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BT/Nets Aug/05OUTLINE

� Introdu
tion: Graphs & Real World Networks

� Numeri
al Modeling: Topology & Dynami
s� Theory|Two Fa
es: Evolving & Stati
 Networks

***� Emergen
e of Topologi
al & Fun
tional Complexity� Summary: Current Trends in Physi
s of Networks
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BT/Nets Aug/05I. Graphs & Real-World Networks (Physi
s View)� What makes a Network? Patterns of Intera
tions-So
ial; -E
onomy; -Te
hnologi
al; -Biologi
al;-Virtual Networks (representing states & transitions in 
.d.s. in physi
s, geology, ...);-Random-Graphs instead of Compa
t Latti
es: Spin Networks, et
.� Graphs : (Nodes, Links)dire
ted/undire
ted, random, stru
tured...
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BT/Nets Aug/05� Another view: Evolving and Stati
 NetworksThis property of network requires di�erent approa
hesboth in Numeri
al modeling and in Theoreti
al Methods� Networks & Complexitywhy Networks are Complex systems?|Emergen
e of Properties: Stru
tural & Fun
tional !� Two aspe
ts of Physi
s Resear
h on Networks:{ (a) Sear
h for the underlying physi
s prin
iplesLaws governing network's evolution and fun
tion;And how network topology serves network fun
tion;{ (b) Understanding a parti
ular network (i.e., from available real data, partial info.)Finding network stru
ture and its fun
tion (inverse problem !);Make experiments/potential predi
tions;Physi
s resear
h so far built s
ien
e basis; We show some details using numeri
almodeling approa
h; More/other aspe
ts will be dis
ussed during the WSTadi
 Understanding Networks: Tutorial NEXT SgmaPhi 2005 3



BT/Nets Aug/05II. Numeri
al Modeling: Topology & Dynami
s� Modeling/more a

essible 
omp. to theory...� Two types of problems:� 1. Topology, Constru
tion & Re
onstru
tion from some kind of datawhen only an \output" of the dynami
s is known as a set of data or prin
iple;� 2. Fun
tion (Dynami
s): How Networks work?{ Transport (Information, Parti
les, Energy);{ Support of a dynami
 variable atta
hed to a node(Examples: Geneti
 Networks, Spin Networks, ...)� Both approa
hes 
an be 
losely related and inter
onne
ted:Simple models inspired by reality/Guessed rules/...
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BT/Nets Aug/05Physi
s of Networks: Short Introdu
tion� A. DEFINITIONSNodes + Links = Graph (Nodes with properties; Links with properties) Networks)Basi
 
hara
teristi
s:
Links Nodes GraphsDire
tedness Conne
tivity SparsenessWeights Clustering InhomogeneityTadi
 Understanding Networks: Tutorial NEXT SgmaPhi 2005 5



BT/Nets Aug/05� B. LINKING:How to link within a network? Network examples:|So
ial Networks;|Information (Te
hnologi
al);|Biologi
al Networks (virtual!):| Physi
al systems; Chemi
al rea
tions; Spin Networks ...

Methods:|Growth; |Linking; |Rewiring// Evolving Networks|Fixed N; |Linking; |Rewiring//Stati
 Networks

� C. PHYSICS of NETWORKS: Obje
tives & Problems:. Find Unifying Prin
iples (Laws); Exploit it ) to make predi
tions;. Usually Network is NOT known; Information from Dynami
s (or networkfun
tion): Re
onstru
t the underlying network (inverse problem); then goto �rst task;
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BT/Nets Aug/05More about Methods: How Di�erent Stru
tures Emergeadd nodes & links i = N ; add links �xed N , L N , L (�xed)i = 1 � � �N ; `++ ` = 1 � � �L repla
e link repl. node & links

7654321growth (subspa
e) no multiple links sel. pair + 1 sel. un�xed 
on�g.+rewire! i = N some rule some ruleWebGraph StatNet SONs SONSF: in- & out-! non-SF SF-in (?) SF: � � 2Linking Rules:Preferential Linking Rules Di�erent Self-Organized S
hemespin(k; i),pout(n; i): in- and out- probability (in
l. rewiringrewiring & 
onstraints & 
onstraints ...)
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BT/Nets Aug/05Some Network Stru
tures: Randomly-Grown Tree; SW01;; SF Tree, WG
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BT/Nets Aug/05Rules & Emergent Stru
tures:Preferential in- and out- Linking Preferential in- and out- Linkingpin(k; i) = �+qin(k;i)(1+�)i pin(k; i) = �+qin(k;i)(1+�)ipout(n; i) = �+qout(n;i)(1+�)i pout(n; i) = �+qout(n;i)(1+�)iGrowth + Rewiring Stati
: Link Flu
tuations

Web Graph Preferential Stati
 NetTadi
 Understanding Networks: Tutorial NEXT SgmaPhi 2005 9



BT/Nets Aug/05Basi
 Elements of Network Stru
ture

... ...

