Chapter 3

Capacity of AWGN channels

In this chapter we prove that the capacity of an AWGN channel with bandwidth W and signal-to-
noise ratio SNR is W log,(1+SNR) bits per second (b/s). The proof that reliable transmission is
possible at any rate less than capacity is based on Shannon’s random code ensemble, typical-set
decoding, the Chernoff-bound law of large numbers, and a fundamental result of large-deviation
theory. We also sketch a geometric proof of the converse. Readers who are prepared to accept
the channel capacity formula without proof may skip this chapter.

3.1 Outline of proof of the capacity theorem

The first step in proving the channel capacity theorem or its converse is to use the results
of Chapter 2 to replace a continuous-time AWGN channel model Y (t) = X(t) + N(t) with
bandwidth W and signal-to-noise ratio SNR by an equivalent discrete-time channel model Y =
X + N with a symbol rate of 2W real symbol/s and the same SNR, without loss of generality
or optimality.

We then wish to prove that arbitrarily reliable transmission can be achieved on the discrete-
time channel at any rate (nominal spectral efficiency)

p < C[b/ZD} =logy(1 + SNR) b/2D.

This will prove that reliable transmission can be achieved on the continuous-time channel at any
data rate

R < C[b/s] = WC[b/gD] = Wlogy(1+ SNR) b/s.

We will prove this result by use of Shannon’s random code ensemble and a suboptimal decoding
technique called typical-set decoding.

Shannon’s random code ensemble may be defined as follows. Let S, = P/2W be the allowable
average signal energy per symbol (dimension), let p be the data rate in b/2D, and let N be the
code block length in symbols. A block code C of length N, rate p, and average energy S, per
dimension is then a set of M = 2°N/2 real sequences (codewords) ¢ of length N such that the
expected value of ||c||? under an equiprobable distribution over C is N S;.

For example, the three 16-QAM signal sets shown in Figure 3 of Chapter 1 may be regarded as
three block codes of length 2 and rate 4 b/2D with average energies per dimension of S, = 5,6.75
and 4.375, respectively.
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24 CHAPTER 3. CAPACITY OF AWGN CHANNELS

In Shannon’s random code ensemble, every symbol ¢, of every codeword ¢ € C is chosen
independently at random from a Gaussian ensemble with mean 0 and variance S,. Thus the
average energy per dimension over the ensemble of codes is S;, and by the law of large numbers
the average energy per dimension of any particular code in the ensemble is highly likely to be
close to S;.

We consider the probability of error under the following scenario. A code C is selected randomly
from the ensemble as above, and then a particular codeword cy is selected for transmission. The
channel adds a noise sequence n from a Gaussian ensemble with mean 0 and variance S,, = Ny/2
per symbol. At the receiver, given y = ¢y + n and the code C, a typical-set decoder implements
the following decision rule (where ¢ is some small positive number):

e If there is one and only one codeword ¢ € C within squared distance N (S, & ¢) of the
received sequence y, then decide on c;

e Otherwise, give up.
A decision error can occur only if one of the following two events occurs:

e The squared distance ||y — cg||? between y and the transmitted codeword cg is not in the
range N (S, £ ¢);

e The squared distance ||y — c;||> between y and some other codeword c; # cg is in the range
N(S, +e).

Since y — co = n, the probability of the first of these events is the probability that ||n||? is not
in the range N (S, —¢) < ||n||> < N(S,, +¢). Since N = {N;} is an iid zero-mean Gaussian
sequence with variance S, per symbol and HNH2 =>4 Ng, this probability goes to zero as
N — oo for any € > 0 by the weak law of large numbers. In fact, by the Chernoff bound of the
next section, this probability goes to zero exponentially with N.

For any particular other codeword c; € C, the probability of the second event is the probability
that a code sequence drawn according to an iid Gaussian pdf px (x) with symbol variance S, and
a received sequence drawn independently according to an iid Gaussian pdf py (y) with symbol
variance S, = S, + S, are “typical” of the joint pdf pxy(x,y) = px(x)pn(y — x), where here
we define “typical” by the distance ||x — y||?> being in the range N (S, £ ¢). According to a
fundamental result of large-deviation theory, this probability goes to zero as e V¥, where, up
to terms of the order of €, the exponent F is given by the relative entropy (Kullback-Leibler
divergence)

pxy (T, Y)
px(@)py (y)

If the logarithm is binary, then this is the mutual information I(X;Y’) between the random
variables X and Y in bits per dimension (b/D).

