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Abstract 
Multi-Task Learning (MTL) is a type of machine learning technique where a model is trained to perform multiple 
tasks simultaneously. In deep learning, MTL refers to training a neural network to perform multiple tasks by sharing 
some of the network’s layers and parameters across tasks. In MTL, the goal is to improve the generalization 
performance of the model by leveraging the information shared across tasks. By sharing some of the network’s 
parameters, the model can learn a more efficient and compact representation of the data, which can be beneficial 
when the tasks are related or have some commonalities. MTL can be useful in many applications such as natural 
language processing, computer vision, and healthcare, where multiple tasks are related or have some commonalities. 
Despite the recent progress in deep learning, most approaches still go for a silo-like solution, focusing on learning 
each task in isolation: training a separate neural network for each individual task. Many real-world problems, 
however, call for a multi-modal approach and, therefore, for multi-tasking models. Multi-task learning (MTL) aims 
to leverage useful information across tasks to improve the generalization capability of a model. Hence, a detailed 
survey on the summarization on MTL model will be carried out in this abstract. In this survey, we provide a well-
rounded view on state-of-the-art MTL techniques within the context of deep learning. The contributions of the MTL 
model concern the following. First the MTL from a network architecture point-of-view will be considered. The 
comprehensive overview as well as examine the pros and cons of the recent familiar MTL techniques will be included. 
A variety of optimization schemes to undertake the joint learning of many tasks will be examined. The qualitative 
constituents of the works, their commonalities and the dissimilarities will be explored. Finally, a huge investigational 
assessment over various databases will be provided to examine the advantages and disadvantages of different models, 
including both architectural as well as optimization strategies. 
 
Index Terms—Artificial Intelligence, Robotics, Cloud comput-ing, resource allocation, optimization 
 

I. Introduction 
Multi-Task Learning (MTL) is a learning paradigm in 
machine learning and it aims to leverage useful 
information contained in multiple related tasks to help 
improve the generalization performance of all the 
tasks [25]. Multitask Learning is an approach to 
inductive transfer that improves generalization by 
using the domain information contained in the training 
signals of related tasks as an inductive bias. It does this 
by learning tasks in parallel while using a shared 
representation; what is learned for each task can help 
other tasks be learned better [10]. 
Single task learning does not adequately represent the 
learning process of human beings. Therefore, 
combining information across domains is an essential 
component of human intelligence. Generally, multi-
task learning should be used when the tasks have some 
level of correlation [11]. In other words, multi-task 
learning improves performance when there are 
underlying principles or information shared between 
tasks [12]. For example, two tasks involving 
classifying images of animals are likely to be 
correlated, as both tasks will involve learning to detect 
fur patterns and colors. This would be a good use-case 

for multi-task learning since learning these image 
features is useful for both tasks [13]. 
The number of input features, variables, or columns 
present in a given dataset is known as dimensionality, 
and the process to reduce these features is called 
dimensionality reduction [23]. A dataset contains a 
huge number of input features in various cases, which 
makes the predictive modeling task more complicated. 
Because it is very difficult to visualize or make 
predictions for the training dataset with a high number 
of features, dimensionality reduction techniques are 
required in such cases. When the number of tasks is 
large or the data dimensionality is high, online, 
parallel, and distributed MTL models, along with 
dimensionality reduction and feature hashing, provide 
computational and storage advantages [16]. 
Modern critical infrastructures are characterized by a 
high degree of complexity in terms of vulnerabilities, 
threats, and interdependencies. The possible causes of 
a digital assault or cyber attack are not simple to 
identify, as they may result from a chain of seemingly 
insignificant incidents whose combination produces 
cascading effects at multiple levels [16]. Similarly, the 
rapid growth of digital technologies associated with 
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critical infrastructure and the technical characteristics 
of their sub-systems continuously generate enormous 
volumes of heterogeneous data. This requires the 
adoption of intelligent techniques for critical analysis 
and optimal decision-making. In many applications, 
such as network traffic monitoring and share market 
analysis, data is received at a very high frequency over 
time [17]. Consequently, it is not feasible to store all 
historical samples, making real-time processing 
essential while preventing the review of previous 
samples because of the one-pass constraint [18]. 
In particular, different tasks may have conflicting 
requirements. Handling high-dimensional data is 
extremely challenging in practice and is commonly 
referred to as the curse of dimensionality [20]. As the 
dimensionality of the input dataset increases, machine 
learning algorithms and models become increasingly 
complex. With the growth in the number of features, 
the required number of training samples also increases 
proportionally, thereby increasing the possibility of 
overfitting [21]. Consequently, models trained on 
high-dimensional datasets often become overfitted and 
exhibit poor generalization performance. 
Existing MTL methods are commonly categorized 
into two groups: hard parameter sharing and soft 
parameter sharing. Hard parameter sharing refers to 
sharing model weights among multiple tasks so that 
each weight is optimized jointly to minimize multiple 
loss functions [?]. Current techniques for constructing 
multi-task neural networks include shared feature 
extractors with task-specific decoders, different 
parameter-sharing strategies in existing network 
architectures, sharing and recombination of neural 
network modules, learning what to share, and fine-
grained parameter sharing [22]. The most prominent 
optimization approaches include per-task loss 
weighting based on uncertainty or learning speed, 
gradient modulation and replacement to avoid 
conflicting gradients among tasks, and multi-objective 
optimization [23]. Although soft parameter sharing 
does not explicitly share parameters, it encourages the 
task-specific models to maintain similar parameters 
[24]. 
By reducing the dimensionality of features, the storage 
space required for the dataset is significantly 
decreased, and the computational cost as well as 
training time of machine learning models are 
substantially reduced [25]. 
 

