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Chapter 1

Overview

1.1 Digital data transmission

Most of us have used communication devices, either by talking on a telephone, or browsing the internet
on a computer. This course is about the mechanisms that allows such communications to occur. The
focus of this class is on how “bits” are transmitted through a “communication” channel. The overall
communication system is illustrated in Figure 1.1

Source Channel Signal
- -

Source ..
Coder Coder Transmission

Y
Communication

Channel

Source [Channel| Signal | v
Decoder| |Decoder] Detector|

Figure 1.1: Communication block diagram.

1.2 Communication system blocks

Communication Channel: A communication channel provides a way to communicate at large dis-
tances. But there are external signals or “noise” that effects transmission. Also ‘channel’ might behave
differently to different input signals. A main focus of the course is to understand signal processing tech-
niques to enable digital transmission over such channels. Examples of such communication channels
include: telephone lines, cable TV lines, cell-phones, satellite networks, etc. In order to study these
problems precisely, communication channels are often modelled mathematically as illustrated in Figure
1.2.

Source, Source Coder, Applications: The main reason to communicate is to be able to talk, listen
to music, watch a video, look at content over the internet, etc. For each of these cases the “signal”
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z(t)
AWGN
x(1) y(t)

z(t)

x(t) |Linear time AWGN
—»

invariant | y(t)
channel

Figure 1.2: Models for communication channels.

respectively voice, music, video, graphics has to be converted into a stream of bits. Such a device is called
a quantizer and a simple scalar quantizer is illustrated in Figure 1.3. There exists many quantization
methods which convert and compress the original signal into bits. You might have come across methods
like PCM, vector quantization, etc.

Channel coder: A channel coding scheme adds redundancy to protect against errors introduced by
the noisy channel. For example a binary symmetric channel (illustrated in Figure 1.4) flips bits randomly
and an error correcting code attempts to communicate reliably despite them.

256 LEVELS = 8 bits
4 P —_—

LEVELS

SOURCE

Figure 1.3: Source coder or quantizer.

Signal transmission: Converts “bits” into signals suitable for communication channel which is typi-
cally analog. Thus message sets are converted into waveforms to be sent over the communication channel.
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0 1_Pe 0
P
BSC
P
1 1
1-P,

Figure 1.4: Binary symmetric channel.

This is called modulation or signal transmission. One of the main focuses of the class.

Signal detection: Based on noisy received signal, receiver decides which message was sent. This proce-
dure called “signal detection” depends on the signal transmission methods as well as the communication
channel. Optimum detector minimizes the probability of an erroneous receiver decision. Many signal
detection techniques are discussed as a part of the main theme of the class.

Remote ”

<- -7 i
- A~ - - 4%
- N> - - '

]

Local to Base T T

.
.
P _- - - AN
- : T ’
L
- /

Co-channel mobile

Base Station @ )

Remote

Figure 1.5: Multiuser wireless environment.

Multiuser networks: Multiuser networks arise when many users share the same communication chan-
nel. This naturally occurs in wireless networks as shown in Figure 1.5. There are many different forms
of multiuser networks as shown in Figures 1.6, 1.7 and 1.8.
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Figure 1.7: Broadcast Channel (BC).

1.3 Goals of this class

Understand basic techniques of signal transmission and detection.

e Communication over frequency selective or inter-symbol interference (ISI) channels.

Reduced complexity (sub-optimal) detection for IST channels and their performances.

Multiuser networks.

Wireless communication - rudimentary exposition.

Connection to information theory.

Complementary classes
e Source coding/quantization (ref.: Gersho & Gray, Jayant & Noll)
e Channel coding (Modern Coding theory, Urbanke & Richardson, Error correcting codes, Blahut)

e Information theory (Cover & Thomas)

@)
@)
@) @)
(@]

Figure 1.8: Adhoc network.
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1.4 Class organization

These are the topics covered in the class.

Digital communication & transmission

Signal transmission and modulation

Hypothesis testing & signal detection

Inter-symbol interference channel - transmission & detection
Wireless channel models: fading channel

Detection for fading channels and the tool of diversity
Multiuser communication - TDMA, CDMA

Multiuser detection

Connection to information theory

1.5 Lessons from class

These are the skills that you should know at the end of the class.

Basic understanding of optimal detection

Ability to design transmission & detection schemes in inter-symbol interference channels
Rudimentary understanding of wireless channels

Understanding wireless receivers and notion of diversity

Ability to design multiuser detectors

Connect the communication blocks together with information theory
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Chapter 2

Signals and Detection

2.1 Data Modulation and Demodulation

CHANNEL

1 :
N ! I
! |
MESSAGE {m} VECTOR w
IDEMODULATOR !
SINK ! DETECTOR !
! |
! |
! |
! |

I

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Figure 2.1: Block model for the modulation and demodulation procedures.

In data modulation we convert information bits into waveforms or signals that are suitable for trans-
mission over a communication channel. The detection problem is reversing the modulation, i.e., finding
which bits were transmitted over the noisy channel.

Example 2.1.1. (see Figure 2.2) Binary phase shift keying. Since DC does not go through channel, this
implies that 0V, and 1V, mapping for binary bits will not work. Use:

2o(t) = cos(2w150t), x1(t) = — cos(2m150t).
Detection: Detect +1 or -1 at the output.

Caveat: This is for single transmission. For successive transmissions, stay tuned!

15
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100 Frequency 200

Figure 2.2: The channel in example 1.

2.1.1 Mapping of vectors to waveforms

Consider set of real-valued functions {f(¢)},t € [0,7] such that

T
/ fA(t)dt < oo
0
This is called a Hilbert space of continuous functions, i.e., £2[0,T7.

Inner product
T
<fg>= [ fogwa.
0

Basis functions: A class of functions can be expressed in terms of basis functions {¢,(¢)} as

N
2(t) =D Tntn(t), (2.1)
n=1

where < ¢y, ¢y >= dp—m-. The waveform carries the information through the communication channel.
Z1

Relationship in (2.1) implies a mapping x = to z(t).

TN

Definition 2.1.1. Signal Constellation The set of M vectors {x;},i=0,..., M —1 is called the signal
constellation.

Binary Antipodal Quadrature Phase-Shift Keying
01

Figure 2.3: Example of signal constellations.

The mapping in (2.1) enables mapping of points in £5[0, 7] with properties in IRY. If z1(t) and zo(t)
are waveforms and their corresponding basis representation are x; and xo respectively, then,

<T1,T2 >=< X1,X9 >
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where the left side of the equation is < z1,29 >= fOT 21(t)x2(t)dt and the right side is < x1,x9 >=

oy (D)%),
Examples of signal constellations: Binary antipodal, QPSK (Quadrature Phase Shift Keying).

Vector Mapper: Mapping of binary vector into one of the signal points. Mapping is not arbitrary,
clever choices lead to better performance over noisy channels.

In some channels it is suitable to label points that are “close” in Euclidean distance to map to being
“close” in Hamming distance. Examples of two alternate labelling schemes are illustrated in Figure 2.4.

o T 01T
11 00
10 00
@
Py @

Figure 2.4: A vector mapper.

Modulator: Implements the basis expansion of (2.1).

fl\%(t)
" g%,
o o _|_
o A\ o
. 1%

Figure 2.5: Modulator implementing the basis expansion.

x(H)

Signal Set: Set of modulated waveforms {z;(t)},i = 0,..., M — 1 corresponding to the signal constel-
Zi,1

lation x; = : e RN,
Ti,N

Definition 2.1.2. Average Energy:

M—-1

£ =Elllx|P) = ) I1xillPpx (i)
=0

where px (i) is the probability of choosing X;.
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The probability p, (i) depends on,
e Underlying probability distribution of bits in message source.
e The vector mapper.
Definition 2.1.3. Average power: P, = %’ (energy per unit time)

Example 2.1.2. Consider a 16 QAM constellation with basis functions:

Figure 2.6: 16 QAM constellation.

b (t) = \/%cos%t, bo(t) = \/gsinﬂ%

For 7. = 2400H z, we get a rate of log(16) x 2400 = 9.6kb/s.
Gram-Schmidt procedure allows choice of minimal basis to represent {z;(¢)} signal sets. More on this

during the review/exercise sessions.

2.1.2 Demodulation

The demodulation takes the continuous time waveforms and extracts the discrete version. Given the
basis expansion of (2.1), the demodulation extracts the coefficients of the expansion by projecting the
signal onto its basis as shown below.

N
2(t) = > won(t) (2.2)
k=1

T T N
— [Cswouar = [ S monwo.
0 0
N T N
= Zazk/ ok (t)dn(t)dt = Zxkék_n =z,
k=1 0 k=1

Therefore in the noiseless case, demodulation is just recovering the coefficients of the basis functions.

Definition 2.1.4. Matched Filter: The matched filter operation is equivalent to the recovery of the
coefficients of the basis expansion since we can wrile as an equation: fOT x(t)pn (t)dt == x(t) * ¢ (T —
Dle=r = x(t) * ¢n(=1)i=0-

Therefore, the basis coefficients recovery can be interpreted as a filtering operation.
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¥1 (T — t) X1
y(®) o
T °
[ J

(pN(T — t) TN

Figure 2.7: Matched filter demodulator.

> Tnpn(t)

{bo, b1, ..., borr }

Vector Map Modulator Channel
Message

Demodulator

|

Figure 2.8: Modulation and demodulation set-up as discussed up to know.

2.2 Data detection

We assume that the demodulator captures the “essential” information about x from y(¢). This notion of
“essential” information will be explored in more depth later.

In discrete domain:
M—1

Py(y) = > pyxli)px (i)

=0

This is illustrated in Figure 2.9 showing the equivalent discrete channel.

Example 2.2.1. Consider the Additive White Gaussian Noise Channel (AWGN). Here 'y = x + z, and

P
YIX

VECTOR X y
CHANNEL

MAPPER

Figure 2.9: Equivalent discrete channel.
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hence pyix (ylz) = pz(y — o) = —

2.2.1 Criteria for detection

Detection is guessing input x given the noisy output y. This is expressed as a function m = H(y).
If M = m was the message sent, then

Probability of error = P, = Prob(m # m).

Definition 2.2.1. Optimum detector: Minimizes error probability over all detectors. The probability
of observing Y=y if the message m; was sent is,

p(Y =y | M=m;)=pyx(y i)

Decision Rule: H : Y — M is a function which takes input y and outputs a guess on the transmitted
message. Now,

P(H(Y) is correct) = /]P’[H(y) is correct |Y = ylpy(y)dy (2.3)

Now H(y) is a deterministic function of ybf which divides the space R" into M regions corresponding
to each of the possible hypotheses. Let us define these decision regions by

Ii={y:H(y)=mi}, i=0,...,M—1. (2.4)

Therefore, we can write (2.3) as

P(H(Y) is correct) = Z P(x = x;)P(H(-) = m;|x = x;) (2.5)
= P(x = xj)/ o Pyix(y | x;)dy
= ]P’ /ﬂ{yer yPyix (v [ x;)dy

= / Z x = xj)liyer Py x(y | x5) | dy
Y | j=0

im0 [P(x = x;)Pyx(y | x;)] dy

{mjaxwa[X =x; | yltpy(y)dy

Il
B e—

Hpyap(Y)is correct) (2.6)

where 1 gy cr ;3 is the indicator function which is 1if y € I'; and 0 otherwise. Now (a) follows because H (-)
is a deterministic rule, and hence I (yer;; can be 1 for only exactly one value of j for each y. Therefore,
the optimal decision regions are:
IMAP — fy i —arg [max 1PX|Y[X =x;|yl}, 1=0,...,M—1. (2.7)
= -

genay
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Implication: The decision rule
Haap(y) = argmax Px|y [X = x; | y]

maximizes probability of being correct, i.e., minimizes error probability. Therefore, this is the optimal
decision rule. This is called the Maximum-a-posteriori (MAP) decision rule.

Notes:
o MAP detector needs knowledge of the priors px (x).
e It can be simplified as follows:

PY\X[Y | x]px (i)
Py (¥)

Px\Y(Xi ly) = = Py\x[y | xi]px (xi)

since py (y) is common to all hypotheses. Therefore the MAP decision rule is equivalently written
as:

Harap(y) = argmaxpyx [y | xiJpx (x:)

An alternate proof for MAP decoding rule (binary hypothesis)
Let T'g, T’y be the decision regions for the messages mg, m; as given in (2.4).

For myp = Px(x¢) and m = Px(x1)
Plerror] = P[H(y)is wrong] = wmoPly €Ty | Ho] + mPly € To | Hi] (2.8)

= 7T0/ Pyx(y | XO)dY+7T1/ Pyx(y | x1)dy
Fl I—‘0

= 7T0/ Py‘x(y | Xo)dy + |:]. —/ Py‘x(y | X]_)dy
Fl 1—‘1

= m +/ [ToPyx(y | x0) — 1 Pyx(y | x1)] dy
I

= m+ /N Liyer, [ToPyx(y | X0) — m Pyx(y | x1)] dy
R

to make this term the smallest, collect all the negative area
Therefore, in order to make the error probability smallest, we choose on y € I'y if
ToPyix(y | z0) < mPyx(y|z1)
That is, I'y is defined as,

Px (z0)Pyx(y | zo) _ Px(x1)Pyix(y | z1)
Py (y) Py (y)

ory € I'y, if,

Pxiy(zo|y) < Pxyy(wily)

i.e., the MAP rule!
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moPy|x (¥ | ©0) — M1 Pyx(y | z1)

Figure 2.10: Functional dependence of integrand in (2.8).

Maximum Likelihood detector: If the priors are assumed uniform, i.e., px (x;) = ﬁ then the MAP
rule becomes,

Hyr(y) = argmaxpy x[y | i

which is called the Maximum-Likelihood rule. This because it chooses the message that most likely
caused the observation (ignoring how likely the message itself was). This decision rule is clearly inferior
to MAP for non-uniform priors.

Question: Suppose the prior probabilities were unknown, is there a “robust” detection scheme?

One can think of this as a “game” where nature chooses the prior distribution and the detection rule is
under our control.

Theorem 2.2.1. The ML detector minimizes the maximum possible average error probability when the
input distribution is unknown and if the conditional probability of error p[H a1 (y) isincorrect | M = my]
1s independent of i.

Proof: Assume that P, r/r|m=m, is independent of i.

Let
Pyt jmem, = PME() Z pME
Hence
M—1
P. v (Py) = Z Px (i) Pe prpjm=m, = pME (2.9)
Therefore
M—1

§ . ML
mal’Pe’ML = max PX(Z)Pe,Mle:mi =P
Px Px 4 5

i=
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For any hypothesis test H,

M-1
ngaxPe,H = max E Px (1) Pe, Hm=m,
X
M-1
(a)
> E M eH|m my
M-1
Q)
E MPeJVIL\m:mi:Pe,ML

=0

where (a) is because a particular choice of Px can only be smaller than the maximum. And (b) is because
the ML decoder is optimal for the uniform prior.
Thus,
mazP. i > Porg = PME,
Px

since due to (2.9)
Py =PYE, VP,
O
Interpretation: ML decoding is not just a simplification of the MAP rule, but also has some canonical

“robustness” properties for detection under uncertainty of priors, if the regularity condition of theorem
2.2.1 is satisfied. We will explore this further in Section 2.2.2.

Example 2.2.2. The AWGN channel:
Let us assume the following,

y=x;t+z,
where
z ~N(0,0°T), x,y,zeRY
Hence
1 —l1z]|2
pZ(Z) = 7&@ 202
(2m02)>
giving

PY\X(y | x) = pz(y — %)
MAP decision rule for AWGN channel

—lly—x;112
PYIX[Y | xi] = (o) ¥ 202
Py x [YIxi]px (xi)
Pxy[X =i | y] = 2T HEE

Therefore the MAP decision rule is:

Hyap(y) = argmax {px|Y =X | y]} = argmax {pY|x[y | Xi]px(xi)}

— Iy =1l
pX — n~¢ 207
27r02 2

_ {1 M}
= argmax < log[p

= argmax
K3

202

w2
— awgmin { Yl log[px<xz>1}
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ML decision rule for AWGN channels

Hyr(ly) = arg max pY‘Xy|X—X1]}

—Hy —ly—=;11%
arg max —xe 27
(2m02)2

_ ||y—xz||2}
= argmax

_ Sy =il
= argmiln{ 552

Interpretation: The maximum likelihood decision rule selects the message that is closest in Fuclidean
distance to received signal.

Observation: In both MAP and ML decision rules, one does not need y, but just the functions,

| y—x; ||?,i €0,..., M—1in order to evaluate the decision rule. Therefore, there is no loss of information
if we retain scalars, {|| y — x; ||?} instead of y. In this case, it is moot, but in continuous detection, this
reduction is important. Such a function that retains the “essential” information about the parameter of
interest is called a sufficient statistic.

2.2.2 Minmax decoding rule

The MAP decoding rule needs the knowledge of the prior distribution {Px(x = z;)}. If the prior is
unknown we develop a criterion which is “robust” to the prior distribution. Consider the criterion used
by nature
inP,
max min e, 1 (Pz)

and the criterion used by the designer
m'n ma):P p
I; Px  © (P2)

where P i (p) is the error probability of decision rule H, i.e.,

P[H(y) isincorrect] explicitly depends on Px (X)

P. u(px)
For the binary case,
P.ulpx) = m Plyeli|a) +m Plyelo]|a]
= w0 [ Paixly Loy + (1 =m0) [ Prix(y | a)dy
1 0

Thus for a given decision rule H which does not depend on p;, Pe ir(px) is a linear function of Px ().
A “robust” detection criterion is when we want to

min maxP, g (7).
H w0

Clearly for a given decision rule H,

rr}r%xPe,H(wo) =max{Ply € 'y | Hy], Ply € T'o | H1]|} (2.10)
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P, g(mo) = moPly € T'1 | Ho] + (1 — mo)P[y € T'o | Hi]

Pe,H(ﬂ'O)

Ply € T'1 | Ho)

P[y el ‘ Hl}

Figure 2.11: P pr1.(mo) as a function of the prior 7.

Now let us look at the MAP rule for every choice of .
Let V(mg) = PMAP (1) i.e., the error probability of the MAP decoding rule as a function of Px(x) (or
71'0).

*

T = worst prior

Pe vap(mo)

Figure 2.12: The average error probability P. arr(m) of the MAP rule as a function of the prior m.

Since the MAP decoding rule does depend on Px(x), the error probability is no longer a linear function
and is actually concave (see Figure 2.12, and HW problem). Such a concave function has a unique
maximum value and if it is strictly concave has a unique maximizer w§. This value V(nf) is the largest
average error probability for the MAP detector and 7§ is the worst prior for the MAP detector.

Now, for any decision rule that does not depend on Px(x), Pe m(ps) is a linear function of my (for the

binary case) and this is illustrated in Figure 2.11. Since Pe r(pg) > Pe map(ps) for each p;. The line

always lies above the curve V(mg). The best we could do is to make it tangential to V(7o) for some 7o,

as shown in Figure 2.13. This means that such a decision rule is the MAP decoding rule designed for

prior 7. If we want the nleaXPe, 1 (ps) to be the smallest it is clear that we want 7o = 7, i.e., design
X

the robust detection rule as the MAP rule for n§. Since 7 is the worst prior for the MAP rule, this is
the best one could hope for. Since the tangent to V(mg) at 7} has slope 0, such a detection rule has the
property that P. g (m) is independent of 7.
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Minmax rule
Pe,H(ﬂ—O)

~ * ™0

Figure 2.13: P, g (mo) and Pe arap(mo) as a function of prior m.

Therefore, for the minmax rule H*, we would have
Pr-ly € I'y | Ho] = Py-[y € T'o | Hi]
Therefore for the minmax rule,

P a-(mo) = moPr-[y € I'1 | Hol+ (1 — mo)Pr+[y € T'o | H1]
Pr-ly € 'y | Ho] = Py+[y € T'o | Hi]

is independent of .

Hence P, fjz—z, = Pe,H|z=a, i-€-, the error probability conditioned on the message are the same. Note
that this was the regularity condition we used in Theorem 2.2.1. Hence regardless of the choice of 7y, the
error probability (average) is the same! If 75 = 3 (i.e., p, is uniform), then the maximum likelihood rule
is the robust detection rule as stated in Theorem 2.2.1. Note that this is not so if 7§ # %, then the MAP
rule for 7w becomes the robust detection rule. Also note that the minmax rule makes the performance of
all priors as bad as the worst prior.

Note: If 7§ = 1, or P§(x) is uniform then minmax is the same as ML, and this occurs in several cases.

Prob. of error

T /

V(mo) = Error prob. of Bayes rule

— T

Figure 2.14: P, (7o) Minmax detection rule.

Since minmax rule becomes Bayes rule for the worst prior, if the worst prior is uniform then clearly the
minmax rule is the ML rule. Clearly if ML satisfies PML[error | H;] independent of j then the ML rule
is the robust detection rule.
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2.2.3 Decision regions

Given the MAP and ML decision rules, we can divide R¥ into regions which correspond to different
decisions.
For example, in the AWGN case, the ML decoding rule will always decide to choose m; if

Iy —xi [P<lly —x; I, Vj #1i
Therefore, we can think of the region I'; as the decision region for m; where,
LM ={y eRY :|ly —x |P<|ly —x; I, Vj # i}

The MAP rule for the AWGN channel is a shifted region:

Figure 2.15: Voronoi regions for {z;}, for uniform prior. Hence here the ML and MAP decision regions
coincide.

Iy —xi |?

—x |2
X gy )] < YD gy ), v #4)

rMAP = [y e RV
v y 202

The ML decision regions have a nice geometric interpretation. They are the Voronoi regions of the set
of points {x;}. That is, the decision region associated with m; is the set of all points in RY which are
closer to x; than all the rest.

Moreover, since they are defined by Euclidean norms || y — x; ||?, the regions are separated by hyper
planes. To see this observe the decision regions are:

Iy =i |? < lly—x|°,Vj#i
= -2<y x>+ x| < —2<y.x; >+ x|
1
=<yx x> < o(lx 12 =1 = 1)
1
=><y—-(x+%x),x—%x; > > 0 Vj#1

2

Hence the decision regions are bounded by hyperplanes since they are determined by a set of linear
inequalities. The MAP decoding rule still produces decision regions that are hyper planes.
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2.2.4 Bayes rule for minimizing risk

Error probability is just one possible criterion for choosing a detector. More generally the detectors
minimize other cost functions. For example, let C;; denote the cost of choosing hypothesis i when
actually hypothesis j was true. Then the expected cost incurred by some decision rule H(y) is:

Ri(H) = Zci,jP[H(Y) =m; | M = m;]

Therefore the overall average cost after taking prior probabilities into account is:

R(H) = Y Px(j) % (H)

Armed with this criterion we can ask the same question:
Question: What is the optimal decision rule to minimize the above equation?
Note: The error probability criterion corresponds to a cost assignment:

Cij=11#j4,Ci;=0,i=j.
Consider case M =2, i.e., distinguishing between 2 hypotheses. Rewriting the equation for this case:

R(H) = Px(0)Ro(H) + Px (1) R, (H)

R](H) = CoJP[H(Y) = mo | M= mj] +C17j]P>[H(Y) =ma | M= mj], j = 0,1
= C()’j{l —P[H(Y) = m | M= mj]} +Clyj]P)[H(Y) =m | M= mj], j = 0,1

Let Px(O) = 7o, Px(].) =1- ™0

R(H) = mCooPly € T | x =] + moC1,0Ply € 1 | x = z¢]
+ mCoaPly €Ty | x=z1]+mCi1Ply € 1 | x = 24]
= mCo,0 — m0Co,0Ply € I'1 | x = o] + moC1,0Ply € T'1 | x = 2]
+ mCoa1 —mCoaPly €1 | x=z1]+mCi1Ply € T | x = 21]

m0Co,0 + m1Co,1 + T (C1,0 — Co,o)/ Pyx(y | x = x0)dy
yelr

+ m(Ci1— Co,1)/ Pyx(y | x = x1)dy
yel

1 1
= Z’/cho’j +/ ij(cl,j — Co’j)Py|X(y |x=uz;)| dy
J=0 Y

S S e

Now, just like in the alternate proof for the MAP decoding rule, (see (2.8)) we want to minimize the last
term. As seen in Figure 2.10 this is done by collecting the negative area in the function Z;:O 7 (Ci,; —
Co;)Py|x(y | x = ;) as a function of y. Therefore we get the decision rule,

D ={y e RV: Y Px(j)(C1,; — Co)Pyx(y | x;) < 0}
=0
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Likelihood ratio: Surprisingly, in all the detection criteria we have seen the likelihood ratio defined as,
Pyx (¥ | %o0)
Pyx (y | x1)

seems to appear as a part of the decision rule.
For example, if C;,1 < Cp,1, then we have,

I'y = {y S RN : Py‘x(y | Xl) > prp((y | Xo)}

Px (0)(C1,0—Co.0)
Px (1)(Co,1—C1,1)

For Cpp =Ci11 =0 and Cp;; = Ci0 =1, we get the MAP rule, i.e., 7 = gx—g which minimizes average
X

where 7 =

error probability.

2.2.5 Irrelevance and reversibility

An output may contain parts that do not help to determine the message. These irrelevant components
can be discarded without loss of performance. This is illustrated in the following example.

Example 2.2.3. As shown Figure 2.16 if z1 and zo are independent then clearly yq is irrelevant.

Z A

X N T\
W, ) Y

Yy
Figure 2.16: Example 2.2.3.

Theorem 2.2.2. Ify = [ zl ], and we have either of the following equivalent conditions:
2

¢ ]P)X\YhYz = IED}(|Y1
* Py, iv.x =Py, v,
then y4 is irrelevant for the detection of X.

Proof: If PX|Y1 Y, = ]PX\Yl’ then clearly the MAP decoding rule ignores Y2, and therefore it
is irrelevant almost by definition. The question is whether the second statement is equivalent. Let

Py, v, x =Py, v,

Py v
_ 1, 2
Py, v, = 7PY1 (2.11)
Py v
Y5 X
Py, v.X = - — (2.12)

Py, x
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Hence,
Py, v Py, v.x
Ly X Sy e T T TRy
1 1
P P
oYX VX (2.13)
Py, v, Py,
- Py, v,xPx _ Py, xPx
Py. v, Py,
<Pxyy, vy, = Pxyv,
0

Note: The irrelevance theorem is summarized by a Markov chain relationship
XYoo

which means that conditioned on Y7, Y5 is independent of X.

Application of Irrelevance theorem

Theorem 2.2.3. (Reversibility theorem) The application of an invertible mapping on the channel
output vector 'y, does not affect the performance of the MAP detector.

Proof: Let y, be the channel output, and y; = G(y,), where G(-) is an invertible map. Then

v, = G1(y,). Clearly
[ v ] - [ vy }

Px v, vy, =PXx|v,

and therefore,

and hence by applying the irrelevance theorem, we can drop y,.

2.2.6 Complex Gaussian Noise
Let z be real Gaussian noise i.e., Z = (21 ...z, ), and

1 —HZQH2
_— 20
(27T0_2)N/2e

P,(z) =

Let Complex Gaussian random variable be Z¢ = R+ jI. R, I are real and imaginary components, (R, I)
is jointly Gaussian.
K= E[R?] E[RI]
~ | EIR] E[I?]
R.©) = E[Z2°Z¢] = K[| 2°]°] = B[R] + E[I]

E[Z°Z¢] = E[R?] + j2E[I?] + 24E[RI] = E[R?] — E[I?] + 2jE[RI]
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Circularly symetric Gaussian random variable:

E[Z(Zz) =0« E[R) =E[I?
E[RI] =0

For complex Gaussian random vectors:
C C)= . .
E(2{72{7"] = E[R:R;| + E[LL;) - jE[R:L;) - E[R; L]

Circularly symmetric: E[Zi(C)ZJ(.C)*] =0 for all 4, 5.
Complex noise processes arise due to passband systems, we will learn more on them shortly.

2.2.7 Continuous additive white Gaussian noise channel

Let us go through the entire chain for a continuous (waveform) channel.
Channel: y(t) = x(t) + z(t),t € [0, T)
Additive White Gaussian Noise: Noise process z(t) is Gaussian and “white” i.e

E[:(0)=(t -~ 7)] = 525(r)

Vector Channel Representation: Let the basis expansion and vector encoder be represented as,

N-1
2(t) =D Tudn(t).
n=0
Therefore, one can write,
N-1
y(t) = > wnda(t) + 2(1)
n=0

Let
Yn =< yY(t), dn(t) >, 2, =< 2(t),Pn(t) >, n=0,...,.N—1
Consider vector model,
Yo
y = =X+z
YN-1
Note:

dEf Z Zn¢n 7é Z( = y Z yn¢n )

n=0

Lemma 2.2.1. (Uncorrelated noise samples) Given any orthonormal basis functions {¢,(t)}, and
white Gaussian noise z(t). The coefficients {z,} =< z,¢n > of the basis expansion are Gaussian and
independent and identically distributed, with variance %, ie. E[zpzi] = %5,7,_;@.

Therefore, if we extend the orthonormal basis {¢,,(£)}N - to span {z(t)}, the coefficients of the expansion
{2, )02 would be independent of the rest of the coefficients.

Let us examine,
N—-1

y(t) = 9(t) + 5() = Y (30 + 20)én(t) + 2(t) — £(t)
N————

n=0

9(t)
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Therefore, in vector expansion, y is the vector containing basis coefficients from ¢,,(t),n = N, .. ..
These coefficients can be shown to be irrelevant to the detection of x, and can therefore be dropped.
Hence for the detection process the following vector model is sufficient.

y=X+2z

Now we are back in “familiar” territory. We can write the MAP and ML decoding rules as before.
Therefore the MAP decision rule is:

u Tyl
MAP(Y) = argmin | =3 og[Px (xi)]
And the ML decision rule is:
[y =l
H = -~
ML(Y) arg min [ 52
Let p.(z;) = % i.e. uniform prior.
Here ML = M AP = optimal detector.
B M-1 M—1
Pe - Z ]P)Pl’l':T,Pw(xl) =1- Z PCl’I‘:T,]P)w(xl)
i=0 i=0

i . 1 M-1 1 M-1

—uniform prior

Pe e P = Z Pemijo=e;, =1 — i Z Pejo—a;
=0 =0

The error probabilities depend on chosen signal constellation. More soon...

2.2.8 Binary constellation error probability

Y=X;,+Z, i=0,1, Z~N(0,0%Iy)
Hence, conditional error probability is:

Pervnx=x, = Pllly —xoll > |ly —x1]|], sincey =x¢ + z, (2.14)
= Pemrx=x, = Plllzl| = [l(x0 —x1)+ 2]

= Plllzl* > [|(x1 — x0) — 2|’]

= Pzl = |Ix1 = xoll* + ]2l = 2 < (x1 = x0), 7 >] (2.15)
[< (x1 —%0),2 > S [|x1 — %o

|
~

ol = 2

But < (x1 — xg),2z > is a Gaussian i.e. U BGa—Xo)' 7 i Gaussian, with E[U] = 0, E[|U|2] =02

= X=Xl
=P - [ Lty (2.16)
e MLIX=Xo X5 —Xoll (27TU2)% ’
2
e} 1 502
HX12;X0H (27‘()5

déf Q <||X1 _X0||> (218)
20

= Porr = Px{x0}P{e, ML|x = xo} + Px{x1}P{e, ML|x = x1} = Q <”X12;UX0”)
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2.3 Error Probability for AWGN Channels

2.3.1 Discrete detection rules for AWGN
AWGN Channel: Y =X+ Z, YeCV, zeCV, Z~C.

Let py(z;) = ﬁ i.e. uniform prior, hence the ML is equivalent to MAP detector.
Detection Rule:
Di={yeC":|ly—aill> <|ly—ay|l*, 5 # i}
M—-1 M—-1
Po=" Pep—a,Pu(w:) = 1= > Py, Pu(ws)
i=0 i=0

M—1 M-1
Puniform prior __ 1 P | =1 1 P ‘
e,ML = M E e, ML|lz=x; — + M clr=x;
=0 =0

Hence, for M > 2, the error probability calculation could be difficult. We will develop properties and
bounds that might help in this problem.

2.3.2 Rotational and translational invariance
Rotational Invariance

Theorem 2.3.1. If all the data symbols are rotated by an orthogonal transformation, i.e. )A(: = Qx;,
Vie{0,...,M —1}, where Q € CV*N Q*Q = I, then the probability of error of the MAP/ML receiver
remains unchanged over an AWGN channel.

Proof: Let
Y = X+7%Z (2.19)
=Q'Y = QX+Q'Z 2.20)
~—— N~
Y X 7
=Y = X+Z

but Z is Gaussian (linear transformation of Gaussian Z) and E[ZZ*] = Q*02IQ = 021 = Z is proba-
bilistically equivalent to Z ~ N(0, o%I).

Hence (2.19) is the same as Y = X + Z since Q is an invertible transform = Probability of error is
unchanged.

O

Translational Invariance

If all data symbols in a signal constellation are translated by constant vector amount, i.e X; =X, + a, Vi
then the probability of error of the ML decoder remains the same on an AWGN channel.
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Minimum energy translate: Substract E[X] from every signal point. In other words, among equiv-
alent signal constellations, a zero mean signal constellation has minimum energy.

2.3.3 Bounds for M > 2

As mentioned earlier, the error probability calculations for M > 2 can be difficult. Hence in this section
we develop upper bounds for the error probability which is applicable for any constellation size M.

Theorem 2.3.2. Union bound
Peptifome, <D Palwi )
i

ZQ(IIxiz—(TmI)

J#i

X de .
Poarr < (M = 1)Q(%222) where dyin < min, [[o; — x|

Proof: Forx =ux;,ie. y=x;+ 2

Pe,]\/IL\ac:xi = P U{”y_sz > ||y_mj||}
JFi
<UB NPy — il > ly — a5l = ) Pa(wi, x;)
i#j i#]
||z — ;]|
< - __  J
< Yol
i#]
< ar-ne(%)
20

since Q(.) is a monotonously decreasing function. Therefore

2
i

Peyr = P(x;)P(e, ML|x = x;)

1

S

IA

P - 1@ (2

I
o

i

= (M-1)Q (d;";”)

Tighter Bound (Nearest Neighbor Union Bound)
Let N; be the number of points sharing a decision boundary D; with ;.

Suppose z, does not share a decision boundary with z;, but ||y — x;|| > ||y — z&|| then 3z; € D;
s.t. |ly — x| > ||y — z;|| where D; is a set of points sharing the same decision boundary. Hence
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If y ¢ T';, an error occurs

PrilUjedlly =l <lly —aill}] = Prly ¢ T']
Figure 2.17: Decision regions for AWGN channel and error probability.

lly — @ill < lly — il = 3a; € D; such that ||y — ;| < |y — ]

= Py — 251l < [ly — @ill}]

i

= ]P’[‘U Uly — 25l < lly — =4[ |}]

JED;

IN

=

O
Y 7N
p IS

INAE

g 3
——

Peyr = Z

dmin
= PeJy[L < NeQ < 5 > where N, = E Nle(xl)
g -

Hence we have proved the following result,

Theorem 2.3.3. Nearest Neighbor Union bound (NNUB)

dmin
Pe,ML S NeQ( 2% )

where
N, = Z N; Py (x;)

and N; is the number of constellation points sharing a decision boundary with ;.
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yely

® T

Figure 2.18: Figure illustrating geometry when x;, € D;, then there is a x; € D; such that y is closer to
Z;.

2.4 Signal sets and measures

2.4.1 Basic terminology

In this section we discuss the terminology used i.e., the rate, number of dimensions etc. and discuss what
would be fair comparisons between constellations.

If signal bandwidth is approximately W and is approximately time-limited to T, then a deep theorem
from signal analysis states that the space has dimension N which is

N =2WT

If b bits are in a constellation in dimension N.

- b
=b = N # of bits/dimension
b
R = rate= T = # bits/unit time
L 2b = # bits/sec/Hz
v =
&, = Average energy per dimension = Wx

&9
I

Average power = —
verage pow T

&, useful in compound signal sets with different # of dimension.
Signal to noise ratio (SNR)

SNR — & _ Energy/dim.
02 Noise energy/dim
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Constellation figure of merit (CFM)

def (dmin/2)’
G = e

As (, increases we get better performance (for same # of bits per dimension only).
Fair comparison: In order to make a fair comparison between constellations, we need to make a multi-
parameter comparison across the following measures.

Data rate (R) bits/dim (b) B
Power (P,) Energy/dim (&) B
Total BW (W) OR  Normalized probability of error (P.)

Symbol period (T)
Error probability (P.)

2.4.2 Signal constellations

Cubic constellations

) =~

N-1
T = E Use;
i=0
where N is the number of dimensions, and e; € RY is,

1 ifk=1
) ={ 4

else
where U; € {0,1} depending on “bit sequence”. Hence the number of constellation points is, M = 2.
Orthogonal constellations

M = aN. Example: Bi-orthogonal signal set — M = 2N and x; = +e; = 2N signal points.

Circular constellations

M root of unity
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Example 2.4.1. Quadrature Phase-Shift Keying (QPSK):

Il
e
o
R
S|y
o
A
A\
~

P1(t)

p2(t) = \/gsin(?)0<t<T

‘ . T
The constellation consists of x = ( a:; ), where z; € {—\/&,\/ 5}
5]

= dznzn = 281”) C”I' = zL =1
2
Note that, d2,;, = A€, for BPSK.
Error Probability:
3
Peorrect = Z Pcorrect\ipm (l) = ]P)correct|0
i=0
d. .
_ 1_ min \12
[1- Q)
> P 20(7m) — (T2 < 2q(tmin) . NNUB
= - ) — — _— ) —
error 20 20 20

Where 2Q(%) is the NNUB. Hence for d,in reasonably large the NNUB is tight.
Example 2.4.2. M-ary Phase-Shift Keying (MPSK)

&, sin(L)]?
Amin = 2v/Ex sin(%), Co = [\/_S%(M)] — 92sin2 %

Error Probability: P, < QQ(M)

2.4.3 Lattice-based constellation:
A lattice is a “regular” arrangement of points in an N-dimensional space.
x=Ga, a;in7Z

where G € RV*V is called the generator matrix.
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) 27T/M dmzn

Figure 2.19: Figure for M-ary Phase-Shift keying.

Example 2.4.3. Integer lattice: G =1 = x € ZN
If N=1 we get the “Pulse Amplitude Modulation” (PAM) constellation.

For this, €, = & (M? —1). Thus,

12€ 3&
2 _ T _ T
Dnin = 3z —17 % = 32— 1

..

-3d/2 -d/2 0 di2 3d/2

Figure 2.20: PAM constellation.

Error Probability:

]Pcorrect - M [1 - 2@( 2% )] + M[l - Q( 2% )]
1 dmzn
=P = 2(1- M)Q( oy )

Number of nearest neighbors: N; =2 for interior points, and N;j =1 for end points.

M-2_ 2 1
= 24 — =2(1-—)

Ne M M M

Note: Hence NNUB is exact.

Curious fact: For a given minimum distance d,

12€
2 _ xT
M2 o= 14—
- 1 12&,

Is this familiar? If so, is this a coincidence? More about this later...

39
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Other lattice based constellations

Quadrature Amplitude Modulation (QAM): “Cookie-slice” of 2-dimensional integer lattice. Other
constellations are carved out of other lattices (e.g. hexagonal lattice).

Other performance measures of interest

e Coding gain: v = g—

1
2
e Shaping gain of lattice.

e Peak-to-average ratio.

2.5 Problems

Problem 2.1

Consider a Gaussian hypothesis testing problem with m = 2. Under hypothesis H = 0 the transmitted
point is equally likely to be agg = (1,1) or apy = (—1,—1), whereas under hypothesis H = 1 the
transmitted point is equally likely to be a19 = (—1,1) or a;; = (1, —1). Under the assumption of uniform
priors, write down the formula for the MAP decision rule and determine geometrically the decision
regions.

Problem 2.2

[ MiNnIMaX | Consider a scalar channel
Y=X+Z (2.21)

where X = +1 (i.e. X € {-—1,1}) and Z ~ N(0,1) (and Z is a real Gaussian random variable).

1. Let P[X = —1] = 3 = P[X = 1], find the MAP decoding rule. Note that this is also the ML
decoding rule. Now, let P[X = —1] = IIp and P[X = 1] = 1 — II;. Now, compute the error
probability associated with the ML decoding rule as a function of IIy. Given this calculation
can you guess the worst prior for the MAP decoding rule? (Hint: You do not need to calculate
PeJy[Ap (Ho) for thiS)

2. Now, consider another receiver D, which implements the following decoding rule (for the same

channel as in (2.21)).

DR,I = [%a OO) 9 DR,*I = (_007 %)
That is, the receiver decides that 1 was transmitted if it receives Y € [4,00) and decides that -1
was transmitted if Y € (—o0, 3).
Find P, g(Ily), the error probability of this receiver as a function of Iy = P[X = —1]. Plot P, g(Ily)
as a function of IIy. Does it behave as you might have expected?

3. Find maxy, Pe,gr(Ily), i.e. what is the worst prior for this receiver?

4. Find out the value IIy for which the receiver Dg specified in parts (2) and (3) corresponds to the
MAP decision rule. In other words, find for which value of IIy, Dy is optimal in terms of error
probability.
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Problem 2.3

Consider the binary hypothesis testing problem with MAP decoding. Assume that priors are given by
(71'0, 1-— 7T0).

1. Let V(mo) be average probability of error. Write the expression for V(m).
2. Show that V() is a concave function of mg i.e.
V(o + (- AJy) > AVi(mo) + (1~ MV (),
for priors (m,1 — mp) and (7, 1 — 7).

3. What is the implication of concavity in terms of maximum of V() for mo € [0,1]?

Problem 2.4

Consider the Gaussian hypothesis testing case with non uniform priors. Prove that in this case, if y;
and yy are elements of the decision region associated to hypothesis i then so is ay; + (1 — a)y2, where
a€0,1].

Problem 2.5

Suppose Y is a random variable that under hypothesis H; has density

j+1 —(J 1 -
pi(y) = ——e OOl y e R, j =0, 1.

Assume that costs are given by
0 if =7,
Ciyj = 1 if i=1 and j =0,
3/4 if i=0 and j=1.

1. Find the MAP decision region assuming equal priors.

2. Recall that average risk function is given by:
1 1
Ry (mp) = Zﬂ'jCoJ + ZWJ(CLJ — Co}j)P[H(Y) =m|M = mj].
j=0 j=0

Assume that costs are given as above. Show that Ryap (7o) is a concave function of mg. Find the
minimum, maximum value of Ryap(mg) and the corresponding priors.

Problem 2.6
Consider the simple hypothesis testing problem for the real-valued observation Y:
Ho : po(y) = exp(—y*/2)/ V2, y€R

Hy:pi(y) = exp(—(y —1)?/2)/V2r, y€eR

Suppose the cost assignment is given by Cyo = C11 = 0,C19 = 1, and Cp; = N. Find the minmax rule
and risk. Investigate the behavior when N is very large.
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Problem 2.7
Suppose we have a real observation Y and binary hypotheses described by the following pair of PDFs:

_ [ A=lyl), iffyl <1
m@—{o, if Jy| > 1

and

$(2=1yl), if |yl <2
— 4 bl =
pl(y) - { 0, if |y| > 92

Assume that the costs are given by

Coir = 2C,p >
Coo = Cn =

Find the minimax test of Hy versus H; and the corresponding minimax risk.

Problem 2.8

In the following a complex-valued random vector is defined as:
U="Urg + U

and we define the covariance matrix of a zero mean complex-valued random vector as :
Ky = E[UUT]

We recall that a complex random vector is proper iff Ky, = Ky, and Ky,u, = _K%}IUR' We want to
prove that if U is a proper complex n-dimensional Gaussian zero mean random vector with covariance
A = E[UUT]], then the pdf of U is given by:

1
- - _u'A— L
pu(u) et (M) exp{—u'A" u}
1. Compute ¢ :COV[ {%R} , [[[JJR] }
I I

2. A complex Gaussian random vector is defined as a vector with jointly Gaussian real and imaginary
parts. Write pugu, (ur, ur).

3. Show the following lemma: Define the Hermitian n x n matrix M = Mg + M + j(Mir — M13)
Mgr  Mgs
Mir M

& = [u£ uﬂ v {111112] are equal for all u = ug + juy iff My = Mg and M;r = —MITR
I

and the symmetric 2n X 2n matrix ¥ = 2 { } , then the quadratic forms £& = ufMu and

4. Suppose that A~! = %A‘l(I — jAIRAI_%l) where A = Ar + A[RA;;A]R. Apply the lemma given
above to U = &~ and M = LA~1(I - jA;gAR") in order to show that py(u) and puyu, (ur, ur)

have the same exponents. Use the matrix inversion formulae.

