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Motion Compensated Video Coding

Almost all modern video 
ode
s rely on motion 
ompensated

video 
oding as their primary mean of spatial and temporal

redundan
y redu
tion

But Motion Compensation requires Motion Estimation whi
h

is still 
omputationally intensive

In the past, the fo
us was on the development of e�
ient

predi
tive sear
h methods

New fo
us: Implementation-spe
i�
 Speed-ups!
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Implementation Aspe
ts

Implementation-spe
i�
 Speed-Ups

◮ Astute exploitation of the ma
hine, CPU, Compiler, and

algorithms.

◮ Exploiting the ma
hine:

◮ Using the ISA (instru
tion set ar
hite
ture) to its fullest

◮ ...espe
ially SIMD �multimedia� extensions
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Motion Estimation Algorithms

Gradient-des
ent heuristi
s

M. E. algorithms are�after the predi
tive step�very often only

gradient-des
ent type algorithms, sear
hing for a lo
al minimum

To do so, they suppose that the error surfa
e generated by the

metri
 is approximately 
on
ave around the position of the best

mat
h

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

resilient to approximate metri
s for image mat
hing
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Motion Estimation Algorithms

Resilien
e to Approximate Metri
s

Solutions were proposed before:

[Chan96, Kwan97, Liu93, Tom06℄

◮ Early Termination

◮ Progressive/Hierar
hi
al Sampling

but...

◮ Do not take into a

ount the underlying ma
hine

◮ bran
h-intensive, more 
ode, more math, et
.
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Motion Estimation Algorithms

Resilien
e to Approximate Metri
s

The resilien
e suggests make full use of approximate metri
s

...whi
h in turn allows the exploitation of SIMD multimedia

extensions for better run-time

SIMD must be 
onsidered: sequential integer operations are

(
omparatively) very slow for the high 
omputational demands

of video 
ode
s
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Approximate Metri
s

Classi
al SAD

There are very few metri
s a
tually used in 
ode
s. One is the

MSE, the other is the SAD:

SAD(I, J) =
16∑

x=1

16∑

y=1

|Ix,y − Jx,y|

where I and J are two 16 × 16 (1-
omponent) pixels image

pat
hes.

→ It 
onsiders all the points.
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Approximate Metri
s

Modi�ed SAD

We propose to generalize the SAD:

SADM (I, J) =
16∑

x=1

16∑

y=1

Mx,y |Ix,y − Jx,y| (1)

with M , a 16 × 16 binary matrix, 
onditionally enabling or

disabling pixels in the metri
s.
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Approximate Metri
s

Proposed Approximate Metri
s

(a) Sparse (b) Quin
unx (
) S-Deint

(d) Deint (e) Inter. (f) Full

Figure: Proposed Metri
s
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Approximate Metri
s

The Matrix M

The Matrix M ...

◮ Allows to adjust Sampling Density

◮ Allows to build-in ma
hine-spe
i�
 
onstraints�su
h as

SIMD friendly patterns

→ Must balan
e the two!
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Testing Motion Estimation Resilien
e

Building Proper Tests

Sele
ting 'ben
hmark' sequen
es in CIF/QCIF:

◮ Akiyo

◮ Bus

◮ Foreman

◮ ...

Sele
ting relevant Motion Estimation Algorithms:

◮ Full Sear
h

◮ UMHexS

◮ EPZS

◮ PMVFAST

◮ ...
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Testing Motion Estimation Resilien
e

The Foreman Sequen
e, Full Sear
h

70 80 90 100 110 120
Frames

24

26

28

30

32

34

36

38

dB

Sparse

Int.

S-Deint

Deint

Quin.

