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Abstract

In this paper we investigate the properties of Natural 1/0 applications and compare them to five SPEC95 integer benchmarks. Natural I/

O is a type of input into the system; unlike the standard keyboard or some digitized form, the input can be composesl ledrduser’
writing, speech, gestures, etc. We selected representative applications from the field of speech re@rggiio8ystems NaturallyS

peaking), handwriting recognitionRaraScript Demo), natural language processirRper Translator 6.0), and optical character

recognition OmniPagePro). Our characterization environment consists of a fully functional x86 simulator that models all aspects of the
hardware required for complete PC system simulation and a released build of Windows NT 4.0 that provides the operatingisystem e
ronment. In addition to the four natural I/O applications, five integer SPEC95 benchmarks for comgayigzmper|, compress, and

vortex. A wide range of experiments were performed on these applications: memory performance, TLB performance, and branch pre-
diction performance. Although as a rule, the two classes of applications, natural /0 and SPEC95, cannot be directlywernpared,

draw some general conclusions. As a group, the natural /O applications outperformed the SPEC95 benchmarks when it gzemes to ove
all branch predictor performance. The performance impact of memory hierarchy on the speech recognition is especially important.
Even for large sizes of unified L2 caches, the resulting mpi for all of the speech recognition workloads is problematic.

1.0 Introduction We selected representative applications from the field of
speech recognition, handwriting recognition, natural lan-
guage processing, and optical character recognition. The
choice of applications represents a good cross section of
the available applications.

Lately, there is widespread interest in performance evalua-
tion of computer systems. This has come with the increas-
ing complexity and associated cost of development. It is
beneficial to be able to project the performance of given
applications on new, as yet unimplemented architectures. 1.2 Accuracy versus Speed

All of these applications have certain characteristics in
common: their algorithms must make accuracy and speed
tradeoffs. To increase the accuracy, it is almost always to
opmental applications are the SPEC benchmarks. These the detriment .of speed. The converse is generall)_/ also true.
Memory requirements can be leveraged to ameliorate the

are widely available, are derived from “real” applications frocts of g d but in practice the amount
and stress some aspects of the hardware. The target appﬁ— €cts ot acccuracy and speed, but In practice the amou
of memory required to make a significant impact is unreal-

cations are difficult to discern, but computer manufactur- |
ers usually have a handful of target workloads that they artc
interested in studying. In this study, we will be looking at
some “natural I/O” applications.

There are certain applications that are used to develop sys-
tems, and there are those applications that will actually be
used on the target architecture. The most common devel-

In section 5, we extend our basic experiments to see the
impact of accuracy, in additon to making the input data set
more difficult.

1.1 Natural I/O

Natural I/O refers to input that can be composed of a 1.3  Contributions

user’s handwriting, speech, gestures, and other types of __ . . . L
input. These types of applications have not as yet enterec]rhIS quk revegls th-e architectural impact of apphcaﬂops
the mainstream, as they are generally either performance\’\'ho“?’e Interaction W'th.the. hardware has not been studied
or accuracy limited. previously. These applications are of interest as they repre-

sent part of the future of computing. Understanding the
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architectural requirements of natural 1/O applications will 21 PC Simulator

make more cost effective implementations possible. We have developed a PC simulator that models not just the

CPU, but the entire platform in enough detail to support
14 Related Work the execution of a complete operating system and the
o i i applications that run on it. Currently, we are using out-of-
Our work is similar to D. Lee’s work on Win32 applica- e pox Windows NT 4.0 (Build 1381) as the operating
tions[5]. In his work, binary instrumentation was used to system for our Virtual PC. This simultor runs as a user-

do afchitectgral studies of popular Win32 applications.  |aye| process on a standard PC, modeling the platform
The instruction set breakdown, the control flow character-Components completely in software.

istics, cache behavior, translation lookaside buffer (TLB)

behavior, and branch predictabilty are studied and com- gjnce a standard Windows NT can execute on the func-
pared to five of the integer SPEC95 benchmarks. The pukionga| simulator, we can study commercial applications
pose of their study was to test their selected desktop  compjetely. This approach allows access to all operating

applications and compare the applications to standard  gystem events, in addition to the standard instruction, data,
Unix derived SPEC95 benchmarks. and branch traces.

While our applications can be characterized as Win32 g jimitation of this method is that the simulator is func-
applications, this would not be the defining characteristic.ijonal and not cycle accurate. This poses problems for
Additionally, our traces contain all assocated code, from yatailed timing analysis, but VPC can be used as a front
kernel drivers up to the application. end for more detailed simulations.

2.0 Methodology 22 Branch Predictor

) o For our branch prediction studies we used the branch pre-
Our approach uses commercial applications as workloadgiction mechanism used in SimpleScalar 3.0[1]. This pre-
for our experiments. To this end, we have chosen a certaifjctor js intended to be used to model existing branch
class of applications, classified as “natural 1/0”. predictors, while providing a wide variety of different tun-

o ing parameters.
To study these types of applications, there are a number of

different approaches that can be used. Firstly, these applithig particular predictor is capable of modeling GAg,
cations can be run on an existing machine with hardwareGAp' PAg, PAp, gshare, and combinational, in addition to
probes to extract the instruction and data addresses at thg,s standard perfect, bimodal, taken, and not-taken predic-
memory bus. The problem with this approach is that usingqs [, The taken and not-taken predictors simply assume
todays machines, the buffers on these hardware monitorssjher ajways taken or not taken, respectively. The sizes of
tends to fill up rather quickly, requiring a way to stall the 5| the tables can also be specified, as can the history width

machine under study. A second approach is to use binary,, the two level predictors. The branch prediction mecha-
instrumentation to insert code at well defined points in thenism is discussed in more detail in Section 4.3. The pre-

binaries. The instrumentation code can be placed any-  ictors that are used in this study are the combined
where in the binary, allowing the user to track certain bimodal (2-bit) and a gshare predictor.

events of interest, addresses of loads and stores, as well as

branch information. The limitations of this type of This work focuses on non-timing related experiments,
approach are that it Changes the addresses seen by the since all of our eXperimentS are based on traces. With

CPU, as well as the time dilation associated with externathese traces we can do workload, memory, and branch pre-
events. diction studies. The actual experiments are discussed in

Section 4.
Our approach is to use a full functional simulator thus
enabling us to capture both user and operating system
effects. This method also maintains the order of addresses
seen by the CPU.
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3.0 Application Characteristics

In this section we highlight the applications chosen for our
study. In addition to the four natural 1/0 applications, there
will be five integer SPEC95 benchmarks for comparison:
go, gcc, perl, compress, and vortex. The SPEC95 bench-
marks are run in the exact same environment (Windows
NT) asthe natural I/0 workloads. We will compare and
contrast these two sets of applications and their character-
istics from a high level. Thiswill include size of execut-
able, length of trace, and branch classification breakdown.
Thiswill highlight the main differences between natura 1/
O applications and SPEC95, and hopefully provide clues
to architectural resultsfound in later sections.

3.1 Natural /0O Applications

There are four natural 1/0 applications that we have cho-
sen. These represent a variety of different software pack-
agesthat have a certain level of maturity. Thefields are
handwriting recognition, speech recognition, natural lan-
guage processing, and optical character recognition.

3.2 Handwriting Recognition

Handwriting recognition has recently come to the fore-
front of computer software development with the innove-
tion of hand held devices. Generally, pen based input was
preferable to standard keyboard type entry, given the phys-
ical constraints.

There are many steps associated with handwriting recogni-
tion. Statistical classifiers, neura networks, structural clas-
sifiers, and graph approaches are common methods used
for handwriting recognition[9,10,11]. In general, the algo-
rithmisasfollows:

* preprocessing

* segmentation

* normalization

* feature extraction

* stroke classification

* |etter classification

* word classification

In the preprocessing step, the datais low pass filtered and
differentiated, to remove noise and/or stray marks. In the
segmentation portion, the input image is skeletonized, and

the image skeleton is interpreted as a graph. Nodes in the
graph are the following:

* breaking points of apen trace
* pen trace self crossing points
* points of strong curvature

* inflection points

Edges in the graph are sectionsin between two nodes.
Normalization involves evening out the slant and size of

the graph. Stroke classification breaks down the graph into

its smallest components; then they can be matched against

a character “dictionary” in the letter classification phase.
Finally, word classification puts these recognized letters
togther to form words which are then matched with a word
dictionary. The complexity is based on the number of
strokes in the stroke dictionary, the average number of let-
ter hypotheses per stroke, and the size of the word dictio-
nary.

Our representative application was an address recognizing
demo fromParaScript LLC. ParaScript is the company

that supplies the technology to Mitek and NCR for their
check processing systems. Since their product came com-
plete with a run-time demo, with sample inputs, it was
straightforward to collect the sample traces.

3.3  Speech Recognition

With faster processors, speech recognition has been gradu-
ally gaining a foothold as a desirable, functional applica-
tion. Speech recognition software can either be speaker
dependent or independent. Speaker dependent systems are
much easier to develop and are more accurate, but not as
flexible as speaker independent systems. A speaker inde-
pendent system is developed to operate for any speaker of
a particular type (e.g. American English). These systems
are the most difficult to develop, the most expensive, and
accuracy is lower than speaker dependent systems. A con-
tinuous speech recognition system does not require pauses
at the end of each word, whereas an isolated word system
does. The continuous type generally recognizes groups of
words (and sounds) rather than just using one word for
identification.

The basic algorithm generally starts with digital sampling

of the input speech pattern. Typical representations of sig-
nals for speech recognition are sampled at rates between 8
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and 16 kHz with 8 to 16 bits of resolution. This digital sig-
nal may then be subjected to conditioning. For instance,
bandpass filtering can be used for attenuating the parts of
the spectrum that are corrupted with noise. After the signal
has been suitably conditioned, it may be used as ainput to
to an algorithm for parameter extraction (i.e how to repre-
sent the signal in numerical form).

A basic parameter is the frequency representation of asig-
nal in various time frames. This representation is equiva
lent to a spectrogram in numerical form. Typically, thisis
computed using the fast Fourier transform (FFT). How-
ever, the most popular parameter, linear predictive coding
(LPC) coefficients, are an efficient way of representing the
speech signal. In LPC, a parametric representation of
speech is created by using past values of the signal to cre-
ate future values. Thisformation of parametersisrefered
to as acoustic signal processing.

