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Abstract Modern processors typically have only 4-8 performance counters which can be programmed to
measure up to thousands of cycle-level performance events. These events can easily generate large amount of
data, which is called central processing unit (CPU) big performance data. However, how to extract value from
the big performance data faces many challenges. This paper presents a performance data analysis approach,
which builds a performance model by iteratively using the gradient boosting regression tree algorithm
and quantifies the importance of the performance events of workloads in cloud to guide their performance

optimization.
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Fig. 1 The error variation with the number of events by
multiplexing method

N T REIE RS A AT 5E, ASCRA 7 —Fhil
75 X——OCOE J5 :UAT CPU TEREHHE 5
M. OCOE J5 AME R B, — MR
oy FURSH— MR SRS, WA
THRIBAT RIS R WEE L HIN, HEERE
AP AR, RN AE S iR R Bt X S R B A 5
fF. Bk, OCOE 77U Il vh REFERS K, (HEE
PREH R R,  BE ST R LR A A S (I R
HIAALNE L o

3 CPU MREMMBIET &

3.1 HiERLESFTALIE

DI T ARAE Z A A AN F RS #4815 R
WET ST R, EATRIEAFRES . £
AIF 55 A FH B AR 3 Sk A2 AT 40 A XORHR 75 pr
B, (RIS 1 R T E B R OB AN T A B AN
[F) B A R AE TAE S 8s 47 IR ) CPU MERe 3



50 £

BEoOR 2018 4F

5. BJEK XM CPU Has s A4 34—
MEARE S, DMEREAT T — 2 I EdR b2

AW N TAE MBI IR T 4R, B 1 s
PIRAEI R I x A s, BB MBS IT 4R Ak
Bl s 229 MRS (B T AR H R 4b
FRAS & Haswell Z849) A& B0 HIML 28 75 220
(Instruction Per Cycle, IPC). 1, &pAEAFH
PEAT A —4EASAE (S 229 4E), 1M IPC JUAE Ay
NAZE, fEJE SR PR IR IR

V2 K I AT — IRAE N — SR SR I
A, AERERIBAT I AR g A B AR
P — IR GEBE RS AT — AR T3, A2
T E LA AT I B 25 P A R DR RS 1) 42
TF, R AT DL K PR st £ B A A S A ) AR fb
5o F3hh, AR AR AR SR A A A TR AL 52 2
CREEIZN 1s), ERLREMINSG AT
PE R R

& SRR U, H 7 18455 BFET
FERNBAT m RS, B TAE S M I thiz
AT R I B ¢ so MM FATAE 2RI TH)
JFFHKEER (Al —R) . fERRsLRH,
[ DS = A AL o vivk = < i LK (R 2]
MM E(E, cU). RN, AIE X E, G& K
AR

q—card(E,) (1)
A2, —In] DU IR A 723 (8 A :
E=E VE,U---UE U---UE 2)

X2 S5 SRR A I 2R R RRAE 2 ]

FH b, RS, R s AT
KIFAWE, BAEEME L. FEsh. B2 X4
K-means I Wordcount X ™ 7 25 75 A4 [F] S 46 24
BN 2 s AT AT I A8 4L . Horbr, K-means
F AT KN 180.08 s, 77 %58 210.68 s;
Wordcount [P 1TI KA 99.92's, T EN
769.94 s. XWERE 7RI H IPC A1 AL
WHA TR, BB —FREA B .

[F IR 325 58 38 4 U P P 345 356 M 00 F) 2 °F: T AT
Bo XEEPLGUE K T AT . ek,
m USRI TS 0 4 A ol 7 B AT S 5L

250

2304
2100
Z190
g 170
Z 1504
z 3ot A
T 110|NA AN AN
90 1‘..a"\v/\"-' - \\.__ \/ NA T A P TN

