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Abstract

Reinforcement learning (RL) is structurally harder than supervised learning because1

the policy changes the data distribution it learns from. The resulting fragility is2

especially visible in large-model training, where the training and rollout systems3

differ in numerical precision, sampling, and other implementation details. Existing4

methods manage this fragility by adding more hyper-parameters to the training5

objective. Each may help in its tuned regime but makes the resulting algorithm6

more sensitive to its configuration, requiring retuning whenever the task, model7

scale, or distribution mismatch changes. This fragility traces to two concerns that8

current objectives entangle through hyper-parameters set before training begins.9

The first is a trust-region concern, in that each update should not move the policy10

too far from its current value. The second is an off-policy concern, in that data11

collected by older or different behavior policies should influence the current update12

only to the extent that the update remains reliable. Mishandling off-policy data13

is consequential, yet such data can still carry useful signal that must be weighted14

adaptively as training proceeds. Neither concern is a constant to set before training,15

and their severity is reflected in the policy-ratio distribution of the current batch. We16

present a simple yet effective batch-adaptive objective that replaces fixed clipping17

with the normalized effective sample size of the policy ratios. The same statistic18

caps the score-function weight and sets the strength of an off-policy regularizer.19

When the ratios are nearly uniform, the update stays close to the usual on-policy20

score-function update. When stale or mismatched data cause ratio concentration,21

the update tightens automatically while retaining a nonzero learning signal on high-22

ratio tokens. Experiments across a wide range of settings show that our method23

matches or exceeds tuned baselines, introducing no new objective hyper-parameters24

and removing several existing ones.25

1 Introduction26

Post-training large (language) models often means optimizing a policy by sampling completions and27

scoring them with a reward model, a human-preference-derived objective, or a task verifier [37, 25,28

19, 4]. Because these scores are assigned to discrete sampled text and are usually not differentiable29

through the policy, policy-gradient reinforcement learning (RL) is a natural tool for increasing30

expected score. RL is a fragile optimization process whose outcomes depend heavily on hyper-31

parameters, implementation details, and random seeds [12, 5, 2, 8, 14], and this fragility sharpens32

at large-model scale, where runs are expensive, rollouts are costly to regenerate, and small choices33

(clip range, allowed rollout staleness, etc.) determine whether training improves, stalls, or becomes34

unstable. These choices are often retuned for each task, model scale, and rollout infrastructure.35

Two concerns underlie this fragility. The first is a trust-region concern, that each gradient update36

should not move the policy too far from its current value, regardless of where the data come37
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from [22, 23]. The second is an off-policy concern, that data collected by older or different behavior38

policies should influence the current update only to the extent that the update remains reliable [9, 10, 6].39

The trust region controls the size of an update, while off-policy correction weights data by how40

reliably it can be used.41

Off-policy data are common in practice and arise from several sources, including optimizer steps42

reused across iterations, demonstrations or rollouts from older or heterogeneous policies (the batch-43

RL setting [11]), and practical mismatches between the rollout and training engines such as numerical44

precision, sampling strategy, or architectural differences [20, 17]. Mishandling such data is conse-45

quential, since stale or mismatched samples destabilize training, yet discarding it forfeits sample46

efficiency because each rollout is then consumed by a small number of updates [7]. Current large-47

model RL methods commit to one regime, either generating fresh on-policy rollouts after every48

update or applying fixed off-policy corrections tuned for a particular staleness, which forces a choice49

between sample efficiency and stability before training begins.50

These methods conflate the two concerns inside a single fixed-clip mechanism [23, 24], where a51

fixed range bounds the per-step policy change and also caps the off-policy variance. This is simple,52

but the range is a strong algorithmic choice made before training starts, determining which tokens53

receive gradient, how much stale data can be reused, and how quickly the policy is allowed to move.54

Decoupled-loss methods separate the proximal policy used for clipping from the behavior policy55

used for importance correction, improving learning from stale data [13], and recent variants add56

asymmetric clipping, dynamic sampling, and related modifications [32]. These methods recognize57

the issue but still leave the amount of trust as an external choice, and the burden of tuning remains.58

The premise of this paper is that fixed clipping itself, not the value of the clip range, is what causes59

the fragility, and iterating on the clip (symmetric, asymmetric, sequence-level) leaves the underlying60

problem in place. Our contribution is to step back from the fixed-clip framework rather than propose61

another variant, and measure how on-policy the current batch is and use that measurement to drive62

the update. The behavior-policy mismatch, defined as how different the current policy is from the63

policy that produced each completion, can be summarized by an effective sample size (ESS) [15, 7]64

statistic over the per-token importance ratios. ESS is close to one when the ratios are nearly uniform,65

and falls when a few tokens dominate. We use only ESS to drive both the score-function cap and the66

regularizer in the surrogate objective, removing the fixed clip range entirely.67

Concretely, we adopt the P3O objective of [7] for large-model post-training, the first such application,68

and show that it removes the fixed clip without introducing any new hyper-parameter. The same69

objective handles on-policy and off-policy data automatically, with the cap loose on fresh data and70

tight on stale data, and unifies what prior methods split into specialized losses. Across a range71

of regimes, this objective compares favorably with tuned baselines despite carrying fewer hyper-72

parameters, demonstrating that adaptivity, not careful clip tuning, is what drives stability at scale.73

Removing the clip rather than re-parameterizing it also opens space for downstream work. Because74

