
Comparison: direct vs. indirect control
indirect ID-based data-driven control

minimize control cost
(
u, y
)

subject to
(
u, y
)

satisfy parametric model

where model ∈ argmin id cost
(
ud, yd

)

subject to model ∈ LTI(n, `) class

}
ID

ID projects data on
the set of LTI models
• with parameters (n, `)

• removes noise & thus
lowers variance error

• suffers bias error if
plant is not LTI(n, `)

direct regularized data-driven control

minimize control cost
(
u, y
)

+ λ· regularizer

subject to
(
u, y
)

consistent with
(
ud, yd

)
data

• regularization robustifies
→ choosing λ makes it work

• no projection on LTI(n, `)
→ no de-noising & no bias

hypothesis: ID wins in stochastic (variance) & DeePC in nonlinear (bias) case
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Case study: direct vs. indirect control
stochastic LTI case→ indirect ID wins
• LQR control of 5th order LTI system
• Gaussian noise with varying noise to

signal ratio (100 rollouts each case)
• `1-regularized DeePC, SysID via

N4SID, & judicious hyper-parameters

deterministic noisy

nonlinear case→ direct DeePC wins
• Lotka-Volterra + control: x+ = f(x, u)

• interpolated system
x+ = ε ·flinearized(x, u) + (1− ε) ·f(x, u)

• same ID & DeePC as on the left
& 100 initial x0 rollouts for each ε

nonlinear linear42/53



Power system case study revisited
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• complex 4-area power system: large (n = 208), few measurements (8),
nonlinear, noisy, stiff, input constraints, & decentralized control

• control objective: damping of inter-area oscillations via HVDC link
• real-time MPC & DeePC prohibitive→ choose T , Tini, & Tfuture wisely 43/53



Centralized control
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Fig. 5. Time-domain responses of the four-area system with the practical
setting. The DeePC (or PEM-MPC) is activated at t = 10s. —– without
wide-area control; —– with PEM-MPC (s = 60); —– with DeePC (s = 60).
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Fig. 6. Cost comparison of DeePC and PEM-MPC under the practical setting.

Fig.7 plots the closed-loop cost (from 10s to 30) of the
system with different DeePC parameters, which shows that a)
the closed-loop cost dramatically drops with the increase of the
prediction horizon N and then remains within an acceptable
range (here we set k = N

2 ); b) the closed-loop cost drops
when T is increased from 800 to 1000 and then remains nearly
the same if further increasing T ; c) the closed-loop cost drops
with the increase of Tini from 5 to 40 and remains basically the
same with a larger Tini; and d) the system may have undesired
closed-loop cost with a relatively small (or with a relatively
large) �g but presents anticipated performance in between,
which coincides with the fact the regularization on g provides
robustness against noisy measurements. Note that setting a too
large �g (e.g., �g > 104) makes (5) focuses on minimizing
kgk2

2 and results in inferior input/output performance. Fig.7
also indicates the robustness of the DeePC with regards to the
choices of parameters, that is, the system presents anticipated
performance with proper regularization on g (�g generally has
a wide admissible range) and sufficiently large N , Tini and T .

IV. MIN-MAX DEEPC

The DeePC algorithm presented above acts as a centralized
wide-area control, which is not resilient to communication fail-
ures and less reliable than decentralized approaches especially
when more VSC-HVDC stations are considered. To this end,
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Fig. 7. Closed-loop cost of the system with different DeePC parameters.

we present a Min-Max DeePC algorithm which further enables
decentralized wide-area control.

A. Basic Formulation
We extend the unknown LTI system in (1) by adding a

measurable disturbance vector wt 2 Rq to (1) as
⇢

xt+1 = Axt + But + Ewt

yt = Cxt + Dut + Fwt
, (9)

where E 2 Rn⇥q and F 2 Rp⇥q .
To be specific, the unknown system is subjected to some ex-

ternal disturbances (wt) whose past trajectory can be measured
but the future trajectory is unknown. Let wd be a disturbance
trajectory of length T (i.e., wd 2 RqT ) measured from the
unknown system such that col(ud, wd) is persistently exciting
of order Tini + N + n. Note that here wt is regarded as an
uncontrollable input vector of the unknown system. Similar
to ud and yd, we use wd to construct the Hankel matrix
HTini+N (wd), which is further partitioned into two parts as


WP

WF

�
:= HTini+N (wd) , (10)

where WP 2 RqTini⇥(T�Tini�N+1) and WF 2
RqN⇥(T�Tini�N+1).

