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ABSTRACT

Reinforcement learning (RL) has become central to training large language mod-
els (LLMs), yet the field lacks predictive scaling methodologies comparable to
those established for pre-training. Despite rapidly rising compute budgets, there
is no principled understanding of how to evaluate algorithmic improvements for
scaling RL compute. We present the first large-scale systematic study, amounting
to more than 400,000 GPU-hours, that defines a principled framework for analyz-
ing and predicting RL scaling in LLMs. We fit sigmoidal compute-performance
curves for RL training and ablate a wide range of common design choices to an-
alyze their effects on asymptotic performance and compute efficiency. We ob-
serve: (1) Not all recipes yield similar asymptotic performance, Details such as
loss aggregation, normalization, curriculum, and off-policy algorithm primarily
modulate compute efficiency without materially shifting the asymptote, and (3)
Stable, scalable recipes follow predictable scaling trajectories, enabling extrap-
olation from smaller-scale runs. Combining these insights, we propose a best-
practice recipe, ScaleRL, and demonstrate its effectiveness by successfully scal-
ing and predicting validation performance on a single RL run scaled up to 100,000
GPU-hours. Our work provides both a scientific framework for analyzing scaling
in RL and a practical recipe that brings RL training closer to the predictability
long achieved in pre-training.

1 INTRODUCTION
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Figure 1: Predicatably Scaling RL compute to 100,000 GPU Hours (a) We run ScaleRL for 100k
GPU hours on an 8B dense model, and 50k GPU hours on a 17Bx16 MoE (Scout). We fit a sigmoid
curve (Equation ) on pass rate (mean@16) on iid validation dataset up to 50k (and 16k) GPU hours and
extrapolate to 100k (and 45k) on the 8B (Scout MoE) models respectively. We trained for 7400 steps for 8B
and 7100 steps for Scout, which is 3.5x larger than ProRL (Liu et al.| 2025a). The extrapolated curve (X
markers) closely follows extended training, demonstrating both stability at large compute and predictive fits—
establishing ScaleRL as a reliable candidate for RL scaling. (b) Downstream evaluation on AIME-25 shows a
consistent scaling trend for ScaleRL, thus generalizing beyond the training data distribution. Moreover, scaling
model size substantially improves the downstream and asymptotic RL performance.
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Comparing Scale RL with prevalent recipes
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Figure 2: We fit sigmoid curves (Equation ) to prevalent training recipes like DeepSeek (GRPO) (Guo et al.}
2025), Qwen-2.5 (DAPO) (Yu et al;[2025), Magistral (Rastogi et al.l[2025), and Minimax-M1 (MiniMax et al.,
2025), and compare them with ScaleRL. ScaleRL surpasses all other methods, achieving an asymptotic reward
of A = 0.61. Stars denote evaluation points; solid curves show the fitted curve on the region of points it’s fitted
onto; dashed curves extrapolate beyond it. We validate the predictability by running each method for longer
(“+” markers), which align closely with the extrapolated curves for stable recipes like ScaleRL and MiniMax.

Scaling reinforcement learning (RL) compute is emerging as the critical paradigm for advancing
large language models (LLMs). While pre-training establishes the foundation of a model, it is the
subsequent phase of RL training that unlocks the important capabilities of today’s LLM capabilities,
from test-time thinking (OpenAlL [2024)) to agentic capabilities (Kimi Team et al., |2025a)). For in-
stance, Deepseek-R1-Zero used 100,000 H800 GPU hours for RL training — 3.75% of its pre-training
compute (Guo et al.,2025). This dramatic increase in RL compute is amplified across frontier LLM
generations, with more than 10x increase from ol to 03 (OpenAl, 2025) and a similar leap from
Grok-3 to Grok-4 (xAl Teaml, [2025)).

While RL compute for LLMs has scaled massively, our understanding of #ow to scale RL has not
kept pace; the methodology remains more art than science. Recent breakthroughs in RL are largely
driven by isolated studies on novel algorithms (e.g., [Yu et al.| (DAPO, 2025))) and model-specific
training reports, such as, MiniMax et al.|(2025) and Magistral (Rastogi et al.,[2025])). Critically, these
studies provide ad-hoc solutions tailored to specific contexts, but not zow to develop RL methods
that scale with compute. This lack of scaling methodology stifles research progress: with no reliable
way to identify promising RL candidates a priori, progress is tied to large-scale experimentation
that sidelines most of the academic community.

This work lays the groundwork for science of RL scaling by borrowing from the well-established
concept of scaling laws from pre-training. While pre-training has converged to algorithmic recipes
that scale predictably with compute (Kaplan et al., [2020; Hoffmann et al., 2022} |Owenl, |2024), the
RL landscape lacks a clear standard. As a result, RL practitioners face an overwhelming array of
design choices, leaving the fundamental questions of ~ow to scale and what to scale unanswered. To
address these questions, we establish a predictive framework for RL performance using a sigmoid-
like saturating curve between the expected reward (R¢) and training compute (C):
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where 0 < A < 1 represents the asymptotic pass rate, and B > 0 is a scaling exponent that
determines compute efficiency, and Cpiq sets the midpoint of the RL performance curve. This
framework in Equation [T] allows researchers to extrapolate performance from lower-compute runs
to higher compute budgets, enabling them to evaluate scalability of RL methods without incurring
the compute cost of running every experiment to its computational limit.

Guided by this framework, we develop ScaleRL, an RL recipe that scales predictably with com-
pute. In a massive 100,000 GPU-hours training run, we show that ScaleRL’s performance closely
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matches the scaling curve predicted by our framework (Figure [T). Critically, scaling curves ex-
trapolated from only the initial stages of training closely match the final observed performance,
confirming the predictive ability of our framework to extreme compute scales.

The design of ScaleRL is grounded in a comprehensive empirical study of RL scaling that spanned
over 400,000 GPU-hours (GB200). This study explored numerous design choices at an 8B pa-
rameter scale, where individual runs use up to 16,000 GPU-hours, making them 6x cheaper than
experimenting at our largest training run scale. This investigation yielded three key principles:

* RL Performance Ceilings are Not Universal: As we scale training compute for different
methods, they encounter different ceilings on their achievable performance (A). This limit can
be shifted by choices such as the off-policy RL loss and batch size.

* Embracing the Bitter Lesson: Methods that appear superior at small compute budgets can
be worse when extrapolated to large-compute regimes (e.g., Figure [2). We can still identify
scalable methods by estimating the scaling parameters (A, B) from the early training dynamics
using our framework (Equation [I)).

* Re-evaluating Common Wisdom: Common interventions thought to improve peak perfor-
mance (e.g., loss aggregation, data curriculum, length penalty, advantage normalization) mainly
adjust compute efficiency (B), not the performance ceiling.

Based on these insights, ScaleRL achieves predictable scaling by integrating existing methods,
rather than inventing novel methods. Specifically, ScaleRL combines asynchronous Pipeline-RL
setup, forced length interruptions, truncated importance sampling RL loss (CISPO), prompt-level
loss averaging, batch-level advantage normalization, FP32 precision at logits, zero-variance filter-
ing, and No-Positive-Resampling — with each component’s contribution validated in a leave-one-out
ablation study, consuming 16,000 GPU-hours per run.

