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1 Introduction
Constraint-based configuration (Becker and Fargier 2012; E. C. Freuder and O’Sullivan 2001; Junker 2006; Mailharro
1998; Mittal and Frayman 1989) is a successful industrial application of knowledge-based Artificial Intelligence.
It can be regarded as a core technology of different business processes (ranging from sales configuration to a
detailed technical configuration on the level of production) and is widely applied in various industrial domains,
including railway interlocking systems (Falkner, Friedrich, Haselböck, et al. 2016), automotive manufacturing
(Astesana et al. 2010), and software systems (Felfernig, Falkner, et al. 2024). The basic configuration objective is
to identify a valid set of components or services that meet both, the constraints of a declarative product-domain
model and the specified user (customer) requirements.

Existing configuration environments employ various knowledge representations, including constraint satisfac-
tion problems (CSP) (Junker 2006), Boolean satisfiability problems (SAT) (Biere et al. 2021), answer set programs
(ASP) (Falkner, Friedrich, Schekotihin, et al. 2018), and description logics (McGuinness and Wright 1998). This
survey focuses on constraint-based configuration knowledge representations. A configuration, i.e., a solution to
a configuration problem, consists of a selected set of components or services, accompanied by an explanation
justifying their inclusion or exclusion (Gupta et al. 2021). As configuration knowledge bases grow in size and
complexity, their development and maintenance become increasingly challenging for knowledge engineers.
Likewise, the expanding range of configuration options adds complexity to the decision-making process for
configurator users (Felfernig, Friedrich, et al. 2004; Haag and Riemann 2011). In order to be able to effectively
support configuration processes, the integration of machine learning (Bertolini et al. 2021) is needed in different
contexts ranging from the acquisition of constraints (i.e., configuration knowledge engineering), performance
optimization and learning of heuristics specifically in interactive configuration, to the learning of user preferences
to assure user-individual and personalized configurations.
In this article, we provide an overview of existing approaches that combine machine learning (ML) with

constraint-based configuration. Building on the idea of a kind of ’bilateral AI’ (Hochreiter 2022), which focuses
on leveraging the synergy between knowledge-based AI and ML, we provide a comprehensive survey of ML-
enhanced configuration techniques. These techniques support various tasks, including configuration knowledge
engineering (i.e., supporting the formalization of a configuration domain), proactive user assistance during
configurator interactions (i.e., to guide the user and provide help in the case of inconsistent requirements),
and the reconfiguration of existing configurations to take into account new requirements (i.e., help to find the
most reasonable adaptations to already existing configurations). We will take into account application scenarios
of generative AI – specifically, Large Language Models (LLMs) (H. Li 2022) – which becomes an increasingly
important technology in constraint-based systems development and maintenance. This survey examines the
integration of ML with knowledge-based configuration techniques and offers a structured perspective that
complements existing configuration-related overviews (Falkner, Felfernig, et al. 2011; Junker 2006; Popescu
et al. 2022; Sabin and Weigel 1998; Sinz et al. 2007; Stumptner 1997). Compared to these overviews, the major
contributions of this article are the following: (1) we fully cover the three important configuration-related tasks
of knowledge engineering, interactive configuration, and reconfiguration, (2) we include a detailed discussion of
the tasks of constraint acquisition, integration of LLMs, and the support of personalized user interaction, (3) and
we provide a classification of the underlying ML approaches.

The remainder of this survey is structured as follows: in Section 2, we define the scope of our survey and
introduce basic concepts related to the topics of knowledge-based configuration and machine learning (ML).
Section 3 explores the application of ML techniques in configuration knowledge engineering. In Section 4,
we discuss the role of ML in interactive configuration. Section 5 provides an overview of ML approaches for
reconfiguration. Open research issues are examined in Section 6. Finally, Section 7 presents concluding remarks.
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2 Basic Concepts
In this section, we introduce the foundational concepts that serve as prerequisites for the discussions in the
subsequent sections. We begin by presenting core definitions relevant to the field of knowledge-based configu-
ration. Next, we provide a structured overview of machine learning techniques that have been applied in the
literature to support configuration tasks. Finally, we delineate the scope of this survey by outlining the major
configuration-related tasks considered most relevant for this review.

2.1 Knowledge-Based Configuration
A configuration knowledge base captures the essential product configuration knowledge, specifying which com-
ponents and services can, must, or must not be combined to create a valid solution (configuration). Several
approaches can be used to represent this knowledge. For example, when using constraint satisfaction problems
(CSPs) (Rossi, Beek, et al. 2006), a configuration task is defined by a set of finite-domain variables that describe the
configurable product (e.g., car type and engine in a car configuration) and a corresponding set of constraints (e.g.,
a city car must not be equipped with a skibag). Based on this definition, a configurator, supported by a constraint
solver, seeks a solution that satisfies the given user requirements (e.g., the user prefers a city car). Alternatively,
configuration tasks can be represented as Boolean satisfiability problems (SAT) (Biere et al. 2021), where variables
are of type Boolean and each domain value of a CSP variable (e.g., city, limo, combi, xdrive for car type) is
represented by a corresponding Boolean variable. Another approach uses answer set programming (ASP) (Falkner,
Friedrich, Schekotihin, et al. 2018), where reasoning is based on SAT solving; thus, ASPs are translated into
SAT-based representations for solution search. A key advantage of ASP is its flexibility in knowledge representa-
tion, allowing for object-oriented modeling (Falkner, Ryabokon, et al. 2015). Finally, configuration knowledge
can be represented using description logics (DL), which model the knowledge as an ontology (McGuinness and
Wright 1998). Note that real-world configuration requires a dynamic process that extends the basic configuration
task. Unlike pure constraint solving, the requirements typically cannot be provided by the user in a single step –
they must be acquired in a conversational process where configuration requirements are determined within an
interactive preference construction process (Falkner, Haselböck, et al. 2020; Günter and Cunis 1992). This process
involves the derivation of components from the knowledge base that need to be integrated into the configuration.
To facilitate our discussion, we introduce a definition of a configuration task and its corresponding solution

(configuration) (Felfernig, Falkner, et al. 2024). We assume that configuration tasks are represented as constraint
satisfaction problems – see Definitions 1 and 2.

Definition 1. A configuration task is defined as a constraint satisfaction problem (𝑉 , 𝐷,𝐶), where𝑉 = {𝑣1..𝑣𝑛} is
a set of finite-domain variables, 𝐷 = {𝑑𝑜𝑚𝑣1..𝑑𝑜𝑚𝑣𝑛} a set of corresponding domain definitions, and 𝐶 = 𝑅𝐸𝑄 ∪ KB
is a set of constraints. Here, KB = {𝑐1, . . . , 𝑐𝑘 } represents a set of domain constraints, while REQ = {𝑐𝑘+1, . . . , 𝑐𝑙 } is a
set of user requirements. The triple (𝑉 , 𝐷,KB) is denoted as configuration knowledge base.

The constraints in REQ are often denoted as soft constraints (or preferences) and the constraints in KB are hard
constraints specifying the underlying product domain knowledge (Junker 2006).

Example 1. Table 1 presents a simplified example of the constraints in a car configuration knowledge base. In this
example, type refers to the car type, fuel represents the average fuel consumption, ski indicates the presence of a
skibag feature, 4wh denotes a 4-wheel drive, and pd corresponds to parking distance control (y=yes, n=no).

Definition 2. A configuration CONF is a set of variable assignments {𝑣1 = 𝑎(𝑣1), 𝑣2 = 𝑎(𝑣2), .., 𝑣𝑘 = 𝑎(𝑣𝑘 )},
where 𝑎(𝑣𝑖 ) represents the value assigned to variable 𝑣𝑖 . CONF is consistent if CONF ∪ REQ ∪ KB is consistent, i.e., a
solution can be found. CONF is complete if every variable in 𝑉 has a corresponding assignment in CONF. Finally,
CONF is valid if it is both, consistent and complete.

Journal of Artificial Intelligence Research, Vol. 86, Article 30. Publication date: July 2026.



