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Abstract Artificial intelligence (Al) systems are susceptible to adversarial attacks, where minor input changes
cause significant errors. This paper reviews these attacks in image classification and evaluates defense methods
like adversarial training and Bayesian Neural Networks (BNNs). We introduce “Bayes without Bayesian Learning
(BwoBL),” a novel approach that improves model robustness with low computational cost. Experiments on the

ImageNet dataset demonstrate its effectiveness against advanced attacks. This work contributes to building more

secure and reliable Al systems.
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Figure I  An ideal example input/output of an image classification.
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Figure 2 An example of an adversarial attack [1].
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Figure 3 A realistic example of an image classification.
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Figure 4 An example of protection by BwoBL.
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