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Abstract

Offline policy evaluation (OPE) is often used to screen policies learned from
observational data before deployment. With hidden confounding, an unobserved
episode-level variable may affect behavior actions, state transitions, and rewards;
observed-state OPE can then overestimate policies whose interventional values are
lower. Because this setting is nonidentifiable without additional assumptions, we
do not pursue hidden-variable recovery or certified causal value bounds. We instead
study a deployable reliability target: reducing optimistic screening errors from
one observational dataset. We introduce GeoSCOPE, a proxy-only estimator that
adds local, one-sided pessimism to standard FQE. Observation-compatible latent
worlds are used only at design time to identify stable, ambiguous, support-fragile,
and value-inflated action-value patterns. At evaluation time, GeoSCOPE replaces
these oracle roles with observable local-geometry and support proxies, forms a
proxy-cautious Bellman reference, and projects only positive gaps. In oracle-
evaluable hidden-confounded Sepsis and Two-Corridor experiments, GeoSCOPE
reduces optimistic and selected-policy overestimation relative to standard FQE and
pessimistic or robust adaptations, exposing a reliability—accuracy tradeoff without
using hidden variables, compatible-world indices, true values, or oracle labels.

1 Introduction

Offline policy evaluation (OPE) is often the screening step before policies learned from observational
data are considered for deployment [36, 35, 14, 8, 38]. That screening role becomes fragile when the
observed state omits a hidden confounder. Such a variable can directly affect the behavior policy’s
action choices, the state transitions, and the reward. The behavior policy may then select actions using
information that the offline evaluator and the target policy will not observe. Even after conditioning
on the same observed state and action, the recorded transitions and rewards can be averages over
latent groups selected by the behavior policy.

The resulting problem is structural bias, not just finite-sample uncertainty. More data from the same
observational process, or reweighting that conditions only on observed states, does not change the
latent mixture in the data. A target policy that cannot observe the confounder may face a different
mixture after deployment. The screening failure we focus on is optimistic overestimation: the
Preprint.



evaluator gives a policy credit for favorable outcomes selected into the behavior data, and the policy
is promoted because its estimated value is too high. In safety-critical domains such as healthcare, this
error direction matters more than symmetric accuracy alone.

Without additional assumptions, hidden-confounded OPE is nonidentifiable: the same observed
trajectory law can be compatible with different latent mechanisms, and those mechanisms can
assign different values to the same observed-state target policy [30, 31, 2, 7]. Because of this
nonidentifiability, we do not try to recover the hidden confounder, identify the true latent mechanism,
or certify a causal lower bound. Our goal is narrower: given one observational dataset, can an
evaluator reduce optimistic screening errors relative to standard observed-state OPE? This is a
reliability target, not an identification claim.

Scalar uncertainty alone misses part of this failure mode because fitted OPE methods build a policy
score from many local estimates. In FQE, for example, the reported value is aggregated from estimates
Q7 (s, a) over observed states and actions [10, 40, 1]. Hidden confounding can make a small region
look too favorable because the corresponding actions were mostly taken by a favorable latent group.
That region need not dominate average error bars, but policies that place probability mass on it can
still be over-scored. We therefore study the geometry of learned action values: the local pattern that
helps separate estimates that appear stable from those that are ambiguous, support-fragile, or inflated.

We use observation-compatible latent worlds to analyze this failure mode [29, 28, 3, 41]. Compatible
worlds are alternative latent factorizations of the same marginalized observational law. They agree
on observed data, but can imply different counterfactual values and action-value relations. These
worlds are not available to a deployed estimator; they are a design-time lens for studying what stable
anchors, ambiguous relations, support-fragile regions, and value-inflated failures look like before
replacing those oracle roles with observable proxies.

GeoSCOPE is the deployable version of this idea. It is not a generic pessimism penalty: it constructs
local-geometry and support proxies from standard FQE and the observed data, forms a proxy-cautious
reference, and projects only positive gaps:

Qceoscorr = Min{Qsed, Qref }-

The projection is local because hidden-confounding distortion is heterogeneous, and one-sided
because positive value gaps are the screening failure of interest. Stable local structure moderates
the correction, so caution does not collapse into uniform shrinkage [19, 39, 15]. At evaluation time,
the estimator uses no hidden variables, compatible-world indices, true values, oracle role labels,
policy-family labels, or confounding-strength labels.

