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(Markov cluster algorithm) £ #i'e {da i & 2 (Modularity cluster algorithm) -
LDPC codes 7 nodes 4 #3533 % % 2= fefd 84 (trapping set) =] cluster;

T ¥ 3% i i 5 (Network parameter) #4581 & |LDPC codes j##% & 424p b <%

%

MEF KT AEIBRKREA PRIEF 72 AFFTE 2 - FepPir3gdiz -
Rt B &



Clustering Analysis on the Structure of LDPC Codes

Student : Ya-Chin Li Advisor : Dr. John Kar-Kin Zao

Institute of Biomedical Engineering
Computer Science College
National Chiao Tung University

Abstract

Low-density parity-check (LDPC) codes are defined by a sparse parity-check
matrix and can described by tanner graph. But there is no structural property to

confirm the performance.

We use clustering algorithm to analyze the structure of LDPC codes. We use
Markov Cluster Algorithm and Modularity cluster algorithm to group the node of
LDPC codes. We find that the small clusters have higher probability to be the trapping
set. Also, we find some network parameter can explain the decoding process of LDPC

codes.

Keywords: LDPC codes, network parameter, Markov Cluster algorithm, Modularity
cluster algorithm, trapping set
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11, i+ R b

R+ B LA (Low-density parity check code, LDPC code) & - #&%* 3%
LT @FEAY 3 4 B3Rk N L) BRI i - MR ARP BR A
BT L% E S BBk (parity-check matrix,H) # 77 » # B #sk4Eid $8 &
g (variable node) ¢ # % & & (check node) H#-= > # Wik <EL i 5311
Tanner graph B35 % 7 > ®A P { ;%L*{n 2B RS A m;-f# o & 1% ¥
Zeeri g Tanner graph chBf %4c®l 1977 > @ Tannergraph @ 7 ¥ @ 4 ehis &
%% (cycle) > @3 (shortcycle) = A&7 8280 & B3 onfb > M8 W25 5

5=
At °

% ¢ & 2t (Variable node)

V1V2V3V4 V5
111011 @@@ @ ¥4
H=Cl01100[0 > 5t 2
00011
¥ % & 2k (Check node)

B 1=+ Tanner graph i %
Progressive edge- growth (PEG) algorithm [1] & - 6§ H » ¥ # & {f =+ &%
PREHG VR R MBRF B A F o F S B wE A [2][3] AL

¥ PEG jff ¥ i 4vrtscd e A5 il o 225 444 Tanner graph ¥ %% 1 @7k

ER RS R S R Rl E R R R e
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1.2. m3> 32

EHMT RS B A/ Z [4[5] ®I]0AF R EIZH (Complex
network theory) i % & 3 b4k A B PFenB T4 2 P 1% 47 SR e R IR 25
# 7| scale-free network [6] Bt e RS MU B R P BIEAMH  RKH

+ 1% h A ch& gL & scale-free network &k BRAF I » ko dk 2 2R rTay o

PR S B B AR G H o AR e HE HFL e gsE It 5V
% & #% 82 (Markov Cluster Algorithm) [7] e 14 4 #5% 5 ;2 (Modularity
cluster algorithm) [8] #-gf it 2 ch& g4 B e — 37 - 35 113258 error floor
region shipEe ¥ ¥ 1% gk S8 (network parameter) BLE 7 Ie 3 & BLERE

F2FR 22 (275 »ic AP B e e fh 8 e S g o

iy A MpR S R LBE O S el AU AT NS
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21 BARBAR:BRALS

MBS % 44 (Low-density parity check code, LDPC code) [9] [10] ¥_-
r KL BB F B ENRAS o R 2 TR BE X NERAE
(encoder) > 516 kg B is @0 Rk m?q‘—'vf TRASEAR ST - S AT
(redundant-bits) » ¢ FA2 G HFHFE G HE . FH FEBEE A R TR
SRR TR A M AT TR A ¥ RE B T RB R
(decoder) ﬁ.&é‘é A ER G T SR L “E’T} LB 4] RS A AP
A 1] M ARF B AMBfEBEFTE 21L& @ * {offi7 £ /2 (Sum-Product

Algorithm) » 1% & Tanner graph it 4§ L5 £ % f# 75 E A% -

data data

————> Encoder Channel
redundancy
good
data noisy data
<—— Decoder T
noisy redundancy

Bl 2 s nsfn L F

(1) Girth(shortest cycle length) #_% 57 #75 cycle 42 & cycle length & &
length > cycle @i A i@ 8 % — & gE9ri¥ d e 4 536 cycle = w5[p e >
AT Ll REFAEZAZF I AT RBS B

2i2r5 v waterfall region =it o

(2 ACE =& % ) (dsj — 2) »'sj = variable node - ds; %% s; variable
node = degree #ACE @3> % cycle }+ variable node degree # 2 ¢

degree #citfr> B 3 5 ACE B 57X W ®* %73 3 B

check node » 3 % variable node » » = — 1 variable node degree & #- 2



fe @3l ACE @5 7 ACE EAX L7735 { B i € a0 Jg Bw B+ oh

Hacr ko BB BFR LKL D S

@ Variable node
Check node

(3) (a,b) trapping set [12] #2358 error floor region > a 5 % 4 45 3% variable
node #c ' b 3 il 3545 :% variable nodes - check nodes ® degree 3 4
#icen check node #c - 4@ 4 » error pattern # 4% 3% variable nodes %
Vi, Vg, V32 ¥TM a B i 2°0F RAPRR c;ocp ¥ vy, vy, U3 1P
#rrlocy 0 degree i 3ic, ¥ vy, Uy v, AP 2 E_v, I H_error
variable node- #7121 ¢, degree i 2;¢3 2 - vy APl #7141 ¢y 0 degree
5 1>d m 1+ &% checknodedegree ¥ # #ceh X 5 ¢ £ c3 2 B

check nodes » #1124 b «iEm 5 2 ¢

degree

a: 3 variable node
b: 2 check node have odd degree(cy, c3)

Error pattern

B 4 (a,b) trapping set 7+ & B
a 4% &7 4%> variable node # 2 45 T E A W FART oA b B A& T
Rk % 0 B check nodes W RIFI453% > § b EAXC] A R AL RleEs € A% o A
" (a,b) A% A5 trapping set 5 AXF 0 @ A2 HEETE (ab)
trapping set 2t & = ;% =g PLiE variable node A= 45 2% % < trapping set

i o



211 2HABRHBREBFTRZHLH

EH R RSB AP Tanner graph whé A kg > 2L 1 &
variable node degree distribution - variable node i & £ ## check node #pig - 4]
53K P w tanner graph © & | = B’ + B variable node vs i 4% check node

c; W 7 ih> 2 7 oo check nodes i 4 o

Check nodes

@ Variable nodes

%l 5 LDPC codes process

APEROM R R S Bk 44 variable node #k ) 1000 > check node #c.%

500 > 1 * 12T e ;‘2%% » FUPEEATR F AE RE T RAE AR
0 Random

iz— #f 0 LDPC codes H_ & i 4neriE 88 > 5% > LG 4v » et gl o

Random

2

RN B A S Bie AP “ZLEHE" checknode @i 0 ¥ A 2

check node degree 4~ # £_ normal distribution » /X 5 % & 7 & F &

s
B ©



Zigzag

EHE RS BB ABP o BAERIRG @428 check node i 4 -
O PEG-based

PHEMBRFBRABEITHLE AL B (cycle)  PEG jHE 21 & B
R £ BlE B (cycle length) % 3% 3 f3f5 s » i&— %« LDPC codes &_f
3 PEG 4riusc iz ff= it o
Progressive-edge-growth (PEG) algorithm [13]

% 1% PEG#E % :

forj=1-n
— fork=1- ds].
* ifk=1
Connect the first edge of s; with a check node, which has
the lowest check node degree under the current graph setting.
*  else
Expand-a tree from s; ‘upto depth [ under the current graph
setting such that Nslj #+ @ but Ns’]?‘l # @, or the cardinality
of Nslj stops increasing but is less than m. Connect the k-th
edge of s; with a check node from IVSl]. that has the lowest

degree.
* endif
— end for
end for

# 1 Progress-edge-growth algorithm
Improved progressive-edge-growth (IPEG) algorithm
A PEG &2 0 [2] #4137 ACE (approximated cycle extrinsic message
degree) spr & i B R H ik A2 2 £ K cyclelength B4 » ACE & >
ACE &% 5 ) (ds,- —2) » 3+ 8 % [B] variable node = degree ¥ 25 ACE &
A%+ £ 7w B} o0 variablenode § { f 45 ¢ 5B H 7 fiw B 5uf (edge)

Bl 4 0 B fow e B variable node g iR 4 s g o

6



Modified Improved PEG (MIPEG) algorithm

[13] & ¢&

7 PEG ¥ IPEG > rzae F ig* PEG &2 MIPEG:> & 2 5

MIPEG [13]i% & i :

foru=1-w
— foreach s; € 5, (First Edge Connection)

*

Find the subset of C of check nodes, which has the lowest check
node degree under the current graph setting. Among the subset C,
the check node candidate of the first edge which can create the
largest cycle length on its second edge is chosen.

