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Abstract

Future-aware representations and world models are increasingly used in proposal-based
autonomous-driving planners to improve trajectory selection. However, improvements in
proxy objectives or restricted subsets are often interpreted as planning gains without verifying
proposal ordering, selected trajectories, full-scale utility, and critical driving components.
We propose the Proxy-to-Decision Transfer (PDT) Framework, an analysis framework
that evaluates when learned future information supports a reliable driving-performance
improvement claim. Its Decision-Transfer Decomposition Module localizes value loss through
score margins, switch-conditioned utility, and support-versus-selection regret. Its Reliability-
Constrained Validation Module requires exact pairing, a minimum meaningful effect, scale-
expanded confirmation, safety non-compensation, sequential comparability, and family-level
robustness. On a representative future-aware planner evaluated with NAVSIM-v1, component
BCE decreases from 0.705 to 0.530 while held selected PDM decreases from 0.963 to 0.961.
A separate candidate improves a 512-record prefix by 0.00909, with a scene-bootstrap 95%
interval of [0.000744, 0.0177], but its 2048-record and complete-support intervals include zero.
A proposal-level replay further confirms the switch-utility decomposition, yet none of 432
screened configurations passes the two-half, two-seed robustness gate. PDT therefore identifies
where decision transfer fails or remains indeterminate across proxy, subset, aggregate, and
selection evidence.

Keywords: autonomous driving planning; future-aware planning; evaluation framework; proxy-
to-decision transfer; decision utility; safety-aware validation; NAVSIM

1 Introduction

End-to-end autonomous driving has moved beyond isolated perception and motion modules
toward systems organized around the final planning objective. Planning-oriented architectures
connect perception, prediction, interaction modeling, and trajectory generation within a single
computational graph [1, 2]. In parallel, driving world models and predictive latent representations
have begun to anticipate action-conditioned scene evolution, either to supervise a planner or to
evaluate alternative actions [3, 4, 5, 6]. More recently, joint-embedding predictive learning has
been integrated into multimodal proposal-based planning, providing a representative predictive
model basis for studying how latent future states affect candidate trajectories [7]. These
developments make future information increasingly accessible to the planner. The benefit of
this information depends on how it affects the selected trajectory and its safety, progress, and
comfort.

Evaluation has not advanced at the same granularity as this architectural integration.
NAVSIM replaces conventional displacement-only evaluation with scalable non-reactive simulation
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and a planning-oriented driving score [8]; other studies have shown that open-loop metrics may
reward shortcuts or produce conclusions that do not carry to more decision-relevant evaluation
[9, 10, 11]. These benchmarks improve the final measurement target, but they do not by
themselves reveal how an internal future-learning gain reaches that target. In a proposal-based
planner, a lower future-prediction loss, a better component classifier, a positive development
subset, and a higher aggregate driving score are evidence at different levels. Treating them as
interchangeable can support a positive claim even when the selected trajectory is unchanged,
the gain disappears at full scale, or safety-related components regress. This concern is consistent
with the broader predict-then-optimize literature, which distinguishes predictive accuracy from
the utility of the induced decision [12, 13, 14].

The challenge is that future-aware planning consists of multiple stages: a learned representa-
tion produces proposal scores, the scores select a candidate through a discrete top-1 operation,
and the selected candidate determines driving utility. A representation may improve its proxy
task without producing utility-aligned proposal scores. Scores may change without crossing
the top-1 decision boundary. A well-calibrated selector cannot recover a trajectory that is
absent from the proposal set. Finally, a local or aggregate gain may fail under a full, exactly
paired, safety-sensitive evaluation. This motivates our study of the observable conditions under
which improved future prediction changes the selected trajectory and yields a reliable, non-
compensatory improvement in driving utility. The analysis must specify what is measured at
each stage, where transfer fails, and when the retained data are insufficient for a verdict.

We address this problem with the Proxy-to-Decision Transfer (PDT) Framework. PDT
organizes evidence into five testable failure locations—representation, scoring, selection, sup-
port, and deployment—and contains two complementary modules. The Decision-Transfer
Decomposition Module uses score margins, an exact switch-conditioned utility identity, and a
support-versus-selection regret identity to localize the loss of decision value. The Reliability-
Constrained Validation Module then determines whether the observed effect exceeds a declared
meaningful-effect threshold and survives exact pairing, scale expansion, safety non-compensation,
sequential metric comparability, and fixed statistical units. We evaluate the framework on a
representative joint-embedding future-aware planner with NAVSIM-v1 [7, 8]. The evidence
includes a component proxy that improves from 0.705 to 0.530 while held selected-trajectory
utility declines, positive locked-prefix effects that reverse on a complete 12,146-record evaluation
pass, aggregate scores that are indistinguishable at three significant digits despite regressions in
several critical components, and a 216-arm calibration screen in which no checkpoint improves
both fixed validation halves across both seeds. These tests examine whether PDT separates a
learned proxy from a reliable driving decision. Their empirical scope is limited to this planner
and benchmark.

The contributions of this work are threefold:

(1) We introduce PDT, a domain-specific analysis and validation framework that turns a future-
aware planning claim into an auditable chain of representation, scoring, selection, support,
and deployment tests.

(2) We operationalize two diagnostic modules: a Decision-Transfer Decomposition that separates
decision coverage, conditional switch utility, support regret, and selection regret; and a
Reliability-Constrained Validation protocol that combines exact pairing, scale expansion,
uncertainty, safety non-compensation, sequential comparability, and family-level robustness.

(3) We provide a bounded empirical case study on a future-aware proposal-based planner and
NAVSIM-v1 that documents proxy-to-utility, subset-to-full, aggregate-to-component, and
best-configuration-to-robust-verdict reversals. Proposal-level replay closes the switch-utility
factorization numerically, while paired scene-bootstrap analysis and exact component deltas
show which apparently positive effects remain distinguishable from zero or compatible with
a declared non-compensation tolerance.



2 Related Work

2.1 Planning-Oriented End-to-End Autonomous Driving

Early end-to-end driving systems learned a direct mapping from sensory observations to control
commands, with conditional imitation learning using high-level navigation commands to resolve
multimodal driving behavior [16]. Subsequent work introduced explicit planning outputs and
intermediate structure so that the learned policy could be inspected and trained around the
motion-planning objective. The neural motion planner of Zeng et al. jointly reasoned about
perception and interpretable cost-based planning [17]; MP3 integrated mapping, perception,
prediction, and planning in a common representation [18]; and ST-P3 used spatial-temporal
features and a learned cost volume to connect scene understanding with trajectory planning
[19]. Object-centric and sensor-fusion approaches such as PlanT and TransFuser further showed
that structured tokens and multimodal temporal fusion can support closed-loop driving policies
[20, 21]. These developments made planning the organizing objective of the end-to-end stack,
with perception outputs optimized jointly for that objective [22].

