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Abstract

Moving to smaller libraries can be considered as a rele-
vant task when porting software systems to limited-resource
devices (e.g., hand-helds). Library miniaturization will be
particularly effective if based on both dynamic (keeping into
account dependencies exploited during application execu-
tion in a given user profile) and static (keeping into account
all possible dependencies) information.

This paper presents a distributed software architecture,
based on web services, to collect dynamic information at
run-time, and an approach for miniaturization of librgs

first initial solution, then optimized by multi-objective ge
netic algorithms.
The approach has been applied tgn

limited-resource
ded systems; the
ited, and thus de-

R.appli-

his, however, gave a limited
ghdencies and relationships exist-

leck trages even from machines outside a firewall.

e propose to linearly combine static and dynamic in-
formation (i.e., dependencies) with a weight, expressing our
believe about the frequency of rare events. In other words,
static information ensures to keep into account dependen-
cies not dynamically exploited during the execution of the
instrumented code. The heuristic to define the new soft-
ware organization was inspired from what described in [5]:
the central idea is to apply clustering techniques to identify
software libraries minimizing the average executable size,
followed by Genetic Algorithms (GA) to improve the iden-
tified solution. A multi-objective fitness function was de-
fined, to keep low, at the same time, both the inter-library
dependencies and the average number of objects linked
(or dynamically loaded, in case of dynamically-loadable li-
braries) by each application.

The approach was applied to improve the library orga-




nization of public domain software applications such as
Samba and MySQL.

The paper is organized as follows. First, the essential
background notions to help the reader are summarized in
Section 2; the architecture of the trace collector is shown in
Section 3. Section 4 describes the miniaturization approach
and support tools. Information on the case study systems is
reported in Section 5. Section 6 presents case study results.
Finally, an analysis of related work is reported in Section 7,
before conclusions and work-in-progress.

2. Background Notions

To miniaturize software system libraries, clustering and
GA were applied to information obtained from both static
and dynamic analysis of software system dependencies.

Clustering deals with the grouping of large amounts of
things (entities) in groups (clusters) of closely related enti-
ties. In this paper, the agglomerative-nesting (agnes) algo-
rithm [23] was applied to build the initial set of candidate
libraries. As in [5], the optimal number of clusters has been
chosen applying the Silhouette statistics, proposed by Kauf-
man and Russeeeuw in [23]. More details on clustering can
be found in [2, 22].

GA come from an idea, born over 30 years ago, of ap-
plying the biological principle of evolution to artificial sy
tems. Roughly speaking, a GA may be defined as ag/itefa-

starting from an initial population of individuals, often ran
domly generated. At each evolutionary step |nd|V|duaIs are
evaluated usmg a fitness functlon Hig "

during application execution, the following information is
gathered for each function call:

1. The name of the application using the function;

2. The caller function and the name of the object module
containing it; and

3. The called function and the
containing it.

axe of the object module

Having both function ap@l ofject names available, it is

[4, 5, 9], aiming
= new libraries.

analyze is avlab, inds of
problems: ction
from a dj

TheAirsyproblem is dueAo the enormous number of func-
tion ing a simple task. To avoid

based e i hitecture is shown in Figure 1-a)
i : . The instrumented program writes

ing synchronizatisg probiems with other writing processes)
rather than to a file. T
performs two levels df cofmpression:

zip compression.

Nultiple applications run at the same time on several ma-
of different customers (i.e., the subjects we collected

temporary local database, then transferred to a centralized
database.

Being customer’s machines and trace analysis ma-
chines geographically distributed in different sub-networks,
firewalls could deny communication through sockets or
through middlewares like CORBA. In this case the best so-
lution is represented by web services. Communication is
based on SOAP (Simple Object Access Protocol) protocol
over HTTP (that traditionally operates on the TCP port 80,
usually not filtered by firewalls).

