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Abstract

Offline reinforcement learning repeatedly trains
policies from a fixed transition pool, making
redundant data costly across seeds and hyper-
parameters, while naive subsampling can re-
move rare transitions needed for long-horizon
credit assignment. We introduce CODS, a
critic-guided selector that alternates between
fitting an algorithm-matched critic and acquir-
ing high-residual transitions before freezing
a reusable subset. Unlike prioritized replay,
CODS produces a static artifact; unlike one-
shot residual selection, it refreshes scores as the
critic changes. At a 10% budget, CODS retains
96.6% of eligible-pool performance across 20
valid D4RL task–algorithm cells. It exceeds
ReDOR and OPER on 19/20 cells and every
other subset baseline on 20/20; all six subset ad-
vantages remain significant under predeclared
hierarchical inference with Holm correction.
Holding total selector updates fixed, five acqui-
sition rounds improve four representative cells
by 11.23 points over one round and saturate
thereafter. Equal-pass and equal-hour evalua-
tions clarify that reuse, rather than a single-run
speedup, creates the compute advantage. Mech-
anism and corruption interventions expose both
useful sparse-reward enrichment and sensitivity
to outliers. Finally, a whole-trace extension re-
tains 95.4% of pooled ALFWorld success and
96.5% of pooled GSM8K exact match. CODS
is therefore a reusable selection procedure, not
a formal coreset guarantee.

1 Introduction

Offline reinforcement learning learns a policy
from a fixed collection of transitions rather than
through further environment interaction (Levine
et al., 2020). Benchmark datasets such as D4RL
and RL Unplugged have made this setting repro-
ducible, but they also expose a practical cost that
receives less attention: the same pool is often
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processed again for every seed, architecture, and
regularization choice (Fu et al., 2020; Gulcehre
et al., 2021). Uniformly shrinking that pool is
risky. Dense regions may contain many similar
transitions, whereas a small number of reward-
bearing or connective transitions can determine
whether temporal-difference learning propagates
value across a long horizon.

This tension makes offline data selection differ-
ent from assigning each transition a permanent no-
tion of importance. A transition with a small error
under an initial critic may become informative after
nearby value estimates change, while an initially
surprising transition may cease to matter once its
local error has been fitted. One-shot selection ig-
nores this movement. Dynamic replay priorities
track it, but they remain coupled to one training run
and therefore cannot be frozen and reused across a
sweep.

CODS addresses this gap with an iterative but
ultimately static selector. It starts from a small
random burn-in set, fits the critic used by the down-
stream offline RL algorithm, adds a batch of high-
residual transitions, and refits before the next ac-
quisition. Once the budget is reached, CODS
freezes the selected indices and initializes each
downstream run from scratch. The resulting object
is a reusable data subset, not a weighted replay
distribution and not a coreset in the formal approx-
imation sense.

The empirical study asks whether a frozen
10% subset retains performance, whether iterative
rescoring improves over the identical one-shot rule,
how its gains vary with budget and selection seed,
and when its construction cost can be amortized.
Across a provenance-screened matrix of 20 D4RL
task–algorithm cells, CODS has the strongest re-
ported subset mean in 19 cells relative to ReDOR
and OPER and in all 20 relative to the remaining
subset baselines. Fixed-selector-budget ablations
isolate rescoring across four configurations, while
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matched-update, matched-pass, and matched-hour
evaluations separate subset quality from compute
savings.

The contribution is consequently both method-
ological and empirical. CODS turns a moving
Bellman-error signal into a fixed artifact, evalu-
ates a common subset budget against geometric,
return-based, one-shot residual, resampling, and
gradient-matching alternatives, and isolates acqui-
sition rounds from final subset size and selector up-
dates. The analysis is completed by multi-task bud-
get curves, seed-variance estimates, sparse-reward
removal interventions, corruption and duplication
stress tests, cross-algorithm reuse, and full OPER
results. Appendix C develops the design rationale
and reuse interface in full.

Two boundaries keep these contributions precise.
First, the theoretical calculation only relates resid-
ual magnitude to a local information-gain proxy
under strong conditioning assumptions; its empiri-
cal worst-case factor is too loose to certify the ob-
served ranking. Second, transition-wise acquisition
is appropriate for the Markov control experiments
but not automatically for text. Our language exper-
iments therefore adapt CODS to select complete,
prefix-closed traces with a language-model critic
rather than treating tokens as independent D4RL
transitions. This extension connects the controlled
RL study to offline value learning for reasoning
and language agents (Wang et al., 2025) without
claiming that the two data modalities are identical.

2 Related Work

CODS is a data selector rather than a new policy-
learning objective. We therefore evaluate it
with three representative offline RL algorithms.
TD3+BC regularizes policy improvement toward
behavior cloning (Fujimoto and Gu, 2021); CQL
penalizes high values for actions outside the data
distribution (Kumar et al., 2020); and IQL uses
expectile value learning without explicitly estimat-
ing the behavior policy (Kostrikov et al., 2021).
Matching the acquisition residual to each backup
lets the selection rule follow the error optimized by
the corresponding learner.

Experience replay and offline data reweighting
offer the closest comparisons. Prioritized experi-
ence replay updates sampling probabilities during
an active training run (Schaul et al., 2015). ReD
rebalances offline data using trajectory return (Yue
et al., 2022), and OPER uses fixed advantage- or

return-derived priorities for offline resampling (Yue
et al., 2025). These approaches change how often
examples are visited but do not construct an it-
eratively refined, frozen subset. Trajectory-level
replay further shows that transition-wise sampling
can disrupt temporal structure, a concern that be-
comes more important for sparse rewards and lan-
guage trajectories (Liu et al., 2024).

ReDOR directly targets offline dataset reduction
by matching the full-data actor–critic gradient with
a selected subset (Yang et al., 2025). It supplies a
stronger optimization objective than a scalar Bell-
man residual, but requires more expensive gradient
representations and an OMP-style selection pro-
cedure. CODS instead asks whether repeatedly
updating a cheap, algorithm-specific residual is
sufficient. The distinction is empirical rather than
categorical: both methods depend on the critic used
during selection, and a faithful comparison must
include their complete selection costs.

In supervised learning, subset selection has been
driven by geometric coverage, influence, exam-
ple difficulty, and gradient matching (Sener and
Savarese, 2017; Koh and Liang, 2017; Paul et al.,
2021; Mirzasoleiman et al., 2020). CODS borrows
the iterative rhythm of pool-based active learning,
but no new labels are queried. Bellman backups
provide a model-dependent signal over an already
observed pool. This makes the selector simple,
while also exposing it to critic misspecification and
high-residual outliers.

The baselines test complementary notions of
importance rather than a single hierarchy. Ap-
pendix D compares their operational assumptions
and records the implementation checks needed for
a fair selector audit.

Offline RL is increasingly connected to NLP
through multi-step reasoning and the training of
language agents. OREO, for example, learns token-
or step-level values from fixed reasoning traces and
uses a soft Bellman equation for credit assignment
(Wang et al., 2025). The common structure is learn-
ing credit from a fixed collection of sequential deci-
sions, which makes reusable data selection relevant
in both domains. Our extension preserves this struc-
ture by scoring complete traces with a language-
model value critic and retaining every prefix needed
to reproduce a chosen action. The ALFWorld and
GSM8K results in Appendix O.11 are therefore
direct language-domain evidence for the adapted
selector, while the transition-level claims remain
grounded in D4RL.



ALGORITHM 1: CODS
1 Input pool D, budget B, burn-in b0, rounds K, batch

sizes b1:K , update schedule U0:K , and base algorithm
A.

2 Uniformly sample b0 indices to obtain S0.
3 Fit Q0 on D[S0] for U0 updates.
4 For k = 1, . . . ,K, score each i /∈ Sk−1 by zi =
|δA(Qk−1; si, ai, ri, s

′
i, di)|.

5 Add the bk largest-scoring indices using deterministic
tie breaking: Sk ← Sk−1 ∪Ak.

6 Update the selection critic on D[Sk] for Uk steps.
7 Freeze SK ; initialize and train every downstream run

from scratch on D[SK ].
8 Return SK .

3 Critic-Guided Offline Data Selection

Let D = {(si, ai, ri, s′i, di)}Ni=1 be an offline transi-
tion pool, with terminal indicator di. Given budget
B, CODS returns indices SK ⊂ {1, . . . , N} that
are subsequently reused by the downstream learner.
The selector begins with a uniformly sampled burn-
in set S0 of size b0. At round k, it evaluates the
current critic on every unselected transition, adds
the bk largest absolute residuals, and updates the
critic on the enlarged working set. The budgets
satisfy b0 +

∑K
k=1 bk = B.

The selection critic and final learner have sep-
arate roles. Critic fitting during acquisition deter-
mines only the selected indices. After round K,
every downstream configuration is initialized inde-
pendently and trained from scratch on the frozen
subset; neither the acquisition critic nor its opti-
mizer state is reused. This separation prevents
selection-stage optimization from becoming unre-
ported pretraining and is what permits one subset
to be reused across compatible runs.

Figure 1 makes the separation explicit. Only
the acquisition loop changes the subset. Once
frozen, its output may feed multiple downstream
runs, while any optional monitoring statistic re-
mains outside the selection path.

3.1 Algorithm-matched residuals

The acquisition score must be interpreted relative
to a backup operator. CODS therefore follows
the downstream target convention while ranking
by the absolute, unpenalized Bellman residual, so
algorithm-specific regularization magnitudes do
not directly determine the ordering.

The residual is matched to the base algorithm.
For TD3+BC, CODS uses

Unselected pool

Score with current
Bellman residual

Add top-bk
transitions

Update selection
critic

Freeze SK

and train afresh

K rounds

Figure 1: CODS separates iterative acquisition from
downstream training. Residuals are recomputed after
each critic update; the final indices are then frozen and
reused. Optional diagnostics do not enter this path.

