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Motivation

HPC parameter tuning iIs expensive [l]; each new
system  requires many costly evaluations.
Knowledge from existing systems could accelerate
optimization across different architectures.
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Our Contribution

CROSS-BOAT, a novel transfer learning [2] approach
for HPC parameter optimization that balances
source system knowledge with target system
exploration. An adaptive acquisition function that
progressively adjusts the Influence of source
knowledge based on optimization progress and
system similarity.
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CROSS-BOAT

Combines source system Insights and target
system exploration through dual Gaussian Process

models and an adaptive weighting mechanism.

Efficiently transfers knowledge while remaining
robust to system differences through normalized
composite acquisition functions.

EECS, The University of Toledo

Algorithm 1 CROSS-BOAT — CROSS-System Bayesian Op-
timization with Adaptive Tuning

Require: Source system S, Target system 7, Parameter space
AN P T
Ensure: Optimal configuration x™ for target system
1: // Source knowledge acquisition
D, + {(x;, fs(xi)) }i=, where x; ~ LHS(X)
s, 05 < GP(Dy)
// Target initialization
D; + {(Xj, ft(xj))};“:l where >, My LHS(X)
for . =1to 7 do
i, op — GP(Dy)
X, - candidate points from X
ft>.'< G Inin(x,y)EDt Y
// Compute acquisition components
for x € X, do
El(x) « Elmax(f; — fi(x),0)]
SKt (X) A mdkl:(:\)&lj;lf;;lﬁ;/();\)(x’)
end for

// Normalize and combine
w; < max{0.5-(1—-1:/T),0.1} )
Xnext  arg maxeex, { (1—w;) - EL (x) +w; - SK, (%)}
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18: Dt 5 Dt U {(X'n.ea?ta ft (X71€It))}
19: end for

20: return arg mingy ,ep, ¥ =0
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Efficient Exploration by CROSS-BOAT

CROSS-HPC System Bayesian Optimization with
Adaptive Transfer

Abrar Hossain and Kishwar Ahmed
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Performance Comparison

performance Improvement on
dissimilar target systems while requiring fewer evaluations
than standard Bayesian optimization. Shows Intelligent
parameter space exploration that quickly identifies optimal
configurations across different system architectures.

Conclusion

ransfer learning provides significant benefits for HPC

parameter optimization, particularly when target systems
differ substantially from source systems. CROSS-BOAT
enables more efficient resource utilization during system
deployment and upgrades by reducing the optimization

overhead.
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