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MOTIVATION
Why a course on Per-Survivor Processing (PSP)?

PSP is useful to communication system designers thanks to its broad
applicability in coping with hostile transmission environments, such as
those of many current applications

PSP is technically elegant and intellectually appealing. As many interesting
ideas, it is general, intuitive and conceptually straightforward. It is a
nice example of a recent research result which may be worth describing in a
structured advanced University course in the area of digital transmission
theory and techniques

PSP is intriguing from the scientific and historical viewpoints. Like many
other ideas, PSP has been reinvented independently by many researchers
over the last decades, with different contexts and formulations each time. Its
conceptual roots can be found in earlier general theoretical results, but
this fact was fully understood only after its invention
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FOREWORD

Unfortunately, this course might be unclear (and likely will /)

Please, feel free to ask questions. Doing so you will help:*

~> Yourself understanding what is going on

— Your colleagues understanding questions they had not even thought of
— T he instructor realizing what is unclear and should be better explained

You will also:

~~ Avoid falling behind (if you do in the first lectures, you will hardly
recover)

% Contribute to make the lectures more stimulating and pleasant

*Arrows by BTEX and AASETEX
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OUTLINE

Review of detection techniques
. Detection under parametric uncertainty

Per-Survivor Processing (PSP): concept and historical review

A W N

. Classical applications of PSP

4.1 Complexity reduction
4.2 Linear predictive detection for fading channels
4.3 Adaptive detection

5. Advanced applications of PSP

PREREQUISITE: A course in Digital Transmission Theory
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1. REVIEW OF DETECTION TECHNIQUES

OUTLINE
1. Review of detection techniques
2. Detection under parametric uncertainty

Per-Survivor Processing (PSP): concept and historical review

=~ W

Classical applications of PSP
4.1 Complexity reduction
4.2 Linear predictive detection for fading channels

4.3 Adaptive detection

5. Advanced applications of PSP
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(GENERAL MODEL OF TRANSMISSION SYSTEMS
... how about storage systems?

channel
coding

coded modulation

_>modulationﬁ>

channel

]

demod L,

[ [
. parameter «

I . .
‘estimation

—_— —_— —_— —_— —_— —_— —_— —_—

demodulation and decoding

Focus ON: demodulation and decoding

out
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PRINCIPAL CHANNEL MODELS

Additive White Gaussian Noise (AWGN) channel
Static dispersive channel

Flat fading channel

Dispersive fading channel

Phase uncertain channel

Like-signal (or cochannel) interference channel
Nonlinear channel

Transition noise channel

Combinations
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AWGN CHANNEL

w(t): circular complex AWGN
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STATIC DISPERSIVE CHANNEL

c(t): channel impulse response
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FLAT FADING CHANNEL

f(t): circular complex Gaussian random process
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DISPERSIVE FADING CHANNEL

s ATy ATy
Jfo(t) f1(1) fa(1)
w(t)

(T

—— L

L z

r(t) =Y filt)st—m)+w(t) m=m+» Az

=0 i=1

f1(t): independent circular complex Gaussian random processes

The [-th dominant propagation path has delay 7;

10
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PHASE-UNCERTAIN CHANNEL

6j[27w(t)t+9(t)] W (t)

v(t): frequency shift
0(t): phase shift

Special cases:
— Phase noncoherent channel (v(t) =0, 6(t) = 0)

— Frequency offset (or Doppler shift) channel (v(t) # 0, 6(t) = 0)

— Phase noisy channel (v(t) =0, 6(t) is a Wiener random process)

11
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PRINCIPAL CHANNEL MODELS

Overview
w(t) w(t)
s(t) r(t) s(t) ‘Gg_r(t)
—  (?)
(a) (b)
S<t) ATy ATQ
f(¢) w(t) Fol(t) fi(t) fa(t)
s(t) r(t) Y

r(t
! % (t)

(c) (d)

el [27v(t)t+0(t)] w(t)

s(t) r(t)

12
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STATISTICAL DETECTION THEORY
Optimal detection of M-ary signals

m s(t) r(t) _ m
_ o) transm |~ ", channel | ",| receiver | o

me {m}l,  s(t) e {sit)} r(t) m e {mi}L
Probabilistic modeling = Optimal decision (detection) strategy

Minimize P(m # m):
= maximize: P(m =m)=E{P|m =m|r(t)|}
= maximize: P |m =m|r(t)] Vr(t) (positive)

For m = m;, Plm =mlr(t)] = P|m = m;|r(t)] (APP)

= MAP strategy: m = argmax P |m = m;|r(t)]

Plm|r(t)]

13
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STATISTICAL DETECTION THEORY
Computation of the APPs

r(t r
()_> discret | o

Discretization (finite dimensionality) = Sufficient statistic
p(xr|m;)P(m;)
p(r)
~ : monotonic relationship with respect to the variable of interest

APPs:  P(my|r) = ~ p(r|m;) P(m;)

MAP strategy: m = argmax P(m;|r) = argmax p(r|m;)P(m;)
m; my

Statistical information:

P(m;) : information source

p(r|m;) : overall system (transmitter, channel, discretizer)

14
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STATISTICAL DETECTION THEORY
Geometric interpretation

Dy

Decision region:
D; = {r : P(m;|r) = max P(my|r)}

my;

Signal detection is a geometric game

15
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STATISTICAL DETECTION THEORY
Special case: Strategy for the AWGN channel

Discretization: signal space spanned by {37:(75)}%1 is relevant:

T
Py, = /O r(t)eh(t)dt with {@p(t)}2,  (basis)

{m=m;} = rt)=st)+wlt) = r=s;+w

APPs (but for a factor):

1 1
—5ge |~ llr =l | Pomy)

~ —[lr = si[[* + 0% In P(m;)

1 1
~ Re (rTs;-k) — §HSZH2 + 502 In P(m;)

p(r|m;)P(m;) =

T § 1t 2 L
— Re T(t)si (t)dt —5 ’SZ@)‘ dt + 50 lnP(mi)
0 0

16
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STATISTICAL DETECTION THEORY
Special case: Receiver for the AWGN channel

(0 t="1T
' si (T — t)J ——= Re(})
t="1T

s L Re()

argmax | -

?
C)
?
C,

sz‘w(T—t)J —= Re()

1 e )
C; ==0"In P(m;) — = |s;(t)|“dt
> 2 J,

o
j/
Cum

{s;(t )}Z , and o° must be known (unless ML)

17
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STATISTICAL DETECTION THEORY
Special case: Decision regions for the AWGN channel

| d |
~
S, ,S2 Asz | sy
® | ® J | ]
! | ! |
S e
S5 | S6 S7 | S8
] | ] ] | ]
| |
| | =
S9 1 810 S11 1 S12
[ ] I o ] I o
| |
S E R R EE
S13 | S14 S15 | S16
] | ] ] | ]

Decision regions are polytopes

2D example: 16QAM (quadrature amplitude modulation)

18



RICCARDO RAHELI — INTRODUCTION TO PER-SURVIVOR PROCESSING — (¢) 2004 BY CNIT, ITAaLYy

STATISTICAL DETECTION THEORY
PROBLEM 1

Let the observation vector be the concatenation of two subvectors

vl = (¢] r])

and assume the following condition is satisfied
p(ro|ry, m;) = p(ralry)  Vmy

Show that vector ry is irrelevant, given ry, in the decision problem and
can be discarded (Theorem of irrelevance)

Hint: formulate the MAP detection strategy in terms of the
conditional joint pdf of these vectors and use chain factorization

19



RICCARDO RAHELI — INTRODUCTION TO PER-SURVIVOR PROCESSING — (¢) 2004 BY CNIT, ITAaLYy

STATISTICAL DETECTION THEORY
PROBLEM 2

Consider an M-ary signaling scheme with signal set {s;(?) %1

Assuming signal s;(t) is sent, the received signal at the output of an
AWGN phase noncoherent channel is

r(t) = si(t) e + w(t)
where 6 is uniformly distributed over 27

A. Determine a discretization process of the received signal which provides a
sufficient statistic for MAP detection

Hint: Extend the results for the simple AWGN channel
B. Derive the non coherent MAP strategy

C. Give examples of signal sets suitable for non coherent detection

20



RICCARDO RAHELI — INTRODUCTION TO PER-SURVIVOR PROCESSING — (¢) 2004 BY CNIT, ITAaLYy

REVIEW OF DETECTION TECHNIQUES
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SYSTEMS WITH MEMORY
Where does this memory come from?

Any practical system transmits by periodical repetitions of M-ary signaling
acts (logo M bits/signaling period or bits/channel use)

In memoryless systems different signaling acts do not influence each other

In systems with memory the detection process may benefit from the
observation of the received signal over “present,” “past,” and possibly
“future” signaling periods

Memory arises if (e.g.):

— Channel coding is employed for error control

— The transmission channel is dispersive (Inter-Symbol Interference (ISI))

— The transmission channel includes stochastic parameters, such as a phase
rotation or a complex fading weight

— The channel additive Gaussian noise is colored, i.e., its power spectral
density is not constant

22
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SYSTEMS WITH MEMORY
General system model

o n(t)
I A
2 | encoding s(t, a): | Elter z(t, a) | T(t)> demod a
modulation | CLLg U | decoding
I
______chamnel :
Information sequence: a = aé(_l = (ap_1,...,0a1, aO)T
Transmitted signal: (¢, a)
Received signal: r(t) = x(t,a) + n(t)
. ko _ T
Notation: ka = (Thy -+ > Thy+1> Thy)

DETECTION STRATEGY? (What is a message?)

23
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SEQUENCE AND SYMBOL DETECTION
What is a message?

MAP sequence detection

arguax Pla|r(t)] = Argmax P (alr)

a
MAP symbol detection
aj. = argr%%XP lap|r(t)] = argr%%XP (ag|r)
r(t) is observed over the entire information bearing interval Ty O (0, KT)
Performance is similar and tends to be equal for high SNR
Complexity is different: sequence detection is less complex

Symbol APPs are the route to iterative detection

Discretization is the key to the computation of the APPs. One or more
discrete observables per information symbol may be used
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CAUSAL SYSTEMS
The viewpoint of detection

A system is causal if: -
k
p(rgla) = p(rglag)

This property involves the cascade of encoder, modulator, channel, and signal
discretizer

It is formulated in terms of statistical dependence of the discrete observable
sequence on the information sequence

Any physical system is causal

25
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MAP SEQUENCE DETECTION

Computation of the APPs
Let a = ag(_l and r = rg(_l

For a causal system, the APPs are:

K-1
P(alr) ~ p(r|a)P(a) = ] p(rglrf =" a)P(ay)
k=0

K—-1

— p(fr’k\rlg_l,a]g)P(ak) (causality)
k=0
K—-1

~ 3 [mplrgle T af) + n Play)]
k=0 g

branch metrics

The sequence metric can be recursively computed in terms of branch
metrics

Implementation requires a tree search (sequence < path)

26
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PATH-SEARCH ALGORITHMS
On a tree diagram

An example of binary tree:

ar. = +1
Al — —1
Branch metric: '
Inp(ri|ret, ap, al ) + In P(ay) <.
time — ﬁ\/:z

Branch metrics depend on the entire previous path history:
= unlimited memory (complexity is exponential with K)
Tree reduced-search (approximate) algorithms:
— M-algorithm, T-algorithm (breadth-first)
— Fano-algorithm (single-stack algorithm) (depth-first)
— Jelinek-algorithm (stack algorithm) (metric-first)

27
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FINITE-MEMORY CAUSAL SYSTEMS
The viewpoint of detection

A system is causal and finite memory if:

k—1 _k k—1 _k
p(%‘ro ,ao)zp(rk\ro 7a].g_C7:uk—C)

C is a suitable integer (finite memory parameter)

ti._c is a suitable state, at epoch k — C, of the encoder/modulator

In the computation of the APPs (or metrics), the system can be modeled as a
Finite State Machine (FSM)

Minimal folding condition: the tree folds into a trellis diagram

Path search can be implemented efficiently

28
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CAUSALITY AND FINITE MEMORY
A pictorial view

Ap—5|Ak—4|Ar—3Ak—2|Ak—1| A |Ak+1|Ak+2

Tk—5|Tk—a|Tk—3|Tk—2|Tk—=1| Tk |Tk+t1|Tk+2

C=3 =======s Not allowed because of finite memory

------- = Not allowed because of causality

k—1 _k k—1 _k
p(?"k‘ro 7a0) :p(rk\ro 7ak;—3)
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PATH-SEARCH ALGORITHMS
On a trellis diagram

An example of binary trellis:

Branch metric:

lnp(rk‘rg_la A, Eli:(lb Mk—CJ) T In P(a’k)

~”~

Ok

Augmented trellis state:

k—1
Ok = (ak_67 Mk—C)

Finite-memory branch metrics:

Welag, o) = Inp(rylet 1, ag, o) + In P(ay,)

30
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VITERBI ALGORITHM
Basic recursions

» Path metric:
k

k
Cplon) = > ilas o) = (np(rile) ', ai,0) + In Play)

1=0 1=0

» Path metric update step (Add-Compare-Select):

[pi1(0p41) = max  [p(ox) + vilag, o))
(0L )01

» Survivor update step: the survivor of the maximizing state is extended
by the label a;. of the winning branch

31
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VITERBI ALGORITHM
Add-Compare-Select: a pictorial view

—  survivors at k

Candidates:

ak:—l

—  survivors at k+1

Fk+1 (0k+1)

= max |['x(ox) + Ye(aw, or)]

(ak,0k):0k41

32
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MAP SYMBOL DETECTION
Computation of the APPs (1)

By (conditional) marginalization:

ak‘ S‘ S‘Paka ap_ C):uk C‘ )

k—
ay_ éﬂk C ak: .