...q−CliquesTrianglesStarsNodes & Links

� Conditions required for these elements to appear on graphLinking probabilities!� Some elements 
an be indu
ed by 
ertain types of rules� v.v. Abundan
es of some stru
tural elements =) indi
ates ways in whi
hnetwork eveolvedTadi
 Understanding Networks: Tutorial NEXT SgmaPhi 2005 10



BT/Nets Aug/05
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BT/Nets Aug/05
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BT/Nets Aug/05Elementary Stru
tural Chara
teristi
s: SUMMARYElementary stru
tures on lo
al & global level; Hidden Stru
turesProperty Web Graph Preferential Stati
 NetConne
tivity qin(s) � s�
in qin = qout =Pro�le qout(s) � s�
out Aq�� exp[�(q=�)�℄Emergent P (qin) � q��inin ; P (qin) � P (qout) =Distributions P (qout) � q��outout Bq�� exp[�(q=�)�℄ClusteringPro�le n�(s) � s��� Cq�� exp[�(q=�)�℄in|out-Correlations < qout(j) >i� qin(i)�� � 
onst:S
aling �in = 1=
in + 1; � = � � 1Relations: �out = 1=
out + 1 -Hidden Superstru
tures ! Communities ?
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BT/Nets Aug/05NETWORK FUNCTION:: TRANSPORT NETWORKSRandom Walks on Networks: 1. Sequential WalkersOrigin ! Destination : Random or Navigated Walk (Rules!)

Explore Graph Survival Time T = Path LengthTadi
 Understanding Networks: Tutorial NEXT SgmaPhi 2005 14



BT/Nets Aug/052. Parallel Walkers: TraÆ
 at �nite density; Queuing !Additional Parameters: {Posting Rate R; {Max.Queue H; {Priority
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BT/Nets Aug/053. Network Flow: De�ned as Number of Walkers on Link within TWIN|Dynami
ally generated Weights of Links!|Depends on Stru
ture & Navigation Rules

Flow on WebGraph: RD nnn-Sear
huneven use of Links ... and PathsTadi
 Understanding Networks: Tutorial NEXT SgmaPhi 2005 16



BT/Nets Aug/054. Maximum-Flow Spanning Trees:{Way to 
hara
terize distribution of Network Flow{Stru
ture of the Spanning Tree vs. Stru
ture of the underlying Graph!

� = 1 MSTree: Web Graph � = 1 MSTree: Preferential Stati
 Net
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BT/Nets Aug/055. TraÆ
 Noise on Networks:# of Walkers visiting a Node within TWIN|Dynami
ally generated \Loads" of Nodes;|Depends on Network Stru
ture & Navigation Rules;|Stru
tured Noise: Antipersistan
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BT/Nets Aug/05
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BT/Nets Aug/056. More Regularity in TraÆ
 Noise on Networks: Universal Dispersion-to-Average Ratio: �[i℄ �< h[i℄ >�; � = 1=2 or � = 1 (?)
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BT/Nets Aug/05III. Theory: Evolution & Flu
tuatins|Two Fa
es ofNetworks� Rate-Equation Methods: Evolving Networks;

� Field-Theory Methods: Link Flu
tuations/Homogeneous Networks

� Spe
ial Subje
ts/Mixed Approa
hes:|Dynami
 Pro
esses on Networks and Related Problems!|Games on Networks� Per
olation, Phase Transitions on Networks

� � � �
Tadi
 Understanding Networks: Tutorial NEXT SgmaPhi 2005 21



BT/Nets Aug/05� Master Equation for Network Evolution: S
ale-Free NetworksWhen linking probabilities are known: p(q; t) = �+q(s;t)(1+�)t1.) Lo
al 
onne
tivity evolution: dq(s; t)=dt = p(q(s; t); t)Solution: q(s; t) = B � ts�
, with 
 = 1=(1 + �)2.) Lo
al 
onne
tivity distribution: �(q; s; t)

3.) Emergent 
onne
tivity distribution: P (q; t) = 1tPts=1 �(q; s; t)�P (q; t)�t = �r1(t)P (q; t)� r(q)P (q; t) + r(q � 1)P (q � 1; t)Rates r1, r(q) are related to the linking probabilities;Stationary Limit: dP (q;t)dt = 0 =) solution: power-lawRef.Book: Dorogovtsev and Mendes: Network Evolution, Oxford, 2003.Tadi
 Understanding Networks: Tutorial NEXT SgmaPhi 2005 22



