
“© 2021 IEEE. Personal use of this material is permitted. Permission from IEEE must be obtained for 

all other uses, in any current or future media, including reprinting/republishing this material for  

advertising or promotional purposes, creating new collective works, for resale or redistribution to 

servers or lists, or reuse of any copyrighted component of this work in other works.” 



Signal Temporal Logic Synthesis as Probabilistic Inference

Ki Myung Brian Lee, Chanyeol Yoo and Robert Fitch

Abstract— We reformulate the signal temporal logic (STL)
synthesis problem as a maximum a-posteriori (MAP) inference
problem. To this end, we introduce the notion of random
STL (RSTL), which extends deterministic STL with random
predicates. This new probabilistic extension naturally leads to
a synthesis-as-inference approach. The proposed method allows
for differentiable, gradient-based synthesis while extending the
class of possible uncertain semantics. We demonstrate that the
proposed framework scales well with GPU-acceleration, and
present realistic applications of uncertain semantics in robotics
that involve target tracking and the use of occupancy grids.

I. INTRODUCTION

Temporal logic is a promising tool for robotics applica-
tions and explainable AI in that it can be used to repre-
sent rich, complex task objectives in the form of human-
readable logical specifications. Robot systems equipped with
the capability to perform STL synthesis can implement
powerful, intuitive command interfaces using STL. We are
interested in developing STL synthesis for practical, real-
world applications by viewing the synthesis problem as a
form of probabilistic inference.

More widespread adoption of formal methods in robot
systems, in our view, is limited by two main factors. First, the
computational requirements of existing synthesis methods
are seen as prohibitive. Second, achieving computational
efficiency is seen to compromise semantic expressivity.

The approach we adopt in this paper is to address chal-
lenges in both computational efficiency and expressivity
by viewing STL synthesis as probabilistic inference. This
probabilistic approach fits naturally with robotics perception-
action pipelines for important information gathering tasks
such as search, target tracking, and mapping.

We first present a probabilistic extension of STL, called
random STL (RSTL), that is designed to support synthesis
of robot trajectories that satisfy specifications defined over
uncertain events in the environment. Formally, RSTL extends
STL to include uncertain semantic labels. The gain in
expressivity is the capacity to specify tasks in a way that
facilitates robust behaviour in real-world settings; uncertainty
that is inherent to practical environments can be anticipated
explicitly instead of handled reactively. Synthesising tra-
jectories is a differentiable problem that largely resembles
previously proposed differentiable measures of robustness for
deterministic STL synthesis.
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We then present three approximate methods for computing
the probability of satisfaction of RSTL formulae. Incorpo-
rating these methods, we implement synthesis using GPU-
accelerated gradient ascent and output the most probable
sequence of control actions to satisfy the given specification.

To evaluate our method, we report empirical results that
illustrate correctness, convergence, and scalability properties.
Further, our method inherits the benefits of gradient-based
MPC, including the anytime property and predictable com-
putation time per iteration.

To demonstrate practical use in common robotics sce-
narios, we provide case studies involving target search and
occupancy grids. These examples show that desirable be-
haviour naturally arises, such as prioritising targets whose
location uncertainty is increasing over targets that are phys-
ically proximate. They also demonstrate the use of complex
predicates such occupancy grids which are prevalent robotics
applications. Computational efficiency is shown to parallel
recent advances in approximate synthesis for deterministic
STL and, importantly, can be further improved through
additional GPU hardware to enable development of highly
capable robot systems.

We view the main contribution of this work as a step to-
wards the feasibility of temporal logic for robotics in practice
through the introduction of a new method for synthesis as
probabilistic inference that can accommodate powerful task
specifications and that has useful performance characteristics.
Our work also provides the basis for interesting theoretical
extensions that would allow temporal logic specifications
to be integrated with estimation methods and belief-based
planning.