P3O makes off-policy data a feature rather than a burden, future methods can combine off-policy75

reuse (for sample efficiency) with on-policy collection (for exploration) inside one objective, without76

retuning a clip range, behavior-weight cap, or staleness budget for each setting. We view this paper77

as a foundation for that direction.78

2 Background79

Given a pre-trained model, our objective is to fine-tune it using reinforcement learning so that80

completions sampled from it receive high scores. For a prompt x, the model assigns a probability to a81

completion y = (y1, . . . , yT ) autoregressively,82

πθ(y | x) =
T∏

t=1

πθ(yt | x, y<t), (1)

where each yt is a token from a finite vocabulary V , y<t = (y1, . . . , yt−1) is the prefix at position t,83

and T is the completion length. To simplify notation, we write c<t = (x, y<t) for the conditioning84

context.85

Token-level MDP. We cast this autoregressive generation as a finite-horizon MDP in which the86

state at position t is st = (x, y<t), the action is the next token yt ∈ V , and a scalar terminal reward87
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r(x, y) ∈ R is assigned to the full completion.1 The agent’s objective is to maximize the expected88

return J(πθ) = Ex, y∼πθ(·|x)[ r(x, y) ], where x is a prompt from the training set and y is a completion89

sampled from πθ. Using the likelihood-ratio trick [30], the policy gradient of J(πθ) is90

∇θJ(πθ) = Ex, y∼πθ(·|x)

[
T∑

t=1

r(x, y)∇θ log πθ(yt | x, y<t)

]
. (2)

This is known as the REINFORCE policy-gradient estimator [30]. It is an on-policy estimator: it91

optimizes the same policy that was used to collect the data. Despite its simplicity, the policy-gradient92

estimator has high variance because the update uses sampled trajectories and their corresponding93

rewards as noisy estimates of how good each action was, so the same policy can produce very94

different rewards across rollouts, especially with long horizons and delayed rewards [26]. The95

standard remedy is to subtract a control variate (baseline) b that does not depend on the sampled96

action yt, replacing r by an advantage A = r−b. For any such baseline the gradient remains unbiased97

while its variance is typically reduced substantially. Actor-critic methods learn a state-dependent98

value function Vϕ(st) = Vϕ(x, y<t) and use it as the baseline at each step.99

Group-relative advantage. Learning a value function alongside the policy is usually expensive100

when training large models, because the value function can itself be a network of comparable size101

to the policy and inherits all the difficulties of training a large model, from training instability to102

challenges at scale. GRPO [24] sidesteps this by replacing the learned baseline with a within-batch103

reward statistic. For each prompt xp, it samples a group of G completions {yp,j}Gj=1 from the current104

policy and uses the group’s reward statistics as the baseline. Writing rp,j := r(xp, yp,j) for the105

reward of completion j in group p, the group-relative advantage is106

Ap,j =
rp,j − 1

G

∑G
k=1 rp,k√

1
G

∑G
k=1

(
rp,k − 1

G

∑G
l=1 rp,l

)2
+ ϵ

, (3)

where ϵ > 0 avoids division by zero, and the variance in the denominator is computed in the107

population form to match the original GRPO definition. The group mean acts as a per-prompt108

baseline that replaces the value function, and the group standard deviation rescales the advantage so109

it is comparable across prompts whose reward magnitudes differ.110

Trust Region Policy Optimization. A separate optimization concern, beyond the variance and111

baseline issues above, is that a single gradient update can move πθ too far from its current value112

and destabilize training, even when the data are on-policy. Trust-region methods address this by113

constraining each update to stay close to the current policy. Where TRPO solves this problem with114

a complex second-order method [22], Proximal Policy Optimization (PPO) [23] takes a simpler115

approach by using first-order methods to keep new policies close to old. Concretely, PPO samples116

data from a fresh snapshot πθold taken at the start of the current optimizer epoch, and clips the117

per-token policy ratio ρt(θ) before applying it,118

LPPO(θ) = −Eπθold

[
min

(
ρt(θ)A, clip(ρt(θ), 1− ϵℓ, 1 + ϵh)A

)]
, ρt(θ) =

πθ(yt | x, y<t)

πθold(yt | x, y<t)
(4)

with the clip range [1 − ϵℓ, 1 + ϵh] fixed before training. Because πθold is close to πθ in PPO’s119

intended setting, ρt stays close to one for most tokens and the clip serves a clean trust-region role:120

bounding the per-step policy change.121

From on-policy to off-policy data. The on-policy estimator in Eq. (2) is unbiased but sample-122

inefficient, since each rollout is consumed by the gradient step that produced it. In practice the data123

we train on is rarely drawn from πθ exactly. This may be because we take several optimizer steps124

on each batch of completions and reuse them across training iterations, because we want to use data125

collected by an earlier or entirely different policy (for instance demonstrations or rollouts from a126

prior run), or because of a more general discrepancy between the policy we sample from and the127

policy we optimize. In all of these cases the data was sampled from a behavior policy πb but the loss128

is evaluated under the current πθ, so the empirical gradient computed on samples from πb is a biased129

estimate of ∇θJ(πθ).130

1The formulation extends to per-token rewards rt(x, y≤t) by replacing r(x, y) with rt(x, y≤t) inside the sum in Eq. (2).
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The standard fix is importance sampling [9, 10, 21], which restores unbiasedness by changing the131

measure from πθ to πb. For any function f ,132

Ex∼πθ
[f(x)] =

∫
πθ(x) f(x) dx =

∫
πb(x)

πθ(x)

πb(x)
f(x) dx = Ex∼πb

[
πθ(x)

πb(x)
f(x)

]
, (5)

provided that the Radon-Nikodym derivative dπθ/dπb is well defined. Applied to the RL objective,133

this rewrites the expected return as an expectation under the behavior policy,134

