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ABSTRACT
Collective decision-making tasks, such as voting, matching, and re-
source allocation, are frequently encountered in multi-agent scenar-
ios where a consensus is sought for based on the—often conflicting—
preferences of individual agents. Deciding if a consensus can be
reached and finding such consensus give rise to computationally
hard decision and optimization problems, characterized by NP-
completeness or even beyond-NP complexity. This complexity poses
significant challenges for developing practical exact algorithms. At
the same time, advances in automated logical reasoning techniques,
such as Boolean satisfiability solvers, their extensions to higher-
level constraints, and optimization have proven successful for cap-
turing and solving a wide range of computationally hard real-world
problems. My doctoral research harnesses automated logical rea-
soning for developing novel types of practical, exact algorithms for
computational social choice scenarios.

KEYWORDS
computational social choice; judgment aggregation; fair allocation;
Boolean satisfiability

ACM Reference Format:
Ari Conati. 2025. Collective Decision Making via Automated Reasoning:
Doctoral Consortium. In Proc. of the 24th International Conference on Au-
tonomous Agents and Multiagent Systems (AAMAS 2025), Detroit, Michigan,
USA, May 19 – 23, 2025, IFAAMAS, 3 pages.

1 INTRODUCTION
Collective decision-making tasks, such as voting, matching, and re-
source allocation, are frequently encountered in multi-agent scenar-
ios where a consensus is sought for based on the—often conflicting—
preferences of individual agents [13]. Consensus is typically char-
acterized by maximally satisfying criteria such as fairness or so-
cial welfare. Deciding if a consensus can be reached and finding
such consensus give rise to computationally hard decision and op-
timization problems, characterized by NP-completeness or even
beyond-NP complexity [11, 20, 21, 30].

This complexity poses significant challenges for developing prac-
tical algorithms in computational social choice (COMSOC) [13].
Interestingly, however, many of the problem settings considered
in COMSOC—including, for instance, judgment aggregation [29]
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and fair allocation [2, 10, 38]— are naturally expressed in logic-
oriented representations. At the same time, advances in automated
logical reasoning techniques, such as Boolean satisfiability (SAT)
solvers, their extensions to higher-level constraints (such as satis-
fiability modulo theories [5] and pseudo-Boolean reasoning [27])
and optimization (maximum satisfiability and extensions [39]) have
proven a key technology for capturing and solving a wide range of
computationally hard real-world problems. Critically, by enabling
incremental usage under assumptions [26, 41], modern SAT solvers
can even naturally capture decision and optimization procedures
complete for the second level of the polynomial hierarchy with
high efficiency.

In my PhD research, my goal is to develop efficient, practical
algorithms for various relevant, computationally hard problems in
COMSOC and to implement them open source. For beyond-NP prob-
lems, a polynomial-size SAT encoding presumably does not exist
by complexity-theoretic argument, so this entails developing novel
procedures based on strategic, iterative calls to SAT solvers. Thus
far, I have published work on judgment aggregation [16, 18] and
fair allocation [17], with plans to extend to other central problems
within COMSOC.

In this extended abstract, I provide an overview of my doctoral
research results thus far and outline my future plans toward com-
pleting my PhD.

2 JUDGMENT AGGREGATION
Judgment aggregation [29] is a general, logical framework which
captures scenarios where agents reach a consensus by aggregating
their preferences, judgments, or beliefs by social choicemechanisms.
In judgment aggregation we consider a set of issues, each of which
agents can either accept or reject, subject to an integrity constraint
corresponding to logical constraints over the issues. A judgment
aggregation rule then identifies a set of optimal collective judgment
sets based on the opinions of the agents, similarly subject to an
integrity constraint.

In my research so far I have considered both outcome determina-
tion [18] and strategic behavior [16] in judgment aggregation. The
implementation of all of the algorithms described in this section is
available open source at https://bitbucket.org/coreo-group/satcha.

2.1 Outcome Determination
Arguably the most central task in judgment aggregation is outcome
determination [30]; that is, determining whether a given subset of
the agenda is accepted under a given judgment aggregation rule.
Outcome determination generalizes the winner determination [35]
problem in voting, where the task is to determine if a given alter-
native is a winner of an election. It has been shown that outcome
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determination is computationally NP-hard, and even complete for
the second level of the polynomial hierarchy, under several pro-
posed judgment aggregation rules [30].

In [18], I developed practical algorithms for outcome determi-
nation under a wide range of central judgment aggregation rules,
namely the Kemeny [37, 43, 45], Slater [37, 43, 45], Young [37], Dodg-
son [43], MaxHamming [37], Reversal scoring [23], Condorcet [30,
37, 45], Ranked agenda [37], and Leximax [31, 44] rules. Under these
rules, outcome determination is Θ𝑝

2 -complete, Σ𝑝2 -complete, or Δ𝑝2 -
complete, depending on the rule [30]: I therefore employed various
algorithmic techniques adhering to the computational complexity
of the problem, including direct approaches using MaxSAT encod-
ings and iterative procedures based on the counterexample-guided
abstraction refinement (CEGAR) paradigm [15]. I implemented and
empirically evaluated the algorithms on preference data from the
PrefLib [42] reference library containing real-world voting data
arising from, e.g., elections and surveys, demonstrating scalability
significantly beyond the reach of alternative approaches.

