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S
henna
h: latent variables models (LVM)� Derives several nonparametri
 identi�
ation results. As an impor-tant example: Hu and S
henna
h (08)'s very general results (under
onditional independen
e restri
tions).� Fo
us on measurement error models. However, the proposed ideasalso apply to group and panel data (with �xed e�e
ts), dynami
de
ision models (unobserved states: Hu and Shum 10)...� Estimation is not straightforward:- Chara
teristi
-fun
tion based estimators in additive models.- Nonlinear models: sieve Maximum Likelihood is an option (Shen97, Chen 07). However: 1) the estimation problem is nonlinear; and2) the dimensionality of the problem is high.



Chernozhukov: `1 penalized least squares (Lasso)� Fo
us on linear regression models with potentially many regressors.� Lasso idea (Tibshirani 96): add the `1 norm of the parameter (i.e.,Pj j�jj) to the Least Squares 
riterion. This is easy to minimize(
onvex programming), and sele
ts 
orner solutions (many b�j's aretypi
ally zeros).� Belloni and Chernozhukov (10a, 10b) apply the Lasso idea to quan-tile regression, and introdu
e the post-Lasso (to 
orre
t for bias).� E
onomi
 appli
ations: \robust" determinants (e.g., growth regres-sion), nonlinear regression (approximating the regression fun
tion ina di
tionary), many instruments problem...



Combining the two approa
hes� LVM are high-dimensional, due to the presen
e of unknown distri-bution fun
tions.) Why not using the Lasso to estimate those models?� Outline of the presentation:1: A simple latent variable model2: Penalized Least Squares density estimation3: Open issues for appli
ation to LVM



Measurement error� Suppose that we are interested in do
umenting the relationshipbetween an out
ome Y and a 
ovariate X�.� We do not observe X�, but only an imperfe
t measure X.� Assumptions:1: Y is independent of X given X�.2: The distribution fun
tion of X given X� is known (or estimated).For example: auxiliary data, or repeated measures of X�, are avail-able.



Penalized likelihood� A popular approa
h is to assume that the distributions belong to\ri
h" families depending on some parameter 
, and to estimate:b
 = argmax
2� NXi=1 log Z f �YijX�; 
�| {z }=f(YijXi;X�;
)f �X�; 
� f �XijX��| {z }known dX�:
� Various 
hoi
es of � yield:- Parametri
 likelihood (� �xed), sieve ML (� expands with N).- Ridge (� = n
;Pj j
jj2 � tNo), or Lasso (� = n
;Pj j
jj � tNo).� Nonlinear problem ) 
omputationally 
hallenging.



A linear model� Let f	k (Y;X�)g denote a ri
h set of fun
tions, possibly non-orthogonal. Spe
ify: f �Y;X��=Xk ak	k �Y;X�� :
� The distribution fun
tion of (Y;X) is linear in fakg:f (Y;X) = Z f �Y jX;X�� f �X�� f �XjX�� dX�= Z f �Y;X�� f �XjX�� dX�= Xk akZ 	k �Y;X�� f �XjX�� dX�| {z }�'k(Y;X), known :
(Note: res
ale 'k su
h that sup j'kj = 1)� Problem: how to exploit linearity in estimation?



Minimization of the `2 distan
e� Note that fakg minimizes the squared `2 distan
e:



f (Y;X) � Xk ak'k (Y;X) 



22 = ZZ 0�f (Y;X)�Xk ak'k (Y;X)1A2 dY dX
= kf (Y;X)k22+ 





Xk ak'k (Y;X)





22 � 2E 0�Xk ak'k (Y;X)1A :� Choose fbakg to minimize the following empiri
al 
ounterpart (as inBirg�e and Massart 97):

� 2N NXi=1Xk ak'k (Yi; Xi) + 





Xk ak'k (Y;X)





22 :� Quadrati
 problem (least squares). However: possibly high-dimen-sional ) need to penalize.



SPADES� Bunea, Tsybakov, Wegkamp and Barbu (AS 10) use a Lassopenalty, and minimize:� 2N NXi=1Xk ak'k (Yi; Xi) + 





Xk ak'k (Y;X)





22+ �N Xk jakj:� Quadrati
 programming problem. There exist fast routines whi
h
ompute the Lasso \path", for all values of �N (see the webpage ofR. Tibshirani).� Bunea et al. apply this idea to density estimation and dis
rete mix-tures, and study some properties of their SPArse Density EStimator.� This dis
ussion suggests that their idea 
an be used more generallyin latent variables models.



Numeri
al example( Y = 1� log (1 + exp (�X�)) + VX = X�+ U;where V is standard normal, and U is independent standard normal(known).� DGP: X� � N (0;1), � = 1=2. Use (� = standard normal pdf):	k;` (Y;X�) = 1�k� �Y��k�k �� 1�`��X���`�` � ; (k; `) 2 f1; :::;25g2 ;where �k � N (0;1), and �k � 110 + �21.� May estimate � ex-post, as:b� = argmin� Pk;` bak;` ZZ �Y � 1� log �1+ exp ��X����2	k;` �Y;X�� dY dX�:



Measurement error model (N = 5000, true � = 1=2)
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Model: � Y = 1� log (1 + exp (�X�)) + VX = X� + U;



Open issue 1: multiple unknown distributions� Example: two independent repeated measures( X = X�+ UfX = X�+W: ; U;W;X� mutually independent.
f �X; fX� = Z fU �X �X�� fW �fX �X�� fX� �X�� dX�= Pk;`;m akb`
mZ �` �X �X�� �m �fX �X��	k �X�� dX�| {z }�'k;`;m�X; eX� :
� SPADES: minimize� 2N PNi=1Pk;`;m akb`
m'k;`;m �Xi; fXi� + 


Pk;`;m akb`
m'k;`;m �X; fX�


22+ �N (Pk jakj+P` jb`j+Pm j
mj) :) polynomial programming problem.



Open issue 2: 
ommon parameters� Suppose that f (XjX�; �) is known up to a low dimensional �.Ex: stru
tural parameters in e
onomi
 models with unobserved indi-vidual heterogeneity.� The penalized minimization of the `2 distan
e suggests 
omputing:argmin�;fakg � 2N NXi=1Xk ak'k (Yi; Xi; �) + 





Xk ak'k (Y;X; �)





22+ �N Xk jakj:
� Computational 
hallenge: nonlinear programming. A possibility isto iterate between Newton optimization (�) and Lasso (fakg).� Statisti
al 
hallenge: at whi
h rate should one let �N tend to zerofor b� to be root-N 
onsistent and asymptoti
ally normal?



Open issue 3: 
onditioning 
ovariates� Presen
e of 
ovariates Z in f (X�jZ) ) possible 
urse of dimen-sionality. Ex: panel data appli
ations.� In the measurement error example: model the joint density:f �Y;X�; Z�=Xk ak	k �Y;X�; Z� :
� Proposed solution: apply SPADES to the problem of estimatingthe joint density f (Y;X; Z).� DiÆ
ulty: very high dimensionality of the di
tionary f	k (Y;X�; Z)g.) Statisti
al and 
omputational issues (very large p in Chernozhukov'snotation).



Con
luding remarks� Latent variables models are high-dimensional. Penalization methodsprovide interesting 
andidate estimators in those models.� `2-distan
e minimization with `1 (Lasso) penalty, re
ently proposedin the 
ontext of density estimation, 
an be extended to more generalLVM.� The true distributions need not be sparse. Rather, the requirementis that some sparse approximations �t those distributions well.� We have only listed a few of the 
hallenges for appli
ation to LVM.) Lots of interesting resear
h to 
ome!


