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Abstract

In reinforcement learning with verifiable rewards (RLVR)
trained with group relative policy optimization (GRPO),
the KL-free reward-advantage term studied here depends on
within-group reward variation. If all rollouts in a group are cor-
rect or all are wrong, their group-relative advantages are iden-
tically zero; these zero-advantage silent groups provide no
reward-advantage gradient, yet uniform sampling spends 39%
of a run’s rollouts on them. History-based prompt selection
must first spend target-policy rollouts to estimate difficulty,
creating a cold start with rollout waste; ThinkPrior instead
uses an external anchor in one offline pass to construct a zero-
rollout difficulty prior before the first target-policy rollout.
The verifier-scored anchor pass rate supplies an external-
anchor initialization for a Beta posterior; ThinkPrior se-
lects by expected learnability and then updates from train-
ing outcomes, changing neither the loss nor the optimizer.
On Qwen2.5-Math-7B across sixteen seeds, ThinkPrior more
than halves early silent groups and cuts wasted rollouts through
step 30 by nearly a fifth, while we detect no difference in
final accuracy. On this 250-prompt pool the fixed-budget re-
sult is a reallocation rather than a net saving. The measured
ThinkPrior+DAPO composition reduces generated rollouts by
10.6% while both arms retain the same 3840-rollout update
budget. The prior requires no target-policy rollout before the
first selection, but the posterior thereafter uses target-policy
outcomes.

Introduction
Reinforcement learning with verifiable rewards (RLVR) has
become the mainstream approach to improving model rea-
soning, and almost all of its cost is rollout generation. Au-
diting advantages group by group in a routine GRPO (Shao
et al. 2024) run, we found that a substantial fraction of that
compute supplies no reward-advantage term: under uniform
sampling, 37.9% of prompt groups in early training have
identically zero advantage, and across the whole run 39% of
rollouts contribute nothing to the policy gradient of the KL-
free surrogate we study. A silent group is an all-correct or
all-wrong rollout group whose group-relative advantages are
identically zero; under the KL-free objective studied here, it
contributes no reward-advantage gradient.

This silence is not an oversight in hyperparameters or im-
plementation, but a direct consequence of the group-relative
advantage estimator: the within-group baseline equals every

sample’s return, so the reward-advantage contribution can-
cels sample by sample. Objectives with a KL term or other
loss components can still update on such a group, and our
experiments do not establish invariance across tasks, model
scales or reward designs. Within the studied objective, too
easy and too hard are equivalent for the reward-advantage
term.

The cost of silence has long been underrated because the
role of difficulty reverses between SFT and RLVR. An SFT
objective is informative everywhere and difficulty merely
reweights it, so the hardest examples still contribute a gradi-
ent; in RLVR difficulty is a switch, and a silent group pays the
full cost of generation and verification for a gradient that is
exactly zero. Where generation dominates total cost, a silent
rollout still incurs most of the generation and verification
cost. Uniform sampling is roughly flat across windows in
our run; the early penalty studied here instead comes from a
selector that must first acquire useful difficulty information.
For short-horizon, LoRA-scale runs, that cold-start interval
occupies a substantial share of training.

This gives the question this paper answers: can we tell
which prompts will be silent before paying for their roll-
outs? Per-prompt history-based selection methods estimate
pass rate from target-policy outcomes already observed (Qu
et al. 2026a; Zheng et al. 2025b; Yu et al. 2025); those meth-
ods cannot distinguish an unseen prompt at step 0 without
another signal. This is the cold-start prompt selection prob-
lem: choosing prompts before target-policy rollout history
reveals their difficulty. Learned selectors can share informa-
tion across prompts (Qu et al. 2026b), so this limitation is not
universal to every online method. In our comparison, three
published rules do not separate from uniform sampling on
the early silent rate.

Method definition: a zero-rollout difficulty prior. A
zero-rollout difficulty prior is a per-prompt difficulty esti-
mate computed without rollouts from the policy being trained
and available before its first prompt selection. Our starting
point is a testable hypothesis: a prompt’s difficulty is mainly
a property of the prompt itself rather than of any particular
policy, and can therefore be transferred from a cheap model
unrelated to the policy being trained. If the hypothesis holds,
silence is predictable before training begins. Accordingly,
ThinkPrior does one thing (Figure 1): a small off-the-shelf



anchor runs the pool offline, scored by the same verifier used
in training, and its pass rate supplies an external-anchor
initialization for a Beta posterior. Training then selects by
expected learnability and updates from real outcomes. The
prior requires no target-policy rollout before the first selec-
tion and changes neither loss nor optimizer; after training
starts, the posterior uses target-policy outcomes and can layer
onto existing selection mechanisms.

Result: early wasted compute halves, accuracy does not
move. On Qwen2.5-Math-7B this one-off pass more than
halves silent groups in early training—from 23.8% to 10.6%
over sixteen seeds, a 55% relative reduction (about 2.2×;
95% interval [−16.4,−9.9], d= − 2.95)—and cuts wasted
rollouts through step 30 by 19%, while final accuracy is a
null effect (+0.7 points, interval [−2.2, 3.5]). Two qualifica-
tions belong up front. We claim no accuracy gain: the prior
determines how much generation is burned before a gradient
is produced, not how far the policy eventually gets. Under
a fixed rollout budget on this 250-prompt pool the early re-
duction is a reallocation rather than a net saving—over the
full sixty steps we discard slightly more than the no-prior
arm (968 against 885). A larger 1200-prompt pool repro-
duces the early reduction with non-overlapping seed ranges
through step 30 and reverses the mean full-run accounting
(5085 against 6099), but the three-seed ranges overlap at step
200, so the late result is directional only (Table 3(d)); these
experiments do not identify pool exhaustion as the cause. In
the measured ThinkPrior+DAPO composition, the observed
mean final accuracy is the same while early waste falls by
65.4% and generated rollouts by 10.6% (8256 → 7381),
with the update budget fixed at 3840 rollouts in both arms.
More generally, eleven selection rules split into two families
by early waste, divided not by algorithmic sophistication but
by whether a verifier-scored zero-rollout difficulty prior
is carried: 12.5%–16.7% with one, 20.4%–42.5% without,
uniform sampling (37.9%) and the three published rules in
the latter.

Contributions.

• We characterize and quantify silent-group waste in
RLVR. The phenomenon arises from the group-relative
advantage estimator; under our KL-free objective it gates
the reward-advantage gradient contribution. We measure
the resulting generation cost and the cold-start penalty of
history-based selection.

• We propose a zero-rollout difficulty prior for cold-
start prompt selection. One verifier-scored external-
anchor pass supplies the Beta initialization before the first
target-policy rollout. Its scoring rule carries a dispersion
penalty (Proposition 3): at equal posterior mean it prefers
the prompt whose difficulty is better known, the reverse
of uncertainty sampling.

• We separate the measured cold-start benefit from
broader claims. Across sixteen seeds, silent@10 falls
from 23.8% to 10.6% and waste through step 30 by
19%, while we detect no accuracy difference. The
fixed-budget result is a reallocation; only the measured

ThinkPrior+DAPO composition shows a net generation
reduction.

