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Motion Comp ensated Video Co ding

Almost all mo dern video co decs rely on motion comp ensated

video co ding as their primary mean of spatial and temp oral

redundancy reduction

But Motion Comp ensation requires Motion Estimation whic h

is still computationally in tensiv e

In the past, the fo cus w as on the dev elopmen t of e�cien t

predictiv e searc h metho ds

New fo cus: Implemen tation-sp eci�c Sp eed-ups!
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Implemen tation Asp ects

Implemen tation-sp eci�c Sp eed-Ups

I
Astute exploitation of the mac hine, CPU, Compiler, and

algorithms.

I
Exploiting the mac hine:

I
Using the ISA (instruction set arc hitecture) to its fullest

I
...esp ecially SIMD �m ultimedia� extensions
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Motion Estimation Algorithms

Gradien t-descen t heuristics

M. E. algorithms are�after the predictiv e step�v ery often only

gradien t-descen t t yp e algorithms, searc hing for a lo cal minim um

T o do so, they supp ose that the error surface generated b y the

metric is appro ximately conca v e around the p osition of the b est

matc h

Therefore, it is reasonable to supp ose that most M. E. are quite

resilien t to appro ximate metrics for image matc hing
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Motion Estimation Algorithms

Resilience to Appro ximate Metrics

Solutions w ere prop osed b efore:

[Chan96 , K w an97 , Liu93, T om06 ]

I
Early T ermination

I
Progressiv e/Hierarc hical Sampling

but...

I
Do not tak e in to accoun t the underlying mac hine

I
branc h-in tensiv e, more co de, more math, etc.
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Motion Estimation Algorithms

Resilience to Appro ximate Metrics

The resilience suggests mak e full use of appro ximate metrics

...whic h in turn allo ws the exploitation of SIMD m ultimedia

extensions for b etter run-time

SIMD must b e considered: sequen tial in teger op erations are

(comparativ ely) v ery slo w for the high computational demands

of video co decs
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Appro ximate Metrics

Classical SAD

There are v ery few metrics actually used in co decs. One is the

MSE, the other is the SAD:

SAD(I; J ) =
16X

x=1

16X

y=1

jI x;y � Jx;y j

where I and J are t w o 16� 16 (1-comp onen t) pixels image

patc hes.

! It considers all the p oin ts.
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Appro ximate Metrics

Mo di�ed SAD

W e prop ose to generalize the SAD:

SADM (I; J ) =
16X

x=1

16X

y=1

M x;y jI x;y � Jx;y j (1)

with M , a 16� 16 binary matrix, conditionally enabling or

disabling pixels in the metrics.
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Appro ximate Metrics

Prop osed Appro ximate Metrics

(a) Sparse (b) Quincunx (c) S-Dein t

(d) Dein t (e) In ter. (f ) F ull

Figure: Prop osed Metrics
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Appro ximate Metrics

The Matrix M

The Matrix M ...

I
Allo ws to adjust Sampling Densit y

I
Allo ws to build-in mac hine-sp eci�c constrain ts�suc h as

SIMD friendly patterns

! Must balance the t w o!
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T esting Motion Estimation Resilience

Building Prop er T ests

Selecting 'b enc hmark' sequences in CIF/QCIF:

I
Akiy o

I
Bus

I
F oreman

I
...

Selecting relev an t Motion Estimation Algorithms:

I
F ull Searc h

I
UMHexS

I
EPZS

I
PMVF AST

I
...
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T esting Motion Estimation Resilience

The F oreman Sequence, F ull Searc h

70 80 90 100 110 120
Frames

24
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32

34

36

38

dB

Sparse

Int.

S- Deint

Deint

Quin.

Full

Figure: F oreman CIF Sequence, using F ull Searc h
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T esting Motion Estimation Resilience

The F oreman Sequence, EPZS
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Figure: F oreman CIF Sequence, using EPZS
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T esting Motion Estimation Resilience

The F oreman Sequence, PMVF AST

70 80 90 100 110 120
Frames

24

26

28

30

32

34

36

38
dB

Sparse

Int.

S- Deint

Deint

Quin.

