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Abstract

State abstractions in reinforcement learning traditionally preserve optimal policies
but discard information about decision confidence, preventing principled absten-
tion when choices are uncertain. We propose that optimization—the dominant
paradigm in RL—may itself be an inadequate lens for safety-critical deployments
where the challenge is not achieving optimal performance, but recognizing bound-
aries where confident action risks unsafe amplification of uncertainty. We ad-
vocate for uncertainty-aware, policy-preserving abstractions: represent states not
just by which actions are optimal, but by how strongly they dominate alterna-
tives—their decision margins. When margins are small, systems should abstain
rather than commit to weakly-supported choices. This integrates abstention di-
rectly into the state representation rather than adding confidence checks as an
afterthought. This reframing reveals three fundamental challenges that resist tra-
ditional optimization: computational—when can we efficiently compute margins
in large action spaces, and what structure makes this tractable? statistical—how
do we learn which states require which margins without access to true rewards or
deferral costs? epistemic—how do we set abstention thresholds when the costs of
errors versus deferrals are fundamentally uncertain or contested? We argue these
aren’t merely technical gaps but potential boundaries where optimization itself be-
comes problematic. This position paper formalizes the margin-based framework
and invites both theorists and experimentalists to investigate whether these chal-
lenges represent surmountable technical barriers or fundamental limits requiring
new theoretical foundations beyond optimization.

1 Introduction

Autonomous systems increasingly face scenarios where recognizing when not to act is as crucial as
selecting optimal actions. Medical diagnosis systems must identify cases requiring specialist review
[Rajpurkar et al., 2022, Topol, 2019]; autonomous vehicles must recognize situations beyond their
operational design domain [Koopman and Wagner, 2016, Shalev-Shwartz et al., 2016]; automated
trading systems must detect anomalous market conditions [Kirilenko et al., 2017]. Despite this
ubiquity, current abstraction theory—largely rooted in optimization paradigms—provides limited
guidance on principled abstention mechanisms.

Classical state abstraction theory groups contexts that share optimal actions, enabling efficient
decision-making on simplified representations [Li et al., 2006, Givan et al., 2003, Abel et al., 2018].
While these approaches elegantly compress state spaces when clear optima exist, they may become
problematic near decision boundaries where small perturbations significantly change outcomes, po-
tentially amplifying rather than mitigating errors.
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Traditional approaches to uncertainty in RL—including safe reinforcement learning [García and
Fernández, 2015, Amodei et al., 2016], conformal prediction [Angelopoulos and Bates, 2021], and
learning to defer [Madras et al., 2018, Mozannar and Sontag, 2020]—address uncertainty within op-
timization frameworks: minimizing regret, maximizing reward subject to constraints, or optimizing
cost-sensitive objectives that trade errors against deferrals. While these methods add safety mech-
anisms to optimization, they don’t question whether optimization itself might be inappropriate in
regions of high uncertainty.

Consider a medical diagnosis system at the boundary between two treatments with nearly identical
expected utilities. An optimization-driven approach would confidently choose the marginally better
option. Yet this confidence might represent epistemic overreach—the system may be unable to
distinguish between genuine optimality and noise in finite samples. Perhaps the issue is not finding
the optimal action, but recognizing where the concept of optimality itself becomes unreliable.

This raises a foundational question: Can we develop abstractions that simultaneously compress
state spaces and preserve the information necessary for principled abstention? We explore this
through margin-based abstractions—augmenting traditional abstractions with decision confidence
measures. This analysis reveals three interconnected open problems whose resolution may require
moving beyond an optimization-centric framework.

Position. We contend that forcing decisions through optimization—always selecting the action
with highest expected value—becomes problematic near decision boundaries where margins are
small and uncertainty is high. Rather than treating abstention as an afterthought, we propose building
it directly into state representations through margin-based abstractions: augment policy-preserving
abstractions with explicit measures of how strongly optimal actions dominate alternatives. This
enables principled act-or-defer decisions: commit only when margins exceed justified thresholds,
whether derived from risk-cost trade-offs (act when estimated regret is below deferral cost) or cali-
brated coverage (act when prediction sets single out one action). While conceptually simple, this ap-
proach reveals fundamental challenges: computing margins may be intractable without exploitable
structure, learning which margins matter requires error costs that may not exist in meaningful form,
and setting thresholds challenges core assumptions when objectives are contested or ill-defined. We
argue these challenges suggest optimization may be the wrong framework entirely in regions of
high uncertainty—not due to algorithmic limitations, but because optimality itself becomes unreli-
able. This paper formalizes the margin-based framework and articulates why these boundaries may
require theoretical foundations that acknowledge rather than optimize away epistemic uncertainty.

