
NEURAL NETWORKS IN ECONOMICS:
A SELECTIVE REVIEW

By 

Xiaohong Chen, Luis Hoderlein and Jonas Lieber

June 2026

COWLES FOUNDATION DISCUSSION PAPER NO. 2539

COWLES FOUNDATION FOR RESEARCH IN ECONOMICS 

YALE UNIVERSITY  

Box 208281  

New Haven, Connecticut 06520-8281 

http://cowles.yale.edu/ 

http://cowles.yale.edu/


Neural Networks in Economics: A Selective Review

Xiaohong Chen

Yale University

Luis Hoderlein

Yale University

Jonas Lieber

Imperial College London

Abstract

The ”deep learning revolution” has led to remarkable success of neural networks in applica-

tions across a wide range of fields, such as computer vision, speech recognition, natural lan-

guage processing, code generation, protein structure prediction, image and video generation,

and dynamic control. This review introduces neural networks to economists. Recent advances

and challenges in approximation theory, neural network architecture, computation, economet-

ric theory and practice are presented. Finally, we survey the rapidly evolving applications of

modern neural networks and Large Language Models in economic research.
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1 Introduction

Economics and artificial neural networks share a long history of fruitful exchange, beginning with the pi-

oneering work of Halbert White White (1987, 1988, 1989). Since around 2010, neural networks have

undergone a dramatic transformation, often called the “deep learning revolution” (e.g., Sejnowski (2018)),

that is now increasingly shaping empirical economic research. This review introduces neural networks to

economists, surveys their applications in economics, and provides theoretical perspectives on what is and

what is not yet understood about their properties as econometric tools. Throughout, we use “neural net-

work,” “neural net,” and “NN” interchangeably.

1.1 What is a Neural Network?

It is often remarked that neural networks are like Lego structures: they have an architecture specifying how

simple building blocks are combined. The basic building blocks are called layers.

Traditionally, a neural net is a map f from a vector of inputs x to a vector of outputs ŷ := f(x).

The map f is a composition of simpler functions, called layers. The first layer takes the raw input x, the

second layer takes the first layer’s output and possibly x, the third layer takes the second layer’s output and

possibly the first layer’s output and x as inputs, and so on until the final layer outputs ŷ = f(x). The total

number of layers, denoted as L, is called the depth of the neural net. All layers in a neural net except the

last (output) layer are called hidden layers. A neural net with one hidden layer is called a shallow NN (also

called a two-layer NN due to the output layer). A neural net with more than one hidden layer is called a

multi-layer NN or deep neural net (DNN). The dimension of a layer’s output is the width of this layer. The

width of a neural net is the maximum width of all of its layers. A wide NN has layers of large width, a

narrow NN has layers of small width.

We thank the editor and an anonymous referee for very helpful comments that significantly improved
the paper. We are grateful to Max Stinchcombe for sharing insights into his early engagement with neural
networks in the late 1980s. All remaining errors are our own. Edited by Stéphane Bonhomme.
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The basic layer type is the (fully-connected) feedforward layer. If the l-th layer of a NN is feedfor-

ward, it can be written as

hl := f l(W lhl−1 + bl),

where hl−1 is the previous layer’s output and h0 := x. It is common to refer to the elements of hl as the

neurons of layer l. The dimension of hl is the width of the l-th layer. W l is the layer’s weight matrix, and

bl is the vector of intercepts, whose elements are called biases.1 f l is the activation function of layer l.

Traditionally, activation functions are univariate nonlinear functions that are applied element-by-element

to vectors. Commonly used activation functions include the sigmoid z 7→ 1/(1 + exp(−z)), and the

ReLU, defined by z 7→ max{0, z}. Appendix A provides a visualization and more examples of activation

functions. The last layer is called the output layer and its output is denoted by y. The output layer often uses

specific f ’s. Typical examples are the identity for regression problems and the multinomial logit, called

softmax, for classification problems.

A neural net consisting only of fully-connected feedforward layers (f l,W l, bl)l=1,...,L is called a

fully-connected feedforward NN. As it is the baseline specification of a neural net, it is also often referred

to simply as a neural net. Other neural network architectures have qualifying names such as “convolutional

neural net”. In a fully-connected feedforward NN, the act of taking an input x and sequentially computing

h1, h2, . . . , hL, ŷ is called feeding x forward. Figure 1 illustrates this. Each circle denotes a scalar. The

output layer’s width is application-specific: in Figure 1 it is one, whereas a classifier over 1000 classes

would have 1000 output neurons.

The expressiveness of a neural net arises from the repeated composition of nonlinear activation

functions with affine transformations W lhl−1 + bl. The architecture of a fully-connected NN is specified

by its depth, the width of each layer, and the activation function at each layer. Mathematically, even a

shallow NN (a single hidden-layer NN) with a nonlinear activation function can already approximate any

1There is no connection to the usual notion of bias in econometrics and statistics.
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Figure 1: A fully-connected neural net with 2 inputs, two hidden layers (with 4 neurons in the first and 2
neurons in the second hidden layer) and a scalar output.
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continuous multivariate function on a bounded domain—the universal approximation property, see Hornik,

Stinchcombe, and White (1989); Cybenko (1989). The practical art lies in choosing an architecture of a

NN well suited to the empirical or computational task at hand. Section 3 presents additional layer types and

architectures beyond the fully-connected case; also see Goodfellow, Bengio, and Courville (2016); Bishop

and Bishop (2023) for textbook treatments.

1.2 Historical Notes

The current successes of neural nets arise from a long intellectual history. Building on mathematical models

of the brain by McCulloch and Pitts (1943); Hebb (1949), Rosenblatt (1958) introduced the first neural

network architecture, the perceptron. Ivakhnenko and Lapa (1966) trained the first feedforward neural

network with multiple hidden layers using heuristic methods. Efficient gradient computation—essential for

simultaneously updating all parameters via gradient descent—was enabled by backpropagation, developed

independently by Linnainmaa (1970); Werbos (1974, 1982) and popularized for training neural networks

in the 1980s by Rumelhart, Hinton, and Williams (1986). In the same period, John Hopfield introduced

what are now called Hopfield networks, or recurrent NNs, see Hopfield (1982, 1984), modeling interactions

of neurons in the brain. Geoffrey Hinton and Terry Sejnowski proposed the Boltzmann machine for
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training them, see Ackley, Hinton, and Sejnowski (1985). Since Rumelhart, Hinton, and Williams (1986),

backpropagation-based algorithms have been the default for training deep and wide NNs.

David Rumelhart, a UCSD faculty member from 1967 to 1987, popularized backpropagation with

Geoffrey Hinton and Ronald Williams.2 During this period, Rumelhart sparked the interest of his UCSD

colleague Halbert White, who in turn drew his next-door office neighbor Max Stinchcombe, a junior game

theorist at the time, into the subject. To the best of our knowledge, Hal White was the first econometrician

to publish research on NNs: White (1987) establishes asymptotic results for backpropagation; White (1988)

applies NNs to economic prediction in the stock market; and White (1989) is the first to apply stochastic

approximation theory of Robbins and Monro (1951) to establish the consistency and asymptotic normality

of the single-hidden-layer feedforward neural network nonlinear parametric least squares estimator trained

via stochastic gradient descent. Together with Kurt Hornik, then a UCSD visitor, Stinchcombe and White

proved one of the first universal approximation theorems for single-hidden-layer neural networks Hornik,

Stinchcombe, and White (1989), followed by Hornik, Stinchcombe, and White (1990); Hornik et al. (1994)

and a few more. Around the same period, Hal White also published several papers on NN approximation

and consistent estimation of a smooth nonparametric conditional mean function with his friend Ron Gallant;

see Gallant and White (1992).

Hal White advised many PhD students at UCSD and collaborated with several on neural networks,

including Jeffrey Wooldridge (White and Wooldridge (1991)), Chien-Fu Jeff Lin (Lin (1992)), Mark

Kamstra (Kamstra (1992)), Tae-Hwy Lee (Lee, White, and Granger (1993)), Mark Plutowski (Plutowski

and White (1993)), Chung-ming Kuan (Kuan (1989); Kuan and White (1994)), Valentina Corradi (Corradi

and White (1995)), Norm Swanson (Swanson and White (1997)), Andreas Gottschling (Gottschling

(1997)), Xiaohong Chen (Chen (1993); Chen and White (1999)), and Chango Han (Han (1999)).3 These

dissertations and papers show that White’s research in neural networks covered various aspects in theory

2Hinton was a UCSD visiting scholar in 1978–1980 and in January–June 1982; Williams was Rumel-
hart’s PhD student. Rumelhart also advised Michael Jordan’s 1985 PhD thesis at UCSD.

3The Mathematics Genealogy Project lists 36 PhD students of Hal White. Here we mention only those
whose PhD thesis and/or published papers are on neural networks in a narrow sense. Others have published
important work with Hal White on various aspects of econometrics. For more on White’s influence, see
Chen and Swanson (2012, 2014).
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(approximation, estimation, convergence rate, asymptotic normality, and testing), algorithm/computation,

and applications (to economics and finance).

To the best of our knowledge, Kuan and White (1994) is the earliest review of neural networks writ-

ten for economists, covering the universal approximation property, backpropagation, the consistency and

asymptotic normality of a parametric shallow neural network nonlinear least squares estimator. Other

early reviews include Beltratti, Margarita, and Terna (1996), who emphasize finance and bounded ratio-

nality, and Herbrich et al. (1999), who discuss classification, time-series prediction, and preference learning.

When those reviews were written, most trainable neural networks were shallow or had only a few

hidden layers. Indeed, early universal approximation results by Hornik, Stinchcombe, and White (1989);

Cybenko (1989) show that a NN with a single hidden layer can approximate any multivariate continuous

function arbitrarily well.4 As documented by Hochreiter (1991), computational difficulties largely

prevented the use of many hidden layers at the time. In the late 1990s, support vector machines often

outperformed neural nets in practice, see Schölkopf, Burges, and Vapnik (1995), as reflected in economic

reviews of that era such as Herbrich et al. (1999).

Interest in multi-layer neural networks rekindled after 2010, when advances in GPU computing by

Oh and Jung (2004); Steinkraus, Buck, and Simard (2005), improvements in network architectures (see

Section 3), and the availability of high-quality large-scale datasets such as ImageNet, introduced by Deng

et al. (2009), enabled deep neural networks to achieve state-of-the-art performance in speech, vision, and

language tasks, as demonstrated by Cireşan et al. (2010); Krizhevsky, Sutskever, and Hinton (2012). The

resulting successes of overparameterized deep neural networks have been characterized as a “deep learning

revolution,” for which Geoffrey Hinton, Yoshua Bengio, and Yann LeCun were awarded the 2018 Turing

Award. In 2024, Geoffrey Hinton and John Hopfield received the Nobel Prize in Physics “for foundational

discoveries and inventions that enable machine learning with artificial neural networks.” Of course,

numerous other scholars have contributed to these advances; see Schmidhuber (2015); Sejnowski (2018).

4See section 2 for discussions on the theoretical advantages of considering deep instead of wide neural
networks.
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The deep learning revolution has led to the recent success of large language models. Many economists

adopted these tools in the late 2010s, leading to an explosion of applications and reviews as illustrated in

Figure 1 of Zheng, Xu, and Xiao (2023).

1.3 Summary of this Review

This review focuses on neural net architectures and economic applications that have emerged since the deep

learning revolution around 2010. We begin with theoretical perspectives in Section 2, emphasizing what

neural nets add relative to other flexible semiparametric and nonparametric tools. Section 3 then offers a

more concrete guide to modern architectures and large language models. Section 4 reviews some recent

economic applications. Section 5 briefly concludes.

In our view, the success of modern NNs reflects four forces working together: (i) approximation

and representation results showing that rich network classes can express complex high-dimensional

relationships; (ii) computational and architectural advances, including GPUs, automatic differentiation,

transformers, reinforcement learning and mixtures-of-experts; (iii) large and high-quality datasets; and

(iv) the human and computational resources at industrial scale needed to effectively combine (ii) and (iii).

We do not think universal approximation results alone explain the current empirical successes: Universal

approximation properties only establish that neural nets are expressive enough in principle. The recent

practical breakthroughs come from turning that expressive power into algorithms, predictors and classifiers

that can be trained using large-scale high-quality data sets, and that can sometimes generalize well.

2 Theoretical Perspectives

Two broad ideas motivate interest in neural networks. The first is representation: every multivariate function

can be expressed as compositions and sums of simpler, often univariate, functions, though the representation

is not unique. The second is approximation: even when an exact representation is too difficult to recover

from data, neural nets can approximate rich classes of functions to arbitrary precision. Different neural

net architectures may have different approximation error rates for different classes of target functions. For

economics, the approximation perspective is the more useful one, because it justifies viewing neural nets as
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flexible nonlinear sieves and focuses attention on approximation rates, complexity control, and the inferen-

tial objects that matter for empirical work.

2.1 Kolmogorov-Arnold Representation

Can every multivariate function be decomposed into univariate building blocks? The Kolmogorov–Arnold

representation theorem gives a striking affirmative answer.

Theorem 2.1. Let d ≥ 2 and γ ≥ 2d + 2 be given integers. Set a = [γ(γ − 1)]−1, λ1 = 1, λp =∑∞
j=1 γ

−(p−1)(dj−1)/(d−1) for p = 2, 3, . . . , d and bq = (2d+ 1)q for q = 0, 1, . . . , 2d. Then there exists a

universal, monotonically increasing function ϕ : R→ R that is Lipschitz-continuous with Lipschitz constant

at most ln(2)/ ln(γ) such that, for every d-variable function f : [0, 1]d → R, there exists a one-variable

function gf satisfying

f(x1, . . . , xd) =

2d∑
q=0

gf

 d∑
p=1

λpϕ(xp + aq) + bq

 ,

where gf can be chosen to be continuous, discontinuous bounded or unbounded respectively if f is contin-

uous, discontinuous bounded or unbounded.

This result is Theorem 2.1 from Ismayilova and Ismailov (2024), which gives a Kolmogorov two-hidden-

layer feedforward NN representation of any multivariate function f : [0, 1]d → R. In particular, univariate

nonlinearities are applied to affinely transformed coordinates, then aggregated and passed through another

set of univariate functions.

Although the Kolmogorov-Arnold representation theorem motivates the expressiveness of multi-layer NNs,

it is very difficult to recover the exact nonlinear activation functions gf and ϕ from data for an arbitrary

unknown multivariate function f , since the second-hidden-layer activation function gf depends on f in

an unknown way. Nevertheless, this representation theorem does motivate various deep NN architectures.

See, e.g., Schmidt-Hieber (2021) for deep NN with ReLU activations to approximate Hölder continuous

functions, and Liu et al. (2025) and Wang et al. (2025) for multi-layer spline activation NN.
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2.2 Universal Approximators and Approximation Error Rate

A classical result is that even shallow NNs can be universal approximators. One convenient version is the

following theorem, which summarizes results of Cybenko (1989); Hornik, Stinchcombe, and White (1989,

1990); Leshno et al. (1993).

Theorem 2.2 (Universal Approximation, informal). Let Ω ⊂ Rd be connected and compact and let σ :

R→ R be a bounded continuous activation function that is not a polynomial. Let

Σσm(Ω) :=

g : Ω→ R : g(x) =

m∑
j=1

ajσ(w
′
jx+ bj) : aj , bj ∈ R, wj ∈ Rd


denote the class of one-hidden-layer NNs with activation function σ and widthm. Then, for every continuous

function f : Ω→ R and every ε > 0, there exists a g ∈ Σσm(Ω) such that

∥f − g∥∞ := sup
x∈Ω
|f(x)− g(x)| ≤ ε .

The universal approximation theorem is an existence statement. It shows that NNs with a single hidden layer

can approximate any continuous function on a compact set arbitrarily well. This result suffices to establish

consistency of a shallow NN sieve for estimation of the conditional mean in nonparametric least squares

learning; see, e.g., White and Wooldridge (1991); Gallant and White (1992). However, it does not tell us

how accurate any given approximation is. For numerical computation as well as for econometric estimation

and inference, we need to know how fast the approximation error infg∈Σσ
m(Ω) ∥f − g∥∞ vanishes as the

shallow NN sieve width m grows.

2.2.1 Approximation Error Rate of Shallow NNs for Generalized Barron Class Barron (1993) es-

tablished a well-known approximation error rate of m−1/2 on how fast shallow NNs Σσm(Ω) can approx-

imate a smooth function f belonging to the space of square-integrable functions whose Fourier transform

has finite first moment, which is now called the Barron space. For a nonparametric regression function

E[Y |X] = f(X) approximated using a shallow NN sieve with width mn, the approximation rate (mn)
−1/2

implies an L2-convergence rate slower than n−1/4, where n is the sample size. Barron (1993)’s approx-

imation rate was subsequently improved to m−1/2−1/(2d) in Makovoz (1996) for the Heaviside activation
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σ(u) = 1{u ≥ 0}, and tom−1/2−1/(d+1) in Chen and White (1999) for general sigmoid activation functions.

These slightly improved approximation error rates are enough to yield a faster than n−1/4 convergence rate

in L2-norm for shallow NN sieve estimators of conditional means, conditional quantiles, and conditional

densities; see Chen and Shen (1998); Chen and White (1999). Recently, DeVore et al. (2025) establish a

sharp approximation error rate for shallow ReLU networks. The following is an informal version of their

Theorem 6.1.

Theorem 2.3 (DeVore et al. (2025), informal). Let Ω ⊂ Rd be bounded and let ΣReLU
m (Ω) denote the class

of one-hidden-layer ReLU networks on Ω with width m. If f belongs to the weighted variation space Vw(Ω)

introduced by DeVore et al. (2025), then

inf
g∈ΣReLU

m (Ω)
∥f − g∥L2(Ω) ≤ C∥f∥Vw(Ω)m

−1/2−3/(2d),

where C depends only on the dimension d.

As pointed out in DeVore et al. (2025), the weighted variation space Vw(Ω) contains the original Barron

class as a strict subset. The importance of DeVore et al. (2025) is not only the best approximation error rate

but the observation that by tailoring the weighted variation space Vw(Ω) to the geometry of the bounded

domain Ω, single-hidden layer ReLU NN sieves can achieve faster approximation error rate for any target

function in Vw(Ω). This approximation error rate can be used to derive a final convergence rate that is faster

than n−1/4 in estimating a nonparametric function in Vw(Ω) using ReLU shallow NNs.

2.2.2 Approximation Error Rate of Deep NNs for the Sobolev Class of Functions A sharp

approximation-theoretic result for fully-connected deep ReLU sieves is given by Yang (2025), which

extends earlier results by Siegel (2023); Lu et al. (2021) and others.

Theorem 2.4 (Yang (2025), informal). Let Ω = [0, 1]d, let s/d > 0, and let 1 ≤ p ≤ ∞, andWs
p(Ω) be the

Sobolev space. Let FReLU
m,L (Ω) denote the class of scalar-valued fully-connected ReLU networks on Ω with

width m and depth L. Then for every f ∈ Ws
p(Ω),

inf
g∈FReLU

m,L (Ω)
∥f − g∥Lp(Ω) ≤ C∥f∥Ws

p(Ω)(mL)
−2s/d,
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where C depends only on (s, p, d).

This upper bound is sharp for fully-connected feedforward NNs’ approximation toWs
p(Ω); see Zhou (2020)

for an approximation error rate for deep convolutional NNs. Using this approximation error rate, Yang

(2025) obtains the almost optimal nonparametric least squares (LS) estimation error rate. Without imposing

extra structure on the unknown target function f in the Sobolev space, the approximation error rate by

fully-connected NNs and the nonparametric LS NN estimation still suffers the “curse of dimensionality d”.

2.2.3 Sparse DNN for Sparse Compositional Smooth Class of Functions Schmidt-Hieber (2020) stud-

ies the approximation error rate of a class of sparse deep ReLU networks to a target smooth function with a

special compositional structure.

Theorem 2.5 (Schmidt-Hieber (2020), informal). Suppose

f0 = gq ◦ gq−1 ◦ · · · ◦ g0,

where each component map gi depends on at most ti variables and has Hölder smoothness index βi. Define

the effective smoothness indices β∗i := βi
∏q
ℓ=i+1(βℓ ∧ 1). Then:

inf
g∈FReLU

m,L,S

∥g − f0∥∞ ≤ C max
i=0,...,q

m−β∗
i /ti ,

for suitable deep ReLU architectures FReLU
m,L,S with hidden widths of order m, depth L ≲ logm, and sparsity

S ≲ m logm.

When the target function f0 has a low-dimensional compositional architecture, for example additive struc-

ture, generalized additive structure as in Horowitz and Mammen (2007), or single-index type structure, the

relevant dimensions are the intrinsic ti rather than the ambient dimension d, which yields a faster approx-

imation rate and faster estimation rates; see, e.g., Schmidt-Hieber (2020); Kohler and Langer (2021). In

Section 2.3, we review how economic shape constraints can be imposed on neural networks.
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2.3 Shape Restrictions

Shape restrictions such as monotonicity, concavity, convexity, and separability play an important role in

identification and estimation of economic models, see, e.g., Matzkin (1994); Chetverikov, Santos, and

Shaikh (2018). Imposing such shape restrictions can be viewed as yielding economics-informed neural

networks, by analogy with physics-informed neural networks; see, e.g., Raissi, Perdikaris, and Karniadakis

(2019). These restrictions can be encoded directly in the NN architectures, or alternatively be imposed

through constrained estimation or a penalty on the criterion function.

First, we review the early literature which considered neural networks with a single hidden layer.

Joerding and Meador (1991) enforce concavity and monotonicity of a neural network with a single

hidden layer via constraints on the weights. Joerding and Li (1994) propose enforcing three types

of constraints on neural networks with a single hidden layer in the context of a simulated annealing

optimization routine, a general optimization routine which is guaranteed to converge eventually but

typically takes prohibitively long in practice. First, they propose to enforce box constraints for the output

of the neural network provided that the activation function of the last layer is bounded itself, e.g. the

sigmoid. Second, they enforce linear inequality constraints on the parameters to avoid the weight space

symmetry discussed above. Third, they enforce linear constraints to avoid a similar sign symmetry prop-

erty, for example for the sigmoid σ(z) = 1−σ(−z) which also leads to non-identification of the parameters.

When a differentiable neural net is used to approximate a scalar-valued function, then the Hessian

of the neural net is symmetric by Schwarz’s Theorem/Clairaut’s Theorem. However, sometimes, a neural

network is used to approximate a gradient. For example, when trying to estimate a production function

F (x1, . . . , xn), one may observe input prices p1, . . . , pn and output price p as well as the inputs x1, . . . , xn

but not output F (x1, . . . xn). However, profit maximization implies

∂F (x1, . . . , xn)

∂xj
=
pj
p
.

One can thus train a neural network to predict the outcome vector (p1p , . . . ,
pn
p ) given the features

x1, . . . , xn. This identifies the gradient of the production function. The Jacobian of this gradient is the
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Hessian of the production function and should thus be symmetric. But this symmetry is not directly

imposed when estimating the gradient and could be violated in finite datasets. Cardell, Joerding, and Li

(1995) propose to enforce this symmetry directly when estimating the production function and derive

the parameter constraints sufficient to enforce this for the case of single hidden-layer neural nets using

quadratic constraints.

Recent papers have considered shape constraints for neural networks with multiple hidden layers.

