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Abstract

Asset pricing models provide expected return and cost of capital estimates, unveil
risk-return trade-offs, and offer economic insights that enable market agents to
make informed investment choices and proper portfolio allocations. Traditionally,
static factor models have been the workhorse for these applications due to their
minimal complexity and straightforward implementation. Despite their popularity,
static factor models present several assumptions and mathematical limitations,
which are not based on economic theory and are derived from OLS regressions,
that hinder the empirical performance and explanatory power of those approaches.
Such restrictions include the staticity and linearity of parameters, inability to handle
and discern among large volumes of data, and fixed functional form. For these
reasons, this literature review aims at explaining why it has been necessary and
what has been the evolution of asset pricing. Various modelling choices are
compared based on their empirical performance and interpretability, highlighting
the benefits and disadvantages of each framework. Among time-varying models,
Kalman filter methodologies provide the strongest empirical attainments, while
IPCA and BMA prove to be the most effective among approaches dealing with the
“factor zoo” and the curse of dimensionality. Feedforward neural networks offer
the best out-of-sample prediction when accounting for non-linearities and complex
variable interactions, while random forests result resilient to noisy datasets. Lastly,
this review concisely examines the latest methodological advancements, which are
able to tackle multiple issues of static factor models at once. Novel architectures
feature and combine advanced neural networks to extract the maximum amount of
information from the dataset, achieving strong empirical forecasting performances,
while conceding economic interpretability and computational complexity to

simpler methodologies.
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Introduction

Expected returns and risk, implicitly defined as uncertainty, affect the investment
choices of individuals and institutional investors (Lintner, 1965). Asset pricing
models are devices that link the two and provide to economic agents the tools to
estimate the cost of capital, assess investment risks, and to create efficient portfolio
allocations. For decades, static factor models have been the backbone of traditional
asset pricing. Evolved from Sharpe’s and Linter’s CAPM (Sharpe, 1964; Lintner,
1965), static multifactor models, such as the Fama-French three-factor model
(Fama and French, 1993), have provided economists with expected return forecasts
and economic explanations. Despite their popularity, it soon became evident that
the assumptions behind those models, which are mostly imposed by the ordinary
least squares (OLS) regression, were not economically justifiable. Consequently,
empirical applications proved to be not entirely satisfactory due to security
mispricing and factor anomalies. For these reasons, practitioners and academics

started to devise new methodologies addressing those issues.

This literature survey illustrates why it was necessary and what has been the
methodological evolution of asset pricing models. This paper is divided into four
chapters, each reviewing a branch of the literature handling specific issues of static
factor models. Chapter 1 addresses the time-varying nature of factor loadings and
risk premiums, Chapter 2 the “factor zoo” and dimensionality curse, Chapter 3 the
fixed functional form and linearity assumption, and Chapter 4 briefly discusses the
emerging architectures that handle several issues at once. Besides the theoretical
improvements and drawbacks brought by new frameworks, each methodology is

evaluated and compared based on its empirical performances and interpretability.



Chapter 1: Time-varying Models

Since static factor models usually rely on the Fama and MacBeth (1973) approach,
which comprises multiple time series and cross-sectional OLS regressions on a
fixed window of data, their estimated risk premiums and factor loadings are
assumed to be constant over time. However, it is widely accepted that expected
returns are time-varying and that they are affected by predictable changes in risk
premiums due to the influence of macroeconomic variables (Keim and Stambaugh,
1986). Specifically, Ferson and Harvey (1991) showed that the major contributor
of excess return variability is the time variation of factors’ risk premia where, again,
most of the predictability came from economic variables. Additionally, assets’
factor loadings also change, usually reverting to one over time (Blume, 1975), as
the company transforms and the business cycle advances. In fact, Jagannathan and
Wang (1996) argue about the importance of dynamic betas, especially in case of
recessions, as companies become riskier investments due to the increase in
leverage. For these reasons, this chapter focuses on methodologies that address the
time-varying nature of the betas and risk premiums to provide more accurate

estimates.

1.1 Conditional Factor Models

Conditional factor models serve as a natural extension of static factor models, as
they maintain most of their structure while allowing risk premia and factor loadings
to vary. Under of conditional expectations (Jagannathan and Wang, 1996), factor
loadings and risk premiums are conditioned with an information set that is supposed

to contain the data that investors use to price securities (Ferson and Harvey, 1999).

