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o [nspired from natural language modeling = Model workload structure at runtime
o Workload features < words in language = Build metric probability distributions

Understand and predict - “ silions of nstructions. = Workload patterns < grammar structure = Predict future characteristics
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Difficult to compute P(s) = P(s,,5,,..., ;)

Decompose the probability instead:

P(s) = P(s,)XP(s, | s)XP(s, 15,,8)%..xP(s, |'s,_ ,....8,)

“Ex: P(“How are you doing”) = P(“how”) x P(“arelhow”)
: X P(“youlhow are”) x P(“doinglhow are you”)

Use n-gram Approximation:
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Apply model smoothing to conditional distributions
_to compensate for data sparsity

Piinai = B - I:,global + B, . I:,temporal

—O—AVE_VARIATION_NORM —0— AVE TRANSITION DELTA:

More Important for : . : :
L% SMM: g - o New workload behavior prediction approach Inspired by language modeling
1 60% °: :

0% More variability o Evaluation with a comprehensive set of benchmarks and datasets
? :  Harder to predict
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o Significant improvement in accuracy over prior approaches
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- @ Models long-term global patterns in application behavior
Across all workloads: f

20% improvement = Can track and predict variable-length patterns

IR ' 40% improvement ’
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- @ Adapts and improves over time, as it learns more it predicts better

Repetitive runs (x2): ’
Additional 15%
improvement
across all workloads

o [mprove prediction accuracy by 40% for variable workloads
o Average improvement of 20% across all benchmarks
/ o Additional 15% improvement with recurring workloads

L R
swim

art_ref2

ef @
an1 :

an2

an3

ace

art_ref1
gcc_expr

facerec_ref

gcc_scilab
gzip_graphic

gzip_source

parser_ref

sixtrack_in

twol

vpr_p

vpr_route

wupwise — L

bzip2_graphic

bzip2_program

bzip2_source

gec_integrate L

gzip_program

gzip_random =
perbmk_diffmail o
vortex_bend
vortex bendi
vortex bendi

© 2010 IBM Corporation



