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Abstract
AI-driven planning has greatly expanded the scope of autonomy, transforming how

robots perceive, reason, and act in complex environments. Foundation models trained
on Internet-scale multimodal data have been a key driver behind this boost in auton-
omy. However, deploying existing models and techniques in safety-critical applica-
tions remains challenging due to the lack of a structured methodology to enforce strict
behavioral and safety requirements. These constraints are essential for reliable opera-
tion in dynamic, real-world settings.

Historically, formal specifications, particularly linear temporal logic (LTL) and
signal temporal logic (STL), have been used to encode safety and mission rules for
robotics. Although recent work has integrated such logics into learning-based frame-
works, they are poorly aligned with modern pre-training-based paradigms that under-
pin robot foundation models. Several theoretical and practical challenges must be
overcome before these methods can be widely adopted.

My thesis work explores the integration of temporal logic specifications for mod-
ern AI-driven planning. It introduces methods to (1) decompose and efficiently eval-
uate complex STL specifications using modern auto-differentiation frameworks, (2)
generalize specification design via Embedding Temporal Logic (ETL), which defines
predicates over learned representations instead of explicit states, and (3) enforce STL
specifications at inference time using SafeDec, a constrained decoding approach in-
spired by structured generation in large language models. Together, these contribu-
tions enable formal specification-driven planning in AI systems, ensuring safety in
robotics and autonomous systems.
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Chapter 1

Introduction

Artificial intelligence (AI)-driven planning has revolutionized robotics and autonomous decision-
making in the past decade. A large part of this revolution has been due to advances in foundation
models and world models that have significantly expanded the scope of autonomy. A wide variety
of robot form factors can now perform increasingly complex tasks across diverse environments due
to these foundation models [40]. These models trained on Internet-scale data pose superior gener-
alization and semantic reasoning abilities, and these large models are increasingly being integrated
into all parts of the robotic stack for perception, planning, and control.

Despite these successes, ensuring adherence to strict behavioral and safety requirements for
large data-driven models remains an open problem. Although these neural models can adeptly
process perception input and follow natural language commands to generate robot commands,
they lack explicit mechanisms to enforce logical constraints. These logical constraints are crucial
for the deployment of these models in safety-critical applications. As a result, current models
can produce unsafe behavior, especially in open-world deployments where formal guarantees are
necessary.

In safety-critical robotics and control applications, the need for such guarantees has histori-
cally been addressed through formal specifications. Formal specifications have long been used
to specify operational rules, such as safety requirements or mission directives for robotic deploy-
ments [39, 97]. Specifically, temporal logics such as linear temporal logic (LTL) [107] and signal
temporal logic (STL) [92] provide a mathematically precise way to encode desired robotic behav-
ior. Designers can write temporal logic specifications that are defined over system traces (e.g., state
trajectories), and these specifications are used for safe planning. STL has seen particular interest
due to its quantitative measure of satisfaction [37]. Recent work has explored integrating these
logics into learning-based frameworks [51,96,117], but they have yet to catch up with the modern
paradigms driving pretraining-based decision-making in robot learning.

My work explores the integration of temporal logic specifications for modern AI-driven plan-
ning. The goal is to extend existing temporal logic frameworks to ensure safety-aware planning
while being integrated with modern deep learning-based behavior generation.

1



1.1 Challenges
Despite prior work [96, 117, 130] in employing temporal logics for specification-satisfying plan-
ning as a way to ensure safety in robotics, several theoretical and practical challenges remain before
such methods can be widely adopted. Here, I elaborate on three main challenges identified by prior
work and propose techniques to address them.

Challenge 1: Efficiency There are two key efficiency challenges with existing STL specifi-
cation mechanisms. First, STL admits nesting temporal operators that can, in turn, encode com-
plex temporally extended goals [11]. Although these specifications can capture complex temporal
behavior, planning from these specifications is computationally expensive and sometimes infeasi-
ble. For example, a common approach for planning from STL specifications, originally proposed
in [109], involves encoding the STL specification and the system dynamics as Mixed Integer Pro-
gram (MIP) constraints and solving the constrained optimization problem in a receding horizon
fashion. MIP-based STL planners scale with the number of binary variables [79]. As the tem-
poral operator nesting increases, the number of binary variables increases exponentially. Hence,
while the rich semantics of STL allow expressing long-horizon complex goals by nesting temporal
operators, their corresponding MIPs can be computationally inefficient. We call this the ”depth”
challenge.

Second, evaluating STL’s quantitative measure of satisfaction [37] for a large number of tra-
jectories can be prohibitively slow. This inefficiency arises from the recursive nature of STL ro-
bustness evaluation. The semantics of temporal operators such as G (globally), F (eventually), and
U (until) require aggregating robustness values across multiple timesteps, where each computation
depends on the results of previous timesteps. As a result, robustness must be evaluated sequen-
tially along the trajectory, preventing parallelization over the time axis. Due to these sequential
dependencies, computational overhead for evaluating robustness for long-horizon trajectories or a
large batch of trajectories can be significantly high. This problem is exacerbated for STL formulas
with nested temporal operators. Hence, large-scale applications that rely on robustness computa-
tion face a fundamental recursion bottleneck, limiting scalability in both offline training and online
control.

Approach: We propose two techniques to remedy these challenges. To address the depth
challenge, we propose STL decomposition techniques that can transform a complex specification
with arbitrarily nested temporal operators into a set of reachability and invariance constraints with
minimal temporal nesting. These constraints can then be incrementally satisfied, thus reducing
computational overhead. Our decomposition technique makes no assumption about the underlying
planner and can be applied to long-horizon specifications. To address the breadth challenge, we
propose STLCG++, a masking-based deep learning library for efficient STL evaluation. Our key
insight is to use clever masking mechanisms to evaluate robustness for each timestep in parallel
instead of sequentially processing each timestep as proposed in the prior literature.

Challenge 2: Generality – Expanding Temporal Logic Beyond Explicit States While TL
specifications are a rich formalism for expressing complex behavior, they are traditionally de-
fined over explicit system state variables that can be observed or estimated through sensors (e.g.,
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the velocity of a robot). This limits their application for learning-based robotic systems that rely
on high-dimensional data such as perception sensor data. Perpetual access to these system state
variables is a limiting assumption that often does not hold true in practice. For example, within
navigation domains, sophisticated localization and mapping modules are designed to map high di-
mensional perceptual inputs to state variables [24]. Additionally, when specifications are defined
directly over explicit state variables, designers must manually specify upper and lower bounds for
each predicate (e.g., position x ∈ [xmin,xmax]). Writing these precise numeric ranges can be cum-
bersome and error-prone, as small inaccuracies can yield overly conservative or overly permissive
behaviors [110].

Approach: We propose Embedding Temporal Logic (ETL) that allows formulating formal
specifications with open-ended alphabets by defining predicates over learned representations rather
than explicit states. These learned representations are embedded representations of images that are
processed by pretrained modern vision transformers such as ViT [35] and CLIP [27]. By lifting
the problem to an embedding space, we leverage pre-trained vector representations to overcome
the challenge of predefined finite alphabets. In this context, pre-trained embeddings decouple
representation learning from downstream tasks and offer high-quality representations without ad-
ditional training. This allows designers to write these specifications at a higher level of abstraction
by defining specifications in terms of semantic concepts or task-relevant features, abstracting away
low-level state representations. These higher level specifications can then be used for run-time
monitoring of these specifications for learning-enabled systems without precise state localization.

Challenge 3: Applicability: Enforcing Temporal Constraints in Foundation Models While
Preserving Base Behavior Although temporal logic has seen success in classical robotic planning
for reliable behavior generation, its use for foundation models remains limited. Additionally, re-
training or fine-tuning these large pre-trained models to directly embed temporal logic specifica-
tion is challenging [72]. First, retraining models is a costly endeavor in terms of computational
resources and data requirements. Moreover, due to the stochastic nature of these models, it is
difficult to guarantee strict satisfaction of temporal constraints through training alone. Another
approach to enforcing these constraints is through run-time monitoring [6, 16]. Traditional run-
time enforcement of temporal logic constraints relies on filtering: discarding outputs that violate
a specification. Although effective in some settings, this approach distorts the output distribution
of foundation models (FMs), which are designed to generate coherent, high-probability outputs.
Since these models have been pre-trained on Internet scale data and possess rich semantic informa-
tion, overriding their proposed actions agnostically can lead to degenerate behaviors. Hence, there
is a pressing need for methods that can enforce temporal specifications efficiently at inference time
without disrupting the model’s pre-trained behavior.

Approach: This thesis aims to address this gap by developing inference-time methods for en-
forcing temporal properties for these foundation models, inspired by recent work in constrained
decoding [2, 19, 127] for large language models. These approaches typically mask out tokens
that violate a syntactic constraint defined over token sequences. For example, regular expressions
(regex) represent a widely used form of syntactic constraint, requiring that generated token se-
quences conform to predefined structural patterns [19, 127]. We extend the constrained decoding
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paradigm to enforce STL specifications on candidate action trajectories and propose specification
aligned decoding (SafeDec). Our key insight is that decoding-time interventions can be used not
just to filter unsafe actions, but also to condition the generation process itself on specification sat-
isfaction. This conditioning is critical because it steers the model toward generating specification-
satisfactory actions rather than relying on post hoc rejection. SafeDec reduces the risk of infeasible
outputs while preserving the original action distribution of the model.

1.2 Thesis Statement

Existing temporal logic frameworks face fundamental challenges in efficiency, generality,
and applicability, which make them difficult to integrate with modern AI-driven planning
systems. This thesis demonstrates that these challenges can be addressed by: (1) More effi-
cient methods for evaluating long-horizon logical specifications through STL decomposition
and STLCG++, (2) A novel specification paradigm defined over image features via Embed-
ding Temporal Logic (ETL), and (3) A technique for enforcing invariant STL specifications
for robot foundation models through constrained decoding.

These challenges arise in three main forms. First, existing temporal logic frameworks face
efficiency limitations: evaluating or planning from deeply nested STL formulas is computationally
expensive, and current formulations scale poorly with trajectory length or horizon of the formula.
In this thesis, efficiency is measured through wall-clock run-time improvements in robustness eval-
uation and planning compared to existing baselines such as MICP and STLCG. Second, they lack
generality, as existing temporal logics operate over explicit, low-dimensional state variables and
cannot naturally express specifications grounded in high-dimensional perceptual representations
such as images or language. Generality is assessed by the ability of ETL to express specifications
directly in the embedding space without requiring explicit state access. Finally, they suffer from
limited applicability in modern AI-driven systems, where enforcing temporal constraints in large
pre-trained foundation models requires either expensive retraining or filtering outputs leading to
reduction in task success rate. Applicability is evaluated by showing that specification-aligned
constrained decoding methods can enforce STL invariants at inference time, without retraining,
while preserving the model’s base success rate.

1.3 Summary of Contributions

The contributions of this thesis include:
1. STL decomposition, which improves the efficiency of specification-driven planning by de-

composing temporal logic specifications.

2. STLCG++, which improves the efficiency of specification-driven planning by enabling scal-
able and parallelizable evaluation of temporal logic specifications.
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3. Embedding Temporal Logic (ETL), which extends temporal logic to high-dimensional perception-
based inputs, broadening the applicability of temporal logics for AI-driven planning.

4. Specification Constrained Decoding for RFMs, a post-processing method that enforces STL
constraints in foundation model inference, that generates specification-satisfying actions
without retraining.

Together, these contributions enable more structured, interpretable, and computationally efficient
planning in AI systems, bridging the gap between logic-based planning and data-driven methods.

1.4 Outline
The remainder of the thesis is outlined as follows. Chapter 2 provides important background and
related work about temporal logic and planning used throughout the document. In the following
chapters, I will discuss my solutions that addresses the respective challenges. Chapter 3 investi-
gates a decomposition technique for translating complex long horizon STL specifications into a set
of reachability and invariance constraints. Chapter 4 investigates a technique for improving STL
robustness evaluation using computational graphs. Chapter 5 discusses design and application of
a novel embedding space logic called ETL for high-level specification and monitoring. Chapter 6
discusses a technique for runtime enforcement of temporal logic requirements in modern robotic
foundation models. Lastly, I discuss future research directions in Chapter 7 and conclude with a
summary of my contributions in Chapter 8.
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Chapter 2

Background and Related Work

2.1 Temporal Logics for Robotics
There is a long line of work on specifying and verifying complex behaviors in cyber-physical and
robotic systems using temporal logics. Temporal logics such as linear temporal logic (LTL) [107],
metric temporal logic (MTL) [77], and signal temporal logic (STL) [92] provide a precise way
to encode objectives that are expressed in a natural language. These logics have been used for
trajectory planning [78,82,117], reinforcement learning [3,4,7,140], runtime monitoring [16,139],
and adaptive control [18, 71, 85, 109].

The logics outlined above can struggle with systems that rely on ML for perception, where
input data can have a variable number of objects in frames and evolving bounding boxes. This
has led to spatial extensions of STL and MTL that allow one to specify properties with geometric
interpretations [20, 49]. Specialized logics such as Timed Quality Temporal Logic (TQTL) [33]
and Spatio-Temporal Quality Logic (STQL) [13, 54] have been proposed for perception systems
that permit reasoning about properties over bounding boxes used in object detection. Recently,
Spatiotemporal Perception Logic (STPL) [55] was introduced that combined TQTL with spatial
logic and allows quantification over objects, as well as 2D and 3D spatial reasoning. STPL allows
expressing properties by specifying relations between objects over time. Most of these logics are
grounded in the symbolic outputs of a perception module (object labels, confidences, track IDs).

2.2 Signal Temporal Logic
STL is used specifically to define properties of continuous time real valued signals [92]. A signal
s is a function s : T→ Rn that maps a time domain T ⊆R≥0 to a real valued vector. Then, an STL
formula is defined as:

φ := µ | ¬φ | φ ∧ψ | φ ∨ψ | φ U[a,b] ψ

where µ is a predicate on the signal s at time t in the form of µ ≡ µ(s(t)) > 0 and [a,b] is the
time interval (or simply I). The until operator U defines that φ must be true until ψ becomes true
within a time interval [a,b]. Two other operators can be derived from until: eventually (F[a,b] φ :=
⊤ U[a,b] φ ) and always (G[a,b] φ := ¬F[a,b] ¬φ ).
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Definition 1. Given a signal st representing a signal starting at time t, the Boolean semantics of
satisfaction of st |= φ are defined inductively as follows:

st |= µ ⇐⇒ µ(s(t))> 0
st |= ¬ϕ ⇐⇒ ¬(st |= ϕ)

st |= ϕ1 ∧ϕ2 ⇐⇒ (st |= ϕ1)∧ (st |= ϕ2)

st |= F[a,b](ϕ) ⇐⇒ ∃t ′ ∈ [t +a, t +b] s.t. st ′ |= ϕ

st |= G[a,b](ϕ) ⇐⇒ ∀t ′ ∈ [t +a, t +b] s.t. st ′ |= ϕ

Apart from the Boolean semantics, quantitative semantics are defined for a signal to compute a
real-valued metric indicating robustness, i.e., the strength of satisfaction or violation.
Definition 2. Given a signal st representing a signal starting at time t, the quantitative semantics
of satisfaction of st |= φ are defined inductively as follows:

ρ(st ,µc) = µ(xt)− c
ρ(st ,¬ϕ) =−ρ(st ,ϕ)

ρ(st ,ϕ1 ∧ϕ2) = min(ρ(st ,ϕ1),ρ(st ,ϕ2))

ρ(st ,F[a,b](ϕ)) = max
t ′∈[t+a,t+b]

ρ(s′t ,ϕ)

ρ(st ,G[a,b](ϕ)) = min
t ′∈[t+a,t+b]

ρ(s′t ,ϕ)

For example, suppose that we are given (1) φ ≡ G[0,3](distToR3(t) ≥ 3.0), which states that
the agent should maintain at least 3.0 meters away from region R3 for the next 4 time steps and
(2) signal st that contains sequence ⟨3.0,2.5,3.0,3.5⟩ for distToR3. Evaluating the robustness
of satisfaction of φ over st would result in a value of −0.5, implying that the agent violates the
property by a degree of 0.5 (i.e., it fails to stay away from R3 by 0.5 meters).

2.3 Planning from STL specifications
Planning from STL specifications is an active area of research for which multiple approaches have
been proposed in the past few years [3, 4, 85, 109, 111]. One of the first papers in this direc-
tion involved translating STL specifications into constraints within a Mixed Integer Linear Pro-
gram (MILP) [109]. This approach is sound and complete but faces scalability challenges for
long-horizon specifications. To remedy this drawback, the original encoding has been modified
by focusing on abstraction-based techniques [117] and reducing binary variables via logarithmic
encoding [79]. Most of these techniques focus on reducing the MILP’s complexity to observe
performance benefits. Recently, the focus has shifted to developing techniques that leverage ro-
bustness feedback as a heuristic for trajectory synthesis instead of using MILP. These techniques
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Table 2.1: Summary of existing python-based STL toolboxes that are publicly available.

Name AutoDiff Vectorize GPU
STLCG [82] PyTorch ✓ ✓

Argus [12] ✗ ✗ ✗

stlpy [79] ✗ ✗ ✗

PyTeLo [23] ✗ ✗ ✗

pySTL [120] ✗ ✗ ✗

RTAMT [132] ✗ ✗ ✗

involve using reinforcement learning [3,66], search-based techniques [4] and control barrier func-
tions [85] to generate STL satisfying trajectories. While these methods offer greater scalability,
they are not complete and frequently struggle to accommodate complex specifications because of
the intrinsically non-convex optimization problem posed by robustness semantics.

To overcome challenges of planning from complex STL specifications, Decomposition of STL
specifications has been studied before in [80, 134]. In [134], the authors restrict themselves to an
STL fragment that does not allow nesting of temporal operators. In [80], the authors perform struc-
tural manipulation using a tree structure. However, their focus is on multi-agent setups and they
handle nested operators conservatively, especially for the eventually operator. This conservative
notion generates specification satisfying behavior but it can be overly restrictive.

2.4 STL Evaluation and Monitoring Tools

As STL has been used for various applications, a variety of STL libraries across different program-
ming languages have been developed, including Python, C++, Rust, and Matlab. Given that Python
is commonly used for robotics research, Tab. 2.1 compares recent STL Python packages regarding
automatic differentiation (AD), vectorization, and GPU compatibility. Most libraries offer evalua-
tion capabilities of a single signal, or their design is tailored towards a specific use case, making it
difficult to extend or apply them to new settings. If users want to perform an optimization utilizing
STL robustness formulas, a separate optimization package (e.g., CVXPY [32], Drake [118]) is
often required.

RTAMT [132] was introduced as a unified tool for offline and online STL monitoring with an
efficient C++ backend. It has received widespread support and has superseded other alternatives
in terms of usage. However, RTAMT performs CPU-based signal evaluation and lacks differen-
tiation and vectorization capabilities, limiting its efficiency in handling and optimizing over large
datasets, where AD and GPU compatibility are crucial. STLCG was the first to introduce vector-
ized STL evaluation and backpropagation by leveraging modern AD libraries. However, STLCG
faced scalability challenges due to its underlying recurrent computation.
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2.5 Runtime Safety Enforcement for Robotics
Constraint satisfaction for robotics has been an active area of research that involves techniques
such as control barrier functions (CBFs) [8], safe reinforcement learning [43], and temporal logic-
based shielding approaches [6]. Recently, with the advent of vision language action models and
their impressive generalizable capabilities for manipulation, navigation and other tasks, there are
growing concerns about ensuring safety and correctness without retraining these large models. Al-
though classical methods offer formal guarantees, they either require pretraining/fine-tuning stage
interventions or designing a new classical controller for each safety specification, which can be re-
strictive. For example, SafeVLA [138] fine-tunes pre-trained foundation models with task-specific
safety costs, achieving strong performance in Safety-CHORES tasks. However, the safety spec-
ification is expected to be embedded in the training data and loss, meaning the model cannot
generalize to new safety constraints at test time. In contrast, ASIMOV [113] explores rewrit-
ing dangerous instructions with better human-aligned alternatives to steer model behavior without
modifying model parameters, but lacks trajectory-level formal guarantees. Our technique achieves
a middle ground with the ability to adapt to novel specifications at test time without modifying
model parameters while requiring minimal assumptions about the underlying model. The closest
to our work is SELP [128] that proposes LTL-constrained decoding for language model-based plan
generation. However, SELP is unsuitable for STL because its Boolean predicate-based LTL can-
not encode numeric bounds (e.g. ||x–xgoal|| < 0.1m) and does not possess quantitative semantics,
which is crucial for ranking actions. These techniques are also tailored to high-level plans from
LLMs, not to the per-step low-level actions generated online by policies.

2.6 Connections to safe reinforcement learning and control
We adopt STL as the specification formalism for runtime safety enforcement because it offers
several advantages over barrier functions, Hamilton-Jacobi reachability, and safe reinforcement
learning [25]. Prior work emphasizes that STL is especially well suited to robotics because it ex-
plicitly reasons over real-valued signals and dense time, while also providing quantitative robust-
ness semantics that measure the degree of satisfaction or violation of a specification. This makes
STL substantially more expressive than barrier-based methods, which are effective for enforcing
instantaneous invariance [8] but are not naturally designed to represent temporally extended re-
quirements such as “eventually,” “until,” or ordered task progression. Relative to HJ reachability,
STL provides a richer compositional language for specifying complex behaviors, rather than re-
stricting reasoning to individual reachability or reach–avoid computations [25]. Relative to safe
RL, STL offers a transparent and human-interpretable safety interface that does not depend on
reward shaping or training distribution coverage [3, 14]. Thus, STL provides a practical middle
ground: it retains the structure and interpretability of formal methods while remaining compatible
with continuous robotic signals and runtime quantitative evaluation.
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Chapter 3

STL Decomposition for Efficient Planning

Most autonomous robots interacting with the physical world need to achieve complex objectives
while dealing with uncertainty and stochasticity in their environment. This problem is exacer-
bated by short response times expected while ensuring runtime efficiency. Hence, formulating
these complex objectives accurately is a crucial step in realizing the desired behaviors for robotic
operations.

Temporal logics such as LTL and STL provide a precise way to encode objectives that are
expressed in a natural language. STL has received special attention in the community due to its
rich quantitative semantics that can quantitatively measure satisfaction of a given property that en-
codes an objective. Additionally, it can be used to describe complex properties over real valued
signals such as state trajectories arising from continuous dynamical systems. For robotic plan-
ning, STL can be used to describe complex behaviors with concrete time deadlines such as those
found in trajectory planning and task planning. Planners can use these specifications to generate
specification-conforming behavior.

A significant amount of common robotic objectives can be interpreted as a sequence of sub-
tasks. It has been shown that incremental subtask planning can be done more efficiently compared
to planning for a composite task [21, 30, 99]. However, when STL is used to represent these com-
posite tasks, incremental planning becomes challenging. This issue is because STL semantics
can encode the sequential nature of tasks but does not expose this structure to the planner. In such
cases, the planners are forced to work with complex long-horizon specifications. When the horizon
of the specification is longer than the planning horizon, planners can often generate suboptimal or
violating plans. This problem is exacerbated when planning occurs at runtime with computational
constraints and compounding modeling errors [4]. Due to the exacerbation of this problem with
temporal nesting, we term this challenge the ”depth” challenge.

To overcome this challenge, we propose a theory to decompose long-horizon, arbitrarily nested
specifications into sub-specifications that can be satisfied incrementally. We define recursive rules
for decomposition and propose a novel scheduling algorithm for incremental task planning. The
key insight here is to “divide and conquer” STL requirements while ensuring, by construction, that
the resulting plan satisfies the original composite specification. We illustrate the effectiveness of
our proposed approach over an experiment involving robot exploration problems with linear and
non-linear dynamics. Our experiment shows that our approach is able to more efficiently generate
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Figure 3.1: Left: An STL specification φ with multiple nested temporal operators and a possible
decomposition into subtasks. Right: A sample trajectory that satisfies φ in a planar environment.

plans for complex, composite specifications in comparison to the existing state-of-the-art STL-
based planning methods. In addition, our decomposition technique is agnostic to the underlying
system dynamics and the choice of planner, and can potentially be adapted by different planners.

3.1 Motivation

We illustrate the problem of planning from complex specifications using an example from the
motion planning domain. We use a planning problem similar to the one defined in [82].

As illustrated in Figure 3.1, the goal of the agent (robot) is to visit regions R1 and R4 sequen-
tially while avoiding an unsafe region, R3. Additionally, upon reaching R4, the agent needs to stay
in it for 10 time steps. We combine three common motion planning patterns such as sequenced
visit, stabilization, and global avoidance to create a specification with timed deadlines as follows:

Φ = φ1 ∧φ2

φ1 = ♢[0,10](R1 ∧♢[20,30]□[0,10](R4))

φ2 =□[0,60](¬R3)

The state-of-the-art (SOTA) technique for planning from Φ, originally proposed in [109], in-
volves encoding the STL specification and the system dynamics as Mixed Integer Program (MIP)
constraints and solving the constrained optimization problem in a receding horizon fashion. A new
binary decision variable is introduced for each atomic proposition per time step in the STL specifi-
cation. A known drawback of this technique is its exponential worst-case complexity with respect
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to the number of binary variables [79]. Various encoding modifications have been suggested to en-
hance the efficiency of the technique by reducing the number of variables and constraints [79,111].

