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Understanding & Predicting

the complex dynamics

of complex systems

Dynamics

Structure



Protein — Structure vs. Function




Jack Sz0 o
w*ﬂw JUIA|
H LL’;-‘;,




Human Brain
Structure vs. Function
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Brief Outline

» Part 1: From Dynamics to Structure:

» Part 2: From Structure back to Dynamics:
Predicting collective dynamics
emergent on
networks
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1. From Dynamics to Structure

Complex Networks from
Pseudoperiodic Time Series:
Topology vs. Dynamics

J. Zhang, M. Small
Physical Review Letters 96, 2006

» Segment the signal into individual
cycles Ci, i=1,2,3,...N.
» Calculate the correlation among Ci

and Cj (Wij), and connect them if
highly correlated.
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Chaotic Rossler series (x component) vs. Sine
signal plus noise

(X' =—(z+y)
Rossler System /= x4 gy




Degree distribution P(k)
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Vertex Strength distribution (S, =) 7, )
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Scale free distribution of S for chaotic system:
Different role played by different nodes (Rich
gets richer)



Skeleton of chaotic attractor: Unstable

Periodic Orbit (UPO)

U PO_1 Unstable Periodic Orbitm PO_2

Order—2

Order—1

Stable & Unstable
Manifold of UPO
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Application: Complex networks from
human ECGs

human Electrocardiograms

20I00 21I00 22IOO 23I00 24I00 25I00 26I00 27I00 28I00 29I00 SOIOO E C G Wave.fo rm b.e I r.] g
SE ' | ' ' ! ! ! 7 morphologically similar

1 1 1 1 1 1 1 1 1
5000 5200 5400 5600 t5800 6000 6200 6400 6600

Significant difference
In the constructed
networks
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A more General framework to transform
time series into networks

Xy Xyy X35 Xy Xsy Xgy XgyoiX, = (X, xt_T,xt_zr,...,xt_(m_l)r) (X5, X5, %), (X5 X4 X, ), (X5, X5, X5 ), -

CRNKON

“Superfamily phenomena and motifs of networks induced from time
series” X. Xu, J. Zhang & M. Small PNAS, 2008



Constructing the network : & —neighborhood

Continuous systems Iterative maps
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Complex Networks constructed from various

chaotic sys

tems



Motif ranking distinguishes different dynamics:

Continuous systems
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Iterative Maps

Chaotic Noise
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Motif vs. local structure
of the Manifold



2. From Structure to Dynamics



Predicting the collective dynamics on
Complex networks




Outline

» Method: A new framework proposed to infer, or
predict, the dynamics on networks

» Validation: Various dynamical processes on
networks are unified under this framework

» New insights: Fundamental law that governs
the evolution of physical networks



Basic idea: seeding Kernels in Graph
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Kernel Function:




