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Shannon: Feedback does not increase capacity
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Mutual information between message W
and receiver’s knowledge

Before we send X; = f(W,Y; - Y;_; ):
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After we send X; = f(W,Y; -+ Y;_1 ):
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An Operational Interpretation and a surprise.

THEOREM (SHANNON)
Any rate that can be achieved with feedback can be achieved without feedback.

COROLLARY (Further constraining the feedback cannot help.)

Any rate that can be achieved with ACK/NACK feedback and a Variable-Length Code
can be achieved without feedback.

SURPRISE

Any rate that can be achieved with ACK/NACK feedback and a Variable-Length Code
can be closely approached without feedback using the same Variable-Length Code.
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PPV Achievable Rates for BI-AWGN Channel

BI-AWGN Channel, SNR = 2dB, Capacity=0.6422
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Expected Throughput (Rt )
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Real codes, 5 Transmissions,

BI-AWGN Channel, SNR = 2dB, Capacity=0.6422
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An Operational Interpretation and a surprise.

THEOREM (SHANNON)
Any rate that can be achieved with feedback can be achieved without feedback.

COROLLARY (Further constraining the feedback cannot help.)

Any rate that can be achieved with ACK/NACK feedback and a Variable-Length Code
can be achieved without feedback.

SURPRISE

Any rate that can be achieved with ACK/NACK feedback and a Variable-Length Code
can be closely approached without feedback using the same Variable-Length Code.
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SURPRISE

Any rate that can be achieved with
ACK/NACK feedback and a Variable-
Length Code can be closely
approached without feedback using
the same Variable-Length Code.
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Inter-frame Coding [Zeineddine & Mansour]

Variable-length | W
Code Input , ! |

k
VL Encoder
Variable-length :
(1) (1) (1) (1) (1)
Code Output | %o |X1 |X2 |X3 |X4 |
o 1IN
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Inter-frame Coding [Zeineddine & Mansour]

k

Variable-length | ‘ ‘
Code Input , Wi | ‘ Wa | *ee ‘:IW"C .
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Code Output |
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Inter-frame Coding [Zeineddine & Mansour]

Variable-length | ‘ I
Code toput - |_W1_]. [ e ] see [me ]

¢ VL Encoder ™
Variable-length | ST
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n=x{+x{ + x{"
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Inter-frame Coding [Zeineddine & Mansour]
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Inter-frame Coding [Zeineddine & Mansour]

Variable-length | ‘ ‘
Code Input ‘ W1 . ‘ Wa | *c ‘:IW”“ .

i VL Encoder -~
Variable-length : e
ponessvanll IR EE) V0 o B I B e e e e I e e e
£y 9N
Inter-frame encoder
Transmitted
Symbols | X(gn | XO(Q) LR Xé"” | I | I e o o o
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Inter-frame Coding (IFC) [Zeineddine & Mansour]

Variable-length | ‘ ‘
Code Input ‘ W1 . ‘ Wa | *c ‘:IW”“ .

i VL Encoder -~
Variable-length : e
ponessvanll IR EE) V0 o B I B e e e e I e e e
£y 9N
Inter-frame encoder
Transmitted
Symbols | X(gn | XO(Q) LR Xé"” | I | I e o o o

Samueli
UCLA School of Engineering 1€

Copyright 2018 Richard Wese




UCLA samueli
School of Engineering

IFC as a Low-Density Generator Matrix
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IFC as a Low-Density Generator Matrix

Systematic
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Generalized Peeling Decoder for IFC
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Probability of Termination for our codes

Probability of Decoder Termination 5())

0.50
.5 0.45
§ 0.40 M Convolutional Code
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= B [LDPC
|G_J 0.30
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'_é‘ 0.20
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S
S 0.10
& 0.05
000 ms _B_
1 2 3 4 5 Fail
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What degree distributions allow GPD to converge?

x@
dL x @)
_ i1
ANz) = E i
1=1 X®
xX@

I
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What degree distributions allow GPD to converge?

