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Neural nets



Neural nets



Neural nets



Visualizing the learned representation

Zeiler, M. et al., ECCV 2014.

Deconvolution

Girshick, R., et al. CVPR 2014

Top activated images

Simonyan, K. et al.. ICLR’15

Back-propagation

Inceptionism. Google Blog. June 2015

A. Mahendran and A. Vedaldi, CVPR 2015

Network dissection

D. Bau et al. CVPR 2017

…



Understanding the representation

terrier

brambling bedroom

mountain

Places
MNIST Action recognition



Random vector

512 dimensions

Randomly generated image

Generative Adversarial Network (GAN)

GANs [Goodfellow et al.]



2014

GANs [Goodfellow et al.]

2016

DCGAN [Radford et al.]

2018

ProgGAN [Karras et al.]

Generative Adversarial Network (GAN)







Progressive GANs [Karras et al., ICLR 2018]

To render a scene,  
What does a GAN need to know?



Progressive GANs [Karras et al., ICLR 2018]





Random vector

512 dimensions

Randomly generated image

Are there watermark neurons?



Randomly generated image

Are there watermark neurons?

Random vector

512 dimensions



Layer 4, Neuron 201

Layer 4, Neuron 445

… and five more neurons



Random vector

512 dimensions

What if we turn off these neurons?

?





Deactivating banner neurons in layer 4



Deactivating watermak neurons

Deactivating 31 units in layer 4



Random vector

512 dimensions

Are there other objects?

Tree?

Door?

Tower?

GAN Dissection [Bau et al., ICLR 2019]



Are there other objects?

GAN Dissection [Bau et al., ICLR 2019]

Randomly generated image

Random vector

512 dimensions



Are there other objects?

GAN Dissection [Bau et al., ICLR 2019]

Randomly generated image

Random vector

512 dimensions



Are there other objects?

GAN Dissection [Bau et al., ICLR 2019]

Randomly generated image

Random vector

512 dimensions



Are there other objects?
Randomly generated image

GAN Dissection [Bau et al., ICLR 2019]

Random vector

512 dimensions



Are there other objects?

GAN Dissection [Bau et al., ICLR 2019]

Randomly generated image

Random vector

512 dimensions



Are there other objects?
Randomly generated image

GAN Dissection [Bau et al., ICLR 2019]

Random vector

512 dimensions



Semantic segmentation

tree

Agreement

Random vectors

Dissecting a GAN
Generate lots of images

GAN Dissection [Bau et al., ICLR 2019]

tree

tree



Layer 4, Neuron 43 : dome

Layer 4, Neuron 119: tree



Layer 4, Neuron 315: chair

Layer 4, Neuron 84: window



Which units correlate to an object class?

Dining room samples



Which units correlate to an object class?

Dining room samples

 252 out of 512 units are correlated to objects, part, and materials

 33



Living room layers

Layout Object and parts Edges, textures, …

Which units correlate to an object class?

ImageRandom 
code

 34



Manipulating units

Intervention

?
window



Turning off window neurons



Turning off window neurons



Turning off window neurons



Turning off people neurons



Turning off people neurons



Turning on grass neurons



Turning on grass neurons



We can generate new compositions outside the training set



Generating and discovering new styles



Improving GAN results

Bedroom images with artifacts



Are there artifact-causing units?

Unit #231

Unit #63



Improving GAN results

Deactivating 
problematic 
units



Improving GAN results

Ablating “artifact” units improves results



Activating window units in a location



Activating window units in a location



Activating window units in a location



Turning on door neurons



Turning on door neurons



Turning on door neurons



Turning on door neurons



Turning on door neurons



Turning on door neurons



Where can you put a door?

Original image Effect of activating layer4 door units

Bau, at al ICLR 2017 “GAN Dissection” supplemental (page 17)



Add grass Add trees

Add brick

Randomly generated image

Change doors Change roof

≈



Online Demo: http://bit.ly/ganpaint 

https://t.co/tVs2olyyds


GAN-Synthesized Kitchen

How to edit my own photo?

My Kitchen Photo



My Kitchen Photo

How to edit my own photo?



Random 
vector z?

𝜃
How to edit my own photo?

My Kitchen Photo



𝜃

�̂� = argmin
𝑧

𝐿𝑟𝑒𝑐(𝐼, 𝐺(𝑧,  𝜃))

How to edit my own photo?

[Zhu et al., 2016]  
 [Dosovitskiy and Brox., 2016]

My Kitchen Photo



My image 

𝜃

�̂� = argmin
𝑧

𝐿𝑟𝑒𝑐(𝐼, 𝐺(𝑧,  𝜃))

Optimized  
vector

�̂�

How to edit my own photo?

