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Memoryless channel® (dy|x) = [T, P(dy;|x;)

Symmetric channelsi7T : Y — Y s.t.7%(y) =y, Vy € Y, and
P(dylx =0) =P(7 (dy)|x =1).

Shannon’s channel coding theorem: et maxp, Exy log (P)IZ(X)P;(Y)
Reliable communication requirds < C.
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Memoryless channel® (dy|x) = [T, P(dy;|x;)

Symmetric channelsi7T : Y — Y s.t.7%(y) =y, Vy € Y, and
P(dylx =0) =P(7 (dy)|x =1).

Shannon’s channel coding theorem: et maxp, Exy log (P)IZ?(‘;(%;(% )

Reliable communication requirds < C.

Memoryless symmetric channelSapacity-approaching error correcting codes
have been constructeicluding turbo codes, low-density parity-check
(LDPC) codes, irregular RA codes, LT codes, concatenagsddndes, etc.

Performancef.1~1.5dB away from capacity
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Ultra high performance on almost all symmetric channels.

Question: how about non-symmetric memoryless

channels?

Examples:

Z-Channels

On/Off Keying w. Rayleigh Fading
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Ultra high performance on almost all symmetric channels.

Question: how about non-symmetric memoryless

channels?
Examples:
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Ultra high performance on almost all symmetric channels.
Question: how about non-symmetric memoryless

channels?
Exan IM@jani & Rumsey 91] showed that the ratio betwéeen
7.ch the symmetric mutual information rate and e

) capacity is lower bounded By22 = 0.942. 10
. [Shulman & Feder 04] further proved that the

1-|absolute difference is upper bounded Y011
bit/sym.
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Content

® Low-density parity-check codes and the challenges of
non-symmetric memoryless channels

s Codeword-dependent error resiliency
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non-symmetric memoryless channels

s Codeword-dependent error resiliency

#® Two approaches:
» The LDPC coset code ensemble
o Linear LDPC codes with generalized density evolution

#® The typicality of linear LDPC codes among the coset code
ensemble

#® The convergence rate consideration

#® Applications
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® Forcycle-free networksthe belief propagation works for
non-symmetric channeés well.

# By simulation, belief propagation + LDPC codes also have
outstanding performance for non-symmetric channels.
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The Density Evolution
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The Density Evolution

Sym. Chs: Assuming = 0.
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The Density Evolution

Non-sym. Chs: Codeword-dependent. |5

]':1J 2 3 4 Ai
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PO = PO (Q ()
QUV(x) = 11 ((I’ (P(z_1)(x)))®(dcl)) ,
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First Approach: the LDPC Coset
Ensemble

® Coset codes: Any valid codewordx satisfies Ax = s , whereA
IS from the same equiprobable bipartite graph ensemblethand
coset-defining syndrome is uniformly drawn from{o, 1}"(1-R).
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First Approach: the LDPC Coset
Ensemble

® Coset codes: Any valid codewordx satisfies Ax = s , whereA
IS from the same equiprobable bipartite graph ensemblethand
coset-defining syndrome is uniformly drawn from{o, 1}"(1-R).

® Symmetrizing the non-symmetric channel:

Symmetric Channel

________________________

| |
. | Rand. Bits —
: i :
| |
— lin. LDPC ENC [— 1) =~ Non-sym. CH. — lin. LDPC DEC—
|
|

________________________
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First Approach: the LDPC Coset
Ensemble

® Coset codes: Any valid codewordx satisfies Ax = s , whereA
IS from the same equiprobable bipartite graph ensemblethand
coset-defining syndrome is uniformly drawn from{o, 1}"(1-R).
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Symmetric Channel

________________________
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. | Rand. Bits s
: i :
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|
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________________________

Pb,ylx=0)=P(b—1,ylx=1) =P(7 (b, y)|x =1).
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® Coset codes: Any valid codewordx satisfies Ax = s , whereA
IS from the same equiprobable bipartite graph ensemblethand
coset-defining syndrome is uniformly drawn from{o, 1}"(1-R).

