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Abstract: The rapid development of cloud platforms and microservice architectures has made elastic scaling a critical
mechanism for ensuring both performance and cost efficiency. Although prior studies have advanced workload forecasting

and hybrid modeling, most approaches still focus on predicting resource utilization (e.g., CPU or memory) and then map-
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ping forecasts to scaling actions through threshold rules or controller logic. This forecast-control decoupling amplifies pre-
diction errors and fails to capture practical mechanisms such as hysteresis, cooldown, and discrete scaling steps, thereby lim-
iting deployment feasibility. To overcome these limitations, we directly learn scaling behaviors, modeling replica count dy-
namics as autoscaler control actions. We propose a hybrid model, ARIMA-BiLSTM-MHA, that integrates ARIMA for long-
term trend extraction, BILSTM for residual sequence modeling, multi-head attention for capturing critical temporal depen-
dencies, and residual correction for improving robustness against bursty and non-stationary workloads. We conduct exten-
sive experiments on the real-world Alibaba cluster-trace-microservices-v2022 dataset, where we systematically compare our
method with baselines including PETformer, SparseTSF, TFEGRU, GRU, Transformer, Seq2Seq-LSTM, Seq2Seq-GRU,
Seq2Seq-Transfomer, GRU-LSTM, CNN-LSTM and CNN-LSTM-GRU. Our results demonstrate that our approach consis-
tently outperforms existing methods, achieving relative improvements of 1.57%~71.56% (MSE), 0.72%~46.67% (RMSE),
1.57%~59.10% (MAE), 1.97%~60.48% (MAPE), and 0.27%~15.70% (R?), with R? reaching up to 0.954 3. Furthermore, we
conduct container replica autoscaling experiments based on the DeathStarBench socialNetwork benchmark. We show that
the behavior learning-driven strategy, compared with the CPU-threshold HPA strategy, successfully reduces the average rep-
lica count by approximately 17% while lowering the average P99 latency by 2.11% and effectively suppressing tail-latency
spikes during load transitions, thereby significantly mitigating resource over-provisioning. We show that our model can

more accurately and stably learn and forecast scaling actions, providing forward-looking decision support for autoscaling in
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practical cloud environments.
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YEFRAE (oA —BE U AR AR ) 1 22 4R A AR AR (An £ 2%
TR BE O R LR S0, B A R A ik
PE. TR R p B2 IR A RS, B br s #  ok
H AN B )25 A Ao 24 s ol o St (R EIARES) | L0l it
RN (2) ~(4) iR
Pe+1) =f( y(0).y(t=1), - p(t-p+1),

(2)
x(t),x(t=1), -'-,x(t—p+ l))

P(e+2) =f(y(t+1).0(). -y (t-p+2), o
x(t+1),x(¢1), ---,x(t—p+2))
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P+ H) =f(y(t+ H=1).y(t+ H=2). -y (1-p+H),
x(t+H-1).x(t+H-2),x(t-p+H))

(4)
Horpr, y () FRiE 20 ¢ W RIASEL CRIAED) L p (¢ + i) Xt
AR 1+ I 2 B AR SAE B0 (i=1,2, -+, H) ,p N
T3 e WS B f, () Ry e 25 4 58 p A I 220 1Y) R AS 5
FNAKER i 0 RIAS K S BT 40T 2 27 2] pR K (B Sf
LR) IRV R, HA T K

TR AR, AR (2)~(4) ki B X 2
A, B2 40BN (5) s«

Ap(t+i) =p(t+i) —p(t+i-1) (5)

B X NV B £ 04 45 BT AE (scale-out/scale-in).
PRI, AR5 08 R) R SCANASU e a5 1 s ] 5 27 T, o
B RO AR AT R SR LR T, S P -
FETHE B PO E TR . AR VR M, AR S N Ak
AT HAT R B R O AR R = (6) (A (7)
F

