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Matthias van Vliet =
Delft University of Technology, The Netherlands

—— Abstract

As lazy clause generation has seen much success in recent years, the generation of explanations
has become the focus of much research. This paper describes how explanations can be generated
for detectable precedences in the disjunctive constraint. We also provide a method to incorporate
these explanations into the filtering algorithm proposed by Fahimi et al. [7] by adapting Vilim’s
explanations [18]. We proposed two approaches to generating explanations: an approach using only
the previously scheduled tasks to explain propagation and an approach using an even smaller subset
of tasks combined with explanation lifting. An empirical evaluation of two of our approaches for
generating explanations compared to a baseline with naive explanations found that both approaches
performed better in terms of conflicts, LBD, learned clause length and runtime. The most advanced
approach of the two (last cluster) performed the best. We believe that using the last cluster approach
to generating explanations with other propagators for the disjunctive constraint could be successful.

2012 ACM Subject Classification Theory of computation — Constraint and logic programming

Keywords and phrases Constraint Programming, LCG, Disjunctive Constraint

1 Introduction

One of the most prevalent constraints used to model scheduling problems is the disjunctive
constraint [16]. The disjunctive constraint enforces that two tasks using the same resource
can not overlap. This constraint can for example be used to ensure that one lecture hall is
not used by multiple lectures at the same time.

To solve such scheduling problems, constraint programming (CP) solutions are often
considered. In CP, problems are modeled as a combination of variables and constraints
before a solver is called to find a solution to the model. CP solvers often combine exhaustive
search with domain-filtering (propagation) of variables to avoid exploring infeasible solutions.
Propagators for the disjunctive constraint are used to ensure that the tasks within the
constraint do not overlap. Propagation is performed by so-called filtering algorithms, which
are based on certain propagation rules. One of these rules for the disjunctive constraint is
detectable precedences. Detectable precedences is one of the simpler propagation rules for
the disjunctive constraint, but it is sometimes able to find propagations which cannot be
found by more complex rules such as edge-finding and not-first /not-last [16].

For detectable precedences, a filtering algorithm with a time complexity of O(nlogn) is
described by Vilim in 2004 [17]. In 2014, Fahimi et al. [7] published a linear time filtering
algorithm. In a later paper, Fahimi et al. [6] recommended that future work should be
done on adapting the algorithm to support explanations, which would then allow lazy clause
generation (LCG) [9] to be used. This is a state-of-the-art CP solving technique, which
has been the focus of much research in recent years. The usage of LCG necessitates the
generation of explanations.

Explanations are reasons for certain propagations. A solver which generates explanations
does not only need to prune the domains of variables, they also need to capture the reason
for the modification of the domain. This reason is often in the form of a conjunction of
atomic constraints involving the variables that are currently filtered [15].
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Time windows for each task

Task 14

. _-
Q 2 4 6

Time

Figure 1 A graphical representation of the situation given in example 1

» Example 1. Suppose we have two tasks: S; € [0,2] and S € [0,10] (task one can start
at times 0-2 and task two can start at times 0-10). Task one takes two units of time to
complete and task two four. The situation is sketched in figure 1. Because the earliest
possible completion time of task two is greater than the latest possible starting time of task
one, we can conclude that task one must precede task two. We can therefore propagate that
Sy > 2. An explanation for this propagation is the following: S; > 0A S <2A S, > 0.

Explanations for the disjunctive constraint have not been described extensively in the
literature. While Vilim described a way to generate explanations for the disjunctive constraint
in 2005 [18], we will see in the preliminaries (3.6) that Vilim’s explanations can not be directly
used in an LCG solver.

Considering that Fahimi et al. [6] recommended future work on evaluating their algorithm
in an LCG setting and that explanations for the disjunctive constraint described in the
literature cannot be directly used in an LCG solver, our research aims to fill this gap. We do
so by describing how the linear time filtering algorithm proposed by Fahimi et al. [7] can be
adapted to support explanations. We would also like to show the performance implications
of using these explanations in a lazy clause generating solver.

We describe three approaches to generating explanations in the approach section. The
first approach is a naive baseline approach to generating explanations. The second approach
is based on a simple observation we make in Fahimi’s algorithm, namely that the previously
scheduled tasks are sufficient to explain propagation. For the third approach we propose
a method to combine Fahimi’s algorithm with an adaptation of Vilim’s way of generating
explanations for detectable precedences. For this we show that a subset of the previously
scheduled tasks satisfies the property of ' described by Vilim [18]. We then show how to
record this set of tasks in Fahimi’s algorithm [7]. Lastly, we describe how the explanation
can be lifted in a way that is valid within an LCG solver by using an intermediate result
from Vilim [18].

We evaluate the three approaches on a set of 50 jobshop instances. The results indicate
that both non-baseline approaches outperform the naive baseline approach in terms of number
of conflicts, literal block distance, learned clause length and runtime. The metrics indicate
that the third approach, called last cluster, performs best across all metrics.

