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Abstract: How to remove the hotspots in data centers is one of the key issues in the data center industry. This work
focuses on designing active ventilation tiles (AVTs) to restrain hotspots in data centers. The AVT control problem is ab-
stracted into a Markov decision process (MDP) problem, and an optimal control algorithm based on deep reinforcement
learning (DRL) is proposed. The proposed approach adopts the model-based reinforcement learning (MBRL) paradigm and
has better sample efficiency compared to traditional model-free approaches. Extensive simulation studies are conducted and
numerical results show that our algorithm learns the optimal control policy faster than the classical model-free proximal
policy optimization (PPO) algorithm and is effective in suppressing the local hotspots in data centers.

Key words: data center; active ventilation tile; reinforcement learning; performance evaluation

Citation: WEN Jianwei, ZHANG Li, DUAN Yanduo, et al. Model-based reinforcement learning for active ventilated
tiles control in data centers. Control Theory & Applications, 2022, 39(6): 1051 — 1056

1 55 o AHERDL. ¥ A R B R 2445 B o o (.
AR, BB N LEEE. SGHAEHOAR . I A BN S i €/ eSS kbl S C I S S SV S E

Wik e, P Es s TR IR R RO TR . g R R R A . AR 42 R 4 B T U, LazicsE
HCAE 4 P SR A A SRS ik, s NIDSR 7 R Tt sl (¥ 75 vk i 1 S Si pr e o
FEAWTE BT, AR, T a0 A2 R, i GO, SR R AE GKEh 1, 2 TR R s 2 51T
OIS D 2B PR PR B DB E A A2 M TR R o0 N B TREE AN L. 45 RR W,
RERf A B O TR AR, AR ORI sRA S STARE DU R ZE LAY /NN AR 2t T A

Wcks F1391: 2021—-07—-27; A A H: 2021-10-27.

537 E-mail: 845885886 @qq.com; Tel.: +86 15049170010.

A DTG BT

X B ARF 23 £ T H (61862048), I 52 1 A X B H K £ I H (2019ZD015, 2019ZD016), N 5% B i X 55 8 BAR B0o% 1 % 1 H
(2019GG273, 2020GG0094), W5 il FAXFHE R L B B1H 41 H (2020CG0073, 2021CG0033) B ).

Supported by the National Natural Science Foundation of China (61862048), the Inner Mongolia Key Technological Development Program
(2019ZD015, 2019ZD016), the Key Scientific and Technological Research Program of Inner Mongolia (2019GG273,2020GG0094) and the Inner
Mongolia Special Program for Engineering Application of Scientific and Technical Researches (2020CG0073, 2021CG0033).




1052 B owo#H w5 N

39 %

R 22 A B G IR RS A IR HAREL T EE
A3 42—1# 4> (proportional integral differential, PID)
PEm a7 20, F TR R 2 S TVE RS- T T
TAERCR. Lids NPV ST — ol 389 (14 ¥4 142 1| 5
12 (cooling control algorithm, CCA), 1% 5 7% 45 &
Actor-CriticHE Z& F1 7R B 1 5 P 5 B 16 B 5% (deep
deterministic policy gradient, DDPG)H] % £k 5 %, 7
HSEH B o0 AT TP 2 B IECCAT] BT
B 1% H A, Chite NP T o8y sg i 2% )
(model free reinforcement learning, MFRL)&EMAD-
3C(multi-agent drl-based data center cooperative con-
trol), fiftik 1 B L BEFEAUAL o) R H RS 23 [ FIAT
N AV BN 1) R, 9 ELTE 138 PPl SR
£ 52 PR SR 57 (actor critic deep deterministic
policy gradient, AC-DDPG)% % e /& G AEHESE, T
BEEITR SN ARG MR E1E. SLRR Y, 277
VEREMETE LRAUE I ZRAR 8 T A e BE VR FH 22 ¥ [R]
i B RO A PR ARE A PO B BERE. BA_EAHSRHIT
FE 35 B h U K R, 238 XU 56 4 e R 2R AT 4
5 O Ry i VA A ), AEL A 2 R 428 ) Do SRAFAE NG 4
AN IR, B0, PR R B A v T RS, 4 fRy 4 e
HBE R LA, T0 128 B FRHA ORI, AE o) 0 425 i i
FU A0 P, Beitelmal 55 A Vi it 72 £ hoCe /4 il 22
BEAVT - Hedli v Ry i, oot Bt oo B AR v
HIR. T b HdE 0 BEFE, Zhou®E NS BT
— AR T AVT AR T2 ) 2, LLB R 4 oy A =) 38
A, I/ MEEHE PO EIDIFRE, SRER R, TR
A FEAK36% 7% H TIAE. 245K F) S5 N TH T AVTH #4
BE IO AR 7Y, S 3 - AVT R 42 il 1k 1 A5 730 S Ak,
Wan 55 NBOIR T T 54k 2% 5] I AV TH2 ] [7] 22,
2 E A T Q-Learning & 2 F I £ QM 4% (deep Q
network, DQN) &Ly, il i 75 H SE I Th O IR, 45
AR AVT 1 A AT DA fifp Hic s o0 vp JR BB AL
ZRph i) L, T HL AT AR AR A AN 0 v i v BEFE.
PA_E AV i1l S92 A5 R 2 To R B () ik A 2 ) B
2, RFERURAR, FE W SOE 18, IF H oG 1R 2 Q-
Learning 5. {%318 & DQNH VR Hid T B BT A=
[ e 2, 1T AV THE 1] 58 3 & T8 2247 s [|) 1) L, P
PA_E A S R AVT AT S R T 1 AL, 1X
ANFI TR A7 H AVT R AT 42 1 S

N T R B ) R, AR SR T R AR AR
B 5% 46 %% 3] (model based reinforcement learning,
MBRL) {177 AR A s LSRR AV T ) . 3=
FEGTHRAN R : 1) 3 T MBRLIZVEH T4 ool 48
AVTHE S, T BR T R A AL 2 $ w1 . 9 Hoo T
AVTIFE R FH S (AT 2 0], S8 T AVT 4
RLEEFEH; 2) X T-MBRLJT %, AR SCEESCHR (110 2= i
EXTMBRLIT BT 1 k. B SR (1] e R PR R

IR UM AR I (1 e 428 X 2 5 A IR | AT PRI ABE 700 1),
B IR HE. T ANEIN T SRS A 22 ) % 2 ) A R T
Pl g5 th 008 AT N, Db 1 AR TSR (I Ta],
T ARG A AR, 3) @R OB AT
SEIS IO, 15 FL45 RAF IMBRLA LA L T PPOSA
S S P B, 9 HMBRLEL v AH H T-PPOSL V% 45 £
T 16% I ThFE.

2 [ERA

Kt rh Ot AR A A AR 25 44, P LR,

L5521

P

- U s
UIE T FIERMR WEE R

K1 Hd by R4

Fig. 1 Data center air distribution
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