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[NocTaHoBKa 3aga4n. ANOCTEPUOPHOE pacnpenerneHme
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Perynapusaunm Kak nNOTHOCTb pacnpeaenenHus
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Glow: Generative Flow
with Invertible 1x1 Convolutions

e YBEMIMYEHNe pa3MepoB reHepupyeMbIxX

Abstract

( ) 6 /
Flow-based generative models (Dinh et al.}[2014) are conceptually a M 3 O p a)Ke I I M M

tractability of the exact log-likelihood, tractability of exact latent-vari

and parallelizability of both training and synthesis. In this paper we propose Glow,
a simple type of generative flow using an invertible 1 x

method we di a signifi imp inlo

benchmarks. Perhaps most strikingly, we demonstrate

optimized towards the plain log-likelihood objective is caj

looking synthesis and manipulation of large images. Tl
available athttps://github.com/openai/glow.

log |det

1 Introduction

Two major unsolved problems in the field of machine learning ar¢

learn from few datapoints, like humans: and (2) generalization: robustness to changes of the task or
its context. Al systems, for example, often do not work at all when given inputs that are different
from their training distribution. A promise of generative models, a major branch of machine learning,

“Equal contribution.
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d conv2D(h; W)

dh

= h-w-log|det(W)|

W = PL(U + diag(s))

log | det(W)| = sum(log |s|)

(a) One step of our flow.

(b) Multi-scale architecture (Dinh et al | [2016).
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.15
Normalizing flows are a class of probabilistic generative models which allow for o 1

both fast density computation and efficient sampling and are effective at modelling
complex distributions like images. A drawback among current methods is their
significant training cost, sometimes requiring months of GPU training time to
achieve state-of-the-art results. This paper introduces Wavelet Flow, a multi-scale,

normalizing flow architecture based on wavelets. A Wavelet Flow has an explicit g[ ] ( :) Level 3
representation of signal scale that inherently includes models of lower resolution evel >

y

signals and c of higher ion signals, i.e., super resolution.

A major advantage of Wavelet Flow is the ability to construct generative models for co efﬁments
high resolution data (e.g., 1024 x 1024 images) that are impractical with previous «) o | h
models. Furthermore, Wavelet Flow is competitive with previous normalizing gin 2 > n

flows in terms of bits per dimension on standard (low resolution) benchmarks while
being up to 15x faster to train.
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Here we introduce Wavelet Flow. a multi-scale, conditional normalizing flow architecture based on coefficients
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CpaBHEHME C KrnacCU4eCcKnMm MeTogamu
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~

Vie(t) = gi(t)gk(t)Vik + ir(t).

text file. For a semple Tsys format given below,

321 20:02.07 33.5 36.7 34.2 32.1 38.9 39.7 23.7 !
the index keywords could be used as follows

BRI, X, K, X,
- S U R G A O

INDEX =
INDEX2

This would map column 1 to IF 1-8 RCP and LCP, column 2 to IF 3 LCP and
RCP, and column 6 to IF 7 LCP. The INDEX2 keyword is not necessary
in all cases.

1) The CONTROL group

This must be the first group in the text file and is used to specify
the default input format for the TSYS and TANT entries which may
follow. The CONTROL group is optional; if not specified it will be
assumed that Tsys values are supplied for all IF's and polarizations
present in the uv-data file in IF-polarization column order at each
Tsys or Tant time stamp (ie. 'R1', 'L1', 'R2', 'L2' .. or 'R1', 'R2',
depending on the number of polarizations). An alternative default
format may be specified using keywords INDEX and INDEX2 in the control
group, in the manner described above. This will then be used for all
antennas for which a specific INDEX format is not given.

Exanple:
CONTROL
INDEX = 'R1', 'L1', 'R2', 'L2', 'R3', 'L3' /

Note: INDEX2 keyword can optionally be added but the CONTROL keyword
is required. No other keywords are expected in the contro!
group. Unrecognized entries in the input calibration file are simply
counted and reported by number. This minimises the editing necessary
in modifying VLBA calibration files which may contain other
information

2) The BASELINE group

The baseline group is used to specify baseline-dependent amplitude
These are entered directly into the BL table and

gain corrections.

