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* Introduction



Transfer learning and lifelong learning

Forgets source task, i.e. catastrophic Forgets task 1
forgetting (who cares?) (big deal!!)
Transfer+adaptation \V Lifelong learning 2
—J —
—1 —

Discriminative
models

Task 1 Task 2

Rotated elastic weight consolidation
(ICPR 2018)

Liu et al., Rotate your Networks: Better Weight Consolidation and Less Catastrophic Forgetting, ICPR 2018



https://arxiv.org/abs/1802.02950

Transfer learning and lifelong learning
(now with GANs for image generation)

Transfer+adaptation (generative) Lifelong learning (generative)

-

rbi_' - ¢

B 3 o “gc
Source domain

Vg domain
Transferving GANS Memory Replay GANSs
(ECCV 20138) (NIPS 2018)




Transfer learning and zero-shot learning

Transfer+adaptation

==

——/

—
—

Zero-shot learning

I
I
_N | Zero-shot
[ S lassifi
— 1/ classirier

iy

Polar bear: white,
water, eats fish

Zebra: black, white,
stripes

Task 2




Zero-pair image-to-image translations

Only these translations Evaluate on these unseen
are trained (seen) translations (no training pairs)
Train Test
x (2 X ) s x(3)
X x@

x(5)

Mix and match networks
(CVPR 20138)
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* Transferring GANs (ECCV 2018)



Generative models: networks that imagine

Training data Sampling
(e.g. 64x64x3=12K dims)

Different approaches
- Density estimation - Generative adversarial networks (GANs)
- Variational autoencoders

- Autoregressive models 12



Generative Adversarial Networks (GANSs)

Classify fake images vs real images

)

Discriminator

Training set

R Real

Random — E— Fake
noise \ /

s o /

e

Z F9(2> | -

(Latent Fake image - 7 :
representation) Generator _g, -~ Backpropagation

Generate fake samples to fool the discriminator

Goodfellow et al., “Generative Adversarial Networks”, NIPS 2014
Figure from https://deeplearning4j.org/generative-adversarial-network

13


https://arxiv.org/abs/1406.2661
https://deeplearning4j.org/generative-adversarial-network

Generative Adversarial Networks

| | : ]
i 5 1024x1024 |
R. B. - B8
! {Reals : iReals s, ; Reals
D | . | 1024x1024 |
P P T T
[ | —
P [—
L [—
1
I —
[ aa ] [ axa |
Training prog S

and many more...
14




Transferring GAN representations

Source domain

e g e S - R

Training data ¢

(ImageNet)

Target domain

Z =

\ 4

Discriminator real/fake?

Generator

%

I A

Generator

Training data

(LSUN bedrooms) U r

real/fake?

Discriminator
p—

Wang et al., “Transferring GANs: generating images from limited data”, ECCV 2018
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Transfer configuration

Target domain

Z =

—

Generator

Training data  dam
(LSUN bedrooms) Hili&s

BT =G

ﬁ

Training from scratch
~ Discr: from scratch
- Gen: from scratch

Discriminator real/fake?



Transfer configuration

Source domain

Transfer only discr.
- Discr: pretrained
- Gen: from scratch

v

Discriminator real/fake?

z Generator

%

Target domain

A 4

z Generator

Training data
(LSUN bedrooms

A 4

Discriminator real/fake?




Transfer configuration

Source domain

P

Training data i

(ImageNet)

Target domain

Z =

——_

Transfer only gen.
- Discr: from scratch
- Gen: pretrained

Discriminator real/fake?

Generator

—

Generator

Training data
(LSUN bedrooms

Discriminator real/fake?




Transfer configuration

Source domain | Transfer both
i - Discr: pretrained
- Gen: pretrained

Training data
(ImageNet) &

Discriminator real/fake?

Target domain

Discriminator real/fake?

Training data
(LSUN bedrooms



Transfer configuration

e What should | transfer?