Recent planning-oriented systems have increasingly adopted integrated or proposal-based
formulations. UniAD optimizes perception, prediction, and planning tasks in one network,
whereas VAD represents agents and map elements as vectors to reduce dense scene-processing
overhead [1, 2]. SparseDrive extends this direction with sparse scene representations and
hierarchical planning selection [23]. Generative planners then enlarge the action support:
DiffusionDrive uses a truncated diffusion process initialized from multimodal anchors to generate
diverse trajectories efficiently [24]. Temporal consistency has also become a specific design
target. MomAD introduces planning-query momentum to stabilize successive decisions [25],
while MFPAD combines an autoregressive LSTM memory branch, a Transformer-based forgetting
branch, and gated trajectory correction for long-horizon planning [26]. MFPAD illustrates an
architecture-level method for improving temporal planning. Our study examines how an internal
predictive signal should be evaluated before it is interpreted as a driving-decision improvement.

The dominant unit of comparison in this literature remains the complete planner: a new
representation, decoder, memory mechanism, or proposal generator is judged by its final
benchmark score. This is appropriate for system ranking, but it leaves the transfer mechanism
underdetermined. When a planner contains a future auxiliary loss, a learned scorer, and a
discrete top-1 selector, an end-score difference alone cannot reveal whether the gain arose from
a better representation, a changed proposal ordering, a richer candidate set, or an evaluation
artifact. PDT complements architecture-centered research by testing these locations separately
and avoiding default attribution of the final score to the named module.

2.2 Future-Aware Representation and World-Model-Based Planning

Future information enters autonomous-driving systems in several distinct roles. One line predicts
task-specific spatial states that are directly useful to a planner. Self-supervised freespace
forecasting, for example, predicts future navigable space to support safe local motion planning
[27]. DriveWorld pre-trains spatiotemporal scene representations by modeling dynamic and
static evolution, and OccWorld predicts future 3D occupancy to learn scene dynamics [28, 29]. In
these methods, future prediction primarily acts as representation supervision: the learned state
is expected to improve downstream tasks, but it need not be queried as an explicit simulator
when a trajectory is selected.

A second line develops generative driving world models. DriveDreamer learns controllable
real-world driving-video generation, GAIA-1 models video, text, and actions autoregressively,
and Vista emphasizes high-fidelity generation with versatile control [30, 31, 32]. Drive-WM
further demonstrates action-conditioned multiview forecasting and uses predicted futures to
compare driving alternatives [3]. These works expand the ability to imagine scene evolution, yet



visual fidelity or future-prediction accuracy is not itself a decision criterion: the generated future
must still be converted into a score that orders feasible trajectories according to driving utility.
A third line couples latent future prediction more tightly to planning. LAW uses a latent
world model as an auxiliary signal for end-to-end driving [4]. World4Drive predicts intention-
conditioned latent futures and uses a world-model selector to evaluate multimodal trajectories
[5]; WOTE learns online trajectory evaluation from a BEV world model [6]; and joint-embedding
predictive learning has been combined with multimodal trajectory distillation [7]. More recently,
ProDrive has coupled a query-centric planner with an action-conditioned BEV world model so
that candidate trajectories and predicted scene evolution can be assessed jointly [33]. These
systems bring the future representation closer to the action-selection boundary. Nevertheless,
the usual evaluation still compares proxy losses, final selected trajectories, or aggregate scores
separately. The unresolved methodological issue is whether an observed proxy improvement
changes relative proposal scores enough to cross that boundary, whether the resulting switch
has positive conditional utility, and whether the candidate set contains a better action at all.
PDT formalizes these questions through margin, switch-utility, and support-regret analyses.

2.3 Planning Evaluation and Decision-Oriented Validation

Planning evaluation now extends beyond open-loop trajectory matching to interactive and
decision-relevant protocols. The nuScenes dataset became a common basis for open-loop planning
comparisons [34], whereas nuPlan provides a large-scale closed-loop planning benchmark [35] and
Bench2Drive evaluates multiple driving abilities in closed-loop CARLA scenarios [11]. NAVSIM
occupies a complementary position: it uses real logs and a non-reactive simulator to compute a
planning-oriented driving score at scale [8]. Generative and pseudo-simulation platforms further
seek greater feedback realism or broader log reuse [36, 37]. Together, these benchmarks provide
different trade-offs among realism, interactivity, scalability, and reproducibility; consequently,
a result is interpretable only relative to the estimand and state assumptions of the chosen
evaluator.

Several studies have exposed failure modes in common planning comparisons. Analyses on
nuScenes show that ego-state shortcuts and metric definitions can dominate apparent open-loop
performance [9, 38]. Dauner et al. further distinguish vehicle-motion-planning quality from
commonly conflated prediction-style metrics and evaluation conventions [10]. These findings
motivate stronger final metrics, but PDT addresses an additional level of validity. Even with
a decision-oriented benchmark, comparisons can be distorted by unmatched supports, prefix-
based selection, history-dependent evaluator state, compensating safety regressions, or repeated
checkpoint search. The framework therefore separates the quality of the benchmark from the
reliability of the evidence produced with it.

The broader predict-then-optimize and decision-focused learning literature motivates this
separation. Smart Predict-then-Optimize directly targets decision regret [12]; differentiable
optimization layers and ranking-based formulations train predictions according to downstream
decisions rather than predictive error alone [13, 14]. Adaptive data analysis also shows why
repeatedly consulting a holdout set can invalidate an apparently favorable selection [15]. PDT
applies these principles to proposal-based autonomous-driving planners. It links four concerns in
one evaluation method: proxy-to-score transfer, score-to-selection activation, support-versus-
selection regret, and reliability gates for paired, safety-sensitive, sequential evaluation.

