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Abstract—In the context of the rapidly developing Internet
era with advancements in software and hardware, the number
of data centers, which serve as crucial infrastructures for
data computation, processing, and storage, has grown at an
astonishing rate. Along with this growth comes significant energy
consumption, resulting in not only high electricity costs but also
posing significant challenges to environmental protection. Various
methods for optimizing data center energy efficiency heavily rely
on accurate modeling of data center energy consumption. Cur-
rently, the widespread use of wireless Internet of Things (IoT) has
enabled researchers to obtain large amounts of highly accurate
data related to data center energy consumption. There have been
research achievements in using machine learning methods to
predict data center energy consumption. However, these studies
primarily employ black-box models, which lack interpretability
and leave room for further improvement in accuracy. In this
paper, we propose a model-wise multi-task Transformer network,
ensuring both model accuracy and interpretability. We utilize this
approach to predict and model the cooling system, the largest
contributor to energy consumption in data centers, using real
measurement data from IoT devices. Then, this study further
conducts importance analysis to reduce the dimensionality of
model input features and eliminate redundant features, which
has contributed to saving computational resources, reducing time
costs of the prediction model and minimizing the number of IoT
sensors required with a satisfactory performance.

Index Terms—Internet of Things, data center, energy consump-
tion, neural networks, multi-task learning

I. INTRODUCTION

Data centers—continuously operating computing infrastruc-
tures for large-scale critical tasks—drive the rapid growth of
the IT industry and even change the socio-economic system
[1]. Demand for various applications has increased in the
Internet era of rapid software and hardware advancements.
Thus, cloud services, telecommunications operators, and banks
have increased their data computation, processing, and storage
needs. This trend has accelerated the construction of massive
data centers [2]. Data centers consume the most energy glob-
ally, rising from 3 percent in 2017 to 4.5 percent in 2025.
Meanwhile, their energy costs are doubling every five years
[1]. Second, data centers’ energy use harms the environment:
natural gas and coal power electricity generation. Data centers’
high energy use causes significant carbon emissions. Data
centers emit 0.3+% of global carbon emissions, and this trend
is expected to continue over the next decade [3]. Therefore,
companies, countries and the global community must monitor
and evaluate data center energy consumption, model and
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optimize energy consumption scenarios to save energy and
reduce environmental stress.

Data center predictive models are being developed using
machine learning or deep learning in many research stud-
ies. Google tested deep learning-based energy models using
ANNs. They predicted data center PUE with an “expert
system” using machine learning [4]. Hosoz et al. used an ANN
model to predict cooling tower performance parameters like
heat rejection, water vapor evaporation, and exhaust airflow
temperature [5]. Yang and colleagues suggested detailed ma-
chine learning methods. Light gradient boosting machines and
random forests predicted data center PUE accurately [6]. Using
multivariate linear regression, Smpokos, and his team modeled
energy consumption and critical weather parameters. Weather-
based energy consumption predictions were compelling [7].
The team then suggested using Gated Recurrent Units (GRU),
A temporal neural network model, to account for data center
temperature and humidity time-series characteristics, and they
created a neural network model to predict PUE values [8].
However, these studies primarily employ black-box models,
which entail a deficiency in interpretability and present an
opportunity for additional enhancements in accuracy. Also,
with the rapid development of Internet of Things (IoT) tech-
nology, the method of using wireless sensor networks for
environmental monitoring in data centers has become common
to enhance data center energy efficiency and ensure operational
safety [9]. The increased measurement accuracy and reduced
cost of wireless sensor nodes, coupled with the increased
deployment quantity, render the utilization of time-series data
collected by these Internet of Things (IoT) sensors for training
neural network models more precise and reliable in modeling
data center energy consumption [10].

This study aims to establish a prediction model with high
accuracy and interpretability for data center cooling systems
using the data collected by the IoT sensor networks. Our
study introduces a model-wise deep learning network based on
multi-task learning. The study also employs importance anal-
ysis to select input features most relevant to energy, reducing
the dimensionality of the model. In comparison to previous
works, this research demonstrates novelty and contributions
in the following aspects:

o We develop a prediction model for energy consumption

in data center cooling systems by leveraging a model-
wise Transformer network based on the real data col-
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lected by the IoT sensors, integrated with a multi-task
learning approach, thereby achieving enhanced accuracy
and interpretability.

o To improve the interpretability of the established model
and reduce input feature dimensions, we employ impor-
tance analysis techniques. This not only enhances the
model’s interpretability but also saves computational re-
sources of the prediction model and reduces the required
number of IoT sensors.

