Position: Offline-Dataset Evaluation for Online
Decision-Making Needs an Identification Standard

Anonymous Authors'

Abstract

Offline reinforcement learning, offline black-box
optimization, contextual bandits, and Bayesian
optimization all share a common evaluation chal-
lenge: a method’s reported performance on a
logged offline dataset is treated as evidence about
how the method will perform when deployed on-
line. We argue this transfer is observationally
equivalent under three distinct mechanisms that
current evaluation cannot separate: distribution-
shift artifact, dataset-coverage artifact, and gen-
uine policy improvement. The same offline-
evaluation score can be rationalized by any com-
bination of these three mechanisms, so a high
offline score alone cannot identify which one
will generalize to online deployment. We for-
malize this as a non-identification result, conduct
a cross-domain audit of the principal offline-to-
online literature documenting where the identifi-
cation gap is largest in each subfield, propose a
four-item identification standard that offline-to-
online papers should disclose, and argue that the
cross-domain perspective sharpens the standard
by showing how the same identification problem
manifests differently across offline RL, offline
BBO, off-policy evaluation, and Bayesian opti-
mization. The standard is cheap to apply, draws
on quantities offline papers already collect, and
gives reviewers a common vocabulary for evalu-
ating online-deployment claims.

1. Introduction

Offline decision-making research has become a central pro-
gram at the intersection of machine learning, optimization,
and applied science. Offline reinforcement learning trains
policies from logged trajectories without environment inter-
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action (Levine et al.| |2020; [Kumar et al.|, [2020; [Kostrikov
et al.,[2022)). Offline model-based optimization fits surrogate
models to a fixed dataset and proposes designs by optimiz-
ing the surrogate (Trabucco et al.| 2022). Off-policy eval-
uation in contextual bandits estimates the expected return
of new policies from logged decisions made under a behav-
ior policy (Dudik et al.,|2014; Swaminathan & Joachims|
2015). Bayesian optimization on offline initializations de-
cides where to sample next from a prior dataset (Shahriari
et al., 20165 |Snoek et al., 2012} [Frazier, [2018)). The shared
task across these subfields is to use offline data to inform
online decisions.

Each subfield evaluates progress by reporting performance
on standard offline-evaluation protocols and concluding that
the proposed method is preferable for downstream online
deployment. What this evaluation pattern does not establish
is that the reported gain identifies a policy improvement
that will transfer online rather than something else. A 5
percent improvement in offline-policy value estimate could
reflect a genuinely better policy. It could equally reflect
a distribution-shift artifact whose direction would reverse
under different state visitation. It could reflect a dataset-
coverage artifact that would disappear with broader logged
behavior. The three explanations are observationally equiva-
lent under the headline statistic. The methodological litera-
ture has produced strong fidelity results in many cases. It
has not systematically established identification of online
improvement.

Position. Offline-to-online decision-making papers should
disclose an identification strategy alongside their offline-
evaluation results. A reported offline score is not, by itself,
evidence of online improvement. It becomes such evidence
only when the paper articulates which observationally equiv-
alent alternatives are excluded by the experimental design.

This position is adapted from econometrics (Angrist et al.}
1996;; Imbens, [2020; [Pearl, 2009)), where the distinction
between prediction and identification is foundational. Our
contribution is to specify what an offline-to-online identifi-
cation disclosure should contain across the diverse subfields
the workshop convenes, and to use cross-domain compari-
son to show that the same identification problem manifests
in subtly different ways across offline RL, offline BBO,
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off-policy evaluation, and Bayesian optimization.

Contributions. First, we formalize a three-mechanism ob-
servational equivalence result for offline-to-online transfer
and show that score-based evidence alone does not sepa-
rate the mechanisms (Section [2). Second, we conduct a
cross-domain audit comparing how the identification gap
manifests in offline RL, offline BBO, off-policy evaluation,
and Bayesian optimization, and present a landscape view
of which mechanism dominates in each (Section 3. Third,
we propose a four-item identification standard suitable for
inclusion in workshop and conference papers across these
subfields (Section E]) Fourth, we discuss limitations and
alternative views (Section [6)).

2. The Observational Equivalence Result

Let V(ﬂ; D) denote the offline-evaluation score of a can-
didate policy or proposed design 7 given offline dataset D
collected under behavior policy . The standard offline-to-
online paper reports the difference A = V (m; D)~V (7'; D)
between two methods 7 and 7’ on a chosen dataset D. The
substitution claim is that this difference identifies the rela-
tive online-deployment advantage of 7 over 7’.

