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Abstract

We introduce HEBO: Heteroscedastic Evolutionary Bayesian Optimisation that
won the NeurIPS 2020 black-box optimisation competition. We present non-
conventional modifications to the surrogate model and acquisition maximisation
process and show such a combination superior against all baselines provided by
the Bayesmark package. Lastly, we perform an ablation study to highlight the
components that contributed to the success of HEBO.

1 Introduction

The NeurIPS 2020 black-box optimisation challenge is an annual competition that evaluates black-box
optimisation algorithms on real-world score functions. The contest is constructed from automated
machine learning (AutoML) tasks [1] and the Bayesmark package, both of which aim at tuning
hyper-parameters of models to improve validation set performance. Given the importance of correctly
tuning machine learning algorithms [2], this challenge constitutes a major stepping-stone towards
real-world deployment of large-scale models.

In general, the contest can be formulated as a problem of optimising a performance measure (score)
for various hyper-parameter configurations of ML algorithms. For instance, these parameters can
correspond to learning rates, layer depths and widths, or dropout rates during a neural network training
step. The ’score’ that we would optimise in this instance would be the validation loss. Among various
challenges, the main difficulties in optimising hyper-parameters are; that performance measures
are neither explicitly available in closed form, nor do they necessarily adhere to differentiability
assumptions, they can typically be very computationally expensive to evaluate, and there is no precise
method to perform mixed variable optimisation. Nonetheless, one can still exploit a low number
of validation loss evaluations for a better exploration of the hyper-parameter space. This, in turn,
transforms the problem into an instance of black-box optimisation:

min
x∈X

f(x), (1)
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with x denoting optimisation variables that correspond to mixed (continuous and discrete) hyper-
parameter settings and f(x) the score function we wish to minimise.

Bayesian Optimisation (BO) presents a sample-efficient and derivative-free solution for finding a
minimum x? of black-box objectives such as these encountered in Equation 1. Real-world examples
of BBO problems are ubiquitous [3, 4, 5, 6, 7, 8, 9, 10, 11]. BO algorithms are typically equipped
with two core components that allow for improved exploration of input points. The first corresponds
to a probabilistic surrogate model (generally a Gaussian process) that approximates f(x) from
historical interactions whilst providing uncertainty estimates needed to guide exploration. The second
component equates to an acquisition function that acts as a proxy to the true sequential risk, measuring
the utility of gathering new input points by trading off exploration and exploitation.

Lots of BO implementations assume an idealised setting for calculating future black-box evaluations,
such as Gaussian noise likelihoods and one optimal acquisition function. While analysing the compe-
tition’s data, we realised that neither of these two assumptions hold; noise processes are complex
and heteroscedastic and different acquisition functions arrived at conflicting results. Furthermore, in
case unseen data involved even more compounded stochasticity, as evaluation tasks are hidden to
participants, we would prefer to hedge against our losses by equipping the surrogate model with the
ability to handle non-stationarities.

Hence, to arrive at a winning solution, we developed a heteroscedastic and evolutionary Bayesian
optimisation (HEBO) algorithm that supports: 1) complex noise processes through input warping
and output transformations, and 2) multi-objective acquisition functions with evolutionary optimis-
ers. In particular, while input and output non-linear transformations handle non-stationarity and
heteroscedasticity respectively, multi-objectivity avoids conflicts by enabling a consensus among
various acquisition functions through a Pareto-frontier.

2 Background

We consider a sequential decision approach to the global optimisation of a smooth function f : X →
R over a bounded input domain X ⊆ Rd. At each decision round, i, we select a collection of q input
points x(new)

1:q ∈ X q and observe values of the black-box function y(new)
1:q = f(x

(new)
1:q ). We allow the

returned value to be either deterministic i.e., yi = f(xi) or stochastic with yi = f(xi) + εi, where εi
denotes a bounded-variance random variable. Our goal is to rapidly (in terms of N ) approach the
maximum x? = arg maxx∈X f(x). Since both f(·) and x? are unknown, solvers need to trade off
exploitation and exploration during the search process, as shown in Algorithm 1.