Then, similar to (4), col(uini, wini, yini, u, w, y) is a trajec-
tory of the unknown system (9) if and only if there exists
g 2 RT�Tini�N+1 such that

2
6666664

UP

WP

YP

UF

WF

YF

3
7777775

g =

2
6666664

uini

wini

yini

u
w
y

3
7777775

, (11)

where wini 2 RqTini is the most recent measured disturbance
trajectory and w = col(w0, w1, ..., wN�1) 2 RqN is the future
disturbance trajectory, which is unknown but assumed to be
bounded as wt 2 [w, w̄].

= Prediction Error
Method (PEM)
System ID + MPC

t < 10 s : open loop
data collection with
white noise excitat.

t > 10 s : control
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Performance: DeePC wins (clearly!)

Closed‐loop cost

N
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b
er
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DeePC
PEM‐MPC

Measured closed-loop cost =
∑

k ‖yk − rk‖2Q + ‖uk‖2R
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DeePC hyper-parameter tuning
C
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Tfuture

regularizer λg
• for distributional robustness
≈ radius of Wasserstein ball
• wide range of sweet spots

→ choose λg = 20

estimation horizon Tini

• for model complexity ≈ lag
• Tini ≥ 50 is sufficient & low

computational complexity

→ choose Tini = 60
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Tfuture

prediction horizon Tfuture

• nominal MPC is stable if
horizon Tfuture long enough

→ choose Tfuture = 120 &
apply first 60 input steps

data length T

• long enough for low-rank
condition but card(g) grows

→ choose T = 1500
(data matrix ≈ square)
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Computational cost

time (s)
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• T = 1500

• λg = 20

• Tini = 60

• Tfuture = 120 & apply
first 60 input steps
• sampling time = 0.02 s
• solver (OSQP) time = 1 s

(on Intel Core i5 7200U)
⇒ implementable
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Comparison: Hankel & Page matrix

Control Horizon k Control Horizon k

A
ve
ra
ge
d
 C
lo
se
d
‐l
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o
p
 C
o
st

S0=1

� Hankel matrix

� Hankel matrix with
SVD (σthreshhold = 1)

� Page matrix

� Page matrix with
SVD (σthreshhold = 1)

• comparison baseline: Hankel and Page matrices of same size
• perfomance : Page consistency beats Hankel matrix predictors
• offline denoising via SVD threshholding works wonderfully for

Page though obviously not for Hankel (entries are constrained)
• effects very pronounced for longer horizon (= open-loop time)
• price-to-be-paid : Page matrix predictor requires more data
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Decentralized implementation
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• plug’n’play MPC: treat interconnection P3 as disturbance variable w
with past disturbance wini measurable & future wfuture ∈ W uncertain
• for each controller augment trajectory matrix with disturbance data w
• decentralized robust min-max DeePC: ming,u,y maxw∈W 50/53



Decentralized control performance
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• colors correspond
to different hyper-
parameter settings
(not discernible)

• ambiguity setW
is∞-ball (box)

• for computational
efficiencyW is
downsampled
(piece-wise linear)

• solver time ≈ 2.6 s

⇒ implementable
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Conclusions
main take-aways
• matrix time series as predictive model
• robustness & side-info by regularization
• method that works in theory & practice
• focus is robust prediction not predictor ID

ongoing work
→ certificates for adaptive & nonlinear cases
→ applications with a true “business case”,

push TRL scale, & industry collaborations SG 1

SG 2 SG 3

1

2 3

4

5 6

7 9
8

IEEE nine-bus system

wind farm

1
2

3
4

5

6

7
8910

questions we should discuss
• catch? violate no-free-lunch theorem ? → more real-time computation
• when does direct beat indirect ? → Id4Control & bias/variance issues ?
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Florian’s version of
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Thanks !

Florian Dörfler
mail: dorfler@ethz.ch
[link] to homepage

[link] to related publications

mailto://dorfler@ethz.ch
http://control.ee.ethz.ch/~floriand/
http://people.ee.ethz.ch/~floriand/bib/Keyword/DATA-DRIVEN-CONTROL.html

