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Abstract. Program dynamic optimization, for being adaptive to runtime behav-
ior changes, has become increasingly important for both perfarenamd energy
savings. However, most runtime optimizations often suffer from tiok tf a
global picture of a program’s execution, and cannot afford stiphted program
analysis. On the other hand, offline profiling techniques overcome lstlades

but are oblivious to the effects of program inputs.

An approach in the between is to offline find the connections betweengmmogr
inputs and runtime behavior, and then apply the knowledge to runtime optimiza
tions. Although it potentially gets the best of both worlds, it faces a foretdal
challenge: How to discover and model the relations between inputs aticheu
behavior for general programs.

This work tackles the problem from three aspects. It proposes angilemput
Characterization Language (XICL) to resolve the complexity of progrgrats.
With XICL translator, a raw input can be automatically converted to an attribute
vector, which is then refined by a feature selector to remove reduredaacd
noises. Finally, statistical learning builds input-behavior models. Expetine
on IBM XL compilers show accurate prediction of detailed executiorfilps
helping profile-directed compilation outperform both static and offline lmmgfi
based compilations, demonstrating the potential of the technique for continu
program optimizations.

1 Introduction

Program optimizations have evolved from static compitatio dynamic transforma-
tion, reflected by the increasingly growing interest in dJustTime compilers, continu-
ous optimization techniques, and runtime compiling systf8m, 7,13, 14, 21]. During
a program’s execution, dynamic systems transform its cadelata to better match the
runtime behavior.

Most dynamic systems make optimization decisions upomrfeernation collected
through runtime sampling. The low tolerance of overheadewakdifficult if not im-
possible to capitalize on sophisticated program analysts discover important but
costly behaviors (e.g. data access patterns). Moreovest, dyoamic systems are reac-
tive: they make decisions upon the execution just obsemrdinderlying assumption
is that the program will behave the same as how it behaved. dsumption is frag-
ile for program phases and runtime environment changesdatbage collections and
interferences from other programs), and may mislead thenggattions.



On the other hand, profiling-directed compilation optinsize program based on
some profiling runs. Being an offline technique, the comigitatan afford more anal-
ysis overhead. However, it is oblivious to the changes igmm inputs, which often
resulting in inferior optimization decisions since thelnems of a program may differ
substantially from the profiling runs due to the differen€¢heir inputs [1].

A tradeoff in the between is to offline build an input-behaviwdel connecting pro-
gram inputs with its behavior. At the beginning of a real riipredicts the runtime be-
havior by plugging the program input into the input-behawmdel, and then optimizes
the program accordingly. The technique combines the dinsraf the both worlds: By
moving behavior data collection and analysis offline, it isrenaffordable to sophisti-
cated behavior analysis than pure runtime techniques; lelimy input-behavior re-
lations, it handles input-sensitive behavior better thanfiling-directed compilations.

In order to apply input-behavior models to general programeshave to address
two issues: How to deal with the complexity of program inpatsd how to build the
connections between inputs and runtime behaviors. Althdligre has been some work
in utilizing program inputs for specific optimization deoiss, e.g. the selection of al-
gorithms for sequential sorting by Li et al. [16] and for dheslasorting and matrix
multiplication algorithms by Thomas et al. [20], we are naiage of any systematic
explorations in solving these two issues ¢@neralprograms.

In this work, we develop three techniques to build inputdwetr models. The first
is an eXtensible Input Characterization Language (XICl)tfe formal expression of
program inputs. The inputs to general programs can be adesimspan integer or as
complex as an entire program with many options (e.g. inputs ¢compiler). Further-
more, sometimes what matters to runtime behavior are thaehidttributes instead of
literal value of an input. For instance, it is the size or emtrather than the name of a
file that determines the behavior of a file-compression. XiE&zd.mini-language for pro-
grammers to formally describe the format of program inputs express a superset of
the critical input attributes. After a programmer buildsiaput specification for a pro-
gram using XICL, an interpretor can automatically trareskany input of the program
into an input vector with necessary attribute values. XICikes input characterization
tractable for general programs.

The second technique is input feature selection. From g wector generated by
XICL translator, this step finds the elements in the vectat #re critical to the run-
time behavior of interest. One input argument can have mériputes; some may be
remotely relevant to the behavior, and some may stronghetage with others. Feature
selection can save the collection of redundant informaiimproving the generality of
the constructed input-behavior model.

