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60M connections
500K neurons
5 conv	+	5 dense	layers
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What	does	the	school	bus	neuron	want	to	see?

school	bus



Finding	what	biological	neurons	want	to	see
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Hubel	&	Wiesel	
1954
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1.	Pixel-wise

2.	Image	generator
3.	3D	renderer school	bus

Erhan et	al.	2009“Activation	maximization”
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Pixel:	Evolutionary	algorithms

AlexNet

EvaluationEvolution

Selection

Mutation

Cross-over



14

...

Image Labe l

school	bus

banana

convertible

...
...

Initialization

Result

?

Pixel:	Gradient	descent



?

15

...

Image Labe l

school	bus

banana

convertible

...
...

Initialization

Result

Pixel:	Gradient	descent



16

...

Image Labe l

school	bus

banana

convertible

...
...

Initialization

Result

F o rwa r d

Pixel:	Gradient	descent



17

Image Labe l

Initialization

Result

F o rwa r d

Pixel:	Gradient	descent



18

Image Labe l

Initialization

Result

F o rwa r d

Pixel:	Gradient	descent



19

Image Labe l

Initialization

Result

F o rwa r dPixel:	Gradient	descent



20

Image Labe l

Initialization

Result

F o rwa r dPixel:	Gradient	descent



21

...

Image Labe l

school	bus

banana

convertible

...
...

Initialization

Result

Pixel:	Gradient	descent



22

...

Image Labe l

school	bus

banana

convertible

...
...

Initialization

Result

Gradient
Pixel:	Gradient	descent



23

...

Image Labe l

school	bus

banana

convertible

...
...

Initialization

Result

GradientB a c k p r o p
Pixel:	Gradient	descent



24

...

Image Labe l

school	bus

banana

convertible

...
...

Initialization

Result

GradientB a c k p r o p
Pixel:	Gradient	descent



25

...

Image Labe l

school	bus

banana

convertible

...
...

Initialization

Result

GradientB a c k p r o p

Pixel:	Gradient	descent



26

...

Image Labe l

school	bus

banana

convertible

...
...

Initialization

Result

GradientB a c k p r o p

Pixel:	Gradient	descent



27

...

Image Labe l

school	bus

banana

convertible

...
...

Initialization

Result

Update
image

Pixel:	Gradient	descent



28

...

Labe l

school	bus

banana

convertible

...
...

Initialization

Result

Update
image

Pixel:	Gradient	descent



29

...

Image Labe l

school	bus

banana

convertible

...
...

Initialization

Result

F o rwa r d
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Many	iterations
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Initialization

Result

Deep	Neural	Networks	are	Easily	FooledNguyen	et	al.	2015

Yosinski Clune
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Probabilistic	interpretation

prior class

Classifier: x

image class
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prior class

Classifier:

X
x

image class

Problems:
1. Poor	interpretability

2. Mode	collapse

Random	initializations Visualizations Real	images



33

prior class

Classifier:

• total	variation	(Mahendran	&	Vedaldi,	2015)
• Gaussian	blur	(Yosinski	et	al,	2015)
• 𝛼-norms	(Simonyan et	al,	2014)
• jitter	(Mordvintsev et	al,	2015)
• center	bias	(Nguyen	et	al,	2016)
• GMM	(Mordvintsev et	al,	2016)

. . .

x

image class

more
realistic	and	diverse

higher
activation

Solutions:

Update:
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DNN	being	visualized

...

Image Labe l

Bell	pepper

banana
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..
...
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Image
fc6
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Image fc6

Encoder:
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Image fc6

fc6 Image

Encoder:

Generator	/	Decoder:

Training	losses:
1. Reconstruction
2. Adversarial	(GAN)
3. Feature	matching
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DNN	being	visualizedGenerator	network	(prior)

Code

Pixel-wise	(Nguyen	et	al.	2015)Real	image
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..

Nguyen	et	al.	2016					Synthesizing	the	preferred	inputs	for	neurons	in	neural	networks…

Dosovitskiy Yosinski

Brox Clune
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Hidden	neurons

Edges	and	colors
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Hidden	neurons

dog	faces,
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Hidden	neurons
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Fully-connected	layer	6	and	7



Uninterpretable	stimuli	– distributed	coding?
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DNN	being	visualized

Code

Generator	network	(prior)

ImageNet
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BigGAN-AM	on	Places365
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Li	et	al.	2019

vs. Nguyen	et	al.	2016,	2017
• Higher	image	fidelity
• Synthesizing	a	batch	
instead	of	a	single	image

Real	images

Long	MaiQi	Li

Code

ImageNet

Synthesized	stimuli
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DNN	being	visualized

Code

Generator	network	(prior)

ImageNet
Latent	∈ ℝ𝟏𝟒𝟎
• colors,
• poses,
• background

Semantic	∈ ℝ𝟏𝟐𝟖

Optimizing	a	set	of	stimuli	simultaneously

256x256	BigGAN



Finding	what	artificial	neurons	want	to	see

60

1.	Pixel-wise

2.	Image	generator
3.	3D	renderer school	bus



Finding	what	artificial	neurons	want	to	see

61

1.	Pixel-wise

2.	Image	generator
3.	3D	renderer school	bus



(b)  2D image
(a) 3D scene

“school bus”

background

objects	(shapes,	textures)

3D
renderer

image
classifier

light	source

camera

forward pass

error vs. desired output

backward pass
target	network

Fine-grained	control	over	stimuli	changes
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Alcorn	et	al.	2019

Long	MaiQi	LiAlcorn Jeff	KuGong Wang
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Density	of	school	bus predictions	
over

object-camera	distances



64Alcorn	et	al.	2019

99% 0%

school	bus probability= 0%

Recognizes	only	3%	of	the	poses
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2.	Image	generator
3.	3D	renderer school	bus

1.	Pixel-wise



Finding	what	biological neurons	want	to	see
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2.	Image	generator
3.	3D	renderer 1.	Pixel-wise



Finding	what	biological neurons	want	to	see
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2.	Image	generator
3.	3D	renderer 1.	Pixel-wise



Using	image	generators	to	decode	real	brain signals
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Shen	et	al.	2017

EEG	signals Palazzo	et	al.	2017

Malakhova 2018 Ponce,	Xiao,	Schade,	et	al.	2019

fMRI

Neural	activations



ConclusionThank	you!
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More	info: http://AnhNguyen.me

2.	Image	generator
1.	Pixel-wise3.	3D	renderer
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