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Architecture for Latent Factor Forecasting and Selection

Traditional factor models in asset pricing rely on low-dimensional representations due to concerns that higher
dimensionality degrades out-of-sample performance. We address this fundamental trade-off by proposing a
scalable framework that combines high-dimensional Conditional Autoencoders (K up to 50 latent factors)
with a novel uncertainty-aware factor selection mechanism. For three forecasting models—including a
zero-shot time-series foundation model (ZS-Chronos), quantile regression gradient-boosted trees (Q-Boost),

The table above shows out-of-sample performance metrics from January 2000 to December 2024 for portfo-
lios constructed using adaptive x* selection. We report results for each forecasting model individually—ZS-
Chronos, Q-Boost, [ID-BS—as well as the base CAE model with K = 50, and two ensemble variants:
Ensemble (A), a performance-weighted ensemble including SPY, and Ensemble (B), a performance-
weighted ensemble excluding SPY.
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over a 25-year backtest.
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2. Select Factors based on Uncertainty model. e
Stage 1: Conditional Autoencoder (CAE) * lID-BS: |.1.D Bootstrap Resampling Our methodology reveals that fewer factors often yield superior out-of-sample performance. The risk-return
Model returns for stock : and time s as: « Q-Boost: Quantile Boosted Regression Trees frontier plot demonstrates that configurations with x < K consistently outperform the full 50-factor CAE
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ensemble models that leverage their complementary performance.
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We train the CAE model parameters by minimizing construct factor tangency portfolio:

cross-sectional pricing loss:
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« Summary: This paper presents a scalable framework for high-dimensional Conditional Autoencoder
(CAE) models in asset pricing that uses uncertainty-aware factor selection to strengthen performance
as latent dimensionality increases.

 Ensemble Strategy Success: Three forecasting methods (IID-BS, Q-Boost, and ZS-Chronos)

We denote the optimal number of factors as «”, and implement an adaptive " selection algorithm. This generate largely uncorrelated signals, enabling ensemble strategies that outperform individual models.

allows us to select the best x* on a rolling basis rather than selecting the optimal value post-hoc. The
method employs a smooth log-sum-exp approximation to optimize the Sortino ratio while incorporating
temporal regularization that encourages gradual evolution of factor complexity over time.