® Symmetrizing the non-symmetric channel:
Rand. Selected LDPC Coset ENC Matched LDPC Coset DEC

_________________________________________

| |
| |
I [
| |
| |
| |
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First Approach: the LDPC Coset
Ensemble

® Coset codes: Any valid codewordx satisfies Ax = s , whereA
IS from the same equiprobable bipartite graph ensemblethand
coset-defining syndrome is uniformly drawn from{o, 1}"(1-R).

® Symmetrizing the non-symmetric channel:
Rand. Selected LDPC Coset ENC Matched LDPC Coset DEC

_________________________________________

| | | |
: Rand. Bits— — :
: 1 4 : :
| A |
50 in. LDPC ENC - x: ~ Non-sym. CH. | lin. LDPC DEC |+
|
|

_________________________________________

AX =A(x+b)=Ax+Ab=Ab =s
#® Averaged performance of the LDPC coset code ensemble
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The Existing Typicality Result

_ Rand. Selected LDPC Coset EN Matched LDPC Coset DEC
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The Existing Typicality Result

Rand. Selected LDPC Coset ENC Matched LDPC Coset DEC

_________________________________________

| | | |
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: I : ’
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|
|

_________________________________________

# The difficulty: Maintaining the synchronization of two raom
strings.
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The Existing Typicality Result

Rand. Selected LDPC Coset ENC Matched LDPC Coset DEC
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| | | |
| Rand. Bits— — |
: I : ’
| | | |
—»! lin. LDPC ENC ~1) — Non-sym. CH. — lin. LDPC DEC
|
|

_________________________________________

# The difficulty: Maintaining the synchronization of two rasm
strings.

# [Kavtit 03]: Asymptotically, almost ab € {0,1}"1-R) are
typical. Namely,

lim P (s :|pe(s) —Es{pe(s)}| <€) =1, Ve > 0.

n—ao0
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Arb. Selected LDPC Coset ENC Matched LDPC Coset DEC
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The Existing Typicality Result

Arb. Selected LDPC Coset ENC Matched LDPC Coset DEC

_________________________________________

I | | I
I Fixedb f-or-----s-==s-=memmmemmnenes - :
: /L : : :
I | | I
—»! lin. LDPC ENC ~1) — Non-sym. CH. — lin. LDPC DEC
|
|

_________________________________________

# The difficulty: Maintaining the synchronization of two rasm
strings.

# [Kavtit 03]: Asymptotically, almost ab € {0,1}"1-R) are
typical. Namely,

lim P (s :|pe(s) —Es{pe(s)}| <€) =1, Ve > 0.

n—ao0

#® Due to theirhardware uniformitylinear codes are always the
superior choice.
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Second Approach: Linear Codes
w. Codeword Averaging

— lin. LDPC ENC » Non-sym. CH. = lin. LDPC DECI—

® Codeword-dependent performance
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Second Approach: Linear Codes
w. Codeword Averaging

— lin. LDPC ENC Non-sym. CH.

lin. LDPC DEC —

Y

Y

#® Codeword-dependent performan¢(Codeword Averaging

® A generalized density evolution. 1
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Second Approach: Linear Codes
w. Codeword Averaging

— lin. LDPC ENC

Non-sym. CH. lin. LDPC DEC—

Y
Y

#® Codeword-dependent performan¢(Codeword Averaging

® A generalized density evolution. 1
(1110 0 0) é?
j=1 2 3 4 0 00 0 0 1
i=1 2 3 4 5 & \ 10001 Xiay 1= st
Ax=0<+= x5 =0 x1xs5x¢ = 000, , 110}

Averaging the trimmedree coddas not equivalent to avey-
aging theoriginal code
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Perfect Projection Condition

Definition 1 (Perfect Projection) The supporting tredv? is
perfectly projected, if for any codewoxd of the tree cod&;,

