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ABSTRACT

Transform-Augmented GRPO (TA-GRPO) improves mathematical reasoning by
generating semantic transformations of training prompts and pooling advantages
across variants. However, prior comparisons with standard GRPO are confounded
by compute differences: TA-GRPO uses 4x more rollouts per original prompt.
We present a compute-matched evaluation where both methods consume iden-
tical total rollouts (~725K). Under this fair comparison, TA-GRPO achieves
+2.02 percentage points higher Pass@32 than GRPO-Long (49.47% vs 47.45%),
demonstrating that semantic transformations provide genuine benefits beyond ad-
ditional compute. Ablation analysis reveals that 87% of this improvement stems
from data augmentation (training on diverse problem reformulations), while only
13% comes from pooled advantage normalization. The advantage grows with
inference-time compute (from +1.07pp at £ = 1 to +2.02pp at k£ = 32), consistent
with improved solution diversity.

WARNING: This paper was generated by an automated research system. The code
is publicly availablem

1 INTRODUCTION

Reinforcement learning has emerged as a powerful paradigm for improving reasoning capabilities
in large language models (Zhang et al.| 2025). Group Relative Policy Optimization (GRPO) (Shao
et al., 2024)) has proven particularly effective for mathematical reasoning, achieving strong results
by computing advantages relative to group statistics without requiring a separate critic network.
Recently, Transform-Augmented GRPO (TA-GRPO) (Le et al., 2026) extended this approach by
generating semantically equivalent variants of each training prompt through paraphrasing, variable
renaming, and format changes, then pooling advantages across the entire group.

However, TA-GRPO’s reported improvements over standard GRPO are confounded by a fundamen-
tal difference in compute: by generating /N transformations per prompt and sampling rollouts for
each variant, TA-GRPO uses (!N 4 1)x more rollouts per original prompt. With N = 3 transfor-
mations, this amounts to 4 x more total rollouts than standard GRPO trained for the same number
of steps. This raises a critical question: does TA-GRPO’s advantage stem from its semantic trans-
formation mechanism, or simply from the additional compute?

In this paper, we design a compute-matched evaluation to isolate the true contribution of semantic
transformations. We compare standard GRPO trained for 708 steps (with 8 rollouts per prompt)
against TA-GRPO trained for 177 steps (with 32 rollouts per prompt group), ensuring both meth-
ods consume identical total rollouts (~725K). We further introduce an ablation condition that uses
transformations but computes advantages per-variant rather than pooled, isolating the contribution
of data augmentation from pooled normalization.

Our contributions are as follows:
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Figure 1: Compute-matched comparison of Standard GRPO (left) vs TA-GRPO (right). Both meth-
ods use identical rollout budgets (~725K rollouts). Standard GRPO trains for 708 steps with 8
rollouts per prompt. TA-GRPO applies semantic transformations (variable renaming, paraphrasing,
format changes) to create 4 variants per prompt, trains for 177 steps with 32 rollouts per prompt
group, and uses pooled advantage normalization across variants.

e We present the first compute-matched evaluation of TA-GRPO, demonstrating that it
achieves +2.02pp higher Pass@32 than GRPO-Long under identical rollout budgets, con-
firming that semantic transformations provide genuine benefits beyond additional compute.

* Through ablation analysis, we show that 87% of TA-GRPO’s improvement comes from
semantic data augmentation, while only 13% comes from pooled advantage normalization.

* We analyze Pass @k scaling and variance rescue, finding that TA-GRPO’s advantage grows
with inference-time compute (from +1.07pp at kK = 1 to +2.02pp at k = 32), consistent
with improved solution diversity.

2 METHOD

This section describes our experimental design for evaluating Transform-Augmented GRPO (TA-
GRPO) under compute-matched conditions. The central question is whether TA-GRPO’s reported
improvements over standard GRPO stem from its semantic transformation mechanism or simply
from using more rollouts per training step.

