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Abstract Multimedia workloads are characterized by quasi regu-
lar patterns in their execution, mainly because media encod-

Recent applications for distributed mobile devices, in- ing/decoding is composed of processing filters, applied in a
cluding multimedia video/audio streaming, typically pro- specific order. This regular behavior is confirmed by recent
cess streams of incoming data in a regular, predictable way. research [11]. The only changes are introduced by varia-
The behavior of these applications during runtime can be tions in the input data [9] and the algorithm itself. Knowl-
accurately predicted most of the time by analyzing the dataedge of data characteristics can be exploited at all levels in a
to be processed and annotating the stream with the infor- multimedia streaming application, and is especially impor-
mation collected. We introduce an annotation-based ap- tant for portable devices where battery life and thus mobility
proach to power-quality trade-offs and demonstrate its ap- are of utmost importance.
plication on CPU frequency scaling during video decoding, In this paper we propose a new approach for runtime
for an improved user experience on portable devices. Our power vs quality trade-offs in distributed multimedia appli-
experiments show that up to 50% of the power consumecdcations based on data analysis and annotation. In this case
by the CPU during video decoding can be saved with this annotations prove beneficial because they can be done “off-
approach. line” (statically) while saving the mobile device from the
burden of analyzing the data at runtime.

The paper is organized as follows: we start by describing
data annotations and presenting some related work. We then
introduce our approach for using annotations in a CPU fre-
guency scaling scheme for video decoding. Next we focus

Recent technological advances in processor and wirelesgn the technique for data-aware dynamic frequency scaling,
technology have caused a shift in the computing industry followed by the results of our experiments. The last section

towards mobile devices like handhelds, PDAs and laptops.concludes the paper and discusses future work. For more
At the same time, we find that increasingly these devicesinformation please refer to [6].

are being used in distributed multimedia streaming appli-
cations, common examples being movie streaming on de-
mand, video conferencing and on-line gaming. But even
with these advances in technology, battery life still remains ] ] ] ]
a major limitation of portable devices. The main power con-  1he idea of annotations is not new. Annotations have
suminf components of a handheld device are the CPU, dis-Previously been applied to other domains. In compilers, an-
play and network interface. Running multimedia applica- nqta}tlons are sqmetlmes uged fgr retaining as much from the
tions further aggravates the situation, as these programs ar@ginal semantics as possible, in an automated way. At the
known to be both CPU-intensive and to require higher net- SMe time, a programmer can annotate the source code to
work bandwidth. pass information or hints to the compiler [8]. For example,

Various research has been done over recent years towarfedister assignment for variable in C falls in this category.
minimizing power consumption, but there is a limited power Other examples include the use of ‘pragma’ directives (C,

gain that can be achieved statically. Variations in the input C**: Ada).

data stream present us with new ways to optimize dynami- Similarly, we see the process of annotating the data
cally, based on content. stream as either automated (performed statically, by an anal-

ysis step) or under user supervision, where the user can, for
*This work was partially supported by NSF award ACI-0204028. example, specify which parts or objects of the video stream
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cult/impossible or too time-consuming to gather at run-time
on the handheld device and that can be exploited later for
either power or performance benefits.

The annotations can be performed either statically (for Fig. 1. The system entities include a multimedia server, a
example off-line annotation/profiling in case of on-demand proxy node that can perform various optimizations on the
media serving, where the information is preprocessed andsiream (e.g. transcoding), the users with low-power wire-
stored at the media servers) or dynamically (in case of live |gss devices and other network equipment along the way.
streams, the annotation can be done on-the-fly by an inter-the multimedia servers store media content and stream
mediary proxy node). videos to clients upon requests issued by the users on their

Annotations can be used at either the client side, for anhandheld devices. The communication between the hand-
increased user experience, or at a proxy node, which mayheld device and the servers can be routed through a proxy
perform additional on-the-fly operations on the data streamserver — a high-end machine that has the ability to process
to adapt it to the capabilities of the client (transcoding, etc.). the video stream in real-time. The proxy node can also per-
These annotations may prove useful in estimating the re-form in-line profiling/annotation for real-time video stream-
quired bandwidth for communication, estimating computa- ing (videoconferencing is an example of such an applica-
tion or applying more aggressive QoS trade-offs based ontjon).
image content. The annotations can be generated and stored in the video