Conditional models greatly improve the performance of static frameworks by
explaining market anomalies and by separating non-diversifiable components that
do not affect risk, such as sample selection biases (Lettau and Ludvigson, 2001).
By allowing the CAPM to consider the business cycle and improving the market

proxy selection by including human capital, Jagannathan and Wang (1996) found
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the conditional CAPM to explain 55% of the variance, surpassing the CAPM
performance that was merely at 1%. Despite the improvement, the conditional
CAPM’s ability to explain market anomalies is debated. Ferson and Harvey (1999)
found the size factor of the competing Fama-French three factors model to be
unable to explain firm’s returns, while Avramov and Chordia (2006) state that the
conditional CAPM is not able to explain either of the size, value, turnover, and past

return effects.

As well as the CAPM, static multifactor models experience substantial
improvement when conditioned with economic information. For example, Ferson
and Harvey (1999) rejected the static three Fama-French model (FF3 hereafter)
(Fama and French, 1993) and proved the performance improvements of the
conditional version. Another benefit includes the detection of time-varying alphas,
which vary consistently with the business cycle (Avramov and Chordia, 2006). In
fact, Ferson and Schadt (1996) discovered that the negative alphas detected by static
multifactor models were arising from model miss-specification, rather than

manager inability.

The main issue with conditional models concerns the choice of the information set.
In fact, such collection is unobservable, could be different for each investor, might
cover only partially the real information set, and can be subject to estimation error
(Ferson and Schadt, 1996). Lewellen and Nagel (2006) solve this issue by avoiding
completely the use of proxies and by relying on short-term rolling window
estimations with high-frequency data. They found betas and risk premium to co-
vary less than anticipated, therefore cautioning on the use of conditional modelling
with proxy instruments and directly opposing the findings in Jagannathan and
Wang (1996) and Lettau and Ludvigson (2001). Building upon this, Ang and
Kristensen (2012) proposed a non-parametric kernel smoothing methodology on
short-term windows of data to eliminate the need for the conditioning of betas and

risk premiums.



1.2 Conditional Volatility Models

Generalized Autoregressive Conditional Heteroskedasticity (GARCH) models are
generally applied to forecast short-term asset volatility (Engle, 2002). Nevertheless,
extensions such as the GARCH-in-mean (GARCH-M) and GARCH-DCC are
applied for the forecasting of expected returns. GARCH methodologies can provide
a direct link between time-varying non-diversifiable risk and expected returns
because they are able to estimate a conditional version of the asset covariance
matrix. In fact, expected returns (and risk premia) increase as unexpected volatility
shocks take place (French, Schwert, and Stambaugh, 1987). Additionally,
Bollerslev, Engle, and Wooldridge (1988) found the conditional covariance matrix
to have improved explanatory power with respect to its static counterpart and that
conditional covariances are highly volatile over time, which are an important

determinant of time-varying risk premia.

GARCH-M models can be used in multivariate settings, therefore enabling the
discovery of the factors that cause the time variability of expected returns (Dunne,
1999), but they also experience several limitations. Firstly, GARCH-M sustain only
a limited amount of assets because the number of correlations leads to
multicollinearity (Dunne, 1999), resulting in most studies to have no more than five
assets (Engle, 2002). Secondly, results are dependent on portfolio sorting choices
(Ng, 1991), and lastly, their estimation is more sensitive to model misspecification
and measurement noise than other frameworks (French, Schwert, and Stambaugh,

1987).

GARCH-DCC provides a two-step estimation framework that models large time-
varying covariance matrix, therefore enabling static models to be extended
properly. Bali and Engle (2010) applied this framework to Merton’s Intertemporal
CAPM (Merton, 1973) and found it to be robust across market anomalies by
detecting the value, investment-to-asset, and ROI factors, and estimating abnormal
returns to be zero. An extension of GARCH-DCC models is DCB (dynamic
conditional betas), which directly compute factor betas by exploiting the OLS
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mathematical beta formulation and the conditional covariances estimated by DCC.
DCB has two main advantages. It directly converts static factor models to
conditionals and promptly detects beta fluctuations. For example, Engle (2016)
studied the FF3 on a short-term timeframe, finding the value beta to be the most
volatile, and assessed the risk profiles of European financial institutions during the

2008 and 2011 financial crisis.

DCC and DCB methodologies have two main limitations. Firstly, there is the risk
of having biased estimates, as the conditional covariance matrix is sensible to
misspecification due to the requirement of strict exogeneity of the independent
variables (Engle, 2016). Secondly, DCC parameters might not be computable at all,
due to the lack of convergence of the parameters in the maximum likelihood

estimation process (Engle, 2016).

