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Abstract

Decision-making from offline datasets often re-
quires acting before reliable online evidence is
available. Logged data may be selective, out-
comes may be delayed, deployment populations
may differ from historical ones, and offline met-
rics may only imperfectly reflect the true objec-
tive. Methods such as off-policy evaluation, sen-
sitivity analysis, robustness analysis, and uncer-
tainty quantification improve parts of this pipeline,
but they do not by themselves answer the central
offline-to-online question: what level of online
action does the current offline evidence justify?

This position paper frames that question as a
distinct decision problem. We propose a com-
pact protocol organized around three dimen-
sions of evidence—relevance, transportability,
and reliability—and use it to distinguish whenof-
fline evidence supports deployment, targeted vali-
dation, constrained rollout, or deferral. The con-
tribution is not a new estimator, but a decision-
oriented framework for translating imperfect of-
fline evidence into appropriate online action.

1. Introduction
Machine learning systems are often evaluated offline before
they are exposed online. This is typically cheaper, safer, and
faster than deployment: teams can test candidate policies
on historical logs, simulations, benchmark suites, or retro-
spective datasets. Yet the quantity that ultimately matters
is almost always online: revenue, user satisfaction, clinical
outcomes, or long-term impact. Offline evidence is therefore
useful only to the extent that it supports conclusions about
this online behavior (Gilotte et al., 2018). This extrapolation
is rarely trivial: logs are selective, proxies are imperfect,
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deployment populations shift, and long-term outcomes may
not yet be observed.

Existing work substantially improves how offline evidence
is estimated and stress-tested. Off-policy evaluation (OPE)
(Precup et al., 2000) estimates policy value from logged
data; High-confidence off-policy evaluation (Thomas et al.,
2015; Kallus & Uehara, 2020) provides confidence guaran-
tees; distribution-shift and robustness methods (Tibshirani
et al., 2019; Barber et al., 2023; Quiñonero-Candela et al.,
2009; Tibshirani et al., 2019) characterize validity under
changing environments; and causal transportability (Pearl &
Bareinboim, 2011; Bareinboim & Pearl, 2013) formalizes
when conclusions learned in one population can be carried
to another. These approaches answer a descriptive question:
what does the evidence suggest?

The offline-to-online decision requires a further normative
judgment: what scope of online action does this evidence
justify? This is not merely a question of estimation accuracy.
An estimate may be statistically precise yet irrelevant to the
decision objective, valid on the logged population but not
in deployment, or stable under one evaluation protocol but
fragile under reasonable alternatives. The missing layer is
therefore an evidence-to-action protocol: a way to translate
imperfect offline evidence into admissible online action.

In practice, offline evaluation outputs are often treated as
implicit decision rules. A benchmark gain may authorize
an A/B test; an OPE estimate with a narrow confidence in-
terval may justify deployment; a short-term lift may trigger
long-term rollout. Yet such mappings are typically ad hoc,
relying on heuristics, precedent, or local risk tolerance. The
same evidence may justify deployment in one setting, tar-
geted validation in another, and deferral in a third. What is
missing is not better estimates alone, but a principled way to
determine what actions the evidence is sufficient to support.

We illustrate the framework with a running example. Con-
sider replacing the language model in a customer-facing
assistant with a new model. Offline benchmarks show im-
provements in accuracy, factual grounding, and preference
metrics, with stable gains across seeds and prompt variants
(Liang et al., 2022). Under current practice, such results of-
ten justify an A/B test or phased rollout. Under the proposed
protocol, however, the evidence may still be insufficient for
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From Offline Evidence to Online Action

Offline Evidence
Doff

Proxy Metrics
Logged Data

Selection Bias

Evaluation
V̂ (π)

OPE Estimates
Confidence Sets

Sensitivity Results

Protocol Γ(E, s)

Profile E = (R, T, ρ):
• Relevance (R)
• Transportability (T )
• Reliability (ρ)

(Action Stability)

Stakes (s)

Action Scope A
□ Deployment
□ Targeted Validation
□ Constrained Rollout
□ Deferral / Wait

evaluate input authorize

Suggests Justifies

Descriptive: What does the evidence suggest? Normative: What action is warranted?

Figure 1. The Offline-to-Online Decision Architecture. The protocol introduces an intermediate admissibility layer between offline
evaluation outputs and online action.

deployment-level action. The benchmarks may not reflect
the true objective (e.g., user trust, task completion, latency),
raising relevance concerns. The evaluation distribution may
differ from production traffic, raising transportability con-
cerns. The results may vary under reasonable prompt or
evaluation changes, raising reliability concerns.