However, even with reduced variable encoding, current methods excel primarily with short-
horizon specifications. When encoding nested temporal operators, a large number of additional
variables and constraints are needed to capture the relationship between different temporal opera-
tors, in contrast to non-nested operators, where temporal constraints associated with each operator
are considered independently. For example, let us take the subformula ♢[20,30]□[0,10](R4) from φ1.
For encoding this subformula into an MIP, we would need 11 (outer eventually) + 121 (inner al-
ways) = 132 binary variables.1 In general, as the nesting depth increases, the number of variables
can increase exponentially.

In this work, we propose a technique to improve the scalability of STL planning algorithms
through decomposition of STL specifications. Our idea is inspired by human planning, where
long-term goals are achieved by breaking tasks into incremental sub-goals [34]. Concretely, by
decomposing the specification, we effectively remove the complexity of nested operators and also
reduce the length of the lookahead horizon.

A possible decomposition of the specification Φ into four subtasks is as follows:

sch1 = ♢[0,10](R1)∧□[0,10](¬R3)

sch2 = ♢[tR1+20,tR1+30](R4)∧□[tR1+20,tR1+30](¬R3)

sch3 =□[tR4+0,tR4+10](¬R3 ∧R4)

sch4 =□[tR42,60](¬R3)

Here, the symbolic time variables (tR1, tR4, tR42) indicate when those subtasks get satisfied.
More specifically, tR4 indicates when the agent reaches Region 4 and tR42 indicates when the agent
has been inside Region 4 for 10 timesteps after reaching it. These variables then shift the time
intervals of the other constraints that depend on them (e.g., time tR1 from sch1 is used to concretize
the time intervals for sch2, whose time of satisfaction, in turn, influences sch3). These subtasks
have shorter time horizons and no nested temporal operators, resulting in MIP constraints that are
less complex than those that would result from composite specifications. As shown later in Sec-
tion 3.3, this decomposition-based approach has potential to significantly improve the efficiency
of planning.

3.2 STLInc
The overview of our planning framework (STLINC) is shown in Figure 3.2. The key idea behind
this approach is that a bounded STL formula in our fragment can be decomposed into a finite set of
the following two types of task constraints, each of which is associated with time interval I = [a,b]
and state proposition p:

1For the outer ♢ clause, 11 binary variables are introduced to encode that the inner □ clause is satisfied within
interval [20,30]; for each time point in [0,10] interval, another set of 11 variables are introduced, thus resulting in
11*11 = 121 variables.
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Figure 3.2: Overview of the STLINC approach

Reachability: The system ensures that p holds over at least one time step t within I.
Invariance: The system ensures that p holds over every step t within I.

Based on this idea, the framework carries out the incremental planning process over three steps.
First, the flattener takes a user-specified STL specification (φ ) and decomposes it into two sets of
task constraints, X ∃ and X ∀, which contain the reachability and invariance constraints, respec-
tively. The decomposition is performed such that satisfying all of the constraints in these two sets
implies the satisfaction of the original formula φ .

Next, the scheduler takes the two sets, X ∃ and X ∀, and generates a sequence of atomic
tasks, σ = ⟨at0,at1...atk⟩, where (1) each atomic task at is a non-nested STL formula consisting of
G[a,b](p) or F[a,b](p) (where p is a propositional formula) and (2) two different atomic tasks do not
overlap in their time intervals. After this sequence is generated, the planner executes these atomic
tasks one by one in the designated order. Once all tasks are executed, the system will have fulfilled
X ∃ and X ∀, thus satisfying the original goal of φ . The rest of this chapter describes each of the
three steps in detail.

STL fragment Our approach is designed to handle specifications written in the following frag-
ment of STL:

φ ::= F[a,b](φ) | G[a,b](φ) | φ1 ∧φ2 | p

p ::= p1 ∧ p2 | p1 ∨ p2 | ¬p | µ

where p is a propositional formula that does not contain any temporal operator, and µ is an atomic
proposition. We target this STL fragment as (1) it significantly simplifies the decomposition
process and (2) it is still expressive enough to capture many common behavioral patterns in the
robotics planning domain [97]. Note that the fragment allows a nesting of temporal operators of
an arbitrary depth, which is important for specifying sequential tasks. For example, the objective
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of visiting locations in a particular order can be defined as:

φ ≡ F[1,5](l1 ∧F[1,10](l2 ∧F[1,7](l3)))

where l1, l2, l3 represent the locations to be visited.

Task constraints As mentioned at the beginning of the section, an STL formula imposes two
types of constraints over system behavior: reachability and invariance constraints, which are for-
mally defined as follows:
Definition 3 (Reachability set). A reachability set, X ∃ ∈ P(T×T×U) is a set of tuples of form
(l,h, p), each stating that there exists some time t in interval [l,h], inclusively, such that proposition
p holds over the system state at time t.
Definition 4 (Invariance set). An invariance set, X ∀ ∈ P(T×T×U), is a set of tuples of form
(l,h, p), each stating that for every time t in interval [l,h], inclusively, proposition p holds over the
system state at time t.

We introduce an additional set of constraints that specify intervals over symbolic time variables
that are introduced during the flattening of F formulas:
Definition 5 (Time variable intervals). A time variable interval set, TC ∈ P(T×T×T), is a set of
tuples of the form (l, h, v), each stating that symbolic time variable v takes a value in the interval
[l,h], inclusively.

3.2.1 Flattening
Given an input STL specification, φ , the goal of flattening is to construct two sets of constraints—
reachability and invariance sets—whose satisfaction also implies the satisfaction of φ . Flattening
is applied recursively based on the structure of φ , as shown through the rules in Figure 3.3. Along
with X ∀ and X ∃, each recursive step produces an additional auxiliary output TC, which is later
used by the scheduler to resolve symbolic time variables.

FLAT-p

In the basic case where φ = p, flattening generates one reachability constraint that requires p to be
satisfied at the current time (i.e., l = h = 0). Hence, the reachability set for φ is (0,0, p).

FLAT-∧
Given conjunctive formula φ = φ1 ∧φ2, the invariance set for φ is the union of X ∀

1 and X ∀
2 ; i.e.,

every invariance constraint in φ1 and φ2 must be satisfied. Similarly, the reachability set for φ is
the union of X ∃

1 and X ∃
2 ; i.e., every reachability constraint in φ1 and φ2 must be satisfied.

FLAT-∃
Given φ = F[a,b](φ1), for each constraint (l1,h1, p1) ∈ X ∃

1 , flattening involves shifting interval
[l1,h1] by a symbolic time variable t ∈ [a,b]. This bound on t is encoded by adding a tuple (a,b, t)
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φ = p
FLAT-p

X ∃ = {(0,0, p)} X ∀ = /0
TC = /0

φ = φ1 ∧φ2
(X ∃

1 ,X ∀
1 ,TC1) = FLAT(φ1)

(X ∃
2 ,X ∀

2 ,TC2) = FLAT(φ2)
FLAT-∧

X ∃ = X ∃
1 ∪X ∃

2
X ∀ = X ∀

1 ∪X ∀
2

TC = TC1 ∪TC2

φ = F[a,b]φ1 (X ∃
1 ,X ∀

1 ,TC1) = FLAT(φ1)
FLAT-∃

X ∃ = {(t + l, t +h, p) | ∃(l,h, p) ∈ X ∃
1 }

X ∀ = {(t + l, t +h, p) | ∃(l,h, p) ∈ X ∀
1 }

TC = TC1 ∪{(a,b, t)}

φ = G[a,b]φ1, (X ∃
1 ,X ∀

1 ,TC1) = FLAT(φ1)
FLAT-∀

X ∃ = {(k+ l,k+ l, p) | ∃(l,h, p) ∈ X ∃
1 ∧ k ∈ [a,b]}

X ∀ = {(a+ l,b+h, p) | ∃(l,h, p) ∈ X ∀
1 }

TC = TC1

Figure 3.3: Flattening rules

to TC. Intuitively, this can be understood from the following transformation similar to the one
in [80]:

F[a,b](F[c,d](φ1)) = F[a+c,b+d](φ1)

Here, instead of adding a and b directly to the upper and lower bound, respectively of time interval
[c,d], we add a symbolic variable that can take a value between a and b. For example, given
specification φ = F[2,5](p), X ∃ would contain constraint (t + 0, t + 0, p) and TC would contain
(2,5, t).

As another example, consider specification φ = F[2,5](p2 ∧F[1,3](p1)). When the FLAT-∃ rule
is applied, the resulting X ∃ contains (t2 + t1 + 0, t2 + t1 + 0, p1) and (t2, t2, p2), and TC contains
{(1,3, t1), (2,5, t2)}. Here, t1 is introduced when FLAT-∃ rule is applied to the innermost F operator
(F[1,3]); t2 is then introduced when FLAT-∃ is applied for outermost F operator (F[2,5]).

The flattening of an F formula applied to an invariance set is handled similarly. Consider a
specification of the form

φ ≡ F[a,b](φ1) = F[a,b](G[c,d](p))

with X ∀
1 = {(c,d, p)}. Here, according to the Boolean STL semantics, there exists a t ∈ [a,b] such

that ∀t ′ ∈ [t + c, t + d], p must be satisfied. Hence, in the resulting invariance set for φ , the time
interval for the existing invariance constraint is shifted by t. This bound on t is encoded by adding
a tuple (a,b, t) to TC. For example, given specifcation φ = F[2,5](G[3,10](p)), X ∀ would contain
constraint (t +3, t +10, p) and TC would contain (2,5, t).
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FLAT-∀
The flattening of an ∀ formula over X ∃

1 is handled in the following way. Consider a specification
of the form:

φ ≡ G[a,b](φ1) = G[a,b](F[c,d](p))

with X ∃
1 = {tc} = {(t1, t1, p)} and TC = {(c,d, t1)}. Since φ states that constraint tc must hold

at every time step between [a,b], the idea is to create multiple reachability constraints of form
(t1+k, t1+k, p), one for each time value k in interval [a,b]. For example, let φ =G[1,100](F[1,5](p)).
After flattening, X ∃ for φ would contain 100 reachability constraints, each in form of (t1 +k, t1 +
k, p) for 1 ≤ k ≤ 100.

The flattening of an ∀ over X ∀
1 is handled in the following way. Consider a specification of

the form
φ ≡ G[a,b](φ1) = G[a,b](G[c,d](p))

with X ∀
1 = {tc} = {(c,d, p)}. Since φ states that constraint tc must hold at every time step be-

tween [a,b], by shifting the interval of each constraint by [a,b], the resulting formula X ∀ is con-
structed as {(a+c,b+d, p)}. Intuitively, this can be understood from the following transformation
similar to the one in [80]:

G[a,b](G[c,d](φ1)) = G[a+c,b+d](φ1)

We now introduce a theorem that establishes the soundness of our flattening operation with
respect to a given STL specification.
Lemma 1. Let φ be an input STL specification, and let (X ∃, X ∀, TC) be the output of f latten(φ).
Then, for every signal st:

∀v ∈ V (vars(TC))•∀x ∈ X ∃∪X ∀ • st |= Inst(x,v) =⇒ st |= φ

where vars is a function that returns the set of all symbolic variables in TC, V (X ) is the set of
all possible assignments of values to variables in X (restricted to values in their respective time
intervals), and Inst(x,v) instantiates symbolic variables in constraint x with the values from v.

In other words, if every possible reachability or invariance constraint is satisfied over a partic-
ular signal, then the original specification φ must also hold over the same signal.

3.2.2 Symbolic Time Resolution
The X ∃ and X ∀ constraints generated from flattening may contain multiple symbolic variables.
To enable scheduling, STLINC first attempts to resolve as many of these variables as possible by
applying substitution rules to the constraints.

Algorithm 1 shows the sketch of the symbolic time resolution (STR) process. As inputs, it
takes the output of the flattening procedure—the X ∃ and X ∀ constraints, and the time intervals
over symbolic time variables. As outputs, it produces (1) a new pair of X ∃ and X ∀, with some
of the time variables replaced by concrete time values, and (2) time variable intervals (TC′) that
specifies, for each concrete constraint produced in (1), an interval during which the constraint
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Algorithm 1 Symbolic Time Resolution (STR)

1: Input: Flattened constraints X ∃,X ∀, time variable intervals TC
2: Output: Modified constraints X ∃,X ∀, new time variable intervals TC′

3: TC′ = /0
4: for tc = (a,b, t) in TC do
5: X ∀

t := FILTER(X ∀, t), X ∃
t := FILTER(X ∃, t)

6: for x = (l,h, p) in X ∀
t do

7: (y∃,y∀) := APPLYFG(x,tc)
8: X ∃ := X ∃∪{y∃}
9: X ∀ := (X ∀−{x})∪{y∀}

10: TC′ := TC′∪{(t + l, t + l,T-SAT(y∃)),(t + l +1, t +h,T-SAT(y∀))}
11: end for
12: for x = (l,h, p) in X ∃

t do
13: y∃ := APPLYFF(x,tc)
14: X ∃ := (X ∃−{x})∪{y∃}
15: TC′ := TC′∪{(t + l, t +h,T-SAT(y∃))}
16: end for
17: end for
18: return (X ∃,X ∀,TC′)

must be satisfied. This latter set of time intervals are used to enforce conjunctive constraints (i.e.,
φ1 ∧φ2) to be satisfied simultaneously.

The algorithm iterates through the time variables in the bottom-up order (i.e., starting with the
variables that appear in the lower part of an AST for a given STL expression). For each constraint
that contains variable t (line 4), STR applies two types of substitutions, depending on whether the
constraint is a reachability or an invariance constraint.

Invariance constraints

An invariance constraint, x = (l,h, p), with time variable t ∈ [a,b] represents an STL expression
F[a,b](G[l,h] p) (where t appears in l and h, and p is an atomic proposition). Intuitively, this ex-
pression can be regarded a kind of “reach and stay” task, where the system must first reach a state
where p holds within time interval [a+ l,b+ l], and then continue to satisfy p for the following
(h− l) time steps. The rule APPLYFG takes constraint x and interval tc, and produces a new pair
of reachability and invariance constraints, as follows:

APPLYFG(x = (l,h, p), tc = (a,b, t))≡ ((a+ l,b+ l, p),(tsat , tsat +h− l, p))

where tsat is a new symbolic variable that represents the time at which p is satisfied between
(a+ l,b+ l).

In addition, STR adds two time variable intervals (line 10) to ensure that: (1) the new reacha-
bility constraint, y∃, is satisfied exactly at (t + l) and (2) the invariance constraint, y∀, is satisfied
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<latexit sha1_base64="Xv9/saNiE+s9FCJ/oFgv5wh6fik=">AAAB/HicbVDLSsNAFJ34rPUV7dLNYBFclUR8LYtuXFawD2hjmUxv2qGTSZiZiCHUX3HjQhG3fog7/8ZJm4W2Hhg4nHMv98zxY86Udpxva2l5ZXVtvbRR3tza3tm19/ZbKkokhSaNeCQ7PlHAmYCmZppDJ5ZAQp9D2x9f5377AaRikbjTaQxeSIaCBYwSbaS+XemFRI8o4Vlnct+DR3NR9e2qU3OmwIvELUgVFWj07a/eIKJJCEJTTpTquk6svYxIzSiHSbmXKIgJHZMhdA0VJATlZdPwE3xklAEOImme0Hiq/t7ISKhUGvpmMo+q5r1c/M/rJjq49DIm4kSDoLNDQcKxjnDeBB4wCVTz1BBCJTNZMR0RSag2fZVNCe78lxdJ66TmntfObk+r9auijhI6QIfoGLnoAtXRDWqgJqIoRc/oFb1ZT9aL9W59zEaXrGKngv7A+vwBetOVUw==</latexit>

X 9

<latexit sha1_base64="opuORXxgdkou4EXt4Zq14kmE/CQ=">AAAB/HicbVDLSsNAFL2pr1pf0S7dDBbBVUnE17LoxmUF+4Amlsl00g6dTMLMRCih/oobF4q49UPc+TdO2iy09cDA4Zx7uWdOkHCmtON8W6WV1bX1jfJmZWt7Z3fP3j9oqziVhLZIzGPZDbCinAna0kxz2k0kxVHAaScY3+R+55FKxWJxrycJ9SM8FCxkBGsj9e2qF2E9Iphn3emDF8YSc963a07dmQEtE7cgNSjQ7Ntf3iAmaUSFJhwr1XOdRPsZlpoRTqcVL1U0wWSMh7RnqMARVX42Cz9Fx0YZIHPZPKHRTP29keFIqUkUmMk8qlr0cvE/r5fq8MrPmEhSTQWZHwpTjnSM8ibQgElKNJ8YgolkJisiIywx0aaviinBXfzyMmmf1t2L+vndWa1xXdRRhkM4ghNw4RIacAtNaAGBCTzDK7xZT9aL9W59zEdLVrFThT+wPn8ASiOVMw==</latexit>

X 8

Flattening output:
<latexit sha1_base64="34qqz+dShDlZ0CafG0VFX1FVUM8=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBg5Td4texKIjHCrYVt0vJptk2NJssSVYoS/+FFw+KePXfePPfmLZ70NYHA4/3ZpiZFyacaeO6305haXllda24XtrY3NreKe/utbRMFaFNIrlUDyHWlDNBm4YZTh8SRXEcctoOh9cTv/1ElWZS3JtRQoMY9wWLGMHGSo833cz3TmpuMO6WK27VnQItEi8nFcjR6Ja/Oj1J0pgKQzjW2vfcxAQZVoYRTselTqppgskQ96lvqcAx1UE2vXiMjqzSQ5FUtoRBU/X3RIZjrUdxaDtjbAZ63puI/3l+aqLLIGMiSQ0VZLYoSjkyEk3eRz2mKDF8ZAkmitlbERlghYmxIZVsCN78y4ukVat659Wzu9NK/SqPowgHcAjH4MEF1OEWGtAEAgKe4RXeHO28OO/Ox6y14OQz+/AHzucPOHSP/A==</latexit>

F[1,20]

<latexit sha1_base64="tewNnk+5RljX27rlDOYYqPJTvZs=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBbBg5REbPVYFMRjBfuBaSib7aZdutmE3Y1QQv6FFw+KePXfePPfuG1z0NYHA4/3ZpiZ58ecKW3b31ZhZXVtfaO4Wdra3tndK+8ftFWUSEJbJOKR7PpYUc4EbWmmOe3GkuLQ57Tjj2+mfueJSsUi8aAnMfVCPBQsYARrIz3e9lO3fubUvKxfrthVewa0TJycVCBHs1/+6g0ikoRUaMKxUq5jx9pLsdSMcJqVeomiMSZjPKSuoQKHVHnp7OIMnRhlgIJImhIazdTfEykOlZqEvukMsR6pRW8q/ue5iQ6uvJSJONFUkPmiIOFIR2j6PhowSYnmE0MwkczcisgIS0y0CalkQnAWX14m7fOqU6/W7i8qjes8jiIcwTGcggOX0IA7aEILCAh4hld4s5T1Yr1bH/PWgpXPHMIfWJ8/RjiQBQ==</latexit>

F[6,15]

<latexit sha1_base64="9AV2wwjH77q5q8lWpkbE9PO+Wz4=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBA8hd3g6xj04jGieUCyhNlJbzJkdnaZmRXCkk/w4kERr36RN//GSbIHTSxoKKq66e4KEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nfqtJ1Sax/LRjBP0IzqQPOSMGis9qF61Vyq7FXcGsky8nJQhR71X+ur2Y5ZGKA0TVOuO5ybGz6gynAmcFLupxoSyER1gx1JJI9R+Njt1Qk6t0idhrGxJQ2bq74mMRlqPo8B2RtQM9aI3Ff/zOqkJr/2MyyQ1KNl8UZgKYmIy/Zv0uUJmxNgSyhS3txI2pIoyY9Mp2hC8xZeXSbNa8S4rF/fn5dpNHkcBjuEEzsCDK6jBHdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gAHUI2l</latexit>r2

<latexit sha1_base64="8KjU5rltjdriDhz3jeE9bHMIrU4=">AAAB8HicbVBNSwMxEJ31s9avqkcvwSJ4kLIrVj0WPeixgv2Q7VKyabYNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmhQln2rjut7O0vLK6tl7YKG5ube/slvb2mzpOFaENEvNYtUOsKWeSNgwznLYTRbEIOW2Fw5uJ33qiSrNYPphRQgOB+5JFjGBjpcfbbuZ7p9Vg3C2V3Yo7BVokXk7KkKPeLX11ejFJBZWGcKy177mJCTKsDCOcjoudVNMEkyHuU99SiQXVQTY9eIyOrdJDUaxsSYOm6u+JDAutRyK0nQKbgZ73JuJ/np+a6CrImExSQyWZLYpSjkyMJt+jHlOUGD6yBBPF7K2IDLDCxNiMijYEb/7lRdI8q3gXler9ebl2ncdRgEM4ghPw4BJqcAd1aAABAc/wCm+Ocl6cd+dj1rrk5DMH8AfO5w/OZY/G</latexit>

G[1,5]

<latexit sha1_base64="3C9RD7dWF3K64nRlEPX20aDeZGw=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEr2PRi8cKxhbaUCabTbt0swm7G6GU/gYvHhTx6g/y5r9x2+agrQ8GHu/NMDMvzATXxnW/ndLK6tr6RnmzsrW9s7tX3T941GmuKPNpKlLVDlEzwSXzDTeCtTPFMAkFa4XD26nfemJK81Q+mFHGggT7ksecorGS3xUoo1615tbdGcgy8QpSgwLNXvWrG6U0T5g0VKDWHc/NTDBGZTgVbFLp5pplSIfYZx1LJSZMB+PZsRNyYpWIxKmyJQ2Zqb8nxphoPUpC25mgGehFbyr+53VyE18HYy6z3DBJ54viXBCTkunnJOKKUSNGliBV3N5K6AAVUmPzqdgQvMWXl8njWd27rF/cn9caN0UcZTiCYzgFD66gAXfQBB8ocHiGV3hzpPPivDsf89aSU8wcwh84nz/Lso6x</latexit>^
<latexit sha1_base64="2TyYox69prPZKG28G7NCoWz8v3M=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdQx68ZiAeUCyhNnJbDJmdnaZ6RXCki/w4kERr36SN//GSbIHTSxoKKq66e4KEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR3dRvPXFtRKwecJxwP6IDJULBKFqpjr1S2a24M5Bl4uWkDDlqvdJXtx+zNOIKmaTGdDw3QT+jGgWTfFLspoYnlI3ogHcsVTTixs9mh07IqVX6JIy1LYVkpv6eyGhkzDgKbGdEcWgWvan4n9dJMbzxM6GSFLli80VhKgnGZPo16QvNGcqxJZRpYW8lbEg1ZWizKdoQvMWXl0nzvOJdVS7rF+XqbR5HAY7hBM7Ag2uowj3UoAEMODzDK7w5j86L8+58zFtXnHzmCP7A+fwB42mNAg==</latexit>

t

<latexit sha1_base64="DCN1BM5fuuDvQ3LFzbkT81/hoSQ=">AAAB6XicbVDLSgNBEOz1GeMr6tHLYBA9hV3xdQx68RjFPCBZwuxkNhkyO7vM9AphyR948aCIV//Im3/jJNmDJhY0FFXddHcFiRQGXffbWVpeWV1bL2wUN7e2d3ZLe/sNE6ea8TqLZaxbATVcCsXrKFDyVqI5jQLJm8HwduI3n7g2IlaPOEq4H9G+EqFgFK30gCfdUtmtuFOQReLlpAw5at3SV6cXszTiCpmkxrQ9N0E/oxoFk3xc7KSGJ5QNaZ+3LVU04sbPppeOybFVeiSMtS2FZKr+nshoZMwoCmxnRHFg5r2J+J/XTjG89jOhkhS5YrNFYSoJxmTyNukJzRnKkSWUaWFvJWxANWVowynaELz5lxdJ46ziXVYu7s/L1Zs8jgIcwhGcggdXUIU7qEEdGITwDK/w5gydF+fd+Zi1Ljn5zAH8gfP5A0PsjTM=</latexit>

t0
<latexit sha1_base64="gYstaTRtFMyMybIpzidEC23W9hA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0oPpev1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwAFeo2j</latexit>r1

<latexit sha1_base64="3C9RD7dWF3K64nRlEPX20aDeZGw=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEr2PRi8cKxhbaUCabTbt0swm7G6GU/gYvHhTx6g/y5r9x2+agrQ8GHu/NMDMvzATXxnW/ndLK6tr6RnmzsrW9s7tX3T941GmuKPNpKlLVDlEzwSXzDTeCtTPFMAkFa4XD26nfemJK81Q+mFHGggT7ksecorGS3xUoo1615tbdGcgy8QpSgwLNXvWrG6U0T5g0VKDWHc/NTDBGZTgVbFLp5pplSIfYZx1LJSZMB+PZsRNyYpWIxKmyJQ2Zqb8nxphoPUpC25mgGehFbyr+53VyE18HYy6z3DBJ54viXBCTkunnJOKKUSNGliBV3N5K6AAVUmPzqdgQvMWXl8njWd27rF/cn9caN0UcZTiCYzgFD66gAXfQBB8ocHiGV3hzpPPivDsf89aSU8wcwh84nz/Lso6x</latexit>^
<latexit sha1_base64="V9o9J1Ks+WLd091cFomPB/eAb0E=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBbBg5RErXosetBjBfuBaSib7aZdutmE3Y1QQv6FFw+KePXfePPfuG1z0NYHA4/3ZpiZ58ecKW3b31ZhaXllda24XtrY3NreKe/utVSUSEKbJOKR7PhYUc4EbWqmOe3EkuLQ57Ttj24mfvuJSsUi8aDHMfVCPBAsYARrIz3e9lLXOTmreVmvXLGr9hRokTg5qUCORq/81e1HJAmp0IRjpVzHjrWXYqkZ4TQrdRNFY0xGeEBdQwUOqfLS6cUZOjJKHwWRNCU0mqq/J1IcKjUOfdMZYj1U895E/M9zEx1ceSkTcaKpILNFQcKRjtDkfdRnkhLNx4ZgIpm5FZEhlphoE1LJhODMv7xIWqdV56Jauz+v1K/zOIpwAIdwDA5cQh3uoAFNICDgGV7hzVLWi/VufcxaC1Y+sw9/YH3+AEMmkAM=</latexit>