Ap(t+i) =T (p(t+1))
=clip(round(P (£+7)). Y in+ Vmax )
a(t+i) :clip(Aﬁ(Hi),—Ki,ﬂcT) (7)
Hop TR T BURE D R AW S IR RO BRI, x|
I B, T 26 25 S U AW L LR B
AP (t+i) 3% a(r+ i) AT ELEEBGT 8 HPA L 1 . 515458
RS TN AH L , 12 0] R0 DR A AR BLAE < A 7 51 L
A EHOE AR R PR AR R SRS P, O S AL B
PRy ]V ) 55 5 e 7 AL JIE X T T U i 2
AL R, 5 ASMR BT IRAE R SR Z U A N
AT T ) i Al G2 20K, o o4l 4 52 J ) i 2 A 4
HE TR Y BRSO, N 2 R B i e kS
TARNE . 2055 AT 0 5 R AORE 5 1R CRS
SORBAY [ i Bk F ) m AR L0z O R BER
£ 5 iR 2= A M RE
3.2 BARES:

FRAE 3.1 5 e I R EUE X, A SCH AR ARTT R 2E >
TR — A LA A8 B A E o B A Bl 1 i 208
I [B] PP 91 ABE (B Sy SO — AT 55, A SRR IRl
TR BEAMEAREOR : ARIMA (LSTM £ ki &
TG ERZEAETE . EAT 530 N AR B Ak A D
e ARZ MM OB I 29 4 5 1R 22 A A S 2k
BRI e 5 07 AR
3.2.1 ARIMA#5Y

ARIMA #ERVE— 28772 i F T 15 6] 40 43 B 5 13
Wy ge i 8 5k, R lad T B AT B PR v sin]
I 22 S AR R RTINS 5 E TR

(6)

L R A8 IR 55 ) R AR B TUINAT: 55 Hf , ARIMA #7608
flly e JOT B 1 P 1 5 S B A, X I s I AR B B
B Sh AT A A T e 255 A

WA 7S, ARIMA S5 3 A2 32 200 16 5000 R4 |
TAAMERE G 2200 540 B B4 T (ACF/PACE) (S5l
T BRSSO SRR

Data Input

A 4

BRI EROE
Stationarity Test

v
oA

Differencing

A 4

SEHr 4 BT (ACF/PACF)
Order Selection(ACF/PACF)

A 4
SRt

Parameter Estimation

A 4

RS
Model Diagnostics

A

T
Prediction

1 ARIMA #7050 72

ARIMA #2758 5o 51 A [ [B193 (AR) 2243 (1) Rt
P2 (MA) =228, A7 R B2 e 91 B KU 3
W sh K . He— A R N (8) o

P q
Y= z¢iyt—i + Zgjgt—j"_gt (8)
i1 =1

oy Feon B 20 0 1 R A K (0 B AR ) 5 6,02 AR5 40
B 2R, S T s R AR B ) 2 W AR 5 p SR E RHE 30 Y
W& 0,72 MA TR 00 2450, S P2 0 L Pl (R ) x4
ISR A4 5200 5 g R i Bl - 3T B B R s e, 2 MRS 1 )
T, R AR 2

B X AR S Fa i 8] 7 51, ARTMA 38 53 d 9 22 0 4
TR RS, SEB Rl ie/ESR (9)

yP=(1-B)%, (9)

Hr B R G AT 5d 225 By, R IR R 3
y AT AR ZE G AR @A pod.g BEL,
ARIMA (p, d, q) W i B 45 R B A AH OG5 44 19 B (8] 7
GIEHE .

GEGAR O 5, ARIMA FERLRL S AR Y, 1 2%



4414 BT

EE 2025 4F

SRR A BT 5 AT R ARG 5 (an ADF A 56) |, 25 R
SRR E T 22 S R E AL R RUT A L B L R A A
KA (ACF) 5 F AHOC R ZL (PACF) BB 43 #9125
T 22 p Al g RO B, QN &l 2 7 . BRIk B, 2R F T
SRR AT S8, fe R UL A AR X R ke Rl AS B
G AT S

ACF PACF

H PACO;TH
Hﬂnn N [ -
7 1 2 3 45 6 7

o
1 2 3 4 5 6
ACFjiff J5 1 $iLag PACFifi J5 I ¥ Lag

K2 ACF 5 PACF &4

[
ACF

i b, ARIMA BRI BEAE A 24050 25 Bl A 0 1K
17 b B 5 T R B e 3 S AR EL A B R
Pl NS e AT MR o . FESC R, 20 B E S S8
PROC LR B T 7RI Az Ak e ) 5 SIORG B, R AR AR
RIAELY B Sy e 24 At 1 B Bk 5l () P SO
3.2.2 LSTMKEHIZIZHEE

