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Abstract

We study the problem of realizing strategies for an LTLy
goal specification while ensuring that at least an LTL s backup
specification is satisfied in case of unreliability of certain in-
put variables. We formally define the problem and character-
ize its worst-case complexity as 2EXPTIME-complete, like
standard LTL; synthesis. Then we devise three different so-
lution techniques: one based on direct automata manipula-
tion, which is 2EXPTIME, one disregarding unreliable input
variables by adopting a belief construction, which is 3EX-
PTIME, and one leveraging second-order quantified LTL
(QLTLy), which is 2EXPTIME and allows for a direct encod-
ing into monadic second-order logic, which in turn is worst-
case nonelementary. We prove their correctness and evaluate
them against each other empirically. Interestingly, theoreti-
cal worst-case bounds do not translate into observed perfor-
mance; the MSO technique performs best, followed by belief
construction and direct automata manipulation. As a byprod-
uct of our study, we provide a general synthesis procedure for
arbitrary QLTLy specifications.

Code — http://github.com/whitemech/Itlf-synth-unrel-
input-aaai2025
Extended version — http://arxiv.org/abs/2412.14728

1 Introduction

One of the key challenges in Artificial Intelligence is to
equip intelligent agents with the autonomous capability to
deliberate and execute complex courses of action to accom-
plish desired tasks, see, e.g. the work on reasoning about
action (Reiter 2001) and on planning (Ghallab, Nau, and
Traverso 2016).

The problem we study is related to reactive synthesis in
Formal Methods (Pnueli and Rosner 1989; Finkbeiner 2016;
Ehlers et al. 2017), which shares deep similarities with plan-
ning in fully observable nondeterministic domains (FOND,
strong plans (Cimatti, Roveri, and Traverso 1998; Geffner
and Bonet 2013)). A reactive synthesis setting is character-
ized by (boolean) variables, partitioned into input and output
variables, changing over time. We have two entities acting in
this setting: the environment that controls the input variables
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(or fluents, in planning terminology), and the agent who con-
trols the output variables (or actions, in planning terminol-
ogy). Given a specification, the agent has to find a strategy
(or plan in planning terms) to choose its outputs to fulfil the
specification by suitably reacting to the inputs chosen (pos-
sibly adversarially) by the environment.

In Formal Methods, the most common specification for-
malism is Linear Temporal Logic (LTL) (Pnueli 1977). In
Al a finite trace variant of LTL (LTLy) is popular (Gabbay
et al. 1980; Baier and Mcilraith 2006; De Giacomo and Vardi
2013; De Giacomo and Rubin 2018). The interest in finite
traces is due to the observation that, typically, intelligent
agents are not dedicated to a single task (specification) all
their lives but are supposed to accomplish one task after an-
other. In this paper, we will focus on LTL as a specification
language.

Note that in reactive synthesis, at any point, the agent ob-
serves the current input and, based on its value (along with
previous input values), decides how to react by choosing an
appropriate output towards satisfying the specification. In-
terestingly, machine-learning techniques are bringing about
notable advancements in sensing technologies (i.e., gener-
ation of input), as showcased by the success of vision and
autonomous driving techniques. However, machine-learning
techniques are typically data-oriented and hence have a sta-
tistical nature that may generate occasional unreliability
of the input produced. Consider a surgical robot that uses
machine-learning models to interpret sensory data and guide
its actions with precision during complex medical proce-
dures. Due to the inherent imprecision of the input mod-
els, it may misinterpret a critical piece of data regarding the
patient’s anatomy (for instance, the robot might incorrectly
identify a blood vessel as a different tissue type due to subtle
variances in the imaging data that were not accounted for in
the training phase of the AI model). This misinterpretation
can lead the robot to make an inaccurate incision, potentially
causing unintended harm to the patient.

