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Explaining	and	taking	advantage	of	adverse	examples.	However,	use	the	characteristics	of	the	middle	layer	of	the	Berryesian	neuronal	network	to	determine	normal	samples	and	adverse	examples,	and	use	the	output	of	the	deep	neural	network.	The	safety	of	automatic	learning	in	an	adversary	environment:	a	survey.	ADV	and	GBI	are	generated	by	Deepfool	[15]	and	WGan	[40],	respectively.	Liâ	etâ	al.
You	are	reading	a	free	preview,	pages	275	to	301	are	not	shown	in	this	preview.	Forensic	Secure.	Syst.	The	result	is	shown	in	Figure	1.	In	Figure	1,	Top1,	Top2	and	Top3,	indicate	the	top	value	1,	the	2	main	values	and	the	3	main	values	of	the	model	outputs,	respectively.	First	he	proposed	the	concept	of	adverse	examples	[12].	Its	basic	principle	is	to	add	some	specific	subtle	disturbances	to	the
original	data;	the	model	would	generate	error	results	with	high	confidence.	At	Actas	de	la	Conferencia	AAAAI	sobre	inteligencia	artificial	de	thirty	sec,	Nueva	Orleans,	LA,	EE.	UU.,	2	€-7	February	2018;	pp.	Section	4	experimentally	evaluates	our	method.	Computer.	In	our	experiments,	F	is	the	classifieder	trained	in	CIFAR10	or	CIFAR100	data	sets.	Deepfool	adds	some	minor	disturbance	to	the	normal
image,	which	makes	the	image	exceed	the	classification	limit	through	the	iterative	calculation	"[15].	We	experimentally	verify	our	method	using	CIFAR10	and	CIFAR100	datasets,	and	the	results	show	that:	(1)	the	detector	has	a	good	detection	capacity	for	adverse	or	false	images;	(2)	the	detector	has	a	good	generalization	for	different	model	structures;	and	(3)	the	detector	has	a	good	transferability,
i.e.,	the	adverse	example	detector	and	the	false	image	detector	can	effectively	detect	false	images	or	adverse	examples.	Specifically,	first	select	one	of	the	sal	sal	raulave	arap	setnatser	seder	sal	somazilitu	etnemlanif	y	rotceted	le	ranertne	arap	onitsed	ed	oledom	led	adilas	al	somazilitu	ogeul	,zev	us	a	arto	sart	anu	,onitsed	ed	oledom	omoc	der	ed	of	the	detector.	La	Lãnea	5	uses	the	data	set	d	t	r	a	i	n
to	train	the	detector	d.	[Google	Scholar]	[Crossref]	MO,	K.;	Tang,	W.;	Li,	J.;	Yuan,	X.	3.	The	generator	shows	randomly	from	the	latent	space	as	an	entrance	and	tries	to	imitate	the	real	samples	in	the	training	set	to	deceive	the	discriminator.	Aggregation	protocol	of	safe	and	efficient	parameters	for	federated	incremental	learning	and	its	applications.	Seriously,	if	criminals	use	a	strong	counterfeit	for
political	or	malicious	reasons	for	benefits,	it	will	result	in	many	risks	and	serious	threats	to	political,	economic,	social	and	national	security.	[Google	Scholar]	[Crossref]	REN,	H.;	Huang,	T.;	Yan,	H.	You're	Reading	A	Free	Preview	Pages	249	to	254	are	not	shown	in	this	preview.	We	observe	some	differences	in	the	distribution	of	model	outputs	for	normal	and	adversary	examples	(false	images)	and	train
the	detector	to	know	the	differences.	Finally,	d	u	k	is	entrance	to	detector	D	to	obtain	the	detection	result.	In	this	section,	we	experimentally	evaluate	the	proposed	toilet	using	the	CIFFAR10	and	CIFFAR100	data	sets.	Conceptualization,	Methodology,	Software,	J.L.;	Software,	Y.H.;	Writing:	Review	and	Edition,	R.H.;	Review	and	Edition,	X.W.	All	authors	have	read	and	agreed	the	published	version	of
the	manuscript.	This	investigation	was	funded	by	the	National	Natural	Science	Foundation	of	China	(No.	62072127,	No.	62002076),	Project	6142111180404	and	supported	by	the	CNKLSTISS,	scientific	and	technological	program	of	Guangzhou,	China	(No.	202002030131,	No.	201904010493)	Basic	and	applied	research	set	of	Youth	Fund	(No.	2019a15110213)	The	authors	declare	that	there	is	no
