Ry BS
A Study on Regularizations for Stabilizing ODE-Net Based on
Mean-Field Optimal Control Formulation

(FHSREFHREDORHEICE D < ODE-Net RELD 7= DIERIMLICEIT ZFZE)

1 BA

HE=2—713v sV —2 (Deep Neural Network:
DNN) 23t 5 2 s U TR0 —7C, DNN G A
JIDEHE), Kz, HOMKREBICN L TSI TH 2 Z e h
BH& 2027 > T3 [GSS15]. W xiz, EEncx LT
filt7zs DNN 2f K32 Z e AR BE L INTWVWS. 20D
o LB EoW, EEMEZEM7 7R (Ordinary
Differential Equation: ODE) DEfE{L CiE =12 7=,
ODE-Net (%721 Neural ODE) ¥ 5 DNN A%
N7z [Che+18; E17]. ODE-Net (ZHEHNcxf U Tl
THEIEHMHRELTEITLNTNE DD, FERY
HENME SN TVDITHEE S [Car+19], Z OHEHN
RINIFE E 0.

Z 2T, AWFETIX, ODE-Net % HofilfEf@Ey L
TENMEL, ZoENZEEz TS5 (G5 2 ). 20
fRNT R B CTIRONZHEL S, REICKZ LTS
% ODE-Net Z#2RE L, #EEIES L2175 (55 3 #1).

2 ODE-Net OIE#AIIEAR M
21 FIERE, BEF

¥, WD HERE L LTo ODE-Net %, ¥
LiEcEGIEEE [EHL1S] e LTERMLT2 1T > 01
‘B DX (KRR 2RL, © = R™ 2% ‘@
(FEFED) DA T X — XM H G2 HOEEL T 5.
XY Zil7—%, D% b, £hth, dKILDOATI &,
HHEEY OFOEE L B IEMR T L ERTHEREH
L, wo € Pe(R* x V) &, MERZHOM (X,Y) Bt
5, avRI MNEEFROXI KRN T 5. £,
Efv:RIx0 - RLLG:RIxY - R, L: R x0O = R
&, zhrh BV) —a—I1%y bv—2 18K
B, EAMLIEEZRT T 5. ZORED T, 525
NIz F =& o LT, ROWFBIEK

T
W)= [ tdurs [ po)duar )
RAxY 0 R4
%, iR

Orpie + Vi - (v (0,0;) py) = 0, /~Lt|t:0 = Mo (2)

HIBSIRPEY 48206203 HAE e
fEna WE FF AN

Db L TRMET 287 X—% 0 € L*0,T;0) ¢
PR x V) Lol u € C(0,T],P(R x V) %
R, ) WS RIE%E, TODE-Net O3 ERE © T
RIricts.

S, HHEE TR B RN LT 2 S0 B DA,
ERHBIEY LT Ly (x,0) := M6>/2 (A > 0) &4 3
3. iz, WEEEOIRTS, KERD /L 2% K
Té%,Lﬂ@&%:(MWF+AAMﬂ/2M%AI>m
D &5 FHEBE R WS, L L, ERIC L =Ly, Ly
£ LT ODE-Net O MEEHBEMNCEL &, K10
£S5k, KIEMETHOEDEEAT 2MAEsN 5.

Stability of norms

time = 0.99

10%

S~ E

10*

B 0 1 3 3 T 00 02 0.4 0.6 08 10
t (layers)

(a) pe DBIF (7 =R —>=2>) (b) Wa (e, 80)% DEIE

1. Ml %ERE%, L = Lo Dk %D ODE-Net 2%
B R, SRRLAMETARRE LR o0 2. F
M7 =25 LML TV 5.

D X5 RIEBIIE R, ANOBEZEIEX LS5
%, UEHREETO—KIcdBRoTnwdeEZHN5.
2.2 Turnpike IB5RIC & 215 EBIE K1 DEREA

B 1 okSEHOFEZ, NEK (1) OFicH 5.
R (1) OFT, p (0<t < T) DEZBENZHE, EA
LIH L D 2L _THOATHS. ©RIT, LDBRKR5
RPNSL R BZEFRBIC, JRE ORI E2 X5 %
¥Ry 3, ODE-Net BB KL 725 Z L
DERINETEEINS. 20 &5 %2FHHIE Turnpike
HER [Est+20; Zas05] T Aohd. ZhsOfGRE
ZHMALT, L= L, DHREICROTRPIFLNS.

EHE 2.1. (ODE-Net I31IE8MICEARLES. )
DTFOZo%RET 3.

AIHIENE ~ EEME (TED Sy, pe € Pe(RY x
V) &, ZBA/NSVRBTHIE S R8T X —


https://drive.google.com/file/d/16IEGncz2gNboKtaesyPBkCq-CseaGV9f/view?usp=sharing
https://drive.google.com/file/d/16IEGncz2gNboKtaesyPBkCq-CseaGV9f/view?usp=sharing

A Study on Regularizations for Stabilizing ODE-Net Based on Mean-Field Optimal Control Formulation (B&B f#)

R0 DBIFET 5.

ARMHE H2EW Ty, r PEELT, (EFED
po € B.(8) 2WT, EE C(Ty) »1F
fELT, inf

6 s.t. M(O):HoiH(To)z(so
C (To) Wy (o, 00) Z 729

101 2(0,1) <

COrE, HBIERT,C k>0 MBFELT, IR
DT >T* 2, ODE-Net O E D, LEDRK
/IMETE p, 0 1I2DWT,

C
/ 2 dpy < 7(e—k)\zt_|_e—k/\z(T—t)) 3)
R Az
B, FEED t € [0,T] THDILD.

