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Abstract:  With the increase of the number of cores in computers, temperature-aware multi-core task scheduling algorithms have become
a research hotspot in computer systems. In recent years, machine learning has shown great potential in various fields, and thus many work
using machine learning techniques to manage system temperature have emerged. Among them, reinforcement learning is widely used for

temperature-aware task scheduling algorithms due to its strong adaptability. However, the state-of-the-art temperature-aware task
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scheduling algorithms based on reinforcement learning do not effectively model the system, and it is difficult to achieve a better trade-off
among temperature, performance, and complexity. Therefore, this study proposes a new multi-core temperature-aware scheduling
algorithm based on reinforcement learning—ReLeTA. In the new algorithm, a more comprehensive state modeling method and a more
effective reward function are proposed to help the system further reduce the temperature. Experiments are conducted on three different
real computer platforms. The experimental results show the effectiveness and scalability of the proposed method. Compared with existing
methods, ReLeTA can control the system temperature better.

Key words: temperature-aware; multicore system; reinforcement learning; Q-Learning
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Fig.7 Relationship between operating frequency and core utilization with core temperature
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Fig.8 Convergence of temperature under different learning rates
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(1) SEHIBE
N T BRI 4R 5 R AT AR AT AT T R ARSI R T 3 BN A o SEALBE AR 6 #EAT SRR 1 4
H T 3 Al £ 0 AR S A A RS040 Ubuntu 18.04, A RZIRAS 4 4.15.0.

Table 1 Computer configuration information

x1 HEHRERS R
F FE 1 R Th 3
CPU Intel Core i5-3230M Intel Core 17-4790 Inter(R) Xeon(R)Silver 4210
W HE 2 4 10x2
B KIZAT % (GHz) 3.2 3.6 2.2
Memory(GB) 4 8 126

() MXFEF?

AWRSER R T Parsec T P40 Parsec FE /748 H MR A0 25 2 1, b 78 20 AR T SEHLH Y LI 25 oA 7]
B P, R e i ) T o LR GEPE NN A T R SEAE AN R R P4 R BORCR, IRATTAE R 2 i
ANTFIRE P LA SCAS [ R R P B A SR 2L B N 2 FEAL MR AR BERL A 1 3 AR5 A&y SRS AL A 8 (RS54 A
15 ARG 4 TN T ORIE S (10 2 -1k 6 SR AN 55 AL FA T3 2oL B AL A= s A ARF T ) 5 (P 1] i) o A>T
0.1s~1.6s 2 [8])2A Az jl— SRR I B2 e 1), % I X AN () 89 5 32 A PR 1) 60 1 310000 AN [ £ 0 B S 6 3RAT T 61 0
SE B0 1 SRR T T AN [5) ARl R SR 5 3%, 0 I T P S 6 S B AT A3 B S 36 v B P 80 0 0 A 95 £ S R B N A
SEIRTER 2,455 Parsec R/ SRR A A S BANAE I AR AT VRGN M4t 08

Table 2  Test tasks and inputs

w2 MARAT S5 A A

Gt L5544 FR N
0 blackscholes test,simsmall,simmedium,simlarge
1 canneal test,simlarge
2 debup Test,simlarge
3 facesim test,simlarge
4 ferret test,simlarge
5 fluidanimate test,simlarge
6 fremine test,simlarge
7 splash2x.fmm test
8 splash2x.radiosity test,simmedium
9 splash2x.water_spatial test,simmedium
10 X264 simmedium
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Fig.9 Peak system temperature when LTB and ReLeTA run a single task in the 2-core platform
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Fig.10 Peak temperature of the system under different task combinations of LTB and ReLeTA
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TARITVE X IEH N LTB AR 17 0, 24 U 3 SR D I LTB  A] DL S R 2% >) 1) R0 AT 55 4 32 SR
B B A T2 P38 AT BRI 9 L ReLe TA 1R JE 47 B1BCREE W UL T LTB. A I n] DL 3 Bt A IR P A S 1y 1
T, ReLeTA J& I i 5008 85 I 52 5 PR AR, U W ReLeTA [HINS 25 A [0 e IR L A7 5E 98 10 3 B2 44
Table 3 Temperature difference of the system under different task groups of LTB and ReLeTA
% 3 LTB Ml ReLeTA A FMES4L T A S M L %

