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Models + Task = Control

—| Plant

-

Data = Models + Task = Control

Data -2 Control



Data = Models + Task = Control

Models useful for (i) control design, (ii) fast simulations
(iii) system monitoring, (iv) anomaly detection, etc.

From: nbcnews.com
Exploring unknown environments Handling unexpected failures

“Small” data

From: NASA

Online system identification = learning models at run-time

v

Adaptation (change the objective)
(repurposing, changing mission objectives)
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Task specifications useful for (i) control design
(ii) system monitoring, (iii) anomaly detection, etc.

Teaching a robot to do a task

“Small” data

Learning from demonstrations =2 constraint/task learning

v

Generalization
(performing the tasks in new environments)



Given input/output data ({u, y¢ };) coming from a linear
time invariant (LTI) system subject to noise (w:, 2¢), find a
system model.



Given input/output data ({u, y¢ };) coming from a linear
time invariant (LTI) system subject to noise (w:, 2¢), find a
system model.

Some questions:

 What model/parametrization to choose?

— LTI systems can be modeled in different ways (state-space models, auto-
regressive models, impulse response models)

— How to pick a system order?

 What algorithm to use?

— Typically posed as an optimization: What is the computational complexity?
Do we need regularization and if so, how?

* What type of guarantees can we give for these algorithms?



Given input/output data ({u, y¢ };) coming from a linear
time invariant (LTI) system subject to noise (w:, 2¢), find a
system model.

* Asymptotic analysis:

— As the data size N goes to infinity and/or noise (Wt, Z¢) level
goes to zero, can we learn the system model?

* Non-asymptotic analysis:

— Given finite amount of noisy data, how does the identification
accuracy depend on the data size N and noise?

— What can the best identification algorithm achieve in this case?



* Asymptotic analysis:
— As the data size N goes to infinity and/or noise (w;, z;) level goes to zero,
can we learn the system model?
Textbook on sys id: [Ljung 99], standard methods: Ho-Kalman (Eigen
Realization Algorithm-ERA), N4SID, etc.
* Non-asymptotic analysis:
— Given finite amount of noisy data, how does the identification accuracy
depend on the data size N and noise?

— What can the best identification algorithm achieve in this case?

Control theoretic methods: [Weyer et al. 99], [Vidyasagar & Karandikar
01], [Campi & Weyer 02], [Akcay 04], [Care et al. 18], etc.

Statistical machine learning methods: [Hardt et al. 16], [Dean et al. 17],
[Hazan et al. 17], [Tu et al. 17], [Sarkar & Rakhlin 18], [Simchowitz et al. 18],
etc.
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Assume we want to estimate a static quantity a from N
noisy measurementsy:

v=Ua+e
where U has iid Gaussian entries and € is zero-mean iid.

* Asymptotic analysis: least squares estimator is
consistent, i.e., as N goes to infinity, the estimate
converges to the true value in probability

* Non-asymptotic analysis: least squares estimate
satisfies, with high probability,
1

& —af < O(_\/ﬁ)

Hsu, Kakade, Zhang, COLT’12



Focus on a well-known system identification algorithms:
* Can we achieve similar sample complexity results for
system identification algorithms where the data is

highly correlated?

* Part 1: State-space models — Ho-Kalman Algorithm

Joint work with Samet Oymak, UC Riverside
ACC’19, TAC’22

* Part 2: Autoregressive models — Ordinary least squares

m Joint work with Zhe Du, Zexiang Liu, Jack Weitze, Michigan
7. CDC’22
&

e
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Given input/output data ({u, y¢ };) coming from a linear
time invariant (LTI) system subject to noise, find a system

model.

Lt+1 — Axt T But -+ Wy

State-space model:

Yy = Cxy A

- Duy + 24

Na ng

ARX model: Ut — Z QYp—; T Z Biw—i + Tt—1
i=1 i=1
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Focus on a well-known system identification algorithms:
* Can we achieve similar sample complexity results for
system identification algorithms where the data is

highly correlated?

