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Abstract

We investigate the problem of synthesizing strategies that
guarantee the successful execution of a high-level nondeter-
ministic agent program δ in Golog within a nondeterministic
first-order basic action theory, considering the environment
as adversarial. Our approach constructs a symbolic program
graph that captures the control flow of δ independently of the
domain, enabling strategy synthesis through the cross product
of the program graph with the domain model. We formally re-
late graph-based transitions to standard Golog semantics and
provide a synthesis procedure that is sound though incom-
plete (in general, the problem is undecidable, given that we
have a first-order representation of the state). We also extend
the framework to handle the case where the environment’s
possible behaviors are specified by a Golog program.

Introduction
(Levesque et al. 1997) introduced high-level program execu-
tion as a way of designing autonomous agents, which seeks a
middle ground between planning and normal programming.
Instead of looking for a plan/strategy to achieve a goal as in
planning, the agent looks for a strategy to successfully exe-
cute a nondeterministic program that specifies its task. They
proposed the Golog language for specifying such programs,
which use constructs such as branches, loops, and nonde-
terministic choice, and are defined over atomic actions and
fluent conditions that are specified by a Basic Action Theory
(BAT) in the situation calculus (McCarthy and Hayes 1969;
Reiter 2001). To find a strategy to execute the program, the
agent needs to reason over the action theory. If the program
is very deterministic, searching for a successful execution
strategy is easy, but as more nondeterminism is introduced,
the search becomes harder and begins to resemble planning.

The problem we address in this paper is a variant of the
high-level program execution task, i.e., given a Golog pro-
gram δ and an action theoryD, find a strategy for executing δ
that guarantees successful termination starting from the ini-
tial situation S0 in the domain specified by D. If the domain
is deterministic and the program is situation determined, i.e.,
there is a unique remaining program after executing each
step, such a strategy can simply specify a sequence of ac-
tions a⃗ to execute such that D |= Do(δ, S0, do(⃗a, S0)), i.e.,
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doing a⃗ in the initial situation yields a complete execution
of δ. If the domain is deterministic but the program is not
situation determined, the strategy should also specify the re-
maining program after each action in the sequence.

In this paper, we instead consider the case where the do-
main is nondeterministic and specified by a nondeterminis-
tic basic action theory (De Giacomo and Lespérance 2021)
(DL21). For a situation determined program δ, we want
to synthesize a strategy f , i.e., a mapping from situations
to actions, such that the agent can force the program to
be executed to successful termination by following f , i.e.,
D |= AgtCanForce(δ, S0, f). If the program is not situ-
ation determined, we also need to generate a strategy to se-
lect the remaining program, i.e., a mapping g from situations
to programs, such that D |= AgtCanForce(δ, S0, f, g). If,
as is typical in FOND planning (Geffner and Bonet 2013;
Ghallab, Nau, and Traverso 2016), we have complete infor-
mation about the initial state, i.e., have a model M such that
M |= D, then we need to generate a strategy f such that
M |= AgtCanForce(δ, S0, f) in the situation determined
program case; in the non-situation determined program case,
we also need to generate a strategy g to chose the remaining
program, such that M |= AgtCanForce(δ, S0, f, g).

Most prior work on Golog program execution (Baier,
Fritz, and McIlraith 2007; Baier et al. 2008; Fritz, Baier,
and McIlraith 2008) focuses on deterministic environments,
compiling Golog into the domain so classical planners can
be used. We instead target nondeterministic domains using a
reactive synthesis approach. A recent advancement is (Hof-
mann and Claßen 2025) (HC25), which uses the C2 decid-
able fragment of FOL but suffers from scalability issues. Our
framework is simpler and more intuitive, while offering for-
mal guarantees that relate program executions with classi-
cal Golog semantics and synthesis techniques. Our frame-
work is also very flexible, and it can easily be extended to
accommodate different challenges. We will show how one
can specify separate programs on the agent’s behavior and
on the environment’s behavior; this contrasts with (HC25),
which takes the Golog program as a constraint on the behav-
ior of the whole system, i.e., both the agent and environment.

Preliminaries
Nondeterministic situation calculus. The situation cal-
culus is a predicate logic language designed for specifying



dynamically changing worlds. World changes result from
performing actions, and world histories are modeled as situ-
ations, which are action sequences. The constant S0 denotes
the initial situation, and the function do(a, s) denotes the
successor situation after executing a in s. Fluents are predi-
cates or functions varying with the situation, and take a situ-
ation term as their final argument. In this language, we define
domains represented by a basic action theory (BAT), where
successor state axioms (SSAs) represent the causal laws of
the domain (Reiter 2001). A predicate Poss(a, s) is used to
state that a is executable in s. We can rely on the mechanism
of regression R (Pirri and Reiter 1999) to reduce reasoning
about a given future situation to reasoning about S0.

(DL21) propose a simple extension of the situation cal-
culus to handle nondeterministic actions. For any primitive
action in a nondeterministic domain, there can be a number
of different outcomes, depending on how the environment
behaves. This is modeled by an additional environment reac-
tion parameter e, ranging over a new sort Reaction. We call
the reaction-suppressed version of the action a(o⃗) an agent
action and the full version a(o⃗, e) a system action. A nonde-
terministic basic action theory (NDBAT) D is a special kind
of BAT, and it is the union of the following disjoint sets:
foundational, domain independent, axioms of the situation
calculus (Σ), axioms describing the initial situation (DS0

),
unique name axioms for actions and domain closure for ac-
tion types (Dca), successor state axioms describing how sys-
tem actions change the fluents (Dssa), and system action
precondition axioms, stating when the complete system ac-
tion can occur (Dposs). One also specifies agent action pre-
conditions using Possag . The theory must entail the reac-
tion independence requirement (i.e., ∀e.Poss(a(o⃗, e), s) ⊃
Possag(a(o⃗), s)) and the reaction existence requirement
(i.e., Possag(a(o⃗), s) ⊃ ∃e.Poss(a(o⃗, e), s)).