2 Margin-Based Abstractions

We formalize our framework in the contextual bandit setting as a foundation for broader application
to RL. Consider a context space X with distribution D and finite action set A = {a1, . . . , am}.
Choosing action a ∈ A in context x ∈ X yields bounded reward R ∈ [0, 1]. Define the expected
utility U(x, a) := E[R | X = x,A = a] and optimal action set B(x) := argmaxa∈A U(x, a).

2.1 Augmenting Abstractions with Decision Margins

An abstraction is a mapping ϕ : X → X̄ that partitions contexts into equivalence classes. Standard
approaches preserve only optimal actions:

Definition 1 (Policy-Preserving Abstraction). An abstraction ϕ : X → X̄ is policy-preserving if
x ∼ϕ x′ =⇒ B(x) = B(x′), where x ∼ϕ x′ denotes ϕ(x) = ϕ(x′).

This ensures contexts grouped together require the same optimal actions. For each abstract state
s̄ ∈ X̄ , define:

Uϕ(s̄, a) := E[U(X, a) | ϕ(X) = s̄] (1)
Bϕ(s̄) := argmax

a∈A
Uϕ(s̄, a) (2)

Our key innovation is augmenting these abstractions with explicit measures of decision confidence:
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Definition 2 (Decision Margin). For abstract state s̄ with optimal utility M1(s̄) := maxa Uϕ(s̄, a)
and runner-up utility M2(s̄) := maxa/∈Bϕ(s̄) Uϕ(s̄, a), the decision margin is:

γϕ(s̄) := M1(s̄)−M2(s̄)

When all actions are equally optimal, we define M2(s̄) = M1(s̄) to ensure γϕ(s̄) = 0.

The margin γϕ(s̄) serves not as a measure of “how optimal” a decision is—which presupposes
optimization as the goal—but as an indicator of epistemic boundaries: regions where the abstraction
can confidently act (large γ) versus where it may struggle to distinguish signal from noise (small γ).
This reframing shifts focus from maximizing expected utility to recognizing where the concept of
optimality itself becomes unreliable.

2.2 Abstention as Epistemic Caution

Given an abstention threshold θ(s̄), the policy becomes:

πϕ(s̄) =

{
a∗ ∈ Bϕ(s̄) if γϕ(s̄) ≥ θ(s̄)

⊥ otherwise

where ⊥ represents deferral to external decision-making (e.g., human judgment).

Our framework differs from existing confidence-based approaches in a crucial way: the margin
γϕ(s̄) emerges directly from the abstraction’s partition structure rather than requiring an auxiliary
uncertainty estimator applied post-hoc. This integrates abstention into the representation itself, en-
abling simultaneous state space compression and uncertainty-aware decision-making. However,
this integration creates new theoretical challenges: the abstraction must be learned without know-
ing which margins matter, margins must be estimated without ground truth, and thresholds must
be set without clear objectives. These interdependencies, explored in the next section, suggest that
margin-based abstractions may require fundamentally different theoretical foundations than tradi-
tional optimization frameworks provide.

3 Three Open Problems

We now present three interconnected problems that margin-based abstractions reveal. These are not
merely technical challenges awaiting better algorithms, but potential boundaries where optimization
itself becomes an inadequate framework for decision-making.

3.1 Problem 1: Can Structure Break the Curse of Actions?

Computing margins appears to require comparing all actions, potentially scaling linearly with |A|.
Yet empirical successes in contextual bandits that exploit action structure [Hanna et al., 2023, Zhu
et al., 2022] and hierarchical decompositions in RL [Kulkarni et al., 2016, Nachum et al., 2018] sug-
gest that real-world problems contain structure that could enable more efficient margin computation.
Open Problem 1 (The Structure-Complexity Gap). Characterize conditions under which margin
detection complexity can be substantially reduced by exploiting problem structure.

