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On solving stiff differential equations in system biology with neural networks

ZHANG Yanling, WANG Mengshou, HONG Liu
School of Mathematics, Sun Yat-sen University, Guangzhou 510275, China

Abstract: Stiff differential equations are very common in system biology, due to the intrinsic
complexity and multi-scaling nature of the systems under study. In recent years, a variety of neural-
network-based methods suitable for solving stiff differential equations have been proposed. In this
study, the performance of four non-temporal neural networks, including fully connected networks,
residual networks, improved residual networks, and deep mixed convolutional networks, as well as
other three temporal neural networks, including recurrent neural networks (RNN) , long short-term
memory networks (LSTM) , and attention mechanisms, are compared systematically with respect to
the stiff Belousov-Zhabotinsky (B-Z) reaction and Van der Pol (VdP) equations. Extensive numerical
results indicate that for solving stiff problems the accuracy of temporal neural networks is much higher
than that of the non-temporal neural networks, the running time of the former is also shorter.
Meanwhile, among the four types of non-temporal neural networks, no significant difference is
observed. Finally, it is found that the neural ordinary differential equations (ODE-Net) can achieve
extremely high accuracy within very little computational time when applying to stiff ordinary
differential equations. This study provides insightful guidance for using neural networks to solve stiff
differential equations in system biology.
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ERGEAEYZ T, W TR R E A2 R, TS T &8 21 2 [Ov  HAH 2R K
oA, TS RG24 Bk B AR AL R 22 ek K, BIVETIE Wi ™ Pl A (1 2% [ 45, 1999). L nfE 28
ML) B B I 1) R DR S RN BRI I 4 v, B 1 DR SR R4 DR - 45 6 TR 25 1 R — i £ e KT R IR
SRR A A8 DT 745 35 A1 sf Bk 2210 220 b 7 9 A %000 478 B9 R 25 ( Thomas et al., 2012). 5 LA A BERE
2 g v %R AT ) 265 38 % (Fonseca et al., 2011) ,  J&F SCIGEHE T #4114 22 ROBEAR AR vy LY g 7 3ol o3
BOHZEDINBCE DL E, NSRRI “RAS 77 X APl U5t A AN [ i oz 5 48 . IG5 iy 91 35 85002
ARG, WP ESS G BAE MESS & 1 DU R T OC (Gardner et al., 2000) . A= 975 3 4k T (Asgari-
Targhi et al.,2019) . 55 TR %15 S 004005016 (Sneyd et al.,2017) 55, AR B o 2 /s S 2 A AN [a] st
] RUBE AATE . AR PR R AAAE, TCieX TR ARG AV H RN B R i, B2 R TR R G4
W2 AR g 3 Y A RN S B A A A R T AR R APk R

X F R G W2 58 i UL — 2% T BRIIEL IR A, FR AT R Shampine Fl Gear 45 H 19 28 L 3
SCOE24F,2001).

EX 1 W T —Me iy o Jr il

dY

E:AY'FC,

Hry, Ce R REBIEHA e R XN BR300 A Ay, - A HEKIPE e SO
max {[Re(2,)])

min {[Re(,)]}
HAp A RE . 2 S > 1, WFRIZHE 0 R R slm 2 1) .

IS4 (1987) (Hairer et al. (1996 ) F1 14 2 45 (1999) s 45 1 b 3R KI5 19053 77 T2 09 Z2 R8O SR i 7
B, nmE 2k REONA . KL BARECH RS ERE T . Rosenblock T4, DAK A
D7k R E PERISPE . 25 A 21 2, MISEF I B4R Hh e X S5 T RN 2225 008 o X A 1 RO BB A
BB B GEBAARE, 1982 RHT G, 1999; H 224F 2001 5 £1 75 ,2008) . H A AR B 55 (2001 ) A FH 2544 7127 1 J8
eSS TRF T A R E S5 MRE, XA (2012) 78 B A M2t 2 45 028 X JE R A% fin
BOEYS, 15T — 25U B vE 2000 3 BRI, X Se kA A 3 i 0l VR o0 A KR S L 114
KGEE, (A ORI, 1 HL R AR M R S5O 5 S 75 B