V. — Habniofaemasi BUJHOCTb
— UCTUHHas BUAHOCTb

TensoBow LWyM:

1 [SEFD; x SEFD;
O — ==

N 2Av At

SEFD — system equivalent

flux density;

Av — LUMPUHA NONOCBI;

At — nHTEepBan NHTErpMpoBaHus;
n=0.88.

arxiv: 1803.07088 + aTa pabora

SNR histogram

5000
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[TnaHbl

1. [anbHenlee noBbiweHne pa3peleHunsa (cenyac 256x256), BepoaATHO
noTpebyeT pacnpeneneHHoro odyyeHmns

2. [logpobHoe nccnepgoBaHue pacnpeaeneHns N3oobpaxeHun, a He
OTAEeNbHbIX peanusauyui

3. Y4yeT cuctemMaTmyecKux MyIbTUNINKATUBHbBIX NOrpPeLHoCcTen U3-3a

HETOYHON KarmbpoBKK (0ObIYHO A515 3TOro UCMNOSb3Y0T COOTHOLUEHUSA
3aMblKaHUWN)



Cnacunbo 3a BHMmMaHue!
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RML results from
different initializations

DPI samples
from learned network

[locToBEPHOCTb AeTanen n3odbpaxeHus

arxiv: 2010.14462

t-SNE Dimension 2

" "
A ses

o "l\{l.o‘d‘e # Y

°® P LS

t-SNE Dimension 1

Data Fitting Loss 2.4

1.8
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Mpouecc oby4eHus. pagneHTHble MeTOAbI
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[Mpouecc oby4eHns. CToxacTUYeCKUn rpaaneHT

] input : y(Ir), 1, B2(betas), 6p(params), f(6)(objective), e (epsilon)

B
E l YU f(W Xl)) — A(weight decay), amsgrad, mazimize

: initialize : mo < 0 (first moment), vy + 0 ( second moment), v
’L:

0 0

8WE[l(y" FfW,x3))] = WIE

1B
B2

1=

1
B

VIGI &~ 0

}’u f(W> Xi))

fort=1to ... do
if mazimize :

gt — —Vafe(6:-1)

= E

2

%\@

else

1
B
1 8 gt < Vofi(6:-1)
Z 8 yl? f(W xl)) 0 < 0;_1 — Y01

1:1 me  Bimy—1+ (1 — Bi)gt

Q

: v < Bove_1 + (1 — B2)g?
Batch Size = e +
100 Mg 77Zf/(1 — ,31)
% /(1 - By)

Batch Size if amsgrad
=500

AIT[GI

+ max(v;_1

6; + 6; — 'ymt/(\/w na 6)
e o o else

0; + 6; — 'ymf/(f—e)

mazxr {)?)

Batch Size =
1000

return 6;

Iterations per Iterations per Iterations per 20
Epoch=1 Epoch =2 Epoch =10
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MawmHHoe oby4deHune (kypc nekumit, K.B.BopoHuos), www.machinelearning.ru 21



Moaenb HeupoHa.

HTHe

() = o(w ) = 7 5wt = o).

layer(x), = (0 o Linear)(x), = o (—bk +2; Wk,jxj)

C N Caa® o B 1)
KX KX XKL XKK
O O O

Y\ v/ v\

Kak oT aToro cumntatb reagueHT
BXxoaHoii cnoi ﬂO Beca M?

. CKpbITbIV cnoi

. BbIxoaHoi cnoit
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ObpaTHOoe pacnpocTpaHeHne ownoKu

L — ()'z:; ——— y1 = Wi -x — by | BxogHoicrno

o OL )\ _ (9L ). (2y2) . (9x
dy1 )] — \ 9y2 doq dy1

yo = Wo - X — bg | ckpbiThiii crioi

_.- TONbKO 0Ha

) ) . X7 TPOKa
wW AL\ _ (oL . (9ys) . (a0 °TP
3 o dy2 ) \ 9ys doz_J--~\ Oy2
< oL ) _ (@) . ﬁu) OL \ a7
OW3 | 7 \ dys OWo &)yg

— " y3=W3-x—Dbg L(W)

(%) BbIXOAHOW CINOW
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Vector-Jacobian (VJP) and Jacobian-Vector (JVP) products

f:R" > R™ dyHkLMs
8f(z) € R™* MaTpuLa SIko6u
( , V) — 0f(x)v JVP
(z,v) — vOf(x), VJP

(c)y1) ((c)_L) ’ (%{%)) ' (g—;]{) Toxe VJP!
= (0X)Y +X(9Y) (37)

