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Abstract

There has been a lot of research made on random graph generation, however most existing
generators only offer a probabilistic expectation that a certain property will exist in the final graph.
Therefore, this graphs are not adequate to be used as exercises in introductory algorithms courses
since their properties may not relate to the algorithms being studied. We propose new algorithms
that generate graphs parameterized by specific properties, specially selected for classes’ exercises. Our
algorithms generate unweighted, undirected, connected graphs and weighted, directed graphs. We
evaluated our algorithms by implementing a set of tools which were used in an introductory algorithms’
course lectured at our University. Our tools were used to evaluate the current automatic grading
process, to generate the graphs used to grade students’ solutions for curricular exercises and to find
problems in those solutions with small inputs. The results were highly positive.
Keywords: algorithm, graph, graph generator, education, MOOC

1. Introduction
Never was the goal of wide spread knowledge so
available to the common user as today, with massive
open online courses (MOOC) taken by thousands of
students worldwide. However, the world classroom
also faces new dilemmas. Tutors must provide exer-
cises for thousands of students, and students some-
times need additional practice.

Graphs are an important data structure in an in-
troductory algorithm’s course. From this perspec-
tive, the generation of thousands of different graphs
for students’ exercises is a daunting task, since ex-
isting tools are aimed at very large networks and
not at classroom exercises.

We start this paper with a terminology section.
Then, we review the state-of-the-art. In the follow-
ing section we propose our new algorithms. After-
wards, we describe the evaluation or our work. The
paper finishes with the conclusions and some topics
for future work.

2. Preliminaries
In this section we explain the most important ter-
minology used in this paper. The definitions men-
tioned here are generally accepted in the field of
study of algorithms and can be found in any aca-
demic manual of reference (see, for instance, [12]).

A graph G is a pair (V,E), where V denotes a
finite set of vertices and E a set of relations on V ,

each one referred to as an edge. In an undirected
graph, the edge set E holds unordered pairs, while
in a directed graph each pair is ordered.

A path p from vertex u to vertex x is a sequence
of vertices 〈v0, v1, . . . , vk〉, such that u = v0, x = vk
and (vi−1, vi) ∈ E, for i = 1, 2, . . . , k. If there exists
a path p from u to x, we say that x is reachable from
u, via p. This is represented u x. The length of a
path is the number of edges in the path. The weight
of an edge is a function that maps edges to real-
values. The weight of a path w(p) or w(v0, vk) is

the sum of the weights of its edges
∑k

i=1 w(vi−1, vi).
In an unweighted graph we assume every edge has
weight 1.

A path 〈v0, v1, . . . , vk〉 forms a cycle if v0 = vk
and k ≥ 2 (for a directed graph), or k ≥ 3 (for an
undirected graph). A graph with no cycles is called
acyclic. We call a cycle with a length of 1 a self-
loop. A cycle c with a negative weight w(c) < 0 is
called a negative-weight cycle.

A shortest path from u to v is a path p with min-
imum weight w(p). Let δ(u, v) denote the weight of
the shortest path from vertex u to vertex v. When
there is no path from u to v, we have δ(u, v) =∞.

An undirected graph is connected if every vertex
is reachable from all other vertices. A tree is a con-
nected, acyclic, undirected graph. A rooted tree is a
tree where one of the vertices is distinguished from
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the others by calling it the root of the tree.

A bipartite graph is an undirected graph in which
V can be partitioned into two sets V1 and V2 and
each edge (u, v) ∈ E connects a vertex in V1 to a
vertex in V2.

3. State-of-the-art
In this section we review the state-of-the-art. Since
the graphs our algorithms generate will be used
as exercises in introductory algorithms courses, we
first review the work done in automatic generation
of exercises.

Although much research has been done in this
area, the topic of algorithms has not yet been fo-
cused. McArthur et al. describe an Intelligent Al-
gebra Tutor, which creates new problems based on
a provided grammar [29]. In the field of Theory of
Computation, Tscherter creates the Exorciser Sys-
tem, which automatically generates exercises and
also comments for students, regarding the solving
process [39]. Singh et al. describe a new approach
for generating random algebra problems similar to a
given one [36]. For generating problems for natural
deduction, Ahmed et al. describe two alternatives:
producing problems similar to a template and pro-
ducing parameterized problems [1].

One recurring problem in automating the gener-
ation of exercises is how to adapt the level of diffi-
culty of such problems to students expertise [29, 5].
Andersen et al. describe a trace-based framework
for analyzing the complexity of problems, exem-
plifying their work with early mathematics educa-
tion and level generation for an interactive puzzle
game [5].

A second field of interest is the automatic assess-
ment of programing exercises, since our goal is pre-
cisely the generation of graphs to be used in pro-
gramming exercises. Automated systems for assess-
ing programming exercises seem to be, at least, as
old as exercise assessment itself. For a survey with
an historical perspective between 1960 and 2005,
see Douce et al. [13]. For a more feature focused
perspective see Ala-Mutka [3], till 2005 and Ihan-
tola et al. [21] from 2005 to 2010.

