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ABSTRACT

This paper presents the results of a quantitative evaluation of the instruction fetch charaderistics for media processng.
It is commonly known that multimedia goplications typicdly exhibit a significant degree of processng regularity. Prior
studies have examined this processng regularity and qualitatively noted that in contrast with general-purpose
applicaions, which tend to retain their data on-chip and stream program instructions in from off-chip, media processng
applications are exadly the oppasite, retaining their instruction code on-chip and commonly streaming data in from off -
chip. This gudy expounds on this prior work and quantitatively validates their conclusions, while dso providing
recommendations on architedural methods that can enable more dfedive and aff ordable suppart for instruction fetching
in media processng.
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1. INTRODUCTION

With the success of the Internet and World Wide Web, and the growing feasibility of image/video compresson and
computer graphics, the multimedia industry has been growing at a tremendous rate. Multimedia now defines a
significant portion of the cmputing market, and this is expeded to grow considerably. As a mnsequence the
processng demands for multimedia gopli cations are rapidly escdating as users desire new and better applicaions. Many
multimedia goplications are dready beyond the limits of today’s microprocesors, and the next generation of multimedia
promises awider range of applications and considerably greder processng demands.

As the workloads in many computing markets continue to shift more towards multimedia, computer architedure is
congtantly evolving to better med the neals media processng applicaions. In 1997 Diefendorff and Dubey first
anticipated this process. However, they predicted this sift solely with resped to general-purpose processors, indicaing
their belief that general-purpose procesors would continue to provide improved suppat for media gplicaions, and
would eventually win out over spedalized DSPs in becoming the dominant means for supparting multimedia.  Their
prediction has been largely true, with two exceptions. The first is that the shift has occurred in both genera -purpose
procesors and DSPs. Both processor architedures have wme to provide better suppart (typicdly using similar
methods) for multimedia. The second exception is that spedalized media DSPs (as oppacsed to multi-purpose DSPs) are
il i mportant for media processng, primarily because spedalized application-spedfic procesors better target those
appli cations and markets where low power and/or low cost isa aiticd constraint.

One of the many aspeds that Diefendorff et al. discussed is that media goplicaions tend to exhibit significant processng
regularity, often consisting of small loops or kernels that dominate the overall processng time'. This argument was
expounded in a more recent article by Stokes? discussng the design of the Emotion Engine®, the processr for Sony’s
Playstation 2, who likened the memory access charaderistics of media gplications to be in direa contrast with the
memory access patterns of general-purpose goplicaions. He indicaed that general-purpose gplications typicdly retain
the magjority of their data in on-chip data cache/memory and commonly strean program instructions in from off-chip,
whereas media procesors drean much of their data memory on and off chip and retain their instruction code in on-chip
instruction memory/cadie. So, whereas general-purpose gplicaions are charaderized by streaming instruction memory
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Figure 1 — Comparison of streaming vs. non-streaming memory patterns’.

and static data memory, whose properties are illustrated in Figure 1la Figure 1b, respectively, media applications are
characterized by static instruction memory and streaming data memory, which are conversely illustrated by Figure 1b
and Figure 1a, respectively.

This study builds on the prior qualitative discussions by Diefendorff et al.> and Stokes?, quantitatively validating their
conclusions and showing the relatively idedistic nature of instruction fetch characteristics in media processing.
Additionally, we also provide recommendations for architectural methods that can enable more effective and affordable
support for instruction memory access in media processing.

This evaluation first examines the instruction fetch problem from an architecture-independent perspective, evaluating
workload-dependent characteristics that are common to any generic RISC-style processor. We have found that many of
the instruction fetch characteristics, including various characteristics of loops, program control, and instruction memory,
are common among media applications. Based on the commonality of these characteristics, we conclude that
multimedia applications have relatively idealistic fetch characteristics: the most critical program code sections tend to fit
easily in most on-chip memory, and the control characteristics tend to be fairly predictable.

The second half of the evaluation examines various architecture-dependent aspects of instruction fetch for media
processing. In existing media processors, the architectures tend to rely on static architecture support for instruction
fetching. While this is reasonable based on the processing regularity and predictability, we have found some relatively
minor dynamic architecture features can be added that significantly improve instruction fetch performance. This paper
evaluates the performance of various dynamic architecture methods for media processing, identifying the utility of each
method. In particular, we found that a small dynamic branch predictor can substantially enhance instruction prediction
accuracy. And surprisingly, we found instruction buffersto be of little benefit in improving execution performance.