— K-means
--=- Wordcount

-

—enunEA— NN — NN — NN
HHHHH ANANANAANAN NN enon

SR K
2 $1# N K-means 5 Wordcount Bz TESELE SR

NN =NV~
tTETFTFT NN

Fig. 2 Execution time fluctuation on K-means and
Wordcount

Bl 3 o 1 Wi B 50 38 47 5 8 e A 1)
CPU MEREHIEE S . Hrh, B 3@23
OB ST S5 7 A (R H e, 2 LT 1) R R I [A]
T EE, AKFET7 1A SRR AR EE (204
W) o EATRER T — MY i A L
fhol. Hrb, mORKNARFN e 7 ERIN (A
JFA, B RIES § IS k IRELEs g i,
Bl ¢ €E, He €E; BEORFREXFTM e, 7N
W F, B AAES j RIS k S ki
W, We ek, He, ek,

BEJE, R sess = A R (B IPC 4b) %
XEAETT IR IR PHAE —iE. T IPC P41k ot
B, AE AR SR N AT &, il 3 (b) i
e A, EEHIMHE U e, M ey) FHNK
TP RS b &fE, KHAMEE 0, W
3(0) . &1 m RS, HAR&IFk—1
pXq WS S, Hob, p=31: q=card(E).
TR RSE R R — AN Bl . R KA . 3
t, FRER AR SIRR MR, B ATRE
—UCRFE, AN PURE B TR T IR

BENOR, ARICAREXHERE S rh i HoE (i
AP ANREAE AT BT AR, B2 AR
K. 41, MEM_UOPS _RETIRED.STLB_MISS
LOADS HJJE & 0~4: 1fi UOPS_EXECUTED_



135%, %:

0o

5 1

FE B0 BE SR T[] YA £ Ak 2R 5 RE AR A2 4 T A 51

pPXq 1,%q, B

(b) iz faZepiti, RIS EL IPC Ay WAz i

tXq,

(c) HEEBHFXIFF
E3 #IEmME

Fig. 3 Data integration

PORT.PORT 1 [JJEH]/E 96~305, @1H— gtk
MEUE T Zim KT 55— N, iE S &EA
BRI TP 5 2 SR, XM AL AR W S
B R R UPAL BRI ME . BT DU SCR A A
3 (3) I VERT F AR — b B, A A Y 4
HEELEL0,1] .

X=—a )

max min

Horp, X'OE—ERIME: X NS X, N
VB P 2 v B f K AB s X TR EHE 7 271 o
(1) 5 /AME o IR AN T3 2 ST X YR A 1 A5 T 4
)

3.2 ETIARHERARER R ES

FENL G52 S0, “RPE AR BB IR
ALY TR AT A 2 TR ) AR AT ok 1 R & X 4
PR A AT B L8, A5 P AEARYE 7 18] A X
HAAT 0o AT7 i HEhEEE L — X IPC 520
BRANHFATAE, JER AT . A AR T
PRI R U, A AR S0 R A A —
ANRFE, R IPC M9 H AR, LA 2% SRR
G HbR, AT B AL, e
FEATHEF -

S 3 R B BT IRV B B O o ik
PR EEACR R, FE AR AR ) A o A S T SR
A FAEEN. RS H R, =
OO 10 N AEEZPE, 2 U0ERER,
LRI RY R 22 e /N o MG ) S B BV HE T A
M .

Sy FT AT A B B, BT AU PR RE R
Wi 5 R B AR A S (RN BRZEAS) AT 5 B B A
RORBOU TN RIREFIEREAT . A T BRI AT
MBS, ASCHIE 7 AL IPC y HARIHL A%
SRR AR B N O RE A SR s AT
SO B B 1E) PR 2B, AR A Oy TPC RIS (A 5
F), AT AR @) For.

IPC=perf(e,e,, -, e, e,) (4)
Horr, IPC AMBRERFIZAT IR 1 s JoRFEHI
FERAE BN BRI P IS IE S HG e, N i A
WA n R SRR H o X T BUARA
SR, B EA B R BT, SO A
KE KIS HORN @R O VE RERT AU B Pk, T
{7 B ) G VALY i AN BRI A2 LA B SR O TR R
XA, LA ) SR O T RE R s 4E S
B ) ) T HLIE R — AL 88 2 2] B



52 £

BEoOR 2018 4

e A BRI B T R . A ST P R T 0
BERBERL,  [RAE ARV 2 VML R 4 4 1 0 2
RAESS th R I BT

B B T [TV 2 A B (o 7 T 48
(45 2 BB KR T UL, 058 (B 4 & — A
SRR, TR T R4 R SRR R
A DL A A e S0 o 35 o B A R, ok
S R AL A, BN E BB L B R R T [l
ATt S 3 22 A R 6 5 U AR 2 B K, AR SR A
5 U453 2 R RO B/ R R L AR (5)
FR .

