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Abstract

The aim of this study is to predict the temperature or humidity changes at multiple relevant points
in a building using a deep neural network architecture with multi-task learning to provide more
reference information for the design and optimal operation of heating and ventilation systems. For
this purpose, traditional multi-task prediction algorithm architecture is combined with Customized
Gate Control and other neural networks to build deep neural network architectures for indoor
environments with multi-point temperature or humidity prediction tasks. To test the prediction
effectiveness of the architecture, a task of predicting temperature or humidity 24h in advance was
designed on a real office building indoor environment dataset, and the prediction results were
compared with other single-task and multi-task prediction models. Two experimental conditions
were designed for this study, one using the complete training set and the other reducing the training
set at a certain point. Through the final prediction results, it is found that the multi-task prediction
architecture used in this paper shows better or nearly optimal results compared to other prediction
models under both working conditions. This study provides some reference value for the application
of multi-task prediction algorithms to the task of predicting indoor environments in buildings.

Keywords:
Multi-task prediction algorithm, Deep neural network, Indoor temperature prediction, Indoor
humidity prediction, Customized Gate Control

1. Introduction

1.1 Background

At this stage, buildings account for 40% of global energy consumption and a significant 36% of
global CO, emissions[1]. As a major source of energy consumption in buildings, Heating,
Ventilation and Air Conditioning (HVAC) systems have a huge potential for optimization, which
will help buildings save energy and reduce carbon emissions. With the rapid development of
information technology and modernization, most people spend a lot of time working indoors[2].
Therefore, it is necessary to pay close attention to the changes of building energy consumption and
indoor environmental status in order to optimize the operation of the building. A good prediction of
the indoor environmental variables can be used as a reference for system regulation to optimize the
operation strategy for thermal comfort and energy saving[3]. However, building accurate predictive
models remains a challenge due to factors such as data transmission delays and the complex
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environment of large buildings.

In indoor environmental regulation studies, the main variables of interest contain temperature and
humidity[4, 5]. It is important to control the temperature and humidity of the indoor environment to
inhibit mold growth[6]. Inappropriate temperature and humidity levels not only cause many health
problems but also have a significant impact on the energy consumption of buildings[7, 8]. Indoor
temperature and humidity are usually regulated by controlling the air conditioning system, shading,
opening windows and other actions. To optimize control strategies and achieve timely control, it is
necessary to understand the trends in temperature and humidity changes in advance, especially for
HVAC systems.

1.2 Literature review

Predictions of temperature and humidity are usually made using physical models and data-driven
approaches. Temperature and humidity fluctuations are often nonlinear, which is a challenge for the
application of physical models. Constructing physical models requires accurate equations to better
account for changes in different environmental variables, which is particularly difficult in large
public buildings[9]. Another effective way to calculate indoor temperature and humidity is to use
simulation software, but it usually requires the collection of many detailed parameters of the building
and some expertise in modeling[10]. Data-driven methods are widely used in various time series
forecasting tasks due to their simplicity and flexibility[11, 12]. With the advent of the big data era,
various sensors installed in buildings effectively collect operational data and also provide certain
convenient conditions for model training. Artificial neural networks(ANN) as a method of machine
learning are often used to represent nonlinear relationships between variables such as temperature
and humidity[13, 14]. It was found that in many cases recurrent neural networks(RNN) perform well
in time series prediction such as temperature and humidity[3, 15]. With the increase in computational
power and the improvement of network structure on different tasks, deep neural networks based on
various recurrent neural networks have been applied in various prediction studies, such as Bi-
directional Long Short-Term Memory (BiLSTM)[16, 17], Convolutional Neural Networks and long
and short-term memory(CNNLSTM)[18, 19] and the algorithms of Attention and RNN
combination[20, 21]. In the study of the prediction of time series such as temperature and humidity,
Yang[22] et al, constructed a long and short-term memory model(LSTM) with a feed- forward
attentional mechanism for multi-step prediction of temperature and humidity in a solar greenhouse.
Its effectiveness was demonstrated by calculating the error ranges at different time steps in advance.
Zhen[23] et al. proposed a multi-area indoor temperature prediction method based on LSTM with
encoder and decoder architecture and able to predict 2-3 days ahead of time. Furkan[24] et al, by using
a CNNLSTM architecture for predicting the indoor temperature of a room on a campus,
experimentally proved to be an effective black-box approach for this task by comparing it with
Multilayer Perceptron(MLP) and LSTM at different time scales. It can be found that the task of
predicting indoor environmental variables can be effectively addressed to varying degrees using
data-driven approaches. In addition, some exploratory studies are beginning to be conducted for the
prediction of environmental variables at multiple points.

For large office buildings, in order to optimize the control strategies for the air conditioning
system and other actions to achieve a more comfortable indoor environment, it is usually necessary
to divide the building into multiple zones. For some adjacent areas or open spaces, the indoor
temperature and humidity may have different fluctuation ranges but still have a certain degree of
influence on each other. Within the same office building, combining the trends of environmental