AR, Bl DAGREE M 28 W25 Fnam b 2 ) AR R M AILAS 7 > Sk (3% g ke, MO Jrik b
2 0T RIE R R . SR . B S A . AN, WA ERLE R 2 X 4% (SEff-PINN) (Ji et
al., 2021) AR BAPZ M 45 (PINNs) R 3Eatt, B T fERR S RSOk R G MR (AR S B T
REIFAREE MR ARG OLHEREIARS) MR, IG5 Z 4 REPE R RS . Kim et al.
(202 D) XHEF ARG A Y 2= I NIVE R T THE, $8 8 T ZMERIE R 5 REE S Bk A . 9+ AL
A 3 A b ) AN 2 A5 e (Rl R I, LA 18 L S PRB A TR I 4% . 3 24 4 3 X 4% i+ DA S 40
PR, DA SRR 0 BT T3 2 S IR [m) 2= > 149 DG S i 7E . Dee Florio et al.(2022) % PINNs 5 D) g% 82 218
R R P ZE A, TR T Fris B A BRI A RE BRE , AN 22 4o 445 00 2% sl B 0 1 00 T A o it
£ 45 Belousov-Zhabotinsky Jz N 7 N i) 45 T 4L 8l J1 27 FE 7] 81 . Fabiani et al.(2023) #2 4 T —Fp 3T =3
% A1 PINNs BB HLBGEEUE T8, TR AR LMW 5 3 o R A — B G o AR EO R M A TR) . hy
TACEENIERBELS AR, SR T AN AR, R ST O Ak AR A R A R BRI . £
JRUBE VR B i 28 9 4% (MscaleDNNs ) ( Liu et al., 2020 ) 1| FHATAR 1) 46 A0 VAR, RE 6050 R A 1) s 2 3 30 )
TG AR R T AR R B 2% 2T (R, SR W YA A -3 IR 25 2 5 R0 AR 31 T AR g i) 4 e i 22 )
LY WIS

ARG YRR P AR S R R A S8, T 2 T4 FR ) SE 5655080 E 47 4#E W7 . Yazdani et al.(2020)
SIAT —FIB R 5k, BN IE T W85 B M4 (1) R Gu s B2 M 45 . B4 ] S a2 50
W, JFRENS UM 2R 40 oh 25 B BRORRAAIE . BLA, 2 A e FNUR B i e I 45 TR B 15 31 1) 2225 2 N 45
(MultiNN) (Raissi et al., 2018) 1] LI &5 7 54l rh U A et 20 ) R 45 . H8 B HE R 5 B ] 204 i £ s e
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POTEERCRARIBA BR . A xF IULZEE S o 2 B 6 0 BN A4 ) R G0 BCF 5 X — AR Bk AR, Ahmadi et
al.(2024) 4 T W A5 BAESE - Al-Aristotle. ‘B 45 A T W BRI AEE B BIS G0 . W FE(E B &M% S5
P IAEAR, HF RGAED 2 S Es TR Py B ] 3

RV 5 I 245 A SR A W B o0 D R TRV T S R e, (R LR AR AR KRR 1 32 ) T T 5 1)
R FE M) . KGR 3 B4 P90 24 e e A Ak BRSO e B €, i 7 EL At I R )47 [ A0 ) A B T AT B A3 AN
FE . OERE 1 & T 6 R VIR K . RIS, FRATTR i 2 2 SR o T R R SR ok R A L
BRI 28 IR R, TR T RS AN S8 AEAS G B5E T AR B, 487 AT 126 A 344 [ 31y T 7 P 34
B, AT A B e A TS P L, ST A s . R AR e I 5 SR A8 5 FRATTI R RE Ny
P2 45 TE R G0 AR )2 AR )2 S TR R TR, A A R (R AR 5 4 (B 8 36 T 5 KA AR T L
1 MR

FATTH T T L 1) 4 25 D) 2 ZRA A0 45 DU S AR B S b 28 X 4% — A iE Bz D0 4%, B 22 4% | itk () 5% 25
W2 IR TR A B ML, DA = 2R EFiA P2 M4 - R4 | KA RHEAZ MG | R pLH] .
HLARGIZEANT

