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Abstract 
With the rapid development of big data, based on the probability of machine learning in 
recent years received great attention from industry and academia, and in the visual, 
speech, natural language, biology and other fields for many important successful 
applications, including Bayesian method in the past 20 years also got rapid development, 
become a very important kind of machine learning method.In the era of big data, how to 
effectively and quickly process uncertain data, and conduct knowledge acquisition and 
data exploration, has always been a research hotspot in many fields.In recent years, the 
Bayesian method based on mathematical statistical analysis has received much 
attention in academic circles.This paper summarizes the recent progress of the Bayesian 
method in big data, machine learning, and gives a basic introduction to the Bayesian 
method and its research status.Finally, the existing problems of the Bayesian method are 
briefly introduced, and the improvements are found. 
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1. Research Status 

Machine learning is a common research hotspot in the field of artificial intelligence and pattern 
recognition, and its theories and methods have been widely used to solve complex problems in 
engineering applications and science.The 2010 Turing winner was Professor Leslie Valliant of 
Harvard University, one of the correct learning theory and the 2011, Professor Judea Pearl of UCLA, 
to an AI method based on probability statistics, which promotes the development and prosperity of 
machine learning.An important branch of machine learning is Bayesian machine learning.The 
Bayesian method originated from [1], a special case of Bayes' theorem proved by the British 
mathematician Thomas Bayes in 1763.Through the joint efforts of multiple statisticians, Bayesian 
statistics was gradually established after the 1950s, and became an important component of statistics, 
[2-3].Bayes' theorem is known for its unique understanding of [4], the subjective degree of confidence 
in probabilities.Since then, Bayesian statistics has been widely and far-reaching applied to [5-6] in 
many statistical machine learning fields, such as posterior inference, parameter estimation, model 
detection, and hidden variable probability model.Over 250 years from 1763, Bayesian statistical 
methods have improved greatly by[7].In the 21st century, with a mastery of all knowledge, Bayesian 
machine learning will have a broader application scenario and will play a greater role. 

In the era of big data, how to effectively deal with complicated uncertain information to obtain regular 
cognition is a big problem for people."Uncertainty" is a state in which we are "not completely 
convinced" of things, generally including inherent uncertainty and cognitive uncertainty.The former 
originates from the inherent randomness of things, while the latter originates from the limited [8] of 
the knowledge and information that people have.Among them, cognitive uncertainty, as a specific 
uncertainty, has attracted enough attention in various discipline fields.Therefore, new methods and 
new ideas are needed to analyze the uncertainty of each environmental system qualitatively and 
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quantitatively.Bayesian (Bayes) method is a statistical method based on probability theory. The 
biggest difference from traditional statistical theory is that Bayesian theory takes all parameters as 
random variables and gives it a prior distribution according to expert experience to make parameter 
estimation more reliable [9].In recent years, the method has been successfully referred to various 
subject areas to handle uncertainty information.In the past three decades, among many algorithmic 
models of data mining, Bayesian Networks (BN) [10], as a graphical modeling tool, provides a way 
to represent causal relationships among variables to mine knowledge hidden in the data.Bayesian 
networks combine acycllic graph and probability theory, play great advantages in uncertain reasoning, 
and are widely used in decision support systems, artificial intelligence, machine learning and other 
fields. 

Bayesian methods have many applications in the field of machine learning, from univariate 
classification and regression to multivariate structured output prediction, from supervised learning to 
unsupervised and unsupervised learning and semi-supervised learning.Reinforcement Learning (RL) 
is an effective optimal control learning method to realize multi-stage optimized learning control based 
on data under the condition of complex or uncertain models. It is a cross-sectional research direction 
[11] involving machine learning, control theory and operation research in recent years.Enhanced 
learning is successfully applied in robot navigation, nonlinear control, complex problem solving and 
other fields, due to its strong online adaptability and self-study ability to complex systems[12-13]. 

2. Problems and Improvements 

In recent years, the development of big data application has brought great vitality to physics, biology, 
environmental ecology, computer science and other fields, as well as military, finance, 
communication and other industries.These big data applications usually have the following features: 
large-scale user volume, extremely complex software systems, large-scale heterogeneous computing, 
and distributed storage architectures.These complex applications contain a large number of design 
decisions and are more complex. Their optimization objectives not only have common features such 
as multimodal, non-convex, high dimensional, and large decision space, but also new features such 
as black box and costly evaluation.There is no explicit mathematical expression of the optimization 
objective, and it takes a high cost to observe the return value of the objective function.For example: 
in the development of a cancer effective drug problem, drug formulation can be used as a decision 
space, drug effect (drug effect with drugs can cure the patient probability size to describe) as a 
function of output, clinical experiments as a means of evaluating drug effect, the goal is to find a drug 
formula, make the drug can maximum probability to cure patients.In this problem, the objective 
function is difficult to write as an explicit mathematical expression, and the evaluation functional 
process may lead to patient death.Obviously, the cost of such an assessment is a huge [15]. 