Full

Figure: Foreman CIF Sequen
e, using Full Sear
h
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Testing Motion Estimation Resilien
e

The Foreman Sequen
e, EPZS
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Figure: Foreman CIF Sequen
e, using EPZS

Steven Pigeon & Stéphane Coulombe Speeding Up Motion Estimation inModern Video En
oders UsingApproximate Metri
s & SIMD Pro
essors



Intro Metri
s Resilien
e Speed Dis
uss End Refs

Testing Motion Estimation Resilien
e

The Foreman Sequen
e, PMVFAST
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Figure: Foreman CIF Sequen
e, using PMVFAST
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Testing Motion Estimation Resilien
e

Loss of Quality, in dB, for QCIF

CIF SAD Quin. Deint S-Deint Int. Sparse
Akiyo 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

Foreman 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

Tempete 27.2 -0.02 -0.03 -0.03 -0.03 -0.07

Table: PSNR for QCIF sequen
es using full sear
h

CIF SAD Quin. Deint S-Deint Int. Sparse
Akiyo 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

Foreman 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

Tempete 27.0 -0.03 -0.04 -0.05 -0.03 -0.07

Table: PSNR for sele
ted QCIF sequen
es using EPZS
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Testing Motion Estimation Resilien
e

Loss of Quality, in dB, for CIF

CIF SAD Quin. Deint S-Deint Int. Sparse
Akiyo 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

Foreman 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

Tempete 27.0 -0.01 -0.04 -0.06 -0.05 -0.12

Table: PSNR for CIF sequen
es using full sear
h

CIF SAD Quin. Deint S-Deint Int. Sparse
Akiyo 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

Foreman 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

Tempete 26.5 -0.02 -0.05 -0.07 -0.06 -0.13

Table: PSNR for sele
ted CIF sequen
es using EPZS
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Testing Motion Estimation Resilien
e

Resilien
e is Veri�ed!

Resilien
e is Veri�ed...

◮ For most Approximated Metri
s

◮ For SIMD-friendly Metri
s

◮ But have to be dense enough
◮ But have to be spread enough

◮ / 0.1 dB worst 
ase for Deint and S-Deint!
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Ma
hine-Spe
i�
 Speed Ups

Choosing The Right Tools

Choosing a platform (and its tools) to study :

◮ The ubiquitous x86/86_64 Family 1

◮ SIMD instru
tion set: SSE and SSE2 levels widely available

◮ Generi
 pro
essors of all kinds: netbooks to high-end

servers

◮ Sophisti
ated development tools:

◮ GNU/Linux Ubuntu 8.04 LTS as operating system
◮ Intel C Compiler (ICC) 11.x
◮ Intel Performan
e Primitives (IPP) 6.0.x (used as a ben
hmark)

1 In the server/workstation/home worlds; while all the major game 
onsoles have
PowerPC-derived Chips
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Ma
hine-Spe
i�
 Speed Up

Experimental Code

The Experimental Code

◮ �Vanilla� C versions of metri
s

◮ �Vanilla� C versions with auto-ve
torization

◮ SSE/SSE2-level assembly language versions of metri
s

using:

◮ smart 
all 
onventions
◮ full 
onstant-propagation
◮ simple addressing modes
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Ma
hine-Spe
i�
 Speed Up

A 
ase study: Core T2500 � 2.00GHz

QCIF
Implementation pixels Calls/µs Pixels/µs Speed-up

SAD, C 100% 1.40 358.4 1:1
SAD, IPP 100% 7.14 1827.8 5.1:1

SAD, C, Ve
t. 100% 7.53 1927.7 5.4:1
MSE, C 100% 1.45 371.2 1:1

MSE, C, Ve
t. 100% 4.45 1139.2 3.2:1

Sparse, C, Ve
t. 25% 5.53 353.9 4:1
S-Deint, C, Ve
t. 44% 3.67 411.0 2.6:1
Quin., C, Ve
t. 50% 2.67 341.8 1.9:1
Int., C, Ve
t. 50% 3.46 442.9 2.5:1

