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Deep Learning based Models for Nonlinear System Identification
Vahid Mohammadzadeh Ayooghi and Mahdi Aliyari-Shoorehdeli

Abstract — Deep learning-based models appropriately perform in modeling complex problems in
computer vision and natural language processing (NLP). With this in mind, nonlinear system identification
methods can benefit from tools developed in deep learning, leading to enriched frameworks to choose from.
For this purpose, we are going to review some potential structures and methods of deep learning that can
be used in nonlinear system identification. Although we comprehensively review the applicable tools of
deep learning to system identification, this paper mainly focuses on using latent variable models (LVM)
for identifying nonlinear state space models. LVMs are powerful tools for extending generative models
primarily developed for only generating static data, yet by a combination of recurrent neural network
(RNN) and variational auto-encoders (VAE), they can also generate sequential data. A structured version
of introduced models compatible with control systems will also be given. The study shows that the deep
learning models have a comparative performance to traditional and classic ones.

Keywords: Deep learning, nonlinear system identification, latent variable models, VA
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® Evidence lower bound (ELBO)

10 Kullback-Leibler divergence

11 Posterior probability distribution

12 Variational EM

13 Restricted Boltzmann machine (RBM)
14 Energy-based models (EBM)

15 Neural networks

%6 Decoder network
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t Sampling

2 Marginalization

% Intractable

4 Approximate method

5 Stochastic approximate

6 Deterministic approximate
" Variational distribution

8 Jensen’s inequality
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% Probabilistic graphical model
* Reparametrization trick
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! Recognition network — Encoder network
2 General approximation property
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11 Time steps

12 Conditional independency
13 Causal-in-time

14 Binary variable

15 Free parameters

16 Conditioning set

7 Temporal structure

18 Temporal dependency

1 mth-order Markov model
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L ELBO lightening

2 Importance weighted auto-encoders
® Adversarial auto-encoder

4 Static data

% Sequential latent variable models

6 Sequence

’ Physical dimension

8 Time series

® Temporal information

10 Time series analysis
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5 State space models

6 State variable

" Observation model (emission model)
8 State transition model
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! Bayesian network (Belief network)
2 Correlation analysis

3 Mutual information
4Autoregressive models
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" Deep state space models

8 Recurrent neural network

° Variable length sequence

10 Deterministic maps

1 Long short-term memory (LSTM)
12 Gated recurrent unit (GRU)
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! Marginalizing out

2 Exact inference

% Kalman filter

4 Unscented Kalman filter
5 Extended Kalman filter
® Approximation method
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2 Deep Kalman Filter (DKF)

bt I Slad Sy Jow 5o il -Y-0
el ol Ll s Gl sladbe il 5 gl Ol
353 oge 4 bb Slagis 0ap S L s bl Doy
Ol sl Golo Slas jp ol &S ol (gl aSST Jl 505 552
25 oslitul o B (o gy Sl g e 385 ) g0 4 ey 000
AquT&Ua.e Cewloylil s se 6\#@}j OJ;J-\A i rlf ol sl
—0 5 03,5 ek Ol e bl Olgy Sl ie 4 b gy o 2oy 53 S
Slae 5 il oo (G Cows 5> Jio ol ol 5 8 3) (b sla
gl sl ae GlaaSs b b 5IL 5 sl 65 e ladde
Ol ook opl Gl it (s odeB ol Sl 55 bdde 58
S 53 asnde g S Sype 4 1y Slaaline 5 S Jlas! oL
o3lizul il i 51y mae UaSh S bl e 5 25 S
Dyl 5 Cse wdbge S, Lilsy [0]5 S
Po(Zelze—1, ue) ~N (Uer, Zer)
— u .
IR { Her = NNpp(2e-1, ug; 0)
log 2y = NN (2¢-1, U3 0)
Po (x¢|ze) ~N (tems Zem) an
— u .
5 { tem = NNgp, (245 0)
logZ,;, = NNy (24 6)
ety Cald dd mb S b bl 25T sk o
Oty S rite Jbe 812 ook 4225 Ll 31 ealisal b 5 s St 25
O8] (S o sl | Calid b5 i OS¢ B w55 s
log Po (xl:Tlul:T)
Po (xl:T' Zl:Tl ul:T)

q(l) (Zl:Tlxl:T! ul:T)

= fq([)(zl:Tlxl:Tlul:T) log le:T

_ Eq¢ (log Po (X1.1) Z1.7| ul:T))
Q¢(Z1:T|x1:T:u1:T)

Sl 233w gt oS Lol oS 5 5 5l s (ks 6
ol S g5 4 S g B sl ey S Ll 3 s OT
s 3,8 Blod 0T o 5 (51 el 87 (5SS 15 15l (Ko 5
2 S mis Sy Ol o g Sl Je (3550 T AT 3 Juges
Joems g i 355 il Sl eslinal S1ouas goleang e o,
o ST 6l e 0k 4 ol w55 ol 4 alts Sl 058
Sl pY el wil SR mis el L ol
S syse Sl 055 125 05 e U Po(ZorXar, Usir)
SletiaS” AT 3) oz o s |y 5 g0 ozl w55 nl 3l (o
b le Glad @is S Sl flim gl 5o Dldalie ol OIS

s el ol pl (LBl e Jleil 5

Po (Zy.r %17, Usr, Z0)
= Do (ZZ:T |Z1, X1.75 U1:T) ZO)pG (Zl |x1:T! Uy ZO)

! Prior distribution

Journal of Control, Vol. 17, No. 2, Summer 2023

VFY Ol of o5les Y dlor oJ 28 dlons


http://dx.doi.org/10.61186/joc.17.2.1
https://joc.kntu.ac.ir/article-1-1008-fa.html

[ Downloaded from joc.kntu.ac.ir on 2025-12-07 ]

[ DOI: 10.61186/joc.17.2.1]

on (5t Ga e o Lalid 3 Goae (6,8 3L (sl ke 1\

SPoeo s ol dge 5 (Bl 03l derme A

e @l o e Sl clad Jue (i sdaline &S skilen

Sl sl et 55 13t ghyls Ll el ol B 5508 T AT 3
s 4 G 0T 55 oS Sl Jia I Vb (351 0L 4 bos e
Goo dnjl Je oS asl b 55 55,8 e 13 eslizal 3550 2280
©3505 4L JS 6 1S o Jsb (6315 0l ) ke el " eKal s (VL
Kb 3 8 ald 5o (Bilap b ) sk By A s
Aol Ol 53 S oslinl e sSan e 450 K I g lulis L
sl o8 Sl ol 55 e ] O35 LaT ST Gk e 2Ll
—dls 251 Ul pde oS g5 5 sl S Jor (sl k8L Y s
SN Olg o Sl o S Sl (s o LSl 5 VL Gee L sla
T3 S 55 Sl 536 68755 elind S 5 0 53lS 5 T s k5
bnSS Spg  5 l (sla itie a 5 5518K 3l osliznal 5 g 4 gl
Gl dadde ool 55 oS 3505 55 OIS ol ol b ST aculoes

5,5 bzl s o jhas 5 51 Goas omas SAASS 1 03zl

g -1
3y DMl o5 B 5 (gl cdd gy 05SL S oladde
23 e 31l o By S o o3lid 2385l e e
oM aiby adibs ) Gle Y & Col LE U —euiS S sl
S Sl 53l el e a s bdlis 4 b e DL 0s S
e Do 4 Sileads U5 4 ol sl &5 adlis Uk

[‘7*] %5 ..LM}» ‘)

