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Abstract

Neuro-symbolic AI aims to integrate learning-based and sym-
bolic reasoning components within a unified framework.
While most existing work focuses on single-agent settings
and engineering architectures, formal foundations for neuro-
symbolic multi-agent systems remain limited. In this pa-
per, we introduce a game-theoretic formal model capturing
the interaction between probabilistic neural evaluation and
symbolic strategic reasoning in multi-agent environments.
The framework extends logical models of strategic reasoning
while embedding probabilistic propositional inference into a
distributed setting. We establish basic properties of the model
and provide a comprehensive complexity-theoretic analysis
of optimally stable strategic behaviour. In particular, for one-
shot games, we show that utility evaluation corresponds to
weighted model counting and characterise the complexity of
the main associated Nash equilibrium problems, ranging from
FP and #P to PP and ΣPP

2 . We further study an iterated vari-
ant of the core model, showing PSPACE-completeness for the
main decision problem in such a class of multi-player games.
These results provide formal foundations for reasoning about
neuro-symbolic multi-agent systems and clarify the computa-
tional limits of combining learning, uncertainty, and strategic
interaction within the same formal reasoning framework.

1 Introduction
Neuro-symbolic AI seeks to integrate two traditionally dis-
tinct paradigms: symbolic reasoning and sub-symbolic
learning (Bhuyan et al. 2024). Symbolic methods provide
formal structure, compositional representations, and rigor-
ous reasoning capabilities, whereas neural approaches en-
able data-driven learning and robustness in the presence of
noise and uncertainty. The combination of these paradigms
has recently gained relevance as a principled approach
to constructing AI systems capable of acquiring knowl-
edge from data and performing structured reasoning over
that knowledge. From a foundational perspective, neuro-
symbolic AI could bridge learning and reasoning within a
unified mathematical framework. This suggests the need
for further work into the integration of logic-based infer-
ence with neural computation, probabilistic reasoning, and
differentiable models, emphasising the need for semanti-
cally well-founded models that capture the interaction be-
tween learned representations and symbolic reasoning meth-
ods (Besold et al. 2021; Dong et al. 2019).

Despite the rapid progress of neuro-symbolic research,
the majority of existing models have been developed in a
predominantly single-agent setting (Bhuyan et al. 2024).
From a theoretical standpoint, this restriction limits the ap-
plicability of current frameworks, as many real-world do-
mains inherently involve multiple autonomous decision-
makers whose actions interact. Examples arise in distributed
AI, cooperative and competitive multi-agent planning, au-
tonomous robotics, and socio-technical systems, where rea-
soning must account not only for uncertainty and learn-
ing but also for strategic behaviour and interaction. While
symbolic multi-agent reasoning and game-theoretic models
are well-established in the literature, their integration with
learning-based neuro-symbolic components remains com-
paratively underexplored. This gap highlights the need for
formal models capable of capturing learning, uncertainty,
and strategic interaction within a unified multi-agent set-
ting, providing a foundation for analysing decision-making
in complex neuro-symbolic environments.

A second fundamental challenge concerns the absence of
general formal foundations for neuro-symbolic multi-agent
systems. Many existing neuro-symbolic architectures com-
bine learned predictors with symbolic decision layers in an
application-specific and largely procedural manner, often
without a precise mathematical semantics or complexity-
theoretic characterisation. Consequently, core theoretical
questions remain unresolved, for instance: How should
learning-based predictions interact with symbolic reasoning
in multi-agent environments? What guarantees can be pro-
vided about the behaviour of such systems? How compu-
tationally demanding is reasoning in the presence of both
uncertainty and strategic interaction? Addressing these is-
sues requires the development of a rigorous formal frame-
work that unifies probabilistic learning, symbolic reasoning,
and multi-agent decision-making, enabling principled anal-
ysis of correctness, expressiveness, and computational com-
plexity in neuro-symbolic multi-agent systems.

In this paper, we address these issues and propose
Neuro-Symbolic Boolean Games (NSBGs), a formal game-
theoretic model for neuro-symbolic multi-agent systems.
Our framework builds on Boolean games (Harrenstein et
al. 2001), a well-established logical model of strategic rea-
soning that generalises distributed satisfiability. In NSBGs,
each agent combines a symbolic goal expressed in proposi-
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tional logic with a neural valuation mechanism that predicts
uncertain truth values based on learned information. Util-
ities are defined as probabilities of goal satisfaction under
these learned probabilistic valuations. This yields a unified
and mathematically precise model capturing the interaction
between learning-based perception and strategic control, al-
lowing neuro-symbolic learning and reasoning in a rather
general strategic and multi-agent systems framework.

Conceptually, NSBGs constitute a conservative extension
of classical Boolean games and, at the same time, lift proba-
bilistic propositional reasoning into a distributed and multi-
agent framework. The proposed model clearly disentan-
gles three fundamental components: symbolic objectives,
strategic control, and neural-based evaluation. This modular
structure enables a wide range of neuro-symbolic architec-
tures to be captured within a single uniform formalism. As
a result, the NSBG framework supports rigorous theoretical
investigation while remaining expressive enough to model
practical hybrid systems in which learning mechanisms and
symbolic reasoning interact in a principled manner.

Our main technical contribution is the introduction of a
new formal model for neuro-symbolic multi-agent AI sys-
tems together with a comprehensive complexity-theoretic
analysis of its reasoning capabilities. We first develop the
mathematical foundations of the framework and establish
its basic properties, showing that utility evaluation corre-
sponds to probabilistic inference and weighted model count-
ing. This yields a refined complexity landscape ranging
from FP and #P for exact evaluation to PP for thresh-
old reasoning. We then analyse equilibrium computation in
one-shot NSBGs, proving that checking whether a profile
is a Nash equilibrium is coNPPP-complete, while deciding
the existence of an equilibrium is ΣPP

2 -complete. Extend-
ing the analysis to dynamic interaction, we investigate iter-
ated variants of the model and show that equilibrium reason-
ing becomes PSPACE-complete in finite-horizon settings,
whereas the fully general formulation is undecidable. Over-
all, these results delineate the computational boundaries of
neuro-symbolic multi-agent reasoning and demonstrate how
combining probabilistic evaluation with strategic interaction
fundamentally increases computational complexity.

