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Gaussian Mixture Models

¢ Fuzzy C-Means ig;“OK” as a non-crisp clustering alg. but (as K-
Means) favors spherical clusters - better approaches

® Example: Gaussian Mixture Models (GMM)

« Linear combination of Gaussians
K K

p(x) = Z FkN(I|,lL&?Z&) where Z m,=1, 0<m <1
k=1 t— k=1
o parameters to be estimated
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® Fuzzy C-Means is “OK” as a non-crisp clustering alg. but (as K-
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K K
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viachine Learning

® For a distribution p(x|©) parametrized by a set of parameters ©
and iid data X = {x;, x5, ..., x5}, simple machine learning
corresponds to finding the © that best explains the data

® jid: Jidentically independently drawn" = p(X|0) = [[;p(x;|®)
® p(X|0) is called likelihood

° ,finding the © that best explains the data“:

Maximum Likelihood: @y;; = argmaxg p(X|0) = Vg p(X|0) =0

® convenient: use log p(X|6) instead of p(X|6)
= log p(X|0) = ¥,;log p(x_i|©)

¢ Fuzzy C-Means is “OK” as a non-crisp clustering alg. but (as K-
Means) favors spherical clusters - better approaches

® Example: Gaussian Mixture Models (GMM)

« Linear combination of Gaussians

K
p(x) = % FkN(I|,lL&?Z&) where Z m,=1, 0<m <1
k=1 t— k=1
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® For a distribution p(x|®) parametrized by a set of parameters ©
and iid data X = {x;, x5, ..., x5}, simple machine learning
corresponds to finding the © that best explains the data |,

®iid: Jidentically independently drawn“ = p(X|0) = [[; p(x;]|0)
® »(X|0) is called likelihood

¢ ,finding the © that best explains the data“
Maximum Likelihood: 8y;; = argmaxg p(X|0) = Vg p(X|0) =0

® convenient: use log p(X|6) instead of p(X|6)
= log p(X|0) = X;log p(x_i|®)
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® For a distribution p(x|©) parametrized by a set of parameters ©
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® For a distribution p(x|©) parametrized by a set of parameters ©
and iid data X = {x;,x,,...,xy}, simple machine learning
corresponds to finding the © that best explains the data

®iid: Jidentically independently drawn“ = p(X|0) = [[; p(x;]|0)
® »(X|0) is called likelihood

¢ ,finding the © that best explains the data“
Maximum Likelihood: 8y;; = argmaxg p(X|0) = Vg p(X|0) =0
K

