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Abstract

Data selection is a critical aspect of Rein-
forcement Learning with Verifiable Rewards
(RLVR) for enhancing the reasoning capabili-
ties of large language models (LLMs). Current
data selection methods are largely heuristic-
based, lacking theoretical guarantees and gener-
alizability. This work proposes a theoretically-
grounded approach using influence functions
to estimate the contribution of each data point
to the learning objective. To overcome the pro-
hibitive computational cost of policy rollouts re-
quired for online influence estimation, we intro-
duce an off-policy influence estimation method
that efficiently approximates data influence us-
ing pre-collected offline trajectories. Further-
more, to manage the high-dimensional gradi-
ents of LLMs, we employ sparse random pro-
jection to reduce dimensionality and improve
storage and computation efficiency. Leveraging
these techniques, we develop Curriculum RL
with Off-Policy Influence guidance (CROPI),
a multi-stage RL framework that iteratively se-
lects the most influential data for the current
policy. Experiments on models up to 7B param-
eters demonstrate that CROPI significantly ac-
celerates training. On a 1.5B model, it achieves
a 2.66× step-level acceleration while using
only 10% of the data per stage compared to
full-dataset training. Our results highlight the
substantial potential of influence-based data se-
lection for efficient RLVR. Code is available at
https://github.com/thu-coai/CROPI.

1 Introduction

The advent of highly capable reasoning models,
such as OpenAI o series models (OpenAI, 2024)
and DeepSeek R1 (Guo et al., 2025), have estab-
lished Reinforcement Learning with Verifiable Re-
wards (RLVR) as a key step for enhancing the
reasoning capabilities of large language models

** denotes equal contribution. Work was done when EZ &
DJ interned at Z.ai.

(LLMs). Data quality is critical to model perfor-
mance, making data selection for RLVR a key re-
search area. Existing data selection methods for
RLVR (Wang et al., 2025; Bae et al., 2025; Li et al.,
2025; Zhao et al., 2025; Sun et al., 2025) are primar-
ily heuristic-based, often focusing on metrics like
difficulty or uncertainty; but such metrics lack the-
oretical performance guarantees and exhibit poor
generalizability across different scenarios.

In this work, we propose using influence func-
tions (Hampel, 1974; Koh and Liang, 2017) for RL
data selection. This method approximates the con-
tribution of a given data point to the learning objec-
tive via variational analysis in calculus. Compared
to heuristic-based approaches, influence functions
offer stronger theoretical guarantees and provide
more fine-grained information about data effect.

However, applying influence functions to RLVR
for large-scale models faces a significant barrier.
Unlike supervised learning (e.g., pre-training or
supervised fine-tuning) where supervision is read-
ily available, RL supervision must be generated
through policy rollouts (Grosse et al., 2023; Xia
et al., 2024). For LLMs, these rollouts are com-
putationally expensive, which makes the online
estimation of data influence prohibitively difficult.
To address this challenge, we propose a method to
estimate data gradients using pre-collected offline
trajectories. This approach allows for the efficient
evaluation of a data point’s influence on the on-
line policy without requiring new, costly rollouts.
Furthermore, to overcome the challenges of stor-
ing and computing the high-dimensional gradients
typical of LLMs, we employ sparse random pro-
jection. This technique maps the gradients to a
lower-dimensional space, thereby improving stor-
age efficiency and mitigating numerical noise.

Leveraging off-policy influence estimation, we
develop a curriculum-based reinforcement learning
framework named Curriculum RL with Off-Policy
Influence guidance (CROPI). CROPI segments
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the RL training process into multiple stages. In
each stage, it selects the subset of data with the
highest estimated influence on the current policy
checkpoint for subsequent training. We demon-
strate CROPI’s effectiveness through experiments
on models of varying sizes (1.5B to 7B) and con-
text lengths. On the 1.5B model, CROPI achieves
a 2.66× step-level acceleration compared to full-
dataset training, while using only 10% of the data
in each stage. This result highlights the substan-
tial potential of influence-based data selection for
online RLVR.

In summary, our contributions are as follows:

• We introduce Off-Policy Influence Estima-
tion, a theoretically-grounded and rollout-free
method to quantify the influence of individual
data points on an online policy, eliminating
the need for real-time sampling.

• To efficiently handle the high-dimensional gra-
dients of LLMs, we employ Sparse Random
Projection for dimensionality reduction. We
empirically demonstrate that applying dropout
prior to this projection mitigates numerical
noise and enhances computational efficiency
while preserving inner products.