ScaleRL not only scales predictably but also establishes a new state-of-the-art (Figure 2) —
it achieves higher asymptotic performance and compute efficiency compared to established RL
recipes. Moreover, ScaleRL maintains predictable scaling when increasing compute across multiple
training axes — including 2.5x larger batch sizes, longer generation lengths up to 32,000 tokens,
multi-task RL using math and code, and larger MoE models (Llama-4 17B x 16) — with benefits that
consistently transfer to downstream tasks. Overall, this work establishes a foundational methodol-
ogy for rigorously and cost-effectively predicting the scalability of new RL algorithms.

2 PRELIMINARIES

We consider reinforcement learning with LLMs, where prompts = are sampled from a data distri-
bution D. Our setup follows a generator—trainer split across GPUs: a subset of GPUs (generators)
use optimized inference kernels for high-throughput rollout generation, while the remaining GPUs
(trainers) run the training backend (FSDP) and update parameters. We denote by wgen and ¥ . the
model with parameters 6 on the generator and training backends, respectively. For each prompt, the
old policy wgglg on the generator GPUs produces candidate completions, which are then assigned
scalar rewards. Policy optimization proceeds by maximizing a clipped surrogate objective, taking

expectations over x ~ D and rollouts from wggl;g.

Base RL Algorithm As our starting point, we start with a “base” algorithm that resembles
GRPO (Shao et al.| |2024) without any KL regularization term, in line with large-scale training re-
ports (Rastogi et al., 2025; MiniMax et al., [2025). Additionally, we include the asymmetric DAPO
clipping (Yu et al.| [2025)), because of its widespread adoption as a default approach to avoid entropy
collapse and maintain output diversity.

For a given prompt z, the old policy meen(fo1a) generates G candidate completions {y;}& ;, each
assigned a scalar reward r;. We compute adavantages A; and group-normalized advantages using:

Ai = ri—mean({ry}E), A9 = A/ (std({r;}50) + )

Each completion y; of length |y;| contributes at the token-level importance sampling (IS) ratios
pi.+(0), with asymmetric upper and lower clipping thresholds, akin to DAPO (Yu et al.| [2025):

0 ) ) O (.
piyt(e) — ﬂ'tzmn(yz,t | x»yz,<t) _ thazn(yz,t)’ Clipasym(p’ a) = Clip(p, 1—e,1+ €+) ()
mgen(Yit | T, Yi,<t) Tgen (Vi)
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We aggregate losses at the sample level, i.e., averaging per-sample token losses before averaging
across samples. The surrogate objective is given by:

G i

J(g) — EzwD 1 Z Z mln(pl t z , Chpasym(pz t(e))AZG) (3)

(Sl (o) | G 17 14l

Controlling Generation Lengths. To prevent reasoning output lengths from exploding during
training, which harms training stability and efficiency, we use interruptions (GLM-V Team et al.,
2025; |Yang et al., 2025) that forcibly stop overly long generations by appending an end-of-thinking
phrase (e.g., “Okay, time is up. Let me stop thinking and formulate a final answer </think>"),
signaling the LLM to terminate its reasoning and produce a final answer. We revisit this choice
later to compare it with a length-penalty aproach that penalizes overly long generations (Kimi Team!
et al.,2025b).

Predictive scaling and fitting curves We model pass rate versus log(compute) with a sigmoidal
fit (Equation (I)), consistent with prior work that uses sigmoids to capture bounded metrics such
as accuracy (Ruan et al.l [2024; [Srivastava et all [2022). Similar to pre-training studies (Hoffmann
et al.,2022; |Li et al., |2025b; [Porian et al., [2025)), we find that excluding the very early low-compute
regime yields more stable fits, after which training follows a predictable trajectory. Unless noted
otherwise, all our fits begin after ~1.5k GPU hours. Full details of the fitting procedure are provided

in Appendix

3 AN EMPIRICAL STUDY OF RL SCALING

We mainly conduct our RL experiments using an 8B dense model on verifiable math tasks with
a batch size of 768 and a maximum output sequence length of 14,336 tokens. To demonstrate
predictable scaling with ScaleRL, we also consider training setups with a much larger mixture-of-
experts model, multiple tasks (math and code), and longer sequence lengths, in Section 4 More
details about training setup, including datasets and hyper-parameters, are provided in Section[A.3]

We structure our experiments in two stages: first, we ablate design choices on the baseline at 3.5k-4k
GPU hours, since many setups destabilize beyond this scale. In fact, when a design change proved
stable, we trained it longer. Second, we combine the best choices into ScaleRL and run leave-one-
out (LOO) experiments at 16k GPU-hours. We also testing predictability by fitting on the first 8k
GPU-hours and extrapolating the remainder.

We first investigate the choice of asynchronous off-policy RL setup (Noukhovitch et al, [2024), as
it governs training efficiency, independent of all other design choices. Specifically, we consider two
approaches to off-policy learning: PPO-off-policy-k and PipelineRL-k. Following this, we study
several design axes in terms of their scaling behavior.

3.1 ASYNCHRONOUS RL SETUP

PPO-off-policy-k is the default approach for asynchronous RL and has been used previously by
Qwen3 (Yang et al., 2025) and ProRL (Liu et al., 2025a). Here, the old policy 994 generates rea-

soning traces for a batch of B prompts. Each gradient update processes a mini- batch of B prompts,

resulting in k = B/ B gradient updates per batch. In our experiments, we fix B =48 prompts (with
16 generations each), and vary k € {1, 8} by setting B = k x 48.

PipelineRL-% is a recent approach from |Piche et al.| (2025) and used by Magistral (Rastogi et al.,
2025). In this scheme, generators continuously produce reasoning traces in a streaming fashion.
Whenever trainers finish a policy update, the new parameters are immediately pushed to the genera-
tors, which continue generating with the updated weights but a stale KV cache from the prior policy.
Once a full batch of traces is generated, it is passed to the trainers for the next update. In our setup
we add a parameter k, whereby the trainers wait if they get k steps ahead of the generators.

We compare these approaches in Figure [3a] PipelineRL achieves similar asymptotic performance
A, but substantially improves compute efficiency B; thus reaching the ceiling A faster. This is
because pipelineRL reduces the amount of idle time in the training process. This choice yields
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Figure 3: (a) Comparing different off-policy algorithms. We report only the B (scaling exponent) and A
(asymptotic pass rate) parameters of the fitted sigmoid curve eq. (I). PipelineRL-k is much more efficient
and slightly better in the large compute limit. (b) We also compare popular loss functions: DAPO (Yu et al.,
2025), GSPO (Zheng et al} 2025a), and CISPO (MiniMax et al 2025), and find CISPO/GSPO achieve a
higher asymptotic reward compared to DAPO. (c¢) Using FP32 precision in the final layer (LM head) gives a
considerable boost in asymptotic reward.

reliable gains with fewer tokens, making larger sweeps at a lower compute budget possible. We also
vary the maximum off-policyness for PipelineRL and find k¥ = 8 to be optimal, which we discuss in

Appendix

3.2 ALGORITHMIC DESIGN CHOICES

Building on the results above, we adopt PipelineRL-8 as our updated baseline. We now study six
additional design axes: (a) loss aggregation, (b) advantage normalization, (c) precision fixes, (d)
data curriculum, (e) batch definition, and (f) loss type. In Section[3.3] we combine the best options
into a unified recipe, which we call ScaleRL, and conduct leave-one-out experiments on a larger
scale of 16,000 GPU-Hours.

