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Complexity Model Based Proactive Dynamic Voltage
Scaling for Video Decoding Systems

Emrah Akyol and Mihaela van der Schaar, Senior Member, IEEE

Abstract—Significant power savings can be achieved on voltage/
frequency configurable platforms by dynamically adapting the
frequency and voltage according to the workload (complexity).
Video decoding is one of the most complex tasks performed on
such systems due to its computationally demanding operations like
inverse filtering, interpolation, motion compensation and entropy
decoding. Dynamically adapting the frequency and voltage for
video decoding is attractive due to the time-varying workload
and because the utility of decoding a frame is dependent only on
decoding the frame before the display deadline. Our contribution
in this paper is twofold. First, we adopt a complexity model that
explicitly considers the video compression and platform specifics
to accurately predict execution times. Second, based on this com-
plexity model, we propose a dynamic voltage scaling algorithm
that changes effective deadlines of frame decoding jobs. We pose
our problem as a buffer-constrained optimization and show that
significant improvements can be achieved over the state-of-the-art
dynamic voltage scaling techniques without any performance
degradation.

Index Terms—Complexity prediction, dynamic voltage scaling,
video decoding.

I. INTRODUCTION

OWER-FREQUENCY reconfigurable processors are al-
P ready available in wireless and portable devices. Recently,
hardware components are being designed to support multiple
power modes that enable trading off execution time for energy
savings. For example, some mobile processors can change the
speed (i.e., frequency) and energy consumption at runtime [1],
[2]. Significant power savings can be achieved by adapting the
voltage and processing speed for the tasks where early comple-
tion does not provide any gains.

Dynamic voltage scaling (DVS) algorithms were proposed
for dynamically adapting the operating frequency and voltage.
In CMOS circuits, power consumption is described by the fol-
lowing relationship: Power oc V2 - Ceys - f, where V, Ceyy,
f denote the voltage, effective capacitance and the operating
frequency, respectively. The energy spent on one task is propor-
tional to the time spent for completing that task and since the
time is inversely proportional to frequency, the energy is propor-
tional to the square of the voltage, i.e., Energy V2Oeff [3].
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The energy spent on one process can be reduced by decreasing
the voltage, which will correspondingly increase the delay. The
main goal of all DVS algorithms is utilizing this energy-delay
tradeoff for tasks whose jobs’ completion times are immate-
rial as long as they are completed before their processing dead-
line [4]-[8]. An example is real-time video decoding, where
an early completion of frame decoding does not provide any
benefit as long as the display deadline for that frame is met.
A DVS algorithm essentially assigns the operating level (i.e.,
power and frequency) for each job given the estimated cycle re-
quirement (i.e., the required complexity) and the job deadline.
Hence, the success of DVS algorithms depends on the accu-
racy of the complexity estimation for the various jobs. Over-
estimating the complexity results in early termination and idle
time and hence, resources are unnecessarily wasted. Underesti-
mating the complexity, however, results in insufficient time allo-
cation for the job. In the specific case of video decoding, this can
lead to frame drops or frame freezes. To avoid such job misses,
current embedded systems often assume “worst-case” resource
utilization for the design and implementation of compression
techniques and standards, thereby neglecting the fact that mul-
timedia compression algorithms require time-varying resources,
which differ significantly from the “worst-case” requirements.

A. Dynamic Voltage Scaling-Related Works

DVS is an especially good fit for multimedia applications
because these applications generally involve computationally
complex tasks. Recently, several researchers have addressed
the problem of efficient DVS for multimedia applications.
An intra-job DVS is proposed by gradually increasing the
frequency (speed) within the job, while monitoring the in-
stantaneous cycle demands similar to the approach in [5]. In
[6], rather than using the worst case complexity, a worst case
estimate satisfying a statistical guarantee determined based on
the online profiled histogram of the previous frames is used for
the frequency assignment of each job. Moreover, a cross layer
optimization framework for different layers of the operating
system is proposed to minimize the energy consumption for
multimedia applications in [6].

Multimedia data consists of a sequence of data units (DU).
The data unit could have different granularities, i.e., it can be a
video frame, a part of a video frame, a video packet, a collec-
tion of video frames, macroblocks, subbands etc. For video de-
coding, a job represents conventionally the decoding of a frame.
Based on the frame rate, there is a worst-case design parameter,
Tnax, that denotes the amount of time available for processing a
job. Depending on the time-varying characteristics of the video
content, the deployed compression algorithm and parameters
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Fig. 1. DVS Strategies: (Top) No DVS, (middle) conventional reactive DVS and (bottom) proposed proactive DVS.

and encoding/transmission bit-rate, not every job needs the en-
tire Tinax to complete its execution. Often, the actual comple-
tion time of the job is less than T},,,x. As shown in the top panel
of Fig. 1, the first job needs T1 time units whereas the second
job needs T2 time units. The difference between T},,,x and the
actual completion time is called “slack.” The key idea behind
existing adaptive systems [5]—[8] is to adapt the operating fre-
quency such that the job is processed exactly in T}, ,x time units
(see the middle panel of Fig. 1). In this way, the slack is min-
imized and the required critical resources (such as energy) are
decreased. Thus, the existing approach to adaptive system de-
sign is to build on-line models of the multimedia complexity
such that the real complexity (in terms of the number of execu-
tion cycles) can be accurately predicted, the hardware parame-
ters can be adequately configured, or an optimized scheduling
strategy can be deployed to minimize the energy. Clearly, this
shows the reactive and greedy nature of the existing adaptation
process—the execution times are predicted based on the time
used by previous jobs and, accordingly, the resources are opti-
mized within a job for a fixed time allocation Ty,,.. However,
the DVS gains can be substantially improved when the allocated
times (T1, T2, and T3) and operating levels (power-frequency
pairs) are optimized jointly (inter-job optimization) as shown in
the bottom panel of Fig. 1.

B. DVS-An Illustrative Example

Assume we have M = 3 jobs with complexities ¢(1)
(Crax/2), ¢(2) (Cmax/4), ¢(3) = Cpax. From now
on, we use the term complexity to represent the number of
execution cycles. As shown in Fig. 1, with “no-DVS,” de-
coding is performed considering the worst case scenario: at
the maximum available frequency for each job Fy,,y and cor-
responding maximum power P, ... For “conventional DVS,”
frequencies are adjusted to finish each job just-in-time i.e.,

f(l) = (Fmax/2), f(Z) = (Fmax/4), f(3) - Fmax- If we

assume a power-frequency relationship of P o< f3 [3], [8], then
the power spent on the various jobs will be p(1) = (Ppax/8),
P(2) = (Pmax/64), p(3) = Ppax. For the “proactive op-
timization” with modified deadlines, the total complexity
is (1) + ¢(2) + ¢(3) (7/4)Cmax, and the frequencies

are kept constant: f(1) = f(2) = f(3) = (7Fmax/12).
The total energy spent on the group of jobs equals
Eiotar = Zf’:l(p(z) -¢(4)/f(7)). Hence, the total energy

spent for the “no-DVS” case is E,,—pvs = (7/4)FE, for the
“conventional DVS” equals Fpys = (73/64)F and for the
“proactive DVS” case equals Eproqctive—Dvs = (343/572)E,
where £ = (Poax - Cimax/Fax)- Table Lillustrates the param-
eters associated with each method and each job. Clearly, this
example highlights the merit of the proposed proactive DVS
algorithm presented in this page since conventional DVS pro-
vides 35% energy reduction with respect to no-DVS, whereas
proactive DVS provides 66% energy reduction with respect to
no-DVS for this simple example. Note that, for the sake of this
example, we assumed that the complexities are precisely known
beforehand. In practice, it is not possible to obtain an exact
estimate of the complexity as this depends not only on the video
content and compression algorithm, but also the state of the
decoding platform. Hence, existing DVS algorithms with fixed
time allocations are conservative in their frequency assignment
in order to avoid job misses caused by complexity estimation
mismatches. This conservative nature of the previous DVS
methods results in redundant slacks at job boundaries.