LSTM B A I —Fih 22 ML A PR 22 I 28 254, B 7
TRIRAL GG IR F 22 R 254580 ( Recurrent Neural Network ,
RNN) 7E K7 51 2 2] 3 2 v A 7 6 B8 T 2R 5 0 e 1)
L AR FTE T 5] ATT2E 2T BT TEAILE], X5 g s 45 B 5K
I BRI 5 5, DI R 2 B ) )3 51 v g
BRI . &l 3 /R, 7E LSTM BT R, 10423
C GNP IVE B, E T B—IZIE R MEE 5
THET . DAISFIE] A5 ¢ S 0], LSTM A 50 1) i A B 9% 24 il
Az, VR b —B 2y, 3 PR IS MR i 2235t
BT AT R T, AR RS B R S R

Forget gate f; l

Input gate

N ——

Candidate v,

[#13  LSTM HIcZt s &IA

B, wos T AR e Zhieie o A
Dk R B 2 M w T, B AR (10) iR

j‘,:a(W,--[yt,l,z,} +bf) (10)

Horr, o(+) FIR sigmoid % BREL, W, 5 b 53 ) Jist il

R A E R 5 M e i BT DR TR A

NICACHTTRY SR B deic s v st (1) K (12) 3t
GECEIR

i,:a(W,»[yH,zt} +b,.) (11)

v,:tanh(WV~ [yi02,] +bv) (12)

Hrfr, w, W, b, b, 5 BRI TRELE D12 S H0R
W5 00 ) B SR IC AR A BT BT B s T S A
FTIA RlA Dy st ad e Fg s S, Bk Rk 8 (13)
FIR

C,=f0C, ,+i0v, (13)
Hr, 0 3R/R Hadamard 1 LR AR . S il ] o, A TT 2
il S FT I 2 B o % A e i AR B R O
KD FR:

otza(Wo.[yH,zJ +b0) (14)
B2 YT IT L A= (15) iR
y,=0,-tanh(Ct) (15)

o, z, ZR7R ST B 20 5 AU Can g sk BIASE) v, R
LBz, C R B ZNEAZIRES W, b, R
T2 ) MR S50 LSTM i 1 3 [ 14 254, AN (]
R ICIZ B8 AN [ B 20 (0 E 2 A5 D, i e AT 3L B 1k
7 BN S rboh B 00 S Yl B A | PR I 7E 52 4 B[]
G AR ST EL A A 1 2RI ) . BR B LSTM REfS i
PUERE WAL E S R G, HXT 5 o 4Rt
AR R ) T 2RSS, JU S A T B JE
P BTN RN 58 P 1 B ) 7 40 T 45 37 5 . AE SEBR I
FH R LSTM B AL (1 P B MO T AP 91 % 1B L)
28 0 BRORE A T RS A SC TR S B JLk R, R )
HIREB I TR LSS MR R 5, DLk —
ARTHBR E M 51z Mg

3.2.3 MHA

e WA | Wi et Y[R o N2 B A = Y i
PUNEAEL PRAT D R ALV RE T, BIAE 45 8 S A Y
G AN RS B 3 A () R RCER . A% 0 B3k 3 2 g A Y
i 1 — YR A 1 - - (Query-Key-Value) 2 /ESCEE
SCEAR SR LR IR BE ) A R ME LI 2 2K AN
Fa3[al A5 B A2 H. . Vaswani %}\BME Transformer ZEF5)
iR T MHA, B ER T TR R oR e 5z 4k
AEJI.

Kl 4 Jg7R 1 2 kT J1PUHI A BEAR 54 . 25 8
AJFFIRI R X e R™ “model , X 551 it 4 w4351
AT LA (Query) VEHE (Key) H (Value) E RS, HAK
55 b AR T N (16)~ (18) i«

Q,=XWw (16)
K,=Xw* (17)
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Multi Head Attention

