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Reminder: The key idea of the Normalizing Flows

> simple f = small expressivity

» complex f = hard calculations

» = key idea:

» chain of simple 1<>1 invertible transformations =
Normalizing Flow
» network learning = log likelihood
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Reminder:Models with NF: RealNVP
affine coupling layer f: x — y:
Yi:d = X1:d
Ydi1.0 = Xd+1.0 @ exp(o(x1.q)) + p(X1.4)

where o(.) and p(.) are scale and translation functions and both
map R — RP~9. The operation ® is the element-wise product.
» easily invertible + to calculate the Jacobian
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Reminder: anroputm feTeKkTupoBaHus aHOManii

1. nockonbky otobpaxerue (NF)onTumusmpyercsi nog Bbibopky
HEaHOMaJibHbIX AaHHbIX, aHOMAaNUU UMEIOT HU3KYHO
BEPOSITHOCTb

> B NCXORHOM MPOCTPAHCTBE CO CAOXKHBLIM PacnpeaeneHnem
(+vmeem Tonbko BLIBOPKY) CIOXKHO MPOBECTM FPAHULY MEXAY
HOPMaNbHLIMU 1 AHOMASTbHBIMU AAaHHBIMY

> AAs HOPMANbHOTO pacnpeneneHust — NErko, Hanpumep,
rpatuua onpegensiercs 20 (95%)
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Reminder: Inverse Problems with Invertible Neural Networks

» model y = s(x) for the forward process

> aim at approximating p(x|y)

Cumynaums, Do6aBneHne CKPLITEIX BuipaBHMBaHue
Puanveckan c3MnnupoBanme, nepeMeHHbIX € paamMepHocTen
Monens > anpuopHoe >l HOPMaNLHLIM 2| exomHorofeuixoanore
pacnpepenenue pacnpenenenuem npocrpancTe
O6paTuMoe (RealNVP) , ONTHMMEAUNA NAPaMETPOR
oToBpaenme HopManusylowuit NoToK, DeyxcToponHee obyyenne, oTobpaxenua
axomworommxogsore [ —>|  Peanuauwa sonae  [—>) Maximum m;a':ndes:rlpancy —  exoanoro/mxoanoro
npocrpancTe HempoceTH ¢ ) npocTpaHcTe

!

C3MNNUPOBaHME NOCTEPHOPHOrD
pacnpeneneHna 3 CKPLITLIX
napaMerpos U
obpaTHOro oTo6pakeHua

forward (simulation): x — y
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se (prediction): y — x

forward (simulation): x — y

inv

Standard (Bayesian) Neural Network Invertible Neural Network
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Reminder: Inverse Problems with INN (2)
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INN for image denoising

forward

backward (inverse problem)

» Ectb napsl ganubix {x,y}, roe

P> x — yncTtoe nsobpaxeHue,

> y =X+ 17 — CUHTETMYECKN 3aWyMIEHHOE N306paxeHue;

» 1) — wym (MOXeT BbITb rayCCOBCKMM, PEanuCTUHHBIM, 1 T.4.).
» Llens INN: noctpouTs obpatnmoe oTobpaxeHue fy, Takoe 4TO

npu npsimom npoxoge (forward) f(y) = z = [z¢, zn]
» rpe z¢ — naTeHT, kogupytowuii "yucTyto” cTpykTypy /
cofepXXMMoe,
> zy — NaTeHT, CoepXKaLnii WyM /HEONpeaen&HHOCTb.
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Y710 XO0TM nony4nTh

» B obpatHom Hanpasnenun (inverse) xOTUM NOJy4YnTb YNCTOE
N30bparkeHne, NOAABNB/3aMEHNB LLYMOBYK COCTABSIOLLYIO:
%= fy }(zc.zy)

> obbiuHO nopcTansitoT z)y = 0 nan zj, ~ p(zy) (ecan xotum
cToxacTn4HoCTb)(?).

