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The Timing Recovery Problem

Receiver expects the k-th pulse to arrive at time k1"

0 T 2T 3T 4T 5T

Instead, the &-th pulse arrives at time 2T + 1;,.

Notation: T;, Is offset of k£-th pulse.



Sampling

Best sampling times af&T + 1,}.
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The PR4 Model and Notation

TIMING
OFFSETS AWGN

Define:

D{odllzr T ™™ gUf)—»é—» r(t) =3 ,dpgt — kT —T13)

+ AWGN

SINC FUNCTION

2T 0 2T 4T

d, =a; —a; _o {0, £2} = 3-level “PR4” symbol
d, = recever’s estimate off;,

T;, = timing ofset

T, = recever’s estimate of,

&, =T;, — T;, estimate errowith stdoy.

€, = recever’s estimate o,



ML Estimate: Tained, Constant 3kt

The ML estimatad minimizes J(T | @) = [oo Er(t) — Zi d;g(t—1T - T)gdt .
Exhaustve search:

Try all values fort, pick one that best represen(g ) in MMSE sense.




ANIMATION 1



Achieves CrameRao Bound

r(kT + T) = Zldlg(kT— (T+1 — 1) +ny

=s,(€) + ng, wheree =1 —T is the estimation error

The CRB on theariance of the estimation error:
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Implementation

2T -T 0 T 2T
. _ . - 0
Gradient search: T,,1=T,- MEJ(T @), =+,
Direct calculation 19 N
of gradient: EEJ(T la)= 3, di[ r(t)g (t —iT—1)dt
=2:;d;ri.
Remarks:

e Susceptible to local minima Iinitialize carefully
« Block processing.
 Requires training.



Conventiond Timing Recovery

After each sample:

Step l. Estimate residual error, using atiming-error detector (TED)

Step 2. Update T, using a phase-locked loop (PLL)

TR

r(t) ?X

A
RT + Ty,
/ PLL \

VITERBI
DETECTOR

d {0, £2}
o -
L\— TRAINING

dp
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LMS Timing Recovery

MM SE cost function:
7" R dk D
k-th sample, what we want it to be

ry, = r(kT + -’fk)

LMS approach: Tp,.1= T+ UE

where ék:_%Erk_dkg}f—f.
=Ty
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LMS TED

But: -—— rk_dkg] = (I"k dk) Z d. g(kT—lT+T—T)
1=1,

where p (¢:) =

= (rp—dp) Y dig kT~ iT+T - 1)
= (rk dk)z dl (Sk)

0
EQ(nT— €):
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From LMS to Mueller & Muller

€, U= (rp, —dp)(dj_1—dj +1)+smaller terms

=rpdp_1—TpAp+ 1~ Apdp_ 1t dpdp 4+ 1

Indepngdent ot

Delay second term and eliminate lasbiw
€, Urpdy _1—r,_1d, 0 Mueller & Muller (M&M) TED
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LMSisNoiser
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An Interpretation of M&M

Consider the complex signal r(t) + jr(t — T).
|ts noiseless trg ectory: |

o |t passesthrough {0, +2, +2+2;, +25} attimes{kT + T}.

» More often than not, in a counterclockwise direction.

16



ANIMATION 2
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Sampling Late by 20%
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Decison-Directed TED

Replacetraining by decisions{d,} O &, 0rdy_{—r,_1dy .

| nstantaneous decisions:
« Hard: Round r;, to nearest symbol.

2sinh(21y, / 0?)
2/02°

i SOft ng: E[dk | I"k] =

cosh (277 /02) +e

~ 00 dB
dt -
§\10dB

r

*
L J
L
-
%o
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Reliability versus Delay

Three places to get decisions:

r(t) r, =r(kT +13)
N : | EOUALER [—T—*|DECODER f+—»-
p Y
kT +/Tk >D
ék r B
UPPDLALTE «——| TED. | *D Ya AT o
~ Dl o <}

. . - d /| C
1, 4+1=1, + AE, k—D

Inherent trade-df reliability versus delay
 to get more reliable decisions requires more decoding dklay
» delay decreases agility to timingnations



Decison Dday Degrades Performance

RMS TIMING JITTER O¢g/T (%)

TRAINED M&M
1st-ORDER PLL
E,/Ny=8dB
0,/ T =0.5%

5.5

4.5

3.5

0.04 0.06 0.08 0.1

PLL GAIN, O
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The Ingdantaneous-vs-Rdi1able Trade-Off

