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1 Introduction

Causality analysis is a problem lying at the heart of science
ER ST ERFEAR— 00 e

Clive Granger
(Nobel Laureate ‘03)

EXHTE (1953):
Development of Western science is based on:
e the invention of the formal logical system;

 the diseevery of the possibility to find out causal
rel@tionships by systematic experiment.




1 Introduction

Outstanding problem in Al prediction No causality!

Pearl (2018), Bengio (2019), Scholkopf (2019): AR AT LN EEER
causal inference (Pearl, 2018)
cause and effect.” (Bengio, 2019)

causality,

(Scholkopf, 2019)

Causality analysis 2 Machine learning
Machine learning - Artificial intelligence ﬁ“bﬁi
Zﬁbiﬁ;ﬁ

Cannot predict X; from X,
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_m 1 Causality Analysis ab initio

“The mathematization of causality is
a relatively recent development, and
has become increasingly important in

gl S

X, GREEN; X,i BLUE

| ----Peters, Janzing, Schokopf
‘ (2017)

M ? ?
Chicken? Egg? i A continuing challenge since Granger (‘69)

Eﬂii@ﬂ XE)EEE'? Keywords:

Math, Statitistcs, New field

“A real physical notion that can be derived ab initio”

, , ----Liang (2016)
Real physical notion
Derivable from 15t principles (rather than axiomatic/empirical)
Born from atmosphere-ocean science



_m 1 Causality Analysis ab initio
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http://scitation.aip.org/content/aip/magazine/physicstoday/news/10.1063/PT.5.7124

Liang, 2014: Unraveling the cause-effect relation between time series. PRE 90, 052150, 1-11
Liang, 2016: Information flow & causality as rigorous notions ab initio. PRE 94, 052201, 1-28
Liang, 2021: Normalized multivariate time series causality analysis and causal graph
reconstruction. Entropy, 23, 679.
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Atmosphere-
Ocean system
tends to be
CHAOTIC

Uncertainty transference
= Information flow
> 4 Causality quantification
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g 1. Causality Analysis ab initio

Theorem 1 (Liang, 2016)

For an n-dimensional system
(L—T =F(X,t)+B(X, )W

The information flow rate from X, to X is:

2
T,,=-E iJ‘ . ok, p,, dx,...dx _|_£ E j ) 0 9112:0\2 dx,...dx_
oL 00X 2 | 0X

where E is mathematical expectation.
|T,,1>0: X, is causal to X, . otherwise not.
(Statistical significance test is needed in real applications.)



g 1 Causality Analysis ab initio

Theorem 2 (Principle of nil causality)

If the evolution of X, is independent of X,, then T,_,,=0.

AT\ S AR S o ] R B LA AT T 2256 24 AR X — v U F e,
{(AEERATMELR T, X2 — K ER! , &

o N N\,
X3 O’D’ S
Theorem 3 (Liang 2018) ( ‘& 6,_

?atlo@o%g&

The so-obtained causality meﬁ@e/l
invariant upon arbitrary nonl rdin

transformation. (XMEEIEZY 7|°T’ <
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g 1 Causality Analysis ab initio

Theorem 3 (Liang, 2018)
The above formula for information flow is invariant upon

any nonlinear coordinate transformation of (X3, X4,..., X;).
T
TXA\*
P
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g 1. Causality Analysis ab initio

Theorem 4 (Bivariate case, Liang, 2014)
For time series X; & X,, the MLE of the causality is

21

2 Multivariate case (Liang 2021)
. C11C12C2,d1 o C12C1,d1 1 & C,

T, . =——SA,C. .-
C121C22 _C11C122 7 detC ; R o

where

|

C; q: sample covariance between X;, X X(n)=

C; : sample covariance between X; X,

r 1
T = 1_r2 (r2,d1 - rrl,dl)
ro_ Cu o _Cig
' idj —
\V C11C22 J Cii ij

X,(n+1) = X, ()
At

e Causation =» Correlation

e Correlation \Q Causation
“BRARVEHEX, FHXA—EEAR"
expressing the long-standing debate in
philosophy since Berkeley (1710) using a

concise math formula 1




g 1 Causality Analysis ab initio

Validations —

Validated with benchmark dynamical systems such as

baker transformation, Hénon map, Kaplan-Yorke map, stochastic potential flow...
Baker transformation

For D: Q- Q, Q =[01]