We evaluate GeoSCOPE in two oracle-evaluable hidden-confounded environments: a diabetes-
confounded Sepsis simulator [32] and the Two-Corridor environment with exact hidden-state dynamic-
programming values. These settings are needed because optimistic OPE error requires true interven-
tional values and is not directly observable in ordinary real-world observational data. We compare
ordinary OPE, uncertainty-based LCB adaptations, global pessimism, CVaR-FQE, Delphic-LCB
diagnostic baselines, and GeoSCOPE [11, 21, 6, 29]. The comparison separates three failure modes:
accuracy-oriented estimators can retain optimistic violations despite moderate absolute error, robust
lower-tail methods reduce optimism only with a large accuracy cost, and compatible-world LCB
baselines are calibration sensitive. In the main settings, GeoSCOPE drives mean optimistic over-gap
close to zero and reduces selected-policy overestimation, while making the reliability—accuracy
tradeoff explicit.

Contributions.

* We frame hidden-confounded observed-state OPE around optimistic screening error, a
deployment-relevant reliability target distinct from symmetric accuracy and from certified
causal identification.

* We use observation-compatible latent worlds to diagnose local action-value patterns—stable,
ambiguous, support-fragile, and inflated—that explain how hidden confounding can mislead
policy screening.

* We introduce GeoSCOPE, a proxy-only positive-gap projection estimator that constructs
observable local-geometry and support proxies, forms a proxy-cautious reference, and
applies asymmetric correction from single-dataset inputs.



* We evaluate GeoSCOPE in oracle-evaluable hidden-confounded Sepsis and Two-Corridor
settings, showing reduced optimistic and selected-policy overestimation and an explicit
reliability—accuracy tradeoff.

2 Hidden-confounded OPE and diagnostic compatible worlds

2.1 Observed-state OPE with a hidden trajectory variable

We study episodic off-policy evaluation from observational trajectories [35]. Each episode draws
an unobserved variable u ~ v, which remains fixed throughout the trajectory. The initial-state,
transition, and reward mechanisms may depend on u. The behavior policy also observes u, so actions
are sampled from 7, (a | s,u). The offline dataset, however, contains only observed states, actions,
rewards, and next states, and the target policies evaluated in this paper are observed-state policies
m(a | s). Figure 1 depicts this structure.
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Figure 1: Hidden-confounded observed-state OPE. The behavior policy and environment depend on
a latent trajectory variable u, but the offline evaluator observes only (s, a, r, s’) trajectories and target
policies condition only on s.

For an observed trajectory 7 = (sg, ag, 7o, - - - , ST, a1, 7T, ST+1), the Observational data are sampled
from the marginal behavior law
T
Povs(T) = Zl/(u)po(so | u) Hﬁb(at | st,uw)P(re, Se41 | Sty ar,w).
u t=0

The learner observes samples from P,y,s, but not the latent variable or the conditional factors inside
the mixture. The issue is therefore not simply that the state is incomplete. At a fixed observed
pair (s, a), the empirical conditional P,s(r, s’ | s, a) averages over latent groups selected by the
behavior policy. A target-policy intervention changes the action mechanism and may change this
latent mixture. Bellman backups computed only from observed states may then use the wrong mixture
for the target policy. We use standard observed-state OPE terminology here; related estimators include
density-ratio, generalized stationary-value, minimax, and double-RL methods [26, 42, 37, 16].

2.2 Nonidentifiability and the reliability target

The interventional value of an observed-state target policy is defined under the target-policy interven-

tion:
T
zwt] ,
t=0

where Eps » samples u ~ v, sg ~ po(- | w), ay ~ 7(- | s¢), and (¢, s441) ~ P(- | 8¢, ae,w) for
t = 0,...,7. In hidden-variable causal models, this quantity is not generally identified by the
marginal observational law P, [30, 31].
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Classical nonidentifiability. The complete identification criterion for recursive semi-Markovian
causal models states the relevant limitation: when an intervention is not identifiable, two latent
causal models can share the same observational distribution but differ under intervention [34]. For
our finite-horizon setting, viewed as an unrolled causal graph, the same observed trajectory law
can therefore be compatible with different latent mechanisms that assign different values to the
same target policy. This result is used only to set the scope of the paper; it is not a new theoretical
contribution.



