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» Generative Models

- Generative Adversarial Network (GAN)
- Variational AutoEncoder (VAE)

- Normalizing Flows

- Density estimation
- Anomaly detection

-Image generation

* RealNVP

* Glow

 SRFlow
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Generative Models
« GAN

- Fake sample= ‘"4 St= generator@} O| £ real data} & St= discriminator

~Content loss(L1, L2) 2t adversarial loss& AF235H0] St

i
1o
rf>

Discriminator

D(x)

Generator

G(2)

GAN: minimax the 5
classification error loss.

Fig.1 GAN structure

« VAE
- Evidence lower bound(ELBO)2| maximizeE E3H log-likelihood& %| X 3}

- Low dimension2] latent space”’} decoderE &5l 4ot Z1H0| A blurry& O] LIEHE

Decoder

VAE: maximize ELBO.
po(x|z)

Fig.2 VAE structure
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Generative Models

* Normalizing Flow

1%
rf>

- Invertible transformation= AF2S}0] exact negative log-likelihoodES AH2S}0

- InvertibleSI 2 £ Jatent space z2} x2| dimension0| & &t

Flow-based i |
generative models: x - ow >l 7 o hverse > x!
minimize the negative f(x) fYz)
log-likelihood
Fig.3 Normalizing Flow structure
Method Train Sample Num. Resolution Free-form Exact FID NLL (in
Speed Speed Params.  Scaling Jacobian Density BPD)
Generative Adversarial Networks
DCGAN [182] Hhhhk e e e v X 37.11 -
ProGAN [114] Hhhk e Rt EAEE v X 15.52 -
BigGAN [19] Hhhk e e wrrE s X 14.73 -
StyleGANZ + ADA [115] * *xww e TrrEE s X 242 -
Variational Autoencoders
Convolutional VAE [123] ok *xww TrrEE x s (v) 106.37 < 4.54
Variational Lossy AE [29] ek * * ok X (v) - < 2,95
VQ-VAE [184], [235] - Eees * B it X (v) - < 4.67
VD-VAE [31] * wrw xx e s (v) - < 2.87
Normalizing Flows
RealNVP [43] P *xww TrrEE wrr X o - 3.49
GLOW [124] * wrw = i X ' 4599 335
FFJORD [62] * Eees e = s " - 3.40
Residual Flow [26] - PR Pt - s " 46.37 3.28
1 Star 2 Stars 3 Stars 4 Stars 5 Stars
Training >5days <5days <2days <1 days g% day i L
Sampling AR MCMC Middle <20 steps 1'step X mtraCta_bIe denS|t|§§
Params =~ >120M  <120M  <60M <30M  <10M (v') : approximate densities
Resolution <32 32 6dor128 2B6or5l2 1024 v tractable densities

SOGANG UNIVERSITY 4 LaB
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Pros and Cons

* Pros
. 8t 0| OF R A
1T -Hd—] L- O O
- Generator / Discriminator2| st& 118 0| A| hyperparameter &7 0| 77tCHE 2 GAN
;' Normalizing Flows negative log likehood loss2t2 A2 50 &t&3t7| 20| &H&
0| O % eHE A
vExact log-likelihood & Al 4te 4= 2, O| F AHE3510] <-55H7| IZ0] GAN,
VAEO] H| &l convergedt”?| +l&
MM E 2}
- HN O 2 GAN, VAEX| H| 8l realisticSt L blurryStX| @2 O|0|X| 44 7ts
« Cons

- Bijective®t £4 2
— Invertible®}| OF &} 7| [If

Ad

(@)

—Invertible®t £

Fot =& Kok &
Ol latent space2| dimensionO| input O| 0| X| 2} & L&t

[eX St

7] QI3 LIEfLt= transformation function2| E 312 K| st

MO

0
B
OF
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Normalizing Flow -
« Normal distribution //

) = e

« Input dataE normal distribution2 2 H¥SI7| 2|8t Flows 2| &t
f(2) =x, f71(x) = z 2| A E &= transformation === : Flows