The next stage is recognition of phonemes, groups of pho-
nemes and words. A phoneme is a speech sound that has
only one meaning, regardless of how it is pronounced. The
most common method of recognizing phonemesisHidden
Markov Modeling (HMMs).

HMMs are a useful method for modeling both the station-
ary and transient propertiesof asignal. They are especially
good for speech since some speech sounds are sustained,
such as vowels, while others are ephemeral, such as stop
constants, and the transistions between them are short
periods of rapid change. The basic structure of an HMM is
aset of states with transitions between each state. Like an
ordinary Markov chain, for each transistion from agiven
state a probablity of taking that transition is assigned, with
the sum of al transitions from a state equaling one. At
each state, a symbol is outputted, which is also determined
probabilistically. Therefore, each state has a probability
distribution of the possible output symbols. These models
are refered to as “hidden” since the sequence of states is
not directly observable: it can only be probabilistically
deduced from the sequence of output symbols.

Essentially, this approach uses a general pattern matchin

scheme that requires large amounts of training data to pr@-5

duce good word models. It then matches spoken words
against known word models, selecting the one with the
highest probability of a match. A good introduction to
HMMs is contained in [7,4], whereas more advanced wor
can be found in [3].
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The speech recognition package that we used for our study
is Dragon Systems Naturally Speaking Preferred Edition.
According to the manual, this package is capable of recog-
nizing 160 words per minute, 98% accuracy, and has an
active (in main memory) vocabulary of 42,000 words. The
total vocabulary size is 230,000 word&iturallySpeaking

had the desirable trait of being able to proceswav

file, such that we didn't have to provide the sound card
capability for our simulation platform. For our input set,

we trained the system, which requires about 30 minutes,
then recorded a voice, and transcribed Dtagon Natu-
rallySpeaking.

34

Natural language translation has become more useful with
the increased globalization of the economy, as well as the
rapid expansion of the World Wide Web. Most natural lan-
guage processing systems employ a two level morphology,
(i.e. defined as the system of word-forming elements and
processes in a language). This helps in generic definition
of different rules for case, number, gender, umlaut, and
different morphological paradigms. The nature of lan-
guage transformation is defined by the following:

Natural Language Trandslation

two-level rule set
set of affixes and their allowed combinations
the lexicon

The development and run time performance depends on
the characteristics of the language being described and the
number of base formsin the lexicon; in another words, the
constrained versions of the above. For example, the
English language is relatively simple, and an optimization
may be to remove the need for atwo level rule set.

Power Translator 6.0 was our choice as a representative
for anatural language processing system. This package
had the capability of translating to and from four different
languages, with an advertised rate of 17 words per minute
on a Pentium processor. For our input, we translated a
page of text from English to Spanish.

g
Optical Character Recognition

Although optical character recognition (OCR) has been
around for some time, it still provided interesting work-
load characteristics. The five step process that goesinto a
OCR product are the following:



* identification of text and images
* character recognition

* word identification/recognition
e correction

» formatting of the output

Thefirst step separates into blocks what the software will
try to recognize and what it will not. The second step usu-
ally involves feature extraction, where it analyzes a shape
and comparesit against a set of rules for each character
font combination. Comparing the character strings found
in the previous step to dictionaries hel ps to identify words.
The correction stage allows the user to manually change
the unrecognized words from the previous stage.

There are anumber of different accuracy versus speed
tradeoffs with OCR: scan resol ution, hardware variables,
detection agorithms, size of font/word dictionaries, and
type and format of the original arejust afew.

OmniPagePro 8.0 was chosen as our representative OCR
application. For our application, we used asample. ti f f
fileas our input. Thisimage was of reasonable quality, but
only had afew different type fonts, with no imbedded

graphics.

Below isatable that contains the applications and their
characteristics.

TABLE 1.

Instructions Size of

Executed Executable
Application (millions) (KB)
gcc 440 1199
go 512 317
perl 344 115
compress 644 342
vortex 315 536
ocr 487 749
speech 434 1227
translate 451 2749
handwriting 329 192

4.0 Experiments

41 TLB

The tranglation lookaside buffer, or TLB, can have asig-
nificant impact on the performance of the processor. The
TLB's function is to keep recent virtual to physical page
mappings in a buffer on chip. If a significant amount of
translations miss in the TLB, then this could have an
adverse affect on performance.

In this study, we look at separate instruction and data
TLBs, as well as a unified TLB. We varied the number of
entries from 16 to 256, and the associativity from four way
to fully associative. Our metric for performance is the
number of misses per instruction (mpi). Looking at Figure
1, for a 16 entry fully-associative data TL& has, on
average, 3.1 data TLB misses for every 100 instructions.

Data TLB (fully assoc.)
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FIGURE 1. Fully associativedata TLB

Looking at Figure 1 for the data TLB, the natural /0 and
SPEC95 benchmarks behave similarly. The speech recog-
nition application is less sensitive to increasing size and
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associativity. The reason for thisis discussed later in Sec-
tion 4.4.

For small instruction TLB sizes, the natural language
translation workload performsworse than all of the other
applications, about 4 to 5 times worse for a 16 entry
instruction TLB. For 64 entries and above, however, most
of the instruction page table trangations fit into the TLB,
and the performance is comparabl e to the other workloads,
as seen in Figure 2. Power Translator 6.0 does have the
largest executable size, at 2.7 MB, more than twice as
large as the next largest application.

Instruction TLB (fully assoc.)
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FIGURE 2. Fully associativeinstruction TLB

The performance of the natural 1/O applications tends to
be slightly worse on smaller TLB sizes, but this effect is
diminished asthe TLB sizes become larger. As an exam-
ple of acurrent processor, the Alpha 21264 has separate
128 entry instruction and data TLBs which should mini-
mize TLB performance penalties on these applications.
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42 Cache

For our experiments, we have asplit first-level cacheand a
unified second level cache, with a 32 byteline size for al
caches. For the first-level cache, we varied the size from 4
KB to 64 KB, with associativity ranging from direct
mapped to eight-way set associative. The L2 cacheisvar-
ied from 128 KB to 1M B, with associativity ranging from
direct mapped to eight-way set associative. The L2 cache
experiments are conducted with separate 4-way 16 KB
instruction and data caches. The performance metric isthe
number of misses per instruction.

Data Cache (Direct Mapped)
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FIGURE 3. Direct mapped L1 data cache

For small L1 data cache sizes, the natural 1/0 applications
are indistinguishable from the selected SPEC95 bench-
marks, as seen in Figure 3. The speech recognition appli-
cation stands out as the most demanding with respect to
size and associativity. Even for a 64K B direct mapped
cache, the speech recognition workload has an average of
2 misses per every 100 instructions. The reason for thisis
the size of its dictionary that is kept in memory. In Section
5.1 we fully train the speech recognition application,



hence giving it alarger user dictionary size, in order to test
the impact of increased dictionary size on architectural
performance.

Instruction Cache (Direct Mapped)
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FIGURE 4. Direct mapped L1 instruction cache

Figure 4 shows the instruction cache performance of the
SPEC95 benchmarks and the natural 1/0 applications. The
natural language translation application performs the most
poorly of the natural I/O applications, while vortex isthe
poorest performing SPEC95 benchmark. In fact, vortex is
the poorest performing of al the applications tested. The
two level morphology is to blame for the poor performing
instruction cache performance of our natura language
trandlation program. Since the algorithm hasto go through
two transformations to get the correct trandlation, the size
of the working set islarger than a straightforward pattern
matching scheme. But as the L1 instruction cache gets
larger, the natural language trandlation program no longer
stands out.

Asseenin Figure 5, the results for the unified L2 seem to
reveal some more interesting insights, especially in
regards to the speech recognition application. The speech

recognition program misses a1 MB direct mapped unified
L2 cache on an average 8 times out of every 1000 instruc-
tions.

Unified L2 (Direct Mapped)
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FIGURE 5. Direct mapped L2 unified cache

In fact, most of the natural 1/0 applications perform worse
than the SPEC95 benchmarks especialy at larger sizes.
The natural 1/0 application suite has a 200% larger mpi on
average than the SPEC95 benchmarks.
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4.3 Branch Prediction
In this section we show the results for some preliminary

TABLE 2.  Branch Breakdown
% % %
% ind. | dir. |ind | %
App. % CB jmp | jmp | call | call | ret
gce 79.1(24.7) | 45 |33 |62 |04 |66
go 84.0364) | 63 |25 |41 |06 |47
perl 66.7(24.6) | 110 | 69 |74 |03 | 7.7
comp 78.054.0) | 137 | 00 | 40 |00 | 41
vortex 80.3(10.2) | 31 |04 |75 |06 |80
ocr 86.8(67.6) | 62 | 04 | 23 10 |33
speech 69.0(47.1) | 80 |28 |71 |30 10.1
translate | 49.2(52.1) | 11.8 | 1.1 150 | 39 19.0
hand 69.3(50.3) (99 |06 |31 |70 | 101

branch prediction experiments. We examine the impact of
these natural 1/0 applications on some common branch
prediction schemes, and then compare the results to the
SPEC95 benchmarks.

Table 2 gives a breakdown of the branch types. The first
column givesthe percent of all control instructionsthat are
conditional branches (%CB). The number in paranthesisin
the same column is the percent of these conditional
branches that are actually taken. The next column gives
the percent of all control instructions that are uncondi-
tional branches (jumps). Therest of the columnsfollow in
asimilar manner. In general, the natural 1/0 applications
have a smaller percentage of control instructions that are
conditional branches, and a higher percentage of calls,
both direct and indirect.

