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SPANNING CENTRALITY

= Input:
=an undirected and connected graph G

= Spanning centrality S(el-, j) € (0,1] of an edge ¢; ;:
=the fraction of spanning trees of ¢ that contains e;
= A higher SC s(e; ;):

= ¢; j 1s more crucial for G to ensure connectedness.



SPANNING CENTRALITY

= Spanning centrality S(ei, j) € (0,1] of an edge ¢; ;:
=the fraction of spanning trees of ¢ that contains e;
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SPANNING CENTRALITY

= Applications:
= stability and robustness analysis
= information propagation analysis

= graph sparsification
= collaborative recommendation
=1mage segmentation
= etc. o dairy
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PROBLEM DEFINITION

= All Edge Spanning Centrality (AESC)
= Input:
= an undirected & connected graph G with n nodes and m edges
= output:
I S(el-’ j) for every edge e; ; iIn G
=time complexity:



PROBLEM DEFINITION

= e-approximate AESC
= Input:
= an undirected & connected graph G
= an absolute error €
= output:
= the estimated SC §(ei, j) for every edge e; ; in G satistying

|s(ei;) —8(eis)| <€



SOTA FOR e-APPROXIMATE AESC

= Simple random walk from node v,:

Dy (vi, vj) = Pr[A simple random walk from v; visits v; at the £-th step]

=SC 1n a view 0{ simple random walk [Peng et al. KKD’21]:
Pe(wi, Vi) | pe(vyv)  pe(vivy)  pel(vyvi)

— d{ff) 1d () d(vj) d(v;)

#neighbors of v;

S(ei,j) =
7




SOTA FOR e-APPROXIMATE AESC

=[Peng et al. KKD’21] uses the random walk interpretation

s(e ) pr(vl , V) p{’(v] 77]) Pf(vl V]) Pf(v] U) p{’(vi:vi)+p{’(vj'vj)_p{’(virvj)_p{’(vj»vi)
Y dw) Al d(y)  dw) L Tdw) | Ay d@m)  dw)

Estimate this by simple random walk  Derive a random walk length threshold 7 s.t.
sampling with at most an €/2 error the error of ignoring this part is at most € /2

= Expensive computational overhead
= Large random walk length threshold
= Large number of random walks



OUR TECHNICAL CONTRIBUTIONS

s(er) = Z pe(vi, v;) pg(v], v;) Pf(”v v;) Pf(”p vi) Compute the first T steps by
v/ d(v;) d(vj) d(v;) d(v;) deterministic graph traversal
4 pe(vi, vi) - pe(v),v)) _ pe(vi,v)) _Dbe (v,v1)  Estimate the rest 7 — steps by
== ) d(v;) d(v;) d(v;) random walk sampling

n Z Pe(vi, Vi) p{;(v],v]) p{)(vl,v]) p{)(v],v) Tighten the random walk length
d(vl) d (v]) d(v]) d(vl) threshold T

f=1+1



OUR TECHNICAL CONTRIBUTIONS

= Tightened length threshold 7; ; personalized to each e; ;

s(ey,) = ZW(%UJ pe(v;,v)  po(wiv)  pe(vvi)

d(vl) d(vy) d(vy) d(v;)
N
endpoints with larger degrees can be decomposed by graph
\) spectral property
smaller SC values \)
\) utilize the eigenvectors and
smaller T to satisfy €/2 eigenvalues of G

J

utilize the degree information
of two endpoints



OUR TECHNICAL CONTRIBUTIONS

s.(ei;) = ZP{(UL D, Pe(vj v;) Pe(vl v;) Pf(”] vi) - 'pf(vi,vi)_l_Pf(”j'Uj)_pf(”i'”j)_pf(vj'vi)
o\ei) dw) ~ d)  d(y)  dw) L dw) 0 d)  d(y)  d®)

=7+1

deterministic graph traversal random walk sampling

e

Switch to sampling when the cost of
the former exceeds the latter



OUR TECHNICAL CONTRIBUTIONS

= Deterministic graph traversal

i pe(vi, v;) + Pe(vj; vj) _ Pe(vi» ’Uj) _ p{’(vj» vi)
S odw)  d)  d(y)  dw)



OUR TECHNICAL CONTRIBUTIONS

= Deterministic graph traversal

X p{’(vif vi) . p{’(v]' %] ) 4 p{’(v]' U]) p{’(vl' U])
= d(v) d(v;) d(vy) d(v;)

rely on p,(v,, v;) of v,
where v, 1s v; and its neighbors

o pos (00 Pos(v500)
deterministic graph traversal (v, 1;) += —— ;(( i) ) - 1(31

in d reverse manner p Vj, Vi
pf’(vy Ul) +=E ;(( ]) l) P4—1(Ujﬂ7i)




OUR TECHNICAL CONTRIBUTIONS

=Random walk sampling

T

pe(vi, Vi) N (v, v)) B pe(vi,v)) B po(vj,v;)
d(v;) d(vy) d(v) d(v;)

-7 i
pz(Vy, V)
A0 (; pe(Vi, Ux) — pf(”jr”x))

l l

all pz(v,, v;) are  estimate by generating
known by traversal random walks from
Vi an(ltg

=T+1

Uyx



EXPERIMENTS

= Dataset statistics

Name #nodes #edges
Facebook [30] 4,039 88,234
HepPh [20] 34,401 420,784
Slashdot [22] 77,360 469,180
Twitch [35] 168,114 6,797,557

Orkut [50] 3,072,441 117,185,082




EXPERIMENTS

= e-approximate AESC solutions
= spanning tree sampling
= ST-Edge [[JCAI’16]
=random walk sampling with our t
= MonteCarlo [KDD’21]
= MonteCarlo-C [KDD’21]

=our proposal
= TGT: our T + reverse graph traversal
= TGT+: our Tt + reverse graph traversal + random walk



EXPERIMENTS

=Qur T vs. Pengetal.’s T
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EXPERIMENTS

=running time vs. absolute error €
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SUMMARY

= Personalized random walk length
= TGT: deterministic graph traversal in a reverse manner

=TGT+: deterministic graph traversal + random walk sampling



AUGUST6-10 g’
§

THANK YOU! ((asa)

NUS = mm g K _® THE HONG KONG

E & iversit
ofSingapore HONG KONG BAPTIST UNIVERSITY uAJJ XEB/EE?LLCSE SS\I(ENCE ? SU STech ;fei;f;g;;"d y



BACKUP MATERIAL

= Tradeoff between running time and actual average absolute error
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