The remainder of this paper is organized as follows. Section 2 describes the evaluation environment, including the
media benchmark and the compilation/simulation environment used for this study. Section 3 then evaluates the
architecture-independent, workload-dependent characteristics of instruction memory in media applications. Section 4
continues our evaluation of instruction fetch characteristics, examining various architecture-dependent instruction fetch
mechanisms, including avariety of dynamic architecture structures. Section 5 then closes with the conclusions.

2. EVALUATION ENVIRONMENT

This multimedia workload evaluation uses the MediaBench benchmark suite, augmented with H.263 and MPEG-4 to
make it more representative of current and future multimedia systems. The experimental evaluation of application
characteristics is performed using the IMPACT compilation/simulation tools. Use of this evaluation environment
enables us to study both the architecture-dependent and architecture-independent characteristics of media applications.



2.1. MediaBench benchmark suite

The MediaBench benchmark, introduced by Lee Potkonjak, and Mangione-Smith®®, is the first combination of
multimedia goplications to truly represent the overall multimedia industry. The benchmark was designed spedficdly to
focus on portable gplicaions written in a high-level languege that are representative of the workload of emerging
multimedia and communicaions g/stems. It incorporates multimedia gpli cations written in C, ranging from image and
video processng, to audio and speed compresson, and even encryption and computer graphics.

This benchmark provides applicaions covering six mgjor areas of media processng: video, graphics, audio, images,
speed), and seaurity. We dso augmented MediaBench with additional video applicaions, MPEG-4 and H.263
MediaBench arealy contains MPEG-2, but H.263 and MPEG-4 are distinct in that H.263targets very low bit-rate video,
and MPEG-4 uses an objed-based representation. These gplicaions are believed to make MediaBench more
representative of emerging and future media goplicaions.

Finaly, shown below in Table 1 are some statistics about the goplicaions in MediaBench. The first column indicates
the number of static instructions in the @smbly code (Lcode) when compiled onto a single-issue processor using
classcd-only optimizaions. The last four columns provide statistics for the two input data sets provided with
MediaBench. For ead input, the first column indicaes the input data fil e size, whil e the second indicates the number of
dynamic instructions for exeauting the gplication with that data set. Of the two data sets, we use input 2 (which
typicdly has the larger dynamic traces) as the training data set for profiling. The benefit of this is that simulation is
significantly more time mnsuming than profiling, so simulating with the smaller input data enables more reasonable
simulation time. Additional information and analysis on MediaBench can be found in Fritts®.

P # Qatic Instrs Input 1 Input 2
rogram —— - — .
File Sze # Dynamic Instrs File Sze # Dynamic Instrs
cjpeg 15,883 101,484 10,845202 968046 86,499438
djpeg 19,397 5756 3,032,372 31,074 25,080826
epic 4737 65,595 38,577,696 65,610 39,366,149
gs 226,348 78519 68,400,275 488795 70,201,200
g721ckc 1826 73,760 226,268757 116,798 348661,608
g72lenc 1817 295040 239,657,034 467,192 379,687,769
gsmdeode 11,365 30,426 60,794,843 48,180 96,223492
gsmencode 11,077 295040 135010575 467,192 216712453
h263dec 8721 20,364 60,291,153 19,338 66,026217
h263enc 17,750 1,438272 1,498418843 5,702400 1,557,457,063
mipmap 116668 - 20479889 - -
mpeg2dec 9520 34,906 99,657,160 1,593409 723990481
mpeg2enc 14,136 506,880 992775122 1,555200 805664583
mpeg4dec 108273 39,213 1,432505735 503060 505360524
osdemo 112605 - 6,272117 - -
pegwitdec 8576 91,537 14516495 53,665 12569444
pegwitenc 8522 91,503 24,883764 53,631 21,830,683
pgpdemde 75,756 20,167 497,765011 11,905 494735842
rasta 55,547 17,024 8,590,189 33,024 6,475968
rawcaudio 220 295040 5,760303 467,192 9,388421
rawdaudio 211 73,760 5,091,778 116,798 8,275859
texgen 115316 - 54,692,716 - -
unepic 3767 7432 5273016 10,129 5,743473

Table 1 — MediaBench input data set charaderistics.