Amos, Xu, and Kolter (2017) propose an architecture for which convexity can be imposed directly:

if the hidden-to-hidden weight matrices are nonnegative and the activation functions are convex and

nondecreasing, the network output is convex in the constrained inputs. Han et al. (2022) establish a

universal approximation result of neural networks for symmetric and anti-symmetric functions. The

symmetric function approximation is used in Han, Yang, and E (2026) to construct generalized moments

inside a DNN global solution algorithm for a class of high-dimensional heterogeneous agent models with

aggregate shocks. There are also results on imposing monotonicity in NNs; see, e.g., Kim and Lee (2024);

Azinovic-Yang and Žemlička (2025) for recent references.

Chen and Ludvigson (2009) estimate a semiparametric consumption-based asset-pricing model with

unknown habit formation, with the period t habit level denoted as Ht := H(Ct, Ct−1, . . . , Ct−L),

which is a homogeneous-of-degree-one unknown function of current and lagged quarterly aggregate

non-durable consumption (Ct, Ct−1, . . . , Ct−L). For identification and asset pricing theory they impose

that Ht
Ct

:= h
(
Ct−1

Ct
, . . . ,

Ct−L

Ct

)
∈ (0, 1), which is approximated via a single-hidden-layer sigmoid network.

Because the logistic activation takes values in (0, 1), they can constrain the network parameters so that

the implied habit stock always remains below current consumption—the architecture itself makes the

constraint tractable. Menzel (2021) derives network structures from economic primitives: in his production

and nested-discrete-choice examples, hidden states correspond to latent intermediate decisions and the

activation functions are tied to the model’s optimality conditions. The resulting architecture is both a

universal approximator and a vehicle for encoding economically motivated sign and curvature restrictions.

Finally, the Kolmogorov-Arnold representation also motivates some generalized additive models and other

shape-restricted semi-nonparametric models such as Coppejans (2004); Horowitz and Mammen (2007).
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Taken together, these examples indicate that neural nets are flexible approximations to any high-

dimensional economic object of interest and can preserve/encode shape restrictions implied by economic

theory. Furthermore, if the shape restrictions are correctly specified, the shape-preserving NNs can be

trained more stably than unrestricted NNs and can generalize better out of sample.

2.4 NN Sieve Extremum Estimation and Inference

Most economic questions are ultimately about economic objects—demand functions, production functions,

conditional choice probabilities, pricing kernels, continuation values, treatment effects—not about the

weight parameters of a particular neural network. From an econometric standpoint, it is therefore more

useful to treat a neural net as a flexible approximating class, that is, a nonlinear sieve, for an identified

economic primitive.

Neural nets are especially attractive as nonlinear sieves when the target object is a conditional mean,

conditional quantile, conditional density, or conditional choice probability depending on a moderately

high-dimensional vector of covariates/features. In those settings, the function of interest may be nonpara-

metrically identified even though the network parameters themselves are not point-identified.5 Once neural

nets are interpreted this way, the general sieve toolkit (see Chen (2007)) for consistency, convergence rates,

semiparametric efficiency, and testing becomes directly relevant. Indeed, in his Nobel lecture entitled

“Economic Choices”, McFadden (2001) writes on page 360

“It is possible to use latent class models to obtain nonparametric estimates of any family of

RUM [Random Utility Model]-consistent choice probabilities by the method of sieves. The la-

tent class model is a single hidden-layer feedforward neural network (with MNL [Multinomial

Logit] activation functions), and the asymptotic approximation theory that has been developed

for neural networks can be applied to establish convergence rates and stopping rules (Hal

White, 1989, 1992; Bing Cheng and D.Michael Titterington, 1994; Xiaohong Chen and White,

5For example, a one-hidden-layer ReLU network can often be re-parameterized by permuting hidden
units without changing the input-output map. This “weight-space symmetry” is one reason the network
weights/parameters are rarely the economically meaningful objects.
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1998; Chunrong Ai and Chen, 1999).”

2.4.1 Neural Network Semi/nonparametric M-Estimation and Inference Many econometric problems

share a common semi/nonparametric structure: a finite-dimensional parameter of interest θ ∈ Θ ⊂ Rdθ

appears alongside an unknown infinite-dimensional function h ∈ H. Write α = (θ, h) ∈ A := Θ × H.

Let α0 = (θ0, h0) ∈ A denote the unique global minimizer of infα∈A E[ℓ(Wi;α)], where ℓ is a general

loss function and {Wi}ni=1 is an i.i.d. (or weakly dependent) sample. With cross-entropy loss, this covers

classification problems in which conditional class probabilities are parameterized by a neural-net sieve.

With negative log-likelihood (or quasi-likelihood), generalized least squares, quantile regression and

Huber’s M losses, it covers various semi/nonparametric problems in which the neural net enters through

an unknown index, density, or choice-probability component while the rest of the model remains parametric.

We approximate h ∈ H by a NN sieve HNNn ⊂ H, and set An := Θ × HNNn . Let α̂n ∈ An be

an approximate sieve M-estimator solving

1

n

n∑
i=1

ℓ(Wi; α̂n) ≤ inf
α∈An

1

n

n∑
i=1

ℓ(Wi;α) +OP (ε
2
n), with εn → 0. (1)

The large sample theoretical results, including convergence rate and asymptotic normality of smooth

functionals, for general sieve M-estimation and inference are directly applicable to the approximate NN

sieve M problem (1); see, e.g., Shen and Wong (1994); Shen (1997) for i.i.d. data and Chen and Shen

(1998) for weakly dependent data. We present one simple version of convergence rate below.

Let ∥α − α0∥ be a pseudo-metric on A = Θ × H such that ∥α − α0∥2 ≍ E[ℓ(Wi;α) − ℓ(Wi;α0)]

locally around α0 ∈ A. For a negative log-likelihood criterion, this pseudo-metric becomes the Kullback-

Leibler (KL) divergence; for a nonparametric regression loss E[(Yi − h(Xi))
2/2] with h0(X) = E[Y |X],

this metric becomes ∥h − h0∥2 :=
√
E[(h(X)− h0(X))2] (the standard L2(X)-norm). As stressed in

Chen (2007), the general sieve estimation problem, even including deconvolution, semi/nonparametric

mixture, nonparametric endogeneity, can remain “well-posed” under this criterion-induced pseudo-metric.

Define

Ln = {ℓ( · ;α)− ℓ( · ;α0) : ∥α− α0∥ ≤ δ, α ∈ An},
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and for some constants b, C > 0,

δn = inf

{
δ ∈ (0, 1) :

1√
n δ2

∫ δ

bδ2

√
logN[ ](w,Ln, ∥ · ∥2) dw ≤ C

}
,

where N[ ](·) denotes the radius w covering number of Ln with bracketing.

Theorem 2.6 (Chen (2007), informal). Let α̂n be the approximate sieve M-estimator defined by (1). Let

πn(α0) denote the ∥ · ∥- projection of α0 onto the sieve An. Then

∥α̂n − α0∥ = OP (εn), εn = max{δn, ∥α0 − πn(α0)∥}.

Previously, Chen and White (1999) derived faster than n−1/4 convergence rate for single-hidden layer NN

sieve M-estimation of conditional mean, conditional quantile, conditional density, joint density as well as

root-n asymptotic normality of θ0 for stationary time series data. Chen, Racine, and Swanson (2001) es-

tablished faster than n−1/4 convergence rates for estimating semiparametric nonlinear autoregressive con-

ditional mean and median models with exogenous variables (NLARX) via three classes of NN sieves: NNs

with sigmoid activation function, NNs with radial basis activation, and NNs with ridgelet activation. As

an empirical application, they compare the forecasting performance of linear and semiparametric NLARX

models of U.S. inflation, and find that all semiparametric NLARX NN sieve estimated models outperform

a benchmark linear ARX model based on various forecast performance measures, where all models in-

clude various lags of historical inflation and the GDP gap. Interestingly, their empirical findings support the

current view of a nonlinear Phillips curve. Chen, Hong, and Shum (2007) developed a nonparametric like-

lihood ratio testing procedure for choosing between a parametric likelihood model and a moment-condition

model when both models could be misspecified. A key input to their KLIC comparison is a shallow NN

sieve estimator of the population entropy θ0 = E0[log h0(Z)] :=
∫
[log h0(z)]h0(z)dz. Applying the im-

proved approximation error rate of Chen and White (1999) to estimate log-density via NN sieve maximum

likelihood, they established E0[log ĥn − log(h0)] = op(n
−1/2) and

√
n

{
1

n

n∑
i=1

log ĥ(Zi)− E0[log h0(Z)]

}
⇝ N (0,Var0[log h0(Z)]) .

Consequently, in their KLIC-based model comparison test statistics, the shallow NN sieve entropy estima-
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tor θ̂ = 1
n

∑n
i=1 log ĥ(Zi) has the same root-n first-order behavior as if the true density h0(·) were observed.

The latest improved approximation error rates ∥πn(α0) − α0∥ for different NN sieves (see, e.g.,

Section 2.2) will give improved convergence rates ∥α̂n − α0∥, and can be used in diverse applications

with high-dimensional covariates, such as treatment effects, missing data, measurement errors, semi-

nonparametric mixture, and models with latent heterogeneity. For example, Farrell, Liang, and Misra

(2021b) use multi-layer NNs to approximate the propensity score function of high-dimensional covariates,

and Chen et al. (2024) use shallow NNs to approximate the generalized propensity score function

Pd(x) = P(D = d | X = x) for a multi-valued treatment D ∈ {0, 1, . . . , J} and growing dimensional

covariates X; see Section 4.4.4 for details.

2.4.2 NN Sieves for Semi-Nonparametric Conditional Moment Restrictions Many structural economic

models—Euler equations in consumption-based asset pricing, demand and supply systems with unknown

nonlinearities, nonparametric IV, dynamic structural models with unknown value functions—are stated di-

rectly in terms of a conditional moment restriction derived from the economic optimality or equilibrium

conditions:

E[ρ(Y, α0) | X] = 0, α0 = (θ0, h0),

where θ0 ∈ Θ ⊂ Rdθ is a finite-dimensional structural parameter and h0 ∈ H is an unknown structural

function (habit formation, utility, production, or link function). This conditional moment restriction model

includes the well-studied nonparametric instrumental variables model (NPIV), E[Y1 − h0(Y2) | X] = 0, as

a special case. Newey and Powell (2003) provide the nonparametric identification of h0 and a consistent

estimator for h0. Ai and Chen (2003); Chen and Pouzo (2012, 2015) obtain the convergence rate, asymptotic

normality and inference based on a (penalized) sieve minimum distance criterion. When h0(·) is a function

of high-dimensional covariates, it can be approximated by a NN sieve HNNn ⊂ H. Following Ai and Chen

(2003), one can first estimate the conditional moment function m(X,α) := E[ρ(Y, α) | X] by projecting

ρ(Y, α) onto a flexible instrument space, and then estimate α0 = (θ0, h0) by solving the following NN sieve

minimum distance:

inf
α=(θ,h)∈Θ×HNN

n

[
1

n

n∑
i=1

m̂(Xi, α)
′ Σ̂(Xi)

−1 m̂(Xi, α) + λnPen(h)

]
. (2)
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An early real data application is Chen and Ludvigson (2009), who estimate a semiparametric habit-based

asset-pricing model by NN sieve minimum distance, where the unknown habit function is approximated

with a single-hidden-layer sigmoid NN. Their NN internal habit stochastic discount factor proxy explains a

cross-section of size and book-market sorted portfolio equity returns better than five popular asset-pricing

models and has the smallest pricing errors.

Chen, Liao, and Wang (2025) extend the sequential moment restriction of Ai and Chen (2012) to

weakly dependent time-series conditional moment restrictions. Their general model is

E
[
ρ(Yt+1, α0) | F (r)

t

]
= 0, ϕ(h0) = E[b(h0(Ut))],

where α0 = (θ0, h0), b(·) is a known smooth function, and F (r)
t is a finite-order information set. They

approximate the unknown h0 by general nonlinear sieves, including multi-layer NNs as leading examples.

They derive semiparametrically efficient inference for smooth functionals of the structural function by

constructing an orthogonalized quasi-likelihood ratio statistic. A practical advantage of their approach

is that test inversion avoids direct estimation of Riesz representers and remains valid even for irregular

functionals, i.e., when ϕ(h0) is not root-n estimable, where n denotes the size of the time series data set.

Applications include dynamic NPIV, i.e., E[Zt+1 − h0(Yt+1) | F (r)
t ] = 0, nonparametric quantile IV, and

off-policy evaluation in reinforcement learning.

Recent work in machine learning applies neural networks to NPIV, i.e., E[Y1 − h0(Y2) | X] = 0,

as well. Dikkala et al. (2020) propose an adversarial (minimax) approach: starting from the unconditional

moment equality E[(Y1 − h0(Y2))f(X)] = 0, they minimize this criterion over a candidate h in an outer

loop while maximizing over a critic f in an inner loop, with a regularization penalty on the second moment

of f . In parallel, Bennett and Kallus (2023) applies NN sieves to approximate optimal instruments in the

efficient minimax estimation of the parametric conditional moment restriction models E[ρ(Y, θ0) | X] = 0,

which has been studied in econometrics since Hansen (1982); Chamberlain (1987); Newey (1990).

Chen, Chen, and Tamer (2023) provide a detailed Monte Carlo comparison of linear spline sieves
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and various multi-layer NN sieves in the NPIV setting E[Y1 − h0(Y2) | X] = 0, focusing on semi-

parametrically efficient estimation of the average-derivative functional θ0 = E[a(Y2)∇h0(Y2)] (e.g., an

average treatment effect) of the NPIV function h0. Their simulations suggest that the optimally weighted

orthogonalized sieve minimum-distance estimator of Ai and Chen (2012) is typically more stable than

efficient-score (efficient-influence-function) implementations when neural-network sieves are used. The

plug-in estimator of θ0 based on the Deep NPIV estimator Dikkala et al. (2020) of h0 also performs poorly

in their Monte Carlo designs, due to sensitivity to the choice of tuning parameters.

2.5 Computation & Stochastic Approximation

Econometric and statistical theory typically analyzes estimators as if a global minimizer of the empirical

(or training) criterion were available. In practice, however, neural-net estimation is usually implemented by

some versions of a stochastic approximation (SA) procedure of Robbins and Monro (1951). Let ϑ denote all

trainable parameters associated with a population loss criterion E[ℓ(W,ϑ)], the following stochastic gradient

descent (SGD) algorithm is a special case of a SA recursion:

ϑk = ϑk−1 − γk∇ϑℓ(Wk, ϑk−1),

where {γk} is a decreasing step-size sequence. White (1989) was the first to study the almost sure conver-

gence and asymptotic normality of this algorithm in a parametric single-hidden-layer NN regression model.

Since then, the original SA estimator has been modified and improved in many ways, including using

Polyak-Ruppert averages ϑ̄N = 1
N

∑N
k=1 ϑk to stabilize the trajectory and recover optimal convergence

rates.

Studying the global convergence properties of various SA algorithms is particularly important for

neural nets because the empirical criterion is non-convex, gradients may vanish or explode in deeper

architectures, and global optimization is generally hard, as documented by Hochreiter (1991); Murty and

Kabadi (1987); Bartlett and Ben-David (2002); He et al. (2016); Froese and Hertrich (2023). Since NN

sieves are highly nonlinear, there is no guarantee that computational algorithms actually converge to a

unique global minimizer. Unfortunately, theoretical analyses in econometrics and statistics as well as the
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empirical work building on them often leave aside the fact that default DNN algorithms typically converge

only to local solutions. In this subsection we present two recent contributions showing that SA algorithms

for single-hidden-layer NN sieves can converge to global solutions.

Stochastic Approximation for Shallow NN Sieve M-Estimation Chen, Tamer, and Yao (2026)

study online learning of a semiparametric monotone single-index model

Y = F0(x0 +X ′θ0) + ε, E[ε|x0, X] = 0,

using a nonlinear Least Squares loss criterion E{[(Y − F (x0 +X ′θ)]2}. To reinterpret their procedure as a

neural-net estimator, approximate the unknown link function F () by a single-hidden-layer sieve

FJ(z) = β0 +
J∑
j=1

βjσ(ajz + bj),

where σ is, for example, a sigmoid or ReLUk := [max{y, 0}]k (for k ≥ 1) activation, and (aj , bj) are

basis parameters. Then FJ(x0 + X ′θ) is a single-hidden-layer neural network in the original covariates

(x0, X), whose hidden-unit weights satisfy the index restriction wj = aj(1, θ
′)′. Their online single-index

sieve estimator can be viewed as an online estimator for a constrained shallow neural net. The estimation

proceeds in two phases. Phase I updates the index parameter alone via a SA recursion based on a smoothed

maximum-rank-correlation score. This phase avoids estimating the unknown link function F0 and is de-

signed to move into a neighborhood of the unknown true θ0 from essentially arbitrary initialization. That

is, Phase I generates a warm start for Phase II.6 After this warm start, parametric and sieve components are

updated jointly via mini-batch online sieve nonlinear least squares in Phase II, which automatically yields an

orthogonalized score for the index parameter along the online sieve algorithm. Polyak-Ruppert averages are

then formed for both θ0 and the sieve coefficients. The theoretical analysis shows that, with suitable growth

of sieve dimension and suitable step sizes, Phase II achieves rate-optimal learning for both the single-index

parameter θ0 and the sieve online estimation of the unknown link function F0, as well as marginal effect

6Actually, any fast global optimizing algorithm could serve as a warm start. Indeed, Chen, Tamer, and
Yao (2026) also implemented a new global optimizer of Chen et al. (2026) for general high-dimensional pos-
sibly multi-modal objective functions, and the online Phase II algorithm still performs well and its properties
remain valid.
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parameters. In addition, the paper provides simple online inference for marginal effects and other function-

als of interest. In this sense, the paper provides a concrete bridge between classical semiparametric online

learning and online training of a constrained one-hidden-layer neural network.

Adversarial Estimation of Nonparametric Conditional Moment Restrictions with Over-Pa-

rameterized Shallow Networks Zhu et al. (2024) recast nonparametric conditional moment problems

E[ρ(Y ;h0(·))|X] = 0 as the following functional minimax programs:

min
h∈Σσ1

N (ΩY )
max

f∈Σσ2
N (ΩX)

L(h, f), L(h, f) = E
[
f(X)ρ(Y ;h)− 1

2
f(X)2 + λΨ(Y ;h)

]
,

where h is the structural function of interest, f is an adversarial critic, ρ(Y ;h) encodes the conditional mo-

ment restriction, and Ψ is a penalization/regularization term. For NPIV, one can take ρ(Y ;h) = Y1−h(Y2).

Both the primal function and the dual critic are represented by over-parameterized single-hidden layer neu-

ral nets with width N and trained by stochastic gradient descent-ascent. In the mean-field limit (the width

N → ∞), the training dynamics become a Wasserstein gradient flow that converges to a stationary point,

and under slightly stronger convexity, the algorithm is shown to reach the solution of the conditional moment

restriction equation E[ρ(Y, h0)|X] = 0. This provides a bridge between classical sieve minimum-distance

thinking (with Σσ2N (ΩX) being a linear sieve) and modern adversarial estimation for NPIV, policy evalua-

tion, and asset pricing. It would be interesting to study the statistical properties of this over-parameterized

algorithm.

2.6 Semiparametric Two-Step GMM with Black-Box NN Nuisance Estima-

tion in the First Step

Many empirical problems in economics can be expressed as semiparametric two-step GMM problems. A

finite-dimensional parameter of interest θ0 ∈ Θ ⊂ Rdθ is identified by an unconditional moment restriction

(3) after an unknown nuisance function h0 has been identified and estimated in a first step:

E[g(W, θ0, h0)] = 0, with dg := dim(g) ≥ dθ. (3)
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Here h0 may be a generated regressor, a control function, a conditional mean, a conditional choice proba-

bility, a continuation value, or the solution to a nonparametric conditional moment restriction. Examples of

θ0 include various treatment effects under unconfoundedness, control-function IV, dynamic discrete choice,

semiparametric demand systems, and models with missing or mismeasured data. There is an extensive liter-

ature on semiparametric two-step GMM which allows for any nonparametric (or machine learning) estimate

ĥn of h0 in the first step; see, e.g., Andrews (1994); Newey (1994); Chen, Linton, and Van Keilegom (2003).

In this review, we focus on estimation of h0 using Black-Box neural networks, while the second-

step identification of θ0, influence function correction, and semiparametric efficiency theory remain those of

classical semiparametric two-step GMM. A convenient way to describe the plug-in procedure is as follows.

Step 1 (NN sieve for h0). Estimate unknown nuisance function h0 ∈ H by a NN sieve estimator ĥn ∈

HNNn , either by NN sieve M-estimation or NN sieve minimum distance; see Sections 2.4.1–2.4.2. NN

sieves are most useful here when h0(·) depends on covariates/features of moderately high dimension

or when an economic model suggests a compositional, ridge, or other low-complexity representation

for h0() that might be difficult to capture with tensor-product linear sieves.

Step 2 (Optimally-weighted GMM for θ0). Given ĥn, estimate θ0 by the sample GMM criterion

θ̂n = argmin
θ∈Θ

ḡn(θ, ĥn)
′ V̂ −1
g ḡn(θ, ĥn), ḡn(θ, h) =

1

n

n∑
i=1

g(Wi, θ, h), (4)

with a positive-definite weighting matrix V̂g = Vg + op(1) and

Vg :=
[
AV ar

(√
nḡn(θ0, ĥn)

)]
. (5)

Unlike the usual GMM weight matrix based only on g(W, θ0, h0), this matrix Vg incorporates the

first-order sampling effect of estimating h0.

Let

Γθ = E[∂θg(W, θ0, h0)] , Dh0 [v] =
∂

∂τ
E[g(W, θ0, h0 + τv)]

∣∣∣∣
τ=0
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denote the finite-dimensional Jacobian and the pathwise derivative with respect to the nuisance function.

Under some regularity conditions, including a key condition of |
√
nDh0 [ĥn − h0]| = Op(1), Chen, Linton,

and Van Keilegom (2003) obtain the expansions

√
nḡn(θ0, ĥn) =

1√
n

n∑
i=1

g(Wi, θ0, h0) +
√
nDh0 [ĥn − h0] + op(1)⇝ N (0, Vg), (6)

and with Vθ =
(
Γ′
θ V

−1
g Γθ

)−1, we have:

√
n
(
θ̂n − θ0

)
= −

(
Γ′
θ V

−1
g Γθ

)−1
Γ′
θ V

−1
g

√
nḡn(θ0, ĥn) + op(1)⇝ N (0, Vθ). (7)

The term
√
nDh0 [ĥn − h0] in (6) is the correction for estimating h0 by ĥn in the first step. Unfortunately,

without specifying how h0 is identified in Step 1, there is no closed-form expression of the correction term

in general. Chen, Linton, and Van Keilegom (2003) and Armstrong, Bertanha, and Hong (2014) provide

bootstrap methods for confidence intervals in semiparametric two-step GMM, including cases in which g(·)

is nonsmooth in h and/or θ.