X X% X X

(Y] o 5 055850 s 3 LESUS — oSS Jlla— vV S

4 Transformers
5 Attention mechanism
& Attention mechanism

Q
O

SJORD

4 Sl (sl e Saly JSn b 55kt 4 Grae b IS0 IS

(W] ek o3ls anw s glalid 3l €00 )3 (s 5 5 (53505 0T pslie
s S G S 5 ls sy 55 6 S i 5 S,
Sl 2l gt 5385 ol bl gy S e el e Sn 22551
e b oSty Sl 5t 3 JalS b s 5 5 (53555 Al &S

OO
ofe

s
&

yodnT slie 3l glawds 5 48" ST 1) 555 ) adllis oyl ole
3Ky opl S e Sl das e 15 pleliail il s
Ol 25l 5V 55 0T Slslows Sl il 5L 0387 255 S5,
S gz 53 s ST S psb 4 by sl sy Sl Bl
sy o (la e gl (s sladipes L5 OGl 3585 ES1s
PUSE 53 8 35 g0 ol Gras allS Syl san 58055 pl 3ol

el oo 53 ulad @

@@@

So3 $lapl (luasdst i 4 Goe IS Syl pen 7 IS
V] glole 3l s sl 0T
[V ] 25 Al 25 Do 4 35 S ol 4 L g pe Ll

qdb (Zl:TlxlzT' Uy, ZO)

(Vo)
l_[ ) (zelze-1,a),

ay = fl(at+1: [, ue])
M el e 55 s 4 g leld Sl S

d¢ (Ztlzt—l' at)"'N(.uen’ 2:en)
5 { Hen = NNepingt—lﬂat; ®) (\%)
logZen, = NN&(2e-1, ae; @)

! Reversed RNN
2 Deep Kalman Smoother (DKS)
3 Large dynamic range

Journal of Control, Vol. 17, No. 2, Summer 2023

VFY Ol of o5les Y dlor oJ 28 dlons


http://dx.doi.org/10.61186/joc.17.2.1
https://joc.kntu.ac.ir/article-1-1008-fa.html

[ Downloaded from joc.kntu.ac.ir on 2025-12-07 ]

[ DOI: 10.61186/joc.17.2.1]

&gdhéﬁbéuw&uujlwdﬁfﬂiﬁdud‘h

Sresh Sl Gge 5 (Bl ool deses d

o5 03 038 Gagiledde Slrge A4S bl bs e i 5
AJSE 5348 po s 5 ool i 3 57 ol 15T e 05 2515
ol el el g e S il skl bl w
-t gl A do 5 ile iy 53 4S8 ol oS el e IS
JB 65505 520 L5 &S )3 pbl SIS 5 5 61 el 0353
Ll e DL gl 43 5 4lS a0 o leiSl g Ol & e
i 4 Solars by e jied 5l eslinal oyl Sl Sy 5Y
b o) 03 5 S o 5 SWels (lede 5 sk OL5 515

[5V] 5 [557] 50] FF] 3 55 oo oabizal Sl gl 51 55 oile

Qutput
Probabilities

Add & Norm

Feed
Forward
I Add & Norm F:J
(S8 (Mg Multi-Head
Feed Attention
Forward Nx
N Add & Norm
~{_Add & Norm ] Vaskod
Multi-Head Multi-Head
Attention Attention
t t
\k_' J % ———'/
Positional @—69 A Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Qutputs

(shifted right)

—@j;}sc}g&)pjzl_f,\f—a.\;ff )l:>'l..»—/\J§..i

[#Y] o s 5

-t gl adS a5 e Ll el Jae el

a;l.»-da.gbii;_(}:}Lipa‘mfﬂ@)xa@jcj:}&»&jluﬁ
L 05580 ool (st y Sl P bt (o 5 b
Sl e s [PF] cd Sl LS Gt 4
J.z(.:.....:wgJS@;JI}\JVMQ)L;diiﬂjlffgbjtv\.c)‘ué\
S S A i e 4 s 3 enls oL s &7 Sledbl bl
L e Db o VT el bl das e ol

ﬁd#:;}g‘wu‘ J‘jk\}ﬁ&j\)km‘)\dzﬁ ‘)J‘))}?}

& Information retrieval system
7 Query

8 value

° Key

10 Similarity

- or o3bizel (2285l me oS8 K 5 aY ) 035 Joe sl

A3 e ol Olgte 4 Kb o e by o ST S 550
blj;&gad‘_gx.:T}éi:[Y‘\])aJiLad\é))}b@.:}.1@4:5;
13055 550k bl 1y e 5132 857 ol 0k b o i e
S o dlns e «5“(‘\? plod 53 (o Kb o sla ke
Gl ol lal ez e OLES 1) e oyl & by e Sl la ¥V JSCs
LS o gl el 15 63555 s 4 by e Slej DMl gl eteS a8
S oSS Loy okd gl gl Sl S 6 s sl
ol o S U 285l e oS Sl e 2 (s el
%&fﬂ&&@&‘ﬁbd&ﬁé@(\fu-*f@
L5 Cgesl ldie ol [FY] S dslons LEEAS™ (5l 0 4 5,187
o5 0T 4 dle (5,530 Slosl )3 &8 358 0 e (e 3 S

il (W) daly b Gllas Smal slie 58 o0 i€ 55 Tl pd mer

ety
eij = NN(Si_l, hj), a',-j \2)
_exp(e;))
Zj exp(e;;)

oSS ol L L LSS ol Sl o Calb €y OT 55 o
du\.é(\/\)ﬂdd)bﬁ))}-ﬂ‘\Jdbd‘)aﬂ\..f))\éj-\Ssaw\’ub
2shs

¢ = Z a;;h; (A)

j

St &Gl ol L L US um Il Gl ol delons 3

23 o ol e aues s S Janl s 5 225l s
pre S alis ol N e Bl G5 (5355 Ol 4 (I3 S
53 83305 s 038 4ot (sl 2SSl s aaSs LUls
)5 e G ol Lol S oo 05 e 1y 3 dome das b e 2S5
03,8 e 53 (2355l e LSl U1 poe 4 by o 4 ol
3555 A3 (2255l ae SLals Aes S5lge D) g 4 A
G [PF] S cp) S sl S 0 B3 o5 S 4 )
—a¥ 038 Ol e 4SS a (B ra ) g el 1S

.xsdr»y\,&w&u&?zﬁ&f;péu
1 10 i 5 9 4> gi-093 f 3l —T-A

ae Sed 3 3l Ghls i 8 LEASeuSuS sl
Ol Cov 188 L [PY] cpilpe bwy i o JS8 22550

! Context vector

2 Additive attention

3 Self-attention

4 Natural language processing (NLP)
5 Scaled dot-product

Journal of Control, Vol. 17, No. 2, Summer 2023

VFY Ol of o5les Y dlor oJ 28 dlons


http://dx.doi.org/10.61186/joc.17.2.1
https://joc.kntu.ac.ir/article-1-1008-fa.html

[ Downloaded from joc.kntu.ac.ir on 2025-12-07 ]

[ DOI: 10.61186/joc.17.2.1]

on (5t Ga e o Lalid 3 Goae (6,8 3L (sl ke ¥

SPoeo s ol dge 5 (Bl 03l derme A

Jal sl o ol o e C S 50 55 el S I 035
et bl ol CaiS S s Cl 5 e il S
35 e St o lalid o a1y 0l Ol dls 015 on 05
oS a1 23 Gyls s 5 63555 s p oS | 5l e
58 S b (Bib 5l s Sl (s 5 5 S2958 O daly 4 b e
A Sl pania (g 5 6355 Al 2l S A
ol o &S bl Lo 4 5558 e Jbe sl Dy a4 Sl i ol S
S jize ST U8 o o3 |5 el olama ool Dbl p! 51 (Sl
St ol (51 Altne ol (515 o8 b (DS a3l
o Vet 51F Je & S8 Ll o gy 5 [YY] 5o o