2.2. IMPACT compiler

The compilation and simulation toals for this evaluation were provided by the IMPACT compil er, produced by Wen-mei
Hwu's group at the University of Illinois at Urbana-Champaign™®. The IMPACT environment includes a tracedriven
simulator and an ILP compiler. The simulator enables both statisticd and cycle-acairate tracedriven simulation of a
variety of parameterizable achitecture models, including both VLIW and in-order superscdar datapaths. We have dso
expanded the simulator to simulate a out-of-order superscdar datapath as well. The IMPACT compiler supparts many
aggressve ompil er optimizations including procedure inlining, loop unrolli ng, speaulation, and predication. IMPACT

organizesits optimizations into threelevels:

e Classical — performsonly traditional locd optimizaions
e Superscalar — adds procedure inlining, loopunrolli ng, and speaulative exeaution
e Hyperblock — adds predication (conditi onal exeaution)

The impad of ead of these optimization levels on instruction fetch charaderisticsis described later in this paper.

For purposes of this workload study, it is desirable to evaluate both the achitedure-independent applicaion
charaderistics as well as the achitedure-dependent charaderistics. The IMPACT compiler enables an architecure-
independent analysis throughtheir low-level intermediate representation, Lcode. The Lcode representation is esentialy
a large, generic instruction set of simple operations like those found on typicd RISC architecures, but not biased
towards any particular architedure. Such a generic instruction set enables architecure-independent eval uation.

3. WORKLOAD-DEPENDENT INSTRUCTION FETCH CHARACTERISTICS

To acarately evaluate the intrinsic instruction fetch charaderistics of multimedia gplications, the compiler was st to
apply only classca optimizations while compili ng the MediaBench benchmark suite. Usingjust clasdcd optimizations
utili zes only those optimizations that eliminate redundancies in the wde & the asembly level, such as common sub-
expresson elimination and constant propagation. More aggressve optimizaions such as loop unrolling, procedure
inlining, and global scheduling are spedficdly disallowed as they change the dharaderistics of the workload, all owing
potentialy significant variations to code size and control flow. Using a generic instruction set architedure and classcd-
only compilation provides the most acairate method for performing an architedure-independent workload eval uation.

This architedure-independent workload evaluation examines those gplicdion charaderistics pertinent to instruction
memory. These apeds include branch statistics, instruction memory working set size, instruction memory spatial
locdity, and loop charaderistics. Ead of these is evaluated in turn below.

3.1. Branch Statistics

This sdion examines the information on branch statistics such as frequency of branches and static branch prediction
performance’. This information is important to ascertain first because it provides an indicaion of the importance of
instruction fetch charaderistics to the overall exeaution time. For example, in general-purpose gplicaions, the
frequency of branches tends to be quite high, so that all basic blocks (a basic block isagroup of operationsthat al reside
on the same path of control flow) tend to be quite small, averaging around 5 operations per basic block™®. This, coupled
with the fad that static branch prediction performanceis usually fairly low (average of only about 70-80% hit rate) and
working set sizes are often quite large, indicates that instruction fetch charaderistics of general-purpose gplicaions can
affed exeaution performance significantly.

For media processng, using the MediaBench benchmark suite, it was found that on average éout 20% of operations are
branch operations. Similarly, it was found that the average basic block sizeis 5.5 operations per basic block. Overall,
since the frequency of branches in media gplicaions is smilar to that for general-purpose gplicdions, the impad of
instruction fetch may potentially have significant effed upon exeaution performance.

" These results were first presented in Fritts et al.°, and more thorough coverage gpeasin Fritts®.
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Figure 2 — Static branch prediction performance. Figure 3 — Instruction memory working set size.

Unlike general-purpose gplications however, the static branch prediction performance for media gpli cations was found
to be fairly high. In evaluating static branch prediction performance, we simulated static branch prediction for both the
training input and a separate evaluation input. Becaise the mde is optimized using the training input, simulation on the
training input yields optimal static branch prediction performance for that input. Other input sets will typicdly yield
lower performance The performance of the evaluation input data set represents the redistic static branch prediction
performance which will typicdly, but not always, be lower than the performance of the training input.

The results of static branch prediction on the training and evauation inputs are shown in Figure 2. Overal the
performance was very good The arerage static branch prediction acairacy is 89.5% with the training input and 85.9%
for the evaluation input. For the most part, the redistic performance, as represented by the evaluation input, is only
moderately lessthan the ided performance. In comparison with general-purpose gplicdions, the branch misprediction
rate is around 2-3x lower. Consequently, the higher static branch prediction rate indicaes dynamic branch prediction is
lessimportant for media gopli cations than for general-purpase goplications.

