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ABSTRACT
In this paper, we propose a methodology to address an im-
portant aspect of software porting that receives little at-
tention, namely planning support. When a scientific appli-
cation consisting of many subroutines is to be ported, the
selection of key subroutines greatly impacts the productiv-
ity and overall porting strategy because these subroutines
may represent a significant aspect of the code in terms of
functionality or performance. They may as well serve as
indicators of the difficulty and amount of effort involved in
porting a code to a new platform.

The proposed methodology is based on the idea that sim-
ilar subroutines can be ported with similar strategies and
result in a similar-quality porting. By viewing subroutines
as DNA-like sequences, we are able to use various bioinfor-
matics techniques to conduct the similarity analysis of sub-
routines. To the best of our knowledge, we are one of the
first exploring this bioinspired view of program to the plan-
ning problem. In the paper we describe the methodology
and present a tool called Klonos to facilitate the execution
of the methodology. As a proof of concept, we use Klonos
to conduct experiments on the OpenMP porting of several
scientific benchmarks. We also identify the advantages and
limitations of the bioinspired view of a program code.

Categories and Subject Descriptors
H.4 [Information Systems Applications]: Miscellaneous;
D.2.8 [Software Engineering]: Metrics—complexity mea-
sures, performance measures

General Terms
Theory

Keywords
Syntactic similarity, Software porting, Sequence alignment

1. INTRODUCTION

Many scientific applications tend to be long lived and large
code bases developed by a team of people, and often outlive
the involvement of any single developer. Simulation plat-
forms emerge at a frequency much higher than the lifetime
of such application code bases, requiring at times fairly in-
trusive changes to fully benefit from the capabilities such
platforms provide. These changes are often made manu-
ally due to the lack of tool support. Automated tools take
years to become mature. Thus, the porting of scientific ap-
plications is both time consuming and labor intensive and
erroneous.

In this paper, we present a methodology to address an im-
portant aspect of software porting that receives little atten-
tion, called tool-based planning support [11, 20, 21]. Given
a scientific application with many subroutines, the planning
problem is defined as finding a good order on which subrou-
tine to port first and which next so that the porting process
is productive and maximizes the knowledge gained from pre-
vious subroutine porting experiences. Even a “tiger team”
needs to start somewhere.

The methodology is based on a hypothesis that we can port
and tune similar subroutines in an application with similar
strategies and get a similar-quality porting. If the hypoth-
esis is correct, then we can divide subroutines into groups
and only concentrate on doing the best porting of a few
subroutines from each group. By narrowing down the focus,
we believe that we provide a good planning support for the
porting of scientific applications.

One novelty of the methodology is that it is “similarity”
based. We will show in the paper that the hypothesis is gen-
erally true, although the notion of similarity is required to
be stricter than pure syntactic language constructs in many
cases. We will also show that subroutines in scientific appli-
cations tend to be similar to each other syntactically. In fact,
we found out that when we view each subroutine as a DNA-
like sequence, we are able to construct a “family distance
tree” among the groups of subroutines. The tree provides
valuable structural information and allows us to determine
the porting order at the group level based on similarity. To
the best of our knowledge, we are one of the first to explore
this bioinspired view of the source code. This is the second
novelty of the work presented in this paper.

The similarity-based methodology is quite powerful. In the
paper, we demonstrate how we used it as a“debugger” for al-



ready ported codes. Methodologically, we expect to see high
similarity in ported subroutines of the same group based on
the hypothesis. If we detect dissimilarity, then it indicates
that certain optimizations were not applied, and we will then
be able to check if it is simply due to an error or some
other factors. Other potential applications of the proposed
methodology include allowing typical programmers to ben-
efit from prior successful porting experiences of the heroic
programmers. The shape of the tree can also serve as an
indicator of how difficult the porting process might be.

In summary, the main contribution of the paper is a bioin-
spired similarity-based methodology for the planning sup-
port of the porting of scientific applications. The innova-
tive aspects of the methodology are (1) the verification of
a similarity-based hypothesis that can lead to productive
porting and (2) the casting of source code into DNA-like
sequences for powerful similarity comparison. We also iden-
tify the advantages and limitations of this bioinspired view
of program. To evaluate the feasibility of the methodology,
we implemented a software tool and used it for the entire
National Aeronautics and Space(NSA) parallel benchmark
suite (i.e., version 3.3 with ten computational fluid dynamics
(CFD) mini-applications).