In this paper, we study how to address such potential un-
reliability in the values of input variables in reactive synthe-
sis. One way to address this unreliability is to disregard the
unreliable input completely and not consider it in choosing
the next output (Bloem et al. 2019). This is related to plan-
ning/synthesis under partial observability (Rintanen 2004;
De Giacomo and Vardi 2016; Kupferman and Vardi 2000;



Ehlers and Topcu 2015). However, this might be too radical
and could drastically reduce the agent’s ability to operate,
considering that the unreliability we are considering is only
occasional. Our objective instead is to ensure that the sys-
tem maintains functionality and adheres to critical specifica-
tions, despite uncertain and unreliable inputs. If the uncer-
tainty is quantifiable, we could rely on probabilities turning
to MDPs (Baier and Katoen 2008; Geffner and Bonet 2013)
or Stochastic Games (Kwiatkowska 2016). Yet, as stated in
a report by the White House, “software does not necessar-
ily conform neatly to probabilistic distributions, making it
difficult to apply statistical models or predictions commonly
used in other scientific disciplines” (Office of the National
Cyber Director 2024). Here we aim at exploring a novel syn-
thesis method to manage the potential unreliability of input
variables obtained without relying on probabilities.

The crux of our approach is not to give up on using input
variables that might be unreliable but to complement them
with the guarantee that even when they behave badly, some
safeguard conditions are maintained. Specifically, we con-
sider two models simultaneously, a brave model where all
input variables are considered reliable (as usual in synthe-
sis), and a cautious one where unreliable input is projected
out and discarded (De Giacomo and Vardi 2016). Using
these two models, we devise a strategy that simultaneously
fulfils the task objectives completely if the input variables
behave correctly and maintains certain fallback conditions
even if the unreliable input variables behave wrongly.

Our contributions are the following:

* A formalization of LTL ; synthesis under unreliable input,
which follows the framework described above.

The computational characterization of the problem
in terms of worst-case complexity as 2EXPTIME-
complete, as standard LTL synthesis.

Three provably correct synthesis techniques, one based
on a direct method, one based on a belief construction
and one based on solving synthesis for QLTL ¢ formulas,
where QLTL ¢, second-order quantified LTL , is the finite
trace variant of QLTL (Sistla, Vardi, and Wolper 1985;
Calvanese, Giacomo, and Vardi 2002).

The three techniques have different complexities: the di-
rect one is 2EXPTIME, the one based on a belief con-
struction is 3EXPTIME, and one based QLTL[ is 2EX-
PTIME, but also admits a direct encoding in monadic
second-order logic over finite sequences (MSO), which
is non-elementary.

An experimental assessment of the three synthesis tech-
niques. Interestingly, the theoretical worst-case bounds
do not translate into observed performance; the MSO
technique performs best, followed by belief construction
and direct automata manipulation.'

As a side result, we present a synthesis technique for ar-
bitrary QLTL specifications. For space reasons proofs are
omitted; however, can be found in the extended version.

!Observe that, following the state-of-the-art, the implementa-
tion of all the techniques makes use of the tool MONA (Henriksen
et al. 1995), which is based on first-order/monadic second-order
logic over finite sequences, both non-elementary in the worst case.
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2 Preliminaries
Definition 1. The language of LTL ¢ is defined by

pi=Al-pleNd|op|oUy
with A € P, where P is a set of propositional variables.

Other modalities, like Weak Next (@ := —0—), Even-
tually (Q), and Always ([J), can be defined.

Definition 2 (LTL; semantics). Given a trace t € (27)%,
the satisfaction relation ¢,7 = ¢ is defined inductively for
1 < i <length(t) = last:

t,i E Aiff A € t(i)

tiE—pifft, i ¥ @

tiiFpeAYifft,iFpandt,i Fy

t,iEopiffi <lastandt, i+ 1F ¢

t,i E ¢ U 9 iff for some j with i < 5 < last we have
t,j F 1 andforall k withi < k < j we have t, k F ¢.

We say that a trace satisfies an LTL y-formula, written as
tE g, ifft, 1 F p.

