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Abstract

Reinforcement learning from verifiable rewards
with GRPO is a standard approach for post-
training reasoning LLMs. It remains sample
inefficient. Each rollout is used for a single gra-
dient update and then discarded. Naive replay
is not well suited in this setting because LLM
policies drift quickly per gradient step. Stored
rollouts therefore become stale and can destabi-
lize training. We propose a rollout-level replay
buffer for GRPO that stores and samples indi-
vidual rollouts rather than whole groups. The
buffer bounds staleness through age eviction.
Any rollout older than 7y, training steps is re-
moved. The buffer also preserves on-policy
data via fresh-anchored composition. Each
batch keeps its fresh on-policy rollouts and
then concatenates replay rollouts drawn sep-
arately from the buffer. We prioritize replay by
per-rollout advantage magnitude and recycle
individual rollouts whose advantages are large.
Across three Qwen3-Base scales on five math
benchmarks, our method outperforms GRPO
and naive replay baselines. Gains are positive
at every scale and reach 4-1.66 pp on the five-
benchmark average at 4B. Under an AES met-
ric that jointly measures accuracy and token ef-
ficiency, our method is the only condition with
a positive margin over GRPO at every scale.

1 Introduction

Reinforcement learning from verifiable rewards
(RLVR) with Group Relative Policy Optimization
(GRPO) (Shao et al., 2024; Guo et al., 2025) is
a standard approach for post-training reasoning
LLM:s. Producing a group of candidate rollouts per
training prompt accounts for most of GRPO’s train-
ing cost (Baroian and Berger, 2026; Zheng et al.,
2025b). Yet each rollout drives only a single gradi-
ent update before it is discarded. This is especially
wasteful for rollouts that carry a strong learning

Corresponding author.

signal. One example is a rare correct rollout in an
otherwise-incorrect group.

Experience replay is one option, but it does not
transfer directly to GRPO. Policies drift quickly
per gradient step, and stored rollouts become stale
within a few updates (Fu et al., 2025; Zheng et al.,
2025a). Such staleness can destabilize training, so
explicit staleness control is required in any GRPO
replay design.

We propose a rollout-level replay buffer for
GRPO, where individual rollouts are stored and
sampled. The buffer bounds staleness via age evic-
tion. Each rollout’s age is the number of training
steps elapsed since it was generated. Any rollout
older than 7, steps is removed. The policy lag
of any reused rollout is therefore bounded by Ty ax
steps. This step-level bound holds independently of
buffer size or model scale, unlike a capacity-based
rule.

The buffer-entry and eviction policy alone do
not specify how the gradient batch is constructed.
A single unified buffer of fresh and stale rollouts
can displace the fresh on-policy rollouts at a given
step. This is the standard DQN and PER pattern,
and we refer to it as pool composition. We in-
stead adopt the fresh-anchored composition used
in prior GRPO replay work (Zhan et al., 2026; Li
et al., 2025). The fresh rollouts are retained in
full. Replay rollouts are drawn separately and then
concatenated on top. Each gradient step then in-
cludes an on-policy anchor. Age eviction and fresh-
anchored composition together bound worst-case
policy lag.

Within each group, the standard normalization
yields a per-rollout group-relative advantage A;.
Rollouts with the largest absolute advantage |4, |
account for most of the learning signal (Lin et al.,
2025; Zhu et al., 2026a). These are the within-
group minority rollouts in skewed groups. We
adopt | A;| as the replay priority signal and sam-
ple individual rollouts directly across the buffer.
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This contrasts with prior GRPO replay schemes
that operate at the granularity of the query. Those
schemes store and sample the G rollouts of each
prompt together as a single bound unit, a setting
we refer to as query-level replay (Zhan et al., 2026;
Li et al., 2025).

We train on the DeepScaleR-Preview prompt
set (Luo et al., 2025b) at three Qwen3-Base scales
of 0.6B, 1.7B, and 4B. Our method outperforms
GRPO and two naive replay baselines on five math
benchmarks. Gains are positive at every scale and
reach +1.66 pp on the five-benchmark average at
4B. The contributions of our work are as follows.
* We propose a GRPO replay buffer that com-
bines age eviction, fresh-anchored composition,
and rollout-level |A;| priority. Our method
outperforms GRPO and naive replay baselines
at every scale. Five-benchmark-average gains
are +0.61 pp at 0.6B, +0.60 pp at 1.7B, and
+1.66 pp at 4B. See Section 4, Section 5.2, and
Table 1.

Per-axis ablations at 1.7B justify each compo-
nent of the method. A moderate age cap of
Tmax = 10 performs best and trades off replay
volume against staleness. Fresh-anchored compo-
sition is necessary at scale. Its pool-composition
alternative mixes stale rollouts with fresh ones
and falls below GRPO at 4B. Rollout-level | A4,|
priority further leads on PASS@K. See Sec-
tion 5.3 and Tables 2, 3, and 4.

Our method also improves the accuracy effi-
ciency score (AES) over GRPO at every scale.
AES jointly scores accuracy and generation-
token budget as a single efficiency value. A
length-by-correctness decomposition further an-
alyzes the gain. See Section 6 and Tables 5 and
6.

2 Related Work

Experience Replay with DQN and PER  Expe-
rience replay originated with DQN (Mnih et al.,
2015). DQN trains a value network on transitions
sampled from a FIFO buffer so that the network
draws past experience rather than only the latest
trajectory. Prioritized Experience Replay (Schaul
et al., 2016) extends DQN with sampling propor-
tional to a power-scaled priority. The priority is typ-
ically the TD-error and focuses updates on transi-
tions with the largest learning signal. Both methods
are built for value-based RL with millions of small
refreshable transitions. That regime does not hold

for GRPO. Our buffer adopts the DQN-style FIFO
and the PER backbone, and adds GRPO-specific
adaptations developed in Section 4.

Experience Replay for LLM RL  Applying re-
play to GRPO violates two PER assumptions.
First, the group-relative advantage A; cannot be
refreshed without regenerating the entire group.
Second, LLLM policies drift quickly per gradient
step (Fu et al., 2025; Zheng et al., 2025a), so even
recent rollouts can be substantially stale. The clos-
est architectural neighbors are EXGRPO (Zhan
et al., 2026), RePO (Li et al., 2025), RLEP (Zhang
et al., 2025a), Buffer Matters (Wan et al., 2026),
and Fatemi (2026). All five mix on-policy fresh
rollouts with replayed rollouts in each GRPO up-
date. This on-policy anchor design is the same
one that our fresh-anchored composition in Sec-
tion 4.1 adopts. The five works differ from our
method along the buffer-entry and priority axes,
since all five replay at the query level. EXGRPO
prioritizes by correctness times entropy, RLEP by
verified-correct retention, and Buffer Matters by
re-evaluating historically difficult samples. Fatemi
(2026) prioritizes by empirical solve rate. This is
the maximum-variance regime equivalent to high
og.

Two other works apply a DQN-style replay fram-
ing for LLM RL. Arnal et al. (2026) maintains a
FIFO trajectory buffer with uniform or correctness-
weighted sampling. That work uses an importance-
ratio correction in place of an on-policy anchor.
FreshPER (Ma et al., 2026) applies a soft expo-
nential age decay under reward-magnitude prior-
ity. Both differ from our method along the prior-
ity and staleness-control axes. Arnal et al. (2026)
also differs on composition. Beyond these clos-
est neighbors, the GRPO replay literature includes
prompt-level reuse such as Prompt Replay (Baroian
and Berger, 2026) and PSPO (Zhu et al., 2026Db).
It also includes filter-replay frameworks such as
EFRame (Wang et al., 2025a) and DOTS (Sun
et al., 2025), and diversity-preserving replay such
as DyJR (Li et al., 2026). These operate at the
prompt level or interleave selection with replay,
and are orthogonal to our rollout-level design.

Priority Signal Design Two angles in recent
GRPO work inform priority signal design. The
first is absolute advantage as a selection signal.
CPPO (Lin et al., 2025) prunes completions with
low |A| since the high |A| tail accounts for the bulk
of the useful learning signal. DPPO (Zhu et al.,
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Figure 1: RL post-training paradigms for LLMs. Panel (a) is strictly on-policy GRPO that discards each rollout.
Panel (b) is classical replay that stores whole groups under a capacity bound with unbounded staleness. Panel (c) is
our method, which anchors every update with a fresh batch and replays individual rollouts from an age-gated buffer

under | A;| priority.

2026a) adds an importance-sampling correction un-
der the same principle. PODS (Xu et al., 2025)
downsamples each GRPO step’s rollouts by reward
variance. It keeps the highest and lowest reward
extremes within a group as a within-step analogue
of high | A;| selection. The second angle is within-
group reward variance, widely used as a difficulty
or informativeness proxy. DAPO (Yu et al., 2025)
drops zero-variance groups from training, a con-
vention we also adopt in Section 3. VCRL (Jiang
et al., 2025) schedules training by group reward
variance. Online difficulty filtering (Bae et al.,
2026; Gao et al., 2025) biases sampling toward
prompts whose solve rate is bounded away from 0
and 1. This is the maximum-variance regime under
binary rewards and is equivalent to high o,. The
same regime is adopted as a replay-side priority
by Fatemi (2026). We use the query-level o, as
the baseline against our rollout-level | A;| priority.
Our work applies the first angle to replay sampling,
since rollout-level | A;| priority targets the within-
group minority rollouts that query-level o, can-
not resolve. Appendix L expands on the classical-
replay and priority-signal threads and summarizes
the position of our method in the broader design
space.

3 Preliminaries

We study GRPO (Shao et al., 2024) under binary
rewards.

