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Abstract

The complexity-effectiveness of modern wire-dominated
architectures is heavily inuenced by operand movement
patterns within workloads. Unfortunately, the study of these
common patterns is burdensome given the NP-completeness
of the problem and the size of the data ow graphs in mod-
ern applications. In response we present CPX, a fast and
memory-ef cient tool for the extraction of common data ow
subgraphs from application binaries. Using this tool and
a practical metric of pattern popularity, we analyze Media-
Bench and Spec2000int benchmarks and present their most
frequent communication patterns. Results con rm the intu-
ition of prior research that dependence chains dominate in-
teger code, but more importantly demonstrate that data ow
communication is restricted to a tractable set of templates.
A set of only ten small patterns characterizes over 90%
of Spec2000int and over 75% of MediaBench dynamic in-
structions. These common data ow idioms are amenable to
dynamic optimization, more ef cient code representations,
and reducing the broadcast nature of micro-architectural re-
sources.

1. Introduction

Compiler researchers have long observed common in-
struction patterns, termed idioms by Aho et a. [1], in the
assembly output. These data ow subgraphs often perform
an operation considered by the programmer to be atomic
(i.e., increment an element in an array), but are reduced into
multiple operations based on the instruction set architecture
(ISA) being targeted. Due to source-level repetition and
the iterative nature of integer code, the dynamic frequency
of these assembly-level patterns can be quite high. For in-
stance, Spadini et a. have shown that over 25% of dynamic
instructions in Spec2000int can be replaced with 10 trivial
idioms per benchmark [15].

Despite the applicability of idiom extraction to ISA de-

sign and code compression, it is dif cult to perceive broade r
trends in dataow with this information. To address this

shortcoming, our work extracts general instruction commu-
nication patterns rather than the operation-speci ¢ idiom s
studied by Aho and Spadini. In other words, we are inter-
ested in idioms at the granularity of instruction types (i.e.,
loads, oating point multiplies, integer ALU instructions)
without the restrictive objective of dividing the program up
into digoint macro-instructions. This broader characteriza-
tion allows insight into the hardware implications of instruc-
tion communication, an important topic of study in the mod-
ern era of wire-dominated architectures [12]. For instance,
our results show the ‘stringiness' of modern data ow, con-

rming the intuition behind research in collapsing depen-

dence chains[8,13].

Unfortunately, any algorithm for extracting the most
common patterns reduces to subgraph isomorphism an NP-
complete problem [6]. Additionally, this extraction pro-
cess commonly requires loading the application’s complete
dataow graph (DFG) into memory and performing sub-
graph analysis afterward. Both of these requirements make
an exhaustive search for common data ow idioms burden-
some, especially on non-trivial applications. As an illus-
tration, Figure 1 shows a trivial DFG and the large number
of possible pattern enumerations present. The number of
patterns present increases linearly as the total number of in-
structions increases and exponentially as the maximum size
of a pattern increases. As aresult of this complexity, archi-
tects are often left to using more circumstantial evidence of
instruction communication patterns operand use rates, ba sic
block frequencies, performance counters, etc.

To address thisissue we introduce CPX (Communication
Pattern eXtractor), a novel on-the-y pattern miner which
maintains only the ‘front wave' of the DFG and analyzes
it for common subgraphs. With the use of a graph library
which converts graphs into hash-codes unique to it and its
isomorphs, this tool is rapid (about 100,000 subgraphs ana-
lyzed per second on our test platform) while keeping a very
low memory footprint (less than 10MB). The output is a
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Figure 1. Enumeration of 5 instructions into 25 unique data ow patt erns. The number of patterns grows linearly
with the total number of instructions and exponentially with the maximum pattern size.

complete library of dataow patterns from a set of bench-
marks. A second pass with CPX through the application,
augmented with the pattern library, rapidly produces cov-
erage results what fraction of dynamic instructions can be
included in at least one of these patterns.

