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Abstract—In efforts to mitigate energy consumption in large
data centers, numerous optimization strategies have been ex-
plored. However, these methods often encounter challenges
including prolonged optimization times and settling on local
optima. Among diverse algorithms, Bayesian optimization (BO)
demonstrates exceptional performance. Due to the slow conver-
gence and limited scalability of existing Bayesian methods in
handling high-dimensional data, we explore the influence of the
surrogate model on BO, and introduce an innovative optimization
approach deep mean-kernel learning, which can converge rapidly
to the global optimal solution in high dimensional space and
is specifically designed for the refrigeration systems of data
centers. In our approach, a neural network is employed to
approximate the conventional mean function, while an infinite-
width neural network serves as the kernel function, modifying the
Gaussian process. Utilizing two prevalent acquisition functions,
we conduct comparative experiments of our algorithm against
existing optimization methods in the context of data center
scenarios. Our findings demonstrate that our approach adeptly
manages high-dimensional data and exhibits rapid convergence
towards the global optima.

Index Terms—Bayesian optimization, Gaussian process, sur-
rogate model, mean function, kernel function, data center

I. INTRODUCTION

As governments and data center operators increasingly fo-
cus on energy consumption issues, reducing carbon emissions
and energy consumption in large data centers has become
a critical issue [1]. Cooling systems, which account for a
significant portion of energy consumption in data centers,
are crucial to be optimized [2]. Researchers have proposed
various approaches to tackle these optimization challenges.
However, these methods generally encounter some issues,
such as high computational complexity and a tendency to
converge to suboptimal local solutions. Bayesian optimization
(BO) [3] is a highly efficient method utilized for optimiz-
ing objective functions, particularly beneficial in scenarios
involving parameter tuning, hyperparameter optimization of
machine learning models, and situations requiring costly eval-
uations. It typically initiates with some random evaluation
points and employs a Gaussian process (GP) to model the
objective function. Subsequently, it selects new evaluation
points based on an acquisition function (such as expected
improvement (EI) [4] or upper confidence bound (UCB)) [5],
balancing exploration (seeking new areas) and exploitation
(optimizing known good areas), updating the model after each

observation, and eventually converging to the optimal solution.
Compared to traditional optimization algorithms, BO shows
significant advantages. It is highly sample-efficient, making
it ideal for costly evaluation problems. Furthermore, BO is
renowned for its robust global optimization capabilities, which
facilitated by acquisition functions that effectively manage
the trade-off between exploration and exploitation, enhancing
the probability of identifying the global optimum. Although
the application of standard GPs in Bayesian optimization is
well-established, certain domains still face complexities that
demand innovations beyond traditional BO algorithms.

Deep Kernel Learning (DKL) is a technique that combines
deep learning with GP [6]. It uses a neural network to trans-
form the inputs of the GP, learning the feature representation
of the data, and then uses the learned features as inputs to the
GP. This method creates a flexible kernel function capable
of learning from complex data. However, this approach is
computationally expensive and may not handle multiple types
of problems effectively. Hamiltonian Monte Carlo (HMC) is
an efficient Markov Chain Monte Carlo (MCMC) sampling
method for drawing samples from complex posterior distribu-
tions [7]. It simulates the Hamiltonian dynamics of a physical
system to generate proposal samples, which helps to ex-
plore probability distributions effectively in high-dimensional
spaces. However, the adjustment of parameters such as step
size and number of steps, significantly affects the efficiency
and stability of the algorithm. Moreover, HMC can be time-
consuming in reaching equilibrium distribution, making it
unsuitable for problems requiring rapid iterations [8]. Deep
Ensembles have been proven to fully approximate Bayesian
inference, inheriting the benefits from multiple retrainings
of neural networks [9], but consumes considerably more
computational resources and is more complex to implement
than standard algorithms. The data characteristics of data cen-
ter cooling systems are intricate, featuring high-dimensional
attributes and encompassing significant observational noise.
Furthermore, when using optimization algorithms in practice,
we aim to obtain optimization results as quickly as possible
to better adjust the operating state of the data center cooling
equipment and minimize energy consumption.

In this paper, we propose a method for effectively iden-
tifying the optimal solution when handling high-dimensional
data. We alter the mean and kernel functions of the GP, sig-
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nificantly enhancing the applicability of BO. The fundamental
contributions of this paper are summarized as follows:

• We build an optimization method for data center sce-
narios which can improve the efficiency of optimization
based on historical data and minimize energy consump-
tion during optimization.

• We propose a novel BO-based algorithm, deep mean-
kernel learning (DMKL), which utilizes neural networks
to approximate the mean function and I-BNN to approxi-
mate the kernel function, effectively addresses significant
challenges including prolonged optimization times and
difficulties in handling high-dimensional input data.