Table 1 makes this distinction explicit. Architecture papers primarily ask whether a complete
planner improves; decision-focused learning asks how a predictive model can be optimized for a
downstream decision; and benchmark-validity studies ask whether the final evaluator measures
a relevant planning outcome. PDT instead audits whether evidence is licensed to move between
these levels. It can therefore be used with an unchanged planner and evaluator.
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3 Proposed Method

3.1 Overall PDT Framework

PDT evaluates an improvement claim for a proposal-based planner; it does not prescribe a

new planner architecture. Let x; denote scene i, and let C; = {7;1,..., 7Tk, } be the candidate
trajectories available to the frozen planning interface. A baseline system produces a future-related
representation zi(o), proposal scores sgg), and a selected index

(0) (0)
= . 1
B P A W)

A candidate intervention produces zz(l), 551?7 and agl). The benchmark utility of trajectory 7, is
denoted by u;(7;x). It may be an aggregate planning score, but the corresponding component
vector q;(7;) is retained whenever the claim concerns safety or driving quality. All paired effects
are defined only on a common, finite, evaluator-equivalent support Z.

Within this interface, PDT identifies five failure locations:

F1. Representation transfer failure: the held future/proxy objective does not improve, or
its improvement is not stable under the declared split.

F2. Scoring transfer failure: the representation improves, but representation-derived scores
do not better order candidates by the declared driving utility.

F3. Selection transfer failure: scores change without changing the top-1 trajectory, or the
changed trajectories have non-positive conditional utility.

F4. Support transfer failure: higher-utility trajectories are not present in C;, so score
calibration cannot remove the remaining regret.

F5. Deployment transfer failure: a local effect does not survive the full support, critical
metric vector, sequential evaluator state, or a locked robustness criterion.

A stage is marked PASS, FAIL, or INDETERMINATE. Missing proposal arrays, non-comparable
evaluator states, or unmatched scenes produce INDETERMINATE, not a negative result.

Figure 1 shows how the two modules operate on this chain. The decomposition module asks
where decision value is lost. The reliability module asks whether an observed gain is valid at the
strength claimed.

Decision-Transfer Decomposition Reliability-Constrained Validation
- - m ST--m m ETT T -
} Future Proposal Selected b Driving |
|| representation scores trajectory L utility !
e .. _,,,S,,,S I ) " _______ )
F1 representation F2 scoring F3 selection F5 deployment

F4 support

>

-
exact pairing, scale, safety, sequence, statistical unit

Figure 1: The Proxy-to-Decision Transfer Framework. The first module diagnoses how learned
future information changes scores, decisions, and attainable utility; the second module limits the
claim to effects that remain comparable and reliable at deployment scale. The failure labels are
diagnostic locations, not mutually exclusive model categories.



3.2 Decision-Transfer Decomposition Module

3.2.1 Score Margins and Decision-Boundary Activation

Let a; = ago) be the baseline top-1 index and define the score perturbation d;, = s(,i) 31(2).

Candidate b # a; replaces the baseline selection only if

dip — (5wz > 3(0) z(l())) (2)
The baseline top-1/top-2 margin is
50 (0)
my = zal %712;{ Sib (3)

Thus, maxysa,(dip — 0ia;) < m; is a sufficient no-switch condition. A lower proxy loss or a
changed score vector is not evidence of a changed decision unless the perturbation is evaluated
relative to the decision margin. PDT therefore requires the baseline and candidate proposal
arrays, selected indices, top-1/top-2 margins, and exact candidate identities. If these arrays are
not retained, the cause of an unchanged argmax cannot be reconstructed from aggregate losses
alone.

Proposition 1 (decision-boundary activation). For a fixed candidate set, candidate b
replaces the baseline choice a; if and only if its relative score perturbation compensates its
baseline score deficit, i.e., Equation (2) holds and the candidate attains the largest perturbed
score. Consequently, a proxy or score change has decision relevance only through its proposal-wise
activation surplus

hi = max (6 — dia,) — (s50) — 58] (4)

ia; ib
a;

A switch occurs exactly when h; > 0, apart from the declared tie-breaking rule. This formulation
is stronger than comparing a global perturbation norm with the top-1/top-2 margin because it
preserves which perturbation belongs to which competing proposal.

3.2.2 Switch-Conditioned Decision Utility

For a common support of N = |Z| scenes, define the paired utility change
di = ui(7, ) — (T, ) (5)

and the switch indicator I; = 1[ 7é a ] Because d; = 0 when the same candidate is selected
under a fixed candidate set and evaluator, the mean decision-utility change is

1 I;d;
=2 di= Z I zGI = pp (6)
i€T zEI A 2iez | ,
o

p

Here, p is the trajectory switch rate and p is the conditional utility of a switch. Equation (6) is
an exact diagnostic identity under common candidate support, identical utility computation,
and exact trajectory identity. It separates two failure modes that a mean delta conceals: the
intervention may rarely cross the boundary (p is small), or it may frequently switch to worse
trajectories (u < 0). When no switch occurs, AJ = 0 and p is undefined; PDT reports a zero
switch count and leaves the conditional value undefined.



Proposition 2 (switch-utility factorization). Under fixed candidate identities and a
common evaluator, Equation (6) is exact because every non-switch contributes zero paired utility
difference. It follows that AJ > 0 requires both p > 0 and p > 0, whereas either p =0 or p <0
is sufficient to reject a positive decision-transfer claim. This is a diagnostic factorization, not an
independence assumption between switching and utility.

3.2.3 Support and Selection Regret

A score-only intervention is limited by the trajectories it can select. Let €2; denote an explicitly
declared external comparison space, C; C €; the available candidates, and

= sup u;(7), uf = max u;(7) (7)
TEQ,; T€C;

*
U;

For a selected trajectory 7; € C;, PDT defines

Ruoat = 5 3 (6 = (i), 8

1 *

Rsupport = N Z (uz - uf) ) (9)
1

Rselection = N Z (uzc - uz(%z)) (10)

Adding and subtracting uf gives

Riotal = Rsupport + Rgelection (11)

Equation (11) is a bookkeeping identity and makes no general regret claim. A large Rgelection
supports further ranking or calibration work; a large Rsypport indicates that score-only tuning
cannot close the declared gap. If €; or proposal-wise utilities are unavailable, PDT reports only
the observable term and marks the remaining decomposition indeterminate. Repeated failure of
several calibrators is consistent with a support limitation, but does not prove that support is
the unique bottleneck.

Proposition 3 (intervention ceiling). For any score-only intervention that leaves C; fixed,
the best attainable mean utility is N1 > uf Hence the intervention can reduce Rgglection Put
cannot reduce Rgupport- Observing a small candidate-oracle gap therefore bounds the value
available to further score calibration; attributing the residual total regret to support additionally
requires an external comparison space €2;.

