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Abstract

We describe Gevol , a system that visualizes the evolution
of software using a novel graph drawing technique for visu-
alization of large graphs with temporal componert. Gevol

extracts informati on about a Java program stored within a
CVS version control system and displays it using a tempo-
ral graph visualizer. This information can be used by pro-
grammers to understand the evolution of a legacy program:
Why is the program structured the way it is? Which pro-
grammers were responsible for which parts of the program
during which time periods? Which parts of the program ap-
pear unstable over long periods of time and may needto be
rewritten? This type of information will complement that
produced by more static tools such as source code browsers
slicers, and static analyzers.

1 Introduction

T here are many situatio ns when a programmer is faced with
having to learn and understand an existing large and com-
plex software system. Consider, for example, the following
scenarios where Bob is a programmer and P is a largelegacy
program:

Bob is asked to add new functionality to P;
Bobisaskedto x bugsin P;

Bob is asked to determine whether algorithms exist in
P that violate intellectual property rights;

Bob is asked to rewrite P in a new programming lan-
guage;

Partially supported by the NSF under grant CCR-007 3483 and
by the AFRL under contract F33615-02-C-1146.
YPartially supported by the NSF under grant ACR-0222920.
“Partially supported by the New Economy Research Fund of New
Zealand .

Bob is asked to port P to a new operating system or
architecture.

In many casesBob will nd that the program is undocu-
mented, unstructu red, and poorly written. Worse, the orig-
inal developers may not be available to explain how the sys-
tem works. Before he can start modifying the program he
therefore needs to build a mental model of its structure. To
aid in this discovery processhe can run the program, exam-
ine the source code, and read any available documentatio n.
Various tools such as source code browsers and static ana-
lyzers may be helpful in this respect.

In this paper we will describe a new tool | Gevol |
that aid in the discovery of the structure of legacy systems.
Gevol discovers the ewolution of a program by visualizing
the changesthe system has gone through. In particular,
Gevol extracts information about Java programs that are
stored within a CV S version control system. It then extracts
inherita nce graphs, call graphs, and control- o w graphs of
the program and displays the changesthe graphs have gone
through since the inception of the program. Gevol allows
Bob to visualize

when particula r parts of the program were rst created;

during which periods which parts of the program were
most heavily modi ed;

which parts of the program seemto have been unstable
for a long period of time and therefore may be in need
of being rewritten;

which programmers have modi ed which parts of the
code when;

which parts of the program have grown in complexity
over a long period of time.

Gevol is not intended as a stand-alone system. Rather,
our ultimate goal is to integrate it with other tools such




as source code browsers. This will allow a programmer to
examine th e sourcecode, control- o w, inheritance structu re,
and call structure of a program | as they changeover time
| in order to understand every aspect of the system.

Gevol isin active development. We are currently in
the process of integrating seweral software complexity met-
rics [6,15,16,19,25] within the system. This will allow the
graph visualizations to be driven by how the complexity of
a class or a method is changing over time. Figure 1 shows
an overview of the desgn of Gevol .

T he remainder of this paper is structured as follows. In
Section 2 we presert the typesof visualizations our system
is capable of. In Section 3 we discuss the Tgrip tempo-
ral graph visualization system on which Gevol is based.
In Section 4 we describe how information is collected from
CVS repositories. In Section 5 we present related work, in
Section 6 we discussour n dings, and in Section 7 we sum-
marize our results.

2 Temporal Visualization Mo dels

We are hoping Gevol will be a useful tool when learning
about a new code-base Not only will we be able to view
a current snapshot of the code, we will be able to visualize
the entire history of the developmert process This may lead
to interesting insights that could not otherwise be gleaned
from examining the mere source.

Our goal is to develop a system that allows the visual-
ization of all evolutionary aspects of a program. We are
therefore extracting all available information from the CVS
repository of a Java program, expressng it as graphs, and
using a temporal graph drawing system to visualize the in-
formation. We are currently extracting the following data:

1. The author of each change of each le.
2. Thecontrol- ow graphs of each method in the program.

3. The change in each basic block in the control- ow
graphs.

4. Theinheritance graph of the program.
5. The call-graphs of the methods of the program.

6. Thetime of each change to each le.

Every piece of information is collected for every ti me-slice.
The temporal granularity is con gurable but in our current
system the size of each slice defaults to one day.