One of the first references on this subject is from
Hollingsworth [20]. The 1960 Grader System pro-
duces a simple outcome: “wrong answer” or “pro-
gram complete”. Later that same decade, Hext
and Winings [18] address some new topics, such
as students’ plagiarism, stored test data and sum-
maries of execution results with their Basser Auto-
matic Grading Scheme. The TRY System appears
in the late eighties [34], focusing on making tests
also timely available to students and avoiding data
corruption by (innocent or malicious) students’ pro-
grams. In 1997, Jackson and Usher present the
ASsessment SYSTem, which allows weights to be

assigned to particular aspects of tests, thus using
a scaling approach in awarding marks. Finally,
in 2013 Alur et al. also focus on assigning partial
grades for incorrect answers [4], but their final aim
is to provide meaningful feedback to students. From
the same year, Pex4Fun is an automatic white-box
test generation tool for .NET [38]. This system tries
to create inputs to cross every execution path, effec-
tively tackling the problem of scalability in grading
and providing personalized feedback for program-
ming assignments.

Besides the creation of assessment system, re-
search also concentrate on the problems facing these
systems. Glassman et al. investigate the predispo-
sition of teaching staff and automatic assistants to
direct students to one specific solution [16], instead
of pursuing the solution intended by the student.
Singh et al. propose a new method to provide de-
tailed feedback to MOOC Students [37], based on a
reference implementation provided by the instruc-
tor and on an error model, which describes poten-
tial corrections to errors that students might make.
Finally, gamification (the use of game design ele-
ments in non-game contexts) has been used to teach
programming [15] to under college students [9] and
other broader audiences [19]. In this case, all the
interaction with the student is automatic, from the
presentation of the problem, to the solution assess-
ment.

Lastly, we go over random graph generators. The
research done on the random generation of graphs
focuses primarily on very large networks, such as so-
cial networks or the World Wide Web. The study
of this type of graphs is out of scope in this pa-
per, since our goal is not to replicate real world
scenarios. Additionally, these models usually focus
on a set of properties [2] different from the one rel-
evant to this work. Nevertheless, the generators for
this kind of models should be mentioned, since they
also have the goal of generating random graphs and
might, therefore, present good leads to our work.

Erdős and Rényi are generally pointed as pioneers
in this field [10]. Their seminal work dates back
to 1959, when they created a model for generating
graphs that takes their names [32]. This model is
still considered the simplest way to generate a ran-
dom graph: given n vertices, an edge (u, v) is added
to the graph with probability p.

There has been a lot of research done on the
transition phase of p [7, 8, 23, 26], i.e., the value
of p for which the probability of certain property
to exist, in every generated graph, approaches 1 as
N →∞ (with N referring to the number of edges).
Some of the properties which have been studied are
connectedness [35], the size of the largest compo-
nent [6, 28, 25, 30], or the bounded average de-
gree [14, 31].
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One recent discovery in graph theory is that many
networks with complex topology have a common
property: the vertex connectivities follows a scale-
free power-law distribution. Although several al-
gorithms have been used to generate graphs asso-
ciated with the power-law model, we can distin-
guish between two main approaches: the curve fit-
ting family and the preferential attachment fam-
ily [17]. In the first case, the algorithms receives
as input a sequence of a scale-free degree distribu-
tion D = 〈d1, d2, . . . , dn〉. Each vertex is assigned
a value from D, representing its degree. Next, ran-
dom edges are generated, but they are only added
to the graph if their addition does not exceed the
pre-established degree value [33].

In the second approach (the preferential attach-
ment family), the algorithms start with a small,
fully connected graph. Then, an incremental pro-
cess follows, where at each time-step one vertex is
added to the network, and connected to m random
vertices R = 〈v1, . . . , vk〉, with probability propor-
tional to v degree [11].

Besides the preciously mentioned, some algo-
rithms do exist to generate graphs not necessarily
related to very large networks.

To generate a random bipartite graph, Kannan
et al. [24] suggest applying alterations to an exist-
ing bipartite graph G. The main idea is to select
two random edges (t, u) and (v, x) and swap both
vertices from one partition, so maintaining the bi-
partite graph property and two new edges: (t, x)
and (v, u). This is called “switching”.

Algorithm 1: Obtain a random spanning tree T =

(V,E) with prescribed root r

Input: Root vertex r, number of vertices n
Output: Random spanning tree (V,E) with root r

plus n− 1 vertices
1 V ← {r}
2 E ← ∅
3 foreach vi ∈ {v1, . . . , vn−1} do
4 savedV← vi
5 while vi 6∈ V do
6 Next[vi]← randomVertex()

7 vi ← Next[vi]

8 vi ← savedV
9 while vi 6∈ V do

10 V ← V ∪ {vi}
11 E ← E ∪ {(vi,Next[vi])}
12 vi ← Next[vi]

13 return (V,E)

In this paper, we use a known algorithm to gen-
erate a random rooted tree. A random rooted
tree T = (V,E), with n vertices, can be cre-
ated with a random walk, as described by Wil-
son [40] and represented in pseudocode in algo-
rithm 1. The tree T = (V,E) starts with only one
vertex, called root, r (line 1). All the remaining

vertices (v1, v2, . . . , vn−1) are then cycled through
(lines 3–12), and for each {vi : i = (1, 2, . . . , n−1)},
two steps are taken: a random walk is performed
(lines 5–7) and the resulting path is added to the
tree (lines 9–12).

Both steps need to start at the same vertex and
so, vi is saved (line 4) for later use (line 8). The
random walk is performed by, first, randomly se-
lecting a vertex vj with the randomVertex() func-
tion. Then, a pointer is added from the previous
vertex to the latter: Next[vi] ← vj (line 6). This
random step is carried out until a vertex in the tree
is found vj ∈ V , as shown in lines 5 and 9.