Together, Propositions 1-3 define an ordered set of claims. Representation evidence can
support a learning claim, proposal-wise activation and positive i can support a decision-level
improvement claim, and reliability gates can support a deployment claim. No earlier claim
logically entails a later one. PDT therefore reports the first failed or indeterminate transfer
stage instead of collapsing the chain into one aggregate score.

3.3 Reliability-Constrained Validation Module

The second module determines how far an observed effect may be generalized. A reliable positive
decision-transfer verdict requires all applicable conditions below.

Exact pairing. Baseline and candidate results must be joined by an immutable scene key.
Their evaluated token sets, candidate identities, evaluator version, and finite-value filters must
match. The primary estimate is the mean of paired differences, not the difference between
independently filtered means.



Scale-expanded confirmation. Checkpoint and hyperparameter selection are restricted to a
declared development support. A later prefix, unseen suffix, fixed quartiles, or full benchmark
may confirm or reject the locked candidate but must not reopen selection. If a full run is
authorized after an observed prefix, PDT records it as a diagnostic expansion and does not treat
it as an untouched final test.

Safety non-compensation. Let A.J be the aggregate utility change and let Aq = (Aqy, . .., Aqr)
contain preregistered critical components, with tolerances € > 0. Let 1y > 0 be a preregistered
minimum effect that is large enough to be practically meaningful at the benchmark’s reporting
precision. A reliable aggregate-improvement claim requires

AJ>n; and Ag > -—€ VLES, (12)

where S is the declared safety-critical set. If 1y was not fixed before evaluation, PDT reports
the observed magnitude as nominal and does not promote a sign-only difference to a reliable
improvement. Equation (12) is a claim policy, not a real-world safety certificate. A candidate
may show a positive numerical difference while failing both practical-effect and non-compensation
requirements.

Sequential comparability. History-dependent metrics are compared only when the same
current scenes, predecessor records, ordering, state initialization, reset policy, and missing-history
rules are used. If these conditions differ, even numerically similar metric names denote different
estimands. PDT marks the comparison indeterminate and does not use either implementation
as a baseline.

Statistical unit and multiplicity. The unit of uncertainty is declared before analysis.
Scene-level paired intervals are suitable when scenes are the inferential unit; log- or route-level
resampling is used when within-log dependence is material. For large configuration screens,
PDT reports the number of arms and checkpoints, fixed halves and seeds, and the family-level
gate. The nominal best checkpoint is not promoted when it fails the declared robustness rule,
consistent with the risks of adaptive holdout reuse [15].

The resulting stage verdicts are:

e PASS: the required estimate is positive and all applicable comparability, scale, safety, and
robustness gates pass;

e FAIL: comparable evidence exists, but at least one required transfer or reliability gate fails;

e INDETERMINATE: the claim cannot be evaluated because a load-bearing artifact, support
match, evaluator state, or uncertainty unit is unavailable.

3.4 Framework Execution Protocol

A third party can apply PDT through the following sequence.

Step 1. Freeze the claim and utility. State the future-aware intervention, baseline, final
utility, critical components, and intended claim scope.

Step 2. Lock supports and selection rules. Record data splits, scene/log keys, candidate
construction, checkpoint eligibility, seeds, expansion gates, and evaluator hashes before
opening the corresponding outcomes.

Step 3. Test representation transfer. Evaluate the future/proxy objective on a held support
not used for final model choice.



Step 4. Test scoring and margins. Persist proposal identities, baseline/candidate scores,
utility labels when available, top-1/top-2 margins, and relative perturbations.

Step 5. Test selection and regret. Report switch count, p, u, AJ, candidate oracle, and
observable regret terms.

Step 6. Apply reliability gates. Verify exact pairing, fixed subsets, unseen expansion/full
support, the critical component vector, sequential context, and statistical unit.

Step 7. Issue a bounded verdict. Report the first failed transfer stage, every failed reliability
gate, and all indeterminate quantities.

The minimum reproducibility record contains scene and log keys; candidate trajectories or
stable identifiers; baseline and candidate proposal scores; selected indices; per-candidate utility
labels when available; aggregate and component metrics; checkpoint, code, evaluator, and data
hashes; random seeds; finite/missing flags; and the exact aggregation script.

4 Experimental Results

4.1 Datasets and Evidence Units

We instantiate PDT on a representative proposal-based future-aware planner evaluated with
NAVSIM-v1. The model basis combines a joint-embedding predictive visual representation with
multimodal trajectory proposals [7], while NAVSIM uses real driving logs and non-reactive
simulation to compute planning-oriented metrics [8]. The study is an in-depth case analysis of
one model family and one benchmark, not a cross-architecture validation of PDT.

The evidence was produced by a sequence of locked development, prefix, and full-evaluation
protocols. Table 2 lists the units used in the analysis. The framework was synthesized retrospec-
tively from these experiments, whereas individual expansion thresholds, fixed halves, checkpoint
locks, and safety gates were recorded within their campaigns before the relevant outcomes were
opened. We do not claim that the complete PDT taxonomy was preregistered.

The full NAVSIM-v1 comparisons generated 12,146 valid output records with zero failed
predictions and exact baseline/candidate token support. Because the public benchmark distin-
guishes required prediction records from the subset or weighting used by a particular scoring
release, we describe 12,146 as the complete record support. The reported PDMS values are
taken from the locked official evaluator; we do not reinterpret the denominator without the
exported evaluator table.
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Table 2: Evidence units used to instantiate PDT. Descriptive names indicate the methodological
role of each model or experiment; internal run identifiers are omitted.

Evidence unit

Support

Purpose in PDT

Primary boundary

Decision-boundary
audit

Component-
supervised scorer

Direct-utility candi-
date

Future-supervised
candidate
Aggregate-score can-

didate

Calibration stress-

16 training and 4 vali-
dation tokens; 32 pro-
posals per token

Held proposal/utility
evaluation

Held support and
locked prefix of 512
records

512/128 teacher win-
dows; prefixes 512
and 2048; complete
12,146-record pass
Exact paired
complete base-
line/candidate pass
256/64 frozen tokens;

Candidate-oracle headroom and ob-
served decision-boundary activity

Proxy-to-selected-utility alignment
Development-to-prefix transfer un-
der exact scoring batches
Learnability of future signal and
prefix-to-full deployment transfer
Aggregate and critical-component
verdict

Margin, switch-utility, regret, and

Proposal residual
arrays and trained
checkpoint were not
retained
One
scorer; not a univer-
sal proxy result

Only eight prefix deci-
sions differed

instantiated

Full run was autho-
rized after prefix in-
spection and is diag-
nostic

Benchmark evidence
is not a real-world
safety certificate
External support re-

test family

32 proposals; 216 family-level robustness gret remains unavail-
arms; 432 two-seed able
configurations

4.2 Evaluation Metrics

The experiments use four levels of evidence. Future temporal loss and component binary cross-
entropy (BCE) measure whether an internal target is learned. Lower values are better, but they
are not treated as driving utility. Where proposal arrays are present, PDT uses ranking/margin
diagnostics, selected indices, switch count, p, and u. When only selected indices remain, the
analysis can determine whether a switch occurred but cannot reconstruct the unobserved ranking
or perturbation scale.

