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Graph-tool¥y 77—V Z B L CIGH T2, ZHZHTwWBAGA Y P 7 —2 ZHEML. 7
V=N EHHT 5, 2 LT, b EALTRE T, Graph-tool®4 v F 7 — 27 M 2318 72 N A35¢
ATHOEILCZERTES L) ILw=aTr2lE5,

1t Co

Graph-tooliZ 4 ¥ 7" 7 v F D Tiago P. Peixoto# X H3C++% ~— ZIC L CTpython Tff o 72184+ »
FT =M EY 2 =N THD, TOEV2a—LTEAY PT—=04HK. V74XV VT WHAK
Gy b7 = TunT A G, SRR TE S, b iEhO A Yy P 7 — 2508 — 2 (Ex. Net
workX, Pajek, etc) Td TE 375, T Z TGraph-tool 3O EFTIZ% WHER 7 v v 7= F A ichi§
5 B%. KHBECOM GRS, Mk 7 7HENENTH S, LEL, A VAL —LT-DDER
BEHERP VLV ORRYIOMETH 5, DockerZftis & T IFEMNIC/z23 < 525, Gra
ph-tool % fthpython 7' m 7° 7 L (Ex. TensorFlow) & B3~ 2 ERUL L 72 7L 7\ & & A3 72 7o EIRE
K725, TNIEDLHLIDEY 2 — A DTiagoBIK B HH DMED 2D Iffo72d D06 TH 5,
TR EL 13T > Td 2N T 2R T L, Graph-toolld58 /1 a4 v P 7 — 270k Y — il
2 LICEfEC RV, WRIT, TOETRA VA=A HEE ZDOEY 2 — AL DOHEARP LT
ICDOWTii~R 3,

AR P =

F F13Dockerd 4 v A b —A 0 bi5F 5, DockerNICIZEEICWAALEY 2 —n1()DB3H B D THA
VA= L7z, Docker CMD&ETa~ v F% AJj31iE% 11 CGraph-tool Z % ET 5 Z L B TX
%, FERIREE (3 DebianTH 3,

1. Docker 4 YA F—J

# 1EfEICiIDocker Engine® 4 YA+ —AT3, ZD7-®ICE FDocker Repository® A ¥ A =9 34
Wb b, ZD%, Repository?dbdockerz 4 VA —1F 3

# BNy =Y ) A EHEHIT S
$ sudo apt update
# HTTPS% B L CRepository® 5 720D Ny 7r—V% 4 v A =113

$ sudo apt install apt-transport-https ca-certificates curl gnupg?2 software-
properties-common

# VAT LlCRepositoryz ® DARGPG Key® 52 5

$ curl -fsSL https://download.docker.com/linux/debian/gpg | sudo apt-key add -



# AptiCRepository%iBINT %
$ sudo add-apt-repository "deb [arch=amd64] https://download.docker.com

/linux/debian $(lsb release -cs) stable"
# T TE T bdockerZ 4 VA P — LT HIE
§oSy =YY R REHT S
$ sudo apt update
# RN avEA VAL —LT S
$ sudo apt install docker-ce-cli containerd.io
# AVAL—ADRET I N2 EMHERT D

$ sudo systemctl status docker

2. Graph-tool A YA I —J

# dockerPKIEINT WD &, Graph-toold YA F— i3 & THHHETH S

$ docker pull tiagopeixoto/graph-tool

FET

IDEZ{ED 72 WRITEIZRTH 5,

# HHICDocker CMDETHEIT L2 0in b

$ docker run -it -u user -w /home/user tiagopeixoto/graph-tool ipython

# CMDETZ 7 7dRLEVAELAisplayERERBETILELH L, Rz, EITTrLEToa~wvy %A
H$2, Loa<y FTiRr7 7 78R DIZTE Ry,

$ docker run -ti -u user -w /home/user --rm -e DISPLAY=$DISPLAY -v /tmp/.X11l-
unix:/tmp/.X1l-unix tiagopeixoto/graph-tool ipython

# DL, XP—"—CHFT 27— TBL,

S xhost +local:

