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▪ Limited Reflection of Market Complexity. Single-value factor 

representations struggle to capture the non-linear nature of financial 

data, leading to reduced predictive stability.

▪ Factor Inefficiency. VAE-based factors often ignore temporal 

dynamics, succumb to latent space noise, and suffer from 

multicollinearity due to a lack of factor independence.

▪ Lack of Factor Selection. Existing models prioritize factor generation 

over evaluation, failing to implement selection mechanisms 

necessary to identify and utilize the most impactful signals.

▪ Latent Factor Models: This research targets a spatio-temporal 

framework that captures both cross-sectional asset variations and 

individual temporal evolutions to model the underlying drivers of 

stock returns.

▪ Portfolio Management: The efficacy of generated factors is 

assessed by converting predictive signals into optimal capital 

allocation weights to achieve maximized risk-adjusted returns.

▪ Algorithmic Trading: This task aims to optimize trade execution for 

individual assets by determining discrete actions—buy, hold, sell—

to balance transaction returns against market risks.

▪ High-Dimensional Vector Representation: Captures intricate market 
complexity and non-linearity through high-dimensional latent 
vectors, overcoming the inherent constraints of traditional scalar-
valued factors.

▪ Dual VQ-VAE Spatio-Temporal Architecture: Integrates cross-
sectional and time-series features using a dual VQ-VAE structure with 
diversity and orthogonality loss constraints to ensure factor efficacy 
and independence.

▪ Codebook-Based Categorization & Selection: Employs discrete 
codebook embeddings as cluster centers to categorize and 
differentiate factors, providing a transparent mechanism for 
impactful factor selection.

Time-series and Cross-sectional Modules

Factor Module

Patching and Encoding: In TS module, observed data is divided 
along the stock number dimension. In CS module, it’s divided 
along the time axis. Then we use Transformer as encoders and 
decoders to capture complex patterns. 

Codebook Construction and Optimization: 

Decoding and Reconstruction

Diversity loss helps enhance representational capacity.

Orthogonality loss forces factor orthogonality. 

Feature Fusion and Alignment: We use multiscale encoder and 
contrastive learning layer to fuse and align TS and CS features 
at fine-grained and semantic levels. 

Prior - Posterior Learning: Concatenate two latent features, 
which are used to predict the future returns. The factors are 
then be used in portfolio and trading downstream tasks.

Results on Algorithmic Trading
Results on Factor evaluation

Experiments on 7 datasets from 
two U.S. stock markets, covering 
the stock future return prediction 
task (DJ30 and SP500), portfolio 
management (DJ30 and SP500), 
and algorithmic trading (five 
stocks), show that STORM
outperforms all baselines across 
two prediction metrics and six 
standard financial metrics. 
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