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Abstract

Tool-using agents make intermediate decisions that alter persistent state, shape later obser-
vations, and can trigger failures that are not equally easy to recover from. When verification
is costly, the central question is therefore not whether checking helps in general, but which
decisions are worth checking. Policies driven only by local uncertainty capture whether a step
may be wrong, but not how much that error would matter if left uncorrected. We formulate
budgeted verification for tool-using agents as an intervention-allocation problem, and argue
that the step-level value of verification factors into verifier efficacy, local error probability,
counterfactual downstream harm, and intervention cost. This yields a consequence-aware
decision target under which uncertainty-only routing is the restriction to a constant harm.
We emphasize that the paper’s primary contribution is conceptual: a decision structure in
which local error likelihood and downstream harm enter as separate inputs rather than being
collapsed into a single scalar score. Empirically, we report a four-episode mechanism pilot on
a dependency-sensitive slice of an OpenClaw-based sandbox, where uncertainty-only routing
misses two irreversible failures that a harm-aware rule catches. The pilot is intentionally
small-scale; it isolates the mechanism rather than estimating an effect size, and a Fisher exact
test on the pilot’s 2 × 2 contingency yields p ≈ 0.43. We specify three follow-up comparisons,
including matched-budget, cross-slice, and process-reward-threshold, whose results would be
required for an effect-size claim; these are outlined but not reported in the present submission.
Readers should interpret the empirical content as supporting the framework’s direction of
effect in a restricted setting, not as establishing quantitative superiority.

1 Introduction

Language-model agents are increasingly deployed in environments where they must act rather than only
generate text. They browse websites, call tools, edit files, and execute multi-step procedures whose outcome
depends on a sequence of intermediate decisions (Yao et al., 2023; Schick et al., 2023; Liu et al., 2023; Zhou
et al., 2024; Xie et al., 2024; Jimenez et al., 2024; Kinniment et al., 2023). In these settings, reliability is
not only a question of whether the final answer is correct. Intermediate actions can change the environment
state, shape later observations, and create failures that are easy or hard to recover from (Ruan et al., 2024;
Andriushchenko et al., 2025; Rabanser et al., 2026). This turns verification into a resource-allocation problem:
when checking a step is costly, the system cannot verify everything, so it must decide which decisions are
worth checking.

A natural response is to use uncertainty. If a step looks uncertain, the system can ask for confirmation, invoke
a verifier, or pause before committing (Kadavath et al., 2022; Lin et al., 2022; Ren et al., 2023; Farquhar et al.,
2024). This is sensible, and uncertainty is an important baseline. But in a tool-using trajectory, uncertainty
alone does not determine the value of intervention. Two steps may have similar local error likelihood while
differing sharply in downstream consequence. A reversible formatting choice and a state-changing tool action
need not be treated the same way, even if both look equally uncertain at the moment they are proposed.

This distinction matters because tool-using trajectories are stateful. An incorrect intermediate action can do
more than reduce the probability of final success. It can corrupt working state, alter what later steps observe,
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or trigger execution failures whose downstream effects may be difficult to repair(Grinsztajn et al., 2021; Peng
et al., 2026). In such settings, verification should depend on both whether the current step is likely to be
wrong and how costly that error would be if left uncorrected. The missing quantity is therefore not another
confidence score, but counterfactual downstream harm.

This paper studies budgeted verification from that perspective. We treat verification as a scarce intervention
that should be allocated according to expected downstream loss reduction. The core idea is simple: the value
of checking a step depends not only on the probability that the step is wrong, but also on the downstream
harm that error would cause if it were left uncorrected. This makes the problem more than a heuristic
reweighting of uncertainty. It turns verification into a structured decision problem in which local error
likelihood, downstream consequence, verification efficacy, and intervention cost play different roles.

This framing is broader than any single agent runtime, but it is especially natural for tool-using agents with
persistent state and real execution side effects. We therefore use OpenClaw as a motivating and evaluation
substrate (OpenClaw, 2026), while keeping the paper’s claim narrower than a full benchmark study. Our
experiments are designed to isolate the ranking principle in a restricted one-opportunity-per-episode pilot
setting. The main empirical evidence comes from an OpenClaw-based sandbox in which the exposed public
uncertainty signal does not always align with downstream consequence; a supplementary toy environment
provides a cleaner mechanism check. Together, these experiments ask a focused question: when only some
decisions can be checked, does routing verification by downstream harm protect the right episodes better
than routing it by uncertainty alone?

This question is relevant beyond the specific sandbox studied here. As tool-using systems are deployed
in settings with persistent state, side effects, and limited oversight, the key problem is not only whether
verification helps once invoked. It is whether scarce verification is spent on the decisions whose errors matter
most. At that point, trustworthy deployment becomes an allocation problem rather than only a calibration
problem.

Contributions. We make four contributions. (i) We formulate budgeted verification for tool-using agents as
an intervention-allocation problem over state-changing trajectories, separating a step’s local error likelihood
from the downstream harm of leaving that error uncorrected. (ii) We introduce a consequence-aware view of
verification value based on expected downstream loss reduction, clarifying why uncertainty-only verification
is a restricted approximation. (iii) We instantiate this decision view in an OpenClaw-based agent-facing
evaluation, with a supplementary toy environment (Appendix F) that isolates the mechanism in a transparently
inspectable setting. (iv) We provide mechanism-level empirical evidence that a harm-aware selective policy
can avoid irreversible failures an uncertainty-only policy misses; the matched-budget, cross-slice, and PRM
comparisons essential to a statistical claim are specified in §4.5 as future work.

Scope of evidence. We want to be explicit about what this paper establishes and what it does not.
The paper’s primary contribution is conceptual: a decision structure in which local error likelihood and
downstream harm enter the verification rule as separate inputs rather than being collapsed into a single
scalar score. The empirical contribution is mechanism-level rather than effect-size: a four-episode pilot that
demonstrates the predicted direction of effect in an executable agent loop. Within that pilot, a Fisher exact
test on the 2 × 2 contingency of verification and irreversible failure yields p ≈ 0.43, so the experiments do not
distinguish the mechanism from chance. Readers who want quantitative superiority claims should consult the
matched-budget, cross-slice, and PRM comparisons described as future work in §4.5, or treat the present
paper as establishing the framework and a mechanism demonstration only. This scope is consistent with what
Appendix E identifies as the paper’s statistical-validity threat; we surface it here so readers can calibrate the
claim before reading §4.

2 Related Work

Tool-using agents and agent benchmarks. Recent work has expanded language models into interactive
systems that reason, act, and call external tools (Yao et al., 2023; Schick et al., 2023), with benchmarks such
as AgentBench, WebArena, OSWorld, and SWE-bench (Liu et al., 2023; Zhou et al., 2024; Xie et al., 2024;
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Jimenez et al., 2024; Kinniment et al., 2023) providing multi-step evaluation environments. Our experiments
use OpenClaw as an execution substrate (OpenClaw, 2026). This literature motivates the setting but focuses
on capability; our question is different. How should a limited verification budget be allocated within a
trajectory?

Uncertainty, calibration, and clarification in agent decision making. Calibration has long been
central in predictive modeling (Guo et al., 2017), and recent work extends it to language models that express
confidence in natural language (Kadavath et al., 2022; Lin et al., 2022; Farquhar et al., 2024). In agent
and robotics settings, conformal-prediction frameworks such as KnowNo (Ren et al., 2023) decide when to
request human help; other work studies clarifying questions under underspecification (Wang et al., 2025b),
uncertainty propagation across trajectories (Zhao et al., 2025), step-level confidence calibration (Wang et al.,
2025a), and tool-use miscalibration (Xuan et al., 2026). These papers address whether the current step is
likely to be wrong, but that quantity is only one part of our intervention problem: under a limited budget,
the most uncertain step is not always the most valuable to verify.

