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Abstract. Bayesian Optimization (BO) is a powerful method for opti-
mizing expensive black-box optimization problems. Selecting an appro-
priate surrogate model is challenging due to limited prior information
about the characteristics of the underlying black-box function. While
Gaussian Processes (GPs) perform well on most synthetic benchmarks,
their performance on real-world problems is not guaranteed. We propose
using a combination of Bayesian and non-Bayesian surrogate models, i.e.,
GPs and Neural Networks (NNs), to mitigate model-mismatch risk while
largely preserving the sample efficiency of the best model in the mixture.
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1 Introduction

In black-box optimization problems, where function evaluations are expensive,
BO is a common, effective, and sample-efficient solution framework. Expensive
black-box functions appear in a wide range of problems, including robotics (21),
automated machine learning (14), experimental design (26), drug design (3), and
efficient process design (24). At its core, BO relies on constructing a Bayesian
surrogate model that fits a set of observations, mapping input parameters to
their corresponding output values (10). The Bayesian nature of the surrogate
model enables the quantification of uncertainty in unobserved regions of the
domain and guides the selection of query points. This selection is performed by
computing and optimizing an “acquisition” function. After evaluating the black-
box function at these query points, the new information is added to the dataset,
and the process is repeated until the evaluation budget is exhausted. Therefore,
the quality of the surrogate model fit and the choice of acquisition function are
the two key components affecting the performance of a BO algorithm (28).

Some of the most commonly used acquisition functions are Expected Im-
provement (EI) (30), Knowledge Gradient (KG) (8), and Information Theoretic
functions (15; 11). Furthermore, TS has attracted interest across various appli-
cations due to its simplicity and effectiveness (20). These acquisition functions
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are model-agnostic and can be optimized as long as the surrogate models provide
posterior mean and variance.

GPs are by far the most common choice for surrogate models due to their
flexibility, accurate uncertainty quantification, and ease of implementation (23;
29; 7). As long as the surrogate model is accurate, the acquisition functions can
effectively optimize the black-box function. However, the black-box nature of the
problem assumes there is no prior knowledge of the underlying function’s char-
acteristics, making the choice of surrogate model just as critical as the choice of
acquisition function. Although GPs perform well on synthetic benchmarks, they
struggle in high-dimensional problems when the number of available data points
is large, and when the input or output spaces are not continuous (12). In such
cases, alternative surrogate models can be used to address GPs’ shortcomings,
such as decision trees or Bayesian Neural Networks (BNNs) (18; 19). However,
none of these surrogates are perfect, and it is difficult to pinpoint which model
will perform best for a given problem. Furthermore, the computation time to
fit a complex surrogate model, such as BNN, may be even more expensive than
the evaluation cost of the real-life problem (1), making the use of such surro-
gates unrealistic, as BNN approaches can be significantly more computationally
expensive (18).

In this paper, we propose using a combination of surrogate models, namely
a GP and an NN, building on existing work on using a mixture of GPs for
surrogate modeling (20; 9). We observe that the GP-NN mixture is effective, as
selecting query points based on one surrogate model improves the fit of both
surrogate models and thus helps identify high-value points. Due to the synergy
from using different models, we observe that the probability of a catastrophic
mismatch on a given problem is significantly lower, and the mixture is almost
as efficient as the best model on the benchmark.

2 Background

2.1 Bayesian Optimization

BO is a widely used surrogate-based optimization approach for expensive black-
box functions. BO seeks to find the minimizer of a black-box problem,

argmin
x∈X

f(x),

where X ⊆ Rd. Then a surrogate, f̂ , is created to approximate f , using the prior
information contained in a dataset, D = (X,y), where X ⊆ Rn×d is the previ-
ously evaluated data points and y = f(X) is the corresponding function values.
Then the acquisition function, α(x), is optimized to select the next query point
to evaluate on the black-box function: x′ = argmaxα(x). Once the evaluation
budget is exhausted, the best observed point is returned (30).
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2.2 GP Mixtures

The surrogate models used in BO should be robust, as fine-tuning model hy-
perparameters is a difficult online task that may not be feasible. Therefore, it is
desirable to have a surrogate model that performs well when no prior informa-
tion about the black-box system is available. (20; 25) use a mixture of GPs with
different kernels to decrease the risk of model-mismatch. Similarly, (9) propose
to use a convex combination of GPs and compare this weighted ensemble against
a strategy that greedily selects only the single best-fitting model based on cross-
validation. These approaches are effective because different kernels are suited to
different functional characteristics. Our work follows a similar motivation, but
extends beyond GP-only mixtures by incorporating multiple surrogate models.

