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Abstract
The ability to compute reward-optimal policies for given and
known finite Markov decision processes (MDPs) underpins a
variety of applications across planning, controller synthesis,
and verification. However, we often want policies (1) to be
robust, i.e., they perform well on perturbations of the MDP
and (2) to satisfy additional structural constraints regarding,
e.g., their representation or implementation cost. Comput-
ing such robust and constrained policies is indeed compu-
tationally more challenging. This paper contributes the first
approach to effectively compute robust policies subject to
arbitrary structural constraints using a flexible and efficient
framework. We achieve flexibility by allowing to express our
constraints in a first-order theory over a set of MDPs, while
the root for our efficiency lies in the tight integration of satisfi-
ability solvers to handle the combinatorial nature of the prob-
lem and probabilistic model checking algorithms to handle
the analysis of MDPs. Experiments on a few hundred bench-
marks demonstrate the feasibility for constrained and robust
policy synthesis and the competitiveness with state-of-the-art
methods for various fragments of the problem.

1 Introduction
Markov decision processes (MDPs) are a prominent model
for sequential decision making under uncertainty. For a
given MDP, a standard planning task is to compute a policy
that optimizes some value, e.g., a discounted reward over an
infinite horizon (Puterman 1994). Optimal policies for such
tasks can be efficiently computed both in theory and in prac-
tice. However, not every policy that can be computed can
be deployed: Policies are often subject to additional con-
straints, in particular (1) structural constraints that require
a certain shape or structure of the controller representing
the policy and policies should be (2) robust against pertur-
bations of the environments. Structural constraints may in-
clude constraints that require that a policy can be encoded
as a small decision tree, see e.g., (Ashok et al. 2021; Vos
and Verwer 2023) and constraints that enforce that the pol-
icy is observation-based, as in partially observable MDPs
(POMDPs) (Smallwood and Sondik 1973). Perturbations
can be used to express that a policy achieves sufficient value
in a set of MDPs, e.g, (Chades et al. 2012; Ghezzi and Shar-
ifloo 2013). The key problem statement we work towards is:
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Figure 1: One axis represents the set of policies πi, the
other the set of possible environments ej . Some policies
(or environments) may not be relevant (⊥), e.g. when the
policy does not satisfy structural constraints. For all tuples
of relevant policy πi and environment ej , the combination
performs satisfactory (✓) or unsatisfactory (✗). Satisfactory
performance is captured by meeting a threshold ν on the
value of the policy on the environment. The general task is
to find a policy πi such that for every environment ej , cell
(i, j) is ✓. While this figure uses a tabular representation,
we use concise symbolic descriptions.

Is there a policy, subject to structural constraints, such that
on every (PO)MDP (environment) in a set of (PO)MDPs, its
value is sufficient? Fig. 1 illustrates this problem statement.

Accommodating structural constraints and robustness
brings two challenges: (1) Already when considering either
structural constraints or robustness, we must deal with a
combinatorial problem. For various decision problems that
underpin planning with additional constraints on the struc-
ture of the policy or on the robustness against perturbation,
(co)NP-hardness results exist (Andriushchenko et al. 2025a;
van der Vegt, Jansen, and Junges 2023; Chatterjee, Doyen,
and Henzinger 2010). Typically, reasoning about every pol-
icy satisfying the constraints or every possible perturbation
is necessary in the worst case. (2) To support robustness, we
must implicitly or explicitly deal with a quantifier alterna-
tion. The key problem statement existentially quantifies the
policy and universally quantifies over the environments.

A classical approach to deal with the combinatorial nature
of the problems is to create a mixed integer linear program
(MILP), where the integer variables encode the choices for
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Figure 2: A separation of concerns using guess-and-check or
counterexample-guided-inductive-synthesis.

the policies and the perturbations, while an LP encodes the
value of the resulting MDP (Kumar and Zilberstein 2015a;
Vos and Verwer 2023). Such monolithic encodings have
various drawbacks, in particular, using LP solvers is typi-
cally much slower than value- or policy-iteration based ap-
proaches to solving MDPs, see e.g. (Hartmanns et al. 2023).

The state-of-the-art, therefore, avoids monolithic encod-
ings by applying a separation of concerns (Andriushchenko
et al. 2025b). It instantiates a typical guess-and-check (or
inductive synthesis) approach, which we briefly summarize
here. Consider the black loop in Fig. 2: A satisfiability (SAT)
solver picks a policy satisfying the structural constraints (or
analogously, the environment) and then the policy (and en-
vironment) is evaluated by a dedicated numerical routine,
in this case, the probabilistic model checking (PMC) frame-
work Storm (Hensel et al. 2022). Without further adapta-
tion, such an approach would need to enumerate all policies.
However, Storm can generalize the results from an individ-
ual policy to a set of policies (Češka et al. 2021). The sep-
aration allows using modern SAT solvers for the combina-
torial problem and highly efficient routines for policy eval-
uation. Still, this existing approach has at least two short-
comings. First, generalizing from one policy to a set of poli-
cies is often expensive, yet necessary to avoid enumerat-
ing the policy space. Second, support for quantifier alterna-
tions is not straightforward as the PMC framework would
need to evaluate any policy on every environment explicitly.
For some classes of simple constraints, dedicated branch-
and-bound style approaches have been developed with su-
perior performance, e.g., to compute fixed-memory policies
for POMDPs (Andriushchenko et al. 2023).

