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Counterfactual Explanation through Constraint
Relaxation

Sharmi Dev Gupta??, Barry O’Sullivan'?3, Luis Quesada'?
'Insight Centre for Data Analytics
2SFI Centre for Research Training in Artificial Intelligence
3School of Computer Science & IT, University College Cork, Cork, Ireland

Abstract—Interactive constraint systems often suffer from
infeasibility (no solution) due to conflicting user constraints.
A common approach to recover feasibility is to eliminate the
constraints that cause the conflicts in the system. This approach
allows the system to provide an explanation as: “if the user
is willing to drop some of their constraints, there exists a
solution”. However, this form of explanation might not be
very informative. A counterfactual explanation is a type of
explanation that can provide a basis for the user to recover
feasibility by helping them understand what changes can be
applied to their existing constraints rather than removing them.
We propose an iterative method based on conflict detection and
maximal relaxations in over-constrained constraint satisfaction
problems to help compute a counterfactual explanation. We have
evaluated our approach using well known instances that occur in
industrial applications and demonstrated the relevance of multi-
point relaxations.

Index Terms—Counterfactual Explanation, Maximal Relax-
ation, Constraint Programming.

I. INTRODUCTION

In constraint satisfaction and constraint programming an
explanation often strives to interpret the reasons for an in-
feasible scenario. This interpretation mostly depends on the
identification of minimal conflicts (or minimal unsatisfiable
subsets). Conflicts have been studied extensively in areas
such as model-based diagnosis, Boolean satisfiability, product
configuration, solving logic puzzles, interactive search, etc.,
where the user constraints play an important role [1]. For
example, when solving a scheduling problem, an explanation
can provide insights to why a schedule cannot be found
given the set of tasks to be completed, the due-dates, and
the machine resources available, by identifying a relaxation
of the problem so that one can find a feasible schedule.
Recently, the need for user-centered explanations in Al has
substantially increased due to several important factors such
as the black-box nature of complex AI applications, the
right to explanation of a decision in the EU’s General Data
Protection Regulations, and the development of Trustworthy
Al for building trust between Al and the society. To address
this issue, Wachter et al. proposed to use counterfactuals
and adapted them to the AI domain to explain algorithmic
decisions [2], [3]. They describe a counterfactual explanation
as a statement that explains the minimal change to the system
that results in a different outcome. Providing counterfactual
explanations is expected to improve the understandability of
the underlying model, and support decision-making process

of the user. A counterfactual explanation seeks to provide
a minimal explanation to a question of the form: “Why is
the outcome X and not Y?” [3]. To illustrate, consider a
constraint system that aims to solve the course timetabling
problem at a University. The dedicated admin staff runs the
timetabling system to obtain a feasible timetable. However,
a lecturer, who is used to teaching their assigned course on
Mondays, asks the admin: “Why is my Course A scheduled
to Friday instead of Monday? I cannot attend lectures on
Fridays due to travel.”. In order to accommodate this user
constraint, which was not a part of the system before, the
admin can add this new information to the system. However,
adding the new constraint may cause an infeasible state in the
system. To recover from this situation, the admin can follow
a traditional conflict elimination mechanism, which involves
finding a set of constraints to relax so the conflicts in the
problem are removed. Alternatively, the system can provide
a counterfactual explanation to the admin that explains: “If
you move Course B from Monday to Tuesday, you can
schedule Course A on Monday.”. Note that, if the user’s
request does not cause infeasibility, alternative explanations
can be considered such as: “Given the new constraint, an
alternative schedule can be found at an extra cost of C.”.
Counterfactual explanations have recently been adapted to
optimisation problems [4]. We discuss relevant work in more
detail in the Related Work section. We then propose a new
approach to finding a counterfactual explanation based on
identifying conflicts and maximal relaxations, demonstrate
our model on a configuration problem, and conclude with a
discussion and identification of some future directions. In the
remainder of this paper, we first elaborate on the state of the art
(Section II). We then present our approach by first introducing
the notions on which our approach depends (Section III).
We demonstrate the approach in Section IV and empirically
evaluate it ( Section V). We present some concluding remarks
in Section VI.

II. RELATED WORK

Constraint Programming has many applications in schedul-
ing, resource allocation, product configuration, etc. Our work
focuses on explanations in constraint satisfaction. The majority
of existing work on this topic has focused on the identification
of conflicts amongst constraints to explain infeasibility [1],

[S]-[8].