The rest of the paper is organized as follows: In Section 2
we provide further motivation of the proposed methodology.
We then describe the methodology in details and present
our implementation of a tool to facilitate the methodology
in Section 3. The evaluation of the methodology by the
means of the tool is presented in Section 4. Finally, we list
related work in Section 5 and briefly discuss our conclusions
and future work in Section 6.

2. BT: A MOTIVATING EXAMPLE
In this section we will use a CFD benchmark BT to pro-
vide further details on the ideas motivating our methodol-
ogy. In particular, we will discuss what we gain by viewing
the benchmark as a set of DNA-like sequences. We will also
use the benchmark to test our similarity hypothesis.

2.1 Why Bioinspired View?
BT is a simulated CFD application, meaning that it repro-
duces much of the data movement and computation found in
the full-scale code. BT solves a system of three-dimensional
compressible Navier-Stokes equations by factorizing the sys-
tem into block tridiagonal matrices, followed by solving the
block tridiagonal system along x , y and z dimension suc-
cessively. Figure 1 shows the overall structure of the bench-
mark. A major portion of the execution time is spent in the
three subroutines x_solve, y_solve and z_solve.

The three subroutines are the target when the optimized
serial version of BT was ported to the multi-core platform
using OpenMP [12]. By examining the source code for these
subroutines, we found that they are similar to each other
structurally. This may or may not be detected by a given
similarity detection tool depending on the tool’s capability.
For example, Unix diff cannot detect such similarity. Other
text based comparison tools may not capture correctly the
structure of the code or differentiate the data accesses of
the code (which plays an important role for performance).
In contrast, if we translate the code for each subroutine to a

program BT

. . .

do step = 1, niter

call compute_rhs

call x_solve

call y_solve

call z_solve

call add

enddo

. . .

end

Figure 1: The overall structure of BT.

Figure 2: The results of a similarity analysis for BT
when the subroutines are viewed as a set of DNA-
like sequences. The figure shows a local view of the
sequences.

DNA-like sequence, then we can see a high degree of similar-
ity among these subroutines (details follow), because each
character in the sequences encodes important code struc-
tures and data accesses.

Specifically, we represent the three subroutines by a sequence
of characters encoding the operators and operands of the
source code. This is done by mapping each node in the ab-
stract syntax tree (AST) representation of the code into a
character based on a character map that represents the type
of the node. Each of the characters in the sequence rep-
resent operators and data operands that a typical compiler
will translate to machine instructions.

For example, we encode a loop as a ‘L’ and a subroutine
call as ‘C’. (The details of the encoding process will be de-
scribed in Section 3.) Then we can use any similarity anal-
ysis method for DNA sequences to evaluate the similarity
among the subroutines, and the similarity we measure is a
type of syntactic (or representational) similarity. To calcu-
late syntactic similarity, we align the sequences to identify
functionally or structurally similar regions of code. Sequence
alignment gives us a set of transformations (such as charac-
ter substitution, deletions, insertions, and gaps) which can
be scored and used as a metric for code similarity.

Figure 2 shows a graphical view of the similarity analysis
result for the three original subroutines after we apply mul-
tiple sequence alignment. The result was collected by using
a tool called Jalview. Jalview [3] uses the ClustalW mul-
tiple alignment algorithm [8] to optimally align the three
sequences with respect to a substitution matrix. For sim-
plicity, in our substitution matrix matches have a score of
1 and mismatches a score of -1. The shaded area in the
figure indicates where the sequences are identical after the
alignment. Therefore, the larger the shaded area, the more
similar the sequences are. As we can see, the three subrou-
tines are very similar to each other.