The protocol therefore does not reject the benchmark evi-
dence; it assigns it a narrower decision role. The evidence is
inadmissible for deployment-level action, but sufficient for
targeted validation: evaluation on production-representative
prompts, objective-aligned metrics, and stability checks be-
fore user-facing rollout.

These issues are not specific to language models. In recom-
mendation systems, logged data may limit transportability
due to exposure bias (Schnabel et al., 2016). In clinical
decision support, retrospective validation may not transfer
across patient populations (Futoma et al., 2020). In causal
evaluation, conclusions may be sensitive to unobserved con-
founding (Rosenbaum, 2002). In delayed-outcome settings,
short-term gains may not reflect long-term impact (Athey
et al., 2019).

In this position paper, we propose a structured decision pro-
tocol that replaces ad hoc sufficiency judgments with an
explicit assessment of evidence quality. Our contributions
are threefold. First, we frame the offline-to-online transition
as an admissibility problem, separating evaluation (what the
evidence suggests) from authorization (what actions the evi-
dence justifies). Second, we introduce a compact protocol
organized around three axes: relevance, transportability, and
reliability. The protocol maps an evidence profile, together
with decision stakes, to an action scope such as deploy-
ment, targeted validation, constrained rollout, or deferral.
Third, we show how existing tools, including OPE, sensitiv-
ity analysis, causal transportability, robustness analysis, and
uncertainty quantification, can serve as inputs to this pro-
tocol without by themselves specifying the justified action
scope.

2. Why evaluation outputs are not decision
rules

Existing offline evaluation outputs provide statistically
meaningful summaries of evidence — estimates, confidence
sets, policies, or sensitivity bounds — but they do not re-
solve the decision problem of what action is warranted.
The limitation is structural: these outputs characterize per-
formance under assumptions, whereas deployment deci-
sions must determine admissible exposure under uncertainty,
stakes, and potential failure modes. This gap cannot be elim-
inated by improving estimation alone.

This distinction persists even for highly precise outputs. A
statistically significant lift in a proxy metric may be inad-
missible for deployment if the proxy is misaligned with
the true objective. An OPE estimate with a narrow interval
may be inadmissible for rollout if it relies on support or
overlap assumptions that fail in the deployment population.
A benchmark result stable across random seeds may be in-
admissible for launch if the model ranking reverses under
reasonable changes to prompt format, evaluator pool, or out-
come horizon. These failures correspond to the three axes
used below: relevance, transportability, and reliability. In
each case, the statistical artifact is legitimate, but the action
it licenses remains underspecified.

Existing tools can therefore be understood as modular in-
puts to a decision protocol rather than substitutes for one.
OPE and high-confidence OPE quantify value and uncer-
tainty from logged data (Precup et al., 2000; Thomas et al.,
2015; Kallus & Uehara, 2020); safe policy improvement
and pessimistic RL encode uncertainty or support limita-
tions into conservative policies (Laroche et al., 2019; Kumar
et al., 2020b); causal transportability and sensitivity anal-
ysis diagnose setting mismatch, confounding, and action
stability (Pearl & Bareinboim, 2011; Bareinboim & Pearl,
2013; Rosenbaum, 2010); and distribution-shift and confor-
mal methods characterize validity under changing environ-
ments (Tibshirani et al., 2019; Barber et al., 2023). These
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From Offline Evidence to Online Action

Input: Offline LLM Evidence
Candidate outperforms baseline on benchmark accuracy, grounding, and
instruction-following. Gains are consistent across evaluation runs.

Evidence Profile ELLM
R: Incomplete—Benchmarks omit user trust, latency, task completion,
and refusal quality.
T : Incomplete—Prompts lack multi-turn context and domain-specific
production traffic.
ρ: Incomplete—Rankings are sensitive to prompt formatting and evalua-
tor choices.

Protocol Output: Action Scope A
Deployment and broad rollout are not yet admissible.
The justified action is targeted validation: construct production-
representative evaluation sets, use objective-aligned metrics, and conduct
stability stress tests.

Figure 2. Instantiation of the protocol for the LLM running ex-
ample. The protocol assigns a positive benchmark signal to a
restricted action scope: targeted validation before user-facing ex-
posure.

tools strengthen the evidentiary basis for action, but they
return estimates, intervals, policies, sets, or bounds—not a
decision about whether the warranted action is deployment,
targeted validation, constrained rollout, or deferral.