• We conduct comparative experiments of various opti-
mization schemes in the scenario of data center, which
demonstrate that our proposed scheme excels in high-
dimensional space and exhibits superior convergence
properties.

The remainder of this paper is structured as follows: we
begin in Section II by demonstrating the architecture of BO in
IoT-enabled data centers. The principles of BO and the DMKL
architecture are presented in Section III. The experimental
results are elaborated upon in Section IV. We finish with
conclusion in Section V.

II. SYSTEM MODEL

A. Bayesian Optimization In IoT-Enabled Data Centers
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Fig. 1: Bayesian optimization framework for IoT-enabled data
centers.

The Bayesian optimization framework for data centers is
depicted in Fig. 1. Utilizing advanced sensor technology, we
can acquire and monitor the real-time status of data centers,
including various types of data such as temperature and water
pressure. By deploying such sensor network architecture, we
can collect data from each node and then store it in a database,
ultimately accumulating a substantial amount of status data.
Based on historical data, we optimize the energy consumption
of the cooling system by adjusting temperature and pressure
to achieve the data center’s minimized energy.

III. OPTIMIZATION MODEL STRUCTURE

A. Bayesian Optimization

BO is a successful application of Bayesian inference. It’s
particularly suitable for scenarios with high evaluation costs,
scarce data, or high model complexity. Our objective is to
identify the global maximum of an unknown function using
BO. However, in the context of data center optimization, our
goal shifts to determining the minimum value of the function.
We assume that the energy consumption objective function is
p(x), thus the task of identifying the global minimum of an
unknown objective function can be defined as follows:

max
x∈X

−p(x). (1)

In BO, a surrogate model is utilized to estimate the posterior
predictive distribution of sample points within the parameter
space. Subsequently, an acquisition function, informed by this
posterior distribution, guides the selection of the next sample
point for evaluation in the subsequent iteration.

B. Surrogate Model

GP is a common choice for the surrogate model in BO
thanks to its excellent probability prediction properties. GP
is a kind of stochastic process, in which subsets of finite
dimensions obey a multivariate Gaussian distribution. The
probability density function of a one-dimensional normal
distribution is given by:

ϕ(x) =
1√
2πσ

exp

(
−(x− µ)2

2σ2

)
. (2)

For multi-dimensional variables, on the premise that each di-
mension is independent, we can derive the probability density
function as follows:

gp(x) =
1

(2π)d/2|K|1/2
exp

(
−1

2
(x− µ)⊤K−1(x− µ)

)
,

(3)

where K ∈ Rn×n represents the covariance matrix, which
is a diagonal matrix within the space, and µ denotes the
mean vector. The posterior distribution of o : x 7→ Rd at
a given location x is a gaussian distribution. The GP prior
over objective function is defined as:

p(o | x,D,θ) = N
(
o | µ(x), σ2(x)

)
, (4)

µ(x | D,θ) = m(x) + κ(x, X)K−1(f −m), (5)

σ2(x | D,θ) = κ(x,x)− κ(x, X)⊤K−1κ(X,x), (6)

m(x) is the vector comprised of the mean function.
Kernel and mean functions can be considered as defining

a Bayesian prior based on available data. The kernel function
characterizes the structural form of the fitting function, while
the mean function denotes the expected prior value of the
function at each point. Specifically, we predict the function
value using the posterior mean µ(x | D,θ) and estimate
the associated uncertainty using the posterior variance σ2(x |
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D,θ). The most commonly used kernel function is the Radial
Basis Function (RBF), whose expression is:

ϕ(r) = e−ϵr2 , (7)

in which r is the Euclidean distance from center point to the
current point, and ϵ is a positive tuning parameter, called
the length scale parameter, which controls the width of the
function.

Essentially, the distribution of a GP is the joint distri-
bution of all these infinitely many random variables, which
encompasses the complete set of possible configurations that
the random variables can assume across the input space.
This framework allows for a comprehensive modeling of
correlations between points based on their relative locations
in the input space, facilitating predictions and uncertainty
estimations in various domains of application.

C. Acquisition Function

The two most commonly used acquisition functions are EI
and UCB. EI is designed to directly measure the expected
improvement at a point relative to the current best observation
[10]. Specifically, it calculates the expected value of obtaining
an improvement when sampling at a given point. The expres-
sion for EI is as follows:

EI(x) = (µ(x)− f(x∗))ϕ(Z) + σ(x)ϕ(z). (8)

In Eq. (8), µ and σ(x) respectively refer to the predicted
mean and standard deviation at point x, f(x∗) is the currently
known best value of the objective function, Φ is the cumulative
distribution function of the standard normal distribution and
ϕ is the probability density function. z is a random variable
defined as:

z =
µ(x)− f(x∗)

σ(x)
. (9)

The UCB function considers both exploration (sampling
in areas of high uncertainty) and exploitation (sampling in
areas predicted to perform well). Calculating UCB typically
involves the mean and variance of GP predictions. This func-
tion consists of the predicted mean plus a term proportional
to the predicted standard deviation. This coefficient can be
adjusted to balance exploration and exploitation. UCB has
advantages in optimization problems with high uncertainty
[11], as it ensures a degree of exploration to avoid falling
into local optima. The expression for UCB is as follows:

UCB(x) = µ(x) + κσ(x). (10)

Overall, EI tends to choose areas that are likely to exceed
the current best observation, while UCB balances selections
between areas of good current performance and high uncer-
tainty.

