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Abstract

Reinforcement learning (RL) has become a central post-training paradigm
for large language models (LLMs), but its performance is highly sensi-
tive to the quality of training problems. This sensitivity stems from the
non-stationarity of RL: rollouts are generated by an evolving policy, and
learning is shaped by exploration and reward feedback, unlike supervised
fine-tuning (SFT) with fixed trajectories. As a result, prior work often re-
lies on manual curation or simple heuristic filters (e.g., accuracy), which
can admit incorrect or low-utility problems. We propose GradAlign, a
gradient-aligned data selection method for LLM reinforcement learning
that uses a small, trusted validation set to prioritize training problems
whose policy gradients align with validation gradients, yielding an adap-
tive curriculum. We evaluate GradAlign across three challenging data
regimes: unreliable reward signals, distribution imbalance, and low-utility
training corpus, showing that GradAlign consistently outperforms existing
baselines, underscoring the importance of directional gradient signals in
navigating non-stationary policy optimization and yielding more stable
training and improved final performance. We release our implementation
at https://github.com/StiglLidu/GradAlign.

1 Introduction

Reinforcement learning (RL) has become an important training paradigm for enhancing the
capabilities of large language models (LLMs) in complex tasks and environments (DeepSeek-
Al et al., 2025; Yang et al., 2025; Sun et al., 2025b). However, the current success of LLM RL
is critically dependent on high-quality human-labeled training corpora (Hu et al., 2025; He
et al., 2025), which are expensive to obtain. To support large-scale RL training, researchers
increasingly turn to massive, automatically collected corpora (Yue et al., 2024). These
collections inevitably mix high-quality instances with trivial or misleading ones, along with
noisy labels. This raises two key challenges: (1) how to identify instances that are suitable
for a given downstream task, and (2) how to design mechanisms that prevent low-quality
or misleading data from corrupting the RL training signal.

Existing RL data selection strategies for LLM training are relatively simple and primarily
rely on rule-based heuristics. For example, Yu et al. (2025) retain problems with intermediate
accuracy to alleviate gradient vanishing, whereas Sun et al. (2025c) prioritize samples with
accuracy near 50%, analogous to selecting samples near the decision boundary in active
learning. Although such partially solved problems can be informative, these methods
rely on scalar difficulty signals and do not consider whether the resulting updates move
the policy toward improved downstream performance. Other approaches score training
problems using gradient-based criteria, often emphasizing large parameter updates (Li
et al., 2025b), internal consistency within the training distribution (Li et al., 2025a), or
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gradient diversity (Liang et al., 2025). However, these strategies do not explicitly verify
alignment with downstream optimization objectives and are typically static, failing to adapt
the selection criterion as the policy evolves during RL training.

In this work, we propose GradAlign, an automated, gradient-informed algorithm for
selecting training problems in LLM reinforcement learning. GradAlign leverages a small,
trusted validation set and uses the policy gradient as a first-order surrogate to approximate
the expected improvement in validation performance induced by policy updates. For each
candidate training problem, we compute an alignment score: the cosine similarity between
its policy gradient and the aggregated validation gradient. Training problems are then
ranked by this alignment score, favoring updates that are most consistent with improving
validation performance.

To address RL non-stationarity, GradAlign adopts an adaptive curriculum that periodically
recomputes validation gradients and re-scores candidate problems under the current policy,
using the validation set as a directional probe rather than a direct scoring or retrieval signal.
GradAlign is particularly effective in challenging data regimes common in large-scale LLM
RL, including unreliable reward signals (Skalse et al., 2022), distribution mismatch between
training and downstream problems (Kirk et al., 2023), and datasets with low-utility training
instances (Dodge et al., 2021). In these settings, scalar accuracy-based heuristics often fail to
distinguish useful learning signals from misleading ones, whereas Grad Align consistently
prioritizes updates that improve downstream performance.

In summary, our contributions are as follows.

* We propose GradAlign, an online RL data-selection method that selects training
samples whose updates are aligned with downstream performance improvement.

* We identify three challenging data regimes for RL data selection and conduct tar-
geted experiments showing that Grad Align consistently outperforms prior baselines
in these settings.

2 Related Work

2.1 Data Selection for LLMs

Data selection has emerged as a critical lever for enhancing the training efficiency and
performance of LLMs (Koh & Liang, 2017). Early approaches largely relied on static heuris-
tics to filter low-quality web text, using metrics such as perplexity thresholds, language
identification, deduplication, and rule-based filters (Penedo et al., 2023; Raffel et al., 2019;
Abbeas et al., 2023; Li et al., 2024; Xie et al., 2023b; Lin et al., 2024). Beyond filtering, opti-
mizing the data-source mix has been standard practice to balance general capabilities with
specific domain knowledge (Xie et al., 2023a; Ye et al., 2024). More recent strategies employ
diversity-based sampling (Zhang et al., 2024) or proxy models to score data quality (Wettig
etal., 2025; Liu et al., 2024). However, these methods predominantly rely on human intuition
or general-purpose heuristics rather than a principled evaluation of how specific data points
contribute to the model’s learning trajectory, often leading to suboptimal alignment with
downstream tasks (Xia et al., 2024).

