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Abstract

Reinforcement learning with verifiable rewards
(RLVR) has become a key technique for en-
hancing LLMs’ reasoning abilities, yet its
data inefficiency remains a major bottleneck.
To address this critical yet challenging issue,
we present a novel gradient-alignment-based
method, named LearnAlign, which intelligently
selects the learnable and representative train-
ing reasoning data for RLVR post-training. To
overcome the well-known response-length bias
in gradient norms, we introduce the data learn-
ability based on the success rate, which indi-
cates the learning potential of each data point.
Experiments across five reasoning benchmarks
show that our method significantly reduces
training data requirements while achieving mi-
nor performance degradation or even improv-
ing performance compared to full-data train-
ing. Specifically, it reduces data requirements
by up to 1,000 data points with better perfor-
mance (77.5%) than that on the full dataset on
the GSM8K benchmark (77.0%). Furthermore,
its efficiency is demonstrated on both mathe-
matical and code benchmarks by using much
less data from the DAPO-MATH-17K dataset.

1 Introduction

Recently, Reinforcement learning with verifiable re-
wards (RLVR) has become a successful and crucial
post-training paradigm for enhancing the reasoning
ability of large language models (LLMs), exempli-
fied by OpenAl ol (Jaech et al., 2024), DeepSeek-
R1 (Guoetal., 2025), Kimi k1.5 (Team et al., 2025),
and so on. These models commonly utilize a rule-
based reward function, such as the correctness of
mathematical solving and code generation prob-
lems, to provide the supervision signal.

Due to the large number of parameters, the post-
training for LLMs usually needs a lot of computing
resources with large-scale data (Zhou et al., 2023;
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Luo et al., 2024, 2025; Liu et al., 2025a; Li et al.,
2022a,b; Zhang et al., 2024b,a). While, according
to the recent studies (Zhou et al., 2023; Ye et al.,
2025), it is feasible to activate the specialized abil-
ity of a pre-trained language model in downstream
tasks with a small set of examples. Inspired by this
observation, several works (Xia et al., 2024a; Li
et al., 2023a; Liu et al., 2024a) have explored data
selection strategies for the post-training of LLMs.
Most of methods assign a quality score to each sam-
ple using an external expert model or the target
model’s training signals, then select the top-ranked
data. While, these works are usually designed for
the supervised fine-tuning (SFT) paradigm rather
than the reinforcement learning paradigm, which
shows limited effectiveness in reasoning-oriented
scenarios. As far as we know, there are very few
works (Li et al., 2025; Wang et al., 2025) that stud-
ied the data selection problem of the reinforcement
learning paradigm at present. These works (Li
et al., 2025; Wang et al., 2025) verified that a small
amount of data or even one training example can
still provide sufficient information for RLVR post-
training. However, their methods are not computa-
tionally efficient, since they need to train the whole
original dataset for several epochs during data se-
lection, which makes them less practical for saving
computing resources.

To address the above issue, we propose a practi-
cal data selection method, named LearnAlign, for
the RLVR paradigm in large language models via
gradient alignment. Inspired by (Pruthi et al., 2020;
Xia et al., 2024a), to select the high-valued reason-
ing data, we consider measuring the influence of
each data point for training the LLM. First, we esti-
mate the influence of one data point for the training
dataset by approximating the change of the training
loss using a first-order Taylor expansion. Such in-
fluence then can be transformed to the alignment
score of gradients between that data point and the
training dataset, which can reflect the representa-
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Figure 1: Performance comparison between baseline methods and our proposed LearnAlign on various benchmarks,
including GSM8K, MATHS500, AMC2023, AIME2024, and CRUX, using the Qwen2.5-3B model.

tiveness of data points to the dataset. In addition,
to address the well-known response-length bias for
gradient norms (Liu et al., 2025b; Xia et al., 2024a),
we introduce the learningability of data estimated
by the success rate to replace it, which can represent
the learnable potential without the bias (Florensa
etal., 2018; Tzannetos et al., 2023). Finally, we can
obtain an improved gradient alignment score, and
then the top-sorted data points are identified as the
learnable and representative reasoning data.
Experiments across four mathematical rea-
soning benchmarks (GSM8K (Cobbe et al.,
2021), MATHS500 (Hendrycks et al., 2021a),
AMC2023 (AMC, 2023), and AIME2024 (AIM,
2024)) and one code generation benchmark
(CRUX (Gu et al., 2024)) reveal two key findings:
(1) conventional SFT data selection methods fall
short in the RLVR paradigm for the post-training
phase of LLMs; (2) LearnAlign achieves minor
performance degradation or even superior perfor-
mance while requiring only a fraction of the train-
ing data (as seen in Figure 1). Notably, our method
achieves comparable performance compared to full
data (42.4% vs. 44.9%) using much less data (1,000
vs. 17,000 examples) across five benchmarks. Our
main contributions are summarized as follows:

* In this paper, we explore efficient data selection
for RLVR post-training from the perspective of
gradient alignment, a direction that has received
limited attention in prior work.

* We introduce LearnAlign, a novel data selection
framework that constructs learnability-weighted
gradient representations to measure influence be-
tween data points, where the learnability met-
ric captures learning potential and addresses the
response-length bias for gradient norms.

» Comprehensive comparison with prior methods
across five benchmarks and three LLMs clearly
reveals the shortcomings of traditional SFT data
selection methods, and demonstrates that Lear-
nAlign identifies high-value subsets that match
or exceed full-dataset performance.

2 Related Work

We review the existing data selection studies
for LLM post-training, including supervised fine-
tuning (SFT) and reinforcement learning with veri-
fiable rewards (RLVR).

Data selection for SFT post-training: Most data
selection methods for LLM supervised fine-tuning
assign quality scores to each sample using various
signals, which we categorize into external-scoring
and self-scoring approaches. External-scoring
methods often rely on powerful LLMs. For exam-
ple, INSTAG (Lu et al., 2023) uses ChatGPT to gen-
erate fine-grained tags for assessing instruction di-
versity and complexity; ALPAGASUS (Chen et al.,
2023) employs ChatGPT to directly evaluate and se-
lect high-quality instructions; IFD (Li et al., 2023a)
measures discrepancies between model and self-
generated outputs; and LESS (Xia et al., 2024a) pri-
oritizes data via a gradient-based similarity to few-
shot examples. Self-scoring methods avoid external
models. SelectIT (Liu et al., 2024a) uses multi-level
uncertainty (token, sentence, and model) to iden-
tify high-quality data. Nuggets (Li et al., 2023b)
scores samples by their influence on perplexity of
an anchor set, improving tuning efficiency.

Data selection for RLVR post-training: As far
as we know, there are few works that have explored
data selection for RLVR post-training. LIMR (Li
et al., 2025) and 1-shot RLVR (Wang et al., 2025)
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verify earlier that a small amount of data can still
provide sufficient information for the RLVR train-
ing. While these methods are not computationally
efficient, since they need to train the original dataset
for several epochs during data selection. To address
this issue, this work offers a more practical solution
for RLVR post-training.