We assume finitely many primitive action typesA and flu-
ent predicates F , no functions beyond constants, and all ob-
ject terms drawn from a countably infinite setN of standard
names (Levesque and Lakemeyer 2001), with the unique
name assumption and domain closure. We also assume that
Reaction is a sub-sort of Object . This means that in all mod-
els of the theory, object domains are isomorphic and count-
ably infinite, where each element of the domain is denoted
by a syntactic term, and we can use ground terms to denote
any value of a domain. More generally, this allows us to con-
fuse wlog substitutions of ground terms and assignments,
and ends interpret quantification substitutionally.

Golog syntax. Golog is a high-level language for writing
programs that are executed over a (possibly nondeterminis-
tic) Basic Action Theory. We consider programs written in
a variant of Golog where the test construct yields no tran-
sitions and is final when the condition is satisfied (Claßen
and Lakemeyer 2008; De Giacomo, Lespérance, and Pearce
2010). The key feature of our variant is that programs in-
struct agent actions, rather than system actions. The syntax
of Golog programs is as follows:

δ ::= a(o⃗) | φ? | δ1; δ2 | δ1|δ2 | πx.δ | δ∗

where a(o⃗) is an agent action term, φ? tests that φ holds,
δ1; δ2 is the sequential execution of δ1 and δ2, δ1|δ2 is the

nondeterministic choice of δ1 and δ2, πx.δ executes pro-
gram δ for some nondeterministic choice of the object vari-
able x, and δ∗ performs δ zero or more times. Note that φ
is a situation-suppressed formula, and we denote by φ[s] the
formula obtained by restoring the situation argument s into
all fluents in φ. We use nil as an abbreviation for True? to
denote the empty program.

Golog Semantics and Variable Environments. To con-
struct the program graph of a given program δ0, we need to
talk about the subprograms of δ0. This is captured by the
concept of syntactic closure. Following (De Giacomo et al.
2016), we separate the program terms themselves from the
assignments to pick variables (i.e., variables bound by π).
Let us assume wlog that all pick variables are renamed apart
and there is a predefined ordering on such variables. It is
possible to define a n-tuple of object terms x⃗ = ⟨x1, ..., xn⟩,
called the environment term, where xi is the current value of
i-th pick variable of δ0. We denote the cartesian product of
n objects as On, and the object assigned to variable z as xz .
We use a triple (δ, x⃗, s) to denote a complete configuration.
At the beginning of an execution, the environment term is
arbitrarily instantiated, and at each step of the computation
it maintains only n values, where n is the number of pick
variables. Tracking pick variables’ values separately avoids
enumerating all the possible instantiations of πx.δ, keeping
the number of resulting subprograms finite. We can define
inductively the syntactic closure Γδ0 of a program δ0: (i)
δ0, nil ∈ Γδ0 , (ii) if δ1; δ2 ∈ Γδ0 and δ′1 ∈ Γδ1 , then δ′1; δ2 ∈
Γδ0 and Γδ2 ⊆ Γδ0 , (iii) if δ1 | δ2 ∈ Γδ0 , then Γδ1 ,Γδ2 ⊆
Γδ0 , (iv) if πz.δ ∈ Γδ0 , then Γδ ⊆ Γδ0 , (v) if δ∗ ∈ Γδ0 then
δ; δ∗ ∈ Γδ0

Theorem 1. The syntactic closure Γδ0 of a Golog program
δ0 is linear in the size of δ0.

The semantics of Golog is specified as usual in terms of
single-steps, using two predicates: Final, specifying that
the program may terminate in a given situation, and Trans,
specifying that one step of the program δ in situation s may
lead to situation s′ with δ′ remaining to be executed. Differ-
ently from previous works, we define Trans and Final con-
sidering both the triple-based configuration version and the
environment reactions as follows:

Trans(a, x⃗, s, δ′, x⃗′, s′) ≡ ∃e.Poss(a[x⃗](e), s) ∧
δ′ = nil ∧ x⃗′ = x⃗ ∧ s′ = do(a[x⃗](e), s)

Trans(φ?, x⃗, s, δ′, x⃗′, s′) ≡ False
Trans(δ1; δ2, x⃗, s, δ′, x⃗′, s′) ≡ Trans(δ1, x⃗, s, δ′1, x⃗

′, s′)∧
δ′ = δ′1; δ2 ∨ Final(δ1, x⃗, s) ∧ Trans(δ2, x⃗, s, δ′, x⃗′, s′)

Trans(δ1|δ2, x⃗, s, δ′, x⃗′, s′) ≡ Trans(δ1, x⃗, s, δ′, x⃗′, s′) ∨
Trans(δ2, x⃗, s, δ′, x⃗′, s′)