2.2 Influence Estimation and Gradient Alignment

To transcend heuristic data selection, researchers have adopted Influence Functions (Koh
et al., 2019; Grosse et al., 2023) to theoretically quantify the impact of individual training
instances on validation loss. In the context of LLMs, these ideas have inspired a series of
gradient-based data selection methods for pre-training and supervised fine-tuning (SFT) (En-
gstrom et al., 2024; Wang et al., 2023). Specifically, gradient alignment techniques—which
select training samples whose gradients exhibit high cosine similarity with those of a trusted
validation set—have proven effective for SFT (Zhang et al., 2024; Xia et al., 2024; Yu et al.,
2024; Sun et al., 2025a). Recent work has further extended such estimators to preference
data, for example, by pruning reward-model training sets using influence functions (Fein &
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Figure 1: Overview of GradAlign. GradAlign uses a small validation set to estimate a
target gradient direction and to score large-scale training candidates by gradient alignment,
selecting the top-ranked fraction to form an adaptive RL online learning curriculum.

Aranguiz-Dias, 2025). However, these methods remain confined to offline, imitation-style
paradigms (SFT and reward-model training), and their effectiveness for online RL policy
optimization remains largely unexplored.

2.3 LLM Reinforcement Learning

Reinforcement Learning (RL) is increasingly central in unlocking advanced LLM capabilities,
particularly for complex reasoning (DeepSeek-Al et al., 2025; Yu et al., 2025) and autonomous
agentic tasks (Du et al., 2025). While standard Proximal Policy Optimization (PPO) (Schul-
man et al., 2017) remains a cornerstone, recent advances such as Group Relative Policy
Optimization (GRPO) (Shao et al., 2024) and the reasoning-focused DeepSeek-R1 (DeepSeek-
Al et al., 2025) demonstrate that RL can substantially outperform supervised baselines.
However, RL algorithms are notoriously sensitive to data quality and reward noise; for
example, training on trivial or unsolvable problems can induce instability or reward hack-
ing (Hu et al., 2025; Gao et al., 2022; Lightman et al., 2023). As a result, although considerable
effort has been devoted to selecting valuable data using heuristic signals such as success
rates, gradients, or parameter distributions (Yu et al., 2025; Li et al., 2025b;a; Liang et al.,
2025), the curriculum of which problems to present to LLMs, and when, is typically treated
as static. This overlooks the potential of dynamic data selection to stabilize and accelerate
RL training. In this work, we propose gradient alignment as a principled approach for
dynamically selecting high-quality data during the RL process.

3 Preliminary

3.1 Problem Definition

We study an online reinforcement learning (RL) setting where the learner filters a large,
noisy candidate pool to maximize downstream task performance. Formally, at each training
round r, given the current policy 71y, we receive M candidate problems P, = {p1,..., prm}-
A data selector outputs a subset S, C P, of size |Sy| = M/g, where g > 1 is the selection
ratio. The policy 71y is then trained in S, using binary rewards computed by a judge model
against the reference answers.

To guide data selection toward informative problems, algorithms can access a small valida-
tion set P, representing the downstream task (e.g., few-shot examples or public test cases).
The final performance is evaluated on a held-out test set P;.

3.2 GRPO as the Reinforcement Learning Objective

We use Group Relative Policy Optimization (GRPO) (Shao et al., 2024) as a unified training
objective to isolate the effect of data selection. For an input x sampled from dataset D,
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the policy 71y generates k responses {yj}}‘:l with corresponding rewards {rj};?zl. GRPO

Yj*i’

computes a normalized advantage: Aj = m, where 7 = % E;?:l rj. The policy
i
is optimized using a clipped objective with KL regularization:

ﬁGRpQ(Q) = IEXND:yN”(Jold [mm(p](G)A], Cllp(p](e), 1-— €, 1+ €)A])] — ,BKLDKL [7‘[9 || ﬂref} ,

%, and PBxr is the coefficient for the KL penalty. For theoretical
old *//

analysis, we define a surrogate objective Lggpo that ignores clipping and KL regularization.
Assuming on-policy sampling, where the rollout policy is the same as the current policy
(i-e., 71q,,, = 7p), this yields:

where p;(0) =

Lerro(0) = Ex~py~my,,, [A;log mo(yj|x)] -
Taking the gradient provides a stable policy-gradient estimator:
VoLcrro(8) = Ex Dy~ [AjVglog o (y;lx)].

While we instantiate our framework using GRPO, it only requires on-policy gradient esti-
mates and is compatible with other RL objectives.

4 GradAlign

We propose GradAlign, an online data selection method for RL. While prior work often
uses accuracy-based filtering (Yu et al., 2025), accuracy alone cannot determine which
problems induce beneficial policy updates. GradAlign addresses this limitation by selecting
high-quality samples through gradient alignment.

Our key insight is that a training problem is valuable if updating the policy on it improves
performance on a trustworthy validation set P,. We approximate this improvement using
first-order policy gradients. GradAlign treats the average policy gradient on the validation
set as a target direction and ranks candidate problems by their alignment with this direction.
As illustrated in Figure 1, Grad Align operates iteratively by estimating validation gradients,
selecting aligned training problems, and updating the policy. Rollouts are resampled each
round to dynamically adapt to the evolving policy.

4.1 Validation Improvement as a Proxy

Unlike supervised fine-tuning, where training data provides detailed solutions, RL only
exposes reward signals, making it difficult to directly estimate the utility of individual
training problems. We therefore use validation improvement as a proxy for problem utility:
a training problem is useful if updating the policy on it improves performance on the
validation set P,, which is more likely to transfer to the held-out test set. A direct approach
would be to perform RL updates on each candidate problem and measure the resulting
change on P,, but this is computationally prohibitive.