G[1,35]

<latexit sha1_base64="Wn8ZUBojCD4uK6CnbTMnTfZT6vU=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBA8hV3fx6AXjxHMA5IlzE56kyGzs+vMrBCW/IQXD4p49Xe8+TdOkj1oYkFDUdVNd1eQCK6N6347S8srq2vrhY3i5tb2zm5pb7+h41QxrLNYxKoVUI2CS6wbbgS2EoU0CgQ2g+HtxG8+odI8lg9mlKAf0b7kIWfUWKnVkdgnqnvWLZXdijsFWSReTsqQo9YtfXV6MUsjlIYJqnXbcxPjZ1QZzgSOi51UY0LZkPaxbamkEWo/m947JsdW6ZEwVrakIVP190RGI61HUWA7I2oGet6biP957dSE137GZZIalGy2KEwFMTGZPE96XCEzYmQJZYrbWwkbUEWZsREVbQje/MuLpHFa8S4rF/fn5epNHkcBDuEITsCDK6jCHdSgDgwEPMMrvDmPzovz7nzMWpecfOYA/sD5/AFigo+O</latexit>¬r3

Resolution output:
<latexit sha1_base64="Xv9/saNiE+s9FCJ/oFgv5wh6fik=">AAAB/HicbVDLSsNAFJ34rPUV7dLNYBFclUR8LYtuXFawD2hjmUxv2qGTSZiZiCHUX3HjQhG3fog7/8ZJm4W2Hhg4nHMv98zxY86Udpxva2l5ZXVtvbRR3tza3tm19/ZbKkokhSaNeCQ7PlHAmYCmZppDJ5ZAQp9D2x9f5377AaRikbjTaQxeSIaCBYwSbaS+XemFRI8o4Vlnct+DR3NR9e2qU3OmwIvELUgVFWj07a/eIKJJCEJTTpTquk6svYxIzSiHSbmXKIgJHZMhdA0VJATlZdPwE3xklAEOImme0Hiq/t7ISKhUGvpmMo+q5r1c/M/rJjq49DIm4kSDoLNDQcKxjnDeBB4wCVTz1BBCJTNZMR0RSag2fZVNCe78lxdJ66TmntfObk+r9auijhI6QIfoGLnoAtXRDWqgJqIoRc/oFb1ZT9aL9W59zEaXrGKngv7A+vwBetOVUw==</latexit>

X 9

<latexit sha1_base64="opuORXxgdkou4EXt4Zq14kmE/CQ=">AAAB/HicbVDLSsNAFL2pr1pf0S7dDBbBVUnE17LoxmUF+4Amlsl00g6dTMLMRCih/oobF4q49UPc+TdO2iy09cDA4Zx7uWdOkHCmtON8W6WV1bX1jfJmZWt7Z3fP3j9oqziVhLZIzGPZDbCinAna0kxz2k0kxVHAaScY3+R+55FKxWJxrycJ9SM8FCxkBGsj9e2qF2E9Iphn3emDF8YSc963a07dmQEtE7cgNSjQ7Ntf3iAmaUSFJhwr1XOdRPsZlpoRTqcVL1U0wWSMh7RnqMARVX42Cz9Fx0YZIHPZPKHRTP29keFIqUkUmMk8qlr0cvE/r5fq8MrPmEhSTQWZHwpTjnSM8ibQgElKNJ8YgolkJisiIywx0aaviinBXfzyMmmf1t2L+vndWa1xXdRRhkM4ghNw4RIacAtNaAGBCTzDK7xZT9aL9W59zEdLVrFThT+wPn8ASiOVMw==</latexit>

X 8
<latexit sha1_base64="CaZFXdm4krbgQ3s637t8D3Pqm8o=">AAAB+HicbVBNS8NAEJ3Ur1o/WvXoZbEIFUpJrFWPRS8eK9gPaEPYbLft0s0m7G6EGvpLvHhQxKs/xZv/xm2bg7Y+GHi8N8PMPD/iTGnb/rYya+sbm1vZ7dzO7t5+vnBw2FJhLAltkpCHsuNjRTkTtKmZ5rQTSYoDn9O2P76d+e1HKhULxYOeRNQN8FCwASNYG8kr5EtOuVor9wQdIulVz7xC0a7Yc6BV4qSkCCkaXuGr1w9JHFChCcdKdR070m6CpWaE02muFysaYTLGQ9o1VOCAKjeZHz5Fp0bpo0EoTQmN5urviQQHSk0C33QGWI/UsjcT//O6sR5cuwkTUaypIItFg5gjHaJZCqjPJCWaTwzBRDJzKyIjLDHRJqucCcFZfnmVtM4rzmWldn9RrN+kcWThGE6gBA5cQR3uoAFNIBDDM7zCm/VkvVjv1seiNWOlM0fwB9bnD9R6kUc=</latexit>

(1, 35, ¬r3)
<latexit sha1_base64="C3Ayfy33DiceMeaPvtcE/IuhpRM=">AAAB83icbVDLSgNBEOz1GeMr6tHLYBA8SNgNvo5BLx4jmAfsLmF2MkmGzM4uM71CCPkNLx4U8erPePNvnCR70MSChqKqm+6uKJXCoOt+Oyura+sbm4Wt4vbO7t5+6eCwaZJMM95giUx0O6KGS6F4AwVK3k41p3EkeSsa3k391hPXRiTqEUcpD2PaV6InGEUrBUgCoYjvnVfdsFMquxV3BrJMvJyUIUe9U/oKugnLYq6QSWqM77kphmOqUTDJJ8UgMzylbEj73LdU0ZibcDy7eUJOrdIlvUTbUkhm6u+JMY2NGcWR7YwpDsyiNxX/8/wMezfhWKg0Q67YfFEvkwQTMg2AdIXmDOXIEsq0sLcSNqCaMrQxFW0I3uLLy6RZrXhXlcuHi3LtNo+jAMdwAmfgwTXU4B7q0AAGKTzDK7w5mfPivDsf89YVJ585gj9wPn8A+MqQWg==</latexit>

t 2 [1, 20]
<latexit sha1_base64="0qzf5EKUssghBKHJT+Xxpypuvow=">AAAB9XicbVDLSgNBEOz1GeMr6tHLYBA9SNgVEz0GvXiMYB6QrGF2MkmGzM4uM71KWPIfXjwo4tV/8ebfOHkcNLGgoajqprsriKUw6LrfztLyyuraemYju7m1vbOb29uvmSjRjFdZJCPdCKjhUiheRYGSN2LNaRhIXg8GN2O//si1EZG6x2HM/ZD2lOgKRtFKD3hCWkKRZumMeEW/ncu7BXcCski8GcnDDJV27qvViVgScoVMUmOanhujn1KNgkk+yrYSw2PKBrTHm5YqGnLjp5OrR+TYKh3SjbQthWSi/p5IaWjMMAxsZ0ixb+a9sfif10ywe+WnQsUJcsWmi7qJJBiRcQSkIzRnKIeWUKaFvZWwPtWUoQ0qa0Pw5l9eJLXzglcqFO8u8uXrWRwZOIQjOAUPLqEMt1CBKjDQ8Ayv8OY8OS/Ou/MxbV1yZjMH8AfO5w/BcpC+</latexit>

t0 2 [6, 15]

<latexit sha1_base64="5JPuuMztXa2pHIk4uQf9FLNpFoY=">AAACAHicbVDLSsNAFJ3UV62vqAsXbgaLICglEVtdFt24rGAfkIYwmU7aoZNJmLkRSunGX3HjQhG3foY7/8ZJ24VWD1zu4Zx7mbknTAXX4DhfVmFpeWV1rbhe2tjc2t6xd/daOskUZU2aiER1QqKZ4JI1gYNgnVQxEoeCtcPhTe63H5jSPJH3MEqZH5O+5BGnBIwU2AcQuLjLJfYAn+LaGc6bW/UDu+xUnCnwX+LOSRnN0Qjsz24voVnMJFBBtPZcJwV/TBRwKtik1M00Swkdkj7zDJUkZtofTw+Y4GOj9HCUKFMS8FT9uTEmsdajODSTMYGBXvRy8T/PyyC68sdcphkwSWcPRZnAkOA8DdzjilEQI0MIVdz8FdMBUYSCyaxkQnAXT/5LWucVt1ap3l2U69fzOIroEB2hE+SiS1RHt6iBmoiiCXpCL+jVerSerTfrfTZasOY7++gXrI9v9/STcA==</latexit>

t1 2 [t + 6, t + 15]
<latexit sha1_base64="YmFfp3iV0RECt2systKGtXp7sJM=">AAAB/3icbVDLSsNAFJ3UV62vqODGzWARBKUkxdey6MZlBfuANJTJdNoOnUzCzI1QYhf+ihsXirj1N9z5N07TLLR64HIP59zL3DlBLLgGx/myCguLS8srxdXS2vrG5pa9vdPUUaIoa9BIRKodEM0El6wBHARrx4qRMBCsFYyup37rninNI3kH45j5IRlI3ueUgJG69h50q7jDJfYAH2P3BGfN79plp+JkwH+Jm5MyylHv2p+dXkSTkEmggmjtuU4MfkoUcCrYpNRJNIsJHZEB8wyVJGTaT7P7J/jQKD3cj5QpCThTf26kJNR6HAZmMiQw1PPeVPzP8xLoX/opl3ECTNLZQ/1EYIjwNAzc44pREGNDCFXc3IrpkChCwURWMiG481/+S5rVinteObs9Ldeu8jiKaB8doCPkogtUQzeojhqIogf0hF7Qq/VoPVtv1vtstGDlO7voF6yPb3bWky0=</latexit>

t2 2 [t + 1, t + 1]

<latexit sha1_base64="vHZSwVbGkfLKYKDQFVB4F/1GqHA=">AAAB/HicbVDLSsNAFJ3UV62vaJduBotQoZSk2upGKLpxWcE+oA1hMpm2QyeTMDMRQqi/4saFIm79EHf+jdM2C209cOFwzr3ce48XMSqVZX0bubX1jc2t/HZhZ3dv/8A8POrIMBaYtHHIQtHzkCSMctJWVDHSiwRBgcdI15vczvzuIxGShvxBJRFxAjTidEgxUlpyzWK5UYHn9QoUbu3MTal/bU9ds2RVrTngKrEzUgIZWq75NfBDHAeEK8yQlH3bipSTIqEoZmRaGMSSRAhP0Ij0NeUoINJJ58dP4alWfDgMhS6u4Fz9PZGiQMok8HRngNRYLnsz8T+vH6vhlZNSHsWKcLxYNIwZVCGcJQF9KghWLNEEYUH1rRCPkUBY6bwKOgR7+eVV0qlV7Ua1fn9Rat5kceTBMTgBZWCDS9AEd6AF2gCDBDyDV/BmPBkvxrvxsWjNGdlMEfyB8fkDKqCSjw==</latexit>

(6, 35, r2)id=1
<latexit sha1_base64="QZ5pe0oYbSm860pmmUhRUFHUR4M=">AAAB+3icbVDLSsNAFJ34rPUV69LNYBEqlJIEXxuh6MZlBfuANoTJZNIOnUzCzEQsIb/ixoUibv0Rd/6N0zYLbT1w4XDOvdx7j58wKpVlfRsrq2vrG5ulrfL2zu7evnlQ6cg4FZi0ccxi0fORJIxy0lZUMdJLBEGRz0jXH99O/e4jEZLG/EFNEuJGaMhpSDFSWvLMSs2pO3YdCs8+9TIaXDu5Z1athjUDXCZ2QaqgQMszvwZBjNOIcIUZkrJvW4lyMyQUxYzk5UEqSYLwGA1JX1OOIiLdbHZ7Dk+0EsAwFrq4gjP190SGIiknka87I6RGctGbiv95/VSFV25GeZIqwvF8UZgyqGI4DQIGVBCs2EQThAXVt0I8QgJhpeMq6xDsxZeXScdp2BeN8/uzavOmiKMEjsAxqAEbXIImuAMt0AYYPIFn8ArejNx4Md6Nj3nrilHMHII/MD5/AMRVklw=</latexit>

(2, 21, r1)id=2
<latexit sha1_base64="HGgT0KePcTLHy/ru0wfLaZLVoyg=">AAACA3icbVDLSsNAFJ3UV62vqDvdDBahYilJrY+NUHTjsoJ9QBvCZDJph04mYWYilFBw46+4caGIW3/CnX/jtM1Cqwfu5XDOvczc48WMSmVZX0ZuYXFpeSW/Wlhb39jcMrd3WjJKBCZNHLFIdDwkCaOcNBVVjHRiQVDoMdL2htcTv31PhKQRv1OjmDgh6nMaUIyUllxzr6TcahnqBo9hrQyFax+5KfUvT8auWbQq1hTwL7EzUgQZGq752fMjnISEK8yQlF3bipWTIqEoZmRc6CWSxAgPUZ90NeUoJNJJpzeM4aFWfBhEQhdXcKr+3EhRKOUo9PRkiNRAznsT8T+vm6jgwkkpjxNFOJ49FCQMqghOAoE+FQQrNtIEYUH1XyEeIIGw0rEVdAj2/Ml/Satasc8qp7e1Yv0qiyMP9sEBKAEbnIM6uAEN0AQYPIAn8AJejUfj2Xgz3mejOSPb2QW/YHx8A3X+lOE=</latexit>

(t2, t2 + 4, r1)id=3

<latexit sha1_base64="Ex1PYYBqpL/HiMkePgEzGDY9FOs=">AAAB+3icbVBNS8NAEN34WetXrEcvi0UQKiWpVj0WvXisYD8gDWGz3bZLN5uwOxFL6V/x4kERr/4Rb/4bt20O2vpg4PHeDDPzwkRwDY7zba2srq1vbOa28ts7u3v79kGhqeNUUdagsYhVOySaCS5ZAzgI1k4UI1EoWCsc3k791iNTmsfyAUYJ8yPSl7zHKQEjBXYBgnPc4RJ7UKqcYShV/cAuOmVnBrxM3IwUUYZ6YH91ujFNIyaBCqK15zoJ+GOigFPBJvlOqllC6JD0mWeoJBHT/nh2+wSfGKWLe7EyJQHP1N8TYxJpPYpC0xkRGOhFbyr+53kp9K79MZdJCkzS+aJeKjDEeBoE7nLFKIiRIYQqbm7FdEAUoWDiypsQ3MWXl0mzUnYvy9X7i2LtJosjh47QMTpFLrpCNXSH6qiBKHpCz+gVvVkT68V6tz7mrStWNnOI/sD6/AEWbpKL</latexit>

t3 2 [t + 2, t + 5]

<latexit sha1_base64="sumP+CdXN3UD+4dHnc76Cxz2jmg=">AAAB/HicbVDLSsNAFL3xWesr2qWbwSJULCURqy6LblxWsA9oQ5hMp+3QyYOZiRBC/RU3LhRx64e482+ctFlo64HLPZxzL3PneBFnUlnWt7Gyura+sVnYKm7v7O7tmweHbRnGgtAWCXkouh6WlLOAthRTnHYjQbHvcdrxJreZ33mkQrIweFBJRB0fjwI2ZAQrLblmqaLQGbKrKGv1KhKufeqaZatmzYCWiZ2TMuRouuZXfxCS2KeBIhxL2bOtSDkpFooRTqfFfixphMkEj2hP0wD7VDrp7PgpOtHKAA1DoStQaKb+3kixL2Xie3rSx2osF71M/M/rxWp47aQsiGJFAzJ/aBhzpEKUJYEGTFCieKIJJoLpWxEZY4GJ0nkVdQj24peXSfu8Zl/W6vcX5cZNHkcBjuAYKmDDFTTgDprQAgIJPMMrvBlPxovxbnzMR1eMfKcEf2B8/gCPvJGC</latexit>

(t + 1, t + 5, r1)

<latexit sha1_base64="dnLbDr0ziQ3H1iG8gYORfmfWcPI=">AAAB/XicbVDJSgNBEO2JW4zbuNy8NAYxooSZ4HYMevEYwSyQDENPpydp0rPQXSPEIfgrXjwo4tX/8Obf2EnmoIkPinq8V0VXPy8WXIFlfRu5hcWl5ZX8amFtfWNzy9zeaagokZTVaSQi2fKIYoKHrA4cBGvFkpHAE6zpDW7GfvOBScWj8B6GMXMC0gu5zykBLbnmXgnwCYajU5x16VaOXbNola0J8DyxM1JEGWqu+dXpRjQJWAhUEKXathWDkxIJnAo2KnQSxWJCB6TH2pqGJGDKSSfXj/ChVrrYj6SuEPBE/b2RkkCpYeDpyYBAX816Y/E/r52Af+WkPIwTYCGdPuQnAkOEx1HgLpeMghhqQqjk+lZM+0QSCjqwgg7Bnv3yPGlUyvZF+fzurFi9zuLIo310gErIRpeoim5RDdURRY/oGb2iN+PJeDHejY/paM7IdnbRHxifP8mlkj0=</latexit>

(t + t0, t + t0, r2)

<latexit sha1_base64="pdAbmGJDJeJkipPalXplMA2g3ng=">AAAB6XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2MwF49R8oJkCbOT3mTI7OwyMyuEkD/w4kERr/6RN//GSbIHTSxoKKq66e4KEsG1cd1vJ7e2vrG5ld8u7Ozu7R8UD4+aOk4VwwaLRazaAdUouMSG4UZgO1FIo0BgKxhVZ37rCZXmsaybcYJ+RAeSh5xRY6XHerVXLLlldw6ySryMlCBDrVf86vZjlkYoDRNU647nJsafUGU4EzgtdFONCWUjOsCOpZJGqP3J/NIpObNKn4SxsiUNmau/JyY00nocBbYzomaol72Z+J/XSU1460+4TFKDki0WhakgJiazt0mfK2RGjC2hTHF7K2FDqigzNpyCDcFbfnmVNC/K3nX56uGyVLnL4sjDCZzCOXhwAxW4hxo0gEEIz/AKb87IeXHenY9Fa87JZo7hD5zPHz28jS8=</latexit>

TC
<latexit sha1_base64="pdAbmGJDJeJkipPalXplMA2g3ng=">AAAB6XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2MwF49R8oJkCbOT3mTI7OwyMyuEkD/w4kERr/6RN//GSbIHTSxoKKq66e4KEsG1cd1vJ7e2vrG5ld8u7Ozu7R8UD4+aOk4VwwaLRazaAdUouMSG4UZgO1FIo0BgKxhVZ37rCZXmsaybcYJ+RAeSh5xRY6XHerVXLLlldw6ySryMlCBDrVf86vZjlkYoDRNU647nJsafUGU4EzgtdFONCWUjOsCOpZJGqP3J/NIpObNKn4SxsiUNmau/JyY00nocBbYzomaol72Z+J/XSU1460+4TFKDki0WhakgJiazt0mfK2RGjC2hTHF7K2FDqigzNpyCDcFbfnmVNC/K3nX56uGyVLnL4sjDCZzCOXhwAxW4hxo0gEEIz/AKb87IeXHenY9Fa87JZo7hD5zPHz28jS8=</latexit>

TC

<latexit sha1_base64="wmHyHf4mWZmDDkQwSO73lPDHcAI=">AAAB/3icbVDLSsNAFJ34rPUVFdy4GSxChVIS26oboejGZQX7gDaEyWTSDp1MwsxEKLELf8WNC0Xc+hvu/BunbRbaeuDC4Zx7ufceL2ZUKsv6NpaWV1bX1nMb+c2t7Z1dc2+/JaNEYNLEEYtEx0OSMMpJU1HFSCcWBIUeI21veDPx2w9ESBrxezWKiROiPqcBxUhpyTUPi3apUiv1OOlD4VZO3ZT6V9WxaxassjUFXCR2RgogQ8M1v3p+hJOQcIUZkrJrW7FyUiQUxYyM871EkhjhIeqTrqYchUQ66fT+MTzRig+DSOjiCk7V3xMpCqUchZ7uDJEayHlvIv7ndRMVXDop5XGiCMezRUHCoIrgJAzoU0GwYiNNEBZU3wrxAAmElY4sr0Ow519eJK2zsn1ert1VC/XrLI4cOALHoAhscAHq4BY0QBNg8AiewSt4M56MF+Pd+Ji1LhnZzAH4A+PzB+aflCI=</latexit>

(1, 35, ¬r3)id=4

Figure 3.4: An AST for an example STL specification, F[1,20](G[1,5](r1)∧F[6,15](r2))∧G[1,35](¬r3),
with outputs from the flattening and symbolic time resolution steps. Each constraint resulting from
the resolution step is assigned an identifier (id); a symbolic time variable that represents the time
of satisfying the constraint is annotated with id as the subscript (i.e., t2 represents the satisfaction
of reachability constraint (2,21,r1)).

subsequently for the following (l − h) steps. Here, T-SAT(y) returns a symbolic time variable
representing the time of satisfaction of constraint y.

Consider the example in Figure 3.4. One of the invariance constraints that flattening generates
is (t+1, t+5,r1), which depends on time variable t ∈ [1,20]. The application of APPLYFG results
in constraints stating that (1) the system must satisfy p within [2,21], and (2) from the point of the
satisfaction of this constraint (t2), it must hold p true for the following (5−1) = 4 steps. Note that
the other invariance constraint, (1,35,¬r3), remains untouched, as it does not depend on any time
variable.

Reachability constraints

A reachability constraint, x = (l,h, p), with time variable t ∈ [a,b] represents an STL expression
F[a,b](F[l,h] p). When a pair of F operators are nested in this manner, they can be simplified by
using the following substitution rule:

APPLYFF(x = (l,h, p), tc = (a,b, t))≡ (l +a,h+b, p)

The resulting reachability constraint, y∃, replaces the existing constraint in X ∃ (line 14). In addi-
tion, a new time variable interval is added to ensure that y∃ is satisfied between (t + l) and (t +h).

For the example in Figure 3.4, flattening produces one reachability constraint, (t + t ′, t + t ′,r2).
During the first iteration of the outermost loop (line 4), STR selects tc = (5,15, t ′) and applies
APPLYFF to the constraint, producing a new reachability constraint (t +5, t +15,r2). In next iter-
ation, STR selects tc=(1,20, t) and applies APPLYFF to (t+5, t+15,r2), producing an additional
reachability constraint (6,35,r2).

Note that at the end of resolution for the example (Figure 3.4), variable t appears in multiple
intervals in TC′. In the following section, we describe how STLINC schedules tasks to generate
concrete values for the time variables incrementally one-by-one, ultimately synthesizing a plan
that satisfies the original STL formula.
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Algorithm 2 Schedule

1: Input: X ∃,X ∀,TC′

2: Output: Signal splan for synthesized plan
3: splan = ⟨⟩
4: ≺ := COMPUTEORDER(X ∃,X ∀,TC′)
5: currTasks := NEXTTASKS(X ∃,X ∀,≺, /0)
6: while currTasks ̸= /0 do
7: currTasks := SLICE(currTasks)
8: atomicTask := NEXTATOMIC(currTasks)
9: currTasks := currTasks−{atomicTask}

10: satomic := PLAN (atomicTask)
11: if satomic = ⟨⟩ then break end if
12: splan := s⌢satomic
13: satTasks := EXTRACTTIME(Satomic)
14: currTasks := currTasks∪NEXTTASKS(X ∃,X ∀,≺,satTasks)
15: end while
16: return splan

Lemma 2. Let (X ∃, X ∀, TC) be the output of f latten(φ) and (X ∃
2 , X ∀

2 , TC′) be the output of
ST R(X ∃,X ∀,TC). Then, for every signal st:

∀v ∈ V (vars(TC′))• (∀x2 ∈ X ∃
2 ∪X ∀

2 • st |= Inst(x2,v)) =⇒
(∀x ∈ X ∃∪X ∀ • st |= Inst(x,v))

In other words, if every reachability and invariance constraint generated from STR is satisfied
under some instantiation (v) of symbolic time variables in TC′, then the original set of flattened
constraints must also be satisfied under the same condition.

3.2.3 Scheduling

Given the output from the resolution step (the two constraint sets, X ∃,X ∀ and the time inter-
val variables, TC′), the goal of the scheduler is synthesize a plan that satisfies the original STL
specification φ . To achieve this, the scheduler iteratively interacts with a planner that is capable
of synthesizing a plan to satisfy an atomic task formula of form F[a,b](φ1)∧G[a,b](φ2), where φ1
and φ2 are quantifier-free STL expressions. The scheduling process is incremental: The scheduler
generates a sequence of atomic tasks formulas and invokes the planner to solve them one-by-one,
using information (i.e., the time of satisfaction of a reachability or invariance constraint) generated
by the planner to resolve any dependencies on symbolic time variables that were introduced during
the flattening and resolution steps. The scheduling algorithm (Alg. 2) comprises of three major
parts: ordering, slicing of constraints, and planning of atomic tasks.
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Ordering In the first step (line 4), the scheduler computes a partial order (≺) among the given
reachability and invariance constraints, to determine which of these constraints must be satisfied
before others. In particular, given a pair of constraints, x1 and x2, x1 ≺ x2 if and only if the time
of satisfaction of x1 necessarily precede that of x2, based on the time intervals that are assigned to
those constraints in X ∃ or X ∀.