For this work, we also present the most frequent pattern
results for Spec2000int and MediaBench, two common in-
teger benchmark suites. Interestingly, the vast majority of
instructions in all simulated benchmarks can be described
by just a handful of patterns. Modern processors, however,
are not designed to accommodate this limited set of average-
case operand movement patterns. Rather, the worst-case
broadcast-based design of microarchitectural resources such
as the issue queue and bypass path often create bottlenecks
in the pipeline [12, 14]. Our results help quantify the mo-
tivation behind proposals focusing on common-case perfor-
mance in these structures[8, 9].

This paper is organized as follows: Section 2 discusses
related work in data ow pattern analysis. CPX, our rapid
pattern extraction tool, is then introduced in Section 3. Sec-
tion 4 presents the results of CPX, including performance,
common operand communication patterns, and their cover-
age. Finaly, Section 5 concludes with a discussion of the
implications of data ow patterns and future work.

2. Related Work

Though our work observes operand communication pat-
terns, not speci ¢ instances of these patterns with speci ¢
operations, the approach and analysisis very similar. Aho et
a. [1] rstintroduced these patterns, termed idioms, asth e
result of source code repetition, the iterative nature of integer

code, and limited instruction sets. Later work showed that
by dlicing a program into a tractable collection of these id-
ioms, designers can achieve code compression, cluster steer-
ing heuristics, and optimal 1SA extensions.

For instance, Arrujo et al. [2] convert applications into
collections of tree-patterns (op codes) and operand patterns
(registers and immediates). By removing the entropy of the
individual instructions, the size of Spec95 binaries is re-
duced by over 40%. Spadini et a. [15] expand this work by
allowing patterns to span basic blocks. Their analysis tool
uses heuristics to nd a digoint set of macro-instructions
which cover a signi cant portion of the instruction stream,
but no runtime or memory footprint numbers are presented.
Their pattern results show that, on average, over aquarter of
any Spec2000int benchmark’s dynamic instructions can be
covered by asmall set of tenidiomsof veinstructionseach.
Clark et al. [4], pointing out the practicality of customized
instructions for many application domains, use data ow pat -
tern analysis to discover instruction set extensions automat-
ically. As with prior work, no analysis of runtime is pre-
sented, though heuristics are similarly used to intelligently
divide the DFG. Our work has a broader scope, however, as
we wish to observe trends like ALU fan-in rather than the
frequency of instruction combinations (i.e., xor-multiply-
subtract).

More generally, work in collapsing dependent instruc-
tions recognizes broad patterns in operand communication
such as trees and chains. Smith [8] introduces instruction
strands, linear dependence chains, as a means of exposing
wire-delay to the compiler. The intuition, con rmed by his
results, is that modern integer dataow is Iled with depen-
dence chains which need not require a broadcast bypass or
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Figure 2. lllustration of data ow graph (DFG) plotted over time. The graph height is limited by the number of

architectural registers in the ISA.

individual wakeup. Previously, we have identi ed these lin -
ear instruction chains dynamically, and devel oped optimized
ALUs for their execution [13]. Yehia and Temam [16] de-
scribe instruction functions, tree-shaped data ow subgra phs
with a single output, which are executed atomically on a
specialized functional unit. As with our work, these func-
tions can overlap but only cover an average of 65% of the
dynamic instructions in Spec2000int and other benchmarks.
Our work aims to quantify the motivation behind these and
other research directions by showing what communication
patterns are actually prevalent in modern integer code.

3. Pattern Extraction

Degspite the intuitiveness of extracting common patterns
from a graph, this problem reduces to a classical NP-
complete problem, subgraph isomorphism [6]. Though all
possible subgraphs of a graph can be enumerated in poly-
nomial time, determining which graphs are identical (or iso-
morphic) cannot. Prior work in instruction pattern analy-
Sis[2,4,15] does not detail the runtime or memory require-
ments of their tools, but the extensive use of heuristics indi-
cates the dif culty of this problem. Additionally, choosin g
the proper metric for pattern frequency is complex as every
graph has subgraphs which are at least as frequent. Thank-
fully, there are several insightsinto this particular instance of
the subgraph isomorphism problem which reduces the dif -
culty immensely.