variables at multiple spatial points with their historical data may impact the accuracy of prediction
tasks at different points. Multi-task learning might be one approach to exploring this issue. Multi-
task learning is a machine learning approach that aims to learn multiple tasks to improve the
generalization ability of a module at the same time[25]. In the process of multi-task learning, the
learning of individual tasks is enhanced by sharing information, which in turn improves the accuracy
and efficiency of the target task to a certain extent. Previous multitask learning frameworks include
hard parameter sharing, cross-stitch[26], sluce-network[27], etc. And multi-task learning has also
been studied to some extent on time series prediction tasks ,and has been improved and applied to
different tasks[28]. Qiao[29] et al, combined the frameworks of deep learning and multi-task
learning to explore the deep spatiotemporal features of wind speed data through collaborative
learning and multi-site sharing, and obtained good prediction results in advance single-step and
multi-step wind speed prediction tasks. Liao[30] et al, constructed a short-term wind probability
prediction model based on a multi-task Gaussian process, proving the advantages of the multi-task
architecture when there is insufficient data for the target task. Multi-task learning architecture
improves learning efficiency through information sharing and can be used to reduce the problem of
data sparsity in the target task. In building, multi-point indoor environmental parameter prediction
provides more comprehensive reference data for control system optimization and design, and
provides the best environmental comfort in the whole management area while reducing energy
consumption[9]. At the same time, through the interconnection of environmental variables at
multiple points, it may also be possible to achieve a mutually reinforcing effect in order to enhance
the overall prediction results. However, when dealing with multiple similar tasks at the same time,
there may be positive or negative impacts between the tasks due to features such as data distribution
and fluctuation trends in different datasets. How to improve the overall prediction effect and reduce
the negative impact on different tasks during training is another important element in dealing with
multi-task learning.

Some deep neural networks are sensitive to data distribution, variance, and other factors[31]. The
inherent shortcomings of these tasks may compromise the predictive effectiveness of some tasks
when model parameters are widely shared[32]. Researchers have begun to make improvements to
algorithmic architectures to deal with this problem. These include Multi-gate Mixture of Experts
(MMOoE) [32]and Customized Gate Control (CGC)[33] networks. These networks are also used in
other areas of research[34-37]. Where MMOoE handles different tasks through gated networks based
on input parameters and the bottom expert network, but ignores the differences and interactions
between tasks so it is prone to seesaw phenomena[33]. In the CGC architecture, it contains both task
specific unique information and shared common information[38]. Expert tasks and shared tasks are
separated at the bottom of the CGC and PLE architectures to reduce the harmful effects between
public and task specific knowledge. Chen[39] et al, to further mitigate the seesaw phenomenon,
separated the task specific components from the shared components and constructed Temporal
Pattern Attention (TPA-LSTM) network, which allows each task to select adaptive information in
its favor and achieved better performance on wind and photovoltaic power generation combined
prediction task. And there are a number of issues that still need to be explored in multi-point indoor
environmental variable prediction tasks.

1) Currently, single-site indoor environmental parameter prediction over different time scales
using data-driven methods has become a hot research topic. However, multi-task learning
architectures for multi-point prediction tasks with different environmental variables still need to be



further explored and improved.

2) In the task of predicting multi-point indoor environmental variables, it is particularly important
to design and utilize multi-task learning architectures appropriately. At the same time, it is necessary
to design experiments to deeply explore the performance effects of the architecture.

3) In the multi-point indoor environmental variable prediction task, when the training set of a task
is reduced and affects its prediction results, the impact of the multi-task learning architecture on this
and other tasks remains to be explored in depth.

1.3 Targets and works

In this paper, we will combine the CGC architecture and BIiLSTM to build a multi-task deep
neural network to train an indoor temperature or humidity prediction model, and design experiments
to explore its performance effect on multiple relevant point prediction tasks. In addition, we also
discussed whether this network architecture can improve the prediction performance of the target
task while ensuring that other prediction tasks are not greatly negatively affected by reducing the
training set of a certain point environment parameter. We will explore the effectiveness of the multi-
task prediction algorithm architecture used in this paper by designing comparative experiments with
other single and multi-tasks in different prediction tasks. In order to ensure the authenticity and
reliability of the whole experiment, real data will be used for model training and validation. The
task of forecasting temperature and humidity 24 hours in advance was designed. Hyperparametric
optimization of all models to ensure fairness of the experiment. Through the final prediction results,
it can be found that the multi-task prediction architecture used in this paper shows better or close to
optimal results in all the designed experiments compared to other prediction models.

The following is the architectural design of the chapters of this study. Chapter 2 will focus on
describing the main methods used in this study and building the multi-task prediction algorithm
architecture for multi-point temperature or humidity prediction. Chapter 3 will provide the main
description of data sources, experimental design, and data processing aspects. Chapter 4 will explain
the prediction results of the different experiments. Chapter 5 is a discussion of the results. Finally,
there are the main conclusions and shortcomings of this study.

2. Methods

2.1 BiLSTM

Recurrent neural networks with gating units have been invented in order to allow the network to
selectively memorize or forget some information in a time series task to improve the effectiveness
of the overall model training and to reduce the training difficulty to a certain extent. LSTM is one
representative RNN.
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Fig.1. BiLSTM algorithm architecture

In order to take into account both past and future information and thus understand the contextual
information in a sequence more comprehensively, BiLSTM was invented. As shown in Fig.1,
BiLSTM combines the LSTM in both directions, where the LSTM is applied to the input sequence
(namely the forward layer) during the computation process, after which the reverse form of the input
sequence is fed into the LSTM (namely the backward layer)[40]. The computation of two LSTMs
improves the long-term dependence of the learning and thus improves the accuracy of the model[41].
Therefore, in order to better capture the trends of indoor environmental variables over time, this
paper will utilize BiLSTM as the underlying architecture for the deep neural network.

2.2 Multi-task learning

Multi-task learning also generalizes knowledge across different tasks. Learning is performed by
utilizing multiple learning tasks that are related to each other to obtain useful information,
maximizing the results of each task, and can be used to reduce the problem of data scarcity.
According to the objectives and training process of this study, it can be defined as supervised
learning with multiple tasks. Each task in the multi-task supervised learning process is based on the
prediction of labels from unlabeled data based on labeled training datasets.