II. Related Work 
In 2019, Yousefi et al. [1] have proposed MTL model 
based on Gaussian processes for joint learning of 
variables that have been aggregated at different input 
scales. Their model represented each and every task as 
the linear combination of the realizations of latent 

processes that are integrated at a different scale per 
task. They were then able to compute the cross-
covariance between the different tasks either 
analytically or numerically. They also allow each task 
to have a potentially different likelihood model and 
provide a variational lower bound that could be 
optimized in a stochastic fashion making their model 
suitable for larger datasets. They showed examples of 
the model in a synthetic example, a fertility dataset and 
an air pollution prediction application. 
In 2018, Anezakis et al. [2] have initiated MTL model 
for Real-Time Large-Scale Data Analytics to 
differentiate the memory and towards the cyber 
protection of critical infrastructure. More specifically, 
it suggested the Multi Overlap LEarning STReaming 
Analytics (MOLESTRA) which was a standardization 
of the "Kappa" architecture. Their aim was the 
analysis of large data sets where the tasks were 
executed in an overlapping manner. This was done to 
ensure the utilization of the cognitive or learning 
relationships among the data flows. The proposed 
architecture used the k-NN Classifier with Self 
Adjusting Memory (k-NN SAM). MOLESTRA 
provided a clear and effective way to separate the 
short-term from the long-term memory. In this way the 
temporal intervals between the transfer of knowledge 
from one memory to the other and vice versa are 
differentiated. 
In 2020, Hajj et al. [?] have developed a MTL model 
with time series data to enrich annotated Time-Series 
(TS) sensing data by way of transfer learning with new 
MTL models. Compared to previous MTL approaches 
for TS, this work introduced three contributions. First, 
they proposed a systematic method to examine the 
efficiency of MTL approaches by exploring options 
for three key characteristics of MTL with TS: the 
choice of features that efficiently capture temporally 
dynamic information, the similarity measure that 
effectively modeled the commonality and uniqueness 
across tasks being learned, and the choice of 
regularization for achieving the best tradeoff between 
a model's generalizability and accuracy. Second, they 
presented an MTL deep learning model that was 
shown to achieve state-of-the-art performance for 
personalized human activity recognition from time-
series. Experimental results on three benchmark 
activity recognition datasets and one activity 
recognition in-the-wild dataset showed that the 
proposed framework provided performance gained 
over prior work while presenting a unified approach 
for designing MTL solutions for personalized time-
series classification problems. 
In 2020, Zhang et al. [25] have initiated MTL using 
laser processing based deep learning in extracting 
representative features from laser processing images 
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with a multi-task loss that consisted of cross-entropy 
loss and logarithmic smooth L1 loss. In the 
experiment, AlexNet with multi-task learning proved 
to be better than deeper models. This framework of 
deep feature extraction also has tremendous potential 
to solve more laser machining problems in the future. 
In 2018, Nian and Wan [5] have presented a 
methodology for structural health monitoring data 
recovery of Bayesian multi-task learning with multi-
dimensional Gaussian process prior. The proposed 
methodology stood to model a series of tasks 
simultaneously rather than modeling each task 
independently while explicitly encoding the 
correlations among tasks that could be learnt 
efficiently from data. The primary advantage of 
Bayesian multi-task learning for data reconstruction 
was that it makes more efficient use of the data 
available and it advanced the reconstruction capability 
by making use of the underlying task relatedness. 
Since the modeling performance of the Gaussian 
process-based Bayesian approach heavily relied to the 
selected covariance function, particular focus has been 
laid on the influences of various kinds of covariance 
functions including the unblended and composite 
(hybrid) ones on reconstruction performance. The 
instrumented Canton Tower of 600 m high is used as 
a test bed to illustrate the effectiveness of the proposed 
method in reconstruction of structural health 
monitoring data. The traditional Bayesian single-task 
learning approach is also implemented for comparison 
purpose. The reconstruction results of the structural 
health monitoring data show that the proposed 
Bayesian multi-task learning methodology affords an 
excellent performance, while the Bayesian single-task 
learning method was unreliable in certain cases; yet, 
the selection of covariance function has a significant 
impact on the reconstruction performance of the 
proposed methodology. The work presented in this 
study also gained insight into how to chose an 
appropriate covariance function for reconstruction of 
missing structural health monitoring data. 
In 2017, Strezoski and Worring [6] have initiated a 
OmniArt method for multi-task learning for artistic 
data analysis with a shared representation applied in 
the artistic domain. They continue to show how 
different multi-task configurations of our method 
behave on artistic data and outperformed handcrafted 
feature approaches as well as convolutional neural 
networks. In addition to the method and analysis, they 
propose a challenge like nature to the new aggregated 
data set with almost half a million samples and 
structured meta-data to encourage further research and 
societal engagement. 
In 2017, Jonathan et al. [7] have introduced a Pose-
Aware Multi-Task Re-Identification (PAMTRI) 

