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Abstract

Alternative plan generation can be used to meet the user’s
preferences in a scheduling problem, when either the schedul-
ing model does not take every available preference into ac-
count, or the user does not specify his preferences correctly
in a formal manner. In this paper, an alternative plan gener-
ation method that takes into account in-domain specific at-
tributes of the scheduling problem, is applied to an electronic
calendar management scheduler in order to generate signif-
icantly different qualitative alternative plans. The scheduler
is based on an adaption of the Squeaky Wheel Optimization
Framework (SWO) and addresses the problem of optimizing
individual activity plans (that concern activities one person
has to accomplish independently of others), based on a rich
model for their specification involving complex constraints
and preferences and enhanced with extra attributes that mea-
sure the distance of each plan from the already found.

Introduction
Generating alternative plans for planning and scheduling
problems is another way of ensuring that at least one plan
will meet the user’s preferences. According to Kambham-
pati (Kambhampati 2007), in many real world planning sce-
narios the user’s preferences are either unknown or at best
partially specified. Other systems attempt to elicit user pref-
erences in a non-intrusive manner, by presenting alternative
plans to the user and building a preference model based on
his choices (Berry et al. 2011), (Myers et al. 2007).

Intelligent assistance with time and task management has
been targeted by many AI researchers (Myers et al. 2007),
(Freed et al. 2008), (Refanidis 2007) (Refanidis and Alexi-
adis 2011), (Berry et al. 2011), (Bank et al. 2012). Electronic
calendar applications are usually based on a series of fully
specified and independent events. These events are specified
by a fixed start-time, a duration for the event and usually
a location. In addition, many systems support tasks. These
represent individual commitments potentially having a dead-
line to be met (e.g., preparing for a lecture or planning for a
trip). Tasks are kept in separate task lists and do not have a
specific start time. Conversion of a task to event is, usually
straightforward, accomplished by dropping the task into the
electronic calendar.
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(Refanidis and Yorke-Smith 2010) presents a model that
treats events and tasks in a uniform way. They are specified
as activities in the model and are characterized by a number
of attributes, such as a temporal domain, a duration range, a
set of alternative locations, interruptibility, utilization, pref-
erences over the temporal domain and alternative durations,
constraints and preferences over the way the parts of an in-
terruptible activity are scheduled in time. The model also
supports binary constraints (ordering, proximity and impli-
cation), as well as preferences between pairs of activities,
thus specifying a Constraint Optimization Problem (COP).
In the same work a scheduler, based on the Squeaky Wheel
Optimization framework (SWO) and combined with domain-
dependent heuristics to automatically schedule activities, is
presented. (Alexiadis and Refanidis 2012) presents a post-
processing module for SWO that increases solution quality
via local-search post-optimization.

There are a number of ways for introducing alternative
plan generation in a planner or scheduler. In the literature
we found two main approaches for tackling this issue. One
being the management of either the set of states or the order
in which they are evaluated by the search algorithm (Roberts
et al. 2012), (Dechter, Flerova, and Marinescu 2012). The
other—which we based our alternative generation method
on—being the modification of the heuristic of the planning
algorithm (Coman and Muñoz-Avila 2011), (Nguyen et al.
2012).

In this paper we present our approach to generate qual-
itatively, significantly different alternative plans, based on
the enhancement of the plan evaluation function used by
the scheduler during the optimization process with addi-
tional attributes that measure the differences with the already
generated solutions. We define the plan difference function
that takes into account domain-specific traits of the problem
formulation, as defined in the SWO article (Refanidis and
Yorke-Smith 2010).

The rest of the paper is structured as follows. Firstly, we
formulate the optimization problem and illustrate the SWO-
based approach. Next, we present the new evaluation func-
tion that considers (among other criteria) differences with
one generated plan. We proceed to define the plan difference
function (PDiff ) for comparing two plans. Afterward, we
extend the above functions to work with an arbitrary num-
ber of pre-generated solutions. In the Evaluation Section we



demonstrate their usage on a number of randomly generated
problem instances. Finally, we conclude the paper and iden-
tify directions of future work.

Background
In this Section we present the problem formulation, as well
as the SWO approach to cope with the problem.