δTD3+BC(τ) = r + γ(1− d) min
j∈{1,2}

Qθ′j
(s′, a′)

−Qθ(s, a).
(1)

where a′ = πϕ′(s
′) + ϵ includes the clipped target-

policy smoothing noise of the downstream imple-
mentation. For CQL, the critic is trained with its
conservative regularizer but the acquisition score
uses the unpenalized TD residual,

δCQL(τ) = r + γ(1− d) min
j=1,2

Qθ′j
(s′, a′)

−Qθ(s, a), a′ ∼ πϕ(· | s′).
(2)

This choice prevents the magnitude of the conserva-
tive penalty from directly determining which tran-
sitions are retained. IQL instead uses its learned
expectile value,

δIQL(τ) = r + γ(1− d)Vψ(s
′)−Qθ(s, a). (3)

In all three cases, CODS ranks candidates by |δ(τ)|
without reward, trajectory, or density bonuses.

The default experiment uses B = 0.10N , b0 =
0.02N , K = 5, and bk = 0.016N . The rule is de-
liberately minimal: it imposes neither a trajectory
quota nor a geometric coverage constraint. Conse-
quently, it can select corrupted outliers or many
nearby transitions when the critic assigns them
large errors. The corruption and duplicate-density
interventions in Appendix O.7 measure both fail-
ures directly and evaluate clipped-ensemble and
residual–coverage variants as targeted ablations.

3.2 Why the ranking is recomputed
After an acquisition, the critic can reduce old errors
and expose new inconsistencies; recomputing the
pool ranking is the mechanism that distinguishes



CODS from a fixed top-B residual list. The burn-in
remains a source of bias rather than a trusted core,
and the frozen artifact is reused only after selection
ends. Appendix C gives the full rationale, while
Appendix E specifies batch tradeoffs, invariants,
and complexity.

4 What Residual Scoring Can Justify

Bellman residual magnitude is often interpreted as
a measure of how much a critic can still learn from
a transition. The following local calculation gives
that intuition a precise but narrow form. Let

Iloc(τ) =
1

2
δθ(τ)

2g⊤τ I−1
θ gτ , gτ = ∇θQθ(s, a),

(4)
where Iθ is positive definite on the span of the
candidate gradients.

Remark 1 (Local score comparison). Suppose
mg ≤ ∥gτ∥2 ≤ Mg for all candidates, and let
κ be the condition number of Iθ on their gradient
span. Then constants cmin, cmax > 0 satisfy

cmin|δθ(τ)| ≤
√

Iloc(τ) ≤ cmax|δθ(τ)|,
cmax

cmin
≤ Mg

mg

√
κ.

The proof is in Appendix A. This comparison
does not imply pairwise rank preservation: the
omitted gradient–curvature term can differ across
transitions. In the empirical audit, the worst-case
factor is approximately 2 × 103, and only 0.02%
of sampled pairs meet the sufficient separation con-
dition. We therefore use the result to delimit the
heuristic, not to explain the empirical gains. In par-
ticular, CODS has no established policy-recovery,
regret, monotone-submodular, or formal coreset
guarantee.

The gap between this score comparison and a
policy guarantee is substantial because acquisition
changes the critic, actor, and future targets. Ap-
pendix G records the omitted gradient–curvature
quantities and the required empirical audit.

5 Experiments

The experiments proceed from quality to expla-
nation and then to cost. The 20-cell fixed-update
matrix tests whether a 10% subset preserves per-
formance. Fixed-selector-budget round ablations
isolate rescoring, and multi-task budget curves lo-
cate the observed saturation region. Nested se-
lection and downstream seeds quantify both un-

certainty sources. Sparse-reward removal, corrup-
tion, duplication, and transfer studies then test
when the residual signal helps or fails. Finally,
equal-update, equal-pass, and equal-hour proto-
cols determine which compute claims follow from
reusable subsets. A whole-trace language experi-
ment asks whether the iterative principle survives
the change from Markov transitions to textual ac-
tion sequences.

5.1 Tasks, baselines, and protocol
We use D4RL v2 locomotion datasets for HalfChee-
tah, Walker2d, and Hopper at medium and medium-
expert quality, together with AntMaze-medium-
play (Fu et al., 2020). Each selector is paired
with TD3+BC, CQL, or IQL. Random selection
establishes an unstructured lower baseline. k-
center uses Euclidean distance in coordinate-wise
z-scored state–action space. ReD uses trajectory
return, Static-PER uses the burn-in critic once and
is therefore identical to CODS with K = 1, OPER
performs its published offline resampling proce-
dure, and ReDOR approximates the full-pool gra-
dient direction with an OMP-style objective. Ap-
pendix B gives the exact selector schedule, while
Appendix O.1 audits the two strongest external im-
plementations.

Ten percent of the original trajectories are held
out from both selection and training for an optional
diagnostic described in Appendix L. The eligible-
pool baseline therefore uses the remaining 90% of
the original dataset. Every subset contains transi-
tions equal to 10% of the original dataset, or 11.1%
of the eligible pool. Calling the eligible-pool con-
dition “100%” would obscure this distinction, so
Table 1 labels it as Pool.

All primary quality comparisons train the down-
stream learner for exactly 1,000,000 gradient up-
dates with batch size 256. Evaluation occurs ev-
ery 5,000 updates over ten deterministic episodes,
and the reported score averages the final ten check-
points. This equal-update design controls opti-
mizer exposure but causes each selected transition
to be revisited more often. The separate equal-
pass and equal-amortized-hour measurements in
Appendix O.9 expose that distinction rather than
attributing all savings to data quality.

The primary matrix excludes one configura-
tion before aggregation. TD3+BC is at the
AntMaze task floor and lacks informative subset-
baseline comparisons. The IQL AntMaze row
is retained after reconciling every method to



the manifest-verified expectile and temperature
(τ, β) = (0.9, 10), fixed code revision, selected in-
dices, and checkpoint rule. Appendix J documents
both decisions and explains why an unreconciled
historical IQL value is not reused.

All selectors receive the same eligible pool and
cardinality; Appendix D gives the fairness audit.
Each subset method uses five independently se-
lected artifacts, and each artifact is evaluated with
three downstream seeds, giving 15 nested evalu-
ations per populated cell. Pool uses ten down-
stream seeds. The CQL Hopper-medium reversal
remains in the matrix, and the nested design pre-
serves selection-seed variation instead of treating
downstream initialization as the only source of un-
certainty.

5.2 Subset quality

Across the 20 valid cells, CODS retains 96.6% of
the aggregate eligible-pool score. We predeclare
Pool as a retention comparison, not as one of the
subset hypotheses. The confirmatory family there-
fore contains exactly six comparisons: ReDOR,
ReD, Static-PER, OPER, k-center, and Random.
Confidence intervals come from a dataset-blocked
hierarchical bootstrap that resamples datasets, then
selection artifacts, then downstream seeds. One-
sided p-values come from a paired mixed-effects
model with fixed learner effects and random inter-
cepts for dataset, dataset–learner cell, and selec-
tion artifact within cell, calibrated by 100,000 null
parametric-bootstrap replicates and Holm-adjusted
over the six-method family. This model-based
test, detailed in Appendix K, does not treat seven
dataset blocks or dependent seeds as independent
sign flips.

Table 2 shows a 2.77-point mean gap to Pool
and positive CODS differences against all six sub-
set baselines, from +4.72 over ReDOR to +27.12
over Random. Each subset interval excludes zero at
Holm-adjusted p < 0.001. The claim is therefore
preservation of most pooled performance with a
much smaller artifact, not statistical equivalence to
Pool.

The aggregate is not driven by one learner (Ta-
ble 3): sum-based retention is 96.6% for the six
eligible TD3+BC cells, 97.0% for seven CQL cells,
and 96.1% for seven IQL cells, 96.6% overall. Ap-
pendix H gives these per-algorithm summaries and
discusses the CQL Hopper-medium reversal with-
out relabeling it as a win.

5.3 Does rescoring matter?

Static-PER and CODS with K = 1 are the
same one-shot rule when burn-in, residual, and
budget are matched. Table 4 therefore merges
them rather than presenting duplicate labels as
separate methods. On Walker2d-medium with
TD3+BC, the mean rises from 65.4 for one-shot
selection to 74.7 with three rounds and 78.5
with five rounds. Ten rounds produce no further
gain. A fixed-critic-budget replication on four rep-
resentative cells (Walker2d/TD3+BC, HalfChee-
tah/CQL, Hopper/IQL, AntMaze/CQL), holding
total selection-critic updates constant across round
counts, confirms this is a cross-task effect rather
than a Walker-only observation (Appendix O.3):
the four-cell mean rises from 49.95 at K=1 to
61.18 at K=5 (+11.23, 95% CI [+8.86,+13.74],
p < 0.001) and K=10 is −0.40 relative to K=5
(CI [−1.18,+0.37]), supporting saturation rather
than monotonic improvement. Five rounds are not
claimed to be universally optimal.

Because the final cardinality and the 100,000-
update selector budget are fixed, the gain from
K = 1 to K = 5 cannot be attributed to more
selected transitions or more critic updates. Ap-
pendix O.3 repeats this design with five selection
seeds on four configurations, so the observed gain
includes selection-seed uncertainty rather than a
single burn-in artifact.

5.4 How does performance change with
budget?

The Walker2d sweep in Figure 2 complements
the round ablation: CODS rises sharply between
2% and 5%, reaches 94% of Pool at 10%, and
changes little beyond 15%. Appendix O.4 repeats
the same budgets on four representative configura-
tions. Their four-cell mean gains per budget point
are 5.49 from 2% to 5%, 0.87 from 5% to 10%, and
0.23 from 10% to 20%. Thus diminishing marginal
gains are cross-task in this sample, although 10%
remains a common evaluation budget rather than a
universal optimum.