3 Preliminary

A next-token prediction LLM can be regarded as a
token-level Markov Decision Process (MDP) (Sut-
ton et al., 1998; Foster and Foerster, 2025), which
is denoted by a tuple M := {S, A,~7,T,R, P’}
S represents the state space, and A denotes the ac-
tion space. P° means the starting state distribution
while 7 is the transition function. The reward func-
tion and the discount factor are denoted R and -,
respectively. LLM post-training by RLVR is formu-
lated as a token-level MDP, where the objective is to
sequentially generate text conditioned on the given
prompt. It starts from a prompt or question query de-
noted as € = [£1,&a, -+ , &), represents n tokens.
At each timestep t, the action y; € A corresponds
to the generation of a token y;, sampled from the
model’s output distribution. The transition function
T ([€o:t—1,vt]) = €o.t is deterministic. It concate-
nates the generated token y; to the existing sequence
o1 =1[&1,---,&ns Y1, - - -, Yr—1] to form the new
state &0t = [&1,---,&én, Y1, -, yt]. The reward
for generating token y; at timestep ¢ is sparse, as-
signed only at the final timestep 7" of the episode.
The reward is binary, with R(£y) = 1 if the com-
plete sequence £y = [£1,...,&n, Y1, ..., y7) (the
prompt followed by the generated tokens) is correct,
and R(€y) = 0 otherwise. Typically, the discount
factor +y is set to 1, so the cumulative discounted
finite-horizon return is simply R(&y).

Group relative policy optimization (GRPO).
Recently, GRPO (Shao et al., 2024) emerges as a
popular RLVR algorithm. In particular, the GRPO
consists of two terms, a policy term Jpolicy and an-
other KL divergence term. This can be formulated
as follows:

1
Jareo(0) = Eqop,, {036 ~m,, (0lg) [G
=1
|o;]
1 . X .
m ; min (Ti,tAi,ta (SAi’t) — /BDKL[T(G ‘ Trref]:| ,
(D

We(oi,t\%oi,d)
7044 (04,¢10:06,<¢)°
the relative advantage, which is computed us-
ing a group of rewards {ry,72, -+ ,rg}: fl@t =
%}’;]’%0 Dk denotes the KL-divergence
between 7;791 and T to constrain the divergence be-
tween the old and new policy model, while § =
clip(ri¢, 1 —€,1 4 €). mer typically represents the
original pre-trained model prior to the RLVR post-
training process.

where r;; = and A;; denotes

4 Method

Here, we outline our strategy for selecting data to
effectively enhance the large language model’s per-
formance during the reinforcement learning (RL)
post-training phase. We begin by defining the data
selection problem (Section 4.1). Next, we discuss
data influence estimation via gradient alignment
(Section 4.2) and improving gradient alignment
with data learnability (Section 4.3), which provides
a way to assess the utility of data pairs. Finally,
we present a comprehensive overview of our data
selection method (Section 4.4).

4.1 Problem Definition

The objective of data selection for LLM RLVR
post-training is to identify a subset D;,;  from the
full training dataset Dyin, Where |D;.. | < |Diain|-
The selected subset is used to train an LLM policy
model g via reinforcement learning techniques,
e.g., PPO (Schulman et al., 2017) or GRPO (Shao
et al., 2024), aiming to achieve lower loss and im-
proved performance on a test dataset Dyes. More-
over, no additional information beyond the original
training dataset Dy, is available. Ideally, the se-
lected subset should enable the model to achieve per-
formance comparable to training on the full dataset
Dirain With significantly fewer data, or ensure that
any performance degradation is minimal, thereby
maximizing training efficiency.

4.2 Data Influential Estimation via Gradient
Alignment

Similar to SFT data selection methods (Xia et al.,
2024a), selecting data for LLM post-training also re-
quires analyzing and understanding the training dy-
namics of the data. Specifically, we need to identify
which data can most effectively reduce the model’s
loss. Drawing inspiration from (Pruthi et al., 2020;
Liu et al., 2024b), the change in the loss function
J (+) for a given data & as the model parameters
change from 6 to **! can be approximated using
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a first-order Taylor expansion as follows:

J(07F¢) = T(0%¢) )
VT 0.€)(20) + O(a0f). ¥
where A@ = 9'+t! — @'If the model 8! is trained
by a single data & with stochastic gradient descent
(SGD) at time ¢, this can be expressed as 8111 =
0t — n,VJ (6% ¢), where 1, denotes the learning
rate for the time ¢. Substituting this update into
Eq.(2), a data & update to the model introduces the
change of the loss on another sample &', which can
be formulated as:

T €) ~T(6%€) =~ VI (0:¢)A0 3

= -0 (VI(04¢€)-VT(6"¢)),
where we ignore the higher-order term O(||@*+1 —
0'||?) as it is small for a sufficiently small step size
1;. Based on this, we can formalize the influence
between two data &; and §;.

Definition 4.1 (Data Influence via Gradient Align-
ment). Let & and §; be two data from the training
dataset Dy, and let 0 represent the model param-
eters. The influence of data §; on data §;, denoted
as Inf,(&;,&;), is defined as the dot product of the
gradients of the loss function J (-) with respect to
the model parameters, evaluated at ot:

Inf,(&,&) =VJI(0&) VIO €). @)

This quantity measures the first-order effect of up-
dating the model with data &; on the loss of data §;,
capturing the similarity in their training dynamics.

The gradients for each data point reflect the aver-
age gradients of all tokens within that data. Previ-
ous studies have observed that the gradient norm is
inversely correlated with response length (Liu et al.,
2025b; Xiaetal., 2024a). Using only the inner prod-
uct of gradients between two data points may bias
the data selector toward shorter sequences. To ad-
dress this issue, some works (Wang et al., 2020; Xia
et al., 2024a) employ the cosine similarity instead,
but they still suffer from performance degradation
when selecting data for post-training LLMs.

4.3 Improving Gradient Alignment with
Learning Potential

Motivation: Based on the preceding analysis, the
post-training dynamics of large language models
reveal two critical limitations when using the cosine
similarity of data gradients as a selection criterion:

(1) Loss of Magnitude Information. By normal-
izing the gradients, the cosine similarity focuses
exclusively on their directional alignment, thereby
discarding magnitude information. In post-training
LLMs, the gradient magnitude often indicates a
data point’s influence on model updates, which is
essential for effective policy optimization. Ignor-
ing this aspect prevents the cosine similarity from
prioritizing data that could drive more substantial
improvements in model performance. (2) Failure
to Capture Learning Potential. The cosine sim-
ilarity does not account for the learning potential
of data. Even if two data points exhibit high di-
rectional similarity, their utility may be limited if
they are either too easy (success rate p ~ 1) or too
difficult (success rate p ~ 0) for the current policy,
leading to suboptimal data selection. This limita-
tion aligns with the theory of the Zone of Proximal
Development (ZPD) (Chaiklin et al., 2003), which
suggests that effective learning occurs when tasks
are of moderate difficulty—neither too challenging
nor too simple—for the learner (e.g., an LLM).

