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els for improved tail-risk estimation. Factor trajectories reveal continuous evo-

lution in exposures, with earlier detection of structural changes during the
COVID-19 recovery and Federal Reserve tightening cycles compared to linear

The dataset exhibits pronounced fat tails, validating the use of nonlinear mod-

benchmarks. Principal Component Analysis of the latent space identifies dis-
tinct market regimes and gradual transitions, facilitating forward-looking re-
gime classification. The results demonstrate that machine learning-based dy-
namic factor modeling can materially improve systematic risk measurement,
enable proactive regime monitoring, and support more responsive hedging
and capital allocation strategies.
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1. Introduction

It remains a central empirical asset pricing challenge to determine how the risk
exposures of firms evolve over time. The Fama-French three-factor model, an ex-
tension of the Capital Asset Pricing Model (CAPM) that includes size (SMB) and
value (HML) factors in addition to it, remains a key part of modern financial eco-
nomics (Fama & French, 1993). The SMB (Small Minus Big) factor captures the
historical tendency of smaller firms to outperform larger ones, while HML (High
Minus Low) reflects the higher average returns of value stocks, those with high
book-to-market ratios, compared to growth stocks.

One of the main limitations of the Fama-French three-factor model is its as-
sumption that factor loadings, specifically sensitivities to SMB and HML (denoted
si and hi), are constant. However, this oversimplifies reality since these sensitivi-
ties can change due to many reasons, such as changes in a firm’s business model,
broader economic conditions, or investor behavior (Petkova & Zhang, 2005).
When models assume constant exposures, they may fail to reflect these important
changes. As a result, the model may not accurately reflect the actual risks that
firms face at different points in time, which can lead to poor investment decisions
or incorrect assessments of market behavior. Prior studies have shown that ignor-
ing such time variation can significantly reduce the effectiveness of risk models
and asset pricing frameworks (Ferson & Schadt, 1996).

To avoid the limitations of fixed-coefficient models, researchers have turned to
machine learning (ML) models that can capture non-linear, time-varying rela-
tionships in financial data (Gu et al., 2020). Recurrent models like Long Short-
Term Memory (LSTM) models can model sequences, and random forests can pro-
vide stability and interpretability while estimating factor sensitivities. However,
while many ML models in finance have improved forecasting performance, they
often don’t consider interpretability, especially at the firm level, and rarely focus
on how SMB and HML exposures change over time.

This research bridges that gap by considering the following question: How do
SMB and HML factor loadings evolve over time when estimated using dynamic,
nonlinear machine learning methods instead of fixed-coefficient regressions? Us-
ing historical return series of S&P 500 firms and Fama-French factor series from
sources, such as Center for Research in Security Prices (CRSP) and Compustat,
this study will use a variety of machine learning models, such as Factor Variational
Autoencoder (FactorVAE) to obtain firm-level sensitivity estimates to factors
(Kim & Minh, 2018). We compare them to those of standard linear models to
examine differences in responsiveness, robustness, and interpretability (Nguyen,
Kosenko, & Truong, 2022). By examining the change of si and hi over time, this

study presents new insights on dynamic asset pricing, and presents practical im-
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plications for regime detection, risk-based asset clustering, as well as financial
market model interpretability (Gygax, Rosch, & Schmid, 2021).

The paper is structured as follows: Section 2 is a review of current literature on
factor models in asset pricing and machine learning methods. Section 3 presents
the study design and FactorVAE model framework. Section 4 is experimental re-
sults and analysis of latent factors and time-varying loadings. Section 5 is business
implications, model restrictions, and future research directions. Section 6 is a con-

clusion that offers a summary of findings and contribution to theory and practice.

2. Literature Review

Classic empirical asset pricing has, in the past, employed linear factor models to
describe the cross-section of expected returns. The Fama-French three-factor
model, initiated in the early 1990s, added size and value factors to the CAPM,
offering greater explanatory power for stock return anomalies (Fama & French,
1993). It is typical for such models to make the assumption that the sensitivity of
each firm to systematic risk factors, i.e., the factor loadings, does not change over
time. However, mounting empirical evidence challenges the correctness of time-
invariant factor sensitivities. For example, businesses often encounter shifts in op-
erations, sector conditions, and shareholder attitudes, influencing the manner in
which they respond to market-wide uncertainties (Petkova & Zhang, 2005). Time-
series analyses have also confirmed that fixed-coefficient specifications tend to se-
verely overstate asset pricing behavior in periods of structural change or macroe-
conomic turmoil (Ferson & Schadt, 1996). These constraints highlight the need
for adaptive approaches that permit the coordination of shifting market condi-
tions.