« Extensive simulations are conducted to validate the pro-
posed prediction model. The results indicate that this
model exhibits higher accuracy compared to traditional
approaches in predicting data center cooling systems.

The rest of this paper is organized as follows. Section
I introduces a system model of the data center based on
IoT sensor network. Section III presents the algorithm for
energy consumption prediction in data center cooling systems.
The experimental setup and performance evaluation of the
established model are presented in Section IV. Finally, Section
V concludes this paper.

II. SYSTEM MODEL

Data centers use energy for IT equipment, air conditioning
and cooling, power distribution, and auxiliary lighting. Cool-
ing and IT systems consume the most energy. IT equipment
performance depends on cooling equipment power consump-
tion and operation [11]. Thus, data center energy optimization
requires cooling system energy optimization.

In this study, the IoT sensor network-based data center
system model is shown as Fig. 1. The cooling system of
the data center adopts the architecture of a centralized water-
cooled chilled water air conditioning system. The data center
cooling system model is shown as the lower section of Fig.
1. As shown in the upper section of Fig. 1, IoT sensor nodes
will be deployed at various predetermined locations, includ-
ing computer racks and different components of the cooling
system. Through wireless or wired connections, these sensor
nodes will collect measured data, aggregate it, and upload it
to the IoT cloud. Applications running in the cloud will store
the data in a database, which will be utilized for training
and predicting data center energy consumption forecasting
models [12]. In this framework, the main energy-consuming
components include chiller units, chilled water pumps, cooling
water pumps, and cooling towers [13]. Therefore, the model
relationship between the total energy consumption and the
energy consumption of each device can be determined as
follows:

Peool = PcrAC + PcH + Powp +PcHP + POT + Pothers + Ploss)

ey
where pcorac represents the power consumption of the pre-
cision air conditioning unit at the end point, pcy represents
the power consumption of the chiller unit, pcyp represents
the power consumption of the chilled water pump, pcrp
represents the power consumption of the cooling water pump,
and pcor represents the power consumption of the cooling
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Fig. 1. The IoT enabled monitoring system for data center.

tower, pothers represents the energy consumption of other
devices in the cooling system, pj,ss represents the energy
loss due to reasons such as power transmission losses and
equipment heat dissipation in the cooling system.

III. MODEL-WISE MULTI-TASK TRANSFORMER
NETWORK FOR ENERGY CONSUMPTION PREDICTION

In this section, we first introduce the dataset and the data
preprocessing methods used in this study, followed by the
description of the model-wise multi-task Transformer network
model for data center cooling systems that we designed to
ensure high prediction accuracy.

A. Dataset

The raw data for this study was collected from a data
center located in Jinan, Shandong Province, China, operated by
China Unicom. Since this study primarily focuses on modeling
and predicting data center energy consumption of the cooling
system, our main attention was on the data related to the
chiller plant, computer room air conditioner(CRAC), computer
rooms, and some other environmental parameters.

The data was collected in real-time using IoT devices and
uploaded to a database for storage and real-time updates
through the data center’s infrastructure management system.
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The data covers the period from May 31, 2022, to December
8, 2022, during which the data center was in normal operation.
After initial data processing, the dataset contains over 700 data
measurement points.

B. Data Cleaning and Prepocessing

1) Data cleaning: Due to the varying sampling intervals
of different IoT devices and to ensure an ample amount of
data for subsequent modeling, a standard time interval of 1
minute was adopted. For features with intervals exceeding
1 minute, linear interpolation was applied. For features with
intervals less than 1 minute, a smoothing average sampling
was performed using a 1-minute time window. Regarding
the handling of outliers, a series of exceptional values were
initially removed based on expert opinions and related work.
Subsequently, the box plot method combined with Tukey’s test
was employed.

2) Data Prepocessing: The data preprocessing steps in
this study include data integration, data reduction, and data
transformation. In the data integration phase, variables with
substantially the same meaning but different names were
merged. Next, data reduction was performed by removing
variables that were deemed irrelevant to the prediction of data
center cooling system energy consumption based on expert
knowledge and analysis.