Consider candidate structures that might enable improved scaling:

• Sparsity: Only k ≪ |A| actions are ever near-optimal
• Metric structure: Actions embed in low-dimensional spaces with smooth utilities
• Hierarchical decomposition: Actions organize into trees or taxonomies

Open questions: Can structural assumptions reduce margin detection from O(|A|) comparisons
to polynomial dependence on structural parameters (e.g., O(k log |A|) for sparsity)? How do we
identify which structure applies without exhaustive exploration? Are there fundamental information-
theoretic lower bounds on margin detection regardless of structure?

Why this matters: Medical diagnosis systems confront thousands of potential treatments; au-
tonomous vehicles face exponentially many trajectory options. Without exploiting structure, margin
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computation remains intractable. Work on contextual bandits with large action spaces [Hanna et al.,
2023, Zhu et al., 2022] demonstrates that structure enables practical algorithms, but these don’t
directly address margin preservation—the gap between their success and our requirements needs
bridging.

3.2 Problem 2: The Bootstrap Paradox

Learning margin-preserving abstractions requires knowing which contexts can be grouped to-
gether—but determining valid groupings requires knowing the margins. This circular dependency
challenges the feasibility of the entire approach.
Open Problem 2 (Learning Without Ground Truth). Design algorithms that learn margin-
preserving abstractions from finite samples without oracle access to the correct abstraction.

The fundamental tensions creating this paradox:

• Estimating margins reliably requires sufficient samples per abstract state
• Getting sufficient samples requires coarse abstractions with few states
• Coarse abstractions may incorrectly merge contexts with different margins
• Detecting incorrect merging requires reliable margin estimates

Open questions: Can pre-trained representations break this circularity by providing initial struc-
ture? How do we adapt foundation models—trained for prediction, not decision-making—to pre-
serve decision margins? What theoretical guarantees can we provide when bootstrapping from pre-
trained features versus learning from scratch?

Why this matters: The success of foundation models suggests a path forward: leverage pre-trained
representations as scaffolding for margin-preserving abstractions. This bridges theory and prac-
tice—theorists need to characterize when pre-training provides sufficient structure, while practition-
ers need methods to adapt existing models for abstention-aware decision-making. The gap between
pre-training objectives (next-token prediction) and decision requirements (margin preservation) de-
fines a critical research frontier.

3.3 Problem 3: Abstention Without Known Costs

Even with perfect abstractions and margins, setting abstention thresholds traditionally requires nu-
merical costs for errors versus deferrals. But these costs often cannot be meaningfully quanti-
fied—not because they are unknown, but because they may not exist as coherent numerical values.
Open Problem 3 (The Unobservable Cost Problem). Develop principled methods for setting ab-
stention thresholds without reducing decisions to numerical cost-benefit trade-offs.

The fundamental challenge: traditional optimization assumes commensurable costs, but real absten-
tion decisions involve:

• Binary feedback (human accepts/rejects) rather than numerical penalties
• Incommensurable values (preventing harm vs. providing assistance)
• Context-dependent boundaries that shift with social norms and stakeholder values
• Ethical considerations that resist quantification

Open questions: Can we reframe abstention as learning decision boundaries from human interven-
tions rather than optimizing cost trade-offs? When humans consistently override system decisions
in certain contexts, does this reveal learnable abstention boundaries independent of explicit costs?
How can theory explain the empirical success of learning boundaries from feedback?

Why this matters: Modern RLHF systems already learn abstention boundaries without explicit
costs—language models learn when to refuse harmful requests through human feedback, not cost
functions. Content moderation systems develop abstention patterns from accepted/rejected exam-
ples. This empirical success suggests abstention boundaries can be treated as objects to be learned
from revealed preferences rather than derived from optimization. Understanding when and why this
works—and when it fails—is critical for safe deployment.
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A Motivating Example

Consider a diagnostic system with context space X (patient features) and action space A (treatment
recommendations). A standard abstraction might group patients with similar optimal treatments, but
this discards critical information:

Two patient groups might both have "prescribe antibiotic A" as optimal:

• Group 1: U(antibiotic A) = 0.9, U(antibiotic B) = 0.3 yields γ = 0.6 (confident)

• Group 2: U(antibiotic A) = 0.51, U(antibiotic B) = 0.49 yields γ = 0.02 (uncertain)

Standard abstractions treat these identically, but Group 2 warrants specialist consultation. Our
margin-based approach preserves this distinction, enabling principled deferral when γ < θ. This
illustrates why preserving margins is orthogonal to existing approaches: conformal prediction pro-
vides confidence intervals on individual predictions but doesn’t address state space reduction, while
safe RL focuses on avoiding catastrophic actions rather than identifying decision uncertainty.

