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Agenda

• A brief review of classic to modern AI research in finance
• The area of AI in finance

• Pros and cons of AI techniques in finance

• Some examples on modelling cross-market couplings
• Learning cross-market couplings for pool manipulation detection and financial 

crisis analysis

• Vine copula + deep neural networks for asymmetric cross-market dependency
modelling and portfolio investment



A Brief Review of AI in Finance



Several relevant activities on AI in finance

• IJCAI2020 Special Track on AI in FinTech

• IJCAI2020 panel on AI in FinTech

• IEEE Intelligent Systems: Special Issue on AI and FinTech

• DSAA’2020: Journal Track on Data Science and AI in FinTech

• ACM conference on AI in finance

https://datasciences.org/fintech/: 

• AI in Finance: A Review, http://dx.doi.org/10.2139/ssrn.3647625, 2020

• AI in finance: Challenges and opportunities

• AI in FinTech: A Research Agenda, https://arxiv.org/abs/2007.12681, 2020

• Data Science Thinking: The Next Scientific, Technological and Economic Revolution, Springer, 2018

• Data Science: Profession and Education. IEEE Intelligent Systems, 2019

• Data Science: A Comprehensive Overview. ACM Computing Surveys, 2017

• Data Science: Challenges and Directions. Communications of the ACM, 2017

• Data Science: Nature and Pitfalls. IEEE Intelligent Systems, 2016

https://www.ijcai20.org/call-for-papers-fintech.html
https://ieeexplore.ieee.org/document/9131090
http://dsaa2020.dsaa.co/call-for-journal-track-papers/
https://datasciences.org/fintech/
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Some Examples of AI in Finance



Main challenges
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Nonstationarity

• Stationarity

• Weak/non-stationarity

NIPS16 tutorial: Theory and algorithms 
for forecasting non-stationary time 
series



Nonstationary couplings

• The change of one 
nonstationary variable is 
coupled with the change of 
another one

• Couplings: Association, 
correlation, dependence, 
causality, latent relations, 
etc., which may be

• Explicit/implicit,
global/local, strong/weak,
deep/shallow, 
subjective/objective, etc.
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Nonstationary heterogeneous couplings

D. Rahardja (2005) X-Charts versus X / MR Chart Combinations: 
IID Cases and Non-IID Cases

Z Wu, etc. (2007) On the trend, detrending, and variability of 
nonlinear and nonstationary time series



Positive and negative correlations

a. FTSE100 and S&P500 b. FTSE100 and GBP

• Stock markets and exchange rate markets are dependent
• Dependences may be diverse 
• Cross-market couplings have to be considered in multivariate modeling



Asymmetric and tail dependence

Gumbel Copula (θ = 3.35) between S&P500 and STOXX50E Frank Copula (θ = 28.5) between FTSE100 and GBP

Daily returns of S&P 500 and EUR/USD (01/01/2008 – 31/12/2010)

Modeling Asymmetry and Tail Dependence among Multiple Variables by Using Partial Regular Vine



Example 1: 
Coupled Behavior Analysis for Pool 
Manipulation Detection 

o Coupled Behavior Analysis with Applications
o Detecting Abnormal Coupled Sequences and Sequence Changes in Group-based Manipulative Trading Behaviors 
o Coupled Behavior Analysis for Capturing Coupling Relationships in Group-based Market Manipulation
o Graph-based Coupled Behavior Analysis: A Case Study on Detecting Collaborative Manipulations in Stock Markets



Trading behaviors in stock tick data

Transactional Data Behavior Feature Matrix

B1
B2
B3
B4

B6
B5

B7
B8

• Each behavior of an investor is a vector
• The collective behaviors form a temporal behavior vector matrix



Coupled behavior modeling

Intra-behavior
couplings:

Inter-behavior couplings:

Coupled behavior modelling:



CHMM-based CBA



Framework: abnormal CBA





• Business Performance



Example 2: 
Coupled Hidden Markov Model-
based Financial Crisis Analysis

o Deep Modeling Complex Couplings within Financial Markets
o Financial Crisis Forecasting via Coupled Market State Analysis
o Coupled Behavior Analysis with Applications



Challenges 

• Couplings within/between financial markets

• Couplings within/between financial variables

• Heterogeneity between markets, between financial variables



Modeling within/between-market couplings

• Temporal/periodical transition
• State transition within a market
• Coupling between markets
• CHMM for both transitions/influence within and between sequences



Modeling within/between-market couplings

• CHMM-LR: 
(1) couplings between equity 
market and commodity 
market (             ); 
(2) couplings between equity 
market and interest market 
(          ); 
(3) couplings between 
commodity market and 
interest market (          ). 