* Following [Luby et al. Trans. IT 2001] and assuming a
geometric PMF for 6 (j) [Zeineddine & Mansour] found a

sequence of A(x) and p(x) distributions as parameters
d - oo andj — oo,

« But these distributions have unbounded support and
anyway & (j) turns out to follow a Gaussian model.

Samueli .
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Rate of first decoding is well-modeled by Gaussian.

Probability of Acknowledgement for k = 64
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6(j) PMF as slices from the Gaussian

p.d.f. of rate until the decoder converges to the correct codeword

(o]

— VLFT Simulation
Gaussian Approx.

Probability Density Function
N

0 .
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Rate (RS)
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Generalizing Luby’s equation

m dr, min(w,i)—1 i1
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The probability of VL code not decoding

min(w—1,7) .
: v o i—]
eapp(i,w) = Z ( ) (1 —z0) 20" ™. (12)

= N

As a result, the probability of failure can be calculated as

m dr, min(w—1,7) .
1 . .
capp =Y 0wy A > (.)(1—:::0)%02—3 (13)
w=1 1=1

=0V

dr, min(m—1,7) ; o
=2 A > ( ) (1= o)z,  (14)
i—1 =0 J
where v; = Z;nﬂ 0, as in £(x), and A; = ZC{\L—/:/ is the
left node degree distribution. = Samueli =
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Great performance with almost-regular p(x)

TABLE II

S

e \2o WO oW
e ST W N wet AN

TSR G oo

R o ca A2 s ﬁﬁ'\\“«”

« aRr 5} iter.| % R

€EFF
1 3 1.33333 | 15 | 93.52% 7.09x10~*

(FB)
t

0.531 | 3.39847 | 1.17700| 20 | 95.36% | 7.82x10~ 2 L s T
0.244 | 3.69914 | 1.08133 [ 30 | 96.52% | 8.35x10 2 : =
0.168 | 3.78788] 1.05600 | 40 | 96.83% | 8.50x10 2
0.139 | 3.82287] 1.04633 | 50 | 96.94% | 8.56x10~ 2
0.108 | 3.86100| 1.03600 | 100 97.08% | 8.63x10~ 2
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Great performance with almost-regular p(x)

()

0.08
15 iterations O
20 iterations )
0.06 - 30 iterations
40 iterations
50 iterations
0.04 100 iterations

0.02

Haobo Wang

Fig. 5. r1(z) vs. x for Table II. The curves are generated using (10). Circles
indicate iteration points determined through density evolution. The circles at
x = 1 represent the first iteration.
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Simulations compared to Density Evolution

10°F —~A— Density evolution (a=0.597)
[ —&— Simulation with genie (@=0.597, 1000 left nodes)
— © — Simulation with genie («=0.597, 2000 left nodes)
—4A—— Density evolution (a=0.341)
—©—— Simulation with genie (a=0.341, 10,000 left nodes)
— © — Simulation with genie («=0.341, 20,000 left nodes)
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Fig. 6. Probability of failure vs. the number of iterations for the designs in
Table III from density evolution and genie-aided simulations. 30



Rate loss due to extra right nodes

pFB) _ k(1 —crp)
‘ bo € Brela

k(1 —
RFF) _ (1 —€rp)

d, 4

ar=3+(1—a)

Brr =
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Density Evolution for Peeling Decoders

Left node error rate

103 F

100 ¢
107 F

102 ¢

—©&6— Convolutional
—o—NB-LDPC
PBRL LDPC

alpha
ar
Bff

Rff
Percent of FB

10

5 10 15 20
Iteration

Convolutional

Code LDPC NB-LDPC
0.432 0.43 0.466
3.568 3.57 3.534
1.12 1.12 1.13
0.55001249 0.55961973
0.507681527 8 1
97.42% 98.57% 98.04%
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