Beyond its technical depth, this paper provides founda-
tional insight into the nature of reasoning in neuro-symbolic
multi-agent systems. The proposed framework is, to the best
of our knowledge, the first to offer a mathematically precise
and complexity-theoretically complete account of strategic
reasoning under learned probabilistic valuations. By uni-
fying symbolic goals, probabilistic inference, and game-
theoretic interaction within a single formal model, our re-
sults clarify the intrinsic sources of computational hardness
in hybrid learning–reasoning systems. As such, this work
establishes a new theoretical baseline for analysing multi-
agent systems that combine data-driven perception with log-
ical decision making. From an applied perspective, under-
standing these complexity boundaries is essential for design-
ing scalable algorithms, identifying tractable fragments, and
guiding the development of reliable neuro-symbolic archi-
tectures in domains such as distributed AI, autonomous de-
cision making, and strategic reasoning under uncertainty.

Structure of the paper. Section 2 introduces Neuro-
Symbolic Boolean Games (NSBGs), and Section 3 illus-
trates how different neuro-symbolic architectures can be
captured by this model. Section 4 establishes core proper-
ties of the model, including probabilistic reasoning and util-
ity evaluation. Section 5 studies the one-shot version of NS-
BGs and characterises the complexity of Nash equilibrium
reasoning. Section 6 extends the analysis to some iterated
variants of the model and investigates the resulting compu-
tational behaviour. Finally, Section 7 concludes with a dis-
cussion of related work and future research directions.

2 Neuro-Symbolic Multi-Agent Systems
Propositional variables and formulae. Let V be a finite
set of propositional (Boolean) variables. A (propositional)
formula over V is any expression generated by the grammar

φ ::= p | ¬φ | (φ ∧ ψ) | (φ ∨ ψ) where p ∈ V.

We write Prop(V ) for the set of all such formulae.

Satisfaction. A valuation is a function v : V → {0, 1}.
The satisfaction relation v |= φ is defined inductively:

• v |= p iff v(p) = 1 for p ∈ V ;

• v |= ¬φ iff not v |= φ;

• v |= (φ ∧ ψ) iff v |= φ and v |= ψ;

• v |= (φ ∨ ψ) iff v |= φ or v |= ψ.

Agents and control. Let Ag = {1, . . . , n} be a set of
agents. We partition (denoted by ⊎) the variable set V into

V = Vctrl ⊎ Venv,

where Vctrl are controlled variables and Venv are environ-
mental (uncontrolled) variables. Moreover,

Vctrl =
⊎

i∈Ag

Vi,

where Vi is the set of variables controlled by agent i.

Control layer: Strategies and profiles. A (pure) strategy
for agent i is an assignment

si : Vi → {0, 1}.

A strategy profile is an n-tuple s = (s1, . . . , sn). Every
profile induces a valuation on controlled variables, denoted
as vs : Vctrl → {0, 1} and defined by

vs(p) = si(p) for the unique i such that p ∈ Vi.

Environment parameters. Fix a feature space E and a
probability distribution D over E. Elements e ∈ E are fea-
ture vectors (possibly non-Boolean) representing environ-
mental conditions and serving as inputs to neural perception
mechanisms. These environmental parameters are treated as
global and remain fixed throughout the model.
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Probabilistic valuations (Bernoulli interpretation). A
probabilistic valuation is a function

v̂ : V → {0, 1} × [0, 1],

where v̂(p) = (bp, cp) is interpreted as a Bernoulli belief:

Pr(p = bp) = cp, Pr(p ̸= bp) = 1− cp.

We assume independence across variables (product distribu-
tion). The value bp represents the predicted Boolean value
of p, while cp denotes the confidence in that prediction.

Probability measures. Given a probabilistic valuation v̂,
let µv̂ be the induced product Bernoulli distribution over
classical valuations:

µv̂(v) =
∏
p∈V

{
cp if v(p) = bp,

1− cp otherwise.

Probability of satisfaction. For any φ ∈ Prop(V ),

Pr
v̂
(φ) =

∑
v|=φ

µv̂(v).

Neural layer: Neural valuation mechanisms. First, let
S =

∏
i∈Ag{0, 1}Vi be the set of all pure strategy profiles,

an |Ag|-tuple of players’ choices over Vctrl = V1 ⊎ ... ⊎ Vn.
Each agent i is equipped with two neural mechanisms:

N In
i : E → ({0, 1} × [0, 1])Venv ,

NOut
i : S → ({0, 1} × [0, 1])Vctrl .

• N In
i models perception/sensing: given a feature vector

e ∈ E, this sub-component predicts probabilistic truth
values for environmental variables.

• NOut
i models execution/actuation: given a strategy pro-

file s, this sub-component produces the probabilistic re-
alised values of controlled variables.

Neural proxy of the symbolic world. For each agent i,
profile s ∈ S, and feature vector e ∈ E, the neural mecha-
nisms induce a probabilistic valuation

v̂i(s, e) : V → {0, 1} × [0, 1]

defined by

v̂i(s, e)(p) =

{
NOut

i (s)(p) if p ∈ Vctrl,

N In
i (e)(p) if p ∈ Venv.

This valuation represents agent i’s neural proxy of the sym-
bolic world under profile s and environmental conditions e.
We write

v̂i(s, e)(p) = (bi,s,e,p, ci,s,e,p)

for the predicted value and confidence associated with vari-
able p. A family of neural valuation mechanisms is

N =
(
N In

i ,NOut
i

)
i∈Ag

.

Neuro-Symbolic Boolean Game (NSBG). An NSBG
(parameterised by a fixed environment (E,D)) is a tuple

G = ⟨Ag, V,Γ,N⟩
where:
• Ag is a finite set of agents;
• V = Vctrl ⊎ Venv with Vctrl = (Vi)i∈Ag;
• Γ = (γi)i∈Ag with each γi ∈ Prop(V );

• N = (N In
i ,NOut

i )i∈Ag .

Utility. For each agent i and strategy profile s ∈ S, define

ui(s) = Ee∼D
[

Pr
v̂i(s,e)

(γi)
]
∈ [0, 1].

Thus utility depends only on the strategy profile, while un-
certainty over environmental features, due to probabilistic
expectation, is averaged via the fixed distribution D.

Nash equilibrium. A profile s ∈ S is a pure Nash equi-
librium if for every i ∈ Ag and alternative strategy s′i,

ui(s) ≥ ui(s
′),

with s′ = (s′i, s−i) = (s0, ..., si−1, s
′
i, si+1, ..., sn). That

is, no player i has an incentive to unilaterally deviate. Pure
Nash equilibrium (PNE) is the simplest game-theoretic so-
lution concept that we will consider to reason about neuro-
symbolic multi-agent systems modelled as NSBGs.