This information allows us to visualize the evolution of
a program in several useful ways:

We color-code nodes depending on how long they have
been unchanged. All nodes start out being red, then
grow paler and paler for every time-slice they have re-
mained unchanged until they are nally drawn a pale
blue. When a node changesagain it returns to red and
the processrepeats. As the user moves through the
time-slices this will draw his attention to parts of the
system that are in ux at di erent points in time.

When the user noti cesan interesting event (say, a code
segmert changing heavily for a long period of time) he
can click on a node to examine the set of authors who
have a ected these changes

If the user noticesthat an area of the graph remains
constantly red, but does not grow signican tly, this
may mean the area is a site of constant bug x esand
may need to be redesgned or better tested.

3 Visualization of Large Evolving Graphs

In theory, every problem can be encoded as a graph prob-
lem, by represerting the input/o utput in binary and treat-
ing them as graphs (adjacency matrix or list). In this case,
the problem becames that of nding the transformation
that takesthe input graph into the output graph. While
this approach is not practical in many applications, it does
make sensein visualizing programs, in particular, inheri-
tance graphs, call graphs, and control - o w graphs. Visu-
alizing such graphs can lead to discovery of unsuspected
relationships, patterns, and trends.

In this paper we consider the problem of interactiv e vi-
sualization of large graphs that have a temporal componert.
We develop new techniques, models and algorithms that al-
lowed us to implement a prototype system for interactiv e vi-
sualization of large temporal graphs arising from large soft-
ware development.

The main algorithmic challenge is to develop techniques,
models, algorith ms and data structures for interactive tem-
poral graph visualization. Consider a graph that evolves
through time. T he changes in the graph include adding and
removing verticesand adding and removing edges The vi-
sualization of such data must ensure that:

the drawing is readale

the drawing preservesthe mental map of the underlying
structure

A readable layout for a graph is one that shows the un-
derlying relati onships. For example, if the graph contains a
cligue of nodes, we would like these nodesto be uniformly
placed on a sphere and not, say along a straight-line seg-
ment. The mental map of the user is preserved if the same
parts of the graph that appear in di erent frames remain
in the same position. This is usually too redtrictiv e and in-
stead seleded landmarks can be chosenthat remain in the
same position while other parts are allowed to deviate from
their previous positions. A naive approach to displaying a
sequence of graphs would be to draw each one from scratch.
If we were to layout each graph independent of the others,
it is unlikely that the mental map will be preserved. Con-
versely, if we were to layout each graph incrementally from
the previous one, we would preserve the mental map but
the quality of the layout will likely su er dramatically when
global changesare not allowed.

We propose an approach that combines both readabil-
ity and mental map presenation. Let Gi;Gz;:::;Gn be
the sequence of graphs that we would like to visualize as a
time-series. De n ethe aggregate graph, G , to bethe graph
obtained by adding all the graphs in the sequence. That is,
G is a weighted graph in which a vertex has weight that
corresponds to the number of framesin which the vertex ap-
pears (edge weights are de ned analogously). The problem
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Figure 1: Overview of the Gevol system.

becanesthat of nding a readablelayout for the aggregate
graph, taking into acoount the edgeand vertex weights and
using the placemen of the vertices in eacd time-frame.

T he algorithm usedto display the various program struc-
ture graphsis basedon GRIP [13,14]. GRIP can layout very
large graphs in reasonabletime by computing a hierarchical
Itra tion of the graph. This se& of lItratio ns of a graph G
forms a sequercef V, g of subsets of the nodesof G such that
for every Vi;V; 2 fVhg, i <j) Vi V. In practice,it is
usually the casethat jVi.1j 2jVij, soa ltra tion doesnot
normally contain very many elements. The ltra tions are
laid out from smallest to largest (smallest index to largest
index) and the layout of V; is usedto provide an outline of
the layout of Vi 1.