1.3 Latent Space Models

Latent space models address the time-variability of factor loadings and risk
premiums by treating them as latent unobservable variables that drift and leap over
time. Markov-switching models allow the capturing of structural brakes that
otherwise would be averaged out in a rolling window setting (Timmermann, 2000),
account for the increase in correlation between international markets during bear
markets (Ang and Bekaert, 2002), capture asymmetric conditional return
distributions of stocks during different latent states (Perez-Quiros and
Timmermann, 2002), and can be applied to existing static multifactor models.
Coggi and Manescu (2004) extended the FF3 to a version that allows for two
distinct market regimes, one more persistent and the other attributable to financial
distress, credit risk increase, and liquidity problems. Expectedly, the time-varying
version of the FF3 outperformed the static counterpart in forecasting expected
returns, confirming Timmermann’s (2000) results on the importance of capturing

structural breaks.



Regarding their limitations, Markov-switching models might not be implementable
in real-time applications due to meaningful estimation errors, especially when more
than two market regimes are considered (Guidolin and Timmermann, 2007).
Additionally, within each regime, factor loadings and risk premia are constant

similarly to static models.

Conversely, Kalman filters consider betas’ variations to be continuous through a
Bayesian learning approach, where factor loadings are recursively updated given
the new data and past information (Adrian and Franzoni, 2009). This framework is
justified by the assumption that economic agents update their expectations based
on their previous beliefs and new available information (Cowan and Joutz, 2006).
Additionally, conditional betas estimated through the Kalman filter are insensitive
to trading noise because they are affected by low-frequency idiosyncratic
variations, are subject to mean-reverting behaviours (Adrian and Franzoni, 2009),
and use a recursive process that make estimates more efficient (He, Huh, and Lee,
2010). Furthermore, the estimated factors maintain their empirical interpretability,
incorporate favourable statistical properties, such as mutual uncorrelation and
minimum variance, and include all the historical information present in the
information set (He, Huh, and Lee, 2010).

Kalman filter applications have also meaningful limitations. In fact, the model is
sensitive to misspecification that can arise from the arbitrary choice of the
functional form, beta dynamics, and probability distribution of the disturbance term
(Choudhry and Wu, 2008). Additionally, since the framework assumes a
continuous trend in the parameters, sudden discrete market shifts remain
unaccounted for, resulting in unstable parameters and poor market dynamics

approximation (Cowan and Joutz, 2006).

It is evident that the simultaneous application of Kalman filters and Markov-
switching frameworks could solve each other problems. This approach was
pioneered by Kim (1994), where he combined the Hamilton filter, which is a
Markov-switching model, with the Kalman filter. This method is called the Kim



filter (or Markov-switching state space) and is able to detect both abrupt market
changes and track continuous quantities within each state (Kim and Halbert, 1999).
Despite the theoretical advantages proposed by the framework and its vast usage in
other fields, such as market bubble identifications (Al-Anaswah and Wilfling,
2009), little empirical applications have been applied to expected return
forecasting. The explanation might lay in the poor out-of-sample predictability
performance of the model (Choi, Kim, and Park, 2017) and inability to consider
individual assets due to the large number of computations required (Akay, Senyuz,
and Yoldas, 2013). Nevertheless, newly developed methodologies are addressing
the dimensionality problem. For example, Barigozzi and Massacci (2025) applied
principal component analysis (PCA) to a large dimensional factor model, opening

a new path for new empirical applications.

1.4 Performance Comparison

This chapter covered modelling solutions aimed at addressing the static assumption
of unconditional factor models. The best performers are frameworks applying the
Kalman filter, overperforming all other classes. Adrian and Franzoni (2009)
measured the root mean square error (RMSE) of the OLS regression to be 1.076,
whereas the learning algorithm reduced it to 0.814, both statistically significant at
5%. Additionally, by introducing the learning mechanism in the conditional
CAPM, the aggregate pricing error was reduced by 45% and by 65% with respect
to the conditional and unconditional versions. Similarly, He, Huh, and Lee (2010)
found their dynamic factor pricing model to outperform both the FF3 and
conditional FF3 by returning consistently lower and statistically different average
mean squared forecasted errors (MSFE), especially out-of-sample. The Kalman
filter also exceeds GARCH’s performances. Brooks, Faff, and McKenzie (1998)
calculated the mean square error (MSE) of the GARCH to be 0.00196 in-sample
and 0.00041 out-of-sample, and the filter’s MSE to be much lower, 0.00032 and a
0.00007 in and out-of-sample respectively.
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Other models have less decisive empirical data on what of these methodologies
perform best with respect to each other. Coggi and Manescu (2004) measured a
Markov-switching models’ average pricing error of 0.25 when applied to FF3
frameworks, against an average pricing error of 0.24 of the traditional FF3.
Similarly, GARCH models and their application as DCBs perform comparably to
the FF3 because they exhibit analogous unexplained returns (alphas), even though
they are superior in reacting to regime shocks when compared to OLS estimations
(Engle, 2016). Finally, when it comes to traditional conditional models, there are
contrasting results. The conditional CAPM of Jagannathan and Wang (1996)
improves the variance explained of the static CAPM from 1.35% to 55.21% but He,
Huh, and Lee (2010) find the conditional FF3 to perform as good as the static FF3.