We therefore do not attempt to recover the hidden variable, identify the true latent mechanism, or
produce a certified causal lower bound. Instead, we study a weaker but deployable objective: reducing
optimistic screening errors when an evaluator must operate on a single observational dataset. For a
target policy m, the dangerous error is the positive estimation gap
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because it can cause offline screening to promote an overestimated policy. This leads to the metrics in
Section 5: violation rate and mean over-gap for reliability, mean absolute error for accuracy, and an
appendix under-gap measure that separates conservative underestimation from other accuracy costs.

2.3 Compatible worlds as a diagnostic lens

To see how nonidentifiability appears in learned value functions, we use observation-compatible
latent worlds. A compatible world

w = (uun Vs PO,w Py, 71'b,w)
is a latent factorization that induces the same marginalized observational trajectory law:
T

Povs(1) = Y vaw(w)po,u(s0 | @) [ ] moawla | se,u) Pu(re, sesn | se,ar,w).
u€U,y, t=0

Two compatible worlds agree on all observed trajectory probabilities but may assign different
interventional values and action-value functions to the same observed-state target policy.

In practice, we cannot enumerate all compatible worlds. We therefore train a finite, empirically

compatible diagnostic family W(D) = {w, ..., wk } from the observed trajectories, treating it as
an empirical approximation to alternative latent factorizations of the same observational data. The
family is for mechanism analysis only; Section 4 replaces compatible-world access with observable
proxies. Latent-variable causal representation learning provides related diagnostic background [22];
Appendix A.4.1 gives the construction details and data-access assumptions.

Compatible worlds are a diagnostic device, not a deployment-time estimator. The simulator
confounding-strength parameter « is not a compatible-world index. Changing « creates a different
stress-test data-generating process; compatible worlds instead refer to alternative latent factorizations
of a fixed observed trajectory law.

With this setup, the next section asks which local action-value relations remain stable across compati-
ble explanations and which become distorted.

3 Compatible-world diagnostic of action-value geometry

Section 2 shows that the same observed trajectory law can admit multiple latent explanations. Here
we use the finite compatible-world family as a design-time diagnostic rather than a route to the true
latent world. The goal is to see where unresolved hidden confounding enters the learned action-value
function, and what that implies for an evaluator that must later operate only on observed data.

3.1 Why value relations, not point estimates

Hidden confounding makes the target-policy value nonidentified, but the OPE failure that matters for
policy screening is more specific than scalar uncertainty [17, 18, 4, 5, 27]. Offline screening ranks
policies through learned value relations. A value function can therefore be misleading even when its
average pointwise movement is small. Conversely, pointwise values can move substantially while
preserving the relations that determine policy comparison.

Two elementary cases make this concrete. If every compatible latent world shifts all action values
by a world-dependent constant, pointwise values vary while all pairwise action-value relations are
preserved. If only a small local region changes across worlds, the average pointwise movement
can be arbitrarily small even though the affected local relation changes by order one. Pointwise
movement is therefore neither necessary nor sufficient for detecting control-relevant distortion.
Formal constructions and proofs are given in Appendix A.S. These cases motivate a relation-level



diagnostic: instead of asking only how much individual )-values move, we ask whether the local
action-value geometry used for policy comparison is stable across compatible latent explanations.

3.2 Pairwise action-value geometry under compatible worlds

For a compatible latent world w, let g7 (s) = (QT (s, a))qc.4 denote the action-value profile of state
s. We diagnose relation-level stability through the pairwise Mean Q-gap

1
G (siys5) = Al > 1@ (sia) — QL (s5,a)] -
acA
Intuitively, GT,(s;, s;) measures how far apart two observed states are in their action-value profiles
under world w. We use this quantity only to inspect whether local value geometry remains stable
across compatible explanations. It is not an OPE estimator, and GeoSCOPE does not use it at
deployment time. We use a uniform action average because this section diagnoses the geometry of
the learned -function itself, rather than the value of a particular policy-induced action distribution.