30:4 • Bähnisch, Felfernig, Garber, Haag, Helic, Hotz, Le & Lubos

Table 1. Configuration task based on (Felfernig, Schubert, and Zehentner 2012): KB = {𝑐1 ..𝑐5}, REQ = {𝑐6, 𝑐7}, and 𝑉 =

{𝑡𝑦𝑝𝑒, 𝑓 𝑢𝑒𝑙, 𝑠𝑘𝑖, 4𝑤ℎ, 𝑝𝑑} with the domains 𝑑𝑜𝑚𝑡𝑦𝑝𝑒 = {𝑐𝑖𝑡𝑦, 𝑙𝑖𝑚𝑜, 𝑐𝑜𝑚𝑏𝑖, 𝑥𝑑𝑟𝑖𝑣𝑒}, 𝑑𝑜𝑚𝑓 𝑢𝑒𝑙 = {4𝑙, 6𝑙, 10𝑙}, 𝑑𝑜𝑚𝑠𝑘𝑖 = {𝑦, 𝑛},
𝑑𝑜𝑚4𝑤ℎ = {𝑦, 𝑛}, 𝑑𝑜𝑚𝑝𝑑 = {𝑦, 𝑛}.

ID Constraint

𝑐1 4wh = y → type = xdrive
𝑐2 ski = y → type ≠ city
𝑐3 fuel = 4l → type = city
𝑐4 (fuel = 6l ∨ fuel = 4l) → type ≠ xdrive
𝑐5 type = city → fuel ∉ {6l, 10l}
𝑐6 4wh = n
𝑐7 ski = n

Example 2. An example of a valid configuration is the following: CONF = {𝑡𝑦𝑝𝑒 = 𝑐𝑖𝑡𝑦, 𝑓 𝑢𝑒𝑙 = 4𝑙, 𝑠𝑘𝑖 = 𝑛, 4𝑤ℎ =

𝑛, 𝑝𝑑 = 𝑦}.

2.2 Machine Learning In Knowledge-Based Configuration
Machine learning (ML) methods are commonly classified according to the type and availability of data used for
training (Table 2 provides a related overview).

Table 2. Basic categorization of machine learning methods used in the configuration context.

ML Category Representative Methods

Supervised Learning Decision Trees (DT), Neural Networks (NN), Latent
Factor Models (LF), In-Context Learning (ICL), Induc-
tive Learning (IL)

Semi-Supervised Learning Active Learning (AL)
Unsupervised Learning Similarity-based Methods (SIM), Probabilistic Model-

ing (PM), Clustering (CL), Association Rule Mining
(AR)

Reinforcement Learning Model-based Reinforcement Learning (RL)
Evolutionary/Heuristic Learning Genetic Algorithms (GA)

Supervised Learning. Relies on labeled data, where each input has a corresponding output and algorithms
learn to predict outputs from inputs. Classical examples include decision trees (DT), for example, for optimizing
solver runtime performance (O’Sullivan et al. 2004), neural networks (NN), and latent factor models (LF) such as
matrix factorization (Koren et al. 2009), for estimating the relevance of new components in reconfiguration tasks
(Felfernig, Falkner, et al. 2024). In-context learning (ICL) and inductive learning (IL) can be viewed as specialized
forms of supervised learning: in-context learning enables a model to infer a pattern based on supervision at
inference time, while inductive learning refers to deriving general rules from labeled training data that support
prediction on unseen instances, for example, learning a configuration knowledge base from positive and negative
examples (Bessiere, Coletta, Koriche, et al. 2006).
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Semi-supervised Learning. Uses a combination of labeled and unlabeled data which often improves performance
when labeled data is scarce. Active learning (AL) is a representative technique in this category that selects the
most informative examples for labeling – an example is the generation of membership queries in the context of
constraint acquisition (Bessiere, Coletta, Hebrard, et al. 2013). By iteratively querying the most relevant instances,
AL reduces annotation costs while steadily refining the model’s understanding of the underlying structure. This
targeted acquisition strategy not only accelerates convergence but also helps avoid redundant or uninformative
samples which makes AL particularly valuable, since manual labeling is often expensive.

Unsupervised Learning. Analyzes data without labeled outputs to discover related patterns. Similarity-based
approaches (SIM) derive, for example, customer requirements from the preferences of similar users (Falkner,
Felfernig, et al. 2011). Probabilistic modeling (PM) estimates, for example, the probability that a component
will be of interest to the user. Clustering (CL), for example, groups similar problems to enable the reuse of
problem-solving knowledge. Association rule mining (AR) is applied, for example, to learn constraints from
example instances. Similarity-based approaches (SIM) include case-based reasoning (CBR) (Kolodner 1993) and
collaborative filtering (CF) (Herlocker et al. 2000). The former can be viewed as a special case of the latter when
similarity between configurations incorporates user choice data. For example, recommending features based on
popular or co-selected configurations closely parallels collaborative filtering (Falkner, Felfernig, et al. 2011).

Reinforcement Learning. (RL) learns by interacting with an environment and receiving feedback to optimize
long-term objectives. An example thereof is the reconfiguration of complex production environments to optimize
their performance for upcoming production scenarios (Huang et al. 2024). In such a scenario, feedback can
be received from a digital twin that represents the production environment and evaluates different proposed
reconfigurations. Through iterative trial-and-error, RL adapts its strategy to maximize the cumulative reward
(e.g., in terms of production efficiency).

Evolutionary and Heuristic Approaches. Related approaches such as genetic algorithms (GA) use optimization
principles inspired by natural evolution or domain-specific heuristics. In configuration, an example application
is the search for potential conflicts in configuration spaces, aiming to identify and collect conflicts before a
configurator is deployed in productive use (Le et al. 2026). The resulting knowledge about so-called no-goods
can then be reused, i.e., conflict resolution can rely on pre-detected conflicts without running conflict detection
during each configuration session.

2.3 Scope Of This Survey
This survey focuses on research that combines machine learning (ML) with techniques relevant in constraint-
based configuration. The major relevant tasks in configuration scenarios range from configuration knowledge
engineering to interactive configuration and reconfiguration (see the overview in Table 3). Within configuration
knowledge engineering, ML supports tasks such as generating knowledge bases, leveraging human input to
improve model accuracy, and optimizing search heuristics by learning from the configuration space. Also, large
language models (LLMs) have been applied to automate the generation of configuration knowledge bases. In
the context of interactive configuration, ML techniques help to recommend suitable requirements, to diagnose
and repair inconsistent user inputs, and to improve the overall efficiency of conflict detection and resolution.
Finally, in the context of reconfiguration, ML supports the recommendation of configuration adaptations and the
identification of new configuration features that should be used to extend existing configurations.

3 Machine Learning For Configuration Knowledge Engineering
The correctness of a configuration knowledge base – particularly its semantic consistency with real-world
constraints – is crucial for a successful application in practical settings. At the same time, the development and

Journal of Artificial Intelligence Research, Vol. 86, Article 30. Publication date: July 2026.



30:6 • Bähnisch, Felfernig, Garber, Haag, Helic, Hotz, Le & Lubos

Table 3. Overview of configuration-related ML approaches (AL = Active Learning, AR=Association Rule Mining, DT=Decision

Trees, RL=Model-based Reinforcement Learning, ICL=In Context Learning, LF=Latent Factor Models, GA=Genetic Algorithms,

CL=Clustering, SIM=Similarity-based Learning, PM=Probabilistic Modeling, IL=Inductive Learning, NN=Neural Networks).

Task Research Contribution (ML Approach)

Configuration
Knowledge Engi-
neering

Learning Configuration Knowledge Bases (Acher et al. 2018) (DT),
(Bessiere, Coletta, Koriche, et al. 2006) (IL), (Bessiere, Coletta, O’Sullivan,
et al. 2007) (AL), (Bessiere, Coletta, Hebrard, et al. 2013) (AL), (Bessiere,
Carbonnel, et al. 2023) (AL), (Gibson et al. 2008) (AR), (Shchekotykhin and
Friedrich 2009) (AL), (Temple et al. 2016) (DT), (Tsouros, Berden, et al. 2023)
(AL), (Ulz et al. 2017) (AL)
Generating Configuration Knowledge Bases with LLMs (Bähnisch et
al. 2025) (ICL), (Galindo et al. 2023) (ICL), (Kadioglu et al. 2024) (ICL),
(Mechqrane et al. 2024) (AL), (Michailidis et al. 2024) (ICL), (Michailidis
et al. 2026) (ICL),(Penco et al. 2025) (ICL), (Shi et al. 2025) (ICL), (Y. Song
and Cohen 2026) (ICL), (Szeider 2025) (ICL)
Learning to Improve Search Efficiency (Erdeniz, Felfernig, Atas, et al.
2017) (CL), (Garber et al. 2023) (SIM), (Koriche et al. 2022) (RL), (Col and
Teppan 2017) (GA), (W. Song et al. 2022) (RL), (O’Sullivan et al. 2004) (DT)

