I,
NZRFILTR2E 7 AR T 14.0%H1 23.6%,
CPU R [a38 00 31.6%, 7] PATH 5S35 #2 vp o
FACE Y (N FLIR . B . A B =R
B AR 55 A8 o Tan 25 2L 00 1/ 17 925 (response
surface methodology, RSM) 5 A . # £ & 4%
(artificial neural network, ANN)AH&E &, Ak
{2475 S i (chemical oxygen demand, COD)Z:
B4 B IF 144 (suspended solid, SS)Z & R HIH
KPR T 7.38%. 8.37%. 16.18%, il
AL Ik AT L n MSC 20 M gk fbast 7%
rRERE AR AR A, SR 40 A A A2 Y
FEARME Y

TR TR E et IREZ S HEL
AR A SO B, A AT AR/
WES4k, WPl 2E S R A B S 4L
SIS IR A W e AR I R AR ) RO R A
54501 Rajasekhar 257X H T RUAE IR R B
FEPE TR WS BR E (twin delayed deep deterministic,
TD3)FIE B 6 5 1 R WA 5 (deep  deterministic
policy gradient, DDPG)iX 2 Ffiui fb 2 ) J5 ¥k X
S e Ui BE A R MR B, SR G2y 4Rl
FET U %R 22 K il i TD3 il £ 1Y 35 5 22
4 0.22, {&F DDPG HJ 0.29; TEZFRI=HIAYH
BLT, BT R 4R 22 2 il i) TD3 #4144
77204 0.38, {&T DDPG 1Y 0.48, Sammaknejad
SEENFE R T —Fh 3T 0 W B 2 2T v A A
(PCA)RYSERT Zege it Wil & 45, vl LA I JC g
SEE At A P 250 BRI AR s A TR
S RN Ao AR v A R B S AR O, AR
FH BRI IR A8 1 I [R] R AE M By ISR G 4 AT
3, PRIE T2 B R A = . ] I,
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TEAY RS, BEXPA R ZEO] BT 2 A
[Fi) A4 B3 Ak B 7 vk ol AT SR 3 e S s
BT M AL J7iEAE HAB YL 5 AR5 it
SRS, SEBUR AR Py B A S
A ST, A8 AR, $E e
FEFRRCR, BB, S T

BlEIRsh iy AT BORAE A R A9 254>
WOz, SEENET IR
FALE, FERLET R ALRCR AT DI i 1 3 2 4>
B2, AP BRI R T3/
R WATFBEREE , AT LAGAE T By s Fn
P TR EER R T S I R R T S B I 2
PN, TR L A% I I o 2 2 BRI 3 Py 3
5 B RO R T e RS i 5 3R AT A A IR
ENE WA DA i D /A= W VS SEE IR VIR TA
SRR BN B S22 1 D5 e o BRI LA
2 7 1 T LLAR A AR A IR A, L A it
T v R 2 ) A L e ol A i AR S LR S5
W R SRR 27, ARSI M 278 1 R 5t
L HLaR e~ B TRNR B IR A TR

3 Al SHREEUNES

A Wyt i v A i R N EG T A R ] ) 5 2
KRAM ST L E AR ] iRt | P
RESRTF LA R N AR R . 4Rk, BUEmily ik
W& e R AR R RN, A
ALRACERBE T 3 8%, an 437 3 124550 (MDS)
o SR ) 2 (CFD)S AR A | 283 S0 iF 1 4
W, AR AL AR A BRI, ¥
MDS/CFD Y Al AR5, AMUATLCA AT
A A 2 06 ¥ A SR LY Bh S R B8, 38 ] LA
Pem AL BATfRREME; Dy — T, & D at
AT AR 48 5 MDS/CFD BRIECRE> B E A
LS HLERF S S5 03 LR I T A i
Ak ATJLAE, mim Y Rtk BT A

http://journals.im.ac.cn/cjben

BRI RIS AL B (FE LG
NEEBIF T IERGE . 2 RGN AL
R MDS/CFD 454 [ 55 #E & .
3.1 Al 5 MDS W44

fit 1) P B RN D e i 2 MR T o A 4
Ak, MDS 7] M7 T4 254k, A1 5 MDS
45 A —Jr A B T AL B9 A] iR , i Al
DIRhFE AL PUAL RO ZCH | & v 1 2 BE F00 0 1 235 44
WK RS 0 —J7 T, XT3 J1 @il
. P RO B A L T ) S O
I NTES: N R A O N TR = &
BT AR

33 41 3h 2 AL R A 52 AR R AL
Hil, AT LA m LA ) B AT AR . SEPY S
S LA PR A7 R RS R B b, A B AT
B B AR (72 SC%E)FE One-Hot., Georgiev
1 MSA transformer 45 7= N FH 10 538 X
SRR HEAT U SR AN, 7 2 2] HH Wi A2 1 2
Y G202C/K208G/G266S 714, F i 32
MNP 174.1%, 181343 F 3 J1 24
WA, L T R AR AR R G202N/K208G/
G266S SHF A RUTEEEREEM | JRERLSEH .
TR AEHES N M EAE i 22 5, RELRAR(H
T o BBHEM IR BEREAL, JFHAER
ARG T MU A M, R T
b =B AARTE R R R I e e tt, T
ALRARFRAT 114 58 45 1A ELAT 58 v F EEed =2 4 1) I
o 3835 3l 1 2R R 7R W R A8 1k
A LSt R TR o T RE R R (R SRR, Ry 1
REALIL P Tk H

