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Abstract: In the 1960s, learning control opened up new ways for humans to explore the control of complex systems,
and intelligent control emerged based on artificial intelligence technologies thereafter. In this paper, intelligent control
is employed as the main line, which describes the development process of intelligent control from learning control to
parallel control. First, the basic idea of learning control is introduced, and then the architecture design and operating
mechanism of intelligent machines are described. With the advancement of information science, data-based computational
intelligence approaches are emerged. Then, the learning control methods based on computational intelligence are described.
Adaptive dynamic programming, as one of the most well-known self-learning optimal control methods, is described to
show how to solve the optimal control problems for nonlinear dynamic systems. Finally, considering the control problem
of complex systems with both engineering and social complexities, parallel control is introduced and its advantages in
solving complex optimization control problems are illustrated. Intelligent control is developed from learning control to
computational intelligence control and then to parallel control. It can be seen that parallel control is an effective method to
realize the knowledge automation of complex systems.
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Fig. 1 The evolutionary process of industrialization
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Fig. 2 Structure of learning control
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Fig. 3 Structure of intelligent machines

PR JE PR T R B U0, b 23 HC 25 (dis-
pacher) 11/ ] 25 (coordiantor) P4 4™ 3 73 40 . 43 TiC 2%
IR RE AL AL PR 2% B4 I FLEAE . e g 75 2R PR
R GUIRAS K FH 42 i I 24 40 25 72 AT 5515 R A ATT B —
ZAN R SRAT A, FEorBogs X N Pl 2% S8 5
PR SR A PR I A5 B AN A B AR T
g riids B B B G R, SR Eae T, 1%
AAERRE I DL S ST Ry, ARSI S, AN
PRAREL AL TR — Z A AR 15 A5 H0AE, PRIt Wi 88 T A
WA E SUB A IAE 556 K. FE45 7 AT 55 1]
ISR, 456 0 P R AR SIS A 4 /T AT
ZAs 5, Pr R 2% B AR v e IR 2 R AR (4 VR PR AT o .
PR A AT AR IS 2 B AR R A B R IR R B AT S
a4, AT S R B L E 458, 4B ds
W A MR, B4R, Hdr, SR g
F)E BTN RE A TR 00 RS BT BEPAT TS
IR, FTLLA AR IR RS TR A B R IR 35
I3 ALK AR 2R A TR B R E AT LS a2, 2
AR R RS IT AT S A3 D IR, 22 0] 88



942 B owo#H w5 N

35 4%

PRI S5 AL BEAS I RE ST, AT BT I PSR R A IS,
AEPESRE AT E P, IR 9 RENL & Ak
AT AR, B RENLAR IR L, B e NLER N R G L
B HE, 1RO 1P R PAT | PSR S
A,

LR % LR

RS Hik 4% R ZE ST
B ik 1% Hg 23]
PIEL IS (T45 AbHE 8%
........................................... v
EEPITHRIR S AIREREHIGS
ﬁ%ﬂ;% ............................. E%Uﬁé\%% ........

Kl 4y BCas AR A RSt &

Fig. 4 Structure for dispatcher and coordinators
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Fig. 12 Parallel control for complex systems

127 LA H, PATIE 6 AR 2 ER E kit
FER AR, 2R 4 RGN 33 SR se i i
BROTIE. g b, PATEGR R R 4 R g it s
i) o) R T A IR TT .

7 45 5B (Conclusion and future work)

GBI T E dgs il B AR I, R
Reds i, B o BISPATRE I R R AR, & gl i 3
B DTER R S 5 N B . S s bl KRR
AT FHA G BRZE 3 S5 RATT DT B R AR, BT SEbr R4 mT
DURE IR TS FE AN A R B, WO 2 Rl 42 0
IMLER T2 ) AR IA 21 s s i A R 9.