Process supervision and step-level verification. Process supervision treats intermediate steps as
first-class objects of evaluation (Lightman et al., 2023; Wang et al., 2023; Setlur et al., 2025), and agent-setting
extensions develop process reward models (PRMs) adapted to sequential decision making (Choudhury, 2025;
Xi et al., 2025; Wang et al., 2025a) and step-level benchmarks for tool-using agents (Li et al., 2026; Fan et al.,
2026). A PRM trained on end-of-trajectory success entangles pt and Ht into a single score, which is adequate
when the decision objective is task reward but loses information when irreversible side effects carry a different
weight than task failure (§D). We treat PRM-thresholding as the natural strong baseline and return to it in
§4.5.

When PRM-thresholding is sufficient. A useful edge case clarifies the relationship. Under the composite
loss Ltask + βLharm, the special case β = 0 reduces the decision objective to task-success ranking, which is
exactly what a PRM trained on task success approximates. In that regime, thresholding a PRM score is a
legitimate instance of the framework developed in this paper. The framework diverges from PRM-thresholding
only when β > 0, i.e., when a deployment wants irreversible side effects penalized differently from ordinary
task failure. For applications where task success and harm avoidance coincide, practitioners can use a
task-trained PRM directly and the framework adds nothing new. For applications where they come apart,
state-changing tool use, sandbox-escape-relevant actions, agents acting on external systems, the decoupling of
pt and Ht is the content of the paper. This boundary is the one we would most like readers to remember
when deciding whether the framework applies to their setting.

Verification, self-correction, and recovery. Reflexion, Self-Refine, and CRITIC (Shinn et al., 2023;
Madaan et al., 2023; Gou et al., 2024) show that corrective feedback can improve performance once applied.
These methods are consistent with our paper but do not resolve the allocation problem: they ask whether a
critique or revision helps, not how to distribute a scarce verification budget across steps that differ in both
error likelihood and downstream consequence.

Agent safety, monitoring, and harm-aware oversight. A growing literature studies harm at the level
of agent behavior: sandbox evaluations (Ruan et al., 2024), harm benchmarks (Andriushchenko et al., 2025;
Zhang et al., 2025), runtime safeguards (Xiang et al., 2025; Chen et al., 2025; Hua et al., 2024), contextual-
harm monitoring (Inan et al., 2025; Korbak et al., 2025; Luo et al., 2025), tool-execution hallucination analysis
(Peng et al., 2026), and injection-defense patterns (Beurer-Kellner et al., 2025; Rabanser et al., 2026). This
work establishes that downstream harm is a first-class deployment concern and motivates our framing. The
gap we address is that these approaches apply monitoring broadly or trigger on policy violations; they do not
formalize what happens when the verification budget is tight.

Selective intervention under constrained resources. The closest conceptual neighbor is selective
prediction and cost-aware decision making (Chow, 1970; Geifman & El-Yaniv, 2017; 2019; Xin et al., 2021;
Janisch et al., 2019; Zellinger & Thomson, 2025), with connections to safe RL (Amodei et al., 2016; García &
Fernández, 2015; Grinsztajn et al., 2021) and scalable oversight (Bai et al., 2022; Burns et al., 2023). These
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works share our perspective that intervention is worthwhile only when benefit justifies cost, but the setting is
different: tool-using agents operate in sequential, state-changing environments where an early mistake can
propagate. The decision is not whether to abstain on a single prediction but whether to verify an intermediate
step whose effect depends on trajectory-level propagation.

Positioning of this paper. Our paper is not another uncertainty estimator, self-correction module, agent
benchmark, or runtime safeguard. It is a budgeted intervention problem: given limited opportunities to check
actions, which decisions should receive verification? The missing piece is not whether uncertainty, critique,
recovery, process signals, and harm monitors matter, it is how to allocate scarce verification online when
local uncertainty and downstream harm diverge.

3 Method

3.1 Problem Setup and Notation

We consider a tool-using agent that acts over a finite horizon of T steps. At step t, the agent has access to a
trajectory history

ht = (o1, ā1, o2, ā2, . . . , ot),

where ot is the current observation and ā1:t−1 are the previously executed actions. Given this history, the
base agent proposes a step action

at ∼ πA(· | ht),

where at may denote a tool call, a structured intermediate action, or any other committed decision that can
affect future reasoning or the external environment.

Before that action is executed, a verification policy decides whether to check it:

vt ∈ {0, 1},

where vt = 1 means verify and vt = 0 means skip verification. If verification is skipped, the executed action
is simply āt = at. If verification is applied, the system may confirm or correct the proposal, yielding an
executed action āt. The environment then transitions using the executed action rather than the raw proposal.
Verification in our setting is therefore an intervention on the trajectory rather than an abstention mechanism.
When the system skips verification, it does not defer the decision. It commits the proposed step and continues.

Let τ denote the resulting trajectory. To evaluate a completed episode, we use a general episode loss

L(τ) = Ltask(τ) + β Lharm(τ),

where Ltask captures ordinary task failure or degraded task quality, and Lharm captures downstream side
effects such as corrupted state, irreversible mistakes, or additional repair burden. The coefficient β ≥ 0
controls how strongly harmful downstream effects are weighted. This form is deliberately general because
different environments encode harm differently, but the key point is stable across settings: not all incorrect
steps have the same consequence.

Each verification action also incurs a cost ct ≥ 0, which may represent latency, extra tool calls, human
oversight, or other intervention overhead. Let B denote the available verification budget. We therefore study
the constrained problem

min
πV

E
[
L(τ)

]
subject to E

[ T∑
t=1

ctvt

]
≤ B.

This formulation makes the decision problem explicit. Verification is a scarce intervention, so the central
question is where it should be allocated. The rest of the method formalizes that allocation problem at the
level of individual trajectory steps.
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3.2 Local Error Probability and Counterfactual Downstream Harm

The central modeling choice in our framework is to separate how likely the current step is to be wrong from
how much damage that error would cause if left uncorrected.

Let
Et ∈ {0, 1}

be a latent indicator of whether the proposed step at is erroneous relative to the task and environment
semantics at history ht. We define the local error probability as

pt = Pr(Et = 1 | ht, at).

This is a step-local quantity. It measures how plausible it is that the current proposal is wrong, but not
whether that error is cheap to recover from or costly to allow.

To capture consequence, we define a counterfactual downstream harm term. Suppose that Et = 1, so the
proposed step is indeed wrong. Consider two continuations that share the same trajectory prefix up to step
t − 1:

• an error continuation, in which the incorrect proposal is executed and the trajectory proceeds from
the resulting state;

• a corrected continuation, in which step t is replaced by an appropriate corrected action acorr
t , and the

trajectory proceeds from the corrected state.

Let the resulting future trajectories be denoted by τ err
t:T and τ corr

t:T . We define the downstream harm magnitude
at step t as

Ht = E
[
L(τ err

t:T ) − L(τ corr
t:T )

∣∣∣ ht, at, Et = 1
]
.

This quantity measures the expected future loss caused by leaving the current error uncorrected. By
construction, it is defined conditional on the step actually being wrong. It is therefore conceptually distinct
from pt.