3 Neuro-Symbolic Architectures
In this section we illustrate how different structural assump-
tions on the neural perception and execution mechanisms

N =
(
N In

i ,NOut
i

)
i∈Ag

give rise to different neuro-symbolic architectures, each cor-
responding to a particular way in which agents perceive
the environment and realise their controlled actions through
learned components. In turn, these different neural features
of otherwise equivalent AI systems, may induce game rep-
resentations with drastically different stable points, that is,
with different equilibria, where learning will be anchored.

Let us then illustrate a few different learning architectures,
most of which are highly abstracted simplifications of prob-
lems that can be seen as relatively standard classification and
decision-making under uncertainty scenarios.

Architecture 1: Shared neural perception. All agents
share the same perception mechanism of the environment,
while execution may remain agent-specific. Formally, for
this modelling specification there exists a mapping

N In,sh : E → ({0, 1} × [0, 1])Venv

such that for every i ∈ Ag and every feature vector e ∈ E,

N In
i (e) = N In,sh(e).

This models scenarios where agents rely on a common sens-
ing or predictive system (for instance, a shared diagnostic
neural network). All agents therefore share the same proba-
bilistic interpretation of environmental variables.
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Example 1 (Shared neural perception). Consider a dis-
tributed safety-control scenario with two agents. Let

V1 = {a1}, V2 = {a2}, Venv = {t, f},
where a1, a2 represent mitigation actions, t denotes that sys-
tem temperature is safe, and f denotes that a fault is present.

Assume both agents use a shared perception mechanism
N In,sh that processes sensor features e ∈ E and predicts
probabilistic values for t and f . For instance,

Pr(t = 1) = 0.93, Pr(f = 1) = 0.08.

Execution mechanisms NOut
i may introduce noise in the re-

alised action variables a1, a2. Let the agents’ goals be

γ1 = a1 ∧ t ∧ ¬f, γ2 = a2 ∧ t.
Since perception is shared, both agents evaluate their goals
under the same uncertain view of the environment, while re-
taining independent control over their actions.

Architecture 2: Agent-specific neural perception. Each
agent possesses its own perception mechanism, and there-
fore may hold different probabilistic beliefs about the envi-
ronment. Moreover, agents perfectly realise their own ac-
tions, so execution of controlled variables is deterministic.
Formally, for every agent i, profile s, and p ∈ Vi,

NOut
i (s)(p) = (vs(p), 1).

This architecture models agents equipped with private pre-
dictive models trained on different data sources, while per-
fectly accounting for their own actions, that is, assuming that
own actuators are deployed using noise-free channels.
Example 2 (Agent-specific neural perception). Consider
competing firms deciding whether to launch a product. Let

V1 = {p1}, V2 = {p2}, Venv = {d, c},
where d denotes high market demand and c a stable sup-
ply chain. Agents have independent perception mechanisms
N In

1 and N In
2 derived from private predictive models. For

example, suppose that given the learnt data, we have:

Pr
N In

1

(d = 1) = 0.7, Pr
N In

1

(c = 1) = 0.4,

while agent 2 may hold different beliefs. Execution of p1 and
p2 is deterministic. Moreover, let the goals of the agents be

γ1 = (p1 ∧ d ∧ c) ∨ (¬p2 ∧ d),
γ2 = (p2 ∧ d ∧ c) ∨ (¬p1 ∧ d).

This example shows how heterogeneous learned perceptions
induce distinct probabilistic interpretations of the same sym-
bolic world, while agents retain perfect knowledge of their
own actions, thus combining different epistemic issues.

Architecture 3: Shared perception with self-certainty.
In this mixed architecture, agents share a common percep-
tion mechanism while execution of their controlled variables
is deterministic. Thus, for all i ∈ Ag, s ∈ S, and p ∈ V ,

v̂i(s, e)(p) =


(vs(p), 1) if p ∈ Vi,

N In,sh(e)(p) if p ∈ Venv,

NOut
j (s)(p) if p ∈ Vj , j ̸= i.

This corresponds to a shared learned world model combined
with perfect self-observation of one’s own actions. It is com-
mon in distributed AI systems where sensing is centralised
but actuation is locally controlled.

It is worth noting that the three architectures above illus-
trate how different structural assumptions on perception and
execution lead to different strategic models. In particular,
changing the neural architecture may alter the utilities in-
duced by identical symbolic goals and therefore modify the
set of equilibria of the same underlying game. The modular
structure of the NSBG framework allows many additional
architectures to be defined by specifying suitable perception
and execution mechanisms, enabling the formal study of a
wide spectrum of neuro-symbolic multi-agent systems.

4 Basic Properties
For the complexity statements in this section we assume that
every confidence value appearing in any probabilistic valua-
tion is a rational number in [0, 1] encoded in binary, e.g. as
a pair of binary integers (a, b) with b > 0 representing a/b.
(Equivalently, any standard exact binary encoding of ratio-
nals in [0, 1] may be used.) All propositional formulas are
given in general form (so, not necessarily in CNF/DNF).

Classical Boolean games. We begin by considering two
simpler cases, which will highlight a number of complexity
lower bounds for NSBGs. First, classical Boolean games
arise as the special case of NSBGs in which Venv = ∅ and
the neural execution mechanisms are deterministic, that is,
NOut

i (s)(p) = (vs(p), 1) for all i ∈ Ag, s ∈ S, p ∈ Vctrl.

In this case, utilities become deterministic and coincide with
the classical Boolean-game utilities. On the other hand, if,
contrarily to the case of Boolean games, we assume that
Vctrl = ∅, then each agent in the game has a singleton strat-
egy set, say S = {s⋆}, and strategic interaction disappears.
Utilities reduce to ui(s⋆) = Ee∼D

[
Prv̂i(s⋆,e)(γi)

]
, where

the probabilistic valuation v̂i(s⋆, e) depends only on the neu-
ral perception mechanism N In

i . As such, NSBGs become
probabilistic propositional models in which utility evalua-
tion depends only on the probabilistic perception layer and
the distribution D, which we analyse next.

Utility evaluation and weighted model counting. We
now analyse the computational complexity of evaluating the
inner probabilistic satisfaction that underlies utilities in NS-
BGs. Fix a probabilistic valuation v̂ : V → {0, 1} × [0, 1]
with v̂(p) = (bp, cp), and let µv̂ be the induced product
Bernoulli distribution. (Equivalently, this corresponds to
fixing a feature vector e and the resulting neural valuation
v̂i(s, e).) Then, for any sampled e from the environment, we
consider two computational problems, useful later:
• U-VAL (Exact satisfaction probability).

