ECOMNZTOR

Make Your Publications Visible.

Kaido, Hiroaki; Wuthrich, Kaspar

Working Paper

A Service of

ﬂ I I I Leibniz-Informationszentrum
° Wirtschaft
o B Leibniz Information Centre
h for Economics

Decentralization estimators for instrumental variable

quantile regression models

cemmap working paper, No. CWP42/19

Provided in Cooperation with:
Institute for Fiscal Studies (IFS), London

Suggested Citation: Kaido, Hiroaki; Wathrich, Kaspar (2019) : Decentralization estimators for
instrumental variable quantile regression models, cemmap working paper, No. CWP42/19,
Centre for Microdata Methods and Practice (cemmap), London,

https://doi.org/10.1920/wp.cem.2019.4219

This Version is available at:
https://hdl.handle.net/10419/211135

Standard-Nutzungsbedingungen:

Die Dokumente auf EconStor dirfen zu eigenen wissenschaftlichen
Zwecken und zum Privatgebrauch gespeichert und kopiert werden.

Sie durfen die Dokumente nicht fur 6ffentliche oder kommerzielle
Zwecke vervielfaltigen, 6ffentlich ausstellen, éffentlich zuganglich
machen, vertreiben oder anderweitig nutzen.

Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen
(insbesondere CC-Lizenzen) zur Verfigung gestellt haben sollten,
gelten abweichend von diesen Nutzungsbedingungen die in der dort
genannten Lizenz gewahrten Nutzungsrechte.

WWW.ECONSTOR.EU

Terms of use:

Documents in EconStor may be saved and copied for your
personal and scholarly purposes.

You are not to copy documents for public or commercial
purposes, to exhibit the documents publicly, to make them
publicly available on the internet, or to distribute or otherwise
use the documents in public.

If the documents have been made available under an Open
Content Licence (especially Creative Commons Licences), you
may exercise further usage rights as specified in the indicated
licence.

Mitglied der

Leibniz-Gemeinschaft ;


https://www.econstor.eu/
https://www.zbw.eu/
http://www.zbw.eu/
https://doi.org/10.1920/wp.cem.2019.4219%0A
https://hdl.handle.net/10419/211135
https://www.econstor.eu/
https://www.leibniz-gemeinschaft.de/

cemmap

centre for microdata methods and practice

Decentralization estimators
for instrumental variable
guantile regression models

Hiroaki Kaido
Kaspar Wuthrich

The Institute for Fiscal Studies
Department of Economics,
UCL

cemmap working paper CWP42/19

An ESRC Research Centre



DECENTRALIZATION ESTIMATORS FOR INSTRUMENTAL VARIABLE
QUANTILE REGRESSION MODELS

HIROAKI KAIDO AND KASPAR WUTHRICH

ABSTRACT. The instrumental variable quantile regression (IVQR) model (Chernozhukov
and Hansen, 2005) is a popular tool for estimating causal quantile effects with endogenous
covariates. However, estimation is complicated by the non-smoothness and non-convexity of
the IVQR GMM objective function. This paper shows that the IVQR estimation problem
can be decomposed into a set of conventional quantile regression sub-problems which are
convex and can be solved efficiently. This reformulation leads to new identification results
and to fast, easy to implement, and tuning-free estimators that do not require the availabil-

ity of high-level “black box” optimization routines.
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1. INTRODUCTION

Quantile regression (QR), introduced by Koenker and Bassett (1978), is a widely-used
method for estimating the effect of regressors on the whole outcome distribution. QR is
flexible, easy to interpret, and can be computed very efficiently as the solution to a convex
problem. However, in many applications, the variables of interest are endogenous, rendering
QR inconsistent for estimating causal quantile effects. The instrumental variable quantile
regression (IVQR) model of Chernozhukov and Hansen (2005, 2006) generalizes QR to ac-
commodate endogenous regressors. Unfortunately, in sharp contrast to QR and other IV
estimators such as 2SLS, estimation of IVQR models is computationally challenging because
the resulting estimation problem, formulated as a generalized method of moments (GMM)
problem, is non-smooth and non-convex. From an applied perspective, this issue is par-
ticularly troublesome as resampling methods are often used to avoid the choice of tuning

parameters when estimating the asymptotic variance of IVQR estimators.

In this paper, we develop a new class of estimators for linear IVQR models. The proposed
estimators are fast, easy to implement, tuning-free, and do not require the availability of
high-level “black box” optimization routines. They are particularly suitable for settings
with many exogenous regressors, a moderate number of endogenous regressors, and a large
number of observations, which are ubiquitous in applied research. The key insight underlying
our estimators is that the complicated and nonlinear IVQR estimation problem can be
“decentralized”, i.e., decomposed into a set of more tractable sub-problems, each of which
is solved by a “player” who best responds to the other players’ actions. Each subproblem
is a conventional (weighted) QR problem, which is convex and can be solved very quickly
using robust algorithms. The IVQR estimator is then characterized as a fixed point of such
sub-problems, which can be viewed as the pure strategy Nash equilibrium of the “game”.
Computationally, this reformulation allows us to recast the original non-smooth and non-
convex optimization problem as the problem of finding the fixed point of a low dimensional
map, which leads to substantial reductions in computation times.

Implementation of our preferred procedures is straightforward and only requires the avail-
ability of a routine for estimating quantile regressions and in some cases a univariate root-

finder. The resulting estimation algorithms attain significant computational gains. For
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example, we show that in problems with two endogenous variables, a version of our estima-
tor that uses a contraction algorithm is 155-297 times faster than the most popular existing
approach for estimating IVQR models, the inverse quantile regression (IQR) estimator of
Chernozhukov and Hansen (2006). Another version that uses a nested root-finding algo-
rithm, which is guaranteed to converge under a milder condition, is 77-134 times faster
than the IQR estimator. Importantly, these computational gains do not come at a cost in
terms of the finite sample performance of our procedures, which is very similar to IQR. The
computational advantages of our estimators are even larger with more than two endogenous
variables because the computational costs of IQR are increasing exponentially in the number

of endogenous variables.

The fixed point reformulation also provides new insights into global identification in the
IVQR model. In particular, it allows us to study identification and stability of the algorithms
(at the population level) in the same framework. Exploiting the equivalence of global identi-
fication and uniqueness of the fixed point, we give a new identification result and population
algorithms based on the contraction mapping theorem. We then compare our identification
conditions to those of Chernozhukov and Hansen (2006). Further, our reformulation is shown
to be useful beyond setups where the contraction mapping theorem applies as long as the pa-
rameter of interest is globally identified. For such settings, algorithms based on root-finding
methods are proposed. Finally, we show that, by recursively nesting fixed point problems,
it is always possible to recast the IVQR estimation problem as a univariate root-finding
problem, which is particularly easy to solve.

We establish consistency and asymptotic normality of the proposed estimators and prove
validity of the empirical bootstrap for estimating the limiting laws. The bootstrap is partic-
ularly attractive in conjunction with our computationally efficient estimation algorithms, as
it allows us to avoid the choice of tuning parameters inherent to estimating the asymptotic
variance based on analytic formulas. The key technical ingredient for deriving our theoret-
ical results is the Hadamard differentiability of the fixed point map. This result may be of

independent interest.

To illustrate the usefulness of our estimation algorithms, we revisit the analysis of the
impact of 401(k) plans on savings in Chernozhukov and Hansen (2004). Based on this
application, we perform extensive Monte Carlo simulations, which demonstrate that our

estimation and inference procedures have excellent finite sample properties.
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1.1. Literature. We contribute to the literature on estimation and inference based on linear
IVQR models. Chernozhukov and Hong (2003) have proposed a quasi-Bayesian approach
which can accommodate multiple endogenous variables but, as noted by Chernozhukov and
Hansen (2013), requires careful tuning in applications. Chernozhukov and Hansen (2006)
have developed an inverse QR algorithm that combines grid search with convex QR problems.
Because the dimensionality of the grid search equals the number of endogenous variables,
this approach is computationally feasible only if the number of endogenous variables is very
low. Chernozhukov and Hansen (2008) and Jun (2008) have studied weak instrument robust
inference procedures based on the inversion of Anderson-Rubin-type tests. Chernozhukov,
Hansen, and Jansson (2009) have proposed a finite sample inference approach. Andrews
and Mikusheva (2016) have developed a general conditional inference approach and derived
sufficient conditions for the IVQR model. Kaplan and Sun (2017) and de Castro, Galvao,
Kaplan, and Liu (2018) have suggested to use smoothed estimating equations to overcome
the non-smoothness of the IVQR estimation problem, although the non-convexity remains.
More recently, Chen and Lee (2018) have proposed to reformulate the IVQR problem as a
mixed-integer quadratic programming problem which can be solved using well-established
algorithms. However, efficiently solving such a problem is still challenging even for low-
dimensional settings. By replacing the ¢, norm by the /., norm, Zhu (2018) has shown
that the problem admits a reformulation as a mixed-integer linear programming problem,
which can be computed more efficiently than the quadratic program in Chen and Lee (2018).
This procedure typically requires an early termination of the algorithm to ensure compu-
tational tractability which is akin to a tuning parameter choice. In addition, Zhu (2018)
has proposed a k-step approach that allows for estimating models with multiple endoge-
nous regressors based on large datasets. However, the k-step approach requires the choice
of tuning parameters for estimating the gradient. Pouliot (2018) proposes a mixed integer
linear programming formulation that allows for subvector inference via the inversion of a
distribution-free rankscore test and can be modified to accommodate weak instruments. An
important drawback of the estimation approaches based on mixed integer reformulations
is that they rely on the availability of high-level “black box” optimization routines such as
Gurobi and typically require careful tuning in applications. Finally, imposing a location-scale
model for the potential outcomes, Machado and Santos Silva (2018) propose moment-based

estimators for the structural quantile function.
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Compared to the existing literature on estimation in linear IVQR models, the main ad-
vantages of the proposed estimation algorithms are the following. First, by relying on convex
QR problems, our estimators are easy to implement, robust, and computationally efficient
in settings with many exogenous variables, a moderate number of endogenous variables, and
a large number of observations. Second, by exploiting the specific structure of the IVQR
estimation problem, our estimators are tuning-free and do not require the availability of
high-level “black box” optimization routines. Third, our estimators are based on the orig-
inal IVQR estimation problem and thus avoid the choice of smoothing bandwidths and do

not rely on additional restrictions on the structural quantile function.

Semi- and nonparametric estimation of IVQR models has been studied by Chernozhukov,
Imbens, and Newey (2007), Horowitz and Lee (2007), Chen and Pouzo (2009), Chen and
Pouzo (2012), Gagliardini and Scaillet (2012), and Wiithrich (2017). Chernozhukov and
Hansen (2013) and Chernozhukov, Hansen, and Wiithrich (2017) have provided surveys on
the IVQR model including references to empirical applications.

Abadie, Angrist, and Imbens (2002) have proposed an alternative approach to the identifi-
cation and estimation of quantile effects with binary endogenous regressors, which builds on
the local average treatment effects framework of Imbens and Angrist (1994). Their approach
has been extended and further developed by Frandsen, Frolich, and Melly (2012), Frolich and
Melly (2013), and Belloni, Chernozhukov, Fernandez-Val, and Hansen (2017) among others.
We refer to Melly and Wiithrich (2017) for a recent review of this approach and to Wiithrich
(2018) for a comparison between this approach and the IVQR model. Identification and
estimation in nonseparable models with continuous endogenous regressors have been studied
by Chesher (2003), Ma and Koenker (2006), Lee (2007), Jun (2009), Imbens and Newey
(2009), D’Haultfoeuille and Février (2015), and Torgovitsky (2015) among others.

On a broader level, our paper contributes to the literature which proposes estimation
procedures that rely on decomposing computationally burdensome estimation problems into
several more tractable subproblems. This type of procedure, which we call decentralization,
has been applied in different contexts. Examples include the estimation of single index
models with unknown link function (Weisberg and Welsh, 1994), general maximum likelihood
problems (Smyth, 1996), linear models with high-dimensional fixed effects (e.g., Guimaraes
and Portugal, 2010, and the references therein), sample selection models (Marra and Radice,

2013), peer effects models (Arcidiacono, Foster, Goodpaster, and Kinsler, 2012), interactive
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fixed effects models (e.g., Chen, Fernandez-Val, and Weidner, 2014; Moon and Weidner,
2015), and random coefficient logit demand models (Lee and Seo, 2015). Most of these
papers decompose a single estimation problem into two subproblems. The present paper
explicitly considers cases in which the number of subproblems may exceed two. Our analysis
on identification, estimation, and inference can be extended beyond the IVQR model and is

undertaken in ongoing work.

1.2. Organization of the Paper. The remainder of the paper is structured as follows.
Section 2 introduces the setup and the IVQR model. Section 3 shows that the IVQR esti-
mation problem can be decentralized into a series of (weighted) conventional QR problems.
In Section 4 we introduce population algorithms based on the contraction mapping theorem
and root-finders. Section 5 discusses the corresponding sample algorithms. In Section 6 we
establish the asymptotic normality of our estimators and prove the validity of the bootstrap.
Section 7 presents an empirical application. In Section 8 we provide extensive simulation
evidence on the finite sample properties of our methods. Section 9 concludes. All proofs as

well as some additional results are collected in the appendix.

2. SETUP AND MODEL

Consider a setup with a continuous outcome variable Y, a dx x 1 vector of exogenous
covariates X, a dp x 1 vector of endogenous treatment variables D, and a dz x 1 vector
of instruments Z. The IVQR model is developed within the standard potential outcomes
framework (e.g., Rubin, 1974). Let {Y;} denote the (latent) potential outcomes. The object
of primary interest is the conditional quantile function of the potential outcomes, which we
denote by ¢(d, z, 7). Having conditioned on covariates X = z, by the Skorokhod representa-

tion of random variables, potential outcomes can be represented as
Yy =q(d,z,Uy) with Uy ~ U(0,1).

This representation lies at the heart of the IVQR model. With this notation at hand, we

state the main conditions of the IVQR model (Chernozhukov and Hansen, 2005, Assumptions
A1-A5).

Assumption 1. Given a common probability space (X2, F, P), the following conditions hold
jointly with probability one:
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(1) Potential outcomes: Conditional on X = x, for each d, Yy = q(d,z,U,), where
q(d,x,T) is strictly increasing in T and Uz ~ U(0,1).
(2) Independence: Conditional on X = x, {U} are independent of Z.
(3) Selection: D :=06(Z, X, V) for some unknown function 6(-) and random vector V.
(4) Rank invariance or Rank similarity: Conditional on X = x, Z = z,
(a) {Uq} are equal to each other; or, more generally,
(b) {Uq} are identically distributed, conditional on V.
(5) Observed variables: Observed variables consist of Y := q(D, X,Up), D, X, and Z.

We briefly discuss the most important aspects of Assumption 1 and refer the interested
reader to Chernozhukov and Hansen (2005, 2006, 2013) for more comprehensive treatments.
Assumption 1.1 states the Skorohod representation of Y; and requires strict monotonicity of
the potential outcome quantile function, which rules out discrete outcomes. Assumption 1.2
imposes independence between the potential outcomes and the instrument. Assumption 1.3
defines a general selection mechanism. The key restriction of the IVQR model is Assumption
1.4. Rank invariance (a) requires individual ranks U, to be the same across treatment states.
Rank similarity (b) weakens this condition, allowing for random slippages of U, away from

a common level U. Finally, Assumption 1.5 summarizes the observables.

Remark 2.1. Assumption 1 does not impose any restrictions on how the instrument 7
affects the endogenous variable D. As a consequence, Assumption 1 alone does not guar-
antee point identification of the parameter of interest, 6(7). In Sections 3 and 4 we discuss
sufficient conditions for global (point) identification of #(7). Due to the nonlinearity of the
IVQR problem, these conditions are stronger than the usual first stage assumptions in linear
instrumental variables models and require the instrument to have a nontrivial impact on the
joint distribution of (Y, D). The identification conditions are particularly easy to interpret
when D and Z are binary; see Chernozhukov and Hansen (2005, Section 2.4) and Appendix

C.2.1 for a further discussion.