J(πθ) = Ex, y∼πθ(·|x)

[
r(x, y)

]
= Ex, y∼πb(·|x)

[
πθ(y | x)
πb(y | x)

r(x, y)

]
, (6)

so J(πθ) can be evaluated on data drawn from πb. In our token-level setting we work with the135

per-token importance ratio136

ρt(θ) =
πθ(yt | x, y<t)

πb(yt | x, y<t)
, (7)

which generalizes the PPO-snapshot ratio in Eq. (4) to any behavior policy πb, and apply this137

correction directly inside the per-token gradient.138

Remark (Importance sampling is unbiased but high variance). Importance sampling restores139

unbiasedness, but the per-token ratios ρt(θ) are bounded below by zero and unbounded above, so a140

few tokens that were unlikely under πb can produce ratios many orders of magnitude larger than one141

and dominate the gradient estimate. The standard remedy is to clip ρt(θ) before applying it, but as142

we discuss in Sec. 3, fixed clipping is itself fragile.143

RL in language modeling. In practice we do not maximize J(πθ) alone. When fine-tuning language144

models with RL, the objective is regularized by a KL penalty toward a frozen reference policy πθ0 ,145

the same policy used to initialize πθ (typically a pre-trained or supervised-fine-tuned model, the latter146

trained on ground-truth tokens via teacher forcing [3]),2147

JLM(πθ) = Ex, y∼πθ(·|x)

[
r(x, y)− η

T∑
t=1

KL
(
πθ(· | x, y<t)

∥∥πθ0(· | x, y<t)
)]

, (8)

Here η > 0 controls how far πθ is allowed to drift from πθ0 [37, 25, 19]. The KL anchor is an148

effective regularizer, intended to keep πθ from drifting too far from πθ0 and potentially from forgetting149

its language-modeling capabilities. The per-token KL is combined with the policy-gradient term150

under the same batch-token average (Sec. 3).151

3 Approach152

The PPO clipped surrogate in Eq. (4) contains two hyper-parameters, ϵℓ and ϵh, that specify the clip153

range [1 − ϵℓ, 1 + ϵh] around the per-token ratio ρt = π(yt | c<t)/πold(yt | c<t)
3. Their effect is154

most easily seen by considering the per-token contribution to Eq. (4) under the two signs of A. For155

tokens with A > 0, this contribution simplifies to156

−min

(
π(yt | c<t)

πold(yt | c<t)
, 1 + ϵh

)
A. (9)

The objective is improved by increasing π(yt | c<t), which raises ρt. Once ρt > 1 + ϵh, the157

contribution hits the ceiling −(1 + ϵh)A, and the new policy gains no further credit by increasing the158

probability of the token. For tokens with A < 0, the contribution becomes159

−max

(
π(yt | c<t)

πold(yt | c<t)
, 1− ϵℓ

)
A, (10)

where the max replaces the min because A is negative. The objective is improved by decreasing160

π(yt | c<t) and hence ρt. Once ρt < 1− ϵℓ, the contribution hits −(1− ϵℓ)A, and the new policy161

2More generally, πθ0 can be any reference policy that shares the token vocabulary V with πθ . When the vocabularies
differ, the per-token KL is no longer well defined and the regularization must be applied at the sequence level.

3We drop the subscript θ and use the shorthand c<t from Sec. 2.
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gains no further credit by decreasing the probability of the token. In both cases, (ϵℓ, ϵh) specify how162

far the new policy can move from πold while continuing to improve the surrogate; clipping acts as a163

regularizer that removes the incentive to change the policy dramatically from one update to the next.164

The effect of (ϵℓ, ϵh) depends on the regime. When the batch is fresh and on-policy, ρt ≈ 1 for most165

tokens and the clip is rarely active. When the batch is stale or generated by a different policy, ρt can166

be far from one for many tokens, and (ϵℓ, ϵh) then determines what fraction of the batch contributes167

to the update. If (ϵℓ, ϵh) is too small, many tokens are clipped before they can contribute; if it is too168

large, high-variance importance-weighted gradients destabilize training. There is no single value169

appropriate across both regimes, and (ϵℓ, ϵh) in practice has to be tuned for the task, model scale, and170

degree of off-policy mismatch.171

Prior work re-parameterizes the clip but does not remove it. Most previous works retain these172

two hyper-parameters and differ only in how they re-parameterize them. GRPO [24] uses Eq. (4) with173

a symmetric range ϵℓ = ϵh. DAPO [32] relaxes the symmetry, allowing ϵℓ ̸= ϵh to handle positive-174

and negative-advantage updates separately. GSPO [36] moves the clipped ratio from the token level175

to the sequence level via a geometric mean, but introduces sequence-level analogues ϵseqℓ , ϵseqh that176

still must be chosen in advance. Across these objectives, (ϵℓ, ϵh) survives in some form (see Table 1).177

Effective Sample Size to the Rescue. The value of (ϵℓ, ϵh) is therefore consequential, and tuning178

it for large models is expensive. The effective sample size (ESS) of the policy ratios in the current179

batch [7] provides a way to determine this cap automatically, removing the need to fix (ϵℓ, ϵh) in180

advance. Concretely, the ESS is given by181

ESS(B; θ) =

(
ÊB

[
π(yt|c<t)

πold(yt|c<t)

])2

ÊB

[(
π(yt|c<t)

πold(yt|c<t)

)2] =
ÊB[ρt]