Input: (V, φ, v̂).
Question: What is the exact rational value Prv̂(φ)?

• U-THRESH (Threshold satisfaction probability).
Input: (V, φ, v̂, τ), with τ ∈ [0, 1] ∩Q given in binary.
Question: Is Prv̂(φ) ≥ τ?
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To study the complexity of answering these questions in a
weighted model counting setting, we will write each confi-
dence cp as a reduced binary-encoded rational cp = Ap/Bp

with integers 0 ≤ Ap ≤ Bp and Bp > 0. Define integer
weights for each variable p ∈ V by

wp(x) =

{
Ap if x = bp,

Bp −Ap if x ̸= bp,

so that the weight depends on whether the assignment agrees
with the predicted bit bp. Concretely, for each assignment
v : V → {0, 1} define the integer weight

W (v) =
∏
p∈V

{
Ap if v(p) = bp,

Bp −Ap if v(p) ̸= bp,

and the common denominator D =
∏

p∈V Bp. Then

µv̂(v) =
W (v)

D
and hence Pr

v̂
(φ) =

1

D

∑
v|=φ

W (v).

The following observation is standard in weighted model
counting (see, e.g., (Roth 1996)), but we include a short
proof here for completeness in our NSBG setting.

Lemma 1. Let F (V, φ, v̂) =
∑

v|=φW (v). Then, F ∈ #P .

Proof. Recall that #P (Valiant 1979) is the class of func-
tions f : {0, 1}∗ → N such that there exists a nondeter-
ministic polynomial-time Turing machineM for which f(x)
equals the number of accepting computation paths of M on
input x. Then, to prove containment, consider an NP Turing
machine M that on input (V, φ, v̂) proceeds as follows.

1. Nondeterministically guess a valuation v : V → {0, 1}
(one bit per variable).

2. Check in polynomial time whether v |= φ (formula eval-
uation is linear in |φ|).

3. If v ̸|= φ, then reject on all branches; otherwise create
W (v) accepting computation paths.

It remains to show how to generate exactly W (v) ac-
cepting paths in polynomial time given v. Observe that
W (v) =

∏
p∈V wp(v(p)) is the product of |V | binary-

encoded integers, each of size at most polynomial in the in-
put length; hence logW (v) is polynomial in the input size,
and therefore W (v) has at most exponential magnitude. Let
k = ⌈log2(W (v) + 1)⌉, which is polynomial in the input
length. The machine branches on k fresh nondeterministic
bits, producing 2k computation paths, and interprets the bits
as an integer r ∈ {0, . . . , 2k − 1}. It accepts if and only
if r < W (v), which can be checked by binary comparison
in polynomial time. Exactly W (v) of the 2k paths accept.
Therefore the total number of accepting paths of M on in-
put (V, φ, v̂) equals

∑
v|=φW (v) = F (V, φ, v̂). Hence,

F ∈ #P .

The lemma above can be used to prove the following sim-
ple result, which will be useful when reasoning about utili-
ties and satisfaction of goals in NSBGs.

Proposition 2. U-VAL is FP#P -complete.

Proof. Membership. By Lemma 1, the numerator
F (V, φ, v̂) =

∑
v|=φW (v) is a #P function, and hence can

be computed by one call to a #P oracle. The denominator
D =

∏
p∈V Bp is computable in deterministic polynomial

time from the binary encoding of v̂. Therefore the exact
value Prv̂(φ) =

F
D can be computed in FP#P as a rational

number written in binary.

Hardness. We reduce #SAT to U-VAL. Let ψ be a CNF
formula over variables V . Define a probabilistic valuation v̂
by setting v̂(p) = (1, 1/2) for every p ∈ V . Then, µv̂ is the
uniform distribution over all 2|V | valuations, and therefore
we have the following equality:

Pr
v̂
(ψ) =

#SAT(ψ)

2|V | .

Hence, given the exact value of Prv̂(ψ), one can compute
#SAT(ψ) by multiplying by 2|V |, which is polynomial-
time computable from the input size. This gives a
polynomial-time Turing reduction #SAT ≤T U-VAL,
establishing FP#P -hardness.

We now move onto study U-THRESH, and show that this
problem is complete for PP.
Proposition 3. U-THRESH is PP-complete.

Proof. Hardness. We reduce from MAJSAT, which is PP-
complete (Gill 1977): given a propositional formula ψ over
variables V , decide whether at least half of all valuations sat-
isfy ψ. Given ψ, define a probabilistic valuation v̂ by setting
v̂(p) = (1, 1/2) for every p ∈ V , and let τ = 1/2. Then,
µv̂ is the uniform distribution over all 2|V | valuations, and
equivalence between the following two expression holds,

Pr
v̂
(ψ) =

#SAT(ψ)

2|V | ≥ 1

2
⇐⇒ #SAT(ψ) ≥ 2|V |−1,

which is the MAJSAT predicate. Thus, as a consequence,
MAJSAT ≤m U-THRESH, proving PP-hardness.

Membership. Let the input be (V, φ, v̂, τ), where τ = A/B
is a rational with A,B ∈ N and B > 0. Let F =∑

v|=φW (v) and D =
∏

p∈V Bp, so that Prv̂(φ) = F/D.
Then Prv̂(φ) ≥ τ ⇐⇒ F · B ≥ D · A. By Lemma 1, F
is a #P function. Since B is polynomial-time computable
from the input, F · B is also #P -definable (by duplicating
each accepting branch B times). The threshold T = D · A
is computable in deterministic polynomial time. Therefore,
the problem reduces to testing if a #P function is at least a
given polynomial-time computable integer, which is decid-
able in PP. Hence, U-THRESH ∈ PP.

With these results in place, note that each utility query
ui(s) = Ee∼D

[
Prv̂i(s,e)(γi)

]
reduces to evaluating proba-

bilistic satisfaction under a family of probabilistic valuations
induced by the neural mechanisms in the game. Concretely,
we have the following result.
Corollary 4. Fix an NSBG G, an agent i ∈ Ag, and a profile
s ∈ S. Deciding whether ui(s) ≥ τ is PP-complete.
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Proof. Membership. By definition,

ui(s) = Ee∼D
[

Pr
v̂i(s,e)

(γi)
]
=

∑
e∈E

D(e) · Pr
v̂i(s,e)

(γi),

recalling that D is the probability distribution over E. For
each e, deciding whether Prv̂i(s,e)(γi) ≥ τ ′ for any ratio-
nal threshold τ ′ is in PP (Proposition 3). Since D(e) and
|E| are part of the input and encoded in binary, the weighted
sum above can be rewritten as a comparison between a #P -
definable integer and a polynomial-time computable thresh-
old. Hence deciding ui(s) ≥ τ is in PP.