3.1. Extraction Insights

First is that an application’s dataow graph is not arbi-
trarily connected. Infact, it is quite narrow as the number of
values live at any point in time is limited to the number of
architectural registersinthe | SA. Figure 2 showsahigh level
view of atypical DFG plotted against an axis of time illus-

trating its thinness. Secondly, to draw conclusions about the
instruction communication, the patterns produced must be
small ten or fewer nodes. Large patternsaretoo unwieldy to

perceive ‘stringiness', wide fan-outs, and other communica
tion characteristics. It is these two observations which allow
CPX to perform analysis as the program executes (similar to
apro ling tool) without storing the entire graph in memory.

For all but the rarest cases, storing only the most recent por-
tion of the DFG (the last 10,000 nodes or o) is suf cient to

detect all desired subgraphs. Figure 2 depictsthisfront wave
as the far-right portion of the graph. This feature keeps the
memory footprint of CPX at very reasonable levels under

10MB.

A third observation is that small graphs can be reduced
into hash-codes unique to it and its isomorphs. In other
words, if two graphs are isomorphs they will produce the
same code, but otherwise will produce distinct codes [10].
Though this hash-code generation is as time consuming as
checking for the isomorphism of two graphs, the use of bi-
nary codes for comparison prevents a problematic match-
ing issue: instead of having to compare every new pattern
against every known one, only one time-consuming activ-
ity is required per pattern, and a trivial hash-table handles
the binning. As hash generation will be the dominant fac-
tor in our performance, we employ the NAUTY graph li-
brary [11], one of the fastest graph libraries available [5].
On our 2.4GHz Intel Xeon test platform, NAUTY generates
about 100,000 pattern hash-codes per second.

Another insight isthat looking for frequent patternsis sta-
tistical, and thus sampling can be effective in speeding up
processing. Though the exact frequency of each pattern is
no longer available, the relative frequencies should be the
same given a suf ciently long execution. The speedup due
to sampling is very close to linear: sampling 1% of patterns
speeds execution by approximately 100 fold. An analysis of
the accuracy of sampling is shown in later results.
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Figure 3. CPX algorithm illustration.

Finaly, we observe that the optima metric for gaug-
ing patterns is not frequency. Since each subgraph con-
tains smaller subgraphs inside which occur at least as fre-
quently as the parent (and probably more often elsewhere),
the most frequent patterns would always be the most triv-
ial ones. Rather, we propose a metric of pattern popularity,
de ned as the frequency of a pattern multiplied by the num-
ber of instructions in the pattern. In other words, the most
popular patterns are those which instructions are most likely
to be a part of. Thus, a pattern twice as large but half as
frequent as another pattern have the same popularity. This
metric provides a fair balance between frequency and size
while still being meaningful.

3.2. Extraction Algorithm

Our CPX tool is based on the SimpleScalar 3.0c toolset
[3], a cycle-accurate simulator for a MIPS-like ISA. Figure
3 shows an overview of how CPX is used to produce the
most popular patterns and the coverage results. The rst
pass pro les the application and creates a complete library
of patterns found, while the second pass takes the library to
determine the coverage curves. Technically, the rst pass
could also create coverage information by recording which
patterns each dynamic instruction was a part of. However,
each of the billions of instructions simulated is contained
in several hundred patterns. This would require a signi -
cant amount of temporary storage and still requires atool to
process this data into a coverage distribution. For designers
wishing to trade storage space for speed, though, this option
isavailable.