7



A Technical Details and Challenges

This appendix provides extended technical discussion of the challenges identified in Section 3.
These details illuminate why the three problems may require fundamentally new theoretical ap-
proaches rather than extensions of existing methods.

A.1 Problem 1: Computational Complexity Challenges

The margin detection problem faces several interrelated technical barriers that existing theory does
not adequately address:

Instance-dependent bounds for contextual bandits [Foster et al., 2021, Lattimore and Szepesvári,
2020] provide improved sample complexity under structural assumptions, but require knowing the
structure class a priori. In practice, we must simultaneously discover which structure applies and
exploit it for efficient margin computation—a joint learning problem that lacks theoretical charac-
terization.

More fundamentally, existing work optimizes for identifying single best actions, while margin
preservation requires maintaining information about all near-optimal actions and their relative rank-
ings. This shifts the problem from point estimation to preserving partial orders over action sets,
potentially requiring sample complexity that scales with the number of near-optimal actions rather
than just the action space size. The interaction between abstraction granularity (how coarsely we
partition states), margin fidelity (how accurately we preserve decision boundaries), and sample effi-
ciency remains an open theoretical question.

A.2 Problem 2: Representation Learning Challenges

The bootstrap paradox extends beyond a simple circular dependency to reveal fundamental gaps in
our understanding of representation learning for decision-making:

Bisimulation metrics [Castro et al., 2020] preserve value equivalence but can incorrectly group states
with vastly different margins—two states might have Q(s1, a) ≈ Q(s2, a) for all actions yet have
margins γ(s1) ≫ γ(s2). This occurs because bisimulation focuses on preserving value functions
rather than decision boundaries.

Recent approaches using language-guided [Peng et al., 2024] or causal abstractions [Wang et al.,
2024] sidestep the bootstrap problem by importing external structure, but provide no theory for when
such structure suffices for margin preservation. The gap between pre-training objectives (prediction,
reconstruction) and decision requirements (margin preservation) remains unbridged. We need new
theory connecting representation quality to decision-theoretic properties—specifically, what proper-
ties must representations satisfy to enable learning margin-preserving abstractions without ground
truth?

A.3 Problem 3: Decision-Theoretic Challenges

The absence of meaningful cost functions challenges the foundations of decision theory:

Traditional frameworks—inverse RL [Ng and Russell, 2000], cost-sensitive learning [Elkan, 2001],
preference-based methods [Christiano et al., 2023]—all assume that preferences can ultimately be
reduced to numerical utilities, even if these are initially hidden or uncertain.

However, empirical success in RLHF and content moderation demonstrates that systems can learn
appropriate abstention boundaries from binary feedback alone, without ever specifying or learn-
ing explicit costs. This suggests abstention boundaries might be primary objects that emerge from
human-AI interaction patterns rather than derived consequences of optimization. Margin-based ab-
stractions provide a framework for studying these boundaries directly, but we lack the mathematical
tools to characterize when and why learning from revealed boundaries succeeds without underlying
cost functions.
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B Conclusion

Margin-based abstractions offer a framework for studying these questions by making abstention
boundaries explicit objects of analysis rather than implicit consequences of optimization. Whether
the challenges we identify represent surmountable technical barriers or fundamental limits of
optimization-based decision-making remains an open question—one that will require both theo-
retical innovation and empirical investigation to resolve.

The three problems we identify—computational tractability of margin detection, learning abstrac-
tions without ground truth, and setting thresholds without costs—reveal potential boundaries where
optimization itself becomes problematic, not merely difficult. These interdependencies suggest that
the dominant paradigm in RL may be inadequate for safety-critical deployments where recogniz-
ing epistemic boundaries matters more than achieving optimal performance. The challenge is not
optimizing better, but acknowledging regions where confident action risks unsafe amplification of
uncertainty. This position paper invites both theorists and experimentalists to investigate whether
these represent temporary technical gaps or fundamental limits requiring new theoretical founda-
tions beyond optimization.
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