Ly f®]=[y— @] (5)

Horf, y MBS () R

BB $RTH IR B8 5535 6 Friedman ™42 1 3¢
SEHL, [ T T T A R B
] S 35N R TR o — A B ] D T
ASCATUER 12(T) MR B4 o, 3t B A7 5
(IPC) SR LA k. 12(T) MR ¢ Wi
VB P S 15 JSHAT A B, SRR AR %
Gy BLE R BE 1 F 7 R A, B
LA (6)

[?(T)Znt-ipz(k) (6)

Horr, nt 9 e kb AR M BT R EAT 2 2 IR
K p? (k) NER ke IRGYZL 5 R IASE Y (P REER T
Ve ML, p (k) g O TPC IR R 2,
Bl (IPC,—IPC,_,)/ IPC,_,. #2543 [al
WKL, e EZ M DU A (7) FoR.

2:lR 2
=g LI, )

Hr, RONAHEHER WML 1(T,) A m
BB e, X IPC 15 FE S

N T AR RS RE AR, A SCE AR
0 H AR DT E AT 0 — b Ab 2, R JRIEIX
E RSN 100%. Hd, HUEBR SRR ZEE
XoF bR (0 S 5 5, R R X AN S

REMISZM SE N 2, AR IRA BRI F 10X P g
MEENZ J5, BexellTErSy, K5
R HREBOR (AN EE) 1 10 M HEAGIR, &5
FHFR R IS AF FR I AT, AR R &
4 Frone WGIEAR, ELRAE A B B0 > 2
FERATRG R P B e o AR SORFIX AN IR & R R AR O
BABTRTERER A o 3K A ) IR R A A A O 5
BAFAETUAR, AT SRS X R s 7 R
gliafio)- A

,----'-'_‘-h-....~~
bz E T
R T 1 DTS b
10 A AR
55 2 Y AERT —— BRI T
- i T
._ 55 3 YA
\--...._____.....-/

4 EREVEEE R EARRE

Fig. 4 Iterative gradient boosting regression treemodel

4 SBRERSH

4.1 SLIGIfEE

ARSI Gy 4 6 8/RRS A, H
Bl BENET R, HRANT A 86k
% WAL#A 16 #% Intel (R) Xeon(R) CPU
E5-2630 v3 @2.4GHz AbBEZE, AbPHRISHUIA R4S
479 Haswell-E, A7 K/MA 64 GB, 32K L1d
cache, 32K L1i cache, 256K L2 cache, 20480K
L3 cache, f##i% & 2 TB. WA HMNEIERSAN
Ubuntu 14.04.5 LTS (GNU/Linux 3.16.0-77-generic
x86_64), HEHEH RGN Mesos 1.0, M HIHH
HEZL K Spark 2.2,

ARSI FEENIR T B 3% A HiBench™, JFM
gkt 78 MBI A NSRS, B
Kl 734t (Pagerank) 434 =AM 22 52 (Scan.
Join F Aggregation) . HL#% % >J R H (Bayes #ll
K-means) X L #ERE T (Sort A1 Wordcount) o



@ig’ /—%—%:

0o

5 1

F TR FEAR T[] VA4 F 40 B 5% 1 RE AR A2 4 BT 7 53

AAH RIES R Python 2.7, Hh,
Python EN—Fh 55, Z 4 I mHRmiEiE 52
WREH T ZAEH . FN Python BAFEM
SRR, AR scikit-learn 0.19.0 HlL#52%>)
JE B SR s B rR R SR B FEAR T[] R 5025
42 HEEEITE

FERBF I TERERL Y pr, A SCREHLE$E 80%
HIREARVE NZREE, FIRME NI, B 5 N
8 /N HE AR PP AE IR AU 2R 0 B rpo R i 2
R ZE RS B ZE 5 XA 3 (8)
Fos.