Trans(πz.δ, x⃗, s, δ′, x⃗′, s′) ≡ ∃d.Trans(δ, x⃗z
d, s, δ

′, x⃗′, s′)
Trans(δ∗, x⃗, s, δ′, x⃗′, s′) ≡ Trans(δ, x⃗, s, δ′′, x⃗′, s′) ∧

δ′ = δ′′; δ∗

Final(a, x⃗, s) ≡ False
Final(φ?, x⃗, s) ≡ φ[x⃗][s]
Final(δ1; δ2, x⃗, s) ≡ Final(δ1, x⃗, s) ∧ Final(δ2, x⃗, s)
Final(δ1|δ2, x⃗, s) ≡ Final(δ1, x⃗, s) ∨ Final(δ2, x⃗, s)
Final(πz.δ, x⃗, s) ≡ ∃d.Final(δ, x⃗z

d, s)
Final(δ∗, x⃗, s) ≡ True



where a[x⃗] and φ[x⃗] denotes the action term a and formula
φ obtained by replacing all free pick variables with the ob-
ject terms to which they are bound in x⃗, and x⃗z

d denotes the
environment term obtained by replacing the element corre-
sponding to the pick variable z with d.

We use Trans∗ to denote the reflexive transitive closure of
Trans, i.e., Trans∗(δ, x⃗, s, δ′, x⃗′, s′) means that there exists
a sequence of one-step transitions taking the configuration
(δ, x⃗, s) into the configuration (δ′, x⃗′, s′). We use also an
adapted version of the notion of situation determined (SD)
programs (De Giacomo, Lespérance, and Muise 2012):

SituationDetermined(δ, x⃗, s)
.
=

∀s′, δ′, δ′′, x⃗′, x⃗′′.T rans∗(δ, x⃗, s, δ′, x⃗′, s′) ∧
Trans∗(δ, x⃗, s, δ′′, x⃗′′, s′) ⊃ δ′ = δ′′ ∧ x⃗′ = x⃗′′

Now, we have guarantees that all programs that δ0 can
evolve into according to Trans and Final, must be in its
syntactic closure Γδ0 .
Lemma 2. Let D be an NDBAT over which δ0 is executed
and M a model ofD. If δ ∈ Γδ0 and M |= Trans(δ, x⃗, s, δ′,
x⃗′, s′), then δ′ ∈ Γδ0 .

Proof. It follows directly from the recursive definition of
Trans and the construction of Γδ0 .

Lemma 3. Let D be an NDBAT over which δ0 is executed
and M a model of D. If M |= Trans∗(δ0, x⃗0, s0, δ, x⃗, s),
then δ ∈ Γδ0 .

Proof (sketch). By induction on the number of steps in the
derivation of Trans∗(δ0, x⃗0, s0, δ, x⃗, s).

Example. A service robot must deliver a cup of coffee
from the kitchen k to some offices officeA, officeB , and
so on. The doors between the kitchen and the rooms are
locked, and the robot must press a button to request that
a door be opened. Which door opens is under the con-
trol of the environment. We assume the agent can execute
the following actions: Pickup (grab a coffee), PutDown
(place the currently held coffee), PressButton(e), (re-
quest to open some door, where the environment chooses
the door via the environment reaction e = openOffice r),
and MoveTo(r) (move to room r). Note that when it
is not explicit, we assume an action has only one en-
vironment reaction Success. The fluents we need tell
us where the agent is (At(r)), if the agent has grabbed
a coffee (HasCoffee), if the coffee has been delivered
(Delivered(r)), and if the door is open (DoorOpen(r)).
The action preconditions and effects are as expected (e.g.,
the agent can move to a given office only if the correspond-
ing door is open). For brevity, we use DeliverTo(r)

.
=

MoveTo(r); PutDown;MoveTo(k), and also φ(r)
.
=

DoorOpen(r)∧¬Delivered(r). The agent program to de-
liver coffee is δ = (Pickup; (PressButton;∃r.φ(r)?)∗;
πr.φ(r)?;DeliverTo(r))∗;∀r.Delivered(r)?, that is, the
agent picks up coffee, repeatedly presses the button, and
each time delivers coffee to an office with an open door that
has not yet been served (if any). We assume the environ-
ment cannot act “unfairly”, i.e. eventually every door will
be opened. A counter associated with the button prevents

the environment from opening the same door infinitely of-
ten. The fluent CanOpen(r) indicates if the door can still
be opened, i.e. the counter has not reached its bound.

First-Order Program Graphs
We aim at performing transition system (TS)-based synthe-
sis for generating a strategy compliant with a given Golog
program. Synthesis can be viewed as a 2-player game among
agent and environment (this is common also when dealing
with temporal properties and reactive synthesis; see (Abadi,
Lamport, and Wolper 1989; Pnueli and Rosner 1989)). Here
we construct the game arena by considering both the FOND
domain where the agent is acting and the program graph,
whose paths represent executions of the specified Golog pro-
gram. In this section, we show how the program graphs are
constructed and what their properties are.

Constructing the Program Graph. Inspired by (Claßen
2013; Claßen and Lakemeyer 2008), we construct the pro-
gram graph of a Golog program δ0, characterizing all possi-
ble executions of δ0 conditioned on the domain, which we
do not fix until later. The program graph is thus a symbolic
structure that captures the control flow semantics of Golog at
the syntactic level, decoupled from domain dynamics, which
are only integrated later via the cross product with the do-
main. Each node of the graph corresponds to a program in
the syntactic closure of δ0 (i.e., a possible remaining pro-
gram in the execution of δ0) and each edge is a guarded one-
step transition from such a program to the remaining one.