At proposal level, selected PDM is the utility of the chosen candidate. On the official NAVSIM-
vl evaluation, the PDM score combines no-at-fault collision and drivable-area compliance as
multiplicative terms with weighted ego progress, TTC, and comfort:

5Qi,progress + 5%’,TTC + 2qi,comfort
12

PDMS is the official aggregation of scenario PDM scores. We report the aggregate together with
collision, drivable-area compliance, TTC, driving direction, and comfort directions whenever
these fields are available.

The original protocols use exact token pairing, fixed halves or quartiles, unseen suffixes, zero-
failure checks, minimum expansion effects, and nonnegative critical-component changes. A gate
defines model selection and is distinct from a null-hypothesis significance test. For comparisons
whose paired scenario CSVs were retained, we additionally report percentile intervals from
10,000 deterministic paired bootstrap resamples (seed 20260902). Each resample uses the paired
scenario difference; the two systems are never resampled independently. The exported CSVs
do not contain log identifiers, so these intervals treat scenarios as the resampling unit and do
not account for within-log dependence. They summarize uncertainty on the recorded support

PDM; = Gi,collisioni,drivable (13)
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and do not replace route- or log-level inference. Main-text metrics use approximately three
significant digits; smaller deltas use scientific notation, while machine-precision values remain in
the reproducibility artifacts.

4.3 Implementation Details

The public joint-embedding predictive backbone and the NAVSIM-v1 evaluator were frozen.
The full paired protocol byte-compared the scoring implementation and configuration between
candidate and clean baseline repositories. Checkpoint selection used outcome-independent
development support before official evaluation. Candidate and baseline CSVs were joined by
token, required identical token sets, and were checked for finite values and zero failures.

Direct utility targets were regenerated in the exact scoring batches used by the held evaluator;
mixed target-cache batching was rejected when it produced small score differences. Fixed
validation halves were defined independently of outcomes, and the calibration campaign evaluated
both halves across two seeds. Prefix expansion used locked checkpoints and immutable comparison
CSVs. History-dependent comfort experiments required an evaluator in which the full result
equals the weighted mean of the same two fixed folds; comparisons using different batch/seed
histories were rejected as non-decomposable.

The calibration stress test reconstructed an official baseline selected utility of 0.978 from
frozen tensors. It trained 216 arms spanning three calibrator forms, three perturbation caps,
three regularization strengths, two weight decays, two learning rates, and two seeds. Four
evaluation steps per arm produced 864 seed-level outcomes, which were grouped into 432 two-
seed configurations for the family-level gate. A CPU replay used the same frozen 256 training
tokens, 64 validation tokens, and 32 proposals per token to recover proposal-wise margins,
selections, and utilities for representative nominal configurations. All arms were retained in the
family-level conclusion.

4.4 Main Experiments
4.4.1 Test 1: Proxy Improvement and Selected Utility

The component-fitting experiment in Table 4 provides a direct counterexample. Component
BCE decreased from 0.705 to 0.530, while held selected PDM decreased from 0.963 to 0.961.
The internal prediction task improved, but the trajectory chosen under the resulting scores had
lower mean utility. This rejects the sufficiency claim that better component BCE implies better
selected PDM for the tested scorer. It does not show that component supervision is generally
harmful.

A separate future-supervision campaign supplies a complementary positive premise. A frozen
real-future teacher set of 512 training and 128 validation windows was constructed, and the
selected continual-supervision checkpoint improved held common planning loss by 0.0543. Its
later positive prefixes show that learning occurred on the retained support. The remaining
analysis tests where that signal transfers and over which evaluation support.

4.4.2 Test 2: Decision-Boundary Activation

In the small-scale decision-boundary audit, future temporal loss decreased from 0.0527 to 0.0329.
Nevertheless, the four validation selections remained [17,28, 21, 20] at steps 0, 25, and 50, and
selected PDM remained 0.978. Candidate labels show 1.42% oracle headroom on 16 training
tokens and 2.20% on four validation tokens. Nonzero headroom therefore coexisted with zero
observed validation switching.

The run did not retain per-proposal adjusted scores, residual arrays, or a trained checkpoint.
Consequently, Equation (2), rank correlation, and a frozen scale sweep cannot be reconstructed.
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PDT assigns an observed selection-transfer failure and an INDETERMINATE scoring-versus-
magnitude cause; it does not infer that the learned ranking was poor.

A later frozen-tensor calibration screen supplies the proposal-level arrays missing from that
early audit. Table 3 reports two representative two-seed configurations at their final evaluation
step. The repeatable linear configuration changes four of 64 validation decisions in both seeds,
giving p = 0.0625, . = 0.00170, and AJ = 1.06 x 10~%. Direct computation and pu agree
to floating-point precision, and all four switches satisfy the proposal-wise activation condition
in Equation (4). However, three switches exchange proposals with equal recorded utility and
only one produces a positive difference; the interval has a zero lower endpoint, and the second
fixed half has zero gain. The result confirms the decomposition but does not show a reliable
improvement.

The nominally best set-wise configuration further illustrates seed instability. Seed 0 changes
seven decisions and yields AJ = 2.25 x 1074, whereas seed 1 changes none. Its positive sign
therefore cannot be interpreted as replicated decision transfer. In all configurations the candidate-
oracle selection regret is observable, but support regret remains INDETERMINATE because the
frozen artifacts contain no external trajectory space beyond the 32 proposals.

Table 3: Proposal-level PDT diagnostics from CPU replay of frozen validation tensors. Intervals
are 95% percentile intervals from 10,000 validation-token bootstrap resamples.