™~ Y Yp |ak C?:uk C)P<ak C):u]{? C)
a]/f; éw{; C

By (conditional) chain factorization'

k—1
< ‘ak Cv:u]{? C) _p( sy Ty T k—l—l ‘ak C?:uk C)
K—-1) k-1 k k—1 _k
= p(ry Iy e tg—c) p(relry ™ s ap_cs ik—c)
k k—1_.k
o 'p(ro ’ak—Cnuk—C>

Three factors: future given the past and present, present given the past,
and past, respectively

33
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MAP SYMBOL DETECTION
Computation of the APPs (2)

By causality and finite memory, the first and third factors are:
k k
p( k;+1 ’r()?a‘]{ Cr Mk— C) p( k+1 ‘r()va]g C+1s Mk— C—|—1>

k—1.k —1
p(riaf_copn_c) = p(rg YAy _p. tp—c)

By independence of the information symbols:

k k1
Pla;_p, prp—c) = Plap)P(a; o, pr—c)

34
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MAP SYMBOL DETECTION
Computation of the APPs (3)

The APPs can be rearranged as:

Plagle) ~ Y > plegayZes me—c)Pag e, mi—c)
ay ' C @k<a]/z_;Lk c)
p(rley ™" af e, pe—c) Plag)
Vi (al ;uk—c)

K-1 .k _k
P( I'yq ‘r()vak C+1) Hk— C+1)

ﬁk—i—l (al]z_c_r_l nu/{?—c—i—l)

N

Y Vv
]]f; Ok (ak70k>
2O
Ok

k(g o) Berilogi1(ag, or)]

Okt1(0k,0%)

k k
Y ak C):uk C)Wg(ak Cr Hk— C)ﬁk+1(§k—c—|—1aﬂk—c—l—£)

35
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MAP SYMBOL DETECTION
The key quantities

Augmented trellis state:
o = (a5, 1)
Branch metrics (in the metric or logarithmic domain):
Yelar, or) = nJplag, o) = np(rlrg " af_c, pp—c) + In Plag,)
Exponential of branch metrics (in the probability domain):
Ti(ag, o) = €W = plryleg ™ al e, ) Play)

These are exactly the quantities introduced in MAP sequence detection

What about ay.(o) and 811 1(0441)?

36
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MAP SYMBOL DETECTION
Forward recursion

By averaging, chain factorization, and causality:

- ki k k

apg1(op1) = plrglag_c1 t—c+1) Py _cy s He—c+1)

ki k k
— Z p<r0‘a]{;_67:uk—C)P(ak:—Cnuk—C)
(ak—c Hk—c) 0kt
k—1 _k
Z (Tk‘r ak_caﬂk—C)P(akZ
(ah—cth—C)Ohn Slap,or)
k—1,.k k—1
?(I‘ ‘ak_(b Mk—CZP(ak_Ca /M{?—C)

—1
p( |ak Cnu C)

N J

ar(oy)

= Y Ylag, op) agloy)

(af:0k):0k11

37
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MAP SYMBOL DETECTION
Backward recursion

By averaging, independence of the information symbols, chain factorization,

and finite memory:

K-1 k—1
ﬁk:(@{:) —p( ‘r ak cr Mk _c)

K—1 k-1
= ZP rh Al o, c)! Plag|rg ™" ag ~ b, b c)

P(ay)
k—1 _k
- Zp L) ‘r0>a/~c Co HEk— CZ (Tk‘r ak—Cnuk?—C)P(akz
p( k+1 ’r()?a]{; C+1:Mk— C+1>J fj/k(ak’ala

Vs

Brs1lok11(ag,0r)]

= Bir1logsilag, o)) Vilay, o)
ay,

38
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FORWARD-BACKWARD (BCJR) ALGORITHM
Basic recursions

» APPs:
Plaglr) ~ Y aglog) Wilar, or) Bppalonr1(ag, op)]
o
» Forward recursion:
ap1(op) = Y Aklag, ox) aglop)

(as0k): 011
» Backward recursion:
Belor) = Beplogsi(ag, op)] elag, o)
aj

» With suitable initialization

39
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MAP SYMBOL DETECTION
Comparison with MAP sequence detection

Processing the “exponential metrics” 71.(aj., o) in the FSM trellis diagram is
sufficient (again!)

Sum-product algorithm (complexity is much larger than Viterbi)

The entire observation ré(_l must be processed before the APPs can be

computed

Block processing (or approximations): latency delay

40
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MEMORYLESS SYSTEMS
Sequence and symbol detection coincide

For memoryless systems, C = 0 and the state variable p;. vanishes:

k-1 _k k—1

p(rlry ao) (7%\1‘ , af;)

Sequence detection:
P(alr) ~ p(r|a)P H plrelet ) Play)|

Symbol detection:

Plaglr) ~ > Y prla)Pla)=Y Y H p(rilry . a;)
k—

h—1 K—1 1 K—1 §=0
a) A4 a ak:+1

12_

1 £k

a

= plrplef e Pla) Y H p(rilri ™" a;) Pla;)
k+

k—1
0

P(a;)

A\ . J/

independent of aj.
= a = afgf%axp(?“k\ro_la ag)Play)
k

41
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FORWARD-BACKWARD (BCJR) ALGORITHM
Max-log-MAP approximation: APPs

We could equivalently formulate the algorithm in the logarithmic (or metric)
domain:

In Plaglr) ~ Iy aglog) Viak, of) Brr1lop1(ag, o)

O
=y ek (T )1k, 0 1)+ Bp 1[0 k41 (ag,08)

O
~ max {ag(or) +vilag, o) + Brs1logs1(ag, op)]}

where oy (o) = Inag(oy) and Bpi1(011) = In By (041)
For large |t —y| = In(e’ +¢€Y) ~ max(z,y) and by extension:

In(e™ +e"2 + .- + ") ~ max(xq, 29, ..., Ty

42
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FORWARD-BACKWARD (BCJR) ALGORITHM
Max-log-MAP approximation: F'B recursions

V(o) = Mg (op) =l Y Ylay, op) agloy)
(ag,0%):0% 41

~  max  |ylag, op) + ap(og)]
(@0 k) 041

Bilog) = I Bylog) =In Y Byilopi(ag, op)] Velag, o)
ay,

max {Brr1lons1(ag, o)) + vilag, o)}

2

43
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FORWARD-BACKWARD (BCJR) ALGORITHM
Max-log-MAP approximation: key features

Forward and backward recursions can be implemented by two Viterbi
algorithms running in direct and inverse time

ap.(0}) and Or(oy.) can be interpreted as forward and backward survivor
metrics

The max-log-MAP algorithm is computationally efficient, at the cost of a
slight degradation in performance

Various degrees of approximations have been studied (intermediate between
the “full-complexity” forward-backward algorithm and the max-log-MAP

approximation)
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FORWARD-BACKWARD (BCJR) ALGORITHM
Max-log-MAP approximation: a pictorial view

ko k+1

Forward survivor metrics ay (o) = In ag(oy)

——— Backward survivor metrics Gy11(0gy1) = B 1(Ok+1)
—_— nge;x {Oék(O'k) + ’Yk(aky Uk) + Or+1 Uk+1(aka Uk) }ak:+1
max {ar(or) + velar, o) + Ber1|ory1(ar, on) }ak__l
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SUMMARY OF MAP DETECTION

» For causal finite-memory systems:

k—1 _k k—1
p(ﬁc‘ro 7a0):p(rk‘r0 , G, OF)

» In the computation of the APPs, the system can be modeled as a Finite

State Machine (FSM) with state o;.. The underlying FSM model is
identical for sequence and symbol detection

» Branch metrics (our focus in the following):
k—1
Vilak, o) = p(rgleg ™, ag, op) +In Play)

» MAP sequence detection can be implemented efficiently by the Viterbi
algorithm

» MAP symbol detection can be implemented by a sum-product
forward-backward algorithm (complex)

» The max-log-MAP approximation of the forward-backward algorithm can
be implemented efficiently by means of two Viterbi algorithms running in
direct and inverse time

46



RICCARDO RAHELI — INTRODUCTION TO PER-SURVIVOR PROCESSING — (¢) 2004 BY CNIT, ITAaLYy

MAP SEQUENCE AND SYMBOL DETECTION
PROBLEM 3

Assuming a system is causal and finite memory:

A. Work out the derivation of the Viterbi algorithm for MAP sequence
detection

B. Work out the derivation of the forward-backward algorithm for MAP
symbol detection

Rederive the main recursions in each case
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MAX-LOG-MAP ALGORITHM

PROBLEM 4
Let
maxx (1, T9,...,Ty) = In(e’! +e"2 4 ... + ™)
A. Show that
maxek (max (1, r9), x3) = maxk (1, T2, r3)
B. Show that

max (77, 7o) = max(x1, o) + In(1 + 6—|$1—x2!)

C. Show that the exact forward-backward algorithm can be formulated
replacing the max(-, -) operator with maxx (-, -) in the max-log-MAP
approximation

D. Comment on the computational complexity of the exact formulation of
the forward-backward algorithm in item C.
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MAP DETECTION FOR SYSTEMS WITH MEMORY
Examples of application

Linear modulation on static dispersive channel

Linear modulation on flat fading channel
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LINEAR MODULATION ON STATIC DISPERSIVE CHANNEL

pulse
shaping

System overview

_____________________

S
VN

Y
N—’

inform
source

x(t)

T'k

11}

channel éi(ﬁ) FE
filter : filter
___physical channel
cp | discrete g
channel —={)—
equiv
Wy /
FSM ¢ T'k detect
10
o) D decoding

sampler
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LINEAR MODULATION ON STATIC DISPERSIVE CHANNEL
System model

Model of discrete observable:
L
re = fith_ +wy
[=0

{ fl}gL:03 white-noise discrete equivalent of the ISI channel
{ci.}: code sequence
{wy.}: i.i.d. Gaussian noise sequence with variance o,

Coding rule:
{ ¢ = olay, i)
1 = tag, p)
{t1.: encoder state

System state:
Ok = (ak—la Afe—2y -+« Afe—T,, :uk—L) (C — L)
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LINEAR MODULATION ON STATIC DISPERSIVE CHANNEL
Computation of the branch metrics

Conditional statistics of the observation:

p(Tk\rg_l,alg) = p(rk\alg) (conditionally independent observations)
1 i r. — xrlay, o 2]
= p(rplag, o) = —exp |— i k(Q k Th)
o, 02,
. i _
vplag, o) =Y ficg—
[=0

Branch metrics:
Vklag, of) = np(rilag, og) +In Play)
x —|r, — zg(ag, o))" + oy In Play,)
x Re [ryeflag, 1)) — 5loxlag,op) + 5075 In Plag)

oX : proportionality plus a constant term
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LINEAR MODULATION ON STATIC DISPERSIVE CHANNEL
PROBLEM 5

Consider uncoded transmission of binary symbols a;. € {1} through a

static dispersive channel with white-noise discrete equivalent

(fo, 1, f2) = %(172, 1)

. Define a suitable system state and draw the relevant trellis diagram

. Express explicitly the branch metrics as a function of the received signal
sample 7. for any possible transition

Assume the received sequence is

(ro,T1,792,73, 74,75, 76, 77) = (1.7,1.2,1.1,0.3, —0.2, —1.1,0.7,0.4)
and the initial state is o = (+1,+1)
. Use the Viterbi algorithm to detect the MAP sequence {&]({VA)}Z:O

. Use the max-log-MAP algorithm to approximately detect the sequence of
MAP symbols {a" ?}7_,
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LINEAR MODULATION ON FLAT FADING CHANNEL
System overview

shaping filter sampler

pulse .

Ak coding Ck 6% é Tk
Mk

Discretization provides a sufficient statistic if f(¢) is constant (i.e., a random

variable). It is a good approximation if f(¢) varies very slowly (small Doppler
bandwidth)

In general, one sample per signaling interval is not sufficient. Oversampling,
e.g., two (or more) samples per symbol, provides a sufficient statistic
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LINEAR MODULATION ON FLAT FADING CHANNEL
System model

Model of discrete observable:
ry = Jrcr + wg

{fi.}: circular complex Gaussian random sequence

{c.}: code sequence

{wy.}: i.i.d. Gaussian noise sequence with variance o2,

Coding rule:
{ ¢y = olag, i)
Hik+1 = t<a/{77:u/€)
(1. encoder state

Conditional statistics of the observation are Gaussian
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LINEAR MODULATION ON FLAT FADING CHANNEL
Does a FSM model hold? (1)

Conditional statistics of the observation:

= (ak)|2

k=1 _k 1 7, — Tr(ag))
Pl 20) = 23 B P |~ okl
EAT0 : A0

Conditional mean )
_ k—1 _k
rr(@ay) = E{rilry ,ag}

Conditional variance

92, k _ okvi21.k—1 Lk
oplay) = E{|ry — rp(ag)|" vy, ag}

They depend on the fading autocovariance sequence
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LINEAR MODULATION ON FLAT FADING CHANNEL
Does a FSM model hold? (2)

For Gaussian random variables, the conditional mean (i.e., the mean square
estimate) is linear in the observation

k k

_ .k k—1 _k k

rp(ag) = E{rglry” ap} = Z piag) re—; = ¢, Z Pg
i=1 i=1

The sequence-dependent linear prediction coefficients of the observation at
time k£ can be approximated as /
pi(ak) ~ ¢~ for high SNR

c

k—i

T'k—i

Ck—1

where {pg}le are the linear prediction coefficients of the fading process
k
k—1 /
E{flf ™ = ) vifi-i
1=1

The conditional mean depends on all the previous code symbols:

= unlimited memory
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LINEAR MODULATION ON FLAT FADING CHANNEL
Special case: slow fading

Constant fading (random variable): f1. = f
g = f et wy

Conditional mean:
k
1 »
r(ah) = E{ryeg " al} = e D Z’; ©for high SNR
1=1 —t

depends on all the previous code symbols = unlimited memory
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LINEAR MODULATION ON STATIC DISPERSIVE CHANNEL
PROBLEM 6