Wl 08y g 4 Ll Sl oSS 5 W e K 53 8 6l 15 S

[\W]VAE-RNN ,lslo 4 b g o 5Vt 315 Joa— 4 s

& (L e i S S 4l olams ) )

@ bgpe plill o & 55k o gl Al G305 Sesls I LSl
4ol Sl Slail Gu Sl (62555 Glaite Slej Sleb
SUEAS i 5 45 o os 51, K505 555 0SS (3555 Ol
&S Ol 6oy 51y s b Dbl AS  w Jde
wgazme 53 p gl Al 38055 ol Coje S A5 cg3555 ed
a2 S S35 5 5355 Gl e Dl b ke S
b wiE 0385 e Gl &l (3555 I s e

23 Soge b A die Sl ¢S wis bl Po (Xpir[Ugr)

Dy M\?
Po (-?;w'l:T' dl:T' Zy.T |u1:T)
= 1_[ po(ze|ld)pe (deldi—1, u)po (x¢12,)
t=1 (\4)

po(delde_y,up) = 5(dt - dt), dt = o 5 &

Al 4l mb Jlp ol b a5 LSl fo(deoq, Ue)

KWWK

3 Speech
# Speech generative model

AL i 4 o7 ool sl LIS 5 e gt S5 5 4 dlns

b rlie Sl S )15 3y IS 5 i S Shs o

6 5 am p gt 5 S lkie (sla Ss ks S e 1y slkie

A Saeal jlie Odlaly b Gollae e 5 T 0 ity o s

25 e S
(\A)

Q'K

0 = softmax %4
(x/d)

35y S5k aY a o Sl ol s e i 5 05l )3 e 5
—r 1 Sl Ol b e 0SS Sls 3 b 5 e 5 3,00
Wl 0 o3l b g 03,8 S (51 S il SI[PY] 53,8
0348 303 sy Camban 0SS wslous sl Fsline (5l S5,
33 0 liSTUST (gl s add b me Lig, b aslie Ly Sl 0l 03,57 [FA]
oo T s ls ddd O &5 Ssli ol b Bl e LS ity
Sy odkd ols by a5 55 03508 S¢S e b s A
Bl ludda 53 oy oduT polie U spd oo eslinal ity
el o e T [FY] 55 s o jid 5 4y bogs o Sl 33 55

Swolzd S Slslsl » 9y T
b s (2 Wl 30 Gans

Sla b tnmn 5 51 eble (6 S 3k 03 514 gla)l il Sy n
U8 podige pal g g (ol 0dd 8 8 S 0 a8 olalis
5,8 Sl ki gl B isy ool edes 5 Sl 3L dnw g
Shbatags ol SIS V] Sl abl anwy e B5ls
St 5 Sk S5 S S 5L s Gk K
b e Ll sl glalis gl 5l &S gt 4y 22850 e
IV 5 [V T d8AT Y] ¢ [¥9]  [¥F] ¥Y] Llos S eslizul as U 5
i ol 03 s e Gl & Gesn st (JE i 55 O
S5 e Sla sy S K505 S 51 Slal

Al el (B e LlokeT 34 94

TS (e 40 = (1 HIS 505895 = )
S W03 o i85 ae St = J1is S 50; 255
5305 & el o 0305 dran 5 TS 5 20 A 5 ad sl Coda b ol 0k
S8 (Je ol el kS W 5518 W e Je 65 Jlate 93 51
Slasin & by e sl min ool ST s 55 SLils i 2
e 5 el DL 0L5 0T slaodsy £ plad oy o Sl oy £ L5
Sl Soglie 355 435 8 51 Sl Gk 4 bspe g

Jus S 5.5 Olsie Sygo ol 1y alies ol 015 o bl o s

! Positional encoding
2\VVAE-RNN

Journal of Control, Vol. 17, No. 2, Summer 2023

VFY Ol of o5les Y dlor oJ 28 dlons


http://dx.doi.org/10.61186/joc.17.2.1
https://joc.kntu.ac.ir/article-1-1008-fa.html

[ Downloaded from joc.kntu.ac.ir on 2025-12-07 ]

[ DOI: 10.61186/joc.17.2.1]

‘o son 5 b G e o Lalid 3 Goae (6,8 3L (sl ke

Sresh Sl Gge 5 (Bl ool deses d

@@®
f&‘@

© X0

@ @ 2
—O- ~E
6@6 OO

Sk (85 wme Jde glalisjl 5 Wps laala— 1 IS
vl

Y S L o lone 25 S S s b ol Gillee
GBS 55 ool 2 55 s 503 55 S3las s S s 5l AU A
el Habie 4 [VA] s sl cpl 5l g o astla 2k 5 Sl
SO PRE RSN PPN

Dy sl 5 e 4 Uae Kb 4 by e Ly,

Po (3;1:% Zy., dyrlugr) (YF)

= 1_[ po(x¢lze, d)po (di|ze—1, de—1, u)Do (21d;)

t=1

po(delde_1,2e1 up) = S(dt - dt):dt =0T o8
S 558 sl SLE oyl el (s al 5 [ (A1, Ze—1, Ue)
s Sl sl Zp g 4 2S5l e S o sl e O
.C.,...@'C,::Jaﬁ(J.;Lgbl:;.k.ndngmo)'lb:}"-o:ﬁ@héc_ﬁ.a\n
S bl 4 oS G1Zp g 4 Koy 1) o o ys e ol Lol
‘_;J:fcﬂauj;n:ﬁrlfjl6@\_;‘145;*;,%4{@!@;\;’0

s el S Ml JL ol 4 s Ll sl

Po (?1:% Zy.7, dyrlugr)

= [ [poCGeczes @)oo lde) "
t=1

ol 0S8 Ll alie e Gl bl 5T ok o
Pt ) s a ) Slalie
log pg (x1.7 |7, do)
X1.7, Z1.7| U171, d
> E, (lo po (X1.7) Z1.7|Usr o))
d¢ (zyr %) urr, do)
=F(0,¢)

Juu@bﬁfﬁJAS@T&w‘@ﬂy@;oTﬁf

Mf}ddl.«:-‘c)y ﬁ‘))L}L«« JAL/:‘ A)MM{QLP L;Laf&.n
H o N L B R Y )

d¢ (Zy.r %1 urr) (¥#)

= 1_[ ) (z¢]x¢, dt)
t=1

Dy el 5O 4 Sldalie ol O G ol L

Do (3T51:T' Zyr|uyr)

5 (Y+)
= np9(2t|dt)p9 (x¢lze)
t=1
Il Lb gl 48 o aliin Joke sla eyl 55 5T S shiia o
e st 23 Sose ay Slalin ol OLS (s o o

log pg (x1.7us.7, do)

7y Zq. 7 d

>E, <10g Po (X1, Zyr [Upr 0)) )
q¢ (1.7 |x1r) s, do)

=F(6,9)

Ao dlal m 55 (ABly sl le ol Gledi w55 0T 5o &

Wl g o B (YY) oy Oy go
Ll ) (YY)
Q¢(Zl:Tlx1:T:u1:T) = 1_[‘7¢(Zt|xt'dt)
t=1
Dy dalgs 5 s 4 Slalin ol O1S G a5 ol b