We define properties of the nodes and relationships among
them based on Trans and Final. Since we keep the pick
operator, the program graph must capture all execution paths
of the Golog program parametrized over the pick variables.
In particular, pick variables are unbounded parameters of
actions and tests, and no evaluation or binding can be per-
formed before performing the cross product with the do-
main. Thus, we have to keep track of the pick variables for
which we must assign a value of the domain. Specifically,
we define two new relations T and F in a recursive way:

T (a, a) = {(Poss(a), ∅, nil)}
T (a, b) = {}
T (φ?, a) = {}
T (δ1; δ2, a) =
{(¬F (δ1) ∧ φ, P, δ′1; δ2) | (φ, P, δ′1) ∈ T (δ1, a)} ∪
{(F (δ1) ∧ φ, P, δ′2) | (φ, P, δ′2) ∈ T (δ2, a)}

T (δ1|δ2, a) = T (δ1, a) ∪ T (δ2, a)
T (πz.δ, a) = {(φ, P ∪ z, δ′) | (φ, P, δ′) ∈ T (δ, a)}
T (δ∗, a) =
{(¬F (δ) ∧ φ, P, δ′; δ∗) | (φ, P, δ′) ∈ T (δ, a)}

F (a) = False
F (φ?) = φ
F (δ1; δ2) = F (δ1) ∧ F (δ2)
F (δ1|δ2) = F (δ1) ∨ F (δ2)
F (πz.δ) = ∃z.F (δ)
F (δ∗) = True

Given a Golog program δ and and action a, T (δ, a) returns a
set of triples (φ, P, δ′), where φ is a guard condition repre-
senting the cases in which the transition can be performed,



δ0 = (Pickup; (PressButton;∃r.ϕ(r)?)∗;
πr.∃r.ϕ(r)?;DeliverTo(r))∗;∀r.Delivered(r)?

δ1 = nil; (PressButton; ∃r.ϕ(r)?)∗;
πr.∃r.ϕ(r)?;DeliverTo(r); δ0

δ2 = nil; δ0

Pickup PressButton

{r}, DeliverToPickup

Figure 1: Program graph for the coffee-delivery robot.

P is the set of pick variables to be instantiated, and δ′ is
the remaining program; F (δ) is the condition under which δ
may terminate successfully. Note that φ is always a Boolean
condition over the predicate Poss(a) and formulas in tests
from δ and it is closed under conjunction and disjunction op-
erators. Note also that neither φ nor F can be evaluated at
this stage, because this would require knowing the domain.

Now, we can provide a definition for the program graph.
Definition 4. Let δ0 be a Golog program. The corresponding
program graph is G = ⟨Φ× 2V ×A, Q, q0, τ,L⟩, where

• Φ × 2V × A is the alphabet, with Φ a boolean formula
over tests and Poss and V the set of pick variables

• Q = Γδ0 is the syntactic closure of δ0
• q0 = δ0 is the initial program
• τ(q, φ, P, a, q′) iff (φ, P, q′) ∈ T (q, a)
• L(q) = F (q) is a label assigned to q

Example Cont. The program graph corresponding
to the coffee-delivery program previously introduced
is represented in Figure 1 (guards are omitted for
clarity). Note that the transition from the subpro-
gram after PressButton depends on which door was
opened by the environment, captured symbolically by
a guarded transition of the form τ(q,DoorOpen(r) ∧
¬Delivered(r), {r},MoveTo(r), q′).

Results about Program Graphs. We now summarize key
properties of the program graph used to symbolically encode
the structure of Golog programs. Unless otherwise specified,
we will write G for the program graph of a given Golog pro-
gram δ0, D for the NDBAT over which δ0 is executed and
M for a model ofD. First, we can talk about the dimensions
of the program graph:
Theorem 5. The number of nodes and the number of edges
in G are linear in the size of δ0.

Proof. By Theorem 1, the number of subprograms in Γδ0 is
linear in the size of δ0, which bounds the number of nodes
in G. Each node generates only a constant number of transi-
tions, so the number of edges is also linear.

We also relate program graphs with Golog’s operational
semantics. In particular, symbolic transitions in the graph
correspond to executable transitions in the model, and vice

versa, provided guard conditions are satisfied, and F (δ)
characterizes the same terminating configurations as Final.
Theorem 6. For all subprograms δ, δ′ ∈ Γδ0 , environment
terms x⃗, x⃗′, agent action a, and situations s:
1. If τ(δ, φ, P, a, δ′) ∈ G, ∀z ̸∈ P.x′

z = xz and M |=
φ[x⃗′][s], then there exists a reaction e such that M |=
Trans(δ, x⃗, s, δ′, x⃗′, do(a[x⃗′](e), s)).

2. For every reaction e, if M |= Trans(δ, x⃗, s, δ′, x⃗′,
do(a[x⃗′](e), s)), then there exists φ s.t. τ(δ, φ, P, a, δ′) ∈
G, ∀z ̸∈ P.x′

z = xz , and M |= φ[x⃗′][s].

Proof (sketch). We proceed by structural induction on the
syntax of δ. The base case is δ = a, where the graph con-
tains τ(a, Poss(a), ∅, a, nil). By the semantics of Trans
and the reaction existence/independence properties, M |=
Poss(a)[x⃗][s] iff there exists e s.t. M |= Trans(a, x⃗, s, nil,
x⃗, do(a[x⃗](e), s)). All other constructs follow because the
graph mimics the structure of the Trans rules.

Theorem 7. For all subprograms δ ∈ Γδ0 , environment
terms x⃗ and situations s, M |= Final(δ, x⃗, s) iff M |=
F (δ)[x⃗][s].