D(pxy|lpxpy) = / do dy pyy (z,y) log

In the Gaussian case considered here, the mutual information is easily evaluated as

2 2

y—1x)°logye y“logsy e 1 S
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+3 logy 27 Sy +

Since Sy, = S; + 5, and SNR = S /S, this expression is equal to the claimed capacity in b/D.
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Thus we can say that the probability that any incorrect codeword c; € C is “typical” with
respect to y goes to zero as 2~ NU(X3Y)=0(e)  where d(g) goes to zero as ¢ — 0. By the union
bound, the probability that any of the M — 1 < 2°N/2 incorrect codewords is “typical” with
respect to y is upperbounded by

Pr{any incorrect codeword “typical”} < 2°V [29=NI(X;Y)=d(e))

which goes to zero exponentially with N provided that p < 27(X;Y) b/2D and ¢ is small enough.

In summary, the probabilities of both types of error go to zero exponentially with N provided
that
p <2I(X;Y) =logy(l +SNR) = C[b/QD] b/2D

and ¢ is small enough. This proves that an arbitrarily small probability of error can be achieved
using Shannon’s random code ensemble and typical-set decoding.

To show that there is a particular code of rate p < C,/9p) that achieves an arbitrarily small
error probability, we need merely observe that the probability of error over the random code
ensemble is the average probability of error over all codes in the ensemble, so there must be at
least one code in the ensemble that achieves this performance. More pointedly, if the average
error probability is Pr(E), then no more than a fraction of 1/K of the codes can achieve error
probability worse than K Pr(FE) for any constant K > 0; e.g., at least 99% of the codes achieve
performance no worse than 100 Pr(E). So we can conclude that almost all codes in the random
code ensemble achieve very small error probabilities. Briefly, “almost all codes are good” (when
decoded by typical-set or maximum-likelihood decoding).

3.2 Laws of large numbers

The channel capacity theorem is essentially an application of various laws of large numbers.

3.2.1 The Chernoff bound

The weak law of large numbers states that the probability that the sample average of a sequence
of N iid random variables differs from the mean by more than £ > 0 goes to zero as N — oo, no
matter how small € is. The Chernoff bound shows that this probability goes to zero exponentially
with N, for arbitrarily small €.

Theorem 3.1 (Chernoff bound) Let Sy be the sum of N iid real random variables Xy, each
with the same probability distribution px(x) and mean X = Ex[X]. For 7 > X, the probability
that Sy > N7 is upperbounded by

Pr{Sy > N7} < e NVE(7)
where the Chernoff exponent E.(T) is given by

Ec = - ;
(7) max s7 u(s)

where u(s) denotes the semi-invariant moment-generating function, u(s) = log Ex[e*X].
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Proof. The indicator function ®(Sy > N7) of the event {Sy > N7} is bounded by
(Sy > N7) < 55N =NT)
for any s > 0. Therefore
Pr{Sy > N7} = ®(Sy = N7) < es(S8-N7) | 5>,

where the overbar denotes expectation. Using the facts that Sy = ", Xj and that the X}, are
independent, we have

esS(Sn—NT1) — H es(Xkp—7) = e_N(ST—M(S))7
k

where pu(s) = log esX . Optimizing the exponent over s > 0, we obtain the Chernoff exponent

E. (1) = mAX 57 — wu(s). O

We next show that the Chernoff exponent is positive:

Theorem 3.2 (Positivity of Chernoff exponent) The Chernoff exponent E.(T) is positive
when T > X, provided that the random variable X is nondeterministic.

Proof. Define X (s) as a random variable with the same alphabet as X, but with the tilted
probability density function g(z,s) = p(z)es*#5), This is a valid pdf because ¢(z,s) > 0 and

/q(x, s) dax = e 1) /es“p(x) de = e M) ets) = 1,
Evidently 1(0) = log Ex[1] =0, so ¢(z,0) = p(x) and X (0) = X.
Define the moment-generating (partition) function

Z(s) = M) = Exle¥] = /esxp(:v) dx.

Now it is easy to see that

Z'(s) = /xesxp(x) dx = ") /xesxq(:v, s) dx = Z(s)X(s).

Similarly,

Z"(s) = /xQeS‘”p(a:) dr = Z(s)X2(s).