Problem Formulation
In previous work (Refanidis and Yorke-Smith 2010), time
is considered a non-negative integer, with zero denoting the
current time. A set T ofN activities, T = {T1, T2, . . ., TN},
is given. For each activity Ti∈T , its minimum duration is de-
noted with dmini and its maximum duration with dmaxi . The
decision variable pi denotes the number of parts in which
the i-th activity has been split, with pi≥1. Tij denotes the
j-th part of the i-th activity, 1≤j≤pi. The sum of the dura-
tions of all parts of an activity must be at least dmini and no
greater than dmaxi .1 For each Tij , the decision variables tij
and dij denote its start time and duration. The sum of all dij ,
for a given i, must equal di.2 Non-interruptible activities are
scheduled as one part.

For each Ti, we define the minimum and maximum part
duration smini and smaxi,3 as well as the minimum and
maximum temporal distances between every pair of parts,
dmini

4 and dmaxi.5
For each activity Ti, its temporal domain is de-

fined as a set of temporal intervals defining Di =
[ai1, bi1]∪[ai2, bi2]∪. . .∪[ai,Fi , bi,Fi ], where Fi is the num-
ber of intervals of Di.6

A set of M locations, Loc = {L1, L2, . . ., LM}, as well
as a two dimensional, not necessarily symmetric, matrix
Dist that holds the temporal distances between locations
are given. Each activity Ti has a set of possible locations
Loci⊆Loc, where its parts can be scheduled. The decision
variable lij∈Loci7denotes the particular location where Tij
is scheduled.8

Activities may overlap in time. Each activity Ti is char-
acterized by a utilization value, utilizationi.9 At any exact
time point, the set of scheduled activities should have com-
patible locations (i.e., locations with no temporal distance to
each other as a person cannot be in two places at the same
time) and the sum of their utilization values should not ex-
ceed the unit (the time point maximum utilization value).

The model supports four types of binary constraints: Or-
dering constraints, minimum and maximum proximity con-
straints and implication constraints. An ordering constraint
between two activities Ti and Tj , denoted with Ti < Tj ,
implies that no part of Tj can start its execution before all
parts of Ti have finished.10A minimum (maximum) distance
binary constraint between activities Ti and Tj implies every
two parts, one of Ti and another of Tj , must have a given
minimum (maximum) temporal distance.11 Finally, an im-
plication constraint of the form Ti ⇒ Tj implies that in or-
der to include Ti in the plan, Tj should be included as well.12

Scheduling personal activities is considered a constraint
optimization problem. That said, the empty schedule is a
valid schedule but with low utility, thus we are interested

in better schedules. There are several sources of utility. The
main source concerns the activities themselves. Each activ-
ity Ti included in the schedule contributes utility Ui(di) that
depends on its allocated duration. The way Ti is scheduled
by a schedule πi within its temporal domain constitutes an-
other source of utility, U timei (πi). The user can define linear
and stepwise utility functions of time over the temporal do-
main of each activity.

Any form of hard constraint can also be considered a
soft constraint that might contribute utility. So, minimum
and maximum distance constraints between the parts of
an interruptible activity might contribute Udmini(πi) and
Udmaxi(πi) respectively. Similarly, binary preferences can
be defined as well over the way pairs of activities are sched-
uled. Especially for ordering and proximity preferences, par-
tial satisfaction of the preference is allowed. The Degree of
Satisfaction for a partial preference p, denoted withDoS(p),
is defined as the ratio of the number of pairs of parts, one
from Ti and another from Tj , for which the binary prefer-
ence holds, to the total number of pairs of parts.

To summarize, the optimization problem is formulated as
follows:

Given:
1. A set of N activities, T = {T1, T2, . . ., TN}, each one

of them characterized by its duration range, duration util-
ity profile, temporal domain, temporal domain preference
function, utilization, a set of alternative locations, inter-
ruptibility property, minimum and maximum part sizes as
well as required minimum and maximum part distances
for interruptible activities, preferred minimum and maxi-
mum part distances and the corresponding utilities.

2. A two-dimensional matrix with temporal distances be-
tween all locations.

1∀Ti, d
min
i ≤ di ≤ dmax

i OR di = 0 (C1)

2∀Tij ,

pi∑
j=1

dij = di (C2)

3∀Tij , smini ≤ dij ≤ smaxi (C3)
4∀Tij , Tik j 6= k ⇒ tij + dij + dmini ≤ tik ∨

tik + dik + dmini ≤ tij (C4)
5∀Tij , Tik j 6= k ⇒ tij + dmaxi ≥ tik + dik ∧

tik + dmaxi ≥ tij + dij (C5)
6∀Tij , ∃k, 1 ≤ k ≤ Fi : aik ≤ tij ≤ bik − dij (C6)
7lij ∈ Loci (C7)
8∀Tij , Tmn, Tij 6= Tmn ∧