The multi-task table provides the broader evi-
dence. Figure 2 remains useful because it shows
the full Walker2d curve and uncertainty bands. We
report finite-difference slopes directly from the ob-
served means rather than fitting an unspecified satu-
ration model. Appendix H gives the corresponding
interpretation.



Table 1: D4RL normalized scores under an equal downstream budget of 1,000,000 updates. Subsets contain
transitions equal to 10% of the original dataset; Pool uses the 90% eligible training pool after the diagnostic holdout.
Subset entries are means ± standard deviations over five selection seeds and three downstream seeds; Pool uses ten
downstream seeds. Bold marks the highest reported subset mean. The 20-cell primary comparison excludes only
† the floor-level TD3+BC AntMaze cell. The IQL AntMaze row is the manifest-verified (0.9, 10) reconciliation.
Appendix Table 13 reports all 20 OPER cells.

Algorithm Dataset Pool CODS ReDOR ReD k-center Static-PER Random

TD3+BC

HalfCheetah-med-expert 90.7 ± 1.2 89.1 ± 1.0 85.3 ± 1.8 83.7 ± 2.0 78.4 ± 2.1 80.2 ± 1.7 60.1 ± 3.4
Walker2d-med-expert 110.1 ± 1.6 105.4 ± 1.5 98.7 ± 2.0 96.2 ± 2.5 88.5 ± 2.6 92.1 ± 2.2 68.3 ± 4.1
Hopper-med-expert 111.9 ± 1.2 108.3 ± 1.3 102.1 ± 1.7 103.0 ± 1.9 95.3 ± 2.4 98.4 ± 2.0 75.2 ± 3.8
HalfCheetah-medium 48.3 ± 0.8 47.5 ± 0.9 45.1 ± 1.1 44.8 ± 1.2 42.0 ± 1.5 43.1 ± 1.2 35.2 ± 2.9
Walker2d-medium 83.7 ± 1.5 78.5 ± 1.4 74.1 ± 1.9 72.4 ± 2.2 66.2 ± 2.3 65.4 ± 2.0 50.4 ± 3.6
Hopper-medium 59.3 ± 1.8 58.1 ± 1.7 53.2 ± 2.1 54.0 ± 2.0 48.1 ± 2.5 49.5 ± 2.2 39.8 ± 4.0

AntMaze-med-play† 8.4 ± 3.6 7.2 ± 3.2 — — — — —

CQL

HalfCheetah-med-expert 91.6 ± 1.5 88.5 ± 1.4 84.1 ± 1.9 83.9 ± 2.1 79.5 ± 2.2 81.2 ± 1.8 62.5 ± 3.5
Walker2d-med-expert 108.3 ± 1.7 104.2 ± 1.6 99.1 ± 2.1 96.8 ± 2.4 89.4 ± 2.8 91.5 ± 2.4 70.2 ± 4.3
Hopper-med-expert 111.0 ± 1.4 109.1 ± 1.5 103.5 ± 1.8 104.2 ± 2.0 96.2 ± 2.5 99.1 ± 2.1 78.4 ± 3.9
HalfCheetah-medium 44.0 ± 1.0 43.1 ± 1.1 41.0 ± 1.3 40.8 ± 1.5 38.2 ± 1.6 39.1 ± 1.4 33.4 ± 3.1
Walker2d-medium 79.2 ± 1.6 76.8 ± 1.5 71.5 ± 2.0 70.2 ± 2.4 64.0 ± 2.4 62.1 ± 2.1 48.1 ± 3.8
Hopper-medium 58.0 ± 1.5 56.8 ± 1.1 57.2 ± 1.4 55.9 ± 1.8 46.1 ± 2.6 47.3 ± 2.3 36.2 ± 4.2
AntMaze-med-play 61.2 ± 3.5 58.0 ± 3.8 45.0 ± 4.2 44.6 ± 4.9 38.4 ± 5.5 41.2 ± 4.8 10.1 ± 5.5

IQL

HalfCheetah-med-expert 86.7 ± 1.6 84.2 ± 1.5 80.5 ± 2.0 79.6 ± 2.2 75.1 ± 2.3 78.3 ± 1.9 58.4 ± 3.6
Walker2d-med-expert 109.6 ± 1.4 106.1 ± 1.5 101.4 ± 1.9 98.7 ± 2.3 92.5 ± 2.5 95.4 ± 2.1 72.5 ± 4.0
Hopper-med-expert 91.5 ± 1.3 89.4 ± 1.4 84.2 ± 1.8 84.8 ± 1.9 77.5 ± 2.4 80.1 ± 2.0 65.2 ± 3.7
HalfCheetah-medium 47.4 ± 0.9 46.8 ± 1.0 45.2 ± 1.2 44.7 ± 1.4 41.3 ± 1.6 42.5 ± 1.3 36.1 ± 3.0
Walker2d-medium 78.3 ± 1.5 75.9 ± 1.4 72.1 ± 1.9 70.9 ± 2.0 66.0 ± 2.3 67.2 ± 2.0 51.2 ± 3.5
Hopper-medium 66.3 ± 1.7 65.1 ± 1.6 59.8 ± 2.1 60.5 ± 2.2 52.4 ± 2.5 54.1 ± 2.2 44.0 ± 3.9
AntMaze-med-play 72.6 ± 2.7 63.4 ± 3.1 56.8 ± 3.6 52.9 ± 4.1 47.7 ± 4.6 52.1 ± 4.0 16.7 ± 5.2
(OPER on this cell: 55.6 ± 3.8; the complete OPER column appears in Appendix Table 13.)

Table 2: Primary comparison over 20 valid cells. Pool is
the separately predeclared retention comparison and is
not in the Holm family; the six subset comparisons use
hierarchical bootstrap CIs and mixed-model parametric-
bootstrap p-values.

Comparison Positive Mean ∆ 95% CI Holm p

CODS − Pool 0/20 −2.77 [−3.52,−2.05] —
CODS − ReDOR 19/20 +4.72 [+3.61,+5.87] < 0.001
CODS − ReD 20/20 +5.59 [+4.31,+6.91] < 0.001
CODS − Static-PER 20/20 +9.72 [+7.81,+11.70] < 0.001
CODS − OPER 19/20 +6.84 [+5.22,+8.47] < 0.001
CODS − k-center 20/20 +11.58 [+9.45,+13.77] < 0.001
CODS − Random 20/20 +27.12 [+23.04,+31.26] < 0.001

Table 3: Retention by downstream learner over the 20
valid cells (sum of CODS scores over sum of Pool scores
within each row).

Learner Cells Pool mean CODS mean Retention

TD3+BC 6 84.00 81.15 96.6%
CQL 7 79.04 76.64 97.0%
IQL 7 78.91 75.84 96.1%

Overall 20 80.49 77.72 96.6%

6 Reuse Cost Model

Equal-update scores do not demonstrate lower train-
ing time, because minibatch updates cost roughly
the same regardless of the pool from which they
are sampled. The timing ledger therefore separates
one-time selection from three downstream proto-
cols on Walker2d-medium. A Pool run over the
matched number of dataset passes costs 1.8 hours,

Table 4: Acquisition-round ablation at a 10% budget on
Walker2d-medium with TD3+BC. Entries average five
selection seeds and three downstream seeds.

Variant Score

Random 10% 50.4± 3.6
One-shot residual (Static-PER; K=1) 65.4± 2.0
CODS, K = 3 74.7± 1.9
CODS, K = 5 78.5± 1.4
CODS, K = 10 78.1± 1.7

subset training costs 0.18 hours per configuration,
and CODS selection costs 3.0 hours once. For a
sweep of S configurations, the epoch-scaled costs
are

Cpool(S) = 1.8S, CCODS(S) = 3.0+0.18S.

The break-even count is ⌈3.0/(1.8−0.18)⌉ = 2.
At S = 20, the ledger gives 36.0 hours for the
pool and 6.6 hours for CODS, a 5.45× arithmetic
reduction. Table 5 includes ReDOR under the same
accounting.

A matched-pass run scores 75.6 rather than the
equal-update 78.5, retaining 90.3% rather than
93.8% of the 83.7 Pool score. At 20 reuses, that
condition realizes the ledger’s 5.45× total-time re-
duction; at one reuse, CODS still costs 3.18 hours
versus 1.8 for Pool. Equal updates yield only a
1.04× total-time reduction at 20 reuses. The equal-
amortized-hour condition retains 95.1% of Pool
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Figure 2: Budget sweep for Walker2d-medium with
TD3+BC. Points average five selection seeds and three
downstream seeds; bands show marginal standard devi-
ations.

Table 5: Reported wall-clock cost model for 20
epoch-scaled configurations on Walker2d-medium with
TD3+BC. The table establishes amortization arithmetic,
not matched-performance speedup.

Method Select Train 20 Total

Pool 0.0 h 36.0 h 36.0 h
ReDOR 4.5 h 3.6 h 8.1 h
CODS 3.0 h 3.6 h 6.6 h

because its shared selection cost is spread across
the sweep. Appendix O.9 reports the three proto-
cols together.

Reuse is therefore the source of the arithmetic
advantage, not faster single-run convergence. Ap-
pendix I derives the general break-even rule, tab-
ulates the one- and two-run cases, and gives the
complete job-accounting template.

7 Discussion and Conclusion

CODS is built around one observation: transition
importance changes as the critic changes. Recom-
puting an algorithm-specific residual before each
acquisition batch outperforms freezing the initial
ranking on Walker2d and on the four-cell fixed-
budget replication. The 20-cell matrix then shows
that the same procedure remains effective across
three offline RL objectives. Freezing the indices
creates a further operational advantage over dy-
namic prioritization when compatible runs reuse
one artifact. The completion experiments in Ap-
pendix O connect that headline result to base-
line fidelity, cross-task budgets, selection stabil-
ity, learner-specific sparse-reward mechanisms, ro-
bustness failures, transfer, matched compute, and
language traces.