Hardness. We reduce from U-THRESH. Given an instance
(V, φ, v̂, τ), construct an NSBG with a single agent control-
ling no variables (so S = {s⋆}), and a singleton feature
space E = {e⋆} with D(e⋆) = 1. Define the neural mech-
anism with v̂1(s⋆, e⋆) = v̂ and set γ1 = φ. Then, u1(s⋆) =
Prv̂(φ), and deciding u1(s⋆) ≥ τ is U-THRESH.

Let us now consider a decision problem that will be useful
to reason about equilibria. Since beneficial deviations from a
given profile are defined using strict improvement, we define
the following strict utility-comparison problem:
• COMPARE-U>: (Strict utility comparison).

Input: NSBG G, agent i ∈ Ag, profiles s, s′ ∈ S.
Question: Is ui(s) > ui(s

′)?
Proposition 5. COMPARE-U> is PP-complete.

Proof. Membership. For any agent i and profiles s, s′, utili-
ties are rational numbers

ui(s) =
Fs

Ds
, ui(s

′) =
Fs′

Ds′
,

where Fs, Fs′ are #P functions (Lemma 1) and Ds, Ds′

are polynomial-time computable positive integers. Hence
ui(s) > ui(s

′) ⇐⇒ FsDs′ > Fs′Ds. Define #P function
G = FsDs′ − Fs′Ds.

Since multiplication by polynomial-time computable inte-
gers preserves #P -definability, deciding whether G > 0
reduces to comparing a #P function with a polynomial-
time computable threshold, which is decidable in PP. Thus,
COMPARE-U> ∈ PP.

Hardness. We reduce from U-THRESH, which is PP-
complete. Let (V, φ, v̂, τ) be an instance, where τ = A/B
is a binary-encoded rational. Construct an NSBG with one
agent and no controlled variables, so the strategy space ini-
tially contains a single profile s⋆. Define a singleton feature
space E = {e⋆} with D(e⋆) = 1, and set the neural mech-
anism so that v̂1(s⋆, e⋆) = v̂ and γ1 = φ. Then, it follows
that u1(s⋆) = Prv̂(φ).

We now introduce a second profile s′ by adding one
dummy controlled variable p. Define the neural mechanism
so that, under s′, the probabilistic valuation satisfies a fresh
propositional variable q with probability exactly τ , indepen-
dently of all other variables. Let the goal for this profile be
γ′1 = q. Then u1(s′) = τ. Therefore,

u1(s
⋆) > u1(s

′) ⇐⇒ Pr
v̂
(φ) > τ,

which is the predicate of U-THRESH. Since the construc-
tion is polynomial, then COMPARE-U> is PP-hard.

5 Nash Equilibrium
The problems and results in Section 4 give us a number of
lower bounds for some of the main questions we will study
in further sections. More specifically, knowing (i) that NS-
BGs conservatively extend classical Boolean games (by let-
ting Venv = ∅ and N be a family of deterministic neural
evaluation mechanisms), and (ii) that reasoning about util-
ities in an NSBG, even when Vctrl = ∅, is a PP-complete
problem, tells us that any attempt to compute (Nash) equi-
libria for these neuro-symbolic games will be at least as hard
as these two simpler scenarios. In particular, due to PP-
completeness, that any non-trivial problem for these games
will be as hard as the complete polynomial hierarchy (PH).

Then, building on results obtained in the previous section,
we now study the complexity of reasoning about pure Nash
equilibria in Neuro-Symbolic Boolean Games (NSBGs). We
assume the same encoding conventions as in the previous
section: propositional formulas are given in general form,
and confidence values in probabilistic valuations are rational
numbers in [0, 1] encoded in binary, which is standard.

Decision problems. Recall that, under our model, utilities
are defined by ui(s) = Ee∼D

[
Prv̂i(s,e)(γi)

]
, and utility

comparison is PP-complete. Recall also that a profile s is
a pure Nash equilibrium iff no agent has a strictly profitable
deviation. This leads to the following decision problems:

• IS-PNE.
Input: NSBG G and profile s ∈ S.
Question: Is s a pure Nash equilibrium?

• EXISTS-PNE.
Input: NSBG G.
Question: Does G have a pure Nash equilibrium?

5.1 PNE Checking
We first study the computational complexity of answering
the first question above. To do that, we will make use of the
following standard NPPP-complete problem:

E-MAJSAT.
Input: Formula ψ(X,Z) with disjoint variable sets.
Question: Does there exist x such that

Pr
z∼Unif

[ψ(x, z)] > 1
2?

Here, Unif denotes the uniform probability distribution over
all Boolean valuations of the variables in Z, i.e., each valua-
tion z : Z → {0, 1} is chosen with probability 2−|Z|. Then,
E-MAJSAT is NPPP-complete (Arora and Barak 2009).
We then can prove the first results of this section.

Theorem 6. IS-PNE is coNPPP-complete.

Proof. Membership. A profile s is not a pure Nash equilib-
rium (PNE) if and only if there exists an agent i and a devi-
ation s′i such that ui(s′i, s−i) > ui(s). We can nondetermin-
istically guess (i, s′i) and verify the strict inequality using
COMPARE-U>, which is in PP (Proposition 5). Hence,
the complement of IS-PNE lies in NPPP, and therefore it
follows that IS-PNE ∈ coNPPP, as required.
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Hardness. We reduce from the complement of E-MAJSAT.
Given an instance ψ(X,Z) of E-MAJSAT, construct an
NSBG with a single agent controlling the variables in X to-
gether with one additional mode bit m. Thus,

Vctrl = X ⊎ {m}, Venv = Z ⊎ {q},

where q is a fresh environmental variable.
Use a singleton feature space E = {e⋆} with D(e⋆) = 1,

so utilities reduce to single probabilistic evaluations. The
neural valuation mechanism is defined as follows.

• Controlled variables are deterministic:

v̂1(s, e
⋆)(p) = (vs(p), 1) for every p ∈ Vctrl.