The third step is the construction of input-behavior motielsugh statistical learn-
ing techniques. We explore various regression technigune&mploy cross-validation
to alleviate the overfitting problem. This step also markgradictable behaviors so that
the runtime system can avoid poor predictions to those befsav

We apply the technique to 3 SPEC CINT2000 programs and a datagyprogram.
The input-behavior models predict their detailed profilé$w0-99% accuracy. On a
IBM Power4 machine, the predicted profiles help IBM XLC colapbutperform both



static and pure offline profiling-based compilations. It destrates the potential of the
technique for continuous program optimizations.

In the rest of this paper, we present XICL in Section 3, feasiglection in Section 4,
model construction in Section 5, and evaluation in Sectiolm &ection 7, we discuss
the issues on training inputs and the ways to hide traininggss. Section 8 describes
related work, followed by a short summary.

2 Program Behavior M odel

Program dynamic behaviors fall into two categories depandin whether they are
hardware-related or not. The goal of this work is to develdpdanique for system-
atic detection and prediction of the effectsioputson program behavior. Therefore,
we concentrate on hardware-unrelated behaviors to aveidiiractions from other
factors. But the techniques can be extended to hardwaatedebehaviors as well.

Program code and inputs are the only factors determiningwee-unrelated be-
haviors. A general formula i8 = g(P, I), whereB is a hardware-unrelated behavior,
Pis a program/ is the program’s input, ang represents the mapping function. In the
study of input effects for a given progran®, is constant and is the only changing
factor; thus we foldP into the mapping function and rewrite the formulaas= f(I),
wheref is the mapping function from inputto behaviorB.

Constructing an input-behavior model is to determine fiomct. With such a model,
plugging any input intof will generate the predicted behavior of the program’s execu
tion on that input even without starting the real execut®ne option to build the model
is through symbolic analysis on program code, but it faceglifficulty of pointer anal-
ysis, alias analysis, and uncertainty of runtime behavior.

Our approach is to formalize the task as a statistical legrproblem, and use re-
gression analysis to solve it. By feeding a program withedéht inputs/,, I, ..., Iy,
we observe the corresponding behavior of the program’sutices, represented by
By, Bs, ..., By. The input-behavior pairss I;, B; > (i = 1,2,...,N), compose a
training set. We use linear regression and regression toegarive the approximation
of f from the training set (Section 5.)

The complexity of program inputs is a major obstacle to thgrassion analysis.
Developing a scalable technique to convert raw inputs toearcform with critical
input attributes contained is vital for input-behavior rebidg.

3 Input Formal Expression

This section explains how XICL resolves input complexitg ilustrated by Figure 1,
a typical program command-line in Unix/Linux consists ofifccomponents: com-
mand, options, option arguments, and operands. The la# form the content of a
raw program input. In this work, we assume program inputgyasen at the starting of
the program’s execution. Interactive programs can be addoeby incremental model
building, a topic left for our future study.

Raw program inputs are not suitable for input-behavior ysialfor four reasons.
First, in many cases it is the attributes (e.g. the size ofpatifile) instead of the literal
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Fig. 1. Command-line Components

values (e.g. the name of an input file) of a command-line carapbthat determine
a program’s behavior. But it is not always possible to autically determine what a
raw input represents (e.g. a text file, a socket, or a graphydmat attributes should be
included. Furthermore, some attributes are domain-speaifil require programmers’
knowledge. A typical example is the initial ordering of thgut data for sorting [16,20].

Second, input-behavior analysis requires the separatiqueditative attributes from
quantitative ones. Unlike quantitative attributes (elg.dize), qualitative attributes such
as file types are categorical. Regression analysis treans tlifferently. Directly from
raw inputs, it sometimes is difficult to separate them agat.instance, the optimiza-
tion level of a compiler is a qualitative attribute, evenubh it is an integer number.

The third reason is the relations among input components. diguments in an
input can refer to the same option and one may overshadowitibe Raw inputs do not
contain such information. Furthermore, finding the coroegling components between
two raw inputs can be difficult if not knowing the format of tbemmand line.

The last reason is that raw inputs don’t contain the defalltes of input options.
Although many programs allow a number of options, a commaraeften has only
several of them explicitly indicated, leaving other opsararrying their default values.
Without uncovering those values, most of the training datate regression analysis
would be incomplete, resulting in poor accuracy.