(Dist(lij , lmn) > 0 ∨Dist(lmn, lij) > 0)
⇒ tij + dij +Dist(lij , lmn) ≤ tmn ∨

tmn + dmn +Dist(lmn, lij) ≤ tij (C8)
9∀t,

∑
Tij

tij ≤ t < tij + dij

utilization ≤ 1 (C9)

10∀Ti, Tj , Ti < Tj ⇔ di > 0 ∧ dj > 0
⇒ ∀Tik, Tjl, tik + dik ≤ tjl (C10)

11∀Tik, Tjl, tik + dik + dminij ≤ tjl ∨
tjl + djl + dminij ≤ tik (C11)
∀Tik, Tjl, tik + dmaxij ≥ tjl + djl ∧

tjl + dmaxij ≥ tik + dik (C12)
12∀Ti, Tj , Ti ⇒ Tj ⇔ di > 0⇒ dj > 0 (C13)



Figure 1: (a) The SWO cycle. (b) Coupled search spaces

3. A setC of binary constraints (ordering, proximity and im-
plication) over the activities.

4. A set P of binary preferences (ordering, proximity and
implication) over the activities.

Schedule
the activities in time and space, by deciding the values of

their start times tij , their durations dij and their locations lij ,
while trying to maximize the following objective function:

U =
∑
i

di ≥ dmini

(Ui(di) + U timei (πi) + Udmini (πi)
+Udmaxi (πi))

(1)

+
∑

p(Ti,Tj)∈P

up ×DoS(p(Ti, Tj))

subject to constraints (C1) to (C13).

The SWO Approach
(Refanidis and Yorke-Smith 2010) solves the problem us-
ing the Squeaky Wheel Optimization (SWO) framework
(Joslin and Clements 1999). At its core, SWO uses a Con-
struct/Analyze/Prioritize cycle as shown in Figure 1(a). The
solution is found by a greedy approach, where decisions
are based on an order of the tasks determined by a prior-
ity queue. The solution is then analyzed to obtain the tasks
that cannot be scheduled. Their priorities are increased, en-
abling the constructor to deal with them earlier on the next
iteration. The cycle will be repeated till a termination condi-
tion occurs. The algorithm searches in two coupled spaces,
as shown in Figure 1(b). These are the priority and solution
spaces. Changes in the solution space are caused by changes
in the priority space. Changes in the priority space occur as
a result of analyzing the previous solution and using a dif-
ferent order of the tasks in the priority queue. A point in the
solution space represents a possible solution to the problem.

SWO can easily be applied to new domains. The fact that it
gives variation on the solution space makes it different than
more traditional local search techniques such as WSAT (Sel-
man, Kautz, and Cohen 1995). (Refanidis and Yorke-Smith
2010) presents how SWO was adapted to to the Constraint
Optimization Problem presented in the previous Section.

Generating Mutiple Plans
In this Section we present our work on generating and eval-
uating qualitatively, significantly different alternative plans.
We begin by presenting a method to generate the first alter-
native plan (after the standard one is found) and we continue
with extending the method so as it can generate an arbitrary
number of alternative plans.

Generating Qualitatively, Significantly Different
Alternative Plan
Both the model and the scheduler have been designed with
the assumption of generating one high-quality schedule for a
set of activities. For generating an arbitrary number of qual-
itatively, significantly different alternative schedules, so as
the user can choose one according to her preferences, we
extended the model so as to integrate the notion of the value
of an alternative plan.

We define the value of an alternative plan as a linear com-
bination of its utility (1) with its deviation from the already
generated plans. In the simplest case, when there is a single
generated plan π′ to which we want to compare an alterna-
tive plan π, we adopt the following formula for evaluating
π, as a replacement to formula (1):

V (π) = U(π) + C × U(π′)× PDiff(π, π′) (2)

where C is a constant that weights π’s difference over
π′ and PDiff(π, π′) is a function assessing the two
plans’ differences. As it will be shown later in this Sec-
tion, PDiff(π, π′) ranges between 0 and 1. The higher
PDiff(π, π′) is, the greater the differences between the
two plans; PDiff(π, π′) = 0 stands for no differences.

In the initial stage, when the main plan hasn’t been gen-
erated yet, U(π′) = 0, so the above formula is simpli-
fied to V (π) = U(π), thus resulting in no differences
over the main plan generation procedure. When the sched-
uler has already found a plan for the user, it will try to
maximize concurrently both the utility of the current plan,
U(π), as well as the deviation from the already found plan,
C ×U(π′)×PDiff(π, π′). Note that the latter term of the
sum depends both on the difference between the two plans
and on the quality of the already found one. The factor of
U(π′) is introduced in order to scale two terms of the sum
similarly.