For the initial pro ling pass, each instruction is appended
to adata ow graph asit issimulated. Rather than simply us-
ing the last set of instructions as the front wave (see Figure
2), CPX keeps limited-size queues for each register. Each
instruction is placed in the queue of its destination regis-
ter, dequeuing the oldest instruction simultaneously. Instruc-
tions without register destinations (i.e., control instructions
and stores) are placed in miscellaneous queues. The front
wave of the data ow graph isthen the set of arcs between all
instructions in these queues. This allows global values (such
as the stack pointer) to remain within the front wave as long
as they are not overwritten.

After an instruction is appended to the DFG, al sub-
graphs are enumerated which:

Include the instruction just added
Have less than a maximum number of instructions
Do not span basic blocks

The rst requirement is essential and guarantees that we
don’t double-count the same pattern no previously checked
pattern included the node just added, and patterns checked
inthe future will de nitely include nodes not yet added. The
last two requirements are optional but convenient. Setting
a maximum pattern size dramatically decreases the num-
ber of enumerated patterns, and smaller patterns are expo-
nentially faster to generate hash-codes for. Finaly, the ba-
sic block requirement is useful in moderating the effect of
stack references. When alowing patterns to span blocks,
al top patterns involved combinations of stack pushes and
pops. Though these communication patterns are important
and should be represented, we wish to observe other pat-
terns besides stack access. It is important to note that this
restriction is easily removed for more pure results.

On average, the addition of each new instruction produces
between 50 and 250 patterns of eight or fewer instructions.
The sampling rate and a random number generator deter-
mine which of these patterns will be analyzed. For instance,
a sampling rate of 10% would mean an average of 5 to 25
of these patterns would be checked. For each pattern to an-
alyze, NAUTY isused to produce a 64-bit hash-code as dis-
cussed earlier. The pattern is then stored in a hash-table us-
ing this as the key. If the key already exists, the frequency
of that stored pattern isincremented. The nal output of thi s
rst passisatext le describing all discovered patternsan d
their frequencies, termed the pattern library.

For the second pass to determine coverage, the pattern
library becomes an input. As before, CPX executes the pro-
gram, maintains the front wave of the DFG, and generates
a hash-code for each pattern enumerated. The key is then
compared to each pattern in the library, from most frequent
to least frequent, to nd the match. That instruction is then
marked as covered, and we record which pattern was used



Table 1. The fourteen instruction types recognized,
though only the rst ve appearinthe most popular
patterns.

Type | Description

iALU Integer ALU instruction
EA Effective address computation (subset of iALU)
branch | Branch predicate computation (subset of iALU)
load Memory load (without EA computation)
store Memory store (without EA computation)
iMult Integer multiply
iDiv Integer division
fpAdd Floating point addition
fpMult | Floating point multiplication
fpDiv Floating point division
fpSart Floating point square root
fpComp | Floating point comparison
fpConv | Floating point / integer conversion
jump Control jump

to cover. Aswe sampled on the rst pass, it is possible that
a pattern does not match anywhere in the library. This turns
out to be statistically infrequent and does not affect results
presented.

It is important to note that more than one pattern can
cover an instruction. This is a key difference between our
work and most previous work in idiom discovery [2, 4, 15].
As our objective is to observe communication patterns, not
divide up the operations into macro-instructions, this choice
is reasonable. It aso proves to be convenient as determin-
ing the optimal con guration of patternsfor coverageisas o
NP-complete [6] and would require complex heuristics.

4. Pattern Experimentsand Results

Using CPX, we anayze the Spec2000int and Media-
Bench suites for data ow communication patterns. We clas-
sify instructionsinto the 14 different categories shownin Ta:
ble 1, though only afew of these types show up in the most
popular patterns. It isimportant to note that effective address
and branch predicate computations are merely addition op-
erations and thus are often calculated on the integer ALU.
As over 70% of dynamic instructions are executed there in
our experiments, we separate these from other integer ALU
instructions to gain a more speci ¢ view of these computa-
tions.