From theoretical Ht to an operational proxy. We flag an important gap between the definition above
and the experiments in §4. As defined, Ht is a counterfactual expectation over future trajectories under error
and correction, which in general requires either a learned dynamics model or Monte-Carlo rollouts to estimate.
The experiments in this paper do not estimate Ht in this sense. They use a hand-engineered structural harm
cue computed from the proposed tool call’s declared side-effect class, its downstream dependency count, and
a rollback flag. This cue is best described as a correlate of Ht on the task distribution we evaluate on: it is
computable from the trajectory prefix alone and is not guaranteed to match the counterfactual expectation
in settings where state-dependent propagation matters. A concrete failure mode: two tool calls with identical
structural metadata (say, two file.write operations with the same declared class and the same declared
rollback flag) can have very different true Ht if one writes a temporary artifact that downstream steps
discard and the other writes a canonical artifact that downstream reasoning trusts. The structural cue cannot
distinguish these cases; Ht, in principle, can. We return to this in §4.1 and at length in Appendix E. Readers
should treat the theoretical framework (this section) and the empirical instantiation (§4) as addressing related
but non-identical quantities.

This distinction is central. A step can have high local error probability but low downstream harm if its effects
are easy to detect and repair later. Conversely, a step can have only moderate local error probability but very
large downstream harm if it writes persistent state, alters what later steps observe, or creates a failure that
subsequent reasoning will trust and amplify. Such cases are especially common in tool-using, state-changing
trajectories because different steps have very different propagation patterns. Some steps are easy to overwrite,
while others become part of the trajectory’s working state or the external environment and are much harder
to recover from.
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Uncertainty-only verification focuses on the first quantity, pt. That can be reasonable when harm is roughly
uniform across steps. In the settings that motivate this paper, however, that approximation is weak. Allocation
based only on uncertainty effectively collapses or ignores step-to-step differences in consequence, even though
those differences determine whether spending verification is worthwhile.

3.3 Verification Value

We now define the value of verifying a step. Let qt ∈ [0, 1] denote the efficacy of verification at step t, defined
as the probability that verification successfully catches and corrects the step when Et = 1. This allows the
formulation to cover both idealized and imperfect verifiers. In the special case of a perfect verifier, qt = 1.

Under this model, the expected reduction in future trajectory loss obtained by verifying step t is

∆t = qt pt Ht.

The factorization is simple but important. Verification matters only if the current step is wrong, which occurs
with probability pt. It matters only if the verification process catches and repairs that error, which is captured
by qt. Conditional on that repair, the amount of avoided future loss is the downstream harm term Ht.

After subtracting intervention cost, the net verification value is

Vt = qt pt Ht − ct.

This is the ideal decision target in our framework. It is not merely a ranking score. It captures the expected
downstream loss reduction induced by verification, minus the cost of spending that intervention.

This expression also clarifies what uncertainty alone can and cannot tell us. The local error probability pt

identifies only one part of the decision value. Even a well-calibrated uncertainty signal does not distinguish
a low-impact error from a high-impact one unless consequence is modeled separately. In that sense, our
formulation is not simply cost-sensitive uncertainty. If Ht were constant across steps and qt were fixed, the
rule would collapse to uncertainty ranking. The additional modeling content lies in allowing harm magnitude
to vary across steps. When verification costs differ across steps, the ranking is taken with respect to the
value-per-cost score St = qtptHt/(ct + ϵ); in the equal-cost setting studied empirically here, this reduces to
ranking by qtptHt.

Remark 1 (Myopic ranking rule). Fix a decision point t and suppose that (i) verification affects the
trajectory only by replacing the current proposed action with a corrected one when verification succeeds, (ii)
verification cost is additive, and (iii) future verification choices are held fixed. Then, by direct expansion of
the expected episode loss, verifying step t weakly improves the one-step marginal objective iff

qt pt Ht ≥ ct,

and under a Lagrangian relaxation with multiplier λ > 0 the myopic rule is v⋆
t = 1[qtptHt ≥ λct]. This is an

immediate consequence of the definitions in §3.2–§3.3 rather than a theorem; we state it as a remark and
defer the discussion of its limits (sequential coupling, budget coupling, and the relation to generic expected
utility) to Appendix A. What the remark does contribute is to fix the step-level decision target qtptHt − ct

and make explicit that, as soon as Ht varies across steps, pure uncertainty ranking is suboptimal for this
target even in the one-step relaxation. We emphasize that assumption (iii) — sequential independence of
the verification decisions — is what makes the myopic rule tractable, and the full multi-step problem in
general cannot be solved by this ranking rule alone; a proper sequential treatment requires either dynamic
programming over a tractable reduction of the state or a regret-style analysis, which we do not attempt here.

3.4 Online Budgeted Verification Policy

In deployment, pt, Ht, and qt are not directly observed. The verification policy operates on estimated
quantities p̂t, Ĥt, q̂t derived from features xt = ϕ(ht, at, bt) that include uncertainty signals, action type,
state-mutation indicators, and rollback information. The resulting online score is

V̂t = q̂t p̂t Ĥt − λ(bt, t) ct,
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and the policy verifies iff V̂t ≥ 0, where λ(bt, t) is a budget-control term that tightens as budget is depleted.
What should remain invariant is the decision structure: verification should be triggered by an estimate of
intervention value, not by uncertainty alone. Appendix B discusses alternative implementations (e.g. a learned
composite score rather than separate estimates), why the method is not selective prediction, and why proxy
features are acceptable when exact estimation is infeasible.

Calibration compounding. The decision rule uses a product of three estimates, so miscalibration in any
one component propagates multiplicatively into V̂t. A slight overestimate of p̂t and a slight overestimate of
Ĥt compound, and can cause the policy to verify systematically more than warranted on steps where either
signal is weakly calibrated. A practitioner deploying this framework in a new setting should calibrate the
three component estimators jointly on held-out data rather than in isolation, and should expect the policy’s
behaviour to be most sensitive to the component with the heaviest tail in its calibration error. An alternative
implementation that learns a single composite V̂t directly (see Appendix B) avoids this compounding but
sacrifices the separate-inputs property that motivates the paper. The right choice depends on whether
downstream applications need to reason about pt and Ht separately, for example to audit the harm component
independently.

Choosing the harm weight β. The composite loss Ltask + βLharm in §4.1 below requires a choice of β
that encodes how aggressively the deployment prefers to avoid irreversible side effects relative to ordinary
task failure. This choice is not an empirical question answered by the method; it is a deployment decision
that encodes a values judgment. As a heuristic for initial elicitation, β can be motivated from the ratio of
tolerable task-failure rate to tolerable irreversible-failure rate in the target application: if a user can accept
one irreversible failure per K task failures, then a natural starting choice is β of order K. We emphasize that
this is a heuristic rule for initial tuning, not a derivation from the framework; a principled treatment of the β
trade-off parallels how constrained reinforcement learning handles safety constraints via Lagrangian methods
(Achiam et al., 2017; García & Fernández, 2015), where the multiplier is adapted to track a user-specified
constraint on harm rather than fixed a priori. In the β → 0 limit, the framework reduces to task-reward
ranking and the practical contribution collapses to an argument for training on the right objective (see §2
“When PRM-thresholding is sufficient”). In the β → ∞ limit, the framework reduces to “verify every step
with any nonzero harm cue,” which is budget-infeasible at scale. Intermediate values are where the framework
does work; the right choice is application-specific and cannot be delegated to the method itself.