Related Work
RLVR and the silent-group problem
RLVR replaces a learned reward model with an automatic
verifier (Lambert et al. 2024; Guo et al. 2025); GRPO (Shao
et al. 2024), descended from PPO (Schulman et al. 2017) by
way of RLHF (Ouyang et al. 2022), drops the value network
for the within-group mean reward. That uniformly-rewarded
groups then yield zero advantage is folklore in the GRPO
literature, and holds for any baseline built from a group’s
own rewards, including RLOO (Ahmadian et al. 2024) and
variants changing the normalization or importance ratio (Liu
et al. 2025; Zheng et al. 2025a; Kimi Team 2025). Sev-
eral systems attack it: DAPO (Yu et al. 2025) oversamples
and filters prompts scoring 0 or 1; GRESO (Zheng et al.
2025b) skips before rollout using reward history; MoPPS
(Qu et al. 2026a) runs a Thompson-sampling bandit over per-
prompt Beta posteriors; online difficulty filtering (Bae et al.
2026) expands to a leading Bernoulli-variance term p(1−p)
that peaks where our learnability objective does; PCL (Gao
et al. 2025) and GPS (Qu et al. 2026b) predict difficulty in-
stead of measuring it, and GPS names the same cold-start
bottleneck while sharing information across prompts. The
per-prompt history methods depend directly on target-policy
outcomes, whereas predictive methods need not fully roll out
each prompt. Concurrently, sGPO (Sudalairaj et al. 2026) es-
timates difficulty before training by profiling the pool with
the initial policy itself; our narrower distinction is that the
initialization comes from an external anchor and therefore
needs no target-policy rollout before the first selection.

Where an offline difficulty signal can come from
Item response theory (Lord 1980) models correctness from
item difficulty and discrimination and has scored items for
NLP models and benchmarks (Lalor, Wu, and Yu 2016, 2019;
Maia Polo et al. 2024), making a 2PL bank a natural candi-
date; we evaluate one, and it works despite targeting popu-
lation difficulty rather than this policy’s pass rate, differing
from ours in what it costs to obtain (Results). A cheaper
signal comes from test-time compute: chain-of-thought (Wei
et al. 2022) made reasoning traces standard and how much
test-time compute a problem repays tracks its difficulty (Snell
et al. 2025), so difficulty might be read off how long the an-
chor deliberates. We build that prior and train with it; it leaves
the early silent-group fraction where an uninformative prior
does.

Data selection and curricula
Data selection is mature for pretraining and instruction tun-
ing, where importance resampling and quality filtering give
real but modest gains (Xie et al. 2023; Li et al. 2024; Xia
et al. 2024); curricula order examples easy-to-hard (Ben-
gio et al. 2009; Kumar, Packer, and Koller 2010) or by
learning progress (Graves et al. 2017), and prioritizing by
learning potential is standard (Schaul et al. 2016; Jiang,



Grefenstette, and Rocktäschel 2021; Settles 2009). The near-
est precedent for our cost structure is RHO-LOSS (Min-
dermann et al. 2022): one small reference model, reused
to prioritize points learnable but not yet learnt. RLVR dif-
fers in kind—selection decides whether compute produces
a nonzero reward-advantage term under the studied KL-free
objective, and the quantity worth predicting is a pass rate
rather than a loss.

Method
Silent groups and learnability
Let πθ be the current policy and let x be a prompt with a
verifier v(·) ∈ {0, 1}. GRPO samples a group of G rollouts
y1, . . . , yG ∼ πθ(· | x), receives rewards ri = v(yi), and
forms the group-relative advantage

Ai =
ri − r̄

std(r) + ε
, r̄ = 1

G

∑
j rj , (1)

with the sample standard deviation and ε=10−4. Write
p(x) = Pry∼πθ

[v(y) = 1] for the prompt’s pass rate un-
der the current policy and C =

∑
i ri for the number of

correct rollouts, so C ∼ Binomial(G, p). If C ∈ {0, G}
then ri = r̄ for all i, so Ai ≡ 0 and the prompt yields no
reward-advantage signal; for the KL-free surrogate we train,
that group’s contribution is exactly zero. This statement does
not cover additional KL or regularization terms. This is the
silent-group condition defined in the introduction. We write

s(p) = pG + (1− p)G, U(p) = 1− s(p), (2)

for its probability and for the complementary learnability,
the probability that the group is not uniformly rewarded.

Difficulty gates the gradient.
Proposition 1 (Silence, learnability and advantage mass).
Let G ≥ 2 and C ∼ Binomial(G, p). Then (i) the group
is silent exactly when C ∈ {0, G}, so Pr[silent] = s(p);
(ii) U is strictly concave on [0, 1], symmetric about p=1/2,
strictly decreasing in |p− 1/2|, attains its unique maximum
U(1/2) = 1−21−G, and vanishes exactly at p ∈ {0, 1}; and
(iii) conditional on the group not being silent,

∑
i A

2
i = G−1

at ε=0 whatever its composition, so the expected advantage
mass a prompt supplies is (G− 1)U(p).
Proofs are in Appendix A. Part (iii) is what makes U the
objective rather than a proxy for one: the normalizer equal-
izes every non-silent group, so a prompt’s whole contri-
bution to the squared-advantage budget is carried by the
probability that it is not silent. This quantifies the role re-
versal of the introduction—preferring p near 1/2 is not a
taste for “medium” examples but maximization of expected
signal-bearing yield—and the headroom is large: at G=8,
U(1/2) = 0.992 while U(0.05) = U(0.95) = 0.337. By
(ii), U depends on p only through |p − 1/2|, so ranking by
U ranks by the binary entropy of p: on point estimates it
orders prompts as uncertainty sampling (Settles 2009) does,
and as the Bernoulli variance that online difficulty filtering
obtains from a second-order KL argument (Bae et al. 2026).
What departs from both is its treatment of uncertainty in p
(Proposition 3).

The cold-start blind spot
Since p(x) is unknown, practical systems estimate it, typi-
cally with a per-prompt Beta posterior updated by observed
successes and failures. The difficulty is the initial condition.
Proposition 2 (Cold-start degeneracy). Under the uninfor-
mative initialization αx = βx = 1, the posterior expected
learnability is Uβ(x) = 1 − 2

G+1 for every prompt. More
generally, any initialization that does not depend on x makes
Uβ constant on the pool.
The blindness is structural, not a matter of tuning: at step 0 the
score is a function of (α, β) alone, so no prompt-independent
choice of it can separate prompts and the first batch is settled
entirely by tie-breaking. The estimator becomes useful only
after paying for rollouts on prompts it had no reason to prefer,
and those early rollouts are the ones most likely to be silent.
Separation at step 0 requires the initialization itself to depend
on x.

The zero-rollout difficulty prior
The prior introduced above breaks the cold-start dependency
with a signal computed before training that never queries πθ.

Let T be a small, off-the-shelf instruction-tuned model,
the anchor. We let the anchor think through each prompt x
in the pool k times, score its answers with the same verifier
that will score the policy, and take its empirical pass rate

φ̂(x) = 1
k

∑k
j=1 v(yj) , yj ∼ T (· | x), (3)

as the step-0 estimate of how hard x will be for the policy. φ̂
need not equal the policy’s pass rate, but monotonicity alone
is not enough either: U peaks in the interior, so a mono-
tone but badly scaled map moves that peak onto the wrong
prompts. What is required is enough mid-range resolution to
rank prompts there, which a 1.5B anchor already supplied,
while the online posterior repairs the prompts it selects.

The prior enters as a pseudo-count-weighted Beta initial-
ization,

αx = κ φ̂(x) + ϵ0, βx = κ
(
1− φ̂(x)

)
+ ϵ0, (4)

where κ=4 controls how much evidence the prior is worth,
a fourfold discount on the probe’s k=16 samples because
it measures the anchor’s pass rate and not the policy’s, and
ϵ0=10−3 keeps both parameters positive when the anchor
solves a prompt every time or never. Because κ is finite, ob-
served rollouts dominate the posterior after a modest number
of updates, so the prior biases the start of training without
pinning its trajectory. We call Equation (4) the external-
anchor initialization: it encodes the verifier-scored anchor
pass rate as finite Beta pseudo-counts available before the
first target-policy rollout. The no-prior ablation is the same
rule withαx=βx=1, uninformative but carrying total mass 2
against our 4, so that comparison varies concentration along-
side information.