C. System Assumptions

In this paper, we make similar assumptions to other DVS
studies [5]-[8]. Specifically, we assume the following.

A) The active power is the dominant power, where as the
leakage power caused by memory operations, including
buffer operations, is negligible. We note that, while a
lower CPU speed decreases the CPU energy, it may in-
crease the energy of other resources such as memory [7].
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TABLE I
COMPLEXITY, DEADLINES AND FOR EACH ALGORITHM (NO-DVS | CONVENTIONAL DVS | PROACTIVE DVS),
ALLOCATED TIME, FREQUENCY, POWER, AND ENERGY OF EACH JOB

Complexity, ¢ Deadline, d Time Allocation Frequency f Power, p Energy, £
e T N L N L L E R
R I R A N L e T e
e N e T e P e

This assumption is reasonable for a computationally com-
plex task like video decoding. We focus on minimizing
the CPU energy, although the proposed method can be
extended to other resources such as the combined CPU
and memory energy. Also, for platforms with significant
passive power, (e.g., sensor networks) passive power
should be explicitly considered and thus, it should be
incorporated into the proposed solution. However, note
that this will also result in a more complex optimization
problem, since passive energy decreases with frequency
whereas active energy increases with it.

The operating frequency changes with the voltage and, at
one frequency, there is only one voltage available. Hence,
power-frequency tuples also implicitly imply voltage
changes, i.e., for each frequency there is only one power
consumption level.

The number of execution cycles (i.e., complexity) re-
quired for a job does not change with frequency; it only
depends on the video, compression algorithm and the
decoding platform. Hence, the time spent on one job can
be simply written as ¢ = ¢/ f, where c is the complexity
and f is the operating frequency.

A number of the jobs are available for processing at any
time, i.e., we do not assume periodic arrival of jobs as in
[5], [6], since in most real-time streaming applications,
multiple frames/jobs are already waiting in the decoding
buffer. Hence, it is assumed that the processor can start de-
coding a frame when the decoding of the previous frame
is completed.

The processor handles only one task—the video de-
coding, and there are no other concurrent tasks to be
processed.

B)

®)

D)

E)

D. Complexity Estimation

The previous works in complexity estimation for video
decoding only consider the frame type and previous frames
cycle requirements for estimating the current job (i.e., cur-
rent frame decoding) complexity [6], [9], [10]. However, our
previous studies [11] revealed that with the development of
highly adaptive video compression techniques deploying mac-
roblock-based adaptive multiframe prediction, context adaptive
entropy coding, adaptive update steps in wavelet coding, etc.,
modeling the current frame complexity based on previous
frames of the same type is no longer accurate. Each individual
frame now requires a significantly different amount of video
decoding operations yielding a different amount of processing

cycles. As an example, in the state-of-the art video compression
standard, H.264/AVC [12], a distinction of frame types does
not even exist. Instead, every frame type can include different
types of (I, B, or P) macroblocks, and each macroblock requires
different amount of processing. Summarizing, it is difficult to
achieve the accurate estimates for the current frame decoding
complexity merely from the previous frames (i.e., the conven-
tional approach reported in [6]). To overcome this difficulty,
we adopt a complexity estimation method for video decoding
based on complexity hints that can be easily generated during
encoding [13], [15]. We note that, an accurate model of the
complexity will increase energy savings for both the proposed
method, as well as all other DVS methods.

E. Post-Decoding Buffer

Although the utilized complexity estimation method is signif-
icantly more accurate than previous methods based on merely
the previous frames’ complexity, it is impossible to a priori de-
termine the precise utilized complexity. To avoid the job misses
caused by the complexity estimate mismatch (i.e., without un-
necessarily being conservative for DVS), we propose to use
a post-decoding buffer between the decoding and display de-
vices to store decoded, but not yet displayed frames. Note that,
such a post-decoding buffer is already required to store the de-
coded but not yet displayed frames for video decoders deploying
predictions from the future frames (e.g., P-frames are decoded
and store beforehand in order to be able to decode B-frames).
Using such buffers was also proposed for other purposes like de-
coding very high complexity frames in real time by introducing
some delay [16]. Also, it is important to notice that using this
buffer will enable new DVS approaches like changing job ex-
ecution orders, deadlines and operating frequency according to
their estimated cycle demands by mitigating fixed hard deadline
constraints. Consider the above example with complexities of
second and third jobs interchanged, i.e., ¢new(2) = ¢(3) and
Cnew(3) = ¢(2), i.e., ¢(2) > ¢(3). For this case, the modi-
fied second job should borrow time slots from the third job for
the proposed DVS method. However, in that case, the second
job will not meet its deadline which is d(2) = 271},.x. Hence,
without any buffers to mitigate the deadline requirements, effi-
cient proactive DVS approaches are only possible when the jobs
are ordered in increasing complexity. This is generally not the
case for most coders and deployed prediction structures. It is
important to notice that utilizing this buffer does not introduce
any additional delay into the decoding—every job is still com-
pleted before its deadline. To conclude, using the post-decoding
buffer will serve two purposes: to avoid job misses caused by
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Fig. 2. Basic modules of the proposed generic video decoding complexity modeling framework. The complexity functions are indicated in each module; the
generic complexity metrics of each module are indicated on the connecting arrows [13].

the inaccuracy of the complexity estimates and to perform effi-
cient proactive DVS by changing the time allocations through
borrowing time allocations from the neighboring jobs.

FE. Contributions of This Paper

As mentioned before, none of the previous studies [4]-[8]
consider proactively changing the time allocations and fre-
quency; instead, they aim at adapting the frequency to fixed
time allocations in a greedy fashion. We propose a novel DVS
algorithm that adapts jobs deadlines by buffering the decoded
frames before display. By utilizing this post-decoding buffer,
we study the DVS problem into the context of the buffer con-
strained optimization problem, similar to well studied problems
of rate-control with buffer constraints [17]. We also propose
an optimal solution for the buffer-constrained power/frequency
allocation problem based on dynamic programming. More-
over, we present several low-complexity suboptimal methods.
Summarizing, this paper presents two major contributions: 1)
a practical methodology for complexity estimation that con-
siders the video source, video encoding algorithm and platform
specifics to accurately predict execution times with the use of
offline generated complexity hints; ii) based on this complexity
model, a novel proactive DVS method that changes the effective
deadlines (time allocations) considering the buffer constraints.

This paper is organized as follows. Section II describes the
video decoding process, complexity estimation and job defi-
nitions. The proposed DVS algorithms are explained in Sec-
tion III. Section IV presents the comparative results and Sec-
tion V concludes the paper.

II. VIDEO DECODING MODEL

A. Motion Compensated Video Decoding

The basic operational framework for the majority of trans-
form-based motion-compensated video decoders can be sum-
marized by the modules illustrated in Fig. 2. Every video de-
coder with motion compensation starts with entropy decoding
to generate motion and residual information from compressed
bits. Then, the inverse transform (DCT or wavelet) is performed
to generate reference or residual frames in the spatial domain.
Motion compensation with interpolation is employed to inverse
the temporal predictions made at the encoder. Hence, the com-
plexity of every video decoding algorithm can be character-
ized in terms of four basic functional modules: Entropy De-

coding, Inverse Transform, Motion Compensation and Interpo-
lation. Different video coders might have additional modules
such as in-loop filters as critical components [14]. Also, other
modules, such as inverse quantization, can be easily incorpo-
rated in already considered modules. The modules that we il-
lustrated in the paper only capture the most common modules
for video decoding systems. For instance, many video coders
such as MPEG-2, as well as the coder deployed for experimen-
tation in our paper does not possess an in-loop filter.

