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The graphical Lasso is a prominent method to estimate the conditional correlation graph in
Gaussian graphical models (GGM). This allows us to obtain a graph topology from raw signals,
observed at each nodes, as presented in Figure 1. The obtained graph can then be used in many
algorithms (graph clustering, prior structure for a GNN) and applications (notably time-series
analysis). This algorithm aims at solving the following optimization problem

minimize
Θ∈S++

p

Tr(SΘ) − log |Θ| + λ||Θ||1,off , (1)

in which the `1-norm penalty promotes a sparse structure into the precision matrix of a
Gaussian model.

In this project, we will investigate the use of alternative penalties, such as:

• SLOPE, that can be addressed with the algorithm in [1, 2],

• `0-norm, that can be addressed with the toolbox [3],

that could improve the graph learning process. The algorithms will be validated on simulated
data, and time series from various sources (sensor networks, S&P500 dataset), see e.g. examples
in [4, 5, 6].
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Figure 1: Signals at each nodes (data matrix X), and estimated conditional correlation graph
G = (V , E , A).
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