Consider the flat fading model

i = JrCrp +wp
with negligible noise power a%u ~ ()

A. Show that the linear prediction coefficients of the observation and fading

processes are related by

/

k p;

pi(ao)f:ck i:1,2,...,]€
Ck—1
B. Show that for slow (constant) fading
)l
p; = E

Hint: Use the fading model in the conditional mean
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REVIEW OF DETECTION TECHNIQUES
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2. DETECTION UNDER PARAMETRIC UNCERTAINTY

OUTLINE
1. Review of detection techniques
2. Detection under parametric uncertainty
3. Per-Survivor Processing (PSP): concept and historical review

4. Classical applications of PSP:
4.1 Complexity reduction
4.2 Linear predictive detection for fading channels

4.3 Adaptive detection

5. Advanced applications of PSP
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DETECTION FOR SYSTEMS WITH UNLIMITED MEMORY
Preliminaries

Channel models described in terms of stochastic parameters (even
time-invariant) yield systems with unlimited memory

Optimal sequence or symbol detection algorithms can be exactly implemented
only by resorting to some type of exhaustive search accounting for all
possible transmission acts

Implementation complexity increases exponentially with the length of
transmission, i.e., the number of transmitted information symbols K

Optimal detection is implementable only for very limited transmission

lengths (not of practical interest, even for packet transmissions: e.g.,
ME =48 = 216 — §5536)

= Design suitable approximate, hence suboptimal, detection algorithms
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ESTIMATION-DETECTION DECOMPOSITION
A suboptimal solution

ldea of “decomposing” the functions of data detection and parameter
estimation:

1. Derive the detection algorithms under the assumption of knowledge, to a
certain degree of accuracy, of some (channel) parameters

2. Devise an estimation algorithm for extracting information about these
parameters

This approach is viable alternative if a statistical characterization of the
parameter is not available or not usable because of constrained
implementation complexity

A statistical characterization is not available if static (or slow varying)
parameters are modeled as unknown deterministic quantities
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ESTIMATION-DETECTION DECOMPOSITION
System model

a
r(t) .
—= detection |
|
0,
I
L parameter 4_:
estimation

ék: denotes an estimate of a parameter vector ;., at the k-th time-discrete
Instant

The estimation process observes explicitly the received signal r(¢) and
possibly the detected data sequence a
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ESTIMATION-DETECTION DECOMPOSITION
Some remarks

Conceptual advantage of decoupling the detection and estimation problems
Implementation advantage of physically simplifying the receiver

This decomposition has been used for decades, e.g., in synchronization, i.e.,
estimation of timing epoch, carrier phase or carrier frequency (of interest in
virtually any passband communication system)

Logical ad-hoc solution: no claim of optimality can be made, in general.
Optimality, i.e., minimal error probability, can only be attained if the
statistical information about the parameter is known and exploited directly
in the detection process.

Time-varying parameters can be viewed as static in the detection
process. Their time variations must be tracked by the estimation function,
provided they are slow. Rate of variation is critical

65



RICCARDO RAHELI — INTRODUCTION TO PER-SURVIVOR PROCESSING — (¢) 2004 BY CNIT, ITAaLYy

PARAMETER-CONDITIONAL FINITE MEMORY
A conceptual framework for Estimation-Detection decomposition

Assume information lossless discretization with a = ag(_l and r = ré(_l (for

time-varying parameters, more samples per symbol may be necessary)

Let us collect some undesired (or nuisance) parameters into a vector 8., in
general time-varying

The observation conditional statistics obey:
p(rlrg " af, 85) = p(rglri ! ag, oy, 0y)
where the system state is
o = (a5 1)
C is the residual channel memory (i.e., assuming knowledge of the parameter)

The system can be modeled as a Finite State Machine (FSM) conditionally
upon the parameter
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PARAMETER-CONDITIONAL FINITE MEMORY
An example: Linear modulation on flat fading channel

Model of discrete observable:

g = Jr cr T wy
{fr}: circular complex Gaussian random sequence
{ci.}: code sequence

{w;}: i.i.d. Gaussian noise sequence with variance o

w

The system is not finite memory

= Viewing f;. as a nuisance parameter:

] -
k—1 _k 1 7, — [kl
p(’l“]{;‘ro 7a07f]€) — p(rk‘ckafk) — 2 CXP | — 2
7T0'w Uw

The system is conditionally finite memory because the code symbols are the
output of a finite state machine

For an uncoded system (c;. = a;.), the observation is conditionally memoryless
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PARAMETER-CONDITIONAL FINITE MEMORY
Some remarks

» By a clever choice of the nuisance parameters, it is possible to transform
the transmission system into conditionally finite-memory.

» This property holds conditionally on the undesired parameters; hence,
only if they are known. It is the route to a decomposed
estimation-detection design

» One can assume that some undesired parameters are known in devising
the detection algorithms, thus avoiding intractable complexity, and devote
some implementation complexity to the estimation of these undesired
parameters.

» The parameter-conditional finite memory property suggests to view the
presence of stochastic or unknown deterministic parameters as
parametric uncertainty affecting the detection problem.
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PARAMETER ESTIMATION
The “dual” problem

The parameter estimation problem can be viewed as the “dual” of the
detection problem.

The “undesired” parameters become parameters of interest, whereas the
“parameters’ of interest in the detection process, namely the data symbols,
are now just nuisance (or undesired) parameters.

Like the knowledge of the undesired parameters simplifies the detection
problem, the possible knowledge of the data sequence may facilitate the
estimation of the nuisance parameters.

An exact knowledge of the data symbols may reduce the “degree of
randomness’ of the received signal and facilitate the estimation of the
parameters of interest

69



RICCARDO RAHELI — INTRODUCTION TO PER-SURVIVOR PROCESSING — (¢) 2004 BY CNIT, ITAaLYy

PARAMETER ESTIMATION
Data-aided parameter estimation

In coded systems the transmitted signal is modulated by the code sequence:
knowledge of this sequence may be helpful in parameter estimation

We assume the code sequence is a data sequence aiding the parameter
estimation process.

The data sequence is known during the (initial) training mode: preamble,
midamble, postamble

During the transmission of the training sequence there is no transfer of
information: training must be limited

In long term tracking of the channel parameters, detected data can be used:
decision-directed estimation

Non-data-aided estimation is more complex: requires averaging over the

data
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PARAMETER ESTIMATION
A pictorial example

PRE- MID- POST -AMBLE

DATA  \//////(  DATA

AN\

A(t)

i training ! \ t

—_ _— =
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DATA-AIDED PARAMETER ESTIMATION
A general formulation

Formal definition of a causal data-aided estimator of parameter 0.
2 k k—d
01 = gi—1 (Fo, < )
k

g(-) denotes the functional dependence on the observation T, and the aiding

data sequence cg_d

Causality upon the observation: at time k, only rlg Is observable

Causality upon the data-aiding sequence:
At time k, the most recent available data symbol is c;._ 4, where d is the
decision delay

In decision-directed mode causality requires d > 1
[ denotes the estimation delay (ék ~ 6._)

| — d is the estimation lag (I < d: prediction)
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CAUSAL DATA-AIDED PARAMETER ESTIMATION

parameter ...

observable . ..

estimate

A pictorial view

T [ Op—1| O O+2

Tk—5 |Tk—4 |Tk—3 |Tk—2 |Tk—1| Tk |Tk+1 [Tk42

Ck—6 |Ck—5 Ck—3 |Ck—2 Ck | Ck+1

----=Not allowed because of causality
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FEEDFORWARD PARAMETER ESTIMATION
Open-loop processing

The aiding data sequence is assumed ideally known (training)
Feedforward data-aided parameter estimator:
0.=p (r]]:_w cg_d)

Explicit function of the v + 1 most recent signal observations (and the aiding
data sequence)

Feedforward processing of the discrete observable (if linear: FIR filter)

The “loop“ is “open” because the previous parameter estimates (not the
data!) are not used in the current estimation
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FEEDBACK PARAMETER ESTIMATION
Closed-loop processing

The aiding data sequence is assumed ideally known (training)
Feedback data-aided parameter estimator:

; a1l ko k—d

Hk —q (0]{—57 rk—]/7 CO )
Explicit function of & previous estimates and v + 1 most recent signal

observations (and the aiding data sequence)

Feedback processing of the previous parameter estimates and feedforward
processing of the discrete observable (if linear: IIR filter)

The “loop" is “closed " because the previous parameter estimates (not the
data!) are used in the current estimation

£ =1,2: first, second order loops (most typical)
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JOINT DETECTION AND ESTIMATION
Combination of detection and estimation functions

Define the branch metrics on the basis of the parameter-conditional finite
memory p.d.f., with the true parameter vector 8;. replaced by its estimate 8}.:

Ylag, or) = np(rleg ", ay, o, 0y) + In Play)
Proper definition of trellis state ;. is necessary
The parameter estimate is obtained using a data-aided estimator:
0 = i (I'g Clg_d)

= Which code sequence ¢ can be used for parameter estimation?
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JOINT DETECTION AND ESTIMATION
Final versus preliminary decisions

During training the data sequence is readily available

Tracking can be based on previous data decisions: decision-directed mode
The detection scheme outputs data decisions with a delay D

E.g., detection delay of the Viterbi algorithm (survivor merge)

E.g., processing delay of the forward-backward algorithm (possible latency
due to the packet duration)

The detection delay of the sequence aiding in parameter estimation should be
small because it directly carries over to a delay in the parameter estimate:

Preliminary or tentative decisions with delay d < D
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JOINT DETECTION AND ESTIMATION

System model

ap—
| discret »| detection
A ék:—d
P
| parameter=— tracking
estimation|  ©°
? training
Feedback path Ck—d

D : "final” decision delay
d : “preliminary” or “tentative” decision delay

{¢1_ 4} : sequence of tentative decisions

78



RICCARDO RAHELI — INTRODUCTION TO PER-SURVIVOR PROCESSING — (¢) 2004 BY CNIT, ITAaLYy

JOINT DETECTION AND ESTIMATION
Summary

» Branch metrics:
_]_ X
Vi(ag, o) = 1ﬂp(7“/~c\r]§ ,ag, 0k, 0r) +1n P(ay)

» Data-aided parameter estimator:

X gl _] (rlg, cg_d) training

Ok = “k—d
i _] (I']O“,éo_ ) tracking

» In the tracking mode, preliminary decisions are used
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DETECTION UNDER PARAMETRIC UNCERTAINTY
Examples of application

Linear modulation on phase-uncertain channel

Linear modulation on dispersive fading channel
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LINEAR MODULATION ON PHASE-UNCERTAIN CHANNEL
Synchronization-Detection decomposition

Model of discrete observable (usual notation):
L = el 0k Cr + Wy

0;. : channel-induced phase rotation

{ci.} . code sequence with FSM model of state ;.

2

{wp.} @ i.i.d. Gaussian noise sequence with variance o,

Unlimited memory (observation not even conditionally Gaussian)

Considering 0. as undesired, the parameter-conditional finite-memory
property is verified:

k-1 k
p(rlrg ™, ag, 0k) = p(rylak, w, Or)

1 7 — el ey (ag, pp) P
= 5 xXp |- >
7T0'w Uw

cr.(ag, ) : code symbol branch label
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LINEAR MODULATION ON PHASE-UNCERTAIN CHANNEL
Feedback phase synchronization

A data-aided phase estimate ék can be obtained through a first order
Phase-Locked Loop (PLL), where 7 controls the loop bandwidth:

Ok+1 =01 +nIm {fkﬂ—d CZH—d}
T =T} e % : phase-synchronized observation
The estimated phase is inherently delayed by d instants

In the training mode, d can be chosen arbitrarily, except for the causality
condition upon the observation which imposes d > 0. d = 0 is convenient to
minimize the estimation delay

In the decision-directed tracking mode:

. . ) .
Op+1 =0k +nlm {Tkﬂ—d Ck+1—d}

The tentative decision delay must comply with the causality condition upon

the detected data, which implies d > 1. .
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LINEAR MODULATION ON PHASE-UNCERTAIN CHANNEL
Joint detection and synchronization

The estimated phase can be used in place of the true unknown phase in the
computation of the branch metrics:

Vilag, i) = Inp(rylag, wr, 0;) + In P(ay,)

o< —|rp — €% cplag, pp)|” + o, In Play,)

_ > 9
= —|Tk — cplag, p)|” + oy In Plag)

The detection and synchronization functions can be based on the
phase-synchronized observation

A

Fr. =T} e~ 70
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LINEAR MODULATION ON PHASE-UNCERTAIN CHANNEL
PROBLEM 7
Consider the model of discrete observable
rp. = el? Cr. + wy,

where 0 is the overall phase rotation induced by the channel. Let 0 be a

AN

phase estimate and define the phase-synchronized observation 7. = 7}, e~ JY

A. Derive an explicit expression of the mean square error (MSE)
E{|7;, — c|?} as a function of 4

B. Obtain an estimate of # minimizing the MSE

C. Formulate a data-aided iterative stochastic gradient algorithm for
minimizing the MSE

D. Comment on the functional relationship of the obtained synchronization
scheme with a first-order PLL

Hint: Define a stochastic gradient by differentiating the MSE with
respect to 6 and discarding the expectation
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LINEAR MODULATION ON DISPERSIVE FADING CHANNEL
System model

Model of discrete observable (slow fading):

L
T
rp= Y figChi +wp = £ cp +wy,
[=0
f. = (for fre - ,ijk)T . overall time-varying discrete equivalent impulse

response at the k-th instant, circular complex Gaussian random vector
cr = (cr,ct_1,...,c_1) i code sequence with FSM model of state s,

Unlimited memory (observation is conditionally Gaussian)
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LINEAR MODULATION ON DISPERSIVE FADING CHANNEL
Estimation-Detection decomposition

Considering f;. as undesired, the system is parameter-conditionally
finite-memory:

Yilag, o) = Wmp(rprb=L af ) + In P(ay,)