However, the result shown in Figure 2 is qualitative, not



Figure 3: A “family distance tree” of all subroutines
in BT based on syntactic similarity.

quantitative. Thus, we used another tool called needle from
the European Molecular Biology Open Software Suite (EM-
BOSS) to calculate a similarity score for a pair of sequences,
which uses the Needleman-Wunsch [16] pair-wise global align-
ment algorithm. The score is based on the percent of iden-
tity (described later), which is correlated to the percentage
of the shaded area in the overall area. A larger score indi-
cates more resemblance. The similarity scores for the three
subroutines, when comparing to each other, are all around
87%. In other words, these subroutines are similar to each
other. Note that the figure only shows the first 32 characters
of the sequences. The length of the sequences are around
3,200 characters before the alignment and 3,250 after the
alignment.

We have intentionally used two tools, Jalview and EMBOSS,
to evaluate the similarity of subroutines. We wanted to
demonstrate that there is a variety of tools available for sim-
ilarity analysis of DNA sequences, and we should leverage
them. Another motivation for viewing the source code of a
scientific application as a set of DNA-like sequences is that
a nice “family distance tree” can be constructed. The tree
is constructed based on the alignment scores, and provides
valuable structural information that other types of similarity
analysis would not be able to provide.

For example, Figure 3 shows the family distance tree for
all the subroutines in BT, created by the third tool called
Geneious [2]. The tree not only provides the similarity in-
formation between two subroutines but also an order be-
tween groups of subroutines. Since the group of y_solve and
z_solve is more similar to x_solve than to add, it may be
more productive if we port x_solve before porting add once
both y_solve and z_solve are ported, making the porting
plan familiarity oriented. Subroutine y_solve and z_solve

are more similar to each other because their code structures
and data access patterns are similar, and our sequence en-
coding scheme can capture both.

In addition, the family distance tree constructed is balanced
rather than skewed. A balanced distance tree is desirable

Figure 4: The results of a similarity analysis for
the OpenMP version of BT as a sequence alignment
problem.

because it helps minimize the number of subroutines we will
need to learn how to best port. Specifically, if we divide sub-
routines into groups based on similarity, then we will only
need to focus on finding the best porting for one represen-
tative subroutine from each group. The rest of subroutines
are relatively easy to port according to our hypothesis. A
balanced tree will minimize the number of groups. Given
that the number of groups is an indicator of how complex
the porting process will be, a plan with a small number of
groups is desirable.

For example, there are 19 leaves in the tree for BT. The
perfectly balanced tree has the height of 5 whereas the most
skewed tree has the height of 18. The height of the tree for
BT is 7. Therefore the tree is more balanced than skewed. In
comparison with compute_rhs, subroutines x_solve, y_solve,
z_solve and add are much more similar to each other, and
can be put in the same group while compute_rhs is in an-
other group. That other group may also include error_norm,
rhs_norm and initialize due to the balanced feature of the
tree. In other words, we can do a quality porting for 8 sub-
routines by only concentrating on two subroutines. This is
certainly a productive porting plan.

We have demonstrated a few benefits we have gained with
the bioinspired view of program, namely, the abundance of
tool support and the additional structural information. We
believe that there are more benefits the bioinspired view can
provide, such as evolutionary trees.

2.2 Putting the Hypothesis to Test
Now we put the hypothesis to the test for the case of BT.
Again, the hypothesis states that we can port and tune
similar subroutines in an application with similar strategies
and get a good-quality porting. First, we need to find a
good-quality port of BT. Since BT is part of NAS Parallel
Benchmarks, and these benchmarks have been ported to the
OpenMP version [12] with the goal of comparing the perfor-
mance of parallel computers, we assume that the OpenMP
version of BT is a good-quality port.

Figures 4, 5 and 6 show the results of various tests. As
we can see from Figure 4, subroutines x_solve, y_solve

and z_solve are similar to each other in the ported version.
The similarity scores for the ported subroutines are also all
around 87%. Since they are similar in the original serial
version, the hypothesis is true for these three subroutines.

Figures 5 shows the correlation between the original and
ported versions for all pairs of subroutines in BT with re-
spect to similarity. For the hypothesis to be true, we need to
see the linear correlation exhibited (as indicated by the di-
agonal line). The figure clearly shows the linear correlation.
We can conduct statistical tests if we want the analysis to
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Figure 5: The results of a similarity analysis for the
OpenMP version of BT through correlation analysis.

Figure 6: The results of a similarity analysis for the
OpenMP version of BT as an evolution tree con-
struction problem.

be more rigorous. We omit them due to space constraints.