Proof (sketch). We proceed by structural induction on δ. For
δ = a, both Final(δ, x⃗, s) and F (δ) are False. For δ =
φ? they are both φ, respectively. For compound constructs,
F (δ) is built to match the structure of Final(δ, x⃗, s), and
the result follows from the inductive hypothesis.

Now, we can prove that a full execution trace to a final con-
figuration exists in the model if and only if there is a corre-
sponding path in the program graph.
Theorem 8. Let (δ0, x⃗0, s0) be an initial configuration.
Then, we have that M |= Trans∗(δ0, x⃗0, s0, δ, x⃗, s) ∧
Final(δ, x⃗, s) iff there is a sequence of transitions
τ(q0, ϕ1, P1, a1, q1), τ(q1, ϕ2, P2, a2, q2)...τ(qn−1, ϕn, Pn,
an, qn) in G, environment terms x0, ..., xn and reactions
e1, ..., en such that q0 = δ0, qn = δ, x⃗n = x⃗ and s = sn,
and for each i = 1, ..., n, (i) ∀z ̸∈ Pi, x

′
i,z = xi,z , (ii)

si = do(ai[xi](ei), si−1), (iii) M |= ϕi[xi][si−1], and (iv)
M |= F (qn)[xn][sn].

Proof (sketch). It follows from Theorem 6 and 7.

Finally, if we have a SD program, then the symbolic tran-
sition relation becomes functional.
Theorem 9. Suppose that δ0 is SD in S0 wrt D. For any
transitions τ(q, φ1, P, a, q

′
1) and τ(q, φ2, P, a, q

′
2) in G, if

there exists x⃗, x⃗′ and s such that ∀z ̸∈ P.x′
z = xz and

M |= φ1[x⃗
′][s] ∧ φ2[x⃗

′][s], then q′1 = q′2.

Proof (sketch). Suppose two transitions from q in G for the
same action a lead to q′1 and q′2, and both guards are satisfied
in M under the same x⃗ and s. By Theorem 6, both transi-
tions correspond to valid Trans steps. Since the program is
situation-determined, executing a from (q, x⃗, s) must yield
a unique successor configuration, so q′1 = q′2.

Thus, if δ0 is situation determined in S0 wrt D, the charac-
teristic graph becomes deterministic, and we can replace the
relation τ(q, φ, P, a, q′) by the function τ(q, φ, P, a) = q′.



Synthesis and Strategic Reasoning.
We now turn to the problem of synthesizing strategies that
allow an agent to successfully execute a Golog program in
the presence of adversarial nondeterminism. Building on the
symbolic program graphs introduced earlier, we integrate
these with a model of the domain to define a game arena
over which synthesis can be carried out.

TS-based Synthesis for First Order Domains We adopt
a transition system–based synthesis approach, where the
program graph and the domain model are combined into
a game structure that encodes the agent-environment in-
teraction. Consider a nondeterministic domain DM =
⟨2F ,A, s0, ρ, α⟩ where:

• 2F is the set of states, with s0 ∈ 2F the initial state
• α(s) ⊆ A represents action preconditions
• ρ(s, a, s′) with a ∈ α(s) is the transition relation

Note that for any NDBAT D and model M |= D, there is
a corresponding nondeterministic domain DM . We can de-
fine a game arena constructed by the cross product of the
program graph G and the nondeterministic domain.
Definition 10. Let δ0 be a program and DM a ND domain.
The cross product is a tuple:

⟨A ×Q×On × 2F ,Q×On × 2F ,(δ0, x⃗0, s0),Tr,Fin⟩
where
• A×Q×On × 2F is the alphabet
• Q×On × 2F is a set of states
• (δ0, x⃗0, s0) is the initial state
• Tr((δ, x⃗, s), (a, δ′, x⃗P , s′)) = (δ′, x⃗′, s′) is the transi-

tion function where (i) ∃φ.τ(δ, φ, P, a, δ′), (ii) ∀z ̸∈
P.x′

z = xz and ∀z ∈ P.x′
z = xP

z , (iii) s |= φ[x⃗′], and
(iv) ρ(s, a[x⃗′], s′)

• Fin = {(δ, x⃗, s) | s |= F (δ)[x⃗]} is the set of final states
This can be viewed as a game arena with alphabet Σ =

A × Q × On × 2F , where the agent controls the action A,
the remaining program Q, and the binding of the pick vari-
ables On, and where the environment controls the next state
2F . A game strategy is a function κ : G → A × Q × On

mapping states of the game g ∈ G to agent actions, remain-
ing programs, and bindings for the pick variables. The set
of plays induced by a game strategy κ in the game arena
A, Play(κ,A), is the set of all plays g0, g1, ... ∈ Gω such
that g0 is the initial state of A and there exists an environ-
ment state s′ such that Tr(gi, (κ(gi), s′)) = gi+1. A game
strategy κ is winning in A if, for every play g0, g1, ... in
Play(κ,A), there exists some i such that Fin(gi).

