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Overview

Basic paper

Computer Science KEeview 38 (20207 10085

Contants lists available at ScienceDiract

Computer Science Review

journal homeapage: www . alsevier.com/locate/cosrew

A comprehensive survey and analysis of generative models in machine | W) |
learning T

Harshvardhan GM °, Mahendra Kumar Gourisaria, Manjusha Pandey,
Siddharth Swarup Rautaray

School of Computer Engineering, Kalinga Institute of Industriel Technotogy, Deemed to be University, Bhubaneswaer, 751024, Odishe, India

ARTICLE INFO ABSTRACT

Article history: Generative models have been in existence for many decades. In the field of machine learning, we come
Received 18 April 2020 across many scenarios when directly learning a target is intractable through discriminative models, and

iﬂ'-"?'l’:dd ilf'lff*'li-"‘egug%'m 28 June 2020 in such cases the joint distribution of the target and the training data is approximared and generated.
cep uly . . . .
Available online 30 July 2020 These generative models help us better represent or model a set of data by generating data in the

form of Markov chains or simply employving a generative iterative process to do the same. With the
i i i o 1y jiam A Ay pmpe 1 Bl s A z TR = | i i s =

g Eeg Ll " il ] s (LLAT F L _E I ()

"A comprehensive survey and analysis of generative models in machine learning”

Computer Science (2020)
234 118 9¢ 7|& 2053 ¢l
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Overview

What is a generative model?

Discriminative Model Generative Model

A

Y
(label)

1 O 00 G0 O

[«)]

X (feature) X (feature)

p(y|x) p(x,y) =p) - p(x|y)
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Overview

No discussed models
fall in this category

\\

\

4] What is a generative model?

_/_/
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I:] Machine Learning

Supervised Learning

E Unsupervised Learning

Supervised and Unsupervised

ML

E Deep Learning

. Semi-supervised Learning

Unsupervised Learning

. Self-supervised Leamning

DL

Fig. 2. Classification of different generative models discussed in this paper with respect to ML and DL (Machine Learning and Deep Learning).
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ML Based

P3

22

>

15 Hy [15)

0000

Gaussian Mixture Models (GMM)

Gaussian Mixture Models
O] 7HC| 7tRAIQ 22X E MY 2SS Eolf dol L 21
7I2AI0F EX = A4 ZF2 K= L =HE HAY| CHoll M3

SHCEUEYU BAEX

Notation

* Wi I, p;  EEWAL ;L IIRAIQ 20| THE K|
« 0 < m <1, ax12AgMi € {1,2,3}

+ Xilim=1

* Nl %)

1 1 To1
= 2T[D/2|Z|1/2 eXp{_E(X - #) ) (X o ‘Ll)}
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ML Based

GMM - Covariance

1 1
N(X| ,U.,Z) = ZnD/2|Z|1/2 exp {—E(X — 'u)TZ_l(X _ ,Ll)}

[(1) 2 [(2) 0(.)6] [0?8 0i8]

*https://ratsgo.github.io/speechbook/docs/am/gmm

Data Mining
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ML Based

GMM - Maximum Likelihood Estimation

N
D L(8; x, 7 xw) = P, 0) = | [ NGl 0?)
=il

Z|ortsE FHYol &

2|

V¥ Nx:p=-1)=0.05
A Nixy;u=0)=024 (2
B N(x;u=1)=0.40

p

N
lOgL(H; xl!"'»xN) - z lOgN(Xilﬂ,O'Z)

=1
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*https://ratsgo.github.io/speechbook/docs/am/gmm

Bl KOREA ...\. Data Mining 12

UNIVERSITY Quality Analytics




ML Based

GMM - EM Algorithm

FEID = ) mNE Iy, 5)