BT/Nets Aug/05� Statisti
al Me
hani
s of Flu
tuating Random Graphs�Ensemble of Networks: Probability distribution over many possible networks� Suitable for �xed N , 
u
tuating Links ( traditional RG approa
h; also for new stru
tured(evolving!) graphs! )� In
orporating 
onstraints (growth, properties) in a systemati
 way;� Sele
t a set of graphs G to be studied ( trees, k-regular, Hamiltonian,Eulerian, ...) and their properties (dire
ted, 
y
les of appr. type, ..)� De�ne probability P (G) that graph G 2 G by random sampling;� De�ne entropy, for instan
e: S = �PG2G P (G) lnP (G), or other !� Maximize entropy under 
onstraints:PGP (G)Xi(G) = Xoi , where Xi(G) is some graph's property!and normalization: PGP (G) = 1{ Depends on how P (G) is de�ned;{ Zh =Plg 1 �Pg nh(g)! Zh =Plg w(q(1))w(q(2)) � � �w(q(N)){ Complex topologies/
orrelated graphs (u. Stat.Physi
s of SpinGlasses, Field Theory, ...)Referen
es: Z. Burda et al., Phys. Rev. E, series of papers (2001-2005), ...Tadi
 Understanding Networks: Tutorial NEXT SgmaPhi 2005 23



BT/Nets Aug/05Summary: Emergen
e of Topologi
al & Fun
tionalComplexity in Networks� Stru
tural Complexity of Networks{
an be 
hara
terized quantitatively;{by means: basi
 stru
tural elements (Graph Theory) & Hidden (higher-order) Stru
tures;{related to: Cooperative behaviour of Nodes (esp. in stru
tured networks);{s
ale-free stru
tures 
an result in some optimization pro
esses (non-extensivity!)

� Stru
tural Complexity =) Fun
tional Complexity!{spe
i�
 for given dynami
 pro
esse;{ Higher stru
tural 
omplexity 
an be made 
ompatible with higher fun
tional eÆ
ien
y;

� Stru
ture () Dynami
s Synergy{dynami
 rules whi
h \read" the stru
ture adequately;{some self-organized networks evolve so to optimize a spe
i�
 fun
tion
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BT/Nets Aug/05Summary: Current Trends in Netork Resear
hCon
epts to be dis
ussed in the Workshop� New Con
epts to Explore Stru
tural Complexity (6= RandomGraphs){ relevant/related to Network Fun
tion; { Algorithms!� Stat.Physi
s of Complex Systems applied to real-data analysis & network(re)
onstru
tion (esp. bioinformati
s, e
onophysi
s, ...){ Spe
i�
ity and Universality of these networks!� New Network types dis
overed in spe
i�
 areas and appli
ations{ new (additional) 
hara
teristi
s of nodes, links, linking rules, and 
onstraints;� Theory ba
king up experimental and numeri
al results!� Understanding stru
ture{fun
tion interdepende
es (new 
on
epts!)� Applying network s
ien
e to new areas of self-assembled systems!� Physi
s ON Networks;Tadi
 Understanding Networks: Tutorial NEXT SgmaPhi 2005 25



BT/Nets Aug/05VI. Basi
 Referen
es & Links. S.N. Dorogovtsev, J.F.F. Mendes, Evolution of Networks: From Biologi
al Nets to theInternet and WWW, Oxford (2003);. R. Albert and A.-L. Barabasi: Rev. Mod. Phys. 74, 47 (2002);Bibliography Sites on the Web:. http://www-f1.ijs.si/�tadi
/Networks/ : this le
ture and other Refs. ;.http://sweet.ua.pt/�f2064/bkm5.html :: Random Networks (by topi
s). http://tangra.si.umi
h.edu/
lair/home/bib2html/
lair.pdf. http://
omplex.upf.es/�ri
ard/
omplexnets.html ::LINKS TO COMPLEX NETWORKS RESEARCH GROUPS from Ri
ard Sole's Home PageNetwork dynami
s at the Santa Fe Institute Self-organized networks at Notre DameSmall World and evolving networks, University of Porto Statisti
al physi
s of 
omplexnetworks: Luis Amaral Lab Networks and graph theory: Mark Newman's homepageComplex Networks: Sidney Redner's Lab E
ologi
al networks at Tiburon Center Networksand evolution at Leipzig: Stefan Bornholdt's Group Complex networks and 
ognitivesystems,E
ole Normale Suprieure Gene and protein Networks: Wagner's Lab Graph theory,Neutral and Catalyti
 networks: Peter Stadler's Lab Networks and Chaos: Kaneko's LabTadi
 Understanding Networks: Tutorial NEXT SgmaPhi 2005 26



BT/Nets Aug/05Information traÆ
 and the Web: Bernardo Huberman's Lab Selforganization and ComplexNets: Guido Caldarelli at Rome Signal transdu
tion networks, Weizmann Institute: Uri AlonLab Statisti
al Physi
s of Networks: Serguei Maslov's page TraÆ
 in 
omplex networks:Bosiljka Tadi
 homepage Selforganization in road networks: Frank S
hweitzer MappingInternet: ATlas of Cyberspa
e
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