Riesz Representer, Influence Function, Neyman Orthogonality. One influential way to opera-

tionalize the correction term is to specify the first-step criterion. Suppose h0 is identified as the maximizer

of a population criterion Q(h), such as a maximum-likelihood-like (M) criterion with Q(h) = E[ϕ(W,h)],

or a sieve minimum-distance criterion with Q(h) = −1
2E[m(X,h)′Σ(X)−1m(X,h)] and m(X,h) =

E[ρ(Y, h(·)) | X]. Chen and Liao (2015), building on Ai and Chen (2003, 2007); Chen, Liao, and Sun

(2014), show that once this criterion Q(h) is given, the effect of first-step estimation on the second-step

moments can be represented and estimated through a Riesz representer. Intuitively, a Riesz representer

v∗ is the (least favorable) direction in the first-step function space along which small errors in estimat-

ing h0 affect the moments used to estimate θ0 in the second step. To state this formally, equip deviations

v = h− h0, ṽ = h̃− h0 with the criterion-induced norm and inner product

∥v∥2 := −∂2τQ(h0 + τv)
∣∣
τ=0

, ⟨v, ṽ⟩ := −∂2τ,τ̃Q(h0 + τv + τ̃ ṽ)
∣∣
τ=0,τ̃=0

.
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Let T h0 denote the ∥ · ∥- closure of the first-step tangent set for h0. For j = 1, . . . , dg, define

Dh0,j [v] :=
∂

∂τ
E[gj(W, θ0, h0 + τv)]

∣∣∣∣
τ=0

.

Whenever supv∈T h0
,v ̸=0{|Dh0,j [v]|/∥v∥} < ∞, there is a Riesz representer v∗j ∈ T h0 such that ∥v∗j ∥ =

supv∈T h0
,v ̸=0{|Dh0,j [v]|/∥v∥} <∞ and

Dh0,j [v] = ⟨v, v∗j ⟩ for all v ∈ T h0 . (8)

Let ∆(W,h0)[v] denote the mean-zero first-step score contribution in direction v induced by the cri-

terion. For example, ∆(W,h0)[v] = ∂τϕ(W,h0 + τv)|τ=0 for M-estimation, and ∆(W,h0)[v] =

−
(
∂τm(X,h0 + τv)

∣∣
τ=0

)′
Σ(X)−1ρ(Y, h0) for minimum distance. Following Ai and Chen (2003) we

have:
√
nDh0,j [ĥn − h0] =

1√
n

n∑
i=1

∆(Wi, h0)[v
∗
j ] + op(1) , j = 1, . . . , dg.

Let v∗ = (v∗1, . . . , v
∗
dg
)′. Then the first-step adjustment in (6) can be written as

√
nḡn(θ0, ĥn) =

1√
n

n∑
i=1

{g(Wi, θ0, h0) + ∆(Wi, h0)[v
∗]︸ ︷︷ ︸

=:ψ(Wi;θ0,h0,v∗)

}+ op(1), (9)

where ψ(Wi; θ0, h0, v
∗) automatically satisfies the Neyman orthogonality:

∂

∂τ
E[ψ(W ; θ0, h0 + τv, v∗)]

∣∣∣∣
τ=0

= 0 for all v ∈ T h0 . (10)

Sieve Riesz Representer, Sieve influence function, Sieve Neyman Orthogonality. In compli-

cated semiparametric models, such as nonparametric additive IV regression in the first step, Riesz represen-

ter v∗ rarely has an analytic expression. Chen and Liao (2015) show that the effect of first-step estimation

on the second-step moments can always be approximated and estimated through a sieve Riesz representer,

v∗k(n) = (v∗1,k(n), . . . , v
∗
dg ,k(n)

)′, which always has a closed-form expression via linear sieve least squares

regression. Let v(·) = Pk(n)(·)′γ be in a k(n)-dimensional closed linear subspace Vk(n) of T h0 . Let Rk(n)

be the Gram matrix induced by ⟨·, ·⟩ so that γ′Rk(n)γ = ∥Pk(n)(·)′γ∥2. Then the sieve Riesz representer
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v∗j,k(n) ∈ Vk(n) can be computed in closed form via least squares:

v∗j,k(n)(·) = Pk(n)(·)′R−1
k(n)Dh0,j [Pk(n)], j = 1, . . . , dg,

where the linear sieve dimension k(n) can be chosen so that

∥ĥn − h0∥ × max
j=1,...,dg

∥v∗j,k(n) − v
∗
j ∥ = op(n

−1/2). (11)

The hybrid NN–linear-sieve strategy has a clean division of labor: neural-network sieves in Step 1 provide

flexible approximation of h0, while the linear sieve Riesz step delivers transparent correction terms, optimal

weighting, and standard sandwich inference for θ0; see Chen and Liao (2015) for details. We can define a

sieve influence function for the second-step moment by

ψ(W ; θ0, h0, v
∗
k(n)) := g(W, θ0, h0) + ∆(W,h0)[v

∗
k(n)]. (12)

This is a computable finite-dimensional approximation to the unknown adjustment in (6) and (9). The cor-

rection removes the first-order effect of estimating h0 on θ̂n, so the limiting moment is Neyman-orthogonal,

locally robust, or debiased in the sense of Chernozhukov et al. (2018) and Chernozhukov et al. (2022). The

object is conceptually the same across the sieve semiparametric two-step GMM and DML literatures. What

differs is mainly implementation: the sieve literature typically estimates h0 by a general sieve (including

NN sieve) and the v∗ by a closed-form sieve Riesz representer estimate and imposes the rate condition (11),

whereas the DML literature estimates nuisance functions h0, v∗ by generic machine-learning methods, uses

cross-fit and the following rate condition:

∥ĥn − h0∥ × max
j=1,...,dg

∥v̂∗n − v∗j ∥ = op(n
−1/2).

Semiparametric Efficiency Under Locally Just-Identified First Step. Many nonparametric

models in the first-step are of the form: E[ρ(Y, h0(X)) | X] = 0, which is nonparametric just-identified

(Ackerberg et al. (2014); Chen and Santos (2018)). For a general first-step locally just-identified setting,

Ackerberg et al. (2014) establish that the optimally weighted GMM estimator (4) in Step 2 is semipara-
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metrically efficient for θ0, with Vθ =
(
Γ′
θ V

−1
g Γθ

)−1 as the efficient variance bound. Ackerberg et al.

(2014) also provide an easy-to-compute sieve-based optimal weight matrix in Step 2 GMM estimation and

a practical efficient variance estimator V̂θ that avoids estimating the Riesz representer directly.7 Further, (9)

becomes
√
nḡn(θ0, ĥn) =

1√
n

n∑
i=1

g(Wi, θ0, h0) + v∗(Xi)ρ(Yi, h0(Xi))︸ ︷︷ ︸
=ψ(Wi;θ0,h0,v∗)

+op(1), (13)

where the Riesz representer v∗ ∈ L2(X) has a closed-form expression. Ackerberg et al. (2014)’s results

extend the key insight of Newey (1994) that, in a just-identified first step, the asymptotic variance of the

second-step plug-in estimator does not depend on how h0 is consistently estimated in the first step.

This review also helps connect recent contributions. Farrell, Liang, and Misra (2021a) and Farrell,

Liang, and Misra (2021b) embed multi-layer NNs in Neyman-orthogonal scores, in the sense of Cher-

nozhukov et al. (2018), for treatment effects and related smooth linear functionals. They allow estimation

of both unknown h0 and v∗ using DNNs and perform cross fit DML for efficient estimation. Chen et al.

(2024) derive semiparametrically efficient inference procedures for general treatment effect parameters

when nuisance functions h0 are approximated by neural-network sieves, without estimating the Riesz

representer v∗ or cross-fitting. We note that the nonparametric models in the first-step considered in these

papers turn out to be nonparametrically just-identified.

Semiparametric Efficiency Under Locally Over-Identified First Step. When h0 is identified by

conditional moments E[ρ(Y, h0(·)) | X] = 0, as in nonparametric IV regression or semiparametric mod-

els, the first step may be locally over-identified (Chen and Santos (2018)). In this case, the just-identified

invariance result above need not apply; the weighting of the first-step conditional moments can affect the

asymptotic variance for the second step GMM estimation of θ0.

Ai and Chen (2012) establish the semiparametric efficiency bound for sequential moment restriction

models that include two step models as a special case. They also provide an optimally weighted orthogo-

nalized sieve minimum distance (SMD) efficient estimator. Ai and Chen (2012)’s construction starts from a

7Ackerberg, Chen, and Hahn (2012) consider an extension of the semiparametric model where the nui-
sance function h depends on unknown arguments, possibly different coordinate-by-coordinate.
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forward-filtered residual. Define

ε(W ; θ, h) := g(W ; θ, h)− Γ(X)ρ(W ;h) forward-filtered residual,

Γ(X) = E[g(W ; θ0, h0)ρ(W ;h0)
′ | X]Σ0(X)−1, m(X,h) = E[ρ(W ;h) | X],

Σ0(X) = E[ρ(W ;h0)ρ(W ;h0)
′ | X] and Σ1 = E[ε(W ; θ0, h0)ε(W ; θ0, h0)

′].

Instead of Ai and Chen (2012)’s optimally weighted orthogonalized SMD procedure, we propose the

following alternative semiparametric efficient two-step procedure:

Step 1 Optimally weighted NN sieve minimum distance for h0. Let Σ̂0(X) be a consistent estimate of Σ0(X).

ĥn ∈ arg inf
h∈HNN

n

1

n

n∑
i=1

m̂(Xi, h)
′Σ̂0(Xi)

−1m̂(Xi, h)

Step 2 Optimally weighted GMM for θ0 using forward-filtering residuals. Let Γ̂(X) be a consistent estimate

of Γ(X).

θ̂n := argmin
θ∈Θ

ε̄n(θ, ĥ)
′V̂ −1
ε ε̄n(θ, ĥ), ε̄n(θ, h) := n−1

n∑
i=1

[g(Wi; θ, h)− Γ̂(Xi)ρ(Wi;h)]

where V̂ε is a consistent estimator of

Vε := AV ar
(√

nε̄n(θ0, ĥn)
)
. (14)

Theorem 2.7 (Ai and Chen (2012), Informal). Under some regularity conditions on the models

E[ρ(Y, h0(·))|X] = 0, E[g(W, θ0, h0(·))] = 0, the Step–2 estimator satisfies

√
n(θ̂n − θ0) = −

(
Γ′
θ V

−1
ε Γθ

)−1
Γ′
θ V

−1
ε

√
nε̄n(θ0, ĥn) + op(1)⇝ N

(
0, (Γ′

θV
−1
ε Γθ)

−1
)
,

with (Γ′
θV

−1
ε Γθ)

−1 = Ω∗
θ, which is the Ai and Chen (2012)’s semiparametric efficient variance bound for

θ0 defined by the joint model.

Thus, a two-step GMM estimator based on the forward-filtered unconditional moment reaches the Ai–
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Chen bound only when the first step is itself efficiently weighted and the second-step variance accounts for

the sampling effect of estimating h0. This is the same logic behind the OP–OSMD and efficient-influence

function procedures in Chen, Chen, and Tamer (2023) for NPIV average derivatives with NN sieve for h0.

Similarly, Chen, Liao, and Wang (2025) derive optimal inference procedures when nuisance functions are

approximated by NN sieves under time series weakly dependent data, without the need to estimate the Riesz

representer.

Semiparametric Two-Step with Black-box AI/LLM First Step. A practical advantage of the

above filtered two-step procedure is that it separates flexible first-step learning from efficient downstream

inference. The first step may use a black-box AI/LLM, neural network, or other high-capacity learner to esti-

mate a rich, possibly locally over-identified conditional-moment model and the associated nuisance/residual

objects. The second step can then be interpreted as econometric downstream fine-tuning: it forward-filters

the moment relevant for θ, optimally reweights the filtered residual, and computes the final low-dimensional

estimate and sandwich variance. Subject to the usual identification, consistency, rate, cross-fitting or sample-

splitting, and covariance-estimation conditions, this downstream step can in principle turn a predictive or

generative black-box first step into an orthogonalized, semiparametrically efficient estimating equation for

θ0. Nevertheless, the locally overidentified first step models could be misspecified and hence the black-box

AI/LLM estimates pseudo-true functions h∗ in the first step (see Ai and Chen (2007)).

2.7 Overall Lesson

This section illustrates three complementary roles for neural nets in econometrics: as constrained nonlinear

sieves inside classical loss criterion functions such as maximum-likelihood-like, minimum-distance, or

GMM; or as flexible parameterization of both sides of a minimax problem; or as nuisance estimators within

semiparametrically efficient plug-in or influence function (i.e., orthogonal score) frameworks. The common

thread is that the econometric structure—moment restrictions, shape restrictions, semiparametric influence

function, and test inversions—still does the identification and inferential work, while the neural net supplies

flexible approximation to unknown functions or unknown operators in high-dimensional settings.

At present, however, inference theory using NN sieves remains uneven across objects: most NN
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successes to date concern prediction or classification M-estimation problems with large data sets. For

NN sieve M-estimation and out-of-sample stable generalization, Minimum Description Length (MDL)

regularization has attractive theoretical properties for shallow networks, see Barron (1991); Barron,

Rissanen, and Yu (1998); Chatterjee and Sudijono (2026). Monte Carlo studies in Chen, Chen, and Tamer

(2023) indicate that the finite-sample performance of NN sieves for NPIV is sensitive to the choice of tuning

parameters, however. Better algorithms may, in the near future, make NN sieves more useful for estimation

of nonparametric conditional moment restriction models. Finally, while existing semiparametric two-step

GMM theory for asymptotically linear regular functional θ is still applicable with first-step nuisance

function estimated by NN sieves, there are no uniform confidence bands for NN sieve estimated conditional

mean, density, or nonparametric instrumental variables regression. There is no adaptive data-driven choice

of tuning parameters for any NN sieve based procedures either.

3 Modern NNs and Large Language Models

Progress in performance of neural nets over the last two decades can roughly be attributed to advances in

two areas. First, increased computational power, particularly through GPUs and GPU-optimized implemen-

tations, has enabled the training of deeper networks with larger numbers of parameters. We review these

developments alongside general comments on computation in Section 3.1. Second, a range of specialized

architectural components and network designs, especially transformers, have been proposed. These are the

focus of Section 3.2. In Section 3.3, we present three popular generative models: Autoencoders, Generative

Adversarial Networks, and Diffusion Models. For LLMs specifically, we discuss reinforcement learning

with human feedback and verifiable feedback in Section 3.4, and fine-tuning in Section 3.5.
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3.1 High-Dimensional Optimization

Optimizing the parameters of a neural network amounts to solving a high-dimensional, typically non-convex

optimization problem. The workhorse method is gradient descent. Given parameters θk and objective

fobj(θ) =
1

n

n∑
i=1

f loss(yi | X = xi, θ),

θk+1 = θk − αk∇fobj(θk) = θk − αk
1

n

n∑
i=1

∇f loss(yi | X = xi, θk), (15)

where (αk) is the learning-rate sequence. Large step sizes move quickly but may overshoot; small step

sizes are more stable but can be slow. In practice, schedules and adaptive learning rates are common.

Equation (15) also explains why neural-net training can exploit modern hardware efficiently: the

sample average decomposes over observations, so gradient evaluation is highly parallelizable. GPUs,

originally designed for fast matrix operations in graphics, are well suited to this task, as shown by Oh and

Jung (2004); Steinkraus, Buck, and Simard (2005), because computing the gradient reduces to a sequence

of matrix-vector multiplications. Computing the full gradient can still be expensive, so, following the

Stochastic Approximation idea of Robbins and Monro (1951), one often replaces it with a mini-batch

update,

θk+1 = θk − αk
1

|B|
∑
i∈B
∇f loss(yi | X = xi, θk), (16)

where B ⊂ {1, . . . , n} is a random batch of training observations. Smaller batches are cheaper and some-

times regularize more strongly, while larger batches give a more accurate gradient at higher computational

cost, see Wilson and Martinez (2003); Keskar et al. (2017).

A second computational challenge is differentiation. Manual differentiation and implementation are

possible but tedious and error-prone; numerical finite differences can be inaccurate and scale poorly to

high dimensions. Symbolic differentiation uses the rules of calculus to obtain an analytical expression

for derivatives as a function of inputs. As noted by Corliss (1988), this analytical expression is often
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large, although, as shown by Guenter (2007), this can be mitigated using common subexpressions.

Automatic differentiation (AD), by contrast, does not construct symbolic expressions but instead evaluates

derivatives alongside the original function. For a given implemented function, AD systematically applies

the chain rule over the sequence of elementary operations that define the computation. AD can be

applied in two principal modes: forward mode, which propagates derivatives of intermediate variables

with respect to the inputs alongside evaluation, and reverse mode, which propagates sensitivities of the

output with respect to intermediate variables backward through the computation. For neural networks,

reverse-mode AD is called backpropagation (or backprop), and it is particularly efficient when the output is

low-dimensional but the parameter vector is large. Paszke et al. (2017) developed PyTorch’s autograd,

an automatic-differentiation engine that combines AD with optimized implementations of common gradient

computations, not merely a library of hand-coded derivatives. See also Baydin et al. (2018); Laue (2019);

Maclaurin (2016). Several variants of gradient descent have been proposed, including Momentum by

Polyak (1964), Nesterov acceleration by Nesterov (1983); Sutskever et al. (2013), Adagrad by Duchi,

Hazan, and Singer (2011), RMSProp by Hinton, Srivastava, and Swersky (2012), Adam by Kingma and Ba

(2014), AdamW by Loshchilov and Hutter (2017), and LAMB by You et al. (2019).

When choosing initial values, two principles matter. First, the starting values are often chosen ran-

domly to break the weight-space symmetry inherent to neural networks: one can permute neurons in one

layer and the weight and bias matrices for that layer and obtain the identical output. Second, the scale

of the random initial values should keep activations and gradients in a reasonable range. Larger variance

is therefore not always better: one needs sufficient randomness to break symmetry, but not so much that

gradients explode or vanish. Standard schemes such as Xavier initialization, due to Glorot and Bengio

(2010), and He initialization, due to He et al. (2015), choose the variance as a function of layer width

precisely to stabilize gradient propagation. In the infinite-width limit, the network output at initialization

behaves like a Gaussian process with mean zero and, for normalized inputs, constant variance, see Yang

(2019).
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Regularization Neural nets are flexible enough to approximate rich function classes, but this flexibility

comes at the cost of high variance. A standard approach is penalized empirical risk minimization:

θ̂ = argmin
θ

{
1

n

n∑
i=1

f loss(yi | X = xi, θ) + λ∥w(θ)∥pp

}
,

where w(θ) stacks the weights (and rarely the biases) of the network. Setting p = 2 is called Ridge regular-

ization or weight decay, while p = 1 encourages sparse solutions. Other common regularizers are dropout,

due to Srivastava et al. (2014), and early stopping, as in Morgan and Bourlard (1989). Early stopping is

often explained operationally: monitor validation performance and stop when additional epochs no longer

improve it, see chapter 7 of Goodfellow, Bengio, and Courville (2016) for a textbook description of the al-

gorithm. Minimum Description Length regularization has recently been shown by Chatterjee and Sudijono

(2026) and Abudy et al. (2025) to have some attractive theoretical properties for generalization.

3.2 Architectures

A deep neural network has multiple hidden layers. Depth can improve representation and feature

reuse, but it also makes optimization harder. Deeper networks are more susceptible to exploding or

vanishing gradients, as documented by Hochreiter (1991); Bengio, Simard, and Frasconi (1994), and

in practice they may even have higher training error than shallower alternatives if the architecture

is poorly chosen, a phenomenon dubbed the “degradation problem” by He et al. (2016). Thus, neural

network architecture is critical. In Section 2.3, we review various economically motivated shape constraints.

Activation functions have evolved from step functions in Rosenblatt’s perceptron to sigmoid and

tanh before the turn of the millennium, and more recently toward piecewise-linear and smooth, non-

saturating alternatives such as ReLU, SiLU, and GELU. See appendix A for references and a visualization.

Residual connections help gradients flow through deep stacks of layers. Residual networks, intro-

duced by He et al. (2016), learn deviations from the identity map rather than full transformations from

scratch. Normalization layers stabilize training. Batch normalization, proposed by Ioffe and Szegedy

(2015), normalizes activations across a mini-batch, while layer normalization of Ba, Kiros, and Hinton
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(2016) normalizes across features of a single observation and is therefore better suited to variable-length

sequences such as text. These ideas are central to the specialized architectures discussed next.

3.2.1 Convolutional Neural Networks Consider the problem of object recognition in images. A

grayscale image can be represented as a matrix in Rr×c; a color image is the same object with three color

channels (red, green and blue) and therefore represented as Rr×c×3. A fully-connected network typically

“flattens” this array before processing it, for example by concatenating the rows of a grayscale image. This

is problematic for at least two reasons: the dimensionality of the neural network and the structure of the

data. First, flattening destroys local spatial structure: pixels that are neighbors in the image may be far

apart in the resulting vector. To capture the dependence between pixels which are close in the image but far

apart in the flattened vector, we need a dense layer with many parameters. For example, consider an RGB

image of 1024×768 pixels (1K resolution) in three channels for a total of 2,359,296 numbers. Even if we

only want 100 neurons in the first hidden layer, that would require 235,929,600 weight parameters, a very

high-dimensional parameter vector. Second, if an object in an image is shifted by a few pixels, we expect

the classification of the image not to change much. However, in naive fully-connected layers, moving

(blocks of) pixels a little bit to the left or right has the potential to change the predicted label.

Convolutional neural nets (CNNs) preserve locality of images by looking at small patches of images

of size u × v. For example, patches of 3x3, 5x5 or 7x7 pixels are common. Let Xp ∈ Ru×v×din denote the

image patch, and let Kf ∈ Ru×v×din denote a filter. A convolutional feature map is then

hfp = σ
(

sum(Kf ·Xp) + bf
)
,

where Kf · Xp is the element-wise product of image-patch and filter. The resulting matrix is then

summed over, added to a bias term and fed through an activation function, in this case the sigmoid.

This produces a filter-patch specific activation hfp ∈ R. We then slide filter f through the image by

considering the next patch which is s pixels to the right of the current patch where s is referred to as

the “stride”. Higher values of s reduce the number of patches considered and lead to fewer filter-patch

specific activations. The larger the stride and the patch, the fewer activations there are. To preserve the di-

mensionality of the problem, it is common to “zero-pad” the image by adding zeros around it in all channels.
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Figure 2: Illustration of a Filter Sliding Through an Image
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CNNs depart from fully-connected neural networks in two ways. The first difference is parameter

sharing: the same filter Kf is used at every patch p. The second important difference is the restriction of

connections: Two pixels which, in the image, are further away than the size of the patch, never appear in the

same filter-patch activation. CNNs are statistically and computationally more efficient than fully-connected

neural nets when the relevant patterns are local and translation-invariant.