Assuming m learning tasks Yi(i=1,2,. m), where all or some of the tasks are related but not the
same, multi-task learning aims to utilize the knowledge in these m tasks to improve the learning
performance of all. In this study, we need to simultaneously handle multiple related tasks for
temperature or humidity prediction at various points. During the training process, we aim to
optimize the prediction performance and reduce negative impacts by capturing the intrinsic
connections between different tasks. Since the multi-task processing architecture of CGC includes
both unique information for specific tasks and shared common information, and separates these two
types of information to mitigate the harmful effects between public knowledge and task-specific
knowledge. This research will design a deep neural network architecture for multi-point prediction
of indoor environmental variables based on the CGC network architecture.

2.3 CGC-BIiLSTM algorithm architecture for multi-points prediction

In order to be able to predict the indoor temperature or humidity at different points using historical
data, this paper will build a multi-task prediction algorithm architecture by combining neural
networks such as BiLSTM under the CGC architecture. The temperature and humidity datasets from
different points of the same building are divided into training and test sets, and the sliding window
approach is used to train the model on the training set and test the prediction effect of the model on
the test set.
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(b) CGC-BiLSTM multi-task learning algorithm architecture
Fig.2. Traditional CGC Network Architecture and CGC BiLSTM Multi Task Learning
Network Architecture

As shown in Fig. 2 (a), the traditional CGC architecture consists of individual expert network
layers for each task and a shared network layer for all tasks. The gated network computes the
information from the shared and expert network layers and feeds it into the tower network layer for
computation. Finally, the output of the network is obtained. The multi-task prediction algorithm
architecture(CGC-BIiLSTM) used in this study is shown in Fig.2 (b). Firstly, the historical data of
each point are input into the corresponding linear layer of the expert network respectively, and then
all the outputs are spliced in the parameter dimension into the shared expert network. Reduced
training difficulty by feature extraction and dimensionality reduction through convolutional neural
networks(CNN) at the shared expert network layer. BiLSTM is used as the bottom network to
extract the time features of different point data. A separate gating network was then designed for
each task modeled following the CGC network architecture. The weights generated by each gating



network and the features extracted from the task-specific and shared expert layers are computed and
summed to serve as inputs to the next layer. Each expert and shared layer in the CGC architecture
can be set up with a different number of feature extraction networks. In this paper, the number of
feature extraction networks is respectively set to 1 and 2 in each specific expert layer and shared
expert layer. Finally the top level features for each task are extracted by a tower network, which is
designed to consist of linear layers and activation functions in order to reduce the training difficulty.
In order to maintain the stability of the network and to improve the prediction for different tasks, an
adaptive module (Adapter) with downward and upward projected linear layers and activation
functions is added separately for each task. The architecture is similar to that of the adaptive module
mentioned in the article[42]. The multi-task learning algorithm architecture used in this paper
combines the features of CGC and separates task public and task specific parameters, reducing the
harmful interference between public and task specific knowledge. The input parameters of different
tasks are also separated at the input layer to further reduce the computational effort of the network
and the negative impact between different tasks.

However, when training the model using a multi-task architecture, the losses from different tasks
will be obtained, so the final loss function formula needs to be determined. We will draw on the
automatically weighted loss function equation[43]. The multiple tasks are defined as Yt(YT1,
Y12, «uonn. ). To optimize the learnable parameter w, a loss function for multi-task learning is defined
as Lt(x, y’1, y1; wr), where y'r and yt denote the predicted and true values, respectively. In turn,
each single-task loss function is defined as L«(x, y’t, yt; Wr). The original article calculates the final
loss function formula by adding a learning coefficient ¢ to account for differences between single-
task losses and a regularization term as shown below.

L (xy,y;w)=2 ! ‘L (x,y,y;w)+In(1+c?) (1)

T T T T fETz-th t t t t t

For ease of calculation, c is set to the same fixed value in this study. In this study mean square

error loss (MSE) is used as the loss function L for each single task and is calculated as follows.
=" )9
MSE=—=1t ¢ )

Where n is the number of samples, y: is the actual value, and y’: is the predicted value. The closer
the MSE is to 0 indicates that the difference between the predicted value and the real value is smaller.
Adam will be used as the optimizer of the network during the network training process, and the
maximum number of iterations will be set to further prevent overfitting. In order to ensure the
fairness and validity of the comparison results in subsequent experiments, this loss function is also
used for other multi-task prediction models.

3. Multi-point temperature or humidity prediction for indoor environment case study

3.1 Data source

The goal of this study is to combine the CGC architecture and BiLSTM to build a multi-task deep
neural network for indoor temperature or humidity prediction tasks at multiple relevant points. In
this study, two experiments were designed including the experiment with the complete training set
and the experiment in which the single training set was reduced and affected the prediction results.
The experiments are compared with several common single-task prediction models as well as multi-
task prediction models to explore the performance effects of the models used in this study. All



experiments will be performed with real datasets.

In this study, indoor temperature and humidity datasets were collected from an office building of
a university in Dalian, Liaoning Province, China. The dataset is sourced from the 1st to 3rd floors
of the building, with the collection period ranging from March 13, 2023, to December 31, 2023, and
a collection interval of 1 hour. The building is primarily used from 9:00 AM to 6:00 PM, and its
main purpose in the collected floors is for office work. The building is cooled by split air
conditioners in summer and heated by a centralized heating system in winter.