ThinkPrior
At each training step, ThinkPrior scores every candidate
prompt by its posterior expected learnability. Taking the ex-
pectation of U under Beta(αx, βx) rather than evaluating U



Offline anchor pass — once, before training zero policy rollouts

pool X
250 prompts

3B anchor T
k = 16 samples

pass rate
φ̂(x)

learnability
Uβ(x)

online-NP 2 of 8 silent — top-B
has nothing to rank on

ThinkPrior 1 of 8 silent — the anchor
separates them at step 0

Uβ over the pool the B = 8 groups it picks

Figure 1: Blue groups are learnable, tan and salmon silent at C=0 and C=G. Pool shading is the measured zero-rollout difficulty
prior’s empirical Uβ , reused by every run and seed: 118 of 250 prompts sit at the floor, scored 0/16 or 16/16. A uniform prior
makes Uβ constant (Prop. 2), leaving top-B nothing to rank on. Group counts are illustrative; Table 1 carries the measured rates.
The schematic makes no net-generation or accuracy claim.

at the posterior mean gives a closed form in rising factorials
(a)G =

∏G−1
j=0 (a+ j),

Uβ(x) = 1− (αx)G
(αx + βx)G

− (βx)G
(αx + βx)G

, (5)

the posterior mean of learnability rather than the learnability
of the posterior mean.
Proposition 3 (Dispersion penalty). Let αx, βx > 0 and
write µ = αx/(αx + βx) ∈ (0, 1) and m = αx + βx. Then
Uβ(x) < U(µ) for every finite m, and at fixed µ the score
Uβ is strictly increasing in m, tending to 0 as m→ 0 and to
U(µ) as m→∞.
At equal posterior mean the rule therefore prefers the prompt
whose difficulty is better known—the reverse of uncer-
tainty sampling, which breaks ties toward the least certain
candidate—because a diffuse posterior at mean 1/2 puts
mass on the extremes of p, where U is small. What the
rule wants at step 0 is thus confident knowledge of which
prompts are of middling difficulty, which is exactly what an
online estimator cannot hold before it has spent rollouts. Fig-
ure 1 and Algorithm 1 give the loop; the only change to a
standard GRPO trainer is the selection and update step.

Two properties matter below. First, ThinkPrior spends a
fixed B · G rollouts per step, exactly as an online no-prior
learner does; the two differ only in the initialization (4). Any
advantage must therefore appear as a larger share of identical
rollouts carrying gradient signal, never as per-step trimming,
which makes the compute comparison clean. Second, leaving
loss and optimizer untouched predicts that the initialization
layers onto other selection mechanisms, which we test in the
ThinkPrior+DAPO composition.

Amortized probe cost. The anchor pass spends no roll-
outs on πθ and adds nothing to the training loop, but it is
not free: at k=16 on a 250-prompt pool it is 4000 small-
model generations, comparable to one run’s rollout budget.
With DAPO, the observed difference is 875 fewer generated
policy rollouts per run (Table 4), so the generation-count ra-
tio is about five repeated runs per anchor pass. This is not
a measured full-cost break-even: it treats anchor and policy

Algorithm 1 ThinkPrior prompt selection
Require: pool X , anchor T , horizon Tmax, group size G,

batch B, prior strength κ=4, offset ϵ0, probe budget
k=16

1: Offline (once, no policy rollouts):
2: for all x ∈ X do
3: φ̂(x)← 1

k

∑
j≤k v(yj), yj ∼ T (· | x) {anchor pass

rate}
4: (αx, βx)← (κφ̂(x) + ϵ0, κ(1− φ̂(x)) + ϵ0)
5: end for
6: Training:
7: for t = 1 to Tmax do
8: Bt ← top-B prompts by Uβ(x), ties by pool order

{Eq. (5)}
9: for all x ∈ Bt do

10: sample y1..yG ∼ πθ(· | x); Cx ←
∑

i v(yi)
11: (αx, βx) += (Cx, G− Cx)
12: end for
13: GRPO update on Bt using Eq. (1)
14: end for

generations as equal units and excludes verification, training
and orchestration overhead.

Experimental Setup
Models and data. The main setting is Qwen2.5-Math-7B
(base) (Yang et al. 2024b), trained with GRPO and LoRA for
60 steps with B=8 prompts and G=8 rollouts per prompt,
a fixed 64 rollouts per step. The training pool is 250 prob-
lems from the MATH (Hendrycks et al. 2021) training split
spanning all five levels and seven subjects; the pool file and
all six prior files are used in the experiments. We evaluate on
MATH500 (Lightman et al. 2024), a test-split subset disjoint
from the pool, every 10 steps, reporting its Level-5 subset
separately, and score every arm at the end of training on
GSM8K (Cobbe et al. 2021), Minerva Math (Lewkowycz
et al. 2022) and OlympiadBench (He et al. 2024). We further
use general Qwen2.5-7B (Yang et al. 2024a) to test depen-
dence on a math-specialized backbone and a 1.5B policy for



scale. Optimizer, sampling, objective and hardware details
are in Appendix F.

Prior construction. The anchor T is Qwen2.5-3B-Instruct
unless stated otherwise and φ̂ is its pass rate over k=16
verified samples per prompt, computed once over the pool
and reused by every run and seed; κ=4 throughout. The
length-prior ablation replaces the probe with Qwen3-0.6B
(Yang et al. 2025) chain-of-thought length (Appendix F).

Baselines. All arms share one trainer and differ only in the
prompt selection rule, which we reimplement, so the compar-
ison isolates the rule rather than reproducing each published
system. online-NP is our own method initialized uninfor-
matively (α=β=1): the same Beta posterior and top-B rule,
and the closest ablation of what the prior buys. random sam-
ples uniformly, prior-only draws each batch from a band the
prior fixes at step 0, so no online evidence reaches selection,
and length prior replaces the probe with the anchor’s chain-
of-thought length. We further compare against MoPPS (Qu
et al. 2026a), which ranks by learnability at a Thompson
sample of the same posterior; GRESO (Zheng et al. 2025b),
which skips a prompt with probability p̂G+(1− p̂)G; DAPO
(Yu et al. 2025), which refills after discarding silent candi-
date groups, up to 4B prompts per step, and uses exactly B
groups for each update; bank and bank-sharp, 2PL item-
response-theory scorings of the same pool giving a second,
independently constructed zero-rollout difficulty prior; and
ThinkPrior+DAPO, the ThinkPrior+DAPO composition,
which keeps DAPO’s refill and update rule while ranking
candidate prompts by ThinkPrior’s expected learnability.

Metrics and seeds. We report final MATH500 and Level-5
accuracy; silent@10, the number of silent candidate groups
divided by all candidate groups generated during the first
10 update steps (exactly 80 groups per seed for fixed-budget
arms and a variable denominator for DAPO), which measures
cold-start behavior; and waste@30, the cumulative number
of rollouts belonging to silent candidate groups through step
30. Baseline comparisons use 3 seeds per arm and report
the observed seed range rather than a standard deviation,
which at n=3 carries a sampling interval of roughly 0.5 to
6× its point estimate. For ThinkPrior and online-NP, the
pair that most closely isolates the prior, we run 16 seeds and
report Welch’s t-test, a permutation test, Cohen’s d and 95%
confidence intervals.

