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Abstract
Probabilistic Answer Set Programming (PASP) combines the expressiveness of Answer Set Programming with
probabilistic reasoning, providing a powerful framework for representing uncertain knowledge. However, current
PASP semantics do not support optimization criteria, limiting their applicability in real-world decision-making
scenarios where uncertainty and optimization naturally coexist. In the paper entitled “A Novel Framework for
Reasoning over Optimization Problems in Probabilistic Answer Set Programming” and published in the proceedings
of the 22nd International Conference on Principles of Knowledge Representation and Reasoning (KR2025), we
introduced Optimal Probabilistic Answer Set Programming (OptPASP), an extension of PASP that integrates weak
constraints into the probabilistic framework. In this discussion paper, we overview the proposed framework,
highlight its modeling capabilities, discuss its computational complexity, and outline promising research directions.
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1. Introduction

Reasoning and decision making under uncertainty are central challenges in Artificial Intelligence. Many
real-world applications, including resource allocation [1], scheduling [2, 3], robotics [4], query answer-
ing [5], among others [6], requiring simultaneously handling uncertain information and optimizing
one or more objectives. While probabilistic models provide principled mechanisms for representing
uncertainty, declarative reasoning frameworks offer powerful tools for expressing complex constraints
and optimization criteria. Combining these two perspectives remains an important research direction.

Probabilistic Logic Programming (PLP) has long provided effective frameworks for integrating logical
reasoning and probability [7, 8]. At the same time, Answer Set Programming (ASP) has established itself
as one of the most successful declarative paradigms for solving combinatorial search and optimization
problems, thanks to its expressive modeling language and highly efficient solvers [9, 10]. Probabilistic
Answer Set Programming (PASP) [11] represents a significant step toward combining these two worlds,
extending ASP with probabilistic reasoning.

Despite its expressive power, current PASP frameworks offer limited support for optimization. In
particular, they do not naturally accommodate weak constraints, which are the standard mechanism
for expressing preferences and optimization criteria in ASP. This limitation reduces the applicability
of PASP in many AI scenarios where uncertainty and optimization are tightly coupled. For example,
assigning resources under uncertain availability, planning under uncertain demand, or selecting actions
that maximize expected benefits all require reasoning about both aspects simultaneously.

To address this gap, we introduced Optimal Probabilistic Answer Set Programming (OptPASP) [12], an
extension of PASP that allows the usage of weak constraints. The resulting framework enables reasoning
over optimal solutions in uncertain environments while preserving the declarative nature of ASP. In
this paper we overview the proposed framework and discuss interesting real-world problems that can
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be modeled in OptPASP. Finally, we analyze the computational complexity of the main reasoning task
in OptPASP which gives theoretical boundaries on the expressiveness of such formalism.

2. Optimal Probabilistic ASP

Probabilistic ASP. We briefly recall the notions of Answer Set Programming (ASP) and Probabilistic
Answer Set Programming (PASP) that are relevant to this work. For comprehensive definitions and
formal details, we refer the reader to the ASP-Core standard [13] and works on probabilistic logic
programming and PASP [11, 14].

An ASP consists of a finite set of rules and weak constraints. The semantics of a program is given by
its answer sets, i.e., minimal models of its FLP reduct [15]. Weak constraints induce a preference relation
among answer sets through a minimization of violation costs. We denote by AS (𝒯 ) and AS *(𝒯 ) the
sets of answer sets and optimal answer sets of a program 𝒯 , respectively.

A probabilistic answer set program (PASP) [14] is a pair 𝒫 = (𝒯 ,ℱ), where 𝒯 is a head-cycle-free
ASP program without weak constraints (i.e., plain HCF ASP) and ℱ is a set of probabilistic facts of
the form 𝜋 :: 𝑎, with 𝜋 ∈ [0, 1]. Each subset 𝜎 ⊆ ℱ (called selection) induces a world 𝑤𝜎 , obtained by
adding to 𝒯 the atoms of the probabilistic facts selected in 𝜎. Independence among probabilistic facts is
assumed and the probability of a world is

𝑃 (𝑤𝜎) =
∏︁

𝜋𝑖::𝑎𝑖∈ℱ|𝑎𝑖∈𝑤𝜎

𝜋𝑖 ·
∏︁

𝜋𝑖::𝑎𝑖∈ℱ|𝑎𝑖 /∈𝑤𝜎

(1− 𝜋𝑖).