• We propose CROPI, a curriculum reinforce-
ment learning framework that leverages our
influence estimation method for multi-stage
data selection. Our experiments show that
CROPI substantially outperforms both full-
dataset training and alternative data selection
baselines.

2 Preliminaries

Reinforcement Learning with Verifiable Re-
wards (RLVR). Using the language of reinforce-
ment learning (RL), the reasoning process of LLMs
can be modeled as a Markov Decision Process
M = (S,A, P, r, γ) (Sutton et al., 1999). Let
V denote the vocabulary, with each generated to-
ken x ∈ V . The state space S = V∗ consists of all
possible token sequences, and actions correspond
to generating the next token, such thatA = V . The
autoregressive generation process produces xt at
each step t given the prefix st, with a deterministic
state transition: st+1 = st||xt, where || denotes
concatenation. The reward function is outcome-
based: rt = 0 for t < T , and rT = Rcorrect(y),
where y is the solution extracted from the final se-
quence sT , and Rcorrect(y) ∈ {0, 1} is a determinis-

tic correctness indicator. A reasoning trajectory is
defined as τ = {(s0, x0), ..., (sT−1, xT−1)}, and
its return is R(τ) =

∑T
t=1 rt = Rcorrect(y) (with a

discount factor γ = 1).
With Deepseek-R1 (Guo et al., 2025) emerg-

ing as the most powerful open-source reasoning
model, its RL algorithm GRPO (Shao et al., 2024),
has become the mainstream approach for RLVR.
This algorithm builds upon PPO (Schulman et al.,
2017), but estimates the advantage using group-
normalized returns, thereby eliminating the over-
head of the critic model required in PPO. The opti-
mization objective is as follows (ignoring the clip-
ping & KL term):

J(θ) = Es0∼q(·),{τk}Kk=1∼πθold

K∑

k=1

1

|Tk|

Tk−1∑

t=0

ρπθ
k,tÂk,t

(1)

where ρπθ
k,t =

πθ(xk,t|sk,t)
πθold (xk,t|sk,t) and Âk,t =

R(τk)−Êπθold
[R(τ)]

σ̂πθold
[R(τ)] . Ê and σ̂ denote the empirical

mean and standard deviation of the returns of tra-
jectories {τk}Kk=1 sampled from πθold given query
s0.
Influence Function. Influence functions (Ham-
pel, 1974; Koh and Liang, 2017) offer a gradient-
based approach for data attribution, derived based
on the variational analysis of the objective func-
tion. Briefly, given an objective function J to be
maximized and a collection of N data points zi,
suppose the model parameters are updated from
θ0 to θT . Our goal is to estimate the contribu-
tion (or influence) of each individual data point
to the change in the objective function: J(θT ) =
J(θ0)+

∑N
i=1 Influence(zi). Owing to strong theo-

retical guarantees and empirical success, influence
function and its variants have been widely applied
in pre-training and supervised fine-tuning stages
of LLMs (Grosse et al., 2023; Gu et al., 2024; Xia
et al., 2024; Wang et al., 2024) for data attribution
and selection. However, how to leverage influence
functions for data selection in RLVR for LLMs
remains an open question.

3 Influence Estimation in RLVR

Following the first-order influence function for-
mula (Pruthi et al., 2020), in the RLVR context,
given a training prompt s0 and a test query s′0, we
use the inner product of the policy gradients of
s0 and s′0 to measure the influence of s0 on the
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Figure 1: Practical issues in computing influence for data point in RL training process for large-scale models.

policy’s performance on s′0:

Inf(πθ; s0, s′0) := ⟨∇θJ(θ; s0),∇θJ(θ; s
′
0)⟩.

(2)

where ∇θJ(θ; s0) = Eτ∼πθ
[R(τ)∇θ log πθ(τ |s0)]

(3)