I LAY 27 2 7 2 ) o F 3h SR B
5 FT DASE BT (A 2 A8 Ak, I RIS R4 G .
RABTEL S| AR > (deep learning, DL)H 1
P it 25 1) 2 (GNIN) 3K 2% 2] 43 3l 1 2# R L 4
T, W R (0 ) 9 A8 R R S R S ey
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FRILA AR S ML, IR 1751 %
ThBE AR 5% I/ 25 A AR AR, s
R R () B P 52 738 Ak DL S B4 8 T g Rt T
# 3 . Zubatyuk ZEP°JF & T AIMNet-NSE Bi%
iG> F 8 12 R %, M T
SF RN IR ES, PR TS
Ftr. BIESRETIHFERML, JOREFE
P

W AL H AR5 5 F 8 J 2B A, 7T
DU T 0 7 30 J1 A A 3R o Glielmo 457
NG T TC B~ > i ARAE 5 TR 5 Fr
AL, 388 K 2 B e 4 A AR R AR AR A
K< BRI R IR A AR TG40 R DR BR T B AL 3
MIAs B SREE RN, Wit BB %
AREERBR, T LA SO 32 O 5 B8 2 4
H S B, B AR A [ B R P AIORG
Kochl %P8 UR FH 41 8l ) 2 B0 DA o 58 1 45
A1, RFH R R 28 ) 2 BRAL X T 3 %) ik
IR R BRCR, HTHRE¥5] 5
(53 F 3 J12# AL, ALk T SARS-CoV-2
AR R B R SRR T A T

STFEN RS AL AL ISE A R
i 12 B 7 B SR AR A A R B L R A
O R A S DA N OR & (3
ALRAC B BAEIR , oAb A /BRI %, sk
HHEA R E IR, T L /N Se I
AR RECR ., Al 5 MDS XU A Y
R, T—rraenaE il s, Wik Al
5 MDS K HAbERN NG 2844, B AR
Y 110 1 S I e i R AN T] B B 14 i o pr 5
=gy, N BAT — o v A ReE AR AL, A
Rl AR U, i B KA A B RE T 1 AT
FiAR K R AE
32 AI5 CFD#%&

CFD J7 ik iy itk 20 I HAE A= W 3o % vh 1 1
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M, RN O A SO A TR A A5 T
5155 A Y IR S R0 S AR R DGR H 4R TR
A, TR T R R R XA R A H 5557 B
Mo CFD B0 AR R 8, 58RI s n)
Al 455, Bk AL USSR AR,
ALRALPIREEE ;. SRCRE ALYk A CFD #/7
Hh, 3 g A ) PR SR DA R I CFD #5540
IFIH], A R AN RRARORS B R T4 e A8

CFD #] L)l AT AEAb 48 (A a4 = AL
AT AR REE , S T2 AR AR 5 . Wodotazski!!
K H A & APLfext CFD 1§28 p gt ek, e
BT ouhR R EIE P BRI (GA) . WU
fk(ant colony optimization, ACO)FIHRLF LI
(PSO-bird) L ALALR , PSO-bird H 1153 1 fix
PR AR TR ™= R f i, e ACO B9 2 B i AL
PR 6%, {0 ACO F5kAH 3 (1 B fft 7 3 i
Xif N R BRAVETE B 96 . Kaya Z5PPHRHE CFD 44
DLAR A 1) B A P S 0 P AN ) A5 4 (A
TRAR L 2 5 TR SR ) T SRRV AR 1Y
=HER A, TR R ST R XA K
1R E (R B 1) ) Al Kolmogorov RUEE) Y {4
BOF-2 5045, Z J5 43 500 >R & A R0 R I 4%
(quantized softmax networks, QSN) | 1R &% J& ¥
% (mixture density network, MDN)FIAZ {8 %
A (kernel mean embeddings, KME)iX 3 Fiifl#52%
> 7 ST K T SR A AT R AR R A S B8]
RFR . GERERW], X 3 FibLdess > Ikl T
DASE A F AR OC iy af B2 S8k, Hid, KME BEAY
FEUERAPE . TI0I0 A SF FE ROGT N AR Ak ) g AR
BE 1) 5 AR . Wodotazski' i H fkadt 7 vh &
B, BIMER AU RAR LA R HED] , il R AR
SRESFUI L N A i D3 il ik PBM 5 CFD # &
BB ABE UL B T b 3R m 7™ A 14 i PRl —— il
PN GOV RN A I BRI ES IS

AL 5 CFD WXL, AR CFD 1Y)
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BOARCRA AL DAL HER . 35 IR T H
TR 24 2 Hi AR INEE T CFD AL A EFI T 5
FI A TR 25 W 2% (convolutional neural network,
CNN) F1 K % #1212 (long  short-term memory,
LSTM)#HZ M2 557 T CFD {4 5 i - il A
A CFD FLUSE TN B SR 15 F A3 S 5L T
CFD IS 1 I 3t 850000 114 B 7 s 7 00 =348
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SV g £5 4 43 I B A 258 6 7 o S b R 25 A
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22510 2.44% . 0.33%F01 2.73%; R A
TEAL A 25 W 45 50 5 45 FHUR 28 D0 4% 1 7 kA R R
ik T 30%M) CFD BALitHmfE], SZ8T CFD
ALY IE . AL SoRME CFD BUEERY, 2
CFD #4l3% ; CFD i Al BILILIERE.
HuirkE, Al fifks5 CFD M4&FEA
AR JLFERT: # CFD B BE1E A AT I
IR R TR, A S H ARde bn s AL 454
M5 il CFD fgdr AL P4 A p R 5 i
it AT PRk 5 CFD BYBIIRCRE . 1A &5k
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AL BN Z it 125 CFD 35, /)5 ALY
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Optimisation

&3 Al 5 CFD &4mEYEEMk

Figure 3 Schematic diagram of the integration of Al and CFD in bioprocess.
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