The primary comparison gives this observation

a broad, if still benchmark-limited, empirical base.
CODS retains 96.6% of the aggregate eligible-pool
score at a budget equal to 10% of the original
dataset. Its advantage over return, geometry, and
one-shot residual baselines appears in every valid
cell, while its comparison with gradient matching
is closer and includes one 0.4-point reversal. OPER
is likewise competitive in one cell, but its complete
20-cell column leaves CODS ahead by 6.84 points
on average. This pattern is more informative than
claiming uniform dominance: inexpensive resid-
ual scoring is competitive when refreshed, whereas
richer gradient and resampling signals remain seri-
ous alternatives.

The AntMaze interventions sharpen the mech-
anism claim without extrapolating across learn-
ers. CQL- and IQL-specific selectors both enrich
reward-bearing, bottleneck, and goal-proximal tran-
sitions, and category-excluding replacements lower
the corresponding learner’s return. The CQL inter-
vention is used only for CQL and the IQL interven-
tion only for IQL. By contrast, the failed TD3+BC
learner demonstrates the opposite boundary: itera-
tion can refresh a ranking but cannot manufacture
a meaningful backup from a critic at the task floor.
Its composition audit stays descriptive and is not
used to explain successful navigation.

The evidence still does not support a formal core-
set story. The local proxy bound is too loose to
certify the ranking, and the equal-update protocol
alone does not prove time efficiency. The matched-
pass result quantifies the quality lost when repeated
exposure is removed, while the matched-hour re-
sult locates a measured point on the reuse fron-
tier. In language, the whole-trace adaptation out-
performs random, diversity, one-shot, and ReDOR
selectors on ALFWorld and GSM8K, and fragmen-
tation hurts both tasks. These results broaden the
empirical domain while also showing that the selec-
tion unit must follow the task’s sequential structure.

The reuse analysis remains conditional on work-
load. The ledger breaks even after two epoch-
scaled configurations, and the measured 20-run
equal-pass condition reduces total time by 5.45×
while retaining 90.3% of Pool on Walker2d-
medium. A single run is slower after selection
is charged, and equal updates offer almost no time
reduction. CODS is therefore most useful for re-
peated compatible training, not as a universal ac-
celerator.

Within this scope, the conclusion is concrete:
CODS is a simple iterative selector whose 10%



subsets preserve most eligible-pool performance
across 20 state-based cells, improve over one-shot
residual selection under a fixed selector budget,
and transfer to whole language traces when prefix
structure is preserved. Its output is a reusable index
artifact rather than a training-time priority distri-
bution. The released arrays, manifests, schedules,
and selected indices make those claims auditable
while leaving the theoretical guarantee deliberately
modest.

Limitations

CODS can mistake noise for information because
large Bellman residuals also arise from corrupted
rewards, stochastic targets, and critic misspecifi-
cation. The corruption study confirms this failure:
at 10% reward corruption, raw CODS falls from
58.0 to 27.8 on CQL AntMaze. Clipped-ensemble
scoring recovers to 45.4 but does not remove the
failure. Duplicate-density and burn-in studies like-
wise show that pure residual selection is neither
density-invariant nor insensitive to initialization.
These variants are diagnostic ablations, not a re-
placement for the minimal method.

Transition-wise selection can fragment trajec-
tories. For the Markov benchmarks, each tuple
carries its next state and terminal flag, so the critic
can form a one-step target even when adjacent tran-
sitions are absent, although sparse-reward learning
may still benefit from connected segments. The
language adaptation enforces whole-trace, prefix-
closed selection, and its fragmentation ablation con-
firms that this constraint matters. Segment-level
acquisition for long continuous-control trajectories
remains untested.

The experimental evidence is limited to seven
state-based D4RL datasets and three continuous-
control algorithms, plus a sequence-level language-
agent extension on ALFWorld and GSM8K. The
TD3+BC AntMaze cell is excluded as a docu-
mented learner failure; the IQL AntMaze cell is
reconciled to its manifest-verified (0.9, 10) setting.
Confirmatory inference uses a dataset-blocked hi-
erarchical bootstrap over datasets, selection seeds,
and downstream seeds; the four-cell nested study
attributes 71% of variance to dataset/configuration,
17% to selection seed, and 12% to downstream
seed, so selection-seed replication is necessary and
downstream initialization is not the only uncer-
tainty source. The optional held-out diagnostic as-
sumes trajectory exchangeability but has no role in

selection and provides no guarantee for the learned
policy.

The equal-update protocol isolates optimization
exposure rather than data-processing cost, and sub-
set transitions are revisited more frequently. Equal-
pass and equal-hour results reduce this ambiguity
but cover only Walker2d-medium with TD3+BC
and one 20-configuration reuse pattern. The selec-
tor remains slower for a single configuration. The
language evaluation covers one embodied bench-
mark and one mathematical-reasoning benchmark
with one 7B model; it does not establish transfer
to dialogue, open-ended generation, other model
scales, or online interaction.

Ethical Considerations

The study uses existing simulated-control and pub-
lic language benchmarks and involves no human
participants or newly collected personal data. Its
principal responsible-reporting risk is empirical
overstatement. We exclude the floor-level TD3+BC
AntMaze configuration, retain the reconciled IQL
configuration, distinguish measured scores from
amortization arithmetic, and report negative robust-
ness results. The anonymous artifact includes raw
evaluation arrays, selected indices, run manifests,
and scripts that regenerate every table and figure.
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A Proof of the Local Score Comparison

Proof of Remark 1. Because Iθ is positive defi-
nite on the span of the candidate gradients, its
eigenvalues on that span obey 0 < λmin(Iθ) ≤
λmax(Iθ) < ∞. For every x in the span, the
Rayleigh quotient for the inverse gives

∥x∥22
λmax(Iθ)

≤ x⊤I−1
θ x ≤ ∥x∥22

λmin(Iθ)
. (5)

Applying Equation 5 to x = gτ and using mg ≤
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m2
g
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θ gτ ≤
M2
g
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. (6)

Multiplying by δθ(τ)
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2

2λmax(Iθ)
≤ Iloc(τ) ≤

M2
g δθ(τ)

2

2λmin(Iθ)
. (7)

https://arxiv.org/abs/2106.06860
https://arxiv.org/abs/2106.06860
https://arxiv.org/abs/2006.13888
https://arxiv.org/abs/2006.13888
https://openreview.net/forum?id=0IOX0YcCdTn
https://openreview.net/forum?id=0IOX0YcCdTn
https://aclanthology.org/2025.findings-acl.464/
https://aclanthology.org/2025.findings-acl.464/
https://api.semanticscholar.org/CorpusID:274859421
https://api.semanticscholar.org/CorpusID:274859421
https://arxiv.org/abs/2502.18955
https://arxiv.org/abs/2502.18955
https://arxiv.org/abs/2306.05412
https://arxiv.org/abs/2306.05412


Taking square roots,

mg√
2λmax(Iθ)

|δθ(τ)| ≤
√
Iloc(τ)

≤ Mg√
2λmin(Iθ)

|δθ(τ)|. (8)

The ratio between the upper and lower constants is

Mg

mg

√
λmax(Iθ)
λmin(Iθ)

=
Mg

mg

√
κ,

which proves the stated comparison. Since the
quadratic form may vary among candidates, the
inequalities do not imply pairwise rank preserva-
tion.

B Implementation Details

All control experiments use D4RL v2 with Gym
0.23.1 and MuJoCo 2.1.0. Actors and critics are
two-layer multilayer perceptrons with 256 hidden
units and ReLU activations. Adam uses learn-
ing rate 3 × 10−4, batch size 256, discount γ =
0.99, and target update rate 0.005. TD3+BC uses
behavior-cloning coefficient α = 2.5. CQL uses
conservative coefficient α = 5.0 for Walker2d
and Hopper and α = 10.0 for HalfCheetah; its
AntMaze rewards are shifted by −1 and scaled by
10. IQL uses expectile 0.7 and inverse tempera-
ture 3 on locomotion, and the manifest-verified
(τ, β) = (0.9, 10) setting on AntMaze. States are
normalized for TD3+BC.

CODS uses five acquisition rounds, a 2% burn-
in set, and batches of 1.6% of the original dataset.
The selector receives exactly 100,000 critic updates:
U0 = 25,000 burn-in updates and Uk = 15,000
after each of the five acquisitions. The fixed-
budget round ablation keeps U0 = 25,000 and
divides the remaining 75,000 updates evenly, giv-
ing Uk = 75,000, 25,000, 15,000, and 7,500 for
K = 1, 3, 5, 10, respectively. Pool scoring uses
minibatches of 4,096 candidates; the target net-
work receives its soft update after every critic step,
optimizer state continues across acquisition rounds,
and deterministic index order breaks score ties.
Separate seeds govern burn-in selection, stochastic
residual targets, and downstream initialization. The
selected-index filename is keyed by dataset, base
algorithm, preprocessing hash, and selection seed,
independently of downstream runs.

The main comparison gives every final learner
1,000,000 updates. Evaluations occur every 5,000

updates with ten deterministic episodes, and each
reported score averages the final ten checkpoints.
The 10% trajectory holdout is disjoint from selec-
tion and training. Subset budgets are measured
against the original dataset, whereas Pool refers to
the remaining 90% eligible training pool.

For k-center, state and action coordinates are
z-scored before Euclidean distance is computed.
ReDOR uses the last hidden layer of the burn-in
critic and candidate minibatches of 2,048 transi-
tions in its OMP-style objective. The local imple-
mentation was checked against the official code,
representation, stopping rule, regularization, and
search space; Appendix O.1 reports the resulting
fidelity gaps. Static-PER and CODS with one ac-
quisition batch share one implementation, selected
indices, and seed convention.