Interactive Config-
uration

Predicting User Preferences (Cöster et al. 2002) (SIM), (Erdeniz, Felfernig,
Samer, et al. 2019) (LF), (Falkner, Felfernig, et al. 2011) (SIM), (Uta, Felfernig,
et al. 2022) (NN)
Predicting Conflicts and Diagnoses (Felfernig, Schubert, and Reiterer
2013) (SIM), (Le et al. 2026) (GA), (Uta, Le, et al. 2025) (NN)
Acquiring User Preferences (Chambua et al. 2019) (LF), (X. Li et al. 2025)
(NN), (Montazeralghaem et al. 2025) (PM), (Mirzadeh et al. 2005) (PM), (Y.
Wang et al. 2022) (NN)

Reconfiguration Recommending Adaptations (Felfernig, Schubert, and Reiterer 2013)
(SIM), (Huang et al. 2024) (RL), (Wildstrom et al. 2007) (IL)
Recommending Extensions (Cöster et al. 2002) (SIM), (Falkner, Felfernig,
et al. 2011) (SIM) , (Felfernig, Falkner, et al. 2024) (LF)

maintenance of such knowledge bases often requires substantial effort (Nordlander et al. 2007; Popescu et al. 2022).
Machine learning can provide a range of support services to increase the efficiency of knowledge engineering.

3.1 Learning Configuration Knowledge Bases
Due to the increasing size and complexity of configuration knowledge bases, related development andmaintenance
tasks become more complex and trigger a higher demand for constraint learning/acquisition support (De Raedt
et al. 2018; E. Freuder and O’Sullivan 2014; E. C. Freuder 2024, 1997; Kogler et al. 2024; Prestwich et al. 2021;
Rossi and Sperduti 2004). The learning of a configuration knowledge base can be regarded as a form of inductive
learning (of a constraint theory), where the knowledge base is generated from a given set of examples (Muggleton
1991). Learning is performed on the basis of test cases (examples). In addition to test cases, feedback can also be
collected directly from experts and/or user communities in the context of active and community-based learning
scenarios (Ulz et al. 2017).
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Passive Learning. If a system solely learns a set of constraints (the knowledge base) on the basis of a set of
pre-defined positive and/or negative examples, this can be regarded as a form of passive learning where examples
stem, for example, from previously completed configurations or have been directly provided by users (before the
constraint learning process is started). Consequently, passive learning infers constraints without interacting with
the user (Bessiere, Coletta, Koriche, et al. 2006). In addition to examples, a so-called learning bias 𝐵 is created
which represents the space of possible constraints that can be included into the learned knowledge base. If
the set of provided test cases is small or lacks diversity, this could result in situations where different learned
constraint sets support the provided examples (Bessiere, Carbonnel, et al. 2023; Shchekotykhin and Friedrich
2009). A weakness of passive learning based approaches is that users need to provide the examples.
Table 4 depicts a simplified example of the basic idea of constraint acquisition. A constraint bias (𝐵) is the

enumeration of all possible constraints that should be used for constraint acquisition, i.e., the construction of
the learned constraint network 𝐶 . In our example, this is the set of binary constraints (→) that can be defined
over the variables 𝑉 = {𝑡𝑦𝑝𝑒, 𝑓 𝑢𝑒𝑙} with = as allowed relation. For simplicity, we assume 𝑑𝑜𝑚𝑡𝑦𝑝𝑒 = {𝑐𝑖𝑡𝑦} and
𝑑𝑜𝑚𝑓 𝑢𝑒𝑙 = {4𝑙, 6𝑙, 10𝑙}. Furthermore, we restrict the usage of 𝑡𝑦𝑝𝑒 to the 𝑙ℎ𝑠 and the usage of 𝑓 𝑢𝑒𝑙 to the 𝑟ℎ𝑠 .
𝐵 has been initialized with the constraints 𝐵 = {𝑐1, 𝑐2, 𝑐3}. A necessary precondition for starting the learning
process is that the positive and negative examples do not interfere which other, i.e., each positive example has to
be consistent with all negated negative examples: ∀𝑒+ ∈ 𝐸+ : 𝑐𝑜𝑛𝑠𝑖𝑠𝑡𝑒𝑛𝑡 ({𝑒+} ∪∧

𝑒−∈𝐸− ¬𝑒−}). In the example
of Table 4, this condition is fulfilled, since {𝑡𝑦𝑝𝑒 = 𝑥𝑑𝑟𝑖𝑣𝑒 ∧ 𝑓 𝑢𝑒𝑙 = 10𝑙} ∪ {¬𝑡𝑦𝑝𝑒 = 𝑥𝑑𝑟𝑖𝑣𝑒 ∨ ¬𝑓 𝑢𝑒𝑙 = 4𝑙} is
consistent. For the positive example 𝑒+, we can delete all constraints 𝑐𝑖 ∈ 𝐵 where inconsistent({𝑒+} ∪ {𝑐𝑖 }) which
results in 𝐵 = 𝐵 − {𝑐2, 𝑐3}. The reason behind is that constraints rejecting positive examples are not relevant
anymore for the learning process. Furthermore, for the negative example 𝑒− , we can add all constraints 𝑐𝑖 ∈ 𝐵

to 𝐶 where inconsistent({𝑐𝑖 } ∪ {𝑒−}) – this results in 𝐶 = {𝑐1}. In this context, we assume subset minimality of
negative examples 𝑒− , i.e., only the variable value assignments part of a conflict are part of 𝑒− – for related details,
we refer to (Bessiere, Coletta, Hebrard, et al. 2013).

Table 4. A basic constraint acquisition example. The bias 𝐵 defines all potential binary constraints. The two examples 𝑒+ ∈ 𝐸+

and 𝑒− ∈ 𝐸−
are the basis for the constraint acquisition process. In the general case, more than one positive and negative

example are provided.

Aspect Example

bias (B) B={𝑐1 : 𝑡𝑦𝑝𝑒 = 𝑥𝑑𝑟𝑖𝑣𝑒 → 𝑓 𝑢𝑒𝑙 = 10𝑙, 𝑐2 : 𝑡𝑦𝑝𝑒 = 𝑥𝑑𝑟𝑖𝑣𝑒 →
𝑓 𝑢𝑒𝑙 = 6𝑙, 𝑐3 : 𝑡𝑦𝑝𝑒 = 𝑥𝑑𝑟𝑖𝑣𝑒 → 𝑓 𝑢𝑒𝑙 = 4𝑙 }

examples (𝐸+ and 𝐸−) 𝐸+ = {𝑒+ : 𝑡𝑦𝑝𝑒 = 𝑥𝑑𝑟𝑖𝑣𝑒, 𝑓 𝑢𝑒𝑙 = 10𝑙}
𝐸− = {𝑒− : 𝑡𝑦𝑝𝑒 = 𝑥𝑑𝑟𝑖𝑣𝑒, 𝑓 𝑢𝑒𝑙 = 4𝑙}

learned constraints (C) 𝑒+ ⇒ 𝐵 = 𝐵 − {𝑐2, 𝑐3}
𝑒− ⇒ 𝐵 = 𝐵 − {𝑐1},𝐶 =𝐶 ∪ {𝑐1}

Active Learning. In contrast to passive learning, active learning is based on the idea of system-generated
examples which are then classified by the user as being solutions or non-solutions (Bessiere, Coletta, Hebrard,
et al. 2013). Such examples are often denoted as membership queries (Angluin 1988), i.e., a user has to evaluate if
a specific example can be regarded as a consistent configuration. A major advantage of active learning is that
users are relieved from the task of example generation. Note that example evaluators do not necessarily have
to be humans. In the configuration context, example evaluations (i.e., answering membership queries) can also
be supported by legacy configurators, i.e., configurators to be substituted by new ones with a different type of
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knowledge representation. In this context, the “old” configurator can be used as an external system/oracle (Liem
and Panichella 2020) that can provide answers to membership queries when creating a new knowledge base.