Shared Atrium
South side of the &

third floor

North side of the
second floor

West side of
the first floor

(a) Sensor installation distribution diagram

Sensor appearance Equipment parameters

Equipment type:
iBest-REM-4W-1
Precision target:
Temperature: £0.2°C
Humidity: +2%RH
Installation method:
Ceiling or wall mounted
Working environment:
Temperature:-30-60°C
| Humidity:0-99%RH

(b) Parameters related to environmental monitoring sensors
Fig.3. Sensor installation location and information

Environmental sensors have been placed in the corridors of floors 1-3 to monitor temperature and
humidity changes in real time. As shown in Fig. 3(a), the sensor installation locations are in the west
corridor of the first-floor atrium, the north corridor of the second-floor atrium, and the south corridor
of the third-floor atrium. The relevant parameters of the sensors are shown in Fig. 3(b). As illustrated
in Fig. 4(a) and (b) represent the real-time monitoring values of temperature and humidity by sensors
on different floors (Floorl, Floor2, Floor3) during different time periods. It can be observed that
due to factors such as the sensor installation locations, different floors, and other indoor activities,
the temperature and humidity fluctuation ranges at different monitoring points exhibit certain
differences.
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(b) Humidity fluctuations on different floors
Fig.4. Real-time indoor temperature and humidity monitoring results

The atrium of the building connects floors 1-3, and there may be some correlation between
environmental variables at different points due to heat exchange and other factors. Therefore, this
study will explore the performance effect of multi-task model in indoor environmental variable
prediction task based on this dataset. It can be observed that due to the different locations of the
observation points, although the overall trends of temperature and humidity fluctuations at different
observation points during the same time period are similar, there are some differences in the
fluctuation ranges. It is evident that predicting the temperature or humidity at different points within
the same building that have certain correlations is a similar task. However, influenced by spatial and

other related factors, there are differences in the distribution of temperature and humidity data at
different observation points.



Model input h=24 Model output
| )

Floorl | Xip | X0 |

Floor2 | Xot| | X |
Floor3 x3,t-l x3,t ............ x3,t+h

Predict tasks 24 hours in
advance

Fig.5. Application of sliding windows

As shown in Fig. 5, the building temperature and humidity prediction experiment for 24 hours in
advance was designed in this study. The sliding window method was used to select the historical
data, and the window size was set to 2. Specifically, the target task of this study is to predict the
trend of indoor temperature or humidity after 24 hours using historical data consisting of the current
time and the previous time of the hour. The dataset used in this study is relatively complete, with
only a small amount of missing data, which may be due to errors in the collection process or sensor
malfunctions, and which we will fill in using nonzero data averages from before and after time
points. For the convenience of training, while considering that only a hourly environmental
parameter dataset of less than a year has been collected. Therefore, the dataset was sorted by
collection time and the first 7000 sets of data were used to construct the experimental dataset. The
first 60% is used to build the training set(The model output date is March 14 to September 5), and
the remaining 40% is used to build the test set(The model output date is September 6 to December
31). This classification method may overlook the impact of factors such as seasonality and external
environmental changes on model training, which also increases the difficulty of model training to a
certain extent.

3.2. Experimental design

The main objective of this study is to construct a model architecture suitable for temperature or
humidity prediction at several related points using a multi-task learning architecture and deep neural
networks. At the same time, explore whether the architecture can be used to improve the prediction
performance of a target point when its training set is small, and reduce the impact on the prediction
results of other points. To achieve this goal, we will conduct a series of comparative tests to verify
the validity of the model as shown in Fig.6.
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Fig.6. Experimental design and procedure

(1) In terms of the full dataset, we will train the multi-task prediction model used in this paper as
well as the comparison model on the full dataset of different points (floors). First, we train the single-
task prediction model for each point location separately and compare it with the performance of the
multi-task prediction model (CGC-BiLSTM) used in this study on the test set. We will explore
whether the predictive power of the CGC-BILSTM prediction model is close to or better than that
of the single-task prediction model (BiLSTM, All-BiLSTM, LSTM, CNNLSTM) at each point.
Subsequently, we will introduce other common multi-task prediction models(Share Bottom, MMOoE,
and CGC) as comparative models to explore whether the algorithmic architecture used in this study
optimizes the overall prediction results to some extent.

(2) Due to reasons such as sensor installation time, there may be situations where insufficient data
is collected from a particular point, which may affect the prediction of the model. We test the
prediction ability of CGC-BILSTM for the target task and other tasks by reducing the temperature
or humidity training set at different points and setting it as the target task. This is done by replacing
a certain amount of continuous data at the earliest collection time of the training set with 0 to
simulate the situation of insufficient training data in the earlier stage. Because of the need to keep
the amount of data consistent across all tasks during multi-task prediction model training, we filled
the rest of the target task training set with zeros. During testing, we observed the effect of model
performance on all tasks when setting each of the three points as a target task and reducing the
number of training sets. Depending on the difficulty of the task, we will set the target task training
set for temperature and humidity with different amounts of data. Through initial observations, we
found that humidity fluctuates more dramatically than temperature, which may make humidity more
difficult to predict accurately and will require a relatively high number of datasets. The target task
training sets for temperature and humidity were set to only the last 1500 groups (close to half the
number of test sets) and 3000 groups (close to the number of test sets), by experimental testing,
respectively.
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Fig.7. Multi-Task Model Training Architecture for Comparison
Some of the single-task prediction architectures used include BiLSTM, CNNLSTM, LSTM, and
a model that inputs all point history parameters into BiLSTM at the same time (All-BiLSTM). The
multi-task predictive model used for the comparison will be trained using some traditional
architectures(Share Bottom, MMOoE, and CGC), and these architectures are shown in Fig.7. To
ensure the fairness of the experiments, we replaced all the underlying neural networks used for
feature extraction with the same BiLSTM neural networks as in this study.