5. Show that det [A = det(AD — BD'CD).

B
C D

6. Using the result above show that 2™v/det ® = det A
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Problem 2.9

Consider the following signals:

2 cos (B +Z) if t€[0,7]

t) = VT T 6 ’

zo(t) { 0 otherwise

() = %cos(%—i—%ﬂ) if te[0,T]
0 otherwise
2

{ 2 cos (3£ +3%) if t€ (0,7

t =
z2(t) 0 otherwise

(a) Find a set of orthonormal basis functions for this signal set. Show that they are orthonormal.
Hint: Use the identity for cos(a + b) = cos(a) cos(b) — sin(a) sin(b).

(b) Find the data symbols corresponding to the signals above using the basis functions you found in

(a).
(c¢) Find the following inner products:
(i) <o(t),0(t) >
(i) < @o(t),z1(t) >
(iil) < wo(t),z2(t) >

Problem 2.10

Consider an additive-noise channel y = x + n, where = takes on the values £3 with P(x = 3) = 1/3 and
where n is a Cauchy random variable with PDF:

1
pu(2) = m

Determine the decision regions of the MAP detector. Compare the decision regions found with those of
the MAP detector for n ~ A(0,1). Compute the error probability in the two cases (Cauchy and Gaussian
noise).

Problem 2.11

Consider the following constellation to be used on an AWGN channel with variance o2:
xo = (—1,-1)
ry = (].7 —].)
o = (—]., ].)
zz = (1,1)
T4 (0, 3)

1. Find the decision region for the ML detector.

2. Find the union bound and nearest neighbor union bound on P, for the ML detector on this signal
constellation.
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Problem 2.12

A set of 4 orthogonal basis functions {¢1(¢), d2(t), d3(t), P4(t)} is used in the following constellation.
In both the first 2 dimensions and again in the second two dimensions: The constellation points are
restricted such that a point E can only follow a point F and a point O can only follow a point O. The
points {1,1}, {—1,—1} are labeled as E and {1,—1}, {—1,1} are labeled as O points. For instance, the
4- dimensional point [1,1,—1,—1] is permitted to occur, but the point [1,1, —1,1] can not occur.

1. Enumerate all M points as ordered-4-tuples.

2. Find b, b.

3. Find &, and &, (energy per dimension) for this constellation.

4. Find dp;, for this constellation.

5. Find P, and P, for this constellation using the NNUB if used on an AWGN with ¢2 = 0.1.

Problem 2.13

Consider an additive-noise channel y = x + n, where = takes on the values +A with equalprobability and
where n is a Laplace random variable with PDF:

1
L lalvE/e

pn(z) = \/50_

Determine the decision regions of the MAP detector. Compare the decision regions found with those
of the MAP detector for n ~ N(0,02). Compute the error probability in the two cases (Laplace and
Gaussian noise) and compare the resulting error probabilities for the same SNR (SNR is defined as

SNR = gHﬂ; ). What is the worst-case noise in the high SNR, ?

Problem 2.14

Consider the general case of the 3-D Ternary Amplitude Modulation (TAM) constellation for which the
data symbols are,

QU
QU

(21, T, Tn) = (g(% —1—M3),=(2m—1—M3),=(2n—1— Mé))

[\
[\

Withl:1,2,...,M%,m:1,2,...,M%,n:1,2,...,M%. Assume that M3 is an even integer.

1. Show that the energy of this constellation is

1 M3
2

2. Now show that
d2

(35—,

Ex
3. Find b and b.

4. Find &€, and the energy per bit &.

5. For an equal number of bits per dimension b = %, find the figure of merit for PAM, QAM and
TAM constellations with appropriate sizes of M. Compare your results.
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Problem 2.15

[ BINARY COMMUNICATION CHANNEL]
Let X € {0,1} and Z; € {0,1},
Yi=X&Z,i=1,...,n,

where @ indicates a modulo-2 addition operation, i.e.,
060=0,061=1,1060=1,101=0.

Let X and Z; be independent and for € < 0.5

. 0 w.p. 7o

X = {1 wp. m (2.22)
. 0 wp. 1—e

Z; = {1 W.p. . (2.23)

{Z;}?_, is an independent and identically distributed binary process, i.e.,
P.(Z1,.... Zn) = [[ P=(Z)

where P, (Z;) is specified in (2.23).

1. Given observations {Y1,...,Y,} find the MAP rule for detecting X. Note here that X is a scalar,
i.e., a binary symbol transmitted n consecutive times over the channel. Hint: You can state the
decision rule in terms of the number of ones in {Y;}, i.e. in terms of Y . ;.

2. Find the error probability of detecting X as a function of the prior 7.
3. What is the minmax rule for detecting X when the prior is unknown?

4. Assume now that mp = 7 = % Let

Y Xy VA
Y, X, I,
—_—— ———— ———
Y X Z

where & is again the modulo-2 addition aperator and the addition is done component-wise.

Here X is a vector and has the following two possible hypotheses

_J 0 wop.
X_{ S w.p.

— Hypothesis Hy
— Hypothesis Hy

N[00 =

where 0 = [0,...,0] and S = [Sy,...,5,] is an i.i.d. process with

1L s =0
PS(Si):{ ; S;=1"
Given n observations Y7, ..., Y,, we want to decide between the two hypotheses. Find the maximum

likelihood rule to decide if X = 0 or X = S, i.e. hypothesis Hy or H;. Again, you can state the
decision rule in terms of the number of ones in {Y;}.
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p | Transmitter | X(t) Yi(t) | Repeater | Xi(t) Yy(t) | Decoder
Lausanne Channel 1 Aubonne Channel 2 Geneva

Figure 2.21: Block diagram for repeater channel

Problem 2.16

[ REPEATER CHANNEL]

We want to lay down a communication line from Lausanne to Geneva. Unfortunately due to the distance,
we need a repeater in Aubonne. Luckily we get to design the repeater in Aubanne and use this to transmit
the signal X;(t). In Geneva we are left with the task of detecting the transmitted bits. Let

Yi(t) X(t) + Z1(b),
Ya(t) = Xi(t)+ Zo(t).

We assume that Z;(t) and Zs(t) are independent and identically distributed real zero-mean Gaussian
noise processes with E [Z1(t)?] = E [Z5(t)?] = 02. Let

X (t) = bo(t).
where ¢(t) is a normalized function, i.e., [ [¢(t)|?dt = 1 and

,_ [ V& wo
V& w.p.

1. Let the receiver is Aubonne attempt to detect the bit using a ML detector and then sends the signal

N[00 =

~

X1 (t) = big(t), (2.24)

on wards to Geneva. Let it use a decoder such that
mn =P [31 = V&b = —\/57}
po = P P;l = V&= \/5—7}
where 0 < pg,p1 < % Find the decoder in Geneva that minimizes
P(error) = P [E # b}
and find an expression for the minimum P(error) in terms of py and p;.

2. Show that to minimize P(error) the decoder in Aubonne must be chosen to minimize P (31 #* b).

Specify the optimal decoder in Aubonne and the overall error probability in Geneva, i.e.,
P@#Q,

given this decoder in Aubonne.

=D



Chapter 3

Passband Systems

In most communication systems the transmission occurs at a frequency band which is not at base band,
but centered at a higher frequency. An example is that of wireless transmission, where the signal is
centered around 1GHz or more. Other examples include TV broadcast, cordless phones, satellite com-
munication, etc. In order to understand transmission over such channels we study representations of
passband systems.

3.1 Equivalent representations

(X (N

LN | /N

Cc C

Figure 3.1: Passband transmission centered at frequency f..

Let carrier modulated signal z(t) be given by,
x(t) = a(t) cos|w.t + 6(t)]
the quadrature decomposition is

x(t) = x1(t) cos(wet) — zo(t) sin(wet)

in—phase quadrature—phase

Thus, a(t) = /23 (t) + 23 (t) , O(t) = tan™" [;?((tt))} :
The baseband-equivalent signal is

wn(t) < ar(t) + jag(t) (3.1)

47
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Note that in (3.1) there is no reference to we.
The analytic equivalent signal is,

xA(t) = xpp (t)ejwct

Hence,
2(t) = Relea(t)
Let
#(t) = Tmfea (1)
Then
() = walt)e I = [a(t) + ji(e)]e !
Hence
() = [a(t) cos(wet) + F(t) sin(wet)] +7 [Z(¢) cos(wet) — & (t) sin(wet)]

zr(t) zq(t)
Representation of passband signals Equivalent representations for x(t) = a(t) cos|w,(t) + 0(¢)] are,
1. Magnitude and phase: a(t), 6(¢)
2. In-phase and quadrature phase: z;(t),zg(t)
3. Complex baseband equivalent: xpp(t)

4. Analytic signal: x4 (%)

3.2 Frequency analysis
We assume that the signal bandwidth is such that

Xo(w)=0
X?(w) -0 }|w| > we

za(t) = zpp(t)ed¥et = x(t) + j2(t)
Now
Flz(t)] = Fler(t) coswet — xg(t) sinwt]
Where F(+) is the Fourier transform.

Hence
1 1
Xw)=z] Xilw—we) + XiwHwe) |— =] Xolw—-w:) — Xglw+w) ]
2 N———’ N———’ 2]
#0 only forw>0 0 only for w<o #0 only for w>0 %0 only for w<o

Let sgn(x) be the function as defined in Figure 3.2.
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sgn(x)
1, >0
+1 sgn(z) =< 0, x =0
-1, <0
-1
Figure 3.2: The sgn(-) function.
Now consider
—sgn(@)X(@) = X1 = we) = Xi(w + @] + 52 [Xq(w —we) + Xolw +w)
= X0 = w0) = X+ w)) + 5 [Xow —we) + Xl +0)
Therefore
F H—jsgn(w)X(w)} = x1(t)sinw.t + zo(t) coswet = Imlr4(t)]

= F{lm[za ()]} Fla(t)] = X(w) = —jsgn(w)X ()

Hence we have
Xaw) = X(w)+j(—jsgn(w))X(w) = [1+ sgn(w)| X (w)

Fourier relationships:

x(t) = x1 coswet — xg(t) sinwet

o) L X(w)
w(t) = 21(t) + jro(t) L Xp(w)
T A(t) = mpp(t)ed @t é Xop(w — we) = Xa(w) = [1 + sgn(w)] X (w)

= Xp(w-we) = [l+sgn(w)]X(w)
or Xpp(w) = [14 sgn(w+ we)] X (w4 we) = Xa(w + we)
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X (w) Xpp(w)

—we — B —we —we + B we — B We we + B —B 0 B

Figure 3.3: Passband and baseband signal representation.

3.3 Channel Input-Output Relationships

Given a passband channel H(w), we can rewrite the channel output as,

Y (w) H(w)X (w)
S Y@+ sgn()] = H)L+ sgn(@)]X (@)
Yaw) ¥ HwXaw)
Vaw) 2 20+ sgn()]H)Xaw)
=Yalw) = %HA(w)XA(w)

Where (a) follows from derivation of X 4(w), (b) is because X 4(w) is non-zero only for w > 0 and hence
111+ sgn(w)] =1 for these frequencies. Now,

Yin(w) = Ya(w+we) = %HA(w—FwC)XA(w—i-wc)
V() = 3Hu()Xn()
Also,
Yip(w) = H(w + we) Xpp(w) for w > —w,
X(w)
) ) H(w)
! |
—W, We
M [ h) ey [T |
Y (w) e We
— , | |
— W, We

Figure 3.4: Representation for passband channels.
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Xpp(w) Hip(w)
2

Yip(w)

/

Figure 3.5: Representation with baseband signals.

SUMMARY of signal representations.

Passband y(t) = z(t) * h(t)
Analytic equivalent ya(t) =za(t) * sha(t)

Baseband Yo () = xpp(t) * %hbb(t)
Yo (w) = Xop (w) H (w + we)

3.4 Baseband equivalent Gaussian noise

Let the noise process be z(t).

No o, _ e
5z<w>=E[|Z<w>u2={ b = W< ] < wet W

0 elsewhere

S, (w)

No/2 No/2

1 | 1
—We —we + W We

Figure 3.6: Bandlimited noise spectral density.

We can write,
za(t) = z(t) + jz(¢).
The correlation function is,
Elz(t)z(t — 7)] = rz(7)
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Hence the power spectral density S, (w) is given by,
Sz(w) = F{r.(1)}

Note that formally S.(w) = E[| Z(w) |?], though these are technicalities which make this a formal rather
than a precise relationship.

Therefore,
o2
E[lZ(w)]'] E(|Z(w)|*] = S.(w)
Sx(w) S (w)
Hence we get the fact that
ro(r) = r+(r) (3.2)
almost everywhere (i.e., except over a set of measure zero). Now let the Hilbert transform 7(t) be,
H(w) = —jsgn(w)
vF
L ot+£0
— Tt
alt) _{ 0 t=0
This is because sgn(w) = u(w) — u(—w) where u(:) is the unit-step function'. Since F~'(u(w)) =

1

2+ 16(t), we can derive the expression for A(t). Hence we have,

Z(t) = h(t) = 2(t)

Now,

ryy = ER@®ZE—7)]=h"(—7)*r. (1) = k(1) x7.(7) = —7.(T)

rz. = E[E@)z(t—7)]=h(7)*r. (1) =7F.(7)
Hence for,

za(t) = z(t) + j2(t)
We have 2,
ra(7) = Elza@)zi(t —7)]
= E[z(t)z"(t — 7)] — jE[2(t)2 )]+ E[2(t)z*(t — 7)) — jPE[2()2(t — 7)]

t “(t—
= 1.(7) = J(=7:(7)) + 37 (7) + 72(7)

Therefore we get,

724 (T) = 2[r2(7) + j72(7)]

which implies

f[T‘zA (7')] = SzA (w)
= 2[1+ sgn(w))]S:(w)
{ 45, (w) w>0

0 elsewhere

IThe unit step function is u(t) = 1,¢ > 0, u(t) = 0,t < 0. At t = 0, there is a discontinuity, and usually u(0) = % is
used. Also F(u(t)) = J% + md(w), where §(w) is the Dirac delta function.
2We denote the complex conjugate by Z*.
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This gives us

S, (w) =48, (w) for w >0

that is,
S. (W) = 2Ny we—W <w<w.+W
2\ =910 elsewhere

Since z4(t) = zpp(t)es¥t, this implies that r,, (1) = r,,, (7)e?“<7, and we get (3.3),

Sop (W) = Se,(w+we)
_ 2Ny |w| <W
= Sapw) = { 0 elsewhere (3-3)

Here is where the messy factor of 2 arises!

Sk

2(t) C (1)

Figure 3.7: The factor of two in noise process.

Define,
- 1
Mo |w| < we + W
5 _ 4 ¢
= 5z(w) { 0  elsewhere
) _ No we—W<W<w.+W
= Sz.w) = { 0 elsewhere
and

. _ No |w| < W
= 8z, (W) = { 0 elsewhere

giving the same energy as the passband noise spectrum.

Example 3.4.1. Let

xbb(t) = \/5(551 +jx2)cp(t)

if
z(t) = a101(t) + T202(t)
where,
1(t) = V2p(t) cos wet
©a(t) = —V2p(t) sin wet

If o(t) is normalized, i.e. ||p|| =1, then if

©1(t) = V2p(t) coswet, pa(t) = V2(t) sin w,t
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y(t)
@ Phase splitter | ——=

o (t)
%nbb(t)
Zpb (1)
V2
——=| Hw+w,) — éﬂbb(ﬂ
(z1 + jao)p m
—= Hw+w) O )

Figure 3.8: Representation of additive noise channel.

= [[eall = [l2ll =1

So under modulation \/2 factor is needed.
Verification: Let us verify that indeed w1 and po are normalized.

B (w) = ﬁ[%@(w C )+ %(b(w Fwl)] = %[@(w —we) + B(w + we)],

where ®;(w) = F(p;),i = 1,2. Hence, it is normalized, i.e.,
1
1]l = Sl + @[] = 1

Note: Scaling is really for analytical convenience, since scaling does not change SNR since it is after

received signal.
Therefore to be precise when X 4(w) = [1 + sgn(w)] X (w)

2X(w) w>0
=X w)=¢ X(w) w=0
0 w<0

3.5 Circularly symmetric complex Gaussian processes

Let Z = R+ jI where I and R denote real and imaginary components respectively.
Z complex Gaussian =- R, [ are jointly Gaussian

R

1

Now if we think of ( ) as a vector then

=|(7) = 0= (e £
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Note that since E [[R] = E[RI], there are three degrees of freedom.
Let

R.=E[ZZ*| =E [R*] +E [I”]

Clearly this has only one degree of freedom. Hence, this is not sufficient to specify the Gaussian random
variable Z.
Define

R.=E[ZZ] =E[R?] - E [I*] + 2jERI]
Thus we have 2 degrees of freedom here.
Definition 3.5.1. Circularly symmetric complex Gaussian variables. A random variable Z is

E[RY] =E ]

circularly symmetric iff = R, =0, i.e. { E[RI] =0

This can be generalized to vectors,

is a complex Gaussian circularly symmetric random variable, iff,
E [Z Z f‘} =0
This implies,
Elziz]] = 0Vi,j
Therefore the complex covariance matrix R, for zero mean random variables is,
R, =E[zz"]
Complex Gaussian vectors The probability density function (pdf) is,

P.(z) = o~ (=) R (z—p)
where E[2] = p1, and R, = E [(z — p)(z — p)"] .

3.5.1 Gaussian hypothesis testing - complex case

y=X-+2

where x,y,z € CV and z is a circularly symmetric complex Gaussian random vector with R, = o21,
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w=0.
Hyap(y) = argmiax]P’w\y(Xdy)
= argmax Py (2;)Py . (y|r:)
= argmaxP,(z;)P,(y — ;)
1 _Hy==;112
= argmaXPm(xi)iNe o*
i mo?)
2
= argmax |InP,(z;) — M]
i o?
[ Wli? ] 2R <y,2 >
= argmax InP,(z;) — 2 g2 + o2
[ WM<y, > |l
= Hyaply) = arg max InP,(x;) + O_y2 - ||02|| ]
where < y,z >=y*z
Similarly
2
Hyp(y) = argmax(—|ly — |]

3.6 Problems

Problem 3.1

arg max[2R < y,z; > —||z;]|%]

. 2
argmin(||y — zi||’]

Let the transmitted bandpass signal be given by

z(t) = acos (2r(f. + %)t) + beos (2n(f. + 2)t)

and a € {0, A}, b € {0, A}.

te[0,T]

1. Find the baseband equivalent signal xy,(t) for the transmitted signal.

2. Find the vector representation of the baseband signal and draw the corresponding signal constella-

tion.

3. Ifa:{

0 w.

1
P 5 B
i and b =

0 w.p.%
P35 A wp. s

© 2

find the average energy of the baseband signal. Is this a minimum energy configuration? If not how
will you modify the constellation so that it is of minimum energy?

Problem 3.2

Consider the following passband waveform:

x(t) = sinc(t)(1 + Asin(4nt)) cos (wct + z) )

where w, >> 4.

4
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1. Find zp(t) and x4 (t), the baseband and analytical equivalents of x(t).
2. Let x(t) is passed through a channel with impulse response h(t) = 0(¢t) — 6(t — 1). Let the output
be y(t). Find yu,(t) and ya(t).
Problem 3.3
[PASSBAND SYSTEMS] Let the transmitted bandpass signal be given by
z(t) = acos (2m(fe + #)t) + beos (2m(fe + 2)t) te[0,T]

and a € {0, A}, b e {0, A}.

1. Find the baseband equivalent signal xy,(t) for the transmitted signal.

2. Find the vector representation of the baseband signal and draw the corresponding signal constella-
tion.

_J o w.p. = _J 0 wop.
3. Ifa—{A W.p.; andb—{A wp.

find the average energy of the baseband signal. Is this a minimum energy configuration? If not how
will you modify the constellation so that is is minimum energy?

D[] =

Problem 3.4
A baseband-equivalent waveform (w, > 27)
Top(t) = (z1 + jao)sine(t)

is convolved with the complex filter
wy(t) =0(t) —jo(t — 1)

1. Find
y(t) = wi(t) * Tpp(1).

2. Suppose y(t) is convolved with the imaginary filter
wo (t) = 2jsinc(t)

to get

Find z(t). Note that sinc(t) * sinc(t — k) = sinc(t — k), k an integer.

3. Let ‘
Z(t) = R{z(t)e!™'} = b(t) * 2(t)

where z(t) = R{Zp(t)e?*<'}. Show that
w(t) = 4sinc(t — 1) cos(w,t) — 4 sinc(t) sin(w,t)

when convolved with the passband x(t) will produce Z(¢). Hint: use baseband calculations.
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Problem 3.5
For the AWGN channel with transfer function,

1 75MHz < |f| < 175MHz
0 otherwise

mn - {

a transmitted signal cannot exceed 1 mW and the power spectral density is also limited according to
S.(f) < —83 dBm/Hz (two sided psd). The two-sided noise power spectral density is 02 = —98 dBm/Hz.
The carrier frequency is f. = 100 MHz for QAM transmission. The probability of error is P, = 1075,
(P dBm = 10"/ mW.)

1. Find the base band channel model H%(f) (after the scaling).
2. Find the largest symbol rate that can be used with the 100 MHz carrier frequency.
3. What is the maximum signal power at the channel output with QAM?

4. What QAM data rate can be achieved with the symbol rate of part 27

Problem 3.6

[ WHITENING PASSBAND RANDOM PROCESSES]
Let us consider a real valued passband random process

X (t) = X1(t) cos(wet) — Xo(t) sin(wet), (3.4)

at a carrier frequency of w.. The processes {X(¢)} and {X¢(t)} are independent stationary zero-mean
Gaussian random processes with,

EX;®)X:t-7)] = ri(7)
and E[Xqt)Xqot—7)] = ro(7).

We assume that
r(r) =rg(r) = 27

and E[X;(t)Xo(t—7)] = 0 V7.
1. Find r,(7) = E[X (¢t)X (¢t — 7)] in terms of r7(7) = ro(7) as a function of w,.
2. Find the correlation function for the baseband equivalent of X (¢) in equation (3.4), i.e., find

E [ X (8) Xpp (t = 7)] = (7).
Also find the correlation function of the analytic equivalent signal E [X 4(¢) X 5 (t — 7)].

3. We sample Xp,(t) at times ¢ = k, i.e., at integer times,

Y (k) = Xop(k).

Hence
E[Y(R)Y"(k —1)] = E [Xen (k) X5, (k — )] = (D).

We want to find a baseband filter to whiten this {Y'(k)} process. Compute such a causal whitening
filter.
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Chapter 4

Inter-symbol Interference and
optimal detection

The main focus till now was one “one-shot” transmission, i.e., transmission of one of M messages using a
N dimensional symbol. Typically, a transmission system sends a sequence of messages. If the channel is
memoryless, i.e., successive transmissions do not interfere with each other, then the analysis up to now
is sufficient. More formally, a channel is memoryless if

t
P(ylay27 .. 'ayt|x17x27 .. 'axt) = H P(yk|$k)
k=1

where {y;,},_, are symbols received over ¢ successive time periods. In practice, symbols do interfere with
each other causing Inter-Symbol-Interference (ISI).

4.1 Successive transmission over an AWGN channel

First, let us examine successive transmission over a memoryless AWGN channel. If we reuse the channel

we send one out of M messages every T seconds. If T' is the symbol period then % is the symbol rate.

Then the data rate R is defined as

lef loge M
e &bits/second.
T
In order to transmit k successive messages, we send
K—1
2(t) = Y ax(t—kT) (4.1)
k=0

where k indicates time index (i.e., message transmitted at kth time instant). We also define

N-1
ri(t) = Z Tk, Pn (1)
n=0

Thus if we want to express z(t) in terms of its basis functions we have,

K—1 K—1N—-1
2(t) =Y wt—kT)=> > apadn(t— KT) (4.2)
k=0 k=0 n—=0 W

61
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Where the equivalent basis {1 (t)} has two indices, one indicating the symbol time and other for the
basis coeflicient, for the symbol time. One can form the optimal receiver by thinking of (4.1) as a one-shot
problem with M* possible messages and therefore decode optimally. If the channel is memoryless, the
problem decouples and instead of M*, we get k, M-dimensional independently solvable problems and the
dimensionality of the problem does not go up exponentially i.e., the complexity does not grow as M*.
Notes:

1. Even though < @n, 0k >= 0n—k, < @n(t —kT), pr(t —IT) > need not be 6,,_y, for k # 1.

However, if < ¢, (t —kT), o (t —IT) >= 0, again the problem decouples and we can do “symbol-
by-symbol” detection.

2. The inherent assumption is that the successive messages are independent. However, if there is de-
pendance, then clearly “symbol-by-symbol” detection is not optimal even for memoryless channels.

4.2 Inter-symbol Interference channel

The inter-symbol interference channel we will focus on is illustrated in Figure 4.1.

(1) W POy

Figure 4.1: The inter symbol interference channel.

The transmitted waveform is,

1

K—
Bt) =)
k=0

N-1
Z Trmn [Qpn(t - kT) * h(t)]a
n=0

pn (t—kT)
and the received waveform is with Gaussian noise,
K—1N-1
Gt) =F() +2(t) = D > @k [onlt — kT) * h(t)] +2(t), (4.3)
k=0 n=0
pn (t—KT)

where z(t) is additive Gaussian noise.
Therefore the n** pulse response is,

Pn(t) = @n(t) * h(t)
Definition 4.2.1. We define the normalized pulse response ©,(t) as,

~ . DPa(t)
#nl) = I,

where ||pﬂ|| =< DPnsPn >1/2~
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Hence, we can rewrite the transmitted waveform as,

K—-1N—-1
Bt) =) xard] on(t — kT)
k=0 n=0 —
scaled version of symbol

Now consider an isolated symbol transmitted over the channel, i.e., not successive transmission. This
means that x; = x0d(k), and the waveform y(¢) is observed in order to detect xo. Therefore, this
“one-shot” transmission specifies a lower bound to the error probability of i.i.d. symbols. Therefore the
SNR of this channel is an upper bound to the SNR of successive data transmission over the ISI channel.
Therefore, this is called the matched filter bound.

Definition 4.2.2. The SNRypp is the SNR of a single shot transmission over the channel given in
(4.3) and is given by,
A

SNRuFB Ny

(4.4)

where £, = E[||zx||?] and No = E[|2(¢)|*].

The main question we first address is, what should the optimum receiver structure be for successive
transmission over the channel given in Figure 4.1. In the sequel, we consider NV = 1 for simplicity. Hence
we will drop the subscript from ¢, (¢) and use it as ¢(t). Clearly all the discussion can be extended to
the case when N > 1 complex dimensions.

4.2.1 Matched filter

In this section we derive a set of sufficient statistics for the ISI channel.

Theorem 4.2.1. The set of discrete-time samples {y(kT')} ke(—oo,00) where y(kT) = §(t) x ¢*(—t)|i=rr
are a set of sufficient statistics for the detection of {xy} over a continuous-time ISI channel whose output
is y(t), i.e.,

§6) = h(t)+ 3 wnplt —nT) + 2(t)

~—~
AWGN

and 3(t) def h(t)xp(t)

Notes:
1. Here we have assumed N = 1, and hence the subscript of ¢ has been dropped for convenience.

2. The result indicates that the following detector structure incurs no loss of optimality.

2(t)

Ty

{y(KT)} K|

=1 Detector |=—— kT




64 CHAPTER 4. INTER-SYMBOL INTERFERENCE AND OPTIMAL DETECTION

Proof: Consider the following problem

g(t) =Y arllpllg(t — kT) + 2(t), t € (00, 00)
k

This is like transmitting symbols {#}, where & = x||p|| using modulating functions {@,(t)} where

P (t) = @(t — kT) (4.5)

We can use a Gram-Schmidt orthogonalization process, for example, to create an orthonormal basis for
the space spanned by {@,}. We can call this orthonormal basis {1} which can be obtained by an
invertible transformation I'. That is

[} = TUEY
o = T

Therefore one can write

gt) = > wth(t) + 2(1) (4.6)
k

where {uy} is the coefficients of >, x1$;(t) in the new basis. From “single shot” transmission, we know
that for white Gaussian noise, the optimal receiver projects onto the orthonormal basis directions, i.e.,
{< 7,9, >} form a set of sufficient statistics for detecting {uy}.

Now if we apply an invertible transform I'"! to recover {uj} expressed in their orthogonal basis {py}
(which may not be orthonormal), then we obtain {< y, @ >} as the set of outputs we process. In other
words, {uy} expresses Z(t) in terms of the basis {¢r} (see (4.6) above), and we can do a change of basis
to express Z(t) in terms of {¢;} which yields the basis coefficients {< ¥, @, >}. Since, the transform is
invertible, by the reversibility theorem we are done.

([
Alternate (more explicit) proof:
Let us consider a finite number of transmissions, i.e., k =0,..., K — 1.
K—1
() = Y axllpllg(t — kT) + 2(1), t € (—o0,00)
k=0

Optimal receiver projects onto subspace spanned by signal when noise is white. That is, let g = P(9),
where P projects onto the signal space. Therefore the projections are,

<§. > zllpllgr >= < 5@, > (llpll)
Hence,
Yk =< G, P >= G(t) * @1 () impr

form a set of sufficient statistics.

4.2.2 Noise whitening

As a result of the matched filtering operation illustrated in Figure 4.2, the noise observed after sampling
need not be white. Consider the output of the matched filter which projects the signal onto the basis,
1.e.,

y(kT) =< ga ()‘bk >
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2(t)

=] 2 (+) 3" (—t) ___;>< — -

~ sample at times kT

Te = ||pll
Figure 4.2: Colored noise at the output of the matched filter.

Let us define,
def . -
y(kT) = ye =D anllpll < $n, &1 > + < 2,3 >

Now,
<@, Pr > = /gb t—nT)o*(t — kT)dt
_ / “(t — (k — n)T)dt
Hence
<P > = < Qo Pr_n >
Let

q =< @07§5l >

Clearly ¢/ = ¢—; and hence {¢;} has conjugate symmetry.
From (4.7),

Y = Zinqk,n—i— < Z,p >
- Zi‘k—nQn'f' < z, Qak >
n

Consider the noise process
Zn :f< z, an >

The spectrum of this noise is,

Blozid = B[ [0 =05 - (0 - 01)ir)
_ / / & (t — nT)@(r — (n— k)T)El=(t)2"(r)|dtdr
_ / / (t = nT)G(r — (n — k)T)Nod(t — 7)dtdr

- / 5*(t — nT)B(t — (n — k)T)dt

t
= N0<¢n—k7<)5n >= QkNO
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Figure 4.3: The noise whitening filter.

Hence {2z} is not in general white. Therefore, after filtering, we have a colored noise process. Ideally, we
would like to work with white noise, and hence we would like to “whiten” it as illustrated in Figure 4.3.
To avoid confusion of lots of z’s floating around, the D-transform is the Z-transform with D = 27!

Definition 4.2.3. (The D-transform)
If H(z) is the z-transform of the sequence {h,}, i.e.,

H(z) = Z hpz™",

then the D-transform of {hy} is
H(D) =Y h,D"
and we denote the transform pair by
{hn} & H(D)
Now, given the review class, we know that the power spectral density of a random (stationary) process is
S2(D) = D{E[zxz}_,]}

And passing a random process (stationary) through a linear filter {g,} (i.e., with D-transform G(D))

results in
1

D*

Sw(D) = G(D)G"(55;)5:(D)

Now we use the spectral factorization theorem.

Theorem 4.2.2. (Spectral factorization theorem) A power spectrum S(D), can be factorized into S(D) =

F(D)F*(5=) where F(D) is causal, stable and minimum phase (i.e., F(D),F~Y(D) are analytic for

D < 1), iff the Paley-Wiener condition holds, i.e.,

1 (7 ,
Jw
Py [ﬂ [In[S(e’“)]|dw < oo

We assume, that this holds for the process that we deal with. Now, armed with this we can write

. o1
5.(D) = NoQ(D) = F(D)F* ()
And therefore the filtering {zj} through G(D) gives,
1. . o o1
w(D)=G(D)G*(—)F(D)F*(—
54(D) = GD)G" () F(D)F ()

By choosing G(D) = F*/(Vlo 7, we see that S, (D) = Ny, i.e., white noise! Now,what happens to our
=

receiver? Note that S, (D) = NoD{q¢n}, hence we have in D-transform notation
QD) | p |l X(D)+ Z(D)

Nioszw) Ip || X(D)+ Z(D)

Y(D)
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Therefore,
~ VNo F(D)F*(5) y
GD)Y (D) = Fe(L) N | p |l X(D)+W(D)
1

\/—N—OF(D) Ip |l X(D)+W(D)

So, it is like converting the channel into }:}Nﬂg. A natural question to ask is whether this procedure gives

any advantage.

The spectral factorization can be arranged such that S,(D) = F(D)F*(Dl) has a causal factor F(D).
Hence we have not only whitened the noise but have converted our channel into a causal sequence. This
combination of @*(—t) and G(D) together is called the whitened matched filter.

Now we have the following problem at hand. Detect sequence {%;} when we observe
~ def 1 .
Y(D) = GID)Y(D) = FD)|pl| X(D)+W(D 4.8
(D) (D)Y (D) m()IIII() (D) (4.8)

Or in time domain,

Uk = D Tken  fo tuwi
n>0 .
= p-1(lplED))
No
when wy, is now white Gaussian noise and {f,} is a causal sequence. Given the problem stated in (4.8),
we would now like to derive efficient detection algorithms while retaining optimality. A naive detection
scheme would incur a complexity of M* where M is the constellation size and K the time window of

detection. Clearly we would need better methods than exponential and the next two sections give efficient
ML and MAP decoders for this problem.

4.3 Maximum Likelihood Sequence Estimation (MLSE)

Consider again!,

V(D) = F(D)X(D) + Z(D) (4.9)
where F(D) = fo+ fiD+...4+f,D" i.e. a finite length response.
Let
_ No de
S.(D) =< o

Note that the signal to noise ratio (SNR) is given by,

Elyk) —=0)F] IIPE k)] g,
o] 2

We make the following assumptions,

e Uniform priors

e v < oo = finite impulse response

Implication: {y(k)} is the output of a finite state machine operating over C (see Figure 4.4), with
additive i.i.d. noise process w(k).

1'We revert back to using z(k) as the notation for noise. In the previous notation this was w(k) and we use z(k) as white
noise. Also, we drop the Y notation and use Y (D) instead of Y (D) used in equation (4.8).
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2 (k) 2k — 1) sk—v+l) o)

]

@fo fi

Z (k)
Figure 4.4: Finite state machine representation of output of WMF.

Definition 4.3.1. We define the state of the finite state machine as S(k) where, let,

x(k—1)
s(k) = x(k:_Q) e’
x(k —v)

Hence y(k) depends only on states s(k),s(k + 1) and noise z(k).

4.3.1 Viterbi Algorithm

The Maximum Likelihood detection criterion yields,

{(#(D)} = arg max PY (D)|X (D)}

Notes:
e This could deal with sequences that are semi-infinite.

e Since there is a one-to-one map between s(D) and X (D), we can equivalently pose the problem as
estimating the state from noisy observations.

e Now, the form of the problem is similar to the decoding of convolutional codes, i.e., employ the
Viterbi algorithm (dynamic programming).

e Let us denote u(D) = f(D)xz(D). Hence u(k) depends only on s(k) and s(k + 1).
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Since z(k) is i.i.d. Gaussian, the log-likelihood splits up as

log P{y(D)|s(D)} > logP.{y(k) — u(k)}
k

> [tog(2mo®) — ly(k) — u(k)P

k
Let us denote .
Tis(D)]f? 3 log P [y(k) — u(s(k), s(k + 1))]
k=k1

u(s(k),s(k + 1)) shows explicit dependence of u(k) on s(k),s(k + 1).

Dynamic programming principle: Suppose, for the moment, we knew that the state s(k) at time
k was S; (one particular choice out of M" choices). Then, for any allowable state sequence s(D), that
starts with s(0) = 0 and passes through state S; at time k, the log likelihood would break up into two
independent parts,

T[s(D)]¢" = T[s(D)]§ +T[s(D)];

If §;(D) be any allowable state sequence from time 0 to k, that has maximum log-likelihood F[S(D)]]S

among all the allowable state sequences starting from s(0) = 0 and ending at s(K) = S;. We call §;(D),
the survivor at time k corresponding to state S;.

Therefore, §;(D) must be the initial segment of the maximum likelihood state sequence, if indeed the true
state sequence was S; at time k. We do not know the state sequence s(k) but clearly it has to be one of
a finite set of sizeM". Consequently, we store survivor sequences for each state and their corresponding
log-likelihoods T'[3;(D)]¥ for j € {1,..., M*}.

Thus we store M sequences §;(D) and their log-likelihoods I'($; (D)]g and update them as follows:

1. For each of the M allowable extensions of §;(D) to time k+1, compute for each of the M" survivors:
Lls;(D)]g ™ =T[3(D))y + P [y(k) — u(S:,S;)] Vi € {1,...,M"}

where [ € {1,..., M"}. This needs MV M = M"*! additions.
2. For each state j, compare the log likelihoods I'[s; (D)]g'|r1 of the M extensions that end in state S,
and select the largest as the corresponding survivor. This needs M*, M-ary comparisons.

This summarizes the Viterbi algorithm, which in principle terminates only at £ — oco. However, we can
make a decision on a particular state (dynamic programming for IST channel), if all the survivors agree on
that state. Moreover in practice, typically good decisions can be made with a finite time horizon. Note
that such a sequence estimation can also work if x(D), itself was the result of the finite state machine
(e.g., convolutional code). In this case the state machine can be augmented and one can obtain an
optimal joint equalization and decoding of the channel code.

4.3.2 Error Analysis

A correct state sequence and an erroneous one are illustrated in Figure 4.5.
Error event: An error event extends from time kq to ks if the estimated state sequence §(D) is equal to
the correct state sequence s(D) at times k; and ke but nowhere in between. Hence §(k1) = s(k1),8(k2) =
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correct state sequence

incorrect state sequence

Figure 4.5:

s(kz2),8(k) # s(k), k1 < k < ka. The Length of error event is n = ko —k; — 1 > v.
Clearly for such an error event:

Z(k)y=a(k), k1 —v<k<k —land ko —v <k<ky—1
(

from the definition of s(k).
However, (k1) # x(k1) and Z(ke—v—1) # x(ko—v—1) since, §(k1+1) # s(k1+1), and §(ka—1) # s(ka—1),
we can define,

eo(D) “ [w(ky) — 2(k)] + [w(ky + 1) — 2(ky + D)]D + ... + [w(ke — v — 1) — (kg — v — 1)] D"
(D) “ fuky) — a(k)] + [ulky + 1) — a(ks + 1)]D + ... + [ulks — 1) — a(ks — 1)]D"

Since u(D) = f(D)x(D), clearly we have €, (D) = f(D)e,(D)

Probability of a particular error event:

u(D)

ly(D) = a(D)]| < [ly(D) = w(D)

a(D)

Think of u(D) being “symbols” in sequence space. Hence, the same way as we did earlier, we can write
the NNUB as

dmin
Pemrse < Ne@ < oy )

where dy, is the minimum distance between sequences u(D), i.e.
uFq
N, is again No = )P, (e, + &)N, that is, the average # of nearest neighbors. Note that this is done in

sequence space and we calculate over the allowable sequences, i.e., £, + & must be an allowable sequence.
The main question is to be able to calculate d,,;, for different channels.
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4.4 Maximum a-posteriori symbol detection

In section (4.3), we explored the maximum likelihood detector. But if the priors are not uniform the
MAP detector is the optimal scheme and this is the focus of the following section.

4.4.1 BCJR Algorithm

For minimizing symbol error probability we use
I(n) = arg rTn(%dP’[x(n)ly(OL —y(N =1

The BCJR algorithm efficiently does this computation simultaneously for all {Z(n)}.

ﬁ(n)=argrﬁi>)<P[ z(n)lyd ] —arggl(%cﬂ”[ z(n),yd ™

where y}2 = {y(k1),...,y(k2)}

Plz(n),yy '] = ZP y(n),ynitss(n) = Si,s(n+1) = S;)
= Z ]P SZ]P[J?(TL), y(n)’ yr]y-i-_lla S(n + 1) = 8j|yg_17 S(n) = 87]
= ZP = SiPlz(n), y(n),s(n +1) = S;lyg " s(n) = Si

P[yn+11|x(n)7y0 7y(n), S(’fl) = 87;, S(n + 1) = Sj]
@ SRyt s(n) = 8i] Pla(n),y(n),s(n + 1) = Sjls(n) = S

.3

an (i) Y (4,5)
Plyn i ls(n+1) = Sj]
ﬁ'rz+1(j)

where (a) is due to the Markov property of the finite state machine. Therefore we obtain the relationship,
Pla(n),yy '] = Y an())yn (i, §)Bas1()
i,J

The BCJR algorithm essentially computes a, (i), and (,41(j) efficiently through the forward-backward
recursion.

’Yn(ivj) = ]P)[y(n)ax(n)v s(n + 1)] = S”S(n) = Sl]

This can be computed for each n, as,

(i,g) = Ply(n),z(n)ls(n) = SilPls(n + 1) = S;ls(n) = Si, x(n), y(n)]
= plam)p(y(n) [ z(n),s(n) = Si) Pls(n + 1) = Sjls(n) = Si, 2(n), y(n)]

If the transition from S; to S; occurs due to symbol Z(n), then
Pls(n+1) = §;ls(n) = Si,z(n), y(n)]

is either 1 if Z(n) = z(n), and 0 otherwise. Now we need to compute {ay, (i)} and {5,(4)}.
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Forward recursion
Computation of {ay, (%)}
an(i) = Plyg~',s(n) =S
= Z]P’ [yn=ts(n) = Si,s(n— 1) = S

Z]p y(n—1),s(n) = S;,s(n—1) = S|

ZP s(n —1) = Su]P[y(n — 1),s(n) = Silyg >, s(n — 1) = S
= Zan 1 ’Yn 1 k Z)

Therefore we get the following forward recursion,

Zan 1(k)yn-1(k, ). (4.10)
Backward recursion
Computation of {8,(4)}
Busa(G) = PlyNllstn+1) =)

= ZPynH, (n+2)=S8ks(n+1) =8j]
= ZPym, (n+1),8(n+2) = Spls(n +1) = S}
= ZPyn+ ),s(n+2) =Skls(n+1) =§,]

P[yﬁﬁr}wy(n +1),s(n+2) =8k,s(n+1)=3§]
= Z'Yn+1(j7 k) Bny2(k)
k

Hence we get the following backward recursion,
Br+1(J Z%H 3, k) Brt2(k) (4.11)

Using the forward-backward recursions, one can then compute the max-a-posteriori symbols {Z(n) 7]27;01.

Notes:

1. The BCJR algorithm computes {z(n)} according to minimum symbol-by-symbol error probability:
This could be different from the sequence of error probability

2. BCJR also gives us “soft-information” on the reliability of the symbols detected.

3. The BCJR algorithm and the Viterbi algorithm (MLSE) applied to same observations (and uniform
priors) may give different candidate sequences, since they optimize different criteria. The choice of
which criteria is important depends on the application.
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4.5 Problems

Problem 4.1
Let the transmission over an ISI channel yield after matched filtering the following model,
Y(D) = [lp[ X (D)Q(D) + Z(D)

where ¢ = e~ 2!l and S, (D) = NoQ(D) and Q(D) is the D-Transform of {q;}.
Find the whitening filter W (D) to whiten the noise. Choose the whitening filter such that the resulting
communication channel after the whitening filter is causal. That is, Q(D)W (D) is causal.

Problem 4.2

Suppose we are given gk, (the autocorrelation function of the normalized pulse function) by : go = 5/4,
¢1 = g—1 = —1/2, and where the equivalent channel in D-transform resulting out of matching filter is
given by :

LS. (D)|plIX (D) + Z(D)

Y(D) = 5

Find S,(D), F(D) and the resulting channel ( write in the temporal domain G(D)Y (D)).

Problem 4.3
[WHITENING AND COLORING]
1. Let the transmission over an ISI channel yield after matched filtering the following model,
Y(D) = []pl| X (D)Q(D) + Z(D)

where ¢; = e 2!l and S, (D) = NoQ(D) and Q(D) is the D-Transform of {¢}.

Find the whitening filter W (D) to whiten the noise. Choose the whitening filter such that the
resulting communication channel after the whitening filter is causal. That is,

Y(D)W(D) = |lpl|X(D) QD)W(D) +Z(D)W(D)

causal channel

2. Let {Z,} be a wide-sense stationary random process with EZ,, = 0,

1.811=0
EZ,Z,_; = 09 |l =1
0 else

and let {Z,,} be a real process. Now let {U,,} be a white, wide-sense stationary real random process,

i.e EU,, =0, and EU,U,,_; = { 10 lelzseo

Find a coloring filter {C,,} such that Z, = C,, x U,
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Problem 4.4

An information sequence X = (X1, Xo,...,X,), X; € {+1,—1} is transmitted over a noisy intersymbol
iterference channel. The ith channel output is given by

Y, =X+ 7
where Z; is an i.i.d sequence of Gaussian random variables, and,
o0
Xi=> Xijhj,
§=0

where h; is the channel impulse response and is given by

hi:{ 1, ifie{0,1}

0, otherwise

Sketch the state diagram of the finite state machine that produces the ouput sequence X from the input
sequence X. Draw the Viterbi decoding trellis for the received sequence Y = [0.28, —0.94, —0.46, 2.26,
1.52], and hence determine the maximum likelihood estimate of X.

