Published as a workshop paper at the 1st Workshop on Scaling Post-training for LLMs (SPOT),
ICLR 2026.

COMPUTE-EFFICIENT GRPO TRAINING

Rajat Ghosh, Vaishnavi Bhargava, Debojyoti Dutta

Nutanix

San Jose, CA 95110, USA

{rajat.ghosh, vaishnavi.bhargava, debojyoti.dutta}@nutanix.com

ABSTRACT

Reinforcement fine-tuning (RFT) methods such as Group Relative Policy Opti-
mization (GRPO) and PPO are significantly more expensive than supervised fine-
tuning due to on-policy sampling, repeated rollouts, multiple forward passes, and
backpropagation through long sequences across multiple optimization epochs.
These costs make post-training with reinforcement learning a major bottleneck
for practitioners seeking to train or adapt large language models under limited
computational budgets. In this work, we present an empirical study of GRPO
post-training dynamics and identify a consistent early plateau in reward trajec-
tories. Across four open-source models—Llama 3B/8B and Qwen 3B/7B—we
observe that GRPO reward curves follow a highly regular, sigmoid-shaped pattern
with three phases: slow initial progress, rapid improvement, and early saturation.
We show that these dynamics are well captured by a simple parametric model con-
ditioned on model size, initial reward, and normalized training progress, enabling
reliable prediction of when marginal reward gains diminish.

A key practical finding is that, across all tested models, the majority of reward
improvement occurs early in training: continuing GRPO beyond roughly 70-80%
of a single epoch yields negligible gains while consuming a substantial fraction
of total compute. Leveraging the proposed predictive model, practitioners can
forecast saturation points early in training and select data-driven stopping criteria,
substantially reducing GRPO compute without sacrificing final reward. Our re-
sults highlight predictable structure in GRPO training dynamics and suggest that
lightweight, empirically grounded early-stopping strategies are an effective tool
for managing post-training costs in reinforcement-based LLM fine-tuning.

1 INTRODUCTION

Frontier large language models (LLMs) demonstrate strong reasoning capabilities across mathe-
matics, coding, and other complex domains. However, reproducing these capabilities within con-
strained organizational settings remains challenging due to the high computational cost of post-
training. Post-training methods adapt pretrained models to reasoning-intensive tasks using curated
data, typically through either supervised fine-tuning (SFT) or reinforcement fine-tuning (RFT). SFT
primarily performs behavior cloning, training models to imitate a fixed demonstration distribution
(Ouyang et al., [2022a} [Touvron et al., 2023). In contrast, RFT methods—such as Reinforcement
Learning from Human Feedback (RLHF) and more recent approaches like Group Relative Policy
Optimization (GRPO)—introduce explicit reward signals that encourage exploration and optimiza-
tion beyond the demonstrations (Ziegler et al., 2019; Bai et al., 2022} Yuan et al.,[2024). Algorithms
such as Proximal Policy Optimization (PPO) (Schulman et al.;2017a) and GRPO (Shao et al., 2024)
are now central to large-scale reasoning systems, including DeepSeek-Math and DeepSeek-R1 (Shao
et al.}2024; |Guo et al.,2025). Despite their effectiveness, these methods impose substantial compu-
tational, memory, and engineering costs that limit their accessibility.

Several factors contribute to the high cost of RFT. First, RFT relies on on-policy data collection: the
model must repeatedly generate fresh rollouts at each iteration to compute policy gradients. Unlike
SFT, which operates on a static dataset, RFT repeatedly invokes expensive autoregressive generation
from an evolving policy, often producing multiple candidate responses per prompt for comparative or
group-based reward estimation (Bai et al., 2022} [Yuan et al.,|2024). For long-context reasoning tasks,
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this sampling cost dominates total FLOPs, as observed in recent large-scale systems (Shao et al.,
2024; |Guo et al) 2025). Second, reward computation itself is costly. Human preference models,
verifier models, or rule-based evaluators must be applied to every generated sample, and in multi-
sample algorithms such as GRPO, reward-model inference alone can account for 20—40% of total
post-training compute (Yuan et al.| 2024). Third, stabilizing policy optimization for high-variance
reasoning rewards often requires large batch sizes, multiple rollouts per prompt, KL regularization,
and adaptive clipping, all of which further increase effective compute per update (Ziegler et al.
2019; Bai et al., [2022). Finally, RFT substantially increases system complexity: large deployments
rely on tightly synchronized pipelines that interleave sampling, reward evaluation, and optimization,
frequently using pipeline or expert parallelism across GPU clusters (Guo et al.,[2025). Collectively,
these factors make RFT approximately 3—-10x more expensive than equivalently sized SFT runs,
rendering reinforcement-based post-training a dominant cost bottleneck.