In 2017, Wachter et al. proposed to use counterfactual expla-
nations to provide a minimal amount of information capable
of altering a decision without understanding the internal logic
of a model [2], [3]. In a recent survey paper on counterfactuals
in XAl Keane et al. [9] presented a detailed analysis of 100
distinct counterfactual methods and their overall evaluation,
and shortcomings along with a roadmap to improvement.
They highlighted that only a few approaches are supported
by user evaluations. Similarly, Miller argued that in XAlI,
a ‘good explanation’ is usually defined by the researchers,
but the social science dimension to this definition is not
explored well [10]. Miller characterized explanations provided
by humans as contrastive, selected in a biased manner, social
(i.e. transferring knowledge), and not completely based on
probabilities (the most likely explanation is not necessarily
the best explanation).

Despite the long history of explanation generation in con-
straint satisfaction, counterfactual explanations is a relatively
new concept. However, there exist a few relevant studies
that discuss related notions such as contrastive and abductive
explanations in Boolean satisfiability. As an example, Ignatiev
et al. have a number of studies at the intersection of ML
and SAT [11], [12]. Their work discusses different types
of explanations, such as local abductive (answering “Why
prediction X?”) and contrastive explanations (answering “Why
not?”). More specifically, the authors discuss how recent
approaches for computing abductive explanations can be ex-
ploited for computing contrastive/counterfactual explanations.
Their findings highlight an important property that the model-
based local abductive and contrastive explanations are related
by minimal hitting set relationships [12].

More recently, Cooper and Marques-Silva investigate the
computational complexity of finding a subset-minimal abduc-
tive or contrastive explanation of a decision taken by a classi-
fier [13]. The authors define the explanation notions analogous
to Ignatiev et al. [12]. In parallel, Cyras et al. present an
extensive overview of various machine reasoning techniques
employed in the domain of XAI, in which they discuss
XAI techniques from the symbolic Al perspective [14]. The
authors classify explanations into three categories. These are,
namely, attributive, contrastive, and actionable explanations.
Subsequently, they discuss the links between these explanation
notions and the existing notions in symbolic Al by covering
many different topics such as abductive logic programming,
answer set programming, constraint programming, SAT, etc.
They discuss that contrastive explanations can be achieved
via counterfactuals and define a counterfactual contrastive
explanation as “making or imagining different choices and
analysing what could happen or could have happened”. On
the other hand, they define an actionable explanation as one
that aims to answer “What can be done in order for a system
to yield outcome o, given information ¢?”.

Korikov et al. extend the notion of counterfactual explana-
tions to optimisation-based decisions by using inverse opti-
misation [4]. In their work, the authors define counterfactual
explanations analogous to those of Wachter et al. [3]. They
aim to find the nearest counterfactual explanation, which
corresponds to finding a set of changes on the features such

that the new solution is as close to the previous one as possible.
Subsequently, Korikov and Beck generalise their work to
constraint programming and show that counterfactual expla-
nations can be found using inverse constraint programming
using a cost vector [15]. Karimi [16] along with Korikov [4]
have a similar goal to generate the optimal counterfactual
explanations for classifiers. Karimi however does not take into
account decisions taken by explicit optimization models as
opposed to Korikov.

The approach by Rebecca Eifler et al. provides an expla-
nation framework that explains tradeoff between soft goals
by identifying the conflicting soft goals and ways to resolve
these conflicts [17]. Raul Mencia et al. investigate the task
to explain and correct a machine scheduling problem with a
limit on the makespan which makes the problem UNSAT. They
compute a single arbitrary explanation and single correction
efficiently [18].

The approach by Niklas Lauffer and Ufuk Topcu is close
to ours [19]. They use the MARCO algorithm to generate
minimal conflicts and maximal relaxations specifically for
scheduling algorithms. They also modify the RCSP instances
to include a given number of agents that execute tasks in
parallel and introduce start and end times for each scheduling
instance.

To the best of our knowledge, the most relevant study
to our work has recently been conducted by Senthooran et
al. who propose a problem independent approach to resolve
conflicts and generate meaningful explanations. They identify
the constraints causing conflicts and the smallest number of
changes to be applied in order to solve the conflicts. They
also conduct an evaluation of trade offs between practicality
and flexibility for their approach and their meaningfulness
and usefulness when used for real world applications [20].
We differ in the way we relax the problem. Their approach
relies on the notion of a slack variable. Ours is defined
in terms of multi-point relaxation spaces. The use of slack
variables implicitly imposes a total order on the relaxations of
a constraint. We allow more flexibility by letting constraints
in the relaxation space be partially ordered.