We decompose the offline-evaluation score into three addi-
tive components:

V(W; D) = fshift(ﬂy ﬂ) + YGeov (ﬂa D) + hpnlicy (ﬂ) (1)

where fyir (7, 8) captures distribution-shift artifact arising
from the gap between the candidate’s induced state distribu-
tion and the behavior policy’s logged distribution, geoy (7, D)
captures dataset-coverage artifact arising from how well D
supports counterfactual evaluation of 7’s decisions, and
hpoticy () is the genuine online-deployment value of inter-
est.

The observed offline score gap is then

Path A: distribution-shift artifact
( fsnin dominant)

Path B: coverage artifact Reported
(geov dominant) online preference
Substitution claim
not licensed by A

Same offline
score gap A

Path C: online improvement
(hpolicy dominant)

Figure 1. Observational equivalence in offline-to-online evaluation.
Three distinct mechanisms can produce the same observed offline
score gap A. A reported online-deployment preference is licensed
only when the paper provides exclusion restrictions that rule out
two of the three mechanisms.

et al., 2020; [Kostrikov et al.,[2022) address one slice of this
concern by constraining policies to stay near the data, but
conservative behavior is itself a methodological choice that
introduces its own coverage assumption rather than dissolv-
ing the identification problem. Pessimism-based offline RL
(Xie et al., [2021; Jin et al., [2021)) similarly addresses one
mechanism without identifying the others.

3. Cross-Domain Audit: Where Identification
Fails Most

Different subfields of offline-to-online research have differ-
ent dominant identification gaps. Understanding the cross-
domain landscape sharpens the proposed standard because
it shows which exclusion restriction is most load-bearing in
each setting.

3.1. Offline Reinforcement Learning

The dominant gap in offline RL is distribution-shift. Policies
trained on a fixed trajectory dataset induce state-visitation
distributions that differ from the behavior policy that col-
lected the data, and the offline value estimate over the behav-
ior distribution can diverge sharply from the online return.
The literature has responded with conservative methods

A= fshift (ﬂ_a B) *fshift (7T/a ﬁ) + gcov(’fra D)fgcov(’]r/a D) + hpolicéé ;g flf )hglorhncpzzl’”]c ‘? .Q—learmng (IQL)’ and pesmmmm-based

distribution-shift coverage

@

Observational Equivalence Proposition. For any ob-
served A on a single (D, ) pair, multiple combinations
of (fsnift> Geovs Popolicy) rationalize the same A. The reported
gap alone does not identify the share attributable to genuine
online improvement.

This is the standard non-identification result for additively
separable systems without exclusion restrictions. The substi-
tution claim that A > 0 implies 7 will outperform 7’ online
requires the additional assumption that distribution-shift and
coverage artifacts contribute zero, on average, to A. This
assumption is rarely stated and almost never tested. Conser-
vative offline-RL methods such as CQL and IQL (Kumar|

constrain candidate policies to stay near

onfiye igptavemanifold. Cross-comparison studies of offline RL

algorithms (Fu et al.l 2021) have repeatedly surfaced that
headline ordering on D4RL (Fu et al., |2020) is sensitive to
behavior-policy regime in ways the headline tables do not
communicate. The relative ordering of CQL, IQL, BCQ,
and BC variants can shift across medium, medium-replay,
and expert variants of the same task.

3.2. Offline Black-Box Optimization

The dominant gap in offline BBO is coverage. The surrogate
model is fit on a fixed offline dataset of designs and their
evaluations, and the offline-evaluation score of a proposed
design is the surrogate’s prediction at that design. If the
proposed design is in a region of low data support, the sur-
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rogate prediction can be high without the true value being
high. Design-Bench (Trabucco et al.| [2022) surfaces this
through tasks where the offline dataset’s coverage of the
design space is the binding constraint, including supercon-
ductor and TF-Bind tasks where the optimum lies outside
the training-data envelope. The literature has responded
with conservative model-based optimization, normalized
maximum likelihood approaches, and explicit constraint
formulations that restrict proposed designs to stay near the
data, but these responses themselves embed coverage as-
sumptions rather than identifying online improvement.

3.3. Off-Policy Evaluation in Contextual Bandits

The dominant gap in OPE is the joint variance of estima-
tors that share the offline-online reduction. Doubly robust
estimation (Dudik et al.,[2014) and counterfactual risk min-
imization (Swaminathan & Joachims, 2015) reduce vari-
ance under specific assumptions, but reported policy val-
ues can still differ across estimators on the same logged
data, indicating that the online value is not identified by
the offline-evaluation alone. Open Bandit Pipeline (Saito
et al.l 2021)) provides standardized logged-bandit feedback
datasets where comparing OPE estimators on the same data
reveals the joint sensitivity to logging policy and estimator
class.

