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Abstract

Step-wise explanations can explain logic puzzles and other
satisfaction problems by showing how to derive decisions
step by step. Each step consists of a set of constraints that
derive an assignment to one or more decision variables. How-
ever, many candidate explanation steps exist, with differ-
ent sets of constraints and different decisions they derive.
To identify the most comprehensible one, a user-defined ob-
jective function is required to quantify the quality of each
step. However, defining a good objective function is chal-
lenging. Here, interactive preference elicitation methods from
the wider machine learning community can offer a way to
learn user preferences from pairwise comparisons. We in-
vestigate the feasibility of this approach for step-wise ex-
planations and address several limitations that distinguish it
from elicitation for standard combinatorial problems. First,
because the explanation quality is measured using multiple
sub-objectives that can vary a lot in scale, we propose two dy-
namic normalization techniques to rescale these features and
stabilize the learning process. We also observed that many
generated comparisons involve similar explanations. For this
reason, we introduce MACHOP (Multi-Armed CHOice Per-
ceptron), a novel query generation strategy that integrates
non-domination constraints with upper confidence bound-
based diversification. We evaluate the elicitation techniques
on Sudokus and Logic-Grid puzzles using artificial users, and
validate them with a real-user evaluation. In both settings,
MACHOP consistently produces higher-quality explanations
than the standard approach.

Code — https://github.com/ML-KULeuven/MACHOP
Extended Version — https://arxiv.org/abs/2511.10436

1 Introduction

The field of Explainable Artificial Intelligence (XAI) aims
to build user trust by providing systems with explainable
agency. XAl for Constraint Programming (CP) (Rossi, van
Beek, and Walsh 2006) aims to explain why a model is
unsatisfiable (Liffiton and Sakallah 2008), why a specific
variable assignment is chosen (Bogaerts, Gamba, and Guns
2021), or why a solution is optimal (Bleukx et al. 2023).
Without explanations, understanding these decisions can be
difficult, especially given the complexity of CP models.
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Step-wise explanations (Bogaerts, Gamba, and Guns
2021; Bleukx et al. 2026) can explain how decision vari-
ables, logically implied by the constraints, are derived. For
instance, in nurse rostering, one explanation step might jus-
tify assigning a nurse to a night shift by noting that other
nurses requested earlier shifts and the night shift must meet
minimum staffing. Without this explanation, the user would
have to go through the full problem specification to see what
led to that decision.

Multiple explanations exist because variable assignments
can be derived with different subsets of constraints (Gamba,
Bogaerts, and Guns 2023), though they are not all equally in-
terpretable. Defining a criterion to assess explanation quality
is crucial for generating comprehensible explanations. One
early approach measures explanation quality by the num-
ber of used constraints (Ignatiev et al. 2015). However, car-
dinality is not the only relevant factor, as longer explana-
tions may contain constraints that are more familiar to the
user. Later approaches (Bogaerts, Gamba, and Guns 2021;
Gamba, Bogaerts, and Guns 2023) introduce a linear objec-
tive function to quantify human understandability, which is
then optimized to identify the best explanation. Such func-
tion is problem-specific and requires defining and weight-
ing each sub-objective, a complex and error-prone pro-
cess (Mesquita-Cunha, Figueira, and Barbosa-Pévoa 2023).

Interactive optimization methods (Meignan et al. 2015)
offer an interesting alternative, where users iteratively ex-
press preferences to find their preferred solution. We are es-
pecially interested in data-driven approaches that can learn
over many related optimization problems at once. In par-
ticular, pairwise preference elicitation methods query the
user to compare solution pairs, limiting the cognitive load.
Such approaches have been extended to combinatorial set-
tings through the Constructive Preference Elicitation (CPE)
framework (Dragone, Teso, and Passerini 2017).

We investigate the feasibility of this approach for step-
wise explanations and contribute the following:

* Since explanation quality is measured by multiple sub-
objectives that vary in scale (e.g., number of constraints,
number of facts), we examine how different normaliza-
tions impact the quality of the generated explanations.

* To generate more diverse queries, we introduce MA-
CHOP (Multi-Armed CHOice Perceptron), a new query
generation criterion for CPE based on non-domination



and Upper Confidence Bound (UCB).