In this paper, our goal is to find a counterfactual explanation
to a given constraint problem by using conflicts and constraint
relaxation. To achieve this, we build upon earlier work by Fer-
guson and O’Sullivan in which the authors generalize conflict-
based explanations to Quantified CSP framework [21]. Their
approach extends the famous QUICKXPLAIN algorithm [22]
by allowing relaxation of constraints instead of their removal
from the constraint set. We also demonstrate how this mech-
anism based on identification of maximal relaxations can be
used to find counterfactual explanations in constraint-based
systems.

III. METHODOLOGY

In this section we first define some important notions exist-
ing in the constraint programming literature on explanations.
We then present the notion of counterfactual explanation,
and discuss its relation to constraint relaxation. We finish
the section with our proposed model to find a counterfactual
explanation.



A. Conflicts, relaxations and exclusion sets

A constraint satisfaction problem (CSP) is defined as a 3-
tuple (V,D,C) where V = {vy,vs,...,v,} is a finite set of
variables, D = {D(v1), D(v2),..., D(v,)} denotes the set of
finite domains where the domain D(v;) is the finite set of
values that variable v; can take, and a set of constraints C =
{c1,ca,...,cm }. In interactive constraint programming, the set
of constraints can be divided into two sets of constraints: B
representing the background constraints and F representing
the foreground constraints (or user requirements/constraints).
In order to increase readability, we sometimes omit the vari-
ables and domains and refer to a problem P as (B,F). A
set of constraints is called inconsistent (or unsatisfiable) if
there is no solution. In this case, the problem is said to be
infeasible. If the problem has at least one solution, the set of
constraints is said to be consistent (or satisfiable), and the
related problem is referred to as feasible. We assume that
the set of background constraints are consistent, but the user
constraints may introduce infeasibility. We use II to refer to the
consistency checker. That is, II(C) is true or false depending
on whether C is consistent or not. We define below a number
of relevant definitions existing in the literature.

Definition 1 (Minimal Conflict [22]): A subset C of F is a
conflict of a problem P = (B, F) iff BUC has no solution. A
conflict C' of F is minimal (irreducible) if each proper subset
of C is consistent with the background B (i.e., if no proper
subset of C' is a conflict).

Definition 2 (Maximal Relaxation [22]): A subset M of F
is a relaxation of P = (B,F) iff BU M has a solution. A
subset M of F is a maximal relaxation iff M is a relaxation
and there is no ¢ € F\ M such that BUM U {c} also admits
a solution.

Based on the definition of a maximal relaxation, the com-
plementary notion of minimal exclusion set can be defined.

Definition 3 (Minimal Exclusion Set [8]): Given a problem
P = (B,F) that is inconsistent, and a maximal relaxation
M C F, the set X = F \ M is a minimal exclusion set.

B. Multi-point relaxation spaces

The previous definitions are defined under two-point relax-
ation spaces in which constraints can only be either included
in, or excluded from, the set of user constraints. In this paper,
we work under multi-point relaxation spaces which defines a
set of alternative ways in which a constraint can be weakened,
and ultimately excluded [21], [23]. We represent a multi-point
relaxation space with a directed graph. A (directed) edge from
a constraint ¢; to another constraint ¢, means that cy is an
immediate relaxation of c; (i.e., there is no other c3 such that
c3 is a relaxation of ¢; and co is a relaxation of ¢3). That is,
if ca € suc(cy) or ¢ € pred(cg) then ¢y is an immediate
relaxation of ¢1. In what follows we use mazima(R) to refer
to the set of constraints in the multi-point relaxation space R
that cannot be relaxed further. That is,

mazima(R) = {c € R : suc(c) = 0} (1)

Similarly, minima(R) refers to the set of constraints in the
multi-point relaxation space R that cannot be tightened further.
That is,

minima(R) = {c € R : pred(c) = 0} (2)

When mazima(R) is a singleton set, we use R to refer to the
only element in mazima(R). Similarly, when minima(R)
is a singleton set, we use R to refer to the only element
in minima(R). In the instances considered in Section IV,
we have that for all computation space R it holds that
|mazima(R)| = |minima(R)| = 1. That is both R and R
are well defined. R corresponds to the original foreground
constraint and R to its total relaxation. We define spx (c;, cz)
as the shortest path from c; to ¢, in R'. When R is obvious
from the context, we omit R. A relaxation space implicitly
defines an order among the constraints of the space. We say
c1 C ¢y if there is a path from ¢y to co. If the path involves
one or more edges we say c; C ca.