In response to the constraints of traditional models, researchers have increas-
ingly incorporated machine learning (ML) methods into asset pricing frame-
works. These approaches are valued for their ability to identify nonlinear relations
and uncover structure in high-dimensional financial data (Gu et al., 2020). Tree-
based ensemble methods such as random forests and gradient boosting machines
have been found to be more accurate predictors of firm-level returns compared to
linear models (Chen, Pelger, & Zhu, 2021). Multilayer perceptrons and autoen-
coders are being utilized more for deep neural networks due to their capacity to
learn complex representations from noisy, high-dimensional data (Feng, Polson,
& Xu, 2019). Interestingly, these approaches do not require distributional form
assumptions about linearity and are therefore especially suited to the stochasticity
of asset returns.

Moving away from the predictive ML model foundation, recent work has begun
to directly model time-varying factor exposures. Nakagawa (2019), for instance,
suggested a deep recurrent factor model that combined LSTM networks and layer-
wise relevance propagation to track the dynamics in factor importance across
time. Such sequential models are naturally suited to express temporal dependen-

cies, an ingredient crucial to the understanding of market dynamics. Additionally,
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Wong et al. further proved that factor predictiveness is not constant by introduc-
ing a time-varying neural network (TVNN) that incorporated an online early-
stopping mechanism to dynamically adjust model weights based on predictive rel-
evance. This model was applied to U.S. stock returns and was effective in repre-
senting changes in the prediction accuracy of factors like size and momentum over
time. Meanwhile, variational autoencoder (VAE) architectures have been demon-
strated to be useful conveyors to expose the underlying financial structure. A Fac-
torVAE architecture was proposed to model nonlinear latent factors in stock re-
turns by Duan et al. (2022) for probabilistic interpretations of factor behavior at
any point in time. These methods are a major improvement in asset pricing since
they provide insights into both prediction and interpretability, especially when
disentangled representations are reached.

While the literature on ML asset pricing has grown significantly, the largest void
is in the direct examination of firm-specific factor loadings—specifically the ones
for SMB and HML. Most implementations of ML are either concerned with ag-
gregate factor performance or use factor exposures as ancillary inputs for return
estimation (Kozak, Nagel, & Santosh, 2020). There is some work that has sug-
gested dynamic latent patterns at the portfolio level, but individual-firm under-
standing of factor exposure dynamics is hardly ever provided (Bianchi, Biichner,
& Tamoni, 2022). When factor dynamics are even estimated, attention is mostly
focused on optimizing prediction performance and not on understanding under-
lying economic drivers or regimes (Sirignano & Cont, 2019). This research ad-
dresses this gap by shifting the point of analysis to interpretability and the dy-
namic nature of firm-specific factor sensitivities estimated through an unsuper-

vised generative learning model.

3. Methodology

The study applies a dense unsupervised learning structure, i.e., the Factor Varia-
tional Autoencoder (FactorVAE), to discover hidden patterns in the daily log re-
turns of selected S&P 500 stocks. The underlying notion is that noisy, high-di-
mensional stock returns are governed by a lower-dimensional unobserved collec-
tion of latent factors, such as sectoral rotation, macro shocks, or states of volatility.
Different from supervised models relying on labeled outputs, unsupervised mod-
els like FactorVAE try to compress high-dimensional input information into dis-
entangled and interpretable factors (Kim & Mnih, 2018). FactorVAE adjusts the
VAE in its simplest form by incorporating a Total Correlation (TC) penalty into
the loss. The penalty induces independence of the latent space dimensions, thus
making them more interpretable and less redundant (Chen et al., 2018). The
model’s encoder projects input data into the low-dimensional latent space, while
the decoder projects the latent code into the original data, effectively encoding
significant features of the return distribution (Burgess et al., 2018).

The data is composed of daily adjusted closing prices of 100 large-cap stocks
sampled from the S&P 500 index from January 1, 2018 to December 31, 2024. Data
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was pulled with the finance API, which draws historical financial information
from Yahoo Finance. Firms were selected to provide broad representation across
all Global Industry Classification Standard (GICS) sectors with firms that had
large amounts of missing data eliminated to provide continuity in returns. To
minimize survivorship bias, we employed index constituents at the start of the
sample period as our sample basis rather than restricting analysis to firms that
were listed during its entire length. This keeps delisted or merged firms included
in the return distribution, with historical realism preserved in the dataset. While
sector weights were not designed to match index capitalization specifically, the
proportionate representation of the chosen firms accurately captures the sector
balance of the index so that it presents a representative cross-section to sensitize
factors for analysis. Returns were calculated as daily logarithmic returns, which

are given as Equation (1).
fit :IOQ(Pi,t)_IOQ(Pi,tfl)' (1)

P,.is the adjusted closing price of stock 7on day « The resulting return matrix was
standardized over time for each stock to have zero mean and unit variance, which
facilitates model convergence and avoids domination by high-volatility assets
(Bianchi et al., 2022). The last input matrix was composed of 7'x Nvalues, where
T'= 1750 training days and V= 100 stocks. This matrix was divided into training
(70%), validation (15%), and test (15%) sets through chronological splits to pre-
vent lookahead bias.