This paper presents SAT-Modulo-PMC (SMPMC, say
sampick), a novel synthesis approach that (1) avoids the
expensive generalization step crucial for the CEGIS ap-
proach, while (2) providing principled support for simulta-
neous structural constraints and robustness. The approach
is (3) sufficiently flexible to support, for the first time, a
complete approach that can find provably smallest decision
tree encodings of robust policies. Technically, the key in-
novation in SMPMC is a tight integration of modern sat-
isfiability solvers and PMC. More precisely, we consider
Z3 (de Moura and Bjørner 2008), a satisfiability modulo
theories solver with support for quantified logics and the
recently developed option to add custom theories (Bjørner,
Eisenhofer, and Kovács 2023). We develop a custom the-
ory based on probabilistic model checking. Algorithmically,
SMPMC can be seen as a powerful branch-and-bound varia-

(a) Single initial location (b) Multiple initial locations

Figure 3: Running example: Beetle wants to reach the target.

1

1

1

1

1
1

11/4

1/4

1/4

1/4

1

(a) {dr=1, dg=3, db=3, dy=0}
solves single initial location

1

1

1

1

1
1

11/4

1/4

1/4

1/4

1

(b) {dr=3, dg=0, db=3, dy=0}
solves multiple initial locations

Figure 4: Markov chains induced by different beetle policies.

tion where the SAT solver realizes intelligent branching and
the probabilistic model checker ensures effective bounding.
Despite its flexibility, the novel technique is highly compet-
itive and it outperforms a monolithic approach to robust and
constrained synthesis by orders of magnitude.

Contributions. In summary, we present SMPMC, a novel,
versatile, and efficient approach that tightly integrates satis-
fiability solvers with probabilistic model checking. SMPMC
is the first effective approach that constructs decision tree
representations of robust policies and is even able to prove
the absence of a fixed-size robust decision tree. For vari-
ous fragments of the robust constrained synthesis problem,
SMPMC is generally at least competitive with ad-hoc state-
of-the-art heuristics and solves many benchmarks that the
state-of-the-art cannot solve.

2 Setting and Motivating Example
In this section, we introduce a motivating example that we
refer to throughout this paper. We first introduce the problem
and then work towards a formalization.

Problem description. Consider Fig. 3: The agent (de-
picted as a beetle) moves in a tiny grid-world environment
including the target in the north east corner, the only cell
equipped with a reward, and a fountain in the middle, which
will spray the beetle in a random direction. We impose the
following simplified constraints: (1) the beetle must move in
the same direction in cells with the same floor color, and
(2) must go in a different direction on blue tiles than on
yellow tiles. Our goal is to find a memoryless policy that
eventually collects the reward. Fig. 3a illustrates this prob-
lem for a known initial location of the agent. This problem
corresponds to structurally constrained synthesis of (memo-
ryless) policies in (PO)MDPs. If the agent must use a single
policy that is robust against perturbations of the initial state
(see Fig. 3b), the problem becomes harder and corresponds
to a constrained and robust policy synthesis in (PO)MDPs.
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Challenges. Two aspects make the example challenging:
1. Some policy choices (e.g., the beetle goes right on blue

tiles) can affect multiple state-action pairs in the model
(e.g., the direction for all blue tiles).

2. Some constraints on policy or environment choices (e.g.,
the beetle goes in different directions on blue and yellow
tiles) involve multiple choices at once.

More generally, the first aspect is crucial when reasoning
about robust policies for multiple environments, where the
agent cannot observe which environment is describing the
world. In those cases, a robust policy must take the same
actions in all environments. This adds structurally simple
identities between action choices in different states, similar
to observation-based memoryless policies in POMDPs. Be-
yond these structurally simple identities, the second property
is a simple type of additional constraint.