C. Relaxation Space using Allen’s Algebra

Allen’s interval algebra is one of the best known and widely
used formalism for representing interval-based qualitative tem-
poral information [24]. The fundamental reasoning task in
Allen’s interval algebra is to find a scenario that is consistent
with the given information. This problem is in general NP-
complete [25]. Table I shows the mathematical definition of the
basic 13 relations of Allen’s interval algebra. In what follows,
we use A to refer to the set of basic relations. The equations in
Table I specify the conditions under which the relations hold.
For example, the ‘before’ relation holds between tasks z and
y when ZTeng < Ystars-

We use Allen’s interval algebra to define the relation be-
tween various events in a scheduling problem. We compute a
counterfactual explanation in a scheduling problem where the
constraints are expressed in terms of Allen’s interval algebra
and the relaxation spaces are generated from 4.

I Constraint | Symbol ] Definition |
equals(z, y) = (@start; Ystart) =, (Tend, Ystart) >, (Tend, Yend) =
before(z, y) < (@start Tend) <, (Tend; Ystart) *<; (Ystarts Yend) :<
meets(z, y) m (@start, Tend) <, (Tend, Ystart) =, (Ystart, Yend) <

overlaps(x, y) o (@start, Ystart) 1<, (Tend, Ystart) >, (Tend, Ystart) 1<
starts(z, y) s {(@start, Ystart) :=, (Tend, Ystart) *>, (Tend, Yend) 1<}
during(z, y) d {(@start; Ystart) >, (Tstart; Tend) <, (Tend; Yend) 1<}
finishes(z, y) f {(@start; Ystar) >, (Tstart; Yend) <, (Tends Yend) =1}
overlapped_by(z, y) ot {(@start, Ystart) >, (Zstart, Yend) <, (Tend; Yend) >}
started_by(z, y) si {(@start, Ystart) :=, (Tstart, Tend) :<, (Tend, Yend) >}
contains(z, y) di {(@start, Ystart) =<, (Ystart; Yend) <, (Tend Yend) >}
finished_by(z, y) fi (@start; Ystart) <, (Tend; Ystart) >, (Tends Yend) =
after(z, y) > (Ystart Yend) <, (Tstart, Yend) >, (Tstarts Tend) 1<
met_by(z, y) mi (ystart, Yend) <, (Tstart, Yend) =, (Tstart, Tend) 1<

TABLE I: Allen’s Interval Algebra

There could be a total of 21! possible relations that are
disjunctions of the basic relations .A. Out of these 2/, we
only select 27. Two of these 27 are the top (R) and bottom
(R) nodes of the relaxation space. Algorithm 1 shows the
steps for the generation of a relaxation space R containing
the relaxations.

IThere can be more than one shortest path from one constraint to another
in a space. We assume an order among the edges in the space and break the
ties accordingly.
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Fig. 1: PO: a partial order on the numerical relations used

in the definitions of A. An edge from a relation r; to a
relation 7; means that r; is a relaxation of 7;.

Algorithm 1 SPACEGEN(A, PO)

Require: Allen’s Interval Algebra relations A, Partial order on
numerical relations (PO) as shown in Figure 1.
Ensure: Relaxation space R
L R=0

2:¥r € A, R+ RU{(R:,7),(r,R:)}

3: while A # 0 do

4 d=10

5:  for all combinations of pairs (r;,7;) € A do

6: rels; <~ ONESTEPRELAXATION(r;, PO)

7 relsj <~ ONESTEPRELAXATION(r;, PO)

8 for ' € rels; do

9 if ' € rels; then

10: dlrivVr;] =1

11: R + RU{(TZ‘\/TJ‘,’U), (ri\/rj, Tj)7 (@, ri\/rj), (Ti\/
7"]',&)}

12: break

13 A=d

14: return R

When we generate the relaxations for all relations in A,
we use one step relaxation to limit the number of possible
relaxations generated for each relation. We introduce one
step relaxation as the modified mathematical definition of A
after relaxing (only once) one of the inequality operators.
Algorithm 2 shows the detailed logic for generating one
step relaxation for any given relation. Table II shows one
such example: constraints before(z,y) and meets(z,y) are
relaxed and their relaxations are compared. Since they have a
common relaxation, both before(z, y) and meets(z, y) can be
connected through an edge to a common node before ORmeets
(in this case) which represents the constraints relation.