Consequently, from p(s) = log Z(s), we have

W) = 28X

g (s)\ 2 .
W) = T (Z8) X0 - XG0T

Thus the second derivative p”(s) is the variance of X (s), which must be strictly positive unless
X (s) and thus X is deterministic.



3.2. LAWS OF LARGE NUMBERS 27

We conclude that if X is a nondeterministic random variable with mean X, then u(s) is a
strictly convex function of s that equals 0 at s = 0 and whose derivative at s = 0 is X. It follows
that the function s — pu(s) is a strictly concave function of s that equals 0 at s = 0 and whose
derivative at s = 0 is 7 — X. Thus if 7 > X, then the function s7 — u(s) has a unique maximum
which is strictly positive. O

Exercise 1. Show that if X is a deterministic random variable— i.e., the probability that X
equals its mean X is 1-— and 7 > X, then Pr{Sy > N7} = 0. O

The proof of this theorem shows that the general form of the function f(s) = st — u(s)
when X is nondeterministic is as shown in Figure 1. The second derivative f”(s) is negative
everywhere, so the function f(s) is strictly concave and has a unique maximum FE.(7). The
slope f'(s) = 7 — X(s) therefore decreases continually from its value f/(0) = 7 — X > 0 at
s = 0. The slope becomes equal to 0 at the value of s for which 7 = X(s); in other words, to
find the maximum of f(s), keep increasing the “tilt” until the tilted mean X (s) is equal to 7.
If we denote this value of s by s*(7), then we obtain the following parametric equations for the
Chernoff exponent:

E.(1)=s"(1)r — pu(s*(7)); 7= X(s*(1)).

f(s) slope 7 — X
slope 0
EC (T )—% - ,--'-'/’ﬂ-f_‘ _‘_‘-‘-h--h-“""'-- .
0= |
s*(T) s —

Figure 1. General form of function f(s) = st — u(s) when 7 > X.

We will show below that the Chernoff exponent E.(7) is the correct exponent, in the sense

that
. logPr{Sy > N7}
lim

N—oo N

= E.(7).

The proof will be based on a fundamental theorem of large-deviation theory

We see that finding the Chernoff exponent is an exercise in convex optimization. In convex
optimization theory, E.(7) and u(s) are called conjugate functions. It is easy to show from the
properties of y(s) that E.(7T) is a continuous, strictly convex function of 7 that equals 0 at 7 = X
and whose derivative at 7 = X is 0.

3.2.2 Chernoff bounds for functions of rvs

If g : X — R is any real-valued function defined on the alphabet X of a random variable X,
then g(X) is a real random variable. If { X} is a sequence of iid random variables X}, with the
same distribution as X, then {g(X}y)} is a sequence of iid random variables g(X}) with the same
distribution as g(X). The Chernoff bound thus applies to the sequence {g(X%)}, and shows that
the probability that the sample mean % >k 9(Xk) exceeds T goes to zero exponentially with N

as N — oo whenever 7 > g(X).
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Let us consider any finite set {g;} of such functions g; : ¥ — R. Because the Chernoff bound
decreases exponentially with N, we can conclude that the probability that any of the sample
means % > 1 95 (X)) exceeds its corresponding expectation g;(X) by a given fixed € > 0 goes to
zero exponentially with N as N — oo.

We may define a sequence {Xj} to be e-typical with respect to a function g; : X — R if
+ 301 9;(Xk) < gj(X) +e. We can thus conclude that the probability that {X} is not e-typical
with respect to any finite set {g;} of functions g; goes to zero exponentially with N as N — oo.

A simple application of this result is that the probability that the sample mean % >k 95(Xk)
is not in the range g;(X) & € goes to zero exponentially with N as N — oo for any € > 0,
because this probability is the sum of the two probabilities Pr{}", ¢;(X%) > N(g;(X)+¢)} and

Pr{}>_), —g;(Xx) = N(—g;(X) +¢)}.

More generally, if the alphabet X is finite, then by considering the indicator functions of each
possible value of X we can conclude that the probability that all observed relative frequencies
in a sequence are not within ¢ of the corresponding probabilities goes to zero exponentially with
N as N — oo. Similarly, for any alphabet X, we can conclude that the probability of any finite
number of sample moments % > X7 are not within € of the corresponding expected moments
X™ goes to zero exponentially with NV as N — oo.

In summary, the Chernoff bound law of large numbers allows us to say that as N — oo we will
almost surely observe a sample sequence x which is typical in every (finite) way that we might
specify.