A detailed list of the benchmarks used is shown in Table
2. Any benchmark omitted from these suites did not compile
cleanly under gcc 2.95.3 with O2 optimizations. Spec2000
inputs come from the test dataset, and the default Media-
Bench inputs were enlarged to lengthen their execution. We
execute each benchmark for one billion instructions (or until
the end of the program) after skipping the rst 100 million.
The sampling rateis set to 1% and the maximum pattern size

Table 2. Pattern statistics for each of the bench>
marks studied including runtime for each CPX pass
(in hours), the total number of patterns enumerated
(in billions), and the number of unique patterns.

CPU Total Unique

Benchmark Hours | Patterns | Patterns
164.9zip 50 74B 1066

- 175.vpr 41 70B 4617
= 176.gcc 10.2 254B 4333
S 181.mcf 29 46B 3319
S 197.parser 6.2 120B 3089
(% 255.vortex 20.5 528B 3484
256.bzip2 2.9 54B 867
Total 51.8 1145B 6371
adpcm-decode 85 88B 1874
adpcm-encode 15.9 170B 1007
jpeg-decode 7.9 100B 2891
jpeg-encode 6.9 104B 2524

§  epic-decode 31 38B 3497
T  epic-encode 52 92B 770
B g721-decode 41 54B 1678
B8 g72l-encode 5.3 74B 1968
2 mpeg2-decode | 95 84B 2448
mpeg2-encode | 13.1 132B 5298
pegwit-decode | 16.2 284B 1242
pegwit-encode | 21.9 314B 2779
Total 117.6 1534B 7376
Al Total [ 1694 [ 2679B | 8615

is set to eight for al experiments. Though some new pop-
ular patterns do appear with higher maximums, the general
shapes and conclusions we draw are the same.

Table 2 also shows the runtime required for one pass on
our test system, an Intel Xeon 2.4GHz with 512MB mem-
ory running Redhat Linux. Though these runtimes might
not seem remarkably fast, they are on the same order of
speed as a common cycle-accurate out-of-order simulator,
SimpleScalar’'s sim-outorder [3]. In other words, the exe-
cution time is in a range considered acceptable by proces-
sor architects. This is signi cant given we are tackling an
NP-compl ete problem on a very large dataset (unlike cycle-
accurate simulation). The size of the problem is evidenced
by the large number of enumerated subgraphs per bench-
mark in Table 2 an average of 141 hillion per benchmark.

4.1. Pattern Coverage

Figure 4 shows how the most popular patterns cover the
dynamic instructions from all of the analyzed benchmarks.
The results are shown as a cumulative distribution function
(CDF) versusthe 100 most popular patterns (ordered most to
least popular). The graph shows that 90.4% of Spec2000int
and 77.7% of MediaBench dynamic instructions are covered
by the top 10 most popular patterns. Unfortunately, as over-
lap between patternsis allowed, this does not imply that this
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Figure 4. Cumulative distribution functions for how
the 100 most popular patterns cover all benchmark
instructions with various sampling rates.

portion of the program can be dliced into 10 communica
tion templates. However, this does show that most popular
patterns shown in the next subsection do describe a vast ma-
jority of al instructions encountered.

Figure 4 also shows the effect of sampling on coverage
accuracy. Aswould be expected, the more aggressively sam-
pling is used, the more results deviate from the accurate
curve. Our sampling algorithm assumes that patterns ran-
domly overlap with each other, but patterns which resem-
ble each other will be highly correlated and affect the actual
coverage distribution. The rst pass is unaffected by this
phenomenon, however, and the 10 most popular patterns do
not change between no sampling, 10% sampling, and 1%
sampling. The sampling results on the second pass are also
reasonable for our purposes considering that a 1% sampling
rate produces a 100-fold decrease in runtime.

Given the immense number of possible data ow commu-
nication graphs with eight or fewer nodes of fourteen differ-
ent types, the number of patterns never observed is also no-
table. From Table 2, each benchmark produces an average of
only 2690 unique patterns, and across all benchmarks only
8615 unigue patterns were found. Sampling was found not
to be the cause of this phenomenon, but rather the repetitive
nature of code and the compiler’s limited code-to-assembly
mapping algorithm. This small set of used patterns lends
credence to architecture research which focuses on average-
case instead of worst-case performance [8,9, 16].