2.3 Non-Bayesian NN

While BNNs are highly effective surrogate models, various studies have examined
the effectiveness of using a single NN with a greedy selection mechanism to
select query points (2). This approach queries the best solution as predicted
by the NN. Although we refer to this NN model as non-Bayesian, the single
neural network baseline can be interpreted as an instance of Thompson Sampling
applied to a BNN, as it effectively represents a single realization drawn from the
ensemble posterior, or a sample from a GP with Neural Tangent Kernel (NTK)
(4). (2) briefly examines this approach, noting that one can modify the last
layer to convert a Bayesian model into a deterministic NN. In prior work, it has
been shown that greedy approaches perform as well as EI approaches in certain
applications, such as bilevel optimization (27).

In our work, we implement the ϵ-greedy policy proposed in (5) when using
deterministic NN models. This policy selects the maximizer of the posterior
mean with probability 1− ϵ, and samples uniformly at random with probability
ϵ, balancing exploration and exploitation. We refer to this approach of using a
single network for TS as NNTS.

3 Methodology

In this paper, we analyze the impact of using a surrogate model ensemble to
improve the robustness of BO performance. Our ensemble consists of a GP and
an NN, allowing us to leverage the complementary modeling capabilities of both
approaches. GPs are often effective for smooth synthetic problems but are con-
strained by kernel assumptions, such as continuity. NNs complement them by
excelling in regimes where GPs struggle, such as modeling sharp discontinuities
or handling complex combinatorial inputs. In our proposed framework, a model
is selected at each BO iteration based on a selection mechanism. We evaluate two
selection mechanisms, random and Multi-Armed Bandit (MAB) assisted. In the
random approach, with a pre-determined probability, p, we select which model
to use in a given BO iteration. In the MAB framework, each surrogate model is
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treated as an arm, and the next surrogate is selected using a bandit policy, such
as the Upper Confidence Bound (UCB) policy. After selecting the surrogate, we
fit it and perform the acquisition function optimization steps as in the standard
BO algorithm. We also examine the effect of p on algorithm performance in the
numerical results section. We present the modified BO algorithm using the sur-
rogate mixtures in Algorithm 1 and Algorithm 2. In this study, we mainly use
TS as our acquisition function.

Algorithm 1: Mixed-Surrogate Bayesian Optimization
1 Initialize D0 using Sobol sampling
2 Fit a surrogate model S to the initial dataset D0

3 for n← 0 to N − 1 do
4 Sample p ∼ U(0, 1)
5 if p > 0.5 then
6 Set surrogate S ← NN
7 else
8 Set surrogate S ← GP
9 end

10 xn+1 = argmaxx α(x) ; // Optimize the acquisition function
11 Evaluate: yn+1 = f(xn+1)
12 Update: Dn+1 ← Dn ∪ {xn+1, yn+1}
13 Update: S
14 end
15 return {xi | i = argmaxj{yj | (xj , yj) ∈ DN}}

In the mixture, we focus on GPs and NNs as the two main surrogate mod-
els. Different surrogate models could be added to the mixture we use; however,
this would likely slow down the algorithm. As shown in (29; 23; 19), GPs are
highly efficient surrogate models, and when they underperform, NN-based mod-
els typically perform well (7). This complementarity makes their use as a sparse
combination particularly effective.

Our preference for non-Bayesian models stems from the high computational
overhead and implementation complexity associated with BNNs. Creating an
accurate BNN requires domain-specific design choices, such as selecting between
deep ensembles, Hamiltonian Monte Carlo (HMC), or Deep Kernel Learning. The
fully Bayesian NN approaches based on HMC are not computationally tractable
(16); therefore, NN ensemble approximations (18), Last Layer Bayesian alterna-
tives (2), and similar approximations are preferred. However, (2) reports that
the NNTS approach is a strong competitor to those BNN-based methods. Ac-
cordingly, in our mixture approach, we rely on the GP to provide principled
uncertainty quantification and structured exploration, and we use NNTS for ex-
ploitation in promising regions of the search space. This allows us to balance
exploration and exploitation while maintaining a lower computational cost than
BNN-based alternatives.

