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Deep Learning for Control: The State of the Art and Prospects

DUAN Yan-Jie! LV Yi-Sheng' ZHANG Jie"? ZHAO Xue-Liang' WANG Fei-Yue!

Abstract Deep learning has shown great potential and advantage in feature extraction and model fitting. It is significant
to use deep learning for control problems involving high dimension data. Currently, there have been some investigations
focusing on deep learning in control. This paper is a review of related work including control object recognition, state
feature extraction, system parameter identification and control strategy calculation. Besides, this paper describes the
approaches and ideas of deep control, adaptive dynamic programming and parallel control related to deep learning in
control. Also, this paper summarizes the main functions and existing problems of deep learning in control, presents some

prospects of future work.
Key words Deep learning, control, feature, adaptive dynamic programming (ADP)

Citation Duan Yan-Jie, Lv Yi-Sheng, Zhang Jie, Zhao Xue-Liang, Wang Fei-Yue. Deep learning for control: the state

of the art and prospects. Acta Automatica Sinica, 2016, 42(5): 643—654

AR, VR4 2] (Deep learning)lt) 7622 AR5t
b A M. AR 2 4% e 1R AT 45 L EL
TR B E R TR BN T HANH A )
S IREST, | TR L LB S FN .
22 T R S AR FH R B2 2 20 R A A3 ) — 26 i)
L AP, O TR B A ) BRI T B i o
I SCAE R VR P 2 2 1) 2 SRRy v ) S
Vo) IR YR JE 2 ) A 4 ) A (A ST IR [T B AH D%
R JE W 25 5 R BE A I E L N 2%, A 4BIR 2 2 HE
P w4 vk BEE N s &R &
JESPAT IR . £ DL b ) R R B 2% ) A I A

Wk H 39T 2015-12-26 A H I 2016-03-26

Manuscript received December 26, 2015; accepted March 26,
2016

[ 5% (AR RLH2E 4 (71232006, 61233001, 71402178) %)

Supported by National Natural Science Foundation of China
(71232006, 61233001, 71402178)

ALTHERZE b

Recommended by Associate Editor HOU Zhong-Sheng

1. i ERR B B AT A R G B il B R s = bt
100190 2. R AHARTIFRE 114 266000

1. The State Key Laboratory of Management and Control for
Complex Systems, Institute of Automation, Chinese Academy of
Sciences, Beijing 100190 2. Qingdao Academy of Intelligent
Industries, Shandong 266000

TR
1 REZF IR

TRBE 27 )R TN & W 25 (R RIE 9T, ] BRAR R iR )=
fRpp e 2%, T e R DLIRAS IR 2 IR R AR R,
G B N T 2de UK A 1 %5 53 00 A% 0 i 4 2504l 10 4 52
GOHE ) L H AT R 28 A IR B 2 ST B R A AR A
ALF5 T 32 IR PR 22 2 Bl (Restricted Boltzmann
machine, RBM) MR EE(F &M 2% (Deep belief net-
work, DBN)B=41| L+ H gh4i i % (Autoencoder,
AE) MHEE A 3 %545 (Stacked autoencoders,
SAE)P, B M4 (Convolutional neural net-
works, CNN)6/, 9 4i£ %% (Recurrent neural
networks, RNN) . Sy {5 -5 4 Hh ) 18 7 )5 2% ) 7
2 T R T ST AR, AR R Mk DAL DY R ¢ 2 2%
MBI R B AR . TR N2
2%, 2 WK% ) U ) gk [ 8 -1
1.1 DBN

JET RBM 1) DBN 14> RBM HE&Z i, 1
LRI 1 R, AT IR ST, i A K IR)Z



644 H | 1k

F {1

424

RBM %t A\ W&, 3 7 [n) jiis 55, 49 30 P 2 i . 9
KNGS, ANF TGN T2 M 4% (Artifi-
cial neural network), 7 AP Bt: M 45 (Pre-
training) 455 (Fine tuning). Tl Zk B,
MRJZ TG, B4~ RBM $il 25, LMt RBM
(1) W9 % fie 5 0 1 25 B bx. (K)Z RBM IR 58 185,
HRZ AR N =2 RBM N, ksl g )2
RBM. DL EHE, & 225, H2% A RBM il
ZRoeh. PNZRR B, RAEH T o A Ed, wea i
HRIIAREE, BT L% 2] (Unsupervised learn-
ing). 2 JRMMIANT B, LLIIZRGEF ) RBM 2 [A] ()AL
TR A R IR P AT 8 M 4% I ] dn B R i 1, DA
s (bR 2 A A I BE Sk M 4R 28, FIH BP
(Back propagation) 5L % 2R 2, B E
T B SE A AT R AU, DBN n] A T
TEFR ORI 73 55
DBN
| itk ]

1 DBN 545k
Fig.1 The structure of DBN
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Fig.7 Playing Atari with deep learning
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Fig.9 Deep neural network for motor control function
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B8 6F 13 N 2R 4 ) ] RS B0 A

4.1 BEMNHSHKIERE MK LEH

Ja KA BZAEMA (Heuristic dynamic program-
ming, HDP)[“0 J& fy Werbos #& H i —Ff [ 3E b 5
AT AAL ).