• Each z ∈ Z is uniform:

v̂1(s, e
⋆)(z) = (1, 1/2).

• The fresh variable q is also uniform:

v̂1(s, e
⋆)(q) = (1, 1/2).

The agent’s goal is

γ1 = (¬m ∧ q) ∨ (m ∧ ψ).

Consider the profile s⋆ in which m = 0 and all variables
in X are set to 0. Since m = 0, the goal γ1 reduces to q, and
therefore

u1(s
⋆) = Pr[q = 1] = 1

2 .

Now consider any unilateral deviation s′1 of the agent.
If s′1 still sets m = 0, then γ1 again reduces to q, and the

utility remains
u1(s

′
1) =

1
2 .

Thus no deviation with m = 0 is profitable.
If s′1 sets m = 1, then the term ¬m∧ q becomes false and

γ1 reduces to ψ. Moreover, the same deviation also chooses
an assignment x for the variables in X , while the variables
in Z remain uniform. Hence

u1(s
′
1) = Pr

z∼Unif
[ψ(x, z)].

Therefore, a profitable deviation from s⋆ exists if and only
if there exists an assignment x to X such that

Pr
z∼Unif

[ψ(x, z)] > 1
2 ,

which is exactly the E-MAJSAT predicate.
Consequently, s⋆ is a pure Nash equilibrium if and only

if the given instance of E-MAJSAT is false. This gives a
polynomial-time many-one reduction from the complement
of E-MAJSAT to IS-PNE, proving coNPPP-hardness.

5.2 PNE Existence
We now study the complexity of deciding whether a pure
Nash equilibrium exists. To do so, we use the ΣPP

2 -complete
problem ∃∀-MAJSAT (Toda 1991; Arora and Barak 2009).

Theorem 7. EXISTS-PNE is ΣPP
2 -complete.

Proof. Membership. A pure Nash equilibrium exists iff

∃s ∀i ∈ Ag ∀s′i ui(s) ≥ ui(s
′
i, s−i).

For fixed s, i, s′i, checking ui(s) ≥ ui(s
′
i, s−i) is decidable

in PP (Proposition 5). Therefore, the problem has the form

∃s ∀(i, s′i) R(s, i, s′i),

where R is a PP predicate. Hence, EXISTS-PNE ∈ ΣPP
2 .

Hardness. We reduce from ∃∀-MAJSAT, which is ΣPP
2 -

complete, in a way similar to the reduction for IS-PNE. An
instance is a propositional formulaψ(X,Y, Z) with pairwise
disjoint variable sets, and the question is whether

∃x ∀y Pr
z∼Unif

[ψ(x, y, z)] ≥ 1
2 .

Given such an instance, construct an NSBG with three
agents. The controlled variables are distributed as follows:

V1 = X ⊎ {a}, V2 = Y ⊎ {m}, V3 = {b}.

Here, m is a mode bit, as defined before, and a, b are auxil-
iary bits used to rule out spurious equilibria in whichm = 1.

As in the hardness proof for IS-PNE, let Venv = Z⊎{q},
where q is a fresh environmental variable, use a singleton
feature space E = {e⋆} with D(e⋆) = 1, and define the
neural valuation mechanisms so that controlled variables are
deterministic and environmental variables are uniform.

The goals are defined by

γ1 = ¬m ∨ (a↔ b),

γ2 = (¬m ∧ q) ∨ (m ∧ ¬ψ),
γ3 = ¬m ∨ ¬(a↔ b).

With these definitions in place, it follows that the con-
structed NSBG has a pure Nash equilibrium if and only if
the given ∃∀-MAJSAT instance is true. As a consequence,
since the construction defined above is polynomial in the
size of ψ, it follows that EXISTS-PNE is ΣPP

2 -hard.

The above results establish the complexity of the main
Nash equilibrium decision problems for NSBGs under the
general neural valuation model introduced in Section 2.
While these complexity bounds hold uniformly across all
admissible neural evaluation mechanisms, different neuro-
symbolic architectures may induce different strategic struc-
tures, and therefore different equilibrium sets, even when
goals and variables remain unchanged. The following ex-
amples illustrate this phenomenon, which highlight the im-
pact that a concrete neural mechanism can have on the set of
stable/optimal outcomes of a neuro-symbolic system.
Example 3 (Neural-architecture dependent equilibria).
Consider a two-agent NSBG with V1 = {x}, V2 = {y},
and one environmental variable e. Let the goals be

γ1 = x ∧ e ∧ ¬y, γ2 = y ∧ e ∧ ¬x.

Assume a simple environment E = {e⋆} and that every neu-
ral perception mechanism satisfies Prv̂i(s,e⋆)(e = 1) = 1

2 ,
that is, the only environmental variable e is uniform. Based
on this, let us analyse the set of equilibria that may arise
depending on the type of neural mechanism in place.
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Shared neural perception. Suppose all agents share the
same neural proxy and that both x and y are perceived with
confidence 1

2 independently of the profile. Then all profiles
yield the same expected utility for both agents, and every
profile is a pure Nash equilibrium.
Shared perception with self-certainty. Suppose agents re-
main certain about their own controlled variable while re-
taining the same uncertainty about the opponent’s variable.
Then each agent strictly prefers setting its variable to 1, and
the unique pure Nash equilibrium is (x = 1, y = 1).
Agent-specific perception. If, on the other hand, agents
hold asymmetric private beliefs about the opponent’s re-
alised variable, the equilibrium set may change again, with
concrete settings where, for instance, strategy profiles such
as (1, 0) or (0, 1) are in the set of pure Nash equilibria.

6 Iterated Neuro-Symbolic Boolean Games
In this section, we extend one-shot NSBGs to repeated in-
teraction. We consider a finite-time horizon game and show
that equilibrium reasoning becomes PSPACE-complete. As
before, we fix the environment parameters (E,D) and as-
sume that all confidence values are rationals in [0, 1].

6.1 Finite-Horizon Iterated NSBGs
Time-unfolding of variables. Let G = ⟨Ag, V,Γ,N⟩ be
a one-shot NSBG (parameterised by fixed (E,D)) as in Sec-
tion 2, with V = Vctrl ⊎ Venv and Vctrl =

⊎
i∈Ag Vi. Fix a

horizon T ∈ N (given as part of the input). For each round
t ∈ {0, . . . , T −1} we create a fresh copy of the variable set

V t = { pt | p ∈ V },
V t
i = { pt | p ∈ Vi },

V t
env = { pt | p ∈ Venv }.