Problem modeling. We reason about the policy and en-
vironment in a unified parameter space, where policies are
given using controllable parameters X = {dr, dg, db, dy}
(i.e., the direction for each color). We can impose con-
straints such as db ̸= dy . To represent the environments,
we use uncontrollable parameters Y = {sx, sy} (i.e., rep-
resenting the starting coordinates). The beetle’s policy must
be robust against the choice of the parameters in Y . The
possible starting locations are restricted by the constraint
(sx=0∧ sy =0)∨ (sx=2∧ sy =0)∨ (sx=0∧ sy =2). In
general, constraints can be represented by arbitrary logical
formulas over X ∪ Y . A satisfying MC (corresponding to a
satisfying assignment) for the single initial location can be
seen in Fig. 4a. In the case of multiple initial locations, we
have a quantifier alternation: we ask whether there exists an
assignment of the controllable parameters that is satisfying
for all assignments of the uncontrollable parameters. A sat-
isfying MC (where a reward 1 is collected from each initial
state) is shown in Fig. 4b.

Notation. We present our approach using generic
(un)controllable parameters X,Y and assignments rather
than using policies and environments.

3 Problem Statement
We formalize the main problem statement. We first recap
Markov decision processes (MDPs) and colored MDPs.
Definition 1 (Markov Decision Process). A Markov deci-
sion process (MDP) is a tupleM = (S, sI , Act,P, R) with
a finite set S of states, an initial state sI ∈ S, a finite set
Act of actions, a partial transition function P : S × Act ⇀
Distr(S) and a state reward function R : S → R≥0.

We write Act(s) := {α ∈ Act | P(s, α) ̸= ⊥} for avail-
able actions at s. An MDP policy is a function π : S → Act
s.t. π(s) ∈ Act(s) for all s ∈ S. A Markov chain (MC) is
an MDP where |Act(s)| = 1 for all s ∈ S. We denote their
transition functions as P : S → Distr(S). For MDPM and
policy π, we define the induced MCM[π] = (S, sI ,P ′, R)
with P ′(s) = P(s, π(s)) for any s ∈ S.

Specification. We consider undiscounted indefinite-
horizon expected rewards (Puterman 1994). These gen-
eralize both finite-horizon rewards and infinite-horizon

discounted rewards. Given an MC D, a path ξ in D is an in-
finite sequence of states s0s1s2 . . . ∈ S where s0 = sI . We
define R(ξ) =

∑∞
i=0 R(si) as the (possibly infinite) reward

of a path. We define the value of D as V (D) := E[R(ξ)] if
the expected value exists and∞ otherwise. For an MDPM,
we define the maximal value V max(M) := maxπ V (M[π])
and the minimal value V min analogously.

Parameter space. We introduce a parameter space to
symbolically reason about policies and environments. Let
X be a set of controllable parameters and Y be a set of un-
controllable parameters, representing, e.g., policies and en-
vironments, respectively. The sets X and Y are disjoint. We
denote assignments to variables X∪Y by values from Z with
ZX∪Y . We consider a finite constrained parameter space
V ⊆ ZX∪Y . In the remainder, θ denotes assignments in V,
while η ⊆ V denotes a nonempty subset of V and is referred
to as a set of assignments. We write η(p) = {θ(p) | θ ∈ η}
for parameter p ∈ X ∪ Y . In this paper, we represent V as
the satisfying assignments of a logical formula.

Projected assignments. For Z ∈ {X,Y } and θ ∈ V, the
projected assignment θZ ∈ ZZ coincides with θ on the vari-
ables Z. We use such projections to write assignment θ as
θXθY and lift them to the parameter space: VX := {θX ∈
ZX | ∃θY : θXθY ∈ V}. VY is defined analogously.

Colored MDPs. We represent finite sets of MCs by a col-
ored MDP (Andriushchenko et al. 2025b). A colored MDP C
relates to the constrained parameter space V by mapping
state-action pairs (s, a) in C to a set of assignments η ⊆ V.
This represents for which θ ∈ η distribution (s, a) exists:

Definition 2 (Colored MDP). A colored MDP C =
(M,V, κ) consists of an MDP M with states S and ac-
tions Act, a constrained parameter space V, and a coloring
κ(s, α) ⊆ V, such that for all θ ∈ V, s ∈ S, there is exactly
one action α ∈ Act(s) with θ ∈ κ(s, α).

Running Example 1. For Fig. 3a, suppose s ∈ S is a blue
state with Act(s) = {0, 1, 2, 3} representing the directions.
Then κ(s, α) = {θ | θ(db) = α} for α ∈ Act(s). In Fig. 4a,
we have θ(db) = 3, which selects action 3 in all blue states.

Given a colored MDP C on V and a set of assignments η,
the induced MDP C[η] restricts C to actions admissible by η:

Definition 3 (Induced MDP). For a set of assignments η ⊆
V, the induced MDP C[η] is the largest sub-MDPM′ ofM
with actions Act′ s.t. η ∩ κ(s, α) ̸= ∅ for all s ∈ S, α ∈
Act′(s). For θ ∈ V, the MDP C[θ] := C[{θ}] is an MC.

