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Abstract Gray-box hyperparameter optimization techniques have recently emerged as a promising
direction for tuning Deep Learning methods. In this work, we introduce DYHPO, a method
that learns to dynamically decide which configuration to try next, and for what budget. Our
technique is a modification to the classical Bayesian optimization for a gray-box setup. Con-
cretely, we propose a new surrogate for Gaussian Processes that embeds the learning curve
dynamics and a new acquisition function that incorporates multi-budget information. We
demonstrate the significant superiority of DYHPO against state-of-the-art hyperparameter
optimization baselines through large-scale experiments comprising 50 datasets (Tabular,
Image, NLP) and diverse neural networks (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). (i)
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 terminated by inspecting the validation loss of the first few epochs, instead of waiting for the
full convergence. The most prominent gray-box algorithm is Hyperband (Li et al., 2017), which runs
random configurations at different budgets (e.g. different number of epochs) and successively halves
these configurations 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 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
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Figure 1: Green: Learning curves observed during the search. The darker the learning curve, the
later it was evaluated during the search. Red: y-axis shows a sequence of learning curve
evaluations (bottom to top). The color indicates accuracy. The darker red the higher the
accuracy.

the first 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 configurations’
performances at different budgets.

We introduce DYHPO, a gray-box method that dynamically decides how many configurations to
try and how much budget to spend on each configuration. DYHPO is a Bayesian Optimization (BO)
approach based on Gaussian Processes (GP), that extends and adapts BO to the multi-fidelity case. 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 configurations, even
if the pair’s configurations are evaluated at different budgets. We illustrate the differences between
our strategy and successive halving with the experiment of Figure 1, where we showcase the
HPO progress. Hyperband statically pre-allocates the budget for a set of candidates according to a
predefined policy. However, DYHPO dynamically adapts the allocation of budgets for configurations
after every HPO step.

The two plots on the left of Figure 1 show the learning curves of multiple neural networks
trained with different hyperparameter configurations. The darker the color of a learning curve, the
later the model corresponding to the learning curve was trained during the optimization process.
In an optimal scenario, there should be no learning curve of darker color trained for a longer time
if there is already a learning curve of lighter color with higher accuracy. We see that this is not the
case for Hyperband since it is possible that no configuration selected for a Hyperband bracket is
outperforming the current best configuration. A dynamic budget allocation as proposed for our
method DYHPO overcomes this issue. We see that it invests only a small budget into configurations
that show little promise.

Dynamic Multi-Fidelity HPO

Notation. The gray-box HPO setting allows querying configurations with a smaller budget com-
pared to the total maximal budget . Thus, we can query from the response function5 : X N ¥ R
where 5%y = 5 ,x3 9" is the response after spending a budget of 9 on configuration x;. As before,
these observations are noisy and we observe ~59 =5 ,%3 97 , Yy whereYy N0 fgzz". We denote
the learning curve as Ygg 1 = ,~31 ~89 1.

We discuss Gaussian processes (GP) in detail in Appendix A but we assume the reader has a
basic understanding. In the following, we will refer to its kernel function as :.

Deep Multi-Fidelity Surrogate. We propose to use a Gaussian Process surrogate model that infers
the value of 5%y based on the hyperparameter configuration xg, the budget 9 as well as the past
learning curve Yg¢ ;. For this purpose, we use a deep kernel (Wilson et al., 2016) as:

K\ F7=zi,x Yo 1 GF L% Ype 1 9GF%\” (1)

We use a squared exponential kernel for : and the neural network ¥ is composed of linear and
convolutional layers. as shown in Figure 2. We normalize the budget 9 to a range between 0 and 1



	Introduction
	Dynamic Multi-Fidelity HPO
	Experimental Protocol
	Broader Impact and Limitations
	Conclusions
	Gaussian Processes
	Detailed Discussion of Related Work
	Experimental Setup
	Benchmarks
	Preprocessing
	Framework
	Implementation Details
	Baselines

	Additional Plots
	Considering Overhead
	Further Insights