- Latent space z= 2| 2| distributionO| X| 2, computational costE 215t normal
distribution2 = Afﬂ

—> Normalizing =

Flows

Pt RN Latent space z

~
/s N
7 \
\ \ [ v
I ! I ! | |
1 ! 1 ! \ !
\ U \ i \ !
\ / \ \
~

’ \ ’ \ ’
bl

s ~ ’ ~
S -7 ~ - ST

zo ~ po(2o) z; ~ pi(2;) Zig ~ PK(ZK)

n AT e Fig.5 Normalizing Flow structure
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Change of variable theorem

« Single random variable z
- Normalizing FlowsO{| A{- = Normal distribution= 73
« Mapping function f
fTHILEM, i) =2
ep(x) =7
-2 EE X 0| Zolof
[p()dx=1= [n(z)dz,

@ = 1) |Z] = n(r100) |2
p(x) = n(z dx—n(f X)) Ix
CHH =2 2HEf Jacobian
T;l':f _:
pG) = n(@) || = n(r [ L |
R AT THSED VDS
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Change of variable theorem & ® o ji

. N
4 A
/ \
I )
1 1
1 !
\ U
N ’
< /
< .
Zn ~ Dn(Za)

X =Zg = fx ofx—-1° °f1(Zo)

d
log p(x) = log nx (zx) = log ng_1(zg-1) — log|det 7 Ik
Zg 1
dfx—
= log nx_»>(zx—2) — log|det k-1 — log|det fx
dzg_ dzx_1
N —-=y gV |
1 df: 1
= log 7:¢(z0)| 2'log det dzﬁ :
P =111 zt OCH AAL IS
Normal distribution === == = = = ;A layerOFE St 7S

* p(X)Z FlowE2 &3l normal distribution2 £ 3 7t
- Transformation function©O| invertibledH Of &
- Z} transformation function2| Jacobian2| & AH0| 3| 2| OF &t

-E ZHE OHESHE =2 affine transformationS | ©F
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1) Dinh, Laurent, Jascha Sohl-Dickstein, and Samy Bengio. "Density estimation using real nvp." ICLR 2017.

RealNVP!! [ICLR 2017]

» Affine transform

{Hl:d = X1d ] } o {Xlzd i ¥id

Vii:p = Xgi1:p® exp(s(x1.q4)) + H(X14q —5(¥1:4))

el
=
+
!

|
L
=
g
O]
T
fa
=

- B |J eCtlve Fig.6 Affine transform structure

-Weight matrix2| inverse matrix &4t 80| inverse functiona +& = U=
[Ct2+AM neural network 2 TA =l s(), t() function2 AR EH 74 7ts

= Jacobian

ay B 5 Iy 0

0zT % diag (exp [s(z1.4)])
D—-d D—

det() = | [exp(sri)); = exp() sCria)))
j=1 j=1

R B THSD VDS
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1) Dinh, Laurent, Jascha Sohl-Dickstein, and Samy Bengio. "Density estimation using real nvp." ICLR 2017.

RealNVPUI

» Affine transform

- 213 feature2| channel= &l

- HESHK| ¢

Ol HHd

s T (x) I &

d
8ots F2(x)E A8

- X, = A& x,= scale, translationSt ¥ affine transformations =2

== Forward propagation

v Y1:d = X1:d

Y Yas1p = Xgrrp @ eSF1d +t(xg.4)

o
{\

<Forward propagation>

R AW THEE D
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-+ Backward propagation
Y X1:a = Y1

v Xgi1:0 = Wasrp — t(V1.0)) © e 5V

O

b &{: N

; ~
9 S
./

o>

<Backward propagation>

Fig.7 Affine transform structure
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1) Dinh, Laurent, Jascha Sohl-Dickstein, and Samy Bengio. "Density estimation using real nvp." ICLR 2017.