Active learning can be regarded as machine learning focusing on a query-driven approach where users have to
answer questions regarding the consistency of complete or partial examples. The constraint acquisition approach
introduced by (Bessiere, Coletta, O’Sullivan, et al. 2007) generates examples (complete solutions/configurations)
and then asks the user about the membership of the generated examples (solution or non-solution). The corre-
sponding user responses help to guide the generation of new examples which should be irredundant to avoid
situations where users have to answer redundant queries (Bessiere, Coletta, O’Sullivan, et al. 2007). The number
of such membership queries can be exponentially large, i.e., analyzing complete configurations (queries) can
become a quite effortful task.
On the basis of (Bessiere, Coletta, O’Sullivan, et al. 2007), further work has introduced the concept of partial

(membership) queries which support the user in focusing on minimal conflicts, i.e., minimal factors that make
an example a negative one (Bessiere, Coletta, Hebrard, et al. 2013). The approach resembles the determination
of subset-minimal conflict sets on the basis of QuickXPlain (Junker 2004). To tackle the challenge of reducing
the number of queries in constraint acquisition, probabilistic classification has been applied to predict model
membership of candidate constraints (Tsouros, Berden, et al. 2023). Large language models (LLMs) can be applied
to reduce the number of needed queries in interactive constraint acquisition – this can be achieved by enabling
textual user feedback to go beyond basic yes/no answers regarding the consistency of proposed examples
(Mechqrane et al. 2024).

A related line of research is the automated testing and debugging of configuration knowledge bases, where
examples (in terms of positive and negative test cases) are used to identify faulty constraints in the knowledge
base (Felfernig, Friedrich, et al. 2004). The underlying idea is to apply the concepts of model-based diagnosis
(Reiter 1987) to identify minimal sets of constraints to be deleted from the knowledge base (to satisfy all positive
examples) and to integrate extensions to the knowledge base such that all negative examples get rejected. A
related approach in the context of configuration space learning is introduced in (Temple et al. 2016) where
a decision tree is derived from positive and negative example video generator parameterizations (a negative
example is a configuration with a related low-quality video). The decision tree is then used to infer incompatibility
constraints that help to avoid settings with low-quality video outcomes. A similar approach is proposed by (Acher
et al. 2018) for configuring relevant content templates for technical documents.
A constraint learning approach based on association rule mining is presented in (Gibson et al. 2008) where

association rules (representing candidates for compatibility constraints and component selection criteria) are
derived from a training set of already completed consistent configurations. The derived rules are evaluated
by domain experts with the goal to filter out incorrect ones. Finally, (Ulz et al. 2017) propose a knowledge
acquisition approach based on the concepts of human computation (Ahn 2007) where constraints are generated by
integrating the answers to pre-scheduled user-queries (so-called micro-tasks). Answers to these queries describe
the relationship between user requirements and components. Such answers are aggregated into generalized
requirement constraints which describe in which context which items should be recommended to a user.

3.2 Generating Configuration Knowledge Bases With LLMs
Large language models (LLMs) (H. Li 2022) are a class of machine learning models trained on vast text corpora
to capture statistical patterns and relationships in natural language. This training enables them to produce
coherent and contextually appropriate outputs. LLMs can translate informal textual specifications into structured
representations by leveraging these learned patterns. In the constraint solving domain, this capability allows
LLMs to map natural language descriptions to formal variables, domains, and constraints. Consequently, their
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use can be seen as a step toward the long-standing Holy Grail of computer science: bridging the gap between
textual descriptions and formal representations (E. C. Freuder 1997; Tsouros, Verhaeghe, et al. 2023).

The capabilities of LLMs are increasingly applied in the context of generating knowledge bases. In this context,
LLMs enable the integration of rich, natural language requirements and feedback from users which helps to
significantly streamline constraint acquisition, for example, by reducing the reliance on formal specification and
allowing more intuitive interactions (Bähnisch et al. 2025; Galindo et al. 2023; Kadioglu et al. 2024; Mechqrane et al.
2024; Penco et al. 2025). For knowledge generation and evolution purposes, different LLM-related workflows can
be applied. One option is, for example, to include the whole process from knowledge base generation to solution
search into one workflow. Alternatively, knowledge base generation and solution search could be regarded as
different tasks where the generation part is taken over by an LLM and solution search is performed by a constraint
solver (Michailidis et al. 2026; Michailidis et al. 2024; Y. Song and Cohen 2026; Szeider 2025).
In knowledge base generation, an LLM and the constraint solver cooperate where the LLM focuses on text

generation and the integrated constraint solver provides feedback in terms of syntactic and semantic correctness
of the generated knowledge base. In the case of faulty solutions, the solver feedback can be applied to initiate a
self-correction process where new variants of the knowledge base are generated by the LLM (Bähnisch et al. 2025;
Penco et al. 2025; Shi et al. 2025). An example of a process to combine LLM-based knowledge base generation
with corresponding solver feedback is depicted in Figure 1. In this process, syntactic feedback is given on the
basis of the syntactic errors returned by the constraint solver, whereas semantic feedback is given on the basis of
non-supported test cases (Bähnisch et al. 2025). Such test cases can be positive examples that are not supported
and negative examples that are erroneously supported by the generated knowledge base (CSP). Examples are
represented by complete configurations that specify intended and unintended variable value combinations.

Textual knowledge representations allow domain experts with limited knowledge in configuration knowledge
representation to more easily verify, refine, and extend knowledge bases. Domain experts can provide example
configurations for the purpose of testing generated knowledge bases with integrated constraint solvers. Such
examples can also guide the LLM during knowledge base generation by highlighting patterns or rules that must
be captured. After generating a configuration knowledge base, correctness can be automatically checked by
using constraint solvers or by evaluating generated configurations with previously validated (legacy) knowledge
bases. This helps to ensure that the resulting configuration knowledge base is reliable and maintains backward
compatibility with existing configurations.
The example LLM-based generation process1 in Figure 1 shows how two components, an LLM and a Python

interpreter with a constraint solver, act together. The former generates the source code for solving a given
automotive configuration problem (as specified in Table 1), the latter checks the code for both syntactic and
semantic correctness (with regard to the defined test cases). This process illustrates how integrating generative
reasoning (LLM-based code synthesis) with symbolic verification (solver-based feedback) can systematically
improve knowledge base correctness. This also demonstrates how potential hallucinations or, more accurately,
confabulations (Smith et al. 2023) in LLMs can be mitigated by employing a constraint solver as an exact verifier
of generated artifacts.

3.3 Learning To Improve Search Efficiency
The efficiency of solution search is largely determined by the availability of effective solver search heuristics
(Koriche et al. 2022). These heuristics can either be defined statically, independent of the specific configuration
task, or dynamically, adapting to the current context of the configurator during search. Common search heuristics
in constraint solving include variable and variable value ordering heuristics. ML approaches for learning search

1Find the complete LLM prompt and generated code here: https://doi.org/10.5281/zenodo.17750641.
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Fig. 1. Process of an LLM-based generation of a configuration knowledge base (Bähnisch et al. 2025). The initial prompt (lhs)
(1) defines the role of the LLM, (2) includes an example source code that integrates the constraint solver and a semantic

verification check, and (3) includes a description of the configuration task. The LLM generates code, which is then executed

with a Python interpreter. This interpreter checks the syntax, calls the constraint solver for computing solutions, and by

calling the verification method checks the generated solutions with a predefined test function (rhs). Error messages are

appended to the LLM prompt triggering the next iteration of the knowledge base generation process. If the LLM generates

no source code or a maximum number of iterations is reached, the knowledge base generation process ends.

heuristics exploit the concepts of configuration space learning (Pereira et al. 2021) where test data is synthesized
on the basis of sampling strategies – the resulting test data is then used for training search heuristics.

Learning Nogood Representations. In most configuration settings, the underlying CSPs are solved many times
(O’Sullivan et al. 2004). User requirements are typically represented as a set of variable value assignments which
are forwarded to a constraint solver for the purpose of checking the consistency of the requirements with the
underlying knowledge base, i.e., whether the requirements (represented by unary constraints) can be extended
to a complete solution. The solution space of a CSP, i.e., configuration problem, often has some immanent
structure with some form of interchangeability among variable values. An approach to enhance constraint
satisfaction problem (CSP) solving by incorporating decision trees learned from example configurations (positive
and negative examples) is proposed in (O’Sullivan et al. 2004). The core idea is to learn patterns from valid and
invalid assignments to be able to detect infeasible requirements early even without the need of a constraint solver.
The following example decision tree (on top of our car configuration knowledge base) could have been learned on
the basis of a set of positive and negative configuration examples derived from our example knowledge base (see
Table 1). For the integration of decision tree learning into constraint programming see also (Bonfietti et al. 2015).