GRPO At training step ¢ we pick a prompt ¢ and
ask the current policy m; to generate a group of
G candidate answers {o01,...,0g}. Each o; is a
rollout. An automatic verifier assigns each rollout
abinary reward r; € {—1,+1}. The group-relative
advantage of rollout ¢ is

Ty — g

A = oy ey
where j14 and o are the within-group reward mean
and standard deviation, and ¢, is a small numerical-
stability constant. Groups with identical rewards
yield A; = 0 for all members and provide no learn-
ing signal. We therefore drop such groups, so the re-
play buffer holds only nonzero-advantage rollouts.
This keeps buffer management simple. GRPO up-
dates mp via a PPO-style clipped surrogate with

importance ratio p; = %,
G

Jareo(0) = Eq o [(1; > min(piA;,
i=1

clip(pi, 1 — €low, 1+ €nign) Ai) |- (2)

Here m; denotes the behavior policy at the rollout’s
generation step. 7y denotes the current target policy
at the update step. p; is applied per token following
the verl and DAPO convention. For replay, 7 (o; |
q) is cached with each rollout at generation time,
so p; reflects drift from the rollout’s birth step to
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Algorithm 1 Rollout-level | 4;| replay training step at ¢. Fresh rollouts always anchor the update, and the
replay draw recycles past rollouts under an | 4, |-prioritized buffer with age eviction.

Require: Current policy 7y, fresh-rollout count By, replay ratio r, max age Tpax

Phase 1. Fresh rollout generation

1: Sample Bipesh fresh rollouts from 7; and compute { 4;} following Section 3

2: Filter. drop zero-variance groups, leaving B, surviving rollouts

Phase 2. | 4;|-prioritized replay sampling

3: Draw r Bf, rollouts from the buffer via Equation 3

Phase 3. Mixed-policy gradient update

4: w41 < GRPO update on the fresh survivors concatenated with the replay draw
Phase 4. Buffer update with age-gated eviction

> zero-variance filter

> rollout-level

> fresh-anchored

5: Add the fresh survivors to the buffer with birth step ¢

6: Evict every rollout with birth step < ¢ — Tyax

> age eviction

the current training step. We adopt the Clip-Higher
scheme of DAPO (Yu et al., 2025) and set €jow =
0.2 and €high = 0.28.

Prioritized Replay Sampling We use the PER
scheme (Schaul et al., 2016) with a fixed-capacity
FIFO buffer that evicts the oldest entry when full.
Section 4.1 extends this with age eviction. A unit ¢
with priority p; > 0 is drawn with probability

Py = 2 3)
2P

where the sum runs over all units currently in the
buffer. The exponent a € [0, 1] interpolates be-
tween uniform sampling at « = 0 and fully pro-
portional sampling at « = 1. We set the priority
to the advantage magnitude p; = | 4;|. Section 4.2
motivates this choice.

4 Adapting Experience Replay to GRPO

Applying experience replay to GRPO raises two
issues. First, replayed rollouts are stale relative to
the current policy. Second, the group structure of
GRPO aggregates per-rollout learning signals into
a single query-level value. We address the first is-
sue with age eviction and fresh-anchored composi-
tion, which together bound policy lag. Section 4.1
describes this design. We address the second is-
sue with rollout-level buffer entries and advantage-
magnitude priority. This selects the high-signal
rollouts that query-level replay does not isolate, as
described in Section 4.2. Figure 1 contrasts our
method with standard on-policy GRPO and clas-
sical replay. The full procedure is given in Algo-
rithm 1.

Replay makes the update only approximately on-
policy, and the replayed portion of each gradient

step is a biased estimator of the on-policy GRPO
gradient. We do not correct that bias. The controls
below bound that departure rather than remove it,
and the cached m;(o; | ¢) of a replayed rollout
enters only through the clipped ratio, which limits
its influence without reweighting it to the current
policy. Our update therefore does not recover the
on-policy objective.

4.1 Age Eviction and Fresh-Anchored
Composition

Age Eviction To bound per-rollout staleness,
each stored rollout carries a birth step ¢, that
records the training step at which it was generated.
Its age at the current step ¢ is ¢t — ;. We impose
age eviction and remove any rollout whose age ex-
ceeds Tmax, SO no update reuses a rollout beyond
a fixed age. Bounding by age rather than buffer
capacity keeps the limit invariant to model scale
and data difficulty. Zero-variance filtering removes
a scale-dependent fraction of generated groups, so
the effective batch B, varies with model scale.
Appendix B reports the per-scale values. Any fixed
capacity therefore induces different steady-state
ages per setting. In contrast, 7, matches the per-
step drift of LLM post-training (Fu et al., 2025;
Zheng et al., 2025a) without per-configuration tun-
ing. A FIFO capacity can only approximate this
because By, shifts both across settings and dur-
ing a single run as the solve-rate distribution of
the policy changes.! A brief warmup with replay
disabled at the start of training allows the buffer to
populate and the model to acquire basic instruction-

'A capacity cap of 30,000 is retained as a backstop. At the
default 7max = 10, age eviction is the binding constraint at
all scales. The steady-state buffer size Tmax - Biresh i about
10,000 even at 4B.
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MATH-500 AIME25 AIME26 HMMT-F25 HMMT-F26 avg
Model Method
avg@8 pass@8 avg@16 pass@16 avg@16 pass@16 avg@16 pass@16 avg@16 pass@16 avg pass
GRPO 5271  74.27 1.67 14.44 0.28 3.33 0.35 4.44 0.88 10.10  11.18 £0.19 21.32 £ 0.40
3-0.6B uniform  52.89  76.87 1.94 12.22 0.90 7.78 0.21 3.33 0.57 6.06 1130 £0.17 2125+ 1.24
Qwen3-0.6B 5232 7687 250 1444 0.90 6.67 0.28 4.44 1.14 9.09 1143038 2230 +0.92
Ours 53.53  76.87 2.08 15.56 1.18 5.56 0.62 5.56 1.52 9.09 1179 £0.25 22.52+0.78
GRPO  67.58 84.93 5.56 26.67 2.85 15.56 0.21 3.33 3.09 9.09 1586+ 0.10 27.92 £0.61
Qwen3-1.7B uniform  67.50  84.93 5.01 24.84 3.86 13.76 0.38 4.32 2.11 9.09 15777+ 041 27.39 £0.63
o og 6743 85.40 4.03 16.67 4.24 20.00 0.21 3.33 3.09 11.11 1580 £0.40 27.30 £ 2.09
Ours 68.87  86.07 5.83 30.00 4.44 17.78 0.69 6.67 2.46 11.11  16.46 £ 0.18 30.32 + 1.98
GRPO 8331 92.80 17.57 38.89 17.29 32.22 8.89 20.00 11.81 2626  27.77 £098 42.03 +1.28
Qwen3-4B uniform  82.86  92.93 17.19 38.19 15.13 32.95 8.58 27.38 10.93 2496 2694 £1.70 43.28 +0.68

gy 8225  92.67 16.60 4222 14.65
Ours 84.52  94.13 19.38 43.33 19.44

33.33 6.39 20.00 9.85 24.24
45.56 10.14 31.11 13.70 30.30

2595 £0.86 42.49 +3.12
29.43 +2.25 48.89 +3.71

Table 1: Cross-scale main results comparing GRPO, two naive replay baselines, and our fresh-anchored rollout-level
| A;| method. The two naive baselines are uniform and o, under pool composition. All replay variants share r = 0.5,
Tmax = 10, and a = 0.5. MATH-500 uses k£ = 8, and AIME and HMMT use k£ = 16. The avg columns are the
unweighted five-benchmark mean, reported as mean =+ standard deviation across seeds. Bold marks the best per

column within each scale.

following before replay activates. The warmup
length is given in Section 5.1.

Fresh-Anchored Composition Age eviction
caps the staleness of each individual rollout, but
it does not specify how fresh and replay rollouts
combine into the gradient batch. At each training
step we have fresh on-policy rollouts sampled from
the current policy 7; and the age-bounded buffer
of past rollouts. We adopt fresh-anchored composi-
tion, following recent GRPO replay schemes that
pair fresh on-policy rollouts with separately drawn
replay rollouts. The contrasting mode merges fresh
and stale rollouts into a single pool, which is the
standard DQN and PER pattern. We call this pool
composition and include it as a naive baseline in
Section 5.2, then ablate it against fresh-anchored
composition in Section 5.3.1. Our formulation pa-
rameterizes the mix by an explicit replay ratio 7.
The fresh rollouts are retained in full. A replay
portion of size r - Bf ., is drawn separately from
the buffer and concatenated on top, where By,
is the post-filter fresh rollout count. Each gradi-
ent step then retains a fresh on-policy anchor that
bounds policy lag independently of the replay por-
tion. The pool-composition baseline uses the same
total batch size (1 + ) - Bj,.q, but draws the entire
batch from a unified pool of fresh and stale roll-
outs. Any difference between the two modes in
Section 5.3.1 is therefore attributable to composi-
tion mode rather than to replay budget.