RealNVPU!
« 0§21 7H9| coupling layerE Sl FlowsE T

*(Fp°fa)(x) = 2

d(_f Ofa) afa df
{;T(ma) = ﬂ(ma] : ﬁ(% — fa(l'a))

det(A - B) = det(A) det(B).
- Inverse

(foo fa) ™t = fato fyt
 Channel permutation

X'd I . Xd 7] . de n Xid 7
' '
Xchangé . Xchangé . Xchange Xchangé
n A1 TH 3_';.3. Fig.8 Squeeze operation
6 SOGANG UNIVERSITY 11
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1) Dinh, Laurent, Jascha Sohl-Dickstein, and Samy Bengio. "Density estimation using real nvp." ICLR 2017.

RealNVPUI

 Sgueezing operation
- ChannelZt2| A4S St affine transform= =2l 6l Of &t
-0|0|X|= EA RGB 3 channel 2 T+ &l
' Squeezing operation= &5l channel sizeE = &
Invertible?t Sd2 FAI5H| fSiA=C*H*we| 42 HE 5= SIS
- [[fEW squeeze operations =
;= Spatial sizeE 9t 2 =0|= 21t
= Shuffle O| = reshaped}tOq spatial sizet= %, channel= 4H{ 7} &l

Squeeze Shuffle
&
reshape
Dim:3*4*4 Dim:3*2*2*2%*2 Dim:12*2*2
n S TSR Fig.9 Squeeze operation VDS
SOGANG UNIVERSITY 12 Lae



Dequantization ¥
 Normalizing Flowe= & & 2% &= H & ﬂﬂﬂ

0 1 2 0 1 2
(@) Paata(x) (b) uniform g(v|x)

- Input image = digital 2 X & &£| 2 £ discrete®t
- Normalizing Flow= continuous random variable2| distribution=2 =78
-2t A B2 dequantization 7| ‘& 0| &= R &[0 input image= dequantinize

e~ plelx)
&
X [x,e]
 Dequantinization method Fowunt, | Fovunt, |
|
Invertible Y Invertible *
- - - unit(m,) | nvertible module m,, unit (m,) | Invertible module m,,
- Adding uniform noise
Invertible module m,,, ‘ Invertible module m, ,
-RealNVP, Glow, ... : ¢
‘-'1 4!1
|
Flow unitf, Flow unit f, |
Invertible \J Invertible \J
unit (m,) | jnvertible module m,, unit (M) | |nvertible module m,,
Invertible module m,,, ‘ Invertible module m,,
i i |
Y Y
%4 %

ﬂ B THSED VDS
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1)

Glow!!l [NIPS 2018]

« RealNVP2| successorZ, 3712 2= 2 S}LI9| step(flow)= T+

Kingma, Durk P., and Prafulla Dhariwal. "Glow: Generative flow with invertible 1x1 convolutions." Advances in neural information processing systems 31 (2018).

A

affine coupling layer |

?
- - . . | invertible 1x1 conv |
- Activation normalization | t |
~ Invertible®t channel-wise normalization T

A

:=Forward : S* X +b

Fig.10 Architecture of a step in Glow
;' Backward : 1/S * (Y-b)

log-det : h * w * sum(log]s|)

- Invertible 1x1 convolution layer

~RealNVPO| Al 23 Ct=8A channel2| = A S reverse 2SO 2 HI R = 742
=/tset £20|H Ho| =X

F

ok
f>

Of

-GlowO{|Al= O] & 1x1 convZ generalizedt O permutation=

SHEBIEE 3t

[ot

+ InvertibleSt = = weight2| diagonal ‘§=2F & &

s:Forward : y =W * x

srlnverse 1 x =Wil*y log-det : h * w * log(det|W])

- Affine coupling layer

-RealNVP2} & 2t transformation function2| affine coupling layer A&

A B
S

I VDS \
SOGANG UNIVERSITY 14 LaB



1) Kingma, Durk P., and Prafulla Dhariwal. "Glow: Generative flow with invertible 1x1 convolutions." Advances in neural information processing systems 31 (2018).