AP 22 M 2% (Zhang et al., 2021) (FCNN, X PR A 22 )22 BHIAIL MLP ) /5 SRy U8 B b 28 (9 4% 1 BE Al
X, HEEHME 1(al) IR . A ST HEHUIE, FCNN 1 58 BB H 7R 5 7 o

He et al.(2016) &3, BEAE ML IME, VIZAE SR B, RIFIREGR, FXFIHE A ZH
HEIABIRE . TSI T —Fh IR B3R 222 S HESL——FR 22 M 4% (ResNet) , 7 JFUA o 26 i FE Al 1 5 in
T Ak, WK 1(a2) s

20194F, FEIFRAFFEB B AT BAXT ResNet AT T 2ieift, B T 5825 2% 19 A5 Ff Res2Net, FHTAbHEZ R
JE /8 (Gao et al., 2021). AN FHAE 353 20 2R 2 RBERHE 777, Res2Net YR BN 7% 22 He gl
FEAESF IR B 25 e (B 1(a3) ), NITHE N T 52 M 2% B B2 B, i B RE RS Al b 2 7R 2 ROBRFE .

TR IR A B RN 4% (MixNet) fig - J2: Tan et al. (2019) 78 EMG AT b r 2 . & BUZE S R 45 v fifi
AR IR 5 x 588 7 x 7) A BREHE SR ARG, RRIDRAE S RGBT 9 x 9) nI g & 1 iU 1
P 2RI . FE T s, R T A — B BE TR G AR R/ NG, WiE 1(ad) Fis.

PEIRH L 25 ST 3R T — 22 80-90 44X, IR 21 28 ) 2 Jie IR B 2 ) BBk i) S 4l R 4 =2
— (Schmidhuber,2015). fEFH #5145 PR H A 2 2] e 81 B AR LR R4 AE 7 1 A A 35 (LS8 MG , 2020) 1 [ ARIE =
Ab AR STIRAS B )z N L B RE A 1042 Dy S R A S TR LN B S i R T RO S R R
PEPREATT, XS iAo i B U 20 T Hb b P 51 (A& 1(b1)).

KA REAZ 2% (LSTM) S fie 8% 5 AR RNN 9505, Do & AT, s TR
T =A B2 565 RNN 8 5Ok 24 2] RGOS, LSTM i g 3x — AN 45 S P9 38 [ A5 34
(Self-Loop) (Goodfellow et al.,2016), M H R sl . BARM S, HA TG S50 25 0% AR
— B ] 25 9 2R GE RS RS AT, st a1 T4 il — Ao [ 25 Ay PR S oBR A8 X 14 i B i) 25 P SR A 1 o
B, R TV ] RR S X R GRS I T BRI T LI 1(b2).

REE 2 ) Gt R I HUE] 3220k T DT f £ 2 et 6 M AT 55 B AR b BN A . AT
AL FEA DRI T, P8R BT R ORMUSUE AR B 1T ) #A ML 5 550 v i HoAlh
JCR AN ICHL AL AT LA T A 2 1 0 3 (R A ARG B S N A T R A R ERIOC R,
TSI T X7 S 1) 4 Jmy SC e P e, &l 1(b3) Ui .

BEXT LR A A I 2%, FRATTK FE S PN AR A 28 S RIPE [R) RE L 2R 1 A6 B-Z S 2 AN T 98
R} 2% Belousov 1 Zhabotinsky It & BLAT — A>3 44 WAL 224k 3 O . Zead L AR & g, B-Z O 1 1 &
FRAR AL (Field et al., 1974 ; Tyson et al., 1980; Gydrgyi et al., 1992) 37 4 N i Jo i AL 5 B2 J5 FE4H

9é=(x+y—cx2—xy)/a,

¥ =—y — xy + 2hz, (1)
z=(x—-2z)/b,
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Fig. 1 Structures of various neural networks and illustrations of B-Z reaction and VdP equation