‘{xEX:x]tree:xt}‘ o

X X
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Perfect Projection Condition

Definition 1 (Perfect Projection) The supporting tredv? is
perfectly projected, if for any codewoxd of the tree cod&;,

‘{xEX:x tree:xt}‘ 1

In other words, averaging the trimmé&ee codas equivalent to
averaging over theriginal code
We then have

PO(x) = (PD(x)) = (PV(x) )

{xeX:x|p=x}

0 0
/ P (0)(dm) + / P(l)(l)(dm)>.

m=—0oQ

/
{XtEXt:Xt |0:x}
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New lterative Formula for DE

(1)

(0 P (x)
P(x)
Q<z-1) X = O/ X1Xp = OO, 11
()
x=1, x1x, =01,10
vxe{0,1}, PY(x) = PYx)e (Q(l‘l)(x) B
de—1

QU V) = 17! (2d32 Z F(P(ll)(xv)))
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New lterative Formula for DE

(1)

(0 P (x)
Px)
o x=0, x1xp, =00,11
(%)
I-1 : x:l xx2:0110
vie {01}, PY(x) = P@wag(Q“JNx»®MW4)

dc—1
Q(l—l) (X) — 11 (26132 Z ® T (P(l—l) (xv))>

xlex! (x) v=1

o _ P(l_l) (0) + P(l—l) (1) ®(dc—1)
= T 1 ((1—- < . ))
- _ ®(de—1)
—H—nx<r<PU”“D;P“1ND>> ).

0
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Comparisons

® Linear code ensemble:
PO ()

linear

(I-1)
Qlinear(x)

(P

(7)

linear

)

- ®(dy—1)
Pl(i(i)a)ear (x) ® (Ql(ineizzf (x))

I— I— ®(dc—1)
1—1—1 T Pl(inecln2 (O) + Pl(inecln2 (1)
2
(1-1) (1-1) ®(de—1)
PU=U gy — pU=Uq)
_1\x linear linear

l
(O) + Pl(in)ear (1)
5 .

()

linear

0
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Comparisons

® Linear code ensemble:

[ ]—
Pl(in)ear (X) — Pl(i(i)a)ear (x> ® (Ql(ineizzf (x)

(1-1) (1-1) ®(dc—1)
-1 — Pinear (O) + Pinear(l)
Ql(ineaz’(x) — I 1 ((r ( : 2 l

(1-1) (1-1) ®(dc—1)
PU-U gy — p=-D(q)
_1\x linear linear
+(-1) (r( : )) )

(1) ()
<P(l) > _ Plinear(o) + Plinear (1)
linear o) :

)@(dv—l)

® Coset code ensemble:

(0) (0)
P(O) _ Plinear (O) + Plinear(l)
coset - 2
! 0 1-1)\ ©(do—1)
Pc(olet — Pc(os)et ® (Q((:oset)>

Qe = r1<(r (Pc(ései)))@(dc_l))
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Similarities
$ Symmetry:

#® Monotonicity:

# Stability Conditions:

0
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Similarities
$ Symmetry:
s Foralll e N, both<p(’>

linear> andp!! , are symmetric.

cose

#® Monotonicity:

# Stability Conditions:
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Similarities
® Symmetry:

s Foralll € N, both< 2 >andP() are symmetric.

linear oset

/
Pl<in)ear> (dm)

p e linear

® Monotonicity: Let /0 <

m=

0-
[ [
p g,goset — / P cgoget (dm) .

mM=00

# Stability Conditions:

B
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Similarities
® Symmetry:
o Foralll € N, both< () >andP()

linear oset

/
Pl<in)ear> (dm>

are symmetric.

p e linear

® Monotonicity: Let /0 <
o
pggoset — / P(Séz;et(dm)-
» Bothp(l). andpm are monotonically decreasing

e linear e,coset
w.r.t. [.