3.2. Working Set Size

The instruction memory working set sizeis displayed in Figure 3*. To evaluate working set size, a cache regresson was
performed using a dired-mapped cace with a line size of 64 bytes for all base-2 cade sizes between 1 KB and 4 MB.
The number of read and write misses were measured and an analysis of the results yielded the working set size for each
applicdion. The working set sizeis defined by the “knee” on the cate regresson graph where the missrate deaeased
dramaticdly with resped to smaller cade sizes. An example of such akneeisill ustrated by the 8KB cade in Figure 4.
In the dsence of akneg the working set sizeis defined as the cate sizethat reduces the missratio to below 3%.

Based on the statistics, it appeas that instruction cate sizes can be quite small for MediaBench applicaions. As sown
in Figures 4, a cate size of 8 KB provides the ided cade sizefor these gplications, with an overall missratio of only
0.3%. Cade sizes sndler than 8 KB increase miss rates sgnificantly, while larger instruction cades increase
performance only marginally. Even the one gplication, gsmencode, with a larger working set sizethan 8 KB till has a
missrate of only 1.5% at 8KB. These results are somewhat surprising since many of the gplicaions have relatively
large @de sizes, shown previously in Table 1, with between 10,000 and 12Q000 d/namic instructions. This means all
applications gend the majority of their processng time within only a small fradion of the mde, in some cases lessthan
3%. The small i nstruction working set size provides another indication of the processng regularity in media processng.

* Once ayain, these results were first presented in Fritts et al.®, and more thoroughcoverage gppeasin Fritts’.



It is aso important to note that the IMPACT compil ation/simulation environment asaumes that ead instruction is
encoded using a 32-hit format. However, on procesrs that utilize shorter formats, such as Tenslicds Xtensa
procesor'!, the mde size, and similarly the instruction set working size, may be substantially smaller.

In contrast with the multi media results, general-purpase goplicaions typicdly have much larger instruction working sets.
To adiieve the same miss ratios as multimedia gplicaions, genera-purpose gplicaions would require a 32 KB
instruction cade'®. Consequently, media aplicaions demonstrate their tendency to spend the majority of their
processngtimein very small fradions of the program code.

3.3. Spatial Locality

Spatial locdity is another important instruction fetch charaderistic. If an applicaion has high spatial locdlity, then there
is lesslikelihood that a given instruction memory accesswill result in a cadie miss To evaluate the spatial locdlity for
instruction memory, we performed a cade line sizeregresson on a 64 KB dired-mapped cade for al base-2 line sizes
from 8 to 1024 lytes. Asline size increases, performance typicdly increases because the processor will often use the
additional data antained within the cade line without having to generate alditional cate misses. The degreeto which
an applicaion can use the alditional memory within longer cadhe line sizes representsits degreeof spatial locdity.

An equation was defined to quantitatively describe the spatial locdity for increasing line size 100% spatial locdity is
represented by a perfed deaease in cade misss relative to the change in line size So if line size doubles, the number
of cache misses would halve. The degree of spatial locdity is then defined as the ratio of the adual deaease in cade
misses compared to the ided deaease. Asauming A is the number of cate misses for the longer line size, B represents
the number of misses for the shorter line, and I, and I, are the line sizes for A and B, the equation beames:

(A-B)

NS

Measuring the spatial locdity between subsequent cade line sizesin the cade regresson, the equation becomes:

spatial locality =

spatial locality (fromdoublinglinesize) = (A_ B)

(A72)

6 —&—video —l—image graphics
—>— audio —X¥—speech —@— security
5 —+—average
\ 120
- 4 100

80 A

60

20 AN

20

Miss Ratio (%
N
Degree of Spatial Locality (%)

0 T T T T T
16 32 64 128 256 512 1024
Instruction Cache Size (KB) Line Size (bytes)

T TN - TP P - RS BN ) o
SN OGN

Figure 4 — Average missrate vs. instruction cate size Figure 5 — Instruction memory spatial locdity.



Using this equation, the spatial |ocdity for instruction memory is siownin Figure 5. For agiven line size, the spatial
locdity isrelative to the next shorter line size, e.g. spatial locdity for the 256 byte lineisrelative to the 128 kyte line.
As evident in the figure, the spatial locdity for instruction memory remains very highfor line sizesup to 1024 lytesin
most media types except video and graphics. Overall, the average instruction memory spatial locdity is 84.8% for line
sizesup to 256 tytes, and still remains as highas 77.2% for line sizes up to 1024 lytes.