® convenient: use log p(X|6) instead of p(X|6)
= log p(X|0) = X;log p(x_i|®)
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Example: x € R™ and p(x|@) is one multivariate Gaussian) Example: x € R™ and p(x|0®) is one multivariate Gaussian)
)= N ) = ! 1 1 Ty-1 )= N ) = 1 1 1 Ty-1
p(x|0) = (Xlg,‘( ) = (@m)P2 g2 exp *E(X_ 1) (x— ) p(x|0) = (XL#:( ) = (2n)D2 (|12 exp *E(X_ 1) (x— p)
s
® |og likelihood: (sebasee) ® log likelihood: (wsebasee)
ND N 1 & ND N ]
In P(Xl@) = lllp(X“.L 2) = —- 2 1"(2’”)_‘? ln|2|‘§ Z_;(xn_p')'rz_l(xn_u’) In P(X|@) = lllp(Xl,U, E) = —- 2 1“(2’”)_? llllEl*E z_:l(xn_f"‘)’]‘z_l(xn_p')
® Maximum log likelihood: ® Maximum log likelihood:
! I
Oy, = argmaxe logp(X|0) = Vo (X;logp(x|€)) =0 O, = argmaxe logp(X|0) & Ve (3;1ogp(x;10)) =0
) ~ 1 o d N e
My o —Inp(X|,E)=0 ‘ II'ML=¥ZX,,. My o —lnp(X |, Z)=0 ‘ HML=§ZX,,
ou [ 4 ou [ g
p) ' 1 o ‘ 1
PN ﬁlnp(x |, Z)=0 J YuL = N Z(Xn — M) (%n — pygr) " PO Elnp(Xhu,E) =0 /‘ T, = N Z(x,, — By ) (%n — gyt
% - n=1 - n=1
& . . & . .
viachine Learning viachine Learning
Example: x € R™ and p(x|@) is one multivariate Gaussian) Example: x € R™ and p(x|0®) is one multivariate Gaussian)
)= N ) = ! 1 1 Ty-1 )= N ) = 1 1 1 Ty-1
p(x|0) = (Xlg,‘( ) = (@m)P2 g2 exp *E(X_ 1) (x— ) p(x|0) = (XL#:( ) = (2n)D2 (|12 exp *E(X_ 1) (x— p)
® |og likelihood: (sebasee) ® log likelihood: (wsebasee)
ND N 1 & ND N 1o
In p(X|0) = Inp(X|p.X) = -~ 5 1n(2w)—‘? ln|E|~§ Z_;(x,,—p,]TE_l(x,,—y:) In p(X|0) = Inp(X|p.2) = —- 5 111(27r)—? ln|2|~§ z_:l(xn—p,)TE_l(xn—p,}
k
® Maximum log likelihood: ® Maximum log likelihood:
! I
Oy, = argmaxe logp(X|0) = Vo (X;logp(x|€)) =0 O, = argmaxe logp(X|0) & Ve (3;1ogp(x;10)) =0
) ~ 1 o d N e
Hy o —Inp(X[p,X)=0 ‘ = % D X, Myt —Inp(X|p,Z)=0 ‘ =+ )X,
ou N ou N
b —> . —> -

N N
5] 1 0 1
Xap: o In p(X| p,L)=0 /‘ T = N E (% — g ) (35 — Iu'I\IL)T Tyt ox In p(X| p,X) =0 J DUVIIES N E (%n — iy ) (% — .U'ML)T

n=1 n=1
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Example: x € R™ and p(x|@) is one multivariate Gaussian) Example: x € R™ and p(x|0®) is one multivariate Gaussian)

. 1 1 1 _ . 1 1 1 _
PN = A ) = g {-j-we ) p(x10) = N (x| ) = 157t o { 5 0= )75 - ) |

® |og likelihood: (sebasee) ® log likelihood: (wsebasee)

N
AT N
4

ND N 1 .
In p(X|®@) = Inp(X|p, X) = — 5 111(27r)—? ln|E|~§ z:(x,,—p,)'I 2 x,—p) InpX|0) = Inp(X[p.X)=—

n=1

ND N 1o e
5 111(27r)—?ln|2|~§Z(xn—p,) 2 (xp—p)

n=1

® Maximum log likelihood: ® Maximum log likelihood:

! [
Oui = argmax logp(X10) = Vo (X;logp(xi|©)) = 0 O = argmaxe logp(X10) = Ve (X;logp(x;]0)) = 0

d ~ 1 & d ~ 1 &
Hy o —Inp(X[p,X)=0 ‘ “ML=§ZXH. Myt —Inp(X|p,Z)=0 ‘ “ML=§ZX.;
ou 4 ) ou g
@ :[1: 1 N . 6 ‘:C 1 N .
PN ﬁlnp(x |, Z)=0 ) YuL = N Z(Xn = o) (Xn — pyp) PO Elnp(Xhu,E) =0 ) T, = N Z(x,, = P ) (Xn — Byp)
- n=1 [% - n=1 ]
i
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Example: x € R™ and p(x|@) is one multivariate Gaussian) i K
: 1 1 e GMM:  p@EIO= p(x) =y mN(Xp B 0<m <l Y m=1
p(x|@) = N (Xl{.L,E) = (_f)n-)—D/‘ZW exp *E(X_ ) ET(x - p) k=1 k=1
\{ Al