II. RELATED WORK

To model tasks in uncertain environments, one approach
is to model the robots’ dynamics as a discrete Markov deci-
sion process (MDP), where each state is assigned semantic
labels with corresponding uncertainty [1–4]. A natural task
specification tool is linear temporal logic (LTL), given which
a product MDP [1] is constructed from an automaton and a
sequence of actions are found that maximize the probability
of satisfaction. These ideas can be extended to the contin-
uous case by judiciously partitioning the environment [5–
7]. However, we find that partitioning is computationally
prohibitive for online operations in uncertain environments,
because any change in belief about the environment would
lead to invalidation and expensive recomputation. Moreover,
the construction of a product MDP is a computationally
expensive operation, and improving its scalability remains
an open problem.



Signal temporal logic (STL) [8] is defined over continuous
signals. Unlike in LTL, satisfaction is determined using
continuous-valued robustness [9]. Existing work uses STL to
specify a task defined over a set of deterministic classes of
conditions on the environment uncertainty, such as chance
constraints or variance limits [10–12]. However, since the
robustness evaluation is not differentiable, a common ap-
proach is to synthesise solutions using mixed integer linear
programming (MILP) which scales exponentially with the
size of mission horizon [10, 13]. To address the inherent
complexity, the robustness metric is approximated to smooth
the search space and find a solution using gradient ascent.

III. PROBLEM FORMULATION

Suppose we have a robot with N -dimensional state xt ∈
RN and control actions ut ∈ U, where U is a continuous
set of admissible control actions. The robot’s dynamics is
uncertain, and is modelled by a discrete-time, continuous-
space MDP P(xt+1 | xt,ut) between t and t + 1, so that
the trajectory distribution over a horizon T is given by:

P(X | U) = P(x1)

T∏
t=1

P(xt+1 | xt,ut), (1)

where X ≡ x1...xT and U ≡ u1...uT .
The robot encounters a finite set of random events E =

{E1, ..., EM} (e.g., ‘object detected’), whose probability of
occurrence depends on robot’s state xt and time t. We are
interested in finding control actions U∗ that maximises the
probability of satisfying a task Φ defined over E (e.g. ‘detect
all objects’). Namely, this is a synthesis problem:

Problem 1 (Synthesis). Given the uncertain dynamics (1),
and a task specification Φ over a set of random events E with
probability of satisfaction P ((X, t) |= Φ), find an optimal
sequence of controls U∗ such that the trajectory X max-
imises the probability of satisfying Φ over time horizon T :

U∗ = argmax
U∈UT

P ((X, t) |= Φ) , (2)

with respect to time t = 1.

IV. STL SYNTHESIS AS PROBABILISTIC INFERENCE

In this section, we first introduce random signal temporal
logic (RSTL), a probabilistic extension of STL that allows
specification of tasks Φ over random events E . We then
present a probabilistic inference formulation of Problem 1.

A. Random STL Formulae

We model the random events E = {E1, ..., EM} as (not
necessarily independent) Bernoulli random variables that
are dependent on robot’s state and time, with conditional
probability of occurrence:

P(Ei = 1 | xt, t) = Pi(xt, t). (3)

In other words, each Ei is a Bernoulli random field over
RN ×R+. Given a set of random events E , the syntax of an
RSTL formula Φ is given by:

Φ := E | ¬Φ | Φ ∧Ψ | ΦU[t1,t2]Ψ, (4)

where E ∈ E , and Ψ,Φ are RSTL formulae. ¬ is logical
negation, ∧ is logical conjunction. U is the temporal operator
‘Until’, and ΦU[t1,t2]Ψ means Φ must hold true between
time [t1, t2] until Ψ. Other operators such as ∨ (disjunction),
F[t1,t2] (‘in Future’, i.e., eventually) and G[t1,t2] (‘Globally’,
i.e., always) can be derived from the syntax the same way
as deterministic STL [8]. The events E will be referred to
as ‘event predicates’.