The surrogate model selection mechanism is an important component in our
algorithm. For this reason, we begin with a simple strategy that randomly alter-
nates between surrogate models, and then evaluate a more sophisticated MAB-
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Algorithm 2: MAB-Assisted Mixed-Surrogate Bayesian Optimization
1 Initialize D0 using Sobol sampling
2 Fit a surrogate model S to the initial dataset D0

3 Initialize MAB parameters: counts Ck = 0, values Vk = 0 for k ∈ {GP,NN}
4 for n← 0 to N − 1 do
5 Select surrogate k∗ = argmaxk MAB_Policy(Vk, Ck, n) ; // e.g., UCB
6 if k∗ = NN then
7 Set surrogate S ← NN
8 else
9 Set surrogate S ← GP

10 end
11 xn+1 = argmaxx α(x;S) ; // Optimize acquisition using S
12 Evaluate: yn+1 = f(xn+1)
13 Update: Dn+1 ← Dn ∪ {xn+1, yn+1}
14 Compute reward rn (e.g., improvement yn+1 −max(Dn))
15 Update MAB parameters Vk∗ , Ck∗ using rn
16 Update: S on Dn+1

17 end
18 return {xi | i = argmaxj{yj | (xj , yj) ∈ DN}}

based selection mechanism. MAB has been used in operator selection (6) and,
in BO, as a feature selection tool in (22) and in a multi-context BO setting (13).
In our setting, MAB allows us to focus on the surrogate that yields a better
improvement throughout the BO process. Algorithm 2 shows the MAB-assisted
variant of our algorithm. Using UCB for selection improves our algorithm’s per-
formance. We define the bandit reward for our approach as R(t) = y

(t)
max−y

(t−1)
max ,

the incremental improvement in a given iteration. While the use of MAB in this
context departs from its classical assumptions due to the decreasing nature of
the rewards, designing a bandit framework that accommodates non-stationary
rewards is left for future work.

4 Numerical Results

To understand the behavior of distinct surrogate models across various land-
scapes, we performed a comprehensive empirical analysis involving three stages.
First, we evaluated each surrogate’s standalone performance in a standard BO
setting. Second, we evaluated model fit by decoupling the data acquisition phase
from the model inference and testing phase. Our results demonstrate a synergis-
tic effect: query points generated by one surrogate often enhance the predictive
accuracy of the other, particularly near the optima and within “promising” re-
gions. Finally, we validated that our proposed mixture method achieves robust
performance even in tasks where individual models struggle. The full experi-
mental configuration is detailed in Table 1. We used a very similar experimental
setup (2) and (18). We keep the initial points the same for the synthetic problems
and increase the number of BO iterations to improve convergence.
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Table 1: Summary of experimental configurations and model hyperparameters
for BO.
Parameter Hartmann (6D) Ackley (10D) Branin (2D) Pest Control (25D)

General Experiment Settings
Trials (Ntrials) 10 10 10 5
BO Iterations 190 190 90 100
Initial Points 10 10 10 20
Batch Size 1 1 1 1

IBNN Model Hyperparameters
Bias Variance (σ2

b ) 1.3 1.3 1.3 1.3
Weight Variance (σ2

w) 10 10 10 10
Depth 3 3 3 3

NNTS Model Hyperparameters
Architecture [128, 128, 128] [128, 128, 128] [128, 128, 128] [128, 128, 128]

Activation Function ELU ELU ELU ELU
Epochs 1000 1000 1000 1000
Learning Rate 10−3 10−3 10−3 10−3

Weight Decay 10−4 10−4 10−4 10−4

Noise Variance 0.01 0.01 0.01 0.01
Acquisition (ϵ-TS) ϵ = 0.1 ϵ = 0.1 ϵ = 0.1 ϵ = 0.1