In conclusion, the Kalman filter seems to be the most reliable choice in empirical
settings and there is no clear hierarchy between the other frameworks, prompting

their use accordingly to specific theoretical necessities.
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Chapter 2: “Factor Z00” and Dimensionality Curse

The number of newly discovered factors, which currently amounts to more than
300 (Harvey, Liu, and Zhu, 2016), creates an issue named “factor zoo”, which
questions whether all discovered factors add real explanatory power in pricing
securities (Cochrane, 2011), as most of them are a scaled version of price (Fama
and French, 1992). In fact, it is difficult to distinguish between real determinants of
asset returns and temporary market anomalies, as different factor combinations,
constructions, and omissions might change the relevance of factors themselves
(Feng, Giglio, and Xiu, 2020). For example, Fama and French five-factor model
(FF5 hereafter) found the value factor (HML), previously deemed in Fama and
French (1993) as a true price determinant, to lose its explanatory power (Fama and
French, 2015). For this reason, it is plausible that most of the discovered factors
and research findings over this piece of literature are incorrect (Harvey, Liu, and
Zhu, 2016). The factor zoo induces another problem, the curse of dimensionality.
The dimensionality problem is a mathematical issue that arises when the elevated
number of predictors makes the model’s estimates to be meaningless or
computationally unfeasible (Feng, Giglio, and Xiu, 2020). Consequently, this

chapter focuses on architectures addressing both obstacles.

2.1 Factor Selection and Shrinkage

Ordinary least squares regressions are doomed to fail when the number of
regressors approaches the number of observations and are proven to be unstable
when some independent variables are highly correlated among themselves (Gu,
Kelly, and Xiu, 2020). Penalized regressions, such as LASSO, Ridge, and elastic
net, solve this problem by selecting and/or shrinking the coefficients of variables
that have low explanatory power. LASSO is quite popular because it offers a
straightforward interpretation of the estimated coefficients and provides better out-
sample-performance than standard OLS regressions (Messmer et al., 2022). Despite

its popularity, the recent academic literature suggests using caution. In fact, by
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aggressively setting parameters to zero, LASSO is subject to omitted variable bias,
therefore hindering the interpretability of the estimated coefficients and the
identification of the true price drivers (Feng, Giglio, and Xiu, 2020). Furthermore,
LASSO assumes the regressors’ vector to be sparse, meaning that only a small
subset of the characteristics considered are priced. Kozak, Nagel, and Santhosh
(2020) consider this assumption “futile” because the cross-section of returns is so
complex and the redundance among predictors so low that models with only few
predictors cannot perform well out-of-sample. For this reasons, Kozak, Nagel, and
Santhosh (2020) advocate for Ridge, which shrinks highly correlated parameters
without dropping them. Alternatively, Gu, Kelly, and Xiu (2020) propose elastic
net frameworks that select and shrink loadings simultaneously. Interestingly, the
parameters selection ability of elastic nets results to be superior to other penalized
regression methodologies, as they tend to choose less parameters without

sacrificing predictive performance (Gu, Kelly, and Xiu, 2020).

2.2 Bayesian Model Averaging

Bayesian model averaging (BMA) is a mathematical framework that incorporates
specification uncertainty by simultaneously considering the entire possible space
of models given a set of factors (Avramov, 2002). BMA assigns a weight to each
model based on its posterior probability, which favours high explanatory power, to
create a composite weighted model. Since this methodology considers all highly
informative models, it is possible to robustly gauge the probability of a factor to be
part of the pricing kernel (Bryzgalova, Huang, and Julliard, 2023). Furthermore,
advanced BMA methodologies offer protection from factor proliferation and
spurious correlations by accounting for the risk premia of factor themselves. By
empirically implementing this methodology, Avramov et al. (2023) were able to
confirm that unconditional models perform poorly and that characteristics such as
post-earnings announcement drift, quality minus junk, and intermediary capital

might be important pricing factors.
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BMA'’s limitation is its inability to address the dimensionality problem of the factor
zoo directly, as it structurally needs to compute all possible model specifications
(Harvey, Liu, and Zhu, 2016). Despite the possibility of circumventing this issue
by applying spike-and-slab priors (Bryzgalova, Huang, and Julliard, 2023), priors
selection must not be solely dictated by computational hurdles because it heavily
affects posterior probability distributions. In fact, the weights assigned to each
model are quite sensitive to the prior assumptions, an effect that does not fade away

as the sample size increases (Steel, 2020).