We can also test whether the two family distance trees are
identical or not. Figure 6 shows a different test based on the
tree view. We construct a family distance tree for the union
of two versions of code. From the figure we see that not
only the ported version of x_solve, y_solve and z_solve

are similar to each other but the original and ported versions
of each subroutine are similar as well. In other words, this
particular view provides additional insight that other views
such as Figures 4 and 5 cannot provide. The high similarity
between the original and ported versions of a code indicates
that the code is not dramatically changed. This explains
why the hypothesis is correct for those three solvers.

Finally, we note a difference between syntactic similarity and
performance similarity. It has been observed that z_solve

spends more execution time than x_solve and y_solve be-
cause the data is accessed non-contiguously, thereby pro-
ducing more cache misses [12]. As a result, we expect to see
less similarity between z_solve and the other two solvers in

Figure 7: The proposed methodology.

the ported version because different data locality optimiza-
tions will need to be employed. Instead, z_solve is actually
more similar to y_solve than between x_solve and y_solve.
This is because our similarity metric groups them together
due to their non-contiguous memory access pattern whereas
x_solve has the noncontiguous memory access pattern.

3. THE METHODOLOGY
In this section, we formally introduce the similarity-based
methodology and present a propotype implementation of a
tool, called Klonos, to carry out the methodology.

3.1 The Process in Details
We formulate the problem of planning in a software port-
ing process as follows. A scientific application, consisting of
many subroutines, is selected to be ported and optimized to
a new architecture. The personnel responsible for carrying
out this porting will need to make a plan on which subrou-
tine in the application to port first and which subroutine
is next. In other words, it is an optimization problem that
attempts to create an order for all subroutines in a scientific
application to facilitate productive porting.

The proposed methodology addresses the planning problem.
It is based on a hypothesis that similar subroutines can be
ported and optimized with similar strategies and result in
a similar-quality porting. At a high level, the methodol-
ogy aims to create a tree with subroutines as leaves based
on similarity. As we have motivated in Section 2, the tree
provides the additional, structural information that enables
us to suggest a good porting order. To keep it general, the
methodology is not tied with any specific way to generate
that order. In some cases, the exposure of the tree by itself
already provides valuable information for the end user.

Figure 7 shows the four phases of the methodology: parsing,
similarity analysis, code analyses and planning. The first
step is parsing. We basically extract individual subroutines
from the application and transforms them into a represen-
tation suitable for similarity analysis and other analyses. In
the similarity analysis phase, the subroutines are analyzed
based on similarity, and a similarity tree is created at the
end of the phase. Other analyses may be required to anno-



Operator Character Map
STORE E
MULTIPLY M
IF I
ADD A
CALL C
DO LOOP L
ARRAY ACCESS Y
SUBSTRACTION S
DIVISION D
FUNCTION ENTRY F
WHILE DO O
DO WHILE W
SWITCH H
MINUS R
PARALLEL REGION P
PARALLEL DO Q
CONSTANTS 0—8 B,G,J,K,N,T,U,V,X
>=9 Z

Table 1: The character map in Klonos.

tate the tree for further refinements. Finally, we make (or
suggest) a porting plan, and that concludes the process of
the proposed methodology.

3.2 Klonos: A Tool
In this section we present our prototype implementation of
the tool Klonos which facilitates the execution of the pro-
posed methodology. We try to leverage external tools as
much as possible for a fast prototyping.

3.2.1 Parsing
The phase of parsing requires to identify and transform indi-
vidual subroutines into representations suitable for similar-
ity and other analyses. We select Open64, an open source re-
search compiler suite for C, C++ and Fortran 95 programs,
to implement this phase. We use the front end of Open64
to help encode a subroutine into a text-based string. Specif-
ically, the front end parses the source code of the subrou-
tine into an abstract syntax tree (AST), and also provides a
mechanism to traverse tree in post-order. We use the mech-
anism to traverse the AST for each subroutine. During the
traversal, each node visited is mapped to a unique charac-
ter, denoting the type of node such as branch, data access,
or mathematical calculation, based on a character map as
listed in Table 1. During the denoting process, we quickly
found that we were running out of the alphabetical letters.
In order to keep the sequence short and make each letter
inclusively stands for corresponding node, we denote any
numbers greater than 9 as ’Z’ in the node map. Figure 8
illustrates the parsing phase.