∇J(θ; s0) denotes policy gradient for initial state
s0, we use a vanilla version for simplicity. We
give a short derivation for Equation 2 in Appendix
A. Although the notion of influence function pos-
sesses favorable theoretical for the problem of data
selection, its practical estimation for RL algorithms
still faces two main challenges, namely the Rollout
Issue and the Gradient-Scale Issue as illustrated
in Figure 1.
Rollout Issue. Unlike supervised learning whose
training dynamics are predominantly shaped by la-
beled data and optimization algorithms (Xia et al.,
2024; Gu et al., 2024), RL involves online sam-
pling, making its training process more dynamic
and less predictable. Consequently, global data se-
lection strategies (Zhao et al., 2025; Wang et al.,
2025) can hardly capture the evolving character-
istics of policy learning in RLVR. Therefore, we
seek to dynamically evaluate the influence of each
data point s0 conditioned on the current policy πθ,
thereby enabling effective online utility estimation.
However, accurate influence estimation typically
requires computing the policy gradient for each
s0, which demands rollouts over multiple trajec-
tories (Eq. (3)). The substantial computational
costs and latency associated with these rollouts
present a significant barrier to real-time influence
estimation in LLMs. In our 1.5B setting with batch
size 128 and maximum response length 8192, one
rollout step takes 319.80s on average, while one
forward+backward step takes only 35.91s, making
rollout about 8.91x more expensive. This gap is
also consistent with the underlying hardware pat-
tern: forward+backward is mostly compute-bound,
while autoregressive decoding is largely memory-

bandwidth-bound. Therefore, a rollout-free util-
ity estimator is not merely a convenience but a
key requirement for making online data selection
practical; we provide additional timing details in
Appendix F.
Gradient-Scale Issue. Moreover, the high dimen-
sionality of gradients in large-scale models poses
additional storage and computational challenges.
For instance, Xia et al. (2024) mitigate this issue
through random projection, leveraging the Johnson-
Lindenstrauss Lemma (Johnson et al., 1984) to effi-
ciently preserve inner products with high probabil-
ity. However, while Xia et al. (2024) utilize LoRA
(Hu et al., 2022) to reduce raw gradient dimen-
sionality during SFT, we consider full-parameter
training for better performance assurance in RLVR,
resulting in massive raw gradients and high projec-
tion overhead.

To address these two issues, we propose an off-
policy gradient estimation technique to eliminate
the reliance on costly rollouts, and employ sparse
random projection methods to achieve scalable and
efficient gradient storage and computation. This
dual approach facilitates practical and effective on-
line influence estimation within RLVR, making it
suitable for large-scale model training scenarios.

3.1 Off-Policy Gradient for Rollout-Free
Estimation

To address the Rollout Issue, following the ideas
in offline RL (Levine et al., 2020) which use of-
fline trajectories to perform RL algorithms, we use
offline trajectories generated by behavior policy
β to compute the gradient for policy πθ and use
the off-policy gradient to estimate the influence of
the prompt s0, as shown on Figure 2 (c). Given
a data point s0, RL policy πθ trained with group-
norm advantage estimator, behavior policy β and
K offline trajectories {τk}Kk=1 ∼ β(·|s0) sampled
from behavior policy β conditioned on s0. If πθ
and β are KL-constrained, we can approximate the
on-policy gradient with an off-policy estimator:
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ĝβ(θ, s0, {τk}Kk=1) ≈
1

K

K∑

k=1

1

|τk|

|τk|−1∑

t=0

∇θρ
πθ
k,tÂ

β
k,t

(4)

Where ρπθ
k,t =

πθ(xk,t|sk,t)
β(xk,t|sk,t) and Âβ

k,t =
R(τk)−Êβ [R(τ)]

σ̂β [R(τ)] . This gradient is derived from
TRPO method (Schulman et al., 2015), please refer
to Appendix B for more details. This gradient is
equivalent to removing the clipping operation from
the GRPO objective and replacing πθold with β in
the gradient computation.

In this work, we select β = πθ0 . Since there is a
KL-Term in online RL objective (Shao et al., 2024;
Ouyang et al., 2022), the KL-distance of πθ0 and πθ
is usually constrained, making our off-policy gra-
dient estimator relatively accurate. In our setting,
we sample multiple trajectories by πθ0 for every
prompt in the dataset before training, resulting in
D = {s(i)0 , {τ (i)k }Kk=1}Ni=1, which is a necessary
process for all existing data selection methods in
RLVR. We denote ĝβ(θ, s0, {τk}Kk=1) as ĝβ(θ, s0)
for simplicity.

Based on off-policy gradient ĝβ(θ, s0), we can
measure the influence between a training data s0
and validation data s′0. Following Equation 2, our
off-policy influence estimation can be formulated
as Înfβ(πθ; s0, s′0):

Înfβ(πθ; s0, s′0) = ĝβ(θ, s0)
⊤ĝβ(θ, s

′
0) (5)

The experimental results indicate that the off-policy
gradient can approximate the on-policy gradient to
a certain extent; please refer to Appendix G for
further details.