Thefirst predictor isasimple bimodal predictor that usesa
two-bit saturating counter per branch[]. The second pre-
dictor is agshare predictor that uses a global shared his-
tory patterns xor’ed with the PC to get an index into a

table of two-bit saturating counters. For the bimodal pre-

dictor we vary size from 512 entries up to 32 K entries,

while for the gshare predictor the size is varied from 1 K

to 32 K entries.
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The numbers in Table 3 show the branch prediction perfor-
mance of the natural I/O applications compared against the

TABLE 3. 1024 entry Bimodal predictor (512 entry BTB)
% num.
correct BTB Addr. | branches

Application direction | hit% | % (million)
gce 85.0 48.3 329 30.8
go 83.1 59.6 123 28.7
perl 89.0 38.1 437 23.0
compress 81.9 77.5 68.5 31.0
vortex 93.2 20.8 225 21.0
ocr 91.8 87.9 71.8 28.8
speech 88.8 72.9 58.8 17.0
translate 91.5 71.2 71.2 31.2
handwriting 91.3 75.2 63.5 24.1

SPEC95 benchmarks. This table shows results for a 1K
bimodal predictor with a 4-way 512 entry branch target
buffer (BTB). The first column contains the percentage of
time this predictor predicts the correct direction of the
branch. The BTB hit rate is the next column. The percent
of the time that branch predictor comes up with the correct
address on a control flow change is contained in the third
column. The last column is the number of control flow
instructions in each trace.

In general, it seems as though the natural I/O applications
have better predictabilty than the SPEC95 benchmarks.
On average, the first three performance columns signify
that the natural I/O applications should perform better than
SPEC95. Some of these results may differ slightly from
those reported in the literature, since our traces contain
both application and operating system code; hence, there
cannot be a direct comparison to these other studies.

For a 32 K entry gshare predictor, we have the results as
shown in Table 4. This table also illustrates the BTB sensi-

TABLE 4. 32K entry Gshare predictor (2 K entry BTB)
% correct

Application direction Addr. % BTB hit %
gcc 91.3 35.8 57.7
go 90.4 43.4 70.6
perl 93.7 438 412
compress 89.7 64.2 7.7
vortex 98.1 26.7 26.9




TABLE 4. 32K entry Gshare predictor (2 K entry BTB)
% correct
Application direction Addr. % BTB hit %
ocr 95.3 71.1 89.9
speech 94.6 62.3 76.9
translate 96.0 74.1 78.7
handwriting 94.7 64.1 78.8

tivity. The differencesin the two workloads becomes even
more pronounced with the better predictor. With the
exception of vortex, all of the natural 1/O applications
have better direction prediction percentages. Similarly,
with the exception of compress, all of the natural 1/0
applications have better BTB hit percentages and corre-
spondingly better address prediction percentages.

44 MissClassfication

These experiments involved breaking down the cache
missesinto classifications. The classification breaks down
misses into the standard three, compulsory, conflict, and
capacity[], but splits up conflict missesinto mapping and
replacement[12]. Compulsory misses are cold start misses
that would miss no matter what type of cache; capacity
misses are those that are due to the actual size of the
cache; mapping are those that occur due to mapping to the
same set; and replacement misses are those that are due to
anon-optimal replacement policy. This breakdown gives
complete coverage of misses, while at the same time
allowing for an explanation for each type of miss, helping
to identify the root cause (and possible solution).

In Figure 6 the graph depicting this breakdown for instruc-
tion missesis highlighted. The left y-axis represents the
percentage breakdown and applies to the stacked bar
graphs. The Iru_mpi line is the number of misses per
instruction for a 16 KB, four way, 32 byte line size cache
and it uses the right y-axis. The higher the mpi, the more
important the miss breakdown. The two applications with
the highest mpi, go and speech recognition, have markedly
different miss breakdowns. Speech recognition has more
capacity misseswith nearly half of all misses being attrib-
uted to capacity of the cache. Another interesting facet of
Figure 6 isthe large amount of conflict misses contained

in the perl benchmark. Almost 60% of the misses in perl
are conflict misses.

Miss Classification
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Misses per Instruction (mpi)
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20% A

10% A

Application

FIGURE 6. MissClassification breakdown

In this experiment we also get a memory footprint for each
application. The size of the memory footprint is the mea-

TABLE 5.  Codeand Data Footprint

Code Data

Applications | (MB) (MB)
gce 1.38 4.58
go 0.89 1.55
perl 0.79 0.98
compress 0.72 5.43
vortex 0.95 14.7
ocr 164 8.19
speech 0.98 9.83
translate 1.18 5.48
handwriting 1.66 6.91

sure of al the cache lines touched in an infinite cache,
with a cache line size of 32 bytes. In general, the SPEC95
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benchmarks have smaller data and code footprints. Since
all of the natural 1/0 applications require asearch, it isrea-
sonable to assume alarger memory footprint. However,
the total cache linestouched is of lessimportance than the
time distribution of the references to these cache lines.
Vortex has alarge memory footprint (14.7 MB), when
compared to go (1.55 MB), yet go has a higher mpi, as
illustrated in Figure 6.

Table 6 displays the reference stream in greater detail. The
first column contains the percentage of all code references
that are to the kernel space. The next column, % r, con-
tains the fraction of the data set that is read, while % w has
the fraction of the set written. The reason that these do not
total one hundred percent is amemory location can be
both written to and read from. The next two columns have
the fraction of the working set that is reused by reads and
writes, respectively, while the last column holds data that
is only written and never read from.

The one application that stands out is speech recognition.
It has the highest percentage of reads, at 90.7%, and by far
the lowest fraction of the set reused by writes, at 43.2%.
Thisis more than 20% lower than the next lowest applica-
tion. Speech recognition also has the smallest fraction of
data that is written and never read, at 9.32%. Clearly,
speech recognition is a dataintensive application, with an
emphasis on processing the given data.

TABLE 6. Data Reference Breakdown

% % %

sys % re/ re/
Application | call | %r | w r w w/o
gce 378 | 828 | 809 | 79.2 | 776 | 17.2
go 349 | 66.5 | 688 | 63.0 | 649 | 335
perl 472 | 71.7 | 64.6 | 66.6 | 646 | 285
compress 216 | 165 | 923 | 156 | 914 | 835
vortex 585 | 376 | 845 | 36.3 | 817 | 624
ocr 897 | 70.2 | 80.3 | 681 | 788 | 29.8
speech 582 | 90.7 | 449 | 841 | 432 | 9.32
translate 6.01 | 80.0 | 684 | 76,5 | 629 | 20.0
handwriting | 578 | 81.5 | 70.3 | 79.7 | 70.3 | 185
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5.0 Extended Experiments

In this section, we extend the experiments by either mak-
ing the data set more complex or making the dictionary
more complex. The extensions were performed on the
speech recognition application, the optical character rec-
ognition application, and the natural language translation
program.

5.1  Speech Recognition

The speech recognition application used for this study,

Dragon Systems NaturallySpeaking Preferred, uses “User
Speech Files” in order to facilitate speech recognition. The
previous run of the speech recognition used only the basic
training model of 30 minutes (one passad\aturallyS
Peaking Preferred can be trained with 10 passages, with 3
short and 3 long. (The base test used one of the long pas-
sages.) In the users’ manual, one of the features is that
“with regular use and training you can achieve a high level
of recognition accuracy”. The extended test for speech
recognition involved the complete trainingMgturallyS-
peaking Preferred and then running the same inputav

file as in the previous experiment.

Dragon NaturallySpeaking also allows the user to trade off
accuracy for speed. The previous speech experiments
involved maximum speed; a new experiment was devised
using maximum accuracy. This test was performed in con-
junction with a fully trained system.

511 Memory Hierarchy

The results for the L1 data cache are shown in Figure 7.
One would expect the fully trained system to perform
worse than the base system. This is, however, not the case.
In fact, although both perform similarly for the L1 data
cache, the fully trained system actually performs slightly
better. In fact, the accurate speech recognition system
actually performs the best for smaller L1 data sizes. How-
ever, when the size reaches 32KB and larger, all of the sys-
tems perform similarly. The nature of HMMs dictates that



the dictionary has better word models, realizing a higher
match probability more quickly.

Data Cache (direct mapped)

‘lspeech B Full Speech B Acc. Speech‘

0.08

0.07 4

0.06 4

Misses per Instruction (mpi)

4k 8k 16k 32k 64k
Cache Size
FIGURE 7. Speech direct mapped L1 data cache

Asillustrated in Figure 8, the results for the L1 instruction
cache differ more significantly. Although the base system
performs worse for smaller cache sizes, the fully-trained
system is less sensitive to cache size and associativity.
Theseresultsare shown in Section 5.1.3. The fully-trained
speech system and the accurate speech system perform
better for smaller cache sizes. The fully trained system has
a better performing HMM model, thereby increasing
instuction resuse. Additionally, the application is spending
more time in the search process, as alarger dictionary

(both systems) and more thorough search (accurate speech
system) is being performed.[13]

Instruction Cache (direct mapped)

‘lspeech B Full Speech M Acc. Speech‘

0.02

Misses per Instruction (mpi)

4k 8k 16k 32k 64k
Cache Size

FIGURE 8. Speech direct mapped L1 instruction cache

Resultsfor the unified L2 cache are unexpected and do not
quite follow from the previous results as seen in Figure 9.
For small cache sizes the base system performs slightly
worse than the fully trained and accurate ones, but for
larger sizes, the difference between the base and fully
trained system is negligible. The performance of the accu-
rate speech system is significantly worse (38.5% for a 1M
direct mapped cache) for larger L2 cache sizes, though.
Thisillustrates the performance accuracy tradeoff that we
mentioned earlier.
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Unified L2 (direct mapped) Data TLB

‘Ispeech B Full Speech B Acc. Speech‘ ‘Ispeech O Full Speech B Acc. Speech‘
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FIGURE 9. Speech direct mapped L2 unified cache FIGURE 10. Speech fully associative data TLB

512 TLB

For all data TLB sizes except 16 entries, the performance
of the fully trained and base system are nearly identical as
shown in Figure 10. The accurate speech recognition sys-
tem has a much higher mpi, especially for TLB sizesless
than 64 entries. Since the HMM uses a probabilistic mod-
eling process and a more accurate system it requires a
higher probability to match, it is natural to expect a higher
data TLB missrate. For a corresponding phoneme match,
the data reference stream is actually longer without the
added benefit of locality.
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Instruction TLB

B speech O Full Speech B Acc. Speech

0.0014

0.0012

slightly higher percentage of capacity missesand cold start
misses, with less misses being attributed to conflict.