® |og likelihood: (sebasee)

ND N 1o —
In p(X|®@) = Inp(X|p, X) = — 5 111(27r)—? ln|E|~§ z:(x,,—p,)'I 2 (%, —p)

n=1

® Maximum log likelihood:

!
Oy = argmaxe logp(X[0) = Vg (X;logp(x;|0)) =0

(o] 0.5 1
2 N 1 o
Hy o —Inp(X[p,X)=0 ‘ By, = ;qu
ou [ 4

N
5] 1
) _ So— § , _ _ T
Tyt o In p(X| p,L)=0 /‘ ML = 57 (%n ﬂmx,li(xn Haar,)

n=1
b
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K
GMM:  p(xIO= p(x) =Y mN(Xpn k). 0<m <l Y m=1
k=1 k=1

0 0.5 1
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wiVIM-Basics

K
GMM:  p(x|0)= p(x) = Z"rk‘N(x‘P‘k.‘Ek)' Osm <1

CY )
uMM-Basics

K
GMM:  p(xIO= p(x) =Y mN(Xpn k). 0<m <l Y m=1
k=1 k=1

0 0.5 1

k=1 k=1
® 10fK _ K -dimensional binary random variable z
representation 2 € {0, 1} and Ek =1
By
plzr =1)= WE
K
p(z) =[] =i*
k=1
K
® conditional p(x|zk = 1) = N(x|py,, ) p(xlz) = [TV (el )

probability k=1

K
p(x) = Zf(z)p(xlzj = ,.Z TN (x|t Sie)
z s =1
p(x2)

wiVIM-Basics

K
GMM:  p@@= p(x) = »_ mN (X Bp).  0<m <1

k=1 k=1
® 10fK _ K -dimensional binary random variable z
representation 2 € {0, 1} and E =1
iy
plzr = 1) = m
K
p(z) =[] =i*
k=1
K
® conditional p(x|zi = 1) = N(x|py., Zi) p(x|z) = [ NV (el g, i)
probability k=1

K
p(x) = Zf(z)p(xlzj = AZ TN (x|t Sie)
z e e=1
p(x2)
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wMM-Basics
K K K
GMM:  p@@= p(x) = > mN (XK, Zk).  0<m <l Y m=1 GMM:  p(xl§)= plx ZmN X B). 0<m<1 Y me=1
k=1 k=1 k=1 k=1
® 4 ofK | K -dimensional binary random variable z ® 10fK _ K -dimensional binary random variable z
representation < 0.1} and S o= 1 representation ¢ (0,1} and S, 2k =
p(zk = 1) = m; plzk = 1) = my
K K
p(o) =[] mit ple) = [ =i
k=1 k=1
K K
® conditional p(x|zr = 1) = N(x|py,, Zi) p(x|z) = [N (xlpsy.. ) ® conditional p(x|zk = 1) = N(x|py, Z) p(x|z) = [ [NV (xlpag. Zio) ™
probability k=1 probability k=1
K
p(x) = ZP Z)p XIZ > meN (x|, Bi) p(x) = ZP Z)p XIZ Z TN (x| pg, Bi)
k=1 k=1
(X z) 5 p{x 2)
&, i 0 @ )
GMM-Basics wMM-Basics
® Responsibilities (20 = Dp(x|z = 1) K K
V(o) = plan = 1x) = —e = PXIE = GMM:  p(If)= p(x) =Y mN( X\m-&) 0<m<l Y m=1
k=1 k=1
Zp = 1)p(x|z; = 1)

7r,,.,\f (x|, i)

K
anN(me.E

=1

0 0.5 1
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® Responsibilities ® Responsibilities

plz = Dp(x|z = 1)

V() =plz =1x) = — Y(zk) = plzx = 1|x) =

Y S p = Uplxlz = 1)
j=1

N (X )

K
anN(x|pJ.2J)