3.3 Data processing

Before model training, data need to be normalized or standardized in order to increase the speed
and accuracy of model training. In this study, MinMax normalization operation will be performed
on the input parameters with the following formula.

! X — Xmin !

Xgg = (X - X ) (3)

max min

Xsta2 = Xstd (Xmax - Xmin) + % (4)

Where Xstg represents the normalized data, Xmax and Xmin represent the maximum and minimum
values of this parameter respectively, and finally the inverse normalization is performed to get the
final result Xstg2.

3.4. Hyperparameter optimization

Hyperparameter optimization is very important for the black-box model, and the determination
of each hyperparameter is again a very tedious task for the training of the model[44]. Bayesian
optimization will use the performance effects of previously searched parameters to infer the next
parameter search as a way to improve search efficiency[45]. Tree-structured Parzen Estimator (TPE)
Bayesian optimization is one of the Bayesian optimization methods[46]. This optimization will be
used in this study to optimize the hyperparameters that need to be determined for the temperature
and humidity prediction models.

The parameters that need to be determined before optimization are shown in Table 1, and the
optimization range, optimization objective, and search step size are initially determined by human
tuning results. Random seeds are set during the search process to maximize the reproducibility of
the optimal results. For CGC-BiLSTM and other multitask prediction models, the BiLSTM layer
and its output layer (Linearl), the first linear layer in the tower network (Linear2) as well as the
search step size will be optimized. The optimization objectives and search ranges in single-task and
multi-task prediction models are shown in the Table 1.

Table 1
Hyperparametric optimization objective and optimization range



Model Objective Range Step
BiLSTM size [300,400] 20
Linearl [300,400] 20
CGC-BIiLSTM )
Linear2 [300,400] 20
Learning rate [0.0003,0.0008] 0.0001
BiLSTM size [300,400] 20
Linearl [300,400] 20
MMoE )
Linear2 [300,400] 20
Learning rate [0.0003,0.0008] 0.0001
BiLSTM size [300,400] 20
Linearl [300,400] 20
CGC .
Linear2 [300,400] 20
Learning rate [0.0003,0.0008] 0.0001
BiLSTM size [300,400] 20
Linearl [300,400] 20
Share Bottom .
Linear2 [300,400] 20
Learning rate [0.0003,0.0008] 0.0001
. BiLSTM size [300,400] 20
BILSTM .
Learning rate [0.0003,0.0008] 0.0001
. BiLSTM size [300,400] 20
All-BiLSTM .
Learning rate [0.0003,0.0008] 0.0001
LSTM size [300,400] 20
CNNLSTM .
Learning rate [0.0003,0.0008] 0.0001
LSTM size [300,400] 20
LSTM .
Learning rate [0.0003,0.0008] 0.0001

The test set R? is used as the optimization objective on the single-task prediction model, and the
mean value of R? on the test set of all tasks is used as the optimization objective on the multi-task
prediction model. The number of searches was set to 20, and finally, the optimal hyperparameter
combinations of all models for different tasks were obtained.

The formula for R? is shown below. f (x) represents the data predicted by the model, y represents
the real data, and n is the number of data. The closer R? to 1 indicates that the model fits the observed

data better. (Zu | | )
RUGE)

RZ=1- 5)

(Zﬂ(yi —yﬁy

3.5 Evaluation indicators

In order to evaluate the prediction results more effectively, this paper uses the coefficient of
variation measuring the root mean square error (CV-RMSE) as an evaluation index, in addition to
choosing the more commonly used mean absolute error (MAE) and R? as the evaluation indexes in
this paper[47]. The above evaluation indicators are calculated as follows, where n is the total number
of observations, pj is the predicted value, ajis the ith true value, and 3 is the average value.
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4. Discussion of results

4.1. Temperature prediction results under the complete data set
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Fig.8. Indoor temperature prediction results under complete training set

Due to the large test set, in order to better observe the trend of the prediction results at different
points in time, we divided the whole test set into 3 equal parts and screened the prediction results
for 7 days near the midpoint of each part to show(9.22-9.28, 11.3-11.9, 12.7-12.13). As shown in
the Fig.8, although the indoor temperature trends at different points in the same building during the
same time period are similar, the range of fluctuations may be somewhat different, especially on the
first and third floors. As a whole, it is observed that the prediction results of the CGC-BiLSTM
architecture used in this paper are closer to the real data at most of the time points. From the
observation of the prediction results on different time periods, the prediction errors of all models are
relatively small at the beginning of the test set. In the second time period all the prediction models
including the CGC-BILSTM used in this paper produce large errors near some of the daily extreme
points, but the model we use performs better near these points. In the third time period, the model
used in this paper can roughly describe the trend of temperature fluctuations, but there is a certain
deviation from the real data at some points, which is more significant in other comparative models,
especially in the prediction tasks on Floor 3. This situation may because of the model has reached
the limit of its predictive capabilities and needs to be trained on the latest historical data to update
its parameters. At the same time, since this study divides the indoor temperature and humidity
monitoring data for the entire year into training and test sets based on the collection time, the model
training process overlooks factors such as seasonal variations in the data and changes in external



environmental conditions. However, this also provide certain challenges to the predictive
performance of the model.