Agent Control and Strategic Reasoning.1 In order to
represent the ability of the agent to execute an agent program
in a ND domain, (DL21) introduce AgtCanForceBy(δ, f, s)
as an adversarial version of Do in presence of environment
reactions. This predicate states that strategy f , a function
from situations to agent actions (including the special action
stop), executes SD Golog agent program δ in situation s con-
sidering its nondeterminism angelic, as in the standard Do,

1These results can be extended to non-SD programs.

but also considering the nondeterminism of environment
devilish/adversarial. Here is a version of AgtCanForceBy
that considers the presence of an environment term x⃗:

AgtCanForceBy(δ, x⃗, f, s)
.
= ∀P.[. . . ⊃ P (δ, x⃗, s)]

where . . . stands for
[f(s) = stop ∧ Final(δ, x⃗, s) ⊃ P (δ, x⃗, s)] ∧
[∃a.(f(s) = a ̸= stop ∧
∃e.∃δ′.∃x⃗′.T rans(δ, x⃗, s, δ′, x⃗′, do(a[x⃗′](e), s)) ∧
∀e.(∃δ′.∃x⃗′.T rans(δ, x⃗, s, δ′, x⃗′, do(a[x⃗′](e), s))) ⊃
∃δ′.∃x⃗′.T rans(δ, x⃗, s, δ′, x⃗′, do(a[x⃗′](e), s)) ∧
P (δ′, x⃗′, do(a[x⃗′](e), s)) ⊃ P (δ, x⃗, s)]

We say that predicate AgtCanForce(δ, x⃗, s) holds iff there
exists a strategy f s.t. AgtCanForceBy(δ, x⃗, f, s) holds.
Theorem 11. For any SD program δ0, subprogram δ ∈ Γδ0 ,
environment term x⃗, situation s and strategy f , we have that:

M |= AgtCanForceBy(δ, x⃗, f, s)
iff (δ, x⃗, s) is in the least set Pµ such that
if f(s)=stop ∧M |= Final(δ, x⃗, s), then (δ, x⃗, s) ∈ Pµ

if f(s)=a, a ̸= stop and there exists e, δ′, and x⃗′ s.t.
M |= Trans(δ, x⃗, s, δ′, x⃗′, do(a[x⃗′](e), s))
and for all e the existence of δ′ and x⃗′ s.t.
M |= Trans(δ, x⃗, s, δ′, x⃗′, do(a[x⃗′](e), s)) implies
(δ′, x⃗′, do(a[x⃗′](e), s)) ∈ Pµ, then (δ, x⃗, s) ∈ Pµ

iff (δ, x⃗, s) is in the least set Pµ such that
if f(s)=stop and M |= F (δ)[x⃗][s], then (δ, x⃗, s) ∈ Pµ

if f(s)=a, a ̸= stop and there exists φ, δ′, and x⃗′ s.t.
τ(δ, φ, P, a, δ′), for all z not in P, x′

z = xz and
M |= φ[x⃗′][s], and for all e the existence of δ′ and x⃗′

s.t. τ(δ, φ, P, a, δ′) and M |= φ[x⃗′][s] implies that
(δ′, x⃗′, do(a[x⃗′](e), s)) is in Pµ, then (δ, x⃗, s) ∈ Pµ

Proof. This follows directly from Theorems 6 and 7.

Finally, the next result shows that the existence of a winning
strategy in the game arena means that the agent is able to
execute the program starting from the initial situation in the
underlying situation calculus model.
Theorem 12. Let δ0 be a SD Golog program, D an NDBAT,
M a model of D, DM the nondeterministic domain corre-
sponding to M , and A the game arena generated by δ0 and
DM . Then M |= AgtCanForce(δ0, x⃗, S0) iff there exists a
winning strategy in A.

Proof (sketch). The agent can force successful execution in
the model iff there is a strategy s.t. all executions lead to
a final configuration. The executions correspond to paths in
the game arena that reach a final state. Hence, the strategy
exists iff there is a winning strategy in the arena.

Example Cont. In the coffee delivery domain, the agent
aims to ensure that every office eventually receives a cup of
coffee, despite not controlling which door opens after each
button press. The synthesis problem consists of coming up
with a strategy f such that the agent can force the success-
ful termination of the program δ from an initial situation S0

where no coffee has been delivered yet. A valid strategy re-
peatedly executes the PressButton action until some room
r satisfies both DoorOpen(r) and¬Delivered(r), at which



point it moves to r and delivers the coffee. The nondeter-
minism due to the environment’s control is handled by the
agent’s loop structure, which scans for a suitable target once
the environment has revealed an open room.

Fixpoint Verification Procedure. To implement the pred-
icate AgtCanForceBy in practice, one can adopt a sound
symbolic fixpoint procedure that explores the executions of
the agent program under all possible environment reactions.
(De Giacomo, Lespérance, and Pearce 2010, 2016) present
such a procedure for verifying first-order (FO) µ-ATL prop-
erties (Alur, Henzinger, and Kupferman 2002; Bradfield and
Stirling 2007) over game structures. In particular, they de-
velop a procedure [[Ψ]] for verifying a property Ψ by la-
beling nodes in a program graph, leveraging regression and
fixpoint approximates (Tarski 1955).

Here, we want to verify AgtCanForce, which can be de-
fined as a least fixpoint formula in their logic. The labeling
of a program graph G is denoted by Z and produces a set
{⟨δ, ϕ⟩ | δ ∈ G} where each node δ is associated with a FO
formula ϕ that characterizes the situations s and environ-
ment terms x⃗ in which AgtCanForce(δ, x⃗, s) is satisfied,
i.e., the situations starting from which the agent can exe-
cute δ by following a certain strategy. We call a configura-
tion (δ, x⃗, s) winning if we have a formula ϕ that guarantees
AgtCanForce for that configuration, i.e. D |= ϕ(s), and
if we fix δ and x⃗, a strategy is winning if the configuration
(δ, x⃗, s) is winning.