Gaussian Mixture Model =
A= {mj. %}

Expectation-Maximization Algorithm
*  E-Step:parameterS0| FTOHRS [, UL &HES ALt

* M-Step: LikelihoodZ Z|LH2} o= parameterZ ®H0|E

Initialization E-Step

PA)=06 o

= P(B)=0.4
. ®
°
° ° . ®
° \\
® [ ] ® .P(A)=()2
° [ ] P(B)=0.8

0000

./

P(A)= 0.6 °
P(B)=0.4.
® L]
L
L] ° .P(A):().Z
P(B)=0.8

*https://ratsgo.github.io/speechbook/docs/am/gmm
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ML Based

GMM

« GMML2K-means &112|ES Ubis} st 2108 7H=El
- EHAHZINE F ES6HA2H UE 2-™E Qo d2|E0/2tn
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W KOREA .‘\. Data Mining

UNIVERSITY Quality Analytics 14




0000

ML Based

Hidden Markov Models (HMM)

Hidden Markov Model
+ EAIH markov BHO| SHLIZ, AIAHIO0| 2LE AEHQL BETHSSH ZatO| E JHK| QA 0|20{Z 2
» Markov Property : ZtA9t X AEH7+ ZO01%S THO| Ol2 AEHS| ZAE &8 S Z 7t IhA AEHQH= D RKSHA| ST ALEHON QlsH AT 25

- ility (%0] &=
A Markov Model S RY O RS W A x Transition probability (¥10] =)

AZEt-10lM 24 SEI7F FO0IRS [, AlZH oA

o 24 eV MEfE = EREE

/.r;'*._\“ A v /x ‘ A ,/ 7o "'-.' A / ,;. . . -
g $) <7 2 7 8%k Emission probability (‘4& =H8)
A Hidden Markov Model . P --...,.B
: Ly g ) ZOVZ! 4B x(DOIA ST 2212t y(1)7} BEE
yo Y1 Y2 YN 2tE EX

*https://bioinformaticsandme.tistory.com/53
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ML Based

Latent Dirichlet Allocation (LDA)

Topics

gene 0.04
dna 0.02
genetic 0.01

data 0.02
number 0.02
computer 0.01

Documents

Seeking Life’s Bare (Genetic) Necessities

COLD SPRING HARBOR, NEW YORK—
How many genes does anjarganism| need o
survive! Last week at the genome meefing
here,” two genome researchers with radically
different approaches presented complemen-
tary views of the hasic genes needed for life;
(‘]ﬂL' T(.‘HL'iil'Ch [eam, using LL"|1I'|"l||:.‘l' i\nill'_t"
ses to compare known genomes, concluded
that today's Geganisms can be sustained with
Just 230 genes, and thar the earliest life forms

required a mere 128 genes. The —

other researcher mapped senes

in a simple parasite and esti

mated thar for this oreanism,

800 genes are plenty todo the K S

jub—but that anything short

of 100 wouldn't be enouch.
Although the numbers don't

match precisely, those predictions Hysoplrsma | ]
¥ gename \ g, \gju genes |
WEIHU/’ i -
Qars se
* Genome Mapping and Sequenc- —

ing, Cold Spring Harbor, New York,

fare not all that far apart,” especially in
comparison to the 75,000 genes in the hu-

NE, TOTes Sy ,’%.'IlL{L'I'\ il

University in Sh s
LA/ or. Dut coming up wi .

SUS ANsWer ]1]:1‘_,' hi.' 1T T]’ill'l jLI.\'l‘ i Ll
numbers Mmres—maricularly Tore and
MOre Senones are [ ; - 1-"0\1 H

sequenced. *It may be a way of organtzime
any newly sequenced genome,”" explains
Arcady Mushegian, a computational mo

‘\\ lecular biologist ar the Naviagal Cenrer
% for Biotechnology Informatior By

| Redurdart and

J Gengs parasba-specili
resdec =

lor bochemig

ADRPTED FROM NCBI

Stripping down. Computer analysis yields an esti-

May 8 to 12, mate of the minimum modern and ancient genomes.