2.3 Dimensionality Reduction

Principal component analysis (PCA) is a statistical methodology that aims to
capture the covariance matrix of factors with an approximated lower dimensional
object (Chamberlain and Rothschild, 1983). This methodology is justified in asset
pricing by the asymptotic equivalence of factor analysis when a strict factor
structure is assumed (Chamberlain and Rothschild, 1983). The main advantage of
using PCA is the creation of few highly explicative statistical factors that can be
used in conjunction to other modelling techniques to solve the dimensionality
problem (Barigozzi and Massacci, 2025).

PCA presents several limitations. Firstly, PCA does not account for firm-specific
characteristics changes, therefore making it an unconditional framework (Lettau,
2024). Secondly, by being purely statistical, its estimation needs large datasets
(Connor and Korajezyk, 1986) and compromises its economic interpretability
(Giglio, Kelly, and Xiu, 2022). Thirdly, PCA is prone to misspecification due to
omitted risk factors and incorrect assumptions on conditional expected returns’
statistical distributions (Zaffaroni, 2025). Lastly, PCA is an unsupervised method
that computes each principal component so that it explains the maximum amount
of variance among the predictors, leading factors with low variance but high

importance for price determination to be unaccounted for (Lettau and Pelger, 2020).
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Partial least squares (PLS) addresses PCA’s tendence of seeking unexplanatory
variances by acknowledging the covariance of predictors with the forecasted target,
therefore reducing significantly the amount of noise captured (Kelly and Pruitt,
2013). In all fairness, PCA can occasionally outperform PLS out-of-sample (Gu,
Kelly, Xiu, 2020), but the variance problem makes it unreliable. On the other hand,
PLS’s reliability led Huang et al. (2015) to create an investor’s sentiment index able
to satisfactorily predict expected returns on portfolios sorted by industry, size,

value, and momentum, and to infer on investor’s beliefs.

Despite these improvements, PCA and PLS assume factor loadings to be constant
over time and do not provide almost any economic interpretation on return drivers.
Instrumented principal component analysis (IPCA) addresses both issues by
considering firm characteristics as instruments that partially influence factor
loadings (Kelly, Pruitt, and Su, 2019). By doing so, factor loadings become
conditional and, since IPCA tracks how stock characteristics influence each beta,
the estimated latent factors can be economically interpreted. For example, Kelly,
Pruitt, and Su (2019) found their first factor to be comparable to the value factor of
the FF3 model, as it was mainly driven by the book to market ratio and market
capitalization, and Kelly, Moskowitz and Pruitt (2021) were able to study the stock
momentum and long-term reversal characteristics and their ability to predict future
betas. When it comes to performance, IPCA greatly outperforms static models and
PCA, while remaining parsimonious (Kelly, Pruitt, and Su, 2019). A limitation of
IPCA is its reliance to the quality of the information disclosed, in fact, in developing

markets [PCA’s advantage persists but shrinks (Wang and Zhang, 2025).

2.4 Performance and Interpretability Discussion

This chapter discussed the advantages and drawbacks of the methodologies
developed to solve either the factor zoo, the dimensionality problem that comes
with it, or both. The models considered can be organized in three performance

brackets. The best performing one comprises IPCA and PLS, as both frameworks
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provide strong and stable out-of-sample R? and forecast performances (Kelly,
Pruitt, and Su, 2019; Kelly and Pruitt, 2015). The second bracket features BMA
and PCA but with an important caveat. Despite the two methodologies having
similar forecasting abilities, their out-of-sample output being strongly correlated,
and their mean square forecasted errors being comparable (Ouysse, 2011), BMA
results to be way more robust. In fact, especially when considering individual stock
returns, PCA can perform very poorly out-of-sample by yielding negative R?
(Kelly, Pruitt, and Su, 2019). The last grouping includes penalized regressions.
Elastic nets are generally better performing than LASSO because they do not overly
exclude necessary parameters (Kozak, Nagel, and Santhosh, 2020) but even with
respect to PCA, their out-of-sample R? is sensibly lower (Gu, Kelly, and Xiu, 2020).
Importantly, these methodologies overperform standard OLS regressions
regardless of their proposed ordering, therefore validly solving the dimensionality

problem.

When it comes to interpretability, BMA is a strong choice. By computing the
probability of each factor being present in the SDF at multiple prior Sharpe ratio
multiples, each factor can be assessed more thoroughly. For example, Avramov et
al. (2023) found the market factor, post-earnings announcement drift, and quality
minus junk to have a probability of 1 (100%) at all prior Sharpe ratios multiples,
and Bryzgalova, Huang, and Julliard (2023) were able to confirm the proposition
hypothesized by Kozak, Nagel, and Santhosh (2020) of a dense factor space.
Penalized regressions are also highly interpretable and, as previously discussed,
elastic nets should be preferred over LASSO to avoid factor misinterpretation.
Lastly, by tracking how observable characteristics affect each factor loading, IPCA
functions as a bridge between economical understanding and statistical black box

algorithms like PCA and PLS.