Consider two candidate systems with the same estimated
offline gain and the same confidence interval. In the first
case, the estimate targets the true deployment objective but
is based on limited overlap with the deployment population.
In the second case, the estimate is statistically precise on the
logged distribution but measures a proxy weakly related to
the true objective. A scalar evaluation output may treat these
cases similarly. An admissibility protocol does not: the first
case calls for constrained rollout to collect higher-overlap
evidence, while the second calls for targeted validation or
redesign of the evaluation objective. The issue is not only
the amount of uncertainty, but the type of evidentiary fail-
ure. Reducing admissibility to uncertainty alone therefore
collapses qualitatively distinct evidentiary failures into a sin-
gle scalar notion of confidence, even though these failures
warrant different weaker actions.

3. A decision framework for imperfect
evidence

We formalize the proposed layer as a mapping from evi-
dence quality to admissible action scope. For a candidate
policy or intervention π, let

E(π;Doff) = (R, T, ρ)

denote an evidence profile, where R summarizes relevance,
T transportability, and ρ reliability. These coordinates may
be quantitative scores, qualitative labels, or diagnostic sum-
maries derived from the tools discussed above. The goal is

not to impose a universal metric, but to make explicit which
aspects of evidence quality are being used to authorize ac-
tion.

The protocol is a map

Γ(E, s) ⊆ A, A =

{
deployment, targeted validation,
constrained rollout, deferral

}
,

where s denotes decision stakes such as downside risk, re-
versibility, exposure size, and cost of delay. Unlike an esti-
mator, Γ does not output a value estimate or a learned policy.
It restricts the set of actions whose evidentiary requirements
are met.

The three coordinates correspond to distinct admissibility
requirements. Relevance asks whether the offline evidence
measures the decision objective rather than only a proxy.
Transportability asks whether the conclusion applies in the
deployment setting rather than only in the logged, simulated,
or benchmark distribution. Reliability asks whether the
warranted action remains stable under residual uncertainty
and reasonable perturbations. Thus reliability is not generic
statistical precision; it is action stability.

The three axes are useful because admissibility failures
are typed rather than merely scalar. A relevance failure
suggests that the evaluation objective or metric should
be redesigned. A transportability failure suggests that
deployment-representative evidence or restricted exposure
is needed. A reliability failure suggests stress testing before
stronger action. The protocol therefore does not simply
lower confidence in a conclusion; it maps different failure
types to different weaker action scopes.

One simple instantiation is threshold-based. Let τ(s, a)
denote the minimum evidence requirements for action a
under stakes s. Then

Γ(E, s) = {a ∈ A : E ⪰ τ(s, a)},

where ⪰ denotes coordinatewise satisfaction of the required
relevance, transportability, and reliability levels. Higher-
stakes or less reversible actions require stronger evidence.

A natural consistency property is monotonicity: if the cur-
rent evidence authorizes a stronger action, such as deploy-
ment, it should also authorize weaker actions such as con-
strained rollout or targeted validation. Equivalently, stronger
actions should require weakly stronger evidence. This high-
lights the distinction between evaluation and authorization:
evaluation ranks candidate systems, whereas admissibility
determines the strongest online action the evidence can sup-
port.

Other implementations, such as audit-style checks, risk-
budget rules, or paradigm-specific diagnostics, can be
viewed as alternative ways of specifying the requirements
τ(s, a); we leave these examples to Appendix ??.
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From Offline Evidence to Online Action

The resulting action scopes have different commitments.
Deployment authorizes broad use; constrained rollout au-
thorizes limited exposure while collecting higher-fidelity
evidence; targeted validation authorizes tests aimed at a
specific weak axis; and deferral indicates that the current
evidence is not yet sufficient for online action.

Figure 2 gives a worked instantiation for the running LLM
example. The input is a positive benchmark signal for a can-
didate model; the evidence profile marks relevance, trans-
portability, and reliability as incomplete; and the resulting
action scope is targeted validation rather than deployment.
Thus the benchmark signal is not discarded, but assigned a
narrower role before user-facing rollout.

4. Relation to existing safe and robust
approaches

This framework is compatible with, but distinct from, safe
or conservative approaches in offline learning (Kumar et al.,
2020b; Jin et al., 2021; Xie et al., 2021; Laroche et al.,
2019). Such methods typically encode uncertainty, support
mismatch, or confounding into the objective, policy update,
or lower-bound estimate. Their goal is often to find a policy
that remains safe under a specified model of uncertainty.