* We examine the trade-off between the user’s waiting
time and solution quality by pre-determining the facts the
solver can explain during learning.

e We validate our contributions through an experimen-
tal evaluation using simulated users and logic puzzles,
which are standard benchmarks for explainable con-
straint programming (Bogaerts, Gamba, and Guns 2021;
Gamba, Bogaerts, and Guns 2023). A real-user evalua-
tion is then conducted on Sudoku puzzles to demonstrate
that MACHOP is able to learn human preferences.

2 Related Work

Preference elicitation approaches estimate preferences
through user interaction. Pairwise comparisons of solutions
are the most common queries, as they reduce cognitive
load for the user (Conitzer 2007). As common in util-
ity theory (Braziunas and Boutilier 2007), user preferences
are represented by a function over features, each capturing
some aspect of a solution. In combinatorial settings, fea-
tures are interpreted as sub-objectives, often combined with
a weighted sum (Benabbou and Lust 2019; Dragone, Teso,
and Passerini 2018; Bourdache, Perny, and Spanjaard 2020).
While non-linear functions can be learned (Herin, Perny, and
Sokolovska 2023), they are often unsupported by solvers,
which is why preference elicitation for combinatorial prob-
lems relies on linear objective functions (Benabbou and Lust
2019; Defresne, Mandi, and Guns 2025). Additionally, lin-
ear models are supported by psychological research on deci-
sion making (Dawes 2008) and remain widely used in other
domains (Christiano et al. 2017; Handa et al. 2024).

Learning preferences hence correspond to estimating
the weight of each objective. Approaches for multi-
objective combinatorial problems include polyhedral meth-
ods (Toubia, Hauser, and Simester 2004; Benabbou and Lust
2019), which assume error-free user response, and Bayesian
approaches (Bourdache, Perny, and Spanjaard 2020), which
are computationally expensive. Using preference elicitation
for combinatorial settings through CPE is a tractable and
robust-to-noise alternative, which also enables generaliza-
tion across problem instances (Defresne, Mandi, and Guns
2025). Research on CPE has focused on improving the query
generation criterion, i.e., the pair of solutions to show to
the user, to enhance learning efficiency. Dragone, Teso, and
Passerini (2018) generate two solutions, balancing quality
and diversification. Defresne, Mandi, and Guns (2025) con-
sider uncertainty over the solutions’ utility, but it depends on
a large pre-computed set of solutions.

3 Background
We begin by formalizing constraint satisfaction problems.

Definition 1. A constraint satisfaction problem
(CSP) (Rossi, van Beek, and Walsh 2006) is a triple
(X,D,C) where X is a set of decision variables, D is a set
of domains D, of allowed values for each variable x € X,
C is a set of constraints over a subset of X.
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Figure 1: Two Sudoku explanation steps that explain
cell[7,7] = 6 (in green). Used facts £ are in yellow, while
used constraints S are in blue. The table provides an exam-
ple of the mapping from explanations to features.

A constraint is described by an expression (e.g., t+2z # 1,
a V b) that restricts the values that can be assigned to its vari-
ables. A (partial) assignment Z is a (partial) mapping from
variables to values within their domains; each variable-value
pair is called a fact. An assignment satisfies (or falsifies) a
constraint if the constraint evaluates to true (or false). A so-
Iution y is an assignment that satisfies all constraints. The
set Sol((X, D, C)) is the set of all such solutions. A set of
constraints S C C is satisfiable if there exists an assignment
that satisfies all constraints in S; otherwise it is unsatisfiable.

3.1 Explanation steps

Explainable facts logically follow from the CSP’s con-
straints, i.e. all solutions that assign the same value to the
variable. These can be explained with an explanation step:

Definition 2. Let 7 be a partial assignment of a satisfiable
CSP (X,D,C). An explanation step ¢ is a triple (£,S,N),
also denoted £ NS = N, such that:

e £ECTisasetoffacts x = vwherex € X andv € D, ;
* § C Cis a set of constraints.

e N is a set of explainable facts x = v, such that x is
assigned the value v in all solutions of £ U S.