TABLE 7.  Codeand Data Footprint

Data Code
Applications (MB) (MB)
base 9.83 0.98
full dictionary 11.0 1.13
accurate 9.83 0.46

0.001

0.0008

0.0006 +

Misses per Instruction (mpi)

0.0004 +

0.0002 1 [
16 32 64 128 256
Number of Entries

FIGURE 11. Speech fully associative instruction TLB

The results for the instruction TLB bear out the conclu-
sions drawn in the previous section. For a 32 entry TLB,
the full speech application performs about 38% worse than
the base case. This supports the larger working set size put
forth in the previous section. The accurate speech system
has similar performance to the base system. For all but 16
entry instruction TLBs, the accurate speech recognition
system outperforms the two other systems. This behavior
may stem from control loop for the search - the more accu-
rate system spends more time in the control loop searching
for the most accurate match.

5.1.3 MissClassification

Asseenin Figure 12, the percent breakdown of missesis
similar across all three of these applications. The fully
trained and base system have nearly identical cache miss
breakdowns. The accurate speech recognition system hasa

Table 7 above is similar to the one described in Section

4.4. Itisnatural that the both memory footprints increase

from the base to the full dictionary system, but it decreases

from the full dictionary to the accurate system. The algo-

rithm generating the same amount of references, yet fewer

of the phonemes are being recognized per reference. Far

fewer phoneme’s are being recognized by the accurate sys-
tem than are being recognized by the other two systems.

TABLE 8. Data Reference Breakdown

% % %

sys % re/ re/
Application | call | %r | w r w w/o
base 582 | 90.7 | 449 | 84.1 | 432 | 932
full dict. 559 | 921 | 453 | 858 | 436 | 7.87
accurate 417 | 89.2 | 440 | 816 | 420 | 10.8

As would be expected, the percentage of operating system
references will continue to decrease from the full dictio-

nary to the accurate system. This is once again due to the
longer time it takes to receognize each phoneme. Overall,
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thereislessdata reuse when going from from less accurate
to more accurate.

Miss Classification

[ Compulsory Hll Capacity C”_1Mapping T Replace —*—Iru_mpi ‘

callsis reduced significantly. Theincrease in probability

100%

0.059

TABLE 10. 1024 entry Bimodal predictor (512 entry BTB)
% num.
correct BTB Addr. | branches

Application direction | hit% | % (million)
speech 88.8 72.9 58.8 17.0
full dict. 87.9 77.9 64.1 19.1
accurate 89.2 79.8 63.5 2.1

required to make a match using HMMsisresponsible. The
increase in direction predictability is due to increasing
number of calls and conditional branches for the fully

trained and accurate systems, respectfully, as shownin
Table 9. Table 11 illustrates the effect of a better predictor

TABLE 11. 32K entry Gshare predictor (2 K entry BTB)
% correct
Application direction Addr. % BTB hit %
speech 94.6 62.3 76.9
full dict. 94.9 67.4 82.2
accurate 94.5 65.6 83.0

90% 4 0.058
| =
80% —
/ T 0.057
70% —
T 0.056
0
Q
8 60% —
= + 0.055
o
o 50%
<
< T 0.054
Q
=4 40%
5
o
T 0.053
30%
+ 0.052
20%
10% r 0.051
0% 0.05
acc. speech full speech speech

Applications

FIGURE 12. Speech miss classification breakdown

5.1.4 Branch Prediction

Table 9 shows the branch breakdown for the base speech
recognition, the fully trained speech recognition, and the
accurate speech recognition applications. Fully training

on all three systems. By moving to a 32 K-entry Gshare
predictor with a2 K-entry BTB, the performance differ-
ence between al three systems becomes amost indiscern-
able.

52

In this experiment, we chose a much harder document to
scan than in the original study. For instance, the original
study used a document that didn’t have any pictures,

Optical Character Recognition

whereas this study did have pictures interspersed with text.

A summary of the differences are listed in Table 12.

TABLE9.  Branch Breskdown
% % %
% ind. | dir. |ind | %
App. % CB jmp | jmp | call | call | ret
base 69.0(47.1) | 80 |28 |71 |30 10.1
full dict. | 67.9(53.9) | 6.7 | 33 | 84 | 2.7 11.0
accurate | 71.5(526) | 67 |22 |69 |29 |98

the system tends to marginally reduce the number of
jumps while increasing the number of calls. The better
performing HMMs of the fully trained system alow for
the recognition of more phonemes in a given period of
time. By making the system more accurate, the number of
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TABLE 12. Differencein Input File for OCR
easy hard

pictures no yes

total fonts 1 5

specid 2 3

chars

total char 2 8

sizes




TABLE 12. Differencein Input File for OCR

easy hard

total chars 2114 967

rejected 0 2

chars

total words | 377 205

suspect 0 26

words

recogni- 2s 11s

tion time

words/min. | 11310 1118

The easy image is the sample dispersed with
OmniPagePro 8.0, while the hard image is the table of
contents of a popular automotive magazine.

521 Memory Hierarchy

The performance of the L1 data cache for the hard OCR is
much worse than that of the easy one as shown in Figure

13. For a 16K B four way set associative data cache, the
complex OCR performs about 50% worse. As cache sizes

get larger, the difference isn't as dramatic, but the comple»
OCR still has a poorer mpi. The reason for the poorer per
formance is that the complex OCR is harder to partition,

and it has to search many more font “dictionaries” in order
to find a match.

Data L1 (direct mapped)

B ocr EBComplex OCR

0.045

0.04

0.035

o
o
@

0.025

o
o
N

0.015

Misses per Instruction (mpi)

0.01 ~

0.005 ~

4k 16k

Cache Size

32k 64k

FIGURE 13. OCR direct mapped L1 data cache

The results for the L1 instruction cache illustrated in Fig-
ure 14 follow the explanation given in the previous sec-
tion. Given that the complex OCR system has to spend
more time partitioning images and text as well as more
exhaustively search font “dictionaries”, it would seem that
the instruction stream would have a higher locality. This is
in fact the exact result that we see. The complex OCR sys-
tem has about a 30% lower mpi than the base system for a
4 KB direct mapped cache. The difference then increases
for 8KB and 16KB caches, but as the cache size
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approaches 64 KB, the difference tapers off. Thisis where
theincreased L1 instruction size makes up for the locality.

Instruction L1 (direct mapped)

B ocr EBComplex OCR

0.02

Misses per Instruction (mpi)

4k 8k 16k 32k 64k
Cache Size

FIGURE 14. OCR direct mapped L1 instruction cache

For small L2 sizes the poor data locality makes the com-
plex OCR perform worse; increasing the size of the L2
diminishes this effect and the increased locality of the
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complex OCR’s instruction stream makes it perform
slightly better on the larger L2 sizes. this effect is shown in

Unified L2 (direct mapped)

B ocr BComplex OCR

0.009

0.008

0.007 ~

0.006 -
0.005 ~
0.004 ~
0.003 ~

0.002 -
0.001 ~
128k 256k 512k 1M
Cache Size

Misses per Instruction (mpi)

FIGURE 15. OCR direct mapped L2 unified cache

Figure 15.

522 TLB

For smaller data TLB sizes, the more complex OCR per-
forms much more poorly than the base OCR system. How-
ever, this trend tends to dissipate as the TLB size gets
larger. This result is seen in Figure 16 and can be attrib-



uted to the more complex partitioning and searching font
dictionaries.

Data TLB
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FIGURE 16. OCR fully associative data TLB

With regards to the instruction TLB, the complex OCR
system seems to perform poorly only for the 16 entry case
asillustrated in Figure 17. Given this result, combined
with theresults for the L1 instruction cache, it can be seen

that the complex OCR system exhibits higher locality yet
has a larger instruction working set.

Instruction TLB
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FIGURE 17. OCR fully associative instruction TLB

5.2.3 MissClassification

The miss classification breakdown for ocr and the com-
plex ocr are quite different, as seen in Figure 18. Most
importantly, the mpi is much worse for the complex ocr
system, and an increase in the percent of capacity missesis
the main reason. The percent of conflict misses decreases
for the more complex system, but the overall number of
conflict misses remains the same.

TABLE 13. Code and Data Footprint

Data Code
Application (MB) (MB)
ocr 5.48 164
complex ocr 572 1.07

Table 13 gives a breakdown of the both data and code
memory footprints. Interestingly, the complex ocr applica
tion has alarger code footprint, most likely attributed to
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the application spending more timein earlier parts of the
algorithm, such as segmentation.

5.2.4 Branch Prediction
The control flow breakdown is highlighted in Table 15.

TABLE 14. Data Reference Breakdown TABLE 15. Branch Breakdown
% % % % % %
sys % re/ re/ % ind. | dir. ind %
Application | call | %r | w r w w/o App. % CB jmp | jmp | call | call | ret
ocr 897 | 70.2 | 80.3 | 68.1 | 78.8 | 29.8 ocr 86.8(67.6) | 62 | 04 | 23 10 | 33
complexocr | 863 | 8.0 | 70.2 | 79.6 | 689 | 17.9 complex | 87.1(64.3) | 80 | 0.2 19 |05 | 24
ocr

Table 14 more completely illustrates the impact of trying
to recognize a more complex input set. The application
spends more time reading and correspondingly less time
writing.

Miss Classification

8 Compulsory Hll Capacity C”1Mapping T Replace —*—Iru_mpi ‘
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FIGURE 18. OCR miss classification breakdown
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There are less calls and returnsin the complex ocr applica-
tion, with a corresponding increase in jumps. The appli-

TABLE 16. 1024 entry Bimodal predictor (512 entry BTB)
% num.
correct BTB Addr. | branches

Application direction | hit% | % (million)
ocr 91.8 87.9 71.8 28.8
complex ocr 90.1 91.7 69.4 33.0

action is spending moretimein each call. The results from
Table 15 can explain why an increase in BTB hit rate can
still mean a decreasein the predictability of the addresses.
Because the base OCR system has more calls, more of the
target addresses can be obtained from the call-return stack;
hence a higher address predictability. Table 17 showsthe
improvement with a 32 K-entry Gshare predictor, with a
2048 entry BTB. Thistable illustrates that while both

TABLE 17. 32K entry Gshare predictor (2 K entry BTB)
% correct
Application direction Addr. % BTB hit %
ocr 95.3 711 89.9
complex ocr 94.5 68.8 92.6

applicationsimprove, there is still a gap in performance.