4.2 Validation Improvement via Policy Gradients

Because accuracy change is a discrete signal, ranking candidates precisely by it is expensive.
We instead find that the gradient of the on-policy GRPO loss can serve as a surrogate for
accuracy change, as formalized in the following theorem:

Theorem 4.1 (Unbiased expected-accuracy gradient estimation). Under on-policy sampling,
binary rewards, unbiased advantage estimation without normalization, and ignoring KL requlariza-
tion and clipping, the policy-gradient estimator is unbiased for the gradient of expected accuracy.

The proof is provided in Appendix C.1. We therefore approximate the expected change in
validation accuracy using the gradient of the GRPO objective. Based on Theorem 4.1, under
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a first-order approximation, the validation improvement induced by a candidate training
problem is proportional to the inner product between the policy gradients computed on the
validation set and on the candidate. In practice, the advantage estimator A is normalized
for stable training. As the following theorem states, the normalized policy gradient remains
directionally aligned, in expectation, with the expected accuracy gradient:

Theorem 4.2 (Direction preservation under advantage normalization). Under on-policy sam-
pling, binary rewards, and k > 2 i.i.d. rollouts per problem, group-wise advantage normalization
biases the magnitude of the per-problem GRPO gradient but preserves its expected direction: the
expected normalized GRPO gradient is a non-negative scalar multiple of the gradient of the ex-
pected accuracy, and the scalar is strictly positive whenever the expected accuracy lies in (0,1).
Consequently, whenever V gpy(x) # 0, the two gradients share the same direction.

The proof is provided in Appendix C.2. Note that the binary-reward assumption is necessary;
Appendix C.3 provides a counterexample in the general scalar-reward setting.

Because gradients are typically normalized in practice, their direction is more important
than magnitude. Therefore, we use cosine similarity as the alignment score instead of the
inner product. This choice is further supported by our ablation studies (see Section 7).

4.3 Algorithm Details

To estimate the validation policy gradient, we first compute the policy gradient for each val-
idation problem. Specifically, for every problem p; in the validation set P, = {p7, ..., pfpv‘ 1,
we sample k; rollouts 0; 1, . .., 0, With corresponding binary rewards r; 1, ...,;x, € {0,1}.
We then compute the normalized advantages Ai,]' following the GRPO surrogate objective
described in Section 3.2. The gradient g; for the problem p; is given by

. 1 &
81 = VoLarro(p?) = - ) Aij Volog mo (0i)
v j=1

pi)-
Averaging all gradients, we obtain the validation policy gradient G, = ‘7;727‘ Yio18Y

In each training round r, for each candidate training problem p, ; € P;, we similarly estimate
the GRPO policy gradient g,; using sampled rollouts of size k,. Since the training set is
substantially larger than the validation set (|P;| > |Py|), we use fewer rollouts (k; < k;)
for training candidates, as high-precision gradient estimates are less critical on training
candidates. Finally, we rank the candidate training problems according to the cosine
similarity between g, ; and Gy, selecting the top-|S,| candidates.

Our design differs from influence functions, which require fully trained models and second-
order information (Koh & Liang, 2017). Second-order effects are unnecessary here, since
each candidate is used for only a few updates, for which first-order approximations suffice.

4.4 On-Policy Resampling

Because the policy evolves during RL training, both the expected validation accuracy and
the validation GRPO gradients change over time. To mitigate the bias introduced by stale
rollouts in advantage estimation, we resample all validation problems and recompute the
average validation gradient at the beginning of each data-selection round.

This design differs from Zhu et al. (2025), which estimates gradients using offline rollouts
with importance sampling. Although importance sampling can be unbiased, behaviors
that emerge as the policy evolves may fall outside the offline rollout distribution. It also
exhibits high variance when behavior and target policies diverge, requiring more samples
and incurring higher computational cost for stable estimation.

4.5 Regarding KL Regularization

Although we do not add KL regularization in our experiments to isolate the effect of data
selection, we could modify the surrogate GRPO loss to incorporate a KL penalty for both
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Figure 2: Illustration of Three Challenging Data-Selection Scenarios. Each panel shows a
failure mode where accuracy-based filtering fails to identify training samples that improve
downstream performance.

the training and validation sets. The modified surrogate objective would be formulated as:

Lerrox1(0) = Exy~r, [Aj10g e (yj|x)] — Brr Dk [0 || Tref] -

In this formulation, we could still compute the gradient alignment by evaluating the gradient
of this modified loss, VGEGRPO_KL(G), for both the validation set to establish the target
direction and the training candidates for ranking.

Overall Algorithm. The pseudocode for GradAlign is presented in Algorithm 1.

Algorithm 1 Grad-Aligned Data Selection (GRADALIGN)

1: Input: initial policy 7ty; validation set P,; number of training rounds R; candidate pools {Pr}le
with |P;| = M; selection ratio g (select M /g candidates per round); number of rollouts k, and k;
normalization constant €.

2: Output: trained policy 7y

3: forr =1to R do

4:  (Resample & compute validation gradient)

5: Initialize G, + 0.

6:  for each validation problem p° € P, do

7 Roll out k, samples {oj};.cvzl ~ 19(- | p¥) and obtain rewards {r]-};-ll.
8: Compute GRPO gradient:

ke A
&+ L AjVelog (o | ).

9: Accumulate G, < Gy + g;.
10:  end for

11:  Average Gy < wg—‘Gv.
12:  (Score candidates by gradient alignment)
13:  for each candidate problem p,; € P, do

14: Roll out k; samples and compute its GRPO gradient estimate g, ; (same procedure as above).
15: Score s, ; +— cos(gy,i, Go)-
16:  end for

17:  Select S; < top-M/q candidates in P, by s, ;.
18:  (RL update on selected curriculum)

19:  Update 6 by GRPO training on S;.