To address the aforementioned limitations, we
introduce a data learnability metric based on the
success rate p, drawing inspiration from prior work
to account for both the learning potential and the
magnitude of the data (Florensa et al., 2018; Tzan-
netos et al., 2023; Foster and Foerster, 2025).

Definition 4.2 (Data Learnability). Consider a sam-
ple & evaluated by an LLM policy mg. Let p € [0, 1]
represent the success rate, defined as the fraction of
successful outcomes for the query € across G roll-
outs, where p reflects the probability of a successful
learning outcome. The data learnability of data &,

denoted V (€), is defined as:
V(&) =p(1—p),

where 1 — p represents the potential for improve-
ment, and p(1 — p) quantifies the expected learn-
ability of data. This measure captures the sam-
ple’s utility for enhancing the policy wg, reaching
its maximum when p = 0.5, indicating a sample
at the boundary of the policy’s current capability.
Besides, the theoretical justification for the data
learnability can be found in Appendix B and C .

Built upon the above motivation and our defi-
nition of data learnability, we first define a new
learnability-weighted gradient vector for each data
point &; as:

Vi£) - VJ(0;&)

=—~ '>7 .V i), 5
Na@e) V& ©
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Figure 2: The procedure of the proposed selection method based on improved gradient alignment. We obtain the
gradient information and learnability of each data point through Steps 1-3 and then select data for subsequent training

according to datapoint-wise LearnAlign score in Step 4.

where the first term is the unit gradient vector and
V'(&;) is the learnability score (Definition 4.2). Us-
ing these vectors, we can then compute the Lear-
nAlign Score between two data points &; and §;
as

LearnAlign(&;,&;) = V(&) - V(&;)
. L VJI(6;£)'VI(6:¢))
= VOV T 70,6197 0:6,)

(6)

This formulation leverages the learnability of each
data point to weight the gradient inner product by
the learning potential, thus reducing the tendency
to favor shorter sequences.

4.4 Data Selection for RLVR Post-training

As shown in Figure 2, the procedure to select suit-
able data for RLVR consists of four steps, where
we elaborate LearnAlign from step 1 to step 4 in
detail.

Step 1. Warmup Training: Initially, we ran-
domly select a small subset Dyarmup C Diain from
the training dataset to perform warmup training on
the policy model 7y. This step ensures a more sta-
ble and accurate gradient estimation, resulting in a
warmed-up model 6;.

Step 2. Learnability Computation:  We first
sample G rollouts for each question and compute
the success rate of question ¢ based on the ground
truth answer y* and the generated answers y across
these G rollouts. The success rate p is calculated as
p= é 25:1 I(yy = y*), where I is the indicator
function. Following Definition 4.2, we can get the
learnability V'(§;) for each data 1.

Step 3. Gradient Information Estimation: Ad-
ditionally, we can derive the original gradient in-
formation from the model 0 checkpoint during the
warmup phase of RLVR-based LLLM post-training
(e.g., GRPO) as follows:

1
VOJGRPO( ) EqNPq,{oz} Z,1~me, ., (0la) {a
G 4 |os]
Z T Z G(qv 0,1, 7T9)V9 log W@(Oi,tkﬁ 0i,<t)}7
i=1 """ =1

(N

where G(q,0,t,mg) denotes the gradient coeffi-
cient fliﬁt + B (w — 1), flm is com-

79 (0i,t19,0i,<t)
puted as GRPO. Since this gradient has nearly
the same dimensions as the original model, it is
computationally complex. Following prior work,

we apply a random projection I' to the gradient
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information for each data point (Johnson et al.,
1984; Xia et al., 2024a). So we can get a low-
dimensional gradient-related information denoted

as $(0; &) = T'"V Toreo(6; €).

Step 4. Data Selection based on LearnAlign:
Based on the projected gradient from the warmed-
up model 85, we can rewrite the LearnAlign Score
between two data &; and §; as:

0(0;£:)9(0;&;) )
10(0; &)ll9(0; )|l )

So we can get an x n LearnAlign Score Matrix S
(where | Dirin| = n), capturing the pairwise relation
among all data points in the training dataset. Using
the LearnAlign Score Matrix S, we select the top-
N data. For each data &;, the average LearnAlign
Score across its row as Avg, = % Z?:l Sij, where
S;; represents the pairwise alignment scores for
all j (including j = ) and |Dyin| = n. These
average scores are then sorted in descending order,
and the top-N samples with the highest averages
are selected, ensuring the chosen data exhibit the
strongest learnability within the training dataset.

S = V(EIV(E)) (

S Experiments

We introduce the experimental setup (Section 5.1)
of LearnAlign, and then we present the main results
(Section 5.2) on the five benchmarks with some key
observations. Moreover, we give some discussions
(Section 5.3).

5.1 Experimental Setup

Settings: We validate the effectiveness of our al-
gorithm under two primary configurations: (1) We
train models on subsets of the GSM8K (Cobbe
et al., 2021) training set with varying sizes: 100,
500, 1,000, and 2,000 samples. The base pol-
icy model is Qwen2.5-1.5B-Instruct, and evalua-
tion is performed on the GSMB8K test set, with
greedy decoding used during the inference stage,
and the pass@1 accuracy is reported. (2) We
train on 1,000 samples from the DAPO-MATH-
17K dataset (Yu et al., 2025) training set us-
ing Qwen2.5-3B and Qwen2.5-7B as the initial
policy model. Evaluation is conducted on both
four math reasoning benchmarks (GSM8K (Cobbe
etal., 2021), MATH500 (Hendrycks et al., 2021a),
AMC2023 (AMC, 2023), and AIME2024 (AIM,
2024)) and one code generation benchmark
(CRUX (Guetal., 2024)). For GSM8K, MATHS500,

Table 1: Comparison of data selection methods on
GSMSK test set. We train Qwen2.5-1.5B-Instruct on
the GSMS8K training selected subset.

lected Data Si
Data Selection Method ‘ Selected Data Size

‘ 100 500 1,000 2,000
Qwen2.5-1.5B-Instruct 55.7
Qwen2.5-1.5B-Instruct-FULL 77.0
Random Sampling 73.1 751 75.6 75.5

PPL-Top (Laurengon et al., 2022) | 72.5 758  74.6 75.2
PPL-Middle (Ankner et al., 2024) | 72.8 747  75.0 74.2

IFD (Li et al., 2023a) 720 760 75.6 75.4
Token Length (Xia et al., 2024b) | 72.3 744  76.2 75.6
SelectIT (Liu et al., 2024a) 728 757 756 755
LIMR (Li et al., 2025) 742 762  76.1 76.7
LearnAlign 748 764 775 78.3

and CRUX, we report the pass@1 accuracy; for
AMC2023, we report avg@8 as the metric; for
AIME2024, we report the pass@8 accuracy. The
evaluation temperature is set to 0.8, and the top-p
is set to 0.95.