Periodically, a web service client sends locally collected
traces to the remote trace collector web service, that stores
them into a centralized database. A locally unique id (in-
cluding a time stamp) is assigned by the collector to each
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Figure 1. a) Pipe architecture of the trace compressor. b) Deploy
system.

ent diagram of the trace coltector

ic information are combined and,
described in [5] are performed.

client, ensuring that traces of different running instances
were not mixed. finally, the s

To effectively split software system libraries, it is essen-
tial that traces were obtained executing system applications
in an environment as close as possible to the target pfofile

ins symbols used by a common subset of applica-
d the coupling between different clusters is low.
Given A = {ay,as,...,a,} the set of software system

tional testing based on category partitioning [25] should be
performed.
For this purpose, results presented i

ing the mai n symbol), and given a library ; to be
ontainingaset O = {o1,02,...,0p, } of p; Objects,
static analysis performed in our previous works relied on
two rhatrices:

1. A matrix SMU of uses of library objects by applica-
tions, where each item smu; ; is equal to 1 if applica-
tion 4 links object 7, 0 otherwise; and

2. A matrix SMD of dependencies between library ob-
jects, where each item smd; ; is equal to 1 if object ¢
depends from object j, 0 otherwise.

The new model accounts for dynamic information, there-
fore we need to introduce two new matrices:

1. DMU, where each item dmu; ; is the frequency of uses
of object j by application . The frequency is com-
puted dividing the number of times application ¢ uses
object j by the total number of uses of library objects

ture described in Secti . by all applications; and
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Figure 2. The miniaturizatiormMprocess.

2. DMD, where each item dmd; ; is the frequency of ac- Varying A We_can tkange the influence of static and dy-
cesses of library object i to library object j. The fre- namic information\in particular, for A = 1 we obtain ex-
quency is computed like in matrix DMU. actly the same static mogel proposed in [5], while for A = 0

thesagdel is merely dynam

define two Coverage Ratios CR(DMU) and CR(DMD)\In e Sub-Optima Libraries by

particular, CR(DMU) is defined as:

total =0 6r each ““old library”, agglomerative-nesting clustering

covered = 0 is ferformed to determine:
Y application a,
V object oy e optimal number of clusters k, applying the Silhou-

] e statistics. As explained in [5], the optimum can be
ound sometimes in correspondence of the curve max-
imum, sometimes at the elbow of that curve, also keep-
ing into account a tradeoff between excessive fragmen-

tation and library size; and

2. An initial solution that constitutes the starting popula-
tion of GA.

A measure of the performances of the miniaturization
process, the Partitioning Ratio (PR) has been introduced
in [9] and also adopted as a quality measure of the GA-
based clustering proposed in [5]. Broadly speaking, the
PR represents a ratio between the average number of ob-
jects linked by applications after and before splitting the
libraries. The smaller is the PR, the most effective is the
partitioning, in that the average number of objects linked
(or loaded) by each application is smaller than using the



whole old library. As it will be explained below, the same
equation (although having a different meaning) can be used
for the new approach.

Let &£ the number of clusters I, , .. ., [, obtained froma
library [,,. Then, the Probabilistic Partitioning Ratio PPR,,
can be defined as:

M Sl | ¥ g, (A)
PPR,(\) =100+ Jﬁ|*mu-<x

3)

where |I,| is the number of objects archived into library .

The PPR has a slightly different interpretation with re-
spect to the PR: the new algorithm tries to cluster together
objects having high probability to be used by the same ap-
plication(s), to avoid that an application linked objects un-
likely to be used (dynamically loading them at run-time
only when needed). Clearly, being MU function of A, we
may obtain different PPR indices having different static
and dynamic contributions.

To measure the improvement obtained, the PP R is com-
puted (as also shown in Figure 2) both after the preliminary
(hierarchical) clustering and after the refined (GA-based)
clustering.