Multimedia applications are typically studied at different stream (headers) at either the server side or the proxy node,
abstraction layers: application, middleware/network, OS, therefore saving the client of any additional work. Another

hardware. Each of these layers can use, and benefit fromoption is to send the annotations over a separate control
additional information on the data stream. In this paper we channel.

focus our attention at the OS/hardware level. Moreover, we
assume that the annotation is performed off-line, by profil-
ing an extensive data set, representative for the applicatior@- Related work
domain. We focus on multimedia streaming in particular,
and on annotations that are relevant to this domain. In this section we are reviewing existing research work
The advantage of annotating the data in advance (off-that focuses on analyzing the input data stream and deriving
line) is two-fold. First, there is no overhead for doing all various techniques for improving either communication or
the work at runtime, by the client device. Second, becausecomputation in streaming applications.
the information is available even before decoding the data, The Aspire research group studies various data-shaping
more optimizations are possible than would otherwise be algorithms for mobile multimedia communication. They
possible at runtime. For example, annotations in the MPEG profile and annotate still images for improving transmission
stream allow optimizations at the network level because theover a wireless channel usage (bandwidth, latency). In [7]
information exists in the MPEG header itself. Other opti- the image data is compressed according to dynamic condi-
mizations (like frequency/voltage scaling) may be applied tions and requirements. Content adaptation is classified de-
early, even before decoding is finished, because the annopending on time (static, dynamic), content (to determine op-
tated information is immediately available from the data timal compression) and goals of technique or metrics (con-
header. Without annotations, the client application would strained bandwidth, display size, response time).
first need to decode the data and analyze it or use some Chandra performs an informed quality-aware transcod-
history-based prediction, because only a small window of ing in [3], based on image characteristics. He finds that
data can be accessed at one time. This limited knowledgea change in JPEG quality factor (compression metric con-
can potentially have serious consequences (severe qualityrolled by quantization steps) directly corresponds to infor-
degradations) if prediction proves wrong. It would also mation quality lost. A prediction for computational over-
place a heavier load on the mobile device, thereby reduc-head is applied, which approximates number of basic com-
ing its battery life. putation blocks based on image size, color depth and can
We assume the distributed system model depicted inpredict output size for a particular transcoding.

Figure 1. System model



In [4], the authors analyze the characteristics of images
available on web sites (distribution of gif or jpg images,
size, colors and quality). They classify images in: bullets,
lines, icons, banners, true images based on heuristics and
analyze various transcoding techniques for reducing image
size (reducing spatial geometry or thumbnailing, reducing
the number of unique colors, changing the image format or
compression)

Tripathi and Claypool study different ways to reduce MPEG
bandwidth in network transmission in [12], by either tem- Stream
poral scaling (dropping frames), quality scaling (reducing
quality of frames) or spatial scaling (changing the size of
frames). The quality degradation is evaluated through a user
study. _ _ If we plot the distribution of macroblock types in a video

[5] presents a DVS technique for MPEG decoding to re- cjip we observe that the relative percentage of |, P, B mac-
duce energy consumption while at the same time maintain-rop|ocks varies depending on the nature of the video stream
Ing Fhe quallﬁy of service. The approach is to separate qe'and the amount of motion in it (e.g. Figure3). Therefore,
coding time into a frame-dependent part, which varies with to accurate prediction we need to separately profile video
the frame, and a frame independent part, constant regardlesgjips from different categories (clips with dynamic action vs

of the frame. The independent part is used to compensatemosﬂy static, news type).
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Figure 2. Frames in a MPEG stream
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in software. The algorithm predicts the number of cycles
required for a given frame by constructing a linear model
between frame type, size and time. The accuracy is within
25% of the actual decode times.