Cycles are ingeniously avoided. Since each ver-
tex only keeps one pointer, a second pass on the
same vertex assigns the Next pointer to another
random vertex, thus avoiding any cycles (including
self-loops).

In the second step of the algorithm (lines 9–12),
the random walk is again visited to assign the new
path to the tree (in lines 10 and 11 vertices and
edges are added).

4. Parameterized Graph Generation
We propose the random generation of graphs pa-
rameterized by specific properties, thus enabling
their use for specific academic goals.

4.1. Unweighted Undirected Graphs

In order to generate an unweighted undirected con-
nected graph, we start by using the algorithm de-
scribed by Wilson [40] to generate a random rooted
tree. Further edges are then added randomly with-
out breaking the desired properties. As a result,
every generated graph will be a connected graph.

4.1.1 Parameterizable Properties

Our algorithm generates a random graph (V,E)
with the following parameterizable properties:

1. Number of vertices, n

2. Number of edges, m
This property allows the user to determine the
number of edges of the graph. These two first
properties allow the user to control the size and
density of the graph, however, the number of
vertices is interpreted as mandatory while the
number of edges is not. The algorithm will
return a graph with a different number of edges
only if it is not able to comply with the user’s
request, either because no such graph exists,
or because one of the other properties would
be violated.

3. Existence of a shortest path p with a minimum
length, minSp
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This property ensures that there exists a short-
est path between a given vertex vroot and a
vertex v, of length δ(vroot, v) at least minSp.

∃v ∈ V : δ(vroot, v) ≥ minSp (1)

4. Maximum length maxSp of all the shortest
paths from a single source vroot
In this case, we bound all the shortest paths
from a single source (the root vroot) to a max-
imum length maxSp.

∀v ∈ V : δ(vroot, v) ≤ maxSp (2)

It should be stressed that not all combinations
of properties and their values are able to generate
a graph. A simple example is an undirected graph
with 2 vertices and 2 edges.

4.1.2 Algorithm Description

From a high level perspective, this algorithm creates
a graph G that respects the previously mentioned
properties, and then adds additional edges, mean-
while checking at each iteration if every property is
still correctly enforced.

The algorithm consists of three stages: first,
it creates a path sp = 〈vroot, v1, . . . vminSp〉, with
minSp size: δ(vroot, vminSp) = minSp. Then, algo-
rithm 2 includes sp in a tree G connecting all the
vertices V . Finally, algorithm 3 adds the remaining
edges to G.

Safe-Path. The algorithm first creates a path
sp = 〈vroot, v1 . . . vminSp〉 with minSp length:
δ(vroot, vminSp) = minSp. This path is safeguarded
to maintain its length: in order to respect property
3, δ(vroot, vminSp) can not become smaller. As the
algorithm ensures this path maintains its proper-
ties, we call it the “safe-path”. To create a safe-path
sp = 〈vroot, v1 . . . vminSp〉, the algorithm begins by
adding vertex vroot to sp. The remaining minSp−1
vertices are then randomly selected and also added
to sp, making sure that no duplicated vertices are
added. This algorithm, establishes property 3, gen-
erating a minSp length path.

Tree. After the safe-path sp has been created, al-
gorithm 2 includes sp in a tree T containing all the
vertices vi ∈ V of G. Algorithm 2 is adapted from
algorithm 1, described in section 3. We choose this
algorithm because it is a known way to generate a
random spanning tree.

In algorithm 2 we use different data structures
from the original algorithm description. T repre-
sents every vertex vi that is already reachable from
vroot: {vi ∈ V : vroot  vi}. On the contrary,

Algorithm 2: Create a tree with a safe-path

(adapted from Wilson [40]).

Input: Graph (V,E) where
∃sp = 〈vroot, v1, . . . , vminSp〉 : δ(vroot, vminSp) ≥
minSp, root vertex vroot, maximum length
maxSp

Output: Tree (V,E) where
∃sp = 〈vroot, v1, . . . , vminSp〉 :
δ(vroot, vminSp) ≥ minSp, and
∀vi ∈ V : δ(vroot, vi) ≤ maxSp

1 T ← {vi : vi ∈ sp}
2 T ′ ← V \ T
3 while T ′ 6= ∅ do
4 vi ← randomSelect(T ′)
5 savedV← vi
6 while vi 6∈ T do
7 Next[vi]← randomVertex()

8 vi ← Next[vi]

9 vi ← savedV
10 newPath ← list()
11 while vi 6∈ T do
12 newPath.push-front(vi)
13 vi ← Next[vi]

14 newPath.push-front(vi)
15 addableVertices

← min(newPath.length(),maxSp−δ(vroot, vi)+1)

16 foreach j in range [0, addableVertices− 1] do
17 T ← T ∪ {newPath[j + 1]}
18 T ′ ← T ′ \ {newPath[j + 1]}
19 E ← E ∪ {(newPath[j],newPath[j + 1])}

20 return (V,E)

T ′ groups every vertex which is not reachable from
vroot.

The algorithm has four cycles. The outer cycle
(lines 3–19) simply iterates over every vertex vi ∈
T ′. To do this, we random select vi ∈ T ′ (line 4)
while T ′ is not empty (line 3). The algorithm ends
when every vertex vi ∈ V is reachable from vroot:
∀vi ∈ V : vi ∈ T . The three inner cycles implement
the algorithm main loop.