Fig. 1 visualizes two explanation steps of a Sudoku grid.
An explanation for A" = {z = v} can be verified through
a proof by contradiction: assume {x # v}, since (€ A S) is
true, if (€ A S A {z # v}) is unsatisfiable, we have proven
{xz = v}. Therefore, finding a (minimal) explanation step is
closely related to finding Minimal Unsatisfiable Subsets.

Definition 3. A subset z C C is a Minimal Unsatisfiable
Subset (MUS) if z is unsatisfiable and all strict subsets of z
are satisfiable.

Given an MUS: £ U S U {z # v}, it yields a minimal
explanation step (€ A S = {z = v}). Such MUSs are the
core for generating a sequence of explanation steps for a set
of explainable facts 7 (Gamba, Bogaerts, and Guns 2023).



Definition 4. Given a CSP (X,D,C), a set of facts T to
be explained, and a partial assignment G, an explanation
sequence of length n is a sequence ((€;,S;, N;))1<i<n Of
explanation steps where:

* & CGUU N foralll <i<n.
*Uigjen NG =T

* the sets N; are pairwise disjoint.

Each step of the sequence derives a new assignment from
T, possibly using earlier derived facts (G U (U, < ;; NVj))-

3.2 Preferred Explanations

Each explainable fact in 7 can be explained in many ways,
varying in facts and constraints used. A common approach is
to compute cardinality-minimal explanations (Ignatiev et al.
2015), which use the fewest facts and constraints. We will
refer to these as smallest explanation steps (SES). Cardinal-
ity alone may not be the most relevant aspect. In Fig. 1, the
explanation on the right is smaller (4 facts + 3 constraints),
but the one on the left is easier to understand (8 facts + 1
constraint). To capture different quality aspects of an expla-
nation step, we represent it as a vector of features.

Definition 5. Let M(C,Z,T) be the set of all explanation
steps, given constraints C, a partial assignment T and a tar-
get set of facts T. We define ¢ : M(C,Z,T) — RP, mapping
an explanation step to a vector of real-valued features.

These features reflect dimensions of explanation qual-
ity by counting specific subsets of constraints. In Sudoku,
they could represent the number of facts or the number of
row/column/block constraints involved. These features can
be used as sub-objectives and be optimized to compute an
Optimal Explanation Step (OES). Following the approach
from Gamba, Bogaerts, and Guns (2023), preferences are
expressed as a linear function f,,~, where w* € RP repre-
sents the importance of each sub-objective ¢;.

Definition 6. Ler f,(¢(y)) = > b_, w; - ¢i(y) be a lin-
ear scalarizing function over the features of an explana-
tion step y € M(C,Z,T), w € RY . An explanation step
y € M(C,Z,T) is an Optimal Explanation Step (OES) if
Vy' € M(C,Z,T) fu(o(y) < fulo(y)).

Finding an OES entails identifying the optimal explana-
tion across all unexplained facts in 7. An optimal explana-
tion step consists of selecting both an unexplained fact (e.g.,
the cell of a Sudoku) and its explanation. To compute an op-
timal explanation sequence, the concept of OES is extended:

Definition 7. An explanation sequence ((E;,Si, N;))i<i<n
is optimal according to w if each triplet (£,S,N) €
((&,8i,Ni))i<ic,, is an OES according to f,, and across
all remaining unexplained literals in T .

Since we treat these problems as multi-objective, the no-
tion of domination becomes relevant.

Definition 8. Given two explanation steps y* and y?, ¢(y*)
dominates ¢(y?), if ¢(y?) is not strictly better in any of the
sub-objectives (Konak, Coit, and Smith 2006), i.e:

') = o) Fie (1,0 ¢:(¥?) < diy') (1)

Algorithm 1: Constructive Preference Elicitation framework

Input: Problems G, Initial weights w!, No. of iterations T’
Output: Learned weights w?

1: fort =1toT do

2: Y « Instance Selection(G)

3:  (y',y?) + Query Generation(Y, w')

4 (y*,y~) < Label(y',y?)

5. w!'tl « Weight Update(y+, y—, w?)