Glowl!!l

« Multi-scale architecture
- 370 2| substep2 2 - =l step of flowE AFHESHO multi-scale architecture 773
- Checkerboard pattern= A&l O|O|X|Z channel-wise maskingSt3| squeezedt
-Step of flowE K =2 St= A : Level
~Level2| =M O| ELIH transform=|= £ 20t AEHX| U2 EEO 2 gplit &
s: Ll B2 & transformO| E'H &2 (z)= HFE Gaussian distributionO| & =& 2t&
s LFHX| HEL2 TS level 2 'H 71 CHS level 2| step of flow =2

;= OFX|8F Jevel 2] B A A A7} Gaussian distributionOf =] =

thu
of
>

step of flow

*

squeeze

*

squeeze

3

1
1
1
|
|
|
1
| step of flow
1
|
|
|
1
1

___________________________ ' _ Lxe ) [ xs ) \ )
g 5".,6. CH &:'D' @ 15 Fig.12 Multi-scale architecture I VES \

SOGANG UNIVERSITY Fig.11 Glow architecture



Glow!ll

Kingma, Durk P., and Prafulla Dhariwal. "Glow: Generative flow with invertible 1x1 convolutions." Advances in neural information processing systems 31 (2018)

» Experimental Results

Fig.14 Random samples from Glow
Model | CIFAR-10 | ImageNet 32x32 | ImageNet 64x64 | LSUN (bedroom) | LSUN (tower) | LSUN (church outdoor)
RealNVP | 3.49 | 4.28 | 3.98 | 2.72 | 2.81 | 3.08
Glow | 3.35 | 4.09 | 3.81 | 2.38 | 2.46 | 2.67
Table.1 Model comparison (in Bits per dimension)
R AT TSR
SOGANG UNIVERSITY 16
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1) Kingma, Durk P., and Prafulla Dhariwal. "Glow: Generative flow with invertible 1x1 convolutions." Advances in neural information processing systems 31 (2018).

3 R . ) i, P

Fig.15 Linear interpolation in latent space between real images

 Ablation study

3.70 T T
I —— Reverse
365 —— shuffle |
—— 1x1 Conv
360 "\\k
355
; 350 \\‘\\' \1'\\‘-
3.45 \\_\ Lﬁ‘\.r-
340 P HH—H_._‘_ F""'-»--k.__._. -
335
330

0 200 400 600 800 1000 1200 1400 1600 1800
Epochs

' Fig.16 Comparison of the three permutation methods

HAB TSR VDS
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1) Arizona, Lynton, et al. "Guided image generation with conditional invertible neural networks." arXiv preprint arXiv:1907.02392, 2019.

Conditional Normalizng Flows

« Conditional Normalizing Flowsl

- Affine coupling layerOi| conditionS £ 0

out

Fig.17 Conditional coupling block (affine transform)

of
det(&)

L =E;[-log (px(xi;ci,8))] —log (pe(d))

' (se,0) =g(-:c.0).

px(x;c,0) =pz (f(x;c,8))

g AW THEE D .

SOGANG UNIVERSITY
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https://openai.com/blog/glow/

VDS

LAB



1) Arizona, Lynton, et al. "Guided image generation with conditional invertible neural networks." arXiv preprint arXiv:1907.02392, 2019.

Conditional Normalizng Flows

« Conditional Normalizing Flowsl!

- Class-conditional generation for MNIST dataset
- One-hot vector condition2 £ class conditiong 0| &
- Tidy, narrow, wide, messy, faint, bold2| & 67tX| &5 2| dataset &&
220 ~ 98| ==X} condition, = At T/ 2| & 7tX| conditions St5ot U=
v 0~90] ol &&t= 00| X| 7t condition= S5l SFLt2| latent space £ & &

;- Backward propagationQ| A = latent spaceOi| A] normal distributioni| [Lt2f sampledtd
MM SR S = XEQ| conditions AFESHY inverse BESF inference

C as one-hot vector Tidy
'f[ooo1o000000 .I
L - ]..| Slanted, narrow
¥ T ¥ o
Slanted left, wide
X n_ o —% Z Messy
28 x 28 784 Faint
g (25 x 28)
24 blocks Bold
Fig.18 Normalizing Flows model for MNIST generation Fig.19 Generated samples from conditional flow model

R A%l 3_!.._.1 VDS
S
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1) Arizona, Lynton, et al. "Guided image generation with conditional invertible neural networks." arXiv preprint arXiv:1907.02392, 2019.