The main implication of Assumption 1 is the following conditional moment restriction

(Chernozhukov and Hansen, 2005, Theorem 1):

P(Y <qD,X,7)|X,Z2)=1, 7€(0,1). (2.1)
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In this paper, we focus on the commonly used linear-in-parameters model for ¢(-) (e.g.,

Chernozhukov and Hansen, 2006):
q(d,x,7) = 2'0,(7) + d102(7) + - -+ + dap 0 (7), (2.2)

where J = dp + 1 and 0(7) := (61(7),02(7),...,0;(7))" is the finite dimensional parameter
vector of interest. The conditional moment restriction (2.1) suggests GMM estimators based

on the following unconditional population moment conditions:

Up(0(1)) = Ep |(1{Y < X'01(7) + D102(7) + - -+ Dg,0;(1)} — 7) )Z( : (2.3)
Our primary goal here is to obtain estimators in a computationally efficient and reliable
manner. We therefore focus on just-identified moment restrictions where dz = dp, for which
the construction of an estimator is straightforward. A potential caveat of this approach is
that estimators based on these restrictions do not achieve the pointwise (in 7) semiparametric
efficiency bound implied by the conditional moment restrictions (2.1). Appendix A provides a
discussion of overidentified GMM problems and presents a two-step approach for constructing

efficient estimators based on the proposed algorithms.

For later use, we define

Up (0(r) = (Ve (7)) -, Ve (0(r)

where
Upy(0(1)) = Ep[(1{Y < X'0,(7) + D10o(7) + - -+ Dgp0,(7)} — 7) X],
Up; (0(1)) == Ep[(L{Y < X'01(1) + Di0o(7) + -+ + Dap0s(1)} = 7) Z;1), j=2,...,J.

In what follows, we will often suppress the dependence on 7 to lighten-up the exposition.

We then define the true parameter value 8* as the solution to the moment conditions, i.e.,

The resulting GMM objective function reads

Qx (0= 3 (%N S <e>> W (0 (%ﬁ > <e>) , (2.4)

where m; (0) := (1{Y; < X[6y + D10 + - -+ + Dg,i0,} — 7) (Z!, X!) and Wi () is a positive

definite weighting matrix. Estimation based on (2.4) is complicated by the non-smoothness
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and, most importantly, the non-convexity of () y. This paper proposes a new set of algorithms

to address these challenges.

3. DECENTRALIZATION

Here, we describe the basic idea behind our decentralization estimators. To simplify the
exposition, we first illustrate our approach with the population problem of finding the true
parameter value 6* in the IVQR model. Our estimator then adopts the analogy principle,
which will be presented in Section 5. The key insight is that the complicated nonlinear IVQR
estimation problem can be “decentralized”, i.e., decomposed into a set of more tractable sub-
problems, each of which is solved by a “player” who best responds to other players’ actions.
Specifically, we first split the parameter vector 6 into J subvectors 6,,...,0;. We then
decompose the grand estimation problem into J subproblems. Each of the subproblems is
allocated to a distinct player. For each j, player j’s choice variable is the j-th subvector
;. Her problem is to find the value of 6; such that a subset of the moment restrictions
is satisfied given the other players’ actions 6_;. This reformulation allows us to view the
estimation problem as a game of complete information and to characterize #* as the game’s

pure strategy Nash equilibrium.

We start by defining weighted population QR objective functions. For each § € R?, let

QP,l ((9) = Ep [pT(Y - X'91 - D102 — = DdDQJ)] s (3].)

Qp;(0) = Eplp,(Y = X'0y— D10y —--- — Da,0;)(Zj—1/D;-1)], j=2,...,J,(3.2)

where p;(u) = u(t — 1{u < 0}) is the “check-function”. We assume that the model is
parametrized such that Z,/D, is positive for all £ = 1,... dp. Under our assumptions, we
can always reparametrize the model such that this condition is met; see Appendix B for

more details.

The players then solve the following optimization problems:

s @pa (91, 9_1) : (3.3)
min Qp, (éj, 9,,-) =2 (3.4)
QjER

Observe that each player’s problem is a weighted QR problem, which is convex in its choice

variable. For the sample analogues of these problems fast solution algorithms exist (e.g.,
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Koenker, 2017). For each j, let L;(0_;) denote the set of minimizers. Borrowing the ter-
minology from game theory, we refer to these maps best response (BR) maps. Under an

assumption we specify below, the first-order optimality conditions imply that any element

éj € L;(0_;) of the BR map satisfies
0 = Bp [(1 {Y < X'0F + D’Q_l} - T> X] , (3.5)
0 = Ep [(1 {Y < (X', Dy + Dj_lé;} . 7) Zj_l} L i=2....J  (3.6)

where D_(;_1) stacks as a vector all endogenous variables except D;_;. Note that these are
the unconditional IVQR moment conditions imposed on the true parameter value 8*. Hence

6* satisfies
0 Ly67;), j=1,...,J, (3.7)

which implies that 6* is a fixed point of the BR-maps (i.e. a Nash equilibrium of the game).

In what follows, we work with conditions that ensure the existence of singleton-valued BR
maps L;, j =1,...,J, such that, for each j, Up; (L;(6_;),0_;) = 0." We say that the IVQR
estimation problem admits decentralization if there exist such BR functions defined over
domains for which the moment conditions can be evaluated.? To ensure decentralization, we

make the following assumption.

Assumption 2. The following conditions hold.

(1) © is a closed rectangle in RY. 0* is in the interior of ©.

(2) E[|Z?] < oo for £ = 1,...,dp. E[|Xil’] < oo for all k = 1,...,dx. For each
(=1,...,dp, Dy has a compact support,

(3) The conditional cdf y — Fy|p x,z(y) is continuously differentiable for all y € R a.s.
The conditional density fy|p,zx ts uniformly bounded a.s.;

(4) For any 6 € O, the matrices

Ep(fyvip,x,z (D01 + X'61) X X'|

'While it may be interesting to work with set-valued maps, the existence of the BR functions greatly

simplifies our analysis of identification and inference.

2In Appendix C.2, we also provide weaker conditions under which the decentralization holds on a local
neighborhood of 8*. We call such a result local decentralization, which is sufficient for analyzing the (local)

asymptotic behavior of the estimator.
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and
Ep[fy|D7X7Z (D'0_1+ X'01)DZy], €=1,...,dp,

are positive definite.

For each j, let ©_; C R% denote the parameter space for §_;. Assumption 2.1 ensures
that © is compact. This assumption also ensures that each ©_; is a closed rectangle, which
we use to show that L, is well-defined on a suitable domain. Assumptions 2.2 and 2.3
impose standard regularity conditions on the conditional density and the moments of the
variables in the model. We assume D, has a compact support, which allows us to always
reparameterize the model so that the objective function in (3.2) is well-defined and convex
(cf. Appendix B). The first part of Assumption 2.4 is a standard full rank condition which
is a natural extension of the local full rank condition required for local identification and
decentralization (cf. Assumption 4 in the appendix). For the second part of Assumption 2.4,
it suffices that the model is parametrized such that, for each ¢ € {1,...,dp}, D;Z, (and
Zy/Dy) is positive with probability 1.

For each j, define
R,j = {G,j S @*j : \I’pyj(e) = O, for some 6 = <0j>87j) S @} (38)

This is the set of subvectors 6_; for which one can find 6; € ©; such that § = (0;,60_;)
solve the j-th moment restriction. We take this set as the domain of player j’s best response

function L.

The following lemma establishes that the IVQR model admits decentralization.

Lemma 1. Suppose that Assumptions 1 and 2 hold. Then, there exist functions Lj : R_; —
R%, j=1,...,J such that, for j=1,...,J,

‘IJPJ' (Lj<97j)7 9*]‘) = O, fOT' all G,j € R,]’. (39)

Further, L; is continuously differentiable on the interior of R_; for all j =1,...,J.

We now introduce maps that represent all players’ (joint) best responses. We consider two
basic choices of such maps; one represents simultaneous responses and the other represents
sequential responses. In what follows, for any subset a C {1,...,J}, let #_, denote the

subvector of 6 that stacks the components of ;’s for all j ¢ a. If a is a singleton (i.e.
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a = {j} for some j), we simply write §_;. For each j and @ C {1,...,J}\ {4}, let 7, :
O_;, — er{h_. TN ({tua) Ok be the coordinate projection of 6_; to a further subvector that

stacks all components of 6_; except for those of 8§, with k € a.

Let Dg:={0€O©:7m ;0 € R;, j=1,...,J}. Let K : D — R% be a map defined by

KI(Q) L1(9—1)
K(0) = : = : . (3.10)

This can be interpreted as the players’ simultaneous best responses to the initial strategy

(01,...,05). With one endogenous variable, this map simplifies to
Li(0
K(0) = 182)) (3.11)
LQ(@l)

Here, K maps 6§ = (61, 65) to a new parameter value through the simultaneous best responses

of players 1 and 2.
Similarly, let Dy, C R and let M : Dy, — R be a map such that

Mi(6_y) Ly (Ly(0-1),0-(1.2})
M0y = Mg(é—ﬁ e (L1(6-1), L2(L1(9‘—1)7 0_(12),0-1123}) o (312)
MdD ((971) LJ (Ll(efl)v LZ(L1(9*1)7 9*{172})’ e )

which can be interpreted as the players’ sequential responses (first by player 1, then player
2, etc.) to an initial strategy 0_; = (0y,...,0;).” Note that the argument of M is not the
entire parameter vector. Rather, it is a subvector of 6 consisting of the coefficients on the
endogenous variables. In order to find a fixed point, this feature is particularly attractive
when the number of endogenous variables is small. With one endogenous variable (i.e. 3 € R

is a scalar), the map simplifies to
M(6) = L (L1 (62)) ,

which is a univariate function whose fixed point is often straightforward to compute.

30ne may define M by changing the order of responses as well. For theoretical analysis, it suffices to

consider only one of them. Once the fixed point 8* ; of M is found, one may also obtain 07 using 07 = L1(0* ;).
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Define

Rl = {871 c 971 2\I’p,1<81,¢9,1) = 0,

‘1/p72(91,¢92,71'_{172}0_1) =0, 3(01,92) € 0 x @2} (313)

This is the set on which the map 6_; — Lo (L1 (0_1) ,7r_{172}(9_1), the first component of
M, is well-defined. We then recursively define Rj for j = 2,...,dp in a similar manner. A

precise definition of these sets is given in Appendix C. Now define

dp

Dy =) R; = Ruy, (3.14)

J=1

where the second equality follows because RdD turns out to be a subset of Rj for all 7 < dp.

The following corollary ensures that K and M are well-defined on Dy and D, respectively.

Corollary 1. The maps K : D — R% and M : Dy — R exist and are continuously

differentiable on the interior of their domains.

The key insight that we exploit is that, by construction of the BR maps, the problem of
finding a solution to Up(f) = 0 is equivalent to the problem of finding a fixed-point of K

(or M). The following proposition states the formal result.
Proposition 1. Suppose that Assumptions 1 and 2 hold. Then,
(1) ¥p(6*) =0 if and only if K (0*) = 0*

(it) Up(0*) = 0 if and only if M (07,) = 6, and 0] = L,(6*,).

In view of Proposition 1, the original IVQR estimation problem can be reformulated as the
problem of finding the fixed point of K (or M). This reformulation naturally leads to dis-
crete dynamical systems associated with these maps, which in turn provide straightforward

iterative algorithms for computing 6*.

(1) SIMULTANEOUS DYNAMICAL SYSTEM:"
ot = K (09), s =0,1,2,..., 0© given. (3.15)

4This algorithm is akin to the Jacobi computational procedure.
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(2) SEQUENTIAL DYNAMICAL SYSTEM:”
gD — (9(_?) L 5=0,1,2,..., 09 given, (3.16)

where 0™ = L, <9ﬂ)

These discrete dynamical systems constitute the basis for our estimation algorithms.°

4. POPULATION ALGORITHMS

In this section, we explore the implications of the fixed point reformulation for constructing

population-level algorithms for computing fixed points.

4.1. Contraction-based Algorithms. We first consider conditions under which K and M
are contraction mappings. They ensure that the discrete dynamical systems induced by K
and M are convergent to unique fixed points. Moreover, in view of Proposition 1, (point)
identification is equivalent to the uniqueness of the fixed point of K (or M). Therefore,
the conditions we provide below are also sufficient for the point identification of 6*. We will

discuss the relationship between our conditions and existing ones in the next section.

For any vector-valued map E, let Jg(z) denote its Jacobian matrix evaluated at its ar-
gument z. For any matrix A, let ||A|| denote its operator norm. We provide conditions in

terms of the Jacobian matrices of K and M, which are well-defined by Corollary 1.

Assumption 3. There exist open strictly convex sets EK C Dy and DM C Dy such that

(1) |7k (0) || < X for some X\ < 1 for all & € D
(2) | T (0-1) || < X for some X < 1 for all 6_; € Dy,.

Under this additional assumption, the iterative algorithms are guaranteed to converge to

the fixed point. We summarize this result below.

Proposition 2. Suppose that Assumptions 1 and 2 hold.

(i) Suppose further that Assumption 3.1 holds. Then K is a contraction on the closure
of Di. The fized point 6* € cl(DK) of K is unique. For any 09 € Dy, the sequence
{0}, defined in (3.15) satisfies 0©) — 6* as s — 0o.

®Smyth (1996) considers this type of algorithm for J = 2 and calls it “zigzag” algorithm. It is akin to a

Gauss-Seidel procedure.

6These discrete dynamical systems can also be viewed as learning dynamics in a game (Li and Basar,

1987; Fudenberg and Levine, 2007).
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(i1) Suppose further that Assumption 3.2 holds. Then M is a contraction on the closure
of Dy;. The fized point 6%, € cl(Dy) of M is unique. For any 991) € Dy, the

sequence {99{}3‘;0 defined in (3.16) satisfies 9(_‘? — 0", as s — o0.

In the case of a single endogenous variable, the Jacobian matrices of K and M are given

0 J(0
T () = 11(62) ,and  Jy(f) = Jp, (Ly(6)) Jp, (6),
Ji(0) 0
where
—1
Jr, (8;) = — (aq/p,_ée(/e i 0) ) a%"é(:,j .0-5) , for j =1,2.
—Jj 0=(85,L—;(0;)) J 0=(05,L—;(05))

One may therefore check the high-level condition through the Jacobians of the original
moment restrictions. In Appendix C.2.1, we illustrate a simple primitive condition for a
local version of Assumption 3. In practice, we found that violations of Assumption 3 lead

to explosive behavior of the estimation algorithms and are very easy to detect numerically.

4.2. Connections to the Identification Conditions in the Literature. In view of
Proposition 1, identification of #* is equivalent to uniqueness of the fixed points of K and
M, which is ensured by Proposition 2. Here, we discuss how the conditions required by

Proposition 2 relate to the ones in the literature.

We first start with local identification. The parameter vector 6* is said to be locally
identified if there is a neighborhood N of 6* such that Up(f) # 0 for all  # 6* in the
neighborhood. Local identification in the IVQR model follows from standard results (e.g.,
Rothenberg, 1971; Chen, Chernozhukov, Lee, and Newey, 2014). For example, if Wp(0) is
differentiable, Chen, Chernozhukov, Lee, and Newey (2014, Section 2.1) show that full rank
of Jy,(0) at 6* is sufficient for local identification.

