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1. Adversarial Attacks
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Fig. 1. Machine Learning and Adversarial Attacks
(LG CNS Blog — Al Data)

8 13 2ol Al FAell= 4714 FF7} itk Poisoning
Attack, Evasion Attack, Model Extraction Attack, Model Invasion

Attacko] ot

619



SR FEIRESS| siAstEs| =FF H31E H25 (2023, 7)

Table 1. Types of Adversarial Attacks
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2. Adversarial Countermeasures
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IV. Conclusions

2 =Ros Al 2ol ot Heis F2o) FRst ohs: el
U] TRl Ao TR Al mele] Azl e s
Y 5 k= 9RoIv, ool TS ek TSk Zlo] Basik

Al o] chet Sjej 37 ok ASsi ATsiolol sl
A5k Wo] 71e] o] Lasieh Alel B volE] 5
sk volele] Fage wgsel, Agte] ofeld Fomy
B mashen] h$ Fasich Toasl ol Hee] TRAL B
Al wele] ks F2) et i S A1, Al 7]
Abgl dig A2E 2k 571 gk

REFERENCES

[1] LG CNS Blog — Al/Data, https://www.lgcns.com/blog/c
ns-tech/ai-data/9616/

[2] Eykholt, Kevin, et al “Robust physical-world attacks in
deep learning models”.arXiv preprint arXiv : 1707.08945,
2017

[3] Sandip Kundu, security and Privacy of Machine Learning
Algorithms, ISQED 2019

620