4.2. Most Popular Patterns

Figs. 5 and 6 show the ten most popular data ow patterns
in Spec2000int and MediaBench applications respectively,
and 7 shows the most popular patterns across al bench-
marks. As sampling was used to speed execution, the num-
ber of occurrences of each pattern is not given; however, the
relative frequencies of these patterns are the rst 10 data-
pointsin Figure 4. Thereis no ordering to the edgesin these
patterns, so inputs and outputs could have occurred in any
program order for the patterns to be considered isomorphic.
Unfortunately, as patterns can overlap, some patterns may
be slight variants of other patterns.

We observe several interesting trendsin this data, though
we recognize that our architectural background likely bi-
ases what we see. Researchers in other elds will likely
draw complimentary conclusions from these results. The
rst such observation isthat the metric of popularity appea rs
useful asthe patterns range in size from two to eight instruc-
tions, demonstrating a balance between size and frequency.
This metric also givesinsight into the dight-variant patterns
mentioned earlier. For instance, in Figure 7 pattern 2 is a
subgraph of pattern 3, but to be more popular must have oc-
curred at least 15% more frequently than pattern 3. Thus
even variant-patterns provide useful information.

Itisalso evident that the ten most popular patterns across
al benchmarks in Figure 7 are not in the ten most popular
patterns for Spec2000int and MediaBench separately. The
only exception is pattern 6, which isidentical to pattern 9in
the MediaBench results. Though many of the graphs have
similar shapes and subgraphs, thereislittle overlap between
the top patterns of these parallel media applications and the
more sequential Spec applications. Table 2 shows, however,
that less than 20% of the patterns seen in these suites are not
present in the other suite.

The predominance of dependence chains is
clear,especialy when looking at the MediaBench pat-
terns. Smith [8] termed these chains instruction strands,
and severa proposals suggest their collapse into atomic
macro-instructions [8, 13]. Though the speci ¢ instances
of our strand patterns may have been subgraphs of a wider
graph, the popularity of the linear shapesindicates generally
linear data ow. For architecture researchers, thisis anot her
reminder of the limited instruction level paralelism (ILP)
present in integer code. Interestingly, our results indicate
these strands are less dominant in Spec2000int, a suite with
generaly low ILP.

Next we observe that the rst and fourth most popu-
lar patterns for all benchmarks include a direct load-to-
store communication. This memory copy operation indi-
cates movement in or between data structures (copying one
primitive to another in C results in a register-copy, not a
memory-copy). Though beyond the scope of this work, we



Figure 6. Ten most popular patterns across MediaBench applications, from most to least popular.

hypothesize that noticeable code-compression could be ob-
tained by adding memory-copy instructionsto the ISA rather
than using aload-store pair.

5. Conclusion

As architectures become more dominated by wire-delay,
the importance of instruction communication versusinstruc-
tion computation only stands to increase. As such, the fast
and accurate characterization of application communication
can provide architects and compiler researchers with impor-
tant data for their work.

Without explicit knowledge of dataow patterns, this
work had previously been based on statistics related to reg-

ister usage. For instance, after showing the infrequency of
instructions with two-live inputs, Kim and Lapasti intro-
duced an architecture with only half of the register portsand
wakeup signals [9]. Clustered processors such as the Al-
pha 21364 dynamically detect instruction communication to
steer instructions to different groups of execution resources
[7]. Noting the dataow trends in static binaries, Smith
proposes a hew accumulator-based |SA which operates on
compiler-identi ed dependence-chains [8]. The dataow
patterns shown earlier quantitatively conrm the intuitio n
behind these and other proposals, while still leaving room
for future research.

Our future work is focused on a study of compiler effects
on data ow patterns. We wish to con rm our hypothesisthat
each compiler is limited and deterministic in its generation