Problem 4.5

Considering the channel where H(D) = 1 4+ D, show that d,,;,, the minimum distance between two
different paths for the MLSE detector is, in this case, the same as the minimum distance between paths
in the shortest possible error event. Assume that channel state is known at the beginning and end of the
sequence.

Problem 4.6
Consider transmission over an ISI channel with PAM and symbol period T'. Let ¢(t) = %sinc (%) and
h(t) = 6(t) — 36 (t — T). Assume that AWGN noise has power spectral density No.

1. Determine the pulse response p(t).

2. Determine ||p|| and &(t).

3. Find the autocorrelation function of the noise after sampling the output of the matched filter. Find
the whitening filter such that the resulting channel is causal.

4. Assume that Ny = 25/64, size of PAM is 2 and z; € {—1,1}. Let the transmitted sequence is
{1,—1,-1,1,1} and the output of the whitened matched filter is
{0.7,0.1,—2.0,0.4,0.7}. Find the maximum likelihood sequence using the Viterbi algorithm. As-
sume that the initial and last states are 1.

5. Apply the BCJR algorithm when the received sequence is same as in part 4 . Compare the two
results and comment.

Problem 4.7

Consider noisy ISI channel given by
Yi=X;+ X1+ Z.
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where X; and Y; are the channel input and output, respectively, at time index i, Z is a sequence of
ii.d. Gaussian random variables, with zero mean and unit variance and z; € {—1,1}. Calculate the
symbol-wise MAP esitmate of X, using the BCJR algorithm, if the received sequence Y = [0.28, —0.54,
—0.46, 2.26, 1.52]. You may assume that the channel is in state +1 at the begining and the end of the
sequence. Compare this to the decoding estimate from the MLSE decoder.
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Chapter 5

Equalization: Low complexity
suboptimal receivers

In many applications even the efficient implementation of optimal receivers may be too computationally
intensive for practical use. In such cases further reductions in complexity are sought at the cost of
optimality. This chapter explores several such structures for detection in ISI channels. The chapter
starts with a discussion of linear estimation which forms the principles behind all the structures studied
in this chapter. We then proceed to derive and analyze several suboptimal schemes for ISI channels using
linear estimation as a tool.

5.1 Linear estimation

5.1.1 Orthogonality principle
Suppose
y(k) = Ax(k) + z(k)

and given observations {y(k)} one wants to estimate x(k). Here z(k) is assumed to be Gaussian i.i.d.
noise.
Estimation criterion

min E [||X(k) - f‘("}')“ﬂ

This is called the minimum mean squared error (MMSE) criterion. Our interest is restricted to a class
of linear estimators, i.e.,

x(k) = Wy(k)

where W is the linear estimator matrix.
Hence

def ~
e(k) = x(k) —x(k) = x(k) — Wy(k)
and the problem becomes to find W such that

_ . _ 2
Wops = argminE [|fx(k) — Wy (k)]

and the MMSE is defined as
Rrarse = E [|Ix(k) = Wopy ()] ]

7
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Notation: Given a vector (or matrix) x (or A) we use the notation x* (or A*) to denote Hermitian
transpose, i.e., complex conjugation and transpose. We use x! (or A?) to denote ordinary transpose
without complex conjugation.

Now, we can write the mean-squared error as,

E |[[x(k) - WY(k)HQ} = trace(E [[(x(k) - Wy(k))(x(k) - Wy(k))"]]}
= trace{R;; — Ry;yW* — WR,, + WR,, W™} (5.1)

Now to find W, we can differentiate equation (5.1) with respect to (W) = element of matrix W.
An alternate method would be to “guess” the solution. We use the following gbablc property of the trace
operator for matrices.

Fact 5.1.1. For matrices A € C™*"™ and B € C™*™,
trace(AB) = trace(BA).

Theorem 5.1.1. (Orthogonality principle) The MSE is minimized if and only if the following con-
dition is met
E [e(k)y" (k)] = 0 Vk

Proof: Let W any linear estimator, and W ,; be the linear estimator which satisfies the orthogonality
principle.

E[I)I?] = E[lI6(k) — eopt (k) + eopt (k) I

= E[lIe(k) — eop(R)IP] +E [lleopt (k)] + 2Re {E [e5,,(k) {8(k) — eope(k)}]}
2B [l1e(k) — eop(R)IF] +E [lleops (k)] + 2Re {trace [E [el, (k) {6(k) — eon(k)}]] }
2 E [lIe(k) = eopt ()] +E [lleop: (k)]
= x(k) + Wopry (k) } €5 (0)] |}
118k) = eopu(R)I[*] +E [[leape (k)] [*] +2Re {trace [E [(Wop: — W)y (k)es (k)] | }

+2Re {trace [E Hx(k) — Wy(k‘)

A
o |l
=
T L

2 [lIe(k) — eopt(R)IF] +E [lleops (k)]

leapt (k) I

v
=

Where (a) follows because trace of a scalar is the same as the scalar. Also (b) follows since trace is a
linear operator i.e.,

E [trace(-)] = trace{E[(-)]},
and because of Fact 5.1.1. Finally (¢) follows due to the supposition of the theorem. Therefore we get
the if part of the theorem directly due to the inequality E {||é(k‘)||2} >E [||eopt (k;)||2} We get the only

if part by noticing that we need for optimality of any other estimator, E [||é(k‘) - e(,pt(k‘)HQ} = 0 which
means that &(k) = e, (k) almost everywhere, i.e., except over a set of measure zero. This implies that

Wy(k‘) = W,y (k) almost everywhere, resulting in W = Wt for optimality. Hence we have proved
the theorem.
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O
Therefore, using the orthogonality principle, we have
E[(x(k) = Wopey(k))y™ (k)] =0
or
WoptRyy = Ray
where Ry, = E[y(k)y*(k)], Rsy = E [x(k)y* (k)] and hence
Wopf RTyR ! (52)

Now, let us calculate the minimum mean-squared error (MMSE) of the optimal estimator.

sy = B [Ix(k) = Wouy(R)|*]
= E[(x(k) = Wopry (k))"eop]
= E[x"(k)eopt] — trace {E[Wopy(k)eopt]}
)

@R x (k) (x(k) — Wopey (k)]
= E [||x(k)||2] — traceE [Wopry (k)x" (k)]
= trace [E [xx ] — W E [yx"]]

trace [Rgz — Wopt Ryz]

Where (a) follows due to Theorem 5.1.1.

Optimum (non-linear) MMSE estimation

A natural question to ask is what the optimal estimator is, without the restriction to a linear estimator.
We next show that the optimal estimator is given by

x=E[x|Y=y].
Notes:

1. In general, depending on the distributions x = E [x|Y = y] could be a non-linear function of y. For
brevity we will denote E [x|Y = y] by E [x]y].

2. If x,y are jointly Gaussian , then X = E [x|y] is linear and hence linear estimators are optimal for
estimating Gaussian random processes from another (correlated) Gaussian random process.

3. Here as well we will show (see Theorem 5.1.2), that the orthogonality principle holds, i.e.,

(x—E[x|y]) L (s(v))

for any (measurable) function g(y). Hence
Eleopty™] = 0.

Theorem 5.1.2. X, = E[X | Y =y] and x — Xopr L g(y) for any (measurable) function g.
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Proof: First, it is easy to see that the tower property holds, i.e.,
Ex[X] = Ey [Exjy [X]]
Hence

EXg*(y)] = Ey [ExyXe* )] =Ey [(ExylX]) g* ()]

E
Ey [(EX\y[X | Y]) g" (Y)}
0

= E[(X - Exy[X]) g"(y)] =

Therefore, if we denote X,y = Exjy [X | Y], then x — X, L g(y).
Now, let x be any other estimator

= E[lx—x ") = E[]x—X+Xopr — Xopt [|”]

E[ (Xopt — X) + €opt ||2]

= E[| (Xopt — X) ”2] +E[| Copt HQ] +2Re E[eoz)t (Xopt — %)
———

g(y)

= B[] x - % | E[]| Gopt — %) [I°] + E[]| eope [I]

=X = Xopt, 0.c.
Where the notation a.e. means “almost everywhere”, i.e., everything except over a set of zero measures.
O

The estimation principles can be applied to a variety of situations. In particular we are interested in
applying it to scenarios where we observe a random process {y(k)} which is a noisy observation of the
process {x(k)} which we want to estimate. Note that in general the processes {x(k)}, {y(k)} need not
be white, i.e., there could be dependencies over time which we can exploit. In this context in the next
sections we consider the following cases.

Smoothing: Here we are allowed to use the entire observation y(n), n € (—oo,00) in order to estimate
x(k). Therefore we can use “future” observations in the estimate of x(k).

Prediction: In this case we are only allowed to process the observations strictly causally. Therefore,
in estimating x(k), we can only use observations y(n), n € (—oo,k — 1). In this problem, we can
also formulate a pure prediction problem where the observations x(n), n € (—oo,k — 1) are used
to predict the value of x(k).

Filtering: In this case we are only allowed to process the observations causally. Therefore, in estimating
x(k), we can only use observations y(n), n € (—oo, k). Therefore the difference between prediction
and filtering is that one can use the “current” observation as well for the estimate of x(k). However,
this means that the filtering problem is degenerate if the observations are {x(k)} itself.

5.1.2 Wiener smoothing

Recall, for a random process {z(k)}, (scalar and wide-sense stationary).
Autocorrelation:

ree(l) = Elz(k)z*(k —1))
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i.e., {rzz(1)} exhibits conjugate symmetry.
Power Spectrum: We define the power spectrum and cross spectrum as,

Ryp(D) = D{E[wxt}_p]}, Ray(D) = D{E[zry}_p]}, (5-3)

where D(-) denotes the D-transform. Note that there is conjugate symmetry in the power spectrum, i.e.,
Roa(D) = R, (D).

Notation (mneumonic): Very often in the class we denote the power spectrum and cross spectrum
loosely as

Rez(D) = E[X(D)X*(D77)], Ray(D) = E[X(D)Y* (D)),

but this is an imprecise statement. What we really mean is the relationship in (5.3). This notation is
really used as a mneumonic to easily write out relationships.

Suppose we observe {y(k)} and we want to estimate {z(k)} where unlike our previous set-up, there would
be correlation between y(l) and z(k),k # . Here we would need to “filter” {y(k)} to estimate {z(k)}.
We restrict our attention to linear filters, i.e.,

Hence,
X(D) = W(D)Y(D)
E(D X(D) — W(D)Y (D)
—
X (D)

We use the criterion,

min B [[e(k)°]

Claim 5.1.1. The optimal estimator Wop (D) is such that
E [eopt(kK)y* (kK —n)] =0, Vn
where eqp (k) = (k) — Zopt (k), where Xopi (D) = Wop(D)Y (D).
Using this orthogonality principle we have,
E [eopt(k)y* (K —n)] =0, Vn (5.4)

Hence,

|

= Elz(k)y"(k—n)] = > wopr(DE [y(k — Dy*(k —n)] = 0
l

{E(k) - Z wopt(l)y(k - l)
l

y*(k—n)] =0

= Tay(n) = Z Wopt (1) Ty (0 — 1)
1
= Rey(D) = Wop(D)Ryy(D) (5.5)

where we have denoted 75, (n) = E [z(k)y*(k — n)] and ryy(n — 1) = E[y(k — Dy*(k — n)].
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Note: The relationship in (5.4) (seen in more detail in (5.5) above) can be written in mneumonic as
E[E(D)Y*(D™*)] = o. (5.6)
This is useful since the relationship in (5.5) can be easily seen by simple manipulation as

E [{X(D) - W(D)Y (D)} Y*(D™*)] =0 (5.7)

= Ry (D) = Wopt (D) Ryy (D).
The relationship given in (5.6) is really again a shorthand for the cross-spectrum relationship as illustrated
before in (5.3) and in (5.5). Omne can represent the orthogonality condition either way as long as the

meaning is clear.

Hence
Wopt(D) = Ruy(D)R,, (D).

vy

is the optimal linear filter to estimate {z(k)} from {y(k)}. As before, the cross-spectrum and the spectrum
respectively, are denoted by R, (D) = E[X (D)Y*(D~*)], Ryy(D) =E[Y/(D)Y*(D~*)].
Note that,

) & yn)
) = Y yn)D"
=Y*(D) = > y(n)(D)"
) = Dyt
) = D _yt(m)D "= y*(-n)D"

5.1.3 Linear prediction
Given a sequence {xj}, we want to use the past to predict the present using a linear filter, i.e.,

oo

i‘k = § AmTk—m

m=1

Question: Find {a,,},._; such that E {|a:k — i‘kﬂ is minimized.

Using orthogonality condition, we have

ekz(xk—ik)J_xk_n, n=1...

Using this,
o0
E ||z — Z amxk_m]xzn] =0
m=1
or,

E [a:ka:,ﬁ_n] = Z amE [a:k_mxz_n}
m=1
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giving,
ry(n) = iamrw(n—m), n=1,... (5.8)
m=1
Let,
Gn = T2(n) — i amTe(n —m) = i al re(n—m) (5.9)
m=1 m=0
with,

ap=1,a!, = —a,,m>1

Clearly, due to (5.8) {gn} is a anti-causal sequence. Now, suppose the Paley-Wiener condition holds and
we can write the power spectral density (PSD) of {x(k)} as,

Sz(D) = L(D)L*(D™")T,

where L(D) is minimum phase (i.e., zeros and poles of L(Z) are strictly inside the unit circle). Now,
taking the D-transform on both sides of (5.9) we get

G(D) = 4(D)S,(D) = A'(D)L(D)L* (DT,
where A’(D) is causal and monic and G(D) is anti-causal. Hence,

G(D)
—— < = A(D)L(D 1
Now, since L(D) is minimum phase, L~!(D) is causal and stable, and 1/L*(D~") is anti-causal !.
Hence we have LHS of (5.10) which is anti-causal, equal to the RHS which is causal. Also, since
A'(D), L(D) are monic and causal, A'(D)L(D) is also monic. Hence for (5.10) to be true, we need

Since L(D) is a minimum phase, A’(D) is therefore causal and stable.
Also for I > 1

o0
E [ekez_l] = E ek{xk_l — Z ama:k_m_l}*
m=1
oo
= Elewai ] — ) anE[erzy ]
m=1

Since due to orthogonality principle, Elegz;_;] =0, VI > 1, we get,
E [exes_y] =0,1#0

i.e., {ex} is a white sequence and the prediction filter is also a whitening filter for the error sequence.
The prediction error sequence is called the innovation sequence as it conveys the unpredictability or the
“new” information in each step of the process.

IL=YD) =1lo+ 302 InD™ = L=*(D™*) =I5 + 302, I D™ is anti-causal.
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5.1.4 Geometry of random processes

A random variable/vector/process is a mapping from a probability space 2, to C™. i.e., if x € C,
x =x(w), X : Q — C".

Example 5.1.1. Think of w € Q as an outcome of a single trial, and X (w) is just a mapping from the

outcome of the trial to a complexr vector.

Linear space of {y}

Figure 5.1: Geometry of random processes.

Just as in elementary geometry there is a Pythagorean relationship between x, Z,,; and Z.

Theorem 5.1.3. Pythagorean theorem:
Efll x — %opt 7] + E[| % |I°] = E[|| x |I*]

Inner products: The following properties define an inner product.

1. Linearity: < a1Xj + aeX2,y >= a1 < X1,y > +as < X2,y >
for ay, as € C.

2. Reflexivity: < x,y >=<y,x >*

3. Non degenerative: || x ||2é< x,x>=0x=0

Definition 5.1.1. (Linear Vector Spaces) A linear space V whose elements are vectors, and a ring of
scalars S through which the operation ax € V, for a € S, x € V is well defined. Moreover the addition

operator x +y €V for any x,y € V is also defined.
V is a linear space if given x,y,z € V, o, € S the following are satisfied,

(i) x+y=y+x
(i) (x+y)+z=x+(y+2)

(iii) a(x+y)=ax+ay
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(iv) (a+pB)x=ax+px
(v) (af)x = a(Bx)
(vi) 0-x=0,1-x=x
Usually & = C in our application. Also, of importance is S = { set of square n X n matrices } i.e.,
S =Cnxm,
For vector valued random variables y,z € C"
< ¥(@)2(w) >= Ely(w)z" ()] € C"*

If S = C™*™ (i.e., square matrices), then V is a linear space over S, and is an inner product space since,

Elzy*] = (E[yz*])"

and hence
<z,y>=<y,z>"
also
|y I’=Elyy*] =0<y =0 a.ec. (almost everywhere)
Hence as

< o1X] + a9Xo,y >=a < X1,y > tag < X2,y >

for ay,as € S, clearly the space of vector valued random variables is a linear inner product space. Hence
our geometric intuition of orthogonality is precise in this setting.
5.2 Suboptimal detection: Equalization

Let us consider the ISI channel setup introduced in Chapter 4, and illustrated in Figure 5.2. Let us start
with just the matched filter output,

ye = Y @allpll < Gy B >+ < 2,08 >,
m —_——— ——
dk—n 2k
which is written compactly as,
Yk = anHquk—n + 2k
n

or,

ye = lplllzr * ] + 26 (5.11)

In the “suboptimal” receivers, we are only interested in minimizing marginal measures, i.e. [E [|ek| ]

Thus, having colored noise does not change the principles. We could equivalently have worked with the
output of the whitened filter (WMF) and done exactly what we will do next. Just for consistency with
other notes, we will do it at the output of the matched filter rather than at the WMF.

All these results can be translated to the latter case and we leave this as an exercise for the students.
Basic idea: The output {ry} is to make the equivalent channel as “close” to the AWGN channel as
possible. The equalizer is composed of linear filtering blocks and the detection at the output r, is done
“symbol-by-symbol”. The complexity of decoding therefore does not grow exponentially with the channel
length as in optimal decoding (MLSE, MAPSD). However, the price is paid in terms of performance. We
will consider four kinds of structures:
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l 2(t)
x(t) h) @ y(t)

CHANNEL

Figure 5.2: The ISI channel.

Yk . Tk
——=| Equalizer ——=

Figure 5.3: Structure of linear equalizer.

1. Zero-forcing equalizer (ZFE): Inverts the channel and eliminate ISI.

2. MMSE linear equalizer (MMSE-LE): Takes noise into account and “inverts” channel as best as
possible in the presence of noise.

3. Zero-forcing decision feedback equalizer (ZF-DFE): Uses previous decisions to eliminates ISI and
inverts channel.

4. MMSE Decision feedback equalizer (MMSE-DFE): Uses previous decisions to reduce ISI and takes

into account presence of noise.

Notation (mneumonic): To re-iterate a point we made earlier about notation. We define the power
spectrum and cross spectrum as,

Sza(D) = D{E[wyx)_p]}, Siy(D) = D{E[zryi_,l}, (5.12)

where D(-) denotes the D-transform.
In this section, very often we denote the power spectrum and cross spectrum loosely as

Sza(D) = E[X(D)X*(D™")], Say(D) = E[X(D)Y*(D™7)],

but this is an imprecise statement. What we really mean is the relationship in (5.12). This notation is
really used as a mneumonic to easily write out relationships.

5.3 Zero-forcing equalizer (ZFE)

This is the simplest equalizer structure to understand and perhaps analyze. The basic idea is that, if we
know that the transmitted symbols have been distorted by a known linear filter, then we can eliminate
the distortion by just filtering the output through the inverse of the filter. Clearly this does not take into
account the presence of additional noise and hence could result in noise enhancement.

Now recall from (5.11) that the output of the matched filter, yy, is given by,

Yo = |pll(@k * q) + 21
Hence in D-transform domain,

Y(D) = [lplIX(D)Q(D)+ Z(D) (5.13)
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Z(D)
X(D) ¢ Wzre(D)
—=||p||Q(D) ® e = X(D) + sty
Y(D)

Figure 5.4: Zero-forcing equalizer.

This relationship (5.13) forms the starting point of all the equalization schemes. Now, if we invert the
channel using W pg(D) given by

1
Were D) =T om)
we get,
1
R(D) = Wzpp(D)Y (D)= W[HPHX(D) +Z(D)]
————
ZFE
Hence we see that,
- _Z(D)
BB = X0 o)

Clearly, the ZFE, W pgr (D), has eliminated the IST, but it could have severely enhanced the noise, in that
ﬁ could actually be very large, and in the absence of noise this would not have mattered. However in
the presence of noise, this could severely degrade the SNR.

5.3.1 Performance analysis of the ZFE
We have seen that the noise at the output of the matched filter has a PSD given by,

Normalized per real dimension this is

5.(0) = S2Q(D).

Now, after the ZFE,

ZFE
TR = Tk + 2}

where,
_ Z(D)
LZFE _ p-1 [ } .
g |Ipl|Q(D)

Hence, per dimension, the PSD of the noise zZF is,

_ No 1 1

S,zre(D) = —Q(D .

=P =5 OO Teliar 0)

But
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due to conjugate symmetry of {¢;}.
Therefore,

_ Ng 1 1 No Wzprgr(D)
SZZFE(.D) == —_— = —
2 pf QD) 2 |l
Now,
T [T _ .
a-%FE = o | SZZFE(e_jWT)dUJ
T
T [T NoW. —3wT
_ 4 No zrE(e )dw
2m Jox 2 ||pl|
No 1 |T [7 T
= —_— | WZFE(e Jw )dw
2 |lpll |27 Jox
Wz FE(0)
Thus we have
Ex
SNRzrp = —5-
O7FE B
Ex

No 1
2 Tl WZFE(0)

A A
% WzFE(0)

Noise enhancement: The basic problem occurs when Q(D) has zeroes close to the unit circle as seen
in Figure 5.3.1. Hence, inverting Q(D) results in a “gain” that becomes large and hence enhances the

Q(e—ij)

W (e—iwT)

w/T

/T

Figure 5.5: The noise enhancement in ZFE.

noise power that was ignored.

5.4 Minimum mean squared error linear equalization (MMSE-

LE)

In order to deal with the noise enhancement of the ZFE, we need to take into account the presence of
noise. The first method is to modify the ZFE to take the noise into account, by finding a linear filter
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that minimizes the output noise variance.
er = T — Wk * Yk (5.14)

The MMSE-LE, attempts to find the linear filter according to the MMSE criterion applied to (5.14) as,
Wamse—re(D) = arg min E {|ek|2}
W (D)

Now, we use the MMSE machinery we have developed in Section 5.1. We want to find Wy psp—re(D)
such that MMSE of output is minimized. By using the orthogonality principle? as in (5.5), we have,

E[E(D)Y*(D™*)] =0

Hence we get,
E [(X(D) = Wymse—re(D)Y (D) (Y*(D™))] =0
This gives us,

Sey(D) = Wnnmse—rE(D)Syy (D),

or

Watnss_o(D) = SxD) pllQ(D)E,

Suy(D) ~ [IpIPQ2(D)E, + NoQ(D)’

giving us

lpllg: !
IPIPRDIE: +No  |ipllQ(D) + (1)

Wymse-Le(D) = (5.15)

Note that the difference between Wy prsp—re(D) and Wz pg (D) is the additive term in the denominator
of (5.15). Even if Q(e=7“T) = 0 for some w, the gain of the Wisysg—rr(D) does not blow up at these
frequencies, as would Wz pg (D). Note that as % — 0 or SNR — oo , the MMSE-LE tends towards the
ZFE as one would expect. ’

5.4.1 Performance of the MMSE-LE
At the output of the MMSE-LE, the D-transform is,

R(D) = Wumse-Le(D)Y (D)
1 Z(D)

_ — X(D)QO)lp] + 1
G — lell (D) + 5wz )

where, as defined in definition 4.2.2,

Epll* _ Ellpll?
SNRurp = "JHV%;H = Nyf;! (5.16)

2 Again recall that the precise relationship is given in (5.5), but we use the mneumonic given in (5.6) for convenience of
manupulation.
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Therefore
QD) } { 1
R(D) = + Z(D
® = |goresemmm WI@D) + 1/58Rurs)) )
Z'(D)
1/SNRyFB } ,
= 1- X(D)+Z (D
U Q1 1SN ) XD+ 2 D)
1-V(D)
Where we have defined,
_ el B 1
V(D) = SNR Wymse-Le(D) = - (5.17)
MFB SNRurB [Q(D) + sNEoo
Writing it in time domain, we get
Tk = Tk — Uk * Tf + 2),
Let us examine, the contribution of zy in (vy * ),
Uk * Tk = Z UnTk—n = V0Tk + Z UnThk—n
n n#0
where the second term does not depend on xy.
Hence we have
TR =Tk — 0Tk — Y UnThon + 2,
n#0
&
yielding,
i = (1 —vo)Tk + € (5.18)
Hence one would naturally have defined the detection SNR as,
ST(l — U0)2
SNRMMSE-LEU = —— 97— (5.19)
E [leg,[?]

However, in the MMSE minimization, one computes E [|ex|?], where
ex =k —wyuMsE-LE(K) * Yk = Tk — Tk
Using this in (5.18),
ek = voTk — €},

Hence m is not the same as what a detector encounters in (5.18). Therefore, the discrepancy needs
ke
to be taken into account in the analysis of the MMSE-LE. Let us first calculate,
2 2
oMmsE-LE = E [|€k| ]

Similar to the ZFE analysis,

See(D) D{E [ere]_;]}
= &~ Wynsp—re(D™")Sxy (D) = Wyumse-Le(D)Skxy (D™7)
+Wanise—Le(D)Syy (D)Wiiysp-re(D77)
= & — Wumse-rLe(D)Syy (D)Wiivsp—rp(D™) (5.20)
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Now,
C plemE !
Wannese-1e(D) = [1202(D) + NoQ(D) ~ IA11Q(D) + 1/SN Rarro]
and
Svv(D) = IPQADIE, + NoQ(D) = £ I1l*QUD) | QD) + gy |

Inserting (5.21) and (5.22) into (5.20) we obtain

E:Q(D)
(QD) + 5wty )
gm/SNRMFB

1

Q(D) + SNRuFB
No_
[lP]]

I ——

Spp(D) = & —

Now using (5.16) and (5.17) in (5.23), we get
Ny
See(D) =&, V(D) = WWMMSE—LE(D)
Hence
N,
E [|€k|2] = U%/IMSE—LE =& = ﬁwMMSE—LE(O)-

But the performance really depends upon E [|e}|?] (see (5.18)). Now we relate them as,

E [|ek|2] = & +E [|e§€|2}

Therefore,
E[le;]?] = E[lex?] —v2& = Esvo — v3Es
Thus UJQMMSE—LE,U =E[ e} ] is,

UJQWMSE—LE,U = Ezvo[1 — o
Inserting (5.26) in (5.19) we get,

Ex Ex
SNRyMSE-LE = —5 il
OMMSE-LE zV0 Vo

537(1—1}0)2 o 1—1}0 o 1

MMSE—-LE,U (C/'I'U()(]_ — UO) v vo

Hence,
SNRymse—rLE =14+ SNRyMmsE-LEU

91

(5.21)

(5.22)

(5.23)

(5.24)

(5.25)

(5.26)

(5.27)
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Tk

w1

" Whitened matched |
filter

Decision—feedback
equalizer

Figure 5.6: The decision feedback equalizer.

The “biased” SNR i.e., SNRyvseE—pE arises directly out of the calculation deriving that MMSE-LE.
However, by looking at (5.18), one realizes that the detector actually works with a different SNR, i.e.,
SNRymseE—rE,u and hence we need to be careful in finding the performance of the MMSE-LE to use
the correct “noise” variance.

Till now we have considered two flavors of the equalizer structure. Both the ZFE and the MMSE-
LE attempts to filter the received sequence through a linear filter (Wyzpg(D) and Wynmse—re(D)
respectively) in order to convert the IST problem to be “close” to an AWGN problem. The ZFE did
that by inverting the channel, but could cause noise enhancement. The MMSE-LE took the noise into
account, but it now has transmitted symbols as part of the “noise”. Can we take advantage of the fact
that the noise contains some past/future transmitted symbols? This idea forms the basis of the decision
feedback equalizer, which we study next.

5.5 Decision-feedback equalizer

The basic idea of decision feedback equalization comes from the realization that one could potentially
use previous decisions while attempting to estimate the current symbol.

The derivation and analysis of DFE requires us to make a strong assumption, that the decisions are indeed
correct! Without this, the analysis of the DFE is still an open question. We will make this assumption
and proceed with the DFE.

Criterion for the MMSE-DFE: The basic optimization problem is,

: E 2
L

Notes:
1. In order to utilize past decisions, one should ensure that r; depends only on the past symbols.
2. The feedforward filter W (D) shapes the sequence{yy} in order to have only “trailing” ISI terms.

3. We have seen one structure that caused the equivalent channel to be causal i.e., the whitened
matched filter.
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4. We need B(D) such that, B(D) is causal and monic, i.e.,
B(D)=1+4bD+byD?+ ...
which implies that
1-B(D)=— ian"
n=1

and hence X (D)[1 — B(D)] depends only on past decisions as shown in Figure 5.6.

Main steps in deriving the MMSE-DFE:

Step 1 Fix feedback filter B(D) and find feedforward filter W (D), in terms of B(D), such that E [|(zx — 7},)|?]
is minimized.

Step 2 Express result of operating W (D) on Y (D), i.e., express W (D) in terms of B(D) and set up

linear prediction problem.

Step 3 Solve linear prediction problem to find the causal, B(D) that minimizes E [|(zx — 7},)[*]. And
hence find the MMSE-DFE, i.e., {W(D), B(D)}.

Step 4 (Analysis) As in the MMSE-LE, remove the bias term to find the equivalent SNRyMSE—DFE,U -

We will first focus on step 1-3 to obtain the MMSE-DFE and then analyze its performance through step
4.

Step # 1:

Let us fix B(D), and then find W (D) that minimizes MMSE criterion. We can write the error E(D) as,

E(D) = X(D) - {W(D)Y(D) + (1 - B(D))X(D)}

R/(D)

Hence,
E(D) = B(D)X (D) — W(D)Y (D) (5.28)

Now, to find W (D) that minimizes E [|ej|?], we use the orthogonality principle?® (see (5.5)) as,
E[E(D)Y*(D™*)]  =E[[B(D)X(D)—W(D)Y(D)Y*(D*)] =0

= B(D)Sxy (D) = W(D)Syy(D) =0

Hence,

_ B(D)

bl (QUD) + vt )

=
S
|
%
S
I

B(D)WMJWSEfLE(D) (529)

Step # 2: Now, we express the resulting error in terms of B(D) by substituting (5.29) in (5.28) as,

E(D)  =B(D)X(D) - B({D)Wnnse-Le(D)Y (D)
= B(D)[X(D) — Wumse-re(D)Y (D)]
u(D)

=1+ B(D)-1)U(D)=U(D)—-[1-B(D)UD)

3 Again recall that the precise relationship is given in (5.5), but we use the mneumonic given in (5.6) for convenience of
manupulation.
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where 1 — B(D) is a strictly causal sequence. Now, this is exactly like the linear prediction problem that
we studied in Section 5.1.3, where we want to predict the sequence {uy} = D~Y(U(D)).

Step # 3: In Section 5.1.3, we studied the linear prediction problem and we found the optimal linear
predictor as,

where
Sy(D) =TyL(D)L*(D™)

through spectral factorization. Now let us find Sy (D).

Su(D) = E[X(D)~Wuumse-re(D)Y (D)X (D7) = Wirysp-rp(D™)Y (D7)]]
W Sxx(D) = Wirnse-16(D™)Syy (D) Warnrse—rs(D)
where (a) follows because Wy psp—re(D) = gi;’—ggg.
Hence,
E.Q(D
Su(D) =g QD)
Q(D) + SNRyFB
No/llplI?

QD)+ 53Ry
Oy L)L (D)

where (b) is the spectral factorization, with L(D) being causal, monic and minimum phase.
Then we get

1
Bopt(D) = )
which is still causal, monic and stable. Hence
Sep(D) = B(D)Su(D)B*(D™)
1 1
= —TIyL(D)L*(D™*)————
= FU
Alternatively, if
1
D = D)G*(D™* .
QD) + gy = WG(D)G" (D) (5.30)
then
N 2 N 2
Su(D) = o/llpll _ o/llpll

QD)+ swrmrs WG (D)G*(D™)

Thus in this notation, I'y = Hpj‘vﬁ, L(D)= ﬁ then

Boy(D) = G(D). (5.31)
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Now, let us substitute this in (5.29) to get,

Wopt (D) = Bopt(D)Wnmse—re(D) (5.32)

— G(D) 1
T G ——
1
O G De D)
1 1

lIpllvo G*(D~*)

So, the main computation is to figure out the spectral factorization of [Q(D) + m . For the choice
of Bopt(D) and Wop,e (D), the error spectrum is:

= TSP 5%

5.5.1 Performance analysis of the MMSE-DFE
First the PSD of the error sequence is,

Ny
See(D) = ——>5,
D)= ol
hence the per-dimension PSD is
] No/2
See(D) =
D)= 2P

Thus, the error sequence of the MMSE-DFE (with no decision error propagation) is white, when it is
minimized.

Now, to compute g we illustrate this with the following. Let us assume that we have a rational spectrum
S(D), i.e.,

T, (1= eD)(1 — e DY)
[Tes, (1= diD)(1 — D)

Claim 5.5.1. For S(D) of the form given in (5.34)

S(D) = o (5.34)

T 7T/T .
— In S(e ") dw = Inyg
27 —x/T
if the finite energy constraint is satisfied, i.e.,
T 7T/T .
R(0) = L / S(e ) dw < oo
27 —x/T

Notes:

1. This result actually holds in more generality than just rational spectrum, but we do the proof under
this restrictive assumption.

2. The finite energy constraint for rational spectra is equivalent to saying that there are no poles of
S(D) on the unit circle.
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Proof:

T /T ‘ M T 7T ‘
o InS(e“Mdw = Iny+ Z = / In(1 — cxe ") dw
—n/T

15T S —m/T
N w/T
- Z 22 / In(1 — dpe T dw
=1 T =/ T
N T w)T )
- Y = / In(1 — dje?*T)dw (5.35)
i 2wy

Now, if a € C, |a| <1, a = |ale’?=

T 7T/T T T T 71'/T
Dy o In[l —ae ™1 —a"e“ Jdw = Py In[1 4+ |a|? — 2|a| cos(wT — ¢4)]dw
(@) 0

where (a) follows from standard integral tables.
Inserting this in (5.35) we get
T /T )
— In S T)dw = Inp
2m —7/T

This formula is called the Szego formula.

Using the Szego formula for the MMSE-DFE, i.e., using it in (5.33) we obtain

2 No/2 T [
OMMSE—-DFE — W eXP[—ﬂ e

In <Q(€_jWT) + m) dW]

This is called Salz formula as it was derived by Salz in 1973. Hence we get,

Ea

SNRyMSE-DFE = —5———————
OMMSE-DFE

SNR [T/W/Tl (Q( gy 1 )d]
= expl— n( Qe — | dw
MFB P27r . SNRyrp

2530
= 'YOSNRJVIFB:7’YO||§”

0

Now, we have issue of “bias”, i.e., to check whether this SNRypseg—pre is the right quantity to
examine?®. Let us first find out if we have a biased receiver.

R'(D) = R(D)+[1-B(D)X(D)
— W(D)Y(D)+ X(D) - B(D)X(D)
= X(D) - [B(D)X(D) - W(D)Y (D)

— X(D)- E(D)

4This was the same issue investigated in the MMSE-LE.
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The receiver makes decisions on zj, based on 77,

1 Y (D)
R(D) = X(D)- {G D)X (D }
O Sl YT
1 [lpllQ(D) 1 ZD)
= D)—- |G(D)X(D) — ——X(D) — —_—
o) { DX oo 20 ¥ P~ ol G- (0
1 1
1-G(D )+ 72 D
{ e >} FEACR
D)+ vG(D)G* (D~ } 1 1
1-—- + ————Z(D
- {1 O ol a7
1
|- 5 | yp + e Z(D
{ 0GH(D *)} D) elheer = 2P)
1-V(D) 2'(D)
Where (a) follows due to (5.30) and we have defined
1
V(D) = S fues 5.36
(D) YG* (D) (5.36)
Note that V(D) = % is a purely anti-causal filter. Therefore, in a manner identical to what we
did for the MMSE-LE,
e = (1—00)331@—2%,331@_”4-2;

n#0

€

Hence,
. = (1 —vo)zk + €},

Hence, we again have a biased receiver, and the SNR measure that reflects error probability needs to take
this into account. Note that since
E(D) = X(D) - R'(D)

In time domain,
er = VoTk — €},

And therefore for the same reason as in the MMSE-LE, the SNRy/pmsE—pre is not the right measure
to use for detecting SNR. Hence we need to find E[| e}, |?] and to do that first we find E[| ey, |?] as

E [|6k|2] = oYmsE-prE =Uoés +E [|€;c|2}
= v5& + J%/IJWSEfDFE,U

Hence,

Ny
UJQWMSE—DFE,U = UJQWMSE—DFE - U(Q)gm = P12 - ”ggm (5.37)

Since from (5.36)
1 1 1

SNRyFEB % G*(D_*)

V(D) =
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and G*(D~*) is monic and anti-causal, therefore so is m,

1 1 Nog 1
v, = — = _
0 SNRyre Yo ||P12€x 0
Therefore
1 b,
Yo Ny

Ublng this in (533) we see that
02 = &
MMSE—-DFE VoCy

Inserting this in (5.37), we get
J%/IMSE—DFE,U =& — USSI = v0&z(1 — vo)
And hence we get the more informative SNR,

1— )2, 1
% =——-1=SNRymuse—pre — 1

SNR - -
MMSE—DFE,U vo(l —v)€x w0

Therefore we have

SNRymse-prE = SNRyymseE-preEu + 1 (5.38)

Notice the similarity in the relationship in (5.38) and (5.27). In both cases the unbiased SNR and the
biased SNR differ by 1. This turns out to be a fundamental relationship between the SNR of biased and
unbiased detectors.

Note that the error sequence {e}} is not in general white, even with the correct past decisions assump-
tion. Again, the main calculating in finding SNRyvse—pre,u is to find the spectral factorization of

Q(D) + —w+—— | and by using 7o found from it we can obtain vy and hence SNRy/vsE—DFE.U-
SNRumFB )

5.5.2 Zero forcing DFE

We can find the ZF-DFE forward and feedback filters by simply setting SN Ry;rp — 00 in the expressions
derived in the MMSE-DFE. Therefore we do a spectral factorization of

Q(D) =noP.(D)P;(D™")
and set the feed forward and feedback filters of the ZF-DFE as,

1
 nollpl[Pz (D7)
It is not immediately clear what criterion the zero-forcing DFE is operating on. The zero-forcing DFE is

the direct extension of the algebraic argument that led to the ZFE. In the ZFE, we observed that in the
absence of noise,

W(D) B(D) = P,(D) (5.39)

Y(D) = [lpllQ(D)X(D) (5.40)

and hence we can solve this algebraic equation for z; by “inverting” the channel, i.e., Wzpg(D) =

m. The zero-forcing DFE also solves an algebraic equation, where we further assume that previous

symbols, zx_1, ... are known. The result of solving (5.40) for xy, given previous symbols is exactly what
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the ZF-DFE is doing. In order to observe this, let us use (5.39) and examine its effect on r; and r;c. Since
the structure of the ZF-DFE is the same as Figure 5.6, at the output of the feedforward filter we have,

1 1
- DYX (D _
Bz 17 1 QPIX D)+ =
a)

Y P.(D)X(D)+ Z (D) = B(D)X(D) + Z (D),

R(D) = W(D)Y(D) Z(D)  (5.41)

—

where (a) follows from (5.39). Now, notice that since R (D) = R(D) + [1 — B(D)] X (D),
=T+ 2, (5.42)

which has eliminated the inter-symbol interference. Therefore, in the absence of noise, we would have
solved the algebraic equation (5.40) for ;. Notice that the power spectral density S,/ (D) of the modified
noise process Z (D) in (5.42) is,

_ 1 _ NoQ(D) N,
a n%IIPIIQPc(D)P;(Df*)SZ(D) ° ) (5.43)

S,/ (D) = = ,
nollplPQD)  nollpll?

i.e., it is white! Therefore we have converted the problem into (5.42) which is like the AWGN channel we

studied in Chapter 2. However, the caveat is ofcourse that we have assumed perfect decision feedback.

We will study how to remove that assumption using a technique described in Section 6.1.

5.6 Fractionally spaced equalization

We have till now assumed perfect synchronization, i.e., we know exactly when the sampling at the output
of the WMF occurs. Suppose we think that sampling occurs at k7', but it occurs at kT + tg. Then the
equivalent channel is

y(kT +to) = Z T ||p||g(KT — mT + to) + 2(ET + o)

m

Therefore we are sampling g(t +tg) at kT, and we design equalizers assuming that it was ¢(t), hence the
equivalent channel is Q(w)e~7“% which could cause loss in performance. One solution is to work with
Nyquist sampling and collecting sufficient statistics by this method.
There are several motivations to collect sufficient statistics through Nyquist sampling. One, is as explained
above, is due to robustness to timing errors. Another more subtle reason is that in practice, the channel
is unknown to the receiver and one needs to estimate the channel. We will learn channel estimation
methods in Section 6.3. Therefore, we may not be able to form the matched filter to collect sufficient
statistics. Given this, we need a channel independent method to do so, and Nyquist sampling gives us
such a tool. By sampling at Nyquist rate, we actually sample at higher than the symbol rate T', and
therefore sometimes the terminology “oversampling” is used for this.
Let,

yi(k)zy(kT—%),i:0,...7L—1 (5.44)

Hence, in transform domain,

Where,
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Z(t)

l Anti aliasing filter

Th p(t) _>@_> :I_ - Fractionally 0

kT/L spaced equalizer

Figure 5.7: Fractionally spaced equalizer.

and

pi(k) = [h(t) * ()], g2z

(k) = (kT _ %)

Stacking up all the “oversampled” or fractionally sampled versions, one obtains

and

Yo(D) Py(D) Z0(D)
Y(D) = : = : X(D) + :
Yr,—1(D) P;_1(D) Z1,-1(D)
—— —
P (D) Z(D)

Which in more compact notation is,

The equalizer structure can now be a row vector
W(D) = [Wo(D),...,Wr_1(D)]
and the output of the equalizer is
R(D)=W(D)Y(D)=W(D)P(D)X(D)+ W(D)Z(D)

Again, from basic linear estimation principles, the fractionally spaced MMSE-LE can be found by or-
thogonality principle,

E[E(D)Y*(D™*)] =0
This gives,
E [{X(D) - Wansp-Le(D)Y (D)} Y*(D™)] =0
Yielding,

Wumse_re(D) = E[X(D)Y (D) E[Y(D)Y*(D™*)] "
= &P (D) [£,P(D)P*(D~*) + LN,I|

Note that the equalization is done and then the output is downsampled, and this alleviates some of the
problems of timing offset.
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5.6.1 Zero-forcing equalizer

An interesting feature of the fractionally-spaced case is the special case of the zero-forcing equalizer. Here
we need

L-1
Wzr(D)P(D) =1= > W; zr(D)Pi(D) (5.45)
=0

Now the interesting aspect of this is that one can have W;(D) which are finite length polynomials and
still be able to satisfy (5.45). This implies that for this case one is able to “convert” the channel without
infinite length “inverses”! This is really because we only need the downsampled version of the equalizer
output to behave like a discrete-time delta function.

Theorem 5.6.1 (Bezout identity). If {P;(D)}= do not share common zeros, then there exists a vector
polynomial (of finite degree)
W(D) = [Wo(D),...,Wr_1(D)]

such that
W(D)P(D)=1
Remarks:

1. In fact this condition is a necessary and sufficient condition, i.e., { P;(D)}~5! do not share common
zeros (are co-primes) iff there exists a polynomial vector W (D) such that W zp(D)P(D) = 1.

2. This result was shown first by Sylvester (1840) as a test for co-primeness.

3. This shows that there exists a finite-impulse response inverse to the vector channel if the vector
channel satisfies the regularity condition of Theorem 5.6.1. Again this inverse is only after “down-
sampling”.

4. One can also have fractionally spaced decision-feedback equalizer, where the feedforward section
operates in fractional spacing and the feedback section is symbol spaced. We will learn more about
such structures in the context of finite length equalizers in Section 5.7.