* Part 1: State-space models — Ho-Kalman Algorithm

~¢34- ’ Joint work with Samet Oymak, UC Riverside
| ) ACC’19, TAC’22

* Part 2: Autoregressive models — Ordinary least squares

m Joint work with Zhe Du, Zexiang Liu, Jack Weitze, Michigan
(25

%= CDC’22
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Given input/output data ({u¢, 3. }7., ), find a model of

the form: Tir1 = Az, + Buy

yr = Cxy + Duy

* |dentification problem is ill-posed:
— we can only learn up to a similarity transformation (change of basis)



Given input/output data ({u¢, 3. }7., ), find a model of

the form: Tir1 = Az, + Buy

yr = Cxy + Duy

* |dentification problem is ill-posed:
— we can only learn up to a similarity transformation (change of basis)

Try1 = PAP ‘%, + PBu,

r = Pz = .
yt:OP_ iizt—I—Dut



Given input/output data ({u¢, 3. }7., ), find a model of

the form: Tir1 = Az, + Buy

yr = Cxy + Duy

* |dentification problem is ill-posed:
— we can only learn up to a similarity transformation (change of basis).
— we can only learn the controllable and observable part

* Assume: The system is controllable and observable



Given input/output data ({u¢, 3. }7., ), find a model of

the form: Tir1 = Az, + Buy

yr = Cxy + Duy

* |dentification problem is ill-posed:
— we can only learn up to a similarity transformation (change of basis).
— we can only learn the controllable and observable part

* Assume: The system is controllable and observable

 Two step procedure:
1. Estimate the Markov parameters of the system:
D.CB,CAB,CA°B,...,CA'B, ...
Markov parameters are invariant to the choice of basis
2. Estimate the “system matrices” from Markov parameters



Given input/output data ({u¢, 3. }7., ), find a model of

the form: Tir1 = Az, + Buy

yr = Cxy + Duy

* |dentification problem is ill-posed:
— we can only learn up to a similarity transformation (change of basis).
— we can only learn the controllable and observable part

* Assume: The system is controllable and observable

 Two step procedure:
1. Estimate the Markov parameters of the system:
D.CB,CAB,CA°B,...,CA'B, ...
Markov parameters are invariant to the choice of basis
2. Estimate the “system matrices” from Markov parameters



* Assume Markov parameters of the system are given:
D,CB,CAB,CA*B,...,CA'B, ...

* Form the Hankel matrix of Markov parameters
H: hankel matrix

h

I

CB CAB CA®B
CAB CA’B '

CA%B

cAT' B

11/4/22

CATQB ] B C ]
CAT:+1p C A

— |CA% | B AB AB

CAT1:+T2B_ o @
rank(H) =n
n: state-space dim

Necmiye Ozay, Michigan, EECS
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* Assume Markov parameters of the system are given:
D,CB,CAB,CA*B,...,CA'B, ...

* Form the Hankel matrix of Markov parameters

H: hankel matrix
A

CB CAB CA%2B ... | cAT2B [

CAB |cA2B .-° ... |CATz+lp
CA2B :

lcAT'B | . L oA T
HT H™

HT=0Q = H = 0AQ

11/4/22 Necmiye Ozay, Michigan, EECS
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* Assume Markov parameters of the system are given:
D,CB,CAB,CA*B,...,CA'B, ...

* Form the Hankel matrix of Markov parameters

H: hankel matrix
A

' ‘ L=SVD,(H")=UxXVT
| ¢B | CAB CA’B ... | CARB | L orrvl/2 s vl/20T
CAB |cA?B .- ... |cATH1p ?fUz , Q =XV

CA2B | .- 5 C_':ﬁrstmrows of O
: : B = first p columns of ()
_CATlB . loATh+T: | A:OTH—QT
1 n: states
HT H-

m: outputs

HY =0Q — H™ = 0AQ P inputs
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* Assume Markov parameters of the system are given:
D,CB,CAB,CA*B,...,CA'B, ...

* Form the Hankel matrix of Markov parameters

H: hankel matrix Hankel singular values

‘  L=SVD,(H") = T
CB CAB CA2B ... | CA2B [ . 1/2 . ov1/27T

CAB |cA2B .-~ ... |CAT+'B _?f V27", @ =277V

AR : : : C_’ = first m rows of O
: . _ : B)= first p columns of ()
lcanp | .- - loATHTE Al=O0TH Q'
H™T H™ Balanced realization

HT=0Q = H = 0AQ

11/4/22 Necmiye Ozay, Michigan, EECS 21



e Estimated Markov parameters:
G =[D,CB,CAB,...,CA"B]
G =[G_1,Go,G,...,G7]
 Form the Hankel matrix:

H

i . i N N A
1Go | Gi1 Gy ... | Gnp L=SVD,(H") =UXVT
G, |Gy Gryt1 O =02 O =1/2)T
G, | == ... C = first m rows of O

B . L : B = first p columns of Q
-GT1 G141 A=0tHOf

I 1
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Algorithm

* Estimated Markov parameters: TS =T
G =[D,CB,CAB,...,CA"B] o =052 0 = sy
GA:[G_héO’GAl)_“’GT] IC:’iﬁrstmrowsofO A
. ~ B = first p columns of )

 Given a boundon ||G — G| = oo

how good are the other estimates?

|H — H|| < v/min{T1, T2}||G - G|
IL — L|| <2y/min{T},T2}||G - G|

Lemma:

Theorem: Assume, ||L — L|| < 0umin(L)/2. Then, there exists a unitary matrix P s.t.

|C = CPllr < \/5n|L - P

|B = P B||r < \/5nL — L]

T A 14+/n . I —
JA- PraP|p < (o — i+ H

11/4/22 = Omin(L)

1)



Consider

Ti11 = Axy + Buy + wy
yr = Cxy + Dug + 2

assume,
o =0, uy ~ N(0,021,), wy ~ N (0,02 1,), and z; ~ N(0,021,,)

Then, cross-correlations of input and output give
Markov parameters:

E[ytu;‘_k]_ D if k=0,
o2 | |CA* B if k>1.

u




Given input/output data ({u:, yt},{V:O ), from a process of the form:
Tti1 = Aﬂft + Buy + wy

where yr = Coy + Duy + 2
o =0, uy ~ N(0,021,), wy ~ N(0,021,), and z; ~ N(0,021,,)

consider N subsequences of data of length T+1:

os| L1, ... XTy, LXT4+1y e« ITN_T ... TN
up, U1, ... U, UT4+1, ... UN_T ... UN
Yo, Y1, --- Yr, Yr+i, --- YnN-17 -+ YN
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Given input/output data ({u:, yt},{V:O ), from a process of the form:
Li41 = Aajt + But + Wy

where yr = Coy + Duy + 2
o =0, uy ~ N(0,021,), wy ~ N(0,021,), and z; ~ N(0,021,,)

consider N subsequences of data of length T+1:

Los|| L1, ... XT, .CI?T_|_1? e IN_T .. TN
up, | U1, ... UT, @ oo UN_T ... UN
yo, Y, .-- Y1y Y141, --- Yn—-17 --- YN

11/4/22 Necmiye Ozay, Michigan, EECS 26



Given input/output data ({u:, yt}ivzo ), from a process of the form:
Li41 = Aajt + But + Wy

where yr = Coy + Duy + 2
o =0, uy ~ N(0,021,), wy ~ N(0,021,), and z; ~ N(0,021,,)

consider N subsequences of data of length T+1:

To,|| T1,| --. TT, TT+1, :UN_T|... T 7
up, | U1, ... UT, UTH+1 un_m .. UpN

Yo, Y1, .- Yr, Y141, --- Yn—_-1 -+ YN
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Estimation of Markov parameters

Lo,|| L1, o LTy TTH1,
up, | Uz, . uzw\fz:gd
Yo, Y1, yr, Yr+1,

forallte {T+1,...,N}

Recall:

Un_r1 U N
YN—-T YN

T T
Y — CATCCt_T + Dut + Z CAi_lBut_i + Z CAi_lwt_Z— + Z¢

1=1

=Gu + Fw; + 2z + ¢

G=[D,CB,CAB,...,

11/4/22

CA "B]

Necmiye Ozay, Michigan, EECS
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Estimation of Markov parameters

Zo,|| L1, .. TT, TTH+1, TN_T I co. TN
ug, | U1, ... U, @ U 7 .. Up
Yo, Y, ... Yr, Yr+i, --- Yn-r --- YN

forallte {T+1,...,N}

T T
vy = CATz_p + Duy + Z CA 'Bu, ; + Z CA Y w,  + 2

=1 1=1
= Gy + FWy + 2 HE ) *+4%, 81, M1, Yo(HO%ES 5 # $&I12&! (%] /81"

"#$%&'%()$

Recall:
G=[D,CB,CAB,..., CA "B]