[N ST 2(°C) I K %2(°0)
3RS 2.6 10
SATS A 3.7 13
8 T4 4 8

H T R PR AN AR AT R, R ATITE 20 SIS BT TSR E se s A i 15 AME
25 WAL 45 A A5 37 K3 15 M B30T 1000 IR T 3k S8 R AR BT 5 B RGP, S0 B0 17 4s REE
— R ARG BB 11 SR T RR T VAL BN PAT R (0 e {13 B 74, AT LA H ReLeTA ) Vg (B il /55 44
KZHAEO TR T LTB G E IR T 1.35°C. B T WA, FRATIE RAE T R Se 10 3530 % 4T 45 iz
AT PR R0 3 EL AR B AR B 12 o, EL AR B B B 45 AR 4.7 LAAG H ReLeTA P-4 W {f il 32 L
LTB IR T 1.59°C AL T B N AZ R EEAR LG T LTB WK KBRS BEAIK T 5.26°C.
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Fig.11 Peak temperature of the system when LTB and ReLeTA run 15 tasks in the 20-core system
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Fig.12 Average temperature of the system and the temperature of the core where the task is running
when LTB and ReLeTA run 15 tasks in the 20-core system
K12 LTB Fl ReLeTA 1E 20 #% 540 FIsAT 15 455415 I 10 JR 401 Bl FT: 553847 i 46 A A% 1A 2

Table 4 System temperature of LTB and ReLeTA running 15 tasks in the 20-core system
% 4 LTB Ml ReLeTA 1 20 #% R 4 HIEAT 15 (L5 AL RGTMLEE N UL

RIRES SRR I (°C) IR CC) IBATAL 5 BT AL B (°C)
LTB 41.45 36.61 38.96
ReLeTA 40.05 35.02 33.70
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FATIHE 20 £ (191 5 1 1] Hyper-Threading £ ACKE 2 8 W XA RE 2 40 B TT JEE— 25 (KB DR R i A7 PR,
FATAE LA A JEE 71 T A0 (003 P AR AL P, B v 1R S 06 45 R R S A6 5 Fp il LU HY A8 I Rl 5 32 I E 1 240388 B AH
72 0.9°C VR AN 22 T 1.4°C I8 AT 55 BT AE WAZ 1 B 2 OKIE I T 3.5°C A 40 UG O 1 AR~ 22
FEZEARELT 20 B AT T T e X2 A 75 40 82 R A 1155 20 B2 S256 b AR IH) (K41 55 4, A1 LE T 20 #2138 4T
PREE L T 5 2 (1 2 PRI ), S S50 St Ve L P31 35 3 R I

Table 5 System temperature of LTB and ReLeTA running 15 tasks in the 40-core system
#5 LTB Ml ReLeTA 7t 40 #% R G HI24T 15 AR5 41H R STl 0L

7k V3 VA (°C) 13 (°C) IBATAE S5 PTAE R E (°C)
LTB 414 35.0 35.3
ReLeTA 40.5 33.6 31.8

(2) ReLeTA 5 DSM. LTB fil Linux 2 [a] ) EL 4%

FESS 2 ANSE R I T DSM M Linux [f) CFS 2 J7 P SKREATX L ARSI R A T 4 B8 i-F &,k
T 3 NBATH AR — € 2 7 R P canneal . dedup. facesim SKIHEAT S50 [K o DSM 75 B @ fF % ML IR
LYl I TR R G BT IR 3 AR B A RO IS R :2ms,43ms, 58 B 55 %5 AT 400 X BAT I FE b,
BATRE T A RTINS AT I 1) LA R B IR FR P18 AT 25 RN 1) R G i 6t % ReLeTA. LTB #1 Linux, H#Af H
Linux A [ “ondemand” I 35 X St 448 1l R G M.

S 2k W R ORZER 13 1, AT LU L EEAN s BG sE FE H DSM IS AT R UK. X S K D DSM A T 3 ) 1 A,
A5 FH AL (1038 47 40 26 SR 2 0L 23, 1L ) I 5 BN FR P I8 AT I ) B A % VR R 8 AT 58 I AR )3 T 75 B2 1K I (1)
KEIH 3 000s; 1M HoAth 7 vE LA @ IR AR AR IS AT B3, 384T 58 I A BRI IR TED 2 1 5008 Ze A7 384T 58 I A BT Ja &
b\ PRPIR S AT FEAIG 2R SRR B FRATT LA DSM. I BRAT IR (8] 24 J& 393, o155 T 7R3 BT 8] [RI B PN 4 b 5 ik 1~ 34
R, 85 AL RAER 6 o AT 5 PAT J LR SO AR S AR G T DSM A 1 0.6°C; 1 A % T 3 A 5
T3 FRA IR 5 5 BRATG 11 T 2 W (B IR 23 ) 2 5.8°C AT 2.5°C.
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Fig.13 Experimental results of ReLeTA, LTB, DSM, and Linux default scheduling methods
13 %%} ReLeTA. LTB. DSM. Linux 2R\ 5 7 o i 50 56 45

