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Challenge:	Out-of-distribution	Generalization
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– Leon	Bottou (ICML	2019	Keynote)
– Yoshua	Bengio	(NeurIPS 2019	Keynote,	2019	AI	Debate)
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Task:	Image	classification

ImageNet
school	bus	class



4Alcorn	et	al.	CVPR	2019
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6Alcorn	et	al.	CVPR	2019 Paper	&	code:	http://anhnguyen.me/project/strike-with-a-pose/

Challenge:	Out-of-distribution	Generalization



7https://www.darpa.mil/attachments/XAIProgramUpdate.pdf
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Doctor		:	Is	this	tumor	malignant?
AI	:	Yes!	100%.

Doctor	 :	Why??
Patient	:	!@#$%?
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https://www.darpa.mil/attachments/XAIProgramUpdate.pdf
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https://www.darpa.mil/attachments/XAIProgramUpdate.pdf
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https://www.darpa.mil/attachments/XAIProgramUpdate.pdf



Attribution	maps	as	explanations
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0.54	matchstick
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attribution	map
(hypothetical)

	

input model

hyperparameters



Method	0:	Saliency	maps
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Gradient

Problems:
• too	noisy



Problems:
• too	noisy

Method	1:	Smoothed	saliency	maps
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Gradient



Method	1:	Smoothed	saliency	maps
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input model

hyperparameters

Gradient

Problems:
• too	noisy

Smilkov et	al.	2017

SmoothGrad



Method	1:	Smoothed	saliency	maps
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input model

hyperparameters

Gradient

Problems:
• too	noisy	
• sensitivity	≠ importance

Smilkov et	al.	2017

SmoothGrad



Method	1:	Smoothed	saliency	maps
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input model

hyperparameters

Gradient

Problems:
• too	noisy	
• sensitivity	≠ importance

Smilkov et	al.	2017

SmoothGrad

How	does	prediction	change	if	the	flame	is	slightly	whiter?

How	does	prediction	change	if	the	flame	is	NOT	present?



Method	2:	Sliding	Patch
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Gradient SmoothGrad

Zeiler &	Fergus	2014

SP

How	does	prediction	change	if	the	flame	is	NOT	present?

Problems:
• sensitivity	≠ importance	



Method	2:	Sliding	Patch

19

Gradient SmoothGrad

Zeiler &	Fergus	2014
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Method	2:	Sliding	Patch

20

Gradient SmoothGrad
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Method	2:	Sliding	Patch
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Gradient SmoothGrad

Zeiler &	Fergus	2014

SP

How	does	prediction	change	if	the	flame	is	NOT	present?

Problems:
• sensitivity	≠ importance	

“treatment	effect”



Method	2:	Sliding	Patch
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Gradient SmoothGrad

Zeiler &	Fergus	2014
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Problems:
• sensitivity	≠ importance
• too	noisy	

“treatment	effect”



Method	2:	Sliding	Patch
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Gradient SmoothGrad

Zeiler &	Fergus	2014

SP

Problems:
• too	noisy	
• sensitivity	≠ importance
• coarse,	inaccurate	(due	to	

square	patch)

“treatment	effect”



Method	2:	Sliding	Patch
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Gradient SmoothGrad

Zeiler &	Fergus	2014
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“treatment	effect”

Problems:
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Method	2:	Sliding	Patch
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Zeiler &	Fergus	2014

SP
“treatment	effect”

Problems:
• coarse,	inaccurate	(due	to	

square	patch)



Method	3:	LIME
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Gradient SmoothGrad

Ribeiro	et	al.	2016

SP

Problems:
• coarse,	inaccurate	(due	to	

square	patch)

LIME

Idea: Attribution	for	superpixel k	is	the	average	score	when	k	is	visible



Method	3:	LIME
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Gradient SmoothGrad

Ribeiro	et	al.	2016

SP

Problems:
• coarse		inaccurate	(due	to	

square	patch)
• gray	pixels?

LIME

Idea: Attribution	for	superpixel k	is	the	average	score	when	k	is	visible



Method	3:	LIME
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Gradient SmoothGrad

Ribeiro	et	al.	2016

SP LIME

Problems:
• coarse		
• gray	pixels?

