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Data-driven decision
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i i=1,...,N | i=1,....N i
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0; rate of return atday i

™ optimized portfolio of investments
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Fig. 6. Sliding window. Solid line (—) = average number of times when Lj,y.4 () > iN_,: dashed-dotted line (—-) = 5.9% obtained from Theorem 4.1.

F.A. Ramponi, M.C. Campi "Expected shortfall: Heuristics and certificates"
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Example 2: receding-horizon control

0; realization of disturbances etc.

™ control inputs

r* & Xs,,, violation of the control constraints

Automatica 50 (2014) 3009-3018

Contents lists available at ScienceDirect

Automatica

journal homepage: www.elsevier.com/locate/automatica

B automatica

The scenario approach for Stochastic Model Predictive Control with
bounds on closed-loop constraint violations®

Georg Schildbach?!, Lorenzo Fagiano®?, Christoph Frei¢, Manfred Morari?

* Automatic Control Laboratory, Swiss Federal Institute of Technology Zurich, Physikstrasse 3, 8092 Zurich, Switzerland
B ABB Switzerland Led., Corporate Research, Segelhofstrasse 1, Baden-Daettwil, Switzerland
 Mathematical and Statistical Sciences, University of Alberta, Edmonton, AB T6G 2G1, Canada
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Fundamental idea: s reveals

s™ := #support points

%
s =20
(for these specific 100 points)

Classic guarantee: PErry <1

if our predictor
aligns with the unknown
data-generating mechanism
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Fundamental idea: S reveals

s™ := #support points

%
s =20
(for these specific 100 points)

Classic guarantee: PErry <1

—

if our predictor
aligns with the unknown
data-generating mechanism

Proof of the claim:

S. Garatti, M.C. Campi

“Risk and complexity in scenario
optimization”

Mathematical Programming 2022
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A risk-averse prediction scheme

Initialization: set a complexity threshold &
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A risk-averse prediction scheme

Initialization: set a complexity threshold &

Execution:
1) get N data, train the predictor and compute its

2) IF

< % THEN USE the predictor to predict the (N+1)-th data point

82



A risk-averse prediction scheme

Initialization: set a complexity threshold &

Execution:
1) get N data, train the predictor and compute its

2) IF < % THEN USE the predictor to predict the (N+1)-th data point

OTHERWISE USE an ORACLE* that is ALWAYS RIGHT

83



A risk-averse prediction scheme

Initialization: set a complexity threshold &

Execution:
1) get N data, train the predictor and compute its

2) IF < % THEN USE the predictor to predict the (N+1)-th data point

OTHERWISE USE an ORACLE* that is ALWAYS RIGHT

*ORACLE:
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A risk-averse prediction scheme

Initialization: set a complexity threshold &

Execution:
1) get N data, train the predictor and compute its

2) IF < % THEN USE the predictor to predict the (N+1)-th data point

OTHERWISE USE an ORACLE* that is ALWAYS RIGHT

*ORACLE: Large prediction band
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A risk-averse prediction scheme

Initialization: set a complexity threshold &

Execution:
1) get N data, train the predictor and compute its

2) IF < % THEN USE the predictor to predict the (N+1)-th data point

OTHERWISE USE an ORACLE* that is ALWAYS RIGHT

*ORACLE: Large prediction band .

“do not invest”
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A risk-averse prediction scheme

Initialization: set a complexity threshold &

Execution:
1) get N data, train the predictor and compute its

2) IF < % THEN USE the predictor to predict the (N+1)-th data point

OTHERWISE USE an ORACLE* that is ALWAYS RIGHT

*ORACLE: Large prediction band - backup
| ’ ' control
“do not invest” policy

Ex. 2 87



PErrn = Prob{(ui,y1),...,(un,yYN), (UN+1,YN+1)

(unt+1,YN+1) &€ Py}
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89



PErrn = Prob{(ui,y1),...,(un,yYN), (UN+1,YN+1)

s <k AND (un1,yn+1) & P}
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PErry = Prob{(ui,y1), ..., (un,yN), (UN+1, YN+1) :

s* <k AND (un+1,YN+1) & Py}

PErry <
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PErrn = Prob{(ui,y1),...,(un,yYN), (UN+1,YN+1)

s <k AND (un1,yn+1) & P}
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Application to sequential prediction
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Application to sequential prediction

Take-home message:

To limit our mistakes,

we don’t need to postulate that reality is simple.
By measuring the complexity (s*) of our decisions,
we can see if our decisions align with reality

and be cautious if they don’t.
i :@/ ALGO.CARE@UNIBS.IT
peemss————
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Application to sequential prediction

Take-home message:

To limit our mistakes,

we don’t need to postulate that reality is simple.
By measuring the complexity (s*) of our decisions,
we can see if our decisions align with reality

and be cautious if they don’t.
i :@/ ALGO.CARE@UNIBS.IT
peemss————

Thank you!
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Application to sequential prediction
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