Results
ThinkPrior more than halves cold-start silent
groups
Table 1 reports the main comparison. An online no-prior
learner leaves 20.4% of the groups in the first 10 steps silent
and ThinkPrior reduces this to 13.8%; the sixteen-seed re-
estimate of the same pair follows in Table 2. The gap is
a cold-start gap by construction: the arms run an identical
selection rule and differ only in the Beta initialization.

Every arm carrying a verifier-scored zero-rollout difficulty
prior sits at silent@10 0.125–0.167; every arm reading an
online signal alone sits at 0.204–0.425, the three published
rules straddling uniform sampling’s 0.379without separating

from it. The split is between families, not methods: GRESO
gains nothing at cold start (silent@10 0.413), a skipping rule
needing reward history not yet written; DAPO reaches the
highest accuracy we observe but pays 5.6× our waste@30;
MoPPS keeps selection stochastic while its posterior is unin-
formative. Accuracy does not separate the families and we do
not claim it does: arm means with and without a prior span
all but the same range (0.533–0.605 against 0.525–0.605 on
MATH500), one arm’s three seeds spanning 0.476–0.580.

The prior’s source matters less than its being verified
and offline. We had expected the 2PL bank to be a foil:
it ranks population difficulty better than we do (Spearman
0.76 against 0.62, length at 0.27) and length is the best cal-
ibrated (MAE 0.12, against 0.13 and 0.18 for ours), so if
RLVR needed the best difficulty ranker or the best calibra-
tion, one of them should win. Neither predicts the outcome.
Both IRT arms overlap our three-seed range in both economy
columns and score above us on nine of ten accuracy cells;
length instead leaves silent@10 at 0.217, the no-prior level.
The bank’s ranking edge also sits mostly outside the region
selection acts on: on the 76 prompts withU(p)>0.8 both fall,
to Spearman 0.45 and 0.38, halving the gap (Appendix B).
That edge is not stable either: an earlier campaign of the iden-
tical configuration on the same seeds put ThinkPrior above
the bank (0.577 against 0.547), and the bank’s mean falls
inside our sixteen-seed range of 0.452–0.612. We therefore
position the anchor pass not as a better prior but as a more
obtainable one: it runs on any fresh pool, whereas a 2PL fit
presupposes a response matrix over that pool.

An initialization, not another sampler. Because the zero-
rollout difficulty prior initializes rather than replaces a selec-
tion algorithm, it can be layered on a different rule. The
ThinkPrior+DAPO composition cuts DAPO’s waste@30 by
65.4% (1565→541) and its cold silent fraction by more than
half (0.362→ 0.158) at the same observed mean accuracy
(0.605 against 0.605 on MATH500). The stacked arm also
draws candidates from the top 4B prompts by Uβ rather than
uniformly, so it shows compatibility with different selection
machinery, not that the initialization alone causes the gain.
The gain is front-loaded by construction: the prior is worth
κ=4 pseudo-observations against a real group’s G=8, so a
prompt’s own outcomes outweigh it the first time it is se-
lected, and on a pool this small we discard more than the
no-prior arm over sixty steps (Introduction). This argues for
pairing the prior with a steady-state selector rather than sub-
stituting it for one.

What the related configurations show. The middle block
of Table 1 changes more than one factor at a time: the no-
prior arm also halves pseudo-count mass, and the frozen
arm changes sampling within its top half. It is therefore a
configuration comparison, not a factorial attribution. De-
scriptively, the frozen prior reaches silent@10 0.246 and the
online learner without a prior 0.204, against 0.138 for the
combined configuration. The frozen arm also lowers uni-
form sampling’s waste@30 (749→413), while length leaves
silent@10 at 0.217 and waste@30 at 552. These cells moti-
vate, but do not establish, separate causal contributions.



Method Generated R/step Rollout economy ↓ (the separating axis) Accuracy ↑ (within-arm spread is 2× the across-arm spread, Tab. 2)

silent@10 waste@30 MATH500 Level-5 GSM8K Minerva Olympiad

No selection
random (uniform) 64 0.37917.5 749440 0.545 0.256 0.785 0.134 0.149

Published selection strategies: every one reads an online signal from the policy
MoPPS (Qu et al. 2026a) 64 0.42522.1 621312 0.561 0.289 0.817 0.178 0.179
GRESO (Zheng et al. 2025b) 64 0.41320.8 701392 0.525 0.236 0.787 0.148 0.142
DAPO (Yu et al. 2025) ∼138 0.36215.8 15651256 0.605 0.333 0.847 0.168 0.244

Our two components, ablated: prior × online posterior
online-NP (posterior only) 64 0.204 309 0.528 0.249 0.815 0.126 0.163
prior-only (frozen) 64 0.2464.2 413104 0.533 0.241 0.788 0.145 0.154
length prior (both) 64 0.2171.3 552243 0.582 0.294 0.836 0.164 0.204

Verifier-scored zero-rollout difficulty priors: none reads a rollout of the policy being trained
ThinkPrior (ours) 64 0.1386.7 28029 0.561 0.303 0.817 0.150 0.199
2PL bank (offline IRT) 64 0.1257.9 23574 0.593 0.306 0.854 0.130 0.227
2PL bank + sharpening 64 0.1673.8 3123 0.582 0.313 0.831 0.184 0.209

ThinkPrior+DAPO composition: same observed mean MATH500, 65.4% lower waste@30
ThinkPrior + DAPO ∼123 0.1584.6 541232 0.605 0.336 0.829 0.157 0.200

Table 1: Main comparison on Qwen2.5-Math-7B, 3 seeds/arm; all 33 runs from one campaign on one machine, sharing model,
LoRA, optimizer, step count and evaluation, differing only in the selection rule. silent@10 is silent candidate groups divided
by all candidate groups generated in steps 1–10 (80 per fixed-budget seed; variable for DAPO); waste@30 is rollouts in silent
candidate groups through step 30. Subscripts give the change against online-NP, green better and red worse; Generated R/step is
the mean candidate-rollout count, not the update budget or a cap. Pink rows carry a verifier-scored zero-rollout difficulty prior,
ours darkest; among fixed-64 arms bold marks the best economy value and every arm overlapping it. No accuracy value is
bolded: within-arm spread reaches 10.4 points (prior-only).

16 seeds/arm silent@10 ↓ waste@30 ↓ MATH500 ↑ Level-5 ↑

ThinkPrior 0.106±0.036 266±30 0.569±0.037 0.306±0.037
online-NP 0.238±0.051 329±77 0.562±0.042 0.293±0.046

∆ −13.1 pts −63 +0.68 pts +1.26 pts
95% CI [−16.4,−9.9] [−106,−20] [−2.2, 3.5] [−1.8, 4.3]
Cohen’s d −2.95 −1.07 0.17 0.30
Welch p <10−4 0.007 0.63 0.40
Perm. p <10−4 0.002 0.32 0.21

Ckpts led – – 6/6 3/6

Table 2: Sixteen seeds per arm, re-estimated, so cells differ
from Table 1. silent@10 is the silent fraction among the 80
candidate groups generated per seed in steps 1–10; waste@30
is rollouts in silent candidate groups through step 30. ± is
the sample standard deviation, the pink row is ours, and bold
marks the columns whose interval excludes zero. ∆ is ours
minus online-NP and, like the tests, is taken on unrounded
values. Intervals and Welch p two-sided, permutation p one-
sided over 4×105 resamples.

Sixteen seeds: waste and accuracy come apart
Online-NP is a high-variance baseline, ranging from 0.466
to 0.616 across seeds, so we extend the prior-isolating pair
to 16 seeds (Table 2).