C Extended Design Rationale

Offline RL development normally compares sev-
eral policy objectives, tunes conservative penalties
or advantage temperatures, and repeats promising
configurations across random seeds. If every run
scans the same million-transition pool for the same
number of dataset passes, total data movement and
gradient computation scale with the entire sweep.
A useful selector should therefore do more than
identify a small training set for one model. It
should produce a stable artifact whose one-time
construction cost can be shared across compatible
runs, while retaining the transitions on which later
value estimates depend.

Three requirements follow from that use case.
The score should be tied to the backup of the learner
that will consume the subset, because TD3+BC,
CQL, and IQL do not form identical value targets.
It should be recomputed after the critic changes,
because the relevant errors are non-stationary. Se-
lection must also end before downstream training
begins, so that all reported learners start afresh from
a common subset and the acquisition critic is not
hidden pretraining. CODS is a minimal procedure
satisfying these requirements.

The term “selection” is important. CODS neither
changes the reward nor assigns persistent sampling
weights to retained transitions. Once the indices
are frozen, the downstream learner samples uni-
formly from that subset using its ordinary training
code. This interface makes the method auditable:
a selected-index file, dataset version, and selection
manifest determine the data seen by every subse-



quent run. It also makes failures visible. If the
burn-in critic is uninformative or noisy transitions
dominate its residuals, iterative acquisition can pre-
serve the wrong examples; the method contains no
theorem that automatically repairs such a critic.

The contribution consequently differs from both
replay and policy learning. Methodologically,
CODS turns a moving Bellman-error signal into
a fixed training artifact and specifies algorithm-
matched residuals for three offline learners. Em-
pirically, it evaluates one subset budget across
a task–algorithm matrix and isolates acquisition
rounds. Computationally, it separates subset qual-
ity at equal update counts from amortization under
an epoch-scaled ledger. Conflating those protocols
would turn a measured data-quality result into an
unmeasured single-run speedup claim.

The ranking is recomputed because value errors
move. Suppose a one-shot selector ranks two tran-
sitions before either has been used. The first may
have a large residual because its predecessor val-
ues have not propagated. After it is added and the
critic is updated, its error can contract while the sec-
ond becomes newly inconsistent with the revised
value surface. A fixed top-B ranking cannot react.
CODS commits only the next bk transitions and
then scores the remaining pool again. It is greedy
with respect to a moving model, not a fixed set
function.

This view clarifies the burn-in set. Burn-in sup-
plies enough data to define an initial critic, but it
is not assumed to be representative and is never
treated as a trusted core. Its indices count against
the total budget, and later rounds inherit any blind
spots it creates. Iteration gives newly acquired
transitions an opportunity to change the ranking;
it does not guarantee recovery from an initially
biased critic.

CODS is complete when it writes the selected
indices. A subset selected with a given base algo-
rithm can be reused across that algorithm’s seeds
and hyperparameters without rerunning acquisition.
Appendix O.8 also measures cross-algorithm reuse:
matched selectors are best for all three downstream
learners, while mismatched artifacts lose 1.4–3.9
retention points. The primary matrix therefore uses
algorithm-specific artifacts, and the transfer result
quantifies rather than assumes their portability.

D Baseline Implementations and Fairness

The baselines represent distinct hypotheses about
useful offline data. k-center preserves geometric
coverage after z-scoring states and actions. ReD
uses trajectory return and therefore favors high-
return behavior. Static-PER ranks by the abso-
lute residual of the burn-in critic and performs
no rescoring. ReDOR approximates the full-pool
actor–critic gradient with an OMP-style objective.
Random selection gives the expected performance
of an unstructured subset. Table 6 makes their op-
erational differences explicit.

Table 6: Operational comparison of data-use strategies.
“Updated” means that the score changes after critic fit-
ting; “reusable” means that the output can be fixed be-
fore independent downstream runs.

Method family Signal Updated Reusable

Random none no yes
k-center geometry no yes
ReD return no yes
Static-PER residual no yes
Prioritized replay residual yes no
ReDOR gradient match greedy yes
CODS residual yes yes

The distinction between static and dynamic
methods changes the control. Dynamic replay can
adapt to each downstream seed, but its adaptation
cost is paid within every run and its sampled se-
quence cannot be reused directly. A static selector
pays before downstream optimization and must
work without seeing the final learner. Static-PER
is consequently the closest ablation: with the same
burn-in, residual, tie rule, and budget, it is exactly
CODS with one acquisition batch. A separate name
must not be used to imply an additional method dif-
ference.

ReDOR supplies a stronger representation than
a scalar residual but requires candidate gradients
and OMP-style optimization. CODS asks whether
repeatedly refreshing a cheap score is sufficient. k-
center and ReD span complementary failure modes.
Geometry can remain useful when a critic is poor
but ignores value propagation; return can retain
successful behavior but omit low-return connectors.
CODS follows current Bellman inconsistency and
has no independent diversity guarantee. None of
these axes creates a universal ranking of selectors.

Every subset method must draw from the same
eligible pool and receive the same cardinality. Ran-
dom selection is without replacement. k-center
normalization statistics are fit only on the eligible



pool. ReD, Static-PER, and CODS share the trajec-
tory split. ReDOR may use the common burn-in
critic representation, but its complete selection cost
is charged to ReDOR. Any hyperparameter search
unique to one selector must be reported and bud-
geted rather than hidden in preprocessing.

ReDOR uses gradients of the last critic hidden
layer and candidate minibatches of 2,048. The
fidelity audit in Table 12 matches the official repre-
sentation, OMP stopping rule, regularization, and
search space; local scores differ by at most 0.4
points on the four audited cells. OPER is imple-
mented as its published offline resampling proce-
dure rather than relabeled Static-PER. Table 13
reports every OPER cell, and the corresponding
manifests charge all baseline-specific preprocess-
ing and selection time.

E Selection Schedule, Invariants, and
Complexity

Acquisition batches trade adaptivity for cost. Very
small batches approximate sequential rescoring but
require many pool-wide forward passes and critic
updates. One large batch is inexpensive but col-
lapses to one-shot selection. The default schedule
assigns 2% of the original dataset to burn-in and
1.6% to each of five later rounds, placing the ex-
periment between those extremes. The K ablation
holds the final 10% cardinality fixed, but its in-
terpretation also depends on how selection-critic
updates are allocated.

Every K condition uses the 100,000-update
schedule reported in Appendix B: 25,000 burn-
in updates followed by an equal division of
75,000 post-acquisition updates. Thus changing
K changes only how often the ranking is refreshed
and how the fixed post-burn-in budget is partitioned.
The manifest records the 4,096-transition scoring
batch, per-step target updates, continued optimizer
state, deterministic tie rule, and all selection seeds.
These fields make the fixed-critic-budget attribu-
tion directly auditable.

Several invariants make the selected artifact au-
ditable. Candidate and diagnostic trajectories are
disjoint before scoring. Selected indices are unique,
acquisition batches do not overlap, and burn-in plus
later batches equals the declared budget. Ties are
broken deterministically. Downstream initializa-
tion does not alter the index file. Target-policy
noise and candidate sampling during acquisition
belong to a recorded selection seed rather than to a

downstream seed. Dataset order and preprocessing
hashes are stored with the indices so that an inte-
ger index cannot silently refer to another dataset
revision.

At round k, a direct implementation evaluates
N−|Sk−1| candidates. If one scoring forward pass
costs cf and the critic receives Uk updates of cost
cu, acquisition work is approximately

Cselect = cf

K∑
k=1

(
N − |Sk−1|

)
+ cu

K∑
k=0

Uk. (9)

Streaming top-bk selection avoids storing all scores,
keeping additional memory proportional to the can-
didate minibatch and a size-bk heap. A full sort is
simpler but costs O(N logN) per round; stream-
ing selection is O(N log bk) after scoring. Both
produce the same indices under the same determin-
istic tie rule.

F Robustness and Additional Evaluation
Protocols

The primary matrix establishes mean subset quality,
while the completion experiments test the main ro-
bustness threats under shared design rules. Table 7
summarizes the controls; their measured outcomes
appear in Appendix O. Each uses genuine selected-
index artifacts and raw downstream arrays, and
every level was fixed before inspecting the corre-
sponding outcome.

Selection stability should be reported at two lev-
els. Pairwise Jaccard overlap measures whether
two seeds retain the same indices, while down-
stream return measures whether different but func-
tionally equivalent subsets exist. Low overlap does
not imply failure if returns are stable, and high
overlap is not sufficient if every seed locks onto the
same corrupted outliers. Rank correlation between
residual lists across rounds can additionally show
how much rescoring changes the candidate order.

The budget study uses independently generated
artifacts at 2, 5, 10, 15, and 20% on the four rep-
resentative configurations. Independent selection
gives every budget its best unconstrained artifact; it
does not imply that a 5% subset is nested inside a
10% subset. The same convention is used for every
selector, while the fixed-K experiment alone holds
the final cardinality fixed to isolate rescoring.

The targeted variants do not change the paper’s
central method. Residual clipping replaces |δ| by
min(|δ|, c), the ensemble score takes the median
across independently initialized critics, and the



Table 7: Design of the completed robustness controls. Primary outcomes are normalized return, selected-index
overlap, and complete selection plus training time.

Control Levels Question answered

Selection seeds 5 burn-in and target-noise seeds
× 3 downstream seeds

Is performance stable to the selected artifact rather than only
downstream initialization?

Burn-in budget 0.5, 1, 2, and 5% Does a weak initial critic distort all later rounds, and where
does stability begin?

Reward corruption 0, 1, 5, and 10% corrupted re-
wards

Does raw residual scoring over-select outliers, and do clip-
ping or critic ensembles help?

Duplicate density 1, 2, and 5 copies of common
transitions

Does the selector resist dense redundancy or repeatedly ac-
quire near-duplicates?

Equal passes matched dataset epochs How much performance remains when a 10% subset receives
one tenth of the fixed-update exposure?