If one or more of x1 and x2 depends on another symbolic variable, t, for satisfaction, then the
information in TC′ is used to determine the presence of a precedence relationship. Consider t1
and t3 from Figure 3.4; after resolution, the satisfaction of these two constraints depend on the
symbolic variable t (as specified in TC′). Although the value of t is unknown, it can be determined
that for any possible value of t, t3 will necessarily be satisfied before t1 (i.e., t3 ≺ t1). Overall, for
this example, COMPUTEORDER determines that t2 ≺ t3 ≺ t1. Note that t4 does not appear in this
ordering as it needs to be satisfied in parallel with these other constraints.

Slicing The scheduler then determines the first set of constraints (or tasks) to be carried out based
on the order ≺ (line 5). In general, the time intervals over these constraint may overlap with each
other in an arbitrary way. Recall, however, that each atomic task to be solved by the planner must
be in form F[a,b](φ1)∧G[a,b](φ2). Thus, the scheduler must first convert the constraints in currTasks
into a set of atomic tasks constraint; this step involves slicing one or more constraints in currTasks
(line 7).

0 1 2 21 35

t2:(2,21,r1)
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Figure 3.5: A slicing example.

Our slicing algorithm is illustrated in Algorithm 3. We il-
lustrate it’s application using an example, shown in Figure 3.5.
For our running example, the first set of constraints to be ful-
filled is {t2 = (2,21,r1), t4 = (1,35,¬r3)}. In the first step
(line 3), we identify the lowest and the highest time bounds
out of all the constraints in currTasks (which, for the example,
would be 1 and 35). Then, in lines 5 to 11, for the horizon, we
identify which constraints are active at each given time step.
After this step, in lines 14 to 29, we first create “slices”, which involves generating multiple time
intervals out of time steps where similar constraints are active. Then, we create constraints of type
X s and X ∀ out of them by combining propositions of constraints of the same type. For the run-
ning example, these time slices would be [1,1], [2,21] and [22,35]. Concretely the SLICE operation
slices t4 into three constraints, t4a, t4b, t4c; this, in turn, results in the following three atomic tasks:

G[1,1](¬r3) F[2,21](r2)∧G[2,21](¬r3) G[22,35](¬r3)

However, the slicing step may introduce dependencies among the atomic tasks, especially for
the constraints in X ∃. For example, suppose that task F[2,21](r2) is further split into two slices,
F[2,12](r2) and F[12,21](r2). Since r2 needs to be satisfied only once in interval [2,21], we would
need to ensure that we are not over-constraining the space of possible behaviors by requiring r2
to be satisfied twice, as the slices would imply. To achieve this, we keep track of dependencies
among constraints, which are used by the scheduler to remove unnecessary atomic tasks (e.g.,
remove F[12,21](r2) once r2 is satisfied between [2,12]). This dependency management is handled
inside NEXTTASKS (Algorithm 2, Line 14).
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Algorithm 3 SLICE
1: Input: Set of currTasks X c

2: Output: Set of atomic tasks constraints X c′

3: tmin, tmax := HORIZON(currTasks)
4: active := ⟨⟩
5: for t in [tmin, tmax] do
6: activet := ⟨⟩
7: for x = (l,h, p) in X c do
8: if t in [l,h] then activet := active⌢t ⟨x⟩ end if
9: end for

10: active := active⌢activet
11: end for
12: tlow := tmin
13: X c′ = {}
14: for t in [tmin +1, tmax] do
15: if active[t −1]! = active[t] then
16: X temp := active[t −1]
17: X temp

∃ := {(tlow, t −1,⊤)}
18: X temp

∀ := {(tlow, t −1,⊤)}
19: for x = (l,h, p) in X temp do
20: if x in X ∃ then
21: X temp

∃ .p := X temp
∃ .p∧ p

22: else
23: X temp

∀ .p := X temp
∀ .p∧ p

24: end if
25: end for
26: X c′ := X c′ ∪X temp

∃ ∪X temp
∀

27: tlow := t
28: end if
29: end for
30: return X c′
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STL Specification Pattern
φ1 F[0,15](R1)∧F[5,25](R2)∧F[20,30](R3)∧G[0,40](¬O1) R+A
φ2 F[0,15](R1 ∧F[0,15](R2))∧G[0,40](¬O1) SV+A
φ3 F[0,15](R1 ∧F[0,15](R2 ∧F[0,20](R3 ∧F[0,15](R1)))) SV
φ4 F[0,15]G[0,10](R1)∧F[0,35](R2)∧G[0,40](¬O1) R+A+SB
φ5 F[0,15](R1 ∧F[0,20]G[0,10](R2)) SV+SB

Table 3.1: Benchmark STL specifications created from motion planning patterns. Here, R: Reach,
A: Avoid, SV: Sequenced Visit, SB: Stabilization.

Planning atomic tasks Once atomic tasks have been generated through slicing, the scheduler
selects the next atomic task and invokes the planner (lines 8-10). If the planner is able to synthesize
a plan that satisfies the atomic task, it returns a signal that represents the satisfying trajectory,
which is then appended to the cumulative signal splan (line 12); if not, the scheduler terminates by
returning the signal that contains a partially satisfactory plan (line 11).

From the synthesized signal, the scheduler extracts the constraints from X ∃ and X ∀ that were
satisfied, along with the concrete time values for their satisfaction (line 13). This information
(satTasks) is then used to determine the next increment of constraints to be solved.

Finally, when all of the constraints in X ∃ and X ∀ have been satisfied, the scheduler terminates
by returning splan as the final plan.
Lemma 3. Let splan be the output of Schedule(X ∃, X ∀, TC′) and v be an assignment of values
to symbolic time variables in TC′, which are determined during the scheduling step. Then, the
following statement holds:

∀x ∈ X ∃∪X ∀ • splan |= Inst(x,v)

In other words, the synthesized plan, splan, satisfies all of the reachability and invariance con-
straints that were generated from the preceding flattening and STR steps.

Building on Lemmas 1, 2, and 3, we finally introduce a theorem to state that our proposed
approach generates a plan that satisfies the given specification φ :
Theorem 4. Given specification φ and splan as the output of the scheduling algorithm, splan |= φ .

3.3 Evaluation

3.3.1 Experimental Setup
Specifications.

We investigated multiple motion planning STL specifications from [26, 97]. Based on the most
common planning patterns, such as Reach (R), Avoid (A), Stabilisation (SB), Sequenced Visits
(SV) etc., we created representative STL benchmark specifications as outlined in Table 3.1. These
specifications are defined over STL subformulas of the form Ri or Oi where Ri / Oi is satisfied
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if the agent is inside Region i or Obstacle i. These subformulas are defined in a similar fashion
using conjunction of linear and nonlinear predicates as done in [79]. Please refer to [79] for more
information on how these are defined for rectangular/circular regions.

Implementation Details.

We investigate planning from benchmark specifications in two robot exploration environments
(similar to Figure 3.1), namely LinEnv and NonLinEnv created using STLPY [79]. STLPY has the
functionality to encode any arbitrary STL formula, dynamics and actuation limits into constraints
and use existing state-of-the-art solvers (Gurobi [46], SNOPT [41], etc.,) to generate satisfying
plans. Our two environments are both planar but differ in underlying dynamics governing the
robot. LinEnv has linear dynamics (Double Integrator) whereas NonLinEnv has nonlinear dynam-
ics (Unicycle). We benchmark our technique against existing MICP methods (for linear dynamics)
and other gradient-based techniques like SNOPT (for non-linear dynamics). We use Python to im-
plement our tool2 while using stlpy and Drake [118] to encode the STL constraints. Additionally,
we use Gurobi or SNOPT to solve the final constrained optimization problem. All experiments
were run on a workstation with an Intel Xeon W-1350 processor and 32 GB RAM.

Benchmarks and Research Questions.

We compare against the state-of-the-art techniques proposed in [18] (which we call standard
MICP) and [79] (reduced MICP). Since the standard MICP encoding is only defined for envi-
ronments with linear dynamics, we compare our technique against reduced MICP encoding for
NonLinEnv. Reduced MICP claims better performance over standard MICP for long horizon and
complex specifications due to their efficient encoding of disjunction and conjunction with fewer
binary variables. However, standard MICP is faster for short-horizon specifications due to solver-
specific presolve routines that leverage the additional binary variables for simplification.

Since our focus is on both short- and long-horizon specification with deep levels of temporal
operator nesting, we benchmark against both techniques. The two main metrics we are concerned
with are the time taken for solving and the final robustness values. To make the comparison fair, the
total time taken by our technique includes the time taken by the flattener, scheduler, and solvers.

The two main research questions we investigate in this work are:
1. RQ1: Does our decomposition technique result in shorter solve times?

2. RQ2: Does our decomposition technique result in higher robustness scores?

3.3.2 Results

Table 3.2 summarizes the results for STLINC performance compared to the baselines. In the tables,
N represents the horizon of the specification and D represents the maximum depth of temporal
nesting; TO represents a timeout, which means the solver did not terminate despite running it for

2https://github.com/parvkpr/MCTSTL
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Spec N D Solve time (s) Robustness
LinEnv NonLinEnv LinEnv NonLinEnv

MICP R-MICP STLINC R-MICP STLINC MICP R-MICP STLINC R-MICP STLINC

φ1 40 0 0.845 2.698 0.891 0.890 1.464 0.500 0.500 0.500 0.430 0.572
φ2 30 1 2.459 TO 0.402 12.674 0.892 0.491 -inf 0.491 -inf 0.594
φ3 60 3 TO TO 0.874 15.829 1.554 -inf -inf 0.228 -inf 0.065
φ4 40 1 0.318 0.330 0.629 1.049 1.131 0.494 0.500 0.500 0.470 0.364
φ5 40 2 2.829 28.490 0.694 83.193 1.776 0.500 0.500 0.500 -inf 0.596

Table 3.2: STLINC Performance Benchmarking for LinEnv and NonLinEnv against standard MICP
[18] and reduced MICP (R-MICP) [79].

30 minutes. In those cases, the solver’s output plan robustness is represented as -inf (which means
no solution was found in the given time).

For LinEnv for all the specifications, our robustness values are comparable to the two tech-
niques but our solve times are either lower or comparable to the baselines. Additionally, for spec-
ification φ3, which has the deepest temporal nesting, our method significantly outperforms both
baseline methods that experience timeouts.

For NonLinEnv for φ1 and φ4, the baseline encoding performs better in terms of solving time
but STLINC only does slightly worse. However, for specification φ2,φ3 and φ5, STLINC signifi-
cantly outperforms the baselines.

3.4 Summary
STL has been used extensively to describe complex properties over real valued signals such as
state trajectories arising from continuous dynamical systems. For robotic planning, STL can be
used to describe complex behaviors with concrete time deadlines such as those found in trajec-
tory planning and task planning. However, when STL is used to represent these composite tasks,
incremental planning becomes challenging. This issue is because STL semantics can encode the
sequential nature of tasks but does not expose this structure to the planner. In such cases, the plan-
ners are forced to work with complex long-horizon specifications. To overcome this challenge, we
propose a structural manipulation-based technique for the temporal decomposition of STL speci-
fications, enabling the incremental fulfillment of these specifications. We show our method gen-
erates correct-by -construction trajectories that satisfy deeply nested specifications with long time
horizons for which existing baseline STL planning techniques struggle. Our experiments suggest
that our technique is more efficient for multistep tasks with deep temporal nesting, outperforming
baselines by an order of magnitude.
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Chapter 4

STLCG++: Efficient STL Evaluation

STL presents an attractive formalism to describe spatio-temporal specifications as it is designed
to operate over real-valued time-series input rather than discrete propositions. In particular, STL’s
quantitative semantics, or robustness formulas, which measure how well a given robot trajectory
satisfies a requirement are a powerful feature. With some smoothing approximations in place, it
becomes efficient and stable to differentiate STL robustness within gradient-based optimization
methods—the key to many robot control and learning applications. As such, we have seen a grow-
ing interest in the inclusion of STL objectives/constraints in various optimization-based robotics
problems utilizing gradient descent as a solution method, such as trajectory optimization [42,103],
deep learning [91, 95], and control synthesis [88, 131]. Recently, STLCG [82] was introduced as a
general framework to encode any STL robustness formula as a computation graph and leveraged
modern automatic differentiation (AD) libraries for evaluation and backpropagation. The STLCG
(PyTorch) library made STL accessible to the broader robotics and deep learning communities,
supporting a growing body of work that relies on gradient-based optimization with STL objec-
tives/constraints [31, 73, 83, 89, 90, 121, 122, 142].

To construct the computation graph for any STL robustness formula, STLCG processes the
time-series input recurrently (see Fig. 4.1 right), primarily inspired by how recurrent neural net-
works (RNNs) [56] process sequential data. While consistent with the semantics of STL robust-
ness, recurrent processing leads to the forward and backward passes being comparatively slower
than other non-recurrent operations—a widely observed drawback of RNNs. These sequential
operations limit STLCG’s capability for efficiently handling long sequence lengths in offline and
online settings, especially when combined with other demanding computations, e.g., running foun-
dation models. We call this challenge the ”breadth” challenge.

To overcome this challenge, we leverage lessons from the language modeling community.
Attention-based neural architectures, such as transformers [119], have demonstrated superior per-
formance in processing sequential data, particularly on GPU hardware. The key to the transformer
architecture is the self-attention operation, which operates on all input values simultaneously rather
than recurrently. Inspired by the masking mechanism in transformer architectures, we present
STLCG++, a masking approach to evaluate and backpropagate through STL robustness for long
sequences more efficiently than STLCG, a recurrent-based approach (see Fig. 4.1 left). Further-
more, STLCG++ enables the differentiability of STL robustness values with respect to time interval
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Figure 4.1: We propose STLCG++ a masking approach to evaluating and backpropagating through
signal temporal logic (STL) robustness formulas. The masking approach offers stronger computa-
tional, theoretical, and practical benefits compared to STLCG, a recurrent approach.

parameters via smooth masking. We provide two open-source STLCG++ libraries, one in JAX and
another in PyTorch, and demonstrate their usage via several robotics-related problems ranging
from unsupervised learning, trajectory planning, and deep generative modeling. STLCG++ opens
new possibilities for using STL requirements in long-sequence contexts, especially for online com-
putations, paving the way for further advancements in spatio-temporal behavior generation, control
synthesis, and analysis for robotics applications.

4.1 Preliminaries
We provide a brief introduction to mathematical terminologies used in this chapter. See [82, 92]
for a more in-depth description.

4.1.1 Signals and trajectories

Signals and subsignals. STL formulas are interpreted over one-dimensional signals s=(s0, . . . ,sT ),
a sequence of scalars sampled at uniform timesteps ∆t (i.e., continuous-time outputs sampled at
finite time intervals) from any system of interest. Given a signal s = (s0, . . . ,sT ), a subsignal is a
contiguous fragment of a signal. By default, we assume a subsignal will start at timestep t and end
at the last timestep T . We denote such a subsignal by st = (st , . . . ,sT ). If a subsignal ends at a dif-
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ferent timestep from T , we denote it by sK
t = (st , . . . ,sK). Note: The absence of a sub(super)script

on s implies that the signal starts (ends) at timestep 0 (T ).
States, trajectories, and subtrajectories. Given a system of interest, let xt ∈ Rn denote the state
at timestep t. Let x = (x0, . . . ,xT ) denote a sequence of states sampled at uniform time steps ∆t.
Similar to how subsignals are defined, we denote a subtrajectory by xt = (xt , . . . ,xT )
From trajectories to signals. In this work, we focus specifically on signals computed from a
robot’s trajectory. As we will see in the next section, core to any STL formula are predicates which
are functions mapping state to a scalar value, µ : Rn → R, with st = µ(xt), t = 0, . . . ,T . A signal
can represent, for example, a robot’s forward speed.

4.1.2 Smooth max/min approximation
It is often desirable to use STL robustness within gradient-based optimization (e.g., training deep
neural networks or trajectory optimization). Since the robustness formulas consist of nested max/min
operations, smooth approximations m̃ax/m̃in are often used to aid numerical stability. Two typical
smooth approximations are softmax and logsumexp.

m̃axsoft(x) =
N

∑
i=1

xi expτxi

∑
N
i= j exp(τx j)

,

m̃axLSE(x) =
1
τ

log
N

∑
i=1

exp(τxi), m̃in(x) =−m̃ax(−x)

The smoothness can be controlled by a temperature parameter τ; as τ → ∞, the smooth approx-
imations approach the true max/min value. For deep learning, common practice is to anneal the
temperature value so that a more accurate smooth max/min is used towards the end of the op-
timization routine. Soundness of the smooth approximation may be an important consideration,
depending on the specific application. Recent works proposed sound approximations [94] which
STLCG++ can easily support. However, we view these efforts as complementary to this work.

4.1.3 Robustness trace
As STL formulas are composed of nested operations, evaluating the robustness value necessitates
first determining the robustness value for each subtrajectory and subformula. For instance, consider
Fφ where φ is the subformula. Evaluating ρ(x,Fφ) requires the robustness value of φ for all
subtrajectories, i.e., ρ(xt ,φ) for all t. Suppose that φ is another temporal formula, e.g., Gϕ , then
we would also require ρ(xt ,ϕ) for all t. Subsequently, we introduce the concept of a robustness
trace.
Definition 6 (Robustness trace). Given a trajectory x = (x0, . . . ,xT ) and an STL formula φ , the
robustness trace τ(x,φ) is a sequence of robustness values of φ for each subtrajectory of x. That
is,

τ(x,φ) = ρ(x0,φ), ρ(x1,φ), . . . ,ρ(xT ,φ). (4.1)
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Figure 4.2: Illustration of the graph structure of an example STL formula. Input trajectories are
first passed through the predicates and then each subformula according to the formula structure.

Computing the robustness trace of non-temporal operations is straightforward, as there is no need
to loop through time, and for brevity, we omit that description in this chapter.

4.1.4 Recursive structure of STL formulas

To compute the robustness value of any STL formula φ with arbitrary formula depth1, we must
first calculate the robustness trace of its subformula(s), and so forth, since STL formulas are con-
structed recursively. Fig. 4.2 illustrates how the trajectories are passed through each operation of
an STL formula to compute the robustness trace of each subformula. As such, we need to develop
the “building blocks” for computing robustness corresponding to each STL operation. Then, by
stacking these operations according to the formula structure, we can compute the robustness trace
for any STL formula regardless of formula depth.

4.1.5 STLCG: Recurrent computation

We briefly outline the recurrent operations underlying STLCG; for more details, we refer the reader
to [82]. Illustrated in Fig. 4.1 (right), STLCG utilizes the concept of dynamic programming to
calculate the robustness trace. The input signal is processed backward in time, and a hidden state
is maintained to store the information necessary for each recurrent operation at each time step.
The choice of recurrent operation depends on the temporal STL formula (either a max or min).
The size of the hidden state depends on the time interval of the temporal operator and is, at most,
the length of the signal. Although the use of a hidden state to summarize past information helps
reduce space complexity, the recurrent operation leads to slow evaluation and backpropagation
due to sequential dependencies. Next, we present a masking-based approach that bypasses the
sequential dependency, leading to faster computation times.

1Assuming the formula consists of at least one temporal operation. Although STL formulas without temporal
operators are possible, it is the temporal operations that make computing robustness challenging.
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4.2 Recurrent v/s Masking based Approach
STLCG’s primary performance bottleneck stemmed from it’s use of recurrent operations for com-
puting robustness of temporal operators. Illustrated in Fig. 4.1 (right), STLCG utilizes the concept
of dynamic programming to calculate the robustness trace. The input signal is processed backward
in time, and a hidden state is maintained to store the information necessary for each recurrent op-
eration at each time step. The choice of recurrent operation depends on the temporal STL formula
(either a max or min). The size of the hidden state depends on the time interval of the temporal
operator and is, at most, the length of the signal. Although the use of a hidden state to summarize
past information helps reduce space complexity, the recurrent operation leads to slow evaluation
and backpropagation due to sequential dependencies. In contrast STLCG++employs a masking ap-
proach to compute STL robustness traces. Fig. 4.1 illustrates the masking approach, highlighting
the idea that each value of a robustness trace is computed simultaneously, rather than sequentially,
as we saw with STLCG.

Mirroring the concept of attention masks in transformer architectures [119], we introduce a
mask M to select relevant parts of a signal that can be later processed simultaneously rather than
sequentially.

4.2.1 Notation and masking operation
Assume we have a 1D input signal s of length T + 1, and let K denote the number of time steps
contained (inclusive) in the time interval [a,b] given an STL temporal operator. A mask M is a
2 or 3 dimensional array, depending on the temporal operator, whose entries are either 1 or 0. A
mask M is applied via element-wise multiplication to an array S of the same size. E.g., for a
2D mask, if Mi j = 0, the corresponding entries Si j will be ignored, or is masked out. We also
replace the entries masked out with an arbitrary value, typically a large positive or negative value.
Let M ⊙± S denote the application of mask M on S and masked out by either a large positive
(⊙+) or negative (⊙−) number.

4.2.2 Eventually and Always operations
For brevity, we describe the procedure for the Eventually operation but note that the procedure for
the Always operation is almost identical except a min operation is used instead of max. Consider
the formula ψ = F[a,b]φ , and let s = τ(x,φ) denote the robustness trace of φ . Specifically, st =
ρ(xt ,φ). Here, φ is an STL subformula, typically representing a predicate or a more complex
temporal logic expression. Then, we seek to find the robustness trace,

τ(x,F[a,b]φ) =

{
max
i∈[a,b]

st+i

}T

t=0

Intuitively, we want to slide a time window [a,b] along s and take the max of the values within
the window. Rather than performing this set of operations sequentially, we first “unroll” the se-
quential operation—turning the 1D signal into a 2D array, second, we apply a 2D mask to mask
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out the irrelevant entries dictated by the time window, and third, we use the max operation over
the unmasked values.
Step 1:“Unrolling” the signal. First, we pad the end of the signal by the size of the time window
K; the reason will be apparent in Step 3. The padding value s̄ can be set by the user, such as
extending the last value of the signal, or setting it to a large negative number. Then, we turn the
padded signal into a 2D array S by repeating the signal along the second dimension T times,
resulting in a (T +K)×T 2D array. An example is provided in (4.2). Given s and padding value
s̄, the unrolled 2D array S is,

S =

# timesteps︷ ︸︸ ︷

s0 s0 s0 . . . s0 s0 s0
s1 s1 s1 . . . s1 s1 s1
...

...
... . . .

...
...

...
sT sT sT . . . sT sT sT
s̄ s̄ s̄ . . . s̄ s̄ s̄
...

...
... . . .

...
...

...
s̄ s̄ s̄ . . . s̄ s̄ s̄


Step 2: Construct 2D mask. We construct a mask M that will be applied to the unrolled signal
S . The mask M comprises of two sub-masks: (i) subsignal mask Msubsig and (ii) time interval
mask Mtime.
Subsignal mask Msubsig: This mask incrementally masks out the start of the signal as we move
along the horizontal (second) dimension of S . Essentially, Msubsig masks out the upper triangular
region with an offset of one to exclude the diagonal entries. After applying the Msubsig on S , the
columns of the unmasked entries correspond to all the subsignals of s. The entries masked out by
Msubsig are denoted by the red shaded entries in (4.2).
Time interval mask Mtime: This mask masks out all the entries outside of time interval [a,b] for
each subsignal. Mtime consists of an off-diagonal strip that masks out entries before the start of the
interval (determined by a), and a lower triangular matrix with an offset that masks out entries after
the interval (determined by b). The entries masked out by Mtime are denoted by the blue shaded
entries in (4.2).
Final mask M : The final mask is M = Msubsig +Mtime, resulting in a mask that retains all the
entries within the time interval [a,b] for each sub-signal (unshaded entries in (4.2)).
Step 3: Apply 2D mask and max operation. Given S and M from the previous steps, we
can compute M ⊙− S , similar to what is done in the mask attention mechanism in transformer
architectures. Then, we apply the max operation along each column. Note the padding we did
back in step 1 becomes relevant when the time interval exceeds the length of the subsignal. This is
similar to the approach taken in [82] to handle incomplete signals. For the Always operation, min
and M ⊙+ S are used instead.
Example 1. Consider the STL formula ψ = F[1,3](s > 0) and a signal with 8 time steps, s =
[s0, . . . ,s7]. The corresponding unrolled 2D array is shown (4.2) with padding value s̄, and the red
and blue shaded entries denote the entries masked out by Msubsig and Mtime, respectively.
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

s0 s0 s0 s0 s0 s0 s0 s0
s1 s1 s1 s1 s1 s1 s1 s1
s2 s2 s2 s2 s2 s2 s2 s2
s3 s3 s3 s3 s3 s3 s3 s3
s4 s4 s4 s4 s4 s4 s4 s4
s5 s5 s5 s5 s5 s5 s5 s5
s6 s6 s6 s6 s6 s6 s6 s6
s7 s7 s7 s7 s7 s7 s7 s7
s̄ s̄ s̄ s̄ s̄ s̄ s̄ s̄
s̄ s̄ s̄ s̄ s̄ s̄ s̄ s̄
s̄ s̄ s̄ s̄ s̄ s̄ s̄ s̄


(4.2)

After filling the masked entries with a large negative value, and taking the max column-wise.
Let s = [0,1,2,3,4,5,6,7] and s̄ = 7, then τ(s,ψ) = [3,4,5,6,7,7,7,7]. If we set s̄ = −105, then
τ(s,ψ) = [3,4,5,6,7,−105,−105,−105].

