® N o oA~ WD =

Towards Qualitative Causal Model Synthesis with Answer Set Programming

Moritz Bayerkuhnlein' , Bert Bredeweg??

, Marco Kragten® and Diedrich Wolter'

!University of Luebeck, Germany
2Amsterdam University of Applied Sciences, The Netherlands
3University of Amsterdam, The Netherlands

{moritz.bayerkuhnlein, diedrich.wolter } @uni-luebeck.de, {m.kragten,b.bredeweg } @hva.nl

Abstract

In this demonstration, we present an Answer
Set Programming (ASP) encoding for Qualitative
Causal models. In particular, we show how this en-
coding can be used to reason about qualitative sim-
ulations, where answer sets represent states or state
transitions of a given qualitative model. Further-
more, the same encoding can be used to synthesize
a qualitative model from a set of provided states.

1 Introduction

Qualitative simulation uses symbolic models to reason about
the possible behaviours of dynamic systems without re-
quiring precise numerical information. Two prominent ap-
proaches are Kuipers’ QSIM [1986], which represents dy-
namics through qualitative differential equation constraints
(QDEs), and Qualitative Causal Models [Bredeweg et al.,
2009], which build on Qualitative Process Theory [Forbus,
1984] and explain change through explicit causal dependen-
cies between quantities.

Such models have been applied to monitoring and diagno-
sis [Das et al., 2025], as well as to education and conceptual
modelling [Bredeweg and Forbus, 2003; Spitz et al., 2021].
Beyond prediction, they make explicit the causal assumptions
underlying a simulation, rendering the resulting behaviours
interpretable and allowing the model itself to serve as an ex-
planation of the system dynamics.

However, constructing such models by hand is laborious
and error-prone. This has motivated a long-standing line
of work on qualitative system identification and qualitative
model learning, including several contributions presented at
the QR Workshop [Bratko et al., 1991; Ramachandran et al.,
1994; Coghill et al., 2008]. More recently, approaches in-
volving LLMs have been used to support model formula-
tion, but the resulting intermediate models still require for-
mal validation and inspection [Suzuki and Yoshioka, 2024;
Forbus, 2025].

The problem also connects to a broader tradition in Al con-
cerned with synthesizing symbolic representations from data.
Inductive Logic Programming (ILP) [Muggleton, 1991] is a
prominent example, where the goal is to learn a logic program
that explains examples relative to given background knowl-
edge. Answer Set Programming (ASP) is a logic program-

ming paradigm in Knowledge Representation and Reasoning,
combining concise declarative problem specifications with
efficient solving technology for hard combinatorial problems
[Gebser et al., 2011].

We present an ASP encoding for the qualitative simula-
tion of qualitative causal models, following the semantics of
Garp3 [Bredeweg et al., 2009]. The encoding serves as a
declarative interpreter for Garp-style models, making their
simulation semantics explicit in ASP. Beyond simulation, this
representation provides a basis for abductive reasoning over
model candidates in qualitative model learning [Pang and
Coghill, 2010]. In this paper we sketch this direction as on-
going work.

2 Qualitative Simulation in ASP

Declarative languages are a natural fit for qualitative simula-
tion. Kuipers” QSIM has already been encoded as an intuitive
Prolog program using a state generator and predicates repre-
senting QDE constraints [Bratko, 2012]. QSIM models are
purely constraint-based and, accordingly, qualitative simula-
tion with QSIM has been encoded as a constraint satisfaction
problem in ASP by Wiley and colleagues in the form of AS-
PQSIM [Wiley et al., 2014].

A simulation is a sequence of qualitative states. Each state
represents the configuration of the system at a point in time
or between time points. Every qualitative quantity has a mag-
nitude from its finite ordered quantity space and a derivative,
which is either steady (0), increasing (A), or decreasing (V).
Since both QDE-based and qualitative causal models con-
strain this same qualitative state space, our encoding reuses
ASPQSIM’s representation of quantity assignments and state
transitions.

In ASPQSIM, qualitative models are represented by facts.
A qualitative quantity is declared by a fact of the form
agvar(q), and its quantity space is given by landmarks and
their adjacency relation. These declarations induce qualita-
tive magnitudes, consisting of landmark values and intervals
between adjacent landmarks. Together with the possible qual-
itative derivatives, an assignment of a quantity V" at time 71" is
represented by atoms of the form holds(7,V, @, D), where
@ is a qualitative magnitude and D is a qualitative derivative.
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{holds(T,V,Q, D) : amag(V,Q),qdir(D)} =1
+— gvar(V),time(T). (1)

1+ hOldS(T’QlaMlaDl)ahOldS(T7 Q27M2aD2)7

qde(Tleamplus(leQ2))7D1 #DQ (2)

The choice rule in (1) generates exactly one qualitative
magnitude and derivative for each variable at each considered
time point. The integrity constraint then eliminates candidate
states that violate an enforced model constraint. In the ex-
ample shown, a monotonicity constraint mplus(qi,qs) ex-
cludes states in which the derivatives of ¢; and g2 do not
match.