7%

JITTER
O /T 6% L
5%
4% - DELAY-20,
PERFECT DECISIONS
3%
204 L | INSTANTANEOUS BUT
UNRELIABLE DECISIONS
1% b o v
0 5 10 15 20 25
SNR (dB)
Parameters
Averaged over 40,000 bits Delay dopt Reliability becomes more
random walk g, /T = 0.5% important at low SNR.
1st-order M&M PLL 20 0.017

a optimized for SNR = 10 dB 0 0.046
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Assume

Linearized AnalySs

£, = €, + independent noise

=T, — 1 + 1y

[J 1storder PLL, T;, + 1 =T + (T, — T, +ny), isalinear system:

Ly

NOISE

1-st order LPF a

J

ozl

»@ L

T
TRy W

Ex: Random walk

We,

WHITE

1-st order LPF

T, v

WHITE

-

N

1, [1 derive optimal a

-

~ to minimize o2
n &g
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ThePLL Update

1st-order PLL: T,,.1=1,+0E,

e Already introduced using LMS
o Easly motivated intuitively:
0 if € isaccurate, 0 = 1 correctsin one step
[0 Smaller a attenuates noise at cost of slower response

k A
€n

2nd-order PLL : Tp1=Tp+0§ +BY

n = —o

 Accumulate TED output to anticipate trends
e P+l control

o Closed-loop system is second-order LPF
e Faster response
o Zero steady-state error for frequency offset

>
TIME
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Equivaent Viewsof PLL

Anaysis: Sampleat {kT + 1}, where
~ ~ ~ k ~
* Tpe1=Tp+0g+p) €n

n = —o

. &, isestimate of timing error at time k .

| mplementation:

—» A/D ? >

!

B €k
VCO <« (O + — - TED
|
Accumulation LOOP FILTER PHASE DETECTOR

implicit in VCO

27



teratve Timing Recoery

Motivation
 Powerful coded] low SNRO timing recwery is dificult

e traditional PLL approach ignores presence of code

Key Questions
e How can timing receery eploit code?
 What performanceains can bex@ected?

e |[sit practical?
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A Canonical Example

Simplest possible channel model:

{1} alphabet, ideal ISI-free pulse shape
e constant timing déetT
« AWGN.

Add a rate-Y 3 turbo code with £1} alphabet:

Rate-1/3 Turbo Code

m . AWGN
2048 bits g
Moo x| @ r(t)=Y;a;8¢—-iT-1)
S RANDOM | g > gt —1) + AWGN
INTERLEAVER]|| TT
L 0D2 0% xsbw
1DDDD2 -

Problem: Recorer message irate of unknan noise, timing dbet
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teratve ML Timing Recoery

The ML estimatomith training minimizes
J(1 | a) :[°° (1) — S a8t - iT—T)gdt

Without training, the ML estimator minimiz&s,[J(T | a)].
An EM-like approach:/\
T

TIMING SYMBOL
ESTIMATOR ESTIMATOR

W

Useful in concept, Uit overstates compiaty.

For example, the timing estimator might itself be iterati

~

1= —-ud (T {a;}) .

30



A Reduced-Complexity Approach

Collapse three loops to a single loop.

InitializeT,
lterate fori=0,1,2, ...
decode conponent 1
decode conponent 2
update tinmng estimate, T;,,;=T;-uJ (T; {a;})
| nt er pol at e
end

As abenchmark, an iterative receiver that ignores the presence of FEC will
replace the pair of decodersby a{”) =tanh((r(kT +1,))/ 02).
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Reaults

RMS TIMING ERROR, O¢ /T

Parameters

T =0.123T, AWGN channel

Rate-1/3 Turbo Code

K = 2048 message bits

N = 6150 coded bits

S = 16 random interleaver, length 2048
1 inner per outer iteration

Averaged over 180 trials
O¢”=ElT -1)%]

5%
4%

3%

2%

1%

0.5%
0.4%

0.3%

0.2%

E,/Ny (dB)
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Nen Model: Random \adlk and IS

Equwvalent equalized readbaclaveform:
rt) =Y paph(t — RT —T3) + AWGN .

System diagram:

TIMING
PRECODER  OFFSET PR4 AWGN
mp, LDPC | ¢k 1 ar 5 r(t)
~ ENCODE [ "l1pp2[ 1 T [ = h@®) —»&H
// \\\
r Rate-&9 ~_ h(t) = gand(t) — 8uinc(t — 2T

| (4095, 3640) .