4.2.3 Until operation

We apply a similar masking strategy for the Until operation, following a similar three-step process
described in Sec. 4.2.2. The main differences are (i) the signal needs to be “unrolled” into three
dimensions, and (ii) the operations in Step 3 correspond to the Until robustness formula.

Consider the formula φ U[a,b]ψ where φ and ψ are STL subformulas. Let sφ = τ(x,φ) and
sψ = τ(x,ψ) denote the robustness trace of φ and ψ respectively for trajectory x. Specifically,
sφ

t = ρ(xt ,φ) and sψ

t = ρ(xt ,ψ). Then, we seek to find the robustness trace,

τ(x,φ U[a,b]ψ) =

{
max
i∈[a,b]

{
min

(
min

τ∈[0,i]
sφ

t+τ , sψ

t+i)

)}}T

t=0

Step 2: Construct 3D mask. In the Until robustness formula, we need minτ∈[0,i] s
φ

t+τ and sψ

t+i for

i ∈ [a,b] and for all t. Given i, notice that ρ(xt ,G[0,i]φ) = minτ∈[0,i] s
φ

t+τ and ρ(xt ,G[i,i]ψ) = sψ

t+i
which we can compute given the procedure outlined in Sec. 4.2.2. However, the outer max requires
us to consider all i ∈ [a,b]. Thus for each formula G[0,i]φ and G[i,i]ψ , we stack all the 2D masks
for each value of i ∈ [a,b] across the third dimension, resulting in two 3D masks, M φ and M ψ of
size (T +K)×T ×K.
Step 3: Apply the Until robustness operations. We can now apply all the operations needed to
compute the robustness trace for the Until operation. After Step 2, we have S φ , S ψ , and the 3D
masks M φ and M ψ . We can compute M φ ⊙+ S φ and M ψ ⊙+ S ψ . Then, we can apply the
following set of operations (where the first dimension = 1).
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S1 =

Size [2×T×K]︷ ︸︸ ︷
stack
dim=1

([
min

dim=1
M φ ⊙+ S φ , min

dim=1
M ψ ⊙+ S ψ

])
S2 = min

dim=1
S1, (S2 has size [T ×K])

S3 = max
dim=2

S2, (S3 has size [T ])

We see that this set of operations is relatively simple, a series of min and max operations
along various dimensions, and these operations remain the same regardless of the choice of time
intervals, unlike the recurrent approach.

4.2.4 Dependence on smooth approximations
Both masking and recurrent approaches output the correct robustness values when the true min/max
operations and logsumexp approximation are used. However, if the softmax/softmin approxima-
tion is used with a recurrent approach, the output robustness and gradient values do not correctly
reflect the correct values. This is because, when recurrently applying softmin/softmax, values ap-
plied earlier in the recurrence will be “softened” more than values applied later in the recurrence.
Not only does nesting the softmin/softmax operations give a very poor approximation of the true
min/max value, but it also artificially reduces the gradient for values passed earlier in the recur-
rence. With the logsumexp approximation, applying it recursively over multiple values is the same
as applying it once over all the values. That is, m̃axLSE([m̃axLSE(x),y]) = m̃axLSE([x,y]) where as
m̃axsoft([m̃axsoft(x),y]) ̸= m̃axsoft([x,y]). This issue is not observed when using the masking-based
approach due to the way subsignals are processed without recurrence.

4.2.5 Practical benefits
STLCG++ offers several practical benefits over STLCG. We highlight several reasons why this is
the case. (i) Software design. The recurrent approach required signals to be passed backward in
time. This increased the complexity of software design and was not often intuitive for end users.
With the masking approach, there is no need to reverse the signal. (ii) Static graph structure.
With the recurrent approach, the choice of time interval would fundamentally change the dimen-
sion of hidden states, whereas the graph structure remains the same for the masking approach.
Keeping the same graph structure, even if the intervals change, is essential in compilation. (iii)
Vectorization and just-in-time compilation. Related to the second point above, the static graph
structure afforded by the masking approach enables the ability to easily vectorize and just-in-time
compile (JIT) the computation over not just various signal inputs but also various time intervals.
The ability to vectorize and JIT over different time intervals can be particularly useful in formula
mining applications where we may want to evaluate robustness formulas with different time in-
tervals simultaneously. (iv) Conformity to popular deep learning libraries. By leveraging AD
libraries that empower popular frameworks, STLCG++ becomes accessible to the broader commu-
nity and seamlessly integrates into existing tools.
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Table 4.1: Summary of STL specifications used for evaluation inspired by existing literature. I
denotes the time interval over which the temporal operators apply.

Spec Depth Description STL Formula
φ1 0 Invariance F(ϕ ∧ψ)
φ2 1 Stabilization FG(ϕ ∧ψ)
φ3 1 Strict ordering ϕ U ψ

φ4 3 Sequenced visit pattern FI(ϕ4 ∧ψ4 ∧FI(ϕ3 ∧ψ3 ∧FI(ϕ2 ∧ψ2 ∧FI(ϕ ∧ψ))))
φ5 2 Sequenced visit + stabilization FI((ϕ2 ∧ψ2)∧FI(GI(ϕ ∧ψ)))
φ6 0 Reach regions in any order FI(ϕ9 ∧ψ9)∧ . . .∧FI(ϕ0 ∧ψ0)

4.3 Evaluation

4.3.1 Computational Properties of STLCG++

We analyze the computational properties of the approaches STLCG++ (masking-based) and STLCG
(recurrent-based) by measuring the computation time required to compute robustness values and
their gradient. We seek to answer the following research questions.
RQ1: Does STLCG++ compute robustness traces faster than STLCG as measured by median com-
putation time?
RQ2: How does STLCG++’s computation time scale with sequence length compared to STLCG?

We perform experiments on CPU and GPU. Since STLCG++ (masking) involves large matrix
computations, we anticipate STLCG++ to scale favorably on a GPU. As STLCG (recurrent) utilizes
a recurrent structure, it scales with sequence length. Tab. 4.1 describes six different STL formulas
with varying complexities [52] that we test on. We evaluate computation time for increasing signal
lengths up to T = 512 time steps with a batch size of 8. We present our results in Fig. 4.3 and
Tab. 4.2 and make the following observations.
CPU backend. We observe that STLCG++ generally achieves lower computation times than
STLCG. The exception is in φ3, where STLCG++ is slower than STLCG for longer sequences.
This is because the space complexity for the Until operation is O(T 3). In Tab. 4.2, we see that
STLCG++ on JAX struggled with φ3 for long sequence lengths, but was fine with PyTorch. We hy-
pothesize that it is due to how JAX allocates memory, especially during just-in-time compilations.
Additionally, both libraries see increasing computation time with sequence length. For STLCG
the computation time increase is expected since the time complexity is O(T ). For STLCG++, the
increased computation time can be explained by the space complexity O(T 2) (except for φ3), and
such computations are not handled as efficiently on a CPU.
GPU backend. STLCG++ outperforms STLCG for all formulas. Additionally, STLCG++ exhibits
essentially constant computation time except for φ3, which has O(T 3) space complexity. From
Tab. 4.2, we see that STLCG++ on GPU provides around 95% and 85% improvement on JAX
and PyTorch, respectively. For STLCG, moving from CPU to GPU gives virtually the same
scaling, with no significant improvement/reduction in computation times.
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Figure 4.3: Comparison of computation time using PyTorch for masking (M, blue) and recurrent
(R, orange) approach on CPU (top row) and GPU (bottom row) as signal length increases, across
six STL formulas. Solid lines denote robustness computation; dashed lines denote gradient evalu-
ation.

Table 4.2: Relative computation time of masking approach compared to recurrent approach. Me-
dian value across different signal lengths. Lower is better.

Device CPU GPU CPU GPU

Formula JAX + JIT PyTorch

φ1 −37.99% −93.43% −76.05% −85.76%
φ2 −51.51% −96.65% −82.50% −89.03%
φ3 822.01% −91.31% −88.22% −94.15%
φ4 −68.22% −96.00% −73.48% −77.91%
φ5 −68.58% −95.32% −67.91% −80.86%
φ6 −72.93% −98.11% −54.14% −84.36%

4.4 Smoothing time intervals

By using the masking operation to capture parts of the signal within the specified time interval,
we can build a smooth approximation of the mask and differentiate robustness values with respect
to the parameters of the mask that determine which values are selected. As such, it becomes
possible to perform gradient descent over time interval parameters to find, for example, a time
interval that best explains time-series data. We showcase two examples in Sec. 4.5 utilizing this
new capability. Notably, this differentiation was not possible with STLCG since the choice of time
intervals impacted the size of the hidden state used within the recurrent computations.

Rather than using a mask with 0 and 1’s as described in Sec. 4.2.2 and 4.2.3, we use the
following smooth mask approximation. For a sequence length of T , we have,

m̃ask(i;a,b,c,ε) = max(σ(c(i−aT ))−σ(c(i−bT ))− ε,0), (4.3)
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Figure 4.4: Smooth mask for various values of smoothing parameter c.
where i is the time index, σ(x) is the sigmoid function, the parameters 0 ≤ a < b ≤ 1 denote the
fraction along the signal of the start and end of the time interval, c denotes the mask smoothing
parameter, and ε denotes a user-defined tolerance. Fig. 4.4 shows a visualization of the smooth
mask and how the smoothing parameter c affects the mask.

When optimizing over time interval parameters, we can anneal the smooth mask parameter c to
help with convergence to a (local) optima on a generally nonlinear loss landscape (see Sec. 4.5.3
for more details). As noted before, a benefit of the masking approach is that the operations can
be easily vectorized. We can simultaneously evaluate the robustness for multiple time intervals
and perform gradient descent on multiple values. As such, we can envision a use case where we
perform a coarse global search via sampling and then a local refinement via gradient descent.

For reference, using the vectorized mapping function in JAX+JIT, the computation time to eval-
uate 90,000 different values for (a,b) with a signal of length T = 20 for the formula G[aT,bT ](s> 0)
is 1.87± 0.0164ms on a M2 MacBookPro. This averages to around 20.78µs per time interval
value. In contrast, (sequentially) searching over all possible valid time intervals for a signal length
of 20 (i.e., 190 intervals with integer interval limits) using the recurrent approach takes about
5.25±0.0497s, or roughly 27.6ms each evaluation. This means that STLCG++ offers more than
1000× improvement in computation time when evaluating STL robustness over multiple time
interval values.

4.5 Robotics-related applications
We showcase a variety of use cases that demonstrate the computational advantages of the masking
approach. We developed two Python STLCG++ libraries, one in JAX [22] and another in PyTorch
[105] and discuss how STLCG++ opens up new possibilities for robot planning and control.

4.5.1 Trajectory planning with suboptimal STL specifications.
Trajectory optimization is essential in robotic systems, enabling precise navigation and task execu-
tion under complex constraints. These trajectories must balance user-defined goals with feasibility
and efficiency. Since goal misspecification can lead to erroneous behavior, infeasibility, or sub-
par performance, we show how suboptimal goals (captured through STL specifications) can be
refined in addition to solving for an optimal trajectory. Consider a trajectory optimization problem
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Figure 4.5: Trajectory with optimized time interval in orange target region.

where we would like to reach a goal region . while visiting a target region . within a fixed
time horizon. Additionally, the visit duration of . is to be maximized. Consider a specification
φ = G[aT,bT ](inside . )∧F(inside . ) which specifies a time window that the trajectory should be
inside . . We cast this trajectory planning problem as an unconstrained optimization problem,

min
u,a,b

γ1JSTL(x)+ γ2JI(a,b)+ γ3Jlim(u)+ γ4Jeff(u),

JSTL(x) = ReLU(−ρ(x,φ)), JI(a,b) = exp(2(Ĩ −b+a)),

Jlim(u) =
1
T

T−1

∑
t=0

ReLU(∥ut∥2 − ū), Jeff(u) =
1
T

T−1

∑
t=0

∥ut∥2
2,

where x is the state trajectory from executing u with single integrator discrete-time dynamics. We
use a timestep of ∆t = 0.1, T = 51, ū = 2 is the system’s maximum control limits, and Ĩ = 0.2 is
a nominal (normalized) time interval size that we would like to improve upon. We randomly ini-
tialized the control inputs and (a,b)init = (0.14,0.82). Using coefficients γ1 = 1.1,γ2 = 0.05,γ3 =
2,γ4 = 0.5, the resulting solution is shown in Fig. 4.5 with final values (a,b)final = (0.37,0.84).
The final optimized STL formula is φ = G[20,43](inside . )∧F(inside . ). Using JAX, each gra-
dient step took about 92.3± 3.99µs on an M2 MacBookPro. With unconstrained multiobjective
optimization, selecting objective weights that achieve desirable behavior can be tedious. With
STLCG++, we can perform gradient descent computation over various coefficient values simulta-
neously and then select the best one.
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Figure 4.6: Generated trajectories using STL-guided DDIM.

4.5.2 Deep generative modeling: STL-guided diffusion policies
We demonstrate the use of STL specifications for guided diffusion models [116], a recent type of
deep generative models that present a promising approach for robot policy learning and behavior
generation [63]. We build upon [98], which uses Control Barrier and Lyapunov functions (CBFs
and CLFs) to guide the denoising process of a diffusion model for safe control sequence generation.
In this application, we use STL robustness in place of CBFs and CLFs as the guidance function.
We trained a Denoising Diffusion Implicit Model (DDIM) model [116], generating trajectories
with 80 time steps.

We used 200 denoising steps and a batch size of 128. We generated trajectory samples using
two different STL guidance functions,

φU = FG[0,10](inside . ) U FG[0,5](inside . )

φ∧ = FG[0,10](inside . )∧F[60,80]G[0,5](inside . ).

The resulting trajectories are shown in Fig. 4.6. Although guided diffusion does not guarantee
that the STL specifications are strictly satisfied, we observe a satisfaction rate of 52.34%, 62.50%
for φU and φ∧, respectively. This shows how STLCG++ can enhance diffusion policies to promote
safer behavior generation.

4.5.3 Machine learning: STL parameter mining from data
Formal STL specifications play a crucial role in building robust robot systems, contributing to con-
troller synthesis [70], fault localization [17], and anomaly detection and resolution [65]. However,
specifications are not often readily available, making the task of mining specifications from data
a vital problem to study [52]. In this example, we perform STL specification mining from data.
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Figure 4.7: The masking approach enables a smooth approximation of time intervals, enabling the
use of gradient descent over time interval parameters. The contour plots show the loss landscape
given by (4.4) as a function of a,b, the normalized time interval limits. The solutions at gradient
descent steps 0, 500, 1000, and 5000 are shown. Note that the smooth time mask parameter and
approximate max/min temperature values are annealed over the steps.

Specifically, we leverage the differentiability and vectorization over smooth time intervals to find
a time interval that best fits the observed data.

Consider a dataset of (noisy) signals with T = 20 timesteps. The signals have value 1 between
the normalized time interval of (a,b) = (0.23,0.59) and zero elsewhere. Some noise is added
around (a,b) and to the signal itself. The goal is to learn the largest time interval [ā, b̄] such that
the signals from the dataset satisfy φ = G[ā,b̄](s > 0). We frame this STL mining problem as an
optimization problem,

min
0≤a<b≤1

1
N ∑

s∈D

max(−ρ(s,G[aT,bT ](s > 0)),0)+ γ(a−b) (4.4)

where γ is a coefficient on the term a−b that encourages the interval to be larger. We solve (4.4)
via gradient descent, using the smooth time interval mask discussed in Sec. 4.4. Specifically, we
annealed the time interval mask scaling factor and the temperature with a sigmoid schedule, and
performed 5000 gradient steps with a step size of 10−2. To ensure 0 ≤ a < b ≤ 1, we passed them
through a sigmoid function first. Fig. 4.7 shows a few snapshots of the gradient steps and the loss
landscape as the scaling parameter and temperature increase. We can observe that our solution
converges to the global optimum and is consistent with the ground truth values (subject to the
injected noise). To give a sense of the computation time, using JAX on a M2 MacbookPro, it took
about 122±0.479µs per gradient step.

4.6 Summary
This chapter highlights STLCG++, a masking-based approach for computing STL robustness using
automatic differentiation libraries. STLCG++ mimics the operations that underpin transformer ar-
chitectures, and outperforms the proposed masking approach over STLCG, which uses a recurrent
approach. STLCG++ offers significant computational advantages over STLCG, thus presenting
new and exciting opportunities for incorporating STL specifications into various online robot plan-
ning and control tasks that require fast computation and inference speeds.
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Chapter 5

ETL: Extending STL Beyond State-Based
Constraints

5.1 Introduction

Modern autonomous systems—from self-driving vehicles to robotic manipulators—increasingly
rely on learned representations for perception, prediction, and decision making [47,50,62,75,133,
143]. These learned representations allow autonomous systems to overcome the challenges of
operating on explicit state space representations such as object poses, velocities, etc. that often
require explicit state estimation pipelines and auxiliary localization modules. We refer to such
systems that operate on learned representations as perception-based systems. Perception-based
systems map high-dimensional sensor streams such as images, video, or lidar to compact latent
representations z ∈Z ⊆Rd , which are then consumed by downstream policies, planners, or world
models [15,101]. Although these latent representations are more compact than raw sensory obser-
vations, they remain substantially higher-dimensional and less interpretable than traditional state-
space representations. As a result, specifying and assuring safe behavior for such systems remains
a central challenge in trustworthy autonomy, particularly as they are increasingly deployed in open-
world environments.

A standard approach to achieve high assurance for autonomous systems involves writing for-
mal specifications and using techniques such as verification [29] and run-time monitoring [92]
to check whether system executions satisfy those specifications [114]. Among these, runtime
monitoring has attracted particular interest because it can be deployed online without requiring
exhaustive offline analysis of all possible behaviors. Specification runtime monitors observe a sys-
tem online and raise an alert when a safety specification is violated [29]. This ability to provide
lightweight, online assurance has led to successful applications in domains such as autonomous
vehicles [112], drone swarms [44], and robotic manipulators [84]. However, runtime monitoring
relies on the availability of formal specifications that capture the desired properties of a system.
For systems with low-dimensional state representations, temporal logics such as STL provides a
natural formalism to express these properties over predicates. Here, a predicate denotes a sim-
ple state-based condition that can be evaluated as true or false at each time step, such as whether
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position, velocity, or force satisfies a given threshold. Such predicates can be written directly as
arithmetic conditions over interpretable signals and composed using temporal operators to express
richer behavioral requirements.

For perception-based systems, writing such formal specifications over learned representations
remains an open challenge [114]. For these systems, low-dimensional state representations are
often not available or require specialized localization and mapping modules that can be inaccurate
and computationally intensive. Hence, translating a property such as “the robot is near the obsta-
cle” or “the gripper is holding the object” into logical predicates over system variables requires
either an additional perception module, such as a classifier or detector, or a handcrafted feature
extractor tailored to the task [55]. Both of these design decisions introduce new sources of brittle-
ness, calibration error, and domain dependence. Fundamentally, they create a mismatch between
modern learned perception systems and formal monitoring frameworks, which still assume access
to state-based propositions.

In this work, we propose a new approach for formally specifying the behavioral properties of
perception-based autonomous systems. The key idea is to employ embeddings—pretrained vector
representations of observations—as a first-class concept in a specification notation, and express a
property in terms of distances between a target embedding (an ideal representation of the world
for the system to reach or avoid, given as part of the specification) and an observed embedding (a
representation observed and generated through a sensor during system execution). The key insight
is that pretrained encoders already embed semantic proximity in geometry [102, 108]: observa-
tions of semantically similar scenes map to nearby vectors in latent space. This makes perceptual
properties directly expressible as geometric ones; for instance, “being near the obstacle” can be
represented as “∥zt − zobstacle∥2 is small,” where zobstacle is the encoder representation of a ref-
erence image of that obstacle. This perspective is especially useful for tasks whose correctness
depends on high-level perceptual concepts that are difficult to localize or enumerate symbolically.
For example, consider a rescue robot tasked with satisfying the requirement: “Locate a potential
victim while avoiding areas with fire.” Such a property is difficult to specify in existing formal lan-
guages, since it depends on perception and the exact locations and appearances of relevant objects
may be unknown or change over time. In an embedding-based formulation, however, this task
can instead be expressed as reaching states whose observations closely resemble a potential victim
while avoiding states whose observations resemble fire. Such specifications can then be used for
run-time monitoring to help ensure that the system satisfies the desired property.

Although this idea is conceptually simple, making it useful for formal specification is not
straightforward. First, there is the question of how target embeddings are generated: they can
come from a reference image, a demonstration, or a set of both, and different choices can induce
meaningfully different predicates. Additionally, embeddings are learned, continuous, and model-
dependent representations, and geometric proximity is not guaranteed to align perfectly with the
logical distinctions required for monitoring. A central challenge, therefore, is to turn embedding-
space similarity into a well-defined specification primitive: one must decide which geometric rela-
tionships correspond to predicate satisfaction, how to calibrate decision thresholds, and how these
predicate evaluations are composed for multiple requirements. These issues make embedding-
based specification substantially more challenging than simply reusing learned features inside an
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existing monitor.
We propose Embedding Temporal Logic (ETL), a temporal logic for specifying the behavior of

perception-based systems directly over learned representations. ETL replaces Boolean state-based
propositions with embedding predicates, which express semantic conditions through geometric
relations in latent space. By composing embedding predicates with standard temporal operators,
ETL can express temporally extended perceptual requirements [21].

5.2 Background

5.2.1 Pretrained Vision Encoders
Recent advances in representation learning have produced pretrained vision encoders that are suf-
ficiently expressive to serve as general-purpose perceptual representations across a wide range of
visual domains [102]. As a result, these models provide a practical foundation for extending tem-
poral logic beyond low-dimensional state space representations. Pretrained vision encoders such
as CLIP [108] and DINOv2 [102] provide a shared embedding space in which perceptual simi-
larity can be measured, making them a natural choice for defining specification predicates over
observations. Trained on large-scale image corpora, these encoders produce rich and transferable
representations whose embedding spaces exhibit a useful property for monitoring: perceptually
similar observations (e.g., depicting the same object or scene state) cluster together, while seman-
tically distinct observations are well-separated [102]. While general-purpose encoders capture
coarse perceptual similarity, task-conditioned world models can further shape embedding geome-
try toward distinctions relevant for downstream tasks.

5.2.2 Specification based Runtime Monitoring
Given a logical specification ϕ encoding a desired system property, a runtime monitor is a function
M(σ≤t ,ϕ) that is evaluated online at each timestep t to assess whether the observed execution trace
σ≤t satisfies the specification [16, 92]. In its simplest form, the monitor produces Boolean outputs
in {−1,+1}, where +1 indicates that the trace is consistent with ϕ so far, and −1 indicates a
violation. A correct monitor must raise a violation (−1) exactly when the observed trace can no
longer satisfy ϕ under any continuation.

In practice, runtime monitoring often goes beyond Boolean verdicts and employs quantitative
semantics, such as robustness measures in temporal logic, which provide a real-valued signal indi-
cating how strongly a trace satisfies or violates the specification. These quantitative monitors are
particularly useful in continuous and stochastic systems, as they enable graded feedback and can
be integrated with optimization or control algorithms for real-time decision making.

5.2.3 Conformal Prediction
Conformal prediction [123] is a distribution-free calibration framework that turns a held-out cali-
bration set into a finite-sample statistical guarantee under only an exchangeability assumption. At
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Figure 5.1: Overview of embedding-based runtime monitoring. Top: Target observations OG =
{og1, . . . ,ogn} and the online observation ot are encoded by a pretrained vision encoder into target
embeddings zG and the current embedding zt . An embedding predicate then evaluates whether
zt reaches the target set. Bottom left: The embedding trajectory is projected onto its first two
principal components, showing its evolution relative to the target embeddings. Bottom right:
Runtime monitoring computes the distance from zt to zG over time, thresholds it using ε , and
evaluates the temporal logic specification.

a high level, it is a method for calibrating a model so that its predictions on unseen examples come
with a reliability guarantee. It involves splitting the data into two parts: one part is used to train
the model, and the other is held out for calibration. The trained model is then evaluated on the
calibration split, and the resulting prediction errors are recorded. These errors are used to choose
a cutoff that serves as a buffer around future predictions. In this way, the model’s outputs are
adjusted using the size of past errors, making the final prediction more reliable on new data. We
employ conformal prediction theory for calibrating thresholds for ETL predicates in Section 5.5.

5.3 Embedding Temporal Logic
In this section, we first outline the syntax and semantics of ETL. Then, we highlight how ETL
specification based monitors can be defined for runtime monitoring.

5.3.1 Syntax and Semantics
In our approach, a perception-based system is assumed to make an observation about the real
world through a sensor (e.g., camera) at each step in its execution. This observation is then passed
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through an encoder that translates the observation into an embedding. We formally model such a
system as an Embedding Temporal Structure.
Definition 7 (Embedding Temporal Structure). An Embedding Temporal Structure is a tuple

M ≡ (S ,O,Z ,φobs,ψenc,DZ ,APz)

where
• S is the set of ground truth states
• O is the set of observation states
• Z is the set of embeddings
• φobs : S → O is the observation function that maps the ground truth states to the states that

can be observed with the given sensor(s)
• ψenc : O → Z is the embedding function that converts an observation into an embedding
• DZ is a set of admissible distance or similarity functions, where each d ∈ DZ computes a

distance between a pair of embeddings; i.e., d : Z ×Z → R≥0.
• APz is the set of predicates over embeddings, specified in Definition 11
Conceptually, z is an approximation of a latent variable; i.e., the state of the world that is only

indirectly observable by the system. The organization of latent representations of observations
within the embedding space Z is induced by the encoder ψenc and the downstream models that
subsequently consume this embedding for further tasks (e.g., object identification and prediction)
and shape the embedding organization as part of their training. This organization of embeddings
in turn has a pronounced effect on the distances between embeddings.