B 5 1 R G R 2R FEE B TN, SEBR R AT A
LGRS, T2 H B 1 B & R ) f Py A g i) 7 v
BEIT, RG] O I ELFEET R SR R G878 R F S
R EE A BTN ) 77 ARAGAG R i g . v LAE 2,
WAV 2 R aeishl kS % 2 05k, A &N
K7 000 g o 2 4 1) R S AR s ) VR A, 1
A] o H &R T TR,

YRFTCRER RS, THAEAGHSE MY
TARRIRVERS, JUFJeik g n] DU T SEPR R 48 1A
A, R HRe R ML N L RS, Hsihrb N LR
SAE T, BN T RS RS AT HAT A
SELHRGH S IR1G R 2 RGN RAL RN, P47 4 i AR
337850 FIH, HgzhriEmE 13,

AT B N T8 Ry & R (R, Rl 4k 2
B R R 0 FEATT ) R G SRk bmy . B8
HEHo HHEARNRE, KA E &k, 45045
il 7 VR R A F 1 1 v A, R A AR E 1)
e PP IR Y B A B, X R E
ik, PATEGIE N2 ST BREdLEs . N T8
SRS, RSRFE A R giia b o B S A



57

RS BRI S IR B AT R 947

(RIRARTT 5. DA, AT MLl R P12 HL
RGN W R RGPIE R A CPSS RS L
137 RIFHHERIACRCR.
BAFHTT Tt PATHAT
g— )
] ||

wx | fint

[ensee] Ke
N
e Er T LIRS
_____ —____J
Rk

K13 ATl
Fig. 13 Parallel control diagram

ATV R S 2 ST RS, 45 i TP AT
PEHIE R Ae 52 1 5 O A P2 U i B2 A R AT B
AR, SPATF 1) R AR A ST il BN T e sl
IR P i — i I3 1 7 208 PATH i b
RAE5NT ARG &, AT ARG ELR %
SEBR ARG R SN, FEBY SN B2 RGA R
Pt BUE, “PATIEHI B IR SO A T W6k B,
ARG ~PAT P B AR B B SEBR ARG A, 645 Tk A2
I FEL ) S5 AT A R A SE N B REAL, R R AR RATAT
PRI TR B ET5 ). B PAT P B A T
ANGERE, AT 42 1 R AR B AR AL 248 R MR 2%
RGN RITNER, AT HPR A R R R REILL
S PRI TR B K (R A e ).

2E Kk (References):

[1] EKER X5.0: FATRARBFATR B R ). EENLA 208 W,
2015, 11(5): 10 - 14.

[2] FU K S. Learning control systems and intelligent control systems: an
intersection of artifical intelligence and automatic control [J]. I[EEE
Transactions on Automatic Control, 1971, 16(1): 70 — 72.

[3]1 SARIDIS G N. Self-Organizing Control of Stochastic Systems [M].
New York: Marcel Dekker, Inc, 1977.

[4] SARIDIS G N. Intelligent robotic control [J]. IEEE Transactions on
Automatic Control, 1983, 28(5): 547 — 557.

[5] SARIDIS G N. Foundations of the theory of intelligent controls [C] //
Proceedings of IEEE Workshop on Intelligent Control. Miami: IEEE,
1985: 23 - 28.

[6] WANG Feiyue. Parallel system methods for management and control
of complex systems [J]. Control and Decision, 2004, 19(5): 485 —
489.

(F KR, AT RGBS E I RGN E AN [7]. 505 e,
2004, 19(5): 485 —489.)

[71 WERBOS P J. Advanced forecasting methods for global crisis warn-
ing and models of intelligence [J]. General Systems Yearbook, 1977,
22(6): 25 - 38.

[8] CHEN J X. The evolution of computing: AlphaGo [J]. Computing in
Science & Engineering, 2016, 18(4): 4 - 7.

[91 WEIQ,LIU D, LIU Y, et al. Optimal constrained self-learning battery
sequential management in microgrids via adaptive dynamic program-
ming [J]. IEEE/CAA Journal of Automatica Sinica, 2017, 4(2): 168 —
176.