2X, = 0<x,<10<x, <1
CD(Xl,Xz):{( X113 ’1 1 X11 2 Xy

(2X, -13X,+5, <X =10<x,<1
T2—>1 :O
T, = R(O’%)"' R(% ’1) > O
where

[ p(A,x,)dA

R(a,b) = j:pz-log% 2,

[ p(2,%,)d4 13



g 1 Causality Analysis ab initio

Validations — Series buried in noises (singal-to-noise ratio < 0.01)
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g 1 Causality Analysis ab initio

Validations — Series nearly synchronized

A

A

N

(dx, /dt = —a,X,

_X3

dx, /dt = —w, X, +0.15X,
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g 1. Causality Analysis ab initio

Performance in computation

30 series, each with 100,000 steps
IF: <0.3s for one relation; <1 second for all relations

gctest: 1200s for one relation; ~17 days for all relations

16



g 1 Causality Analysis ab initio

¢ Applications 2008

e CO2 vs. global warming Financial
e Hurricane prediction Crisis

* E|l Nifio prediction Emergency loan?
e Pacific-N. Amer. Pattern |

e Quantum mechanics N O!

e Wall turbulence

Bernanke Paulson Geithnet

e Soil moisture-precipitation CO, vs.
: Global
e Pollutant source tracing :
N , Warming:
.euros..uence | Causal
* Financial economics Stips et al. 2016 cycle!

Patent: A Fast
pollution source Concussion,
S7uE tracing system epilepsy...

17
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. Causal Al-Based Ocean/Atmosphere
Prediction
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g 2 Causal Discovery - PNAvs. SCS
ERoth 2 BEE=ZEHAIL About PNA

* A dominant low-fequency
modes of the boreal winter
midlatitude atmosphere (e.g.,
Wallace & Gutzler 1981)

 Extensively investigated (e.g.,
Hoskins & Karoly 1981). Major
mechanism: ENSO

1. Zhang, Yinchen, X. San Liang*, 2022: The
causal role of South China Sea on the Pacific-
North American teleconnection pattern.
Climate Dynamics. 59, 1815-1832.

South China Sea affects the
2. Zhang, Yinchen, X. San Liang*, 2023: The

weather in N. Amerlca! distinct PNA pattern induced by the South

(Zhang & Liang 2022; 2023) China Sea. Climate Dynamics. DOI:
10.1007/s00382-022-06607-4




_m 2 Causal Discovery - GoM Loop Current

Causality analysis indicates that

* Both of the transports thru YC & FS are
causal to the LC path variation.

 YC affects LC directly.
* YC may also affect LC indirectly via FS.

Yang et al., Causal Relations Between the Loop Current Penetration and the Inflow/Outflow
Conditions Inferred with a Rigorous Quantitative Causality. Deep-Sea Res. (Revised)

21




_m 2 Causal Discovery - PM2.5 Sourcing

I‘D BExRBMAEEANE

20184E 12 UK, BEFHETEETE. "TESERE, MERIRELK .
‘YRTEEMR, HI1CAROR




_m 2 Causal Discovery — Network Dynamics

» Complex networks provide a framework for
studying many social, biological and engineering
systems

» A goal is to understand how individuals
collaborate to produce the collective behavior

» One question to ask is whether the connectivity
of a network is robust to local node failure

Naturphilosophie.co.uk

Where is most
X.S. Liang: ENSO Modoki thus far can be SenSitiVE? 23

mostly predicted 10 yizavs ahezd oi time




_m 2 Causal Discovery — Network Dynamics

Theorem 6
Under a linear assumption, the maximum likelihood estimator of the IF
from node 1 to the network is

Corollary T,,, # T, 4T, ,+.+T,_,

Collective phenomenon:
A group is not the addition of the individual members

A+1 > 2 .



Node #5 is the hub, but...
Node #2 is least connected, but...

B
m

4 3

4 6



演示者
演示文稿备注
右边一列控制熄灭、开启


Absolute Cumulant IF

0.2+
1% Would they change their
minds if they had seen this?
0.1
0.05

T
FMCC
©

10 20 30 40 50

Liang (2021) 7

Where is most
sensitive?