In the first inner cycle (lines 6–8), a ran-
dom walk creates a new acyclic path. Function
randomVertex(), in line 7, can randomly select any
vertex, since the algorithm takes care of avoiding
cycles and self-loops. The vertices are temporary
kept in the Next[ ] vector. This is a vector of point-
ers, each pointing to the next vertex on the random
walk. Eventually, a vi ∈ T is added to the random
walk. This vertex vi connects the tree to this the
new path.

In the second inner cycle (lines 11–13), the ran-
dom walk path is again traverse. We begin in
the same initial vertex as before, which was saved
(line 5) and follow the vector of Next[ ] pointers.
The vertices of the random walk are added to the
front of a new list (line 12), called newPath (line 10).
Again, the cycle ends when vi ∈ T is found. This
vertex is also added to newPath (line 14) and is now
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the first vertex of this list newPath[0].
In the last cycle (lines 16–19), we again traverse

the random walk path, but this time in the reverse
order, since newPath was constructed this way. We
start at vi : vi = newPath[j] ∧ j ← 0 ∧ vi ∈ T ,
and finish either when newPath ends, or when
δ(vroot,newPath[j]) > maxSp. To determine which
one happens first (variable addableVertices), we cal-
culate the maximum number of vertices from new-
Path that can be added to T , respecting property
item 4. This can either be all the vertices from new-
Path (newPath.length(), line 15) or the difference
between maxSp and δ(vroot, vi) (vi ∈ T is the ver-
tex that connect the newPath to the tree; line 15).
The +1 addition compensates for the fact that vi,
which is already in T , is also in newPath.

An advantage of using a tree is that determin-
ing the length of every shortest path from vroot
is simpler, since there is only one path from vroot
to any vi ∈ T . At each newPath[j], we update
δ(vroot,newPath[j]), add the vertex to T (line 17),
remove it from T ′ (line 18) and the edge to E
(line 17). The −1 in line 16 and +1 in line 17 and
line 19 serve to ignore the first vertex vi : vi =
newPath[0] ∧ vi ∈ T .

In order to include sp in the tree, sp is given to
the algorithm as an existing path (line 1), similarly
to any other random walk.

Ensuring property 3 is simpler, since adding ver-
tices and edges to a tree does not change already
existent shortest paths: every new path added to
the tree will add new shortest paths from vroot to
new vertices without changing the shortest paths
to vertices already in T . This way, property 3 is
ensured by construction and does not need to be
verified in this stage.

Remaining Edges. Following the previous de-
scribed algorithms, we generate a graph that com-
plies with most of the properties described before
(subsubsection 4.1.1), with the possible exception
of the number of edges. The generated graph is a
connected tree and, as such, it has exactly |V | − 1
edges. Since our algorithm always starts with a con-
nected tree, if the user requested a lower number of
edges, the graph is finished. In our implementation,
the user is informed that the graph has a different
number of edges from the one requested.

However, the user may have requested a higher
number of edges. In that case, algorithm 3 is re-
sponsible for adding the remaining requested edges,
while respecting all the other properties the user se-
lected. This can be problematic, since some sets of
properties are not possible to translate to a graph.

In order to ensure termination, and still comply
as close as possible with the user’s parameters, we

Algorithm 3: Add edges to graph preserving at

least one shortest path of length minSp.

Input: Graph G = (V,E) where
∃v ∈ V : δ(vroot, v) ≥ minSp, root vertex vroot,
number of edges m, minimum shortest path
length minSp

Output: Graph G = (V,E) where
∃v ∈ V : δ(vroot, v) ≥ minSp and |E| = m

1 while |E| ≤ m do
2 (u, v)← randomEdge()

3 if (u, v) /∈ E then
4 E ← E ∪ {(u, v)}
5 BFS(G, vroot)
6 if ∀v ∈ V : δ(vroot, v) < minSp then
7 E ← E \ {(u, v)}

8 return G

impose a limit t (for tries), on the number of failed
attempts to add a new edge to the graph.

Since the maximum number of edges is also de-
termined by previous decisions in the graph gener-
ation process, if the requested number of edges is
not achieved, the algorithm is run from the begin-
ning ta times, creating a completely new random
generated graph. To summarize, in the worst case,
ta× t failed attempts to add a new edge are made.
In the end, the application returns the graph with
the number of edges closest to the number of edges
requested by the user and informs the final number
of edges of the graph.

The main concern, when adding new edges to
the graph, is with property 3. In fact, since
we generate a connected tree, no existing short-
est path from root δoriginal(vroot, vi) can be in-
creased by adding new edges. All new short-
est paths δnew(vroot, vi), resulting from new added
edges, have the same or a lower length: ∀vi :
δnew(vroot, vi) ≤ δoriginal(vroot, vi). This is a con-
sequence of having a graph where every vertex is
already reachable from vroot. For this reason, the
algorithm does not need to actively enforce prop-
erty 4, as it will naturally be respected.

Hence, the goal of algorithm 3 is to extend a
graphG = (V,E) with additional edges, such that it
maintains an existing shortest path of length minSp,
starting in the root vertex vroot.

In algorithm 3, for each potential new edge (u, v)
(line 2), one applies a BFS traversal (line 5) in or-
der to guarantee that at least one shortest path of
length minSp is maintained (line 6). If the shortest
path length is maintained, edge (u, v) is added to
the graph (line 4). Otherwise, (u, v) is discarded
(line 7). The algorithm terminates when the num-
ber of edges in G reaches the specified value (line 1).
To keep the pseudocode simpler, we omit the rep-
resentation of testing for t and ta.
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4.2. Weighted Directed Graphs
In this section we describe a new set of algorithms
to generate random weighted directed graphs.