11/4/22 Necmiye Ozay, Michigan, EECS 29



U/N_T UN

Los|| L1y ... XT, CIZT_|_17

ug, | U1, ... UT,| UTH+1

Yvo, Y1, - Y1y Y141, -+ YN—-7 -+ YN

forallte {T+1,...,N}

T T
Y = CATCCt—T + Du; + Z C’Ai_lBut_i + Z CAi_lwt_Z- + 2
i=1 i=1
= Gy + FWy + 2 +@0 ) *++%, &0, (1, %(#0%-ST#S# $&/128 (%] &I$&1"H

I

"#$%&'%()$
Use least squares to estimate G:
) I
@ = argmin Ilye ! X @]|3 How good is this estimate?
X
t=T
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T T
Y — CATCCt_T + D’U,t + Z CAi_lB’U,t_Z' + Z CAi_lwt_Z' + Z¢
1=1 1=1
= Gy + FW + 2 HE ) *4%, &1, (1, Wo(HO%ES TS #,$8/128 (%I &IS&1"S

"#$%&'%()$
Use least squares to estimate G:
N
N _ : 2 . . .
Q= arg min lye ! X a5 How good is this estimate?
t=T

Concatenating further through " to obtain matrix form:

Y=GU+FW+Z+E
Q=YU (UU) 1=G+(FW + Z+ E)U'(UU")" 1

18! GII™ (IFI[IIWU" |+ [IZU* || + [IEU [DII(UUT)" 4]

I

A

1,91 (1" 18&H#1%A5/6# #%$8+" (& #(,56/1'& )(#1;/6%

2 .
22t 06$87(/.)%( %'&/6889:3 1(;5)%1 .



Theorem:

Given input/output data ({u¢, yt}ivzo), from a process of the form:
Ttr1 = AfCt + Buy + wy

yr = Cwy + Dug + 2
where A is stable and
o =0, uy ~ N(0,021,), wy ~ N(0,021,), and z; ~ N(0,021,,)
let N ! Np = cTqlog?(2Tg)log*(2Nq) where d=n+ m+ p
and take M=N+T
then with very high probability, we have

o @y Lzt let lw!FL No

*Recall the error of least squares: @! G = (FW + Z + E)U'(UU')" 1



Given any 9, €, we can find a “tight” N such that if we
have input/output data of length N, with probability (1-
5), we can estimate the system matrices (of balanced
realization) by accuracy at most .

Similarly, given input/output data of length N, and any
5, we can give a bound € on the accuracy of the system
matrix estimates that is valid with probability (1- d).

Several applications/extensions: estimates of H-infinity
norm error, system order, etc.



To,|| T1,| --. TT, TT+1, TN_T | . TN
Uup, | U1, ... UT, UTH+1 un_ro .. UN
Yo, Y1, --- Y, Y1+1, --- YnN-17 --- YN

Statistically easier to analyze (but less “efficient”) alternative:
a variant of the i.i.d. trajectory view point in [Oymak 19]

Separation K

Lo,| L1y ... T, $T+14 cee IN_T .. TN
Ug, Ui, .- @ Ur41, ... UN—T\')UN
Yyo, Y1, --- Yr, Yr+i, --- YnN-17 -+ YN
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Zo,|| €1, ... TT, TT41, CCN_T| . TN
- Yy rynn BN nr — UN
- Impact of separating the trajector
ot —— No separation YN
1.2] ——— 2 separation
<:1-0 —— 4 separation
?0-8 —— 8 separation
Qoe
0.4 \
— 0.2
2 LN
v 2% 200 400 600 800 1000 ]u N
— N (\t/rajectory length)
Yo, Y1, --- Yr, Yr+i, --- YN_T YN

11/4/22 Necmiye Ozay, Michigan, EECS
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Zo,|| €1, ... TT, TT41, ZCN_T| . TN
/LIA i . D1 — I Nl —~ . ‘I Nt — UN
o Impact of separating the trajector
v —— No separation YN
1.2] —— 2 separation
<§1-0 —— 4 separation Practically better use of data
| 0.8 —— 8 separation with tight statistical bounds!
Qoe
0.4
— 0.2
9 LN
v %% 200 400 600 800 1000 ]u N
— N (\t/rajectory length)
vo, Y1, --.- Yr, Yr+i, --- YN—-17 --- YN
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Focus on a well-known system identification algorithms:
* Can we achieve similar sample complexity results for
system identification algorithms where the data is

highly correlated?