— end for

— while at least one variable nodes not reaches its degree

*

For each s; € S, whose degree is smaller than dsj, expand a tree
from s; uptodepth [ under the current graph setting such that

N—sz + @ but N_S]l+1 =@, or cardinality of Nslj stops increasing

but is less than m.

Let V a setof comprising the variable nodes that have the largest
depth [,,,, -among all tree expansions.

Let R be a subset of ¥, which can form cycles with the largest
cycle ACE.

Let Q; be a subsetof check nodes that consists of the check

nodes in N_S]lm‘”‘ and has the lowest degree.

Randomly choose a variable node s; € R. The check node in Q;
that can make the new forming cycles have the largest cycle ACE
is selected.

# 2 Modified-Improved PEG (MIPEG) algorithm

W LMY WL A2 kL S 4 (shortcycle

length=4) efFiw > 75'3 H i % 4p e & R 224 variable node degree distribution 4-

% 3 #Z i > variable node #c 1008 > check node #ci 504 Bl 6 & & i5(s

check node degree distribution » ¥ 124 32 PEG-based < check node degree ¥ ¢

B9 A 79

@ Random &4 # % normal distribution -

7




Check Node Degree Distribution

Degree Nodes 500 .
2 480 % 400
3 282| 5300
4 36 g 200
=
5 110 = 100 —9¢ o9
15 100 0=t x x 889 9 o
T 0 5 10 15
# 3 Degree distribution of Degree
variable nodes ©o— random zigzag PEG IPEG —x— MIPEG

Bl 6 Degree distribution of check nodes

0 QC-LDPC codes

QC-LDPC codes #_ regular LDPC codes - variable node degree £ check node

degree %% § - fd > & 4 5 AfRerzEiEen QC-LDPC codes ezt o

QC-LDPC codes

Number of variable node 1038
Number of check node 519

The degree of variable node 3
The degree of check node 6

# 4 QC-LDPC codes



1.00E+00

1.00E-01

1.00E-02

1.00E-03

1.00E-04

Error rates

1.00E-05

1.00E-06

1.00E-07

1.00E-08
random —==—zigzag SNR PEG
—4—|PEG —o—MIPEG —&— QC-LDPC codes

Bl 77 32 B

QC-EDPC codes

PEG-based

Error rates

Random

Ne®

Watertall region

SNR

7

Error floor region
B 8 7 k= i st AB% 7 R W
Bl 7 5 P Zonii iRanEi R Bl 8 Rt ABE T AW J R 87
r2z¢ 7 i waterfall region 3% 4 > Errorrates ¢ < 3]/ 5 QC-LDPC codes >
Random > PEG-based - Error rates 4% « % 77 45325 4% 5 »xq 48 £ » PEG-based »z
it BodF 0 £ R random o & B £ ehH_ QC-LDPC codes; @ # error floor region
e¥R & Errorratesd < ¥]-]- = Random > PEG-based > QC-LDPC codes’QC-LDPC

codes # & 4F > L %k & PEG-based - m Random % error floor # & % o



2.2. ##F# e (Community/Block models)

B A TS 2 ¢ %3 & oequivalent B ThenEELA L - B
Community/Block # - @ equivalent = 4 % Structurally equivalent #2 Regularly
equivalent; 4r% & B & ZLeARiT %F,%L;rs;m F o 7R3k 4 o1 ie s B & BLE_ Structurally
equivalent - 4w® 9 ¢ node A £ node B #%i#4% node C £ node D>
node A ¥ node B &_ structurally equivalent =1k % ; @ node C ¥ node D 4%
1p I+ equivalent onode A ¥ node B #pig-¥ node C :if4%3| node D> node
D :#4£5] node C- & Zhi & 3[4p b equivalent & BEAL S regularly

equivalent -

>

Structurally equivalent Regularly-€quivalent

Bl 9 Structurally‘equivalent and Regularly equivalent

A2 Qg * K IR (Mesoscopic) BLE K & T I * A e cnA FE 0 E AT
LDPCcodes » ~ #g > j# 2 © & ¢ i (rolemodel) ~ 5 ¥ % » ¥ ;% 5 # (Markov
Cluster algorithm) ~ #- % 1+ (Modularity) - # ¢ role model % regularly equivalent
ek 3 = ;% > Markov Cluster algorithm £ Modularity cluster algorithm =
structurally equivalent &4 55> 2 » A~ S v F RFwdlp H g 28 047

2 .

10



= . 2B (Macroscopic) &7 R & &
TP AT

A * 211 7k D) eh g f0% 5 (Random, zigzag, PEG, IPEG, MIPEG,
QC-LDPC codes) =4 ) %k e Tanner graph i {7 12 F g4 47> 35 I 3 b 85 3] 4

PR ST T

Tanner graph £ _- %~ [ (bipartite graph) - variable node * ¢ ¢ check node
W BE G H ondg i AL 49 4% bipartite graph ##4% = unipartite graph > 4@ 10
#- bipartite graph #& 3% = variable node =~ unipartite graph > unipartite graph _F 7
& — i% edge # -+ check node » |4 variable node v, i%i% checknode ¢; ¥ 4_

3] variable node v;

Cq1 C1

Bipartite - Unipartite
Cz CZ

2

B 10 Bipartite graph ¥ Unipartite graph g 3%
LDPC codes f##%:i&4% 7 variable node it 4 & vE 82 12 45 s i » #7000 24 i
BL% variable node 7 unipartite graph - #- Tanner graph #3% = ¥ 3 variable

node ¥2 variable node :i# ¢ unipartite graph - #5 J! variable node *] variable

A

node #» unipartite graph ¥ > £ % 7% A& ¥ 8.5 variable node 3t & & 1f 7]

% o

11



3.1. 3 %8 (Network Parameters)

PRITHY F A 5 SR A RBR SO AP LR S e 7 A
BEP R MR AL KRR S MR RS B B A OB B S gy it

RS HMDPRFPBRAB IR 2Ot EF7HH o
O g Ri7 & 8L (neighborhood) #p M eh 4k
1. Neighborhood connectivity

Connectivity # % & 2L& (degree) > Neighborhood connectivity 3+ & #8:iT &

2L degree T i5iE > B 113 & node e =1 Neighborhood connectivity °

2 1 2 Neighbor nodes of node e :
2 7 g Lot
3 | Neighborhood connectivity of node
e
2424+14+1+2+2+3
2 1 2 ¥ 7

B 11 Neighborhood connectivity illustration

i § 2+ 8 variable node ¢ neighborhood connectivity: @ variable node ¥
22 check node i 4 » #7122 variable nodes = neighborhood connectivity ¥
check node degree distribution 3 B - B 12 % 7 F = j* &9 neighborhood
connectivity » o B ¥ 128 s £ 8% 0 »]4e random, zigzag © Neighborhood
connectivity Bk 7+ — 3k > 3z 4F G 0 Bl4e PEG, IPEG, MIPEG » Neighborhood
connectivity i fiz— 3z > QC-LDPC codes 7 variable node £ check node =

degree $% 5§ — B E > T 7 i & ¢ * neighborhood connectivity g% o

12



Neighborhood connectivity

9.5
2
=
o 9
[
<
c
8 85
e
o
e 8
= — —_——— — —
£
275
z 2 3 4 5 15
% variable node degree
2
<{—e—random —&—zigzag PEG ——IPEG —*—MIPEG

B 12 Neighborhood connectivity ‘* i ]

O & s®p S (shortest path) 4p b eh gk

LDPC codes f##5»xic & variable node e & @ LFEYEF B > AT T K5

M Ei T S8k > @ * variablenode v unipartite graph 4 47 > & 3t

degree T ehs F A, 0 5 7 F odegree ¥ xR oo
1. Average shortest path length. & 3+ & & 2L5] H s &8

N L(n i)
i=1,i¥n N-1

The average shortest path length of node n: )

L(n, m): The length of shortest path between node n and m.
N : all nodes in graph.