In conclusion, BMA and IPCA are the strongest choices among the models
examined. BMA prevalently addresses the factor zoo while maintaining strong
predictive performance, whereas IPCA shines in out-of-samples applications and

provides meaningful economic interpretation.
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Chapter 3: Non-linear Models

Static multifactor models have a fixed functional form because they use ordinary
least squares regressions (OLS) to estimate their parameters (Fama and MacBeth,
1973). This modelling choice imposes linearity in the parameters and supposes that
the contribution of each term is additive, therefore overlooking complex non-linear
relationships (Freyberger, Neuhierl, and Weber, 2020). Fama and French (2008)
empirically reject both assumptions. In fact, they confirmed the non-linear
relationships on the size factor by detecting its relevance mostly on microcaps and
identified conditional interactions among momentum and asset growth with size
itself, therefore rejecting the additivity assumption. Additionally, as a consequence
of linearity, static multifactor models are also unable to capture asymmetric risks

(Harvey and Siddique, 2000).

To improve the performance of the pricing kernel, early solutions employed
polynomials of higher order to capture coskwedness (Harvey and Siddique, 2000)
and cokurtosis (Dittmar, 2002). For example, Borri et al., (2026) found the addition
of squared factors to common static multifactor models to improve out-of-sample
explanatory power and Chung, Johnson, and Schill (2006) were able to explain the
size and value factors with high order comoments. Nevertheless, since OLS remains
the framework used, these corrections do not directly address the fixed functional
form problem and create other issues. The dimensionality problem of static
multifactor models worsens (Martellini and Ziemann, 2010), estimation errors
might be amplified (Boudt, Lu, and Peeters, 2015), and factors to the order as high
as the tenth are needed to make traditional factors lose their explanatory power
(Chung, Johnson, and Schill, 2006). For these reasons, the modern literature
prevalently leverages advanced machine learning methodologies to devise true

non-linear models that overcome the aforementioned hurdles.
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3.1 Tree Ensemble Models

Tree ensemble models are a natural candidate to solve the fixed functional form
problem of static multifactor models because they are able to capture highly
complex non-linear relationships (James et al., 2021). Unlike traditional
methodologies, trees are fully nonparametric and incorporate multiway predictor
interactions (Gu, Kelly, and Xiu, 2020). Asset pricing applications from the tree
ensemble family stem from the use of either bagging or boosting frameworks. Both
methodologies are regularization techniques that rely on the aggregation of
numerous weak learners (James et al., 2021) because single trees are prone to

overfitting (Gu, Kelly, and Xiu, 2020).

Random forests (RF) for expected return estimation, which are a special application
of bagging, are a collection of regression trees where each tree uses a subsample of
the training data and a random selection of predictors (James et al., 2021). This
setting decorrelates the trees in the forest, making the whole model resilient against
noisy data and robust to overfitting (Hastie et al., 2009). In particular, increasing
the number of trees does not overfit the model and improves the estimation by
decreasing its variance. Furthermore, random forests require little tuning of their
hyperparameters (Rasekhschaffe and Jones, 2019), therefore making the result less
dependent from researcher choices. Lastly, since the characteristics with the highest
predictive power are the ones that are selected to split the branches, the random
selection feature of predictors for each potential node prevents factor dominance of
the strongest predictors, as it allows other tree configurations and therefore more
pattern discoveries (Gu, Kelly, and Xiu, 2020). A specific limitation of random
forests is the dilution of weak predictors. It occurs because trees become deep
without accounting for previous nodes’ mistakes, therefore making splitting
choices on noisy characteristics that do not add explanatory power, rather than on

important factors with small variance (Coqueret and Guida, 2020).

Gradient boosting ensembles (GB) address this issue by creating one strong learner
that sequentially connects multiple shallow trees, where each tree’s goal is to

decrease the prediction error of the previous one (Gu, Kelly, and Xiu, 2020). This
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approach forces the model to split on factors that are the most explicative at each
specific node regardless of their absolute strength (Rossi, 2018), therefore enabling
the next tree to discover patterns that are difficult to detect. Accordingly, Gu, Kelly,
and Xiu (2020) found gradient boosting to provides better estimations than random
forests, respectively scoring an out-of-sample R? of 0.34% against a 0.33%. On the
other hand, gradient boosting requires finer parameter tuning than RFs (Hastie et
al., 2009), which consist in controlling the shrinkage and depth of each tree (Gu,
Kelly, and Xiu, 2020). Additionally, differently from random forests, boosting

algorithms can be sensitive to signal noise (Oza, 2004).