The stable models of the resulting ASP program, also
called answer sets, represent admissible qualitative states or
collections of states. For a horizon & = 1, each answer set
corresponds to one admissible qualitative state, so enumer-
ating all answer sets yields the qualitative state space. For
larger values of k, answer sets may represent state transitions,
paths, or more general state configurations, depending on the
transition constraints imposed by the encoding.

3 Encoding Qualitative Causal Models

We extend the ASPQSIM representation from Section 2 to
qualitative causal models following the simulation semantics
of Garp3. We will refer to the system as ASPGARP. While
QSIM models are purely constraint-based, qualitative causal
models also contain causal dependencies that actively justify
change. In particular, influences and proportionalities explain
why a quantity is increasing or decreasing. Thus, in addition
to eliminating inconsistent states, the encoding must ensure
that every non-steady derivative is causally justified.

For an influence influence(P,qi,¢2), the sign P and
the qualitative value of the source quantity ¢; determine the
possible effect on the target quantity go. The encoding de-
rives such effects as causal justifications for derivatives of the
target. An integrity constraint then excludes states in which
a quantity changes without any corresponding justification.
Unlike in purely constraint-based QSIM, adding a causal de-
pendency may therefore increase the set of admissible be-
haviours, because it can justify changes that would otherwise
remain unsupported.
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Figure 1: Communicating vessels example and corresponding

causal-rule visualization.

For example see Figure 1, where a qualitative model of the
communicatign vessels is presented using a clingraph visual-
isation [Hahn er al., 2022], featuring influences (I), propori-
tionaliteis (P) and correspondeces (C).

Garp3 also reasons about qualitative relations between
quantities, such as equality and order relations. We repre-
sent these relations by instantiating a qualitative constraint
network over quantities and landmarks, following previous
work on point-calculus reasoning in ASP [Bayerkuhnlein et
al., 2024]. The network contains relations explicitly present
in the model, as well as relations induced by landmark order-
ings, correspondences, and value assignments. Each quali-
tative state is therefore accompanied by a constraint network
that must be locally consistent.

These relational constraints are also used to enforce con-
tinuity. For example, a transition may not change a relation
directly from ¢; < g2 to ¢ > @2 without passing through
an intermediate state in which ¢; = ¢o. The same relational
representation is used to encode influence balances, where
simultaneous influences may dominate, reinforce, or cancel
one another depending on the qualitative relations between
their sources.

Other model components, such as correspondences and al-
gebraic constraints, are encoded in the same generate-and-
test style as ASPQSIM constraints. Correspondences restrict
co-occurring values of related quantities, while calculi such
as minus(q, g2, g3) eliminate states that violate the corre-
sponding qualitative relation. When such components impose
relations between quantities or landmarks, they are added to
the qualitative constraint network and checked together with
the remaining state description.

The encoding of ASPGARP is available in our companion
repository’.

3.1 Simulation

Given an initial state and a qualitative model simulation can
reason about possible evolutions of a system. In terms of
qualitative states.

Using the ASPGARP and multi-shot ASP solving we al-
low either the generation of traces over a finite horizon by
reusing the encoding by Wiley [2014]. By sampling consis-
tent states and checking whether ASPGARP accepts a tran-
sition between those states based on the provided model, we
can construct a state-graph. Sampling only from states reach-
able by an initial state or satisfying some other operating re-
gion condition can be used to implement a custom state ex-
pander.

A full envisioning of the communicating vessels model
from Figure 1, is shown in table 1. Where each state is rep-
resented by an answer set of ASPGARP. And Figure 2 where
edges between states are represented by answer sets of ASP-
GARP where with the transition horizon k = 2 i.e. each an-
swer set represents a pair of states with a transition relation.

3.2 Model Synthesis

Finally, we consider the use of the encoding for model synthe-
sis. Conceptually, this inverts the simulation task. Instead of

'Repository: https://github.com/mob00/aspgarp
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Table 1: Envisionment of the communicating vessels model. Rows
show the qualitative values of quantities as magnitude—derivative tu-
ples, where magnitudes are either landmark values or intervals be-
tween landmarks.