F©,9)
= D" Eq,llogps(rclz)] m
£

— Dy (% (Zt|xtx dt)|p9 (Ztldt))

beSos 5 Cals Laseto cis ol (35507 6l omlie a2 0

a b & 5l Sk &G s sl e 5w gn eb
el (Gl B S5 OLSILE r.:;_)‘,ii\ Seslizal by Sola
5 @35 S S e il 03 s (bE s sl el
b e (s 8 S b5 0T oyl A8 0 65
o S Sl ) 3 edd e3ls arw s Jde 1l o L5

S o 3l 63555 B S iy Sola idu Al LS e
oS i Ay ol allge 3 4 U5 1y Slej S
oA 4 A S S5y 5l s LI Sl p3Y
s A Bkl el Iy bl Bl wdls sy Je

D;GA‘)\J@U;»th))ﬁ@‘b‘)bﬂl{}fﬂ@c-\ab‘ ‘}..Jug.«s‘)b

Sl (T3 (qmae 4SS Y
iS5l e St S i S5 3 g5 el Sl 5 S
A ST J ol sl sl S5y bl g5 s 5 A5
b ol 3Y ol [00] 5 [W] sy oo 50 55 kel (sla S35 )
35 Blod WY o 3ol oy p okl 3 0dd ST50550 55
s b Sk S5 35 St (555 edks el S i
S5 e s o Sl (6 Juke 0 W5 e 22850
IS Gllas 0T Lelid Sl 5 dpe GlaaSls S VY] 3500 51

S dalg Ve

!t Variational RNN

Journal of Control, Vol. 17, No. 2, Summer 2023

VFY Ol of o5les Y dlor oJ 28 dlons


http://dx.doi.org/10.61186/joc.17.2.1
https://joc.kntu.ac.ir/article-1-1008-fa.html

[ Downloaded from joc.kntu.ac.ir on 2025-12-07 ]

[ DOI: 10.61186/joc.17.2.1]

on (5t Ga e o Lalid 3 Goae (6,8 3L (sl ke V¢

SPoeo s ol dge 5 (Bl 03l derme A

Po (X171, 217, Ay lUgT) (YA)

T
= 1_[ po(x¢lze, d)po (deldi—1, u)pe(Zeldys, 2e—1)
t=1

po(delde_y,up) = 5(dt - &t)' de= oT » &
Al 4l wb Jlp ol b a5 LS il fo(deog, Ue)
Sl

Po (X171, Z1.7|U1.7)
T

= | |p9(zt|zt—1'dt)p6(xt|zt' dt) R
t=1

ol O o b wlin Jube la eyl 25seT Jshie
St ) Do 4l Dlalis

log po (1.7 |Uy.r, do) N

X1.7, Z1.7|Uq.p, d
>E, (logpg( 1.1 Zir [ Usr 0))
q¢ (zyr X1 wr, do)
=F(0,9)

b Sl )8 O Sl SIS BT s e

@ A ) a5 slele 51 S sl iae il o7 550 Sl

()

S el ol Sl o5l 55 g 4S50S n eolitel it O 50
Sl ges A 5 5 lite 03,5 3 55 B3l Sla e oy (Sl O
P Ol 4 g el ol T Gl el Sl Sl ol

sl r__.a:\_,>-

Po (Zy.r| %17, Ur.r, do)
T
(*Y)
= 1_[ Po(Z¢|Zt—1, de.7)
t=1

M\}sﬁjQ)}_pqqm)lb’-udbl:J‘gélJ:A:@)'}54?5:5);
Dy

q¢ (leT le:T' Uy, dO)

T
= 1_[ d¢ (z¢lze-1, dt:T)
t=1
Sty JKte o (6l s e Sl olas glad e dilen S

o ol b S ekl b Gres ellST Sleslsen sy Sl e T 4

(¥Y)

D el s alaly Glas Sldaline ol 0 S
F(6,9) )
T
= Z E% [logpe (thzt» dt)]
t=1
— Dy (% (Zt|Zt—1’ dt:T)|p9 (Ztlzt—l' dt))
@5 S S dslae ol 03 2 e (b b 5 e ol S
e s 8 6 b OT gl eyl & S s S S
S syl sy alin b L Luly een s (6505 Hlle 48 s

315 555 Olgy S K bl il ls (lize s Shes

2 Stochastic recurrent network

F(8,¢) (Yv)
T
= Z Eq,[log pe (x¢lzc, d,)]
t=1

— Dy (Q¢ (Zt|xt' dt)|p9 (Ztldt))
p&;;up‘:wcd.u@lu;;yﬂ_;\ﬁwu@_}acu
bl o 3yl it S5y s T el 5 wsa Wb
Wl (s JB 5 038 2, S Sl eslinad Ly (Sl
~ S s e Soly S bl bkl oyl e s &b ol
S o o e Sl (51 & Sl 0l ) Bl ol gla
axils adsl a3 e Salar (sla pite B ol p3Y 35 2285k (e
c;):&_;\ Dolee cpl 53 2 sn (b ,d w55 lap i plad il
o e S S Ly OT oy 45 0 5 55
515 4 536 Jus & Sl ol Gl ol 3 wlal 3l 0 3 gl e
ISt ) o 1y ol D5 g0 4 (3l ile (SlaonlsS ps
S sl | ol Sl e S 0L 4 s L
V] S e Je 1y sl 4,0 58 5l e S5 sl gla e
S [VF] 03 ¥ 285l dolar s Ol b 5 6 505 alie Jts
S N s G S5y slel shie 4 & ol o

w‘uvh’bwjf)\fb&.&?‘)b&&

(Pl (S (eas 4Tl T
ook iy o (B3l (gla yuite e ilosls (1SS ol e &
olas g S5 ol o LUl s 40 5L el 41,1 gla sl 5
o ) gl ($3lad (S35 pa oditen b LI 53 [00] 5,15 352
LUl 53 & Jlo 53 508 o Sl w08 )3 a8 S35 55 2
SN (S 55 S35 g peiten Do 4 B3l Sy o s
S L e Sl VY S V] el IS s e
Sl odsS sl aly galas

© @9
—610;0
&H- S
s¥oke OO

ERIWE ST g IS YRR 135 P JAPTI L S R L
(V]

O ®O
@ ‘_'..

1l 3B skl ol (sl e 4K Loy e Ll

! Stochastic RNN

Journal of Control, Vol. 17, No. 2, Summer 2023

VFY Ol of o5les Y dlor oJ 28 dlons


http://dx.doi.org/10.61186/joc.17.2.1
https://joc.kntu.ac.ir/article-1-1008-fa.html

[ Downloaded from joc.kntu.ac.ir on 2025-12-07 ]

[ DOI: 10.61186/joc.17.2.1]

W son 5 b G e o Lalid 3 Goae (6,8 3L (sl ke

Sresh Sl Gge 5 (Bl ool deses d

S bl sl a8 Sl ol LSl [VA] 53 Sl gLz o 51,

q.gﬁla:;ﬁ.:i:J,ﬁ:l)é‘ﬁ:ﬁ)&}apf—&f)l{w
e Sl unT 5 e 5l 5 ol Sl le ghyls Olgn Y e OL

M M L

.