All relations in .4 go through this process until we form
the next level of nodes representing the common relaxations,

Algorithm 2 ONESTEPRELAXATION(7,,, PO)

Require: Relation to be relaxed r,,, Partial order on numerical
relations PO
Ensure: Set of all one-step relaxations rel,,
1: rel,, =
2: for p € v, do
3 for (r1,72) € PO do
4 if 7 [p] = 71 then
5: rin ~0
6: for p’ € r., do
7: T [p’] <= 2 if p’ = p else 1y, [p’]
8: relm <+ relm, U {r,}
9: return rel.,

Constraint Definition

before(w,y) | {(@san, Tend) <, (Tends Ystart) 1<, (Ystarts Yena) 1<}

meets(z, y) NG (Ystart» ¥

{(@starts Tena) < (Tends Ystart) 2=, (Ystarts Yend) <} ( >
:<, (Tend, Ystart) 1=, (Ystart, Yend) 1<

TABLE II: Multiple one step relaxations for before(z, y) and
meets(x, y) and the common relaxation
beforeORmeets(x, y) between them

the one step relaxations that are not common between any
relations are discarded. The relations, that do not have any
common relaxations with any other relation are connected to
R. Once we connect all relations in A to either the common
node or R, we repeat the above process for this newly formed
level of nodes. This process is continued until there are no
more common relaxations between the nodes, in which case
all the nodes without any outgoing edges are connected to R.
Figure 2 shows the final relaxation space generated using .A.

D. Finding a counterfactual explanation

We define a counterfactual explanation by adapting the
definitions from Wachter et al. [3] and Korikov et al. [4]. We
aim to find an explanation to the user with minimal changes
to her constraints and inform her on how to recover from an
infeasible state.

Definition 4 (Counterfactual Explanation): Given a problem
P = (B,F) that is inconsistent, a maximal relaxation M C
F, and the corresponding minimal exclusion set X = F \
M, a counterfactual explanation, &£, for P is a relaxation of
the constraints in X such that BU M U £ is consistent. A
minimal counterfactual explanation is one such that none of
its constraints can be tightened further without introducing an
inconsistency.

Algorithm 3 COUNTERFACTUALXPLAIN(P, Z)

Require: A problem P = (B, F), where F = {c1,...,¢n},
and a set Z = {R4,...,Ry,} of multi-point relaxation
spaces of each user constraint in F.

Ensure: A counterfactual explanation.

1: if II(B U F) then return no conflict
if Vi € {1,...,n}|R;| =1 then return no relaxation

M0

for ¢; € F: II(BUMU {¢}) do M < MU {c;}

X+ F\M

Let R; ... R, be the spaces associated with X" and set

r; to R;

A A R

7: while Hzelm|7€z\ >1 do

8:  while J;c; .pred(r;) £ ONIT(BUMU{r;...1Tn})
do

9: choose an i s.t. pred(r;) # 0

10: rh— 1y

11: choose an r; from pred(r;)