SCIENCE = VOL, 272 = 14 MAY 1996

0000

Topic proportions & assignments
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ML Based

LDA architecture

0000

Dirichlet Per-word Topic
parameter topic assignment hyperparameter
: Per-document : Observed T i
! topic proportions : word . |
2 : : : - g
Data Mini
UKN?/&Eﬁ o.:.o Q?Jciiryxnrgﬁyrics 17




ML Based

LDA architecture

0000

K D N
p(¢1.5,01.0) 21, W1.k) = np(¢i|,3) HP(9d|“) 1_[P(Zd,n|9d)P(Wd,n|¢1:K»Zd,n)
=1 d=1 n=1

bux | RE ETOINSI O EE
6rp :BESMUMETOIHIE |
Zuk © BE BAMOI O ot

Ol ET0|A x|
wik (B EMUMOI T |

- = ETu FM0IAQ

CHo7t SSE ZR = E =X

Gibbs sampling

- ORI HI2I 2| 7HEE (MCMC) HHe| ¥Ee =,

- - o =
RS Cha 8 B2 HE| MBS A56H [ Al
. e
¢ LIS W MME EES WK M0 S e
© CHF AR ST [t £XPHOZ MEXY
. B UE BTS YMT 2 T, ST EE HAO
[HZfS 2XsH A QI2
HAZ2 ToOoO=2 T AAOd

n=3000, 7= 3.1133
L0 =0 " RO D e dee

0.8 1
0.6 1:
041

0.2

0.0 K s ; 4 ALEAS.
00 02 04 06 08 10

<ZEIFIEZ AIEHI0] 48>

*https://ratsgo.github.io/statistics/2017/05/31/gibbs/
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DL Based “‘O
Boltzmann Machines (BM)

=X0HAIo] Yut™ol HEj= BE MY LES0| AE HEGI0| HZEEH [}=
2tH Jgfjx X
=X0FH A9 neuron

exp(—E(h,v))

P(v,h) = -

where Z = X, exp(—E(h', v"))

*https://www.asimovinstitute.org/neural-network-zoo/
KOREA \. Data Mining
UNIVERSITY ob Quality Analytics
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DL Based “‘O
Restricted Boltzmann Machines (RBM)

Boltzmann Machine (BM) Restricted BM (RBM) e~EWR)
p(v,h) =

Z

where E(v,h) = —b'v —c'h— h'Wv

ol x1el 8el

p(hv) _ %exp(—E(h, v))

p(h|v) =
p(v) Zpp(h,v)
(O Visible unit : 7IZ0ll Z0{Z (input) S GIOIEIS LIEH p(hi = 1|v) = a(¢ +Wv)
‘ Hidden unit : 61T} 6t 248 SIS LIEN p(v; = 1|h) = a(bj +W';h)
*https://www.asimovinstitute.org/neural-network-zoo/
Data Mining
UKN?/&Eﬁ o“o Quality Analytics
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DL Based

RBM - Training

Forward
Multiple Inputs
visible hidden activation
layer layer function
X
th» / =a
X
input th» / =a
X
th» /) =a
X
W ..W

Backward

Reconstruction

visile  hidden
these biases are new layer layer 1

r=h+
+ 3
recontsr:ructlons r=ph+ activations
are te ntew a arethe new
outpu r=p+ input
a
r=h+
Wi Wy
weights are the same

Update

plx)/

U;‘/\

[ 03

0]

0] |

0000

q(x)

* https://steemit.com/kr/@yoonheeseung/2-restricted-boltzmann-machines-rbms
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DL Based
Deep Belief Network (DBN)

Boltzmann Machine (BM)  Restricted BM (RBM) Deep Belief Network (DBN)

\/ \ R /

RIORIR!