The experiments instantiate this policy in a deliberately simple form: consequence-aware proxy features
rather than a learned counterfactual harm model, and qt treated as fixed. The goal is to evaluate the decision
structure itself, not to claim that perfect harm estimation is already solved. The pilot permits at most one
eligible verification decision per episode, which is a restricted instantiation of the online allocation problem
rather than a full validation of multi-step budget allocation; we return to this in §6.

4 Experiments

4.1 Experimental Setup

Our empirical goal is to evaluate allocation under scarce verification. The central question is not whether
verification is useful in general, but whether limited verification is routed to the decisions that matter most.
Accordingly, the main comparison is between a policy that allocates verification using local uncertainty and
one that allocates verification using a proxy for downstream consequence.

Episode structure. The primary evaluation unit is a complete episode. Each episode contains one
designated eligible verification decision, the point at which verification may be invoked before the agent
commits its final action. This design isolates the allocation problem: policy differences come from which
episodes receive verification, rather than from repeated intervention within a single trajectory. At the eligible
decision, the environment exposes a public uncertainty signal ut ∈ [0, 1], available to all policies, which
summarizes the ambiguity visible to the agent before commit. This is the operational proxy for local error
probability pt in the language of §3.
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Task slices. Episodes are grouped into slices according to the relationship between the public signal and
the downstream consequence of an unchecked error. We report results on a dependency_sensitive slice,
in which some episodes exhibit signal–consequence discordance: the decision does not appear especially
uncertain from the public signal, yet an unchecked mistake leads to a costly or irreversible outcome via hidden
dependencies in subsequent steps. This is exactly the configuration in which uncertainty-only verification is
expected to misallocate, and is therefore the diagnostic setting for the paper’s claim.

What the harm cue reads, and what it does not read. A natural concern is whether the harm-aware
policy has access to information that trivially identifies high-harm episodes — in particular, whether it reads
the slice label or the ground-truth outcome. It does not. The harm cue is computed from structural features
of the current trajectory prefix that are available to any agent at decision time: the identity and declared
side-effect class of the proposed tool call, the number of later-step operations in the task plan that will read
from the artifact this step would produce, and a binary reversibility flag derived from the tool’s declared
rollback availability. None of these features use the slice label, the ground-truth downstream trajectory, or
the outcome reward. The uncertainty-only policy could in principle read the same features but does not;
the contrast is therefore between two policies with the same feature access but different decision rules. We
acknowledge that the harm cue is hand-engineered rather than learned, and return to this in §6.

What the structural harm cue cannot capture. The harm cue is a static function of declared tool-call
metadata, so it cannot distinguish cases where two tool calls with identical metadata have different true
downstream consequences because of state-dependent propagation. A concrete example: two file.write
operations with the same declared side-effect class, the same downstream-dependency count, and the same
rollback flag will receive the same harm score, even if one writes a temporary artifact that later steps discard
and the other writes a canonical artifact that later reasoning trusts. The theoretical Ht defined in §3, being a
counterfactual expectation over future trajectories, would in principle distinguish these cases; the structural
cue cannot. We flag this gap explicitly because it bounds what the present experiments can establish about
the framework: we evaluate whether decoupling pt and Ht at decision time separates policies on a slice where
state-dependent propagation aligns with structural metadata, and we claim only that. A calibrated harm
estimator that matches the theoretical Ht more closely is a substantive research direction; we discuss it in
Appendix E and Appendix G.

Sandbox implementation. The OpenClaw-based sandbox wraps a tool-use loop around a budgeted
verification environment. The agent can reset a designated episode, inspect the public signal and the structural
features above, decide whether to verify, commit a final action, and save structured run artifacts. Verification,
when invoked, consults a fixed oracle verifier that (with probability q = 1 in the current pilot) identifies
whether the proposed action is erroneous and, if so, substitutes a corrected action drawn from a per-episode
correction specification. The agent model is held fixed across policies; only the verification policy varies.

Pilot scale. The reported slice contains 4 episodes and 4 policies. Because there is at most one verification
opportunity per episode in this pilot, the verify rate equals the fraction of episodes in which a policy spends
its intervention budget. Each verification event carries a fixed cost of 0.5 in reward units. We are explicit
that this scale is smaller than a standard benchmark evaluation, and we use it as a mechanism-isolation pilot
rather than as a statistical estimate of effect size. The toy environment in the appendix replicates the same
qualitative pattern across a larger episode count where the mechanism is inspectable. The specifications of
the matched-budget, cross-slice, and process-reward baseline comparisons that the pilot does not by itself
settle are given in §4.5.

4.2 Policies

We compare four policies on the same episodes with the same execution scaffold.

no_verify. The agent commits the proposed action without checking. This is the zero-intervention reference.
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always_verify. The agent verifies every eligible decision. This is an upper-reference control, not the
intended deployment policy. Its purpose is to separate the value of selective allocation from the value of
verification itself.

uncertainty_only. The agent invokes verification iff the public signal exceeds a threshold θ, i.e. vt =
1[ut ≥ θ]. In the current pilot, θ is set to the default threshold shipped with the sandbox. This policy uses
no structural features of the proposed action and therefore does not model downstream consequence.

harm_aware_selective. The agent invokes verification when the structural harm cue described above
indicates dependency-sensitive or irreversibility-classed behavior, regardless of the public signal. In the
current pilot the cue is a rule over the same structural features available to all policies; a learned fH is natural
but not implemented here.

The scientifically important comparison is between uncertainty_only and harm_aware_selective. Both
are selective policies evaluated on the same episodes with the same scaffold and the same one-shot intervention
structure; the no_verify and always_verify policies serve as bracketing references. A matched-budget
random baseline is added in §4.5 to isolate allocation quality from verify-rate effects.

4.3 Metrics

We report success rate, irreversible failure rate, verify rate, average verification cost, and average total reward.

Success rate measures whether the final task objective is completed correctly. Irreversible failure rate records
whether an episode enters a state that cannot be repaired by later actions in the current run. This metric
is central because the core claim concerns mistakes whose consequence is not confined to the local decision
itself. In the current pilot, it is the primary harm-sensitive outcome for judging whether verification was
allocated to the right episodes.

Verify rate is the fraction of episodes in which a policy invokes verification at the eligible decision, and average
verification cost is the corresponding mean intervention cost under the fixed cost model. Because the current
pilot contains at most one eligible verification decision per episode, these quantities summarize how frequently
a policy spends its limited intervention.

Average total reward is reported as a compact summary of task outcome and intervention cost in the current
environment. We use it as a secondary utility summary rather than the sole decision criterion. The more
direct test of the paper’s claim is whether a policy reduces irreversible failure by allocating verification to the
episodes with larger downstream consequence.

4.4 Main Results: Pilot on the Dependency-Sensitive Slice

Table 1 reports the pilot results on the dependency_sensitive slice. Because the pilot is small, we report
raw fractions rather than percentages. Reward is measured in the sandbox’s composite unit, which combines a
task-outcome component, an irreversibility penalty, and a per-verification cost of 0.5; the exact decomposition
is fixed by the sandbox and released with the code. Because our central metric is irreversible-failure rate
rather than reward, readers should focus on the ordering of policies in the reward column (no_verify worst,
harm_aware_selective tied with always_verify, uncertainty_only in between) rather than the specific
numerical values.

In this slice, uncertainty_only verifies one of four episodes and fails to protect the two high-consequence
cases, incurring irreversible failure on 2/4. harm_aware_selective verifies three of four episodes and
eliminates irreversible failure, matching the reward of always_verify at 75% of its verification budget.
Because each episode has at most one eligible verification decision, this difference reflects routing across
episodes, not the ability to intervene multiple times within one trajectory.