All of these suggest the necessity for a scheme which canndéathe complexity
and convert raw inputs to a cleaner form with important ingtttibutes contained,;
XICL is our solution.

3.1 Extensible Input Characterization Language (XICL)

XICL is a mini-language for programmers to formally desertbe format and the po-
tentially important attributes of a program’s inputs. Irder to enable the automatic
translation of raw inputs to a well-structured format, theggammer of an application
need write an input specification using XICL. The specifmatiescribes all the options
and operands accepted by the program, in a format that a Xi@lskator can use to
determine the role of each component in an arbitrary legalneand-line and conse-
quently convert the command-line to an input vector colmgimecessary attributes.

XICL Constructs For the purpose of clarity, we will use the example contaiimed
Figure 2 to show the use of XICL. The program is to find the sfstntoutes in a given

graph. It allows three options: “-e”, “—echo”, and “-n". Tfiest two options are equiv-
alent to each other, determining whether intermediatdteesill be printed or not. The



last option determines the number of shortest paths to figdré& 2 (b) and (c) contain
the input specification and an attribute-deriving proceduritten by a programmer.

SYNOPSIS: route [options] FILE
DESCRIPTION: A program to find the shortest path in a graph. FILE has node number at the
beginning followed by the graph structure.
OPTIONS:
-e, --echo: print intermediate results. It is off by default.
-n NUM: find NUM shortest paths. Default is 1.

(a) Usage of program route

option{ name = -e:--echo; has_arg = N; type = BIN; attr = VAL; default = 0; }
option{ name = -n; has_arg =Y; type = NUM; attr = VAL; default = 1; }
operand{ position = 1:1; type = FILE; attr = FSTN1:mEDGS; }

(b) Input specification in XICL. VAL and FSTN1 are predefined attributes, representing the value of
an option and the first number in a file, while mMEDGS is defined by a programmer as shown in (c).

Example command-line:

ATTS * mEDGS (char * f) { route -n 3 graphl
n = readNumOfEdges(f); where, graphl contains 100 nodes
storeTo(n, patts->pAtt[0].value); and 1000 edges.
patts->pAtt[0].isQuan = true;
return patts; Input vector produced by XICL translator:
} (0, 3, 100, 1000)
(c) An attribute-deriving procedure (d) An example input and the produced vector

Fig. 2. An example illustrating the use of XICL

The primary constructs of XICL include two structures, isjvely for the descrip-
tion of options and operands in a command-line, as showngurEi3.

The first element of the option construct contains the ptessiames for the option.
An option can have multiple names equivalent to each othieictwis common in the
Linux programs that conform POSIX conventions and have Ghit loptions. For
example, the first entry in Figure 2 (b) shows that “-e” andche&' are equivalent
option names. Options with equivalent names corresponbesame set of elements
in the input vector to be produced. The other elements of @inrponstruct indicate
whether the option allows arguments, the predefined typleobption, the potentially
important attributes of the option, and the default valuthefoption.

The “position” element in an operand structure indicates the specification of
the operand can be applied to all the operands in range [S,;TERD] of the operand
list in the command-line. For instance, the third entry igufe 2 (b) has “position” of
“1:1", showing that the entry is applicable to the first opetaFILE’, in an command
line. If the “position” value is “1:3”, the first three operds in a command-line will
use that entry’s specification. Note, unlike equivalentaphames, different operands,
even if having the same operand construct, correspondferetit sets of elements in
the input vector to be produced.



option{
name = NAME1:NAME2:...; // names of the option
has_arg = N/Y; // has an argument or not
type = TYPE; // type of the option

attr = ATT1:ATT2:...; // potentially important attributes
default = DEFAULT; // default value

}

operand{
position = START:END; // legal positions of the operand
type = TYPE; /I type of the operand
attr = ATT1:ATT2:...; // potentially important attributes

¥

Fig. 3. Primary constructs in XICL

Two of the structure elements, “type” and “attr”, deserverenexplanations. For
easier use, we predefine five types for commonly used optimhsgerands. Each con-
tains a group of predefined attributes that can be used foralue of “attr”. The five
types are BIN for binary values, NUM for numerical values Ror strings, FILE for
files, and OTH for others. Totally they have 25 predefinedhaites [17].