Given these costs, reducing unnecessary RFT computation without degrading final performance is
a critical practical problem. Early stopping is a well-established technique in supervised learning,
where training is halted once validation performance ceases to improve, preventing overfitting and
wasted computation (Prechelt, 1998)). A similar opportunity may exist in reinforcement fine-tuning.
In GRPO and related methods, reward curves are commonly used to monitor training progress; how-
ever, these observable metrics often plateau well before the underlying policy optimization has fully
converged (Bottoul 2012} |Goodfellow et al.| [2016; Nimmaturi et al., [2025). Nonetheless, reward
curves are the dominant signal for monitoring training progress because they are directly aligned
with the optimized objective and available at every update step. While imperfect and prone to early
saturation, reward remains the only dense, low-latency signal that reflects the instantaneous state
of policy optimization at scale. Prior work on predictive scaling laws (Nimmaturi et al. [2025)
for GRPO has focused on accurately modeling reward trajectories across model sizes and training
regimes. In contrast, our work is motivated by a different question: how can these predictable dy-
namics be exploited to make training more compute-efficient? We demonstrate that GRPO training
exhibits consistent early saturation behavior that can be detected using only partial training signals,
and we formalize this into a practical early stopping criterion. This reframes scaling laws from a
descriptive tool into a prescriptive mechanism for controlling training cost, enabling practitioners to
terminate runs near the onset of diminishing returns without sacrificing performance.

In this work, we analyze GRPO post-training dynamics with the goal of reducing unnecessary rein-
forcement fine-tuning compute. Our contributions are:

* Quantitative characterization of GRPO learning phases. We show that, across four open-
source models (Llama 3B/8B and Qwen 3B/7B), GRPO training consistently follows a three-phase
trajectory—slow start, rapid improvement, and early saturation—with approximately 70-80% of
reward gains realized within the first fraction of a single training epoch.

* A predictive parametric model for GRPO reward evolution. We propose a simple parametric
model that accurately fits GRPO reward trajectories and predicts the onset of saturation using
only model size, initial reward, and normalized training progress, enabling early identification of
diminishing returns.

2 METHODOLOGY

2.1 PRELIMINARY

Group Relative Policy Optimization (GRPO) (Shao et al., 2024)) is a reinforcement learning algo-
rithm designed to improve the efficiency of large language model (LLM) fine-tuning for reasoning
tasks. GRPO is closely related to Proximal Policy Optimization (PPO) (Schulman et al.,|2017b)), but
removes the need for an explicit value (critic) network by estimating baselines using group-relative
rewards. This design significantly reduces computational and memory overhead while retaining the
stability of PPO-style clipped policy updates. Formally, for each input query ¢ ~ P(Q), GRPO
samples a group of G outputs

{01,09,...,06} ~ 7, (O] q),
and assigns rewards {r1, 79, ...,7rg}. The group-relative advantage for output o; is defined as
i —mean({r1,...,rg})

r
A; =
std({r1,...,r¢})
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The policy my is updated by maximizing the following objective:
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where e controls the clipping range, 5 weights the KL regularization term, and 7, is a fixed refer-
ence policy used to constrain policy drift. The KL divergence is defined as

7Tref(0i | Q) _ gﬂ'ref(oi | Q)
mo(0i | q) mg(0i | q)

Dxy(mo || mee) = -1 (3)
GRPO supports both outcome supervision, where rewards are assigned only to final outputs, and
process supervision, where intermediate reasoning steps are also rewarded.