K> 5 1L Graph-tool D FERABIC DWW Tik R %, 2D/, TV a2a—LEAVFR—+FTEa~wrF
FRTH Y. T nlUAREFHHT 3BT egt L7 4 2 XF 5,

from graph tool.all import *

import graph tool.all as gt

BB, AL TlEInumpyE Y 2 — AV EHEICHE S, Zldnp L7 4 v 7 A LT,

import numpy as np



S P 7—248E

BRICHBRNWT T I7FH TV 27 P EFoT, J—Fe Vv rkububBEMTs5ETAY P =7
ZESL 55, Graph-tooliC i\ A A MBI HIET 5, £ D CTlirandom_graph& \» 5 a =
YFEILfEbNE, TNEHCTH 2 RBAMPK) 2Rf>4 Yy VT — 2 %{EL 2R TE S, DU
TEZ ofl% WL OrZET 5,

1. Regular network
# 2TCD) = FRRICLRBE/HFOXy VT —7
# HiAER LD 7T 7T, NIk — Fo$, miz/ —F12o83b2) v 78 <Th 3,

gt.random_graph(N, lambda: m, directed=False)

X 1 gt.random_graph(100, lambda: 3, directed=False)

2. Erdés—Rényi(ER) network
# 2.1 G(N, p) model
# HARERLD 77 7T, NiZ2R/, — VYO, pld2oD /) — P 07%hH 5 HER

gt.random_graph(N, lambda: np.random.poisson( 2 ), directed=False)

X 2 gt.random_graph(100, lambda: np.random.poisson(5), directed=False)



nplEnumpyD 41T TH 5, G(N, p) DRES 1 1%

Np)ke NP jke=%
p)N—l—k =~ (Np) = (Np = A, Nislarge)

Pl = (N; 1) P - k! k!

Wz iz, Pk I FHME L Dpoissonsr i (Np= 1) Zfli X [EHEAEHERpD 7 v XLty bV — 7 %45
6*]-/50

# 2.2 G(N, E) model
# R Lo 7 7 ¢, N2k, — Vo Edelk) v 7ok
gt.random_graph(N, lambda: m, model="erdos”, directed=False)

E=N-m/2C., Model parameteriC DWW CTl3Zibd 5, L. moBHARE T T UL/NEELLIT
EICCRET 281k %,

K 3 gt.random_graph(100, lambda: 3, model="erdos”, directed=False)

3. Scale-Free(SF) network

# AR LD 77 7 ¢, NF&dE/ — PO mid#l <BiMEhs/ —FaffoTw3

Vv 7 O, cliconstant factor, gammaliexponential factor,
gt.price_network(N, m=a, c=None, gamma=b, directed=False, seed_graph=None)

BERD X 51cdH5H UoP(k) Zk® Trandom_graphZ i T3 X238, fHEIC A7 L Dprice
_networkZ oD, ZOL—FvDY VI B0k FLERnEIn=C"(kP+c)D L, b=1THERA
D, P(k)~k_(3+%)“62’950 DF D, gamma=1&¢FXET 5 T & Tprice_network TSF network % ## <
ENRTEL, DL, m>>1TH 5B &, seed_graph® ¥ 4 X3mLA LTI WEV >2micz 3 £ TIC
mZALT 5 D TE ZICTERE L Tseed_graphZ ¥efii 3~ 2 8035 5, 2 e, T DBAEILseed_graph
=NoneTH 2 &, c>0TiZ/ —F1OoLIHE Y., ZHUINE, — F200307% 535 T 2K b IR
5L IfEonTw3,



X 4 price_network(100, m=3, c=0, gamma=1, directed=False)

Z S iclattice, complete_graph, circular_graph® & %, Graph-tooliZBlock model® 4 pk, #
W M ETET 30 CINICET I a Yy R8T 2 =2 — 3% LS i3 HERT %,

CNODEV HIFET /- FPERELC) V2 2B 00 LDRDIZDIHICHE> TN TS & D L1,
DR VIRERAITH 5, Wz, PRICWAARDiZFi-8 25 2 LA TE %, NumpyZs & & ffio
TERLAZDDEZHWTH XL, 21 o ZfA L =Multimodal /i b T% %, # L < ISF netw
ork®Z It & % Bianconi-Barabasi model 7= \» 723 & FF (Fitness) @A L 724 v P 7 — 2 3Pk %
DhbERHTE S,

flzix, P& LT

1 _Gew? 1 2ke?
207 4 -
omaz 2 k!