3.3 Mechanism roles revealed by localized distortion

We summarize the compatible-world analysis with three signals computed only after the fact: cross-
world relation distortion, empirical support, and directional value shift (roughly, instability across
compatible worlds, observed-data coverage, and signed changes in local value relations; formal
definitions are in Appendix A.4.2). In this analysis, the signals separate several local behaviors
under hidden confounding [20, 23, 33]. Some local relations remain stable and supported, some
are supported but ambiguous across latent explanations, some are dominated by weak observational
support, and some show concentrated value inflation. We refer to these cases as mechanism roles:
explanatory categories used to motivate the design, not labels available to GeoSCOPE at deployment
time.

Table 1: Compatible-world mechanism roles and their design implications. The roles are post-hoc
diagnostic prototypes, not deployment-time labels.

Role Compatible-world signature Design implication
Stable anchor Stable relation geometry; adequate support Offset unnecessary caution
Ambiguous relation Supported but unstable across worlds Activate caution
Support-fragile relation ‘Weak observed support Guide pair construction and diagnostics
Value-inflated failure Local distortion or optimistic inflation Motivate positive-gap projection
A. Cross-world relation distortion B. Support fragility C. Directional shift
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Figure 2: Compatible-world evidence for localized mechanism roles. The panels report post-hoc
oracle diagnostics used only for analysis: cross-world relation distortion, support fragility, and
directional shift. State pairs are grouped by explanatory prototypes. GeoSCOPE does not receive
these labels; Section 4 replaces them with observable proxies.

Figure 2 gives a compact empirical check of this taxonomy. The four groups separate in the three-
signal space: stable anchors combine low distortion with adequate support, ambiguous relations have
support but high distortion, support-fragile relations lack coverage, and value-inflated failures show
directional optimistic shift. The point is not to recover these groups at deployment, but to make the
design target explicit before replacing them with observable proxies in Section 4.

3.4 From diagnostic roles to design requirements

The compatible-world analysis is not a deployment procedure. Its useful output is a set of design
constraints for a proxy-only evaluator that must work without the latent mechanism. Pessimism



should be local: distortion is heterogeneous across state pairs, so a global penalty would also shrink
regions that appear stable. Correction should be asymmetric, since the screening failure is optimistic
overestimation rather than arbitrary scalar error. This is why uncertainty-only penalties can remain
misaligned when the bias is structural rather than sampling-driven. Finally, stable local anchors
should offset ambiguity; without them, caution reduces to uniform shrinkage. Section 4 implements
these constraints with observable single-dataset proxies.

4 GeoSCOPE: mechanism-guided positive-gap projection

GeoSCOPE implements the three requirements identified in Section 3.4: locality, asymmetry, and
role preservation. The estimator receives only the observed dataset and a target policy; it does not
observe hidden confounders, compatible-world indices, confounding strength, true values, oracle
diagnostic labels, policy-family labels, or evaluation outcomes [25, 13].

The bridge from compatible-world roles to single-dataset proxies is empirical rather than identifying.
Appendices C.5 and C.6 report proxy-to-mechanism enrichment, cross-fitting, and sensitivity checks;
these support role alignment but do not constitute a causal lower-bound or proxy-identification
guarantee [24].

4.1 Observable role proxies

For each nearby observed state pair (s;,s;), GeoSCOPE computes an observable pair score
Sproxy (Si, 8;) from local action-value geometry and empirical support:
Sproxy (8i; 85) = R(sep(si, sj) + amb(s;, s;) + supp(si, s;)) -

Here R rank-normalizes over the current pair table: sep scores learned action-value separation,
amb scores disagreement between value-distance, observed-state distance, and support, and supp
scores weak empirical support. Low scores indicate stable nearby anchors and high scores indicate
ambiguous or support-fragile nearby relations; full formulas, fixed hyperparameters, and sensitivity
checks are in Appendices A and C.6.

Let giow and guign be the lower and upper quartiles of Sproxy among nearby pairs, where near is a
fixed observed-distance neighborhood rule. We define

Hgate = {(8i,55) : near(s;, s;5), Sproxy (Si,5j) < Qlow}

Huia = {(si, s;) : near(s;, s;), Sproxy(Sis ;) > Gnigh}-
Low-score nearby pairs serve as stable local anchors, while high-score nearby pairs serve as ambiguity
evidence. We aggregate pair evidence into state-level scores,

psafe(s) X Z (]- - Sproxy(saj))» pmid(s) X Z Sproxy(svj)‘
(Svj)eHsafe (Syj)eHmid

Both state scores are rank-normalized to [0, 1] after aggregation. Support scarcity enters the final
projected estimator through the pair score and nearby-pair construction; it is not an additional
multiplicative projection gate in the main estimator.