Hrfva, b, cHhNEESE, FEARTBUENE W0 L E 0o 7 B A NIPE 58 55 . A8 )5 el b, FRATTHE 08
FHEA 275 519 250 (Field et al., 1974; Troy et al., 1977) h = 1/2, a = 1/77.27, b = 1/0.161, ¢ =-8.375 x
10°°, FHMEZMER x(0) =4, y(0) = 1.1, z(0) = 4. BB R NI LR 1.934 x 10° > 1. Xl &
B — R MRGEINIE AR KR, S BB R IR Z, B 77— T b 23 A AR i e ] R
FEP R A BRI EE .
S22 NIRRT VAP 7 R B T 22 M) P4 5 Van der Pol 16 1926 4R 1, JH TR E 28 UK
8 rb T WL B 3 A% BR ER R % B4 (Van der Pol, 1926). VAP 75 #2121 il i 2 AE LR PEBHJE T BRI P IR % R 4E
KA Z o TR ROR
i-p(l-a)i+x=0, (2)
Horp o BAOTE, ¢ R, R — R AR LM RIBELE S B bR SR w (S TR B 23 5 T 2R G A
Moo= 00, M REERA YR A R IR S TR, REW R AR SFE; M <08, RGERINHIEHR
3, RAREZEHEM A0, REGETRE; Mu> 0N, FFEMAMIESD, FraWIE ST H2 ksl
Bl 42 JRME— AR BRI . R, w38 K E— o BT A A NI R . S50 B« (0) =2, 2(0)=0, u=
SOKT, FrFEWITELL N 5.76 x 10* > 1. XAl F W 22tk FERBAE . MRENIELECRE, S20HE
IR s 1) RUBE 3 5
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2 ZERATHS

N IFRA TR LA B-Z KA VAP R R, TR TTEINA [ et 2 0 245 B4 78 I 1 R R figp i 30y Tl A P e
4. HTMGIRE . S5 S M YERE , A T AR RRIPEEE R AT S, N Y R A S
BOR BT . TEJR ST sy, BRAPEAERFFHIRI N 48 2800 R, R AT BEf A h S8 B RR e R
— R

AT, KT B-Z OV EFEEEET 10 s, BRI R 10 s, BB S a95caE o 10°, Y1250
PR EUE N 1(c1) firzs . X VAP Jr R BOREYE [ R HT 300 s, BB 107 s, BLATEE & ki
3 x10°, FHEEMEIZIE 1(c2).

2.1 B-Z RF_ERYIERTFFH#IZ M 4%

TESLYIZRBEE b, $Z At /N R 100 R N ZRdtb vk, B AR A EF ] ¢, B8 Sk X6 IO 1) 5 i L 1) i
w(e),y(e),z(0). ATEE WG S K, F4TT 200 MR HEAC (epoch) , LA PRI BEAS T 7843 1 2% 2] £k
P AV AE R AR . PR pRCR T A A i A 3 07 12 25 (MSED 0k . g I AJEZebE v, AT
i1 7 ReLUAE 0 sR %L, JF R Adam Jr B A7 00A0 . BRI B QN . 1 et Tt 38
o) 286 B L1 5 0 4 2 1) ) 2 PRSI s SR R I 1) A% 4 (BP) R T4t 2% pR BB X N 48 S EBR S 5 B
Je R TS 3 B AR 7 i B I 48 S50, 10 S R R B ARG DL G2 7 FHI, 05 SE 06 25 R M
V=30

1 AR PR M4 78 B-Z ROV A VAP 5 #2120 B RIS SR Y
Table 1 Summary on parameter settings and training results of non-temporal neural networks

for the B-Z reaction and VdP equation

i H B-Z F i VdP J5
AR R 2% ResNet Res2Net MixNet FCNN ResNet Res2Net MixNet FCNN
ZH/10° 4.51 4.89 4.65 4.53 0.96 0.93 1.03 0.66
S EGN 1.0 50 0.5 1.0 1.0 0.5 0.5 0.5
R ECEFS 1.24x107 1.48x107 1.23x107 8.75x107" | 6.21x107? 6.31x107* 6.96x107 5.67x107*
S s 1] /s 1.56x10° 2.71x10° 6.43x10° 1.37x10° 7.08x10° 1.62x10* 1.30x10* 5.35x10°

1) 305 REEI ReLU,  BEAh, 2% i 4 & 4t i 1H—fk (Batch Normalization) /2 .

