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Abstract
Reinforcement learning policies often fail to generalize beyond the specific tasks on which they are trained, and
this limitation becomes especially severe in long-horizon settings where success depends on satisfying structured
constraints over time. In these settings, task objectives are naturally compositional, reward signals are sparse and
delayed, and existing approaches often lack both a clear target notion of generalization and a principled way to
evaluate whether the underlying generalization pattern has been learned. This dissertation studies how logical
structure can be used to address these challenges.

The central research goal is to develop a framework for reliable long-horizon generalization in reinforcement
learning from temporal-logic specifications. The key idea is to use logical specifications not only to describe
complex tasks, but also to define structured families of related tasks in which generalization can be formalized,
learned, and eventually verified. In this setting, tasks evolve according to a fixed update rule, and the objective is
to train on a small subset of task instances and produce policies that succeed zero-shot on unseen ones. This
perspective opens up several linked research directions such as learning compact policy-evolution rules that
capture transfer across task families, scaling such learning to long-horizon problems through decomposition and
stable supervision, and developing certificate-based tools that move evaluation beyond empirical rollout success
toward more structured notions of correctness.

In our current progress, we have formalized inductive generalization over specification-defined task families,
developed a scalable decoupled approach for learning policy-evolution templates, and introduced certificate-based
methods for evaluating and diagnosing generalization. Taken together, these components motivate a broader thesis
program aimed at integrating specification-guided task structure, compositional planning, and certificate-guided
reasoning into a unified approach for scalable and reliable reinforcement learning generalization.
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1. Introduction and Problem Statement

Reinforcement learning has achieved strong performance on individual control tasks, but policies
learned in this way often fail to transfer even under small changes in the task [1, 2, 3]. This weakness
becomes more severe in long-horizon settings, where success depends on satisfying structured objectives
over many stages of execution [4, 5]. In such problems, reward signals are often sparse and delayed, and
learning can become highly brittle when the agent must coordinate safety, sequencing, and branching
requirements over time. As a result, both generalization and long-horizon reasoning remain central
obstacles to deploying reinforcement learning in structured domains [3, 6].

A further difficulty is that generalization in reinforcement learning is often studied through loosely
related benchmark variations, such as changed goals, shifted initial states, modified layouts, or altered
dynamics [1, 2, 7]. While these settings are all useful, they do not by themselves provide a precise
target notion of what kind of transfer should be learned. This dissertation focuses on a more structured
setting in which tasks are not arbitrary variations, but members of a family connected by a systematic
rule. The goal is to identify forms of task variation for which generalization is both meaningful and
learnable.
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Our framework uses temporal-logic specifications to represent long-horizon tasks [4, 5, 8]. Logical
specifications are useful in this setting because they expose the compositional structure of a task,
such as reachability, safety, sequencing, and disjunction, in a way that is difficult to express cleanly
through rewards alone. They also make it possible to define families of related tasks that share the
same high-level structure while differing in the instantiation of goals, predicates, or initial conditions.
This leads to a concrete notion of inductive task families, where tasks are indexed and evolve according
to a fixed update rule [9].

The central problem studied is to learn from a small subset of tasks in a structured family and produce
policies that succeed on the remaining unseen tasks without additional interaction. This is a zero-shot
generalization problem over structured task families. The key hypothesis is that when tasks evolve
systematically, their policies should also evolve systematically [9]. Rather than learning each task from
scratch, we can instead attempt to learn a compact policy-evolution rule that captures how the policy
changes as the task index changes. This perspective gives rise to two main research questions:

• RQ1. How can structured generalization be formalized and learned in a way that scales to
long-horizon tasks?

• RQ2. How can we evaluate whether a learned policy family has truly generalized beyond the
observed training instances?

Our recent work takes initial steps toward RQ1 by formalizing inductive generalization from speci-
fications and by developing a scalable decoupled framework for learning policy-evolution templates
[9]. It also takes initial steps toward RQ2 by developing certificate-based methods for evaluating and
diagnosing generalization behavior beyond standard rollout success rates. These directions support
the thesis that logical structure can be used not only to specify long-horizon reinforcement learning
tasks, but also to define, learn, and eventually verify meaningful forms of generalization across task
families. The remainder of this paper outlines this research direction, summarizes progress to date, and
describes planned work on scalable long-horizon planning and certificate-guided generalization.