------ I
‘. . 4

00 CHR Y

Sl 1 8505 55— (255l e 05 e 1Y S
=

Olgs sl juie o L3I K 3 ok ) Juke b aglie 53
Lis sl ol 0313 5o 15l 0 L1 st b 0 G &S5 L
Al Sl o8 a8 ol sl Csl s 4 by e SN
Sl b 03 b 65 e G Gl Sl n] e 1355 Bl
du.l:Q.SL»)'(lfﬁ):g.!b-ghj:i;a‘(.)ly):&;)bu)):fdur:.@
r»&ﬁ@&@\%guoujpduéuﬁw;lw
B o Ll e 2 0 el 43 815 58 e g S Zalid
Jome oy L 4y L (st 2 D g 4 f1 ol el onliB e
Sl e Ol 1y dibe (Sl 1o (sl o = Jlas Y5 550
IS el 85 55 gn o 453 ) 4 5 (Bols e S
6u¢\fa)p)gcm|,\;A,'L_;J.uu;;,yT.uiT;Asg;,ﬂl;f_u.mo\ﬁ
Gl e 035 Lo e s 4 BLiI ol o7 5 sl e T Sl
G IS Sl Slen 1 S &y sl ol S« 0ley
ol 0k o5l

3

5odd o slaltle (luand Sl Job mls i ol o
a5k pl 610 S el B e S L1y al i bl
Ll (B me aslsl s il 4" Col ol oslizal (g jlwacss Sy (e

Al
Ao (w95 s —£—1-)
@\augﬂ[w]);s&Mogjwlﬁy(r?)w,

358 o3 S s

5 Convolutional VAE

6 Linear Gaussian state space mode (LGSSM)
" Multivariate systems

8 Linear Gaussian system

Sl ol S a 8SST (63555 Als e S 4 58 oyl o
[VF] 53 0T 4 b gy o DS 3 457 ol 0ok sukaals 228751y o sloas S0
~ S 55 o Kals I cods @)1 Jko bt s 53 ool 0l 03557
5 e Sins Sl ¢ Oles 3 ol sla s 5 (S sla
LT dzes ot w55 &5 Gl 5 L0 b Coale s
ol 0k 151 I3 (sl sl 55 oS aoniT dilan Jlst b ol 3 35 50T
S o eabinl BB s 51 S35 063 2 )

Glaosls Sloj gl 55 Jt Il o @1 (sla bt L plad 5>
5053 55 alia el &G S oslital b e 3,8 0 13 15 63555
@35 035 Jde sl 1) basls 5l Tl dm gLl o Sl
S 3 g okl Gl oS 5 K S e dmlos ez
Ol 53358 0 43 8 ) 4 o5 laosls o (51 bitae
5 S alous Lol 3l sbul 55 S S Tl A7 o am Joke
"ol s S50 pl L oS 3K 1 Sl M e
g sn sbdl (gl 5 padeis sk 4 kst le VO] 558 oo e ls
P FEW L P UV Y S P PRI R IS DV-2 Y VR VPIT
b 0als S ol e U (5Lab ESC 4 gl o p 2 B el 0k
T f s Al 6l Ui oS ek o (S5 e
5SSl eSS s S5 by 0T ol eyl & 558 e el
T N PP Y0 W K Py NV IR
e Gl ke (Lol adia (5 25 S3505 e A s S
D) sph o 03] et (st (dlS AS Lo e ol 53 35 e
IS (ot tmlmn S J&ny 355 by (s S 5 3505
R PO WS S UK S PR PR RN -V s [ g =
ojs 02 okl ol g o se bkl Ol 51 i s T
Gy Bl 5 oo KT Il el 03 S5 5555 o 8 Gl ptu ololid
Cash @8 S 4 Y s ke 355k Slapteen olulis
Sl 0k 03,5 5T [VO] 53 sl ol 4 b gs 0 LS 3

Silwdnd g 4L JlSlo Gwos Il SLad-£
Sl o

Jue &5 ol el o 0L [WV] 5 [00] )3 o7 (las bl
S Ol 435 e g D) 50 4y Conbad pde U ol 515 s W5
3 e Sl slapl Sl dslar Sl 4 by e 4Y (5ledute b
2 Sl ol I pabia o G151 Olabl B30 1 005

Jao b Gillan Uids g ydg 135 8 ool Sl ok Blod (55lad e

! Stochastic Gradient Variational Bayes (SGVB)
2 Low dimensional manifold

% Kalman Variational Auto-encoder (KVAE)

4 Video object detection and tracking

Journal of Control, Vol. 17, No. 2, Summer 2023

VFY Ol of o5les Y dlor oJ 28 dlons


http://dx.doi.org/10.61186/joc.17.2.1
https://joc.kntu.ac.ir/article-1-1008-fa.html

[ Downloaded from joc.kntu.ac.ir on 2025-12-07 ]

[ DOI: 10.61186/joc.17.2.1]

on (5t Ga e o Lalid 3 Goae (6,8 3L (sl ke A

SPoeo s ol dge 5 (Bl 03l derme A

[XI%+1] —
X1
1
() sin
( lk)2+( D : xe)
2 2 1 _ Xk Xk Uk
Xie COS Xj; + X €xp ( 8 ) + 1+uf+0.5 cos(xj+x%)
Xje N xE N
Yk = . 2 . 1 €k
1+ 05sinx; 1+ 0.5sinx, %)

w);sulﬁjﬁtjv.gﬁléﬁfa;w}_yek ol ys &8

o3 25 5 ol 0k Blodd (6,8 651 3y 55 $Somn s ol o)
S 53 el ods LS (e 4y Sy Bkt 4 6,5
s 5t oSl i 055 8K S g ol et ol a5

"‘Lfgs"ksﬁjf’:.'b

Wiener-Hammerstein® «sow aiuw —£—1 -1

S Sl (Some gt 5 WieNEr-Hammerstein .73
@8 5 s p 2asm 0 e gl le TS Sl sk o
Loy Cal T3 5 s & wT 3 ol 4 by e slaesls .ol
Ly o oKy 53 5 Conl ok SosTpar OspaeT oKails ol Kemgs
el ok e o b $Somn Gl &

oW -t-1-¢

aﬂgﬂ)l:méuw&qubﬁf &b s ol 5
oslizal b 4 8 &y go (gla g5l 4l s al 5 @1 S 25w s
Al skt ol gl 43 8 o T e 0o
T 3 Sl odd gl Bl gad Vo o ASUST (2 2l 5305
dde ors 2 W Sl agai Vo ol 5l 3K Sl S s

.M;doww;&‘,wtslﬁ

0.7 0.8
Xpr1 = [ 5 : ]xk (*F)
-1
+ [0.1] bt
+ Wk
Yk
=[1 0]x
+ vy

izan 6 0N o5 5 T 5 F 4 Ve s W 0T 53 S

PS5 TS Sl 5 s 4 b e Sl land )
25 ls S o 3 e Gl b S w55 Sl s
s b 8 5 530 0L plp anT 5 55 bl 5V L eIl
3 mresleel 5 55seT glaesls ol (s Lol 5t 4 ol
EIF YO L -Y0 ol 5o S R P K NTITITRG Y
5 sl adises l asseze 95 a LSl ol eslizul (Liledd
S eslizad 350 ke Ko Jlael 5 1l SL 00 Sl oy et sl
U, = sin%+ 3508 ) 5 Cews laesls gl s

- . 2km
FIFAEEN }uf:)}n‘ 03laF e 48 gaes )3 .C_M»"A..,L.iu::lji..u‘sln?

el 4 8 )15 03litul 3y g0 e 5 i lie

Narendra-Li" «ouw i —F-1-¥
Sl ot b ne NAreNdra Lo s 5k sl (51 s 0!
S5 613 53 0T (K3 Gsed 5 Sl (255 (o b o &S
U0l Sl e s 2093 D158 4 e S 0 A L
5 4[] 3 bt Lol o 55 o [YF] 3 ouks il sl L
5 Salis SYsles ol w3 8 515 b5l 3, se oSl os 4 S