Quantifying the Degree of Deviation Between Two
Plans
We measure the deviation between two plans, π and π′, by
function PDiff(π, π′), which takes into account the fol-
lowing metrics:

1. The change in the total duration of each plan’s activity.
2. The change in the location of each plan’s activity or part

of it.
3. The change in the time windows where the various parts

of each activity have been scheduled.
4. The change in the order in which pairs of activities have

been scheduled.



In order to define precisely the above metrics, we
introduce two extra functions. First we define function
τ(π, Ti, x) = t ∈ Di, which for a schedule π, an activity
Ti and time-slot index x, 1 ≤ x ≤ di, maps it into the x-th
time-slot of that activity, as scheduled in π. Time-slots are
individual discrete points of time. So, this function maps the
order of a time-slot of an activity in the solution, to the abso-
lute time where this time slot has been scheduled. Similarly,
we define function λ(π, Ti, x) = l ∈ Loci, which maps the
triple (π, Ti, x) to the location where the x-th time-slot of
Ti has been scheduled, according to π.

Durations Deviation: For the activities Ti ∈ T , which ap-
pear in at least one of the two plans, π and π′, the total dura-
tion deviation between the two plans is computed according
to formula:

∆D =

∑
i |di − d′i|∑

imax(di, d′i)
(3)

where di is the duration of Ti in plan π and d′i is the duration
of Ti in plan π′. ∆D ranges between 0 and 1. If Ti appears
in one of the two plans, its duration in the plan that does not
appear in is considered zero.

Locations Deviation: For the activities Ti ∈ T , which ap-
pear in at least one of the two plans, π and π′, the total loca-
tion deviation between the two plans is computed according
to formula:

∆L =
1∑

imin(di, d′i)
×
∑
i

min(di,d
′
i)∑

x = 1

λTi
x 6= λ′

Ti

x

1 (4)

where λTi
x = λ(π, Ti, x) and λ′

Ti

x = λ(π′, Ti, x). ∆L
ranges between 0 and 1. If Ti appears in one of the two plans
only, ∆L is set equal to 1.

Absolute Time Deviation: For each activity Ti ∈ T ,
which appears in both plans π and π′, the total absolute time
deviation for Ti among the two plans is computed according
to formula:

∆Timei =

min(di,d
′
i)∑

x=1

|τTi
x − τ ′

Ti

x |
maxτDi

−minx(τTi
x , τ ′Ti

x )
(5)

where maxτDi
is the is the maximum time-slot of the

domain of activity Ti, τTi
x = τ(π, Ti, x) and τ ′

Ti

x =
τ(π′, Ti, x). ∆Timei ranges between 0 and 1. For activities
Ti appearing in one only of π and π′, we define ∆Timei =
1. On the other hand, for activities Ti appearing in none of
π and π′, we define ∆Timei = 0.

The overall absolute time deviation is defined as:

∆Time =

N∑
i=1

∆Timei (6)

Ordering Differences: For each pair of activities, Ti and
Tj ∈ T , which both appear in a plan π, the precedence of Ti
over Tj in π is computed as:

νij =
1

di × dj

di∑
x=1

dj∑
y=1

{
1 if τTi

x ≤ τ
Tj
y

0 otherwise
(7)

That is, νij represents the percentage of pairs of parts,
one from Ti and one from Tj , such that the part of Ti is
scheduled not later than the part from Tj . νij ranges between
0 and 1. It Ti appears in π but Tj does not appear, we define
νij = 1. If Ti does not appear in π (irrelevant to whether Tj
appears in π or not), we define νij = 0.

Subsequently, the ordering deviation for a pair of activi-
ties, Ti and Tj in two plans, π and π′ is defined as:

∆Oij = |νij − ν′ij | (8)
where ν′ij refers to plan π′. ∆Oij ranges between 0 and 1.

Finally, we define the total ordering deviation as:

∆O =
2

N × (N − 1)
×

N∑
i=1

N∑
j=i+1

|νij − ν′ij | (9)

∆O also ranges between 0 and 1.