The layout of each ltrati on proceedsby using an ap-
proach related to the spring-embedder of Eades[10] and the
force-directed method of Kamada and Kawai [17,18]. The
main underlying principle of these methods is that vertices
repel eath other, whil e edges,prevent adjacert verti cesfrom
getting too far from ead other. Thus, for a given node v in
G, the displacement of v is calculated by:

Fak (V) = (1)

k k2
e 1 (Gl P

u2N;(v)

where p[u] is the position of node u, Ni(v) is the the
neighborhood of node v, dg(u;Vv) is the distance between
nodesu and v in graph G, and edgelLen is the prede ned
optimal edge length. In the last level of the lItra tion a
Fruchterman-Reingold calculation [12] for the force vecor
is used:
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T he displacement of a node v is then simply Fer (V) =
Fa;F R+ Fr;F R

3.1 Dynamic Graph Visualization

GRIP [13,14] is dedgned to quickly layout graphs with tens
of thousands of vertices without assuming any informati on
about the underlying graphs. This makesit a good base for
the visualization of graphs that evolve through time. How-
ever, before we can employ the aggregate-graph approach
to GRIP, we need to modify it so that attributes such as
weights on the nodes or edges of a graph are taken into ac-
count. Toaccommodate the kind s of informatio n which is of-
ten of interest in software visualization, GRIP was extended
to support two additional attribu tes: weights of nodes and
of edges, and time-=slice information. The meaning of the
weight information is sef-evident, and a time-slice is a label
associated with each node represerting which snapshot of
the state of the system being analyzed the nodeis in. A dy-
namic graph will then consist of a series of time-slices, each
of which is a graph represerting the state of the system at
a given point in time. Edgescan be arranged betweenthe




Figure 2: Snapshot of the Gevol system viewing SandMark's inheritance graph. A subset of the classeshave beenlabelled.

time-slices in various ways depenging on what properties we
are interested in.

3.2 Node and Edge Weights

Modi cati on to the forces that act on the nodes were made
to accommodate weights and achieve the following goals:

1. Two nodes conneded by an edge of weight 0 should
behave as if not connected by an edge at all;

2. An edge connecting two nodes, each of weight zero,
should have a natural length of zerg;

3. Heavy nodes should be placed further apart;
4. Heavy edgesshould be shorter;

5. If an edgeof weight w connects two nodes of weight w,
the edges ideal length should be the same as an edge
of weight 1 connecting two nodes of weight 1, but the
larger the w, the stronger the connection should be.

Given these consideratio ns, an edge, e of weight we con-
necting nodesu; v of weight wy ; wy, respectively, is given an
ided length of:

p Wy Wy
We

4

T hisformula will leadto a division by zeroif we = 0. The
resulting in nite distance isindeedthe correct ideal distance
for th e Fruchterman-Reingold force basedcalculations, since
two discannected nodes have only repulsive forces between
them. In practice, however, this is undesirable and thus we
ensurethat all edgesof weight zero are removed.

To account for the layout constraints of weighted graphs,
the graph distance between two nodes is replaced with the
ideal distance between the nodes. Becauseof the compu-
tati onal and space requirements of calculating the e ects of




Figure 3: Snapshots of the SandMark inheritance graph. Nodes are colored by author and by latest change. When a node
rst appears it is given the color of its author. In this example author 1 is red [l author 2 is yellow , other authors
are green , and author-less classes(such a library or system classe$ are black. For every time-step that a node does not
change, its color will fadeto blue. Nodesbelonging to author 1 will go through the color progression il I I .

while author 2's nodeswill go through h ;[0 ;. I -



Figure 4: Snapshots of the SandMark call-graph. Nodes start out red. As time passesand a node doesnot change, it turns
purple and, n ally, blue. When another change is a ected the node again becanesred.

all paths between two nodes, or of computing the shortest
weighted path betweenthem, an approximation is used. Let
p1;P2;:::;pn be the sequence of nodesin the shortest un-
weighted path in G connecting two nodes u and v. Then
we de ne:

optD 6 (u; V) = : (5)

In pratice this approximation works both quickly and
well.  The nal force calculation used in the modied
Kamada-Kawai method is:

Fkk (v) = (6)
2kplu] _p[vlk® (plu] p[v])
2N, ) (edgeLen optD g (u;v))2 + kp[u]  p[v]k?
(plu]  pIVD)
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To achieve an aesthetically pleasihg layout of the graph,
it is also necesay to employ modi ed Fruchterman-Reingold
forces, asthe Kamada-Kawai method doesnot acieve satas-
factory methods by itself, but rather creates a good approx-
imate layout sothat the Fruchterman-Reingold calculations
can quickly "tidy up" thelayout. The modicati ons needed
to support weighted graphs are simple:
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3.3 Graph Time- Slices