WE 11 PR, fEIXR BN 3 AR s
Fgr, kg 1 IR BEHEAR B K, PRSI 2 i T EE
(AR . ) R Y 266 . PR I 255 R T I 4% —
N ZEE A . BB 2% ] T BOIRAS 7 12
(3). VP M ZEARYE Bellman 77 R S P 193 2 F
FE, X RGN R IUE S AT VR, VRN E S
R /M iR 22

E.=|J(k) —l(k) = J(k+ 1)|” (4)

PHAT 9 25 IR 4 DA 0 5% 1) P45 5 SE BT DR 3R 19

L B LR, Boe MR BEFRAR 0T 721 £ i 5
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drbn] W, BT B IS N sh &M RIS e
TR Z s W 2 1 JUARL AR B B A R R
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Fig.11 The network structure of adaptive dynamic

(x(k+1))

(k) (k)

programming

4.2 BEMNHMSRXIEREE L

2002 4F, Murray 5508 T X EEDRE T
FEIK 3G B 3 2 LRI AR AL T vk kA0 A ADP
AR AT DU 2 99 288 30 AU M B 45 b bR B, FERE IR
15 A ST BT 1 e M P R e b A e LA A
AU ADP i W 3 (A 3o B R F ] BUIE B ik
AEE IR E PR S, A2 1738 B 3 A LRI 5T
HEOREERE. H AT R EAAEIEAS ADP FISERE AR
ADP PiEFEL.

AR A BS B R 48 ), B35 AR H & Y 3l A& FL K
JiikB2 = e DL g () = 0 AE R ARE e bR R
B, SERIER = 0,1, -, KRAAEARWIE
(SR GEl

wi(ay) = argmin{l(zg, up) + Ji' (2r41)} - (6)
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it e SRAFIE AR LR AL P RE e b £
S (@) = W, wie)) + J7 (F(2r, wilz))) (7)

Wei Z514°) 25 tH T ANRIYMEAE BT E%A ADP (1)
S IE .

SREMGIE AR G N B A RN T 2 BRI S R
g1, 46-48] - g TRile R Liu 45149 $7H g
AR ADP JEor# TS L AR e A Sk, o
W iEA% ADP 1A T A4 i I 28 VEES A o ().
SHFEAR = 0,1, - -+, SRAFUTALI) B A1 BEFR br
PRE V; DA AL

Ji (@) = Uzn, wizy)) + J7 (F (g, wi(zy)))  (8)
B J SR A AR ) AL e AR 2 o)
Uit (zy) = arg muin{l(xm ug) + ‘]i*(mk-‘rl)} 9)

4.3 FATIES
SPATRERIEO R ], 2 ACP (Artifi-

cial societies, Computational experiments, Paral-
lel execution) J7ykB1=55) £p 5 i A5 (1) L A% W,
HZ oMM N T RGEIATEEAN LR, B vh 5
LI BEAT 73 A FVEAS, B )5 AT AT AT SEBILN 52 o
RG] PATE R B SN QARG R, LR
11 oh, B A6 A FAT A ey, ]
P28 0 23 A5 RY T] DLAS BT AL IR 1l 23 J7 R BRI 73 T R
DU R GUIRAS AR A, E s By A BT AR
MR AR RGN, JoikAT HPR S T PR B 2 0] %
RAES B A KA. 5 B 5 S Pl
P BRI T g i R g R iR A i
SN TR GE WA T B30 S A Y 45 4
120500 FioR.

L (TN ) SEATHAT
N "UL R

Pl ,m

sn [ i i#ih

b RILIFH HEE
S

5] L A% |
—————————— —
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Fig. 12 Parallel control systems[5O]

A 22 9 8 A PR AT A TR AR R 7 A A
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JiRE (3), BATHIAT LU A2 o) s A R AL | T

ARERAY B FAT A 0T FE
x(k+1) = F(x(k),uk),u (k), - ,u,(k)) (10)

Hrbwg, -, MARBEEL, -+ n ESNAT A, WL
15 SEBR R G878 70 WU AR BEAT B R Ge 45, w3k
37718 (10) BYIEALL. 55— 7 1h, R B A AR
T SEACK AR LA B UV BEFR bR, AE AT ]
DU J kg DA 550 S 56 RS THW8 0 55 75 1 1 e i b Ay
b, AR PN (PPl PP 28 AR AT LU
X —PEREFRFAMG T I LT B