Plan Difference Between Two Plans
Based on the above formulas, we define the plan difference
between two plans, PDiff(π, π′) as:

PDiff(π, π′) =
∆D ×WD + ∆L×WL

+∆Time×WTime + ∆O ×WO

(10)
where WD, WL, WTime and WO are non-negative weights
and WD + WL + WTime + WO = 1. The user can specify
the values of the weights, thus specifying his preferences on
multiple plan generation (thas is, emphasizing his priorities
over the above attributes of an already found plan). If an
activity is not scheduled in one of the two plans, it obtains
the full difference penalty as it is considered to deviate in all
the above methods.

Generating More than Two Alternative Plans
In order to generate more than two plans, we extended for-
mula (2) as follows:

V (π) = U(π) + C ×

∑
∀π′∈∆

Uπ′ × PDiff(π, π′)

|∆|
(11)

where ∆ is the set of the already generated plans and C is
a parameter representing the weight standing for the user’s
preference on the deviation from the already found plans
versus the utility of the alternative plan.

The new formula for calculating the utility V (π) (formula
9) is simplified back to formula (2), when comparing be-
tween only two plans (the one being evaluated and one pre-
generated). When generating the original plan it is simplified
back to the original utility function (1).
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Figure 2: Percentage difference of utility between the alternative plans and the original
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Figure 3: PDiff values for the two alternative plans for each test case

Evaluation
The scheduler SWO (written in C++) was extended to in-
clude the alternative evaluation function V (using PDiff ),
when generating plans and to allow the generation of more
than one plan, by means of restarting itself. At each restart
a dynamic list ∆, holding the already generated plans, gets
updated.

We generated three plans, on 35 random test cases, rang-
ing in size from problem instances of six activities to thirty
six in steps of five. We set the parameters used for the alter-
native plan generation as follows: C = 1.0,WD = WL =
WTime = WO = 0.25.

In Figure 2 we show the utility differences between the
three plans, for each of the 35 problem instances of the test
set. The solid line represents the utility percentage difference
between the second plan (first alternative) and the original

plan, whereas the dashed line represents the utility percent-
age difference between the third plan and the original. The
original’s (first plan’s) quality is represented by the top line.
We use the original utility function (formula 1) when com-
paring plan quality, as shown in the figure. V is used for the
generation phase only, when an intermediate solution gets
evaluated while the scheduler optimizes the plan. The two
alternative plans are of a slight lower utility value than the
original plan though they are not far below in quality. The
drop in utility for the second plan, in comparison to the first,
ranges from 1.47% to 11.25%. For the third plan the mini-
mum and maximum drops are 1.6% and 9.51% respectively.
The average drop for the second plan is 4.2% and of the third
4.5%.

In Figure 3 we represent the PDiff values for the two al-
ternative plans, the first alternative comparing to the origi-



nal plan, and the second alternative comparing to the orig-
inal plus the first alternative. The difference of each alter-
native plan to the original depends heavily on each problem
instance’s specific attributes, such as the available domain
for each activity (more so than the number of activities in
the problem instance), how strong (in utility values) are the
preferences set on it and how many of them exist, as well
how they intertwine. The minimum PDiff value was one of
0.2179, in the second (after the original) alternative plan of
a problem instance. The maximum value was one of 0.6224,
in the first (after the original) alternative plan of another
problem instance.

One looking at the actual alternative solutions immedi-
ately sees apparent changes in many of the activities’ parts
temporal positions (the most common change), as well as
their durations (another common change when applicable)
and locations (rarest, as location selection don’t provide a
utility to standard SWO, except in the alternative plan gener-
ation phase). Changing the C value parameters will shift the
preference to either more different plans (of lower standard
utility) or similar ones to the original.

Conclusions and Future Work
The SWO scheduler with the alternative plan generation
method, presented in this paper, manages to generate an ar-
bitrary number of alternative plans for a user’s scheduling
problems, so the user can choose the best one suited to her
needs. It is based on the premise that a user will not always
be able to specify her constraints and preferences correctly
in the formal model—which has been found to be the case
in many real situations. In such cases, offering a number of
alternative plans to the user provides her with more possibil-
ities for picking a plan according to her actual preferences.
A number of parameters for this method are also customiz-
able by the user, enabling her to choose which in-domain
characteristics she considers more important.

This paper presents our work on an alternative plan gen-
eration method, which can be potentially enriched with the
exploration of more characteristics of domain-specific at-
tributes of the scheduling problem being solved. Particu-
larly, location differences should be further examined, as the
model does not support location preferences but only alter-
native location options. Other domain dependent attributes
to measure the deviation between two plans, either at the ac-
tivity level or at a global level, could be considered as well.
Last of all, alternative plans of user-given problem instances
will be evaluated.
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