Synthesis under full observability. Classical LTL; syn-
thesis refers to a game between an agent and the environ-
ment. Both control a subset of the variables of an LTL ;-
formula ¢, which the agent tries to satisfy.

An agent’s strategy is a function o : (2%¥)* — 2Y. The
strategy o realizes a formula ¢ if, for any infinite sequence
A= (Xo,X1,...) € (2%)“, there exists a k € N such that
the finite trace ¢t = ((Xo, Yo), - - -, (Xk, Y%)) satisfies ¢ (i.e.
tE ), where Y; = o(Xo, ..., Xi—1).

DFA Games. The standard technique for solving LTL
synthesis works by reducing it to solving a reachability
game on a DFA (De Giacomo and Vardi 2013). A DFA
game is also played between two players, the agent and
the environment. They have corresponding sets of boolean
variables X', ). The specification of a game is given by
a DFA G = (2%, S 50,6, F) where 2% is the al-
phabet, S the set of states, the initial state sg, total tran-
sition function § : S x 2*¥YY — S and the set of fi-
nal states ' C S. A play on a DFA game is a sequence
p= ((Si70,X0 U Yb), (Si,l,Xl U Yl), .. ) S (S X 2XUJ))+
with s; 41 = (8,5, X; UY;). Such a play is winning if
it ends in a final state. We say that a player has a winning
strategy in a DFA game if they can choose the variables in
a way that guarantees to end up in a final state regardless of
how the other player responds.

3 LTL; Synthesis under Unreliable Input
Before formalizing the problem, we introduce some addi-
tional notation. The projection function projy,(t) removes all
variables in ) from a trace ¢ over propositional variables P.
The expansion function exp,, (tA) takes a trace ¢ over variables
P (with V NP = @) and returns all traces ¢ by setting vari-
ables in V in every possible way at all instants of 7. For traces
tandt’,t ~_y t' meanst € expy,(projy,(t')). Slightly abus-
ing notation, we use the same syntax to denote two subsets
of P being equal up to elements of V. We model uncertainty
about the environment by assuming the agent cannot rely on
the readings of certain environment variables; thus, we re-
quire that after any changes in these readings still satisfy a
backup condition; this leads to the following formalization:



Definition 3 (LTL ; synthesis under unreliable input). Given
LTL ;-formulas ¢,,,y, over variables X @ ), called re-
spectively the main and backup specification, and a parti-
tioning X = X, W &), of the input variables into re-
liable and unreliable ones respectively, solving LTL; syn-
thesis under unreliable input amounts to finding a strategy
o : (2%)* — 2Y such that for any infinite sequence of vari-
ables A = (Xo, X1,...) € (2%)” there is an index k € N
such that

1. The finite trace ¢t = ((Xo, Yo), ..., (Xg, Yx)) with Y; =
o(Xo, ..., X;—1) satisfies ¢, i.e., t F @,
2. and every ¢’ with ¢/ ~_y, 1 satisfies @, i.e., t' F .

Our problem extends standard LTL y synthesis by using T
as a backup formula and X,,,, = &. Since LTL; synthesis
is 2EXPTIME-complete (De Giacomo and Vardi 2013), our
problem is 2EXPTIME-hard. We later show a matching up-
per bound (see Theorem 10). The problem is also related,
however distinct, to LTL ; synthesis under partial observabil-
ity (De Giacomo and Vardi 2016). If the main specification
goal is trivial (i.e. setting @,, = T), our problem degener-
ates into LTL s synthesis under partial observability.

Let us illustrate the problem with some examples, which
are designed such that by suitably choosing parameters, re-
alizability can be controlled.

Example 4 (Sheep). A farmer wants to move her n sheep
from the left to the right of a river, always moving two
sheep simultaneously (it is inspired by well-known puz-
zles (Lampis and Mitsou 2007)). However, some pairs of
sheep may not like each other. If she can correctly observe
the animosities, she wants to move all sheep; however, when
her intuition about which sheep are compatible is unreliable,
only a subset (her favourite sheep) must be moved.