Decision trees significantly improve CSP search performance when learned patterns can confidently predict
consistent variable assignments early. During CSP solving, the decision tree can guide variable assignments and
prune invalid options. For instance, if the user defines type = 𝑐𝑖𝑡𝑦, the tree immediately suggests fuel = 4𝑙 thus
preventing exploration of inconsistent choices (O’Sullivan et al. 2004). Decision trees are most helpful in CSP
search when repeatable relationships let them quickly eliminate unlikely options.
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fuel ∈ {6l, 10l} ?

inconsistency:
(type=city,fuel ∈ {6l,
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no

yes

4wh = y ?

inconsistency:
(type=city, 4wh=yes)
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(type=city, 4wh=no)

no
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Fig. 2. Decision tree for validating combinations of type, fuel, and 4wh.

Learning Variable and Value Orderings. Whereas decision trees follow a model-based approach (a machine
learning model is built from corresponding example configurations), memory-based machine learning approaches
follow the idea of identifying, for example, nearest neighbors (NNs) which are then used to infer the relevant
settings for the current case (Garber et al. 2023). An example of learning search heuristics is the application of
similarity-based machine learning for identifying variable value orderings. Table 5 sketches the idea of memory-
based learning of variable value orderings. For generating configuration 𝑐𝑜𝑛𝑓1, the variable value ordering used
by the solver was: type(city,limo,combi,xdrive), fuel(4l,6l,10l), ski(yes,no), 4wh(no,yes), and pd(yes,no). For the
variable type, this means that the solver would try value assignments following the sequence 𝑐𝑖𝑡𝑦 → 𝑙𝑖𝑚𝑜 →
𝑐𝑜𝑚𝑏𝑖 → 𝑥𝑑𝑟𝑖𝑣𝑒 . In the current configuration session, the user has already specified preferences for the variables
car type and fuel consumption. Based on this, configurations 𝑐𝑜𝑛𝑓1 and 𝑐𝑜𝑛𝑓3 are identified as the nearest neighbors
in terms of preference similarity. Before initiating the search for the remaining variable value assignments, the
variable orderings used for configuring nearest neighbor 𝑐𝑜𝑛𝑓1 should be reused, as they have demonstrated the
best runtime performance (compared to the variable orderings of the alternative NN 𝑐𝑜𝑛𝑓3).

Table 5. Example of configuration session logs. In this example, current refers to the configuration session of the active user.

In the already completed configuration sessions 𝑐𝑜𝑛𝑓1 – 𝑐𝑜𝑛𝑓3, varying variable value orderings have been applied. Boldface

values indicate variable values that are part of the final configuration. In the current session, the user has already specified

preferences for the variables type and fuel. The nearest neighbors (NN) of the current user are 𝑐𝑜𝑛𝑓1 and 𝑐𝑜𝑛𝑓3.

configuration type fuel ski 4wh pd runtime (msec)

𝑐𝑜𝑛𝑓1 (NN) c, l, co, x 4l, 6l, 10l y, n n, y y, n 9
𝑐𝑜𝑛𝑓2 c, l, co, x 4l, 6l, 10l y, n n, y y, n 14

𝑐𝑜𝑛𝑓3 (NN) x, co, l, c 10l, 6l, 4l n, y y, n y, n 27
current c 4l n, y y, n y, n –

The memory-based (similarity-based) approach exemplified in Table 5 is based on the idea of generating
example configurations for a specific (pre-defined) knowledge base and using those examples to identify efficient
variable value orderings (best heuristics identification). This idea can be extended in such a way that the training
set is represented by different CSP instances (same CSP but different initial variable value assignments) which are
then split into different clusters. Such a clustering approach is introduced in (Erdeniz, Felfernig, Atas, et al. 2017),
where for each cluster, variable orderings are optimized individually. For a new (yet unsolved) CSP instance, the
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most similar cluster is identified and the variable orderings optimized for CSPs in this cluster are applied to the
new CSP.

While the aforementioned approaches rely on similarity and clustering to reuse effective heuristics, alternative
methods focus on directly learning search strategies through adaptive optimization techniques such as rein-
forcement learning (W. Song et al. 2022). Beyond variable ordering, the authors emphasize the potentials of the
proposed approach in terms of learning other control policies such as value ordering and propagator selection. An
approach to learn search heuristics (variable and value orderings) on the basis of genetic algorithms is presented
in (Col and Teppan 2017). The idea is to apply genetic algorithms to individual problem settings where individuals
(the members of population) are represented on the basis of the defined variable and value orderings. An opti-
mization function evaluates the performance of the individuals in solving the underlying constraint satisfaction
problem. The problem setting defined in (Koriche et al. 2022) is similar – the overall objective is to identify the
optimal variable ordering strategy based on a specific CSP definition. The heuristic optimization task is based on
the representation of a multi-armed bandit problem, where each heuristic is considered an “arm” and trying it
on a CSP provides a performance-based reward. The algorithm repeatedly evaluates heuristics, compares their
rewards, and progressively focuses on the most promising ones using an adaptive successive-halving strategy.
This is a form of reinforcement learning because the system learns which heuristic to select through interaction
and observed rewards, without any labeled data or predefined correct answers.

4 Interactive Configuration With Machine Learning
After having developed a configurator application including its user interface, reasoning engine, and underlying
knowledge base, it can be deployed for productive use. In this context, effective user support depends on the
availability of personalization services (Ardissono et al. 2003). Such services help users in finding relevant variable
values (e.g., a user does not have the background knowledge to do this) and provide support in situations where
the configurator is not able to find a solution for the given user requirements.

4.1 Predicting User Preferences
As configuration knowledge bases grow in size and complexity due to an increasing number of parameters
and related constraints, there is a need for techniques that proactively assist users in their preference-building
process (Falkner, Felfernig, et al. 2011). Due to limited product domain knowledge and also time constraints,
users often require personalized support to efficiently select the right parameter settings. ML can play a key role
by predicting relevant parameter choices tailored to the user’s needs. Specifically, ML algorithms can be used to
predict individual variable settings based on historical data.

Recommending Variable Values. Similarity-based machine learning approaches (Cöster et al. 2002; Ekstrand
et al. 2011) can leverage a dataset of consistent configurations to identify preferences of similar users. Such
nearest neighbors (NN) can serve as predictors for the preferences of the current user (Falkner, Felfernig, et al.
2011) — see the example in Table 6.
More advanced approaches integrate model-based techniques, such neural networks (Uta, Felfernig, et al.

2022) or matrix factorization (Erdeniz, Felfernig, Samer, et al. 2019). The approach introduced in (Uta, Felfernig,
et al. 2022) involves feed-forward neural networks (FFNNs), which leverage past configuration sessions and their
corresponding recommendations to train the network for future value predictions. Typically, an FFNN consists
of several hidden layers following the input layer, with the output layer structured as a multi-label, multi-class
classification task. This output computes probability distributions over the values of each categorical variable,
where each probability indicates the likelihood that a specific variable value will be relevant to the user.
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Table 6. Similarity-based predictions for the current user who already selected a limousine and a skibag. Based on the

identified NN, the recommender predicts fuel = 6l and 4wh = n.

configuration type fuel ski 4wh comment

𝑐𝑜𝑛𝑓1 city 4l n n no match
𝑐𝑜𝑛𝑓2 (NN) limousine 6l y n NN: match with type and ski

𝑐𝑜𝑛𝑓3 combi 10l y n match with ski
𝑐𝑜𝑛𝑓4 xdrive 10l y y match with ski
𝑐𝑜𝑛𝑓5 xdrive 4l n y no match
𝑐𝑜𝑛𝑓6 limousine 6l n n match with type

current limousine ? y ? customer selections

CF prediction limousine 6l y n predicted from NN

Recommending Variable Value Orderings. It is important to note that ML-based variable value predictions
are not necessarily consistent with KB and REQ (Falkner, Felfernig, et al. 2011). Recommendations have to be
checked for consistency and alternatives have to be determined in the case of inconsistencies. As an alternative
to predicting specific variable values, ML models can be designed to recommend variable value orderings which
help to guarantee consistent (and personalized) solutions of relevance for the user. For example, similarity-based
approaches (Garber et al. 2023) or matrix factorization (Erdeniz, Felfernig, Samer, et al. 2019) can be employed to
recommend variable value orderings. Similar to the example in Table 6, nearest neighbors (NN) are identified
based on the similarity between the current user’s requirements and previously completed configurations by
similar users. The variable value ordering used for completing the configurations of NNs are then recommended
for completing the current user’s configuration.

