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Hyperparameter Optimization by Multi-objective Bayesian Optimization
based on Inference of User Preference
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AutoML considers hyper-parameter optimization (HPO) of machine learning models.
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exist multiple evaluation indices for the learned models.

However, there often

For example, both model accuracy and memory size
can be objective functions, which are typically in the trade-off relation.

In this case, the importance of each

objective function depends on the user preference. To incorporate the preference adaptively into HPO, we propose
a preference-learning-based multi-objective Bayesian optimization (PL-MBO) method. Since directly specifying
the exact preference can be difficult for the user, PL-MBO considers only querying a ‘relative preference ’ that
the user can give much easier. By combining a Bayesian user preference model and the standard Gaussian process
model of objective functions, the expected improvement criterion of the user preference is derived. Our numerical
experiments show that the optimal solution based on the user preference can be found efficiently in HPO for neural

networks.
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function PL-MBO(Dy, D§™)

fort=1,...,7 do

ai—1(x) + PreferenceEl(D;_1, DI™9)

Ty < argmaxgex, av—1(x)

Yt & fo, + 1,60 ~ NL(0,0°11)
(I:L-dimensional identity matrix)

Dt < Dt 1 U {(act,yt)}

D} « D™ U { New user preferences }

end

end

function PreferenceEI(D;, DY)
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Sample fék) from p(fz | D:)

(f(k) the k-th sample of fz)
Sample w'®) from p(w | DY)
end
a(x)

7 e max{Uy o (£5) -
return o (x)
end
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Experimental results for DTLZ1

—— PL-MBO(Proposed)
—— MOBO-RS
—— Random

Experimental results for CIFAR-10 data

—— PL-MBO(Proposed)
—— MOBO-RS
—— Random
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