To summarise our contributions, we described a way to generate explanations for detect-
able precedences in Fahimi’s algorithm using an adaptation of Vilim’s way of generating
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explanations. We also provide an empirical evaluation of two explanation strategies compared
to a naive baseline approach.

This paper is structured in the following way: in Section 2 we will discuss related work,
followed by Section 3 describing the preliminary knowledge necessary for understanding the
different approaches. Section 4 describes the three approaches that are used for benchmarking.
Section 5 outlines our experiment, after which we give the conclusion and recommendations
for future work in Section 6. Lastly, the responsible research section can be found in
Appendix A.

2 Related work

Multiple propagation rules for the disjunctive constraint are described in the literature.
Vilim’s PhD thesis [16] describes filtering algorithms for overload checking, not-first/not-last,
edge-finding and detectable precedences. The propagation rules edge-finding and not-first /not-
last do not subsume detectable precedences, which is visualised in figure 2.6 of [16]. Because
different rules can supplement each other, different propagators are often combined [16, 17].

Filtering algorithms using detectable precedences have been described in [17] and [7].
Vilim’s paper [17] proposes an O(nlogn) algorithm that incrementally constructs a balanced
binary tree of all tasks that must be scheduled before the task we are considering. This
O-tree also keeps track of the earliest completion time of all tasks scheduled on the tree,
which is used as the new lower bound of the starting time of the following tasks. Fahimi
et al. [7] proposes a similar algorithm, which uses a timeline data structure instead of a
tree. This timeline data structure is based on a Union-Find data structure, which allows
for O(1) scheduling of tasks rather than Vilim’s O(logn). This causes Fahimi’s algorithm
to run in linear time. In 2018 another publication by Fahimi et al. [6] suggested that
future work incorporates explanations in the algorithms to evaluate its performance in a lazy
clause generation solver. Neither Vilim’s nor Fahimi’s work describes how to explain the
propagations made by the filtering algorithms.

However, previous work on explaining the disjunctive constraint has been done by Vilim
in 2005 [18]. Here the author proposed to generate justifications based on conflict windows
for not-first/not-last, edge-finding, and detectable precedences. Justifications are similar
to the explanations we want to generate. These justifications can not be used directly in
an LCG solver, because the justifications only explain that a propagation must occur, but
it does not justify how much the earliest starting time of the propagated task is increased.
In the preliminaries section we will see how Vilim’s conflict windows can be adapted to
explanations that can be used in our propagator.

There is some more recent work that was done on explaining propagators for the cumulative
constraint by Yang et al. [19] and by Schutt et al. [15]. The cumulative constraint is a
generalisation of the disjunctive constraint where limited overlap of tasks is allowed. Both
papers provide explanations within a lazy clause generation context followed by an empirical
evaluation in which the different explanation approaches are compared to each other. The
results in both papers showed that explanations have a significant effect on the performance
of the solver.

Our work aims to incorporate explanations into the detectable precedences algorithm
proposed by Fahimi et al. [7]. We use an adaptation of Vilim’s [18] justifications to explain
propagations in a lazy clause generating context. To support these explanations, an addition
to the timeline data structure used by Fahimi’s algorithm is necessary.
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3 Preliminaries

We provide background on Constraint Programming and Lazy Clause Generation in 3.1
and 3.2 respectively. To understand the different approaches for generating explanations
we describe in the approach section, it is necessary to first understand the basic scheduling
terminology. This is discussed in 3.3. Then we will briefly explain the detectable precedences
rule in 3.4. For the third, most advanced, explanation approach we consider it necessary to
be familiar with the algorithm described in 3.5 and Vilim’s explanation approach in 3.6.

3.1 Constraint Programming

Constraint programming (CP) is an approach to solving combinatorial problems in which the
problem is formulated as a combination of a set of variables V), a set of domains D and a set of
constraints C. Constraints are rules that a valid assignment must adhere to. An assignment
consists of a mapping of every variable € V to a value d € D(x), where D(z) denotes the
domain associated with x. We distinguish between constraint satisfaction problems (CSPs) in
which any valid assignment needs to be found and constraint optimisation problems (COPs)
in which the optimal valid assignment needs to be found. In COPs an objective function is
added, which is used to assess how good an assignment is.

When solving CSPs and COPs, exhaustive search using backtracking is often combined
with constraint propagation to make exhaustive search more tractable. In constraint propaga-
tion, the domains of variables involved in the same constraint are pruned if a constraint
propagator can infer that assigning a variable a certain value from its domain would always
result in a violation of the constraint. If a propagator prunes all remaining values from a
domain, there does not exist a valid assignment to that variable and we encounter a conflict.