The modications needed to support time-slices in the
Kamada-Kawai method are quite simple. In equation (6) the
only alteration required is that the the function optDg (u; V)
bered ned sothat for two nodesu; v with time-slice indexes
of ty and t, respectively:
P
0P (UiV) = 11, — (9)
We




Figure 5: The SandMark control - o w graph. As with the call-graph in Figure 4, changed nodes start out red and gradually
fade to blue. Note that in the current system, changes a large number of nodes of the graph (such as shown in B, above)

result in undesirable changesin layout of the graph.

Where isthe Kronecker delta:

- L=
= 0 i6]

T he modi catio ns neededfor the Fruchterman-Reingold
calculations are similar: repulsive forces are eliminated out-
side of a given ti me-slice:

I:'a;w tF R = I:'a;w;FR (10)
FrwitF R = tuty FrwsFRr (11)

4 Extracting CVS Information

As shown in Figure 1, the Gevol system will chedk out
consecutive versions of the code for the Java program un-
der study. The program is compiled to a collection of Java
class les. The class lesare loaded into Gevol and control-
ow graphs, call graphs, and inheritance graphs are built.
Each graph is stored in an individual le which can later be
loaded by the Tgrip viewer.

Thus, the result of the extraction step is a seqence of
les, one per generaed graph. Let n be the number of days
in the CVS repository. There is one call graph per day:

hCally; Callz; ;Callyi;

one inheritance graph per day:

hinhery; Inhery; vInherni;

and a number of control- ow graphs per day:

CFGl;ml; CFGl;mZ;
CFG2m,; CFGam,; CFGam,;

CFGn:m,; CFGnm,; CFGnm ;5

Constructing inherita nce graphs is straight-forw ard since
each Java class- le indicatesthe parent of the class and the
interfacesit implements. Since a Java classcan extend one
class(Java is a single-inheritance language) but implement
several interfaces the inheritance graph is a DAG.

Constructing call-graphs is slightly more complicated.
T he target of a method invocation p.m() will depend on the
runti me type of p. We do a conservative type-basel analysis
of the potential targets of method invocationsby considering




the inheritance graph. A more precise data- o w based anal-
ysis would be possdble but is not necessay for our purp oses
T he call-graph will typically be a fores of directed graphs.
T he reason is that most Java programs are multi -threaded
(if not explicitly then impli citly through the use of graphi-
cal user interface§ and many calls appear \sp ontaneously”
through actions of the Java runtime system.

Control- o w analysis is complicated by the fact that
most Java bytecode instru ctions can throw an exception. As
a result control- ow graphs are very dense with exception
edges and hence become highly unreadable. We therefore
omit many edgessuch as those generated by possble null-
pointer exceptions.

Once daily graphs have been constructed they must be
merged into a \ time-slicegraph.” To merge two graphs G;
and G, (where G, is a modied version of G;1) we identify
which node n from G; corresponds to which node m from
G, and add an edgen! m:

G

(Here, colors indicate node identiti es.) Tgrip knows that
these (dashed) time-slice edgesshould be treated specially.
In parti cular, Tgri p will attempt to place the same node
from two slicesin approximately the samelocation. T hiswill
allow for smooth transitions as the user navigates through
time.

For inheritance graphs and call-graphs it is straight-
forward to add time-slice edges. The reason is that every
node can easily be given a unique identity. In the caseof
the inheritance graph each node is identi ed by the fully
quali ed class name. In the caseof the call graph each node
is identi ed by class-name:method-name:method-signature.
It is necessay to include signatures in the identi er since
Java allows method overloading.