Configuration Seed Switches p m AJ [95% in- PDT ver-
/ 64 terval] dict
Set-wise nominal 0 7 0.109 0.00205 2.25 x 107 [0, Nominal
best 6.74 x 1074] only;
positive and
6 utility-
neutral
switches
Set-wise paired run 1 0 0 Undefined 0 [0, 0] No selection
transfer
Linear repeatable 0 4 0.0625 0.00170 1.06 x 107* [0, Exact
3.19 x 1074 torization;
robustness
gate fails
Linear repeatable 1 4 0.0625 0.00170 1.06 x 107* [0, Same se-
3.19 x 1074 lections;
robustness
gate fails

Figure 2 shows the exact activation surplus for the repeatable linear configuration. Only four
points cross the switching boundary; their small baseline margins make them susceptible to the
learned score perturbation. Figure 2b explains why switch count alone is insufficient: the four
switched utility differences are 0.00681, 0, 0, and 0, so one changed decision carries the entire
positive mean.
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Figure 2: Proposal-level decision-boundary diagnostics for one repeatable linear calibration run.
(a) Maximum proposal-wise activation surplus against the baseline top-1/top-2 margin; red
markers identify the four switched cases. (b) Utility differences for those four changed decisions;
the markers and value labels make the three exact zeros visible, while the remaining decision

improves by 0.00681.

Table 4: Proxy and decision-boundary evidence.

Test Proxy evidence Decision evidence PDT verdict
Component- BCE 0.705 — 0.530 Held PDM 0.963 — 0.961 Scoring/selection utility does not
supervised scorer inherit the proxy improvement
Decision- Future loss 0.0527 — Same four selections and No observed selection transfer;
boundary audit 0.0329 PDM 0.978; four-token cause within scoring/magnitude
validation oracle head- is indeterminate
room 2.20%
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4.4.3 Test 3: Deployment-Scale Stability of Local Gains

Exact scoring-batch reconstruction first produced a held selected-PDM difference of +6.38 x 1074,
with positive fixed halves and nonnegative available safety deltas. When the locked checkpoint
was evaluated on an official 512-record prefix, the difference from the frozen development reference
was only +1.15 x 1074, below the preregistered 5.00 x 10~ expansion threshold. Seven records
improved, 504 tied, and one declined. The paired scene-bootstrap interval is [2.19 x 1072,
2.45 x 10~%], but the prespecified practical expansion gate still fails. The result is therefore a
precisely estimated small local effect, not evidence for deployment-scale improvement.

A later future-supervised candidate produced +0.00909 over the frozen development reference
on prefix512, with a paired interval of [0.000744, 0.0177]. The mean remained positive by
+0.00250 on prefix2048, but its interval widened across zero to [—3.11 x 10~%, 0.00527]. The
unseen suffix of 1536 records remained positive and three of four fixed quartiles were positive,
but the strict-quartile and comfort gates failed. The frozen candidate was expanded to a
complete 12,146-record pass. All three complete-support PDMS values round to 0.937; at higher
precision, the candidate is lower than the frozen development reference by 6.64 x 104, with
interval [—0.00248, 0.00121], and lower than the official checkpoint by 2.20 x 10~%, with interval
[—0.00236, 0.00191]. The evidence therefore changes from a locally distinguishable positive mean
to an unresolved and slightly negative complete-support mean.

Because prefix2048 authorized the complete run, the full result is a locked diagnostic expansion
and cannot serve as an untouched checkpoint-selection test. It shows deployment-transfer failure
for the fixed candidate; unbiased evaluation of a newly selected model remains future work.

Table 5: Validation-to-deployment transfer. All deltas name the comparison baseline.

Candidate Held/local Prefix512 Prefix2048 Complete evalua-
tion verdict
Direct-utility can- +6.38 x 10™* held +1.15 x 10~* Not authorized No expansion; effect
didate PDM 219 x 1075, coverage 8/512
2.45 x 1074]; gate
fail
Future- Held common loss  +0.00909 +0.00250 [-3.11 x —6.64 X 1074
supervised +0.0543 [0.000744, 0.0177]  107%, 0.00527]; com- [—0.00248, 0.00121] vs
candidate fort/quartile fail frozen; —2.20 x 1074
[—0.00236, 0.00191] vs
official

Figure 3 visualizes the same scale expansion with paired uncertainty. The prefix512 interval
excludes zero, whereas the larger supports do not. The line is descriptive because the three
supports are nested evaluations and are not independent samples from a fitted trend.
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Figure 3: Scale-expanded evaluation of the future-supervised candidate against the frozen
reference. Error bars are 95% percentile intervals from 10,000 paired scenario-bootstrap resamples.
Only the prefix512 interval excludes zero; the complete-support mean is slightly negative.

Figure 4 adds the paired scenario composition on complete support. Figure 4a shows that
every comparison contains a large mass of exact ties, whereas Figure 4b shows that every mean
interval crosses zero. This explains why a machine-precision aggregate sign and the fraction of
locally improved scenarios are not interchangeable estimands.
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Figure 4: Complete-support paired evidence. (a) Fractions of positive, tied, and negative scenario
differences. (b) Mean paired PDMS differences with 95% scene-bootstrap intervals. The intervals
summarize the recorded scenario support and do not account for within-log dependence.

4.4.4 Test 4: Aggregate Utility and Critical-Component Regressions

The exact paired full comparison in Table 6 illustrates why PDT retains both a meaningful-effect
threshold and a component vector. The candidate and official checkpoint both have PDMS 0.937
at three significant digits. Their machine-precision difference is nominally positive, +4.44 x 1074,
but its scene-bootstrap interval [—0.00179, 0.00277] crosses zero, it is below 0.001, and no
practical-effect threshold was preregistered for this comparison. It therefore does not support a
meaningful aggregate-improvement claim. Ego progress and drivable-area compliance improve
by 0.00666 and 0.00239, respectively, whereas collision, TTC, driving direction, and comfort
decline. TTC has the largest mean regression at —0.00782; the candidate therefore fails the
zero-tolerance safety non-compensation rule used in this study.

This is not a claim that the candidate is unsafe in the real world; NAVSIM-v1 is a finite,
non-reactive benchmark. It shows that a positive machine-precision sign, a practically meaningful
aggregate effect, and no regression in critical components are three different claims. The first is
observed, the second is indeterminate because no minimum meaningful effect was preregistered,
and the third fails in this comparison.
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Table 6: Aggregate and component-level results for the exact paired full comparison. Values are
means over 12,146 paired scenarios and are reported to approximately three significant digits.