It is interesting to compare this full rank condition to Assumption 5.1 in the appendix,
which is a local version of Assumption 3.1. Assumption 5.1 requires that p (Jx (6*) < 1, where
p(A) denotes the spectral radius of a square matrix A. We highlight the connection in the case

with a single endogenous variable. Full rank of Jy,(6%) is equivalent to det (Jy,(6*)) # 0.
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Observe that, for any 6,

v 06, O o6,
det (Jy,(0)) = det pa(61,62)/ pa(61,62)/
O ps(61,0,) /00, OV py(6y,05)/06,
—er [ [20Pa(6r,62)/001 0 Iy, —Jry(0:)
0 OUpy(01,60,)/00, | \—Ju,(6)) I,
OV p1(61,6,))06, 0 I —Jp, (6
_ det P,l( 1 2)/ 1 det d1 L1< 2)
0 O o (s, 6,)/06, —J,(0)) I,

If OWp;(0)/00)|p=p- is invertible for j = 1,2 (which is true under Assumption 2.4), Jy,,(0)
is full rank if and only if

0 # det v ) det(Iy — Jx(6%)). (4.1)

—JL,(07) g

That is, it requires that none of the eigenvalues has modulus one. Therefore, Assumption
5.1 is sufficient but not necessary for condition (4.1) to hold. Specifically, Assumption 5.1
requires all eigenvalues of Jg (6%) to lie strictly within the unit circle, while local identification
only requires all eigenvalues not to be on the unit circle. In terms of the dynamical system
induced by K, the former ensures that the dynamical system has a unique asymptotically
stable fixed point, while the latter ensures that the system has a unique hyperbolic fixed
point, which is a more general class of fixed points (e.g. Galor, 2007).” Under the former
condition, iteratively applying the contraction map induces convergence, while the latter
generally requires a root finding method to obtain the fixed point.

Now we turn to global identification and compare Proposition 2 to the global identification

result in Chernozhukov and Hansen (2006).

Lemma 2 (Theorem 2 in Chernozhukov and Hansen (2006)). Suppose that Assumption 1
holds. Moreover, suppose that (i) © is compact and convex and 0* is in the interior of ©;
(i) fyv|p,zx s uniformly bounded a.s.; (iii) Jy(0) is continuous and has full rank uniformly
over ©; and (i) the image of © under the mapping 0 — V(0) is simply connected. Then, 6*
uniquely solves W(0) = 0 over O.

"The argument above also applies to settings with multiple endogenous variables. A similar result can

also be shown for M.
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Under Conditions (i)—(iv), which are substantially stronger than the local identification
conditions discussed above, the result in Lemma 2 follows from an application of Hadamard’s

global univalence theorem (e.g. Theorem 1.8 in Ambrosetti and Prodi (1995)).

Comparing Lemma 2 to Proposition 2, we can see that the result in Lemma 2 establishes
identification over the whole parameter space ©, while Proposition 2 establishes identification
over the sets Dy and D, which will generally be subsets of ©. Regarding the underlying
assumptions, Conditions (i) and (ii) in Lemma 2 correspond to our Assumptions 2.1 and
2.3. Moreover, our Assumption 2.3 constitutes an easy-to-interpret sufficient condition for
continuity of Jy, as required in Condition (iii). To apply Hadamard’s global univalence
theorem, Chernozhukov and Hansen (2006) assume the simple connectedness of the image of
U (Condition (iv)). By contrast, we use a different univalence theorem by Gale and Nikaido
(1965) (applied to the map = defined in (E.3) that arises from each subsystem), which does
not require further conditions. However, when establishing global identification based on the
contraction mapping theorem, we need to impose an additional condition on the Jacobian
(Assumption 3). In sum, our conditions are somewhat stronger in terms of restrictions on
the Jacobian, but they are relatively easy to check and allow us to dispense with an abstract
condition (simple connectedness of the image of a certain map) to apply a global univalence

theorem.

4.3. Root-Finding Algorithms and Nesting. Note that Assumption 3 is a sufficient
condition for the uniqueness of the fixed point and the convergence of the contraction-based
algorithms. Even in settings where this assumption fails to hold, one may still identify 8* and
design an algorithm that is able to find it under weaker conditions on the Jacobian. This is
the case under the assumptions in the general (global) identification result of Chernozhukov

and Hansen (2006); see Lemma 2.

Note that, for the simultaneous dynamical system, 8* solves
(Ia — K)(07) = 0, (4.2)
where [; is the identity map. Similarly, in the sequential dynamical system, 6*, solves
Ly — M)(62,) = 0. (4.3)

Therefore, standard root-finding algorithms can be used to compute the fixed point.
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For implementing root-finding algorithms, we find that reducing the dimension of the fixed
point problem is often helpful. Toward this end, we briefly discuss another class of dynamical
systems and associated population algorithms which can be used for the purpose of dimension
reduction. Namely, with more than two players, one can construct nested dynamical systems,
which induce nested fixed point algorithms. Nesting is useful as it allows for transforming

any setup with more than two players into a two-player system.

To fix ideas, consider the case of three players (J = 3). Fix player 3’s action 03 € ©3 C R
and consider the associated “sub-game” between players 1 and 2. To describe the subgame,

define M o3(- | 05) : ©2 — O pointwise by
M172|3(92 ’ 03) = L2 (Ll (92, 03) 783) . (44)

This map gives the sequential best responses of players 1 and 2 while taking player 3’s
strategy given. Define the fixed point Ly : ©3 — O X O5 of the subgame by

Lis(fs) = Ofa)) _ [ Da(Oalo).Bo) (4.5)

05(6s) M 13(62(63) | 03).

This map then defines a new “best response” map. Here, given 03, the players in the subgame
(i.e. players 1 and 2) collectively respond by choosing the Nash equilibrium of the subgame.

The overall dynamical system induced by the nested decentralization is then given by
M3(93> - L3 (L12<03)) . (46)

Hence, we can interpret the nested algorithm as a two-player dynamical system where one
player solves an internal fixed point problem. This nesting procedure is generic and can be
extended to more than three players by sequentially adding additional layers of nesting.®
It follows that any decentralized estimation problem with more than two players can be
reformulated as a nested dynamical system with two players: player J and all others —J.
The resulting dynamical system M;(0;) = L;(L_;(6;)) is particularly useful when M; is
not necessarily a contraction map since 6; is a scalar such that, as we see below, its fixed

point can efficiently be computed using univariate root-finding algorithms.

8In the current example, consider adding player 4 and letting players 1-3 best respond by returning the
fixed point of the subgame through Mj given 4. One can repeat this for additional players. This procedure

can also be applied to the simultaneous dynamical system induced by K.
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5. SAMPLE ESTIMATION ALGORITHMS

Let {(Y;, D}, X!, Z))} | be a sample generated from the IVQR model. Our estimators are

constructed using the analogy principle. For this, define the sample payoff functions for the

players as
1N
Qna (0) = N ;PT(Y;' — X{61 — Dy — -+ — Dgp, 07), (5.1)
N
Q A(g)-:lz (Yi — X0y — Dy 00 — - — Dy, i0,)(Zi_1:/Di_14), j=2 J
N,j . N - Pr{¥s V1 1,:V2 dp,iYJ =1 7—14)> J sy
(5.2)
For each j =1,...,J, let the sample BR function ﬁj(ﬁ_j) be a function such that
Ly (6-1) € arg min Qni(61,6-1), (5.3)
91€Rdx
f/j (Q_j) € arg gﬂlfR} QN,j(éj7 Q_j), 1=2,...,J. (54)
i€

Assuming that the model is parametrized in such a way that Z,,/Dy;, { = 1,...,dp, is
positive, these are convex (weighted) QR problems for which fast solution algorithms exist.
In our empirical applications and simulations, we use the R-package quantreg to estimate
the QRs (Koenker, 2018). For example, ﬁ2(0_2) can be computed by running a QR with
weights Z; ;/D;; in which one regresses Y; — X0, — Dy 03 — --- — Dy, ;0; on D;; without
a constant. These sample BR functions also approximately solve the sample analog of the

moment restrictions in (3.5)-(3.6); see Lemma 10 in the appendix.

Remark 5.1. The proposed estimators rely on decentralizing the original non-smooth and
non-convex [VQR GMM problem into a series of convex QR problems. The quality and the
computational performance of our procedures therefore crucially depends on the choice of the
underlying QR estimation approach, which deserves some further discussion. The interested
reader is referred to Koenker (2017) for an excellent overview on the computational aspects
of quantile regression. In this paper, we use the Barrodale and Roberts algorithm which
is implemented as the default in the quantreg package and described in detail in Koenker
and D’Orey (1987, 1994). This algorithm is computationally tractable for problems up
several thousand observations. For larger problems, we recommend using interior point
methods, potentially after preprocessing; see Portnoy and Koenker (1997) for a detailed

description. These methods are conveniently implemented in the quantreg package. For very
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large problems, one can resort to first-order gradient descent methods, which are amenable
to modern parallelized computation; see Section 5.5 in Koenker (2017) for an excellent

introduction and simulation evidence on the performance of such methods.

We construct estimation algorithms by mimicking the population algorithms. Let K and

M denote sample analogs of K and M:

Ly (0-1)
K (0) = : (5.5)
Ly (05-1)
and
M;(0_1) L <£1(971), 97{1,2}>
PRI RO B R GO L2<L1<eil>7e_{1,2}>,e_{l,g,g}) e
Mdp (9—1) ZA—JJ <E1(971)7 f/2(i1(971), 97{1,2}), e )

where 0, = ﬁl (0_1). These maps induce sample analogs of the dynamical systems in Section

3.

(1) SAMPLE SIMULTANEOUS DYNAMICAL SYSTEM:
0t = K (09), s=0,1,2,..., 0 given. (5.7)
(2) SAMPLE SEQUENTIAL DYNAMICAL SYSTEM:
oD = Nr (99{) L 5=0,1,2,..., 6° given, (5.8)
where 8 = I, (0&?).

5.1. Contraction-based Algorithms. The first set of algorithms exploits that, under As-
sumption 3, K and M are contraction mappings with probability approaching one. In this
case, we iterate the dynamical systems (5.7) or (5.8) until || — K (0) || (or 16%) —
M (99{)“) is within a numerical tolerance ey.” This iterative algorithm is known to con-
verge at least linearly. The approximate sample fixed point fx that meets the convergence

criterion then serves as an estimator for 6.

9In the next section, we require ey = o(N -1/ 2), which ensures that the numerical error does not affect

the asymptotic distribution.
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5.2. Algorithms based on Root-Finders and Optimizers. As discussed in Section 4.3,
for root-finding algorithms, the sequential dynamical system (induced by M) is particu-
larly useful because it leads to a substantial dimension reduction. The original (dx + dp)-
dimensional GMM estimation problem can be reduced to a dp-dimensional root-finding
problem. An estimator Ox of 0% can be constructed as an approximate fixed point to the

sample problem:
HéN,—l — M(é]\ﬂ—l)H S EN, (59)

where GANJ = [A/l(éNﬁ_l) and ey is a numerical tolerance. This problem can be solved ef-
ficiently using well-established root-finding algorithms since M is easy to evaluate as the
composition of standard QRs. When dp = 1, one may use Brent’s method (Brent, 1971)
whose convergence is superlinear. When dp > 1, one could apply the Newton-Raphson
method, which achieves quadratic convergence but requires an estimate or a finite differ-
ence approximation of the derivative. The corresponding approximation error may affect
the performance. Alternatively, on can compute the fixed point by minimizing HM 0) -0
The potential issue with this approach is that translating the root-finding problem into a
minimization problem can lead to local minima in the objective function. Therefore, it is
important to use global optimization strategies.

As described in Section 4.3, nesting can be used to reduce the dimensionality even further.
In particular, the problem can be reformulated as a one-dimensional fixed point problem,
which can be solved efficiently using existing methods. We found that Brent’s method works

very well in our context.

6. ASYMPTOTIC THEORY

6.1. Estimators. We define an estimator 6y of 6* as an approximate fixed point of K in

the following sense:
I — K@ < int 16— K@) + 0,(N2) (6.1)

In what follows, we call O the fixed point estimator or 0*. Alternatively, using M , one may

define an estimator 9N7,1 of 6_; as

13~ = MOx-1)l < inf |6 — M (02| + 0p(N7H2). (6.2)



22 KAIDO AND WUTHRICH

An estimator of 7 can be constructed by setting
éN,l = il(é]\L,l). (63)

Under the conditions we introduce below, the definitions in (6.1) and (6.2)-(6.3) are asymp-
totically equivalent; see Lemma 5 in the appendix. Therefore, we mostly focus on the
definition based on K below. K (or M ) is defined similarly for the nested dynamical system

in which one player solves a fixed-point problem in a subgame.

Consistency and parametric convergence rates of x can be established using existing
results. When K (or M ) is asymptotically a contraction map, one may construct an es-
timator Oy satisfying (6.1) using the contraction algorithm in Section 5.1 with tolerance
exy = o(N~"Y/2). One may then apply the result of Dominitz and Sherman (2005) to obtain
the root-N consistency of the estimator.'” For completeness, this result is summarized in
Appendix H.

More generally, if K is not guaranteed to be a contraction, one may use root-finding
algorithms that solve § — K () =0 or 6, — M (0_1) = 0 up to approximation errors
of o(N~/2). The root-N consistency of Ay then follows from the standard argument for
extremum estimators, in which we take Ly (6) = ||6 — K'(8)|| as a criterion function.'" Since
these results are standard, we omit details and focus below on the asymptotic distribution
and bootstrap validity of the fixed point estimators. Our contributions are two-fold. First,
we establish the asymptotic distribution of the fixed point estimator without assuming that
K or M is an asymptotic contraction map, which therefore allows the practitioner to conduct
inference using the estimator based on the general root-finding algorithm and complements
the result of Dominitz and Sherman (2005). Second, to our knowledge, the bootstrap validity
of the fixed point estimators is new. These results are established by showing that, under
regularity conditions, the population fixed point is Hadamard-differentiable and hence admits

the use of the functional d-method, which may be of independent theoretical interest.

Remark 6.1. To establish the asymptotic properties, one could try to reformulate our

estimator as an estimator that approximately solves a GMM problem. Here, instead of

0Satistying ey = o(N~1/2) requires the number of iterations to increase as the sample size tends to

infinity, which in turn satisfies requirement (ii) in Theorem 2 (Dominitz and Sherman, 2005).

HThe key conditions for these results, uniform convergence (in probability) of K and its stochastic

equicontinuity, are established in Lemma 11.
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relying on another reformulation, which would require establishing a sample analog version of
Proposition 1, we develop and directly apply an asymptotic theory for fixed point estimators.
We take this approach as the theory itself contains generic results (Theorem 1 and Lemmas
6-7) surrounding the Hadamard-differentiability of fixed points, which allow for applying
the functional -method to obtain the asymptotic distribution of fx and bootstrap validity.
These results can potentially be used to analyze decentralized estimators outside the IVQR

class.

6.2. Asymptotic Theory and Bootstrap Validity. The following theorem gives the
limiting distribution of our estimator. For each w = (y,d’,2’,2") and 6 € ©, let f(w;0) €
Réx+dp he a vector whose sub-vectors are given by

fi(w;0) = (H{y < d0_1+2'0,} — 7)a,

fi(w;0) = (H{y <d'O_1 +2'0,} —1)zjm1, j=2,...,J
and let g(w;0) = (g1(w;0)',...,g9;(w;0))" be a vector such that

0? -~ .
g;(w;0) = WQP,j<Lj(0—j)70—j) Yi(ws Ly(0-;),0-5), j=1,...,J (6.4)
;100;

Theorem 1. Suppose that Assumptions 1 and 2 hold. Let {V[/l}fil be an i.i.d. sample
generated from the IVQR model, where W; = (Y;, D}, X[, Z!). Then,
VN(by —6%) 5 N(0,V) , (6.5)
with
V= (Ig— Jx(07)) " E[W(O)W(0")]|(1a — Jx(07) ", (6.6)

where W is a tight Gaussian process in (*(©)¢ with the covariance kernel

Cov(W(0), W(B)) = Ep[(9(W;60) — Eplg(W;0)])(g(w; 6) — Ep[g(w; 0)])]. (6.7)

To conduct inference on 6*, one may employ a natural bootstrap procedure. For this, use
in (5.5) and (6.1) the bootstrap sample instead of the original sample to define the bootstrap
analogs K* and é}"v of K and fy. In practice, the bootstrap can be implemented using the

following steps.