* Part 1: State-space models — Ho-Kalman Algorithm

Joint work with Samet Oymak, UC Riverside
ACC’19, TAC’22

* Part 2: Autoregressive models — Ordinary least squares

Joint work with Zhe Du, Zexiang Liu, Jack Weitze, Michigan
CDC’22
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A different representation

I AutoRegressive eXogenous (ARX) models

output Y, input U, noise

n ~ N(0,07) at time t

N and T3 are model orders

37



I AutoRegressive eXogenous (ARX) models

Ney ng
Yt = Z QG Yt—i + Z Bitr—i + np—1
i=1 i=1

I Problem Step
I Data: a single trajectory {ut,yt}i\;o where uz ~ N(0,0Z).

| Goal: estimate 7T, Mg and {@i}?ﬁp{ﬂi}?jl.

I Over-parameterization: pick 1o, = N, ng = np and fit the data {Ut,yt}i\io with

Mo ng
Yt = 2 QiYp—i + Z Bittg—i
i=1 i=1



(
I"H#$$%& Y(

I HSUBEH ()F+*,)*, &-(#.1,0(  {us, y}ir,
I 12*34#3#.*"*356#"5/,(*, #30*% (" 7*(./)*'(
&#+#H&5"-(89"(#'%/(5,"3/)9&*%(./)*'(#.85095"¢:

I =/,%5)*3y: = 0.5y 1 + ur—1
>5"7 na = ng = L2

I AutoRegressive eXogenous (ARX) models

Nea ng I 7* <
ye= > Qiy—i+ ). (4 = 05511 + wr1)
i=1 i=1 +
¢ X (yt—1 = 0.5y¢—2 + ws—2)

I Problem Step U

yr = (0.5 = ¢)ys—1 + 0.5cys—2 + up—1 + cup—2

I @*,&*<(>7* 1o = ng = 2((((((<C>*(7
5,A5 5", -(*BO52#*,"(./)*'%:

I Data: a single trajectory {Ut,yt}éio

. n
| Goal: estimate 7Mq,M3 and {a i

I Over-parameterization: pick 1o, = N, ng = np and fit the data {ut,yt}iio with

Mo ng
Yt = 2 QiYi—i + Z Bitte—i
i=1 i=1
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Earlier work

Recall .. LI"HS 'S (#)#HS*+)*,-./| pick orders 7i, > n,, Ny > ng and fit the data
I 1"#$ 0B'S' (#)#$*+)*,-./ pick orders {ze, yeizo with
Mo = no, g = ng and fit the data
{ug, ye}ilo with

~

vectorize

Na g
ye =Y, i+ Y, B
i=1 i=1

I Estimation errcIJr 16 —0|

V 4 - ~a *

*CL%#S#.*"*356#"5/ , [2*34+#3# .*"*356#"5/,

If estimation error - 0, then

I exact-param - true parameters
I' over-param = 0.

38



Earlier work

Recall ...

II"#$ %®'$' (#)#$*+'0,-.//  pick orders

LI"HS 'S (#)#HS*+)*,-./| pick orders 7i, > n,, Ny > ng and fit the data
{zt,yt}i—o with

~

e > 7N, Mg > ng and fit the data | Vectorize g =07z, .
N . A TR RSy T T TR —— R e e R _—_—_——_———
{ut, ye}ito with 0 :=|r[@1, ey Qngy [Oa 1y ey Qagy 1B1, oe ey 6nﬂ,::5nﬂ+1, . BﬁB]T
fle ng . Z ::: [yt—17 o Ut—nah Yt—na+1s - - - s Yt—ng ] Wt—1, - - - ;ut—n%E ut—n5+17 ey ut—ﬁB]T
yt:Z&iyt_i—’_Zﬁiut_i GZ:=[CK1, ceey Qg 0, ce 0, 517 R ﬁnfpll 0, R O]T
i=1 i=1 et A ———— e e r-
| Estimation error |6 — 0| S~
‘ Ve - ~a *
*CHE#31.¥"*356#"5/, [2*34+#3# . *"*356#"5/,
Previous work Our work
[Jones and Dahleh, 2022], [Ljung and Wahlberg, 1992]
Method RLS: 6 — arg ming >, (y — 07z;)% + )02 OLS: 0 — arg ming >, (yr — 07z;)>
A V/10g(N/A)+X A log(N)
Guarantees CECIES O(T) CECIES O(T)
Hyper-parameter A can be neither too large nor small, Regularlz?r (hyper—pa.rarrTet(’eyr) free —
. self-regularization
Pros/Cons/Comments tuning is needed.