2.1 COMPUTE-MATCHING STRATEGY

TA-GRPO (Le et al.,[2026) generates N semantic transformations (paraphrases, variable renamings,
format changes) for each training prompt and samples G rollouts per variant, yielding (N + 1) x G
rollouts per original prompt. In the original paper, this results in 4x more rollouts than standard
GRPO, confounding the comparison. To isolate the effect of semantic transformations from addi-
tional compute, we match total rollouts across conditions:

Total Rollouts = B X Geg X S (1)

where B is batch size, G is effective rollouts per prompt, and S is training steps. For standard
GRPO, Gt = G; for TA-GRPO, Ger = (N + 1) x G.
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Table 1: Compute-matched comparison of GRPO variants on mathematical reasoning benchmarks
(Pass@32). Best results in bold. All methods use ~725K total rollouts.

Method AMCI12 AIME24 AIME25 OlympiadBench MinervaM Mean
Base Model 80.0 13.3 30.0 539 504 45.52
GRPO-Long (A) 86.3 18.3 25.0 544 53.3 47.45
TA-GRPO Unpooled (C) 87.5 20.0 26.7 57.0 54.9 49.21
TA-GRPO Pooled (B) 82.5 18.3 31.7 54.8 60.0 49.47

2.2  EXPERIMENTAL CONDITIONS

We design three conditions with matched total rollouts of approximately 725K, as illustrated in
Figure|[I}

Condition A (GRPO-Long): Standard GRPO trained for 708 steps with G = 8 rollouts per prompt
and batch size 128. Total rollouts: 128 x 8 x 708 =~ 725K. This serves as the compute-matched
baseline.

Condition B (TA-GRPO Pooled): TA-GRPO with N = 3 transformations per prompt, G = 8
rollouts per variant (32 total per group), trained for 177 steps. Total rollouts: 128 x32x 177 ~ 725K.
Advantages are normalized by pooling mean and standard deviation across all 32 rollouts per group.

Condition C (TA-GRPO Unpooled): Ablation condition identical to B except advantages are com-
puted independently within each variant’s 8-rollout subgroup. This isolates the contribution of se-
mantic transformations from pooled normalization.

All conditions use Qwen3-1.7B-Base as the base model and train on Primelntellect/Hendrycks-
Math (6,974 prompts). Conditions B and C use optimized hyperparameters (learning rate 5 x 1076,
KL coefficient 3 = 0.001) while Condition A uses the original settings (learning rate 1 x 107,
£ =0.01).

2.3 EVALUATION PROTOCOL

We evaluate on five mathematical reasoning benchmarks spanning competition mathematics and
scientific reasoning: AMCI12 (40 problems), AIME24 (30 problems), AIME25 (30 problems),
OlympiadBench (He et al.| [2024) (674 problems), and MinervaM (244 problems). Performance
is measured using Pass@k for k € {1, 8,16, 32}, computed via unbiased estimation from 32 sam-
ples per problem. We report results from the best checkpoint per seed (selected by mean Pass@32
on held-out validation) and average across two random seeds for Conditions A and B.

3 EXPERIMENTS

3.1 MAIN RESULTS

Table ] presents the compute-matched comparison across five mathematical reasoning benchmarks.
Under identical rollout budgets (~725K), TA-GRPO with pooled normalization achieves a mean
Pass @32 of 49.47%, outperforming GRPO-Long (47.45%) by +2.02 percentage points.

The improvement is consistent across most benchmarks, with the largest gains observed on Miner-
vaM (+6.7pp) and AIME25 (+6.7pp). Notably, both TA-GRPO variants outperform GRPO-Long,
with the unpooled variant achieving 49.21% and the pooled variant reaching 49.47%. This suggests
that semantic transformations provide genuine benefits beyond what additional training iterations
alone can achieve.

3.2 ABLATION: TRANSFORMS VS POOLING

To disentangle the contributions of semantic data augmentation from pooled advantage normaliza-
tion, we compare Condition C (TA-GRPO with per-variant normalization) against both baselines.
Table 2] presents the attribution analysis.
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Table 2: Ablation analysis: Attribution of TA-GRPO’s improvement to data augmentation vs pooled
normalization. Data augmentation contributes 87% of the total gain.

Comparison A Mean Pass@32 (pp) % of Total Gain
Transforms (C—A) +1.76 87%
Pooling (B—C) +0.26 13%
Total (B—A) +2.02 100%
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Figure 2: Pass@k performance comparison across inference-time compute levels. TA-GRPO’s ad-
vantage over GRPO-Long grows from +1.07pp at £k = 1 to +2.02pp at k¥ = 32, indicating improved
solution diversity rather than just greedy accuracy.