3.2.2 Similarity Analysis
Once the parsing is done, each subroutine has an associated
character string. Viewing the string as a DNA-like sequence,
we can leverage tools in bioinformatics for similarity analy-
sis. In particular, we use Jalview to generate the visual rep-
resentation of the (global) alignment, Geneious[2] to create

the family distance tree, and EMBOSS[1] to calculate pair-
wise global alignments and calculate the similarity score.
Note that Jalview is also able to construct distant trees, but
the visual representation of the tree is not as scalable as that
from Geneious. Also note that the tree used in our analy-
sis was based on UPGMA (Unweighted Pair Group Method
with Arithmetic Mean), which is used to calculate genetic
distance from multiple sequence alignments and is a sim-
ple agglomerative or hierarchical clustering method used in
bioinformatics for the creation of phonograms. This method
does not use an evolutionary model and it is safe to apply
to our program sequences.

The similarity score that is calculated for the pair-wise align-
ment of two program sequences is based on optimal sequence
alignment, and the scoring system is parametric. The sub-
stitution matrix used for the alignment uses the score of 1
for a character match, -1 for a mismatch on all characters
of used to encode the program AST. For the alignments we
used a score of -6 and -.5 for the gaps and subsequent gap
penalties. Once sequences are aligned, we calculate a pair-
wise percentage of identity based on the percentage of non-
gap positions in the aligned sequences divided by the total
length of the aligned sequence. This percentage defines our
similarity score. Note that the score is normalized.

We could have compared two ASTs involved directly, but
we decide not to because of the complexities. This is be-
cause graph comparison is generally a difficult problem to
solve and NP-complete. In other words, we also avoid the
approaches based on program dependence graphs. By cast-
ing each AST into a DNA-like sequence, we take advantage
of years of research on dynamic programming which have
proved to be fast and scalable. In our experiments, we were
able to deal with sequences of an average length of 256 char-
acters, and 5,000 characters maximum.

3.2.3 Other Analyses
Other analyses for the source code may be required to an-
notate the tree for further refinements. For example, the
BT tree shown in Figure 3 does not indicate that subrou-
tine x_solve is in the main loop. As a result, it may appear
that another subroutine, say verify, is equally important in
the planning process. It may be useful to designate x_solve

as performance critical to distinguish between the two sub-
routines so that each gets a different weight in the planning
phase. To do so, an analysis of which subroutine is perfor-
mance critical is required. Another possible type of annota-
tion is the number of lines in the code (LOC). LOC is often
used as an indicator of how complicated a subroutine is.

In some cases, syntactic similarity is not sufficient to hold the
hypothesis true. The notion of similarity needs to be stricter
in some cases, and this requires other types of analysis. In
general, syntactic similarity is a good first comparison, but
it is imperfect, as it does not consider how hardware real-
ities (memory accesses, for example) affect execution, and
therefore optimizations. Therefore, it is possible other types
of analysis are needed, such as prediction or cost model for
a given hardware. Different cost models may imply differ-
ent optimization strategies, such as doing a data gathering
or re-arrangement before computing. In other cases, similar
parallelization strategies need to be proved safe or appropri-



subroutine MAT_MUL ( l , m, n )
     real ( kind = 8 ) a(l, n)
     real ( kind = 8 ) b(l, m)
     real ( kind = 8 ) c(m, n)
     . . . 
!$omp parallel 
!$omp shared ( a, b, c, l, m, n ) 
!$omp private ( i, j, k )
!$omp do
    do j = 1, n
        do i = 1, l
            a(i,j) = 0.0D+00
            do k = 1, m
                 a(i,j) = a(i,j) + b(i,k) * c(k,j)
             end do
         end do
    end do
!$omp end do
!$omp end parallel
     . . .
end 
     . . .
    (a) OpenMP code snippet for the matrix-multiplication

mat_mul_B_L0:  FMMMMMMMMALALCAAYEALALCAAYECREREALALAAYEALAAYAAYAAYMAAAYECMMMSDD

FUNC_ENREY

BLOCK BLOCK BLOCK

DO_LOOP

IDNAME STID LE STID

INTCONST LDID INCONST ADD

LDID INTCONST

BODY

BLOCK

DO_LOOP

VCALL

IDNAME BODY. . .