To reason about the unknown function, typical Bayesian optimisation algorithms assume smoothness
and adopt Bayesian modelling as a principle to carry out inference about the properties of f(·)
in light of the observations. Here, one introduces a surrogate model (line 3 of Algorithm 1) to
encode beliefs over the smoothness properties and an observation model to describe collected data,
Di = {xl, yl}ni

l=1, up to the ith round with ni denoting the total acquired data so far. Using these
two components in addition to Bayes rule, we can then compute a posterior p(f(·)|Di) to encode
all knowledge of f(·) allowing us to account for the location of the maximum. A generic Bayesian
optimisation solver finds a batch of q input points, x(new)

1:q , by maximising an acquisition function that
generally trades off exploration versus exploitation as shown in line 4 of the algorithm.

At this stage, x(new)
1:q are evaluated by querying the black-box to generate a set of q response variables

y
(new)
1:q = f(x

(new)
1:q ) that are then used to augment the dataset; see line 6 of Algorithm 1. The above

process repeats for a total of N iterations at which the best performing input in DN is returned as the
solution to the problem in Equation 1.

2.1 Gaussian Processes as a Surrogate Model

A Gaussian process (GP) offers a flexible and sample-efficient procedure for placing priors over
unknown functions [12]. These models are fully specified by a mean function m(x) and a covariance
function, or kernel, k(x,x′) that encodes the smoothness assumptions on f(·). Given any finite
collection of inputs x1:ni

, the outputs are jointly Gaussian given by:

f(x1:ni
)|θ ∼ N (m(x1:ni

),Kθ(x1:ni
,x1:ni

)) ,
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Algorithm 1 Batched Bayesian Optimisation

1: Inputs: Total number of outer iterations N , initial randomly-initialised dataset D0 = {xl, yl ≡
f(xl)}n0

l=1, batch size q, acquisition function
2: for i = 0 : N − 1:
3: Fit a surrogate model to the current dataset Di
4: Find q points x(new)

1:q by maximising an acquisition function, trading off exploration and
exploitation

5: Evaluate new inputs by querying the black-box to acquire y(new)
1:q = f(x

(new)
1:q )

6: Update the dataset creating Di+1 = Di ∪ {x(new)
l , y

(new)
l }ql=1

7: end for
8: Output: Return the best-performing query point from the data x? = arg maxx∈DN

f(x)

where [m(x1:ni
)]k = m(xk) denotes the mean vector, and Kθ(x1:ni

,x1:i) ∈ Rni×ni the covari-
ance matrix with its (k, l)th entry computed as [Kθ(x1:ni

,x1:ni
)]k,l = kθ(xk,xl). Here, kθ(·, ·)

represents a parameterised kernel with unknown hyperparameters θ corresponding to lengthscales
or signal amplitudes for example. For ease of presentation following [12], we use a zero-mean
prior in our notation here. In terms of the choice of Gaussian process kernel, there are a wide array
of options which encode prior modelling assumptions about the latent function. Two of the most
commonly-encountered kernels in the Bayesian optimisation literature are the squared exponential
(SE) and Matérn(32) kernels.

Given the data Di, and assuming Gaussian-corrupted observations yi = f(xi) + εi with εi ∼
N (0, σ2

noise), we can write the joint distribution over the data and an arbitrary evaluation input x as:

[
y1:ni

f(x)

] ∣∣∣∣∣ θ ∼ N
([

m(x1:ni)
m(x)

]
,

[
K

(i)
θ + σ2

noiseI k
(i)
θ (x)

k
(i),T
θ (x) kθ(x,x)

])
,

whereK(i)
θ = Kθ(x1:ni

,x1:ni
) and k(i)θ (x) = kθ(x1:ni

,x). In the setting of q arbitrary evaluation
points, we get f(x?1:q)|Di,θ ∼ N (µi(x

?
1:q;θ),Σi(x

?
1:q;θ)) with:

µi(x
?
1:q;θ) = K

(i)
θ (x?1:q,x1:ni

)(K
(i)
θ + σ2

noiseI)−1(y1:ni
−m(x1:ni

)) +m(x?1:q)

Σi(x
?
1:q;θ) = K

(i)
θ (x?1:q,x

?
1:q)−K

(i)
θ (x?1:q,x1:ni

)(K
(i)
θ + σ2

noiseI)−1K
T,(i)
θ (x?1:q,x1:ni

).

