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Abstract

Adversarial examples are commmon in Machine Learning technology. And surprisingly, adversarial examples are
also commmon in our daily life. For example, you can try to Google with “Which team take the 3rd in world cup 20187 and
“Which team takes the 3rd in world cup 2018?7" , and you can get results with remarkable differences. To improve the robustness
of semantic parsing models, we conduct a research on generating adversarial examples with various methods and attacking
semantic parsing models with them. The result can give us some insight into an approach to building a more robust model.
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st Gradien ign Method (FGSM) with Approsimation

® Find the gradient of input sentence x corresponding to the output y denoted by

grad FGSM e The model is robust enough to handle perturbation in a certain
® Find the perturbed input sentence Attack range, but not out of that range.
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® Compare the perturbed output y’ with the original output and control, and the final weighing result may be
unbalanced. Finally, when the word weighed too much in
the input sentence get changed, the output will change with
remarkable difference.

® Make x; = x; and then generate a new sentence x’ Examples
® Take x' as the input to the model and get the output y’

y and observe the difference
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