3.4. Bayesian Optimization

The dominant gap in offline-warm-started Bayesian opti-
mization is sequential decision interaction: the next-point
selection depends on the prior dataset’s coverage, the GP
kernel choice, and the acquisition function, and the offline-
validation score of a BO policy is in general not what the
same BO policy will produce online. Reviews of BO prac-
tice (Shahriari et al., [2016; [Frazier, [2018) document this
through the well-known sensitivity of BO trajectories to
kernel and acquisition choice in the early-iteration regime
where offline initializations dominate the search.

3.5. Cross-Domain Comparison

Figure [2] positions the four subfields in a (coverage gap,
distribution-shift gap) plane. Offline RL occupies the high-
shift region; offline BBO occupies the high-coverage region;
OPE and Bayesian optimization sit at intermediate positions.
The implication for the four-item standard is that the relative
weight of the four items differs across subfields. An offline
RL paper is most usefully challenged on cross-behavior-
policy stability. An offline BBO paper is most usefully
challenged on cross-coverage stability. An OPE paper is
most usefully challenged on within-estimator-class robust-
ness across logging policies. A Bayesian optimization paper
is most usefully challenged on sensitivity of acquisition
behavior across initialization regimes.
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Figure 2. Cross-domain identification landscape. Each subfield
occupies a different region of the (coverage gap, distribution-shift
gap) plane. Offline RL faces the highest distribution-shift chal-
lenge. Offline BBO faces the highest coverage challenge. OPE and
warm-started Bayesian optimization sit in intermediate regimes
where both gaps matter. The four-item standard adapts to each
subfield by emphasizing the exclusion restriction most relevant to
its location.

4. Four-Item Identification Standard

‘We propose that offline-to-online papers report four items
alongside their offline-evaluation results.

Item one. Cross-behavior-policy stability. The paper
reports the headline contrast on at least two datasets col-
lected under substantively distinct behavior policies (for
example, medium-replay versus expert-replay variants of
the same D4RL task; or for OPE, logged data from at least
two distinct logging policies). The exclusion restriction be-
ing imposed is that distribution-shift artifact does not reverse
direction across behavior policies. If the relative ordering
of methods does reverse, the paper states this explicitly and
discusses what the reversal implies about the underlying
mechanism.

Item two. Cross-dataset-coverage stability. The paper
reports the headline contrast on dataset variants that span at
least three substantively distinct coverage regimes (for ex-
ample, narrow expert data, broad medium data, and random
data; or for offline BBO, datasets stratified by initial design
diversity). The exclusion restriction is that coverage artifact
does not reverse direction across regimes.

Item three. Online-validation evidence. Whenever feasi-
ble, the paper reports at least one online-rollout evaluation
of the policies whose offline gap it reports, even at small
scale. The exclusion restriction is that the offline gap is
consistent in sign with the online-rollout gap. When online
evaluation is infeasible, the paper explicitly states this and
discusses how online behavior should be expected to track
or diverge from the offline result.

Item four. Honest gap assessment. The paper reports the
across-seed standard error of the offline score and explicitly
states whether the headline gap exceeds it. If the gap is
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Table 1. Four-item identification standard for offline-to-online
decision-making. Each item provides an exclusion restriction
that rules out one mechanism as the dominant explanation of the
observed offline gap.

Item Mechanism ex- Required evidence
cluded
Cross-behavior-  Distribution- Same ordering

policy stability shift artifact across > 2 behavior-
policy regimes

Cross-coverage Coverage arti- Same ordering

stability fact across > 3 coverage

regimes

Online-validation Offline-online At least one online-

evidence divergence rollout consistency
check

Honest gap assess- Noise misattri- Headline gap >

ment bution across-seed standard

€rror

comparable to the standard error, the paper either reports
more seeds to tighten the estimate or marks the contrast as
not yet identified.

These four items are computable from quantities offline-
to-online papers already collect. The marginal effort of
disclosure is the explicit articulation of which exclusion
restrictions are being assumed and which are being tested.

5. Why Offline-to-Online Needs This Now

The case for adopting an identification standard now is struc-
tural. Offline-to-online evaluation operates in a small-gap
regime where reported method differences are routinely
comparable to the noise floor of the evaluation. Repro-
ducibility audits across offline RL benchmarks have repeat-
edly surfaced that headline results depend on seeds, hy-
perparameters, and dataset version in ways that headline
tables do not communicate. The combination of small effect
sizes, dataset-version sensitivity, and online-deployment rel-
evance is exactly the configuration in which observational
equivalence becomes a practical rather than a philosophical
concern.

The cross-domain perspective also strengthens the case.
When the same identification problem manifests across of-
fline RL, offline BBO, OPE, and Bayesian optimization, a
domain-specific patch in any one subfield risks missing the
deeper issue. A standard that travels across subfields gives
the four communities a shared vocabulary for discussing
transferable methodological lessons.