Loss Aggregation We evaluate three strategies for aggregating the RL loss: (a) Sample average
where each rollout contributes equally (as in GRPO, Appendix [A.2). (b) Prompt average where
each prompt contributes equally (as in DAPO, Appendix [A.2). (c) Token average where all token
losses in the batch are averaged directly, without intermediate grouping. The comparison results
are shown in Figure We find prompt-average achieves the highest asymptotic performance and
therefore use this choice for ScaleRL.

Advantage Normalization We compare three variants of advantage normalization: (a) Prompt level
where advantages are normalized by the standard deviation of rewards from the rollouts of the same
prompt (as in GRPO, Appendix [A.2). (b) Batch level where advantages are normalized by the
standard deviation across all generations in the batch, as used by [Hu et al.| (2025a); Rastogi et al.
(2025))). (c) No normalization where advantages are computed as raw rewards centered by the
mean reward of the prompt’s generations, without variance scaling (as proposed in Dr. GRPO (Liu
et all 2025b)). Comparison plot is shown in Appendix [A.4] (Figure [7b). All three methods yield
similar performance. We therefore adopt batch-level normalization as it is theoretically sound and
marginally better. This choice is also further corroborated at a larger scale by the LOO experiments

in Section

Loss type We compare DAPO with two recently proposed alternatives: GSPO (Zheng et al.l[2025a)
and CISPO (MiniMax et al.} 2025} [Feng| [2025). GSPO applies importance sampling at the sequence
level as opposed to GRPO’s token-level formulation. Specifically, GSPO alters the token-level IS
ratio (eq. ) to sequence-level ratios: p;(0) = Terain(¥il2.0)/x ... (yi|,00s). CISPO simply combines
truncated IS with vanilla policy gradient (Ionides}, 2008)), which is given by:
1 G vl R
jCISPO (9) = wPD’ f Zl t_zl Sg(Chpasym(pz}t))Ai log ('/Ttrain(yi,t |5L'> Yi<t, 9))

{yi}iGzl Nﬂgen('lmvgold)

where Sg is stop-gradient function.
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Figure 4: Leave-One-Out (LOO) Experiments: Starting from ScaleRL, we revert one design choice at a time
to its baseline counterpart and re-train. Most LOO variants reach a similar asymptotic reward, with ScaleRL
outperforming slightly overall. The main difference in these methods lies in efficiency. To highlight this, we re-
arrange Equation (EI) into F(R.) = C”, where F(R.) = Cly/ (%=F2 — 1), and plot log F(R.) vs. log C.
This form makes slope B directly visible, showing that ScaleRL achieves the highest compute efficiency.

Figure [3b]shows that both GSPO and CISPO substantially outperform DAPO, improving the asymp-
totic pass-rate A by a large margin. CISPO exhibits a prolonged near-linear reward increase, and is
marginally better than GSPO later in training, so we opt for CISPO as our best loss type. Further
discussion on GSPO, CISPO, and their comparison is given in Section[3.3] Appendix

FP32 Precision for LLM logits The generator and trainer rely on different kernels for inference
and training, leading to small numerical mismatches in their token probabilities (He & Lab), [2025).
RL training is highly sensitive to such discrepancies, since they directly affect the IS ratio in the sur-
rogate objective. MiniMax et al.| (2025) identified that these mismatches are especially pronounced
at the LLM head, and mitigate this by FP32 computations at the head for both generator and trainer.
As shown in Figure [3c] the precision fix dramatically improves the asymptotic performance A from
0.52 to 0.61. Given this clear benefit, we include the FP32 precision fix in our ScaleRL recipe.

Zero-Variance Filtering Within each batch, some prompts yield identical rewards across all their
generations. These “zero-variance prompts” have zero advantage and therefore contribute zero pol-
icy gradient. The default baseline includes such prompts in loss computation, but it is unclear
whether they should count toward the effective batch size. To test this, we compare the default set-
ting against an effective batch approach, where only prompts with nonzero variance are included in
the loss calculation, as done by Seed (Seed et al.,[2025). We show in Appendix (Figure that
using the effective batch performs slightly better, and therefore decide to use it in ScaleRL.

Adaptive Prompt Filtering A number of data curriculum strategies have been proposed for RL
training (An et al., 2025} [Zhang et al., 2025b}; Zheng et al., 2025c). Here, we evaluate a simple yet
effective variant introduced in Polaris (An et al.,|2025) with the key observation that once a prompt
becomes too easy for a policy, it typically remains easy. Since such prompts consume some compute
but no longer contribute useful gradient signal (Section[3.2)), it is better to exclude them from future
training. We implement this by maintaining a history of pass rates and permanently removing any
prompt with pass rate > 0.9 from subsequent epochs; we call this No-Positive-Resampling. In
Figure [/d| we compare this curriculum against the default setting where all prompts are resampled
uniformly throughout training. We see that the curriculum improves scalability, both in terms of the
terminal reward A and compute efficiency B.

3.3 SCALERL RECIPE AND LEAVE ONE OUT EXPERIMENTS

From the eight design axes studied above, we consolidate the best-performing settings into a single
recipe, which we term ScaleRL (Scale-able RL). ScaleRL is an asynchronous RL recipe that uses
PipelineRL with 8 steps off-policyness, interruption-based length control for truncation, FP32
computation for logits, and optimizes the loss Jscaler1.(#). This loss combines prompt-level loss
aggregation, batch-level advantage normalization, truncated-IS REINFORCE loss, zero-variance
filtering, and no-positive resampling:
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Figure 5: Large Scale runs: We scale up the ScaleRL recipe across three axes: (a) sequence length: larger
sequence is slower but reaches a higher asymptotic reward, (b) model size: using the larger 17Bx16 Llama-4
model reaches a much higher terminal reward and shows better generalization, and (c) batch size: larger batch
size is slower in training but settles at a higher asymptote. As shown in Section [A.T4] larger batch size also

shows better downstream generalization.
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where Sg is stop-gradient function, Agq is the standard deviation of all advantages A; in the mini-
batch and pass_rate(z) denotes historical pass rate of a prompt x. To validate that these choices
remain optimal when combined, we conduct leave-one-out (LOO) experiments: starting from
ScaleRL, we revert one axis at a time to its baseline counterpart from Section This ensures
that each design decision contributes positively even in the presence of all others.

