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Aims and Contributions 
 Main Objective:
 Propose a data-driven portfolio optimization method
 that updates iteratively using Bayesian inference.

 Key Contributions:
 Extending traditional portfolio optimization problem
 to a data-driven one using predictive distribution.
 Proposing a novel Evolutionary Transfer Optimization
 (ETO) method using Adaptive Differential Evolution.
 Evaluating the performance of ETO with actual asset
 data from the Tokyo Stock Price Index (TOPIX17).
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Traditional Portfolio Optimization
(Risk-Averse Problem Formulation)

�
min
𝒙𝒙
𝛼𝛼 𝒙𝒙 = 𝑃𝑃𝑟𝑟 𝑟𝑟 = 𝝃𝝃 𝒙𝒙𝑇𝑇 ≤ 𝑟𝑟𝑜𝑜 

sub. to 𝑥𝑥1 + ⋯+ 𝑥𝑥𝑖𝑖 + ⋯+ 𝑥𝑥𝐷𝐷 = 1
0 ≤ 𝑥𝑥𝑖𝑖 ≤ 1, 𝑖𝑖 = 1,⋯ ,𝐷𝐷

Asset returns: 𝝃𝝃 = 𝜉𝜉1,⋯ , 𝜉𝜉𝑖𝑖 ,⋯ , 𝜉𝜉𝐷𝐷 ∈ ℝ𝐷𝐷

Portfolio: 𝒙𝒙 = 𝑥𝑥1,⋯ , 𝑥𝑥𝑖𝑖 ,⋯ , 𝑥𝑥𝐷𝐷 ∈ ℝ𝐷𝐷

← Target Value of
Return: 𝑟𝑟 ∈ ℝ

Find the optimal ratios 𝑥𝑥𝑖𝑖 to
minimize risk 𝛼𝛼 𝒙𝒙 ∈ (0, 1)
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Efficient-Market Hypothesis (EMH)
EMH assumes that asset returns 𝝃𝝃 ∈ ℝ𝐷𝐷 follow
a Probabilistic Model (e.g., Gaussian distribution)

Observed Data Set
𝝃𝝃𝑛𝑛 ∈ ℝ𝐷𝐷,𝑛𝑛 = 1,⋯ ,𝑁𝑁

We will build a data-driven model for asset returns.

Static Probabilistic Model

Historical
Data Set

Data-Driven Model
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Data-Driven Model of Asset Returns
(Bayesian Inference)

Observed data set is obtained periodically. Predictive distribution is
used to generate sufficient data for risk evaluation at each period.

Prior
Distribution

Posterior
Distribution

Predictive
Distribution

Bayesian Update

Likelihood Estimation

Observed
Data Set

Predicted
Data Set

Historical
Data Set
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Probability Distributions for
Data-Driven Model

 Prior Distribution (Gaussian-Wishart Distribution)

 Observed Data (Normal Distribution)

 Posterior Distribution (Gaussian-Wishart Distribution)

 Predictive Distribution (Student’s t-Distribution)

𝝁𝝁,𝜦𝜦 ~𝑁𝑁𝑁𝑁 𝝁𝝁,𝜦𝜦 | 𝒎𝒎,𝛽𝛽, ν,𝑾𝑾  

𝝃𝝃𝑛𝑛~𝑁𝑁 𝝃𝝃𝑛𝑛 | 𝝁𝝁,𝜦𝜦−1 , 𝑛𝑛 = 1,⋯ ,𝑁𝑁

𝝁𝝁,𝜦𝜦 ~𝑁𝑁𝑁𝑁 𝝁𝝁,𝜦𝜦 | �𝒎𝒎, 𝛽̂𝛽, �ν,�𝑾𝑾  

𝝁𝝁𝑠𝑠 = �𝒎𝒎, 𝜦𝜦𝑠𝑠 = 1 − 𝐷𝐷 − �ν 𝛽̂𝛽 �𝑾𝑾/ 1 + 𝛽̂𝛽 , ν𝑠𝑠 = 1 − 𝐷𝐷 + �ν

�𝝃𝝃~𝑆𝑆 �𝝃𝝃 | 𝝁𝝁𝑠𝑠,𝜦𝜦𝑠𝑠, ν𝑠𝑠 , �𝝃𝝃 ∈ ℝ𝐷𝐷
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Data-Driven Portfolio Optimization

�
min
𝒙𝒙
𝛼𝛼 𝒙𝒙 ≅ 𝐹𝐹 𝑟𝑟𝑜𝑜 | 𝒙𝒙, �𝜣𝜣𝑡𝑡

sub. to 𝑥𝑥1 + ⋯+ 𝑥𝑥𝑖𝑖 + ⋯+ 𝑥𝑥𝐷𝐷 = 1
0 ≤ 𝑥𝑥𝑖𝑖 ≤ 1, 𝑖𝑖 = 1,⋯ ,𝐷𝐷

←Empirical Distribution: 𝐹𝐹

Predicted data set is used to evaluate the risk 𝛼𝛼 𝒙𝒙  empirically.