The distinction is that conservative optimization typically
operates within an already admissible action class: it asks
which policy should be chosen or how much the update
should be penalized. Admissibility asks a prior question:
whether that action class should be available at all under
the current evidence. Thus a pessimistic method may rec-
ommend a conservative deployment, while the proposed
protocol may instead recommend targeted validation or de-
ferral when the evidence is precise but misaligned, non-
transportable, or action-unstable.

The protocol is therefore not a replacement for robust meth-
ods, but a decision layer that clarifies when and how their
outputs should be acted upon.

5. Conclusion
Offline evidence is indispensable in machine learning, but
evaluation outputs are not themselves decision rules. The
central question is therefore not only what the data suggest,
but what level of online action the evidence can support.
We framed this as an admissibility problem and proposed
a compact protocol based on relevance, transportability,
and reliability. The key point is that evidentiary failures
are typed rather than merely scalar: proxy mismatch, lack
of transportability, and action instability call for different
weaker actions. A useful offline evaluation pipeline should
therefore report not only estimates or uncertainty, but the
strongest action scope warranted by the available evidence.
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From Offline Evidence to Online Action

A. A weakly formal view of admissibility
The main text introduces an admissibility layer between offline evaluation and online action. Let π denote a candidate policy
or intervention, and let Doff denote the offline data available at decision time. Existing pipelines often aim to produce an
object such as

V̂ (π;Doff)

or an associated interval, ranking, or sensitivity statement. Such outputs do not by themselves determine the strongest
admissible online action.

We summarize the admissibility logic as

Doff −→ E(π;Doff) −→ Γ(E(π;Doff), s) ⊆ A,

where E(π;Doff) = (R, T, ρ) is the evidence profile, s denotes the stakes or decision context, A is the set of possible online
actions, and Γ returns the warranted action scope under the current evidence profile and stakes.

The key point is that Γ restricts action scope rather than selecting a single optimal action. This distinction matters because
similar offline estimates may warrant different actions when their failures occur along different axes.

B. Operational diagnostics and weaker actions
The diagnostics are not intended to produce universal scores. Their purpose is to identify which part of the offline evidence
blocks stronger action, and therefore what weaker action is appropriate.

Relevance. Relevance asks whether the offline result measures the quantity that the deployment decision actually cares
about. Typical checks include whether the proxy metric agrees with the target objective, whether the model ranking is
stable under alternative objectives, and whether the offline metric is predictive of downstream outcomes. These checks
are connected to work on surrogate outcomes, proxy metrics, offline-to-online evaluation and metric alignment (Athey
et al., 2019; Gilotte et al., 2018; Liang et al., 2022; Gilotte et al., 2018; Wilm & Normann, 2025). If relevance is weak,
the appropriate weaker action is usually targeted validation or metric redesign rather than broader exposure. Additional
deployment may otherwise collect more evidence about the wrong objective.

Transportability. Transportability asks whether the offline conclusion applies to the population or environment where the
action will be taken. Typical checks include support overlap, covariate or policy shift, external validity across environments,
and horizon mismatch for delayed outcomes. These checks are connected to causal transportability, dataset shift, off-policy
evaluation, exposure-bias correction, and invariance across environments (Pearl & Bareinboim, 2011; Bareinboim & Pearl,
2013; Quiñonero-Candela et al., 2009; Precup et al., 2000; Schnabel et al., 2016; Peters et al., 2016). If transportability
is weak while the objective is otherwise aligned, the natural weaker action is often constrained rollout or deployment-
representative data collection. The issue is not objective mismatch, but uncertainty about transfer to the deployment
population or environment.

Reliability. Reliability asks whether the recommended action class is stable under reasonable changes to the evaluation
pipeline. Typical checks include sensitivity to modeling assumptions, support restrictions, outcome horizon, missing
outcomes, and evaluator or prompt choices. These checks are connected to sensitivity analysis, missing-data analysis,
algorithmic stability, underspecification, and evaluation bias in language-model assessment (Rosenbaum, 2002; Imbens,
2003; Little & Rubin, 2019; Bousquet & Elisseeff, 2002; D’Amour et al., 2021; Zheng et al., 2023). If reliability is weak,
the appropriate weaker action is usually stress testing before stronger exposure. The issue is not only estimator variance, but
whether reasonable perturbations would change the recommended action class.