Here, the agent has n output variables, of which she can

always activate two to request the environment to move
the corresponding sheep. Additionally, if for any poten-
tially forbidden pair of sheep ¢, j, an unreliable input vari-
able disallow; ; is activated, it indicates that ¢ and j cannot
be moved together. This leads to synthesis for the formula
Cag N (Penv D ©goat), With different ¢g,q; for main and
backup. Here, the unreliable inputs are variables disallow; ;
for each pair of sheep that may not like each other.
Example 5 (Trap). A robot is searching for a path from a ver-
tex v of a graph with n vertices to a set of secure vertices. For
simplicity of modelling, there are at most 2 outgoing edges
from any vertex. However, the environment may control the
state of a set of traps, allowing it to divert one of two edges to
a different endpoint. If the robot can correctly sense the state
of the traps, it should move to a secure vertex; however, if it
cannot correctly observe the traps, the same strategy should
guarantee that the (larger) backup safety region is reached.

We can model this with ¢ unreliable input variables ¢; that
indicate the state of each trap. Additionally, the environment
controls [log,(n)] variables for denoting the current posi-
tion. The main and backup specifications then both have the
form weny — Vg O(pos(v)), where \/, . p O(pos(v)) en-
sures that the agent ends up in the corresponding region.
Example 6 (Hiker). We model a hiker on a trail of length n in
the Alps who wants to eat berries, avoiding poisonous ones
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that could make her sick. Due to the similarity between poi-
sonous and non-poisonous berries, she might consume poi-
sonous ones if her senses are unreliable. Fortunately, natural
medical herbs along the trail can cure sickness. Her main
goal is to eat all non-poisonous berries, and even when her
senses are unreliable, she wants to ensure that she is not sick

by the end of the trail.

We can model this as an instance of syn-
thesis under wunreliable input by having X =
{berry, poison, sick, herb, eot} and y =

{eat, takeMedicine, collectMedicine}. We then have
an environment specification ¢, and an agent main
and backup goal. The main specification then is simply
e D O(berry A —poison D eat) A {(eot). And the backup
specification is ¢, D O(eot A —sick). The only unreliable
input variable here is the variable that indicates whether
the berry before the hiker (if existent) is poisonous, i.e.
Xunr = {poison}. The environment constraints specify
how each of the variables changes; for example, for
sickness, we have the following environment constraint
(in the style of successor state axioms (Reiter 1991)):
osick = 0T A (0eat A berry A poison)
V (sick A —=(inbag A takeMedication))

In general, the hiker does not have a strategy to solve this
under unreliable input, as when there are no herbs along the
path, she cannot guarantee fulfilling the backup specifica-
tion under unreliable input. However, if we force there to be
herbal medicine at least at one point of her trail, then the
following strategy realises both goals: Eat all berries, collect
the medicine when it is on the trail and finally, use it after
eating all berries. The backup specification in this setting
does not influence realisability but changes which strategies
successfully realise the goal, as this blocks simple strategies
such as eating all berries that appear non-poisonous and dis-
regarding the medicine.

4 Technique 1: Direct Automata

Recall that we can essentially view the problem as the agent
having to satisfy two goals in the brave and cautious arena
simultaneously. This suggests combining an arena for the
main goal under full observability with an arena for the
backup goal under partial observability. We first describe the
construction before showing correctness. It has three main
ingredients: an automaton recognizing the main formula,
one for the backup formula under partial observability and
the correct combination of these, the synchronous product.

Definition 7 (Synchronous Product of DFAs). Given two
DFAs G; = (2% x2Y,S;, s0.4,6;, F;) (fori € {1,2}, and de-
fined over the same alphabet), we define their synchronous
product as G1 @Gy = (2% x2Y S; xS, (s0,1,50,2),0", F'),
where 5/((81, 82), O’) = ((51(51, (7), (52(82, 0')) and F’
F1 X FQ.

Let us now describe the construction of the automaton for
the backup formula under partial observability:

* First, we create an NFA for the complement of the for-
mula, i.e. A-.