演示者
演示文稿备注
L. Alderson and J. C. Doyle (2007) “Can complexity science support the engineering
of critical network infrastructures?,”
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1 2. Causal Al Modify the nodal

weights to remove

e Established the spurious association
framework for causal
deep learning

 Fulfilled a preliminary
interpretable causal
Al algorithm

o
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Quantitative causality
analysis ab /nitio

N BH &5 3 55 3 o &
W 3 30 it 1% 3 AN & = H

Correlated
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iy correlars ‘Suprious! i
correlated. . e J
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1 2. Causal Al

29



1 Outline

. Causality Analysis
. Causality-Aided Discovery
. Causal Al

A W DN P

. Causal Al-Based Ocean/Atmosphere
Prediction
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g Forecasting — EI Nifio Modoki

El Nino Modoki
(Ashok et al., 2007)
Central-Pacific (CP)-type El Nifio
(Yu & Kao, 2007)
Date Line El Nifo
(Larkin & Harrison, 2005)
Warm Pool El Nifo
(Kug, Jin, & An, 2009)

Present coupled models have lower forecast skill
for El Nino Modoki (Ashok & Yamagata, 2009)

31




g 4 Forecasting - El Nifio Modoki
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Figure 1. Left: The El Nifio Modoki as shown in the Fig. 2b of Ashok et al. (2007, J. Geophys. Res.
112, C11007). Right The causal pattern from solar activity to the sea surface temperature as
revealed by our causal analysis/attribution technique. Notice the high similarity between the two.

Decadal Prediction of the El Nino Modoki
“absolutely astounding”

“breathtaking and counterintuitive”
“fairly striking”

Liang, X. San*, Fen Xu, Yineng Rong, Renhe Zhang,
Xu Tang, Feng Zhang, 2021: EI Nifio Modoki can
be mostly predicted more than 10 years ahead of
time. Sci. Rep. 11:17860
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_m 4 Forecasting - Precipitation

Forecasts of monthly precipitation in China
e.g., precipitation July 2021

33



4 Forecasting - Precipitation

20222 FEIR AEFKFNFEE
(6 105) ﬁtﬂiﬂ%‘zféﬂg’-ﬁ

HONE A 7755 B
EFRREERMNERA TEEK A KGR

AAANR: BiRge. DHE, FHR. BiF. }RF. DFEH.
BFE. KRR, KO, BFE. FEH. AR

FRiREN . MAASFERFESTIEN REERE (Kid)
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_m 4 Forecasting - Typhoon
¢ SR: 2EB1TXKBAREZE

axk “lfr” aK ‘RS
aX “Lf” BRI &R BESF5EIA300A AF 2014 F@BRAENBIIEMEKERSHS AKX
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MEZE; 1200K (6 EEEIH, 80046 ™EMIF, 27%.
13500(8] —f&#RIR; RIEMZRER74. 4F AR,
Hepaug3. 3T A; BIEAEFImK52{27T. 35
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@ Summary

Causality analysisNg@

L,
I

Causality is “a real physical notion that can be
derived ab initio” ----Liang (2016, PRE 94, 052201)

. ] ] Theorem 1

* A real notion in physics (Liang, 2016)
* Can be rigorously derived from first principles e oo st
rather than axiomatically proposed as ansatz =, .

e Born from atmosphere-ocean science

] ow > from 15 to .\ is
1 AF,p.
LBl P g, |
P A,
1 g0
e N
27|

T )= X isc

* Quantified causality from X, to X;, T,_,, is explicitly obtained
* T, invariant upon arbitrary coordinate transformation

* In the linear limit, reduces to a very concise formula. A
corollary is: causation implies correlation, but not vice versa.

For two time series X; & X,, the maximum likelihood
estimator of the causality from X, to X, is (Liang 2014):

. C11C12C2,d1 o C122C1,d1
21
C121C:22 B C11(:122

251 —

where
C; : sample covariance between X. and X,

fundamental problem
lying at the heart of

science

S

In multivariate case (Liang, 2022),

1
detC

L C
ZAZjCj,dl'C—lz

j=1 11

X, (n+1) = X, (n)

ij
Ciq : sample covariance between X; & X, , where X;(n)=




g Summary

e CO2 vs. global warming
e Typhoon prediction

e El Nifio prediction

e Pacific-N. Amer. Pattern
* Quantum mechanics

e Wall turbulence

* Soil moisture-precipitation
e Pollutant source tracing
* Neuroscience

* Financial economics

e Deep learning (causal Al)
e etc.

38



] Take-Home Points
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Thanks for Your Attention

X. San Liang (& ¢ =.)

Fudan University, Dept. Atmos. Ocean Sci.
Southern Marine Laboratory, The Al Group

SRS EN Y- ¥
HNTEEEBETEARATCALERA
E-mail: xsliang@fudan.edu.cn

URL: http://ncoads.cn/
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