RSTL is random in the sense that, for a given trajectory
X, the satisfaction of an RSTL formula Φ is a Bernoulli
random event. The probability of satisfaction is the expected
rate of satisfaction computed over sampled instances of the
event predicates Ê = {e1, ..., eM} ∼ E :

P((X, t) |= Φ) = E
Ê∼E

Sat(X, t, Ê ,Φ), (5)

where Sat(X, t, Ê ,Φ) is a deterministic function evaluated
recursively as:

Sat(X, t, Ê , Ei) ≡ ei(xt, t) ∼ Pi(xt, t)
Sat(X, t, Ê ,¬Φ) ≡ ¬Sat(X, t, Ê ,Φ)

Sat(X, t, Ê ,Φ ∧Ψ) ≡ Sat(X, t, Ê ,Φ) ∧ Sat(X, t, Ê ,Ψ)

Sat(X, t, Ê ,ΦU[t1,t2]Ψ) ≡∨
τ1∈t+[t1,t2]

∧
τ2∈t1+[0,τ1]

Sat(X, τ2, Ê ,Φ) ∨ Sat(X, τ1, Ê ,Ψ).

(6)
Note that ei(xt, t) ∈ {0, 1} is a sample from Ei at robot
state xt and time t.

B. STL Synthesis as Inference

Since both task satisfaction and robot dynamics are prob-
abilistic, it is natural to ask if Problem 1 can be solved
solely within the realm of probability theory. This is achieved
by the control-as-inference paradigm [14, 15], which has
been shown to not only encompass existing optimal control
problems, but also to enable new approaches. We follow a
similar development and present an inference formulation of
Problem 1.

In this formulation, the problem is modelled by the joint
distribution among task satisfaction, robot trajectory, and
control actions:

P(Φt,X,U) = P(Φt | X)P(X | U)P(U), (7)

where P(Φt | X) ≡ P((X, t) |= Φ) denotes the probability
satisfaction of Φ given X with respect to time t.

Here, P(U) is our prior belief on what the control actions
should be, and is representative of the admissible control
space U in the synthesis formulation. For example, if P(U)
is a zero-mean Gaussian prior, it is equivalent to penalising
quadratic control cost. The prior can derive from other
knowledge, e.g., an imitation-learnt prior as [16] does for
optimal control.

A balance between admissibility and probability of sat-
isfaction is captured by the posterior probability of control



actions given that the task is satisfied:

P(U | Φt) ∝ P(Φt | U)P(U)

= P(U)

∫
P(Φt | X)P(X | U)dX,

(8)

We thus pose Problem 1 as a maximum a posteriori (MAP)
inference problem:

Problem 2 (Inference). Given the dynamic model (1) and
an RSTL task specification Φ, find the MAP control actions
U∗ given the robot’s trajectory satisfies Φ with respect to t:

U∗ = argmax
U

P(U | Φt). (9)

V. APPROXIMATE GRADIENT ASCENT

In this section, we first present approximate methods that
allow analytical evaluation of (5). We then present a gradient-
ascent scheme on these approximate evaluations.

A. Conditional Independence Approximation

To compute (5) analytically, we observe that (5) applies
logical operations to samples from Bernoulli random vari-
ables. A convenient approximation is the product relation
for independent Bernoulli random variables A and B:

P(A ∧B) = P(A)P(B). (10)

Technically, the product relation holds true if the operands
are conditionally independent given X. The conditionally
independent (CI)-approximation is defined by one of the
authors [17] as follows:

Definition 1 (CI-approximation [17]). Given an RSTL for-
mula Φ, the CI-approximation of P(Φt | x) is defined by:

P(Eit | X) ≡ Pi(X, t)
P(¬Φt | X) ≡ 1− P(Φt | X)

P(
∧
i

Φit | X) ≡
∏
i

P(Φit | X)

P((G[t1,t2]Φ)t | X) ≡
∏

τ∈t+[t1,t2]

P(Φτ | X)

(11)

B. Log-odds Transform

The output range for CI-approximation of P (11) is [0, 1]
since it computes probability. This can lead to numerical in-
stability, and gradient ascent often leads to poor convergence.
A natural re-parameterisation for Bernoulli random variables
is the log-odds:

L(A) = log
P(A)

P(¬A)
, (12)

It can be shown with some algebraic manipulations that
re-writing the CI rule for pairwise disjunction ∨ in (11) in
terms of log-odds leads to:

L(A ∨B) = log
P(A)P(B) + P(¬A)P(B) + P(A)P(¬B)

P(¬A)P(¬B)

= lse(L(A),L(B),L(A) + L(B)),
(13)

where A and B are independent Bernoulli random variables,
and lse is the log-sum-exp function:

lse(L1, ...,LN ) = log
∑
i

expLi. (14)

A series of disjunction operations (13) is then:

L

(∨
i∈I

Ai

)
= log

∑
J∈2I

exp
∑
j∈J
L(Aj), (15)

where 2I denotes the power set of I .
Computing log-sum-exp over sum of all subsets is clearly

cumbersome. We avoid such computation by using the re-
lationship between elementary symmetric polynomials and
monic polynomials. Observe that the summations over j ∈ J
can be taken out of the exponential as products. Then, we
have all elementary symmetric polynomials over Ai less 1.
We thus arrive at a more compact expression:

L

(∨
i

Ai

)
= log

(∏
i

(
1 + expL(Ai)

)
− 1

)
. (16)

Now, the CI computation rules in the log-odds domain are
given as follows:

Definition 2 (CI-approximate log-odds). Given an RSTL
formula Φ, the CI-approximation of log-odds of satisfaction
L(Φt | X) is calculated by:

L(Eit | X) ≡ logPi(X, t)− log(1− Pi(X, t))
L(¬Φt | X) ≡ −L(Φt | X)

L

(∨
i

Φit | X

)
≡ log

(∏
i

(1 + expL(Φit | X))− 1)

)
L((F[t1,t2]Φ)t | X) ≡ log

(∏
τ∈t+[t1,t2]

(
1 + expL(Φτ | X

)
− 1
)
.

(17)

It is interesting to note that the proposed computation
rules for probability of satisfaction exhibits strong similar-
ities to existing work on deterministic STL synthesis and
model checking [8, 18–20]. In the log-odds domain, certain
satisfaction (i.e. probability of 1) translates to∞, certain dis-
satisfaction is −∞, and absolute uncertainty (i.e. probability
of 0.5) is 0, which are the behaviours of spatial robustness
measure for deterministic STL introduced in [8]. Further,
the log-sum-exp function has been used in deterministic
STL synthesis [18, 19] as a smooth approximation of the
maximum function. Finally, A similar expression to (16)
was presented in [20] as an alternative robustness measure
for deterministic STL. The authors report encouragement of
repeated satisfaction, which is consistent with the probability
of disjunction increasing with increasing probability of the
disjuncts.

Given that the approaches that do not encourage repeated
satisfaction [18, 19] still report acceptable results, we con-
sider the following approximation for disjunction:

L(A ∨B) ≈ lse(L(A),L(B)))

= log
P(A)P(¬B) + P(¬A)P(B)

P(¬A)P(¬B)
.

(18)



(a) F(A) ∧ F(B) (b) F(A ∧ F(B))

Fig. 1. Comparison of the CI (green) and ME (blue) approximation results
against MC estimates (‘Empirical’). CI is exact for F(A)∧F(B), while ME
underestimates. For F(A∧F(B)), the error increases, but not significantly.
Naive method’s result showed numerically insignificant difference to CI, and
is omitted.

This ignores repeated satisfaction by omitting the P(A)P(B)
term from the numerator of (13). Meanwhile, there is a
potential numerical benefit that log-sum-exp can be com-
puted numerically stably with the so-called log-sum-exp
trick, while the product in (16) may underflow. We thus
define the mutually exclusive (ME) approximation as follows.

Definition 3 (ME approximation). Given an RSTL formula
Φ, the ME approximation of L(Φt | X) is calculated by:

L(Eit | X) ≡ logPi(X, t)− log(1− Pi(X, t))
L(¬Φt | X) ≡ −L(Φt | X)

L(Φt ∨Ψt | X) ≡ lse(L(Φt | x),L(Ψt | X))

L((FIΦ)t | X) ≡ log
∑
τ∈t+I

expL(Φτ | X).