These algorithms always start by creating a graph
based on the algorithm described by Wilson [40]
to generate a random (undirected) tree. Our al-
gorithms are then responsible for direction, weight,
and additional edges.

4.2.1 Parameterizable Properties

1. Number of vertices, n
See subsubsection 4.1.1, item 1.

2. Number of edges, m
See subsubsection 4.1.1, item 2.

3. Range of values for weights of the edges,
[minw,maxw]
This property determines the range of possible
values for the weights of the edges, which will
be randomly chosen.

4. Existence of negative-weight cycles, nc
This property determines the existence (or
nonexistence) of negative-weight cycles reach-
able from vertex vroot. If the user requests a
negative-cycle but the graph only has 1 vertex
reachable from the vroot no cycle is added (our
implementation warns the user of such situa-
tion).

5. Probability of paths not reachable from the
root vertex, reach
This property determines the probability of
the generated paths being reachable from the
source vertex, vroot. The user has always the
possibility to determine that all or none of the
vertices are reachable from vroot.

4.2.2 Algorithm Description

Our algorithm follows three steps to generate a
weighted directed random graph. It begins by cre-
ating what would be a tree in an undirected graph.
However, this time the edges will be directed. In
the next step, remaining edges are added. Finally,
weights are associated with every edge.

Creating a tree with direction To create the ini-
tial version of the graph, algorithm 4 again makes
use of an adaptation of the algorithm described in
section 3, authored by Wilson [40]. In our adap-
tation, each new path created will have a direction
(lines 16 and 18).

The direction of the edges is used to enforce the
reachability property (property 5), making a new
path reachable, or not reachable, from vroot. For
the vertices to be reachable, the edges are given a

Algorithm 4: Create a directed tree, adapted from

Wilson [40].

Input: Root vertex vroot, number of vertices n,
probability reach of new paths being reachable
from vroot

Output: Directed graph (Vr + Vu, E) where
∀v ∈ Vr : vroot  v and ∀v ∈ Vu : vroot 6 v

1 V ← {vroot}
2 E ← ∅
3 foreach vi : 1 ≤ i < n do
4 reachability ← randomBool(reach)
5 savedV← vi
6 while vi 6∈ V do
7 if reachability == true then
8 Next[vi]← randomReachableVertex()

9 else
10 Next[vi]← randomVertex()

11 vi ← Next[vi]

12 vi ← savedV
13 while vi 6∈ V do
14 V ← V ∪ {vi}
15 if reachability == true then
16 E ← E ∪ {(Next[vi], vi)}
17 else
18 E ← E ∪ {vi, (Next[vi])}
19 vi ← Next[vi]

20 return (V,E)

direction from vroot to the leafs (line 16), otherwise,
the direction will be from the leafs to vroot (line 18).
The decision whether the new path is reachable or
not is taken randomly, according to a parameter
passed by the user between 0 and 1, determining
how likely a path is to be reachable from vroot (used
in line 4).

An important facet of the algorithm is that a new
reachable path can only be connected to an already
reachable vertex. If the vertex connecting the new
path to the graph is itself not reachable from vroot,
every vertex from the new path is, also, unreach-
able from vroot. In algorithm 4 this is represented by
calling function randomReachableVertex() (line 8)
which returns a random reachable vertex or a ver-
tex not yet connected by an edge, while function
randomVertex() (line 10) returns any random ver-
tex.

Adding Remaining Edges If the parameter given
for the number of edges is still not reached, more
edges are randomly added, preserving the existing
condition of each vertex: unreachable vertices re-
main unreachable. Two random vertices v0 and v1

are selected, and a new edge is added between the
two. Table 1 shows how the direction of the new
edge is selected to accomplish the described reach-
ability goal.
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Table 1: New edges direction.
v0 v1 new edge direction

reachable reachable indifferent
reachable unreachable v1 → v0

unreachable reachable v0 → v1

unreachable unreachable indifferent

Weights Attribution Since the final graph is a
weighted graph, weights must be associated with
each edge. The user selects the weight range that is
used (a consecutive interval of integers, from a min-
imum value, minw , to a maximum value, maxw).
The difficulty in assigning weights to edges is re-
lated to another option available to the user: the
existence or nonexistence of negative-weight cycles
(notice that only cycles reachable from vroot are
considered). Regarding this last property (existence
of negative-weight cycles), three options are avail-
able to the user:

1. random-cycles
The weights are attributed randomly and the
generation of negative-weight cycles is not con-
trolled.

2. no-cycles
The algorithm must produce a graph without
negative-weight cycles.

3. has-cycles
The algorithm must produce a graph with, at
least, one negative-weight cycle.