20: end for

5 Considerations

5.1 Applicable Scenarios

GradAlign is particularly suitable for settings where the training rewards are noisy or
unreliable, as the gradients are more dispersed. We highlight three common scenarios: the
Distinguishability Test with Noisy Rewards, an Unbalanced Dataset, and Low-Utility
Training Data. Details can be found in Appendix D with visualization in Figure 2.
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5.2 Computational Overhead

GradAlign introduces additional computation to estimate gradient alignment, but the
relative overhead remains tractable. Let |P;| and |P,| be the number of training candidates
and validation problems, evaluated with k, and k, rollouts, respectively. When training a
selected subset |S;| using 1 rollouts per problem, the relative computational overhead is:

|Prkr + | Polky
|Sy[me '

In our standard setting (|P;| = 5120, |S,| = 1280, k, = k, = 16, n; = 128, |P,| < 200),
GradAlign adds ~ 65% compute overhead. By comparison, Align (Li et al., 2025a) adds

~ 50% overhead ( E"UZ ) , and this doubles if gradients are not projected for storage to avoid

recomputation. Accuracy-based greedy filtering (AccGreedy, see Section 6.2) incurs an
| Pr|kr
|Sr|n
This overhead is justified for three reasons: (1) the small validation set makes target gradient
computation negligible; (2) candidate gradient computation adds only a constant-factor
overhead over accuracy-based filtering (Kaplan et al., 2020); and (3) prioritizing highly
informative problems improves sample efficiency, significantly reducing ineffective updates
and yielding better final performance than unfiltered training. A detailed per-round FLOP
breakdown and a memory analysis are provided in Appendix F, confirming that both the
compute and memory overhead are invariant to model scale.

overhead of C

, where C denotes the relative cost of rollouts compared to full updates.

6 Experiments

In this section, we evaluate the effectiveness of Grad Align across diverse scenarios. Through
these experiments, we aim to verify GradAlign’s ability to select high-quality training data
for specific domains from a large and noisy training dataset.

6.1 Experimental Setup

RL Framework All experiments are conducted using GRPO (Shao et al., 2024). We use
a sparse binary reward indicating whether the final answer is correct, and all rewards are
provided by Qwen2.5-72B-Instruct as the judge. We train base models in the 1.5B-8B range,
and the model used in each setting is stated with the corresponding scenario below. Detailed
RL training hyperparameters can be found in Appendix A. Recalling the three scenarios
mentioned in Section 5.1, we conduct experiments to inspect each of them.

Scenario 1: Distinguishability Test with Noisy Rewards To rigorously assess the selec-
tor’s capacity to discriminate valid learning signals from stochastic noise, we conduct a
controlled experiment that systematically perturbs the training set. We train Qwen3-8B-Base
on the DAPO training corpus (Yu et al., 2025), introducing controlled corruptions to 50%
of the samples, whereby rewards are decoupled from model outputs and instead sampled
from a Bernoulli distribution (p = 0.5). This procedure generates a subset of data that
statistically mimics the difficulty of “complex” problems (50% pass rate) while being devoid
of helpful gradient information.

Scenario 2: Unbalanced Dataset To evaluate alignment capabilities under distributional
shift, we train Qwen2.5-1.5B-Math on a heterogeneous dataset comprising 4k Countdown
Game problems (Gandhi et al., 2024), 20k Weblnstruct problems, and 10k DAPO prob-
lems (Yu et al., 2025). Given that the target domain (Countdown Game) constitutes only
~12% of the aggregate pool, this setting challenges methods to retrieve domain-specific
problems from an imbalanced distribution. We employ a selection ratio of g4 = 20 (select-
ing the top 5%), with validation and test sets consisting exclusively of Countdown Game
problems.
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Val Held-out Test Ratio of Corrupted (|)
Method ‘ AMC22 ‘ AMC23  AIME2425  Test Avg. Step 0 Step 100
GradAlign (Ours) 49.1 68.2 20.5 444 17.8% 29.9%
Random 47.5 58.5 15.8 372 50.0%* 50.0%*
AccGreedy 18.1 28.5 1.9 15.2 81.8% 87.1%
Align 45.7 61.5 16.6 39.1 33.5% 47.5%

Table 1: Scenario 1: Controlled Noise Injection (50% Corrupt). Downstream performance
on AMC/AIME benchmarks and the ratio of corrupted problems in selected training data.
Best results are in bold; second-best are underlined. All results are reported at step 100. The
Test Avg. is computed over the held-out test columns only and excludes the validation (Val)
column. *Random selection has an expected corruption ratio of 50.0% by construction.

Scenario 3: Low-Utility Training Data The training set is the WeblInstruct-filtered-
unverified dataset (Ma et al., 2025), a large-scale collection (808k problems) gathered from
internet sources and reflecting typical noisy, uncurated training data. For the two Qwen3-8B-
Base settings, we apply a preliminary difficulty filter (pass rates € [0.2, 0.8]) before selection
to improve computational efficiency. We consider three target domains.

SuperGPQA & TheoremQA: Using Qwen3-8B-Base, we draw a single combined validation
set from SuperGPQA (Team et al., 2025) and TheoremQA (Chen et al., 2023) to guide selec-
tion, and evaluate both held-out test sets; this probes whether a mixed-domain validation
signal can improve multiple target domains at once.

