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Example 1: Structured linear regression

Setting presented in
[Frecon et al. "Bilevel learning of the group Lasso structure". NeurIPS (2018)]



Motivation: genes expression analysis

Goal : Predict the function of proteins from regulatory patterns
Collaboration with Giorgio Valentini (Universita degli Studi di Milano)

Gene = long sequence with regulatory patterns (dictate gene expression)

Proteins perform various functions (transport, redox, binding ...)
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Motivation: genes expression analysis

Sequences R1 and R2 are present in Gene 1
Gene 1 produces neurons
Neurons perform transport of electrons
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Motivation: genes expression analysis

Sequences R1, R2 and R3 are present in Gene 2
Gene 2 produces hormones
Hormones perform transport of particles and reduction–oxidation
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Motivation: genes expression analysis

Sequence RP is present in Gene 3
Gene 3 produces antibodies
Antibodies perform binding of particles
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Motivation: genes expression analysis
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Motivation: genes expression analysis

Goal 1: Predict each yt from X
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Motivation: genes expression analysis

Goal 1: Predict y from X

! to generalize: X and y are not only made of 0’s and 1’s
! to simplify: we first assume that T = 1 and omit the index t

Goal 2: Discover if there exist some groups in X
ex: R1 and R2 are both equally relevant to predict y
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Assumptions

Model the observations
=) linear model + Gaussian distribution: there exists w such that y � N (Xw ; �)

Model the group structure
few groups of features in X are relevant to predict y

=) group sparsity: some groups of variables in w are zero while others are non-zero
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Optimization problem

Goal 1: Predict y from X Group Lasso [Yuan and Lin (2006)]

ŵ(G1; : : : ; GL) = argmin
w2 RP

1
2

ky � Xwk2

| {z }
/� log p(yj Xw )

+ �
LX

l = 1

kwGl k2

| {z }
enforces structure

wG1

wG2
wG3wG4

wG5

L partitions G1; : : : ; GL of P features

Gl � f 1; : : : ; Pg

Gl \ G l0 = ; if l 6= l 0

[ L
l= 1Gl = f 1; : : : ; Pg
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Optimization problem

Goal 1: Predict y from X Group Lasso [Yuan and Lin (2006)]

ŵ(G1; : : : ; GL) = argmin
w2 RP

1
2

ky � Xwk2

| {z }
/� log p(yj Xw )

+ �
LX

l = 1

kwGl k2

| {z }
enforces structure

wG1 = � 1 � w

wG2 = � 2 � w
wG3 = � 3 � w
wG4 = � 4 � w

wG5 = � 5 � w

Mask � l = f 0; 1gP of the l -th group

element-wise multiplication � l � w = [ � l ;1w1; � l ;2w2; : : : ; � l ;P wP ]>
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Optimization problem

Goal 1: Predict y from X Group Lasso [Yuan and Lin (2006)]

ŵ(G1; : : : ; GL) = argmin
w2 RP

1
2

ky � Xwk2

| {z }
/� log p(yj Xw )

+ �
LX

l = 1

kwGl k2

| {z }
enforces structure

wG1 = � 1 � w

wG2 = � 2 � w
wG3 = � 3 � w
wG4 = � 4 � w

wG5 = � 5 � w

Goal 2: Discover the structure ofX

=) �nding fG1; : : : ; GLg () learning the hyperparameter� = [ � 1 � � � � L] 2 f 0; 1gP� L
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Reminder

Goal 1: Predict y from X

! to generalize:X and y are not only made of 0's and 1's
! to simplify: we �rst assume that T = 1 and omit the indext
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Reminder

Goal 1: Predict y from X

! to generalize:X and y are not only made of 0's and 1's
//! ////to///////////simplify:////we//////�rst/////////assume//////that///////// T = 1/////and//////omit/////the///////index// t

Now we consider allT tasks

y 2 RN �! y 2 RN� T

w 2 RP �! w 2 RP� T
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Single taskw 2 RP �! Multi-task [w1 � � � wT ] 2 RP� T

Multi-task setting : T tasks sharing the same group structure

(8t 2 f 1; : : : ; T g) ŵt (� ) 2 argmin
wt 2 RP

1
2

kyt � Xwt k
2 + �

LX

l = 1

k� l � wt k2;

Some groups are relevant (non-zero) for some tasks and irrelevant (zero) for others
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Example 2: Multi-task classi�cation

Setting presented in
[Frecon et al. "Unveiling groups of related tasks in multi-task learning". ICPR (2020)]



Motivation: animal recognition

X 2 RN� P made ofN vectorized image ofP pixels
y 2 RN� T such that yi ; t = 1 if Xi belongs to thet -th animal class, 0 otherwise.

Issue: some classes of animals with very few samples (e.g., dalmatians & chimpanzees)
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