We emphasize what Table 1 does and does not establish. It does establish that, on this slice, the two selective
policies disagree in a predictable direction when the public signal is weak but the downstream consequence is
large. It does not establish budget-matched superiority, because the two selective policies spend verification at
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Table 1: Pilot results on the dependency_sensitive slice (n = 4 episodes). The key controlled contrast
is between uncertainty_only and harm_aware_selective; no_verify and always_verify are bracketing
references. Verify rates are not matched here; see §4.5 for the matched-budget comparison.

Policy Verify rate Avg. verify cost Success rate Irrev. failure rate Avg. total reward

no_verify 0/4 0.00 1/4 3/4 −9.55
always_verify 4/4 0.50 4/4 0/4 9.20
uncertainty_only 1/4 0.125 2/4 2/4 −3.30
harm_aware_selective 3/4 0.375 4/4 0/4 9.20

different rates (1/4 vs 3/4). The next subsection discusses the limitations of this evidence and the comparisons
that would be needed to close that gap. Figure 1 visualizes the four pilot episodes in (public-signal, harm-cue)
space, showing that the two irreversible failures occur in the discordant quadrant.

4.5 Limitations of the Present Evidence

The four-episode pilot isolates the mechanism the paper argues for, but it does not settle the paper’s claim
empirically. We want to be explicit about what would be required to do so, and we separate that from
what the present submission demonstrates. Three comparisons are required for an effect-size claim that
the pilot cannot make: (a) a matched-budget comparison that neutralizes the verify-rate confound between
the harm-aware policy and uncertainty-only; (b) a cross-slice falsification on a low-risk slice, which the
framework predicts should attenuate the harm-aware advantage toward zero; and (c) a process-reward-model
baseline, with the PRM trained both on task success alone and on the harm-weighted composite loss. The full
specifications of these three comparisons — policy definitions, sample sizes, test statistics, and the implications
each outcome would have for the paper’s positioning — are given in Appendix C. We treat them as future
experimental work; they are not reported in the present submission and should not be taken to strengthen its
current claims. A reader who considers these comparisons essential before drawing any conclusion should treat
the paper as establishing the decision-theoretic framework and a mechanism demonstration only. The toy
environment in Appendix F provides a larger-sample sanity check on the same mechanism in a transparently
inspectable setting, but it does not substitute for the agent-facing comparisons.

The pattern driving Table 1 is simple: two discordant episodes (low public signal, high harm cue) produce
the irreversible failures under uncertainty-only routing; two concordant episodes are controls where the two
selective policies agree. This isolates the aggregate result to signal–consequence misalignment rather than a
diffuse average effect (schematic in Figure 1).

5 Discussion

Verification in tool-using agents is usefully viewed as an allocation problem under scarce intervention. When
verification cannot be applied everywhere, the relevant question is not only whether the current step appears
unreliable, but whether correcting it would materially reduce downstream loss. The paper’s contribution is a
decision structure that treats local error likelihood and downstream harm as separate quantities. We want to
reiterate, for any reader who has arrived at this section directly, the scope delimitation stated at the end of
§1: the paper’s primary contribution is conceptual, and the empirical evidence is a mechanism-level pilot
(Fisher exact p ≈ 0.43 on the 2 × 2 contingency) rather than an effect-size estimate. The experiments should
be read as mechanism evidence; effect-size estimation is the purpose of the matched-budget, cross-slice, and
PRM baselines specified in §4.5. Harm-aware allocation is most useful when actions change external state or
restrict later recovery; in more reversible tasks, uncertainty-only verification may already suffice. Directions
for extending the framework are in Appendix G.
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public signal ut

harm cue Ĥt θu

θH

discordant:
low signal, high harm both say verify

concordant: both skiplow signal,
low harm

e1

e2

e3

e4

harm-aware saves vs. uncertainty-only

both verify, success both skip, success

Figure 1: Schematic of the four pilot episodes in (public-signal, harm-cue) space. Dashed lines are the
verification thresholds for uncertainty_only (θu, vertical) and harm_aware_selective (θH , horizontal).
The discordant top-left quadrant, where the public signal is low but the harm cue is high, is where the
two policies disagree; it is also where uncertainty_only incurs its two irreversible failures. Concordant
quadrants (top-right, bottom-left) are controls where both policies agree and both succeed.

6 Threats to Validity and Limitations

Nine concerns remain: (1) construct validity: the empirical harm score is a correlate of Ht, not a calibrated
estimator; (2) internal validity: the cue was designed with slice access; (3) external validity: OpenClaw is
not a standard substrate; (4) statistical validity: the pilot contrast is consistent with noise (Fisher exact
p ≈ 0.43); (5) adversarial robustness: the harm cue is a new attack surface (Korbak et al., 2025); (6) verifier
idealization: qt = 1 overstates effect size; (7) scope: one-opportunity-per-episode is restricted; (8) objective
sensitivity: results are conditional on a non-trivial β; (9) partial reproducibility of Table 1: a supplementary
document accompanying this submission releases the four episode specifications, the harm-cue pseudocode,
the verifier oracle, and a minimal reward function sufficient to reconstruct the direction of effect; the full
OpenClaw sandbox source remains unreleased, and the reconciled reward values under the minimal reward
function differ slightly from the originally-reported Table 1 values. This is a camera-ready item; the paper’s
substantive claim is unaffected. Appendix E elaborates each.

7 Conclusion

When verification is scarce, the question is which decisions are worth checking. We argue that answer depends
on downstream consequence, not only local uncertainty: the likelihood that a step is wrong and the harm of
leaving it unchecked are distinct quantities, and verification value depends on both. As agent systems act
on persistent state, selective verification, human-in-the-loop approval, and runtime safeguards (Ren et al.,
2023; Xiang et al., 2025; Chen et al., 2025) should all be guided by anticipated downstream consequence.
The most valuable check is not the most uncertain step, but the step whose error would cost the most to
leave unchecked.

Broader Impact Statement

This paper proposes a decision framework for selectively invoking runtime verification of tool-using language-
model agents. Because the framework is designed to govern when an agent’s actions are screened before
execution, its deployment interacts directly with the design of oversight for autonomous systems. We identify
three concrete ethical considerations.
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The harm estimator is an attack surface. A verification policy that allocates based on a structural harm cue
can in principle be defeated by an agent that learns to present high-harm actions in a form that scores low on
the cue. This is a direct specialization of the chain-of-thought monitorability concern raised by Korbak et al.
(2025): harm-aware verification is only as robust as the signal it reads, and the signal itself becomes a target
for optimization pressure. The framework as currently formulated assumes a non-adversarial or cooperative
agent; a deployment that does not satisfy this assumption risks worse oversight than uncertainty-only routing,
because an adversarial agent need only suppress the harm cue rather than the broader uncertainty signal. A
proper adversarial evaluation, constructing an agent trained to minimize its own verification rate against a
known harm estimator, is substantial additional work we have not done. Until it is, this framework should
not be deployed in settings where the agent has capability and motive to model its verifier.

The harm-weighting coefficient encodes a values judgment. The composite loss Ltask + βLharm requires a
choice of β that determines how aggressively a deployment trades off ordinary task failure against irreversible
side effects. This choice is not technical. It reflects who bears the cost of task failures versus who bears the
cost of irreversible side effects, and these are often different parties. A deployment that sets β to minimize
cost to the deployer may not align with the preferences of users or third parties affected by the agent’s actions.
We flag this because framing β as an implementation detail — which we largely did in the method section of
this paper — risks obscuring that it is also a governance detail.