conflict	of	interest.	Le	Cun,	Y.;	Bengio,	Y.;	Hinton,	G.	165â	€	“170.	This	data	set	consists	of	the	normal	samples	model	and	examples.	.​ÃS	.​ÃS	,iaC	;.G	,gnaY	;.S	,naiT]ralohcS	elgooG[	.ednerpA	.)saslaf	senegami(	Scholar]Ma,	X.;	Li,	B.;	Wang,	Y.;	Erfani,	S.M.;	Wijewickrema,	S.;	Schoenebeck,	G.;	Song,	D.;	Houle,	M.E.;	Bailey,	J.	Below,	we	provide	a	detailed	introduction	to	the	experimental	content.We
alternately	used	CIFAR10	and	CIFAR100	as	the	training	dataset	and	used	CIFAR100	and	CIFAR10	as	the	evaluation	dataset	to	verify	the	generalizability	of	the	detector	for	the	dataset.	Safetynet:	Detecting	and	rejecting	adversarial	examples	robustly.	Generating	transferable	adversarial	examples	based	on	perceptually-aligned	perturbation.	Limited	by	the	two	time-scale	update	rule	(TTUR),	we	only
use	AutoGAN	[41]	and	TransGAN	[42]	generators	on	the	CIFAR10	dataset.	Line	3	inputs	the	merged	data	D	into	F	to	obtain	the	output	distribution	dataset	D	o	u	t	.	You're	Reading	a	Free	Preview	Pages	158	to	179	are	not	shown	in	this	preview.	[Google	Scholar]	[CrossRef]Qiu,	X.;	Li,	H.;	Luo,	W.;	Huang,	J.	[Google	Scholar]Li,	Y.;	Tang,	T.;	Hsieh,	C.J.;	Lee,	T.	FGSM	is	a	one-step	method	that	adds	limited
perturbations	in	the	gradient	direction	to	search	for	a	similar	image,	which	will	cause	the	model	to	output	wrong	results​Ã	Â[13].	Netw.	However,	active	approaches	have	some	shortcomings,	such	as	difficulty	in	secondary	propagation	and	single	verification,	which	are	confronted	with	overlooked	challenges.​Ã	Â(ii)	Passive:	passive	approaches	extract	the	features	from	the	images	and	use	these	features
for	forgery	detection​Ã	Â[33].	3224¢Ã​Â​Â3234.	Sci.	Those	methods	can	be	divided	into	the	copy-move	and	splice	methods,	which	create	fake	images	without	leaving	traces	by	adding	new	content	to	the	original	image	or	perform	image	stitching,	respectively.	Hence,	WGAN_DIV	is	a	candidate	to	generate	fake	images	in	training	in	the	real	world.The	generalizability	of	the	detector	mainly	includes	(1)	the
generalizability	of	datasets;	(2)	the	generalizability	of	target	model	architecture.	However,	there	are	multiple	serious	security	risks	when	using	deep-learning	I'm	sorry.	####
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framework	for	adversary	examples	and	false	images.	[Google	Scholar]	[CrossRef]	[PubMed]Wu,	C.;	Li,	W.	[Google	Scholar]	[CrossRef]Chen,	H.;	Lu,	K.;	Wang,	X.;	Li,	J.	In	Proceedings	of	the	2017	ACM	SIGSAC	Conference	on	Computer	and	Communications	Security,	Dallas,	TX,	USA	pp.	Contradictory	methods	of	example	generation	are	constantly	updated,	leading	to	the	continued	re-education	of	the
model.	Detector-based	methods.	2021,	36,	681-690.	Meng,	D.;	Chen,	H.	Intell.	Images	2019,	2019,	532-1–532-7.	Towards	deep	learning	models	resistant	to	contradictory	attacks.	Given	the	methods	of	generating	false	images	in	the	training,	if	these	methods	are	the	same	as	the	methods	of	generation	in	the	evaluation,	the	detector	achieved	the	best	detection	performance;	on	the	contrary,	the	detection
accuracy	decreased	slightly.	[Google	Scholar]Jiang,	Y.;	Chang,	S.;	Wang,	Z.	2021,	12,	3295–3307.	Some	researchers	believe	that,	due	to	the	diversity	of	false	images	and	the	continuous	updating	of	generation	methods,	the	detector	could	only	distinguish	false	images	in	training.	[Google	Scholar]Madry,	A.;	Makelov,	A.;	Schmidt,	L.;	Tsipras,	D.;	Vladu,	A.	In	Proceedings	of	the	2018	IEEE	Conference	on