|IPCmeans_]PC red |
P X100%

Hordt, IPC, s NEFRERAE: IPC, o NI
M

2 229 N EMAEIS HYIGRET, BEALE 8 A
FEHENRFE T T PR ZEN 14%. 124150
Hb 3 150 i, ~PRZE TS T 6.3%.
IX 1 B 4 B2 R AR AR A SEAEFE TU AR
43 MEEHEEM

Bl 6 g 8 NIk Bl FE 5 1 A A4 = A o 22
PEHET . DURCKGIX 8 ANFR T 7= A= (1 Bl o S it
6] F7 5 B4 G IR 2 e, AR E AR A B 1) A
FAEEEEHF Mix) o H, y #ERFHFE
B (%) s x HEABEANFHLHMNGS . FiH4

T PG ®  m e m R U LK 1. T
0.45
0.40 ~&— Wordcount ~#— K-means
035 #- Pagerank —e— Aggregation /
030 ~#— Join ~o— Scan : .
0.25 —a— Bayes —a— Sort 4
0 0.20
i 0.15
0.10
0.05
229 219 209 199 189 179 169 159 149 139 129 119 109 99 89 79 69 59 49 39 29 19 9
Z 5 INERRHAE (FF) BH ()
El5 MeERtdEdRPERIRENTL
Fig. 5 Model error varies with the number of events
6 6.4
g, |1 |
e | 1 s N 1 | 111
g, LIriinirlirrmrIrsiiisiressiigm
= IIII|IIIII_IIIIIJIIIIII}IIIIIIIIII\IIIIII|II|IIIIII
0
EEEL e EE EEE B L R L EEEE CEEEEEETEL
) gmmm Eggm aggg 24 z|a 5%“ cﬁamH m“m*‘mgﬁ _m§§ &
Pagerank Scan Join Aggregation Bayes K-means Sort Wordcount Mix
R LR

6 SN OHIEFRMEELRERGRERNMREEHAEEMHR @IS

Fig. 6 The importance rank of events for 8 workload models and a hybrid model



54 £

BEoOR 2018 4

F=1 EfHEak

Table 1 Event name and description

45 FELATR ik

BIEB BR_INST EXEC.ALL BRANCHES of AT BRAERAAT 18 0 ST B OF AR — s BT 58380

ISIF ILD STALL.IQ FULL T 482 BAHI CilE R CPU {57 1518 5% 1) J 114k
MLMH MEM_LOAD UOPS L3 MISS RETIRED.REMOTE_HITM SYRAFR IR H N I 28 AP AS BB EN IR T2

BIRA BR_INST_RETIRED.ALL_BRANCHES

BMRC BR_MISP_RETIRED.CONDITIONAL

LDRW L2 DEMAND RQSTS.WB_HIT
MLMD  MEM LOAD UOPS L3 MISS RETIRED.REMOTE DRAM
MCMO  MACHINE CLEARS.MEMORY ORDERING

PWI3 PAGE WALKER LOADS.ITLB L3
IRPD INST RETIRED.PREC DIST

TFSA TLB _FLUSH.STLB_ANY

LRAP L2 RQSTS.ALL PF
MRML  MEM UOPS RETIRED.STLB MISS LOADS
MRMS  MEM UOPS RETIRED.STLB MISS STORES

PAT 5B IR 2

PAT SE(E TR B0 0 S AR A 4L

i AT EAMEL S [R5V 2

ZIRFATFRIR B AT A B B N SR
VSR T AT U o ST AT 7 L K

ZIRGEAT i TN A b B P A DU N AR AL

LAgiZ> PEBS FASZAE 1P 2) MR BSEMA ) 145 & A 2 s A
MG IR R AT S A T

PR AT R IR T SR R

H1 T L B PR SR AT SR A A7 Eli BN R 4R
HH T G b bk B R AR R TS A A B (A P Rl T

B, B R R TR AT 5 A .