2. Background and Setting

We study reinforcement learning modeled as Markov decision processes (MDPs) [10]. An MDP is given
by (𝑆,𝐴, 𝑃, 𝜂), where 𝑆 is the state space, 𝐴 is the action space, 𝑃 denotes the transition dynamics,
and 𝜂 is the initial-state distribution. The agent interacts with the environment through trajectories
and aims to learn a policy that maximizes task success. In the settings considered here, the dynamics
are not known in advance, so policies must be learned from sampled interaction.

The tasks of interest are long-horizon and structurally rich. Instead of describing them only through
scalar reward functions, we represent them using compositional logical specifications [4, 11, 12, 8].
More precisely, throughout this proposal I use the phrase “temporal-logic specification” in a broad sense
to refer to task specifications with temporal structure. The concrete specification language used in the
current work is a SPECTRL-style compositional language, rather than standard LTL or LTLf syntax.
This language contains operators for reachability, safety, sequential composition, and disjunction, and
is well suited for expressing long-horizon reinforcement learning tasks such as reach-avoid, sequencing,
and branching objectives [4, 5].

This distinction is important. Standard LTL and LTLf provide temporal operators such as F, G, and U,
while the SPECTRL-style syntax used here includes program-like constructs such as achieve, ensuring,
and sequential composition. Thus, the formulas in this proposal should not be read as literal LTL
formulas. Rather, they are compositional task specifications inspired by temporal logic and dynamic-
logic-style task composition. At a high level, the framework only requires a specification template
whose predicates or regions can be re-grounded across task indices; in principle, similar ideas could
be instantiated with other finite-trace specification formalisms. In the present work, however, the
examples and experiments use the SPECTRL-style language.



A reach-avoid task requires the agent to reach a goal set while staying within a safe region [5, 12].
Although the full specifications considered in our experiments are often more complex, they can be
decomposed into simpler reach-avoid components [5, 9]. This decomposition is important because it
exposes the structure of the task and provides a basic unit on which generalization can be studied more
systematically.

Using this specification-based view, we consider families of related tasks that share the same high-
level logical form but differ in their low-level grounding. For example, a family may keep the same
sequencing structure while shifting the goal regions, the initial conditions, or the relevant predicates
with the task index. This structured variation is the setting in which we define and study inductive
generalization in the next section.

Relation to logic-guided reinforcement learning. This dissertation is closely related to the
growing literature on logic-guided reinforcement learning. Reward machines expose the internal
structure of non-Markovian reward functions using automaton-like representations, enabling reward
shaping, task decomposition, and more sample-efficient learning [13]. Related work on LTL and formal-
language-based reward specification studies how temporal and regular-language specifications can be
translated into reward machines or other structured reward representations for reinforcement learning
[14]. Temporal-logic reward approaches also use logical specifications, such as truncated linear temporal
logic, together with quantitative semantics to define reward signals for complex robotic tasks [15]. In a
complementary direction, shielding methods use formal verification to restrict unsafe actions during
exploration or deployment, thereby enforcing safety constraints while the reinforcement learning
algorithm optimizes its performance objective [16]. My work shares the broader goal of using logical
structure to make reinforcement learning more reliable. However, the primary focus is different: rather
than using logic only to specify, shape, or shield rewards for a single task, I use logical specifications
to define indexed families of related tasks and study zero-shot generalization across the family. In
this setting, the specification is not only a task description, but also the structure that induces the
generalization problem.