B. Background on Generic Complexity Metrics: A Framework
for Abstract Complexity Description

In order to represent the different decoding platforms in a
generic manner, in our recent work [15], we have deployed a
concept that has been successful in the area of computer sys-
tems, namely, a virtual machine. We assume an abstract de-
coder referred to as Generic Reference Machine (GRM), which
represents the majority of video decoding architectures. The
key idea of the proposed paradigm was that the same bitstream
would require/involve different resources/complexities on var-
ious decoders. However, given the number of factors that in-
fluence the complexity of the decoder such as implementation
details, decoding platform, it is impractical to determine at the
encoder side the real complexity for every possible decoder.
Hence, we adopt a generic complexity model that captures the
abstract/generic complexity metrics (GCM) of the employed de-
coding or streaming algorithm depending on the content charac-
teristics and transmission bitrate [13], [15]. GCMs are derived
by computing the number of times the different GRM-opera-
tions are executed.

The GRM framework for the transform-based motion-com-
pensated video decoders can be summarized by the modules il-
lustrated in Fig. 2. For any specific implementation of a video
decoding algorithm, the decoding complexity may be expressed
in terms of generic basic operations and number of execution cy-
cles for each basic operation. Following the approach in [13], we
assume basic operations for each module that are easily mapped
to real decoding complexity and are indicated by the connecting
arrows in Fig. 2. These basic operations are as follows.

* Entropy decoding (ggp): the number of iterations of the
“Read Symbol” (RS) function is considered. This func-
tion encapsulates the (context-based) entropy-decoding of
a symbol from the compressed bitstream.
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* Inverse transform (g7 ): the number of multiply-accumu-
late (MAC) operations with nonzero entries is considered,
by counting the number of times a MAC operation occurs
between a filter-coefficient (FC) and a nonzero decoded
pixel or transform coefficient.

* Fractional-pixel interpolation (g7 ): the number of MAC
operations corresponding to horizontal or vertical interpo-
lation (IO) can characterize the complexity of this module.

* Motion compensation (¢gys¢ ): the basic motion compensa-
tion (MC) operation per pixel is the factor in this module’s
complexity.

C. Conversion of Generic Complexity Metrics to Real
Complexity Using Adaptive Filtering

The GCMs are converted online to the number of execution
cycles at the decoder, using a time-varying predictor (w) for
each of the GCM functions (RS, FC, MC, 10). We denote this
function set ¥ = {RS,FC,MC,10}. Let cry (i), 3, ,(4),
gi’t(z'), wit(z) denote the number of cycles spent ( termed here
as “real complexity”), their estimates, and the corresponding
GCM and linear predictors, respectively, for functions k£ € W,
for DU index ¢ (index within the job), temporal level or frame
type ¢, within job j. The value of each g;, (i) may be determined
while encoding and these GCMs can be attached to the bitstream
with negligible encoding complexity or bitrate cost [15]. Similar
to the linear models in [18], [20], we model the real complexity
as

I =w () (i i G
Crk,t(‘) = wk,t(z) 'gk,t(z) + ek,t(b): (D
where ei ,(1) is the estimation error and the linear prediction
(complexity estimate) is

cf, (i) = wi (i) - g} ,(i). @)

5

We note that the linear mapping of the generic complexity
metrics to execution times is a kind of least squares matching
problem that is well studied in the context of adaptive filtering.
Hence, we employ a widely used adaptive filter, normalized
LMS, for converting generic metrics to real complexity such as
the number of cycles spent on the processor. For this purpose,
normalized LMS (NLMS) is shown to be a good choice among
the family of adaptive filters since, besides its very low com-
plexity, it replaces the required statistical information with in-
stantaneous approximations [21]. In our problem, statistics are
time-varying due to the state of the decoding platform. This
makes LMS algorithms a better choice than rec ursive least
squares (RLS) filters, which update the filter from the begin-
ning assuming stationary statistics.

If we model the real complexity and generic complexity met-
rics, as scalar random variables (cj, ,(i) and gj, ,(i)), then the
optimal linear estimator (in the mean square error sense) [21]

2
) 3

i, where R denotes the co-

jopt _ . TR B
wy, —argmlnEOck?t wy, 4 By
J
kot

w

. . J opt __ —1
is given by w =R~ ‘R
g y k’t g{,_t Ci,t k.t

variance matrix. Since we use a first order predictor, R reduces
to the scalar autocorrelation value. Higher order filters can also
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1 ;

be utilized at the expense of an increased complexity overhead
[18]. The solution to (3) can be obtained by deploying a steepest
. . . . t opt,
descent algorithm that iteratively approximates wj, "
I (N = apd (4 S ) J (s
wk’t(L) - wk’t(L B 1) th (Rci 'gi-.t N Rgljc.t ) wk’t(L B 1)>
“)
where p is a positive step size. We use the instantaneous approx-
imations for the covariance R”i,t'gi,f = cry(i—1)-g;,(i—1)

t

. 2
andR ; = (gi L1 — 1)) to obtain the well known LMS re-
et ’
cursion for each DU 4:

wi,t(i) = wi,t(i -D+p- gi,t(i - 1)
x (criyt(i - 1) - wi,t(i - 1) 'gi,t(i - 1)) S

In this paper, we use the normalized LMS since it has faster con-
vergence and it is independent of the magnitude of the regressor
(GCMs), which is

ok
gjk,t(i - 1)
x (e i = 1) =l (i =1) g (i~ 1). ©

Although the predictor is updated at each DU, we update the
predictor only at the job boundaries in our optimization frame-
work (as shown in Fig. 3). In other words, updating the job pa-
rameters and assigning different operating levels for each DU
is not realizable in real time. If job j has L! , DUs of function
type k and temporal level (or frame type) ¢, we use the predictor

wit(z) = w]k,t(i - 1)+

witt(0) = wi, (Li , — 1) for the duration of the execution
time of job 7 + 1, although we iterate this predictor in job j + 1
as in (4). Thus, we estimate the complexity job 7 as

J
Ly, -1

Cik = ’w{,k(ﬂ) : Z ggk(L) )

=0

and the total complexity of job j is the sum of complexities
associated with every frame type and function type within that
job:

R
)= D @®
t=1 k=1
where N is the cardinality of the function set ¥, which is in our
case N = 4.
We also determine an error estimate for the complexity
estimation based on the error obtained for the previous job. We

assume that errors for each DU decoding can be characterized

Authorized licensed use limited to: Univ of Calif Santa Barbara. Downloaded on April 21,2010 at 22:21:44 UTC from IEEE Xplore. Restrictions apply.



1480

as zero mean independent identically distributed Gaussian
random variables: 7, ~ N(0, 0?). Given the set of realiza-
tions (e{ct(z)) of this random variable, the variance of the zero
mean complexity error estimate of every DU within the job
(af_ k) can be found by the maximum likelihood method [21]
which has closed form expression:

Lig-1 2
R Y CH0)
(@i =—"——F7— ©)
’ Li,k
Since we do not use the predictor at DU granularity, but rather

update it at job intervals, the estimation error associated with
the constant predictor throughout the job can be written as

L, -1
Y (er(i) —w(0) (i)
=0
Li -1
= (w(2)g(i) + e(i) — w(0) g(2)) (10)
1=0
and using (6)
1) = w(t — M
w(i) = w( 1)+ug (11)

(i—1

Using (9) and (11), we obtain the estimation error variance of
the next job as

. o)
CHN =323
k=

1t=1

i .
/H'L;I (02);1«

(12)

We define the worst case error (or the risk) of the estimation for
job 7+ 1as

rG+1)=k-o(j+1), (13)

where the parameter & determines the amount of risk that can

be tolerated for a specific task. The worst case error estimate

is used in determining the buffer occupancy thresholds (3; and
(2) in buffer constrained optimization in Section III.

D. Overhead of the Complexity Estimation

We measure the overhead of the estimation process by the
exact count of floating point arithmetic operations (multipli-
cation, addition), herein called “flops” (floating points opera-
tions). For normalized LMS, there are 5 flops for each DU.
Hence, there are 5 - Z:Zl Zle Lﬁ . flops required for job
Ly
are required, that can be seen from (9) and (12). Totally, 11 -
Z:Zl 23;1 L7, +6-T - X flops required for the complexity
and error estimation of job 7. Note that, error estimation (i.e.,
the worst case estimate) is only used for determining the risk
of the buffer overflow underflow, which, similar to [17], can be
heuristically set to some fixed value when the complexity esti-
mation overhead becomes significant.

j. For the error estimation part, 6 - Z:zl Zthl ( ) flops
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Fig. 4. Directed acyclic dependence graphs for (a) Dependencies between
I-B1-B2-P1-B3-B4-P2 frames and (b) Hierarchical B Pictures, I-B1-B2-B3-P.