3.2 Sparse Random Projection for Full
Gradient Compression

To address the Gradient-Scale Issue, we propose
sparse random projection, a method where a subset
of gradient dimensions is randomly omitted before
the projection is performed. Let the gradient be
denoted by g ∈ Rd, where d is its dimensional-
ity. A standard random projection uses a matrix
P ∈ Rk×d, where k ≪ d and each element Pi,j
is sampled from a standard normal distribution,
N (0, 1). Our method first samples a random set
of indices S ⊂ {1, . . . , d}. It then constructs a
sparse random projection matrix, Psparse ∈ Rk×d,
where the columns of Psparse corresponding to in-
dices in S are sampled from N (0, 1), while all
other columns are zero vectors, i.e. Psparse[i, j] =

ϵi,jIj∈S , ϵi,j ∈ N (0, 1), where I denotes indicator
function.

This process is equivalent to first selecting a
random subset of the gradient’s dimensions and
then applying a smaller projection. This can be
expressed as Psparseg = Psparse[:, S]g[S], where
g[S] is the subvector of g with a subset of ele-
ments indexed by S, and Psparse[:, S] is the sub-
matrix of Psparse formed by the columns indexed
by S. We define the number of selected dimen-
sions as rs = |S|. Our empirical results show that
the random dropout of the gradient dimensions be-
fore projection achieves efficient and accurate rank
preservation in inner product compared to directly
conducting random projection. Please refer to Sec-
tion 6.1 for more details.

3.3 Final Solution

In order to eliminate the bias of the gradient norm
caused by different lengths and pass rates, follow-
ing Xia et al. (2024), we normalize the gradient
features before taking the inner product, which is
equivalent to computing cosine similarity.

Combining the off-policy gradient estimation
and sparse random projection, denote g̃β =
Psparse ĝβ , the practical computation of off-policy
influence Înfβ(πθ; s0, s′0) can be formulated as
Ĩnfβ(πθ; s0, s′0):

Ĩnfβ(πθ; s0, s′0) := cossim
(
g̃β(θ, s0), g̃β(θ, s

′
0)
)

(6)

We call this computation Ĩnfβ(πθ; s0, s′0) the Prac-
tical Off-Policy Influence estimation (POPI) for
simplicity.

4 Curriculum RL with Off-Policy
Influence Guidance

In this chapter, we will illustrate how to use POPI
estimator to select influential data for efficient RL
training.

4.1 Data Selection with POPI

To measure the influence of training prompt s0
to a specific validation set, we need to compute
POPI over a batch of validation prompts. For a
validation set Dval = {s′(i)0 }Nval

i=1 , we denote the
gradient feature of a validation set as the aver-
age gradient feature over all validation data points:
g̃β(θ,Dval) :=

∑Nval
i=1 g̃β(θ, s

′(i)
0 ). Then the POPI
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Figure 2: The schematic of our proposed framework Curriculum RL with Off-Policy Influence Guidance (CROPI).

of training prompt s0 to the validation set Dval is
defined as:

Ĩnfβ(πθ; s0,Dval) := cossim(g̃β(θ, s0), g̃β(θ,Dval))

For multiple validation sets, we need to con-
sider the effectiveness over different validation sets.
We use Reciprocal Rank Fusion (RRF) (Cormack
et al., 2009), which is widely used in information
retrieval, to combine the POPI scores over different
validation sets. Denote the training set as Dtr, num-
ber of V validation sets as Dval,j , j = 1, 2, ...V ,
the rank of POPI score of training data s0 to j-
th validation set over the whole training set as
rj(s0) = rankPOPI(πθ; s0,Dval,j), then the fused
rank score is defined as:

UPOPI-R(πθ; s0) =
V∑

j=1

1

rj(s0)
(7)

For any validation set, a higher rank (i.e. a small
rank value) contribute to obtaining a higher RRF
score. In practice, given a RL policy checkpoint
πθ, we select a subset Dsel from the whole training
set using UPOPI-R scores:

Dsel = argmax
S⊂D,|S|=⌊α|D|⌋

∑

s0∈S
UPOPI-R(πθ; s0) (8)

4.2 Curriculum RL with Data Selection
To balance long-term planning with dynamic se-
lection, we adopt a phase-level data selection strat-
egy with POPI, Curriculum RL with Off-Policy
Influence Guidance (CROPI), which is illustrated

on Figure 2. CROPI is an iterative curriculum-
based RL framework designed to progressively fil-
ter and focus training on the most influential data
points.