* Next, we existentially abstract over the unreliable inputs
Ui, ..., Uy, yielding an NFA (A-,)3v, ... v, , Which we



formally define in Definition 8.
* Lastly, we determinize the NFA using subset construc-
tion. We then complement the final DFA obtaining our

final automaton D((A-,)sv,,....0,.)-

Formally, we can define the existential abstraction:

Definition 8. Given an NFA N = (2% x 2V 5,4, 50, F),

(2% x 2Y,8,68', 50, F) by setting

(s, (X, V) ={s|3X"X ~_pt,

,,,,,

Theorem 9. Solving synthesis for the synchronous product
of the LTLg-automaton for o, Awm, and the automaton

D((A-y)3u,...,u,, ) solves synthesis under unreliable input.

Theorem 10. The outlined technique has worst-case com-
plexity of 2EXPTIME.

Combined with the 2EXPTIME-hardness of LTL ; synthe-
sis, this establishes 2EXPTIME-completeness for synthesis
under unreliable input:

Theorem 11. LTL; synthesis under unreliable input is
2EXPTIME-complete.

This algorithm can be efficiently implemented in a sym-
bolic synthesis framework. Here, given symbolic automata,
the synchronous product simply corresponds to merging the
sets of bits representing states and conjunction with the BDD
representation for the final states (i.e. De Giacomo, Parretti,
and Zhu (2023)). The construction of the NFA can be effi-
ciently implemented symbolically by translating the negated
formula into Pure-Past-LTLf, and thus constructing a DFA
for the reverse language of —¢; (as described in Zhu, Pu,
and Vardi (2019)). Then the subset construction (for deter-
minization), reversal and existential abstraction can be car-
ried out efficiently on the BDDs. For instance, the subset
construction step can be carried out symbolically by intro-
ducing one variable for each state of the NFA.

5 Technique 2: Belief-States

De Giacomo and Vardi (2016) also investigate a second tech-
nique for generating an automaton to solve the game under
partial observability, namely the belief-state construction,
that we can basically use as an alternative to constructing
an automaton for the backup formula under partial observ-
ability, keeping the other steps identical.

Definition 12 (Belief State DFA Game). Given a DFA game
A = (29 S, 50, F) with input variables partitioned into
X = X,y W Xynyr, we define the belief-state game gffl =

(2¥YY B, By, 0, F) as follows: B = 2° (the power set of
states), By = {so} (the initial state lifted to the power set),
d: B x 2¥9Y — B defined by

(B, (XUY)) ={s' | Is € BIX'.X ~_xy . X' N(s,(X'UY)) =5},
and F = 2F (the final states of the game).

With this definition, we can show correctness and charac-
terize the complexity.

vn X'Ns' € 5(s, (X', V)1
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Theorem 13. Solving synthesis for the synchronous product
of the LTL-automaton for p,,, A, , and the belief-state

automaton foi solves synthesis under unreliable input.
b

Theorem 14. Solving synthesis with backup using the
belief-state construction yields a 3SEXPTIME algorithm.

Proof. This follows from the fact that constructing the
belief-state automaton takes 3EXPTIME (construction of
the DFA from the formula takes 2EXPTIME, then the belief-
state construction costs another exponential); generating the
DFA for the main formula takes 2EXPTIME, the other steps
are polynomial. O

The belief state construction can also be implemented
symbolically efficiently, similar to the subset construction
for the direct approach (Tabajara and Vardi 2020).