Adoption of an identification standard would also strengthen
the cumulative character of the field. Papers that report
exclusion-restriction tests give downstream researchers and
reviewers a basis on which to integrate findings across stud-
ies. Papers that report only headline contrasts force sub-

sequent work to repeat or guess at the implicit exclusion
structure.

6. Limitations

The proposal is a reporting standard rather than a new techni-
cal contribution. The four items prescribe disclosure rather
than experimental design; authors who satisfy the items
mechanically without engaging the underlying logic will
produce uninformative reports. The prescribed thresholds
are starting points rather than canonical values; commu-
nity calibration is an open question. The proposal does not
address training-data contamination of LLM-based offline
policies, which is a separate identification failure with its
own disclosure literature (Ishida et al.,[2026). The proposal
is also focused on aggregate metrics and does not directly
address fairness or subgroup considerations, although the
same identification logic applies subgroup by subgroup.
Online-validation evidence may be infeasible in some ap-
plication domains; the disclosure remains valuable in such
cases because it forces explicit acknowledgment of the con-
straint. The cross-domain landscape sketched in Figure[2]
is qualitative rather than quantitative; calibrating subfield
positions empirically is a useful direction.

7. Alternative Views

Existing offline-evaluation protocols are sufficient. One
view is that protocols such as D4RL and Design-Bench
have established themselves as adequate proxies for online
deployment, and that the field’s iteration speed is itself
evidence that this signal is informative. We accept that
these protocols have driven progress; we argue that the
small-gap regime in which the offline-to-online community
now operates is precisely where observational equivalence
becomes binding, and that past adequacy does not guarantee
future adequacy.

Conservative offline methods already address this. A
second view is that conservative offline RL and constraint-
based offline BBO already address the distribution-shift
concern through their methodological design. We agree
that conservative behavior is an important methodological
response; we argue it is a response within one of the three
mechanisms (a coverage-aware modeling choice) rather than
a way to identify the contributions of the other two. Conser-
vative methods can themselves benefit from explicit identifi-
cation disclosure.

Disclosure is unenforceable. A third view is that voluntary
disclosure standards are routinely ignored, so the proposal
will not change practice. We accept the risk and note that
the proposal is structured to be enforceable at the workshop
and venue level through reviewer checklists, in the manner
of existing reproducibility checklists.
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Cross-domain framing is too broad. A fourth view is that
subfields are different enough that a unified standard will
not fit any of them well. We accept the pluralism objection
in part; we argue that the four-item standard is intentionally
lightweight and adapts to subfield context (Section [3), and
that the cross-domain framing surfaces the shared mecha-
nism that subfield-specific patches risk obscuring.

8. Related Work

The four-item identification standard is structurally anal-
ogous to documentation standards elsewhere in machine
learning evaluation. Datasheets for datasets (Gebru et al.|,
2021) prescribe metadata for the training artifacts. Model
cards (Mitchell et al.,|2019) prescribe disclosure for the re-
sulting models. Audit cards (Staufer et al., [ 2025)) extend this
to evaluation pipelines. Benchmark design audits (Reuel
et al., 2024) prescribe internal-quality criteria for individual
benchmarks. Within the offline RL and offline BBO commu-
nities, surveys including|Levine et al.[(2020) and [Trabucco
et al.| (2022) have emphasized the importance of careful
evaluation. Within Bayesian optimization, methodological
reviews (Shahriari et al.| 20165 [Frazier, [2018)) have surfaced
the sensitivity of reported gains to design choices that the
headline numbers do not communicate. No existing instru-
ment addresses the specific question of whether the offline
score-gap evidence presented in support of a method actu-
ally identifies an online improvement rather than a behavior-
policy or coverage interaction. Our proposal complements
rather than replaces these existing instruments.

9. Conclusion

Offline-to-online decision-making research has produced
methodologically important advances in offline RL, offline
BBO, off-policy evaluation, and Bayesian optimization. The
evaluation literature on which these advances are assessed
has not yet absorbed the lesson that small reported offline
gains in a noisy benchmark ecosystem do not, by themselves,
identify online improvement. The cross-domain audit shows
that the same identification problem manifests in different
but recognizable ways across the four subfields. The four-
item identification standard is a small intervention in this
gap. It asks offline-to-online papers to make explicit what
their experimental design assumes and what it tests. The
marginal cost is modest. The downstream value is the ability
of reviewers, downstream researchers, and practitioners to
read a reported contrast as evidence about online deploy-
ment behavior rather than as a single observation drawn
from an unknown joint distribution of mechanisms.

Disclosure of LLM Use

Large language models were used during manuscript prepa-
ration for grammatical revision and citation formatting. All
argumentative content, claims, and the position advanced in
this paper were authored by the human author, who takes
full responsibility for the content.
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