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ABSTRACT

We present a novel method for allocating computational Task 1
resources in motion estimation for real time video compres- ]
sion, in order to attempt to minimize prediction error over Task 2
the whole image. The method makes decisions about how
much compute power is allocated to motion estimation for g‘;’t‘: . 8::2“
each particular block based upon past observations of the -
input and output data of each task. We present prelimi- Task M
nary results that demonstrate the ability of our method to
improve the resulting quality of encoded video under a real- L
time computational constraint.

—— Data

1. INTRODUCTION — Control

Evaluator

Although the performance of computing devices continues
to grow, new multimedia applications still arise to challenge

the capabilities of these devices, particularly media com-
pression algorithms such as H.264. At the same time, re-
cent technological and market trends are pushing devices

to handle more computational tasks while consuming mini- here for clarity. Section 3 then explains how the model is
mal power. Many of these tasks have real time constraints,applied in motion estimation and Section 4 presents some

and therefore cannot be delayed. We present a frameworkyejiminary results. Section 5 presents possibilities for fu-
in which such tasks can be performed at different levels of 1,e directions and concludes the paper.

quality, with higher levels of quality requiring more com-

putational resources in terms of percentage of CPU time in

scalar architectures and/or functional units in highly parallel 2. FRAMEWORK

architectures, where the levels are set by a evaluator which

takes into account the computational constraint of the sys-The basic block diagram of our framework is shown in Fig-
tem, and the characteristics of the input and output signals. ure 1. The computational device is runnifg taskssimul-

This framework needs to be robust to changes in the na-taneously. Each of the tasks can be run at a ceitain
ture of the input signals and the overall computational con- plementation leveland each implementation level of each
straints. Therefore, it does not rely on amgriori estimates ~ task has @omputational cosof ¢, (1), wherem is the task
of quality for a given implementation. Instead, it relies on number and is a non-negative integer corresponding to the
observations of task inputs and task outputs to both estabimplementation level of the task. The tasks are ordered so
lish the current tradeoffs between computational costs andthatc,, (/) increases withi. In a particular time period, the
guality and allocate computational resources among differ- total costzij‘i1 ¢m/(l) of the selected implementations of
ent tasks appropriately. Furthermore, the framework itself all tasks cannot exceed, the total amount of computation
is computationally efficient. available. While the device is running the tasks,tthdeoff

The next section describes the mathematical frameworkmechanisnmaintains state variablés, (1), which are esti-
and terminology used in our model. Although the frame- mates of théenefitoffered by each particular implementa-
work has been previously presented in [1], it is repeatedtion level of each task. This benefit represents an abstract

Fig. 1. System Diagram



guantity whose meaning is dependent on our overall objec- 4. PRELIMINARY RESULTS
tive in allocating computational resources.

In a given time period, implementation levéls have We integrated our adaptive motion estimation with the UBC
been chosen. After all observations are made for the timeH.263 encoder [2]. We encoded sequences both with our in-
period, we assess the quality of each task through a functegrated version of the encoder and the standard version of
tion Q... These observations are then used to adjust thethe encoder. All sequences are standard CIF or SIF sized
implementation levels of the tasks. We use a two phasetest sequences except fBasketballwhich was digitized
method to do this adjustment. First, based upon the qual-from a television broadcast ahiT which originated from
ity assessment§),,,, we adjust benefit estimatég, (1) for the Advanced Television Research Program at MIT. The
the implementation levels of each task. Then, we solve astandard version of the encoder was run with a search area
multiple-choice knapsack probletn determine which im-  of 4 pixels in each direction, and the integrated version of
plementation levels,, are chosen for the next time period. the coder was run with an equivalent complexity constraint
More specifically, we try to choodeg, for all tasks in order ~ Of (2 x 4 + 1)>M B = 81M B total search positions avail-

to solve the following optimization problem: able, whereM B is the number of macroblocks in the pic-
ture.

, Sequence Frame| BitRate | Standard| Integrated
. l Rate | (kbps) | PSNR|  PSNR

maximize bi(1;) 1) (fps)
- Flower Garden| 15 | 1100 28.20 28.68
: Basketball 15 1100 29.55 29.99

bject t (1) < 2

subjectto ;C( ) <O @) MIT 30 | 1200 | 29.79|  30.42
Mobile 15 900 29.38 29.37
3. APPLICATION TO MOTION ESTIMATION Football 30 | 1300 | 29.79]  29.77

The first three sequences have a lot a translational mo-

We apply our system to motion estimation for standards- tion, while the last two have varied motion all across the
based video compression by treating the motion estimationframes. In the case of the first three, the system is able to
for eachmacroblock in a predicted frame as a seperate task.ré@llocate more search positions to the areas of the frame
The computational resource being allocated is the total num-With more motion. In the case of the last two, since all ar-
ber of search positions that can be used to find one matcHeas of the picture have significant motion, there is little im-
for each of the macroblocks. Implementation leieor- provement to be had in reallocating search positions from
responds to a search area[efl, ] x [—L,1], which costs ~ One macroblock to another.

(21 + 1)? search positions. Currently, we only consider ex-

haustive searches where every location in a search area is 5. CONCLUSION AND FUTURE DIRECTIONS
considered.

We expect the matching error or minimum SAD of the We have applied a framework for running multiple real-time
estimator to be at a minimum when the estimator is at the tasks to the problem of motion estimation in video compres-
highest level implementation, corresponding to the greatestsion, and have demonstrated its usefulness in being able to
search size area. The smaller the search size is, the greatépoint out” areas of active motion within a frame and al-
the resulting matching error will be. Therefore, we define locate more computational resources to motion estimation
the quality of the estimatorg),,, to be the negative of the in those areas. In the future, we plan to refine our models
SAD for a given frame. After each frame is encoded, we of computational costs to more accurately reflect execution
modify b,,, (1) for all implementation levelé for each task  times on common processors, and also to consider different

m as such: search strategies besides exhaustive search.
e Findc = max(|;a|, ly|) wherex andy are the hori- . 6. REFERENCES
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