6: end for
1:

return w”

3.3 Constructive Preference Elicitation

Defining weights w by hand is challenging and user-
dependent. Instead, we aim to learn them through pair-
wise comparisons. The CPE framework (Dragone, Teso, and
Passerini 2017) has been proposed for learning weights for
multi-objective combinatorial problems. In this context, ¢
maps solutions y € Sol({(X,D,C)) to a vector of real-
valued sub-objectives and we assume that the preferences
of the user are representable as a linear function over such
sub-objectives: fi,(4(y)) = >0 , w; - ¢i(y). A solution
yt is preferred over y~, if and only if, f,«(¢(yT)) <
Suw+(P(y™)), where w* are the weights of the user.

Algorithm 1 summarizes the learning process. Given a set
of CSPs (G, an initial estimation of weights w! (e. g., all equal
to one) and a number of iterations 7', the goal is to learn
weights w” such that optimizing f,,r leads to a desirable
solution. At each iteration, an instance )/ is selected (line 2),
being a CSP (X, D, C), i.e. with solution set Sol((X, D, C)).
Two solutions are then proposed to the user (line 3). They
then choose their preferred solutions or indicate no prefer-
ence (line 4). If the user expresses a preference, the weights
are updated accordingly (line 5).

Query Generation. In CPE, the Choice Perceptron (Drag-
one, Teso, and Passerini 2018) generates a solution pair
(y1, y2) by solving the following optimization problems:

y' = argmin f,(¢(y))
yeY

y? = argmin (1 —7) fu(o(y)) — v aly,y') @)
yey

st B(y®) # o(yh)

y' is computed by minimizing the learned objective function
fuwt» while y? is generated by minimizing f,: while maxi-
mizing a diversification metric o, namely the L1 distance:

P
ar(y,y") =Y 16i(y") — di(w))| 3)

i=1
The parameter v = % balances explanation quality and

diversification, reducing the importance of diversification as
the number of iterations increases.

Weight Update. Given (y',y?), the user selects their pre-
ferred solution y+, with the alternative denoted as y~. To
update the weights w? accordingly, the Choice Perceptron



relies on an update rule inspired by the Preference Percep-
tron (Shivaswamy and Joachims 2015). Assuming the mini-
mization of sub-objectives, it is defined as:

wt =w' +n(e(y™) — ¢(y™)) )

where 7 is the learning rate.

4 Extending CPE to Explanation steps

While extending CPE to explanation steps, we also propose
three improvements: instance selection to reduce user wait
time, enhanced diversification during query generation, and
normalization of sub-objectives to stabilize learning.

4.1 Instance Selection

We consider a multi-instance setting, which involves both
multiple CSPs (e.g. multiple sudoku start grids) and multi-
ple individual explanation steps of that CSP (e.g. multiple
sudoku steps). An instance ) in our setting will be a CSP
‘state’ from a CSP g, namely (C4,Zy, 74), with C its con-
straints, Z, a partial assignment (facts) of it, and 7T, the re-
maining explainable facts. It has a corresponding set of pos-
sible explanation steps M(C,4,Zy, 74), each including one
fact to explain and a subset of facts/constraints explaining it.

All instances will be assessed with the same p sub-
objectives. We assume stationary user preferences across in-
stances, so a single weight vector must be learned across all.

For instance selection, we randomly choose a CSP and it-
eratively add one explainable fact each query, resulting in a
new instance each time. Once all explainable facts are added,
we pick a new random CSP. We consider two options for de-
termining which explainable fact to add after each iteration:

Online fact selection. In online fact selection, we start
with the initial CSP. Query generation of Algorithm 1 com-
putes two explanation steps from all possible explanations.
We store the fact with the best utility based on w'*t!, i.e.,
the updated weights after the user expresses their preference
(the fact from y? is selected if foir10(y!) < furr10(y?)).
The next returned instance will be M(Cg,Z,, T4) where all
stored facts for CSP g are removed from 7, and added to Z,.

Offline fact selection. The online fact selection is compu-
tationally expensive, because the query generation on line 3
optimizes over all unexplained facts. The longer this process
takes, the longer the user has to wait for the next query.

