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Bayesian deep learning can obtain uncertainty that traditional deep learning has 
not been available, which is a measure of how reliable the prediction result of 
uncertainty is. The reason why uncertainty is important in decision making is that 
there are many situations that are very sensitive to prediction results. Examples 
include interpreting the results of ct shots of cancer patients and judging whether 
to brake on autonomous vehicles. Bayesian deep learning is a safe AI technique to 
be applied in these fields [1]. Theoretical background of Bayesian Deep Learning 
and ongoing researches using Bayesian Deep Learning will be introduced in this 
poster.

Introduction
The posterior probability distribution 𝑃( ȁ𝑊 𝑋, 𝑌) is approximated by the 

probability distribution 𝑞𝜃(𝑊), parametrized by 𝜃 ∈ Θ for variational parameter 
space Θ. We apply Kullback-Leibler (KL) divergence to calculate how well 𝑞𝜃(𝑊)
approximates 𝑃( ȁ𝑊 𝑋, 𝑌) [3]. The optimal variational distribution 𝑞𝜃(𝑊)∗ is 
calculated as follow:

where optimal 𝑞𝜃(𝑊)∗ is the closest distribution to the posterior distribution 
𝑃( ȁ𝑊 𝑋, 𝑌) in the 𝑄 = {𝑞𝜃 𝑊 :𝜃 ∈ Θ}. The last expression (2) is a cost function 
defined by the evidence lower bound (ELBO) [4][5]. Minimizing KL divergence is the 
same as maximizing ELBO.

Deterministic Deep Learning 
vs Bayesian Deep Learning 

Bayesian deep learning is trained by estimating the posterior probability 
distribution 𝑃( ȁ𝑊 𝑋, 𝑌) from the prior probability distribution 𝑃(𝑊). Weight (W) is 
the weight of the model parameters and X={𝑥1,…, 𝑥𝑛}, Y={𝑦1,…, 𝑦𝑛} is N inputs and 
outputs, respectively. Given X and Y, the posterior probability distribution of weight
𝑃( ȁ𝑊 𝑋, 𝑌) updates the following expression according to the Bayes’ Theorem.

𝑃 ȁ𝑌 𝑋,𝑊 is the likelihood of Y for a given X and W, and the prior probability 
distribution of weight 𝑃(𝑊) is defined as the prior knowledge for a given X. 

To calculate the bayes expression, we need to obtain the evidence 𝑃 ȁ𝑌 𝑋 =

𝑃 ȁ𝑌 𝑋,𝑊 𝑃 𝑊 𝑑𝑤. However, W for calculating Evidence 𝑃( ȁ𝑌 𝑋) has very high 

dimension as the deeper Neural Network, the greater the number. It is not 
analytical to perform an integral operation on all possible W spread over a wide 
dimension [1][2].

To address the above problem, this paper uses variational inference that 
approximate complex posterior distributions to simple variational distributions.

Bayes’ Theorem

We understand the importance of contact tracing visited places of infected people 
to prevent the spread of infection. In order to reduce the enormous impact of false 
statements of the infected, we propose models to predict whether false statements 
are made based on epidemiological investigation data. We created models for 
classifying truth and false statements with SVM, DNN, RNN, BDNN, and BRNN, and 
BRNN showed the best prediction results. We show the uncertainty of the 
prediction results with BDNN and BRNN. It show that BRNN has less uncertainty 
than BDNN.

Bayesian Deep Learning for Detection of Confirmed 
COVID-19 Patient’s False Statement on Tracing

Deterministic Deep Learning is a problem of calculating weight and predicting 
result Y. Bayesian deep learning calculates weight distribution and predicts result 
Y’s distribution. Figure 1 shows the difference between the two models. By finding 
the distribution, we can see how reliable the results. This is because the result can 
be interpreted through the variance of the probability distribution of the prediction 
result. 

Variational Inference

Figure 1. Deterministic Deep Learning vs Bayesian Deep Learning [2].
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Figure 3. Comparison of Monte Carlo dropout prediction results of Bayesian Deep Neural Network (BDNN) and Bayesian Recurrent 
Neural Network(BRNN) in each age group.
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Figure 2. Model ROC Curve comparison