4.2 Rollout-Level | 4;| Priority

|A;| Priority Even with age eviction bounding
policy lag (Section 4.1), each replayed rollout is
by construction at least slightly off-policy. The

priority signal must therefore focus the replay bud-
get on rollouts whose learning signal still justifies
the off-policy cost. We expect a useful priority
to favor rollouts with (i) a large birth-step gradi-
ent coefficient and (ii) low representation in fresh
batches. The per-rollout advantage magnitude | A;|
satisfies both. It is the per-rollout coefficient in
the GRPO objective (Equation 2), the same role
TD-error plays in value-based PER. High-| A4;| roll-
outs are also the within-group minority of skewed
groups (Appendix E) that fresh batches see sparsely,
because such groups arise from prompts the policy
rarely solves cleanly. In contrast, o, would em-
phasize balanced groups that fresh batches already
cover densely. Recent GRPO work uses | A| simi-
larly (Lin et al., 2025; Zhu et al., 2026a; Xu et al.,
2025). Because sampling from the buffer follows
P(i) o p§ (Equation 3), replay draws high-|A;]|
rollouts more often than the on-policy distribution
would, and that reweighting is the purpose of the
buffer rather than a side effect. We consequently
do not undo it with a PER importance-sampling
weight, which at full strength targets the same ex-
pected update as uniform sampling from the buffer,
the @ = 0 setting that Table 4 reports as rollout-
level uniform and places below |A;| priority on
both metrics. We set the strength of the reweighting
with o instead and temper it at @ = 0.5, because
full proportional sampling at « = 1.0 overshoots
and costs pass accuracy (Appendix C).

Rollout-Level Buffer Entries |A;| priority re-
quires a buffer-entry decision. Conventional GRPO
replay schemes (Zhan et al., 2026; Ma et al., 2026)
bind the G rollouts of a query into one buffer entry,
so all G rollouts share a single priority. This forces
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the priority signal to be query-level, such as uni-
form or a group-aggregate like o,. A query-level
signal cannot resolve the within-group minority
that holds the |A;| signal. Combined with pool
composition (Section 4.1), this configuration is the
naive baseline in Table 1. We therefore deviate
from this convention and store individual rollouts.
Each rollout carries its own birth-step | A;| and is
sampled directly by Equation 3. Section 5.3.2 con-
firms that the gain comes from | A;|’s within-group
variation, not from the buffer-entry shift. That coef-
ficient stays at its birth-step value together with the
group statistics (f14,04), so it is estimated under
an earlier solve-rate distribution while the gradient
it multiplies is taken under the current policy, and
rollout-level draws break the within-group center-
ing that keeps the fresh portion mean-zero. The
same Tmax that bounds policy lag also bounds how
stale the coefficient can be, since a replayed advan-
tage is never more than 7.« steps out of date.

S Experiments

5.1 Experimental Setup

We train three scales of the Qwen3-Base family at
0.6B, 1.7B, and 4B. Training uses the DeepScaleR-
Preview (Luo et al., 2025b) prompt set across all
conditions. The four conditions are GRPO, the
two naive replay baselines, and our method. We
hold all training hyperparameters constant except
for the replay-buffer design. The cross-scale main
comparison of Section 5.2 and the analyses of Sec-
tion 6 are run with three training seeds, and the
ablations of Section 5.3 use a single seed. Training
hyperparameters and the seed policy are listed in
Appendix A.

Replay Buffer Our method instantiates Algo-
rithm 1 with fresh-anchored composition from Sec-
tion 4.1 and rollout-level |A;| priority from Sec-
tion 4.2. The priority is p; = |A4;| + €, and we
sample per Equation 3 with o = 0.5. Age eviction
uses Tmax = 10 and the replay ratio is r = 0.5. We
use a 20-step warmup during which replay is dis-
abled. The naive replay baselines are uniform and
0g4. They share the same Ty, 7, v, and warmup as
our method. They differ from our method in three
ways. They use pool composition, they store at the
query level, and their priority signal is uniform or
o4 rather than | 4;|. A replayed rollout’s advantage
A; and its group statistics (ug4,04) are frozen at
the birth-step values, since refreshing them would
require regenerating the entire group. We ablate

Accuracy Clipping (%)
Method avg pass fresh replay
Tmax = 1 16.49 29.59 0.055 0.266
Tmax = 10 (Ours) 16.58 32.35 0.060 0.403
Tmax = 30 16.01 27.34 0.058 0.654
Tmax = 60 1528 26.66 0.058 0.875

Table 2: Age-eviction horizon Ty, ablation at Qwen3-
1.7B-Base. The clipping columns report the fraction
of importance ratios clipped during the PPO update,
decomposed into fresh and replay batch portions. Bold
marks the best.

Tmax 10 Section 5.3.1 and jointly ablate r and « in
Appendix C.

Benchmarks and Decoding We evaluate on five
math-reasoning benchmarks, namely MATH-500,
AIME2S5, AIME26, HMMT-F25, and HMMT-F26.
Appendix A (Benchmarks and Decoding para-
graph) gives the per-benchmark sizes, decoding set-
tings, and per-benchmark k values. That appendix
also describes the five-benchmark aggregate used
in the ablation tables from Table 2 through Table 4
and the full seed policy.

5.2 Cross-Scale Main Comparison

Table 1 reports the main result. The table separates
the benefit of our method from the no-replay GRPO
reference and from the naive replay baselines. The
naive baselines apply uniform and o, priorities
under pool composition with query-level buffer
entries. The naive baselines have their batch size
matched to fresh-anchored ours, so any gap to our
method is attributable to composition and rollout-
level | A;| priority rather than to replay budget.

Our method improves over both baseline fami-
lies at every scale. The gain over GRPO on the five-
benchmark average is +0.61 pp at 0.6B, +0.60 pp
at 1.7B, and +1.66 pp at 4B. The gain also ex-
tends to PASS @ K. Our method exceeds GRPO by
+6.86 pp on pass, and the best naive baseline by
+2.49 pp on avg and +5.61 pp on pass, as shown
in the rightmost block of Table 1.

Naive replay gives no consistent gain over
GRPO under either uniform or o, priority, and at
4B it falls below the no-replay baseline by 0.83 and
1.82 pp on the five-benchmark average. Reusing
rollouts is therefore not beneficial on its own, and
without a priority that selects which rollouts to
reuse it can cost accuracy. The design-space ab-
lations in Section 5.3 examine which axes of our
design separate it from these baselines.
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Qwen3-0.6B  Qwen3-1.7B Qwen3-4B

Method, Composition
avg pass avg pass avg  pass

GRPO (no replay) 11.20 21.32 15.75 27.64 26.71 40.92

Pool composition 11.29 21.02 16.00 27.08 23.54 39.08
Fresh-anchored (Ours) 11.58 23.24 16.58 32.35 31.06 50.98

Table 3: Cross-scale composition-mode comparison be-
tween fresh-anchored composition for ours and pool
composition. Both are under rollout-level | A;| priority.
avg and pass are five-benchmark aggregates under Ta-
ble 1’s k convention. Bold marks the better composition
at each scale.

5.3 Ablations

We validate each design choice of Section 4 at 1.7B,
with the composition ablation extended to 0.6B and
4B. We sweep alternative variants along two axes.
The first axis is staleness handling and includes age
eviction (Tyax) and fresh-anchored composition.
Section 5.3.1 covers this axis. The second axis
is the rollout-level priority signal, comparing | 4,|
against uniform and o,. Section 5.3.2 covers this
axis. Each table reports five-benchmark aggregate
avg and pass under the k£ convention of Table 1.

5.3.1 Age Eviction and Fresh Anchoring

Table 2 sweeps the age-eviction horizon Ty €
{1,10, 30,60} at 1.7B with other axes at default.
Allowing samples to age past Tyax = 10 reduces
both metrics. As Tyax grows from 10 to 60, avg
drops from 16.58 to 15.28 and pass drops from
32.35 to 26.66. Aging past the cap also induces
asymmetric importance-ratio clipping. Replay-side
clipping grows monotonically with the cap and
reaches 0.88% at Tyyax = 60. Fresh-side clipping
is approximately constant. The asymmetric clip-
ping alongside the performance drop indicates that
an unmanaged buffer accumulates policy lag rather
than stochastic noise.> The per-step clipping trajec-
tory is in Figure 5 of Appendix J. At the opposite
end, Tax = 1 matches our default on avg with
16.49 against 16.58, but is —2.76 pp lower on pass.
At Timax = 1 the buffer holds at most one step’s
worth of rollouts at any time, so the replay portion
has little to recycle and contributes minimal addi-
tional signal. We adopt Tyax = 10 as the smallest
age at which the buffer accumulates enough roll-
outs to make the priority-driven replay meaningful,
while keeping policy lag bounded.

2All clipping rates stay below 1%. Over 99% of impor-
tance ratios therefore fall within the DAPO clip-higher window
from1l —0.2to1+ 0.28.

Method Level avg pass
GRPO (no replay) n/a 15.75 27.64
uniform flow 1619 2896

query 15.43 29.04
99 rollout 16.04 29.16
Ours with | A;| rollout 16.58 32.35

Table 4: Priority signal and level ablation at Qwen3-
1.7B-Base. All rows share fresh-anchored composition,
r = 0.5, and 7yh.x = 10, so the rollout-level uniform
row is an informative-sampling control that matches our
method’s replay volume and differs only in the priority
signal. The |A;| signal is rollout-only by design. avg
and pass are five-benchmark aggregates under Table 1’s
k convention. Bold marks the best per column.

Age eviction alone does not fully bound policy
lag at scale. The composition mode also affects
performance across the three tested scales. Table 3
fixes Tmax = 10 and replaces fresh-anchored com-
position with pool composition. The effect is scale-
dependent. At 0.6B the avg gap between the two
compositions is negligible at 0.29 pp and the pass
gap is modest at +2.22 pp. Both gaps widen from
0.6B to 4B. At 1.7B the pass gain over GRPO is re-
moved under pool composition, with 27.08 against
the GRPO value of 27.64. At 4B both avg and pass
fall below GRPO outright, with avg 23.54 against
the GRPO value of 26.71.