Figure [4] reports these experiments, each scaled to 16k GPU hours. Across all axes, ScaleRL con-
sistently remains the most effective configuration, slightly outperforming LOO variants either in
asymptotic reward or in compute efficiency. Since most LOO variants reach similar asymptotic pass
rates, we transform the sigmoidal fit to a power-law fit, to highlight efficiency differences via the
slope B (details in Figure d). Concretely, we average the asymptotic reward A across all runs, re-fit
the curves with this fixed A, and then compare slopes. The corresponding non-transformed pass-rate
vs. compute curves are provided in Appendix[A.3]

We fit the sigmoidal curve up to 8k GPU hours and extrapolate to 16k, observing that the pre-
dicted curves align closely with both training and extended points; demonstrating the stability and
predictability of ScaleRL under large-scale training.

4  SCALING TRAINING COMPUTE ACROSS DIFFERENT AXES

Given a fixed or growing compute budget, which scaling knob—context length, batch size, genera-
tions per prompt, model size, or task mix—buys the most reliable performance gain, and how early
can we predict that return? We answer this by (i) fitting the saturating power-law in Eq. (1) early
in training for each setting (precisely, half the target budget), (ii) extrapolating to the target budget,
and (iii) extending training to verify the forecast. Across all axes below we observe clean, predic-
tive fits whose extrapolated curves align with the extended trajectories, mirroring the behavior seen
in our 100k GPU-hour run (Fig. 1a) and the cross-recipe comparison in Fig. 2. As in Appendix
A.4, asymptote estimates vary within £0.02 pass-rate, which we use as the natural error bar for all
extrapolation claims.

Generation length (context budget). Increasing the generation length from 14k to 32k tokens slows
early progress (lower B) but consistently lifts the fitted asymptote (A), yielding higher final perfor-
mance once sufficient compute is provided (Figure[5a). This validates long-context RL as a ceiling-
raising knob rather than a mere efficiency trade-off. Extrapolations made from the 14k-token fit
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Figure 6: AIME 2025: Even though (a) sequence length and (c) batch size show an inverse trend initially
where smaller values seem better at lower compute budget; but because of their higher asymptotic perfor-
mance, larger sequence length and batch size reach a higher value for the downstream evals. (b) larger models
generalize better from the start as evident with the 17Bx16 vs a 8B dense model.

correctly forecast the higher 32k-token trajectory within the £0.02 error band when training is ex-
tended.

Global batch size. Larger batches reliably improve the asymptote and avoid the downstream stag-
nation we observe in smaller-batch runs (Appendix [A.15). In our largest math run, moving to batch
2048 both stabilized training and yielded a fit that extrapolated from up to 50k GPU hours to the
final 100k point, also consistent with a full-trajectory refit (Fig. la). Figure [5c| shows the same
qualitative pattern at mid-scale: small batches may appear better early but are overtaken as compute
Srows.

Generations per prompt (fixed total batch) For a fixed total batch, is it better to allocate more
prompts or more generations per prompt? Sweeping generations per prompt 8,16,24,32 (and adjust-
ing prompts to keep total batch fixed) leaves fitted curves essentially unchanged ( Appendix [A.T4),
suggesting that—at moderate batch—this allocation is a second-order choice for both A and B.
Clearer differences may emerge at much larger batches (e.g., 2k+), which we leave for future work.

Model scale (MoE) Does ScaleRL remain predictive and stable on larger models? Training the
17Bx16 Llama-4 Scout MoE with ScaleRL exhibits the same predictable scaling behavior as the
8B model, with low truncation rates and no instability pathologies noted for alternative losses (Ap-
pendix A.12). Figure[5b| shows the training curve. The extended points align with the fitted curve,
supporting the model-scale invariance of our recipe.

Multi-task RL (math + code). Joint training on math and code produces clean, parallel power-
law trends per domain, with extended points staying on the extrapolated trajectories. This indicates
that the same compute-performance law applies under multi-task mixtures, and ScaleRL’s benefits
transfer across domains. We show the plots in Appendix [A.T4]

5 RELATED WORK

We detail two most relevant works to our study in this section. ProRL (Liu et al. [2025a) demon-
strates that prolonged RL fine-tuning on LLMs (~ 2000 optimization steps, 16k GPU-hours) using a
mix of reasoning tasks (math, code, logic puzzles, etc.) uncovers novel solution strategies beyond a
model’s base capabilities. This longer training regimen delivered significant gains on a 1.5B model,
rivaling the performance of larger models on some benchmarks. ProRL’s contributions lie in specific
heuristics for stability (KL-regularization, policy resetting, entropy controls, etc.) to achieve the best
performance out of a 1.5B model.

Liu et al.| (2025c) offer a complementary perspective and ablates various design choices under con-
sistent conditions on Qwen-3 4B/8B (Yang et al. 2025), and presents a minimalist combination,
LitePPO, that outperforms more complex methods like GRPO (Shao et al., [2024) and DAPO (Yu
et al.} 2025). This yields valuable algorithmic insights, but the focus is on comparative empirical
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findings, rather than on scaling behaviour. Moreover, RL training in their study is done at a smaller
scale (800 - 1200 steps), and downstream improvements are smaller.

None of these work study “scaling” properties of these methods. In fact, the main comparisons are
done on downstream evals, which are not the right metric to study scaling. Rather, as done in pre-
training and in our work here, one needs to study performance on in-distribution held out eval set.
In contrast to the mentioned related works, our work develops and validates a compute-performance
framework with predictive fits, while operating at a much larger compute budget and model scale
compared to the above studies. Additionally, our findings yield a compositional recipe that can scale
to over 100,000 GPU-hours without any stability issues. The rest of the related work is deferred to

Appendix [A.T]

6 CONCLUSION & DISCUSSION

In this work, we study the scaling properties of different techniques used in RL for LLMs in pursuit
of a scalable recipe. With this mission, we derive a method for fitting predictive scaling laws for
accuracy on the validation set that allows us to quantify the asymptotic performance and compute
efficiency of an RL method. Using this methodology, our primary contribution is to conduct a careful
series of ablations of several algorithmic options that go into the RL recipe. For each ablation,
we choose the option with higher asymptotic performance when possible and improved efficiency
otherwise. Combining these choices yields the ScaleRL recipe which scales better than all existing
recipes in our experiments. A few observations are in order:

* Compute efficiency. The important insight of our scaling methodology is that we can use
smaller-scale ablations in a systematic way to predict performance at larger scales. This
allows us to create our final scalable recipe.

* Most important decisions. The off-policy algorithm, loss function, and model precision are
the most important decisions from our ablations. Each of the other decisions does not have
a large individual effect, but as we see from the leave-one-out experiments, they still do
have some cumulative impact when all combined.

* Asymptotic performance vs. efficiency. For many of our ablations, we found the bet-
ter option to improve both efficiency and asymptotic performance, but this is not always
the case (e.g. for FP32). When doing the “forward” ablations starting from the baseline
method, we opt for asymptotic performance first and foremost. Interestingly, when doing
the “backward” leave-one-out ablations from the ScaleRL recipe, we find very little impact
on asymptotic performance from each decision, but each component of the algorithm seems
to help efficiency. This shows that the cumulative effect of the changes is quite robust.