. . . . . .

mat_mul_B_L0: syntactic similarity

(b) IR Tree traversal 

(c)Syntactic pattern sequences 

Figure 8: The illustration of parsing: An OpenMP code snippet shown in (a) is parsed into an AST shown
in (b). The AST is then traversed to generate a string shown in (c).

ate if the plan is to run multiple subroutines in parallel.

3.2.4 Planning
The planning phase aims to gather all the results from sim-
ilarity analysis and other analyses and suggest a porting
plan. There are two types of implementation we consider
for this phase. The first type of implementation is to run
some scheduling heuristics in the phase. The second type
of implementation is to leave the scheduling job to the user
but provide information to him for making good decisions.

In fact, we can do more than just provide a porting plan.
For example, we map the similarity analysis result to the
source code to construct a display that highlights similar-
ities between the codes based on the line and file number
information. This feedback will help the user understand
how the codes differ so that he can transform them manu-
ally to exhibit a higher level of similarity in order to take
advantage of the proposed methodology. The distance tree
may also be used as a way to estimate the potential speedup
after the porting, by having some leaves assigned with the
observed speedup and other nodes estimated based on sim-
ilarity.

4. EXPERIMENTS
In this section we present the experiment setup and results
for NAS Parallel Benchmarks (NPB’s) 3.3. We pay particu-
lar attention to the verification of the hypothesis and to the
shape of the family distance tree for each benchmark. We
start with the experiment setup.

4.1 Experiment Setup
NPB’s consist of ten CFD benchmarks implemented and
optimized serially and with OpenMP. Table 2 shows some
properties of these benchmarks. In our experiments we omit
EP since it has no subroutines. We also omit two bench-
marks written in C, DC and IS, because Klonos is currently
only verified for Fortran programs. C programs require the
sequence encoding be extended to include pointers. BT is
omitted because we have presented its experimental results
in Section 2. Thus, we will only collect results for CG, FT,
LU, MG, SP and UA.

Table 2: Some Properties of NPB’s 3.3.
Benchmark Programming Number of Lines of
Name Language Subroutines Code

BT Fortran 19 5059
CG Fortran 7 1034
DC C 2719
EP Fortran 1 272
FT Fortran 12 790
IS C 804
LU Fortran 18 5119
MG Fortran 15 1376
SP Fortran 20 3144
UA Fortran 67 6751

We use Klonos to collect the results. We use it to create
the family distance tree and pair-wise similarity scores for
each of the six benchmarks. Like what we did for BT in
Section 2, We assume that the OpenMP version of NPB’s
3.3 is a good-quality port. Thus, we run Klonos for both
serial and OpenMP versions to collect trees and scores.

4.2 The Verification of the Hypothesis
We first check the similarity hypothesis. The hypothesis
states that the similar subroutines in the serial version should
be similar to each other in the OpenMP version. We will
show that this is generally true for the tested benchmarks.

Figure 9 shows six scatter plots, one for each NPB. A dot in
the plot represents a pair of similarity scores for the serial
and OpenMP versions with respect to a pair of subroutines.
The diagonal line projects our hypothesis. (In fact, the line
shows a much stronger hypothesis.) If all the dots are lo-
cated near the line, then the hypothesis is generally true.
As we can see from all the plots, this is indeed the case.

Figure 9 also provides other insights. First, we observe that
there exists more similarity between subroutines when the
application consists of more subroutines. UA and SP are two
largest applications among all NPB’s. Both of their plots
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(d) MG (e) SP (f) UA

Figure 9: The Visual Check of the Hypothesis.

show more dots on the right hand side of the plots, meaning
that there are more subroutines similar to each other with
a high degree. This is promising as our methodology desires
an application with such a feature.

Second, the plot for UA has outliers. One type of outlier
shows a case where two subroutines are highly similar in the
serial version but less similar in the ported version. Looking
into these two subroutines, we found out that one subroutine
is parallelized with the OpenMP directive whereas the other
is not, therefore leading to a lower similarity in the ported
version of the code. Conceptually, this action causes the
dots to go “up” in the scatter plot. This case shows that
our similarity-based methodology enables us to do a cross
check after the porting is done, i.e., to see if there exists
any possible code transformation that the user neglects or
intentionally chooses to ignore. because of this creates poor
data locality.