Ll 2 o e

DBN 7H'4 Uizt eLsoz AR RBMS E243 0l2] 202 &2 "HEl2 HZEE AlFY
JHE HHE Feed forward 2 BZ0IA 2B & 71 SOLIHAM 2/ H5H= gradient descent vanishing 28I 12 22
FQ EFH Az 20| Y U 2RSS £ 5 HIX| &

ot5 HIOIE|7| 261X 42 I K2

*https://www.asimovinstitute.org/neural-network-zoo/
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DL Based

DBN - 3 3 RBM}2| X10]

P(x,h, -, k) = ([154 P(h*O|R*=1)P(hL RY) OQOOOOOQO) hs ~
RBM RBM
©O0G000) h: ©OOLO0D * <
RBM : | |
©000000) # ©O0O000) - (ooo‘:g)oo@ moo | Bolet
RBM '

O©O00000) x ©O0000D) x OQOO0000) x -~

* https://www.analyticsvidhya.com/blog/2022/03/an-overview-of-deep-belief-network-dbn-in-deep-learning/

& KOREA Data Mining
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DL Based

Deep Boltzmann Machine (DBM)

Deep Belief Deep Boltzmann
Network Machine

0000

=8 KOREA Data Mining
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DL Based

5 DBM - 1%

« 7FS Ot %zt v E|0I0E F I 2 =3

- RBMC| ABHS &t

- W'S DESIT WIS P(hljv, 2w 2 K
- Weights vector 2W2E 7}X|= £7F RBM 444
- W2 E DESIT h?E P(h?|v,2W?) 2 MM

- Weights vector 2W3E 7X|= 57t RBM 444

BM2| hidden vector h3 S HiZ 53

=
w
1l
e o
Y

o
%
9

stawl w2 w3= At2sto| DMB 24

0000

Deep Boltzmann Machine

S KOREA Data Mining
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DL Based

Autoencoder

|z — &]|* +— Autoencoder

* « YHIMOZ Autoencoder= 3718 AIZC =2 11
‘ Decoder - U HZQ X, 2 H0|Ee MEE AX6tD U
Latent vector Z, 2 AlZ X
Encoder « LabelO| §/= HIO|E|2HE L2 A0l EN T3
ol-*'é"-l— HlxlE ol-*

rir

o
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DL Based

&) Variational Autoencoder (VAE)

Encoder Decoder

Latent Vector

O Reparameterization

Trick

* https://taeu.github.io/paper/deeplearning-paper-vae/

EA Data Mining
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DL Based

Input

28 x 28 x 1

i"x.—"-.l‘-.-‘l‘l ING

N(0,1)

/ qg(x)
i Xi Gaussian
S Encoder

Variational Autoencoder (VAE)

i

Bernoulli
Decoder

Reparameterization
Trick

0000

output

28 x 28 x 1

* https://taeu.github.io/paper/deeplearning-paper-vae/

=8 KOREA .{.. Data Mining
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DL Based

VAE - Loss function

Loss function = Reconstruction error + Regularization

Reconstruction error

Input output
D
=371 x; jlogpsj + (1 — x;5)log(1 — p; ;) « >
e N !'i XIO|Z £t i
- Bernoulli's distribution 7% - Cross entropy &EH (7|12 71d)
* Normal distribution 7H’8 - MSE HEH 28 x 28 x 1 28 x 28 x 1
Regularization —
input —— KL Divergence
1 qp(x)
—Z‘.]_ (‘uz + 0'.2. —In 0-.2. — 1) 0
2 2=t + oy —In(at) o KL (g (21| Ip(2)
Encoder
| Input x; 7t encoderE
28 x 28 x 1 - %J%EF?-H%Q%—E—E
Data Mining
UKN%E{Eﬁ ob Quality Analytics 2
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DL Based

Generative Adversarial Networks (GAN)

o E nerative Adversarial Network

. M Auvtoragressive Gonaratrve Models

Sequence .Gener?twe Ad\_fersanal Net R AmbientGAN: Generative models
with Policy Gradient

PixelRNN, PiceiCNN and WarvaNet

for Imbalanced data
from lossy measurements

LTSS

) DMQA Open Seminar
202306.30

Sequence Generative Adversarial Nets wi AmbientGAN: Generative models from lot Autoregressive Generative Models: PixelR ACGAN : Auxiliary Classifier GANs Generative Adversarial Network for Imba
war: @) zey wzx: (@) oz anx. O zaa wnx: @ uss war: © way