For each program, we need to compute the formula ϕ
that captures all the configurations that are winning for
AgtCanForce, and we can proceed iteratively knowing that
if in configuration (δ, x⃗, s) the agent can execute an action
such that all possible resulting configurations (δ′, x⃗′, s′) are
winning, then (δ, x⃗, s) is also winning. We can attempt to
verify AgtCanForce by a least fixpoint procedure that iter-
atively generates better approximations of the labeling.

The least fixpoint approximation procedure is given by:
Z ← [[False]]
Znew ← Final(Z) ∨ PreAdv(Z)
while(Z ̸= Znew) {
Z ← Znew

Znew ← Final(Z) ∨ PreAdv(Z)}
where we use Z ̸= Znew as an abbreviation for Dca ̸|=∧

⟨δ,ϕ⟩∈Z,⟨δ,ϕnew⟩∈Znew
ϕ ≡ ϕnew. Now we just need to de-

fine the adversarial preimage of Z:
PreAdv(Z) = {⟨δ, ϕ⟩ | δ ∈ G and
ϕ =

∨
τ(δ,φ,P,a,q′)∈G,⟨q′,ϕ′⟩∈Z

∃x⃗P .[∀z ̸∈ P.x′
z = xz ∧ ∀z ∈ P.x′

z = xP
z ] ∧

φ[x⃗′] ⊃ ∀e ∈ React.R(ϕ′[do(a[x⃗′](e), s)])}
where R is one-step regression applied to the labels. In-
tuitively, PreAdv computes the set of configurations from
which the agent can take an action s.t. all environment reac-
tions lead to winning configurations. Note that, in general,
the procedure is incomplete due to undecidability and the in-
finiteness of FO domains. Termination can be ensured by re-
stricting to the propositional setting, to a decidable fragment
of FOL or to the bounded situation calculus (De Giacomo,
Lespérance, and Patrizi 2016; De Giacomo et al. 2021).

Theorem 13. Let (δ0, x0, S0) be an initial configuration. If
the labeling procedure terminates and ⟨δ0, ϕ⟩ is in the re-
turned set, then D |= AgtCanForce(δ0, x0, S0) if and only
if DS0

∪ Dca |= ϕ[S0].

Proof (sketch). By induction on the fixpoint construction.
The labeling procedure mirrors the characterization of
AgtCanForce (Thm 11), using Final for base cases and
PreAdv to propagate winning configurations. Soundness
follows from the correctness of these constructions.

Using Programs to Constrain the Environment
Handling Environment Programs. Our framework nat-
urally extends to scenarios where the environment’s be-
havior is constrained by its own program. We assume that
the environment program contains only one action, namely
DoReaction, taking the reaction e selected by the environ-
ment as a parameter, and that it can refer to the current action
selected by the agent, which is denoted by the special sym-
bol ac. Here, we need to adapt the semantics of the programs
and define Trans and Final for both the agent program, de-
noted δa, and the environment program, denoted δe. Below
is a sketch of Transa and Transe:

Transa(a, x⃗, s, δ′a, x⃗
′, a) ≡

Possag(a[x⃗], s) ∧ δ′ = nil ∧ x⃗′ = x⃗
Transa(φ?, x⃗, s, δ′a, x⃗

′, a) ≡ False
...

Transe(DoReaction(e), x⃗, a, s, δ′e, x⃗
′, e) ≡

Poss(a(e), s) ∧ δ′e = nil ∧ x⃗′ = x⃗
Transe(φ?, x⃗, a, s, δ′e, x⃗

′, e) ≡ False
...

T ransa is the same as in the original definition, but it has the
action selected by the agent a as its last parameter instead of
the next situation s′; Transe is similar, but it takes as input
the agent action a and selects the environment reaction e
(because the reaction depends on the action chosen by the
agent), and again drops s′. Finala and Finale are equal to
the original definition, except that Finale has a among its
parameters, and in the final condition for tests we substitute
the symbol ac with the actual action a:

Finale(DoReaction(e), x⃗, a, s) ≡ False
Finale(φ?, x⃗, a, s) ≡ φ[x⃗, ac/a][s]
...

Finally, system transitions result from the interleaved ex-
ecution of the agent program and the environment program:

Trans(δa, x⃗, δe, y⃗, s, δ
′
a, x⃗

′, δ′e, y⃗
′, s′) ≡

Transa(δa, x⃗, s, δ
′
a, x⃗

′, a) ∧
Transe(δe, y⃗, a[x⃗

′], s, δ′e, y⃗
′, e) ∧

s′ = do(a[x⃗′](e), s)

A final configuration is reached when both programs have
terminated:

Final(δa, x⃗, δe, y⃗, s) ≡
Final(δa, x⃗, s) ∧ Final(δe, y⃗, a, s)

Note that we could easily construct a program graph for
the environment programs, and if we compute the cross



product between the program graph of δa and the program
graph of δe, we still obtain a program graph. It means that
everything we have shown carries over even in this setting.
This leads to a joint fixpoint definition of agent-environment
interaction. We extend the predicate AgtCanForceByIf to
capture whether an agent strategy f can enforce the suc-
cessful execution of δa in the presence of an adversarial but
constrained environment running δe.