(1) Compute the fixed point estimator O using the original sample.
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2) Draw a bootstrap sample {W*}"  randomly with replacement from Py. Use the
i Ji=1
simultaneous (or sequential) dynamical system based on K* (or M*) combined with
a contraction or root-finding algorithm to compute é}“\,

(3) Repeat Step 2 across bootstrap replications b = 1,..., B. Let
L B
b 2
Fy(a) = ; 1{\/N(6N —0y) < x} z € R. (6.8)

Use Fp as an approximation to the sampling distribution of the root v N (éN —6%).

The bootstrap is particularly attractive in conjunction with our new and computationally
efficient estimation algorithms. By contrast, directly bootstrapping for instance the IQR
estimator of Chernozhukov and Hansen (2006) is computationally very costly. Alternative
methods (either an asymptotic approximation or a score-based bootstrap) require estimation
of the influence function, which involves nonparametric estimation of a certain conditional
density. Directly bootstrapping our fixed point estimators avoids the use of any smoothing
and tuning parameters.'?

The following theorem establishes the consistency of the bootstrap procedure. For this,

let %5 denote the weak convergence of the bootstrap law in outer probability, conditional on

the sample path {IV;}2,.

Theorem 2. Suppose that Assumptions 1 and 2 hold. Let {VVZ}Z]\;1 be an i.i.d. sample
generated from the IVQR model. Then,

VN (0% — bx) % N(0,V),

where V' is as in (6.6).

7. EMPIRICAL EXAMPLE

In this section, we illustrate the proposed estimators by reanalyzing the effect of 401(k)
plans on savings behavior as in Chernozhukov and Hansen (2004). This empirical example
constitutes the basis for our Monte Carlo simulations in Section 8. As explained by Cher-
nozhukov and Hansen (2004), 401(k) plans are tax-deferred savings options that allow for
deducting contributions from taxable income and accruing tax-free interest. These plans are

12The use of the bootstrap here is for consistently estimating the law of the estimator. Whether one
may obtain higher-order refinements through a version of the bootstrap, e.g., the m out of n bootstrap with

extrapolation (Sakov and Bickel, 2000), is an interesting question which we leave for future research.
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provided by employers and were introduced in the United States in the early 1980s to increase
individual savings. To estimate the effect of 401(k) plans (D) on accumulated assets ('), one
has to deal with the potential endogeneity of the actual participation status. Chernozhukov
and Hansen (2004) propose an instrumental variables approach to overcome this problem.
They use 401(k) eligibility as an instrument (Z) for the participation in 401(k) plans. The
argument behind this strategy, which is due to Poterba, Venti, and Wise (1994, 1995, 1998)
and Benjamin (2003), is that eligibility is exogenous after conditioning on income and other
observable factors. We use the same identification strategy here but note that there are also
papers which argue that 401(k) eligibility is not conditionally exogenous (e.g., Engen, Gale,
and Scholz, 1996).

We use the same dataset as in Chernozhukov and Hansen (2004). The dataset contains
information about 9913 observations from a sample of households from the 1991 Survey of
Income and Program Participation.”® We refer to Chernozhukov and Hansen (2004) for more
information about the data and to their Tables 1 and 2 for descriptive statistics. Here we

focus on net financial assets as our outcome of interest.'*

We consider the following linear model for the conditional potential outcome quantiles
q(D,X,7) = X'01(1)+ Dby(7). (7.1)

The vector of covariates X includes seven dummies for income categories, five dummies
for age categories, family size, four dummies for education categories, indicators for mari-
tal status, two-earner status, defined benefit pension status, individual retirement account
participation status and homeownership, and a constant. Because P(D = 0) > 0, we re-
parametrize the model by replacing D by D* = D + 1 to ensure that Z/D* is well-defined
and positive.

We found that, in this empirical setting (and simulations based on it), contraction algo-
rithms based on K can be rather sensitive to the choice of starting values. We therefore
focus on algorithms based on M. Figure 1 graphically illustrates our fixed point algorithms.
It displays M at three different quantile levels 7 € {0.25,0.50,0.75}. Our theoretical results

show that, under appropriate conditions, the intersection between M and the 45-degree line

13The dataset analyzed by Chernozhukov and Hansen (2004) has 9,915 observations. Here we delete the
two observations with negative income.

4 Chernozhukov and Hansen (2004) also consider total wealth and net non-financial assets.
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provides a consistent estimate of 5. Figure 1 further provides a straightforward graphical
way to check the validity of the sample analog of Assumption 3. We can see that the sample
analog of Jy (i.e. the slope of M) is smaller than one. This suggests that the contraction-
based sequential algorithm converges at all three quantile levels, which is indeed what we

find.
[Figure 1 about here.]

We consider two different algorithms based on M , a contraction algorithm and a root-
finding algorithm based on Brent’s method as implemented by the R-package uniroot. We
compare our estimators to the IQR estimator of Chernozhukov and Hansen (2006) with 500
grid points which provides a slow but very robust benchmark.

Figure 2 displays the estimates of 02(7) for 7 € {0.15,0.20,...,0.85}. We can see that
all estimation algorithms yield very similar results. We also note that the contraction-based

algorithm converges for all quantile levels considered.
[Figure 2 about here.]

Figures 3 depicts pointwise 95% confidence intervals for the proposed estimators obtained
using the empirical bootstrap described in Section 6.2 with 500 replications. We can see that
the resulting confidence intervals are very similar for both algorithms and do not include zero

at all quantile levels considered.

[Figure 3 about here.]

8. SIMULATION STUDY

In this section, we assess and compare the finite sample performance of our estimation

algorithms. We first discuss the competing algorithms and then introduce the DGPs.

8.1. Estimation Algorithms. We assess and compare several different algorithms all of
which are based on the dynamical system M. We do not explore contraction algorithms
based on K because we found them to be less robust than the corresponding algorithms
based on M and somewhat sensitive to the choice of starting values. For the root-finding
algorithms, using K will typically be less attractive than using M because the dimensionality

of the root-finding problem is much larger when using K (dp+dx) than when using M (dp).
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For the models with one endogenous variable, we consider a contraction algorithm and a
root-finding algorithm based on Brent’s method. For models with two endogenous variables,
we analyze a contraction algorithm, a root-finding algorithm implemented as a minimization
problem based on simulated annealing (SA), and a nested root-finding algorithm based on
Brent’s method.'” For all estimators, we use two-stage least squares estimates as starting
values. We compare the results of our algorithms to those obtained from IQR, which serves
as a slow but very robust benchmark. We use 500 (one endogenous variable) and 1600
(two endogenous variables) grid points for IQR.'® Table 1 presents more details about the

algorithms.

[Table 1 about here.]

8.2. An Application-Based DGP. Here we consider DGPs which are based on the em-
pirical application of Section 7.'” We focus on a simplified setting with only two covariates:
income and age. The covariates are drawn from their joint empirical distribution. The instru-
ment Z; is generated as Bernoulli (Z ), where Z is the mean of the instrument in the empirical
application. We then generate the endogenous variable as D; = Z; - 1{0.6 - V; < U;}, where
U; ~ Uniform(0,1) and V; ~ Uniform(0, 1) are independent disturbances. The DGP for D;
is chosen to roughly match the joint empirical distribution of (D;, Z;). The outcome variable

Y; is generated as
Y, = X[01(U;) + Db (U;) + G~H(Uy). (8.1)

The coefficient 0;(U;) is constant and equal to the IQR median estimate in the empirical
application. 65(U;) = 5000 + U; - 10000 is chosen to match the increasing shape of the es-
timated conditional quantile treatment effects in Figure 2. G~!(-) is the quantile function
of a re-centered Gamma distribution, estimated to match the distribution of the IQR resid-

uals at the median. To investigate the performance of our procedure with more than one

15We have also explored algorithms based on Newton-Raphson-type root-finders. These algorithms are,
in theory, up to an order of magnitude faster than the contraction algorithm and the nested algorithms,
but, unlike the other algorithms considered here, require an approximation to the Jacobian and are not very

robust to the choice of starting values. We therefore do not report the results here.

16The performance of IQR can be improved by increasing the number of grid points. However, as we
document below, IQR becomes computationally prohibitive when the number of grid points is large.

"The construction of our DGPs is inspired by the application-based DGPs in Kaplan and Sun (2017).
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endogenous variable, we add a second endogenous regressor:
Y = X{0:(Ui) + Dib2(Ui) + D2,i05(U;) + G~ (U3), (8.2)
where we set 05(U;) = 10000. The second endogenous variable is generated as
Dy;=0.8Zy; +02- 0 1(U))

and the second instrument is generated as Zs; ~ N(0,1). We set N = 9913 as in the
empirical application.

First, we investigate the finite sample bias and root mean squared error (RMSE) of the
different methods. Tables 2 and 3 present the results. With one endogenous regressor, all
three methods perform well and exhibit a similar bias and RMSE. Turning to the results with
two endogenous regressors, we can see that the nested algorithm exhibits the best overall
performance, while the performance of our other algorithms is only slightly worse. The finite

sample properties of the proposed algorithms are comparable to IQR.
[Table 2 about here.]

[Table 3 about here.]

Next, we analyze the finite sample properties of our bootstrap inference procedure. Table
4 shows the empirical coverage probabilities of bootstrap confidence intervals based on the
contraction-based algorithm and the root-finding algorithm based on Brent’s method. Both

methods exhibit coverage rates which are very close to the respective nominal levels.
[Table 4 about here.]

Finally, we investigate the computational performance of the different procedures. Tables 5
and 6 show the average computation time (in seconds) for estimating the model with one and
two endogenous variables for different sample sizes. We compare our procedures to the IQR
algorithm with a grid search over 500 points (one endogenous regressor) and 100x 100 points
(two endogenous regressors).'® Note that we choose a higher (and arguably more practically

relevant) number of grid points for the model with two endogenous regressors than in the

BWe take IQR as a benchmark as it is the most popular existing IVQR estimator and other recently
proposed algorithms such as Kaplan and Sun (2017) and Zhu (2018) require the choice of tuning parameters.
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simulations.'? All computations were carried out on a standard desktop computer with a

3.2 GHz Intel Core i5 processor and 8GB RAM.

With one endogenous regressor, both of our algorithms are computationally much more
efficient than IQR. Specifically, the root-finding algorithm based on Brent’s method is about
8 to 23 times faster than IQR, and the contraction algorithm is 4 to 11 times faster. Among
our algorithms, the root-finding method is about twice as fast as the contraction-based

iterative algorithm.

The computational gain of our algorithms becomes more pronounced with two endogenous
variables. Table 6 shows that IQR’s average computation times are around two orders
of magnitude slower than those of our procedures. Specifically, the nested root-finding
algorithm is 77 to 134 times faster than IQR, while the contraction algorithm is 155 to
297 times faster. This is as expected since, due to the use of grids, IQR’s computational

0

cost increases exponentially as the number of endogenous variables increases.?’” Among

our algorithms, the contraction algorithm is almost twice as fast as the nested algorithm.
However, both of these procedures are computationally very efficient even for large samples.
The minimization-based algorithm based on SA is about an order of magnitude slower that
the contraction algorithm and the nested algorithm, while still being an order of magnitude

faster than IQR.
[Table 5 about here.]

[Table 6 about here.]

OWe found that using the same number of grid points for IQR in the simulations reported in Tables 2-4

was computationally prohibitive.

200ur implementation of IQR with two endogenous variables is inherently slower than the implementation
with one endogenous variable, even when the number of grid points is the same. First, there is an additional
covariate in the underlying QRs (the second instrument). Second, with one endogenous variable, we choose
the grid value that minimizes the absolute value of the coefficient on the instrument. By contrast, with two
endogenous regressors, we choose the grid point which minimizes a quadratic form based on the inverse of
the estimated QR variance covariance matrix as suggested in Chernozhukov, Hansen, and Wiithrich (2017),

which requires an additional computational step.
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Appendix D presents additional simulation evidence, demonstrating that our algorithms
perform well and remain computationally tractable with more than two endogenous regres-

sors.”!

8.3. Additional Simulations. This section presents some additional simulation evidence

based on the following location-scale shift model:
Yi=m+7Xi + 93D + D2 + (v5 + v6 Dy + 7 D24) Us (8.3)

Here D, ; and Dy ; are the endogenous variables of interest and X; is an exogenous covariate.
In addition, we have access to two instruments Z;; and Z;;. For v = 74 = vy = 0, this
model reduces to the model considered in Section 6.1 of Andrews and Mikusheva (2016).
We set 73 = --- = 9 = 1. To evaluate the performance of our algorithms with one endoge-
nous variable, we set 74 = v = 0 and use Z; as the instrument. Following Andrews and

Mikusheva (2016), we consider a symmetric as well as an asymmetric DGP:

(Ui7 Dl,ia D2,i7 Zl,ia Z2,i7 XZ) = (CD(SU,i)a (I)(gDLi)a (I)(é-Dz,i)a (I)(gzhi)? cb(gzz,i)v (I)(gX,Z)) ) (symmetric)

(Ui, D14y, Doy Z14y Z9,3, Xi) = (Evir exp(28p,.4), €XP(28Ds4), €214, €204, Ex,i) , (asymmetric)

where (§u4, €D, .15 EDsis E21i0 €205 Ex i) 18 @ Gaussian vector with mean zero, all variances are
set equal to one, Cov(&y,€ép,) = Cov(&y,E&p,) = 0.5, Cov(ép,,&z) = 0.8, Cov(ép,,&z,) =
0.4, which allows us to investigate the impact of instrument strength, all other covariances
are equal to zero, and ® is the cumulative distribution function of the standard normal

distribution.

We first investigate the bias and RMSE of the different methods. Tables 7-10 present
the results. With one endogenous variable, the performances of the root-finding algorithm
using Brent’s method and IQR are very similar both in terms of bias and RMSE. The
contraction algorithm performs well but exhibits some bias at the tail quantiles. Turning to
the results with two endogenous variables, we can see that the nested algorithm exhibits the
best overall performance, both in terms of bias and RMSE. The performances of the SA-
based optimization algorithm and IQR are similar and only slightly worse than that of the
nested algorithm. The contraction algorithm tends to exhibit some bias at the tail quantiles.
However, this bias decreases substantially as the sample size gets larger. Finally, comparing

2Igpecifically, we present simulation results based on the DGP used in this section, augmented with an

additional endogenous regressor, generated as D3 ; = 0.8 - Z3; + 0.2 - ®~1(U;), where Z3; ~ N(0,1).
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the results for the coefficients on D; and Dy, we can see that the instrument strength matters
for the performance of all estimators (including IQR), suggesting that weak identification

can have implications for the estimation of IVQR models.
[Table 7 about here.]
[Table 8 about here.]
[Table 9 about here.]
[Table 10 about here.]

Table 11 displays the empirical coverage probabilities of the bootstrap confidence inter-
vals. The results show that the our bootstrap procedure exhibits excellent size properties.
The confidence intervals based on the contraction algorithm tend to exhibit a slightly more
accurate coverage than those based on Brent’s method, which exhibit some over-coverage,

especially for N = 500 and a = 0.1.

[Table 11 about here.]

9. CONCLUSION

The main contribution of this paper is to develop computationally convenient and easy-to-
implement estimation algorithms for IVQR models. Our key insight is that the non-smooth
and non-convex IVQR estimation problem can be decomposed into a sequence of much
more tractable convex QR problems, which can be solved very quickly using well-established
methods. The proposed algorithms are particularly well-suited if the number of exogenous
variables is large and the number of endogenous variables is moderate as in many empirical

applications.