2

ÊB[ρ2t ]
∈
[

1

|B|
, 1

]
, (11)

where B is the set of valid response tokens in the current training batch, |B| is its size, and ÊB denotes182

the empirical average over B. We use eB = sg(ESS(B; θ)) to denote its detached value (treated as a183

constant for backpropagation), where sg(·) is the stop-gradient operator. The ESS is close to one184

when the batch is on-policy and falls when a few large ratios dominate, as happens with stale or185

mismatched data. An objective driven by eB therefore behaves like an on-policy update on fresh data186

and tightens automatically when the data drifts.187

Policy-on Policy-off Policy Optimization (P3O) for large-model. We adopt the P3O objective188

of [7], applied here to large-model post-training for the first time. P3O replaces the fixed clip in Eq. (4)189

with two terms whose strength is set by the batch ESS,190

LP3O(θ) = Ex, y∼πθold
(·|x)

[ T∑
t=1

(
− sg(min{ρt, eB}) log πθ(yt | c<t)A

+ (1− eB)KL
(
πθ(· | c<t)

∥∥πθold(· | c<t)
))]

, (12)

where ρt is the per-token policy ratio defined in the section opening, and the per-token KL, written in191

the same form as Eq. (8), vanishes when the batch is on-policy and grows as it drifts.192

P3O makes two structural changes to Eq. (4). First, it eliminates the fixed clip range (ϵℓ, ϵh) entirely,193

replacing it with the data-driven cap eB that adapts to the current batch. Second, it adds a regularizer194

with coefficient (1− eB) that is large precisely when the batch is most off-policy and vanishes on195

fresh data. Crucially, while the clip in Eq. (4) discards the gradient on every token whose ratio falls196

outside (1 − ϵℓ, 1 + ϵh), the cap min{ρt, eB} in Eq. (12) only scales the score-function gradient197

by a positive factor: every token in the batch contributes to the update and no data is wasted. Both198

adaptations are driven by a single statistic of the current batch, so Eq. (12) introduces no clipping199

range, no trust-region coefficient, and no staleness budget. While the form of Eq. (12) matches the200

original P3O, previous works for large-model RL have pursued a different path, proposing narrow201

variants of the GRPO clip with new hyper-parameters that succeed only in limited regimes. Adopting202

P3O for large-model post-training instead addresses the fragility at its source and yields a simpler203

and more effective solution.204
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Table 1: Comparison of policy objectives, with ρt = πθ(yt | x, y<t)/πb(yt | x, y<t). Red/green:
fixed hyper-parameters (high/low). Purple: auxiliary choices. Blue: batch-adaptive quantities.
Auxiliary entropy and reference-policy KL terms are omitted.

Method Policy objective

GRPO / DAPO −min (ρtA, clip (ρt, 1− ϵℓ, 1 + ϵh)A)

GSPO −min (Sθ(y)A, clip (Sθ(y), 1− ϵseq, 1 + ϵseq)A) , Sθ(y) = exp
(

1
T

∑T
t=1 log ρt

)
Decoupled −sg

(
clip

(
πprox

πb
, 0, cw

))
min

(
πθ

πprox
A, clip

(
πθ

πprox
, 1− ϵℓ, 1 + ϵh

)
A
)

P3O −sg(min{ρt, eB}) log πθ(yt | x, y<t)A + (1− eB)KL(πθ ∥πb)

Remark (ESS adapts the clip without hyper-parameters). P3O sets both the cap on the score-205

function weight and the regularizer coefficient from a single batch statistic, the ESS, and updates them206

at every gradient step from the data the optimizer is currently seeing. This one adaptive mechanism207

replaces the clip range (ϵℓ, ϵh) and the auxiliary trust-region or staleness parameters that fixed-clip208

methods rely on, and introduces no new hyper-parameter in their place. As the off-policy degree of209

the batch changes during training, the cap and the regularizer track it without retuning.210

Off-policy data in large-model training. At large-model scale, the data the optimizer sees is rarely211

strictly on-policy. Training and rollout engines differ in numerical precision, sampling, and other212

implementation details (Sec. 2), and reusing rollouts across optimizer epochs widens the gap further.213

The standard fix is a decoupled-loss objective [13] that clips against a proximal snapshot πprox rather214

than against πθold . This stabilizes training but adds new hyper-parameters, including the construction215

of πprox, its lifetime, and a cap cw on an outer behavior weight, all of which must be tuned for each216

off-policy regime. P3O sidesteps this. The same eB that drives the cap on fresh data falls when217

the batch becomes off-policy, so Eq. (12) handles both regimes in a single objective without any218

additional hyper-parameter or special code path. Our experiments (Sec. 4) confirm that this single219

objective performs well across off-policy regimes that previously required specialized losses. This220

makes off-policy data a feature rather than a burden, since P3O can reuse rollouts from older or221

different policies and demonstrations to improve sample efficiency and reduce training time without222

a specialized loss (see Table 1 for the parameter contrast across methods).223

3.1 A potential issue with P3O224

One possible issue with P3O is that the single ESS eB in Eq. (12) conflates two distinct drifts in the225

batch: the difference between πθ and the data-generating policy πb, and the within-epoch difference226

between πθ and its pre-update snapshot πprox. When both drifts are large but in different directions,227

a single anchor cannot distinguish them. A natural extension introduces a second anchor at πprox and228

pulls πθ toward an ESS-weighted mixture πmix of the two anchors:229

Lext(θ) = −Eπb

[
sg(min{rb, emix}) log πθ(yt | c<t)A

]
+ (1− emix)KL

(
πθ

∥∥πmix

)
, (13)

where rb = πθ(yt | c<t)/πb(yt | c<t) is the per-token behavior ratio, emix is a joint ESS computed230

from both anchors, and πmix is a per-token mixture of πb and πprox weighted by their respective231