We can now formally state the problem this paper tackles:

Problem Statement (Robust Constrained Feasibility).
Given a colored MDP C with constrained parameter
space V on controllable parameters X and uncontrol-
lable parameters Y , and a threshold ν ∈ R, does there
exist an assignment θX ∈ VX s.t for all assignments
θY ∈ VY with θXθY ∈ V: V (C[θXθY ]) ≥ ν?

We thus ask for a policy, encoded as θX , that satisfies the
value threshold ν in all environments, encoded by θY . In the
remainder, we assume a fixed ν and omit it for conciseness.
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4 The SMPMC Approach
We introduce Satisfiability Modulo Probabilistic Model
Checking (SMPMC, pronounced sampick). We first define
a first-order theory that encodes that the value of a col-
ored MDP at an assignment is satisfactory and show that
the validity of specific sentences in this theory corresponds
to solving the problem statement. We then discuss how our
novel SMPMC approach integrates this theory into the lazy
constraint-driven conflict learning (CDCL) method. Finally,
we describe how to extend this method to solve robust con-
strained synthesis.1

4.1 First-Order Formulation
Given an instance of the problem statement on a colored
MDP C and let X∪Y = {p1, p2, . . . , pn}. We formulate the
problem statement in a dedicated first-order theory TC over
bounded integer variables X ∪ Y , which introduces a sin-
gle n-ary predicate viable over X ∪ Y . Intuitively, the atom
viable(θ(p1), . . . , θ(pn)) evaluates to true iff V (C[θ]) ≥ ν.
Formally, we uniquely characterize the theory TC by the set
of true sentences. The true sentences are the deductive clo-
sure of the following sets of sentences:

{viable(θ(p1), . . . , θ(pn)) | θ ∈ V with V (C[θ]) ≥ ν},
{¬viable(θ(p1), . . . , θ(pn)) | θ ∈ V with V (C[θ]) < ν}.

In particular, this ensures that for an assignment θ ∈ V, the
first-order sentence viable(θ(p1), . . . , θ(pn)) is true in TC
iff the colored MDP C has a value of at least ν at θ.

By including the theory of the bounded integers (Biere
et al. 2009, p831), we can use a formula τV to represent the
constraints of the constrained parameter space V logically.
Given the logical formula τV, the problem statement can be
rephrased as a first-order sentence:

Φ := ∃x1 . . . ∃xn ∀y1 . . . ∀ym : τV(x1, . . . , xn, y1, . . . , ym)

→ viable(x1, . . . , xn, y1, . . . , ym). (1)

Theorem 4. For a colored MDP C, the assignment θX ∈
VX over variables X = {x1, . . . , xn} is a satisfying as-
signment of the existential quantifier in the sentence Φ if and
only if θX is a solution to the problem statement.

4.2 CDCL and Theory Solvers
We first describe SMPMC assuming that Y = ∅ and leave
the evaluation of the universal quantifier for Section 4.4.
The core algorithm in most SMT solvers is Conflict-Driven
Clause Learning (CDCL) (Bayardo Jr. and Schrag 1997;
Silva and Sakallah 1999). The goal of CDCL is to find a sat-
isfying assignment of the existentially quantified variables
in our input formula Φ. To do this, CDCL iteratively con-
structs a partial assignment K of these variables2. At each
step of this iteration, CDCL invokes a subroutine to check
whether any full extension of K could satisfy Φ. If this is
not the case, we call K a conflict. In CDCL with theories

1We provide an extended example in Appendix B.1 and prove
all theorems in Appendix B.2 (https://arxiv.org/abs/2511.08078).

2Strictly speaking, our variables are bit vectors. We then say a
variable is assigned when all bits are assigned.
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Figure 5: Sketch of CDCL.

(Nieuwenhuis, Oliveras, and Tinelli 2006), all theories in-
volved in the assignment K provide a theory solver that is
queried and asked whether K is a conflict within that theory.
In SMPMC, we provide a theory solver for the theory TC
introduced above. Fig. 2 describes the loop in red: (1) The
SMT solver provides the theory solver with K. (2) The the-
ory solver reports whether K is a conflict.

We match a partial assignment K to a set of first-order lit-
erals that assign variables to values. In the following, we use
both interchangeably. A partial assignment K is consistent
if there exists a full variable assignment θ that makes all lit-
erals in K true, i.e., θ is a full extension of the partial assign-
ment K. The set K is inconsistent if there is no such variable
assignment. We call a partial assignment K a TC-conflict if
K ∪TC is inconsistent. If the theory solver proves K to be a
TC-conflict, it propagates a conflict back to the SMT solver.
It repeats this process until it finds a satisfying assignment or
proves Φ false. We illustrate the CDCL algorithm combined
with our theory solver in the following example.