3.2.3 Asymptotic equipartition principle

One consequence of any law of large numbers is the asymptotic equipartition principle (AEP):
as N — oo, the observed sample sequence x of an iid sequence whose elements are chosen
according to a random variable X will almost surely be such that px(x) ~ 2~ VN"(X) where
H(X) = Ex[—log, p(x)]. If X is discrete, then px(z) is its probability mass function (pmf) and
H(X) is its entropy; if X is continuous, then px (z) is its probability density function (pdf) and
H(X) is its differential entropy.

The AEP is proved by observing that —logypx(x) is a sum of iid random variables
—logy px (x1), so the probability that —logy px (x) differs from its mean NH(X) by more than
€ > 0 goes to zero as N — oco. The Chernoff bound shows that this probability in fact goes to
zero exponentially with N.

A consequence of the AEP is that the set T of all sequences x that are e-typical with respect
to the function —log, px(x) has a total probability that approaches 1 as N — oo. Since for
all sequences x € T. we have px(x) ~ 2~ N"X)— j e the probability distribution py(x) is
approximately uniform over T,— this implies that the “size” |T.| of 7. is approximately 2V7(X),
In the discrete case, the “size” |T¢| is the number of sequences in T, whereas in the continuous
case |T;| is the volume of 7.

In summary, the AEP implies that as N — oo the observed sample sequence x will almost
surely lie in an e-typical set T of size ~ 2V"(X) "and within that set the probability distribution
px (x) will be approximately uniform.
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3.2.4 Fundamental theorem of large-deviation theory

As another application of the law of large numbers, we prove a fundamental theorem of large-
deviation theory. A rough statement of this result is as follows: if an iid sequence X is chosen
according to a probability distribution ¢(z), then the probability that the sequence will be typical
of a second probability distribution p(x) is approximately

Pr{x typical for p | ¢} ~ e VP@lla),

where the exponent D(pl||q) denotes the relative entropy (Kullback-Leibler divergence)

Dol = & [los 2] = [ o ployiog 22
Again, p(x) and ¢(z) denote pmfs in the discrete case and pdfs in the continuous case; we use
notation that is appropriate for the continuous case.
Exercise 2 (Gibbs’ inequality).
(a) Prove that for > 0, logx < 2 — 1, with equality if and only if x = 1.

(b) Prove that for any pdfs p(z) and ¢(z) over X, D(p|lg) > 0, with equality if and only if
p(z) = q(x). O

Given p(x) and ¢(x), we will now define a sequence x to be e-typical with regard to log p(z)/q(x)
if the log likelihood ratio A\(x) = log p(x)/q(x) is in the range N(D(p||q) £ €), where D(p||q) =
Ep[A(z)] is the mean of A(z) = logp(z)/q(x) under p(x). Thus an iid sequence X chosen
according to p(x) will almost surely be e-typical by this definition.

The desired result can then be stated as follows:

Theorem 3.3 (Fundamental theorem of large-deviation theory) Given two probability
distributions p(x) and q(z) on a common alphabet X, for any e > 0, the probability that an iid
random sequence X drawn according to q(x) is e-typical for p(x), in the sense that log p(x)/q(x)
is in the range N (D(pl||q) £ ¢€), is bounded by

(1 —0(N))e  NPElD+e) < prix e—typical for p | ¢} < e NP @la)=e),

where 6(N) — 0 as N — 0.
Proof. Define the e-typical region

T. = {x | N(D(pllg) — ) < 1og§§3 < N(D(pll) +<)}.

By any law of large numbers, the probability that X will fall in 7 goes to 1 as N — o0; i.e.,
1—3(N) < / dx p(x) < 1,
where §(N) — 0 as N — oo. It follows that

/dx q(x) < /pr(X)e_N(D(PH‘I)_E)Se—N(D(p|q)_€);
T:

€

/ dx q(x) > / dx p(x)e NP@lD+e) > (1 — 5(N))e  NP@llote), 0

€
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Since we can choose an arbitrarily small € > 0 and 6(N) > 0, it follows the exponent D(p||q)
is the correct exponent for this probability, in the sense that

lim log Pr{x e—typical for p | ¢} -D

A N (pllg)-

Exercise 3 (Generalization of Theorem 3.3).

(a) Generalize Theorem 3.3 to the case in which ¢(z) is a general function over X. State any
necessary restrictions on ¢(x).