[Zhu et al., 2016]  
 [Dosovitskiy and Brox., 2016]



Optimized  
vector

�̂�

�̂� = argmin
𝑧

𝐿𝑟𝑒𝑐(𝐼, 𝐺(𝑧,  𝜃))

𝜃
How to edit my own photo?

[Zhu et al., 2016]  
 [Dosovitskiy and Brox., 2016]



Optimized  
vector

�̂�

�̂� = argmin
𝑧

𝐿𝑟𝑒𝑐(𝐼, 𝐺(𝑧,  𝜃))

𝜃
How to edit my own photo?

[Zhu et al., 2016]  
 [Dosovitskiy and Brox., 2016]



Optimized  
vector

Reconstructed image  

�̂�

�̂� = argmin
𝑧

𝐿𝑟𝑒𝑐(𝐼, 𝐺(𝑧,  𝜃))

𝜃
How to edit my own photo?

[Zhu et al., 2016]  
 [Dosovitskiy and Brox., 2016]



Original image

Find the differences…



Original image GAN reconstructed image

Find the differences…



Original image GAN reconstructed image

No microwave

No lamp

No chairs/table

No “something” there

No stove

No window

No plug

Find the differences…



Random 
vector

Generated image  
(256 x 256 x 3)

512 dimensions 196608 dimensions



Random 
vector

512 dimensions

Generated image  
(256 x 256 x 3)

196608 dimensions



The manifold of natural images



The manifold of natural images



The manifold of natural images



The manifold of natural images



Original image

The manifold of natural images



Original image
 

The manifold of natural images



 

Original image

The manifold of natural images

 

Optimized z



 

Original image

The manifold of natural images

 

Optimized z



 

The manifold of natural images

 

Optimized z



 

 

The manifold of natural images

Original image Optimized z



(



Original image GAN reconstructed image

No microwave

No lamp

No chairs/table

No “something” there

No stove

No window

No plug

What can a GAN see?



GANs drop modes, even on small problems

Lin, et al “PacGAN” 2018

On a simple 2d problem, the whole distribution can be seen directly as a scatterplot.

On these simple problems, GANs can be seen to drop many modes.

Reducing mode-dropping is an open and active area of research.



Inception network

The current way to benchmark GAN output
Re

al
 im

ag
es

Fa
ke

 im
ag

es

Feature statistics 
over fakes

Feature statistics 
over reals

Difference = “FID”

Measures amount 
of error, but does 
not show what is 
wrong.



The current way to see a GAN’s capabilities

Karras, et al “Progressive GAN” Bedrooms, 2017

Just generate a sample, and see what it can do



original image x generated image original image x generated image



original image x generated image original image x generated image



original image x generated image original image x generated image



Some models omit very specific categories



The GAN tends to omit people



Skipping  people



Not everyone…



Skipping vehicles



Skipping signage and text



Skipping monuments



Bedroom skips lots of idiosyncratic detail



Different textures are available



)



What do we do?

  

Original image



  

Adapted cheese

Original image

What do we do?



Optimized  
vector

Reconstructed image  

�̂�

�̂� = argmin
𝑧

𝐿𝑟𝑒𝑐(𝐼, 𝐺(𝑧,  𝜃))

Reconstructing my own photo
𝜃



Optimized  
vector

Reconstructed image  

�̂�

�̂�, �̂� = argmin
𝑧,𝜃

𝐿𝑟𝑒𝑐(𝐼, 𝐺(𝑧,  𝜃))

Reconstructing my own photo

�̂�



Optimized  
vector

Reconstructed image  

�̂�

Reconstructing my own photo

�̂�

�̂�, �̂� = argmin
𝑧,𝜃

𝐿𝑟𝑒𝑐(𝐼, 𝐺(𝑧,  𝜃) + 𝑅(𝜃)



Optimized  
vector

Reconstructed image  

�̂�

�̂�, �̂� = argmin
𝑧,𝜃

𝐿𝑟𝑒𝑐(𝐼, 𝐺(𝑧,  𝜃) + 𝑅(𝜃)

�̂�

Reconstructing my own photo



Optimized  
vector

Reconstructed image  

�̂�

�̂�, �̂� = argmin
𝑧,𝜃

𝐿𝑟𝑒𝑐(𝐼, 𝐺(𝑧,  𝜃) + 𝑅(𝜃)

Reconstructing my own photo

�̂�



Optimized  
vector

Reconstructed image  

�̂�

�̂�, �̂� = argmin
𝑧,𝜃

𝐿𝑟𝑒𝑐(𝐼, 𝐺(𝑧,  𝜃) + 𝑅(𝜃)