Running Example 2. Fig. 5 shows a hypothetical run of
CDCL where it has fixed three variables. The partial assign-
ment is: K = {viable(dr, dg, db, dy), dy=0, dr=2, db=1}.
This means that in Fig. 3a, the beetle must go north on yel-
low tiles, south on red tiles, and west on blue tiles. The the-
ory solver proves that K is a TC-conflict.

From now on, K contains only (¬)viable(p1, . . . , pn)
and assignments of the variables p1, . . . , pn ∈ X ∪ Y . The
assignment θ ∈ V satisfies K if it satisfies its conjunction.

4.3 Theory Solver for TC
The theory solver wants to prove that a partial assignment
K is a TC-conflict. As V is finite, one correct but intractable
approach to decide whether a given K ∪TC is (in)consistent
is to enumerate all possible assignments. Instead, the theory
solver outlined in this section checks an induced MDP as an
abstraction of the colored MDP C. If the value of the induced
MDP is not within the threshold ν, it derives a TC-conflict:

Theorem 5. Let C be a colored MDP and K be a partial
assignment to Φ s.t. v := viable(p1, . . . , pn) ∈ K. Let η =
{θ | θ satisfies K\{v}}. If V max(C[η]) < ν, then K is a TC-
conflict. The same is true for ¬v ∈ K and V min(C[η]) ≥ ν.

Theorem 5 follows from (Andriushchenko et al. 2025b).
The intuition is that if V max(C[η]) < ν, then all induced
MCs of the MDP C[η] have a value below ν. Thus, there is no
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assignment θ ∈ η such that V (C[θ]) ≥ ν. Note that because
deciding whether K is a TC-conflict is NP-hard, Theorem 5
only gives us a complete method if η contains a single θ.

SMT solvers profit from theory solvers that find small
conflicts (Biere et al. 2009, p849). In particular, a TC-
conflict K may contain statements that do not contribute to
being one. Suppose that we know that K is a TC-conflict,
we now aim to find a smaller TC-conflict C(K) ⊆ K.

We say that a coloring κ(s, α) is independent of a param-
eter pi if the value of that parameter is irrelevant for mem-
bership in κ(s, α). If all colorings in C that are reachable
in C[η] are independent of pi, it cannot contribute to K be-
ing a TC-conflict. We can thus remove all assignments of
independent parameters from K, yielding a restricted par-
tial assignment C(K) over the remaining assignments. We
define independence and C(K) precisely in Appendix B.2.
Theorem 6. Given C and K from Theorem 5, the restricted
partial assignment C(K) ⊆ K is also a TC-conflict.

Theorem 6 describes a computationally efficient way to
compute a smaller TC-conflict by computing the indepen-
dent parameters. In contrast, the counterexample generaliza-
tion on full assignments in (Češka et al. 2021) is NP-hard.
Running Example 3. In Fig. 5, the theory solver checks
whether for η = {θ | θ(dy) = 0, θ(dr) = 2, θ(db) = 1},
we have V max(C[η]) < 1. This is true, so K is a TC-conflict
because of Theorem 5. As all colorings reachable in C[η] are
independent of dr, the theory solver can compute a smaller
TC-conflict C(K) = {viable(dr, dg, db, dy), dy=0, db=1}.

4.4 Handling Quantifier Alternation
We now consider that Y ̸= ∅. Given the quantified statement
Φ from Eq. (1), the SMT solver uses model-based quantifier
instantiation (MBQI) to instantiate the universally quantified
variables until it either finds a satisfying assignment for the
entire formula or proves it false (Ge and de Moura 2009).

Given Φ from Eq. (1), MBQI first finds a candidate vari-
able assignment θX for the existentially quantified vari-
ables x1, . . . , xn. Then, it substitutes these values into the
quantifier-free formula ϕ := τV(. . .) → viable(. . .), yield-
ing the formula ϕθX (y1, . . . , ym) over the variables in Y .
Next, MBQI checks whether ¬ϕθX is inconsistent. If it is
inconsistent, then θX is a satisfying assignment of Φ’s ex-
istential quantifier, as there is no instantiation of y1, . . . , yn
that makes ϕθX false. Otherwise, there is a satisfying vari-
able assignment θY of ¬ϕθX . MBQI adds a new conflict
{ϕ(xθX

1 , . . . xθX
n , yθY1 , . . . , yθYn )}, which rules out at least

θX (and might rule out more). It repeats this process until
either a satisfying assignment is found or Φ is proven false.
Running Example 4. Given the environment in Fig. 3b,
suppose CDCL chooses θX = {dr=1, dg=3, db=3, dy=0}.
MBQI checks whether ¬ϕθX (sx, sy) is inconsistent. As the
beetle starting in the bottom right corner will not reach the
target in the MC depicted in Fig. 4a, {sx=2, sy=0} satisfies
¬ϕθX (sx, sy). MBQI pushes the conflict {ϕ(1, 3, 3, 0, 2, 0)},
ruling out θX . CDCL chooses θ′X = {dr = 3, dg = 0, db =

3, dy=0} (see Fig. 4b). As ¬ϕθ′
X (sx, sy) is inconsistent, the

beetle will reach the target no matter where it starts with θ′X .