K4 Z3kTERIPLRIEAL Y

V,=xw" (18)
Horp  wo wh Wl e RO J 85 R ASFE R 13k iy al
WS, d,=d = d, o /H,HNEE S RB. ST 5
Ak S R S AR B = (19) R
Head, :Attention(Qh,Kh, Vh)
0,K/ (19)
N )V"
Bl S, B T AT Sk B S DE R S O i 5, 45 3
K(20):
MultiHead (X ) = Concat(Head],Headz, ~~,Headh)WO
(20)
Horp w0 e R o LA R VEAE I S B E. £
SKAILHI A% O AR EAE T AT B Sk T gk ar AR
G B AS [ o7 AR -5 1 SCARRAE , 1 T 8 A5 70 A B
NSRS TEN= v N e Ly i R s RN PP A it
et . AR ARSI A Z KB I BHE ]
TELH A4t A B LSTM g H At B A5 A0 v | LS i AR A
AN TR ] RUBE R [l R AR AT A= A B e g . AR LB
SLFERE T, KA R AR AL S8R 5 AR K SRy R U BN
8552 2R BN A FRAE 5 TR 2R3 500 Ay oy
3.2.4 FKREMBIE
FE B ) 7 20 SN AT 55, 2 2% 0 55 s 2B AL A1
ey BN DI | R A 7 O NI 28
LAY TE PG X BE R THAEAE S A Wi 5 s R . =
T AU ALY (40 LSTM | Transformer 55 ) £ H- £ 51 K
R fE 7, AH A SEBR N FH A, AT R RE A 78 X i 28
7 Je S v A AR Ak e AN R B B8O B R 22 IO R
MG . JUHAE R A ES T 8] 7 51) S50 [ 50 v, 33 o i)
FEIN Ny« BT A A AR SRR A AT N A AR XS
5 S 1) A D5 50y i 7 s % et 003 08 A 5 2 O ) ) . 3
B RN R 2258 8 MR AR S S ERE TS
SEECR IR 43 B IS SR 7Y
5% 2248 1E ML (Residual Correction) 1E & 7E iR T
50N —FhES R PERG SR SRR . anlEl 5 frs, HoA%
O FEVRER: IR DR BT AT 3 SRR 52 e A A — I
B, TR T 5 22 (B% 22 ) @ AR S b 57 A 42
I 5 AFE AMERL 0 AR A 25 ST A
RLEERIE , T TH AR T MR . X — T IELE T (%

= softmax (

GG AR 0 AR R AT AR SR T RS
XA AT PRI 2l 5 e A =y i i

Residual Refinement Framework

Vil Main Predictor V ., o, fmal
[ (e.g., LSTM/Transformer) i

Notes: o~ Oo2 O VO,
Yi—p+1x : Input historical values
7, : Main prediction

4:  :Residual correction
yfinal "+ Final refined prediction

K5 FRZEBIERER

B AR s 8] 25 ¢ 5 TN 235 1 R 9, Bk 228 1E
B oA A, W e 28 th = (21)
Y= 5 + A, (21)
Forpr A, BRI T D5 RS FEAE H (VT RERL &y,
Vias sz, ITEEAR A AR 22 I, B X (22)
A=¢(H,) (22)
¢ () AT Fi T3 BAL AR AT 457 0 4% k] > 110 1 2 T A
P, P DA AR B B 70 e L 2 ) o 22 B KO i A7 4
FAPERME .
% 245 TE ML AE R rh B O 3 S BRBTE = A
T - 1, HOW BRI i, T —Fh S5 AN I A
SR T BTN A 2 A AR S A 4O R T 5 LUK, 1AL
TlTESBOT A A BRI R T 38T TR A 28 4k, 1G58 T
BRI IR 2R Sz LRE ) s B IR E R A A R
S (AT S AT R A T S T il A DA
75 Sl A BUAT R RIAE R
25 L TIR 2 E A B 1 B A A AE e
TR L, T R A 55 R R NS RS
FRCT BT JR B 0 B WO AR AT o . SR AT S BT
Rtk B EE S5 b R A A R
Tk B, FME RS W0 N 48 25 S i R % B
BRI AR SCHR I T — R Rk B AU
FEHEZE .75 £ T 21 , % ARIMA 5 BiLSTM (# Flp [ 4%
A . ARIMA 1 57 o 2 £ UK 09 8 34 5 F 8 X
BiL.STM JUI 388 A 5 1) 41 24 04 7 A J 1 3, s A X
JEV AR A 5 98 % A r R . e B Rl irhnT 5E
F RS B T 2235 0, e 1 S 4 B AT st [ 1
IR, AT A LI , B ] 3884 5 TG
FESLILAN I, 51 A 23k 2 AL DL SE B 85 B[]
FUBE 1) S B SR A AR AU BB S 138 N A 2 28 & 7
5 R . R T AR 25 A8 ARk 32k DL
5 1) R AT B0 5 JR S S AT AR A S
T — 5 EER A ANER I A, E— 2D AR T AR 1 ik
AR5 i SO T RE
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15 E ARG R B (78 SO TR b5 80

TR R U A B AR S IR A 4>

T Hy 34 2 3 AT AL 5 B 22 4 Y

e A 2 L A S B TSR .

