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Deep Reinforcement Learning Based Thermal Awareness Energy Consumption Optimization
Method for Data Centers

LI Danyang' , WU Liangji' , LIU Hui®* and JIANG Jingqing®
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2 School of Metallurgy, Northeastern University,Shenyang 112000, China

3 College of Computer Science and Technology.Inner Mongolia Minzu University, Tongliao, Inner Mongolia 028000, China

Abstract With the continuous expansion of the scale of data centers, the problems of high energy consumption, high operating
costs and environmental pollution are becoming more and more serious, which seriously affect the sustainability of data centers.
Most data center energy consumption optimization methods focus tasks on as few servers as possible,so as to reduce computing
energy consumption. However, this often leads to the generation of data center hotspots and increases cooling energy consump-
tion. In order to solve this problem, this paper first models the data center,and models the total energy consumption optimization
problem of the data center as a task scheduling problem,and requires that no data center hotspots are generated. This paper pro-
poses a task scheduling method based on deep reinforcement learning for data centers,and uses reward shaping to optimize the
method to reduce the total energy consumption of data centers without generating hotspots. Finally,experiments are carried out
through simulation environment and real data center load trace data. The simulation results show that the proposed method can
reduce the total energy consumption of the data center better than other existing scheduling methods,and can reduce the total
energy consumption by up to 25.5%. In addition, the proposed optimization method does not generate hot spots yet, which fur-
ther proves its superiority.

Keywords Data Center, Energy consumption optimization, Hot spot. Task scheduling,Deep reinforcement learning, Reward sha-
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DDPG 5532 7 b $ i% £5 3 4 25 18] Jy 1 FL A 5 38 1) R

DDPG 83k 3 F i 01 IF iR R E L, o oA 3 5 B i K

PIEM 25 8 DY S 3 S ) AR (A 09 i L TP IR 5 U BF-Al 2

PEMRATROR . BRI SR W R o PR S T8 5% 8 I oy

SR N ) P B S A T AT SR, 0 1 R 2

Q #EFR MIFIE . B % 8 TD % 22 (Temporal Difference

Error) , [l TFH i 52 45 t 947 A L% . BT DDPG ML

55 B SRR R PR AR AN Bk 2 R .

ik 2 T DDPG RYAT 55 8 e o v

A BHR R OAIRARES so AR IFFH) C={J(1) -+, J(D)}

B 0 BVREFE Eow s B B

1owihs Al BEALPI I AL B B HEITER Q M4 S8, 2R F il R~
O, B ot BBEFE Eor <0, S A4 h<0;

2. for t<=1 to T do

3 RBCYFTRS ZUE S5 A IO

4 for each jE€ J(1):

5 ARSI EE PO AR s

6. HORIEIRE s HEA B — A 31E a5

7 LSRRI a GRS 28 Ls

8 Bl h RS R s B RER RS 22 03) rs

9 BN (svay s D A LR TG R T

10. MR R B AL 7 SR A AR A I R 5L HE T 4
11. end for

12, BB Y B0 P BRBAE Eow AR S ANSL by

13. end for

14. return Eal
5.2.3 A THaeesmi

2 il ¥8 3% (Reward Shaping) ) & A AR 2 78 7k 1) 2 il
BRI B b — AN /N g v D52 g 4 o Dl o Rk S B
AR TE P W 8, H o, PBRS T #iIE B & — Rl A &4 04 % Jil
A B T Y B A P A SRR A — S R R BOR R R
—AREWIFIR . 16 PBRS W, 18 8UG B 2% 5l iR £0R] L X

r=r—&C,)+yd(s, ) (16)
Horp o F a3 5 O A6 BT RS T B S pR R T @ BRECA
HHE AL,

7 PBRS Hr, S5 ) B30 78 F 0] % 31 A ok g, 3B R
Hny Ll 0y AR 35 ] PE AR R [RARZS A G SRR L B
R COR R NI R Ny 8 s & L AN L &
fEAL T 25 PRARAS , MG BLSRAS SRAT AT AT AT 55 L LR 55 75 A% B 1Y
R FEAR T . L 3 2 G P 2 R IR 55 9% R LA 2 1 B
o M IhFE . 6T 3X A% 5, AR OB 56 HIR A 10 I 55 75 5L
AR A8 R EOR M RS I IR L B, S RE R Y
ESH

q:'(S,):‘Z\‘:]I, an
Ho o, — A AR L R Y AR S5 AR RS . AR
H 1L FRE | GRS TR,

ST WG X 4 Bk RS 5 kL AR SR i PBRS Bk
J5 (1 DQN #1 DDPG %1% 43 5l fir 4 5 DQN-PBRS #il DDPG-
PBRS,

6 SEESHT

AR 3 3o 7 DAY 5 10 BT B Y B R0 REAR DA T TR
BEATPERE M . & SE A R SC U I B AR BT X SE g 2 2R AT
.
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6.1 XWiEE