The remaining ingredient needed in a GP pipeline is a process to determine the unknown hyperpa-
rameters θ given a set of observation Di. In standard GPs [12], θ are fit by minimising the negative
log marginal likelihood (NLML) leading us to the following optimisation problem:

min
θ,σnoise

J (θ, σnoise) =
1

2
det
(
C

(i)
θ

)
+

1

2
(y1:ni

−m(x1:ni
))TC

(i),−1
θ (y1:ni

−m(x1:ni
))+

ni
2

log 2π,

(2)

with C(i)
θ = K

(i)
θ + σ2

noiseI .

The objective in Equation 2 represents a non-convex optimisation problem making GPs susceptible
to local minima. Various off-the-shelf optimisation solvers ranging from first-order [13, 14] to
second-order [15, 16] methods have been rigorously studied in the literature.

2.2 Acquisition Functions

Having introduced a distribution over latent black-box functions and specified mechanisms for up-
dating hyperparameters, we now discuss the process by which novel query points are suggested
for collection in order to improve the surrogate model’s best guess for the global optimiser x?. In
Bayesian optimisation, proposing novel query points is performed through maximising an acqui-
sition function αtype(·|Di) that trades off exploration and exploitation by utilising statistics from
p(f(·)|Di), i.e., x(new)

1:q = arg maxx∈X q αtype(x|Di). During our participation in the competition,
we experimented with the following commonly used batch forms originally introduced in [17]:
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1. Expected Improvement: One of the most popular acquisition functions is expected im-
provement [18, 19], which determines new query points by maximising expected gain
relative to the function values observed so far:

αq-EI(x1:q|Di) = Ef(x1:q)|Di,θ

[
max
j∈1:q
{ReLU(f(x1:q)− f(x+

i )1q)}
]
, (3)

where 1q denotes a q-dimensional vector of ones and as such, the ReLu(·) is to be executed
element-wise, and x+

i is the best performing input in the data so far.

2. Probability of Improvement: Another commonly-used acquisition function in Bayesian
optimisation is the probability of improvement criterion which measures the probability
of acquiring gains in the function value compared to f(x+

i ) [20]. Such a probability is
measured through an expected Heaviside step function as follows:

αq-PI(x1:q|Di) = Ef(x1:q)|Di,θ

[
max
j∈1:q

{
11{f(x1:q)− f(x+

i )1q}
}]
, (4)

where 11{f(x1:q) − f(x+
i )1q} returns a q-dimensional binary vector with [11{f(x1:q) −

f(x+
i )}]j = 1 if [f(x1:q)]j ≥ [f(x+

i )1q]j and zero otherwise for all j ∈ {1, . . . , q}.
3. Upper Confidence Bound: In this type of acquisition, the learner trades off the mean and

variance of the predictive distribution to gather new query points for function evaluation [21].
To allow parallel computation, the authors in [17] have suggested the following form:

αq-UCB(x1:q|Di) = Ef(x1:q)|Di,θ

[
max
j∈1:q

{
µi(x1:q;θ) +

√
βπ/2|γi(x1:q;θ)|

}]
, (5)

where γi(x1:q;θ) = f(x1:q)− µi(x1:q;θ).

3 HEBO: Surrogates & Multi-Objective Acquisitions

During our initial attempts, we found that standard off-the-shelve Bayesian optimisation submissions,
i.e., ones with simplistic noise models and a single choice of an acquisition function, tended to under-
perform due to the complexity associated with the competition’s data. Tackling these shortcomings,
we proposed two adaptations to: 1) handle complex noise processes using input-output non-linear
transformations, and 2) enable a multi-objective choice of acquisitions.

3.1 Surrogate Model Design

As noted earlier, we found that a vanilla Gaussian process model faced difficulties handling het-
eroscedasticity and non-stationarity available in the data. To tackle these problems, we perform two
transformations; a power transformation (Γζ(·)) on the output and Warping (ΨΘ(·)) on the input,
dependent on parameters Θ.

Output: For output objectives, instead of the commonly used linear normalisation, we use
the power transformation (Γζ(·)) to reduce heteroscedasticity. Precisely, we adopt the box-cox
transformation[22] if objectives are strictly positive (or strictly negative), otherwise we follow the
yeo-johnson’s [23] one. For each transformation, the hyper-parameters for stabilising variance and
minimising skewness are estimated through maximum likelihood. Note, this is executed before
minimising the negative log marginal likelihood of the GP.

Input: For input parameters, we utilised an input warped Gaussian process [24] to handle non-
stationary functions. Here, we perform a non-linear monotonic transformation by making use of
the cumulative distribution function of the Kumaraswamy distribution given by: ΨΘ(x;a, b)i =
1− (1− xai

i )(bi−1) with the transformation executed component-wise and Θ = {a, b} denoting the
additional parameters introduced.

