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Introduction – Background of Factor models

Traditional Factor Models. In financial 
trading, factor models are fundamental 
tools for asset pricing and are widely used 
to predict asset returns. These models 
enhance pricing accuracy and risk 
management by identifying a set of key 
factors that explain excess returns. 

Latent Factor Models, connecting the 
factor model with the generative model, 
the variational autoencoder (VAE). 

High-dimensional data
(prices)

Low-dimensional representations
(factors)self-adaptively
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Introduction – Challenges & Motivations 

Challenge 1: Limited 
Reflection of Market 
Complexity. Single-value 
factor representations 
struggle to capture the 
non-linear nature of 
financial data, leading to 
reduced predictive 
stability.
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Challenge 3: 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.

Challenge 2: 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.

Fig from FactorVAE: A probabilistic dynamic factor model 

based on variational autoencoder for predicting cross-

sectional stock returns. Duan Y, et al, 2022.

Introduction – Challenges & Motivations 
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➢ 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.

Introduction – Challenges & Motivations 

Challenge 1: Limited Reflection of Market 
Complexity. Single-value factor representations 
struggle to capture the non-linear nature of 
financial data, leading to reduced predictive 
stability.
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➢ 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.

Introduction – Challenges & Motivations 

Challenge 2: 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.



Alibaba-NTU Global e-Sustainability CorpLab (ANGEL)                                             Confidential

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

Introduction – Challenges & Motivations 

Challenge 3: 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.
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Problem Formulation

Observed Data
Stock’s historical price data 𝒑 (open, high, low, and close) and 
technical indicators 𝒅 as observed variables 𝐱 ≔ 𝒑, 𝒅 ∈
ℝ𝑁×𝑊×𝐷 . Then we use the 𝐷 dimension data to predict the 

stock’s future returns 𝑦𝑖,𝑡+1 =
𝑝𝑖,𝑡+1−𝑝𝑖,𝑡

𝑝𝑖,𝑡
.

Downstream tasks
➢ Portfolio Management: 

constructs an optimal portfolio 
based on predicted returns to 
test the profitability of factor 
models.

➢ Algorithmic Trading: trade on 
one single asset, aiming to 
find trading signals, and 
execute buy, hold and sell 
actions.
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Method – Overall Structure

Overall Structure
Our designed STORM, which has a dual 
VQ-VAE architecture that systematically 
constructs cross-sectional and time-
series factors by capturing both spatial
and temporal dependencies.

Figure 2: The architecture of our proposed STORM model

Then the learned factors will be used in downstream 
tasks, like portfolio management, and algorithmic 
trading. 
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Method – TS and CS modules

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

Diversity loss -> representational capacity.

Orthogonality loss -> factor orthogonality. 

Decoding and Reconstruction
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Method – Factor Module

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.

[𝜇𝑝𝑜𝑠𝑡 , 𝜎𝑝𝑜𝑠𝑡] = 𝜑𝐹𝐸(𝑦, 𝒛𝑒 𝑥 )

[𝜇𝑝𝑟𝑖𝑜𝑟 , 𝜎𝑝𝑟𝑖𝑜𝑟] = 𝜑𝐹𝑃(𝒛𝑒 𝑥 )

ෝ𝒚 = 𝜶 +෍
𝑘=1

𝐾

𝜷𝑘𝒛𝑘 + 𝝐

For the latent factor model, our proposed STORM with 
the dual VQ-VAE structure and the factor module can 
already learn the corresponding factors and then make 
future return predictions.
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Method – How to apply to downstream tasks

Downstream Tasks
Portfolio Management Task: utilize the factor decoder 
network to generate stock future returns 𝒚, and then apply 
the TopK-Drop strategy to construct a daily portfolio by 
selecting the top 𝑘 stocks.

ෝ𝒚 = 𝜶 +෍
𝑘=1

𝐾

𝜷𝑘𝒛𝑘 + 𝝐

TopK-Drop strategy: At trading day 𝑡, 𝐰𝐭 = 𝑤𝑡
0, 𝑤𝑡

1, … , 𝑤𝑡
𝑁−1 represents 

the portfolio weights for 𝑁 stocks. Then, for day 𝑡 and 𝑡 + 1, at most 
𝑑 stocks can be replaced. The replacement is defined as a stock whose 

weight changes from 0 (not held) to a positive value (newly bought) or from 
a positive value to 0 (fully sold). This constraint ensures that at least 𝑘 − 𝑑
stocks remain in the portfolio, reducing excessive turnover.
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𝒛𝑝𝑟𝑖𝑜𝑟~𝒩(𝜇𝑝𝑟𝑖𝑜𝑟, 𝜎𝑝𝑟𝑖𝑜𝑟)

𝒛𝑝𝑜𝑠𝑡~𝒩(𝜇𝑝𝑜𝑠𝑡, 𝜎𝑝𝑜𝑠𝑡)

𝛼 ∈ ℝ𝑁

𝜷 ∈ ℝ𝑁×𝐿

Posterior

Algorithmic Trading Task: executes buy, hold, and sell actions based on predicted asset 
states to balance returns and risks. We formulate it as a Markov Decision Process under 
reinforcement learning scenario. The latent factor embeddings 𝐙 are integrated into the 
observation set 𝒪 = {𝐙, ℛ}, and ℛ is the reward function that guides the agent’s learning.

MDP 5-tuple: 𝑆,𝒜, 𝒯, ℛ, 𝛾
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Empirical Analysis

Three Tasks:
✓ Future Return Prediction Task

To evaluate the factor effectiveness and predictive power

✓ Portfolio Management & Algorithmic Trading
Financial downstream tasks to evaluate profitability of learned factor

Metrics:
✓ Factor Correlated Criteria

RankIC: correlation between the predicted rankings and the actual returns

RankICIR: the information ratio of RankIC, measuring the stability of prediction

✓ Financial Standard Metrics
Profit: Annualized percentage yield (APY), cumulative wealth(CW) 

Risk: Maximum drawdown (MDD) and annualized volatility (AVO)

Risk-Adjusted Profit: Calmar ratio (CR) and annualized Sharpe ratio (ASR)

Datasets:
Two US stock markets, 
from 2008-04-01 to 2024-
03-31, spanning 16 years.
✓ SP500
✓ DJ30
Training: from 2008-04-01 
to 2021-03-31
Test: from 2021-04-01 to 
2024-03-31

For algorithmic trading 
task, we choose 5 typical 
individual stocks inside 
the US stock markets.
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Empirical Analysis
 Results on Portfolio Management
 Results on Algorithmic Trading
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Empirical Analysis

Table 4: Factor quality evaluation task results 
on RankIC and RankICIR

Figure 3: (a) Distribution of counts for codebook 
embedding indices. (b) Hyperparameter 
experiment results for different codebook sizes.

We compare STORM with other 
latent factor models, and use 
RankIC and RankICIR metrics to 
show the factor correlations.

To further show the quality 
of learned factors, we 
represent in Figure 3(a) the 
distribution of factor usage 
in downstream tasks. 

In Figure 3(b), we show the 
sensitivity results of 
hyperparameter codebook 
size. This variable balance 
the factor diversity and 
representational quality. 
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Conclusion and Future Work

Summary

Future Work

• More side information.

• Exogenous factors

• Propose a spatio-temporal latent factor model to learn 

both time-series and cross-sectional factors

• Ensure the factor orthogonality and diversity

• Factor selection in financial trading 
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