Return: 𝑟𝑟 = 𝝃𝝃 𝒙𝒙𝑇𝑇Target value: 𝑟𝑟𝑜𝑜

Predicted Data Set
�𝝃𝝃𝑚𝑚 ∈ �𝜣𝜣𝑡𝑡 ⊆ ℝ𝐷𝐷Risk is estimated by

𝐹𝐹 𝑟𝑟𝑜𝑜 = 𝑃𝑃𝑟𝑟 𝑟𝑟 ≤ 𝑟𝑟𝑜𝑜
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Adaptive Differential Evolution (ADE) for
Portfolio Optimization Problem at Period: 𝑡𝑡

Candiate solution 
𝒙𝒙𝑘𝑘 ∈ 𝑷𝑷𝑡𝑡,𝑔𝑔 ⊆ ℝ𝐷𝐷

Population: 𝑷𝑷𝑡𝑡,𝑔𝑔

𝒙𝒙1
𝒙𝒙2

𝒙𝒙𝑘𝑘

1. Mutation
2. Crossover
3. Repair
4. Selection

Population: 𝑷𝑷𝑡𝑡,𝑔𝑔+1

𝒙𝒙1
𝒙𝒙2

𝒙𝒙𝑘𝑘

ADE generates a more optimized population 𝑷𝑷𝑡𝑡,𝑔𝑔+1 from 𝑷𝑷𝑡𝑡,𝑔𝑔
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Evolutionary Transfer Optimization (ETO) for
Data-Driven Portfolio Optimization

𝒙𝒙1

𝒙𝒙𝑘𝑘+1

𝒙𝒙𝑘𝑘

Top 𝜏𝜏% solutions
are transferred

Final Population: 𝑷𝑷𝑡𝑡,𝑔𝑔 Initial Population: 𝑷𝑷𝑡𝑡+1,0

Generate
randomly

ADE at Period: 𝑡𝑡 + 1ADE at Period: 𝑡𝑡

𝒙𝒙1

𝒙𝒙𝑘𝑘+1

𝒙𝒙𝑘𝑘
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Prior
Distribution

Posterior
Distribution

Predictive
Distribution

Observed
Data Set

Historical
Data Set

Predicted
Data Set

Bayesian Update

Data-Driven Portfolio
Optimization

Transfer
Initial

Population
Final

Population

ADE

Best Solution
(Portfolio)

Entire Cycle for Portfolio Optimization
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Tokyo Stock Price Index (TOPIX17)

Asset Returns: 𝝃𝝃 = 𝜉𝜉1, 𝜉𝜉2,⋯ , 𝜉𝜉15, 𝜉𝜉16, 𝜉𝜉17 ∈ ℝ17

Year 2019 2020 2021 2022 2023 2024

Data Historical Data 𝑡𝑡 = 1 𝑡𝑡 = 2 𝑡𝑡 = 3

Period: 𝑡𝑡 = 1 (2022)
Data Size
Observed: 𝑁𝑁 = 12
Predicted: 𝑀𝑀 = 104

Monthly asset returns from TOPIX17
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Transfer Effectiveness

Armed with transferred solutions, ADE starts at a lower risk state.

Population Size: 100
Transfer Rate: 𝜏𝜏 = 0.25
For period 𝑡𝑡 = 1,
Initial population 𝑷𝑷𝑡𝑡,0
is generated randomly.
For periods 𝑡𝑡 ≥ 2,
solutions are transferred
from 𝑷𝑷𝑡𝑡−1,𝑔𝑔 to 𝑷𝑷𝑡𝑡,0.

Kruskal-Wallis and Steel-Dwass tests confirm a statistically
significant performance peek at exactly 25% transfer rate.
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Kolmogorov-Smirnov test confirms Observed Data at period 𝑡𝑡 + 1
follow the Predictive Distribution obtained at previous period 𝑡𝑡.

Accuracy of Data-Driven Model

Empirical Distribution Function (EDF) of Return: 𝑟𝑟 ∈ ℝ
Return 𝑟𝑟 = 𝒙𝒙 �𝝃𝝃𝑚𝑚𝑇𝑇 ∈ ℝ using Predicted Asset Returns �𝝃𝝃𝑚𝑚 ∈ �𝜣𝜣𝑡𝑡

Return 𝑟𝑟 = 𝒙𝒙 𝝃𝝃𝑛𝑛𝑇𝑇 ∈ ℝ using Observed Asset Returns 𝝃𝝃𝑛𝑛 ∈ 𝜣𝜣𝑡𝑡+1
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Portfolio Analysis

The best portfolios do not change drastically for three periods. 

Target Value of Return: 𝑟𝑟𝑜𝑜 = 0.01 Risk: 𝛼𝛼 𝒙𝒙𝑡𝑡∗ ≅ 0.24
EDF

Many of the non-performing assets with a zero ratio (𝑥𝑥𝑖𝑖 = 0)
are common to all three best portfolios: 𝒙𝒙𝑡𝑡∗ ∈ ℝ17, 𝑡𝑡 = 1, 2, 3.
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Conclusion & Future Work
 Conclusion:
 Successfully extended portfolio optimization to a data-

driven one using Bayesian inference.
 Demonstrated that the proposed ETO method
 transferring superior solutions improves optimization
 performance for actual asset data from TOPIX17.

 Future Work:
 Adaptively determining the transfer rate 𝜏𝜏 ∈ 0, 1  of 

the ETO method based on the population state.
 Applying the improved ETO method to other complex 

data-driven optimization problems effectively.
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