4.3. Reducing Dependencies using Genetic Algo-
rithms

Hierarchical clustering gives us a first approximati
the new, smaller libraries, and allows, using the Silhou
statistics, to compute the optimal number of clusters. Hie
archical clustering, however, does not allow us to balance
different factors (such as coupling and cahesjon) by mov-

ongs to cluster j.
in literature for re-

that 0 < p < k — 1 (where k is the number of candi-
date libraries), and represents the genome as a N-size ar-
ray G, where the integer p in position ¢ means that the ob-
ject g is contained into partition p. With respect to such a
genome, the bit-matrix allows an object belonging to more
than one library (indicated by more “1” on the same col-
umn). Such “cloning” sometimes represents the only way
to reduce inter-library dependencjé®

Instead of randomly generating
(i.e., the initial libraries), th
coding of the set of librarig

the initial population

_fo0i=j
&J‘{1i¢j
ximilarly to the PPR, DF' is function of X: for A =1
repgesents, as discussed in [5], a measure of static, inter-
libgary\dependencies.
he’second factor corresponds to the PP R described in
action 4.2. The third factor, the Standard Deviation Fac-
tof (SF(g)) can be thought of as the difference between the
initial library sizes standard deviation and the actual (at the
current generation) standard deviation. A similar factor was
also applied in [28]. Given Sy the array of library sizes for
the initial population, and S, the same for the g-th genera-
tion:

SF(g) = |os, — 0s,] 5)

Finally, the fitness function F' to be minimized by GA is
defined as:

F(Xg)

where w; and w, are real, positive weighting factors. The
higher is wy, the better will be the PP R ratio; on the other

= DF(X,9) + w1 PPR(),g) + w2 SF(g) (6)



hand, increasing too much w; decreases the dependency re-
duction. Similarly, the higher is ws, the more similar will
be the result to the starting set of libraries, while an exces-
sively higher w, could not allow a satisfactory dependency
reduction.

The choice of the fitness function has been inspired by
the principle of choosing the simplest model (e.g., Occam’s
razor, minimum description length, small number of free
parameters). Hence, equation (6) merely represents a linear
combination of the three factors to be minimized. Although
different, perhaps more sophisticated functions (e.g., non-
linear functions) could lead to better results, a linear com-
bination can reduce the effort needed for calibrating the pa-
rameters of such a multi-objective functions [8, 20, 32].

The challenge of dealing with multi-objective functions
is to balance conflicting factors. For example, moving an
object from a library to another can reduce the PP R while
increasing the D F'. The most rigorous way to handle multi-
objective functions is based on the concept of dominance
between vectors (i.e., points in a multi-dimension space).
We can say that x is dominated by y or z is partially less
than y (x < p y) when the following conditions hold:

(x <py) & (V)(z: <yi) A (Fi)(mi<wi) (7)

When working with a multi-objective function, a sg

the DF, in that we aimed to maximize dependency reduc
tion. Then we selected wy and ws using a trial-and-error,
iterative procedure, adjusting them each#ime (il the D F,

the object into thesyrrent lirary.

It is worth noting that the semantics of the one point
crossover and of the (non-cloning) mutator are exactly the
same of those proposed in [10], thus the particular choice
of the (bit-matrix) genome, motivated by the possibility of
“cloning” does not affect results.

Of course the cloning of an object increases both PPR
and SF, therefore it should be minimized. Our GA acti-
vates the cloning only for the fing¥'payt of the evolution (af-
ter 66% of generations in our case sidies). Our strategy fa-
vors dependency minimizatigh by’moving objects between
libraries; then, at the end, Mre aftempt to remove remaining
dependencies by cloning objectsS\Qbviously, at the end of
the process cloned objéctsAhdyld beMactored out again: if,
for example, objecig o, And o, arscontaivgd in both /; and
l;, then o, and ¢, Shplild be moved Tgo a thi

Phe static dependency graph extractor, also based on
the nm t ool , that produces the SM D and the SMU
matrices;

The number of clusters identifier: as said in Section 2,
e number of clusters was determined using the Sil-
houette statistics. In particular, implementations avail-
able in the cluster package of the R Statistical Environ-
ment [1, 21] were used;

The library miniaturization tool: it supports the pro-
cess of splitting libraries in smaller clusters. As said in
Section 4.2, this is performed by clustering algorithms.
Again, the cluster analysis is performed by the agnes
function available under the cluster package of the R
Statistical Environment; and

The GA library refiner: implemented in C++ using the
GAlib [30].

