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Introduction: Problem Definition

> Preliminaries

* Bipartite graph G(U,V,E) : A graph
structure contains two d|5]0|nt vertex
sets U,V andanedgeset E.E € UXV. \?
<

Biclique : A complete bipartite graph \\
in which every vertex is connected to X
every vertex in the opposite subset.

Maximal biclique : a biclique that can @ % @ @ @

not be further enlarged to form a
large biclique.

> Problem definition

* Maximal biclique enumeration (MBE)
aims to find all maximal bicliques in G.

An example of a bipartite graph G, and a maximal
biclique ({ug, uy us, ug}, {Vo, vo, v3}) in G.
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Introduction: Baseline MBE Approach Are all vertices necessary

for enumeration?

> Set enumeration tree for MBE

root: [T ATATATATATS () root node

* Each tree node is a 3-tuple (L, R, C). R:0 O maxima biclique

C1vgVyVy Vg 7.} non-maximal biclique

(L, R) is the corresponding biclique 7
and C stores candidate vertices for B oty (Lt Uttt e

EXpanding R C:vivy vy C:v,vy C:vy cC:0

2

be Liupuiu,  BVE L :ugUy Uy UsUg Uy - p: L:uguug : Us Uy Us Ug Ug
: : : v

»Baseline approach ol e

C:v,v. C:v
2 V3 3

* Step 1: Utilize a set enumeration tree 2

L:upuy r- ¥ L:upu,usug
to generate R:vvi vy R:vpvy vy R:vgvyvs
C:vy C:0 C:0

e Step 2 : Expand each subset of the X
powerset of I/ to a biclique (L, R) and 558
enumerate maximal ones. <2
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Introduction: Graph Representation in Memory

Vo Upg U; Us Uy Us Uy Uy

Vi Upg U; Us U3 :
Va|= [Ug U Uz Uy Us U U7 Ug C;:n wde co:nblne
el of different graph
- rap’
(a) Adjacency list. Time: O(A(V)) representations?

Space:O(|E|) e

U1[ Uz U3z| Uy| Us( Uy U7| Ug| Ug

1
0
1
0

. Time: 0(|U]) (0(1) @ Time: 0 (A(V))
b) Bitmap. Hash :
(b) P for small graphs) £l 2=h table Space:O(|E|) g
Space:0 (|U|x|V])
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Motivation

» Computational subgraph
» Key insights
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Motivation: Computational Subgraph

Computational subgraph (CG): At the
current node (L, R, C), the CG in MBE is
the subgraph formed by the vertices in
LUC, along with all edges between L and
C in the original bipartite graph.

Example: Given a node x, we highlight
the corresponding CG of node x in the
original bipartite graph G, in blue.

Bipartite graph G,
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Motivation: Key Insights

» Characteristics of CGs

1.

2.

The size of CGs dynamically changes. Most
of these CGs are relatively small.

The computational subgraph of the current
enumeration node can be directly used for
node generation.

Existing algorithms require access to
vertices outside their corresponding CGs.

» Limitations of existing works

1.

They typically operate on the original
graph, resulting in extensive access to
vertices outside CGs.

They commonly utilize the adjacency list as
the default choice for representing graphs.
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(a) BookCrossing. (b) Github.
Distribution of CG sizes based on |L| and |C]|.

EI Vertices inside CGs
D Vertices outside CGs

Percentage of vertices inside and outside CGs on
real-world datasets.
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AdaMBE: Adaptive MBE Algorithm

» Redesign of key operations using local neighborhood
information

» Hybrid in-memory representation of computational
subgraphs
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AdaMBE: Redesign of Key Operations Using Local
Neighborhood Information

> LO ca | ne ig h b ors Reducing Unnecessary vertex accesses L = N(o) = (o, s, Uy, s, g U, 0} | o Uy U, Uy Uy Ug U (O root node

@ Removing repetitive set intersections _ ~ Ug Uy U, Uy (O maximal biclique
g o [=1] optimizing node pruning . z:&)) - l[z 2 “?\2)); ’ H U Uy Uy Uy Us Ug Uy Ugl 77} non-maximal biclique
* Neighbors of vertex vin \ |
t h e C u r re nt CG node generation
.