(19)

C. Synthesis with Gradient-Ascent

With the probability or log-odds of satisfaction computed,
we synthesise a MAP control sequence U∗ that maximises
the posterior probability. We use Jensen’s inequality to bound
the log of posterior probability (9):

logP(U | Φt) ≥ E
X∼P(X|U)

[logP(Φt | X))] + logP(U).

(20)
Subsequently, we maximize the lower bound:

U∗ = argmax
U

E
X∼P(X|U)

[logP(Φt | U)]+logP(U). (21)

The maximisation is done by gradient ascent on (21).
Because the expectation in (21) is intractable, we replace
it with an empirical mean over a Ns number of trajectory
samples, so that the i-th gradient ascent step is:

Ûi+1 = Ûi+
1

Ns

∑
j

∂

∂Ûi
[logP(Φt | Xj

1:T (Ûi))+logP(Ûi)],

(22)
where Ûi+1 =

[
ûi1...û

i
T

]
. Each trajectory sample Xj(Ûi)

is obtained by propagating the dynamic model (1) forward
in time including actuation uncertainty. Note that, as long as
the predicates’ distributions and the dynamic model are dif-
ferentiable, so is (22). For both CI and ME approximations,

analytical gradients can be computed easily using autograd
frameworks such as Tensorflow [21] or PyTorch [22, 23].
Therefore, we do not present the expressions here.

VI. EMPIRICAL ANALYSIS

We evaluate the practical performance characteristics of
the proposed method. We first demonstrate that the proposed
CI (17) and ME (19) methods reasonably approximate the
ground truth (5). We then examine the convergence charac-
teristics of the gradient ascent (22) solution, and demonstrate
the computational benefits of GPU acceleration.

A. Quality of Approximation

In this section, we evaluate whether the CI and ME
approximations compute the probability of satisfaction ac-
curately. Because the CI computation rule assumes indepen-
dence amongst operands, we expect it to be exact if 1) all
predicates are conditionally independent; 2) each predicate is
independent across time and space; and 3) only one operator
uses each predicate. For example, assuming 1) and 2) hold,
we expect the CI rule to be exact on FA ∧ FB, but not
F(A ∧ FB), because the disjuncts of the outer F operator
are not independent. The ME computation rules (19) will not
be exact in any case.

We validate these hypotheses by comparing against a
1000-sample Monte Carlo (MC) approximation of RSTL
probability of satisfaction (5). We used the trajectories from
the first 2000 gradient ascent steps generated from the
target search scenario (Fig. 4). For simplicity, we evaluated
each predicates’ marginal probability independently before
sampling, so that the first two conditions of exactness hold.

In Fig. 1a, CI (green) and ME (blue) results are compared
against the MC estimate for FA ∧ FB. It can be seen that
the CI method matches the MC result as expected, while
ME consistently underestimates. This is expected, because
ME does not account for multiple satisfaction.

Figure 1b shows comparison for F(A ∧ FB). As FB is
double-counted by the outer F , CI and ME tend to over-
estimate, but not by much. ME continues to underestimate,
and CI matches the MC closely, showing that CI and ME
are reasonable approximations for practical applications.

B. Convergence

Gradient-based methods cannot guarantee globally optimal
solutions unless the objective is convex. We analyse the
convergence characteristics of the proposed computation
rules in the target search scenario (Fig. 4). We randomly
generated 100 initial conditions from the control prior P(U),
and ran the gradient ascent step for 2000 iterations, with
Ns = 1, 50, 100 number of trajectory samples.