— Experiment: ImageNet to Bedrooms (100K images)

(Generator

Scratch

Pretrained

Discriminator Scratch Pretrained Scratch Pretrained

Lower better FID (X9  ALL) 32.87

ata’

Higher better TW (X'9! X19)  -4.27

' ““gen

30.57
-4.02

06.16 24.35
-6.35 -3.88

None Only discr. Only gen. Both

* Training is faster and images have
better quality

- Especially when data is limited

150}

[a]
2 100

50

— Scratch *— Scratch

R

+—+ Pretrain(ImageNet) e—e Pretrain(ImageNet)|]

Iteration

L L . . L L .
5000 10000 15000 20000 25000 30000 35000 40000

{-14



Learning with limited data

Target dataset: From scratch Pretrained (ImageNet)
Bediroom ' -

: R |
Wang et al., “Transferring GANs: generating images from limited data”, ECCV 2018
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Pretrain model selection

Target data
(1K kltchens)

Off-the-shelf GANs

: ImageNet-GAN !

Source data Places-GAN

|
| |
! I
|
(3M bedrooms) I !
- A 2 : !
N f
i |
|

Bedrooms GAN Adapted GAN
[Estlmate best

L] GAN// model @@ F|ne tuning —)@@

K Source GAN
e

Estimated as
min, FID(generated by GAN,, target real)

Wang et al., “Transferring GANs: generating images from limited data”, ECCV 2018
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Good/bad source datasets

Source Ta‘fget
Places '

(205 classes [t & Kitchen

~10K. img/class) = (50K)
Bedrooms :

(1 class Kitchen

3M images) (50K)

Generative: very dense, diversity not so important (e.g. LSUN Bedrooms)
Discriminative: very diverse, medium density (e.g. ImageNet, Places)
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* Rotated elastic weight consolidation (ICPR 2018)



When are neural networks good?

beaéde tabby cardmal

-

T

i
2




rning
Catastrophic forgetting

/

?? ??  cardinal

Task 3




Catastrophic interference and forgetting

Output
01/ \02 Training/fine tuning Elastic weight_consolidation (EWC)
A
o L(0) = Lp(0) L(6) =Lz (0)+ (0 0*) F4 (0 — 6%)
A A
6, 6, 0
F
\ : 9*8 k\j/-} .9*8
Low ewore*A Low ervor Low error” A Low ervor
for task A for task B for task A for task B
forgets task A
1 L >
01

Problem: size of F, is (#6)y* !!!

N
s

Kirkpatric et al., Overcoming catastrophic forgetting in neural networks, PNAS, 2017



https://arxiv.org/abs/1612.00796

Rotated elastic weight consolidation

Size of the diagonal of F, is #6

Elastic weight consolidation in practi
(with diagonal approx. of F,) [ Rotated elastic weight consolidation (R-EWC)

L(9) =Lz (6)+ % > (Fa)i(6: - 82),)°
S A

| . \\ \ 9)
: \" g Low ervror F A
< A
05 b 4 or task A o, .0
<
- X; "5

Ea

Low ervror
for task B

Low ervor’ A
for task A

Low error
for task B

41 1
> >
6, o',

Liu, Masana et al., Rotate your Networks: Better Weight Consolidation and Less Catastrophic Forgetting, ICPR 2018



https://arxiv.org/abs/1802.02950

Rotating fully connected layers

Rotation matrix (fixed)

oL
M Oy
OL OL
y oy y, oy’
T U= v
oL oL
X Ox x' ox/’
Rotation matw’x\% Ul l
(fixed)
X oL
ox

Liu , Masana et al., Rotate your Networks: Better Weight Consolidation and Less Catastrophic Forgetting, ICPR 2018
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Computing the rotations

OL T
Fy =E, . (_y> ( ?)VAssuW\mg x and 6L/8y independent
L oL
—ye z

eon | XXT] = Uy 1V 1

() nz chi e

Using SVD

Liu , Masana et al., Rotate your Networks: Better Weight Consolidation and Less Catastrophic Forgetting, ICPR 2018
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Rotating convolutional layers

Rotation kernel (1x1 conv)
, Rotation kernel

, ]
X —>Y X 1 X —>Y / —>Y
ws (VA AR U,
) N/
“K hg W __‘K hg h2

1 | .
hql hK M Eﬂ $ Pkt Eﬂ
e w2 i h wa Wo

1 w].
d2 d2 d2
dl dl dl

Liu et al., Rotate your Networks: Better Weight Consolidation and Less Catastrophic Forgetting, ICPR 2018



https://arxiv.org/abs/1802.02950

Fisher Information matrix

No rotation (i.e. EWC) After rotation (i.e. R-EWC)