To reason about a system’s temporal behavior, we must consider not only individual states but
sequences of states over time. We therefore define an execution of the system and the correspond-
ing embedding-space representation induced by the observation and encoder mappings.
Definition 8 (Execution). An execution of the system M is a finite or infinite sequence of states

ς = s0,s1,s2, . . .

such that each state st belongs to the state space S for every time index t ∈ N.
Each state in an execution can be mapped through φobs and ψenc, yielding a corresponding

representation in embedding space.
Definition 9 (Representation Map). The mapping from the ground truth states to embeddings is
the representation map η ≡ ψenc ◦φobs : S → Z .
Definition 10 (Trace). Given an execution ς = (si)i∈N, the associated trace is the sequence σ =
(zi)i∈N, where zi = η(si) for all i ∈ N.

Embedding Predicates Unlike classical temporal logics where atomic propositions are Boolean
predicates over S, ETL predicates are defined over the embedding space Z .
Definition 11 (Embedding Predicate). An embedding predicate ap ∈ APz is a tuple

ap ≡ (Ztarget ,d,ε,▷◁,a)

where:
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• Ztarget ⊆ Z is a set of target embeddings,
• d ∈ DZ , where d : Z ×Z → R≥0, is a distance function,
• ε ∈ R≥0 is a threshold,
• ▷◁∈ {<,≤,>,≥} is a comparison operator,
• a is an aggregation operator (e.g., min, max).
The set of target embeddings identifies inputs that sensors should either reach or avoid in order

for the system to be considered safe. Additional details for target embeddings are discussed in
Section 5.4.1.

We now define how an Embedding Predicate can be evaluated.
Definition 12 (Predicate Satisfaction). For a given embedding predicate ap ∈ APz and embedding
z, the evaluation of an embedding predicate is defined as:

δap(z) = a({d(z,zg) | zg ∈ Ztarget})

Then, the predicate satisfaction is the Boolean value computed by δap(z) ▷◁ ε .

Example 1. Consider an embedding predicate ap as illustrated in Figure 5.1, where the target
images depict a desired visual concept (e.g., object not grasped) and are encoded into a target set
Ztarget = {zg

1, . . . ,z
g
m}. Given the embedding zt of the current observation, predicate evaluation

measures the distance between zt and the target set. Let d be the L2 distance, a = min, and ▷◁=≤.
Then,

δap(zt) = min
zg∈Ztarget

d(zt ,zg).

The predicate is satisfied if δap(zt)≤ ε , meaning that the current observation embedding lies suffi-
ciently close to at least one target embedding, indicating that the desired visual concept is present.

Now that we have defined embedding predicates, we next define the syntax and semantics of
ETL to reason over sequences of embeddings over time.
Definition 13 (ETL Syntax). The ETL syntax of formula ϕ is recursively defined as follows:

ϕ ::= ap | ¬ϕ | ϕ1 ∧ϕ2 | ϕ1Uϕ2

As in LTL, the until operator U can be used to express the eventually (F) and always (G):
Fϕ = TrueUϕ and Gϕ = ¬F¬ϕ .
Definition 14 (ETL Semantics). For a given trace σ , the ETL semantics for timestep i are defined
similarly to those of LTL, but over embedding traces:

σ , i |= ap ⇐⇒ δap(zi) ▷◁ ε

σ , i |= ¬ϕ ⇐⇒ σ , i ̸|= ϕ

σ , i |= ϕ1 ∧ϕ2 ⇐⇒ σ , i |= ϕ1 and σ , i |= ϕ2

σ , i |= ϕ1Uϕ2 ⇐⇒ ∃ j ≥ i such that σ , j |= ϕ2

and ∀k ∈ [i, j),σ ,k |= ϕ1
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Robustness of ETL Certain extensions of LTL, such as signal temporal logic (STL) [92], allow
for a quantitative notion of satisfaction — called robustness [37] — that represents the degree to
which the system satisfies or violates a specification. To enable ETL to be used for quantitative
monitoring, we also introduce a notion of robustness for ETL.
Definition 15 (ETL Robustness). For a trace σ , the robustness of an ETL formula at timestep i is
defined as follows:

ρ(ap,σ , i,b) =

{
ε −δap(zi) ▷◁∈ {≤,<}
δap(zi)− ε ▷◁∈ {≥,>}

ρ(¬ϕ,σ , i,b) = −ρ(ϕ,σ , i,b)
ρ(ϕ1 ∧ϕ2,σ , i,b) = min

(
ρ(ϕ1,σ , i,b),

ρ(ϕ2,σ , i,b)
)

ρ(Gϕ,σ , i,b) = infk∈[i,b]ρ(ϕ,σ ,k,b)
ρ(Fϕ,σ , i,b) = supk∈[i,b]ρ(ϕ,σ ,k,b)

where inf and sup are the infimum and supremum operators, respectively. Note that the com-
putation of the satisfaction score is restricted to a subsequence of σM between i to b (i.e.,
zi,zi+1, ....,zb). The bound b may be determined by, for example, the planning horizon used by
a planner (i.e., the length of action sequence used by the planner for behavioral prediction). For
brevity, the definition for the until (U) operator is omitted, but similar to the one described in [37].

Example 2 Reusing the embedding predicate ap as defined in Example 1, consider the ETL
specification ϕ = G(ap), which requires that the visual concept encoded by predicate ap is always
observed. Suppose the system generates the embedding trace σ = z12,z13,z14,z15, with minimum
distances to Ztarget as [δap(zt)]

15
t=12 = [0.327, 0.374, 0.403, 0.427].

Using the robustness semantics for predicates, ρ(ap,σ , t,3) = ε −δap(zt), and setting ε = εg =
0.409, the predicate robustness at each timestep is: [0.082, 0.035, 0.006, −0.019]. The robustness
of the temporal specification is then ρ(ϕ,σ ,0,3) = mint∈[0,3]ρ(ap,σ , t,3) = −0.019. Intuitively,
although the system remains close to the object not being grasped for most of the window, the
specification is violated because at timestep 15 the embedding moves outside the threshold ε ,
corresponding to the frame t=15 in Figure 5.1 where the object is grasped.

5.3.2 ETL Specification Monitors
An ETL monitor evaluates the satisfaction of a specification over an embedding trace for a given
system. ETL monitors are defined only over the finite trace of a system in order to be evaluated
during the execution of the system, and thus are only defined for specifications that are well-defined
over finite traces.
Definition 16 (Finite Trace). For a given trace σ , a finite trace σ≤ t is a trace consisting of the
first t +1 states of σ .

We refer to a finite trace as a trace when clear from context. An ETL monitor is formally
defined over a finite trace of embeddings by the following definition.
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Definition 17 (ETL Monitor). For a trace σ≤ t, system M , and specification ϕ , an ETL Monitor
is Mϕ(σ≤ t) = (rϕ

0 , . . . ,r
ϕ

t ) ∈ {−1,+1}t+1, where rϕ

i = sgn(ρ(ϕ,σ≤ i,0, i)) for each 0 ≤ i ≤ t,
with sgn(x) = +1 if x ≥ 0 and −1 otherwise.

Intuitively, when the monitor is positive for a timestep, the system satisfies the ETL specifica-
tion at that timestep. However, when the robustness of the system becomes negative at timestep i,
the monitor raises an alert to indicate that the observed execution violates ϕ over the prefix [0, i].

Semantic Correctness We denote an ETL monitor to be semantically correct iff it is equivalent
with evaluation over ground truth executions. To compare ETL monitor to ground truth executions,
we define a ground truth monitor over finite executions.
Definition 18 (Finite Execution). For a given execution ς , a finite execution ς≤t is an execution
consisting of the first t +1 states of ς .

We refer to a finite execution as an execution when clear from context.
Definition 19 (Ground-Truth Monitor). Let ω be a temporal logic formula over symbolic pred-
icates, and let ς≤t be a finite execution prefix. The ground-truth monitor for ω on ς≤t is the
binary-valued trace

GTω(ς≤t) =
(
bω

0 , bω
1 , . . . , bω

t
)
∈ {−1,+1}t+1,

where, for each prefix ς≤i with 0 ≤ i ≤ t,

bω
i =

{
+1 if ς≤i |= ω,

−1 otherwise.

Here, satisfaction ς≤i |= ω is defined by the semantics of the underlying temporal logic over sym-
bolic predicates.

We define the semantic correctness of monitor M using the following definitions.
Definition 20 (Semantic Correspondence). Let M be an embedding temporal structure with rep-
resentation map η = ψenc ◦φobs. Let ω be a specification over ground-truth state trajectories ς≤t
and let ϕ be an ETL specification over finite embedding traces σ≤t . We say that ϕ corresponds
semantically to ω with respect to M if, for every finite execution prefix ς≤t = (s0, . . . ,st), letting

σ≤t = (η(s0), . . . ,η(st)),

we have
σ≤t |= ϕ ⇐⇒ ς≤t |= ω.

Intuitively, we say that ϕ is a latent space specification semantically corresponds with the
ground-truth specification ω if both are intended to capture the same behavioral property, with ω

defined over state-based predicates and ϕ defined over embedding-space predicates.
Definition 21 (Semantic Correctness of an ETL Monitor). Let ω be a ground-truth specification
and let ϕ be an ETL specification that corresponds semantically to ω . An ETL monitor M is
semantically correct with respect to (ϕ,ω) if, for every execution prefix,

Mϕ(σ≤t) = GTω(ς≤t).
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This notion of semantic correctness provides the basis for evaluating ETL monitors in practice.
In our experiments (Section 5.6), we approximate semantic correctness by comparing the outputs
of the ETL monitor against ground-truth monitors derived from state-based specifications.

5.4 Constructing ETL specifications in Practice

The formal semantics proposed in the preceding section define ETL as a specification language
over embedding traces. To use ETL in practice, however, several design choices must be instan-
tiated concretely: one must determine how target embeddings are specified, how observations are
mapped into the representation space, which distance function is used to compare embeddings, and
how predicate thresholds are calibrated so that they align with the intended semantic concept. In
this section, we first outline how target embeddings are specified. Then, we highlight the different
choices of encoders and distance functions.

5.4.1 Specifying Target Embeddings

ETL is specified using predicates over target embeddings that correspond to parts of the physical
world against which current observations are evaluated. In practice, the specifier (e.g., a system
engineer) would not directly specify the mathematical representations of embeddings. Instead, the
targets would be provided in the same format as the sensor’s input — e.g., for a camera, a target
would be provided as a reference image — that is then translated into the target embeddings via
the pre-trained encoder. This allows specifications such as “eventually reach a state similar to this
image” or “always avoid states resembling fire” without requiring explicit symbolic labels. By
enabling specification directly over learned representations rather than explicit symbolic labels,
our approach removes the need to manually define a finite predicate vocabulary from observa-
tions, a process that has traditionally depended on substantial expert knowledge and task-specific
engineering in robotics.

5.4.2 Choice of Encoders and Distance functions

The choice of distance function is another key practical consideration in evaluating ETL satisfac-
tion. Distances over pretrained image embeddings capture perceptual similarity, but lack temporal
context because these encoders are trained on static observations. World models mitigate this lim-
itation by mapping observations into a latent space that evolves as a function of past states and
actions. When trained with reconstruction-based objectives, such models often preserve much of
the geometry of the original embedding space while enriching it with temporal structure. Conse-
quently, similarity relationships defined over observation embeddings can often be carried over to
the latent space in a meaningful way.

Accordingly, the choice of d should align with the geometry induced by the representation.
For instance, cosine distance is a natural choice for contrastive embeddings, whereas L2 distance
is often more appropriate for reconstruction-based latent representations. More generally, the se-
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lected distance should be one that best reflects semantic similarity in the underlying space. We
empirically study the effect of this design choice in Section 6.

5.5 Threshold Calibration for ETL predicates
The preceding section described how ETL predicates are instantiated in practice through target em-
beddings, encoders, and distance functions. We now turn to threshold calibration. Recall from Def-
inition 11 that ETL predicates are evaluated by comparing embedding distances against a threshold
ε . These thresholds play a critical role: they determine when a continuous similarity measure cor-
responds to predicate satisfaction. As a result, ETL specifications are not only parameterized by
the encoder and distance function, but also by calibrated thresholds that defines when a predicate
holds.

Intuitively, ε defines the boundary of a concept in the representation space (e.g., how close
an observation must be to a goal embedding to count as “reached”). Unlike state-based predi-
cates, thresholds in embedding spaces depend on the geometry induced by the encoder and the
choice of distance function. Poorly chosen thresholds can lead to high false negatives (overly strict
predicates) or false positives (overly permissive predicates), making calibration essential.

We propose a data-driven approach to calibrate thresholds for ETL predicates. We assume
access to a dataset of trajectories (e.g., simulator rollouts or demonstrations) with ground-truth
signals ς≤t that satisfy a TL specification ω at timestep t in the underlying state space. Here, ω

is a TL specification that semantically corresponds to the ETL specification being instantiated.
Then, each trajectory is mapped to an embedding trace using the representation map η , yielding
embeddings zt = η(st). From these embeddings, we compute distances to the target set as dt =
du(zt ,Tu). We then select thresholds using a held-out calibration set of size ncal.

We propose two concrete approaches for calibrating thresholds.

5.5.1 F1-Optimal Threshold

We calibrate each predicate threshold on a held-out set – Dcal – of trajectories with ground-truth
labels. For each timestep t, we compute the embedding distance dt to the target embedding and,
for a candidate threshold ε1, predict that the predicate holds whenever dt ≤ ε1. We then search
over possible threshold values based on the observed calibration distances and select the threshold
that maximizes the F1 score with respect to the ground-truth labels.
Definition 22 (F1-Optimal Threshold). Let Dcal = {(dt ,yt)}N

t=1 be the calibration set, where dt ∈
R≥0 is the embedding distance at timestep t and yt ∈ {0,1} is the corresponding ground-truth
predicate label. For any candidate threshold ε ∈ R≥0, define the induced prediction

ŷt(ε) = 1[dt ≤ ε].

Let

F1(ε) =
2TP(ε)

2TP(ε)+FP(ε)+FN(ε)
,
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where TP(ε), FP(ε), and FN(ε) denote the numbers of true positives, false positives, and false neg-
atives, respectively, obtained by comparing ŷt(ε) against yt over Dcal. The F1-optimal threshold is
defined as

εF1 ∈ arg max
ε∈{d1,...,dN}

F1(ε).

If multiple thresholds achieve the same maximum F1 score, ties may be broken arbitrarily.
Intuitively, this chooses the threshold that best matches the intended concept by balancing false

positives and false negatives on calibration data.

5.5.2 Conformal Threshold with Recall Guarantee
In safety-critical monitoring, missing a true positive event is often more costly than raising a false
alarm. To bias threshold selection toward high recall, we compute a second threshold, εCP, using
split conformal prediction [9, 81]. We employ conformal prediction as it allows us to make no
assumptions about the underlying distribution of embedding distances, and we want a guaranty
that transfers directly to deployment-time predicate evaluation.

In this work, we propose conformal ETL predicate calibration by adapting conformal predic-
tion to select predicate thresholds from embedding-distance scores. Here, the goal is not to produce
a prediction interval around a model output, but to calibrate the threshold used for ETL predicate
evaluation.

We do this in two stages. Within each calibration trajectory, we compute a single score from
all satisfying timesteps by taking the largest embedding distance among the frames that satisfy the
predicate. This score represents the hardest positive case in that trajectory: any threshold smaller
than this value would miss at least one true positive frame in that same trajectory. Then across
trajectories, we collect one such score from each calibration trajectory and apply split conformal
prediction to these held-out scores. The resulting threshold εCP is therefore calibrated not to in-
dividual frames, but between different trajectories. As a result, for a new trajectory drawn from
the same distribution, with probability at least 1−α , the threshold is large enough to cover that
trajectory’s hardest positive case, and hence will detect every ground-truth positive timestep in that
trajectory. Here, α ∈ (0,1) is a user-specified error level.

Setup Let ς1, . . . ,ςncal be ncal calibration demonstrations, disjoint from training, and let zg denote
the target latent embedding that semantically corresponds to a ground-truth specification ω (see
Definition 20). For each calibration demonstration ς i, define the nonconformity score

scorei = max
t∈[0,|ς i|]

{
d(z(i)t ,zg) if δ GT

ω (s(i)t ) = 1
−∞ otherwise.

for a distance function d ∈DZ and where δ GT
ω (s(i)t ) = 1 indicates that the ground-truth state at time

t satisfies predicate ω . Intuitively, scorei is the most difficult positive timestep in demonstration
ςi: any threshold below scorei would fail to classify at least one ground-truth positive frame in
that demonstration. Each calibration demonstration contains at least one ground-truth positive
timestep.
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Definition 23 (Conformal Calibration Threshold). For a calibration set of size ncal and a target
mis-recall level α ∈ (0,1), a conformal calibration threshold εCP is a value in R≥0 defined as
follows:

εCP = score(k), k = ⌈(1−α)(ncal +1)⌉ ,
where score(k) denotes the k-th smallest value among {scorei}ncal

i=1.
Theorem 5 (Conformal Recall Guarantee). Assume the calibration demonstrations and a future
test demonstration are exchangeable. Then

P
(
∀t : δ

GT
ω (s(i)t ) = 1 ⇒ d(zt ,zω)≤ εCP

)
≥ 1−α.

Equivalently, with probability at least 1−α over a newly drawn test demonstration, the embed-
ding predicate achieves perfect per-demonstration recall, i.e., it detects every ground-truth positive
timestep.

Proof sketch. By exchangeability, the augmented set of scores

score1, . . . ,scorencal,scoretest

is exchangeable, where
scoretest = max

t∈ςtest
δ GT

ω (st)=1

d(zt ,zω) .

The standard split conformal order-statistic argument implies

P
(
scoretest ≤ score(k)

)
≥ k

ncal +1
≥ 1−α.

By construction, the event scoretest ≤ εCP is exactly the event that every positive timestep in the
test demonstration satisfies d(zt ,zω)≤ εCP, which proves the recall guarantee.

At deployment, the predicate is evaluated solely by checking whether

d(zt ,zω)≤ εCP,

The guarantee holds for any embedding function and any underlying data distribution, provided
the calibration and test demonstrations remain exchangeable.

5.6 Evaluation
We evaluate the semantic correctness of ETL monitors by comparing embedding predicate outputs
against ground-truth propositions. 1 All experiments were run on a compute cluster using two
NVIDIA GeForce RTX 5090 GPUs, each with 34.2 GB of memory.

1Artifacts for reproducibility are provided at https://github.com/ETLMonitoringAuthors/
ETLMonitoring
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5.6.1 Simple Navigation Dubins Car
First, we evaluate ETL specification based runtime monitoring in a two dimensional navigation
task where privileged information about the state space is available, similar to the one proposed
in [1]. This fully observable setup allows direct comparison between embedding-based predicates
and ground-truth specifications.

Setup The navigation task is defined for a robot that respects discrete-time Dubins car dynamics
in a controlled environment. We generate N = 100 trajectories using a feedback controller with ob-
stacle avoidance. For each task, we construct pairs of equivalent specifications in the ground-truth
state space, ωi, and in the embedding space, ϕi. We utilize the encoder from the world model used
in [1], which is based on Dreamer [48]. The encoder produces a task-relevant representation space
in which distances reflect semantic similarity between observations. We evaluate four specifica-
tion patterns: Reach (FA), Avoid (G¬C), Reach-Avoid (FA∧G¬C), and Sequential (F(A∧FB)).
A, B, and C denote reaching a goal in the top-right, the top-left, and the bottom-right corners of the
environment respectively. For visualization, see the goals in Figure 5.2a. ETL monitoring is eval-
uated by comparing the satisfaction of each embedding-based specification ϕ with the satisfaction
of corresponding ground-truth specifications ω on the respective latent and state traces for each
timestep of each trace. We report precision, recall, and F1 to assess how closely ETL predicates
match ground-truth events. For temporal specifications, we measure trajectory-level satisfaction
agreement with the ground-truth monitor; for sequential specifications, we also report ordering
accuracy of detected subgoals. Additional details can be found in Appendix A.1.1.

Results We now discuss our findings; a tabularized version of results can be found in Ap-
pendix A.1.2.

Can ETL monitors achieve semantic correctness as defined in Definition 15 with respect
to ground-truth specifications in a controlled environment? ETL shows strong semantic cor-
rectness for atomic predicates, visualized in Figure 5.2a. Across reach, avoid, and reach-avoid
specifications, the F1-optimal monitor achieves F1 scores of 0.80–0.85 with agreement above
96%, indicating that embedding predicates closely match the corresponding state-based events.
This implies that embedding-space predicates can serve as faithful proxies for state-based propo-
sitions. Additionally, for the sequential specification A → B, the monitor achieves 100% precision,
recall, and ordering agreement at the episode level. Thus, ETL is not limited to detecting isolated
semantic events; ETL can also correctly track their ordering over time.

Does threshold calibration produce the intended precision–recall tradeoff for safety-oriented
monitoring? Relative to the F1-optimal threshold, εCP increases recall for reach (from 0.83 to
0.93) while incurring only a modest drop in precision (from 0.87 to 0.79), with essentially no
change in agreement. This shows that conformal calibration provides a practical safety-oriented
operating point: it makes the monitor more conservative against missed detections without sub-
stantially changing overall semantic alignment.
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Overall, the Dubins results show that ETL monitors align closely with state-based specification
monitors, support monitoring of temporally composed behaviors, and exhibit a clear precision–
recall tradeoff under threshold calibration.

  

t = 46

t = 20

t = 125

Goal A Goal CGoal B

(a) Boolean predicate traces on the Dubins car. Goals A, B, and C are visualized along top of
the image; the graph plots the L2 distance between embeddings and along with the F1-optimal
thresholds. The bars along the bottom show when the latent and ground-truth predicates are satisfied
(darker bars); two observation states are displayed on the left of the graph.
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Figure 5.2: Qualitative and quantitative ETL results.
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5.6.2 Simulated Manipulation Tasks
To assess whether ETL remains effective beyond the controlled navigation domain, we evaluate
it for simulated contact-rich manipulation tasks with richer visual scenes, complex object interac-
tions, and additional distractor objects that make perceptual monitoring harder. We consider two
environments with complementary task structure: D3IL [64] and MetaWorld [100]. For D3IL we
consider two complex tasks: SORTING requires a Franka robot to push two blocks into their cor-
responding color-matching target boxes, while STACKING requires the robot to arrange colored
blocks in a target region. For MetaWorld, we evaluate ETL on robotic-arm pick-and-place tasks
with sequential grasp and place subgoals. Unlike single-goal manipulation tasks, these bench-
marks expose phase-like progress structures, making them a natural testbed for evaluating whether
ETL predicates can monitor task-relevant semantic milestones in rich manipulation settings.

Setup We compare our ETL-based monitoring approach against recent embedding-based mon-
itoring baselines: PCA-kmeans [87] and logpZO [129]. PCA-kmeans clusters principal compo-
nents of successful observation embeddings and scores a new observation by its distance to the
nearest cluster center, while logpZO fits a flow-matching density model over observation embed-
dings and uses the inferred latent norm as an uncertainty score. These baselines are the most direct
comparison for ETL because they operate on observation embeddings and detect distributional
deviations. We evaluate monitoring performance by comparing predicted satisfaction or violation
labels against ground-truth labels derived from simulator rewards and state variables. Additional
details regarding our experimental setup are provided in Appendix A.2.1.

Results: Can ETL outperform embedding-based monitoring baselines on simulated manipu-
lation tasks? Figure 5.2b shows that ETL matches or exceeds the observation embedding base-
lines on average across the three simulated manipulation environments. Using εF1, ETL achieves
the highest average F1 score of 0.817, compared with 0.790 for logpZO and 0.751 for PCA-
kmeans. ETL improves over the strongest baseline on STACKING (0.897 vs. 0.852) and slightly
outperforms PCA-kmeans on SORTING (0.593 vs. 0.585). SORTING is the hardest setting for all
methods, suggesting that its OOD shifts induce more ambiguous changes in the embedding space.
On MetaWorld pick-place-wall, logpZO reaches near-saturated performance (0.992 F1), indicat-
ing that the predicate boundary aligns closely with the support of successful embeddings. ETL
remains competitive at 0.961 F1, while PCA-kmeans lags behind at 0.815.

5.6.3 Real World Evaluation via DROID
Finally, we evaluate ETL on real-world robot data to assess its effectiveness for monitoring in-the-
wild temporally extended manipulation behaviors. To this end, we utilize the manipulation dataset
DROID [74], which contains large-scale, diverse, and compositional manipulation demonstrations
in more realistic settings.

Setup We analyze manipulation episodes with compositional, multi-phase structure. We instanti-
ate ETL specifications over phase-based predicates, where each phase corresponds to a contiguous
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interaction window in the demonstration. This setup allows us to evaluate how ETL monitor-
ing performs over real-world manipulation episodes in comparison to a Vision Language Model
(VLM)-based baseline monitor. For evaluation, we compute F1 score, agreement, and sequential
ordering accuracy over phase-based predicates. For our baseline, we use a state-of-the-art VLM:
Qwen2-VL [124]. For each phase, the VLM is prompted with the ground-truth desired behavior
and phase frame to determine if a task was completed; the response is distilled to a Boolean value,
which is then used to compute frame-level F1, agreement, and sequential ordering accuracy for
comparison with the ETL monitor.