Implementation details: In these experimental
settings, for the training hyperparameters, during
exploration, we generated 8 rollouts per sample at
a temperature of 1.0; the learning rate was set to
1.0 x 1079; the KL coefficient (B was fixed at 0.04;
and the clipping parameter € was set to 0.2. The
batch size is set to 48 for GSMS8K and 64 for DAPO-
MATH-17K. We follow (Xia et al., 2024a) for the
projection of gradients and use 300 and 1000 sam-
ples for warmup training in GSM8K and DAPO-
MATH-17K, respectively. For DAPO-MATH-17K,
inspired by (Lin et al., 2025), we calculate the gra-
dient of one correct rollout for each sample. Addi-
tional details are provided in Appendix A.1.

Baselines: We compare with several baselines:
Random Sampling, PPL-Top (Laurencon et al.,
2022), PPL-Middle (Ankner et al., 2024), IFD (Li
et al., 2023a), Token Length (Xia et al., 2024b),
SelectIT (Liu et al., 2024a), and LIMR (Li et al.,
2025). For GSMS8K, we utilize the official solu-
tions in the training data as responses to calculate
the above selection metrics. For DAPO-MATH-
17K, we make the warmed-up model to generate
one response for each problem to conduct their se-
lection. More details about the baselines can refer
to Appendix A.2.

5.2 Main Results

Table 1 presents the evaluation results of training
models on the GSM8K dataset with varying se-
lected data sizes. Table 2 shows the evaluation re-
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Table 2: Comparison of data selection methods on four math benchmarks (GSM8K, MATH500, AMC2023,
AIME2024) and one code benchmark (CRUX). We train Qwen2.5-3B and Qwen2.5-7B on the DAPO-MATH-17K

selected subset with 1,000 data points.

Data Selection Method | GSMSK MATHS00 AMC2023 AIME2024 CRUX Avg.
Qwen2.5-3B 20.1 52.2 8.1 33 14.6 19.7
Qwen2.5-3B-FULL 83.6 65.8 31.0 20.0 24.3 449
Random Sampling 70.5 53.4 19.4 13.3 17.4 34.8
PPL-Top (Laurencon et al., 2022) 71.3 57.8 23.0 13.3 16.1 36.3
PPL-Middle (Ankner et al., 2024) 70.1 54.0 24.1 10.0 18.1 353
IFD (Li et al., 2023a) 70.9 544 233 6.7 15.4 34.1
Token Length (Xia et al., 2024b) 35.7 50.4 18.5 16.7 15.3 273
SelectIT (Liu et al., 2024a) 70.1 60.2 252 16.7 17.8 38.0
LIMR (Li et al., 2025) 74.0 55.6 25.6 23.3 16.5 39.0
LearnAlign 79.3 60.2 28.3 233 21.0 424
Qwen2.5-7B 26.4 67.2 18.1 16.7 25.1 30.7
Qwen2.5-7B-FULL 89.8 76.4 47.0 30.0 51.1 58.9
Random Sampling 81.1 65.0 30.1 23.3 40.8 48.1
PPL-Top (Laurengon et al., 2022) 87.7 65.4 28.0 20.0 42.5 48.7
PPL-Middle (Ankner et al., 2024) 85.1 64.4 27.3 16.7 43.3 47.4
IFD (Li et al., 2023a) 79.4 58.6 29.8 13.3 34.9 43.2
Token Length (Xia et al., 2024b) 81.4 62.2 31.0 20.0 38.1 46.5
SelectIT (Liu et al., 2024a) 85.4 67.0 32.7 26.7 41.5 50.7
LIMR (Li et al., 2025) 84.2 61.6 27.1 16.7 39.9 45.9
LearnAlign 88.3 70.4 354 30.0 44.0 54.6

sults of training models on the DAPO-MATH-17K
dataset. From these results, we have the following
key observations:

Key observation 1: Traditional SFT data selec-
tion methods fall short in the RLVR paradigm
for the post-training phase of LLMs. On the
one hand, as shown in Table 1, when the official
solutions of the training data are applied as the
responses in data selection, traditional SFT ap-
proaches show limited and inconsistent effective-
ness when applied to RLVR post-training. For ex-
ample, Token Length performs well at 1,000 sam-
ples (76.2%) but drops at 2,000 samples (75.6%).
On the other hand, as shown in Table 2, when the
rollouts of the warmed-up model are generated for
data selection, PPL-Top is slightly higher than Ran-
dom Sampling on average. Note that none of these
baselines consistently outperforms Random Sam-
pling across five benchmarks. Such suboptimal
performance of SFT data selection methods may
stem from a misalignment between SFT and RLVR
objectives. SFT post-training aims to maximize the
likelihood of target outputs, where harder examples

identified by those methods are often more valuable
(assuming they are not noisy). RLVR post-training
optimizes for reward maximization, requiring the
difficulty to match the model’s current capability.

Key observation 2: LearnAlign achieves minor
performance degradation or superior perfor-
mance while requiring only a fraction of the
training data. As shown in Table 1, our approach
consistently outperforms baselines at every data
scale, achieving comparable or superior perfor-
mance to the full-data training with a small amount
of the data. Specifically, With 1,000 samples (=
13.4% of full data), LearnAlign reaches 77.5%,
already matching the full-data baseline (77.0%).
With 2,000 samples (= 26.8% of full data), the pro-
posed method significantly surpasses the full-data
training (78.3% vs. 77.0%). Besides, with fewer
samples (e.g., 100 and 500), the proposed data se-
lection method can largely improve the base model
(55.7%) and even exceed other baselines with more
samples, proving that smart selection is better than
brute-force scaling, i.e., RLVR post-training with a
carefully curated seed set can rapidly unlock a pre-
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Figure 3: Analysis of response length and gradient-based
example selection.

trained model’s reasoning ability (Li et al., 2025).

Key observation 3: LearnAlign shows con-
sistent effectiveness across various settings.
As shown in Table 1 and Table 2, our pro-
posed data selection method demonstrates con-
sistent SOTA performance not only on in-
distribution (GSM8K, MATHS500) but also on out-
of-distribution (AMC2023, AIME2024) test sets,
and it even generalizes well on the code domain
benchmark (CRUX). In addition, as shown in Ap-
pendix J, LearnAlign boosts the performance of
RLVR post-training in the staged setting. These
results show that it can be effectively applied in var-
ious settings by considering learnability and align-
ment.

5.3 Discussions

Response-length bias issue: Similar to SFT,
sequence-level policy gradients require averaging
across tokens within a sequence. As shown in Fig-
ure 3a, the gradient norm exhibits an inverse cor-
relation with response length, introducing a sys-
tematic bias. Consequently, as shown in Figure 3b,
compared with LearnAlign, which replaces gradi-
ent norms with success-rate-based learnability, the
data selected by vanilla gradient matching yields
much shorter responses and lower performance.
Given that incorrect responses may lead to longer
outputs, LearnAlign selects data with more moder-

Table 3: Ablation study of our method with Qwen2.5-
1.5B-Instruct and Qwen2.5-3B model.