5 Experiments
We investigate the performance of the proposed policy syn-
thesis algorithm SMPMC. The implementation and all the
considered benchmarks are available3.

Research questions. We focus on the following questions:
Q1: Can SMPMC solve a class of synthesis problems that

goes beyond the capabilities of existing tools?
Q2: Is SMPMC competitive with state-of-the-art methods

for various fragments of the synthesis problem?

SMPMC implementation. We implemented SMPMC on
top of the probabilistic model checker Storm (Hensel et al.
2022) and the SMT solver Z3 (de Moura and Bjørner 2008),
leveraging Z3’s user propagator API (Bjørner, Eisenhofer,
and Kovács 2023). We use PAYNT (Andriushchenko et al.
2025b) to parse the input. Appendix A gives details.

Benchmarks. To systematically answer the research ques-
tions, we define four classes C1–C4 of synthesis prob-
lems, see Table 1. They represent different, NP-hard, frag-
ments of the problem statement. The classes C2–C4 are
special cases due to additional assumptions on the con-
straint τV and the uncontrollable parameters Y . We con-
sider 372 benchmarks from different domains: (1) sets of
MCs, given by parametrized finite-state probabilistic pro-
grams, mostly from (Andriushchenko et al. 2025b), (2) syn-
thesis of fixed-memory finite-state controllers (FSCs) for
POMDPs from (Andriushchenko et al. 2023), (3) multiple-
environment (ME) MDPs from (Andriushchenko et al. 2024;
van der Vegt, Jansen, and Junges 2023) that model varia-
tions of a system in different environments (Chades et al.
2012), and (4) ME-POMDPs from (Galesloot et al. 2025).
Finally, (5) we extended some standard POMDP from (2) to
ME-POMDPs. These benchmarks were translated to colored
MDPs akin to (Andriushchenko et al. 2025b). Our bench-
marks include a similar number of satisfiable and unsatisfi-
able instances.

Setup. All experiments ran on a single core of an
AMD Ryzen TRP 5965WX with a 30-minute timeout and
16GB of available memory. The considered baselines are
explained in the baselines paragraphs in Q1 and Q2 sec-
tions. All tools use optimistic value iteration (Hartmanns and
Kaminski 2020) with a precision of 10−4 for PMC. We ran
each experiment three times and confirmed that Table 2 is
the same. All of the considered methods are deterministic
and have insignificant variance in timing on fixed hardware.

Main result: Table 2 reports the total number of solved
benchmarks across all considered methods and problem
classes. In C1, only SMPMC solves a significant part of
the benchmarks, and for all other classes, it is competi-
tive and solves some previously unsolvable instances.

Below, we detail the results in the context of Q1 and Q2.

Q1: Going Beyond Capabilities of Existing Tools
Setting. Inspired by the recent efforts to find robust poli-
cies (Galesloot et al. 2025) and interpretable policies repre-

3Code, benchmarks: https://doi.org/10.5281/zenodo.17573007
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S.C.∗ τV ̸= ⊤ Y ̸= ∅ Problem Statements: Is there a... Baselines

C1 ✓ ✓ ✓ decision tree policy that works in all environments? SMT(LRA)

C2 ✓ ✓ ✗
decision tree policy in a POMDP?
satisfying, cost-bounded MC in a set of MCs? PAYNT-CEGIS, SMT(LRA)

C3 ✓ ✗ ✓
policy in a POMDP that works in all environments?
satisfying MC that is robust against perturbations? PAYNT-AR (extended), SMT(LRA)

C4 ✓ ✗ ✗
policy in a POMDP?
satisfying MC in a set of MCs? PAYNT-{AR,CEGIS}, SMT(LRA)

Table 1: Summary of configurations, problem statements, and baselines we compare with. The policies are memoryless or
fixed-memory. ∗All problem categories exhibit structural constraints, e.g., in the form of partial observability.