FEFR L AE 2(al) TR 280 T, 4 FPIREE MR N 25 B R BB R th T 3OR 22 50 . fE Il R4 R
I 0 2 Wi SR B 8 2 BB 7 TAT . A E B 25 I 2% FCNN 8B 1 iR ~ 10 B 2, p T A 3 Fh
GRUZBAD

T A WS 4 F W 8 B UGBTI R AE A T e R R B, 5% 22 [ 4% ResNet Fl5% 22 W 4% 1) A5 ' Res2Net 7F
2955 10 OB AR R AH BDERE TR L BRI, BEE ARG, loss(HAE 0% 1 Z M3, A TR
B o) BRI RGE LW IN , BZ B D) . TRA B LN 4% MixNet 7E R} 25 1> epoch [ 22 FREE 5, I 2505 0 i 4
I PRBUE AR AR 0 5 58 22 S I 45 AHAL, 8 BH S 800 BEAILAT LR A X A 45 B I 26 MixNet Y1125 117 A 119 52 i 45
R HZAHR, AT MY FONN BTHIRZEIRIRE , Ja IRk FIERkass . 2R 6ok G, TRk
RO, ALY FONN S, Hofh 3 Fh 2% 5 bR . {H %22 45 ResNet b o5 Wb ) 26 B 41

MR E 2(a2) 3k F, 5822 L5 A8 Fh Res2Net, 1RG4 B IR 45 MixNet F142 3% 72 W 4% FCNN 19 Il kit
6] 53 ) 29 J 5% 22 M 4% ResNet F 1.74 4% . 4.13 1570 0.88 4% . 4 Fb [ 4% Fir xif o7 (O AR A AR 25, U 28B4
TRAC L AN sZ ma I i B A 1

MK 2(a3) K F, FCNN HIX T 5% 2 W 25 (1) 45 T Res2Net AE 2% B e ) L AR AL (30 40, M B2 B 1
FCNN B ALY JEEA

CEORAE , XTI A i Rl 25 45 FONN BN ZRkBist e de | () IsPAS 38 de vy . LAl 3 7 o 20 I 46 06
AT, IRA BRI MixNet YIZhi Rl 5, SEhrR oA A e s R mhE B, 75 ZE A L]
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Fig. 2 Diagrams for the training loss function, running time and numerical solutions of various neural networks

2.2 VdP A LRI FHE R L%

YIZRBEE W« Fe At /N A 300 AUARMERI IRt R, B e, ik o« (c). BRI 25
S, BT 000 ERAR IR . 1R pRAE PRI iR 22 (MSE) Bk, (AL AR5 Adam IR ALES . 7E I ZRad 72
o, RO ES RS AT RO RE AR L, I IR % S Kk A BT A TR (2 800
AR BT RAE, BIIZR 10 B ARF TR, S X Ak . FEAS/ N, FRATTHE 2 L ik 25 I 2%
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ResNet, 5% 22 K25 (478 F Res2Net . 1R &% FH MixNet Fl4 142 M 4% FONN BUPERE . M0 B4 i B 5
B-Z RN EGIARRL, BRSO GBI A R R 1R .

X HLR A 15 2 AN Y ZRAE RGO s B0 B3 1072 g, H PR IR R 45 AU S I e . 22 57
ME2(c)ATLAER], B T 5% 2 M4 ResNet 75 I 2R 011 22 BR A0 A 8 A1, JURP I 28 i 4 2K 1 R R AR 40
Hei—2.

JURASE RS e 75 I 2Rt [E) 4G B SR 22 00, A a4 N 45 1 Gl 3 e e, 9 2 TN 4% 1) 2 Ao 1 B B 1
Res2Net, MixNet Fl1 FCNN ff F I [E] 73514 ResNet i 24 2.3 4% . 1.8 f%5H10.8 % . MELE 2(c2) BT[], 4,
PRI R ] A e R 3, (EIR A BRI 4 MixNet (OARZR KN BL T 5% 0, WA AN FRE
2.3 B-Z RN _EHIEFFEZE R

ARATRE LB 3 Fh T A 8 I 45 AR . A ER A2 4% RNN, KB IHCIZ 4% LSTM LUK & A=
ML Self-Attention (9 LSTM B & ( J5 3 A0 AttenLSTM B ) 76 AH LI 15 B F X B-Z 28 19 Bl 0 42 110 2% > %4
*®.