Using many filters leads to many hidden values. For example, a 256x256x3 image may be transformed

into a 256x256x100 array if we apply 100 filters. Statistically and computationally, it is challenging to

estimate coefficients for all of these hidden values. A common idea to reduce the dimensionality of the

hidden values is to use pooling. A common way to do this is to take the maximum (max-pooling) or

average (average-pooling) of several adjacent values of hidden units. The advantage of this approach is

that it encourages local translation invariance. A convolutional layer is a block in which linear filters are

applied (the convolution step), the nonlinear activation function is applied (the detector step) and pooling

happens. Common architectures of CNNs involve several convolutional layers on top of each other, often

ending up with several fully-connected neural layers. Notable CNN architectures include LeNet by LeCun

et al. (1998), AlexNet by Krizhevsky, Sutskever, and Hinton (2012), VGGNet by Simonyan and Zisserman

(2014), InceptionNet/GoogLeNet by Szegedy et al. (2015), ResNet by He et al. (2016), Densenet by Huang

et al. (2017), and EfficientNet by Tan and Le (2019). As we will see below, many economic papers use these

pretrained models, often available on Hugging Face, and fine-tune them to their application.
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3.2.2 Graph Neural Networks A graph (or network) is a set of vertices V and edges E. For example,

the vertices could be countries and the edges could be the trade-flows between countries. Graph neural

networks (GNNs) are specifically designed for data from a graph. The basic idea is that each vertex has

some characteristics and that conditional on the characteristics, the identity of the vertices is irrelevant.

GNNs were first introduced in Scarselli et al. (2008) and have seen many adaptations. A recent survey with

references to previous surveys is Khemani et al. (2024). A textbook reference is Wu et al. (2022).

A GNN typically has as many neurons in each layer as there are vertices. Hence, each neuron can

be interpreted as the embedding of a particular vertex. The i-th component of layer l + 1 depends on the

i-th component of layer l and the components of N(i) in layer l where N(i) is the set of nodes connected

to node i in the network’s adjacency matrix. It is thus a feedforward network where certain links between

neurons are “turned off” as a function of the adjacency matrix. GNNs are permutation invariant: the

output does not depend on the ordering of vertices, which is ensured by aggregating neighbor information

symmetrically, as in Graph Isomorphism Networks (GINs) of Xu et al. (2018) or Principal Neighborhood

Aggregation (PNA) of Corso et al. (2020). Corso et al. (2020) propose to weigh these aggregate statistics

with “degree-scalars” to alleviate the exploding gradient problem.

3.2.3 Transformers Transformers are the basis of the recent successes of LLMs. When a transformer-

based chatbot is presented with a prompt, it first splits up the prompt into tokens using a tokenizer, e.g.

Byte-Pair Encoding by Sennrich, Haddow, and Birch (2016). Initially, tokens are represented as one-hot

encodings in the large set of tokens, the “vocabulary”. For example, for GPT-3, there are dV = 50, 257

tokens. The vectors representing each token are then concatenated and multiplied by an embeddings matrix

to bring them into a lower dimensional space, token by token. For GPT-3, this embedding space has

dimensionality of dE = 12, 288. But natural language does not work token-by-token or word-by-word.

Take, for example, the word “interest”. Its meaning can change depending on its context, for example “I

have much interest in cars.” and “I have much interest on my car loan.” Such contextual meaning is not

contained in the original embedding.

The attention mechanism of Bahdanau (2014); Vaswani et al. (2017) updates tokens’ embeddings to
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reflect contextual meaning. To gain intuition, let’s suppose again that tokens are words. Then in the two

example sentences for “interest” above, we can imagine that the word “interest” in the second sentence

is “attentive” to the word “loan”, i.e. that its embedding must be updated to reflect that “interest” here is

meant as a financial interest rather than an interest motivated by curiosity. Imagine that each token asks

a question of the other tokens to update its embedding. Each token may ask different questions, e.g. the

token “interest” may ask the question “Is this a sentence about finances?” Another token may ask another

question. The token “have” may either be a verb of its own or used to form the present perfect and have

no semantic meaning other than the tense. It may ask “Is there a past participle in this sentence?”. These

questions are embedded as numeric vectors, usually with an embedding dimension that is much smaller than

the dimension of the original token embedding. In GPT-3 for example, the dimension of the embedding

space for tokens is dE = 12, 288 while the dimension of the embedding for questions is just dQ = 128. We

call the “short” embedding of the question a “query”. To learn which query is “asked” by each token, the

embedding vector of each token is multiplied by a weight matrix WQ with dQ rows and dE columns. If we

stack the embedding vectors of all embeddings into a matrix E with dE rows and dT columns, where dT

is the number of tokens, then the operation of computing each token’s query can be implemented with a

matrix multiplication: Q :=WQE, where Q are the queries.

How are these questions, represented as queries, answered? Intuitively, the query of the token “in-

terest” may be attentive to tokens associated with financial meaning, such as “loan”, “pay”, “rate”,

“mortgage” etc. These answers are also represented as numerical vectors, of the same size as the queries.

These embedded answers are called keys. To obtain them, we multiply the embedding matrix E with

another weight matrixWK , the weight matrix for the keys: K =WKE whereWK is of the same dimension

as WQ.

Which queries and keys correspond to each other? Whether a specific query points in the same di-

rection as a specific key may be measured using the angle calculated via the dot product. This motivates

taking the dot product of all query-key pairs. In our intuitive example, we can imagine that the query “Is this

a sentence about finances?” might be answered by a key that has a large WK weight on the token “loan”.

The entire operation of computing matches between query-key pairs can be represented by matrix products:

36



we compute matches defined as M := QtK/
√
dQ where the division by

√
dQ serves to scale these inner

products even though it is not exactly the product of the norms of query embedding and key embedding.

We can interpret Mi,j = Qt·,iK·,j/
√
dQ as the degree to which query token i and key token j correspond to

one another. It therefore makes sense to compare the ‘match’ for a specific row across columns, since large

positive values mean that there is a strong match between query and key, whereas small, negative or even

large negative values mean that there is not a strong match between query and key. It is useful to scale the

matching matrix row-wise by applying the softmax function so that each row is non-negative and sums up

to one. The resulting matrix is called the attention matrix A ∈ RdT×dT . Ai,j indicates how much attention

each token i pays to token j in the prompt.

How do we update the attention matrix to update the embeddings? In our intuitive example, we

might want to update the meaning of “interest” in the direction of “loan”. To capture this intuition,

transformers compute how much each token’s embedding would have to be changed if it pays attention to a

specific other token. This is done by a value matrix WV with dE rows and columns8, that creates a matrix

of updates, i.e. U = WVE. The j-th column U·,j indicates how much embedding vector E·,k would be

changed if it paid full attention to token j: the updated token would be E·,k + U·,j for any k. In general,

token k’s embedding is updated with a weighted sum of updates. The weights are given by the attention

matrix: E ← E + UAt.

What we described in this section is the architecture of one attention head. Transformers typically

work with multi-head attention where the embeddings go through various attention heads at once in parallel

and the embedding updates of each attention head are then added to the original embedding matrix. For

example, GPT-3 uses 96 attention heads. The intuition is that different heads learn different ways in which

one token influences the meaning of another token.

8The value matrix WV is often factorized to reduce its memory requirements, as WV = WV,1WV,2

where the number of columns of WV,1 (and therefore, the number of rows of WV,2) is much lower than
the number of rows or columns of WV . This also has other computational advantages: it speeds up matrix
multiplication by WV into two smaller matrix multiplications.
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Architecture Aspects For natural language processing, the key advantage of the transformer architec-

ture of Vaswani et al. (2017) over previous architectures such as recurrent neural nets (RNN) and its variants

such as Long Short-Term Memory RNNs of Hochreiter and Schmidhuber (1997) and Gated recurrent

units of Cho et al. (2014) is the replacement of sequential calculations with parallel computation.9 RNNs

work sequentially over the tokens of the prompt while the tokens flow through the transformer network

in parallel. We will return to this in Section 3.2.4. RNNs have advantages in other applications, such as

nonlinear ARMA time series; see Chen et al. (2025).

Transformers have been developed for various tasks, e.g. to classify text (e.g., is a review positive

or negative), translate between languages (e.g., English to German) or to complete prompts (e.g., in a

chatbot). Depending on the task, slight variations in the transformer architecture have been proposed. In

each case, the attention layer is the key component of transformer architectures. Three main variations

of transformer architectures have been put forward: encoder-only, decoder-only and encoder-decoder

architectures.

An encoder architecture takes an input in natural language and outputs numbers or vectors. For ex-

ample, the input could be a review of a restaurant and the output could be a number between 0 and 1 where

higher numbers indicate that the restaurant is expensive, or that the service is quick, or that the food is

spicy etc. Intuitively, encoders can understand text but not produce it. Examples are BERT by Devlin et al.

(2019), which uses a bidirectional encoder, i.e. no masking, and variants (RoBERTa is more carefully

trained, while ALBERT by Lan et al. (2019) and DistilBERT by Sanh et al. (2019) have fewer parameters

and are easier to train but less expressive), as well as Electra by Clark et al. (2020), which replaces masking

and predicting tokens for training with replaced token detection.

A decoder architecture is essentially a specific encoder with a very specific output target: given a

prompt, it derives a probability distribution over the next token. By sampling from this distribution

iteratively, a decoder architecture can generate texts. In other words, decoders are language models.

Examples include the GPT family (GPT-1, GPT-2, GPT-3, ChatGPT, GPT-4, GPT-5, CodeX, InstructGPT),

9The other advantage is that the exploding/vanishing gradient problem is less severe.

38



Bard, Gemini, Claude, Llama, Jurassic (1 and 2).

An encoder-decoder architecture brings together an encoder to embed the input prompt into an em-

bedding space and update it using the attention-based update described above while a decoder takes the

output of the encoder and returns a sequence of tokens. Use cases that may be relevant for economic

research are translation between human languages, programming languages, summarizing documents,

transcribing audio, or describing images. Examples are the original transformer by Vaswani et al. (2017),

BART by Lewis et al. (2019), UL2 by Tay et al. (2022), and T5 by Raffel et al. (2020) and its variations

(mT5, Flan-T5).

Completion of prompts builds on the sequential prediction of individual tokens. During training the

transformer will take a sentence from a library, e.g. “I need to pay my monthly rent.”, and transform this

sentence without a label into a sentence with a label by masking the last word, e.g. the transformer tries to

predict the next word following the prompt “I need to pay my monthly (?)”. If we allowed the transformer

to update the embeddings of the tokens in this masked prompt by paying attention to the token “rent”, then

the transformer uses information for prediction that it will not have in practice. To prevent this information

leakage, it is common to set the upper triangle of the match matrix M to negative infinity so that attention

of earlier tokens with respect to later tokens is set to zero after applying the row-wise softmax. For example,

the first token in the sentence, “I” would not update its embedding at all with respect to the other tokens. A

second use of masking is to handle prompts of varying length: Shorter prompts are padded with a dummy

token until all prompts are of the same length. However, we do not want the meaningful token embeddings

to pay attention to dummy tokens or the number of dummy tokens. This can also be achieved by masking.10

The number of tokens considered by a transformer is called the context size. The trade-off here is

clear: larger context sizes lend themselves to capturing long-range dependencies but require more parame-

ters, i.e. more memory and computational resources and time. As an example, GPT-3 uses a context size of

dC = 2048. On average, a token used by GPT-3 has 4 characters while a word in English has slightly less

than 5 characters on average, although, as documented by Bochkarev, Shevlyakova, and Solovyev (2015),

10Transformer architectures for contexts of variable length have been proposed, e.g. Dai et al. (2019).
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this changes over time. Thus, the context size of GPT-3 is roughly 1638 English words. In many economics

research papers, this means that the introduction will be “forgotten” by the time the methodological section

is reached.

Different languages may use different tokens. For instance, many Spanish nouns end in “-ción”,

e.g. “educación”, or “instrucción”. In English, there is no “ó” and the ending “-tion” is often used for

words of Latin origin, e.g. “education” or “instruction”. Here, it is often practical to use one tokenization

and embedding for one language, e.g. English, and one tokenization and embedding for another language,

e.g. Spanish. For translation tasks, this is important. Consider the problem of translating from English to

Spanish. This will be done in an encoder-decoder architecture. The encoder will embed the English tokens

and use the attention mechanism described above to update each English token to the surrounding English

tokens to which it pays attention. This attention mechanism is called self-attention because it determines the

attention of English tokens with respect to other English tokens. The result of the encoder is an embedding

matrix and a set of attention matrices. The decoder is like the encoder in that it first takes in a sequence of

Spanish tokens and learns their embedding together with the attention matrices that describe which Spanish

token is attentive to which other Spanish token. Then, the embedding of the encoder and the embedding

of the decoder go through a cross-attention layer that is almost identical to the self-attention layer except

that now keys and values come from the source language while the queries come from the target language.

Intuitively, cross-attention allows one to learn which tokens from one language (e.g. “-tion” in English)

correspond to which token in another language (e.g. “-ción” in Spanish). For additional details, see Wu

et al. (2016). Chapter 12 in Bishop and Bishop (2023) provides a textbook treatment.

3.2.4 State Space Models, Mamba A drawback of transformers is that their computational cost typically

grows quadratically with sequence length. State space models (SSMs) are a prominent alternative because

they can scale linearly or near-linearly in the number of tokens. Economists will recognize the starting point,

a linear recursion

yi =Wxxi +Wyyi−1. (17)
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With Gaussian shocks and an observation equation, this is closely related to the linear state-space systems

studied with Kalman filtering. Modern machine-learning SSMs differ because the transition and readout

components are learned flexibly and are optimized for large-scale sequence modeling rather than classical

filtering alone.

A major advantage of linear SSMs is that they can be parallelized using scan (prefix-sum) algo-

rithms; see Blelloch (1990); Orvieto et al. (2023). Structured state space models such as S4 use carefully

chosen parameterizations and initializations to stabilize long-range memory, see Gu et al. (2020); Gu, Goel,

and Ré (2021). Mamba, proposed by Gu and Dao (2023), builds on this line of work by letting parts of the

state-space update depend on the current input, so that the model can adaptively decide which information

to keep and which to forget. We therefore view Mamba as one influential member of the broader SSM

family. For an economic example, see Mehrabian et al. (2025), which combines bi-directional Mamba

blocks and graph neural nets for stock-market prediction.

3.3 Generative Neural Networks

Generative neural nets aim to learn a distribution and then sample from it. For the univariate case, readers

will be familiar with the problem: Kernel density estimation is often used in economics to estimate a distri-

bution by estimating its density, say f̂ . Given an estimate of the density, one can compute the implied cdf

F̂ and its quantile function F̂−1. One can then draw from this distribution by sampling U ∼ U [0, 1] and

defining X = F−1(U). Then X will have cdf F and density f because P[X ≤ t] = P[F−1(U) ≤ t] =

P[U ≤ F (t)] = F (t). But how can we extend this familiar method from the univariate to the multivariate,

and in fact, the high-dimensional case? We may like to generate text, images, videos, or economic datasets

with many variables.

3.3.1 Autoencoders Autoencoders, introduced by Hinton and Salakhutdinov (2006), take a high-

dimensional object, for example an image, as an input. Consider an image with 1 million pixels. The

image is fed through a sequence of hidden layers with fewer and fewer neurons. The thinnest layer, the

bottleneck, may only have 10 neurons. The sequence of layers leading up to the bottleneck is called the

encoder. Intuitively, the encoder represents the 1 million pixel numbers with 10 neurons. Then, a decoder
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with an increasing number of neurons in each layer reconstructs the input, with an output layer of 1 million

neurons representing the reconstructed pixel values. The autoencoder minimizes the difference between the

input pixels and the output pixels. One could now try to randomly draw 10-dimensional vectors and feed

them through the decoder to obtain an image. However, this unfortunately mostly generates noisy images

of poor quality, so that one cannot effectively generate new images.

Variational autoencoders (VAE), developed by Kingma and Welling (2013); Rezende, Mohamed,

and Wierstra (2014), change the bottleneck structure to allow for effective generation of images. Specifi-

cally, the deterministic bottleneck with 10 neurons is replaced by drawing a latent random variable. Given

input w, the encoder outputs a mean vector µ(w) and a variance vector σ2(w), after which one draws

z = µ(w) + σ(w)⊙ ε, ε ∼ N(0, I10),

where ⊙ denotes elementwise multiplication. Once z is generated, it is fed into the decoder. Backpropa-

gation then considers ε as fixed. VAEs try to learn the distribution of the data by maximizing the marginal

likelihood pθ(x) =
∫
pθ(x | z) p(z) dz which requires integrating out a latent variable z. This integral is

intractable in general so that the maximization is difficult to operationalize. Variational inference derives an

auxiliary optimization problem to maximize the likelihood. Consider a tractable approximation qϕ(z | x)

to the true posterior pθ(z | x). One way to measure the degree of approximation is the Kullback-Leibler

divergence

KL
(
qϕ(z | x) ∥ pθ(z | x)

)
=Eqϕ

[
log qϕ(z | x)− log pθ(z | x)

]
=Eqϕ

[
log qϕ(z | x)− log pθ(x | z)− log p(z)

]
+ log pθ(x),

where the second equation uses Bayes’ rule. Rearranging yields

log pθ(x) = Eqϕ
[
log pθ(x | z)

]
−KL

(
qϕ(z | x) ∥ p(z)

)︸ ︷︷ ︸
=:Evidence Lower Bound (ELBO)

+KL
(
qϕ(z | x) ∥ pθ(z | x)

)︸ ︷︷ ︸
≥0

.

Instead of maximizing the likelihood, variational inference maximizes the ELBO. This balances recon-

struction accuracy and keeping the latent distribution close to the chosen reference distribution. See Blei,
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Kucukelbir, and McAuliffe (2017) for a review of variational inference methods.

3.3.2 Generative Adversarial Networks Generative Adversarial Networks (GANs) pit two networks—a

generator and a discriminator—against each other. To paraphrase Goodfellow, Bengio, and Courville (2016),

the generator acts like a counterfeiter, while the discriminator tries to detect the counterfeits. If x1, . . . , xm

are real observations and z1, . . . , zm are noise draws, a basic GAN solves

min
θg

max
θd

1

m

m∑
i=1

[
logD(xi, θd) + log

(
1−D(G(zi, θg), θd)

)]
, (18)

where D(·, θd) is the discriminator and G(·, θg) is the generator. At a high level, the discriminator learns

where generated data differ from real data, and its gradients guide the generator in moving fake samples

toward the data distribution. As noted by Arjovsky and Bottou (2017), this helps explain both why GANs

can generate sharp images and why training can be unstable: If the discriminator becomes too strong relative

to the generator, the generator may receive poor gradient information. Conversely, if the generator becomes

too strong, it may produce samples concentrated on a small subset of modes of the data distribution that

consistently fool the discriminator. This phenomenon, where diversity is lost, is known as “mode collapse”.

A large literature on architectural modifications to stabilize GAN training has emerged, see Jabbar, Li, and

Omar (2021) for a review. Here, we highlight notable contributions in two areas: architectural adjustment

and stabilization of training, and theoretical properties.

For stabilization of training, an important architectural development is the Wasserstein GAN (WGAN)

of Arjovsky, Chintala, and Bottou (2017). A key issue with the original GAN objective is that the

Jensen–Shannon divergence can be uninformative when the supports of the distributions are disjoint.

WGAN addresses this by replacing it with the Wasserstein-1 distance between the data distribution Pd

and the generated distribution Pg, where Pg denotes the distribution of G(z) with z ∼ p(z). By the

Kantorovich–Rubinstein duality, this distance can be written as

W1(Pd,Pg) = sup
f :Rdim(x)→R : |f(x)−f(x′)|≤|x−x′|

Ex∼Pd
[f(x)]− Ex∼Pg [f(x)].
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The supremum is taken over all 1-Lipschitz functions f , which in practice are parameterized by a neural

network (the “critic”) with enforced Lipschitz constraints (a general Lipschitz bound K only rescales the

objective). This leads to the WGAN objective

min
θg

max
θf∈FK

Ex∼Pd
[f(x; θf )]− Ez∼p(z)[f(G(z, θg); θf )], (19)

whereFK denotes the set ofK-Lipschitz functions. Unlike the original GAN formulation, WGANs provide

informative gradients even when the supports of Pd and Pg are disjoint, which improves training stability.

Enforcing the Lipschitz constraint is not trivial. Arjovsky, Chintala, and Bottou (2017) use an ad-hoc

weight-clipping approach with several disadvantages. Gulrajani et al. (2017) propose instead to penalize

the gradient, which proves effective. Another challenge in training WGANs is the frequent occurrence of

cycling behaviors instead of convergence. Since WGANs are a zero-sum game between generator and

discriminator, Daskalakis et al. (2017) build on computational game theoretical results and show that

Optimistic Mirror Descent (OMD) and Optimistic Adam avoid the cycling behavior, often reaching lower

Wasserstein-distances between real and generated distribution.

From a theoretical perspective, Goodfellow et al. (2020) characterize the optimal discriminator between the

pdf of the data pd and the induced pdf of a particular generatorG and pg asD∗
G(x) = pd(x)/(pd(x)+pg(x)).

Plugging this optimal discriminator into equation (18) yields − log(4) + 2JS(pd||pg) where JS(pd||pg)

is the Jensen-Shannon divergence between pd and pg. This implies that the optimal generator satisfies

pd(x) = pg(x). Goodfellow et al. (2020) show that if the generator and discriminator networks have

sufficient capacity (i.e., they are expressive enough to represent the optimal solutions), then we can analyze

GAN training under the assumption that, at each step, the discriminator is trained to its optimum for the

current generator. Under this assumption, the generator adjusts pg to improve the objective

Ex∼pd [log(D
∗
G(x))] + Ex∼pg [log(1−D∗

G(x))].

Arora et al. (2017) show that when the size of generator and discriminator are not large enough, convergence

fails: The generator may reach an objective arbitrarily close to optimal even though pg is far from pd for

most of the support of pd. They argue that due to the curse of dimensionality, it is very difficult to entertain
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generators and discriminators of sufficient capacity to satisfy the conditions of Goodfellow et al. (2020).

Arora, Risteski, and Zhang (2018) propose a support test to distinguish whether high objective values

for the generator are due to approximate optimality of the generator or due to a restricted support of pg.

Liang (2021) studies the ability of (various versions of) GANs to approximate various target distributions

(parametric and nonparametric). It is shown that the complexity of generator and discriminator should be

balanced via generator-discriminator pair regularization. Liang (2021) derives novel oracle inequalities

which allow one to derive the convergence rates of GANs in various contexts. Stephanovitch et al. (2024)

study WGANs for one-dimensional z. The optimal WGAN for a given finite sample “walks” along the

connected paths between sample points which minimize the sum of the squared Euclidean distances

between the sample points as z is changed. This should remind the reader of our example of generating

draws from uniform distributions at the introduction to Section 3.3. They also provide conditions under

which WGANs approximate pg as the number of observations diverges to infinity and characterize the rate

of convergence.

Deb and Liang (2025) introduces a new generative modeling framework based on a discretized

parabolic Monge–Ampère PDE, which arises as a continuous limit of the Sinkhorn algorithm in optimal

transport. The method iteratively refines Brenier maps via a mirror gradient descent scheme, combining the

sampling efficiency of one-step transport with the learnability of multi-step models. The authors provide

no-regret convergence guarantees, including a novel evolution variational inequality linking geometry,

transport cost, and regret, without requiring log-concavity of the target distribution. The framework bridges

ideas from GANs and diffusion models which we cover next.

3.3.3 Diffusion Models The most intuitive description of a diffusion model is learning to undo a tiny

amount of noise. These models were proposed by Sohl-Dickstein et al. (2015) and popularized by Ho, Jain,

and Abbeel (2020). Starting from clean dataXt−η, the forward process adds a small Gaussian perturbation11

to produce

Xt =
√

1− η Xt−η +
√
2η Z, Z ∼ N(0, I).