Alr &
B9 2018428 92 B9 20184 58 18% 9 20194 78 5% B9 2022428 18Y {9 20234 62 302
3 2= 14~ 3 ez1M- (3 ez 14~ 3 ez14- {3 ez 14~
© Decjslm MZEE 2183 © D2qcysta MZelE218E © Daciza MEZER 218 © Dacetm szelEaigs D 22t 802 AJH (YouTube)

D =22l Hici2 A# (YouTube)
HolLtERE =] — HojLtHE B — HojLt e 87| — Hojut BE 87| —

MojLt HE 7| —
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DL Based

GAN

epoch H

G(z)

_ . Fake Money
Noise - /___- C:}
Le-] .o
Hraa o (B )
=
an

z Generator /

o
(G) “w - \V//

T D(x) = 1
Discriminator

(D)
Real Money

X

* https://baechu-story.tistory.com/12
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DL Based

Deep Convolutional GANs (DCGAN)

GAN2| =HIE DCGANZS| SXut =
GANO CNNE X &

step 1 Fri AUL] 20 2021 03:13:31 GMT+0900 (3= EFEA|)

100z —
Stride 2

Stride 2 16 . :
Project and reshape SR i 32\ |Stride 2
= = TS CONV 3 64
ME0 blurZt E|AHLE, Of6HE 4~ 8i= O|0IX| 88 S N
jl_|-7|- 0|-JE-|

G(2)

* https://velog.io/@a01152a/%EB%85%BC%EB%AC%B8-%EC%9D%BD%EA%B8%B0-%EB%B0%8F-%EA%B5%AC%ED%98%84-DCGAN
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DL Based

Deep Convolutional GANs (DCGAN)

DCGANS| SXi} 1= M=% E3

A=
1o

GANO{| CNN

mjo

« B E max pooling layer& Convolutional
stride, fractionally-strided convolution 2
= H2H510] feature-map?l 37|12 =&

+ Batch Normalization H&

(Generator?| output layer?} Discriminator

, _ i 9] input layer 2l)
1°°Z‘m =" . 2 = | . * Fully connected layer MlA
sz 1N o * Generator?| ouputlil= TanhE At2ot1d, Lt

CONV 2 CONV 3 & EHNE ReLU% Af%
conva - * Discriminatore| 2 £ layer0l LeakyReLUZ
G(2) A|'9-

* https://velog.io/@a01152a/%EB%85%BC%EB%AC%B8-%EC%9D%BD%EA%B8%B0-%EB%B0%8F-%EA%B5%AC%ED%98%84-DCGAN
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DL Based

Conditional GANs (CGAN)

T-shirtftop

Tshirtftop ﬁ

Smeaker Sandal

Ankle boot T-shirtftop

=

&
‘.

Pullowver Sneaker Pullowver

Sandal
. o B S=
Ankle baat Sandal sandal

Tshirt/top Ankle boot Sneaker
'.#.l-
1

Ankle book TFouser T-shirt/top i Coat -

Smeaker Ankle boot

=

Dress

Touser

Coat

Coat

= KOREA
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DL Based
Conditional GANs (CGAN)

i+ otoICIof

G2l D7t A0l condition?! class label yE 7t YEHO 2 2

Gscrimlna(or D(xly) @ \

00000

oo
00000 ©00009)
\

N T Y Y X )
00000

([OOOOOJ {OOOOOD

0000

Rock
Class Label Y

Discriminator

BN

—> 95% X Discriminator ——> 98%

Fake Real
Scissors /

Class Label Y

<Discriminator?| s>

*https://velog.io/@wilko97/Conditional-GAN
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Analysis & Conclusion

Analysis

Generative models Explicit density estimation
7 N . AN EHE UL SHA P = Mo|stT X|™BI510] 2H| oA
[Explicit density] [lmplicit density] = = ST BT fmodellx)= S = =
7 - =2EE2XE 2401 Oldliot=0l {3