4.2 Predicting Conflicts and Diagnoses
In interactive configuration scenarios, user (customer) requirements (REQ) can become inconsistent with the
underlying set of domain constraints (KB) and users need support to get out of the no solution could be found
situation. Two major related concepts can provide help in terms of explaining the sources of an inconsistency.
First, minimal conflict sets 𝐶𝑆 ⊆ REQ are minimal sets of user requirements that induce an inconsistency with the
constraints in KB, i.e., inconsistent(𝐶𝑆 ∪KB). Second,minimal diagnoses (i.e., conflict resolutions) are minimal sets
Δ ⊆ REQ that have to be omitted or adapted in order to be able to restore consistency, i.e., consistent(REQ−Δ∪KB).
QuickXPlain (Junker 2004) is an often-applied algorithm for the identification of minimal conflict sets in REQ. It is
based on the idea of divide-and-conquer: if a constraint set𝐶 = {𝑐1..𝑐𝑘 , 𝑐𝑘+1 ..𝑐𝑛} is inconsistent (e.g., 𝑘 =

| {𝑐1 ..𝑐𝑛 } |
2 )

and {𝑐1..𝑐𝑘 } is inconsistent, then conflict search can focus on this subset and – with one consistency check – we
can omit half of the constraints in 𝐶 (in our case, 𝐶 = REQ). Minimal diagnoses, i.e., conflict resolutions, can be
computed, for example, on the basis of a hitting set directed acyclic graph (HSDAG) (Reiter 1987).

Example-based Personalized Diagnosis. To predict diagnoses of relevance for a user, various machine learning
approaches can be applied (Felfernig, Schubert, and Reiterer 2013; Uta, Le, et al. 2025). The machine learning
approach introduced in (Felfernig, Schubert, and Reiterer 2013) is similarity-based – it is based on a dataset
of completed and consistent configurations where diagnosis search is personalized using a best-first HSDAG
search with node expansion decisions based on metrics that estimate the similarity between a reconfiguration
candidate (associated with a diagnosis) and the original user requirements (Felfernig, Schubert, and Reiterer
2013). A similarity-based ML approach in the context of direct diagnoses with FastDiag (Felfernig, Schubert,
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and Zehentner 2012) is included in (Uta, Le, et al. 2025). A set of known inconsistent configurations from
previous configuration sessions including the diagnoses chosen by the corresponding users is exploited to identify
potential diagnoses in new configuration sessions. The idea is to identify configuration sessions in the dataset
with originally inconsistent variable value selections that are similar compared to the variable value selections in
the current configuration session. In the example of Table 7, the (inconsistent) configuration 𝑐𝑜𝑛𝑓2 is identified as
nearest neighbor of the current (inconsistent) configuration. The diagnosis chosen in 𝑐𝑜𝑛𝑓2 can be regarded as a
potential diagnosis candidate in the current configuration session. For further related details, we refer to (Uta, Le,
et al. 2025).

Table 7. Dataset containing originally inconsistent configurations 𝑐𝑜𝑛𝑓𝛼 along with the corresponding diagnoses Δ𝛼𝛽 selected

by the user. For instance, to resolve the inconsistency in 𝑐𝑜𝑛𝑓2, the user chose Δ21 (chosen diagnoses are indicated in bold).

configuration type fuel ski 4wh chosen diagnosis

𝑐𝑜𝑛𝑓1 city 4l y n ∆11:{ski=y}, Δ12:{type=city}
𝑐𝑜𝑛𝑓2 (NN) city 10l n n ∆21:{fuel=10l}, Δ22:{type=city}

𝑐𝑜𝑛𝑓3 xdrive 6l n n Δ31:{type=xdrive}, ∆32:{fuel=6l}

current city 10l n n ∆21 : {fuel = 10l}

Personalized Diagnosis with Model-based Machine Learning. As proposed in (Uta, Le, et al. 2025), model-based
ML can be used as an alternative to similarity-based ML. Inconsistent users requirements can be ranked by a
neural network (the model) in such a way that user requirements with a high probability of being accepted
as diagnosis candidates are ranked correspondingly (see the sketch in Figure 3). Training data includes a set
of inconsistent configurations accompanied with their corresponding diagnoses (similar to Table 7). As the
goal of the neural network is to reorder requirements, several loss functions are suitable for such a ranking
task. After training the model, the neural network takes an inconsistent configuration as input and outputs a
relevance ranking of individual customer requirements, indicating their relevance in terms of their involvement
in a diagnosis. In our example shown in Figure 3, the input for the neural network are the user requirements
{𝑡𝑦𝑝𝑒 = 𝑐𝑖𝑡𝑦, 𝑠𝑘𝑖 = 𝑛, 𝑓 𝑢𝑒𝑙 = 10}. The neural network ranks those inconsistent requirements with regard to
their estimated probability of being part of a diagnosis: {𝑓 𝑢𝑒𝑙 (0.85), 𝑡𝑦𝑝𝑒 (0.65), 𝑠𝑘𝑖 (0.40)} – the higher the
value, the higher the probability for the corresponding variable to be part of a chosen diagnosis. Note that such
neural network based (i.e., model-based) representations have a better runtime performance compared to nearest
neighbor based (i.e., memory-based) approaches which becomes relevant with an increasing dataset size.

Conflict detection and diagnosis are essential algorithmic techniques for proactively assisting users in address-
ing inconsistencies during configuration sessions (Felfernig, Schubert, and Zehentner 2012; Junker 2004). As
discussed in the previous examples, ML-based approaches can help to efficiently identify diagnoses by calcu-
lating a preference ordering of user requirements which is used as input of the diagnosis algorithm. The goal
is to reorder the requirements in such a way that the new ranking better clusters diagnosis-relevant elements.
Note that in this context machine learning can focus on different optimization functions: for predicting diag-
nosis inclusion of specific user requirements, an optimization function could focus on prediction quality, i.e.,
#𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠/#𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠 . Alternatively, when diagnosis runtime performance has the highest impor-
tance, the corresponding optimization function for model learning will focus on runtime performance. In typical
configuration settings, machine learning models are based on optimization functions that represent tradeoffs
between diagnosis prediction quality and performance (Uta, Le, et al. 2025).
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Fig. 3. Neural network used to determine an ordering of user inputs (i.e., the set of requirements) for FastDiag (Uta, Le, et al.

2025). Such rankings help to identify those diagnosis elements most relevant to the user and to arrange them accordingly for

the input sequence of the diagnosis algorithm.

Lazy Conflict Detection with Genetic Algorithms. An alternative to on-demand conflict detection and diagnosis
is ’offline’ processing (Le et al. 2026) where potential conflicts are identified in advance of the actual use of the
configuration system. A related example is presented in Table 8, where a genetic algorithm is employed to generate
inconsistent constraint sets. The underlying approach leverages a genetic algorithm to learn how to generate
inconsistent configurations. Once these configurations are identified, the minimal conflict sets are determined
usingQuickXPlain (Junker 2004). In the subsequent steps, the genetic algorithm takes into account the identified
conflicts by avoiding these combinations in future populations. One major advantage of this approach is that
conflict sets can be reused during ongoing configuration sessions which eliminates the need of activating conflict
detection algorithms. This can lead to significant runtime improvements (and reduced energy consumption)
compared to standard conflict detection and diagnosis methods (Le et al. 2026).

Acquiring User Preferences. The growing complexity and size of configurable products imposes significant
challenges on the design of effective user interfaces (Niederer et al. 2022).While basic machine learning approaches
have already been applied to assist users, for example, in terms of recommending relevant configuration variables
which should be specified by the user (Mirzadeh et al. 2005), recent advancements in deep learning and large
language models (LLMs) offer promising ways to enhance preference elicitation. For example, an approach that
uses probabilistic matrix factorization to predict user preferences by analyzing sentiments extracted from product
reviews is presented in (Chambua et al. 2019). Moreover, LLMs add a conversational, reasoning-driven layer to
the configuration process, which significantly improves both, its efficiency and accuracy (Montazeralghaem et al.
2025). In the context of requirement acquisition, LLMs can function as intelligent assistants which are capable of
interpreting vague or naturally expressed user needs. For instance, when a user says, “I need a car with better
fuel efficiency,” an LLM can extract formal parameters such as fuel=4l.

