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Counterexamples are often easier to check than to discover: once a candidate is given,

verification usually reduces to substitution and evaluation. This paper treats that asymmetry as
neural-guided model finding. Given a modal formula and requested frame conditions, the neural
component proposes a finite Kripke countermodel; correctness is then certified by classical
Boolean Kripke evaluation. The method is therefore not a replacement for theorem proving,
but a speculative disproving module that can complement ATP/ITP workflows and model
finders [2, 4, 5]: success yields a checkable countermodel certificate, while failure to find one
makes no validity claim. We use standard propositional modal formulas [1] generated by the
following syntax.

φ ::= ⊥ | ¬φ | (φ ∧ φ) | (φ ∨ φ) | (φ → φ) | 2φ | 3φ | p (p ∈ Prop)

over Kripke structures M = (W,R, V ) with accessibility relation R ⊆ W × W and valuation
V : Prop → 2W . Boolean connectives are interpreted classically, and the modal clauses are

M, w |= 2φ ⇐⇒ for every v ∈ W , if wRv then M, v |= φ,

M, w |= 3φ ⇐⇒ there exists v ∈ W such that wRv and M, v |= φ

Therefore, a counterexample to a formula α is a Kripke structure M and a world w that satisfy
the conditions corresponding to the specified axiom system and for which M, w ̸|= α. The goal
of this study is to synthesize such an M and w directly with a neural model.

We propose a differentiable pipeline for neural-guided synthesis of finite Kripke counter-
models, where continuous optimization is combined with symbolic semantic verification. During
training and candidate generation, following matrix-based presentations inspired by multi-agent
semantics [3], the relation R is represented by a W ×W adjacency matrix and valuations by a
W × Prop matrix. The smooth formulas below are differentiable relaxations inspired by many-
valued semantics [9] and recent neuro-symbolic differentiable-logic work [6, 7, 8]; they serve only
as a training-time surrogate and continuous search objective. Proposed candidates are thresh-
olded to crisp structures and ultimately verified under ordinary Boolean Kripke semantics; the
finite bound simply specifies the model space being searched.

Let Sw
θ ∈ [0, 1] denote the relaxed truth value of a formula θ at each world w. Propositional

constants, Boolean connectives, and modal operators are evaluated as follows:
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Here, Aw
v ∈ [0, 1] represents the strength

of accessibility from world w to world v, and
V w
i ∈ [0, 1] represents the truth value of the

propositional variable pi at w. When A and
V are crisp, these equations coincide with or-
dinary Kripke semantics. Thus the contin-
uous operators guide search, while the re-
ported countermodel condition is checked after
thresholding by a classical evaluator.

The dataset is correct by construction: the
generator samples a finite Kripke structure,
applies requested frame closures, detects frame
labels, and synthesizes a root-false formula.
In the checked-in run, tensors are padded to
Wmax = 64 worlds, the active-world penalty
targets two worlds, and frame conditioning
uses labels for the T , B, 4, 5, and D closures,
with unconstrained K obtained by selecting
none. The CNN uses token embeddings of di-
mension 128, hidden dimension 256, AdamW,
and a 0.8/0.1/0.1 train–validation–test split;
the exact proposition count, formula-length
bound, and modal-depth bound are dataset
hyperparameters that should be reported with
the generated benchmark.

For symbolic certification, the relaxed ma-
trices are thresholded to a finite relation and
valuation, the requested frame closures are re-
applied, and the formula is evaluated recur-
sively at the root world using the Boolean
clauses above. A successful output is therefore
a small certificate—worlds, edges, valuations,
and root—that can be checked independently
of the neural model.

The main limitation is that this evaluation
is a CNN-only feasibility study on a construc-
tive data distribution. The dataset samples
a Kripke structure first and then synthesizes
a formula falsified at the root, rather than
starting from arbitrary formulas and searching
for minimal countermodels. Moreover, frame
properties are supplied as conditioning labels
rather than predicted by the model. Thus, the
reported results should be interpreted as evi-
dence for differentiable model search with sym-
bolic certification, not as a complete replace-
ment for classical countermodel search; future
work should compare against public modal

benchmark efforts such as QMLTP [10].

Figure 1: CounterLLM architecture: modal formu-
las are encoded by a CNN, decoded into candidate
Kripke structures, conditioned by frame closures, and
checked by relaxed semantics before symbolic verifica-
tion of crisp countermodels.

Table 1: Final evaluation of the trained model. Se-
mantic accuracy is the validation fraction for which the
thresholded, frame-conditioned candidate falsifies the
input formula at the root world under Boolean Kripke
evaluation. Validation/total losses report the relaxed
training objective; redundant raw edges are measured
before frame conditioning; active worlds are normal-
ized by Wmax = 64.

Metric Final

Semantic accuracy 99.99%
Validation loss 1.07× 10−4

Total loss 1.20× 10−4

Redundant raw edges 0
Active worlds 0.03125 (2/64)
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