09 —— Structured VAE-RNN
—— Structured STORN
—— Toy LG-SSM - true value

] 50 160 150 200 250 300
Time[t]

S ES— Structured VAE-RNN ; Structured STORN (gls b 5 Shas VY s

3 Wiener-Hammerstein benchmark
4 Monte Carlo simulation

 Validation
2 Narendra-Li benchmark

Journal of Control, Vol. 17, No. 2, Summer 2023

VFY Ol of o5les Y dlor oJ 28 dlons


http://dx.doi.org/10.61186/joc.17.2.1
https://joc.kntu.ac.ir/article-1-1008-fa.html

[ Downloaded from joc.kntu.ac.ir on 2025-12-07 ]

[ DOI: 10.61186/joc.17.2.1]

4 s e G e Ll 53 Grae (5,55l sl Jke

Sresh Sl Gge 5 (Bl ool deses d

S5 S50 1 53 m B = 108 D (Ve lHae Tae) "ats
odd dusloes + 88 GV F Ll L w al sl eas SSS —
VAP L o sl sl 2585l sl S gl sl ol S ol
ESoms s Gl 0kd &)1 Glade (s 5 VP JSE Ll 2 AT

a3 0l 1, Narendra-Li

ALl 3l ol 6l (2385 omae 0 Olgy Y sl
G 5 mman ol ois 43 8 L 55 Ve Ll Solas oY slad
55 6395 s Jsb .l ot eslizal (iludis gl y 22850 oY

R BN SRl SR R RO PRI R

(XY ]

VAR AV bawiount@ = |
USoT2 bewilownid —

sulsy o - id swbnows ——

008 02S 003 o2r

[BlemiT

aor 02 ¢

Narendra-Li sz sl Structured VAE-RNN , Structured STORN gla bl 5 Shes - V¥ S5

Wiener- jlas ot gl y ol £l Gladie (55 55 Vo s
b alie Hlsbo 5150 Sl ol (sl s e 0L |y Hammerstein
e ol lp S Gl pl bl o oslinal LS (g3luand s
c\:)ms;y,t.m..maf;,aﬁ V0 Ul g3, dlis I b
b e b 1 K05 Sl (sl Calh iy
RN O S A RPI o g A SN g = T =

Al ol dloes + AY 50 VP Ll al ksl gl 25850

OT sl g5 55,05 b Il b aslie (g bl Sl ! 55 Jotae

ok b 8 5 5300 L ol s ol (61 oS el (52555 s 5k
Sl gl Cald iy Wb b Jae Jlie raes Sl
ApdF e @l e 28l s Sb— Gl S0 5
bl 4l lsle  5olad oes a8 Hlile gl 5t AY 52V L
Je s St @ 2l 6l (S0l 4 ool 0 dslows + 47 5 )0 )

Ll Sl 22l e S = G150

0.9
0.8
0.7
= o6
>
0.5
047 —— Structured VAE-RNN
—— Structured SToORN
—— Wiener Hammerstein - true value
0.3
[ 50 100 150 200 250 300
Time[t]

Wiener-Hammerstein T Structured VAE-RNN  Structured STORN (ls ksl 5 Shas - V0 S

2 Negative log-likelihood

'RMS

Journal of Control, Vol. 17, No. 2, Summer 2023

VFY Ol of o5les Y dlor oJ 28 dlons


http://dx.doi.org/10.61186/joc.17.2.1
https://joc.kntu.ac.ir/article-1-1008-fa.html

[ Downloaded from joc.kntu.ac.ir on 2025-12-07 ]

[ DOI: 10.61186/joc.17.2.1]

on (5t Ga e o Lalid 3 Goae (6,8 3L (sl ke Y

SPoeo s ol dge 5 (Bl 03l derme A

03,51 [M¥] oo 51 1k (2550 (e S 5 by 22550

RGP

MJG.JJ,A @L“e sl o kaT Y Jju\}:)) ol JJ\;— GLU 4o

s S (Sl e S S S0 ey

;,?yéu,t;uliMw,;;u«:u)uupélﬁamyb@uwﬁb’—\ffd,,\?

Jb (RMS) Lo 5 4o ltie (NLL) cals et (.;Jtil e
Toy- Narendra- Wiener- Toy- Narendra- Wiener-
LGSSM Li Hammerstein | LGSSM Li Hammerstein
VRNN V/¥A X T AP VAY ¥ Ry
['7]
VAE- Vo7 T A¥ V¥ V.40 (R (AL
RNN [¥Y]
STORN | V/fY . 5F %3 (A% AD (KA
['7]
S-VAE- | /¥ %4 X4y Ky XY 49
RNN
S- «/A¥ V. V¥ . Ay .Y LAY
STORN

7JJ.,«J|§)34*6M:@QL&J65L¢@)’\Jaab-@lzj..udéﬂ
23 e lealyls 1) bz bl o) w Gladde b anglie LB s
Wl ot S 5 s )l (S 03 5 e b3yl (S

&l -1

[1] L. Ljung, “System identification, Theory for the
user.” System science series, Prentice Hall, Upper
Saddle River, NJ, USA, Second edition, 1999.

[2] Zadeh, L. "On the identification problem." IRE
Transactions on Circuit Theory 3.4 (1956): 277-
281.

[3] Nelles, Oliver. "Nonlinear system identification,
from classical approach to neural networks, fuzzy
systems, and Gaussian process”. Springer, Berlin,
Heidelberg, 2020.

[4] T. Soderstrom, P. Stocia, “System identification”,
Prentice-Hall, Inc, 1988.

[5] Schoukens, Johan, and Lennart Ljung. "Nonlinear
system identification: A user-oriented road
map." IEEE Control Systems Magazine 39.6
(2019): 28-99.

[6] Billings, Stephen A. "Identification of nonlinear
systems-a survey." IEE Proceedings D (Control
Theory and Applications). Vol. 127. No. 6. IET
Digital Library, 1980.

[71 Zheng, Qingsheng, and Evanghelos Zafiriou.
"Nonlinear system identification for control using
Volterra-Laguerre  expansion.” Proceedings  of
1995 American Control Conference-ACC'95. Vol.
3. IEEE, 1995.

[8] Korenberg, Michael J., and lan W. Hunter. "The
identification of nonlinear biological systems:

Gl o Sl (§5luand 615 [YY] 2l 50 8 plajlsle
Sl gt le gl aSKT Jl ol 03,5 ol ¢Sk (5 gt
93 m;t,:iur__;;fjlaﬁ S 1y S Slsle (Edu pl s el
Wiener- L e
WYY 255l e S K SIY] e 5> Hammerstein
S g pl 03 sl le awlie [ shte 4 & Sl ol 0alizul
Vs 53 0ds w1 gl s ey ol 0 o3lizd AN
Wl D3lize [YF] 55 05 41| s b

S 5 doms -0

2 ledde b bapme glubd 53 o T3 Cals
236 glapz ) S 5 byl 51015 gn )15 dle (685l o5
Lot ololid a5l hladl ey ile (6,850 o5
s 4 eile 6,8 0b 0js 3 Ll Jlisl ol 58 eslinel st
=~ s |y giledde Gl 3 g0 sla il s AJ‘LAV.LM:.-: )
23S Jas s 39 m (sl 5 Ll oa 5lse (S p s S e
g shags Olllas ) 5 L)1l B ae el (09 0 dlie )
4 Y b b ool Ol gte 4 Ol i glad it cwly ol 53 48 8
o B e s i Gt Ll sl Lls 5 5led e sk
il oS 8 wmen Wae ladie ool gl 1 Olgy ke slade
aosls 55 340 50 Dl okl 47 UST o dcloms (63959 SWrosls I 2alas
i Jlesl L OLL 3 kS e Bl e lac S OMs ol
b e Gl sk 4 Ol e laddbe bl s (S5

Olgs e adl Hlle Jde oJ 28 ‘_;La(.:..«:..a): dbﬂiucj@

1 Grid search

Journal of Control, Vol. 17, No. 2, Summer 2023

VFY Ol of o5les Y dlor oJ 28 dlons


http://dx.doi.org/10.61186/joc.17.2.1
https://joc.kntu.ac.ir/article-1-1008-fa.html

[ Downloaded from joc.kntu.ac.ir on 2025-12-07 ]

[ DOI: 10.61186/joc.17.2.1]

n son 5 b G e o Lalid 3 Goae (6,8 3L (sl ke

Sresh Sl Gge 5 (Bl ool deses d

[23] Gianluigi Pillonetto, Aleksandr Aravkin, Daniel
Gedon, Lennart Ljung, Anténio H.
Ribeiro, Thomas B. Schén, Deep network for
system identification, arXiv, 2023.