C. Cross-paradigm instantiations
The same admissibility structure appears across several offline evaluation settings. The goal of Table 1 is not to provide a
complete taxonomy, but to illustrate how different evidentiary failures can lead to different weaker actions even when the
offline signal itself appears positive.
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Paradigm R: relevance T : transportability ρ: reliability Action implication

Bayesian decision
making

Utility or loss mismatch Prior or environment
shift

Posterior sensitivity Targeted validation

RL / OPE Reward proxy mismatch Support or overlap limi-
tation

CI / estimator sensitivity Constrained rollout

Causal evaluation Outcome proxy mis-
match

Failed transportability Unobserved-confounding sen-
sitivity

Targeted validation

LLM evaluation Benchmark-objective
gap

Prompt / user-
distribution shift

Prompt or evaluator sensitivity Deferral or targeted
validation

Table 1. Examples of typed admissibility failures across evaluation settings. The final column indicates the weaker action typically
suggested by the dominant failure type.

Bayesian decision making. Bayesian decision analysis makes explicit that an action is justified relative to a utility or loss
function and a posterior distribution (Berger, 1985; Trimmer et al., 2011). In offline-to-online settings, this creates three
natural failure modes: the utility used for evaluation may not match the deployment objective; the prior or data-generating
environment may differ from the deployment setting; and the posterior recommendation may be sensitive to prior, likelihood,
or loss specification. Robust Bayesian analysis studies such sensitivity directly (Berger, 1994). Under the admissibility view,
posterior evidence may therefore justify targeted validation even when it is not yet strong enough to authorize deployment.

RL / off-policy evaluation. Offline reinforcement learning and off-policy evaluation use data collected under a behavior
policy to evaluate or learn a target policy before deployment (Precup et al., 2000; Levine et al., 2020; Radi et al., 2022).
A central evidentiary bottleneck is support overlap: if the behavior policy rarely visits the state-action regions used by
the target policy, the resulting estimate can be high-variance, biased, or poorly justified for deployment. High-confidence
and doubly robust OPE methods provide uncertainty quantification and variance reduction (Thomas et al., 2015; Kallus
& Uehara, 2020), but a positive estimate may still be inadmissible for full deployment when overlap is weak or estimator
sensitivity is high. In such cases, the weaker action is often constrained rollout or additional data collection under safer
exploration.

Causal evaluation. Causal evaluation asks whether an estimated effect supports an intervention in the target setting (Pearl,
2009). Relevance failures arise when the measured outcome is only a proxy for the decision objective; transportability
failures arise when an effect learned in one population or environment does not carry to another (Pearl & Bareinboim, 2011;
Bareinboim & Pearl, 2013); and reliability failures arise when conclusions depend strongly on untestable assumptions such
as no unobserved confounding (Rosenbaum, 2002). Under the admissibility view, causal evidence can be sufficient for
targeted validation or policy refinement without being sufficient for broad deployment.

LLM evaluation. Language-model evaluation often relies on benchmark suites, preference tests, or model-based evaluators
to summarize offline performance (Liang et al., 2022; Chang et al., 2024; Laskar et al., 2024). These evaluations can fail to
authorize deployment when benchmark tasks do not match the intended user objective, when prompt or user distributions
differ from production traffic, or when rankings are sensitive to prompt wording and evaluator choice. Recent work on
LLM-as-a-judge documents evaluator biases and instability that are directly relevant to this reliability axis (Zheng et al.,
2023). Under the admissibility view, a positive benchmark result may therefore support targeted validation or deferral rather
than user-facing rollout.

D. Relation to constraints and pessimistic objectives
A natural question is whether admissibility is merely another form of constraint or pessimism in offline optimization.
This question is natural because robust optimization and pessimistic offline learning also restrict actions under uncertainty
(Ben-Tal & Nemirovski, 2002; Kumar et al., 2020a; Jin et al., 2021).

The distinction is one of decision level. Constraints and pessimistic objectives typically operate after an action class has
already been accepted as available. By contrast, admissibility asks whether that action class is warranted at all under the
current evidence.

This distinction matters because admissibility may recommend a different kind of weaker action rather than a more
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conservative deployment. For example, proxy mismatch may call for targeted validation, whereas weak transportability may
call for constrained rollout. Even highly accurate evaluation does not remove this step: a precise estimate of the wrong
objective, the wrong population, or an unstable action recommendation may still be inadmissible for deployment.

E. Implementation choices
The main text uses a threshold-based admissibility rule because it makes the connection between evidentiary failures and
weaker actions explicit. Other implementations are possible, such as checklist-based review or continuous risk scores, as in
broader work on model cards, datasheets, and risk management frameworks (Mitchell et al., 2019; Gebru et al., 2021; AI,
2023). These are implementation choices rather than part of the paper’s core conceptual claim.
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