[10] ZHU Huayong, NIU Yifeng, SHEN Lincheng, et al. State of the art
and trends of autonomous control of UAV systems [J]. Journal of Na-
tional University of Defense Technology, 2010, 32(3): 115 — 120.
CREET, 18RI, DObREL, 5. TEANLRGE A EFEHIEART AR S
KIS (1], BRI S4R, 2010, 32(3): 115 - 120.)

[11] LIAO S K, LIN J, REN J G, et al. Space-to-ground quantum key
distribution using a small-sized payload on tiangong—2 space lab [J].
Chinese Physics Letters, 34(9): 18 —23.

[12] YIN Lei, HAN Jing, WANG Ye, et al. Study on virtual hand control
for virtual reality [J]. Journal of System Simulation, 2009, 21(2): 448
—456.

(B, i, M, . MRS T R T4 BRI T (1], R
G HAFAR, 2009, 21(2): 448 - 456.)

[13] E&EL TAkS0RIEL1.0: TATRIATE . BUIR. R [R]. JbaT:
REEF L2, 2014.

[14] E®BR SRR SE AL P75 Tok5.0 [R]. Lig: £
il TR 2, 2014.

[15] DENG Jianling, WANG Feiyue, CHEN Yaobin, et al. From indus-
tries 4.0 to energy 5.0: concept and framework of intelligent energy
systems [J]. Acta Automatica Sinica, 2015, 41(12): 2003 — 2016.
RBEEFS, £ RIER, R, . N LAk4.0F]58Y5S5.0: & BEREIR Rt
PR 5 L PR B R R AE B2 D). E B A%, 2015, 41(12): 2003 -
2016.)

[16] WANG Feiyue, LIU Derong, XIONG Gang, et al. Parallel control
theory of complex systems and applications [J]. Complex Systems and
Complexity Science, 2012,9(3): 1 -12.

(CERER, XIESR, RENI, 5. R RGR AT RIS S (1] &2
KRG HERMAIE, 2012,93): 1-12.)

[17] FU K S. Learning control systems — review and outlook [J]. JEEE
transactions on Automatic Control, 1970, 15(2): 210 - 221.

[18] GILSTAD D W, FU K S. Two-dimensional adaptive model of a hu-
man controller using pattern recognition techniques [J]. IEEE Trans-
actions on Systems Man & Cybernetics, 1971, 1(3): 261 — 266.

[19] WANG F Y, SARIDIS G N. A coordination theory for intelligent ma-
chines [J]. Automatica, 1990, 23(8): 235 — 240.

[20] ZADEH L A. Fuzzy sets [J]. Information and Control, 1965, 8: 338
- 365.

[21] HOLLAND J H. Adaptation in Natural and Artificial Systems: An
Introductory Analysis with Application to Biology, Control, and Arti-
ficial Intelligence [M]. Ann Arbor, MI: University of Michigan Press,
1975: 439 — 444,

[22] KIRKPATRICK S, GELATT C D, VECCHI M P. Optimization by
simulated annealing [J]. Science, 1983, 220(4598): 671 — 680.

[23] EBERHART R, KENNEDY J. A new optimizer using particle swarm
theory [C] //Proceedings of the Sixth International Symposium on
IEEE Micro Machine and Human Science. Nagoya: IEEE, 1995: 39
—43.

[24] MCCULLOCH W S, PITTS W. A logical calculus of the ideas imma-
nent in nervous activity [J]. The Bulletin of Mathematical Biophysics,
1943, 5(4): 115-133.

[25] HOPFIELD J J. Neural networks and physical systems with emergen-
t collective computational abilities [J]. Proceedings of the National
Academy of Sciences, 1982, 79(8): 2554 — 2558.

[26] SILVER D, SCHRITTWIESER J, SIMONYAN K, et al. Master-
ing the game of go without human knowledge [J]. Nature, 2017,
550(7676): 354 —359.

[27] SILVER D, HUBERT T, SCHRITTWIESER J, et al. Mastering chess
and shogi by self-play with a general reinforcement learning algori-
thm [J]. Artificial Intelligence, 2017, arXiv:1712.01815.