(1− eb) and (1− eprox) so that the more on-policy anchor drops out (full formulation in Sec. B). This232

variant introduces no new hyper-parameter and reduces to P3O when either anchor is uninformative.233

Empirically, however, the single-anchor P3O matches or slightly outperforms this variant across the234

off-policy regimes considered in Sec. 4, suggesting that the behavior-axis ESS already captures most235

of the relevant drift signal.236

4 Experiments237

We evaluate P3O across three axes: (i) sensitivity to the clipping hyper-parameters (ϵℓ, ϵh) that238

P3O eliminates entirely; (ii) robustness to off-policy data arising from practical mismatches in239

numerical precision and sampling temperature; and (iii) downstream benchmark performance on240

held-out mathematical reasoning tasks. In all settings we compare against GRPO, which shares the241
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Figure 1: Sensitivity of GRPO’s reward to the clip range ϵ ∈ {0.2, 0.4, 0.6} (shaded region: ±1
std over clip values) versus P3O run once with no clip hyperparameter. P3O’s ESS-driven cap
(Eq. (11)) removes this tuning burden while matching or exceeding the best GRPO variant across
both model families.

same base objective (Sec. 2) but relies on a fixed clip range; both methods otherwise use identical242

hyper-parameters within each experiment family (Table 3).243

4.1 Experiment Setup244

Experiments use the open-source models Qwen3-4B-Thinking-2507 [28] and Qwen2.5-1.5B [27],245

trained on the DeepScaleR-Preview dataset of 40,000 mathematics problem-answer pairs compiled246

from AIME (1984-2023), AMC (prior to 2023), Omni-MATH, and Still [16]. Binary rewards are247

assigned by matching the model’s output against the DeepScaleR-Preview reference; to isolate248

algorithmic differences between P3O and GRPO, we use no reward shaping or auxiliary bonuses. All249

runs use 8 NVIDIA H100 GPUs in a distributed stack that separates optimizer workers from rollout250

engines and synchronizes policy weights under a shared scheduler. Training, evaluation, hardware,251

and benchmark details are in Tables 3 to 6 and Sec. C and E.252

4.2 Effects of Hyperparameters253

Clipping Factor. As argued in Sec. 3, the fixed clip range (ϵℓ, ϵh) is a pre-committed choice that254

cannot adapt to the batch, and a value suited to on-policy data may over- or under-clip when rollouts255

become stale or mismatched (Eqs. (9) and (10)). We verify this sensitivity by sweeping the symmetric256

clip ϵℓ = ϵh = ϵ ∈ {0.2, 0.4, 0.6} for GRPO and contrasting with a single P3O run. As shown in257

Fig. 1, GRPO’s reward trajectory varies substantially with ϵ (shaded region), while P3O remains258

stable by adjusting the score-function cap and regularizer from the batch ESS (Eq. (11)). Other clip-259

based baselines such as DAPO [32] and GSPO [36] retain a fixed clip range and exhibit equivalent260

hyper-parameter sensitivity under this ablation, so the key variable we isolate is the presence or261

absence of a fixed clip.262

4.3 Off-Policy Data263

Off-policy mismatch arises in large-model RL post-training whenever rollouts are not drawn from the264

current policy, including from optimizer steps reused across iterations, mixed-precision inference265

engines, and non-standard sampling strategies (Sec. 1). The two experiments below isolate two of266

these sources and test whether P3O’s batch ESS (Eq. (11)) handles each organically.267

Temperature of Rollouts. Sampling rollouts at temperature T ̸= 1.0 uniformly rescales token268

log-probabilities, shifting the per-token ratio ρt (Eq. (7)) by a constant factor across the entire batch.269

For GRPO, this offset falls either inside or outside the fixed clip interval independent of how on-270

policy the batch otherwise is, a bias that cannot be corrected without retuning ϵ. The ESS (Eq. (11))271

directly measures this shift as ratio concentration and tightens the score-function cap and regularizer272

accordingly.273
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Figure 2: P3O is robust to off-policy data introduced through the varied sampling temperature
of rollouts. Sampling rollouts at a temperature other than 1.0 introduces a distribution shift in the
token-level log probabilities, creating off-policy data for Qwen3-4B-Thinking-2507. Corresponding
Qwen2.5-1.5B results are deferred to Fig. 7.
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Figure 3: P3O is robust to off-policy data introduced through the BF16 Train + FP8 Rollout
training scheme. As accuracy collapse is observed in longer rollout lengths [31], a rollout length of
16,384 tokens was used in this experiment. The demonstrated robustness of P3O to off-policy data
allows for the use of faster rollout generation strategies. In contrast, GRPO’s performance degrades
significantly under the same conditions, highlighting its sensitivity to off-policy data.

As shown in Fig. 2, GRPO’s performance degrades at both T = 0.6 and T = 1.2 relative to the274

on-policy baseline on Qwen3-4B, while P3O matches or exceeds standard-temperature performance275

without retuning. The same qualitative trend appears for Qwen2.5-1.5B in Fig. 7, confirming that the276

batch ESS adapts to the induced ratio shift across both model families.277

BF16 Train + FP8 Rollout. The practical off-policy mismatch described in Sec. 1 is directly278

instantiated by mixed-precision pipelines: rollouts generated by an FP8-quantized policy carry279

different token-level log-probabilities than the BF16 training model, shifting the per-token ratio ρt280