* Generalization. Throughout we focus on validation accuracy on a held-out dataset from
the training distribution of prompts. This still leaves an issue of generalization where the
model must generalize from the training prompt distribution to held out test sets, which
could be especially tricky in the RL setting where we take many epochs over the training
prompt set. While a full characterization of generalization behavior is beyond the scope of
our work, we do find generalization to work well most of the time. However, there are some
algorithmic choices that seem to help generalization that we want to note here including:
larger batch size, reducing truncations, and larger model scale.

Future work A natural next step is to derive predictive “scaling laws” for RL across pre-training
compute, model size, and RL training data. Future studies can also include other axes of RL compute
scaling, such as incorporating structured or dense rewards (Setlur et al., 2024) and more compute-
intensive generative verifiers (Zhang et al.| [2025a), to find optimal compute allocation for RL train-
ing. Finally, the framework introduced here can be applied to study the scaling behavior of other
post-training regimes, including multi-turn RL, agentic interaction, and long-form reasoning.

There are of course many more design choices in the RL algorithm, so we don’t think that our
ScaleRL recipe is the end of the story. We hope that our focus on scalable RL and methodology for
predicting scalability can inspire future work to push the frontier of RL for LLMs even further.
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A APPENDIX

A.1 RELATED WORK

A wave of recent work has applied Reinforcement Learning (RL) to improve the reasoning abili-
ties of large language models (LLMs); often achieving state-of-the-art results on challenging tasks
(OpenAl 2024;|Guo et al., 2025} |Seed et al.,|2025). OpenAlI’s ol series of models established that
large-scale RL can substantially enhance long-horizon reasoning, but did not release any details on
how these models were trained. Deepseek R1 (and R1-Zero) (Guo et al., 2025) provided the first
comprehensive study on training high-performing and long Chain-of-Thought (CoT) models primar-
ily via RL, documenting emergent behaviours under extended RL without any reliance on reward
models (Lightman et al.,|2023)) or Monte Carlo Tree Search (MCTS) (Xie et al.| [2024)).

The earliest widely referenced RLVR (verifiable-reward) algorithm underlying this wave of reason-
ing development is Group Relative Policy Optimization (GRPO), introduced in |Shao et al.| (2024).
GRPO is a critic-free, group-relative policy gradient with PPO-style clipping that replaces a learned
value baseline with group baselines to reduce computational cost and stabilize credit assignment
for long CoTs. While GRPO catalyzed rapid progress, subsequent work document its limitations
(token-level clipping, model collapse risks) and motivate different group- or sequence- level vari-
ants (Yu et al., 2025} |Yue et al., |2025; [Hu et al., 2025b; Zheng et al.| 2025b).

Yu et al.| (2025) propose the Decoupled clip and Dynamic Sampling Policy Optimization (DAPO),
where they decouple €., and €,; 4, clipping in the GRPO objective and do Clip-Higher for ep;gn
to avoid entropy collapse. Furthermore, they do dynamic sampling of prompts in a given batch to
avoid samples with zero variance (or advantage) which contribute zero policy gradients. Finally,
they employ token-level loss aggregation unlike GRPO, which uses sample-level loss averaging.
With these modifications, they are able to surpass the vanilla GRPO baseline while avoiding entropy
collapse in the RL training. In parallel, |[Yue et al.|(2025) develop VAPO; a value-augmented PPO
tailored for long CoTs with strong stability and outperforming value-free baselines like GRPO and
DAPO. They combine value pre-training and decoupled Generalized Advantage Estimation (GAE)
from VC-PPO (Yuan et al., [2025), loss objective modifications from DAPO, and propose length-
adaptive GAE to come up with an open recipe, VAPO, that has been used to train large MoE models
in Seed et al.| (2025)). Similarly, other technical report like Magistral (Rastogi et al.| [2025)), Kimi-
k1.5 (Kimi1 Team et al., [2025b), Minimax-01 (L1 et al.l [2025a) detail various details on their RL
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training recipes, but don’t share extensive experiments on why their design choices are better than
the baselines.

A.2 BACKGROUND

Group Relative Policy Optimization (GRPO) GRPO (Shao et al., [2024) adapts PPO |Schulman
et al.|(2017) for LLM fine-tuning with verifiable rewards. For a given prompt z, the old policy
Teen(Bo1a) generates G candidate completions {yi}iG:p each assigned a scalar reward r;. To empha-
size relative quality within the group, rewards are normalized as

i T mean({rj}jG:l)
AT TR e @

Each completion y; of length |y;| contributes at the token level through ratios

7'(-trai'rz(yi,if | T, Yi, <ty 9)

it(0) = : &)
p ’t( ) 7'rgen(yi,t | $7yi,<t7001d)
The GRPO objective averages across both completions and tokens:
1 G 1 i R .
Jaerpo(0) = Eanp, Ie > il Zmin<,0i,t(9)Aia clip(pi(0),1 & E)Ai> (6)
{yi}or ~Toen(- 1, 000) - Wil 3

Thus GRPO preserves token-level policy ratios as in PPO, while using sequence-level, group-
normalized advantages to stabilize learning under sparse rewards.

Decoupled Clip and Dynamic Sampling Policy Optimization (DAPO) DAPO (Yu et al.,[2025)
extends GRPO with two key modifications. First, it replaces symmetric clipping with asymmet-
ric clipping, using distinct thresholds for upward and downward deviations: clip,g,(p,a) =

clip(p, 1 — €7, 1+ ¢"), where ¢~ and e are hyper-parameters.

Second, DAPO changes the aggregation scheme to operate at the prompt level. For a given prompt
x ~ D, the old policy produces G completions {y;}$, with advantages {A;} (Equation ). Let

T = Zil |y:| denote the total number of tokens across all completions. With token-level ratios as
in Equation (3)). The DAPO surrogate objective is

G il
1 . - -
Jparo(0) = Eqnp, T > > min (Pi,t(a)Aia cliPagym (0,t(0), Ai)Ai> (7

G
{Yi et ~Ten(-12,6019) i=1 t=1

This prompt-level normalization ensures that each token contributes equally to the prompt’s loss,
regardless of the number or length of its sampled completions. DAPO also introduces dynamically
dropping 0-variance prompts from the batch during training and filling the batch with more prompts
until the batch is full. We skip that change here since its effect is similar to having a larger batch
size.

A.3 TRAINING SETUP

Datasets For the small-scale SFT, we use a curated datamix of reasoning traces. We filter this
dataset by removing trivial prompts, discarding solution traces exceeding 12k tokens, and decontam-
inating with AIME 2024/2025 (AoPS| [2025) and MATH-500 (Hendrycks et al.|[2021)) benchmarks.
For the RL stage, we use the Polaris-53K dataset (An et al.,[2025)) for most of our runs; additionally
using the Deepcoder dataset (Luo et al.|[2025) for runs with both math and code.

Supervised Fine-tuning We run SFT using a batch size of 2M tokens, max sequence length of
32768, and a learning rate of 3 X 10-5 using the AdamW optimizer (Loshchilov & Hutter, |2019) on
32 H100 GPU nodes for approximately 4 epochs and 32B tokens in total.
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Figure 7: Comparing (a) loss aggregation, (b) different advantage normalization techniques, (c) “zero” vari-
ance filtering, and (d) adaptive prompt sampling.