An interesting avenue for further research is to investigate weak identification robust infer-
ence within the decentralized model. One may, for example, write the (re-scaled) sample fixed
point restriction as v N(I — K)(6) = sy(0) + W(8) + ry(0), where sy(8) = vVN(I — K)(6),
W is a Gaussian process, and ry is an error that tends to zero uniformly. This paper as-
sumes that sy (6*) = 0 uniquely, and outside N~'/2-neighborhoods of 6*, sy(6) diverges and
dominates W. For a one-dimensional fixed point problem, this requires the BR map to be

1/2

bounded away from the 45-degree line outside any N ~"/“-neighborhood of the fixed point.

However if sy fails to dominate W over a substantial part of the parameter space, one would
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end up with weak identification.?? How to conduct robust inference in such settings is an

interesting question, which we leave for future research.

Finally, we note that while we study the performance of the proposed algorithms sep-
arately, our reformulation and the resulting algorithms are potentially very useful when
combined with other existing procedures. For instance, one could choose starting values

using an initial grid search over a coarse grid and then apply a fast contraction algorithm.
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APPENDIX (FOR ONLINE PUBLICATION)

APPENDIX A. OVERIDENTIFICATION

In the main text, we focus on just-identified moment restrictions with dz = dp, for which the
construction of an estimator is straightforward. If the model is overidentified (i.e. if dz > dp), we

can transform the original moment conditions

, X
Ep (1{Y§X91(7')—|—D192(T)+-"+DdD9J(T)}—7‘) P =0
into a set of just-identified moment conditions
, X
Ep | (1{Y < X'0,(7) + D162(7) + - - + Dgp0s(7)} — 7) 5 =0, (A.1)

where Z is a dp x 1 vector of transformations of (X, Z). A practical choice is to construct Z using
a least squares projection of D on Z and X.

To achieve pointwise (in 7) efficiency, we can employ the following two-step procedure which is
based on Remark 5 in Chernozhukov and Hansen (2006):

Step 1: We first obtain an initial consistent estimate of §* using one of our estimators based
on a set of just-identified moment conditions such as (A.1). We then use nonparametric estimators
to estimate the conditional densities V(7) = f.(r)x,7(0) and v(7) = f.(-)|p,x,z(0), where () =
Y —X'07(1)—D105(1)—- - -—Dq,0%(7), and the conditional expectation function Ep [Dv(7) | X, Z].

Step 2: We apply our procedure to obtain a solution to the following moment conditions:

V(X

Ep (1 {Y§X/(Ql(’i')+D192(T)+--~+DdDHJ(T)}—7‘) =0. <A2)
Ep[Du(r) | X, Z]

Consider players j = 1,...,J solving the following optimization problems:
gfgﬁgx Qp1 (01,9_1) (A.3)
min QP,j (éj,H,j) 5 ] = 2,...,J, (A4)
ejER

where

Qpa(6(7)) = Ep [pr (Y = X'01(1) = D12(7) — -+ = Dap,05(7)) V(7)] ,

Ep[Dv(r)| X, 2], 47
QPJ‘(Q(T))Z:EP pT(Y—Xlel(T)—D192<T)—~~-—DdD9J(T)) D | gt ,j:2,...
5

and Ep [Dv(7) [ X, Z];_; is the j-th element of Ep [Duv(r) | X, Z]. For each j, the BR function

L;j(0_;j(7)), defined as a member of the set of minimizers of Qp;(-,0—;), solves a suitable subset of
1
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the moment conditions in (A.2). The optimization problems in (A.3)-(A.4) are convex population
QR problems provided that the model is parametrized such that Ep [Dv(7) | X, Z]; ; /Dj-1, j =
2,...,J, is positive. Estimation can then proceed by replacing the population QR problems by
their sample analogues and applying one of the estimation algorithms discussed in the main text.
The resulting estimator uses the optimal instrumental variables and thus achieves pointwise (in 7)

efficiency (e.g., Chamberlain, 1987).

APPENDIX B. REPARAMETRIZATION

In the main text, we assume that the model is reparametrized such that Z,/D; is positive for all
¢ =1,...,dp. This ensures that the weights are well-defined and that the weighted QR problems
are convex. However, in empirical applications, the weights may not be well-defined (e.g., if Dy
is an indicator variable with P(D;, = 0) > 0) or negative in some instances. Assuming that Z; is
positive, a simple way to reparametrize the model is to add a large enough constant ¢ to Dy.?? This
transformation is theoretically justified by the compactness of the support of D, (Assumption 2.2).
To fix ideas, suppose that one is interested in estimating the following linear-in-parameters model

with a single endogenous variable:
qD, X, 1) =011 + X’Glg + D65,

~ /
where 6, = (011,0),)" and X = (1,X’) . Suppose further that the support of D is a compact
interval, [dmin, dmax] C R, with dyin < 0. In this case, we can apply the transformation D* = D+,

where ¢ > |dpin|. The transformed model reads
q(D, X,7) = 0}, + X012 + D*6s,
where 07, = 6011 — cf2. Importantly, one can always back out the original parameters, § =

(011,65,62), from the parameters in the reparametrized model, 0* = (67, 61,,62)’.

APPENDIX C. DECENTRALIZATION
C.1. The domains of M;-maps. Recall that, in (3.13), we defined the set

Rl = {9_1 €O_; 2@]{1(91,9_1) =0,

\I/p72((91,92,7T_{172}9_1) =0, 3(91,92) €07 x @2}

23Gince the IVQR model is characterized by conditional moments (as in (2.1)), one may choose transfor-
mations of instruments to generate unconditional moment conditions. In case Z, is not positive a.s., one
can use a positive transformation (e.g. logistic function) of Z, instead of Z, itself. The decentralization and

identification results then hold with the transformed instruments as long as they satisfy our assumptions.
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Similarly for k =2,...,dp — 1, define
Rk = {9,1 €O0_4 :‘I/p’1(91,9,1) =0,

Upa(b1,02, m_11,9y0-1) =0,

k
Vpr(01,.. 0k, m_q1,. 30-1) =0, 3(01,...,0k) € H ©;}.
j=1
For k = dp, let
RdD = {9,1 €0_4 :\I’p,1(91,9,1) =0,

Upa(bh, 02, m_g19y0-1) =0,

J
\I/pJ((gl,...,@J) =0, 3(91,...,9J) S H@J}
j=1

For each k, the map M, is well-defined on Rk Note also that RdD C Rj for all j < dp.

C.2. Local Decentralization and Local Contractions. We say that an estimation problem
admits local decentralization if the BR functions L;, 7 = 1,...,J, and the maps K and M are
well-defined over a local neighborhood of 8*. The following weak conditions are sufficient for local

decentralization of the IVQR estimation problem.

Assumption 4. The following conditions hold.

(1) The conditional cdf y = Fy|p x 7 (y) is continuously differentiable at y* = d'0* + 2’07 for
almost all (d,x,z). The conditional density fy|p z x is bounded on a neighborhood of y*
a.s.;

(2) The matrices

Eplfyip,x.z (D'0%; + X'07) X X'|
and

Ep|fy\p,x,z (D'0" 1 + X'07) DyZ,], (=1,...,dp,

are positive definite.

Assumption 4 is weaker than Assumption 2.3-2.4 as it only requires the conditions, e.g. continu-
ous differentiability of the conditional CDF, at a particular point, e.g. y*. Under this condition, we
can study the local properties of our population algorithms. For this, the following lemma ensures

that the BR maps are well-defined locally.
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Lemma 3. Suppose that Assumptions 1, 2.1-2.2, and 4 hold. Then, there exist open neighborhoods
Np_,j=1,...,J, Ng, Nu of 0, 0, and 0* | such that

_j}

(i) There exist maps Lj : N_j — R% j=1,....J such that, for j =1,...,J,
\I’p’j (Lj(G,j), Hfj) =0, forall H,j S ./\/:j

Further, L; is continuously differentiable for all j =1,...,J.
(ii) The maps K : N — R® and M : Njyy — R are continuously differentiable.

Proof. (i) The proof is similar to that of Lemma 1. Therefore, we sketch the argument below
for j = 1. By Assumptions 2.2 and 4.1, ¥p; is continuously differentiable on a neighborhood V'
of #*. By Assumption 4.2 and the continuity of det(0¥p;(6)/067), one may choose V so that
det(0Up1(0)/067) # 0 for all § = (61,0_1) € V. By the implicit function theorem, there is a

continuously differentiable function L; and an open set N_; containing #_; such that
\IJPJ(Ll(Q,l), 971) =0, forall 6_; € ./\/;1.

The arguments for L;, j # 1 are similar.

(i) Les Nk = {0 € ©:m_;0 e N_j, j=1,...,J} and let Ny be defined by mimicking (3.13),
while replacing ©; with N in the definition of ﬁj for j =1,...,J. The continuous differentiability
of K and M follows from that of L;, 7 =1,...,J. ]

C.2.1. Local Contractions. Recall that p(A) denotes the spectral radius of a square matrix A. The

following assumption ensures that K and M are local contractions.

Assumption 5.

(1) p(Jk (67)) <1;
(2) p(Ju (65)) <1

Here, we illustrate a primitive condition for Assumption 5. Consider a simple setup without

covariates (i.e. X = 1), a binary D, and a binary Z. We only analyze Assumption 5.1. A similar
result can be derived for Assumption 5.2. In this setting, the Jacobian of K evaluated at 6* is given
by

_Ep [fy\D,Z(Deg"‘QI)D]
Ep|fy|p,z(D03+65)]

0

0

_ Ep [fv|D,z(D03+67) Z]
Ep|fy|p,z(D03+65)ZD|

Jr(0°) =

The characteristic polynomial is then given by

2 _ Brfvipz (D05 +67) D) Ep [fyip.z (D5 +07) Z]

A) = .
pr() Br Uiy (D0 + 6] Ep [fy1ps (D8 + 07) ZD]
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Hence, Assumption 3.1 holds if all eigenvalues (i.e. the roots Ax of px(\) = 0) have modulus less

than one, which holds when

Ep |fy|p,z (D05 +07) D] Ep [fy|p,z (D05 +0%) Z]
Ep [fy\p,z (D03 +07)] Ep[fy|p,z (D03 +0;) ZD]

This condition can be simplified to

fy102(07)p(0[1) fyp1,0(03 + 071)p(110) < fy11,1(02 + 01)p(1[1) fyj0,0(67)p(0]0), (C.1)

where fyq.(y) = fy|p=d,z=-(y) and p(d|z) := P(D = d | Z = z). It is instructive to interpret
condition (C.1) under the local average treatment effects framework of Imbens and Angrist (1994).
Specifically, condition (C.1) holds if (i) their monotonicity assumption is such that there are com-
pliers but no defiers and (ii) the complier potential outcome density functions are strictly positive.

Conversely, the condition is violated if there are defiers but no compliers.

Under the local contraction conditions in Assumption 5, we have the following results.

Proposition 3. Suppose that Assumptions 1, 2.1, 2.2, and 4 hold.

(i) Suppose further that Assumption 5.1 holds. Then there exists a closed neighborhood Ny of
0* such that K(J\_fK) C Nx and K is a contraction on N with respect to an adapted norm.
(ii) Suppose further that Assumption 5.2 holds. Then there exists a closed neighborhood Ny
of 05 such that M(Ny) C Ny and M is a contraction on Ny with respect to an adapted

norm.

Proof. We only prove the result for K, the proof for M is similar. By Lemma 3, L; is continuously

differentiable at 8*. Note that Jg is given by

B 0 8L1(9_1) 8[/1(9—1)_
89/2 “ e DY 86{]
8L23(90/_2) 0 8L26(90/_2) o 8Lg(66/’_2)
Jk(0) = ; , ? , S (C.2)
8LJ(9*J) e e aLJ(GfJ) 0
o, o, _

which is continuous at 6*. The desired result now follows, for instance, from Proposition 2.2.19 in

(Hasselblatt and Katok, 2003). O

APPENDIX D. ADDITIONAL SIMULATIONS WITH THREE ENDOGENOUS VARIABLES

In this section, we present additional simulation evidence with three endogenous variables. We
consider the application-based DGP of Section 8.2 augmented with an additional endogenous vari-

able

Y, = X{Ol(UZ) =+ D192(U1) + D2,¢03(Ui) + Dg’i94(Ui) + G_I(Ui), (D.l)
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where 04(U;) = 10000, D3; = 0.8 - Z3; + 0.2 - ®~YU;), and Z3; ~ N(0,1). We only report
the results based on the contraction algorithm and the nested fixed point algorithm and do not
report results for IQR, which we found to be computationally prohibitive with three endogenous
regressors. Table 12 shows that both methods exhibit similar performances in terms of bias and
RMSE, which are comparable to the respective performances with two endogenous regressors.
Table 13 displays average computation times. As expected, the computational advantages of the
contraction algorithm relative to the nested fixed point algorithm are more pronounced than with

two endogenous variables.
[Table 12 about here.]

[Table 13 about here.]

APPENDIX E. PROOFS OF THEORETICAL RESULTS IN SECTION 3

Proof of Lemma 1. (i) We first show that L; is well-defined. For a given 6_; € RY4x let
0] € arg Ming cpdy Q p71(51, 0_1). Under Assumption 2, the objective function is convex and differ-
entiable with respect to 0;. Therefore, by the necessary and sufficient condition of minimization,

0] solves
Ep[({Y < D'6_1 + X'67})X] = 0.

In what follows, we show that the map L; : _1 — 07 is well-defined on R_; using a global inverse

function theorem. Recall that
\prvl(e) = EP[(l{Y < D,Q_l + X’Gl})X] (El)

This function is continuously differentiable with respect to . The Jacobian is given by

0
Jup, (0) = @EP[FHD,X,Z(D/@A + X'01)X] = Ep[fy|p,x,z(D'0-1 + X'01)X(X',D")], (E.2)

where the second equality follows from Assumption 2 and the dominated convergence theorem.

Define a transform Z: © — R? by

(1]

(0) == (Tp1(0),0-1")" (E.3)

We follow Krantz and Parks (2012) (Section 3.3) to obtain an implicit function L; on a suitable

domain such that 6; = Lq(62) if and only if ¥p;(0) = 0. The key is to apply a global inverse
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function theorem to =. Toward this end, we analyze the Jacobian of =, which is given as

OVp1(01,0-1)/007 0¥p1(01,0-1)/00"

Od_1><d1 Id_l

| Erlfyipx,z(D'0-1 + X'01)XX'] Ep[fy|px,z(D'0-1+ X'01)XD'] (B.A)

Odledl Id,:[

where I; denotes the d x d identity matrix. Let I C {1,...d}.
For any matrix A, let [A];; denote a principal minor of A, which collects the rows and columns

of A whose indices belong to the index set I. By (E.4), if I C {1,...,d;},
[J=(0)]1.1 = Ep[fypx.z(D'0-1+ X'01) X X'] (E.5)

for a subvector X of X, which is positive definite by Assumption 2 and Lemma 4. If I C {d; +
1,...,d}, [J=(0)]r,r = I; for some 1 < ¢ < d — d; and is hence positive definite. Otherwise, any

principal minor is of the following form:

Ep(fyp,x,z(D'0-1+ X'0)XX'] B

[J=(0)]1,1 = (E.6)

0£><m Ié
for some subvector X of X and a m x ¢ matrix B. Note that
det([JE(H)]L[) = det(Ep[fy‘Dsz(D/@_l + X’@l)f(f(’] — Bfg_l X Ogxm ) det(1y)
= det(Ep|[fy|px,z(D'0_1 + X'01)XX']) > 0, (E.7)

where the last inequality follows again from Assumption 2 and Lemma 4. Hence, J=(0) is a P-
matrix. Note that © is a closed rectangle. By Theorem 4 in Gale and Nikaido (1965), Z is univalent,

and hence the inverse map Z~! is well defined.