Equal time shared GPU-hour budgets Which selector lies on the best score–compute frontier after
acquisition is charged?

Cross-algorithm reuse select with one learner, train all
three

Are algorithm-matched subsets portable, or must acquisition
be repeated for each backup?

Sequence unit transition and whole prefix-
closed trace

Does preserving connected context improve language-trace
selection?

residual–coverage hybrid reserves 20% of each
acquisition batch for farthest-first points. Ap-
pendix O.7 first measures raw CODS and then re-
ports each variant only on the failure it is designed
to address.

G Local Information-Proxy Audit

The local score comparison is useful only if its
omitted gradient–curvature factor is empirically
characterized. For a fixed critic checkpoint, a repro-
ducible audit samples candidate transitions, com-
putes ∥gτ∥2, estimates extremal eigenvalues of the
damped information matrix on the sampled gradi-
ent span, and compares residual order with the full
local proxy. Damping, gradient layer, sample size,
and numerical solver tolerance must be reported
because each can materially change the condition
number.

The current worst-case factor of approximately
2× 103 combines the observed gradient-norm ra-
tio with the square root of the estimated condition
number. At that factor, the sufficient separation
needed to certify a pair order is so large that the
observed certified rate rounds to zero. This is a neg-
ative diagnostic result: the bound does not explain
why CODS works. It should be released along-
side, rather than replaced by, less conservative rank
statistics.

H Extended Interpretation of the
Reported Results

Table 9 groups the 20 valid cells by downstream
learner. CODS retains 96.6% of the Pool sum over
the six eligible TD3+BC cells, 97.0% over seven

Table 8: Released quantities for the local information-
proxy audit. Values aggregate the four representative
critic checkpoints.

Quantity Required report

Gradient norms min., median, max., and deciles
in the released arrays

Curvature 10−3 damping; Lanczos ex-
tremal eigenvalues

Worst-case factor (Mg/mg)
√
κ = 2.0× 103

Rank agreement Spearman 0.63 ± 0.05; top-
decile overlap 0.58± 0.04

Certified order 0.02% satisfy the sufficient sep-
aration

Sensitivity four checkpoints; final critic
layer; 10,000 candidates each

CQL cells, and 96.1% over seven IQL cells (the
seventh IQL cell is the reconciled AntMaze row).
These ratios show that the overall 96.6% figure is
not produced solely by one learner, but they should
not be treated as a new metric across unrelated
benchmark scales.

Table 9: Descriptive summary by downstream algorithm
over the retained cells. Retention is the sum of CODS
scores divided by the sum of Pool scores within each
row.

Learner Cells Pool CODS Retention

TD3+BC 6 84.00 81.15 96.6%
CQL 7 79.04 76.64 97.0%
IQL 7 78.91 75.84 96.1%

Overall 20 80.49 77.72 96.6%

On medium-expert locomotion, CODS trails
Pool by 1.6–4.7 points while maintaining a con-
sistent advantage over the populated subset base-



lines. On medium locomotion, the Pool gap is often
smaller, although Walker2d with TD3+BC remains
a visible exception at 5.2 points. The two sparse-
reward AntMaze cells are the CQL cell (CODS
58.0 vs Pool 61.2, ReDOR 45.0) and the recon-
ciled IQL cell (CODS 63.4 vs Pool 72.6, ReDOR
56.8); both benefit from the enriched connective
transitions characterized in Appendix O.6.

The one reversal is CQL Hopper-medium, where
ReDOR scores 57.2 and CODS 56.8. Both reported
standard deviations exceed the 0.4-point difference.
The row is retained and is not relabeled as a CODS
win. Across the matrix, the highest sample mean
is descriptive rather than a per-cell significance
decision; paired arrays and multiplicity control are
needed for inferential labels.

Relative to Static-PER, CODS has a higher re-
ported mean in all 20 valid cells. The controlled
K ablation uses the same burn-in, tie rule, final
cardinality, and 100,000 selector updates on four
representative cells (Appendix O.3). Its mean im-
proves by 8.05 points from one to three rounds and
3.18 points from three to five rounds, while ten
rounds changes the mean by −0.40. Because the
final cardinality and selector-update total are fixed,
this experiment isolates the value of refreshing the
ranking, subject to the usual interaction between
the chosen acquisition partition and critic optimiza-
tion.

The budget curve supplies a complementary
view. CODS rises quickly from 2 to 5%, changes
modestly by 10%, and nearly reaches Pool at 15%.
At 20%, its plotted mean slightly exceeds Pool.
The fixed-update protocol means a larger subset re-
ceives fewer expected revisits per transition, so the
curve should not be read as a pure information-per-
example law. The 10% budget was the common
primary condition rather than a fitted optimum.

I Complete Compute Accounting

Let cp be the cost of one epoch-scaled Pool run, cs
the cost of one subset run, and ca acquisition cost.
For S compatible downstream configurations,

Cp(S) = Scp, Cs(S) = ca + Scs. (10)

If cp > cs, the selected approach becomes
strictly cheaper when S > ca/(cp − cs). With
(cp, cs, ca) = (1.8, 0.18, 3.0) hours, one configura-
tion costs 1.8 hours for Pool and 3.18 for CODS,
two cost 3.6 and 3.36 hours, and twenty cost 36.0
and 6.6 hours. Reuse, not faster single-run conver-
gence, creates the reported ratio.

The same calculation for ReDOR uses the sup-
plied 4.5-hour acquisition cost and the same 0.18-
hour subset training cost, giving 8.1 hours over
twenty runs. These figures remain a ledger until
linked to job identifiers and score logs. A com-
plete accounting includes dataset loading, feature
construction, acquisition-critic fitting, pool scoring,
selector optimization, final training, evaluation, and
failed or restarted jobs. It should report hardware
model, software stack, mixed-precision setting, and
whether acquisition and training share cached data.

Matched-performance efficiency requires a fron-
tier rather than one total. Table 22 therefore re-
ports equal optimizer updates, equal dataset passes,
and equal amortized GPU hours, with acquisition
charged at 20 reuses. The artifact additionally
records final return, area under the learning curve,
time to the predeclared target, acquisition cost, and
reuse count. These views distinguish subset qual-
ity, amortized processing savings, and end-to-end
acceleration; broader hardware and task coverage
remains future work.

J Excluded AntMaze Configurations

The TD3+BC AntMaze-medium-play learner re-
ports 8.4± 3.6 for Pool and 7.2± 3.2 for CODS,
placing both conditions at the task floor. Historical
values of 71.2 and 66.1 cannot be tied to a config-
uration, checkpoint, and raw episode-return log in
the supplied source. The clean floor-level row is re-
tained in Table 1, but the configuration is excluded
from subset comparisons and mechanism claims.

The IQL AntMaze cell has now been reconciled.
The row uses the standard AntMaze IQL setting
(τ, β) = (0.9, 10), a fixed code revision, identical
selected indices across the three nested downstream
seeds, and final-checkpoint averaging identical to
the locomotion rows; under that manifest the run re-
ports Pool 72.6, CODS 63.4, ReDOR 56.8, OPER
55.6, ReD 52.9, Static-PER 52.1, k-center 47.7,
and Random 16.7. This resolves the earlier con-
flict, in which a sensitivity record reported 39.5 for
(0.7, 3) and 60.1 for (0.9, 10) while an aggregate
table attributed 68.1 to (0.7, 3): the historical 68.1
value is not reused, and only the manifest-verified
(0.9, 10) row enters the 20-cell primary matrix. Ev-
ery score in the reconciled row maps to the exact
hyperparameters, code revision, selected indices,
checkpoint rule, and raw seed arrays recorded in
the artifact.



K Statistical Inference and Secondary
Cross-Cell Test

The raw arrays preserve dataset, learner, selection-
seed, and downstream-seed identifiers. For each
comparison, the 95% interval is obtained from
100,000 hierarchical bootstrap replicates. A repli-
cate samples the seven datasets with replacement;
within each sampled dataset it resamples paired
selection-seed labels and then paired downstream-
seed labels. Repeated occurrences of a dataset carry
all of its learner cells together, preserving dataset-
level dependence. Pool has no selection stage, so
its downstream seeds are resampled within dataset–
learner cell. Percentile intervals are computed from
the resulting mean paired differences.

The six confirmatory subset tests use the paired
differences

djast = µ+ λa + uj + wja + qjas + ϵjast, (11)

where j indexes dataset, a learner, s selection seed,
and t downstream seed. Learner effects λa are
fixed; uj , wja, and qjas are independent Gaussian
random intercepts for dataset, dataset–learner cell,
and selection artifact within cell. The residual term
retains the paired downstream-seed variation. For
each baseline, a one-sided p-value is the proportion,
with the standard plus-one correction, of 100,000
null parametric-bootstrap refits whose estimated µ
is at least the observed estimate. Holm correction
is applied once across ReDOR, ReD, Static-PER,
OPER, k-center, and Random. Pool was prede-
clared as a separate retention comparison and re-
ceives an interval but no entry in this six-hypothesis
family. Thus p < 0.001 is model-based hierar-
chical inference, not an impossible exact sign-flip
result from only seven dataset blocks.

For continuity with the cell-level analysis, Ta-
ble 10 also reports exact one-sided Wilcoxon
signed-rank calculations on the 20 valid cell means.
The maximum positive-rank sum is 210. ReDOR
and OPER each have one negative difference of
the smallest absolute rank, giving W+ = 209 and
p = 2/220 = 1.91 × 10−6. The other four base-
lines are positive in all 20 cells, giving W+ = 210
and p = 2−20 = 9.54 × 10−7. These secondary
values agree in direction with the hierarchical anal-
ysis but are not confirmatory because cells sharing
a dataset are dependent and cell means discard seed
uncertainty.

Table 10: Secondary exact signed-rank calculations over
20 valid cell means. Confirmatory inference instead uses
the nested arrays.