(Eq. (7)) away from one. We test whether P3O’s adaptive regularizer (Eq. (12)) handles this mismatch281

without any change to the training configuration.282

Off-policy data is created when rollouts are generated by a model quantized to a different numerical283

precision than the training model. Rollouts generated in lower precision can be much faster to284

generate, leading to a faster training run overall. A common training strategy is to use BF16285

precision for training and FP8 while creating rollouts, but this strategy can lead to collapse in reward286

performance, particularly for large max_tokens, because the rollout policy and training policy no287

longer induce the same token-level probabilities [31]. In practice, dynamic quantization methods288

are used where the latest trained policy is moved to the rollout engine with BF16 precision, then289

dynamically quantized to FP8 for rollout generation [29]. As shown in Fig. 3, P3O remains stable290

when FP8 quantization pushes importance ratios away from one, maintaining training quality without291

any change to the training configuration, whereas GRPO collapses later in training under the same292

mismatch.293
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Figure 4: Pass@k averaged over all five held-out benchmarks (AIME24/25/26, AMO-Bench,
AMC). Left: clip-ratio variants at 4K-token evaluation; GRPO is averaged over ϵ ∈ {0.2, 0.4, 0.6}.
Ours matches or exceeds the averaged GRPO sweep without requiring a clip-ratio choice. Right:
BF16-train + FP8-rollout variants at 16K-token evaluation. GRPO collapses by iter 30 (near-zero
pass@k) while Ours retains strong performance.

4.4 Benchmark Results294

To confirm that the reward-curve advantages of P3O translate to held-out task performance, we295

evaluate checkpoints of Qwen3-4B-Thinking-2507 trained with each method on five mathematical296

reasoning benchmarks (Table 7). These include AIME24 [33], AIME25 [34], AIME26 [35], AMO-297

Bench [1], and AMC [18], all of which are standard held-out benchmarks for mathematical reasoning.298

Notably, the DeepScaleR-Preview training set contains no samples from these benchmarks, so the299

table measures generalization.300

Fig. 4 shows that the training-time stability differences seen in the reward curves also matter at301

evaluation time. In the clip-sensitivity study (Fig. 4a), P3O is competitive with or better than the302

averaged GRPO sweep at every k while avoiding the clip-selection burden entirely. In the FP8 rollout303

setting (Fig. 4b), P3O retains benchmark performance much later into training, while GRPO degrades304

sharply—by iter 30 its pass@k is near zero across all benchmarks. Full per-benchmark results are305

reported in Table 7 in the appendix.306

5 Discussion307

RL is structurally and algorithmically fragile, and large-model post-training sharpens that fragility308

because rollouts are expensive, hyper-parameters are consequential, and tuning costs compound with309

model scale. Recent approaches respond by adding or re-parameterizing fixed choices (asymmetric310

clip ranges, staleness budgets, etc.) tuned per task and model, and each addition makes the algorithm311

more sensitive to its configuration rather than less. We take the opposite path. The amount of trust312

placed in an update should be adaptive rather than pre-committed before training begins. Using the313

normalized effective sample size of the current policy ratios, P3O replaces fixed clipping with a314

batch-adaptive score-function cap and matching regularizer, behaving like an on-policy update on315

fresh data and tightening automatically on stale or mismatched data. This does not make arbitrary316

off-policy data reliable, since meaningful token-level ratios and adequate support in the behavior317

data are still required, but it turns off-policy mismatch into a measured batch property and removes318

the need for clip ranges, behavior-weight caps, and staleness budgets. The same mechanism also319

makes off-policy data directly usable inside one objective, whereas prior methods reuse it only320

through specialized losses or per-regime retuning. Across the regimes we test, including clip sweeps,321

temperature shifts, and BF16/FP8 mixed precision, P3O matches or exceeds tuned GRPO baselines322

with no objective hyper-parameters to set. We view this paper as a starting point for batch-adaptive323

methods that improve large-model post-training by reducing, rather than expanding, the surface of324

pre-committed knobs.325
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Algorithm 1 GRPO

Require: Policy πθ; group size G; clip (ϵℓ, ϵh); entropy coefficient βent

Rollout: for each prompt xp, sample G completions from πθ, record log πb = log πθ, and
compute

Ap,j =
rp,j − 1

G

∑
k rp,k√

1
G

∑
k(rp,k − r̄p)

2
+ ϵ

Update: for each micro-batch B with mask M :
1: ρt ← exp

(
log πθ(yt |c<t)− log πb(yt |c<t)

)
2: L ← −

〈
min

(
ρtAt, clip(ρt, 1−ϵℓ, 1+ϵh)At

)〉
M
− βent⟨Hθ⟩M

3: Backward pass; optimizer step

Algorithm 2 P3O

Require: Policy πθ; group size G; entropy coefficient βent (no clip range)

Rollout: identical to Algorithm 1
Update: for each micro-batch B with mask M :

1: ρt ← exp
(
log πθ(yt |c<t)− log πb(yt |c<t)

)
2: eB ←

(∑
M ρt

)2/(|M | ·∑M ρ2t
)

(ESS, all-reduced across workers)
3: L ← −⟨sg(min{ρt, eB}) log πθAt⟩M + (1−eB)⟨KL(πθ∥πb)⟩M − βent⟨Hθ⟩M
4: Backward pass; optimizer step