Full

Figure: F oreman CIF Sequence, using PMVF AST
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T esting Motion Estimation Resilience

Loss of Qualit y , in dB, for QCIF

CIF SAD Quin. Dein t S-Dein t In t. Sparse

Akiy o 43.3 -0.01 -0.03 -0.03 -0.05 -0.07

Bus 24.1 -0.03 -0.07 -0.10 -0.11 -0.28

F oreman 31.5 -0.05 -0.06 -0.09 -0.13 -0.18

News 35.9 -0.03 -0.06 -0.07 -0.06 -0.19

Mobile 25.4 -0.04 -0.03 -0.04 -0.04 -0.16

Stefan 25.1 -0.04 -0.07 -0.11 -0.09 -0.22

T emp ete 27.2 -0.02 -0.03 -0.03 -0.03 -0.07

T able: PSNR for QCIF sequences using full searc h

CIF SAD Quin. Dein t S-Dein t In t. Sparse

Akiy o 43.3 -0.01 -0.03 -0.02 -0.05 -0.07

Bus 23.5 -0.01 -0.02 -0.06 -0.09 -0.20

F oreman 31.3 -0.08 -0.08 -0.11 -0.17 -0.28

News 35.9 -0.04 -0.05 -0.07 -0.05 -0.22

Mobile 25.4 -0.03 -0.02 -0.04 -0.04 -0.15

Stefan 24.8 -0.02 -0.02 -0.03 -0.04 -0.11

T emp ete 27.0 -0.03 -0.04 -0.05 -0.03 -0.07

T able: PSNR for selected QCIF sequences using EPZS
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T esting Motion Estimation Resilience

Loss of Qualit y , in dB, for CIF

CIF SAD Quin. Dein t S-Dein t In t. Sparse

Akiy o 42.8 -0.02 -0.05 -0.07 -0.05 -0.11

Bus 25.1 -0.01 -0.06 -0.10 -0.13 -0.34

F oreman 32.2 -0.03 -0.10 -0.11 -0.76 -0.86

News 36.5 -0.03 -0.06 -0.09 -0.10 -0.23

Mobile 25.2 -0.04 -0.07 -0.08 -0.09 -0.26

Stefan 26.0 -0.01 -0.08 -0.10 -0.12 -0.25

T emp ete 27.0 -0.01 -0.04 -0.06 -0.05 -0.12

T able: PSNR for CIF sequences using full searc h

CIF SAD Quin. Dein t S-Dein t In t. Sparse

Akiy o 42.7 -0.02 -0.05 -0.07 -0.06 -0.11

Bus 24.3 -0.00 -0.05 -0.05 -0.17 -0.34

F oreman 31.9 -0.04 -0.11 -0.11 -0.73 -0.83

News 36.2 -0.03 -0.08 -0.12 -0.08 -0.24

Mobile 25.1 -0.03 -0.05 -0.06 -0.07 -0.23

Stefan 25.7 -0.01 -0.09 -0.09 -0.11 -0.22

T emp ete 26.5 -0.02 -0.05 -0.07 -0.06 -0.13

T able: PSNR for selected CIF sequences using EPZS
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T esting Motion Estimation Resilience

Resilience is V eri�ed!

Resilience is V eri�ed...

I
F or most Appro ximated Metrics

I
F or SIMD-friendly Metrics

I
But ha v e to b e dense enough

I
But ha v e to b e spread enough

I / 0:1 dB w orst case for Dein t and S-Dein t!

Stev en Pigeon & Stéphane Coulom b e Sp e e ding Up Motion Estimation inMo dern Vide o Enc o ders UsingAppr oximate Metrics & SIMD Pr o c essors



In tro Metrics Resilience Sp eed Discuss End Refs

Mac hine-Sp eci�c Sp eed Ups

Cho osing The Righ t T o ols

Cho osing a platform (and its to ols) to study :

I
The ubiquitous x86/86_64 F amily

1

I
SIMD instruction set: SSE and SSE2 lev els widely a v ailable

I
Generic pro cessors of all kinds: netb o oks to high-end

serv ers

I
Sophisticated dev elopmen t to ols:

I
GNU/Lin ux Ubun tu 8.04 L TS as op erating system

I
In tel C Compiler (ICC) 11.x

I
In tel P erformance Primitiv es (IPP) 6.0.x ( used as a b enc hmark )

1

In the serv er/w orkstation/home w orlds; while all the ma jor game consoles ha v e

P o w erPC-deriv ed Chips
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Mac hine-Sp eci�c Sp eed Up

Exp erimen tal Co de

The Exp erimen tal Co de

I
�V anilla� C v ersions of metrics

I
�V anilla� C v ersions with auto-v ectorization

I
SSE/SSE2-lev el assem bly language v ersions of metrics

using:

I
smart call con v en tions

I
full constan t-propagation

I
simple addressing mo des
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Mac hine-Sp eci�c Sp eed Up