At this sample size the two effects separate cleanly. Waste
is decisive: silent@10 falls by 13.1 points, a 55% relative
reduction with d = −2.95, and cumulative wasted rollouts
through step 30 fall by 63 (19%, d = −1.07); both intervals
exclude zero on every test (Figure 2a). Accuracy is a null:
+0.68 points on MATH500 with an interval of [−2.2, 3.5]
and d = 0.17, and +1.26 on Level-5. Our earlier 8-seed esti-
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Figure 2: Waste separates, accuracy does not across 16 seeds
per arm. (a) silent@10 is the silent fraction among the 80
candidate groups generated per seed in steps 1–10; bars show
arm means, and 13 of 16 no-prior seeds are worse than our
worst. (b) Final MATH500 accuracy for the same runs.

mates put both accuracy intervals just clear of zero; doubling
the seeds moved them back across it, which is what a fragile
lower bound predicts and why we do not report an accuracy
advantage.

The DAPO composition uses less generation at the
same observed mean accuracy
Per-rollout times come from 3 and 2 uncontended runs
outside the campaign and sit within run-to-run spread
(0.822 ± 0.039 against 0.808 ± 0.020 s, descriptive rather
than an equivalence test), so we estimate generation time at
the pooled 0.817 s per rollout. This linear estimate excludes
verification, optimization and other run overhead. DAPO
oversamples until it has at least B non-silent groups, so its
generated, silent, non-silent and update-used counts must be
distinguished.



(a) Generalization across backbone, scale and evaluation
Setting Accuracy ↑ silent@10 ↓

ThinkPrior NP ThinkPrior NP

Qwen2.5-Math-7B (main) 0.577 0.527 0.113 0.271
Qwen2.5-7B (general) 0.556 0.575 0.067 0.142
Qwen2.5-1.5B policy 0.289 0.263 – –
Qwen2.5-Math-7B (rerun) 0.586 0.582 0.125 0.208

(b) How strong does the ThinkPrior anchor need to be?
Anchor T Size φ̂ MATH500 silent@10 ↓
Qwen2.5-Instruct 1.5B 0.172 0.587 0.106
Qwen2.5-Instruct 3B 0.252 0.577 0.113
Qwen2.5-Math-Inst. 7B 0.276 0.528 0.100

(c) Exploratory relative-drop collapse count at step 300
Selection rule no KL β=0.04

ThinkPrior 0/6 0/4
online-NP 4/6 2/4

(d) A larger 1200-prompt pool
Pool = 1200 wasted ↓ silent@10 ↓ silent@200 ↓
ThinkPrior 5085 0.121 0.397
online-NP 6099 0.242 0.476

Table 3: Robustness of the zero-rollout difficulty prior.
silent@10 is the fraction of candidate groups generated in
steps 1–10 that are silent. (a) and (b) use three seeds, ex-
cept (b)’s anchors, which use two, and come from an earlier
run set, so the main row differs slightly from Table 1. (c) is
a separate 20-run long-horizon campaign on two machines
with balanced seed assignment. Its displayed relative-drop
threshold was chosen after inspection: the original absolute
endpoint gives online-NP 2/6 against ThinkPrior 0/6 in the
KL-free pair (Fisher two-sided p=0.455); the exploratory
threshold shown gives 4/6 against 0/6 (p=0.061). (d) uses a
pool built by the same rule but 4.8× larger, run to 200 steps,
with wasted counting silent-group rollouts out of the 12800
both arms spend; only silent@10 has disjoint seed ranges,
so the other two columns are means carrying no separation
claim, and MATH500 is 0.596 against 0.411 over all three
seeds (Appendix E). Bold marks separable gaps in (a) and
(d) and the zero cells in (c); pink is ours.

On the fixed-budget arms the accounting takes the other
form: both generate and use 3840 rollouts and the prior
moves 63 of them out of the first thirty steps. That mar-
gin has a shape. Uniform sampling wastes a flat 37.5–40.8%
per window throughout, so early steps are not intrinsically
wasteful: what is expensive early is selection. Online-NP
starts from the tie of Proposition 2 and needs twenty to thirty
steps to bring its window rate from 23.8% to 10.7%, where
ThinkPrior starts. The margin closes by step 40 because the
250-prompt pool permits substantial revisitation by then, but
the logs do not establish exhaustion as the cause. The per-
window train pass rate reaches 0.858 against 0.841, so late
silent groups are all-correct rather than all-wrong, and six
paired runs to 300 steps examine the same configurations at
five times the horizon (Table 3(c), Appendix D).

Table 3(d) tests whether the pattern changes on a 1200-
prompt pool built by the same rule. The early reduction
reproduces (0.242 → 0.121 against 0.238 → 0.106 here)

n=3 seeds DAPO +ThinkPrior

value change

MATH500 ↑ 0.605 0.605 0.0 pts
Generated rollouts ↓ 8256 7381 −10.6%
Silent generated rollouts ↓ 3325 2131 −35.9%
Non-silent generated rollouts ↑ 4931 5251 +6.5%
Rollouts used for updates 3840 3840 0
Estimated generation GPU-hours ↓ 1.87 1.68 −0.20

silent@10 ↓ 0.362 0.158 −20.4 pts
waste@30 ↓ 1565 541 −65.4%

Table 4: The ThinkPrior+DAPO composition, 3 seeds per
arm. Generated-rollout values are 60-step means; silent@10
divides silent candidate groups by all candidate groups gen-
erated in steps 1–10, and waste@30 counts rollouts in silent
candidate groups through step 30. The same observed mean
accuracy comes from different seeds (0.602/0.622/0.590
against 0.620/0.608/0.586) while every seed’s rollout to-
tal falls (8192/8128/8448 against 7040/7872/7232). Means
are rounded independently. A final refill round can generate
more than theB groups needed; exactlyB=8 groups per step
are used for updates, so both 60-step arms use 3840 update
rollouts. The composition changes the candidate pool, so this
shows compatibility, not isolation.
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Figure 3: Seed counts differ across arms: ThinkPrior and
its no-prior ablation average sixteen seeds (bands give the
seed range), every other arm three. Cumulative waste is the
number of rollouts in silent candidate groups per seed. Our
margin closes by step 40, when repeated selection from the
finite pool is possible; the figure does not identify the closing
mechanism.

with the two arms’ seed ranges disjoint through step 30,
and the fixed-budget accounting no longer runs against us—
ThinkPrior discards 5085 rollouts on average against 6099,
a 16.6% reduction, where on the small pool it discarded
slightly more. At step 200, however, the three-seed ranges
overlap in both waste and silence, so we report the direction
and claim no separation or pool-exhaustion mechanism at
that horizon (Appendix E). All three accuracy seeds remain
in the primary mean: MATH500 is 0.596 against 0.411; ex-
cluding the low online-NP seed post hoc gives 0.604 and is
reported only as sensitivity analysis.



Analysis
We detect no narrowing of the policy. Concentrating
rollouts on a learnable band could cost capability outside
the pool; the control is uniform sampling, not online-NP,
which selects by the same rule. We lead on all three out-of-
pool benchmarks in Table 1—one correlated observation, not
three, since they score the same checkpoints—and Minerva’s
seed ranges are disjoint. This survives a backbone change and
a 1.5B policy; accuracy does not follow (Table 3(a)).

A 1.5B anchor is enough; length is not. Weak, mid
and strong instruction-tuned anchors all land silent@10
near 0.10–0.11, accuracy inseparable from seed noise (Ta-
ble 3(b)): the ordering needed to avoid silent groups is already
in a 1.5B model. Length is barely cheaper (800 generations
against 4000) and mostly one bit—truncation alone reaches
AUC 0.651 against length’s 0.665 and the probe’s 0.915 (Ap-
pendix B).