Quantity Candidate Official Candidate-minus-official verdict

PDMS 0.937 0.937 +4.44 x 107% 95% interval [—0.00179,
0.00277]

Ego progress 0.921 0.914 +0.00666

Drivable-area compli- 0.985 0.982 +0.00239

ance

No-at-fault collision 0.989 0.991 —0.00218

TTC within bound 0.955 0.963 —0.00782

Driving direction 0.944 0.947 —0.00276

Comfort 0.999 0.999 —1.65 x 1074

Reliability verdict Positive sign only; practical-effect indeterminate; safety non-compensation fail

Figure 5 plots the exact mean differences recovered from the official paired CSVs. It makes
the compensation structure visible: progress and drivable-area compliance increase, but their
aggregate contribution coexists with larger-magnitude TTC and direction regressions.
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0.006 A
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0.002
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Figure 5: Exact aggregate and component mean differences for the candidate versus the official
checkpoint on 12,146 paired scenarios. Green denotes a positive mean difference and red a
regression. The nominal aggregate sign does not satisfy the zero-tolerance non-compensation
rule.

The conclusion does not depend only on choosing a zero tolerance. Figure 6 evaluates
Equation (12) over a grid of minimum meaningful effects 1; and a common component tolerance
e. A positive verdict is possible only when 7; < 4.44 x 10~% and € > 0.00782. Thus any threshold
requiring a larger aggregate effect, or any component tolerance stricter than the observed TTC
regression, rejects the claim. The sensitivity surface displays the threshold choice explicitly
instead of embedding it in one binary verdict.
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Figure 6: Sensitivity of the aggregate reliability verdict to the minimum meaningful effect n; and a
common non-compensation tolerance €. The dashed lines mark the observed aggregate difference
and the minimum tolerance required to absorb the largest critical-component regression.

4.4.5 Test 5: Robustness of Broad Score Calibration

Four calibration families—global future consensus, BCE, listwise, and set-wise conditional
calibration—were evaluated before the final frozen-tensor screen. The exact screen trained 216
arms and evaluated four steps per arm, producing 864 seed-level outcomes and 432 two-seed
configurations. Six individual seed-level outcomes had a positive sign; after pairing seeds, only
four configurations had a positive average. None produced a strictly positive gain on both fixed
validation halves across both seeds, and none reached the declared mean gain of 0.002.

Reporting the four nominal two-seed configurations alone would create a best-of-many positive
result. The best set-wise configuration averages 1.12 x 10™% across seeds, but all four seed-by-half
gains are [4.49x 1074, 0, 0, 0]. The repeatable linear configuration averages 1.06 x 10~% and yields
[2.13 x 1074, 0, 2.13 x 10~%, 0]. Under the declared family-level gate, the examined calibration
family therefore does not demonstrate robust decision transfer. The candidate-oracle regret of
0.0125 shows that better choices exist inside the 32-proposal set, while the representative linear
calibration reduces this regret by only 1.06 x 104, This identifies unresolved selection headroom;
it does not prove a support bottleneck because no external comparison space was retained.

Figure 7 makes two forms of attrition explicit. The direct-utility candidate changes utility on
only eight of 512 prefix records, and the calibration screen reduces 432 seed-paired configurations
to four nominal average improvements and zero robust passes.
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Figure 7: Decision coverage and calibration robustness. (a) Exact outcome counts for the direct-
utility candidate on the 512-record prefix. (b) Outcomes of the 432 two-seed configurations in the
frozen-tensor screen; none of the four positive average gains satisfies the predefined robustness

gate.

4.5 Evaluation-Rule Ablation and Conclusion Reversals

The main ablation removes one PDT claim rule at a time while holding the underlying artifacts
fixed. This is an evaluation-rule ablation, not a new model-training experiment. Table 7 shows
that common shortcuts produce a positive conclusion that is rejected or bounded when the full
transfer chain is restored.

Table 7: Conclusion-reversal ablation. “Numerically positive” denotes a sign-only verdict and
does not imply a practically meaningful effect.

Removed PDT rule

Evidence viewed in
isolation

Reduced-rule
verdict

PDT verdict

Proxy-to-decision link-
age
Full-scale confirmation

Meaningful effect
and safety non-
compensation

Family-level robustness

Artifact-completeness
rule

Component BCE
0.705 — 0.530
Prefix512 +0.00909; pre-

fix2048 +0.00250

Full PDMS nominally
+4.44 x 1074

Best four positive av-
erages among 432 two-
seed configurations
Oracle headroom and
unchanged selections in
the boundary audit

Positive proxy ver-
dict
Positive subset ver-
dict

Numerically posi-
tive

Positive if cherry-
picked

Single-cause diag-
nosis

Fail: selected held PDM declines

Fail: complete-run PDMS is be-
low the frozen reference and offi-
cial checkpoint

Practical-effect  indeterminate;
four critical/quality components
decline

Fail: none passes both halves
across both seeds

Indeterminate cause: proposal
residual /ranking arrays are miss-
ing

The ablation tests PDT’s applied role: it changes whether evidence is used to expand a run,
claim a safety-consistent improvement, or continue score-only calibration. The experiment does
not show that every rule is mathematically necessary for every planner. Each rule prevents a
documented conclusion error in the present case study.
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4.6 Visualization of Transfer Attrition

Figure 8 summarizes the observed attrition between locally positive evidence and a reliable
planning improvement claim. It shows verdict transitions; unavailable proposal-level arrays are
not plotted. Three paths begin with a positive local observation and are rejected at selected
utility, full-scale utility, or the critical component vector. The calibration path begins with
isolated nominal improvements but fails replication across fixed halves and seeds.

Local or reduced-rule evidence PDT decision-level verdict
Better component proxy Selected utility declines
BCE decreases proxy transfer fails
Positive locked prefixes Complete-run reversal
512 and 2048 deployment transfer fails
Nominal positive sign Meaningful effect unresolved;
below 0.001 non-compensation fails
Four positive averages No two-half/two-seed pass
among 432 configurations robustness fails

Figure 8: Observed conclusion reversals across the PDT chain. Positive local evidence is assigned
to the transfer stage it supports and prevented from licensing a stronger downstream claim.

5 Discussion

5.1 From Metric Reporting to an Evaluation Method

PDT provides an intermediate evaluation framework for future-aware planning signals. It is
more specific than the principle of evaluating decisions rather than prediction error, yet it applies
beyond a benchmark-specific checklist. Upstream proxy evidence supports a driving claim only
when scoring, selection, support, and deployment conditions are observed or explicitly bounded.
Proposition 1 defines proposal-wise activation surplus instead of using a global score-change
norm. Proposition 2 separates the frequency and utility of decision switches, and Proposition 3
bounds score-only intervention under fixed candidate support. The reliability module limits the
scope of conclusions drawn from these quantities.