1
thaﬂ=§'

FORDIIBRIERERT Y VI HEOMERATEZ LD TE S,

def P(mu, sigma,gamma,pl,p?2) :
k = pl*np.random.normal (mu, sigma)+p2*np.random.poisson (gamma)
return k

g = gt.random graph (100, lambda: P(4,1,10,0.5,0.5), directed=False)

F 7-. Bianconi-Barabasi model® X4 P (k) 1%

£
p() (E)n dn (n: fitness)

0 =c [ 55 G

Lo X5 IGHAE BT 2SFA Y VT =2 DRBADHOMTHE, L, HAEELEHE L %5

WEDSFA Y b7 —27i1C b, LLIHNIGEESEDAPAHERSEND Y, kmin & kmax % ko 7x

WEESAL VBRI TH B, WRIC, TOISIE2DRE b o L nwWEES, a— FhoEsESS
FIFEHRICEZTHHIT 5,



# All fitness are positive and int type
def BB model (N, m, seed = None):

g = gt.Graph (directed=False)

fitness = []
target = []
if seed == None:
seed = 0
First nodes = seed + m

for i in range(First nodes) :
g.add vertex ()
fitness.append (np.random.randint (1,50))

target.extend([i]*fitness[i])

for i in range (N-First nodes):
v = g.add vertex()
fitness.append (np.random.randint (1,50))
select target = []
for j in range (N-First nodes) :
temp = target
select target.extend(random.sample (temp,1))
try:
temp.remove (select target([]])
except ValueError:
pass
for w in select target:
g.add edge (v, w)
target.extend([w]*fitness[w])
target.extend ([i+First nodes]*fitness[i+First nodes] *m)

return g, fitness

Code 1 Pseudocode of BB network



X 5 Bianconi-Barabasi model; vertex text means fitness

Graph-tooliC (320D 75 7 % &b+ bgraph_uniondb H 5, LorL i, d LM77 7HBHELC4
fifdinternal propertyZ o T\ 3 &, Hbt 2HFIC1D DpropertySiH 2 2 M2 H 5, Hlz i, g
12777 712t veolor=red”, g27° 7 71Zi¥"vcolor=blue” X {§E TN T 5 L &G 5 KE, veolordi & H
bD1DICR 5,

I 74 vI >

random_graphiirandom_rewire D X7 X — X — iz 5, Z DOH Tmodel & edge_probs ¥ A — X
— %o CrewiringdI N7z 77 7 %{F5 2 LA TE %, e ~7 X 512 Graph-toolid 77 7 Zmodule
{t(blockft) L THMTE 2 D3RO T, ZNICHT 2T A2 =30k BbIBEN%FR,

modeliZ (IR D X 9 ZroptiondidH 5,

v v 2234k Degree sequenceZZ{l. | Degree correlationZ2{t.

Erdos Random fY fY
Configuration Random L fY
Constrained-

. . Random =L =L
configuration
Probabilistic-

_ _ Edge_probs =L A9
configuration

£ 1 ‘'model’ parameter of ‘random_rewire’ routine

Erdos!35eG(N,E)model T 72 DT, VU v 782 ) 2R ICEIEANICEEE 5, Constrained-c
onfigurationZ F{\» % & sequence & correlationZ A L LTV v 7 %2252 LD T, > v P77 —
7 DRIERIEMR%Z KD 55, Probabilistic-configuration % > % & #® 72 Edge_probs% 12 L Tre
wiringT% %, L7 L. Edge_probsiddegree=kTH % / — F L degree=k' TH % / — F23D7d3 5T



W 5 iR (knn(k)) 72 D T, FliCassortativity Z 3532 2 L o b, #ilz1F. BEEET5 - LaplacianfT4l]~
— X Drobustness measure °FVS7z & % HIC L CTrewiringT 5 2 L IZ 2N T TE v, 2L Hloff
ETh 5,

Sy P 7—2 7O NFy

Graph-tooliZ A v F7 =27 DWA AL Ta T 4 Gt L, Zhzfiftsscenctczsd, o
DILV—F VREDNT A== TR CHELNIERL DLV T VDO TIITRENLEZT—T
TE & & THHFITHNT 5,

Centrality
Basic Routine Return
gt.betweenness(g) [array, array]=(vertex_betweenness, edge betweenness)
gt.closeness(g) Vertex_closeness
gt.eigenvector(g) (Number, array)=(Largest_eigenvalue, eigenvector)
gt.katz(g) Katz_centrality
gt.hits(g) (Largest_eigenvalue, authority_centrality, hub_centrality)
gt.pagerank(g) Pagerank_centrality