Multimedia	Information	Processing	and	Retrieval	(MIPR,)	Miami,	FL,	USA,	10-12	April	2018;	pp.	In	addition,	the	methods	of	generating	adversary	examples	and	false	images	are	DeepFool	and	WGAN	[15,40]	respectively.	An	automatic	cost	learning	framework	for	image	stenography	by	learning	deep	reinforcement.	The	detector	training	algorithm	is	used	to	build	the	model	output	dataset	and	train
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scenarios	and	attack	targets.	Attack	on	deepening	Learning	with	the	adverse	policy	unlinked.	2021,	36,	1441-1453.	[Google	Scholar]	[CrossRef]Chen,	C.;	Huang,	T.	Figure	3.	Attacks	on	the	inference	of	members	against	learning	models.	3¢Ã​Â​Â18.	Dang​Ã	Âet​Ã	Âal.	Wasserstein	generative	adversarial	networks.	However,	there	are	ten	classes	in	CIFAR10	and	100	classes	in	CIFAR100.	[Google
Scholar]Kurakin,	A.;	Goodfellow,	I.;	Bengio,	S.	With​Ã	Âthe	development	of	GANs	technology,	GANs	are	used	for	different	scenarios,	for​Ã	Âexample,	generating	high	perceptual	quality	images,	domain	transfer,	image	to	image	translations,	and​Ã	Âso	on​Ã	Â[31].Defense	methods	against	fake	images	are	roughly	divided	into	defense	against	software-based	fake	images	and	defense	against	GANs-based
fake​Ã	Âimages.Defense	against	the	software-based	fake	image.	The	result	of	transferability	experiments.	Hence,	in	the	real	world,	our	method	is	feasible	and	effective.	Moreover,	the	proposed	framework	has	good	generalizability	for	the	different	datasets	and	model	structures.	In	Proceedings	of	the	2nd	ACM	Workshop	on	Information	Hiding	and	Multimedia	Security,	New	York,	NY,	USA,	14	July	2014;
pp.	2021,	36,	5770¢Ã​Â​Â5784.	You're	Reading	a	Free	Preview	Pages	97	to	124	are	not	shown	in	this	preview.	found	that	only	using	a	fake	image	and	then	performing	data	pre-processing	or	data	enhancement	to	expand	the	training	data	set	could	improve	the	generalizability	of	the	detector​Ã	Â[39].In	this	paper	we	mainly	focus	on	the	detection	of	adversarial	examples	and	GANs-based	fake	images,
and​Ã	Âwe	present	our	method	in	detail	in	this​Ã	Âsection.We	observed	the	difference	in	the	distribution	of	model	outputs	between	adversarial	examples	(fake	images)	and	normal	samples	through	experiments.	In	Proceedings	of	the	2019	IEEE	International	Workshop	on	Information	Forensics	and	Security	(WIFS),	Delft,	The	Netherlands,	9¢Ã​Â​Â12	December	2019;	pp.	(b)	is	the	experimental	result	on
CIFAR100.	PGD	is	also	an	iteration	extension	of	FGSM​Ã	Â[24].	In	Proceedings	of	the	International	Conference	on	Machine	Learning,	PMLR,	Sydney,	Australia,	6¢Ã​Â​Â11	August	2017;	pp.	Figure	3.	[Google	Scholar]Gong,	X.;	Chang,	S.;	Jiang,	Y.;	Z.	On	the	contrary,	Wang	et	al.	To	improve	the	generalization	of	the	detector,	Zhang	et	al.	Different	from	all	based	on	gradients,	its	basic	principle	is	to	take
the	process	of	generation	of	adversary	examples	as	a	limited	optimization	problem,	that	is,	to	ensure	that	the	model	produces	incorrect	results	without	being	easily	noticed.	Specifically,	the	distribution	of	model	outputs	conforms	to	the	density	estimate	of	the	nose.	GRANFIC	2.	In	addition,	to	reduce	the	time	cost	of	training	and	improve	the	efficiency	of	the	detection,	we	choose	the	first	k	values	​​of	the
model	output	to	represent	the	distribution	of	the	products.	Two	neural	networks	learn	by	confronting	and	constantly	adjusting	the	parameters.	For	the	CFAR100	data	set,	the	transferability	of	false	image	detectors	is	significantly	better	than	that	of	adversary	example	detectors,	all	distributed	around	0.9.	This	shows	that	our	world	has	good	transferable,	and	a	single	detector	can	be	used	to