Energy in the diagonal: 40% Energy in the diagonal: 74%

Liu , Masana et al., Rotate your Networks: Better Weight Consolidation and Less Catastrophic Forgetting, ICPR 2018
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Experimental results (2 tasks)

e MINIST dataset. Two tasks: 0-4 and 5-9

A=1 A= 10 A = 100 A = 1000 A = 10000

Task 1 Task 2 Task 1 Task 2 Task 1 Task 2 Task 1 Task 2 Task 1 Task 2

FT 6.1 97.6 6.1 97.6 6.1 97.6 6.1 97.6 6.1 97.6

EWC [5] 66.8 90.9 75.3 95.6 78.4 93.7 81.0 88.8

R-EWC - conv only 62.7 89.2 67.5 96.1 80.4 014 84.7 93.1 75.5 93.7
R-EWC - fc only 78.9 95.3 79.0 95.8 87.4 93.5 93.0 82.3 94.3 88.0
R-EWC - all 77.2 96.7 91.7 91.2 86.9 95.9 96.3 81.1 92.1 86.0
R-EWC - all no last 71.5 91.8 84.9 97.0 91.6 94.5 94.6 88.4 97.9 79.4

 Several datasets

EWC [5] (T1/T2)

MNIST

CIFAR-100
CUB-200 Birds
Stanford-40 Actions

89.3 (85.8 / 92.8) 93.1 (91.6 / 94.5)

37.5 (23.5/51.5) 42.5 (30.2 / 54.7)
45.3 (42.3 / 48.6) 48.4 (53.3/45.2)

50.4 (44.3 / 58.4)

Liu , Masana et al., Rotate your Networks: Better Weight Consolidation and Less Catastrophic Forgetting, ICPR 2018
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Experimental results (4 tasks)

CIFAR 100 Stanford Actions
0.7 T T — Evvé 0.8 I EWC
= R-EWC|| - REWC
0.7 4
1 0.6
| 2 051
g 0.4
0.3 A
0.2 4
0.1 4
CUB 200 (birds) % - . s
Il EWC
0.6 Hm REWC
0.5
a_&4‘
g
0.2
0.1 4
0.0 4

T1 T2 T3 T4
Liu , Masana et al., Rotate your Networks: Better Weight Consolidation and Less Catastrophic Forgetting, ICPR 2018
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Outline

* Memory Replay GANs (NIPS 2018)



Joint training (non-sequential)

Training data

i p AR |
& )
% B -

Auxiliary Classifier GAN (AC-GAN)

\

Discriminator = rveal/fake?
Classifier | ¢=dog/cat?

:/

— Condition ¢ —»

Generator

\

Latent vector z—>

Odena et al., Conditional Image Synthesis With Auxiliary Classifier GANs, ICML 2017



https://arxiv.org/abs/1610.09585

Sequential learning for image
generation Catastyophic forgetting

&l
D44

Generator

Task 3

-

T T 7T

c=dog  c=cat c=bird
Z2=0.643 z=0.453 z=0.132



Sequential fine tuning and forgetting

LSUN 4 categories (4 tasks) MNIST 10 categories (10 tasks)

Task 1 Task 2 Task 3 Task 4 Zy Zp Z5 Z4
) T 799 7
c=bedroom 2 9 9 7
E 999 7
7997
c=kitchen 799 7
7997
999 7
c=church 9 9 9 7
9997
79 49 7

c=tower

After task 10




Memory Replay GANs (MeRGANSs)

/

Generator

\

i)

: : Not trained.:
'[ Replay |- Remgmbers
I g@y\erator : previous task
: 1 — Prevents

|

-=- -@— -—= forgetting

Task 1

I . : { \,} \ y
= el euy. U




MeRGAN-JTR: joint training w/ replay

Training data task 3

‘\

| Discrim.

— real/fake?

| Classifier

Step 1: replay previous tasks

— C=dog/cat/bird?