Deint, C, Ve
t. 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-Deint, SSE2 44% 15.98 1789.8 11.4:1
Quin., SSE2 50% 7.39 945.9 5.3:1
Int., SSE2 50% 14.50 1856.0 10.4:1

Deint, SSE2 50% 13.88 1776.6 9.9:1

Table: QCIF timing results for the Intel Core T2500 (a

ura
y within ±1%).
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Ma
hine-Spe
i�
 Speed Up

A 
ase study: Core T2500 � 2.00GHz

CIF
Implementation pixels Calls/µs Pixels/µs Speed-up

SAD, C 100% 1.30 332.8 1:1
SAD, IPP 100% 5.36 1372.2 4.1:1

SAD, C, Ve
t. 100% 5.71 1461.8 4.4:1
MSE, C 100% 1.41 361.0 1.1:1

MSE, C, Ve
t. 100% 3.93 1006.1 3.0:1

Sparse, C, Ve
t. 25% 4.87 311.7 3.7:1
S-Deint, C, Ve
t. 44% 3.40 380.8 2.6:1
Quin., C, Ve
t. 50% 2.42 309.8 1.9:1
Int., C, Ve
t. 50% 3.33 426.2 2.6:1

Deint, C, Ve
t. 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-Deint, SSE2 44% 9.60 1075.2 7.4:1
Quin., SSE2 50% 5.63 720.6 4.3:1
Int., SSE2 50% 10.48 1341.4 8.1:1

Deint, SSE2 50% 8.14 1041.9 6.3:1

Table: CIF timing results for the Intel Core T2500 (a

ura
y within ±1%).
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E�e
ts on Quality

◮ E�e
ts of Approximated Metri
s are negligible

◮ / 0.1 dB before quantization, for most sequen
es, even with

high motion

On average, the fast, SIMD-friendly, approximate metri
s perform about as

well as the exa
t metri


◮ Some metri
s are bad : / 1 dB before quantization

Even though the Interla
ed metri
 is very SIMD-friendly and the Sparse

metri
 very fast, and the average loss is mu
h smaller than 1 dB, these

metri
s may in
ur an una

eptable loss upto / 1 dB, espe
ially on

high-motion videos su
h as Bus and Foreman. They should therefore be

avoided.
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Speed Up

Ve
torizing Compilers

◮ Optimizing/Ve
torizing Compilers are still �ni
ky

Compiler do not always re
ognize ve
torizable 
ode even if it was written

with 
are.

◮ Ve
torized 
ode not always very impressive

Even when the 
ompiler dete
ts the ve
torization potential, it does not

ne
essarily produ
e very e�
ient 
ode. For example, the auto-ve
torized

Quin
unx approximate metri
 has a speed up of 1.9:1 relative to the

non-ve
torized C++ 
ode, but the hand-
rafted SSE2 version o�ers 5.3:1 !

◮ Ve
torizing 
ompilers still have a long way to go!

So even if optimizing 
ompilers are better at generating 
ode than other


ompilers, we 
annot rely on them very heavily for speed optimization.
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Speed Up

◮ CIF and QCIF exhibit di�erent performan
e 
hara
teristi
s

◮ QCIF: up to 11.4:1 using S-Deint (with a loss of / 0.1 dB).

IPP delivers 5.1:1

◮ CIF: up to 8.1:1 with S-Deint

IPP delivers 4.1:1
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Con
lusion

Results

◮ / 0.1 dB loss with good, SIMD-friendly, fast, approximate

metri
s

◮ Speed Ups up to

◮ 11.4:1 from non-ve
torized C 
ode for QCIF

◮ 8.1 for CIF

' 2 : 1 against IPP (and auto-ve
torized 
ode)

◮ A viable alternative to 
ostly exa
t 
omputation of the SAD
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Con
lusion

Future Dire
tions

◮ Chara
terize resulting Quality of Approximate Metri
s with

Quantization

◮ Chara
terize speed ups in 
ode
s like MPEG-4 AVC /

H.264
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