> Takum obpasom, faHHasi CXeMa BKJIKOYAET TpU wara:

1. u3ydeHue pacnpefeneHus 3alyMAeHHbIX N30DpaxkeHuii nyTem
KOAMPOBaHUS Y B 3aLUYMJIEHHOE CKPbITOE NPefCTaB/eHNne Z,

2. oTheneHWe YUCTOro NPeACTaBNAEHUS Z¢ OT Z,

3. BOCCTaHOBJ/IEHNE HNCTOrO U300OpaXKeHUsi NyTeEM LEKOLNPOBAHNS
Z¢ B NMPOCTPAHCTBO HMCTOrO U3006parkeHus.

» [lns obecneyerus scpcpekTa WymonoaasneHns otobpaxeHus
MEXIY Y U Z, Z¢ U X SOJKHbI ObITb B3aUMHO O4HO3HAYHLIMU,
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Tpl/l wara cXembl WymMonofaBaeHmA

noisy latent space

Z e

/ (2) disentanglement

(1) encode one-to-one mappm g

Noisy Images

\

£

o
o

3

clean latent space

(3) decode

Clean Images

e

9/21



1306paxxeHns <> naTeHTsbl

df(z)| ™"

det
¢ dz

p(y) = p(z)

> assume that z can be disentangled:

» some of the dimensions of z encode the distribution of clean
images (denoted as z¢) and the remaining embed noise
(denoted as zy).

» The clean image x can be restored through the following

transformation:
df -t

p(x) = p(zc) 4

» However, how to obtain z¢ with z "is not so obvious”.

» It is proposed a way of disentanglement by setting zy = 0
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Obyuenme: dyHkuyum noteps (1)

> PekoHCTpykLMOHHas noTepsi (supervised):
Lree =8 =x|[1 wm [[&x—x[]3
» D710 obecnevnBaeT, Y4TO z¢ SIBASIOTCA CYLLECTBEHHbLIMU
napameTpaMu AJ1si YUCTbIX N306parkeHul

» Owwubka "wymosoii” natentel (matching noise):
Linoise = HZN - 77”%
P ecnn BO BpemMs NpsIMOro MpoXoAa Mbl OTAENIbHO U3BJIEKAEM Zpy
U B CUHTETUYECKOM Habope 3HaeM LuyM 77, TO NX MOXHO
NPUHYANTENbHO COrNacoBaTh
P Kkak? OHM pasHbIX pasMepHocTeid! : 1) - cnoxeHue, u -
KOHKaTeHaUuuns
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Obyuenme: dyHkuum noteps (2)

» Jlor-npasgonogobue: Flow-mogens naér siHyto BEposiTHOCTb
natenToB. Ecnu mogens Takosa, uto fi(y) = (z,u), n Mo
npeanonaraem p(u) (Hanpumep, N(0, 1)), To oTpuuatensHoe
nor-npasaonoaobue Ans y npespalyaeTcs B:

Ofy(y) '

LniL(y) = — log p,(z) — log ‘det By

Mpu ycnosun cbaktopusaumn p(zc,zn) = pz(zc)pz(zn)
nHOrAa ynpowatot: MuHuMmusnpyem — log p,(zy) — log | det J|
(4acTb, CBSI3aHHasi C Z¢, MOXHO OCTaBUTL be3 siBHOV Lenu,
€C/IN OCHOBHO (POKYC Ha Zp. TakXKe Ha NPAaKTMKE UCNONb3YHOT
Gaussian prior ans zy — (— log p,(zn) o< |zn/?).
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Torosass kKombuHnposaHHast pyHKLMS NOTEPD

> B obuwem cnyvae: L = alyec + BLoise + YLNLL + I Laux

» rae Laux — pononuutensHble neHbl (SSIM loss, perceptual
loss, adversarial loss n 1.4.).

> [ns ctabunbHoro obydeHnst obbIYHO v AOMUHUPYET.

» [naBHOe B 0Dy4eHMU — KOHTPOAMPOBATH, YTOOLI LyM
oKa3zascsa B zpy, a He ‘npaTanca’ B zc.
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ApxunTekTypa ceTu

DownScale Flow Block
N\ Z~N(O, 1)
Step-Of-Flow Block Affine Coulping \ .
(SoF) Forward
‘—’O‘—’O‘_’ zy ~N(0,T)
\DB AN N Backward:
d DownScale | ™ =0

1x1
Invertible
Conv

>0 ‘\ '\DB B @<« [SoF - [soF|«>|  Flow

/ | Block
o«~' / | Bk

—

Squecze
Actnorm

B

}z{—N(ﬂ,l)

Clean

Forward () Split O Addition O Multiplication () Concatenation
Backward (O Concatenation Q) Reduction (O Division QO split

Table 4. Comparisons on the denoising accuracy of different numbers of DownScale Blocks and

Invertible Blocks.