Conditional Normalizng Flows

« Conditional Normalizing Flowsl]

- Diverse ImageNet colorization
-YCbCr image2| YZ condition2 2 AF23}0 ChCr HES BT
O|Of x| ‘47
-YEZ2EH color feature CbCr2 0| =3} = F condition feature extraction network h&
pretrain3}01 AE S
=AM XA BHE ISl 2 transform functionOf| A A2 & 5= QU= condition network2|
- A7|= FstE

AHAI-O|
10—

<l

orof O+

1%

v Network h& A&l Zf layerOf| Al = network hOf| A] -8 4Bt featureE Zf flow
levelOf| A tuningSt= 9“!%‘% =
hi he hs
o1 Y Y v oy o ,'*;'*_

H T T T il

: H i i i 1 1 . T T T T !

64 x O
- - - -
a
b 32xBxE
- 16 x 16 x 16
96 x4 % 4

B e 64 8 %32 x 32
2 % 64 % 64 T
16 x 16 x 16 32xExE

Fig.20 Normalizing Flows model for ImageNet colorization
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1) Arizona, Lynton, et al. "Guided image generation with conditional invertible neural networks." arXiv preprint arXiv:1907.02392, 2019.

Conditional Normalizng Flows

« Conditional Normalizing Flowsl]

- Diverse ImageNet colorization

<Generated image> <Condition> <Generated image>

Fig.21 Samples from Conditional Normalizing Flows

SOGANG UNIVERSITY 21
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1)

Lugmayr, Andreas, et al. "Srflow: Learning the super-resolution space with normalizing flow." European conference on computer vision. Springer, Cham, 2020

SRFlow!!l [ECCYV 2020 Spotlight]

 Super Resolution

- Low resolution(LR)2| 0| 0| X| 2 2 H high resolution(HR) O|O|X| & & &
-5t XO| LR O|O|X|2EEH 2] HRO|O|X| 7} MM =l 2~ 912

o= T M&E

O 2| CFE HR O|O[X| & resizesty & Ml s ¢t LR O|O[X| & €& == U7 =
v ill-posed problem

-7|Z2| GAN & A 2 2 SRE S| A58 1 of A= O] & PtESIHA| &t
- Deterministicet A S = SHLES| weightOf| A SHLES
- [t2+A Normalizing FlowsE E%5PO=| olgigt EdE ne{e &= U= method X 2t

'+ Content loss, adversarial lossZ£ -3 =l GAN
: &2 =F 0| A= Normalizing FlowE At-E3}0q negative log-likelihood lossZh AFE
RRDB[46]  ProgFSR[18]

ﬂ a. a&
LR Input " A
- - .
- A\ o

Output: Single SR Image Output: SR Image Distribution -

SRFlow

R AW THEE D

VDS
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1) Lugmayr, Andreas, et al. "Srflow: Learning the super-resolution space with normalizing flow." European conference on computer vision. Springer, Cham, 2020.

SRFlowl!!]

« Main contribution
- ill-posed problem@! super resolution2| natureE 2t 7ts
- T2 loss (NLL)= A2 3SH0 mode-collapse?t € O{Lt= GANEL} 2H&0| 2HE A

- Mode-collapse : Discriminator7} Generator 2. Ct &l Al 4.5 0| =0} X generator?t StLI2|
sample2t ‘4 d5tA &[= A

H 2ot latent space 2 2| mapping0| £ & &

- Latent spaceOf| A 2| manipulation technique= & ¢} image content transfer, latent space
A
= T AN

normalizationS < 3t harmonizationO| &

% 00
il

Source Target y Input y Transferred y

Fig.22 Sample images of content transfer

R B THSED VDS
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1) Lugmayr, Andreas, et al. "Srflow: Learning the super-resolution space with normalizing flow." European conference on computer vision. Springer, Cham, 2020.