3.2 Lazy Clause Generation

Lazy clause generation (LCG) is a CP solver technique, which uses an embedded SAT engine
to allow the usage of conflict analysis [9]. When a conflict is encountered, the reason for
the conflict is processed and a mogood clause is learned. Instead of backtracking one level
in regular backtracking, the solver can backjump to the decision level at which the nogood
became true. In order to allow the usage of conflict analysis, propagators in an LCG solver
need to record reasons for propagations and conflicts. These reasons are called explanations.
Explanations are given as a conjunction of atomic constraints, which implies the propagation
that is made. Explanations can often be made more general in order to learn more general
nogoods. This is called explanation lifting. Feydy et al. [8] found that explanation lifting
could improve solving time on certain benchmarks.

3.3 Scheduling terminology

We will consider Z the set of all tasks that need to be scheduled. Every task i € 7 is
characterised by the following properties:

est; is the earliest starting time of 3.

lct; is the latest completion time, or the deadline of i.

p; is the duration of task 3.
In addition to these three defining properties, we also use the following notation:

lst; = lct; — p; is the latest starting time of i.

ect; = est; + p; is the earliest completion time of 4.
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The est notation can also be used on sets of tasks. Suppose we have a set of tasks {2,
then the following definitions hold for :

esto = min;ecq est;

lStQ = maX;eq ZSti

pa = ZieQ Di
We will often use S to refer to the variable of the starting time of a task. Therefore, the
following should hold: S; € [est;, [st;]

3.4 Detectable precedences

Given two distinct tasks, i, 7 € Z the precedence (j < 7) is detectable if:
ect; > lst;

When we have detected a precedence j < ¢, we know that the earliest possible starting
time for ¢ must be at least as late as the earliest completion time of j. This gives us the
following propagation rule:

est; = max(ect;, est;)

The symmetric case also holds, but in this paper only the detectable precedences using
the rule above are considered.

3.5 Timeline data structure

We will first explain the timeline data structure introduced by Fahimi et al. [7] and after
that their proposed algorithm (algorithm 5) for detectable precedences will also be included.
The timeline data structure was introduced by Fahimi et al. [7] in 2014. They took
inspiration from Lépez-Ortiz et al. [14] who proposed a new algorithm for the alldifferent
constraint, a specialisation of the disjunctive constraint.
The timeline data structure contains five fields:
1. t, an array containing all distinct earliest starting times of the tasks. A sufficiently large
time is appended to allow all tasks to be scheduled on this timeline. The sufficiently large
time used by Fahimi et al. is also the one we shall use:

I?eazx let; + Zpi
i€l

2. ¢, an array keeping track of the capacities between different earliest starting times of
tasks in t. At initialisation of the timeline, the following holds:

Vk € {0, ..., |t] — 2} c[k] = t[k + 1] — t[k]

3. m, an array that maps the task with index i to its earliest starting time on ¢. So if the
earliest starting time of task ¢ is 3, ¢[m[i]] = 3 should hold.

4. s, a union find data structure that is used to keep track of the capacity between different
starting times in ¢. s is initialized with |¢| elements and if a task is scheduled, which
causes cla] = 0, the sets of a and a + 1 are merged. This allows for O(1) lookup of the
first gap later than the earliest starting time of the task that needs to be scheduled.
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5. e, a number keeping track of the highest index in ¢ on which a task has been (partially)
scheduled. This is used to calculate the earliest completion time of the timeline. e is
initialised to -1.

An algorithm specifying how the timeline data structure is initialized is given in [7]. Here we

will show the initialisation based on an example.

» Example 2. Consider three tasks defined by their tuples (est, p, let). Z = {(1,5,38), (5,2,9), (5,3,15)}
Initialising the timeline gives us the following values for the fields:

t=11,5,25]
c=[4,20]
m=[0,1,1]

s = {0} {1} {2}}
e=—1

We use the following notation to display the current timeline with its capacity: {1} 4
20
{5} — {25}

3.56.1 Task scheduling

Scheduling of tasks is performed through the following algorithm. This algorithm is algorithm
3 in [7].

Algorithm 1 ScheduleTask(i)
p = Dpi
k < s.FINDGREATEST(m[i])
while p > 0 do
A + min(c[k], p)
p—p—A
clk] < clk] — A
if c[k] =0 then
s.UNION(k, k + 1)
k < s.FINDGREATEST(k)
end if
end while
e < max(e, k)

» Example 3. If we consider the timeline from the previous example, we get the following
timelines when scheduling the tasks:

{1} N {5} LN {25}, before any tasks are scheduled.
{1,5} EN {25}, after scheduling the first task
{1,5} ELR {25}, after scheduling the second task

{1,5} ELN {25}, after scheduling the third task
The earliest completion time of the current timeline can be computed by evaluating the
following expression:

ECTg = tle+ 1] — c[e]

After the third task has been added, FCTg = 11
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»» 3.5.2 Detectable precedences filtering algorithm

28 All timeline preliminary knowledge builds up to the following filtering algorithm, which uses
20 the detectable precedences rule. This algorithm is algorithm 5 in [7]. It works by considering
20 tasks sorted on ect for propagation in the outer loop and the tasks in the inner while loop
2 sorted on Ist are scheduled on the timeline if they precede task i based on the detectable
2 precedences rule. Since tasks with a compulsory part [sty < ecty could be scheduled on the
23 timeline before being considered for filtering, scheduling needs to be postponed until the
2 blocking task k is visited in the outer loop.
T,s¢ denotes the set of tasks Z sorted by latest starting time in ascending order.