948 7= h ® w5 M H ¥35%
[28] BERTSEKAS D P, TSITSIKLIS J N. Neuro-dynamic Programming [45] LIU Xin, WANG Xiao, ZHANG Weishan, et al. Parallel data: from
[M]. Belmont, MA: Athena Scientific, 1996. big data to data intelligence [J]. Pattern Recognition and Artificial In-
[29] BELLMAN R E. Dynamic Programming [M]. Princeton, NJ: Prince- telligence, 2017, 30(8): 673 — 681.
ton University Press, 1957. ORI, I, gk Talr, 5. SPATE0R: IWORBHRE E8E B (1], B
[30] PROKHOROV D V, WUNSCH D C. Adaptive critic designs [J]. PO ATAE, 2017, 30(8): 673 - 681.)
IEEE Transactions on Neural Networks, 1997, 8(5): 997 — 1007. [46] WANG F Y. The emergence of intelligent enterprises: from CPS to
[31] WEI Q, LIU D, LIN H. Value iteration adaptive dynamic program- CPSS [J]. IEEE Intelligent Systems, 2010, 25(4): 85 — 88.
ming for optimal control of discrete-time nonlinear systems [J]. IEEE [47] WANG F Y, ZHANG J, WEI Q L, et al. PDP: parallel dynamic pro-
Transactions on Cybernetics, 2016, 46(3): 840 — 853. gramming [J]. IEEE/CAA Journal of Automatica Sinica, 2017, 4(1):
[32] WEI Q, SONG R, YAN P. Data-driven zero-sum neuro-optimal con- 1-5.
tr.ol for a class- of continuous-time unknow1‘1 nonlinear systems with (48] LI Li, LIN Yilun, CAO Dongpu, et al. Parallel learning — a new
disturbance using ADP [J). EEE Transactions on Neural Networks framework for machine learning [J]. Acta Automatica Sinica, 2017,
and Learning Systems, 2016, 27(2): 444 — 458. 43(1): 1-8.
[33] WEIQ,LEWIS FL, SHIG, et al. Error-tolerant iterative adaptive dy- (Z5 47, WREAAE, M 4RBE, % PATSEST— WL BSE ST — AN R R e
namic programming for optimal renewable home energy scheduling HEZE (7). bk, 2017, 43(1): 1-8.)
and battery management [J]. IEEE Transactions on Industrial Elec- »
tronics, 2017, 64(12): 9527 — 9537. [49] ZHENG Dazhong. Linear System Theory [M]. 2nd Edition. Beijing:
. Tsinghua University Press, 2002.
[34] ZHONG X, N.I Z, HE H. .GR—GDHP: ?1 new architecture for Tglobal— CHACkD, ZPE RGN [M]. 5200 JE50: T, 2002.)
ized dual heuristic dynamic programming [J]. IEEE Transactions on
Cybernetics, 2017, 47(10): 3318 — 3330. [50] WEIQ, LIU D, LIN Q, et al. Discrete-time optimal control via local
[35] LEWIS F L, VRABIE D, VAMVOUDAKIS K G. Reinforcement policy iteration adaptive dynamic programming [J]. IEEE Transac-
learning and feedback control: using natural decision methods to de- tions on Cybernetics, 2017, 47(10): 3367 - 3379.
sign optimal adaptive controllers [J]. IEEE Control Systems, 2012, [51] MO Hong, HAO Xuexin. Linguistic dynamic analysis of traffic light
32(6): 76 — 105. timing design within the time-varying universe [J]. Acta Automatica
[36] ZHANG H, JIANG H, LUO C, et al. Discrete-time nonzero-sum Sinica, 2017, 43(12): 2202 - 2212.
games for multiplayer using policy-iteration-based adaptive dynamic (CBEAL, A3, IR IR I N ZLE T IO i 5 30 02404 (0], B3)
programming algorithms [J]. IEEE Transactions on Cybernetics, AR, 2017, 43(12): 2202 - 2212.)