The value of “attr” includes a group of attributes that thegmammer regards as
important ones to an option. Besides the predefined ateshbxtICL allows program-
mers to write their own procedures to produce attributesafooption, providing the
flexibility for addressing special and difficult attribut8%he name of the procedure can
be used in “attr” as part of the attributes of an option or apdr For example, the at-
tribute “mEDGS” used in the third entry in Figure 2 (b) is swhattribute, supported
by a function written by the programmer, “ATTS * mEDGS(ch&"in Figure 2 (c) in
order to determine the number of edges in the input graptfileng the translation of
raw inputs, the translator will invoke the procedures to pate those attributes. In or-
der to do that, the returned value of the procedures shoulddieucture ATTS defined
as shown in Figure 4.

The ATTS structure allows a procedure to return a group oibates, the value
of each stored in a buffer. A boolean flag, “isQuan”, indisatéhether the value is
guantitative or qualitative. Quantitative values are eioas floating-point type in the
buffer.

XICL Trandator and Input Vector The XICL translator converts an arbitrary command-
line into a vector containing the attributes of input comgats. Its input includes a
command-line, the input specification of a program, the XliBtary, and the library
supporting programmer-defined attributes. It parses timentand-line in light of the
input specification and generates an input vector, whosedbis illustrated in Figure 2

(d). Each element in the input vector is an attribute valuge Vector length equals
the total number of all options plus the attributes of therapds that appear in the
command-line. Operands’ attribute values always resitleea¢nd of the input vector.



/I structure of a single attribute
typedef struct ATT_{
bool isQuan; // a quantitative or qualitative value
char * value; // the attribute value
}ATT;

/I structure of a set of attributes
typedef struct ATTS_{
ATT* pAtt; // pointer of an ATT array
int n; // the number of attributes
}ATTS;

Fig. 4. Structures for programmer-defined attributes, used in attributehdgivocedures.

In the realm of software testing, there are some exploratimmextracting program
interfaces [8,9,12]. The key difference from XICL is thagithmain goal is to maximize
the coverage of the program and they don’t incorporate inftuibutes that determine
program performance.

4 Feature Selection

The input vectors generated from the XICL translator tendaiotain some redundan-
cies. Since programmers are often not exactly sure whab#ts are important, they
tend to include anything potentially relevant. Moreoveigvant attributes may have
strong correlation with each other (e.g. the number of wardsthe number of bytes in
a file). These redundancies not only cause the overheadle€tting useless attributes,
but more importantly, result in large regression coeffitdan input-behavior models
and hurt prediction accuracy.

Feature selection is to select the important attributes fppeliminary input vec-
tors. From the perspective of statistical learning, femg@lection increases the relative
coverage of the training data.

SupposeV is the dimensionality of input vectorg,andu; are the lower and upper
bounds of the possible input spaceiith dimension, and along that dimensidl,_ﬁ and
u; are the lower and upper bound of the area that is covered hyaiming data. (For
simplify, here we assume a continuous range in each dimenpsidie upper bound
of the covered area is thus a hypercubic with each side smlgtrﬁmmﬁ tow; (1 =
1,2,...,N). Itis embedded in the N-dimensional possible space defigédandu;.
For an input vector whose corresponding point in the spdtedat of the hypercubic,
it is often difficult to predict the program’s behavior on tirgput.

As the dimensionalityV increases, the required number of training data increases
exponentially in order to make the hypercubic cover a cenpairtion of the possible
space. That is well known as the curse of dimensionality atistical learning [10].
Feature selection reduces the dimensionality of inputoreceind hence increases the
relative portion of the covered area.



We explore two methods for feature selection: principle ponent analysis (PCA),
and selection upon T-test. PCA finds the directions in whighihput data have the
largest variances [10]. It converts the original input gpcan orthogonal space (PCA
space) and ranks the axes of the new space in terms of theat&aoes in their direc-
tions. The directions are callgatinciple componentsAs PCA space is an orthogonal
space, principle components have no correlations with etir. One can discard less-
important components to reduce the effect of noises. Usatg that are projected to
PCA space has been shown beneficial for various regressiilassification tasks.
On the other hand, because every principle component isaimbioation of all input
attributes, PCA does not eliminate the need for collectimgiaput attribute.