Figure 2 shows the probability of satisfaction over gradient
ascent steps for naive CI ((11), red), log-odds CI ((17), green)
and log-odds ME ((19), blue) methods with varying number
of trajectory samples Ns. It can be seen that while log-odds
CI and ME methods find global and local optima, the naive
CI method does not find any. The naive CI method’s failure
is attributed to the computation rules (11) being bounded to



(a) Ns = 1 (b) Ns = 50 (c) Ns = 100

Fig. 2. Comparison of convergence with number of trajectory samples. Solid lines are medians.

Fig. 3. Comparison of average computation time per gradient ascent step
between combinations of CPU (red) and GPU (green) with CI (upward
triangle and ME (downward triangle). GPU shows 4-fold improvement in
scalability. Variance was in the order of 10−4 for all configurations.

[0, 1] range, which causes numerical errors to build up. Note
that log-odds ME reports lower probability of satisfaction
due to its underestimation property, but we found that the
resulting trajectories were still similar.

With increasing Ns, the variance in probability of satis-
faction is decreased. In practice, this means the generated
plan will more reliably account for state uncertainty, which
is useful for, e.g., the collision avoidance scenario in Fig. 5.

C. Computation Time

The results in Sec. VI-B illustrate that it is important to
use multiple initial conditions and more trajectory samples
to ensure reliable operation. However, this would inevitably
increase the computation time as well.

GPU acceleration is a prominent means to circumvent the
issue of computation time, but not all algorithms benefit from
GPU acceleration. To determine if our proposed methods
benefit from GPU acceleration, we compare the computation
time per gradient ascent step of our Tensorflow [21] imple-
mentation between GPU and CPU. We used all combinations
between Ns = 1, 10, 50, 100 and Nu = 1, 10, 50, 100, and
computed the mean over 1000 gradient ascent steps. We used
a desktop with CPU (Intel i5-9500) and a GPU (NVIDIA
RTX2060) to conduct the experiment.

Figure 3 shows the computation time with varying number
of initial conditions Nu and the number of state samples Ns.
We found that the total number of samples Nu×Ns explains
all changes. The result shows that the computation time

with GPU is significantly lower than that with CPU, and
that using a GPU leads to 4-fold improvement in scalability.
This demonstrates that the proposed gradient ascent method
benefits from GPU acceleration.

VII. CASE STUDIES

We demonstrate two example cases that illustrate the
benefit of using RSTL for task specification in uncertain
environments. The proposed gradient ascent method was im-
plemented in Tensorflow [21]. For all examples, we consider
a robot described by a bicycle dynamic model:

ẋt =

ẋtẏt
θ̇t

 =

Vt cos θt
Vt sin θt
ωt + εt

 , (23)

where εt ∼ N (0, σu) is white Gaussian noise. The control
inputs are ut =

[
Vt ωt

]>
.

A. 2D Target Search

We consider a 2D target search scenario, where a robot
is tasked with detecting possibly moving targets in the
environment: Tom and Jerry. Jerry, as usual, is moving with
increasing uncertainty, while Tom is stationary with high
certainty. Figure 4 depicts an example where the mean paths
for Tom and Jerry are shown in green and red. The growing
uncertainty over time is shown around the mean. Note that
since Tom (in green) is known to be stationary, its uncertainty
does not grow over time. The robot starts at [0, 0]>.

The task of finding Tom and Jerry can be expressed using
RSTL as Φ = F(DTom) ∧ F(DJerry) (i.e., ‘eventually detect
Tom and eventually detect Jerry’).

We model the events DTom and DJerry as follows. If the
location is known, the robot detects Tom and Jerry with
likelihood modelled by:

P(Dt | xt, zt) = PD exp

(
||xt − zt||2

2r2D

)
, (24)

where zt is the location of the target, rD is the radius of
detection, and PD controls the peak.

Tom and Jerry are modelled by a constant acceleration
model, which is a linear Gaussian system. The mean z̄a,bt and
Σa,bt are propagated given the robots’ belief at t = 0 using



(a) t = 15 (b) t = 10

(c) t = 45 (d) t = 45

Fig. 4. A 2D target search scenario. The robot (blue) is tasked with
detecting both Tom (Green) and Jerry (Red). The global optimum with
P(Φ | x) ≈ 0.7 (left column) is to detect Jerry before uncertainty grows.
A local optimum with P(Φ | x) ≈ 0.5 (right column) prefers Tom, who is
closer. Circles show 1-covariance bound.