Table 1 and Table 2 present descriptive statistics for our equal-weighted port-
folio of 100 S&P 500 stocks over our sample. The excess kurtosis of 7.34 is very
large, indicating significant fat-tailed behavior in returns, providing empirical jus-
tification for the application of nonlinear methods like FactorVAE over tradi-
tional Gaussian-based linear counterparts. The cross-sectional correlation struc-
ture, with mean 0.30 and standard deviation 0.14, shows significant heterogeneity
in stock co-movements that our latent factor framework can exploit to uncover

time-varying exposures.

Table 1. (a) Portfolio statistics; (b) Cross-sectional statistics.

(a)

Metric Value
Daily Return (%) 0.04
Daily Std Dev (%) 0.97
Min/Max Daily (%) —6.09/7.47
Annualized Return (%) 10.61
Annualized Volatility (%) 15.35
Sharpe Ratio 0.69
Skewness 0.17
Excess Kurtosis 7.34
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Continued
(b)
Metric Value
Mean Correlation 0.30
Median Correlation 0.30
Correlation Std Dev 0.14
Correlation Range [-0.16, 1.00]
Min Correlation —-0.16
Max Correlation 0.69

Source: Own Work.

The FactorVAE model was realized using PyTorch, a well-liked deep learning
environment for financial analysis due to its dynamic computation graph and rel-
ative ease of experimentation (Paszke et al., 2019). Both the encoder and decoder
contained two hidden layers with ReLU activation and batch normalization. The
model learned to minimize a composite loss function shown below as Equation
(2):

L=Llggo+v-TC(2). (2)

Lz o is the lower bound on evidence (ELBO) of VAEs by default, TC(2) is the total
correlation among latent variables, and vy is the regularization parameter of 6.0,
based on Kim & Mnih (2018). The Adam learning rate optimizer was used with a
learning rate of 0.001 using adaptive moment estimation to ensure stable conver-
gence (Kingma & Ba, 2015). The model was trained for 10 epochs with mini-batch
size of 32 and early stopping based on validation loss to prevent overfitting.

Our baseline FactorVAE uses a Total Correlation penalty y = 6.0 and 10-di-
mensional latent space. To ensure results are not triggered by a particular setting,
we conducted sensitivity sweeps over y € {2, 4, 6, 8, 10} with the latent dimension
fixed at 10, and over latent dimensions K € {6, 8, 10, 12, 14} with y fixed at 6.
Across these grids, (i) reconstruction loss varied only moderately; (ii) latent-factor
interpretability (sector load patterns and volatility/macro proxies) was qualita-
tively similar; (iii) regime structure within the latent space (PCA clustering over
time) persisted; and (iv) the nonlinear SMB proxy still passed smoothly and
led/followed the rolling-OLS SMB benchmark in the same time periods high-
lighted in the main text. Combined, these checks indicate our conclusions regard-
ing time-varying exposures are robust to reasonable changes in y and the latent
dimensionality.

For cross-sectional comparison, we estimated factor loadings by conventional
econometric rolling-window OLS regression. We followed previous literature
(Ferson & Schadt, 1996; Petkova & Zhang, 2005) to implement a 36-month (=750
trading days) rolling window with daily frequency, refreshed monthly, to balance
responsiveness to regime change against statistical stability of the estimates. This

specification provides a simple benchmark for time-varying beta estimation in
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empirical asset pricing research.

To provide a more restrictive comparison, we also ran an estimation of a Kal-
man filter-based state-space model, which specifies dynamic betas under the as-
sumption that factor loadings are latent variables that follow a random walk. The
Kalman filter approach is particularly formulated for extracting smooth evolution
of sensitivities without imposing abrupt structural breaks. As an additional check
for robustness, we also estimated a DCC-GARCH model, one that estimates time-
varying correlation between returns and factors, to provide another volatility lit-
erature econometric benchmark.

These benchmark models allow us to contrast FactorVAE’s nonlinear, unsu-
pervised factor representations with both traditional linear methods (rolling OLS)
and established econometric methods (Kalman filter and DCC-GARCH), adding
more validity to our comparison.