11We use a particular discretization convention (with the diffusion coefficient normalized to one, in the
Langevin style). Equivalent formulations lead to the same identities up to rescaling.
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The key idea behind denoising diffusion models is that score estimation can be reduced to a supervised

regression problem. In particular, the score function ∇ log pt(x) can be expressed in terms of a conditional

expectation. A version of Tweedie’s formula gives

∇ log pt(x) =

√
1− η E[Xt−η | Xt = x]− x

2η
.

Thus, if we can learn to predict the conditional expectation E[Xt−η | Xt]—that is, to denoise Xt back to a

slightly cleaner version—then we obtain an estimator of the score function. In this sense, score estimation

is reduced to learning a conditional expectation. This perspective is closely related to empirical Bayes

methods and has been explored in, e.g., Saremi and Hyvärinen (2019).

In practice, this leads to a simple supervised learning objective: given a noisy sample Xt and time

t, train a model to predict either the cleaner signal Xt−η or the added noise Z. These parameterizations are

equivalent up to a linear transformation, and both yield the score through the identity above. In particular,

predicting the noise Z determines E[Xt−η | Xt] and hence the score.

Repeating many such small denoising steps allows one to progressively transform pure noise into an

approximate sample from the data distribution. In the continuous-time limit, this procedure admits

both a stochastic reverse-time SDE formulation and an equivalent deterministic probability flow ODE,

which evolves samples along the same marginal distributions. The ODE formulation can offer improved

stability and has been the subject of recent theoretical analysis establishing fast convergence guarantees

and connections to optimal transport; see, e.g., Chen et al. (2023); Liang, Dharmakeerthi, and Koriyama

(2024). More broadly, a growing theoretical literature has analyzed when and why the diffuse-then-

denoise paradigm is effective, including connections to score matching and denoising autoencoders,

as in Vincent (2011); Alain and Bengio (2014), to empirical Bayes, following Saremi and Hyvärinen

(2019), and to stochastic control and optimal transport formulations, as discussed in De Bortoli et al. (2021).

This perspective clarifies why diffusion models are trainable: the core task is standard supervised

regression rather than direct estimation of ∇ log pt. Conditional versions work the same way, except that
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the denoiser also receives the conditioning variable y (for example a text prompt or a class label). Diffusion

models have been applied to super-resolution, text-to-image generation, text-to-video generation, and

black-box optimization, see Ramesh et al. (2022); Rombach et al. (2022); Singer et al. (2022); Li et al.

(2024); Yang et al. (2024). Fan, Gu, and Li (2025) establish convergence rates for estimation of densities

admitting a factorizable low-dimensional nonparametric structure using score-based diffusion models.

3.4 Reinforcement Learning with Feedback

Reinforcement learning has played an increasingly important role in the training of LLMs, see Ouyang

et al. (2022). One approach is to directly use human feedback on the quality of a prompt to fine-tune the

parameters of the network, a method known as Reinforcement Learning with Human Feedback (RLHF).

Another approach is to separately train a network to predict response quality, and then have the LLM

respond to randomly generated prompts, with the quality of the responses evaluated by the separate

network. However, this setup can create a circular problem.

Reinforcement learning with verifiable rewards addresses this issue by training an LLM on tasks

where a ground truth is available, such as problems in mathematics, coding, or other STEM fields, and

has been credited with improved reasoning ability, see Guo et al. (2025); Wen et al. (2025). Team et al.

(2025) provide another example of using RL to improve response quality. Their setup encourages the LLM

to generate “chain-of-thought” reasoning. Given a prompt x and a ground truth response y, the goal is

to generate a chain of intermediate steps zi that leads the model to the correct answer. The “truth” of the

response can be evaluated in different ways; for example, if the desired output is code, it can be executed

against a set of test cases. The search or planning process required to find the correct chain of thought is

approximated by the LLM itself.

3.5 Supervised Fine-tuning

Estimating all parameters of a complex neural network from scratch using large datasets is difficult and

expensive. Often, it is more efficient to fine-tune an existing neural network that has already been trained

on a large dataset for the task at hand.
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As a simple example, imagine that to approximate E[income|education = ed], a neural network f(ed; θ̂)

has been estimated using observations from 1980–1985 by one research team. A second research team

might be interested in approximating the same conditional expectation in a different period, 2002–2007.

They expect that the first team has done an excellent job in estimating E[income|education = ed] for their

period but anticipate that the conditional expectation has slightly changed over the years. Rather than using

θ̂ without modification or training a neural network from scratch, the second team can start from θ̂ and

use stochastic gradient descent with the 2002–2007 data and a very small learning rate to gently update

the parameters. This approach is called fine-tuning and has proven extremely effective, primarily because

it requires less expertise in training neural networks, less data, and less computational power, while also

leveraging previous work.

Neural networks trained on large datasets are sometimes called foundation models, a term due to

Bommasani et al. (2021). Fine-tuning is simple in principle: it often requires just a few steps of gradient

descent. However, foundation models are typically very large, making it infeasible for an end-user to

fine-tune them on a standard computer. A literature on parameter-efficient fine-tuning has emerged to

address this problem; see, e.g., Xin et al. (2024); Ji et al. (2025) for recent reviews. To our knowledge,

the theoretical properties of fine-tuning are not well-understood and can be expected to depend on 1) what

properties can be expected of the training foundation model (i.e., did it converge to a global minimum?),

2) the “difference” in distribution between the data for training the foundation model and the data used for

fine-tuning. See Springer et al. (2026) for some pitfalls of fine-tuning regarding safety.

3.6 Statistical Aspects

There are many open questions around the statistical/econometrics aspects of LLMs, as reviewed in Ji et al.

(2025); Su (2025). Most of these revolve around trying to explain in mathematical terms why LLMs work

as well as they seem to, and how to use statistical insights to further their development. For example,

Bai et al. (2024) study the in-context learning properties of transformers. Lai, Lim, and Liu (2024) point

out that with ReLU-activation, attention, masked attention, and cross-attention can be expressed as cubic
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splines, opening links between LLMs and classical approximation theory. Other open questions pertain to

‘Scaling Laws’, ‘Alignment’, ‘Fine-tuning’ and ‘Uncertainty Quantification’.

‘Scaling Laws’ describe how model performance behaves as a function of model size and sample

size. ‘Alignment’ concerns itself with getting LLMs to produce output that is in accordance with some

notion of social good. This might also include questions about how to induce some notion of ‘fairness’ into

LLM output while minimally sacrificing performance.

‘Uncertainty Quantification’ describes how uncertain we should be about the correctness of model

output, and in which sense we should take this uncertainty. In the neural network community, there are

two approaches to inference, called uncertainty quantification: Bayesian Neural Networks (BNNs), as

developed by Welling and Teh (2011); Graves (2011); Hernández-Lobato and Adams (2015); Blundell et al.

(2015); Gal and Ghahramani (2016); Ritter, Botev, and Barber (2018), and ensemble approaches proposed

by Lakshminarayanan, Pritzel, and Blundell (2017); see Abdar et al. (2021) for a review and Loaiza-Ganem,

Villecroze, and Wang (2025) for an interpretation of ensemble approaches as empirical Bayes. While some

work has been done in these areas, many questions remain open, and the field is evolving rapidly. Some

ideas for trying to answer these kinds of questions can be found in Berner et al. (2022) and Simon et al.

(2026).

4 Applications in Economics

In this section, we distinguish five ways of using neural nets for economic analysis. First, they can be used to

curate data by making data more accessible, for example by creating text from document scans; see Section

4.1. Second, neural nets can be used to generate interesting hypotheses or anomalies that are incompatible

with an economic model; see Section 4.2. Third, they can be used to build foundation models for economics,

for which we provide examples in Section 4.3. Fourth, they can be used for reduced-form analysis, e.g., the

estimation of a treatment effect that is confounded in a high-dimensional, unstructured way, such as by text,

images, or social networks; see Section 4.4. Finally, neural nets can be used in the computation, simulation,

and estimation of complex, high-dimensional structural models; see Section 4.5.
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LLM-assisted productivity Dowling and Lucey (2023); Korinek (2023, 2024a,b) discuss how LLMs

(a specific type of neural nets) can increase economists’ research productivity, for example in writing, cod-

ing, and deriving formulas. Cowen and Tabarrok (2023) discuss the effect of teaching and learning eco-

nomics using LLMs. Nosratabadi et al. (2020) provide summary statistics on the rapid adoption of neural

nets in economic research.

4.1 Data Curation

Einav and Levin (2014); Varian (2014) have discussed the advent of “big data” in economic research.

4.1.1 Document Image Analysis As noted by Gentzkow, Kelly, and Taddy (2019); Ash and Hansen

(2023), text is an increasingly important source of data for economists. While today’s texts are often digi-

tized and thus readily available for scientific analysis, this is not the case for documents written in the past.

One key obstacle for researchers in economic history is the digitization of documents. Given an image

of a document (a scan), how can the text be recovered? One has to be able to find and correctly classify

the individual characters (optical character recognition, OCR), check whether two adjacent characters are

the same word or not, check whether two adjacent words belong in the same text or not: The layout of a

newspaper may involve tables, columns, articles that start on one page and continue on another etc. As

shown by Dell et al. (2024), digitization that does not incorporate this layout is not able to produce coherent

articles in newspapers. As a result, only text analysis approaches that do not rely on the order of words can

be used, limiting research opportunities. The literature on these issues is relatively large and reviewed in

Dell (2024). Conceptually, OCR and layout parsing are a classical classification problem so that CNNs and

visual transformers are used. EffOCR, one of the leading packages, comes with a zoo of models including

CNNs and visual transformers, see Bryan et al. (2023); Shen et al. (2021).

4.1.2 Record Linkage To study long-term effects of policies or migration, it is helpful to “follow”

individuals over time. Often, data is collected in snapshots. For example, the US Census has been

taken every 10 years since 1790. A critical step in many studies, going back to Dunn (1946), is to link

records, e.g. to say if a person appearing in the Census in 1910 is the same as a person in the Census in
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1940.12 Abramitzky et al. (2021) provides a review of the methods for record linkage and some applications

in economics where approximate string matching methods are the most widely-used methods to link records.

One of the first applications of neural networks to record linkage appears to be Ebraheem et al.

(2018).13 They follow a process proposed by Fellegi and Sunter (1969) consisting of first labeling pairs

of observations as match/no match, then learning rules (either by hand or ML) to predict whether a pair

is a match. Next, a blocking step rules out as many pairs which cannot be a match as possible to reduce

the number of possible pairs, see Quass and Starkey (2003); Christen (2011) for reviews. Finally, for the

pairs which have not been excluded, the learned rules or ML algorithms are applied to determine which

pairs are matches. They propose to learn embeddings for each observation’s attributes and compute a

measure of similarity of these attributes. A recurrent neural net with long short-term memory units is

then used to predict match/no match using labeled data. The resulting algorithm, DeepER, is reported

to outperform existing approaches. Mudgal et al. (2018) consider variations of DeepER, including with

attention architectures. See also Sutskever (2014); Cho et al. (2014).

Using embeddings for record linkage holds the promise of using semantic information rather than

just string matching. However, it has been argued that the training data is too small and that the text used

for linking is often too short to benefit from updating embeddings to contextual information, e.g., in names,

see Binette and Steorts (2022). In certain cases, large amounts of training data have been made available,

such as the product dataset of Primpeli, Peeters, and Bizer (2019). Further progress has been made by using

fine-tuning rather than training neural nets from scratch, see Section 3.5.

Peeters and Bizer (2021) propose to fine-tune the BERT model of Devlin et al. (2019) to predict

ISBN numbers and match books. Li et al. (2023) propose to use pre-trained transformers for record linkage

such as BERT and variants. Their approach begins by ruling out pairs of entries that are unlikely to be

matches using domain-specific methods. For example, when matching employer records they discard pairs

12Social Security numbers started being issued in 1936.
13Wilson (2011) reports successes from using neural nets for record linkage. But the neural net in question

has no hidden layer so that it really is a logistic regression although it is trained as a neural net Rumelhart,
Hinton, and Williams (1986).

51



that do not have the exact same zip code. However, zip codes are not available for 60% of the employers

in the data so that they also add the 20 pairs with the highest term-frequency/inverse document frequency

cosine similarity14 of name and address strings for each observation on both datasets. For a subset of

possible pairs, they manually create labels on whether the pair is a match or not. Finally, they fine-tune the

transformer to predict this label after adding a soft-max output layer to the BERT architecture. See also

Peeters and Bizer (2023).

Arguing that the existing tools are difficult to use for social scientists without extensive coding ex-

perience, Arora and Dell (2023) develop LinkTransformer, a library to use transformers for record linkage

that can integrate models from Hugging Face or OpenAI. They frame record linkage as finding the nearest

neighbor of one observation’s embedding in another dataset’s embeddings. They use the FAISS backend

to scale the searches across pairs with GPUs, see Johnson, Douze, and Jégou (2019), and provide other

functionalities such as de-duplication. Boustan and Abramitzky (2026) review recent progress in record

linkage and empirical work using these methods. One important development is linking of women across

censuses with marriage transitions, e.g. by using marriage certificates as in Eriksson et al. (2026).

4.1.3 Measuring Low-Dimensional Features in High-Dimensional Data Neural nets have been used to

extract meaningful variables from raw text, images, videos, or other data sources. The measured variables

are then interesting in their own right or used in subsequent econometric analysis, often regressions. This

type of application is likely the most frequent application of neural nets in economic research so far. As a

result, we can only provide a few examples for each type of data.

Inference for the results of such a procedure must account for measurement error. It arises here nat-

urally as the estimation error of the low-dimensional variable(s). While Neyman-orthogonalization or

double machine learning is used in some of the papers surveyed, this requires sufficiently fast convergence

14Term frequency is the frequency of a specific word in a document. Document frequency counts how
many documents contain the same specific word. In other words, the ratio of term frequency and document
frequency measures how often a word appears in one document relative to a corpus of other documents. It
was proposed in Spärck Jones (1972). Cosine similarity is simply the dot product of the normalized tf-idf
vectors of two documents to measure similarity based on a notion of vector space similarity attributed to
Salton, Wong, and Yang (1975), although this attribution may be wrong Dubin (2004).
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of the measurement error to zero. In many cases, the required convergence rates are not established so that

inference is an open problem.

Images Satellite data contain information on economic activity, see, e.g., Croft (1978); Sutton and

Costanza (2002); Ghosh et al. (2009, 2010); Chen and Nordhaus (2011); Henderson, Storeygard, and Weil

(2012), and Donaldson and Storeygard (2016) for an overview. Satellite data comes in the form of images,

a data-type for which several neural net architectures were developed. As a result, there are numerous

studies which have applied neural nets to leverage satellite imagery to study economic questions or measure

relevant variables, e.g., Yeh et al. (2020); Huang, Hsiang, and Gonzalez-Navarro (2021), see Hall et al.

(2023) for a review.

In an early application, Jean et al. (2016) estimate consumption and wealth at the local level in

Nigeria, Tanzania, Uganda, Malawi, and Rwanda by fine-tuning AlexNet, due to Krizhevsky, Sutskever, and

Hinton (2012), to predict nightlights from satellite images. In a second step, they use the selected features

to predict local consumption and wealth on the subsample for which such data are available using Ridge

regression. Using cross-validation as estimate of out-of-sample fit, they report their CNNs to reach an R2

of 41-56% for consumption and 55-75% for wealth, depending on the country on which it was trained. For

consumption, out of sample R2 ranges from 25% (trained on Nigerian data and evaluated on Malawian

data) to 48% (trained on Malawian data and evaluated on Tanzanian data).

Adukia et al. (2023) study the gender, skin color, race, and age of characters appearing in children’s

books using both image and text data. Central applications for this study are Google AutoML Vision, now

called VertexAI, a proprietary software advertised for applying machine learning methods without code, and

Google Vision OCR. Adukia et al. (2023) use these tools to detect faces in images and predict gender, age

and race of a person as well as to detect text in scans of children’s books. As noted in a companion paper

Szasz et al. (2022), the proprietary face detection tool did not perform well as it was trained on photographs

of humans, while faces in children’s books are often illustrated. The authors therefore hand-collect a dataset

of images with illustrated faces and bounding boxes to fine-tune it to detect illustrated faces. In a hold-out

dataset, their best-performing model detects 76.8% of the faces, and 93.4% of detected faces are actually
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faces.

To predict gender, race, and age of the detected faces, Szasz et al. (2022) collect a second fine-

tuning dataset in which three different graders classified the faces into categories, e.g., male/female for

gender. The three labelers agreed on a specific gender (male, female, unsure) in 75% of cases, on race

(Asian, Black, Latinx, White, other, and unsure) in 60% of cases and on an age category (infant, child,

teenager, adult, senior, unsure) in 52% of cases. For training, they used the modal label. Their preferred

model correctly classifies faces in 53.6% for gender, 54.3% for race, and 59.3% for age. Adukia et al.

(2023) use this model to document trends and stylized facts on the prevalence of characters with various

demographics in influential children’s books, reporting for example that the prevalence of Black and Latin

American people is lower in children’s books than in the US population.

Text The rise of text as a data source in economic research has been noted, reviewed, and stimulated

by Gentzkow, Kelly, and Taddy (2019). The authors discuss ways of representing text (e.g. an email) as

numerical vectors, use this numerical representation to predict unknown outcomes (e.g. an indicator for

whether it’s a spam email), and use the predicted outcomes in subsequent analysis. They also review ML

methods in light of the high-dimensional nature of text data, including early NN architectures. Ash and

Hansen (2023) review more recent tools for natural language processing, specifically considering four

objectives: (1) quantifying document similarity, (2) measuring economic concepts contained in raw text, (3)

measuring relations between concepts, and (4) relating text to quantitative metadata. They also highlight

the challenges of validating the output of algorithms.

Veitch, Sridhar, and Blei (2020) study the causal effect of the presence of a theorem in a paper on

success in publication and the causal effect of the gender label of the author on the popularity of a post on

social media. Here, confounding variables are the text. In the case of a paper, the technicality of a paper

may affect both whether there is a theorem and whether the paper is published. To estimate the ATT with

a propensity score approach, they fine-tune BERT to produce three objects of interest: a text embedding

(of the paper’s abstract), the probability of treatment conditional on the text embedding and the conditional

expectation of the outcome conditional on treatment and text’s embedding. This allows them to construct
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estimates of the propensity scores where one uses the embedding as control.

Chava, Du, and Paradkar (2020) study the effect of mentions of emerging technologies in earnings

calls on stock market reactions. To measure references to emerging technology, they create a time-varying

dictionary of words corresponding to technologies emerging at a particular point of time. To do so, they use

Gartner, the MIT Technology Review and Wikipedia to manually identify words corresponding to emerging

technology. Since these words are often technical and described using other terminology in earnings

calls, they look for potential synonyms manually and then measure similarity between the words in their

dictionary and the potential synonyms using cosine similarity of embeddings produced by SentenceBert,

proposed by Reimers and Gurevych (2019). They then regress abnormal cumulative return in the three-day

window around the earnings call on an indicator of whether any emerging technology was mentioned and

controls which include some features of the earnings call transcript. They find that mention of emerging

technologies in earnings calls elicits a positive immediate stock market reaction even though they provide

evidence that investors cannot distinguish mentions of emerging technologies corresponding to the firm’s

innovation from mentions of emerging technologies which are just “buzzwords”. Chava, Du, and Malakar

(2021) use a similar approach to test whether mention of environmental issues in earnings conference calls

causes higher pollution abatement and green patents and whether mention of social issues causes higher

employee ratings. They find positive evidence of both.

To measure “remote work across jobs, companies, and space”, Hansen et al. (2023) classify job

postings on whether or not they allow for remote work using an encoder-only transformer. As baseline

model, they use DistilBERT, developed by Sanh et al. (2019), a “distilled” version of BERT in the spirit of

Ba and Caruana (2014) that has fewer parameters and therefore is easier to train, store, and use.

Since job postings are too long for DistilBERT, Hansen et al. (2023) split them into “sequences”:

title, bullet points after the title, and then each paragraph form a sequence. Each sequence is classified

individually. If any sequence is classified as “allows remote work”, then the entire job posting is classified

as such. Hansen et al. (2023) fine-tune the parameters of DistilBERT in two ways: First, they update

DistilBERT’s parameters to predict masked words in job postings. Intuitively, this allows the attention
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parameters that were trained on general English to adapt to job postings. Second, they obtain classification

data for 10,000 “sequences” from human classification and further update the parameters to solve the

supervised learning problem of classifying whether a job posting allows remote work or not. Hansen

et al. (2023) run these fine-tuning steps on the Google Cloud platform for a total of 51 hours for $1,500,

suggesting that a similar approach is viable even with limited research budgets.

Their fine-tuned DistilBERT model achieves an error rate of 2%, substantially outperforming dictio-

nary methods, logit regression both with and without negation and even GPT-3, the latter exhibiting

an error rate of 6% despite its much larger size. This illustrates the power of fine-tuning compared to

increasing the size of a model. Fine-tuning based only on the supervised learning problem achieves an error

rate of 3%, and the prediction of masked words in job postings allows them to further cut the error rate to 2%.

To measure the effect of the gender of scientists on the commercialization of their studies, Koffi and

Marx (2023) would like to compare papers of similar commercial appeal but with authors of different

genders. Specifically, they consider the gender of the last-mentioned author, typically the head of the

laboratory. To control for the commercialization potential of an article, they use academic citations, patent

citations, and estimates of the commercial relevance of a paper. They leverage a dataset of 70 million papers

in the Microsoft Academic Graph, using their title and the abstract. The parameters of SBERT, proposed by

Reimers and Gurevych (2019), are fine-tuned on 2.5 million research articles for each discipline.

Acikalin et al. (2022) evaluate the economic effects of a Supreme Court decision that reduced patent

protection in certain cases Supreme Court of the United States (2014). To quantify the probability that one

of the 3.8 million patents in the 20 years before the Supreme Court decision would be rejected on the basis

of the decision, Acikalin et al. (2022) fine-tune several language models to this task. The best-performing

one is Longformer, developed by Beltagy, Peters, and Cohan (2020), a pre-trained language model

specifically designed for long prompts: Patents have 9,173 words on average which, after tokenization, is

too long for most pre-trained models. As Longformer is trained to process up to 4,096 tokens or around

3,200 words, Acikalin et al. (2022) summarize the patents using TextRank, proposed by Mihalcea and

Tarau (2004); Upasani et al. (2020). They then use patent decisions following the Supreme Court decision
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to fine-tune the model to predict whether a patent was rejected based on the Supreme Court decision, using

that the US Patent and Trademark Office records the legal reason for rejection of a patent.

Avivi (2024) examines the gender neutrality of patent examiners in the US where in 2016, 12% of

inventors granted a patent were women USPTO (2019). To control for the unobserved quality of patents,

Avivi uses a version of the BERT model of Devlin et al. (2019) trained exclusively on over 100 million

patents by Google researchers Srebrovic and Yonamine (2020). Avivi considers using the values of the

last, second-to-last, and third-to-last hidden layers as embeddings, distinguishing the main text and the

claims of a patent separately.15 This gives 6 embedding vectors, each of length 1024. Since each of these 6

vectors sums to one, Avivi removes one element to avoid collinearity. For any subset of these 6 vectors, she

computes the adjusted R2 of two regressions: First, a regression of initial allowance on the concatenated

embedding vectors, and secondly, a regression of a dummy for the presence of any female inventor on

the concatenated embedding vectors. The second-to-last layers for main text and claims achieve the

highest adjusted R2 in both regressions. Avivi then assumes that conditional on this embedding vector, the

unobserved quality of the patent is independent from an indicator for initial allowance and an indicator for

the presence of any female inventor. Avivi estimates the effect of gender on initial allowance controlling for

patent quality by regressing initial allowance on a female indicator using the embeddings as controls. The

results indicate that there is no statistically significant effect of gender, although this masks heterogeneity

across time and examiners.

