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How do x and u depend on the parameters”?
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Strategy selection
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Optimal Classification Trees (OCT)
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Optimal Classification Trees
with Hyperplanes (OCT-H)
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Neural Networks (NN)
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Strategies exploration
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Good-Turing estimator

# strategies

S1
S9
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12 times
45 times
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G N (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 . NN/OCT . KKT
modeling Sampling Training Factorization
Online Optimization

0 — RCSUUEE | 5(0) —» Solution R
Learning Decoding
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Sparse portfolio optimization
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S&P100 backtesting: high speed and accuracy
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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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