#Benchmarks SMPMC (New!) PAYNT-AR PAYNT-CEGIS PAYNT-Hybrid SMT(LRA)

C1 112 77 (53) N/A N/A N/A 24 (0)
C2 72 54 (1) N/A 54 (1) N/A 31 (0)
C3 82 43 (16) 43 (16) N/A N/A 7 (0)
C4 106 88 (5) 86 (8) 24∗ (0) 23∗ (0) 30 (0)∑

372 262 (75) 129 (24) 78 (1) 23 (0) 92 (0)

Table 2: The total number of solved benchmarks with the 30-minute timeout for each benchmark. The numbers in parentheses
show the number of benchmarks that no other tool has solved. N/A indicates that the method does not support the problem class.
∗Due to limitations in counterexample generalization, 57 benchmarks are not supported by PAYNT-CEGIS, Paynt-Hybrid.

sented by small decision trees (Vos and Verwer 2023), we
combine both these requirements and seek for robust deci-
sion trees (DTs) in various ME-(PO)MDP benchmarks. We
formulate an SMT constraint τV that specifies that the policy
can be represented by a DT with n nodes (the encoding is de-
scribed in Appendix D.1). We consider n ∈ {1, 3, . . . , 15}
for all benchmarks.
Baseline. To our best knowledge, there is no tool that is
able to solve C1 problems. Therefore, we implemented a
baseline, further denoted as SMT(LRA), that supports these
problems by constructing a monolithic SMT query with lin-
ear real arithmetic and running Z3.
Results. Table 2 shows that SMPMC clearly outper-
forms the SMT(LRA) baseline: It solves all instances that
SMT(LRA) does and it additionally solves 53 benchmarks
that are unfeasible for SMT(LRA). More detailed results
presented in Appendix D.1 show that SMT(LRA) mostly
solves only simple instances of the problems and, on aver-
age, SMPMC can solve these instances 20x faster. More-
over, SMPMC is able to solve some very challenging prob-
lems, e.g., a benchmark where the robust minimal DT has
15 nodes. In many cases, the underlying colored MDP has
above 20K states and the number of unconstrained assign-
ments goes beyond 10100 (see Appendix D.3).

Demonstration. We now describe the results for the
Rocks-6-4 ME-MDP taken from (Andriushchenko et al.
2024). The goal of the agent is to collect four rocks on a
6x6 grid, where the environment encodes the position of the
rocks. While the authors acknowledged that “there exists a
single policy that is winning for all MDPs”, their algorithm
that searches for unconstrained memoryless policies using
a game-based abstraction and various heuristics cannot find

x ≥ 6

y ≥ 2

↓ ←

↑

(a) Robust policy
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1
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6 y
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(b) Grid, red arrows are slip direction

Figure 6: Minimal decision tree for Rocks-6-4, by SMPMC.

it. In contrast, SMPMC finds a minimal 5-node DT that de-
scribes a robust policy, shown in Fig. 6a. The policy visits all
grid cells, thereby ensuring it collects all rocks. It achieves
this in an interesting way: in the Rocks-6-4 model, the agent
slips to the left of the current movement direction with prob-
ability 10%. The tree uses this to create a spiral effect, visit-
ing all cells eventually, as visualized in Fig. 6b.

Summary Q1. The results obtained for the synthesis prob-
lems in C1 demonstrate that SMPMC solves a class of prob-
lems that goes beyond the capabilities of existing tools.

Q2: Comparison on Problem Fragments
Baselines. Besides the monolithic SMT(LRA) baseline
used in Q1, more baselines are applicable to Q2. We com-
pare against the state-of-the-art synthesis tool PAYNT (An-
driushchenko et al. 2025b) as it solves the problems C2 and
C4, also on colored MDPs. PAYNT implements three strate-
gies: (1) abstraction-refinement (AR), (2) counterexample-
guided inductive synthesis (CEGIS) and (3) Hybrid, com-
bining AR and CEGIS. These strategies have been optimized
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Figure 7: Cactus Plot for C4. A method’s line going through
a point (x, y) means that the method solved the xth bench-
mark, sorted by time, within y seconds (log-scale).

towards the benchmarks in C4. PAYNT-CEGIS was specif-
ically developed for problems in C2. We have mildly ex-
tended PAYNT-AR to support the problems in C3 by adding
an inner (non-naive) 1-by-1 evaluation. See Appendix D.3
for details and a comparison with an alternative PAYNT-AR
extension. Some dedicated approaches support subsets or
variations of the problems defined in the classes C2-C4 but
the differences prevent a direct performance comparison. We
discuss these approaches in the related work.

C2: Constrained Synthesis. Our benchmarks include two
application domains: 1) In a set of MCs, find an MC that
satisfies a given bound on the implementation cost (Češka
et al. 2021). 2) For a given POMDP, find a DT with n nodes
encoding a satisfying memoryless policy. We again con-
sider n ∈ {1, . . . , 15}. This benchmark set includes, e.g.,
the ”refuel-06” POMDP where the minimal decision tree
has 11 nodes. Table 2 shows that SMPMC is on par with
PAYNT-CEGIS and the SMT(LRA) baseline significantly
lags behind. The results in Fig. 9 (Appendix D.2) show that
there is no clear winner in terms of runtimes.