5.3.2 Rollout-Level |A;| Against Query-Level
Baselines

Table 4 ablates the priority signal at 1.7B across
two axes. The signal axis covers uniform, oy, and
| A;|. The level axis covers query and rollout. Uni-
form and o, are normally query-level signals. They
can also be applied at the rollout level, which gives
a small lift over their query-level counterparts. The
larger effect is the priority signal itself. Rollout-
level |A;| leads on both avg and pass, with the
widest gap on pass at +3.19 pp over the next-
best o,. This indicates that rollout-level buffer
entries alone are only a precondition. The gain
comes from a signal that varies within a group.
| A;| provides such variation by construction, while
04 is group-constant and does not. Rollout-level
|A;| and rollout-level uniform draw the same num-
ber of replay rollouts from a buffer that admits
only nonzero-advantage rollouts, so the +-0.39 pp
avg and +3.39 pp pass gap between them reflects
which rollouts are selected rather than how many
informative ones are added. Replay-free infor-
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AES per Qwen3-Base scale
0.6B 1.7B 4B

Method

Against untrained base model
GRPO —0.146 40474 —0.067
Ours +0.058 +0.718 +0.585

Against no-replay GRPO baseline

uniform 40.016 +0.008 —0.001
og —0.245 +0.046 —0.075
Ours +0.177 +0.221 +0.292

Table 5: Token-based AES at three Qwen3-Base scales.
The top block is referenced to the untrained Base init
and the bottom block to the no-replay GRPO baseline.
Reference values are listed in Appendix D. Naive base-
lines use pool composition with query-level priority, and
bold marks the best AES per scale.

mative sampling such as dynamic sampling and
oversample-and-filter raises the share of nonzero-
advantage groups by generating more rollouts, so it
pays on generation while replay pays on the learner.
Holding the number of informative rollouts fixed,
as this control does, therefore separates prioritiza-
tion from that filtering within a fixed generation
budget. We adopt rollout-level | 4;|.

6 Response-Length and Efficiency
Analysis

The effect of replay in this setting is not limited
to accuracy. We additionally evaluate each post-
trained model with AES (Luo et al., 2025a). AES
was originally proposed to score reasoning-model
efficiency as the joint trade-off between accuracy
and generation length.

6.1 Accuracy Efficiency Score (AES)

AES combines normalized changes in accuracy and
generation length into a single efficiency value,

AES = AL + 5 AAcc. ()

The length term AL = (Lgef — L)/ Lyt is posi-
tive when the method generates shorter responses
than the reference. The accuracy term AAcc =
(A — Arer) / Aref is positive when it is more accurate.
A larger AES is therefore better on both axes. The
weight is 8 = 3 when AAcc > 0 and S = 5 oth-
erwise. This asymmetry penalizes accuracy drops
more than it rewards gains. Because both terms are
measured against the reference, the same method
scores differently under different references. Ta-
ble 5 reports two such references. The top block
uses the untrained base model and measures the ab-
solute efficiency of post-training. The bottom block

NS

Scale A (%)
GRPO  Ours
Qwen3-0.6B  0.139 0.185 +33.6
Qwen3-1.7B  0.224 0.277 4234
Qwen3-4B 0.119 0.147 +25.2

Table 6: Ratio of mean response length on correct
rollouts to mean response length on incorrect rollouts,
pooled across the five-benchmark set. Lengths are
pooled over rollouts, and A is the relative change of
that ratio from GRPO to ours. A positive A means cor-
rect rollouts grew longer relative to incorrect ones.

uses the no-replay GRPO baseline and measures
the incremental efficiency of replay over no-replay.
GRPO itself sits at zero in the bottom block by
construction. The two blocks therefore answer dis-
tinct questions and should not be compared directly
across blocks. Under this metric our method is the
highest at every scale under both references.

Absolute Efficiency (Base Reference) GRPO’s
AES against Base is negative at 0.6B and 4B, where
its accuracy gain over Base is offset by length infla-
tion, and our method is above it at all three scales.

Incremental Efficiency (GRPO Reference) Un-
der the GRPO reference, rollout-level | A;| leads at
every scale and is the only condition positive at all
three. The two naive baselines instead straddle zero.
Replay therefore improves token efficiency only un-
der the |A;| priority. The 0.6B margin is the small-
est of the three, in line with the higher share of all-
wrong groups at 0.6B (Appendix B), which leaves
fewer mixed-reward groups from which high-|A;|
candidates can be drawn. The full 12-configuration
AES ranking at 1.7B across the «, Tyax, and r
sweep is in Appendix K.

Where the Efficiency Gain Comes From The
AES gain is a redistribution of length rather than
a uniform reduction in generation tokens. Correct
rollouts became longer and incorrect ones shorter,
so the ratio of mean response length on correct roll-
outs to that on incorrect ones rises at every scale
against the no-replay GRPO baseline, by +33.6,
+23.4, and +25.2% (Table 6, with the two sides
in Appendix D). One reading of this follows from
what |A;| selects. A correct rollout reaches high
| A;| only in a mostly wrong group, and an incorrect
rollout only in a mostly correct one. Replay there-
fore reinforces the rare correct solutions of hard
prompts, which are the long ones, and suppresses
the rare failures of easy prompts. Appendix I mea-

50114



18 1 —m= GRPO (no replay)
=8— Ours !

30 1

baseline budget ,

T T T T T T
0.2 0.4 0.6 0.8 1.0 1.2

Learner FLOPs (baseline 200-step budget = 1)

Figure 2: Accuracy against learner FLOPs at Qwen3-4B-Base over three training seeds, normalized so each seed’s
baseline 200-step budget is 1. The left panel is AVG@ K and the right is PASS@ K. Points are evaluated every 20
training steps on the four contest benchmarks (AIME25, AIME26, HMMT-F25, HMMT-F26) at k = 4, and bands

are +1 standard deviation across seeds.

sures this composition on the untrained base mod-
els, where the correct side is the minority in 99%
of the 4B groups that carry the highest priority.
We offer this as a conjecture rather than a tested
mechanism, since we do not vary the two directions
independently.

6.2 Compute-Matched Efficiency

We additionally analyze the 4B runs at matched
compute. Learner FLOPs are proportional to the
trained tokens of each step, so we compare our
method and the no-replay baseline at equal trained
tokens rather than at equal training steps. Figure 2
plots both conditions over three training seeds. At
the baseline’s full budget, marked in the figure,
our method leads by 40.75 pp on AVG@ K and
+2.50 pp on PASS@ K. It continues to its own 200
steps at 1.29 times that budget and ends +2.05 pp
and +1.59 pp above the baseline. Both condi-
tions draw the same fresh rollouts per step and
our method trains more tokens per step, so at the
marked budget it has seen only 86% of the base-
line’s training prompts. Leading on less new data
supports the premise behind the buffer, that a single
pass leaves learning signal in the rollouts GRPO
discards. Appendices G and H report the FLOPs
convention, the step-wise curve, and the measured
overhead.

7 Conclusion

We presented an experience replay buffer for
GRPO with two main findings. First, the naive re-
play baselines we test give no consistent gain over

GRPO across three Qwen3-Base scales of 0.6B,
1.7B, and 4B on DeepScaleR-Preview, and at 4B
they fall below it on the five-benchmark average.
Reuse without an appropriate priority can therefore
cost accuracy rather than add to it.

Second, our method combines fresh-anchored
composition with age eviction and rollout-level
|A;| priority. It yields a positive margin at every
scale, reaching +1.66 pp on the five-benchmark
average at 4B. On the contest benchmarks at 4B
the pass-side gains reach +13.3 pp on AIME26
and +11.1 pp on HMMT-F25.

Per-axis ablations support each design choice.
Age eviction bounds policy lag through a step-level
cap, and fresh-anchored composition contributes
the on-policy anchor. At 1.7B, rollout-level |A;|
outperforms both uniform and o, on both met-
rics. Each baseline is tested at query and rollout
level. The widest pass gap is +3.19 pp over rollout-
level o4. Fresh-anchored composition further adds
+0.58 pp avg and +5.27 pp pass over pool compo-
sition.

Beyond accuracy, our method is the only condi-
tion with a positive token-budget AES margin over
GRPO at every scale. A correctness-conditioned
length decomposition in Section 6.1 shows the
model lengthens correct rollouts relative to incor-
rect ones, raising their length ratio by +23 to
+34% across scales. These results indicate that
rollout-level replay modifies the trained model’s
response distribution, not only its accuracy.
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Limitations

Our study is confined to math reasoning with binary
verifiable rewards. We use DAPO-style GRPO with
asymmetric clipping as the underlying trainer. We
do not study replay under non-verifiable rewards
such as learned reward models, nor under other RL
algorithms such as PPO or REINFORCE. Whether
the rollout-level | A;| priority and age eviction gen-
eralize to those settings is an open question.

Our update is biased with respect to the on-
policy GRPO objective, and Section 4 states the
three sources. Replayed advantages stay frozen at
their birth-step values, the prioritized draw is de-
liberately left uncorrected because an importance-
sampling weight would cancel the reweighting to-
ward high-| A;| rollouts that motivates replay in the
first place, and replayed rollouts carry a policy lag
of up to Thax Steps. Age eviction, the fresh anchor,
and clipping bound these departures rather than
remove them. The o = 0 setting of Table 4 is the
in-expectation endpoint of a fully corrected draw,
but we do not run the weighted estimator itself, we
do not refresh replayed advantages, and we do not
characterize the bias analytically. Our evidence
for the trade-off is empirical. Refreshing replayed
advantages online, in the spirit of online difficulty
filtering (Bae et al., 2026; Gao et al., 2025), is left
to future work.

We do not compare against replay-free informa-
tive sampling. Dynamic sampling and oversample-
and-filter fill an update with nonzero-advantage
groups by generating additional rollouts, so their
cost falls on generation, whereas replay adds no
generation and pays on the learner instead. A fair
comparison therefore has to be matched on total
compute rather than on training steps, which we
leave to future work. The uniform-replay control
of Table 4 isolates prioritization from informative
filtering within replay, but it does not establish
whether the same accuracy is reachable by spend-
ing the extra budget on generation.