3.4. Loop Statistics

In the previous sctions it was found that multimedia gplications have smal instruction working set sizes and high
instruction memory spatial locdity, spending the mgjority of their time processng over small sedions of the program
code. To more fully understand the processng charaderistics within these frequently exeauted program sedions, we
aso evaluated the loop charaderistics of multimedia goplicaions. Included among the charaderistics examined are loop
exeaution weight (by loop level) and the arerage number of iterations per loop. These statistics will enable agreaer
understanding of the degreeof processngregularity in media processng.

The first charaderistic evaluated is loop exeaution weight by looplevel. Using a depth-first search throughthe functions
in ead applicaion, we asdgn aloop level to ead loopin every function. The loop level is defined as the number of
levels from an innermost loop. Innermost loops are assgned level 1, their parent loops are level 2, and so on. When a
parent loop has multiple child loops of different looplevels, the looplevel of the parent is defined as one greaer than the
maximum looplevel of all child loops. Thislooplevel definition ignores function boundaries, so looplevels are global.

The results, given in Figure 6, indicae that most multimedia gplicaions gend 80-90%, or more, of their processng
time just within inner loops. The second level loops have an even higher exeaution weight with nealy 95% of the
exeadtion time spent within the first and second level loops. The two exceptions that spend a much greaer portion of
their exeaution time in lower loop levels are the G.721 applicaions (g721dec and g72lenc), and the Ghostscript
applicdion (gs). The G.721 applications have large 4th level loops in which they spend over 30% of their exeaution
time. Ghostscript spends a significant portion of its exeaution time in outer loops becaise it is an espedally large
application with 15 looplevels, much larger than most other appli cations, which average of 4-8 looplevels.

From the loop exeaution statistics, we mme to the conclusion that instruction memory working set sizes can be so small
becaise such a significant portion of the exeaution time is gent processng over the two innermost loop levels.
However, while this indicates processng regularity, it does not indicae the degree of processng regularity. This
requires an urderstanding of how often these loops iterate.

—&—video —l—image

graphics —>%—audio_ 1000
—X¥— speech —@— security
—+— average

110%

100

100%

90% f

X

Loop Execution Weight (%)
Avg. Number of Loop Iterations

10 1
80% - L= =
70%
1 A
60% N R o o I
T T T T b%e Q‘Q\«q'}@k\ Qv&(‘obr&,bbe’&%@&@fb& zegbz 66@@ & éocb &c} p ®$> +& \)(\Q/Q
1 2 3 4 5 I A RS TS &
Loop Level Application
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Results on the average number of loop iterations per loop are shown in Figure 7. The average number of loop iterations
is weighted according to the number of invocations of each loop. It is calculated by taking the sum for al loops of the
average number of iterations multiplied by the number of invocations for that loop, and dividing by the total number of
invocations for all loops. This average is weighted by the number of invocations instead of loop execution weight, since
weighting by loop execution weight would benefit those loops with more iterations. The results indicate typical loops
have a large number of iterations, about 10 iterations per loop on average. We can expect some variation in the average
number of loops when using different data sets, but a comparison of the average number of iterations per loop on the
training data set versus the evaluation data set indicates these variations are typically within 5% for each application.

Among specific applications, one graphics application, mipmap, and the audio applications are al particularly prone to
large numbers of iterations, each averaging many hundreds of iterations per loop. The only applications that have few
iterations on average are the Epic encoder, epic, and the graphics application, texgen. Overall, these results enable us to
assert that there is a high degree of processing regularity because of the large average number of iterations per loop.

The results of the architecture-independent workload evaluation enable us to conclude that the instruction fetch
characteristics of media processing applications are highly regular.  Furthermore, they likely do not contribute
significantly to the typical execution time of the application. The loop statistics indicate that multimedia applications are
highly loop-oriented and each loop iterates an average of 10 times per loop invocation. Coupled with the small working
set size and the high spatial locality of instruction memory, we can conclude that an extraordinary fraction of the
processing time is spent executing the two innermost loop levels in media applications, so processing is highly regular.
In addition, the static branch prediction performance is quite high, providing about 2-3x lower branch misprediction
rates than general-purpose applications, so control flow is fairly predictable. Even though the frequency of branchesis
on the same order as general-purpose applications, we expect that branch mispredictons will not significantly affect the
average execution time.