Comparison Positive W+ One-sided p

CODS vs. ReDOR 19/20 209 1.907 × 10−6

CODS vs. ReD 20/20 210 9.537 × 10−7

CODS vs. Static-PER 20/20 210 9.537 × 10−7

CODS vs. OPER 19/20 209 1.907 × 10−6

CODS vs. k-center 20/20 210 9.537 × 10−7

CODS vs. Random 20/20 210 9.537 × 10−7

L Optional Held-Out Value Diagnostic

The original study reserved 10% of trajectories for
an optional monitoring statistic inspired by con-
formal prediction (Vovk et al., 2005; Angelopou-
los Anastasios and Stephen, 2021; Angelopoulos
et al., 2025, 2022; Taufiq et al., 2022). For calibra-
tion values Z1, . . . , Zm, the reported lower empiri-
cal quantile is

q̂α = Z(⌈(m+1)α⌉).

This quantity does not score transitions, alter the
selected indices, or stop the fixed-K acquisition
schedule. Removing it while fixing the candidate
pool and random seed leaves CODS unchanged.
Because an adaptively selected policy is not ex-
changeable with a reused calibration sample with-
out further conditions, we make no coverage claim
for policy performance. The diagnostic is retained
only to document why the training pool contains
90% rather than 100% of the original trajectories.

M Descriptive AntMaze Composition
Audit

Table 11 preserves the supplied composition audit
for the floor-level TD3+BC AntMaze critic. CODS
retains these transition categories at approximately
1.6–2.0 times the 10% random rate. Since the critic
does not solve the task, the audit cannot explain
successful navigation and is not referenced by the
main empirical argument. The former qualitative
heatmap and residual-evolution plot are omitted be-
cause they were generated from the same failed
critic and would add visual confidence without
valid mechanistic evidence.

N Artifact Requirements

The anonymous artifact contains the genuine eval-
uation arrays underlying every aggregate: five se-
lection seeds by three downstream seeds for each
subset method and cell, ten downstream seeds for



Table 11: Descriptive TD3+BC AntMaze subset com-
position at a 10% budget. The floor-level critic makes
these enrichments non-explanatory.

Transition type Retained Enrichment

Reward 19.7% 1.97×
Bottleneck 17.1% 1.71×
Goal-proximal 16.3% 1.63×

Pool, and the corresponding per-episode returns
and checkpoint summaries. No seed value is recon-
structed from a mean or standard deviation. The
hierarchy encoded in those arrays is the one used
by the confidence intervals, variance components,
paired tests, and Holm-adjusted comparisons in
this paper.

Each array is linked by a machine-checkable
manifest to its configuration, code revision, selec-
tion and downstream seeds, selected-transition in-
dices, checkpoint identities, environment versions,
and preprocessing hashes. The same manifest
records U0:K , candidate-scoring batch size, opti-
mizer continuation, and target-update frequency;
it reconciles IQL AntMaze and marks TD3+BC
AntMaze as excluded. Regeneration scripts rebuild
every table and figure from these arrays and fail if
an expected seed, cell, or manifest field is absent.

O Experimental Completion and
Robustness Results

This appendix collects the completion experiments
referenced in the main text. Unless a table states
otherwise, all selectors use the same eligible 90%
pool and 10% budget. Every subset method uses
five selection seeds, each evaluated with three
downstream seeds (15 nested observations per cell);
Pool uses ten downstream seeds. The four rep-
resentative cells are Walker2d-medium/TD3+BC,
HalfCheetah-medium/CQL, Hopper-medium/IQL,
and AntMaze-medium-play/CQL. Confirmatory in-
tervals use the dataset-blocked hierarchical boot-
strap, while the six subset hypotheses use the paired
mixed-effects parametric-bootstrap tests defined
in Appendix K. Pool remains a separate retention
comparison.

O.1 Baseline fidelity
The primary comparison uses official or author-
validated implementations. The local ReDOR re-
production is within 0.4 normalized points of the
official implementation on the four representative
cells and its selection cost differs by less than 6%;

OPER is implemented as its actual offline resam-
pling procedure rather than using Static-PER as a
proxy.

O.2 Complete OPER comparison

OPER is a fully populated baseline rather than a
proxy or a four-cell audit. Table 13 gives all 20
valid cells. CODS is higher in 19 cells; the only
reversal is CQL Hopper-medium, where OPER is
higher by 0.2 points. The mean paired difference
is 6.84 points, matching Table 2 exactly.

O.3 Iterative rescoring across tasks

Holding total selection-critic updates constant
across round counts, Table 14 spans the four
representative cells. The hierarchical estimate
for K=5 vs K=1 is +11.23 points (95% CI
[+8.86,+13.74], p < 0.001); K=10 vs K=5 is
−0.40 (CI [−1.18,+0.37]), supporting saturation
rather than monotonic improvement.

O.4 Multi-task budget curves

The four-cell mean is 40.35 at 2%, 56.83 at 5%,
61.18 at 10%, and 63.45 at 20%. Direct finite differ-
ences are therefore 5.49 points per budget percent-
age point from 2% to 5%, 0.87 from 5% to 10%,
and 0.23 from 10% to 20%. These are descriptive
slopes computed from Table 15, not coefficients
from an unreleased mixed model. Marginal gains
diminish after 10% on these cells, but 10% is not
claimed universally optimal.

O.5 Selection stability

Five selection seeds separate burn-in sensitivity
from downstream-seed noise. Exact index overlap
is moderate while downstream performance is far
more stable; successive candidate-ranking correla-
tions rise (≈ 0.42 → 0.56 → 0.68 → 0.76), so
early rounds change the ordering most.

O.6 Learner-specific sparse-reward
mechanism tests

The CQL and IQL analyses use their own suc-
cessful AntMaze critics, manifests, and selected
indices; neither learner’s composition is used to
explain the other. Categories are fixed from the en-
vironment before inspecting scores. A transition is
reward-bearing when its raw environment reward is
positive before CQL reward shifting. A maze cell is
a bottleneck when removing it disconnects the start
and goal regions in the four-neighbor graph of the
published layout, and a transition is goal-proximal



Table 12: Implementation-fidelity audit on the four representative cells. Gap is the maximum absolute local-minus-
official difference.

Method Walker/TD3 HC/CQL Hopper/IQL AntMaze/CQL Max gap

Official ReDOR 74.3 41.2 60.0 45.4 —
Local ReDOR 74.1 41.0 59.8 45.0 0.4
Official OPER 69.8 40.5 57.1 46.7 —
Local OPER 69.6 40.4 56.9 46.4 0.3

Table 13: Complete equal-update OPER comparison. Means ± SD use five selection seeds and three downstream
seeds. ∆ is CODS minus OPER.

Learner Dataset CODS OPER ∆

TD3+BC HalfCheetah-med-expert 89.1 ± 1.0 82.0 ± 2.0 +7.1
TD3+BC Walker2d-med-expert 105.4 ± 1.5 96.7 ± 2.3 +8.7
TD3+BC Hopper-med-expert 108.3 ± 1.3 100.6 ± 2.1 +7.7
TD3+BC HalfCheetah-medium 47.5 ± 0.9 44.2 ± 1.3 +3.3
TD3+BC Walker2d-medium 78.5 ± 1.4 69.6 ± 2.2 +8.9
TD3+BC Hopper-medium 58.1 ± 1.7 51.4 ± 2.4 +6.7

CQL HalfCheetah-med-expert 88.5 ± 1.4 81.5 ± 2.1 +7.0
CQL Walker2d-med-expert 104.2 ± 1.6 95.3 ± 2.4 +8.9
CQL Hopper-med-expert 109.1 ± 1.5 101.5 ± 2.0 +7.6
CQL HalfCheetah-medium 43.1 ± 1.1 40.4 ± 1.4 +2.7
CQL Walker2d-medium 76.8 ± 1.5 67.6 ± 2.5 +9.2
CQL Hopper-medium 56.8 ± 1.1 57.0 ± 1.5 −0.2
CQL AntMaze-med-play 58.0 ± 3.8 46.4 ± 4.5 +11.6

IQL HalfCheetah-med-expert 84.2 ± 1.5 78.0 ± 2.2 +6.2
IQL Walker2d-med-expert 106.1 ± 1.5 98.4 ± 2.1 +7.7
IQL Hopper-med-expert 89.4 ± 1.4 82.2 ± 2.0 +7.2
IQL HalfCheetah-medium 46.8 ± 1.0 43.5 ± 1.5 +3.3
IQL Walker2d-medium 75.9 ± 1.4 68.7 ± 2.3 +7.2
IQL Hopper-medium 65.1 ± 1.6 56.9 ± 2.4 +8.2
IQL AntMaze-med-play 63.4 ± 3.1 55.6 ± 3.8 +7.8

when its raw (x, y) coordinate is within 2.0 envi-
ronment units of the goal. Categories may overlap,
but each intervention is performed separately.

For an intervention, every selected transition in
the target category is replaced by an eligible-pool
transition outside that category, matched on nor-
malized trajectory-position decile and 20-nearest-
neighbor state-density decile in z-scored state–
action space. Bottleneck and goal-proximal re-
placements also match the raw reward indicator.
Reward-bearing replacements cannot preserve re-
ward sign while excluding the category; conse-
quently, that intervention partly tests direct reward
availability as well as which rewarded transitions
CODS retained. Equal-random controls replace the
same number of transitions under the position and
density matches without targeting a category.

O.7 Robustness to critic and data failures

Raw residual selection is sensitive to reward out-
liers; a clipped-ensemble variant recovers part but
not all of the loss and is treated as an ablation. A
2% burn-in is the smallest tested budget near the
plateau, and a pure residual score is not density-
invariant under duplication.

O.8 Cross-algorithm reuse

The transfer matrix reports percentages of each
learner’s Pool score over the common locomotion
cells. Matched selection is best in every column,
so a single TD3+BC subset cannot be reused for
CQL and IQL without cost.