Mathematical Reasoning Task: Using Qwen3-8B-Base, selection is guided by AMC22 (Math-
ematical Association of America, 2022), with performance evaluated on AMC23 and
AIME2425. This is a partial validation-test mismatch: the probe is AMC22, but the test
set includes the harder AIME2425 from different competitions and years, testing whether
GradAlign still transfers when the validation set only partially represents the target.

MMLU-Pro: Using Qwen2.5-1.5B-Math-Instruct and the unfiltered corpus, the target do-
main is the Math category of MMLU-Pro (Wang et al., 2024), divided into validation and test
sets. This evaluates GradAlign’s ability to identify problems beneficial to multiple-choice
mathematical reasoning.

6.2 Baselines
We compare GradAlign with three common data selection strategies:

1. Random Selection: Uniformly samples training data. Serves as a lower bound.

2. Accuracy Greedy (AccGreedy) (Sun et al., 2025c): Prioritizes samples with pass
rates closest to 50%, based on the heuristic that problems near the decision boundary
provide the strongest signal.

3. LearnAlign (Align) (Li et al., 2025a): A method that selects data based on gradient
similarity within the training set without using external validation guidance.

6.3 Experimental Results

We report results for each scenario below, focusing on downstream accuracy and, where
applicable, the composition of selected training data.

Results on Noisy Rewards Table 1 presents the results of the noise-injection experiment.
GradAlign significantly outperforms all baselines on most datasets. We also report the ratio
of corrupted problems selected at steps 0 and 100 in Table 1. GradAlign consistently selects
the lowest proportion of corrupted data. AccGreedy selects the most corrupted data (over
80%) because the corrupted samples have pass rates near 50%. Figure 5 shows the training
accuracy curves, where GradAlign outperforms all baselines.
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Performance Ratio of Countdown (7)
Method Countdown(Val) Countdown(Test) Step 0 Step 50
GradAlign (Ours) 33.8 34.0 92.9% 62.1%
Random 14.1 10.4 11.8%* 11.8%*
AccGreedy 21.7 15.2 7.8% 1.5%
Align 31.1 28.2 47.2% 60.6%

Table 2: Scenario 2: Unbalanced Dataset. Downstream performance on Countdown Game
and the ratio of Countdown problems in selected training data. Best results are in bold;
second-best are underlined. All results are reported at step 50. *Random selection has an
expected Countdown ratio of 11.8% by construction.

SuperGPQA TheoremQA AIME/AMC MMLU-Pro | Test
Method Val Test Val Test Val AMC23 AIME2425 ‘ Val Test | Avg.
GradAlign | 33.5 35.7 55.7 59.3 48.8 64.2 18.3 59.8 579 | 471
Random 29.6 355 | 535 552 47.6 60.0 17.2 57.8 571 | 45.0
AccGreedy | 31.7 31.6 53.1 54.9 45.0 62.3 17.8 575 551 443
Align 29.8 32.7 52.8 579 | 464 61.5 16.1 571  56.6 | 45.0

Table 3: Scenario 3: Low-Utility Training Data. Downstream performance on SuperGPQA,
TheoremQA, AMC/AIME, and MMLU-Pro. The training set is Weblnstruct. Best results
are in bold; second-best are underlined. All results are reported at step 100. The Test Avg.
covers only the held-out test columns, excluding all Val columns.

Results on Unbalanced Dataset Table 2 shows results for the unbalanced dataset setting.
GradAlign achieves the best performance on both validation and test sets, followed by Align.
Table 2 shows the ratio of the selected Countdown Game problems. AccGreedy rarely selects
these problems because of the low initial accuracy on Countdown. This result demonstrates
the importance of gradient-informed data selection for domain-specific filtering.

Performance on Low-Utility Data WeblInstruct is a large-scale, automatically constructed
corpus in which many problems are on-distribution but overly simple, providing valid
rewards yet little learning signal for the target task. On this corpus, GradAlign attains the
highest average performance across all settings, while some baselines remain competitive
on individual splits (Table 3). It achieves the best results across all datasets, e.g., 59.3% on
TheoremQA-test, compared to 54.9% for AccGreedy and 57.9% for Align.

Although GradAlign requires more computation per step, it converges faster and reaches
higher final performance than random selection. As shown in Figure 3, in Scenario 3,
random selection does not plateau but degrades after step 120, as continued training on
noisy data erodes the policy, so additional training would not close the gap.

AIME AMC22 AMC23

0.65
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©
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Figure 3: Training Accuracy Curve on AIME2425, AMC22 and AMC23 (Scenario 3).
GradAlign (ours) achieves the strongest performance.
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7 Ablation Study

In this section, we conduct ablation studies on three design choices: the alignment score
metric (cosine similarity versus inner product), the sample size required for stable gradient
estimation, and training directly on the validation set instead of the training set.

Inner product vs. cosine similarity. We compare cosine similarity and the inner product
as alignment-score measures in the noisy-reward setting. As shown in Figure 4 (left), cosine
similarity achieves higher performance. Further analysis (see Appendix B) indicates that
cosine similarity better separates clean samples from corrupted samples.

