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Cooking a data-driven decision (1)
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Cooking a data-driven decision (ll)
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Cooking a data-driven decision (ll)

Predict Optimize (PO) recipe
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ecision Learning (DL) recipe

Decision Rule approach (DR?)

st. PR(zpw) € Z VEeT
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machine learning. Operations Research, 2019, vol. 67, no 1, p. 90-108.
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Cooking a data-driven decision (ll)

Predict Optimize (PO) recipe
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Taming the wild bilevel (I)

Lower
Level

KKT

optimality
conditions

w

BL

—arg min Zfo Zt3 Yt)

weRY

s.t. 2; = argmin fo(z; g% (zs;w)) VEET

, < ; .
filz) <0, W_ Vte T Feasible set Z
hj (Zt) = 0, Vj
=arg mm Zfo Zt5 Yt)

Wikt st Vit teT

s.t. Vfo(Ze, g L (¢, w)) + Z:)\qu3 ) + ZUJch (2,) =0, VteT

=1

fz(ét) S 0, Vi
hj(zt) =0, Vj N Vit e T
Ait >0, Vi

Nitfi(2e) =0, Vi,

(stationarity)

(primal feasibility)
(dual feasibility)

(complementary slackness)



Taming the wild bilevel (II)
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Case study a la Cournot (I)
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Some assumptions:

e Our behaviour does not influence the rest of the competitors.
e Our offer is just a single quantity.

* The transmission grid is neglected.

e Alinear function can approximate the residual demand.



Case study a la Cournot (Il
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Case study a la Cournot (l1)

wP = arg min B1G7 — oy
weRY
teT
st. ¢ =arg min ¢’ —wlxq, VEET
4<q:<q
BL hd ! ~
w-" =arg min E B4 — oy
w:qtaAlt:)\Zf

st. 24 —wlay —Ae+ Aoy =0, VEET

< g, <
sy | weT
BL-R approach = BL-M approach
D _ )
/ Z)\lt(q\t_g)+/\2t(q_q\t) <€ \ Akt < upe M, ke =1,2
teT G —gq < (1 —uy)M"”

NLP Iterative solved for € — () = q{ < (1 — uge) MF  VEET MIQP

CONOPT w1z, uzs € {0,1} ) CPLEX

K T fast, I non-optimal / T optimality, { slow, big-M tunning

11



Some numerical results (I)
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Experimental setup

e Data set of 8600 hours (data points).
* Bins of 200 points, 80% training, 20% test.
e Reshuffle training test assignment 5 times.

e Contextual info: Wind and Solar power production forecast (z; € Rz]
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Some numerical results (ll)
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Conclusions

* Novel data-driven framework for conditional stochastic optimization, where
parameters are formulated as a function of some covariates.

e Application to the problem of a Cournot producer supplying to the residual
demand.

 Numerical experiments show our proposal can significantly increase the
competitive edge of the Cournot producer.
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