Audio Sometimes, economic interactions are human interactions involving communication. Commu-

nication is remarkably complex. For example, Von Thun (1981) postulates that every message has four

facets: factual information, self-revelation, appeal, and relationship. In addition, human communication

has various layers. Mehrabian (1971) concluded from the early experiments of Mehrabian and Wiener

(1967); Mehrabian and Ferris (1967) that of the informational content of a message, words convey 7%,

body language (facial expressions, gestures, posture etc.) 55%, and the tone of voice 38% of the content.

These studies and the conclusions drawn from them have been criticized, see, for example, Lapakko (2007).

Still, they can serve as motivation for economists to quantify the importance of body language and tone in

15Given a context window of 512 tokens, Avivi splits the text into paragraphs and then averages the
embeddings of the paragraphs.
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economic settings.

Gorodnichenko, Pham, and Talavera (2023) study the effect of the tone of voice by the Chair of the

Federal Reserve in Q&A sessions of Federal Open Market Committee press conferences. For this purpose,

they have to quantify the tone of voice and identify its effect separately from the economic content

articulated in the words of the answer.

To measure the tone of voice, they extract various features of the audio of each answer that have

been proposed in the literature, see, e.g., Pan, Shen, and Shen (2012); Gao et al. (2017); Likitha et al.

(2017); Bhavan et al. (2019), using the Python package Librosa. Specifically, they extract 128 mel

spectrogram frequencies measuring the loudness of frequencies at each point of time, and the distribution

of chroma features using the equal-tempered scale over time16. To train a neural net to predict emotions

based on these features, Gorodnichenko, Pham, and Talavera (2023) use two datasets from Dupuis and

Pichora-Fuller (2010); Livingstone and Russo (2018) in which different actors have been asked to read the

same text with various emotions (happy, sad, angry, fearful, pleasantly surprised, disgusted, and neutral).

Gorodnichenko, Pham, and Talavera (2023) then train a neural net which takes the 180 vocal features as

input, two hidden layers with 200 neurons each, with linear activation functions17 and a softmax output

layer to predict five emotions (happy, pleasantly surprised, neutral, sad, and angry), arguing that these are

the relevant emotions of Fed Chairs. To regularize, the authors use Bernoulli dropout with p = 0.3. The

network is trained via Adam for 2000 epochs using a batch size of 64 to minimize cross-entropy loss and

correctly predicts 84% of emotions, slightly higher for angry and sad (both 87%) and somewhat lower for

neutral (74%).18

To measure the economic content articulated in the words of the answer, Gorodnichenko, Pham, and

Talavera (2023) use BERT to classify the text as either dovish, hawkish, or neutral. To fine-tune BERT

for this, they manually collected a training dataset of FOMC statements in the time before their sample

16They also use 40 mel-frequency cepstral coefficients (MFCCs) which are specific functions of the 128
mel frequency spectrogram.

17Absent regularization, this leads to an overparametrized linear function.
18A similar analysis is done in Shah, Paturi, and Chava (2023).
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period and had several RAs label each text independently on a numerical scale. The authors then classified

each text into one of the three categories by comparing the average of the RAs’ labels to cutoff points.

To fine-tune BERT, they feed the 512 × 768 output of the last hidden layer in BERT via hyperbolic

tangent activation to a bidirectional LSTM layer with 512 units, a dropout rate of 10% and a recurrent

dropout rate of 10%. This layer and all following layers are followed by a 10% rate dropout layer. The

second hidden layer is a global average pooling 1D layer, see Lin, Chen, and Yan (2013), to transform

the 2-dimensional into one-dimensional data. The third hidden layer is a fully-connected layer with 512

neurons and ReLU activation, followed by a fourth hidden layer consisting of 128 neurons and ReLU

activation after which there is no more dropout. A softmax output layer for the three sentiments (hawkish,

dovish, neutral) completes the network. Both BERT and RoBERTa reach an accuracy of about 80% on av-

erage, although hawkish answers are correctly classified slightly more often than dovish and neutral answers.

Following Jordà (2005), Gorodnichenko, Pham, and Talavera (2023) regress financial indicators on

voice tone, text sentiment, indicators for whether there was a news conference and controls inspired by the

macroeconomics literature, see, e.g., Wu and Xia (2016); Swanson (2021). Although exogeneity of voice

tone and text sentiment to financial indicators is not clear in the presence of expectations on the behavior of

the Fed, the authors interpret the coefficients in this regression causally and conclude, for example, that a

one standard deviation increase in positivity of the voice tone raises the S&P 500 returns by 75 basis points,

an economically significant effect according to the authors.

Several other papers have taken similar approaches to different settings. For example, Handlan and

Sheng (2023) use audio recordings of the NBER Summer Institute to predict the gender, age, and tone

(same categories as above) of presenters, discussants and audience members asking questions or making

comments. They emphasize the importance of training separate networks to predict age and gender for

male and female speakers due to the different pitches of male and female speakers. Among other results,

Handlan and Sheng (2023) report that female economists are less likely to be spoken to in a positive tone.

Liem et al. (2018) provide a multi-disciplinary review of applications to job interviews.
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Video Hu and Ma (2021) study the impact of visual, verbal and vocal communication in startup pitches

to investors. To quantify these features, they use proprietary neural net architectures, including Face++,

Microsoft Azure, and Google Cloud. They then aggregate these measurements in a single number per pitch,

called “Pitch Factor,” which they interpret as “overall level of positivity—e.g., happiness, passion, warmth,

enthusiasm—in a pitch”. Assuming selection-on-observables with controls for founders’ education,

employment background, and startup experience, they find that pitches with high “Pitch Factor” are more

likely to obtain funding. However, conditional on obtaining funding, startups with higher “Pitch Factor”

perform worse.

Curti and Kazinnik (2023) study the impact of (negative) facial expressions by the Fed Chair in

FOMC press conference videos on minute-level financial assets. They measure facial expressions using

the Microsoft Azure Cognitive Services Emotion API. To control for the content of what was said, the

authors use the BERT model of Devlin et al. (2019) to quantify the sentiment of the statements. The authors

manually timestamped the text from a transcript with the precise moment in the video in which it was said.

They find that negative facial expressions, conditional on the sentiment of the statement, have negative

effects on the financial assets they considered. Alexopoulos et al. (2024) follow a similar approach in Fed

Chairs’ communication during congressional testimonies using C-SPAN videos and transcripts.

4.2 Hypotheses and Anomalies

4.2.1 Hypotheses The process of generating a scientific hypothesis is much less formalized than the

process of testing it.

Fudenberg and Liang (2019) is an example of a paper which uses nonparametric prediction together

with economic intuition to generate a hypothesis. They consider the problem of predicting initial play in

matrix games. By studying games where a nonparametric prediction algorithm, bagged decision trees,

outperforms existing economic algorithms, they identify a hypothesis: A one-parameter extension of level-1

play, as studied by Stahl II and Wilson (1994); Nagel (1995), i.e. the use of a concave utility function when

computing the level-1 strategy, increases the predictive performance. To understand the generalization of
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this rule, Fudenberg and Liang (2019) generated matrix games randomly and collected data on the choices

to predict whether in a given matrix game, the extension predicts the modal initial strategy. This prediction

algorithm was then used to classify whether in additional simulated games, the extended algorithm would

be likely to incorrectly predict the initial move. In this way, the authors collected 200 games in which

the extended algorithm was expected to perform poorly. For these 200 games, human initial choice data

confirmed that the extended algorithm performed poorly and is outperformed by a decision tree. While the

authors found this tree hard to interpret, a restricted version with just two decision nodes returns predictions

that could be interpreted by the authors as the Pareto dominant Nash equilibrium (PDNE). The authors

then formulated a hybrid model which first separately estimates the probability that the extended model

or the PDNE predicts the initial move correctly and then uses the prediction of the model with the higher

success probability. This hybrid model performed better than both PDNE and the extended model. To the

best of our knowledge, this paper is the first to document the formulation of the algorithmic generation of a

hypothesis.

Peterson et al. (2021) consider choices under uncertainty, specifically the choice between pairs of

lotteries with known distribution. Starting from the expected utility framework, they successively add

non-parametric utility functions, perceived probabilities, and context dependence. Context dependence

means that “expected utility” of one lottery in a choice problem may depend on the characteristics of the

other. In each case, they propose a neural net architecture that, besides assuming differentiability of choice

probabilities with respect to outcomes and probabilities, only incorporates the economic restrictions, e.g.,

correctly perceived probabilities, independence of choice and an unrestricted utility function. The best

performing model is the most general one, i.e. featuring context dependence, subjective probabilities and

utility functions. To produce a model that is interpretable, Peterson et al. (2021), echoing Fudenberg and

Liang (2019), propose a “mixture of theories” which learns to apply one of two utility functions and one of

two subjective probabilities, depending on the choice problem. This mixture model performs almost as well

as the most general model despite its comparable simplicity and is interpretable: the functional forms of the

two functions are similar to models of expected utility as studied by Von Neumann and Morgenstern (1944)

and prospect theory as developed by Kahneman and Tversky (1979); Tversky and Kahneman (1992).

Because the mixture model explicitly decides between the two utility and the two subjective probability
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functions, this can be used to hypothesize about human behavior.

Ludwig and Mullainathan (2022) propose to formalize the process of generating scientific hypothe-

ses. Specifically, following Dobbie and Yang (2021), they consider pretrial release/jail decisions which, by

law, are to be made on a prediction of risk of flight and re-offending before the trial. To generate hypotheses

about what matters for a judge’s decisions on whom to release and whom to jail, they estimate a model

of the judge by training a neural net to predict the judge’s decision based on a defendant’s alleged crime,

demographics and mug shot. Upon realizing that the mug shot is highly predictive of the judge’s decision,

even after controlling for demographics and facial features considered in the psychology literature, the

authors propose a way to generate an interpretable hypothesis for the judge’s behavior. The idea is to

generate two artificial mug shots that are very similar but differ in their probability of being released and

then ask subjects to articulate the difference between these faces. The key difficulty is to generate two

faces that are similar (i.e. maintain the defendant’s demographics) and differ mostly by their probability of

being released. A naive approach would be to change the pixels of the image in the direction of steepest

ascent/descent in the probability of being released. However, this often results in “mug shots” that are not

faces because the gradient is not constrained to faces. Instead, the authors propose to use GANs to generate

artificial mug shots, see Section 3.3.2. A first mug shot is generated from some point in the GAN’s latent

space. Comparison mug shots are then generated by sampling “neighbors” of the latent variable of the first

mug shot. These have to be verified, either manually or by a separate algorithm, to be sufficiently similar to

the original mug shot. If the predicted probability of being released differs, the pair of mug shots, together

with many others of the kind, can be handed to human subjects. The subjects are then told that one artificial

mug shot has a higher probability of being released than another and asked to articulate why that may be

the case.

4.2.2 Anomalies A natural counterpart to the generation of scientific hypotheses considered in Section

4.2.1 is the generation of anomalies, i.e. examples where scientific hypotheses fail. As argued by Kuhn

(1962), scientific progress, at least in natural sciences, is often motivated by anomalies that the state-of-the-

art theory cannot explain. Although economic models are typically designed to answer a specific question

rather than offer a universal theory of the world, some examples of such anomalies exist even in economics,
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see, e.g., Allais (1953); Kahneman, Knetsch, and Thaler (1991). Anomalies for an existing theory (such as

the axioms of von Neumann and Morgenstern) had to be generated based on the intuition of researchers.

In Fudenberg and Liang (2019) and Peterson et al. (2021), generating anomalies is part of formulating

a hypothesis, see Section 4.2.1. Mullainathan and Rambachan (2024) propose an automated method of

finding such examples. The idea is to cast this in an adversarial setting as in Goodfellow et al. (2020): Given

an example (x, y), the discriminator seeks to match the best theory-compatible prediction with the example,

i.e. a function f that is compatible with the theory such that f(x) = y. A generator searches for an example

that maximizes the difference between the best prediction of the theory and the outcome of the example. To

bring this idea to data, Mullainathan and Rambachan (2024) first use neural nets to estimate a map f∗ from

x to y nonparametrically, i.e. without any restrictions imposed by the theory. Then, they solve the following

adversarial game:

max
example x

min
f compatible with theory

L(f∗(x), f(x)),

where L is some loss function. In an application to data on choices between lotteries from Peterson et al.

(2021), Mullainathan and Rambachan (2024) recreate anomalies known to the literature such as the domi-

nated consequence effect and find new anomalies that they call the “reverse dominated consequence effect”

and the “strict dominance effect”. These effects could be due to noise in the estimation of f∗, so Mul-

lainathan and Rambachan (2024) put them to the test in experiments and confirm that they are not due to

noise in f∗ but features of human decision-making.

4.3 Foundation Model: Job Sequences

As discussed in Section 3.5, foundation models are trained on large data sets using self-supervised learning

and fine-tuned to perform downstream tasks. In economics, one setting in which such data sets are available

is resumes, e.g., from LinkedIn Li et al. (2017) or Zippia Vafa et al. (2024). This motivates the estimation of

foundation models to predict job sequences based on resumes, i.e. to predict an individual’s next job given

personal characteristics such as education, skill set, location and previous jobs, a long-standing problem in

economics going back to Boskin (1974).
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To the best of our knowledge, Li et al. (2017) were the first to train a foundation model in eco-

nomics. Their dataset consists of more than 1M individuals on LinkedIn from more than 100 locations,

1K education institutions, with more than 10K different skills, working for more than 100K companies

with more than 10K titles in more than 10M positions (company/title pairs). They use the long short-term

memory (LSTM) architecture of Hochreiter and Schmidhuber (1997), see also Greff et al. (2016), a leading

architecture for sequential data before the introduction of transformers by Vaswani et al. (2017), see Section

3.2.3. As we have not presented the details of LSTMs in this review, we will describe the key contributions

of Li et al. (2017) in a way that invites the reader to imagine that a transformer was used. The authors use an

encoder-decoder architecture where the encoder takes an individual’s location, highest education institution

and skill set as input to produce an embedding. To reduce the complexity of skill sets which can be of

varying size, etc., Li et al. (2017) pool individual embeddings using a componentwise maximum of each

skill’s embedding vector. The encoder is a single layer using a tanh activation. The decoder takes as inputs

the embedding as well as the jobs (company and job title), both predicted and realized. Company and job

title are predicted separately using softmax output layers, following Jean et al. (2014), where the softmax is

taken over a random subset of 50 options to reduce computational cost. The network is trained to maximize

the likelihood of job sequences using various conditional independence assumptions to decompose the

likelihood of a job sequence into the product of likelihoods of each individual job. Unfortunately, the model

is not evaluated quantitatively in an economic application although a qualitative evaluation, such as sample

job paths, may be considered encouraging.

In related work, Dave et al. (2018) propose three networks to recommend jobs to recruiters and

workers. One of these is a job transition network trained on tokenized job transitions rather than full

job histories. Zhang et al. (2019) propose to adapt the Word2Vec embedding algorithm Mikolov et al.

(2013a,b), see also Ash and Hansen (2023), to compare the expertise of two workers in different companies

with different titles. One element of their analysis is a job-graph that measures the similarity of jobs based

on the probability of a switch from one job to another.

Vafa et al. (2024) propose a two-stage model of sequences over jobs: In the first stage, the worker

decides whether to switch jobs or not. If the worker chooses to switch jobs, the worker decides in the
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second stage which job to choose. A Markov assumption is imposed that the next chosen job only depends

on the worker’s current job and characteristics (including the time in the worker’s career). The architecture

is comparable to Li et al. (2017) except that transformers (see Section 3.2.3) were used instead of LSTMs,

that two outcomes are modeled for each period (whether the worker changes jobs and if so, which job is

switched into) and that the model allows for time-changing individual characteristics. The objective is a

log-likelihood where the probability of job j is p if j is the previous job and (1 − p)σ for all other jobs,

where σ is a softmax output layer. Vafa et al. (2024) evaluate the model by applying it to predict wages

and so estimate the adjusted gender wage gap. Athey et al. (2024) show that the foundation model of Vafa

et al. (2024) is outperformed by a fine-tuned foundation model, Llama-2, due to Touvron et al. (2023). To

achieve this superior performance, the fine-tuning of Llama-2 is critical.

To fine-tune, Athey et al. (2024) propose two approaches. The first approach consists of fine-tuning

Llama-2 to predict next jobs after prompting a worker’s career history. The second approach involves

extraction of embeddings from pre-trained and fine-tuned Llama-2 and using these embeddings as inputs

to a multinomial logit classifier. One advantage of the second approach is that the new classifier only

considers job titles that appear in the data rather than predicting “made-up” job titles which never appear in

the data. The comparison between the model of Vafa et al. (2024) and the fine-tuned Llama-2 is not entirely

fair: Llama-2 tokenizes words so that it can pick up semantic meaning in job titles, information which is

not used in the model of Vafa et al. (2024). However, this necessitates a model of language reflected in the

size of the models. While the model estimated in Vafa et al. (2024) has 5.6M parameters, Llama-2 has 7B,

13B or 70B parameters, depending on the version. The comparison is not entirely driven by model size:

Athey et al. (2024) find that the Llama-2 (13B), fine-tuned with their second approach outperforms Llama-2

(70B), fine-tuned with their second approach. Both are outperformed by Llama-2 (70B), fine-tuned with the

first approach, although the difference in performance between the best-performing fine-tuning approaches

is not statistically significant when uncertainty is quantified using test-set bootstrapping.
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4.4 Reduced-Form Inference

4.4.1 Experiments Since human subjects in experiments are expensive and their treatment must comply

with ethical standards, the potential of AI agents (LLMs which have been given preferences, budgets,

instructions on possible actions) to replace human subjects has been explored.

Aher, Arriaga, and Kalai (2023) propose a test of whether LLMs replicate the distribution of human

behaviors in economic, psycholinguistic, and social psychological experiments. They call this test “Turing

Experiment”, as opposed to the Turing Test/Turing’s Imitation Game proposed by Turing (1950). In the

“Turing Experiment”, the computer does not try to impersonate a single human but rather to predict the

distribution of human behaviors in experiments. Aher, Arriaga, and Kalai (2023) emphasize that the TE

should be zero-shot, i.e., that it should not be fine-tuned to existing experiments to avoid the AI agent

regurgitating the data used for fine-tuning. In famous experiments such as the dictatorship game, the model

may have been trained on text describing the experiment and results, limiting credibility. For newer or

more niche experiments, the zero-shot assumption may be easier to justify. Aher, Arriaga, and Kalai (2023)

find that in three out of four tested games, including the ultimatum game, recent AI models were able to

replicate human behavior. Park et al. (2023) explore populating virtual cities with AI agents to study human

behavior. Horton (2023a) considers recent AI agents as possible “homo silicus”, computational models of

humans which are useful for experimental economics in a variety of ways: Since they have been trained

on large text corpora, AI agents incorporate some latent social norms, e.g. on fairness. Across a range

of classical experiments, such as those of Samuelson and Zeckhauser (1988); Kahneman, Knetsch, and

Thaler (1986); Charness and Rabin (2002), as well as a hiring scenario to study minimum wages from

Horton (2023b), Horton finds that recent AI agents act similarly to humans and suggests using AI agents

for pilots of real experiments. To measure the “knowledge” used by an LLM for predicting human behavior

in a particular context, Gao, Han, and Liang (2026) propose the “equivalent sample size”: The smallest

number of observations of human behavior in the given context which allows an economic model or a

nonparametric model to match the prediction accuracy of the LLM.
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4.4.2 Surveys Due to the cost of surveys and the impossibility of surveying respondents in the past or in the

future, several papers consider using LLMs for surveys, specifically on expectation. Bybee (2025) prompts

LLMs with historical news articles from the Wall Street Journal and forecast financial and macroeconomic

variables given this information. In comparison against historical forecasts, Bybee finds that the correlation

between LLM and historical forecasts is high and comparable to the correlation between historical forecasts.

To test for lookahead bias, Bybee (2025) repeats this procedure with news articles after the training period

of the used LLM and finds similar results. Brand, Israeli, and Ngwe (2026) report mixed results for asking

LLMs about consumer valuations of products in marketing, and advocate fine-tuning LLMs with existing

surveys for more accurate results. Tjuatja et al. (2024) report that LLMs are more sensitive to prompts

than human respondents and that LLMs survey responses are not reflective of human survey responses.

Zarifhonarvar (2026) finds that LLMs can replicate some household survey patterns, but documents and

warns about the sensitivity of the LLMs survey respondents and responses to the LLM itself. In particular,

LLM architecture, number of parameters, and the time window of the data on which a model was trained

are documented to influence the survey respondents and responses generated by the LLM. Hansen et al.

(2026) find similar results for the Survey of Professional Forecasters. Wu, Xi, and Xie (2025) propose

date-restrictive prompting to attenuate lookahead bias and to fix the characteristics of respondents across

treatment and control arms. In contrast to Brand, Israeli, and Ngwe (2026), Wu, Xi, and Xie (2025) report

alignment of heterogeneity between human and LLM surveys.

4.4.3 Using Estimated Variables We now highlight two methodological challenges when using neural

networks for reduced-form inference. One is relatively specific to LLMs, the second one is more general.

First, recall that Avivi (2024) uses the embeddings of Srebrovic and Yonamine (2020) which is trained

on patents. Using LLMs trained on text data particularly relevant for an economic application has the

advantage that embeddings may reflect the particular structure of this application, in this context, patents.

One disadvantage is that outcomes may “leak” from the dataset on which the LLM is trained. An obvious

example would be an LLM trained with data up to 2025 which is then used to predict stock prices in

2023, see for example Glasserman and Lin (2023); Sarkar and Vafa (2024); Lopez-Lira, Tang, and Zhu

(2025). When the main goal of a paper is prediction, Ludwig, Mullainathan, and Rambachan (2025)

recommend avoiding such leakage by using either LLMs with fixed, publicly available weights such as
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GPT-2, DeepSeek or the BERT or Llama family, or (families of) LLMs trained on time-stamped training

data, for example Sarkar (2024); He et al. (2025). A more recent development, proposed by Engelberg et al.

(2025), is the possibility of “entity neutering”, in which an LLM iteratively removes any information from

texts about firms until another LLM can no longer infer the identity of the firm.

The purpose of using an LLM in Avivi (2024) is not prediction but creating control variables for a

regression analysis. It is an example of a two-step approach in which the first step consists of using neural

networks or machine learning more generally to estimate control variables, and the second step consists

of running a regression with the estimated variables as control. This poses the question of how potential

estimation error of the regression variable, i.e. measurement error of the regression variable, influences the

regression coefficients. This is studied in various papers.