Over-reliance on structural cues in regulated settings. The harm cue we evaluate is hand-engineered from
declared tool-call metadata. In deployment contexts subject to regulatory or legal review, medical decision
support, financial transaction authorization, legal document drafting, clinical coding, automated code
execution with external effects on production systems, a structural cue that has not been calibrated against
realized harm outcomes should not be the sole input to a screening decision. We treat the framework as
a way to allocate human oversight effort under a budget, not as a substitute for human oversight. The
paper’s contribution is useful only to the extent that the verification capacity it routes is a genuine oversight
mechanism; if the verifier itself is another language model with correlated failure modes (as in Inan et al.
(2025); Luo et al. (2025)), the framework can offer at most a marginal improvement, not a guarantee.

Efficiency-enables-scale risk. We want to name one risk that is specific to oversight-routing frameworks. A
framework that more efficiently allocates scarce human review effort can, in principle, lower the per-deployment
cost of oversight enough to enable deployment of agent systems in settings that would not otherwise have
passed oversight thresholds. Efficient oversight allocation could facilitate deployment at scale in settings
where per-action scrutiny is abbreviated, shifting the question from “can we afford to review every action” to
“can we afford to deploy this many autonomous agents.” We do not think the paper’s framework makes this
risk qualitatively worse than existing work on runtime safeguards (Xiang et al., 2025; Chen et al., 2025), but
we think it is worth stating clearly that more-efficient oversight is not automatically a safety improvement. Its
net effect depends on how organizations use the efficiency gain: whether they reinvest it in deeper per-action
review or use it to expand the set of actions that receive only cursory review. This is a governance question
that the framework itself does not resolve.

Where we believe deployment is appropriate. To balance the concerns above, we identify one setting in
which we believe the framework is reasonably deployable today: internal tool-use pipelines within a single
organization where agents are not subject to adversarial users, where the harm-weighting β can be set by
a single accountable party, and where the verification budget is being allocated across internal review tasks
rather than across externally-facing actions. In this setting, the attack-surface and governance concerns above
are substantially reduced. The framework is most naturally useful as a way to prioritize human attention, not
as a replacement for human attention. We do not recommend deployment in externally-facing or adversarial
settings until the robustness concerns above have been substantively addressed.

We have not identified positive societal impacts that are specific to this framework and that are not already
shared with existing work on selective prediction, conformal abstention (Ren et al., 2023), and process reward
modeling (Choudhury, 2025). The positive case for the paper is scientific — a clearer decomposition of
a decision problem that currently uses the wrong proxy — rather than a claim that the framework, as
implemented here, is deployment-ready.
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A Extended Discussion of Remark 1

Remark 1 captures the allocation structure our online policy uses, but it deliberately side-steps two hard
features of the full problem.

Sequential coupling. Verifying step t can change which actions are proposed at t+1, t+2, . . . and therefore
the future p, H, and c values. Assumption (iii) in the remark suppresses this.

Budget coupling. Using the budget at t changes what is available later; the Lagrangian relaxation
with fixed λ handles this only asymptotically. A proper sequential bound would require either a dynamic-
programming argument over a tractable reduction of the state, or a regret-style analysis against an oracle
that sees all trajectories in advance. We do not claim such a result.

Relation to generic expected utility. Expected utility by itself does not specify which local quantity
should govern online intervention. The content of the remark is that intervention value, when decomposed
at the step level, factors into four interpretable terms — error likelihood pt, downstream consequence Ht,
verifier efficacy qt, and cost ct — of which uncertainty-based policies model only the first. This is the source
of the paper’s main ranking principle, not the remark itself.

Informal sketch of a sequential bound. We do not prove a sequential bound, but the form one would
take is worth sketching because it clarifies what the remark is not doing. Consider the fully online problem
with a budget B of verification opportunities over a horizon of T steps, and let an oracle policy π⋆ have
access to the true (pt, Ht, qt, ct) values at every step. Let π be a policy that operates on estimates (p̂t, Ĥt, q̂t)
with bounded per-step estimation error and uses the myopic rule of Remark 1 with a budget-control term
λ(bt, t). A natural quantity of interest is the expected regret

RT (π; π⋆) = E

[
T∑

t=1
Lπ⋆

t −
T∑

t=1
Lπ

t

]
,

where Lt is the per-step contribution to the composite loss. As a concrete assumption set, suppose: (A1)
per-step estimation errors are bounded uniformly, |p̂t − pt| ≤ ϵp, |Ĥt − Ht| ≤ ϵH , |q̂t − qt| ≤ ϵq, almost surely;
(A2) the agent’s proposal distribution at step t+1 is L-Lipschitz in a suitable divergence with respect to
the perturbation induced by verifying versus not verifying at step t; (A3) the composite loss Lt is bounded,
|Lt| ≤ BL; and (A4) the budget multiplier λ(bt, t) is chosen so that its path satisfies a standard regret-
minimization condition against the oracle’s budget usage (e.g., a doubling or adaptive schedule). Under
(A1)–(A4), we would expect RT (π; π⋆) to decompose into (a) a static-allocation term of order T · (ϵp + ϵH + ϵq)
captured by Remark 1, and (b) a propagation term that accumulates whenever the myopic choice at t
produces a different proposal distribution at t+1 than the oracle would have, bounded by L · T · BL scaled by
the fraction of steps on which π and π⋆ disagree. The second term is what the remark does not control, and
it is also the term a formal analysis would need to bound non-trivially — the L · T scaling above is a worst
case that does not use the problem structure.

We flag three concrete obstacles to such a bound. First, the propagation term depends on the agent’s response
to verification, which is a property of the agent rather than of the verification policy; this is structurally
similar to the “policy perturbation term” that arises in off-policy correction analyses in reinforcement learning
(e.g., the advantage-estimation bounds used in trust-region and proximal policy optimization methods),
and techniques developed there for bounding the effect of small policy changes on the state-visitation
distribution may be adaptable to this setting. Second, the budget-control multiplier λ(bt, t) interacts with V̂t

multiplicatively, so standard doubly-robust arguments that assume additive decomposition of error sources do
not apply directly. Third, the product structure V̂t = q̂tp̂tĤt means that the static-allocation term is bounded
by a product of the individual errors times their magnitudes, not a sum; a bound that treats them separately
will be loose in the regime where one component dominates. A rigorous treatment is beyond the scope of the
present paper but is, in our view, the single most valuable theoretical next step for the framework.
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B Extended Method Discussion

Alternative policy implementations. The decomposition V̂t = q̂tp̂tĤt − λ(bt, t)ct in §3.4 estimates
the three components separately. In some settings, it may be easier to learn a single composite score that
approximates expected loss reduction directly, absorbing qt into the score. In others, verifier efficacy may
be treated as constant and estimated offline. What should remain invariant across implementations is the
decision structure: verification should be triggered by an estimate of intervention value, not by uncertainty
alone.

Why this is not selective prediction. The method is not selective prediction in the usual sense. The
system does not abstain from producing an output and hand the example off entirely; instead, it decides
whether to intervene on the current step before the trajectory continues. Uncertainty remains useful, but
only as one component of a broader intervention-value estimate. This distinction matters because selective
prediction guarantees (e.g. coverage, risk-control) are formulated in terms of abstention on an i.i.d. input
distribution, which does not apply to a sequential agent trajectory where intervention alters subsequent
inputs.