E. Modified Job Definitions for Adaptive Video Compression

All state of the art video encoders deploy complex temporal
predictions from both past and/or future frames. For example, in
the latest video compression standard, H.264/AVC [12], B and P
type macroblocks are predicted from other macroblocks, some
of which are in future frames and thus, must be decoded before
their display deadline. Hence, each frame has a decoding dead-
line that is determined by the temporal decomposition struc-
ture (temporal dependencies). This deadline is different from
the play-back (display) deadline determined by the frame rate
fr. Let R(n) be the set of frames for which frame n is used as
areference. Then, the display and decoding deadlines for frame
n can be written as:

n
fr’

deadlinegecoding (7) = min{deadlinegispiay ()} : Vi € R(n).

deadlinegisplay (1) =

Unlike previous work that considers the decoding of each in-
dividual frame as a task, we combine frames having the same
decoding deadline (i.e., frames that are dependently encoded)
into one job of the decoding task. In general, we define every
job based on three parameters:

job : {deadline, complexity, size}

where
deadline decoding deadline of job j, d(j);
complexity estimated number of cycles that job j
consumes on a specific platform, ¢(5);
size number of decoded original frames when

job j finishes, s(j).

The amount and type of complexity vary significantly per
job [11]. In the following, we illustrate how to calculate the
decoding deadlines and how to define jobs in both traditional
predictive coding and motion compensated temporal filtering
(MCTF) based coding.

1) Example-1: Job Structure for Predictive Decoding
Schemes: In predictive coding, frames are encoded with
interdependencies that can be represented by a directed
acyclic dependence graph (DAG) [25]. Examples are shown
in Fig. 4 for two different GOP structures: the conventional
I-B-B-P-B-B-P GOP structure and the hierarchical B pictures.
Decoding frame I is a job and decoding frames P1 and B1
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motion compensate
direct addition

Fig. 5. Inverse 5 — 3 MCTF decomposition in decoding.

jointly represents another job as shown in Fig. 4(a). Prediction
structures using hierarchical B pictures as in the H.264/AVC
standard lead to the following sizes (s), complexities (c), and
deadlines (d): the first job represents the decoding of the frame
I(s(1) = 1,d(1) = At) the second job consists of decoding
frames P, B1 and B2 (s(2) = 3,d(2) = 2At) and the last job
is the decoding of frame B3 (s(3) = 1,d(3) = 4At). Also,
the first job (i.e., decoding I frame) involves only the texture
related complexities, whereas the second and third jobs include
several bi-directional MC operations. It is important to notice
that, both the second and the third job can be viewed from a
high level perspective as decoding a B frame. However, the job
parameters are substantially different, thereby highlighting the
need for encoder-specific complexity estimation.

2) Example-2: Job Structure for MCTF Decoding Schemes:
In MCTF-based video compression schemes, video frames are
filtered into L (low-frequency or average) and H (high-fre-
quency or difference) frames. The process is applied iteratively,
first on the original frames (O denotes the sequence of original
frames), and then, subsequently, to the resulting L frames.
A temporal pyramid of 7" temporal levels is produced in this
manner. We use the notation H} to indicate the k-th H frame
of temporal level ¢, where 1 < ¢t < T'and1 < k < oT—t,
Equivalently, the notation LT is used to indicate the remaining
L frame at the last level, after the completion of the temporal
decomposition.

From the temporal dependencies depicted in Fig. 5, we can
see that to display the original frames O; and O, the frames

Li, Hi, H?, H, and H{ should be decoded!. This implies that
these frames (O; and Og) have the same decoding deadline and
thus, they define a job. Table II shows the deadline, complexity
(comp_t, texture related complexity: entropy decoding and in-
verse transform; comp_m, motion related complexity: interpo-
lation and motion compensation to generate original frames and
intermediate low-pass frames) and the size of each job.

Note that the size of each frame in the GOP is the same for all
the jobs in this example. However, it is related to the temporal
decomposition used (5/3 Daubechies filter) and can differ for
another decomposition [24].

III. PROACTIVE DYNAMIC VOLTAGE SCALING ALGORITHM

A. Problem Setup

We note that, for each video decoding job, we have a
complexity estimate, size, and deadline defined before the
job is executed. Let us assume there is a discrete set of
operating levels with corresponding frequency and power
levels which can be used in our frequency/voltage adaptation
L={: (pjfj)1<j<N]|ll,..,In} Each level
has a different power consumption and different frequency,
(PF) = {(p1, /1), s (ono ) | 1< -+ < paifi <
-++ < fn}. Assume there are a total of M jobs with the
complexity estimates C = {c¢(1),...,c¢(M)}, the deadlines
D = {d(1),...,d(M) |d(1) < --- < d(M)} and the sizes

INote that H of the previous GOP should already be decoded for the frames
before Og
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TABLE II
DEADLINE, COMPLEXITY AND SIZE OF EACH JOB FOR DECODING A GOP WITH 1" = 4 LEVEL USING A 5/3 DAUBECHIES FILTER BASED MCTF
Job-1 Job-2 Job-3 Job-4 Job-5 Job-6 Job-7 Job-8
deadline | t, ty +2At |ty + 4At |t + 6AL | o +8AL | t, +10AE | ty +12A¢ |t + 14A¢
Comp_t | Li,H{ H HLH | B H; Hy Hy | H},H} Hy Hi, Hi H H
Comp—m L%yL%aL{ L:;’I}?’L; LLL15104»05 L%atéroﬁyol 08709 Q)Lthi 0127013 1%7Q47015
01, 00 02 ) 03 0107 Ql
Size 2’( 00’01 ) 29( 02,03 ) 29( 04705 ) 2’( 067 07 ) 2’( 08,09 ) 2’( 010v011 ) 2’( 012’013 ) 2,( 0147 015 )
TABLE III
NOMENCLATURE OF SYMBOLS
Notation Description Unit |Notation Description Unit
re(4) IReal complexity of the job j cycles |d(j) \Deadline of the job j seconds
p(5) \Power consumption of the job j Watts |s(5) \ISize of the job j frames
t(4) [Expected time that the job j will take seconds | r(j) The worst case error of complexity estimate of the job j | cycles
E(y) [Expected energy of the job j Joules | B(3) \Buffer occupancy when the job j is executed frames
c(4) Complexity estimate of the job j cycles | () Operating frequency of the job j cycles/s
fi Operating frequency i cycles/s | fr [Frame rate \frames/s
5| DECODING |——| DISPLAY 1 ——3DISPLAY
JOBS BUFFER Display
Frequency, f(j) rate, fr
, Power, p(j)
2eadl;ne{ d . Buffer occupancy, B(j)
S?m”?“g&ca) VOLTAGE/FREQ.
Size, () CONTROL
j=L..M

Fig. 6. Proposed buffer controlled DVS.

S ={s(1),...,s(M)}. To facilitate the reading of the paper, in
Table III, we present a summary of the most important symbols
and their descriptions in the paper.

The dynamic voltage scaling problem attempts to find the set
of operating levels (power and frequency tuple) for each job
1Pt = {|(1),...,I(M) | V1 € L}, as shown in (14) at the
bottom of the page.

We propose to use a post-decoding buffer between the dis-

operating level of the job j (p — f tuple) is determined consid-
ering the parameters of M jobs and buffer occupancy B(j). For
each job, the complexity estimates are updated and based on the
buffer occupancy, a new operating level is assigned.

