Bx&ES 10

1w FU VT IcES < B RE S
WMo RIMEBIRD e ELIgs TH S

FleghE12 Al 8132 BE [F—2. KB @K, it
IBRRKE 2R 3BEKFE

2020F11RH26H
F23MEHRFNEZEIER T —7 >3 v (IBIS2020)

E5h2, 210 2

B
AHAFRDOEV AIEEHEREE O RBRIBAZEDOHN?
FWOEEH TEFINDORBARLEIFZFDOEIGHICEWTEERER LS.
EHER F1w Y T ICED < BRI T RET L3S,

AT IENeurlPS2020IcRIREn, Oral®xRICEL STz,



FRRDEEER

Q mu TR INN) E+ A BRRRDZFOD?

||m||

M FVWOEEHE - ETNORBAAREIEISAHICEVWTEE
- EWIGAZFEDICHED 5T INNICIEFRIR
NRIEDNFEWZENEH o fc

® = Ay T VS ICED < INNEIER [ B4
RS TR

~

|XWt—§
"Hy 7)Y TIREDKINNG [ErEBES RS e RIT I
BETINE UTHRRBRKRIBAZHD




157
%

Part 1 Part 2 Part 3
3T DHEES FEEE D EFEH SIEBH D =54

| FE

e DA IZarXiv: 2006.11469ICE EHSNTWDS. AXSA RD
=N FRARITICOWTIE B Sec. 26 UTHYOEFREZMBIT 3.

A B




Part 1

>
Part 1
T2 DAEERE
. RIFEODIFTHROETILE Y H—F 5

CAF3YV



Ay 7TV JICED  AIEHIRELOEEHE 5

| =% BSec. 2.1
AR EERIA (invertible neural network, INN) & (&

PI7qVEBEE T[T 00— BEOBREOEGED Z &

|19|_| (Aw 77U L AY—) DKB14, PNRML19, KPB19] BiSec 2.1

1
o | u
0 1

RDENET.

L<k L<k

s T(T>k, Q<)) .

Hyw U7 O0—0FE —EODZFD X

Qu
A\

CF-INN=hv 7 > 7 [cED < B H#E O] kR

B = arXiv: 2006.11469



ﬁ:ﬂ L) 6

I R LY
CF-INNsl&+2BRRNZHOH ?
| cF-INNs o2 B Sec. 1

. HEES 7 DL (normalizing flow).

(&3)sp Y
(&)«

(81)+H

U

L4 B (KD18]

. TIEEROE (R & EEURIE).

po ”~ P A
! ¢ f
i - “ : il
e - J— - PR =
f % SRTRREN e PRSPt i TR
i e« 3 i .
w LY st it
T B ‘i '
N U DR
el 8 . =l
\ LTI TR

B = arXiv: 2006.11469




FWLWADEZ 7

I LY
CF-INNs{EFRaTRRD=Z=HFON?

I LY.

B = arXiv: 2006.11469



Part 2

—

Part 2

im0 &

. ERERDOENEZTDERICDONT




rﬁiﬁjjJ C\.: H: 9

*xIRA = heedrBlge] (Universality)

I TE s [C89,HSW89] % Sec. 2.2
sup-(LP-) BREE ISR & (onbg @ |
% (sup-(L) / L AOEHT), 525 |/
NicAVINT hEG L TERRE T
BTEDETILO L

| #HRTE 2 23ELKIR 97 B Sec. 3.1
BSDBRIDSRINDAEERDES o
M \
I EDASL (RY_E DS FA)
..and more

B = arXiv: 2006.11469



Fi#GaR1: CF-INNIEZAEEERIZR 10

| == B Sec. 3.1, Theorem 1
& BINNETILA o
SLITXIF Dsup- (LP-) T REMTBlER —ARHY
= DICXII Dsup- (LF-) T REE b RR §

$®:={r:000000 %Xy = (xuxy)} Sy

Iﬁ J

I'I'

CDEEBNSEIFDCF-INNETILTH S

. Sum-of-squares polynomial flow (SoS) [Jsy19]
. Deep sigmoidal flow (DSF) [HkLc18]
MWD CXTT Bsup-FHEIERIZE TH 5 2 EDMES
T USY19, HKLC18| TR ENTcHER K D9 o L ELWRIR ARG
B = arXiv: 2006.11469




724 >hy7U>4970—(ACF) ;

I Ess [DKB14,DSB17,KD18] B Sec. 2.