# Stability Conditions:

B
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Similarities
® Symmetry:

s Foralll € N, both< 2 >andP() are symmetric.

linear oset
#® Monotonicity: Let pgl)inear _ /0_ <Pl<iln)ear>(dm>
M=o
s = [ PUtam)
s Both pél l>l.nem and pggoset are monotonically decreasing

w.r.t. [.

#® Stability Conditions: LetA(x) := Y Axf~1 and
o(x) := ¥ prx*~1 denote theedge degree distributiquoly., and

(CB™) = / e (Pl ) (dm) = / e3P0 (dm).

B
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Similarities
® Symmetry:

s Foralll € N, both< 2 >andP() are symmetric.

linear oset
#® Monotonicity: Let pgl)inear _ /0_ <Pl(iln)ear>(dm)
M=o
s = [ PUtam)
s Both pél l>l.nem and pggoset are monotonically decreasing

w.r.t. [.

#® Stability Conditions: LetA(x) := Y Axf~1 and
o(x) := ¥ prx*~1 denote theedge degree distributiquoly., and

(CB™) = / e (Pl ) (dm) = / e3P (dm).
f?
s Having the same stability condition <CB(°)> < m .

B
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Comparisons

Linear codes:

lin. LDPC DEC—

— lin. LDPC ENC Non-sym. CH.

Y

Y

The coset code ensemble:
LDPC Coset ENC LDPC Coset DEC

Rand. Bits

| |

| |

—— [

| |

| |

| |
® Non-sym. CH. —| lin. LDPC DEC —+

_________________________________________

LDPC coset code ensemblax = s ands €,,,4 {0,1}"1-K),

§
—
)
U
@
]
P
@
Y

Y
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Comparisons

Linear codes:

lin. LDPC DEC—

— lin. LDPC ENC Non-sym. CH.

Y

Y

The coset code ensemble:
LDPC Coset ENC LDPC Coset DEC

Rand. Bits

| |

| |

—— [

| |

| |

| |
® Non-sym. CH. — lin. LDPC DEC—~

_________________________________________

LDPC coset code ensemblax = s ands €,,,4 {0,1}"1-K),
# Their stability conditions and many other properties cmlac

§
—
)
U
@
]
P
@
Y

Y
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Comparisons

Linear codes:

Y

Y

lin. LDPC DEC—

— lin. LDPC ENC Non-sym. CH.

The coset code ensemble:
LDPC Coset ENC LDPC Coset DEC

Rand. Bits

| |

| |

—— [

| |

| |

| |
® Non-sym. CH. — lin. LDPC DEC—~

_________________________________________

LDPC coset code ensemblax = s ands €,,,4 {0,1}"1-K),
# Their stability conditions and many other properties cmlac

§
—
)
U
@
]
P
@
Y

Y

#® |Nearly identical performance under Monte-Carlo simuladio
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Comparisons

Linear codes:

Y

Y

lin. LDPC DEC—

— lin. LDPC ENC Non-sym. CH.

LDPC Coset ENC LDPC Coset DEC

Rand. Bits

| |

| |

—— [

| |

| |

| |
® Non-sym. CH. — lin. LDPC DEC—~

_________________________________________

LDPC coset code ensemblax = s ands €,,,4 {0,1}"1-K),
# Their stability conditions and many other properties cmlac

The coset code ensemble::[]: ?

§
—
)
U
@
]
P
@
Y

Y

#® |Nearly identical performance under Monte-Carlo simuladio
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A Short Answer
P = PO (e (Qhh )

4 ( ) 1 ( )
(l—l) -1 T ! [
( ?linear(x) = I (( (1 inear inear >>

(1-1) (1-1) @(de=1)
p; . (0)—P;  ~(1)
_1\x linear linear
+(=1) <T< > ))

®(dyv—1)

Not equivalent;

::
C-C. Wang, S.R. Kulkarni, and H.V. Poor with Princeton University — p.15/27 %!! =
LT P



A Short Answer

- I Pl(irgear(x) - Pl(i?fl)egr<x) 029 (Ql(ine}zzf(x))
Not equivalent;
-1 Py + P () ®(de=1)
Ql(ii;za)r(x) _ 1“_1 T linear 5 linear
d.—1
Pl ©) =Pl )\

1l linear
(1) .