Reinforcement Learning We allocate 14k generation budget during RL training, where 12k to-
kens are allocated to the intermediate reasoning (“‘thinking”), followed by 2k tokens for the final
solution and answer. We sample 48 prompts in each batch, each with 16 generations per prompt.
Thus, we get the total batch size as 768 completions per gradient update step. The rewards are given
as 1 to correct and incorrect traces respectively.

We use automated checkers like Sympy (Meurer et al., 2017) or Math-Verifyﬂ for assessing
the correctness of the final answer for math problems after stripping out the thinking trace
(<think>---</think>). We use a custom code execution environment for coding problems

involving unit tests and desired outputs.

We use a constant learning rate of 5 X 10~7, AdamW optimizer (Loshchilov & Hutter, 2019) with
e = 10715, weight decay of 0.01, and a linear warmup of 100 steps. We use 80 Nvidia GB200
GPUs for a single run, with a compute budget ranging from 3.5-4K GPU hours for ablating different
design choices, 16K for the leave-one-out experiments, and finally 30k-100K GPU hours for our
larger scale runs.

A.4 FORWARD ABLATIONS

We show additional results for Section [3.2)in Figures [7al{7d]

"https://github.com/huggingface/Math- Verify

15



Under review as a conference paper at ICLR 2026

*/*/% training_points */%/%/% training_points */%/H/% training_points
X/</% extended_training_points . 0.62] x/«/x/x extended_training_points 0.62] x/+/x/x extended_training_points .
11 fitted_curve A WD T /11~ fitted_curve B /11~ fitted_curve _.%%5&{{{{{:.
-4/ predicted_curve 22 T 0.581 -/ /4 predicted_curve s -4 /-4 predicted_curve e

3

o
i
£
S o
[CET
£ ®

)
I
S

* candidate b

loo_pavg b
© loonpr b
© loo dapo b

Pass rate (log scale)

Pass rate (log sc:
o
o
3

Pass rate (log s
o
I
3

o candidate b: 1.92, c: 0.610

Too_ebn b: 1.84, c: 0.595

* loo_8op b: 1.83, c: 0.610
b

* loo fp32 : 1.88, c: 0.610

)
S
>

e candidate b: 1.92, c: 0.610
oo blan  b: 2.09, c: .59
* loo 1p b: 1.68, c: 0.610

)
P
>
1)
=
o

c: 0.605
c: 0.610

o
i
S
o
=
S

1k 1k

2k 4k 8k 16k 2k 4k 8k 16k 2k 4k 8k 16k
Compute (Total GPU hours, log scale) Compute (Total GPU hours, log scale) Compute (Total GPU hours, log scale)

() (b) (©)

Figure 8: Comparison of different leave-one-out strategies using 16k GPU-hours compute budget.

A.5 LEAVE ONE OUT (LOO) ABLATIONS

We plot the remaining leave one out plots in Figure

A.6 COMPARING ALGORITHMS

Consistent with observations in large-scale pre-training, where the loss exhibits a sharp initial drop
before settling into a predictable power-law decay (L1 et al.,2025b), we observe a similar two-phase
behavior in RL. The mean reward increases rapidly, almost linearly, during the first ~epoch (~ 1k
steps), after which the curve follows sigmoidal-law behavior (see Figure[8]to see the “sigmoid” like
curve). Our sigmoidal-law fits are applied to this latter portion of the training curve.

Unlike pre-training, our goal is not to predict the performance of a fixed recipe, but to identify
which algorithms and design choices scale reliably. Achieving highly robust fits typically requires
very large runs with hundreds or thousands of evaluation points, which is impractical in our setting
for two reasons. First, running all ablations at such scale would be computationally prohibitive.
Second, many RL algorithms we compare are themselves not scalable to such extreme budgets: they
often saturate much earlier or even degrade with more compute due to instability. For example, our
baseline method (Section [3.2) destabilizes beyond ~ 3500 GPU-hours, since overlong generation
truncations exceed 10% of generations - reducing the effective batch size.

As we ablate across different axes in Section [3.2] we discover design choices that improve stability
at higher compute. Some ablated variants can scale further, e.g., ~ 5k GPU hours for ¢ = 0.26 in
DAPO, ~ 6k GPU hours with the FP32 precision fix (Section , and ~ 7k GPU hours for CISPO.
Once we combine the best design choices, we obtain a stable and scalable recipe, which allows us
to run leave-one-out (LOO) experiments for ~ 1600 GPU hours per run.

A.7 FITTING CURVES

We fit the power-law equation in Equation to the mean reward on our held-out evaluation set.
This set consists of 1k prompts held out from the POLARIS (An et al.,|2025) math dataset, with 16
generations sampled every evaluation step performed at 100 steps intervals.

Directly fitting all three parameters { A, B, Cy,;q4} is challenging. Instead, we perform a grid search
over A € {0.45,0.46,...,0.8} and Cy,;q € [100,40000] (using 100 linearly separated values), and
for each candidate B, C,,;q fit B. The best fit (measured by sum of squared residuals) across this
grid is selected as the final curve. We use SciPy’s curve_fit with default initialization; varying
initialization strategies produced identical results.

To estimate the error margin of our fits, we trained three independent runs of ScaleRL with batch
size 768 and generation length 14k (as used in Section [3.3). For these runs, we refined the grid
search with ¢ increments of 0.005 (i.e., ¢ € {0.455,0.460, 0.465, ...,0.800}). We found that the
fitted c values varied by at most £0.02, suggesting this as a reasonable error margin on asymptotic
performance estimates. Estimating the error margin for fitted B value is tough, as different algrithms
with different A values can have different error margin for B. However, for the purpose of comparing
algorithms, we can safely deduce that if two methods achieve similar A values (within 0.02), the
one with higher B is at least as good in terms of scalability.
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We ran 3 independent runs of ScaleRL with batch size 768, and show the best fit lines in Figure [a]

Analysing Error Margin across different Runs
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Figure 9: Fitting curve on independent runs to appproximate error margin

A.8 ROBUSTNESS OF FITS
One may wonder how robust our fitted curves are. We address a few relevant points below:

* For stable and scalable experiments, including all runs from Section [3.3]onward, changing
the fitting regime (e.g., including or excluding the initial 1.5k GPU-hour range) yields
similar predictable results. For instance, in the 100k GPU-hour run on the 8B dense model,
fitting over (1.5k, 50k) gives B = 1.70, A = 0.645, while (0, 100k) gives B = 1.56,
A = 0.655, (0,50k) gets B = 1.7, A = 0.645, and (5k, 50k) gives B = 1.67, A =
0.645. Across these regimes, parameter values remain within the expected error margin
(Section [6)).

* We nonetheless skip the low-compute regime because early training phases, especially in
less stable setups from Section[3.2] often plateau prematurely or deviate from the sigmoidal
trend due to transient instabilities (see Appendix [A-16). Excluding this region allows
the fit to focus on the mid-to-high compute range where saturation behavior is clearer and
more consistent.