Directly training on validation set. Distinguishability Test _ N _

We study the performance Of training (50% Corrupted) Direct Training vs. GradAlign
. . . mmm Cosine Similarit, mm  Direct-trainin

directly on the validation set (AMC22) | = wmerrosuc ~ b s0| == radhion (our

+2.7
6150642

60 +1.9
49.1 475 o 60

instead of selecting data from the
training set. Figure 4 (right) shows
that while direct training achieves
higher performance on AMC22 itself,
it fails to generalize to test sets, un-
like GradAlign. Intuitively, training di-
rectly on the small validation set can
lead to memorizing its specific trajec- Figure 4: Performance Analysis of Gradient Align-
tories, whereas GradAhgn preserves ment and Direct Training. (Left) Under 50% reward
diversity. noise, cosine similarity outperforms the inner product.

(Right) Direct training on the validation set overfits,

1y . . h GradAli lizes. All 1t ted
Validation set size To test the sensi- ;\1 sig;aioofa 180 peneralizes. AL TeSUs are reporte

tivity of our method to the size of the

validation set, we conduct an ablation

study in the Unbalanced dataset setting. As shown in Table 4, Grad Align achieves a stable
improvement over baselines even with small validation set sizes. We also measure gradient
noise in GRPO, and results are given in Appendix E.
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GradAlign (val. set size) ‘ Baselines
10 30 100 ‘ Random AccGreedy Align
Test Set Accuracy  32.7 321 340 | 104 152 282

Table 4: Test set performance at step 50 on the Countdown task, varying the Grad Align
validation set size (10/30/100 problems). GradAlign stays well above all baselines.

8 Conclusion

We presented GradAlign, a gradient-aligned data selection method for LLM reinforcement
learning that uses a small validation set to prioritize training problems whose policy-
gradient updates most improve downstream performance. Across noisy rewards, distribu-
tion imbalance, and low-utility web data, Grad Align yields more stable training and stronger
final results than heuristic and prior baselines. These results suggest that policy-gradient
direction is a reliable signal for RL data attribution and curriculum learning, offering a
broadly applicable way to improve training efficiency in LLM reinforcement learning.

Limitations GradAlign relies on a validation set representative of the downstream task: it
selects training samples aligned with the validation distribution, so a mismatched probe
(e.g., validating on MMLU but testing on AIME) would steer selection toward the wrong
problems. It thus targets settings with a relevant validation signal rather than task-agnostic
selection. It also adds compute overhead (=~ 65% over unfiltered training; Section 5.2),
though this cost is bounded and scale-invariant.
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A Detailed Hyperparameters

We detail the hyperparameters used for GRPO training and the Grad Align selection process
in Table 5. For all experiments, we utilize the AdamW optimizer with a learning rate of
1x107°.

SuperGPQA & Math Noisy Rewards
Hyperparameter MMLU-Pro TheoremQA (AIME/AMC) Countdown (Distinguishability)
Model Configuration
Base Model Qwen2.5-1.5B-Math-Instruct Qwen3-8B-Base Qwen3-8B-Base Qwen2.5-1.5B-Math Qwen3-8B-Base
GRPO Training
Learning Rate 1x107° 1x107° 1x107° 1x107° 1x107°
Optimizer AdamW AdamW AdamW AdamW AdamW
Training Problems per Step (71¢rain) 32 128 128 128 128
Rollouts per Training Problem 128 128 128 128 128
Data Selection
Selection Interval (U steps) 10 10 10 10 10
Rollouts for Estimation (ky) 16 16 16 16 64
Selection Ratio (7) 4 4 4 20 4
Selected Percentage 25% 25% 25% 5% 25%

Table 5: Detailed Hyperparameters across Experimental Settings. Note that 714, denotes
the number of distinct problems per GRPO update step. The selection ratio q determines
the fraction of the candidate pool retained (1/9).
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Figure 5: Training Accuracy Curve on AIME2425, AMC22 and AMC23 (Scenario 1).
GradAlign (ours) achieves the strongest performance.

B Candidate Distribution

We visualize the score distribution for Scenario 1 (Noisy Rewards), in which half of the
training candidates are corrupted by random reward signals sampled from a Bernoulli
distribution with p = 0.5. An effective data selection method should be able to distinguish
clean candidates from corrupted ones. As shown in Figure 6, we compare two similarity
metrics (cosine similarity and inner product) for computing alignment scores. Cosine simi-
larity provides clearer separation between clean and corrupted candidates across different
training stages, demonstrating its superior discriminative capability.
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Figure 6: Distribution of Cosine Similarity and Inner Product Similarity. Cosine similarity
is more indicative than the inner product regarding detecting corrupted instances.

C Proofs of Validation Improvement

C.1 Proof of Theorem 4.1

Proof. Let J(0) = Ey_.p y~n,(|x)[R(x,y)] be the expected reward, where R(x,y) =
1[y = y*(x)] is the judge outcome indicating whether y matches the reference answer y*(x).
Hence, J(0) equals the expected accuracy. Under on-policy sampling, the policy gradient
theorem (Sutton et al., 1999) gives

Vo] (0) = By~ [Q (x,¥) Vi log 71 (y]x)]

Here Q™ (x, y) denotes the action-value function, i.e., the expected return obtained by taking
action y under policy 7t given input x. Let A™(x,y) = Q™ (x,y) — b(x) denote the advantage
function, where b(x) is any baseline independent of . Then Ey ., [b(x) Vg log 74 (y|x)] = 0.