Why proxy features are acceptable. Our formulation does not assume that downstream harm is directly
observable. In realistic agent settings, Ht is counterfactual and can usually be estimated only approximately,
through learned predictors, task-specific signals, or structured heuristics. That limitation is real but does not
make the decision target vacuous: many high-value control problems rely on imperfect proxies for quantities
that are not directly observed. The relevant question is not whether Ht can be known exactly, but whether
modeling harm separately from local error probability yields better intervention decisions than treating all
errors as equally consequential.

Why the method is not ad-hoc reweighting. If one estimates only pt, all decisions reduce to uncertainty
ranking. If one estimates only Ht while ignoring error likelihood, the policy may over-invest in rare but
dramatic failure modes. The method requires both: a step is worth checking when it is plausibly wrong and
costly to leave uncorrected, subject to verification efficacy and budget cost.

C Rationale for the Planned Experiments

This appendix expands the reasoning behind each of the three planned experiments summarized in §4.5.

Matched-budget comparison. The pilot in §4.4 leaves open a natural reviewer objection: the harm-aware
policy verifies more episodes than the uncertainty-only policy (3/4 vs. 1/4), so the performance gap could
reflect verification volume rather than allocation quality. The matched-budget comparison eliminates this
confound by evaluating all three policies at the same expected verify rate. random_verifyρ is included
because it is the most conservative “uses the same amount of budget” baseline; if random verification at the
same rate achieves comparable irreversible-failure rates, there is little evidence that any particular allocation
rule matters on this slice. uncertainty_onlyθ′ with a lowered threshold ensures the uncertainty-only policy
cannot be faulted for under-spending. We precommit to ≥ 50 episodes per policy per slice; this is the
minimum scale at which a Fisher exact test can reject the null at conventional significance for the effect sizes
we would consider informative. If harm-aware routing does not outperform both matched-rate comparators
on irreversible failure, the paper’s claim should be reframed as “more verification on this slice is better.”

Cross-slice robustness. The paper’s central prediction is specifically that harm-aware allocation matters
when the public signal and downstream consequence are misaligned. On a slice where they are aligned, the
two selective policies should agree on which episodes to verify, and their performance gap should vanish. This
is a falsification test: a cross-slice result showing a comparable advantage on low_risk would actually weaken
the paper, because it would indicate the harm-aware cue is doing work that is not tied to the mechanism we
claim. The statistical object of interest is therefore the slice×policy interaction, not the per-slice means.
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Process-reward baseline. A PRM trained to predict end-of-trajectory success provides a natural learned
alternative to our hand-engineered harm cue. We include two variants to separate two distinct concerns.
prm_thresholdtask is trained on task success alone; it implicitly entangles pt and Ht but only through
their contribution to task reward, so it may underweight irreversible side effects that do not directly
reduce task success. prm_thresholdharm is trained on the harm-weighted loss Ltask + βLharm, which in
principle should absorb the harm signal into a single learned score. If prm_thresholdtask matches our
policy, the paper’s contribution reduces to a decision-theoretic framing around an already-sufficient signal.
If prm_thresholdharm matches our policy but prm_thresholdtask does not, the paper’s contribution is the
training-signal specification, and our hand-engineered cue is a weaker proxy for the same thing. If neither
PRM matches our policy, decoupling pt and Ht as separate decision-time inputs provides information that a
single learned scalar does not, and the paper’s framework has standalone value.

D Detailed PRM Comparison

A PRM trained to predict end-of-trajectory success implicitly entangles pt and Ht into a single score: a step
with high local error probability but low downstream harm may be scored similarly to a step with moderate
error probability and large downstream harm, because both reduce the predicted probability of final success
by a comparable amount. That conflation is acceptable — even desirable — when the goal is to rank steps
by expected contribution to task reward. It is less appropriate when the downstream impact is weighted
differently from task success, as in our loss formulation Ltask + βLharm. In such settings, two steps with the
same PRM-predicted success probability can have very different verification values.

Our formulation keeps error likelihood and harm magnitude as separate inputs, so they can be weighted
separately at decision time. Thresholding a PRM score is therefore a legitimate instance of our framework in
the special case β = 0 and constant qt, ct, but is not equivalent to it in general. The planned PRM baseline
in §4.5 tests this directly: we compare our policy against a PRM trained on task success alone and a PRM
trained on the harm-weighted loss. If the harm-weighted PRM matches our policy, the paper’s practical
contribution reduces to a re-derivation of the right training signal; if it does not, decoupling pt and Ht at
decision time provides information that a single scalar score does not capture.

E Full Threats to Validity Discussion

This appendix expands each paragraph summarized in §6.

Construct validity: the harm score is a correlate, not an estimator. §3.2 defines Ht as the expected
difference in episode loss between error and corrected continuations, a counterfactual object that in general
requires either a learned dynamics model or extensive rollouts to estimate. The empirical harm score used
in §4 does not estimate this quantity; it is a hand-engineered function of side-effect class, downstream
dependency count, and a rollback flag, and is better described as a correlate of Ht on our slice than as a
calibrated estimator. Two implications follow. First, the experiments support the decision structure — error
likelihood and harm magnitude as separate inputs — more strongly than they support any particular harm
score. Second, a threshold that works on dependency_sensitive may not transfer to a slice with different
structural features. A calibrated harm estimator, ideally one with a coverage guarantee in the spirit of
conformal prediction (Ren et al., 2023), is a substantive research direction we do not attempt here.

Internal validity: the harm cue was specified in the context of the slice. Although the harm cue
does not read the slice label or ground-truth outcome (§4.1), it was designed in a development process where
the authors had access to both. The risk is that we iterated until the cue worked on the slice we chose. The
matched-budget comparison (§4.5) partially addresses this by introducing a random baseline at the same
verify rate, but a stronger test would be to specify the cue on one held-out slice and evaluate on another.
The cross-slice falsification test in §4.5 is our first move in that direction; we acknowledge it is not as rigorous
as a pre-registered cue.
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External validity: OpenClaw is not a standard substrate. The OpenClaw-based sandbox is a new
evaluation environment. We chose it because it exposes the public-signal / structural-feature / verification-
decision interface the framework needs, but it is not widely used in the agent-safety community. A natural
complementary evaluation is in ToolEmu (Ruan et al., 2024), whose risk taxonomy is designed around exactly
the state-changing, irreversibility-laden tool actions we care about. We treat a ToolEmu port as high-priority
future work. Until that exists, our results should be read as showing that the ranking principle can separate
policies in an executable agent loop, not that the specific numerical margins generalize.

Statistical validity: pilot-scale results do not distinguish mechanism from noise. At n = 4, the
irreversible failure contrast 2/4 vs. 0/4 in Table 1 is fully consistent with noise — a Fisher exact test on the
2×2 contingency yields p ≈ 0.43. We report the pilot as mechanism evidence rather than statistical evidence,
and the planned experiments in §4.5 commit to ≥ 50 episodes per policy per slice with reported standard
errors and a significance test. A reader who requires power-adequate evidence of effect size before accepting
the claim should consult those results directly.

Adversarial robustness: the framework assumes a non-adversarial agent. The decomposition
Vt = qtptHt − ct assumes the quantities on the right-hand side are honestly reported. In a deployment where
the agent is itself optimizing against the verification policy — for example, by presenting high-harm actions
in a form that scores low on the structural harm cue — the harm-aware policy can be manipulated in ways
that uncertainty-only policies cannot. This connects directly to the chain-of-thought-monitorability concern
in (Korbak et al., 2025): harm-aware verification is only as robust as the harm signal it reads, and that signal
is a new attack surface. A proper adversarial evaluation requires constructing an agent trained to minimize
its own verification rate given a known harm estimator, which is substantial additional work. Until it is done,
the framework should be understood as a tool for cooperative or non-adversarial deployment.