(BER7D) P7a4>hyFI>I 70— (ACFs) &R TER

“nBHy TV TO—DE
Y, (X, y) = (X, e’ ™y + t(X))

| ACFOEEM#(ICDWT

. [NERIRIDE
£ TET )L [DSB17.KD18,0LB+18KLSKY19,ZMWN19]

- MERBIHESF [BM19,WSB19,LW17,AKRK19]
- FHENT EFE 1KFw20]
- BB E (15520

- ROEERAYTIVITL AT —

—ACFOEFRREEIF. KDEMBHYTYVIEICHEEICE
B = arXiv: 2006.11469

B .'x—';;_fh'; ‘
e s [DSB17]

I'I'




Fi5R2: ACFIX L7-/59%m Aeebaltlzg |,

I = ESec. 3.2, Theorems 2, 3

ACFICE D < o] wWifR o] i8I D2 T B LP-FREEBIER TH 5.
S5, FIDSDMARIELUZERTH DI EBRED.

I E T BSec. 2.2

HBDETILHRHARELIER TH D EIEMED N HZ R DIESR
DamIc (BFPEROEKRT) FRIGED I Shs &

(&3)«p Y
(8«4 — v s (82)+H
n— 00 (&)«
(55UNR) |
| emo%
- HUBHBINNO 7 O—EFHNACFZRERIGIEEE UTEDIL, D

INNIE (LP-/ 72 %) SRR ilEe TH S

- ACF-INND 3t M BETD (ICEA T & RBER[FRE = B ERYICHFR
B = arXiv: 2006.11469



Part 3

. TR 1 DR DT

e

—

Part 3

SIERB D

13



FifasR | DFERADOBERE

fe” EBRR, KcU,: AVINT K

e
|
IWo h (Aff & TJ2/C5 N5 ER)

& WA FHFDBEEE

dh, e h,o--- (flow endpoints)

|
dg;°g,0 -+ (nearly Ids)

|
T o0y 0 (BifiESY)

[l Z&& D BRI

B Sec. 4



xEH 15

Q mu TR INN) E+ A BRRRDZFOD?

||m||

M FVWOEEHE - ETNORBAAREIEISAHICEVWTEE
 EWLAZEDICHED 5T INNICIERIE
TRIEDNEWGENZSH > T

® = Ay T VS ICED < INNEIER [ B4
RS TR

~

|XWt—§
"Hy 7)Y TIREDKINNG [ErEBES RS e RIT I
BETINE UTHRRBRKRIBAZHD




References 6

[C89] Cybenko, G. (1989).
Approximation by superpositions of a sigmoidal function.
Mathematics of Control, Signals, and Systems, 2, 303-314.
[HSW89] Hornik, K., Stinchcombe, M., & White, H. (1989).

Multilayer feedforward networks are universal approximators.
Neural Networks, 2(5), 359-366.

[JSY19] Jaini, P, Selby, K. A., & Yu, Y. (2019).
Sum-of-squares polynomial flow.

Proceedings of the 36th International Conference on Machine Learning, 97, 3009-3018.

[HKLC 18] Huang, C.-W., Krueger, D., Lacoste, A., & Courville, A. (2018).
Neural autoregressive flows.

Proceedings of the 35th International Conference on Machine Learning, 80, 2078-2087.
[KD18] Kingma, D. P., & Dhariwal, P. (2018).
Glow: Generative flow with invertible Tx1 convolutions.