3. Research Vision: Inductive Generalization as a Target Notion

Generalization in reinforcement learning can refer to many kinds of transfer, including new goals, new
initial conditions, new obstacles, or new dynamics [3, 1, 2]. Our research focuses on a more structured
setting in which tasks are not arbitrary variants, but members of a family connected by a fixed update
rule. This makes the target notion of generalization more precise and also gives structure that learning
algorithms can exploit. Formally, we study an indexed family of tasks

𝑅 = {𝑅𝑖}𝐿𝑖=0,

where each task 𝑅𝑖 consists of an MDP 𝑀𝑖 together with a SPECTRL-style compositional task specifi-
cation 𝜑𝑖. The family is inductive if all task instances share the same high-level specification structure
and differ only in the instantiation of predicates or the initial state distribution [9]. Equivalently, there
exists a fixed specification template 𝜑(·) and a sequence of predicate instantiations {𝑏𝑖}𝐿𝑖=0 such that

𝜑𝑖 = 𝜑(𝑏𝑖),

where the grounding evolves with the task index according to a structured update rule. This captures
settings where the logical form of the task remains the same, while the low-level task parameters shift
predictably across indices.

As one concrete example, consider an indexed family of reach-avoid tasks in which the agent starts
from an index-dependent initial region Init𝑘, must reach an index-dependent goal region goal𝑘, and
may first pass through one of two intermediate regions 𝑔1 or 𝑔2 while always avoiding obstacles. The
corresponding specification can be written as

𝜙𝑘 ≜
(︁
(achieve reach(𝑔1)) or (achieve reach(𝑔2))

)︁
; achieve reach(goal𝑘) ensuring 𝑆.



where 𝑆 denotes the safe region. Here, the compositional structure is fixed, while Init𝑘 and goal𝑘
evolve with 𝑘. Given such a family, the inductive generalization problem is the following. Let

𝑇𝑟𝑎𝑖𝑛 ⊆ {0, . . . , 𝐿}, 𝑈𝑛𝑠𝑒𝑒𝑛 = {0, . . . , 𝐿} ∖ 𝑇𝑟𝑎𝑖𝑛,

with 0 ∈ 𝑇𝑟𝑎𝑖𝑛 and typically 𝐿 ∈ 𝑇𝑟𝑎𝑖𝑛. The goal is to train only on the tasks indexed by 𝑇𝑟𝑎𝑖𝑛 and
produce policies for indices in 𝑈𝑛𝑠𝑒𝑒𝑛 without any further environment interaction. In other words,
the objective is zero-shot transfer across a structured indexed family [9].

The key hypothesis is that if tasks evolve systematically, then their policies may also evolve sys-
tematically [9]. Let 𝜋𝑖 denote the policy for task 𝑅𝑖. Prior work models this through a higher-order
policy-evolution rule

𝜋𝑖+1 = Ω(𝜋𝑖),

where Ω : Π → Π maps the policy of one task instance to the policy of the next. Since learning
a completely general higher-order map is difficult, Ω is approximated by an 𝑚-degree polynomial
template

Ω(𝜋𝑖) = 𝜅𝑚 ⊙ [𝜋𝑖]
𝑚 + · · ·+ 𝜅1 ⊙ [𝜋𝑖] + 𝜅0,

where 𝜅0, . . . , 𝜅𝑚 are template coefficients, ⊙ denotes elementwise multiplication, and [𝜋𝑖]
𝑟 denotes

elementwise powers of the policy parameter vector [9].
This reduces inductive generalization to learning the template coefficients. More precisely, given an

inductive family of reach-avoid tasks
𝑅 = {𝑅𝑖}𝐿𝑖=0,

a training index set
𝑇𝑟𝑎𝑖𝑛 = {𝑖1 < · · · < 𝑖𝑛},

and a base policy 𝜋0 for the base task 𝑅0, the central learning problem is

𝜅*0, . . . , 𝜅
*
𝑚 ∈ arg max

𝜅0,...,𝜅𝑚

∑︁
𝑖∈𝑇𝑟𝑎𝑖𝑛

Pr[𝜋𝑖 |= 𝑅𝑖],

where each 𝜋𝑖 is obtained by unrolling the 𝜅-template from 𝜋0 [9]. This formulation turns generalization
into a concrete prediction problem over task families, rather than an informal hope that function
approximation will transfer.

This view is attractive for two reasons. First, it gives a precise target notion of zero-shot generalization
across structured task families. Second, it aligns naturally with temporal-logic specifications, since the
same logical structure that defines a family also constrains how policies should evolve. Our earlier work
introduced this formulation and showed that it can support zero-shot transfer on long-horizon tasks
derived from logical specifications [9]. At the same time, it exposed an important bottleneck: learning
the policy-evolution template becomes increasingly unstable as the number of training indices grows.
This motivates the scalable learning framework described in the next section.