5.7 Finite-length equalizers
In practice one can only implement finite length filters using digital signal processors. One way is to
“truncate” the infinite length filters we have derived till now and implement them. However, a more

principled approach is to start with the requirement of finite length filtering and derive the optimal finite
length filters for equalization. Again, we use oversampled version of the receiver, as done in (5.44).

iT iT T |
y(ij—T> =mep(k‘T—f—mT)+z(kT—f),z:O,...,L—l

We define,
y(kT) p(ET — mT) z(kT)
Y= = am | + (5.46)
y (kT — £217) " p (KT — L1T —mT) z (KT — L1T)
Pim Z

Hence in more compact notation,
Y = E PnZk—n + Zk
n
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Assumption: We impose the condition that the pulse response is of finite duration i.e.,
p(t) =0 for t ¢ [0, 0T
which implies that
pr,=0 for k <0 and k > v.

Note that in practice this is a reasonable assumption since most “real-world” channels are approrimately
time-limited.
Thus using this assumption (5.46) becomes
Tk
yk:[pO’ph'"apy] + zg.-

Tk—v

Now, we collect Ny samples of y, i.e., a frame of N¢ 4 v transmitted symbols as,

Vi Ppo P --- P, O O ... O Tk Zj
Yi—1 0 Po P1 --- P, 0 . 0 Thk—1 Zi—1
Y= . = . . . . , ) . + .
: 0
Yek-Np+1 0 ... 0 0 p, pp ... P, Th—Np—v+1 Zk—N;—v+1
P X Z,

(5.47)
This is the basic model that will be used for finite length equalization. This model is like the basic
relationship (5.11) seen in Section 5.2.

5.7.1 FIR MMSE-LE

In this section we derive a finite length MMSE linear equalizer, i.e., the equalizer is restricted to operate
on Ny symbol times, or N¢L samples of received sequence. Therefore, the equalizer is a N ;L dimensional
row vector applied to the received (sampled) vector Y.
Tk = WYk
where w € €N L
Since one cannot implement a non-causal filter, the system has to be designed for a given delay, i.e.,
the equalized output 7y, is close to xx_a, where A is the delay. Note that for infinite filters we did not
consider this issue, though a delay was implicitly assumed since we can only implement causal systems.
Hence the equalizer works by minimizing the following error:
€ = Tp—A —Tk-
For the FIR MMSE-LE, the criterion is
_ ; 2
w(A) = argn}ﬁl’nE [lex|?]
Using the orthogonality principle,
ElerYz] =0

To find w, we use this orthogonality principle as,

Elzr-aYi] = Wopt (A)E[Y Y]
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where
Ryy =E[Y:Y}]
is the auto-correlation matrix.
Ryx(A)=E [YkXZ,A]
is the cross-correlation matrix, and hence,
Wopt(A) = Rxy (A)Ryy
In more detail,

Rxy(A) = Ezp-_a(XpP" +Z;)]
0...0 g, 0...0P*
=

(A+1)thposition

= &][0...0 p, ... Py,0. ..
~~

(A+1)thposition

Let
Ia = [07...,0,170,...,0]* E(DNerV,

where the 1 occurs in the (A + 1)th position. Hence,
ny(A) = Smll*AP*
Also,

Ryy = E[PXiX;P*]+E[Z;Z}]
= 5mPP*—|—LNoINfL.

0]
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One finds A by choosing the setting that minimized 0%;5_ /355 r5> the MMSE for the FIR equalizer.

Now, to compute the MMSE of the finite length equalizer we can write

U%/IMSE—LE = E[|zp-a —w(A)Yy HZ]
= & —Rxy(A)Ryy Ry (D)
Er — Wopf(A)Rﬁ(Y(A)

—
S|
=

where (a) follows because
WALa =1.

Now the matrix inversion lemma (Woodbury’s identity) gives

Lemma 5.7.1. (Matriz inversion lemma) Given matrices A, B, C,

[A+BCB* | '=A"1- A" 'B[C!+B*A!'B]"'B*A"!

& — E,UAP* [E,PP* + LNJIy, 1]~ P1AE,

9 gy {&CIN,.H — &P [£,PP" + LNoIy, ] Pé’w} '

(5.48)
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By identifying,
A7 ' =E&1In, 4, B=P*, C7!' = LNIy, L

in Lemma 5.7.1 and using this in (5.48), we get,

-1
1
oMMSE-LE = l*A{gm_lINf+u+P*Pm} Ia

NoL

-1
= NoL1uj {P*P+5—T1Nf+,,} I

Q(a)
= NoL1,Q(A)1A (5.49)

Therefore the smallest 03,551 occurs by choosing the A corresponding to the smallest diagonal
element of Q(A). Therefore the optimal delay can be easily identified by just one matrix inversion.

5.7.2 FIR MMSE-DFE

The FIR MMSE-DFE (see Figure 5.8), is similar to the FIR MMSE-LE except that there is now a symbol
spaced feedback filter which is also of finite length Nj, which filter the past decisions {#x—aA—1, ..., Ek—A_N, },

Tp-n1
ek = Th-A — § [01,--,0n,] | ¢ +wYy

Th—A—N,

2(1) | ,
J\ tlength NyL |
Anti-aliasin / ' g

Tk g | Tp—A
p(t) ) filter KT/ w —_,__

Figure 5.8: Structure of the FIR MMSE-DFE.

As in the earlier MMSE-DFE setting, we derive the DFE assuming correct past decisions.
Let

b= [17 —by1, —bo,..., —bNb]
and
Tk—A
Tk—A-1
k—A
kaAfN;, =

LTi—A—N,
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Therefore we can write,

€k

Tr—A —

= [1,—by, ...

(@)

[b1,...,bn,]

7_bNb]

k—A
2 pXFTR N, — WY,

Tr—n—-1
Th—n-n,
Th—A

Th—n-1

Th—A—N,

where (a) follows due to perfect decision feedback assumption.

FIR MMSE-DFE criterion:

{boptawopt} = argb’w minE [|€k|2}

+ WYk

- WYk

= arg {mbin min E [lex|”] }
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That is, we do the minimization in a nested manner just like in the infinite length case. First let us fix
b and find w in terms of b. To do that, apply orthogonality principle

which gives,

or

E [ekY*k]

=0

B (DX} x, ~ WY} Vi) =0

wE Y, Y] = bE [X;738y, Yi]

Now, let us find the terms in (5.50)

E [X;"A n, Yil

>

Trk—A

| Th—A-N, |

Tr—A

| Tk—A—N, |
| ——

(Nb-‘rl))(l

ExIAP”

xk—Nf—l/—‘rl

* *
[xk e xkaffqul}

1><(Nf+u)

+ Z

P*
~~
(Nf—‘rl/)XNfL

(5.50)

Now, let us write Jao in more detail. First let us assume that x;_a occurs in the information window,

1.€.,

ASNf-l-V—l

then Jo # 0 for ii.d. symbols {x;}. Now the question is whether zx_a_p, occurs before or after

xk—Nf—i-l—V
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Case : A+ Ny < Ny +v—1

Then x;_a—_pn, occurs in the information window {z, ... ,xk_Nf_uH} and this is the “easy” case.
1 Tp—A
. * * * *
JA = g—]E : xk,...,xka,...,xkiAbe,...,xkifoerl} (551)
xT
Tk—A—N,

= [ Owpr1)xas I(Nyt1)x(Np41)s O(Ny+1) x (Nj+v—1-A—Ny) |

Case II: A+ Ny > Ny +v—1
Then xp_a_n, does not appear in the observation window of information and therefore we have a
truncation at the end. Hence the observation looks like,

{xkﬁa sy T—Ay - 7xk7fol/+17 s 7xk7Abe}

observation window X,

And we have

Te—A
k—A _
XiZA-N, = | Th-N;—vt1
Th—A—N,
Therefore, the b that needs to be used is also truncated since, {Zx—n;—v,...,Tk—A_N,} are not part

of the observation window. This is really the edge effect that we need to be aware of. One can easily
calculate the correct b for this case by now choosing a shorter decision feedback window size, i.e.,

Tr—A

xk*Nf*thl

of length (Ny + v — A), and setting the rest of the taps to zero. For completeness

Th_A
A = z Tk—Ny—v+1 [Ths s Thmps - - - 7$k—Nf—u+1]
xT
ThoA-N,
O(N;4v—nA)xA LN - x (Nj4v—A)

OA+Ny—Ns—v+1)xA  O(ALNy—N;—v+1)x (Nj+v—A)

ForB:[l,—Bl,...,—BNb], B ~ -
bJAJib* = £2bb*

Note: The Case II is really an edge effect that we will not consider in detail, but we enunciated it more
for completeness. We will focus our attention on Case I.
Now, expressing w in term of b we obtain, for Case I,

o2(A) = E[[bX}A y, - EDIAP RV, (5.52)
=b{&I(n,+1) — E.TaAP*Ryy PIRE, } b
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where,
Ryy = [&PP*+ LNoly, ]
We now use this in (5.52),
2 « «, LNo o L
ae(A):Smb{INbH—JAP {PP +ZINfL} PJA}b

Now, for case I using (5.51) we have,
IaJh = Insr.

Using this in (5.53) we get,

2 * * LNO - * Lok
o2(A) = E:bIa { Ty = P7 [PP* + =T,y | P JLb

Now we use the matrix inversion lemma (Lemma 5.7.1) in (5.54) after identifying,

LN,
A=1Iy,4, B=P*, C 1= S—TOINfL.

Hence using this in (5.54) we get

a2(A)

x

LN, -
E:bIa {INW ~ P [PP* + S—OINfL] P} Jib*

gw * - * *
= &b [JA {INW + 7P P} JA] b

I -1
LNyb [JA {—I-l—P*P} J*A‘| b*

SNR
Q1(a)
2 LNobQ '(A)b*
Let us define the Choleski decomposition,
Q(A) = G3Si'Ga
Q7'(A) = G,'SaGL’

where G is an upper triangular matrix, and hence G} is a lower triangular matrix.

Fact 5.7.1. If Ga is an upper triangular matriz, so is Ggl.
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(5.53)

(5.54)

(5.55)

(5.56)

Hence, the same fact follows for lower triangular matrices. Therefore, Ggl is upper triangular and G*

is lower triangular. Now, suppose we have

So(A) 0
Sa =

(5.57)
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as the diagonal matrix Sa, with the ordering property,
s0(A) <s1(A) < ... < s, ()

This property is assured due to the Choleski factorization. Hence,
02(A) = LNob[Gr'SAGL*]b

= LNo(bG")Sa(bG")* (5.58)
To minimize this we want to pick off so(A), i.e., the top-left corner element of Sa, for which we want

bG,' =[1,0,...,0]

This means that we want b to be the first row of Ga. This can be seen by noticing that,

GAGL =1

If
ga(0)
GA = )
ga(Ny)

then clearly
ga(0)GL' = [1,0,...,0]

If gA(0) is the top row of upper triangular matrix G
bopt = ga(0) (5.59)
and
Wopt = bopRxy(A)Ryy
N RN R

matched filter
feed forward filter

where (b) follows because,
L L
P'PP"+P"—— = P*'PP*+ _—P"
Y SNR " SNR

P (PP —l—ml) <P P—i—SNRI)P

I 1 I 1
PP+ —1 P* P PP* 4+ —1
= ( Y SNR > ( Y SNR >

Hence, we basically have the same interpretation of the FIR MMSE-DFE as in the infinite length case as
a matched filter cascaded with a feed forward filter.

Now, for the performance of the FIR MMSE-DFE, from (5.58) and (5.59), we see that

O'Q(A) = LN()S()(A)

€

where so(A) is defined in (5.57). Hence, both the settings of the FIR MMSE-DFE and the analysis
involves the Choleski decomposition of Q(A) defined in (5.56). This is similar to the analysis of the FIR
MMSE-LE. However, the optimization with respect to the decision delay, A, needs to be carried out
separately unlike the FIR MMSE-LE. Therefore for different values of A, the 02(A) is evaluated and the
delay corresponding to the minimum is chosen.
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5.8 Problems

Problem 5.1
Assume that Y (k), X(k),Z(k) € R2. Given the model Y (k) = HX(k) + Z(k), where X(k), Z(k) are

. . . . . -1
independent zero mean Gaussian random vectors with covariance matrices K = 11 and I respec-

1 1

tively. Let H = [_1 1

}. Find the optimal (MMSE criterion) W such that X (k) = WY (k). Find

2
OMMSE-

Problem 5.2

Assume that Y (k) € CV be a noisy observation of X (k) € CV. We allow dependency between Y (k), X (1)
where k # [. We observe the complete sequence {Y (k)} and would like to estimate {X(k)} by passing it
through a filter W (k) € CN*V je.

X(k) =S Wn)Y(k - n).

Let Sxy(D) = E[X(D)Y*(p:)], Sxy(D),Syy (D) € C¥*V. Find the optimum filter W(D) (in the
MMSE sense) in terms of Sxy (D) and Syv (D).

Note that X(k) is obtained by using the complete noisy sequence {Y(k)}> __ . This operation is called
as smoothing.

Hint: For the D-transform of vectors or matrices, we take D-transform of individual components.

Problem 5.3

1. Let the autocorrelation function of (k) is given by ¢, (1) = e~2/!l. Find the optimal (MMSE) linear
prediction filter for x(k), i.e.

oo

2. We know that in the prediction problem the estimate Z(k) = )", a;xx—; depends on the past. In

this problem which is an instance of a filtering problem, we would like to estimate {z(k)} based on
the noisy observations {y(k)} of the past and present by filtering i.e.

:f(k) = Z AQiYk—i-
=0

Let the autocorrelation function of (k) be ¢, (1) = e~ 2. Also
y(k) = x(k) + z(k),

where z(k) is zero-mean unit-variance white Gaussian noise. Find the optimum {a;}$°, (in the
MMSE sense).

Note: In the filtering problem we only use the noisy observation of the past and present, while in
the smoothing problem (problem 2) we also use the future noisy observations.

Hint: Use orthogonality principle.
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Problem 5.4

Suppose we are given S, (z) =1 —b*D~! —bD + |b|2. Suppose the Paley-Wiener condition holds. Write
the spectral factorization of S, (D). Depending on b, find the the linear filter used to do a linear prediction
from the sequence {zj}.

Problem 5.5

Given some realizations {y,}, we want to estimate & by using a linear filter. Derive the orthogonality
principle Eleop (k)y* (k)] = 0, and determine the coefficients of the filter hy,, from the MMSE estimation
problem.

Problem 5.6

Given the following model y(k) = Hx(k) + z(k) where z(k) is a white Gaussian noise vector. Find the
optimal W such that (k) = Wy(k).

Problem 5.7

Given two WSS random sequences {z)} and {yx} , we want to use {y;}F_
linear filter, i.e & = Y ;°y aiyr—i- Find {a;}.

to predict {z} by using a

— 00

Problem 5.8

[LINEAR ESTIMATION] Consider the additive noise model given in Fig. 5.9. Let X, Y1, Y2, Z1, Z3 € C,

A

Fm > Y2

Zs
Figure 5.9: Additive Noise Channel

i.e complex random variables. Moreover, let EX = 0 = EZ; = EZ5, and Z; and Z; are independent of
X.

1. Given Y1, Y2 find the best minimum mean squared error linear estimator X , where the optimization
criterion is E|X — X|2.

Assume the following: E|X|?> = &,, E|Z1|> = E| 22> =1, EZ1Z; = %



5.8. PROBLEMS

2. T EZ1Z5 =1 =EZyZ{, what is the best MMSE linear estimator of X ?

Problem 5.9
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[ COMBINING LINEAR ESTIMATORS] Let Y, and Y} be two separate observations of a zero mean random

variable X such that

Y, = HX+YV,
and Y, = HpX 4V,

where {V,,V}, X} are mutually independent and zero-mean random variables, and V,, V3, X,Y,, Y, € C.

1. Let )A(a and )A(b denote the linear MMSE estimators for X given Y, and Y} respectively. That is

Wa = argming,E[[|[X - W,Yo|]*],
W, = argminy,E [||X - WbeHQ}

and R R
X, =W,Y, and X, =W,Y,.

Find )?a and )?b given that
E[XX*] =02, E[VoV;] = 02, E[V,Vy] = o}
Also, find the error variances,
P o= E[(X- X)X - %)

P, = E {(X S XX — )?b)*}

2. We, have the following identities,

r,h* [hrph* + 1,70 = [r;' 4+ h*r; 'h] “hrrgt
r, —r;h* [hr,h* + I‘U]_l hr, = [r;l +h*r; 'h] -1
Prove that o e
P7'X, ==Y, P'X,=-LtY,
o2 o}
and 1 H.H? 1 HyH;
-1 __ a‘tq -1 _ bty
Tt BTty

Hint: Use identities (5.60), (5.61).

3. Now we find the estimator )?, given both observations Y, and Y}, i.e.,

Yo\ _( Ha Va
(%) =Cin)x= (i)
We want to find the linear MMSE estimate

f=(u, Ub)<§:>,
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where R
( U, Uy ) = argmin gy, g, E [||X — X||2}

and define the corresponding error variance
P=E {(X ~X)(X - X’)*} .
Use (5.62), (5.63) to show that

P'X = PI'X,+P'X,

1

and P7' = P'4+P - —.
g

x

Problem 5.10

[ NOISE CANCELLATION]| Consider two individual scalar observations Y7,Y3 as,

Yi = X+ 7, (5.64)
Yo = 2,
Assume that zero mean Z;, Z5 are independent of X and are correlated with covariance,
. o  po?
Bz = | 7o % | (569

where Z = [Z1, Z5]". Let E[| X|?] = &,.
(a) Find the best linear MMSE estimate of X of the random variable X from the observations Y1, Ys.

(b) What is the minimum mean-squared error E[|.X — X 2] of the best linear estimator? Is there a value
of p for which we get E[|X — X|?] = 0?7 Interpret the result if E[|X — X|?] = 0 is possible.

(¢) Find the best estimate Zl of the random variable Z; from Y5. Consider the operation
Vi=Y1—7

Find the best linear estimate of X from Y;. Is it the same as the answer you found in (a)? Do you
have an interpretation?

Problem 5.11

Assume that the channel model is
Yi=Xp+ Xp—1+ Zk

where X, € {—1,1} and Zj, is i.i.d Gaussian noise of unit variance. Find the minimum distance between
two possible paths on the MLSE trellis.

Problem 5.12

Consider the discrete time channel model

Yn = ZRg(k)xn—k + )
k

where z, is a complex valued circularly symmetric Gaussian process with R (k) = NoR4 (k). Assume we
filter this received signal through some filter F(z).

1. How do we have to choose F' in order to eliminate the intersymbol interference completely.

2. What is the power spectral density of the noise at the output of the filter.



5.8. PROBLEMS 113

Problem 5.13
Consider the channel Y(D) = ||p||Q(D)X (D) + Z(D) with

Ipl> = 1+ad*
a*D~ !+ ||p||? + aD
o i
Il
0<lal <1.

Find the zero forcing and minimum mean square error equalizers Wyzpg(D) and Wymse-Le(D).

Use the variable b = |[p||? (1 + M) in your expression for Wymse-Le(D).

Find the roots r1, ro of the polynomial
aD? +bD + a*.

Show that b? — 4aa* is always a real positive rumber (for |a| # 1). Hint: Consider the case where

m = 0. Let r3 be the root for which |rg| < |ri|. Show that rirj = 1.
Use the previous results to show that for the MMSE-LE
Il D |Ip| r r2
W(D) = — = - .
(D) a (D—r)(D—r2) alri—r)\D—r1 D-—mry
Find w(0).

Show that the canonical factorization is

Q(D) =(1 —r:D™Y) (1 —r3D).

+ -
SNRuFB

What is 7o in terms of a and b7
Find B(D) and W (D) for the MMSE-DFE.

Find eXpreSSiOHS for SNRZFE, SNRMMSE—LE—U, SNRMMSE—LE, SNRMMSE—DFE—U and
SNRyMMSE-DFE-

Problem 5.14

Consider the following system where 02 = 0.1, £, =1, [ = 1:

DA e

1 t
o(t) = N Smc(f)

h(t) = 8(t) — 0.58(t — T)

. We assume perfect anti-aliasing filtering wih gain v/7. Find p(t) corresponding to the discrete

time-channel:
Y = xr — 0.52_1 + Ny,
Also find the matrix P.

Find a 3 tap FIR MMSE-LE for A = 2.
Find the 0%,,,¢5_ 15 for the equalizer of the previous part.
Design an MMSE-DFE which has 2 feedforward taps and 1 feedback tap. Assume that A = 1.

Find the 0%,,,95_prp for the equalizer of the previous part.
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Problem 5.15

Consider transmission over an ISI channel with 2-PAM constellation of unit energy and symbol period
T. Let ¢(t) = %sinc (£) and h(t) = 6(t) — 16 (t — T). Assume that AWGN noise has power spectral
density Ny/2 = 0.01 (this is the problem-2 of homework-4, you can use necessary results). Recall that
after matched filtering the model is Y (D) = ||p||Q(D)X (D) + Z(D). Find the ZFE, MMSE-LE and

MMSE-DFE equalizers for this model. Find SNRzrg, SNRyvse-LE and SNRyMSE-DFE-

Problem 5.16
Consider the channel model discussed in class Y(D) = ||p||Q(D)X (D) + Z(D) with

& = 1
Ny = 0.01
Ipll* = 1.25
2 2
QD) = D' +1+:D

1. Find B(D) and W (D) for the ZF-DFE.
2. Find SNRZF,DFE.

Problem 5.17
Consider the channel Y(D) = ||p||Q(D)X (D) + Z(D) with

Ex =1
No = 0.01
Ipl? = 1+aa®
a*D~! + ||pl|* + aD
QD)
|Ip[?
0<|al <1.

1. Find 7o and P.(D) such that Q(D) = noP.(D)P*(D™*)
2. Find B(D) and W(D) for the ZF-DFE.

3. Find SNRzp_prEk.

Problem 5.18

[ EQUALIZATION] Given a channel with transfer function H(Z) = 1 + cz~! with |¢| < 1, additive white
Gaussian noise of variance o2 and channel input {z)} with E|z;|? = 1.

1. Find the zero forcing linear equalizer Wz g (D). Find the expression of SNRzpE.
2. Find the MMSE linear equalizer Wy psp—rr (D). Find the expression of SNRy mse—LE-

3. Find the MMSE-DFE equalizer, i.e. Byrysg—pre(D) and Wi se—pre (D). Also find an expres-
sion fOI‘ SNRM]WSE,DFE.

Hint: the integral relations in the Instructions may be of use here.
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Y (D) H(D) R(D) ® R/(D) JT X(D)
1-B(D)

Figure 5.10: Block diagram for noise prediction DFE

Problem 5.19
[ Noise PREDICTION DFE] Consider the discrete time model studied in class
Y(D) = [lpl|Q(D)X (D) + Z(D),

where S;(D) = &, S.(D) = NoQ(D) with Q(D) = Q*(D~*). In class we derived the MMSE-DFE, but
in this problem we consider a slightly different structure shown in Figure 5.10. As in class we consider
perfect decision feedback, i.e., all past decisions are correct. Let

R(D) = H(D)Y (D),
R(D) = R(D)+(1-B(D))(X(D)- R(D)).

We restrict B(D) to be causal and monic, i.e.,
B(D)=1+Y D"
1=1
We choose H(D) and B(D) to minimize
E [Jzr — ri|’]

as we did in class.

1. Find H(D) in terms of B(D) by using orthogonality principle.

2. Set-up the prediction problem by proving that the error

E(D) = X(D)—- R(D) = B(D)X(D) — B(D)H(D)Y (D).

Use the solution of H(D) in terms of B(D) found in part (1) to show that
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and find the expression for U(D).
It can be shown (you don’t have to do this) that

No/|lpl?
Q(D) + 1/SNRMFB.

Sy (D) =
Given this can you comment on the values of H(D) and B(D) with respect to the quantities derived
in class. In particular, is the noise-prediction DFE the same as the MMSE-DFE derived in the class?

3. If B(D) =1, what does the structure in Figure 5.10 become?

Problem 5.20
[The Oversampled ZF equalizer] Let

[32] = [1ra w202

i.e. no common zeros among the oversampled responses. Find the ZFE for this case. This should turn
out to be a FIR channel since the P;(D) do not share a common zero.

Problem 5.21

Consider the following system where 02 = 0.1, £, = 1, the oversampling factor L = 2:

B(t) = % sinc(%)

h(t) = 8(t) — 0.56(t — T)

1. We assume perfect anti-aliasing filtering wih gain v/7. Find p(t) at the output of the anti-aliasing
filter. Find p(t) corresponding to the discrete time-channel:

Yk = PoTk + P1%k—1 + Zk
Also find [po, p1]-

2. We want to design a 4 tap FIR MMSE-LE equalizer. Find the A which minimizes 03;,,55_; % and
for that A find the corresponding equalizer. Also find 0%, 1,65 1 5-

3. Design an FIR MMSE-DFE which has 4 feedforward taps and 1 feedback tap. Assume that A = 1.

. 2
Also find 0%, 0,55 prE-

Problem 5.22

Consider the following signal model:
Yy =PYy +Zy

where Zyx, Yy € CNtL P e Nl x(Netv) ¢ o oNetv
1. Using the orthogonality principle, derive the FIR MMSE-LE equalizer.
2. Find the expression of 03, 1,65 1.1

3. How can we choose the value of A?
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Problem 5.23

[TARGET CHANNELS] Suppose we have a linear time-invariant channel i.e

v
Yk = Z PnTk—n + Zk

n=0

where yi,Pn, 2k € C% and 2, € €. In class we developed the following block model for N; samples of

{un}:
W =P, + 2

where Vi, 2, € CN L x, e €V P e C N Lx(N+v) Suppose we want the following receiver structure
and we want 7, ~ ZZ:o hnTp—A—n, where n < v. That is we want the output of the equalizer to be

{yr} {ri}

> W —

close to a given target channel {h,}. Therefore we find W € c Nk

Wyt = arg r%é,nIEHWyk — HA|)? (5.66)
whereH= [0 --- 0 ho hi -+ hy 0---0 JieHe C>*WNr+) Youmay assume that Exjzp_y =
Atimes Nyt+v—n—1

Ex60, E|21|? = 02 and {2z} is AWGN.

1. (Complete equalization) In class we derived the finite length equalizer when

1 n=0
hn = { 0 otherwise (5.67)

Re-derive the optimal MMSE finite length equalizer W, for this case, i.e. for {h,} given in (5.67)
and the criterion in (5.66) (i.e. same as done in class).

2. Now if we want a particular target channel {h,}"!_, and the criterion is given in (5.66), derive the
optimal filter W for the given target channel.

3. For a given target channel {h,}!_,, compute the 025 \vsE.LEs 1-6-

E|[Wopt Y — HA||?

Problem 5.24
[ TARGET CHANNELS| Suppose we have a linear time invariant channel done in class, i.e.,
¥(D) = |[pllQ(D)X (D) + Z(D),
with Q(D) = Q*(D~*). Also there is another process U(D) = H(D)X (D), which we want to estimate.

1. Given observations {yy}, find the linear estimator

which minimizes the mean-squared error, i.e.,
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Y(D) W(D) l(_D)

Figure 5.11: MMSE estimation

You can assume that {X;} and {Z;} are independent and that

2. Given the optimum linear MMSE estimator given in part (1) we define the error as
€ = Uk — ﬂk.
Find the power spectral density of {ex}, Sg(D).

3. If H(D) =1, can you comment on the operation performed in part (1)?
Hint: Is it related to any structure studied in class?



Chapter 6

Transmission structures

In Chapter 4 and 5, we learnt detection for ISI channels. However, the transmission structure remained
the same as an AWGN channel. This chapter examines techniques at the transmitter that are suitable
for IST channels. We study precoding in Section 6.1 which also mitigates error-propagation effects of the
DFE. Section 6.2 demonstrates a canonical transmission and reception structure which is suitable for ISI
channels. Finally, Section 6.3 is devoted to training sequence optimization for channel estimation.

6.1 Pre-coding

In order to counter error-propagation in DFE’s, one method is to do “precoding”. The first idea is to
move the feedback section of the DFE to the transmitter. Note that this requires the knowledge of the
channel at the transmitter. We will also study another transmit strategy in this chapter which uses
alternate way of simplifying the equalization problem (multi carrier transmission).

6.1.1 Tomlinson-Harashima precoding

For simplicity we will first illustrate this with real (i.e., one-dimensional) baseband signals.

A W S B ST i
Me-ary input

Vg

A

1 - B(D)

Figure 6.1: The Tomlinson-Harashima precoder for real baseband signals.

The basic idea is understood by examining the ZF-DFE. In the ZF-DFE as seen in Section 5.7.2, we have,

1
W(D) = Sl (D) B(D) = P.(D) (6.1)

where,
Q(D) = le(D)P; (D7),

119
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and B(D) is monic, i.e., by = 1. Now, suppose we remove the I'ps(-) block from Figure 6.1, then we get,
Yy = Tk — Z bik—1 (6.2)
1=1
Therefore we get,

Zbl'd}k,l = Tk- (6.3)
=0

Using this we get for ¥ (D) = D({¢}),

_X(D) @ X(D)
YP)=Fm) ~ Dy

where (a) follows due to the fact that we are using the settings of the ZF-DFE given in (6.1). Now,
suppose instead of {x}}, we transmit {t; }. Then, after matched filtering,

Y(D) = [lpllQ(D)¥(D) + Z(D).

Now, suppose we go through the feed-forward filter W (D), then we get,

Y(D)W(D) = [[pl[W(D)Q(D)¥(D)+ Z(D)W (D)
_ lplhoPe(D)PE(D™") X(D) Z(D)
Yollpl|[Pr(D=*)  Pe(D) ~ ~ollpl|Px(D~*)
= X(D)+ Z(D)
where the noise PSD is,
NoQ(D) No

Ss(D) = -
D) = BRI D ) olpl

Hence, we have removed ISI, and the noise is white! The basic problem with this first attempt is that
the transmit power is boosted. To see this, if S, (D) = &, is white, then,

gm gm’)/()
Sg(D) = =
v B0 T Q)
The transmit power is then
T 7T/T .
— Sy (e dw
27 —x/T

which could be larger than &,. Moreover, ¥(D) is no longer a white process, i.e., there is memory in
transmitted symbols. A simple trick eliminates the power problem almost completely.
Modulo operator: I'j;(z) is a non-linear function defined on a M-ary PAM input constellation with
uniform spacing of d such that
x+ Md
2|
Md
where |y| means the largest integer that is less than or equal to y (lower ceil operation). The modulo
operator is illustrat%d indFigure 6.2. Therefore the modulo operator I'5;(-) maps all points x € IR back
Md M

to the interval [—=5%, 5%]. This is done by first tiling the real line with intervals of size M. Then the

intuitive explanation of the operator is as follows. We map any point x € IR by observing its relative

F]u(x) =T — Mdl_
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-3Md/2 -Md/2 Md/2 3Md/2

Figure 6.2: Illustration if the one-dimensional modulo operator.

AI‘M(x)

Md
2

Figure 6.3: The modulo function.

position in the corresponding interval and mapping it back to the corresponding position in the interval
[—24d Md] a5 shown in Figure 6.2.

Properties of modulo operator:

Fu(@+y) = Tu(z) ©mLum(y)
v(@—y) = Tu(z)omTu(y)
where
a®ub = Tyla+d)
aopyb = Tyla—0D)

We denote @)y and ©); operators to mean addition and substraction modulo M. So, now, let us take
our first idea and pass the output through a modulo operator in order to ensure the transmit power is
controlled. From Figure 6.1, we see that,

¥(D) = X(D) + (1 - B(D))X(D)
where B(D) is defined in (6.1). Therefore in time domain,

U=k — Y bidik

i=1
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where from Figure 6.1 we see that,
T =Tp(Wr) =Ty lxk - Z bii‘k—i‘|
i=1

Now, going back to our earlier calculation, with W (D) = W and B(D) = P.(D), we get

Y(D) = [jpllQ(D)X(D)+ Z(D)
Hence after the feed forward filter,
_ _bllem) . Z(D)
RO =YD = S qpe @ P 5 TpliPz (0)

P.(D)X (D) + Z(D)

Therefore, in time domain,

0o
Ty = Tp+ Z biTrp—i + Z
i=1
where the noise Z; is white.
Now, suppose we do a modulo operation at the output, i.e.,
B 00
Py(re) = T |Zw + Z biZr—i + 2k

i=1

= Twu |Ta(r)+ Z biZrp—i + Zk

i=1

= D'y |ok — Z biZp—; + Z biZr—;i + Z
L =1 =1

= Talar+ 2] = 21 &0 T (Zr)
Here (a) follows because

Cy(Ta(a) +0) = Twm(Tam(a)) ®m Car(b)
= T'm(a) ®m T'm(d)

The Tomlinson-Harashima precoder can be also adapted to the MMSE-DFE case, but we will not go into
details here. Also, for complex symbols and multidimensional signals, the only change needed is in the
definition of T'ps(z), the modulo-operator. All the arguments in the above stated case go through in such
case as well with an appropriately defined modulo operator. Next, we address the transmit power of the
precoder.

The original PAM constellation had an average energy of

M? —1
Eo = ———d*
12
For #j uniformly distributed in [—~Md/2, Md/2] the power is approximately M122d2’ which results in a

power increase of 37m— in the transmission which implies a small increase in power that vanishes for
large M. Note that this is an approximate calculation and not a formal result for finite M. A more

complete calculation is beyond the scope of this class.
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6.2 Multicarrier Transmission (OFDM)

Now, we have studied various methods of dealing with inter-symbol-interference. The main techniques
were receiver driver, i.e., the transmission was as if we had an AWGN channel, but the receiver took
the ISI into account. One exception was the Tomlinson-Harashima precoder, which did change the
transmission scheme. However it required knowledge of the channel of the transmitter. Next we are
going to study a transmission and reception scheme that utilizes a characteristic of the channel (being a
LTI channel) rather than the specifics of the channel response.

6.2.1 Fourier eigenbasis of LTI channels

v
Lk wl p, —>®—> Yk

Figure 6.4: Transmission over LTI channel.

The basic idea is that the Fourier basis is the eigenbasis for LTI channels. In Figure 6.4, let X (w) =
0(w — wp), then
X(w)P(w) = P(w)d(w — wo) = P(wo)d(w — wo)

z(k) = e 7% = (k) * p(k) = P(wg)e Iwok (6.4)

Thus the output is just a scaled version of the input, in other words the Fourier basis is the eigenbasis
for LTI channels. This property only utilizes the LTI nature of the channel and not any specific form of
channel impulse response. This canonical orthogonal decomposition property is the central idea behind
the transmission strategies discussed in this section.

6.2.2 Orthogonal Frequency Division Multiplexing (OFDM)

The idea in OFDM (Orthogonal Frequency Division Multiplexing) is to utilize this eigen-property of LTT
channels. Let us use the modulation studied in Chapter 2, and therefore the cascade of the channel along
with the basis function is defined as in Section 4.2. We use the same notation from there to denote the
equivalent discrete time ISI channel as {p,}. Therefore if we transmit (see Figure 6.5)

N-1
T = Z X(n)67]w7zk’
n=0
using the eigenproperty shown in (6.4), we see that the output yy is
N—1
v = > X(m)Plwn)e Pk + 2,
n=0

Now, we convolve the output using filters tuned to specific frequencies, wq, ..., wn_1.
Then we could just pick out the different frequency components of y; and observe the noisy versions of
what was transmitted, i.e.,

Y(n)=P(wn)X(n)+ Z(n), n=0,...,N -1,
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X(0)e—ikwo T
N l — 0(w — wp) Y (0)
% L%@H Yk — E
0w —wn-1)

X(N —1)e 7kfN-1

Figure 6.5: Decomposition of LTI channels using sinusoids.

where Y (n) is the received signal at frequency w,,, and Z(n) is the corresponding noise at w,.
Therefore we get a set of parallel channels, each of which is memoryless. Hence we have decomposed an
ISI channel into a set of memoryless channels which are much easier to work with. However, in doing
this we needed infinite length blocks. In reality we only have finite transmission blocks, and therefore
a natural question to ask is whether this creates a roadblock to this approach. This is the topic we
study next. Note that since we send information using multiple sinusoid “carriers” this idea is also called
multicarrier transmission. Since we are using discrete spacing of the carriers the terminology commonly
used is Discrete Multi-Tone or DMT for short.

Cyclic prefix

We now use an additional assumption on the channel response, i.e., that it is a finite impulse response.
A similar assumption was used in Section 5.7 while considering finite length equalizers. In fact we use
the same setup as shown in Figure 6.6 for an oversampled receiver.

Consider the model given in (5.47)

y Pp P .- P, O O 0 k “*
k 0 pp p, --- P, O 0 Tk—1 Zk—1
: e + (6.5)
Do e e 0
Yr-N+1 0 ... 0 0 p; py P, Th=N-v+1 #h-N+1
Here, the output
yk(o)
Y= :
yk(L —1)

is the output of the “oversampler” and anti-aliasing filter, as shown in Figure 6.6. Also the pulse response
is assumed finite, i.e., of length ¥T. Now the idea is that for a block of N (vector) received samples!, it
is actually affected by N + v input symbols, {xg,...,zx—Nn_,+1} (see Figure 6.7).

Clearly the receiver symbols {yx—n, - - ., Ys—N—v+1} depend on {Tx_n, ..., Tx—N—p+1} Which also affect the
observation frame shown in (6.5). Therefore, in a way we are “discarding” those observations. Now, let us
create a dependency between {xy_n,...,Zp—N—pt+1} and {xg, ..., zx_n+1} (see Figure 6.8). Therefore

we are only sending N information symbols in a block of N + v symbols.
Let us create a prefix {Ti—n_p41, .., xk,NH}

LTh—N—i — Tk—s, iZO,...,l/—l (66)

1For simplicity of notation we will sometimes use L = 1, but the principle is identical in the more general (and correct)
case.
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— p(®) @ Jl 7];' Yk

T

Anti-aliasing filter

z(t)

Figure 6.6: Set-up for (6.5).

Th—N+1 Zk
LTk—N—v+1 Tk Vi
V77 —lp, —O—" ]
- Yie-N+1 Yk

Figure 6.7: Output block {yx, ..., yk—n+1} affected by inputs {zg, ..., Zk—N_v+1}-

This implies that the frame looks “cyclic” it makes the data circularly shifted.

Claim 6.2.1. Using the prefiz (6.6) in (6.5), we get,

P P --- P, O O 0
0O p, p; ... p, O 0
. . . . . Tk 2k
Yk : : . . . - 0 Tr—1 Zk—1
: =0 ... 0 0 p, p; --- D, : + : (6.7)
P o ... O 0 py ... P, : :
Yh—N+1 oo . V: ThoN41 2k—N+1
Yk, . . . . . . . R R
| P, P, ... P, O ... O Py | X Zy
P
or we get
Yk = f’Xk + Zk (6.8)
Tk—N—-v+1 Tk—N
<V—>xk—N+1 T

Figure 6.8: A transmission block of N + v symbols.
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Proof: First, let us rewrite (6.5) without the noise term as,

Vi Po P1 p, 0 O 0 Th—1
. 0 py P1 p, 0 0
' B RN 0 Th—N+1
Ye-N+1 0 ... 0 0 p, p P,
| Tk—N—-v+1 |

Now, let us use the prefix defined in (6.6) which is,

LTk—N—-I = XTk—1, l=0,...71/—1

therefore the noiseless output at time k— N +1, ..., k+v— N+1 (which get affected by the prefix symbols)

are given by.

Yitv—-N+1 = PoThktv—N41 1+ -+ P, Th—N+1
Yitvr—N = PoTk—v—N + -+ Py_1Tk—N+1 + P, Tk—N
——
Tk
Yi-N+1 = PoTk-N+1+P1Tk—-N~+...+P,_1 Th—N—v+2 TP, Tk N—v+1
——
Tk Th—(v—2) Tp—(v—1)
Hence inserting this in equation (6.9) we get the noiseless output as
B7 1 [po Pr - P, O 0 ... 0 77 T
. o i Tp_
: S 0 ... 0 ot
Yisv-n+1 | _| O .. 0 ... py P ... P, -
Yetv-N p, 0 ... 0 0 py, ... P, Tht+v—N+1
| Ye—N+1 | L Py P2 --- P, O ... 0 py ]| Th-N+1 ]

Therefore after re-inserting the noise we get (6.7) as claimed.

Now, let us look at L = 1, i.e., each of the channel taps {p,}?_, is a scalar rather than a vector.

(6.10)

Theorem 6.2.1 (Decomposition of circulant matrices). A (Nx N) matriz is circulant if it has the

following structure.

po p1 ..o pp O 0
0O po p1 ..o pp O 0
: L ) 0
C=]0 ... 0 po p1 .- D
pp, 0 ... 0 po ... pu—1

L P1 D2 oo 0 po |
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A circulant matriz has an eigen-decomposition
C = F*AF

where

1 27
Fpy = e {550~ - 1)
and A = diag(d;) where d; is

v

_j2m
A=) pme ¥

m=0

That is,

[ |
Note: The matrix F as one would recognize is the DFT matrix and A contains on its diagonal the
Fourier transform of the channel taps.
Now, let us use Theorem 6.2.1 in the basic OFDM equation (6.8) which is,

Yk = f’f(k +Zk

Now, let us define

X, =FX,
Y, =FY,
Zr. =FZ,;

Then using Theorem 6.2.1 we have,
Y, =AX, +Zy

since the DFT matrix is unitary i.e.,
F'F=1

Hence
Yk(l)Zlek(l)—l—Zk(l), l=0,....,.N—1 (6.11)

Therefore we have created ISI-free channel! Basically to do this, we have used the eigen property of LTI
channels as well as the finite impulse response property of the channel. Note that for arbitrary L, (6.11)
just becomes a vector relationship in the following way.

Yk(l) = Dle(l) + Zk(l),l =0,...,N—-1

Here
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6.2.3 Frequency Domain Equalizer (FEQ)

Now, the relationship given in (6.11) for L = 1, forms the basis of the receiver in a manner similar to
(5.45) for finite length equalizers. Given that we have no interference between the symbols {X,,({)} the
MMSE receiver is quite simple. Since we have transmitted symbols in additive (white) noise, the MMSE

estimator is just.
A d;‘

Xi(k) = mYk(U

where &, is the energy on every symbol. Since we are doing N successive transmissions, and F is a unitary
transform, typically £, = &, the energy of originally intended symbol. The above FEQ is equivalent to
the MMSE-LE applied in the frequency domain.

6.2.4 Alternate derivation of OFDM
Consider a periodic sequence {x,} of period N, given by
ThrN =g, T EZ ,kE{O,...,N—l}

Therefore the Fourier transform of {x} is (basically Fourier series coefficients) is given by

i o
Xw)=> Xpd(w- ~"
n=0

Now, let us pass this periodic sequence through a LTI channel as shown in Figure 6.9.
The output Y (w) is,

= 27 = 27 27
Y(w) = P)X(w) = P(w) ) Xndlw = Fn) = Y XuP(Fn)d(w — Fn) (6.12)
n=0 n=0
X (w) P(0)X, P(ZV 1)) Xy
. - 1S
Ly phe |

Figure 6.9: Transmission of periodic sequence through LTT channel.
Therefore, {y;} is also periodic with period N, i.e.,
YetrN =Yk, T €EZ k€ {0,...,N -1}

Hence, just N samples of {yk}kN:_O1 are enough to reconstruct the sequence.
Therefore, the Fourier coefficients of Y (w) are

N-1
Y(w)=> Vnblw-— %Tn) (6.13)
n=0

From equations (6.12) and (6.13), we obtain,

P
ynzp<%>xn, n=0,...,N—1. (6.14)
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Hence, if we transmit periodic sequences, {z,}, over an LTI channel, we can get a “straight-wire” rela-
tionship between {Xn}ﬁf;()l and {), 7127;01.

The basic trick in DMT/OFDM is to “simulate” an infinite periodic sequence without actually having to
do so. This critically uses the FIR property of the channel. Since in the periodic sequence {yx}, the N
samples are enough to recreate the periodic sequence, can we create a non-periodic transmission strategy
that produces the same output? Therefore if we create an input that produces N samples of y; which is
the same as if the input were periodic, then we are done.

Now, if P(w) corresponds to FIR channel of memory v, i.e., has impulse response py, ..., p,, then the
noiseless output is

v
Yk = Z PnTk—n-
n=0

For yg,...,yn—1 to look the same as the first N samples of the periodic sequence, we just need to prefix
the sequence {zy} i.e., see Figure 6.10.

Information

IN—y-.--TN |a:0...xN_1
Prefix

Figure 6.10: The cyclic prefix.

Therefore, by using the cyclic prefix (for simplicity assume N > v), we get

Yo = Poxo+PLTN-1+P2IN-—2+ ...+ PLTN—p
~——— ~—— ~——
Tr_1 Tr—2 T—v
Y1 = Po¥1+Pi%o+ P2rN-1+ ...+ DvIN—v41
——
T_p41
Yy—1 = DPoTy—1+P1Tv—2+ ...+ Pr_1To +PrTN-1
Yy = PoTy +P1Ty—1+ ...+ Pr—121 + Puo
YN-1 = PoTN—-1 +PITN—2+ ... +DvTN-1—v (6.15)
Therefore, the output yo,...,yn—1 is identical to that we would have obtained from a periodic sequence.