122 fII(BUMU{r;...7p}) then return {ry...7r,,}
13 Ry« {r|reR;rZr}

14 11

15:  foreach R; do R; < {r |r € R;,r Cr;}

16: return {ry...r,




Fig. 2: Relaxation Space

E. CounterFactualXplain

We present in Algorithm 3 the details of our proposed
method COUNTERFACTUALXPLAIN. This approach is an
adaptation of the QUANTIFIEDXPLAIN algorithm that was
proposed to solve Quantified CSPs following a set of different
relaxation forms including single constraint relaxation, relax-
ation of existentially/universally quantified domain, quantifier
relaxation, etc. [21]. From the set of different relaxation forms
they propose, we only adapt single constraint relaxations in
our work. Our proposed method currently follows an iterative
approach for identifying the counterfactual explanation for
the problem. Note that, if the relaxation spaces are two-point
(binary), then the algorithm becomes a version of Junker’s
REPLAYXPLAIN algorithm that is an iterative approach to
find a minimal conflict [6]. The COUNTERFACTUALXPLAIN
admits a problem P = (BB, F) and the multi-point relaxation
spaces of each constraint that can be relaxed R, and returns
a counterfactual explanation £ (a set of constraints that needs
to be changed to restore feasibility). If the given problem P
is feasible, then the algorithm returns ‘no conflict’. Similarly,
if there is no relaxation space defined for the foreground con-
straints, the algorithm returns ‘no relaxation’. For infeasible
problems, the algorithm first identifies two sets of constraints:
a maximal relaxation M and minimal exclusion set X’ (Line 4
and Line 5). This is achieved by adding each user constraint
iteratively to the background constraints and checking for
consistency. It is important to note that the complexity of
the consistency checker directly influences the complexity of
the overall algorithm. Between Lines 6 to 15 the procedure
iteratively attempts to tighten the maximal relaxation of each
constraint present in the minimal exclusion set X’ until either
the original user constraint is reached or an inconsistent set
of constraints is formed. As mentioned before, we see spaces
as directed graphs, so tightening a constraint corresponds to
replacing it with a predecessor. Finally, the algorithm returns
a set of the maximally tightened relaxations of the minimal
exclusion set.

FE. Properties of CounterFactualXplain

We focus now on how the tightening of the total relaxation
of X is achieved, and elaborate on some properties of our
algorithm. One requirement of our algorithm is that, for each

constraint ¢; that can be relaxed, R; fully relaxes ¢; for the

given R;. At Line 6, we set the relaxation of & to its total
relaxation. We then have two nested while loops. The outer
while loop iterates while it is possible to tighten the relaxation
of X. The inner while loop iterates while the current state of
relaxation (i.e., BUM U {ry...7,}) is consistent and it is
still possible to tighten the relaxation of X. At each iteration
of this inner while loop we choose a constraint that can be
tightened (Line 9), save its current state (Line 10), and replace
it with a predecessor in the space (Line 11). After leaving the
inner while loop we first check the reason why we left the
loop. if the relaxation of X could not be tightened further, we
return the current relaxation (Line 12). If an inconsistency was
detected, we update R; by removing all those constraints that
are tighter than or equal to r; (Line 13), restore the previous r;
(Line 14), and for all space R; we remove all those constraints
that are weaker or incomparable to 7; (Line 15). Notice that
as we are removing the incomparable constraints during the
filtering, after the filtering we have that r; is the most relaxed
constraint in R; for every space R;. The selection of the
constraint to be tightened is done nondeterministically (see
Line 9). We also choose from the possible alternatives to
tighten a constraint in a nondeterministic way (see Line 11).
The first choice ensures that no constraint is favoured. Notice
that at each iteration of the inner loop we may choose a
different constraint. The second choice ensures that the whole
relaxation space of a constraint is considered, thus allowing
the possibility of returning any valid maximal relaxation of X.

Proposition 1: If {ry...r,,} is a maximal relaxation of X

it is a possible output of COUNTERFACTUALXPLAIN.
Proof: We show that this proposition holds by constructing
a sequence of (choose statement) decisions that leads us
to {r1...7,}. The initial state of the relaxation of X is
{R1...Rm}. One (not necessarily unique) sequence that
leads us to {ry...7,} is one where we consider the fore-
ground constraints in order and tighten each constraint follow-
ing the constraints in spg, (R;, ;). That is we tighten the i-th
foreground constraint before tightening the ¢+ 1-th foreground
constraint, thus ending with a sequence whose length is equal
to the sum of the length of the shortest paths.

Proposition 2: COUNTERFACTUALXPLAIN terminates.
Proof: The termination of the execution is ensured by the
fact that at each iteration of the outer while loop we prune at
least one constraint: the one that caused the inconsistency (7;).
That is, in the worst case, the number of iteration of the outer



while loop is bounded by the total number of constraints in
the spaces. The number of ancestors of a constraint (i.e., the
constraints that are tighter than the given constraint) is finite
so the number of iterations of the inner while loop is finite too.
As a constraint is only visited once the number of consistency
checks is also bounded by the total number of constraints in
the spaces.