In executing these transformations, we followed readily available implementations, where the
power_transform from sklearn [25] and InputWarpedGP from the GPy’s package [26] were
used.
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Gaussian Process & Kernels: When selecting a surrogate model needed for line 3 of Algorithm 1,
we deemed sample efficiency important and, hence, settled on adopting a Gaussian process with an
additive kernel given by:

k
(HEBO)
θ1,θ2

(x,x′) = k
(Linear)
θ1

(x,x′) + k
(Matérn32)
θ2

(x,x′) with θ1 and θ2 are kernel hyper-parameters.

Stochastic mean function: Lastly, we observed from the Bayesmark benchmarks that most AutoML
tasks were highly noisy. In this case, we found that adding noise to the GP’s posterior mean helped
aid exploration. To achieve this, we add on an additional likelihood noise-dependent term to the
posterior mean, yielding a new mean function given by: m(HEBO)(·) = m(·) + ξσ2

noise.

3.2 Multi-Objective Acquisitions

As mentioned earlier, we found that in certain circumstances, different acquisitions led to conflicting
results. To circumvent such a problem, we adopted a multi-objective acquisition as that proposed
in [27]. The multi-objective acquisition ensemble algorithm (MACE) searches for a Pareto front across
multiple acquisitions functions, i.e., the solution that empirically scores higher than any individually
tested acquisition. This also enables parallel optimisation as the multi-objective optimisation returns
multiple Pareto-optimal recommendations. We utilised an evolutionary optimiser supporting mutation
and cross-over – NSGA-II – from the pymoo [28] package to solve the following:

min
x∈X

(−αq-EI(x|Di),−αq-PI(x|Di), αq-UCB(x|Di)) (6)

In our implementation, we set q = 1 in Equation 6 and perform a logarithm transformation to expected
improvement acquisition for faster optimisation. Of course, the introduction of the logarithm can
yield numerical instabilities that we control via the following approximation to logαq-EI(x|Di):

lim
zi→−∞

logαq-EI(x|Di) = log σi(x;θ)−1

2
z2i−log(z2i−1)−1

2
log(2π), where zi =

τ − µi(x;θ)

σi(x;θ)
,

With τ is the best function value observed so far, In our implementation, we use the above ap-
proximation when zi < −6 and the exact logαq-EI(x|Di) otherwise. We compare the proposed
logarithmic approximation to the exact evaluation in Figure 2 in the Appendix. It can be seen that our
approximation is accurate when zi is small, but returns +∞ when z2 = 1. Note, a similar approach
can be applied for approximating probability improvement.

4 Experiments

In this section, we first detail the summary results of our method compared with all Bayesmark
baselines. We then discuss a thorough ablation study and the apparent significance of various design
choices.

Bayesmark Offline Datasets: We conducted a comparison of HEBO across all 108 Bayesmark
Offline datasets and all available baselines provided in the BBO Challenge starter kit. Figure 1b shows
that HEBO significantly outperforms others with Pysot [29] and Turbo [30] being the second-and
third-best, respectively. Interestingly, we can also see a more widely spread upper-quartile of HEBO
vs other baselines3.

Ablation Study: To ascertain the significance of the components of HEBO, we performed a
rigorous ablation study. HEBO was tested with each significant component removed, on all 108
Bayesmark Offline Black-box tasks, similarly repeating each task with 20 random seeds. We focused
on removing the following components; log approximation, the stochastic mean function, power
transformation and input warping. When any component was removed, we observed a reduction in
the average normalised score. Thus, we concluded all components to be beneficial. In particular,
removing input warping and power transformation showed significant differences.

3Note, that the hypotheses from this offline study does not necessarily carry over to online testing that contain
differing tasks. Such an analysis, however, provided us with comparative evidence against baselines.
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Figure 1: All algorithms in the plots are evaluated on the full Bayesmark Offline Dataset of 108
tasks and each task repeated with 20 random seeds. (a) Ablation Study of HEBO on Bayesmark
Offline Dataset. We see that when all components are combined, we see a more appealing upper
quartile distribution which reaches a much higher maximum scores than other ablations were able
to, hinting towards a positively synergistic combination of algorithm components was found. (b)
Summary of HEBO vs all available baselines. We see substantial improvements when using HEBO
against all baselines, in many cases with HEBO also producing tighter distribution of scores on the
lower quartile, and a high distribution on the upper quartile. This distribution of quartiles suggests
that worst case we know it should roughly perform near the mean, and best case we could get a result
significantly higher than the mean. This, paired with the fact that our mean performance is above
satisfactory, give us much confidence in applying this method to a wide-range of BO tasks. Notice,
as we significantly outperformed all baselines, similarly we see that Pysot and Turbo significantly
outperform all other baselines.