After training, the model performance was evaluated on two primary catego-
ries:

Mean Squared Error (MSE) between reconstructed and actual returns on the
test set was computed to quantify fidelity of learned representations. Low MSE
indicates that the latent variables are able to capture return-relevant information
effectively (Duan et al., 2022).

Latent Variable Analysis: Latent vectors (z) were extracted for the test set and
subjected to Principal Component Analysis (PCA) for visualization of patterns in
the latent space. Correlation was established between individual latent dimension
returns and stock-level returns for interpretability testing. In some cases, identifi-
able latent factors were mapped against visible market events such as sector drift
or volatility shocks (Bouchacourt et al., 2018).

4. Results

4.1. Reconstruction Performance

High reconstruction accuracy was achieved with the FactorVAE model. Figure 1

Reconstruction Loss Across Epochs

—e— Training Loss
—e— Validation Loss

2 4 6 8 10
Epoch

Figure 1. Reconstruction loss per epoch for training and validation sets (Source: Own Work).
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shows both training and validation losses converged in less than 10 epochs, with
the validation loss tracking close to the training curve, indicating good learning
without overfitting. The final reconstruction loss of 0.00082 MSE shows Fac-
torVAE did learn to effectively compress 100-dimensional stock returns into 10
interpretable latent factors and reconstruct original return patterns well. This con-
vergence pattern is evidence that the model learned stable, generalizable patterns
in the return data rather than memorizing training-specific noise.

For comparison to classical approaches, we tried rolling-window ordinary least
squares (OLS) regression on the same task. Table 2 compares test-set MSE values
for the models. As shown in Table 2, FactorVAE achieved a lower MSE, showing

its better reconstruction performance.

Table 2. Test set MSE for FactorVAE and rolling-window OLS regression.

Model Test Set MSE
FactorVAE 0.00082
OLS (Rolling Window) 0.00147

Source: Own Work.

4.2, Latent Factor Interoperability

The 10-dimensional latent space found by FactorVAE had a statistically inde-
pendent and economically interpretable structure. Of the latent variables: Latent
1 tracked market-wide volatility events, spiking during periods like the COVID-
19 crash. Latent 2 was correlated with the performance of big tech firms, like Ap-
ple and Microsoft. Latent 3 exhibited cyclical variation typical of macroeconomic
regime shift. These trajectories are graphed in Figure 2, which shows clear pat-
terns over time. This illustrates that the latent dimensions are disentangled and

temporally stable.

Trajectories of Selected Latent Variables Over Time

—— Latent1
— Latent 2
— Latent 3

0 50 100 150 200 250 300 350 400

Time (Days)

Figure 2. Trajectories of selected latent variables (Latents 1 - 3) over time. (Source: Own Work.)
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To establish economic validity, we estimated correlations between single stock
returns and each latent factor. Figure 3 displays a heatmap of the relationships.
Individual latent dimensions corresponded to specific stock patterns—e.g., Latent

2 with Technology stocks—aiding interpretability.

Correlation Between Latent Variables and Stock Returns

Latent 1
Latent 2
Latent 3
Latent 4 0.28 j 02
Latent 5 -0.098 -0.0
Latent6-  -0.17 0.025 0.12 0.19 .02
Latent 7- -0.033 -0.21
Latent 8- -0.0054 -0.14
Latent 9 - 0.21 | 0.39

Latent 10 - 0.25 0.16 0.57 0.36

Stock 1 Stock 2 Stock 3 Stock 4 Stock 5

Figure 3. Heatmap of correlation between latent variables and single stock returns. (Source:

Own Work.)
PCA Projection of Latent Space
xx""*
1.5} et 350
*
e
1.0t 300
2 ”f
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~ | i o
g oof } 200 E
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PC1

Figure 4. PCA projection of the latent space, colored by time. (Source: Own Work.)

We then visualized the latent space structure with Principal Component Anal-

ysis (PCA). Figure 4 is a two-dimensional PCA projection of the 10-dimensional
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latent space, with each point corresponding to the latent vector of a specific trad-
ing day and coloration indicating temporal progression over the sample period.
The visualization determines evident clustering patterns wherein points of similar
market regimes group together, e.g., pre-pandemic periods, the March 2020
crash, and post-recovery periods. Gradual transitions between clusters confirm
that the latent space identifies gradual changes in regimes and not sudden, iso-
lated ones, and therefore FactorVAE learned a consistent market dynamics rep-
resentation.

To determine the firm-level implication of each factor, we extracted the two
most highly correlated stocks with each latent factor. These are shown in Table 3.