Table 6 Comparison of various methods with DSM
*6 ZMITLS DSM X

WaRiS Linux ReLeTA LTB DSM
T E (°C) 46.4 412 43.7 40.6
VS DSM (°C) 5.8° 0.6 2.5 -

DSM ¥ H by 2 703 42 PE BB 249 R T4 T 2EA7 2R oI B UL A, SR 1T IE A FRATT7E 181 5 T Jé 75, DSML & = (1 24 il
BR RO A S I UL B2 RO VE BE K P53 7 X T T VA O AL PR RE LY RIS L HEAT T S5 DSM. U7 VA TR AT S
canneal. dedup. facesim 737 41%,5%F1 4% 1R 0 T AT A2 L8 IR 24 T A% SC T4 05 vk R R D s i oL T
HH I AN AL I S0 3 1 R R R P % B8 AT G T LA P b 77, ReLe TA  RETE CRAE TR BE I L N B R 4
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U FE DR FF AR BAR FPIRAS.
Table 7 Proportion of running three tasks under four methods that do not meet the time constraint (%)

FTT AFINVETIEAT 3 PFIAE S AN 2 I TR 291 B (%)

115 Linux ReLeTA LTB DSM
canneal 0 2 0 41

dedup 0 3 14 5
facesim 0 0 0 4

BRI BE R e, A SO 3 BT A TN IE TP RS EAT 7 Ge vk DPEAG, B 45 W3R 8. A () B W) TR A5 S R - A 1k
N FR G5 T IR 7 ) d5 28 56 AT 55 U 52 1) I ) TR RBEG,3 b 7 925 1) 1 380 T A 8 AE ORUIEAE 1ms BLIAL{H & DSM 14T AT
G5 1 AR P B R TR A HAR P PP U7 ¥R ) 3 A 2240 A 08 DSM EH T iR BEAE PR FREAT T — R AU EAS B E
PR, 15 0F 54 A B AE R I Q L, Hh I i v S50 8 8K, BT LA () I8 d K (F H. DSM Bl A A0 475 14T 55 WS A
AR AR SC 7T A T LTB, = 2 1 T AR SR AR B 4 5 %,
Table 8 Time overhead under the three methods
F 8 3 UL (IR E) T8
J7ik SP-Y I 8] T 45 (ms) 5 KR 18] 145 (ms)

DSM 0.776 3.76
LTB 0.296 1.04
ReLeTA 0.540 1.3

6 IE\ gélz

2% RGN E R B O A 8N 2% R G — A O, T WL 88 2 > J5 YR AE 4% D T IR 8
KA BRI, 32 B T e e Ak 2% ST S RO I ML g 2 S ST B i B T R R sl A
SFE ) F. T O 20 R 22 T 5 A 2 ST 0 B e B A PRIF 9% 040 SR 1T 224 Wi A7 A8 O 35 T Ak 2 ST I R Gl A
7 V5 AE IR AR 2 il R B3 AT R A A7 A S ) A AR ST VR AR A S I R N AT % B AR LT T 4 e
AR 9% TAE R AR 45 AR SCHE HE T AT (R IR 7 R 2 il R B A T 1, 0 AR AN TR LSS R A A A
) (R A 45 SR AEAT T 4 T8 1) 52 36 Ak A LL T B0 (R P R 05 325, AR SO 4R 1K) ReLeTA  J7 v ] L S 5 5 103 32
L, AR AT 2R G 11 VR A 0L 256 R 203 B . ReLeTA. {E A S P ANAN 25 18 T AT45 RO JBE, 4 T g 88 S I — A4 77 4 ¥ 1L
JE RS, T B0 2 1R sl ) R G K AR AE AR K A v BRAT TR 30— 20 o] A5 288 Bl 42 R G A
R A JEF| ReLeTA .
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