�̂�

Reconstructing my own photo



Optimized  
vector

Reconstructed image  

�̂�

�̂�, �̂� = argmin
𝑧,𝜃

𝐿𝑟𝑒𝑐(𝐼, 𝐺(𝑧,  𝜃) + 𝑅(𝜃)

Reconstructing my own photo

�̂�



Optimized  
vector

Reconstructed image  

�̂�

�̂�, �̂� = argmin
𝑧,𝜃

𝐿𝑟𝑒𝑐(𝐼, 𝐺(𝑧,  𝜃) + 𝑅(𝜃)

Reconstructing my own photo

�̂�



Optimized  
vector

Reconstructed image  

�̂�

�̂�

�̂�, �̂� = argmin
𝑧,𝜃

𝐿𝑟𝑒𝑐(𝐼, 𝐺(𝑧,  𝜃) + 𝑅(𝜃)

Reconstructing my own photo



Optimized z and 
adapted network

Optimized z Original 
image

Reconstructing my own photo
microwave

lamp

chairs + table stove

window

Inspired by Deep Image Prior [Ulyanov et al., 2018] and  [Shocher et al., 2017]



Will image editing work?



Edited result with adapted network

Will image editing work?

Original image and edit area

window

reflections

distortions



Pre-edit 
adaptation

Post-edit 
adaptation

Adapt Network to Image

Edit

Edit Output

OutputAdapt Network to Image



Pre-edit adaptation

�̂�

�̂�

Whole Image Objective:  



Details of pre-edit adaptation

Two ways to adjust network:

1. Adjust convolution weights

2. Offset activations

Original image Reconstruction by 
unmodified G

Modified G

Modified G



Details of pre-edit adaptation

Edited

Edited

1. Adjust convolution weights

2. Offset activations

Original image Reconstruction by 
unmodified G

Modified G

Modified G

Desired Edit

Best on early layers

Best on late layers

Two ways to adjust network:



Details of pre-edit adaptation

Uploaded image x Encoder net: 
z0 = E(x)  

z4 = g4(..(g1(z0)))

Optimize z4 :  
z4* ≈ z4  

g15(…(g5(z4*))) ≈ x

Optimize g6:  
g6* ≈ g6  

g15(…(g6*(…))) ≈ x

Optimize d12:  
d12* ≈ 0  

g15(…(d12+g12(…))) ≈ x

1.  Invert the original network 2. Adjust the network parameters

1a. Encode to z 1b. Encode to layer 2a. Coarse layer 2b. Fine layer

Combining all the steps together…



Output resultAdd windowsInput image

Manipulating a real photo



Output resultRemove chairs Input image

Manipulating a real photo



Manipulating a photo outside the training set



Manipulating a photo outside the training set



Realtime editing

Online demo: ganpaint.io



Limitations
GAN resolution  

and fidelity

256px GAN

1024px original

Adaptation 
Speed

Adaptation time

Undesired  
global effects

Distorted lamp

Original lamp



SPADE, pix2pix, pix2pixHD, Scribbler, 
UNIT, MUNIT, CycleGAN, PairedCycleGAN 

iGAN [Zhu et al.], Neural Photo Editor [Brock et al.] 
IcGAN [Perarnau et al.]

Synthesis

Manipulation

Low-level High-level

GANPaint (Our work) 
See domain-specific work: [Portenier et al.]

Texture synthesis [Zhou et al.], colorization [Iizuka et al.] 
superresolution [Ledig et al.], etc.



Dissecting neural networks

Generative network

Discriminative network



Dissection of a GAN



Dissection of a ConvNet 



What is the network doing?

Object Detectors Emerge in Deep Scene CNNs. ICLR 2015. 
Network Dissection: Quantifying Interpretability of Deep Visual Representations. CVPR 2017.