Manifests the “oracle property” [Candes, 2006]

The first finite sample result for OLS on
unknown(and known)-order ARX models

38



"H$%&S$" () %%+, $

<"1$#2%(&6%/(1#1'&' %&+"66":J(na - 4)':3&

--------------

--------------

ders n, > no, nig = ng and fit the data

------------------

-----------------

1 Qi Qg Gy
exact-param
9

Regularizer (hyper-parameter) free —
“self-regularization”

ut~N(O 1), 77t~/\f(0 1) / oy Gngs (B, ...,5@,--%“,
<"1$#2%(&ABC&n, = 8&&&&&&&&&&&&&8&D(9& HE%D&" . Y& 7GD/E>H’&”L-F&@L&&&&&U"I@]I
' %8l &&&&&G/( 3, ’ ERTI CNREERCEY ST Vi
/ ~ -~
| | ’ /
- ~
_________ oL 13)%30 (&# (8 A% 5, %) (8- ~, 4
il ," --,25;"/;,)5 5 e 'i: (e #'5, 12+30+4434 *3564°5),
Pe i
1
0.5 i —e—0
I BT =1 x10?
::_ T2 10
E -g z ? i 183 Our work
I ~ ~
050 OLS: 0 — argming >, (1 — 07z¢)?
1
' A O,
1 6 — 8] < O(ED)
I
|
|
|
|
i

The first finite sample result for OLS on
unknown(and known)-order ARX models

[
[
[
|
1 [
1 [
1 [
1 |
1 I
[ |
1 R 2
1 a5 (o7 a7 ad
1 1
1 1
1 1
1 1
\ J
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Sample complexity

Theorem: Let q(z) := 2" =Y ;2" " and p:= max,.,,)_o|z|. Suppose

p <1, flq = nqg, ig =ng , then w.p. 1 — &, the OLS estimator © satisfies

R N |
0—-0| <O ( n nﬁ \/Og log )

39



Sample complexity

Theorem: Let q(z) := 2" =Y ;2" " and p:= max,.,,)_o|z|. Suppose

p <1, flq = nqg, ig =ng , then w.p. 1 — &, the OLS estimator © satisfies

A o+ 1
10 —0| < (\/n " U A/ og log )

e p — stability of the model; if p > 1, then y; — o0 as t — .




Numerical results

e True model (unless otherwise specified): n, = ng =:n =10, p =0.85, 0, = 1, 0y = L.

100,

Rl 107 1074 107°Y

1072 1072 1072 1072

102 103 10 10° 10° 102 103 10* 10° 108 102 103 10 10° 108 102 103 10* 10° 106
T (Trajectory Length) T (Trajectory Length) T (Trajectory Length) T (Trajectory Length)

e p — stability of the model; if p > 1, then y; — o0 as t — .

0'_,)7 - . _ _ . .
°* - noise-to-signal ratio.

u

e The bound is almost optimal (in terms of the order dependency on n,, 75, V)
compared with min-max lower bound [Simchowitz et al., 2018].




T e

Oymak & Ozay MIMO SS stable Single O(N~-1/2)
(part 1)
Sun, Oymak, MIMO SS Multiple O(N~-1/2) pn
Fazel 2020 (un)stable
Zheng & Li 2020 MIMO SS Multiple O(N~-1/2) mT+q
(un)stable
Fattahi 2021  MIMO SS stable Single O(NA~-1/4) polylog(pT)
Du, Liu, Weitze, SISO ARX Single/Multiple O(NA-1/2) nA2
Ozay (part 2) (un)stable

N: samples, n: system order, T: FIR order
m: # of inputs, p: # of outputs, q: #of inputs+outputs+states
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System identification:

* We can learn from dynamical data as efficiently as we can
learn from static data

 Downstream tasks: ——| Plant
e Certainty equivalent control:
regret guarantees (ACC’22) ——| controter

* Extensions:

* Bilinear system identification (CDC’22)

* Markov jump linear system identification (ACC’22)
* Current directions:

* Nonlinear system identification via liftings