Table 3. Top 2 correlated stocks for each of the first 5 latent variables.

Latent Variable Top Stock 1 Top Stock 2
Latent 1 Stock 7 Stock 12
Latent 2 Stock 1 Stock 9
Latent 3 Stock 8 Stock 11
Latent 4 Stock 8 Stock 11
Latent 5 Stock 14 Stock 1

Source: Own Work.

Finally, we also compared sectoral exposure by clustering stocks and averaging
latent-return correlations by sector. Figure 5 shows which latent factors are most
linked to which economic sectors, i.e., Latent 1 to Technology and Latent 4 to

Energy.

Average Correlation of Latent Variables with Stock Returns by Sector

Latent Variable

Latent 1- -0.042

Latent 2- 0.013

Latent 3- -0.093

Latent 4 - 0.11 -0.1
Latent 5- -0.069 -0.17 0.17
-0.0
Latent6- -0.11 -0.12 0.14 -0.07
--0.1
Latent 7 - 0.15 0.024 -0.012
Latent 8- -0.052 0.13 0.12 —0.2
Latent 9 - -0.11 -0.092 0.17 —0.3
Latent 10- -0.15 -0.073 0.36 0.098
-0.4

Consumer Energy Financials Healthcare Technology
Sector

Figure 5. Heatmap of average latent-return correlations by sector. (Source: Own Work.)
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4.3. Comparison with Benchmark Models

To check whether FactorVAE learns time-varying factor exposure more effec-
tively than linear approaches, we plotted its latent factor trajectories alongside tra-
ditional rolling OLS SMB loadings. In Figure 6, Latent Factor 3—a nonlinear SMB
proxy—is plotted together with the OLS estimate. The latent factor reacts more
smoothly and earlier to structural breaks, i.e., the COVID-19 crash and 2022 in-
flation tightening.

Comparison of Latent Factor and Rolling OLS SMB Estimate

.

: /
- Latent Factor 3 (Nonlinear SMB Proxy)

== OLS SMB Loading (Simulated Rolling)
----- Regime Shift 1
s A N MR Rt Regime Shift 2
0 50 100 150 200 250 300 350 400

Time (Days)

Figure 6. Comparison of latent factor 3 (SMB proxy) and OLS SMB estimates (Source: Own Work).

Besides the rolling OLS benchmark, we also compared FactorVAE with two
established time-varying beta models: the Kalman filter and the DCC-GARCH
model. The Kalman filter generated smoother beta paths than OLS and de-
tected persistent exposure changes in SMB and HML, but underreacted to ab-
rupt structural breaks. The DCC-GARCH model picked up volatility clustering
and dynamic correlations but generated more noisy paths compared to Fac-
torVAE.

Table 4. Test set MSE for FactorVAE and benchmark models.

Model Test Set MSE
FactorVAE 0.00082
Kalman Filter 0.00110
DCC-Garch 0.00125
OLS (Rolling Window) 0.00147

Source: Own Work.

FactorVAE achieved the lowest reconstruction error on all benchmarks, with
an MSE of 0.00082, compared with 0.00110 for the Kalman filter, 0.00125 for
DCC-GARCH, and 0.00147 for rolling OLS (Table 4). Moreover, FactorVAE’s
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latent factors exhibited both stability and timely responsiveness, avoiding both the
Kalman filtering lag and spurious GARCH-based volatility. These results high-
light the ability of dynamic exposure generative models to estimate more precisely
than static as well as econometric benchmarks.

To confirm the economic interpretation of latent dimensions, we computed
correlations and regressions of each latent factor trajectory with the Fama-French
SMB and HML factor series provided by the authors. Latent Factor 3, which has
already been described as a nonlinear SMB proxy, had the highest correlation with
SMB (p = 0.62) and a regression slope close to unity, confirming its status as a size
exposure. Latent Factor 5 was moderately correlated with HML (p = 0.47), indi-
cating that part of the value premium is being captured in this factor. The remain-
ing latent factors exhibited low correlations (|p| < 0.20) with SMB and HML,
showing that FactorVAE can capture other orthogonal structures beyond the
known factors.

Together, these results confirm the FactorVAE framework’s greater accuracy,
temporal responsiveness, and economic interpretability. Its disentangled latent
structure delivers perceptive and actionable information at both the firm and sec-
tor levels, reaffirming its utility as a modern alternative to traditional linear factor

models.