Moreover, to perform trace generation, collection and
analysis, the following tools have been implemented:



e The code instrumenting tool, that wraps a C/C++ com- indexed sequential (ISAM) files; accessing to MySQL log

piler (i.e., gcc/g++ in our case), by means of a recur- files; importing/exporting tables from/to ASCII files; dump-
sive descendant hand-coded parser, and inserts probes ing a database; and, above all, performing several SQL op-
into the (pre-processed) source code; erations from the interactive console.

e The communication library, linked to the instrumented 5.2. Samba

application to support local communication with the
uncompressed trace queue (see Figure 1-b);

Samba (ht t p: / / www. sanba>gr g) is a freely avail-

e The trace compressor, that reads from the FIFO queue able file server that runs on Uyfix gd other operating sys-
traces written by the instrumented application, ad com- tems (usually to share resoyfces/between Unix-based sys-
presses them using RLE and Gzip; tems and Microsoft-basegt’systems). The code has been

written to be as portable/ iblg, It has been “ported

e The web service client, that periodically flushes the lo- many unixes (Linux,

cal trace database, sending traces to the trace collector Samba consists
web service; plus a bunch of oths

. services: file ) i ices, tion and
e The trace collector web service, that collects traces authorizatio ; ;

from client machines and stores them into the central- /Mg 4 : i, . utili-
ized trace database; and ’

e The trace analyzer, that extracts DM D and DMU
matrices from the collected traces. g€

5. Case Studies allows the xqpfiguragion of Samba remotely, using a web

browser.

As explained in Section 6, for each system we chose to

refactor the largest libraries. Characteristics of the ana

systems are shown in Table 1. This section will bris

scribe these software systems, giving also a summary
heuristics followed to collect dynamic information.

System Ver KLOC | Apps | Libs Libsto

re-organize
MySQL | 3.2351 478 38 24 2
Samba 227 295 16 2

Table 1. Case study ¢

his section reports results obtained applying the pro-
pgsed miniaturization process to Samba and MySQL. Sim-
ilarly to [5], for Samba we basically re-organized the two

5.1. MySQL

MySQL (ht't p' [ 1 W, . CY i system libraries, trying to minimize dynamic dependencies
source, fast, i between them, clustering together, at the same time, objects
server, intended for i having a high frequency of use by a common set of appli-
tion systems. 15 i cations. With the same criteria, we decomposed in small
can be co i i jers. chunks the two largest MySQL libraries: libmysqglclient and

The pg isin its fa X; i libmysys.
this objectix 8 i Not surprisingly, dynamic execution exploited a limited
are ' set of uses and dependencies: for Samba we obtained a
troduceskonly s i , : CR(DMD) of 40% and a CR(DMU) of 30%. Indices

To obtal were even smaller for both MySQL libraries: CR(DM D)
cised as explaimed in Seti . A paticular: administrat- of 25% and CR(DMU) of 20%. This supported the ap-
ing databases, e.g. i ghing, removing databases; proach, described in Section 4, of combining static and dy-

checking MySQL confiyyration; cifecking and compressing namic information. On the other hand, it should be consid-



System Library # of # of Silhouette Before GA After GA

objs | Clusters(k) | statistics DF DF | PPR | PPR | DF | DF | PPR | PPR

0.5) | (@) (0.5) 1) | ©5) | (1) | (0.5) (1)

Samba lib + 7 2 0.71 95.26 | 180 | 6.64% | 96% 18 33 | 6.00% | 94%
I'i bsmb

MySQL | I'i bnsql cl i ent 80 3 0.64 125 | 166 | 2.85% | 93% 37 49 | 2.70% | 93%

i brrysys 92 2 0.47 69 99 | 3.12% | 99% | 6.80 | 10 | 3.00% | 97%

Table 2. Results for A = 0.5.

ered that different user execution profiles will lead to differ- ter applying GA. Resultipg statts dependencies (from 10 of
ent coverage indices. libmysys to 37 of libmyéqlcheqt) wexe not so small to allow

Results were computed for three different values of A: 0, i
1and 0.5, i.e., considering only dynamic information, only
static information, and a combination of both.