4.2 Proxy-cautious reference

The state-level gate compares ambiguity evidence against stable local evidence:

pmid(s) - psafc(s)
Graw\S) = ) mid\S) = N Graw (S .
( ) pmid(s) ¥ psafe(s) Fe n ( ) ([ ( )]+)
Here NV is a fixed positive-tail normalization to [0, 1], not tuned using true values or OPE outcomes.
Thus stable anchors reduce the ambiguity gate, and caution is activated only when ambiguity
dominates nearby stable evidence.

We then solve a proxy-cautious reference

Q?ef(&a) = (1 - nmid(s)) f(sa a) + PYZ p(8/|57a) Zﬂ—(a/"gl) ;ref(s/’ a/)

a’



This reference is an operational benchmark for what standard FQE can justify under observed
geometry. It is not the final estimator, is not a certified lower bound, and need not be pointwise below
standard FQE; the one-sided correction comes from the subsequent minimum projection.

4.3 Positive-gap projection and estimator

GeoSCOPE removes only the positive part of standard FQE that exceeds the proxy-cautious reference:
Ag(sa a) = [Qsﬁd(s’ a) - ;rcf(sv a)]+ )

QgeoSCOPE(Sa a) = Q:td (Sa a) - Aa(& a) = min{Q;Ttd(S) CL), Q:’ef(& Cl)}
This asymmetric correction keeps standard FQE whenever it is already below the reference and
corrects only local positive gaps. The final estimate is

Vieoscopr = Z po(s) Z 7(al$)QGeoscopr(s, a)-
S a

This projection has two simple operational properties. For any fixed target policy, GeoSCOPE cannot

increase the scalar FQE estimate and therefore cannot increase fixed-policy optimistic over-gap

relative to standard FQE. Moreover, for a fixed gate 1,9 € [0, 1], the proxy-cautious reference

operator is a y-contraction. Appendix A.3 gives proofs; these are well-definedness and one-sidedness

properties, not causal lower-bound guarantees.

Algorithm 1 GeoSCOPE: proxy-only positive-gap projection

Require: observed dataset D, target policy 7, discount y

: Fit empirical transition and reward models (157 #) from D.

: Fit standard FQE on D to obtain QT ;.

: Compute observable pair scores Sproxy from local value geometry and support.
: Select nearby anchor pairs Hg,fe and ambiguous pairs Hpiq.

: Aggregate pair evidence into psage(s) and ppmig(s).

: Construct ambiguity gate 7,54 (s) and solve the proxy-cautious reference Q7 ;.
: Project Eositive gaps: Qo scopr (5 a) = min{QT (s, a), Q7 ¢(s,a)}.

s Retun VE gsoopr = 205 P0(8) 22, 7(al$)QGeoscopr (8: @)-

0 NN AW =

Algorithm 1 summarizes the observed-data computation used to produce the scalar OPE score.

Complexity. GeoSCOPE adds one proxy-construction pass and one additional Bellman fixed-point
solve on top of FQE; Appendix D.3 gives the full finite-state complexity.

S Experiments

Our experiments evaluate OPE as a policy-screening score rather than as a pure absolute-error

leaderboard. For each target policy 7, let V™ be the OPE estimate and Vitue the post-hoc interventional
value used only for evaluation. We report

Viol = E,[1{V™ > V7. }], Over = E.[(V™ — V..)4],

rue true
Under = ETF[(VYt:'ue - ‘777)+]7 Abs = Eﬂ'”‘//\vﬂ- - ‘/tTrrueH‘

Violation and over-gap measure reliability by quantifying optimistic screening risk; absolute error
measures symmetric accuracy; under-gap, reported in the appendix, decomposes conservative un-
derestimation. All metrics are lower better. Low absolute error is not sufficient if violations remain
frequent, and low violation is not sufficient if values collapse downward.