No run is reported beyond global step 200,
so longer-horizon dynamics are not characterized.
These include failure modes that may emerge only
after substantially more updates and the eventual
ceiling of the recycling benefit. Similarly, the body
scaling sweep is limited to Qwen3-Base at 0.6B,
1.7B, and 4B trained on the DeepScaleR-Preview
prompt set, and the compute-matched comparison
of Section 6.2 is measured at 4B alone. Transfer to
larger model scales, to multi-turn or agentic tasks,

and to non-math domains is not validated.

Cross-scale trends within the tested range are
not perfectly monotonic, and the range is bounded
on both sides. The 0.6B model in particular shows
smaller margins than 1.7B and 4B on several met-
rics. A plausible contributing factor is a scale-
dependent shift in prompt difficulty, as suggested
by Appendix B. Only 34% of generated groups
are mixed-reward at 0.6B during training and this
rises to 49% at 4B. The rare-correct rollouts that
high-| A;| priority targets are therefore scarce in ab-
solute count at smaller scales. At the other end, a
single 8B run under a reduced training batch shows
no gain on the five-benchmark average against its
own no-replay baseline. Appendix I reports that
run together with a start-of-training solve-count
distribution that has moved away from the region
| A;| targets, which is the same misalignment seen
from the opposite direction. RLVR is sensitive to
the alignment between prompt difficulty and cur-
rent policy capability. Replay may amplify this
sensitivity because the buffer keeps recycling high-
|A;| candidates from the same difficulty distribu-
tion rather than rebalancing it. We do not study a
remedy in this work. Difficulty-adaptive prompt
selection or buffer composition is a direction for
future work.

All evaluation is automatic via a programmatic
answer checker. We do not run human studies
on the quality of the responses produced by our
method. The asymmetric length pattern in Sec-
tion 6 therefore reflects a verifiable-reward view of
efficiency rather than a perceived-quality view.

The ablation tables use a single training seed of
42 per run. Evaluation uses a single primary k& = 8
sampling wave at seed 42 for every benchmark.
The k = 8 wave is kept as the MATH-500 budget,
and a second k = 8 wave at seed 43 is added for
AIME and HMMT to reach k = 16. The same two
seeds are used for every condition at every scale.
Any seed-dependent fluctuation in the per-example
samples is therefore shared across the comparisons
in the body tables. The detailed seed policy and
the per-wave sample_id ranges are in Appendix A
(Training and Sampling Seeds).

Ethical Considerations

The contribution of this work is a sample-efficient
training procedure for GRPO on verifiable-reward
math reasoning. The work is foundational and not
tied to a specific deployed application. Any effi-
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ciency improvement in RLVR post-training is dual-
use in the sense that it lowers the cost of producing
reasoning models. The method could therefore be
applied for both beneficial and harmful purposes
by downstream developers. Misuse scenarios spe-
cific to math reasoning include automated solving
of homework or examination problem sets, which
constitutes academic dishonesty. They also include
large-scale generation of synthetic competition-
style solutions, which could contaminate future
training corpora if posted publicly without prove-
nance markers. We release no new model or dataset
artifact with this work, which limits direct deploy-
ment risk. See Appendix A for the artifacts and
licenses used. The compute footprint of the full
sweep is roughly 2,500 H100-hours, as reported in
Appendix A. This is modest relative to large-scale
post-training pipelines but compounds at scale. We
report it transparently to support reproducibility
and discourage redundant re-runs. We do not study
replay under non-verifiable rewards. No claim is
made about transfer to settings with learned reward
models or human-feedback signals.
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A Full Experimental Details

Artifacts and Licenses We use only publicly re-
leased artifacts. The base models are the Qwen3-
Base family (Yang et al., 2025) at 0.6B, 1.7B, and
4B parameters, released under the Apache 2.0 li-
cense. The training prompts are from DeepScaleR-
Preview (Luo et al., 2025b), released under the MIT
license. Evaluation uses MATH-500 (Lightman
et al., 2024) along with AIME25 (Mathematical
Association of America, 2025), AIME26 (Mathe-
matical Association of America, 2026), HMMT-
F25 (Harvard-MIT Mathematics Tournament,
2025), and HMMT-F26 (Harvard—MIT Mathemat-
ics Tournament, 2026). The MATH-500 source
problems are MIT-licensed via the upstream MATH
benchmark and the PRM80OK repository. The
AIME and HMMT problems are publicly released
by the Mathematical Association of America and
the Harvard-MIT Mathematics Tournament, respec-
tively. All prompts and responses are in English.
None of these resources contain personal informa-
tion about individuals. Our use is consistent with
the research-use terms of the original releases. We
release no new dataset or pretrained model artifact
with this paper.

Benchmarks and Decoding We evaluate on the
five math-reasoning benchmarks listed in the Ar-
tifacts and Licenses paragraph above. All five are
evaluation-only. The sizes are 500 problems for
MATH-500, 30 for AIME25, 30 for AIME26, 30
for HMMT-F25, and 33 for HMMT-F26. AIME
and HMMT are reported per year, comparing
AIME2S5 against AIME26 and HMMT-F25 against
HMMT-F26 to show per-benchmark variance. For
each prompt we draw samples at temperature 0.6
and top-p at 0.8. MATH-500 is evaluated at k = 8.
AIME and HMMT are evaluated at £ = 16 as
two disjoint waves of 8. Per benchmark we re-
port AVG@ K for mean accuracy and PASS@ K
for any-correct rate. The ablation tables from Ta-
ble 2 to Table 4 report a five-benchmark aggre-
gate. This aggregate is the unweighted mean of
MATH-500, AIME25, AIME26, HMMT-F25, and
HMMT-F26. The main result in Table 1 shows
the per-benchmark cells directly. The k-wave con-
struction and the full seed policy are detailed in the
Training and Sampling Seeds paragraph below.

Training Set and Hyperparameters The train-
ing set is DeepScaleR-Preview (Luo et al., 2025b),
filtered to prompts of at most 1024 tokens, leav-

Setting Value

Common across scales

Train batch size 256

Group size G 8

Max prompt length 1024 tokens

Max response length 8192 tokens

Learning rate 1x107

PPO mini-batch size 128

CIip €1ow, €nighs Cdual 0.2,0.28, 10.0

Advantage stabilizer e, (Eq. 1) 1076

Optimizer AdamW (8:=0.9, 2=0.999)
Weight decay 0.01

Gradient clip 1.0 (L2 norm)

LR warmup none

KL penalty 3 0 (k1_coef=0, use_kl_loss=False)

Per-scale at 0.6B, 1.7B, and 4B

PPO micro-batch per GPU 4,4,2

Table 7: RL training hyperparameters. The shared block
applies to all conditions and the per-scale row varies
across 0.6B, 1.7B, and 4B. €0y and épig, are the DAPO
clip-higher window from Section 3. cqyy is the verl
dual-clip bound on negative-advantage ratios, and the
KL term is fully disabled.

ing 40,306 prompts. Table 7 lists the RL training
hyperparameters used across all conditions. The
per-scale row reports the value that varies by model
size. The tabulated results are all at global step 200,
which is fixed across conditions to equalize the roll-
out budget. GRPO uses a group size of G = 8
rollouts per prompt at every scale. This is the
per-prompt sampling count behind the { 4;} com-
putation in Section 3 and the G-rollout group in
Algorithm 1.

Compute All training runs use NVIDIA H100
80GB SXMS5 GPUs in a single-node configuration.
The 0.6B and 1.7B runs use four H100s per run,
and the 4B runs use eight. A single run to step 200
takes approximately 10, 7, and 14 wall-clock hours
at 0.6B, 1.7B, and 4B. These correspond to roughly
40, 28, and 112 H100-hours per run. The 0.6B
wall-clock exceeds the 1.7B wall-clock because the
0.6B rollouts are on average substantially longer
than the 1.7B rollouts. The mean rollout lengths
at step 200 are approximately 2,086 and 1,191 to-
kens respectively, as reported in Table 12. Rollout
generation dominates per-step time at fixed GPU
count. The full sweep reported in the paper cov-
ers our method, the naive baselines, and the abla-
tions across the three scales, for 29 distinct config-
urations. It consumes roughly 1,200 H100-hours
to step 200, or about 2,500 H100-hours including
extended-training runs and the roughly 30% over-
head from failed or restarted jobs. All runs use
bfloat16 mixed precision and gradient checkpoint-
ing, with a rollout-side GPU memory utilization of
0.6.

50122



Software Training uses the verl frame-
work (Sheng et al., 2024) at v0.7.0.dev0, extended
with custom modifications for the replay buffer
described in this paper. Rollout generation during
GRPO updates uses vLLM (Kwon et al., 2023)
at v0.11.0 with bfloat16 precision, tensor-parallel
size 1, a maximum model length of 9,216
tokens, and chunked prefill. The training-side
runtime is PyTorch v2.8.0 on CUDA 12.8 with
FlashAttention v2.8.1, FlashInfer v0.3.1, Hugging
Face transformers v4.57.6, and Ray v2.51.1 for
distributed orchestration. Evaluation uses vLLM
v0.14.1 with Hugging Face transformers v5.0.0.
The evaluation maximum response length is
8,192 tokens at 0.6B and 1.7B and 16,384 tokens
at 4B. Sampling settings are described in the
Benchmarks and Decoding paragraph above. Each
prompt is rendered as a two-message chat with
system content ‘““You are a helpful assistant.” and
user content “Problem : {question}\n\nPlease
reason step by step, and put your final an-
swer within \boxed{}.”. The chat is applied
via tokenizer.apply_chat_template(. . .,
add_generation_prompt=True). All scales use
the tokenizer of the corresponding Qwen3-Base
checkpoint.

