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Motivation and contribution Numerical simulations
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Modern datasets contain a large number of variables, so identifying L D
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In a Bayesian framework, shrinkage priors provide a natural way 5] Clusters ;' ERCEEREE .
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= An ideal shrinkage prior should be adaptive to different signal levels, ensuring that small effects Z | . | | " B
are ruled out, while keeping relatively intact the important ones. 2 12 12 =10 Costicent index
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= We develop the nonparametric Bayesian Lasso, an adaptive and flexible shrinkage prior for
Bayesian regression and variable selection. Figure 2: Clustering of the coefficients and posterior co-clustering probabilities recovered by the nonparametric Bayesian
Lasso.

= We extend the spike-and-slab Lasso by placing a Dirichlet process prior on the shrinkage pa-
rameters. The result is a prior on the regression coefficients that can be seen as an infinite mixture
of Laplace distributions, all offering different amounts of regularization, ensuring a more adaptive Asymptotic support recovery
and flexible shrinkage.

Posterior concentration

Let's also study whether or not the posterior dis- e T
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rameter values. As such, let us compute 8.
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== 3 as a function of the sample size, where ¢ — 0. Figure 3: Posterior concentration as a function of the sample
size.
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Protein activity data
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' ' | ' | ' ' ' ' ' = To demonstrate the practical utility of our proposed method, we apply it to the protein activity data
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from [1].
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= As comparison metrics, we use the cross-validated mean squared prediction error (CV MSPE) and
the cross-validated expected log pointwise predictive density (CV ELPPD).

Figure 1: A two component mixture and an “infinite” component mixture of Laplace distributions.

= As competitors, we consider the Bayesian bootstrap spike-and-slab Lasso (BB-SSL1—BB-SSL5),
Background the horseshoe prior (H-P), the Bayesian Lasso (B-L), the Bayesian adaptive Lasso (B-AL), and the
nonparametric Bayesian Lasso (BNP-L).

The spike-and-slab Lasso

CV MSPE
Following [2], a spike-and-slab Lasso prior on each §;, for j € {1,...,p}, is given by
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where 1)(- | 0, A) denotes the density of a Laplace-distributed random variable with location zero and rate T e e e e s e : L
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It is clear that the spike-and-slab Lasso is a finite mixture of two Laplace distributions, where BNP-L BB-SSL1 BB-SSL2 BB-SSL3 BB-SSL4 BB-SSL5  H-S B-L B-AL
A1 > )9 such that (-] 0, \) (the spike) thresholds small coefficients, while (-] 0, \y) (the slab) keeps
large effects unaltered.
Dirichlet process mixtures CV ELPPD
Consider a Dirichlet process mixture given by O 4 —
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Note the similarities between f(z|H) and the spike-and-slab Lasso. The main difference is that f(z|H)
corresponds to an infinite component mixture, generalizing the spike-and-slab Lasso. Figure 4: Ten-fold CV experiment on the Protein Activity Data.

The nonparametric Bayesian Lasso Discussion

Our full model is Our results suggest that the nonparametric Bayesian Lasso leads to coefficient recovery, variable
9 9 selection accuracy, and out of sample predictions that are comparable to or better than those from
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state-of-the-art shrinkage priors, highlight the benefits of our proposed method.
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To complete our model specification, we set GGy to be a gamma distribution with shape parameter a
and rate parameter b, and set p(c?) x 1/0°.
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