Therefore

Vo] (0) = Exymy[A™(x,y) Vg log o(y|x)] -
If the advantage estimator A is unbiased, i.e., E[A | x,y] = A7 (x,y), then

Exym, [AVglog ma(y | x)] = Vo] (0),

showing that the resulting update is an unbiased estimator of VyJ(6), which equals the
gradient of expected accuracy.
We note that GRPO does not use such an unbiased advantage: it centers rewards by the
group mean 7 = %Zlgzl r¢, which includes the sampled reward and is therefore not a
baseline independent of the action. Writing 7_; = k%l Y.¢4j ¢ for the leave-one-out mean,

which is a valid action-independent baseline, one has rj — # = (1 — 1) (r; — 7_;). Hence
group-mean centering (without standard-deviation normalization) equals the unbiased

leave-one-out estimator scaled by 1 — %: it is biased in magnitude but preserves the direction
of the expected-accuracy gradient. O

C.2 Proof of Theorem 4.2

Proof. Fix a problem x, and define its expected accuracy under the current policy as
p@(x) = ]Ey~7rg(-|x) [R(x' y)] ’
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where R(x,y) € {0,1}, and thus pg(x) € [0,1].

Let y1,..., Yk Hig- mo(- | x),7; = R(x,y;),p = pe(x), and define the score vector s; =
Vo log 7y (yj | x)-
As is standard in policy-gradient methods, the sampled rewards and normalization statistics
are treated as stop-gradient quantities when differentiating the GRPO surrogate objective.
We define the group mean 7 = %Z}‘Zl j and, for any normalization constant € > 0, the
normalized advantage A; = —— 7, with the convention that a zero-variance
1 yk —7)2
k24:1(7i 7)2+e
group (in which all rewards are equal) contributes zero advantage, A; = 0; this covers
the case € = 0, for which the denominator would otherwise vanish. The corresponding
normalized GRPO gradient estimator per—problem is

gnorm Z A S+

We first establish two standard score-function 1dent1t1es.
E[sj] = Eyry(.x) [Velogme(y | x)] =0,
E[rjsj] = Eyry(x) [R(x,y)Volog me(y | x)] = VoE, q,(.1x) [R(x,y)] = Vgp.
If p € {0,1}, all sampled rewards are equal, so gnorm(x) = 0 and the claim holds with
cg(x) = 0. We therefore assume p € (0,1) below. Because the reward is binary, we have
E[r;s;] = pEls; | r; = 1]. Therefore, E[s; | r; = 1] = % Similarly, for E[s; | r; = 0], we
have
(1= p)E[s; | rj = 0] = E[(1 —rj)sj] = Elsj] — E[rjs;] = —Vgp,
P

SO IE[S] | 1’]' = O} = —%.

Letn = Z;‘:l r; = fk denote the number of correct rollouts in this realized group; the group

variance is L
Ca

Define d, = T (1 - k) +e.Forn € {1,...,k — 1} this is strictly positive; the boundary

cases n € {0,k} are zero-variance groups that contribute zero by the convention above
(their numerator n(k — n) also vanishes), so the value of d,, there is immaterial. Condition
on an arbitrary reward vector (rq,...,7¢) containing exactly n correct rollouts. Since the
rollouts are independent, the conditional expectation of each score vector depends only on
its corresponding reward. Therefore,

E Li(r]_r)] rlr---/rk] :"(1_%)]E[Sj|”j:”+(k_”) (—%) Efs; | rj = 0]

-n(1-5) S () (22)

nk—mn) (1 1
S () e
_ n(k—n)
hp(i=p) "

This expression depends on the reward vector only through n. Let N be the number of
correct rollouts. Conditional on N = n, the expected normalized gradient is

R 1 k B nk—n
E [gnorm(x) | N = n,x] = @]E L;(r] — 7’)5]' MVGP

N—n,x] =
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Taking expectation over N ~ Binomial(k, p) gives

k nlk—n
E [Znorm (X) | x] = ;)Pr(N = n)kzﬂ(f_p;ngQp = cg(x)Vape(x),
where
_ £ k n(1 _ \k—n n(k*n)
CG(X) —”Z_:()<n>p (1 P) kzp(l—p)dn‘

Here the boundary terms n € {0,k} are zero (their numerator n(k — n) vanishes, and for
€ = 0 they are zero by the zero-variance convention above). All the remaining terms are
non-negative, and when p # 0,1 and n # 0, k they are strictly positive. Therefore, cg(x) is
positive when p € (0,1) and k > 2.

It follows that
E [Znorm (x) | x] = co(x)Vgpo(x),  co(x) =0,
where cg(x) > 0 whenever py(x) € (0,1) and k > 2. O

C.3 Counterexample for Non-Binary Rewards

The binary-reward assumption in Theorem 4.2 is essential. We construct a counterexample
showing that, for general scalar rewards, group-wise standard-deviation normalization
does not necessarily preserve the expected policy-gradient direction.

Consider a softmax policy over three actions parameterized by logits 8 € R?,
. exp(0;
Tty (1) - 3 p( l) 7
Lij—1 exp (6))

evaluated at the uniform policy

o(1) = 719(2) = 79(3) =
Let

s; = Vg log my(i)
denote the score function associated with action i. Under the softmax parameterization,
i = ej — Tty,
where ¢; is the i-th standard basis vector. Assign deterministic rewards
R(1) =0, R(2) =1, R(3) =3.

The expected reward is

J(6) = Ejry [R()],
whose policy gradient is

3 1 1[4
Vg](@) = ; ﬂg(i)R(i)Si = 552 +5s3 = ) (—51> .

Now consider group-wise advantage normalization with k = 2 independent rollouts in the
limit e — 0T. Zero-variance groups have zero gradient because their rewards are equal. For
two actions with distinct rewards,

Gnomm (i,j) — 3 sign(R(i) — R()) (51 — 57).