4.1 BO Performance

To evaluate surrogate model performance, we first assess BO performance with a
single surrogate model. We compare the baseline GP and Infinite-Width Bayesian
Neural Network (IBNN) models (17) against the NNTS model. We selected GP
and IBNN models as they were identified as the top-performing algorithms in
the comprehensive surrogate evaluation by (18), while maintaining high com-
putational efficiency during training. For the evaluation, we use Branin (2D),
Hartmann (6D), and Ackley (10D) synthetic problems, as well as the real-life
Pest Control (25D) problem. We use TS for GPs and IBNNs as the acquisition
function, selecting a single query point per iteration (batch size of 1). We ran the
algorithms with sufficient budget to observe clear convergence in every BO run.
All experiments are repeated ten times, and we report the mean and standard
error across runs.

Figure 1 presents the synthetic test results. We observe that NNTS performs
quite well on two of the standard synthetic functions, with GPs performing best.
(19) find that GPs are superior to their competitors in synthetic functions but
can underperform in real-life tasks. Branin and Hartmann functions are well-
suited for GPs, allowing them to be the superior surrogate model, supporting
this claim. Furthermore, we observe that while GPs are the best surrogate models
on the synthetic benchmarks, they perform poorly on the real-life example, Pest
Control. This highlights the inherent difficulty of selecting a surrogate model
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Fig. 1: Synthetic benchmarks: Branin (2D), Hartmann (6D) and Ackley (10D),
comparison of mean performance and standard error over 10 runs across different
surrogate models.

before the BO run, particularly in the absence of prior knowledge about the
objective function. To address the drastic variation across benchmarks, we pro-
pose a simple yet effective approach: combining a Bayesian and a non-Bayesian
surrogate model, i.e., a GP and an NN.

4.2 One Model Can Improve the Fit of Another

To better understand how model fit evolves, we evaluate each surrogate model
on a fixed set of points obtained from a single BO run. By changing the surro-
gate model used in the BO run, we repeat the same experiment. This allows us
to construct datasets collected using GPs, IBNNs, and NNTS in BO. We incre-
mentally retrain the models on these datasets, increasing the training set size
by 10 points at each step to evaluate each model’s predictive performance. This
performance was assessed on randomly sampled test points across the entire do-
main using standard metrics, including MSE, RMSE, MAE, and log-likelihood.
We present the results in Figures 2. We also present the results for the remaining
benchmarks and the detailed experiment settings in the appendices. We report
the mean and standard error over five repeated experiments.

We observe that using Bayesian models (e.g., GP or IBNN) to select query
points consistently minimizes loss across the entire domain because they tend to
explore undersampled regions. In contrast, the greedy NNTS approach selects
query points in close proximity, which often yields smaller immediate improve-
ments in the fitness loss. Moreover, this tendency to collect closely clustered
points can negatively affect GP and IBNN models by degrading their overall
fit, despite strong BO performance. This stems from the fact that successful
BO does not require a perfect global approximation of the landscape; instead,
it necessitates accurate modeling of regions of interest (i.e., near the optima).
In Figures 3 and 4, we evaluate the model fits on the relevant high-value points
by restricting our attention to the top 10%; this reveals significant changes in
performance.

To highlight the difference in the data collection on the model fit, we compare
the MSE across the whole domain and the MSE on the top 10% of the points in
Figures 5 and 6. The key observation from these figures is that, depending on
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Fig. 2: Surrogate fitness using the data collected by a BO run using the GP
model on the Hartmann function.

the problem, queries generated by one surrogate model can be very informative
for all surrogates. Figure 5 shows that when data are collected using IBNNs on
the Branin function, the remaining models learn to identify important regions
more accurately and with greater sample efficiency than when data are collected
with other models. Similarly, when using IBNNs to collect data on the Ackley
function, Figure 6 shows that GPs learn the relevant regions faster than when
data are collected using GPs directly. This transfer of information enables mod-
els to better fit the problems where their BO performance was initially weak.
Overall, this cross-model learning effect helps explain why surrogate mixtures
can outperform single-model approaches in practice.

4.3 Mixture of Surrogates Improves Performance

To assess whether a mixture approach enhances the robustness of individual
models, we conducted a comparative analysis. Figures 7 and 8 present the re-
sults of three experiments: one in which GPs perform well, and two in which
NNTS outperforms other surrogates. These experiments follow the same exper-



Combining GPs and NNs as Surrogate Models in BO 9

Fig. 3: Weighted fitness of surrogates using the data collected by a BO run using
the GP model on the Ackley function.