Algorithm 2 DetectablePrecedences(Z)

INITIALIZETIMELINE(Z)
j+0
k + Ilst []}
postponed_tasks < &
blocking_task < null
for i € Z..; do
while j < |Z| Alsty < ect; do
if Isty > ecty, then SCHEDULETASK(k)
else
if blocking_task # null then return Inconsistent
end if
blocking_task « k
end if
j—j+1
k Ilst[.j]
end while
if blocking task = null then
est; + max(est;, EARLIESTCOMPLETIONTIME())
else
if blocking task = i then
est, < max(est;, EARLIESTCOMPLETIONTIME())
SCHEDULETASK (blocking _task)
for z € postponed__tasks do
est!, + max(est,, EARLIESTCOMPLETIONTIME())
end for
blocking task = null
postponed__tasks < &
else
postponed__tasks <+ postponed_tasks U {i}
end if
end if
end for
for i € 7 do
est; + est,
end for

235
236 To illustrate this algorithm we give the following example:



237

238

239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

260

261

262

264

Explaining detectable precedences for the disjunctive constraint

» Example 4. Suppose we have four tasks defined by their triple (est, p, lct):

1. Task 1: (0, 2, 6) with Ist =4 and ect =2

2. Task 2: (3, 5, 10) with Ist = 5 and ect = 8

3. Task 3: (7, 5, 15) with st = 10 and ect = 12

4. Task 4: (4, 2, 20) with Ilst = 18 and ect =6

The situation is also sketched in figure 2 We give a full algorithm walkthrough in Appendix B.

Time windows for each task

Task 1 -—1
Task 4+ -

Task

Figure 2 The situation described in example 4. Note that the order of tasks 3 and 4 could be
switched as this does not produce an infeasible schedule.

After applying the algorithm, it can be found that the adjusted earliest starting times of the
tasks are the following:

1. est; =0
2. esty =3
3. est3 =8
4. esty =8

3.6 Vilim’s explanations for detectable precedences

Vilim’s 2005 paper [18] describes ways to generate explanations for propagators for the
disjunctive constraint. This paper uses conflict windows, which differ from our typical way
of using conjunctions of atomic constraints for explanations.

Conflict windows are given with the following notation: (est;,lct;). They can be thought
of as relaxations of the bounds of a task, which are set as wide as possible without making
the fact that a propagation occurs invalid.

We will now explain how Vilim proposed to set the conflict windows. Suppose O is a
data structure that holds the set of all previously scheduled tasks based on the detectable
precedences rule. We need to find ' C © for which it holds that ECTg = estqs + pqr where
ECTg is the earliest completion time calculated using data structure ©.

Assuming that we have found ', according to Vilim [18] we can generate the following
conflict windows for the detectable precedences Q' < i: Let A = est; + p; — max;cqr (lct; —
pj) —1

i: (est; — [£7], 00)

V.] VE <@—p9/763ti +pi +pj — [%1 — 1>
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» Example 5. Consider our previous example, with S; € [0,2], py = 2, Sy € [0,10] and
p2 = 4. We can then generate the following conflict windows: (esty, lcty) = (—1,00) and
(esty, lety) = (~3,4)

In order to use the conflict window as bounds in our explanations, we should convert
Ict to Ist, which gives us S; > —3 A S1 <2 A S; > —1. Please note that this is not a valid
explanation as S1 > —3AS; <2A Sy > —1 % Sy > 2. The reason for this is that we cannot
conclude that Sy > 2 if we only know that S; > —3, because scheduling 57 at time -3 does
not 'push’ task 2 far enough to guarantee Sy > 2.

We can not use Vilim’s weakened conflict windows directly, but an intermediate result
described in Vilim’s derivation of conflict windows could be used. An intermediate result in
Vilim’s derivation namely suggests Vj € Q' est; = estos. Since we propagate that S; > ECTe
and because ECTg = estqs + pas, we can lift the earliest starting time for all tasks in € to
estq without invalidating the propagation.

4 Approach

As the aim of this paper is to generate explanations for the detectable precedences filtering
algorithm by Fahimi et al. [7], we need to take into account two important factors. The
first factor we consider is time complexity, because it might not be worthwhile to generate
explanations if the overhead caused by recording explanations is too great. The second
factor is the generality of the explanations, as more general explanations have been shown to
outperform less general explanations [8].