5.1 Evaluation protocol: oracle-evaluable hidden-confounded OPE

Here we evaluate the screening question directly: when an OPE score ranks candidate policies
from a hidden-confounded observational dataset, does it avoid promoting policies whose values
are optimistically overestimated? Ordinary observational data cannot answer this question because
target-policy interventional values are unobserved, so we use two oracle-evaluable hidden-confounded
environments.



Table 2: Strong-confounding OPE results at o = 0.75. Violation and over-gap measure reliability;
absolute error measures accuracy. CVaR-FQE and Delphic-LCB are robust diagnostic baselines
shown at fixed operating points; full 7- and A-sweeps, under-gap decompositions, and standard errors
are in Appendix C.

Method Sepsis Two-Corridor
Viol. Over Abs. Viol. Over Abs.
PDWIS 0.650 0.035 0.044 1.000 2.054 2.054
Standard FQE 0.683 0.047 0.062 1.000 0.494 0.494
Bootstrap LCB q10 0.667 0.042 0.059 1.000 0.489 0.489
Ensemble LCB 0.650 0.042 0.058 1.000 2.226 2.226
Global coarse 0.667 0.045 0.061 1.000 0.381 0.381
Target-Q global 0.683 0.047 0.062 1.000 0.237 0.237

CVaR-FQE (7 = 0.1) 0.000 0.000 1.248 0.000 0.000 0.820
Delphic-LCB (A = 5) 0.133 0.005 0.109 0.333 0.144 2.931
GeoSCOPE 0.117 0.005 0.106 0.250 0.001 0.037

Sepsis. In the diabetes-confounded Sepsis simulator, diabetic status is observed by the behavior
policy and affects downstream outcomes, but it is omitted from the offline dataset, target policies, and
all OPE estimators. The main strong-confounding setting uses o = 0.75 and evaluates 60 held-out
target policies from BC, BCQ, and CQL families [9, 19]. True target-policy values are estimated only
after OPE by simulator rollouts.

Two-Corridor. Two-Corridor is a finite navigation task with a hidden route-risk variable. The
behavior policy observes this variable and tends to choose the safer corridor, whereas the offline
dataset and target policies omit it. Because the hidden-state MDP is known for evaluation, true target-
policy values are computed by exact dynamic programming. We use five independently generated
offline datasets, each with 60 target policies, and report mean =+ standard error over dataset seeds.

In both environments, hidden variables, oracle values, and confounding-strength labels are reserved
for post-hoc evaluation and diagnostics; every OPE method receives only the observed dataset
and target policy. We compare GeoSCOPE with standard FQE, PDWIS, bootstrap and ensemble
LCB-FQE adaptations [11], global pessimism, Target-Q global pessimism [21], CVaR-FQE, and
Delphic-LCB diagnostic baselines. CVaR-FQE serves as a lower-tail, sensitivity-style robust Bellman
baseline [6], while Delphic-LCB directly uses compatible-world value dispersion at evaluation
time [29]. These rows are diagnostic operating points, fixed without true values, not claims of
dominance over guarantee-driven MSM or confounded-POMDP OPE methods. Those methods
address complementary regimes with explicit uncertainty sets or latent-state assumptions; GeoSCOPE
is a proxy-only OPE-stage correction. Full baseline details and sweeps are in Appendices B.4—C.

5.2 Main results: reliability—accuracy frontier

Table 2 reports strong-confounding OPE results at o« = 0.75, comparing accuracy-oriented estimators,
global and robust pessimism, compatible-world pessimism, and GeoSCOPE under the same held-out
policy banks.

Interpretation. The table is a reliability—accuracy frontier, not an absolute-error leaderboard.
Standard FQE and related accuracy-oriented baselines retain frequent optimistic violations despite
moderate absolute error, which is exactly the screening failure considered here. CVaR-FQE removes
optimism at this operating point by moving far below the true values. Delphic-LCB is competitive in
Sepsis for an aggressive A, but it uses compatible-world values at evaluation time and is sensitive
to that coefficient. GeoSCOPE stays in the proxy-only setting: compatible worlds are used only for
diagnosis, and the deployed correction is a local positive-gap projection from observed data.