Verifier Answers are extracted from the final
\boxed{. . . } expression within the trailing 500
characters of the completion. This truncation
bounds verifier latency without changing correct-
ness when the final boxed answer is near the end
of the response. Training-time reward verifica-
tion uses a Minerva-style code-based comparator
adapted from lm-evaluation-harness (Gao et al.,
2024). The extracted answer is normalized through
LaTeX cleanup, unit-word removal, fraction and
square-root shorthand expansion, and digit-comma
stripping. The normalized answer is then com-
pared by exact string match to the similarly nor-
malized ground truth, yielding a reward of +1. Fi-
nal evaluation grading uses math-verify (Hugging
Face, 2025) at v0.9.0 with the default extractor
and grader. Both the prediction and the ground
truth are parsed with math_verify.parse, wrap-
ping the operand in a LaTeX math environment
if not already inside one. The answer is accepted
when math_verify.verify(gt, pred) returns
true. If either side fails to parse, we fall back to raw
string equality.

Training and Sampling Seeds The cross-scale
main comparison of Table 1 is run three times per

condition, with training seeds 42, 101, and 202. Its
per-benchmark cells are the mean over those three
runs, and its avg and pass columns add the stan-
dard deviation across them. The AES and length
analyses of Section 6.1 and the matched-FLOPs
curves of Section 6.2 use the same three runs. The
ablations use training seed 42 alone. Evaluation
sampling uses one primary k = 8 wave at seed 42
for every benchmark. Seed 42 is the legacy default
of our evaluation harness. This wave is the sole
source of MATH-500’s k = 8 result. For AIME
and HMMT we additionally draw a second k = 8
wave at seed 43 and concatenate the two waves to
obtain the reported k£ = 16 statistics. The two seeds
yield disjoint sample_id ranges O through 7 and 8
through 15 that do not overlap. The same two seeds
are used for every condition at every scale. The
conditions are GRPO, the naive baselines, and our
method. Any seed-dependent fluctuation in the per-
example samples is therefore held constant across
the comparisons in Tables 1 through 5. This is not
a source of differential bias between methods.

B Effective Batch Size After
Zero-Variance Filtering

Table 8 reports the per-step surviving fresh-rollout
count after zero-variance filtering for the GRPO
baseline at the three Qwen3-Base scales. The
count is averaged over the first 200 training steps,
which is the snapshot point used throughout the
paper. Each step issues the same fresh-rollout bud-
get Biesh = 2048, which is the train batch of 256
prompts at G = 8 rollouts each and matches the
Biresh symbol in Algorithm 1. The fraction sur-
viving the zero-variance filter varies by scale. The
surviving rollouts are those whose group has mixed
correct and incorrect rewards. Just over three-fifths
of the smallest model’s batch falls in all-wrong
groups, leaving a mixed-reward fraction of approx-
imately 34% at 0.6B. The larger models hold 44%
to 49% mixed-reward groups. The dropped frac-
tion shifts toward all-correct groups as model scale
increases.

A capacity-only buffer-eviction rule would there-
fore induce a scale-dependent staleness profile.
Larger models fill the buffer faster and evict sooner,
while smaller models do the opposite. Age evic-
tion with horizon 7y,,x, as described in Section 4.1,
removes this dependence by bounding worst-case
rollout age independently of buffer fullness.
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Scale Bresh B{msh All-pos (%) All-neg (%)
Qwen3-0.6B 2048 692.0 475 61.48
Qwen3-1.7B 2048 901.6 8.57 47.42
Qwen3-4B 2048 999.2 21.09 30.10

Table 8: Effective batch size after zero-variance filtering
for the GRPO baseline at three Qwen3-Base scales,
averaged over training steps 0 to 200. B is the pre-
filter rollout count from Algorithm 1. By, is the mean
surviving count belonging to mixed-reward groups. “All-
pos” and “All-neg” are the percentages of groups filtered

out for being all-correct and all-wrong.

Config avg pass
GRPO (no replay) 1575 27.64
Oursatr = 0.5, =0.5 16.58 32.35
r=05a=1.0 15.96 27.39
r=1.0,a=0.5 15.99  27.99
r=10,a=1.0 16.53  30.67

Table 9: Replay-ratio and priority-strength sweep at
Qwen3-1.7B-Base. avg and pass are five-benchmark
aggregates under Table 1’s k& convention. Bold marks
the best.

C Replay-Ratio and Priority-Strength
Sweep

Table 9 sweeps the replay ratio 7 and priority-
strength exponent o at Qwen3-1.7B-Base. Our
setting at » = 0.5 and a = 0.5 leads on both met-
rics. It is essentially tied for best on AVG@ K,
within 0.05 pp of the next-best r = 1.0, = 1.0,
and has a larger margin of +1.68 pp on PASS@ K
over the next-best. We adopt the setting on the
PASS@ K margin. PASS@ K rewards solving a
problem on at least one of k samples, which is the
axis our rollout-level | A;| priority targets by recy-
cling the within-group minority rollouts that fresh
batches see sparsely (Section 4.2).

D AES References and the Length
Decomposition

Table 10 lists the reference values used in the AES
computation of Table 5. Table 11 gives the two
correctness-conditioned sides whose ratio Table 6
reports in Section 6.1. Both tables share the bench-
mark set, the k£ convention, and the decoding set-
tings of the post-training evaluation in Section 5.1.
For AES, the Base init values are the untrained
Qwen3-Base checkpoints, and the GRPO values
are the no-replay GRPO baseline at step 200.

Reference Qwen3-0.6B Qwen3-1.7B Qwen3-4B
Acc (%) L Acc (%) L Acc (%) L
Base init 9.52 2162  13.53 2007 17.36 2452
GRPO 11.18 3609 15.86 2090 27.77 7031
Table 10: AES reference values reporting five-

benchmark aggregate accuracy in percent and per-
rollout response length in Qwen3 tokens. These values
serve as Ar and L. in Table 5.

Scale GRPO Ours
pen | V) pllen| x) pllen|v) pllen | x)
Qwen3-0.6B 526 3820 661 3631
Qwen3-1.7B 507 2262 555 2009
Qwen3-4B 1047 8844 1110 7546

Table 11: Mean response length in tokens conditioned
on correctness, pooled across the five-benchmark set.
These are the two sides whose ratio Table 6 reports.
That table forms the ratio within each run before aver-
aging, so dividing the entries here does not reproduce
its columns exactly.

E Rollout-Level |4;| vs. Query-Level o,
in Binary RLVR

We compare the two priority signals that recur
throughout the paper. These are the rollout-level
absolute advantage |A;| and the query-level stan-
dard deviation o,. The comparison is in the regime
of binary verifiable rewards r; € {—1,+1} that
our experiments use. Both quantities admit closed
forms parameterized by the group’s correct count
k. We drop the stabilizer €, of Equation 1, which
is smaller than o, by six orders of magnitude for
any mixed group.

Proposition 1 (Closed-form |A;| and o, in binary
RLVR). Consider a group of G rollouts under a
binary verifiable reward r; € {—1,+1} with cor-
rect count k and 0 < k < G. The group mean and
standard deviation are

Hg = % -5 ©)
o = /51— 2); (©)
and the group-relative advantage A; = (r; —

lg)/ g takes exactly two values per group,
‘ A 'C()rrect| _
(2

’A;'ncorrect| _ (8)
i = Vo—&

For any mixed group with 0 < k < G, the side
with fewer rollouts carries strictly the larger | A;|.
We call this side the minority.
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Proof. With r; € {—1,+1}, the group statistics
are

k-(+1)+(G—k)-(—1 k
pg = BEDHERCD 2k
oy = E[’)—py = 1- (% -1)’
k k
=45(1-2),

yielding Equations 5 and 6. Substituting into A; =
(ri = pg)/ g,

_ (#1)—(2k/G-1)
99
2(G-k)/G

2\/(k/G)(1=k/G)
= /95, )
(=1)=(2k/G-1)

Tg
—2k/G
2¢/(k/G)(1-k/G)

= —\/ &, (10)

correct
A,

A incorrect  __
)

yielding the absolute values stated. Their ratio is

| A/L_COITBCI |

‘ A Z_incorrecl |

= Gk (11)

which exceeds 1 iff &k < G — k, that is, iff the
correct rollouts are the minority. The smaller of
{k, G — k} therefore always indexes the side with
the larger | 4;|. O

Implication for Priority Design o, in Equa-
tion 6 depends only on the group’s correct count k.
It is therefore a single value shared by all G rollouts
of the same group. Using o, as a replay priority
therefore promotes or demotes an entire group uni-
formly, with no within-group discrimination. In
contrast, | A;| from Equations 7 and 8 varies within
a group. The minority side always carries strictly
the larger |A;| by the ratio in Equation 11. The
minority rollouts of skewed groups are the rare-
correct or rare-incorrect examples. They therefore
receive a structurally higher priority under rollout-
level | A;| than under query-level o, sampling. This
is the formal basis for the rollout-level | A;| priority
adopted in Section 4.2.