=1

P(Zk = 1)p(x|zx = 1)

Zp = 1)p(x|z; = 1)

&

7(;\.,,\1 (x| pep, i)

K
ZWJN(x\ﬂj.zj)

j=1

® Example ® Example

0.5

uMM-Basics wiVIM-Basics

® T ) AT
Responsibilities Responsibilities
P (s = plxlze = 1) P

Y(ze) = plar = 1x) = ¥(zk)
Zp = 1)p(x|z; = 1)
Iy

7r,,.,\f (x|, i)

K
anN(me.E

=1

=p(z = 1]x) =

P(Zk = Dp(x|z = 1)
Zp = 1)p(x|z; = 1)

7(;\.,,\1 (x| pep, i)

K
ZWJN(xmj.z

j=1

0. . 0.5 | 0 0.5 1 0 0.5 1 0 0.5 |
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° S
R bilit
esponsioiites p(ze = Dp(x|z = 1)

K
> p(z = p(x|z; = 1)
=1

"’(3’\‘) = p(:k = 1‘)() =

TN (x|, Zi)
K

> mN(x|py, =))

=1

® Example

0.5

o & )
uMM-Basics

Maximum likelihood (GMM)

N K
In p(X|r, p\.\E) = Z In {Z TN (X0 | 120 Ek)}
: k=1

‘\_\ n=1
“\\ %

" Vectorof K D-dim. means Hy

Vector of K DxD covariances X,

® maximizingw.rt m, pandL >

N

N
1 1 .
My = J\‘rk Zﬂ"(:”k)x” E;,- = N Z 7’(‘::'1.‘\'){)(;4 - ”A-)(xh‘ - ﬂ’ﬂ')l

n=1

H & )
wiVIM-Basics

Maximum likelihood (GMM)

N K
Inp(X|7, u‘.\Eﬁ) = Z In {Z%m-.’\f(x”_p,,\., )3;..)}

3, n=l1 k=1

-
.

" Vectorof K D-dim. means Hy

Vector of K DxD covariances X

® maximizingw.rt 7, uand >

N

N
1 -
J\'rk Z "".'(,:”;‘.)X” EA' = l Z".‘(:n!f)(xu - pu'.l.-)(xn - #’J.')[

n=1

Ky, =

N W\-’
( Ny = Z "“{:nl')-) M = 4

n=1 A'I\'I

C .
wiVIM-Basics

Maximum likelihood (GMM)

N K
) = Z In {Z TN (%, ., Ek)}

Inp(X|7m, p, 3
=.F k=1

- —
>, n=l1

_
T

" Vectorof K D-dim. means Hy

Vector of K DxD covariances X

® maximizingw.rt 7, uand >

N N
1 1 « -
J\rk Z "".'(,:”;‘.)X” EA' = 7 Z".‘(:n!f)(xu - pu'.l.-)(xn - #’J.')[

Ky, =
n=1 %k n=1
N .

( -'\rk = Z n“{snl')' ) Y = _\Tf‘
n=1 LN
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Maximum likelihood (GMM)

n=1

N K
In p(X|r, p\.\E) = Z In {Z TN (X0 | 120 Ek)}
3y k=1

_

.

" Vectorof K D-dim. means Hy

® maximizingw.rt m, pandL >

N N
1 1 < .
Hi = 77 Y(Znk ) Xn ¥ = ) (K — ) (%50 — gip.) "
Ve 27 o) k= g 2 ) = ) = g1
N :
( \I" _ Z?(Z,,J,) ) ’T'.‘ — i
n=1

o & )
uMM-Basics

Vector of K DxD covariances X,

Maximum likelihood (GMM)

In p(X|7, p, 2
=T

N K
) = Z In {Z TN (%5 | g2, Ek)}
~ 1

2, =1

s
.