Another type of outlier shows a case where two subroutines
are reasonably similar in the serial version but less similar in
the ported version. We attribute this to the imperfectness
of the syntactic similarity metric we use. Specifically, two
syntactically similar subroutines may not be suitable for the
same set of optimization strategy in some cases. Conceptu-
ally, a better similarity metric will move these dots “left” in
the scatter plot. We are currently investigating what con-
stitutes a better similarity model. Note that our hypothesis
still holds as it only concerns highly similar subroutines.

4.3 The Family Distance Tree for Each NPB
Now we turn to the shape of the family distance trees for all
six NPB’s. Figure 10 shows these trees. As we have argued
in the BT case, the balanced tree is desirable. Table 3 shows
that the six trees are more balanced than skewed, using the
tree height as a measure of tree balance.

We want to point out that this feature is not an artifact of
the tool we use. Although Geneious generates the tree with
a better layout, the construction is still based on similarity.
We also believe that it is not coincidental for the following
reason. The subroutines in a scientific application often pro-

Table 3: The Tree is More Balanced than Skewed.
Benchmark Height Tree
Name Range Height

BT [5,18] 7
CG [3,6] 4
FT [4,11] 6
LU [5,17] 7
MG [4,14] 7
SP [5,19] 8
UA [7,66] 26

vide different functionalities for the same data domain. In
CFD codes, the data domain is the fluid substances while in
cosmological simulation the data domain is the discretized
universe. We can observe that domain information is also
encoded in the syntactic structure of the subroutines (same
type of solvers belong to the same group) which are trans-
lated into syntactic similarity. As a result, the distance tree
is balanced. It remains to be proved whether this conjecture
is true and this is a unique feature of the scientific applica-
tion.

4.4 Bio-inspired Notes
There are two other lessons we learned in the experiments.
First, the size of the character map in Klonos is constrained.
In bioinformatics, a DNA sequence is represented by 4–5 dif-
ferent characters, and a protein sequence is represented by
20 unique characters. In Klonos, we have used all 26 alpha-
betic characters in the character map. While more unique
characters in the map would help improve the similarity
measure, the maximum number of characters is constrained
by the selected bioinformatics tool.

Second, the correlation analysis we conducted has an im-
plicit assumption that one-to-one mapping between the orig-
inal version and the ported version of subroutines is required.
In the initial porting of scientific application, this is not a
problem. The best practice is to port one module at a time
given that the application is often modular. However, this
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Figure 10: The family distance trees of all serial NPB’s.



type of correlation analysis is not suitable for the porting
that has significantly restructured the application above the
module level (i.e. subroutine level). New types of correlation
analysis will be needed to handle such cases.

Finally, we note the strong correlation between programs
and genes in terms of representation. We selected to repre-
sent operators and data in a program code as gene sequences
because they affect the program behavior, just as genes auto-
regulates other genes or affect the proteins production, etc.
An operator represents a summarization of a text that does
an action and operates on data. In genes, we have the con-
cept of promoters, activators, inhibitors, etc. which control
an action to be taken (i.e. transcribe data, proteins) that
may depends on other genes. How an operator generates a
side effect or data that affect other operators. In biology,
this is encoded in the form of proteins that are produced
by a gene and that activates other gene by attaching that
protein to specific region. It is clear that genes supports a
form of data flow execution. We currently don’t have that
encoding yet in our imperative computer programs, but a
proper program programming language, it can be used to
capture this behavior such as using a data flow execution
model to capture this.

5. RELATED WORK
There are two general areas of research relating to our work
here: software maintenance and similarity analysis. In this
section we will enumerate the mostly relevant ones and dis-
cuss the differences between those studies and our work.

5.1 Software Porting
Software porting is one of the most common maintenance ac-
tivities, but little attention has been given to deriving a de-
tailed process and planning support for it until recently when
Varma describe how eXtreme Programming (XP) practices
could provide a detailed process for quality porting [21, 20].
XP is a new software development methodology which ad-
vocates frequenct “releases” of a working software in short
development cycles to improve productivity in response to
changing customer requirements.

