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Optimization Challenges

@ Design Diversity
e Diversity of interesting, viable designs
e Ex :: Power 6, Core 2, UltraSPARC T2

@ Metric Diversity
e Differentiated market segments and metric priorities
e Ex :: latency, throughput, power, temperature

@ Comprehensive Optimization
e Mechanisms to identify representative workloads
e Models to estimate design metrics
e Heuristics to traverse design topology
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Statistical Inference

@ Simulation Paradigm’
e Comprehensively understand design space
e Selectively simulate modest number of designs
e Efficiently leverage simulation data with inference

@ Regression Models
e Low formulation costs (1K samples from 1B designs)
e Accurate inference (5 — 7% median error)
e Efficient computation (100’s of predictions per second)

'Lee+[ASPLOS’06]
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Qualitatively New Capabilities
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Effective Analysis and Optimization
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@ Identify interesting regions of design space

@ Identify appropriate heuristic, implementation
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Roughness Impact
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@ Rough topologies more challenging to model, optimize

@ Rough topologies more likely to contain local optima
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Tools and Benchmarks

@ Simulation Framework
e Turandot :: a cycle-accurate trace driven simulator
e PowerTimer :: power models derived from circuit analyses
e Baseline simulator models POWER4/POWERS5 architecture

@ Benchmarks
e SPECcpu :: compute-intensive benchmarks
e SPECjbb :: Java server benchmark

@ Statistical Framework
e R :: software environment for statistical computing
e Hmisc and Design packages?

2Harrell [Springer,01]
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Design Space

Set Parameters Measure Range |S|
S; Depth depth FO4 9::3::36 10
S,  Width width insn b/w 48,16 3
L/S reorder queue entries 15::15::45
store queue entries 14::14::42
functional units count 1,2,4
S;  Physical general purpose (GP) count 40::10:130 10
Registers floating-point (FP) count 40::8::112
special purpose (SP)  count 42::6::96
S4+ Reservation branch entries 6::1::15 10
Stations fixed-point/memory entries 10::2::28
floating-point entries 5:1:14
Ss I-L1 Cache  i-L1 cache size log,(entries) 7:1:11 5
S¢ D-L1 Cache d-L1 cache size log>(entries) 6::1::10 5
S; L2 Cache L2 cache size log>(entries) 11:1:15 5
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Model Accuracy |

@ Approach
e Formulate models with n = 1,000 samples
e Obtain 100 additional random samples for validation
e Quantify percentage error, 100  |y; — y:|/y;

@ Comparison
e Simulator-reported performance, power
e Regression-predicted performance, power
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Model Accuracy Il
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Roughness Metrics
@ f(x) :: regression model

@ xi,...,x, :: design parameters

@ Derived for spline-based regression models®

@ Computed numerically

(Y
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3Green+[Monographs Stat & Applied Prob.]
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Contour Maps

@ Applications
@ Reveal bottlenecks
@ Characterize workloads

@ Approach
e Select 2-dim slice of p-dim design space
e Plot performance, power topology with regression models
e lterate for (4) contours

@ Contours & Roughness
e Rank contours by R, roughness
e Roughness metrics corroborate observed variability
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Low R, Contours
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@ Roughness metrics corroborate observed variability

@ Contours ranked 20, 21 of 21 (mcf, bips/w)
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@ Roughness metrics corroborate observed variability

@ Contours ranked 10, 11 of 21 (mcf, bips/w)




) - Contour Maps
Visualization i

Contours & Roughness
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@ Roughness metrics corroborate observed variability

@ Contours ranked 1, 2 of 21 (mcf, bips/w)
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Gradient Ascent :: Definitions

Standardized Metric

Tog w0
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@ Trials :: No. of random starting points

@ lterations :: No. of path steps before convergence

@ Deficiency :: Difference between global, local maximum
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Trial Consistency
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@ 79% of 1K ammp trials report sub-optimum

@ 14% of 1K ammp trials better than mode
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Gradient Descent vs Exhaustive Search
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@ Deficiency of gradient ascent results w.r.t. global optimum

@ Additional trials reduce deficiency
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| Benchmarks |[ Rough | Deficiency || Rough | Iterations |

ammp 4 1 4 6
applu 2 3 2 2
equake 3 9 3 1
gcc 5 7 5 8
gzip 8 8 8 9
jbb 7 6 7 3
mcf 1 2 1 7
mesa 9 4 9 4
twolf 6 5 6 5
roughness

correlation 1.00 0.35 1.00 0.20

@ Rank benchmarks by roughness (e.g., 1 — least rough)

@ Rank benchmarks by effectiveness (e.g., 1 — lowest deficiency)
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[ Benchmarks |[ Rough | Deficiency || Rough | Iterations |

ammp 4 | 4 6
applu 2 3 2 2
equake 3 9 3 1
gce 5 7 5 8
gzip 8 8 8 9
jbb 7 6 7 3
mcf 1 2 | 7
mesa 9 4 9 4
twolf 6 5 6 5
roughness

correlation 1.00 0.35 1.00 0.20

@ Roughness and deficiency correlated (p = 0.35)

@ Mitigate roughness with additional trials, stochastic variants
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R; and Optimization :: Iterations

[ Benchmarks |[ Rough | Deficiency || Rough | Iterations |

ammp 4 | 4 6
applu 2 3 2 2
equake 3 9 3 1
gce 5 7 5 8
gzip 8 8 8 9
jbb 7 6 7 3
mcf | 2 | 7
mesa 9 4 9 4
twolf 6 5 6 5
roughness

correlation 1.00 0.35 1.00 0.20

@ Roughness and iterations correlated (p = 0.20)

@ Mitigate roughness with generous convergence criteria
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Future Directions

Also in the paper...

@ Gradients
e Background
e Applications (e.g., sensitivity)

@ Roughness
e Mathematical motivation
e Numerical approximations
e Implications for model accuracy

@ Contours
e Bottleneck analysis
o Workload characterization
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Conclusion

@ Simulation Paradigm
e Comprehensively understand design space
e Selectively simulate modest number of designs
e Efficiently leverage simulation data with inference

@ Roughness and Optimization
e Define, compute roughness metrics
e Rough topologies are more interesting
e Rough topologies require more robust optimization

@ ASPLOS 2008 Tutorial
e Learning and inference tutorial (LIT)
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Future Directions

@ Optimization Heuristics and Applications
e Comparing, contrasting optimization heuristics
e Genetic search for efficiency limits of hardware adaptivity*

@ Chip Multiprocessors
e Scalable accounting for shared resource contention
e Larger parameter space (e.g., in-order vs out-of-order)

@ Integration with Circuit Models
e Device sizing, supply/threshold voltage
e Implications for process variation

*Lee+[ASPLOS08]
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