In order to measure the influence of different explanations on the number of conflicts and
other relevant metrics, we will consider three different approaches to generating explanations.
The baseline approach is completely naive with constant time overhead for generating
explanations. The intermediate approach (previously scheduled) generates explanations that
are more general than baseline, while also only taking constant time to record. The last
cluster approach describes the most lifted explanations, which come at the cost of linear time
overhead for each propagation.

4.1 Naive explanations

Naive explanations are often used as a baseline to compare with more sophisticated ways of
generating explanations. In naive explanations, the reason for every propagation is the same,
namely:

/\ S; > est; NS; < lst;
i€l

Since this type of explanation is likely to contain atomic constraints which are not
necessary to explain the propagation and because the bounds of the atomic constraints might
be lifted to include more values, this method does not produce general explanations.

» Example 6. Recall example 4, where we propagated that S35 > 8 and Sy > 8. The naive
explanation for both of these propagations is 51 > 0AS; <4A S5y >3AS5; <5AS53 >
TAS3<10ASy>4NS5,<18

As we only need to compute the naive explanation once before we can use it to explain
all propagations made by the filtering algorithm, the overhead is constant.



10

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

339

340

341

342

343

344

Explaining detectable precedences for the disjunctive constraint

4.2 Previously scheduled tasks

By taking a closer look at algorithm 2, we can find that only the tasks that were previously
scheduled on the timeline have any influence on the lower bound adjustment of a starting
time’s domain. We can also omit the upper bound of the task we are pruning, because the
detectable precedences rule ect; > [st; only depends on the earliest completion time of the
task we are pruning. If we consider © C 7 to be the tasks that are currently scheduled on
the timeline and 4 is the task we are pruning, we can generate the following explanations:

S; > est; /\ S]‘ > estj N Sj < lStj
JEO

» Example 7. When we once again consider example 4, we can generate the following
explanations:

For propagation S3 > 8: S3>7A S5 >0AS; <4ANS5 >3AN5<5

For propagation Sy > 8: S4 >4A 51 >0AS; <4ANS5 >3N5<5

Because we can incrementally build up an explanation whenever a new task is scheduled,
the overhead caused by recording the previously scheduled explanations is constant.

4.3 Last cluster approach

In the preliminaries it is described that a set of tasks Q' C © such that ECTg = estq/ + pa
is sufficient to explain a propagation. We will first explain how we can obtain Q' from the
timeline data structure. Then we will describe how we lift the bounds of the predicates in €’
to generate explanations that are more general.

4.3.1 Recording

Let us define the last cluster of the timeline data structure to be the set in the timeline’s
union find which contains the highest starting time for which a task is currently scheduled.
The timeline already keeps track of this cluster with field e. We will illustrate that the tasks
in the last cluster are the only ones that are responsible for determining ECTg

» Example 8. Suppose we have the following timeline: {0} 3 {5} AR {15}. We can infer
that at least one task is scheduled at est = 0 and that at least one task is scheduled at est = 5.
e =1 in this case. As ECTg = t[e + 1] — c[e] in the timeline data structure, ECTg = 8. We
can see that EFCTyg is independent of any tasks not scheduled in the last cluster.

Now that we know that tasks in the last cluster are the only ones that are responsible
for ECTe, we will show that the set of tasks in the last cluster satisfies the property of €'
Recall that ' C O such that ECTg = estg: + pq/. Since any number of tasks in a cluster is
scheduled contiguously (otherwise the tasks would not be in the same cluster), the earliest
completion time of the last cluster A must be est4 + p4. Combining this with our previous
observation that the last cluster is solely responsible for EFCTg, we can conclude that the
tasks of the last cluster satisfy Q'.

» Observation 9. The last cluster set A satisfies the property of Q' C © where ECTg =
estor + por

Having found that the last cluster satisfies ', we now need to solve the problem of
recording which tasks are scheduled in the last cluster. To address this, we propose to add a
field u to the timeline. w is an array consisting of |¢| — 1 lists, where every list at index ¢ in u
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keeps track of which tasks are scheduled at the starting time corresponding to t[¢]. Please
note that as it is impossible to schedule a task at the latest time in ¢, we do not need to keep
track of any tasks scheduled at that time. That is why the length of u is |¢| — 1.

The main idea behind w is that we want to 'mirror’ the state of s, the union find. We
achieve this by applying the following rules:

In algorithm 1 we add the task we scheduled to u[k] after the while loop.

Whenever k and k + 1 are unioned in algorithm 1, all elements in u[k] are added to

uls. find(k + 1)]

Q' can be retrieved at u[e]
An adapted version of Algorithm 1 with support for recording €’ can be found in the appendix
under the name Algorithm 3.