N TH R A AR E BRI e, R A
MARFE P 1 e 2 DN FHAEE M T
A A, i, fE Aggregation F£/T7HT,
MCMO A1 ISIF & fx EEK A HAE, SN E
AR T 5.8%, M0 H AR AR 1) EEHEHLT
3.6%. FIR, WTARFEEAEN KRR, Hix®E
TR HEARARMIER . B, 5% K-means F2/F
S B K IR SR 2 ISIF; "% Bayes f£/7 52
i) 5 K BB 2E A J2 BIEB . 3 3 35 AN [A]
AR PR REE M2 R EA—FE . &5,
YW 8 A~ Spark MAFEST, EANTEEE ) HRAF
TEACHE, UhHH Spark 27 2 ]t A7 78 $t 7] (1) H 2
{4, Horfr, ISIF #1 BIEB 7E AT 2L
RFEF AR EE, AR, XA SR
Mix FEFEH, — R LUl X s 18 3 Tk
iE. %4h, PWI3. MCMO 1 LDRW 7& ¥z %
BAEAR I B h B . DA R IR AT LA
Rt k45 5 LA Spark NI in-memory F£f7
[ Re AL .

H1 T H BT EERIF 72 SOk A v 8 SR P A <

P48 SRR NE 2L S BRI 7L . B IE AR S
& R A A AR, FRATR e T
—AMEGLIEE TR FE ST AR ) Spark 2%
R, H5ARIRHMEERFEAHEENEST
() Spark Z R HEAT X EE o
45 Spark SECRALKR K Spark BLE
SR AL BRI, XX L S AL € 25
BB AT M, WRMET eI T A, ¥
IXANISAT I A A A 2 g A B X NI AR 7R
BR)IGE 7 R LIRFEA A e LE AR, AR E
R R EEN S T,
W RGP RE AR A AT 10 (R REAF 1 fE
FAt 5 Spark ZHHAT ORI, HEKITHHEEH
PHEAREE Y Spark 224k, RIRT PSS H 2 # 7
PERERI E S LTt Re s E R 7
(1) Spark ZHiA 77 1% B EAR SR I B S5 A& 4R i)
Spark Z%UHC & 7 A T AE I 2R 1 BE AR Y B
B, BAMMIEEMS Spark ZHIR AR, W
A FR.
v=(ei, €y, 5 €, Py Pys s Pyy) ©)
Hrr, e fREHEA; p AR Spark 24, —Mn M



0o

5 1

KA, S5 FETBREESRTE B (0 A B85 RE R A2 40 B 7T 55

10 LA o SRR FE R A [ B A B 25 2
BRI, DASRAT I T VR D BR300 1) H A
B,

R ZRad e, ] DA H A — SR E:
— Spark ZH AR EREMEH—
XPHRARZ o, RATEN AR € XA Z 80N
(NERT

SEUG gk R, DL Pagerank AN, M
Spark Z U /DT ERHE 6 000 A ZFEA
(6 000 XFEFFia4T) A BeA o4k i B 2
Ko MRS TERE AL A 5 TR 2L 3 277
FFEAR (60 IRFEFI24T) » THEHEAHT 10 MREAF
PERE S Spark ZHURHE ST E 75 EHIE 1520
SEEAR, W 2 Fioan. T EH B E ) E
Spark Z%—%FL.

*2 RELRILL

Table 2 Comparison of model results

BRI P A i BWE %)
Spark A 6 000 6
IR P R R 60 12
Spark ZH( 5 HFAFHE A 1520 9

HIE T DU I, A i I RE AR R 3 R T g
PTG THLES 52 51 I Spark Z 40
PERE. (HA2, 2257847 I A A R 1 52
Wi, AR P RE AR AR P S T X Spark 24§
FLARER . FrOEX R EOR @RS+, =&
TV AN, S H oA i 1 e AR R PR 32k HH KB
WS, HERESHEINLEGRF IR, &
RS BRI Z X R .

5 REERE

M PR RETHECR DR IO MR RE IR T B, REEAR
I iR 5w SRR RER I . A SCHR H — A
CPU PEREKEHE 248 J7ik, W IEAAE FHBE
RTT B G R R, i ZA TR

TV REFEAF EEEHE Y, WMiiE S = P Em
RETAL -

H b F P AR A 5T R GURZ AN BE
FAFROUEAIR, X E O AR S PR RE
B RGN T RS o A SCHR HY I SRS i 1k RE AR
A, G SRS IPC S (1 B B R B AT ok
PEARF 28] IXMOEEE M AT e T
LA EAR S L, AR BB EREA A
SRR, AREtRE T RGMERE, S 5 EREH
Lo CHIESEIIF 34 77— AKX Spark BB 2L
TR SR, XA SR G Mok B 1 J2= A0 N =
LGk,