5.3 Natural Language Translation

The natural language translation program that is used in
this study is Globalink Power Translator 6.0 which hasthe
capability of adding subject specific dictionaries. For this
extended study, we added the subject dictionary COM, for
computer science terminology. Power Translator 6.0 also
has the capabilty of changing the order in which the librar-
ies are searched. For our new study, we have two libraries,



the genera one, GEN, and the subject specfic one, COM. results can be seen for the unified L2 cache as shown in

We then changed the search order to have Power Tranda- Figure 21.

tor search COM before GEN. Theinput to this system was

thispaper. Instruction L1 (direct mapped)
531 M emory Hierarchy ‘Eltranslate EHard Trans.‘
Looking at theresultsfor the L 1 data cachein Figure 19, it 0.07

seems that searching the specific computer science dictio-
nary reduces the search space for the general dictionary.
The specific dictionary acts as a cache, exploiting the
“locality” of this paper. The most frequently looked up

0.06

0.05 7
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FIGURE 20. Translate direct mapped L1 instruction cache
0.005 +—

The analogy to memory hierarchy for dictionary ordering

is reasonably accurate. By assigning a preference to the

K 8k 16k 32K 64k smaller, more accurate dictionary we are directing the
Cache Size translation search to start with dictionary that is likely to

FIGURE 19. Translate direct mapped L1 data cache

words are filtered out by the COM dictionary.

The application spends more time in the specific computer
science dictionary, the control loop ends up being “tighter”

than in the ordinary translation. The result is slightly better

instruction L1 performance as seen in Figure 20. Similar
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contain the desired trandlation. Thisincreased hit ratetran-  the tighter control loop provided by the ordered dictionar-

lates into a better performing memory hierarchy. ies.
Unified L2 (direct mapped) Data TLB
[Otranslate @ Hard Trans. |
0.012 0.006
0.01 0.005
2 0.008 +— 2 0.004 1
£ E
5 s
8 0.006 {— 3 0.003
g 5
) o
Q 1%
2 @
s 2]
= 0.004 +— £ 0.002
0.002 — 0.001
0 0
128k 256k 512k 1M 16 32 64 128 256
Cache Size Number of Entries
FIGURE 21. Translate direct mapped L2 unified cache FIGURE 22. Translate fully associative data TLB

532 TLB

Although initially the base system’s performance is worse
than the “hard” translation, the base system reacts more
favorably to increasing TLB size. Since the “hard” transla-
tion actually contains more data (i.e. is a more linguisti-
cally complex document), the results in Figure 22 are to be
expected.

For the instruction TLB, the “hard” translation actually
performs better than the base system. This is because of
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out most of the word lookups, with most of them hitting
the smaller COM dictionary.

Instruction TLB
TABLE 19. Data Reference Breakdown

0.008 % % %
sys % re/ re/
" 0
0.007 Application | call %r | w r w w/o
translate 6.01 | 80.0 | 684 | 76,5 | 629 | 20.0
0.006 +— hard trans. 287 | 91.8 | 63.7 | 865 | 58.1 | 8.17
= . . .
E 1| The data reference breakdown, especially the increase in
c 0005 . . .
S the fraction of read reusage, helps to illustrate the impor-
o . . . . .
£ o0s tance of dictionary ordering. There is also less time spent
% 0.004 1|
£
5
> Miss Classification
2 0.003 +
1]
s 8 Compulsory Bl Capacity T Mapping T Replace —*— Iru_mpi
0.002 41— 100% 0.017
90% 1 0.0165
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FIGURE 23. Translate fully associative instruction TLB
r 0.0145

Percentage of Misses

5.3.3 MissClassification

Figure 24 below shows the difference in cache miss break-
down between the translation of an “easy” document, anc
the that of a “hard” document. The reduction in the num-
ber of compulsory misses corroborates the filtering effect
of the COM dictionary.

r 0.014

r 0.0135

TABLE 18. Code and Data Footprint hard translate translate ooz
Application
Data Code
Application (MB) (MB)
tranlate 5.48 1.18 FIGURE 24. Translate miss classification breakdown
hard trandate | 3.70 0.88

in operating system space, which should help out the
Table 18 helps to identify the results obtained so far. Therdranch prediction performance.

is a 32% decrease in the size of the data working set size,

and a 25% decrease in the instruction working set size.

The COM-GEN ordering of dictionaries definitely filtered
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5.3.4 Branch Prediction
The control flow breakdown is highlighted in Table 20.

applications: memory performance, TLB performance,
and branch prediction performance.

TABLE 20. Branch Breakdown By comparing the two types of applications, we discover
ga significant difference in the branch prediction behavior.
% % % As a group, the natural 1/0O applications outperformed the
% | ind. | dir. | ind | % SPEC95 benchmarks when it comes to overall branch pre-
App. % CB jmp | jmp | call | call | ret di
ictor performance. The greater number of calls and taken
translate | 49.2(52.1) | 11.8 | 1.1 [ 150 | 3.0 | 10.1 conditional branches is the reason for the better target
hard 48.2(45.3) | 104 | 09 | 148 | 55 | 203 address predictabilty and direction prediction, respec-
trans. tively. The performance improvement is magnified with

The one feature that stands out is the increase in the num- the better predictor and larger BTB.

ber of indirect calls for the hard system. Although the

amount of data reuse is higher for the “hard” system, the In this framework, we used the term *hard” or “complex”
increase in the number of indirect calls has an adverse o denote a supposedly more difficult task or input set. For
effect on the address predictability aspect of branch pre- instance, the hard translation versus the base translation, or

dictor performance. For the 1 K-entry bimodal predictor, the complex OCR versus the base OCR. Although intu-
itively it would appear that the “hard” or “complex” sys-

TABLE 21. 1024 entry Bimodal predictor (512 entry BTB) tem would perform more poorly with respect to
architectural structures (e.g. higher miss ratios), this is not
% num. always the case. Although complex OCR did exhibit this
o correct | BTB | Addr. | branches behavior, the hard translation system did not. In fact, even
Application | direction | hit% | % (million) the complex OCR system exhibited lower miss ratios than
trandate 915 712 712 31.2 its base counterpart on the unified L2 study. Some of the
hard trans. 916 70.2 68.8 5.6 results are non-intuitive because of the complex interac-

both applications perform similarly, as shown in Table 21,
except for the predictability of target addresses. Table 2
shows the improvement with a 32 K-entry Gshare predic-
tor, with a 2048 entry BTB. Both applications seem to

improve at the same rate with regard to the improved pre

dictor.
TABLE 22. 32K entry Gshare predictor (2 K entry BTB)
% correct
Application direction Addr. % BTB hit %
translate 96.0 74.1 78.7
hard trans. 96.5 715 76.5
6.0 Summary

tions between data input set and the control algorithm.

2 The performance impact of speech recognition on the

memory hierarchy is especially important. Even for large
sizes of unified L2 caches, the resulting mpi for all of the

speech recognition workloads is problematic. This makes

the solution of building larger caches for speech recogni-

tion systems impractical. An alternative to large L2 caches
has to be used to ameliorate the effect of speech recogni-
tion’s data reference pattern.
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1.0 Appendix

Table 1: Data Cache

hand ocr trans Speech [Com- Go Gcee Perl Vortex  |Full Com- Hard Acc.
press Speech |[plex Trans. Speech
OCR
Jkdirect [0.0253 [0.0311 [0.0242 [0.0729 [0.0378 [0.0725 [0.0383 [0.0470 [0.0530 [0.0714 [0.0411 [0.0217 [0.0689
4K2way 10.0188 [0.0230 [0.0168 [0.0581 [0.0331 [0.0559 [0.0276 [0.0172 [0.0382 [0.0570 [0.0326 [0.0141 [0.0530
4K4Away 10.0176 [0.0206 [0.0142 [0.0552 [0.0329 [0.0474 [0.0242 [0.0077 [0.0332 [0.0540 [0.0302 [0.0116 [0.0501
4kBway [0.0172 [0.0188 [0.0135 [0.0515 [0.0309 [0.0430 [0.0231 [0.0080 [0.0312 [0.0501 [0.0291 [0.0109 [0.0464
gkdrrect [0.,0189 [0.0211 [0.0180 [0.0518 [0.0287 [0.0482 [0.0261 [0.0253 [0.0336 [0.0496 [0.0306 [0.0144 [0.0472
8KZ2way [0.0137 [0.0165 [0.0114 [0.0374 [0.0255 [0.0304 [0.0181 [0.0076 [0.0274 [0.0364 [0.0258 [0.0093 [0.0356
8k4dway [0.0124 [0.0142 [0.0101 [0.0334 [0.0243 [0.0242 [0.0160 [0.0013 [0.0230 [0.0328 [0.0225 [0.0082 [0.0318
8kBway [0.0122 [0.0132 [0.0096 [0.0320 [0.0242 [0.0215 [0.0152 [0.0011 [0.0216 [0.0317 [0.0201 [0.0077 [0.0304
I6k direci0.0136 [0.0148 [0.0130 [0.0342 [0.0184 [0.0286 [0.0170 [0.0169 [0.0245 [0.0338 [0.0230 [0.0100 [0.0326
I6k2way [0.0101 [0.0111 [0.0085 [0.0258 [0.0148 [0.0176 [0.0116 [0.0011 [0.0183 [0.0256 [0.0178 [0.0067 [0.0255
16k Away [0.0091 [0.0102 [0.0074 [0.0234 [0.0140 [0.0131 [0.0101 [0.0008 [0.0165 [0.0231 [0.0165 [0.0060 [0.0229
I6kBway [0.0087 [0.0095 [0.0071 [0.0225 [0.0133 [0.0122 [0.0096 [0.0008 [0.0154 [0.0221 [0.0157 [0.0058 [0.0220
3Zkdirect[0,0098 [0.0103 [0.0087 [0.0250 [0.0082 [0.0175 [0.0110 [0.0164 [0.0171 [0.0266 [0.0160 [0.0073 [0.0247
32k 2way [0.0076 [0.0078 [0.0065 [0.0198 [0.0065 [0.0096 [0.0071 [0.0007 [0.0119 [0.0192 [0.0129 [0.0052 [0.0196
32k 4way [0.0070 [0.0072 [0.0060 [0.0183 [0.0047 [0.0074 [0.0058 [0.0006 [0.0104 [0.0179 [0.0128 [0.0048 [0.0180
3ZK8way [0.0069 [0.0069 [0.0058 [0.0180 [0.0043 [0.0068 [0.0054 [0.0005 [0.0095 [0.0173 [0.0127 [0.0047 [0.0174
64k direct[0.0067 [0.0073 [0.0064 [0.0199 [0.0030 [0.0124 [0.0071 [0.0008 [0.0116 [0.0187 [0.0102 [0.0053 [0.0204
64k 2way [0.0054 [0.0055 [0.0051 [0.0165 [0.0013 [0.0047 [0.0043 [0.0004 [0.0071 [0.0157 [0.0075 [0.0041 [0.0160
64K 4way [0.0051 [0.0050 [0.0047 [0.0156 [0.0009 [0.0031 [0.0037 [0.0003 [0.0057 [0.0146 [0.0063 [0.0038 [0.0150
64k Bway [0.0050 [0.0049 [0.0046 [0.0154 [0.0007 [0.0027 [0.0035 [0.0003 [0.0050 [0.0143 [0.0057 [0.0037 [0.0147
Table 2: Instruction Cache
hand ocr trans Speech [Com- Go Gcee Perl Vortex  |Full Com- Hard Acc.
press Speech [plex Trans. |Speech
OCR