* The 1.5k GPU-hour threshold is a heuristic chosen empirically: it approximately corre-
sponds to one epoch for most experiments in Section[3.2] Larger cutoffs reduced the num-
ber of fitting points, while smaller ones often introduced noise. We found 1.5k GPU hours
to provide the best balance between fit stability and sample coverage, consistent with prac-
tices of skipping low-FLOPs regime in pre-training scaling analyses and fitting (Li et al.|
2025b).

A.9 CONTROLLING GENERATION LENGTH

One common concern in reasoning RL is to control exploding generation lengths, which harms both
training efficiency and stability (Appendix [A.16). We consider two approaches: (a) interruptions,
used in works like GLM-4.1V (GLM-V Team et al.l 2025), and Qwen3 (Yang et al., [2025) and
(b) length penalties, used in works like DAPO (Yu et al., 2025), Kimi (Kimi Team et al., 2025b),
Magistral (Rastogi et al., [2025)), and Minimax-M1 (MiniMax et al., 2025)).

Interruptions forcibly stop generation by appending a marker phrase such as “Okay, time is up.
Let me stop thinking and formulate a final answer </think>", signaling the model to terminate its
reasoning and produce a final answer. In our setup, the interruptions tokens are placed randomly in
between [10k, 12k] token length, to induce generalization to different generation lengths.
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Length penalties instead reshape the reward. Following DAPO (Yu et al.,[2025), we penalize overly
long completions with a tolerance interval Lcache:

. Lm' > S
Rlength(y) = clip <£h|y| —-1,-1, O) ®)

This penalty is added only to the correct traces, discouraging excessively long generations. In the
length penalty experiment, we set Ly,,x = 14k tokens and L¢,che = 2k tokens.

In Section we compare length penalty and interruption at a scale of 12k GPU-Hours. We
find that replacing interruption with length penalty in our final ScaleRL recipe does not improve
performance.

A.10 PIPELINERL

Using the baseline setup, we ablated the off-policy parameter in PipelineRL (Figure [[0a). Both 4
and 8 off-policyness performed equally well, and we adopt 8 as the default setting when updating
the baseline in Section 3,11

Why does PipelineRL consistently outperform the classic PPO-off-policy approach (Sections [3.1]
and[3.3)? We attribute this to its closer alignment with on-policy training. In PPO-off-policy, gen-
eration and training proceed in alternating phases: the trainer operates strictly on batches that are as
off-policy as the chosen parameter k, making updates based on stale rollouts. In contrast, Pipelin-
eRL operates in a streaming fashion. As soon as a batch is available, it is passed to the trainer;
likewise, as soon as a model update is ready, it is shared back to the generators, who immediately
use it—including in the continuation of partially generated traces. This tight feedback loop keeps
training closer to the on-policy regime, reducing the mismatch between generator and trainer distri-
butions.

Importantly, this distinction affects the asymptotic performance c of the scaling curve, not just the
efficiency exponent b. Very few axes shift the asymptote in this way, making the choice of off-policy
algorithm one of the most consequential design decisions in RL post-training.

Comparing max off-policy
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0.54 —— 12-offpolicy: B: 4.97, A: 0.490
0.50
0.46 N
* ok ox
1k 2k 4k

Compute (Total GPU hours, log scale)
(@)

Figure 10: Different off-policy runs with PipelineRL

A.11 GSPO ABLATIONS

We ablate the clipping-ratio scale used in GSPO, as shown in Figure The 10~3 scale consis-
tently performs as well as, or better than, alternatives. Given this scale, we further varied the upper
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clipping ratio in {4x1073,5x1073,7x 1072} and found {5x 1073} yielded the at least as good fit
as the other choices.

An important observation is that GSPO is quite robust to the choice of clipping ratio. Once the
correct scale is identified, most nearby values or even larger scale perform similarly. This robustness
contrasts sharply with DAPO-style losses, which are highly sensitive to the exact value of the higher
clipping ratio, as noted in Section[3.2]

GSPO Clipping Ratio Scale

0.58
)
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Figure 11: GSPO Scale comparison. gspo_x_y_e_z in the legend means an upper and lower threshold
of {x x 107% and y x 10~ %} respectively.

A.12 CISPO CLIPPING RATIOS

We ablate the higher clipping ratio for CISPO, keeping the lower clipping ratio fixed at 0 (Fig-
ure [[2a). Across a wide range of values, we find little difference in performance, indicating that
CISPO is largely insensitive to this hyperparameter. This robustness mirrors our findings for GSPO
(Section[A.TT)), and stands in contrast to DAPO/GRPO-style objectives, which are highly sensitive to
the exact choice of clipping threshold. Such stability under hyperparameter variation makes CISPO
a strong candidate for default use in large-scale training.

A.13 ENTROPY

We tracked entropy on the held-out in-distribution evaluation set throughout training. Across all
experiments—spanning variations in batch size, number of tasks, generation length, and model
scale—we observed a consistent overall decrease in entropy. We show this in Figure Figure [I3a]
For brevity, we report only the most representative and insightful plots here.

In Figure we plot entropy for ScaleRL runs with batch sizes 768 and 2048. Despite the 2048-
batch size run achieving much stronger downstream performance at every stage (Figure [6c), both
runs followed nearly identical entropy trajectories per step. This highlights an important point -
although entropy is sometimes used as a proxy for exploration, simply maintaining higher entropy
does not translate into better generalization. Instead, larger batches reduced effective exploration
yet still yielded substantially better performance, underscoring batch size as an important decisive
factor.

Overall, our findings suggest that while entropy decreases consistently during training, it is not by
itself a reliable predictor of downstream performance. This observation reinforces the need to focus
on algorithmic and scaling choices (e.g., batch size, off-policy method) rather than entropy dynamics
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A.14 SCALING ON MULTIPLE AXES

We provide the remaining scaling to different axes figure here in Figure[T4]

A.15 DOWNSTREAM PERFORMANCE

In Figures [6a] to we report a representative set of downstream evaluation curves. These in-
clude ScaleRL runs with batch sizes {512, 768, 2048}, long-context training run with 32k generation
length, the large-model (Scout) training run, and a multi-task run (math + code). For each setting
we plot performance against compute, and in some cases also against training steps for comparabil-
ity across runs of different scales (to avoid smaller runs being visually compressed on the compute
axis).

Two main patterns emerge. First, smaller-batch runs show early stagnation on downstream bench-
marks even as in-distribution performance continues to improve. Second, larger-batch runs avoid
this stagnation and instead exhibit downstream scaling curves that mirror their in-distribution power-
law behavior. This supports the conclusion that larger batch sizes should be preferred for stable and
scalable downstream performance.

A.16 TRUNCATIONS AND TRAINING INSTABILITIES

Across our experiments we found that training instabilities were often linked to truncations. As gen-
eration length grew, many RL runs exhibited fluctuating truncation rates that sometimes increased
over training. At batch size 768, we observed that truncations in the range of 10-15% typically
destabilized training, with performance degrading and not recovering without intervention. Exam-
ples include the extended GRPO run in Figure [2] where instability correlated with rising truncation
rates, and the updated baseline used in Section[3.2]

By contrast, ScaleRL runs were more stable. On the 8B model, truncations remained below 5% for
over 90% of training. At batch size 2048, truncations were slightly higher, occasionally approaching
~ 7%. This increase was largely attributable to longer average generation lengths observed during
training, which naturally raise the chance of exceeding the budget. Nevertheless, because the effec-
tive batch size (after excluding truncated samples) remained large, training stability was preserved.
Intuitively, larger generation length budget should help reduce truncations. Training with 34k gener-
ation length (batch 768) remained stable - truncations briefly spiked to ~ 4% but quickly fell below

2%.