In [10], the authors describe a feedback based controller
for video decoding that applies DVS for individual frames. 0%
The complexity of frames is estimated using a simple cor-
relation between frame length and decoding time.

In contrast, our technigue performs an off-line profiling
and annotation, which allows us to more accurately estimate  Figure 3. Macroblock Distribution(action clip)
the frame decoding times with a minimal overhead at run-
time.
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Because | macroblocks are completely intracoded (all
4. Approach needed information is in one frame), they only require an
IDCT (Inverse Discrete Cosine Transform) during decoding
Multimedia applications place heavy demands on the and are typically much larger than the other macroblocks.
CPU because they typically employ complex encod- On the other hand, P and B macroblocks are predicted from
ing/decoding kernels, applied on the video stream. If we other frames. Therefore they are smaller in size and require
observe the load on the CPU more closely, we notice thatboth IDCT and motion compensation. Normally, IDCT is
the amount of processing varies along the stream. more computationally intensive than motion compensation
A typical MPEG video stream is composed of sequencesand depends on the size of the block to be processed. As
of frames (I, P and B), some of which are entirely encoded a result, in MPEG, processing the | macroblocks have the
in the stream (e.g. | - intracoded), some of which are pre- highest processing requirements, followed by P and B mac-
dicted based on either previous (P - predicted) or a combina+oblocks. The distribution of different macroblocks in a
tion of previous and subsequent frames (B - bidirectionally frame therefore allows us to roughly estimate the required
predicted) (Fig. 2). Frames are further composed of mac-time for decoding an entire frame (always containing a con-
roblocks, which are also of type I, P, B: I-frames contain stant number of macroblocks, depending on its pixel size).
only I-macroblocks, P-frames contain | and P-macroblocks, As each frame has a different distribution of macroblock
while B-frames may contain any of the three types, though types, we store this information as an annotation at the
the B-type predominates. frame level, together with the frame size.



While there are some variations in decoding time within
each group type, there is a very marked difference in de-
coding times between the types of frames, as can be seeni
Fig. 4. The figure plots the distribution of frame decoding
times during the execution of a typical video clip. The rel-
ative variation of the points that we can observe on the plot
follows the patterns of activity (motion) in the clips (more
activity in the video generates more scattered points).
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Figure 4. Frame decoding times (action clip)

In our approach, we use annotations to help estimate the

computation needed for decoding a frame (decoding time).
This estimation is then applied to a DVS power manage-
ment scheme (slowing down the processor on a frame by
frame basis, based on the above estimations).

5. Annotation-based DVS

As we have shown previously, the decoding time of a
macroblock depends on its type and is affected by the size
of the macroblock. Moreover, if we plot decoding time for

Decode Time vs Frame Size
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Figure 5. Decode time vs frame size

limit our experiments to frequency scaling with the men-

tion that voltage scaling (which may be present in future de-
vices) and finer grain voltage/frequency levels would even
further improve the results. Therefore in the reminder of the
paper the term DVS will refer to “frequency scaling” only.
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Figure 6. Frequency scaling for a frame

Our technique slows down the processor (saving power)

a frame as a function of the frame size, we observe a strongduring each frame decode to the lowest frequency that still

correlation between the two in practically all video clips.
For example for the same video clip as in Fig. 4 the plot
is shown in Fig. 5. This observation suggest that a relative
good approximation of the decoding time is feasible.

allows it to finish before the frame deadline.

Fig. 6 shows the frequency and time involved in the de-
coding of a single MPEG frame. Originally, the processor
runs at full frequency £,:4) and the frame is decoded in

In order to estimate decoding time based on frame sizetorig time. The deadline for decoding a frame is given by
we apply regression fitting algorithms and find a correlation tgeadiine @and depends on the frame rate at which the video

function between frame sizes and decoding times, which
minimizes errors. Next, we devise an estimation heuristic

is encoded.
We use an estimation functiadfi ;... (generated in the

for frame decoding time and use it to control a DVS scheme. analysis stage) and compute the estimated decode time from
It is well known that the dynamic power consumed by the frame size (stored in our annotations, together with the
a CMOS circuit can be approximated through the formula distribution of different macroblocks types in the frame).