If the user decides for no-cycles, algorithm 6 may
be used to achieve that end. Otherwise, a random
weight, in the selected range, is associated with each
edge. If the user selected the random-cycles op-
tion regarding negative cycles, the algorithm fin-
ishes. When the user decides for the has-cycles,
additional steps are needed. First, Bellman-Ford’s
algorithm is run on the graph to search for existing
negative-weight cycles. Bellman-Ford algorithm re-
turns a pair, consisting of a boolean status result,
and, case the status is true, a negative-weight cy-
cle (represented by the variable cycle). If such a
cycle is found, the graph complies with the user
request and the algorithm finishes. If no negative-
weight cycle is found, a depth first search (DFS)
is performed to find an existing random generated
non-negative-weight cycle (this function returns a
pair, once again, consisting of a boolean status re-
sult and a possible cycle). If found, it is trans-
formed to a negative-weight cycle (see paragraph
“Transforming a Cycle” below). Finally, if no cy-
cle is found, a new cycle is generated (algorithm 5)
using only reachable vertices. In case there are less

than two reachable vertices our implementation ex-
its and warns the user that it is not possible to
generate a negative-weight cycle.

Generating a Negative-Weight Cycle. To gener-
ate a negative-weight cycle, in a graph where
none exists, we use algorithm 5. First,
randomReachableVertex() randomly selects two
different vertices v0 and v1 (lines 1–4), reachable
from vroot, and adds them to a path p (line 5). A
third vertex is necessary to create a cycle, however
it must be different from v1, or we would create a
self-loop (line 6). Now we check if vj is already in
p, for that would mean we created a cycle. Repeat-
edly, random vertices vj are added to p (lines 11–10)
until a repeated vertex is selected (vj ∈ p), creating
a cycle (line 9). We add the last vertex to p to close
the cycle (line 12) and assign random weights to ev-
ery edge in the new path (lines 13–14). Finally, the
cycle is weighted w(p) (line 15). If w(p) < 0, the al-
gorithm finishes, otherwise, the cycle is transformed
(line 16, further detailed below in Transforming a
Cycle).

Algorithm 5: Create a reachable negative-weight

cycle.

Input: Graph (V,E), range of admissible weights
[minw,maxw]

Output: Graph (V,E) with at least one
negative-weight cycle p

1 repeat
2 v0 ← randomReachableVertex()

3 v1 ← randomReachableVertex()

4 until v0 6= v1
5 p← 〈v0, v1〉
6 repeat
7 vj ← randomReachableVertex()

8 until vj 6= v1
9 while vj 6∈ p do

10 p← p ∪ {vj}
11 vj ← randomReachableVertex()

12 p← p ∪ {vj}
13 for vi ∈ p do
14 (vi, vi+1)← randomWeight(minw,maxw)

15 if w(p) ≥ 0 then
16 transformCycle(p)

17 return (V,E)

Transforming a Cycle. To transform a negative-
weight cycle into a non-negative one (and vice
versa), we randomly select an edge and give it a new
weight. If the new weight helps the intended goal, it
is kept, otherwise the previous value is restored. So,
if the goal is to transform a non-negative-weight cy-
cle into a negative one, every weight which is lower
than the existent is kept, and the rest are ignored.
This algorithm keeps iterating until a non-negative-
weight cycle is reached.
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Weights Attribution Algorithm. To attribute
weights, algorithm 6 begins by attributing only pos-
itive weights to every edge (line 2). Then, a percent-
age of edges, proportional to the negative segment
of the weight range requested by the user (line 4),
is potentially turned negative (lines 5–11). For in-
stance, considering the range [−5, 15], a quarter of
the edges are potentially turned negative. A nega-
tive value is associated to each one of these edges
(line 8), and a Bellman-Ford algorithm is run on the
graph (line 9). If no negative-weight cycle is found,
the new value is attributed to the selected edge,
otherwise the previous value is restored (line 11).

Algorithm 6: Attribute weights without negative-

weight cycles.

Input: Graph G = (V,E) without weights, range of
admissible weights [minw,maxw]

Output: Weighted graph G = (V,E), without
negative-weight cycles

1 for e ∈ E do
2 e← randomWeight(0,maxw)

3 i← 0
4 j ∝ [minw, 0[
5 for i < j do
6 (u, v)← randomEdge()

7 w′ ← w((u, v))
8 w(u, v)← negativeValue()

// if a negative-weight cycles is found

9 (status, cycle)← Bellman-Ford(G,w, vroot)
10 if status == true then
11 w((u, v))← w′

12 return G

5. Evaluation
5.1. Evaluation Data
The evaluation of our algorithms and implemented
tools was accomplished in a real scenario, using
data from the Analysis and Synthesis of Algorithms
course, in the second semester of 2014/2015. This
course is taught in the second year of the Infor-
mation Systems and Computer Engineering Bach-
elor’s Degree at Instituto Superior Técnico. The
students’ evaluation method includes two program-
ming projects, besides tests and other exercises.
Each project consist in a problem, provided by the
faculty, that the students must solve with an appli-
cation, using the knowledge acquired in classes.

The hardware used to run the evaluation was a
64-bit AMD Opteron Processor 6172, running at 2.1
GHz, with 24 CPU’s, and 64 Gb of RAM, running
Linux (Fedora release 13, Goddard). We used the
GNU C/C++ compiler version 4.4.5.

5.2. Evaluation Model
5.2.1 Code Coverage

Towards evaluating the contributions to tutors’
work, we analyze how the graphs generated by our

tools can replace those created by faculty members
as input for students’ exercises and evaluation.

To ascertain the value of the input provided by
our tool, a code coverage tool was used. The pur-
pose of the code coverage tool is to measure how
much of the students code is executed using the
generated graphs as input. The goal is that our
tool generates graphs that will execute the maxi-
mum amount of students’ source code.