Table 2 shows the results of the calculation of the evaluation indicators for different prediction
models on the task of temperature prediction at different points, as well as the results of the
calculation of the overall mean values. It can be found that all models show good predictive ability
due to the small and periodic degree of temperature fluctuation. CGC-BiLSTM performed the best
on two of the prediction tasks, and the results were closer to those of two of the single-task prediction
models on the other task with a maximum R? difference of 0.02. Combining the prediction results
of all the tasks, the CGC-BiLSTM multi-task prediction model we used performed best on the multi-
point temperature prediction task with an average R? of 0.972. The improvement is 3.51% and 0.94%
compared to the optimal single-task and multi-task prediction models, respectively.

Table 2
Calculation of evaluation metrics for different prediction models on temperature prediction
task

Evaluati CGC- Share . All-
Area on BIiLST CGC MMoE Botto BILST ~ CNNL LSTM BILST
. M SIM
metrics M m M
MAE 0.523 0.783 0.877 0.876 0.540 0.576 0.709 0.537
CV-
Floorl RMSE 0.040 0.063 0.075 0.071 0.040 0.042 0.053 0.039

R? 0969 0924 0891 0903 0969 0966 0945 0971

MAE 0331 0466 0610 0439 0381 0409 0.636 0.368
CVv-
Floor2 RMSE 0.022 0033 0049 0029 0026 0027 0.044 0.024

R? 0981 0957 0909 0969 0974 0971 0927  0.978

MAE 0454 0.678 0724 0610 0581 0569 1213 0.620
CV-
Floor3 RMSE 0.028 0040 0043 0036 0036 0.034 0066 0.036

R? 0967 0929 0918 0.944 0943 0948 0806  0.942

MAE 0436 0.642 0737 0641 0501 0518 0852 0.509
CV-
Mean RMSE 0.030 0045 0056 0045 0.034 0035 0.054 0.033

R? 0972 0937 0906 0939 0962 0962 0893  0.963

4.2 Humidity prediction results under the complete data set
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Fig.9. Indoor humidity prediction results under complete training set

Different from temperature, humidity is more affected by the environment and changes more
rapidly, which makes it more difficult to be predicted. As shown in Fig.9, the humidity prediction
results of different models at different points are shown. It can be found that CGC-BiLSTM
performs better in both overall and local prediction effects. Some of the prediction models have
significantly deviated from the real data in the last time period, such as BiLSTM and CNNLSTM
in the single-task prediction model and Share Bottom in the multi-task prediction model. On the last
day of the first time period, we find a drastic change in indoor humidity, which may be due to a
sudden change in the weather outside, as the indoor temperature is similarly affected on this day.
All the models are too late to cope with this situation, so none of them have a better prediction for
this piece of data. In the remaining time periods shown in Fig.9, the multi-task prediction
architecture employed in this paper yields more stable humidity prediction results across various
locations, with few instances of significant deviation from the actual data.

Table 3 shows the results of the evaluation metrics calculated for different models on the task of
predicting indoor humidity at different points. It can be found that the CGC-BIiLSTM used in this
paper performs comprehensively better on all tasks and the overall results are better than the other
compared models. The distributional characteristics of humidity cause some single-task prediction
models to perform poorly in the overall results. On the other hand, since the multi-task prediction
model captures the characteristics of humidity changes at the relevant points during the training
process, the evaluation metrics of the multi-task prediction model are calculated better compared to
the single-task model. In the multi-task prediction model, CGC-BIiLSTM reduces the negative
impact between different prediction tasks by separating the input parameters of different tasks
during training and designing an independent expert network for each task. This design architecture
affects the final prediction results to some extent. The multi-task prediction model used in this paper
improves the average R? on different prediction tasks by 4.99% and 7.86% compared to the optimal
single-task and multi-task prediction models, respectively.

Table 3



Calculation of evaluation metrics for different prediction models on humidity prediction task

Evaluati CGC- Share BILST CNNL All-
Area on BILST CGC MMoE Botto LSTM BILST
. M SIM
metrics M m M
MAE 1.857 2.725 2.768 2.663 2.701 6.252 6.737 3.541
CV-
Floorl RMSE 0.062 0.085 0.082 0.087 0.093 0.176 0.181 0.099

R? 0945 0897 0904 0892 0875 0555 0531 0.859

MAE 1640 2240 2510 2403 2706 5678 6222 2490
CvVv-
Floor2 RMSE 0.057 0078 0081 0082 009 0161 0168 0.084

R? 0955 0913 0907 0906 0873 0633 0.602 0.900

MAE 1773 2466 2607 2568 7.792 5904 6259  2.683
CVv-
Floor3 RMSE 0.069 0092 0091 009 0226 0192 0194 0.099

R? 0940 0893 089 0885 0349 0531 0524 0.876

MAE 1756 2477 2628 2545 4400 5944 6406  2.905
CV-
Mean RMSE 0.062 008 008 0.088 0138 0177 0181 0.094

R? 0947 0901 0902 0894 0699 0573 0552 0.878

4.3 The impact of reducing the training set on indoor temperature prediction results

This study explores the performance effectiveness of the CGC-BiLSTM architecture in the task
of indoor temperature prediction when the training set of environmental variables at a single point
is insufficient. During testing, we observed the effect of model performance on all tasks when setting
each of the three points as a target task and reducing the number of training sets. After successive
tests, only the last 1500 datasets of the room temperature training set for the target task were
eventually retained to simulate a training set insufficiency. The predictive power of the CGC-
BiLSTM architecture for such tasks is explored by comparing the predictive effectiveness of all
models in the target task and the predictive performance of the multi-task prediction model in other
points prediction tasks.
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Fig.10. Error statistics of the temperature prediction task when setting different target tasks
Fig.10 show the prediction error statistics of all models on the temperature prediction task when
different point is set as the target prediction task. On the target task since the training set is small so
the prediction model produces large errors at certain time periods. From the overall prediction effect,
CGC-BiLSTM is better than the other comparison models, and the error distribution is concentrated
in a smaller error range. While comparing the results with all multi-task prediction models on the
prediction tasks at other points, it was found that CGC-BiLSTM optimized the prediction results of
the target task and had relatively small negative impacts on the other prediction tasks at the same
time.