Bayesian optimization (BO) is an effective solution to the complex design problems with the above 
features, namely, [16].Bayesian optimization is also called sequential Kriging optimization (SKO), 
sequential model-based optimization (SMBO), and efficient global optimization (EGO).This method 
is a model-based sequential optimization (i. e., only after the next evaluation) method that yields an 
approximate optimal solution at very few evaluation costs.Probabilistic model has become the 
mainstream method[17] in the fields of artificial intelligence, robotics, machine learning and other 
fields.The machine is able to predict future data from a probabilistic framework and make decisions 
based on the predicted data.The main difficulty of these problems is that the observation value is 
uncertain, and the probabilistic model can model the uncertainty and effectively solve the observation 
noise problem. Ghahramani notes that Bayesian optimization is [18], one of the several most 
advanced and promising technologies in the field of probabilistic machine learning and artificial 
intelligence.Bayesian optimization is a very efficient global optimization algorithm, with the goal of 
finding the global optimal solution.Bayesian optimization effectively solves the classical machine 
intelligence (machine-intelligence) problem in sequential decision theory: according to the 
information obtained from the unknown objective function f, find the next evaluation position, so as 
to reach the optimal solution[19] fastest.Because the Bayesian optimization framework uses agent 



International Core Journal of Engineering Volume 8 Issue 8, 2022
ISSN: 2414-1895 DOI: 10.6919/ICJE.202208_8(8).0110

 

814 

models to fit real objective functions and actively selects the most "potential" evaluation points based 
on the fitting results, avoiding unnecessary sampling, Bayesian optimization is also called active 
optimization (active optimization).At the same time, the Bayesian optimization framework is able to 
effectively use the complete historical information to improve the search efficiency. 

Dimensional disaster (curse of dimensionality) is a phenomenon involved in machine learning, data 
mining and other fields.As the dimension increases, the search space x grows dramatically 
exponentially.However, many high-dimensional problems have the nature of low effective dimension 
(low effective dimensionality), that is, only a few dimensions determine the objective function, while 
there are a large number of subtle or irrelevant dimensions affecting the objective function.Many 
researchers apply automatic correlation determination techniques to remove irrelevant dimensions, 
or approximate them through a sparse approach.Wang et al. map Bayesian optimization from high to 
low dimensional space by using a stochastic embedding method, which is able to solve low effective 
dimensional problems of nearly 1 billion dimensions (effective dimension 2) [20].Qian [21-23] et al. 
propose a continuous random embedding method, namely: randomly multiply a low-dimensional 
embedding matrix at each iteration to map the original dimensions to lower dimensions, while 
relaxing the assumption of low effective dimensions of the problem.Li [24-26]  et al. proposed a 
Bayesian optimization suitable for high dimensions that models the assumption of low effective 
dimensions, using projected-additive Gaussian processes to solve high-dimensional problems and 
achieve good results.Wang [27-28]  et al. use probability graph models to learn potential 
relationships between variables to reduce unnecessary assessments to solve the high-dimensional 
problem.Gardner [29] et al. use the MCMC method to find independent additive structures from high 
dimensions and make model selection (such as the covariance function in the Gaussian process), and 
then optimize the parts simultaneously to accelerate the optimization.Li [30-31] et al., inspired by the 
neural network optimization acceleration technique dropout, used this technique to randomly discard 
fixed dimensions in each iteration and only optimize the remaining dimensions to achieve dimension 
reduction.Although simple and effective, this method needs to define the abandoned dimension. 

In experimental design, traditional Bayesian optimization can not evaluate the performance of the 
model only after complete training.However, model training takes a lot of time, so it is hoped that the 
performance of the model can be evaluated in advance while training the model.A freeze-thaw 
Bayesian optimization of [32] was proposed by Swersky et al."Frozen" means hanging an 
undertrained model, and "melt" means continuing to train an undertrained model.The proposed 
method can predict the model performance during training, allowing it to hang up and recover 
relatively bad performing experiments.Meanwhile, the proposed method constructs an unstable 
covariance function to predict the performance of the model, and selects the continued trained model 
through the entropy search-based acquisition function. 