Battaglia et al. (2024) consider such plug-in estimates, specifically AI/ML-Generated labels such as

age, gender, or race estimated from an image as in Adukia et al. (2023); topic models to reduce the

dimensionality of unstructured data; and AI/ML-generated indices such as policy uncertainty estimated

from news articles in Baker, Bloom, and Davis (2016). Battaglia et al. (2024) consider an asymptotic

framework in which measurement error (i.e. the degree to which there is noise in the estimated regression

variable) and sampling uncertainty (i.e. the amount of noise in the regression) have the same order of

magnitude. On plug-in estimators, they find that the naive confidence interval which does not account

for estimation error in the regression variable has the correct width but is not correctly centered. Because

measurement error is non-classical, the bias can be attenuating or amplifying. Battaglia et al. (2024)

provide analytical bias corrections which can be applied without validation data to AI/ML-generated binary

labels when one has access to the classifier’s expected false-positive rate as in Bursztyn et al. (2024) and for

dimension reduction. As a more general solution, they propose a joint MLE for the regression variable and

the regression coefficients. For this, one has to model the relation between regression coefficient and the

high-dimensional object from which it is derived (i.e. the text or image) and use a Hamiltonian Monte Carlo

to integrate out the unobserved regressor(s). Their theoretical analysis assumes convergence of the AI/ML

estimator in the fixed-DGP case and faster than root-n convergence in the sequence-of-DGP case, a strong

assumption for ML/AI classifiers which we are not aware of low-level conditions for. As one of several
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examples, Battaglia et al. (2024) replicate the analysis in Gorodnichenko, Pham, and Talavera (2023), and

find joint estimation of regression-coefficients and AI/ML-generated labels leads to quantitatively very

different results, with the regression coefficients for sentiment differing by a factor of 3.

For the same challenge, Ludwig, Mullainathan, and Rambachan (2025) propose a simpler approach

which requires a validation dataset. This may be hard for Avivi (2024) where a ground truth on patent

quality is hard to observe for researchers but possible for gender, age, or race inferred from images as

in Adukia et al. (2023). Ludwig, Mullainathan, and Rambachan (2025) study linear regression when

either the dependent or independent variable is the output of an LLM and show that one has to essentially

assume no measurement error by the LLM. They also document the sensitivity of LLM output and the

resulting regression coefficients to the precise wording of the prompt, raising concerns about p-hacking.

As a solution, Ludwig, Mullainathan, and Rambachan (2025) recommend constructing a (possibly small)

validation sample and debiasing the LLM output to obtain consistency and asymptotic normality of

OLS estimates, building on results in the literature in econometrics and machine learning, see Lee and

Sepanski (1995); Chen, Hong, and Tamer (2005); Schennach (2016); Wang, McCormick, and Leek (2020);

Angelopoulos et al. (2023); Egami et al. (2023) and Carlson and Dell (2025). Compared to the regression

estimator which uses only the correctly measured variables (say by the researcher), the regression which

also uses the potentially mismeasured outcomes and uses bias correction can have smaller variance.

For some experiments, outcome variables cannot be measured and are instead estimated using an

auxiliary variable.19 One example, as in Chen and Nordhaus (2011); Henderson, Storeygard, and Weil

(2012); Asher et al. (2021), would be to use night lights to predict economic activity at a geographically

granular level due to the difficulty and expense of collecting this data manually. A common practice is to

collect economic outcomes for some observations and train a machine learning algorithm to predict out-

comes given the remotely sensed variables. One can then use the predicted outcomes of the ML procedure

as outcomes in a regression to estimate treatment effects using possibly a different sample for which one can

measure the treatment. As discussed by Chen, Hong, and Tamer (2005); Chen, Hong, and Tarozzi (2008);

19This relates to the econometric literature on surrogate variables which are sometimes used when out-
comes are only measured with long temporal delays, see e.g. Prentice (1989); Athey et al. (2025).
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Graham, Pinto, and Egel (2016), this procedure identifies the effect of treatment if the conditional distribu-

tion of the outcome given the auxiliary variable is stable across samples. Rambachan, Singh, and Viviano

(2024) instead suppose that the conditional distribution of the auxiliary variable given the outcome is stable

across samples in which case the commonly used estimator described above can be biased. Rambachan,

Singh, and Viviano (2024) propose an identification argument even when the sample of observations

for which treatment is measured and the sample for which outcomes are measured has no overlap. The

identification argument is based on identifying the conditional distribution of the outcome, the treatment

and the sample indicator given the auxiliary variable, three problems in which neural networks can be

used. Importantly, their inference results do not require convergence rate assumptions of the neural network.

Carlson and Dell (2025) are interested in semiparametrically efficient estimation of a regular linear

functional (θ) of some latent structure (M∗), e.g. θ := E[M∗]. For all observations, U and a vector

of low-dimensional characteristics X are observed. The latent structure is a deterministic function

of an unstructured text U and only for a subset of the population, M is observed (the “annotated”

sample). Formally, the researcher observes M = AM∗ and A ∈ {0, 1}, the annotation indicator.

They assume annotation on observables, i.e., [(U,M∗) ⊥⊥ A] | X . Under this assumption, as

usual P[A = 1|X,U ] = P[A = 1|X] =: π(X). They call π the “annotation score function” and

µ(x, u) = E[M |X,U ] the “imputation function”. For this survey, the reader can imagine that Carlson and

Dell (2025) assume that “annotation score function” π(A = 1|X = x) is perfectly known to the researcher

and exhibits strong overlap.20 The authors assume that the estimated imputation function µ̂ converges

in MSE to µ. Under these assumptions and moment conditions, the efficient influence function for θ is

φ(W ) := µ(X,U)−θ+ A
π(X) [M−µ(X,U)]. Mathematically, this fits into the general framework of Chen,

Hong, and Tarozzi (2008). Since the efficient influence function is automatically a Neyman-orthogonal

moment, Carlson and Dell (2025) obtain an asymptotically efficient estimator for θ := E[M∗] that is

also doubly robust. Recently, Ruan et al. (2025) propose a causal analysis leveraging language models, a

principled statistical framework that integrates LLM-generated insights of RCTs to increase the precision

of the RCT estimates.
20The assumption of a known annotation score function can be relaxed when convergence rates of esti-

mated annotation function and imputation function are given.
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4.4.4 Efficient Average Treatment Effects with One-Step NN Sieve Estimation Building directly on the

general NN sieve M-estimation framework of Section 2.4.1, Chen et al. (2024) estimate average treatment

effects under unconfoundedness without relying on a doubly robust Neyman-orthogonal moment of the sort

used in Farrell, Liang, and Misra (2021b). Let D ∈ {0, 1, . . . , J} denote treatment, let X be a possibly

high-dimensional vector of confounders, and Y ∗(d) ⊥ D | X . Chen et al. (2024) define

β∗d = argmin
b∈R

E
[
1{D = d}
πd(X)

L(Y − b)
]
, πd(x) = P(D = d | X = x).

With different loss functions L(v)—squared loss v2, check loss, or asymmetric squared loss—they

obtain treatment-effect parameters for means, quantiles, and asymmetric functionals. Inference uses

weighted bootstrap procedures; for example, for the squared loss L(v) = v2 we have β∗d = E[Y ∗(d)]

and hence ATE = β∗1 − β∗0 . Their main estimator approximates the generalized propensity score πd(·)

by a one-hidden-layer NN sieve and then minimizes the sample analogue of this criterion. Relative to

double/debiased machine learning, the key simplification is that the NN enters as a sieve approximation

to one nuisance family rather than through a doubly robust orthogonal score that requires simultaneous

estimation of both propensity and outcome nuisance functions.

For the ATE specifically, Chen et al. (2024) also propose an alternative outcome-regression route

that is especially appealing in practice. Let z∗d(x) = E[Y |X = x,D = d]. Then, under unconfoundedness,

β∗d = E[z∗d(X)]. If ẑd is estimated by a one-hidden-layer NN sieve for each treatment arm, the resulting

estimator is

β̂ORd =
1

n

n∑
i=1

ẑd(Xi), ÂTE
OR

= β̂OR1 − β̂OR0 .

This avoids solving an estimated efficient-influence-function equation altogether. The NN is still used only

as a flexible sieve for the nuisance regression function, while the target remains a low-dimensional causal

functional.

The attraction of this alternative estimator is both theoretical and practical. Chen et al. (2024) show

that the ANN-OR estimator for ATE has the same asymptotic variance as their ANN-IPW estimator under

standard regularity conditions, yet unlike IPW and doubly robust estimators it can achieve root-n asymptotic
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normality without imposing a strict lower bound on the propensity score. In designs where estimated

propensity scores may be close to zero, this makes the one-step NN outcome-regression estimator more

stable than orthogonal-score approaches. Their recommended inferential device is a weighted bootstrap,

which is convenient because it avoids deriving complicated closed-form variance expressions. For a review

article, the broader lesson is that neural nets need not enter reduced-form causal inference only through

doubly robust orthogonal moments: shallow NN sieves can also support direct semiparametrically efficient

estimation of the ATE.

4.4.5 Spatial Treatment Assignment Pollmann (2020) proposes to evaluate spatially assigned treatment

under a spatial unconfoundedness assumption, which ensures that treatment assignment of two sufficiently

distant locations is unconfounded. This motivates a doubly robust propensity score approach with controls

being neighborhood characteristics, e.g. satellite images. To control for such high-dimensional characteris-

tics, Pollmann (2020) proposes the use of convolutional neural nets (CNN); see Section 3.2.1. The network

is trained twice, once to fit the outcomes and once to fit treatment indicators with the usual output layers

and loss functions. With appropriate conditioning, the CNN estimated nuisance functions are used to com-

pute the doubly-robust propensity score estimand. Alternatively, one can just use CNN to train/estimate the

outcome regression once, and obtain the semiparametric efficient estimation as in Chen et al. (2024).

4.4.6 Network Interference Leung and Loupos (2024) considers network interference in potential

outcomes and selection into treatment. To apply a doubly robust propensity score estimator, the challenge

is to control for network position and characteristics of a unit as well as characteristics of other units.

The network’s adjacency matrix gives rise to a notion of distance between two units and motivates an

“approximate neighborhood interference” assumption as in Leung (2022), according to which only the

characteristics of s-neighbors matter, i.e. characteristics of neighbors who can be reached in s steps on

the network graph, where s is some “small” number. Still, this is a high-dimensional control problem.

Leung and Loupos (2024) proposes to use graph neural nets for this control problem. They consider PNA

aggregations, which are vectors of aggregated statistics such as mean, median, min, max, variance etc

of hidden values of connected neurons in the previous layer, see Section 3.2.2 for some details. Other

approaches are possible; Veitch, Wang, and Blei (2019) proposes to use node embeddings along the lines of
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Veitch, Sridhar, and Blei (2020).

The number of layers in the GNN has the economic interpretation of a bound on the maximum dis-

tance between two nodes which interfere. The network is trained twice, once to fit the outcomes and once to

fit treatment indicators with the usual output layers and loss functions. With appropriate conditioning, this

allows them to approximate all nuisance functions to compute the doubly-robust propensity score estimand

Chernozhukov et al. (2018) to compare the effects of any two treatment exposures. Under the assumption

that GNN’s rates of convergence are sufficiently fast, Leung and Loupos (2024) derive inference results for

the treatment effect estimates. Recently, Wang, Gu, and Otsu (2024) have studied the convergence rate of

graph neural networks, which could be viewed as a nonlinear sieve M-estimation problem. Under some

regularity conditions, they show that the convergence rate of graph neural networks is sufficiently fast to

allow for semiparametric inference as in Farrell, Liang, and Misra (2021b). Alternatively, one can just use

GNN to train/estimate the outcome regression once, and obtain the semiparametric efficient estimation as

in Chen et al. (2024).

4.5 Applications in Structural Models

4.5.1 Neuro-Computation Bodéré (2023) considers a dynamic model of firm entry in the Pennsylvanian

preschool education market in which firms are heterogeneous in their location and quality. To estimate

the parameters influencing dynamic decisions, in particular entry cost and fixed operating cost, he uses

parametric policy iteration Sweeting (2013) and the nested pseudo-likelihood algorithm of Aguirregabiria

and Mira (2007). This approach requires solving the dynamic games for many parameter values, including

solving a static pricing game of heterogeneous firms in every period. To make this tractable, Bodéré (2023)

approximates the function that takes the state vector as inputs and returns the equilibrium price with neural

nets, trained on a synthetic data set (s, πeq(s)) of states s and equilibrium variable profit vectors πeq(s)

for which the static pricing game was solved exactly. To approximate the value function, he uses a linear

function approximation where the features are basis functions of values of the output layer and the last layer

of the neural net approximating variable static profits.
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Fernández-Villaverde, Hurtado, and Nuño (2023) propose a continuous-time heterogeneous agent

model to study the nonlinear relationship between aggregate and financial variables. A critical object to

solve this model is to obtain a good estimate of the perceived law of motion (PLM) of aggregate debt as

a function of state variables. In their model, the usual log-linear specification as proposed by Krusell and

Smith (1998) does not perform well so they consider more flexible functions. They report that neural nets

outperform approximations with Chebyshev polynomials.

Several papers apply variational inference, introduced in Section 3.3.1, to economics and finance.

Applications include team production models in Bonhomme (2021), large Bayesian VARs in Chan and

Yu (2022), multinomial probit models in Loaiza-Maya and Nibbering (2023), and network formation

models in Mele and Zhu (2023). Recently, Balke, Bonhomme, and Lamadon (2025) evaluate variational

inference methods for estimating dynamic earnings models with latent heterogeneity. They consider various

variational posterior families in a simulation calibrated to the existing estimates reported in the literature.

Simple mean-field posteriors perform poorly while unrestricted Gaussian variational posteriors and their

structured counterparts exploiting the dynamic structure of the model perform better. However, richer

models are computationally more demanding and subject to higher variances.

4.5.2 Structural Estimation Wei and Jiang (2025) propose casting structural estimation as a supervised

learning problem: For a given structural parameter value of a parametric distribution model with latent

variables, one draws a dataset as large as the dataset available to the researcher. This is repeated for

a large set of randomly drawn structural parameters. The supervised learning problem is now to learn

the map from a dataset to a structural parameter. As a simplification, this problem could take in a set

of estimated moments instead of the entire dataset. Wei and Jiang (2025) show that if the draws of the

structural parameter follow a correctly specified prior distribution, then as the size of draws of the structural

parameters increases, the resulting estimator based on the entire dataset converges to the conditional

expectation of the structural parameter given the data moments with respect to the Bayesian posterior. This

approach also allows them to estimate the posterior conditional covariance of the structural parameter if the

network’s output layer is extended to also include the covariance matrix.
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Structural estimation with maximum likelihood often struggles due to the difficulty of writing down

or evaluating the likelihood, e.g. because of intractable integrals when there are latent variables or when

they involve solutions to dynamic programming problems. McFadden (1989); Pakes and Pollard (1989)

propose the simulated method of moments as a tractable and intuitive solution. It requires the researcher

to choose a set of moments to target. This choice involves a bias-variance trade-off: The more moments

are targeted, the lower the variance of the estimator, asymptotically up to the Cramér-Rao bound in the

limit. But as shown by Altonji and Segal (1996), more moments also lead to higher bias in finite samples.

For certain models, it is not obvious which moments identify parameters, e.g. the discount rate in dynamic

discrete choice models, see Abbring and Daljord (2020).

To form moments, Gallant and Tauchen (1996); Gallant and Long (1997) propose to use the score

directly. Of course, when the likelihood cannot be expressed analytically or be evaluated, the same

difficulties apply to the score. Thus, they propose to approximate the score nonparametrically with Hermite

polynomial sieves. This approach is implemented in Bansal et al. (1993, 1995). Kaji, Manresa, and Pouliot

(2023) propose to choose moments for the simulated method of moments based on cross-entropy Generative

Adversarial Networks, see Section 3.3.2. Intuitively, the forger (generator) is trying to choose parameters

of the structural model to confuse the police (discriminator) between the true data and the generated data.21

On the one hand, Kaji, Manresa, and Pouliot (2023) show that a logistic discriminator taking in a set of

moments leads to structural estimates that are asymptotically equivalent to the SMM estimator for that set

of moments. On the other hand, as shown by Kaji, Manresa, and Pouliot (2021), an oracle discriminator

is asymptotically equivalent to maximum likelihood estimation. Discriminators based on neural nets can

be seen as middle ground between logistic and oracle discriminators, and can in theory achieve asymptotic

efficiency despite intractability of the likelihood and without choosing moments by hand. Nevertheless, the

practical implementation using DNN is difficult.22

21It appears that Lewis and Syrgkanis (2018) developed a similar idea independently with the variation
that instead of cross-entropy, Lewis and Syrgkanis (2018) considered unconditional moment conditions
implied by a set of conditional moment restrictions as the prize in a zero-sum game. This paper was later
subsumed into Dikkala et al. (2020) for NPIV estimation.

22Cigliutti and Manresa (2022) study finite-sample properties of an adversarial method of moments with
logistic discriminator in light of the finite-sample bias of GMM estimators documented by Altonji and Segal
(1996).
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Observed Heterogeneity Farrell, Liang, and Misra (2021a) propose to enrich structural models by

letting structural parameters depend on a large set of covariates. As an example, a simple structural model

could be the logit demand model with a fixed preference vector. This model has disadvantages such as the

IIA property of the logit and the implied substitution patterns. Berry, Levinsohn, and Pakes (1995) showed

how a model where the preference coefficients are random, which breaks the IIA property, can be estimated

with aggregated data. Farrell, Liang, and Misra (2021a) consider individual-level data in which there is rich

demographic information about the consumers. Consumer i has demographics di and preference vector

θi = f(di), where f could be a neural net. The neural net takes demographics di, product characteristics

Xi and the choice Yi as inputs. Demographics are fed to a fully-connected multi-layer neural net whose

output layer is the vector of preference coefficients θi = f(di). The estimated coefficients can then be used

to study questions regarding welfare, optimal pricing etc. Endogeneity could potentially be accommodated

by adding instruments as an input to the neural net and in the loss function.

Dubé and Misra (2023) apply this methodology to the pricing problem of ZipRecruiter, an online

marketplace for jobs and tasks. Dubé and Misra (2023) model individual i’s demand for ZipRecruiter’s

product as a logit with coefficients βi = f(xi), where f could be a linear function estimated using LASSO

or a neural net with 2 or 3 layers, all of which perform comparably. They find that charging the estimated

optimal uniform price increases profits by 55% while charging the estimated optimal personalized price

increases profits by 86%, so an additional 19% in profits. However, this analysis is based only on a

point-estimate of demand. Inference for the profit derived from this estimated demand function is difficult.

Chen, Chen, and Gao (2025) provide such inference in the context of treatment assignment based on the

sign of the Conditional Average Treatment Effect, establishing a parametric convergence rate, closed form

expressions for the asymptotic variance, as well as estimators for the asymptotic variance based on a

geometric insight.

For personalized pricing, Zhang (2023) proposes to use Policy DNNs instead of the framework of

Farrell, Liang, and Misra (2021b), i.e. to directly map individual characteristics xi to optimal prices p∗(xi)

rather than to estimate demand parameters and then use a parametric model to derive optimal prices. Zhang

(2023) shows that inference results in Farrell, Liang, and Misra (2021b) also apply to this architecture. As
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the European GDPR affords consumers a “right to explanation” for personalized pricing and neural nets are

not transparent in this regard, Zhang (2023) considers the loss in profits if firms are required to use decision

trees, which are easily interpretable, instead of neural nets. The loss of approximating the optimal prices

from the neural net by a “comprehensible” policy, a tree with up to five branches that is greedily trained to

fit the neural net, is only 7%.23

Demand Estimation Demand estimation is the basis for pricing decisions, analyses of market power,

and welfare calculations, as reviewed by Berry and Haile (2021). Neural nets hold the promise of flexible

nonparametric demand estimation, including in NPIV settings. One recent example of an application

of NPIV to demand estimation is Chen, Chen, and Tamer (2023), discussed in Section 2.4.2. A central

obstacle, however, is posed by shape restrictions: economic theory often implies monotonicity, curvature,

or other restrictions that are easier to impose with splines or Bernstein polynomials, see, e.g., Chen (2007);

Compiani (2022); Brand and Smith (2025); Breunig and Chen (2024). Some progress exists for specialized

architectures such as input-convex neural nets studied by Amos, Xu, and Kolter (2017) and other shape

restricted NNs reviewed in Section 2.3. At the moment, many empirical IO papers simply use NNs to

construct product representations or embeddings that are then fed into structurally interpretable demand

systems. However, as discussed in Section 2.1, flexible NN representations/embeddings are not unique so

that one needs to be cautious with economic interpretations.

Measuring product characteristics can be difficult, and mismeasurement may lead to endogeneity of

prices. To augment product characteristics, Magnolfi, McClure, and Sorensen (2022) propose product

embeddings based on triplets data of the form “product A is closer to product B than product C”. These

embeddings can then be used for demand estimation in characteristics space or product space. The triplet

data is collected in surveys, a relatively expensive process.

To scale the computation of embeddings, text and image data is often available. Text data is often

supplied by vendors in the form of product descriptions and by consumers in the form of reviews. Vendors

often also supply image data. Among the first papers to study this is Han et al. (2021) who studies the market

23This surprisingly small loss echoes a similar result that deep nets can often be well approximated with
shallow nets, see Ba and Caruana (2014) for a discussion.
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for fonts using a Hotelling-type spatial competition model. To measure the similarity of fonts, they use

FaceNet, proposed by Schroff, Kalenichenko, and Philbin (2015), a CNN which generates an embedding for

faces into Euclidean space such that the embeddings’ Euclidean distance becomes a similarity measure for

the faces. With a similar approach, Han and Lee (2025) study copyright in the market for fonts. Compiani,

Morozov, and Seiler (2025) propose to use text and image data to measure similarity between products by

measuring the distances of their embeddings. For text, encoder-only models such as the Sentence Trans-

former (ST) of Cer et al. (2018) and S-Bert by Reimers and Gurevych (2019) directly produce embeddings.

For images, pre-trained classifiers such as VGG19 by Simonyan and Zisserman (2014), ResNet50 by He

et al. (2016), InceptionV3 by Szegedy et al. (2016), and Xception by Chollet (2017) are used. Two ways of

incorporating embeddings in demand models are proposed. In a pairwise combinatorial nested logit model,

as in Small (1987); Koppelman and Wen (2000), similarity measures are used to parametrize the error

correlation. In a mixed logit model, following Berry, Levinsohn, and Pakes (1995), Compiani, Morozov,

and Seiler (2025) apply PCA to the embeddings of each product and then use the principal components as

characteristics. Christensen and Compiani (2026) provide root-n asymptotically normally distributed bias-

corrected estimates of average demand counterfactuals that allow for unstructured data generated regressors.

Bajari et al. (2023) use the same embeddings to compute hedonic price indices, i.e. to predict prices based

on product embeddings, to compute price indices that are more robust to product entry and exit. For

Amazon data on first-party apparel sales, the hedonic price functions have a surprisingly highR2 of 80-90%.

In related work, Ruiz, Athey, and Blei (2020) develop a model of sequential decision making during

shopping with large choice sets. It is inspired by neural probabilistic models proposed by Bengio,

Ducharme, and Vincent (2000). Neural probabilistic models model sequences by learning the similarity

of two items (e.g. two synonymous words in a sentence or two highly substitutable goods in a shopping

cart) and the probability of item sequences (i.e. that a certain word follows another specific word or that

a certain item is bought after another specific item is bought). However, the model itself is a hierarchical

latent variable model that does not use neural nets, so we do not go into more detail in this review.