Idea: Attribution	for	superpixel k	is	the	average	score	when	k	is	visible



Method	4:	Learned	blur	mask
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Gradient SmoothGrad

Fong	&	Vedaldi 2017

SP LIME MP

Idea: Identify	a	minimal region	s.t. when
blurred	out	would	minimize	classification	scoreProblems:

• coarse		
• gray	pixels?



Method	4:	Learned	blur	mask
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Gradient SmoothGrad

Fong	&	Vedaldi 2017

SP LIME MP

Problems:
• coarse		à fine-grained
• gray	à blurred	pixels

Idea: Identify	a	minimal region	s.t. when
blurred	out	would	minimize	classification	score
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Gradient SmoothGrad SP LIME MP

0.54	matchstick

Are	these	explanations	correct	and	reliable?

Gradient Perturbation Both



#1:	Saliency	maps	may	NOT	be	too	noisy!
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Gradient

GoogLeNet



#1:	Saliency	maps	may	NOT	be	too	noisy!
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Gradient

GoogLeNet
A	robust classifier	i.e.
adversarially	trained	with	noisy	images

GoogLeNet-R

matchstick



#1:	Saliency	maps	may	NOT	be	too	noisy!
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Gradient

GoogLeNet
A	robust classifier	i.e.
adversarially	trained	with	noisy	images
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#1:	Saliency	maps	may	NOT	be	too	noisy!
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Gradient

GoogLeNet
A	robust classifier	i.e.
adversarially	trained	with	noisy	images

Gradient

GoogLeNet-R

Bansal*,	Agarwal*,	Nguyen*,	2020
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Gradient

GoogLeNet

#1:	Saliency	maps	may	NOT	be	too	noisy!
Gradient

A	robust classifier	i.e.
adversarially	trained	with	noisy	images

GoogLeNet-R
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A	robust classifier	i.e.
adversarially	trained	with	noisy	images

GoogLeNet-R

Gradient

GoogLeNet

Gradient

#1:	Saliency	maps	may	NOT	be	too	noisy!



#2:	Smoothed	gradients	can	be	misinterpreted
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GoogLeNet-R

Gradient SmoothGrad

GoogLeNet GoogLeNet

Gradient

≠

Some	background	pixels	are	the	most	“important”

The	flame is	the	most	“important”



#2:	Smoothed	gradients	can	be	misinterpreted
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A	robust classifier	i.e.
adversarially	trained	with	noisy	images

GoogLeNet-R

SmoothGrad

GoogLeNet

Gradient

≠

Bansal*,	Agarwal*,	Nguyen*,	2020



#3:	Many	attribution	maps	are	sensitive	to	hyperparams
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Gradient SmoothGrad SP LIME MP

input model

hyperparameters



#3:	Many	attribution	maps	are	sensitive	to	hyperparams
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Gradient SmoothGrad SP LIME MP

input model

hyperparameters
Bansal*,	Agarwal*,	Nguyen*,	2020



#3:	Many	attribution	maps	are	sensitive	to	hyperparams

42

Gradient SmoothGrad SP LIME MP

input model

hyperparameters
Bansal*,	Agarwal*,	Nguyen*,	2020



#4:	Attribution	maps	are	more	robust	under	robust classifiers

43Meaningful-Perturbation	(MP)

Idea: Identify	a	minimal	region	s.t. when
blurred	out	would	minimize	classification	score

Bansal*,	Agarwal*,	Nguyen*,	2020



#4:	Attribution	maps	are	more	robust	under	robust classifiers

44Meaningful-Perturbation	(MP)Bansal*,	Agarwal*,	Nguyen*,	2020



#4:	Attribution	maps	are	more	robust	under	robust classifiers

45Robustness	(SSIM)

M
et
ho

ds

Bansal*,	Agarwal*,	Nguyen*,	2020



Conclusions

1. Saliency	maps	for	robust	classifiers	are	not	as	noisy
2. Smoothed	gradients	can	be	misinterpreted
3. Many	attribution	methods	are	sensitive	to	hyper-parameters
4. For	robust	classifiers,	attribution	maps	are	more	robust	
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