(a) σu = 10−4 (b) σu = 0.1

Fig. 5. Results for complex indoor mission. The robot’s (blue) task
is a conjunction of ‘never visit Rob (red) or Bob (blue) before visiting
sanitising station (green), and avoid obstacles (grey colormap)’, and ’visit
Rob (red) and Bob (blue)’. With higher actuation uncertainty σu, the
trajectory becomes further from the walls. Solid lines are the robot’s nominal
trajectory in the absence of noise. Transparent blue lines are the noised
samples used during synthesis. The start location is top-left corner.

the standard prediction equations. The marginal probability
of detection accounting for their uncertainty is given by:

P(Dt | xt) =

∫
exp

(
||xt − z̄t||2

2r2d

)
N (z̄t,Σ

z
t )dzt

=
√

2πNrNd N (z̄t,Σ
z
t + r2dI),

(25)

where N (z̄t,Σ
z
t ) is the multivariate Gaussian PDF.

Figure 4 shows global and local optima found using the
log-odds CI computation rule (17). It can be seen that the
global optimum (Figs. 4a and 4c) is to detect Jerry first at t =
15 (Fig. 4a), and to return to Tom at t = 45 (Fig. 4c), while
the local optimum is to detect Tom first at t = 10 (Fig. 4b)
and then Jerry later. This is because the uncertainty of Jerry

grows unlike Tom, and the optimal trajectory should detect
Jerry first before its uncertainty grows. This demonstrates
that RSTL naturally reasons over uncertainty.

B. Complex Missions in an Indoor Environment

Consider a nursing robot in an indoor environment, mod-
elled as an occupancy grid O such that Oi,j is the probability
of obstacle occupancy. Collision with an obstacle is modelled
by an interpolation:

P(O | xt) =
∑
i,j

Kij(xt)Oi,j , (26)

where Kij(x) denotes the interpolant.
The robot cares for two patients, Rob and Bob. The doctor

asks the robot to avoid obstacles, and to never visit any of
the patients before visiting the sanitising station, which can
be written as an RSTL formula:

Φ1 = (¬(DRob ∨DBob)UDSan) ∧ G(¬O), (27)

where DRob, DBob, and DSan are distributed as per (25).
Now, in addition to the previous command, the doctor asks

the robot to visit the two patients:

Φ2 = F(DRob) ∧ F(DBob) ∧ Φ1. (28)

We created an occupancy grid from a realistic dataset
commonly used in perception research [24, 25], and com-
pared the results with low (10−4rads−1) and high (σu =
0.1rads−1) actuation uncertainty. The results are shown in
Fig. 5. In both cases, the generated trajectory is correct,
visiting the sanitising station first, and then the two patients.
Interestingly, the trajectory changes drastically when control
noise increases. The path with small control noise in Fig. 5a
is aggressively close to the wall, whereas the path with
control noise in Fig. 5b is more conservative in that the
robot keeps distance away from the wall by manoeuvring
around the obstacle. This demonstrates that the proposed
probabilistic formulation enables risk-averse behaviour in
STL synthesis, a crucial property for practical applications.

VIII. CONCLUSION

We have presented a probabilistic inference perspective on
STL synthesis based on RSTL and corresponding algorithms.
Our method exhibits appealing computational and expressiv-
ity characteristics that suit practical robotics applications. We
anticipate that the inference formulation of STL synthesis
presented in this paper will accelerate the development
of explainable AI techniques through seamless integration
between formal methods and machine learning techniques as
did the optimal control-as-inference paradigm [14, 15]. Many
avenues of future work arise from our results; one of the
most exciting is integration with estimation methods [26–28]
that would allow multi-robot systems to augment or replace
explicit communication for behaviour coordination with tra-
jectory predictions derived from specifications [29, 30].
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