Adding time-slice edgesfor control - o w graphs is signif-
icantly more dicult. To seewhy, consider the following
example:

Here, two nodes (corresponding to the then and else
branches of the if-statement) of the control - o w graph have
changed. However, it will in general not be possible to deter-
mine which node in G; changed into which node in G,. We
might heuristically identify the two nodes with the small-
ed edit distance, but at best this can only be an educated
guess. Our current version of the system employs a very
conservativ e estimate of which nodes correspond to which
nodes across slices In parti cular, it identi esnodes by cal-
culating a hash on the instructio n body of the node and

linking nodes with identi cal hashes across time-slices It
assumesthat nodes that have changed and thus have new
hash values are in fact new nodes. This means that changed
nodes may not appear closeto the samenode over di eren t
time-slices

In practice, this is not a signi cant problemif only a few
nodes change since these other nodes x the postion of the
new node relativ ely closeto the original, and such that it is
perceptively obvious that the new node is an altered version
of the old one.

In additi on to the information extracted from the pro-
gram code we also incorporate information from the CVS
respository itself into the graphs. This includ es time -stamps
and author informati on.

After all piecesof information have been gathered and
the graphs have been merged we are left with three graphs:
an inheritance graph, a call-graph, and a set of control - o w
graphs. Each graph has n (number of days) layers, where
each node in one layer is connected by a time-slice edgeto
the corresponding node in the next layer.

5 Related Work

Many program visualization tools have been proposedin the
past. The aim of thesetoolsisto improve the understanding
of computer programs by humans by portraying them in a
form that is more readable than mere source code. In this
section we will briey review some software visualization
tools. For more in-depth information we refer the reader
to one of the many available visualization taxonomy stud-
ies [22,23,26,27].

5.1 Static Visualization

One of the bed known interacti ve software visualization sys-
tems is BALS A [4] developed at Brown University. BALSA
annotates the program being visualized with hooks so that
\i nteresting events" such as changesto data structures and
subroutine calls and returnss can berelayed to the visualiza-
tion system. This in turn builds up a view that corresponds
to these evernts.

BALSA later evolved into Zeus [5], a system that shows
multiple synchronized views of a running program. Zeus al-
lows a developer to interrupt the running program and edit
it using any one of many available data structure represen-
tations. The changes are propagated to update all other
views. Furthermor e, Zeus allows a user to use sound and
color to enhance the visualization.

SHriMP [28] is a more recert systemthat o ers a variety
of di erent graphical viewsof a software system. For exam-
ple, classand inheritance hierarchies as well as aggregation
can be visualized. A programmer trying to understand how
various componens of a software system t together can




zoom in or out of particula r componerts as well as focus on
speci cs such as relevant documentati on or source code.

One major problem with visualizing call-graphs is their
density. Young [29] attempts to overcomethis problem by
abandoning the standard graph view for a CallStax view.
This lays out ead call chain as a stack of cubes. T he view
is examined in a virtual reality environment.

5.2 Visualizing Evolving Software

Real-world software changesover time and software becomes
better or worse becauseof the changes made to it. There
are many tools available for analyzing such changes. These
usually extract historical informatio n stored by change man-
agemert systemssuch asCVS and SCCS. SoftChange[20] is
such tool that extracts complexity, size, purp oseand author
of changes made to a program and summarizes this infor-
mation in textu al web-based reports. The authors note that
\to study software changes it was essetial to handle large
and complex data sets. The volume, complexity, and lack
of structure of software change data overwhelm standard
statisti cal analysis tools."

Ball [2] describesa tool that att empts to deducea better
understanding of a program from its development history.
T he system attempt sto synthesizeviewsof the requirements
of the software, the implementatio n technology, the devel-
opment processand the organization of developers basedon
the version control system logs and the source code.

Ball [1] describesa system that visualizesmany di eren t
aspects of software using three di erent types of represen-
tation: Line representation shows program source at three
scaling levels, giving both detail and overview. Pixel rep-
resentation shows each line of code as an individu al pixel.
Hierarchical representation, nall y, is used to model statis-
ticsfor structu red data such as le systems. In all casesthe
text or pixels are color coded to show a partic ular statistic
of interest. Particularly relevant to our work isthe fact that
the system coallects information about code age.

Eick [11] visualizessdftware changesusing mostly tradi-
tional views such as bar-graphs, pie<charts, matri x views
and cityscape views. A large number of dierent types of
statisti cs can be displayed, allowing changesto the system
to be viewed from many dierent perspectives. The most
signi ca nt strength of this system, however, is that is able
to examine extremely large programs, up to seweral million
lines of code.