Hyperopt Opentuner Random Nevergrad Pysot Skopt Turbo HEBO

Mean 96.375 94.317 92.004 93.196 98.177 96.175 97.951 100.117
Std 0.407 0.981 0.699 1.457 0.417 0.853 0.847 0.4765
P-value 7.9e−26 6.9e−20 7.3e−31 3.8e−16 3.8e−16 1.3e−17 5.0e−11 -

Table 1: Bayesmark Offline Dataset Summary of HEBO vs all available benchmarks on 108 tasks,
each task repeated with 20 random seeds. Where P-value is a two-sided test for the null hypothesis
that an algorithm has the same expected value as HEBO: p-values are highlight in bold if this null
hypothesis is rejected with 95% significance. We found all methods to be significantly worse than
HEBO.

In contrast, the removal of the stochastic mean function and log approximation showed insignificant
differences. Significance test results from this ablation study are shown in Table 2 in the Appendix.
We want to remind the reader again that the hypotheses from this ablation study do not necessarily
carry over to the online dataset from the competition, due to the aforementioned change of evaluation
domain.

5 Conclusion

We presented HEBO, a Bayesian optimisation method that utilises a novel formulation of warped
Gaussian Processes, multi-objective acquisition and a multi-objective evolutionary approach. In union,
these adaptations led to a general BO algorithm that won the NeurIPS 2020 Black-box Optimisation
Challenge, where the rankings were based on real-world tasks. We performed a thorough ablation
study to identify fundamental properties that are strongly correlated with the observed success. In
conclusion, we believe our work to help improve the understanding and highlight areas of Bayesian
optimisation research that highly impact real-world problems.
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A Ablation

Table 2 shows the two-sided independent t-test performed on all components against the complete
HEBO algorithm. We observe that the two most significant features were the input-output non-linear
transformations. We noticed slight improvements by using the log approximation scheme and having
in a stochastic mean function. However, these small improvements were more considerable on the
more challenging online dataset.

HEBO w/o LogApprox HEBO w/o Stochastic Mean HEBO w/o Power HEBO w/o Warp HEBO

Mean 100.061 100.099 99.158 99.625 100.117
Std 0.351 0.408 0.451 0.453 0.476
P-value 0.675 0.894 1.041e−07 0.002 -
Min 99.441 99.215 98.358 98.680 99.349
25% 99.884 99.970 98.963 99.515 99.871
50% 100.051 100.163 99.155 99.700 100.057
75% 100.290 100.368 99.375 99.922 100.369
Max 100.792 100.629 99.974 100.240 101.516

Table 2: Ablation study on HEBO in offline benchmarks, evaluating each component based on
normalised score statistics. There are a total of 108 tasks in the offline benchmarks, and we repeat
each of these with 20 random seeds. Where P-value is a two sided independent t-test on the hypothesis
that the component significantly effects the performance of HEBO. We can see clearly in the offline
data that each component offered an increase in mean score. For each ablation study, we perform a
t-test with HEBO. The test highlights that the results from using the power transformation and input
warped Gaussian Process are significant in their effect on the mean score. However, adding noise
to the posterior mean and using the log approximation for numerical stability did not significantly
improve HEBO. It is worth noting, however, that we observed a big difference in how algorithms
performed offline vs online, so this ablation is not conclusive, but instead offers support to each
components claim.

B Log Approximation

In Equation 6, expected improvement is used in the MACE framework. Denote zi = τ−µi(x;θ)
σi(x;θ)

,
where τ is the best observed function value, µ(x) and σ2(x) are the posterior mean and variance,
expected improvement can be rewritten as:

αq-EI(x|Di) = σi(x;θ)(ziΦ(zi) + φ(zi)) with zi =
τ − µi(x;θ)

σi(x;θ)
,

where Φ(·) and φ(·) are the cumulative and density functions of a standard normal distribution
N (0, 1).