\

Curvent gen. |«—c=dog.cat,bird

(task 3)

Step 2: joint

- Z

training



MeRGAN-RA: replay alignment

ng{at | Current gen. |
c=do R
S B e (task 2) | We can do pixelwise alignment
| «— because for given z and ¢
L Lavian output s deterministic
S | | (thanks conditional GAN)
—>: Previous gen. | |
——— (after task 2) |
------- I

Step 1: replay previous tasks and align



MeRGAN-RA: replay alignment

Training data task 3

Current gen.

Discrim. real/fake?

(task 3)

Step 2: learning new task



Digit generation (MNIST)

MeRGAN-JTR MeRGAN-RA

DGR

10 tasks (10 categories) 3 layers generator
EWC

QAN MH™ 0\
A~ ™ ne
dvf:.rm}uu?ﬁ..;rv
Q- N T \no

O—c T wnw
L Y ST NP
Q=~admF "I
QOQ~NNN>na

V= T i) N o=

B oo NGT NN T

Q- % dwvs
A.mwjﬁﬂnﬂw,.uﬁ.. r.....»....ﬁ..

0T e 0T 0T P el e o

LN NVN R W RN,

Ny ey T, Ty W Ny g Th Tay

A T ST S P W T LS (R N

L)

A T O O

O~ B~ - - O O O O O -

TET T T T T
O N N N S RN

QA MYTFT LW IO NS
0 o o u o u o u u u
Q Q Q Q Q Q Q Q Q Q

SFT: Sequential fine tuning EWC: GAN with EWC [arxiv17] DGR: Deep generative replay [NIPS17]



Scene generation (LSUN)

4 tasks (4 categories) 18 -layer ResNet generator

o , Different bedrooms! Same bedroom!
Sequential fine tuning MeRGAN -JTR MeRGAN -RA

Task 1 Task 2 Task 3 Task 4 Tdsk 1 Task 2 Task 3 Task 4 Task 1 Task 2 Task 3 Task 4

n | — ——
) ) e Sorw I ﬁ—
e | E B \ » e

2 = o o . -t M T o Ly ’
v rs by =) Semg j » T
- E - — -
- i
s

c=bedroom

c=kitchen

c=church

c=tower

Remembers the Remembers the
cateqory /mstance



t-SNE visualizations (MNIST)

Generating digit O (i.e. first task) after learning 10 tasks

- = « Real0

EWC
MeRGAN-JTR
MeRGAN-RA

Real

L R f}gﬁ}t };é}b OO 00

(BN AT MRS MORGAN-JTR

ks ol f.t;? o ',-&é‘ﬂaﬂ..} STy
v:" ,.'.,'._ ..—-‘p';:’..‘,.-?, 3. .t.v 0a d’ O
Ff”.’ o T T i L W

Samples from MeRGANs
overlap with real data



Learning and forgetting in t-SNE
(MNIST)

Generating digit O (i.e. task 1)

Sequential fine tuning | MeRGAN -JTR .

Real 0 : * Real 0
 After learning 0 - After learning

GAN with EWC MeRGAN -RA e e
’#‘ Real 0 * Real 0 et bt
- After learning 0
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* Mix and match networks (CVPR 2018)



Unseen image-to-image translations

Only these translations
are trained (seen)

Train

Evaluate on these unseen

translations
Test
e x(3)
X 4)
Xx(5)

Wang, van de Weijer, Herranz, “Encoder-decoder alighment for zero-pair image-to-image translation”, CVPR 2018
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Cascading image-to-image translators

oo —10

Two cascaded translators
(via an auxiliary seen domain)

Wang, van de Weijer, Herranz, “Encoder-decoder alighment for zero-pair image-to-image translation”, CVPR 2018
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Mix and match networks

Train Test
X x® - x® Key problem:
A encoder-decoder
X x@ alignment
x M X (5) X(m‘\
] = [@)]

Mix&wmatch encoder-decoders
(they haven’t seen each other
during training)

Wang, van de Weijer, Herranz, “Encoder-decoder alighment for zero-pair image-to-image translation”, CVPR 2018
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Application: many-to-many translations

We could train all possible translators

- Poor scalability: number of networks O(N?)