= Inp(rglag, o, fi) + In P(ay)

1 r. — e (ay., 07.)|?
= In¢——5exp —‘ ik ];( k k)| +In P(ay.)
o, o)

o —[r — £, cplag, op)|” + oy, In Play)
o = (ap_1,a5_9,...,05_1;i_]) : System state

T
crplag, o) = [ex(ag, pr), cp—1(ap—1, gp—1)s - - -, cg—p(ag—L, pg—1))
code symbol vector uniquely associated with the considered trellis branch

(aj., 01.), in accordance with the coding rule
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LINEAR MODULATION ON DISPERSIVE FADING CHANNEL
Feedback parameter estimation

Least Mean Squares (LMS) adaptive identification:

o p rah *
tp 1 =1 +0 (Tk:ﬂ—d — fk Ck:+1—d) Crt+1—d

(3 compromises between adaptation speed and algorithm stability

During the decision-directed tracking mode:
A P A A sk
fri1 = &+ 5 (rp1—-a — £ Chr1-d) Cpa1g
2 2 2 2 T
Cri1-d = (Ch1-dsCheds -+ Chrl—d—L)

d > 1 to comply with the causality condition upon the data

Branch metrics:

T > 9
Yi(ag, o) o< —|rp — £ cplag, op)|” + oy In Pag,)
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LINEAR MODULATION ON DISPERSIVE FADING CHANNEL
PROBLEM 8

Consider the model of discrete observable
e = fTCk + Wi

where f is the overall discrete equivalent channel impulse response. Let f
be an estimate of the channel response. Assume the code symbols are
zero-mean and uncorrelated

. Derive an explicit expression of the mean square error (MSE)
E{|r;. — fl'c;|?} as a function of f

. Formulate a data-aided iterative stochastic gradient algorithm for
minimizing the MSE

. Comment on the functional relationship of the obtained identification
scheme and the LMS algorithm

Hint: Define a stochastic gradient by differentiating the MSE with
respect to f and discarding the expectation
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JOINT DETECTION AND ESTIMATION
Error propagation

A decision-feedback mechanism characterizes the decision-directed tracking
phase: decisions are used for parameter estimation and, hence, for detecting
the successive data

Error propagation may take place, namely wrong data decisions may
negatively affect the parameter estimate and cause further decision errors

This effect is usually non catastrophic but it affects the overall performance
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JOINT DETECTION AND ESTIMATION
Optimization of the tentative decision delay

Preliminary decisions with delay d < D can be considerably worse than the
final decisions. E.g., in the Viterbi algorithm, decisions with reduced delay
d < D are affected by the probability of unmerged survivors

= Large values of tentative decision delay d may be best

The delay d of the aiding data sequence yields a delay in the parameter
estimate which may affect the detection quality when the true parameter is
time-varying

= Small values of d may be best, possibly the minimal value d = 1.

Good values of tentative decision delay d must be the result of a trade-off
between two conflicting requirements

= In practice, one would have to experiment several values of d and select a
good compromise value (minimize error propagation)
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DETECTION UNDER PARAMETRIC UNCERTAINTY
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3. PER-SURVIVOR PROCESSING: CONCEPT
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PER-SURVIVOR PROCESSING (PSP)
A step toward a unification of estimation and detection

The Estimation-Detection decomposition is a general suboptimal design
approach to force a finite-memory property and achieve feasible detection
complexity

Optimal processing is not compatible with the decomposition approach and
would require a unified detection function (often of infeasible complexity)

Per-Survivor Processing is an alternative general design approach which still
exploits the forced finite-memory property but reduces the degree of
separation between the detection and estimation functions

In this technique, the code sequences associated with each survivor are used
as the aiding data sequence for a set of per-survivor estimators of the
unknown parameters
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PER-SURVIVOR PROCESSING
A formal description

Let 0. be the trellis state descriptive of the overall parameter-conditional
finite state machine which models the transmission system

Let élg_l(ak) denote the code sequence associated with the survivor of
state o},

Per-survivor estimates of the parameter vector @;. based on a data-aided
estimator can be expressed as

01.(01) = Sp_i [F]S ég_d(%)}

These per-survivor estimates can be used in the computation of the branch
metrics:

b1 ;
Yi(ag, o) = Inp(ryry™ ", ag, og, Or(or)) + In P(ag)
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PER-SURVIVOR PROCESSING
Some remarks

» T he structure of the branch metrics is inherently different, with respect to
the previous cases, in the fact that it also depends on the state o7},
through the parameter estimate

» [here is now a data-aided parameter estimator per trellis state. This
estimator uses the data sequence associated with the survivor of this
state as aiding sequence. The resulting parameter estimates, one per
state, are inherently associated with the survivor sequences—hence,
the terminology “per-survivor processing”

» Compared to a conventional decomposed estimation-detection scheme
based on tentative decisions, the complexity of per-survivor processing is
larger
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PER-SURVIVOR PROCESSING
System model

detection
decoding

|
|
. |
o discret .
|
: . Iy
: ek(o-k)\._ ) /__ ;)\CJk_d(O'k)
I
|
|
|
|
|
|
|

7

/ pa]qame.ter
estimation

PSP-based detection

A “tentative” block diagram: a set of parameter estimators observe the
received sequence 7. and are aided by the survivor sequences élg_d(ak). A

corresponding set of per-survivor parameter estimates 0.(o;.) are passed to
the detection block
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PER-SURVIVOR PROCESSING
A pictorial description: branch metrics computation

k- k41

BM based on survivor

The metrics of branches reaching the same state are computed using different
values of the parameter.
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PER-SURVIVOR PROCESSING
A pictorial description: evolution of the parameter estimates

A

0.1 O, 011

“universal” estimation PSP-based estimation

In the “universal” scheme, only one parameter estimate is used for
computation of all the branch metrics at the k-th step

In the PSP-based scheme the parameter estimates evolve along the survivors
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PER-SURVIVOR PROCESSING
An Intuitive rationale

Whenever the incomplete knowledge of some quantities prevents us from
calculating a particular branch metric in a precise and predictable form, we use
estimates of those quantities based on the data sequence associated with the
survivor leading to that branch. If any particular survivor is correct (an event
of high probability under normal operating conditions), the corresponding
estimates are evaluated using the correct data sequence. Since at each stage
of decoding we do not know which survivor is correct (or the best), we extend
each survivor based on estimates obtained using its associated data sequence.

Roughly speaking, the best survivor is extended using the best data sequence
available (which is the sequence associated to it), regardless of our temporary
ignorance as to which survivor is the best.
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PER-SURVIVOR PROCESSING
Is a delay d necessary?

The best survivor is extended according to its associated data sequence,
despite the fact that we do not know which survivor is the best at the current
time (we will know the best survivor after D further steps)

There are no reasons for delaying the aiding data sequence of the best survivor
beyond the minimal delay d = 1 complying with the causality condition

Since all survivors eventually merge, the quality of the data sequences
associated to all survivors improves for increasing values of d

= The minimal value d = 1 offers the best overall performance because it
attains simultaneously good quality of the aiding data sequence and a small
delay in the parameter estimate

= PSP allows one to design receivers particularly robust when the undesired
parameters are time-varying

100



RICCARDO RAHELI — INTRODUCTION TO PER-SURVIVOR PROCESSING — (¢) 2004 BY CNIT, ITAaLYy

PER-SURVIVOR PROCESSING
Error propagation

PSP is a mechanism for virtually using “final” decisions for aiding the
parameter estimation (with no delay!)

Only errors in the final decisions, the so-called error events, are “fed back” to
the parameter estimator of the best survivor

As the aiding data sequence along the best survivor is of best possible quality,
the effects of error propagation are reduced (compared with the traditional
scheme that uses tentative decisions)

Parameter estimators of other survivors use data sequences of worse quality,
but they do not affect future decisions provided these survivors are later
discarded
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LINEAR MODULATION ON PHASE-UNCERTAIN CHANNEL
PSP-based detection and phase synchronization

Branch metrics:

—j6 2 2
ilag, ) o< =l e 7RI — ey ay, ) + o, In Play)
Phase estimate update recursion:
y o _ 0 y
O (ptrer) = i)+ I {rpq_ge 00 &) |

Cry1_g(1) is the code symbol at epoch k + 1 — d in the survivor sequence
of state u;.

The phase estimate update recursions must take place along the branches
which extend the survivor of state ., i.e., after the usual add-compare-select
step at time £

Remember: d = 1 for best performance
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LINEAR MODULATION ON DISPERSIVE FADING CHANNEL
PSP-based detection and channel estimation

Branch metrics:
YVelag, or) o< =|ry, — fp(on) " cplag, op)|” + o In Play,)
Channel estimate update recursions:
fp1(0hs1) = Belom) + 8 [Frr1—a — ?k<0k>Ték+1—d<0k+1>} Crt1-d(Ok11)
Cht1-d(Ok11) = [Chr1-d k1 1) Ch—d(Tk11), - - »5k+1—d—L(0k+1)]T

Channel estimate update recursions must take place over those branches
(03, — 0p.1) which comply with the Viterbi algorithm add-compare-select
step at time £

Remember: d = 1 for best performance
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PER-SURVIVOR PROCESSING
Hybrid version

The survivor merge is normally a few steps backward from current time

Only the most recent code symbols should be searched for in the survivor
history; earlier symbols can be reliably based on preliminary decisions

Formulation:
; k Ak—d <k—1
01(0r) = gk—1 |1, € 7C]€_d_|_1(0-]€)}
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PER-SURVIVOR PROCESSING
A pictorial description: Hybrid version

k- k+1

BM partially based on survivor

For d = 3, the computation of the branch metrics is based on 2 elements of
the survivor sequences and the remaining elements of the tentative decision
sequence (red survivor is best at current time)
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PER-SURVIVOR PROCESSING
Reduced-estimator version

In PSP, the number of parameter estimators equals the number of survivors

In a conventional decomposed design, there is one parameter estimator

What is in between?

The number NV of parameter estimators can be adjusted independently of the
number S of survivors: 1 < N < S (N = 1 = tentative decisions;

N =S = PSP):

— Select the best survivor and the N best survivors:
— Extend each of the N best survivors using its associated parameter

estimate;

— Extend each of the remaining S — N survivors using the parameter estimate
associated with the best survivor:

— Update each of the N parameter estimates along the extensions of the NV

best survivors.
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PER-SURVIVOR PROCESSING
A pictorial description: Reduced-estimator version

(b)

Figure reproduced from:

— R. Raheli, G. Marino, P. Castoldi, “Per-survivor processing and tentative decisions: what is

in between?,” IEEFE Trans. Commun., pp. 127-129, Feb. 1996.
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PER-SURVIVOR PROCESSING
Update-first version

The temporal sequence: ACS step followed by parameter update can be
inverted

Update-first version of PSP:

1. The per-survivor parameter update recursions are run along all possible
candidate survivors

2. The branch metrics are computed using these updated parameter
estimates

3. The ACS step is performed

In this version, there is one parameter estimator per candidate (complexity is
larger)

PSP allows d = 0 in parameter estimation (in a scheme based on tentative

decisions this would violate the causality condition)
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PER-SURVIVOR PROCESSING
A pictorial description: Update-first version

k. k+1

BM based on candidate

The computation of the branch metrics is based on the candidate sequences
(i.e., survivors plus their possible evolutions)

The ACS step follows on the basis of these branch metrics
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PER-SURVIVOR PROCESSING
Application to reduced-search (sequential) algorithms

Per-survivor processing can be directly applied to any tree or trellis
reduced-search algorithm, also referred to as sequential detection algorithms

Reduced-search algorithms may be used to search a small part of a large FSM
trellis diagram or non-FSM tree diagram

The M-algorithm keeps a list of M best paths: at each step, each path is
extended in all possible way, say INV; from the resulting list of M N paths, the
best M are retained for further extension (breadth-first)

Depth-first and metric-first algorithms keep one or more paths and
backtrack whenever the retained paths are judged of insufficient quality,
according to some criterion

An alternative terminology could be Per-Path Processing, or P3
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PER-SURVIVOR PROCESSING
A pictorial description: Application to M-algorithm
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M =2 Branch metrics based on maintaned paths (survivors)
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PER-SURVIVOR PROCESSING
Application to list Viterbi algorithms
The Viterbi algorithm detects the “best” MAP (or ML) path or sequence
Nothing is known about the second, third, etc. best paths

List Viterbi algorithms release the ordered list of V' best paths by maintaining
V' survivors per state

These algorithms may be used in concatenated coding schemes: whenever the
outer code detects an error, the second, third, etc. sequence at the output of
the inner decoder can be tried out

Per-survivor processing can be readily applied to list Viterbi algorithms by
associating a parameter estimator to each survivor
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PER-SURVIVOR PROCESSING: CONCEPT
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3. PER-SURVIVOR PROCESSING: HISTORICAL REVIEW
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HISTORICAL REVIEW
The beginning and afterwards ...

The general concept of per-survivor processing was understood and proposed
in the early nineties as a generalization of per-survivor DFE-like [SI
cancellation techniques of reduced-state sequence detection (RSSD), also
known as (delayed) decision-feedback sequence detection (DFSD)

RSSD and DFSD appeared and established in the late eighties, except for
iIsolated seminal contributions which date back to the seventies

In the early nineties, a number of independent research results appeared in
diverse technical areas which could be interpreted as special cases of the
general PSP concept (not yet known)

During the nineties (and currently) PSP has emerged as a broad approach to
detection in hostile transmission environments

As we will see, sometimes PSP arises naturally from the analytical

development itself, when devising detection algorithms
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REDUCED-STATE SEQUENCE DETECTION
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INDEPENDENT RESULTS INTERPRETABLE AS PSP
When the time has come ...