P = CfV2, whereC is the switching capacitance of the
circuit, f is the clock frequency anW4 is the supply volt-
age level.

testim = Festim(s)
Estimation errors cause the computed decode time to

vary slightly from the actual decode time by &rror value.

Since the platform simulated in our experiments (the The smallek, the better our estimation is:

iPag PDA) does not currently support voltage scaling, we

testim —e< to’r‘ig < testim +e



We compute the new (lower) frequency to run the pro-
cessor from the equation:

(testim + 5) forig == tdeadline festim

We estimate the CPU power savings of our annotation-
based technique over both the original power consumption,
with no DVS scheme applied, and the power consumption

In case of discrete CPU frequencies, we choose the clos4in the “simple WCET DVS” case. The results are computed
est frequency just under the computed value. Based onfor both offline annotation (streaming of stored material)
the new frequency, we compute the new estimation-basedand real-time video streaming (e.g. videoconferencing).

power P.g¢;., S
Pogiim = C.festimv,fd

Annotations can be stored to the stream in different
ways: inside empty packets in the MPEG stream or in a

To evaluate the power savings, we compare our approacldedicated control channel. In our experiment we assume

to the original case, where no DVS technique is in effect and that only the parameters of the fitting curve are transmit-
the processor runs at full power all the time. We also com- ted for each clip, which requires just a number of bytes
pare our technigue against a simple heuristic, which we callper clip (the evaluation of the function is performed at run-
“simple WCET DVS”. This heuristic assumes a constant time, being a very simple quadratic function of the frame
processor frequency for the duration of the entire clip, cho- size). Another possibility would be to precompute the esti-
sen so that all frames can be decoded before the deadlinenated decode time and store it with each frame (saving even
(slows down the processor such that the worst case decodmore processing time at runtime, but requiring an additional
ing time is still before the deadline). Power consumption in number of bytes in the stream, though a minimal overhead

this case is:

Pyeet = C fwcetded, where the frequenc¥ycet iS
determined from:

tmam.forig = tdeadlinefwcet: with tmam bOUnding
the largest (WCET) decode time during the entire clip (or a
large window in the execution).

The “simple WCET heuristic” is similar to what a cur-

rent DVS-capable device would actually perform and does
not take advantage of the time difference between decoding?
different frames. In contrast, our estimation based approach
tries to compute (within a reasonable error) the decode time
for each individual frame based on the annotations stored in

its header. An illustration of these three cases (no DVS,
“simple WCET DVS” and estimation-based DVS) is de-
picted in Fig. 7.
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Figure 7. Different DVS heuristics

The energy savings in our technique come from the dif-
ference between the original CPU power (or WCET power)
and our estimation-based power, which is always lower or
equal to the original. We lower the CPU operating fre-

guency by taking advantage of the slack time in the decod-
ing phase, which we more accurately estimate through an-

notations and profiling.

compared to the frame size overhead compared to the frame
sizes).

6. Experimental results

We use Sim-Panalyzer[1], a power architecture simula-
tor, based on SimpleScalar. Sim-Panalyzer models an ARM
rocessor architecture and performs cycle accurate simula-
ion. At the end of execution the simulator reports a number
of statistics, including power consumption by the internal
units of the processor.

The simulated architecture is a StrongArm processor
(200MHz), found in typical iPag PDAs. The overhead for
switching frequency is in the order of microseconds for a
StrongArm processor, as opposed to tens of milliseconds
for a frame decoding time and therefore is assumed negligi-
ble in our experiments. For measuring decoding times, we
run the MPEG decoder, which is part of Berkeley MPEG
Tools. The time estimator is written in Matlab.

As data input, we use video clips of 10 second each (300
frames) with a framerate of 30fps. Eight of the clips are en-
coded in a CIF (352x288) pixel format, and are taken from
the multimedia community (akiyo, coastguard, container,
foreman, hall, mobile, news, silent); they cover the entire
range from very still to very dynamic. The other two clips
are encoded in a 320x240 format (action, news).

