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e Moderate Deviations: if Bisin (1/2, 1):

1
B
/l/l—rpo PYPT log Pr (lexl > eN ) N(e)



Channel Coding

XEX

Discrete memoryless channel: W(y|x)
ye)y




Channel Coding

XEX

Discrete memoryless channel: W(y|x)
ye)y

N YN

AN w o=




Channel Coding

XEX

Discrete memoryless channel: W(y|x)
ye)y

N N
{0, ]_}NR—> Encoder A w L




Channel Coding

XEX

Discrete memoryless channel: W(y|x)
ye)y

N N
{0, 1}NR—> Encoder L W L Decoder |— {0, ]_}NR




Channel Coding

XEX

Discrete memoryless channel: W(y|x)
ye)y

N N
{0, 1}NR—> Encoder L W L Decoder |— {0, ]_}NR

Parameters:



Channel Coding

XEX

Discrete memoryless channel: W(y|x)
ye)y

N N
{0, 1}NR—> Encoder L W L Decoder |— {0, ]_}NR

Parameters:
e N: blocklength = # channel uses



Channel Coding

XEX

Discrete memoryless channel: W(y|x)
ye)y

N N
{0, 1}NR—> Encoder L W L Decoder |— {0, ]_}NR

Parameters:
e N: blocklength = # channel uses
e R: data rate (bits per channel use)



Channel Coding

XEX

Discrete memoryless channel: W(y|x)
ye)y

N N
{0, 1}NR—> Encoder L W L Decoder |— {0, ]_}NR

Parameters:
e N: blocklength = # channel uses

e R: data rate (bits per channel use)
e P.: error probability



Channel Coding

XEX

Discrete memoryless channel: W(y|x)
ye)y

N N
{0, 1}NR—> Encoder L W L Decoder |— {0, ]_}NR

Parameters:
e N: blocklength = # channel uses

e R: data rate (bits per channel use)
e P.: error probability

Pe(N, R) :=min {Pe: codeis (N, R)}
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Pe(N R) decays exponentially with N

1
E(R) :=Ilimsup ——logPe(N, R)
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What is the sub-exponential pre-factor?
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Definition: A symmetric channel W is
reqular if for some x, y, and z:
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capacity for the sake of astronomically low block
error probability in the asymptotic regime.

Sergio Verdu (2007 Shannon lecture)
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e R*(N,e) = max R such that P<(N,R) < €

e Fixan0<e<0.5

'+ Theorem: [Strassen '62, Hayashi ‘09,

Polyanskiy, Poor, and Verdu '10]
As N — oo

R*(N,e) = C — Q—1(€) L0 <lo]ng>

Channel dispersion

Analogous to CLT. Is it a better approach?
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Fix some large N.

P.(N, R)
1 Normal approximation |
) .
O(1)
Error exponents
Q—NET(R) ___________________________________________________________________________________________
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Moderate Deviations

Fix some large N.
P.(N, R)

L1 Normal approximation

-----------------------------------------------------------------------------
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Moderate Deviations

Theorem: [Altug-Wagner '10]

e Let Ry = C - ey and assume

lim ey =0 lim EN\/N=OO
N — 00 N — 00
e Then
lim — 5 = —
N—o0 ENN 2V

(Pe(N, Ri) » 270 V/@V)
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aPO pears to

C_K(R) > - > —NE(R) app;,\lfo%cﬁgs C
7O 5(1+|E’(R)|)

Pe(N, R) >

Characterizing the lower-order factors would unify
error exponents and moderate deviations
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Conclusion

Pre-factor
Bounds

O(NO-3(1+IE'(RI)y o(NO-5(A+IE'(R-)D)
Q(NO-5A+IE(RID) Q(NO-SA+IE(R-)D)

O(NO.S) O(NOS)
Q(N°->) Q(NO-5(1+IE'(R-)Dy

e Normal approximation in channel coding
e Moderate deviations in channel coding
e Lower-order results could unify regimes
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.1.D. Sums

e Exact Asymptotics [Bahadur-Rao '60]:

- Pr (Z?’zlxi > NE)

— £ _2—-NA*(e)
N—0 «/NZ

=1
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1.1.D. Sums

e Exact Asymptotics [Bahadur-Rao '60]:

- Pr (ZiV: Xi > NE)

— £ _2—-NA*(e)
N—0 «/NZ

=1

e Moderate Deviations: if Bisin (1/2, 1):

1
B
/l/l—rpo PYPT log Pr (lexl > eN ) N(e)
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