Model | Qwen2.5-1.5B-Instruct | Qwen2.5-3B
Data Size 1,000 2,000 1,000 1,000 1,000
Benchmark GSMS8K  GSMSK GSMSK MATH500 AMC2023
LearnAlign 715 78.3 79.3 60.2 28.3
w/o warmup training 76.6 76.6 76.7 58.2 26.1
w/o the data learnability 75.6 76.7 71.5 58.4 28.3
w/ feature similarity 75.7 76.6 79.1 57.6 275

Table 4: Comparison of time cost for training Qwen?2.5-
3B on the DAPO-MATH-17K selected 1,000 subsets
with different methods. Time is reported in hours on
a single GPU. In the DAPO-MATH-17K experiments,
inspired by (Lin et al., 2025), we calculate the gradient
of one correct rollout for each sample. * means that we
calculate the gradients of all rollouts for each sample.

Method ‘ Data Selection Time Training Time Speedup Avg. performance

FULL - 42.3h x1.00 44.9
LIMR 42.3h 2.4h x0.95 39.0
LearnAlign 8.9h 2.4h x3.74 424
LearnAlign* 22.8h 2.4h x1.68 433

ate response lengths between vanilla gradient and
random, and achieves higher average performance.
Therefore, success-rate-based learnability serves as
a more suitable indicator than raw gradient norms.

Ablation studies: We conducted three ablation
studies on the GSM8K dataset with 1,000 and 2,000
problems, and the DAPO-MATH-17K dataset with
1,000 problems: (1) removing the warmup phase;
(2) omitting the learnability metric; and (3) replac-
ing the cosine similarity between gradients with a
feature-similarity measure (Ivison et al., 2025). As
shown in Table 3, the removal of any single compo-
nent leads to a decline in performance. It indicates
that the warmup phase, the learnability metric, and
gradient similarities each make a significant con-
tribution to letting the data selection method cap-
ture the model’s current capability. These findings
align with the extended results in Appendix D, fur-
ther confirming that both warmup training and data
learnability play essential roles in the effectiveness
of the proposed method.

Time-cost analysis: As shown in Table 4, our
approach offers a more practical solution for RLVR
post-training, compared with the alternative RLVR
data selection method LIMR (Li et al., 2025) that re-
quires multi-epoch training on the full dataset. The
computational analysis of all steps and a detailed
discussion can be found in Appendix E.

Training step discussion To examine whether
the selected subset constrains the final achievable
performance, we train the LearnAlign-selected data
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Table 5: Performance of our method with various train-
ing steps. * The FULL method on Qwen2.5-3B uses
2,174 training steps, and when training on Qwen2.5-7B,
it uses 1,000 training steps with a batch size of 256 to
support long-time training and prevent training crash.

Method | Qwen2.5-3B | Qwen2.5-7B
| GSMBK MATHS00 AMC2023 | GSMS8K MATH500 AMC2023
FULL* | 836 65.8 3.0 | 900 71.6 473
LearnAlign (250 steps) | 79.3 60.2 28.3 88.3 70.4 354
LearnAlign (500 steps) | 80.7 63.4 315 89.0 75.3 438
LearnAlign (1,000 steps) |  82.9 64.6 35.2 90.4 76.7 48.6
LearnAlign (2,000 steps) | 83.8 67.8 36.9 - - -

2

*

N a
Best Performance: 63.12%

Validation Accuracy [%]
8 3 i

8

—o— Qwen2.5-3B-FULL
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0 250 500 750 1000 1250 1500 1750 2000
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Figure 4: Validation accuracy vs. training step for Lear-
nAlign and the FULL method with Qwen2.5-3B. The val-
idation is conducted on the validation set of the MATH
dataset (Hendrycks et al., 2021b).

with steps from 250 to 2000. As shown in Ta-
ble 5, training with more steps on the selected sub-
set reaches the full-data performance and even sur-
passes it.

Convergence behavior analysis As shown in Fig-
ure 4, the full-data training peaks at 63.12% vali-
dation accuracy at step 640, whereas LearnAlign
reaches the same accuracy by step 440, using 31%
fewer steps. This indicates substantially faster con-
vergence under identical budgets. LearnAlign then
surpasses the full-data baseline’s peak, achieving
64.22% at step 1040, after which its curve remains
stable with a smoother plateau.

6 Conclusion

In this study, we propose a novel data selection
framework for RLVR post-training of LLMs, driven
by a gradient-alignment method. Building upon
policy-gradient direction alignment, our framework
introduces a success-rate-based learnability score
to mitigate response-length bias and efficiently iden-
tify a compact subset of reasoning examples. Exper-
iments on five benchmarks demonstrate that, with
only approximately 1,000 samples (less than 15%
of the full training set), our method matches or sur-
passes the performance of full-data training on both
in-distribution and out-of-distribution tasks.

Limitations

Due to limited GPU resources, we only evaluate the
effectiveness of data selection methods on relatively
small-scale models (1.5B, 3B, and 7B models) and
datasets. Specifically, our current assessment of the
proposed method’s effectiveness focuses on math
reasoning datasets, including GSM8K and DAPO-
MATH-17k. In the future, we plan to evaluate it on
larger models and diverse datasets. We believe this
work establishes an effective paradigm for data-effi-
cient RLVR fine-tuning. Future research directions
may encompass the extension to a broader range of
task domains, the integration of dynamic curricula
with adaptive selection strategies, and the pursuit
of alignment with out-of-distribution data.
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A Additional Experimental Details

A.1 Hyperparameters and prompt

For additional experimental hyperparameters,
please refer to Table 6. The prompts used for
GSMS8K and DAPO-MATH-17K are as follows:

The System Prompt for GSM8K:

A conversation between User and Assistant.
The user asks a question, and the Assistant
solves it. The assistant first thinks about the
reasoning process in the mind and then pro-
vides the user with the answer. The reason-
ing process and answer are enclosed within
<think> </think> and <answer> </answer>
tags, respectively, i.e., <think> reasoning
process here </think> <answer> answer here
</answer>.

The System Prompt for DAPO-MATH-17K:

Let’s think step by step and output the final
answer within \boxed{ }.

A.2 Detailed Compared Methods

In this section, we detail the baseline methods com-
pared with LearnAlign. Random Sampling: We
randomly select a portion of all the datasets as the
training set data. PPL-Top (Laurencon et al., 2022)
and PPL-Middle (Ankner et al., 2024) all based
on the perplexity calculated by Eq.(9):

T
PPL(£) = exp ( Zlogﬂo Yt &o:t— 1))
) ©)

where PPL-Top selects data with the top perplexity,
while PPL-Middle selects the data with the middle
perplexity. Furthermore, Instruction-Following
Difficulty (IFD) (Li et al., 2023a) quantifies the in-
herent difficulty of an instruction-answer pair for a
large language model (LLM). It is calculated as the
ratio between the direct answer score sg(0) and the
conditioned answer score sg(o|q). Direct answer
score sg(0) is the averaged cross-entropy loss of
generating the answer o without any instructional
context. At the same time, conditioned answer
score sg(o|q) is the averaged cross-entropy loss
of generating the ground-truth answer o given the

instruction g. The IFD is then calculated as:

s6(0lq)
so(0)
where a higher IFD score indicates that the instruc-
tion provides less benefit to the response genera-
tion. Token Length (Xia et al., 2024b) quantifies
the value of a sample based on its token count. We
calculate the total token length by combining the
tokens from both the question and the answer. Se-
lectIT (Liu et al., 2024a) harnesses the inherent un-
certainty within the LLMs. This approach utilizes a
multi-granularity self-reflection mechanism, seam-
lessly integrating token-level, sentence-level, and
parameter-weighted model-level uncertainty analy-
ses to evaluate and rank the quality of instruction
data. LIMR (Li et al., 2025) measures the learn-
ing impact of each training sample by its alignment
with the overall learning trajectory of the model.