JC( ) GHE_IHE A% L, ODE-Net ® —KE— X

YR, FEBIICHERT AN ETNIED Z e h D
Db,
2.3 fRFANICK D ODE-Net DARREM DEHEE

X DR DR, —a -0y FU—=T 0 %,
“ERRBD T A—ZDBFEET B XS5 ITHEM L7z b
T, Pontryagin O KEFEZHWS. 35, ODE-
Net (ZFEOFER, ROREFEANHES K 51272 5.

£ 2.2. (ODE-Net I3REE%ZFD)
Za—IN%y b= u(zr,0) = 0f(x) (6 €
RP f: R? - RP) DX R 2O L %, ODE-Net
DY BEEDEIET 2 DTHIUR, Z DRIE

510|2 (when L = L)
Az

g 22 / ol du(z) (when L= L)
PIRERICHO.

FHT L = Ly DHEZEZING, |z PRELSL DI
¥, R IAGD I VA |u(x,0)] = |0f(z)] bREL K
D, SZEHPMESINTLES 2 0hb.

3 EENERAVIERANEIC & B ODE-Net DEEL

EH 2.2 T, RFHIOBIS D 5 ODE-Net 25 E
WaERoZ Az, ZOBEZEIL, BEEDOER
KT “kW RIEREMRFT 2 L 512, IERIMLIE L 3%
sz ®EZ, ROEANLEEZEAT 3.

EE 3.1. (EHERIIERANE) Ne>0k LT

A
Liineic(,6) = S[o(z,0)° + 5101° (4

2
eBL.

X (4) HLHE—IHIL, Ottocalculus THELRALEZ
#H L, ODE-Net DEKE T AANDIGH Td LENEH
BLTW% [Fint+20]. RFFEOBFET D, Liinetic 1< &
HIEANEE, SEHH R LF —RIFH) 2E X BUgg
B GEHE 3.2) ® ETH, BEFEERICBWTS (K 2),
ODE-Net D ZE(LEERT 5.

EE 3.2 (EHmIRILF—FEFL) L =
Lkinetimll)(l',a) = ef(x) 2LEE %, ODE-Net
DO EMEIEPFET 2D THIUE, Z DRI

A €
5 [, 107@) aute) + 5161

ZIRTERICH D.
X 512, ODE-Net O 2 H B2, 0 €
L2(0,T;0) 72 2 f@DFET 5.

time = 0.99 Stability of norms
o

20 00 0.2 0.4 0.6 0.8 1.0

30 -2 -10 0 10
“ t (layers)

(a) pe DY (7 =X —>a>) (b) Wa (s, 8)? DIEIE

K 2. “{ESMERER, L = Linetic @ £ %@ ODE-Net
OB TR, CRKE— R b Wa(ue, 0)2 A3 & 5F
BECLABILTORWE E5hh 5

BE XM

[Car+19] F. Carrara et al. “On the Robustness to Adver-
sarial Examples of Neural ODE Image Classi-
fiers.” 2019 IEEFE International Workshop on In-
formation Forensics and Security (WIFS). 2019,
pp. 1-6.

T. Q. Chen et al. “Neural Ordinary Differential
Equations.” NeurIPS. 2018, pp. 6572—6583.
[E17] W. E. “A Proposal on Machine Learning via Dy-
namical Systems.” Communications in Mathe-
matics and Statistics 5.1 2017, pp. 1-11.

W. E; J. Han, and Q. Li. “A Mean-Field Opti-
mal Control Formulation of Deep Learning.” Re-
search in the Mathematical Sciences 6.1 2018,
p. 10.

C. Esteve et al. “Turnpike in Lipschitz-Nonlinear
Optimal Control.” 2020. arXiv: 2011 . 11091
[math.0C].

C. Finlay et al. “How to Train Your Neural
ODE: The World of Jacobian and Kinetic Regu-
larization.” Proceedings of the 37th International
Conference on Machine Learning. Ed. by H. D.
IIT and A. Singh. 119. Proceedings of Machine
Learning Research. PMLR, 2020, pp. 3154-3164.
I. J. Goodfellow, J. Shlens, and C. Szegedy. “Ex-
plaining and Harnessing Adversarial Examples.”
2015. arXiv: 1412.6572 [stat.ML].

A. Zaslavski. “Turnpike Properties in the Cal-
culus of Variations and Optimal Control.” 80.
Springer Science & Business Media, 2005.

[Che+18]

[EHL18]

[Est+20]

[Fin+20]

[GSS15]

[Zas05]


https://drive.google.com/file/d/16iw9_S-7UmnL5SWrgIBVFw3M-zzYZACw/view?usp=sharing
https://drive.google.com/file/d/16iw9_S-7UmnL5SWrgIBVFw3M-zzYZACw/view?usp=sharing
https://arxiv.org/abs/2011.11091
https://arxiv.org/abs/2011.11091
https://arxiv.org/abs/1412.6572

	導入
	ODE-Netの指数的増大性
	問題設定，数値例
	Turnpike理論による指数的増大性の説明
	保存則によるODE-Netの不安定性の説明

	運動論的正則化によるODE-Netの安定化