Low-Rank Adaptation (LoRA) Hu et al.|(2021)) is a low-rank parameterization technique that elim-
inates the need for full-parameter fine-tuning. Recent work has explored LoRA for GRPO training
(Wang et al., 2025).

2.2 THREE-PHASE GRPO TRAINING

We hypothesize GRPO training follows a three-phase leaning curve because it is an online policy
gradient algorithm. These three phases include Slow Reward Increase, Rapid Reward Increase, and
Plateau phase.

» Slow Reward Increase. At the beginning of GRPO training, the policy remains close to the
pre-trained initialization 7g_,,. High-reward trajectories are relatively rare under this distribution,
resulting in limited signal for policy improvement.

* Rapid Reward Increase. As training progresses, the policy gradually increases the probability
of trajectories associated with higher rewards. This shifts the sampling distribution toward more
successful responses, strengthening the gradient signal and accelerating learning.

* Plateau. Eventually the policy generates predominantly high-reward samples. As reward variance
within each group decreases, the normalized GRPO advantages A; diminish, resulting in smaller
gradients and a saturation of learning progress.

Early Stopping Condition. The existence of a plateau suggests the possibility of early stopping.
Equation [4] formalizes the early stopping condition by bounding the tail change ratio of the reward.
The window size, k, is a critical hyperparameter which can be a fraction of the computational step
in an epoch.

E[ry] — Elre—g)
Bl —Elr] = @

3 EXPERIMENT

To ensure reproducibility under limited computational budgets, we design all experiments to use
minimal hardware while preserving scientific rigor. We combine Low-Rank Adaptation (LoRA)
with Group Relative Policy Optimization (GRPO) to fine-tune open-source language models on
publicly available reasoning datasets.

Model Selection. We evaluate four representative instruction-tuned models spanning two archi-
tectural families and multiple scales: Llama family: Llama-3.2-3B and Llama-3.1-8B; and Qwen
family: Qwen-2.5-3B and Qwen-2.5-7B. This selection enables controlled analysis of architectural
and scaling effects while remaining computationally feasible.

Dataset. We train on the MATH-LIGHTEVAL subset of the OpenThoughts dataset (Guha et al.,
2025 Hendrycks et al., [2021). This dataset provides high-quality, diverse reasoning problems and
is fully public, ensuring reproducibility and comparability.
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Figure 1: GRPO training reward convergence across all model configurations. All four models
exhibit consistent sigmoid-shaped learning curves with similar phase transitions despite differences
in parameter count and architectural family.

Training. We optimize all models using GRPO, which extends PPO-style objectives to group-
based sampling. GRPO computes advantages using within-group baselines, eliminating the need
for a separate critic model, directly optimizes task rewards, and enforces policy stability through
clipped importance ratios. We apply LoRA to quantized models to enable parameter-efficient fine-
tuning. This setup substantially reduces memory usage and training cost while preserving model
capacity. Training only low-rank adapter parameters also enables modular control over reasoning
behavior without modifying base model weights.

3.1 RESEARCH QUESTIONS

We seek to understand following research questions.

RQ1. Does GRPO training follow a three phase dynamics of slow reward increase, rapid reward
increase, and plateau across different model sizes and architectures?

RQ2. Do training dynamics across different model sizes and architectures converge to a universal
pattern?

4 RESULTS

Figure I summarizes GRPO training dynamics across all four model configurations. Despite differ-
ences in model size and architectural family, all runs exhibit strikingly similar reward trajectories
when plotted against normalized training progress. In particular, GRPO training consistently follows
a smooth, sigmoid-shaped curve with well-aligned phase transitions across models.

4.1 CONSISTENT LEARNING PHASES ACROSS MODELS (RQ1)

Across all settings, GRPO reward trajectories decompose into three distinct phases:
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1. Slow Reward Increase (0.0-0.1 normalized steps). Reward improves slowly during early train-
ing, indicating that the policy is primarily adapting to the reward structure and stabilizing its
behavior under the GRPO objective.