Lastly, to scale data with different dimensions and scales
into a consistent range, this study employed the widely used Z-
score normalization method from deep learning. The formula
for Z-score normalization is as follows:

Xf
= ®)

(o2
where: Z is the standardized value, X represents the original
value of the variable, p is the mean of the variable, o denotes
the standard deviation of the variable.

After applying the aforementioned data processing steps,
the original dataset, which initially had a size of 240,000
rows and 700 columns, has been transformed into a usable
dataset with dimensions of 188,747 rows and 190 columns.
Since the subsequent network model utilizes time series as
inputs, the dataset needs to be processed using a sliding
window approach. The sliding window is set to a time interval
of 8 units. Therefore, the size of the dataset we used is
240,000 x 700 x 8. This processed dataset will be utilized
for the subsequent development of prediction models.

7 =

C. Multi-Task Transformer Network Model

1) Design and implementation of the model structure: To
forecast energy consumption in data center cooling systems,
we developed a multi-layered time series regression prediction
model based on multi-task learning. This model comprises two
layers: subnetwork modules for predicting energy consumption
of individual devices and a merging network module for
predicting the total energy consumption of the cooling system.

For the subnetwork modules responsible for predicting the
energy consumption of each device, we consider combining
the MLP (Multilayer Perceptron) network structure, with the

Transformer structure, which is currently widely employed
in deep learning networks [14]. Specifically, we utilize the
Encoder structure of the Transformer to extract parameter
features [15], and then replace the Decoder layer of the Trans-
former with fully connected layers from the MLP network.
This modification enables the final feature extraction and result
fitting. We integrate merging network module, so that the
subnetwork modules of multiple devices are consolidated into
a unified network, ensuring the alignment of the network
structure and functionality with the actual physical system.
The merging network can be described as:

h1 = Concat(z1, za, ..., Tn_1), 3)
ha = faurp(T1, T2, 0 Tno1, Tp), “4)
Y = Concat(hq, ha), (5)

where x1, 2, ...,x,_1 represents all the input parameters of
various cooling devices, including chiller units, cooling towers,
chilled water pumps, and other similar cooling equipments. x,
represents the environmental parameters as input parameters.
farp represents the function of the MLP networks. Y rep-
resents the final output of the merging network. The utilized
MLP network here comprises only one layer, so fa;zp can be
described as:

Frnp(x) = ReLUBN(Wx + b)), (6)

where we utilize ReLU(x) as the activation function and the
batch normalization operation ReLU(z) is used to expedite
the training process and enhance the network’s performance.
W represents the weight matrix and b is the bias. The study is
based on a multi-task learning approach to design the network
structure based on physical model, which enhances the inter-
pretability and stability of the network model. We denote this
approach as MT-TEMLP. The MT-TEMLP network structure
is illustrated as Fig. 2.
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Fig. 2. The network structure of proposed MT-TEMLP.

2) Model training: This study employed a multi-task learn-
ing approach for model training. By modifying the loss
function, it was set to be a function that is related to both
the predictions of individual device energy consumption and
the overall energy consumption, which enables the neural
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network to simultaneously predict for both device-level energy
consumption and total energy consumption [16]. This training
method allows the network model to closely align with the
network model in real systems, and the loss function was set
as follows:

L=> wi(t) L, (7)

where, L represents the loss function for the total task used
during model training, L; denotes the loss function for indi-
vidual tasks, w; (t) represents the weight parameters associated
with these tasks, and ¢ signifies the training iteration. In
this study, we employed a gradient normalization method to
dynamically adjust the weight parameters of different tasks,
thereby making these weight parameters functions that change
with the training iteration t.

Gradient normalization is a crucial method in multi-task
learning, aiming to address the issue of disparate convergence
rates among different tasks. This method incorporates dynamic
adjustment of the learning weights for different tasks based
on the changes in their respective loss functions after each
learning iteration [17]. The implementation approach and
related formulas are presented as follows:

Giy(t) = |Vwwi(t)L;(t)])2, 8
Tut) = f(((t))) ©)
Li(t)

=0, (10)
Etask[Li (t)]

Lyraa(t;wi(t)) = Z |Gy (t) — Erask|Giy (8)] * [ri(6)]]1,
' (1)

wi(t+1) = w;(t) + X * V(Lgrea(t; wi(t))), (12)

where, Gi,(t) represents the value of gradient normalization
for task i, which measures the magnitude of the loss for
a specific task. L;(0) and L;(t) respectively represent the
loss function for task i at step O and step t. L;(¢) is the
absolute training speed for task i, while r;(¢) represents the
relative training speed between tasks. Lg.qq(t; w;(t)) is a cost
function that depends on the weights assigned to different
tasks. Ultimately, the cost function, Lg,qq(t;w;(t)), which
accounts for the adjustment of task weights, is used for
gradient descent to dynamically update the task weights in
multi-task learning.

