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Nonstationarity

* Stationarity

same distribution
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Nonstationary couplings

* The change of one

nonstationary variable is <
coupled with the change of
another one

* Couplings: Association,
correlation, dependence, .

causality, latent relations,
etc.




Nonstationary heterogeneous couplings
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Main challenges

Financial variables are
heterogeneous, coupled
W.rI.t. various structures

Generally more than 20
financial variables
leading to over ten
thousand features for a
group of time series in a
time window

Multi-source,
heterogeneous
couplings and

structures

High
dimensional,
redundant,
noisy

Asymmetric,
non-normal

and
nonlinear

Dynamic and
transitional

Cross market dependence is
often embedded with
nonlinear, non-normal and
asymmetric dependences

Financial variables and
their influence across
markets are dynamic/
volatile, transitional



Example 1:

Copula-based Dependence Structure
Modeling

J Xu, et al. Copula-Based High Dimensional Cross-Market Dependence Modeling
W Wei et al. Modeling Asymmetry and Tail Dependence among Multiple Variables by
Using Partial Regular Vine

W Wei et al. Model the Complex Dependence Structures of Financial Variables by Using
Canonical Vine



An example

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



An example

Asymmetric and tail dependence

Gumbel Copula (3 = 3.35) between S&P500 and STOXX50E Frank Copula (& = 28.5) between FTSE100 and GBP

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

W Wei et al. Modeling Asymmetry and Tail Dependence among Multiple Variables by Using Partial Regular Vine



Challenges

* Multiple heterogeneous financial variables
e 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

Fi(z1,22,...,2,) = C(Fi(z1), Fa(z2) F.(z,))

Joint

Distribution

Copula
Distribution

flzi,zo,. .. xn) = c(Fi(xz1), Fo(x2),..., Fa(zn)) H fi(z:)



Partial vine for structural dependence

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



Partial correlation

e Partial D vine structure
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Partial D vine tree construction

Weighted partial D vine tree construction oomomoToo

* 6 variables, 20 partial correlations m

* The smallest PC as the edge of T5: 00000
{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 @ AEIBCD @ u-m-n.a

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

and {B,F;C,D,E} .
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Parameter estimation

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

n (p
L(&é:x) = z {Z lnfi(xi’j; gbl-) + In C(Fl(xl,n),Fl(xz,n) ---,Fp(xp,n); 9)}

j=1 \i=1

$ = (¢1, - $p, 0)
Estimate parameters for marginal distributions:

P i)
Lyn(o:z)= Z Z Infi(x; j; di) ¢ = argmax L, (¢ : x)
QD

i=1 j=1

Estimate parameter in copula:

(0 u, @) Ze’n (Fi(z1,n),..., Fo(zp,m); 0)) 0 = a.rgmg.XLc(Q;u,g"))



Case study

* Backtesting VaR — Log-likelihood ratio * VaR forecasting of portfolio return
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Example 2:
Deep modeling of financial couplings

W Cao et al. Deep Modeling Complex Couplings within Financial Markets



Market couplings
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Figure 1: A demonstration of complex couplings between
financial markets



Two-layer market coupling learning
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Figure 2: Modeling framework of CTDBN. Here, the demonstration shows two heterogeneous financial markets, stock and
currency. The first-layer are CGRBMs to model the intra-maket couplings while CCRBMs are built on the first layer to model
inter-market couplings.



Intra/inter-market couplings

Conditional Gaussian Restricted Boltzmann Machines: CGRBM intra-market couplings
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Return prediction

Table 2: Performance of comparative methods in US, China and India markets

Accuracy ARR

Model Stock Currency Stock Currency

Uus China India us China India us China India UsS China India

ARIMA | 0.5357 | 05071 | 0.5029 | 0.5471 | 0.5353 | 0.5214 | -0.1356 | 0.0415 | -0.0675 | 0.1479 | -0.0116 | 0.0304

Logistic | 0.5643 0.55 0.5196 0.6 0.6059 | 0.5386 | 0.0226 | 0.0796 | 0.0558 | 0.0269 | 0.0428 | 0.0645