& 2 Graph-tool's Network centrality routines
N—F VZZOHLMEDHZFTILRILTH L, LAErLZENLDY X — v IdHRNICERD 5, —fRIYIC

%/ — FORLED, BV —F VITIWAAGRAT A =R =035 50, HBIEAWT L2277 77205
EANE, TEF v X L7777 8SFAy VY= CcohEERLZbDOTH B,

gt.random_graph(100, lambda: gt.price_network(100, m=5, c¢=0, gamma=
np.random.poisson(5), directed=False) 1, directed=False)

Betweenness

centrality




Closeness
centrality
Eigenvector
centrality
- "\""'a\w"m
SN
PR
NN
ALY
\
& 3 Examples of Table2; Yellow node has higher centrality
Spectral properties
Name Basic Routine Return
Adjacency matrix gt.adjacency(g) CSR matrix
Laplacian matrix gt.laplacian(g) CSR matrix
Non-backtracking matrix gt.hashimoto(g) CSR matrix
R 4 Graph-tool’s matrix routines
Topological properties
What we can get Basic Routine Return

Shortest path

from source to target

gt.shortest_path(g,source,target)

(vertex lists, edge lists)

Pseudo diameter of graph and

Two end point vertex of diameter

gt.pseudo_diameter(g)

(Number,
tuple)=(diameter, end

points(pair))

Find subgraph in main graph

gt.subgraph_isomorphism(sub,g)

Vertex sets

Minimum spanning tree of graph

gt.min_spanning_tree(g)

Tree sets(Edge)




Route of Traveling salesman tour gt.tsp.tour(g, source) Vertex set

Visualized giant component gt.extract_largest_component(g) graph

k-core of each vertex gt.kcore_decomposition(g) Vertex property

£ 5 Graph-tool's Network Topology routines

Coefficient & Etc

What we can get Basic Routine Return

gt.assortativity (g, deg =

Assortativity coefficient . ., coefficient
in/out/total”)
o . gt.scalar_assortativity(g, deg = o
Scalar assortativity coefficient ; coefficient
in/out/total”)
Clustering coefficient of whole )
gt.global_clustering(g) Vertex sets

graph

o ) [array, array]=(bin counts,
Degree distribution of graph gt.vertex_hist(g, vertex property)

bin edges)

& 6 Graph-tool's coefficient and other routines

FRA~61FI1FEAEDF Y P T = RN —F VvV EREINENT A -2 - TH D, bl
WKEAF Iy 7LDV =LA TH L 4y b7 —2HEiwd H 28Kl fbR, FL—
FYDAALRN=NT X =2 — 3R L, BEARLERELZDT, FEhizdoLidto A
W RXFGX =R =% B D,

N— L —rg

Graph-tool TlE A vy F 7 =27 DaNZA X R VLYY ZVRAEGNT L2700 —FL) v I T X
vy 2 RHBRT LI LRTES, hiFS—alL—vavEEfiTchb, 2 TliGraph-tool CEFE X
Nizo—aL—vavil—Fvifnc, R3ITHorzdy P —2/ TV X LKL 2—7y PIL
BE T 2B ZOMRERE S,

Name Basic Routine Return
. . ) array, property map = GCC
Vertex percolation gt.vertex_percolation(g, vertices) .
size, vertex property map
array, property map = GCC
Edge percolation gt.edge_percolation(g, edges) ¥ PTOPETy P

size, vertex property map

$k 7 Graph-tool’s percolation routines




gt.random(1000, m=10, model='erdos’, gt.prices_network(1000, m=5, c=0, gamma=1,
directed="False” directed="False”
1000 { —— Random 1000 1 — Random
Target Target
800 ) 800
y &0 y oo
y 0
() [
@ 400 O 400
200 200
0 0
0 200 400 £00 800 1000 0 200 400 800 800 1000
Remaining nodes Remaining nodes

#k 8 GCC size after random attack and targeted attack; SF network is weaker to targeted

attack than random network

L = list(g.vertices())
np.random.shuffle(L)
vertices_random = L

# percolationt —F ¥ D ¥ T X — & —"vertices”" 13 ) A b ZWiIECTHT, 2F V. [1,2,34]%56%5 0
64%/'— F‘\ 3%/'— F\ o o o @J"E‘@/'“‘ }:%%ﬁ‘é—o

vertices_sorted = sorted([ v for v in gl.vertices()])