The second technique used in our exploration is based ost TH#@. The T-statistic
tests the hypothesis that the regression coefficient oftebute is zero when the other
attributes are in the model. T-test produces a P-valbserved significance levdbr
each attribute. Non-significant P-value of an attributddatés that it does not have
predictive capability in the presence of other attribut¥s.iteratively remove the non-
significant attributes. In every iteration, no more than atteibute can be removed
because an attribute that does not have predictive cayahithe presence of the other
attributes may have predictive capability when some of éhax® removed from the
model.

The T-test method works in the original input space. Theefanlike the PCA
method, it canremovenon-important attributes and thus save the collectionseef r
dundant features. However, since the original input spaagsually not orthogonal,
it suffers from the correlations between input attribut&s.explored both methods and
selected T-test for its comparable effectiveness and thardage in feature reduction.

Through feature selection, the input vectors are convededfined vectorson-
taining only the input information critical to the behavioi interest. Along with the
behavior data collected during offline profiling, they cors@dhe training data to the
input-behavior model builder.

5 Modéd Building

Model building is the final step to determine the mapping fiomcfrom program inputs
to runtime behavior. We use linear regression and regmressies to uncover the linear
and nonlinear relations between them.

Supposef is the function mapping inpuf> to a runtime behavioB for a given
program. Given training data set ITBl > (i = 1,2,...,N), the goal of typical
regression analysis is to find the approximation of functfpmepresented bf, such
that the sum of error squarEfL(Bi — f(T7))?, is minimized.

Linear regression assumes that functjﬁ@) is linear to the inputs. The problem
is to determine the order and the coefficients of the funciimthat they minimize the
sum of error square.

Nonlinear relations cannot be approximated well by linegression. A branch in
the code ofyzip, for example, is not taken at all if the input size is largent®0M; for
smaller inputs, the number of times it is taken increasesalily to the input size. The
cycles in Figure 5 show the observed behavior, that is, tihelen of times that branch



is taken for different size of inputs. We use regression toegeal with the nonlinear
relations.

Regression tree splits input space by applying informati@ory on the training
data. By default, a regression tree uses the mean value af adde as the prediction
for any input that falls into that node. We build a linear mlodesach leaf node using
linear regression to improve the accuracy. Figure 5 showditing result from both
linear regression and regression tree methods fogzigexample.

,s’“ o training samples
35F 4 ‘ - - -linear regression
[ ——regression tree

Access Frequency
=
(&)

2 3 4 5
Input data size x10°

Fig. 5. Regress tree for uncovering nonlinear relationship between inputsedradibr

6 Evaluation

On an IBM Power4 machine, we collect detailed execution le®through the profile-
directed feedback (PDF) functionality in IBM XL compilefBhe profile contains the
number of times the basic blocks in a program are accessetydam execution, which
are the behaviors to be predicted in the experiments. Treomnefor choosing block
frequency is that its effect on program optimization (eundtion inlining, block lay-

out, loop transformation) is so important that IBM XL congwd mainly rely on it for

profile-directed optimization.

6.1 Methodology

Our experiments use an IBM eServer pSeries 690 Turbo maebuipped with 1.7GHz
Power4 processors. It runs AlIX 5.1 with XL compiler versionTable 1 shows the
benchmarks we used for our experiments. All programs ama B®EC CPU integer
benchmarks exceptmlocal which is a K-means clustering program from University
of Maryland [11]. Includingkmlocalis for performance comparison with commercial

compilers since those compilations often have already b&sed toward SPEC CPU
benchmarks.



10

The third column of Table 1 shows the numbers of lines of smwade in each
benchmark. The next three columns show the number of inpatased, the number
of behaviors (block frequencies), and the difference ofavedrs induced by those in-
puts. The 23 to 114 times difference indicates the high seitgiof those programs on
their inputs. The last two columns contain the number of reatudres provided by a
programmer and the features selected by our technique.€é&libetad features include
the size and the type of the input file fgzip, the first two numbers in the input file for
mcf (which correspond to the numbers of timetabled and dead-tngss), the number
of lines in the input file foparser, and the number of points fé&mlocal

Table 1. Benchmark Characteristics

benchmarkdescription [lines [#inputd#behaviortbehaviof#raw [#selected
changesfeaturesfeatures

gzip spec2000 8614 |50 1775 27X 18 2

mcf spec2000 2412 (250 |289 114X |4 2

parser spec2000 1139140 4416 39X 7 1

kmlocal data clustering617 |50 3333 23X 12 1

6.2 Accuracy of Behavior Prediction

IBM XL compilers have the functionality for profiling-diréed feedback (PDF) com-
pilation. The compilation includes three steps. It firstinsents the program and let
users run the executable on one or more training inputs tergemsome profiles. A pro-
file contains the number of times each basic block has beerssed in an execution.
Multiple blocks can point to a single number in the profilehétcompiler determines
that they always have the same number of accesses. The eothgih recompiles the
program using the profile(s). This is a typical offline prafijioptimization technique.