4.3.2 Generating explanations

Now that we are able to retrieve ' from the timeline, we are ready to define how we can
generate explanations for our propagations. In the preliminaries we have found that for
any task in ' we can not lift the earliest starting time further than esto,. This was an
intermediate result in Vilim’s [18] derivation for the conflict windows. For the latest starting
time we can choose to set it to Istg. Intuitively, this allows the tasks in £ to be scheduled
in any order. If we lift the latest starting time of tasks in Q' to Istqs, the furthest we can
lift the earliest starting time of task ¢ without violating the detectable precedences rule is
lStQ/ —p; + 1.
This leaves us with the following explanation:

S > lstor —pi+1 J\ S > estar NS < lsto
JjeEQ

» Example 10. We once again consider example 4, we can generate the following explanations:
For propagation S3 > 8: So >3 A S <5AS3>1
For propagation Sy > 8: So >3A S, <5A S5, >4

Because the bounds estq and lstg: can be different for every propagation, the overhead
caused by recording last cluster explanations is linear. This is because we cannot incrementally
build up an explanation like in the previously scheduled approach.

5 Experimental results

Since it is our goal to evaluate the influence of the different explanation approaches on the
number of conflicts encountered while solving, we perform an experiment where we compare
the performance of the previously scheduled approach 4.2 and the last cluster approach
4.3 to the baseline naive approach 4.1. We found that on average the number of conflicts
are 43% and 4% of the baseline for the previously scheduled and the last cluster approach
respectively.

The section will continue by describing the experimental setup that was used, after which
the metrics that are collected are covered. Lastly, we present the results of the experiment.

5.1 Experimental setup

A propagator using detectable precedences as it is described in algorithm 2 was implemented
in the Pumpkin solver [5]. Three strategies for giving explanations were also implemented:
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The naive approach given in subsection 4.1, the previously scheduled approach given in
subsection 4.2 and the last cluster approach given in 4.3. These three strategies were
benchmarked on 50 jobshop instances given on the Minizinc benchmarks Github page'. The
specific instances that were run are the following: abz5-abz7 [1], ft06 and ft10 [12], 1a01-1a35
[10] and orb01-orb10 [2]. The reason these instances were chosen is because we wanted all
approaches to be able to make a reasonable amount of progress before the timeout, as a
benchmark instance would not be of much use if no new solutions are found after the first
couple of seconds.

The benchmarks were run through a Minizinc [13] front-end with a jobshop model file,
that is adapted to use the disjunctive constraint. The branching strategy that was used is
free search with a search annotation which selects the starting time variable with the smallest
value and assigns the smallest value in the domain. As we use free search, the solver switches
to VSIDS after the first solution is found. VSIDS is a branching technique that is biased
to select unassigned variables that occur often in recent conflicts [11]. The reason we chose
this search strategy is because it outperformed any alternatives. The experimental setup
including benchmarks is published in a Github repository 2. The code of the Pumpkin solver
which was used is also published in a Github repository 3.

The hardware used to run the benchmarks is an HP ZBook Power G9 with a 12th Gen
Intel(R) Core(TM) i7-12700H processor.

5.2 Metrics

For every benchmark instance the following four metrics are collected:

1. Number of conflicts: the total number of conflicts that were encountered by the solver.

2. Average Literal Block Distance (LBD): LBD is a metric that was introduced for
SAT solving in [3] and it is defined as the number of unique decision levels at which the
predicates in a learned nogood have become true. A lower LBD means that less decisions
were responsible for learning a certain nogood, which means that it is more likely to be
reused than a nogood with a higher LBD.

3. Average learned clause length (LCL): LCL refers to the number of predicates that
are present in the learned clause. The average LCL compared with the LBD provides
insight into the average number of predicates in a learned clause that originate from the
same decision point.

4. Runtime: the amount of time the solver took to reach the objective value at which
approaches are compared.

In the experiment, the metrics for all three approaches are compared at the best objective
which was reached by all approaches.

5.3 Results

The results of the experiment can be found in table 1. What stands out immediately is the
average number of conflicts. For the previously scheduled approach it is half the number of
conflicts of the baseline. The number of conflicts encountered by the last cluster approach
is one order of magnitude smaller than that of the previously scheduled approach. Based

! https://github.com/MiniZinc/minizinc-benchmarks/tree/master/jobshop
2 https://github.com/MatvV04,/DetectablePrecedencesExperiment /tree/main
3 https://github.com/MatvV04/Pumpkin
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Naive (baseline) | Previously scheduled | Last cluster
Average number of conflicts 45237.14 19478.14 1801.24
Average conflicts ratio with baseline

1 .92 A1
(#conflicts approach / #conflicts baseline) 0-926 0
Average literal block distance 21.31 19.09 8.62
Average learned clause length 38.67 31.73 14.79
Avera%ge runtime ratio w1t.h basehn(.e 1 0.822 0.773
(runtime approach / runtime baseline)

Table 1 Aggregate results for the 50 benchmark instances for three different approaches. Average
LBD and Average LCL are averages over averages. All statistics are compared at the best common
found objective after 20 minutes.

on the average number of conflicts, we would expect that the average conflicts ratio with
baseline would be smaller for both values than they are in reality (approximately 0.50 and
0.05 respectively based on the average number of conflicts). To explain why the average
conflicts ratio with the baseline is relatively high, we plotted the number of conflicts of the
two approaches against the number of conflicts of the baseline approach in the left part of
figure 3. We can see that when the number of conflicts for baseline is quite low, the two other
approaches generally do not differ much. In the extreme cases where the number of conflicts
is high for the naive approach, it tends to be much lower for the last cluster approach.