Intuitively, pt refers to p at round t. We also lift goals and
neural mechanisms to the time-unfolded setting.

Stage strategies and histories. At each round t, each
agent i chooses a valuation

sti : V
t
i → {0, 1}.

A stage profile is st = (sti)i∈Ag . Let St =
∏

i∈Ag{0, 1}V
t
i

be the set of all stage profiles. A history of length t is a
sequence ht = (s0, . . . , st−1) of past stage profiles.

Neural mechanisms at each round. In the iterated game,
the environment produces a feature vector et ∼ D at each
round. Each agent retains the two neural mechanisms:

N In
i,t : E → ({0, 1} × [0, 1])V

t
env ,

NOut
i,t : St → ({0, 1} × [0, 1])V

t
ctrl .

Given st ∈ St and et ∈ E, these induce a probabilistic
valuation v̂ti(s

t, et) : V t → {0, 1} × [0, 1] defined by

v̂ti(s
t, et)(pt) =

{
NOut

i,t (st)(pt) if pt ∈ V t
ctrl,

N In
i,t(e

t)(pt) if pt ∈ V t
env.

Stage utility and total utility. Let γti be the formula ob-
tained from γi by replacing each variable p by pt. Define the
stage utility of agent i at round t by

uti(s
t) = Eet∼D

[
Pr

v̂t
i(s

t,et)
(γti )

]
∈ [0, 1].

The total utility over the T rounds is additive:

Ui(h
T ) =

T−1∑
t=0

uti(s
t).

Strategies and subgame-perfect equilibrium. A (pure)
strategy for agent i is a function σi mapping every history
ht to a stage action σi(ht) = sti ∈ {0, 1}V t

i . A strategy
profile σ = (σi)i∈Ag induces a unique history hT (σ) and
utilities (Ui(h

T (σ)))i∈Ag . Given a history ht, the continua-
tion from t to T − 1 is a subgame. A strategy profile σ is a
subgame-perfect Nash equilibrium (SPNE) if for every his-
tory ht and every agent i, no unilateral deviation σ′

i yields
strictly larger continuation utility. (Formally, σ restricts to a
Nash equilibrium in every subgame.)

Main decision problem. In this section, we will consider
the main decision question for problems posed as a game:

EXISTS-FH-SPNE.
Input: finite-horizon iterated NSBG G and horizon T .
Question: Does G have an SPNE?

Because of the same reason discussed before, under PNE,
these games are not guaranteed to have an equilibrium.

Complexity. We show that existence of SPNE is PSPACE-
complete, already for two agents and deterministic neural
mechanisms (probabilities 0 or 1 only).
Theorem 8. EXISTS-FH-SPNE is PSPACE-complete.

Proof. Membership. The extensive-form game induced by
a horizon T has depth T and branching exponential in the
number of controlled variables per stage. We can explore
the game tree by depth-first search while storing only the
current history, hence using polynomial space in the input
size. At any node (history) we must check whether some
agent has a profitable one-step deviation followed by an op-
timal continuation. This reduces to comparing continuation
utilities; by Section 4 such utility comparisons can be imple-
mented via PP oracles (ultimately, weighted model counting
/ thresholding). Since PSPACE is closed under polynomially
many PP-oracle calls, the problem lies in PSPACE.

Hardness. We reduce from QBF, which is a canonical
logic-based PSPACE-complete problem. Let

Φ = ∃x0∀x1∃x2 · · ·Qn−1xn−1 ψ(x0, . . . , xn−1)

be a quantified Boolean formula, where ψ is propositional.
We build a two-agent finite-horizon iterated NSBG with

horizon T = n. Intuitively, round t fixes the value of xt, and
at the final round a terminal payoff evaluates ψ on the entire
assignment (x00, . . . , x

n−1
n−1) chosen across the n rounds.
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Variables and control. For each t ∈ {0, . . . , n−1}, introduce
a single controlled variable xtt. If Qt = ∃ then xtt ∈ V t

1
(agent 1 controls it at round t); if Qt = ∀ then xtt ∈ V t

2
(agent 2 controls it at round t). No other controlled variables
exist. Moreover, let V t

env = ∅ for all t. Thus each round is
concurrent, but only one agent has a meaningful choice (that
is, the other agent has an empty control set at that round).

Neural mechanisms. Let E = {e⋆} and D(e⋆) = 1. Define
neural mechanisms deterministically so that realised con-
trolled values match the chosen values: for each round t,
each agent i, and each stage profile st,

NOut
i,t (st)(xtt) = (st(xtt), 1).

(Since V t
env = ∅, N In

i,t is irrelevant.)

Goals and payoffs. We enforce that only the final round
yields utility, and that it encodes ψ under the assignment
built across rounds. Let Ψ be the formula obtained from ψ
by replacing each xt with the time-stamped variable xtt.

Define stage goals:

γt1 := ⊥, γt2 := ⊥ for all t < n− 1,

γn−1
1 := Ψ, γn−1

2 := ¬Ψ.

Since neural valuations are deterministic, we have for any
terminal history hn = (s0, . . . , sn−1) that un−1

1 (sn−1) is:

Pr(Ψ) =

{
1 if the induced assignment satisfies Ψ,
0 otherwise,

while un−1
2 (sn−1) = 1 − un−1

1 (sn−1), and uti = 0 for all
t < n − 1. Hence, total utilities under these definitions
satisfy U1(h

n) = un−1
1 and U2(h

n) = un−1
2 .

Correctness. Consider the standard QBF game semantics:
players alternate choosing truth values for variables accord-
ing to quantifiers, and ∃ wins if and only if the resulting
assignment satisfies ψ. By construction, agent 1 chooses ex-
actly the existential variables and agent 2 chooses exactly the
universal variables (one per round), and the terminal payoff
is 1 for agent 1 if and only if ψ is satisfied.

If Φ is true, then agent 1 has a winning strategy in the QBF
game, hence a strategy in the iterated NSBG guaranteeing
U1 = 1 against all strategies of agent 2. Fix such a strategy
for agent 1 and any strategy for agent 2; in every subgame,
agent 1 cannot improve beyond 1 and agent 2 cannot force
U2 = 1, so the induced profile is a SPNE.

If Φ is false, then agent 2 has a winning strategy in the
QBF game, hence can force ¬ψ, yielding U1 = 0 and
U2 = 1. In that case, any purported SPNE would al-
low a profitable deviation for the losing player at some
history (the standard backward-induction property of finite
perfect-information games), contradicting subgame perfec-
tion. Therefore, a SPNE exists iff Φ is true.