Recent developments in LLM-based interaction models, often augmented with retrieval-based methods, under-
score the increasingly import role of conversational AI in configuration tasks (X. Li et al. 2025; Y. Wang et al.
2022). Simplifying the identification and specification of user preferences is critical for interactive configuration
(Kogler et al. 2024). With their advanced capabilities in natural language understanding and generation, LLMs
can play a key role in facilitating natural language-based extraction of user preferences and translating them into
corresponding constraint-based representations (Kogler et al. 2024).
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Table 8. One iteration of a genetic algorithm that generates inconsistent configurations. The table shows the initial population

𝑃 = {𝑐𝑜𝑛𝑓1 ..𝑐𝑜𝑛𝑓4}, resulting crossovers 𝐶𝛼 (e.g., 𝐶1 and 𝐶2 are the result of a crossover between 𝑐𝑜𝑛𝑓1 and 𝑐𝑜𝑛𝑓2), mutations

𝑀𝛽 (e.g.,𝑀1 is the result of mutating 𝐶1), and QuickXplain (Junker 2004) generated minimal conflicts 𝐶𝑆𝛾 .

phase configuration status explanation

1. initial population 𝑃 (type, fuel, ski, 4wh)
𝑐𝑜𝑛𝑓1 (city, 10l, no, no) inconsistent city cannot have 10l fuel or skibag
𝑐𝑜𝑛𝑓2 (xdrive, 6l, no, yes) inconsistent xdrive cannot have 6l fuel
𝑐𝑜𝑛𝑓3 (combi, 4l, no, no) inconsistent 4l fuel only allowed for city
𝑐𝑜𝑛𝑓4 (limousine, 10l, yes, no) consistent valid configuration

2. crossovers 𝐶𝑖 (e.g., 𝑐𝑜𝑛𝑓1 × 𝑐𝑜𝑛𝑓2)

𝐶1 (city, 6l, no, yes) inconsistent city cannot have 6l fuel or 4wh
𝐶2 (xdrive, 10l, yes, no) inconsistent xdrive must have 4wh = yes
...

3. mutations𝑀𝑖

𝑀1 (city, 6l, no, no) inconsistent city cannot have 6l fuel
𝑀2 (xdrive, 10l, yes, yes) consistent valid configuration
...

4. minimal conflicts 𝐶𝑆𝑖
𝐶𝑆1 {type = city, fuel = 6l} conflict minimal conflict
𝐶𝑆2 {type = xdrive, 4wh = no} conflict minimal conflict
...

5 Reconfiguring With Machine Learning
Informally, reconfiguration (Männistö, Soininen, et al. 1999) refers to the modification of variable value settings in
an existing configuration. For instance, a railway interlocking systemmay need to be reconfigured to accommodate
an expanded railway infrastructure, or a company’s network configuration may require adjustments to increase
bandwidth to meet new demands. In the following, we assume a scenario where a user has already created an
initial car configuration and now wishes to modify it. The formal definitions of a reconfiguration task and a
reconfiguration are provided in Definitions 3–5.

Definition 3. A reconfiguration task can be defined as a constraint satisfaction problem
(CONF,𝑉 , 𝐷,KB, REQ𝑛𝑒𝑤) where CONF is the current configuration, (𝑉 , 𝐷,KB) represents the configuration
knowledge base, and REQ𝑛𝑒𝑤 represents reconfiguration requirements (formulated as variable value assignments).

Example 3. An example of a reconfiguration task (CONF,𝑉 , 𝐷,KB, REQ𝑛𝑒𝑤) is the following: 𝑉 , 𝐷 , and KB can
be taken from the configuration task definition in Table 1. Furthermore, CONF = {𝑡𝑦𝑝𝑒 = 𝑐𝑖𝑡𝑦, 𝑓 𝑢𝑒𝑙 = 4𝑙, 𝑠𝑘𝑖 =
𝑛, 4𝑤ℎ = 𝑛, 𝑝𝑑 = 𝑦} is a valid configuration and REQ𝑛𝑒𝑤 = {𝑠𝑘𝑖 = 𝑦}.

Definition 4. A reconfiguration diagnosis for a given reconfiguration task (CONF,𝑉 , 𝐷,KB, REQ𝑛𝑒𝑤) is a set Δ
with consistent((CONF − Δ) ∪ KB ∪ REQ𝑛𝑒𝑤). Δ is minimal if ¬∃Δ′ : Δ′ ⊂ Δ and Δ′ is a reconfiguration diagnosis.

Example 4. In our example, we are able to identify three minimal conflict sets which are 𝐶𝑆1 = {𝑡𝑦𝑝𝑒 = 𝑐𝑖𝑡𝑦},
𝐶𝑆2 = {𝑓 𝑢𝑒𝑙 = 4𝑙}, and 𝐶𝑆3 = {𝑠𝑘𝑖 = 𝑛}. This results in exactly one reconfiguration diagnosis Δ = {𝑡𝑦𝑝𝑒 =

𝑐𝑖𝑡𝑦, 𝑓 𝑢𝑒𝑙 = 4𝑙, 𝑠𝑘𝑖 = 𝑛}.

Journal of Artificial Intelligence Research, Vol. 86, Article 30. Publication date: July 2026.



Machine Learning for Constraint-based Configuration: A Survey • 30:17

Definition 5. A reconfiguration RCONF for a given reconfiguration task (CONF,𝑉 , 𝐷,KB, REQ𝑛𝑒𝑤) and a
corresponding reconfiguration diagnosis Δ, is a solution (configuration) for ((CONF − Δ) ∪ KB ∪ REQ𝑛𝑒𝑤).

Example 5. With the reconfiguration diagnosis Δ = {𝑡𝑦𝑝𝑒 = 𝑐𝑖𝑡𝑦, 𝑓 𝑢𝑒𝑙 = 4𝑙, 𝑠𝑘𝑖 = 𝑛}, a solver can determine five
possible reconfigurations for (CONF − Δ) ∪ KB ∪ REQ𝑛𝑒𝑤 – these reconfigurations are depicted in Table 9.

Recommending Adaptations to Existing Configurations. Different basic machine learning approaches that support
users in reconfiguration settings are introduced in (Felfernig, Schubert, and Reiterer 2013). A fundamental approach
is to use memory-based recommendation to determine the similarity between the original user requirements and
the candidate reconfigurations and present the most similar reconfiguration to the user. Assuming the existence of
attribute-level similarity metrics (Felfernig, Schubert, and Reiterer 2013) that return (per configuration attribute)
a similarity between 0..1, we can assume that reconfiguration 𝑟𝑐𝑜𝑛𝑓1 = {𝑡𝑦𝑝𝑒 = 𝑙𝑖𝑚𝑜, 𝑓 𝑢𝑒𝑙 = 6𝑙, 𝑠𝑘𝑖 = 𝑦, 4𝑤ℎ =

𝑦, 𝑝𝑑 = 𝑦} (see Table 9) since a limousine-type car can be assumed to be similar to a city-type car (compared to
the other alternatives) and 6𝑙 fuel consumption is next to 4𝑙 (see Table 9). A noteworthy aspect in our example
is that even a simple change in a single requirement, such as including a skibag, can significantly affect the
user’s overall configuration. In our example, a practical recommendation might be to inform the user about the
option to not include the skibag and explore the possibility of solving the issue using a roof rack instead. This is
a kind of open configuration (Chen and L. L. Zhang 2015; L. Zhang et al. 2014), where certain components are not
directly included into KB but are still offered as flexible alternatives. Machine learning based reconfiguration is
not limited to interactive configuration settings. A reconfiguration scenario in the context of complex production
systems is presented in (Huang et al. 2024) where reconfigurable machine tools offer high flexibility in terms
of allowing the adaptation (reconfiguration) of the production parameters to adapt to demand changes. In this
context, a reinforcement learning approach is proposed where a digital twin of the manufacturing system is used
to provide feedback on the quality of different reconfiguration alternatives. Finally, reconfiguration tasks have
also been solved in the context of online hardware reconfiguration. Since high-end server systems are partitioned
into logical subsystems, there is a need for dynamically repartitioning and optimizing performance for repeatedly
changing workloads. For such a scenario, (Wildstrom et al. 2007) introduce a rule inductive learning approach
where context-sensitive reconfiguration actions are encoded in a set of rules.