When we consider the right plot in figure 3, we can see that the last cluster approach
generally has a lower runtime than the naive baseline and that the the previously scheduled
approach is on average only slightly better. If we focus on the top right of the plot, we
can see that there are seven last cluster instances against the ceiling of 1200 seconds. The
instances where this happens are abz7, 1a27, 1a29, 1a30, 1la32, 1a34, 1a35. These instances are
among the largest in our benchmark suite and the best common lower bound that was found
out of these seven instances was 193% of the optimal objective. We believe that the overhead
of the last cluster approach might not outweigh the benefit of the more general explanations
if the problem is not yet sufficiently constrained by the best found objective value.

10°4 @ Previously Scheduled re ® Previously Scheduled e
Last Cluster o Last Cluster o
. .
< 10° 4 o
£ 107 9 0%, (R Qg
2 ° 06¢,-0® (7% 1
T e . a8 ° 3 e
5 G
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= [ ] ’ s -’ [ ]
2 ° o @ 5 1074 el ®e
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£ ° 4 . b .
= - 3 .
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Figure 3 The number of conflicts (left) and runtime (right) of the two approaches on the y-axis
plotted against the number of conflicts / runtime of the baseline naive approach on the x-axis for
the 50 jobshop instances. If a point is below the line, the metric of the non-baseline approach is
lower than baseline.

When comparing the average LBD and LCL for the three approaches, it can be seen that
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it is lower than baseline for the previously scheduled approach and much lower for the last
cluster approach. This indicates that the learned nogoods are on average caused by less
decisions and containing less predicates, which make the nogoods more reusable.

The average runtime to reach the common best objective is also lower than that of the
baseline approach for both the previously scheduled approach and the last cluster approach.
On average the previously scheduled approach is 17.8% faster and the last cluster approach
22.7%.

Next, we perform a pairwise Student t-test on the number of conflicts between the baseline
and the other two approaches. The null hypothesis is that the number of conflicts does not
differ from the naive baseline approach. The alternative hypothesis is that the number of
conflicts is lower than the baseline. Before performing the test, the significance level was
set to 0.05. The results can be found in table 2. According to our set significance level, we
reject the null hypothesis for both approaches. This means that there is significant statistical
evidence that the number of conflicts for both approaches is lower than that of the naive
baseline.

Previously scheduled | Last cluster
p-value | 0.00628 6.657E-6

Table 2 The p-values computed by a pairwise Student t-test for the number of conflicts compared
to baseline

A comparison between the last cluster approach and a decomposition is given in Ap-
pendix D. The most important result of this comparison is that the decomposition is on
average 18 times faster than the last cluster approach, but the decomposition appears to
have difficulty proving optimality compared to the last cluster approach.

6 Conclusion

We proposed two approaches to generating explanations for the filtering algorithm proposed
by Fahimi et al. [7]. The first approach considers only the subset of tasks that have previously
been scheduled on the timeline. The second approach only considers the last cluster of the
previously scheduled subset. Explanation lifting was also described for this approach. An
experiment comparing the previously scheduled approach and the last cluster approach to
the baseline naive approach for generating explanations found that the number of conflicts
for both approaches was lower than the baseline. This finding was substantiated by a Student
t-test with a significance level of 5%. The last cluster approach outperformed the previously
scheduled approach by 10 times in terms of average number of conflicts. The other metrics,
LBD, LCL and runtime, were also lower for the previously scheduled approach and more
noticeably lower for the last cluster approach. The last cluster did not outperform the other
approaches in terms of runtime on seven large instances, which we believe is due to the
overhead of recording the explanations not outweighing the more general explanations when
the problem is not yet sufficiently constrained by the objective value. Further experimentation
could be done with a higher timeout to observe how the three approaches perform on larger
instances when the problem is solved closer to optimality.

This research only considered explanations for detectable precedences in isolation, but as
different propagation rules are often combined, future work should focus on the performance
of combining different disjunctive propagation rules in a lazy clause generation solver.
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A Responsible research

This section will discuss the ethical considerations and the measures taken to ensure the
reproducibility of the results in our research. We also reflect on the integrity of our research.

The ethical implications of doing research into more efficient solving of constraint pro-
gramming were considered. More efficient CP solving could enable problems in operations
research to be solved more efficiently or closer to optimality. This can have both positive and
negative ethical implications. An example of the positive implications would be more efficient
usage of resources, while a negative implication could be that automation due to progress
in operations research could cause workers to be made redundant. We believe that within
this research there have been no opportunities to mitigate the negative ethical implications
associated with more efficient solving of constraint programming other than to be transparent
about the considerations.