In our experiments, we treat each frequency number in a praila program be-
havior. The goal is to predict the profile of an execution orea imput without even
starting the execution.

Figure 6 shows the prediction accuracy. We use leave-oheiethod to evaluate
the prediction accuracy. Every time the method takes oreitih out of the data set
and uses the other data for model training. Then it meashegsrediction error for the
picked data. The process operates on every data and thgevarthe errors is taken
as the estimation of the prediction error of the construatedel [10]. The formula for
accuracy calculation is shown below, withand f for the real and predicted behavior
values. Usingnaxin the divider is to normalize the accuracy to O to 1.

|/ — ]

accuracy =1 — =
maz(f, f)
Benchmarkgyzipandkmlocalhave less than 1% error for all behavigrsrserhas
4% median error, anthcf has about 10% median error. The relatively larger error of
mcf is due to its two quantitative features, requiring moaining data than others.
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gzip kmlocal mcf parser
Benchmarks

Fig. 6. Boxplot of the prediction accuracy for XL profiles. A box contains theliae 50% results
and the inside horizontal line shows the median value, with two outside hetaldoves for the
range of values.

We obtain the results using a combination of linear regoesand regression trees.
The model builder automatically chooses the better modetdéch behavior using 8-
fold cross validation [10]. The idea is to take one eightiniray data as validation data
to measure the models trained by the remaining data.

T n N
[llinear regression
[Wwith regression trees|

Normalized Error
o o o
P o =» =

o
]

Zi kmlocal mcf arser
gzp Benchmarks P

Fig. 7. Error reduction from regression trees

Regression trees improve prediction accuracy signifigaRttjure 7 shows the pre-
diction errors from pure linear regression methods andltege@combined method. For
legibility, we normalize the errors by those of pure lineagnessions. Excefimlocal
all the other benchmarks show 33% to 68% error reductiorgfi@rokmlocaldoes not
need regression trees since it has only linear relations.

6.3 Effectson Optimizations

As a demonstration to the effects of the prediction errorpragram optimization, we
feed the predicted profiles to XL compiler and compare its RDRpilation results
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with those from static compilation and offline profile-dited compilation, which uses
the average profile of training runs. Figure 8 shows the coisma onkmlocal We
use the result from the default level-2 optimization as theefine. The level-2 PDF
compilation using the predicted profiles produces an eatdeithat is 10% faster. It is
remarkable that the compilation, although using just “-©@timization level, beats the
highest level compilation “-O5” by 5% and the offline comfiiten by 3.8%. (We didn’t
use PDF on level 5 because on that level the XL compiler failgegtoducing profiles
for some programs for unclear reasons.) For the three SPa€hiyarks, we didn't see
significant benefits from both PDF compilations. A possildason reason is that the
commercial compiler has been highly tuned to those bendtsnar

It is worth to note a desirable feature of the prediction nhodaring offline train-
ing, the model builder can mark the behaviors that are natigtable and avoid pre-
dicting them during runtime, which enables the avoidanceegfative effects of poor
predictions on optimizations.

1.12

1.10
1.08
1.06
s
31.04
H
2 1.02
)
1.00
0.98
0.96
0.94
-02 -05

PDF -02 PPDF -02
Optimizations

Fig. 8. Speedup okmlocalwith different optimizations: “-O2” for the level-2 optimization, “-
O5” for the highest level optimization, “PDF-O2” for the “-O2” compilatidirected by average
profiles, “pPDF-O2" for the “-O2” compilation directed by predicted fies.

We want to emphasize that the purpose of the experiment ienwodstrate the
potential benefits input-behavior models can bring to moygoptimization. The exper-
iment requires one binary version per input, which is obsipimpractical. Although
one may classify inputs and generate one version per classya proper use of the
technique is in continuous (or runtime) program optimizatiwhere, code optimiza-
tions occur during a program'’s execution and the input-benhanodels can therefor
provide useful guidance.