" Vectorof K D-dim. means Hy

Vector of K DxD covariances X,
® maximizingw.rt m, pandL >

N N
_ 1 al TN 1
By = J\!"\_ ; "(““”“")x” E.’-' —_ “'T.k Z:]T(:nk){xu - ”A-)(xra - !—"L-)
S Niy
Ny = Y(2nk) ) T = —
(v=2o¢0)  m=3

&, .
wiVIM-Basics

Maximum likelihood (GMM)

n=1

-

N K
Inp(X|7, u‘.\Eﬁ) = Z In {Z TN (X, | Ly )3;..)}
2 k=1

.

" Vectorof K D-dim. means Hy

Vector of K DxD covariances X

® maximizingw.rt 7, uand >
1 = 1 N
_ ol ) N
M = N, ; .'(~nk[%:(n ¥ = N, ”Z:lj.(ﬂ!,i.](x“ — ) (X — )
N ‘\'Y
( N, = Zj.{:n;.),) T = _f%
n=1 4
X _
wMM-Basics

® Responsibilities

J=plzr=1x) =

]‘)(zk = p(x|z =1)

K
> bz = Dp(x|z; = 1)
j=1
B N (x| ey X))
o K

Z@V(x\wzj)

j=1

0.5

0.5

0 0.5
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. . R . R . N K
Maximum likelihood (GMM) Maximum likelihood (GMM) Inp(X|mr, p, X) = Zln {Z m.’\f(xnluk..ih.-)}
N K n=1 k=1
Inp(X|m, pu, 2) & Z In {Z TN (X0 | 120 )3;;)}
F\“\ n=1 k=1 N N
N M=E§3wwm B = 5 2 k) (o — p) (0 — p1)”
 Vector of K D-dim. means py n=1 ko

Vector of K DxD covariances X,

o N J'\‘rk
Nie=>"(zm)- T =

NN
n=1 A‘\

® maximizingw.rt m, pandL >
. . ® so what?! & Problem: Expr. depend on (k) which depends on x, ji.
1§ 1 T which depends on 7(z,.x) which depends on .....
My, = Ni Z”f(znk)xn 3 = N Zj.-(:,z;\.){x,, — ) (% — )" P (Znk) P
n=1 TR =1
° ) : : )
N v Idea: Alternating approach (EM-algorithm):
N = ""(:",‘-).) T = Sk . ~(z H
( ; TE= N Step t: Evaluate ‘(~f&x-)(t) using (m, £, %) ¢,
Evaluate (m, pt, E)(t) using v(z,.k )(t)
O & . ®, .
GMM-Basics wMM-Basics
Maximum likelihood (GMM) Maximum likelihood (GMM)
2 2 5 5 2
O# O O#% O
s . B ) A . o ] /

! -':.. . %“o y ! », ‘..'.. ’-.'.- ! .‘:.‘ ° ‘;‘o . ! ., '..'.. ‘:‘- ! /

'¢'~ | .g.\ .é.\ | .g.s
-2 . | -2 . | 2 -2

-2 0 @ 2 -2 0 @ 2 -2 0 (@ 2 -2 0 @ 2 -2 0 () 2 -2 0 @ =2
: : I 3 o® : L 0 s : ’ I % . : I 0 u
- .-ii} -2 _o‘*- - .-t"} =2 .-‘i.
X0). o). X0). o).
0 0 . N '-'i' 0 . :-... ‘:-.i 0 0 . " ‘-:i' 0 ) ._-.-. ,;'.Ii L
Y A .@.l-“ " 5 .@‘1-‘

- -2 << I 1 o -2 << Lol %

-2 0 @ 2 -2 0 (e 2 -2 0w 2 -2 0 (@ 2 -2 0 (g 2 -2 0 m 2
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ev-algorithm: General View tM-algorithm: General View