6 Quantified LTL ; Synthesis

Our third technique builds on translating the problem into
synhesis for QLTL ¢, which is a variant of QLTL, that sim-
ilarly adds second-order quantification over propositional
variables to LTL. In this section, we present a general al-
gorithm for QLTL; synthesis. We then cast synthesis under
unreliable input as a special case of this problem and show
that for such formulas, the general algorithm matches the
2EXPTIME bound. A QLTL; formula is given by the fol-

lowing grammar (X denotes a second-order variable):?

p=X|-plony]op|oUy|IX.p

The satisfaction relation for QLTL is defined as for LTL,
with an additional clause for the second-order quantifier:

tiFIXp:e Wit~ xt' At iEp

Universal quantification in QLTLy is defined as V.X.p :=
—3X.—; other modalities are defined as in LTL ;. More in-
formally, the existential quantifier 3x.¢’ in QLTL states
that there is at least a way to modify where in the trace a
variable x holds, thereby making the formula ¢ true. A for-
mula is in prenex normal form (PNF) if it is of the form
Q1X1.Q2Xs. ...QnX,. ¢ where ¢ is an LTL-formula
and Q; € {V, 3}. Any formula can be polytime-transformed
into PNF, similar to QLTL (Piribauer et al. 2021). The alter-
nation count of a formula in PNF is the number of indices ¢

st Qi # Qit1.
Theorem 15. Synthesis for a QLTL ¢-formula 1) with k al-
ternations can be solved in (k + 2)-EXPTIME.

Theorem 16. A strategy o realizes the instance of LTLj
synthesis under unreliable input with X, = {Uy,...,Up}
iff it realizes synthesis for the QLTLy formula ¢,, A
VUl. .. .VUn.gﬁb.

From counting the alternations in the formula, we can de-
duce that this technique has optimal worst-case complexity.

Theorem 17. Solving LTL ; synthesis under unreliable input
by translating into QLTL y has complexity 2ZEXPTIME.

In QLTL ¢ and MSO, with a little abuse of notation, we do not
distinguish between second-order variables and propositions - open
variables act as propositions.



7 Technique 3: MSO Encoding

Exploiting Theorem 16 we now propose a third solu-
tion technique for LTL; synthesis under unreliable input.
Specifically, we start from the QLTL specification ¢,, A
VU;....VU,.pp translate it into monadic second-order logic
(MSO0), and then use MONA to obtain the DFA correspond-
ing to the original specification (for synthesis under unreli-
able input). Then we can solve the DFA game, just like in
standard LTL; synthesis. In fact, this approach also works
for synthesis of arbitrary QLTL y formulas.

Formulas of MSO are given by the following grammar
(x,y denote first-order variables, and X denotes a second-
order variable):

p=X(@) |z <yl (@AY)| | Ir.p|IX.p.

We then consider monadic structures as interpretations
that correspond to traces. We use the notation ¢, [z/i] E ¢
to denote that this interpretation of second-order variables,
with assigning 7 to the FO-variable x satisfies ¢. We can then
give a translation and show its correctness:

Definition 18. We define a translation mso from QLTL
to MSO by setting (we use standard abbreviations for
suce(x,y), x < y,and x < last):

mso(X,z) = X(z)
mso(—p,x) = —mso(p,x)
mso(p A, z) = mso(p, ) A mso(i),x)
mso(Op,x) = Fy.succ(z,y) A mso(p,y)
mso(p U, z) = 3Fy.(x <y < last) A mso(y,y)
NVz.(x < z <y — mso(y, z))
mso(3X.p,z) = 3TX.mso(p,x)

Theorem 19. For any closed QLTLy formula ¢ and finite
trace t, t,i F @ iff t, [x/i] E mso(p, ).

This translation gives us the following technique to solve
synthesis for a QLTL; formula. Once we have translated the
formula to MSO, we can use MONA to obtain the DFA and
then play the DFA game to solve synthesis.

Theorem 20. The technique for QLTL ; synthesis is correct.
As aresult, we can correctly solve our problem:

Theorem 21. The technique to solve synthesis under un-
reliable input with LTLy main specification ., and LTL
backup specification ¢y, based on synthesis for the QLTL
Sformula v = @, ANVU;. .. YU, .y, is correct.

