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How do x and u depend on the parameters”?
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Traditional optimization
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What is a strategy”
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Strategies for Mixed-Integer Optimization
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Learning the strategies
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Selecting strategies is a classitication problem
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g Vachine R 5(0)
Learning

Optimal Trees Neural Networks

Al O PyTorch

[Bertsimas and Dunn (2017)]
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Computing the solution from the optimal strategy

. Solutign I
Decoding

13



Solution decoding is just a linear system
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Strategies Exploration
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Will we find new strategies”
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Alan Turing already knew that

Decoded the Enigma Machine
N
World War |l

Only some words (labels) needed
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Good-Turing estimator

# strategies

S1
S9

SM 2 times

12 times
45 times

appeared ONCe  prohapility of unseen strategies

Ny
= — ~ P(0

# samples

P(On+1 € R? | s(On+1) € S(On)) < GT + ¢/(1/N)In(3/8)

1 € RY ‘ S(@N

1) ¢ S(On))
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Simple sampling scheme

Bound
Repeat until GT + ¢y/(1/N)In(3/8) < ¢

1. sample 6,

2. compute s(6;)

. N
3. update estimator GT = Wl
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MLOPT: Machine Learning Optimizer

Offline Learning
CVXPY @ Strategy g \N/OCT
modeling Sampling Training
Online Optimization

0 — RCSUUEE | 5(0) —» Solution R
Learning Decoding
Strategy
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Strategy selection using Optimal Trees
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Strategy selection using Optimal Trees
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Real-world Example



Sparse portfolio optimization

maximize rfw —~yw! Zw
subjectto 11w =1
card(w) < ¢

k-factor Risk Model
Y =FY*FT 1+ D

Parameters
§ = (r,X" F,D)
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Sampling scheme

Algorithm 1 Strategies exploration

1. givene, 3,0 =0,S =0, u =00
2. fork=1,...,do

3: Sample 6, and compute s(60;) > Sample parameter and strategy.
4: O+ 0U{l} > Update set of samples.
5: if s(0) ¢ S then

6: S+ SU{s(0r)} > Update strategy set if new strategy found
7: end if

8: if G+ cy/(1/k)In(3/8) < e then > Break if bound less than e
9: break

10: end if

11: end for

12: return £,0., S
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