55306 124 8L, AR S 55 46 7 BB 85 R A Python 5 5
AT S, HF T A 3 W P Y & BB 3 508 P O 1 R
SRR . TEOF RS A AT 55 1 B B 0E ER B X 4
155 B 6 0 AT VR BB L B U103 HE ORI b 1 SRE AR LA R AR
PR AN B, R R S BRI 4R T PyTorch I8
i 2 SIHESR , IR 7E NVIDIA GeForce RTX 3060 i F F#4T T
1000 A epoch WYY Lk, D T 52 56 7 A 7 W5 Fh A ) 28 7 1 4L
Tt v 9 0 BLIR8B% rh il AT, Heb B S TR A s A S R B
Pt o SE B SR T T RS (] 2 A Y 2 S A £ 4 R
A TR B A B T I L

TE AR ST AR FL S50 v [R) A B0 v RS S O s 3
KHAT CRAC B I A, [FH R oo 3645 100 & R 55
8RR & A NEE T Intel Xeon X5675 RUAZ AL H g%, R
AR D3R 200 B RS & Hod 100 & IRk 55 SRl & T 0k
F5 /R Xeon X5670 XAZALFLAR . 55 4h 100 & Bk 55 25 BL & T 92 4F
/R Xeon X5675 WAZALFER . X PR CPU M AE S 40 1
g,

#£1 CPUZH

Table 1 CPU parameters
CPURE S  CPUMH ®AH#/w  FAHHE/w
Xeon X5670 2 66 247
Xeon X5675 2 58 222

IS K PlanetLab 2487 #il Alibaba J1-57 £ 7
B4 L 92 A 6 AR R R I SR A R SC S B 4% . PlanetLab 8 42
£ 4% PlanetLab RELEJLAH W 1000 A~k #IHLAY 7 L
ST AT R T H P — R EHE. T Alibaba %
AR AL & T BT O A AN AR AE 120 AR
BATER ZA T ER A T KL 1300 & KA GZE 17 0 6
FHFE 7 AL AL B AR B PR o X AR 4R P AT 55 2R
[il. PlanetLab ##%4: thi % B A B ALK CPU 53K F 4L &
B 55 B 35 2, 1 Alibaba £ 95 4 09 4F 55 W B & 1Y
CPU TF R AL A9 AE 55 2 18K . BB R 15, PlanetLab %% §i5
AW T B B o0 BT AL B9 A 55 REAT L T Alibaba
BCHE AR ST e 1 R AR b O U T AL B AT 55 REAE

AR SR FHACHE T O B RE R R AT 0 B2 b ™ AR A B AN B
K VEALSVE B RE . B0 oL BB RE 1Y e XA Sl an = (9 i

SzEe X DQN B3 Fl DDPG 83k 16 £ Bl S2 86 3R 8 T A9 1
REEAT TXTEE IR, Hovb . DQN # ik f1 DDPG 53 19 4 4
ZHNE 2 Fral.

F2 HESH

Table 2 Algorithm parameters
HEsH DQN DDPG
# 3R 0.001 0.001

#rdm B ¥ 0.9 0.9

LS 0.001 -
H R ] & - 0.001
HAF R F ] F — 0.001

6.2 ZEWEREHSN

A SCHEAT T WIS 5 < L S G A L SE 8 . AN SE R
YGAE DI B o0 LA K P A Bl B2 3 4 B S B PR R TR AT
T Rl S 36 57 7 6 0E AR SO T % 8 98 A 2 ST B0k Btk B A K

PR, TGS LG SE 56 DU 1B 7E L B AS SO0 12 5 H: Al A 5C T vk 1 g
ER,
6.2.1 HakEE

R T 46 AIE A SO A B R B A A 2 ST R A R
ARSCHEAT T — T A S 7E XA SE S AR S T Al
IR DQN A DDPG 5 #:, DA K A 3C#2 H /) o 3k i DQN-
PBRS #il DDPG-PBRS B 75 BRI T AR M, T 451
WE 4 iR, KPR E 4 % 1 T PlanetlLab 4 4 T 1) 55
ZERLE 4B T Alibaba B £ T RIS R, B 4
P AR F RO P D TSR R R TN
B o TSR AR

TETH BI04 PRk AR AT 55 08 B o AR R B R R A A
S N TR L AR SO R R 4 R R AR RO 0 BB AR
RO e
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E 380
S
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2
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>
)
g 320
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=
300
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=
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3
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£
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Fig.4 Ablation experiment

ML 4 e LUE B PUF 45, A 308 i 2 i it DQN-
PBRS %3 fl DDPG-PBRS % 12 72 5045 Hh 0 B RE#E 7 i 35 £
TR DQN #1 DDPG 53, 7€ PlanetLab 2484~ . 4
L S5 il R % SR W0 R 1 B IR PO R R R B AT
T 6.5% . 7E Alibaba 3R AT , SO RR Y 5 25 A Lo B il bR 1
B BT BRERERRIR T 1. 8%, MWSIIRSGER W LA H .
A KT DQN F1 DDPG 8092 1 ol i & %0