Hence, we have “tricked” the FIR channel into thinking that we did send a periodic sequence and get
the “straight-wire” channel of equation (6.14). This idea has been illustrated for just a transmission
block from time k& = 0, ..., N — 1. However, in Section 6.2.2 we had transmission block which ended at
an arbitrary time index k and hence the time indices look different. However, if we shifted our blocks to
end at k instead of N — 1, then we would get exactly the same result as given in (6.11). Therefore the
relationship in (6.14) is the noiseless version of the relationship in (6.11). Therefore we have derived the
OFDM by an alternate methodology which also gives us the interpretation for why it works.

Notes:

1. We of course cannot have a time-limited and band-limited channels. This is an approximation, and
this truncation would in principle cause aliasing. However, the choice of v can make this error as
small as we need.
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2. By the trick shown, we essentially “sample” the channel in the frequency domain,i.e., {P (%rn) }7]::01.

This is correct for periodic sequences, but with a-periodic sequences, such a sampling could incur
a loss, which is the same as the “aliasing” error in 1) above.

3. The decomposition of the channel into parallel channels through the cyclic prefix trick did not need
the transmitter to know the channel impulse response. All that was used was

e The channel was LTI
e It had a finite response of length v + 1

This property makes the decomposition canonical for FIR LTI channels.

The interpretation through periodic sequences leads us to the use of circular convolution. For a given N,
the circular convolution between two sequences ug, ..., uny—1 and vg, ..., vy_1 is defined as

N-1
UL QN Vg = Zunv(k,n)w k=0,..N—1 (6.16)

n=0

where (k — n)y is the modulo operator i.e., (k —n)y =7 if k —n =gN + r, for some ¢q € Z.
Therefore in our case if (k —n) < 0 then

(k—n)y =N —(k—n).
Hence we can interpret the relationship in (6.15) by a circular convolution, i.e.,
Yk = Pk ON Tk
This is also true in the relationship in (6.10) where
Yk = Pr ®N Tk

Thus the operations in DMT/OFDM can also be interpreted in terms of circular convolutions. This
interpretation is explicit in our derivation using periodic sequences. Note that circular convolution like
periodic convolution is a commutative operation.

6.2.5 Successive Block Transmission

Note that the development till now has been on a single block of transmission. What happens for
continuous transmissions? This is illustrated in Figure 6.13. For continuous transmission, the idea goes
through again in the following manner.

Block k Block k+1
ex(N —v),...,c5(N — 1) || 25(0), ...,z (N — 1) Tp1(N =v), o ap i (N = 1) | a1 (0),. oy 2 (N — 1)
Prefix for Prefix for
block k block k+1

Figure 6.11: Transmitted sequence for OFDM blocks.

We define the following quantities (see Figures 6.11 and 6.12) in relation to the single frame trans-
mission notation given in (6.7). We denote the frame of N + v symbols transmitted in block k as
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Block k Block k+1

Yr(=1)s - ye(=1) || Ye(0), -, yp(N — 1) | | Yet1(=V), - Ypg1(=1) Ye+1(0), ., Ypgp1 (N — 1)

Figure 6.12: Received sequence for OFDM blocks.

14

v v
(i A N symbols 774 | ..

N+v k" block (k + 1)** block

Figure 6.13: Continuous transmission blocks.

{zk(=v), ...,z (=1), 2K (0)..., 25 (N — 1)} which along with the cyclic prefix relationship in (6.6) we see
that the transmitted frame is {zx(N — v), ...,z (N — 1), 24(0), ...,z (N — 1)}.

The received frame of N + v symbols for block k is denoted by, {yx(—v), ..., yx(=1),y%(0), ..., yr(n — 1)}.
Now for each block of transmission, it is clear that {yx(—v),...,yx(—1)} are influenced by symbols trans-
mitted in the previous frame (i.e., xx_1(1),l =0, ..., N —1). Therefore, we discard yx(—v), ..., yx(—1) and
only use yi(0), ..., yx(N — 1). Hence,

Yk+1(0) = poxg+1(0) + p1 e (N — 1) +... + pu w1 (N —v)
—— ———

zp41(—1) Tpt1(—v)

where due to the cyclic prefix the interference from the previous transmitted block (block k) has been
eliminated. Therefore the prefix has eliminated the interblock interference at the cost of added redundancy
of v symbols per block. Hence the redundancy rate is %, per transmitted symbol.

Note that if we examined yj11(—1), we would have dependencies from the previous transmitted block
(block k) and this is the reason for discarding it. Therefore the prefix given in (6.6) serves another
purpose, i.e., it prevents successive blocks from interfering with each other. This function causes it to be
also called the “guard” interval.

The overall block diagram implementation of DMT is shown in Figure 6.14.

Disadvantages of OFDM

The OFDM technique seems like a panacea and solves our ISI channel problem. However, it does have
some disadvantage like longer transmit symbols, larger peak-to-average ratio, sensitivity to mismatch and
synchronization errors. So, in practice, it depends on the real gain in system performance to make the
appropriate choice between time-domain equalization and OFDM. Sometimes a combination of the two
might be appropriate.

6.3 Channel Estimation

Up to now, the main assumption is that the transmission channel is known at the receiver. All the
algorithms and techniques we have seen critically utilize this fact. A natural question is how we have
such knowledge. The basic idea in channel estimation is to send known information symbols and estimate
the channel. The technique is a dual of estimating information symbols while sending it through a known
channel. Let us re-examine the discrete-time model given in (5.46) and for simplicity consider L = 1.
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Figure 6.14: Block diagram for OFDM.
Therefore, we can re-write it as
v
Yk = E PmTk—m + 2k,
m=0
and in vector form it is,
" T, Th-1 .. Th-y Do Zk
Th—1 Tp—2 cee Th—p—1 P :
~ . . o oy (6.17)
Yk—Np+1 ' :
T Th-Ny1 Th-Np -+ Tk Nptl-w Dy Zhe N1
y ———
X P z
where Ny = length of training. The problem is now of estimating p from Y when {zx, ..., Tk—Nrt1-0v}
are known symbols. Thus in compact form, (6.17) is written as
Y=Xp+z (6.18)
A criterion to estimate p from ) is
~ . 2
Popt = argmpm |V — Xpl| (6.19)
This can be written in more detail as,
NTfl v 2
arg min E Y—t — E DPmTh—t—m| = Popt
P
t=0 m=0

Note that this criterion does not involve any expectation (E[-]) operation. This is because we are assuming
the channel to be an unknown constant and not a stochastic quantity. The criterion given in (6.19) is called
the deterministic least squares criterion. As we shall see below, several of the geometric interpretations
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we had for the MMSE criterion (stochastic least squares) in Section 5.1 also carries through here as well.

We will examine a relationship between deterministic and stochastic least squares in Section 6.3.2.

We now know derive the orthogonality principle appropriate for the deterministic least squares problem

(see also Figure 6.15). Let us write the cost function given in (6.19) as,

Jp) = [Y-xp|?
V'Y+p X Xp -V Xp—p XY
By differentiation one gets
X" XPopt = XY
which in the terminology of least squares is the normal equation. If X*X is invertible then
Popt = (X*X)' XY
Note that the normal equation (6.20) implies the orthogonality principle, i.e.,

Copt = y - Xﬁopt
= Y-x@xx)tary
= Xeopr = ATV — (XX (XX*) Ty
=0

p

feopt

Xpopt
R(X)

(Y -D) LR(X)

Figure 6.15: Geometry of the deterministic least squares problem.

Hence eqpt L X, is the orthogonality principle in this context (see also Figure 6.15).
Now, let us use this result in the model of interest, i.e., (6.18). Therefore, we get

f)opt = (X*X)_lX*[Xp + Z] =p+ (X*X)_lX*Z
The estimation error for criterion (6.19) is therefore

€opt = y - X(X*X)ilX*y - [I - X(X*X)’lX*] y
Now, we can find the least squares error norm as

|| €opt H2 - || y - Xf)opt H2: y*eopt - IA)oth*eopt

—

a

= y*eopt:y*y_y*xf)opt
y*y_ (X*y)*f)opt
y*y_ (X*Xf)opt)*popt
VY= | Xbopt I

|

—~
o
=

(6.20)

(6.21)

(6.22)

(6.23)
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where (a) follows due to orthogonality (6.22) and (b) follows due to the normal equation (6.20).
Therefore we get

” Copt H2: y*y - prt(X*X)f)opt (624)
which is a Pythagorean relationship (see Figure 6.15) similar to Theorem 5.1.3 in Section 5.1.4.

6.3.1 Training sequence design

We have further control on the channel estimation problem by appropriately choosing the known (“train-
ing”) symbols that are sent. In this section we explore some properties we desire for designing training
sequences.

Now, using (6.23), the error in the estimate Pop; is,

Popt =P = (X*X)7'X*[Xp+2] -p (6.25)
(X*X) A"z

Hence,
Egl||Dopt — PI[°] = Notrace(X*X) ™",

where we have taken the E[-] operation over the noise z, and used E[zz*] = NyI. Therefore, the “quality”
of the estimate is determined by trace[(X*X)~!]. The “optimal” training design is to choose the training
symbols so as to minimize trace[(X*X)~1] for a given power constraint.

Problem:
Minimize trace[(X*X) 1]
1 Nr+v—1
subject t _ilP < &, 6.26
subject to No v ; |Tp—i|* < & ( )
or trace[X*X] < ¢ (6.27)
Facts:

1. Unitary decomposition: If A = A*, then A = UAU" where U*U = 1.
2. If A=UAU" and UU* =1 then, A~! = UA1U".
Theorem 6.3.1. Consider the problem with constraint given in (6.27), i.e.,

Minimize trace[(X* X))

subject to trace[X*X] < ¢ (6.28)
Then optimal training sequence for this problem satisfies X*X = 51
Proof: Let X*X = UAU*
trace(X*X)™t = trace(UATIU*) = trace(A~1U*U)
= ¢ A D = —
race( ) 2%,

Similarly

trace(X*X) = Z Ai
=0
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The problem with the constraint in (6.27) is then,

1
Minimize Z x

i

s.t Z)\i <e

Let us write the Lagrangian form for constrained optimization,

TN = Y -rEA

o7 1 0
VD VA
Therefore we see that \? = —% is a constant independent of index i. Therefore
1
A=——I,
val
giving us
1
XX =-——IL

val
Using this in (6.27) with equality we get

c
v+1

*

This was a toy problem in that we did not take the exact constraints into account (there are edge effects
that mean that problem (6.26) and (6.27) are not equivalent). Also, typically we want {xx} to come
from a particular constellation. That makes the training sequence optimization problem a discrete one,
i.e., a discrete optimization problem. However, this gives one an idea of what kind of training sequences
we should attempt to design. Another way of interpreting this is that we want the training sequences
to have low cross-correlation with shifted versions. This requirement on sequences also arises in CDMA
wireless multiple access communications.

Now, let us compare the true constraint given in (6.26)

1 Nr+v—1
Pk <e
Nt +v ZZ% |xk l| -

and the formal constraint (6.27) that we solved, i.e.,
tr [X*X] <ec.
In order to do this we can write,

Tk e Xk—yp Tk e Tk—p
X*x =

Lk—Np+1 cvo Tk—v—Np+1 Tk—Np+1 e Tk—v—Nr+1
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Hence we get,

trace (X*X) (6.29)

I
o
B}
>~

Nr—1

)| 2 bl

+...+ 2|$k7quT+2| + |Th—veNpt1

+ |a:k|2 + 2|xk_1|2 4.+ V|xk_l,+1|2 + V|.’13k_NT|2

I
<
+
=

Therefore we get,

Nr+v—1

trace (X*X) (rv+1)

1=0
v+ 1)(Np +v)E; — {V|$k|2 +...+ |xk_l,+1|2} — {|a:k_NT|2 +...+ 1/|a:k_NT_u+1|2}
~ v+ 1)(Nr+v)&,

IN

Therefore ¢ ~ (v + 1)(Np + v)&, if we ignore the edge effects.
Now if we use the “optimal” training sequence sa specified in Theorem 6.3.1, we get

(X X) =

I=(N o |
o1 (N7 +v)E;

and applying this using (6.25) we have

N ~ * * -1
E(p - popt)(p - popt) = (X X) NO-

These together give us,

R R No
E(p - popt)(p - popt) = (NT T V)S I
Therefore, for the optimal training sequences,
. 2 Nov ﬁ
E[ll p — Popt |H:(NT—|—V)S = 1+ Mo

Given this, the error in the estimate is made small by choosing N7 >> v, i.e., the training length should
be much larger then the number of parameters being estimated. If such a large N is chosen, then the
assumption of “perfect” channel state information becomes quite reasonable.

Channel mismatch

Since the channel estimation error is non-zero, the use of channel estimate instead of true channel incurs
a penality. Therefore we think that the output behaves as,

yk—ZpopfmIkm—i—Z — Popt,m)Th—m + Zk
Z,

If {x} are assumed i.i.d then

E[|1Z4112] = £ ||[Pope — PI[2] + NoL

> |ﬂ?k—z|2] R L e e o e 4 ARt o

(6.30)
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Hence, if the estimation error is small, then the use of the estimated channel does not greatly affect
performance. However, if either the training sequence length N, is small of the sequence was chosen
poorly, the mismatch in the channel could adversely affect performance. For good system design, one
tries to ensure that the channel mismatch is small. If Np becomes large, it is clear that the mismatch
asymptotically vanishes. In wireless channels (which we will encounter soon), there may be constraints
on Nr causing non-negligible channel mismatch.

6.3.2 Relationship between stochastic and deterministic least squares

In this section we explore the relationship between deterministic and stochastic least squares. We do this
using the model given in (6.18)
V=A4&p+z

and make the assumption that p is a stochastic variable with

Epp* = oI,
As before we assume that
Ezz* = NglL.
Now we use a linear estimator
p, = MY (6.31)
and we use the criterion
bs = argmfi)n Elllp-p | (6.32)

Using orthogonality principle (seen in Section 5.1) we have
p—ps LY
Hence we have,
El(p-MY)Y] = 0
giving us
M = E(PY){EPY]
Now we can write this explicitly using our assumptions as,

EpY* = (al)X™,
EYY* = (aXX*+ Nol)

Hence we see that the linear estimator using the stochastic criterion (6.32) is given by
M = aX* [aXX* + Noly,] " (6.33)

Claim 6.3.1.
No -t
M= {—IVH + X*X} X
o
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Proof: Now using (6.33),
N —1
M= X" [XX* + —OINT}
a
Note that

N, N,
X [XX* + —OINT} = {X*XX* + —OX*]
[0 (6]

|:X*X+ %Iy+1:| X*
(%

-1

N, -t N,
= {XX* + —OIV+1] X X [XX* + —OINT}
« «

= M

Hence we can rewrite (6.31) as

i ey N b
psz[x X+;°1,+1} x*y.

Comparing this to the solution obtained from the deterministic least squares (6.21), we see that if & — oo,
both are the same! Letting o — oo is like saying we are estimating an unknown constant and this is
basically what deterministic least squares is trying to do.

Now, let us examine the MMSE of the stochastic estimator, which is given by

E(p— P,)(p — P.)" = aly1 — aX™ (aX X" + NoIn,) ' aX

where Epp* = ol as before. Using matrix inversion lemma? (Lemma 5.7.1) we get,

1 -1

* 1 *
E(p —ps)(p —DPs)" = aIu+1+ﬁ0X X

If we make an assumption on {z}} satisfies the training optimality condition of Theorem 6.3.1 (see also
(6.30)),

X*X = (N + 1), 141

then
. s 1 1 -1
[0 N()
L I
= T NowE
% + (NT]—\"I_Q )gT
If . .
N L o>> -
(Np +v) Ny -
then N ,
E(p—p —-p. ) = —07111 I,
(P—Dp,)(P—Ps) g Nyt <<alia

Therefore the error covariance is much smaller than the variance of the random channel, i.e., much smaller
than the initial uncertainty.

2where the matrix inversion lemma is [A + BCB*]"! = A=l - A~!B[C~! + B*A~!B|"!B*A~L.
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6.4 Problems

Problem 6.1

For a channel with 1

Ipl?

Assume that the noise variance is 02 = 0.1, and &, = 1.

Q(D)

[0.9D +1.81+0.9D7!]

1. Find G(D) and W(D)for the ZF-DFE.
2. Find SNRzr_prE.
3. Design (draw) a Tomlinson precoder.

4. Let M = 4 (PAM constellation) for your precoder, Find P.. Recall that the Tomlinson Precoder
output is approximately i.i.d when the input is an i.i.d sequence, and furthermore the output
sequence is approximately uniform in distribution over the inteval [—Md/2, Md/2].

Problem 6.2

Consider the channel model in Problem 5.6:
1. Design (draw) a Tomlinson precoder for this channel model and ZF-DFE.

2. Let M be a large value (PAM constellation) for your precoder, Find P.. Recall that the Tomlinson
Precoder output is approximately i.i.d when the input is an i.i.d sequence, and furthermore the
output sequence is approximately uniform in distribution over the inteval [-Md/2, Md/2].

Problem 6.3
Consider the H(D) =1+ D channel. The differential precoder for this channel has the form

MmE = Mg © Mp—1

where © represents subtraction modulo-M, mj and my are the precoder input and output, respectively,
and take values in {0,...,M — 1}.

1. Derive the mapping from the precoder output to zy, the channel input, assuming PAM modulation
with symbols separated by distance d.

2. Find the noiseless equivalent channel output. Also determine the input my from this output. Hint:
Apply the inverse of the mapping you found in part (a). You may use the (-) operator to show a
quantity calculated in M-level arithmetic.

3. Assuming the presence of additive noise, what is the estimate of the input my, if you apply the same
method as in part-2 to determine my?

Problem 6.4
[Tomlinson-Harashima Precoder for the MMSE-DFE)|
1. Derive the expression for R(D), the output of the feedforward filter in the MMSE-DFE.

2. Write an expression for Gy (D), the equvialent unbiased filter for the MMSE-DFE.
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3. Using the fact that the SSNRMMM scaled value of ry, the output of the MMSE WMF, is an

NRMMsE-DFE,U

unbiased MMSE approximation of X (D)Gy (D), find the feedback filter, B(D) for the Tomlison-
Harashima precoder for the MMSE-DFE. Hence find 7y, the scaled output of the feedforward
filter.

4. Determine the output of the precoder after the modulo operation, I'(ry k).

Problem 6.5

1. Suppose we are given a periodic channel h(t) = h(t + T). Show that ¢, (t) = e/ 7™ are eigenfunc-
tions of the channel. (Hint: express h(t) in a Fourier series). By eigenfunctions, we mean that if
o(t), t € [0,T) is used for a periodic channel h(t), the output y(¢), ¢ € [0,T), will be a scaled version
of ¢(t). Note here, that both the input and the output signals are restricted to the interval [0, T).

2. What are the associated eigenvalues 7

3. If the channel is not periodic, but had finite length v, how could the designer create a new set of
functions @, (t) from p(t) such that the output looks as if it was created by a periodic channel.

4. If the receiver only looks at the periodic part of the output signal, what would the associated
eigenvalues be ?

5. If a transmission uses the channel eigenfunctions developed here, how much faster does the sampling
rate hav to be ? ( or how much more bandwith does the design have to use ?)

Problem 6.6

Assume an OFDM system with N subcarriers, of symbol length 7', of which v is the length of the cyclic
prefix

VT —v

() =4 I 2RV ift € (0,7
0 , otherwise

On a particular symbol, we have the transmitted signal given by:

N-1

Sl(t) = xk,l¢k (t — lT)
k=

[}

Then the output from a transmitter is:

0
Moreover we assume that the impulse response g(¢) of the channel is of length v.
1. Compute the received signal 7(t). (consider an AWGN channel noise n(t))

2. The OFDM receiver consists of a filter bank, matched to the last part [v,T] of the transmitter
waveforms ¢y (t) :

0 , otherwise

1#k(t):{ ¢ (T —1t) , ifte0,T—v]

Compute the sampled output from the receiver filter banks yi, = (r* ) (t) |+=7 and show that it is
of the form y, = hpay + nk. (Remember that since the cyclic prefix contains all ISI from previous
symbol, we can ignore the time index )
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Problem 6.7

Given an OFDM system with N subcarriers , compute the channel estimation in the frequency domain.
Do we need N pilot symbols?

Problem 6.8

Given an OFDM system with N = 4 sub-carriers, cyclic prefix and a given channel P(D) =1+ 1.81D +
0.81D2:

1. Find the matrix P and compute its eigen decomposition.
2. After applying FEQ, compute the SNR on each sub carrier.

Assume that £, = 0.1 and ¢2 = 0.01.

Problem 6.9

Consider a finite impulse response channel
1%
Y = Z PrnTk—n + Zk
n=0

where yi, zi, € C? and p, € C?, i.e they are 2-dimensional vectors. This could arise, for example,
through Nyquist sampling like the model considered in class (L = 2).

Yk
1. Suppose one observes a block of N samples of {yx}, Vi = . Write down the relationship
Yk—N+1
Tk
between Vi and Xy = | Tx—nN+1 in the form
Thk—N+1—v

Vi =PXy + Z¢
where Vi, Z, € C*N, X, € CNY, P e ©2VX(NHY) by gpecifying the form of P.

2. Suppose we use a cyclic prefix, i.e

Tp-N—-| = Tp—1, 1 =0, ,v—1
Develop the equivalent model: e
Vi =PXy + Z (6.34)
Tp
where X}, = e CY and P € €*V*V. Find P.

Tr—N+1
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,—»cyclic prefix
I
14

< »
¢ >

k-N+1-v  k-N+1 k

Figure 6.16: Cyclic Prefix

3. Let Y(£) = = >0 yre IR K Z(0)
P(l) = 0o pne ¥, X(0) = S S e N R
Develop the vector OFDM form for (6.34), i.e, show that
YU)=PO)XU)+Z(¥), t=0,---,N—1 (6.35)

This can be done by either arguing about equivalent periodic sequences or any other proof technique.
Here we would like to see a derivation, just stating the result is not enough.

4. In the form given in (6.35), we get N parallel vector channels. If we want to detect each component
{X(¢)} separately what would be the best linear estimator of X (¢) from Y (¢), i.e the appropriate
“frequency-domain” MMSE linear equalizer (FEQ).

Problem 6.10
Find the MMSE-LE filter that normalizes the following channel

P(D) =0.7+1.5D +0.8D?
to a target channel of fI(D) =1+ D. In this case our predicition error becomes
E(D) = X(D)H(D) — W(D)Y (D).

You may assume that R, = &, and that there is additive white Gaussian noise of power Nj.

The goal of this exercise to show the links between equalization, and the other methods of dealing with
ISI that we looked at such as OFDM and sequence detection. In pratical systems a channel is rarely
fully equalized to a delta function (H(D) = 1). Instead the channel is equalized to something relatively
benign (such as 1 + D), and then OFDM or sequence detection is applied to this equivalent channel.
We see that the techniques we have learned for dealing with ISI channels do not have to be used indepen-
dently, and indeed in practical systems equalization is often combined with another method for coping
with ISI.

Problem 6.11

Given an OFDM system with N = 8 subcarriers, and a given channel P(D) =1+ 0.9D:
1. Find the matrix P and compute its eigen decomposition.
2. After applying FEQ, compute the SNR on each subcarrier.
3. Calculate the error rate for QPSK modulation.

4. What is the worst error rate?
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Problem 6.12

[Sensitivity of OFDM to frequency offset]

To the P(D) = 1+ D channel, add a small frequency offset, dw. This will make the P matrix not
exactly circulant anymore. Calculate the inter-carrier interference and quantify for what frequency offset
it becomes significant. Let N = 4. dw = w,T, where w, is the frequency offset and T is the symbol
period. p(n) is replace to include the frequency offset such that

y(k) = *Fpn)a(k —n) + 2(k)
n=0

Hint: Calculate the new P matrix, then calculate the A matrix.

Problem 6.13

[INTER-CARRIER INTERFERENCE IN OFDM]
Consider the scalar discrete-time inter symbol interference channel considered in the class,

Yk =D DnTkn+2 k=0,...,N-1, (6.36)

n=0

where 2, ~ CN(0,02) and is i.i.d., independent of {z}}. Let us employ a cyclic prefix as done in OFDM,
1.€.,
T_] =TN-1—1, lzo,...,l/.

As done in class given the cyclic prefix,

Po .- .- Dy 0o ... 0 0
0O po ... Pu—1 pu 0 .. 0
YnN-1 TN-1 ZN-1
y= : =10 ... ... 0 PO e e Dy : + : . (6.37)
Yo Pv 0 .. 0 0 Po e Pu—1 Zo 20
. —_—— ———
P ... Do 0 ... 0 0 Po |
P
In the derivation of OFDM we used the property that

P = F*DF, (6.38)

where . )
2
Foa = 75 &P <—]W(P - 1D(g— 1))
and D is the diagonal matrix with

v

Dy, =d = ane_j

n=0

2m
an.

Using this we obtained
Y =Fy =DX + Z,
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where X = Fx, Z = Fz. This yields the parallel channel result
Y, =d,X;,+ 7. (6.39)

If the carrier synchronization is not accurate, then (6.36) gets modified as

y(k) =" e ok p bz, k=0, N1 (6.40)

n=0

where fj is the carrier frequency offset. If we still use the cyclic prefix for transmission, then (6.37) gets
modified as

[poed2mfo(N=1) = p ei2nfo(N=1) .. 0 0 ]
y(N_]-) TN-1 ZN—-1
= 0 . . T 6j27‘l’fol/p0 . 6j27Tfol/pV : + .
y eI2mfo0p, . e2mfo0p, 0 e 0 ei2mfolp, | x z
H
(6.41)
i.e.,
y=Hx+1z
Note that
H - SP,
where S is a diagonal matrix with S;; = e/27/0(N=0 and P is defined as in (6.37).
(a) Show that for Y = Fy, X = Fx,
Y=GX+Z (6.42)

and prove that
G = FSF*D.

(b) If fo # 0, we see from part (a) that G is no longer a diagonal matrix and therefore we do not obtain
the parallel channel result of (6.39). We get inter-carrier interference (ICI), i.e., we have

Y, =GuXi+ Y G(l,gX,+Z, 1=0,...,N-1,
g7l

ICI + noise

which shows that the other carriers interfere with X;. Compute the SINR (signal-to-interference
plus noise ratio). Assume {X;} are i.i.d, with E|X;|?> = £,. You can compute the SINR for the
particular [ and leave the expression in terms of {G(l,q)}.

(c) Find the filter Wy, such that the MMSE criterion is fulfilled,
minw, E|W;Y — X, 2.

You can again assume that {X;} are i.i.d with E[X;|? = &, and that the receiver knows G. You
can now state the answer in terms of G.

(d) Find an expression for Gy 4 in terms of fo, N, {d;}. Given this and (b), what can you conclude about
the value of fy. For what values of fy do you think that the inter-carrier interference problem is
important? Hint: Use the summation of the geometric series hint given in first page.
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Problem 6.14

Consider the channel estimation problem based on the deterministic criterion. Let the channel be:
Y = Xp+z,

where channel memory length ¥ = 1 and length of the training sequence Ny = 2. The deterministic
criterion to estimate p is given by:

Popt = argming ||V — Xp||.
1. Assume that all the signal are real, prove directly by differentiating that the optimum p satisfies
Popt = (X*X)1X*Y. (6.43)
Prove eqn(6.43) when the signals can be complex.

2. Let & = 0.1, 02 = 0.01. Find the expected error in the estimation assuming that the training
sequence is the optimal sequence obtained under the constraint Tr(X*X) < (v 4+ 1)(Nr + v)&,.
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Chapter 7

Wireless channel models

Wireless communication refers to communication using electromagnetic waves propagated in “air” to carry
information. This is different from the telephone line channel or the cable channel that required a wire to
carry information across from point to point. Today wireless networks have significantly penetrated our
lives through cellular phones, satellite TV and even cordless phones which combine with the traditional
PSTN wired telephone line network.

Wireless communication has a long history, dating back to 1897 when Marconi successfully demonstrated
wireless telegraphy. The early 20th century witnessed the birth of radio transmission with speech and
audio carried across the ocean. Soon, television transmission started in the 1930s and the launching of
satellites in the 1950s started long-haul wireless networks. Today microwave networks for line-of-sight
transmission, cellular networks for wireless telephony and wireless LANs for data access seem ubiquitous.
In this part of the class we introduce the transmission medium in cellular wireless communication and
some of the signal processing issues dealing with reception of multiple user wireless transmissions.
There are two main distinguishing features of wireless communications in comparison to wired channels.
The first is the channel could be time-varying causing the received signal strength to wax and wane. This
phenomenon is called channel fading, and occurs due to radio wave propagation effects. The second is that
the wireless channel is an inherently shared medium and hence multiple user interact and interfere with
each other. Therefore we need to devise techniques to handle multiuser interference making it distinct
from the point-to-point (single-user) detectors we studied in Chapter 2. In general we also encounter
inter-symbol interference in wireless channels, but this is something we have already encountered in
Chapter 4-6.

A cellular network consists of users spread over a geographical area served by a “base station”. The
area of a single base station is often called a “cell” and hence the name cellular communication. Several
base-stations combine to cover large geographical areas. For example New York city has base-stations
every couple of blocks and therefore the cells could be quite small. On the other hand in sub-urban and
rural areas the cells could be quite large, of the order several square kilometers.

The base-stations connect to the wired telephone network enabling calls to and from the telephone line
network to the wireless cellular network. Given this background, we study the following aspects of wireless
networks.

e Radio wave propagation in scattering environments.
e Physical and statistical models for wireless channels.
e Detection in wireless point-to-point (single users) channels.

e Concept of diversity in various forms.
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i

Figure 7.1: A cartoon of a cellular base station.

Base station

Figure 7.2: An oversimplified view of cells in geographical area.
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e Wireless multi-users channels, in particular focus on the multiple access channel.
e Multiuser detection for multiple access channels.

In this chapter we study wireless channel models after understanding the effects of radio wave propagation.
In Chapter 8, we study detection in point-to-point (single user) wireless channels. In Chapter 9, we study
multiuser wireless channels and focus on multiple access channels.

7.1 Radio wave propagation

Wireless transmission occurs by modulating electromagnetic waves which are then transmitted through
an antenna. The receiver processes the impinging electromagnetic wave and detects the transmitted
information. The typical carrier frequencies are 0.9 GHz, 1.8 GHz, 2.4 GHz, etc. for cellular wireless
networks. The main effects on the information transmission arises due to the propagation effects on the
electromagnetic waves due to reflection, absorption and constructive and destructive combining of these
electromagnetic waves. Therefore we first study these effects and their impact on communication.

7.1.1 Free space propagation

® Receiving
antenna

(Ta 97 w)

transmitting
antenna

(0,0,0)

Figure 7.3: Free space radio propagation.

Free space propagation occurs when the transmitter and the receiver have an unobstructed line-of-sight
path between them. For a fized transmitting and fized receiving antenna, and for a pure sinusoid cos 27 ft
transmitted, the observed electric field (far field) at time ¢ and position (r,6,1)) is

BIS, b, (1,0,1)] = 1 Rela (6,1, )/ /)] (7.1

where o, (6,1, f) is the radiation pattern of transmitting antenna, ¢ = 3 x 10® (velocity of light). Note
that phase variation of fr/c is just due to the delay caused by radiation travelling at the speed of light.
The receiving antenna could have a radiation (reception) pattern of its own and this could modify the ob-
served electric field. This just means «(0, 1, f) replaces as (6, ¥, f) where a(0, ¢, f) = as(0,v, ). (0,1, f).
Therefore the received electric field at the antenna is

LS. (r,0,0)) = TRela(0, b, f)er 5], (72)

Notes:

1. Notice that in (7.2) the electric field decays as % as a function of distance between transmitting
and receiving antennas. Thus the power behaves as,
_La(0,9,5) P

O T B (73)
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and hence decays as T%, as a function of the distance. This is often called the squared law loss
and determines how far we can have the transmitter and receiver, implying the coverage area of a
base-station for example.

2. The relationship in (7.2) holds only for free space propagation, i.e. no absorption, no reflections or
scattering.

3. The radiation pattern of the transmitting antenna could be directional and also cause phase varia-
tions.

4. Tt is clear that (7.2) does not hold for r = 0, i.e., this is a far field model when the transmitter and
the receiver are far apart.

5. Linearity: The observed electric field is linear in the input, i.e. if we transmit a sum (superposition)
of two sinusoids, the output will be the sum of the outputs one would have observed if each of them
were transmitted alone. This is an important feature of the propagation behavior that will be used
in the channel models later.

7.1.2 Ground Reflection

In typical scenarios, an unobstructed line-of-sight path between the transmitter and the receiver is rare.
We will now look at our first modification of the free space model developed in Section 7.1.1.

A two-ray ground reflection model is a usual first step in demonstrating the kind of impairments we
would see in a real propagation environment. Even though such a model (shown in Figure 7.4) does not
capture all the complexities of a real-world channel, it gives us a taste of what to expect.

In Figure 7.4, we consider a typical scenario where one antenna (say the transmitter) is much higher (at a
height h:) than the receiver (at height h,.). This might represent a base-station transmitting to a mobile
unit. We consider a perfect omnidirectional transmitter and receiver, i.e., (6,9, f) = 1.

\\\ T -o \Edirect
N =~ -
N /r-d. " ‘~‘\\
N AT ec -
hy N =
\\Erefl //’ hr

N -
N

N
=

To

Figure 7.4: A two-ray ground reflection model.

We assume that receiver observes two versions of the transmitted wave, one which reaches it directly
and we call this Eyjre.t and the other which reflects off the ground and reaches it after travelling a total
distance of r,. Due to linearity, the total electric field is the sum of these two components given by,

E(fv t) = Edirect(fa t) + Erefl (fv t) (74)

Let Ey be the observed electric field at a reference distance dy from the transmitter. If the ground is a
perfect reflector, then

Eyd
Edgirect = e COS (27Tf (t - r_d))
Td C
—Fod
E.cr1 = —970 cos (27rf (t — E))
Ty C
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where r, is the distance travelled by the direct wave, i.e., r4 is the distance from transmitter to receiver
and 7y, is the total distance travelled by reflected wave.
Now, let us define the path difference A as,

A = mp—ra D\ et ) rd (e~ he)?
97 1/2 97 1/2
- 1+(M” . H(M”
To To
2 2
b _
® Ly L (et L (el
2 To 2 To

1 ) 1 2
= r) — — Iy = 4 r) = —thy
5 [(ht + hy) (he — hy) ] 7”0( hihy) o hih

where (a) occurs due to geometry in Figure 7.5 i.e.,

ry = (he+he)? 473
r3 = (hy—hy)? +rg (7.5)

and the approximation (b) is for ro >> (h¢ + h,). This means that the distance between the transmitter
and the receiver are much larger than the antenna heights. Hence we get

2
A =Ty — T4 ~ %hth’r (76)

Therefore using this in (7.4) we get

EO d() Ty

E(f,t) = E;):lo cos {277]‘ (t — %d)} — cos |:27T(ft — f?)}

Eoydy cos {27# (t - T?d)} ~ Eody oS {27rf(t— r—cb)]

Q

To To
where the approximation is because rp = \/(ht + hy)2 + 73 &~ rg and rq = \/(ht + hy-)? + ¢ & 7o in the
first order.
ht vy
B G hy
T0 hr
hi o

Figure 7.5: Trigonometry to find path differences.

Now, let us consider the complex representation of the electric field. One can get to the previous repre-
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sentation by taking the real part.
Bodo jo(e—22) _ Eodo (i)

E(f,t) = c
(ry = = «
~ Eodo [ ju(t-2a) _ ei(1=2)]
To

where as before the approximation is that i R~ % = % in the far field. Moreover we have used the
notation w = 2« f, for brevity.

Using this we get

B(1) ~ Dot [t omit]
o
= {—Eodo] Iwtemiw [ejw(rbzrd) — 1} .
To

Now to find the power we need the total magnitude of the electric field, i.e.,

[B(f,1)] = ’ﬂ () 1‘
0

Consider the second term above,

A = flo (5] o o (2
- vl (55)

fo-eno (2]

oo (257

Therefore now we use the approximation developed in (7.6) as,

By ~ P 2sin{w(rb_rd)]

) 2c
(a) Eodo . < th hr >
~ 2sin [ w

) ro2¢

) | Eodo | 2w hih
- To CcC T
1 {2E0dohthr}

r3 c

where (a) occurs due to the approximations in (7.6) and (b) occurs because sinf ~ 6 for small 6.

Hence the power received is | E(f,t) |? is P, = % [%]
1

Hence, the received power decays as %4 instead of - as was seen in the free space propagation model.

0
This drastically different behavior in the power decay shows that complex reflections can alter the decay
behavior with distance.
The main ideas from radio wave propagation considered in Section 7.1.1 and 7.1.2 can be summarized as
follows.
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1. The free space transmission resulted in a linear time-invariant system with a power decay of %2,
0
where r¢ was the distance between sender and receiver.

2. For a ground reflection, which occurs frequently in rural and suburban environments, the power
loss become 1/ i.e., it decays much faster than in free space. Therefore in general the radio wave
propagation causes a decay of power as

P ox — (7.7)

where 8 > 2. Typically § € [2,6].

7.1.3 Log-normal Shadowing

The model given in (7.7) may not completely capture the power loss behavior. Unfortunately the radio
propagation environment is much more complicated than just a reflection model. Typically radio waves
get reflected, absorbed, scattered and diffracted. All these depend very highly on the particular propa-
gation environment. For example, the presence of a large building causing absorption, or a rough surface
causing scattering means that one cannot easily predict the radio wave propagation behavior. Here is
where we first encounter a stochastic model for the propagation, where the randomness corresponds to
the unknown or uncertain propagation environment.

Given that just the “distance loss” behavior of (7.7) does not account for the complete effects of radio
propagation, we introduce the notion of shadowing to account for the randomness in the propagation
environment. It has been empirically observed that the received signal power P,.(rg) as a function of
distance r¢ between transmitter and receiver behaves as,

P.(rg) x

oo (7.8)

where § is a random variable (shadowing) accounting for some of the uncertainties in the propagation
environment. Through empirical studies it has been observed that the random variable S behaves as
a log-normal distribution, i.e., logS is a zero-mean Gaussian distributed random variable with a given
variance. This model attempts to account for the variability in the empirical signal seen, even for the
same distance separation between the transmitter and the receiver. Therefore the model in (7.8) shows
that the received signal levels at a particular transmitter-receiver separation of r( is a random variable.
In terms of signal power measured in dB,

10log P.(ro) = K + 10log S — 103 log o,

where I is the proportionality constant. Since logS is modelled as zero-mean, the mean received power
in dB is that given by the distance loss and the shadowing adds on to this with a normal distribution.
In summary the shadowing represents the absorption and clutter loss which depends on the unknown
(and uncertain) propagation environment. This is our first encounter with such randomness in the
modelling. We will encounter it again in the next section where we consider mobility. Note, however
that the shadowing loss is modelled only for fixed environments. The modelling of shadowing for mobile
environments is quite difficult.

7.1.4 Mobility and multipath fading

Up to now the propagation effects have been perhaps random but time-invariant. In this section we
introduce one of the distinguishing features of wireless channels, i.e., time-variation. These rapid fluctu-
ations in signal strength are called fading and are caused by constructive and destructive interference of
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reflected waves. We have already seen the effect of such superposition in Section 7.1.2 where we saw the
combination of a direct and a ground reflected wave. The essential difference here is that the receiver
and/or the transmitter is mobile and hence these superpositions change over time causing the rapid sig-
nal strength fluctuations. These are small-scale effects in that the distance travelled is of the order of
several wavelengths of the carrier wave in order to observe these variations. Therefore the signal strength
variations do not occur due to changes in the propagation environment (i.e., reflectors, etc.) but due to
phase changes in the “multipath” superposed reflections themselves.

Doppler Shift: Consider a mobile moving at a constant velocity v, along a path AB as illustrated in
Figure 7.6. Suppose, as shown in Figure 7.6 there is a remote fixed transmitter 7.

Figure 7.6: Doppler shift.

The difference in path length travelled by a wave from 7 to the mobile at A and B is Ap = dcosf =
vAt cosf where At is the time needed for the car to go from A to B and 6 is the angle between AB and
AT . Here we have assumed that 7 is far enough that the angles from A and B are the same, i.e., 6.
Therefore due to the path length difference the phase difference of the radio wave is

_ 2mAp  2mvAt

Ao=—3 A

cos

where A is the wavelength of the carrier. Therefore the apparent change in frequency is given by

1A
fa= %Ff = gcos 6. (7.9)
The relationship given in (7.9) relates the mobile speed to the change in frequency, which is called the
Doppler shift. This is a phenomenon one might have encountered often when a police siren seems to
increase in frequency while approaching while decreasing when it is receding. Though the siren is always
transmitting at the same frequency a fixed listener observes a variation in the frequency and this effect is
called the Doppler effect after its discoverer. Clearly, in (7.9) we see that if the mobile is moving towards
T, i.e., 8 > 0, then the frequency shift is positive (i.e., apparent frequency is higher) and the shift is
negative when it is receding from 7 (i.e., 6 < 0).
Now, this Doppler shift is the cause for the time-variation seen in wireless channels. The situation
becomes more complex when the mobile receives not one copy but several reflected copies of the signal
transmitted by 7. This can be modelled as having several virtual sources {7;} transmitted to the mobile.
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77T

Figure 7.7: Multipath reflections and Doppler shifts.

Now, consider the effect of (7.9) on the received electric field, given in (7.1). The change in frequency
causes the received field at point B to be

1 .
E(f,t) = —Re[a(0, ¢, f)e?*r/ 1)1

To

For an ideal omni-directional transmitter and receiver, the complex electric field is given by
E(f t) — lej%rft ej27rfdt
’ o

Therefore in the baseband and after compensation of distance loss we get

Eb (t) = €j2ﬂ—f‘it

Now, this is for a single path and for reflections we get several virtual sources, i.e., the received baseband
signal is

L
y(t) = ceirlx cosoilt (7.10)
=1

where {60} are the angles to the different reflectors and {c¢;} are the (complex) reflection coeflicients of
each of the reflectors. This is because each of the reflectors could cause phase shift as well as absorb to
reduce the amplitude. This is illustrated in Figure 7.7.

In general, the reflectors could be such that one also gets delayed versions of the signal, but this is an
effect we will study in Section 7.2.

The model given in (7.10) was for a single sinusoid sent at a carrier frequency and it showed the baseband
equivalent signal. Now, if a narrowband signal x(t) was sent instead of a pure sinusoid, then the received
signal would be,

y(t)

L
[Z Clej27r’—>i cosG,,t‘| :C(t)
=1
f(#)x(t) (7.11)

The relationship in (7.11) illustrates two things. One, that the equivalent channel is multiplicative, i.e.,
the channel f(t) is time-varying and causes the received signal strength fluctuations. Second, the overall
system behavior is that of a linear time-varying system.
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7.1.5 Summary of radio propagation effects

There were three main effects that we studied in Sections 7.1.1-7.1.4, i.e., distance loss effect, shadowing
and multipath fading. Overall, for a baseband signal if a narrowband signal x(t) is transmitted, then the
received signal is
u(t) =~ f(e)e(r),
(ro)2

where S represents the random log-normal shadowing described in Section 7.1.3, (To)%ﬁ loss describes
the distance loss and f(t) describes the small-scale fast fading alternation. In most baseband systems,
the relatively constant qualities of the shadowing and distance loss one compensated by automatic gain
control. Therefore the multipath fading becomes the dominant effect for a communication system design
and analysis. Clearly the overall model depends on unknown propagation environment that changes over
time. Thus leads to modelling the channel as a random variable with given probability laws which are
characterized empirically.

7.2 Wireless communication channel

e

J\/

=(t) Recelver

Transmitte

Figure 7.8: Delayed reflections of radio waves.

As can be seen from the discussion in Sections 7.1.3-7.1.5, the propagation models for the wireless channel
can quickly become quite complicated. As mentioned in Section 7.1.4, there can also be delays {74}
between different reflected waves (see also Figure 7.8) and hence we can get the received baseband signal
to be,

D S D
=2 ol alt =) = 3 fultalt = ) (7.12)
d:l ) d=1

fa(t)

where D are the number of delayed paths with S; and 74 respectively the shadowing and distance losses
of the delayed paths. There could be several reflectors at approximately the same delay {74}, and hence
as in Section 7.1.4, (7.11), we have

Lg
=Y d)ed Frees @t g =1, D. (7.13)
=1
Adding is the usual receiver noise into (7.12), we get the received signal to be

Zfd x(t —74) + 2(t) (7.14)
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where z(t) is typically additive Gaussian noise and we have defined fq(t) = —54 f;. As can be seen,
Td 2

the description of the model depends crucially on the multipath fading {f;(¢)} as well as the delays {74}
aside from the coarser quantities of distance loss and shadowing. The power of each delayed path depends
on the coarser quantities which leads to the power-delay profile in (7.14) which is the main model for
communication.