Finally, a general limitation of tree ensemble models is their inability to extrapolate
forecasts for data that exceed the boundaries of the training sample, essentially

creating bounded outputs from extreme inputs (James et al. 2021).

3.2 Feedforward Neural Networks

Neural networks are machine learning methodologies formed by multiple layers of
“neurons” that are activated according to a specific non-linear activation function
(James et al., 2021). Despite feedforward neural networks (FNN) being the simplest
framework of the family, as the information flows strictly in one direction without
any loops or memory, their application is justified as they “are capable of
approximating any measurable function to any desired degree of accuracy”
(Hornik, Stinchombe, and White, 1989, p. 363). Their versatility stems from the
hidden layers of neurons that can capture highly non-linear relationships and
interactions while performing a task of data reduction (Feng, He, and Polson, 2018).
This dimensionality reduction enables the model to estimate few highly explicative
latent factors from lots of firm characteristics and economic data without the need
for theoretical assumptions on how they interact with each other. Consequently,
FNNs empirically outperform out-of-sample OLS and penalized regression models
by almost 50% on out-of-sample R? terms, as they do not present a fixed functional

form (Gu, Kelly, and Xiu, 2020). Despite deeper networks being generally able to
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capture more complex patterns than shallower versions (Eldan and Shamir, 2016),
Gu, Kelly, and Xiu (2020) found shallower models to perform better. An
explanation might arise from the low signal-to-noise ratio of financial data, which
could have made deeper models to fit “false” patterns (Hornik, Stinchombe, and
White, 1989). Another reason for the efficacy of FNNs is the synchronous
computation of the parameters (Feng, He, and Polson, 2018), which promotes
system error minimization. There are multiple costs for their heightened predictive
accuracy and flexibility. Firstly, FNNs require ad-hoc optimization algorithms, as
brute force methodologies are computationally demanding and do not ensure
convergence (Gu, Kelly, and Xiu, 2020). Secondly, model interpretation is limited
(Gu, Kelly, and Xiu, 2020) and the patterns discovered cannot infer causality (Feng,
He, and Polson, 2018). Lastly, if applied to trading strategies, portfolio solutions
tend to be unstable, therefore generating high turnovers (Avramov, Chen, and

Metzker, 2023).

3.3 Performance and Interpretability Discussion

The technological leap from OLS to non-linear machine learning methods is
considerable. In fact, solely due to overfitting, OLS yields negative out-of-sample
R? (-3.46%), while both tree ensembles (0.33%-0.34%) and feedforward neural
networks (0.39%-0.40%) dominate linear factor selection (0.11%) and
dimensionality reduction devices (0.26%-0.27%) covered in Chapter 2 (Gu, Kelly,
and Xiu, 2020). In general, machine learning’s accuracy is attributed to its ability
to discover non-linear relationships and to its robustness to multicollinearity in the
predictors (Rasekhschaffe and Jones, 1999). FNNs tend to overperform tree
ensembles due to their global parameter optimization procedures (Gu, Kelly, and
Xiu, 2020) and ability to capture tail behaviour (Feng, He, and Polson, 2018),
enabling deep learning architectures to predict more accurately market crashes than
RF and GB (Feng, He, and Polson, 2018). On the other hand, neural networks
require careful tuning and are computationally demanding (Krauss, Do, and Huck,

2017). When it comes to tree ensembles, gradient boosting algorithms tend to
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outperform random forests (Gu, Kelly, and Xiu, 2020). Exception is made when
the data is highly noisy. In such circumstances, the resilience to overfitting and to
noisy signals makes random forest preferrable to GB and even to deep learning if
not adequately tuned (Krauss, Do, and Huck, 2017). A common drawback of
machine learning is the black box problem, where the researcher in not able to
interpret the patterns discovered by the model. Despite the existence of
methodologies to better understand the processes inside machine learning models
(Moritz and Zimmermann, 2016; Bracke et al. 2019), OLS remains better at

providing clear economic explanations.
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Chapter 4: Advanced Neural Network

Architectures

Each of the previous chapters have been discoursing on how different issues of
static factor models are addressed by newer frameworks. This chapter briefly
reviews the frontier of the most modern architectures, which entail various types of
advanced neural network configurations that are able to address multiple modelling

limitations at once.