The time complexity of COUNTERFACTUALXPLAIN de-
pends on the complexity of the checks and therefore it is
dependent on the number of consistency checks. The worst
case scenario is when at each iteration we remove one element
from the relaxation space of a foreground constraint so the
total number of checks is bounded by the total number of
constraints in the spaces. As each constraint is considered
once, the number of checks is linear with respect to the number
of constraints in the relaxation spaces.

IV. DEMONSTRATION

This section illustrates COUNTERFACTUALXPLAIN using
one of the instances considered in the empirical evaluation.
We use the relaxation space presented in Figure 2.

A. Problem

We use a modified version of the Resource Constrained
Project Scheduling Problem (RCPSP). We took instance
73022_2 from the instance set in the paper by Ouellet et
al. [26]. In the RCPSP problem, the goal is to schedule n
number of tasks, where each task is using multiple resources
and each resource has a capacity. The amount of resources a
task consumes varies by resource and can be zero. There are
precedence constraints between tasks and and there is also a
given makespan. In this paper we consider a generalisation of
the problem where the constraint between two tasks can be
of the form rel(t;,ts) where rel can be any of the relations
in our generated relaxation space (Figure 2). We can formally
present our problem as a CSP as follows:

1) Constants:

e rc is an array representing the resource capacities.

o Tasks is the set of all tasks.

e d is an array representing the task durations.

o 77 is a 2D array representing the resource requirements

for each task and resource.

o makespan is a parameter representing the makespan.

2) Variables:

e Starts is an array of integer variables representing the
start times of tasks in the set Tasks. Each value in the
domain represents a time point.

3) Constraints:

a) Background constraints:

o cumulative(starts, d,[rr[r,t] | t € Tasks], rc[r])

o YVt € Tasks : startsy + dy < makespan
b) Foreground constraints:

o A set of constraints of the form rel(¢;, t2), where rel can

be any of the relations in our generated relaxation space
(Figure 2)

B. Instance

We modify j3022_2 by replacing the precedence relation
between the tasks with a randomly selected relation from A.
The set of foreground constraints we have after modifying this
instance are presented in Table III, where ¢ is the ID of the
foreground constraints and the Relation column represents one
of the relations in A. All other constraints of instance j73022_2
stay the same.

¢ | Taskl | Task2 Relation 7 Taskl | Task2 Relation

1 1 10 overlap 9 5 12 finishes

2 2 4 before 10 6 11 overlapped_by
3 2 6 contains 11 6 15 met_by

4 2 14 started_by 12 7 12 equals

5 3 5 equals 13 8 10 starts

6 3 7 equals 14 10 13 contains

7 3 8 after 15 11 12 equals

8 5 9 finished_by | 16 14 15 during

TABLE II: Foreground Constraints

Table IV shows the final outputs of the algorithm after
application on the instance above. Column ¢ refers to the
constraint ID of the foreground constraint, which is in X.
Taskl and Task2 represent the tasks. Column Foreground
Constraint refers to the original relation. Column Relaxed
constraint refers to the relaxation of the original relation.
The constraints 3,4,5,9,12 and 16 are fully relaxed as their
relaxation is R;. The rest are partially relaxed.

7 | Taskl | Task2 | Foreground constraint Relaxed constraint

1 1 10 overlap overlap OR starts

3 2 6 contains Rs

4 2 14 started_by R4

5 3 5 equals Rs

6 3 7 equals equals OR starts

8 5 9 [inished_by equals OR finished_by OR starts
9 5 12 finishes Ro

12 7 12 equals Riz

13 8 10 starts overlap OR starts

15 11 12 equals equals OR overlap OR starts
16 14 15 during Ric

TABLE IV: Counterfactual Explanation

Gantt Chart
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Fig. 3: Distribution of tasks

Figure 3 is a Gantt chart showing how tasks has been
scheduled and the resources utilised by each task. All the tasks
end by the time the makespan is reached. Figure 4 shows the
resource utilisation throughout the makespan.

We can use Figure 5 to gain insight into why the relaxation
computed is maximal. Notice, for instance, that reversing the
relation between Tasks 1 and 10 to overlap would lead to an
increase (in at least one unit) of the makespan. This follows
from the fact that overlap forces the start of Task 10 to be
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Fig. 4: Resource Utilisation Chart

Fig. 5: Relation graph of the relaxation. Vertices represent
tasks. Edges are associated with the relation between tasks.
There are two set of relations: one set corresponds to the
relaxation of the foreground constraints. The other set refers
to tasks that need to be executed sequentially due to the
capacity of the resources. For instance, the edge from Task 3
to Task 13 refers to one this cases. The label (1-12-6-7)
means that the tasks share Resource 1, which has capacity
12. Task 3 uses 6 units and Task 13 uses 7 units.

greater than the start of Task 1, which also means that those
tasks that cannot start before the end Task 10 (e.g., Task 7)
are also affected.