As we already discussed, we can only upper-bound the
runtime using MONA as worst-case non-elementary be-
cause of the MSO-to-DFA translation. This technique can be
easily implemented using Syft (Zhu et al. 2017), an open-
source LTL syntheziser.” The only modifications to Syft’s
pipeline happen before running synthesis; only the input we
generate for MONA changes. It is interesting to notice that
the implementations of the other techniques end up using
MONA to create the DFA, too, since they use Syft.

>The original Syft source code is available at github.com/
Shufang-Zhu/Syft. For our modifications, see the earlier linked
repository.
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8 Empirical Evaluation

We implemented the algorithms to empirically evaluate their
performance. While the direct technique is optimal in the
worst case, our empirical results show that other techniques
perform comparably or even better. Implementation. We
built the techniques on top of the LTL s-synthesis tool Syft,
reusing existing implementations for belief-state and direct
automata construction (Tabajara and Vardi 2020) with some
adjustments. Benchmarks. We used instances of the exam-
ples of varying sizes: hiker (trail length 10 to 50, increments
of 5), sheep (even input sizes up to n = 10), and trap graphs
(multiple sizes). For sheep, we restricted our attention to
even input sizes as otherwise, trivially synthesis under un-
reliable input is impossible since standard synthesis already
is. For n > 10, DFA-generation using MONA timed out.

Experimental Setup. Experiments were conducted on a
high-performance compute cluster running Red Hat Enter-
prise Linux 8.10. Tests used an Intel Xeon Platinum 8268
processor (2.9 GHz) with 256 GB RAM per test, executed
on a single CPU core.

Experimental Results. We report the results for each ex-
ample; all terminating runs produced correct results. Graphs
of the runtime on different instances of the examples can
be found in Figures 1 and 2. We used an average of 2 runs
to produce the results. Given the deterministic nature of our
algorithms, the additional run is only for double-checking.
The y-axis shows the total runtime in seconds (DFA con-
struction and synthesis combined) for our test suite, while
the x-axis lists each test name. Each test has three bars rep-
resenting runtimes for the direct automata (blue), belief state
(orange), and MSO approach (green). Striped bars reaching
the red timeout line indicate tests that ran out of memory or
exceeded 30 minutes.

The main findings are this: Considering only the amount
of test cases solved within the time limit, MSO performs
best, with belief-state second and direct approach solving
the least and noticeably smaller amount. We conjecture that
this is partly due to MONA’s efficient implementation and its
already minimized DFAs, unlike the non-minimized product
DFAs we compute, which worsen runtime for synthesis.

In general, the runtime of MSO is lower (and, for big-
ger examples, orders of magnitude lower) than that of the
other approaches. For the hiker example, both MSO and be-
lief state construction can solve all test cases up to 50 in
length. In contrast, projection only manages to solve very
small examples. Here, it is notable that many tests timed out
during DFA construction, suggesting that constructing the
automaton for the reversed language for these examples is
hard. This pattern also shows up in the other examples, al-
beit less pronounced. As discussed before, in sheep and trap,
as the number of sheep or traps increases, the number of
variables also increases, while for hiker, this is constant (6
input variables, 3 output variables); hence, hiker examples
are solvable for larger values. We performed a Wilcoxon-
signed rank test with a significance level of a = .05, both
for each example individually and for the whole dataset. The
runtimes are significantly different between approaches, ex-
cept for the runtime difference between direct and belief ap-
proaches on the trap examples. We compared our MSO syn-



thesis technique’s performance with synthesis for the main
and backup formula under full/partial observability, respec-
tively. Our runtime is proportional to the sum of both, with
a maximum 2.5x overhead.