4kdirect 10.0149 [0.0185 [0.0586 [0.0181 [0.0019 [0.0624 [0.0483 [0.0313 [0.0710 [0.0163 [0.0136 [0.0579 [0.0139
4K2way [0.0126 [0.0163 [0.0461 [0.0135 [0.0018 [0.0603 [0.0452 [0.0210 [0.0658 [0.0130 [0.0129 [0.0458 [0.0099
4k4way [0.0120 [0.0155 [0.0400 [0.0114 [0.0018 [0.0589 [0.0435 [0.0183 [0.0651 |0.0110 [0.0121 [0.0369 [0.0078
4KBway [0.0117 [0.0153 [0.0392 [0.0099 [0.0018 [0.0596 [0.0433 [0.0177 [0.0656 [0.0100 [0.0116 [0.0354 |0.0066
gkdrrect [0.0106 [0.0140 [0.0419 [0.0119 [0.0015 [0.0458 [0.0360 [0.0212 [0.0539 [0.0126 [0.0092 [0.0413 [0.0085
8k2way [0.0076 [0.0108 [0.0269 [0.0085 [0.0014 [0.0421 [0.0307 [0.0112 [0.0468 [0.0087 [0.0064 [0.0245 [0.0059
8kdway [0.0066 [0.0099 [0.0214 [0.0066 [0.0014 [0.0407 [0.0294 [0.0035 [0.0444 [0.0079 [0.0055 [0.0196 [0.0051
8kBway [0.0061 [0.0093 [0.0189 [0.0057 [0.0013 [0.0400 [0.0293 [0.0032 [0.0436 [0.0074 [0.0040 [0.0160 [0.0042
I6k direct[0.0076 [0.0093 [0.0235 [0.0078 [0.0012 [0.0337 [0.0232 [0.0072 [0.0362 [0.0088 [0.0062 [0.0233 [0.0050
16k 2way [0.0047 [0.0066 [0.0158 [0.0046 [0.0010 [0.0248 [0.0172 [0.0023 [0.0292 [0.0059 [0.0042 [0.0142 [0.0036
16k Away [0.0040 [0.0055 [0.0115 [0.0039 [0.0010 [0.0210 [0.0134 [0.0018 [0.0270 [0.0048 [0.0026 [0.0091 [0.0028
16k Bway [0.0037 [0.0052 [0.0095 [0.0036 [0.0009 [0.0199 [0.0121 [0.0018 [0.0264 [0.0045 [0.0023 [0.0072 [0.0027
32k direct[0.0045 [0.0057 [0.0145 [0.0059 [0.0008 [0.0192 [0.0133 [0.0050 [0.0209 [0.0052 [0.0045 [0.0133 [0.0039
32k 2way [0.0029 [0.0035 [0.0084 [0.0026 [0.0006 [0.0133 [0.0077 [0.0014 [0.0151 [0.0035 [0.0027 [0.0073 [0.0022
32K 4way [0.0025 [0.0027 [0.0061 [0.0021 [0.0005 [0.0088 [0.0058 [0.0010 [0.0122 [0.0027 [0.0016 [0.0044 [0.0014
32k 8way [0.0024 [0.0024 [0.0054 [0.0020 [0.0004 [0.0079 [0.0046 [0.0009 [0.0096 [0.0025 [0.0014 [0.0039 [0.0013
64k direct[0.0030 [0.0032 [0.0088 [0.0031 [0.0006 [0.0049 [0.0083 [0.0022 [0.0133 [0.0036 [0.0028 [0.0095 [0.0030
64K 2way [0.0018 [0.0018 [0.0045 [0.0015 [0.0004 [0.0040 [0.0037 [0.0007 [0.0052 [0.0018 [0.0015 [0.0039 [0.0014
64K 4way [0.0016 [0.0014 [0.0033 [0.0011 [0.0003 [0.0036 [0.0026 [0.0005 [0.0027 [0.0015 [0.0009 [0.0023 [0.0007
64k 8way [0.0015 [0.0013 [0.0030 [0.0010 [0.0002 [0.0036 [0.0023 [0.0005 [0.0019 [0.0014 [0.0009 [0.0021 [0.0006
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Table 3: L2 Unified Cache

hand ocr trans Speech [Com- Go Gcee Perl Vortex  |Full Com- Hard Acc.
press Speech |[plex Trans. |Speech
OCR

128K direct[0.0072 [0.0075 [0.0096 [0.0182 [0.0013 [0.0114 [0.0081 [0.0012 [0.0151 [0.0181 [0.0082 [0.0077 [0.0174

128K 2way [0.0063 [0.0066 [0.0084 [0.0171 [0.0010 [0.0085 [0.0064 [0.0010 [0.0105 [0.0167 [0.0062 [0.0066 [0.0160

128k 4way [0.0059 [0.0060 [0.0077 [0.0166 |0.0008 [0.0069 [0.0056 [0.0008 [0.0078 [0.0160 [0.0052 [0.0061 [0.0152

128K 8way [0.0057 [0.0058 [0.0074 0.0163 [0.0008 [0.0063 [0.0052 [0.0007 [0.0064 [0.0156 [0.0048 [0.0058 [0.0149

256k direct|0.,0056 [0.0055 [0.0070 [0.0151 [0.0009 [0.0052 [0.0055 [0.0009 [0.0098 [0.0150 [0.0056 [0.0056 [0.0148

256k 2way [0.0048 [0.0045 [0.0056 [0.0143 [0.0007 [0.0038 [0.0040 [0.0006 [0.0056 [0.0138 [0.0042 [0.0046 [0.0137

256K 4way [0.0044 [0.0040 [0.0048 [0.0140 [0.0006 [0.0023 [0.0034 [0.0005 [0.0041 [0.0133 [0.0036 [0.0040 [0.0131

256K 8way [0.0043 [0.0037 [0.0045 [0.0140 [0.0005 [0.0015 [0.0032 [0.0005 [0.0036 [0.0132 [0.0034 [0.0037 [0.0129

SIZk direct|0.0044 [0.0041 [0.0048 [0.0117 [0.0007 [0.0026 [0.0036 [0.0007 [0.0072 [0.0116 [0.0038 [0.0039 [0.0125

512k 2way [0.0035 [0.0031 [0.0037 [0.0106 [0.0005 [0.0012 [0.0024 [0.0004 [0.0034 [0.0104 [0.0027 [0.0031 [0.0115

SIZk'4way [0.0032 [0.0027 [0.0031 [0.0102 [0.0005 [0.0007 [0.0021 [0.0003 [0.0029 [0.0098 [0.0024 [0.0027 [0.0111

SIZk'8way [0.0031 [0.0026 [0.0029 [0.0100 [0.0004 [0.0005 [0.0020 [0.0003 [0.0027 [0.0096 [0.0023 [0.0025 [0.0111

IMdirect [0.0033 [0.0029 [0.0033 [0.0082 [0.0005 [0.0008 [0.0022 [0.0005 [0.0042 [0.0082 [0.0027 [0.0027 |0.0099

IM 2Way [0.0027 |0.0021 ]0.0023 |0.0063 |0.0004 0.0004 |0.0014 |0.0003 |0.0027 |0.0066 |0.0019 0.0020 |0.0090

IMAway [0.0025 [0.0019 [0.0020 [0.0053 [0.0004 [0.0003 [0.0012 [0.0002 [0.0024 [0.0056 [0.0017 [0.0017 [0.0086

IMBway [0.0024 [0.0018 [0.0018 [0.0047 [0.0004 [0.0002 [0.0011 [0.0002 [0.0023 [0.0050 [0.0016 [0.0017 [0.0084

2M direct 0.0054 0.0054 [0.0019 [0.0018 [0.0071
2M Zway 0.0034 0.0036 [0.0013 [0.0012 [0.0060
2M Adway 0.0024 0.0026 [0.0012 |0.0009 [0.0055
2M Bway 0.0020 0.0021 [0.0011 [0.0008 [0.0052
AM direct 0.0034 0.0034 [0.0014 [0.0011 [0.0047
M 2way 0.0019 0.0020 [0.0009 [0.0007 [0.0032
M dway 0.0014 0.0015 [0.0008 [0.0005 [0.0025
AM Bway 0.0013 0.0013 [0.0008 [0.0004 [0.0020
8M direct 0.0022 0.0023 [0.0011 [0.0007 [0.0030
8M Zway 0.0012 0.0013 [0.0007 [0.0004 [0.0017
8V dway 0.0010 0.0010 [0.0007 [0.0003 [0.0012
8M Bway 0.0010 0.0010 [0.0006 [0.0003 [0.0011
16M direct 0.0015 0.0015 [0.0009 [0.0005 [0.0019
16M 2way 0.0010 0.0009 [0.0006 [0.0003 [0.0011
16M dway 0.0009 0.0008 [0.0006 [0.0003 [0.0010
16M Bway 0.0008 0.0008 [0.0006 |0.0003 [0.0010

Table4: DataTLB

hand ocr trans speech  |compress|go gce perl vortex  |Full Com- Hard Acc.
Speech |[plex Trans. |Speech
OCR