Sequence detection for a time-varying statistically known channel:
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channels,” IEEFE Trans. Commun., pp. 787-794, June 1990.
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— N. Seshadri, “Joint data and channel estimation using blind trellis search techniques,”
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INDEPENDENT RESULTS INTERPRETABLE AS PSP
When the time has come ... (cntd)

Adaptive sequence detection with tracking of a time-varying deterministic

channel:

— Z. Xie, C. Rushforth, R. Short, T. Moon, “Joint signal detection and parameter estimation
in multiuser communications,” IEEFE Trans. Commun., Aug. 1993.
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IEEE Trans. Commun., pp, 1872-1880, Feb.-Apr. 1994.

Trellis coded quantization (source encoding):

— M. W. Marcellin, T. R. Fischer, “Trellis coded quantization of memoryless Gauss-Markov
sources,” IEEFE Trans. Commun., Jan. 1990.
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— A. J. Macdonald and J. B. Anderson, “PLL synchronization for coded modulation,” in
Proc. ICC 91, June 1991.
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Scotland, U.K., Sept. 1991.
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EARLIER WORK
. and beforehand

Analog FM demodulation with discrete phase approximation based on the
Viterbi algorithm (there are no data !)

In an extended-memory version, a procedure similar to PSP was proposed

— C. Cahn, “Phase tracking and demodulation with delay,” IEEE Trans. Inform. Theory,
Jan. 1974.
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THE ROOTS
Generalized likelihood

Model the parameter as deterministic or random with unknown distribution

Joint ML parameter estimation and sequence detection viewed as a
composite hypotheses test:

a = argmax {mgx p(r|a, 9)}

N

= 0 (a)

= A per-hypothesis parameter estimate is obtained as a side result

— H. L. Van Trees, Detection, Estimation, and Modulation Theory, Part I. New York:

John Wiley & Sons, 1968.
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THE ROOTS
Estimation-Correlation detection

Detection of M-ary random signals in AWGN: s(¢) is conditionally Gaussian,
given m;
r(t) = s(t) + w(t)

’?\ [ dt Re(:) +——=
3

-
MRS 5u(t) = B{s()lr (), mi)

= Per-hypothesis conditional mean square estimate of s(t)
S;

i(t)

For deterministic signals: s(t) € {s;(t )}Z | = 5(t) =

— T. Kailath, “Correlation detection of signals perturbed by a random channel,” IRE Trans.

Inform. Theory, June 1960.
— T. Kailath, “A general likelihood ratio formula for random signals in Gaussian noise,”
IEEE Trans. Inform. Theory, May 1969.
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4. CLASSICAL APPLICATIONS OF PSP

4.1 Complexity reduction

OUTLINE
1. Review of detection techniques
2. Detection under parametric uncertainty
3. Per-Survivor Processing (PSP): concept and historical review

4. Classical applications of PSP:
4.1 Complexity reduction
4.2 Linear predictive detection for fading channels

4.3 Adaptive detection

5. Advanced applications of PSP
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REDUCTION OF TRELLIS STATE-COMPLEXITY
Motivation

Consider a FSM system model based on some finite memory property
(strict-sense or conditional)

Detection schemes are based on branch metrics: vi.(a, o)
System state: 0. = (Ap_1,Qf—9, -, Qf_[; li_]) (C=1L)

Encoder state: u;.

Coding rule: { ¢y = olag, pui)
Pl = tlag, pg)

Number of FSM states: S = S .M~
Example: S, =M =L =4 = S=4x4*=4x2%=1024

= State-complexity may be large!
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REDUCTION OF TRELLIS STATE-COMPLEXITY
An alternative definition of system state

Assume an invertible coding rule

Solving for given (cp._1, fiz.)

{O(Gk—laﬂk—1> ~ Rl o (g )

tag—_1, Hk—1) = Mk

input seq.: ... ap_; Qp_y+1 .- Q-9 Qp_1 Qf
state seq.: ... [p-L HEk—L4+1 --- HMHk—2 Hg—1 HE
codeseq.: ... Cp_; Cp_[41 --- Ck_9 Ck_1 Ck

System state can be equivalently defined as:

0k = (I3 Ch—15 ey« + + s Clo_ )

State transition and corresponding branch metrics can be equivalently defined

as (cp., 01.) and Yi(c, 01.), respectively
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REDUCTION OF TRELLIS STATE-COMPLEXITY
Genie-aided trellis folding

Suppose at each epoch k£ a genie passed a group of correct code symbols
Ck—(Q—1>- - - » Ck— to the branch metric computer (Q < L)

Genie-aided branch metrics could be defined as ~;.(cy., 1) for each state o}
whose first () + 1 entries coincide with those in

O = (ki Ch—1s+ s Ck—Qs Ck—Q—1> - - - » Ck—L)
The group of states

Ok = (yka Ck—15--- 7@6—@7 Ck—Q—1s- - 7Ck—L> \V/C]{?—Q—17 oy Ch— [
fixed

would have identical path metrics and could be folded into a reduced state

Wi = (U Ck—15Ch—2s - - - » Ck—(Q)
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REDUCTION OF TRELLIS STATE-COMPLEXITY
Folding by memory truncation

Path search could be equivalently performed in a folded trellis diagram with
this reduced (also partial, folded or super) state

Wi = (U Ck—15Ch—2s - - - » Ck—(Q)
Genie-aided branch metrics in the reduced-state trellis:
Vi (e, wi) = g (e, 0 (wy))

A pseudo state is defined as

op(wW) = (Bks Ch—15- -+ Ch—Qy Ch—Q—1> - - - » Ch—L)

W

where (¢p_Q_1,--.,Ck—r) is the genie information
Effective genie-aided truncation of the system memory: () < L
Reduced number of states: S/ = SCMQ <S=S.ME\

= The full-state trellis folds into a reduced-state trellis
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REDUCTION OF TRELLIS STATE-COMPLEXITY
A pictorial description of trellis folding

full-state Q\é\/a
trellis \/\
Q)

reduced-state \@\ G % /9
trellis ‘Z_{;/__\/a {9/__\/1;/ 5

@
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REDUCTION OF TRELLIS STATE-COMPLEXITY
Interpretation of trellis folding by memory truncation

The code symbols (¢;,__1,.-.,¢,_1) can be viewed as an undesired set
of parameters

A parameter-conditional reduced memory property holds

The Estimation-Detection decomposition can be (again) the route to the
approximation of the branch metrics in the presence of this special parametric
uncertainty

The genie information (¢;_¢_1,...,Cp_1) must be estimated in order to
implement detection schemes with reduced state-complexity

Curiosity: we do not need a data-aided parameter estimator but only the
aiding code sequence

We can use tentative decisions or per-survivor processing
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REDUCTION OF TRELLIS STATE-COMPLEXITY
Branch metrics based on tentative-decision feedback

Branch metrics in the original full-state trellis: v:.(cz., o7.)

Branch metrics in the reduced-state trellis:
V(e wi) = Yk, o (W)
The pseudo state is defined as

o(wW) = (Bks Ch—15- -+ Ch—Qy Ch—Q—1> - - - » Ch—L)

Wi

Ck—Q—1,- -+, Cp—L are preliminary decisions on the code sequence
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REDUCTION OF TRELLIS STATE-COMPLEXITY
Branch metrics based on PSP

Branch metrics in the original full-state trellis: v:.(cz., 0.)

Branch metrics in the reduced-state trellis:
V(e wi) = Yk, o (W)
The pseudo state is defined as

op(wr) = (ks Ch—15 - -+ » k=@ Ch—Q—-1(Wk); - - -, C— (W)

Wi

Ch—Q—1(Wk), - - -, Cp—L(w}) are the code symbols in the survivor of state wy,

The pseudo state depends on w;. through the feedback of survivor symbols as
well
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LINEAR MODULATION ON STATIC DISPERSIVE CHANNEL
Branch metrics in a reduced-state trellis

Branch metrics in the original full-state trellis (S = S.M?" states)

>
+ 02, In Plag(cg, o3,)]

L
e = frck = Y fick—i(og)

[=1

Ye(Cpy o) = —

Branch metrics in the reduced-state trellis (S’ = S.M® states)

Vi (cp,wr) = vi(er, op(wy))

Tk—kak—Zfz% [(wi) Z fick—1(wy,)

[=Q+1

+ oy In P[ak(% wr;)]
ch—1(Wg), - -, cp—(wy) are code symbols uniquely associated with state wy,

C—Q—1(Wk); - - - Cp—1(wg) are code symbols in the survivor of state wy,
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REDUCTION OF TRELLIS STATE-COMPLEXITY
Folding by set partitioning

State-complexity reduction can also be achieved replacing the code symbols
cr._; in the “full” state

0 = (UE: Ch—15 Ch—2s - -+, Cle_ )

with subsets of the code symbol alphabet (or constellation)

Define a reduced state
wi = (s Tp—1(1), I—2(2), .. ., Iy (L))
At epoch k, for: =1,2,..., L:

I;._;(2) € (i) are subsets of the code constellation A
()(¢) are partitions of the code constellation A
A given reduced state specifies only the constellation subsets [;._;(7)

cr._; € I._;(1) are code symbols compatible with the given state
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REDUCTION OF TRELLIS STATE-COMPLEXITY
Folding by set partitioning (cntd)
Let J; = card{Q(:)} and M’ = card{A} (1 < J; < M)

The reduced state is well-defined if current state w;. and subset I;.(1) (which
the current symbol ¢;. belongs to) uniquely specify the successive state

W1 = (1 (1), L 1(2), - I (D))
()(7) must be a further partition of Q(i + 1)
The partition depths J; must satisfy the condition
J>J>--->Jp

If () is such that Jg > 1 and Jg 1 =--- = Jp =1, the definition of partial
state can be simplified

wr = (s Tp—1(1), I —2(2), - - -, [—(Q))

For J, =--- = JnH = M’ memory truncation arises as a special case
1 @
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REDUCTION OF TRELLIS STATE-COMPLEXITY
An example: partition of an 8-PSK constellation

8-PSK

A
P
dh
NP
an
N
NP
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REDUCTION OF TRELLIS STATE-COMPLEXITY
An example: definition of partial states

Full-complexity state for uncoded transmission and L = 2
op = (ap_1,a5_9) S=M=8 =64
1. Partial state by memory truncation with Q =1 (also J; =8, Jy = 1)
wllgzak_l S = M@ =gl =3
2. Partial state by set partition with
QA1) = C={Cy,C1,0C5,C3} (J1 =
()(2) = B={By, Bi} (Jo =2
Wi = (Ip—1(1),1—2(2)) " =J1Jy=4x2=38
3. Partial state by set partition with
Q1) = Q2) =C ={Cy, C1,Cr,C3} (J1=Jo=4)
Wy = (Ix—1(1), I_o(2)) S" = J1Jy =4 x4 =16

138



RICCARDO RAHELI — INTRODUCTION TO PER-SURVIVOR PROCESSING — (¢) 2004 BY CNIT, ITAaLYy

REDUCTION OF TRELLIS STATE-COMPLEXITY
Folding by set partitioning: some remarks

Set partition should follow the partition rules used in Trellis Coded

Modulation (TCM)

If J; < M’, parallel transitions may be present (they are in the uncoded
case)

If J; < M’ state transitions and corresponding branch metrics are defined as
(I1.(1), wp) and . (I3(1), wp.), respectively
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REDUCTION OF TRELLIS STATE-COMPLEXITY
Folding by set partitioning: branch metrics

Branch metrics in the original full-state trellis: v:.(cz., o7.)

Branch metrics in the reduced-state trellis:

Vi (1), wp) = max  y(cg, o (wy))
CkEIk(l)

The pseudo state ¢;.(w;p.) must be compatible with wy.: ¢._; € I;._;(7)
Missing information can be based on tentative decisions or PSP
PSP-based pseudo state:

or(wi) = (g C—1(Wg);s - -+ C—0(WE), Ch—Q—1(WE), - - -, C—L(WE))

Cr—1(Wg), - - -, Cp—(wg) are code symbols compatible with state wy, to be
found in the survivor history of state wy.

Ch—Q—1(Wk), - - -, Cp—1(wy) are code symbols in the survivor of state wy,
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LINEAR MODULATION ON STATIC DISPERSIVE CHANNEL
Folding by set partitioning: branch metrics

Branch metrics in the original full-state trellis (S = S.M?" states)

2
+ o In Plag(cg, o)

L

r— fick — > fick—i(op)
[=1

Branch metrics in the reduced-state trellis

Vi (1), wg) = max  yg(ck, op(wr))
CkEIk(1>

Vi (Cpy O) = —

= max —Tk—kak—Zfz% (W) Z fick—i1(wy,)

C/{EII{:(D I=Q+1
+ oy In Plag(cg, wp)]
Cr—1(Wg), - -+, Cp—(w) are code symbols compatible with state wy, to be

found in the survivor history of state wy.

Ch—Q—1(Wk), - - -, Cp—1(w},) are code symbols in the survivor of state wy, »
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C.

D.