2017, 47(10): 3331 - 3340. [52] FANG Bing, ZHANG Cuixia. Urban transportation decision support
[371 ABU-KHALAF M, LEWIS F L. Nearly optimal control laws for non- platform based on parallel simulation [J]. Command Information Sys-
linear systems with saturating actuators using a neural network HIB tem and Technology, 2017, 8(3): 16 — 21.
approach [J]. Automatica, 2005, 41(5): 779 - T91. (7K, FKFRLR. FT-PAT 05 H RN AT ISR SR SCRT- & (7], 45
[38] SONG R, LEWIS F L, WEI Q. Off-policy integral reinforcement HREERGEHR, 2017, 8(3): 16-21.)
learning method to solve nonlinear continuous-time multiplayer non- [53] LIU Jinchang, YANG Desheng, SUN Fei, et al. Parallel grid system
zero-sum games [J]. IEEE Transactions on Neural Networks and Lea- framework research [J]. Electric Power Information and Communi-
rning Systems, 2017, 28(3): 704 - 713. cation Technology, 2016, 14(8): 7 — 13.
[39] WEI Q, LIU D. A novel policy iteration based deterministic Q-lear- K, AR, VK, S5 SPAT BRIR RAELLER ST J]. BAEES
ning for discrete-time nonlinear systems [J]. Science China Informa- BEHR, 2016, 14(8): 7-13.)
tion Sciences, 2015, 58(12): 1 - 15. [54] FAN Keyu, ZHU Lin. The application of parallel control theory
[40] WEI Q, LEWIS F L, SUN Q, et al. Discrete-time deterministic Q- in NeFeB hydrogen decrepitation system [J]. Chinese Rare Earths,
learning: a novel convergence analysis [J]. I[EEE Transactions on Cy- 2016, 37(6): 65 —70.
bernetics, 2017, 41(5): 1224 - 1237. CHE TR, S bR ST A2 ) B 94 7E Bl B 009 42 1 28 98 o 1
[41] ZHANG H, LIANG H, WANG Z, et al. Optimal output regulation A [7]. ¥t 2016, 37(6): 65 —70.)
foT heterogeneous multiagent systems via adaptive dynamic program- [55] XIONG Gang, WANG Feiyue, ZOU Yumin, et al. Parallel evaluation
ming [J]. IEEE Transactions on Neural Networks and Learning Sys- . . .
method to improve long period ethylene production management [J].
tems, 2017, 28(1): 18 - 29. Control Engineering of China, 2010, 17(3): 401 — 406.
[42] ZHANG J, ZHANG H, FENG T. Distributed optimal consensus con- (RN, FKER, AR 55, ST M KA P BRI PAT P4 7
trol for nonlinear multiagent system with unknown dynamic [J]. 5 0] #HI TR, 2010, 17(3): 401 — 406.)
IEEE Transactions on Neural Networks and Learning Systems, 2017,
PP(99): 1 - 10.
[43] WEI Q. LEWIS F L, LIU D, et al. Discrete-time local value Ttera-  1E B A

[44]

tion adaptive dynamic programming: convergence analysis [J]. IEEE
Transactions on Systems, Man, and Cybernetics: Systems, 2018,
48(6): 875 —891.

WANG Feiyue. Parallel control: a method for data-driven and com-
putational control [J]. Acta Automatica Sinica, 2013, 39(4): 293 —
302.

(FF QR P AT FE ) B SR B I v S 0 D7 (7). B B 2R,
2013, 39(4): 293 —302.)

EERER  (1961-), I, BIFC R, A0, LERFTT RN R

WL A5 AT R AR E Bk TAT R RESE, E-mail: feiyue.

wang@ia.ac.cn;

KK (1979-), 5, WH5C 01, { AR S0, B0 A7 AR e

R0 AT FRE S AT R BESE, E-mail: qinglai.wei@ia.ac.

cn.