Table 4 describes the results of evaluation metrics calculated for different prediction models on
the target task of indoor temperature prediction. Some of the single-task prediction models all
performed poorly on the prediction task. Both multi-task prediction models, CGC and MMOoE, also
show poor prediction results, especially for CGC where the R? has been shown to be less than zero.
It is shown that on the multi-point indoor temperature prediction task in this study, these two
architectures may be less suitable for the situation of sparse training set for the target task set, and
their complex structure leads to lower prediction results than the traditional Share Bottom
architecture. Comparing the results of CGC-BiLSTM with all single-task prediction model
evaluation metrics, we found that it is able to optimize the prediction effect in the case of a sparse
training set of the target task through multi-task training architecture. On different target prediction
tasks, CGC-BiLSTM can improve R? by an average of 6.44% and 5.31% compared to the optimal
single-task and multi-task evaluation metrics computed.

Table 4
Calculation of evaluation indicators on the target task of indoor temperature prediction



Evaluati CGC- Share BILST CNNL All-
Area on BILST CGC MMoOE Botto LSTM  BILST
. M SIM
metrics M m M
MAE 0.635 8.476 2.587 0.707 2.557 5.236 2.909 0.763
Cv-
Floorl 0.045 0.536 0.178 0.053 0.172 0.360 0.192 0.062
RMSE
R? 0.961 <0 0.390 0.946 0.425 <0 0.287 0.926
MAE 0.304 10.241 1.613 0.637 1.218 2.433 1.229 0.534
Cv-
Floor2 0.021 0.611 0.111 0.046 0.079 0.147 0.090 0.046
RMSE
R? 0.984 <0 0.525 0.919 0.760 0.168 0.688 0.921
MAE 0.676 1.387 0.949 1.060 1.888 0.975 1.847 0.704
Cv-
Floor3 0.039 0.088 0.060 0.061 0.114 0.054 0.096 0.051
RMSE
R? 0.933 0.660 0.843 0.835 0.426 0.871 0.593 0.886
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Fig.11. Calculation of evaluation metrics for the multi-task prediction model on the other
temperature prediction tasks

As shown in Fig.11, the prediction results of all multi-task prediction models on the other tasks
except the target task. We label the results of the evaluation metrics computed by CGC-BiLSTM on
different tasks, as well as the results of other comparative models that R? is optimal in the same task.
It can be found that in the experiments set up in this study, CGC-BiLSTM still performs well on the
rest of the tasks except the target task, and the R? basically stays above 0.9. And the rest of the multi-
task prediction models will show some decline in the prediction task for some experiments.
Comparison of the evaluation metrics of CGC-BiLSTM for predicting the results of other tasks in
both cases of complete and sparse training sets for the target task. R? decreased by an average of
2.14% and remained above 0.9. It is shown that the multi-task learning architecture used in this
study optimizes the prediction effect on the target task while having less negative impact on other
tasks in the multi-point indoor temperature prediction experiment.



4.4 The impact of reducing the training set on indoor humidity prediction results

The above study found that CGC-BiLSTM can show better prediction results when the training
set of the target task is small in a multi-point indoor temperature prediction task. The experimental
design process is as described in 3.2, and the humidity training set for the design target task is 3000
groups close to the test set due to the fast humidity changes with large fluctuations and other reasons
that increase its prediction difficulty. The performance of CGC-BiLSTM in the multi-point indoor
humidity prediction task is finally tested and its prediction results are compared with those of the
single-task model and the multi-task model in the target task and other tasks.
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Fig.12. Error statistics of the humidity prediction task when setting different target tasks

As shown in Fig.12, the prediction results of single and multi-tasks on the target task and other
tasks when the humidity prediction of different floors is set as the target task. It can be noticed that
due to the more drastic fluctuations in humidity and the effect of the sparse training set, all models
produce large prediction errors at some points. On the target task, CGC-BiLSTM can be better than
the single-task prediction model by optimizing the performance effect of the model during the
training process. Table 5 calculates the evaluation metrics for different model predictions on
different target tasks. CGC-BiLSTM improved R? by 12.25%-16.60% compared to the best
performing single-task model on different tasks. A comparison with other multi-task prediction
models reveals that the multi-task architecture used in this study performs steadily on both the target
task and other tasks. Compared with the optimal multi-task prediction model on different tasks, R?
improves by 1.33%-7.09%.
Table 5
Calculation of evaluation indicators on the target task of indoor humidity prediction

Area Evaluation CGC- CGC MMo Share BIiLST CNNL LSTM All-




metrics BILST E Botto M STM BiLST
M m M

MAE 2.684 3557 4193 2683 3536 6365 6.814 3.999
Floort CV-RMSE 0077 0113 0.116 0082 0123 0182 0190 0.113

R? 0916 0816 0.808 0.904 0.784 0522 0481 0.816

MAE 2520 4037 3742 3211 4864 5913 6.141 4212
Floor2z CV-RMSE 0075 0114 0.099 0100 0141 0164 0173 0.113