Regular (3,4) Code on Z-channel w. pe=(0.00001, 0.4540)

10 T

10t L

107} ]

- ——h (symmetrized ch)

10 = = = CB (symmetrized Ch) | |
p,(x=0) z
P, (x=1)
<CB>
passing threshold

10_4 1 1 1 1

0 100 200 300 400 500

Number of lterations
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Typicality of Linear LDPC Codes

(A, 0) | (x%,x3) | (x%,x°) | (x%,0.5x% +0.5x%) | (x?,0.5x* + 0.5x°)
Linear | 0.4540 | 0.2305 0.5888 0.2689
Coset | 0.4527 | 0.2304 0.5908 0.2690

B
C-C. Wang, S.R. Kulkarni, and H.V. Poor with Princeton University — p.16/27 {,\;}



Typicality of Linear LDPC Codes

(A, 0) | (x%,x3) | (x%,x°) | (x%,0.5x% +0.5x%) | (x?,0.5x* + 0.5x°)

Linear | 0.4540 | 0.2305 0.5888 0.2689
0.29% | 0.043% 10.17% 10.037%

Coset | 0.4527 | 0.2304 0.5908 0.2690

B
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Typicality of Linear LDPC Codes

A, x2, x3 x2, x° x2,0.5x% 4+ 0.5x3 x2,0.5x* + 0.5x°
%

Linear | 0.4540 | 0.2305 0.5888 0.2689
0.29% | 0.043% 10.17% 10.037%
Coset | 0.4527 | 0.2304 0.5908 0.2690

Theorem 1 (Main Theorem) Considemon-symmetric channeénd
a fixed pair of degree polynomie A andp. The shifted check node

polynomial is denoted k pp = x2 - p. LetP!” andP")  denote the

linear coset
evolved densities of the linear and coset code ensemblalegiiees

(A, pA)- Then, Vil € IN, limp_, o <P(ZO) > 2 P(ZO)t in distribution,

linear cose

with the convergence rate beil O (const®) for someconst < 1.

B
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Intuition

#® Considerthe 1st check node iteratioBuppose for all possible
{Pl(i%)ear(x)}’ Ql(zprzear<0> — Ql(zon)ear(l) - Qggget . Then

Pl(in)ear(x) — Pl(in)ear(x) ® (tho;ei)
(0) (0)
1 Py (0) + P (1) 0) \®o—1) 1
< Pl(in)ear> _ linear ; linear ® (ngget) — Pcfos)et‘

0
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Intuition

#® Considerthe 1st check node iteratioBuppose for all possible
{Pl(i%)ear(x)}’ Ql(zprzear<0> — Ql(zon)ear(l) - Qggget . Then

1 0 0) \®o—1)
Pl(in)ear(x) = P l(in)ear(x ) & (Q((:o;et>
(0) (0)
1 Py oar(0) + P (1) 0) \&(do—1) 1
<P l(in)ear> — Hnear 2 e & (ngget) =P (Sos)et'
» Furthermore Ql(iln)ear(o) — Ql(ilrzear(l) — Qg(l)get .