Results: Can ETL accurately monitor perceptual specifications on real-world manipulation
data in comparison to a VLM-based baseline for monitoring phasic manipulation behaviors?
ETL achieves a mean F1 score of 0.813 and mean agreement of 0.940, whereas the Qwen2-VL
baseline reaches a mean F1 score of 0.390 and mean agreement of 0.567. Though ETL and Qwen2-
VL perform competitively on one of the five tasks, these results demonstrate that ETL generalizes
to diverse, unstructured manipulation scenes, and is markedly more reliable overall, especially on
phases that are visually similar but semantically distinct. Additionally, ETL correctly identifies
that sequential phasic ordering in 4/5 episodes (Figure 5.2c), indicating it can monitor compo-
sitional task structure beyond isolated phase detection. The single failure occurs in an episode
with low inter-phase separability, suggesting that monitoring performance degrades when distinct
phases occupy overlapping regions of the latent space. Tabularized results can be found in Ap-
pendix A.3.1.

Overall, these results show that ETL extends beyond simulation to real-world manipulation
data. ETL successfully monitors temporal and sequential task structure across demonstrations.
Moreover, compared to a VLM-based baseline, ETL provides substantially more reliable monitor-
ing of phasic behaviors without requiring explicit language supervision.

5.7 Summary
We have developed ETL as a runtime monitoring framework for perception-based autonomous
systems. By defining temporal logic predicates directly over the embedding space of pretrained
encoders, we eliminate the need for hand-crafted feature extractors and brittle state-to-proposition
mappings. Our threshold-mining procedure couples an F1-optimal calibration bound with a distribution-
free conformal recall guarantee, providing actionable safety margins without manual annotation.

Empirical results on three environments spanning 2D navigation, robot manipulation, and
contact-rich pick-and-place confirm that ETL monitors are semantically correct (F1≥ 0.83 on
distinctive specs), task-specific (cross-task FPR = 0), and capable of tracking complex sequential
specifications with 100% ordering accuracy. These results lay a rigorous empirical foundation for
deploying ETL monitors on physical robot systems and suggest natural extensions to multi-task
deployments, temporal abstraction over subtask boundaries, and adaptive threshold recalibration
online. The current approach has two main limitations: latent predicates are not yet fully inter-
pretable in human-understandable terms, and monitoring performance depends on whether task-
relevant semantic concepts are well separated in the encoder’s representation. These limitations
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point to promising directions for future work, including more transparent predicate explanations,
encoder selection and adaptation for improved semantic separation [136], temporal abstraction
over subtask boundaries [125], and adaptive online thresholding [10].
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Chapter 6

Constrained Decoding for Foundation
Models

Recent advances in developing large transformer-based models for embodied navigation have en-
abled general-purpose policies that map multi-modal inputs such as RGB images, natural language
instructions, and proprioceptive inputs to action sequences [60]. For example, Shortest Path Oracle
Clone (SPOC) [36], PoliFormer [137], Flare [59], and LEO [61] exhibit impressive zero-shot gen-
eralization for embodied navigation tasks such as open vocabulary object-goal navigation (“find
a mug”) and attribute-conditioned navigation (“locate the chair closest to the refrigerator in the
kitchen”). These models have also shown promising transfer for robot navigation in real-world
settings [61, 137]. However, these policies are primarily data-driven and lack any explicit notion
of safety. Although policies may implicitly exhibit safety-related behaviors depending on patterns
in their training data, there is no formal guarantee that they will consistently behave safely in all
situations. This limitation hinders the deployment of such policies in the physical world where
adherence to explicit safety rules and regulatory constraints is essential.

Formal specifications have long been used to specify contextual safety requirements for robotic
deployments [39, 97]. Specifically, TLs provide a structured language for specifying rich safety
constraints on robot behavior, ranging from simple invariants (e.g., remaining within permitted
operational zones or avoiding dangerous obstacles) to contextual and history-dependent specifica-
tions. For example, a robot may be required to avoid certain regions until visiting another region
(temporal ordering), permanently avoid a region after entering a restricted area (conditional safety)
or never return to a region once it has exited. Such specifications naturally capture real-world oper-
ational rules that depend not only on the robot’s current state, but also on what situations the robot
has previously encountered.

Although TL has seen success in classical robotic planning and reinforcement learning for
safety constraint satisfaction, its use for enforcing safety for large transformer-based robot policies
remains limited [93]. Additionally, retraining or fine-tuning these large pre-trained policies to
directly embed such non-Markovian TL safety specifications is challenging [72]. First, retraining
policies is a costly endeavor in terms of computational resources and data requirements. Moreover,
due to the stochastic nature of these models, it is difficult to guarantee strict satisfaction of safety
constraints through training alone. Hence, there is a pressing need for methods that can reliably
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enforce safety specifications at inference time without policy retraining.
In the field of natural language processing, syntactic constraints have been successfully en-

forced by applying constrained decoding at inference time [2,19,127]. These approaches typically
mask out tokens that violate a syntactic constraint defined over token sequences. For example,
regular expressions (regex) represent a widely used form of syntactic constraint, requiring that
generated token sequences conform to predefined structural patterns [19,127]. Inspired by this line
of work, we extend the paradigm of constrained decoding to enforce contextual safety constraints
over action trajectories in dynamical systems. We propose safety specification aligned decod-
ing (SafeDec) for transformer based policies that ensures generated action sequences provably
satisfy STL specifications under assumed dynamics. Our key insight is that decoding-time inter-
ventions can be used not just to filter unsafe actions, but to condition the generation process itself
on specification satisfaction. This conditioning is critical because it steers the model toward gen-
erating safety specification satisfying actions rather than relying on post hoc rejection. To enforce
safety specifications, we leverage the formal semantics of STL to evaluate candidate actions at
runtime and mask those that lead to future violations. Our method is agnostic to the underlying
foundation model, requiring only two properties: (1) access to the decoding-layer logits during
inference, and (2) access to an approximate dynamics model to predict future states. We focus on
STL safety [5] specifications without liveness operators, since such specifications are sufficient to
model a wide range of safety constraints encountered in robot learning [53, 69, 135, 141].

6.1 Background: Constrained Decoding in Transformers
A large variety of autoregressive transformer-based models generate final outputs by producing a
probability distribution over the model vocabulary at each timestep. Then, through the process of
decoding, tokens are selected to maximize the overall likelihood of an output sequence. In standard
decoding, this maximization can be performed by either greedily selecting the most probable token
at each step or by using a beam search to maintain multiple high-likelihood candidates. However,
this often leads to degenerate output sequences that are repetitive [58]. A common approach is to
use sampling strategies like top k [38], and nucleus sampling [58] that introduce stochasticity to
encourage more diverse outputs. Constrained decoding [57] modifies this probabilistic selection by
pruning invalid tokens to ensure that the generated sequences satisfy predefined constraints. These
constraints are often syntactic, such as regular expressions, JSON formatting, or programming
language grammars [126]. There is also recent work on enforcing semantic constraints that ensure
coherence of the output or alignment with specific knowledge bases [106]. Formally, constrained
decoding can be seen as maximizing the probability of the output sequence subject to a constraint
C : argmaxy∈YC

P(y | x) where YC is the set of sequences satisfying C .

6.2 Specification-Guided Constrained Decoding
In this section, we introduce a novel problem formulation for SafeDec in autoregressive transformer-
based policies. First, we highlight the challenge in specification checking for these policies in con-
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Transformer based policy (SPOC, Flare)
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Figure 6.1: Overview of our specification aligned decoding framework. Given multimodal
observations (RGB images and language goals), a pretrained transformer-based navigation policy
generates candidate actions. Our constrained decoder then filters or reweights these actions using
robustness scores from a user-defined STL safety specification. Left: Original action probabilities
(red) from the pretrained policy are modified by SafeDec using STL robustness: actions predicted
to violate the safety specification receive reduced weights, while safer actions are boosted. The
chosen safe action and adjusted probabilities (green) are highlighted. Right: An example navi-
gation episode where the robot starts in the kitchen (white dot) and moves toward the bedroom to
locate the target object (green marker middle-right), while avoiding user-defined hazardous regions
(red zones) throughout the trajectory.
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trast to traditional syntactical constraint checking adopted by LLMs, and our solution to remedy it.
Then, we propose two novel inference-time techniques for specification aligned decoding: Hard
Constrained Decoding (HCD) and Robustness Constrained Decoding (RCD).

6.2.1 Problem Statement
As highlighted in the background section, existing techniques in constrained decoding for language
models enforce syntactic constraints defined over tokens, such as conforming to a context-free
grammar or matching a regular expression. In these setups, constraint checking can be performed
in the model’s token space.

In contrast, transformer-based policies operate in a physical environment and constraints (cap-
tured via temporal logic) are defined over state variables. Since a large class of end-to-end policies
solely propose action sequences, specification checking can only be performed as actions are exe-
cuted and the environment is simulated forward. In this case, constraint checking cannot be done
solely in the token space and requires environmental feedback or a dynamics stepping function.
Hence, we leverage an approximate first order dynamics function to compute specification satis-
faction of different action sequences proposed by these policies.

Consider a discrete dynamical system with states xt ∈Rn and actions at ∈A at time step t. The
system’s dynamics are defined by xt+1 = f (xt ,at) where f : Rn ×A→ Rn maps the current state
(xt ∈ Rn) and a discrete action (at ∈ A) to the next state xt+1 ∈ Rn. This system is controlled by
a policy that selects an action at at each time step based on observations and task context such as
user-provided natural-language instructions or goal waypoints.

In this work, we focus on robot policies that generate actions based on multi-modal inputs,
including sensor observations (e.g., RGB, depth, LiDAR) and natural language instructions. Let
It represent the aggregated input at timestep t. Given the history of encoded inputs up to time t, a
transformer-based policy parameterized by θ predicts embeddings for the next T−t actions:

{êat+k}T−t
k=1 = Transformerθ

(
{eIτ

}t
τ=0

)
.

Each predicted action embedding is decoded into an action ât+k ∈A, resulting in a predicted action
sequence {ât+1, . . . , âT}, where T denotes the planning horizon.

Now, consider that the system is required to satisfy requirements encoded using an STL formula
ϕ defined over the state variables of the system. Formally, the goal is to ensure that the resulting
trajectory satisfies the specification ϕ:

{(x0, â0), . . . ,(xT , âT )} |= ϕ

Most of the existing techniques for specification enforcement perform post-hoc manipulation
of proposed actions (after sampling from the policy) by filtering or rejecting action sequences that
violate the specification ϕ . Although manipulation after sampling can ensure specification satis-
faction, it can favor safe but low-likelihood actions and unintentionally suppress feasible safe be-
haviors that the model would have selected if safety constraints had been considered pre-sampling.
This undermines the inductive biases learned during pretraining and lead to degenerate and brittle
behaviors. A similar problem was highlighted when ensuring compliance with logical constraints
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for large language models (LLM) in [104]. Additionally, these models decode actions sequentially,
where each action at is conditioned on previously generated tokens a<t . Post hoc manipulation can
disrupt this causal chain and lead to a mismatch between the model’s internal hidden state and the
executed sequence. Hence, we propose the following problem statement:

How can we enforce temporal logic constraints during action generation in robot foun-
dation models such that the output sequence (1) satisfies an STL specification ϕ , and
(2) remains faithful to the model’s autoregressive distribution π(a1:T | I1:T )?

Let π(a0:T ) be the unconstrained action-sequence distribution produced by the transformer-
based policy’s decoder (e.g. the softmax over logits generated by the Transformer). We define the
ideal constrained distribution over action sequences as:

Qπ,ϕ(a0:T ) =
π(a0:T ) ·1[(x1:T ,a0:T ) |= ϕ]

∑
a′0:T

π(a′0:T ) ·1[(x′1:T ,a
′
0:T ) |= ϕ]

(6.1)

where x1:T denotes the state trajectory induced by the system dynamics under actions a0:T and 1[·]
is the indicator function that returns 1 iff the trajectory-action pair satisfies the specification. Equa-
tion 6.1 is the exact Bayesian conditioning of π on the event that the generated rollout satisfies ϕ .
Hence, sampling from Qπ,ϕ would give sequences that (i) inherit the original model’s preferences
encoded in π and (ii) guarantee specification satisfaction.

In this work, we propose a technique to overcome the drawbacks of post-hoc safety enforce-
ment methods (such as filtering) by leveraging constrained decoding techniques. Specifically, we
propose SafeDec : A constrained decoding strategy that integrates STL specifications into the
policy’s action selection process, ensuring satisfaction while remaining as close as possible to the
base model distribution.

6.2.2 Hard Constrained Decoding
As highlighted in the background section, in the final layer, predictions are detokenized and a
projection layer converts the embeddings into logits over the vocabulary space. These logits are
further converted into a probability distribution using a softmax operation. In prior work, for struc-
tured output generation in LLMs, some invalid tokens are masked based on syntactical constraints
or other criteria [104, 126]. This is done by setting their logit value as −∞ before the softmax
operation is applied. For HCD, we use a similar approach as constrained decoding literature [126]
and mask out predicted action tokens that violate our given STL specification ϕ during sequential
generation. Formally, to enforce the STL specification ϕ during sequential generation, we adjust
the logits at each timestep t + k as follows:

Let zt+k denote the logits at timestep t+k. For each action choice i at timestep t+k, we define:

z(i)t+k =

{
−∞, if τ̂

(i)
0:t+k = (x0,x1, .., x̂

(i)
t+k) violates ϕ

z(i)t+k, otherwise

where x̂(i)t+k = f (x̂t+k−1, â
(i)
t+k). Here, t is the current decision step, k is an index for the look-

ahead step t + k within a planning horizon of length T (k ∈ [1..T ]), â(i)t+k is the action mapping to
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Table 6.1: STL specifications used in our evaluation. Each region Ri denotes a spatial predicate
over (x,z).

Spec name STL formula Description

φavoid G
(∧N

i=1 ¬Ri
)

Avoidance: the robot must always stay outside all unsafe regions.
φordered G(¬R2) ∨ (¬R2 U R1) Weak-until ordering: the robot must avoid region R2 until reaching

region R1, or avoid R2 forever.
φno return G

(
R0 ⇒ G(¬R0 ⇒ G¬R0)

)
Conditional no-return: if the robot is in region R0, then once it
leaves R0, it may never re-enter.

φgeofence G
(∨N

i=1 Ri
)

Geofencing: the robot must always remain within at least one al-
lowed region.

the token i and x̂(i)t+k is the next state value upon taking this action. This next state is elicited using a
simple dynamics model ( f ) as highlighted in the previous section. Adjusting logits in this fashion
ensures that any invalid token with respect to the safety specification will have zero probability of
being selected after applying the softmax function.

6.2.3 Robustness Constrained Decoding

HCD ensures compliance but can lead to compromising task success, which can be undesirable.
A similar tradeoff was observed by [86] when probability space-steering preserved model fluency
while reducing toxic continuations compared with hard-filtering strategies that inflated perplexity
and eroded diversity. Hence, we propose an alternative approach, called RCD, where we leverage
the quantitative semantics of STL specifications (robustness). Unlike HCD, which applies hard
masking to completely remove unsafe actions, RCD softly guides the model toward safer actions
by incorporating robustness scores that reflect the degree of satisfaction of ϕ . This is similar to the
approach proposed in [86] where the next-token distributions were re-weighted based on the utility
scores provided by another language model. Our utility scores are quantified by the robustness
function( ρ(⟨x0,x1, . . . ,xt⟩,ϕ) ) that returns a real-valued score indicating how well a predicted
state satisfies the specification. Positive robustness values denote specification satisfaction, while
negative values capture the degree of violation.

First, we compute a robustness score for each candidate action: r(i)t+k = ρ(⟨x0,x1, . . . ,xt+k−1, x̂
(i)
t+k⟩,ϕ)

where ρ(·,ϕ) is the STL robustness metric, and x̂(i)t+k is the predicted next state under action â(i)t+k.

This robustness score r(i)t+k quantifies how well each candidate action satisfies the specification ϕ .

These scores are then converted into weights using exponential scaling: wt+k,i = exp(α · r(i)t+k)
where α is a temperature parameter that adjusts the sharpness of the bias. We use these weights to
shift the original logits: z̃t+k,i = zt+k,i +β ·wt+k,i where β is a hyperparameter that modulates the
trade-off between specification adherence and the original task objective. Finally, we obtain the
action distribution by applying softmax over the adjusted logits: pt+k = softmax(z̃t+k)

This approach allows for graded preferences that improve flexibility and robustness to dynam-
ics approximation errors. By ensuring that all actions preserve a non-zero probability, the policy
remains capable of recovering from errors arising from an imperfect dynamics model. Concretely,
if the predicted successor x̂t+1 is off by ε , an action that appeared marginally unsafe can be safe
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in the true system, and vice versa. Retaining a weighted down probability for this action gives the
sampler a fall-back option whereas HCD would completely rule this action out due to 0 probability.
Since we are shifting the probability mass for unsatisfying actions, it is possible that they are still
chosen and lead to a violation. However, this is a tradeoff that we allow to achieve a given task
objective. We note that this still ensures higher STL satisfaction than unconstrained actions.

Our proposed constrained decoding framework (SafeDec) for autoregressive transformer-
based robot policies operates at the final output layer. Operating entirely at inference time, SafeDec
intervenes in the action selection process without modifying the model weights or requiring retrain-
ing. The base policy first generates action logits autoregressively from multimodal inputs such as
images, language instructions, and proprioceptive states. A specification monitor then evaluates the
task-specific safety requirements, expressed as STL formulas, over the predicted future trajectories.
These future trajectories are generated using an assumed higher-order dynamics model. Finally,
the constrained decoding layer selects actions that satisfy the STL specification through one of two
proposed inference-time techniques: Hard Constrained Decoding (HCD), which enforces strict sat-
isfaction by filtering out actions that would violate STL specifications, and Robustness Constrained
Decoding (RCD), which softly adjusts the action distribution using robustness scores to balance
safety and performance. This modular and lightweight design makes SafeDec a plug-and-play
solution for ensuring specification-compliant robot behavior across diverse transformer-based poli-
cies.

6.3 Evaluation

6.3.1 Implementational Details

We comprehensively evaluate our constrained decoding framework on procedurally generated AI2-
THOR [76] indoor scenes with diverse objects and layouts. AI2-THOR is a photorealistic 3D
simulation environment built on the Unity engine and is a widely adopted benchmark and training
environment for embodied navigation research. We use three state-of-the-art (SOTA) generalist
robot navigation policies: Shortest Path Oracle Clone (SPOC) [36], PoliFormer [137] and Flare
[59]. All three are large transformer-based policies trained on extensive language-conditioned
robot trajectory datasets. These models achieve strong zero-shot generalization for a vast variety
of navigation tasks that span open vocabulary object-goal navigation (“find a mug”), room-to-room
traversal (“visit all rooms”), waypoint-based navigation (“move three meters forward and stop near
the red rug”), and attribute-conditioned variants (“locate the chair closest to the refrigerator in the
kitchen”). These models also demonstrate reliable zero-shot transfer to real-world environments,
achieving robust task satisfaction.

In addition, these models capture three different training paradigms for generalist robot nav-
igation policies. SPOC is trained purely with imitation learning from shortest-path rollouts. Po-
liformer employs a hybrid approach that combines reinforcement learning and imitation learning,
enabling it to learn long-horizon structure while retaining expert priors. Flare adopts a large-scale
pretraining plus fine-tuning on embodied navigation data in line with recent foundation model
training paradigms. This diversity in training paradigms allows us to evaluate the applicability of
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SafeDec across different learning regimes.
In this work, we address safety specifications for robotics and, therefore, select those most

relevant to real-world deployment. Our specifications are highlighted in Table 6.1. These spec-
ifications are inspired by common safe navigation specifications as highlighted in [97] and have
varying levels of complexity. These specifications capture state-based invariants (φavoid,φgeo f ence),
history-dependent conditionals (φno return) and temporal ordering constraints (φordered). We en-

Table 6.2: Comparison by decoding technique across models (SPOC, Flare, PoliFormer) for speci-
fications φavoid , φordered , and φno return. Each cell reports STL satisfaction / success rate (%). Higher
is better (↑).

φ avoid : STL St / SR (% ↑) φ ordered : STL St / SR (% ↑) φ no return: STL St / SR (% ↑)

Decoding SPOC Flare PoliFormer SPOC Flare PoliFormer SPOC Flare PoliFormer

Unconstrained 72.0 / 82.5 75.5 / 82.0 77.0 / 82.5 76.0 / 80.0 72.0 / 80.5 71.0 / 81.5 84.0 / 79.5 82.0 / 81.0 82.0 / 79.0
Filtering 100.0 / 72.0 100.0 / 78.5 100.0 / 75.5 100.0 / 69.0 100.0 / 70.0 100.0 / 67.5 100.0 / 68.5 100.0 / 74.0 100.0 / 66.5
HCD 100.0 / 72.5 100.0 / 81.0 100.0 / 78.5 100.0 / 70.5 100.0 / 73.0 100.0 / 72.5 100.0 / 71.0 100.0 / 76.5 100.0 / 69.5
RCD 93.0 / 76.0 83.0 / 82.5 87.5 / 83.5 91.0 / 75.0 89.0 / 79.5 95.0 / 78.0 96.0 / 77.5 96.0 / 80.0 94.0 / 74.0

code our test STL specifications using an efficient computational graph-based STL library called
STLCG++ that can evaluate multiple state signals in parallel [71]. This ensures minimal inference
overhead at runtime (10−5 s per timestep) , which is crucial for policy deployment. For our specifi-
cations, we generate random regions in the configuration space at runtime and use their coordinates
as spatial predicates. For our dynamics model, we assume a unicycle model, an approximate first-
order dynamics abstraction widely used in the robotics literature for analysis and control [28]. This
representation captures the essential kinematics of motion in the plane and is widely used because
it is applicable for diverse robotic platforms.

6.3.2 Experimental setup

We compare our proposed techniques with (1) an unconstrained base model and (2) a base model
with a filtering mechanism. The filtering mechanism picks default actions that cannot immediately
violate the specification (eg. turning in place) upon predicted violation of the safety specification,
similar to the Simplex architecture [115]. Simplex architecture is a classic scheme in which a high-
performance advanced controller is continuously monitored by a provably safe but less capable
backup controller. Simplex based techniques have been used extensively for safety-critical robotics
and are a widely accepted standard for runtime-safety comparisons. Additionally, our base policies
represent actions as a discrete set of low-level action primitives (e.g., move forward/backward,
lateral strafing, rotation, end, and a few other discrete navigation actions exposed by each policy).
At each timestep, the policy outputs a categorical distribution over this shared action set. We
evaluate performance using two main metrics: STL Satisfaction Rate (STL St), defined as the
proportion of trajectories that satisfy the specified STL formula, and Task Success Rate (SR),
which measures standard task success.
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Figure 6.2: SafeDec trade-off between STL satisfaction and task success. Average STL sat-
isfaction versus task success rate aggregated across all specifications and three policies. RCD
achieves the strongest trade-off, substantially improving STL satisfaction while remaining close to
the unconstrained policy’s task performance. HCD and filtering achieve near-perfect STL satisfac-
tion, but incur a larger reduction in task success.

6.3.3 Results

Our results are highlighted in Table 6.2. For brevity, we provide the results for φgeo f ence in A.5 since
it is syntactically similar to φavoid . Additionally, we summarize the safety–performance trade-off
across all specifications and policies in Figure 6.2. We also visualize sample trajectories in Figure
6.3 for one scene and task. Unless stated otherwise, all numbers are averaged over 200 evaluation
episodes.

Do HCD and RCD provide higher STL satisfaction than the unconstrained baselines?
Both HCD and RCD consistently improve STL satisfaction relative to the unconstrained base-
lines across all models and specifications. All policies with RCD show significant gains, with
improvements ranging from 8-24 percentage points. HCD achieves perfect STL satisfaction, with
improvements ranging from 16-29 percentage points. We observe that the Simplex-style filtering
baseline achieves similar STL satisfaction rate as HCD. This parity is expected, as both methods
block any action predicted to violate the specification.
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(a) Unconstrained vs. HCD (b) Unconstrained vs. RCD

Figure 6.3: Top-down visualization of trajectories for a sample scene under the instruction “find
the sofa”. The unconstrained model passes through two forbidden regions (red squares) on its
way to the sofa (center-left). In contrast, HCD (left) and RCD (right) modify the trajectories to
respect STL safety specifications while still reaching the goal. More visualizations are available in
Appendix A.4.

Which safety enforcement technique achieves task success rates comparable to the uncon-
strained baselines? As highlighted in Table 6.2, Simplex-style filtering attains high STL satis-
faction but sacrifices task success because the agent takes predefined safe actions. HCD shows
similar behavior: although safety is maximized, success rates are consistently lower than the un-
constrained baseline across models and specifications. However, as HCD factors in base model
logits, it is able to achieve higher task satisfaction compared to Simplex-style filtering with im-
provements ranging from 0.5-3 percentage points. In contrast, RCD preserves success rates much
closer to the unconstrained level with success-rate drops of 0.5–6.5 percentage points (smaller
drop is better). However, we note that RCD does not fully recover success for certain models and
specifications, task success remains several points below the unconstrained baseline. Nevertheless,
RCD enforces safety while avoiding the large performance penalty observed with filtering.

Does RCD achieve better task success than HCD while maintaining high STL satisfac-
tion? While both HCD and RCD improve safety over the unconstrained baseline, they differ in
how they balance constraint satisfaction with task success. HCD enforces strict STL satisfaction
that results in frequent conservatism and lower successful task completion rates. In contrast, RCD’s
soft penalization leads to higher task success while still maintaining reasonable STL satisfaction.
These results show that RCD achieves a better trade-off between safety and goal-directed behavior,
especially in settings where occasional low-risk actions can lead to higher long-term rewards.