5.3 Dynamic Graph Drawing

Graph drawing techniques for static graphs have been used
for dynamic graph visualization. North [24] studies the in-
cremental graph drawing problem in the DynaDAG system.
Brandes and Wagner adapt the force-directed model to dy-
namic graphs using a Bayesian framework [3]. Diehl and
Gerg [9] consider graphs in a sequence to create smoother
transitions. Special classes of graphs such as trees, series-
parallel graphs and st-graphs have been also been studied
in dynamic models [7,8,21]. Most of these approaches how-
ever, are limited to special classes of graphs and usually do
not scde to graphs over a few hundred vertices.

6 Discussion

Figure 3 shows a sequence of snapshots of the SandMark
inheritance graph. There a several notable events. In Fig-
ure 3a;5 and Figure 3c.4 one author \ broke the build," i.e.

chedked in code that would not compile properly. This prob-
lem was x ed in the next time-=lice. Going from the time-
slice in Figure 3p.1 to Figure 3p., a large code-segmert
(almost 10,000 lines of code shown as two green tendrils
stretching towards the top of the page) was removed.

It is alsointeresting to note that di eren t authors can be
seen to play distinct roles. Author 2 (yellow) is obviously
more involved in the core architecture of the software. The
nodes (classes) he intro duces lie close to the center of the
inheritance tree and other classesextend them. Author 1
(red), although as proli c in generating new classesas au-
thor 1, intro ducesclassesalong the fringe of the graph. They
are spedalizati ons of core classes and presumably implement
actual functionality. Thus it is reasonableto conclude that
author 2 is a system architect and author 1 a programmer.

Figure 4 shows snapshots of the SandMark call-graph.
Figure 4a.1 shows that an ealy part of the system con-
sisted of two main parts, the gui (top) and the obfusca-
tion algorithms (bottom). In June of 2002 a new struc-
ture was created (sandmarkuti l.co ntrol flow ) which be-
came a mediation-point between the two stru ctures. This
is shown in purple in Figure 4a.,. Initial ly, the gui
calls the obfusation algorithms directly but over time,
sandmaik.ut il.c ontro Iflo wcomes into existence between
the two partsand acts asan intermediary. Figure 4g .3 shows
another instance of the build being broken.

Figure 5 shows the control- ow graph for a method
sandmaik.ut il.s tacks imul ator. StackSimulato r.ex ecute ()
from SandMark. The large size of the graph itself makesit
stand out among the control - o w graphs of other methods
and identi esit as a good candidate of refactoring. Fur-
thermore, the relativ e absence of blue indicating unchanged
basic blocks in a1, a:2 and g.4 allows one to deduce that
the most of the method is being rewritten during this
period.

It isimportant to note that for reasmable size programs
the generaed graphs can be huge. Our current test case
is the SandMark system which consists of approximately
90,000 lines of code developed over 200days.! The generated
call graphshave a total of 760,201 nodesand 2,216,034 edges
over all the time-slices The inheritance graphs have a total
of 100,722 nodes and 123,145 edges.

The control- o w graphs consig of a total of 3,091,105
nodes and 3,294,038 edges Visualizing graphs of this mag-
nitud e is a daunting task.

One of the techniques Gevol usesfor making this graph
more manageable is to preprocessthem before displaying
them to contain only those nodesthat the use is currently
interested in. The system allows the user to spedfy (us-
ing a regular expressbn) the range of values for a particula r
eld of a node that the user wishesto view. For example,
alth ough the control - o w graph contains well over three mil-

1The actual development time is longer than that but 200 days is
the extent of the CVS record.




lion nodes the user may only be interested in those nodes
that occur in a particular package or by a particula r author.

7 Summary

We have preserted a system for visualization of the evolu-
tion of software using a novel graph drawing technique for
visualization of large graphs with a temporal componert.
Threedi eren t typesof graphs were considered: inherita nce,
control- ow, and program call-graphs.

T hroughout the paper on the bottom right hand side
we have included a seies of inheritance graphs that can
be \animated" in a ip- book fashion to give an idea of the
Gevol system in action.

Ac knowle dgments: The extraction of some of the CVS
graphs was done by Christopher Brue and Abin Shahab.
Kelly Hen er helped in analyzing the temporal views of
SandMark.
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