REDUCTION OF TRELLIS STATE-COMPLEXITY
PROBLEM 9

Consider a linear modulation for transmitting uncoded binary symbols
a;. € {£1} through the static dispersive channel with white-noise
discrete equivalent considered in Problem 5

. Define a reduced system state by memory truncation and draw the

relevant trellis diagram

. Express explicitly the branch metrics as a function of the received signal

sample 7;. for any possible transition in the reduced trellis

Assume the received sequence is
(10, 71,72,73,74,75,76,77) = (1.7,1.2,1.1,0.3, —=0.2, —1.1,0.7,0.4)
and the initial “full” state is o9 = (+1, +1)

Use the Viterbi algorithm to approximately detect the MAP sequence
{dk}zzo

Would it be possible to define a different reduced system state by set
partitioning?
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A CASE-STUDY: TCM ON ISI CHANNEL
System model: encoder

(2) 3 State:
ak =k Mk Hk+1
Subsets:
a}({}) >Cl(¢2) Co O
Cy Cy
al(co) C/Scl) Cy Cs
T T >$> P
Cs C
C](CO) \_/
—
4-state TCM encoder 4-state code trellis

(1) (7)

Information and code bits: a. and Cy

Gross spectral efficiency: 3 bit/s/Hz (to be reduced by the bandwidth
expansion factor 1 4+ a = 1.3 = net spectral efficiency is 2.3 bit/s/Hz)
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TCM oN ISI CHANNEL
System model: set partition and mapping rule

./4 B — {B07Bl}
:2_2_:2: C = {007017“'703}

:2222: D:{D07D17°°°7D7}

p--o - "m0 g
e} ol © o
:o o : I o o:
_o__¢d I.Q__Q_J
Co === C,_~—_C3
0017170001 et 11 Skl AT
| | . | 1111 1101
 ° 1010 1000, 0110 010 o o
VL0090 ____, 11101100
__________ o1 __1oor JOLL_ o __ Y eemy oo,
OOIC ) TTTO0gL P T Co T T I 1101
et | 1000, 1¢10 ;! 01O 10110 P o °
0000 10010 ' 4 ©° 4 P o o 0 11000 1110
- - — = Q 1 -Q _ — l_ l_ 1 o - 1 Lo - L - _Q_u O _ — _ _ 1

2 bits per parallel transition (code trellis)

144



RICCARDO RAHELI — INTRODUCTION TO PER-SURVIVOR PROCESSING — (¢) 2004 BY CNIT, ITAaLYy

TCM oN ISI CHANNEL
System model: channel response

Model of discrete observable:

L
re = fith_ +wy

[=0
{ fl}lL:03 white-noise discrete equivalent of the ISI channel
{wy.}: i.i.d. Gaussian noise sequence.
{c.}: code sequence

0.754 0.635 0.15 —0.067 I must be large enough to

Uiy accommodate the significant pulses
i _ L = 3 may be sufficient for the
0 1 9 3 | considered channel

>4

2.7% of total energy
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TCM oON ISI CHANNEL
Definition of partial states

0. Full-complexity state for L = 3
O = (,uk; Cl-—_1,ClL—9, Ck—3) S = SCML =4 X 83 =4 X 29 = 2048

1. Partial state by memory truncation with Q) =1 (J; =16, Jy = J3 = 1)
wll{j = (pg;cr_1) S = 8S.MY =4 x 8 =32

2. Partial state by set partition with
(1) = D={Dy, Dy,..., D7} (J1 =8

Q@) = 03) = A (Jy=Jy=1)
J
S = (g Ty (1) S = SC.?1 —4x4=16
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TCM oON ISI CHANNEL
Definition of partial states (cntd)

3. Partial state by set partition with
Q1) = Q(2) =C={Cy,C1,05,C3} (J1=Jy=4)

23) = A (J3=1)
Jy J
S = (g I_1 (1), T_o(2)) éWHa%§L§:4x2x2:16

4. Partial state by set partition with
(1) = =C={Cy,C1,Cy,C5} (J; =4)

Q2) = Q(3) = A (Jo = Jy=1)
J
M = (s 1 (1)) ymzs,§:4x2:8

5. Partial state by memory truncation with () = 0 (code trellis)
1 1
W = [ ST =85.=4
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TCM onN ISI CHANNEL
Performance vs. complexity for RSSD

10"

10

BER

10

4

10

Figure reproduced from:

 O--8(04,2)

- F—8(4,3)

r O—+H(4,4)

- A--4A(16,4)

- A—4A (16,16)

- ¥——% (32,32)
G—oO No ISI

4 5 6 7 8 9
E, /N, (dB)

10 11 12

o TC-16QAM
e 4-tap channel

e reduced-estimator PSP
with (S, N)

o 5 = 2048: full combined
code/ISI trellis

e S = 32: reduced combined
code/ISI trellis (case 1)

e S = 16: reduced combined
code/ISI trellis (case 2)

e S = 4: code trellis (case 5)

e Reference curve for no ISI

— R. Raheli, G. Marino, P. Castoldi, “Per-survivor processing and tentative decisions: what is in
between?,” IEEE Trans. Commun., pp. 127-129, Feb. 1996. 148
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REDUCED-SEARCH ALGORITHMS
Motivation

Reduced-search (or sequential) algorithms may be used to search a small part
of a large FSM trellis diagram or non-FSM tree diagram

As opposed to state-complexity reduction, the original full-complexity trellis
(or tree) diagram is searched in a partial fashion

These algorithms date back to the pre-Viterbi algorithm era. They were first
proposed for decoding convolutional codes. The denomination “sequential”
emphasizes the “novelty” compared to the then-established algebraic
decoding of block codes

These algorithms can be applied to any system characterized by large memory
or state complexity (if a FSM model hold)

If optimal processing is infeasible, any type of suboptimal processing may
deserve our attention. Ranking of suboptimal solutions is difficult because of
lacking of reference criteria

RSSD must be considered but an alternative among many others o
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REDUCED-SEARCH ALGORITHMS
A general formulation of breadth-first detection

Assume a FSM model hold and let S be the number of states (full-size trellis)
Partition the S states into C' (disjoint) classes

Mantain B paths per class selecting those which maximize the APPs under
the constraint imposed by the partition rule and class structure

The resulting search algorithm may be denoted as SA(B,C')

Special cases:

B >1and C' =S5 = list Viterbi algorithms with B survivors per state
B=1and C'=S5 = classical Viterbi algorithm

B=1and C < S = RSSD with C states

B>1and C' < S = list RSSD with B survivors per state and C' states
B =M and C =1 = M-algorithm
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REDUCED-SEARCH ALGORITHMS
A general formulation of breadth-first detection (cntd)

Whenever C < S, PSP allows the branch metrics to be defined

PSP also allows the above formalization to be applied when an FSM model
does not hold (S — o0)

Define the complexity level as the total number of paths being traced, i.e.,

BC

Imposing a constraint on complexity, i.e., BC' < 7, constrained optimality
can be defined

According to this criterion, the M-algorithm is considered the constrained
optimal search algorithm

— T. Aulin, “Breadth-first maximum likelihood sequence detection: basics,” IEEFE Trans.
Commun., pp. 208-216, Feb. 1999.

151



RICCARDO RAHELI — INTRODUCTION TO PER-SURVIVOR PROCESSING — (¢) 2004 BY CNIT, ITAaLYy

COMPLEXITY REDUCTION
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COMPLEXITY REDUCTION
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4. CLASSICAL APPLICATIONS OF PSP

4.2 Linear predictive detection for fading channels

OUTLINE
1. Review of detection techniques
2. Detection under parametric uncertainty
3. Per-Survivor Processing (PSP): concept and historical review

4. Classical applications of PSP:
4.1 Complexity reduction
4.2 Linear predictive detection for fading channels

4.3 Adaptive detection

5. Advanced applications of PSP
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LINEAR MODULATION ON FLAT FADING CHANNEL
System model

Model of discrete observable:
ry = Jrcr + wg

{fi.}: circular complex Gaussian random sequence

{c.}: code sequence

{wy.}: i.i.d. Gaussian noise sequence with variance o2,

Coding rule:
{ ¢y = olag, i)
Hik+1 = t<a/{77:u/€)
(1. encoder state

Conditional statistics of the observation are Gaussian
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LINEAR MODULATION ON FLAT FADING CHANNEL
Does a FSM model hold?

Conditional statistics of the observation:

= (ak)|2

k=1 _k 1 7, — Tr(ag))
Pl 20) = 23 P |~ okl
EAT0 i A0

Conditional mean . ) .
_ —1
rr(ay) = E{rglry” . ag}

Conditional variance
9, k kN2 1.k—1 Kk
or(ay) = E{|r, —ri(ag)|” vy ag}

The conditional mean and variance depend on the entire previous code
sequence:

= unlimited memory
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LINEAR PREDICTIVE DETECTION
Markov assumption

These receivers are based on the approximation

k—1 _k k—1 _k
p(’l“k‘ro 7aO) :p(rk\rk_y,ao)

where integer v > 0 must be sufficiently large

Intuitive motivation: “old” observations do not add up much information to
the current observation, given the immediately preceding ones

If this condition were strictly met, the random sequence ;. would be Markov

of order v, conditionally upon alg

This Markov assumption is never verified in an exact sense for realistic fading
models. Even assuming a Markov fading model, thermal noise destroys the
Markovianity in the observation.

The quality of this approximation depends on the autocovariance sequence of
the fading process f;. and the value of v, which is an important design

parameter
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LINEAR PREDICTIVE DETECTION
PROBLEM 10

Assume a first-order autoregressive fading model

fre1 =21 =0 fe +puy
0 < p < 1is a constant

2

{vi.} is an i.i.d. zero-mean Gaussian sequence with variance o

A. Show that the fading sequence is Markov of first order

2

Assume f( is Gaussian with variance o,

B. Show that {f;.} is a stationary Gaussian sequence

C. Check if the conditional observation {r;.} satisfies a Markov property.
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LINEAR PREDICTIVE DETECTION
Conditional observation

For Markovian observation, we may concentrate on

_ NS

1 r. — re.(a
et ) = i = ala)

moplag) | olag)

The conditional mean and variance

k
e(ag) = E{riri ), af}
2/ k 2
6i(af) = B{lry, — (af)* vy — L. af}
are the v-th order mean-square prediction of current observation 7., given the
previous v observations and the information sequence, and the relevant
prediction error, respectively

Note the difference with respect to the previously introduced notation fk(a(]‘j)

and 5%(215) which denoted similar quantities given the entire previous

observation history rk b (k-th order prediction at time k)

159



RICCARDO RAHELI — INTRODUCTION TO PER-SURVIVOR PROCESSING — (¢) 2004 BY CNIT, ITAaLYy

LINEAR PREDICTIVE DETECTION
Linear prediction

For zero-mean Gaussian random sequences, the conditional mean (i.e., the
mean-square prediction) is linear in the observation
1%

ok k=1 _k k
rr(ag) = E{rgley” L ag} =Y p;lag) rp—

At time k, the linear prediction coefficients p; ;. and the mean-square

prediction error (3]% are the solution of the (linear) matrix equation (Wiener-Hopf)
Ry(aj) p=q
where , , H
Ri(ag) = £ {rk ,(T5_)) ‘ }
T
P = [17 —P1, —P2y-- -, _pV]
_ (A2 T
q=(6%,0,...,0)
UV Z€eros
The observation correlation matrix Rk(alg) incorporates the dependence on

the data sequence a]g and vectors p and q include the unknowns
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LINEAR PREDICTIVE DETECTION
Finite-memory condition

Given the flat fading model, the observation vector can be expressed as

k o k k
Y= C fk—u +Wi_,

where C;. = diag(cg_)
H
Rk(ag> — E{ri—u(ri—u) ‘alg}
= s{|cutf, +wi | [@E )7 off + wh_ )" |af}
= C,FCf +05,1 = Ric, ()

and F = F {fk_y(fk_y)H} is the fading correlation matrix, which does not

depend on k assuming stationary fading

The dependence of Rk(a(]‘j) on the information sequence can be compacted

into the code sequence c]g_y, hence in a suitably defined transition with state

C = (5 Cl—1y Ch—y -+ s Clo—y))
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LINEAR PREDICTIVE DETECTION
Finite-memory condition (cntd)

Since
k
Ry(ag) = Ricg, Ck)
a similar dependence characterizes the prediction coefficients, the conditional

mean and variance, and the entire conditional statistics of the observation
k

pi(ag) = pi(c, C)
Fr(al) = Prlcr, §) = sz Chey Ck) Th—i
5r(al) = 6*(cp )

k-1 _k
p<rk‘rk Vva()) _p(rk‘rk chk7</€)

where unnecessary time indexes can be dropped assuming a stationary fading
regime
We may conclude that

Markov assumption = finite memory
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LINEAR PREDICTIVE DETECTION
PROBLEM 11

Assume {x}.} is a stationary time-discrete random process with
autocorrelation sequence E{xj 1,21} = pm

Let 21, = > 71 piTj_; denote the linear prediction of ., given the
previous v samples x;._1,21_o,...,25_,. The prediction coefficients
{p;}7_, minimize the mean-square prediction error 6° = E{|x; — i1]?}
A. Show that the prediction coefficients {p;};” ; and the minimum
prediction error 62 are the solution of the Wiener-Hopf equation

Xp=q
where 2 L O\H
X = E{Xk—u(xk—u) }
P = [17 —P1, = P2y, _pV]T
_ (A2 T
q=(6%,0,...,0)
U 7€ros

B. Show that the linear prediction coincides with the mean-square prediction
when {x.} is a zero-mean Gaussian sequence 163
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LINEAR PREDICTIVE DETECTION
Branch metrics

The resulting branch metrics are

V(e G) = Wp(rp|ei =L er, Go) + In Plag(ep, G)]

. 2
o — 7k Azrk(ck’ k)| — In (32(%, (i) + In Plag(cy., Cr.)]
o2(cp, Cp)

L 2, |2
ok ZZ&%(Z(Z)%) il — In6”(cy, G) + In Plag(cg, G)]

They are based on linear predictions 7.(cg., (1) of the current observation r}.
based on the previous observations and path-dependent prediction
coefficients
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LINEAR PREDICTIVE DETECTION
An interpretation

Based on the conditional Gaussianity of the observation and the Markov
assumption, we can concentrate on the Gaussian p.d.f. p(rk\r]]z:i, i, (1)

The conditional mean 71.(c., (;.) and variance 6°(cy,, (1) can be viewed as

system parameters to be estimated

1. Adopt a linear feedforward data-aided parameter estimator of order v (see
Section 2)

2. Use a set of estimators by associating one estimator to each trellis path

3. Compute the estimation coefficients in order to minimize the
mean-square estimation error with respect to the random variable ry,
conditionally on the path data sequence

= The resulting estimator is the described path-dependent linear predictor

Linear prediction of ;. based on the previous observations is a form of
PSP-based feedforward parameter estimation