JEARSGRIG T — MR, B2
ARZAL. EHE, OCOE J5 WS Redid id
IR BRI, A T AR (. A e
WEFEr, AT LA F G v HLAS 5 ST AR ) — 255 9%
X MLPX g 3 0 21 1) 1 e ot 2t AT Bt is vt
R E. ik, @’ MLPX J7 U
Hyaalr RRZE, (R TR NS R RE S 7 2
R, SCPRIE T AR AT EEAERS . K, BR T AT
JITiR B RE A 2 VR RE R KBRS, AL
T 5 F A Z A A LR M R P th -y 2L
LR AN S E R HE A AN A 2 TR A 5SS ]
FH PR DA K Ee 7 A P R PR RE

i

BE

2 £ X Wk

[1]  Chen Q, Guo M, Huang Z. CATS: cache aware
task-stealing based on online profiling in multi-
socket multi-core architectures [C] // ACM
International Conference on Supercomputing, 2012:
163-172.

[2] Blagodurov S, Fedorova A. User-level scheduling
on NUMA multicore systems under Linux [C] //
Proceedings of Linux Symposium, 2011: 81-92.

[3] Ren G, Tune E, Moseley T, et al. Google-wide
profiling: a continuous profiling infrastructure for
data centers [J]. IEEE Micro, 2010, 30(4): 65-79.



56 £

54

N 2018 4F

(4]

(3]

(7]

[10]

[11]

[12]

Jia Z, Wang L, Zhan JF, et al. Characterizing
data analysis workloads in data centers [C] //
IEEE International Symposium on Workload
Characterization, 2014: 66-76.

Ferdman M, Adileh A, Kocberber O, et al.
Clearing the clouds: a study of emerging scale-out
workloads on modern hardware [C] // ASPLOS
XVII Proceedings of the Seventeenth International
Conference on Architectural Support for
Programming Languages and Operating Systems,
2012: 37-48.

Wang L, Zhan JF, Luo CJ, et al. BigDataBench:
a big data benchmark suite from internet services
[C]// 2014 IEEE 20th International Symposium on
High Performance Computer Architecture, 2014:
488-499.

Yasin A, Ben-Asher Y, Mendelson A. Deep-
dive analysis of the data analytics workload
in CloudSuite [C] // 2014 IEEE International
Symposium on Workload Characterization, 2014:
202-211.

Yasin A. A top-down method for performance
analysis and counters architecture [C] // 2014 IEEE
International Symposium on Performance Analysis
of Systems and Software, 2014: 35-44.

Xiong W, Yu ZB, Eeckhout L, et al. Shenzhen
transportation system (SZTS): a novel big data
benchmark suite [J]. Journal of Supercomputing,
2016, 72(11): 4337-4364.

Kanev S, Darago JP, Hazelwood K, et al. Profiling
a warchouse-scale computer [C] // ACM/
IEEE International Symposium on Computer
Architecture, 2015: 158-169.

Chen DH, Vachharajani N, Hundt R, et al. Taming
hardware event samples for FDO compilation
[C] // Proceedings of the 8th annual IEEE/ACM
International Symposium on Code Generation and
Optimizations, 2010: 42-52.

Moseley T, Grunwald D, Peri R. OptiScope:
performance accountability for optimizing
compilers [C] // Proceedings of the 7th annual
IEEE/ACM International Symposium on Code
Generation and Optimization, 2009: 254-264.

[13]

[14]

[15]

[18]

(20]

(21]

[22]

Wang Z, O’Boyle MFP. Mapping parallelism to
multi-cores: a machine learning based approach [J].
ACM SIGPLAN Notices, 2009, 44(4): 75-84.
Kozyrakis C, Kansal A, Sankar S, et al. Server
engineering insights for large-scale online services
[J]. IEEE Micro, 2010, 30(4): 8-19.

Bare KA, Kavulya S, Narasimhan P. Hardware
performance counter-based problem diagnosis for
e-commerce systems [C] // 2010 IEEE Network
Operations and Management Symposium, 2010:
551-558.