9 Related Work

Our work is related to previous investigations on LTL; Syn-
thesis under partial observability, a problem that was origi-
nally investigated by De Giacomo and Vardi (2016). While
related, our problem is novel: it requires the agent to simul-
taneously play two games in different arenas with distinct
objectives, one corresponding to standard synthesis and the
other to synthesis with partial information, thereby general-
izing the problem. Further, Tabajara and Vardi (2020) em-
pirically investigate implementing algorithms for LTL s syn-
thesis under partial observability, translating the results from
De Giacomo and Vardi (2016) into practice. They also dis-
cuss an MSO approach (though they do not discuss QLTL ¢
explicitly), the direct approach, and belief state construction.
Our empirical results, however, are somewhat different; in
our benchmarks, we never encountered situations where the
direct approach or belief state construction solved instances
that were not solvable using MSO, which they encounter in
all their benchmarks. This may be because we have both a
main and backup specification, and the larger main specifi-
cation often dominates the runtime; additionally, the experi-
mental setups (i.e., amount of memory) were different. Sim-
ilarly related is work on LTL synthesis under partial informa-
tion (Kupferman and Vardi 2000; Ehlers and Topcu 2015).
However, we did not investigate embeddings into LTL in our
setting because of the generally better scalability of LTL
synthesis (Zhu et al. 2020).

There are both stochastic and non-stochastic related ap-
proaches. De Giacomo, Parretti, and Zhu (2023) consider
computing best-effort LTL s-strategies. While in both their
setting and ours multiple variants of the environment are
considered, their best-effort synthesis assumes a fully reli-
able and observable environment, which does not apply to
our framework, and rather models the agent being uncer-
tain about the specific environment and not errors in the in-
put. In the stochastic setting, Yu et al. (2024) studied the
trembling hand problem, which refers to scenarios where the
agent may instruct a wrong action (with a certain probabil-
ity). In contrast, in our setting, the unreliability is on the en-
vironment. Multiple works use partially observable Markov
decision processes to cope with uncertainty about the en-
vironment (Hibbard et al. 2019; Lauri, Hsu, and Pajarinen
2022). More closely related is planning under partial ob-
servability; for example, Aineto et al. (2023) study planning
where the agent’s actions may fail up to k times, which is
similar to our framework and could be modeled in it. Sim-
ilarly, Aminof et al. (2022) consider planning for multiple
agents in a partially reliable environment simultaneously.
Our work is also related to work on planning with soft and
hard LTL/ LDL; goals. For example, Rahmani and O’Kane
(2020, 2019) consider the problem of satisfying an LTL spec-
ification while guaranteeing that a subset of some soft con-
straints (expressed in LDLy or LTL, respectively) is satis-
fied (where they are ordered by priority). Guo and Zavlanos
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Figure 1: Runtime for the sheep and hiker examples.
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Figure 2: Runtime for the trap examples.

(2018) address the synthesis of control policies for MDPs
that ensure high-probability satisfaction of LTL tasks while
optimizing total cost; their method too employs a product of
automata, but additionally involves solving two linear pro-
grams.

Wu (2007) characterizes the expressive power of QLTL,
observing that one alternation already suffices to express all
w-regular languages. Recently, there has been renewed in-
terest in second-order quantification in infinite-trace variants
of LTL (Piribauer et al. 2021); however, we are not aware of
prior work on QLTL .

10 Conclusion

In this paper, we investigated reactive synthesis with backup
goals for unreliable inputs using LTL; as our specifica-
tion language. We presented three algorithms, two of which
match the 2EXPTIME-hardness result, of which the MSO
approach performs best. Moreover, we showed how our
problem can be seen as an instance of QLTL; synthesis.
While we investigated synthesis with unreliable input in the
context of LTLy, but it would be interesting to extend this
study to other forms of specifications, possibly distinguish-
ing the formalism used for the main goal and the backup one
(i.e., using LTL safety specifications, Aminof et al. (2023));
furthermore one could here explore where the backup goal
is satisfied earlier or later than the main goal. Additionally,
it may be instructive to consider our problem in planning
domains. Our techniques do not rely on probabilities and
always ensure the backup condition is met, which is cru-
cial for safety-critical scenarios. For less critical systems,
this requirement may be relaxed by using quantitative tech-
niques. In this paper, we have also introduced techniques for
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synthesis in QLTL;. QLTL; deserves further study, includ-
ing whether other problems can be cast naturally as QLTL
synthesis.
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