IFDg =

(10)

B Theoretical Motivation for the
Learnability Metric

Although the proposed learnability metric p(1 — p)
may appear simple, it is in fact a theoretically
grounded formulation for modeling learnability un-
der Bernoulli feedback in RLVR.

First, the success rate p measures how often the
model receives informative positive trajectories re-
vealing correct behavior, while 1 —p captures the re-
maining room for improvement. A sample provides
a useful learning signal only when both conditions
co-exist, and thus their product p(1 — p) can rep-
resent the expected improvement that a data point
will provide (Florensa et al., 2018; Tzannetos et al.,
2023).

Second, p(1 — p) is precisely the variance of
Bernoulli accuracy rewards. Recent theoretical
analyses (Razin et al., 2025; Bae et al., 2025) show
that the reward variance lower-bounds the KL di-
vergence between the initial and the optimal model,
making it an effective statistical quantity reflecting
the gradient informativeness of a sample.

Third, this quadratic form is not arbitrary: it is
the unique smooth, symmetric, unimodal function
that (i) peaks at intermediate difficulty, (ii) van-
ishes at p = 1, and (iii) aligns with Fisher infor-
mation based measures of sample utility (MacKay,
1992). Alternative function choices fail to satisfy
these properties or lack comparable theoretical in-
terpretability.

Last but not least, as shown in Appendix C, for a
fixed query £ and model 6, the gradient magnitude
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Table 6: More detailed experimental parameter setting.

Training Dataset GSMSK DAPO-MATH-17K
Training Configuration

Train Batch Size 48 64

Max Prompt Length 512 512

Max Response Length 1024 2048

Train epochs 2 2

Clip Ratio 0.2 0.2

Optimizer Parameters

Optimizer AdamW (B = 0.9, B2 = 0.999, e = 1078)  AdamW (3; = 0.9, B2 = 0.999, ¢ = 1078)
Learning Rate 1e-06 le-06

Warmup Style Cosine Cosine

Warmup Steps Ratio 0.1 0.1

KL Loss Coefficient 0.04 0.04

Temperature

Training Temperature 1.0 1.0

Evaluation Temperature 0 0.8

is positively proportional to p(1 — p). It indicates
that p(1—p) can represent the information about the
gradient magnitude without the issue of response-
length bias.

Overall, p(1 — p) is a principled, theoretically
grounded, and empirically supported metric for
modeling learnability.

C Theoretical Analysis of the
Learnability—Gradient Relationship

Here, we prove a theorem to show the gradient mag-
nitude is positively proportional to p(1 — p). Given
a prompt ¢ and a response y € ). The policy
mo(y | &) has logits z¢ (), which are functions of
the parameters 6; for simplicity, we denote them
as z¢ , in the following. Under this notation, the
policy satisfies

exp(2¢ )
Zy’ey exp (vay’)

mo(y | §) =

Let y* be the unique correct action with success
probability p := mp(y* | £), binary reward r(y) =
1[y = y*], and baseline b(§) := E, ., (1) [7(y)] =
p. For simplicity, assume a single incorrect action
y # y*, with probability 1 — p = mg(y | £).
Theorem C.1 (Gradient Magnitude Factorization).
For the one-correct-answer setting with binary re-
ward, the policy gradient for a sample £ can be
written as

for the direction vector d(£,0) € RI™O). Conse-
quently, for fixed & and 0,
IV T (6;€)| o< p(1 = p),

i.e., the gradient magnitude is positively propor-
tional to p(1 — p).

Proof. The advantage for an action can be ex-
pressed as:

A& y) =r(y) —b(E),  b(&) =D,

where the baseline is chosen to be the constant
b(&) = p. Consequently,

Consider the expected advantage under the policy
Y-

'-7(07 5) = IEyw7rg(-|£) [A(f, y)]
The policy gradient is then given by the standard
identity:
VT (8:€) = By, 16) [A(E 9) Vo logmaly | ©)].

For a softmax policy parameterized by logits z¢ ,,
the score function satisfies:

8 /
W =1[y =y] —m(y | £).

Differentiating 7 (0; &) with respect to a specific
logit z¢ , therefore yields:

0T ) _ oy | €46, )

({92’5’?}
= 7oy | &) Eyromy [A(E, ¥)].
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Since the baseline is the expected reward proba-
bility,

Eym [A&Y)] =E[r(y') —p] =p—p=0,
we obtain the simplified logit gradient:

2T (0;€)

T&y = ma(y | §)A(&,y)-

The corresponding logit update is:

Azey <oy | §)AE,Y),

Substituting the two possible actions. Let 7y (y* |
&) = p, then:
Aze g+ < p(1 —p), Aze g o< —(1 —p)p.

By the chain rule, the full parameter gradient
satisfies:

VoJ (6;€) o Vet p(1—p)+ Ozt [—p(1—p)]

00 00
azgyy*

Oz =
:p(l_p)< 90 a§y>'

Define

62 * 52 m
d(&.0) == — 2 — =20

We therefore have:

VT (0;€) = p(1 —p)d(§,0).

Taking norms yields:

IVoT (6; €)1l = p(1 — p) [1A(E, O)]].

For fixed state £ and parameters ¢, the magnitude
of the policy gradient is directly proportional to
p(1—p), with proportionality constant ||d(¢, 8)|| >
0, which completes the proof. 0

D Significance of “Warmup Training”
and ‘‘Data Learnability”

To fully show the role of "warmup training” and
”data learnability”, we conducted the ablation exper-
iments on Qwen2.5-3B and Qwen2.5-7B by train-
ing for 2,000 and 1,000 steps, respectively. As
shown in Table 7, both of them have a significant
impact on the proposed method through sufficient
training.

E Detailed Discussion on Computational
Efficiency

This appendix provides a detailed discussion on
the time cost and computational efficiency of
LearnAlign. We elaborate on (1) complexity
analysis, (2) efficient implementation of gradient-
information estimation (Step 3), (3) efficiency of
LearnAlign score computation despite the nominal
n X n matrix size (Step 4), and (4) a comparison
of time costs against baseline methods.

E.1 Complexity Analysis

Let 7 = | Dyain|, M = |Dwarmup| < 1, and d be the
projected gradient dimension. Let Cy 7 and Cgep
denote the time cost of computing one gradient and
generating one rollout, respectively. The data se-
lection includes four steps: (1) RLVR fine-tuning
on Dyarmyp to obtain O;: time O(mCvr), space
O(dim(0)). (2) Generating G rollouts per sam-
ple and computing Learnability: time O(nGCegen),
space O(n). (3) Computing GRPO gradients for
each € € Dyain and projecting to ¢(0,; €) € R
time O(nCy7), space O(nd). (4) Constructing
the pairwise score matrix S € R™*" and averaging
rows to select top-N: time O(n2d), space O(n?).