Much of the work in this area begins to focus on various
ways to automate the iterative and incremental process,
with some emphasis on acceptance testing [4]. Hennessy
and Power’s work in [11] is the most relevant to ours. In
their porting strategy, one C++ class is ported at a time.
An order for classes is defined based on an object relation
diagram whereas our methodology is based on similarity.

Some of the work in this area addresses the problem through
pattern matching, matching code either by coming up with
syntactic measures or by giving guidance via identification
of methods or underlying computation e.g. matrix multipli-
cation [14, 15, 6]. Automatic software porting via pattern-
matching requires to solve a search problem. Thus, a pattern
language is needed to specify a query [5, 17]. Our similarity-
based methodology does not require the pattern be specified
explicitly. Our work is also related to studies on software
evolution [23]. These studies target different releases of an
individual subroutine (or program) whereas our family dis-
tance tree represents similarity among all subroutines in a
specific release.

5.2 Similarity Analysis
Similarity is used to compare programs in many contexts.
Initially, similarity work was conducted to identify students
who copied code from others in a programming assignment
but later this method was adapted for software engineering.

However, there is no precise definition of similarity between
programs [22]. There is only a tacit common understanding
of the term, that the degree to which two distinct programs
are similar is related to how precisely they are alike. In
addition, the definition of similarity often depends on the
context in which it is being used [19]. As a result, different
types of similarity are defined in the literature.

For example, Walenstein et al. [22] considered representa-
tional similarity and behaviorial similarity. Roy et al. [18]
proposed four categories of clones: identical code fragments
(Type I), syntactically identical code fragments with varia-
tion in identifiers, literals, types (Type II), code fragments
that have been further modified, improved or changed (Type
III), and code fragments that have the same functionality
but that are implemented differently (Type IV). Current re-
search focuses more on representational similarity (Type I–
III) because behaviorial similarity (Type IV) is more difficult
to detect. Our similarity metric falls into representational
similarity (Type I–III).

In representational similarity, the term “program” refers to
the representation, commonly viewed as a sequence of char-
acters forming a more complex text structure. Similarity
can be defined in terms of the form, properties or charac-
teristics of this representation. The community generally
distinguishes between textual and syntactic similarity. Tex-
tual similarity considers the program source to be text and
analyses it in the way that general text documents are anal-
ysed [7, 9, 13]. Therefore, it is (programming) language
independent. Smith and Horwitz [19] proposed an approach
that is largely language-independent, requiring only a lan-
guage lexer to detect similar codes called clones. Funaro et
al. [10] combined both textual and syntactic approaches in
clone detection.

These prior efforts have focused on helping restructure ap-
plications by detecting code clones at the syntactic level,
but few have aimed to detect clones, or similar code regions,
that can potentially be optimized in the same way for a given
architecture.

6. CONCLUSIONS AND FUTURE WORK
Emerging parallel architectures require software porting. For
performance sensitive scientific applications, the porting in-
cludes not only same functionality but also same or bet-
ter execution efficiency. In this paper, we address an im-
portant aspect of the software porting process called plan-
ning. We proposed a novel similarity-based methodoology
for the planning problem. Unlike previous similarity-based
approaches, our work adopts a bioinspired view of the pro-
gram.

In the paper, we described in details the methodology and
presented a tool called Klonos to facilitate the execution of
the methodology. As a proof of concept, we conducted ex-
periments on several scientific benchmarks with respect to



porting to the OpenMP programming model. We showed
that the methodology is effective in providing the planning
support for the porting of scientific applications. In fact,
we were able to use the methodology to identify a possi-
ble optimization that the programmer misses for one of the
codes, which is beyond the scope of planning. We also found
out that similarity needs to be stricter than pure syntactic
measures in some cases.

We are currently investigating how to develop a better simi-
larity metric. In particular, we are looking into various ways
to combine syntactic similarity with cost models and static
properties of the source code. We also want to extend our
test base. We have plan to employ the methodology to test
the behavior of existing compilers. In addition, we want
to evaluate the effect of different score models and different
views of similarity on the effectiveness of the methodology.
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