Selected-policy deployment diagnostic. The practical use of OPE is often ranking, not estimating
all policies equally. For each estimator, we select the top ten policies according to its own OPE scores
and then measure selected optimistic over-gap and absolute error. Table 3 reports the selected-policy
diagnostic for representative ordinary, robust, and compatible-world diagnostic baselines.
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Figure 3: Reliability—accuracy frontier at strong confounding. The x-axis is mean absolute error
and the y-axis is mean over-gap; lower-left is better. Representative estimators are shown, with full
results in Table 2.

Table 3: Selected-policy diagnostic at strong confounding.

Method Sepsis Two-Corridor
Over@10 Viol. @10 Abs@10|Over@10 Viol. @10 Abs@10

Standard FQE 0.138 1.000 0.138 0.497 1.000 0.497
Bootstrap LCB q10 0.128 1.000 0.128 0.492 1.000 0.492
Ensemble LCB 0.128 1.000 0.128 2.257 1.000 2.257
CVaR-FQE (r = 0.1)  0.000 0.000 1.235 0.000 0.000 0.821
Delphic-LCB (A = 5)  0.019 0.600 0.031 0.465 1.000 0.465
GeoSCOPE 0.013 0.500 0.029 0.004 0.600 0.010

Table 4: Mechanism role ablation on raw-state Sepsis at o = 0.75.

Variant Viol.  Over Under Abs.
Standard FQE 0.683 0.0466 0.0155 0.0620
Amb-only proxy-cautious reference 0.000 0.0000 0.3220 0.3220
Anchor-def. proxy-cautious reference 0.017 0.0006 0.1894 0.1900
Amb-masked proj. 0.233 0.0157 0.0546 0.0703
Anchor-def. mask 0.467 0.0291 0.0262 0.0553
GeoSCOPE 0.117 0.0046 0.1017 0.1064

The selected-policy diagnostic looks at the policies an evaluator would actually promote. Standard
FQE and uncertainty-penalty baselines still select overestimated policies. CVaR-FQE avoids se-
lected optimism by large underestimation. Delphic-LCB reduces Sepsis top-ten optimism only with
compatible-world values at evaluation time, and remains optimistic in Two-Corridor. GeoSCOPE
keeps selected over-gap low in both domains with a smaller accuracy cost and no compatible-world
access at deployment. Bootstrap and Ensemble LCB show the same mismatch as in the full-policy
table: uncertainty around observational FQE does not remove structural optimistic bias.

5.3 Ablations and stress tests

Mechanism ablation. Table 4 separates the roles of ambiguity, stable anchors, and projection.
Reference-only variants remove optimism but pay large under-gap, while masked projection lowers
under-gap yet leaves more violations. GeoSCOPE combines ambiguity and anchor evidence through
positive-gap projection, keeping over-gap low with bounded accuracy cost.

Stress tests and cross-fitting. Appendices C.6—C.8 report cross-fitting, projection-strength, weak-
confounding, threshold/neighborhood, policy-class-shift, global-calibration, and controlled hidden-
risk treatment checks. The policy-class-shift check sweeps route-preference policies in Two-Corridor
from behavior-aligned to more aggressive route choices under full action coverage, separating
hidden-U selection bias from ordinary missing-action support. Projection-strength and thresh-
old/neighborhood sweeps show the expected reliability—accuracy frontier: stronger projection im-
proves optimism control while increasing conservative underestimation. Cross-fit GeoSCOPE
preserves the reliability pattern when proxy construction and projected evaluation are separated, and
the hidden-risk treatment MDP is used only as a third mechanistic stress test rather than a benchmark.



6 Conclusion

Hidden-confounded OPE is nonidentifiable, but the deployment failure studied here is more specific:
an evaluator can promote policies whose values are optimistically biased. GeoSCOPE starts from
compatible-world diagnostics of stable, ambiguous, support-fragile, and value-inflated local relations,
and turns these roles into a proxy-only estimator that constructs a proxy-cautious reference and clips
positive FQE gaps. Across Sepsis and Two-Corridor, the results support a reliability—accuracy view
of OPE: low absolute error can still be unsafe when high scores are optimistic, while broad pessimism
can avoid optimism only by sacrificing substantial accuracy. GeoSCOPE should therefore be read as
a reliability-oriented evaluator under unresolved hidden confounding, not as an identification method
or a certified causal lower bound.
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