O.9 Matched compute and reuse

The 5.45× figure is arithmetic under an epoch-
scaled ledger; both the equal-update and equal-
pass conditions are reported. At 20 reuses on
Walker2d/TD3+BC, CODS reduces epoch-scaled
total time from 36.0 to 6.6 hours under equal
dataset passes while retaining 90.3% of Pool. Un-
der equal updates, it retains 93.8% but gives no
meaningful training-time reduction.

Across the 20-configuration sweep, Pool and
CODS configuration rankings have Spearman cor-
relation 0.89 with 4/5 top-five overlap, supporting
subset reuse for tuning without claiming identical
rankings.

O.10 Variance components and theory audit

The four-cell nested study attributes 71% of vari-
ance to dataset/configuration, 17% to selection
seed, and 12% to downstream seed. The the-



Table 14: Fixed-critic-budget acquisition-round ablation across four representative cells (mean ± SD).

Rounds Walker/TD3 HC/CQL Hopper/IQL AntMaze/CQL Mean

Random 10% 50.4±3.6 33.4±3.1 44.0±3.9 10.1±5.5 34.48
K=1 65.4±2.0 39.1±1.4 54.1±2.2 41.2±4.8 49.95
K=3 74.7±1.9 41.9±1.2 62.8±1.8 52.6±4.1 58.00
K=5 78.5±1.4 43.1±1.1 65.1±1.6 58.0±3.8 61.18
K=10 78.1±1.7 42.9±1.3 64.7±1.9 57.4±4.0 60.78
Pool 83.7±1.5 44.0±1.0 66.3±1.7 61.2±3.5 63.80

Table 15: Budget sweep across four representative cells. Entries average five selection seeds and three downstream
seeds.

Budget Walker/TD3 HC/CQL Hopper/IQL AntMaze/CQL

2% 55.0 32.6 48.2 25.6
5% 76.0 40.8 60.8 49.7
10% 78.5 43.1 65.1 58.0
15% 83.0 43.6 65.7 59.1
20% 84.0 43.8 66.0 60.0
Pool 83.7 44.0 66.3 61.2

Table 16: Selection-seed stability. CV is the coefficient
of variation of performance across selection seeds.

Cell Jaccard Perf. CV Final ρ

Walker/TD3 0.47±0.03 2.2% 0.78±0.04
HC/CQL 0.43±0.04 2.7% 0.75±0.05
Hopper/IQL 0.45±0.04 3.1% 0.77±0.04
AntMaze/CQL 0.36±0.05 6.0% 0.69±0.06

ory remains modest even where empirical rank
association is positive: the worst-case score fac-
tor (Mg/mg)

√
κ is 2.0 × 103, residual-vs-local-

proxy Spearman is 0.63±0.05, top-decile overlap
is 0.58±0.04, and the certified pair-order rate is
0.02%. Residuals are a useful surrogate, but the
worst-case bound certifies essentially none of the
ranking; these do not support a coreset, policy-
recovery, regret, or submodular-greedy guarantee.

O.11 Sequence-level language extension

We evaluate the sequence adaptation on ALFWorld
embodied interaction (Shridhar et al., 2021) and
GSM8K mathematical reasoning (Cobbe et al.,
2021). A frozen Qwen2.5-7B-Instruct generator
(Yang et al., 2024) constructs each offline pool be-
fore any selector is trained. For ALFWorld, we gen-
erate 16 trajectories for every task in the standard
training split using temperature 0.8, nucleus prob-
ability 0.95, and at most 50 environment actions;
reporting uses the standard unseen evaluation split.
For GSM8K, we generate eight newline-delimited
reasoning traces for each of the 7,473 training prob-
lems under the same sampling parameters, giving
59,784 traces; reporting uses the 1,319-problem

test split. Pools, prompts, and sampled traces are
fixed and shared by all selectors.

In ALFWorld, st contains the task goal, current
observation, and complete action–observation pre-
fix, while at is the next textual environment ac-
tion. In GSM8K, st contains the problem and com-
plete reasoning prefix, while at is the next newline-
delimited reasoning step. The terminal reward is
one for environment success or exact final numeric
answer and zero otherwise; intermediate rewards
are zero and γ = 1 for both episodic tasks. Invalid
ALFWorld actions remain in the trace with the en-
vironment’s resulting observation, so the offline
construction does not silently filter failures.

The critic follows the IQL form used in
OREO-style offline reasoning (Wang et al., 2025).
Qwen2.5 final-token states feed scalar Qθ(st, at)
and Vψ(st) heads. The Q head minimizes squared
error to rt+(1− dt)Vψ(st+1); the value head min-
imizes the expectile loss with τ = 0.9 on the stop-
gradient difference Qθ − Vψ. Downstream rank-
16 LoRA policies are initialized afresh from the
base model and trained by advantage-weighted be-
havioral cloning with inverse temperature 10 and
weights clipped at 100. All methods use the same
optimizer steps, selected-token budget, and base
checkpoint.

CODS clips absolute step residuals at the burn-in
pool’s 95th percentile and scores trace g by

z(g) = 1
2 max
t∈g

δ̃t+
1
2 mean

(
top20%{δ̃t : t ∈ g}

)
.

(12)
The 10% budget is measured in action tokens, not



Table 17: Learner-specific AntMaze enrichment and category-excluding removal interventions. CIs are paired
hierarchical-bootstrap intervals.

Learner Category or condition Retained / enrichment Score ∆ (95% CI)

CQL Reward-bearing 31.8% / 3.18× — —
CQL Bottleneck 27.4% / 2.74× — —
CQL Goal-proximal 24.9% / 2.49× — —
CQL CODS 10% — 58.0 —
CQL Exclude reward-bearing — 47.3 −10.7 [−13.8,−7.5]
CQL Exclude bottleneck — 49.7 −8.3 [−11.1,−5.4]
CQL Exclude goal-proximal — 53.2 −4.8 [−7.4,−2.1]
CQL Equal-random replacement — 56.9 −1.1 [−2.9,+0.6]

IQL Reward-bearing 28.7% / 2.87× — —
IQL Bottleneck 24.8% / 2.48× — —
IQL Goal-proximal 22.1% / 2.21× — —
IQL CODS 10% — 63.4 —
IQL Exclude reward-bearing — 55.2 −8.2 [−11.3,−5.1]
IQL Exclude bottleneck — 57.0 −6.4 [−9.2,−3.7]
IQL Exclude goal-proximal — 59.3 −4.1 [−6.6,−1.7]
IQL Equal-random replacement — 62.5 −0.9 [−2.5,+0.7]

Table 18: Reward corruption (CQL AntMaze): replace
a fraction of eligible rewards with 99th-percentile mag-
nitude and random sign.

Corrupt. Raw Clip-ens. ReDOR Random

0% 58.0 57.6 45.0 10.1
1% 55.1 56.8 43.7 9.8
5% 42.6 52.9 37.8 8.9
10% 27.8 45.4 29.6 7.5

Table 19: Burn-in sensitivity over the 20-cell matrix.

Burn-in Pool retention Jaccard

0.5% 93.1% 0.29
1% 95.2% 0.37
2% 96.6% 0.43
5% 96.8% 0.51

trace count. At each of five rounds, the selector
scans traces in score order and adds the highest-
ranked complete trace that keeps cumulative se-
lected action tokens at or below the round budget;
traces that do not fit are skipped, never split. Thus
every selected action retains its entire prefix and
terminal outcome. ReDOR uses whole-trace actor–
critic gradients, the one-shot control freezes the
burn-in scores, diversity applies k-center to mean
trace embeddings, and Random samples whole
traces under the same token cap.

Evaluation uses greedy decoding with no sam-
pling, at most 50 actions for ALFWorld and 512
new tokens for GSM8K. ALFWorld success is av-
eraged over all unseen evaluation tasks; GSM8K
exact match uses the benchmark’s normalized final-
answer parser. Each subset uses five selection seeds
and three downstream seeds, while Pool uses ten
downstream seeds. CODS retains 95.4% of Pool
on ALFWorld and 96.5% on GSM8K. Unrestricted
step selection, which discards prefix closure but

Table 20: Duplicate-density stress on CQL AntMaze.

Duplication Raw CODS Residual–coverage hybrid

1× 58.0 57.7
2× 55.6 57.2
5× 48.3 54.9

Table 21: Cross-algorithm selector reuse (% of each
learner’s Pool score). Rows are the selector critic;
columns are the downstream learner.

Selector TD3+BC CQL IQL

TD3+BC residual 96.6% 92.8% 93.4%
CQL residual 94.1% 97.0% 95.2%
IQL residual 93.7% 94.9% 96.8%

keeps the same token budget, scores 67.1±3.5 and
50.2 ± 0.9, respectively. The paired losses rela-
tive to whole-trace CODS are −5.8 points (95% CI
[−7.9,−3.7]) and −2.7 ([−3.6,−1.8]), showing
that the D4RL transition unit cannot be transferred
unchanged.

Table 22: Compute protocols on Walker2d-medium
with TD3+BC. Retention and total-time reduction are
reported for 20 reuses.

Protocol Retention ∆ ReDOR Time at 20

Equal updates 93.8% +4.4 1.04×
Equal dataset passes 90.3% +5.1 5.45×
Equal amortized GPU-h 95.1% +5.8 Fixed budget



Table 23: Sequence-level extension. Subset entries use five selection seeds and three downstream seeds; Pool uses
ten downstream seeds.

Method ALFWorld success (%) GSM8K EM (%)

Pool 76.4±2.8 54.8±0.7
CODS 72.9±3.0 52.9±0.8
Fragmented 67.1±3.5 50.2±0.9
ReDOR 68.1±3.4 50.6±0.9
One-shot 64.7±3.7 49.8±0.9
Diversity 61.3±3.9 48.7±1.0
Random 49.5±4.6 43.1±1.2
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