Let
Ry={0_1€R¥:(0,0_1) €=(0)} ={0_1 €R>":Up,y(h1,0_1) =0, for some (61,0_;) € O},

which coincides with the definition in (3.8) with j = 1. Let F} = [I4,,04,x4a_,]|. Foreach §_; € R_y,
define

L1(9_1) = FlE_l(O, 9_1).

Then, for any 6 € ©, ¥p;(0) =0 if and only if §_; € R_; and Z(f) = (0,6_1). By the univalence
of Z, this is true if and only if # = Z71(0,6_1), and the first d; components extracted by applying

Fy is 61. This ensures L is well-defined on R_.
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Below, for any set A, let A° denote the interior of A. Let R°; = {#_1 € R%-1:(0,0_;) € Z(0°)}.
Note that ¥p; is C! on ©° and, for each § = (61,0_1) € © with 0_; € Ry |, det(0¥ p1(6)/067) # 0.
Therefore, by the implicit function theorem, there is a C!-function L, and an open set V containing

0_1 such that

\I/P71(L1(9_1),9_1) = 0, for all 9_1 eV.

However, such a local implicit function must coincide with the unique global map L; on V. Hence,
Lily = l~}1, and therefore L; is continuously differentiable at 6_;. Since the choice of 6_; is

arbitrary, L; is continuously differentiable for all §_; € RS.

Showing that the conclusion holds for any other L; for j = 2,...,J is similar, and hence we omit

the proof. O

Lemma 4. Suppose Ep[fy|p x,z (D'0-1+ X'01) X X'] is positive definite. Then, for any subvector
X of X with dimension dx < dx, Eplfyip,x,z (D'0_1 + X'0) X X'] is positive definite.

Proof. In what follows, let W = fy|p x,7 (D'0 -1 + X'61) and let
A:=Eplfyipxz (D'0_1+X'01) XX'| = EWXX']. (E.8)

Let X be a subvector of X with d x components. Then, there exists a dx X dx permutation matrix

P, such that the first d x components of P,X is X.
Let B := E[W P, X X'P!] and note that

B = P,E[WXX'|P. = P, AP., (E.9)

by the linearity of the expectation operator and W being a scalar. Let A be an eigenvalue of B

such that
Bz = Az, (E.10)
for the corresponding eigenvector z € R%x. By (.9)-(E.10),
P AP.z =)z & AP.z=)\P. 'z (E.11)
Note that P-1 = P! due to P, being a permutation matrix. Letting y := P,z then yields
Ay = Ny, (E.12)

which in turn shows that A is an eigenvalue of A. For any eigenvalue of A, the argument above
can be reversed to show that it is also an eigenvalue of B. Since the choice of the eigenvalue is

arbitrary, A and B share the same eigenvalues.
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Now let C' := E[WXX'] and note that it is a leading principal submatrix of B. Then, by the

eigenvalue inclusion principle (Horn and Johnson, 1990, Theorem 4.3.28),
)\min(C) Z Amin(B) - Amin(A) > 07 (E13)

where the last inequality follows from the positive definiteness of A. This completes the claim of

the lemma. OJ

Proof of Corollary 1. The existence of K and its continuous differentiability follows immediately
from Lemma 1. For M, by the definition of Rl, for any 60_1 € ]?j, there exists (01,02) € O1 x Oy
such that

Upy(61,60-1) =0, (E.14)

Upa(01,02,m_g19y0-1) =0, (E.15)

By (i), one may then write 0; = Li(0-1) and 02 = La(L1(0-1),7_f1,2)0-1). Hence, the map
M - Rl — O defined below is well-

M1(9_1) = Lg(Ll(H_l),W_{LQ}Q_l). (Elﬁ)

Recursively, arguing in the same way, the maps

My (0-1) = L3(L1(0-1), Mi(0-1), 7_{12,310-1) (E.17)

Mj(«9,1) = Lj+1 (Ll(gfl), M1(9,1), ey Mjfl(efl), 7'['_{17.“’j+1}9,1) (E18)

Mg, (0—1) = Lj(L1(6-1), M1(6—1), ..., Ma,—1(6-1)) (E.19)

are well-defined on Rg, - ,RdD respectively. The continuous differentiability of M follows from
that of L;s and the chain rule. O

Proof of Proposition 1. =: For every solution, ¥p(0*) = 0, 0 = L; (0*_]-) by construction
under Assumptions 1 and 2. It follows that K (§*) = 6* and M (6*,) = 6* ;.

<: For the simultaneous response note that K (9) = 6 implies that éj = L; (é_j) for all j €
{1,---,J}. Thus, 0 solves ¥p(f) = 0 by Lemma 1. Consider next the sequential response. Let
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6,0 € © be such that 6~j = L;(0_;) for j=1,...,J. By Lemma 1, they satisfy
Upy (51,@7“' ,§J> =0

Upy (9},92,... ,9J> _ 0

Up, (51,92,--- ,9}) -0

Thus, a fixed point § = 6 satisfies ¥p (é) = 0. O

APPENDIX F. PROOFS OF THEORETICAL RESULTS IN SECTION 4

Proof of Proposition 2. We prove the result for K. By Assumption 3, there exists a strictly
convex set Dg on which the spectral norm of the Jacobian of K is uniformly bounded by 1. This
ensures that K is a contraction map on CZ(D k), and the claim of the proposition now follows from
Theorem 2.2.16 in Hasselblatt and Katok (2003). O
APPENDIX G. PROOFS OF THEORETICAL RESULTS IN SECTION 6
Proof of Theorem 1. Let H := I; — K. A fixed point 8* of K then satisfies
H(0")=0.

Similarly, let H := I; — K. The estimator f satisfies

|E@)? < jnf 17O + 7%, (G.1)

where 7y = 0,(N~1/2). Let ¢ : £*°(0)? xR — R? be a map such that, for each (H,r) € £>°(0)¢ xR,
0 = p(H,r) is an r-approximate solution, which satisfies
IH@)[* < inf |H(O)|*+7*. (G.2)
0'cO
One may then write

VN(by — 67) = VN(p(H,7) — (H,0)). (G-3)

By Corollary 2, VN (K — K) ~» W in £>°(©)%, where W is a Gaussian process defined in Corollary 2.
By Lemmas 6-7, Condition Z in Chernozhukov, Fernandez-Val, and Melly (2013)(CFM henceforth)

holds, which in turn ensures that one may apply Lemmas E.2 and E.3 in CFM. This ensures

VN(o(H,7) = o(H,0)) ~ ¢y o(W,0) = —H,."W(6"). (G-4)
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Hence, we obtain (6.5) with
V = H'E[W(0* )W (0*) | H,.". (G.5)
Finally, note that Hyp- = I; — Jg(6*) by Lemma 7. This establishes the theorem. O
Proof of Theorem 2. Recall that H = I;— K. The estimator éN satisfies
IHOn)I* < inf [[H @)+ %, (G.6)
0'cO
where ry = 0,(N~1/?). Similarly, let H* = I, — K*. Let P* denote the law of H* conditional on
{W;}2°,. The bootstrap estimator 6% satisfies
1 (03)11* < Jnf ()17 + (rx)?, (G.7)
where 7%, = op«(N~1/2) conditional on {W;}32,.
Using the r-approximation, one may therefore write
VN(Ox — On) = VN (p(H*,75) — o(H,rn)). (G.8)

Let Ep~ denote the conditional expectation with respect to P*. Let BL; denote the space of
bounded Lipschitz functions on R? with Lipschitz constant 1. Then, for any € > 0,

sup Ep*h(\/ﬁ[gp(ﬁ*,r}}) — gp(ﬁ,m\;)]) — Ep*h(go}io(\/ﬁ[(f[*,r}‘v)' — (ﬁ,rN)’]))’

heBL,

~

<e+ 2P*(H\/N[<p(fl*,r}"v) —o(H, )] = Puo(VN[(H*,r¥) — (H,ra)]) || > e). (G.9)

By Corollary 2, VN (H*—H) = —/N(K*—K) Lowlw. Noting that hogly , € BL1(£%°(0)xR)
and ry = 0,(N~1/2), it follows that

sup
heBLy

Eph(y o (VN [(H*,7%) — (H,rx)]) = Epeh o @y o(W, o)’ 0, (G.10)

with probability approaching 1 due to ry = op(N~1/2). Hence, for the conclusion of the theorem,
it suffices to show that the right hand side of (G.9) tends to 0 in probability.

For this, as shown in the proof of Theorem 1, ¢ is Hadamard differentiable at (H,0). Hence, by
Theorem 3.9.4 in Van der Vaart and Wellner (1996),

VN [p(H",r}) = 9(H,0)] = ¢y o VNI(H" k) — (H,0)]) +op-(1)

VN [p(H,rn) = o(H,0)] = ¢y o VNI(H, rx) = (H,0)]) +op(1),

Take the difference of the left and right hand sides respectively and note that cp’Hﬂ is linear. This
implies the right hand side of (G.9) tends to 0 in probability. This ensures

~ ~ *

VN((H,ry) = o(H,N)) ~ o(W,0) = —Hg ' W(8"). (G.11)
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O

Lemma 5. Suppose Assumptions 1-2 hold. (i) Let On be an estimator of 6 that satisfies (6.1).
Then, it also satisfies (6.2)-(6.3); (i) Let On be an estimator of 6* that satisfies (6.2)-(6.3). Then,
it also satisfies (6.1).

Proof. (i) Consider the case j = 2. Note that, by (6.1),

Ono — La(Li(On—1),0n3,---,0n.7) = Ono — Lo(On1 +7N1,0N3, -, ON.7) (G.12)
= ﬁ?(éN,l) éN,?n o aéN,J) - i’Q(éN,l + TN,1, éN,?n o aéN,J)a

(G.13)

where 71 = 0,(N~!/2), and the second equality follows from the definition of 9 N2 (G.13) can be

written as

Lo(On1, 0N, 0n,5) — Lo(Ong +7N1, 083, -, On,g)
= ([sz(éN,l, ONgs-- s 0Nng) — La(On1,0n 3, ... 0N,))]
— [La(Ona + 71,083, -, On,g) — Lo(On + 7N, 083, - - éN,J)])
+ [La(On1 +7N1,0N3, - ON.g) — La(On1,0n3, - -, On.)]
= 0p(N"'/) + Op(rn,), (G.14)
where the last equality follows from the stochastic equicontinuity of £ shown in the proof of Lemma
11 and L9 being Lipschitz since Ls is continuously differentiable with a derivative that is uniformly
bounded on the compact set ©. By (G.12)-(G.14), it holds that GAN,J- = Mj(éM_l) + 0p,(N~1/2) for

j = 2. Repeat the same argument sequentially for j = 3,...,J. The first conclusion of the lemma

then follows.

(ii) Suppose now that ry; = éNA - IZl(éNy_l) # op(N~1/2). Then, there is a subsequence
kx along which, for any n > 0, \/%NrkN’l > n for all ky with positive probability. Then, the
Op(7ky,1)-term in (G.14) is not op(kgflm), which therefore implies éNyj # Mj(éN7,1) + 0p(N~1/2)

for j = 2. The second conclusion of the lemma then follows. O

Lemma 6. Let A C RP be a compact set, and let K : A — RP be a map that has a unique fixed
point \g € A. let H : A — RP be defined by H(\) :== A—K(\). Then H }(z) ={\ € A: H(\) =z}

is continuous at x = 0 in Hausdorff distance.

Proof. For any x, write

H'z)={\: A= K(\) =z}
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Let z, — 0. Since )¢ is the unique fixed point of K, H~1(0) = {\¢}. Therefore,

dg(H™'(0), H ! (z,)) = max { inf  [[A=Xol, sup [A-— >\o||}
AEH1(zy) A )

( eH Yzp
= sup [|]A= A,
AeH1(zy)
Hence, it suffices to show that supycp-1(z,) [A — Aol = o(1). We show this by contradiction.

Suppose that there is a sequence {\,} C A and § > 0 such that \, € H~!(x,) for all n and {\,}
has a subsequence {\j, } such that ||Ag, — Ao|| > ¢ for all n. A, € A is a sequence in a compact
space, and hence there is a further subsequence \p, such that A\, — A* for some \* € A with

A* #£ Ag. By the continuity of K, one then has

)\hn — K()\hn) — A= K()\*)
By An, — K(Ap,) =z and x, — 0, it must hold that

AF—K(\") =0.

However this contradicts the fact that Ag is the unique fixed point, and hence the conclusion
follows. .
Lemma 7. Suppose H = I — K and K : RP — RP s continuously differentiable at Ag. Suppose
further that det(I — Ji(\o)) # 0. Let Hy, := I — Jg(Xo). Then,

lim sup |[t7'[H(Xo + th) — H(X\o)] — Hyh|| =0,
HO he|jhf|=1

and

inf ||Hy,h| > 0.
hi[[hf|=1

Proof. Let {h,} C SP be a sequence on the unit sphere. Then,
tT Y H(No + thy) — HXo)] — Haghn =t Ao + thy + K (Ao 4 thy) — Ao — K(Ao)] = h — Ji(Ao) I
=t K (Ao + thy) — K(Xo)] = Jr(Xo)hn
= (Jr(An) = Ik (AN0)) o,
where )\, is a mean value between Ao + th,, and Ag. Therefore, by the Cauchy-Schwarz inequality,
1075 (An) = T (Ao bl < 1Tk (An) = T (M) [ ]| = 0,

where we used ||h,|| = 1, Ay — Ao, and the continuity of the Jacobian.

For the second claim, note that

I Hxohll = (I = Jx(Xo))ll,
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and h — |[(I—Jg(No))h|| is continuous. Since the domain of h is compact, there is h* € SP such that
ianhH:l HH)\OhH = ||(I - JK()\O))h*H Let g = (I - JK()\Q))h* and note that I — JK(A()) is linearly
independent (due to det(! — Jx (o)) # 0), and hence ¢ # 0. Hence inf,—; | Hx k| = |lqll > 0.

Hence, the second conclusion follows. [l
The following result is a slight extension of Lemma E.1 in CFM.

Lemma 8. Suppose that A C RP and U is a compact and convexr set in RY. Let T be an open
set containing U. Suppose that ¥ : A x T — RP is continuous and X — V(A u) is the gradient of
a convex function in X for each u € U; (b) for each u € U, ¥(Ao(u),u) = 0; (c) %\P()\,u)
exists at (Ao(u),u) and is continuous at (Ao(u),u) for each u € U and ‘i’Ao(u),u = %‘P(Aju)b\o(u)
obeys infyeyy inf |, =1 ||\P,\O(u)7uh|| > cg > 0. Then, Condition Z in CFM holds and u +— Ao(u) is

continuously differentiable with derivative Jy,(u) = —\ilgol(u)u%‘ll(/\o(u),u).

Proof. The proof is the same as that of Lemma E.1 in CFM, in which i/ is a compact interval in
R. A slight modification is needed when one computes the derivative of A\g(u) with respect to w.

