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Abstract

Multi-fidelity (gray-box) hyperparameter optimization techniques (HPO) have
recently emerged as a promising direction for tuning Deep Learning methods.
However, existing methods suffer from a sub-optimal allocation of the HPO bud-
get to the hyperparameter configurations. In this work, we introduce DyHPO, a
Bayesian Optimization method that learns to decide which hyperparameter config-
uration to train further in a dynamic race among all feasible configurations. We
propose a new deep kernel for Gaussian Processes that embeds the learning curve
dynamics, and an acquisition function that incorporates multi-budget information.
We demonstrate the significant superiority of DyHPO against state-of-the-art hy-
perparameter optimization methods through large-scale experiments comprising 50
datasets (Tabular, Image, NLP) and diverse architectures (MLP, CNN/NAS, RNN).

1 Introduction

Hyperparameter Optimization (HPO) is arguably an acute open challenge for Deep Learning (DL),
especially considering the crucial impact HPO has on achieving state-of-the-art empirical results.
Unfortunately, HPO for DL is a relatively under-explored field and most DL researchers still optimize
their hyperparameters via obscure trial-and-error practices. On the other hand, traditional Bayesian
Optimization HPO methods [Snoek et al., 2012, Bergstra et al., 2011] are not directly applicable to
deep networks, due to the infeasibility of evaluating a large number of hyperparameter configurations.
In order to scale HPO for DL, three main directions of research have been recently explored. (i)
Online HPO methods search for hyperparameters during the optimization process via meta-level
controllers [Chen et al., 2017, Parker-Holder et al., 2020], however, this online adaptation can not
accommodate all hyperparameters (e.g. related to architectural changes). (ii) Gradient-based HPO
techniques, on the other hand, compute the derivative of the validation loss w.r.t. hyperparameters by
reversing the training update steps [Maclaurin et al., 2015, Franceschi et al., 2017, Lorraine et al.,
2020], however, the reversion is not directly applicable to all cases (e.g. dropout rate). The last
direction, (iii) Gray-box HPO techniques discard sub-optimal configurations after evaluating them on
lower budgets [Li et al., 2017, Falkner et al., 2018].

In contrast to the online and gradient-based alternatives, gray-box approaches can be deployed in
an off-the-shelf manner to all types of hyperparameters and architectures. The gray-box concept is
based on the intuition that a poorly-performing hyperparameter configuration can be identified and

∗equal contribution
†work does not relate to position at Amazon

36th Conference on Neural Information Processing Systems (NeurIPS 2022).



terminated by inspecting the validation loss of the �rst few epochs, instead of waiting for the full
convergence. The most prominent gray-box algorithm is Hyperband [Li et al., 2017], which is based
on successive halving. It runs random con�gurations at different budgets (e.g. number of epochs)
and successively halves these con�gurations by keeping only the top performers. Follow-up works,
such as BOHB [Falkner et al., 2018] or DEHB [Awad et al., 2021], replace the random sampling of
Hyperband with a sampling based on Bayesian optimization or differentiable evolution.

Despite their great practical potential, gray-box methods suffer from a major issue. The low-budget
(few epochs) performances are not always a good indicator for the full-budget (full convergence)
performances. For example, a properly regularized network converges slower in the �rst few epochs,
however, typically performs better than a non-regularized variant after the full convergence. In other
words, there can be a poor rank correlation of the con�gurations' performances at different budgets.

Figure 1: Top: The learning curve for different
hyperparameter con�gurations. The darker the
learning curve, the later it was evaluated during
the search.Bottom: The hyperparameter indices
in a temporal order as evaluated during the opti-
mization and their corresponding curves.

We introduceDYHPO, a Bayesian Optimization
(BO) approach based on Gaussian Processes
(GP), that proposes a novel treatment to the
multi-budget (a.k.a. multi-�delity) setup. In this
perspective, we propose a deep kernel GP that
captures the learning dynamics. As a result, we
train a kernel capable of capturing the similarity
of a pair of hyperparameter con�gurations, even
if the pair's con�gurations are evaluated at differ-
ent budgets. Furthermore, we extend Expected
Improvement [Jones et al., 1998] to the multi-
budget case, by introducing a new mechanism
for the incumbent con�guration of a budget.

We illustrate the differences between our rac-
ing strategy and successive halving with the
experiment of Figure 1, where, we showcase
the HPO progress of two different methods on
the "Helena" dataset from the LCBench bench-
mark [Zimmer et al., 2021]. Hyperband [Li
et al., 2017] is a gray-box approach thatstati-
cally pre-allocates the budget for a set of candidates (Hyperband bracket) according to a prede�ned
policy. However,DYHPOdynamicallyadapts the allocation of budgets for con�gurations after every
HPO step (a.k.a. a dynamic race). As a result,DYHPOinvests only a small budget on con�gurations
that show little promise as indicated by the intermediate scores.

The joint effect of modeling a GP kernel across budgets together with a dedicated acquisition
function leads toDYHPOachieving a statistically signi�cant empirical gain against state-of-the-art
gray-box baselines [Falkner et al., 2018, Awad et al., 2021], including prior work on multi-budget
GPs [Kandasamy et al., 2017, 2020] or neural networks [Li et al., 2020b]. We demonstrate the
performance ofDYHPOin three diverse deep learning architectures (MLP, CNN/NAS, RNN) and 50
datasets of three diverse modalities (tabular, image, natural language processing). We believe our
method is a step forward toward making HPO for DL practical and feasible. Overall, our contributions
can be summarized as follows:

• We introduce a novel Bayesian surrogate for gray-box HPO optimization. Our novel
surrogate model predicts the validation score of a machine learning model based on both the
hyperparameter con�guration, the budget information, and the learning curve.

• We derive a simple yet robust way to combine this surrogate model with Bayesian opti-
mization, reusing most of the existing components currently used in traditional Bayesian
optimization methods.

• Finally, we demonstrate the ef�ciency of our method for HPO and neural architecture search
tasks compared to the current state-of-the-art methods in HPO, by outperforming seven
strong HPO baselines with a statistically signi�cant margin. As an overarching goal, we
believe our method is an important step toward scaling HPO for DL.
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