[24] Ljung, Lennart, et al. "Deep learning and system
identification." IFAC-PapersOnLine 53.2 (2020):
1175-1181.

[25] M. Forgione and D. Piga. Dynonet: A neural
network architecture for learning dynamical
systems. Int. J. Adapt. Control Signal Process.,
35(4):612-626, 2021.

[26] J. Hendriks, F.K. Gustafsson, A.H. Ribeiro, A.
Wills, and T.B. Schon. Deep energy-based NARX
models. In Proceedings of the 19th IFAC
Symposium on System Identification (SYSID),
2021.

[27] LeCun, Yann, et al. "Energy-based models in
document recognition and computer vision." Ninth
International Conference on Document Analysis
and Recognition (ICDAR 2007). Vol. 1. IEEE,
2007.

[28] Andersson, Carl, et al. "Deep convolutional
networks in system identification." 2019 IEEE 58th
conference on decision and control (CDC). IEEE,
2019.

[29] Lea, Colin, et al. "Temporal convolutional
networks: A unified approach to action
segmentation.” Computer  Vision-ECCV 2016
Workshops: Amsterdam, The Netherlands, October
8-10 and 15-16, 2016, Proceedings, Part 11l 14.
Springer International Publishing, 2016.

[30] R. Calandra, J. Peters, C. Rasmussen, and M.P.
Deisenroth. Manifold gaussian processes for
regression. In 2016 International Joint Conference
on Neural Networks (IJCNN), pages 3338-—
3345,2016.

[31] Y. Cho and L. Saul. Kernel methods for deep
learning. In Advances in Neural Information
Processing Systems, volume 22, 2009.

[32] Nagel, Tobias, and Marco F. Huber. "Autoencoder-
inspired Identification of LTI systems." 2021
European Control Conference (ECC). IEEE, 2021.

[33] D. Gedon, N. Wahlstr'om, T.B. Sch™on, and L.
Ljung. Deep state space models for nonlinear
system identification. In Proceedings of the 19th
IFAC Symposium on System Identification
(SYSID), 2021.

Wiener kernel approaches.” Annals of Biomedical
Engineering 18 (1990): 629-654.

[9] Schoukens, Maarten, and Koen Tiels. “Identification
of block-oriented nonlinear systems starting from
linear approximations: A survey." Automatica 85
(2017): 272-292.

[10] Chiuso, Alessandro, and Gianluigi Pillonetto.
"System identification: A machine learning
perspective.” Annual Review of Control, Robotics,
and Autonomous Systems 2 (2019): 281-304.

[11] Pillonetto, Gianluigi, et al. "Kernel methods in
system identification, machine learning and
function estimation: A survey." Automatica 50.3
(2014): 657-682.

[12] Bishop, Christopher M., and Nasser M. Nasrabadi.
Pattern recognition and machine learning. Vol. 4.
No. 4. New York: springer, 2006.

[13] Heaton, Jeff. lan goodfellow, yoshua bengio, and
aaron courville: “Deep learning." (2018): 305-307.

[14] Bengio, Yoshua, Aaron Courville, and Pascal
Vincent. "Representation learning: A review and
new perspectives." IEEE transactions on pattern
analysis and machine intelligence 35.8 (2013):
1798-1828.

[15] Noroozi, Mehdi, and Paolo Favaro. "Unsupervised
learning of visual representations by solving jigsaw
puzzles." European conference on computer
vision. Cham: Springer International Publishing,
2016.

[16] Kingma, Diederik P., and Max Welling. "Auto-
encoding variational bayes." arXiv preprint arXiv:
1312.6114 (2013).

[17] Fraccaro, Marco. "Deep latent variable models for
sequential data." English. PhD thesis DTU
University (2018).

[18] Barber, David. Bayesian reasoning and machine
learning. Cambridge University Press, 2012.

[19] Koller, Daphne, and Nir Friedman. Probabilistic
graphical models: principles and techniques. MIT
press, 2009.

[20] Hinton, Geoffrey E. "A practical guide to training
restricted Boltzmann machines." Neural Networks:
Tricks of the Trade: Second Edition. Berlin,
Heidelberg: Springer Berlin Heidelberg, 2012. 599-
619.

[21] Fischer, Asja, and Christian Igel. "An introduction
to restricted Boltzmann machines.” Progress in
Pattern Recognition, Image Analysis, Computer
Vision, and Applications: 17th Iberoamerican
Congress, CIARP 2012, Buenos Aires, Argentina,
September 3-6, 2012. Proceedings 17. Springer
Berlin Heidelberg, 2012.

[22] Raia Hadsell, Sumit Chopra, and Yann LeCun.
Dimensionality reduction by learning an invariant
mapping. In CVPR, 2006.

Journal of Control, Vol. 17, No. 2, Summer 2023

VFY Ol of o5les Y dlor oJ 28 dlons


https://arxiv.org/search/cs?searchtype=author&query=Pillonetto%2C+G
https://arxiv.org/search/cs?searchtype=author&query=Aravkin%2C+A
https://arxiv.org/search/cs?searchtype=author&query=Gedon%2C+D
https://arxiv.org/search/cs?searchtype=author&query=Gedon%2C+D
https://arxiv.org/search/cs?searchtype=author&query=Ljung%2C+L
https://arxiv.org/search/cs?searchtype=author&query=Ribeiro%2C+A+H
https://arxiv.org/search/cs?searchtype=author&query=Ribeiro%2C+A+H
https://arxiv.org/search/cs?searchtype=author&query=Sch%C3%B6n%2C+T+B
http://dx.doi.org/10.61186/joc.17.2.1
https://joc.kntu.ac.ir/article-1-1008-fa.html

[ Downloaded from joc.kntu.ac.ir on 2025-12-07 ]

[ DOI: 10.61186/joc.17.2.1]

on (5t Ga e o Lalid 3 Goae (6,8 3L (sl ke YY

SPoeo s ol dge 5 (Bl 03l derme A

[47] Liang, Tailin, et al. "Pruning and quantization for
deep  neural  network  acceleration: A
survey." Neurocomputing 461 (2021): 370-403.

[48] Frankle, Jonathan, and Michael Carbin. "The
lottery ticket hypothesis: Finding sparse, trainable
neural networks." arXiv.  preprint  arXiv:
1803.03635 (2018).

[49] Hinton, Geoffrey, Oriol Vinyals, and Jeff Dean.
"Distilling the knowledge in a neural
network." arXiv preprint arxiv:
1503.02531 (2015).