13
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Average Shortest Path Length Distribution

2.60

S

g 8

;n 2.40 s

B 8

o A

g 2.20 8

S

&5 2.00 .
o &
©

< 1.80

< 2 3 4 5 15

Variable node degree
Orandom Ozigzag APEG XIPEG + MIPEG

Bl 13 Random ¥ PEG-based # F degree = Average shortest path length

d B 13 ¥ 2% 3k > high degree variable node =~ shortest path length #.& >
high degree # @ vf:n 4+  #3 5 ¥ & @i 2 © node > #rr2 high degree
variable node % % #-p @ antl @ FEH P nodes & T kELEATF node
average shortest path length »-d ] ‘14 “F WA Ak > 2 9r3 node £ average
shortest path length 25 £ £ E@E‘L%‘%%’ﬁ R %Lm shortest path & = % » 7 F

ngﬂf#‘%‘ /é °

Average shortest path length
3.00

2.50

2.00
1.50
1.00
0.50
0.00

mrandom ®mzigzag WPEG m®IPEG mMIPEG

B 14 7 F = ;2 #73 & 2L average shortest path length
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2. Betweeness centrality & :*3 & 2L 4 BT F g F o

Z st (Jst(n))
_ SFn O-St (2)
Cb (n) - (N — 1)
2
s: nodes, t: nodet
os:-node s ¥] node t =it shortest path #c
o,:(n) :node s I node t & shortest path * 5:iF n ¢ path #&
N : the number of nodes
B 15 :*& node b = Betweeness centrality :
Cp(b)
Uac(b)) (Gad(b)>
( Oqc + Oad *
All Shortest Path | (aae(b)) + (acd(b)) + |
a—c a—b—-c 1/1 Gae(b) GCd(b)
(o) 0,
a-d a-b-d 1/1 (Coe-ce >+(d;de )
a—e a—b—c—e 2/2 = 6
a—b—d-—e
1 1 2 1
c—d |c—b-d 1z || @+@+E+E+o+©
c—e—d 6
c—e c—e 0/0 3.5
d—e |d—e 0/0 =5 ~ 0583

B] 15 Betweeness Centrality illustration
o 2Leh Betweeness centrality E4%* & 7 & 2L A R EBEL T P a8 FARF
» )’j*u% TR Y BiEw A pFE S 5iE betweeness centrality % & gL o PR i&:% 7T

TR agbp e gl L A s A 5354 trapping set -

15



Betweeness Centrality Distribution

.. 100E-01

£ 2 3 4 5 15
£

S 1.00E-02 L
o

A

2 1.00E-03 L

) 2]

S R

@

o 1.00E-04 &

[<5]

(@]

o

L 1.00E-05 .

< Variable node's degree

Orandom Ozigzag APEG XIPEG + MIPEG

Bl 16 Random 2 PEG-based # F degree £ Betweeness centrality

d B 16 ¥ 123 3 high degree variable node 7 betweeness centrality & #
< » @ AP 4eiE high degree variable node .7 % % 25 = trapping set - low degree
variable node 7% % 2} = trappingset > %:if betweeness centrality L 25 R 4p %
Reed &7 k3B 3 & 9L betweeness centrality v ol d @B 17 B A

P2 AR 4 miFEEA) § 80 betweeness centrality % 4 7 i

Betweeness centrality

1.60E-03
1.40E-03

1.20E-03
1.00E-03
8.00E-04
6.00E-04
4.00E-04
2.00E-04
0.00E+00

BetweennessCentrality

mrandom ®zigzag WPEG ®IPEG mMIPEG

B 17 7 | = ;2 #75 & 2k betweeness centrality
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A AT * ahge it 38 neighborhood + B ¢ neighborhood connectivity
¥k k2 node degree distribution 0 7 e 2 jE i ¢ check node degree
distribution 7 F - i% i neighborhood connectivity ¥ 2 g% degree distribution
1% B o 22 shortest path length B e % 8c¥ 10 % kLR & gL @ VR & anjedt
MR e D AENfRAB A2 variable node @R L anpLE g B LG
W+ & variable | variable node ¢~ shortest path length % g% i@ vf 25 5

@ low degree node ¢ betweeness centrality #xi4 - #& % % = 5 trapping set -
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3.2. R # (Degree Spectrum)

[14] # 41 &2 3 (Degree Spectrum) sf% 4 - % & — B & ZLeailiT & 8
(neighbor node) < degree #- = degree spectrum > 4-® 18 #77+ - check node c;
er1 degree =7 > B ¢; ¢ degree spectrum i 2,2,3,3,4,5 15 = ¢ @z check
node : degree spectrum » < ¢ % P[5 PEG @ X it kM B R $ 0
¥ % #5 check node 5 degree spectrum ¢ & © {4 2 < degree spectrum > ®

degree spectrum & 4p 02 > 4% 3 4 degree spectrum #4p £ 42 R f].%;; T B Rl 1S

a8 g (degree)

2 2 3 3 4 5 S E oo
@ @ @ @ @ @ @ % £ & 2 (Variable node)

¥ % & 2k (Check node)
B 18 Degree Spectrum illustration

A% T H 7 5 (pattern) 2 EEE (distance) & 48 4k o pattern * kpLR
degree spectrum :4p B 4 > distance * kg% degree spectrum =hjp AR o
QC-LDPC codes :77 variable node £ check node ¢ degree ¥ 3 — f&> 7% g & *

degree spectrum % gL o

+

% 3 EHFAPA AR RS B A A IFE 2 0 variable node degree
distribution - pattern % % % (Check node’s degree; N(15) N(5) N(4) N(3) N(2)) »
N(n) # -t degree=n &1 variable node % #c-® 18 check node c¢; = degree=7>

degree spectrum 3 2,2,3,3,4,5, 15 plav i pattern (7;11122) k&7 o

o

R
,Z»L

e st rs check node v pattern VIR S 0 B AR S VIR
pattern 5 L3 > 3+ ¥ H s pattern 22 4F 5 IR pattern i E > &K S
distance » 2+ & 3 ;4% 5o
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Pattern A & Distance
(7;21121)—(7;21112)

(7,21112) 2 =17-71+12-2|+1 =1+ |1 —-1]+|2—-1]|+|1-2]
=2

(7;21121) 10 | B % #f & pattern

(7;21121)—-(7;21022)

(7;21022) T \=17-7|+12=-2|+11 =1+ |1 —-0]+|2-2|+|1—-2]

=2
(7;21121)—(7;10222)

(7;10222) 11 =17-7|+12—-1|+]11—-0]+|1=2]+[2-2]|+|1—2]
=4

% 5 Distance illustration

1% 2 w82 o4 & oh check node degree 7 - Bl 6 5 4 2 2 A
4 &1 check node degree distribution > & B ® ¥ 23] Random #t4& 4 1) ke
check node degree distribution iz & %z &g v normal distribution> @ PEG-based #7
# 4 1 % check node degree distribution- #2 & #* » &% 515 PEG /&% =%
E &3 checknode pF i L 2 3 2 ®hanfi o™ degree | ¢ check
node > ¥ 14 3E i A7 S T ;‘K‘{ degree #~-|cr1check node A A4LE 3 fgrifci%
% F e check node & s ¢ degree & ¥ afF < shiE ; m IPEG ¥ MIPEG ?K{