We propose two simple offline alternatives, where a se-
quence of facts is precomputed. Each time instance selec-
tion is called and M(Cy,Z,, T,) is returned, 7, will consist
of one predetermined fact, so the query generation will only
need to search over the candidate explanations of this fact.
The two alternatives are:

* Random: a sequence of explainable facts is randomly
selected upfront.

* SES: a sequence of facts is generated such that they are
associated with the smallest explanation step.

4.2 Query Generation

The default query generation is defined in Eq. 2. We use
the OCUS algorithm (Gamba, Bogaerts, and Guns 2023) to
solve the optimal (constrained) explanation generation prob-
lems, which support linear objective functions and side con-
straints. To improve query generation for our setting, we pro-
pose two changes concerning how 3?2 is computed:

Non-domination criteria. In the Choice Perceptron, y2
is computed by jointly optimizing f,: and « (Eq. 2).
The quickly decreasing ~ parameter controls the trade-off.
Therefore, after a few iterations, y2 often corresponds to
the second-best explanation under f,,:. We empirically ob-
served that 52 is often dominated by y', making the prefer-
ence label trivial to infer. Assuming the optimization direc-
tion (minimize or maximize) for each objective is known,
we can ensure non-domination between explanations with a
disjunctive constraint (Sylva and Crema 2004):

14
\ ¢i(v*) < di(y") (5)
=1

ensuring one of the p objectives improves compared to y'.

Weighting schemes. The function « is used to diversify
y? from y'. We propose to further enhance this diversifica-
tion by weighing the different components of « differently:
au(mvyl) = u~a(m,y1) (6)
This strategy uses the current estimate of the preference
weights as a guide: u = w?. This weighs components based
on estimated importance. It favors a solution differing in the
most important objectives identified so far. However, it may
over-focus on objectives marked as important early on. To
address this, we draw inspiration from the Upper Confidence
Bound (UCB), used in multi-armed bandits (Auer, Cesa-
Bianchi, and Fischer 2002). UCB focuses on high-reward
actions (sub-objectives in our case) as well as those less ex-
plored. We extend it to preference elicitation by introducing
MACHOP (Multi-Armed CHOice Perceptron), prioritizing
the diversification of objectives that are either estimated to
be important or insufficiently explored. Given @), the set of
all proposed queries, MACHOP is defined as:

g = 29ty )eQ %yﬂ < ¢i(y™) )
Ni= > oy #euy) ©)
V(yt,yT)eQ

Eq. 7 is the UCB formulation. In multi-armed bandits, V;
is how many times the i*” arm has been pulled, while ¢; is
the average reward. We reinterpret N; as the count of solu-
tion pairs where the sub-objectives differ (Eq. 9), indicating
how many times we explore that trade-off; g; is the average
number of pairs in which the solution picked has that sub-
objective improved (Eq. 8). A higher value of g; implies that
the i*" objective is important, as explanations with improve-
ments in that objective are more frequently selected. When
N; =0, u; = oo, prompting exploration of that objective.



4.3 Weight Update

The weight update (Eq. 4) is sensitive to the scale of the sub-
objectives, as such ¢ can benefit from being normalized to
be on the same scale.

Approximate Nadir Point Normalisation. A standard
strategy is to normalize each sub-objective by its lower (f'*)
and upper (f*?) bound (Ozlen and Azizoglu 2009; Defresne,
Mandi, and Guns 2025). Computing the lower bound of
each sub-objective is straightforward and involves minimiz-
ing just that objective. Determining the upper bound, or
nadir point, is more complex and approximations are used
in practice (Ozlen and Azizoglu 2009). In our case, the sub-
objectives are based on the facts and constraints, and we
want to find out the maximum value for each sub-objective.
For this, for each considered problem g € G, we consider
the set Z* of partial assignments, where each 7; € I~
assigns values to all variables except one. The unassigned
variable defines the corresponding target set 7;. These par-
tial assignments provide access to the maximum amount of
facts; for each partial assignment Z; € Z*, we then compute
the explanation step m that maximizes the objective ¢;. The
highest value among these is the approximate nadir point for
that sub-objective.
ub

[0 = fax o mex ¢i(m) (10)
This approach overestimates the upper bound, which may
result in low-scale normalized ¢;(y). To avoid overestimat-
ing these bounds, we investigate two ways to normalize
based on the computed pairs:

Cumulative Normalization. The upper bound of each
sub-objective is defined as the maximum encountered value
during all training so far. Initially, f*° is set to 1.

f0 = max(¢i(y'), ¢i(y?), f1°) an

Local Normalization. The upper bound of each sub-
objective is defined as the maximum value of ¢; of the most
recent pair (y', y?). If both are zero, £ is set to 1.

b — {maX(@(yl), ¢i(y?) i @i(y') # ¢i(y?) #0
¢ 1 otherwise
(12)

5 Experimental Evaluation
To experimentally evaluate our method, we address the fol-
lowing research questions:
Q1 To what extent does the non-domination constraint im-
prove the quality of the learned explanation sequence?
Q2 How does the normalization affect the quality of the
learned explanation sequence?
Q3 How do the weighting schemes affect the quality of the
learned explanation sequence?
Q4 What trade-off between runtime and explanation quality
can be reached by offline fact selection?

QS5 How does our method perform when learning the prefer-
ences of real users?

5.1 Problems

Sudoku. We generate Sudoku puzzles with QQWing (Os-
termiller 2011), and produce explanation steps by using a
Boolean encoding of the problem.

Logic-Grid puzzles. A Logic-Grid puzzle, also known as
Einstein puzzles, consists of sentences (clues) over a set
of occurring entities. The goal is to determine the associ-
ations between these entities. Constraints can be classified
into three categories (Bogaerts, Gamba, and Guns 2021):
clues, transitivity constraints and bijectivity constraints. A
fact is positive if one entity is associated with another, or
negative otherwise. We consider the problems from Gamba,
Bogaerts, and Guns (2023). An example is in the extended
version.

5.2 Definition of the sub-objectives

To define explanation sub-objectives, we measure the dis-
tance from any constraint to the explained fact z = v. Con-
straints at distance one are those that involve variable z. We
consider the (bipartite) variable-constraint graph where vari-
ables are linked to the constraints they appear in, allowing us
to group constraints by their distance in this graph to x. For
facts, i.e., y = z, we group the facts based on the constraint-
graph distance of = to y as well as on their values v and z.

Sub-objectives for Sudoku. Constraints for Sudoku are
either facts or alldifferent constraints. We group
the constraints into adjacent constraints (constraints at graph
distance 1 from the fact to explain x = v) and other con-
straints (distance > 1). Facts are categorized based on their
adjacency to the explained fact and whether they assign the
same value as the one being explained. Constraints are split
into separate subgroups for row, column and block con-
straints.

Sub-objectives for Logic-Grid puzzles. Following the
approach used for Sudoku, we categorize constraints and
facts by distance in the constraint graph. Facts (Boolean
variables in this case) are further classified as either being
True or False. Constraints are split into: transitivity, bijectiv-
ity and clues.

The full list of features is in the extended version.

5.3 User simulation

For simulated users, the response is modelled by an oracle
based on the Bradley-Terry model (Bradley and Terry 1952)
with indifference. Given a query (y!,4?), the probability of
a user being indifferent is defined as (Guo and Sanner 2010):

P(d(y) ~ p(y?)) = e Alfwr GWD—fus (NI (13)
with w* as the oracle’s true preference weights. The prob-
ability of indifference depends on the difference in expla-
nation utility according to f,,«. We set 5 = 1. We follow a
similar approach to Christiano et al. (2017), assuming a 10%
chance of mislabeling. Conceptually, real users make errors
constantly, regardless of sub-objective distance.

To represent clear preferences for some sub-objectives,
weights w* are generated with an exponential distribution:
each component w} is 107, where j is chosen uniformly ran-
domly between -2 and 2 (Mischek and Musliu 2024).
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Figure 2: Average relative regret for explanation sequences.