0
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Intuition

#® Considerthe 1st check node iteratio®Buppose for all possible
{Pl(i(i)fz)ear(x)}’ Qggzear(o) - Ql(zon)ear(l) — Qcoseif Then

Pl(in)ear(x) — Pl(in)ear(x) ® (ng;el)
(0) (0)
1 Py (0) + P (1) 0) \®o—1) 1
< Pl(in)ear> _ linear ; linear ® (ngget) — P(Sos)et

» Furthermore Q! (0) =0 (1)=0!)

coset *

#® Since the iterative equations of DE are continuous, we nagd o
to prove that for all pos&bl%leW )},

D 0
) = Qc(:o;et

B
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Proof of the Main Theorem

(X=0[Y)
(X=1Y)"

o mzlog:z
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Proof of the Main Theorem

(X=0[Y)
(X=1Y)"

o mzlog:z

® y(m) = (1yu<oy logcot | %)

=
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Proof of the Main Theorem

P(X=0]Y
® m=log ngzl Y%.

® y(m) = (1{n<oy, logcot ||
» P (x)(dm) — Pi(dy) andQ)p) . (x)(dm) — Qk(d).

0
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Proof of the Main Theorem

P(X=0]Y
® m=log ngzl Y%.

® y(m) = (1{n<oy, logcot ||
» P (x)(dm) — Pi(dy) andQ)p) . (x)(dm) — Qk(d).

® The characteristic functior®p(Ay, ;) = E(—1)M7eit272,

B
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Proof of the Main Theorem

P(X=0]Y)

® m =log PX=1Y)"

v(m) = (10, logcot | %)

0 0
Py () (dm) = Pi(dy) andQjy) . (x) (dm) — Qi (d7).
The characteristic functiordp(Ay, ;) = E(—1)M7eih272,

© o o o

By induction,

A
®p (A1, A2) — ®pr(Ag, Az))

Por (A1, A2) — B (A1, Az) =2 ( 5

B
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Proof of the Main Theorem

P(X=0]Y)

® m =log PX=1Y)"

v(m) = (10, logcot | %)

0 0
Py () (dm) = Pi(dy) andQjy) . (x) (dm) — Qi (d7).
The characteristic functiordp(Ay, ;) = E(—1)M7eih272,

© o o o

By induction,

A A
Ao Ao ¢p (/\1/ K) — ®p (/\1/ K)
(A, ) — By (M, ) =2 ( : 5

A

B
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Proof of the Main Theorem

P(X=0]Y
m = log PEle yi-

v(m) = (10, logcot | %)

0 0
Plinear (%) (dm) = Py(dy) andQjp) , (x)(dm) — Qi (d7).
The characteristic functiordp(Ay, ;) = E(—1)M7eit272,

By induction,
Ay Aoy A
Ao Ao ¢p (/\1/ K) — ®p (/\1/ K)
¢Q6(A1’K)—¢Q,1(A1’K) :2 ( 0 2 1

By Taylor’s expansion, the RHS converges to zero fona)lA,
and the convergence rate is exponential.

B
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The Weak Convergence

Cumulative Distribution Function

The check node iteration, w. dC:6, one-way p, 0:0.2305 The check node iteration, w. dC:10, one-way p, 0:0.2305
1 T T T T T T T T T 1 T T T T
- — -x=0 A - — -x=0
09r| x=1 | 1 09r| x=1
—— average | —— average
08r ] 0.8+
....... C
: ¢
0.7¢ : 1 207t
. S
L
0.6 | 1 506f
| 5
| 2
05F B 1  E05f
| ko)
0
04r 1 S04y
g
03f 1 B 03}
3
0
0.2r ] 0.2+
0.1r | 1 0.1r
0 | | - | | | | | | 0 | | L — | | | | |
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Typicality in Terms of the Decod-
able Threshold

Z-Channels:

- * - Chm D
0 0 P1-0linear = SUP {P1—>O >0 ZIE?O Pelinear = O}
P1-0
* . 1 l R
1 -1 and P1—0,coset = SUp {P1—>O >0: ZIE?O pg,goset — O} '

1—pi1-0

::
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Typicality in Terms of the Decod-
able Threshold

Z-Channels:
> « - 1 (1 _
0 / 0 P1—0linear -— SUP {P1—>O >0: ZIE?O pe,l)inear — O}
P1—0
* . l
1 " -1 and P1—0,coset = SUp {P1—>O >0: ZIE?O pg,goset - O} '
— P1—-0

Corollary 1 (Typicality Results for Z-Channels) For anye > 0,
there exists a\ € IN such that

< €.

k *
p1—>0,linear — P1—0,coset

0
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Proof of Corollary 1

* * 0
p1—>0,linear > p1—>0,coset — € .= Ptemp

B
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Proof of Corollary 1

* * .
p1—>0,linear > p1—>0,coset — € .= Ptemp

IS In its stability regions lim; ., p(g 2oset 0.