#t PEG x> A2 {50 checknode degree » #Rf ¢ A TniE o

d B 6 ¥ g PEG-based # check node degree=8 cidic® B % - iR
# check node *k@.%-= - i check node : degree spectrum > 4] * pattern £

distance kg% o
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PEG Number Of Check Node: 440
n(15)| n(5)| n(4)| n(3)| n(2) Frequency| Probability| Distance
4 1 0 2 1 10 2.3% 2
4 1 0 1 2 2 0.5% 2
4 0 1 2 1 1 0.2% 4
4 0 1 1 2 3 0.7% 4
3 2 0 2 1 7 1.6% 2
3 2 0 1 2 9 2.0% 2
3 1 1 1 2 131 29.8% 2
3 1 0 2 2 260 59.1% 0
3 0 1 2 2 1 0.2% 2
2 2 0 2 2 16 3.6% 2
IPEG Number Of Check Node: 462
n(15) [n(5) |n(4) |n(3) |n(2) Frequency| Probability| Distance
4 0 1 1 2 5 1.1% 4
4 0 0 2 2 11 2.4% 2
3 2 0 2 1 8 1.7% 2
3 2 0 1 2 41 8.9% 2
3 1 1 2 1 3 1.7% 2
3 1 1 1 2 116 25.1% 2
3 1 0 3 1 1 0.2% 2
3 1 0 2 2 265 57.4% 0
3 0 0 3 2 1 0.2% 2
2 2 0 2 2 6 1.3% 2
MIPEG Number Of Check Node: 472
n(15)| n(5)| n(4)| n(3)| n(2)] Frequency|Probability| Distance
4 1 0 2 1 2 0.4% 2
4 1 0 1 2 2 0.4% 2
4 0 1 2 1 3 0.6% 4
4 0 1 1 2 14 3.0% 4
4 0 0 3 1 3 0.6% 4
4 0 0 2 2 12 2.5% 2
3 2 0 2 1 11 2.3% 2
3 2 0 1 2 52 11.0% 2
3 1 1 2 1 14 3.0% 2
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3 1 1 1 2 97 20.6% 2
3 1 0 3 1 9 1.9% 2
3 1 0 2 2 227 48.1% 0
3 0 2 1 2 1 0.2% 4
3 0 0 3 2 7 1.5% 2
2 3 0 2 1 1 0.2% 4
2 3 0 1 2 2 0.4% 4
2 2 1 1 2 4 0.8% 4
2 2 0 2 2 11 2.3% 2
# 6 Pattern and distance of PEG-based with check node degree=8

% 6 73 PEG, IPEG, MIPEG & check node degree = 8 < pattern £
distance - PEG 1 pattern #icf_ 10 %= - distance £ £ 5 2 eh3 7 &2 L R 5 4
9% 2 X 4 o¢ pattern B2 E B4 S8 4 o0 pattern 4p i > PEG <5 degree
spectrum #p 2 ; IPEG ¢ pattern #c&. 10 e - distance £ £ = 2 5 8 =
AR5 4 05 1 2 %5 pattern fF 28 &R #7544 o pattern 4p i IPEG e
degree spectrum 4p iz ; @ MIPEG e pattern #c&_ 18 ‘= - distance £ & = 2
7 10 2> B 5 4 h5 T & 4pdt PEG & IPEG > MIPEG > pattern R
225 B 4R 5 4 ¢ pattern 7 4p 02 - MIPEG = degree spectrum 7% 4p i » B 2E

[14] “#4% & e sz o

% 1§ degree spectrum EL% > Random /X F # ¢ <0 pattern-pattern fEsE 7
PEG-based pattern f&#f # % » £:&4¢£15 e check node degree 7 B - degree

spectrum £ ¢ A 4F 7 ¢ pattern > ® distance £ ® + > pattern B Ap iuARRE /] o

B B¢ A pattern pF o AN R F T BN LT 5k (Average

Degree spectrum) % gLz o

T 351 ¥ (Average Degree Spectrum) = degree spectrum 1L 35iE 5 4o

. v 2+2+3+4+3+4+5+15 34 -
18 » check node c¢; ¢~ average degree spectrum % - =—- EAN
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* average degree spectrum kBB 7 Foif X 2 ArE R R F G G A8

average degree spectrum & # > B2 7 [ {3 iF ha T FA) e

Average Degree Spectrum Distribution
300

250

N
o
o

[N
a1
o

=
o
o

a1
o

number of pattern

'0
3 35 4 45 5 55 6 65 7 75 8 85 9 95 10 105 11 115 12 125 13 135 14 145 15
Average Degree Spectrum
random zigzag PEG ——IPEG —e— MIPEG

o

B 19 Random, PEG-based average degree spectrum distribution
Random 4 # §_¥ f& ~ #. (normaldistribution) - PEG-based =7 average
degree spectrum B & ¢ & 7 7} 85 2 B » % 7 PEG-based # # ¢ average

degree spectrum Ap i & B o 4 H P AR L

i
o

d 2 b endg % 4 IR degree spectrum 242 3 {8 < check node degree
distribution 3 B - »%sc 4% 9% check node degree £ ¢ % % & {& > degree spectrum
» B ¥ > degree spectrum FF 22 B #4f 5% 4 < degree spectrum A% % 4p i rtar 4 S
»ziy £ 0% check node degree 4 %% > X F B 4E F @ 2 <9 degree spectrum > i
2 R [14] it H 0 BB A < 3 & pattern ¥7 distance ed T 3 5N s

s { 7 i e degree spectrum e
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T . B (Mesoscopic) A 7% B & 181k
BB

PEEAPEAT A AN NERR RS BB ARSI - &
EEEE § - B AR e > BB A S R N PRERE - Y chE g B

N2 Y SganL B TRRELTE G R PR DT F o

AR A R SRR W R A B A 5P

‘Lac I?k")j" o

4.1. %4 #% (Role model)

£ ¢ #i-e (Role model ) & - #& Regularly equivalent =4 #g = ;2 » 24 e ¢ *
Jorg Reichardt [15] [16] 3% i3 Role-model for complex network [17] 4 45 = /2 #-
MBpREBIBE/AGE KT > 5 fArole K 20 P F=- BHE=I 1 B role-
= R|E S FIB role # %’fi{ variable nodes > + ]z ¢ > 4= role * 75'3{ check

nodes o

random zigzag
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PEG

B 20 7 =2 g7 role model 4 #g

d B 20 # 2 & {8 ©£4 role P variable nodes #<c & 4 F T, =4

o

role ¥ checknodes #& » # Tis.ro0le Fandis - B> 2473 5> &2 @

i) P\?'Li"]‘]i’*’ FL B oo

% % chi % 3 3L role model 44 regularly equivalent 4 #g = i3 #-1 %
B8tk 475 % A 5 variable node ¥ check node & #g » @ variable node # %
7‘0‘" ¢ 2 check node i 4 - 158 regularly equivalent i &% % 4 7 k&4 2

el 7 380 2102 regularly equivalent B4 S A X A FERHMB RS BK A

7 £ Bt (7 A 4 o
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4.2. Bv % A¥xE i+ (Markov Cluster
Algorithm)

Markov Cluster Algorithm (MCL) £_>% structurally equivalent 14 3§ = 2
d Stijnvan Dongen [7] #& & » & - fi fg ¥+ € &84 ¥ (cluster) 37 2 >
MCL © &% i 948303 o et > Gldoden FF 3 6% chipep dpi
(Topological Similarity of Protein Interaction Network) » % MCL i& = protein
family detection ; &5 * &7 & F1#7 7 (Disease-Gene network) » A &g 5 i
7 Fl4e it (Disease-Gene network) #_ - & - 4 [ (bipartite graph)- §1* MCL #
VUAERIB R AR Pl E 0 A gk Lo o cluster PR TR S BEE FF R
A2 R v B cluster p g N g E R EH DL T 0 B ocluster pok

F1F vk i R R cluster pcasop e

MCL & - fA > g4 % (randomwalk) 372 k 72 $7H 3 & 2L B P 7
AT G- BRSO RRARBRE N TADBIRE > T BB

# (cluster) - MCL i & ¢ f8:8 & & expansion {- inflation > expansion 3p &7
JR FIES BN S A A BLR (74 inflation 0P gha & FtA E - iER
(edge) 7 A_eid 5 > & 4~ 40 stochastic matrix 7 #7734 (7 expansion v

inflation #-&-2kL4 3 (cluster) e & 7 5 MCL #ug ¥ i o

Step 1. Input a Graph, expansion parameter e, inflation parameter r;

Step 2.  Create the adjacency matrix from the graph;

Step 3. Add self-loops;

Step 4. Normalize the matrix M,

Step 5. Expand the matrix with et power, i.e. (M)¢;

Step 6.  Inflate by taking inflation of the resulting matrix with parameter r;
Step 7. Repeat step 5 and step 6 until a steady state is achieved;

Step 8. Interpret resulting matrix to discover clusters.
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Definition: [18]