FLE AT A BT T () BIHOE 255 5 K Pl e CPUMT A @

b T3 Ol T 45 HPA B AT T 40 St /S

R SCHE AR B S VI AR BT R LB T — Rl 3 BRI

R TR LT R R R LR e L [ e || e || e |

e i it

4 EEEIT5EI % <i)||é,§ﬁ/§£§ﬁiﬁ$> @
R SR B B BT 2 ) BRI IF B R

BEAE ST R R ST SR ENEENEET

At B g SE B . S AL G AR SR A T AR ] AR SCKE | LA @ S

AR B 90 S T B2 4 B A 25 TR ) R 41 5 | i

-4 2050 B B AR B | 4R T 8 1 2 | A AT

> - S e s i ‘ R ‘ ‘ B 55 T ‘

4.1 RERERM | T 49251 ST RS
RGBT R BANE 6 i , NRGEMAE 4 T amememe T SR S

590 41T 2 3 5 F R G ph = k% 0 B B A B thsini @

%« ﬂ e T
(DB RIS AL . 513 5B Uk R B CRABAIIT AR

P IR R 5 3 1745 B SR (F2 35 CPU TR T ——

AR ) W 2 BIA S OIS U S A G i .

R B R SGE | I — b R AR VIS5 S R i .

KOl | 5 S R T I i TR A TR K i
(2) 44 TR AR AL e . 72 BCH e AR I, b 2 timestamp || 3 M)

ARIMA-BiLSTM-MHA 26 45 Tl R 760 , i 75 % A P T TR MWEERE R

PR 250 A A, S B 25 B BT meinstanceid | AR | WO AL R S BLE TR HA

SRR 0% 2 UL e AL S R TR
OV SR AL B TR e e s

g Rk, 115 MSE \MAE \MAPE . R*%PFAl 1545,
FEFs T 22 SO DL AR T S8 — e Ak, S
FrG S MG HE | B 58 A K R A BT 51 5 7PA
TEPRG R A
4.2 HBIERESHH
4.2.1 HERBESHIES®

A% SCAf T Alibaba & A7 (4 180 55 48 HE 2 JF B0 4R
cluster-trace-microservices-v202223% T ER AR, aE
1o B 7 AR fetchData.sh T 2% MSMetrics SCA4-4E il R
43 S, B MSMetrics_0 % MSMetrics_669 3t 670 4~ CSV
SCIF, B T 28 611 AR5 7R AT 335 h N TEARIE 1T
G . A CSV U SR 16 R B[] 70 E1 o8 i A A T
55 WA S A ) B U R R s A RS B 10 Sk ok
FE 18] B >4 60 000 ms (EP 1 min) , &4~ CSV &8 30 1%
RS, B 55 30 min AU 5% . 2 1B/ T MSMetrics 4%
P MO B S L

2451 T MSMetrics L ABHEIC F R, 0%
7N TE R AR 60 s (AT (] & 60 000 ms) , i il 55
MS 28578 [z A POD_373 IE/E 7 5 NODE_41756
sty HAE R AR Z1 A CPU R 2K 79.44% , AT
FI 22428 44.40%. B0 4838 o X AS [/l @A 57
S TR] IR LI, A 5 22 R S R IR T AR AR AL T
JEE IR A B O SR

%2 MSMetrics HIiEE&EIC R 240

FBUATR fd
timestamp 60 000
msname MS_28578
msinstanceid MS_28578_POD_373
nodeid NODE_41756

0.794 385 000 005 364 6
0.444 004 058 837 890 6

cpu_utilization

memory_utilization
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TEARWE G, 25 4% Rl A B replica_count # E X
A [ — I AT | JA]— 1k 55 (msname ) T HY 31 A9 AS []
R4 (msinstanceid )i 3 IR, 11X (23) s

replica_count(z,m)
(23)