Teedw 2.41E-03|3.38E-03|6.48E-03 | 1.76E-02|1.77E-03 | 3.55E-02 | 1.14E-02 | 6.78E-04 | 1.51E-02 | 1.68E-02 | 6. 78E-03 | 6.16E-03 | 1.91E-02

16e8w 2.09E-03|2.95E-03 |5.48E-03 | 1.50E-02 | 1.30E-03 | 3.08E-02 | 9.48E-03 | 6.41E-04 | 1.43E-02 | 1.42E-02 | 5.38E-03 | 5.04E-03 | 1.67E-02

16eI6w 12 04E-03[2.92E-03|4.79E-03 | 1.42E-02]1.26E-03|3.05E-02 |7.38E-03 | 6.50E-04 | 1.39E-02] 1.34E-02 | 5.52E-03 [4.46E-03 | 1.53E-02

32edw 1.24E-03|1.35E-03 | 2.99E-03 | 8.28E-03 | 3.58E-04 | 6.14E-03 | 3.29E-03 | 2.60E-04 | 8.79E-03 | 8.40E-03 | 2.50E-03 | 2.82E-03 | 1.01E-02

32eBw 1.08E-03|1.14E-03 |2.27E-03|6.98E-03 | 2.82E-04 | 4.59E-03 | 2.26E-03 | 2.37E-04 [8.13E-03 | 7.05E-03 | 2.04E-03 | 2.12E-03 |8.79E-03

32elbw 1.02E-03|1.04E-03 |2.03E-036.47E-03 | 2.56E-04 | 3.75E-03 | 1.87E-03 | 2.22E-04 | 7.99E-03 | 6.58E-03 | 1.79E-03 | 1.92E-03 | 8.28E-03

32e32w 1.01E-03|1.05E-03 | 1.82E-03|6.26E-03 | 2.60E-04 | 2.52E-03 | 1.70E-03 | 2.22E-04 |8.11E-03 | 6.36E-03 | 1.87E-03 | 1.71E-03 |8.81E-03

64ed4w 6.76E-04 |5.84E-04 | 1.65E-03 |3.81E-03|9.73E-05 | 1.87E-03 | 8.00E-04 | 1.23E-04 | 4.20E-03 | 4.05E-03 | 1.04E-03| 1.48E-03 |4.42E-03

G4e8w 5.29E-04 [4.28E-04 | 1.09E-03 [2.69E-03 | 8.29E-05 | 3.11E-04 | 6.42E-04 |9.67E-05 | 3.60E-03 | 2.73E-03 | 8.64E-04 | 1.05E-03 | 3.15E-03

64eI6wW  4.40E-04[3.79E-04 [8.90E-04 |2.53E-03 | 7.21E-05 | 2.84E-04|5.67E-04 [9.01E-05 |3.35E-03 | 2.56E-03 | 9.71E-04|8.90E-04 [ 2.92E-03

64e32w  14.25E-04[3.60E-04 [8.02E-04 [2.47E-03|6.77E-05 | 2.82E-04|5.46E-04 [8.67E-05 | 3.26E-03 | 2.51E-03 | 9.37E-04| 7.74E-04 [ 2.80E-03

64e6AW  14.22E-04(3.60E-04 |7.59E-04 |2.45E-03 | 6.60E-05 | 2.79E-04|5.41E-04 [8.65E-05 | 3.24E-03 | 2.49E-03 | 5.73E-04| 7.26E-04 [ 2.78E-03

128e4w 13 34E-04[2.14E-04 | 7.66E-04 | 1.81E-03]4.24E-05[8.10E-05 |3.79E-04 | 5.39E-05 | 2.12E-03 | 1.90E-03[4.96E-04 | 7.83E-04 | 2.02E-03

128e8w  [2.81E-04[1.82E-04|6.62E-04 | 1.55E-03]3.62E-05[6.91E-05 |3.62E-04 |4.43E-05 | 1.92E-03 | 1.50E-03[4.99E-04 [ 7.24E-04 | 1.71E-03

128eI6W  [2.32E-04|1.46E-04]4.34E-04 [1.47E-03]3.53E-05]6.54E-05 |3.51E-04 | 3.48E-05 [ 1.84E-03 | 1.42E-03|4.60E-04 | 5.15E-04 | 1.64E-03

128e32w {2, 25E-04 [1.39E-04 | 3.60E-04 | 1.45E-03]3.47E-05|6.47E-05 [3.47E-04 | 2.99E-05 | 1.86E-03 ] 1.39E-03[ 1.32E-04 [3.98E-04 | 1.62E-03
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Table4: DataTLB

