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A Survey on Vulnerability of Deep Neural Networks to
Adversarial Examples and Defense Approaches to Deal
with Them
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Abstract

Nowadays the most commonly used method in various tasks of machine learning and artificial
intelligence are neural networks. In spite of their different uses, neural networks and Deep neural
networks (DNNs) have some vulnerabilities. A little distortion or adversarial perturbation in the input
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data for both additive and non-additive cases can be led to change the output of the trained model, and
this could be a kind of DNN vulnerability. Despite the imperceptibility of the mentioned disturbance for
human beings, DNN is vulnerable to these changes.

Creating and applying any malicious perturbation named “attack”, penetrates DNNs and makes
them incapable of doing the duty assigned to them. In this paper different attack approaches were
categorized based on the signal applied in the attack procedure. Some approaches use the gradient
signal for detecting the vulnerability of DNN and try to create a powerful attack. The other ones create a
perturbation in a blind situation and change a portion of the input to create a potential malicious
perturbation. Adversarial attacks include both black-box and White-box situations. White-box situation
focuses on training loss function and the architecture of the model, but black box situation focuses on
the approximation of the main model and dealing with the restriction of the input-output model request.

Making a deep neural network resilient against attacks is named “defense”. Defense approaches are
divided into three categories. One of them tries to modify the input, the other one makes some changes
in the developed model and also changes the loss function of the model. In the third defense approach
some networks are first used for purification and refinement of the input before passing it to the main
network. Furthermore, an analytical approach was presented for the entanglement and disentanglement
representation of inputs of the trained model. The gradient is a very powerful signal usually used in
learning and an attacking approach. Besides, adversarial training is a well-known approach in changing
a loss function method to defend against adversarial attacks.

In this study, a critical literature review has been carried out to summarize and evaluate the latest
researches on the vulnerability of DNN. Literature and our experiments indicate that the projected
gradient descent (PGD) and DeepFool methods are powerful approaches in the I, and l,, bounded
attacks, respectively. Also, our experiments imply that the PGD and DeepFool are much more time-
consuming than the other methods. The DeepFool method is also the most time-consuming approach
among all approaches discussed in this paper. In defensive concept, different experiments were
conducted to compare different attacks in the adversarial training approaches. Adversarial training is
the best defense approach which has been introduced till now, and our experimental results indicate that
the PGD is much more effective than fast gradient sign method (FGSM) and Faster FGSM (FFGSM) in
adversarial training and cover more generalization of the trained model on the predefined dataset. Also,
it is proved that the adversarial training is more time-consuming than pure training. Extended
experiment results and more information about this paper are available on
https://github.com/khalooei/adversarial_robustess_stack.

Keywords: vulnerability of neural network, robustness, attack, defense, neural network
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(Figure 1) A sample attack on the Deep Neural
Network model [8]

L (99,5 8als ST daosls (guonaiws yo o Jlie gl p
i e 698 i 5t ugwmmal Ol sy Sl
3Pl S oo jedS (295 W 59,5 (00 B
Ol 5o eSS 50 (V) JS& o 1) pglad (umais
«lasb» o0 QVIY Cdo L X (694,5 yg—al (S0
ovg—eal) Sosl Olyss 0938] 068 wodls anels
o Loosls oplas cslonds coge (Sl Jole Has
g 00ld jasis € ygeme lAigS» ws,0 1Y Ll
Al

alg s Blacal g Loyl i Ly conlicie OMas )
Lol glasl g Blacal Glsim 4 aalsl jo .awil glate
Cewloals azls

J ol gy S SG 9 STy el
L csline @lse (F 50 (Jy el (iludinge At
oolaiwl 5 s g (xS by, 5l Sl (S Ll o0
el ools S5 60, puwd 4y o8 Pl SO el g
@bacts; L olisee Lol o)l pogple ol 5 ool

3 Attack
4 Perturbation
5 Vulnerability

OF 2l ¥ 5Ll 1F-Y Jlo

st 53,05 S 4o abl, slin Asly by
ol 3l g sl a1y T Gl 5 9,095 il
Lasblw cosal wlgs oo 58l 08 51 15810 jaseis (o
solol IS L1y plojle S5 il sleasis

L aS 2w S oladl (g5l Jled oS g s,
s a0l oe webos o)l (Sg—o sLaple 2
a5l olaJle Lenl den 093 (piie (bS5 0
laaSed 55lwpglio pgrd 5 ailoas Sie> L ablis

slessll glupslie ' (gools Grile 62Tk
I R e R R e IS A L
wloas Sos 3523 s bl 6,50l (sl ans
4565 ol s Loyl Conglie ol jme 808 s
soly 5l oolanwl b b cawl (5 4o ol el OMlas
A o394y (il (5 5oLy slagSl T oy s
A2 g B 1y eac

S it rdle (5050 p e o5 (bl
Lyl Sy Jle (gl s ols Slis b gyl
a oleo b Gl e 3 S el s Gl Oles 5o
a9 b as ol ol s baie (aBly s 09, o0 jled
b ogesl slaosls )lel @39 b (ch5900 slaosls (Lol
S 3gh o0 cge (Su33 oulaBl Soop (YL v
AROUN PR 3P|

=1y g ama 5o ool
L oo ¢ Jos ;0 ¢ s0ol OMax jo Lol aibails
Lalpd b eld o ) alejl baoe Ll Slogig (S 2
oLl 4y crge pol (et 5 980 0 i SB590] baie
AV] 095 o sloomae OIS in 59, g amaiws (yolidl
DAL 5 [A]
Sl 83150 51 eogail 5 (el sladame LS,
L asbazsls 1y (LSl ol pmolxin g oo yonie a5
soly jo Sl Joole o 5l ugwmol Ol s Jlos!
Syl plydlany actdlaus s (Lo 1) aatus (5995
5 St Ol Jdo Lo gl 5 390l (0l 595
WS nlial (5 )ame e 5l (5,50 s Yo
cnl 3a0 iYs S50 5l adly e 55 o a5 e U
ol ()2 4 )l (ode Sla gl anil alius
ol o calidee clys g oo sla g, g alo>
4 ales pggie 35 peie pgs Lide N YI=[AL (5]
ol e lizee glos g, 55— § (e SAS—S

Ol 9 ELB Cay i 4y (g iy [0 CewlaiSlo

! Adversarial Machine Learning
2 Malicious


http://dx.doi.org/10.61186/jsdp.20.2.113
http://jsdp.rcisp.ac.ir/article-1-1205-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-17 ]

[ DOI: 10.61186/jsdp.20.2.113 ]

F | ol a0 | | b giaosld A
ﬂ_} « ‘( J
25 ale> Cusgans dlas
st o s} (ot g as)
oo £989 3o 9 o yo sy 31 WO glgil (Y- JSi)
[yl .[5]

(Figure 2) Types of attacks from the point of view of the stage
and time of the attack [6], [12]
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(Figure 3) Different types of attack to machine learning
models [6], [11], [21]
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(Figure 7) Schematic representation of the universal
adversarial perturbation algorithm [17]
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(Table 2) Accuracy of the WRN-28 trained model for the
MNIST dataset with adversarial example generated by
different attack methods under I, norm
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