simultaneously	detect	adversary	examples	and	false	images	to	some	extent.	In	this	article	we	observe	the	difference	in	the	departure	distribution	between	normal	samples	and	adversary	examples	(false	images)	and	we	propose	a	world	of	universal	detection	for	adversary	examples	and	false	images.	For	example,	deep	learning	technologies	of	the	last	generation	are	vulnerable	to	adversary	examples
that	make	the	model's	predictions	wrong	due	to	some	specific	subtle	disturbance,	and	these	technologies	can	be	abused	by	the	manipulation	and	falsification	of	multimedia,	that	is,	that	is,	that	is,	that	is,	that	is,	that	is,	that	is,	that	is,	that	is,	that	is,	that	is,	that	is,	that	is,	deep	counterfeit.	The	generalizability	for	objective	model	architecture.	The	framework	of	our	world.	In	Proceedings	of	the	IEEE
Conference	on	Computer	Vision	and	Pattern	Collection,	Las	Vegas,	NV,	USA,	26	June	“July	1,	2016;	pp.	4139â	€	“4146.	The	od​Ãarta	od​Ãarta	ah	odnuforp	ejazidnerpa	le	,laicifitra	aicnegiletni	al	ed	sacis¡Ãb	sa​Ãgoloncet	sal	ed	anu	omoc	,so±Ãa	somitlºÃ	sol	nE	.)saslaf	seneg¡Ãmi(	soirasrevda	solpmeje	y	selamron	sotad	anibmoc	2	attention	from	academia	and	industry​Ã	Â[1].	You're	Reading	a	Free
Preview	Pages	23	to	25	are	not	shown	in	this	preview.	Secure	Payment	Methods	We	accept	only	Visa,	MasterCard,	American	Express	and	Discover	for	online	orders.	2021,	1¢Ã​Â​Â17.	Figure	4.	IEEE	Trans.	Inf.	(a,b)	are	the	experimental	results	of	ADV	on	CIFAR10	and	CIFAR100.	Characterizing	adversarial	subspaces	using	local	intrinsic	dimensionality.	G	represents	some	mainstream	adversarial
examples	or	fake-image-generation	methods.	The	experimental	results	are	shown	in	Figure	5.As	shown	in	Figure	5,	for	the	CIFAR10	dataset,	the	AUC	values	of	the	detectors	are	mainly	distributed	from	0.7	to	0.9,	but	the	fake	image	detector	is	more	stable.	In	Proceedings	of	the	IEEE	International	Conference	on	Computer	Vision,	Venice,	Italy,	22¢Ã​Â​Â29	October	2017;	pp.	Towards	evaluating	the
robustness	of	neural	networks.	Enhancing	intrusion	detection	with	feature	selection	and	neural	network.	Ma​Ã	Âet​Ã	Âal.​Ã	Âobserved	that	the	Local	Intrinsic	Dimension	of	the	hidden	layer	output	differs	between	normal	images	and	adversarial	examples.	1765¢Ã​Â​Â1773.	[Google	Scholar]	[CrossRef]Wang,	X.;	Li,	J.;	Kuang,	X.;	Tan,	Y.a.;	Li,	J.	Data	Insights	2021,	1,	100004.	(c,d)	are	the	experimental
results	of	GBI	on	CIFAR10	and	CIFAR100.	This	strategy	trains	a	detector	to	distinguish	between	adversarial	examples	and	normal	samples.	Inspired	by	membership	inference	attacks	that	use	the	model	output	to	determine	whether	a	sample	belongs	to	the	training	dataset​Ã	Â[21],	we	observe	that	there	are	also	differences	between	the	model	outputs	of	normal	samples	and	adversarial	examples	(fake
images).	Adversarial	training	is	currently	the	most	effective	defense	method.	However,	these	traditional	approaches	are	mostly	ineffective	when	identifying	GANs-based	fake​Ã	Âimages.Defense	against	GANs-based	fake	image.​Ã	ÂSimilar	to	adversarial-example	detection,	the​Ã	Âmost	direct	method	of	detecting	fake	images	is	to	train	the	using	real	and	false	data.	He	found	that	the	departure	distribution