framework for labeling images with detailed pose for 
vehicles. This approach included two innovations 
compared with previous methods. First, it overcome 
viewpoint dependency by explicitly reasoning about 
vehicle pose and shape via keypoints, heatmaps and 
segments from pose estimation. Second, it jointly 
classified semantic vehicle attributes (colors and 
types) while performing ReID, through multi-task 
learning with the embedded pose representations. 
Since manually labeling images with detailed pose and 
attribute information was prohibitive, they create a 
largescale highly randomized synthetic dataset with 
automatically annotated vehicle attributes for training. 
Extensive experiments validate the effectiveness of 
each proposed component, showing that PAMTRI 
achieved significant improvement over state-of-the-art 
on two mainstream vehicles ReID. 
In 2022, Gong et al. [8] have initiated the new multi-
task learning-based time series anomaly detection 
(MTAD) method for anomaly detection, which 
captures the spatial-temporal correlation of the data to 
learn the generalized normal patterns and hence 
facilitated anomaly detection. First, four proxy tasks 
are implemented for feature extraction through joint 
learning: (1) Long short-term memory-based data 
prediction; (2) autoencoder-based latent 
representation learning and data reconstruction; (3) 
variational autoencoder-based latent representation 
learning and data reconstruction; and (4) joint latent 
representation-based data prediction. Proxy Tasks 1 
and 4 capture the temporal correlation of the data by 
fusing the latent space, whereas Tasks 2 and 3 fully 
capture the spatial correlation of the data. The isolation 
forest algorithm then detects anomalies from the 
extracted features. Application to a real spacecraft 
dataset revealed the superiority of our method over 
existing techniques, and further ablation testing for 
each task proves the effectiveness of fusing multiple 
tasks. The proposed MTAD method demonstrates 
promising potential for effective in-orbit anomaly 
detection for spacecraft. 
MTFL-TS [?]. 
 
III. Problem Definition 
The multi-task learning (MTL) in big data dimensions 
have severe problems like increased computational 
complexity and time complexity while processing 
large amount of data. MTL is not good at learning 
representations and thus reduces the overall 
performance. Thus, it affects the whole system. To 
overcome these challenges a big data dimensionality 
reduction in multi-task learning is proposed. 
 