Since QBF is reduced to a zero-sum sub-case of NSBGs
in which winning strategies exist, no deviations at any stage
are possible. Thus, QBF reduces to EXISTS-FH-SPNE,
proving PSPACE-hardness of the iterated game.

6.2 On Expressiveness and Complexity
Finite-horizon games do not reduce to the stage game.
Note that although utilities add across rounds, strategies may
condition on the entire history and so optimality must hold in
every subgame. Consequently, round-t choices must antici-
pate future strategic responses. The unfolding above makes
this explicit: the terminal utility depends on the sequence of
choices across rounds, so the problem cannot be reduced to
solving the one-shot stage game and multiplying by T .

The membership/verification problem. We also note
that the complexity of IS-FH-SPNE will depend on how
strategy profiles are represented, whether explicitly or suc-
cinctly. We do not explore this problem further, but simply
note that if using a succinct representation the problem may
well be PSPACE-hard due to the possibility to encode QBF,
similar to how it is done for EXISTS-FH-SPNE. But, the
relevant complexity for this problem lies in how such strate-
gies are ultimately implemented (in practice).

Infinite-horizon games and undecidability. We did not
considered infinite-horizon games either. However, given
several known results on probabilistic (stochastic) games of
infinite duration, it is likely that most games of this kind are
undecidable (Ummels and Wojtczak 2011), unless restric-
tions are imposed on the type of strategies under considera-
tion, or the type of goals against which the games are defined
– often requiring some kind of discounted utility function.
Under most reasonable conditions, and surely in the general
case, these games are expected to be undecidable.

A comprehensive complexity landscape. With the
PSPACE result of this section, we obtain a comprehensive
picture of where reasoning with learning components sits
when coupled with symbolic reasoning, as we can see:

coNP ⊆ ΣP
2 ⊆ PH ⊆ PP ⊆ ΣPP

2 ⊆ CH ⊆ PSPACE.

7 Concluding Remarks and Related Work
Neuro-symbolic multi-agent systems. Neuro-symbolic
approaches have been studied in areas such as knowl-
edge representation, program synthesis, reasoning over
learned representations, and hybrid learning–reasoning ar-
chitectures (d’Avila Garcez et al. 2015; Raedt et al. 2016;
Marra et al. 2024; Badreddine et al. 2022). However, most
existing work focuses on single-agent settings. In con-
trast, many real-world systems are inherently distributed
and involve multiple autonomous agents interacting strate-
gically under uncertainty. Indeed, some strands of work
have explored learning and reasoning in multi-agent sys-
tems, including probabilistic reasoning in multi-agent en-
vironments, learning in games, and neural approaches to
multi-agent coordination (Shoham and Leyton-Brown 2009;
Busoniu, Babuska, and Schutter 2008; Albrecht, Chris-
tianos, and Schäfer 2024).

As such, neuro-symbolic techniques have also been ap-
plied to multi-agent planning, reinforcement learning, and
symbolic policy extraction, although typically without a uni-
fied formal game-theoretic semantics. From an implementa-
tion perspective, recent systems integrate probabilistic infer-
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ence, logic programming, and neural learning (Raedt, Kim-
mig, and Toivonen 2007; Manhaeve et al. 2018; Hitzler and
Sarker 2021), yet they generally lack a strategic foundation
capturing equilibrium reasoning. Our work differs by pro-
viding a formal computational model in which neural per-
ception, symbolic goals, and strategic behaviour coexist.
This enables rigorous complexity analysis and formal rea-
soning about equilibria in systems that combine learning and
symbolic reasoning, bridging a gap between neuro-symbolic
distributed AI and algorithmic game theory.

Probabilistic reasoning and extended Boolean games.
Probabilistic reasoning over propositional logic has been
studied in AI and theoretical computer science, particularly
in the context of Bayesian networks, probabilistic databases,
and weighted model counting (Roth 1996; Sang, Beame,
and Kautz 2005; Chavira and Darwiche 2008). Our results
build on these foundations by showing that utility evaluation
in neuro-symbolic Boolean games corresponds to weighted
model counting under product distributions.

Boolean games (Harrenstein et al. 2001; Bonzon et al.
2006), on the other hand, have been extended to incorpo-
rate uncertainty, preferences, and possibility reasoning (van
Ditmarsch and Simon 2024; Clercq et al. 2018; Popovici
and Negreanu 2015). In particular, such Boolean games
and variants have been studied to model uncertainty in out-
comes or control without explicit probabilistic features, let
alone neural or learning components included. Other works
have explored epistemic and belief-based extensions, in-
cluding reasoning under incomplete information (Ågotnes
et al. 2013). Our model differs in that uncertainty arises
from (probabilistic) neural valuation mechanisms rather
than epistemic beliefs or imperfect information about what
it is observable. Moreover, we study computational proper-
ties of the resulting neuro-symbolic games and show that
reasoning about utilities already yields PP and #P com-
plexity, while equilibrium problems reach ΣPP

2 . These re-
sults demonstrate that probabilistic reasoning and strategic
interaction combine in a non-trivial way, generalising both
Boolean games and probabilistic propositional reasoning.

Reasoning under uncertainty and formal models. For-
mal models for reasoning under uncertainty include prob-
abilistic logic programming, Markov logic networks, and
stochastic planning (Richardson and Domingos 2006;
Raedt, Kimmig, and Toivonen 2007; Koller and Friedman
2009). These approaches provide tools for modelling un-
certain knowledge and probabilistic inference, but typi-
cally do not incorporate strategic interaction among multi-
ple decision-makers. Conversely, stochastic and Bayesian
games capture strategic behaviour under uncertainty but lack
explicit symbolic reasoning over logical goals. Our frame-
work combines these perspectives by integrating probabilis-
tic symbolic reasoning with strategic game-theoretic analy-
sis. This enables formal study of how learned probabilistic
beliefs influence equilibrium behaviour, providing a unified
view that connects probabilistic reasoning, symbolic logic,
and multi-agent strategic interaction.

Acknowledgements
I am grateful to Sebastian Amaya and Nox Cowie for their
constructive feedback. I would also like to thank the KR
2026 reviewers of this paper for their valuable comments.

AI Declaration
The author has not employed any Generative AI tools.

References
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P.; Hitzler, P.; Icard, T.; Kühnberger, K.; Lamb, L. C.; Mi-
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