285 . JEFR R ZE R 4% RNN 935 B4 & S RNN 2, T HEAZ 4% LSTM & — 4~ LSTM J2
b — AR R IHLHAY LSTM B AttenLSTM Y, $0IRAEFEA LSTM 25, Sl — Mo
LRPEAE M . P0G PREL Tanh Al Softmax AYTE R 1 411F, B/ 2 i IE)2 5 .

YR E: 5 B-Z R IR T AR R, DAL 2% Fndi 2% pR 2053 51 Adam 16 25 R34 J5 1 25
(MSE)#i%%, #8200, HEEZIT S5 . HARMBIRI S HC SN GA845 035 2. ZEA R )Z2 450 BROBEUZ K/
WET, RG24 RNN A JE A 20 i LSTM BT ), AR S BUR AR N FOR 2 445, DL
B 2 )2 LSTM 245 211 AttenLSTM B 7 1 S 4 W S B 0 R LSTM LAY (1) 40% 247

F2 WP ERE MEKAE B-Z Ui F1 VAP 5 R B S E0R il 2R 2 SR
Table 2 Summary on parameter settings and training results of temporal neural networks

for the B-Z reaction and VdP equation

i H B-Z i VdP
Ak i I 2% RNN LSTM  AttenLSTM ODE-Net RNN LSTM  AttenLSTM ODE-Net
ZH/10° 1.29 5.11 221 0.46 1.27 5.05 2.14 0.45
2 3R/107° 5.0 2.0 5.0 5.0 0.5 0.5 0.5 0.5
REETES 3.56x107°  1.39x107°  8.22x10°  2.87x10™ | 530x107°  5.49x107°  7.12x107°  1.09x107"
S-S (] /s 867.6 856.7 901.8 8.78 190.4 5322 288.8 -

—R7N W T IS A TR S B0 8] e i A I 5

A2 2 AT )& B RNN (RS e 22, LSTM AH FE T RNN ZE I 2 [l a0 i 1 0, KGR i B s, i
AttenLSTM AHXJ F LSTM 76 A B B 3 MY ZRBf [ i 60, ARt s TSRS . L, AttenLSTM RETERC A
B ZAR T 8] P 38 S AR XS B8 e ARG B, R E R A i

ML 2(b1) 458 2% BB S KR, LSTM AHEL T RNN 7RSI SN #5018, H Fe 2 i 4 2k 23 AR
M7 A LSTM ASEH RN 7R 75 I HL I AR () AttenLSTM REME IS B H AR A3 R B AIG . iX 1568 T LSTM 4%
RN TE R I MLIASEER X R g WP ] UAE Eb 132538 Y RNN AT 8 35 (R fE 34

MARLEIE 2(b2) 2k E, LSTM BRI N A A ZE H b (v 404k 5 7 Y50 e, Ul BB RN Rt [m) 7
S Z R ARE . AttenLSTM AL RUXT I I FE AR B 9, ThAE B (L4 FEIE T o 4k, HIA I 5% 1E
A, BB HAS AT 8] P 43 A v BRI 3 KA R AR A3 A B 2450 - RNINRERLG By AR HH B T — A o, %
WL TR A, SIS EI R UE L rT BE 2 45 RNN ARG I 2R R0 1 ili— 2 52 . I 2(b3)
KF, HIMER A2 A RNN RS- B A PR AR iE 5, ik B e AR e 0 265 g AL 3

BN, ZEEas TR R AI B JTRE B, AttenLSTM AH L T LSTM I RNN 1E B-Z J )i >R fiff J5 i B A W
L.
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2.4 VAPHE LW FHREMLE

W25 E . RNNFILSTM MY E 7 kL, ABJ&: LA T2 RNN/LSTM JZ 1 2 i 3 )2 . 1= LI 52
PRANR . ZebE 20t AVELR MRS B . 205 38005 PRV Tanh Ji 55 00 24 ) S50 . 285 Softmax bR 2 VE
JIRGE .

IR . AL S FN30 2% B 5020 9 FH B9 Adam F MSE. LART 204> « (¢) 7 R A, LLS TN 2089 «(¢)
ERbR%E . EE GRS . TR E, SHLRBAEN T 10° 5 S FE AR . 8175 KR Z
TE TSR VORRERE ), e ZoR kAU 10, HoA 5 S ZREs R 03K 2.

