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METHODS
- glasso-type penalty: COSSO, SPAM, GAMSEL

- BAYESIAN: spike and slab

Yuan and Lin, 2006; Lin and Zhang, 2006; Liu et al., 2007; Ravikumar et al., 2009; Chouldechova and Hastie, 2015; He and Wand, 2022;
Fabian Scheipl and Kneib, 2012
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Problem Formulation

- Simultaneous smoothing and variable selection for additive models (X, ..., X,) = f1(x)) + ... + f,(x))

SMOOTHING
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Underfitting Overfitting Right smoothness!

METHODS
- Smoothing splines with ridge type penalty

- BAYESIAN: Normal prior on the coefficients

Wahba, 1990; Wood, 2017, Figures from Liu et al, 2025
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The proposed method

performs both smoothing and variable selection

can classify a feature’s contribution as linear, non linear or zero
can achieve exact sparsity

IS tuned with a single hyper parameter

IS efficient

SRS

Bayesian Smoothing and Feature Selection using Variational Automatic Relevance Determination, Liu, Saha, Liang, 2025



Variational Automatic Relevance Determination

- Simultaneous smoothing and variable selection for additive models (X, ..., X,) = f1(x)) + ... + f,(x))

The proposed method

performs both smoothing and variable selection

can classify a feature’s contribution as linear, non linear or zero
can achieve exact sparsity

IS tuned with a single hyper parameter

Is efficient

outperforms other methods in accuracy in estimation and selection

Liu et al, 2025
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where

Estimating the f3; can Q1.
classify linear, non linear ‘What about large p? |
and zero contributions \In relation to feasibility,

\efficiency, and theoretical
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results ]
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Variational Inference

y=Zp+ ...+ Zp,+Z, Pyt ... + 2, + €

N—— N

p nonlinear terms p linear terms

- Implications of a different covariance matrix? |

~_ smoothness and
/1 sparsity parameter

Mackay, 1995; Neal, 1996
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a=Variational ELBO

Y=Zp+ ...+ Zp,+Z, Pyt ... + 2, + €

N—— N

p nonlinear terms p linear terms

L, @,1) = ~ E, llogp (v15: ...,ﬁzp)]

| Other forms of modifications on | ="
|KL or on other aivergences? |

Yang et al, 2020; Higgins et al, 2017
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Coordinate Descent

Other way than grid :
« {search? In relation to the |

. Grid search to find the optimal values =" feasibility in high :

1 (CD 2)217 « (Can simplify into a univariate problem on rj2
earn :

j=1

+KL(qu)

L(u, D, r?) = — L, [10817 (y | 515 “‘9ﬁ2p)

Note: o = ao?
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Lastly

Experiments with synthetic and real-world datasets demonstrating

e effectiveness of VARD in feature selection
and individual smoothing S ——

'Where does VARD stand in

e capacity to differentiate nonlinear, linear,

and zero functions icomparison to deep learning

imethods? How can it
icompare? |

* estimation accuracy

 competing performance to other methods



| Congratulations to the authors! ||

Thank you for your attention!