7.2.1 Linear time-varying channel

The model given is (7.14) can be represented as a linear time-varying channel as follows. We can rewrite
(7.14) as

y(t) = / hp(t; T)a(t — 7)dT + 2(t)
where

Zfd (T —7a).

This compactly represents the linear time-varying channel imposed by the electromagnetic wave propaga-
tion. Now, we can go to the discrete time model by sampling at Nyquist rate. Note that for a time-varying
system this means sampling at a rate higher than 2(W; 4+ W) where W7 is the input bandw1dth and W

is the bandwidth of the channel time-variation. Now if we sample at times T < W’ then

y(kTs) = /hp(kTS;T)x(kTs —71)dr + z(kT5).

T

Now, if the transmitted signal was modulated as in Chapter 4, then
x(t) = Z Tne(t —nT)

Where T is the symbol period and as in Chapter 4, we have assumed N = 1 complex dimensions for the
modulation. Therefore if we assume that Ts = +, where L as in Chapter 5 is the “over sampling” factor,

then, L’
yi(k) = (k’T_E ZfdkT_— ansﬁkT—TT—Td—nTH—z(kT—%)
———
zi (k)
= an Zfd T_ - [(k‘—n)T— % —Td] + zi(k)
= Ziﬁk—m {Z fa(kT — %)g@(mT - % — Td)} + 2 (k)
= Zxk mhi(k;m) + 2 (k)
where
> iT iT
hi(k;m) = dzz:lf a(KT — f)sﬂ(mT -7 Td)
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Therefore a vector linear time-varying channel model is,

Yo (k)
y(k) = : = h(k;m)z_pm +2z(k) (7.15)
ny.l(k) :
where
ho(k;m) zo(k)
h(k;m) — : C a(k) = : (7.16)
i (ki m) 2 (k)

The model given in (7.15) is the linear time-varying model that summarizes the effects of the radio wave
propagation on the communication channel.
Notes:

1. This model looks very similar to the one we have been studying till now in this class. The main
difference is that the linear time-invariant channel has been replaced by the linear time-varying
channel.

2. The impulse response {h(k,1)} is composed of several components, due to reflection, absorption,
path loss, an multipath combining. Instead of a detailed model for this, it is more fruitful to describe
it statistically, as we will do in Section 7.2.2.

3. The processes {fq(t)} vary in time and their correlation depends on the relative velocity between
sender and receiver. The bandwidths of these variations depend on the Doppler shifts of the
reflected paths. Thus the random process { fq(t)} has a spectral bandwidth which is roughly pro-
portional to f.Z. For example at f. =1 GHz, v = 30m/s(=~ 60mph), the bandwidth of variation is
approximately 100 Hz.

4. The time-scales become important. During a transmission burst which might last a few seconds
at most, the path loss, shadowing (absorption) and the reflectors remain approximately constant.
The main variation comes from Doppler spread i.e., mobility. Hence, the variation in fq(t) arises
mainly from this effect.

7.2.2 Statistical Models

z(1) Wireless ™
——= + t
Channel =/ y(t)

In the model given in (7.15), one can describe in fine detail each of the quantities influencing h(k;m) in
terms of the reflector geometries and the delays. However, as one can imagine, such a description can
quickly become difficult in most realistic environments. Therefore we revert to a statistical (random)
channel description that captures the spirit rather than each of the fine details.

The first question is about the behavior of {f;(t)} given in (7.13), which greatly infuences the linear
time-varying response h(k;m). Given that it corresponds to the addition of several random quantities,
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one can surmise that it can be well modelled by a Gaussian stochastic process. In fact this has also been
well justified by empirical studies. It has been shown that it can be well modelled as a complex Gaussian
process which has a power spectral density which is relatively flat over a bandwidth of (%) Hz, where A
is the carrier wavelength. Therefore we have the model that f4(¢) is Gaussian with

|wl<2my

0 else (7.17)

1
Sp (W) = { W

where Wi = 3. Tt is also a good model that the reflectors at different delays have independent fading,
i.e., {f('i(t)} are i.i.d. over d = 1,...,D. Therefore we have statistical description of the fading processes
{£a()}-

The delays {74} are difficult to characterize empirically. Depending on the propagation environment
(urban, sub-urban or rural) the maximal delay 7p can be characterized. For example in urban environ-
ments, | 7p |< 5 psec. Where as in rural environments one could have larger delays of the order of tens
of usecs. This corresponds to reflectors being further away like mountains etc. Note that a 1 usec delay
implies a distance of 300 m (3 x 10% x 107% = 300). As mentioned earlier, there is a power-delay profile
associated with { f(;(t)}.Usually the larger delay reflections have lower power since they have travelled
a larger distance. However the effects of shadowing means that there is randomness in the power-delay
profile as well. Therefore there are the models for the delays depending on the environment and typically
the models are given for urban, sub-urban or rural propagation scenarios.

Special Cases

1. Linear time invariant model: if v = 0, i.e., the mobile is stationary, then f4(¢) is independent of
t, (see (7.14)), and we recover a linear time invariant model since (h(k;m) = h(0;m), and hence
(7.15) becomes

y(k) = S h(0; )i + a(k)

2. Flat fading model: If the delay spread i.e., maxy 7y = Tp, is small, i.e, 7p ~ 0, then we get

D iT
hi(k;m) = [Z fa(kT = ) | (mT = —)
d=1

Hence

> -
i) = | 16| )
d=1 i
Therefore, for this case with L = 1, we get for pulse shapes like the sinc pulse which have
e(mT) =0, m#0
the flat fading model where there is no inter-symbol interference, i.e.,
Yo(k) = ho(k; 0)xk + 20(k).

This gives a frequency “non-selective” (i.e., no ISI) but time varying channel.
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7.2.3 Time and frequency variation

In Chapter 4-6, we encountered ISI channels where the model was a linear time invariant channel. In
this chapter the model of the wireless channel is one of linear time-varying channel.

Now, the variation in time depends or the Doppler shifts as seen in (7.10), and therefore across all the
reflected paths one can define the largest Doppler variations. Clearly this is upper bounded by % and
this is the maximal Doppler spread fma. of the time variation. This was the bandwidth of time variation
used in (7.17) for the statistical model. This Doppler spread corresponds to how fast the channel varies
over time. Hence we define the coherence time T, as,

A 1
fmam

which corresponds approximately the time period over which the channel is expected to remain roughly the
same. In a similar manner we can find the maximal delay spread of the channel response as Ty = maxg 74.
This relates to the longest delay seen and characterizes the frequency variation of the random frequency
response of the wireless channel. We define the coherence bandwidth W, as

T

A 1
W.=—
2T,

which corresponds approximately to the frequency range over which we expect the response to be roughly
the same.

Therefore we obtain characterization of the order-of-magnitude behavior in time and frequency of the
random time-varying channel through the coherence time and coherence bandwidths. For example, if we
are transmitting at 1 GHz, and a mobile is moving at 60 miles per hour (approximately 30%) then we
have fiae = 27” = 200 Hz and T, = 5 msec. Therefore approximately every 5 msec the channel becomes
independent and this gives us an engineering insight into block lengths we could use and other design
considerations. Similarly if we have a maximum delay spread of 20 usec, then W, = 2.5 x 10%. Therefore
for signal bandwidth of less than W, we would expect the variation of the channel in frequency to be
small.

7.2.4 Overall communication model

The wireless model given in (7.15) forms the basis of all the discussion in Chapter 8. The model comprises
of time-variation which is roughly characterized by the coherence time T, and frequency variation (ap-
proximately characterized by W, the coherence bandwidth). The frequency variation causes intersymbol
interference and we have studied such impairments in Chapter 4-6. However due to time-variation one
might encounter several realizations of the channel over a transmission burst and this is exactly the new
feature in wireless communication. We will need to understand the impact of this on the communication
system. Therefore we have a linear time-varying communication model that is modelled as a stochastic
process as described in Section 7.2.2.

Block time-invariant models: In many situations it is useful to consider the channel as remaining
constant over a small number of transmissions and then change to another value after that. For example
if we transmit a block over a duration which is much smaller than the coherence time T, of the channel,
then for all practical purpose the channel encountered over the transmission block is constant. Then
if the next transmission occurs at a time which is longer than T, after the previous transmission, then
the channel encountered can be well modelled as being independent of the previous transmission. This
argument leads us to an intermediate model between a continuously varying channel and a time-invariant
channel, i.e., a block time-invariant channel.

Consider a transmission of K symbols with symbol period T. If kT <« T, then {h(k;n)} are approx-
imately the same for each of the symbols. If we call the transmission block b, then we can index the
“constant” channel realization by h(®.
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<—K symbols—=

BLOCK b BLOCK b+1
T

Figure 7.9: Block time-invariant model.

Now, if the next transmission occurs after 7 time where T > T, then the channel realization h®+1) g
well modelled as being independent of h(®) and identically distributed. Thus behavior is called a block
time-invariant channel model.

Multiuser channels: In a multiuser setting of Chapter 9, we could have several users which have
independent channels transmitting simultaneously to a single receiver. This model would a multiuser
generalization to the point-to-point model given in (7.15). Such a generalization is the second distin-
guishing element of wireless channels and we will study the impact of multiuser interference in more
detail in Chapter 9.

7.3 Problems
Problem 7.1

Suppose g(¢, 7) represents the response of a linear filter at time ¢ to an impulse 7 time units earlier, i.e.,
if the signal x is the input to the filter its output y is given by y(t) = [«(t — 7)g(t, 7)dr. How can we
tell if the filter described by g is time-invariant?

A linear time invariant filter can be characterized by its impulse response h(t), which is the response at
time ¢ to an impulse at time 0. We can view this linear time invariant filter as just a linear filter with
response ¢(t, 7). What is the relationship between g(7,¢) and h(t) (i.e., what is ¢ in terms of h)?

Problem 7.2

1

1. Let r1 be the length of the direct path and r5 the length of the reflected path ( from the transmitter
to the ground and from the ground to the receiver). Show that ro — 71 is asymptotically equal to
a/r. Find a.
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2. Assume that the received waveform at the receiving antenna is given by

Rlaexp {j2n[ft — fri/c]}] = Rloexp {j2n[ft — fra/c]}]

T1 T2

Er(fv t) =

Approximate the denominator 7 by r; and show that E, ~ % for 1/r < ¢/f. Find 7.

3. Explain why the asymptotic expression remains valid without first approximating the denominator
T2 by r1.

Problem 7.3

"X
Figure 7.10: Moving mobile receiver

Consider a mobile receiver moving along the X-axis with velocity v as shown in Figure 7.10. The received
signal arrives at an angle ¢. What is the amount of associated Doppler shift?



Chapter 8

Single-user communication

In wireless channels the detection problem is different from that considered for linear time-invariant
channels (studied in Chapter 4-5) in two important ways.

First as seen in Chapter 7, the wireless channel can vary quite rapidly (within a few milliseconds) and
therefore one might not be able to have an accurate estimate of the channel. This is because the channel
estimation schemes (such as those studied in Section 6.3) might not have enough training symbols to
accurately estimate the rapidly varying channel. Therefore, we might have to design detectors that do
not utilize the actual realization of the channel but only the know statistics of the channel. Such detectors
are called non-coherent detectors as opposed to coherent detectors which use channel knowledge (or
estimates) for detection. We will study non-coherent detectors in Section 8.1.2.

The second difference is in the error probability behavior. In the linear time invariant channels studied
in Chapter 4-5, the error probability was averaged over the noise statistics alone. This was because
the linear time-invariant channel was the same over the entire duration of the transmission. However,
in wireless communication the channel need not be a constant over the duration of the transmission.
Consider the block time-invariant model introduced in Section 7.2.4.

Given any transmission strategy and a detection strategy, clearly the error probability averaged over the
noise statistics depends on the channel realization {h(k;n)}, i.e.,

P.y(%y # x3) = g(h®); SN R)

where g(-,-) is a function of h(*)| the channel realization for transmission block b, {(h(®"))} as well as the
SNR. Now if we transmit over B such blocks, the average error block error probability is

1B

Po({x} # {x}) = 5 D Pep(%s # m).

b=

1

If the channel realization process {h(®)} is assumed to be i.i.d. over transmission blocks (or more generally
stationary and ergodic), then over a large number of blocks (i.e., B — o0), the average block error
probability would go to

P. =En, [Pes(Zp # )]
Therefore there is a second averaging we need to perform for wireless channels which are over the channel
statistics and this is a new feature we will encounter. As we will see in Section 8.1, this will considerably
alter the behavior of the error probability with SNR.
In Section 8.1 we will study coherent and non-coherent detectors for the channel given in (8.1) and also
find the behavior of the error probability with SNR. In Section 8.2 we will study the tool of diversity
which is an important method to deal with the fading wireless channel.

165



166 CHAPTER 8. SINGLE-USER COMMUNICATION

8.1 Detection for wireless channels

In this section we will derive and analyse the average block error probability of detection for wireless
channels. In Section 8.1.1, we analyse the coherent detector, where the channel varies slowly enough for
us to “perfectly” estimate the channel and use the realization for detection. This is similar in flavor to
detection schemes studied earlier in Chapters 2 and 4. However, when we have fast time-varying channels
we may not have knowledge of the channel realization but only its statistical behavior. In such cases we
have a non-coherent detection scheme as described in Section 8.1.2.

In the following we will for simplicity assume a flat fading model (see Section 7.2.2) where the baseband
received signal in transmission block b, is well modeled as,

y(k) = hOx(k) + z(k),, ke T(b) (8.1)

with 7(*) being a complex Gaussian process which is i.i.d. over transmission blocks b. For notational
reasons we will denote the time span of the bt" block by 7 (b).

8.1.1 Coherent Detection

Suppose we estimate the channel and use this to detect the transmitted symbols. This is suitable if the
channel was block time-invariant (as given in (8.1), also see Section 7.2.4). Therefore one could insert
training symbols to estimate the particular channel realization for the block. If the channel varies slowly,
we can get a very accurate estimate of it. Therefore we assume that the channel is known perfectly at
the decoder. That is, for the maximum-likelihood decoding, for block b

y(k) = hOx(k) + z(k), ke T(b)

we get
Xp = argm}zgxPYlX’h(ﬂx, R®))

where {%,} = {#(k)} for the b*" block. Therefore the decision rule is

2
Xp = argmin Z ’y(k) hx(k)
kET (b)

since {z(k)} is AWGN.
As mentioned earlier, the probability of error is calculated by averaging the error probability over many
transmission blocks. For a given transmission block b, the error probability for binary transmission is

- (8.2)

aW%:Q(
as was derived in Chapter 2 where we notice that the error depends on minimum distance of the altered
constellation A"z (k).
It is well known that the Q(-) function decays exponentially, i.e.,
22
el

! {1 1}_%<Q()<_” >1
—|1- e z)<e T,z
2V 2mx B

Therefore we have

(b) 2
d . h(b) _ d%n'in [h I
mzn| | S e

Pe(h(b)):Q( o= 2T (8.3)
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Note that P.(h(®)) is a random variable depending on the random channel realization h(®). In order to
find the error probability we need to calculate

p dmin|h") 2,0
P.=E,Q (#) <Epe 802 (8.4)

20,

Lemma 8.1.1. IfU ~ CN(0,Ky), (K;' +bA) >0, and A = A*, for some b € C then

. 1
By [e?VAY] = 8.5
vle 1T+ 0K A (8:5)
Proof:
E, {e—bU*AU} _ l/ 1 o~ U KU, —bU"AU g
mJu | Ky |
1 1

_ —U*(K;'+Ab)U
= = e U dU
7| Ky | /U

Let Ky = (Ki' +bA)~!, then

E, {ebe*AU} _ 11 /er*(K[}lJrAb)UdU
7 Kyl Ju

_ |KU| {l ~1 /e—u*f(UlUdU}
Kyl |7 |Ky| Ju

Ky| 1

Kul  [Kuy(Ky' +bA)|
1

I+ VKyA

O

Now, we use this result in (8.4) to get an upper bound to the average error probability. By identifying
2
u=h0 A= %, b=1and Ky =1 =E[h®?], we get

_ _ dgnin‘h‘Z 1
P, <Epqe % = P (8.6)

min

802
Therefore in BPSK transmission, with average energy &,, we have d;,;, = 2v/&; and hence we have,

P, < L <1
"~ 14+SNR ~ SNR

(8.7)

and hence the behavior of the error probability at high SNR is like ﬁ. This can be seen more explicitly
by carrying out the calculation in (8.4) exactly.
This calculation is done in Appendix 8.A and the result from (8.30) is that,

1 1
T
1+ 32

min

P, =

2
Now, if we have BPSK, where ++/&, are the symbols, this gives d,;, = 2v/&,; and hence digin — & _

028 2No
Ex
& — SNR.
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Hence we have

1
P.==11- (8.8)
2 1+ 1L
SNR
Now, at high SNR, i.e., SNR — oo, we have
_ 11 1 11
ﬂ_gl—ﬂ+SNR)2}~§P—ﬂ—§Eﬁ?
This gives at high SNR
. 1
T 4SNR’

which is the same behavior as was observed in (8.6), where we just did the upper bound.

From this calculation we learn two important lessons. One is that at high SNR, the average error
probability decays inversely with SNR instead of exponentially as in an AWGN channel. The second
lesson is that the upper bound technique developed in Lemma 8.1.1 is actually tight at high SNR.

The first observation is quite striking since it means that to obtain the same error rates, one needs to go
to much higher SNR in a fading channel as compared to that in a time invariant channel. The surprise is
that this behavior occurs even with a coherent receiver which uses perfect channel information. A rough
intuitive argument for this can be seen as follows. From (8.2) we see that for a single frame the error
probability is given by

P =@ (5 100 = @ (VESVR 1)

and hence if |hV|V2SNR > 1, then P.(h)) ~ 0 and if |h(®)|v/2SNR < 1, then P.(h(®)) ~ L. Therefore
a frame is in error with high probability when the channel gain |h(?)|? < ﬁ, i.e., when the channel is
in a “deep fade”. Therefore the average error probability is well approximated by the probability that

|h®)|? < 3=, and for high SNR we can show that

1 1
e — bt ——
P%m <SNR} SNR

and this explains the behavior of the average error probability. Although this is a crude analysis, it brings
out the most important difference between the AWGN and the fading channel. The typical way in which
an error occurs in a fading channel is due to channel failure, i.e., when the channel gain |h| is very small,
less than ﬁ. On the other hand in an AWGN channel errors occur when the noise is large and since
the noise is Gaussian, it has an exponential tail causing this to be very unlikely at high SNR.

8.1.2 Non-coherent Detection

As mentioned before, due to the fast time variation, one could have very imperfect knowledge of the
channel state h(*) in a particular block b. This could occur if the block is too short and/or if the channel
varies too fast. In such a case we can take an extremal view where we have no knowledge of the channel
at the receiver, but only know its statistical behavior (i.e., that h(®) ~ CN(0,1) and that it is i.i.d.
from block to block). In such a case the detector structure becomes different from the coherent detector
studied in Section 8.1.1.

Let us consider a block time invariant model where

y(k) = ROz (k) + z(k), ke T(b)
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Let h(®) ~ CN(0,1) and let us make K observations, i.e., a transmission block of K symbols (|7 (b)| = K).
If we collect these K samples in a vector form it gives us

y(K —1) (K —1) 2(K —1)
B N e N
4(0) 2(0) 2(0)

Hence we get for the likelihood function
Pyx(y | x) ~ CN(0, E[[h]*]xx" + 021k ).
Hence for E[|h|?] = 1, the log-likelihood function is
log Pyx(y | x) = —logm — log [xx" + 021k | — y* (xx* + 021x) "y (8.9)

Now,

xx* a) [ X'x
o 42l = (2% | 25+ [ (5 1) 01
where (a) follows because | I+ AB |=| I+ BA |.
Assumption: Now if we use a constant modulus transmission, i.e., |x(i)|> = &, which occurs for

example with PSK constellations, we get

KE&,
s + 0%L] = (02) [1 i ]

z

which is independent of x. Therefore for the constant modulus constellation the maximum likelihood
criterion from (8.9) gives us

X = argmax { —y* (xx* + USIK)_ly} (8.10)

Now, if we use the matrix inversion lemma, Lemma 5.7.1, we have

% or 1-1 1 1 x*x 1,
[xx + O'ZIK} = _EIK — —gx {1 + -2 } J—gx
1 | 1 xx*
02 K o214 XX
® 1 1 xx*
= —<Ix—-—=—— (8.11)

where (b) follows due to the constant modulus assumption i.e., |z(i)|? = &, Vi. Using (8.11) in (8.10)
the detection criterion becomes,

% = argmax y*xx*y = argmax |y*x|? (8.12)
X X

Therefore we choose the input x which has the largest projection (inner product) to the observation
y. This is a useful interpretation that generalizes to several other non-coherent detection schemes. An
illustration of a fast time-varying case for the non-coherent detector is given in Appendix 8.B.
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Now, in Appendix 8.C we derive the error probability behavior of the detector given in (8.12).

As seen in Appendix 8.C, even for the non-coherent case we get an error probability that decays as ﬁ
at high SNR. Hence at high SNR, the main cause of error is a “bad” channel realization h. This is the
main cause of the striking difference between fading channels and AWGN channels. A natural question
to ask is weather there is a mechanism by which we can improve the performance of transmission over
fading channels? This is what we study in Sections 8.2-8.4.

8.1.3 Error probability behavior

As has been seen in Section 8.1.1-8.1.2, and the detailed calculations in Appendices 8.A and 8.C, we see
that the error probability for both the coherent and the non-coherent detectors behave inversely with
SNR, at high SNR.
As mentioned earlier, this is in contrast to the AWGN channel where the error probability decreases
exponentially with SNR. To get a feel for the difference, consider an AWGN channel with a (1’2"—0" =13.5
dB, then the error probability is

P.=Q(10"%)~107°

where as for a coherent detector we see from (8.8) that

_ 1
P=-|1-—— | ~001

2 —1.35
1+10 " vz

Therefore the error probability is orders of magnitude larger. In fact to get to an error rate of 107, for
the fading channel one would need an SNR of over 60 dB! This shows that for reliable communication
one fading channels one would require other tools. These tools are called diversity which we study in
Section 8.1.4.

Diversity order: In both the coherent and non-coherent cases we were interested in the error probability
behavior in the high SNR regime. In order to compare the behavior of different systems in this regime,
we use the notion of diversity order which is defined below.

Definition 8.1.1. A coding scheme which has an average error probability P.(SNR) as a function of

SNR that behaves as _
log P.(SNR)

=—d
SNRsoo log(SNR)
18 said to have a diversity order of d.
In words, a scheme with diversity order d has an average error probability of the order ﬁ at high

SNR. We would also use the notation
P,(SNR) = SNR™¢

to indicate such a relationship where we do not explicitly specify the constants involved.

8.1.4 Diversity

Fading channels imply that there could be a high probability of “link” failure. Therefore a natural
approach is to send over several links each of which fail independent of one another. This is the basic
idea of diversity, where we send information over links such that the probability of failure of all links
is exponentially smaller than the fading of a single one. The main question is how such a mechanism
changes performance and can we build transmission and reception schemes that utilize the presence of
multiple conduits of information transmission.



8.2. TIME DIVERSITY 171

There are several ways in which we can obtain diversity. One is over time, so that the channel fade
realization varies independently. For example by transmitting symbols separated by the coherence time
of the channel, the symbols experience independent fades.

A second mechanism is through frequency. In a frequency-selective channel (i.e. IST channel) the path
gains (fades) of the delayed paths could be (roughly) independent. Therefore this translates for the prop-
erty that the frequency response of the channel is independent, if separated further than the “coherence
bandwidth” of the channel.

A third mechanism is through space, i.e., when the signal is transmitted (and/or received) through mul-
tiple antennas. Since we saw that the response of the electromagnetic propagation depends on the spatial
location, the spatial diversity samples this response at multiple locations by using multiple antennas.
If the antennas are separated by distance larger than the “spatial coherence distance” then one would
expect (almost) independent fading at the different antennas.

8.2 Time Diversity

Here we transmit information spread over a time period larger than the coherence time of the channel.
Typically, we “interleave” the transmitted symbols so that they experience independent fading. An
interleaver just permutes the transmitted symbols.

w(0),u(l), ..., u(N — B——= 11 &u(lz’)),,,,

Figure 8.1: Interleaving operation.

For example for a given block size IV, the interleaver chooses a particular one of N! choices of permutation,
and therefore the operation can be represented as x(k) = u(mw(k)). The goal is to “uniformly” intersperse
the symbols in the block. If the interleaver is effective, the consecutive information symbols would be
dispersed far enough to experience independent fading. If this occurs, then we get

y(k) = h(k)z(k) + 2(k), k=0,...,D—1 (8.13)

and {h(k)} are i.i.d., i.e., we have independent fading over D symbols. Hence we are transmitting over D
independent instantiations of the fading and have created time diversity. The question we address next
is how to utilize the time diversity we have created.

8.2.1 Repetition Coding

The simplest way one can utilize the diversity if by repeating the same symbol over all the diversity
paths. For example, in (8.13), we could send the same symbol z(0) for all times k= 1,...,D — 1. Then

y(k) = h(k)z(0)+z2(k), k=0,...,D—-1
This yields,
y(D—1) h(D—1) 2(D—-1)
= : z(0) + : : (8.14)
y(0) h(0) 2(0)
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Let us examine the probability that z'(0) # x(0) is chosen by a coherent detector for (8.14), for a given
channel realization h. If we denote this by P(x(0) — 2’(0)|h), we then have

P(2(0) — 2'(0)[h) P [lly = ha'(0)|]* < [ly — hz(0)[|*h]

— <||h|;%) (8.15)

where dp;p, is the minimum distance of the constellation. Now, ||h||? = Z " h(1))2, and if {h(])} are
i.i.d. complex Gaussian, i.e.,

h(l) ~ CN(0,1)

then ||h||? distribution can be found to be,

1 D—-1_—«
f||h||z(a) = moz 16 y a > 0

Therefore to find the error probability for repetition coding, we would average (8.15) over the distribution
of | [

P(2(0) — 2'(0)) = Efjnj2 [P(z(0) — 2'(0)|h)]

dmin
— By (0% )

< EH‘h"2]67||h||2d$m/802

_ 1 D 1—04 "’
B /Q(D—1). ¥ da

L e (),
" a

(D—1)!
1

D
(1+ %)

Note that we could have explicitly evaluated the error probability as we did in Appendix 8.A. However,
since we are interested in high SNR behavior we use the Chernoff upper bound as done in (8.7). At high
SNR this upper bound accurately depicts the error probability behavior.

If dip = SNR( mm) then,

P(z(0) — «(0)) !

(1 +SNR%)D
¥
= SNRP(

=SNR™P

m?n)
Hence, by using D diverbity paths and sample repetition coding one changes the error probability behavior
(at high SNR) from gz N = 10 5% RD This is really the value of using diversity paths and this is one of the
best tools available to combat fading in wireless communications.
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8.2.2 Time diversity codes
Suppose we do not restrict ourselves to repetition coding, then we would return to (8.13) to rewrite it as
y(k) = h(k)x(k) + 2(k), k=0,...,D—1

Now, we wish to find the criteria for choosing {x(k)} to maximize performance (lower error probability).

y(D—1) z(D-1) 0 h(D -1) z2(D-1)
; = : + : (8.16)
y(0) 0 z(0) h(0) z(0)
y X h z

which can be written as
y = Xh+z (8.17)

Therefore for a block of transmissions, we can write the probability of a coherent detector erroneously x'
instead of x for a given realization of the channel h (see also (8.15) for a similar argument) is given by,

402

* _ I\ x _ / 1/2
P(X_}th):Q[(h (X - X)*(X X)h> 1

If h ~ CN(0,1) then again we can write the average pairwise error probability as,

PX - X') = Ep[P(X— X'|h)]
h*(X — X')*(X — X')h\ /2
= En@Q 152
g
(g Ey e [h* X=X (X=X} /s0?
O} 1
‘1 + XX X-X)
B 1
- D-1 z(l)—z'(1)|?
D (1 } -z )
_ 1
e NP O)E
=0 402

where (a) follows because of (8.3) and (b) follows by use of Lemma 8.1.1.
Now if, {l: z(l) # 2'(I)} = B, then

P(X — X’) < 1 = ¢

z(l)—z'(1)|2 |B]
M (1 + 20550 ) (SNR)

Therefore the error probability behavior is dictated by B, which is the set over which the constellation
symbols differ over the diversity paths. In order to get maximal decay rate of error probability, we
want |B| = D, i.e., the transmitted symbols must be coded such that the distinct codewords differ on all
diversity paths. Clearly the repetition code is a simple instance of this where distinct transmitted symbols
would obviously differ on all diversity paths. However, the repetition code does so by sacrificing rate of
transmission. Therefore the question is whether one can design codes which have higher transmission
rate but obtain same error performance (at least the decay rate of error probability with SNR) as the
repetition code. We will see that later by using spatial diversity.
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8.3 Frequency Diversity

This is useful in a scenario where the transmission bandwidth is larger than the “coherence bandwidth”
of the channel. This form of diversity is the dual of time diversity in that it utilizes the frequency
variation of the channel (instead of time variations). The frequency variation arises because the multiple
paths of the electromagnetic scattering (propagation) environment could be received at different delays.
Therefore, if the fading on the different delayed paths are independent, one can obtain diversity by
combining the (independent) delayed paths. Therefore in principle, they are identical to the time and
spatial diversity methods. The reason why the delayed paths could experience independent fading is
because, they encounter different scatterers (reflections) and hence the statistical variations (fading)
would most likely be independent for different scatterers.

Hence, if there exists a “delay spread” it leads to an intersymbol interference (ISI) channel which we have
studied in great depth in the earlier part of this class.

There are primarily three ways of exploiting frequency diversity:

1. Time-domain equalization: Here optimal receivers that we have studied for IST channels as
well as sub-optimal equalizers can be shown to take advantage of frequency diversity.

2. Multicarrier techniques (DMT/OFDM): In wireless channels, if the transmission block is
small enough, then the channel is (approximately) constant over one transmission block. Therefore,
in this block time-invariant model (studied in Section 7.2.4), the DMT/OFDM technique is able to
create parallel channels in the frequency domain. If the (fading) coherence bandwidth is smaller
than the overall transmission bandwidth, i.e., the channel (frequency) coefficients are independent
if separated by a “large-enough” frequencies, (i.e., separated by the coherence bandwidth) we get
frequency diversity.

3. Spread spectrum technique: Here the information is spread across a larger transmission band-
width by using an operation involving pseudo-random noise sequences. Here parts of the channel
spectrum which have high gain could be used to decode transmitted information. We will go into
this in more detail in Chapter 9 in the context of multiple access channels.

Illustration of frequency diversity

The channel frequency selectivity is determined by the multipath delay spread, T, introduced in Section
7.2.3. Tt is the bandwidth beyond which the channel response (in the frequency domain) are approximately
independent. A measure of this is the coherence bandwidth, i.e.,

1

W, = —
cT Ty

It can also be related to the correlation between channel responses at two different frequencies, i.e. if
Y(Af) =EH(f)H(f+Af)]

the bandwidth of ¥(-) is the coherence bandwidth of the channel.
Now, consider an OFDM scenario for the block time invariant channel, with N carriers,

Y(l):H(%”z)X(zHZ(Z), 1=0,...,N—1

Now, if we have a coherence bandwidth of W,, then the frequency responses {H (QW’TZ)} which are sepa-
rated by larger than this bandwidth are approximately independent. If total transmission bandwidth is
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U(Af)

Figure 8.2: Coherence bandwidth of ISI channel.

W, and we have N OFDM tones, then the frequency is divided into % sized frequency bins. Hence, a
separation by K. tones would ensure independence, where

W NW,
K, = =
W/N W

2m L [ 2T
EH (WQ H (W(l +Kc)> ~0

Thus if we divide the frequency into % frequency bins of size W, each, then we have (Wﬂc) diversity
paths available to us. If we denote D = %, then we have created D independent instantiations of the
random frequency response. Therefore we can use a model like (8.14) (or (8.15) for higher rates) to get

an error probability behavior of ﬁ (or ﬁ for higher rates) just like we did in Section 8.2.

Therefore we expect,

k. tones
-

Figure 8.3: An illustration of frequency diversity.

WSSUS model: The argument given above illustrated the idea of frequency diversity but we can have
a more precise development for a given channel model. Consider a block time-invariant model which has
a finite impulse response with v taps, i.e.,

HY(D)=r + 8D+ .+ r® D¥ (8.18)

Where the superscript (b) denotes the b** transmission block (see also Section 7.2.4). Now, here is where
a statistical model of the channel is used. We examine the case where the channel taps {hl(b)} are i.i.d.
for a given block b and are also independent across blocks (this latter model comes from the block time-
invariant assumption). Therefore we have i.i.d. hl(b) ~ CN(0,1), [ €0,v] and also i.i.d across blocks.
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This model is widely known as the wide-sense stationary uncorrelated scattering model (WSSUS) for a
fading ISI Channel. We will use this model to examine the impact of frequency diversity. Note that

E[H(w)H*(w + Ws)] Elhol? + E|h1[2e?Vs + ... + E|h,|?elWsV

v (V1) W,
L el
n=0 1—el%s
Therefore for Wy = VQ—L, we have independence between the frequency responses for the WSSUS model.
Therefore the coherence bandwidth W, = %, where W is the signal bandwidth. Thus the larger v

implies a larger frequency diversity for a given transmission bandwidth in the WSSUS model.

8.3.1 OFDM frequency diversity

Now, let us consider using OFDM for the block time-invariant (WSSUS) model given in (8.18). Therefore
if we use N carriers for each block we get, ( see Section 6.2),
2m

Y(n)= H(Nn)X(n) +Z(n), n=0,...,N —1.

First, let us consider repetition coding as was done in Section 8.2.1. Here we do the repetition in frequency,
i.e., X(n) = X(0), Vn, yielding

Y(N —1) H (%3 (N -1)) Z(N —1)
= X(0) +
Y (0) H(0) 2(0)
Y H Z
Y = HX(0)+Z (8.19)

Notice that (8.19) looks quite similar in form to (8.14).
However we can see from (8.18) that

1 dFW-1 iFv(N-D ho
H=| . . . . (8.20)
1 1 A 1 h,
—_——
P h

Note that F is truncated DFT matrix and is full rank. Using (8.20) in (8.19), we get
Y = FhX(0)+ Z

A coherent detector for this will erroneously declare X (0) to be the transmitted symbol instead of X (0)
for a given realization h with a probability of

P (X(O) — X'(0)] h) = Q(\/[x/(o) — xé(o)_)fh*F*Fh) (8.21)
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where o2 is the variance of the (white) additive noise {z(n)}. From (8.20) we see that! F*F = NI.
Therefore we get,

2
207

P (X(O) ~ X' (0)] h) =Q <\/ [2'(0) = ”"”(O)Ph*h> (8.22)

which is identical in form to (8.15) and hence we get

Pe(2(0) — 2/(0)) = ﬁv

giving us a diversity order of v+ 1. Therefore the ISI taps play a role similar to the time diversity conduits
given in 8.14.
In a manner similar to Selection 8.1.2, we can develop frequency diversity codes that get a rate larger

then Ni_” and the analysis of such codes proceeds along similar lines as Section 8.1.2.

8.3.2 Frequency diversity through equalization

One can also exploit the available frequency diversity through the equalizer structures that we have
studied in Chapter 5. We will consider the block time-invariant model. First let us examine the matched
filter bound which is defined in Section 4.2. This is obtained in our case by sending one symbol every
(v 4 1) time instants, and therefore there is no inter-symbol interference. in this case we get

SNRyrFB = % {/ |H(ej“’)|2dw]

which is the SNR of a matched filter that collects the energy from all the delayed versions of the trans-
mitted symbol.
However, from the model given in (8.18) we see that

H(eM*) = Z hped™ =[1,...,e""h
n=0

and therefore we have [|H(e’*)|?dw = h*h, due to the orthogonality of the Fourier transform bases.
Therefore the SN Ry rp is given by

Ex
SNRyrp = §||h||2

and is distributed exactly as in (8.14) and in (8.22) and therefore we expect the detector performance to
give an average error probability .

PeyvrB = SN
and hence the single shot transmission also gives us a diversity order of v + 1 as in OFDM. The main
idea illustrated (using simplified models) in Section 8.2.1 and this Section is that frequency diversity
through ISI can actually be exploited in a manner similar to time diversity. Actually, by using maximum
likelihood sequence detection, if the transmitted sequences satisfy a certain regularity condition, then a
diversity order of v 4+ 1 can be obtained.
A natural question is the performance of linear equalizers and whether one can get frequency diversity
through them. Let us consider the block time-invariant model, with block size large enough to be able
to write the D-domain formulation as

y®(D) = H®) (D)X (D) + Z(D)

Lthis can also be seen because F is a truncated DFT matrix.
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where S, (D) = o2. Using the results from Section 5.4 for the MMSE-LE, we have

H* (D&,
H(D)H*(D—")&, + 02

Wyumse-Le(D) =

and

H(D)H*(D~*)&;
H(D)H*(D—*)&; + o2
_ sz,'m _ o

H(D)H*(D=*)&, + 02 H(D)H*(D**)ﬁ—g—g

Sprp(D) = & —

Therefore we have

x

Ex . 0217t -
SNRMMSE-LE = 0—‘2' / {|H(63‘”)|2 + g—z] dw ,

. 27—1
which depends on the random variable | {|H (e¥))? + g—j} dw.
This computation in general is difficult, however for large SNR one can show that under suitable regularity

conditions,
SNRymse—1E > c|h]?

where ¢ is a constant independent of h. Therefore we obtain

P S
e, MMSE-LE = Garmy -

We did not go through the details of this argument, but one can make this more precise. Therefore, we
see that we can obtain frequency diversity through linear equalization as well.

8.4 Spatial Diversity

In this case one obtains diversity by placing multiple antennas at the transmitter and/or receiver. If the
placement is such that the sample “independent” fading in space, one obtains a similar model for diversity
as in time diversity. The crucial difference is that the spatial diversity is obtained by simultaneously
transmitting and receiving symbols and therefore one can potentially increase transmission rate.

<

<[

Multiple antennas at mobile

Multiple antennas at base station

Figure 8.4: Spatial diversity: Multiple transmit and receive antennas.
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8.4.1 Receive Diversity
In this case the transmitter is as before, but the reception is done through multiple antennas, i.e.,
yl(k) = hlx(k) + Zl(k), l=1,...,D

where y; (k) is the signal received on [* receive antenna at time instant k, h; is the fading variable/attenuation
on the [*" receive antenna, z;(k) is the additive noise on [* receive antenna and z(k) is the symbol trans-
mitted at time instant k. Let us focus on a particular time instant k.

yi(k) hy 21(k)
y(k) = E = ¢ =R+
yo (k) hp zp(k)
—_—— —_——
h z(k)
Therefore we get
y(k) = hx(k) + z(k) (8.23)

This model seems identical to equation (8.14) and if the model for fading channel attenuation {h(l)} are
the same, we would get the same performance. Hence, one gets for i.i.d. spatial fading
_ 1
12 .
Pe(z(k) — 2'(k)) = (SNR)D
Note that we get same performance as repetition coding but without the rate loss. Another way to
observe the performance of receive diversity is as follows. It can easily be shown that a sufficient statistic
for (8.23) is
L
g(k) =07y (k) =Y hiy(k) = [[|[*x(k) + h*z(k)
1=1

Hence the receiver combines the signals from each antenna by weighting them according to the channel
attenuation, and this is called a maximal ratio combiner. This also shows that the SNR at the receiver
is || h ||> SNR which has a form identical to (8.14) and therefore we get the same average error probability
behavior.

Note that multiple antennas imply multiple radio frequency (RF) circuitry associated with each antenna
and hence increased cost. Typically multiple antennas are available at the base station and hence one could
envisage using them in the above manner to increase performance on “uplink”, i.e. mobile transmitting
to base-station.

8.4.2 Transmit Diversity

If one has multiple antennas at the base-station, a natural question to ask is whether we can utilize
them for transmission to a mobile (i.e. “downlink” transmission). This has been an active research
area for the past decade or so and numerous interesting results have been obtained both for coding and
signal processing schemes as well as bounds for fundamental limits of transmission (information theoretic
bounds). We will illustrate some of the ideas of the topic through a simple example.

Alamouti code: Consider the scenario with 2 transmit antennas and 1 receive antenna.
y(k) = hi(k)zi(k) + ha(k)z2(k) + 2(k)
) hali)] | 22080 | 00 (5.24)

<

—~
&y

~—
I
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Now let us examine a code over 2 consecutive instants of time where we assume that the channel is block
time-invariant, i.e.,

hi(k) = hi(k +1) = by, ha(k) = ha(k +1) = ho

Moreover, let

z1(k) =21, x1(k+1)=um

1
wa(k) = —a5, ma(k+1)=a]

Then over two consecutive instants of time of (8.24) we get,

), otk 0] = ]| 2 | ) <tk 4 1) (3.25)
—_—— 1 —_——

y zZ
Note that,

y(k) = hizy — hoxs + 2(k)
y(k + 1) = hizos + hga:{ + Z(k‘ + 1)
Therefore we get,
Gh+1) = (s + hsm) + 2 (k+ 1)

Putting these together we have

v, e 0] = Lol | o0 0, 5 (3.26)
Therefore, using (8.26) we get,
* * hl h; *
k), v (k+ 1)) = [ ag) | " 02| k), 2+ 1) (8.27)
— SR e
. ) hy Ry | . .
Claim 8.4.1. The matriz 2 | s unitary.
—hs R}
Proof:
hy h hy hy 1" [ h3 hi —h}
—hs R} —hs B3 | —he M ho Ry
_ [ M+ hef? hi(=h3) + (h3)(h1)
| (=h2)hi + (hi)(h2)  [h1]* + |ha|?
_ [ ImPP+he* 0
| 0 R f? + [ho|?
= (|l + [h2)X
O
Notes:
1. The form of the matrix { hé Zi is unitary and this matrix is the linear algebraic representation
—hy R

of the quaternionic group. It is a non-commutative multiplicative group.
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2. There are several other forms of the 2 x 2 matrices of similar natures, e.g.,

hl hg —hl h2 hl h2 t
Ry —hi |0 | Hy  hr |7 | —hy hr | OO

Some of these form multiplicative groups, and others do not.
Now, let us use this property in (8.27)

[G(k), g(k+1)] = DI +1|h2|2)1/2[y(/c), y*(k+1)][zz I;hé]

1
(1ha]? + |h2[?)

(2 (|h1|2 + |]12|2)1/2 [321 x;] +

7z [2(k), 2" (k +1)] [ Z; };hS ]

where (a) follows due to Claim 8.4.1.

* *

1 N
ha Ry

1
of the factor W,
the one before transformation. Hence we get

Now, since [ } is orthogonal, the noise after this transformation remains white, and because

the transformation is unitary. Therefore the noise is statistically identical to
GO0, Gk + D) = (bl + [hal) [y @3] + [5(k) (K + 1)
which gives,

g(k) (|ha]? + |h2|®) 22y + 2(k)
Gk+1) = ([ha*+ ko)) 22} + 2(k + 1)

Hence, we can detect x1 and x5 independently and we get error probability behavior as

h dmin
o — i) = @ (1)

h dmin
oz — i) = @ (1)

Therefore we get the average error probability at high SNR as,

_ . 1
e(xl — {E/l) = Eh [P({El — x/1|h)] = m
1

Felez=22) = 5xpe

Therefore, by using this coding scheme at the transmitter, one has utilized maximally two diversity paths
which was available.
Notes:

1. The coding scheme achieved similar performance as receive diversity i.e. getting error behavior at
high SNR as P, = ﬁ, yielding a diversity order of 2.

2. The decoding scheme shown is actually a maximal likelihood decoder and therefore obtains optimal
performance.
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3. The decoupling of two simultaneously transmitted streams is attained in a simple manner because
hy h3 }

of the orthogonality of the matrix z
—hy W3

4. In general if 21 and x5 each had a constellation size of |S|, the search space for a maximum likelihood
decoder would have been |S|%. Due to the coding scheme one is able to decouple the problem into
2 problems of size |S| each, i.e. linear decoding complexity of O(|S]).

5. The transmission rate is still log |S|, since we transmit |S|? information symbols in 2 time instant,
i.€.,

1
R= §log|8|2 = log|S|.

6. This particularly elegant coding scheme has now become part of next generation wireless network
proposals.

7. There are several general principles that can be gleaned from this example. The idea of coding in-
formation across multiple transmit antennas (i.e. “space”) and over multiple transmission instance
is called “space-time” coding. There is a deeper theory and a set of design criteria that can be
derived for these class of codes which is outside the scope of this chapter.