We define the buffer occupancy for job j as B(j) recursively
as

B(j) = max(B(j — 1) + 5(j) — [t() - fr] ,0) and

play device and the decoding platform as shown in Fig. 6. The B(0) = Binitial (15)
DVS Problem : v
find 1°P* = arg min Y F(j) (energy consumption)
leL j=1
J
such that : Y #(m) < d(j); Vj:1<j< M (delay constraints)
m=1
(14)
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where fr denotes the frame rate, B, is the initial state of the
buffer, and depends on the initial playback delay which may be
zero if no delay is tolerable. We define the buffer size as the
number of decoded frames. Even in the zero delay case, the
buffer can be occupied with early completions or as a result
of a more aggressive (faster) decoding strategy for the initial
frames. Then, the DVS problem in (14) becomes the problem of
minimizing the total energy under buffer constraints; see (16) at
the bottom of the page.

The buffer overflow/underflow constraint: The buffer should
never underflow, to avoid any frame freezes. Also, the buffer
occupancy cannot grow indefinitely because it is a finite phys-
ical buffer. If we assume the maximum buffer size is B,ax, W€
need to guarantee that the buffer occupancy is always lower than
Bmax~

B. Optimal Solution Based on Dynamic Programming

The optimal solution can be found by dynamic programming
methods, which explicitly consider every possible frequency-
buffer pair for each job and check the buffer state for overflow
or underflow [22]. A trellis is created with given complexity
estimates of the job and possible power-frequency assignments.
At every stage, the paths reaching the same buffer occupancy at
a higher energy cost are pruned. Note that, since the complexity
prediction is updated at each job boundary, this optimization
should be performed for each job.

The optimal solution does not assume any property of the
power-frequency function such as convexity. However, the com-
plexity of this approach is in the order of O (BumaxM?) for a
total of M jobs. This overhead may be not practical for real
time decoding systems. Hence, in Section IV, we propose sub-
optimal approximations to this optimal solution.

C. Properties of Buffer Constrained Proactive DVS Problem

We approximate the buffer constraints for a look-ahead
window of (W <« M) jobs: Starting from the job j

1483

for the next W jobs, we aim to have the buffer occu-
pancy at the equilibrium (the half size of the buffer 2)
B(j) + Zij:‘}; [s(m) —t(m) - fr] = Bmax/2. We rede-
fine the expected energy spent and expected delay (time spent)
for job j as

c(4)

fG)

Then DVS problem for the next W jobs starting from job j
can be approximated as described below. See equation (18) at
the bottom of the page.

Although there is a finite number of operating levels, the in-
termediate operating levels are achievable by changing the fre-
quency/power within the job similar to the approach in [4], [5].
Fig. 7 shows the energy-delay curve for jobs j and j + 1.

1) Proposition I: If we neglect the transition cost from
one frequency to another [5], the frequency change within the
job corresponds to piecewise bilinear interpolation power-fre-
quency points as shown in Fig. 7.

Proof: Assume the desired frequency for the job j f/ (f; <
f" < fi+1 canbe achieved by performing c; cycles at frequency
fi and ¢o cycles at f;11 such that ¢; + ¢ = ¢(4), i.e., for some
a such that ¢; = ac(j) and co = (1 —a)c(y). Also, let E; — D;
and E;;1 — D;41 be the corresponding E-D points to f; and
Jit1.

and D(j) = (17)

) _ oel) | (1 _ gli)

Clearly, =« +(1-
I fi ( fiva
.cy) e | e .
since =—= , or equivalently
fr fi fin

D/ :OéDi + (1 - Oé)DH_l. (19)
The energy spent for the job becomes

2A more accurate equilibrium buffer size can be determined by considering
complexity estimates in the long run, i.e., considering the relative amount of
complexity of the look-ahead window with respect to total complexity of M
jobs.

Buffer Constrainedﬂ]{)VS Problem :

leL  j=1

find 1°P* = argmin Y. F(j) (energy consumption)

such that : 0 < B(j) < Bmax; Vj: 1< j < M( buffer overflow/underflow constraint)

(16)

W

JtW

Approximation of the Buffer Constrained DVS Problem :

find I°Pt(j) = arg IlniII} > E(m) (energy consumption)
€ m=j

B(J‘);anx_i_ E s(m)

i+w

m=j

such that : Y, D(m) =

m=j

r (delay constraint)

(18)
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Delay

Fig. 7. Energy-Delay curve of two different jobs with D,E pairs corresponds
to different frequency-power levels of the processor. Intermediate levels are
achieved by frequency changes within the job. Greater values of the slope means
greater energy spent with smaller delay yielding a higher frequency-power
choice. Every job has different E-D points but the slopes are identical for every
job.

e . -c
B = bj-c + Pj+l 27 or equivalently,

I fi+1
E = al; + (]. — a)EiJrl.

(20)

Equations (19) and (20) show the linear relationship for the
points interpolated between E-D points. ]
2) Proposition II: The slope between two E-D points only
depends on the power and frequency values but not on com-
plexity of the job.
Proof: The E-D slope between points Ey, Dy and Ey1,
Dy,41 for the job j is

) Eyi1 — By
A =——— 1<k<N-1 (21

£ Dyy1 — Dy

Replacing (17) into (21), we obtain
() = Pt fe = pr - frr1 22)
Tr = fr+1

Equation (21) shows that the slopes (A ) depend only on power-
frequency tuples, hence they are identical for all jobs. ]

3) Proposition IlI: From a set of given power-frequency
points, only the ones that generate a convex set of E-D points
should be used for the proposed proactive DVS.

Proof: The proof is based on the Jensen’s Inequality [26].
If there is an E-D point F, D}, which does not lie on the convex
hull of E-D points, then an intermediate point ', D’ with the
same delay (D’ = Dy) can be achieved by bilinear interpolation
of Er_1, Dy_1 and E}41, D41 such that if for some constant
a, D = aDy_1 + (1 - a)Dk+1 then £/ = aEj,_1 + (1 -
«) Ey41 from Proposition I. However, since Ey, Dy, does not lie
on the convex hull, if there exists a constant o, Dy, = oDy _1 +
(1 — @)Dpyq then By < aFi—1 + (1 — a)Ery1 [26]. Hence,
E-D points that are not on the convex hull should not be used
since there is an intermediate point with the same delay, leading
to lower energy. [ |

Generation of the Convex Hull of E-D Points: The convexity
of power-frequency values does not guarantee the convexity of
the E-D curve. For example, p = o - f¥ for1 < k < 2isa
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convex function of frequency but does not provide convex E-D
points. Hence, before any optimization, the power-frequency
values which do not provide complex E-D points should be
pruned, i.e., a convex hull of E-D points, from a possible set
of E-D points should be generated. Note that, since the slopes
are identical for all jobs (Proposition II), this pruning is done
only once for all jobs as shown in Table V.
4) Proposition IV: The optimal operating level assignment
will result in equal slopes for every job:
AP = AP (j); 1<G<M, 1<i<M.
Proof: The DVS problem (18) can be converted to an un-
constrained problem by introducing a Lagrange multiplier into
the cost function of the problem. Lagrangian solutions are based
on the fact that for additive convex cost functions, the slope of
the individual cost functions should be equal. This is a direct
extension of the Theorem-1of [23]. Hence, to minimize energy,
the E-D slope of all jobs should be identical. |
From the Propositions II and IV, the optimal fre-
quency considering a look-ahead window of W jobs
can be found considering a total processing time ¢ =
(BU) = (Buax/2) + S0 s(m)/ r)

plexity ¢ = qu;w; ¢(m). Then, the frequency can be found by

f=c/t

and a total com-

W

fr- X2 ¢(m)

m=j

F) = v (23)
- Py Y s(m)

m=j

B(5)

This result is also intuitive because, by utilizing the buffer we
consider a collection of W jobs as one job. In other words, by
utilizing the post-decoding buffer, we smooth the complexities
of jobs within the group of W jobs.