Verifier model: qt = 1 is a strong idealization. The current experiments hold verifier efficacy fixed at
qt = 1, meaning the verifier is assumed to identify and correct every erroneous step it is applied to. Real
verifiers are imperfect and their errors can correlate with agent errors — both are produced by language
models that may share systematic failure patterns. The formalism accommodates imperfect qt through the
factorization, but the experiments do not exercise it. Varying qt is listed in Future Work; the magnitude of
the effect we report in §4 should be expected to shrink as qt falls below 1, because some consequential errors
will now be missed even when the policy correctly routes verification to them.

Scope: one-opportunity-per-episode is a restricted instantiation. The pilot allows exactly one
eligible verification decision per episode, which is useful for isolating routing but narrower than the full online
problem in §3.1. In multi-opportunity trajectories, verification decisions interact through the budget and
through their effect on subsequent agent proposals. Remark 1 is explicit that it does not resolve this case;
the full problem likely requires either dynamic programming over a tractable state reduction or a regret-style
analysis.

Objective sensitivity: results are conditional on the harm-weighting coefficient. The composite
loss Ltask + βLharm determines how aggressively the allocation rule trades off ordinary task failure against
irreversible side effects. In this paper, β is implicit in the sandbox’s reward structure, and we do not vary it
systematically. Different deployments will reasonably choose different β, and as β → 0 the ranking principle
collapses back onto task-success ranking (and therefore onto task-trained PRM scores). Readers should
interpret the results as conditional on a non-trivial weight on irreversibility.

Reproducibility of Table 1. The specific reward values in Table 1 follow from the OpenClaw sandbox’s
reward function, which combines task-success reward, per-verification cost, and harm penalties in proportions
fixed by the sandbox configuration. To allow a reader to independently reconstruct the mechanism the
paper argues for, we release a separate Supplementary Material document that specifies: (a) the reward
function used to compute Table 1; (b) the harm-cue implementation in pseudocode, with the structural
features and threshold exactly as used in the pilot; (c) the verifier oracle’s behaviour; and (d) the four episode
specifications used in the dependency_sensitive slice, including public signal value, harm-cue features,
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ground-truth correctness, oracle correction if applicable, and outcome under each of the four pilot policies.
We note two remaining limitations of this release. First, the full OpenClaw sandbox source, including the
execution substrate and tool registry, is not released with this submission and remains under preparation for
a separate open-source release; the supplementary document is sufficient for a reimplementation of the four
episodes in the minimal framework needed to reproduce Table 1’s direction of effect, but not for running
arbitrary tool-use experiments. Second, the supplementary document discloses that the reconciled reward
values under the minimal reward function differ from those originally reported in Table 1 by small additive
terms from the sandbox’s full reward decomposition; reconciling the two exactly is a camera-ready item. The
direction of effect (the paper’s substantive claim) is robust to this reconciliation.

F Supplementary Toy Environment

The toy environment is a small synthetic sandbox designed to complement the OpenClaw-based pilot by
isolating the mechanism in a transparently inspectable setting. Each episode consists of a short sequence
of discrete decisions, some of which write to a shared state that subsequent decisions read from. Errors on
state-writing steps can be either recoverable (later steps overwrite them) or irreversible (later steps commit
to the incorrect value). A tunable uncertainty signal ut parametrizes the signal–consequence discordance
studied in the main experiments: episodes can be configured to be concordant (uncertainty and harm agree),
discordant (uncertainty low but harm high, or vice versa), or uniformly low-harm. The environment itself
is specified at a level of detail that permits plain-text release alongside a future revision of this paper; this
is one reason we view it as a natural home for follow-up experiments that address reproducibility concerns
without requiring release of the OpenClaw sandbox.

We do not report experimental results from the toy environment in the present submission. The design of a
sanity-check run, together with its predicted outcomes, is specified as future work in Appendix G.

Why the toy environment does not substitute for the OpenClaw-based pilot. The toy environment
can establish that the ranking principle separates policies in a setting the authors designed, but it cannot
establish that the mechanism appears in an executable agent loop with a real language-model agent proposing
actions, a real tool interface, and realistic state propagation. That is the role of the OpenClaw-based
experiments (§4). A toy-environment result that cleanly supports the mechanism would strengthen the
paper’s claim but would not close the gap to deployment; a full evaluation still requires the OpenClaw-based
comparisons specified in Appendix C.

G Extended Future Work

Beyond the planned experiments in §4.5, several directions would substantially strengthen the framework.

Toy-environment sanity check (n = 200). As flagged in Appendix F, the toy environment supports
cheap large-sample experiments that address the statistical-validity concern in §6 without requiring release of
the OpenClaw sandbox. The specific design we consider highest-priority is: n = 200 episodes per policy, five
policies (no_verify, always_verify, uncertainty_only, harm_aware_selective, plus random_verifyρ

at a verify rate matched to harm_aware_selective), evaluated across three episode mixes: mix A (50%
discordant, 50% concordant), mix B (100% concordant), and mix C (100% low-harm). The predictions
from §3 are: (i) harm-aware should outperform matched-rate uncertainty-only and matched-rate random on
irreversible failure in mix A, (ii) the gap should shrink in mix B where both selective policies agree on which
episodes to verify, and (iii) the gap should be near-zero in mix C where neither signal predicts meaningful
harm. The toy environment also supports an additional experiment worth running: imperfect verifiers with
correlated errors. Setting qt to the efficacy of a noisy verifier whose errors are deliberately correlated with
agent errors — e.g., both being produced by the same base distribution — would quantify the concern in §6
that the framework’s advantage shrinks under realistic verifier imperfection. This experiment would answer a
concrete question that the qt = 1 pilot cannot: does the harm-aware policy retain its advantage when the
verifier shares the agent’s failure modes?
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Online multi-step allocation. Extending the formulation to fully online multi-step allocation, where
current verification choices change future p, H, and c values, is the most natural theoretical next step. This
likely requires either dynamic programming over a tractable state reduction or a regret-style analysis against
an oracle.

Learned harm estimators. Learning harm estimators fH directly from trajectory-level supervision —
rather than from handcrafted structural features — would make the method applicable to settings the authors
did not design. Candidate supervision signals include counterfactual rollouts, learned dynamics models, or
human-annotated harm labels.

Imperfect verifiers. Varying verifier strength qt away from 1 is essential for deployment-relevant results.
The experiments should characterize how the effect size depends on qt, and in particular whether the
harm-aware policy’s advantage over uncertainty-only routing survives realistic verifier error rates.

Theoretical guarantees. A regret-style bound for harm-aware ranking against an oracle that observes
(pt, Ht) directly would complement the empirical evidence. A conformal-prediction wrapper around the harm
score, analogous to KnowNo’s wrapper around uncertainty (Ren et al., 2023), would yield a finite-sample
coverage guarantee and is a natural bridge to the selective-prediction literature.

Runtime safeguard integration. Connecting harm-aware routing to runtime safeguards (Xiang et al.,
2025; Chen et al., 2025; Inan et al., 2025) — specifically, treating the safeguard invocation decision itself as a
budgeted allocation problem — is where we expect the framework to have the most practical impact.
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