MER2FTLLES], DL EBRITEZ) S UG B R RERE 2 107 8o 9, PRI BB Rl 2 (i Bk o Il
Yk, TR HBAAE 10 min . BRI, FERCBIF L, 3 s ph s 45 32 4 R (] RS 2 A b 43T
HRREAS IR B4 AW = SR RICR .

2.5 ODE-Net 3K f# NIl 1% 8] 3

125 1043 77 B (Neural-ODE ) 2 75 2018 4F 4 NIPS 2318 | ##2 H f9 (Chen et al., 2018), Xf Tk 25
zo =z +f(z, 0,), MANEBNELELN, FREW 2, — 2 K420 T RUEZXT ¢ 09550 WRIAT LU
P22 D 28 X0} B JZ RS B AR A A TR, 2 05 1 o 5 R SR i 2% (ODE Solver) SRR 43 . 125 il R 4
Bl TN SR TR G RIS, I R AR R A TR Y SR

FLRTE , AR AR A R A A G AT — B8 T oy I R4

E=(=0).1). (3)
WREEH Wit BRI b ) — B A R R AR 2 { (200 10) . (210 00)s o0 (2o 1) L BRI AR BN BB B ) 2
RS (2,05 0)(UN BN 009 2235058 IT ) N B8 12 PR f (=, 0) TEREFR 3 SUT AR

5 BB AT B A AR BB (2,0 1), (205 2,), FRATIE TS B A 3h 1% R B R G AT IR
(29 to) BEATHH 1, B ¢, AL CLE AN L5y RE R MR8 ), H AR R/ MEFEHRE (5, «) SOWIAE 2, /Y
25

L(zAl —zl) :L(J't‘f(z(t),t; G)dt + z, —z1)= L(ODESolver(zo,to,tl,f(z(t),t; 0)) + z, —zl). (4)

N TARACHUR B L, T EATEH T HIME 2 MSH 0 IBREE , FLARSMT A1 2% Chen et al. (2018) 57k
EHEE A KRB . ODE-Net Ji& B L AEAR BEAR 22 5] ik 7] e 51 Bt A v (Rl AR 7 g o0 R AVERE, OF:
HA T HRIBIRRE ) . FEMAE XTI, FRATTKF ODE-Net [RIAF: A I 7E M 7] i B-Z 52 1v Fll VAP J7 2 .

MFE2AXMER S, XFT B-Z 52, ODE-Net fE42 A PEIL RS HA 3 Rk e 28 i1 00 T, 22K pR&RE
BEN 107G, I T HAM I PP e AR R4, I HasArif a2 st i . X7 VdP J7#, ODE-Net i)
PR pRALREIAF] 107 4, I Has 7S L-F A REH I 2] . 1X Ui W] ODE-Net 754 HH M 1E A1 #7 N GE 1 4L 2%
A/ s )T A AR o ARG

3 45 i

WP ) A 22 495 A6 W 2 i 9 Al EL i L, 22 mT e T D T (AL ) SR e 1) o 22 T 4% ik i B 1
{HL H Hip e 2 3o S pf 25 ) 45 22 [6] (A AN B0 EL o WA 6 1 FH - DI T A ) 3253 35 FH 7 R 8 v 0 6 ) 3 )
B, ARSCHEF B-Z WA VAP RS M), R G IR L T 2 A AR B R R 2 ) 4%
(ResNet . Res2Net . MixNet ,FCNN F1RNN .LSTM , AttenL.STM ) ) 3K fift R4 S Filiz £ 7 i) .

BT, AEARSCIN G 7, TCie &I Zhit B f 2 e N R a 2 B RS B, sy i 8 I 465 1) e 31
A TL A TR P 2 W 45, BRG] O 3 T W ) R 1 SR A T X T 4 2B P A 22 4% . ResNet,
Res2Net, MixNet fllFCNN, EA1HFRMZ A IFIC 8 H 25 .

USROG VE T3 T B8 A WM R AR R G S 1 I8 A8 ] AR A0 2% 385y 7 B2, 40 ODE-Net 3847
KA FEAR ST A P, ODE-Net #8 0] LAk EI4E 7 A AR AT ERE B, I FOH BT A st )
TE I8/ INT 25 FEA R I P sl sl o 28 o 5%
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