W(v3) = Ly N N(v3)= {Ho, Uy, Us, Ug} Up Uz Uy Us Us Ug Uy
» Main id 1
Uy Uy Uy U, Us Ug Uy Ly = Nulva) = {flo, Uy, Uy, Us, Us, U) [t Uy U Uy Us Ug Uy

: computational subgraph
N
° W | I H h b Ny(v3) =Ly N Ny (vs) _ _
e use Oca nelg Ors . Ug Uy Uj U, Ug Ug Uy Ug = {ug, Uy, Ug, Us, Ug, Uzt N . Lz = Ny(vs) = {lig, Ug, Us, ug}

Ug Uy Uj Uy Ug Ug Uy Ug

: - . TR . .
Ny(v3) =Ly N Ny(vs) Uq U, Uy Us Ug Ug Ug {Bd 45, Ug, Us, ug| w5, 116} Up U Uy Us Ug Ug U node generation

to rede_5|gn key im0 -EE™
operations to reduce

unnecessary )

accesses, repetitive e [

={uo,u} N Ug U, U3 U, Ug Ug Uy Ug . = Ny(va) = {lugh

) a n d : _ J‘@)‘Q-)‘S-)‘e:%:)’@} Ug U U, Ug Ug Ug Ug ' node generation

computational subgraph

unproductive node generation )
at the same time.

node generation
\_ g

node generation

9/26/24




AdaMBE: Hybrid in-memory representation of
computational subgraphs

> Maln Idea (O root node
- root: O maximal bicique
* For large CGs, we use B Cuvvys 7 non-maximal biclique
' »

the for -

-

Gy (adjlist) L :UgU; Us U Us Ug Uy Ug U Uy Us Ug Ug Ug
R:v, :

its efficiency ; Cv,

* For small CGs, we
use the
boost
efficiency.
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Evaluation

» Overall evaluation
» Breakdown analysis

» Sensitivity analysis
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Evaluation: Overall Evaluation

7 AdaMBE 7 FMBE [l ooMBEA ParAdaMBE ParMBE
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Running time evaluation on general datasets (log scale). Parallel MBE algorithms are indicated by diagonal lines.

Our AdaMBE outperforms all other serial competitors by across all datasets.
Our parallel ParAdaMBE is faster than the CPU-based ParMBE on all datasets.
ParAdaMBE on a 96-core CPU is up to faster than GMBE on an A100 GPU on time-
consuming datasets like StackOverflow, BookCrossing, and GitHub, .
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Evaluation: Overall Evaluation
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(a) Evaluation on CebWiki. We report the running time of all competitors il (b) Evaluation on TVTropes. We report the maximal biclique count after 48
excluding GMBE, which runs out of memory (OOM). hours. The acronym “TLE” stands for “Time Limit Exceeded.”

Overall evaluation on two large datasets.

On the CebWiki dataset, AdaMBE and ParMBE complete in 572 and 79 seconds, respectively,
while all other competitors take several hours.

On the TVTropes dataset, only AdaMBE and ParMBE can enumerate maximal
bicliques within 48 hours.
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1 Baseline

| [ AdaMBE-LN
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(a) Running time (log scaled). (b) Memory usage.

[T Baseline - non-maximal bicliques [E] AdaMBE-LN - non-maximal bicliques [T Baseline - small nodes [ AdaMBE-BIT - small nodes
(5 Baseline - maximal bicliques £ AdaMBE-LN - maximal bicliques [ Baseline - large nodes 5] AdaMBE-BIT - large nodes
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(c) Node pruning efficiency of LN. AdaMBE-LN efficiently reduces the nodes
with non-maximal bicliques.

Normalized nodes
o O o ©o

o N B O ©® =

(d) Time breakdown of BIT. Small nodes represent the nodes with |L| smaller
than 7. AdaMBE-BIT reduces the running time of these nodes.

Both local-neighbor-based optimizations (LN) and the hybrid in-memory bitmap representation (BIT)
enhance AdaMBE's performance.
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Fig. 13. Impact of dataset size (log scaled). Fig. 14. Impact of number of threads (log scaled).

 AdaMBE excels over all serial competitors on large synthetic datasets with

« ParAdaMBE consistently outperforms ParMBE across all thread configurations.
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Q&A

Open source:
Contact information: panzhe@zju.edu.cn
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https://github.com/ISCS-ZJU/AdaMBE