= ‘ {msinstanceid ( timestamp = £, msname = m)} ‘
i, &t 8 —x (timestamp , msname ) B o —
msinstanceid £ , 1 A% LIRSS B0 20 0 @I A% iF—
L, cpu_avg Fll mem_avg 735l e 7R [6] — I AR | [6]—
U 55 JT A R AS CPU FI 38 5 AR HIZR I SRR P 2
1B, S B2 R 55 HE AR U A I 00, n= (24) X (25) forr
N H N, R G YT VR e NI 55 mok I Y
JI A ME— msinstanceid BUEAS I, B SRR 0 .

N,
I & e
cpu_avg(t,m) = N 2 cpu_utilization, ,,, (24)
tm k=1
N/.W
mem_avg(t,m) = N > mem_utilization, ,, , (25)
tm k=1

R UE RS 73 A B TR, AR SCR AN 1 s
F R VRIS
i1 HIREBREE
N JRLH MSMetrics ISR 4E R
B HRENREERT
1 e LT
2. %t R H AR ME— ) (timestamp, msname)ZH 552 A9 3~7
3. SEHUIT A 1 L timestamp=t H. msname=m [¥Jic 5%
4. veplica_count<—S H /R [f] msinstanceid £
5. cpu_avg—S T cpu_utilization A {E
6. mem_avg<—S "I 45 memory_utilization FY ¥ {H

7. %v’f(t, m, replica_count, cpu_avg, memory,avg)‘mj]ﬂ T
8. &[T

4.2.2 WHARFBMEFERES R

Ry 7 458 2 1 AR TP & TR 95 B SRR R e 1T O AR
SOR I A FOE A SRS TR A - >4 3% 2 S WL
i 20 R AS 0 B ), 12— IR b L iE o —
AR A5 TC7 Ak IR A R . Hi it , i SRV 8
RATES 5 ARSI AN LI YRR Ay 4 R 40 O
X 1Y BB ﬂ:—ig,zliimﬁaéﬁgfil%(f{eplica Change
Rate , RCR) i & 15U 55 B A B sh 25 A2 A 1% BREE , it
FANR(26) Fin :

Nou+ N,
RCR= o™i 2
C . (26)

obs
Hrp Ny N 258 (scale-out count) , Ny, 2H 45 25 AKX
(scale-in count) , Ny AR UL YR %5 (total observation
count). PZLFHEBR I T IR 55 45 7 VLI 10 1 P P 3
LRI D
W7 s XT 335 h NI s AT B T i1tk

B, 246 K 22 KU 55 ) Ao 4 A 2l R A AT, BRIV A B K 3
RIFREE , A B D KR 55 2 B e 2 sk e fe

CDF of Replica Change Rate

[

=)

Cumulative proportion
I o o
= [=2) oo

e
S}

I
=3

00 02 04 06 08 1.0
Replica change rate

Bl7 g il AR B AL 3l 5 2B i (CDF)

Fe 3PN T A4 AR By e HE 44 A LA 5%
HOGRBREE ARAE AT A SR I i T K, R g
U Eh A sibET R . 3 A 7 0] WL, MS_28578 254
D50 1R 55 0 ORI B0 () R 1 AR v 1 £ 4 T B L HL I
AR B By Al A IR 55 . PR, AR SCHE B MS_
28578 Ay i Pk B A B A A By i e 4, B B
SR AWz SR
®3 BETHE Top-s HRE
Y| mA | Mg | MO | fhgssh
WHC | WH | WB W | %%

kg5 1D

MS_28578 9790 8772 18 562 20 099 92.35
MS_30502 9076 9 149 18 225 20 099 90.68
MS_6945 8 887 8 895 17782 20 099 88.47

MS_26991 8416 8415 16 831
MS_58286 7413 7387 14 800

20 099 83.74
20 099 73.64

R T BV R T BR AR S5 B R TR RRAE B 8 4 T
MS_28578 TETI 335 h A Y Rl A< 55 b 1sf 1] A2 £ i 2k . it
2R S P SR A AR S BE N I T U0 A
R T B B, AR Y G R . 254 CDF Y
SVERSEIE  Top-5 HEF i) [A] 3 51245, MS_28578 BE 2
A 70 g S CE R UIZRS R, AR
PRt 5 58 Rk o R AL LA B SRopE ) | DRI e 16 7
AR SR S R AN 5y TR SR UE AR B