We note that, although we assumed that all intermediate
points are achievable by continuously changing the frequency
within the job, in practice there may only be a limited number
of frequency transition opportunities within a that job [6],
i.e., the choice of ¢; and ¢y in Proposition I is not arbitrary
but limited to some number determined by the used plat-
form. Also, note an intermediate point (E’, D’ such that
E;, < E' < Egq1,Dr < D' < Dgyy) does not provide
any energy savings beyond using the given power frequency
points (pr, fr and pr41, fr+1) since the intermediate point
is on the linear curve, not strictly convex. Let us consider an
example where two jobs with identical complexities are to
be processed at a frequency f' = (fx + fr+1)/2. We can
achieve this frequency by processing half of the cycles at f
and the other half of the cycles at fj 1 for both jobs. However,
processing one job at frequency fj, and the other job at fi41
will result in identical energy spent and identical total delay.
The only difference created by using intermediate frequencies
is decreasing the instantaneous delay (the delay caused by the
first job in the given example) which is already tolerated by the
buffer. Also considering the frequency transition cost within
a job, we conclude that the intermediate frequencies should
not be used in the proposed DVS method. In Section IV, we
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Fig. 9. Frequency assignment (a) and buffer fullness(b) for Algorithm 1 for one test video.

experimentally validate this approach. Then, the frequency,
f*(4), becomes the closest frequency to f°P*(5) chosen from a
set that generate convex E-D points. Let ¢ be the frequency set
that generate convex E-D points, the operating frequency for
job 7 can be found as:

f*(j) = argmin | f — fP*(5)|.
fep

(24)

D. Suboptimal Low Complexity Algorithms

Next, we propose a fast suboptimal approximation to the op-
timal solution, as performing this frequency assignment for each
job as illustrated in Table VL.

The complexity of the Algorithm 1 is (2W +5) M (from (23)
flops for M jobs, since for each job we have to repeat this fre-
quency assignment. Algorithm 1 performs the delay-energy op-
timization for every job considering a look ahead window of
W jobs. A fast extension of this algorithm, Algorithm 2, is to
perform this optimization and assign the same frequency for
W jobs and reperform this optimization when the buffer level

gets lower or higher than the specified thresholds, i.e., perform
it when B(j) < (1 or B(j) > [32. These thresholds can be
determined based on the risk that buffer will overflow or under-
flow. Hence, unless the buffer is at risk of overflow or under-
flow, we use the same frequency for the whole duration of W
jobs for Algorithm 2. () is the maximum expected error in
the complexity estimation part, in terms of real complexity. In
the worst case, the buffer will loose ((¢(j) + 7(j)) - fr/ fmin)
frames while decoder generates s(j) frames in job j. Similarly,
if buffer is close to overflow; in the worst case, the buffer will
loose ((¢(j) — 7(j)) - fr/ fmax) frames. Hence,

(@G b T
ﬂl B |: fmin (j):| d

I PN ) i) o
B2 = Buax [ (4) e } (25)

where 7(j) is the standard deviation of the expected error in the
complexity estimation process, defined in (6).

Algorithm 2 requires in the order of 2M flops for M jobs
since it performs this optimization for each look-ahead window
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TABLE IV
OPTIMAL SOLUTION-DYNAMIC PROGRAMMING

1. For each job j; 1<j< M,
Create Trellis:
2 For each job m; j<m<M,
Find expected energy(E(m)) and buffer occupancy (B(m)) for each
3.
power-frequency tuple (py,f),,(Pn,fy) using the complexity estimate(c(m))
k=m
Record the cumulative energy ZE(k) and buffer occupancy B(m) on the trellis
4. k=1
diagram for each branch. For branches with identical B(m), keep the one with the lowest
cumulative energy
5. Proceed to job m+1 (i.e., go to Step 3)
6. | Find the path resulting in the lowest cumulative energy
7. | Assign the frequency for that job according to the path found in Step 6
8. | Proceed to job j+1 (i.e., go to Step 1)

TABLE V
GENERATING THE SET OF POWER-FREQUENCY TUPLES THAT RESULT IN CONVEX E-D POINTS

1. | For the set of ordered (p,f) € (P,F) pairs; 1<k <N -1, initialize k=1.

2. If )\ = Pisacfe = Pefis < Npg1 = Pesofins = Pevrfira , remove (p,f;) from set(P,F), go to Step 1.
Je = fen Jer1 — fiva
3. Else, proceed to the next (p,f) tuple (i.e., set k=k+1) and go to Step 2.
TABLE VI
Low COMPLEXITY ALGORITHM 1
1. | Choose set of frequency-power tuples that create convex E-D points according to Table V.

2. | For each job j;1<j< M,

3. Find the frequency according to Eg-24, execute at that frequency.

4. Proceed to job, i.e., set j=j+1.

TABLE VII
Low COMPLEXITY ALGORITHM 2

1. | Choose set of frequency-power tuples that create convex E-D points according to Table V

2. | For each look-ahead window of size W,

3. For each job j;1<j<W within the window,

4. Find the frequency according to Eg-24.

5 Execute the job with the assigned frequency and check the buffer state B(j).

P If B(j) < B or B(j) > B, change the frequency (i.e., go to Step 4), and proceed
' to next job in the window, i.e., set j=j+1.

5 Else, continue with same frequency (i.e., go to Step 5), and proceed to
: next job in the window, i.e., set j=j+1.

8. Proceed to the next window

of size W instead of performing it for every job, as explained in
Table VII. A least complex approximation, Algorithm 3, would
be changing the frequency only when there is a risk of overflow
or underflow. Then, the buffer occupancy, B(j), will oscillate

between (31 and 2. Algorithm 3 may be also preferred when
the complexity (time or power) cost of changing the frequency
is not negligible. The complexity of this algorithm is less than
2M flops for a total of M jobs.
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TABLE VIII
Low COMPLEXITY ALGORITHM 3

Choose set of frequency-power tuples that create convex E-D points according to Table V.

For job j;1<j<M,

Find the frequency according to Eg-24.

Execute the job with the assigned frequency and check the buffer state B(j).

If B(j)< B, or B(j)>pf, , change the frequency (i.e., go to Step 3), and
proceed to next job, i.e., set
j=Jg+1.

Else, continue with same frequency (i.e., go to Step 4), and proceed to

next job, i.e., set j=j+1.

TABLE IX
OVERVIEW OF THE JOINT COMPLEXITY ESTIMATION AND DVS OPTIMIZATION

GCM Generation:Generate generic complexity metrics ¢
bitstream.

(GCM)at the encoder and tag the

Initialization:Set wj;(0)=01<t<T,1<k<N.

For job j set ’w,z,t(O) = w,g;l(Lﬁl —1),estimate complexity of next M jobs according to Eq-6.

Update buffer occupancy B(j) according to Eq-15.

Perform one of the proposed optimization algorithms to find f(j), start executing job
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For each DU i;OgiSLgvk,

Monitor the real complexity rc(i) ,ﬁipdate the predictors of each complexity
7. function
8. Proceed to next job, i.e., set j=j+1.
TABLE X
CONVENTIONAL DVS

1. For every job j;1<j< M ,arriving with T, intervals
2. Create a worst case complexity estimate for each job C(])
3 Execute at frequency f(j) = ¢(§)/Tyax r rounded to the closest higher frequency
4. When finish go to idle time, wait for the next job

E. Overview and Overhead of the Combined Complexity
Estimation -Optimization Algorithm

As explained in Section II-C, we iterate the linear estimator
of complexity within the job but we update the complexity es-
timates of the next W or M jobs (depending on the optimiza-
tion algorithm) only at job boundaries since DVS optimization
is performed at job boundaries. The overview of combined com-
plexity estimation-DV'S optimization can be seen in Table IX.

The proposed optimization algorithms have very low com-
plexity and the dominant factor in total complexity of the
proposed joint complexity estimation-DVS optimization is the
complexity estimation part.

F. Relation to the Conventional DVS Algorithms

The major difference of this work and the conventional DVS
algorithms [5]-[8] is that previous works only investigated the
frequency/power adaptation to the fixed time allocations within
a single job execution (intra-job), whereas we propose an
inter-job optimization framework. In that sense, previous works
on multimedia DVS [5], [6] can be seen as complementary to
the proposed proactive DVS method.