			C(E ,C)

			C(E ,I)

			C(C ,I)

• Select financial variables
• Modeling their within/between sequence couplings
• Forecasting 



Case study: financial crisis



Example 3: 
Copula-based Cross-market 
Dependence Structure Modeling

o Copula-Based High Dimensional Cross-Market Dependence Modeling
o Modeling Asymmetry and Tail Dependence among Multiple Variables by Using Partial Regular Vine
o Model the Complex Dependence Structures of Financial Variables by Using Canonical Vine
o Vine Copula-based Asymmetry and Tail Dependence Modeling



Challenges 

• Multiple heterogeneous financial variables

• Stylized fact: fat tail and asymmetric correlations

• Dependence strength and structure



Copula-based dependence modeling

• Modeling joint distribution between a group of random variables

Marginal 
Distribution

Copula 
Distribution

Joint 
Distribution



Partial vine for structural dependence

• Weighted partial vine copula (WPVC)

High-dim variables WPVC Application

Log 
Returns

Marginal 
Distribution 

of errors

ARMA-GARCH

Raw Returns

Vine Copula
Partial Correlation

D / R Vine Structure Selection

Optimization

Parameter Estimation

Predicted 
Price

Quantiles

VaR

• Partial D vine tree structure for asymmetric dependence in tail risk
• Bivariate copula with different types of tail dependencies
• Truncation with conditional independence (vs. correlations) for high-dimensional



Partial correlation

• Partial D vine structure 

• Lower and upper tail dependence coefficients

• 0
• ∈ (0, 1]



Partial D vine tree construction

Weighted partial D vine tree construction

• 6 variables, 20 partial correlations

• The smallest PC as the edge of T5: 
{A,F;B,C,D,E}, conditioned set {A,F} and 
conditioning set {B,C,D,E}

• Nodes in T5: 
• Constraint sets {A,B,C,D,E} and {F,B,C,D,E}
• Find the smallest PC for each constraint set 

and treat them as nodes, e.g. {A,E;B,C,D} 
and {B,F;C,D,E}

• T4, T3

• Best D vine:

argmax(-ln(D))



Parameter estimation

• Maximum Log-Likelihood estimation to estimate the parameters of 
copula constructed w.r.t. vine structures

Estimate parameters for marginal distributions:

Estimate parameter in copula:

𝐿 𝜉: 𝑥 =

𝑗=1

𝑛
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𝑝

ln 𝑓𝑖 𝑥𝑖,𝑗; 𝜙𝑖 + ln 𝑐 𝐹1 𝑥1, 𝑛 , 𝐹1 𝑥2, 𝑛 ⋯ , 𝐹𝑝 𝑥𝑝, 𝑛 ; 𝜃

𝜉 = (𝜙1, …𝜙𝑝, 𝜃)



Case study

• Backtesting VaR – Log-likelihood ratio • VaR forecasting of portfolio return

• 25 indicators: 8 exch rates, 13 indices, 3 comdity, 1 comdty index
• In-sample: 5 years; out-of-sample: 10 years
• ARMA(1; 1)-GARCH(1; 1): stocks 
• AR(1)-GARCH(1; 1): exchange rate



Example 4: 
Deep Neural Modeling of Cross-market 
Couplings

o Deep Modeling Complex Couplings within Financial Markets



Market couplings

• Observable variables: dependencies or correlations
• Deep/hidden variables: and their relations
• Temporal couplings



Two-layer cross-market coupling learning



Intra/inter-market couplings

Conditional Gaussian Restricted Boltzmann Machines: CGRBM intra-market couplings

Coupled Conditional Restricted Boltzmann Machines: CCRBM inter-market couplings



Return prediction



Example 5: 
Coupling Macro-Meso-Micro Financial 
Factors for Stock Representation

o Coupling Macro-Sector-Micro Factors on Learning Stock Representation 

with Less Uncertainty, AAAI-21



Complex multi-macro factors



Macro-factor context-based stock representation





Concluding remarks



Opportunities 

• AI-driven Strategic Planning and Development
• Strategic planning and development

• AI-driven disaster management
• Understanding and managing certainty, black swan/grey rhino events, and changes in economic-

financial systems

• AI-enabled Economic-Financial Innovations

• Beyond AI and Finance
• Neuropsychological foundation for AIDS and EcoFin

• Social and ethical issues in AIDS-driven EcoFin

• Geopolitical and geocultural influence

• The economics of AIDS for economy and finance



Specifically, complex couplings in finance

• Macro/micro-variables across markets

• Structured/unstructured variables

• Observable and deep factors

• Within/between-variable couplings

• Couplings: dependence, correlation, hidden 
relations, etc.

• Nonstationary, heterogeneous, multiscale, 
stylistic, …

Coupling Learning of Complex 

Interactions



Thank you very much

More information

• AI in Finance: A Review, http://dx.doi.org/10.2139/ssrn.3647625, 2020

• AI in finance: Challenges and opportunities, 
https://datasciences.org/fintech/

• AI in FinTech: A Research Agenda, https://arxiv.org/abs/2007.12681, 2020

• Data Science Thinking: The Next Scientific, Technological and Economic 
Revolution, Springer, 2018

• Data Science: Profession and Education. IEEE Intelligent Systems, 2019

• Data Science: A Comprehensive Overview. ACM Computing Surveys, 
2017

• Data Science: Challenges and Directions. Communications of the ACM, 
2017

• Data Science: Nature and Pitfalls. IEEE Intelligent Systems, 2016
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