2. Rapid Reward Increase. (0.1-0.2 normalized steps). All models exhibit a sharp increase in
reward over a narrow training window. This phase accounts for the majority of total reward gains
and represents the most compute-efficient stage of GRPO training. The inflection point is tightly
clustered across models, occurring near ¢ ~ 0.2.

3. Plateau (beyond 0.2 normalized steps). After the inflection point, reward improvements dimin-
ish rapidly and trajectories converge to a stable plateau. Continued training in this regime yields
marginal gains despite substantial additional compute.

A key empirical observation is that roughly 70-80% of cumulative reward improvement is achieved
prior to the Plateau phase, even though that phase accounts for the majority of the total training
compute. This pattern holds consistently across both Llama and Qwen families and across model
scales.

4.2 POSSIBLE UNIVERSAL DYNAMICS OF TRAINING REWARD EVOLUTION (RQ2)

As shown in Figure[T] the resulting curves closely match observed training dynamics, particularly in
the saturation regime. Importantly, the fitted model predicts the onset of diminishing returns early in
training, well before most computation is spent. There is a possibility of the existence of a universal
GRPO reward law, as shown in [5}

R(t, M) = Rsteady <]— — exXp <_]\4t(J3>> (5)

Figure shows the normalized GRPO training reward R(t)/Rgeady as a function of training steps on
a logarithmic scale. Across all model families and sizes, the curves exhibit a consistent sigmoidal
convergence pattern, characterized by rapid early-stage improvement followed by gradual satura-
tion. By normalizing with respect to Rgecaqy, We remove differences in absolute reward scale and
reveal that the underlying learning dynamics are largely shared across architectures. While minor
deviations are observed in the early phase, these differences are small and suggest only a weak de-
pendence on model size. Overall, the empirical trends are consistent with the proposed scaling form
R(t, M) = Rgeaay (1 — exp(—t/M°?)), indicating that convergence behavior can be captured by a
simple exponential family parameterized by model size.

Implications for Compute-Efficient GRPO Training. The consistency of GRPO reward dynam-
ics across models suggests that early stopping decisions can be made in a principled, data-driven
manner. Since the inflection point and saturation onset occur at similar normalized training progress
across architectures and scales, continued training beyond approximately 70-80% of a single epoch
is unlikely to yield meaningful reward improvements.

These results indicate that a substantial fraction of GRPO compute is spent in a regime of diminish-
ing returns. By forecasting reward saturation using early training signals, practitioners can termi-
nate training near the predicted plateau without sacrificing final performance, achieving significant
reductions in reinforcement fine-tuning cost.

5 DISCUSSION

5.1 MODEL SCALE AS THE PRIMARY DRIVER OF FINAL PERFORMANCE

While our results show consistent training dynamics across all models, final achievable reward scales
strongly with model size. Larger models converge to substantially higher reward plateaus than
their smaller counterparts within the same architectural family. This suggests that, under GRPO,
reinforcement fine-tuning primarily amplifies the representational capacity already present in the
base model rather than compensating for limited scale.

From a practical perspective, these findings imply diminishing returns from extended GRPO train-
ing on small models: once early saturation is reached, additional compute is unlikely to close the
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Figure 2: GRPO possibly exhibits a universal training law: normalized reward versus training steps
(log scale) yields near-collapse of trajectories across model families and sizes onto a single curve.

performance gap relative to larger models. As a result, model size should be treated as a first-order
design choice when planning reinforcement-based post-training.

5.2 LIMITED INFLUENCE OF ARCHITECTURAL FAMILY

Across both Llama and Qwen families, models of comparable size achieve similar final reward
levels under GRPO. This consistency indicates that, for the reasoning tasks studied, architectural
differences play a secondary role relative to parameter count once models are instruction-tuned and
optimized with reinforcement learning.

