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• M ining th e  cluste rs of Logging and Book k e e ping (L& B) file s re corde d by grid brok e r from  EGEE (Enabling Grid for E-Scie nce  in Europe )

• Spe cify failure  m ode s of th e  subm itte d jobs (about 70% jobs faile d for various re asons)

Goals:

Data:

trace s of jobs subm itte d to grids

Data Structure

‣  No natural distance

‣  Prior k now le dge

• rough  classe s 

‐‑ succe ssfully finish e d (good jobs)

‐‑ faile d by various re asons (bad jobs):  NAR, ABU, GNG *

• h e te roge ne ous

‐‑ use rs:  e xpe rie nce  and com m unity are  diffe re nt

‐‑ w e e k s:  load of th e  grid varie s along tim e  

Ch alle nge s:

*

NAR: 

  No Ade q uate  Re source s

ABU: 

  Aborte d By Use r

GNG: 

  Ge ne ric &  Non Ge ne ric e rror

Data 

Pre paration:

Job  ------->   num e rical ve ctor

‣  num e rical attribute s: norm alize d

‣  non-num e rical attribute s --->  boole an attribute s

Fram e w ork :

‣  Constructive  induction

• Base d on data slicing

• Ne w  re pre se ntation of jobs

‣  Double  cluste ring

• D im e nsionality re duction / Cluste rs of fe ature s 

to e nforce  stability of ne w  fe ature s

• Cluste rs of jobs and stability analysis of cluste rs 

[4]

Constructive  Induction (1):

‣  Data

    • te st se ts: 10% of all

    • training se ts: 9 0% of all

‣  Training se ts slicing [1]

    • one  subse t = single  use r (re m oving use r h e te roge ne ity)

           or  single  w e e k  (re m oving load h e te roge ne ity)

    • e ach  subse t = succe ssful jobs +  faile d jobs

‣  Le arning

    • from  e ach  subse t: Extract one  (th rough  SVM) or se ve ral (th rough  ROC-base d 

stoch astic optim ization, ROGER) h ypoth e se s 'h ' (from  instance  space  to th e  se t of Re al 

value s)

    • Turn e ach  of th e se  h ypoth e se s into a fe ature

SVM/ROGER [2] Le arning

U-fe ature s:

H ypoth e se s le arne d from  Use r subse ts

W -fe ature s:

H ypoth e se s le arne d from  W e e k  subse ts

Constructive  Induction (2):

ROGER base d fe ature  re dundancy:

from  th e  sam e  subse t

re dundancy of initial attribute s

Double  Cluste ring [3]: 

Cluste ring m e th od:  K-m e ans

Job cluste ring re sults:

U-cluste rs: from  U-re pre se ntations  

W -cluste rs: from  W -re pre se ntations

ROGER: Double  Cluste ring

SVM: Only Cluste ring on jobs

* Note : U-cluste rs are  not cluste rs of use rs

W -cluste rs are  not cluste rs of w e e k s

Job Cluste rs:

Cluste ring Error Rate :

Purity of th e  cluste rs

  • e rrors: all jobs w h ich  do not be long to th e  m ajority class 

of th e  cluste rs th e y are  in.

  • e rror rate
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(be caus e  s ize s  of rough  class e s  are  im balance d)

Pe rform ance :

  • U-cluste rs and W -cluste rs are  sim ilar 

  • SVM and ROGER  are  sim ilar 

K -- th e  num be r of e xam ple  cluste rs

T -- th e  num be r of fe ature  cluste rs

Cluste ring Stability [4]:

Se lf-stability:   Both  for W -cluste rs and U-

cluste rs

Com pute  w ith  sam e  K, ave rage  on all diffe re nt 

pairs of T

Mutual-stability:   Be tw e e n W -cluste rs 

and U-cluste rs

for give n K, ave rage  on all pairs of W - and U-

cluste rs w ith  sam e  T

for give n T, ave rage  on all pairs of W - and U-

cluste rs w ith  sam e  K

Cluste ring Stability ve rsus K Cluste ring Mutual Stability ve rsus T (FIG#)

Roge r le arne d fe ature s base d

Conclusions:

‣  Re -de scription th e  data

  • sam pling th e  data by tw o diffe re nt protocols re m ove s th e  h e te roge ne ity 

  • le arn ne w  fe ature s and ge t tw o ne w  re pre se ntations

‣  Stable  cluste ring

  • fe ature  cluste ring (dim e nsionality re duction)doe s not significantly affe ct cluste ring stability (FIG#)

  • finds fine r subclasse s of grid jobs, ide ntify classe s unk now n to le arning algorith m  (NAR, ABU, GNG)

Pe rspe ctive s:

Ne w  Re pre se ntation:

Roge r pe rform ance : W -cluste rs e rror rate  vs K

Roge r pe rform ance : W -cluste rs e rror rate  vs T

‣  ne xt: Mode lling th e  be h aviours of grid syste m

‣  furth e r: Se lf-h e aling (de te ct, diagnose  and re pair proble m s) grid