5.4 Maetric

The quality of an explanation, generated with the learned
objective function f,,, is assessed with relative regret:

_ Ju (6(y)) = fuw-(o(y"))

R 6717 T7 *7
(€I, T, w"w) fur (6(5)
Yy = argmin fu;(¢(m)) (14)
meM(C,Z,T)
y* = argmin fw* (¢(m))
meM(C,Z,T)

To evaluate the learned objective function in generating
a desirable explanation sequence, we compare it to the ex-
planation sequence that w* would generate. Given a starting
instance (C,Z, T) of a given CSP, and explanation sequence
E* = ((&F, 8}, N}))1<i<n thatis optimal according to w*,
we compute the average (sequential) relative regret as:

R,seq(C,I, Ta E*all}*a w) =

}LZ;R<C,I U '/\/']’77—7 U ./V;,U),’lu)

1<j<i 1<j<i

To generate a new explanation step, we add all facts al-
ready explained by E* (Z U1<j<; /\/j*) as facts and generate

an explanation over the unexplained ones (7 — | /\/j*).
1<5<i

5.5 Results

Experimental Setup. Experiments were run on systems
with Intel(R) Xeon(R) Silver 4514Y and 256 GB of memory.
All methods were implemented in Python, using CPMpy
0.9.24 (Guns 2019). Split OCUS (Gamba, Bogaerts, and
Guns 2023) used Exact (Devriendt 2021) for the SAT calls
and GurobiPy (Gurobi Optimization, LLC 2024) for the MIP
calls. Each training loop consists of 100 queries. A hyperpa-
rameter search over ) € [0.1,0.5,1, 5, 10] was performed by
considering 4 oracles and 3 runs. Final results are obtained
by aggregating over 10 oracles and 5 runs.

Q1 (non-domination criteria). We assess the impact of
preventing dominated explanations using a disjunctive con-
straint, by comparing the quality of explanations learned
with the baseline and its non-domination variant. The anal-
ysis is conducted across all normalization strategies. As

shown in Fig. 2, adding the disjunctive constraints yields
a significantly lower regret in 7 out of 8 setups. These re-
sults support its use, which will be applied in the subsequent
experiments.

Q2 (normalization). We evaluate the considered normal-
ization strategies. We compare the default normalization
strategy based on (approximate) nadir points with no nor-
malization and our two proposed normalizations, cumula-
tive and local. Results in Fig. 2 show that the default nor-
malization performs poorly for our setting, with significantly
higher regret. This effect is especially pronounced in Logic-
Grid puzzles, where feature value ranges are broader. Sim-
ilarly, no normalization ignores feature scale, which nega-
tively impacts the performance of the non-domination vari-
ant. In contrast, both proposed strategies yield the lowest re-
gret, with local normalization performing best on average.
We therefore adopt it in the following sections.

Q3 (weighting schemes). We compare three weighting
schemes for the diversification metric: no weights, learned
weights and UCB weights. Results are shown in Fig. 3. Not
using any acquired knowledge to guide the diversification
(no weights) results in the highest regret for both Sudoku and
LGP. Using the learned weights is beneficial for Sudoku but
not for LGPs, while UCB weights consistently reduce regret
by about 40% for both problems. This suggests that guid-
ing diversification towards both important and unexplored
objectives is effective. Overall, MACHOP (non-domination
with local normalisation and UCB weighting scheme) re-
duces the regret by 80% compared to the Choice Perceptron
for both Sudoku and LGPs, as shown in Table 1.

Q4 (offline fact selection). We report MACHOP’s query
generation time in Table 2. When allowing online selec-
tion of the fact to explain, the waiting time can exceed one
minute. Fixing the fact to explain is effective, as both offline
sequences (random and SES) cut query generation time for
Logic-Grid puzzles. For Sudoku, only SES speeds up gener-
ation time. We observed that random facts can require com-
plex explanations that are costly to compute. However, both
offline sequences experience a slight increase in regret com-
pared to the online fact selection. When comparing with re-
sults from Fig.3, MACHOP + SES ranks second for LGPs
and third for Sudoku, meaning that it offers a reasonable
speed/quality trade-off.
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Table 1: Relative regret for Sudoku and LGPs.