This observation simplifies post-training decisions for practitioners: when compute budgets con-
strain model size, selecting between architectural families of similar scale is unlikely to yield large
differences in GRPO outcomes. Instead, factors such as tooling maturity, inference efficiency, and
deployment constraints may be more consequential.

5.3 UNIVERSALITY OF GRPO TRAINING DYNAMICS

Although final reward levels vary with model size, the relative progression of GRPO training is
remarkably consistent across models. All configurations exhibit similar inflection points and satura-
tion behavior when measured in normalized training progress. This suggests that GRPO induces a
broadly universal optimization trajectory, largely independent of scale or architecture.

Such universality is important because it enables transferable heuristics across models. Observations
made early in training on one configuration can be used to anticipate later-stage behavior on others,
reducing the need for exhaustive trial-and-error experimentation.

5.4 IMPLICATIONS FOR COMPUTE-EFFICIENT POST-TRAINING

The predictability of GRPO reward dynamics enables principled reductions in reinforcement fine-
tuning cost. Since saturation occurs at similar normalized progress across models, continued training
beyond this point primarily expends compute in a regime of diminishing returns. Early stopping
based on predicted saturation therefore offers a straightforward mechanism for avoiding unnecessary
computation.



Published as a workshop paper at the 1st Workshop on Scaling Post-training for LLMs (SPOT),
ICLR 2026.

More broadly, these results suggest a shift in how reinforcement fine-tuning compute should be al-
located. Rather than over-training a single configuration, practitioners may achieve better overall
outcomes by terminating training early and reallocating resources toward model scaling, hyperpa-
rameter exploration, or data curation.

5.5 PRACTICAL GUIDANCE FOR MODEL SELECTION AND TRAINING

Taken together, our findings provide several actionable guidelines for GRPO-based post-training:
(i) prioritize model scale over architectural family when targeting higher final performance, (ii)
monitor early training dynamics to forecast saturation and determine stopping points, and (iii) treat
reinforcement fine-tuning as a compute-sensitive refinement stage rather than an open-ended opti-
mization process.

These insights reinforce the value of lightweight, predictive approaches to managing post-training
compute and highlight the opportunity for more systematic, cost-aware reinforcement fine-tuning
pipelines.

6 RELATED WORK

Reinforcement Fine-Tuning for Large Language Models. Reinforcement fine-tuning (RFT) has
become a central component of modern large language model (LLM) alignment and reasoning sys-
tems. Early work on Reinforcement Learning from Human Feedback (RLHF) established the use
of policy optimization algorithms such as Proximal Policy Optimization (PPO) to align pretrained
language models with human preferences and task-specific objectives (Ziegler et al., |2019; |(Ouyang
et al.| [2022b). Subsequent systems demonstrated that reinforcement-based post-training can sub-
stantially improve reasoning, instruction following, and safety, but at significant computational cost
(Bai et al., 2022} [Touvron et al.,[2023)).

Recent work has focused on improving the efficiency and stability of RFT. Group Relative Pol-
icy Optimization (GRPO) removes the need for an explicit critic by using group-relative baselines,
reducing memory and optimization overhead while retaining PPO-style stability guarantees (Yuan
et al., 2024). GRPO and related variants have been successfully applied to large-scale reasoning
models, including DeepSeek-Math and DeepSeek-R1, where reinforcement learning plays a criti-
cal role in achieving strong mathematical and symbolic reasoning performance (Shao et al., 2024;
Guo et al.l 2025). Despite these advances, reinforcement fine-tuning remains substantially more ex-
pensive than supervised fine-tuning due to on-policy sampling, repeated rollouts, and long-context
generation.

Compute Efficiency and Cost Reduction in Post-Training. The high cost of reinforcement-
based post-training has motivated a growing body of work on improving training efficiency. Prior
efforts have explored parameter-efficient fine-tuning methods such as LoRA to reduce memory and
optimization costs during both supervised and reinforcement learning stages (?). Other work has
emphasized systems-level optimizations, including more efficient inference engines, memory man-
agement, and parallelization strategies to reduce the overhead of rollout generation and reward eval-
uation (Kwon et al.,[2023)).