IV. Problem Statement 
Gaussian process [1] was able to compute the cross-
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covariance between the different tasks both 
analytically or numerically. Also, it provides a 
variational lower bound that can be optimized in a 
stochastic fashion that is suitable for larger datasets. 
However, in high dimensional spaces the efficiency 
becomes low when the number of features exceeds the 
dozens and sample and feature requirement is usually 
large for the prediction. 
Kappa Architecture [2] helps to execute the task in 
overlapping manner to ensure the usage of the 
cognitive or learning relationships among the data 
flows and the long term memory and short term 
memory is separated to differentiate the intervals 
between one memory and the other memory. 
Moreover, a particular type of back layer optimization 
is absent in the Kappa architecture and the architecture 
always needs the requirement of single data scheme. 
MTFL-TS [3] achieve best tradeoff between a model's 
generalizability and accuracy and the learning time 
series data capture the dynamic information efficiently 
and models the commonality and uniqueness. Yet, the 
tasks are not similar or not closely related to each other 
and MTL is not good at learning representations and 
thus the overall performance is reduced. 
Laser Processing [25] has great capacity to solve more 
laser machining problems and it helps in extracting 
representative features from laser processing images 
with a multi-task loss. However, there will be 
dependencies on the labeled information since the 
method is supervised and there is a complexity in 
modelling a physical process and computing with 
analytical information. 
Bayesian multi-task learning [5] makes more efficient 
use of the available data and gives rise to improved 
reconstruction capability by making use of the 
underlying tasks and it efficiently encodes the 
correlations among tasks that can be learnt efficiently 
from data. Yet, there is no universally acknowledged 
method for constructing networks from data and 
specifying a prior is extremely difficult and it can 
produce posterior distributions that are heavily 
influenced by the priors. 
OmniArt [?] improves the quality of categorical 
analysis in artistic domain for multi-task learning and 
different multi-task configurations were performed 
and this method outperformed in handcraft feature. 
Moreover, varying the parameters scale was not 
available and it only depends on artistic data and not 
adapted and transferred to different domains. 
PAMTRI [7] method overcomes the viewpoint 
dependencies by reasoning about vehicle pose and 
heatmaps. In addition, it jointly classifies the vehicle 
colour and type via MTL with embedded 
representations. But, the domain gap between the real 
and synthetic data is not bridged efficiently and for 

large scale datasets, there is no sufficient annotated 
vehicle information. 
MTAD [8] method captures the temporal correlation 
of the data to learn the generalized normal patterns and 
facilitates anomaly detection and for each task there is 
ablation testing and it proves the effectiveness of 
fusing multiple tasks. However, the large numbers of 
datasets are not provided with different characteristics 
and the changes in the weights are not determined 
properly. 
Hence, these challenges promote us to design a new 
deep learning-based big data dimensionality model in 
multi-task learning. 
 
A. Research Gap 

 Existing work in this area is focused on point 
estimation of the input data. 

 Existing systems have limited to focus on 
feature selection methodologies. 

 Less work available which addressed feature 
transformation methodology for multi-task 
learning. 

 Existing systems are limited to address data 
dimensionality reduction classification in 
multi-task learning for large dataset. 

 
V. Research Methodology 
Over the past decades, the multi-task learning problem 
has attracted much attention in the artificial 
intelligence and machine learning communities. 
However, most published work in this area focuses on 
point estimation; that is, estimating model parameters 
and/or making predictions. Deep Learning algorithms 
extract high-level, complex abstractions as data 
representations through a hierarchical learning 
process. Complex abstractions are learnt at a given 
level based on relatively simpler abstractions 
formulated in the preceding level in the hierarchy in 
multi-task learning process. 
Hence, a deep learning-based multi-task learning 
model will be introduced based on the big data for to 
process towards data dimensionality. At first, the big 
data will be obtained from the traditional authentic 
online databases and then it will be subjected to data 
pre-processing to improve the quality of data. The 
resultant pre-processed data will be applied to the 
multi-task learning algorithm. The block diagram of 
the developed big data dimensionality-based multi-
task learning model is given in Figure 1. 
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Fig. 1. Block diagram of the developed big data 
dimensionality-based multi-task learning model 
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