E.2 Efficient Implementation of Gradient
Information Estimation (Step 3)

Current efficiency measures in our method. As
shown in Table 8, the Gradient Information Estima-
tion step (Step 3) is the most time-consuming part
of our method. We adopt two strategies to make
gradient-information estimation efficient:

* Single-rollout gradient computation. Follow-
ing (Lin et al., 2025), we compute the gradient of
a single correct rollout per sample, which signifi-
cantly reduces backpropagation cost. Table 4 of
the main paper shows that this yields substantial
savings while preserving the informative gradient
directions required for LearnAlign.

* Random projection of gradients. Full-
dimensional gradients are prohibitively large. We
adopt a Johnson-Lindenstrauss—style (Johnson
et al., 1984) random projection:

o(0;x) = TV Isrro(6; ),

where I e RF*? d < k.

This preserves inner products, enabling efficient
computation of LearnAlign scores in a low-
dimensional space.
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Table 7: Ablation study of warmup training and data learnability. We train Qwen2.5-3B and Qwen2.5-7B on the
DAPO-MATH-17K selected 1,000 examples for 2,000 and 1,000 steps, respectively.

Benchmark | GSMSK MATHS00 AMC2023
LearnAlign(Qwen2.5-3B, 2,000 steps) | 838 67.8 36.9
w/o warmup training (Qwen2.5-3B, 2,000 steps) 81.9 64.4 31.0
w/o data learnability (Qwen2.5-3B, 2,000 steps) 81.3 63.6 34.8
LearnAlign(Qwen2.5-7B, 1,000 steps) | 90.4 76.7 48.6
w/o warmup training (Qwen2.5-7B, 1,000 steps) 89.9 73.2 43.7
w/o data learnability (Qwen2.5-7B, 1,000 steps) 89.9 75.3 46.4

Table 8: Time cost of different steps in LearnAlign.

Step Time
Step 1: Warmup Training 2h 2min
Step 2: Learnability Computation 2h 41min
Step 3: Gradient Information Estimation 4h 12min
Step 4: LearnAlign-based Data Selection <1 min (12.7s)
Total 8h 55min

Other possible techniques for efficient computa-
tion.

¢ Cancellation effect. Prior work (Yeh et al., 2022)
shows that token-level gradients can exhibit can-
cellation across time steps, allowing partial reuse
of intermediate results and reducing redundant
backpropagation.

* LoRA-space gradients. Instead of backpropa-
gating through the full parameter space, one may
compute gradients only within a low-rank LoRA
subspace (Hu et al., 2022), dramatically reduc-
ing dimensionality while preserving informative
update directions.

* Neural-network surrogate models for influ-
ence prediction. A potential direction is to train
a compact neural network to predict influence
scores from cheaper metadata (e.g., embeddings,
rollout statistics). Prior studies (Agarwal and
Hakkani-Tiir) show such surrogate models can
remove the need to compute full gradients for
every sample.

E.3 Efficient Implementation of LearnAlign
Score Matrix (Step 4)

Although Step 4 conceptually involves an n X n
LearnAlign score matrix, the computation is ex-
tremely efficient.

Current data scales (n = 103~10%). In our ex-
periments, the training set size is at most a few

Table 9: Comparison of data selection time cost for
different methods.

Method Time

PPL-Top 5h 34min
PPL-Middle 5h 34min
IFD 6h 26min
Token Length ~ 4h 44min
SelectIT 6h 54min
LIMR 43h 12min
LearnAlign 8h 55min

tens of thousands. Step 4 is implemented as a
single batched GPU matrix multiplication on low-
dimensional gradient features. Table 8 shows that
LearnAlign selection takes only 12.7 seconds, com-
pared with over 4 hours for gradient computation.
The computational bottleneck lies overwhelmingly
in obtaining gradients, not in matrix operations.

Scalable extensions for ultra-large datasets.
When n reaches hundreds of thousands, the fol-
lowing scalable methods can be further applied:

e Low-rank/Nystrom sampling. Approximate
the full similarity matrix using a small subset
of rows/columns (e.g., via Nystrom sampling
(Williams and Seeger, 2000)), reducing cost from
O(n?) to O(nc), where ¢ is the number of sam-
pled rows/columns and ¢ < n.

» Two-stage cascade selection(Gong et al., 2025):
Use a cheap embedding-based filter to reduce the
candidate pool, then apply LearnAlign only on
that smaller set.

E.4 Computational Cost of Baseline Methods

Table 9 summarizes the time cost of different data-
selection baselines for training Qwen2.5-3B on
DAPO-MATH-17K. All baselines include the same
warmup training time (2h2min) and rollout sam-
pling (2h41min).
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F Discussion on Representativeness and
Diversity

To assess the trade-off between diversity and repre-
sentativeness, we conduct additional experiments
that incorporate feature-space diversity (Xia et al.,
2024b). For example, we combine K-means cluster-
ing with LearnAlign, selecting the highest-scoring
samples within each cluster to promote diversity.
As shown in Table 10, incorporating explicit feature-
space diversity does not yield significant gains over
LearnAlign, which prioritizes representativeness.
Moreover, the diversity-aware variant remains sen-
sitive to the choice of the number of clusters k.

As reported in LIMO (Ye et al., 2025), the rea-
soning capability stimulated by an example is not
directly correlated with shallow features, making
traditional diversity criteria (e.g., k-means over em-
beddings) unreliable. For RLVR reasoning, recent
studies (Ye et al., 2025; Li et al., 2025) show that
very small subsets of high-value reasoning data,
even a one-shot example, can provide broad gen-
eralization improvements across categories. Over-
all, current evidence suggests that representative
and learnable samples are the primary bottleneck
for policy improvement, and feature-level diversity
provides limited additional benefit. Therefore, our
method prioritizes representativeness. Neverthe-
less, we acknowledge that diversity-aware RLVR
data selection remains underexplored, and investi-
gating principled diversity metrics beyond surface
features is an important direction for future work.

Table 10: The performance of LearnAlign that inte-
grates the K-means clustering on DAPO-MATH-14K
with Qwen2.5-3B.

Model GSMS8K MATHS500 AMC2023
LearnAlign 79.3 60.2 28.3
+k-means (k=5) 71.5 59.8 27.1
+k-means (k=10) 80.3 60.8 27.4
+k-means (k=20) 78.4 60.4 26.8

G Discussion on Influence of Selected
Data Size

To study the influence of selected data size, we
select more examples for the GSM8K dataset
with Qwen2.5-1.5B-Instruct using LearnAlign. As
shown in Table 11, a better result can be obtained
by selecting a subset with moderate data size.

Table 11: Comparison of the influence of selected data
size for the GSMS8K dataset with Qwen2.5-1.5B-Instruct
using LearnAlign.