MIEL 4 R mT DA LR AN SIS . D AR [ A 5 R
BARAE T, [ BdE b 1Y BE AR SR T 5 AL Bl P s iy B
ABAE . X2 B 7E AR 9256 19 92 56 3% 3 b, 8] 4 B8l b 19 IR
5 TR RE R LU AR T 5 A B dE bl o TR A SR vt FE BT AR TR 1
R4 B FE TR DAY BE R . 2) M Lk DQN & 318 %% ,DDPG £ 5
BLRRAE R AR AR 558 Oy K. 7E LR 45 R, DDPG
BT DQN % ., i DDPG-PBRS # ¥ i T DQN-
PBRS # ¥,
6.2.2 b

T B UE A SR AL UL AR BOHE o0 R AR T I R AR 8T
TR AR SO AT T 5T 4 f B REHEMWES
A B 0 X LE < B AL IR BE 55 1k (Random) | %8 90 98 B2 53 1
(Round Robin, RR) , TASA™ fil MITEC-GA™!, 3 4 fi
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ZEPLIR LA T ORI B AL 27 T B K PO U RERE I AL T

IR ENR RN T .

1) Random 5% AT 45 #l B AL 20 L 45 — & IR 55 75 &

2)7E RR Bk d AR S5 PR WA BL 45 I 55 4 3B — & Ik
SanItha, HERG — G & ARG H BT R .

3)FE TASA Bk h AR5 6 2 ML IR 55 28 09 1R 2 4 A7
Fl i A B I B2 S BEAT IR 2, dee A0 A 55 23 B 40 I B e v
R 55 #5 1.

DOFTE MITEC-GA Bk R EETBREEE., BT
e AL B b BB AR 1258 K A 0 A BB RE AR S ) R

R TSR A SO B MR L FR AT AE 17 B R BE R X DDPG-
PBRS Hvk 5 ik 4 B L # 4T 7 X b S2 56, H 45 R an &l 5
FE 6w, Hep B/ 5 4T 5 Ak 76 5 oo B e FE
5 W R 2 R T 6 4 T 5 R RIS L B S A B0 T Y
X AR,

M 5 Hr] LLE A SR DDPG-PBRS 8 3% B & 48 T
Fofth 4 PR 5k, 7 PlanetLab B EE T A L Fofth 4 it
LR B O BB RE DI T 9. 8% . REBIKT
25.5% . 7E Alibaba 4R T AH L HoAl 4 Fh SRR 500k Ho i
HDA ERERE R D EIRT 3. 4% . M BHET 10. 7%, ML
W ZE AT LR 1, A SR DDPG-PBRS %5 1 % 55 41 i 0 4k
B b REFE

AN B 5 ik A DL ) — A~ 3 4 : DDPG-PBRS 7£
Alibaba £ #% 45 % 450 55 07 B 3 /N, G SE iR E R 3. 4% ~
10. 7% ; M 7E PlanetLab %45 5 T (¥ 45 5 R B2 45, 90556 iR B2
H79.8% ~25.5% ., A X B R B 40T % %%« PlanetLab
BAEE T 5338 R\ B CPU &R /)N, W 1L PlanetLab
BOHE A T AT AT 45 5 O 2N L R G () A 1 R A
[ TE A, PR Ay ) 0 0 45 R 2 () O, 4 19 4 55 i SR g 5 2
AT 55 00 O W 22 D) A 2 B Al T R, Kl B i E I T
DDPG-PBRS 57 1948 2% i 7 bb H: i 35 3 0 3, R ML BB 1% L
At B3 2 R 3 B 4 14 4 55 98 BE SR
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Fig. 5 Energy consumption comparison experiment
MK 6 7T LLA3 LT 45 38 A SCRT 42 Y DDPG-PBRS
BRI B A S A I B TASA BEikd R

2GS . ML Z T L Random B 15 45 77 A R (0 24 8, T
RR FI MITEC-GA Sk &= R, X H A
DDPG-PBRS 5 B8 % 76 AT 55 4 BE v 72 4325 B A o0 (9 17
2R X A R R R 2R A T AT S5 0 B AR TP PR S IR S5 R
AT 3 G T PSR 7R AR, T S R B S AR RE S (R 1S
CRAC # m R, N 198 T REMRHAERE. 52
JZ » Random $4 7 J& — Bl BE AL 40 v 10 530 % L S R AT 200 i 4
fE45 i AT, 3T #UR ™ 4. RR I MITEC-GA 5k
FARAENS — B AT S5 P (AR TR R
PR A7 9k 45 7 A — s Bl i B
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LERIE R B O B p PR R B L 1 BE
G IR0 ™ A P B R T RO L B AT R S . AR SO AT
X a1 AL 45 T — b T IR BE SR AL A ST WA 55 R T 1 Ll
T A AR 55 98 L AR P B RERE N AN 77 AR R . 5,
AR SO B4 O BERE DL AR RLBLREAT TR e E L3R T
BT U LR A2 T B JR I 5 v R i D X AN R, B L AR
il PBRS X B Sk 27 > Sk b 4T T4 Al . LA — 2 2
R . BRSO T — MBS PR A SO RS
FOAB TR BE ST BEAT TR H S . SEH AR R R AR SO Mk ik
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