7 Training Inputs

This section discusses the effect of training inputs, thg twaobtain training inputs,
and how to hide the training process.
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Training data determines the coverage of a model. The ingadesof a program can
have many dimensions. However, typical uses of the progtéem dorm just a small
subspace. For example, despite thep 1.3.5has 16 options, users often use few if any
of them when compressing a file. This property along withufeatelection techniques
makes input-behavior modeling tractable. Focusing onclpises of a program, the
technique can avoid poor prediction by simply not predgfior inputs falling outside
the covered area.

The distribution of training input in the covered area is artant for model build-
ing. We conduct a comparison experimentgaip by using two training sets with the
size of 20 files distributed from 0 to 500MB respectively inrafarm and exponential
distribution. All predictions using linear inputs have aracy greater than 97.5%, while
one thirds of the predictions using exponential inputs leaxers larger than 10%. When
collecting training data, it is therefore important to médaéning inputs well distributed
in the covered area.

In our experiments, we use a semi-automatic way to genewiterty inputs. For
each program, we create an input-generator based on thestantting of the program.
For instance, fogzip, we pack a humber of different types of files into a tar file and
then use an input generator to randomly pick some parts dil¢éhi® compose training
files of different sizes.

Collecting training inputs can be tedious. Much researéhvisstigating automatic
input generation in software engineering area [8, 9, 12fh&ligh most of the gener-
ators are designed for correctness testing, they are jmitgntsable for optimization
purposes. Another possible solution is to implicitly cotleputs from users’ real uses
of an application. That is particularly useful for contirusooptimizations where a pro-
gram has the opportunity to be continuously optimized afserelease. Training takes
time. One way to hide the training process from users is todetputer systems start
the training process when the machine is idle.

8 Reated Work

Prior research in program optimizations falls into fouregatries in light of the treat-
ment to program inputs. Static compilation either limigglf to the properties holding
for any input, or uses ad-hoc estimations for dynamic betmakor example, a loop is
considered ten times more frequently accessed than otsleSffline profiling-based
methods assume that the profiling runs are the represesgatithe real runs and sim-
ply make optimization decisions upon those several rund\&ither of them captures
dynamic behavior for programs that are input-sensitiven-me methods make de-
cisions by monitoring program behavior and trying diffdreptimizations [3, 4,7, 13,
14, 21]. Although they observe the actual behavior on antidirectly, those meth-
ods suffer from run-time overhead and hence cannot affgstlistcated analyses. The
last class of methods build models by applying machine legrtechniques to offline
training runs and conduct run-time prediction by plugginghe input characteristics
of areal run [16, 20]. Compared to runtime techniques, theyemmost analysis to of-
fline without sacrificing much confidence in the actual progtsehavior. However, the
previous explorations are limited to several scientific pating kernels, including ma-
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trix multiplication and sorting. This work is an exploratito general programs. Ding
et al. [6, 23] studied locality prediction across inputs taithout dealing with input
complexity and feature selection. Shen et al. [19] stud@dss-input phase sequence
prediction based on locality phase analysis [18], but didesolve the complexity of
inputs either. Berube and Amaral explore the use of Machiearhing techniques in
benchmark design for profile-directed optimization [1]t bidn't explore the input-
behavior models in program optimizations.

For input characterization, some relevant work exists értalm of software test-
ing, the explorations in test data generation [8,9, 12,2kt of those techniques focus
on the interface to program modules such as proceduresssedarather than the input
to the whole program. Behavior interface specification leges, like Java Modeling
Language (JML), enable the specification of the constraint®ntract between a class
and its clients [15]. These constraints can be regarded aslakinput attributes, but
they are for correctness and don’t capture the factorstaffpprogram performance

To our knowledge, this work is the first systematic study tkimg the complex-
ity of raw inputs and providing a framework to consider gehénput attributes for
performance optimizations.

9 Conclusions

This work develops a set of technique to uncover the relatimiween inputs and dy-
namic behavior for general programs. It proposes XICL todtethe complexity of
program inputs and incorporate the critical input attd@suinto a formal format. It uses
PCA and T-test to remove the redundancies and correlatitside the original input
attribute set. It builds the statistical model through éineegression and regression tree
methods. The experiments demonstrate the high predicticuracy of detailed execu-
tion profiles for programs with complex control flows. Thehpitjue bridges program
inputs and dynamic behavior, opening the opportunitiesifimg input-behavior mod-
els in continuous program optimizations.
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