of	the	hidden	layer	of	the	adversary	examples	was	different	from	that	of	normal	images,	so	they	used	the	Bayesian	neuronal	network	to	simulate	the	output	distribution	of	the	hidden	layer	and	detect	the	adversary	examples	using	dispersion	of	distribution	[22].	The	traditional	image	of	image	falsification	is	mainly	generated	by	editing	software	of	images.	Manag.	[Google	Scholar]	Szegedy,	C.;
ZAREMBA,	W.;	Sutskever,	I.;	Bruna,	J.;	Erhan,	D.;	Goodfellow,	I.;	Fergus,	R.	In	addition,	our	world	is	not	appropriate	for	the	detection	of	adversary	examples,	but	also	for	the	detection	of	false	images.	Our	contributions	are	as	follows:	based	on	the	difference	in	the	distribution	of	model	outputs	between	normal	samples	and	adversary	examples	(false	images),	we	propose	a	world	of	universal	detection
for	adversary	examples	and	false	images.	We	test	the	detector	performance	using	last	generation	algorithms	of	adversary	examples	and	false	images	and	demonstrate	the	effectiveness	of	the	detector.	We	tried	the	world	proposed	in	different	neuronal	network	data	sets	and	structures	and	tested	the	detector	generalization.	The	rest	of	this	document	is	structured	as	follows.	You	are	reading	a	free
preview	of	the	355	to	370	pages	are	not	shown	in	this	preview.	[Google	Scholar]	Wang,	S.Y.;	Wang,	O.;	ZHANG,	R.;	Owens,	A.;	Efros,	A.A.	The	images	generated	by	CNN	are	surprisingly	easy	to	detect	...	for	now.	It	is	easy	to	use	a	powerful	editing	software	of	images	to	generate	false	images	without	leaving	perceptible	objects.	GRÁFICO	4.	In	[36]	an	all	of	the	detection	based	on	the	matrix	of	the	three
channel	crisis	was	proposed.	The	general	framework	appears	in	the	graph	2.	Figure	2	shows	that	the	world	includes	mainly	two	stages:	training	of	and	detection	in	line.	They	believe	that	the	adversary	examples	are	diverted	from	the	method	of	real	data,	so	they	use	the	density	of	the	nose	number	number	It	works	in	the	feature	space	of	the	middle	layer	to	detect	abnormal	points	that	deviate	from	the
data	collector	[26].	bim,	also	called	I-FGSM,	which	is	a	version	of	multiple	fgsm	iterations,	extends	fgsm	when	executing	a	minor	optimization	in	each	iteration	[23].	1	'6.	can	be	seen	in	Figure	1	that	there	are	significant	differences	in	the	distribution	of	outputs	of	the	model	between	normal	images	and	adverse	examples	(false	images.)	based	on	the	previous	observation,	we	propose	a	universal
detection	method	for	adverse	examples	and	false	images.	2021,	548,	423	"437.	arxiv	2017,	arxiv:	1703.00410.	[google	scholar]	[crossref]	wang,	x.;	liang,	z.;	koe,	A.S.V.;	wu,	q.;	zhang,	x.;	li,	h.;	yang,	q.	autogan:	quest	for	neural	architecture	of	generating	adverse	networks.	384	"389.	marra	etâ	al.	electron.	Since	then,	researchers	have	researched	adverse	examples	and	have	proposed	many	methods	of
generating	adverse	example,	such	as	fgsm,	crazW,	deepfool,	etc.	[13,14,15,16].	then	we	will	introduce	the	experiments	in	detail.	Performance	experiments	were	used	to	test	the	ability	of	our	method	to	detect	adverse	examples	or	detect	false	images.	We	use	nine	state-of-the-art	adverse	generation	methods	for	detection,	including	fgsm,	deepfool,	bim,	pgd,	C	fakeW,	etc.	[13,14,15,23,24].	magnet	builds
multiple	autoencoders	and	uses	autoencoder	reconstruction	errors	to	detect	adverse	examples	based	on	cryptographic	randomness	[29].	algorithm	1	detector	training	ergorith.	recovers:	normal	data	dn,	generator	g,	target	model	f	â	â	â	¢	2:	â	¢	4:	d	t	r	a	i	n	â​a	She's	reading	onePrevious	free,	pages	404	to	411	are	not	shown	in	this	preview.	[Google	Scholar]	[Crossref]	Shokri,	R.;	R.;	eht	fo	seussi
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