4. Progress to Date I: Scalable Learning of Policy-Evolution Templates

The formulation in the previous section reduces inductive generalization to learning the template
coefficients 𝜅0, . . . , 𝜅𝑚. Our recent work takes an initial step toward making this learning problem
scalable on long-horizon tasks. The main difficulty is that, in the original GenRL framework, learning
the template is tightly coupled with reinforcement learning itself. Starting from a base policy 𝜋0, the
current template is unrolled to generate policies for the training indices, these generated policies are
executed on their tasks, and the template coefficients are updated using reward feedback aggregated
across all training tasks [9]. As the number of training indices grows, this loop becomes unstable
because the reward signals become noisy and conflicting, while the generated policies are still weak
and changing.



This creates two main problems. First, the quality of the template update depends on the quality of
the policies currently produced by the template. If those policies are poor early in training, the resulting
reward feedback is also poor, which leads to weak updates to 𝜅. Second, the learning procedure is closely
tied to the RL backbone used inside the loop. In practice, prior work relies on ARS-style optimization
[17, 9], and when this backbone struggles on harder long-horizon tasks, template learning also degrades.
This limits how well the method scales as the training set grows.

To address this, we developed a decoupled framework that separates per-index policy learning from
template learning. Instead of learning 𝜅 directly from multi-task reward aggregation, the method first
learns a strong policy for each training index and then uses those policies to train the shared template.
This changes the problem from unstable reward-based learning of the template into a more stable
supervised learning problem.

In the first stage, for each training index 𝑖 ∈ 𝑇𝑟𝑎𝑖𝑛, the method learns a strong task-specific teacher
policy 𝜋̂𝑖 for task 𝑅𝑖. To make these teacher policies easier to fit with one shared template, neighboring
teachers are encouraged to stay close to one another in parameter space. After training these teachers,
the method builds a dataset of candidate states for each index. These states are collected from several
sources, including successful teacher rollouts, replay or exploration states, and reset or randomized
initial states. This gives broader coverage than using only successful rollouts.

However, not all of these candidate states are reliable for supervision. Some lie in regions where the
teacher may not provide stable or useful labels. To address this, the method uses a confidence model
that scores whether a state is suitable for training. Only high-confidence states are kept, and those
states are labeled with the teacher’s action. This produces a filtered dataset 𝐷𝑒

𝑖 for each training index.
In the second stage, the template coefficients are learned by fitting the template-generated policies

directly to these teacher-labeled datasets. In other words, the learned template is trained so that the
policy it produces at each training index matches the action choices of the corresponding teacher. This
is much simpler than the original coupled RL loop, since the template is no longer trained through
noisy aggregated rewards, but through stable supervision from strong per-index experts.

This decoupling changes the role of reinforcement learning in the overall framework. RL is used
only to learn strong local experts, while the cross-index policy-evolution rule is learned separately
through supervised fitting. Empirically, this leads to much better training scalability and stronger
zero-shot generalization across several long-horizon benchmarks. It also makes the framework less
brittle with respect to the choice of RL backbone, since stronger single-task learners can be used to
train the teachers without changing the template-learning objective.

5. Progress to Date II: Evaluating Generalization with Certificates

While the previous section focuses on how to learn policies that generalize across structured task
families, an equally important question is how to evaluate whether such generalization is actually
correct. In most reinforcement learning work, generalization is assessed through rollout-based success
rates on held-out tasks [1, 2, 3]. Although this is useful, it gives only a coarse empirical picture. A
policy may succeed on some unseen tasks and fail on others, but rollout success alone does not explain
why generalization holds, where it breaks, or whether there is a more principled way to reason about
progress across a family of tasks.