° Having latent variables Z , ML becomes L] alternating EM:
_ E-Step:
Inp(X|0) =In (X, Z|0
p(X|0) {;1 | )} compute Q(8, 0% = Z}J(Z‘X‘ 8°'“YInp(X, Z|6).
g 7
° N M-Step: hew Y
Summation inside In - Problems ! complfte g ey = arg max Q(6,0°%).
® If we knew the complete dataset {X, Z} (and thus the distribution
p(X, Z|8) ), we could use ML to solve for & with p(X, Z|8) directly (which is
easy, as we will see, because p(X, Z|8) is of exponential family (the functional
form is known!!)
® we only know p(Z|X,8) (= responsibilities, as we will see) - compute
expectation of (unknown) quantity p(X,Z|€) or even better of the quantity
Inp(X, Z|6) g
& . . & .
eM-algorithm: General View £M: Relation to K-Means et s why K.
~ Means favors
i spherical
® alternating EM- ® If we use k Gaussians with ¥ = EI% clusters
, 1 l .
E-Step: px|py, 2) = re)i7a &P {—;Ix m.-ll‘}
compute  Q(6.6°") = " p(Z|X,0°) lnp(X, Z|6). 27 2
z ® we get for the responsibilities:
M-Step: 0" — arg max (6., 879
compute = arg fnax Q0,077). k) = g exp { =%y — pay||? /2¢}

Z‘, Tj XP f{fo,, — K \'—’/"Qr}

k ¢ Letting € 2 0 and Taylor-Expansion:

N K
. 1 .
Ez[lnp(X, Z|pw, B, )] — 5 E E Pk |[Xn — pg||* + const

n=1 k=1

- same as on slide 18
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eVl Relation to K-Means )
that is why K-

Means favors
spherical
clusters

® |f we use k Gaussians with ¥ = gl:“

1 [ 1 :
p(x|py, 2g) = W exp 1_2_6%”7{ F‘*L-lz}

® we get for the responsibilities:

e exXp { —||xn — . [|?/2¢}
>, ™ exp {~IIxn — 12/ 2¢}

'\i(zuk) -

¢ Letting € 0 and Taylor-Expansion:

N K
1 2
Ez[lnp(X, Z|p, 2, 7)] — —3 E 5 Pok||Xn — || + const

n=1 k=1

- same as on slide 18

[HREN

(e)

FIG. 2 Three examples of the kinds of networks that are the topic of this review. (a) A food web of predator-prey interactions
between species in a freshwater lake (272). Picture courtesy of Neo Martinez and Richard Williams. (b) The network of
collaborations between sclentlsts at a private research institution [171]. (c) A network of sexual contacts between Individuals
in the study by Potterat ef ol [342].

H ® .
tM: Relation to K-Means )
that is why K-

Means favors
__— spherical

® If we use k Gaussians with ¥ = el:“ clusters
1 f | )
P(Xlﬂ'k’ z}.) = (QT)”Q exp 1_26 HX . N;.H }

® we get for the responsibilities:

7w exp { = 1% — g ||?/2€}
>0, M exp {-Hx,, — 1]|?/2¢}

A.‘(%ak) -

¢ Letting € = 0 and Taylor-Expansion:

N K
1 2
Ez[lnp(X, Z|pw, B, )] — -3 E E Pk |[%n — pag]|* + const

n=1 k=1
L
- same as on slide 18

?ﬂdying Complex Networks

ks
¢ Paradigm shift: small NW - large NW:

® interest in individual elements (“centrality of node x") =
interest in global statistical / topological properties (“degree
distribution of NW")

° investigating particular NW instance =
general model for types of NW with certain properties

® 100 nodes > 108 nodes

® visualization possible = impossible / pointless

¢ Typical sorts of NW investigated:
social, information, technological, biological

(1]
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Social Networks

® Paradigm shift: small NW - large NW:

® interest in individual elements (“centrality of node x") 2
interest in global statistical / topological properties (“degree
distribution of NW”)

¢ investigating particular NW instance =
general model for types of NW with certain properties

®100 nodes > 108 nodes

® visualization possible & impossible / pointless

I

® Typical sorts of NW investigated:
social, information, technological, biological