. xo| 23 =3 K= (=]

[Tractable density] Markov chain 50l E2=8S ST T+ US
- CHAZ 7IRAI2 22X, VAE,BM S

{Approximate density} [D_ircct

-Fully visible N

belief nets Implicit density estimation

-NADE GAN P y

"MADE ¢« AR HE UL L Prodein 2 BAIECE HOIBI| %1 Proderx)

-PixelRNN

OlA MBS 4 Y DU B A
| Variational - S HOIE BE BRYUN LHS IIXIH, 55 ALE ME MM s
Boltzmann
Variational machines * GAN,GSN s
autoencoders
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Analysis

Density -
Model e Advantages Disadvantages
S24F ZHO| M2} CiYst 22 AH RYE 52 Mixed MembershipO| &4 £[49| MEH2 O}
GMM
OIOIE 7t 6 EHAE0| CHSE Mixed MembershipS 7t DA CIOIEHOIAN g5 227 022
HMM ZEo SAA J|d TS IE, R4 W2 20| LHXIX| %2 parameter?t A|ZA 7t 222 E O[sHoHAl 28
ZHI0i CHet ASX| A 2
LDA 23 7tsotH ME2 HI0lE Z2IEN HE 7ts
Explicit W2 HAEN MK UM, FHIZH 2ret2tA| metstx| 28
RBM DAHRO| H2AUAE Eodot=0 21tH A4t H|Z0| 0| 11 &3 AlZt0] S
IHE QIAIS 2fSh =%t extractor?t & S0t =3 ZALERLY
DBN
Fo| label HIOIEAZ & fine-tuning 7t Markov chainO| e
DBM SEMEX XEN =2 M Markov chainO| tn, =23 AL sEe
VAE Likelihood7} =QMH, 23 H7to| Z42A 7|=0| =Y dEE MESO0| MBoHK| 28
GANs Implicit H2 0 S| Ho| &3 Nash equilibrium0| 223tH, B7t7} o2&
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Analysis

Topic Modeling Pattern recognition
Topics Documents Topic proportions & assignment. "
e o | Seekina Lite’s Bare (Genetic) Necessities caa s G ANV ‘
f Deep Belief Network (DBN) | m
: - qQ(x) |
! X; Gaussian I i Pi
Encoder i () _
Nyl S SH2T B SH2K T Al wxaxr| | O || mxam
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€

SAMPLING
G '| Reparameterization
‘ N(0,1) ) Trick
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Difficulty of analysing generated samples
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<MNIST dataset using VAE> <CIFAR- 10 dataset usmg DCGAN> <Training data> <Generated data>
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"DEEO O[0fXI7t Y- SEIACHT StE2tE SHIEA S AEIT 43"

- 4 Z30IM unbiasedly evaluating &t 20| 2
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Conclusion

2t M m s g Hop
Model Deployed in fields Model Deployed in fields Model Deployed in fields
GMM SHAHZ, ST 24 HMM DNAAIZEA BN S IHE 214 LDA e 24, FH 22
RBM K =4, 317/25, EY 22, CF DBN 25, 338 A4, 35 M AT DBM OHEL Q1A HH HM 3[7|/EF
VAE OlOIXI G, CF, S, 22X 2H 22T GAN L19F 71, Ol K| &K, O[0IX| &4 DCGAN | OlOJx| &4
FCCGAN | =% 0|0|X| ‘44 CGAN = dd, 30 E, 28 ZHl, A0 214 SGAN Text-to-image ¥4, Transformation

*CF : Collaborative filtering

Oj2H 7 e

*  Generative modeling?| 0|2 &2 = 74 0|2 modelingS 28 ot= A
= HMMZ} LDAE=E 7| ME 3 A 22T, J2|1 S8 AT Q40| SS2ZE AIE
=  SGANS ALESTHEHIAEN A O|0]X] 24
= 2 QIA EIAEN A O|0]K| ‘HdS 2ol VAERI GANS 43
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