The key here is that standard-deviation normalization removes the magnitude of each
pairwise reward difference and retains only its sign. At the uniform policy, each ordered
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action pair is sampled with probability 1/9. Combining the two orderings of each distinct
pair gives

[—(s1 —52) — (52 — 53) — (51 — 53)]
-2

(5)
2

si—sj:el-—ej.

1(-2\ 1[4
(8)i(3)

the expected normalized policy gradient is not a scalar multiple of VyJ(0). Therefore,
group-wise standard-deviation normalization does not, in general, preserve the expected
policy-gradient direction for non-binary rewards. By continuity, the same conclusion holds
for all sufficiently small e > 0.

E [§n0rm] =

O| = O =

where we use

Since

D Applicable Scenarios

GradAlign is particularly well-suited for settings where the training rewards are noisy or
unreliable, as the gradients are more dispersed. We highlight three common scenarios, with
illustrations in Figure 2.

Unreliable Reward Signals In many RL settings, the reward signal can be noisy or unre-
liable, providing an imperfect proxy for true task performance. For example, in LLM RL,
rewards are often obtained from model-based judges, and such rewards can be inaccurate
on ambiguous problems or inputs beyond the judge’s capabilities. These cases often exhibit
intermediate accuracy and are therefore difficult to remove with accuracy-based filtering,
which can waste compute and destabilize training. GradAlign is well-suited to this setting:
gradients induced by misjudged problems tend to be weakly aligned with the validation
gradient (often near-orthogonal in high-dimensional space), so GradAlign naturally down-
weights them. In Section 6, we show that GradAlign improves the stability of the training
and the final performance under unreliable reward signals.

Distribution Imbalance When the training dataset contains a wide range of problems
(e.g., math problems containing different categories (Albalak et al., 2025)) and the target
downstream task is more specific (e.g., one specific puzzle game), many training problems
may be correct and of moderate difficulty, but uninformative for the target task, causing
accuracy-based methods to fail at filtering such problems. GradAlign addresses this mis-
match by favoring problems whose gradients align with the validation gradient, while
downweighting target-irrelevant ones with low alignment.

Low-Utility Training Data As RL training scales up, practitioners increasingly rely on
large web-mined datasets (Yue et al., 2024; Du et al., 2025). Unlike distribution imbalance,
where useful data is underrepresented, the challenge here is that many training problems are
on-distribution but overly simple, yielding valid rewards while providing limited learning
signal for the target task. Grad Align addresses this setting by prioritizing problems whose
gradients align with validation performance and downweighting low-utility samples.

E Measuring Gradient Noise

We conduct an ablation study to determine the number of response samples required for
a reliable estimation of the cosine similarity between policy gradients. Specifically, we
estimate the gradient cosine similarity using k, € {32,128,512} samples per problem,
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computing each estimate twice with different random seeds. We then calculate the Pearson
correlation between similarity scores obtained from these independent runs using the DAPO
training set and the AMC22 validation set.

Table 6 shows that the correlation increases with sample size, indicating that larger k,
produces more stable and accurate estimates. k; = 512 achieves the most accurate estimation
with consistent similarity scores but requires high computational cost. k, = 32 reduces the
computational cost significantly but produces noisy estimates. Since GradAlign relies on
relative ranking rather than exact gradient values, a moderate correlation (e.g., 0.49) already
provides a reliable directional signal in high-dimensional gradient space.

Number of Samples k, 32 128 512
Cosine Similarity 0.30 049 0.79

Table 6: Pearson Correlation of Similarity Scores Calculated Using Responses Sampled
Twice. Pearson correlation between cosine similarity scores computed using two different
random seeds, for varying numbers of samples per problem (k;). Samples and gradients are
produced from Qwen2.5-1.5B-Math-Instruct.

F Compute and Memory Analysis

We provide a detailed per-round FLOP breakdown and a memory analysis for the computa-
tional overhead summarized in Section 5.2.

FLOP accounting. We estimate per-round FLOPs following Kaplan et al. (2020), where a
forward pass costs = 2N FLOPs per token and a forward-backward pass ~ 6N, with N the
model size and T the sequence length. In our standard setting (|P,| = 5120, |S;| = 1280,
ky = ko, = 16, ny = 128, | Py| = 200), the per-round cost decomposes as:

 Candidate rollouts: |P; |k, - 2NT ~ 2.6 x 10'8 FLOPs;
 Candidate gradients: |P,| k, - 6NT =~ 7.9 x 10'® FLOPs;

e Validation gradient: |P,| k, - 6NT ~ 3.1 x 10 FLOPs (negligible);
e RL update: |S,|n; - 6NT ~ 1.6 x 10! FLOPs.

The three Grad Align terms (candidate rollouts, candidate gradients, and validation gradient)
total & 1.1 x 10" FLOPs against a ~ 1.6 x 10!°-FLOP update, matching the ~ 65% relative
overhead reported in Section 5.2. Since N appears linearly in every term, it cancels in the
ratio, so this relative overhead is invariant to model scale.

Memory. GradAlign introduces no new memory peak beyond a standard GRPO step.
A GRPO update under AdamW must hold model weights, activations, and optimizer
states, which together occupy roughly 16N at peak (Rajbhandari et al., 2020). During
the selection step, GradAlign only stores the gradient of the current candidate and the
aggregated validation gradient; combined with the model parameters, this is about 6N,
well below the training peak. Gradient alignment thus reuses the existing training footprint
rather than adding to it.
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