4. ARCHITECTURE-DEPENDENT INSTRUCTION FETCH CHARACTERISTICS

In our architecture-independent evaluation above, we concluded that media processing applications have highly regular
instruction fetch characteristics, and that we expect instruction fetch penalties, from both instruction cache misses and
branch mispredictions, will not significantly affect the average execution time. However, that does not necessarily mean
that additional instruction fetch support is unneeded. If instruction fetch performance can be significantly improved with
minimal additional instruction fetch hardware, then it may well be worth the cost of that hardware.

The analyses performed in the previous section primarily evaluate the average workload-dependent instruction fetch
characteristics. However, when instruction fetch performance varies widely from the measured average, then execution
performance may be significantly affected. Consequently, this section examines the dynamic aspects of instruction
fetch by evaluating three dynamic architecture methods. aggressive versus conservative fetch mechanisms, dynamic
versus static branch prediction, and the length of the pre-execution pipeline. Based on the results from our results from
this evaluation, we can determine what additional instruction fetch hardware may be beneficial for media processing.

4.1. Base Processor Configuration

Systematic evaluation of different architectures requires a base processor model for performance comparisons. We
defined an 8-issue base media processor targeting the frequency range from 800 MHz to 1.2 GHz, with instruction
latencies modeled after the Alpha 21264, as shown in Table 1. The processor uses a cache memory hierarchy with
separate L1 instruction and data caches, a 256 KB unified on-chip L2 cache, and an external memory bus that operates at
1/6 the processor frequency. The L1 instruction cache is a 16 KB direct-mapped cache with 256-byte lines and a 20
cycle miss latency (assuming a hit in L2). The L1 data cache is a 32 KB direct-mapped cache with 64-byte lines and a
15 cycle miss latency. It is non-blocking with an 8-entry miss buffer, and uses a no-write-allocate/write-through policy
with an 8-entry write buffer. The L2 data cache is a 256 KB 4-way set associate cache with 64-byte lines and a 50 cycle
miss latency. It is non-blocking with an 8-entry miss buffer, and uses a write-allocate policy with an 8-entry write
buffer. Further details are available in Fritts®.



Operation Number of Units Latency

ALU 8 1
Branches 1 1
Load/Store 4 loads - 3, stores - 2
Floating-Point 2 4
Multi ply/Divide 2 multiply - 5, div - 20

Table 2 — Number of parallel functional units and their operation latencies.

4.2. Aggressivevs. Conservative Fetch

A popular method for reducing the impad of stall penalties from instruction cade misss is to decouple the instruction
fetch pipeline from the exeaution pipeline using an instruction buffer. The instruction buffer works in conjunction with
branch prediction to prefetch the predicted instruction control stream. Prefetched instructions are placed in the
instruction buffer, from which the exeaution pipeline is able to accessinstructions as needed. The buffering between the
fetch and exeaute pipelines enables ead to continue operation when the other is dalling. This decoupled fetch-exeaute
method is commonly used in superscadar architedures.

An experiment was performed to evaluate the benefit of aggressve, demupled fetch versus conservative, un-buffered
instruction fetch. Using an instruction buffer of threetimes the procesor isaue width, the performance of aggressve and
conservative fetch is compared on four different processor architedures, shown in Figure 8. As evident, the aggressve
fetch method provides negligible benefit for VLIW architedures, which are forced to isaue complete groups of parall el
operations. The gygressve fetch medhanism is more beneficial to superscdar architedures, which are @le to isue
operations atomicdly. However, the out-of-order superscdar processor has an isaue-reorder buffer, which servesin a
similar cgpadty, so an instruction buffer provides minimal additional benefit. Even the in-order superscdar architedure
adchieves only a moderate performance improvement. Because multimedia gplicaions are highly loop-oriented and
only exeaute over small sedions of code, the decoupled fetch engine provides minimal gain for media processors.

4.3. Dynamic Branch Prediction

Branch prediction is a necessary mechanism for reducing the penalties assciated with changes in the diredion of the
instruction control stream. Static branch prediction is most important from the perspedive of static scheduling because
its acasragy dictates the dfedivenessof global scheduling techniques such as geaulation and predication, which move
operations aaoss branches or combine branches, respedively. However, even though the predictable nature of
multimedia mde enables good static branch prediction in media processng, its acaracy is dill li mited. For example,
the average branch hit rate is 85.9% for static branch prediction, whereas the branch hit rate of a 1024-entry 2-bit counter
dynamic branch predictor is 91.1%, an improvement of 58% in branch missrate.