Replica Count vs. Time (MS_28578)

Replica Count

L L L L L L L A
0 50 100 150 200 250 300 350
Time/h

K18 MS_28578 7 il A Bt il 1] 22 1 il £
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g

4.2.3 HIREXMESH

FEFE ST AR ARAT Ry 2 S BRI, AR SO EE X R AR
SO OGRS BT, DAL © SR IR S - 4 sh VR " iy e 1t
KRFZ . I, A 5 T A R AIE 2Z R 8 A DGk, LA
i A AR SRR . AH DGR ST AN (L RE A5 4 7S i 4
2% 5 B R A 5 (replica_count) 15 3 % %5 U5 ] FH 45 #r
(cpu_avg .mem_avg) Z [H] Y411 R, b fe R J5 2l A
AR G B R BRI AR . AR SOR T B R AH C &R
0 (Pearson Correlation Coefficient ) ffijH A [a] 45 HE [B] [ 2%
PEAE G, HoE = (27) R

>~ X - )
Fyy= =

=X [Ty

o X Y 53 B ES i AR AR, XY 53900 X F Y
MM n FORFEARSCR .y, MBUESE [ -1,1], 4
X B R 6 7 2 VAR SC PR R 5, IEE R IEAROC, fAE
TG

9(a) JB/R T Gl b ik (z-score ) A0 BR 5 1) MS_
28578 e 55 I I 1 I S AH DG . AT LAWLE 3] , RAS L
5 CPU M| 2% 2 [i] 12 PR 38 119 52 A 5 (Pearson RECH
—0.92) , 115 N AF R HIZE AR D PEA A1-0.08 , JL-F- 7T LA
2 XL RR ], CPU A RS RIA AR b 2 (8] A7
WG R , BRI R TEEUE FARI A2
J&i CPU B 49 3500, (H B AR SR il 6% S A 4 2 A &
AEHE GO ) 225 . dE— 20 M, K 9(b) 45 i T[] —
IR 55 7 90 28— B 22 43 A RS B9 AR DG P 3R L, Tl LR
I AR 5% 22 B0 A X 34 2R [ RIS CPU
P10 22 53 1 DG 43 590 —0.10 Fi10.08, — 35 B A A
AHOC, BERH CPU 1Y 1 I 722 A A J2 I A 3 R 1Y 1 422 2k
PEOK S H %

LEGORTE RIS Py 5 Fe 51 [ 9K 2 AR 4 £ 7
AR U B A RRAE  (H CPU $8ARAE R AR T 3L,
BB S #h 70 21 1 4 45 25 ok & S DEOR A8 AL TS 5% . A
I, A SCTE J S A5 v R AT R A %S CPU T 2 iy Bk
BRI BIAREOT I T2 2 | E S ST 8k .
CPU J7 4 JH T4 A i fih 2 19 1R SOfF 8 iZseit Bk
PRAE T HE RN 4577 A ) BURRPE | Sk A T B it
BTGB R 1 (5 Bk

g5 b AR SO S Y S SRR SR R AS B (rep-
lica_count) 5 CPU F] 3% (cpu_avg) RYEE & fy A , Hop
R ASE; 52 P SR o0 A B RRAE 4 44T
BRI AL B . CPU I3 AR S8 R SCRFE,
DI WY 45 25 il TS R BRI ) 25 R L Sl A I AR
Z A AT, 15 R I BE ORFRF XA 45 47 S A B (4 Uk
PR, SORESR T B —AR AT Al ok A E B R, DT B 4

(27)

Correlation Matrix (z-score)-MS_28578

:
N #% (‘?4%
3
& &

&
S
K

(a) St Bt 1m0 34

Differenced Correlation (z-score)-MS_28578

1.0
cpu_avg 1.00 030 -0.10 I
0.8

mem_avg - 0.30 1.00 0.08

replica_count - —0.10 0.08 1.00

,
%,
%,

%,

(b) —Kr 225 B3 53 Hr
19 MS_28578 it AR St A7 &

b S P B AR S T AT O AR ] T
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