While these approaches reduce constant factors, they do not address the question of whether all
reinforcement fine-tuning steps are necessary. In practice, many large-scale training pipelines run
RFT for fixed budgets or epochs, often without principled criteria for determining when additional
training yields diminishing returns. Our work complements systems-level optimizations by focusing
on the temporal structure of GRPO training itself, identifying predictable saturation behavior that
can be exploited to avoid unnecessary computation.

Learning Curves, Scaling Laws, and Early Stopping. Understanding learning dynamics
through empirical scaling laws has a long history in machine learning. Power-law relationships be-
tween model size, data, compute, and performance have been extensively studied in supervised and
self-supervised learning (Kaplan et al.| 2020). In reinforcement learning, prior work has observed
diminishing returns and characteristic learning phases in policy optimization, though these analyses
typically focus on final performance rather than training efficiency (Schulman et al., 2017a).
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Early stopping is a classical technique in supervised learning, commonly used to prevent overfitting
and reduce wasted computation once validation performance plateaus (Prechelt, [2002). However,
applying early stopping to reinforcement fine-tuning is non-trivial due to noisy reward signals, de-
layed credit assignment, and the interaction between reward maximization and policy regularization.
As a result, early stopping remains underexplored in large-scale RFT settings.

Our work differs from prior learning-curve analyses by providing an empirical characterization of
GRPO reward dynamics across multiple architectures and scales, showing that reward trajectories
exhibit consistent, sigmoid-shaped structure and saturate early in normalized training progress. We
further demonstrate that this structure can be captured by a simple parametric model, enabling reli-
able prediction of diminishing returns early in training. This positions our approach as a lightweight,
empirically grounded alternative to fixed-budget reinforcement fine-tuning.

Positioning of This Work. In contrast to prior work that primarily aims to improve the final per-
formance of reinforcement-trained LLLMs, our focus is on compute efficiency without sacrificing
reward. By analyzing GRPO training dynamics directly, rather than proposing new objectives or al-
gorithms, we identify a practical opportunity for early stopping that is immediately applicable to ex-
isting GRPO pipelines. Our findings suggest that a substantial fraction of reinforcement fine-tuning
compute can be eliminated through principled stopping criteria, complementing ongoing efforts in
parameter-efficient training and systems optimization.

7 CONCLUSION AND FUTURE WORK

In this work, we presented an empirical study of GRPO post-training dynamics with the goal of re-
ducing unnecessary reinforcement fine-tuning compute. Across multiple open-source models span-
ning different sizes and architectural families, we showed that GRPO reward trajectories exhibit
highly regular structure and saturate early in training. Despite large differences in final reward lev-
els, the relative progression of learning follows a consistent pattern across models, enabling reliable
prediction of when marginal gains diminish.

By fitting a simple parametric model to early training signals, we demonstrated that the onset of
saturation can be forecasted before most computation is consumed. This enables principled early
stopping strategies that significantly reduce GRPO compute without sacrificing final reward. Our
findings suggest that reinforcement fine-tuning for reasoning models is often over-extended in prac-
tice and that lightweight, predictive approaches can substantially improve post-training efficiency.

This study opens several directions for future research. First, while our analysis focuses on GRPO,
it would be valuable to examine whether similar early saturation dynamics and predictive structures
arise in other reinforcement fine-tuning algorithms, including PPO-based RLHF and DPO-style pref-
erence optimization. Second, extending the analysis to larger model scales and more diverse task
domains—such as code generation, tool use, and long-horizon planning—would help assess the
generality of the observed dynamics beyond mathematical reasoning benchmarks. Third, integrat-
ing predictive stopping criteria directly into training pipelines remains an open challenge. Adap-
tive training schedules that dynamically adjust rollout budgets, KL regularization, or batch sizes in
response to early saturation signals may further improve compute efficiency beyond simple early
termination. Finally, reward is not the only informative training signal; other metrics, including
training and validation losses as well as KL divergence, may also exhibit predictive dynamics and
warrant systematic investigation.
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