Larger models were even more robust. On the Scout run, truncations remained consistently below
2%, and for > 90% of training steps were under 1%. This likely reflects both the inherent ability
of larger models to regulate generation length and their stronger instruction-following ability, which
made interruption signals more effective.

Overall, we suggest practitioners monitor truncation rates closely. Our findings indicate that high
truncation rates are a reliable warning signal of instability, while larger models, higher generation
budgets, and careful design choices (as in ScaleRL) substantially mitigate this risk.

A.17 LoSS TYPE - STABILITY AND ROBUSTNESS

As discussed in Section[3.2] GRPO/DAPO-style losses are highly sensitive to the choice of clipping
ratio hyperparameter €,,,x. In contrast, CISPO and GSPO show far greater robustness. For example,
in Appendix varying €pmax for CISPO between {4, 5,8} produced no significant differences
in performance. For GSPO, the 10~ clipping scale used in the original paper (Zheng et al.,[2025a)
did not work well in our setting. We therefore ablated across broader scales and found that once the
correct order of magnitude was identified (e.g., 4 x 10~ and higher), performance was stable and
largely insensitive to fine-grained changes (e.g., {4x 1073, 5x 1073, 7x 1073 }).

That said, we encountered additional stability issues with GSPO. On multiple occasions, GSPO runs
diverged mid-training, leading to sudden drops in performance. For 8B models, restarting from a
stable checkpoint allowed recovery, but this strategy failed on larger models such as Scout, where
instability persisted despite repeated resetting to a stable checkpoint. While we checked to the best
of our ability for any implementation bugs, we did not find one.
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Overall, while all three loss families can be competitive under tuned settings, CISPO offers the best
balance of stability and robustness to hyperparameters, making it our recommended choice.

A.18 REBUTTAL
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Figure 15: FP32 fix at the LM Head reduces the mismatch in probabilities of trainers and generators.
We plot the log of importance sampling vs log probability of the generator in (a) without the FP32
fix, (b) with the FP32 fix. Note that the above figures are on the Oth step of training, hence should
ideally have a values of 0. Experiment conducted on the 8B Dense model.
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Figure 16: Scatter plot of lof og probabilities with and without using FP32 precision fix. This logged
at step=0, hence the expected behavior is to have all the points on x=y line. We notice that with the
fix, values are much more aligned, with a higher correlation value as well.
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In Section [3.2] we introduced using FP32 at the LM Head as a way to decrease trainer-generator
numerical mismatch. Here, we provide some additional experiments and analysis to support how
this fix affects the training. First, we notice in Figure [I3] that using the FP32 fix, the importance
sampling gets more accurate (closer to 1, and hence log of it close to 0) at the Oth step of the
training. We also provide a scatter plot in Figure |16|as an alternate way to visualize this. Second,
in Figure we log the clipping fraction, and the max and min value of importance sampling ratio
during the training run of baseline with and without FP32 precision fix, and also the effect of using
the fix on only either trainer or generator. We notice that while having FP32 precision fix on either
the trainer or generator gives some benefit, having on both gives the most accurate IS ratios.
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Figure 17: We compare not having FP32 fix, having FP32 fix on only the trainer, the generator, and
on both trainer and generator. (a) The fraction of tokens clipped, (b) Maximum IS ratio in the batch,
(c) Minimum IS ratio in the batch. We notice that having on either of just the trainer or generator
makes IS ratio more accurate than having on none, but still leads to less accurate IS values compred
to having on both. Using FP32 precision fox both makes the ratio much more accurate, with the
maximum and minimum values being closer to 1 and having the least clipping.

A.18.2 SAMPLE EFFICIENCY AND SYSTEM THROUGHPUT

We analyze some of our ablations to understand the gains got from sample efficiency vs system
throughput. First, in Figure[T8] we plot the tokens processed per step by ScaleRL using PipelineRL,
vs LOO-PPO-Off-Policy-K. We notice that the sample efficiency of both the methods are similar,
and the performance gains per step is similar as well. Although, we noticed in Figure |8b| (candidate
vs loo_8op) that PipelineRL is more efficient (has a larger value of efficiency parameter ’b”"). This
means that most of the gains come from system throughput, and not an inherent sample efficiency.

The other two interesting comparisons where we expect sample efficiency to be affected are: (1)
Using No Positive Resampling. Here, since we filter out the easy prompts, one may expect gen-
erations to be longer on the batch of no-so-easy prompts, and hence more tokens processed. But
we notice in Figure[I9a]that’s not necessarily the case, and the tokens processed is roughly same as
if one uses uniform sampling (2) Model Size. As we increase model size, we expect the average
generation length to be smaller for a given prompt. This is because a better model may require less
thinking to solve the prompt. We observe that this is indeed the case in Figure [T9b]

A.18.3 ADDITIONAL DOWNSTREAM EVALUATION PLOTS

We discussed in Section[6]and Appendix[A.T5]some of the downstream performances of ScaleRL on
AIME-25. Here, we present two additional plots, evaluating ScaleRL on 8B Dense and 17Bx16 MoE
model on MATH-500 and AIME-24 datasets. We notice that similar to validation curves (Figure E])
the downstream performance improves in the expected way - roughly following a similar sigmoidal
curve.
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Figure 18: (a) We compare the tokens generated and processed per step by ScaleRL (which uses
PipelineRL) and ScaleRL-LOO-PPO-Offpolicy-K. The latter means PipelineRL replaced with PPO-
Offpolicy-K, while rest of the recipe being same as ScaleRL. We notice that the #tokens processed
per gradient update step is approximately same for both the methods. (b) We also plot per step
performance of these two methods as well, and observe similar per step gains, with PipelineRL per-
forming slightly better. From these two figures, we deduce that the efficiency benefits of PipelineRL
comes mainly because of system level improvements and not inherent sample efficiency
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Figure 19: (a) We compare the tokens generated and processed per step by ScaleRL (which uses No
Positive Resampling) and ScaleRL-LOO-Uniform-Sampling. The latter means No Positive Resam-
pling replaced with Uniform Sampling, while rest of the recipe being same as ScaleRL. We notice
that the #tokens processed per step is approximately same for both the methods. (b) We do similar
analysis using ScaleRL but on different model sizes - 8B Dense and 17Bx16 MoE. Since a more
capable model needs less thinking to solve a given prompt, we notice that it’s more sample efficient.
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Figure 20: We evaluate ScaleRL on 8B Dense and 17Bx16 MoE, on (a) AIME-24 and (b) MATH-
500 tasks. We notice that similar to AIME-25 (Figure[I] [6), performance improves in the expected
manner.
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