AT BE N R TR R G T
4 e, LL A N 5l 2 0K R HE T AR B 2 4l
(Agent-based control, ABC) 1F 4 3= Z 115 ik,
O 28 B N FH T A 4 T S0 =981 38 g A d@ 159601
il FR161 621 25 g

5 BEERE

ASCE MR T 10 A N YRR B 2 )
FEAKTY AE IR b 0PV B 2 370 4 sk i it
FEIARBEAT 73 SRR R FT VR B 2 >0 7 48 1l sk
(IR JR B, 0T R B2 2 ) k8 HR IR 2 i P R B 4 ol
FHRBFFCEAT A 4. 0 i AR B il e R 10 'R
SR 1 N B A BN T v ) A 8 I 4 5 e DL B
AT T e R, X HLAEE R RSP Y BT
RIS AT T A, DU BRI B 2% S AE 4 1l
AT IR AT B 5. B T AERF RS I LA S A
UG 56 T7 1 o H 3 R 3y, IR ) B s
B T 45 0 0 1 AH DG 9T, I HLAE — S R 48
PRI TR A PERE. (HE, M ORISR AT
DLE H, VR B 2 3 2 BEAE U0 B (3 ) R 48 b B
AN PP X6 H bR, R X G0
B R PRI RS RIS TR SRR, iR
e R IS E. ST RESHHHR, L
A AR N R GRS TP PR BURAAE, AR 5 L5 R AR RN
B 2 AP R, AT ems T h 5, B B
& PID #Eifilds BRI, fH & WA ARt VR FE 2 2] 1)
PLIAEL R 5] NI B i 8 Tl S s (1) 3R D0 8%
BEN O I Hh 2% 2] Qo] v SR R SR, I 2% 0]
RGP I REAE IR KRR S 52 YN ZRyu ol (1) 5
ANBEAGTF I R G H BT DL . 28k
H R B 2 2] A 42 ) s ) i 0 B AR A B B4
(1) — LS5 R AH ST R AR TE A SR A A2
FUIR ) FE RNV P #mE S AN AL

AR IR B 2 21 AE 338 i AU R BT A7 AE — 24 1)
L AT R NI SR, IR B 2 o) A 458 i A0V BT 5 T
SAR o)L e ARG — AN H, B
Nature FRFET R R FEAE 28 TIOR8 R J7 7%
HEAT LT 25 16 3631 JLRIALRR 3 AlphaGo 1
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bt BEAT I AHLE AL LE SR R L 401 1 ST T &
b FEIAHE T 1X 058 20 IR S5 2 2] AR 1% 1 AU R F
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51 fAARBESIEH]

IRBESA 2] 2 P A2 B, B it e FLAE v 5 N
SR A5 AR 5 T R A PR R SR i e A P R
P H IR BEE 1 21 AR T 2 A R R 7K,
JI BLIR JBE 2 2 A it L U2 AU FR) W 5 AN AL
W SE AN B NS T FR R BE . R PR E, 41
dipLas NIRRT IR AR e H K2 RES 1L 21
N RATER (8 BERURG L, P LAVR B 25 > 2 1 g
g RN 13 Bl 42 1) 28 e e FUH T4 i Tl 11 O
le) . ASEADL 22 B¢ A K S B2 B 96 AR A1 2 LA
FUIR )L 2 21 5 B 5 A R VI R i A L
IR, 513 SR Rk e — MR T S e 2 (1
TWBIREA YNGR Z 1) 7. 51 3 A R T, &t
FLLe B R GBI LA ANATAE, ANRIATEREAT
AN ZR P VS BIREA. i LIORE T+ RE 42 i 45l 1)
) 7L, o] 7 o3 AR ONIR A RESX — SR+ 0 AT R
SCERY. TR JEE 5 ) HAT RAE NI GE i 71, P
DAAZ AR L 27 D0 T N BB & N 55 R G AR (E )
BRI R ELR A R X

5.2 ARG

1 242 o S0 PR I A 4 T0 N R 458 1) SR A1
FARE T PR, B Jo AWl (Unmanned aevial
vehicle, UAV). L N BRIA4E. X TIXEE KT
NZRGE, AT B AT — AT S 20 AR e My
s AL GE I AT e R B AP, TR
2y ) HE AN AR AR G e RS AT A, P LUK
FRIRETN RGN R B — DI )
BN RGBS E R NS5 s B AT N
25, WRIEAE ) B85 SRS R R ) 45 2R 5
RN RGN AT e RIOLH. i 8
I3 R AR R PR R BE 7 AL B N R G AR 0T Ak g
REEF IR RN R G R T — 25 77 1m).

5.3 SR BENIES

SRAL 2 SR T SRR I R, A A
T BB IR AR 5 A e R AR AR BER S A B
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SR FIANHE M A BRI 5 i A& s . IR
KRG PR
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LA, RN T ARG TR, i i SE 1.3
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W T RUTE, BRI RARN R, 1
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ST B I N B A LRI AE VR L P 2R G044 10 T AT
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