Bhatia S, Kumar A, Fiuczynski ME, et al.
Lightweight, high-resolution monitoring for
troubleshooting production systems [C] //
Proceedings of the 8th Usenix Conference on
Operating Systems Design and Implementation,
2008: 103-116.

Williams S, Waterman A, Patterson D. Roofline: an
insightful visual performance model for multicore
architectures [J]. Communications of the ACM,
2009, 52(4): 65-76.

Bircher WL, John LK. Complete system power
estimation using processor performance events [J].
IEEE Transactions on Computers, 2012, 61(4): 563-
5717.

Browne S, Dongarra J, Garner N, et al. A portable
programming interface for performance evaluation
on modern processors [J]. International Journal of
High Performance Computing Applications, 2000,
14(3): 189-204.

Eranian S. Perfmon2: a flexible performance
monitoring interface for Linux [C] // Proceedings
of the 2006 Ottawa Linux Symposium, 2006: 269-
288.

Intel Corporation. Intel 64 and IA-32 architectures
software developer’s manual [OL]. [2018-04-
30]. https://software.intel.com/sites/default/files/
managed/39/c5/325462-sdm-vol-1-2abcd-3abcd.
pdf.

Zellweger G, Lin D, Roscoe T. So many
performance events, so little time [C] // Proceedings
of the 7th ACM Sigops Asia-Pacific Workshop on
Systems, 2016: 14.



Ll PRER, A5

F TR FEAR T[] VA4 F 40 B 5% 1 RE AR A2 4 BT 7 57

(23]

[24]

(27]

(28]

Weaver VM, Mckee SA. Can hardware performance
counters be trusted? [C] // IEEE International
Symposium on Workload Characterization, 2008:
141-150.

Advanced Micro Devices. BIOS and Kernel
developer’s guide (BKDG) for AMD family
15h models 00h-oFh processors [OL]. 2013-
01-23[2018-04-30]. https://support.amd.com/
TechDocs/42301 _15h_Mod_00h-OFh_BKDG.pdf.
Lin D. Blackboxing performance monitoring units
[D]. Zurich: ETH Zurich, 2016.

Mytkowicz T, Sweeney PF, Hauswirth M, et
al. Time interpolation: so many metrics, so
few registers [C] // Proceedings of the 40th
Annual IEEE/ACM International Symposium on
MicroArchitecture, 2007: 286-300.

Dimakopoulou M, Eranian S, Koziris N, et al.
Reliable and efficient performance monitoring
in Linux [C] // Proceedings of the International
Conference for High Performance Computing,
2017: 34.

Mytkowicz T, Diwan A, Hauswirth M, et al.
Producing wrong data without doing anything
obviously wrong! [J]. ACM Sigarch Computer
Architecture News, 2009, 37(1): 265-276.
Ofenbeck G, Steinmann R, Caparros V, et al.
Applying the roofline model [C] // 2014 IEEE

[30]

[32]

[33]

International Symposium on Performance Analysis
of Systems and Software, 2012: 76-85.

Friedman JH. Greedy function approximation:
a gradient boosting machine [J]. The Annals of
Statistics, 2001, 29(5): 1189-1232.

Friedman JH, Meulman JJ. Multiple additive
regression trees with application in epidemiology
[J]. Statistics in Medicine, 2003, 22(9): 1365-
1381.

Yu ZB, Wang J, Eeckhout L, et al. QIG: quantifying
the importance and interaction of GPGPU
architecture parameters [J]. IEEE Transactions on
Computer-Aided Design of Integrated Circuits and
Systems, 2017: 99.

Huang S, Huang J, Dai J, et al. The HiBench
benchmark suite: characterization of the
MapReduce-based data analysis [C] // IEEE 26th
International Conference on Data Engineering
Workshops, 2010: 41-51.

Pedregosa F, Varoquaux G, Gramfort A, et al.
Scikit-learn: machine learning in Python [J]. Journal
of Machine Learning Research, 2011, 12(10): 2825-
2830.

Bei ZD, Yu ZB, Zhang HL, et al. RFHOC: a
Random-forest approach to auto-tuning Hadoop’s
configuration [J]. IEEE Transactions on Parallel and
Distributed Systems, 2016, 27(5): 1470-1483.