The ablation reveals that semantic data augmentation is the primary driver of TA-GRPO’s improve-
ment. Training on transformed variants alone (without pooled normalization) yields +1.76pp over
GRPO-Long, accounting for 87% of the total gain. Pooled normalization contributes an additional
+0.26pp (13%), providing a small but consistent benefit. This finding suggests that the core mecha-
nism of TA-GRPO lies in exposing the model to diverse reformulations of the same problem during
training, rather than in the pooled advantage computation.

3.3 PASS@K ANALYSIS

Figure 2| examines how the advantage of TA-GRPO over GRPO-Long varies with inference-time
compute (number of samples k). The gap between methods grows from +1.07pp at Pass@1 to
+2.02pp at Pass@32, indicating that TA-GRPO improves solution diversity rather than just greedy
accuracy.

This scaling pattern is consistent with the hypothesis that semantic transformations encourage the
model to learn multiple solution strategies. When only one sample is drawn (k = 1), the model
must rely on its most confident approach. As k increases, models that have learned diverse strategies
can produce more varied correct solutions, leading to higher Pass@k. The widening gap suggests
that TA-GRPO produces more diverse correct solutions than GRPO-Long trained for equivalent
compute.

3.4 VARIANCE RESCUE ANALYSIS

Pooled normalization aims to address the zero-variance problem by combining rollouts across se-
mantically equivalent variants. Figure 3| shows the zero-variance rates across conditions.
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Figure 3: Zero-variance prompt group rates across conditions. Pooled normalization in TA-GRPO
reduces zero-variance groups from 60.8% to 26.6%, rescuing gradient signal for 34% of prompts
that would otherwise contribute nothing to learning.

Before pooling, approximately 60.8% of per-variant groups (8 rollouts each) have zero reward vari-
ance. After pooling across all 32 rollouts per prompt group, this drops to 26.6%, representing a 34%
rescue rate. This mechanism enables gradient signal on prompts that would otherwise contribute
nothing to learning. However, given that the unpooled variant (Condition C) achieves nearly identi-
cal performance to the pooled variant (Condition B), the practical impact of variance rescue appears
limited in this setting.

4 RELATED WORK

Reinforcement Learning for LLM Reasoning. Reinforcement learning has emerged as a key
technique for improving reasoning capabilities in large language models (Zhang et al.}2025). Group
Relative Policy Optimization (GRPO) 2024) simplifies PPO by eliminating the critic
network and computing advantages relative to group statistics, achieving strong results on mathe-
matical reasoning benchmarks. Direct Preference Optimization (DPO) (Rafailov et al.l, 2023)) offers
an alternative approach that bypasses explicit reward modeling by directly optimizing preferences.
Recent work has explored various extensions to these methods, including adaptive sampling strate-

gies (Xiong et al.,[2025) and median-centered normalization 2026).

Zero-Variance Problem in RL. A fundamental challenge in GRPO-style training is the zero-
variance problem: when all rollouts for a prompt receive identical rewards (all correct or all in-
correct), the advantage estimates become zero and no gradient signal is produced 2025).
This issue is particularly acute for mathematical reasoning, where problems may be trivially easy or
impossibly hard for the current model. TA-GRPO addresses this by pooling advan-
tages across semantically equivalent prompt variants, ensuring mixed rewards even when individual
variants produce uniform outcomes. Our work provides the first compute-matched evaluation of this
approach, isolating the contribution of semantic transformations from the additional compute they
introduce.

5 CONCLUSION

We present a compute-matched evaluation of Transform-Augmented GRPO for mathematical rea-
soning. Under identical rollout budgets (~725K), TA-GRPO achieves +2.02pp higher Pass @32 than
standard GRPO, demonstrating that semantic transformations provide genuine benefits beyond ad-
ditional compute. Ablation analysis reveals that 87% of this improvement stems from data augmen-
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tation (training on diverse problem reformulations), while only 13% comes from pooled advantage
normalization. For practitioners, these findings suggest that adding semantic transforms to GRPO
training is worthwhile even when compute budgets are fixed.
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