® |Def: 31, PO

coset

B
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Proof of Corollary 1

* k o«
p1—>0,linear > p1—>0,coset — € .= Ptemp

IS In its stability regions lim; ., pg 2058t 0.

& |Def: dlj P( 0)

coset

# By definition, whenpi_o = ptemp, 3lp such that aftek,

iterations Pc(oslt IS in its stability region, which is an open set.

B
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Proof of Corollary 1

* k o«
p1—>0,linear > p1—>0,coset — € .= Ptemp

IS In its stability regions lim; ., pé 2056t 0.

& |Def: dlj P( 0)

coset

# By definition, whenpi_o = ptemp, 3lp such that aftek,

iterations Pc(oslt IS in its stability region, which is an open set.

#® Note: The stabllity region is continuous w.r.t. weak cogesice.
By Theorem 1, there exists/a < IN such that< lznear> IS also In
the stability region of the coset code ensemble.

B
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Proof of Corollary 1

* k o«
p1—>0,linear > p1—>0,coset — € .= Ptemp

IS In its stability regions lim; ., pé 2056t 0.

& |Def: dlj P( 0)

coset

# By definition, whenpi_o = ptemp, 3lp such that aftek,

iterations Pc(oslt IS in its stability region, which is an open set.

#® Note: The stabllity region is continuous w.r.t. weak cogesice.

By Theorem 1, there exists/a < IN such that< lznear> IS also In
the stability region of the coset code ensemble.

#® Note: The stability regions of the coset code ensembleshand t
linear codes are identical.
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Proof of Corollary 1

* k o«
p1—>0,linear > p1—>0,coset — € .= Ptemp

IS In its stability regions lim; ., pé 2056t 0.

& |Def: dlj P( 0)

coset

# By definition, whenpi_o = ptemp, 3lp such that aftek,

iterations Pc(oslt IS in its stability region, which is an open set.

#® Note: The stabllity region is continuous w.r.t. weak cogesice.
By Theorem 1, there exists/a < IN such that< lznear> IS also In
the stability region of the coset code ensemble.

#® Note: The stability regions of the coset code ensembleshand t
linear codes are identical.

#® By the definition of the stability conditiodim;_, p(l). = 0.

elinear

B
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Typicality in Terms of the Decod-
able Threshold

Z-Channels:
> « - 1 (1 _
0 / 0 P1—0linear -— SUP {P1—>O >0: ZIE?O pe,l)inear — O}
P1—0
* . l
1 " -1 and P1—0,coset = SUp {P1—>O >0: ZIE?O pg,goset - O} '
— P1—-0

Corollary 1 (Typicality Results for Z-Channels) For anye > 0,
there exists a\ € IN such that

< €.

k *
p1—>0,linear — P1—0,coset

0
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Typicality in Terms of the Decod-
able Threshold

Z-Channels:
> « - 1 (1) _
0 / 0 P1—0linear -— SUP {P1—>O >0: 115?0 pe,linear — O}
P1—0
* . l
1 " -1 and P1—0,coset = SUp {P1—>O >0: ZIE?O pg,goset - O} '
— P1—-0

Corollary 1 (Typicality Results for Z-Channels) For anye > 0,
there exists a\ € IN such that

< €.

k *
p1—>0,linear — P1—0,coset

Similar corollaries can be easily derived por
other types of channel models.