We obtained it naturally in the derivation of the detection algorithm s
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LINEAR PREDICTIVE DETECTION
Alternative formulation of the branch metrics

The observation prediction can be expressed as

) 1 1
Peler Go) = E{rplei =) en, G} = E{frep +wilef ~ L er, G}

B fle =L er G} = enfulen, G)
A o - /" Fk—q
fk(cka Ck) T — pz (Cka Ck) Ck—i(Ck)

fk(ck, (1) denote path-dependent linear predictions of the fading coefficient
at time k, based on previous observations

pg’(ck, (1) are path-dependent linear prediction coefficients of the fading

process based on previous observations of noisy fading-like path-dependent
k—1
sequences {1;/c;(Cp)}. ;.
CL
= pilcr, G) = D} (e, Ci)
: ! cr—i(Ck)
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LINEAR PREDICTIVE DETECTION
Alternative formulation of the branch metrics (cntd)

The mean-square prediction error of observation and fading are similarly
related by

(e, Cp) = Eflry — (e Go)lPIri L cp G
= B{|frer +wi, — crfrlen GIPIer =L ers G}
= g (er G) + o
(e, G) = E{|fr — frlew )Py ) er G
The branch metrics can be expressed as

g = cpfrlor G
e [2€%(ck, C) + 02,
+ In Plag(cg, C)]

5 9 5
Vi (Ck, C) = — In ||eg| e (g, Cg) + oy
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LINEAR PREDICTIVE DETECTION
An interpretation of the alternative formulation

The observation model r;. = fr.c;. + w;. satisfies a parameter-conditional

finite memory property by viewing f;. as an undesired parameter (see
Section 2)

For estimating this parameter we could:

1. Adopt a linear feedforward data-aided parameter estimator of order v (see
Section 2)

2. Use a set of estimators by associating one estimator to each trellis path

3. Compute the estimation coefficients in order to minimize the

mean-square estimation error with respect to the random variable r;./cy.,
conditionally on the path data sequence

= The resulting estimator is exactly the described path-dependent linear
predictor

Linear prediction of f;. based on the previous observations is a form of

PSP-based feedforward parameter estimation
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LINEAR PREDICTIVE DETECTION
Computation of the fading prediction coefficients

The fading prediction coefficients pé’(ck, (z.) and mean-square prediction error
e*(cy., (1) are the solution of the following Wiener-Hopf equation

(F + UEU(N?;C) p” — q”

where

F-B{ff )"

~ 1 1 1
G = diog (i i c;}m')

1/ 1/ 1/ 1/

— [1a_pla_p27”°7_py]
2

! ) o T

q :(6 —I_’C;TQ,O,,O)
UV 7€Tr0S

The dependence of the solution on the hypothetical sequence is only through
the moduli of the code symbols

For code symbols with constant modulus, the solution is path-independent
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LINEAR PREDICTIVE DETECTION
Special case: Coded PSK

For code symbols with constant modulus |ci.| = 1 (e.g., PSK), the fading
prediction coefficients p;;’ and mean-squared prediction error €2 are
path-independent

The branch metrics simplify as

¢ 2

V(0 G) = — |rp — ek fi(Ce)” + (€7 + o) In Plag(cg, Gl
v 2
B 1 Tk—q
= — Tk — Ck p@
— ~i(Ck)
This solution is remarkably similar to what we would obtain in a decomposed
estimation-detection design by estimating the “undesired” parameter f;.

according to PSP

+ (€ + o) In Plag(cg, )]

The (Gaussian) prediction error variance €’ affects the “overall” thermal noise

power
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LINEAR PREDICTIVE DETECTION
PROBLEM 12

Consider the mean-square prediciton of f;. given the previous v fading

samples f]‘C 1 and let {10Z | denote the linear prediction coefficients for

this problem

A. Show that the fading prediction coefficients {p!(cy., () }7_; equal
{pZ _ 1 in the limit of vanishing noise power

Consider the first-order autoregressive fading model described in
Problem 10 in a stationary regime and a constellation of unit-modulus
code symbols

B. Show that the v-th order prediction coefficients {pZ _ satisfy pl = p,
pQ — — py =0
C. Show that the v-th order prediction coefficients {p/'}"_; are not zero for
2
oy # 0
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LINEAR PREDICTIVE DETECTION
State-complexity reduction

The state-complexity of a linear predicition receiver can be naturally
decoupled from the prediction order v by means of state reduction techniques

For simplicity we consider folding by memory truncation, but set partitioning
could be used as well

Let () < v denote the memory parameter to be taken into account in the
definition of reduced trellis state

Wi = (ki Ch—15Cl—2> - -+, Ck—Q)
The branch metrics can be obtained by defining a pseudo state

Cp(wp) = (P 15 -+ Cl— Qs Ch—Q—1(WE), - - - Cp—p (W)

W

C—Q—1(Wk), - - -, Cp—1(w}y) are the code symbols in the survivor of state wy,
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LINEAR PREDICTIVE DETECTION
State-complexity reduction: branch metrics

The branch metrics in the reduced-state trellis can be defined as usual
according to

Velep,wr) = Ypcp, Ce(wp))
For coded PSK the branch metrics are

i 2 s 5
Y (Cpywi) = —'7%:—'Ckfk@&4amﬂ>!-+ (¢* + 02) In Plag(c, wp,)]
o % r_ 2
= - k—Ck§: 'Z)—Ck _%25 EZ)
“k =01 h—i\k

+ (e + 02 ) In Plag(cp, wi.)]

The prediction order v and assumed memory () are design parameters to be
jointly optimized by experiment to yield a good compromise between
performance and complexity
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LINEAR PREDICTIVE DETECTION
Performance vs. ideal CSI

| o [1 o QPSK (M = 4)
10-;2 _ . ] 7 etime-varying flat Rayleigh fading
mjf \:\; e | BT : max Doppler rate
. 5_ .deo. v _ e =10, @ = 2 (16 states)
coor AN | o Periodically inserted pilot symbols

103L 0=2, DD=30,

(71

(one every 9 data symbols)

sf  nn=10, L=10 \A

N
2 2 ' e Reference curve for ideal

O gr=10 ~* S
107 O BT=10 ~ b
sE A gres 10 1 channel state information (CSI)
Ll ver=10"" ]
oLty b b e L

SNR (dB)
Figure reproduced from:
— G. M. Vitetta, D. P. Taylor, “Maximum likelihood decoding of uncoded and coded PSK signal
sequences transmitted over Rayleigh flat-fading channels,” IEEE Trans. Commun., vol. 43,
pp. 2750-2758, Nov. 1995 174
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LINEAR PREDICTIVE DETECTION
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LINEAR PREDICTIVE DETECTION
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4. CLASSICAL APPLICATIONS OF PSP
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ADAPTIVE DETECTION
Motivation

Channel model parameters can be time-varying (e.g., carrier phase, timing
epoch, and channel impulse response)

A receiver based on the estimation-detection decomposition must be able to
track these time variations, provided they are not too fast

The receiver must adapt itself to the time-varying channel conditions

PSP may be useful in adaptive receivers:

a) The per-survivor estimator associated with the best survivor is derived from
data information which can be perceived as high-quality zero-delay decisions

= Useful in fast time-varying channels

b) Many hypothetical data sequences are simultaneously considered in the
parameter estimation process

= Acquisition without training (blind) may be facilitated
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ADAPTIVE DETECTION
PSP-based feedforward parameter estimation

Assume a parameter-conditional FSM model with state o

PSP-based feedforward data-aided parameter estimator at time k
/ 1 gk—1
01(cp) =P {rg_wcg (Uk)}

Function of the v most recent signal observations r]]f;:i and the per-survivor

aiding data sequence élg_l(ak)

Branch metrics at time k
Vi(ag, o) =Inp [frk\r’é‘l,ak,ak, 9k<0k)} + In P(ay,)

Update of the parameter estimator at time k£ + 1

; k vk
01+1(0k41) =P {rk—wrl? CO(UkH)}

These estimates are simply recomputed for the new observation vector

k - K
r;._,., and each new survivor sequence C(j(0 1)

An example is the linear predictive receiver for fading channels 179
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ADAPTIVE DETECTION
PSP-based feedback parameter estimation

Assume a parameter-conditional FSM model with state o
PSP-based feedback data-aided parameter estimator ék(ak)

Branch metrics
Vi(ag, o) = Inp ["”k\rg_l,ak,%, ék(“k)} + In P(ay)

Update of the parameter estimator

O111(0%41) = g [éi_gﬂ(%)» VY élg(akﬂ)}

k

These estimates are computed for the  most recent observations ),

and each new survivor sequence élg(akH)

The previous & parameter values éé_&l(ak) are those associated with the

survivors of states oy in the transitions (0. — 0}.41) selected during the ACS
step

Feedback parameter estimation is usually implied in adaptive receivers 180
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ADAPTIVE DETECTION
Tentative decisions can be used

In feedforward and feedback parameter estimation, tentative decisions élg

can be used in place of the survivor data sequences élg(akH) for updating
the parameter estimate

The parameter estimate becomes universal, i.e., identical for all survivors
Formally, the updating recursions yield identical estimates for all survivors
The parameter estimator becomes external to the detection block

During training the correct data sequence would be used
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TRACKING OF A DISPERSIVE TIME-VARYING CHANNEL
System model and notation

Model of linearly modulated discrete observable (slow variation)

L
T
re = fikChot +wp = cp +wy,
[=0
f. = (for frr - ,ijk)T . overall time-varying discrete equivalent impulse

response at the k-th instant

cr = (cr,cp_1,...,c_1) : code sequence with FSM model of state s,

o = (Qp_1,08_9,...,05_1;E_) . System state

_ T
cilag, ox) = leglag, tg)s ck—1(ag—1, gp—1)s - - -5 Ck—r(@k—L; fp—L)]
code symbol vector uniquely associated with the considered trellis branch
(aj.,01), in accordance with the coding rule
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TRACKING OF A DISPERSIVE TIME-VARYING CHANNEL
LMS adaptive identification

Least Mean Squares (LMS) adaptive identification

P, p el *
for1 =8+ 8 (rer1—qd — T Chr1-d) Chp 1y

(3 compromises between adaptation speed and algorithm stability

Branch metrics
(ag, ok) = —Iri, — £ cplag, op)[° + oy In Play)
TE\Qks Ok) = — Tk k CE\QL, OF O 11 L7\ Ag
In the (tentative) decision-directed tracking mode
P P A A sk
fp 1 =1+ 0 (Tk+1—d — fk Cht1—d) Cri1—d
2 2 2 2 T
Chri—d = (Chi1—ds Ch—d> -+ » Ch1—d—L)
d > 1 to comply with the causality condition upon the data
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TRACKING OF A DISPERSIVE TIME-VARYING CHANNEL
PSP-based LMS adaptive identification

Branch metrics
; T 29 9
Ye(ag, o) = —|r — fi(ok)” cplag, op)|” + oy In Play)

Channel estimate update recursions

Uk

fr1(0p1) = fr(op) + 6 |7 — fulop) €nlap, o) | € (ap, op)
) ) ) ) T
Crlag, o) = [cplag, o), Cp—1(0%), .- (0]

The parameter estimate update recursions must take place along the
transitions (o, — 0. 1) which extend the survivors of states o, i.e., those

selected during the ACS step at time k
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ADAPTIVE DETECTION
LMS tracking of a dispersive fading channel

10
10*
S
)
2 10?
=
>
(7p]
©
>
= 10° |
0
©
s :
a . ¢—¢ known-data
10™ :_>|<—>|ePSP
F %x—x conv. (d=3)
[ 3—H conv. (d=5)
i - A—2A non-adaptive
10 MEFETEE EETEETE BETETErE BT B BTSN RS

EJN, (B)
Figure reproduced from:

— R. Raheli, A. Polydoros, C. K. Tzou, “Per-survivor processing: a general approach to MLSE
in uncertain environments,” IEEE Trans. Commun., pp. 354-364, Feb.-Apr. 1995.

e QPSK (M = 4)
e Data blocks of 60 symbols
e Training preamble and tail

e Rayleigh fading channel with
3 independent tap weights

e Power delay profile (standard
dev. of tap gains): \%(1, 2,1)

e Doppler rate: fpT' = 1.85 X 1072
In the 1.8 GHz band:
32.5 km/h with 1/T = 24.3 kHz
300 km/h with 1/7T = 270.8 kHz

e Full-state sequence detection:
Q) = L =2 (16 states)

185



RICCARDO RAHELI — INTRODUCTION TO PER-SURVIVOR PROCESSING — (¢) 2004 BY CNIT, ITAaLYy

ADAPTIVE DETECTION
LMS tracking of a dispersive fading diversity channel

100 E""I""I""l""l""l""l""l""E .QPSK(M:4)
: ¢ ¢ known data e Data blocks of 60 symbols
10" b * e () { Training preamble and tail
5 e Rayleigh fading channel with
= . 3 independent tap weights
S e Power delay profile (standard
5 dev. of tap gains): %(1, 2,1)
= 10° 0 q
g 1 e Doppler rate: fpT = 3.69 x 10—
a [ A\ N =~ "easses ! In the 1.8 GHz band:
10" 65 km/h with 1/T = 24.3 kHz
600 km/h with 1/7T = 270.8 kHz
10° becenceiniencccnneceneecnenc ! @ Dual diversity
5 10 15 20 25 30 35 40 45 _
E/N, (dB) e Full-state sequence detection:

Q) = L =2 (16 states)
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JOINT DETECTION AND PHASE SYNCHRONIZATION
System model

Model of linearly modulated discrete observable (slow variation)
T = el Uk Cr + Wy,

0. : channel-induced phase rotation

{ci.} . code sequence with FSM model of state y;.