Since u is allowed to be multidimensional, the implicit function theorem gives

. 0
Iy (u) = —\I/)\Ol(u)uwlll()\o(u),u), (G.15)

which is uniformly bounded and continuous in u by condition (c¢), which ensures continuous differ-
entiability of u — Ag(u). Note that for any § > 0 and A € Bs(Ao(u)), there is n > 0 and «’ such
that ||u’ — u|| <7 so that

1A= Ao(u)F < 1A = Ao(u)[| + [[Ao(u) = Ao ()] < 20. (G.16)

Since U is compact (and hence totally bounded), there is a finite set {uj}}']:1 C U such that
U C U, By(uj). The argument above then shows that N' =, Bs(Xo(w)) C U; Bas(Xo(uy)),
which ensures that A is totally bounded. Since N is a subset of a Euclidean space (equipped with
a complete metric), it follows that A is compact. This ensures condition Z (i) in CFM. The rest

of the proof is essentially the same as the case, in which I/ being a compact interval. ]
Lemma 9. Suppose Assumption 2 holds. Let w = (y,d’,2’,2") and let T € (0,1). Define
M= {1 fwi0) = (y < d01 + 201} = )z,
(y Sd6-1+2/00} = 7)z1, o, (Hu S 00+ 20} = 7)24,),0 €O}, (G1T)

Then, M is a Donsker-class.
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Proof. The proof is standard, and hence we give a brief sketch for the first component of f,
filw;0) = ({y < d'0_1 + 2’61} — 7)x. Note that w — 1{y < d'0_1 + 2/6,} — 7 belongs to
Type Il-class in Andrews (1994), and the map w — x does not depend on the parameter. By The-
orems 2 and 3 in Andrews (1994), this function then satisfies the uniform entropy condition with
the envelope function M (w) = x, which is square integrable by assumption. Similar arguments
apply to the other components of f. By Theorem 1 in Andrews (1994), the empirical process: G,, f
is stochastically equicontinuous, and G, f(-,6) obeys the classical central limit theorem for each

f € ©. Hence, we conclude that M is Donsker. O

Below, let g(w;0) = (g1(w;0),...,gs(w;0)) be a vector such that

32

95w 6) = 00,00,

———Qpi(Li(0-5),0-;) " fi(w; Li(0-5),0—5), 5=1,....,J. (G.18)

Let p(6,0) := Hdiag(Ep[(g(W; 0) — Eplg(W;0)])(g(w; 0) — Ep[g(w; 0)] ])H be the variance semi-
metric. Let W; = (Y;, D}, X!, Z!),i = 1,..., N be an i.i.d. sample generated from the IVQR model.
Define

Lnj(0_;) = VN(Li(0_j) — L;j(6-;)) ,j=1,...,J. (G.19)

Similarly, let W} = (Y,*, D, X", Z¥),i = 1,...,N be an bootstrap sample from the empirical
distribution Py of {W;}. Define

L j(0-5) = VN(L;(0-5) = Lj(0-3) .j =1,....J, (G.20)

where I:; is the sample best response map of player j, which is defined as in (5.3)-(5.4) while
replacing W; with the bootstrap sample W in (5.1)-(5.2).
Lemma 10 below shows that the sample BR functions approximately solve sample estimating

equations and Lemma 11 characterizes the limiting distributions of Ly and L3;.

Lemma 10. Let the sample BR functions be Lj(6_;) € argmméjQNJ(éj,ﬁ_j),j =1,...,J. Let
ﬁj(H_j)* be an analog of ﬁj(H_j) for the bootstrap sample. Then, (i) the sample BR functions
satisfy

2

‘% S° (Y < DYy + X[La(0-1)} - 7) X,
=1

2 2
+rya(0-1), (G.21)

Z WY; < Dif_1 + X[61} — 7) X,
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and
1 — A 2
‘ﬁ > (Y < (X[, D) ;)05 + DijLi(0-5)} —7) Zi
=1
<'f1n1y<X’D’ O+ DL L0y — 1) 2| 0_; 2 J
S nZ( {Yi < (X0, D} _(j_1))0—j + Di;Li(0-j)} = 7)Zij| +13;(0-5), 5=2,....J,
=1

(G.22)

where supy_co_; [rn,;(0-;)] = op(N~Y?) for all j; (ii) the sample BR functions ﬁ;f(e_j),j =
1,...,J in the bootstrap sample satisfy (G.21)-(G.22) while replacing (Y;, D;, X;, Z;) with a bootstrap
sample (Y;*, Df, X}, Z7¥), each ﬁj with ﬁ;, and eachry,; withry, ; such thatsupy_ co_; ]r}‘v7j(9_j)] =
op-(N~1/2).

Proof. (i) For j > 2, the subgradient of Qx,; is

1o .
&= > (MY < (X[.D] ;)05 + Diyy Li(0-)} = 7) Zijn, (G.23)
i=1

and hence by the property of the subgradient, for any v € R, one has
&0 < Vo, Qng(L;(0-5),0-5,0), (G.24)

where Vg QN ; (L;j(0_;),6_;,v) is the directional derivative of Qn ;(6;,6_;) with respect to ; to-

ward direction v € R evaluated at (L;(6_;),0_;). Note that the directional derivative is given

by

A

N
1 . A
Vo, Qng(L(0-5),0-5,0) = =5 D Wi (Yi = (X0, Di ;. 0))'0-5 = Dij 1 Li(0-5), — Zij-1v) Zij-v,
=1

(G.25)

where

() = T—H{u<0} u#0 (@.26)
T—lH{w<0} u=0.
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Observe that —VQJ.QNJ(IZJ-(H,]-), 0_j,—v) <&v < ngQN,j(lA/j(G,j), 6_;,v). This implies
[&50] < Vo, @nj(Li(0-5),0-5,v) — (=Vo,Qu 3 (L;i(6-5), 60—, —v))
=N Z ( — (X[, D} _(;_1))'0-5 — Dj;Li(0-5), —Zij1v)

+ 5 (Y = (X[, D _j_y)'0—5 — D ;Li(6-5), Zz',j—w)>Zz',j—1v

N
1 .
= N Z X/ D/ (j_l))le_j + Dg,ij(H_j)}sgn(Zi7j_1v)Zi7j_1v
1 o .
= NZ = (X, Dl (j—l))le—J + D/ Lj(0—5)}Zij-1v]
=1
Y n . 7 . ’Zi,j—lv‘
< 2 = (X5, D; (jfl)) 0+ Di,jL](e—J)}> i:I{I’%fN N (G.27)
Noting that 3,0, 1{Y; = (X{, D} _;_1))'0—; + Dj;L;(6-;)} = dim(0;) = 1 and taking v = 1, we
obtain,
1 ¢ - Zij—
’; (WY < (X[, D) _(;1)0-5+ D ;Li(0-)} — ) Zij| < _max ’NJl’ =op(N~1/?),
(G.28)

uniformly in 0_;, where the last equality is due to E[|Z; j_1|*] < co by Assumption 2.2. Therefore,

for some 7y ; satisfying the assumption of the lemma, we may write

1 < N 2
‘ﬁ Z ({y; < (X1, D;,—(j—l))/efj +Dj;Li(0-)}y —7) Zij| < 7“12\7,]'(9*]')

1o 2,
<t 0 > (H{Y; < (X[, D) ;. 1))'0-5+ Di 05} —7) Zij| +7r%;(0-5). (G.29)
i=1
The proof for j =1 is similar. Also, (ii) can be shown by mimicking the argument above. (Il

Lemma 11. Suppose that Assumptions 1 and 2 hold. Then, (1) Ln := (LN 1,...,LN,7) satisfies
Ly() ~ W, (G.30)
where W is a tight Gaussian process in £°°(0)? with the covariance kernel

Cov(W(0), W(0)) = Ep[(g(W;0) — Eplg(W;0)])(9(W;8) — Ep[g(W;6)])]; (G.31)

L 1is stochastically equicontinuous with respect to the variance semimetric p; (i) Ly := (,C*N,l, e ,L’}‘VJ)

satisfies

Li() % W, (G.32)
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(iit) p satisfies limg o SUD|g_j| <5 p(0,6) — 0.

Proof. (i) We first work with Ly ;. For this, we establish that L; is Hadamard differentiable. Note
that 61 = Lq1(6_1) solves

Ep[(1{Y < D'6_, + X'61} — 7)X] = 0. (G.33)

Take U = O_1, = = Oy, ¥(A u) = Ep[(1{Y < Dut+X'A}—7)X]. Define ¢ : £°(Z xU)* x £°(U) —
0°(U), which maps (¢, ) to a solution ¢(1p, ) = A(+) such that

@), W) < inf [0, )| + r(w) (G.34)

Then, one may write L1(-) = ¢(¢,0). We then show that 1) satisfies the conditions of Lemma 8.
Note first that & and = are compact. 9 is continuous and A — (A, u) is the gradient of the convex
function A — Ep [p-(Y — Du— X'\)]. The function Li(u) = A\o(u) is defined as the exact solution
of ¥(A,u) = 0. Note also that, by Assumption 2,

0? 0
_— 01,0_1) = —Ep[(1{Y < D'6_ ! -
69189/1@})71( 1, 1) 69/1 P[( { > 1+X91} T)X]
0
= EP[@(FY\D,X,Z(DIGfl + X'01) — 7)X]
1
= Eplfyip,x,z(D'0-1 + X'61) X X'], (G.35)

where the second equality follows from the dominated convergence theorem, and the last display is

well-defined by the square integrability of X. Similarly,

82
WQP,I(Hb 0-1) = Ep[fypxz(D'0-1 + X'01)XD']. (G.36)
Hence, the derivative
0 o2 52
— U = (—— v -
e (A ) (aglae,lQp,l(al,a 1),89189,_1Qp,1(91,9 )

exists and is continuous by Assumption 2. By Assumption 2.4, \i/,\o(u)’u = 69?%@31([4(071), 0_1)
1

obeys

inf inf [|[¥, (k| = inf inf |E D'6_ + X'6;) X X']|h|| > 0. G.37
Inf ik 1@ uhll =, inf - inf [Eelfyipx2(D6-1 + X761 XX ]h| (G-37)

Then, by Lemma 8 and Lemma E.2 in CFM, ¢ is Hadamard differentiable tangentially to C(N X
U)K x {0} with the Hadamard derivative (of L;)

2

_WQRI(Ll(')a )AL (), ), (G.38)

¢/\Il,0(zv 0) =

where (z,0) — ¢y 4(2,0) is continuous over z € >(e)K.
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For j > 2, the argument is similar. For example, for j = 2, one may take Y = ©_o, = = Oy
and Y\, u) = Ep[(1{Y < D30y + (D1, X) u} — 7)Zs] and write La(-) = ¢(1),0). The rest of the
argument is the same.

Continuing with j = 1, by Lemma 10, one may write [:]() = ¢(¢Yn,rn1) with Yn (A u) =
+ le\il HY; < Dju+ XA} X; and supy_ co_, ["n,1(0-1)| = 0,(N~1/2). By Lemma 9 and applying
the 0-method (as in Lemma E.3 in CFM), we obtain

Ly() ~ W, (G.39)

where W = (W), ..., W’,) is a tight Gaussian process in £>°(0)?, where for each j, W; € £*°(©_;)%
is given pointwise by
82

Wj(e—j) = _69j80/<
J

Qrj(L;i(0—5),0-;) 'Gfi(w; Li(0—;),0-;), j=1,-+,J; (G.40)

Hence, its covariance kernel is as given in (G.31). By Lemma 1.3.8. in Van der Vaart and Wellner
(1996), {Ln} is asymptotically tight, which in turn means that {£y} is stochastically equicontin-
uous with respect to p by Theorem 1.5.7 in Van der Vaart and Wellner (1996).

(ii) For each j, let L} ; € (>°(©_;)% be defined pointwise by
Li;(0-5) = VN(L;(0-)) — L;(6-5))- (G.41)

Below, again we work with the case j = 1. Using ¢ (the solution to (G.34)) and applying Lemma

10, we may write

Li1(0-1) = VN(@(Wx,mx) — o(dn,Tn)), (G.42)

where (N, u) = N"PSN (1{Y; < Dju + XA} — 7)X;, and 9% is defined similarly for the
bootstrap sample. Let Ep« denote the conditional expectation with respect to P*, the law of
{W ]-\Ll conditional on the sample path. Let BL; denote the space of bounded Lipschitz functions

1 J

on R% with Lipschitz constant 1. Then, for any € > 0,

sup
heBLy

< e+ 2P (VN [0 i) — 6w )] = Bl o (VN[0 ri) = (dnara)]) | > €] (Gud3)

Ep-h(VN[¢({x.mx) — ¢(dn,7)]) — Ep-h(dy o (VN [(¥x, 7x) — (?Z)N,TN)]))‘

By Lemma 9 and Theorem 3.6.2 in Van der Vaart and Wellner (1996), \/]V(l[}j‘v — ) o Gfi.
Noting that ho ¢ € BLi(£>*(0_1)% x R) and 7y = 0,(N~'/2), it follows that

sup

sup Ep-h(¢yo(VN[(Vx:rx) = (b, 7w)])) — Epcho ¢y o(Gf1, o)( 0, (G.44)
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with probability approaching 1 due to ry = op(IN -1/ 2). Hence, for the conclusion of the theorem,
it suffices to show that the second term on the right hand side of (G.43) tends to 0.

As shown in the proof of (i), ¢ is Hadamard differentiable at (,0). Hence, by Theorem 3.9.4 in
Van der Vaart and Wellner (1996),

VN [0(05,73) = 6(0,0)] = ¢4 o (VN[ 7%) = (4,0)]) + 0+ (1)

VN[#(dnn) = 6, 0)] = ¢ o (VN[ ) = (,0)]) + 0p(1),
Take the difference of the left and right hand sides respectively and note that 923,\11,0 is linear. This
implies the right hand side of (G.43) tends to 0 in probability. This, together with (G.43)-(G.44),

ensures

« L
N~ W, (G.45)

where W1(0_1) = —%{;%QPJ(Ll(H_l),9_1)’1ij(-;L1(9_1),9_1). The analysis for any j # 1 is
similar, and one may apply the arguments above jointly across j = 1,...,J, which yields the second

claim of the lemma.

(iii) Consider the first submatrix of Ep[(g(W;8) — Ep[g(W;0)])(g(w; ) — Eplg(w;)])']. It is given
by

2
Var( - WQP,l(Ll(Q—l), 0-1) "' fi(w; L1(0-1),60-1))
2 ~ ~ ~ ~
— Var( -~ (99(?89,16213,1@1(9_1), 1) fi(w; L1(0-1),0-1))
__ Li(0_1),0_1)"V: :L1(0_1),0 & Li(0_1),0_)7!
_WQPJ( 1(0-1),0_1) " "Var(fy (w; L1(6_1), 71))WQP,1( 1(0-1),0-1)
2 B B ~ ~ 9 ) )
a 39?&9'1@13’1@1(9_1)’ 0_1)~"Var(fi(w; L1(0-1), 9—1))80f8(9/1QP,1(L1(9—1)7 0_1)""

(G.46)

Note that © is compact and 01 — 89?%@31@1(9_1), 6_1)~! is continuous by Lemma 1, which
1
implies that this map is uniformly continuous. Therefore, it remains to show the uniform continuity

of 6 — Var(fi(w;0)). Note that
Var(f1(w; L1(0-1),0-1)) = Ep[(1{Y < D'0_1 + X'L1(0_1)} — 7) X X']
— Ep[(l{Y < D/9_1 + X’Ll(ﬁ_l)} — T)X]Ep[(l{y < D/9_1 + XIL1(0_1)} — T)X]I. (G.47)

The right hand side of the display above is continuous on the compact domain ©, and hence it is uni-
formly continuous. One can argue the same way for the other subcomponents of diag (E pl(g(W;6)—

Ep[g(W;0)))(g(w;0) — Eplg(w; é)])’]) This completes the proof. O
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Corollary 2. Suppose that Assumptions 1 and 2 hold. (i) Let W; = (Y;, D}, X!, Z!)',i=1,...,N
be an i.i.d. sample generated from the IVQR model. Then,

VN(K — K) ~ W. (G.48)
(it) Let W} = (Y;*, DY, X}, Z),i=1,...,N be an bootstrap sample from the empirical distribu-
tion Py of {W;}N.|. Then,

VN(K* - K) % w.
Proof. (i) By Lemma 11, it follows that

VN(Li(-) = L1(-)y -, Ly () = Ly () ~» W.

Note that, by the definition of L and L, one has

VN(E;(0) = K5(0)) = VN(Lj(0-5) = Li(0-5)). 4 = 1.+, ]

The conclusion of the lemma then follows. The proof of (ii) is similar, and is therefore omitted. [

APPENDIX H. CONSISTENCY OF THE CONTRACTION ESTIMATOR

Below, we adopt the framework of Dominitz and Sherman (2005). Let (X, d) be a metric space.

