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• N: blocklength = # channel uses
• R: data rate (bits per channel use)
• Pe: error probability

� ∈ X
y ∈ Y

Pe(N,R) :=min{Pe : code is (N,R)}
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i.i.d. channel bit flips
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• Fix an 0 < ! < 0.5  

Analogous to CLT. Is it a better approach?

Channel dispersion  
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Moderate Deviations

27

C −O(1)

limN→∞− log Pe(R,N)
N = E(R)

• Error exponents:

C − �N

• What is in between?

C −O

�
1√
N

�

Pe(R,N) ≈ �

• Normal approximation:



Moderate Deviations

Theorem: [Altu!-Wagner ’10]

• Let RN = C - !N and assume

• Then

28

lim
N→∞

εN = 0 lim
N→∞

εN
�
N =∞

lim
N→∞
−
logPe(N,RN)

ε2NN
=

1

2V

�
Pe(N,RN) ≈ 2−ε

2
N ·N/(2V)
�
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appears to 
blow up as R 
approaches C

Pe(N,R) ≥
K(R)

N0.5(1+|E�(R)|) 2
−NE(R)

Characterizing the lower-order factors would unify 
error exponents and moderate deviations
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1. Channel Coding Theorem

2. Error Exponents

3. Normal Approximation

I.I.D. Sums Channel Coding

4. EA in channel coding

5. MDP in channel coding

Too many results! 
Can we unify them?
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• Moderate Deviations: if " is in (1/2, 1):

lim
N→0

1

N2β−1 logPr

�
N�

�=1
X� > εNβ

�
= Λ∗N (ε)

• Exact Asymptotics [Bahadur-Rao ’60]:

lim
N→0

Pr
��N

�=1 X� > Nε
�

c�
N
2−NΛ∗(ε)

= 1