For further reduction of the penalties from mispredicted branches, a cwmparison was made of two types of dynamic
branch predictors: a dynamic uncorrelated 2-bit counter predictor and a dynamic branch history table predictor. For the
2-bit counter predictor, predictor table sizes from 4 to 8192entries were examined. With regards to dynamic branch
history table predictors, there eist a variety of aternatives. Yeh and Patt organized the major aternatives into nine
different categories’”>. On a st-performance basis, they found that the PAS(6,16) predictor, which is a per-address
history table with 6 hits of branch history and 16 mmttern history tables, provides the best performance on general-
purpose @de. However, they aso found additional bits of branch history provide improved performance
Consequently, we chose to evaluate avariety of per-addresshistory tablesto determine the gpropriate number of branch
history bits and pettern history tables. Spedficdly, we examined the per-address history table, PAs(k,p), with the
number of entries varying from 4 to 2048entries, the number of history bits ranging from 1 to 10 and the number of
pattern history tablesrangingfrom1to 16

From the results of these comparisons, two observations were immediately obvious. First is that media procesors do
not require alarge number of entries in dynamic branch prediction tables. Figure 9 shows the results for various
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numbers of branch table entries for the PAS(2,1) through PAS(10,1) dynamic branch predictors. The results sow that
branch predictors with 128to 256entries are sufficient for media gplicaions. And thoughit is not shown, the same is
true of the uncorrelated 2-bit counter predictor. However, thereis ggnificant variation between appli cations with respec
to the ided number of entries in the branch predictor. Figure 10 examines the results on a per-application basis. Many
applicaions require @& few as 4-16 entries, while other applications require & many as 256512 entries for best
performance However, in many of the goplicaions requiring more than 128 a 256 entries, relatively good performance
is dill achieved with 128 a 256 entries, so branch predictors with 128 o 256 entries are sufficient for media processng.

The other observation that was immediately obvious is that media gplications do not benefit much from multi ple pattern
history tables. For example, comparing the difference between the PAS(6,1) predictor and the PAS(6,16) predictor,
which has 16x times the number of pattern history tables as the PAS(6,1), it was found that the average branch hit rate
was only 0.4% higher for the PAS(6,16) predictor. Only in couple of the goplicaions did the branch hit rate difference
bemme & large & 1-2%. The difference was most prominent for very small branch predictors, those with lessthan 64
entries, but gtill remained fairly small in general.

Another important asped of dynamic branch prediction is that the branch ht rate of the per-address history table
predictor varied considerably based on the compilation optimization method used. For example, using a 256-entry
PAS(8,1) predictor, the branch hit rate for clasdcd and hyperblock optimized code were eout 93.5%, while for the
superscdar optimized code it was only 91.2%. The reason for this is that superscdar optimizaion performs loop
unrolling and control speaulation that dearease the predictability of control flow. These optimizations are dso applied to
the hyperblock-optimized code, but hyperblock optimizaion aso performs predication, which converts many of the
more unpredictable branches from control dependencies to data dependencies using if-conversion. Consequently,
predication helps raise the branch hit rate.

With regards to seleding the gpropriate branch predictor, the size of the branch predictor is an important consideration.
With regards to the uncorrelated 2-bit counter predictor, not counting the bits needed for the aldressfields, the number
of bits neaded is 2b, where b is the number of entries in the predictor. For the per-addresshistory tables, Y eh and Patt™
determined the total number of history and prediction bits for the PAs(k,p) acwrding to the equation given below. In
this formula, the size of the PAs(k,p) predictor is defined by b, k, and p, where b is the number of entries in the branch
history table, k is the number of history bits per entry, and p is the number of pattern history tables in the branch history
table.. This cost metric ignores the bits for addressfields, as these fields will be necessary for all methods.

size_ PAs(k, p) =bk +2"'p
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Using this cost metric, we can compare the exeaution time performance of four possble 1K-bit predictorsin Figure 11.
The four dynamic predictors which are dl approximately 1K-hit in size ae a512entry uncorrelated 2-bit courter, the
256-entry PAS(4,1), the 128entry PAS(6,1), and the 64-entry PAS(8,1). All results in the figure ae normalized to the
performance of the uncorrelated 2-bit counter predictor. We can seefrom the results that, except for the superscdar-
optimized code, the 128entry PAS(6,1) performs the best. However, the degree of difference between the various
results is minimal. The results tend to indicate that the number of history bits in branch history tables is dightly more
important than the number of entries when there ae a least 128 entriesin the table, but again, the differenceis minimal.