Machine learning in big data, especially enhanced learning, is a hot and difficult point in the current 
basic research on big data, and it is also the key to promote the application of big data.Large data is 
the bottleneck of reinforcement learning. Classical reinforcement learning algorithms can be 
classified into two categories (Model-free (Model-based) (M o d e l-free).Model-based algorithms 
include TD learning, O learning, SARSA, and ACTOR- -CRITIC.Model free has DYNA-Q and 
priority cleaning algorithms.The above classical enhancement learning algorithm theoretically proves 
the convergence of the algorithm, however, in the practical application field, especially in the big data 
environment, the number of learned parameters is many, is a typical NP difficult problem, difficult 
to optimize to explore and use the balance [33-34] between the two.Thus, the classical reinforcement 
learning algorithms are only theoretically valid.Therefore, the enhancement learning research in 
recent years mainly focuses on reducing the number of learning parameters, avoiding the full 
sampling of posterior distribution and minimizing the number of exploration, so as to achieve the 
purpose of rapid convergence of the algorithm and realize the optimal balance between exploration 
and utilization of the two.Bayesian Reinforcement Learning (BRL) uses the model prior knowledge 
to model the unknown model parameters, then updates the posterior distribution of the unknown 
model parameters according to the observed data, and finally plans according to the posterior 
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distribution, in order to maximize the expected reward value [35].As BRL provides a perfect solution 
for the balance between optimal exploration and utilization, it has received wide attention and become 
a hot research topic in the RL field. 

In the classical parameterized model, the number of parameters of the model is fixed and does not 
change with the data.Take the unsupervised clustering model as an example, if the number of cluster 
centers can be obtained automatically learned by the data itself, it is much better than the parametric 
model (such as K mean, Gaussian hybrid model, etc.); this is also an important advantage of the non-
parametric model.Compared with parameterized Bayesian methods, non-parametric Bayesian 
methods have the advantage of describing data because of the nonparametric properties of their prior 
distribution, [36], and non-parametric Bayesian methods have received more attention to [37] after 
2000.For example, [38-40] of models with implicit mixture and implicit feature models with unknown 
dimensions, Gaussian processes describing continuous functions, etc.Need to emphasize the non-
parameterized Bayesian method does not refer to the model without parameters, but refers to the 
model can have infinite many parameters, and the number of parameters can change with the change 
of data, this feature is especially important to solve the complex application problem of big data 
environment, because one of the characteristics of big data is dynamic and changeable.Classical non-
parametric Bayesian methods usually assume data with simple properties such as commuchangability 
or conditional independence; however, real world data often have different structures and 
dependencies.Developing stochastic processes with various dependence properties have received 
much attention to accommodate different needs.For example, in the subject mining of text data, data 
often from different fields or types, we usually want to learn topics have some hierarchy, therefore, 
the hierarchical dikley process (hierarchical Dirichlet process, HDP) [41] is proposed, can 
automatically learn layers of topic representation, and automatically determine the number of 
topics.In addition, IBP processes with multiple levels are also proposed and used to learn the structure 
of deep confidence networks, including the number of layers of neurons, the number of neurons in 
each layer, the connection structure of interlayer neurons, etc.Other examples include infinite hidden 
Markov models with Markov dynamic dependence, Dirkley process [42-44]  with spatial 
dependence, etc. 

3. Summary 

Bayesian statistical methods and their application in the machine learning field are important research 
contents of Bayesian learning.Because the adaptability and scalability of Bayesian theory enable the 
wide application of Bayesian learning.In recent years, big data Bayesian learning has become the 
focus of attention, and how to strengthen the flexibility of Bayesian learning and how to accelerate 
the reasoning process of Bayesian learning to make it more adapt to the challenges of the era of big 
data is.During this period, many new methods and theories will be proposed, and Bayesian learning 
is also combined with many other aspects of knowledge, such as parallel computing, data science, 
etc., producing many new results.It can be expected that Bayesian learning will certainly have more 
updates and better results, and will be more widely used in the future. 

Machine learning in big data, especially enhanced learning, is a hot and difficult point in the current 
basic research on big data, and it is also the key to promote the application of big data.Huge data is 
the bottleneck of enhanced learning. The key of big data lies in the application. What enhanced 
learning method should be selected according to the specific application.At present, combining 
supervised learning or semi-supervised learning with enhanced learning is an effective method in the 
field of big data application. 
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