128e64W  [2.22E-04]1.37E-04[3.30E-04[1.43E-03[3.14E-056.45E-05[3.43E-04 [ 2.82E-05] 1.87E-03[1.38E-03] 1.24E-04 [3.45E-04 [ 1.61E-03
128eT28W |2 20E-041.37E-04|3.13E-04 | 1.42E-03]3.28E-05 | 6.44E-05]3.43E-04 | 2.80E-05 | 1.88E-03 [ 1.38E-03 | 1.23E-04 | 3.25E-04 | 1.60E-03
256e4wW  [1.87E-04[9.68E-05|3.23E-04 [ 1.02E-03|2.15E-05 [3.18E-05 | 1.46E-04 | 2.11E-05 | 7.97E-04 | 9.38E-04 | 8.81E-05 | 3.99E-04 | 1.02E-03
256e8W  [1.60E-04|7.56E-05]2.69E-04 [9.56E-04 | 1.88E-05 [2.45E-05 | 1.49E-04 [ 1.83E-05|5.93E-04 [8.77E-046.82E-05 | 3.67E-04 | 9.58E-04
256e16W [1.52E-04[7.26E-05]2.48E-04 [9.18E-041.88E-05 [2.17E-051.55E-04 [ 1.78E-05 | 5.42E-04 [ 8.40E-04 | 6.45E-05 | 3.49E-049.24E-04
256€32W  [1.44E-04|6.57E-05|1.45E-04 |8.94E-04 | 1.54E-05 | 2.00E-05 | 1.58E-04 | 1.43E-05|4.85E-04 [8.21E-045.58E-05 | 1.97E-049.12E-04
256e6AW [1.43E-04 |6.41E-05|1.17E-04 |8.89E-04 | 1.50E-05 [ 1.90E-05 | 1.61E-04 | 1.38E-05 | 4.64E-04 [8.13E-04 | 5.42E-05 | 1.36E-04 | 9.06E-04
256e1Z8W [1.42E-04[6.32E-05]1.04E-04 [8.84E-04 | 1.50E-05 [ 1.90E-05 | 1.65E-04 [ 1.37E-054.56E-04 [8.10E-045.35E-05 [ 1.14E-049.02E-04
256€256W [1.42E-04[6.33E-05]9.97E-05 [8.84E-041.50E-05 [ 1.89E-05|1.67E-04 [ 1.36E-05 | 4.56E-04 [8.09E-045.33E-05 [ 1.07E-049.03E-04
Table5: Instruction TLB
hand ocr trans speech  |compress|go gce perl vortex  |Full Com- Hard Acc.
Speech [plex Trans. Speech
OCR
T6edw 8.34E-04[1.15E-03]7.94E-03[1.09E-03 | 1.64E-04 | 3.85E-04 | 1.59E-03 [ 3.14E-04 | 1.90E-03 [ 1.44E-03] 2.28E-03 [ 6.86E-03 | 1. 10E-03
16eBw 7.85E-04[1.14E-03]7.24E-03[8.68E-04 | 1.57E-04 | 3.52E-04 | 1.41E-03 [ 2.94E-04 | 1.83E-03[ 1.18E-03| 2.41E-03 [ 6.34E-03]9.02E-04
16el6w  [7.42E-04|1.11E-03[6.85E-03]8.72E-04 | 1.53E-04 |3.53E-04 [ 1.38E-03 | 3.01E-04 | 1.86E-03 [ 1.19E-03 | 2.30E-03 | 6.10E-03 ] 9.45E-04
3Zedw 3.67E-04[4.93E-042.61E-03[4.82E-048.83E-05 | 1.93E-04 | 5.68E-04 | 1.65E-04 | 6.59E-04 [ 6.37E-04 | 7.81E-04 [ 2.22E-03 | 4.21E-04
32eBw 3.06E-04 |3.45E-042.24E-03|4.41E-04|7.53E-05 | 1.77E-044.73E-04 | 1.44E-04 | 5.45E-04 | 5.81E-04 | 4.72E-04 [ 1.91E-03|3.77E-04
32e16W  [2.98E-04|3.35E-04|1.40E-03[4.19E-04|7.61E-05 [ 1.78E-04|4.59E-04 | 1.45E-04 | 4.99E-04 | 5.58E-04 | 2.64E-04 | 1.03E-03 | 3.43E-04
3232w 2.88E-04[3.32E-041.39E-03[4.20E-047.63E-05 [ 1.79E-04 | 4.58E-04 [ 1.45E-04 | 5.13E-04 | 5.69E-04 | 2.60E-04 [ 1.03E-03 | 3.20E-04
64edw 1.45E-041.74E-04 |4.93E-04 | 2.06E-04 [3.77E-05|6.89E-05 [ 1.96E-04 | 7.16E-05 | 1.90E-04 | 2.66E-04 [ 2.91E-04 | 3.86E-04 [ 1.59E-04
64eBw 1.28E-04|1.23E-04 |3.63E-04 | 1.89E-04 | 2.93E-05 |5.77E-05 | 1.58E-04 | 5.72E-05 | 1.36E-04 | 2.43E-04 | 1.07E-04 | 2.56E-04 | 1.39E-04
64eI6W  [1.16E-04[1.13E-04]3.42E-04 [1.81E-042.30E-05 [4.73E-05]1.39E-04 |4.81E-05 | 1.15E-04 [ 2.27E-049.79E-05 | 2.42E-04 | 1.09E-04
6432w 1.12E-04[1.08E-04]3.29E-04 [1.77E-042.01E-05 [4.28E-05|1.32E-04 |4.36E-05 | 1.11E-04 [ 2.25E-049.33E-05 [ 2.33E-04 | 1.05E-04
64e64W  [1.13E-04[1.09E-04|3.23E-04 [1.75E-04 | 1.99E-05 [4.21E-05|1.31E-04 |4.38E-05 | 1.10E-04 [ 2.24E-049.39E-05 | 2.32E-04 | 1.04E-04
128eAw  |5.43E-05|6.02E-05|1.34E-04 |8.21E-059.83E-06 | 2.05E-05 | 6.14E-05 | 2.02E-05 |4.27E-05 [ 1.10E-04 | 5.17E-05 | 1.08E-04 | 5.01E-05
128e8W  [4.64E-05]5.42E-05]1.08E-04|7.81E-058.64E-06 | 1.69E-05[5.10E-05 | 1.70E-05| 3.04E-05 [ 1.02E-04 | 4.63E-05 | 7.76E-05 | 4.75E-05
128eI6w  [4.28E-055.12E-05]9.55E-05 | 7.43E-05[8.30E-06 | 1.59E-05 [4.88E-05 | 1.61E-05| 2.88E-05 [9.77E-05 | 4.24E-05 | 5.92E-05 | 4.46E-05
128e32w  [4.19E-05]4.94E-05]9.43E-05|6.93E-05|7.93E-06 | 1.50E-05 [4.76E-05 | 1.56E-05 | 2.73E-05 | 9.15E-05 | 4.10E-05 | 5.42E-05 | 3.98E-05
128e64W  [4.13E-05]4.91E-05]9.50E-05|6.89E-05 | 7.84E-06 | 1.49E-05[4.71E-05 | 1.54E-05 2.61E-05 [9.07E-05 | 4.06E-05 | 5.30E-05 | 3.87E-05
128eT28W [4.13E-05]4.91E-05]9.39E-05]6.87E-05]7.77E-06 | 1.48E-05[4.68E-05 | 1.53E-05 | 2.59E-05 [ 9.05E-05 [ 4.07E-05 | 5.41E-05 | 3.84E-05
256e4wW 2. 11E-05 [2.20E-05]2.60E-05 |2.79E-05|3.67E-06 | 7.72E-06 | 1.72E-05 | 8.14E-06 | 1.39E-05 | 3.98E-05 | 2.02E-05 | 1.85E-05 | 1.52E-05
256€BW  [1.65E-05 |1.72E-05|1.55E-05 | 1.93E-05|3.37E-06 |6.63E-06 | 1.63E-05 | 7.38E-06 | 1. 10E-05 [ 2.98E-05 | 1.53E-05 | 8.08E-06 | 1.03E-05
256e16W  [1.56E-05[1.52E-05]1.15E-05 [ 1.44E-05]3.15E-06 [ 6.08E-06 | 1.52E-05 | 7.09E-06 | 1.02E-05 [2.37E-05 | 1.40E-05 | 5.69E-06 | 7.88E-06
256€32W  1.48E-05 [1.46E-05]1.08E-05 [ 1.29E-05 | 2.81E-06 | 5.84E-06 | 1.48E-05 | 6.89E-06 | 9.78E-06 [ 2.18E-05 | 1.27E-05 | 5.17E-06 | 6.50E-06
256e6Aw  [1.44E-05[1.37E-05]1.06E-05 |9.98E-06 | 2.60E-06 | 5.79E-06 | 1.45E-05 | 6.80E-06 | 9.79E-06 [ 1.89E-05 | 1.18E-05 | 5.01E-06 | 4.30E-06
256€128W [1.43E-05 |1.36E-05|1.06E-05 |8.67E-06 | 2.58E-06 | 5.78E-06 | 1.44E-05 | 6.74E-06 | 9.79E-06 | 1.75E-05 | 1.17E-05 | 5.00E-06 | 2. 74E-06
256€256W [1.43E-05[1.36E-05]1.06E-05 |8.62E-06 | 2.60E-06 | 5.78E-06 | 1.45E-05 | 6.76E-06|9.77E-06 [ 1.76E-05 | 1.16E-05 | 4.96E-06 | 2.64E-06
Table 6: Unified TLB
hand ocr trans speech  |compress|go gce perl vortex  |Full Com- Hard Acc.
Speech |[plex Trans. |Speech
OCR
Teedw 6.12E-03[8.82E-03]2.90E-02 [2.95E-02 [ 2.96E-03 | 5.08E-02 | 2.36E-02 [9.70E-03|3.01E-02 [ 2.81E-02 | 2.81E-02 [ 2.69E-02| 3.08E-02
16e8w 5.23E-03]7.57E-03]2.52E-02 [2.46E-02 | 1.97E-03 |4.60E-02 | 2.04E-02 | 8.99E-03| 2.48E-02 | 2.33E-02 [ 2.33E-02 [ 2.24E-02 | 2.58E-02
16eI6w  [513E-03]7.41E-03]2.37E-02|2.28E-02|1.90E-03 |4.55E-02 | 1.76E-02 |8.18E-03]2.38E-02 [2.13E-02 | 2.13E-02 | 2.07E-02 | 2.39E-02
3Zedw 3.05E-03]4.08E-03]1.27E-02 [1.46E-02]7.16E-04 | 1.52E-02[8.87E-03 | 1.02E-03 | 1.53E-02 [ 1.49E-02 | 1.49E-02 [ 1.18E-02 | 1.70E-02
32e8w 2.73E-03[3.62E-03]1.14E-02 [1.31E-02[6.25E-04 | 1.28E-02 | 7.34E-03 [ 8.74E-04 | 1.40E-02 [ 1.36E-02 | 1.36E-02 [ 1.04E-02 | 1.56E-02
32e16w  [2.63E-03[3.56E-03|1.06E-02[1.26E-026.00E-04 [1.12E-02|6.71E-03|7.89E-04 | 1.40E-02|1.27E-02 | 1.27E-02[9.73E-03 | 1.48E-02
32e32W 2.61E-03[3.52E-03]9.65E-03 [1.20E-02|6.04E-04 [9.72E-03 | 6.36E-03| 7.88E-04 | 1.41E-02 [ 1.22E-02 | 1.22E-02 [ 8.90E-03 | 1.42E-02
64edw 1.61E-03]1.68E-03|4.62E-036.45E-03[2.93E-04 |4.20E-03[2.70E-03 | 4.15E-04 | 7.46E-03 | 6.72E-03 | 6.72E-03 | 3.94E-03[7.94E-03
64eBw 1.27E-03]1.30E-03|3.57E-03|4.91E-03|2.60E-04 [9.31E-04 | 2.19E-03 | 3.72E-04 | 6.78E-03 | 4.93E-03|4.93E-03 | 3.20E-03|5.99E-03
64eI6w  [1.20E-03[1.20E-03]3.30E-03[4.10E-03]2.55E-04 [8.08E-04|1.81E-03|3.51E-046.26E-03[4.47E-03 | 4.47E-03| 2.88E-03|5.07E-03
6432w [1.12E-03[1.13E-03]3.13E-03[3.93E-03]2.33E-04 | 7.81E-04 | 1.65E-03 | 3.45E-046.26E-03 [4.27E-03 | 4.27E-03[ 2.66E-03 | 4.77E-03
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Table 6: Unified TLB

64e6dw

1.11E-03

1.12E-03

2.76E-03

3.82E-03

2.28E-04

7.71E-04

1.62E-03

3.43E-04

6.27E-03

4.23E-03

4.23E-03

2.39E-03

4.75E-03

128edw

7.35E-04

6.05E-04

1.81E-03

2.78E-03

1.07E-04

3.97E-04

8.25E-04

1.81E-04

3.43E-03

2.88E-03

2.88E-03

1.54E-03

2.98E-03

128e8w

5.94E-04

4.57E-04

1.37E-03

2.26E-03

8.81E-05

2.27E-04

6.99E-04

1.40E-04

3.03E-03

2.33E-03

2.33E-03

1.27E-03

2.41E-03

128el6w

4.97E-04

3.91E-04

1.12E-03

2.13E-03

8.28E-05

2.21E-04

6.64E-04

1.28E-04

2.76E-03

2.23E-03

2.23E-03

1.05E-03

2.31E-03

128e32w

4.82E-04

3.75E-04

1.03E-03

2.11E-03

7.91E-05

2.06E-04

6.48E-04

1.18E-04

2.71E-03

2.21E-03

2.21E-03

9.29E-04

2.23E-03

128e64w

4.68E-04

3.67E-04

1.00E-03

2.10E-03

7.75E-05

2.04E-04

6.38E-04

1.13E-04

2.69E-03

2.20E-03

2.20E-03

8.81E-04

2.21E-03

128e128w

4.56E-04

3.67E-04

9.72E-04

2.10E-03

7.67E-05

2.05E-04

6.37E-04

1.12E-04

2.67E-03

2.18E-03

2.18E-03

8.46E-04

2.20E-03

Z56edw

3.59E-04

2.46E-04

7.02E-04

1.42E-03

4.30E-05

8.32E-05

3.53E-04

6.31E-05

1.25E-03

1.38E-03

1.38E-03

6.63E-04

1.40E-03

256e8w

2.73E-04

1.77E-04

5.31E-04

1.28E-03

3.66E-05

6.69E-05

3.44E-04

4.92E-05

9.85E-04

1.25E-03

1.25E-03

5.67E-04

1.28E-03

256eI6w

2.57E-04

1.69E-04

4.72E-04

1.23E-03

3.39E-05

6.01E-05

3.44E-04

4.38E-05

9.35E-04

1.19E-03

1.19E-03

5.31E-04

1.23E-03

256€32wW

2.45E-04

1.62E-04

3.65E-04

1.19E-03

3.01E-05

5.93E-05

3.46E-04

3.99E-05

8.30E-04

1.17E-03

1.17E-03

3.85E-04

1.21E-03

256e64wW

2.40E-04

1.60E-04

3.43E-04

1.18E-03

2.93E-05

5.55E-05

3.49E-04

3.84E-05

7.77E-04

1.16E-03

1.16E-03

3.33E-04

1.20E-03

256eI28w

2.39E-04

1.60E-04

3.34E-04

1.18E-03

2.89E-05

5.57E-05

3.49E-04

3.77E-05

7.28E-04

1.15E-03

1.15E-03

3.17E-04

1.19E-03

256e256wW

2.38E-04

1.60E-04

3.31E-04

1.18E-03

2.87E-05

5.56E-05

3.48E-04

3.77E-05

7.29E-04

1.15E-03

1.15E-03

3.08E-04

1.19E-03
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