A Algorithm Pseudocode431

We present pseudocode for GRPO and P3O as implemented in our FeynRL framework. Both432

algorithms share the same rollout phase and use group-relative advantages (Eq. (3)); they differ only433

in how the policy update is computed. GRPO uses a fixed clip range (ϵℓ, ϵh) to bound the per-token434

policy ratio, while P3O replaces this fixed clip with a batch-adaptive ESS cap and an adaptive KL435

regularizer, introducing no new hyper-parameters. Throughout both algorithms, ⟨·⟩M denotes the436

mean over the valid (non-padded) tokens indicated by mask M , sg(·) is the stop-gradient operator,437

and c<t = (x, y<t) is the conditioning context at position t.438

B Two-anchor extension of P3O: full formulation439

The extension discussed in Sec. 3.1 replaces the single-anchor regularizer of Eq. (12) with a KL440

toward an ESS-weighted mixture of the behavior policy πb and a proximal snapshot πprox of πθ taken441

at the start of each optimizer epoch. The full loss is442

Lext(θ) = −Eπb

[
sg(min{rb, emix}) log πθ(yt | c<t)A

]
+ (1− emix)KL

(
πθ

∥∥πmix

)
, (14)

with the following per-batch quantities:443

rb =
πθ(yt | c<t)

πb(yt | c<t)
, rprox =

πθ(yt | c<t)

πprox(yt | c<t)
,

eb =

(∑
B rb

)2
|B|

∑
B r2b

, eprox =

(∑
B rprox

)2
|B|

∑
B r2prox

,

emix = min(eb, eprox),

πmix(· | c<t) =
(1− eb)πb(· | c<t) + (1− eprox)πprox(· | c<t)

(1− eb) + (1− eprox)
. (15)

Each anchor is weighted by its (1−ESS), so a fully on-policy axis (whose ESS approaches one) drops444

out of the mixture and the regularizer pulls only toward the mismatched anchor. The construction445

reduces to the single-anchor P3O regularizer when either anchor is uninformative: if eb → 1 the446

13



behavior weight vanishes and πmix → πprox; if eprox → 1 the proximal weight vanishes and447

πmix → πb, recovering Eq. (12). The construction adds no hyper-parameter beyond what P3O448

already uses.449

C Additional experimental details450

This appendix summarizes the settings for the main runs and a small set of supplementary off-policy451

ablations.452

Hyper-parameter Value
Optimizer AdamW
Learning rate 1e-5
Betas (β1, β2) (0.9, 0.95)
Weight decay 0.01
Gradient clipping 1.0
LR scheduler WarmupCosineLR (10% warmup ratio)

Table 2: Shared optimizer settings used across all experiments.

Hyper-parameter Clip Runs Temperature Runs FP8 Runs
Model Qwen3-4B-Thinking-2507 Qwen3-4B-Thinking-2507 Qwen3-8B-Base
Training / rollout GPU split 6 train + 2 rollout 6 train + 2 rollout 5 train + 3 rollout
Global train batch size 48 48 5
Train micro-batch / GPU 8 4 1
Gradient accumulation 1 2 1
Rollout batch size / GPU 64 64 16
Rollout samples / epoch 512 512 256
Max tokens 1024 4096 16384
Sampling temperature 1.0 T ∈ {0.6, 1.2} 1.0
GRPO clip setting ϵ ∈ {0.2, 0.4, 0.6} ϵ = 0.4 ϵ = 0.4

Table 3: Per-experiment training configuration. Clip and temperature runs use the 4B model with a
6/2 GPU split; the FP8 ablation uses the 8B model with a 5/3 split and a 16K-token rollout budget.

Hyper-parameter Value
Shared benchmark-evaluation settings

Temperature 1.0
Top-p 0.95
Group Size (nsamples) 16
Rollout Batch Size / GPU 16
Rollout GPUs 8
Data Workers 8

4K benchmark eval family (clip + temperature)
Benchmarks AIME24, AIME25, AIME26, AMO-Bench, AMC
Max Response Tokens 4096

16K benchmark eval family (baseline + FP8)
Benchmarks AIME24, AIME25, AIME26, AMO-Bench, AMC
Max Response Tokens 16384

Model & system configuration
Precision bfloat16
Tensor Parallel Size 1

Table 4: Benchmark-evaluation settings grouped by rollout-length family. Separate 4K-token and
16K-token evaluation regimes are used in the paper, but the sampling policy and GPU allocation are
otherwise held fixed across benchmarks and checkpoints.

The main distinction across training families is the rollout budget and GPU partition. Table 3453

summarizes all three experiment families: clip and temperature runs use the 4B model with a 6/2454
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Hardware Attribute Value
Accelerator Configuration

GPU Model NVIDIA H100 (as reported in Sec. 4)
Total GPUs per run 8
Evaluation partition 8 rollout GPUs
Tensor Parallel Size 1

Runtime Configuration
Training Precision bfloat16
Rollout Precision bfloat16; FP8 only in the mixed-precision ablation
Distributed Training DeepSpeed ZeRO-3
Attention Backend Flash Attention 2

Workload Summary
Training Dataset DeepScaleR-Preview
Training Models Qwen3-4B-Thinking-2507 and Qwen3-8B-Base
Evaluation Rollout Batch Size / GPU 16

Table 5: Compute layout for the reported runs, together with the accelerator SKU reported in the
main text. The eight GPUs are partitioned differently across ablation families depending on whether
the workload is optimizer-heavy or rollout-heavy.