The experiments evaluate the framework without requiring a positive model result. Several
superficially positive premises change interpretation when the relevant transfer condition is
tested. A lower proxy loss fails at selected utility; a prefix512 gain has a positive scene-bootstrap
interval, but the prefix2048 and complete-support intervals cross zero; a nominal aggregate
sign has interval [—0.00179, 0.00277] and requires a component tolerance of at least 0.00782
to pass; and isolated calibration averages fail the robustness rule. The proposal-level replay
verifies AJ = pu to floating-point precision and shows that most switches can be utility-neutral.
Different outcomes can therefore be attributed to specific stages instead of being summarized as
a single benchmark failure.

PDT separates three levels of evidence that are often compressed into a single claim. A
learning claim tests whether the future target can be predicted. A planning improvement claim
tests whether the induced scores change selected trajectories with positive utility. A deployment
claim tests whether that benefit survives full support and critical-component constraints. Passing
an earlier level does not entail the next. The terms “improved representation,” “improved
selection,” and “reliable planning gain” therefore refer to different evidential strengths.
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5.2 Implications for Future-Aware Planner Development

The first unresolved transfer stage determines the next experiment. If a held future objective
does not improve, further benchmark evaluation is premature and effort should return to the
representation target. If the representation improves but proposal ordering does not, proposal-
wise utilities, score correlations, and margin-normalized perturbations should be inspected before
adding more training epochs. If scores change but selections do not, the relevant quantities are
the top-1/top-2 margin distribution and switch coverage; another proxy-loss measurement adds
little information. If selection regret is small relative to support regret, further score calibration
has limited leverage and the candidate generator should be expanded or diversified. If a local
decision gain fails scale, safety, or sequential comparability gates, the claim should be bounded
and the failed deployment condition investigated without reopening unrestricted checkpoint
search.

The case study illustrates each of these choices. The early decision-boundary audit contains
oracle headroom but no observed switch, so its missing proposal arrays prevent a single-cause
diagnosis. The later frozen-tensor replay resolves that measurement gap on a separate support:
the repeatable linear calibration changes four of 64 decisions, with p = 0.0625 and p = 0.00170,
but three of the four switches are utility-neutral. The direct-utility candidate affects only eight
of 512 prefix records. The future-supervised candidate warrants scale expansion because its
prefix512 interval is positive, but uncertainty includes zero at prefix2048 and complete support.
Finally, the aggregate-score and calibration experiments show that a machine-precision sign,
a practically meaningful effect, component non-compensation, and family-level robustness are
separate objectives.

For implementation, PDT requires a minimal logging interface independent of planner
architecture: stable candidate identifiers, proposal-wise scores, selected indices, top-1/top-2
margins, per-candidate utility where feasible, aggregate and component outcomes, evaluator-state
metadata, and immutable support keys. Persisting these fields during training and evaluation
makes the transfer chain auditable without redesigning the planner. It also reduces the risk that
a later analysis becomes indeterminate because a checkpoint, residual array, or evaluator state
was not retained.

5.3 Limitations and Future Work

The current evidence has four main limitations. First, PDT is evaluated on one proposal-
based future-aware planning family and NAVSIM-v1. The case study demonstrates diagnostic
usefulness, but it does not show cross-architecture or cross-benchmark invariance. Second, the
framework was synthesized retrospectively from a sequence of experiments. Several campaign-
level thresholds and fixed splits were locked before their corresponding outcomes, but the complete
taxonomy was not preregistered. Third, proposal arrays were recovered for the 64-token frozen
calibration support but not for the early four-token audit or the complete 12,146-record runs.
The exported complete-run CSVs also lack log identifiers. We can therefore report proposal-level
margin and switch diagnostics on the frozen validation support and scenario-level paired intervals
on complete support, but not log-clustered intervals, complete-run switch-conditioned utility,
or an external support-regret decomposition. Fourth, non-reactive benchmark evidence cannot
demonstrate real-world safety or closed-loop causal effects under interactive traffic.

Future work should therefore evaluate PDT prospectively across sparse, diffusion-based, and
world-model-based planners with a common logging interface. A preregistered study should
freeze the proxy, utility, safety tolerances, statistical unit, candidate support, and scale-expansion
gates before outcomes are opened. Route- or log-level resampling can then quantify clustered
uncertainty in p, u, and paired utility, while reactive or closed-loop evaluation can test whether
the same failure locations remain informative when the policy changes subsequent observations.
Controlled support-expansion experiments are especially important: adding diverse, feasible
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candidates while holding the scorer fixed would identify whether the residual regret is caused by
selection or candidate support.

6 Conclusions

This paper introduced the Proxy-to-Decision Transfer Framework for evaluating future-aware
proposal-based autonomous-driving planners. PDT analyzes decision dependencies across
multiple stages and combines two modules: Decision-Transfer Decomposition localizes failures
across representation, scoring, selection, and candidate support, whereas Reliability-Constrained
Validation limits positive claims through exact pairing, scale expansion, critical-component non-
compensation, sequential comparability, and family-level robustness. The framework analyzes
how proxy evidence affects planning decisions without introducing a new planner architecture or
scalar benchmark.

The NAVSIM-v1 case study demonstrates why these distinctions matter. Proxy improvement
coexists with lower selected utility; a proposal replay closes AJ = pu exactly but reveals low
decision coverage and mostly utility-neutral switches; a positive prefix512 interval becomes
unresolved on larger supports; two aggregate PDMS values are identical at three significant
digits while four critical or quality components decline; and none of 432 two-seed configurations
passes the predefined robustness rule. These findings do not indicate that future-aware learning
is ineffective; they show that its benefits should be evaluated at the decision level and under
explicit support, uncertainty, and reliability conditions. Reporting pass, fail, and indeterminate
cases at specific transfer stages provides a reproducible basis for model selection, experiment
design, and appropriately scoped conclusions.

Data and Code Availability

NAVSIM is publicly available from its cited source. The arXiv ancillary files contain the minimal
retained evidence supporting the reported statistics: paired scenario-level metrics, frozen proposal
tensors, configuration locks, proposal-diagnostic outputs, derived tables, deterministic analysis
scripts, and SHA-256 hashes. Large public benchmark assets and upstream model weights are
excluded and should be obtained from their original repositories.
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