Beyond Binary Rewards Proposition 1 relies on
r; € {—1,41}, or equivalently any two-valued en-
coding. The closed forms in Equations 7 and 8 and
the strict minority-side dominance no longer hold
under continuous or partial-credit rewards. The
broader intuition is that rollout-level |A;| tracks
the rollouts carrying the most informative gradient

Qwen3-0.6B  Qwen3-1.7B  Qwen3-4B
L AL% L AL% L AL%

GRPO (noreplay) 2086 n/a 1191 n/a 3443 n/a
Ours (|A;| rollout) 1752 —16.0 1099 —7.7 3156 —8.3

Method

Table 12: Training-time response length at step 200 for
our method against the no-replay GRPO baseline across
three Qwen3-Base scales. L is the wandb-reported
response_length/mean and is the endpoint of Fig-
ure 3. AL% is the change of our method relative to
the per-scale GRPO baseline.

signal. This intuition is expected to extend to non-
binary settings. The within-group ranking property
exploited here would have to be restated.

F Cross-Scale Training-Time Response
Length

We report the training-time response length of our
method and the no-replay GRPO baseline over the
first 200 training steps at the three Qwen3-Base
scales. Figure 3 plots the wandb-logged mean re-
sponse length over training. Table 12 gives the
step-200 endpoint of each curve along with the rel-
ative change of our method against the per-scale
GRPO baseline.

G FLOPs Accounting

A forward-backward update costs about 6N FLOPs
per trained token and a forward-only pass about 2NV
per token, where IV is the non-embedding param-
eter count (Kaplan et al., 2020). Both conditions
run the same model at a given scale, so [V cancels
and every FLOPs ratio in Section 6.2 reduces to a
ratio of token counts taken from the training logs.
Matching learner FLOPs rather than total FLOPs is
the conservative direction, because our method also
generates fewer tokens than the baseline at equal
learner FLOPs, so matching total FLOPs would
move the comparison further in its favor.

Figure 4 replots the same evaluations against
training steps, which is the view a reader looking
for a conventional learning curve expects.

H System Overhead

Replay rollouts are appended as additional gradient-
accumulation micro-steps rather than a larger per-
device micro-batch, so Table 13 shows peak GPU
memory unchanged or slightly lower at every scale,
with the buffer held in driver host memory at a
fixed 0.5 MiB per stored rollout. The added cost
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Figure 3: Training-time response length over the first 200 steps for our method and the no-replay GRPO baseline at
three Qwen3-Base scales. The curves are plotted as 5-step rolling means of response_length/mean. The step-200

endpoint of each curve is the value tabulated in Table 12.

== GRPO (no replay)
=@ Ours
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Figure 4: The points of Figure 2 against training steps rather than learner FLOPs, at Qwen3-4B-Base. The dashed
horizontal line marks the baseline’s converged accuracy, which our method reaches at step 151 on AVG@ K and

step 138 on PASS@ K.

. Qwen3-0.6B  Qwen3-1.7B Qwen3-4B
Metric
GRPO Ours GRPO Ours GRPO Ours
Step time (s) 191.0 165.8 106.6 1147 1939 2414
update stage (s) 163 262 198 312 400 93.0
Peak GPU memory (GB) 852 843 945 935 68.6 68.6
Buffer peak occupancy n/a 7,840 n/a 9,568 n/a 12,344
Buffer host RAM (GiB) n/a 3.8 n/a 4.7 n/a 6.0

Table 13: Learner overhead of replay against the no-
replay GRPO baseline, averaged over training steps 1
to 200 from the training logs. Hardware configurations
differ across scales, so conditions should be compared
within a scale rather than across scales.

falls on the update stage, and per-step wall time
changes by —13%, +8%, and +24% at 0.6B, 1.7B,
and 4B, since generation time falls as our method
produces shorter responses.

I The 8B Result and the Start-of-Training
Solve-Count Distribution

Table 14 reports the solve-count distribution of the
four base models before any training. A group
whose minority side holds m of the 8 rollouts gives
each of those rollouts |4;| = /(8 —m)/m, so
this distribution fixes the distribution of priorities
the buffer draws from. At 4B the correct side is the
rare one in 99% of the groups carrying the highest
priority. From 0.6B to 4B the mass leaving k = 0
lands at £ < 3, where that is the case, and the
region grows from 21.2% to 40.6% of prompts.
From 4B to 8B it does not: the region is flat at
39.3% while k£ > 4 more than doubles from 9.8%
to 22.1%.

Table 15 reports a Qwen3-8B-Base run against
its own no-replay baseline, where the five-
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Qwen3-0.6B  Qwen3-1.7B  Qwen3-4B Qwen3-8B

k=0 74.24 63.30 49.54 38.00
k=1 12.14 15.28 18.96 17.48
k=2 5.74 8.20 12.70 12.48
k=3 3.30 5.62 8.98 9.38
k=4 2.24 3.46 6.10 7.92
k=5 1.54 2.24 2.64 6.28
k=6 0.68 1.48 0.90 5.12
k=7 0.10 0.40 0.18 2.74
k=8 0.02 0.02 0.00 0.60
E[k] 0.55 0.85 1.16 1.88
Mixed, 1 < k < 7 25.7 36.7 50.5 61.4

of which k < 3 21.2 29.1 40.6 39.3

of which k > 4 46 7.6 9.8 22.1

Table 14: Solve-count distribution of the four base models before any training, as the percentage of 5,000 training
prompts whose 8 rollouts contain k correct answers, measured under the training sampling settings. Mixed groups
are those the zero-variance filter keeps. Within them, k£ < 3 are the groups whose minority side is correct, which is
where the highest | A;| priorities sit, and k > 4 are the rest. Each bin has a standard error of at most 0.7 pp.

MATH-500 AIME25 AIME26 HMMT-F25 HMMT-F26 avg  pass

86.45 17.50 19.17 12.08 14.02 29.84 44.45
86.62 19.17 19.17 11.25 13.64 29.97 43.83

GRPO
Ours

Table 15: Qwen3-8B-Base at global step 200 against its own no-replay GRPO baseline on the five-benchmark set.
Per-benchmark cells and the avg column are AVG@ K, and the pass column is PASS@ K, both at £ = 8 on every
benchmark. The run uses a train batch of 128 and a PPO mini-batch of 64 rather than the 256 and 128 of the body
results, and it uses a single training seed. Its pass column is therefore not comparable to Table 1, which uses £ = 16

on the contest benchmarks. All other training and decoding settings match Appendix A.

benchmark average differs by +0.13 pp against
+1.66 pp at 4B. That run uses a train batch of 128
and a PPO mini-batch of 64 rather than 256 and
128, is evaluated with &£ = 8 on all five benchmarks
rather than k£ = 16 on the contest sets, and uses a
single training seed. We can only conjecture that
the stronger 8B base model shifts the solve-count
distribution away from the region | 4;| targets and
that this contributes to the absent margin. One run
under a different batch does not establish it.

J Importance-Ratio Clipping over
Training

Figure 5 shows the per-step importance-ratio clip-
ping fraction over the first 200 training steps for
the four age caps swept in Table 2. The curves
separate fresh-side and replay-side clipping. The
four age caps share a fresh-side profile that is es-
sentially 7y,ax-invariant. On the left panel, all four
series fluctuate within roughly 0.06%. Replay-side
clipping grows monotonically with the age cap
and accumulates over training. On the right panel,
Tmax=060 ends near 0.9%, roughly three times the
Tmax=1 value at the same step. This asymmetry

is the dynamic counterpart to the policy-lag read-
ing of Section 5.3.1. What grows with 7pax is
specifically the replay-side clipping rate, while the
on-policy fresh side is unaffected.

K Full AES Ranking (12 Configurations)

Table 16 reports a 12-configuration 1.7B AES
sweep against the no-replay GRPO baseline. The
sweep covers three axes all under fresh-anchored
composition. These are priority-strength o €
{0,0.5,1.0}, max-age Tmax € {1,10,30,60},
and replay-ratio » € {0.5,1.0}. The pool-
composition naive baselines of Table 5 are re-
ported there and are not duplicated here. Our
proposed (|A;|, «=0.5, Tmax=10) leads the rank-
ing at 4-0.266. This is ahead of the next-best
(|A;|, «=0.5, Tmax=1) at +0.248 and every other
tested configuration. The tested configurations in-
clude alternative (v, Tiax, ) choices of the same
| A;| priority and the uniform and o priority base-
lines. The sweep uses a single training seed of
42, so the 1.7B Ours row here at +0.266 is the
seed-42 value of the corresponding cell in Table 5,
which averages three seeds. Both use the same
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Figure 5: Importance-ratio clipping rates over training at Qwen3-1.7B-Base for the four age caps of Table 2. The
curves are plotted as 5-step rolling means on the fresh side in the left panel and the replay side in the right panel.
Replay-side clipping grows monotonically with the age cap while fresh-side clipping stays 7,,,x-invariant. This
provides the dynamic counterpart to Table 2’s step-200 means.

five-benchmark cache and aggregation reported in
Appendix D, but the reference here is the seed-
42 GRPO run at 15.75 accuracy and 2174 tokens
rather than the three-seed mean listed there.

L Extended Related Work

Section 2 positions our method against its closest
neighbors along three lines. The three lines are clas-
sical experience replay (Mnih et al., 2015; Schaul
et al., 2016), replay schemes for LLM RL (Zhan
et al., 2026; Li et al., 2025; Zhang et al., 2025a;
Wan et al., 2026; Fatemi, 2026; Arnal et al., 2026;
Ma et al., 2026), and priority signal design (Lin
et al., 2025; Zhu et al., 2026a; Xu et al., 2025; Yu
et al., 2025; Jiang et al., 2025; Bae et al., 2026; Gao
et al., 2025). This appendix expands on the clas-
sical and priority strands, then summarizes where
our method sits in the overall design space.