We now select a standard GP as the surrogate function, with
EI as the acquisition function. Fig. 2 shows the process of BO
in finding the maximum of a single-objective target function
with one-dimensional input over five iterations. We start with
six initial points and perform five iterations. Initially, EI fails

to identify the maximum position of the function, which
successfully attains the maximum value at a locally optimal
position by the third iteration. As new points are acquired with
each iteration, the acquisition function reaches its maximum
near the unknown maximum of the target function, pinpointing
the location of the maximum value of the unknown target
function upon reaching the fifth iteration.

D. Deep Mean-Kernel Learning

Due to the curse of dimensionality, common covariance
functions may not accurately represent high-dimensional input
data, and GPs tend to struggle with scalability in high-
dimensional input spaces. In contrast, neural networks excel
in handling high-dimensional data due to their flexible and
deep architectures. Within the constraints of an infinitely wide
architecture, a single-layer fully connected neural network can
be theoretically equated to a GP. Consequently, it is worth
considering the integration of different network structures to
replace the mean and kernel functions in GPs when dealing
with high-dimensional data [12]. This approach can enhance
the model’s ability to capture complex patterns in the data.
Additionally, considering the iteration speed of the overall
optimization process is crucial, as it impacts the efficiency
and practicality of the model in real-world applications. By
modifying these components, we aim to improve both the
performance and scalability of GPs for high-dimensional
datasets.

Bayesian neural network (BNN) is grounded in the prin-
ciples of Bayesian statistics, which integrate measures of
uncertainty into the neural network learning process. Central
to the BNN methodology is the treatment of network weights
as probability distributions rather than as fixed values. This
probabilistic framework not only facilitates learning from data
but also enables the incorporation of prior knowledge and
the quantification of uncertainty in predictions. During the
training phase, BNN eschews the optimization of fixed weight
values in favor of updating the posterior distributions of these
weights. The concept of an Infinite-width neural networks (I-
BNNs) pertains to the behavior observed when the number of
nodes in each hidden layer tends toward infinity. Leveraging
the central limit theorem, it has been demonstrated that a
bayesian neural network with a single hidden layer of infinite
width converges to a GP characterized by a neural network-
based covariance function [13]. This insight has subsequently
been extended to encompass deep neural networks [14]. No-
tably, they are adept at managing non-stationarity and utilize
a fixed covariance function, thus providing a comparatively
robust prior. I-BNNs does not predict a definite output directly,
but rather the distribution of the output, in a way that naturally
captures variations and uncertainties in the input data. When
new data becomes available, I-BNNs can update their posterior
distributions without the need for retraining from scratch,
enabling the model to efficiently adapt to changes in the data.
We use an I-BNNs structure to replace the kernel function in
a standard GP and a neural network framework to replace the
mean function.
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(a) Iteration 1 (b) Iteration 3 (c) Iteration 5

Fig. 2: The process of surrogate function fitting and corresponding acquisition functions during BO iterations.
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Fig. 3: The overall framework of Deep Mean-Kernel Learning.

IV. EXPERIMENTS

A. Experiment Setups

Dataset. In this study, we collect substantial and relevant
data from IoT-enabled data centers and process this data
utilizing methodologies akin to those outlined in [1].In our
study, We select ten parameters that are controllable within the
data center environment and identify them as input variables.
For the purposes of our experiments, we select a dataset
comprising 19,627 samples, which are obtained from a real
data center to ensure the authenticity and reliability of the
analysis.

Baselines. We select the following optimization methods
as baselines: standard GPs; HMC [8], deploying two Markov
chains with each chain comprising 500 samples, and setting
the path length of a complete Hamiltonian trajectory to
0.02; DKL [6], configured with a three-layer neural network
where the hidden layers each contain 128 neurons, with 1000
pre-training iterations prior to each model fitting, and 3000

training iterations during each fitting session; and an Ensemble
method, utilizing a total of ten neural network models, each
featuring a three-layer hidden structure, with each model
undergoing 1000 iterations per fitting [9].