SoF Blocks
PSNR
Num =4 Num =38
num =1 29.59 29.86
Flow Blocks num =2 29.87 30.00
num =3 29.89 29.90
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Bbibop pasmepHocTeli naTeHTOB

Table 5. Comparisons on different proportions of the dimensions of z¢ in z.

dim(zc) 1/8 1/4 12 3/4 7/8
PSNR 29.81 30.00 30.00 30.19 30.18
» Buibupatot:

» 75% — content
» 25% — noise

» [loyemy 3To pabotaer

» BusyanbHasi cTpykTypa Tpebyer bonblue cTeneHeii cBoboabl,

YeM LWyMm

» Lllym cratuctnyeckn npouwe (4acto 6amsok k Gaussian)

» Tunu4dHble 3Ha4YeHUA U3 CTaTelk:

» 10-30% kananoB — noise
» 70-90% kaHanos — content

» B INN-geHoii3rHre pasmepHOCTb LWyMa — 3TO He nMapameTp
JaHHbIX, a TMNepnapameTp MOAE/u, KOTOPbI 3a4aéT rae

Mogent byner XpaHUTb HeONpenenéHHOCTL.
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Cnou: Squeeze

4 Channels
Squeeze

P> Squeeze o4yeHb BaxkeH, be3 Hero nogaeneHne wyma
npakTU4eckn He paboTaer.

> >T0 AETEPMUNHNPOBAHHAA, NONHOCTbLIO 06paTmmaﬂ
nepecTaHOBKa 2J1IEMEHTOB TEH30pa.

» Hukakast undopmauusi He TepsieTcs
» Het napametpos
» log-petepmuHanT Akobuana = 0

» Coupling layers BugsaT Tonbko no KaHanam

» Bes squeeze Kaxablii MUKCENb W30ANPOBAH, a JIOKAJbHbIE
koppensiunmn (2x2) He BUAHBI
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Cnon: Squeeze He paBeH pooling unn stride

Omnepanus O6paruma Iloreps unpopmanuu Ha3HaueHnue
MaxPool X Aa downsampling
AvgPool x na CIyIaKUBaHue
Stride Cony X YaCTHUYHO feature extraction
Squeeze V| HeT nepepacnpefje/ieHre HHGopMaLu1

[ ]
Squeeze MeHseT NpeACTaB/IeHue, a He JaHHbIe.
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Cnou: Activation Normalization (Actnorm)

» Actnorm replaces Batch Normalization,

» performs an affine transformation with a scale and bias
parameter per channel of the type

X —
y=""Ly+p
g

where v and 3 are learned, initialized from the initial data
statistics

» Unlike Batch Normalization, which uses batch statistics
throughout training, Actnorm calculates the mean and
standard deviation from the first initial minibatch of data.

> After the initial data-dependent setup, the scaling and shifting
parameters become regular trainable parameters, independent
of the input data.

» allows for deeper models
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Cnou: 1 x 1 convolution

» Dimensionality Reduction/Increase: It acts as a bottleneck
layer, reducing the number of channels (depth) to lower
computational costs (e.g., in ResNet or Inception modules).

» It blends information across input channels for each spatial
location.

» Non-Linearity: Similar to a fully connected layer applied
per-pixel, it adds more non-linear activation functions (like
ReLU) to the network, increasing capacity without significantly
increasing parameters.

» Feature Combination: It creates a new set of features by
learning optimal linear combinations of existing input channels.

C
Ya(i, ) =Y ) ) Xe(i+ m.j+n) - Kgc(m,n) + b

c=1 m n
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Euwe nutepatypa

» Abdelhamed, A., ert al "Noise flow: Noise modeling with
conditional normalizing flows.”
http://openaccess.thecvf.com/content ICCV_2019/papers/
Abdelhamed Noise Flow Noise Modeling With Conditional
Normalizing Flows ICCV_ 2019 paper.pdf

» Lugmayr, A, et al "Srflow: Learning the super-resolution space
with normalizing flow." https://arxiv.org/pdf/2006.14200

» Asim, M. et al, "Invertible generative models for inverse
problems: mitigating representation error and dataset bias.”
http://proceedings.mlr.press/v119/asim20a/asim20a.pdf
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Types of Generative Models

GAN: minimax the o | | x kel Generator o
classification error loss. D(x) G(2) x
VAE: maximize ELBO. X Encoder Decoder > 5!
qy(z[x) po(x|z)
Flow-based |
generative models: x Flow nverse |,
e ; —————4 : }—————» i x
minimize the negative f(x) =)
log-likelihood
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