Dynamic branch prediction performance ca be improved with much larger branch predictors, but even with branch
predictors as 5-10x the size of the 128-entry PAS(6,1) predictor, the differencein IPC is dill only 2-3%. Consequently,
small dynamic branch predictors, whose branch misprediction rates 2x lower than static branch prediction, are sufficient
for media processng.

4.4. Pre-Execution Pipeline Length

The length of the pipeline prior to the first exeaution stage is of importance in determining the cost of mispredicted
branch penalties. A branch typicdly resolves during the first exeaution stage of the pipeline, so the st of mispredicting
a branch is equal to one plus the number of pre-exeaution pipeline stages. In most existing procesors the number of
pre-exeaution pipeline stages is usually between three and five. There ae 1-2 instruction fetch stages, 1-2 deaode stages,
and a register fetch stage. Superscdar procesors typicdly have longer pre-exeaution pipelines than VLIW procesors.
We evaluated pre-exeaution pipelines with lengths from two to six stages on all three procesoor models. We dso
evaluated the performance using both conservative and aggressve fetch mecdhanisms, and fixed and variable-width
VLIW instruction formats. Surprisingly, there was minimal variation in performance acossthe different architedures.
For eat additional pre-exeaution pipeline stage alded, performance dropped by only 2%. Furthermore, this
performance degradation was aways within the range of 1.5-2.5%, irrespedive of architedure style, compilation
method, or fetch mechanism. Consequently, we can definitively exped a 2% performance degradation for ead
additional pre-exeaution stage in media procesor design.

Our examination of the dynamic aspeds of instruction fetch charaderistics in media processng hes yielded two
important results. First, even using various dynamic architedure methods, they all only provide minimal performance
gains with resped to overall exeaution time. Thisis because the instruction fetch charaderistics of media processng are
effedively ided and contribute only minimally to application exeaution performance  Sewndly, branch prediction
performance can be improved significantly using a small dynamic branch predictor, which provides at least a 2x
deaease in branch misprediction rates.



5. CONCLUSIONS

In the murse of this gudy we have shown that media processng applicaiions embody nealy idedistic instruction fetch
charaderistics. The analysis of the achitecure-independent workload charaderistics proved that media gplicaions are
highly loop-centric. They spend nealy 95% of their time processng within the two innermost loop levels of their
programs. Consequently, their instruction memory working set sizes are very small, typicdly lessthan 8KB, and their
instruction memory spatial locdity is very high. In addition, loops in media gplicdions iterate & least 10 times on
average. Ineffed, media gplications display high degrees of processng regularity.

Additionally, multimedia is charaderized by afairly reguar, predictable wntrol flow. While the frequency of branches
is gmilar to general-purpose gplicions, the static branch misprediction rate is 2-3x lower than general-purpose
applications. With this degree of control flow predictability, we anticipated that instruction fetch penalties from cade
misses and branch mispredictions will not significantly affed the average exeaution time.

In our examination of the dynamic achitedure-dependent instruction fetch charaderistics, we found this to be true.
There is littl e benefit from using instruction buffers to enable demupled fetch and exeaute pipelines. Also, variationsin
the length of the pre-exeaute pipeline only impad performance by 2% per additional pipeline stage. The primary
dynamic asped of note is branch prediction. While static branch prediction is high in media gplications, it is dill
posshle to oltain a deaease of at least 2x in the branch misprediction rate using dynamic branch prediction. This can
be acomplished using a variety of small dynamic branch predictors. In our evaluation of per-addresshistory tables, we
found a 128-entry PAS(6,1) predictor to provide the best performance anong the predictors of its sze

All these results lead us to conclude that media gplications do indeed have nealy idedistic instruction fetch
charaderistics. The penalties asociated with instruction fetch ssimply do not contribute much to the overall exeaution
time of media gplicaions. Thisistrue of all programs evaluated in the MediaBench benchmark, and so we exped that
this charaderistic is true of most media gplicaionsin the arrent generation of multimedia.
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