(b) Using ¢(z) = 1 in (a), state and prove a form of the Asymptotic Equipartition Principle.
O

As an application of Theorem 3.3, we can now prove:
Theorem 3.4 (Correctness of Chernoff exponent) The Chernoff exponent E.(T) is the

correct exponent for Pr{Snx > Nt}, in the sense that

>
lim log Pr{Sy > N7}
N—o0 N

= EC(T)7

where Sy = Y, xy is the sum of N iid nondeterministic random variables drawn according to

some distribution p(x) with mean X < 7, and E.(T) = maxgs>0 87 — p(s) where u(s) = logesX.

Proof. Let s* be the s that maximizes s — pu(s) over s > 0. As we have seen above, for s = s*
the tilted random variable X (s*) with tilted distribution q(z,s*) = p(x)e* > *") has mean
X(s*) = 7, whereas for s = 0 the untilted random variable X (0) with untilted distribution
q(z,0) = p(z) has mean X (0) = X.

Let ¢(0) denote the untilted distribution g(z,0) = p(x) with mean X (0) = X, and let ¢(s*)
denote the optimally tilted distribution ¢(x,s*) = p(x)es*x’“(s*) with mean X (s*) = 7. Then
log q(z, s*)/q(x,0) = s*z — p(s*), so

D(q(s")[lg(0)) = s — pu(s") = Ee(7).

Moreover, the event that X is e-typical with respect to the variable log q(z, s*)/q(x,0) = s*x —
p(s*) under ¢(z,0) = p(z) is the event that s*Sy — Nu(s*) is in the range N(s*1 — p(s*) £ e),
since 7 is the mean of X under ¢(x,s*). This event is equivalent to Sy being in the range
N(1 +¢e/s*). Since € may be arbitrarily small, it is clear that the correct exponent of the event
Pr{Sny ~ N7} is E.(7). This event evidently dominates the probability Pr{Sy > N7}, which
we have already shown to be upperbounded by e~ NEe(7). O

Exercise 4 (Chernoff bound = divergence upper bound.)
Using the Chernoff bound, prove that for any two distributions p(x) and ¢(x) over X,

X —
Pr{longX; > ND(pllq) | ¢} < e NPEla),

[Hint: show that the s that maximizes s7 — u(s) is s = 1.] O
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3.2.5 Proof of the forward part of the capacity theorem

We now prove that with Shannon’s random Gaussian code ensemble and with a slightly dif-
ferent definition of typical-set decoding, we can achieve reliable communication at any rate
p < C[b/QD] = logy(1 + SNR) b/2D.

We recall that under this scenario the joint pdf of the channel input X and output Y is

1 efo/QSz 1 ef(yfx)Q/QSn.

pxy(z,y) = px(z)pn(y —x) = T Nore

;

Since Y = X + N, the marginal probability of Y is

1 2
—y“ /28,
e v?/ v,

py(y) = =

where Sy, = S; + S,. On the other hand, since incorrect codewords are independent of the
correct codeword and of the output, the joint pdf of an incorrect codeword symbol X’ and of Y
is

L —@yes. L —y2ps,

axy(@'y) = px(@py(y) = o V25,

99

We now redefine typical-set decoding as follows. An output sequence y will be said to be
e-typical for a code sequence x if

PXYSY) S N Dy pxpy) — ).

A y) =log e (y) =

Substituting for the pdfs and recalling that D(pxy||pxpy) = 3logSy/S,, we find that this is
equivalent to
ly = xI1* _ [ly|P

2Ne.
S =75, + €

Since ||y||?/N is almost surely very close to its mean Sy, this amounts to asking that ||y —x||?/N
be very close to its mean S,, under the hypothesis that x and y are drawn according to the joint
pdf pxy (x,y). The correct codeword will therefore almost surely meet this test.

According to Exercise 4, the probability that any particular incorrect codeword meets the test

pxy(%,y)

px (X)py (¥) = ND(pxvy|lpxpy)

Ax,y) = log
is upperbounded by e~ NP (pxvllpxpy) = 9= NI(XY) Tf we relax this test by an arbitrarily small
number € > 0, then by the continuity of the Chernoff exponent, the exponent will decrease
by an amount §(e) which can be made arbitrarily small. Therefore we can assert that the
probability that a random output sequence Y will be e-typical for a random incorrect sequence
X is upperbounded by

Pr{Y e-typical for X} < 2~ NUX:¥)=())

where §(¢) — 0 as e — 0.
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Now if the random codes have rate p < 2I(X:;Y) b/2D, then there are M = 2°N/2 code-
words, so by the union bound the total probability of any incorrect codeword being e-typical is
upperbounded by

Pr{Y e-typical for any incorrect X} < (M — 1)2~NUXY)=0()) o 9= NU(X5Y)=p/2-0(c))
If p < 2I(X;Y) and ¢ is small enough, then the exponent will be positive and this probability

will go to zero as N — oo.