The original collapse endpoint is unresolved. Extending
four arms to 300 steps—ThinkPrior and online-NP, each with
and without a reference KL at β=0.04, 20 runs—the original
absolute endpoint gives online-NP 2/6 against ThinkPrior
0/6 in the KL-free pair, Fisher two-sided p=0.455. After in-
specting trajectories, a relative-drop threshold changes that
count to 4/6 against 0/6, p=0.061; this revised endpoint is
exploratory, post hoc and still not significant. It is an obser-
vation to replicate, not a stability result or a causal attribution
to the selection rule (Appendix D).

Scope. We claim no accuracy effect rather than parity: at
n=16 neither accuracy difference is resolved, and one model
family at pilot scale bounds the rest. Pool size and horizon are
the two limits we varied directly, at 4.8× and 5×; Appendix C
lists the rest.

Conclusion
Under the KL-free group-relative objective studied here,
prompt difficulty gates whether generation supplies a nonzero
reward-advantage term. ThinkPrior uses an external-anchor
initialization to supply a zero-rollout difficulty prior for cold-
start prompt selection, halving early silent groups while we
detect no accuracy difference. The evidence supports a cold-
start benefit from the prior; it does not establish pool exhaus-
tion, component-level causality or a general stability effect.

Limitations and availability. The fixed-budget result on
the 250-prompt pool is a reallocation, not a net saving; only
the measured ThinkPrior+DAPO composition shows a net
generation reduction. Code, complete data, and training tra-
jectories are not currently public, and this manuscript makes
no artifact-release claim.
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Appendix A: Proofs
Throughout, G ≥ 2 is the group size, v(·) ∈ {0, 1} the
verifier, ri = v(yi) the reward of the i-th rollout in a
group, C =

∑G
i=1 ri, and p the prompt’s pass rate un-

der the sampling policy, so that C ∼ Binomial(G, p). We
write r̄ = C/G and use the sample standard deviation
std(r)2 = 1

G−1

∑
i(ri − r̄)2, matching the implementation.

All statements are for the exact normalizer, i.e. in the limit
ε→ 0 of Eq. (1). Only Proposition 1(iii) depends on ε at all:
the finite normalizer scales it by (1 + ε

√
G)−2 in the worst

case C ∈ {1, G − 1}, so at G = 8 and ε = 10−4 it reads
6.996 rather than 7. Every other identity here is exact in ε.

Proof of Proposition 1
(i) Silence and its probability. Ai = 0 for all i if and only
if ri = r̄ for all i, which for binary ri holds if and only
if C ∈ {0, G}. The two events are disjoint, with Pr[C =
0] = (1 − p)G and Pr[C = G] = pG, so Pr[silent] =
pG + (1− p)G = s(p) and Pr[not silent] = U(p).

(ii) Shape of U . Differentiating Eq. (2) twice gives, for
p ∈ (0, 1),

U ′(p) = G
[
(1− p)G−1 − pG−1

]
,

U ′′(p) = −G(G− 1)
[
pG−2 + (1− p)G−2

]
.

Since G ≥ 2, the bracket in U ′′ is strictly positive on (0, 1),
so U ′′ < 0 and U is strictly concave. Exchanging p and 1−p
leaves Eq. (2) unchanged, so U(p) = U(1 − p) and U is
symmetric about p = 1/2. For p < 1/2we have 1−p > p ≥
0 and G−1 ≥ 1, hence (1−p)G−1 > pG−1 and U ′(p) > 0;
by symmetry U ′(p) < 0 for p > 1/2. Therefore U is strictly
increasing on [0, 1/2], strictly decreasing on [1/2, 1], and so
is a strictly decreasing function of |p − 1/2|, with a unique
maximum at p = 1/2 of value U(1/2) = 1− 2 · 2−G = 1−
21−G. Finally U(0) = U(1) = 0, while for p ∈ (0, 1) both
p < 1 and 1− p < 1 give pG+(1− p)G < p+(1− p) = 1,
so U > 0; the zeros are exactly {0, 1}.

(iii) Advantage mass. Condition on the group not being
silent, so 1 ≤ C ≤ G− 1. With r̄ = C/G,

G∑
i=1

(ri− r̄)2 = C
(
1− C

G

)2

+(G−C)
(

C
G

)2

=
C(G− C)

G
,

because C(G−C)2+(G−C)C2 = C(G−C)
[
(G−C)+

C
]
= C(G− C)G. Hence std(r)2 = C(G−C)

G(G−1) > 0 and

G∑
i=1

A2
i =

∑
i(ri − r̄)2

std(r)2
= G− 1,

which does not depend on C. Every non-silent group there-
fore carries the same total squared advantage, and combining
with (i),E

[∑
i A

2
i

]
= (G−1)Pr[not silent] = (G−1)U(p).

□

Part (iii) is why U is the quantity to maximize rather than a
proxy for it: the group-relative normalization equalizes the

advantage mass of every non-silent group whatever its com-
position, so a prompt’s entire contribution to the squared-
advantage budget is carried by the probability that it is not
silent. A selection rule that maximizes U maximizes ex-
pected squared-advantage mass. That budget is not the gra-
dient norm—score-function gradients still differ in direction
and can cancel—so (iii) licenses no claim about convergence
or accuracy, and we make none.

A closed form for posterior expected learnability
Lemma 1. If p ∼ Beta(α, β)with α, β > 0, then for integer
G ≥ 1

E
[
pG

]
=

(α)G
(α+ β)G

, (a)G :=

G−1∏
j=0

(a+ j).

Proof. Writing B(·, ·) for the Beta function,

E
[
pG

]
=

1

B(α, β)

∫ 1

0

pα+G−1(1− p)β−1dp

equals B(α + G, β)/B(α, β), and expanding both Beta
functions in Gamma functions gives Γ(α+G)Γ(α+β)

Γ(α)Γ(α+β+G) =
(α)G

(α+β)G
.

Applying Lemma 1 to U(p) = 1− pG− (1− p)G and using
that 1− p ∼ Beta(β, α) yields Eq. (5) directly.

Proof of Proposition 2
Under αx = βx = 1 the posterior is uniform on [0, 1],
and Lemma 1 gives E[pG] = (1)G

(2)G
= G!

(G+1)! = 1
G+1 , and

likewise E[(1− p)G] = 1
G+1 . Hence

Uβ(x) = 1− 2

G+ 1
for every x,

which at G=8 equals 7/9 ≈ 0.778. More generally, if the
initialization assigns the same pair (α, β) to every prompt,
then Eq. (5) evaluates to the same number for every prompt,
so Uβ is constant on the pool and the arg-max is determined
entirely by the tie-breaking order. □

The proposition is deliberately trivial to prove; its force is
that the blindness is structural rather than a matter of tuning.
No choice of a prompt-independent (α, β), however carefully
tuned, can separate prompts at step 0, because the score is
a function of (α, β) alone. Separation at step 0 requires the
initialization itself to depend on x, which is exactly what
an offline anchor pass supplies and what an online estimator
cannot supply before it has spent rollouts.

Proof of Proposition 3
Fix µ = αx/(αx+βx) ∈ (0, 1) andm = αx+βx ∈ (0,∞),
so that αx = µm and βx = (1− µ)m. Define

F (m) =

G−1∏
j=0

µm+ j

m+ j
, F̃ (m) =

G−1∏
j=0

(1− µ)m+ j

m+ j
,

so that Uβ = 1− F (m)− F̃ (m) by Lemma 1.



Strict inequality against the plug-in score. U is strictly
concave by Proposition 1(ii) and the posterior is non-
degenerate wheneverm <∞, so Jensen’s inequality is strict:
Uβ = E[U(p)] < U(E[p]) = U(µ). Scoring by Uβ therefore
penalizes dispersion relative to evaluating U at the posterior
mean.