B
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The Convergence Rates

#® EXxponential convergence ra@e(constA): The thresholds are
nearly identical (the discrepancy4s0.05%) whend,. > 6.

0
C-C. Wang, S.R. Kulkarni, and H.V. Poor with Princeton University — p.23/27 %!lf@
i



The Convergence Rates

#® EXxponential convergence ra@e(constA): The thresholds are
nearly identical (the discrepancy4s0.05%) whend,. > 6.

® Revisit the check node iteration:
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The Convergence Rates

#® EXxponential convergence ra@e(constA): The thresholds are
nearly identical (the discrepancy4s0.05%) whend,. > 6.

® Revisit the check node iteration:

» Consider a check node of degree 10000.

B
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The Convergence Rates

#® EXxponential convergence ra@e(constA): The thresholds are
nearly identical (the discrepancy4s0.05%) whend,. > 6.

® Revisit the check node iteration:

» Consider a check node of degree 10000.

o All information will be erased after the check node, and it Is
equivalent to an erasure channel.

: 1 D .. 1 D .. 1
lim Ql(irzear(o) = lim Ql(iizear(l) — Ah_I)I;O Qéoget = 00

A—o0 A—o0

B
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The Convergence Rates

#® EXxponential convergence ra@e(constA): The thresholds are
nearly identical (the discrepancy4s0.05%) whend,. > 6.

® Revisit the check node iteration:

» Consider a check node of degree 10000.

o All information will be erased after the check node, and it Is
equivalent to an erasure channel.

: 1 D .. 1 D .. 1
lim Ql(ir?ear(o) = lim Ql(iizear(l) — Ah_I)I;O Qéoget = 00

A—o0 A—o0

» No error correcting capabilitt p7 o 7i.0r = Pl coset = 0-
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The Convergence Rates

#® EXxponential convergence ra‘fé(constA): The thresholds are
nearly identical (the discrepancy4s0.05%) whend,. > 6.

® Revisit the check node iteration:

» Consider a check node of degree 10000.

o All information will be erased after the check node, and it Is
equivalent to an erasure channel.

: 1 D .. 1 D .. 1
lim Ql(ir?ear(o) = lim Ql(irl)ear(l) — Ah_I)I;O Qéoget = 00

A—o0 A—o0

» No error correcting capabilitt p7 7.0 = Pl coset = 0-

» We have proved that the convergence rat@ iéi).
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The Weak Convergence

Cumulative Distribution Function
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Comparisons

Linear codes:
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The LDPC code ensemble@ almost equivalent for moderate
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® Our results can be viewed as a complementing theorem eXpli@scribing
the typicality of individuals (including linear codes = 0, as a special case).
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Comparisons

Linear codes:
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The LDPC code ensemble@ almost equivalent for moderate
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® [Kavtic 03]: Asymptotically, almost ab € {0,1}"1-R) are typical.

® Our results can be viewed as a complementing theorem eXpli@scribing
the typicality of individuals (including linear codes = 0, as a special case).

$® Not much improvement left for choosing the optinsal
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Applications

On a solid basis to interchangeably use the linear codes and
the coset code ensemble whe&ns of moderate size.
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Applications

On a solid basis to interchangeably use the linear codes and
the coset code ensemble whe&ns of moderate size.

#® Analysis Use the fast density evolution (for coset codes) or the

EXIT chart to optimize the degree distribution of linear esdor
non-symmetric channels.

#® Finite code simulationThe codeword-averagegerformance of

linear codes vs. thall-zero codeworgerformance of coset
codes.

#® ImplementationUse solely linear codes.
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Summary
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Summary
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» Typicality results on Z channels: 0.05% when
d. > 6
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Summary
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Non-symmetric channels
L Inear codes vs. the coset code ensemble

Convergence In distribution with respect to the check
node degred.,

Typicality results on Z channels: 0.05% when
d. > 6

Analysis, simulations, and implementations
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