Data Size ‘ Test Performance

100 74.8

500 76.4
1,000 71.5
2,000 78.3
3,000 719
4,000 78.7
5,000 78.1
6,000 77.1
FULL(7,473) 71.0

H Sensitivity of Warmup Dataset

The warmup dataset also may affect the perfor-
mance of LearnAlign. We perform experiments
with three different warmup datasets on DAPO-
MATH-14K with Qwen2.5-3B. As shown in Ta-
ble 12, the proposed data selection method is robust
to the randomness of the initial warmup dataset.

Table 12: The performance of LearnAlign with three
different warmup datasets on DAPO-MATH-14K with
Qwen2.5-3B.

Model GSMSK MATHS500 AMC2023
LearnAlign(warmup dataset 1) 79.3 60.2 28.3
LearnAlign(warmup dataset 2) 79.5 61.8 29.5
LearnAlign(warmup dataset 3) 81.2 60.4 28.9

I Comparison with Filtering Data by
Pass@N Score

In addition to the existing baselines, we also
consider a baseline that selects data using the
pass@N score, which measures how often a model
successfully solves a problem across N indepen-
dent attempts. Specifically, we implement a
pass @8-based filtering strategy: we remove ques-
tions whose pass@8 score falls in {0, 1,7, 8}, as
these correspond to samples that are either ex-
tremely easy or extremely difficult. Since the num-
ber of samples selected by pass@8-based filtering
is not fixed, we train all Qwen2.5-3B and Qwen2.5-
7B for about 2,000 steps and 1,000 steps respec-
tively, to ensure a fair comparison. For complete-
ness, we also include a learnability-only baseline
that selects the 1,000 samples with the highest
success-rate-based learnability introduced in this
paper.

The comparison is shown in Table 13. Further-
more, we also highlight two key observations based
on the actual results:
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Table 13: Comparison of data selection methods on three benchmarks. We train Qwen2.5-3B on the DAPO-MATH-
17K with a selected subset.

Data Selection Method GSMSK MATHS500 AMC2023
Qwen2.5-3B-FULL (2,174 steps) 83.6 65.8 31.0
Learnability (2,000 steps) 82.9 65.0 334
Pass@8 Score Filter (2,000 steps) 83.5 64.6 31.7
LearnAlign (2,000 steps) 83.8 67.8 36.9
Qwen2.5-7B-FULL (1,000 steps) 90.0 77.6 47.3
Learnability (1,000 steps) 89.9 74.4 46.4
Pass@8 Score Filter (1,000 steps) 89.9 75.0 43.7
LearnAlign (1,000 steps) 90.4 76.7 48.6

1. Learnability and pass @8 filtering achieve compa-
rable performance by selecting medium-difficulty
samples. Both methods aim to avoid overly easy
and overly hard questions, and therefore select
samples near the “middle” of the model’s cur-
rent capability. This results in comparable per-
formance between the two methods across three
benchmarks. Importantly, both methods achieve
accuracy relatively close to full-data training,
confirming the intuition that medium-difficulty
samples carry substantial training value under
RLVR.

2. LearnAlign outperforms full-data training and
clearly surpasses baselines. In contrast to purely
difficulty-based filtering, LearnAlign incorpo-
rates gradient-direction alignment to additionally
capture the representativeness of each sample.
As shown in Table 13, LearnAlign exceeds the
full-data baseline and shows a clear margin over
both Learnability and Pass@8 filtering across
all three benchmarks. This demonstrates that
combining learnability with gradient alignment
signals yields a substantially more informative
subset than using difficulty signal alone.

Overall, the results indicate that while selecting
medium-difficulty samples is beneficial, consider-
ing gradient alignment is essential for identifying
the truly most impactful RLVR data, leading to
stronger and more consistent gains. Besides, we
are running additional experiments and will update
more results once we finish them.

Training Step

Figure 5: The performance of the staged reinforcement
learning with the proposed data selection method.

J Staged Reinforcement Learning with

LearnAlign

To further assess the applicability of our method in
a curriculum learning scenario, we design a three-
stage training procedure on the GSM8K dataset.
Specifically:

* In the first stage, we use Qwen2.5-1.5B-
Instruct to select the top 50% of the train-
ing samples, and train the model until con-
vergence.

* In the second stage, the resulting model is
used to select the next 30% of the samples,
and again trained to convergence.

* In the final stage, the latest model selects the
20% of samples, and training is repeated until
convergence.

As shown in Figure 5, our method can seamlessly

integrate into such a staged RLVR curriculum to
significantly improve capability acquisition.
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K Case Study

In this section, we provide case studies on the
GSMBS8K benchmark with Qwen2.5-1.5B-Instruct.
As shown in the following cases, the Qwen2.5-1.5B-
Instruct model trained on the full dataset has illogi-
cal reasoning, leading to an incorrect answer, while
our method derived the correct answer through clear

and logical steps.

Qwen2.5-1.5B-Instruct-FULL.:

[Questions:] Sophia is thinking of taking a
road trip in her car, and would like to know
how far she can drive on a single tank of gas.
She has traveled 100 miles since last filling
her tank, and she needed to put in 4 gallons
of gas to fill it up again. The owner’s manual
for her car says that her tank holds 12 gallons
of gas. How many miles can Sophia drive
on a single tank of gas?

[Answer:] <think> Let’s break it down step-
by-step. Sophia has traveled 100 miles and
took 4 gallons of gas to fill up the tanks. The
total tank capacity is 12 gallons. First, we
need to find if Sophia has reached the 12-
gallon mark yet after traveling 100 miles.
We do that by dividing the total distance by
the tank’s capacity: 100 miles + 12 gallons
= approximately 8.33 gallons used to travel
the first 100 miles. Since it took her 4 gal-
lons to refill, it means Sophia used around 4
gallons for the initial 100 miles, so her cur-
rent tank usage allows her to travel 4 gallons
divided by 4 gallons per tank used = 1 tank
away from the 12-gallon mark. After that,
she’ll be able to travel another 12 - 4 = § gal-
lons of fuel. </think><answer> Sophia can
drive 8 more miles on a single tank of gas.
</answer> <think> Therefore, the answer is
8. </think> <answer> 8 </answer>"

.

on a single tank of gas?

[Answer:] <think> Sophia has already trav-
eled 100 miles since the last tank was filled,
and she needed 4 gallons of gas to refill the
tank. To calculate the car’s fuel efficiency,
we divide the miles traveled by the gallons
of gas used. In this case, the fuel efficiency
is 100 miles / 4 gallons = 25 miles per gallon.
Now, to calculate how far the car can drive
on a full tank, we multiply the number of
gallons the tank holds by the car’s fuel effi-
ciency. In this case, 12 gallons * 25 miles
per gallon = 300 miles. </think><answer>
300 </answer>

J

LearnAlign (subset with 2000 examples)

[Questions:] Sophia is thinking of taking a
road trip in her car, and would like to know
how far she can drive on a single tank of gas.
She has traveled 100 miles since last filling
her tank, and she needed to put in 4 gallons
of gas to fill it up again. The owner’s manual
for her car says that her tank holds 12 gallons
of gas. How many miles can Sophia drive
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