# 7 v X LBIEDRR

sizes1, comp = gt.vertex_percolation(g, vertices_random)
# 2—=7y P BOFRR

sizes2, comp = gt.vertex_percolation(g, vertices_sorted)

Code 2 Pseudocode of percolation

Application

Z T TIEMET — £ %ZGraph-tool T > T, Ay PV =27 Ta X742 /lE 5, o7z v 7 nig
45, (1)Friendship relation with Brightkite(location-based social network) (58228 / — F., 21407
81V v 7)(Undirected, Unweighted), (2)Interaction of Human-protein pairs(1706/ — F, 6207V
v 7)) (Directed, Unweighted). (3)Hyperlinks from Stanford University webpage(281903./ — F,
2312497V v 7 )(Directed, Unweighted), (4)Co-purchase relation in Amazon(334863./ — F, 925
8721 v 7)(Undirected, Unweighted) TH %, 15 1Z2EHKONECT (konect.uni-koblenz.de) T%:
L72TF—2Tdh5b, ohiiidid(1)Degree distribution, (2)Assortativity, (3)Global Clustering Coe
fficient, (4)Betweenness Centrality, (5)Closeness centrality, (6)Giant Connected Component Si
2eTh b,

e, o 7e 77 L DERERZIEONE XS ICE T T s OFEEM D R 5, BEERA
DFEMBZFNTH 5, HHiZIntel Xeron, 2.80GHz, 4coresTH %, LT, (DDA v F7—27 DAs
sortativity # ¥/ 32 X 51V VA YV v/ LT, ZDHIBEDOEANR 2R E /Y5,



-
10° 1
..
10° A
Degree distribution =107
101 4
L}
107 o N
100 10 10° 10°
k
Assortativity 0.018(0.086s)
Clustering Coefficient | 0.110(0.518s)
Maximum
) 0.118(519.407s)
Betweenness Centrality
Maximum
_ 1.0(304.820s)
Closeness centrality
GCC Size 56739(0.026s)
F* 9 Network properties of social network(58228 7 — F, 214078V v/ 7)
103
-
107 5 -
Degree distribution = “... -
10 A - e
- - .. -
[ LB [
107 A e -
10° 10t 10°

Assortativity

-0.188(0.037s)

Clustering Coefficient

0.006(0.133s)

Maximum

Betweenness Centrality

0.068(0.111s)

Maximum

Closeness centrality

0.343(0.251s)

GCC Size

1615(0.003s)

# 10 Network properties of Human-protein pairs(1706 7 — ¥, 62079 ¥ 7)




Degree distribution

10¢ 4

103 A

(k)

10° 4

10t A

100 o

107

10t

Assortativity

0.046(0.119s)

Clustering Coefficient

0.403(0.110s)

Maximum

Betweenness Centrality

0.259(4233s)

Maximum

Closeness centrality

0.118(3364s)

GCC Size

255265(0.106s)

# 11 Network properties of Hyperlinks(281903 7 — ¥, 23124979 v 7)

Degree distribution

10

107 -

10° 4

(k)

107 -

101 o

100 4

107

10t

Assortativity

-0.059(0.126s)

Clustering Coefficient

0.205(0.248s)

Maximum

Betweenness Centrality

0.032(17576s)

Maximum

Closeness centrality

0.137(10449s)

GCC Size

334863(0.125s)

# 12 Network properties of Amazon purchase(334863 ./ — ¥, 925872Y v 7)




BOO00 .
—— Original

Rewired
50000 4

40000

30000 4

GCC size

20000 4

10000 4

0 10000 20000 30000 40000 50000 BO000
Remaining nodes

6 Robustness of rewired social network; Assortativity of rewired one is 0.126 (Original’

s one is 0.018). We can realize that rewired network has bigger robustness than Original

BbY

RILTIEGraph-tool D4 Y A b —=ADbIEOTZNERCTA Y b7 =2 200 % Hikicon»wT
7z, ZOfER, Graph-toolid22 7V %ty 7 =270 0B E ¥ Y, TN EHT %
HEDHET, »pRVEGETHLILE2nD o, RXE—RNE~=2TArTHY, ROF ¥ VR
BHNTHERN 70y 72T A EE2ED TALTIHIBRRRD 2 72H DICOWTHEWST &EHEICK
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