Input  
image

Faces

Cars

Dogs

Buildings

Sky



 132

Living room 
Kitchen 
Coast 
Theater 
…

Network Dissection

conv5 unit 124: creek (scene)     IoU=0.031

conv5 unit 51: head (part)       IoU=0.061

9 

1. Train your network to solve your task

2. Run network dissection to interpret the internal representation 

Network dissection

http://netdissect.csail.mit.edu/



 133

conv5 unit 79 car (object) IoU=0.13

conv5 unit 107 road (object) IoU=0.15

conv5 unit 144 mountain (object) IoU=0.13

http://netdissect.csail.mit.edu/



AlexNet + Places



       

 

1

3

5

un
its

ve
ine

d
fril

ly red

ora
ng

e
blu

e
whit

e

2 
te

xt
ur

es

4 
co

lo
rs

       

 

1

5

10

un
its

sk
y
gra

ss
ba

ll p
it
ha

ir

ba
nd

ed
lin

ed

zig
za

gg
ed
ve

ine
d

lac
eli

ke

pe
rfo

rat
ed

cro
ss

ha
tch

ed

str
ipe

d

po
rou

s

mes
he

d

gro
ov

ed red

ora
ng

e
pin

k
ye

llo
w
pu

rpl
e
whit

e

2 
ob

je
ct

s
1 

sc
en

e
1 

pa
rt

11
 te

xt
ur

es

6 
co

lo
rs

       

 

1

4

7

un
its

gra
ss sk

y
tre

e

mou
nta

in
roa

d ca
r

sk
ys

cra
pe

r

pe
rso

n

pa
int

ing
wate

r
pla

nt
bo

ok

wind
ow

pa
ne
ba

ll p
it

mou
nta

in 
sn

ow
y
he

ad
whe

el

sc
ree

n

dra
wer ha

ir
foo

d

ch
eq

ue
red

ba
nd

ed

zig
za

gg
ed gri

d

pe
rfo

rat
ed

lin
ed

po
lka

-do
tte

d

co
bw

eb
be

d
do

tte
d
sw

irly

waffl
ed

pa
isle

y

gro
ov

ed

lac
eli

ke

str
ipe

d

cra
ck

ed

mes
he

d

cro
ss

ha
tch

ed

fre
ck

led red

13
 o

bj
ec

ts

2 
sc

en
es

5 
pa

rts
1 

m
at

er
ia

l

19
 te

xt
ur

es
1 

co
lo

r

       

 

1

4

8

un
its

tre
e
roa

d

sk
ys

cra
pe

r
ca

r
gra

ss

pa
int

ing sk
y
wate

r
se

a

pe
rso

n

po
ol 

tab
le

wind
ow

pa
netra

in

ca
bin

et

ba
ll p

it

mou
nta

in 
sn

ow
y
whe

el
he

adroo
f

sc
ree

n
foo

d

pe
rfo

rat
ed gri

d
do

tte
d

ch
eq

ue
red

zig
za

gg
ed

ba
nd

ed
sw

irly

stu
dd

ed
lin

ed

po
lka

-do
tte

d

ho
ne

yc
om

be
d

waffl
ed
kn

itte
d

mes
he

d

str
ipe

d

fib
rou

s

wrin
kle

d

cra
ck

ed red

14
 o

bj
ec

ts

2 
sc

en
es

4 
pa

rts
1 

m
at

er
ia

l

18
 te

xt
ur

es
1 

co
lo

r

       

 

