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Data-driven decision making via the Scenario Aproach

» Enforce design goals heuristically

» Solid theory to assess the quality of the solution
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» Enforce design goals heuristically

» Solid theory to assess the quality of the solution

l

» Precise non-conditional distribution-free
characterization of the risk (certification guaranteed to
hold almost certainly with respect to the variability of
data realizations)

» End-user perspective requires conditional evaluations,
given what has been seen THIS

> Are distribution-free certifications still possible? What | 'ALK
is the extent of the needed information?




A prototypical paradigm: Robust Scenario Optimization

Objectives: minimizef(x) — satisfy x € Xs (uncertain)

Robust scenario program
> min f(x)

N
S.t. x € ﬂ Xﬁ{i)

=1

A
oW 52 sV
(scenarios)

=™ = scenario solution

NOTE r.s.o. <= safeguarding against the worst...
many other scenario paradigms exists!
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Solution certification

f(x) vs. V(z)=P{dcA: x¢& Xs}
\Y \

cost out-of-sample constraint violation (probabilistic mass
outside a given orthant)

[P = mechanism with which the § are generated

scenario solution certification

> f(x¥)
> vi(z*)
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Solution certification

f(x) vs. V(z)=P{dcA: x¢& Xs}
v v

cost out-of-sample constraint violation (probabilistic mass
outside a given orthant)

P = nrehigh h it i rderated
@ @ @ @ @ @ @ @ [ ] @
scenario solution certification

> f(x*) accessible (once z* is computed)

> V(z*) not accessible



Risk and complexity

V(z*) = V(z* (60,6, sMY) {

random variable,
not accessible



Risk and complexity

dom variable
Viz*) = V(z*(6W, 63 .. W) {ran '
(z*) (@ ( ) not accessible

*

s* =least no. of §*) that are needed to reconstruct z*




Risk and complexity: an example
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high correlation

0.5 —
0.45 —

0.4 —

0.35 —

V(z*) can be accurately

probability density

estimated from s*




Main result

Choose B € (0,1) (confidence parameter)

e(k) = unique root in (0,1) of polynomial
N .
> (k)(lff NZ( )16 k=01,

Then, irrespective of [P (distribution-free),

PYLV(z*) >e(s*) } <

.. use €(s*) as a certification of V(z*)
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Main result — cont’d

V(z*) ' ' ' ' ' ' '

09 - _
The seller perspective No= 1000
0.8 3 _ 10—6 _

°7I" ljust 1 customer out of
0.6 _

o5 |1 million unsatisfied ! _
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The buyer perspective
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The buyer perspective
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Conditional assessment ?

is it true that
PV{V (z*) > e(s*)|s* =

irrespective of [P ?

h} <

something
— small

0 o




The buyer perspective

V(z*)

09
.« | Conditional assessment ?
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o6 |is it true that
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ol | PY{V(z*) > e(s*)|s* = h} < °

small
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An impossibility result

optimization
direction

4 PV{V (z*) > e(s*)|s* = 1}
_ PY{V(az*) > e(1) A s* =1}

/N v . PN{s* =1}
= J|ife(l) <1 —gq]
PV =1)

PN{s* =1} B

1

7
N\




A Bayesian framework

IPs = mechanism with which the § ‘s are generated
7T = prior distribution on ¢
P = total probability

Obijective: to evaluate

P{VQ(I*) > e(s™)|s™ = h}

Jo Po {Va(z") > e(h) A s = h}m(d6)
Jo Bg 1s* = hjm(do)
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The idea (leveraging previous result)

Jo P& {Vo(x*) > e(h) A s* = h}m(do)

P{Vy(z*) > e(s*)|s* = h} =

Jo By (s = h}m(ad)



The idea (leveraging previous result)

f IP’N{V

) A s* —h}}rdﬁ’

f@ [P’N{S = h}ﬂ' do)

j ‘ | .
[_ {[F’g“r{s* — h} <= trivial

< previous resultj




The idea (leveraging previous result)

JJPY {Vo(a*) > e(h) A 5 = h}Jr(d6)
Jo By {s* = hym(do)

_ A<  previous result
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o o) < P = W30 +5- e v ()
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Main result (buyer perspective)
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Main result (buyer perspective)

P{Vy(z*) > €e(s*)|s* = h}

o o) < P = W30 +5- e v ()

below and nearby 3

<
Jo Py {s* = hjn(do)

i

| den/‘ ~ (3 if the distribution

5 /,’/ of P {s* =h} is not

i_ el num too concentrated

|

|

]P)év{s* = h}

(insensitivity to prior)




Main result (buyer perspective)

P{Vy(z*) > €e(s*)|s* = h}

<

———————————— >

o o) < P = W30 +5- e v ()

P NUM

Jo Fg 1s* = hym(do)

™ not needed !

it is enough to specify
the distribution of

BY {5 = h)

(mild prior)




Main result (buyer perspective) — cont’d

A
Py {s" =3}

Py {s* =h} defined over the simplex

» Uniform prior (principle
of indifference)

» Dirichlet priors

/ IR
,’/K N * f—
ﬂ £ PN (% = 1) Pols™=2)

P{Vy(z*) > €(s*)|s* = h} can be easily and explicitly evaluated

=) conditional distribution (1 — P{Vy(z™) > €|s* = h})



Real data example

Corel Image Features — UCI ML repository
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Conclusions

. Scenario Approach: a paradigm for effective, certified
data-driven optimization

d Assessment of V(z*) (hidden) through s* (observable)
(1 Non-conditional assessment q distribution-free
(d Conditional assessment q requires some prior

Yet, strong assessment with mild prior!



Thank you !

S. Garatti and M.C. Campi, "On Conditional Risk Assessments in Scenario Optimization".
SIAM Journal on Optimization, 33(2):455-480, 2023. https://doi.org/10.1137/21M1451385
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Why not out-of-sample testing?

e using some data for testing rather than designing...
waste of information, questionable!

e scenarios (data) are often limited resources (collecting
data can be time-consuming or burdensome, involving
a monetary cost)

* in the present context validation is not necessary!



Real data example

Corel Image Features — UCI ML repository

=) 68040 images, 89 features each

orthant construction in R®® for N=1000 images =) s* = 53

conditional cdf given s = 53
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