For a contraction map F : X — X, let ¢y be the modulus of contraction such that
d(F(z),F(z')) < cpd(z,2),
for any z, 2’ € X.

Lemma 12. Suppose Assumptions 1, 2, and 3 hold. Let Oy be an estimator constructed by iterating

the dynamical system in (5.7) or (in (5.8)) sy times, where sy > —3InN/Incg. Then,
On — 0° = O,(N~1/2).

Proof. We show the result by applying Theorem 1 in Dominitz and Sherman (2005) to the estimator
obtained from the simultaneous dynamical system. The argument for the sequential system is

similar.

By Assumption 3, K is a contraction map on Dg. Let 6(*) be obtained from iterating s-times
the population dynamical system in (3.15). The iteration on the dynamical system is covergent
at least linearly (Bertsekas and Tsitsiklis, 1989, Proposition 1.1). Under the condition on sy,
arguing as in (Dominitz and Sherman, 2005, p.842), it follows that N/2||g(s~) — g*|| < [0 — 6*|.
Finally, by Corollary 2 and tightness of W, N'/2 SUPgep |K(0) — K(0)|| = Op(1). These imply the
conditions of Theorem 1 in Dominitz and Sherman (2005) with § = 1/2. The claim of the lemma

then follows. m
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TABLES
TABLE 1. Algorithms
One endogenous variable
Algorithm R-Package Comments

Contraction algorithm
Root-finding algorithm

IQR

uniroot (R Core Team, 2018)

500 gridpoints

Two endogenous variables

Algorithm

R-Package

Comments

Contraction algorithm
Root-finding algorithm
Nested root-finding algorithm

IQR

optim_sa (Husmann, Lange, and Spiegel, 2017)

uniroot (R Core Team, 2018)

implemented as optimizer

40x40 gridpoints, implementation: p.132 in
Chernozhukov, Hansen, and Wiithrich (2017)




Tables

TABLE 2. Bias and RMSE, 401(k) DGP with one endogenous regressor

Bias/10? RMSE/10?

T Contr. Brent IQR Contr. Brent IQR

0.15 -6.66 -6.52 -8.65 8.08 743  7.88
0.25 -1.77 -3.17 -3.14 3.89 3.97 3.97
0.50 0.88 0.54 0.74 1.99 1.99  2.00
0.75 -141 -1.10 -091 1.96 1.96  1.96
0.85  0.05 0.65 0.74 2.10 211 211

Notes: Monte Carlo simulation with 500 repetitions
as described in the main text. Contr: contraction
algorithm; Brent: root-finding algorithm based on
Brent’s method; IQR: inverse quantile regression.



Tables

TABLE 3. Bias and RMSE, 401(k) DGP with two endogenous regressors

Bias/10? RMSE/10?

T Contr. SA  Nested IQR Contr. SA Nested IQR

Coefficient on binary endogenous variable

0.15 -9.12 -1.73 -742 -936 8.03 6.92 7.63 8.19
0.25 -5.74 -5.84 -6.11 -6.52 446 440 4.45 4.54
050 -0.25 -0.36 -0.43 -042 194 1.96 1.95 2.00
0.75  0.24 0.26 0.21 0.36 1.81 1.82 1.82 1.87
0.85 -0.31  0.07 0.07 0.06 220 221 2.21 2.26

Coefficient on continuous endogenous variable

0.15 214 4.66 0.54 0.48 1.07 212 1.04 1.13
0.25  2.26 0.90 0.33 -0.03 097 125 097 1.04
0.50 1.12 0.16 0.03 0.01 0.89 096 095 1.07
0.75 -1.40 0.01 -0.26 0.00 0.98  1.06 1.07 1.16
0.85 -328 -1.08 -1.23 -1.12 1.11 1.25 1.26 1.33

Notes: Monte Carlo simulation with 500 repetitions as described
in the main text. Contr: contraction algorithm; SA: simulated an-
nealing based optimization algorithm; Nested: nested algorithm
based Brent’s method; IQR: inverse quantile regression.
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TABLE 4. Coverage, 401(k) DGP with one endogenous regressor

1-—a=0.95 1-a=09

T Contr. Brent Contr. Brent

0.15 095 095 091 0.88
025 09 096 093 093
050 096 096 091 091
0.7 094 094 089 0.89
085 094 095 090 090

Notes: Monte Carlo simulation with
1000 repetitions as described in the
main text. Contr: contraction al-
gorithm; Brent: root-finding algo-
rithm based on Brent’s method.
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Tables

TABLE 5. Computation time, 401(k) DGP with one endogenous regressor

N Contr. Brent IQR

1000 0.08 0.04 0.31
5000 0.37 0.14 2.57
10000  0.63 031 7.15

Notes: The table reports av-
erage computation time in
seconds at 7 = 0.5 over 50
simulation repetitions based
on the DGP described in the
main text. Contr: contrac-
tion algorithm; Brent: root-
finding algorithm based on
Brent’s method; IQR: inverse
quantile regression with grid
search over 500 grid points.
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TABLE 6. Computation time, 401(k) DGP with two endogenous regressor

N Contr. SA Nested IQR

1000 0.22  3.60 0.49 65.63
5000 1.76 2287 3.23  326.29
10000  4.80 64.47 9.63 743.63

Notes: The table reports average com-
putation time in seconds at 7 = 0.5
over 50 simulation repetitions based
on the DGP described in the main
text. Contr: contraction algorithm;
SA: simulated annealing based opti-
mization algorithm; Nested: nested al-
gorithm based Brent’s method; IQR:
inverse quantile regression with grid
search over 100x100 grid points.

27
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TABLE 7. Bias and RMSE, symmetric design with one endogenous regressor

Tables

N =500
Bias RMSE
T Contr. Brent IQR Contr. Brent IQR
0.15 0.03 -0.00 -0.00 0.10 0.10 0.10
0.25 0.03 0.00 0.00 0.12 0.12 0.12
0.50 -0.00 -0.00 -0.00 0.12 0.14 0.14
0.75 -0.04 -0.01 -0.01 0.13 0.12 0.12
0.85 -0.04 -0.00 -0.00 0.11 0.11 0.11
N = 1000
Bias RMSE
T Contr. Brent IQR Contr. Brent IQR
0.15 0.02 0.00 0.00 0.07 0.07  0.07
0.25 0.01 -0.00 -0.00 0.08 0.08 0.08
0.50 -0.01 -0.01 -0.01 0.09 0.10 0.10
0.75 -0.02 -0.00 -0.00 0.09 0.08 0.08
0.85 -0.02 -0.00 -0.00 0.08 0.08 0.08

Notes: Monte Carlo simulation with 500 repetitions

as described in the main text.
algorithm; Brent:

Contr:
root-finding algorithm based on

contraction

Brent’s method; IQR: inverse quantile regression.



TABLE 8. Bias and RMSE, asymmetric design with one endogenous regressor

Tables

N =500
Bias RMSE
T Contr. Brent IQR Contr. Brent IQR
0.15 0.12 0.01  -0.00 0.22 0.20 0.20
0.25 0.07 0.00 -0.00 0.17 0.16 0.16
0.50 0.04 -0.00 -0.00 0.13 0.12 0.12
0.75 0.03 0.00 0.00 0.11 0.11 0.11
0.85 -0.03 -0.01  -0.00 0.12 0.11 0.11
N = 1000
Bias RMSE
T Contr. Brent IQR Contr. Brent IQR
0.15 0.05 -0.01 -0.01 0.16 0.15 0.15
0.25 0.04 0.00 0.00 0.11 0.11 0.11
0.50  0.03 0.00  0.00 0.08 0.08  0.08
0.75  0.01 -0.01 -0.01 0.08 0.08 0.08
0.85 -0.03 -0.01 -0.01 0.09 0.09 0.09

Notes: Monte Carlo simulation with 500 repetitions

as described in the main text.
algorithm; Brent:

Contr:
root-finding algorithm based on

contraction

Brent’s method; IQR: inverse quantile regression.
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Tables

TABLE 9. Bias and RMSE, symmetric design with two endogenous regressors

N =500

Bias RMSE

T Contr. SA  Nested IQR Contr. SA Nested IQR

Coefficient on D1

0.15  0.00 0.00 -0.00 -0.01 011 0.14 0.12 0.13
025 o001 -0.010 -0.00 -0.01 015 0.17 0.16 0.16
0.50 -0.02 -0.02 -0.02 -0.02 0.17 0.19 0.19 0.20
0.75 -0.04 -0.03 -0.03 -0.03 0.21 021 020 0.20
0.85 -0.05 -0.03 -0.03 -0.03 0.18 0.18 0.17 0.17

Coefficient on D2

0.15 0.10 -0.010 -0.01 -0.02 0.27 029 027 031
025 010 -0.02 -0.00 -0.02 0.29 030 029 0.30
0.50 -0.01 -0.02 -0.02 -0.02 033 039 038 0.39
0.75 -0.15 -0.06 -0.04 -0.05 040 041 040 041
0.85 -0.19 -0.06 -0.056 -0.07 039 040 036 043

N = 1000

Bias RMSE

T Contr. SA  Nested IQR Contr. SA Nested IQR

Coefficient on D1

0.15 -0.00 -0.01 -0.00 -0.00 0.08 0.10 0.09 0.10
0.25 -0.00 -0.01 -0.00 -0.01 010 0.12 0.11 0.13
0.50 -0.01 -0.010 -0.010 -0.010 0.12 0.13 0.13 0.16
0.75 -0.01 -0.01 -0.01 -0.00 0.13 0.14 0.13 0.14
0.85 -0.02 -0.02 -0.01 -0.02 0.12 0.13 0.12 0.13

Coefficient on D2

0.15 0.05 -0.01 -0.01 -0.02 0.19 021 019 0.20
0.25 0.05 -0.01 -0.00 -0.01 022 023 021 0.23
0.50 -0.02 -0.02 -0.02 -0.03 0.25 027 027 0.29
0.75 -0.09 -0.02 -0.02 -0.03 027 028 025 0.26
0.85 -0.09 -0.03 -0.01 -0.03 026 025 023 0.24

Notes: Monte Carlo simulation with 500 repetitions as described
in the main text. Contr: contraction algorithm; SA: simulated an-
nealing based optimization algorithm; Nested: nested algorithm
based Brent’s method; IQR: inverse quantile regression.
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TABLE 10. Bias and RMSE, asymmetric design with two endogenous regressors

N =500

Bias RMSE

T Contr. SA  Nested IQR Contr. SA Nested IQR

Coefficient on D1

0.15 -0.02  0.00 0.02 0.01 025 028 026 0.26
0.25 -0.05 0.00 0.01 -0.00 0.20 0.21 020 0.21
0.50 -0.04 0.00 -0.00 0.00 0.16 021 017 0.19
075 -0.02 -0.010 -0.02 -0.02 0.17 0.18 0.17 0.19
0.85 -0.01 -0.02 -0.01 -0.02 020 019 019 0.19

Coefficient on D2

0.15 026 -0.11 -0.06 -0.13 0.57 0.58 0.52  0.59
025 023 -0.02 -0.01 -0.01 0.45 043 041 0.44
0.50 0.12 -0.04 -0.03 -0.07 034 048 032 0.73
0.75 0.04 -0.06 -0.05 -0.05 032 034 0.31 0.34
0.85 -0.13 -0.01 -0.03 0.01 0.40 038 034 0.36

N = 1000

Bias RMSE

T Contr. SA  Nested IQR Contr. SA Nested IQR

Coefficient on D1

0.15 -0.03 -0.00 0.01 -0.010 0.18 0.19 019 0.19
0.25 -0.04 -0.01 -0.00 -0.01 0.15 0.16 0.15 0.16
0.50 -0.03 -0.01 -0.01 -0.01 0.13 0.14 0.13 0.14
0.75 -0.03 -0.01 -0.01 -0.01 0.12 0.13 0.12 0.14
0.85 0.01 0.00 0.00 -0.00 0.14 0.15 0.13 0.15

Coefficient on D2

0.15 015 -0.03 -0.03 -0.04 037 038 037 0.39
0.25 0.10 -0.01 -0.01 -0.02 028 030 0.28 0.28
0.50 0.05 -0.03 -0.02 -0.03 0.22 023 022 024
0.75 0.06 -0.02 -0.01 -0.01 024 024 022 024
0.85 -0.08 -0.04 -0.03 -0.03 027 026 024 0.24

Notes: Monte Carlo simulation with 500 repetitions as described
in the main text. Contr: contraction algorithm; SA: simulated an-
nealing based optimization algorithm; Nested: nested algorithm
based Brent’s method; IQR: inverse quantile regression.
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TABLE 11. Coverage, location-scale DGP with one endogenous regressor

N =500

Symmetric Design Asymmetric Design

1-—a=0.95 1-a=09 1-a=095 1-a=09

T Contr. Brent Contr. Brent Contr. Brent Contr. Brent

0.15 0.95 0.97 0.91 0.93 0.92 0.97 0.87 0.94
0.25 0.95 0.97 0.91 0.92 0.93 0.96 0.89 0.93
0.50  0.96 0.97 0.90 0.91 0.94 0.96 0.90 0.92
0.75 0.95 0.96 0.90 0.92 0.96 0.96 0.93 0.92
0.85  0.96 0.97 0.91 0.93 0.95 0.95 0.93 0.92

N = 1000

Symmetric Design Asymmetric Design

1-a=0.95 1-a=0.9 1-a=0.95 1-a=09

T Contr. Brent Contr. Brent Contr. Brent Contr. Brent

0.15 0.96 0.96 0.90 0.91 0.93 0.96 0.87 0.93
0.25 094 0.94 0.90 0.89 0.93 0.95 0.88 0.91
0.50 0.96 0.96 0.90 0.91 0.93 0.94 0.89 0.89
0.75  0.95 0.95 0.91 0.92 0.95 0.94 0.90 0.90
0.85  0.96 0.95 0.91 0.92 0.96 0.95 0.92 0.90

Notes: Monte Carlo simulation with 1000 repetitions as described in the
main text. Contr: contraction algorithm; Brent: root-finding algorithm
based on Brent’s method.
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TABLE 12. Bias and RMSE, 401(k) DGP with three endogenous regressors

Bias/10? RMSE/10?

T Contr. Nested Contr. Nested

Coefficient on D

0.15 -5.04 -7.08 7.29 7.39
0.25 -2.04 -3.19 3.97 3.99
0.50 0.97 0.56 1.99 2.01
0.75 -0.97 -0.92 1.97 1.96
0.85 0.35 0.48 2.08 2.10

Coefficient on D2

0.15  0.95 -0.32 1.12 1.09
0.25 0.92 -0.46 0.94 0.98
0.50  1.56 0.60 0.94 0.99
0.75 -2.40 -1.41 1.06 1.14
0.85 -2.05 -0.23 1.14 1.24

Coefficient on Ds

0.15  1.87 0.02 1.09 1.12
0.25 1.94 -0.01 0.97 0.98
0.50  1.62 0.77 0.94 0.97
0.75 -0.25 0.66 1.04 1.12
0.85 -1.76 -0.33 1.14 1.30

Notes: Monte Carlo simulation with
500 repetitions as described in the main
text. Contr: contraction algorithm;
Nested: nested algorithm based Brent’s
method.
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Tables

TABLE 13. Computation time, 401(k) DGP with three endogenous regressor

N Contr.  Nested

1000 0.62 6.18
5000 3.27 43.37
10000  13.89 186.47

Notes: The table reports
average computation time
in seconds at 7 = 0.5 over
20 simulation repetitions
based on the DGP de-
scribed in the main text.
Contr: contraction algo-
rithm; Nested: nested
algorithm based Brent’s
method.
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