Monotonicity in the concentrationm. Differentiating the
logarithm term by term,

d

dm
logF (m) =

G−1∑
j=0

[
µ

µm+ j
− 1

m+ j

]
.

The j = 0 term is µ
µm −

1
m = 0. For j ≥ 1,

µ

µm+ j
− 1

m+ j
=

j(µ− 1)

(µm+ j)(m+ j)
< 0

since µ < 1. As G ≥ 2 there is at least one such term, so
d

dm logF < 0 and F is strictly decreasing in m. Replacing µ

by 1−µ, which is also in (0, 1), shows F̃ is strictly decreasing
in m as well. Hence Uβ = 1 − F − F̃ is strictly increasing
in m.

Limits. As m → ∞ each factor µm+j
m+j → µ, so F → µG

and F̃ → (1 − µ)G, giving Uβ → U(µ): the posterior
concentrates and the score recovers the plug-in value. As
m→ 0 the j = 0 factor equals µ exactly while every j ≥ 1
factor tends to 1, so F → µ and F̃ → 1 − µ, whence
Uβ → 1− µ− (1− µ) = 0. □

The direction of the monotonicity is the point. At equal pos-
terior mean the rule prefers the prompt whose difficulty is
better known, which is the opposite of classical uncertainty
sampling, where ties are broken toward the least certain can-
didate. The reason is that Uβ is a posterior expectation of a
concave utility rather than a measure of uncertainty: a diffuse
posterior at mean 1/2 spreads mass onto the extremes of p,
where U is small, and is penalized for it. This is also why
the prior enters as a genuine restriction rather than as a rela-
belling: with κ = 4 our initialization carries mass m = 4 at
an anchor-informed mean, while the uninformative ablation
carries mass m = 2 at mean 1/2, so the two differ in con-
centration as well as in location. We report that ablation as
such.

Appendix B: Extended analysis
This appendix expands three points compressed in the Anal-
ysis section. Nothing here is required for any claim in the
paper; each item elaborates a number already reported there.

Where the length signal comes from. The length prior
fits a logistic map from the anchor’s chain-of-thought length
to the policy’s pass rate. Its discriminative power is con-
centrated in a single event: the anchor exhausts its 2560-
token budget on 155 of the 250 prompts, and those prompts
have mean reference pass rate 0.112 against 0.205 for the
remaining 95. Among the 95 the anchor finished, length car-
ries no further information about difficulty—its AUC there
is at chance. This is why the truncation indicator alone

reaches AUC 0.651 while reciprocal length reaches only
0.665, against 0.915 for the k=16 verified probe. Length
therefore detects that the anchor gave up, which correlates
with difficulty, rather than measuring learnability. The com-
parison is not a clean isolation of verification, because the
length arm also differs from the probe in anchor size and in
sample count.

Pool composition and available headroom. Our pool is
a spread sample rather than a uniform draw from MATH,
and only 76 of its 250 prompts reach U(p) > 0.8 under
the reference pass rates. Since the prior can only redirect
rollouts toward prompts that are learnable in the first place,
this caps the headroom any selection rule has on this pool,
ours included. Appendix E replaces the natural conjecture
here with a measurement: on a 1200-prompt pool built by
the same rule the early reduction reproduces and the fixed-
budget rollout accounting changes sign, so the small pool was
understating rather than flattering the effect. The compute
study is nonetheless at pilot scale: 60 steps with LoRA on a
7B policy, with the horizon check extended to 300 steps and
the pool check to 1200 prompts at 200 steps.

Ordering quality inside the band. The Spearman figures
reported in the Results section are computed over the whole
pool, but U peaks in the interior, so what selection actually
consumes is the ordering within the learnable band. Restrict-
ing to the 76 prompts with U(p) > 0.8:

prior all 250 band (n=76)

anchor (ours) 0.62 0.38
2PL bank 0.76 0.45
anchor length 0.27 0.25

Table 5: Spearman correlation with the reference pass rate,
over the whole pool and inside the learnable band.

The gap between the two priors narrows sharply inside the
band: the bank’s global advantage of 0.14 falls to 0.07 once
the comparison is restricted to the region selection acts on,
so most of its superior population ranking is earned outside
that region. This is a concrete mechanism for the otherwise
puzzling result that the better global ranker does not train
better, and it is consistent with the paper’s reading that being
verified and offline matters more than being the sharpest
ranker.

How an underestimated prompt can stay unselected.
Selection is deterministic top-B and a posterior is updated
only when its prompt is selected, so a prompt the anchor
scores too low can in principle never be revisited. This is not
hypothetical on our pool: the anchor assigns φ̂=0 to 99 of
the 250 prompts, and 8 of those 99 have a reference pass rate
inside the learnable band, so they are prompts the prior gives
up on that the policy could have used. The same happens at
the other extreme: the anchor assigns φ̂=1 to 19 prompts, of
which 13 are in the band. Both extremes drive Uβ to its floor,
so 21 of the 76 band prompts start low in the ordering. The
pseudo-count κ=4 bounds how confident that mistake can
be, but it does not by itself force re-examination; an explicit



diversity or exploration term (Qu et al. 2026b) is the natural
repair, and we do not implement one.

Pool size limits the effect here. The reported selection trace
touches 69 of the 76 band prompts by step 30. Deterministic
top-B can revisit prompts, however, so dividing pool size
by B does not establish complete coverage; these data do
not distinguish delayed use from persistent exclusion for the
remaining prompts.

Appendix C: Limitations
(i) At n=16 both waste measures are established and nei-
ther accuracy difference is. We therefore claim no resolved
accuracy effect, which is not a claim of parity: the eleven
three-seed arms resolve accuracy not at all, and all reported
intervals carry training variance only, since a single prior
realization is shared by every seed.
(ii) One model family, at pilot scale. Two of the pool’s limits
we have now probed directly: the main pool is not a uniform
draw from MATH (Appendix B), and it is small enough for
repeated selection within the run, while Appendix E rebuilds
it 4.8× larger. The study does not measure unique-prompt
coverage well enough to diagnose exhaustion. What remains
untested is a genuinely uniform draw, a non-mathematical
domain, and full-parameter training.
(iii) The prior is never refreshed during training, so it can
only pay for the transient it removes and cannot track policy
drift. The larger-pool study extends the descriptive pattern
but does not isolate whether pool coverage, posterior updates
or changing policy difficulty closes the margin (Appendix E).
(iv) Selection is deterministic top-B and a posterior moves
only once its prompt is selected, so an underestimated prompt
can stay unselected. Proposition 3 deepens the trap: only se-
lected prompts gain concentration, so an unselected prompt
keeps the depressed score that excluded it. Appendix B quan-
tifies how many prompts this affects.
(v) One exact-match verifier grades the probe, the reward
and the evaluation, so their errors are correlated: a prompt
the verifier mis-grades is mis-scored in the prior, in training
and at test time in the same direction.

Appendix D: Behaviour at 300 steps
The experiments in the body stop at 60 steps. To inspect
longer-horizon behavior we extended four arms to 300 steps:
ThinkPrior and online-NP, each with and without a reference-
KL term at the canonical β=0.04. We

Original endpoint. The threshold fixed before running
was an absolute final MATH500 below 0.05. Under that
endpoint, the KL-free comparison is online-NP 2/6 against
ThinkPrior 0/6, Fisher two-sided p=0.455. This is the pri-
mary result and does not support a difference.