Overall, Our proposed techniques effectively enforce safety STL specifications during policy
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Table 6.3: Comparison with SafeVLA on the SafetyChores benchmark. Lower cost indicates fewer
safety violations, while higher success denotes better task completion.

Method Cost ↓ SR (%) ↑

ISA (SafeVLA) 0.205 86.5
ISA + HCD 0.015 82.0
ISA + RCD 0.060 86.0

FLARE 0.192 82.0
FLARE + HCD 0.115 84.0
FLARE + RCD 0.155 79.0

execution. HCD ensures full compliance, but occasionally sacrifices task success due to strict
truncation. RCD strikes a balance, offering high satisfaction rates and robust performance.

6.3.4 Comparison with safe reinforcement learning baseline
We additionally compare SafeDec with SafeVLA [138], a safe reinforcement learning method that
proposes an integrated safety approach (ISA) using explicit safety costs. To enable a fair com-
parison, we focus on the fragile-object and dangerous-object specifications in the SafetyChores
benchmark [138], which closely align with our setting, and construct corresponding STL specifi-
cations for evaluation. We report the composite safety cost defined in SafeVLA, which directly
reflects the degree of safety violations across both object classes, along with task success.

Our results are highlighted in Table 6.3. Our findings indicate that both HCD and RCD substan-
tially reduce safety violations relative to their respective vanilla baselines while largely preserving
task success. In particular, integrating HCD with ISA (SafeVLA) achieves an order-of-magnitude
reduction in safety cost (0.205 → 0.015), demonstrating effective enforcement of fragile and dan-
gerous object specifications with minimal impact on task performance. We also find that RCD+ISA
preserves task success close to vanilla ISA while reducing safety violations. Our results show that
SafeDec, despite being a training-free method, preserves task satisfaction close to the safeRL base-
line (ISA) for our specifications. Additionally, combining SafeDec with the ISA policy leads to
further reduction in safety costs, highlighting its complementary benefits to data-driven safe learn-
ing.

6.3.5 Ablation studies
Does inaccurate dynamics modeling substantially reduce STL satisfaction? In this work, we
assume a simple unicycle dynamics model due it’s generalization capability for diverse robotic
platforms. Although this represents a high-level abstraction of true dynamics, such modeling sim-
plifications are standard in the formally assured robot safety literature [28]. However, both RCD
and HCD depend on this assumption and inaccurate modeling can impact STL satisfaction. To
evaluate the impact of inaccurate dynamics modeling, we conducted an ablation in which we inject
gaussian perturbations into the dynamics (0.01 m per step translational noise i.e. 5% of nominal
forward step, 1 ° per step rotational noise i.e. 3.3% of yaw step) for both HCD and RCD. Our re-
sults are visualized in Figure 6.4a. Across all three base models, the drop in STL satisfaction rates
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from baseline to noisy dynamics is relatively small. We observe that SafeDec shows graceful
degradation under significant per-step disturbances.
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Figure 6.4: Ablation studies. (a) STL satisfaction (%) for HCD and RCD under baseline vs noisy
dynamics across base models. (b) Effect of β on success rate and safety satisfaction.

How do varying values of β affect success rate and STL satisfaction in RCD? As high-
lighted in section 6.2.3, RCD uses a hyperparameter β that modulates the trade-off between spec-
ification adherence and the original task objective. The value of β affects the relative weighting
between robustness and base logits. To investigate the impact of β on the success rate and STL
satisfaction, we performed an ablation with varying values for β for Flare and PoliFormer. As
visualized in Figure 6.4b, We observe that as β increases for PoliFormer, both STL satisfaction
and success rate improve in tandem until β = 10, suggesting that moderate regularization can ac-
tually aid policy execution. Beyond this, STL satisfaction continues to improve but at the cost of
lower success rates. For Flare, larger β values improve STL satisfaction but reduce success rates.
These results highlight that the influence of β is model-dependent but in general demonstrate that
SafeDec provides a tunable mechanism to balance safety and performance objectives.

6.4 Summary
In this chapter, we introduce a constrained decoding framework for enforcing safety specifications
for large transformer based robot policies. Our approach enables runtime adaptation to novel safety
specifications without retraining. Through experiments across multiple simulated environments,
we demonstrated that our method significantly improves STL satisfaction while maintaining high
task success rates.
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Chapter 7

Future Work

This thesis developed methods for making temporal logic more compatible with modern AI-driven
planning systems by improving efficiency, expanding specification beyond explicit state variables,
and enabling inference-time enforcement for pretrained policies. At the same time, the work opens
several directions for future research. These directions are not merely extensions of the current
methods, but part of a broader agenda toward making formal specifications a practical interface for
general-purpose autonomous systems.

From Hand-Written to Learned Specifications A central assumption throughout this thesis is
that the specification is provided by a human designer. While this is appropriate in many safety-
critical settings, it also limits scalability and places a significant burden on users. An important
direction for future work is to infer specifications automatically from demonstrations, corrections,
preferences, or natural language instructions. For example, one could imagine learning STL or
ETL formulas that capture recurring task structure from successful trajectories, or extracting safety
invariants from examples of undesirable behavior similar to the work proposed in [139]. We do
a more restricted form of formula learning by mining STL timing parameters from data using
STLCG++, however we still don’t learn the formula structure itself from scratch. In the long term,
specification-driven autonomy will likely require a bidirectional interface in which specifications
are not only enforced, but also proposed, refined, and repaired from data.

Planning and Control Directly from Rich Perceptual Specifications Although this thesis de-
velops ETL as a formalism for specification and monitoring, a more ambitious direction is to
use perceptual specifications directly inside closed-loop planning and control. This would require
planners that can optimize behavior with respect to embedding-based objectives while account-
ing for the geometry, uncertainty, and possible non-stationarity of learned representation spaces.
Such an approach could enable robots to plan from goals expressed through images, videos, or
textual prompts rather than manually engineered state predicates. Additionally, planning directly
in this embedding space involves the encoder to be trained with objectives such as latent temporal
smoothness, similar to the work proposed in [125]. With these extensions, the practical usability
of ETL in perceptual and unstructured environments would be signifcantly broadened.
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Uncertainty-Aware Semantics and Enforcement The methods in this thesis largely assume
that specification evaluation and action filtering are performed using point estimates of state, dy-
namics, or representation. Real deployments, however, involve uncertainty in sensing, forecasting,
and action outcomes. An important research direction is to develop uncertainty-aware variants
of STL and ETL, together with corresponding planning and decoding algorithms. This may in-
clude probabilistic predicate satisfaction, robustness measures over distributions, or risk-sensitive
decoding rules that account for model uncertainty when determining whether an action should be
allowed. Extending formal specification methods to uncertain settings is essential for translating
these ideas from controlled benchmarks to real-world deployment.

Overall, I view the methods in this thesis as steps toward a broader vision in which formal
specifications serve as an executable interface between human intent and modern learning-enabled
autonomy. Advancing that vision will require not only faster algorithms and richer formalisms, but
also tighter connections between data, prediction, interaction, and control.
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Chapter 8

Conclusion

In this thesis, I argued that formal specifications should remain central to the design of safe au-
tonomous systems, even as planning and control increasingly shift toward data-driven and foundation-
model-based approaches. Modern AI systems have greatly expanded what robots can do, but they
have also made it harder to state, enforce, and verify desired behavior in a precise and reliable way.
My central claim has been that temporal logic remains a powerful framework for this purpose,
but only if it is extended to address the practical demands of modern autonomy: computational
efficiency, compatibility with perception-driven systems, and applicability to pretrained generative
policies. This thesis developed a set of methods toward that goal as follows:

1. STLINC [70], a tool for decomposing deeply nested STL specifications for efficient trajec-
tory planning.

2. STLCG++ [71], a tool for efficiently computing and backpropogating through STL robust-
ness using modern autodifferentiation frameworks such as JAX and PyTorch.

3. SafeDec [67] , a lightweight decoding layer that can sit on top of existing robot foundation
models and enforce user-designed STL specifications in a provably safe way.

4. ETL, [68] A new logic specification framework for specifying desired behavior at a higher
level of abstraction such as image features.

The first contribution of this thesis addressed efficiency in planning from temporally rich spec-
ifications. Complex STL formulas are expressive, but they often hide sequential task structure
behind nested temporal operators, making planning unnecessarily difficult. To address this, I pre-
sented a decomposition-based view of STL planning that translates long-horizon nested specifi-
cations into incrementally satisfiable reachability and invariance constraints. This decomposition
makes the sequential structure of the task explicit and enables planners to reason over smaller,
more manageable subproblems. In doing so, it reduces the burden imposed by deeply nested tem-
poral requirements and provides a more scalable path toward long-horizon specification-guided
planning.

The second contribution addressed the computational bottleneck in STL robustness evaluation.
Existing differentiable STL evaluation tools rely heavily on recursive or recurrent computation,
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which limits parallelism and makes them increasingly expensive for long trajectories and large
batches. In response, I developed STLCG++, a masking-based approach to STL robustness com-
putation that is better aligned with modern automatic differentiation frameworks. By reformulating
temporal aggregation in a way that supports parallel execution across time, STLCG++ improves
the practicality of using STL not only for monitoring, but also inside optimization loops, gradient-
based planning, diffusion-based generation, and parameter mining. More broadly, this contribution
shows that temporal logic evaluation itself can be redesigned to better match the computational
structure of contemporary machine learning systems.

The third contribution of this thesis addressed a more fundamental limitation of classical tem-
poral logic: its dependence on explicit state variables. In many modern robotic systems, especially
those built around learned perception pipelines, the variables needed to define traditional symbolic
predicates are unavailable, unreliable, or expensive to engineer. To overcome this limitation, I
introduced Embedding Temporal Logic (ETL), a specification framework in which predicates are
defined over learned representations rather than hand-specified state variables. This shifts formal
specification from low-dimensional symbolic state spaces to semantically meaningful embedding
spaces induced by pretrained models. With ETL, I showed that it is possible to monitor temporal
properties directly over perceptual representations, making temporal logic more compatible with
perception-heavy autonomous systems. In this sense, ETL expands the scope of formal specifica-
tion from systems with explicit state access to systems that reason through learned latent structure.

The fourth contribution addressed applicability to foundation models. Large pretrained poli-
cies offer strong generalization and semantic priors, but they do not natively provide mechanisms
for enforcing strict behavioral constraints at test time. Retraining them for every new safety re-
quirement is expensive and often impractical. To address this, I proposed specification-guided
constrained decoding methods that enforce STL safety requirements during inference. Rather than
treating safety as a post hoc filtering step alone, these methods intervene directly in the action se-
lection process by masking or reweighting unsafe candidate actions using specification robustness.
This makes it possible to adapt a pretrained policy to new safety rules at deployment time without
changing the model parameters. I view this as an important step toward making formal methods
usable in the era of foundation models: instead of competing with pretrained generative models,
formal specifications can shape their behavior at inference time.

This thesis suggests that the future of safe autonomy will depend on specification mecha-
nisms that are not only formally grounded, but also computationally compatible with modern AI
pipelines. It is no longer sufficient for a specification language to be expressive in theory; it must
also be usable with batched tensor computation, high-dimensional perception, approximate world
models, and large pretrained policies. My work takes several steps in that direction, but it also
points to a larger research agenda: developing specification-driven autonomy stacks in which for-
mal requirements are present throughout the lifecycle of a system, from task design and planning
to runtime monitoring, adaptation, and intervention.

In conclusion, this thesis advances the view that formal specifications are not an artifact of an
earlier robotics paradigm, but an increasingly necessary component of trustworthy AI-driven plan-
ning. By improving the efficiency of STL-based planning and evaluation, extending specification
design to learned embeddings, and enabling inference-time enforcement for foundation models, I
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have aimed to make formal specification a more practical tool for modern autonomous systems.
I hope this thesis helps move the field toward autonomous agents that are not only capable and
general, but also structured and safe.
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Appendix A

A.1 Additional Evaluation Details for Dubins Car

A.1.1 Details for Dubins Car Setup

The navigation task is defined for a robot that respects discrete-time Dubins car dynamics. A state
is defined as s = [px, py,θ ] where st+1 = st +∆t[vcos(θt),vsin(θt),at ] with continuous angular
velocity at ∈ A = [−amax,amax]. We fix amax = 1.25 rad/s and v = 1 m/s, with discretization at
∆t = 0.05s. We generate N = 100 trajectories using a feedback controller with obstacle avoidance.
For each task, we construct pairs of equivalent specifications in the ground-truth state space and
the embedding space. The ground-truth specifications, ωi, are defined over the state space of the
car (e.g., the position px, py, angular velocity y, etc.). In parallel, the ETL specifications, ϕi, are
defined over the embedded images observed during simulation; target embeddings are obtained
from the simulated observations corresponding to selected goal states. We utilize the encoder
from the world model used in [1], which is based on Dreamer [48] with a Recurrent State Space
Model (RSSM). The encoder produces a task-relevant representation space in which distances
reflect semantic similarity between observations.

We evaluate four specification patterns: Reach (FA), Avoid (G¬C), Reach-Avoid (FA∧G¬C),
and Sequential (F(A∧FB)). A, B, and C denote reaching the top-right goal |pt −(0.8,0.8)|< 0.25,
reaching the top-left goal |pt − (−0.8,0.8)| < 0.25, and entering the obstacle proximity zone
|pt − (0.8,−0.8)| < 0.5, respectively. This setup enables direct comparison between embedding-
based satisfaction and ground-truth logical semantics. Thresholds are calibrated on a 40/60 cal-
ibration/test split using both F1-optimal and conformal procedures. In all experiments, we use
α = 0.10 for computing εcp.

A.1.2 Results for Dubins Car

The results for the experiments with the Dubins car can be found in Table A.1, including F1,
Precision, Recall, and Agreement scores for both F1-Optimal and Conformal Prediction thresholds.
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Table A.1: ETL predicate evaluation on the Dubins car.

ε∗ (F1-optimal) εCP (α=0.10)
Spec Scope F1 Prec. Rec. Agree Prec. Rec. Agree

Reach A frames 0.85 0.87 0.83 98.6% 0.79 0.93 98.5%
Avoid C frames 0.80 0.69 0.94 96.5% 0.70 0.92 96.5%
RA A∧¬C frames 0.85 0.87 0.83 98.6% 0.79 0.93 98.5%
Seq. A → B episodes 1.00 1.00 1.00 100% 1.00 1.00 100%

Table A.2: ETL predicate evaluation on MetaWorld (test split). Frame-level metrics are reported
for all predicates.

Task F1 Prec. Rec. Agree CP Rec. CP Prec.

Grasp (A) 0.985 0.971 0.999 97.3% 0.883 0.976
Place (B) 0.948 0.901 1.000 91.4% 0.916 0.926

Sequential 100% ordering agreement (24/24)

A.2 Additional Details for Manipulation Tasks
We provide qualitative visualizations of ETL predicate behavior on manipulation tasks. These
plots illustrate how embedding distances evolve over time and how predicate satisfaction aligns
with ground-truth signals.

A.2.1 Tabularized Results
We present tabularized results from the experiments from Section 5.6.2 in Table A.2 and Table A.3.

A.2.2 Sequential Predicate Trace
Figure A.1 illustrates dual-predicate traces for the pick-place-wall task. The plots show distances
to both subgoal embeddings (zA for grasp and zB for place), along with corresponding predicate
activations.

The embedding distances to zA and zB decrease at distinct timesteps corresponding to grasp and
placement events. This temporal separation is preserved in the embedding space, allowing ETL to
correctly identify the ordering of subgoals across all trajectories.

A.3 Additional DROID Evaluation Details

A.3.1 Tabularized Results
We present tabularized results from the experiments from Section 5.6.3 in Table A.4.
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Table A.3: F1 score for failure / predicate detection across three environments. All methods use
the F1-optimal threshold; ETL (CP) additionally reports the class-conditional split-CP threshold.
Per-column best in bold.

Method STACKING SORTING MW-PICK-PLACE Avg

logpZO 0.844 0.534 0.992 0.790
PCA-kmeans 0.852 0.585 0.815 0.751
ETL (best F1) 0.897 0.593 0.961 0.817
ETL (CP) 0.887 0.556 0.923 0.789

Table A.4: Comparison of ETL and Qwen2-VL-2B on phasic DROID episodes.

ETL Qwen2-VL-2B

Task Ph. F1 Agr. Seq. F1 Agr. Seq.

Obj. → paper 2 0.968 0.977 ✓ 0.493 0.383 ✓

Tap → spoon 2 0.839 0.937 ✗ 0.292 0.700 ✓

4-way chain 4 0.531 0.862 ✓ 0.585 0.811 ✗

White → blue cloth 3 0.884 0.959 ✓ 0.335 0.258 ✗

Bottles → stove 3 0.844 0.966 ✓ 0.244 0.685 ✗

Mean – 0.813 0.940 4/5 0.390 0.567 2/5

A.3.2 Ground Truth Construction
Unlike simulation environments, DROID does not provide explicit task-phase annotations. We
derive ground-truth predicates directly from proprioceptive signals:

πhold(t) : gripper(t)> 0.5
πrelease(t) : gripper(t)< 0.15 ∧ ∃ t ′ < t, πhold(t ′)

The sequential specification is defined as:

∃ t1 < t2 : πhold(t1)∧πrelease(t2),

corresponding to a pick-and-place interaction. For tasks where proprioception is not sufficient to
identify phase of tasks, we manually annotate the videos and generate the ground truth predicates.

A.3.3 Encoder and Representation
We use the SVD VAE from Ctrl-World [45], a video diffusion model trained directly on DROID
data. Each frame is encoded into a 4×24×40 latent tensor, flattened to a 3,840-dimensional vector.
Distances are computed using cosine similarity. This encoder is domain-matched to DROID and
provides stronger geometric separation than general-purpose encoders such as DINOv2.
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Figure A.1: Dual-predicate Boolean timelines for mw-pick-place-wall. Top panels show
distances to grasp (zA) and place (zB) embeddings with thresholds ε∗ and εCP. Lower panels show
ETL and ground-truth predicate activations.

A.3.4 Sequential Evaluation Details

We identify 25 episodes containing valid grasp-then-release transitions, using 10 for calibration
and 15 for evaluation.

The release predicate exhibits low precision due to visual ambiguity: the approach phase with
an open gripper is visually similar to the post-release phase. Despite this, sequential ordering is
correctly identified in all episodes.
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Table A.5: Sequential predicate evaluation on DROID (SVD VAE, wrist camera).

Predicate F1 Precision Recall Agreement Seq. Agreement

πhold 0.666 0.721 0.750 0.701 1.000
πrelease 0.258 0.162 1.000 0.163

A.3.5 Discussion of Failure Modes
ETL performance depends on the separability of task-relevant concepts in the embedding space.
For manipulation tasks, success states (e.g., button press, object placement) are highly distinctive,
leading to sharp transitions in embedding distance and high predicate accuracy.

Failure modes arise when embeddings corresponding to different semantic states overlap in the
latent space, which can result in delayed or premature predicate activation near decision bound-
aries. However, such cases are rare in these tasks, and conformal thresholds help mitigate missed
detections by prioritizing recall.

Overall, these qualitative results reinforce that embedding distances provide a reliable and in-
terpretable signal for detecting semantic events and temporal structure in manipulation tasks.

We evaluate whether Embedding Temporal Logic (ETL) monitoring can serve as a competitive,
interpretable alternative to state of the art failure predictors for generative robot policies. Our
central hypothesis is that explicitly encoding the sequential milestone structure of a task into a
small number of latent spec anchors, and then asking whether each anchor was ever approached
during execution, yields a sharper failure signal than methods that either model the full observation
distribution or score each timestep independently against a single goal embedding.

A.4 SafeDec Visualizations
To complement our quantitative results, we provide numerous trajectory plots from evaluations
across a diverse set of procedurally generated indoor environments. Figure A.2 illustrates rep-
resentative top-down visualizations of trajectories induced by SafeDec . Each plot shows the
agent’s starting point and the resulting path under constrained decoding, with red circles marking
target objects, green boxes denoting forbidden regions, and orange paths depicting the safe trajec-
tories generated by our method. Together with our quantitative analysis, these qualitative results
illustrate the performance of SafeDec across environments and tasks.

A.5 Results for φgeo f ence
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Figure A.2: Top-down views across indoor environments with SafeDec induced trajectories Red
circles mark target objects, green boxes are avoid regions, and orange paths show safe trajectories
under constrained decoding.

Table A.6: Performance comparison for the geofence specification φgeo f ence across decoding tech-
niques and base models. Each cell reports STL satisfaction / success rate (%). Higher is better
(↑).

φ geo f ence: STL St / SR (% ↑)

Decoding SPOC Flare PoliFormer

Unconstrained 78.0 / 81.5 68.0 / 81.0 73.0 / 81.5
Filtering 100.0 / 72.0 100.0 / 66.5 100.0 / 67.5
HCD 100.0 / 76.5 100.0 / 67.5 100.0 / 72.5
RCD 95.5 / 80.0 80.0 / 71.5 85.5 / 77.5
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[140] ZHANG, C., KAPOOR, P., MEIRA-GÓES, R., GARLAN, D., KANG, E., GANLATH, A.,
MISHRA, S., AND AMMAR, N. Tolerance of reinforcement learning controllers against de-
viations in cyber physical systems. In International Symposium on Formal Methods (2024),
Springer, pp. 267–285. 2.1

[141] ZHAO, W., SUN, Y., LI, F., CHEN, R., LIU, R., WEI, T., AND LIU, C. GUARD: A safe
reinforcement learning benchmark. Transactions on Machine Learning Research (2024). 6

[142] ZHONG, Z., REMPE, D., XU, D., CHEN, Y., VEER, S., CHE, T., RAY, B., AND PAVONE,
M. Guided Conditional Diffusion for Controllable Traffic Simulation. In Proc. IEEE Conf.
on Robotics and Automation (2023). 4

[143] ZHOU, G., PAN, H., LECUN, Y., AND PINTO, L. Dino-wm: World models on pre-trained
visual features enable zero-shot planning, 2025. 5.1

90


	1 Introduction
	1.1 Challenges
	1.2 Thesis Statement
	1.3 Summary of Contributions
	1.4 Outline

	2 Background and Related Work
	2.1 Temporal Logics for Robotics
	2.2 Signal Temporal Logic
	2.3 Planning from STL specifications
	2.4 STL Evaluation and Monitoring Tools
	2.5 Runtime Safety Enforcement for Robotics
	2.6 Connections to safe reinforcement learning and control

	3 STL Decomposition for Efficient Planning
	3.1 Motivation
	3.2 STLInc
	3.2.1 Flattening
	3.2.2 Symbolic Time Resolution
	3.2.3 Scheduling

	3.3 Evaluation
	3.3.1 Experimental Setup
	3.3.2 Results

	3.4 Summary

	4 STLCG++: Efficient STL Evaluation
	4.1 Preliminaries
	4.1.1 Signals and trajectories
	4.1.2 Smooth / approximation
	4.1.3 Robustness trace
	4.1.4 Recursive structure of STL formulas
	4.1.5 STLCG: Recurrent computation

	4.2 Recurrent v/s Masking based Approach
	4.2.1 Notation and masking operation
	4.2.2 Eventually and Always operations
	4.2.3 Until operation
	4.2.4 Dependence on smooth approximations
	4.2.5 Practical benefits

	4.3 Evaluation
	4.3.1 Computational Properties of STLCG++

	4.4 Smoothing time intervals
	4.5 Robotics-related applications
	4.5.1 Trajectory planning with suboptimal STL specifications.
	4.5.2 Deep generative modeling: STL-guided diffusion policies 
	4.5.3 Machine learning: STL parameter mining from data

	4.6 Summary

	5 ETL: Extending STL Beyond State-Based Constraints
	5.1 Introduction
	5.2 Background
	5.2.1 Pretrained Vision Encoders
	5.2.2 Specification based Runtime Monitoring
	5.2.3 Conformal Prediction

	5.3 Embedding Temporal Logic
	5.3.1 Syntax and Semantics
	5.3.2 ETL Specification Monitors

	5.4 Constructing ETL specifications in Practice
	5.4.1 Specifying Target Embeddings
	5.4.2 Choice of Encoders and Distance functions

	5.5 Threshold Calibration for ETL predicates
	5.5.1 F1-Optimal Threshold
	5.5.2 Conformal Threshold with Recall Guarantee

	5.6 Evaluation
	5.6.1 Simple Navigation Dubins Car
	5.6.2 Simulated Manipulation Tasks
	5.6.3 Real World Evaluation via DROID

	5.7 Summary

	6 Constrained Decoding for Foundation Models
	6.1 Background: Constrained Decoding in Transformers
	6.2 Specification-Guided Constrained Decoding
	6.2.1 Problem Statement
	6.2.2 Hard Constrained Decoding 
	6.2.3 Robustness Constrained Decoding

	6.3 Evaluation
	6.3.1 Implementational Details
	6.3.2 Experimental setup
	6.3.3 Results
	6.3.4 Comparison with safe reinforcement learning baseline
	6.3.5 Ablation studies

	6.4 Summary

	7 Future Work
	8 Conclusion
	A 
	A.1 Additional Evaluation Details for Dubins Car
	A.1.1 Details for Dubins Car Setup
	A.1.2 Results for Dubins Car

	A.2 Additional Details for Manipulation Tasks
	A.2.1 Tabularized Results
	A.2.2 Sequential Predicate Trace

	A.3 Additional DROID Evaluation Details
	A.3.1 Tabularized Results
	A.3.2 Ground Truth Construction
	A.3.3 Encoder and Representation
	A.3.4 Sequential Evaluation Details
	A.3.5 Discussion of Failure Modes

	A.4 SafeDec Visualizations
	A.5 Results for geofence