{wy.} : i.i.d. Gaussian noise sequence with variance o2,

First order data-aided Phase-Locked Loop (PLL)
Opy1 = Op + 7 Im {Tk:Jrl—d eI C}:H—d}

n controls the loop bandwidth
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JOINT DETECTION AND PHASE SYNCHRONIZATION
Decision-directed phase tracking

Branch metrics
—if 9 9
Vilag, py) = —|rpe 9% — cplag, pp)|* + og, In Plag,)

ci.(ag, 01.) : code symbol branch label

PLL phase-update (feedback) recursion
. R b,
Op+1 =0 +1lm {"”kﬂ—d@ at CZ+1_d}

The tentative decision delay must comply with the causality condition upon
the detected data, which implies d > 1.
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JOINT DETECTION AND PHASE SYNCHRONIZATION
PSP-based phase tracking

Branch metrics:
el ags 1g) = =i eI — (g, )P + 0% n Play)
Phase estimate update recursion:
Op1 (1) = Op () + 1 Im {Tk e~ IOkln) ¢ (ay, Mk:)}
Cp.(appir) is the code symbol associated with the transition (ay, 1)

The phase estimate update recursions must take place along the transitions
(ft} — po1) which extend the survivors of states p, i.e., those selected
during the ACS step at time k
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ADAPTIVE DETECTION
Joint TCM decoding and phase synchronization

10 :
10" {1 o TC-8PSK (4 states)
S i . . .
5 1 @ Phase noise with Wiener
é 107 - model:
= ]
35 Op1 =0 + Ay
% 10° A;. are Gaussian, i.i.d. with
3 ] standard deviation 2°
(a
10" E G—o kn.-phase 2
. e—e kn.-data
- %—* PSP
s | =8 conv. (d=2)
10 .
5 10 15

EJN, (0B)
Figure reproduced from:

— R. Raheli, A. Polydoros, C. K. Tzou, “Per-survivor processing: a general approach to MLSE
in uncertain environments,” IEEFE Trans. Commun., pp. 354-364, Feb.-Apr. 1995. 190
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ADAPTIVE DETECTION
Phase acquisition of PLL and VT

T T T T T T T T T e TC-8PSK (4 states)

10

~  OfM 1C-8PK | ]

O gl AM-0A e e 1st order PLL

8 ¢ MPLL-DA

W esno=1008 | | @ 1st order vector tracker (VT)

o O MVT-DA 2

o 810% e With system in lock, a phase step
m . . .

i A¢ is applied at time zero

N 4 . . N N
= a0 e Phase evolution is monitored until
=

= the phase error reduces to £10°

y 210"

S

<

e Acquisition time in symbol
NP s periods vs. A¢
7\ 1] ¥ v i i ]
O "l‘\ —tH A = w A

0 15 45 60 75 90 105 120 135 150 165 180 .ES/NO — 10 dB

PHASE OFFSET (DEGREES) ° BEQT _ 10—2
Figure reproduced from:

— A. N. D'Andrea, U. Mengali, and G. M. Vitetta, “Approximate ML decoding of coded PSK
with no explicit carrier phase reference,” IEEE Trans. Commun., pp. 1033-1039, Feb.-Apr.
1994, 191
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ADAPTIVE DETECTION
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5. ADVANCED APPLICATIONS OF PSP

OUTLINE
1. Review of detection techniques
2. Detection under parametric uncertainty
3. Per-Survivor Processing (PSP): concept and historical review

4. Classical applications of PSP:
4.1 Complexity reduction
4.2 Linear predictive detection for fading channels

4.3 Adaptive detection

5. Advanced applications of PSP
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ITERATIVE DETECTION
Motivation

lterative, or turbo, detection/decoding was first proposed as a suboptimal
algorithm for decoding special very powerful channel codes, widely known as

turbo codes

Turbo codes are a parallel concatenation of simple component recursive
convolutional codes through a long permuter, or interleaver

The principle of iterative detection/decoding can be applied to any parallel or

serial concatenation of FSM models:

a) Each FSM model is detected /decoded by means of a suitable soft-input
soft-output (SISO) module accounting for that model

b) The soft-outputs of the various modules are passed to other modules, which
refine the detection/decoding process in a next iteration

c) The process can be iterated several times and usually converges in a few steps

Since the channel can be typically modeled as a FSM, exactly or
approximately, joint iterative detection of the received signal and decoding of

a possible channel code can be performed Lo4
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ITERATIVE DETECTION
Soft-input soft-output (SISO) modules

A SISO module processes the soft-information received from other modules
and combines it with the possible observation of the channel output

The input soft-information can be accounted for by assigning proper values to
the a priori probabilities of the information or code symbols

= This is the reason for having so diligently accounted for these probabilities
in the various branch-metric expressions

In non-iterative detection, we are allowed to eliminate the a priori symbol
probabilities from the very beginning, on the basis of the reasonable
assumption that they have equal values (hence, they are irrelevant)

The output soft-information is computed on the basis of the APPs of the
possible information or code symbols
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ITERATIVE DETECTION
PSP-based SISO modules

A SISO module computes the APPs of the information symbols by means of
a forward-backward (FB) or soft-output Viterbi algorithm

Soft-output Viterbi algorithms estimate a reliability value of any decision by
comparing the metrics of best paths to those of their competitors

The max-log approximation of the FB algorithm allows a direct application of
PSP to the two counter-running Viterbi algorithms (in direct and inverse time)

Soft-output Viterbi algorithms can be readily augmented with PSP

These remarks entitle us to exploit any possible application of PSP in the
soft-output modules used in iterative decoding, e.g. for:

Complexity reduction

Linear predictive detection

Adaptive detection
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CONCATENATION OF CODE AND ISI CHANNEL
Reduced-state iterative detection/decoding

Wk
Qg ) Ck ¢, | discrete Tk
— o Q0state | Tp g LA channel \\—><—Jg—0
conv. enc.|~~ L1 -~ Tequivalent| ~~_

o oo \
- - = ~ - ~ L f— !
Tk 2] AN Qk—D. i :
— soft-out - -1 soft-out —= |
|" detector decoder | :
| |
| |
1 |= . 01234 [

Soft-output detector based on FB with max-log approximation in the forward
and backward recursions (not in the APP computation)

Exact FB decoder

Pseudo-random interleaver 11
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CONCATENATION OF CODE AND ISI CHANNEL
Reduced-state iterative detection/decoding

e Outer rate-1/2 16-state recursive
systematic convolutional code (RSC)

e Code generators:
G1 = (23)g and G9 = (35)g

e 64 X 64 pseudo-random interleaver
e BPSK

e Known static ISl

BER

o (/! = number of states in reduced-state
trellis

e 1 and 6 iterations

-5

10

0 1 2 3 456 7 8 91011 oReference curve for ideal channel
EN, [dB]

Figure reproduced from:

— G. Colavolpe, G. Ferrari, R. Raheli, “Reduced-state BCJR-type algorithms,” IEEE J. Select.
Areas Commun., vol. 19, pp. 848-859, May 2001. 108
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CONCATENATION OF CODE AND FADING CHANNEL
Linear-predictive iterative detection/decoding

| |
I fk: Wy |
| I
/ |
a C C : : (r
k| 64-state | K m 5| QPSK _|differential| é é R
~ | I
conv. enc. mapper encoder |
~ PP _ _ channel _ _.
Tk e IRl N Qf—D
— soft-out -1 _| soft-out [—=
|" detector decoder

Soft-output detector based on FB with linear prediction and state reduction

(bit APPs)
Exact FB decoder

Pseudo-random bit interleaver 11
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CONCATENATION OF CODE AND FADING CHANNEL
Linear-predictive iterative detection/decoding

. 1 iteration
10 :
3 6iterations ]
10° ' RN é
o e
% ~
10°
-~ — Coherent
- v=3 (Q=3)
4 == v=4 (Q=4) .
10 7 e =3 Q:2
| a—a vy=4, Q=3
: v—v y=5 Q:3
10° ‘ ‘ ‘ \
4 5 6 7 8
E./N, [dB]

Figure reproduced from:

e Outer rate-1/2 64-state non recursive
non systematic convolutional code

e Code generators:

G1 = (133)g and Gy = (171)g
e 64 x 64 pseudo-random bit interleaver
e DQPSK
e Flat Rayleih fading

e Isotropic scattering model with
normalized fading rate: fpT = 0.01

e Various levels of complexity (v, Q))

e Number of detector trellis states:
S = 49~ (accounting for diff. enc.)

— G. Colavolpe, G. Ferrari, R. Raheli, “Reduced-state BCJR-type algorithms,” IEEE J. Select.
Areas Commun., vol. 19, pp. 848-859, May 2001. 200
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NONCOHERENT DETECTION
Motivation

In virtually any bandpass transmission system, the carrier phase reference is
not known by the receiver

In coherent detection this phase reference must be recovered by the receiver,
provided it is sufficiently stable, according to the synchronization-detection
decomposition

Noncoherent detection assumes complete absence of knowledge about the
phase reference—an effective approach if the phase is unstable

A nonchoerent channel introduces unlimited memory in the
signal—suboptimal detection algorithms are in order
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NONCOHERENT DETECTION

Unlimited memory
Discrete channel model

T = ckeje + Wi

The conditional p.d.f. of the observation is

2 H
R L et e oY e 0 R A CHEEH]
p(rilry ™~ ag) = LT - — S
P Xy 0 w Iy {%MTO ) Cy u
In fact
N L[ ek
p(rglag) = o ; p(rylag, 0)do
2T .
! / o—(lef—cke®|1?) /0% 4
onr(mo2) kL Jy
2T .
_ L IRk fon / (Re{(xh) kel /o2,
o (mo2, )kt 0
Lo UBIPHICEI 02 | 2 ok H Gk
(ro2 )it 0 U%U\(o) 0
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NONCOHERENT DETECTION
Feedforward PSP-based phase estimation

Data-aided mean-square phase estimate based on N most recent observations
k 1

k N k—1 \H .k—1
o0 _ (r_N) 7 C_ N
k=1 g k-1
‘%-N) Ck—N‘
Branch metrics:
—if 2 . 2
Vilegs ) = —|rp e O — ¢ |7 + 6% In Plag(cy, 1op)
« —if ‘Ck:‘Q 1 2
x Re{rpcie™ k(“’f)} — 50 o In Plag(cp., pig.)]
k: 1 vk—1
Re{rych - (rp )" e n (i) } !%!2 on
(r ;N C N(Nk>|

The trellis state p;. can be augmented to include part of the phase memory

W = (W Ch—1,Ck—2, - -, Ch—g) Q@ < N
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FEEDFORWARD PHASE ESTIMATION
PROBLEM 13

Consider the random-phase discrete channel model
T = Ckeje + Wi

Define a feedforward data-aided phase estimate 0 based on the previous
N observations by minimizing the mean-square error

k: 1 (9
{Hrk N~ ¢ || Ck N}

A. Show that this estimate must verify the condition

k—1 \H k—1
(r_n) SN

k—1 \H .k—1
[CH R
B. Show that the result in part A coincides with the data-aided

maximum-likelihood phase estimate based on the previous N observations

—j0 _

€
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NONCOHERENT SEQUENCE DETECTION
Feedforward PSP-based phase estimation

10° ————— — — S ——
e Performance vs. ideal
10" coherent detection
(stable phase)
10” e 3-state TC-16QAM
(n
o e 90° rotational invariance
10 with differential encoding
. e Robust when phase is
10
unstable
5 O—O Coherent : : :
10 : : : :
4 5 6 7 8 9 10
E,/N, [dB]

Figure reproduced from:

— G. Colavolpe, R. Raheli, “On noncoherent sequence detection of coded QAM", IEEE
Commun. Lett., vol. 2, pp. 211-213, August 1998.
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DETECTION IN MIMO SYSTEMS
Motivation

Multiple-input multiple-output (MIMQO) systems arise in a number of
current scenarios:

a) Multiuser detection, or code division multiple access (CDMA), when the
user of interest is interfered by other users due to non-orthogonal or
non-synchrounous codes

b) Receive- and transmit-diversity systems, e.g., the well known space-time
coded systems for fading channels

c) Orthogonal frequency division multiplexing (OFDM) currently used as
a modulation scheme in many systems (xDSL, DAB, DVB, WLAN, ...),

just to mention a few

d) Information storage, such as magnetic or optical memories, e.g., due to the
multitrack interference in magnetic recording systems
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DETECTION IN MIMO SYSTEMS
The basic approach

MIMO systems are multidimensional versions of transmission (or storage)
systems and can be described by a suitable vector or matrix notation

In some cases the increased system dimensionality can be exploited, e.g. in
space-time coding

Most detection techniques can be applied to MIMO systems in a conceptually
straightforward manner by a proper notational extension

The complexity may be an issue due to the increased dimensionality (not only
notationwise)
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DETECTION IN MIMO SYSTEMS
General system model

A C R A
MIMO [—™ .| MIMO
(ST) .| MIMO : MAP
: " | channel | - :
encoder det./dec.

A : input information matrix (N x K) (or N’ x K)

C : code matrix (N x K)

R : received matrix (M x K)

A : detected information matrix (N x K) (or N’ x K)

Rows and columns may represent the “space” and time dimensions, respectively

Notation: for an (N x K) matrix X, ,,X}. is element (n, k), ,X is the n-th

row, X Is the k-th column, and ZQX]{Q Is an (no—n1) X (ko—k1) submatrix
k 1%k 2 1] 27 h1 208
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DETECTION IN MIMO SYSTEMS
MAP strategies

MAP block detection R
A = Argmax P(A|R)

MAP sequence detection

nAéf—l — arirf?%)lcp(nAéf—llR)
=20

MAP symbol detection

nAj = argmax P(,A|R)
nAk

Finite memory systems
E—1 Ak k—1
p<Rk‘RO 7AO) :p(Rk‘RO 7Ak70-k)
where vectors R;. and A are the signal received and the information

transmitted at time k (i.e., over “space”), respectively, and oy is a suitably
defined system state
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ADVANCED APPLICATIONS OF PSP
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