Under the credal semantics [11], every world is required to have at least one answer set (i.e., to be
coherent). Given a query atom 𝑞, its lower and upper probabilities are defined as

𝑃 (𝑞) =
∑︁

𝑤𝜎 | ∀𝑀∈AS(𝑤𝜎),𝑀 |=𝑞

𝑃 (𝑤𝜎), 𝑃 (𝑞) =
∑︁

𝑤𝜎 | ∃𝑀∈AS(𝑤𝜎),𝑀 |=𝑞

𝑃 (𝑤𝜎).

Another common task is the computation of the Most Probable Explanation (MPE), which identifies
the most probable world in which an evidence atom is cautiously or bravely entailed. Formally,

MPE(𝑒) = argmax
𝜎| ∀𝑀∈AS(𝑤𝜎),𝑀 |=𝑒

𝑃 (𝑤𝜎), MPE(𝑒) = argmax
𝜎| ∃𝑀∈AS(𝑤𝜎),𝑀 |=𝑒

𝑃 (𝑤𝜎).

Extending PASP with Weak Constraints PASP combines probabilistic reasoning with the expres-
sive modeling capabilities of ASP by generating a set of possible worlds from probabilistic facts and
performing reasoning over the answer sets associated with each world. Under this perspective, every
world is an ASP. However, while optimization is a central feature of ASP and is routinely used to model
preference and decision-making problems, its role in probabilistic ASP has received little attention.

This observation naturally motivates the extension considered in this paper. Since each world is
an ASP, it is possible to equip worlds with weak constraints and reason over their optimal answer
sets. This yields a probabilistic framework where uncertainty and optimization coexist: probabilistic
facts determine which worlds are considered, while weak constraints determine which solutions are
preferred within each world.

Definition 1. An optimal probabilistic answer set program (optimal PASP) is a tuple 𝒫∼ = (𝒯 ,ℱ ,𝒲),
where 𝒯 is a plain head-cycle-free ASP, ℱ is a set of probabilistic facts, and 𝒲 is a set of weak constraints.

Given a selection 𝜎, the corresponding world 𝑤𝜎 is obtained as in PASP. Weak constraints do not
affect the probability of a world, but only the answer sets considered in that world. Therefore, for each
world 𝑤𝜎 , we consider the set of optimal answer sets AS *(𝑤𝜎) instead of AS (𝑤𝜎). As in standard
PASP under the credal semantics, we require every world to be coherent.



The lower and upper probabilities of a query 𝑞 are defined as

𝑃 (𝑞) =
∑︁

𝑤𝜎 | ∀𝑀∈AS*(𝑤𝜎),𝑀 |=𝑞

𝑃 (𝑤𝜎), 𝑃 (𝑞) =
∑︁

𝑤𝜎 | ∃𝑀∈AS*(𝑤𝜎),𝑀 |=𝑞

𝑃 (𝑤𝜎).

Similarly, the lower and upper MPE states for an evidence atom 𝑒 are

MPE(𝑒) = argmax
𝜎| ∀𝑀∈AS*(𝑤𝜎),𝑀 |=𝑒

𝑃 (𝑤𝜎), MPE(𝑒) = argmax
𝜎| ∃𝑀∈AS*(𝑤𝜎),𝑀 |=𝑒

𝑃 (𝑤𝜎).

3. Modeling Optimization under Uncertainty

A major advantage of OptPASP is its modeling flexibility. The framework naturally captures problems
where uncertainty and optimization interact. In [12], we modeled three interesting problems from
different fields which are Viral Marketing [16, 17, 18], Optimal Reviewer Assignment [19, 20, 21, 22]
and Scheduling under No-Show Behaviour [23, 24, 25, 26]. Here we only discuss the Scheduling under
No-Show Behaviour which can easily be adapted into other domains such as event booking.

Scheduling under No-Show Behaviour. In patient scheduling and overbooking problems under
no-show behavior [23, 24, 25, 26], patients require different medical examinations, each consuming
specific resources. Since patients may fail to attend their appointments, healthcare facilities may adopt
overbooking strategies to improve resource utilization. However, excessive overbooking may result in
situations where patients who actually show up cannot be served because the required resources are
unavailable. In such cases, the facility incurs a refund cost.

This setting naturally combines uncertainty and optimization. On the one hand, patient attendance
is uncertain and can be modeled with probabilistic facts. On the other hand, the facility aims to allocate
resources so as to minimize refund costs while limiting resource utilization. An important question
is therefore whether the adopted overbooking policy is sufficiently robust. For example, one may be
interested in computing the probability that some patients who show up will not be served under an
optimal scheduling policy.

This reasoning can be easily modelled in the OptPASP framework, as follows.