The tool selected for ascertain code coverage was
GCC gcov [27], the GNU coverage tool. The per-
centage of code coverage we present measures all
the cumulative code that was executed by running
students’ solutions with the input of the 16 graphs
used for the grading process of each project.

5.2.2 Smallest Graph to Find a Problem

In order to evaluate the contribution of our tool to
help students, we analyze how it can be used to
debug their applications.

Our random graphs generators were made avail-
able to the students to provide them with a way to
generate input examples during the implementation
phase of their solutions.

To evaluate the value of our tools when used by
the students, we determine what is the smallest
graph the tools generate that makes the student’s
solution fail. Each graph is used as input to the stu-
dents’ solutions and behaves as a test. If a student’s
solution fails this test it means it has a problem, and
can be improved. The goal is to create the smallest
graph able to identify a problem in students’ solu-
tions, meaning, a graph small enough that students
could use in a paper and pencil scenario to manually
retrace their algorithms. This was implemented by
successively testing bigger graphs, starting at the
smallest one possible.

First project In order to search for the minimum
graph to find a problem, we created a tuple sym-
bolizing all the varying properties that parameter-
ize our tool to generate an unweighted undirected
graph: G = 〈n,m,minSp,maxSp, seed〉. G repre-
sents the final graph, and the properties are, re-
spectively, the number of vertices, the number of
edges, the minimum shortest path, the maximum
shortest path and the seed.

These properties have all been described before
(subsubsection 4.1.1) except for the seed value. The
seed is an integer number, used to initialize the ran-
dom number generator in order to make the results
of the random generation repeatable.

In short, we began testing each student’s appli-
cation with graph 〈2, 1, 1, 1, 1〉 and ended when a
problem was found, or when we reached 20 vertices.
In order to keep the graphs small, this was the limit
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set (20 vertices). This also determines the limit of
the other parameters. The maximum number of

edges is based on the number of vertices n(n−1)
2 .

The minimum shortest path is bounded by 1 and
by the number of vertices (n − 1). The maxi-
mum shortest path has as minimum and maximum
bounds, respectively, the minimum shortest path
value (minSp) and n− 1.

A pseudocode representation of the search algo-
rithm is shown in algorithm 7 (specially lines 1 to 5).
The search is performed in lexicographic order, by
generating every possible graph from 〈2, 1, 1, 1, 1〉
to 〈20, n(n−1)

2 , n − 1, n − 1, s)〉, considering the
given parameter order and excluding impossible op-
tions. A simple search algorithm was used, were
in each iteration only one parameter is changed.
As an example, the first graphs to be generated
were 〈2, 1, 1, 1, 1〉, 〈2, 1, 1, 1, 97〉, 〈2, 1, 1, 1, 1000〉 and
〈2, 1, 1, 2, 1〉.

As shown in algorithm 7, after the new graph is
generated (line 6), the correct solution is obtained
by running the reference implementation with that
graph (line 7). Then, every students’ solutions is
tested with the same graph (lines 8–11). If it pro-
duces the correct output, the algorithm continues
to the next student’s solution. Otherwise, the fail-
ing student’s solution and the graph that found the
problem are registered (line 10), and the student so-
lution is removed from the set of students’ solutions
(line 11). The algorithm then continues to the next
student solution. When all students’ solutions are
tested with this graph, the algorithm proceeds to
generate a new graph.

This search pattern creates several biases that
must be taken into account in the analysis of the
results. However, at least one of the bias has a pos-
itive outcome. This is the case of the bias towards
smaller graphs. The concept of smaller is used here
in conjunction with the lexical order that was cho-
sen to perform the search, and not as general defi-
nition of a small graph.

Second project In the second project we follow
the same approach. The varying properties are dif-
ferent, although there are some that remain the
same: G = 〈n,m,minw,maxw,nc, reach, seed〉. G
represents the final graph, and the properties are,
respectively, the number of vertices, the number of
edges, the minimum weight of an edge, the maxi-
mum weight of an edge, the existence of negative-
weight cycles, the existence of unreachable vertices
and, finally, the seed. These properties have all
been described before (subsubsection 4.2.1) except
for the seed value (explained in the previous topic
about the first project).

The weight ranges selected for testing were
[−10, 10], [−1000, 1000] (both with negative-weight
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Figure 1: Frequency of problems found by graphs
with n,m for project 1.

cycles and without), [0, 200] and [−200,−1] (both
without imposition regarding negative-weight cy-
cles).

5.3. Results
5.3.1 First project

We analyzed 227 students’ solutions pertaining the
first project.

Code Coverage The coverage tool reported an av-
erage value of 92.15% coverage of students’ solu-
tions code, for the first project, after running the
16 graphs used for the students’ grading process.
There were no values below 65%. These results in-
dicate that our tool generates graphs that tutors
can use to evaluate students code.

Smallest graph In graphs with a maximum of 20
vertices, we found 26 solutions with problems, rep-
resenting 11.40% of solutions, from a total of 227
solutions delivered by the students.

Although this seems a very low figure, we must re-
member that we can not pinpoint exactly how many
students’ solutions indeed have problems. Compar-
atively to the automatic grading process, where 48
students’ solution failed at least one test, our search
found 54.11% of these problematic solutions.

We notice that a total of 96.17% of students’ so-
lutions which were found to have a problem, failed
with graphs that are trees. In fact only one of the
listed graphs is not a tree. As such, we can hy-
pothesize that varying the number of vertices is the
single most important factor to finding problems in
this project.
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Algorithm 7: Lexicographic search of smallest graph to find a problem for project 1.