Va (WX —b) = vIV  CnoxHocTs BbluMCrIeHst cpaBHUMa C NPSIMbIM!

https://docs.jax.dev/en/latest/notebooks/autodiff_cookbook.html
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Hopmanunaauum nakeTHble, NO Croto, ...

e MoTuBaumua — XOTUM YBENUYUTb
pi=ap+ (1 —a)us, . y
KONMMYECTBO CIOEB, HO rPaANeHTh
o2 = aqo? s (1 s a)o'lzg, 3KCMOHEHLUManbHO pacTyT Unu

y6bIBaI-OT Ha CnosAx

x_
#=BN(z) =v—F 413

Vo2 +e

Batch Norm Layer Norm Instance Norm

H.W

arxiv:1502.03167



CBepTOYHbIE CIOoU

Input image

Filter

Output array

Output [0][0] = (9*0) + (4*2) + (1*4)
+ (1¥1) + (1% 0) + (1%1) + (2* 0) + (1*1)
=0+8+1+4+1+0+1+4+0+1
=16

— CAR
— TRUCK
— VAN
 — — .
="

[j [:j — BICYCLE

o L
]

INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING FLATTEN CO:‘JL:;:TED SOFTMAX

k4 4

FEATURE LEARNING CLASSIFICATION
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Distributed Data Parallel

MPI
allreduce

GPU:0

GPU:1

MPI
allreduce

GPU:2
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[1naHbl. Teopema 06 yHMBepcanbHoOm
annpokcumaumm gnga noToKoBbIX HEUPOCETEN

Neural Autoregressive Flows

Theorem 1. (DSF universally transforms any random vari-
ables into any desired random variables) Let X be a random
ABELECE implicit losses. in the case of adversar yector in an open set Y C R™. Let Y be a random vector

low et al., 2014). (2) In the context of v

2%

Chin-Wei Huang ' 2" David Krueger Alexandre Lacoste> Aaron Courvill

Apr 2018

D

~

]

,
J

1804.00779v1 [cs.LC

Normalizing flows and autoregressive models
have been successfully combined to produce
state-of-the-art results in density estimation, via
Masked Autoregressive Flows (MAF) (Papa-
makarios et al., 2017), and to accelerate state-
of-the-art WaveNet-based speech synthesis to
20x faster than real-time (Oord et al., 2017),
via Inverse Autoregressive Flows (IAF) (Kingma
etal., 2016). We unify and generalize these ap-
proaches, replacing the (conditionally) affine uni-
variate transformations of MAF/IAF with a more
general class of invertible univariate transforma-
tions expressed as monotonic neural networks.
We demonstrate that the proposed neural autore-
gressive flows (NAF) are universal approxima-
tors for continuous probability distributions, and
their greater expressivity allows them to better
capture multimodal target distributions. Experi-
mentally, NAF yields state-of-the-art performance
on a suite of density estimation tasks and outper-
forms IAF in variational autoencoders trained on
binarized MNIST. !

1. Introduction

(Rezende & Mohamed. 2015). ey ca gy TR - Assume both X and Y have a positive and contin-

the variational approximation to the pc

zing more compiex divibwions ™ wous probability density distribution. Then there exists a

a poor variational approximation to t
to reflect the right amount of uncertai

(Tumer & Sabeni. 2011), resuing 1 S€GUence of functions (K, ),,-;. | parameterized by autore-

reliable predictions. We are thus inte

techniques for nommalizing flows. £ F€SSive neural networks in the following form

Recent work by Kingma et al. (2016
gressive models as invertible transfor
constructing normalizing flows. The ir
process. unlike sampling from the autc
not sequential and thus can be acceler:
putation. This allows multiple layers ¢
be stacked, in ing expressiveness
inference (Kingma et al., 2016) or bett

also makes it possible to improve on s suguciuas vona-
tional factorization assumed by autoregressive models such
as PixeIRNN or PixelCNN (Oord et al., 2016), and thus
define a more flexible joint probability.

We note that the normalizing flow introduced by Kingma
et al. (2016) only applies an affine transformation of each
scalar random variable. Although this transformation is

mmamAZed . AR e SN s RS R it 2

o1 (S (x4;Ce(x1:6-1)))

where C; = (ay;. by, 7;)7—, are functions of xy.;_y, such
for generative models (Papamakariose HAE Yy = K0 (X') converges in distribution to Y .