SRFlowl!!]

 Conditional Affine Coupling
- Affine coupling layerO]| condition= X -£95}0{ HR O|O|X|0f| CHot 2 &£ ot&
-LR O|0|X| £ condition® £ F0{ HR O|0O|X|o| 2 & st&
- Affine layer2| neural network input2 £ splitet channel2| 22t} LR image condition=
concatenateStO] & &
.- Neural network®| Z1tZ LI scale factor, translate factorS AF23}0] LIHX| & Bt

o AGH

channel 2| affine transform= &

Fig.23 Conditional affine coupling block structure
A szugta I VDS \
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1) Lugmayr, Andreas, et al. "Srflow: Learning the super-resolution space with normalizing flow." European conference on computer vision. Springer, Cham, 2020.

SRFlowl!!]

« GLOW architectureE =

- 1x1 convolution » Flow-step
_%| ™ 9| channel &AM E &t - Z{ flow-step= Actnorm, 1x1 conv, affine
injector layer, conditional affine coupling
- Actnorm layer 2 7
- Invertible®t channel-wise normalization -2} level OFCH 1671 2] steps=2 T+
- Squeeze -4x SRe| B2 37l2| level2 2 78
-RealNVP2} & Yot squeeze operation -8x SR2| B2 47l 2Q| level2 2 T+
Inference & Train Input: Low Resolution Inchm:c

Low-Resolution Encoder gg Traini ng

Inference Output:

Super-Resolution

' -
Transition Step "
Scale Level

Invertibe Normalizing Flow f I{:;?ﬁﬂrﬁin

=)
~
—
— =
b =
—_
1=
b

Convolution

Affine Injector

EZL

n A% CH 3_];_3_ Fig.24 SRFlow architecture |V_DS|
25 LAB
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1) Lugmayr, Andreas, et al. "Srflow: Learning the super-resolution space with normalizing flow." European conference on computer vision. Springer, Cham, 2020.
2) Wang, Xintao, et al. "Esrgan: Enhanced super-resolution generative adversarial networks." Proceedings of the European conference on computer vision (ECCV) workshops. 2018.

S RFlOW [ 1 ] DIV2K 4x PSNRT SSIM?

No Lin. F-Step  26.96  0.759

o Affine injector |ayer No Affine Inj.  26.81  0.756
SRFlow 27.09  0.763
. Condition Dl_l' = @) | -Q-_L|- O:I afﬂne COUleng |ayer T3 2~ SH Table.2 Comparison with ablative experiments

[Ct2t A channel = splitShO] neural network®l ‘& X| &S
-+ @ &l condition2 2 24 St scale, transition 4f= T M| featureOf| CHSHO] affine =2
2 0| layerS A2 3| conditionOf] (2 EX &2 =&

e Low resolution encoder

- 2t level 0| A1 2] LR condition?| 55t #3128 = 2|5l ESRGANRN| A X| Ot
RRDB L& & AFESHY encodingStO| AHE

* Transition step

pE
0

- Squeezing operationOi| 2|3l L}EfL}= checkerboard artifactE 2t}
- Squeezing operation2 THa=3]| pixel 2| re-ordering0| 2 £ artifact”t 2 = AS

-7|E= Y2 B .E step2 condition layer2 T35SI} =0, O] 42 squeezing operation 0|
IZHOF channel permutationsS &t&0HA| Zot= B9 7 2l

-Squeezing O| 2 0f| conditional layer 910| 1x1 convZt S 1}k 2 M squeeze O| = channel

=MEH T AEY + S

R B THSED VDS
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1) Lugmayr, Andreas, et al. "Srflow: Learning the super-resolution space with normalizing flow." European conference on computer vision. Springer,

SRFlowl!!]