Previous works assume job arrival times are periodic with
period T},,.x, and access to only one job in one period is allowed.
This approach aims to optimize the operating level in a greedy
fashion, given fixed deadlines; it tries to match the frequency to
uniformly allocated time slots in an adaptive manner. Here, the
delay constraint is

t(j) < Tmax; Vi:1<j<M. (26)

Then, the optimal operating level is the one corresponding
to the frequency, f(i) = ¢(i)/Tmax, as this will yield the min-
imum energy spent due to convex nature of the power-frequency
function. We call this method conventional DVS [4], [7]. This al-
gorithm is illustrated in Table X.

Note that, the worst case based allocation may waste energy
whereas average based allocation may result in job misses (i.e.,
frame freezes). To this effect, an intra-job adaptation mechanism
is proposed in [5], [6] called statistical DVS. In this method,
each job starts slowly and accelerates as it progresses; frequency
is increased when the job consumes its cycles corresponding
to that frequency. Since most jobs require much less than their
worst case complexity, this intra-job adaptation yields less idle
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TABLE XI
INTRA-JOB ADAPTATION IN CONVENTIONAL DVS (STATISTICAL DVS)

1. | Create the histogram of real (observed)
previous frames.

complexities for each frame type based on the

2. | For every frame(job) j;, 1<j< M,

case complexity groups {c(1),...,c(K)}

3. Create an increasing set of frequency schedule {f(1),...,f(K)} corresponding to worst

4. For each group m, 1<m< K,

5. Execute at frequency

f(m) for c(m)cycles.

and go to Step 4

If job is finished or deadline is reached stop go to Step 2, else setm=m+1

time compared to conventional DVS without any intra-job adap-
tation. The statistical DVS algorithm is given in Table XI.

Frequency-complexity schedule is created based on the his-
togram of complexities of frames within the same frame type.
Statistical DVS adjusts the execution frequency for each process
job based on its demand distribution. The frequency schedule
assumes an ideal CPU that supports a continuous range of fre-
quencies with power proportional to the cube of the frequency
(p < f3). Then, the calculated frequency is rounded to the avail-
able frequencies. Skipping the derivation for space constraints,
if function F'(b) is the cumulative distribution function (cdf) of
complexity of group b within the job, i.e., if the probability of
complexity being smaller than ¢(b) is F'(b), then the frequency
assignment for the group m is given as [5], [6]:

> ) VT=TG)

J(m) = Tox /T — F(m)

27

In Section IV, we compare the proposed proactive DVS al-
gorithm to these conventional DVS methods in terms of energy
savings and the number of frequency changes.

IV. RESULTS

A. Complexity Estimation

In this section, we present comparative results on the com-
plexity estimation. We quantify the estimation performance gain
that we can obtain by considering generic complexity metrics.
Note that the previous algorithms [5]-[8] are based on finding
the worst case execution time, since the conventional DVS al-
gorithms require completing the jobs before their deadline. In
our experiments, we used four different test sequences, foreman,
mobile, coastguard and silence, at CIF resolution and at a frame
rate of 30 fps. We used a scalable wavelet video coder [27]
that utilizes motion-compensated temporal filtering using the
5/3 Daubechies filter, which was analyzed in terms of job defi-
nitions in Section II-D Example 2. We used four level temporal
and five level spatial decompositions, in spatial domain ME/MC
mode. We generated two sets of decoded video with high and
low complexities at two rates, 512 kbps and 1024 kbps. High
complexity compression includes adaptive update and quarter
pixel motion compensation whereas the update step is skipped
and only half pixel MC is used for the low complexity case.

The proposed complexity estimation method is compared to
the conventional methods based on the complexity of frames
with the same frame type [6]. The statistical worst case method
described in [6] monitors the real complexity and determines
a complexity estimate such that some percent (p) of the com-
plexity values observed till instant of estimation lie below that
estimate. In our experiments, as in [6], we set p = 95%. The
average complexity estimation is obtained by averaging the
complexities of all of the previous frames with the same frame
type. We implemented the proposed complexity estimation
method as described in Section II. We used spatial subband
granularity (DU) for ED and IT complexity functions and
macro-block granularity (DU) for I0 and MC complexity func-
tions. The update step size of the predictor is set to u = 0.1. We
used job definitions explained in Section II-D Example-2 for
every estimation method including the conventional methods,
and comparison is in job granularity.

The comparative results in Tables XII and XIII show the su-
periority of the proposed complexity estimation method over
the conventional methods like averaging or worst case estima-
tion for different bitrates, video content and complexity. The
proposed method yields significantly less estimation error than
the averaging method (8.5% less error for high complexity en-
coded videos and 6.63% less error for low complexity encoded
videos).

B. DVS Comparative Results

In this section we compare the proposed DVS method to con-
ventional DVS methods. We use four different test sequences,
foreman, mobile, coastguard and silence, 256 frames at CIF res-
olution and frame rate 30 fps, encoded at two different compres-
sion specifications (low complexity and high complexity as ex-
plained in Part A), and decode at two different rates, 512 kbps
and 1024 kbps. To obtain statistically meaningful results, we
concatenated the resulting 16 videos in 12 different orders, re-
sulting in a set of 12 long videos with 3072 frames each. We
present the average results of 12 videos with different decoding
traces. We scaled the real complexity values to make real time
decoding possible for the used frequency range, similar to the
approach in [16]. Power and frequency values that we used are
shown in Fig. 8(a). We set the coefficient k for the risk explained
in Section II-C as £k = 2. We present results on i) the com-
parison of the different optimization algorithms (Algorithms
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TABLE XII
SCALED ABSOLUTE ERRORS ((creal — c_estimate/c_real) x 100) IN DIFFERENT COMPLEXITY
ESTIMATION METHODS FOR HIGH COMPLEXITY ENCODED VIDEOS

Mobile Foreman Coastguard
Silence
512kbps 1024kbps 512kbps 1024kbps 512kbps 1024kbps 512kbps 1024kbps
Proposed 6.61 6.75 9.87 9.80 6.46 6.51 22.45 21.85
Average 14.14 13.78 13.78 13.53 20.62 20.31 23.34 22.89
Worst Case | 25.19 24.10 17.91 17.43 39.69 39.27 38.26 3743
TABLE XIII
SCALED ABSOLUTE ERRORS ((c_real — c_estimate/c.real) X100) IN DIFFERENT COMPLEXITY
ESTIMATION METHODS FOR LOW COMPLEXITY ENCODED VIDEOS
Mobile Foreman Coastguard
Silence
512kbps 1024kbps 512kbps 1024kbps 512kbps 1024kbps 512kbps 1024kbps
Proposed 7.72 8.85 10.58 11.18 11.08 10.97 23.34 21.29
Average 16.42 15.60 15.02 14.30 27.70 26.56 21.98 20.52
Worst Case | 37.32 34.41 21.74 21.04 50.22 48.81 35.14 3247
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Fig. 10. (a) Frequency assignment and (b) buffer fullness for Algorithm 2 for one test video.

1-2-3); ii) the comparison of DVS with different buffer sizes
Brax and look-ahead window size W iii) the comparison of
the proposed and conventional DVS methods; iv) the investiga-
tion of the complexity estimation accuracy in the proposed DVS
method v) the investigation of combined inter-intra job (inter-
mediate frequencies) DVS within the proposed framework.

We compare the fast algorithms, Algorithm 1, 2, and 3 in
terms of the buffer utilization, the number of frequency tran-
sitions and energy savings. In our cost function in (13), we as-
sumed frequency transitions have no complexity (time or en-
ergy) cost. However, in practice, the cost of frequency transition
may not be negligible as reported in [7]. In the following, we
present energy savings, the number of frequency changes and
complexities of the algorithms given in Section III along with
the comparisons to the conventional DVS algorithms.