Our experiments assume a frame-based DVS. Other ap-
proaches are possible too: for example DVS applied to a
group of frames. In this latter case, buffers are required be-
tween the decoder and the display, to smoothen the variation
between decoding times and avoid frame delays. Also, the
power savings would be slightly lower, but the technique
could be applied to even more devices (those with less DVS
steps, more overhead).

We start by profiling the video clips in our simulator
and generating the information required for data annotation.



Decode Time vs Frame Size (linear regression)

Decode Time vs Frame Size (quadratic regression)
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Figure 8. Curve fitting for  foremanclip Figure 9. Curve fitting for  foremanclip

Because the profiling is performed off-line in this case,
we applied the profiling and estimation steps individu-
We found that the best fit is given by a combination of ally on each clip (i.e. each clip is first profiled, anno-
linear (f(z) = a * = + b) and quadratic f(z) = a * tated, then its own estimator is used for DVS).
x2 + b * = + c) functions. (b) Global estimation: simulates a real-time scenario
The coefficients in these functions are determined using For an in-line annotation, we first profile globally all
the “least square error” method. To evaluate the quality clips from the same domain and with similar encoding
of the results, we compute the coefficient of determination parameters and derive a single global estimator. Next,
(commonly known as th&? value) for the fit, which indi- we run this estimator on each clip separately. This is a
cates the percent of the variation to be expected in the data. = more realistic approach for live video streams, where
The closer thatR? is to 1, the better the model “fits” the we may not want or be able to separately profile each
data. clip, instead use a set of similar clips from the same
We also compute the maximum residual value, which video domain for the off-line profiling step.
bounds the maximum variation from the predicted value we  The power consumption results for both scenarios are
can expectd in our discussion above). This bound limitis presented in Fig. 10, against the original (no DVS) and the
used for assuring that almost no deadlines are missed, eversimple WCET DVS” case. The numbers are normalized to
in the presence of variations, thereby maximizing quality. the original power consumption (i.e. 100% means no DVS).
In our experiments we computed this threshold such that  We observe that the power savings for the processor are
virtually no deadlines were missed. If the user can tolerate up to 50% over no DVS and up to 40% over “simple WCET
some quality degradation (frame loss), we could lower the DVS” (which already performs much better that the original
threshold even further, significantly improving power sav- case), for the individual estimation. Even for the global esti-
ings. This is the trade-off between the quality of service mation case where the savings are slightly lower, the power
delivered and the maximum power savings possible. gains are still high when compared to the other approaches.
By analyzing a large number of video clips from differ- OQur savings translate to around 15% for the entire device,
ent domains we concluded that the best fit (fe$talue)is  with virtually no quality loss. More savings are possible if
achieved when using the following two fitting curves: a lin- a lower quality of service is allowed.
ear function for I-frames, and a quadratic function for P and
B-frames (example in Fig. 8). A single quadratic function 7 Conclusion
would not capture the curve variations present in some of

the clips between the different types of frames (see Fig. 9).  Thjs paper presents a new approach toward optimization
The variation is introduced by the extra motion compensa- o, gistributed multimedia streaming, using data annotation.

tion step, which is present only in P and B-frames). We have shown how annotation can be used to accurately

To simulate both an off-line scenario (stored media, an- egtimate runtime behavior. We have described our experi-
notations are performed off-line) and a real-time streaming ments where we used annotations for data-aware DVS

(videoconferencing, anno_tations are perfon_’ned in-line, by s results show that good CPU power savings can be
the proxy node) we experimented with two different setups: gpiained with annotation-based estimations performed on

video clips, for both off-line and on-line scenarios.

The next step is to derive the approximation (estimation)
function (decode time vs frame size).

(a) Individual estimation: the case of stored material
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Figure 10. Normalized CPU power consumption results

As future work, we plan to extend our algorithm to in-
clude dynamic estimation correction when the prediction er-
ror becomes too high in real-time video streaming. We also
plan to look into mobility issues and the optimizations pos-
sible when multiple clients are streaming the same video.
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