Exploratory re-analysis. After inspecting the trajectories,
we defined a run as having a relative-drop event when final
MATH500 falls more than 10 points below that run’s own
peak. This counts two additional online-NP runs ending at
0.098 and 0.290 after drops of 52 and 35 points, changing the
KL-free count to 4/6 against 0/6, Fisher two-sided p=0.061.
The threshold was chosen post hoc, moves the result in the

direction favoring our arm, and remains non-significant. Ta-
ble 3(c) displays this exploratory count for trajectory descrip-
tion only.

The KL term is not what matters. Within online-NP, 4/6
without KL against 2/4 with it is Fisher two-sided p=1.00;
within ThinkPrior both cells are zero under the exploratory
threshold. This comparison does not isolate the KL term or
a pool mechanism. Note also that β>0 voids the premise of
Proposition 1: under a reference-KL term a silent group still
carries a gradient, so nothing in Appendix A applies to the
two right-hand cells.

What we do and do not claim. The designed KL-
free comparison uses the original endpoint: online-NP 2/6
against ThinkPrior 0/6, p=0.455. The 4/6 against 0/6,
p=0.061 result is post hoc. Pooling the KL arms, which were
run to answer a different question, gives 6/10 against 0/10
and p=0.011 under the exploratory threshold; that pooling is
also post hoc, and we do not rest any claim on it. Twenty runs
is too few to estimate an event rate precisely. We therefore
record the trajectories as observations to replicate, not as a
stability result or evidence of a component-specific cause.

Platform. Seeds are assigned to hosts by index identically
for every arm – seeds 0 and 3 on one machine, the rest on the
other – so the four cells are balanced. The collapses appear on
both machines (1/2 and 3/4 among the KL-free online-NP
seeds), so this is not an artifact of one inference stack.

Appendix E: A larger prompt pool
The margin in Figure 3 closes at step 40. A finite pool is one
possible explanation, but the main-run logs do not identify
the mechanism. This appendix reports whether the descrip-
tive pattern changes when the pool is enlarged, supplying
Table 3(d).

Pool. We rebuilt the pool with the same spread-sampling
rule from the same MATH source, to 1200 prompts, 4.8×
the size. The ratios 1200/8 = 150 and 250/8 ≈ 31 are lower
bounds on complete coverage only if no prompt is revisited;
deterministic top-B does permit revisits, so the 200-step hori-
zon does not establish exhaustion or non-exhaustion. The an-
chor pass was re-run from scratch over all 1200 prompts with
the identical protocol (Qwen2.5-3B-Instruct, k=16, same
verifier, same decoding).

Two arms only. We ran ThinkPrior and online-NP and
nothing else. The oracle, length-prior and IRT-bank arms all
consume a per-prompt reference pass rate or a per-prompt
token length, and we did not re-measure either quantity for
the 950 prompts added beyond the original pool; those fields
carry placeholders in the pool file. Neither field enters the
two arms we do run — generation length is a global constant
in our trainer and the reference pass rate is read only by the
oracle selection rule — but any arm that reads them would
be reading a placeholder. For the same reason we report
no learnable-band, U(p) or headroom statistic on this pool:
those quantities are defined through the reference pass rate,
which we have not measured here. The anchor pass rate φ̂ is
measured, and it is the only per-prompt quantity we use.



Integrity checks. Our trainer falls back to φ̂=0.5 for any
prompt missing from the prior file, and Uβ is maximised at
0.5, so an incomplete prior file would make ThinkPrior pref-
erentially select exactly the prompts it had never measured
and manufacture a favourable result. We therefore assert cov-
erage rather than assume it: the prior file covers 1200/1200
pool ids with no extras, and every run logs miss=0 at start-
up. Every run also reports a step-0MATH500 score of 0.126,
the fingerprint of the host these runs share; no number in Ta-
ble 3(d) is spliced across hosts. Re-running the anchor also
lets us check it against the original: on the 250 prompts com-
mon to both pools the two passes agree to within binomial
noise at k=16 (mean difference−0.014, 119/250 identical),
so the prior is not drifting between pools.

Result. Early behaviour reproduces almost exactly. At step
10 the cumulative silent-group share is 0.242 for online-
NP against 0.121 for ThinkPrior, against 0.238 and 0.106
on the small pool; per-seed the two arms do not overlap
(0.287/0.175/0.263 against 0.150/0.113/0.100), and they
still do not overlap at step 30 (0.250/0.225/0.212 against
0.092/0.075/0.067). The difference is what happens next.
On the small pool the margin is gone by step 40; here it is
still visible at step 200 (0.476 against 0.397) but no longer
separable, and the fixed-budget accounting reverses at the
mean: over 12800 rollouts ThinkPrior discards 5085 against
online-NP’s 6099, a 16.6% reduction, where on the small
pool it discarded slightly more over a full run. Per seed, how-
ever, the two arms overlap at step 200 in both quantities—
waste 5824/4960/4472 against 6488/6112/5696, silence
0.455/0.388/0.349 against 0.507/0.477/0.445—so the
step-200 endpoint fails the rule below and we make no claim
of separation there.

All seeds in the primary accuracy result. online-NP’s
third seed evaluates at 0.024 on MATH500 at step 200, and at
0.006, 0.000 and 0.007 on GSM8K, Minerva and Olympiad-
Bench, while its training pass rate over the same window
holds at 0.748. That discrepancy is notable but does not es-
tablish a technical evaluation failure, so the seed remains in
the primary accuracy mean. The three online-NP seeds are
0.588/0.620/0.024, giving MATH500 0.596 for ThinkPrior
against 0.411 for online-NP. Excluding the low seed raises
online-NP to 0.604; we report that only as a post-hoc sen-
sitivity analysis, not as the primary result. With three seeds
and this instability, we make no accuracy-separation claim.
The seed’s waste and silence figures are also retained.

Seeds and decision rule. Both arms are three seeds. The
rule was fixed before the runs finished: the result counts as
supported only if the two arms’ seed ranges are disjoint at
every endpoint we report, no seed is added after seeing an
outcome, and no significance test is run at n=3. Concretely,
online-NP’s two unfinished seeds each had to land below
our own worst seed’s 6976 non-silent generated rollouts.
Seed 1 did, at 6688; seed 2 did not, at 7104. We report the
outcome the rule gives: step 10 and step 30 are supported and
separable, step 200 is directional only. Rerunning seed 2, or
adding a fourth, would be choosing seeds by their answer, so
we have not.

Appendix F: Training and evaluation details
Optimizer and sampling. LoRA uses r=32, α=64 and
learning rate 3×10−5. Rollouts are sampled at temperature
0.9 with top-p 1.0, 512 new tokens and prompts truncated to
384; evaluation is greedy. The KL-free surrogate is taken on
the untempered log-likelihood without an importance ratio.
Every pool problem additionally carries a reference pass rate
at 32 samples, used only for pool characterization and never
by any selection rule.

Objective and hardware. All runs use RTX-4090 class
GPUs, one job per card, and a simplified GRPO objective—
one inner iteration, no KL term, no policy-ratio clipping,
gradients norm-clipped at 1.0—held identical across arms,
so no arm benefits from a different optimizer.

Baseline constants. MoPPS and GRESO start cold at
α=β=1, matching online-NP; DAPO’s 4-round refill cap is
the only constant we add beyond a published method’s own
description. Each update uses exactly B non-silent groups. If
the final refill round produces more than B, those additional
non-silent groups remain part of the generated count but are
not used for that update.

The length prior. The length-prior anchor is Qwen3-0.6B
(Yang et al. 2025): one greedy pass with a 2560-token cap,
ℓ(x) the token distance between the think delimiters, mapped
to φ̂ by a two-parameter logistic fit on a random 10% of the
pool. This is the cheapest prior we test and the only one that
does not verify an answer.