8.5 Tools for reliable wireless communication

The main idea we learnt in this chapter was that the error probability behavior of fading channels
differ significantly from that of time-invariant channels. This is due to the random fluctuations of the
channel gain and this led to P, = ﬁ. In order to combat this, we needed to use multiple independent
instantiations of the channel and code acrosse them. These diversity techniques form the basis tools for
increasing reliability over wireless channels. In all the techniques we examined, we obtained an error
probability behavior of P, = W, by using D instantiations of randomness. This gives a significant
improvement in error probability.

We saw three main diversity mechanisms.

Time diversity: Here we code over time periods longer than the coherence time of the channel and
obtained the D independent channels by this mechanism. Using a single repetition code we could
get a diversity order of D. However, we can improve the transmission rate at the cost of diversity
order.

Frequency diversity: Here we exploited the “independent” variations in the random frequency response
of the ISI channel. Both equalization and multicarrier techniques yielded the maximal diversity
order of (v 4 1), where v was the order of the WSSUS channel.

Spatial Diversity: We code across multiple transmit antennas and/or receive with multiple antennas.
We saw a simple example of coded transmit diversity a.k.a. space time codes.

Using diversity is the primary tool for combating channel fading. Many modern techniques combine all
three diversity mechanisms for robust performance.

8.6 Problems

Problem 8.1

Assume the channel model
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Where y(k) is the channel output, a(k) is the flat fading process, z(k) is the channel input and z(k) is

the additive white Gaussian noise of zero mean of power o2.

1. What is the probability of error for a known value of a7

2. Calculate exactly the average probability of error.

Problem 8.2

Let y ~ CA(0,M), Q = Q* (Q need not be positive definite), where M, Q € CKX>*X_ Prove that the
characteristic function ®(w) of y*Qy is given by

K
P(w) = Elexp(juy Qy)] = [[ T———

n:l

= jwyn’

where {y,} are eigen values of the matrix MQ.

Problem 8.3

Consider the transmission of BPSK signal x = {+a}. Let W has distribution CA (0, Ny) and H has
distribution CA(0,1). Let us assume that we transmit over a flat fading channel with coherent detection

Y=HX+W.

1. Argue that r := Re (‘ i ) is a sufficient statistics for detection of X. Find the distribution of the

additive noise in r.

2. Find the exact expression for average (over H) probability of error for part(1l) in terms of the
SNR = 0,2/N0.

3. Assume we transmit over the AWGN channel
Y=X+W
Find the exact expression for the probability of error in terms of SN R.

4. Compare the average error probability for the flat fading and AWGN channel for SN R = {1,10,10%,10%,108}.

Problem 8.4
Let the channel be given by

y(D —1) h(D —1) 2D —1)
z = SN EORS I
y(0) h(0) 2(0)
-~ T —

Assume that {h(l)} is perfectly known at the receiver and therefore we can form a coherent detector. If
x(0) was the transmitted symbol, then the probability that x(0) is mistaken for z’(0) is

Pz(0) — 2/(0)[h Plly —ha'(0)[]* < |ly — hz(0)[]*|h

||h||dmin
o ().
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where |[h][2 = Y1 ! [h(D)[.
Suppose that h ~ €Cn(0, Ky), where K}, is not necessarily diagonal.

1. Find the bound on average probability of error assuming high SNR.

2. Assume that the matrix K} is positive definite. Find the diversity order.

Problem 8.5

RN

AN/

Suppose there is a transmitter which is sending signals to be received by two receive antennas. However
due to a strange and unfortunate coincidence there is a flag fluttering in the wind quite close to one of
the receive antennas and sometimes completely blocks the received signal.

In the absence of the flag, the received signal is given by a flat fading model, (discrete time model as

one in class).
o o [ [0 o [0

where y1(k), y2(k) are the received signals on first and second receive antennas respectively, (k) is the
transmitted signal and hq(k), ho(k) are respectively the fading attenuation from the transmitter to the
first and second receive antennas. Assume that z(k) is binary, i.e. z(k) € {—v/&z, vVE:}. The additive
noise z1(k), z2(k) are assumed to be independent circularly symmetric complex Gaussian with variance
(each) of 0. Assume that hi(k), ho(k) are i.i.d complex Gaussian C€7(0,1).

1. Over several transmission blocks, compute the upper bound to the error probability and comment
about the behavgor of the error probability with respect to SNR for high SNR. Hint: Use the fact
that Q(z) < e % /2.

2. Now let us consider the presence of fluttering flag which could potentially block only the second
receive antenna. The model given in (8.28) now changes to:

e ] - A o )

7 1 if there is no obstruction from the flag
k 0 if flag obstructs

where:

Suppose due to the random fluttering, the flag blocks a fraction g of the transmissions, i.e for a
fraction ¢ of the transmission, one receives only the signal from the first antenna.

Conditioned on F, write down the error probabilities, i.e find and expression for P.(z — z'|.F) and
compute its upper bound (see hint in (1)).
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3. Find the overall error probability in the presence of the fluttering. How does the error probability
behave at high SNR, i.e what diversity order does one obtain.

Hint: If the error probability behaves as W at high SNR, the diversity order is D.

Problem 8.6

We have studied time diversity with repetition coding for coherent detection. Let number of diversity
paths D = 2. A repetition coding repeats the BPSK symbol © = 4a over both the diversity paths. In
this problem we study another coding scheme by which we need not sacrifice the rate like in the repetition
coding. Consider instead a coding scheme

x=R {ul] .
U

where uy,us € {£a} and the matrix R is given by

o) o).

R is a rotation matrix (for some 6 € (0,27)). Now the received signal is given by:
y=hx+z, =12
where {h;} are i.i.d and has the distribution CN (0, 1).

1. Suppose that we transmit x4 = R [Z} and use Re ( \;,lyf) as the sufficient statistics. Use the union

bound to upper bound the probability of error.

2. What should be the condition on 6 so that we obtain a diversity order of 27

Problem 8.7

We have studied the performance of the Alamouti scheme in a system with two transmit and one receive
antenna. Suppose now we have an additional receive antenna. Assume that the channel is block time
invariant for 2-consecutive transmissions. Let the input be BPSK i.e. x; € {£a} and we assume coherent
detection.

1. Denote the received vector (with appropriate conjugation of the components as required in the
Alamouti scheme) at the two receiving antennas over two consecutive transmissions by y € C*. Let

the channel model be y = H [zl] + z, where z € C* and has the distribution CN (0, NgI4). Write
2
down explicitly y, H.

2. Show that the columns of H are orthogonal. Using this show that projection of y on the normalized

column vectors of H gives sufficient statistics for [il} .
2

3. Write down the ML decision rule and find the upper bound on average probability of error. Find
the diversity gain for this scheme.
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Problem 8.8
1. Show that 11, 5 >0} < e7(#=20)  Using this, prove Pr(z > o) < E[e?(®=%0)] for any v > 0.

2. Use this to prove an upper bound for Pr(|ly — hz|| > ||y — ha'|| |k, ) where y = hz + z. (here you
would get the exponential bound). Optimize w.r.t v to get the e (=) (@=a")"h/402 boun .

3. From here, use the distribution of h to get the 1/SNR type of behaviour.

Problem 8.9

Show that the quaternionic group is a non-commutative multiplicative group.

Appendices for Chapter 8

8.A Exact Calculations of Coherent Error Probability

First let us examine the probability distribution of |A|.
Since,
[h* = [Re(h)]” + [Im(h)]*

where Re(h) ~ N(0,1) and Im(h) ~ N(0,4) as h is a circular symmetric Complex Gaussian random

variable. It can be therefore seen? that if u = |h|?,
fv(u)=e" (8.29)

Now, using (8.29) in (8.4) we get

P, = /u:() e "Q(av/u)du

where we have defined a = % Therefore we can write
02
p / |:/ 1 _u2d:|d /oo 1 _ w2 /rT2 —ug d
= 2 du| du = e 2 U
c \faf V 27 v=0 27 0
- / T(1-e aQ)dv:l_/ Ll
v=0 2 v=0 27

1 / S .
= —_- — (& 2l V= — —
2 7 v=0 V27T'Y 2 E

_ 1 1 1 1
Po=5 |1-———|=3 = (8.30)
1+ (%) 14+ 7=

min

2Since Re(h) and Im(h) are ii.d. real Gaussian random variables, [Re(h)]? and [Im(h)]? are also i.i.d. with density

\/217r—ve 37 , where v = Re(h) or v = Im(h), and 62 = E[Re(h)]? = E[Im(h)]? = % Hence the

characteristic function of [Re(h)]? is E[e/¥ [Re(h)]? ] = ——L1—. This allows us to write the characteristic function of
(1—j2wo2)2
[Re(h)]? + [Im(h)]? as Fﬂﬁ’ and hence the inverse Fourier transform of this yields (8.29).

function Py (v) =




8.B. NON-COHERENT DETECTION: FAST TIME VARIATION 187

8.B Non-coherent detection: fast time variation

In order to illustrate rapid time variation we consider extremely small block sizes, i.e., blocks of size one,
which yields
y(k) = h(k)x(k) + z(k)

where {h(k)} are Gaussian with a given covariance. If we want to do maximum-likelihood detection, we
form, Py | x (y|x). Note that here (k) is also a source of randomness and hence for each k we have,

Py x (ylz) ~ CN (0, {E[|h[*]} |z[* + o2) (8.31)
Therefore as one would expect from this relationship the maximum likelihood criterion takes a form that
is substantially different from what we were used to in Section 8.1.1.

Let us form the detector for a sequence of transmitted symbols. Furthermore, let us assume that for the
short interval of the transmission the channel has a given statistical variation. With no loss in generality
let us assume that we transmit a block of K symbols from time 0 to K — 1

y(K —1) [ (K —1) 0 [ 2(K —1) ] z(K —1)

y= : = ' : + :

y(0) 0 h(0) | z(0) z(0)

X Z
(K —1) 11 h(E—-1)T

: +z (8.32)
z(0) | [ R(0)
X h

For a given X, using the same idea as in (8.31), we get for (8.32)
y ~ CN(0, XE [hh*] X* + 021 )

where Rj, = E[hh*] depends on the time-correlation of the (fading) channel random process. For the
maximum likelihood rule, we have

1
]P =
v x(X) T|XRL X + 021k |

exp (—y* [XR, X" + 021k y)

Therefore the log-likelihood is,

logPy x(y|x) = —logm—log|X¥RpX™ + ok — Yy [XRRX* + 021k y

Consider the important special case when |z(i)|> = &,, i.e. we have a constant modulus constellation
(e.g., PSK).
Hence if |2(i)|? = &, then XX* = £,1k, hence

2
IXRAY + 02| = |XR,X" + %Xxﬂ

2

(o
= |X(Rh+g—ZIK

2

)X

&
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where (a) follows because |z(i)|? = &, Vi.
Hence we get the maximum likelihood rule as,

X = arg max {—y* [U?IK + XYRp X - y}

Now by the matrix inversion lemma, Lemma 5.7.1 we have

N 1 1 xXx\ "'
o2+ AR = S (R 2T L
g ag

z z

Therefore using this in (8.33) we get

z

xx]!
x = argmax{y*X {Rhl—i- 2] X*y}
x g

—1
= argmax{y*X {Rhl—i-g—;IK} X*y}
x . (o)

(8.33)

(8.34)

This projects the received signal onto the space spanned by the codeword and a weighted norm is taken.
This idea of projecting the received signal onto the space spanned by the codewords is actually a useful

and important idea for non-coherent detection.

‘We can recover from this the result in Section 8.1.2. For the block time-invariant model considered there

we have,

Ry, =11°
where 1" = [1,...,1]. Then, the detection criterion given in (8.33) becomes,

X = arg max {—y* [02Ix + X11'Xx*] ! y}

Now,

(N —1)

X1 = =X.
(0)

Therefore using this in (8.35) we have

1 1 1 x*x\ ' 1
2 *1 *
I +xx = —Ix——=x|1+ —x".
[Uz } o2 o2 ( o? ) 2

Hence the criterion becomes,

. yixx*y
X = arg max
| (14 &) (022

If |z(i)|> = & we get x*x = NE&,, therefore we have

1
(02 1+ %F)

A~ * 2 * 2
X = argmax | |x"y| = argmax [x*y|",
X X

which is the same criterion derived in Section 8.1.2.

(8.35)
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8.C Error probability for non-coherent detector

Let us consider the error probability for the non-coherent detector given in 8.1.2. For such a detector, if
x was sent we detect it to be X # x if

. 1 .o 12 1 e
P{x—x} = P{—(Uz)g Ixy|” < O X"y| }
1 . n
= P{(UQ)Qy [xx" —xx"]y > 0} (8.36)
Let us define 1
Q = W {)A()A(* — XX*

and notice that since x was transmitted
y ~ CN(0,xx* + 021g).
So we have the error probability of a Gaussian quadratic form where
P{x — x} =P{y"Qy > 0}.
and Q = Q*, but need not be positive-semidefinite, i.e., could have negative eigenvalues.

Lemma 8.C.1. Ify ~ CN(0,M) and Q = Q*, then

Piy" Qy>0}—ZH< )

v:i<0n=1

where M € C**X and {~,} are the eigenvalues of MQ.

Proof: The characteristic function of y*Qy is given by

K
®(w) = E{exp (jwy Qy)} = [ ] ﬁ
n=1 "

where {7, } are the eigenvalues of the matrix MQ.
Therefore, the error probability is

P{x —»%} = P{y*Qy>0} (8.37)

_ /Ooo [% /O; (P(w)ejw“dw} du

= % 3 d(w) {/0 ejw“du] dw

1 [ 1
= — o _
N (w) {ﬂé(w) jw} dw
1 [ © 1
_ 5/% O ];[ o

11 h = ﬁ dw
2 on oojw: 1—]0)’}/"

In order to evaluate this integral we use the residue theorem which is stated for convenience below.
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Theorem 8.C.1. (Residue theorem) Let f(z) be a function which is analytic inside a simple closed
path C and on C, except for a finitely many singular points a1, ..., an, inside C. Then

[ £z =277 o mea (£},

where for a simple pole a; of f(z), Res{f(2)},_,, = (¢ — ai) f(2)]2=a,-

O
In order to use this result we use the integral path on the upper half of the € plane in (8.38). Notice
that,

|
1—jwyn  jyml+w

Therefore using this and the residue theorem 8.C.1 we get,

11 [~ 1 1 1|1 a 1
2 2rm Oo]wH(l—jw%)dw - 27 5_2 H <l—h>

vi<0n=1,n#1i

Therefore, we get the stated result,

v <0n=1
O
Let u; = U—lzfc*y, Ug = Gigx*y. Clearly, u; and ugy are scalar complex Gaussian random variables.
Elui)? = ! T+ xx*]x = Kp + ! x*x|> = Kp+ |pK3|?
(03)2 (02)?
Elug? = (U 2 {K&,02 + (KE)*} = Kp[l + Kp]

Euiuj X021 +xx*x = KpfB + KpBKp = (Kpp)[l + pK]

(02)?
where we have defined **x = £, K8 and p = —; Using this in (8.36) we get,

P{X—> )A(} = P{|U1|2 — |UQ|2 > 0}

- P{[U’LUE] [(1) _01 ] {Z; } >0}'

Now let us use this in Lemma 8.C.1, we get

M — [ Ep(1+ Kplpl), (KpB)[1+ pK] ]
(KpB*)[1+pK],  Kp[l+ Kp]

Also we have
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Clearly, the conditions of of Lemma 8.C.1 are satisfied and so we need the eigenvalues of M Q. Now we
have,

MQ [ Kp(1+ Kpl|B*), —(KpB)[1+ pK] ]

(KpB*)[1+pK],  —Kp[l+ Kp]

1+Kp|B|?
k] > P
° 1

= Kp[l+pK]

Therefore the eigenvalues of MQ are,

7= Kp[l+pK\
Y2 = Kp[l+pK]\

where A1, A2 are the eigenvalues of

1+Kp|8|?
l [1+/I>K] ’ _6]

ﬁ*a -1
and hence for I = %, we have
1
M= 5{@—1w—¢@—1ﬁ+ar—wwﬁ
1
= = _ 2
e o= s{r-n+vT ~18P)}

2
and observing that 1 — I" = %Klf‘) and I — |B]? = 1:-1(,; , we get,

1 2
M= m{‘m’(l‘ﬂ )_\/{Kp(l_52)}2+4(1—ﬂ2)(1+Kp)}<0
M= M{‘KW—52>+\/{Kp(1—62)}2+4(1—ﬂ2)(1+f<p>}>o

Hence we have,

(Kp)*(1 =161 {

K
no= 5 I+ L+ Kp) )}<o

21 —16?

= EpPA-15P) {1+¢H_ 1+Km)}>0

2 (1—|8

Using Lemma 8.C.1, we get

L —m

P{x — x} = =
{ ) 1-2 ym-m

Hence we get at high SNR,
1

SNR’
Therefore the high SNR behavior of the error probability is like ﬁ, which is like the coherent case.

P{x — x} =
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Chapter 9

Multi-user communication

The wireless propagation medium is (almost by definition!) shared by many simultaneously transmitting
users. For example one has seen that several people use their mobile phones simultaneously in a small
geographical area. Therefore, these users’ signals would overlap and interfere with one another. In
this chapter we study basic communication topologies which arise in wireless networks. We study how
multiple users can share and access common resources. After studying these in Section 9.1, we focus our
attention on multiple access channels in Section 9.3 and 9.4. In Section 9.2 we will study different access
techniques for multiuser channels. In Section 9.3, we set up the model and sufficient statistics for the
multiple access problem. In Section 9.4 we study multi-user detectors that naturally generalize some of
the ideas from Chapter 4 and 5.

9.1 Communication topologies

In order to build a multiuser wireless network the first question is how to share the common “channel”
resources among the different users.

To address this question let us first examine the various configurations that can arise in multiuser net-
works. There are two categories of configurations. One is hierarchical where there is a central access
point and users communicate to the access point. The other configuration could be where the users are
allowed to communicate directly to one another perhaps using other users as relays. Such configurations
are called ad hoc networks and we briefly talk about them in Section 9.1.2.

9.1.1 Hierarchical networks

In most current wireless systems there are two main hierarchical configurations that are used.
Broadcast Base-station to user (one-to-many) broadcast or downlink communication.
Multiple access Users to base-station (many-to-one) multiple access or uplink communication.

These configuration are shown in figures 9.1 and 9.2. In the “downlink” broadcast communication, the
(server) base-station communicates to the users. This can be the case where the base-station sends
information like web-downloads or voice information to the mobile user.

The “uplink” multiple access communication is exactly the reverse of this, i.e., many users send informa-
tion (to be transferred) to the base-station (server). This could occur when the users send a request, or
upload data or are sending a voice message/conversation to the base-station intending it to be forwarded
to its final destination.

193
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Mobile

Base-station L user

= Mobile
2~ user
Wireless
Q E Laptop
)4\ user

Figure 9.1: Base-station to user (one-to-many) broadcast/downlink communication.

Mobile
}% user 2~ Base-station
Mobile Z -
user

1

Wireless
T ) Lapiop
)< user

Figure 9.2: Users to base-station (many-to-one) multiple access/uplink communication.

In both cases, the users receive/transmit signals “simultaneously”. Therefore, in order to help distinguish
the signals from the different users, typically the channel resources (time, frequency) are divided among
the users. This idea leads to the main “channel access” techniques used in current systems. These
access schemes are called Time-Division Multiple Access (TDMA), Frequency-Division Multiple Access
(FDMA) and Code-division Multiple Access (CDMA).

9.1.2 Ad hoc wireless networks

In contrast to hierarchical networks where we have a base-station serving a cluster of mobiles (see Figures
9.1 and 9.2) another configuration is where there is no central infrastructure. These networks variously
called ad hoc networks, self organized networks, mesh networks etc. They are primarily used in military
applications where there was a need to have an architecture without clear vulnerabilities. In an ad hoc
network, the mobiles can form any configuration depending on the communication conditions and needs.
The most distinct feature of such network is the use of relays to transmit information from one node to
another. This is illustrated in figure 9.3.

For example, if source node & wants to transmit to destination 7 it can transmit through several al-
ternate routes depending on the transmission conditions. For example in Figure 9.3, route 1, relays the
information through relay node A, and route 2 sends it through nodes B and C.
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NodeA Destination 7°
route 1

o
\_\route 2
I c
route 2

Figure 9.3: Adhoc or mesh wireless networks.

route 1

Source S

The advantage of ad hoc networks in that they are reconfigurable, i.e., if any nodes fails or the com-
munication conditions (e.g. fading) changes, then the transmission routes can also change. They can
also take advantage of varying communication needs, for example the node S might be the only one who
needs to send information and therefore the network resources can be manoeuvered for this purpose.
This flexibility makes such an architecture attractive. However, this functionality also comes at a cost
of overhead in setting up routes, locating nodes and doing so in a distributed manner since there is no
“central authority”. Therefore, this configuration/architecture is yet to be implemented in commercial
systems through the 802.11 wireless LAN standard does have this as an option (though rarely used!). Ad
hoc networks also have some interesting capacity scaling properties, but this is a topic beyond the scope
of this chapter.

9.2 Access techniques

Access techniques refer to methods by which users establish communication to each other through the
shared medium. This can be studied both in the context of hierarchical networks as well as ad hoc
networks. We will only discuss deterministic access techniques here. However, there are random access
techniques which utilize the resources adaptively depending on the needs.

9.2.1 Time Division Multiple Access (TDMA)

In this, the transmission time is divided into slots and each user is assigned a distinct time slot therefore
getting exclusive use of the channel during this period and there is no interference from other users in
the same “cell”. This is shown in figure 9.4

Time——»

User 1 User 2 | | User k-1 | User k

Time frame

Figure 9.4: Time division Multiple Access.

All users must have a synchronized clock to know exactly when their transmission begins. Since users
are geographically separated, they also need to account for (small) propagation delays that might occur.
Typically the time-periods are equal in size and therefore the resources are equally divided among the
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users. Some recent proposals use unequals slots or assign more than one slot to a user in order to give
differentiated services to the users. TDMA is implemented in several current wireless systems, both in
the USA, Europe and in Japan. These systems are used for mobile telephony are called 1S-136, GSM etc.

9.2.2 Frequency Division Multiple Access (FDMA)

This is the frequency dual of TDMA, where instead of time, frequency is broken up into slots and users
are assigned exclusive use of the small piece of the frequency spectrum. Again, this is used for both
uplink and downlink. Most commercial systems use both TDMA and FDMA to divide the resources.
The frequency is divided and then each part could be further divided using TDMA. A more modern
method for FDMA involves use of OFDM which we have seen in Section 6.2. In this, the users transmit
on a wide bandwidth and they are assigned “carriers” or “tones” of the OFDM scheme. They transmit
(or listen) only on those tones and these tones can also be dynamically allocated. The advantage of
OFDM is the flexibility in assignment and the ability to dynamically change it as well as data rates on
the tones depending on the channel condition of the different users.

9.2.3 Code Division Multiple Access (CDMA)

CDMA is philosophically slightly different from TDMA and FDMA in that the users do interfere with
one another since they are allowed to transmit simultaneously. The idea is to assign a “spreading code”
to each user so as to minimize the interference. There are two flavors of CDMA - frequency hopped
CDMA and direct-sequence CDMA. Both arise from “spread-spectrum” techniques which transmit over
a wide bandwidth and only transmit at a rate much smaller than the transmission bandwidth could have
allowed.

e Frequency-hopped spread spectrum: Here we can imagine a combination of FDMA and
TDMA, where a random assignment of frequency and time slots is given to each user. This is
illustrated in Figure 9.5 in a time frequency grid.

N

T User 1
User 2

frequendy //

bins User k

7

time slots
_— =

Figure 9.5: Frequency hopped spread Spectrum.

The users’ “hopping pattern” are basically the frequency bin they transmit in at a certain time.
Therefore, if they are assigned random hopping patterns, they could in principle “collide” i.e. get
assigned same transmission slot. Also note that they transmit over much larger bandwidth overall,
than their data rate requires, i.e., they use many more degrees of freedom than their transmission
needs. This gives it the name spread-spectrum, since the signals spread over a large bandwidth.
This spreading over a wide bandwidth is in order to accommodate other simultaneously transmitting
users. This form of frequency-hopping is also used in some modern TDMA /FDMA systems in order



9.2. ACCESS TECHNIQUES 197

to get frequency diversity as well as reduce interference to other geographical cells using the same
frequency spectrum. For example GSM (the European cellular standard) uses such a technique.

e Direct-sequence spread spectrum: In this system, unlike in frequency-hopped spread spectrum,
the users intentionally interfere with one another. The basic structure of a direct sequence spread
spectrum system is shown in Figure 9.6 . The information to be transmitted is modulated by a
pseudo-noise sequence and transmitted over a wide bandwidth.

{Ci}
Information l {X} Waveform or »| Channel |
{Sk} pulse shape -

Figure 9.6: Direct sequence spread Spectrum.

Typically, the symbol or information sequence is at a much lower rate than the variation in the
modulating pseudo-noise sequence. Therefore we obtain

xp=cps k=0,...,L—1.

i.e., a frame of L. symbols is generated for every information symbol time creating a spreading of
the information symbol over L times its original bandwidth.

Therefore for a particular block one gets the transmitted symbols (see Figure 9.7)

x(()b) C(()b)
o= s (9.1)
b b

x(L)q C(L)fl

This is transmitted at the same time-frame as the original signal, i.e., the bandwidth is L times
the bandwidth of the information sequence {S®)}.

The “spreading code” of the pseudo-noise sequence {c,(cb)} could be the same for every block, i.e. c,(ﬂb) =

c,(CbJrl), k=0,...,L —1 and this is called “short codes”. Or they could vary from block to block and
this called “long codes”. The long codes are used in the Qualcomm IS-95 CDMA system which is used
in several commercial mobile telephony systems. The transmission of the spread symbols over a shared
channel is based on the supposition that the different users get distinct random spreading codes and
therefore look like noise to one another. Another jargon used is that the pseudo-noise sequence occurs at
a period of T, known as “chip period” and this is chosen to be T'/L where T is the period of the original
symbol sequence. Therefore the new symbol period is T'/L causing the bandwidth to become L times the

chip period T, symbol period T’
‘ LT. T LT. o
Block b | | Block b-+1
2P = M0 e = (D s+

Figure 9.7: Frame format of DS-CDMA.
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original bandwidth. The power per symbol transmitted is reduced by a factor of L and therefore reduce
the interference to the other users. In a multiple access area broadcast configuration, by considering the
other users as undesired noise-like interference, one can see that a simple single user receiver can be built.
We will study more sophisticated receivers that take into account presence of multiple users. Note that,
“spreading gain” refers to the length L of the spreading code.

9.3 Direct-sequence CDMA multiple access channels

We will focus on one hierarchical configuration - the many-to-one communication of the wireless “uplink”
(see Figure 9.2). In the TDMA and FDMA access techniques, the users do not interfere with one
another and therefore the detection techniques discussed in the first part of the class (for single-user
communication) apply directly and there is no need for further discussion. The problem becomes more
interesting for direct sequence CDMA (or spread spectrum) where the users continuously interfere with
one another.

9.3.1 DS-CDMA model

Recall from (9.1) that in Direct-sequence CDMA (DS-CDMA) each user u is assigned a distinct spreading
code for each information block b, i.e., a code sequence

{P©,....cPw -1},

for user u, in block b, of length L. Therefore each user modulates its information sequence sg') through
its spreading sequence to produce

O = DWs®1=0,...,L-1
2(0) ) (0)
xy) = : = : st (9-2)
2L —1) (L -1)

Given the multiple access configuration (see figure 9.2), each user u transmits to the (central) base-station.

x®

User 1 )
. A Base-station

xP
User 2

b
® User U X[(j)

Figure 9.8: DS-CDMA multiple access channel

Each user experiences its own fading channel A (1),1=0,...,L—1. For simplicity we make the following
assumptions.
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Assumption # 1: All users are synchronized both at block and at chip level, i.e. their transmission frames
coincide exactly.

Assumption # 2: The power of each user is adjusted such that the channel fading (or attenuation) is
exactly compensated.

This assumption implies that we can consider a unit gain channel for each user. This can be accom-
plished by user “power control” where the users change their transmit power according to feedback given
by the base-station. Such a mechanism is commonly used in commercial DS-CDMA systems to reduce
the received power disparity among the users.

Assumption # 3: The delay spread in the channel is small in comparison to the symbol period T and
therefore the channel does not give rise to intersymbol interference. This assumption is mainly for simplic-
ity and can be easily taken care of with more sophisticated receivers. In order to illustrate the concepts
we will not deal with this issue right now.

Under these assumptions we can write the received signal at the base-station as (see figure 9.2 and 9.8)

U
yO ) = Z s, (t) + 20(t), t € (b — 1)T,bT)
u=1
L—1
D) = Y D)t 1T, t € ((b—1)T,bT) (9.3)
1=0

where z()(t) is additive (Gaussian) receiver noise.

The basis expansion ¢, (t) for each user is in terms of a waveform at the “chip” level, i.e, ¥(t) shifted at
“chip” period T,. The symbol period is T = LT, where L is the spreading gain. The waveform ¢, ()
serves as a signature waveform for user u.

9.3.2 Multiuser matched filter

The continuous time waveform equation (9.3) is the same type of relationship as we encountered in the
single-user case. Therefore, the optimal detector for this can be found by considering this as a larger
dimensional single-user problem, i.e. s® = [sgb), ceey 88))] as the input symbol expressed in the basis
function ¢® () = [cpgb) t),..., gpg) (t)]. Then as shown in Section 4.2.1 we have seen that the optimum
receiver is a bank of matched filters as shown in Figure 9.9.

Therefore we can write the output of the matched as,

bT U

w = / Y e )dt = 3 5O < P P > 4 <2 O >
-1)T — N————

( ) u=1 ZY’)

) o ») 4 ®) »)

Yy = / yO ey (t)dt = s < o, o) > + <20 o) >
(b-1)T —t T

2y

Hence, we see that
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* >< b
P (-1) u”

bT
y® (1) Set of sufficient
— >< statistics for {sgb), -
o (=) vy
bT
o (=) >< ik

br

Figure 9.9: Multiuser matched filter.

U
b b
u = Y sWpl + 2"
u=1
b U b b
u) = 3 sPply+ =)
u=1
where
®) Ty ()
pug =< o P >= /(b AWl war
—1

Note that as proved in Section 4.2.1, these form a set of sufficient statistics to detect the symbols {s(®)}

where s() = [s(b) 59)]

Hence for the recelved signal block t € [(b — 1)T,bT] we get

b b b b b

O [ [ [

y® = : =1 : S s :

b b b b b

o Lo ] [
——

R® ) 2

This can be compactly written as,
y® = R®s® 4 50

This relationship is the starting point for multiuser detection. Note that E [z(b)z(b)*}

is AWGN with variance o2.
Notes:

(9.4)

=R®0s2, if 20 (1)

b
s}
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1. The form and structure of the receiver is very similar to the single user case. The difference is
that there are U information sequences to be recovered (one for every user). The conversion of the
waveform to discrete-time through collecting sufficient statistics is identical to the simple-user case
and we do not dwell on this issue further.

This is an important point that should not be neglected. As in the single-user presentation we start
from the discrete-time version here as well.

2. In the relationship (9.4), we can add more details such as the channel attenuations {th’) (1)}, de-
layed symbols causing inter-symbol interference as well as asynchronism between users. However,
conceptually all these are handled in a similar manner and therefore for simplicity of exposition,
these are ignored.

3. If short codes are employed, c®) would be independent of the block index b. However for long
codes, this dependence exists and therefore the model in (9.4) applies to both cases.

4. The linear relationship in (9.4) is reminiscent of the single-user ISI channel relationship. Therefore
one would expect schemes to detect s would also be similar. In fact all multiuser detections
have an analogous ISI detector structure. Here we consider [s 5”’, ceey sg))] as a “sequence” of vector

information symbols.

5. In the absence of ISI or asynchronism, we can do symbol-by-symbol detection, i.e., we detect
s(®) = [sgb), cee sgj)] by considering only y(® and therefore for brevity of notation we will drop the
index b.

6. The optimal detector would have complexity O(|S|Y) where S is the size of the constellation (com-
mon for each user for simplicity). All the principles of optimal detection we developed for the single
S
user case apply here by considering the symbol to be detected as : and therefore we will
R0
not repeat it here (e.g. MAP, ML, etc.).

7. Where there is a large number of users U, the complexity grows exponentially in U and therefore we
examine sub-optimal detectors. The reason is almost identical to the cause for looking at suboptimal
equalizers of lower complexity for ISI channels. In fact the mathematical model given in (9.4) is
identical in form to that in the IST model we had developed for the finite block case.

9.4 Linear Multiuser Detection

Motivated by the last comment in Section 9.2.2, we examine sub-optimal linear detectors for the DS-
CDMA multiple access channel. We assume that the symbols are i.i.d. and therefore we can do symbol-
by-symbol detection rather than sequences detection.

Let us rewrite (9.4) here without the cumbersome additional block index b. This is because we know
that ”symbol-by-symbol” detection is optimal for this case and we develop linear ”symbol-by-symbol”
detections.

y=Rs+z (9-5)

The model is similar to the finite block ISI model and we considered two types of linear detections of lower
complexity, i.e., the zero-forcing and the MMSE receivers. In the multiuser case as well, the analogous
detectors are called the “decorrelating receivers” and the “MMSE linear detector”.
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9.4.1 Decorrelating receiver

In analogy with the ISI case, we want to recover a particular symbol s, from the interfering symbols in
(9.5). Therefore in the zero-forcing case we invert the ”channel”. In this case the role of the channel is
taken by the cross-correlation matrix R.

Rly=s+R 'z
and then we can find the symbol for each user u as,
Su = D[(R71Y)u]

where D is a single-user detector for the given Gaussian noise (see also Figure 9.10).

D

—»(R*ly)1—> 1

L R E

—— R ly)g—» + —>3u
D

Figure 9.10: Decorrelating multiuser detector

This receiver has the same attributes as the zero forcing detector equalizer, i.e., it is conceptually simple
and ignores the background noise. Therefore it could cause noise enhancement especially if R is close to
being singular. Therefore, we can take the next step of accounting for the presence of noise and develop
the MMSE linear multiuser detector.

9.4.2 MMSE linear multiuser detector

We want to find a linear transformation M such that output is “close” to the information symbols, i.e.,
My is close to s.
The meaning of “close” is make precise by considering the MMSE metric and therefore we pose the
problem as
min E [||s — My]||?
Metc V>V [ | ]

Now, by using orthogonality principle, we get

E[(s —My)y*] =0,

This yields

Efsy"] = ME[yy"]
M = Efsy’][E[yy]™ (9:6)
Now
Elsy’] = E[ss']R* = E,IR"
Elyy*] = RE|[ss*|R* +E [zz"]

= E.RR"+7°R (9.7)
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where we have assumed equal power E; for each user and independent symbols, i.e. E[ss*] = E,L
Moreover since the noise z is the output of the matched filter (see Figure 9.11) and equation (9.4), the
noise has covariance 0°R = E [zz*].
Using (9.7) in (9.6) we get,

M = E,R*(E,RR* + ¢’R) ™!

Since R is a cross-correlation matrix of the signature waveforms, (9.4), it is symmetric, i.e., R* = R and
therefore
o2 \ !
M=|R+ =1

in the MMSE-optimal linear multiuser detector. The MMSE-linear multiuser detector is depicted in
Figure 9.11.

Y
Y

X g
e1(=1) — F

br

y(t) so(re g—ZR)fl F

Y

Y

X y® : o
o (=) — F

Yu
bT

Y

Figure 9.11: Receiver for linear multiuser detection.

Therefore even if R is singular, M is well defined and does not cause noise enhancement. Moreover just
as in the linear equalizers if we let 02/FEs — 0 the MMSE linear detector reduces to the decorrelating
receiver.
Notes:

1. The main utility of multiuser detection is the resistance to the “near-far” problem. Here the users
could have very disparate received power and the strong user could ”drown” out the weak user.
All the forms of multiuser detections do exhibit resistance to this problem. We have not explicitly
exhibited them since we assumed equal received power for all users. However a simple modification
to (9.4) would take care of this. If each user v has received power Agb), then

b b
A T o T[] [
y® =1 : A
b b b b
W0 Lo A | [
R®) A® s®) z(®)

In more compact form,
y(b) = R®AO®) + 7

Then the (zero-forcing) decorrelating receiver remains

ADED) Z R-1y() Z ABH) | g1,
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and the MMSE linear multiuser detector becomes

2 —1
M = EsAR (RA’R 4+ 0°R) ™ = A~ <R+ g—A2>
S

where for simplicity A is assumed to be real. Therefore both receivers take into account the
disparate received power and boost the weak user in order not to be drowned out by the stronger
user.

2. One can also develop decision-driven multiuser detectors analogous to the DFE studied earlier.
These are called successive cancellation receivers and have a rich history. Here the decisions of
some users are used to eliminate them and help decoding the other users. A crucial issue here is
the order in which the users are decoded. This topic is beyond the scope of this chapter.

3. Detector structures for asynchronous CDMA channels can be developed by realizing that asynchro-
nism leads to inter-symbol interference between successive symbols of the different users. Almost
the same principles can be applied to develop receivers for this case. Again the details are beyond
the scope of this chapter.

9.5 Epilogue for multiuser wireless communications

We mainly studied one configuration (illustrated in figure 9.2) among several in wireless networks. The
topic of multiuser wireless communication is still an active research topic and the more advanced topolo-
gies are beyond the scope of this class.

The broadcast (downlink) configuration (illustrated in figure 9.1) is of particular importance and we did
not cover it in much detail in this class. Here the crucial difference from multiple access channels is that
each user has access to only its received signal and therefore cannot do joint detection, i.e., cooperate
with other users. This crucial difference makes the broadcast channel much more challenging and there
are several open questions on this topic.

Finally ad hoc networks have become increasingly important in the recent past and have been a source
of several important new developments. This topic is again outside the scope of this chapter and is still
a developing research story.

9.6 Problems

Problem 9.1

Let us examine “symbol-by-symbol” synchronus multiuser receiver performance over the following chan-
nel:

y=RAs+z

where y is the received signal, R is the channel cross correlation matrix, A is the power assignment
matrix, s are the transmitted symbols and z is Gaussian additive noise with covariance matrix o2R.

1. Find the SINR for the decorrelating receiver. Identify the source of the noise-enhancement.

2. Find the SINR for the MMSE linear multiuser detector. Compare this to the MMSE linear equalizer.
What happens when R is close to being singular?
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Problem 9.2

Consider transmission using Direct-sequence CDMA (DS-CDMA) using block invariant code sequences
for each user. Then the output during a block period is given by

U
y(t) = 3 subult) + 2(1), e ((b—DT,HT),

(bu(t) = Cu(l)¢ (t - lT(‘) , te ((b - 1)T7 bT)

=0

~

Assume that shifted versions of ¥(t) some integral multiple of T, are orthogonal to each other, i.e.,

<

1 m=n,
0 otherwise.

(W (t = mT.) ¢ (t — nT.)) = {

Show that the entries of correlation matrix R are given by the dot product of the code-sequences i.e.,

Problem 9.3

In this problem we study the near-far problem: users 1 and 2 are transmitting and we want to detect
user 1 using conventional detection (single user detection). If the user 2 is sufficiently powerful then it
can cause arbitrary performance degradation in the detection of user 1. To this end, consider a two-user,
synchronous DS-CDMA system with signature sequences given by

slt) = 1 0<t<1,
! o 0 otherwise.
A 0<t<0.5,
so(t) = —AB 05<t<1,
0 otherwise.

The parameters take values A > 0 and 0 < B < 1. The received waveform at time t can be written as
2 (e’
r(t) =YY" VEbk(i)sk(t — i) + n(t)
k=1i=—oc0

where n(t) is the white Gaussian noise with power spectral density o2, and by(i) = £1 with equal
probability. A conventional detector is used, which detects the by (0) bit as

b (0) = sgn(ry), where rk:/o r(t)sk(t)dt.

1. Determine expressions for the probability of bit error for user 1 and 2 respectively.
2. For user 1, what is the form of the bit error expression for A — 0, B < 1.

3. For user 1, what is the form of the bit error expression for A — oo, B < 1. What does this say
about the conventional detection?

4. For user 1, what is the form of the bit error expression for B = 1. Compare with the result in
part(3) and explain.
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Problem 9.4

Suppose we have two users u = 1,2, transmitting information {z1(k)} and {x2(k)}. Consider a simple
multiple access channel where the received signal (discrete time) is

y(k) = w1 (k) + za(k) + 2(k)

where {z(k)} is additive white complex Gaussian noise with variance o2, is i.i.d. and independent of

{z1(k)} and {z2(k)}. You may assume that x; and x5 are independent with identical variance &,.

1. Suppose we use blocks of length two for transmission and the users use the following transmission
strategy,

(9.8)

z1(k) = s1 , z(k+1) = 51}
xzo(k) = —s2 ; z2(k+1) = s

Express the received signal, [y(k), y(k + 1)] in terms of the transmitted symbols, i.e. specialize

y(k) = x1(k) + 22(k) + 2(k)
yk+1) = x(k+1)+za(k+1)+2(k+1)

to the transmission strategy in (9.8), prove that
y = Rs + z.
and find the form of R.

2. Find
y =Ry

and comment about its implications to detecting s; and s3. Is this equivalent to the decorrelating
detector?

3. Find the MMSE multiuser detector M such that
E|[My —s||* is minimized.
Explicitly calculate M and comment about its relationship to the receiver in (2).
4. What is the error performance of the receivers in (2) and (3) in the presence of i.i.d. noise €7(0,c?)?
5. What is the transmission rate for each of the users in the model given in (9.8)7
6. More generally if we develop a transmission strategy for U users, such that
y=Rs+z

S1
where y,z € CcVV s = RS CY and R*R = UL Develop the decorrelating and the MMSE

Su
linear multiuser detector for this case. You may assume E[ss*] = &I, E[zz*] = oI and that s
and z are independent. Can you comment about the relationship of this strategy with respect to
TDMA or FDMA?
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Problem 9.5
Consider a three-user synchronous CDMA channel with equal power users A; = As = A3 = 1.

1. Find a crosscorrelation matrix R such that:

(R + 0T R3]
(R+ o2 R),

> [p1a]
Without loss of generality, one can consider that detR = 0, p13 = 0, p12 = p23 and p1; = 1. What
can one conclude?

2. For the crosscorrelation matrix you selected above, verify that:

(R +o*T~'R)i, ([R+UQI]‘1R)?3<p2 b2
(R+0?I'R)T, * (R+02'R)T, 72000

What can one conclude?

Problem 9.6

[ MULTIPLE ACCESS CHANNEL AND TRANSMIT CODE|] Consider a two user multiple access channel
where each user has two transmit antennas and the receiver has two antennas (see Figure 9.6). Let

ul(k) UQ(]C)

\\ vi(k) ya(k)
[
vi(k) wva(k)

Figure 9.12: Multiple access channel for problem 4.

us(k) vz (k)
combination of the transmit signals,

u(k) = [ul(k)} v(k) = [Ul(k)} be the transmit signal from each user. The receiver gets a linear

y1(k) = erui (k) + egqua(k) + fivi(k) + fava(k) + z1(k),

yg(k‘) = hlul(k) + hQU,Q(k) + glvl(k) + gQ'UQ(k) + ZQ(]C),

where 2;(k) ~ Cn(0,0%) and {z;(k)} is i.i.d circularly symmetric Gaussian random variables. Now,
suppose the users use an Alamouti code, i.e., for user 1 the transmit signal is

ui (k) = a1, wua(k) = as,

up(k+1)=—a3, wu2(k+1)=adaj,
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and for user 2, it is
(%1 (k) = bl, Ug(k‘) = bg,

vi(k+1)=-=0b5 wa(k+1)=0>07.
Therefore we get

*

le1 e [al —gz] T [‘g; ‘32%[21(1@) ak+1)]  (9.9)

[y1(k) y1(k+1)]

az a4 1
[y2(k) wa(k+1)] = [h1 ho [Z; ;‘?]ﬂgl 92) {2; _,{5]+[22(k) z(k+1)]. (9.10)

(a) Prove that (9.9) can be equivalently rewritten as

*

+ [br bo] ;; _fﬂﬂa(/ﬂ) Z1(k+1)]

Y1 =[gi(k) ni(k+1)] =[ar as] [

el —e;
es €}

and (9.10) can be rewritten as

S {hl —h]

Yo = [2(k) (b +D]=[ar ar] |0 h + [b1 bs] 1 _95%[22(@ Z(k+1)],

92 91

where 21 (k), Z1(k+1), Z2(k), Z2(k + 1) are i.i.d circularly symmetric complex Gaussian random vari-
ables with distribution Cn(0,02). Explicitly write out how [51(k) 1(k+1)], [g2(k) wa(k+1)]
are related to [y1(k) y1(k+1)], [y2(k) y2(k+1)] respectively.