Given a matrix M € R**!, M > 0, and a real nonnegative number r,

the matrix resulting from rescaling each of the columns of M with power coefficient r i
s called I M, and I. is called the inflation operator with power coefficient . Formall

y, the action of I.: R¥*! —» R*¥*ljs defined by

k
(M)pq = (Mpq)r/Z(Miq)r

# 7 Markov cluster algorithm

O. (5)
9'9 0‘6

inflation parameter = 2

expansion parameter = 2,

Step 1
011000 111000 1/3 1/3 1/4 0 0 0
/101000\| /111000\ (1/3 1/3 1/4 0 0 0\‘
1110100 ] 1111100} 1/3 1/3 1/4 1/4 0 0
loo1011| loo1111] 0 o 1/4 1/4 1/3 1/3 |
\000101/ \000111/ \0 o 1/4 1/3 1/3
000110 000111 0 o 1/4 1/3 1/3
Step 2 Step 3 Step 4
LM?
0.31 0.31 023 0.06 -0 0
/031 031 023 0.06 0 0 \ 0.33°.0.33 0.25 002 O 0
y? = | 031 031 029 0.13 0.08.0.08 | 033 033 025 0.0z 0 0 \
~|0.08 008 013 029 031 031]=]033 033 040 0.07 0.02 0.02 |
0 0 0.06 0.23 031 031 0.02 0.02 0.07 0.30 0.33 0.33
0 0 0.06 0.23 031 031 0 0 0.02 0.25 0.33 0.33
0 0 0.02 025 033 033
Step 5 Step 6

Step 8

# 8 Markov cluster algorithm example

# 8 % Markov cluster algorithm # | ®] » 58 MCL & &

At — B cluster > &8L 4,56 A ik
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A e drentd B B $ % & & 45 «h Tanner graph fi*u{ bipartite graph » * &
Bl o &4l MCL MM R+PBIEAMEFTLHE - A2 & * Cytoscapse

[19] — A& % *t A 4F fe el A 70T 5 kA dr > H ¥ e B3F S35 12 % 20 0 494

b3

e B2 > Bl4e clusterMaker [20] > clusterMaker 3% i1 MCL i&fd» # g5 2 >

% 9 MCL %#ck 7 ﬁd MCL i 4715 > % B ,‘zmi;‘*ﬁa\#ar}g]

E TR

21+ MCL ¢ #- bipartite graph *» 2] 3135 5 % e % -] &0 cluster » [ 24 %37

% -] e cluster #E -

MCL Parameter Value
Expansion parameter 2
Inflation parameter 2
Number of iteration 16

# 9 Markov cluster algorithm parameter setting

B LTt L} Y R O S = SV V% N Y - P P N
Rk S S S e R PR Lo e "\ PRk X
Laray el LY « « h
LS '*&-‘ : v‘ﬁ, it . . A, b
. L W I O W

P Sl S S S o e el (ra e 3 Y e S e S e S 3 3
» -

R Rt R xxxxxﬁxxagﬁfrw
e Y N M M e [0k 0 AN R

.

v: }
R X%%X%“ﬂ“{‘f" ‘K“VX%‘KVX“"YYX”'YQ%%
PR D Sy %\4%%% Pt S S S S B B B ¢
PaP e S S S S O S RN (G 8
Dbyt i S i e "’42’»?‘-\.4'?4747& Yol K YR e e e
,..\. - / .\{ ) - . —y—a, \ . s . . . . . 4 . 4
PP R R R AR RS N N
K T T e e e e e e e e e e e e e e
T T T T T T T T ] e e e e e e e e e e e e e

rrrrrrTTrrrrr e IR el SR SRR Sl Sl T S S S
\rv-\r-\rv\r-\r //\F'\r /.\k.k \f"\r- . '1 . i . . .“ . .‘a A..Ka «
S SN \' : T T T T T T N
:\\\'.\g \\'-\:\: \‘\\\:\.& \:\ ,\\ N T e
N T N TR T T T T T T T T T T T
o I T O I I I I I T I T ] TS I N IS I T I T T T T T T T T

R T B I B T S T
R R LI TN IR SRSt PP EE L IPREETEERRTEs s s s N TR T T
BRI SRS RS SRR S E AR RN RER SR EaesTeestess:
i v SRS SRS RN RS I EA LR AL e As:
A A S 2+

random topology zigzag topology
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S,
o D TR A D IR DR DR D D D D

VIRV IR SRSV SV Poas o wr » 14
T R e R R (SR S S e
Ty ')\ )\. AT T '/\v L :/ i
NIV Y IR ot e e VRV TN
Y N o -
.

RN N N I I N I N N NP
W™ M NN '>(_ e e e T -
AR SPATPAIVA

i é

ot N,
I T

R Y

QC-LDPC codes topology

Check node Red color

Variable node Blue color

MIPEG topology

Largest cluster

B] 21 Topology by MCL

d B 21 % R PEG-based g% MCL a3 > 30 ¥ 1 B~

P

clusters » 7™ % 3% i & 47 PEG-based + cluster p & 2hedrid o




A& %~ % (Degree distribution)

d & v 4 o3 FE 2 (Markov Cluster Algorithm) 4 47 2% i 2 . high
degree 7 variable node # /=t iz #® cluster » cluster p => variable node A
low degree variable node:> # 10 % PEG-based # = #p variable node ¥ check

node & # 7 degree distribution o

number of variable nodes number of check nodes
Degree PEG| IPEG|MIPEG Degree| PEG| IPEG|MIPEG
2 307 331 306 7 4
3 201 210 172 8 260 264 223
5 54 65 55 total nodes 264 264 223

total nodes 562 606 533
% 10 = cluster p node & 4~:1 degree distribution

MCL #- high degree variablenode i® % “isolated node 7 j&*tix i@ cluster >
4% 5 MCLinflation =% 2 - high degree e i+ » 563 $rendp & 15

high degree node ' 7 edge =2_:% 3¢ fr}ﬁ&s‘;’r%? 0>

e gt %% (Network Parameter)

—

A pepe fdcpL %S - B cluster p§ B variable node ¥ variable
node £7 & i T 4p B ch%#ic > v i PEG-based ¢ # [ ¢ ;2 PEG, IPEG,
MIPEG =»Z £ > d B 7 &3 PEG>IPEG > MIPEG > MIPEG # I 4F > £ iF

I A A2 B F] TR PRk AR e i 2l o
1.  Average shortest path length

B 22 5 PEG-based cluster # 7 F degree ™ average shortest path length
& od B5F U7 o degree T MIPEG 7 average shortest path length
w ' IPEG v PEG & >d Tanner graph =@L2L> % 3 cycle length A% £ 4%4% »

@ AP LR F] variable node R e shortest path length »x it #i4F e85 Jr;mb L
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dodk XU B RS B AMBPFY £ variable node F| variable =1 shortest path
length > 3 4 shortest path length ¢ 3%~ & 3 4 cycle length & & - MCL *»
e+ cluster - #73 & 2Lch average shortest path length 2% waterfall region sz

-
Bt °

Average Shortest Path Length Distribution

5
e
=) y = 0.0107x2 - 0.2666x + 5.2311
548 R2=1
£ 46
3 y = 0.0352x2 - 0.3043x + 4.4196
g 4.4 R2=1
5 _ y=0.0389x2 - 0.3148x + 4.4856
g 42 Quel L Re=1
5 Tteesiliilteeenn,
g 4 el g::::: ................
e el
= 38
2 3 5

X PEG o Ipecegree MIPEG

-------- 5 35 ;X (PEG)  ++eeeeer % 7 1% (IPEG) 5 35 % (MIPEG)

Bl 22 Average shortest path length of PEG-based cluster
2. Betweeness centrality
0 Bl 23 k% ¥ 0 MIPEG £ betweeness centrality #5i- 3 i = 2
2 2R /T*%i:r MIPEG 7 f= degree T =1 variable node = % trapping set =»

WHILH B 32 Me AR UR RS BIE AP B 9 2 betweeness centrality

R IFAJ9wF 4 & 2h= 5 trapping set 0 3 2 error floor region kit o
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Betweeness Centrality Distribution

.. 002
£ 2 3 B
i y = 0.0007x2 + 0.0053x - 0.0029
o Re=1 | AT e e o
O T et et e
% .::: ........
e 8
3 Lot
= o+ y =0.0003x2 + 0.0032x - 0.0007
8 R R2=1
@ ._:..:.,-
& &= 0.002x2 - 0.002x + 0.0027
< R2=1
®  0.002
degree
X PEG O IPEG MIPEG
........ 538 N (PEG)  +eeeeeer § 78 N (IPEG) % 38 3% (MIPEG)

Bl 23 Betweeness centrality of PEG-based cluster

Cluster Histogram

-
@
S

-
N
S

-
N
o

-
o
S

PEG-based
Largest cluster QC-LDPC codes

| 2 4 8 | 16 32 64 128 256
Cluster Size

small clusters mrandom mzigzag = PEG m IPEG ® MIPEG m QC-LDPC codes

Number of clusters
(=2} o]
o o

IS
S

N
=]

1024, 1 1024, 1

1024

o

Bl 24 Cluster histogram by MCL

d B 21 22§ 24 # 3% QC-LDPC codes # £ & — B =~ ¢ cluster » @
PEG-based 384 $#5 — vt e~ 57 cluster > cluster size ¥ 1000 > iz 5 5 — &
.| & cluster » m Random 2% 4 " K_d ] &0 clusters = > £33 Random,
PEG-based ¥ QC-LDPC codes =7 error floor region eskic 48 % 4o 7 > /|
clusters #ic& 4% 5 - 45385 A% 3 » A R A7 Az -] e clusters i = trapping
set 3 error floor region ¢ A & > #r12A P24 clusters ¢ (a,b)

trapping set 4 # 35 o
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d 211 AfPsrig g BAR])BFAPFARG b BEAC| A IARL 5 A2

WL T 4 R T b g (a,b) trapping set 3 4 %

Bk i%EiE MCL & 4718 » cluster & # 4@ 25 -

Number of variable nodes : 14
.