D. Importance Analysis Algorithm

Importance analysis is a crucial method for analyzing and
assessing the impact of input parameters on a model. Different
models may employ various types of importance analysis
methods. In this study, we primarily focused on feature im-
portance based on random permutation, and the pseudocode
for this algorithm is outlined in Algorithm I. The algorithm

Algorithm 1 Importance analysis

1: Normalization. Each input data feature X;; and each label
data Y;:

X/ = 7X'ij_lij
3 o
Y/ — Yi—p

K3 o

2
2 (Xij =)™ o =
> (Y- pj)Z. The final dataset obtained:

where Hi = Zz Xij, o; =

Zi Yi, o=
(X",Y)

2: Model training. Based on (X, Y”), a model f is trained.
The loss function is g. The sampling quantity is k, and the
number of sensitivity cycles is denoted as IN. The entire
process is repeated for m iterations.

3: for each X; do
4: a=1

5:  repeat

6:

The feature X; is randomly shuffled to become S;.
This process generates a new dataset (S,Y”).
7: Calculate the obtained feature importance M;,,:
Mju=Ljn — L = g(f(X',Y")) = g(f(5.Y"))
8: a=a+1
9:  until a >m
10:  Calculate the feature-specific difference M; for the
feature X:
M; =30, Myn
11: end for

ultimately yields the output deviation M; for each feature
j. For a pre-established model, the larger the absolute value
of the output deviation M; for feature j, the greater the
significance of this feature’s impact on the output within the
model [18]. Therefore, by employing this importance analysis
algorithm and leveraging a predictive model, we can identify
input parameters from the dataset that hold greater importance
for modeling energy consumption in data centers.

IV. PERFORMANCE EVALUATION

In this section, we first conducted evaluation of the pre-
viously established model, comparing it with various models
used in prior research. Next, we performed an analysis of the
importance of input features based on the developed model.
Based on the results of the importance analysis, we reduced
the number of input parameters and compared its performance
with the previous model.

A. Performance Comparison

In this network, the subnetwork modules of different devices
automatically adapt their hyperparameters based on the vary-
ing effective input dimensions of each device. Assuming the
input feature size of a particular subnetwork module is denoted
by N, the corresponding hyperparameters for subnetwork
modules are presented in the Table 1.

In the dataset employed in this study, the input dimensions
(N) for the chiller are 31, the cooling tower is 15, while
the cooling water pump and the chilled water pump have
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TABLE I
HYPERPARAMETERS OF THE TRANSFORMER ENCODER IN THE NETWORK

Hyperparameters Values
d_model N
num_layers 8
num_heads 4
dim_feedforward [N/2]
Dropout 0.1
Linearl_out 2N
Linear2_out [N/2]

dimensions of 4 each. For the subsequent Dense Layer,
the input features consist of the outputs from all preceding
network modules, in addition environmental parameters. The
hyperparameters for this layer are configured in Table II. The

TABLE 11
HYPERPARAMETERS OF THE DENSE LAYER IN THE NETWORK

Hyperparameters Values
Dropout 0.1
Linearl_in 106
Linear1_out 250
Linear2_out 1

deep learning network employed in this study utilized the
Adam optimizer, with the mean squared error (MSE) chosen
as the model loss function, which is commonly used for
regression problems. The learning rate was set to 3e-4. The
dataset was divided using 5-fold cross-validation, and finally
the model with the best performance was selected. With the
aforementioned settings, the comparison plot between the MT-
TEMLP model designed in this study and the actual real-world
data results is presented as Fig. 3. The x-axis of the graph
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Fig. 3. Comparison diagram of predicted and actual energy consumption of
data center cooling systems.

depicts time, focusing on data extracted from a particular
day within the dataset (September 1, 2022). On the y-axis,

we find the normalized energy consumption values of the
cooling system within the data center. It becomes evident upon
examination that the MT-TEMLP model exhibits a notable
prowess in effectively forecasting the energy consumption of
the data center’s cooling system, thereby substantiating its
capacity for accurate prediction. We focused on evaluating
the regression prediction models using three commonly used
metrics: Mean Squared Error (MSE), Mean Absolute Error
(MAE), and R2 score(R?). The formulas for these three
metrics are expressed as follows:

n

— 1 PR /\. 2
MSE = - ;:1 (yi — 9i) (13)
1 n
AE = — i — Ui 14
M - Z—; lyi — il (14)
n A 2
R2 -1 Zi:l(yl yl) (15)