State Sflow lamount, llevel, Ipressure ramount, rlevel, rpressure
So 0,0) (0, max), 0) (0, max), 0)
S1 (0,0) (max, 0) (max, 0)
Sa (0,0) (0,0) (0,0)

S3 ((0,00), V) ((0, max), v) ((0, max), A)
Si | {(0.00).v) (0, max), v) 0,4
Ss | (0,000 W) (max, ¥) (0, 4)
Se ((0,00), V) (max, v) ((0, max), A)
S7 | ((=50,0), &) (0, ma), a) {(0, max), ¥)
Ss | ((—00,0), a) (0, max). ) (max, V)
So | ((—o0,0), ) (0, 4) (max, v)
Sio | ((=00,0), a) (0,4) (0, max), )
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Figure 2: Clingraph visualizaton of the state-graph for Table 1

computing the admissible states of a given qualitative model,
we search for a qualitative model whose simulations repro-
duce a given set of expected states.

We illustrate this with a small running example? over the
quantities growth (g), shade (sh), and size (sz). Consider a
tree growing in a garden. When its size increases, so does
the shade it produces. The reference behaviour is given by
the three qualitative states in Table 2. During synthesis, we
assume that there are no hidden or unobservable variables.
That is, all quantities used in the model are present in the ref-
erence states. We also assume that the reference specification
is intended to be tight. States not included in the reference set
may therefore be treated as negative examples when they are
encountered during synthesis.

Table 2: Reference states for the running synthesis example.

State | growth \ shade \ size
So (0, 0) (large, 0) (large, 0)
S1 ((0,00), V) ((small, large), A) ((small, large), A)
Sa ((0,00), ¥) (small, &) (small, &)

We formulate synthesis as a meta-level ILP task in ASP,
where ASPGARP acts as an interpreter for candidate Garp
models. Candidate model components are abduced from a
hypothesis space. Causal dependencies, such as influences
and proportionalities, are introduced to justify the observed
changes, while constraint-like components, such as corre-
spondences and calculi constraints, are introduced to exclude
unintended states.

The synthesis procedure is organised in two phases. In the
first phase, we search for causal dependencies that justify all

2Online Demo: will be setup for Workshop

Table 3: Sampled negative states generated by a phase-one candi-
date.

State | growth | shade | size
Co ((0, 00), 0) (large, 0) (small, 0)
Cy (0, 0) (small, 0) (large, 0)

Ca (0, 0)
Cs | ((0,00),V)

((small, large), 0)
((small, large), A)

(small, 0)
(small, A)

non-steady derivatives occurring in the reference states. Since
qualitative causal models require change to be causally ex-
plained, the synthesized influences and proportionalities must
provide sufficient justification for the observed behaviour.
This phase may yield several structurally different causal ex-
planations.

Additional syntactic constraints are imposed to prune the
model space, for example, models containing loops com-
posed exclusively of proportionalities are infeasible.

The first synthesis phase may then return struc-
turally different causal models such as M =
{I*(g,sh),P*(sh,sz),P~(sh,g)}. This model explains the
increase of shade by a positive influence from growth, propa-
gates the change from shade to size, and explains the decrease
of growth by a negative proportionality from shade. Other
candidates such as My = {I"(g, sh),17(g,52), P~ (s2,9)}
instead use two direct influences from growth.

A phase-one model may still admit additional states that
are not part of the reference behaviour. In phase two, we
sample some of these additional states as counterexamples.
For the first model M7, examples of such sampled states are
shown in Table 3.

One model obtained after the refinement step is shown in
Equation (3). In addition to causal dependencies, the model
contains a correspondence between shade and size, as well
as (directional) value correspondences between zero growth
and large size. These components restrict the admissible state
space and reject the sampled counterexamples.

M* = {C"(sh,s2),1" (g, sh), P (sz,9), P*(sh, s2),
VC(g,0, sz, large), VC(sz,large, g,0)}. 3)

The resulting model admits the expected states, justifies
their qualitative changes, and rejects the sampled states out-
side the intended behaviour. In this sense, the same ASP en-
coding supports both forward simulation and abductive model
synthesis.

4 Conclusion

We presented an ASP encoding for qualitative causal mod-
els that supports simulation, meta-level reasoning, and model
synthesis. The encoding makes Garp-style simulation seman-
tics explicit and allows answer sets to represent qualitative
states, transitions, or model candidates.

Future work will focus on scaling the approach to larger
models and hypothesis spaces. More broadly, this work adds
to the suite of ASP formalizations in the qualitative reasoning
community.
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