[50] Gou, Jianping, et al. "Knowledge distillation: A
survey." International Journal of Computer
Vision 129 (2021): 1789-1819.

[51] Hastie, Trevor, et al. The elements of statistical
learning: data mining, inference, and prediction.
Vol. 2. New York: springer, 2009.

[52] Doersch, Carl. "Tutorial on variational
autoencoders." arXiv preprint arXiv: 1606.05908
(2016).

[53] Burda, Yuri, Roger Grosse, and Ruslan
Salakhutdinov. "Importance weighted
autoencoders." arXiv preprint arXiv: 1509.00519
(2015) [40] Barber, David, A. Taylan Cemgil, and
Silvia Chiappa, eds. Bayesian time series models.
Cambridge University Press, 2011.

[54] Makhzani, Alireza, et al. "Adversarial
autoencoders.” arXiv preprint arXiv: 1511.05644
(2015). [39] Burda, Yuri, Roger Grosse, and Ruslan
Salakhutdinov. "Importance weighted
autoencoders." arXiv preprint arXiv: 1509.00519
(2015)

[55] Girin, Laurent, et al. "Dynamical variational
autoencoders: A comprehensive review." arXiv
preprint arXiv:2008.12595 (2020).

[56] Beal, Matthew James. Variational algorithms for
approximate Bayesian inference. University of
London, University College London (United
Kingdom), 2003.

[57] Hochreiter, Sepp, and Jiirgen Schmidhuber. "Long
short-term  memory." Neural computation 9.8
(1997): 1735-1780.

[58] Chung, Junyoung, et al. "Empirical evaluation of
gated recurrent neural networks on sequence
modeling." arXiv preprint
arXiv:1412.3555 (2014).

[59] Su, Yuanhang, and C-C. Jay Kuo. "Recurrent
neural networks and their memory behavior: a
survey." APSIPA Transactions on Signal and
Information Processing 11.1 (2022).

[60] Graves, Alex. "Generating sequences with
recurrent  neural networks." arXiv  preprint
arXiv:1308.0850 (2013).

[34] M. Karl, M. Soelch, J. Bayer, and P. van der Smagt.
Deep variational Bayes filters: Unsupervised
learning of state space models from raw data, 2017.

[35] M. Watter, J. Springenberg, J. Tobias, J.
Boedecker, and M. Riedmiller. Embed to control:
A locally linear latent dynamics model for control
from raw images. In Proceedings of the 28"
International Conference on Neural Information
Processing Systems, Volume 2, pages 2746-2754,
Cambridge, MA, USA, 2015. MIT Press.

[36] Rangapuram, Syama Sundar, et al. "Deep state
space models for time series forecasting."
Advances in neural information processing systems
31 (2018).

[37] Courts, Jarrad, et al. "Variational state and
parameter estimation.” IFAC-PapersOnLine 54.7
(2021): 732-737.

[38] Courts, Jarrad, et al. "Variational System
Identification for Nonlinear State-Space Models."
arXiv preprint arXiv: 2012.05072 (2020).

[39] Menghani, Gaurav. "Efficient deep learning: A
survey on making deep learning models smaller,
faster, and better." ACM Computing Surveys 55.12
(2023): 1-37.

[40] Xu, Canwen, and Julian McAuley. "A survey on
model compression and acceleration for pretrained
language models." Proceedings of the AAAI
Conference on Artificial Intelligence. Vol. 37. No.
9.2023.

[41] Choudhary, Tejalal, etal. "A comprehensive survey
on model compression and acceleration.” Artificial
Intelligence Review 53 (2020): 5113-5155.

[42] Cheng, Yu, et al. "A survey of model compression
and acceleration for deep neural networks." arXiv
preprint arXiv:1710.09282 (2017).

[43] Cheng, Yu, et al. "Model compression and
acceleration for deep neural networks: The
principles, progress, and challenges." IEEE Signal
Processing Magazine 35.1 (2018): 126-136.

[44] Liang, Tailin, et al. "Pruning and quantization for
deep  neural  network  acceleration: A
survey." Neurocomputing 461 (2021): 370-403.

[45] Rokh, Babak, Ali Azarpeyvand, and Alireza
Khanteymoori. "A comprehensive survey on model
quantization for deep neural networks." arXiv
preprint arXiv: 2205.07877 (2022).

[46] Gholami, Amir, et al. "A survey of quantization
methods  for  efficient  neural  network
inference." Low-Power Computer Vision.
Chapman and Hall/CRC, 2022. 291-326.

Journal of Control, Vol. 17, No. 2, Summer 2023

VFY Ol of o5les Y dlor oJ 28 dlons


http://dx.doi.org/10.61186/joc.17.2.1
https://joc.kntu.ac.ir/article-1-1008-fa.html

[ Downloaded from joc.kntu.ac.ir on 2025-12-07 ]

[ DOI: 10.61186/joc.17.2.1]

Yy

@@#géuw@buﬁwdﬁfﬂiﬁdudﬁ

Sresh Sl Gge 5 (Bl ool deses d

[61] Krishnan, Rahul G., Uri Shalit, and David Sontag.
"Deep kalman filters." arXiv preprint arXiv:
1511.05121 (2015).

[62] Bahdanau, Dzmitry, Kyunghyun Cho, and Yoshua
Bengio. "Neural machine translation by jointly
learning to align and translate." arXiv preprint
arXiv: 1409.0473 (2014).

[63] Vaswani, Ashish, et al. "Attention is all you need."
Advances in neural information processing systems
30 (2017).

[64] Han, Kai, et al. "A survey on vision
transformer." IEEE  transactions on pattern
analysis and machine intelligence 45.1 (2022): 87-
110.

[65] Khan, Salman, et al. "Transformers in vision: A
survey." ACM computing surveys (CSUR) 54.10s
(2022): 1-41.

[66] Liu, Yang, et al. "A survey of visual
transformers." IEEE  Transactions on Neural
Networks and Learning Systems (2023).

[67] Lin, Tianyang, et al. "A survey of transformers.” Al
Open (2022).

[68] Rosendahl, Jan, et al. "Analysis of positional
encodings for neural machine
translation." Proceedings of the 16th International
Conference on Spoken Language Translation.
2019.

[69] Beintema, Gerben I., Maarten Schoukens, and
Roland To6th. "Deep subspace encoders for
nonlinear system identification." Automatica 156
(2023): 111210.

[70] Masti, Daniele, and Alberto Bemporad. "Learning
nonlinear state—space models using
autoencoders." Automatica 129 (2021): 109666.

[71] Lopez, Ryan, and Paul J. Atzberger. "Variational
autoencoders for learning nonlinear dynamics of
physical systems." arXiv preprint
arXiv:2012.03448 (2020).

[72] Chung, Junyoung, etal. "A recurrent latent variable
model for sequential data." Advances in neural
information processing systems 28 (2015).

[73] Bayer, Justin, and Christian Osendorfer. "Learning
stochastic recurrent networks.” arXiv preprint
arXiv: 1411.7610 (2014).

[74] Fraccaro, Marco, et al. "Sequential neural models
with stochastic layers." Advances in neural
information processing systems 29 (2016).

[75] Fraccaro, Marco, et al. "A disentangled recognition
and nonlinear dynamics model for unsupervised
learning.” Advances in neural information
processing systems 30 (2017).

Journal of Control, Vol. 17, No. 2, Summer 2023

VFY Ol of o5les Y dlor oJ 28 dlons


http://dx.doi.org/10.61186/joc.17.2.1
https://joc.kntu.ac.ir/article-1-1008-fa.html
http://www.tcpdf.org