Problems:
- No sharing
]
]
@[]
@[]
(]
{‘ @
@[]
) = g5 (f1 (7))
o=@
OO
z) = g (f5 ()

|
|
|
|
|
|

[ ]

B
B e

]

]
B

]

Wang, van de Weijer, Herranz, “Encoder-decoder alighment for zero-pair image-to-image translation”, CVPR 2018

20 encoders, 20 decoders
(each of these networks is
different from the others)
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Mix and match networks

Unseen encoder-decoder alignment
- Latent representation should be domain-independent
- Achieved using shared encoder/decoders and autoencoders

/ N

oBm=mo
OBm=@ OBm=m®
OoBm—10 O==me 9ON==O

@) [ [@)
5 encoders, 5 decoders

- Scalable: number of networks O(N)

Wang, van de Weijer, Herranz, “Encoder-decoder alighment for zero-pair image-to-image translation”, CVPR 2018
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Example: scalable recolorization

Input

(8

Unpaired translation
11 colors (i.e. 11 domains)

ve

Wang, van de Weijer, Herranz, “Encoder-decoder alighment for zero-pair image-to-image translation”, CVPR 2018
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Example: scalable recolorization

Seen translations

Unpaired translation L _
11 colors (i.e. 11 domains) DO PPPVP® P D
Requires training 11 —
encoders and 11 decoders ”(_ﬂ
ar a
< >
by %
_'_<
Q(

Wang, van de Weijer, Herranz, “Encoder-decoder alighment for zero-pair image-to-image translation”, CVPR 2018
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Example: scalable recolorization

Unpaired translation

11 colors (i.e. 11 domains)

Seen+unseen tmmslatioms
aamuaaameada . O
O????QQ??
= S R e

Requires training 11
encoders and 11 decoders

3
&W

3% 2%

#QQQQv;

W
v'uae 4«%

@4 ala

combinations would require

YL

55 encoders and 55 decoders

v
v
2
v

®
=
*,
%
CycleGANSs for all &
&
%
L2
v

SR

&).@@w

caze

Wang, van de Weijer, Herranz, “Encoder-decoder alighment for zero-pair image-to-image translation”, CVPR 2018
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Example: scalable style transfer

Unpaired translation
Five domains
(photo, Monet, van Gogh,
Ukiyo-e, Cezanne)

(5 encoders and 5
decoders)

Wang, van de Weijer, Herranz, “Encoder-decoder alighment for zero-pair image-to-image translation”, CVPR 2018
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Application: zero-pair translation

Cross-modal translation setting (RGB, segmentation and depth)

Paired data available for (RG3, Evaluate on the unseen zero-
segm.) and (RGB, depth) pair translations (depth, segm.)
| |
| |
/ | Mg
Disjoint I le)— Unseen (no pairs
sets ' i for training )
\ | )
| F =g |
.. 1
[ — y

Wang, van de Weijer, Herranz, “Encoder-decoder alighment for zero-pair image-to-image translation”, CVPR 2018
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Zero-pair translation with two cascaded
pix2pix (paired translations)

In theory
Depth RGB
-to - -to -
RGB ':> segm.
(pix2pix) (pix2pix)

In practice

Wang, van de Weijer, Herranz, “Encoder-decoder alighment for zero-pair image-to-image translation”, CVPR 2018

58
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Zero-pair translation with CycleGAN
(unpaired translation)

In theory

Depth
-to -
segment.
(CycleGAN)

In practice

Depth-to-segmentation
is too complex for
CycleGAN

i___J

Wang, van de Weijer, Herranz, “Encoder-decoder alighment for zero-pair image-to-image translation”, CVPR 2018

59
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Zero-pair translation with mix and
match networks

Pooling indices

i | L Train data
) :C'%EAN ________ ]
L PR : Generated,

|LDEPTH

EM
- r\,,, ”””” ?/‘
fS 'gS == |
2 ' s S I

LpeprH
e 9] i
RGB

Wang, van de Weijer, Herranz, “Encoder-decoder alighment for zero-pair image-to-image translation”, CVPR 2018
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Zero-pair translation with mix and
match networks

Training for encoder-  Autoencoders
decoder alignment:
Lsgm

Pooling indices

_______________ >

Train data

e . e e e s el

Wang, van de Weijer, Herranz, “Encoder-decoder alighment for zero-pair image-to-image translation”, CVPR 2018
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Zero-pair translation with mix and
match networks