0.4::show(1). 0.4::show(2). 0.4::show(3). 0.4::show(4). 0.4::show(5).
resource(1,chair). resource(2,chair). resource(3,bed). resource(4,bed).
exam(e1,chair). exam(e2,bed).
take(1,e1). take(2,e2). take(3,e1). take(4,e2). take(5,e2).
require(P,R):- take(P,E),exam(E,R).
assign(P,R,Id) | nAssign(P,R,Id) :- show(P), require(P,R), resource(Id,R).
:- assign(P1,R,I), assign(P2,R,I), P1!=P2.
fulfilled(P):- show(P), assign(P,R,I).
refund_cost(P,2):-show(P), not fulfilled(P).
resource_cost(R,1):-assign(P1,chair,R).
resource_cost(R,2):-assign(P1,bed,R).
:∼ refund_cost(R,C). [C@1,R]
:∼ resource_cost(R,C). [C@0,R]
two_not_fulfilled:- show(A),show(B), A!=B, not fulfilled(A), not fulfilled(B).

Probabilistic facts of the form 𝑠ℎ𝑜𝑤(𝑃 ) model the uncertainty associated with patient attendance. In
the example, each of the five patients shows up with probability 0.4. Facts 𝑒𝑥𝑎𝑚(𝐸,𝑅) specify the type
of resource required by an examination, while 𝑡𝑎𝑘𝑒(𝑃,𝐸) associates patients with the examinations
they are scheduled to undergo.

Whenever a patient is present and requires a resource, the program decides whether a specific
resource instance is assigned to that patient. A constraint ensures that the same resource cannot be
assigned to multiple patients simultaneously. A patient is considered fulfilled if the required resource is
successfully allocated; otherwise, a refund cost is incurred. In addition, using resources is associated
with an operational cost.



The optimization criterion is expressed through two weak constraints. The primary objective (priority
level 1) is to minimize refund costs, whereas the secondary objective (priority level 0) is to minimize the
cost of allocated resources. Thus, among all feasible allocations, the framework first seeks to maximize
patient satisfaction and then to minimize resource utilization costs.

A possible query in this setting is two_not_fulfilled , which represents the event that at least two
patients who show up cannot be served.

4. Discussion

The introduction of optimization into Probabilistic Answer Set Programming naturally raises questions
about computational complexity. In ASP, reasoning over optimal answer sets is typically harder
than reasoning over arbitrary answer sets, since computing an optimal solution generally requires a
polynomial number of calls to an NP oracle. Consequently, one may expect that extending PASP with
weak constraints would lead to a corresponding increase in the complexity of its main reasoning tasks.

Our analysis [12] shows that this intuition is only partially correct. For probabilistic inference, the
introduction of weak constraints does not increase the computational complexity, and the problem
remains complete for 𝑃𝑃𝑁𝑃 [27]. Intuitively, inference already requires aggregating information across
an exponential number of possible worlds. The additional effort needed to identify optimal answer sets
within each world is therefore absorbed by the counting process underlying probability computation.

A different picture emerges for the Most Probable Explanation (MPE). In particular, brave MPE
becomes harder, moving from 𝑁𝑃 -complete for plain PASP to Σ𝑃

2 -complete in the presence of opti-
mization. By contrast, cautious MPE remains Σ𝑃

2 -complete, yielding the same complexity as in the
non-optimized setting. As a consequence, once weak constraints are introduced, brave and cautious
MPE become computationally equivalent.

This difference can be explained by the nature of the underlying ASP reasoning tasks. Brave MPE
is based on the existence of an answer set satisfying a given query. In plain PASP, this amounts to
checking whether the query holds in some answer set of a world which is easier than performing the
same check over optimal answer sets only.

Conversely, cautious MPE already relies on a universal quantification over answer sets. Replacing all
answer sets with the subset of optimal ones does not introduce any computational overhead and so no
jump in complexity is introduced.

Beyond complexity considerations, these results highlight several research directions. From a practical
perspective, the development of efficient OptPASP solvers is a crucial step toward the adoption of the
framework in real-world applications. For probabilistic inference, promising directions include the
integration of knowledge compilation techniques [28], whereas, for MPE, it would be interesting to
investigate whether recent extension of ASP, such as Answer Set Programming with Quantifiers [29, 30],
can be exploited to obtain more efficient solving strategies [31, 32, 33].

From a theoretical perspective, several questions remain open. Alternative probabilistic seman-
tics [34, 35, 36] could be considered, as well as richer optimization constructs [37] beyond weak
constraints. Moreover, studying the relationship between OptPASP and decision-theoretic probabilistic
logic frameworks [18] may provide further insights into the role of optimization under uncertainty.
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