Table 9. Different identified reconfiguration candidates for the initial configuration CONF = {𝑡𝑦𝑝𝑒 = 𝑐𝑖𝑡𝑦, 𝑓 𝑢𝑒𝑙 = 4𝑙, 𝑠𝑘𝑖 =
𝑛, 4𝑤ℎ = 𝑛, 𝑝𝑑 = 𝑦} and the new requirements REQ𝑛𝑒𝑤 = {𝑠𝑘𝑖 = 𝑦}.

reconfiguration type fuel ski 4wh pd

𝑟𝑐𝑜𝑛𝑓1 limo 6l y n y
𝑟𝑐𝑜𝑛𝑓2 limo 10l y n y
𝑟𝑐𝑜𝑛𝑓3 combi 6l y n y
𝑟𝑐𝑜𝑛𝑓4 combi 10l y n y
𝑟𝑐𝑜𝑛𝑓5 xdrive 10l y n y

Recommending New Features. For configurable products and services, the configuration model may evolve
frequently, with outdated components removed and new ones introduced (Männistö and Sulonen 1999). If new
components or features are incorporated into the configuration knowledge base, recommending these additions
can be interpreted as a specific instance of predicting user preferences (Cöster et al. 2002; Falkner, Felfernig,
et al. 2011) (see Section 4). The following example illustrates a basic use case of matrix factorization (MF) (Koren
et al. 2009) for predicting user preferences regarding newly introduced components. This approach presupposes
that a user has already configured an initial version of a product, as MF is typically performed in batch mode

Journal of Artificial Intelligence Research, Vol. 86, Article 30. Publication date: July 2026.



30:18 • Bähnisch, Felfernig, Garber, Haag, Helic, Hotz, Le & Lubos

for performance reasons. In this scenario, we consider a company that introduces new car components to its
customers (Felfernig, Le, et al. 2021). For example, when configuring cars, an additional option could be an easily
installable miniature dashcam (𝑑), as shown in Table 10.

Table 10. One-hot encoding (Xiang et al. 2021) of completed configurations (matrix 𝑅) for predicting the relevance of new

feature 𝑑 . For configurations {𝑐𝑜𝑛𝑓3, 𝑐𝑜𝑛𝑓4, 𝑐𝑜𝑛𝑓5}, a matrix factorization approach estimates interest in the new feature

(higher values indicate higher (potential) interest).

configuration c l co x 4 6 10 ski 4wh pd d

𝑐𝑜𝑛𝑓1 1 0 0 0 1 0 0 0 0 0 0
𝑐𝑜𝑛𝑓2 0 0 0 1 0 0 1 1 1 1 1
𝑐𝑜𝑛𝑓3 0 1 0 0 0 1 0 0 0 0 ?→ 0.22
𝑐𝑜𝑛𝑓4 0 1 0 0 0 1 0 1 0 0 ?→ 0.90
𝑐𝑜𝑛𝑓5 0 0 0 1 0 0 1 1 1 1 ?→ 0.98

In this example, we assume that a dashcam (𝑑) is designed to be compatible with all company car types, with no
further restrictions regarding individual car features (we assume that it has already been included in configuration
𝑐𝑜𝑛𝑓2). Using matrix factorization (MF) (Koren et al. 2009), the entries in Table 10 can be reconstructed through
dimensionality reduction (Felfernig, Falkner, et al. 2024). In this process, two low-dimensional matrices, 𝑃 and 𝑄 ,
which represent the machine learning model, are used to approximate the original matrix 𝑅 (𝑅 is represented
by Table 10). The approximation, 𝑅, results from the matrix multiplication of 𝑃 and 𝑄 and is given by 𝑅 = 𝑃𝑄 .
In this context, 𝑃 captures the “hidden” relationships between users and latent (non-interpretable) ML features,
while 𝑄 represents the “hidden” relationships between these latent features and corresponding configuration
features. The goal of MF is to optimize the entries in 𝑃 and 𝑄 such that 𝑅 closely approximates 𝑅. One beneficial
outcome of this process is that it also provides predictions for the missing entries in 𝑅, marked as ’?’. This allows
for the personalized expansion of a configuration tailored to individual users.

6 Research Issues
From our survey of the current state-of-the-art in machine learning and constraint-based configuration, several
open research issues emerge.

Configuration Knowledge Engineering. In configuration knowledge engineering, user studies are needed to
better understand and evaluate the cognitive complexity of knowledge structures. This understanding (expressed,
e.g., on the basis of a set of metrics) would ultimately help to improve the quality of constraint formulations,
understandability, and maintainability. Related insights will also help to better understand in which way questions
can be asked to knowledge engineers, for example, in the context of constraint acquisition (Bessiere, Carbonnel,
et al. 2023; Shchekotykhin and Friedrich 2009). Through their capabilities of natural language understanding
and generating corresponding formal representations (Bähnisch et al. 2025), LLMs also have the potential to
enhance the overall quality of product line scoping (Marchezan et al. 2022), which involves determining which
components and features should be included in a configuration knowledge base. A major aspect in this context is
that LLMs have the potential to support scoping discussions and decisions even without the need of having a
formal knowledge base available for estimating the impact of potential scoping decisions.

Explanations. In terms of supporting interactive configuration, the quality of explanations must be enhanced,
particularly by providing personalized explanations for users. Through their ability of adaptive text generation,
LLMs have the potential to significantly increase the quality and flexibility of explanation generation. Also, in
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real-time scenarios such as computer network configuration and reconfiguration, the performance of conflict
detection and diagnosis needs to be further optimized – both can be regarded as specific explanation types
(Dev Gupta et al. 2021). This could be achieved through intelligent reuse strategies that eliminate the need for
online conflict detection and diagnosis determination. There also exists a need to tailor explanations to the needs
of users – this can be achieved by taking into account models of human behavior (Verma et al. 2024).

Large Language Models. We want to emphasize the significant potential of Large Language Models (LLMs)
in enhancing the productivity of configuration-related processes. For example, by leveraging natural language
specifications and feedback, LLMs can streamline the automated generation and maintenance of knowledge bases
(Bähnisch et al. 2025; Mechqrane et al. 2024). In interactive configuration environments, LLMs have the potential
to enhance the quality of user preference elicitation. By enabling users to specify preferences in natural language,
LLMs can simultaneously ensure the consistency and completeness of these inputs at the textual level. Moreover,
LLMs could optimize the configuration process by recommending logical sequences for configuration steps. A
key challenge in configuration is acquiring user requirements and determining the optimal moments to gather
specific information. By feeding the LLM with a context-rich knowledge base or utilizing a retrieval-augmented
generation, the model can predict the next logical step in the configuration process.

Graph Neural Network Integration. Apart from LLMs, another possibility for future research is the integration of
configuration with graph neural networks (GNNs) (Scarselli et al. 2009). We see a few avenues for such a potential
integration. For example, GNNs represent state-of-the-art approaches for similarity-based recommendation (He
et al. 2020). They operate on user-item attributed bipartite graphs and extract low-dimensional representations of
both, users and items. Such low-dimensional representations can be used to perform nearest neighbors search
in user or item space, hence supporting a stronger flexibility in user preference prediction (Kipf and Welling
2017). Graph neural networks could be also applied in the re-ranking of customer requirements for diagnosis
search. For example, knowledge bases can be modeled as so-called knowledge graphs (Ren et al. 2022) that can be
embedded into low-dimensional vector spaces using GNNs (H. Wang et al. 2021).

LLM-based Configuration and Reconfiguration. LLM-based configuration and reconfiguration can offer improve-
ments for traditional configuration settings. In scenarios such as public tenders for construction projects, LLMs
have the potential to propose and validate textual specifications and help to ensure that they comply with legal
regulations. When crafting offers in response to a tender, LLMs could not only help to analyze their conformity
but also suggest necessary extensions or repairs based on the legal and technical specifications. Furthermore,
LLMs could help to identify gaps, such as missing or ambiguous specifications, and autonomously generate
requests for clarification. While this approach is promising, challenges such as hallucination must be carefully
addressed to ensure reliability. In this context, LLMs should be regarded as a supportive technology that still
requires the integration with basic machine learning approaches and formal reasoning.

7 Conclusions
With the goal of fostering further synergies, we presented a survey on the integration of constraint-based
configuration and machine learning. The survey is structured along the three main dimensions of machine
learning supported configuration knowledge engineering, machine learning for interactive configuration, and
machine learning for reconfiguration. For each dimension, we reviewed representative approaches and discussed
how machine learning techniques can be effectively leveraged within configuration processes.

In particular, machine learning models have shown to support tasks such as preference prediction for configu-
rator users, the automated generation of configuration knowledge bases from textual product descriptions, and
the computation of personalized reconfigurations that adapt configurations to newly expressed user requirements.
These developments illustrate how learning-based methods can support constraint-based configuration.
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From our analysis, several open research issues emerge. Promising directions include: LLM-based product
line scoping, i.e., the automated or semi-automated identification of relevant product features to be included
in a configuration knowledge base; the personalization of explanations (taking into account a users expertise
and context); and adaptive configurator interfaces that dynamically tailor interaction and decision support to
individual user needs. These challenges highlight the need for tighter integration between machine learning
techniques and configuration methods in future systems.
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