2.2 Manipulation and Bribery
An additional central area of study in judgment aggregation con-
cerns strategic behavior [6, 19, 32, 36]. Strategic behavior is gen-
erally undesirable: for instance, it is nonideal if an agent is able
to manipulate the outcome of a voting process. It is therefore im-
portant to understand the practical viability of identifying such
strategies. In terms of forms of strategic behavior, I have looked at
manipulation [7, 20], where the task is to determine if an agent can
secure a desired outcome through indicating an insincere judgment
set, and bribery [7, 20], where instead a third party enforces their
preferred outcome by bribing several individual agents involved in
the decision process.

In our research [16], we have extended previous complexity re-
sults showing manipulation and bribery to be Σ𝑝2 -complete under
the Kemeny rule [20], demonstrating that Σ𝑝2 -completeness simi-
larly holds for the Slater, MaxHamming, Young, and Dodgson rules.
Towards capturing these problems, I developed CEGAR-based algo-
rithmic approaches which make use of iterative calls to a MaxSAT
solver. I implemented and evaluated these algorithms on voting data,
demonstrating their practical viability despite the high theoretical
complexity barriers.

3 FAIR ALLOCATION
In fair allocation of indivisible goods [2, 10, 38], the task is to dis-
tribute (bundles of) discrete items amongst a set of agents based on
their individual preferences. Fair allocation is a widely-studied prob-
lem in COMSOC which arises from various real-world multi-agent
settings, including, for instance, dividing computational resources
in clusters [34], assigning courses to university students [14], and
food distribution [1].

A central, desirable fairness property is envy-freeness [33, 46]:
that is, an allocation is envy-free if each agent is at least as happy
with their received bundle as they would be with that received
by any other agent; i.e., they do not envy any other agent. An
envy-free allocation is trivially achieved by withholding all items:
however, this is typically not a satisfactory allocation. Therefore,
envy-freeness is usually combined with an efficiency notion such as

completeness, which requires that every item is allocated to an agent.
Finding an allocation which is envy-free and complete, however, is
already NP-hard [40]. For more refined notions of efficiency, the
task is even harder. For instance, under Pareto-efficiency, we seek
allocations where it is not possible to reallocate items in a way
that makes some agent better off without making a different agent
worse off. The task of determining the existence of a Pareto-efficient,
envy-free allocation has been shown to be Σ𝑃2 -complete [11, 21].

Various types of agent preferences have been studied in the con-
text of fair allocation. In settings where agents have dichotomous
preferences [9, 12, 25], agents either approve or disapprove of any
given bundle, but have no preference between bundles from ei-
ther category. In these settings, preferences may be represented
as propositional formulas. Thus, the application of SAT solvers is
natural in this context.

In work published in the proceedings of AAMAS 2025 [17], I
have designed and implemented iterative SAT-based algorithms
for deciding the existence of envy-free, Pareto-efficient allocations
under dichotomous preferences. I further extended these algorithms
to minimizing envy in cases where an envy-free allocation does
not exist, considering different notions of total envy. As far as we
know, these are the first exact algorithmic approaches for problem
variants in fair allocation which are complete for the second level
of the polynomial hierarchy. I implemented and evaluated these
approaches, demonstrating scalability up to hundreds of agents.

4 FUTURE PLANS
In fair allocation, I look to further consider other types of pref-
erences such as additive preferences [40], where agents assign
numerical values to each of the items. Encoding numerical weights
in propositional logic is somewhat cumbersome, such that it may be
necessary to consider other declarative paradigms such as integer
programming or pseudo-boolean solving.

Additionally, our algorithmic approaches naturally extend to
hedonic games [3], which model scenarios where agents are to
form coalitions based on their individual preferences. I further
aim to capture widely-studied solution concepts in hedonic games
such as core stability and strict-core stability [4, 8, 24] through
declarative methods. Different preference representations such as
“friends and enemies” [24] and hedonic coalition nets [28] are also
worth considering.

Finally, suitable benchmark datasets (i.e., diverse and ideally de-
rived from real-world scenarios) are lacking for many problems
within COMSOC. Simultaneously, we and others have observed that
it can be non-trivial to estimate the difficulty of specific COMSOC
instances, and that it does not necessarily correlate with the size
of the instance (e.g., the number of agents) [17, 22]. As empirical
evaluation is critical to algorithm development, we hope to further
investigate methods for generating benchmarks that have simi-
lar structural and computational properties as typical real-world
instances.
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