Training for encoder-  Autoencoders

decoder alignment: Shared encoder/decoders
Lsgm

Pooling indices

_______________ >

fr

Train data

e . e e e s el

[s

¥

fr

B

fp

Wang, van de Weijer, Herranz, “Encoder-decoder alighment for zero-pair image-to-image translation”, CVPR 2018
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Zero-pair translation with mix and
match networks

Training for encoder-  Autoencoders Latent losses
decooéer alignment: Shared encoder/decoders
SEM

Pooling indices

_______________ >

Train data

e . e e e s el

Wang, van de Weijer, Herranz, “Encoder-decoder alighment for zero-pair image-to-image translation”, CVPR 2018
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Zero-pair translation with mix and
match networks

Training for encoder-  Autoencoders Latent losses
decoder alignment: Shared encoder/decoders Robust side information
Lsgm (pooling indices)
Pooling indices
Loan Train data
|Generated|
LreB

LprEpTH
[Ff gDi Lseu—e——
o =
° LpEpTHT
ey 00 ) - B
RGB

Wang, van de Weijer, Herranz, “Encoder-decoder alighment for zero-pair image-to-image translation”, CVPR 2018

x
/_
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Zero-pair translation with mix and
match networks

Test on zero-pair translation depth-to-segmentation

Predicted Ground truth

Wang, van de Weijer, Herranz, “Encoder-decoder alighment for zero-pair image-to-image translation”, CVPR 2018
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Comparison: depth-to-segmentation

(d) D—R—S (e) Proposed (f) Ground truth

Figure 1: Zero-pair depth—segmentation, trained on
(depth,RGB) and (RGB,segmentation).

Wang, van de Weijer, Herranz, “Encoder-decoder alignment for zero-pair image-to-image translation”, CVPR 2018
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Side information in mix and match
networks

Ground truth

RGB

Depth

-
o
-
4
‘ ’ '
N
D - :

No side information

— >

Skip connections

—>—>|:]—I

>

—3p

No side Skip Pooling
information connections indices
Side information  Pretrained | mloU  Global

N 322% 63.5%

Skip connections N 14.1% 52.6%
Pooling indices N 45.6% 73.4%

Pooling indices Y 49.5%  80.0%

Pooling indices

Seems more
invariant and robust

Wang, van de Weijer, Herranz, “Encoder-decoder alighment for zero-pair image-to-image translation”, CVPR 2018

>

Decoder
conditioned on
seen encoder(s)



https://arxiv.org/abs/1804.02199

Quantitative evaluation

(3]

=] 5 - [} % —

v 5 =2 9w = 8 5 o — 3Tl 3

o o = & = £E 2 £ &8 3 = 8 =) )

Method COnn.LSEMEE:E:TJ’5EESE£ﬁﬁ§3EG
Baselines

CycleGAN [34] SC CE [2.79 0.00 16.9 6.81 4.48 0.92 7.43 0.57 948 092 0.31 17.4 15.116.34 14.2

2xpix2pix [10] SC CE |34.6 1.88 70.9 20.9 63.6 17.6 14.1 0.03 38.4 10.0 4.33 67.7 20.5§25.4 57.6

M&MNet D - R—+ S PI CE [0.02 0.00 8.76 0.10 291 2.06 1.65 0.19 0.02 0.28 0.02 58.2 3.3 596 323

M&MNet D - R—+ S SC CE [254 0.26 82.7 0.44 56.6 6.30 23.6 542 0.54 21.9 10.0 68.6 19.6§24.7 59.7
Zero-pair

M&MNet D — S PI CE |50.8 18.9 89.8 31.6 88.7 48.3 449 62.1 17.8 49.9 51.9 86.2 79.2]55.4 80.4
Multi-modal

M&MNet (R,D) —+ S PI CE 499 25.5 88.2 31.8 86.8 56.0 454 70.5 17.4 46.2 57.3 87.9 79.8]57.1 81.2

Table 3: Zero-pair depth-to-semantic segmentation. SC: skip connections, PI: pooling indexes, CE: cross-entropy

Wang, van de Weijer, Herranz, “Encoder-decoder alighment for zero-pair image-to-image translation”, CVPR 2018
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