In Advances in Neural Information Processing Systems 31 (pp. 10215-10224).

[PNRML19] Papamakarios, G., Nalisnick, E., Rezende, D. J., Mohamed, S., & Lakshminarayanan, B. (2019).

Normalizing flows for probabilistic modeling and inference.
ArXiv:1912.02762 [Cs, Stat].

[KPB19] Kobyzev, I., Prince, S., & Brubaker, M. A. (2019).

Normalizing flows: An introduction and review of current methods.
ArXiv:1908.09257 [Cs, Stat].



References 17

[DKB14]

[DSB17]

[AKRK19]

[BM19]

[LW17]

INMT+19]

[IKFWZ20]

Dinh, L., Krueger, D., & Bengio, Y. (2014).
NICE: Non-linear independent components estimation.
ArXiv:1410.8516 [Cs.LG].

Dinh, L., Sohl-Dickstein, J., & Bengio, S. (2017).
Density estimation using Real NVP.
Fifth International Conference on Learning Representations (ICLR)

Ardizzone, L., Kruse, J., Rother, C., & Kothe, U. (2019).
Analyzing inverse problems with invertible neural networks.
/th International Conference on Learning Representations.
Bauer, M., & Mnih, A. (2019).

Resampled priors for variational autoencoders.

In Proceedings of machine learning research, 89, 66-7/5.

Louizos, C., & Welling, M. (2017).
Multiplicative normalizing flows for variational Bayesian neural networks.
In Proceedings of the 34th International Conference on Machine Learning,70, 2218-2227.

Nalisnick, E. T., Matsukawa, A., Teh, Y. W., Gorur, D., & Lakshminarayanan, B. (2019).
Hybrid models with deep and invertible features.
In Proceedings of the 36th International Conference on Machine Learning, 97, 4723-4732.

|lzmailov, P., Kirichenko, P., Finzi, M., & Wilson, A. G. (2020).
Semi-supervised learning with normalizing flows.
Proceedings of the 37th International Conference on Machine Learning.



References 18

[KD 18]

[OLB+18]

[TSS20]

[KLSKY 19]

[ZMWN19]

[WSB19]

Kingma, D. P., & Dhariwal, P. (2018).
Glow: Generative flow with invertible Tx1 convolutions.
In Advances in Neural Information Processing Systems 31, 10215-10224.

Oord, A, Li, Y., Babuschkin, I, Simonyan, K., Vinyals, O., Kavukcuoglu, K., Driessche, G,
Lockhart, E., Cobo, L., Stimberg, F., Casagrande, N., Grewe, D., Noury, S., Dieleman, S., Elsen,
E., Kalchbrenner, N., Zen, H., Graves, A., King, H., --- Hassabis, D. (2018).

Parallel WaveNet: Fast high-fidelity speech synthesis.

Proceedings of the 35th International Conference on Machine Learning, 80, 3918-3926.
Teshima, T., Sato, ., & Sugiyama, M. (2020).

Few-shot domain adaptation by causal mechanism transfer.

Proceedings of the 37th International Conference on Machine Learning.

Kim, S, Lee, S.-G,, Song, J., Kim, J., & Yoon, S. (2019).
FloWaveNet: A generative flow for raw audio.
In Proceedings of the 36th International Conference on Machine Learning, 97, 3370-3378.

Zhou, C., Ma, X., Wang, D., & Neubig, G. (2019).
Density matching for bilingual word embedding.
Proceedings of the 2019 Conference of the North American Chapter of the Association

for Computational Linguistics: Human Language Technologies, Volume 1 (Long and Short
Papers), 1588-1598.

Ward, P. N., Smofsky, A., & Bose, A. J. (2019).
Improving exploration in soft-actor-critic with normalizing flows policies.
ArXiv:1906.02771 [Cs, Stat].