Sudoku LGPs

Regret Regret
Choice Perceptron 2.0 +£2.9 3.8+ 7.7
MACHOP 04+04 09+1.0

Table 2: Relative regret and average query generation time for MACHOP

Sudoku LGPs Sudoku LGPs
Figure 3: Relative regret for the different diver- Ch(?sen Fact Time (s) Regret Time (s) Regret
sification strategies for Sudoku and LGPs. Online 356+383 04+04 4924151 09+£1.0
Offline - Random 44.2 4+44.7 0.74+0.8 11.24+19 2.7£9.7
Offline - SES 12.5+26.7 06+0.4 83+1.0 14432

Table 3: User study: % picked solutions from SES with MACHOP and Choice Perceptron (ChoPerc) and generation time.

Evaluation: SES vs MACHOP

Evaluation: SES vs ChoPerc Query Generation Time

Query SES (%) MACHOP (%) Indiff.(%) SES (%) ChoPerc (%) Indiff.(%) MACHOP (s) ChoPerc (s)
10 522+198 252+166 226+125 63.3+182 162+148 205+120 14+05 09+03
30 108+122 70.7+18.5 185+13.8 332+17.1 448+212 22.1+141 2.6+09 1.4+0.6
50 132+112 72.6+149 143+93 425+252 388+257 187+130 3.0+1.0 1.3+0.5

Q5 (user evaluation).

We validate the practical relevance

We also observe that query generation time is low, up to

of our approach through a study with 30 participants on
Sudoku. Preferences were elicited interactively using both
Choice Perceptron and MACHOP, with up to 50 queries.
For evaluation, we use SES as a reference point to as-
sess how well the learned objective functions of MA-
CHOP and Choice Perceptron align with user preferences,
as SES explanations are reasonable baselines in these do-
mains (Gamba, Bogaerts, and Guns 2023).

We generate an explanation sequence using SES for a new
Sudoku puzzle, comprising 56 steps. For each step of this se-
quence, we extract (C,Z,7T) and generate explanations us-
ing each learned objective function. Users are then presented
with the learned explanation and SES and asked to pick one.
This evaluation was conducted after 10, 30 and 50 pairs as
depicted in Table 3. Including both training and evaluation,
each user labelled around 400 pairs, taking 45-90 minutes.

As Table 3 shows, when evaluating after 10 queries, SES
explanations were preferred more often. After 30, both MA-
CHOP and Choice Perceptron aligned better with users’
preferences, with learned explanations being preferred more
often. MACHOP achieved stronger alignment than Choice
Perceptron, with its explanations preferred over SES in
70.7% of cases, compared to 44.8% of the Choice Percep-
tron. At 50 queries, MACHOP’s performance stayed stable,
while Choice Perceptron appears to overfit, likely due to ex-
cessive exploitation. For both 30 and 50 queries, no user se-
lected explanations from the Choice Perceptron more fre-
quently than from MACHOP. Statistical tests support this:
one-sided Wilcoxon signed-rank (Wilcoxon 1992) gives p <
103 at 10 queries, p < 107% at 30 and 50 queries. Cliff’s
delta (Cliff 1993) is positive in all cases (0.37, 0.62, 0.71).

10 times smaller compared to the oracle experiments. This is
due to the artificial oracles’ generated utility function some-
times preferring complex explanations, which are costly to
compute. With the runtimes observed in our user experi-
ments, real-time learning of preferences becomes feasible.

6 Conclusion

Generating human-understandable step-wise explanations is
challenging. Existing methods rely on either cardinality-
minimal explanations or problem-specific objectives. We ad-
dress this by adapting the Constructive Preference Elici-
tation framework for step-wise explanations. However, the
wide range of the sub-objectives can hinder learning, moti-
vating new normalization strategies. Additionally, the state-
of-the-art CPE method frequently suggests overly similar
explanations; we propose a new query generation strategy
based on non-domination and UCB. Experimental results
show that our contributions lead to higher-quality explana-
tions in both synthetic and real-user evaluations.

Future work can explore learning preferences as a non-
linear utility function, which tends to be more computation-
ally expensive to optimize. Exploring how to define such
a function can further help capture aspects missed by the
given sub-objectives. Perhaps learning could be further sped
up by actively choosing which instance to generate a query
for next. Additionally, using queries where users express no
preference could accelerate learning too. Finally, the real-
user evaluation paves the way for applying MACHOP to
more practical and larger-scale scenarios, such as explana-
tions for industrial problems.
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