Thus we have proved the forward part of the capacity theorem: the probability of any kind
of error with Shannon’s random code ensemble and this variant of typical-set decoding goes to
zero as N — oo, in fact exponentially with V.

3.3 Geometric interpretation and converse

For AWGN channels, the channel capacity theorem has a nice geometric interpretation in terms
of the geometry of spheres in real Euclidean N-space RY.

By any law of large numbers, the probability that the squared Euclidean norm [|X[|? of a
random sequence X of iid Gaussian variables of mean zero and variance S, per symbol falls in
the range N (S, + ¢) goes to 1 as N — oo, for any € > 0. Geometrically, the typical region

T. ={x e RY | N(S, —¢) < ||x||> < N(S, +¢)}

is a spherical shell with outer squared radius N (S, + €) and inner squared radius N (S, — €).
Thus the random N-vector X will almost surely lie in the spherical shell T, as N — oo. This
phenomenon is known as “sphere hardening.”

Moreover, the pdf px(x) within the spherical shell T; is approximately uniform, as we expect
from the asymptotic equipartition principle (AEP). Since px (x) = (2m5,) /2 exp —||x||?/285.,
within T, we have

(gmsx)*N/Qef(Nﬂ)(s/Sz) < px(x) < (QWeSx)*N/Qe(N/Q)(E/Sz).

Moreover, the fact that px(x) ~ (27reSx)_N/ 2 implies that the volume of 7. is approximately
IT.| ~ (2meS,)N/2. More precisely, we have

1-6(N) < / px(x) dx < 1,

where 6(N) — 0 as N — oo. Since |T;| = fTE dx, we have

1> (2meS,) V2~ WE/S)|T | = |T| < (2meS, ) V/2eN/2)(E/5),
1—0(N) < (2meS,) " N2eWRAEIS)|T | = T > (1 = 6(N))(2meS, ) V/2e=(N/2)(/5)

Since these bounds hold for any € > 0, this implies that

- log|Te| 1
| = —log2mweS, = H(X
= 5 log meSy = H(X),

where H(X) = %log 2meS, denotes the differential entropy of a Gaussian random variable with

mean zero and variance S,.
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We should note at this point that practically all of the volume of an N-sphere of squared radius
N(Sz +¢€) lies within the spherical shell |T;| as N — oo, for any € > 0. By dimensional analysis,
the volume of an N-sphere of radius r must be given by Axr? for some constant Ay that does
not depend on r. Thus the ratio of the volume of an N-sphere of squared radius N (S, —¢) to
that of an N-sphere of squared radius N (S, + €) must satisfy

An(N(S, —¢))N/? Sy —¢

An(N(S, + )2 <Sm te

It follows that the volume of an N-sphere of squared radius NS, is also approximated by
eNHX) = (27eS,)N/2 as N — 0.

Exercise 5. In Exercise 4 of Chapter 1, the volume of an N-sphere of radius r was given as

(WTQ)N/2
=

N/2
) — 0 as N — oo, for any € > 0.

for N even. In other words, Ay = 7™¥/2/((N/2)!). Using Stirling’s approximation, m! — (m/e)™
as m — oo, show that this exact expression leads to the same asymptotic approximation for
Vg (NN, r) as was obtained above by use of the asymptotic equipartition principle. O

The sphere-hardening phenomenon may seem somewhat bizarre, but even more unexpected
phenomena occur when we code for the AWGN channel using Shannon’s random code ensemble.

In this case, each randomly chosen transmitted N-vector X will almost surely lie in a spherical
shell Tx of squared radius ~ N S,, and the random received N-vector Y will almost surely lie
in a spherical shell Ty of squared radius ~ NSy, where S, = S, + S,,.