/| cluster| &~ ® )' * haN

LRl S = B B B o e R

Red nodes : check nodes
Blue nodes : variable nodes

B 25 MCL cluster 4 5|l

1. intra-cluster: - ®-]- cluster p % (a, b) trapping set 4-®@ 26 o

o

] cluster ‘ t
[

B] 26 MCL intra-cluster & = o B

Bk & - B cluster psE 2% variable node > 4] 27> E 3| b &
A Fhed 11

(2) =%

G+ @+ @ +

4 Pt
/)7 cluster ‘ ‘/. .\“t\\
o °

Cluster 1 Cluster 2 Cluster 3 Cluster 4

B 27 MCL intra-cluster a = 2 4= & ]
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b Clusterl Cluster 2 Cluster 3 Cluster 4 Ratio
2 4 5 1 1 % = 0.50
3 3 3 % =0.27

5
4 3 2 57 = 0.23

# 11 MCLintra-cluster a =2, b » % %

S KerdR e & o1 & Clusterl % 2 i variable node > (a,b) = (2,2) e &
#3F 4 B @ & intra-cluster p iZi% 2 % variable node (a,b) = (2,2) s &

ﬂqf‘u{#ﬂ b=2 78— Ffp4e > x5 11 B 5 4&7 % normalize #775 -] cluster
o . - ] ey 11 L4
piEiE 2 B variable nodes ke L #c o BoE F 22 B oo HTY > jfu%\»rr e

intra-cluster p iz 2 i variable node (a;b) = (2,2) ** &] (Ratio) 5 0.50 > 41

*ipfEt B 2 38 & 7 intra-cluster p iZi% @ 1 variable node =t b A& F o

2. inter-cluster : & >*2} cluster =7 node % (a,b) trapping set 4-H 28 -

. > J 1
normalize 4 2 A (:) °

(o)
a Number of variable nodes : 14
° P
.\\ .\\ . o L
/| cluster|| e @ P L

B 28 MCL inter-cluster § | §]
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3. in-out-cluster: -|- cluster p :Z 1 i node > out-cluster p iZ:% a—1

® nodes > 4r® 29 - normalize s # % (14) x( N )

1 a—1
(Y|

® ®
14 a—1 . .
(1) : y
1 Number of variable nodes : 14 ® »
. [ ] ,‘J.
L3 . . ’ PY .- e
A NS ™ ® ]
) cluster|| & @ s by X .
[ ] ® e ‘® ‘;‘ L : < s ‘;

Red nodes : check nodes : : Number of varlable nodes N

Blue nodes : variable nodes ceeececibedie

% 29 MCL in-out-cluster #= ] ]
4.  out-cluster : out-cluster p iZ (a,b) trapping set 4~ 30 > normalize

o ()

—~
e =
ry

R EEREERER N

« Number of variable nodes: N
te s s s boes e
s oo 06000 b0boe

B 30 MCL out-cluster g{c 20

Or..\i

A< Tt g PEG, IPEG, MIPEG t it e 4 f& 12 E (a,b) trapping set

&7 ratio o
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PEG

o

[ ST oS TR S I oS R oS R S oS R N S R o]

—_

[ T =T B+ - B R o N W N VR FUR S R =

intra_cluster inter cluster in-out cluster

ratio
6.74E-02
2.41E-01
1.12E-01
2.39E-01
2.02E-01
5.59E-02
6.36E-02

1.93E-02

ratio
1.91E-03
6.81E-03
1.76E-01
2.75E-01
1.33E-01
2.03E-01
1.42E-01
1.29E-02
4.94E-02

ratio
2.73E-04
1.89E-03
2.08E-01
2.72E-01
1.18E-01
1.61E-01
8.33E-02
1.04E-02
1.64E-02
3.04E-03

out_cluster
ratio
1.19E-03
3.57E-03
2.43E-01
2.62E-01
1.08E-01
9.02E-02
3.88E-02
5.26E-03
5.20E-03
7.76E-03

B 31 PEG MCL trapping (a = 2) ‘&%

IPEG intra cluster inter cluster in-out cluster out cluster

a

[ ST SN T O T oS R G T S R oS R S~ I S R S

9 e Y B R o N V. S (VR PR S B

[EER—

ratio
4.72E-02
1.63E-01
1.61E-01
1.85E-01
2.23E-01
4. 72E-02
1.33E-01

4.08E-02

ratio
1.78E-03
6.64E-03
1.72E-01
2.48E-01
1.59E-01
2.15E-01
1.24E-01
3.35E-02
4.07E-02

ratio
3.24E-04
1.86E-03
2.04E-01
2.60E-01
1.33E-01
1.65E-01
8.30E-02
1.19E-02
1.76E-02
2.93E-03

ratio
1.12E-03
3.55E-03
2.41E-01
2.70E-01
1.00E-01
9.62E-02
4.67E-02
4.05E-03
7.21E-03
7.29E-03

B 32 IPEG MCL trapping (a = 2) ' #&i %

MIPEG intra cluster inter cluster in-out cluster

a

[ TN oS T o N O B oS D o I S I o B oS O

b

th S WD 00 —d S ta s e kD

[EE R —

ratio
5.58E-02
1.88E-01
2.65E-01
1.92E-01
1.88E-01
5.48E-02
4.56E-02
8.11E-03
4.06E-03

ratio
1.33E-03
4.51E-03
2.17E-01
2.73E-01
1.75E-01
1.89E-01
9.26E-02
2.71E-02
2.07E-02

ratio
5.96E-04
2.14E-03
2.27E-01
2.67E-01
1.29E-01
1.37E-01
6.32E-02
8.96E-03
1.22E-02
4.07E-03

out_cluster
ratio
1.13E-03
3.80E-03
2.33E-01
2.61E-01
7.43E-02
8.22E-02
4.58E-02

7.30E-03
9.28E-03

B 33 MIPEG MCL trapping (a = 2) ‘- #k%
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d B 31-% 32~B® 33 ¥ IR a =2 intra-cluster $:E 3| (a,b) trapping

set e g < o

PEG intra cluster inter cluster in-out cluster out cluster

a b ratio ratio ratio ratio
3 2 1.22E-03 1.31E-05 7.69E-07 4.38E-06
3 3 6.11E-03 8.07E-03 1.68E-05 3.71E-03
3 4 1.83E-02 2.47E-03 1.04E-03 1.79E-03
3 5 1.14E-01 1.05E-02 5.14E-03 6.20E-03
3 6 1.36E-01 8.06E-02 1.39E-01 1.23E-01
3 7 1.54E-01 1.76E-01 2.50E-01 1.93E-01
3 8 2.75E-01 1.39E-01 1.84E-01 1.32E-01
3 9 1.21E-01 1.73E-01 1.78E-01 9.89E-02
3 10 9.28E-02 1.84E-01 1.39E-01 6.40E-02
3 11 6.59E-02 8.51E-02 5.38E-02 2.31E-02
3 12 3.606E-03 6.98E-02 3.29E-02 1.15E-02
3 13 1.22E-02 4.50E-02 1.37E-02 4.16E-03
3 14 4.05E-03 1.72E-03 5.44E-04
3 15 1.22E-03 1.03E-02 1.55E-03 7.34E-04

