
 
Recap
to sampling linear sketch

graph connectivity
semi streaming

K connectivity

0 LEG5 IZ k t se v

1 Connectivity E Connectivity

Non sketch algorithm
for i L to K let Fi be spanning forest of

a er if
Then V F V UFk is K edge connected

iff GIV E U K edge connected

correctness for any cut
Either every Fi contains an edgeacross this cut

0th f U Fi already contach all edges across this cut

Henie if Fl U Ufa does not contain all edges across
thecut it contains at least k of them
Such a set of edges E K skeleton

Emulation via sketches

compute sketches in streaming fashion
then emulate algorithm on compressed rep
If we have sketch A G need A G F

F identified edges
d Ca F ACG ft F



In one pass compute A G t.MG
k undpt sketches for spanning forest

Post processing emulate original algo
for ie Ek construct spanning forest Fi of
V E l Fi VFi i using i
A G Fi E Fi c A'CG AcCFD

j
Space for each spanning forest sketch ochpolylog n

K connectivity kn polylog n

Men Cut exactly upto K

larger values of men cat
Introduce Some Machinery

Graph Sparsification
sparserep of graph that allows estimation of
connectivity properties of originalgraph

Benazir Karger Cut sparsifier
weighted subgraph H is aCte cut sparsifier of graph G f
Xa CH IIe da G t A C V

X a G and XaCH is out of cut F in G and H

Italia XaCa

WH AIA Xa H

Spielman Teng spectral sparsification based on approximation

of Laplacian of graph



Laplacian Laplacian of undirected weightedgraph HCU E w

is matrix Ln G 1kWh
LteCe D WED it's

Z wCi k if KjK EE

WCD wt of edge id
0 if no such edge

Spectralsparsifter weighted subgraph H is a Cte spectral
sparsifier of G f ni Lyn CIE ut Lak Fu EIR

LG LH Laplacians of G H

Observation set Lgu E wig ni n 5
DEE

Graph Laplacian u sum of edge Laplacian

LG 24in Egeewi'sCee edarent
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Wi Ca 255 at T u
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Sparsification via sampling

Sample each edge meh probability Pe
Weight each sampled edge Ipe
size f cut preserved on expectation
If Pe large enough high probability bounds



Karger pe qi men I 9,491
Xc size of men out

then resulting graph is cut spongier w h p

Spielman Srivastava pe men L Careerhigh
then resulting graph is a spectral Spangler w hp
re effectiveresistanceof eview graph as electrical curcate V IR
Tur voltage deff between ul v needed for

one amp current to flow from a

Back to mm cut

Karger sampling K skeleton construction

Gi graph sampled from G by including each
edge w prob

Hi skeleton a G K 3Glogn_
e

Claim j mm i i Minuit HD L K

2J mm cut Hj CIE 7

Proof Recall Karger's and

Pe 3 a log n q
i E Llogator
I mm cut Gi CI mencut G

For i Ltog z z



If moncut G achieved for CA F
EEIEG.CA A I ay f 2qX 29dm

EL
Whp LEGIA A I L 3Geleggin K

whap thencut G L K

Spectral Sparsifiers in streaming model

Simplification edge arrivals only
Spielman Srivastava Cte spectral sparsifier

week Of nlofen edges via sampling

Batson Spielman Srivastava
Deterministic algorithm to get Cte spectralsparsifier

with Ocher edges

Merge Reduce Approach

Ctrl spectral sparsifier construction as black box
size r Offs edges

2 properties

Mergeably Hi Hz h spectral sparsifren of G G Z
then H UHz is A spectral sparsfier of GeoGz

Composable f Hz is d spectral sparsifier for Hz
Hz es p spectral spamfur for H

then Hz a dp spectral sparsifier for H



Hierarchical partition of stream of m edges
partition stream into t

s zemqy
segments of 2

Gio graph corresponding to
Eh
segment of edges
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GTU cry lagt
s
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For each Gif weighted subgraph Hi using
sparsification algo A

Hi Gi Hi ACH unit
HE is ftp.t spectral spongier of Gi
Ctr 692T Spangler of G
r Eye Cte spectral sparsfier

At most O size g begat Ochleggin edges at any
time