Regarding ethics in the sustainable development of CP solvers, 15 challenges were
published in [4]. The first challenge is the following:

How can CP solver developers simplify the migration of the knowledge embedded in
their solver to next-generation solvers?

One of the proposed mitigations is the usage of open-source solvers. As all experimental
approaches were implemented in the Pumpkin solver [5], which is open source, we adhered
as best as we could to these best practices.

The first measure we took to ensure the reproducibility of the results was choosing to
only use benchmarks described in the literature. Other research such as [7] also makes use of
randomly generated instances, which makes it difficult to reproduce the results, especially
when these instances are not published in a repository.

To further simplify reproduction of the results, we have set up a Github repository for the
code used to run the experiments. We also published a repository containing the Minizinc
model file and the data files representing the benchmark instances along with the script used
to run the benchmarks. Links to these repositories can be found in 5.1. These repositories
also contain the raw data and scripts that are used to process the data and to produce the
aggregates and plots. This is to ensure that it can be detected if mistakes were made in the
data analysis. The README file in this repository also contains a description of the files
present in the repository to simplify working with the data or reproducing results using the
scripts.

Regarding research integrity, we included all results obtained through experimentation
and did not cherry pick results to calculate the aggregates. We also reflect on results which
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at first seem to contradict each other by providing possible explanations for the results.
Generative artificial intelligence (Github Copilot)* was used in this research only to aid in
programming. Github Copilot was only used in the form of autocomplete and any code

produced by it was checked manually.

B

Complete example of algorithm 2

We give the complete working of example 4:

Task

Suppose we have four tasks defined by their triple (est, p, lct):
Task 1: (0, 2, 6) with st =4 and ect = 2

Task 2: (3, 5, 10) with Ist =5 and ect = 8

Task 3: (7, 5, 15) with st = 10 and ect = 12

Task 4: (4, 2, 20) with Ist = 18 and ect =6

The situation is also sketched in figure 4.

Time windows for each task

Task 1+ .—4
Task4 - [ -—i

Time

Figure 4 The situation described in the example

We give the following algorithm walkthrough:

Initialize timeline:
03653 m 5 34

k=1

Outer loop ¢t =1
est) =

Outer loop i =4
Inner loop:

Schedule task 1: {0} % {3} 5 {4} 2 {7} 25 {34}

* https://github.com /features/copilot
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k=2

Next iteration

blocking_task = 2

k=3

End inner loop

postponed__tasks = {4}

Outer loop ¢ = 2

esth =3

Schedule task 2: {0} = {3,4,7} 2% {34}
Inner for loop z = 4:

esty =8

Outer loop i = 3

Inner loop:

blocking_task =3

k=4

End inner loop

esth =8

So we can propagate that est3 = 8 and esty = 8.

C Adaptation of algorithm 1

Here we give the adapted algorithm for ScheduleTask in which we add functionality for
recording €/

Algorithm 3 ScheduleTask(i) (Adapted)
p = Dpi
k < s.FINDGREATEST(m[i])
while p > 0 do
A + min(c[k], p)
p—p—A
clk] < clk] — A
if c[k] =0 then
s.UNION(k, k + 1)
k old + k
k < s.FINDGREATEST(k)
u[k].EXTEND (u[k_ old])
end if
end while
ulk] « i
e + max(e, k)

D Comparison between last cluster and decomposition

To supplement our comparison with the naive baseline, we also decided to compare the
performance of the last cluster approach with a decomposition of the disjunctive constraint.
The benchmark for the disjunctive constraint was run using the same search strategy as
the last cluster approach, which was described in Subsection 5.1. The results presented in
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table 3 are based on 44 instances, as there was no common lower bound for six instances. In
these instances (la29 and 1a31-1a35) the decomposition vastly outperformed the last cluster
approach in terms of reached objective value.

Last cluster | Decomposition

Average number of conflicts | 9635 18969
Average LBD 8.77 7.20
Average LCL 16.69 13.31
Average runtime (s) 362 20
Number of instances solved

to optimality 37 28

Table 3 The last cluster approach compared to a decomposition on 44 instances with a common
objective values, all instances were given a timeout of 20 minutes.

The most remarkable result in table 3 is the average runtime. The decomposition is
on average 18 times faster than the last cluster approach. This could indicate that the
propagation power of detectable precedences without any additional propagation rules is not
great enough.

The second interesting result from table 3 is the number of instances solved to optimality.
The decomposition failed to prove optimality for 1la06-lal5, while the last cluster succeeded
to do so. What is especially interesting is that the decomposition managed to find the
optimal solution in all instances 1a06-lal5 within ten seconds, but it failed to prove optimality
within 1200 seconds. This is an indication that using a disjunctive propagator with general
explanations might perform better than decomposition at proving optimality.
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