Figs. 9—11 shows the buffer utilization and frequency changes
within Algorithm 1, Algorithm 2, and Algorithm 3, respectively.
As can be seen from the frequency assignment plot, the highest

number of frequency changes occur in Algorithm 1 compared
to other algorithms whereas the least buffer level variation is
observed.

Algorithm 3 is the most conservative in terms of the number
of frequency changes and as expected provides the least energy
savings among the proposed three algorithms. The performance
of Algorithm 2 is between that of Algorithm 1 and 3 in the
sense of energy savings, buffer utilization, and the number of
frequency changes.

As the buffer size and the look-ahead window size increases,
energy savings of the proposed buffer controlled DVS algorithms
increase as expected intuitively. The gap between the energy sav-
ings of Algorithm 1 and Algorithm 3 decrease as the buffer size
gets large. This result shows the tradeoff between the buffer size,
energy savings and number of frequency changes. If the buffer
size is large, energy savings close to the savings of Algorithm 1
can be achieved with less frequency transitions using Algorithm
3. However, when the buffer size is small, the difference in en-
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(a) Frequency assignment and (b) buffer fullness for Algorithm 3 for one test video.

TABLE XVI
COMPARISON OF DIFFERENT DVS ALGORITHMS IN TERMS OF SCALED ENERGY SPENT AND NUMBER OF FREQUENCY CHANGES PER JOB.
BENCHMARK (%100 ENERGY SPENT CASE) IS NO-DVS SCENARIO Brax = 8 W = 8 Bihax = 16 W = 16

Scaled Energy | # freq. changes | Scaled Energy | #of freq. changes
Conventional Lower Bound 45.21 1519.8 45.21 1519.8
Conventional 60.43 1688.5 60.43 1688.5
Conventional Statistical 54.05 5338.8 54.05 5338.8
Optimal Proactive 36.93 1753.7 36.63 1747.3
Algorithm 1 40.36 655.91 40.23 545.67
Algorithm 2 40.60 161.0 40.58 82.75
Algorithm 3 42.35 121.17 41.66 57.92

TABLE XV

EFFECT OF THE COMPLEXITY ESTIMATION ACCURACY ON BUFFER CONTROLLED DVS

Boae =8 W =38

By =16 W =16

Scaled Energy | # freq. changes | Scaled Energy | #of freq. changes
Exact (Oracle) 40.34 675.25 40.20 562.5
Algorithm 1 40.36 655.91 40.23 545.67

ergy savings of Algorithm 3 and Algorithm 1 can be significant.
We also simulated the conventional DVS methods in three ways.
The first method, as explained in Section III-D, Table X, utilizes
a statistical worst case complexity estimate denoted here as
Conventional. Another method is the optimal conventional DVS
for benchmark purposes which is named as Conventional Lower
Bound. We assumed the complexities of each job are known a
priori and find the optimal theoretical DVS gain achievable by
conventional DVS methods. When the complexities are known,
the optimal frequency is the minimum of frequency from the set
of given frequencies which completes the job before its deadline.
Conventional Statistical DVS is the state-of-the-art DVS method
for multimedia processing [6], given in Table XI where we set
the number of partitions in one jobto K = 3 with groups that
have identical complexities, i.e., if complexity of the job is cthen
e(1) = ¢(2) = ¢(3) = ¢/3, similar to [6]. Optimal Proactive
is the optimal dynamic programming based algorithm given in
Table IV, assuming an exact knowledge of complexities before
the actual decoding is performed. Optimal Proactive DVS shows
the limit of energy savings given the buffer size. Table XIV illus-
trates the comparative energy savings and number of frequency
transitions for different DVS methods.

As the results show, all of the proposed methods signif-
icantly outperform the conventional algorithms in terms of
energy savings and the number of frequency changes. Note
that, the proposed method provides energy savings exceeding
the upper bound of the conventional methods which is based
on the exact knowledge of the complexity. This result clearly
shows the superiority of the proposed proactive DVS method.
Note that, buffer size of 16 decoded frames is enough for the
proposed method, although larger buffer sizes increase energy
savings but only marginally. In the following, we present the
effect of several factors on the proposed and conventional
DVS methods.

1) Effect of Complexity Estimation Accuracy in Buffer Con-
trolled DVS: To investigate the robustness of the proposed DVS
method to complexity estimate mismatches, we simulated the
proposed method with three other complexity estimates. The
first estimate is the oracle case where the complexity is ex-
actly known beforehand. We use this estimate to investigate
whether there may be possible energy savings with a more accu-
rate estimate. The second case is using the average estimate ex-
plained in complexity estimation results. Third complexity esti-
mation method is the worst case estimate. Table XV shows the
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TABLE XVI
ENERGY AND NUMBER OF FREQUENCY CHANGES USING A PIECEWISE INTERPOLATED SET OF FREQUENCIES FOR B,,.x = 16 AND W = 16

original set of frequencies

interpolated set of frequencies

Scaled Energy | # freq. changes | Scaled Energy | #of freq. changes
Conventional 60.43 1688.5 58.65 1931.8
Alg-1 40.23 545.67 40.25 469.67
Alg-2 40.58 82.75 40.60 86.5
Alg-3 41.66 57.92 41.73 60.00

effect of complexity estimation accuracy on the proposed DVS
method.

The estimate using averaging3and worst case were shown to
be too coarse for our application, they did not satisfy the buffer
constraints, for buffer sizes as much as B,,,x = 64%. This ex-
periment shows that using an accurate estimate is vital for even
buffer controlled DVS. Hence, there is a tradeoff between buffer
size and complexity estimation accuracy, as the estimation error
increases a larger buffer should be used to avoid job misses.
Also, notice that the proposed complexity estimation method is
good enough for buffer controlled DVS: As expected the exact
estimate (oracle) improved the results in the sense of energy sav-
ings but only marginally.

2) Experimental Validation of not Using the Intermediate
Points: To validate our claim of not using the intermediate
power-frequency values, we hypothetically generated ad-
ditional points by piecewise linear interpolation of given
power-frequency points. As stated in Proposition 1, this inter-
polation corresponds to changing the frequency within the job.
We repeated the same experiments with this enhanced set of
power-frequency values, given in Fig. 8(b). From the results
given in Table XVI, we can see that intermediate points which
improve the performance of conventional DVS methods, are
not very useful for buffer controlled DVS. Although we present
the results for only B,.x = 16 W = 16 case, we observed
similar results for different buffer and look-ahead window sizes.
The main reason is the proposed method can accommodate
instantaneous delay with the help of the buffer where as the
conventional methods cannot tolerate any instantaneous delay,
hence intermediate frequencies provide improvement over
conventional methods.

V. CONCLUSION

In this paper, we proposed a novel DVS method for video
decoding that considers a complexity model and video com-
pression algorithm specifications. The proposed DVS algorithm
achieves energy savings that exceed the upper bound of en-
ergy savings that conventional DVS algorithms can provide. We
explored the fundamental energy vs. delay tradeoff for video
decoding systems and proposed new tradeoffs such as buffer

3We did not update the averaging method for scene changes, i.e., more ac-
curate estimates can be achieved by averaging if scene changes are considered.
Since the purpose of this experiment was to show the degradation of the DVS
performance when estimation is not accurate, we did not consider scene changes
for averaging.

4Look-ahead window size is set to 8, W = 8 for every experiment, since a
GOP size of 16 frames, which is used in our experiments, correspond to 8 jobs in
one GOP. Also, since there is no error estimation, 3; and - are set heuristically
as: 31 = 0.1B,,.x and B2 = 0.9B,,ax.

size vs. complexity estimation accuracy, energy savings and
the number of frequency changes that the platform can handle.
We also derived several important properties of the proposed
DVS framework that enable highly efficient energy optimiza-
tions. The principles and the main trade-offs proposed can be
applied to video encoding with small modifications. We note
that, for real time encoding scenario, the DVS problem is much
more complex because, complexity of encoding may also be ad-
justable in real-time, by utilizing a complexity scalable encoder.
In the future, we will analyze DVS for real time encoding and
explore the effect of the leakage (passive) power on DVS for
multimedia.
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