 Train
- High resolution O|O| X| & squeezedt ] input2 2 ALE
- Low resolution O|O|X| = LR encoderE & 0ol condition2 2 A&
- Z0}X O 2 |atent spaceM| A Gaussian distributionS Z == NLL LossZ &t&
* Inference

- Latent space 0| A] Gaussian distributionO| A] sample
- LR O|0|X| £ condition@ 2 AF3SI0] AEtSEO 2 inferencedt O] SR 0|0|X| 2l &

Inference & Train Input: Low Resolution Inference
Low-Resolution Encoder gg L=
et~ - Training

Inference Output:

Super-Resolution

Scale Level

Transition Step
Training Input:

Invertibe Normalizing Flow f High-Resolution

=}
=
—_— =
=]
- =
i’

Affine Injector
1x1
Convolution

EZL
Fig.24 SRFlow architecture
27
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1) Lugmayr, Andreas, et al. "Srflow: Learning the super-resolution space with normalizing flow." European conference on computer vision. Springer, Cham, 2020.

SRFlowl!!]

» Experimental Results

RRDB [47] ESRGAN [47] ProgFSR [19] | SRFlow 7 = 0.8] Ground Truth

Fig.25 Comparison of our SRFlow with state-of-the-art for face SR on CelebA (x8)
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1) Lugmayr, Andreas, et al. "Srflow: Learning the super-resolution space with normalizing flow." European conference on computer vision. Springer, Cham, 2020.

SRFlowl!!]

» Experimental Results

; ; ; AlS
- DIV2K dataset2| 100 validation images= & &
DIV2K 4x DIV2K 8x
PSNRt SSIMt LPIPS| LR-PSNRt NIQE| BRISQUE, PIQUE, | PSNRt SSIM{ LPIPS| LR-PSNRf NIQE| BRISQUE| PIQUE]
Bicubic 26.70 g7 0,409 A8.70 5.20 3.8 26.6 23.74 .63 0.384 ar.le 6.65 60.3 a7.6
EDSR [24] 28,08 0.583 0.270 24,89 4.46 43.3 T7.9 - - - - - - -
RRDB [4?] 20 44 0.54 0.253 49,20 5.08 h2.4 B6.7T 25.50 0.70 0.419 45.43 4.35 42.4 79.1
RankSRGAN [56] 26.55 0.75 0.128 42.33 2.45 17.2 20.1 - - - - - - -
ESRGAN [47] 26.22 _ 0.75 _ 0.124 39.03 2,61 22.7 26.2 22,18 0.58  0.277 31.35 2.52 20.6 25.8
ISRFIOWT=U.9 27.09 0.76 0.120 49.96 3.57 17.8 12.6 | 23.05 0.a7 0.272 20.00 3.49 20,9 17.1
Table.3 Result comparison on DIV2K dataset
- CelebA dataset
LR 1PSNR 1SSIM |LPIPS | tLR-PSNR | [NIQE |BRISQUE |PIQUE |{Diversity o
. Bicubic 23.15 0.63  0.517 35.19 7.82 58.6 09.97 0
= RRDB [47] 26.59  0.77  0.230 48.22 6.02 49.7 86.5 0
.8 ESRGAN [47] 22.88  0.63  0.120 34.04 3.46 23.7 32.4 0
| © SRFlow =08 2524 0.71 0.110 50.85 4.20 23.2 24.0 521 |
80 ProgFSR [19] 23.97  0.67  0.129 41.95 3.49 28.6 33.2 0
| £ SRFlow r =08 2520 0.71 0.110 51.05 4.20 22.5 23.1 528 |
Table.4 Result comparison on CelebA dataset
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1) Lugmayr, Andreas, et al. "Srflow: Learning the super-resolution space with normalizing flow." European conference on computer vision. Springer, Cham, 2020.
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Fig.26 Analysis of number of flow steps and dimensionality
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