&

Ein@;‘ormation Networks / Knowledge NW

® Formalizations of social context (mostly long and medium term)

® Until dawn of databases : Collection via social science methods
(questionnaires etc.) = ,laboratory effects” ;
s
® Until dawn of Social Web: Jindirect characterization of social
relations” (e.g. co-citation networks, collaboration NW (e.g. movie
co-acting NW)) [

¢ Today (Social Web / Mobile Social Web) : self declared
explicification of social structures ; ,collect data about” /
,observe“ Homo Sapiens in its ,natural habitat* (= Twitter,
Facebook etc.)

n@;‘ormation Networks / Knowledge NW

® Most studied examples: citation NW gree), the WWW;

® Example findings:
¢ p(k) of author having k papers: p(k) ~ k@ : power law

® distribution of in or out degrees of WWW pages (also for citation
NW): p(k) ~ k@

® Other examples:

¢ bipartite preference networks :
- recommender systems == link prediction on these NW;
example: collaborative filtering

¢ ontologies, semantic NW
® word networks

¢ tripartite tag/author/item networks
- Folksonomies

® Most studied examples: citation NW (tree), the WWW;

® Example findings:
° p(k) of author having k papers: p(k) ~ k= : power law

® distribution of in or out degrees of WWW pages (also for citation
NW): p(k) ~ k®

® Other examples:

¢ bipartite preference networks :
- recommender systems == link prediction on these NW;
example: collaborative filtering

® ontologies, semantic NW
® word networks

® tripartite tag/author/item networks
- Folksonomies
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D|echnological Networks

® Most studied examples: citation NW (tree), the WWW;

® Example findings:
® p(k) of author having k papers: p(k) ~ k@ : power law

® distribution of in or out degrees of WWW pages (also for citation
NW): p(k) ~ k@

® Other examples:

¢ bipartite preference networks :
- recommender systems == link prediction on these NW;
example: collaborative filtering

¢ ontologies, semantic NW

N

® word networks L

¢ tripartite tag/author/item networks
-> Folksonomies

@,
E|echnological Networks

® Most studied examples: distribution NW:
® the Internet, k&
® electric power grids,
® traffic NW (roads, railway tracks etc.))

Biological / Chemistry / Physics Networks

® Most studied examples:
® biochemical pathways, gene-protein and protein-protein interaction NW
® nervous systems, vascular systems (also natural distribution NW),
® food NW, ecological dependency NW

] @,
echnological Networks

® Most studied examples: distribution NW:
® the Internet,
® electric power grids,
® traffic NW[%(roads, railway tracks etc.))

Biological / Chemistry / Physics Networks

® Most studied examples: distribution NW:
® the Internet,
® electric power grids,
® traffic NW (roads, railway tracks etc.))

Biological / Chemistry / Physics Networks

® Most studied examples:
® biochemical pathways, gene-protein and protein-protein interaction NW
® nervous systems, vascular systems (also natural distribution NW),
® food NW, ecological dependency NW

® Most studied examples:
® biochemical pathways, gene-protein and protein-protein interaction NW
® nervous systems, vascular systems (also natural distribution NW),
® food NW, ecological dependency NW
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lechnological Networks

® Most studied examples: distribution NW:
® the Internet,
® electric power grids,
® traffic NW (roads, railway tracks etc.))

Biological / Chemistry / Physics Networks

® Most studied examples:
® biochemical pathways, gene—pr@tein and protein-protein interaction NW
® nervous systems, vascular systems (also natural distribution NW),
® food NW, ecological dependency NW

FIG. 2 Three examples of the kinds of networks that are the topic of this review. (a) A food web of predator-prey Interactions
between species in a freshwater lake [272]. Picture courtesy of Neo Martinez and Richard Williams. (b) The network of
collaborations between sclentists at a private research institution [171]. (c) A network of sexual contacts between individuals
in the study by Potterat et ol. [342). [1]