Z?:l (yi —9)?
Additionally, other methods were also explored and compared
in this study, such as decision trees, polynomial regression,
support vector machines (SVM), recurrent neural networks
(RNN), and convolutional neural networks (CNN). The com-
parative results are listed in Table III. Based on the experiment

TABLE III
PERFORMANCE COMPARISONS OF DIFFERENT MODELS

2
Models MAE MSE R
Values Values Values

MT-TEMLP 0.00408 2.122e-5 0.964
GRU 0.00783 5.95e-5 0.925
MLP 0.00844 6.182¢-5 0.928
ResNet 0.0208 9.873e-5 0.833
Random Forest 0.0144 8.277e-5 0.913
SVM 0.0402 6.194e-4 0.826
Polynomial regression 0.0551 0.00122 0.798

results of different models, it can be concluded that the
innovative MT-TEMLP model proposed in this study outper-
forms general deep learning models such as GRU and MLP,
which are commonly used for regression prediction problems.
Furthermore, the MT-TEMLP model offers improved inter-
pretability to users by incorporating the structural elements of
a physical model, distinguishing it as an advantage over other
models.

B. Results of Importance Analysis

This study conducted an analysis of the MT-TEMLP model
using the previously mentioned importance analysis methods.
The features were sorted based on the output deviation M;
, and the top 10 features in terms of importance ranking are
shown in Fig. 4. Considering expert knowledge and thermo-
dynamics principles, these features are closely associated with
the energy consumption of various components within the
cooling system, which reinforces the accuracy of the prediction
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Importance

The operating percentage of CH_1
The operating percentage of CH_2

The operating percentage of CH_4

The return water temperature of the chilled water
The operational frequency of CWP_2

The operational frequency of CWP_4

The operational frequency of CWP_1

The inlet temperature of the cooling water of CH_1
The inlet temperature of the cooling water of CH_2
The inlet temperature of the cooling water of CH_4

Fig. 4. Illustration of the top 10 features in importance analysis.

model established in this study. Subsequently, a process of
re-modeling was undertaken through the application of the
MT-TEMLP technique, where the selection encompassed the
foremost 45 input parameters, as identified and prioritized
through meticulous importance analysis. A comparison was
made between the model predictions using the 45 selected
input parameters and the model predictions using the initial
190 input parameters. The error comparison is depicted in the
figure as Fig. 5. As a result of the reduction in the quantity

0.00578
BN Model with 190 inputs

2.43e-05
< W Model with 45 inputs

2.122¢-05 0.00408

Values

MSE

MAE R2 SCORE

Fig. 5. Comparison between model with 45 inputs and model with 190 inputs.

of input parameters, there is an inherent likelihood of a mod-
erate decrease in the model’s precision. Nevertheless, when
contrasted with alternative algorithms, this model continues
to demonstrate a notably elevated degree of accuracy. Within
a permissible margin of performance reduction, it becomes
plausible to efficiently curtail the input parameters of the
model, thereby streamlining the intricacy of the model and
expediting the optimal implementation of IoT sensors. Taking
into account the importance of both model accuracy and model
size, this study concludes that the selection of different input
parameters based on importance analysis results holds certain
significance.

V. CONCLUSION

In this paper, we have investigated a model-wise multi-task
Transformer model for energy consumption modeling predic-
tion in data center cooling systems. Combining the physical
model of data center energy consumption, we have proposed
a novel MT-TEMLP neural network model, which has higher
accuracy and interpretability. We conduct tests on a real dataset
collected by IoT sensor networks in data center from China

Unicom and compare the results with other methods. The
results demonstrate that the proposed model achieves superior
performance in terms of MSE, MAE, and R2 score, with
values of 2.122e-05, 0.00408, and 0.964, respectively, out-
performing other models in this scenario. Furthermore, based
on this model, we have performed an importance analysis to
decrease the model complexity and optimize deployment of
IoT sensors while maintaining accuracy. In future work, we
aim to explore intelligent and automated optimization of data
center energy efficiency based on this model.
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