B 34 PEG MCL trapping (a = 3) ' & %

IPEG  intra-cluster inter-cluster in-out cluster  out-cluster

a b ratio ratio ratio ratio
3 2 4.15E-03 1.36E-05 1.18E-06 3.86E-06
3 3 8.31E-04 T.21E-05 1.71E-05 3.52E-05
3 4 2.57E-02 2.28E-03 1.04E-03 1.67E-03
3 5 5.15E-02 9.88E-03 4.95E-03 6.11E-03
3 o 1.10E-01 7.86E-02 1.33E-01 1.21E-01
3 7 8.14E-02 1.59E-01 2.40E-01 1.98E-01
3 8 1.67E-01 1.61E-01 1.86E-01 1.30E-01
3 9 1.86E-01 1.90E-01 1.82E-01 1.00E-01
3 10 T.31E-02 1.73E-01 1.42E-01 7.26E-02
3 11 1.89E-01 9.73E-02 5.59E-02 2.49E-02
3 12 1.25E-02 T.61E-02 3.54E-02 1.35E-02
3 13 8.14E-02 3.69E-02 1.53E-02 5.78E-03
3 14 9.62E-03 1.78E-03 4.90E-04
3 15 1.66E-02 7.55E-03 1.91E-03 9.28E-04

B 35IPEG MCL trapping (a = 3) * #&2%
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MIPEG intra cluster inter cluster in-out cluster out cluster

a b ratio ratio ratio ratio
3 2 7.80E-04 4.82E-06 2.24E-06 3.90E-06
3 3 T41E-03 4.52E-05 2.48E-05 3.93E-05
3 4 4.02E-02 1.90E-03 1.55E-03 1.66E-03
3 5 9.09E-02 T.45E-03 6.31E-03 6.38E-03
3 6 2.91E-01 1.06E-01 1.57E-01 1.15E-01
3 7 1.56E-01 1.93E-01 2.69E-01 1.88E-01
3 8 2.22E-01 1.84E-01 1.90E-01 1.07E-01
3 9 9.68E-02 1.95E-01 1.66E-01 7.86E-02
3 10 5.74E-02 1.51E-01 1.25E-01 6.47E-02
31 2.81E-02 8.04E-02 4.43E-02 1.83E-02
3 12 T.02E-03 5.17E-02 2.72E-02 1.01E-02
3 13 2.73E-03 2.09E-02 1.21E-02 5.60E-03
3 14 5.55E-03 9.38E-04 2.21E-06
3 15 2.83E-03 1.47E-03 1.01E-03

B 36 MIPEG MCL trapping (a =3) &2 %

d B 34 % 35~ @ 36 ¥ “EH a=23 FF intra-cluster $*i% 3| (a,b)

trapping set =% %+ F f £ o

FHiE e I ar] cluster pFEF F % P43 (a,b) trapping set o F i
- B 438 3 trapping set 22 betweeness centrality e % > 427 v st )
clusters p nodes £ betweeness centrality 4-® 39 % 3.-]- clusters p nodes
¢ betweeness centrality #%+ #-] - @ high degree node < betweeness centrality
wH s kg 2F S > Bl ¥ 2 ¢ & high degree node 7 betweeness

centrality -
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PEG

6.00E-04 1.20E-02
>
£ 5.00E-04 1.00E-02
(]
*GEJ 4.00E-04 8.00E-03
o
9 3.00E-04 6.00E-03
(]
C
Y 2.00E-04 4.00E-03
2
D 1.00E-04 I I 2.00E-03
o)
0.00E+00 0.00E+00
2 9 8 6 5 4 3 2 high
cluster size
Bl 37 The betweeness centrality in clusters of PEG
IPEG
6.00E-04 1.20E-02
£ 5.00E-04 1.00E-02
©
% 4.00E-04 8.00E-03
o
9 3.00E-04 6.00E-03
(]
[
9 2.00E-04 4.00E-03
2
2z
9 1.00E-04 I I 2.00E-03
0.00E+00 0.00E+00
18 10 7 6 5 4 3 2 high
cluster size

Bl 38 The betweeness centrality in clusters of IPEG

MIPEG
6.00E-04 1.20E-02
g 5.00E-04 1.00E-02
% 4.00E-04 8.00E-03
% 3.00E-04 6.00E-03
i.j 2.00E-04 4.00E-03
@ 1.00E-04 I 2.00E-03
0.00E+00 0.00E+00
4 3
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B 39 The betweeness centrality in clusters of MIPEG

38



d k&P g% ¥ g LDPC codes ¢ Tanner graph i%:i MCL 4
#1s > QC-LDPCcodes ¥ 3 — M cluster> #7757 % % X 3| H & S 2R F R A
B . Fpr7 QC-LDPCcodes 7 error floor region # FLiid# cndg4 § &
Random R|&_F ¥ % -] clusters’ %5+ Random &> LDPC codes % % % | % %}
R« Fp Random & st H i 2k £ g A PEG-based i
MCL a1 55 1 g~ e cluster fo-> 3%/ clusters: % ;= PEG-based
¢k cluster pFRHC T 4E SEECBEAOES € B > B 3E network parameter 4 47
+ Fp MIPEG 4-#%ci& (average shortest path length, betweeness centrality) 3%
L3 H @ 30k ¥ ook 4] cluster 2R A > 3% v # intra-cluster, inter-cluster,
in-out-cluster £2 out-cluster » 2% iF* % 3 intra-cluster # % % ¥ | (a, b) trapping

set -+ it | cluster R 5335 (a,b) trapping set o
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4.3. #El: (Modularity)

Modularity & - fEf i S F - ¢ M.EJNewman 3% [8] [21] > * * 7
ERR A MBSO EST  An AR E - B Y j@ﬁlq‘m? %o R

B 53 0 B S o Modularity e &40

. 1 kyky
Modularity Q = ﬁz [Avw — W] 6(cy,, cw) (3)
vw
m: %va A, isthe number of edges in graph

1 if vertices v and w are connected
w — .
0 otherwise

k., the degree of vertex v
Vertex v belong to community ‘¢,
§(i, j) is 1 if i=j and 0 otherwise
L B3KF - B node >0 A 0k e cluster » P+t 49 # 4« Modularity &
node “r » = — i cluster > & 3| &2 H *c Modularity i@ {5 = = ¢t =x cluster st

E T REREE® node kA A CiE L4444 Modularity & ¢1 node 4c »

- B cluster > & B 7 $7P4iF o

d (3) ¥ 3 B Modularity 5 27 g5 R g RFIT I R 0 AR s R
&»’;ﬁv@f»’u\T BB AT A B R ARG F - B BN m@ﬁT %> % node
g i 4 7 & S path #x7& > & LDPC codes decoding #hfi-im ™ » 4%
IR B MR T o 0 4 4EEpE cluster ) onode At ARETR L o
Cluster 4%+ > % 4% % nodes & %3 §+ > cluster 4% ] B| % 7= '+ { & 7 nodes #c

o oepre2viE 4 Modularity 4 2] variable node 7 unipartite graph o

&= ¢ * Cytoscapse [19] «4& 2 clusterMaker [20] # &= Modularity 4

% B % & 47 variable node 7 unipartite graph > T 2 A 7R B
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IPEG topology

MIPEG topology

] 40 Topology by Modularity

cluster histogram

frequency
N

0

Hrandom M zigzag

2 4 8 16

32 64 128 256 512
cluster size
PEG W IPEG m MIPEG

& 41 Cluster histogram by Modularity
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d B 40~ B 41 & ;#j%_topology ¥ cluster histogram gL 1 7 & =
FeA R BT kA PERE - B cluster b network parameter (average shortest

path length, betweeness centrality) =4 -

random zigzag

w
w

ey <
& &
& 2.5 & 2.5
ey <
w® 2 ® 2
o o
815 815
S S
- 1 % 1
& &
© 0.5 © 0.5
(] [J]
> >
o 0 © 0
347 300 264 76 21 333 327 252 48
cluster size cIuster size
PEG IPEG

w
w

N

n
N
&)

N
N

average shortest path length
[y
(0]

average shortest path length
=
(0]

1 1
0.5 0.5
0 0
448
cluster size cluster size
MIPEG

N
n w

N

[EEN

(=
%)

average shortest path length
|_1
n

324 287 255 109 22

cluster size

o

Bl 42 Average shortest path length of each cluster
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Random Zigzag
2.00E-03 2.00E-03
2 z
E s
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a 1.00E-03 a 1.00E-03
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Bl 43 Betweeness centrality of each cluster

s

4o 42 #rom 4 average shortest path length &2 5 41 % I+ cluster size
AR Fi5EE 43 ¥ 2 IR cluster size 4%-| 9 betweeness centrality 4%-]- »
AP B ] cluster 9 node F % A5 trappingset » A2 g 4 FEE

Tl g (a,b) trapping set 3 4 s %
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B3k %1 Modularity 4 47 > cluster » # 4@ 44 -

L

® o
-] cluster o °
¢« o

Number of variable nodes : 7

Number of variable nodes : N

B 44 Modularity cluster #= & ]
1. intra-cluster: - B -]- cluster p :E (a,b) trappingset 4@ 45

normalize 4 2 % (4) X (3) .