V. EMPIRICAL EVALUATIONS

We use 465 instances from the ksd15_d datasets to em-
pirically evaluate the performance of the algorithm. The suc
relation in the 15 foreground constraints is first replaced by the
be fore relation from .A. We also create a second set of datasets
by replacing the successor relation with any of the relations
in A. That is, suc(ts,t2) is replace with before(t;,ts) for
the first instance set gl, and for the second instance set
92, suc(ty,tg) is replaced with r(¢;,ts) where r is chosen
randomly from .A. Algorithm 4 shows the modification process
to generate an instance in the second set of instances.

The results of the evaluation of Algorithm 3 are summarised
in the boxplots [27] of Figures 6, 7 and 8. The boxplots,
which were computed using the DataFrame.boxplot function
of Seaborn [28], show median, inter-quartile range (IQR)
bounds of +/- 1.5*IQR beyond the box, and outliers. The
experiments were carried out on an Intel(R) Xeon(R) CPU
E5-2650 v2 machine operating at 2.60GHz with 128GB of
DDR3 memory using Ubuntu 22.04 LTS. We implemented
our approach in Python 3.10 using Minizinc 2.8.3 as modeling
language and Chuffed 0.13.1 as underlying solver.

Algorithm 4 INSTANCEGEN(B, F)

Require: 7 = {c1,...,¢,} where ¢; =
Allen’s Interval Algebra relations .4
Ensure: modiﬁed RCSP instance (B, F’) where F' =

{c},... ¢

1: F”:{c .o, Cl} where ¢ =T
2: while H(B U F”) do

3. for suc(t;,tz) € F do

4 choose an r from A

S: C;/ — T(tz s tg)
6
7
8

suc(ty, te) and

if ~II(BU F”) then
: F'« F”
. return (B, F")

Figure 6 shows the number of checks required by Algorithm
3. The number of checks increases with the number of
constraints for both groups, but the role of the number of
constraints is stronger in the second group.

Figure 7 shows the runtime in seconds. While there is a
correlation with the number of checks, the small number of
checks observed overall indicates that the runtime is dominated
by the complexity of the underlying decision problem. Figure
8 shows the partial relaxations returned for the instances. We
observe that very few instances get partially relaxed in g1.
However, for all the instances in g2, there is at least one
constraint that is partially relaxed.
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Fig. 7: Runtime

VI. CONCLUSION AND FUTURE WORKS

The aim of our approach is to find a set of changes that
can be applied to the system to change the outcome (feasi-
bility state) of the system. We proposed a novel explanation
type for constraint based systems by using the counterfactual
explanation framework and identifying a maximal relaxation
of the constraint set. This framework aims to find a minimal
set of changes for a set of user constraints using multi point
relaxation spaces.
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Fig. 8: Partial Relaxations

While the notion of multipoint relaxation space has been
already introduced [21], in this paper we express this definition
in terms of graph theory concepts. We believe this approach
not only makes the concept more intuitive but also allows
us to present the algorithm for computing counterfactual
explanations more clearly. The presentation of the algorithm
for computing counterfactual explanations is complemented
with the elaboration on the correctness of the algorithm.

We used a well-known set of over-constrained RCPSP
instances [26] and proposed a way to modify them using
relations from Allen’s algebra. Our experiments suggest that
our approach scales well with respect to the number of
foreground constraints, and that we can find cases where we
can benefit from having partial relaxations.

An obvious direction for future work will be to undertake
user-experiments using real-world problems to ensure the
useability of our approach. However, since our work is inspired
by the well known QuickXplain algorithm, which has been
widely used in real world systems and applications, we are not
concerned that the results of such a user-study would highlight
computational issues.

In this paper we have focused on maximality only. However,
a natural extension of our approach is to consider preferences
on the foreground constraints. The preferences will certainly
play a role in the selection of the foreground constraints that
we choose not to relax (i.e., the constraints that we place in
M) and also on how we choose among the constraints in X'.
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