The first step was to determine the optimal number of
clusters: for A = 1 and A = 0.5, Silhouette statistics gave
us the same optimal number of clusters, i.e. two for Samba,
three for libmysglclient and two for libmysys. Showing de-
tails on Silhouette statistics analysis is out of scope of this
paper (details are reported in [5]).

Results obtained combining both static and dynamic in-
formation are shown in Table 2. DF and PPR before and
after applying GA are reported. This time DF' is, as ex-
plained, a measure of the dynamic coupling between li-
braries. Static DF (i.e., the number of static depe
cies after applying GA, indicated with DF(1)), are &so
ported, as well as static PPR (indicated with PP
It is worth noting that PPR values are very smaller
respect to PR ones: in other words, the algorithm tries
cluster objects having a high frequency of common use.

Library Before GA | After GA

Table 2 highlights different results. First of aII the GA DF | PPR | DF | PPR
significantly (for Wilcoxon tests pe WO |O| @©
cance level & = 95%) reduced theMyng Samba lib + 106 | 72% | 2 | 64%
leaving almost unaltered the PP, AQ |'i bsnb
a negative aspect: PPR obtai WL libneqglclient | 187 | 76% | 7 | 70%
low, are already good after l'i bnysys 158 | 89% | 1 | 66%

Table 3. Results for A = 1.

Results obtained from static information were basically
the same presented in [5] (although we analyzed a differ-
ent version of Samba) and are reported, for sake of com-
pleteness, in Table 3. It is worth noting that DF' and PPR
correspond to the static parameters reported in [5].

Finally, we considered the case of A = 0, i.e., taking into
account only dynamic links. Although DF(X = 0) factors
were successfully minimized and PP Rs were comparable
(and even smaller) to those obtained for A = 0.5, we de-
cided to discard these results. This because the number of
static dependencies after applying GA remained high, in-
creasing the risk that a dependency not exploited by instru-



mentation will occur, forcing therefore an extra library to
be loaded at run-time. In other words, results obtained for
A = 0 confirmed one of the most important lessons learned
from this work: dynamic information allows a successful
miniaturization, but it should be complemented with static
information.

7. Related Work

The present work deals with basically three kinds of
analysis tools: clustering techniques, GA and trace extrac-
tion and analysis.

A survey of clustering techniques applied to software
engineering was presented by Tzerpos and Holt in [29].
In [3] a method for decomposing complex software systems
into independent subsystems was proposed by Anquetil and
Lethbridge. Our work shares with [24] the idea of analyzing
intra-module and inter-module dependency graphs, finding
a tradeoff between having highly cohesive libraries and a
low inter-connectivity.

GA has been recently applied in different fields of com-
puter science and software engineering. An approach for
partitioning a graph using GA was discussed in [28]. GA
were used by Doval et al. [10] for identifying clusters on
software systems. We share with this paper the |dea of
a software clustering approach using GA, trying to
mize inter-cluster dependencies. Finally, Harman et gk

lem. Their case studies revealed that hill climbing outpe
formed GA.
Recently, several works have considered-a

at often Aot all dependencies and

namic information, intk

uses are exploited when executing instrumented programs.
Moreover, we propose an architecture to collect traces from
a distributed execution environment.

Our library reorganization studies come from [4] where
we proposed the idea of recovering libraries and creating a
source file directory structure using CA. This paper shares
with [4] the idea of finding libraries searching for sets of

Authors would thank the anonymous reviewers for their
grecious suggestions and feedback.
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