Our recent work takes initial steps toward this problem through certificates of correct generalization.
The goal is to learn a function that captures structured progress across demonstrations from multiple
task instances and can be used to evaluate whether the observed behavior is consistent with correct
generalization. Intuitively, such a certificate should be positive on safe states, should decrease as the
agent makes progress within a task, should relate the completion of one task to the start of the next
task in the family, and should become negative at unsafe states. This gives a notion of progress that is
shared across task indices, rather than being tied to a single rollout outcome. Formally, for a family of
tasks and a set of demonstration trajectories, the certificate is a function

𝒞 : 𝑆 × N0 → R,



where 𝒞(𝑠, 𝑖) measures progress at state 𝑠 for task index 𝑖. The desired properties are that 𝒞 remains
non-negative on safe states visited along demonstrations, decreases along successful trajectories within
each task, decreases across consecutive task instances, and is negative on unsafe states. At a high level,
these conditions turn the certificate into a shared progress measure over the indexed family.

This provides a more structured way to evaluate generalization than simply measuring average success
over unseen tasks. If a learned policy family generalizes correctly, then one expects its trajectories
to exhibit a consistent notion of progress across task indices. Certificates also provide diagnostic
information when generalization fails. Violations of the desired monotonicity or safety conditions
can reveal whether failure comes from poor within-task progress, poor transfer across indices, or
unsafe behavior. In this sense, the certificate acts not only as an evaluation tool, but also as a lens for
understanding the geometry of generalization.

The current results in this direction focus on using certificates to assess and compare generalization
behavior. A longer-term goal is to move beyond post hoc evaluation and use certificates inside the
learning loop itself. This could enable a learner–verifier style framework in which certificate violations
produce counterexamples or refinement signals for the policy-evolution template. Such a framework
would make generalization not only more measurable, but eventually more reliable.

6. Proposed Dissertation Plan

The goal of the remaining dissertation is to build a broader framework for reliable long-horizon gener-
alization in reinforcement learning. So far, the work has focused on defining inductive generalization,
improving the scalability of learning policy-evolution rules, and developing certificate-based tools for
evaluation. The next steps extend these ideas into a more complete learning and reasoning framework.

Long-horizon planning over generalizable subtasks. Many generalizable reinforcement learning
methods work best on short-horizon tasks [18, 19, 20], while real tasks are often much longer horizon
and contain multiple stages or branching choices. We plan to develop a long-horizon planner that
breaks a complex task into smaller subtasks and applies a generalizable reinforcement learning method
to each subproblem. The main question is whether these locally generalizable policies can be composed
into a globally successful long-horizon solution.

Richer policy-evolution models. The current framework uses a polynomial template, which is a
useful starting point but may be too limited for more complex task families [9]. In particular, branching
behavior, mode switches, and sharper nonlinear changes across indices may require more expressive
update rules. We plan to study richer evolution mechanisms that can better capture these structured
changes while preserving zero-shot transfer across the task family.

Certificate-guided refinement. The current certificate framework helps assess and diagnose
whether a policy family exhibits consistent progress and safety across task indices. The next step
is to incorporate these ideas into a learner–verifier loop, where certificate violations guide refinement
of the learned policy-evolution rule. This could make the overall framework more reliable by combining
empirical learning with structured feedback about where generalization fails.

Together, these directions aim to move from isolated examples of zero-shot transfer toward a more
general framework for long-horizon reinforcement learning generalization from specifications.

7. Conclusion

This doctoral work studies how to make reinforcement learning generalize more reliably in long-horizon
settings. The central idea is to use temporal-logic specifications not only to describe complex tasks, but
also to define structured families of related tasks in which generalization can be studied in a precise



way [4, 9]. This leads to inductive generalization as a target notion, where the goal is to train on a small
subset of task indices and produce policies that succeed zero-shot on unseen indices [9].

The work completed so far takes initial steps toward this goal along two directions. First, it develops
scalable methods for learning policy-evolution rules across structured task families, including a decou-
pled framework that improves stability by separating per-task policy learning from shared template
learning. Second, it develops certificate-based methods for evaluating and diagnosing generalization
beyond aggregate rollout success. Together, these results suggest that logical structure can play a useful
role in both learning and evaluating generalization.

The remaining dissertation work will build on these foundations by studying long-horizon planning
over generalizable subtasks, richer policy-evolution mechanisms, and tighter integration of certificates
into learning and refinement. More broadly, the goal is to move toward a framework in which rein-
forcement learning policies can generalize across structured task families in a way that is scalable,
interpretable, and eventually more reliable.
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