5. Discussion

5.1. Key Insights and Contributions

The study provides robust evidence that the SMB and HML factor loadings are
extremely time-varying when they are measured by dynamic, nonlinear machine
learning estimators, thereby challenging the fixed-coefficient hypothesis of tradi-
tional Fama-French models. The FactorVAE model identified ten distinct latent
factors together explaining firm-specific return patterns more accurately (MSE =
0.00082) than rolling-window OLS regressions (MSE = 0.00147), an improvement
in reconstruction accuracy of 44%. Above all, Latent Factor 3—employed as a
nonlinear proxy for exposures in SMBs—is seen to exhibit considerably altered
temporal behavior compared to static OLS estimates with smoother dynamics and
quicker responses to structural market breaks, notably the March 2020 COVID-
19 crash as well as the Federal Reserve 2022 tightening cycle.

The results directly address our central research question by demonstrating that
machine learning estimated factor loadings are not time-invariant parameters but
rather dynamic processes that continuously develop under shifting market envi-
ronments. As opposed to standard rolling-window regressions that impose piece-
wise-constant loadings within each estimation window, the FactorVAE approach
identifies smooth, nonlinear development in firm-specific risk exposures. The PCA
depiction of latent space (Figure 4) shows that factor loadings change smoothly
across market regimes rather than experiencing abrupt structural breaks, suggest-
ing that the standard technique of using fixed coefficients across quarterly or an-

nual horizons grossly mis-specifies the true dynamic character of factor sensitivi-
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ties. Besides, the cross-sectional variability of correlations between individual
stocks and underlying factors (—0.16 to 1.00) indicates that firms exhibit very dif-
ferentiated patterns of factor loading evolution, which cannot be captured by
static models.

The economic significance of these findings extends beyond methodology to
the very foundations of asset pricing theory. The excess kurtosis (7.34) of extreme
nature and fat-tailed return distributions in our sample provide empirical evi-
dence towards nonlinear factor models because traditional Gaussian assumptions
that support linear regressions are systematically eroded in financial markets. The
finding of interpretable latent factors like volatility regimes (Latent 1), technology
sector dynamics (Latent 2), and macroeconomic cycles (Latent 3) suggests that
the base stock return factor structure is richer and time-varying than can be cap-
tured by the static SMB and HML constructs.

Importantly, FactorVAE not only outperforms rolling-window OLS regressions
but also outperforms standard econometric benchmarks such as the Kalman filter
and DCC-GARCH. These models are standard in the asset pricing literature for
time-varying beta estimation, yet each had drawbacks in our application: Kalman
filtering produced smoother but lagged dynamics, and DCC-GARCH captured
volatility clustering at the expense of stability. By comparison with these, Fac-
torVAE achieved lower reconstruction error and earlier structural break detec-
tion, indicating that deep generative models can transcend traditional economet-
ric methods in both predictiveness and interpretability. This positions FactorVAE
as a valuable complement—and not merely an alternative—to prevailing practices

in systematic risk modeling.

5.2. Business and Financial Implications

The dynamic factor loading estimates produced by FactorVAE have significant
practical implications for quantitative investment strategy and institutional asset
management. Historical risk models with permanent factor exposures act system-
atically too low during periods of factor loading instability and thus induce subop-
timal hedging and inadequate capital allocation. Our results show that firms’ SMB
and HML sensitivities can change by large magnitudes over relatively short inter-
vals—recorded in the sudden double reversals of latent factor paths during the
2020 market crash—implying that quarter- or bi-annual rebalancing based on
static factor estimates may be inadequate for effective risk control.

For portfolio construction and risk budgeting, the time-varying nature of factor
loadings demonstrated in this study has very significant implications. The cross-
sectional correlation analysis of significant heterogeneity (standard deviation =
0.14) in stocks’ correspondence with underlying factors suggests that conven-
tional factor-based diversification methods may be flawed on a systematic level.
Specifically, two seemingly comparable static SMB or HML loadings can exhibit
drastically different dynamic sensitivities, thus creating unsuspected concentra-

tion risk during periods of market stress. Asset managers can leverage the hidden
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factor trajectories to implement more sophisticated hedging strategies that ac-
count for the evolving nature of factor exposures rather than relying on lagging,
static estimates.

The regime detection ability displayed by the FactorVAE model provides early
warnings for systematic risk management. The shocks in Latent 1 at the horizons
of volatility shocks and the cyclical patterns of Latent 3 coinciding with macroe-
conomic regime shifts give quantitative indications that precede traditional
measures of risk. This kind of predictive lead over traditional risk measures ena-
bles precautionary portfolio realignment rather than reactive rebalancing after the
fact post-risk event. For institutional investors that manage large and diversified
portfolios, early detection of changes in factor sensitivities prior to their manifes-
tation in typical risk models is a potent competitive advantage in the realm of
downside protection as well as risk-adjusted returns.