Environment Attribute Value
Base environment

Python version 3.13.1 (recommended/tested)
NVIDIA driver CUDA 12.x-compatible; driver version ≥ 525.85 recom-

mended
CUDA toolkit 12.2 (tested); toolkit versions ≥ 12.2 supported
PyTorch build CUDA 12.6 wheels

Core training and rollout stack
PyTorch / TorchVision CUDA-enabled install
DeepSpeed 0.18.9
vLLM 0.19.0
Transformers 4.57.6
Ray 2.54.1
FlashAttention 2.8.3 (built from source)

Table 6: Software environment used for the reported experiments. The table records only the main
CUDA and library versions needed to contextualize the reported pipeline.

train-rollout split, while the FP8 ablation uses the 8B model with a 5/3 split and a 16K-token rollout455

budget. Benchmark evaluation is likewise split into separate 4K-token and 16K-token regimes, which456

is why Table 7 mixes both context budgets.457

Under asynchronous optimization, both the one-step and two-step pipeline variants preserve the same458

qualitative ordering: P3O remains more stable than GRPO as rollout staleness increases. We show459

the one-step setting in Fig. 5 because it is visually cleaner; the omitted two-step variant follows the460

same trend.461

D Two-anchor extension training stability462

Fig. 8 reports training curves for the two-anchor extension of P3O described in Sec. B—alongside P3O463

and GRPO baselines. All three algorithms are trained on Qwen3-4B-Thinking using the DeepSeek464

dataset with temperature 1.2 and a rollout length of 4,096 tokens.465

The two-anchor extension matches the peak reward of P3O and GRPO (≈0.67) during the first 16466

steps but then collapses abruptly, falling to near-zero reward before the run terminates at step 24.467

P3O remains stable throughout the full training run, and GRPO degrades more gradually in the later468

steps. The collapse suggests that the dual-anchor regularizer amplifies gradient variance once the469

proximal snapshot drifts far from the behavior policy, destabilizing optimization under the current470
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Figure 5: Asynchronous-training comparison between P3O and GRPO under one optimizer
step per rollout epoch. Rollouts are generated by a stale policy while the learner continues updating,
creating the off-policy lag discussed in the main text. In this one-step pipeline setting, P3O maintains
a higher and more stable reward trajectory than GRPO across training. The corresponding two-
step pipeline produces the same qualitative ordering and is omitted to avoid duplicating the same
comparison with only a modest increase in late-training noise.
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Figure 6: Comparison of GRPO and P3O with respect to the mixing of off-policy data. A rollout
length of 4,096 tokens was used in this experiment. This experiment uses Qwen3-8B [28] to generate
rollouts for training Qwen3-4B-Thinking-2507, as it is from a different model family. Data was
mixed at a 50% ratio, meaning half of the rollouts were generated by the training model and half
were generated by the separate policy.
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Figure 7: Temperature-robustness results for Qwen2.5-1.5B, corresponding to Fig. 2(c,d). As
in the main-text Qwen3-4B experiments, changing rollout temperature introduces a token-level
distribution shift that degrades GRPO while P3O remains comparatively stable.
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Figure 8: Training curves for the two-anchor extension of P3O, P3O, and GRPO on Qwen3-4B-
Thinking. All runs use the DeepSeek dataset with temperature 1.2 and a rollout length of 4,096 tokens.
The two-anchor extension peaks at a reward comparable to P3O and GRPO but undergoes a sharp
collapse after step 16, dropping to near-zero reward by step 24 before the run terminates. P3O
maintains stable, high reward throughout training, while GRPO shows partial instability in later steps.
These results indicate that the two-anchor regularizer, though theoretically motivated, introduces
training instability under the current hyperparameter regime.

hyperparameter setting. Addressing this instability—through tighter proximal resets, adaptive KL471

weighting, or learning-rate schedules—is left as future work.472

Fig. 9 presents a complementary experiment at default rollout temperature, where the same three473

algorithm families are compared but GRPO is run with a larger clip ratio (ϵ=0.4).474

E Benchmark results475

Table 7 reports pass@1 for each checkpoint on all five held-out benchmarks.476
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Figure 9: Training curves for the two-anchor extension of P3O, P3O, and GRPO (ϵ=0.4) on
Qwen3-4B-Thinking at default temperature. All runs use the DeepSeek dataset with a rollout
length of 4,096 tokens. Unlike the temperature-1.2 regime (Fig. 8), the two-anchor extension remains
stable throughout training and achieves the highest final reward (≈0.50), slightly outpacing both
P3O and GRPO with ϵ=0.4. The standard GRPO baseline (default ϵ) reached only ≈0.19 reward
in this setting and is excluded from the plot for clarity. Together with Fig. 8, these results suggest
that the two-anchor extension’s instability is sensitive to temperature: at higher rollout temperatures
the dual-anchor regularizer can destabilize training, whereas at the default temperature it performs
comparably to or better than P3O.

Training Method AIME24 AIME25 AIME26 AMO-Bench AMC

Baseline Model (4K tokens) 0.029 0.033 0.006 0.007 0.217
Baseline Model (16K tokens) 0.371 0.471 0.396 0.019 0.618

Clip Variants (ϵ ∈ {0.2, 0.4, 0.6}, 4K tokens)
GRPO (clip avg) 0.176±0.039 0.160±0.123 0.126±0.087 0.012±0.007 0.381±0.195

P3O 0.165 0.183 0.160 0.010 0.493

FP8 Variants (BF16 train + FP8 rollout, 16K tokens)
FP8 Rollout GRPO Iter 15 0.154 0.250 0.160 0.021 0.499
FP8 Rollout GRPO Iter 30 0.002 0.000 0.002 0.019 0.029
FP8 Rollout P3O Iter 15 0.158 0.237 0.179 0.024 0.478
FP8 Rollout P3O Iter 30 0.173 0.254 0.175 0.026 0.529

Table 7: Benchmark results (pass@1) across trained checkpoints. Baseline rows report untrained
Qwen3-4B-Thinking-2507 at two rollout lengths. Clip-variant GRPO shows mean ± std across
ϵ ∈ {0.2, 0.4, 0.6}. FP8 rows report individual checkpoints. Bold: best within each group per
column.
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