ANN 0.6 0.6 0.5752 | 0.6235 | 0.6059 | 0.5747 | 0.1217 | 0.1486 | 0.0788 | 0.1332 | 0.1244 | 0.1032

CHMM 0.6533 0.6214 | 0.5852 | 0.6471 | 0.6353 | 0.5709 | 0.1934 | 0.1426 | 0.1132 | 0.1645 | 0.1498 | 0.1555

CGRBM | 0.6357 | 0.6235 | 0.5898 | 0.6565 0.64 0.5932 | 0.1568 | 0.1526 | 0.1410 | 0.1758 | 0.1456 | 0.1660

CTDBN | 0.6729 | 0.6324 | 0.6258 | 0.6734 | 0.6535 | 0.6152 | 0.2073 | 0.1682 | 0.2261 | 0.1926 | 0.1792 | 0.1972
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Example 3:
Coupled Hidden Markov Model-
based Dependence Modeling

W. Cao et al. Deep Modeling Complex Couplings within Financial Markets
W. Cao, et al. Financial Crisis Forecasting via Coupled Market State Analysis
L. Cao, et al. 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

Observation Timeline

9!

E

=~

Market Coupling Timeline

=
~
~_

Forecasting Timeline

Market i Market j
W v o o; o Oia
] ey | T e
12 wwtlt-w+l t T 12 wwtlt-w+l t T e e e e
W ah W ' AN '
M a
12 wwhlt-wtl t\\ 1 2 4w wHit-wtl /t T e‘e PN e e
Legend
#— Coupling . R
o; o3 o; o,
— ! < w> Time Window
I owwlwi2 ¢l T Fig. 1: A CHMM with Two Chains

Fig. 3: Forecasting Process

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

Index Selection Coupling Process Forecasting Proc ¢ C H M M B LR :
S ,[T;;;]_. HECES) (1) couplings between equity
| e | cmoronan .< : market and commodity
A SR market ( ¢(£,C) );
() e (2) couplings between equity
| Racon f— .< )7 T market and interest market
PMICMI, MIg, M) \[ o ]—» D) - ( C(E, 1) );
- 3) couplings between
| Rt (P * e L e (C 0)mmlo \ir ygma tween
PO o e o] e - interest market ( ¢c.n).

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



Case study: financial crisis
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More examples:
Deep Multivariate Coupling Learning



Deep financial representation

—-News Headline—

Vp = IITI-(]?TL ;{73})
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Figure 1: A brief description of our proposed LSTM-RGCN model. Each node in the graph represents one stock. A node can be attached
with none or several overnight news text. The dashed lines indicate the two relations that connects stocks (A). The news is first encoded
with the node feature encoder (B). Then the node embedding is fed into our proposed LSTM-RGCN model to make use of the correlation
graph structure (C). Note that LSTM-RGCN can have multiple layers. Finally, the node vectors are used to predict the overnight stock price
movement (D).

W Li et al. Modeling the Stock Relation with Graph Network for Overnight Stock Movement Prediction, IJCAI20



Neural-dependence coupled networks

Copula variational autoencoder for mixed data

ﬂrg '\
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S. Suh and S Choi. Gaussian Copula Variational Autoencoders for Mixed Data
P. Wang and W. Wang. Neural Gaussian Copula for Variational Autoencoder



Concluding remarks



Coupling complexities in finance

* Macro/micro-variables across markets

e Structured/unstructured variables

* Within/between variable couplings

* Couplings: dependence, correlation, hidden relation, etc.
* Nonstationary, heterogeneous, multiscale, stylistic, ...



Heterogenous and hierarchical couplings
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Coupling Learning of Complex Interactions
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Some recent work on Al in FinTech

* |JCAI2020 Special track on Al in FinTech
https://www.ijcai.org/Proceedings/2020/

* |[EEE Intelligent Systems special issues on Al and FinTech
https://ieeexplore.ieee.org/document/9090124

DSAA2020 journal track on Data Science and Al in FinTech
dsaa2020.dsaa.co

e L Cao. Alin FinTech: A Research Agenda
https://arxiv.org/abs/2007.12681

e L Cao. Alin Finance: A Review
https://papers.ssrn.com/sol3/papers.cim?abstract id=3647625



https://www.ijcai.org/Proceedings/2020/
https://ieeexplore.ieee.org/document/9090124
https://arxiv.org/abs/2007.12681
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3647625
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