When optimising expected improvement, sometimes we start from point x with very small zi =
τ−µi(x;θ)
σi(x;θ)

(starting point of gradient based optimiser or initial population of evolutionary optimiser),
this could happen when x has bad objective value, and is acknowledged by the surrogate model with
high confidence. In that case, the expected improvement value (and its gradient) would be very close
to zero, making it hard to optimise.

An apparent approach is to instead optimise logαq-EI(x|Di). However, we found that sometimes
the expected improvement value is so small that evaluating logαq-EI(x|Di) returns NaN, leading to
numerical instability during the optimisation.

The analytical expression of logαq-EI(x|Di) is:

logαq-EI(x|Di) = log σi(x;θ) + log φ(zi) + log

(
1 +

ziΦ(zi)

φ(zi)

)
(7)
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Figure 2: (a-b) Comparison between the exact logαq-EI(x1:q|Di) and the proposed logarithm approx-
imation, note that when z < −40, exact evaluation returns NaN while the approximation can still be
calculated.

In Equation 7, the first two terms are easy to evaluate, but we don’t have analytical expression to the
last term. With Lh́ospital rule, it’s easy to show that:

lim
zi→−∞

ziΦ(zi)

φ(zi)
= lim
zi→−∞

Φ(zi) + ziφ(zi)

−ziφ(zi)
= lim
zi→−∞

−1− Φ(zi)

ziφ(zi)
= −1− φ(zi)

φ(zi)− z2i φ(zi)

= −1 +
1

z2i − 1
.

We compare the proposed logarithmic approximation to the exact evaluation in Figure 2. It can be
seen that our approximation is accurate when zi is small, but returns +∞ when z2 = 1.

C Stochastic mean exploration

The motivation for defining a new stochastic mean function was based on preliminary experiments
where we first identified important hyper-parameters for a specific task 3 and found that in certain
regions of the hyper-parameter space, random exploration appeared the most efficient way to search,
as shown in Figure 4. Secondly, we found that adding noise to a function being optimised by a genetic
algorithm allows it to switch between random search around a promising region, where the level of
random search is dependent on the magnitude of the noise, as shown in Figure 5.
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Figure 3: All plots show data from the same Bayesmark task. The aim of this task is to tune two
hyper-parameters, a regularisation parameter C, and an intercept scaling parameter to maximising
the validation accuracy (y) of a lasso classifier on the Wine dataset. (a) Shows each of the hyper-
parameters and accuracy correlated against each other. Importantly, we find weak correlation between
intercept scaling and accuracy. In contrast, we find strong correlation between C and accuracy.
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Figure 4: All plots show data from the same Bayesmark task. The goal of this task is to tune two
hyper-parameters, a regularisation parameter C, and an intercept scaling parameter to maximising
the validation accuracy (y) of a lasso classifier on the Wine dataset. (a) We then do a more broader
evaluation of many (uniformly sampled) C values and the corresponding validation classification
accuracy once the lasso classifier has been trained and notice in a specific region of regularisation
values (between [−1, 2]), to be no clear correlation with accuracy. Thus, the best method for searching
in this region would appear to be random — this motivates us exploring a BO algorithm which can
resort to some form of random search in challenging regions. (b) We plot the average score of HEBO
w and w/o the stochastic mean term. Note, on this task one achieves a normalised score of 100 if the
model achieves 97.9% validation accuracy, 67 if it gets 97.2% validation accuracy and 35 for 96.4%
validation accuracy. Hence, we can see the more difficult to identify regularisation hyper-parameters
are found faster with the stochastic mean term, than without.
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Figure 5: f(x) = x2 Synthetic black-box function experiment to demonstrate the optimised points
(orange crosses) that a genetic algorithm arrives at when varying noise levels are introduced, which
simulate the varying likelihood noise values that effect the posterior mean prediction. We can clearly
see the correlation of, as noise increases as does the fine spread of optimised. It is this principle that
allows HEBO to achieve a coarse-to-fine search

12


	Introduction
	Background
	Gaussian Processes as a Surrogate Model
	Acquisition Functions

	HEBO: Surrogates & Multi-Objective Acquisitions
	Surrogate Model Design
	Multi-Objective Acquisitions

	Experiments
	Conclusion
	Ablation
	Log Approximation
	Stochastic mean exploration