N

' irregular LDPC "~
. code with node-dgree .
. distribution polynomials: .

!

)\bit(x) = 0.387673c2 + 0.39823353 + 0.14688306 + 0.06722957

2
Pehock(®) = 0.10309x ? +0.89691x°"



Conventiond Turbo Equalizer + PLL

PR trellis
r(t) r
?Q . k.| BCuR
kT + fk apriori
+
/ —
/1 PLL [

G R
| |
| |
| |
| |
l CHECK | |
| NODES | |
| |
| |
| |
| |

A=LLR(cp) ] T
< > final

decisions



Performance of Conventiona Approach

WORD-ERROR RATE

Parameters SNR per bit (dB)

Known Timing: 10/ 5
Conventional: 25/5

max 10000000 words Big penalty as 0,/ T increases: cycle slips.
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Cyde-Sip Example

T | | | | | | | | |

<’&

— ACTUAL Tp,

|_ _ —

L

%)

LL

G

(D O = —

=

; —_ -

E _CYCLE ESTIMATE Tk | A

@) SLIP

L T

<

= 7L _

|_

%)

L Y

_15T ] ] ] ] ] ] ] ] ]
Parameters 0 2050 00
SNR;; = 5.0 dB TIME £ (in bit periods)

0,/ T=1.0%
a =0.055



Nested Loops

Iterate between PLL and turbo equalizer, which in turn
Iterates between BCJR and L DPC decoder, which in turn
Iterates between bit nodes and check nodes.

{1} TURBO EQUALIZER
{LLR(C})}

LDPC DECODER

CHECK

r(¢) —s| pLL BCJR BIT CHECK

EQ NODES

A
‘_/

N

{LLR(Cp)}

{LLE(d})}
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FROM
BCJR

A Decoder-Centric View

| Y
!
PLL &
BIT
A
V\

CHECK
NODES
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lterative Timing Recovary and TEQ

r(t) r
> OX k »| INTERPOLATE
T +1
b A
/] PLL |« :
v
//\\ BIT CHECK
I 5 NODES NODES
]
PLL :
| [
*& ]E A < » final
! decisions




Automatic Cyde-Sip Correction

|terative receiver automatically correctsfor cycle dlips:.

T

ACTUAL T

)

ESTIMATE OF TIMING OFFSET (Tk)
=

Parameters _1.5T | | | | | | | | |
SNRy,; = 5.0 dB 0 2050 4100
0,/ T=1.0%
a =0.055 TIME £ (in bit periods)

N/ iterations
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3 Approachesto Timing Recovery

3-W\ay

Conventional: |terative Timing Recovery:

@

TIMING EQUALIZATION

TIMING
—» RECOVERY
& SAMPLING

K’ DECODER [—»

Per-Survivor Iterative Timing Recovery:

N

—» PS-BCJR DECODER |—»

N
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Per-Survivor Process
|Rahd, Polydoros, Tzou 91-

A general framework for estimating Markov process with unknown
parameters and independent noise

Basic 1dea: Add a separate estimator to each survivor of Viterbi algorithm

Has been applied to channel identification, adaptive sequence detection,
carrier recovery

Application to timing recovery [Kovintaveat et al., ISCAS 2003]:

[1 Start with traditional Viterbi algorithm on PR trellis
[1  Run a separate PLL on each survivor, based on its decision history
[1  Motivations:

[0 PLL is fully trained whenever correct path is chosen!

[1 Can avoid decision delay altogether
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Per-Survivor BCIR?

Motivation: Exploit PSP concept in iterative receiver:

N

— PS-BCJR DECODER |—»

N

Problem: BCIJR algorithm has no “survivors”.

Proposal: Add depth-one “survivor” for purposes of timing recovery only.

The result 1s PS-BCJR
(] Start with traditional BCJR algorithm on PR trellis
[1  Embed timing-recovery process inside
[J  Run multiple PLL’s in parallel, one for each “survivor”
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PS-BCIR Braxch Mdric

Key: Eachnodep 0{0,1,2,3} intrellis at time k& hasits own
 T;(p), an estimate of the timing offset 1.