1

3

6

un
its

wate
r
gra

ss tre
e ca

r
pla

nt

wind
ow

pa
neroa

d

mou
nta

in

air
pla

ne

sk
ys

cra
pe

r
do

g
se

a
ce

ilin
g

bu
ild

ing

pe
rso

n
ho

rse be
d
tra

ck
bo

ok

po
ol 

tab
le

ca
bin

et
ch

air

pa
int

ing

wate
rfa

ll

sid
ew

alksin
k
sh

elf sk
y
ho

us
e
sto

veflo
or bu

s

mou
nta

in 
sn

ow
y

ba
ll p

it

pa
ntr

y

bu
ild

ing
 fa

ca
de

sk
ys

cra
pe

r
str

ee
t
ha

ir
whe

el
he

ad

sc
ree

n

cro
ss

walk

sh
op

 w
ind

owfoo
d
woo

d
lin

ed
do

tte
d

ba
nd

ed

stu
dd

ed gri
d

ho
ne

yc
om

be
d

pa
isle

y

zig
za

gg
ed

waffl
ed

mes
he

d

cra
ck

ed

str
ati

fie
d

ch
eq

ue
red

pe
rfo

rat
ed

sp
rin

kle
d

po
tho

led

gro
ov

ed

ple
ate

d

matt
ed

fre
ck

led
sw

irly

sp
ira

lle
d

wov
en

fib
rou

s

co
bw

eb
be

d red

32
 o

bj
ec

ts

6 
sc

en
es

6 
pa

rts

2 
m

at
er

ia
ls

25
 te

xt
ur

es
1 

co
lo

r

red

unit 51

IoU 0.11

veined

unit 55

IoU 0.11

orange

unit 78

IoU 0.07

blue

unit 50

IoU 0.06

frilly

unit 81

IoU 0.06

banded

unit 37

IoU 0.25

sky

unit 165

IoU 0.10

grass

unit 232

IoU 0.08

ball pit

unit 222

IoU 0.07

hair

unit 173

IoU 0.04

grass

unit 20

IoU 0.13

tree

unit 42

IoU 0.10

car

unit 135

IoU 0.08

sky

unit 162

IoU 0.08

painting

unit 115

IoU 0.07

water

unit 54

IoU 0.11

skyscraper

unit 344

IoU 0.09

tree

unit 109

IoU 0.07

road

unit 9

IoU 0.07

car

unit 73

IoU 0.06

road

unit 107

IoU 0.16

car

unit 79

IoU 0.14

mountain

unit 144

IoU 0.13

grass

unit 88

IoU 0.13

water

unit 14

IoU 0.11

conv1

conv2

conv3

conv4

conv5

AlexNet + Places



Alexnet
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Architecture: AlexNet

Top layer shown  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Evolution of a unit during training



Fine-tune network from Places to ImageNet
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Fine-tune network from Places to ImageNet
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Fine-tune network from Places to ImageNet
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Fine-tune network from Places to ImageNet
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Walking the dog

Explaining the output



Output: Walking the dog

Explanation, I saw the following evidence:

Explaining the output



Explaining the output

Output: washing dishes. 

Explanation, I saw the following evidence:



in AlexNet…

conv1
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conv4 conv5
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Classification 
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Mostly task independent Final classificationRepresentation 
(objects)

bedroom



Strategies for training for new tasks
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conv4 conv5
fc6 fc7

Classification 
layer

Freeze all these parameters 
(trained with ImageNet or Places)

Train upper layers to get  
a better representation
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Classification 
layer

What happens when the input changes?



Strategies for training for new tasks

conv1

conv2

conv3

conv4 conv5
fc6 fc7

Classification 
layer

Train lower layers  
(trained with ImageNet or Places)

Freeze the representation



Line drawings

Learning Aligned Cross-Modal Representations from Weakly Aligned Data.  Ll. Castrejón*, Y. Aytar*, C. Vondrick, H. Pirsiavash and A. Torralba. CVPR 2016



Localized words

BedroomHighway

Learning Aligned Cross-Modal Representations from Weakly Aligned Data.  Ll. Castrejón*, Y. Aytar*, C. Vondrick, H. Pirsiavash and A. Torralba. CVPR 2016



http://cmplaces.csail.mit.edu/
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fc6 fc7

Classification 
layer

bedroom

Freeze parameters 
trained with natural 
images

Learning Aligned Cross-Modal Representations from Weakly Aligned Data.  Ll. Castrejón*, Y. Aytar*, C. Vondrick, H. Pirsiavash and A. Torralba. CVPR 2016
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…

Learning Aligned Cross-Modal Representations from Weakly Aligned Data.  Ll. Castrejón*, Y. Aytar*, C. Vondrick, H. Pirsiavash and A. Torralba. CVPR 2016



Datasets are usually a closed set of images…



Random vector

Generated training example

Generating our training data



Random vector

Generated training example

Generating our training data



Random vector

Generated training example

Generating our training data



GAN-generated dataset



Random vector

Generated training example

Editing training examples
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Random vector

Generated training example

Editing training examples



Learning language through GAN-generated images

Random vector



Learning language through GAN-generated images

Random vector



Audio Model

Audio 
Model

Audio-visual similarity model
Random vector

Image Model
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Push

Pull

 

 

Edited negative

Edited negative

Edited negatives



Audio-Visual 
Model
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Clustering

System overview
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Removing concepts from images
Generated training 

example

Random vector



Removing concepts from images
Generated training 
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Removing concepts from images

Random vector

Generated training 
example



Removing concepts from images
Generated training 

exampleCylinder units

Random vector



Learning which units to modify
Generated training 

example

Random vector

Which units generate green objects?



Clustering embedding features
Compute co-occurrence of embedding dimensions and group them in clusters. 

Ball



Clustering embedding features
Compute co-occurrence of embedding dimensions and group them in clusters. 

Blue



Clustering embedding features
Compute co-occurrence of embedding dimensions and group them in clusters. 

Green



Examples of clustered concepts
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4. Collecting unit statistics 
for highly activated regions
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Learning which units to modify
Which units generate green objects?

Top activated regions



Learning which units to modify
Which units generate green objects?

Top activated regions



Learning which units to modify
Generated training 

example

Random vector

Which units generate green objects?



Learning which units to modify
Generated training 

example

Random vector



Editing generated images
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Evaluating attributes



Results