R? 0921 0817 0859 0860 0.719 0.623 0580 0.819

MAE 2.604 2100 3298 2778 9418 6.149 6454 4.035
Floor3 CV-RMSE 0.08 0.651 0.104 0.094 0274 0192 0.205 0.132

R? 0.906 <0 0.863 0.889 0.050 0534 0467 0.777
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Fig.13. Calculation of evaluation metrics for the multi-task prediction model on the other
humidity prediction tasks

Fig.13 describes the results of the evaluation metrics calculated for the multi-task prediction
model on the other tasks when different target tasks are set. Taken together, CGC-BiLSTM is better
than the comparison model on the other tasks. And the performance is smoother, with all R? above
0.9. CGC-BIiLSTM on different tasks compared to other multi-task prediction models in the optimal
evaluation metrics calculated, R? on average improved by 6% maximum 10.84%. The evaluation
metrics for the remaining prediction tasks were calculated by comparing the two cases of complete
and sparse training sets for the target task, and it is found that R? decreases by 1.92% on average. It
is clear that on the dataset used in this study, CGC-BiLSTM can perform well on both the
temperature and humidity prediction tasks.

5.Discussion

This study explores the performance of a multi-task prediction architecture combined with CGC
and BIiLSTM in predicting indoor environmental variables at multiple points in a connected open
environment within the same office building. The research findings indicate that, under the complete



training set, the deep neural network incorporating the multi-task prediction architecture
demonstrates better evaluation metric results for most tasks. This explains that under this
architecture, simultaneously training multiple related points prediction tasks can optimize the
overall prediction results to some extent. By reducing the amount of training data for temperature
or humidity at different points and designating it as a target task, the study explores whether the
model can improve the prediction performance of the target tasks while minimizing the negative
impact on other tasks. The results show that most of the single-task prediction models used in this
paper perform worse on the target task when a single point temperature or humidity prediction task
is designed as the target task and the training set is reduced to 1500 and 3000 groups, respectively.
In comparison, some of the multi-task prediction models show slight improvements over the single-
task models in terms of prediction results for the target tasks, but they have affected the prediction
accuracy of other tasks, resulting in a certain degree of negative impact. The architecture used in
this paper separates the input parameters for different tasks and is designed with an expert network
and a shared network layer, together with a residual network combined with an adaptive layer, which
also improves the stability of the performance of the network in different tasks to some extent.
Therefore, the insufficient training set for a single point has a minimal impact on the prediction
performance of other tasks, resulting in a relatively superior comprehensive prediction outcome for
multiple points, including the target tasks.

This study also faces certain limitations and shortcomings. Firstly, due to the constraints of the
dataset, this study overlooked the impact of factors such as seasonality and external environmental
changes when dividing the training and test sets. While this increased the difficulty of model training,
it did not conduct separate studies for the cooling and heating seasons. Secondly, this study primarily
focuses on the prediction tasks of indoor environmental variables at multiple related points within
an open space, hence the test points were selected in corridors with a shared atrium. The performance
of this approach in predicting tasks at multiple related points in large office buildings with other
forms of cooling and heating systems still needs to be further explored. Due to the addition of a
considerable number of network layers in the model architecture and the need to handle multiple tasks
during training, the training time and difficulty of the model have been increased to some extent.
Therefore, the architecture still needs further refinement to improve the processing capabilities for
tasks with varying data set qualities, while also decreasing the training duration.

6. Conclusion

The main objective of this study is to construct an algorithmic architecture suitable for
temperature or humidity prediction at multiple related points in the same building. When the training
set at a point is insufficient, the architecture can still effectively accomplish the prediction task. For
this purpose, we build multi-task predictive deep neural network algorithms combining neural
networks such as BiLSTM under the CGC architecture. In order to verify the capability of the
algorithm on this research task, we set up a series of comparison experiments on real datasets. The
following conclusions are finally obtained.

The CGC-BiLSTM multi-task prediction model is compared with a single-task prediction model
on the complete temperature or humidity dataset. The results show that the CGC-BiLSTM
prediction results are all close to or better than the single-task prediction model. In different point
temperature or humidity prediction tasks, the average R? is respectively improved by 3.51% and



4.99% compared with the optimal single-task prediction model. It is shown that this multi-task
prediction algorithmic architecture can promote similar task learning in a multi-point temperature
or humidity prediction task with less negative impact on different tasks.

The CGC-BIiLSTM architecture is compared to other common multi-task algorithmic
architectures on the complete temperature and humidity dataset. The algorithm was found to be
overall better in different indoor temperature or humidity predictions. Among them, the average R?
improvement on the humidity prediction task was significantly 7.86%. It is shown that the overall
prediction is optimized to some extent by setting up a single expert layer and separating the input
data for different tasks.

Finally, the results of different single-task and multi-task prediction models are compared by
reducing the training set at a certain point and setting it as the target task. Most of the comparison
models show a decrease in performance on the test set of the target task and in some cases are not
able to predict data changes well anymore. In contrast, the CGC-BiLSTM model performs well on
different temperature or humidity target prediction tasks. On the other tasks, CGC-BiLSTM is better
than the other multi-task prediction models used for comparison in most cases, and the decrease in
prediction results is smaller compared to the full dataset case. This suggests that the architecture
optimizes the results of the goal prediction task while having less negative impact on other tasks.

However, there are many other cases of missing datasets that should be considered in real working
conditions, such as missing data at random points or time periods. According to the actual situation
of the building and the prediction task make appropriate adjustments to the algorithmic architecture
and training methods, in order to obtain better prediction results.
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