« r(p) = rp(RT + 1,(p)), corresponding sample

The branch metrics depend on samples of the starting state:

0 [
1[+4 Q ' | '
%(2,1) = exp{H rp2) -d?®V1%(20%) + VN, / 2}
2[5+] O
3 [+,+]




Par-Survivor BCIR: Forward Recurson

Associate with each node p [1{0,1,2,3} at time % the following:
* forward metric 0z(p)

« predecessor Ty(p)
* forward timing offset estimate Tp(p )

%O‘k+1(1)=7><3+9><5:66
O™, +1(1) = argmaxg o{ 7 % 3,9 % 5} =2

ET/Hl(l) = Tj(2) + WrpQ)d™ P2 —ry,_4(,(2))d> V)

LI I ..
r(RT + 14(2)) r((k—1)T + 15,_1(13,(2)))

Notation complicated, but idea is simple:
update blue node timing using M&M PLL driven by
the samples & inputs corresponding to blue branches.
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Backward Recurgaon

Associate with each node p [1{0,1,2,3} at time & the following

« backward metric B;(p)
o successor Op(p)

e backward timing offset estimate T kb (p) O

D[31?,(1) 8x1+9x2=26

[ka(l) = argmax2 {8x1,9%x2} =3

%k (1) = Tk+1(3) + W(rp1(05,1(BNADD — r(3)d® 0k+1(3))%
L] 00 I I

r((k+1)T + TI:kkg(okH(S))) rET + T%+1(3))

Again, update blue node timing using backward M&M PLL
driven by samples & inputs corresponding to blue branches.
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Compare Forward/Backward Timing

Backward timing estimates can exploit knowledge of forward estimates.
Option 1: Ignore forward estimates during backward pass.

Option 2: Average backward with forward estimate whenever they differ by
more than some threshold (say 0.17) in absolute value.
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New Encoder

PRECODER
Cp, 1 ap
- E'.Dé = TU —™1gD2[ =~
5|  S-RANDOM
10D0D?0D*| .| Z| INTERLEAVER
10D 0OD* o (s =16)
RATE-8,/9

LENGTH 4095
RSC ENCODER
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Compare 3 Sysems

3-Way lterative Timing Recovery:
Complexity = #IT x (PLL + BCJR + DEC)

Conventional: @

TIMING EQUALIZATION

TIMING
—» RECOVERY
& SAMPLING

Per-Survivor Iterative Timing Recovery: K‘ DECODER |

Complexity =#IT x (8 x PLL + BCJR + DEC)

N

—» PSP-BCJR DECODER |—»

N




Moderate Random 8k (0,,/ T = 0.5%)

10~1
1072
D)
10~3
ITERATIVE
% TIMING
) RECOVERY
1074 L
1072 |-
(KA\/OW/\/;.\ B D)
/M/Né)‘
10—6 | | | | | | |
4 4.5 5 55 6

SNR PERBIT, E;, /N, (dB)
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Severe Random Ak (0,,/ T = 1%)

BER

1 0—6 | | | |

SNR PER BIT, E /N, (dB)
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Exanple PSP Corrects Quickly

TIMING ESTIMATE

2.5T

2T

1.5T

0.5T

0,/ T=1%

ACTUAL T

L ;;ZNON-PSP, 50 ITERATIONS

ITERATIVE TIMING RECOVERY

500 1000 1500

2000 2500 3000 3500

TIME (in BIT PERIODS)

4000
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Corverlgence Rateo(,/ T = 1%)

1 C I T T T I :
_ CONVENTIONAL
L l'.I
2 107 -
o !
§§ ITERATIVE 3-way
o '\‘
L |
o \
O \
l_ ‘\
9 1072 -
? ITERATIVEPS ]
Co,/T=1% (KNOWN TIMING) |
| E,/Ny=5dB ]
10—3 | ! ! ! | | | | |
° 20 40 60 80 100

NUMBER OF ITERATIONS



How Long do Cycle Sips Pargg?

1 0,/ T=1%
—_ | E,/N,=5dB
o
=
(0))]
_ osl
= 1 T
z ERAT,
o IVE
= 06 3y
<
('
L — |
=
= 04l 1
o
= _ i
(p]
— 02 _
A ITERATIVE PS ]

0 | ) | | | |

0 20 40 60 80 100

NUMBER OF ITERATIONS, &



Summary

Powerful codes permit low SNR
0 conventional strategiesfail
0 exploiting code s critical

Problem is solvable

We described two strategies for iterative timing recovery
0 Embed timing recovery inside turbo equalizer
0 Automatically correctsfor cycle dlips

Challenges remaining
0 complexity
0 close gap to known timing
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