The family of autoencoders is a deep learning methodology that natively aims to
perform dimensionality reduction tasks. They are constituted by three parts: the
encoder, which progressively compresses the information, the bottleneck, which
distils the latent factors, and the decoder, which reconstructs the input (Gu, Kelly,
and Xiu, 2021). Similarly to PCA, autoencoders retrieve the statistical information
from the bottleneck, therefore ensuring a parsimonious representation of the
dataset, but it also allows for non-linear relationships and interactions in its
mapping (Gu, Kelly, and Xiu, 2021). Another advantage comes from conditional
autoencoders (CAE) and conditional variational autoencoders (CVAE) where, as
the names suggest, they enable the conditioning of factor loadings and latent factors
with firm characteristics (Nechvatalova, 2025; Yang et al., 2024). Additionally,
CVAE consider the temporal dependency of factor loadings with previous values
(Chen, Wang, and Huang, 2026), therefore allowing the parameters to be dynamic.
Autoencoders are not just pure statistical machines but can also provide economic
explanations and operate under real-world constraints. In fact, Chen et al. (2026)
found their implied pricing kernel to be in line with the implications of the
intertemporal CAPM and Gu, Kelly, Xiu (2021) were able to enforce the no
arbitrage condition. When it comes to predictive performance, autoencoders greatly
outperform other methodologies. Gu, Kelly, Xiu (2021) saw the conditional
autoencoder with three hidden layers to outperform IPCA with a predictive out-of-
sample R? of 0.57% against a 0.30%, while both FF3 and PCA did not provide any

forecasting capacity. Unfortunately, performances drop significantly when
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economic constraints, such as liquidity and transaction costs, are considered.
Nechvétalova (2025) measured a drop ranging from 60% to 85% in portfolio
profitability when economic constraints were implemented. Regardless, liquid
strategies continued to beat the benchmark. Lastly, autoencoders cannot often be
perfectly optimized due to their nonlinearities, nonconvexity, and high
parametrization, therefore requiring approximation algorithms to make tuning

computationally efficient (Gu, Kelly, and Xiu, 2021).

Other modelling choices combine multiple neural network architectures. For
example, Chen, Pelger, and Zhu (2019) implemented an FNN to estimate the
functional form of the stochastic discount factor, a Long-Short Term-Memory
(LSTM) network to allow time-varying parameters, and a generative adversarial
network (GAN) to identify the portfolios and states with the most inexplicable
pricing information. Their model addresses the problematics found in penalized
regressions, as it detects the factors with high-risk premia but low variability, and
improve the economic space selection of Markov-switching models. The model
provides a Sharpe ratio three times larger than the FF5 and, similarly to other
machine learning methodologies, those performances come at the cost of
interpretability, computational hurdles, and difficulty in understanding its statistical

properties (Chen, Pelger, and Zhu, 2019; Fallahgoul, Franstianto, and Lin, 2024).
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Conclusions

This literature survey covered the evolution of asset pricing models. By grouping
together methodologies devised to address common issues concerning traditional
static factor models, this paper highlights the necessity for more advanced
frameworks and the respective outcomes of those applications. Chapter 1 addressed
the time variability of parameters, proposing Kalman Filters as the best alternative,
despite being unable to capture abrupt regime shifts. Chapter 2 discussed the factor
zoo and dimensionality curse, presenting IPCA and BMA as preferred
methodologies due to their strong performance and interpretability. Chapter 3
tackled non-linear relationships and the fixed functional form problem, highlighting
how the strong return forecasting abilities of feedforward neural networks require
fine tuning, are sensitive to market noise, and lack economic interpretability.
Chapter 4 illustrated how asset pricing is evolving towards advanced neural
networks such as autoencoders, LSTMs, and GANs. They provide strong
theoretical out-of-sample predictions because they enable feature extraction,
conditioning with firm-specific characteristics and macroeconomic variables, time
variability, and non-linearities at once. Nevertheless, such models do not provide
substantial information on return drivers, which is vital for sound economic
decision making, are computationally intensive, and, when real-world constraints
are applied, their effectiveness drops significantly. For these reasons, the
application of simpler methodologies remains worthwhile. Furthermore, Chen,
Pelger, and Zhu (2019) found that most firm characteristics affect linearly the
stochastic discount factor, partially rehabilitating linear models. However, the
empirical performances of static factor models might depend on the involuntary
capturing of latent features (He, Huh, and Lee, 2010), making assessments of

performance and factor determination unreliable.

This literature survey provides a comprehensive, cohesive, and accessible review
on the vast academic landscape of asset pricing models, highlighting strengths,
flaws, and trade-offs among comparable models. It also analysed conflicting pieces

of literature, such as the validity of conditional models using a conditioning
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information set, and unveiled gaps in the academic research, like the lack of
implementation of the Kim filter. The limitations of this work include the restricted
performance comparisons between each chapter’s frameworks and the reliance of

empirical results on the specific data used, model implementation, and parameter

tuning.
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