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Motivation

Accurate sparse representation of large samples of data.

Applications across disciplines faced with panel data with large
cross-section and time-series dimensions.

mmm Scenarios reflecting sample moment information compatible with
available sample data.

Reconcile portfolio volatility from large samples parsimoniously.

Capture risk landscape of asset returns efficiently.

Moment matching within multivariate Gaussian mixture models
framework.
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Contribution

Efficient solutions to scenario selection problem.

Superior accuracy, computationally faster, fewer scenarios than extant
algorithms.

Provide a computational framework that resolves stability issues.

Extend notion of choosing scenarios from quasi-Monte Carlo candidate
points towards sampling data.

Grant novel scenario-based representation for covariance matrices.

Prove that ¢;-regularized least squares is not effective for scenario
selection.
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Preliminaries

mm Samples
X = {xl,...,x,\/} CRY.

mmm Empirical measure N
~ 1
P:= N ; Ox; -
mm Empirical moments
Voo 1= /x" dP, aeN°

mmm Empirical moment sequence (up to degree 2q)
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Preliminaries

mm Scenarios

Z .= {51,..,,5,} with r < N.

mmm Compressed measure
P =" Ndg A >0,
j=1

mm Moment sequence (up to degree 2q)

y = [y‘;]\aﬁ?q - [/x“ d]}”*}
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Problem formulation

mm Compressed measure

ﬁ
<

P =) Ndeg  A=0, Y N=1
j=1 j=1
mm Optimization problem
argmin Iy =¥,
FELyees€ry AL ey Ay

mm Obtaining the sparsest solution is non-convex and NP-hard in general.

mm /i -regularized least squares or LASSO does not solve the problem.
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Relaxed formulation

Relaxed convex formulation done in two stages.

Scenario selection
argmin ||y =¥,

1508r

Greedy choice of representative basis (evaluated at samples).

Computational framework allows equivalent reformulation ensuring
sparsity and stability.

Retrieval of weights by enforcing probability constraints.
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Portfolio optimization using scenarios
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Portfolio optimization with expected shortfall constraint using scenarios

Universita
ella
izzera
italiana




Reconciling portfolio volatility
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Comparison of sample correlation with scenarios.

Relative error of order 1016 with 26 scenarios from 25000 observations.

Covariance scenarios match exactly up to second moments.
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Multivariate Gaussian mixture models
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PDF of a Gaussian mixture distribution in R* with 10 clusters
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Relative error comparison
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Comparison of relative errors of different algorithms
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Computation time comparison
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Number of scenarios comparison
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Benchmark quadrature rules

e T ¥ okkk - KoK ¥

X
Gauss-Legendre nodes Clenshaw-Curtis nodes

Comparison of scenarios with Gaussian and Clenshaw-Curtis nodes in [0, 1].

Exactly integrates up to 2q and g moments respectively.

Successful recoveries with sparse scenarios from 10,000 samples.
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Orthogonal matching pursuit

input: kernel matrix K € RVXN vector h € RV, tolerance ¢ > 0
output: index set ind, low-rank approximation K ~ LLT

and bi-orthogonal basis B such that BT L = I,

1: initialization: set Lo = By = ind =[], dy = diag(K),hp = h, err=1, m=1
2: while err > ¢
3: Pm i= argmaxi<i<my, dm—1,i, ind:= [ind, pm]
C o ey (K - LLT)e,,m, b 1= gt (l - BLT>e,,m
5: set L:=[L, £y], B:=][B, bm]
6: set dm = dm—1 —€m © Lm
7: set hy = hp_1 — (h" by)em
8: set err := |||y / ||h]ly
9: set m:i=m+41
10: end
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