-]+ cluster

Number of variable nodes : 7

B 45:Modularity intra-cluster s &| ]

2. inter-cluster : -J- cluster E (a, b) trappingset 4@ 46> normalize 4

“ ()

/|- cluster

Number of variable nodes : 7

B 46 Modularity inter-cluster gsi“vf;ﬂJJ%]
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3. in-out-cluster: -|- cluster p i 1 # node - out-cluster p T a—1

i nodes > 4~ 47 > normalize 4 * % (Zz) X (ajj 1) ’

-]+ cluster

Number of variable nodes : 7

Number of variable nodes : N

] 47 Modularity in-out-cluster #- & ]
4. out-cluster : out-cluster p ¥ (a,b) trapping set 4B 48 > normalize &»

o ()

Number of variable nodes : N

® 48 Modularity out-cluster 4> i ]

1Tl g PEG, IPEG, MIPEG F i sa 4 6 -3 (a,b) trapping set 7

ratio o

PEG  intra cluster inter cluster in-out cluster out cluster

a b ratio ratio ratio ratio
2 2 1 47E-01 7.58E-02 5.02E-04 8.98E-04
2 3 1.76E-01 9.09E-02 2.34E-03 3.15E-03
2 4 3.82E-01 4 24E-01 3.17E-01 2.25E-01
2 5 2.06E-01 2.73E-01 3.05E-01 2.65E-01
2 6 2.94E-02 9.09E-02 1.33E-01 1.12E-01
2 7 5.88E-02 4 55E-02 1.04E-01 1.22E-01
2 8 2.98E-02 6.14E-02
2 9 8.87E-03 7.50E-03
2 10 1.20E-02
2 15 4.02E-03 5.66E-03

B 49 PEG Modularity trapping set (a = 2) ' #% %
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IPEG  intra cluster inter cluster in-out cluster out cluster
b ratio ratio ratio ratio
2 1.16E-02 7.99E-03 6.15E-04 9.00E-04
3 3.48E-02 2.28E-02 2.65E-03 3.09E-03
4 3.26E-01 3.25E-01 2.70E-01 2.20E-01
5 3.68E-01 3.82E-01 3.18E-01 2.57E-01
6 1.06E-01 1.13E-01 1.17E-01 1.12E-01
7 5.62E-02 5.86E-02 1.03E-01 1.25E-01
8 3.05E-02 3.39E-02 5.26E-02 6.22E-02
9 0.00E+00 0.00E+00 2.02E-03 8.46E-03

10 1.83E-03 2.28E-03 6.18E-03 1.26E-02

15 1.47E-02 1.03E-02 3.72E-03 5.95E-03

[ N S N S R o R S T S I v IR SV I o T o <

B 50 IPEG Modularity trapping set (a = 2) * #&% %

MIPEG intra cluster inter cluster in-out cluster out cluster

a b ratio ratio ratio ratio
2 2 4.20E-02 2.08E-02 T.15E-04 8.89E-04
2 3 840E-02 4.17E-02 2.49E-03 3.12E-03
2 4 4.27E-01 4.62E-01 3.27E-01 2.20E-01
2 5 2.94E-01 3.26E-01 3.09E-01 2.63E-01
2 6 4.96E-02 5.68E-02 9.39E-02 1.14E-01
2 7 7.63E-02 6.82E-02 1.13E-01 1.23E-01
2 8 2.29E-02 2.27E-02 4.30E-02 6.21E-02
2 9 2.24E-03 T.92E-03
2 10 3.82E-03 1.89E-03 6.56E-03 1.20E-02
2 15 4.23E-03 5.72E-03

B 51 MIPEG Modularity trapping set (a = 2) + #&%%

d B 49~ @ 50~ B 51 % MM a=2 pFintra-cluster $*:£ ¥ (a,b)

trapping set % & & % o
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PEG

e e e W W e W e e g

¥}

o -1 on th B W o o

o

10
11
12

intra_cluster inter cluster in-out_cluster

ratio
3.33E-02
5.00E-02
2.00E-01
3.00E-01
2.00E-01
2.00E-01
1.67E-02

ratio
9.09E-03
1.36E-02
1.41E-01
2.14E-01
2.86E-01
2.32E-01
5.91E-02
3.64E-02
9.09E-03

ratio
1.01E-06
1.61E-05
1.09E-03
4.83E-03
1.53E-01
2.33E-01
1.60E-01
1.30E-01
7.92E-02
2.96E-02
1.44E-02

B 52 PEG Modularity trapping set (a = 3)

IPEG intra cluster inter cluster in-out cluster

a

LV I ¥ S R ¥ Y L ¥ ¥ ]

)

[+ B B s R R O VR S B =

=

10
11
12

ratio
7.39E-05
1.63E-03
1.90E-02
6.29E-02
2.10E-01
2.96E-01
1.67E-01
7.55E-02
4.67E-02
1.22E-02
2.88E-03

ratio
8.04E-05
949E-04
1.40E-02
4.60E-02
2.02E-01
3.14E-01
1.87E-01
8.21E-02
5.26E-02
1.50E-02
3.38E-03

ratio
1.41E-06
1.95E-05
1.11E-03
4.90E-03
1.29E-01
2.23E-01
1.53E-01
1.21E-01
9.06E-02
3.15E-02
1.65E-02

53 IPEG Modularity trapping set (a = 3)

MIPEG intra cluster inter cluster in-out cluster

a

3
3
3
3
3
3
3
3
3
3
3

b

[+ o IIES B o R I O PN & ]

9
10
11
12

ratio
1.88E-03
1.19E-02
6.76E-02
1.534E-01
2.94E-01
2.67E-01
9.46E-02
6.01E-02
3.69E-02
7.51E-03
3.76E-03

ratio
5.50E-04
3.48E-03
4.25E-02
9.86E-02
3.20E-01
3.11E-01
1.12E-01
6.52E-02
3.68E-02
6.60E-03
2.57TE-03

ratio
1.72E-06
1.98E-05
1.31E-03
5.11E-03
1.56E-01
2.36E-01
1.43E-01
1.25E-01
8.70E-02
2.69E-02
1.71E-02

out_cluster
ratio
2.69E-06
2.69E-05
1.30E-03
5.22E-03
1.09E-01
1.89E-01
1.36E-01
1.22E-01
9.38E-02
3.62E-02
2.26E-02

W

out cluster
ratio
2.74E-06
2.64E-05
1.29E-03
5.08E-03
1.06E-01
1.81E-01
1.33E-01
1.23E-01
9.44E-02
3.74E-02
2.39E-02

R %

out_cluster
ratio
2.51E-07
2.63E-06
1.27E-04
5.12E-04
1.06E-02
1.85E-02
1.36E-02
1.22E-02
9.42E-03
3.71E-03
2.28E-03

& 54 MIPEG Modularity trapping set (a = 3) ‘* #%
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d B 52~ @ 53~ B 54 ¥ 2 F M a=3 pF intra-cluster % 3] (a,b)

trapping set % F & < o

d & & Modularity % variable node unipartite graph % % ¥ 1 > %
i## Modularity =4 #{3 - -] cluster p 7 variable node < betweeness centrality
fo] o P %t i intra-cluster, inter-cluster, in-out cluster ¥ out-cluster + 1z
I intra-cluster £ | (a,b) trappingset = F &% »» ZEF 7 /| cluster p Fxg

% %355 (a,b) trapping set °
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Markov cluster algorithm ¥2 Modularity 4 #7s -] clusters #& 4% % > error
floor region cés &3 4%~ » #7120 cluster % % 35= (a,b) trappingset> m ¥ -]
cluster p =7 betweeness centrality ;W H i node -] » #t12 betweeness centrality

4% error floor region iy A% Z o

% waterfall region # 47 <% > 53 Markov cluster algorithm 4 #1152 5

1 i+ cluster» < cluster 47 - average shortest path length # < -

5.2. A%EY

A NN AR EELE P A o A2 ¥ %1 Markov Chain
Cluster Algorithm ¥ Modularity iz fd~ ¥ % 521 > # M7 clustering

algorithm 22 LDPC codes R «iRf Bi 2 o

F 3% 5 2@ clustering algorithm # 3+ 7 [p 4738 27 7 [p e B S HE A 470 %

=3

- #& clustering algorithm #.i¢ & LDPC codes > :& & - i & 7 £ 34 0k A o
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