Input: Set of all students’ solutions S
Output: List of graphs L with n ≤ 20 that find problems in S

1 for n ∈ {2, . . . , 20} do
2 for m ∈ {(n− 1), . . . ,

n(n−1)
2
} do

3 for minSp ∈ {1, . . . ,n− 1} do
4 for maxSp ∈ {minSp, . . . ,n− 1} do
5 for seed ∈ {1, 97, 1000} do
6 graph← GraphGenerator(n,m,minSp,maxSp,seed)
7 correct output← ReferenceSolution(graph)
8 for StudentsSolution() ∈ S do
9 if StudentsSolution(graph)! = correct output then

10 L← L ∪ register(StudentsSolution(),graph)
11 S ← S \ {StudentsSolution()}

12 return L

We take note of this trend in Figure 1. In this
chart, every graph that found a problem is repre-
sented by a dot. The number of vertices n and the
number of edges m are represented by the x and
y axis, respectively, and the color of the dot rep-
resents the quantity of problems found by graphs
with n vertices and m edges. The limit line identi-
fied with min(m) signals dots with (m = n− 1). It
is noticeable that, with one exception, all the dots
are aligned along the “tree” line.

5.3.2 Second project

There were 221 students’ solutions analyzed for the
second project.

Code coverage In the second project, the cover-
age tool reported a 96.17% coverage for students’
solution, after running the 16 tests used for grad-
ing. Notice that there are no values below 55%.

Smallest graph In this second project, we found
141 solutions with at least one problem, represent-
ing 63.80% of a total of 221 analyzed students’ so-
lutions.

Comparatively to the automatic grading process,
where 91 students’ solutions failed to produce the
correct output for at least one of the inputs, this
represents a 154.95% increase. Note however, that
the automatic grading system was not bounded to
a limit of 20 vertices.

6. Conclusions
The automatic generation of exercises for students
is a topic that has received some attention in the
last decades. However, the area of graph genera-
tion for introductory algorithm courses has not yet
been addressed. Graph generation on itself has re-
ceived a lot of attention, but most research is done
in relation to the Erdős-Rényi model and very large

networks, such as social networks or the Internet.
Hence, the algorithms proposed thus far are not ad-
equate to exercises for algorithms course.

We propose new algorithms to generate un-
weighted undirected connected graphs and weighted
directed ones. These algorithms allow tutors and
students to generate graphs with a selected size,
helping to create new exercises, test applications
and finding bugs with small inputs.

Our evaluation showed that our tools achieve
their goals. They were able to generate 32 graphs
used as tests for grading students’ solutions. When
using this graphs as input, students’ solutions exe-
cuted most of their code, proving the value of our
tools. We also found small graphs that would de-
tect problems in students’ solutions, thus showing
the usefulness of out tools for debugging.

7. Future Work
Some interesting questions result from the evalua-
tion data. An interesting idea that becomes clearer
during the evaluation process is that some graphs
seem to find a lot more problems than all the rest,
with apparently similar properties.

It would be interesting to investigate these graphs
and understand which properties make them use-
ful for finding problems. The results could, for in-
stance, be used as teaching examples of students
common mistakes.

Finally, an obvious future work is the research
about algorithms to generate graphs with different
properties from those present in this paper.
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[35] A. Ruciński and A. Vince. The solution to an extremal
problem on balanced extensions of graphs. Journal of graph
theory, 17(3):417–431, 1993.

[36] R. Singh, S. Gulwani, and S. K. Rajamani. Automatically
generating algebra problems. 2012.

[37] R. Singh, S. Gulwani, and A. Solar-Lezama. Automated
feedback generation for introductory programming assign-
ments. SIGPLAN Not., 48(6):15–26, June 2013. ISSN
0362-1340. doi: 10.1145/2499370.2462195.

[38] N. Tillmann, J. De Halleux, T. Xie, S. Gulwani, and
J. Bishop. Teaching and learning programming and soft-
ware engineering via interactive gaming. In Software Engi-
neering (ICSE), 2013 35th International Conference on,
pages 1117–1126. IEEE, 2013.

[39] V. Tscherter. Exorciser: Automatic Generation and In-
teractive Grading of Structured Exercises in the Theory
of Computation. PhD thesis, Swiss Federal Institute of
Technology Zurich, 2004.

[40] D. B. Wilson. Generating random spanning trees more
quickly than the cover time. In G. L. Miller, editor, Pro-
ceedings of the Twenty-Eighth Annual ACM Symposium
on the Theory of Computing, Philadelphia, Pennsylva-
nia, USA, May 22-24, pages 296–303. ACM, 1996. ISBN
0-89791-785-5. doi: 10.1145/237814.237880.

11


	1 Introduction
	2 Preliminaries
	3 State-of-the-art
	4 Parameterized Graph Generation
	4.1 Unweighted Undirected Graphs
	4.1.1 Parameterizable Properties
	4.1.2 Algorithm Description

	4.2 Weighted Directed Graphs
	4.2.1 Parameterizable Properties
	4.2.2 Algorithm Description


	5 Evaluation
	5.1 Evaluation Data
	5.2 Evaluation Model
	5.2.1 Code Coverage
	5.2.2 Smallest Graph to Find a Problem

	5.3 Results
	5.3.1 First project
	5.3.2 Second project


	6 Conclusions
	7 Future Work