Setting. We commence our experiments by selecting 20
initial points, each consisting of 10 variables across 20 dimen-
sions along with their corresponding objective function values.
We employ two well-established acquisition functions, EI and
UCB. For EI, we compare the results using 16 randomly
sampled points. The optimization of the GP is carried out
via the L-BFGS-B algorithm [15], incorporating 10 restarts
to maximize the likelihood function. In the implementation of
UCB, we set the trade-off parameter between the mean and
covariance to 0.2. Our experiments are implemented on the
basis of BoTorch [16].

B. Experimental Results

1) Convergence: Based on historical data, we develop a
data center architecture modeled with a neural network. With
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Fig. 4: Convergence curves of DMKL versus different acqui-
sition functions.

this model we apply our method to the cooling data of
a data center with the objective of minimizing normalized
energy consumption. By leveraging a reference model during
the optimization process, we substantially reduce resource
consumption and time costs associated with tuning in actual
systems, while also minimizing potential risks [17]. We eval-
uate the effects of using two common acquisition functions
with DMKL. We conduct five trails using each acquisition
function and computed the mean and variance of the optimized
outcomes. The solid lines indicate the means, while the shaded
areas of corresponding colors depict the confidence intervals.

Both acquisition functions lead to the same optimal value,
with the curves converging at the same point. However, in
terms of convergence speed, EI demonstrated faster conver-
gence than UCB. After convergence, the optimal result is
about 0.3358. We can observe that the acquisition function
only influences the specific process of the optimization iter-
ation, but it does not impact the final optimization result. In
practical applications, considering efficiency in optimization,
we can opt for the UCB as the acquisition function.

Fig. 5: Convergence curves of different BO algorithms using
EI.

Fig. 6: Convergence curves of different BO algorithms using
UCB.

2) Performance of BO and Benchmarks: We employ
various optimization methods to reduce energy consumption,
observing the convergence trends over 100 iterations with
normalized energy consumption as the target metric. We in-
vestigate the correlation between the minimized energy values
and the number of iterations for each method. The analysis
reveals that the DKL and HMC methods display significant
variability and instability, failing to exhibit a consistent trend
towards convergence within the span of 100 iterations. To
enhance the clarity of the visualization for the non-convergent
methods, we apply a smoothing technique to both. This
adjustment facilitates a more discernible comparison of their
behaviors within the graphical representation. In contrast,
three other methods show notable convergence within the
specified iteration range. Specifically, Deep Ensemble reaches
convergence around the 25th iteration, while the standard GP
and DMKL achieve convergence around the 60th iteration.
DMKL proves to be the most effective, achieving an optimized
value of 0.336.

Fig. 7: Convergence curves of DMKL versus different mean
functions using EI.
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Fig. 8: Convergence curves of DMKL versus different mean
functions using UCB.

3) Performance Versus Mean Functions: We select the
maximum, minimum, and random forest as the mean functions
for the GP and compare their performance with our proposed
neural network structure as the mean function. We observe
the convergence and stability of various mean functions over
100 iterations. As illustrated in the figure, we conduct five
round of experiments for each mean function, then calculate
the mean and confidence intervals from these five experiments.
The experimental means are represented by solid lines, while
the corresponding confidence intervals are depicted by shaded
areas in matching colors. It is evident that the DMKL,
significantly outperformes the other mean functions. DMKL
still continues to explore in a small range after obtaining a
better result, while other mean functions find it difficult to
find the next exploration point after convergence, resulting
in continuous convergence without achieving better results.
while other mean functions struggle to identify the next point
for exploration after converging, they often become trapped in
local optima, failing to locate the global maximum value. This
results in continuous convergence without yielding improved
outcomes.

V. CONCLUSION

In this paper, we have employed BO to tackle the significant
challenge of reducing energy consumption in IoT-enabled
data center cooling systems. Given the extensive volume and
high dimensionality of data, the complexity of the objective
function, we have refined the conventional GP structure by
integrating a neural network as the mean function and an I-
BNN as the kernel function, naming it Deep Mean Kernel
Optimization. We have conducted a rigorous evaluation of
DMKL, employing two widely recognized acquisition func-
tions and comparing its performance with several state-of-
the-art BO algorithms. Furthermore, we have investigated
the impact of different mean functions on the optimization
results. This examination has yielded valuable insights into
how various mean functions influence the optimization process
and their relative effectiveness in guiding the optimization

strategy. This systematic exploration aids in identifying the
most appropriate mean functions for specific optimization
scenarios, contributing to the development of more refined and
effective optimization methodologies. Overall, the proposed
DMKL method has proven highly effective in addressing
the excessive energy consumption in data centers. It has
notably accelerated the convergence speed of the optimization
process, significantly enhanced the quality of optimization.
Additionally, it has markedly improved the capacity of the
optimization algorithm to handle high-dimensional challenges.
For future work, we plan to further assess the robustness and
efficiency of DMKL across a wider array of high-dimensional
datasets to confirm its generalization capabilities and sustained
performance improvements.
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