Moreover, given the correct transmitted codeword cg, the random received vector Y will
almost surely lie in a spherical shell T.(cg) of squared radius ~ N.S,, centered on co. A further
consequence of the AEP is that almost all of the volume of this nonzero-mean shell, whose
center ¢y has squared Euclidean norm ||cg||? &~ NS, lies in the zero-mean shell Ty whose
squared radius is ~ NSy, since the expected squared Euclidean norm of Y = ¢y + N is

EnllIY[[%] = [lcol|* + NS, ~ NS,
“Curiouser and curiouser,” said Alice.

We thus obtain the following geometrical picture. We choose M = 2°PN/2 code vectors at
random according to a zero-mean Gaussian distribution with variance S,, which almost surely
puts them within the shell Tx of squared radius ~ NS,. Considering the probable effects of
a random noise sequence N distributed according to a zero-mean Gaussian distribution with
variance Sy, we can define for each code vector ¢; a typical region T:(c;) of volume |T:(c;)| =~
(2meS,) /2, which falls almost entirely within the shell Ty of volume [Ty | = (2meS,)N/2.

Now if a particular code vector ¢y is sent, then the probability that the received vector y will
fall in the typical region T.(cp) is nearly 1. On the other hand, the probability that y will fall
in the typical region T;(c;) of some other independently-chosen code vector c¢; is approximately
equal to the ratio |T:(c;)|/|Ty| of the volume of T.(c;) to that of the entire shell, since if y
is generated according to p,(y) independently of c;, then it will be approximately uniformly
distributed over Ty . Thus this probability is approximately

To(c)| _ 2meS)N?  (8.,\"?
Ty| ~ (2meS,)N2 — \ S, ‘

As we have seen in earlier sections, this argument may be made precise.

Pr{Y typical for ¢;} ~
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It follows then that if p < logy(1 + S,/S,) b/2D, or equivalently M = 2°N/2 < (S, /S, )N/2,
then the probability that Y is typical with respect to any of the M — 1 incorrect codewords is
very small, which proves the forward part of the channel capacity theorem.

On the other hand, it is clear from this geometric argument that if p > logy(1 4 S,/Sy) b/2D,
or equivalently M = 2°N/2 > (Sy/Sn)N/Q, then the probability of decoding error must be large.
For the error probability to be small, the decision region for each code vector c¢; must include
almost all of its typical region T-(c;). If the volume of the M = 2V /2 typical regions exceeds
the volume of Ty, then this is impossible. Thus in order to have small error probability we must
have

2°N2(27eS, ) N2 < (2meS,)N? = p<log, % = logy(1+ %) b/2D.

This argument may also be made precise, and is the converse to the channel capacity theorem.

In conclusion, we obtain the following picture of a capacity-achieving code. Let Ty be the
N-shell of squared radius ~ NSy, which is almost the same thing as the N-sphere of squared
radius NS,. A capacity-achieving code consists of the centers c; of M typical regions T:(c;),
where ||c;||? ® NS, and each region T.(c;) consists of an N-shell of squared radius ~ NS,
centered on c¢;, which is almost the same thing as an N-sphere of squared radius NS,. As
p — Cpjop) = logo (1 + g—z) b/2D, these regions T.(c;) form an almost disjoint partition of Ty-.

This picture is illustrated in Figure 2.

Figure 2. Packing ~ (S,/S,)" /2 typical regions T.(c;) of squared radius ~ NS, into a large
typical region Ty of squared radius ~ N.S.

3.3.1 Discussion

It is natural in view of the above picture to frame the problem of coding for the AWGN channel
as a sphere-packing problem. In other words, we might expect that a capacity-achieving code
basically induces a disjoint partition of an N-sphere of squared radius NS, into about (S, /S,,)V/?
disjoint decision regions, such that each decision region includes the sphere of squared radius
NS, about its center.

However, it can be shown by geometric arguments that such a disjoint partition is impossible
as the code rate approaches capacity. What then is wrong with the sphere-packing approach?
The subtle distinction that makes all the difference is that Shannon’s probabilistic approach
does not require decision regions to be disjoint, but merely probabilistically almost disjoint. So
the solution to Shannon’s coding problem involves what might be called “soft sphere-packing.”

We will see that hard sphere-packing— i.e., maximizing the minimum distance between code
vectors subject to a constraint on average energy— is a reasonable approach for moderate-size
codes at rates not too near to capacity. However, to obtain reliable transmission at rates near
capacity, we will need to consider probabilistic codes and decoding algorithms that follow more
closely the spirit of Shannon’s original work.