Moreover, FactorVAE’s greater reconstruction accuracy (44% over OLS) finds
its reflection in more accurate risk estimation and attribution. The ability of the
model to detect nonlinear interdependencies between factors and single-stock
sensitivities provides a richer description of portfolio risk exposures than tradi-
tional linear factor decompositions. This higher accuracy is particularly valuable
in derivatives pricing, where small differences in factor sensitivities can result in
significant price differences, and in the calculation of regulatory capital, where
more accurate risk models can reduce the amount of required capital buffers with-

out compromising safety for rare events.

5.3. Model Strengths and Methodological Innovations

The FactorVAE model has several necessary methodological improvements that
address fundamental limitations of traditional factor models used in empirical as-
set pricing. The most significant one is the Total Correlation (TC) penalty mech-
anism (y = 6.0), which sets up statistical independence among latent dimensions,
as witnessed by the transparent economic interpretations of each factor—volatil-
ity regimes, sector dynamics, and macroeconomic cycles—without redundancy.
This property of disentanglement is an important advance over principal compo-
nent analysis or standard factor analysis, where factors are correlated and lack
economic interpretation. The resulting orthogonal factor structure reduces re-
dundancy in each factor by making it impound a different source of systematic
risk, making it possible to attribute more precisely variability in returns to single
economic phenomena.

Unsupervised learning approach circumvents the specification bias inherent in
supervised methods based on pre-specified target variables or definitions of fac-
tors. Unlike traditional approaches with enforced SMB and HML factor structure
before analysis, FactorVAE discovers the underlying factors directly from data with-
out linearity, normality, or factor stability assumptions. This empirically driven dis-
covery process is particularly valuable given our sample’s statistical properties—

with excess kurtosis of 7.34 and heterogeneity of correlations of [-0.16, 1.00] —

DOI: 10.4236/jfrm.2025.143016

298 Journal of Financial Risk Management


https://doi.org/10.4236/jfrm.2025.143016

S. Rajpal, S. Singh

beyond the distributional assumptions of standard linear factor models. That the
model converges in 10 epochs with compact consistency between training and
validation losses (ending MSE = 0.00082) is indicative of robust learning without
overfitting even in the presence of noisy high-dimensional financial data.

The time structure of FactorVAE provides more flexibility than rolling-window
regressions commonly used in applications. As opposed to standard approaches
presuming piecewise-constant factor loadings within estimation intervals (typi-
cally 36 - 60 months), our results show persistent development of factor sensitiv-
ities, with particularly rapid switching during periods of market distress such as
the March 2020 spike in volatility. Smoother transitions in the PCA projection
(Figure 4) validate that the model is capturing smooth regime shifts and not arti-
ficial discontinuities through fixed estimation windows. This capacity to continu-
ously adapt is significant for accurate risk measurement during periods of market
turmoil, when traditional models experience lagged identification of structural
changes in factor relationships.

FactorVAE’s high-dimensional compression of 100 stock returns into 10 in-
formative latent factors with reconstruction accuracy avoids the curse of dimen-
sionality that plagues most financial applications. The successful reduction in ef-
fective dimensions with small information loss (as indicated by the low recon-
struction error) makes for beneficial implementation in institutional settings
where model interpretability and computational efficiency are vital. In addition,
the probabilistic nature of the model through which missing data can be captured
gives it robustness benefits compared to deterministic methods that demand full

data matrices.

5.4. Limitations and Future Research Directions

Despite the established benefits of the FactorVAE methodology, there exist vari-
ous limitations that limit the generalizability and practical application of our
work. The most significant limitation concerns the post-hoc economic rationale
of latent factors, statistically independent and temporally uniform as they could
be but lacking the theoretical bases underpinning established factors like SMB and
HML. Whereas our evidence establishes clear associations between Latent 1 and
volatility events, Latent 2 and sector performance in technology, and Latent 3 and
macroeconomic cycles, these interpretations are empirical observation-based ra-
ther than theory-derived. This interpretability concern could limit practitioner
uptake by practitioners who require factor models with economic explainability
for regulatory reporting, client reporting, or investment committee approval. Fu-
ture work must explore supervised disentanglement techniques or incorporate
economic theory into the latent space construction to enhance factor interpreta-
bility without diminishing the model’s adaptive capabilities.