A case study: Core T2500 @ 2.00GHz

QCIF

Implemen tation pixels Calls/ � s Pixels/ � s Sp eed-up

SAD, C 100% 1.40 358.4 1:1

SAD, IPP 100% 7.14 1827.8 5.1:1

SAD, C, V ect. 100% 7.53 1927.7 5.4:1

MSE, C 100% 1.45 371.2 1:1

MSE, C, V ect. 100% 4.45 1139.2 3.2:1

Sparse, C, V ect. 25% 5.53 353.9 4:1

S-Dein t, C, V ect. 44% 3.67 411.0 2.6:1

Quin., C, V ect. 50% 2.67 341.8 1.9:1

In t., C, V ect. 50% 3.46 442.9 2.5:1

Dein t, C, V ect. 50% 3.20 409.6 2.3:1

SAD, SSE2 100% 8.27 2117.1 5.9:1

Sparse, SSE2 25% 13.13 850.3 9.4:1

S-Dein t, SSE2 44% 15.98 1789.8 11.4:1

Quin., SSE2 50% 7.39 945.9 5.3:1

In t., SSE2 50% 14.50 1856.0 10.4:1

Dein t, SSE2 50% 13.88 1776.6 9.9:1

T able: QCIF timing results for the In tel Core T2500 (accuracy within � 1%).
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Mac hine-Sp eci�c Sp eed Up

A case study: Core T2500 @ 2.00GHz

CIF

Implemen tation pixels Calls/ � s Pixels/ � s Sp eed-up

SAD, C 100% 1.30 332.8 1:1

SAD, IPP 100% 5.36 1372.2 4.1:1

SAD, C, V ect. 100% 5.71 1461.8 4.4:1

MSE, C 100% 1.41 361.0 1.1:1

MSE, C, V ect. 100% 3.93 1006.1 3.0:1

Sparse, C, V ect. 25% 4.87 311.7 3.7:1

S-Dein t, C, V ect. 44% 3.40 380.8 2.6:1

Quin., C, V ect. 50% 2.42 309.8 1.9:1

In t., C, V ect. 50% 3.33 426.2 2.6:1

Dein t, C, V ect. 50% 2.97 380.2 2.3:1

SAD, SSE2 100% 5.94 1520.6 4.6:1

Sparse, SSE2 25% 9.95 636.8 7.7:1

S-Dein t, SSE2 44% 9.60 1075.2 7.4:1

Quin., SSE2 50% 5.63 720.6 4.3:1

In t., SSE2 50% 10.48 1341.4 8.1:1

Dein t, SSE2 50% 8.14 1041.9 6.3:1

T able: CIF timing results for the In tel Core T2500 (accuracy within � 1%).
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E�ects on Qualit y

I
E�ects of Appro ximated Metrics are ne gligible

I / 0:1 dB b efore quan tization, for most sequences, ev en with

high motion

On a v erage, the fast, SIMD-friendly , appro ximate metrics p erform ab out as

w ell as the exact metric

I
Some metrics are b ad : / 1 dB b efore quan tization

Ev en though the In terlaced metric is v ery SIMD-friendly and the Sparse

metric v ery fast, and the a v erage loss is m uc h smaller than 1 dB, these

metrics ma y incur an unacceptable loss upto / 1 dB, esp ecially on

high-motion videos suc h as Bus and F oreman. They should therefore b e

a v oided.
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Sp eed Up

V ectorizing Compilers

I
Optimizing/V ectorizing Compilers are still �nic ky

Compiler do not alw a ys recognize v ectorizable co de ev en if it w as written

with care.

I
V ectorized co de not alw a ys v ery impressiv e

Ev en when the compiler detects the v ectorization p oten tial, it do es not

necessarily pro duce v ery e�cien t co de. F or example, the auto-v ectorized

Quincunx appro ximate metric has a sp eed up of 1.9:1 relativ e to the

non-v ectorized C++ co de, but the hand-crafted SSE2 v ersion o�ers 5.3:1 !

I
V ectorizing compilers still ha v e a long w a y to go!

So ev en if optimizing compilers are b etter at generating co de than other

compilers, w e cannot rely on them v ery hea vily for sp eed optimization.
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Sp eed Up

I
CIF and QCIF exhibit di�eren t p erformance c haracteristics

I
QCIF: up to 11.4:1 using S-Dein t (with a loss of / 0:1 dB).

IPP deliv ers 5.1:1

I
CIF: up to 8.1:1 with S-Dein t

IPP deliv ers 4.1:1
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Conclusion

Results

I / 0:1 dB loss with go o d, SIMD-friendly , fast, appro ximate

metrics

I
Sp eed Ups up to

I
11.4:1 from non-v ectorized C co de for QCIF

I
8.1 for CIF

' 2 : 1 against IPP (and auto-v ectorized co de)

I
A viable alternativ e to costly exact computation of the SAD
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Conclusion

F uture Directions

I
Characterize resulting Qualit y of Appro ximate Metrics with

Quan tization

I
Characterize sp eed ups in co decs lik e MPEG-4 A V C /

H.264
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