Vol. 44 No.5
Oct. 2022

Fa4 kS
2022 4E 10 f

/IS B A NI S
JOURNAL OF NATIONAL UNIVERSITY OF DEFENSE TECHNOLOGY

doi:10. 11887/j. en. 202205002 http : //journal. nudt. edu. cn

Bl 2 BRAL R EE R T AE A IZ 1T R 18]

BBER X A E R, A DRk
it e B 2TER,THE
(1. PEZAHAHRELET S HEZAHAMEA, W %HME 621000,
2. BEAHE KRS HENAEERAFRE, Wl S 621010; 3. BHAE K FAEMERE, Wd ki 410073,
4. BRABUGTEFER S, RE 300457; 5. WAL I KRS FHEIAFE TEFR, Wil BT 643000)

B F PR AE AT R A 55 T PR TR ARG IR B R RE , TR IEAT B T YIS A A TR AR . L4
1 BRI EEARMER AT U 1Rl 2 BRI, O 1 KA RL A 1 e B Je 3t 2Rl e 70 A AL A i 19 7 ST 84
FE T E - 45 - Ber Rl A R R . AP BB PO R ALY ELS 8 ], Se s 4 2R R B, B
ST RIS I ) Bl U1 R 8 1 PO AR A 8 05 AT — R AR T S PR SUDRS BE 08 70% ~ 80%

KRR A AT I [T 5 ARl 24 SR 28 s LA~ T 5w P RE T3

& 4> 25 TN9S XERARERG A NEHHS 1001 —2486(2022)05 -013 - 11

Predicting the job running time with job name
hierarchical clustering algorithm
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Abstract; Predicting the job running time is beneficial to improve the scheduling performance of the system, and the clustering can help to
train better prediction models. Traditional clustering algorithms are difficult to cluster similar job names. In order to better cluster similar jobs, the
job name hierarchical clustering algorithm of letter-structure-number was constructed by analyzing the semantic importance of their components.
Taking the real data of two supercomputers as an example, the data clustered by this algorithm was used to train the model. The experimental results

show that the prediction accuracy of the model is better than that of the traditional method, and the overall prediction accuracy is 70%~80% .
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Fig.1 Overview of experiment process
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Tab.2 Real examples of job names in supercomputer
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1 wmg-v2lack
2 MHorb0S30S_C5SOM. run
3 submit_b4
4 invert_plus2576_tmin0_t
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Fig.2 Sample of job names and job names that are similar to each other
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Alg. 1 LSN job name clustering
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ARG T TR LB TFE L &5 z=Z.pop();

RAE MRS R T T2 ,ﬂ/l\?% ) zLetterFeature = OnlyContainLetter(z) ;
s e . A ConverUpToLower ( zLetterFeature ) ;
éljj—‘% =RBTRETF RGN T %% 3 if zLetterFeature not in letterSet then

BAENZES 25T LSN BB )G RS TN F letterSet. add ( zLetterFeature) ;
S5 3, BRI LE S T T4 3 IR L elsl:tterSet. zLetterFeature. add(z) ;
letterSet. zLetterFeature. add(z) ;
end if
end while

foreach 1 e letterSet do
foreach sel.z do
zStructFeature = FormatByS(s) ;
if zStructFeature not in structSet then
structSet. add ( zStructFeature ) ;
structSet. zStructFeature. add( z) ;
else
structSet. zStructFeature. add(z) ;
end if
end foreach
end foreach
numberSet = SelectNoneLetter( structSet ) ;
resultSet. add ( SelectLetter( structSet) ) ;
foreach s e numberSet do
foreach nes. z do
zNumFeature = FormatByN(n) ;
if zZNumFeature not in resultSet then
resultSet. add ( zZNumFeature) ;
resultSet. zZNumFeature. add(z) ;

3 ISN Ok e
Fig.3  LSN clustering algorithm resultSet. zZNumFeature. add(z) ;
end if
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Fig.4 Letter clustering algorithm flowchart
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Tab.3 Result of letter clustering algorithm of
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Tab.4  Characteristic composition of job names
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Tab.5 Similar job names with different structure

Bl Rk 1 il 2 k. 3
1 opl —4034 2010pt_9 52 —21opt
2 47_n218.21.5 ns_009 89ns77
3 2c02_560f cof =2 =10 0049_cof
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job names
el ek 1 ik 2 ek 3
1 2020 -11_2_26 0012_23 1.2_0991_8401230
2 Cx_2012 001_cx_992 ¢X_0.1290_12 - 115
3 Dcb_12 12_D_05¢_123_b  012_D_12C_b_00
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Tab.6  Number category
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Tab.7 AP algorithm clustering results

eSS Rk 1 (N ek 3

1 Spark —d00 —x05 Spark —d =10 =x20 Spark —20 -0 —x20

2 Spark —d10 =x00 Spark —d =20 —x10 Spark —d —10 —x120

3 Spark —d88 —x99  Spark —d88 —x10  Spark —d88 —x98
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Tab.8  Collection of job names containing

common subsequences

(R ek 3

xrunPPC_v8_9  xrunPPC_v7_78

eS| k. 1

1 xrunPPC_v2_1

2 Cellray_zy_101  Cellray_yx_00  Cellray_yz_ 91

3 BAI_nlp_vl BAI_vz_v90 BAI_ZL_turbl
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Tab.9 LCS clustering results
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1 IXJEW_vX  BJEW_vQI RNJEW_v0
2 XZRailBXLO Rail BX1 JARailBX21
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Tab. 10  LSN algorithm clustering results
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