Chiang et al. (2026) consider market counterfactuals with nonparametric supply assuming that de-

mand has already been identified. Their flexible supply function, defined as the sum of markups and
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marginal cost, allows them to identify and estimate counterfactuals which do not need to distinguish

marginal cost and markups for various models of firm conduct, see also Berry and Haile (2014). They

estimate the model using the Variational Method of Moments as proposed in Bennett and Kallus (2023) and

illustrate that the method scales to an empirical application to airline markets. In a simulation study, they

find that the method estimates counterfactuals well with datasets of typical size.

Manski (1975, 1985, 1987) studies identification and estimation of discrete choice models where the

utility of an option j to consumer i is ui,j = xjθ + εi,j . Here, xj are the characteristics of option j and εi,j

are latent utility draws for which no distribution is assumed. Manski shows that with sufficient variation

in characteristics, θ is identified up to scale and proposes an estimator for θ which involves indicator

functions. In old neural network architectures, the indicator function (also called Heaviside function) has

been used as an activation function Rosenblatt (1958). Due to the lack of differentiability, indicators have

been replaced with various other activation functions, see appendix A. Chen, Gao, and Wen (2025) propose

to use a population objective based on a sum of two convolutions of ReLU functions. They show that

this ReLU-based maximum score offers computational advantages for optimization using gradients and

establish the convergence rate as well as the asymptotic normality of their ReLU-based maximum score

reformulation.

4.5.3 Simulation Data Athey et al. (2021) argue that the credibility of Monte Carlo simulations to evaluate

new methodologies would benefit if the design of the DGPs in the Monte Carlo simulation was not left to

the researcher who is advocating a new methodology. Applications to real data are credible but have the

issue that the DGP is not known. As a compromise, Athey et al. (2021) propose to use GANs, specifically

Wasserstein GANs, see Section 3.3.2, to approximate the DGP of a real dataset. The estimated DGP can

then be used to evaluate new methodologies with less concern that the researcher cherry-picked the DGP. As

an added benefit, Xie et al. (2018) show that the estimated DGP satisfies a privacy guarantee so that it might

be possible to share the estimated DGP even when a dataset is proprietary. More recently, diffusion-based

methods to generate data have gained popularity. See Section 3.3.3 for an introduction and Tian and Shen

(2026) for an application to generating data on a low-dimensional manifold in a high-dimensional space.
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4.5.4 Dynamics Dynamic decision problems and dynamic games often feature high-dimensional state

spaces and a curse of dimensionality in the sense of Bellman (1957). For example, Aguirregabiria and Nevo

(2013) write

“The [...] ‘curse of dimensionality’ [is] present even in relatively simple models. [...] As a

result, much of the recent work in structural econometrics in IO focuses on finding ways to

make dynamic problems more tractable [...].”

As neural nets can approximate multi-dimensional functions well in theory, they have been used to approx-

imate value functions, going back to Tesauro (1995), as well as action-value functions, policy functions,

and distributions of rewards and state transitions. Indeed, many recent successes in games with large state

spaces have been documented in classical board games by Gelly and Silver (2008); Silver et al. (2016,

2018), in video games by Mnih et al. (2013); Vinyals et al. (2019), in chatbots by Ouyang et al. (2022), and

in self-driving vehicles, as reviewed in Kiran et al. (2021). Due to space constraints, we cannot cover these

approaches in much detail and refer the reader to the classical textbook of Sutton and Barto (2018), as well

as the more compact introductions highlighting the links to structural estimation by Igami (2020); Iskhakov,

Rust, and Schjerning (2020). Perhaps the successes of neural nets in the above applications are due to

their architectures designed for state spaces that satisfy some lower-dimensional manifold hypotheses. In

general, new neural net architectures imposing shape constraints based on economic theory or economic

assumptions for specific contexts may be needed; see, e.g., Hendel and Nevo (2006); Gowrisankaran and

Rysman (2012); Aguirregabiria and Ho (2012); Ifrach and Weintraub (2016); Fernández-Villaverde, Hur-

tado, and Nuño (2023); Han, Yang, and E (2026); Azinovic-Yang and Žemlička (2025).

5 Conclusion

We have introduced neural networks, discussed theoretical perspectives, and reviewed empirical applica-

tions in economics. We hope that the metaphor of neural networks as Lego structures inspires economists

to combine different types of layers in novel ways to answer important questions. For example, multimodal

learning that combines text and video data from a FOMC press conference looks promising. Our goal is

to inspire economists to incorporate neural networks into their research. Yet, many aspects remain poorly
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understood. We conclude with several open questions.

Economists who have access to large and accurate data sets can harness LLMs and other deep-learning

tools to conduct more impactful research, as discussed by Varian (2014); Athey (2015); Mullainathan

and Spiess (2017); Dell (2024). Economists can also apply NN architectures, including so-called

physics-informed NNs, to accelerate the computation and simulation of complex high-dimensional

dynamic equilibrium models, as reviewed in Fernández-Villaverde, Nuño, and Perla (2024). However,

for researchers conducting structural estimation and inference with moderate and noisy data sets, care is

needed when applying modern deep learning. For instance, current diffusion models are not effective for

simulating economic structural models with latent heterogeneity and noisy data. As another example, many

default NN packages are designed for regression and classification, that is, for prediction; they are therefore

not yet directly suited to problems such as nonparametric regression with endogeneity in demand estimation.

The standard empirical practice in economics is to assume that the machine algorithms can find global

solutions, and hence computational error is of a much smaller order than the statistical error (statistical bias

+ standard deviations) and can be ignored. Modern NNs and LLMs are nonlinear and high-dimensional, and

computations are based on various versions of stochastic approximations (in particular, mini-batch versions

of stochastic gradient descent). For single-hidden-layer neural networks, there are some recent results

establishing global convergence of stochastic approximation algorithms, see, for example Zhong et al.

(2017); Chen, Tamer, and Yao (2026). However, even for neural networks with two hidden layers, global

optimization is already provably difficult. Consequently, statistical/econometric theories established based

on finding global optimizers are likely to be poor approximations to empirical performance and should be

regarded with reservations. Instead, inferential theory should take into account the approximation error (due

to sieve or regularization), the statistical error and the computational error terms. Simon et al. (2026) argue

that models from physics could help understand the learning process and thus the computational error terms.

Despite the successes of neural nets across many fields, especially in LLMs, they are not immune to

error. The theoretical basis for their success remains only partially understood. Neither the Kolmogorov-

Arnold representation view nor the flexible approximation view fully explains their remarkable empirical
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performance; mathematically, many other sieve bases share similar high-level properties. Indeed, as

discussed in Zhang et al. (2016), it is often unclear why one neural network trained on a particular data

set and prediction task generalizes well while another does not. By the no-free-lunch theorem of Wolpert

(1996); Wolpert and Macready (1997), it would be overly optimistic to expect neural networks to work

well for all tasks and all data sets. The sub-manifold hypothesis suggests that seemingly high-dimensional

objects such as text and images may lie on much lower-dimensional latent manifolds on which neural

networks perform and generalize well. Unfortunately, without economic shape/sparsity restrictions, it

is very difficult to nonparametrically recover the lower-dimensional latent manifold accurately from

high-dimensional noisy data. So, while neural networks perform well in many prediction and classification

tasks using large accurate data sets, they can perform poorly in generalization. One manifestation of these

challenges is the prevalence of adversarial examples documented by Szegedy et al. (2013); Goodfellow,

Shlens, and Szegedy (2014); Belkin, Hsu, and Mitra (2018).

As illustrated in Section 4.3: fine-tuned foundation models can sometimes outperform architectures

specifically trained for a task. However, such models are prohibitively expensive to train for individual

applied researchers, raising questions about the theoretical properties of networks trained on unknown data

using unknown methods; see, for example, Springer et al. (2026) about the safety concerns of fine-tuning

algorithms. In Section 4.4.3, we review some recent econometric literature on using DNN estimated

variables in estimation of some policy functionals. Some approaches require strong assumptions, such

as fast convergence rates of black-box LLM estimated embeddings. When large networks are trained on

proprietary data with undisclosed methods, these assumptions are difficult to verify in practice.

This discussion should serve as a cautionary note: neural networks are not infallible machines. At

the same time, we hope to provide a starting point for econometricians to deepen our understanding of

fundamental theoretical aspects underlying the application of neural networks in economics. Simon et al.

(2026) hosts a list of open questions related to the statistics of neural networks and their training. We

encourage econometricians to contribute to these open questions — and, in doing so, to follow in the

footsteps of Hal White.
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tomated Linking of Historical Data.” Journal of Economic Literature 59 (3):865–918.

Abudy, Matan, Orr Well, Emmanuel Chemla, Roni Katzir, and Nur Lan. 2025. “A Minimum Description

Length Approach to Regularization in Neural Networks.” arXiv preprint arXiv:2505.13398 .

Acikalin, Utku U, Tolga Caskurlu, Gerard Hoberg, and Gordon M Phillips. 2022. “Intellectual Property

Protection Lost and Competition: An Examination Using Machine Learning.” .

Ackerberg, Daniel, Xiaohong Chen, and Jinyong Hahn. 2012. “A Practical Asymptotic Variance Estimator

for Two-Step Semiparametric Estimators.” Review of Economics and Statistics 94 (2):481–498.

Ackerberg, Daniel, Xiaohong Chen, Jinyong Hahn, and Zhipeng Liao. 2014. “Asymptotic Efficiency of

Semiparametric Two-Step GMM.” Review of Economic Studies 81 (3):919–943.

Ackley, David H, Geoffrey E Hinton, and Terrence J Sejnowski. 1985. “A Learning Algorithm for Boltz-

mann Machines.” Cognitive Science 9 (1):147–169.

Adukia, Anjali, Alex Eble, Emileigh Harrison, Hakizumwami Birali Runesha, and Teodora Szasz. 2023.

“What We Teach about Race and Gender: Representation in Images and Text of Children’s Books.” The

Quarterly Journal of Economics 138 (4):2225–2285.

Aguirregabiria, Victor and Chun-Yu Ho. 2012. “A Dynamic Oligopoly Game of the US Airline Industry:

Estimation and Policy Experiments.” Journal of Econometrics 168 (1):156–173.

83



Aguirregabiria, Victor and Pedro Mira. 2007. “Sequential Estimation of Dynamic Discrete Games.” Econo-

metrica 75 (1):1–53.

Aguirregabiria, Victor and Aviv Nevo. 2013. “Recent Developments in Empirical IO: Dynamic Demand and

Dynamic Games.” In Advances in Economics and Econometrics: Tenth World Congress, edited by Daron

Acemoglu, Manuel Arellano, and EddieEditors Dekel, Econometric Society Monographs. Cambridge

University Press, 53—-122.

Aher, Gati V, Rosa I Arriaga, and Adam Tauman Kalai. 2023. “Using Large Language Models to Simu-

late Multiple Humans and Replicate Human Subject Studies.” In International Conference on Machine

Learning. PMLR, 337–371.

Ai, Chunrong and Xiaohong Chen. 2003. “Efficient estimation of Models with Conditional Moment Re-

strictions Containing Unknown Functions.” Econometrica 71 (6):1795–1843.

———. 2007. “Estimation of Possibly Misspecified Semiparametric Conditional Moment Restriction Mod-

els with Different Conditioning Variables.” Journal of Econometrics 141 (1):5–43.

———. 2012. “The Semiparametric Efficiency Bound for Models of Sequential Moment Restrictions Con-

taining Unknown Functions.” Journal of Econometrics 170 (2):442–457. Thirtieth Anniversary of Gen-

eralized Method of Moments.

Alain, Guillaume and Yoshua Bengio. 2014. “What Regularized Auto-Encoders Learn from the Data-

Generating Distribution.” The Journal of Machine Learning Research 15 (1):3563–3593.

Alexopoulos, Michelle, Xinfen Han, Oleksiy Kryvtsov, and Xu Zhang. 2024. “More Than Words:

Fed Chairs’ Communication During Congressional Testimonies.” Journal of Monetary Economics

142:103515.

Allais, Maurice. 1953. “Le Comportement de l’Homme Rationnel Devant le Risque: Critique des Postulats

et Axiomes de l’école Américaine.” Econometrica: Journal of the Econometric Society :503–546.

Altonji, Joseph G and Lewis M Segal. 1996. “Small-Sample Bias in GMM Estimation of Covariance

Structures.” Journal of Business & Economic Statistics 14 (3):353–366.

84



Amos, Brandon, Lei Xu, and J Zico Kolter. 2017. “Input Convex Neural Networks.” In International

Conference on Machine Learning. PMLR, 146–155.

Andrews, Donald. 1994. “Asymptotics for Semiparametric Econometric Models Via Stochastic Equiconti-

nuity.” Econometrica 62 (1):43–72.

Angelopoulos, Anastasios N, Stephen Bates, Clara Fannjiang, Michael I Jordan, and Tijana Zrnic. 2023.

“Prediction-Powered Inference.” Science 382 (6671):669–674.

Arjovsky, Martin and Léon Bottou. 2017. “Towards Principled Methods For Training Generative Adversarial

Networks.” arXiv preprint arXiv:1701.04862 .
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LeCun, Yann, Léon Bottou, Yoshua Bengio, and Patrick Haffner. 1998. “Gradient-Based Learning Applied

to Document Recognition.” Proceedings of the IEEE 86 (11):2278–2324.

Lee, Lung-fei and Jungsywan H Sepanski. 1995. “Estimation of Linear and Nonlinear Errors-in-Variables

Models Using Validation Data.” Journal of the American Statistical Association 90 (429):130–140.

Lee, Tae-Hwy, Halbert White, and Clive WJ Granger. 1993. “Testing for Neglected Nonlinearity in Time Se-

ries Models: A Comparison of Neural Network Methods and Alternative Tests.” Journal of Econometrics

56 (3):269–290.

Leshno, Moshe, Vladimir Ya Lin, Allan Pinkus, and Shimon Schocken. 1993. “Multilayer Feedforward

Networks with a Nonpolynomial Activation Function Can Approximate Any Function.” Neural Networks

6 (6):861–867.

Leung, Michael P. 2022. “Causal Inference under Approximate Neighborhood Interference.” Econometrica

90 (1):267–293.

Leung, Michael P. and Pantelis Loupos. 2024. “Graph Neural Networks for Causal Inference under Network

Confounding.” arXiv preprint arXiv:2211.07823 .

Lewis, Greg and Vasilis Syrgkanis. 2018. “Adversarial Generalized Method of Moments.” arXiv preprint

arXiv:1803.07164 .

Lewis, Mike, Yinhan Liu, Naman Goyal, Marjan Ghazvininejad, Abdelrahman Mohamed, Omer Levy,

Ves Stoyanov, and Luke Zettlemoyer. 2019. “BART: Denoising Sequence-to-Sequence Pre-Training for

Natural Language Generation, Translation, and Comprehension.” arXiv preprint arXiv:1910.13461 .

Li, Liangyue, How Jing, Hanghang Tong, Jaewon Yang, Qi He, and Bee-Chung Chen. 2017. “NEMO:

Next Career Move Prediction with Contextual Embedding.” In Proceedings of the 26th International

Conference on World Wide Web Companion. 505–513.

Li, Yuliang, Jinfeng Li, Yoshi Suhara, AnHai Doan, and Wang-Chiew Tan. 2023. “Effective Entity Matching

with Transformers.” The VLDB Journal 32 (6):1215–1235.

108



Li, Zihao, Hui Yuan, Kaixuan Huang, Chengzhuo Ni, Yinyu Ye, Minshuo Chen, and Mengdi Wang. 2024.

“Diffusion Model for Data-Driven Black-Box Optimization.”

Liang, Tengyuan. 2021. “How Well Generative Adversarial Networks Learn Distributions.” Journal of

Machine Learning Research 22 (228):1–41.

Liang, Tengyuan, Kulunu Dharmakeerthi, and Takuya Koriyama. 2024. “Denoising Diffusions with Optimal

Transport: Localization, Curvature, and Multi-Scale Complexity.” arXiv preprint arXiv:2411.01629 .

Liem, Cynthia CS, Markus Langer, Andrew Demetriou, Annemarie MF Hiemstra, Achmadnoer

Sukma Wicaksana, Marise Ph Born, and Cornelius J König. 2018. “Psychology Meets Machine Learning:

Interdisciplinary Perspectives on Algorithmic Job Candidate Screening.” Explainable and Interpretable

Models in Computer Vision and Machine Learning :197–253.

Likitha, MS, Sri Raksha R Gupta, K Hasitha, and A Upendra Raju. 2017. “Speech Based Human Emo-

tion Recognition Using MFCC.” In 2017 International Conference on Wireless Communications, Signal

Processing and Networking (WiSPNET). IEEE, 2257–2260.

Lin, Chien-Fu Jeff. 1992. The Econometrics of Structural Change, Neural Network and Panel Data Analysis.

University of California, San Diego.

Lin, Min, Qiang Chen, and Shuicheng Yan. 2013. “Network In Network.” arXiv preprint arXiv:1312.4400 .

Linnainmaa, Seppo. 1970. “Algoritmin kumulatiivinen pyöristysvirhe yksittäisten pyöristysvirheiden
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Hou, and Max Tegmark. 2025. “KAN: Kolmogorov-Arnold Networks.”

Livingstone, Steven R and Frank A Russo. 2018. “The Ryerson Audio-Visual Database of Emotional Speech

and Song (RAVDESS): A Dynamic, Multimodal Set of Facial and Vocal Expressions in North American

English.” PloS one 13 (5):e0196391.

Loaiza-Ganem, Gabriel, Valentin Villecroze, and Yixin Wang. 2025. “Deep Ensembles Secretly Perform

Empirical Bayes.” arXiv preprint arXiv:2501.17917 .

109



Loaiza-Maya, Rubén and Didier Nibbering. 2023. “Fast Variational Bayes Methods for Multinomial Probit

Models.” Journal of Business & Economic Statistics 41 (4):1352–1363.

Lopez-Lira, Alejandro, Yuehua Tang, and Mingyin Zhu. 2025. “The Memorization Problem: Can We Trust

LLMs’ Economic Forecasts?” arXiv preprint arXiv:2504.14765 .

Loshchilov, Ilya and Frank Hutter. 2017. “Decoupled Weight Decay Regularization.” arXiv preprint

arXiv:1711.05101 .

Lu, Jianfeng, Zuowei Shen, Haizhao Yang, and Shijun Zhang. 2021. “Deep network approximation for

smooth functions.” SIAM J. Math. Anal. 53:5465–5506.

Ludwig, Jens and Sendhil Mullainathan. 2022. “Algorithmic Behavioral Science: Machine Learning as a

Tool for Scientific Discovery.” Chicago Booth Research Paper (22-15).

Ludwig, Jens, Sendhil Mullainathan, and Ashesh Rambachan. 2025. “Large Language Models: An Applied

Econometric Framework.” .

Maas, Andrew L, Awni Y Hannun, Andrew Y Ng et al. 2013. “Rectifier Nonlinearities Improve Neural

Network Acoustic Models.” In Proc. ICML, vol. 30. Atlanta, GA, 3.

Maclaurin, Dougal. 2016. Modeling, Inference and Optimization with Composable Differentiable Proce-

dures. Ph.D. thesis, Harvard University.

Magnolfi, Lorenzo, Jonathon McClure, and Alan T Sorensen. 2022. Triplet Embeddings for Demand Esti-

mation. SSRN.

Makovoz, Y. 1996. “Random approximants and neural networks.” Journal of Approximation Theory 85:98–

109.

Manski, Charles. 1975. “Maximum Score Estimation of the Stochastic Utility Model of Choice.” Journal

of Econometrics 3 (3):205–228.

Manski, Charles F. 1985. “Semiparametric Analysis of Discrete Response: Asymptotic Properties of the

Maximum Score Estimator.” Journal of Econometrics 27 (3):313–333.

110



———. 1987. “Semiparametric Analysis of Random Effects Linear Models from Binary Panel Data.”

Econometrica: Journal of the Econometric Society :357–362.

Matzkin, Rosa L. 1994. “Restrictions of Economic Theory in Nonparametric Methods.” Handbook of

Econometrics 4:2523–2558.

McCulloch, Warren S and Walter Pitts. 1943. “A Logical Calculus of the Ideas Immanent in Nervous

Activity.” The Bulletin of Mathematical Biophysics 5:115–133.

McFadden, Daniel. 1989. “A Method of Simulated Moments for Estimation of Discrete Response Models

without Numerical Integration.” Econometrica: Journal of the Econometric Society :995–1026.

———. 2001. “Economic Choices.” The American Economic Review :351–378.

Mehrabian, Albert. 1971. “Implicit Communication of Emotions and Attitudes.”

Mehrabian, Albert and Susan R Ferris. 1967. “Inference of Attitudes from Nonverbal Communication in

two Channels.” Journal of Consulting Psychology 31 (3):248.

Mehrabian, Albert and Morton Wiener. 1967. “Decoding of Inconsistent Communications.” Journal of

Personality and Social Psychology 6 (1):109.

Mehrabian, Ali, Ehsan Hoseinzade, Mahdi Mazloum, and Xiaohong Chen. 2025. “Mamba Meets Financial

Markets: A Graph-Mamba Approach for Stock Price Prediction.” ICASSP .

Mele, Angelo and Lingjiong Zhu. 2023. “Approximate Variational Estimation for a Model of Network

Formation.” Review of Economics and Statistics 105 (1):113–124.

Menzel, Konrad. 2021. “Structural Sieves.” arXiv preprint arXiv:2112.01377 .

Mihalcea, Rada and Paul Tarau. 2004. “TextRank: Bringing Order into Text.” In Proceedings of the 2004

Conference on Empirical Methods in Natural Language Processing. 404–411.

Mikolov, Tomas, Kai Chen, Greg Corrado, and Jeffrey Dean. 2013a. “Efficient Estimation of Word Repre-

sentations in Vector Space.” arXiv preprint arXiv:1301.3781 .

111



Mikolov, Tomas, Ilya Sutskever, Kai Chen, Greg S Corrado, and Jeff Dean. 2013b. “Distributed Represen-

tations of Words and Phrases and Their Compositionality.” Advances in Neural Information Processing

Systems 26.

Mnih, Volodymyr, Koray Kavukcuoglu, David Silver, Alex Graves, Ioannis Antonoglou, Daan Wierstra,

and Martin Riedmiller. 2013. “Playing Atari with Deep Reinforcement Learning.” arXiv preprint

arXiv:1312.5602 .
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A On Activation Functions

Common choices are sigmoid activation, popularized by Rumelhart, Hinton, and Williams (1986), ReLU

activation, due to Fukushima (1975); Jarrett et al. (2009); Nair and Hinton (2010); Glorot, Bordes, and

Bengio (2011), the SiLU/Swish of Ramachandran, Zoph, and Le (2017), and Gaussian error linear units,

defined as follows: of Hendrycks and Gimpel (2016)

f sigmoid(z) = 1/(1 + exp(−z)),

fReLU(z) = max{0, z},

fSiLU(z) = zf sigmoid(z),

fGELU(z) = zΦ(z).

They are sometimes parametrized with additional learnable parameters. Other activation functions have been

Figure 3: Common Activation Functions
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proposed, for example the hyperbolic tangent of LeCun et al. (1998), Leaky ReLU of Maas et al. (2013),
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parametric ReLU of He et al. (2015), exponential linear units of Clevert (2015) and scaled exponential linear

units of Klambauer et al. (2017). It is important that these functions be nonlinear.
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