L.1 Classical and Deep-RL Experience
Replay

Experience replay originated with Lin (1992),
which stored past transitions and re-presented them
to a connectionist Q-learner. Deep replay devel-
oped with DQN (Mnih et al., 2015) and was ex-
tended to continuous control by DDPG (Lillicrap
et al., 2016). PER (Schaul et al., 2016) introduced
priority as an explicit component. It samples pro-
portional to |§;|* for TD error ¢; with importance-
sampling corrections. The « knob is the same
one we ablate in Appendix C. The max-priority-
on-insertion convention of Section 3 is inherited

unchanged. Rainbow (Hessel et al., 2018) identi-
fied PER as one of the higher-impact DQN com-
ponents. Distributional value learning (Bellemare
et al., 2017) is orthogonal in that it reshapes the
target rather than the sampling distribution, much
as GRPO already adopts a distributional view at
the group level.

A second classical line addresses storage and
eviction. HER (Andrychowicz et al., 2017) rela-
bels failed trajectories with achieved goals. Energy-
based hindsight prioritization (Zhao and Tresp,
2018) combines PER-style sampling with HER-
style relabeling at the trajectory level, paralleling
our move from transitions to rollouts. LAP (Fuji-
moto et al., 2020) proves an equivalence between
PER sampling and implicit loss reweighting and
removes the need for importance-sampling correc-
tion. The analogous correction is unnecessary here
because | 4;| in GRPO is itself the policy-gradient
coefficient rather than a Bellman-target proxy. ReF-
ER (Novati and Koumoutsakos, 2019) drops gra-
dient contributions whose ratio falls outside a
trust region. LFIW (Sinha et al., 2022) replaces
importance-sampling ratios with a likelihood-free
density-ratio estimator. Both express the princi-
ple that a buffer implicitly defines a neighborhood
of stale behavior policies. Our age eviction with
horizon T,ax 18 a coarser combinatorial alternative
that bounds the worst-case ratio under bounded
per-step drift without estimating ratios or densities.
Selective replay (Isele and Cosgun, 2018) and topo-
logical replay (Hong et al., 2022) address what to
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Rank Method Acc. (%) L (tokens) AL (%) AAcc (%) AES
1 Ours (] A;| rollout, default) 16.58 1938 +10.9 +5.2 +0.266
2 |A;] rollout (Tmax=1) 16.49 1940 +10.8 +4.7 +0.248
3 | A;] rollout (r=1.0) 15.99 1788 +17.8 +1.5 +0.224
4 | A;| rollout (Tmax=30) 16.01 1805 +17.0 +1.6 +0.219
5 uniform rollout (default) 16.19 2121 +2.5 +2.8 +0.107
6 |A;| rollout (a=1.0) 15.96 2034 +6.5 +1.3 -+0.105
7 uniform query (default) 15.94 2065 +5.0 +1.2 +0.087
8 o, rollout (default) 16.04 2143 +1.4 +1.8 +0.069
9 | A;] rollout (Tmax=60) 15.28 1745 +19.7 -3.0 +0.047
10 uniform rollout (Tmax=30)  15.18 1698 +21.9 —-3.6 +0.038
11 o4 query (default) 15.43 2001 +8.0 —2.0 —0.022
12 uniform rollout (Tmax=1) 16.45 2584 —18.8 +4.4 —0.056

Table 16: Full token-based AES ranking of 12 1.7B configurations against the no-replay GRPO baseline at step 200
with Acc = 15.75% and L = 2174 tokens. All rows are under fresh-anchored composition with AES formulation
and 5-component aggregation following Table 5. Default replay parameters are («=0.5, Timax=10, 7=0.5) for | A;|
and o, rows and (a=0, Tymax=10,7=0.5) for uniform rows. Parenthetical qualifiers list only non-default values,

and bold marks the best.

store. We instead place selection in the priority
signal.

A third strand ties most directly to our composi-
tion choice. Zhang and Sutton (2017) in “Com-
bined Experience Replay” notes that buffer ca-
pacity is sensitive because small buffers correlate
data and large ones make it stale. That work al-
ways includes the most recent transition in every
minibatch. Fresh-anchored composition general-
izes this from a single transition to a full GRPO
batch. CLEAR (Rolnick et al., 2019) likewise
mixes on-policy and replay updates each step with
a behavioral-cloning regularizer. We rely on the
GRPO surrogate clip in its place.

Modern deep RL has also shown that the re-
play ratio is an important hyperparameter for sam-
ple efficiency. REDQ (Chen et al., 2021), SR-
SAC (D’Oro et al., 2023), and the primacy-bias
analysis of Nikishin et al. (2022) stress the per-
update axis. Fedus et al. (2020) characterizes the
joint effect of capacity and replay ratio in value-
based deep RL. LoRR (Liu et al., 2025b) ports
periodic-reset ideas to LLM RL. In GRPO the per-
rollout cost dominates the per-update cost by orders
of magnitude, so the relevant ratio is gradient up-
dates per generated rollout. LLM policies drift
more per step than small actor networks (Fu et al.,
2025; Zheng et al., 2025a). This is the failure mode
the age cap is designed to prevent. For stability, the
deadly-triad analysis of van Hasselt et al. (2018)
identifies replay as a load on the bootstrapping side.
GRPO does not bootstrap. The off-policy axis is
still present whenever stored rollouts differ from
the current policy, which is the same concern 7y, ax

bounds. Distributed replay systems such as Ape-
X (Horgan et al., 2018), R2D2 (Kapturowski et al.,
2019), and Reverb (Cassirer et al., 2021) treat actor-
learner lag as a scaling concern. Their core abstrac-
tions of insertion-time priority, FIFO with optional
eviction, and a configurable insert-to-sample ratio
map onto our buffer directly.

L.2 Priority Signals and Sample Selection in
GRPO

Priority signal design for GRPO inherits two open
questions from the broader literature. The first
is which scalar identifies high-signal data. The
second is at what granularity that scalar is de-
fined. The first question appears in the TD-error of
PER (Schaul et al., 2016), the loss equivalence of
LAP (Fujimoto et al., 2020), the density-ratio of
LFIW (Sinha et al., 2022), and the gradient-norm
analysis of Razin et al. (2024) that links low re-
ward variance to vanishing gradients. In GRPO,
| A;| is the policy-gradient coefficient magnitude it-
self. CPPO (Lin et al., 2025) and DPPO (Zhu et al.,
2026a) prune low-|A| rollouts on the fresh side.
PODS (Xu et al., 2025) keeps within-step reward
extremes via o4-based downsampling. We extend
this |A;| lineage to the replay side by recycling
individual rollouts with large absolute advantage
after the single-pass update has discarded them.
The second question is granularity. It runs from
the prompt level (Baroian and Berger, 2026; Gao
et al., 2025; Jiang et al., 2025; Shi et al., 2025;
Bae et al., 2026; Zheng et al., 2025b; Le et al.,
2026; Zhang et al., 2025b; Wang et al., 2025b;
Xiong et al., 2025a,b) to the query level used by
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most GRPO replay schemes including ExGRPO
and Fatemi (2026). Our method operates at the
within-group rollout level. Within-group difficulty
signals such as o, (Jiang et al., 2025; Fatemi, 2026)
are reasonable query-level proxies but do not re-
solve the within-group minority rollouts where
the gradient magnitude concentrates. We argue
this point in Section 4.2 and report results in Sec-
tion 5.3.2. The prompt-level branch composes
orthogonally with our buffer. A prompt selector
chooses what to roll out at all, while ours chooses
what to reuse after generation. CPPO, DPPO, and
PODS are the fresh-side analogues that prune what
enters the update, while we prioritize what re-enters
it.

L.3 Positioning Summary

Across these strands, our method occupies a spe-
cific point in a multidimensional design space.

* Storage unit. Rollout in ours, against transition
in Schaul et al. (2016), trajectory in Andrychow-
icz et al. (2017), and query or group in Zhan et al.
(2026); Li et al. (2025); Zhang et al. (2025a);
Wan et al. (2026).

Priority signal. |A;|, the policy-gradient coeffi-
cient magnitude itself, against TD error in Schaul
et al. (2016), correctness in Dong et al. (2023);
Zhang et al. (2025a); Singh et al. (2024); Xiong
et al. (2025a), correctness times entropy in Zhan
etal. (2026), difficulty or o4 in Jiang et al. (2025);
Fatemi (2026), and gradient-variance in Yao et al.
(2025).

* Composition. Fresh-anchored concat, against
pooled in Mnih et al. (2015); Schaul et al. (2016),
mixed-batch in Zhang et al. (2025a); Zhan et al.
(2026); Li et al. (2025); Wan et al. (2026); Arnal
et al. (2026); Yan et al. (2025); Dong et al. (2025),
and in-context replay in Liu et al. (2025a).
Staleness control. Age eviction 7y, against
capacity-only in Mnih et al. (2015); Schaul
et al. (2016), statistical clipping or importance-
sampling bounds in Le Roux et al. (2025); Min-
iMax (2025); Zheng et al. (2025a); Xi et al.
(2025); Mao et al. (2025), system-level queue
depth in Fu et al. (2025); Han et al. (2025);
Hu et al. (2024); Zhong et al. (2025); Wu et al.
(2025); Noukhovitch et al. (2025), soft recency
bias in Bartoldson et al. (2025), and reuse-count
limit in Zhang et al. (2025c).

To our knowledge, no prior work occupies this
combination of rollout-level |A;| priority with
fresh-anchored composition under age eviction.

Per-axis ablations in Section 5.3 indicate that each
choice contributes. Removing the age cap increases
replay-side clipping as shown in Table 2. Remov-
ing fresh anchoring drops below GRPO at 4B as
shown in Table 3. Reducing priority to query-level
o4 removes the within-group variation of the sig-
nal and costs the most on PASS@ K as shown in
Table 4. The LLM-RL replay-buffer design space
is tightly coupled, and the combination of choices
matters more than any single axis.
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