(b) Let

er —es h —f g =95 hi —hj
{82 el } ’ {fz 1T ] ’ [92 g1 } ’ [hz hy |’

a= [al ag} , b= [bl bg] R 21 = [21(]{3) 21(]64— 1)} R Zz = [22(]{3) 22(]64- 1)} .
Then the equations (9.9,9.10) can be written as

¥, Ya]=[a b {E H}ﬂzl 7] .

F G
Prove that . -
W= [—GilF I, }
decouples the signals from user 1 and 2, i.e.,
¥ Yol = [ Wby O] +lm 7)) 011

where Z1, Zs are still Gaussian.

(c) Prove that H and G are of the form

~ hy —ﬁﬁ} = |:£~71 —95]
H = ~ ~ G = ~ ~ % .
{hz hy g2 g1

Hint: You do not need to explicitly write out the expressions for hi, ha, g1, 3Jo-
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(d) In (9.11) it is seen that

Show that _ _ _
Y H* = |[h|]*[a1 a2] +Z,H,

Y2G* = [g|]* [b1 ba] + Z2G,

where h = [izl /Nzg}, g= [g1 Qg}. This completes the decoupling of the individual streams of the
multiple access channel.

(e) If hy, ha, g1, go, €1, €2, f1, f2 are i.i.d and have distribution Cn(0, 1), can you guess the diversity order
for detecting a1, as, by, bo?

Problem 9.7

[RELAY DIVERSITY] In a wireless network let us assume that there are three nodes, where the source

Relay (R)

T%

f \

T f Dlination(r)
(S)

Figure 9.13: Communication using relay.

Source

(S) wants to transmit information to the destination (7°) and can obtain help from a relay (R). Assume
that the channels are block time-invariant over a transmission block of size T. We use the following
transmission protocol over a block of time of length T. Let {s(k)} € {a,—a} be a binary information

Phasel Phase2
S transmits R transmits
T/2 T/2

Figure 9.14: Transmission protocol.

sequence that source S wants to convey to the destination 7. Then, for the first phase the relay receives
yr(k) and the destination receives y(Tl)(k‘), with

yr(k) = fs(k)+ zr(k), (9.12)
y (k) = hs(k) + 27 (k), (9.13)
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where 2 (k), 27 (k) ~ Cn(0,0?) are i.i.d, circularly symmetric complex Gaussian noise. We also assume
a fading channel, f,g,h ~ Cn(0,1) and are independent of each other. Assume that g, h are known at
7T, [ is known at R, but they are unknown at S (except for part (¢))

In the second phase for parts (a), (b),

v (k) = gu(k) + 27 (k)
where u(k) is the signal transmitted by the relay and g ~ Cn(0,1).

(a) Suppose the relay was absent, i.e., u(k) = 0, then give an expression (or bound) on the average error
probability of {s(k)} averaged over the channel realizations h. What is the diversity order, i.e.,

_ IOg(Pe (SNR))
s " Tog(SNR)

for the detection of {s(k)}.

(b) Suppose that the relay R attempts to decode {s(k)} in phase 1 and transmits u(k) = §z (k) in phase
2. That is, it sends the decoded sequence to 7. Assume now that there is an oracle which tells
the destination 7 if relay R has decoded correctly or not. Note that the oracle just lets 7 know
if $g(k) = s(k) but not its value. Now, 7 can use the received sequence from both phase 1 and
phase 2 in order to decode {s(k)}. Find expressions (or bounds) for the error probability for this
decoder averaged over the channel realizations which achieve the best diversity order at 7. What
is the best diversity order that can be achieved at 7 for detecting {s(k)}? Hint: Develop a receiver
strategy that uses the information given by the oracle. You do not need very detailed calculations
for obtaining error probability bounds.

(c) Suppose now that we have a new protocol. Phase 1 is as before, where S transmits and both R and
T receive the signal as in (9.12) and (9.13) respectively. At the end of phase 1, there is a feedback
channel from R to § which informs & about the realization of channel f. Now the protocol § and R
follow is given by: if | f|? < ¢(SNR) (where ¢(SNR) is a function of SNR), then in phase 2, S repeats
the same information it transmitted in phase 1 and the relay R remains silent, i.e., {s(k)} from
phase 1 is repeated and u(k) = 0 in phase 2. If | f|2 > ¢(SNR), then the protocol is as in part (b),
i.e., S remains silent and R sends the decoded information u(k) = $r(k). Let ¢(SNR) = Wll,e
for an arbitrarily small ¢ > 0, Assume that an oracle informs the receiver 7 whether in phase 2, S
or R is transmitting. If in phase 2, S is transmitting, the receiver 7 forms the decision variable,

where yg—l ), yg—Q ) are the received signals in phase 1 and phase 2 respectively. On the other hand if

in phase 2, the relay R is transmitting, receiver 7 forms the decision variable

=t o 1[)]
Yr

where again y(Tl), yé?) are the received signals in phase 1 and phase 2 respectively. The decision
rule in both situations is that 7 chooses §7 = +a if R(J7r) > 0 and §7 = —a otherwise. Analyze
the performance of this receive strategy i.e., find the diversity order that can be achieved by 7 for
{s(k)}. Note that we are looking for diversity order and so we do not necessarily need a detailed
analysis to find the diversity order. Hint: Condition on appropriate error events at the relay and
use error probability bounds. You can also use properties given in the hints in the first page.
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Chapter 10

Reliable transmission for ISI
channels

A focus of this class has been transmission and reception over LTI channels. Even in the wireless trans-
mission, the channels were considered to be block-time-invariant. Therefore, we examine the fundamental
limits of transmission over such channels and compare the structures we studied to that which informa-
tion theory predicts. In order to do that, we first study the capacity of ISI channels in Section 10.1. Then
in Section 10.2 and 10.3 we study canonical properties of OFDM and the MMSE-DFE as information
theoretic structures.

10.1 Capacity of ISI channels

The complete and rigorous derivation of the capacity of a (bandlimited) frequency selective (time-
invariant) channel is beyond the scope and goal of this class. Here we give a heuristic development
of the capacity expression with the intention to connect it to the transmission and receiver structures
that we have studied in this class.

2(t) AWGN

x(t) o he y(t)
te (=T/2,T/2) te (=T/2,T/2)

LTI channel

Figure 10.1: Model for frequency selective channels.

We represent the input x(t) in terms of a Fourier series (where z(t) is time-limited to (—=7/2,7/2)
interval).
+oo

w(t) = D widi(t)

1=—00

where {¢;} are the Fourier series basis functions.

x(t) * h(t) = /Zwi@(ﬂh(t —7)dr = in/@(ﬂh(t —7)dr

213
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Let

/qﬁl h(t —T1)d
y(t) = a(t)  h(t) + 2(t) = Zwﬂi(t) +2(t)

When T becomes large, the Fourier series basis {¢;} tend towards the Fourier basis, which are the
eigenbasis for linear time-invariant channels. Therefore we can write

Then

os) ~ 11 (%71 artt)

where gr(t) becomes the Dirac delta function when 7' — co. Similarly, we can expand the noise in the
frequency domain and by doing so we obtain:

2
yi =z H <%z) + 2 (10.1)

where {y;} is the Fourier series coefficients of y(t) and {z;} that of z(¢). This is a very imprecise and
heuristic development and a precise development is clearly out of the scope of this class. Since the
relationship in (10.1) is output of parallel additive Gaussian noise channels, mutual information is,

ik o)) = 5 log TRt LR o Zl g(\H (F )\ %H) (102)

where |.| denotes the determinant and we have assumed that E [z;2;] = E [|2]?] 6;—;, i.e. white Gaussian
noise. Now, if we impose the input power constraint,

/2
—/ (t)]?dt < P
T/2

this translates (due to orthonormal expansion) to
Z xf < PT
i

Now, the capacity therefore is maximization of the mutual information.

‘r=,, Zw2<PT_Z IOgOH(%)‘ %+1>

Since we can choose independent {z;}, we can make the inequality in (10.2) into equality as we have

done. Eil.:
[\;J]_} 2

Now as T' — o0, %E [|xl| ] St (27? ) — S(f) the power spectral density of the input, and o°.

Also Y x? — [ S(f)df and hence we get

. 1 S(f)
lim Crp = — |1 1+ |H(f)]? d
Tooo T S(f):fI%?J}‘()dePQ/ Og( TIHW) ) J
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This is the expression for capacity that we will work with. Next the goal is to find the optimal input
power spectrum.

- 1 \H(f)?
C= sy S a<r? /log (1 + Ts(f)> df (10.3)

Now, to find the maximizing input spectrum S(f), we can do so by calculus of variations. However we
can also do so by taking formal derivatives.

max% /log (1 + |H£7J;)|25(f)> df
such that
[swar<r

Since C increases with S(f), the last inequality can be replaced with equality. Let,

I:%/1g<1+|H()| )df /\/S

T  _ 1/2 [H(f)I?
08(f) 14 HDEg(f) o2

The Kuhn-Tucker conditions imply that

- A

0T .
W =0 if S(f) >0
0T . B
W <0 lfS(f)_
Hence for {f : S(f) > 0} we have
ARG
1+ DS (f)
or 1 .
N 1H(H]2 +S(f), fe{f:S(f) >0}

Let % = v, thus we get the optimal input spectrum S*(f) as

2

S*(f) = TTHOPE fe{f:S(f)>0}
Using the Kuhn-Tucker conditions, we can write
o? +
where (z)t = g i{j@z 0

We can find v by satisfying the constraint

/S*(f)df:P, ie. /(y—ﬁ)erf:
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Hence the capacity of the ISI channel is,

/1og <1 + S*(f)'H((Tié)F) df

\H(f)I?
, log (V7> df
f: <V7W)>O o?

= %/1og<1+<V|H07(2f)|2—1>>df

The optimal input spectrum given in (10.4) has an interesting interpretation: Consider the channel in
figure 10.2

C:

1
2
1
2

Figure 10.2: Channel spectrum.

Figure 10.3: Hlustration of waterfilling.

The inverted channel is illustrated in Figure 10.3 The relationship in (10.4) implies that S(f) > 0 only
ifv— ﬁ > 0. Therefore in Figure 10.2 , we have shown the regions where this occurs for a given v.
The corresponding input spectrum S(f) is shown in Figure 10.4 . An interpretation of this is by thinking
of pouring a volume P of water into the crevices of figure 10.3 . The “water” naturally occupies the
lowest parts of the spectral valleys and when a total volume P of water is exhausted will have a level v
in the spectral valleys. Therefore, the interpretation (given by Gallager) is called “water-filling” input
spectrum for the optimal capacity achieving input distribution.

Notes:
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AN

Figure 10.4: Transmit spectrum.

1. The main insight to drawn from the result is that the transmission scheme should focus its power on
the “sweet spots” of the channel where gains are the largest. The concavity of the log function (giv-
ing diminishing “returns”) implies that the power is transmitted only in the best channel response
frequency, but descends down by spreading the input power to lower channel gains |H (f)|?.

2. Most of the transmission schemes that we discussed in ISI channels had a “flat” input spectrum,
i.e. Sx(f) = P/W, where W was the transmission bandwidth. Clearly this is not optimal and
we will examine the performance of the ISI transmission an receiver structures if we take this into
account.

3. A canonical decomposition was through the Fourier basis, creating parallel channels. This decom-
position was used in one transmission/reception structure we studied, i.e. OFDM. There we did
not consider changing the input spectrum, but given this insight we will re-examine that problem

4. The ISI channel capacity pre-suppose that the channel response is known at the transmitter. For
wire line channels this is realistic since the channel remains constant for a long period and therefore
the response can be fed back to the transmitter. However, for wireless channels, such an assumption
might be unrealistic. This is a topic outside the scope of this class.

5. The “single carrier” (equalization receiver) structure extensively discussed in the class can also
be modified to have a non-uniform input power spectrum. In fact such a structure has been
implemented in the V-34 modem for telephone lines.

Next, we compare some of the transmission and reception structures discussed in Chapter 5 and 6 to the
capacity of the ISI channel.

10.2 Coded OFDM

Recall from Section 6.2 that in OFDM the cyclic prefix allowed us to relate the input (in the frequency
domain) to the output (again in the frequency domain) as

Y()=PW)X({1)+Z(l), ,1=0,....,N—1

where {P(1)} was the frequency domain pulse response

Pl)y=> pue ¥ 1=0,...,N-1
n=0
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P(0) Z(0)

|
Ko é}—»@—» Y(0)

P(N-1) Z(N — 1)

M@;»@—» Y(N —1)

Figure 10.5: Parallel channels in OFDM.

and {Z(1)} was the noise (in the frequency domain) and {X (1)} was the input in the frequency domain.
This relationship can be illustrated as shown in Figure 10.5.

Now, one can concatenate an outer code along with the frequency domain input and code over a sequence
of transmission blocks. That is, one can have codes {C;} for each of the N parallel channels and code
such that the inputs come from the corresponding symbols from each block. This is illustrated in figure
10.6 which shows the transformation from a uncoded OFDM system to a coded system.

Block 1 Block 2 Block N
1) (1) (2 (2) (Ne) (Ne)
X(o) X(N_1 X(o) XU\_1 X(o) X(N_1
Co Cn-1
Mo Mn-1
Message set Message set

Figure 10.6: A coded OFDM transmissions scheme.

If |My| = 2NeR: wwhere the rate on subchannel [ is R;, the code C; sends out N, consecutive symbols
which have been coded from the message from set M;. The symbols from each code form a sequence
{X®)(1) g;al of length N, which is the length of the code. Each symbol is placed in the appropriate
frequency sub-carrier of the OFDM. By doing this, for a large enough N, information theory tells us that
the R; achievable is
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Rlzél (1+Q| (”2)

where P(1) is the frequency response of the channel and

N.—1
Q= lim L S Ix®OP, 1=0,...,N-1

Ne=eo Ne |5

is the power assigned to subcarrier .
Therefore the overall rate achievable for OFDM is

N-—1 N—-1
1 P()?
R= ;RlZElZ%log <1+QlT (10.5)

with the constraint that Zl]igl Q; < Pyt where Py, is the transmit power. Note that as NV — oo, we get

R* = lim R_1/10g<1+62( )|P( )|2)df

N—o0

Wlth fQ(f)df S Ptot~

This looks strikingly similar to the ISI channel capacity expression discussed in (10.3). In fact with the
appropriate power allocation we can make the two identical. This gives a hint that OFDM structure is
canonical in terms of information theory.

10.2.1 Achievable rate for coded OFDM

Now, let us return to the realm of finite number of subcarriers N. From equation (10.5) the achievable rate
of OFDM depends on the power allocated to the various subcarriers, i.e. {Q; f\; 61. We now can maximize

the rate by choosing an appropriate power allocation subject to the constraint that Zﬁgl Q) < Pyt

N—1
. [P(D)]?
mammzze§ Z log (1 + QIT
1=0
N—1
such that Z Q; < Pyt
1=0
Clearly this is a problem we have seen (and solved!) before, which led us to the water filling input
spectrum. We now solve the discrete version of this problem and give an explicit algorithm that calculates
the optimal power distribution {Q}. As before, let us solve the problem using Kuhn-Tucker conditions.

Define the Lagrangian,
N-—
1o <1 Lolf ) Z
=0

o7 12 |POP
0Q 1+ o

Using the Kuhn-Tucker conditions, we have for optimality

N-1

1=0
This yields,

- A

o7
w—o Zle>O
8—j<0 ifQ =0

Qi
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Thus, for {l: Q; > 0} we get,
1/2
——— =
P2 + Ql

and hence

o2

Q=V e

lef{l: Q >0}

where v = 1/2X. Now using Kuhn-Tucker conditions we can easily verify that the optimal power distri-
bution {Q]} can be written as

Ql:<y—ﬁ) vie{0,...,N -1} (10.6)

L _Jox ifr>0
where (z) —{ 0 else

. N-1 2 \7T
and v is chosen such that ) ;" " (v — war) < Pot

The “waterfilling” algorithm computes v and therefore gives us a method to calculate the optimal power
distribution. The algorithm is derived in Section 9.2.2.

10.2.2 Waterfilling algorithm
Step 1

If Q; > 0 VI, then finding v becomes easy

This yields,

N-1 0_2
Nv = Ptot +
2 PP
N-1
1 1 o?
= — PO — ]. .
orv N tt+Nl:0 |P()2 (10.7)
However, for such a choice of v, we have
2
o
Q = v—
|P(1)]?
N-1
1 1 o? o2
— _Ptot _|_ J— —_ (108)
N N ; [P PO

There is no guarantee that the @; that arises from a choice of v given in equation (10.7) would be
non-negative in (10.8) in general.
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Step 2

If we know the set of “active” subchannels A= {l: Q; > 0}, then again finding v becomes easy.
o2 )

> (o) = P

2 < IZ0]

This yields,

1 1 o?
v =l A L Par
md @ = { (‘)_iIPtOt " lT%‘ Foked ﬁ . % f)teheArwise
However, one does not know the active set A.
Step 3
In order to find the correct active set we can start by assuming A = {0,..., N — 1}, i.e. the entire set

of subcarriers. Then from (10.7) we can find the appropriate v. But (10.8) would tell us which Q; are
negative. If there is @; < 0, then we drop the “worst” channel from the active list i.e.,

2
[y = argmax 7
1 O
and consider the active list as A = {0,..., N — 1} \ l1, where the notation means the set difference.

Given this order preference in the choice of active subchannels we reduce the number of candidate active

sets from N! to N by ordering {ﬁ} in increasing order. We can index the candidate active sets by

0,2

choice (in increasing order) of the values {W} By doing this one can find the optimal active set.

The main step in this is the observation that if a particular subchannel I’ is active, then all subchannels

such that

o? o?

POE =PI

are also active. This can be seen from the relationship in (10.6) and we next give a formal statement and
proof of this claim.

Claim 10.2.1. If the optimal active set A* contains subchannel l', then it must also contain elements [

when

o2 o?

T2OE < |P(")?

(10.9)

Proof: Suppose, A* is the optimal active set and it contains element I’ and does not contain an element

[ which is such that

o2 o?

POE  TPUE

Now, we prove the assertion by contradiction. Since I’ € A* and l~¢ A* = Qr >0, Q;=0. And the
optimal rate is

R* = % > log <1 + Ql|P£—Q|2) (10.10)

le A*
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Now consider a different power allocation {Ql} where all the allocation is the same except we choose for
small enough € > 0,

Qr=Qyr—cand Qj=¢>0

For this allocation

R Z 1og<1+Q| ()|2>

zeA*\z'

|2
+% log (1 +(Qr —¢) |Pg2)| )

1 [P

Using (10.10) and (10.11) we get

R 1 P |2
RF—R = Zlog 1+ gui2@)
2 o2

1 P2
~3 log <1 +(Qr — 5)%)
1 [P
@ 1 |P(1)[?
< B log <1 + Ql/7>

-~ log (1 Q- e)"ﬁ#)

\|2
—llog 1+5|P(l ) (10.12)
2 o2

where (a) follows because log is an increasing function and ‘P(l)‘ > |P(l 1 que to assumption (10.10).
Continuing with (10.12) we get

R —R < %10g(1+62u|%#|2>
(1 ) g (1 g, o)
- Lo+ QIO L (14 g L)
<0

Hence R* < R and therefore A* cannot be the optimal active set assignment. Therefore we have a
contradiction and hence the claim is proved.

O

Therefore, we need to consider only N candidate active sets instead of N! and therefore giving a O(N)
steps water filling algorithm.
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10.2.3 Algorithm Analysis

1. Sort {%} in ascending order, i.e.

2. LetA:{ll,lg,...,lN},p:N

3. Compute
[P(k)[?

4. If 3Q) < 0, then let A=A\ I, and p =p — 1. Goto step 3.
Else optimal power allocation found.

Notes

1. This algorithm terminates in at most N steps.
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2. The sorting takes O(N log N) complexity and the computation of v takes O(N) complexity. Hence

we have O(N log N) algorithm for computing the optimal power allocation.

3. We devised this algorithm based on claim 10.2.1 where we showed that the ordering of {%}
determined the active set. Therefore we choose the complete set as A first and then eliminate the

worst channel, one-by-one till we get the correct A*.

4. Ties in this algorithm can be resolved arbitrarily since the final rate does not get affected.

5. The algorithm does not take into account particular alphabets/constellations one might use for the
transmission. Other algorithms that utilize this have been found. They are outside the scope of

this class.

10.3 An information-theoretic approach to MMSE-DFE

Fact 1 If (x,y) are jointly Gaussian then Px|y(x|y) is also Gaussian with mean E [x|y] and covariance

E[{x-E[xly]}{x—Exx|y]}'] = R)qu which is the error covariance of a linear estimator of x

fromy .
Fact 2 For a Gaussian random vector x ~ €Cn(0, R,,) the entropy is
H, =log [(we)N|Rm|]
where N is the dimension of x and |R,;| is the determinant of R,
Fact 3 If (x,y) are jointly Gaussian, then the conditional entropy Hx|y is

Hx\y = log [(We)N|R>JE\y|

1. . . .
where Rx|y is the error covariance of linear estimator of x from y.
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Now,
R,qu = Roo — RoyR,, Ryo
where
Roy =E[xy*], Rye =E[yx'], Ryy =E[yy”]

For a stationary Gaussian process, the chain rule of entropy allows computation of its entropy based on
prediction. For a sequence x = {y, Tk—1,...,To},

Hx = Hmk‘[mk—h“wmo] + H?fk71|[$k727---73?0] +..
+Ha:1\x0 + ng

k
Z H"L'n|[acn_1,...,m0]
n=0

where we have defined H,|,_, 2 H,,.

Definition 10.3.1. For a stationary process {xy}, the entropy rate H.(p) 1s,

k
. 1 . 1
Hep) = Jim c= H(fwg, o mol) = lim 7= ;)H(m[xn_l, )
For a stationary sequence this quantity converges to

Hy,py = lim H(xx|zp—1,...)
k—oo
This is related to the estimation error associated with predicting xj, from its past, i.e.
HT(D) = log [Wegz\past}

where Ui‘pas , is the MMSE error of predicting x, (the “present”) from the entire history of the sequence.
Given input {xy} and output {y}

i 1
I(x(D);y(D)) = khjgo k—HI(x’g,y’g)

where x§ = {zg,..., 71}, y& = {90, ...,y } and I(x;y) is the mutual information between x and y. For
an inter-symbol interference (ISI) channel, we have seen from before that

=y {gggg] du

where S, (w) and S, (w) are the power spectral densities of the processes {yx} and the noise {2} respec-
tively. Now

I(z(D);y(D)) = Hup)— Hup)y(p)

= H, ~H, (10.13)

ElTr—1... ElYS s Th— 15

Therefore the mutual information can be written as,

I(z(D);y(D)) = I(zk; y>= l2"22)
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10.3.1 Relationship of mutual information to MMSE-DFE

From 10.13 we see that

H@(D)y(D) = Hyjprot = Hy e o
= log(we)aiklm,i;j> = log(we)aiklyfwm,:i (10.14)
But,
Uzklm’i’l = 7, = MMSE associated with predicting x from its past
Jik\yi"wm’i;j = 0% mse_pre = The variance of error in perfect past decisions, DFE.
Inserting this into 10.14 we get,
Ve
I(z(D);y(D)) = log

OMMSE-DFE
= log SNRyMSE-DFE

= log[l+SNRMyMSE-DFE,U]

This results in what is knows as the " CDEF result” (after the result of Cioffi-Dudevoir-Eyuboglu-Forney
done in 1995).

Lemma 10.3.1 (CDEF result). The unbiaised SNR of a MMSE-DFE is related to the mutual information
for a linear ISI channel with additive Gaussian noise in exactly the same formula as the SNR of an IST
free channel is related to the mutual information of that channel. Assuming that the input and output
are jointly (stationary) Gaussian and the MMSE-DFE ezists.

10.3.2 Consequences of CDEF result

1. This result seems to show that with the perfect past decisions assumption, the MMSE-DFE is a
canonical structure, i.e. it can achieve the capacity of the ISI channel.

2. In the development of the MMSE-DFE, we assumed i.i.d. inputs, which meant a ”flat” input
spectrum S, (w). The development we had on the capacity of the ISI channels indicates that this
might not be optimal. Hence the modification we need to make the MMSE-DFE canonical, is input
spectral shaping.

3. There are several other caveats and we will next do a more careful derivation of the result to
illuminate these caveats.

Caveats of CDEF results

To do this we establish first a lemma.

Lemma 10.3.2. Let x = {z}}, y = {yx} be jointly Gaussian zero mean random processes, then
I(xy) = I(x; Ty (z))
where Ty (z) is the orthogonal projection operator of y onto x, i.e., from Gaussian processes,

Ty (r) = E [x|y]
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Recall from linear prediction, of process {xy}, i.e., predicting zj from its infinite past,

Gp =Y amar-m = X(D) = A(D)X(D)

m=1

with A(D) being strictly causal. A(D) =1 — A’(D) and we found that

A'(D) = ﬁ where

Sz(D) =7 L(D)L* (D7)

where L(D) is monic, minimum and stable.
Now, using the chain rule of mutual information,

I(n, y™o, @30) = I a30) + 1w ™[220
Hence, using (10.14) we get
I(X(D);Y/(D)) = I(zp; >, 2" 1) — I(xp; "))

k—1

— 00

) = 0, the two quantities I(xk;yi"oo,a:kfl) and

— 00

Therefore, unless we have a white input, i.e. I(zg;x
I(X(D);Y (D)) are distinct and in fact,

I(X(D);Y(D)) < I(xp;y>=,z"2})

— 00

with equality iff the input is white.
However, as we have seen in the waterfilling solution to achieving ISI channel capacity, the optimal
sequence {xj} need not to be white and therefore the above quantities are distinct. It can be shown that

Iz ySe, a®0) = I(wsre) + Ilex; b))
= I(xg;ri+éx) (10.15)

where
i = E [z1]y™%]  ex =z — Tk
Pictorially this is depicted in Figure 10.7.
In Figure 10.7, we use, I(ex;e*7}) = I(ex;éx), where &, = E [eﬂe’i&ﬂ, by using the lemma. Moreover
for
ek = Tk — Tk,
it has a spectral factorization
Se(D) = ’YELE(‘D)L: (Di*)

yielding a linear predictor filter,
1

AL(D) = T.D)

E(D)

[1 — AL(D)]E(D) = [1 = AL(D)][X(D) — R(D)]
X(D) — R(D) — AL(D)X (D) + A,(D)R(D)
= R(D)+ E(D) = X(D)[1 - AL(D)]+ A'(D)R(D)

Using this we can modify figure (10.7) as,
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2k

l Tk—i-ék

p P(D) —>~®—L W (D) =2 @—R

+

(- s

Figure 10.7: Depiction of MMSE-DFE with perfect decision feedback.

Now figure 10.8 almost looks like the MMSE-DFE with perfect past decisions, since AL(D) — 1 is strictly
causal. However, from (10.15) it is clear that it represents I(zy;y_,z"-!) which in general is larger
than the ISI channel capacity. Therefore we really need to look at

Hw; y>o, a550) = Iy 230) = I(X(D); Y(D))

to find the capacity of the ISI channel and relate it to the DFE case. This caveat shows that there is no
artificial boost and that one has to look at the channel symbol-by-symbol wise rather than sequence-wise.

Main message:

1. If one interprets the CDEF result correctly, we see that the DFE combined with input spectral
shaping and sophisticated coding can actually be a canonical transmission/reception scheme.

2. There are several caveats, one is that of perfect decision feedback.

3. The other is to view the channel symbol-wise and not sequence-wise.

Let us relate the SNRyvseE—pre to the CDEF result. Now, if we use Salz formula for U?\/IMSE—DFE)

2 0 —jwT)
OV MSE—DFE = — = exp | —— In(Qe ")+ —— | dw
S lp||? ¢ < 27T/7T/T (e SNRyFB
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2k

l Tk—i-ék

s wa—+4:>ﬁ;—4wmmn + CE%——

A (D) -1

Figure 10.8: Modified form of Figure 10.7.

Using the Salz formula in the CDEF result we get

I(X(D);Y (D)) log | 22 exp [ L= /ﬂ/T 1o {Q(eﬂ'wT)Jr ! } dw
; = xp | — —
& ﬂ;?l/lg P 2w —n)T & SNRyFB
Ipl*y | T /”/T T 1
=1 — 1 WTy |y
og( No/2 + 21 J s og | Qe )+ SNRMFB “
loe SNR T I ! d
- oSN Rurp o [ o g
T 7T/T . T
+— log [Q(e_jw )SNRMFB + 1} dw
2m —7/T

T 7T/T .
= = / log [1+ Q(e7*T)SNRypp) dw
2m —x/T

This result for i.i.d. inputs and we can improve the rates by input spectral shaping. The V.34 modem
does this with precoding to get close to the predicted channel capacity.

10.4 Problems

Problem 10.1
Consider a set of parallel independent AWGN channels:

1. Show that the mutual information for the set of channels is the sum of the mutual information
quantities for the set.

2. If the set of parallel channels has a total energy constraint that is equal to the sum of the energy
constraints, what energy £,, n = 1--- N should be allocated to each of the channels to maximize the
mutual information. You may presume the subchannel gains are given as g, (so that the individual
SNRs would be then &,gy,).
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3. Find the overall SNR for a single AWGN that is equivalent to the set of channels in terms of mutual
information.

Problem 10.2

In this problem we study the water filling algorithm for the oversampled version of the coded OFDM
transmission. Recall that for an over sampling factor L the parallel channel relationship is given by

Yk(l)ZDle(l)—i-Zk(l), ZZO,...,N—L
where Y (1), Dy, Z(l) € CL. For more detail refer to section 6.2.2 of the reader. In this case the rate for

I*" parallel channel is given by
1 D||?
Ri= Y (1420,
2 o?

where

N.—o00

N,
1 X
— 1 (k) (1)2 —
Q; = lim ch;'X \F, 1=0,1,...,N—1

is the power assigned to subcarrier [. Now consider a particular case with L = 2 and channel memory
v =1 with

[ = 1 181

Po Pi| = 0 1

and let the number of subcarriers be 4.

1. Find the solution to the maximization problem

3
maximize Z R
1=0
such that s
da<p
=0

with P = 0.01 and 02 = 0.1.

2. Perform the water filling algorithm and point out the active sets in each step. Find the values of

{Qi}.
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Appendix A

Mathematical Preliminaries

A.1 The () function

The @ function is defined as:
) A

1 g2
- ~ 2 dE.
\/QWA c ¢

Hence, if Z ~ N(0,1) (meaning that Z is a Normally distributed zero-mean random variable of unit
variance) then Pr{Z >z} = Q(x).

Qz

If Z ~ N(m,o?), then the probability Pr{Z > 2} can be written using the @ function by noticing that
{Z > 2} is equivalent to {£=2 > 2=} Hence Pr{Z >z} = Q(£=2).

We now describe some of the key properties of Q(z).
(a) If Z ~N(0,1), Fz(z)=Pr{Z <z} =1-Q(z).

(b) Q(0)=1/2, Q(—o0) =1, Q(c0) =0.
() Q(—z)+Q(z)=1.

L —% (] - L 1 2
(d) Fgme™ 7 (1- ) <Qla) < g7, a>0.
™ 2
(e) An alternative expression with fixed integration limits is Q(z) = % [* e"Z=nZadf. It holds for
z>0.

(f) Qla)<ze =, a>0.
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A.2 Fourier Transform

A.2.1 Definition

H(f) = /jo h(t)e 2™ Ftqt

W) = /fo H(f)em 0y

A.2.2 Properties of the Fourier Transform

ot vylt) = X(HY(F)
MO s H(f - fo)
h*(—t) <= H*(f)
h(t—s) <= H(f)e 2m/s
h(t/a) < aH(fa)
N R
/jo W)t — )dr =  H(HG()
/_DO W(r)g*(r —tydr = H(f)C"(f)
g = / T H()E (f)df

A.2.3 Basic Properties of the sinc Function

Using the above relations we get:

< 1
sine( { 1A 2
|fl> 57
t 727r]n7'f < L
sinc(— —n) { 1= 2r
T |l > 5=
e t t
sinc(— —n)sine(— — m)d rle2min=m)rf g — 0, m#n
oo T T % T, M=nN

From the last equality we conclude that sinc(L) is orthogonal to all of its shifts (by multiples of 7).

Further, we see that the functions \/;smc(% —n),n € Z, form an orthonormal set. One can also show

that this set is complete for the class of square integrable functions which are low-pass limited to % .



A.3 Z-Transform

A.3.1 Definition

Assume we have a discrete time (real or complex valued) signal x,, n € Z. Its associated z-transform,
call it X (z) (if it exists), is defined by

—+o00

n=—oo
The region of convergence, known as the ROC, is important to understand because it defines the region
where the z-transform exists. The ROC for a given z[n]is defined as the range of z for which the z-

transform converges. By the Cauchy criterion, a power series >~ u(k) converges if limj_ oo |u(k)|% <
1. One can write

+oo +oo +oo
Z xz(n)z™" = Z x(—n)z" + Z z(n)z™"
n=—oo n=1 n=0

and it follows by the Cauchy criterion that the first series converges if |z| < limg_ 0 and

1

=R
le(—k)[ % T
the second converges if |z| > limy_o |2(k)|* = R,_ Then the region of convergence is an annular region
such that R, < |z| < Ra,

A.3.2 Basic Properties

xr, <= X*(1/z%)
Tnem <= X(2)z27™
Zxkynfk = X(2)Y(2)
k
— X(2)Y"(1/z%)

*
Z TrYp_k
k

We say that a sequence x,, is causal if z,, =0 for n < 0 and we say that it is anticausal if x,, =0 for
n > 0. For a causal sequence the ROC is of the form |z| > R whereas for an anticausal it is of the form
|z| < R. We say that a sequence is stable if 3 |z, < co. The ROC of a stable sequence must contain
the unit circle. If X(z), the z-transform of z,,, is rational then it implies that for a stable and causal
system all the poles of X (z) must be within the unit circle. Finally, we say that a sequence x, with
rational z-transform X(z) is minimum phase, if all its poles and zeros are within the unit circle. Such a

sequence has the property that for all N > 0 it maximizes the quantity Zﬁ;o |7,,|? over all sequences
which have the same |H(z)]|.

A.4 Energy and power constraints

The signal z(t) is said to have finite energy if
& 2 / |2(t)|2dt < oo

and it is said to have finite power if

AT 2
Px_:rlgr;of/; |z(t)]*dt < oo



For signals of the first type, we define the autocorrelation function of x(t) as

A

¢2(T) = /x(t)x(t —T7)*dt

For signals of the second type, we define the time-averaged autocorrelation function

¢2(T) 2 lim %/_i z(t)x(t — 7)*dt

2

Let F[] denote the Fourier transform operator, such that X(f) = Flz] = [*_z(t)e 9*"/'dt. For a

finite-energy signals z(t), |X(f)|> = Fl¢.] is called energy spectral density (ESD). In fact because of
Parseval identity,

/ X ()2df = 62(0) = &,

For finite-power signals x(t), we define the power spectral density (PSD) S.(f) =

[ Sa(f)df = ¢2(0) =P, .

The output of a LTI system with impulse response h(t) to the input z(t) is given by the convolution
integral

Floz]. In fact,

y(t)=nh /h xz(t — 7)dr

In the frequency domain, we have Y (f) = H(f)X(f), where H(f) = F(h) is the system transfer
function. The ESD (resp. PSD) of y(t) and x() are related by: |Y(f)]? = |H(f)|?|X(f)|* (resp.
Sy(f) =|H(f)?Sz(f)), where|H(f)|* is the system energy (resp. power) transfer function. In the time
domain, we have

¢y(7) = n(7) * b (7)

A.5 Random Processes

A random process x(t) can be seen either as a sequence of random variables x(t1), z(t2), ..., z(t,) indexed
by the ”time” index t = ¢1,ta,... , or as a collection of signals x(t;w), where w is a random experiment
taking on values in a certain event space 2. The full statistical characterization of a random process
z(t) is given by the collection of all joint probability cumulative distribution functions (cdf)

Pr(z(t1) < z1,2(t2) < za, ..., z(tn) < xy)
for all n=1,2,... and for all instant ti,ta,...,%, .

Complex random variables and processes are characterized by the joint statistics of its real and imaginary
parts. For example, a random variable X = X; 4 j X5 is characterized by the joint cdf Pr(X; < 1, Xs <
Z2). A complex random variable is said to be circularly-symmetric if its real and imaginary parts satisfy

cov(Xy,X2) =0, var(Xy) = var(Xs)
The first and second order statistics of z(t) are given by its mean
pa (t) = Ela(t)]

and by its autocorrelation function

Pu (b1, ta) = Ela(t)z(t2)"]

For two random processes x(t) and y(¢), defined on a joint probability space, we define the cross-
correlation function

bay(t1,t2) = Elx(t1)y(t2)"]



A.6 Wide sense stationary processes
A random process z(t) is said to be wide-sense stationary (WSS) if

(a) pa(t) = pg is constant with ¢

(b) ¢.(t1,t2) depends only on the difference 7 = t; —t5 (we can use the notation ¢, (7) 2 G (t+T,t)).

Two random processes z(t) and y(t) are said to be jointly WSS if both z(¢) and y(¢) are individually
WSS and if their cross-correlation function ¢g,(t1,%2) depends only on the difference ¢ — to.

For WSS processes, we have

S.(0) = Fioa) = [ a1
and for jointly WSS processes, the cross-spectrum is given by Sqy(f) = F[day(7)].

The output of a LTI system with impulse response h(t) to the WSS input x(t) is the WSS process given
by

y(t) = h(t) (1) 2 / WPt — 7)dr

The two processes z(t) and y(t) are jointly WSS. The mean and autocorrelation of y(¢) and the cross-
correlation between z(t) and y(¢) are given by

L

Gy(T) = On(7) * da(T)
Guy(T) = h(=7)" * ¢ (7)
In the frequency domain we have
ty = paH(0)
Sy(f) = [H(f)*Sz(f)
Say(f) = H*(f)S2(f)
)

Since ¢yq(T) = ¢oy(—7)*, we have Syz(f) = Szy(f)*, that yields Sy (f) = H(f)Sz(f), since Sy(f) is

real.

A.7 Gram-Schmidt orthonormalisation

Let V' be an inner product space and let A = ai,...,a,, be a set of elements of V. The following
Gram-Schmidt procedure then allows us to find an orthonormal basis for A. Let this basis be 1, ..., ¥y, ,

n < m, so that
n

ai =Y (ai ), i€l

Jj=1



This basis is recursively defined by (ignoring cases of dependent vectors)

— a1
no= e
by = ag — (a2, ¥1)1
(@ = (a2, 0n)6n), (a2 — (a2, 0)in))
o — A — 7 {am, 1)

\/<(am - ET:;l <am, ¢j>¢j)7 (am - ET:;l <am’ ¢J>wﬂ)>

In general, the basis obtained by the above algorithm depends on the order in which the elements a; are
considered. Different ordering yield different bases for the same vector space.

A.8 The Sampling Theorem

Let s(t) be a function in £? that is lowpass limited to B. Then s(t) is specified by its values at a
sequence of points spaced at T = % intervals by the interpolation formula:

o0

s(t) = Z s(nT) sinc(% —n)

sin(mt)

where sinc(t) = —

The sinc pulse does not have unit energy. Hence we define (its normalized version) ¢ (t) = % sinc (%).
The set {(t —iT)}2_ ., forms an orthonormal set. Hence we can write:
o0
s(t) = Y sap(t —iT)
i=—00

where s; = s(nT)\/T. This highlights the way the sampling theorem should be seen, namely as a
particular instance of an orthonormal expansion. In this expansion the basis is formed by time translated
sinc pulses. Implicit in the sampling theorem is the fact that the set {¢(t — iT)}52 is a complete

1=—00
orthonormal basis for the set of waveforms that are lowpass limited to B = % .

A.9 Nyquist Criterion

We are looking for functions (¢t — T') (like the sinc function constructed above) with the property:

S0 ¥t = D) (t)dt = b,
We now look for the condition under which a real-valued function (¢) ensures that ¢(t), ¥ (t —T),¢(t —
2T),... forms an orthonormal sequence.
Define
o) = U (F + (s + ).

keN



where ¥ £(f) = Fi(t) Now
b= [ vt Ty
e B el

0 a(2m+1)/2T 4
- V(PP T if

= J(@@m-1)/2T

% r1/2T }
=0 [ s T T g

—1/2T

N /_T g(f)e T df.

L
2T

The last expression is 7' times the n-th Fourier series coefficient of ¢(f). Since only the coefficient with
n = 0 is nonzero, the function ¢(f) must be constant. Specifically, g(f) =T, f € [—%, %] .

Then, one can state :
A waveform (t) is orthonormal to each shift (¢t — nT') if and only if

1 1

- k
Z lVr(f + f)|2 =T forfe [—ﬁ, ﬁ]

k=—o0

[Wr(f)I? + e(f = 1/T)P =T

Sl-

A.10 Choleski Decomposition

Given a Hermitian positive definite matrix A, the Cholesky decomposition is a diagonal matrix D and
an upper triangular matrix U with ones on the main diagonal such that

A=U"DU.

A.11 Problems

Problem A.1

Prove the following bounds on @ -function for a > 0:

1 a2 1 a?
2

_ 1 _
\/ﬂae 2(1—?)<Q(a)<mae




2 2
Hint: e~ 7 = e*yTy% and integrate by parts.

Problem A.2

Prove the following properties of fourier transform:

e frequency shift - h(t)e??™fot «—= H(f — fo).
e time shift - h(t — s) <= H(f)e 2™ifs,
e lateral inversion - h*(—t) < H*(f).

e time scaling - h (L) <= |a|H(fa).

Problem A.3

Given 0 < a < b, find the temporal sequence z(n) of

2—(a+0b)z7t
(1 —az=1)(1 —bz—1)’

X(2) =
when

(a) the ROCis |z]| > b.
(b) the ROCis a < |z| < b.

Problem A.4
(a) A random process {Z(t)} is given by
Z(t) = sin(27 fot + O),
where © is uniformaly distributed on [—m,7]. Find its power spectral density.
(b) Let {X(t)} be a WSS process with autocorrelation function ¢x (7) = e~I"l. Find E [(X(O) + X(2))?].

(c) Let W (t) = Y|4, where {Y;}> are independent zero-mean, unit-variance Gaussian random vari-
ables. Is {WW(t)} a WSS process?

Problem A.5

A zero-mean WSS process z(t) with autocorrelation function ¢x(7) = ™7l is passed through a LTI
filter with impulse response h(t) = e~%. Show that z(¢) and y(t) are jointly WSS. Find ¢y (7) and

Pxy (7).



Problem A.6

In this exercise we continue our review of what happens when stationary stochastic processes are filtered.
Let X(t) and U(t) denote two stochastic processes and let Y'(t) and V() be the result of passing X (¢)
respectively U(t) through linear time invariant filters with impulse response h(t) and g¢(t), respectively.
For any pair (X,U) of stochastic processes define the cross-correlation as

Rxuv(t, t2) = E[X (t1)U"(t2)],

We say that the pair (X,U) is jointly wide sense stationary if each of them is wide sense stationary and
if Rxp(t1,t2) is a function of the time difference only. In this case we define a cross-power spectrum as
the Fourier transform of the cross-correlation function.

Show that if (X,U) are jointly wide sense stationary then so are (Y, V) and that
Syv(f) =Sxu(HH(f)G*(f).

Problem A.7

Show that the cross-correlation function Rxy(7) has symmetry

Rxu(r) =Ryx(—7)

Problem A.8

(a) Let X, and X; be statistically independent zero-mean Gaussian random variables with identical
variances. Show that a (rotational) transformation of the form

Yo 4 5Y; = (X, + jX;)e’
results in another pair (Y,.,Y;) of Gaussian random variables that have the same joint PDF as the
pair (X, X;).
(b) Note that
Y. | _ Xy
%]

where A is a 2 X 2 matrix. As a generalization of the transformation considered in (1), what
property must the linear transformation A satisfy if the PDFs for X and Y, where Y = AX , X =

(X1,X2, -+, Xy,) and YV = (Y1,Ya,---,Y,) are identical? Here also we assume that (Xq,---,X,)
are zero-mean statistically independent Gaussian random variables with same variance.

Problem A.9

[Transformation of Gaussian Random Variables] Let Z = (Z3,...,Z,) denote a jointly Gaussian vector
with independent components with zero mean and each with variance o2, i.e., we have
1 =2
f2(2) = g 5

(2m02)n/2 ¢

Let {u1,...,%,} be any basis for R", i.e., an orthonormal set and let W = (Wy,...,W,) denote a
random vector whose components are the projections of Z onto this basis, i.e, W; = (Z, ;). Show that
W has the same distribution as Z, i.e., W is a jointly Gaussian vector with independent components

with zero mean and each with variance o2 .



Problem A.10

Let Z(t) be a real-valued Gaussian process with double-sided power spectral density equal to % . Let
¥1(t) and a(t) be two orthonormal functions and for k& = 0,1 define the random variables Z) =
75 Z(t)Yy(t)dt. What is the distribution of (Z1, Zs)?