Fig. 4: Weighted fitness of surrogates using the data collected by a BO run using
the NNTS model on the Ackley function.

imental setup as used in Section 4.1. In Figure 7, we use the mixture approach
with randomized selection of the surrogate model to be used in a given itera-
tion. We evaluate different mixture ratios to study how sampling from a single
model influences overall performance. Specifically, we consider GP/NNTS splits
of 70/30, 50/50, and 30/70. From the performance curves, we see that the mix-
ture model outperforms the weaker individual surrogates and hedges against the
risk of a single surrogate failing. We observe that a 50/50 selection ratio is an ef-
fective way to mix models while managing risk. We further evaluate MAB-based
selection in Figure 8. We observe that using a UCB policy for surrogate selection
improves the BO performance beyond the random selection baseline. We observe
that on Hartmann and Pest problems, the mixture converges faster than the in-
dividual models. Across experiments, MAB-UCB maintains a balanced selection
across all functions. The selection ratios are (47% GP / 53% NNTS) on Branin,
(36%, 64%) on Hartmann, (50%,50%) on Ackley, and (48% GP / 52% NNTS) on
pest control. The MAB’s tendency to approximate a uniform distribution sup-
ports the competitive performance observed in the fixed 50/50 random selection
baseline.
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Fig. 5: Surrogate evaluation on Branin function when different surrogate models
are used in the data collection using BO.

5 Conclusion

In this paper, we proposed a mixed-surrogate BO algorithm that alternates
between a GP and an NN surrogate. We explore both a simple random selection
and an MAB-assisted selection mechanism to choose which model to use at
each iteration. This design allows us to switch between two different surrogates
across iterations, hedging against model-mismatch risk. We also evaluate how
query points collected by one surrogate can affect the fit of other models. We
observe that random sampling from the mixture is effective and can be further
improved by an MAB-assisted selection mechanism. For future work, there are
several avenues to explore. First, one could extend the surrogate mixture to
include additional models, such as decision trees, to better understand each
model’s contribution to the mixture. Second, motivated by the performance gain
from MAB-assisted surrogate selection, one could further refine the selection
mechanism to improve our algorithm’s performance. Finally, while we used the
same acquisition functions across all models, the mixture framework could also
enable model-specific acquisition functions, potentially further amplifying BO
performance.
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Fig. 6: Surrogate evaluation on Ackley function when different surrogate models
are used in the data collection using BO.
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(a) Branin (b) Pest

(c) Ackley 10 (d) Pest

Fig. 7: Branin, Pest, and Ackley benchmark for mixture of GP and NN models
and standard error over 5 runs.
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(a) Branin (b) Hartmann

(c) Ackley 10 (d) Pest

Fig. 8: Branin, Pest, and Ackley benchmark for mixture of GP and NN models
and standard error over 5 runs.
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6 Appendix

6.1 Model Fitness

In this section, we present figures illustrating the surrogate models’ fitness across
different functions. Figures 9 and 10 show the surrogate fitness across the whole
domain when a specific model is used to collect data points. In Figure 11, we
compare the performance of every individual model when different models are
used to collect data points. In Figures 12 and 13, we present the fitness metrics
for the high-value points for the Branin function.

Fig. 9: Surrogate fitness using the data collected by a BO run using the NNTS
model on the Hartmann function.

Figure 14 illustrates the progression of arm selections made by the algorithm.
We observe that, across all problems, the arm selections are quite uniform. For
the Hartmann function, we observe that selection prefers NNTS toward the end,
leveraging the greedy approach it offers.
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Fig. 10: Surrogate fitness using the data collected by a BO run using the IBNN
model on the Hartmann function.
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Fig. 11: Surrogate evaluation on Hartmann function when different surrogate
models are used in the data collection using BO.

Fig. 12: Surrogate fitness using the data collected by a BO run using the NNTS
model on the Branin function.

Fig. 13: Surrogate fitness using the data collected by a BO run using the GP
model on the Branin function.
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Fig. 14: Cumulative selection of surrogate models using MAB assistance.