AgtCanForceByIf (δa, x⃗, δe, y⃗, f, s)
.
=

∀P.[. . . ⊃ P (δa, x⃗, δe, y⃗, s)], where . . . stands for
[(f(s) = stop ∧ Final(δa, x⃗, s)) ⊃ P (δa, x⃗, δe, y⃗, s)] ∧
[∃a.(f(s) = a ̸= stop ∧ ∃e.∃x⃗′, y⃗′.∃δ′a, δ′e.
T rans(δa, x⃗, δe, y⃗, s, δ

′
a, x⃗

′, δ′e, y⃗
′, do(a[x⃗′](e), s)) ∧

∀e.∀y⃗′.(∃δ′a, δ′e.∃x⃗.
T rans(δa, x⃗, δe, y⃗, s, δ

′
a, x⃗

′, δ′e, y⃗
′, do(a[x⃗′](e), s)) ⊃

P (δ′a, x⃗
′, δ′e, y⃗

′, do(a[x⃗′](e), s)) ⊃ P (δa, x⃗, δe, y⃗, s)]

We can use an analogous fixpoint procedure as before to do
synthesis for this.

Example Cont. In our running example, the environment
program can specify how the environment selects which
door to open in response to the robot’s PressButton ac-
tion. In general, the environment reaction will be Success
if the action is not PressButton, and it will be door to be
opened (openOfficeA, openOfficeB , ...) otherwise:

δe = (((πx.ac ̸= PressButton ∧ x = Success?;
DoReaction(x))∗);

(πy.ac = PressButton ∧ CanOpen(y)?;
DoReaction(y)))∗

As explained before, we ensure the environment not to be
“unfair” using the fluent CanOpen, which prevents the en-
vironment from maintaining a door closed indefinitely.

Discussion
We have presented a general approach for strategic rea-
soning over high-level agent programs in the situation cal-
culus, focusing on the first-order nondeterministic setting,
where programs constrain the behaviors of both the agent
and the environment. This is related to the broader prob-
lem of planning with domain control knowledge (DCK),
where traditional goal specifications are replaced by pro-
cedural, action-centric descriptions that express preferences
over the manner in which goals are achieved. (Baier, Fritz,
and McIlraith 2007; Baier et al. 2008) addressed this chal-
lenge by compiling DCK and temporally extended user pref-
erences into planning problem instances, thereby ensuring
that only action sequences adhering to the procedural con-
straints are generated. They proved how Golog-like pro-
grams can be translated into PDDL, enabling the use of
domain-independent heuristic planners. (Fritz, Baier, and
McIlraith 2008) extended this compilation approach to Con-
Golog, a variant of Golog that supports explicit concurrency
between programs.

In the case of Golog, the progression of procedural con-
trol knowledge is modeled using a nondeterministic finite
automaton with ϵ-transitions (ϵ-NFA), where ϵ denotes a
transition that does not consume any action. However, the

environment remains entirely unconstrained, which signifi-
cantly limits the ability to model realistic scenarios involv-
ing adversarial or unpredictable behavior. Moreover, only
angelic nondeterminism originating from favorable program
choices is considered, while devilish nondeterminism, stem-
ming from hostile environmental influences, is not captured.
Consequently, their frameworks are not suitable for model-
ing or reasoning about adversarial environments.

Our framework is also related to the work of (HC25),
which investigates a game-theoretic approach to synthesiz-
ing strategies for agents whose behavior is guided by a Golog
program and constrained by an LTLf temporal specification.
In their approach, a finite game arena is constructed that en-
codes all possible executions of the Golog program under
environment nondeterminism, while concurrently tracking
the satisfaction of the LTLf temporal goal. To guarantee de-
cidability, they restrict the underlying basic action theories
to C2 (Gradel, Otto, and Rosen 1997; Zarrieß and Claßen
2016), a decidable two-variable fragment of FOL, and simi-
larly constrain the temporal formulas by substituting propo-
sitions with quantifier-free C2 first-order formulas. While
these restrictions ensure computational tractability, they sig-
nificantly limit the expressive power of the framework.

Although their work provides an important contribution
toward bridging agent programming with temporal logic
synthesis, its applicability is limited to very simple scenar-
ios. The experimental evaluation offers a proof-of-concept
but reveals substantial scalability challenges. In contrast, our
framework is capable of addressing substantially more com-
plex domains while being simpler and more natural. We
provide formal results on the relation between the execu-
tion paths in the program graph and Golog transition se-
mantics (that can be translated also to characteristic graphs),
and between TS-based synthesis and agent’s ability to exe-
cute a program in a first-order domain, as well as a fixpoint
evaluation procedure for performing synthesis. Furthermore,
they use Golog programs as constraints for the entire sys-
tem, while our approach is more flexible and richer since
it includes distinct programs constraining the agent and the
environment, opening to possible extension to multi-agent
system settings.

Golog provides procedural task specifications to contrast
with declarative ones such as LTLf /LDLf (De Giacomo and
Vardi 2013, 2015). When the object domain is finite and the
initial state is known, our method is sound and complete. Its
cost is polynomial in the game arena, which in turn is poly-
nomial in the initial program, whereas LTLf /LDLf synthe-
sis is 2EXPTIME in general. A natural direction for future
work is therefore to investigate finite-state settings and ap-
ply concrete synthesis algorithms, enabling a direct compar-
ison between procedural programs and temporally extended
specifications like LDLf .

Another possible direction is to explore alternative ways
of constraining the environment, for instance by using LTL
trace constraints as in (De Giacomo, Lespérance, and Man-
canelli 2025), where an LTL formula Cstr is imposed on
environment behaviours and AgtCanForceByIf is defined
to express that an agent can force δ along all paths satisfying
Cstr when following f from s.
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