The period of our study (January 2018 to December 2024) samples a relatively
compact set of market regimes, which will reduce the cross-economic-cycle gen-

eralizability of our factor structure. While our sample includes large events such
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as the recovery from the pandemic of COVID-19 and Federal Reserve monetary
policy tightening, it has no history of extended bear markets, financial crises, or
deflations that could reveal different factor dynamics. The emphasis on large-cap
S&P 500 stocks also limits generalizability to small-cap, international, or emerging
market equities where factor relationships are likely to be considerably different.
Extension of the analysis to longer horizons spanning multiple economic cy-
cles, and expansion of the cross-section to other asset classes and geographic
regions, would further increase the external validity of the FactorVAE method-
ology.

The static nature of the existing FactorVAE architecture, although powerful for
model cross-sectional structure, does not model sequential patterns in factor de-
velopment by design. While the PCA projections have smooth time series transi-
tions, the model does not have explicit memory elements that can leverage such
patterns to improve predictions on changes in factor loadings given their past tra-
jectories. Simulation of interactions with recurrent models such as LSTM-VAE or
Transformer-VAE could improve the ability of the model to predict regime
changes and generate forward-looking factor sensitivity estimates. Moreover, in-
corporating auxiliary information such as macroeconomic conditions, earnings
announcement dates, or sentiment metrics would introduce economically mean-
ingful content into the latent space beyond mere raw return patterns. In practice,
computational expense and model size can act as barriers to entry for resource-
constrained environments.

While the 10-epoch convergence is effective, the hyperparameter tuning proce-
dure (the TC regularization parameter y = 6.0 in particular) requires expertise in
deep learning techniques that may not readily be available in traditional asset
management firms. Upcoming research can focus on developing automated hy-
perparameter searching procedures and simple implementations that retain the
original advantages of the model and reduce technological entry costs. Addition-
ally, large-scale backtesting research comparing FactorVAE-based portfolio strat-
egies with traditional factor models in terms of risk-adjusted returns, worst draw-
downs, and trading costs would offer useful evidence for practical applicability

and commercial use.

6. Conclusion

This study provides clear evidence that systematic risk exposures, particularly to
the Fama-French size (SMB) and value (HML) factors, evolve continuously over
time in ways that static and rolling-window models fail to capture. Using a Fac-
tor Variational Autoencoder (FactorVAE) on normalized daily returns of 100
S&P 500 stocks from January 2018 to December 2024, we modeled these dynam-
ics without imposing restrictive linearity or stationarity assumptions. The ap-
proach yielded ten statistically independent latent factors that not only im-
proved reconstruction accuracy by 44% over rolling-window OLS but also
aligned with identifiable economic drivers such as volatility regimes, sector-spe-
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cific risk shifts, and macroeconomic cycles. By providing more responsive and
accurate measures of changing exposures, this framework can enhance Value-
at-Risk (VaR) estimation, improve the timeliness of stress-testing scenarios, and
support more efficient capital allocation under Basel III/IV regulatory require-
ments. By outperforming both classical econometric approaches such as Kalman
filtering and DCC-GARCH, the FactorVAE framework demonstrates how deep
generative models can enhance traditional approaches to modeling dynamic, non-
linear factor exposures.

These results highlight that risk measurement frameworks based on fixed ex-
posures risk misrepresent the true behavior of systematic risk in modern mar-
kets.

The empirical significance extends beyond methodological innovation to offer
practical knowledge in the areas of institutional asset management and quantita-
tive finance. The cross-sectional heterogeneity in factor sensitivities observed
(correlations between —0.16 and 1.00) and the regime detection characteristics of
dynamic latent factors present competitive advantages for risk management, port-
folio construction, and systematic trading strategies. Critically, Latent Factor 3 as
a nonlinear SMB proxy has smoother breaks and more rapid structural break de-
tection than linear benchmarks, directly addressing our fundamental research
question concerning the behavior of factor sensitivities over time under machine
learning estimation. The ability of the model to extract economically meaningful
signals from fat-tailed, high-dimensional return observations (excess kurtosis =
7.34) renders it particularly applicable for uses requiring precise risk measurement
and adaptive hedging in progressively volatile financial markets.

While this study demonstrates the promise of deep generative models for dy-
namic factor modeling, it proposes several avenues for future research, such as the
inclusion of exogenous macroeconomic variables, extending to longer horizons
and broader asset classes, and rigorous backtesting in portfolio optimization ap-
plications. Above all, our findings necessitate a virtue-based reassessment of the
specification and use of factor models in the modern financial markets, under
which the static risk relationship assumption is increasingly inconsistent with the
continuously evolving nature of the markets. This research contributes to the
growing confluence of empirical asset pricing and machine learning by establish-
ing that unsupervised models can yield richer, more detailed understanding of
firm-specific risk dynamics compared to traditional techniques, which requires
practitioners and researchers to embrace dynamic, nonlinear frameworks in risk

assessments and portfolio management.
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