C3: Robust Synthesis. These benchmarks include synthe-
sis of robust (finite-state) policies in ME-(PO)MDPs. Ad-
ditionally, we consider sets of MCs with for-all quantified
variables. Table 2 shows that SMPMC is on par with the ex-
tended version PAYNT-AR: Both methods solve the same
number of benchmarks. Interestingly, there are 16 bench-
marks solved only by SMPMC and 16 different benchmarks
solved only by PAYNT-AR. Results in Fig. 10 indicate that
on the benchmarks solved by both tools, SMPMC is gener-
ally faster. SMT(LRA) again significantly lags behind.

C4: Plain Synthesis. We consider benchmarks including
(1) synthesis of a satisfying fixed-memory FSCs and 2) syn-
thesis of a satisfying MC in a given set of MCs. We also
include benchmarks with over 1 million states to showcase
that the size of the state space on its own does not pose
problems for SMPMC. Table 2 shows that SMPMC is on
par with PAYNT-AR, which is currently the fastest algo-
rithm for these problems (Andriushchenko et al. 2025b):
SMPMC solves two more benchmarks, but PAYNT-AR has
more unique solutions. Additionally, the results in Fig. 7
show that SMPMC is competitive with PAYNT-AR also
in terms of runtime. The SMT(LRA), PAYNT-CEGIS and

PAYNT-Hybrid lag significantly behind.

Summary Q2. The results obtained for the synthesis prob-
lems in C2-C4 demonstrate that SMPMC is highly com-
petitive with state-of-the-art tools for various widely stud-
ied fragments of the problem statement. In contrast to these
tools, SMPMC does not sacrifice generality and achieves
efficiency without implementing any heuristics that would
leverage the structure of the subproblems or additional in-
formation from model checking, which opens an interesting
avenue for improving the performance of our approach.

6 Related Work
Closest to this work are the approaches in PAYNT, see the
introduction and the experimental evaluation for details.

SMT and MILPs. This paper integrates SAT with PMC
and thus stands in a tradition of approaches that inte-
grate SAT-style reasoning with dedicated engines, such as
mixed-integer (linear) programming (Hooker 2004; Achter-
berg 2007). CDCL(T)-based approaches like ours exist for
theories ranging from convex optimization (Shoukry et al.
2017) to logics on Kripke structures (Eisenhofer et al.
2023). Planning Modulo Theories integrates planning tasks
into SMT, enabling the use of theories (Bofill, Espasa,
and Villaret 2017). This paper leverages MBQI for quan-
tifiers, whereas another quantifier instantiation strategy is
the syntax-based E-matching (de Moura and Bjørner 2007).
MBQI has recently been integrated with syntax-based strate-
gies (Kondylidou, Reynolds, and Blanchette 2025).

Controllers for (ME-)POMDPs. There exist several or-
thogonal approaches for controller synthesis in POMDPs,
including various (monolithic) MILP formulations (Amato,
Bonet, and Zilberstein 2010; Kumar and Zilberstein 2015b)
or analysing the belief space (Kurniawati, Hsu, and Lee
2008; Ho et al. 2024). Such methods can be effectively in-
tegrated with FSC synthesis (Andriushchenko et al. 2023).
Recently, a lot of focus has been given to finding robust
controllers for multiple-environment (PO-)MDPs including
sequential convex programming (Cubuktepe et al. 2021),
value iteration methods (Nakao, Jiang, and Shen 2021), be-
lief space analysis (Chatterjee et al. 2020) or policy optimi-
sation (Lin et al. 2024; Galesloot et al. 2025).

DT policies for MDPs. The existing tools for finding DTs
either construct a DT from a given (optimal) policy (Ashok
et al. 2021) or consider a formulation in which only mini-
mality with respect to the depth of the tree is encoded (Vos
and Verwer 2023; Andriushchenko et al. 2025a). The DT en-
coding considered in this work was inspired by the encoding
using propositional formulas (Narodytska et al. 2018). Out-
side of the world of MDPs, finding minimal-sized DTs from
training data has been explored (Staus et al. 2025).

7 Conclusion
This paper presents SMPMC: satisfiability modulo proba-
bilistic model checking, which tightly integrates the power
of satisfiability solvers and model checkers. Among various
applications, this approach is the first effective method to
find decision tree policies that robustly solve a set of MDPs.
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Andriushchenko, R.; Češka, M.; Macák, F.; Junges, S.; and
Katoen, J-P. 2025b. An Oracle-Guided Approach to Con-
strained Policy Synthesis Under Uncertainty. J. Artif. Intell.
Res., 82: 433–469.
Ashok, P.; Jackermeier, M.; Křetı́nský, J.; Weinhuber, C.;
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