At the start of each phase m, the current policy
πθ(m) is evaluated on all training instances, yield-
ing POPI-R scores UPOPI-R(πθ(m) ; s

(i)
0 ) (Eq. 7) for

each s
(i)
0 ∈ Dtr. The subset D(m) comprises the

highest scoring samples, specifically ⌊α|Dtr|⌋ in-
stances, where α is the selection ratio. This targeted
selection implements a dynamic curriculum, focus-
ing subsequent policy optimization on the most
impactful data points. The policy is then refined on
the selected subset using the GRPO algorithm over
E steps, producing an improved policy πθ(m+1) for
the next phase. This iterative procedure is repeated
for M phases, resulting in a final policy πθ(M) out-
put by CROPI. We formulate this process in Al-
gorithm 1 in Appendix D. This curriculum-based
filtering and optimization scheme encourages the
policy to focus on examples with the greatest po-
tential benefit, thus accelerating learning process
of RLVR.

5 Experiments

5.1 Setup

We evaluate CROPI on mathematical reason-
ing tasks using several open-source, instruction-
aligned models spanning different model scales and
context sizes: Qwen2.5-1.5B-Instruct, Qwen2.5-
7B-Instruct (Qwen et al., 2025), and Deepseek-R1-
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Table 1: Evaluation results of CROPI and other baseline methods across various math datasets. CROPI consistently
outperforms existing data selection approaches, achieving state-of-the-art performance on target tasks at different
training steps and under various experimental settings. The best results at each training step are highlighted in bold.
All Acc.@step values are computed from moving-average-smoothed evaluation curves with a window size of 5.

↑Acc.(%) GSM8K MATH Gaokao. AMC23 Olympiad. AIME24 Targeted(Avg.) Untar.(Avg.)

Qwen2.5-1.5B-Instruct 72.99 55.48 46.43 28.13 24.27 4.00 64.24 25.71

+ Full Dataset(GRPO)@500 78.01 58.07 47.34 32.50 26.32 1.67 68.04 26.96
+ Full Dataset(GRPO)@1k 79.30 59.54 44.09 31.25 26.23 6.67 69.42 27.06
+ Full Dataset(DAPO)@500 78.64 53.27 42.73 29.38 20.05 0.0 65.95 23.04
+ Full Dataset(DAPO)@1k 78.93 53.26 41.88 30.21 19.85 0.0 66.09 22.99
+ Learnability(GRPO)@500 77.57 59.05 50.19 30.63 27.55 5.00 68.31 28.34
+ Learnability(GRPO)@1k 79.12 59.03 47.19 29.17 26.96 2.78 69.07 26.52
+ Pass Rate(GRPO)@500 78.82 57.87 49.09 26.88 26.08 3.33 68.35 26.34
+ Pass Rate(GRPO)@1k 80.19 58.33 46.86 29.17 27.12 8.33 69.26 27.87
+ Influence(GRPO)@500 78.31 58.80 49.74 31.25 25.49 5.83 68.56 28.08
+ Influence(GRPO)@1k 78.58 58.82 47.73 23.96 25.08 8.33 68.70 26.28
+ CROPI (Ours)@500 80.55 58.43 48.12 26.25 26.86 4.17 69.49 26.35
+ CROPI (Ours)@1k 81.36 59.17 46.54 34.38 27.78 9.72 70.26 29.60

Qwen2.5-7B-Instruct 90.51 75.08 62.64 46.88 41.91 8.33 53.96 54.76

+ Full Dataset(GRPO)@300 92.59 76.61 60.84 55.00 43.58 16.67 57.36 57.92
+ Full Dataset(GRPO)@600 93.54 77.39 60.97 52.50 45.49 13.33 57.44 56.74
+ CROPI (Ours)@300 92.13 77.92 65.39 58.75 45.64 14.17 57.46 62.07
+ CROPI (Ours)@600 92.89 78.35 63.70 55.62 45.78 17.50 58.63 59.66

R1-Distill-Qwen-1.5B 77.73 72.83 60.07 53.13 41.67 20.83 43.93 75.28

+ Full Dataset(GRPO)@150 77.42 73.64 63.77 53.75 41.62 17.50 44.16 75.53
+ Full Dataset(GRPO)@300 79.46 76.63 65.15 55.21 44.53 23.61 47.12 78.05
+ CROPI (Ours)@150 77.97 75.54 63.44 51.25 43.97 22.50 45.29 76.76
+ CROPI (Ours)@300 79.18 76.67 66.88 60.42 43.63 20.83 47.94 77.92

Distill-Qwen-1.5B (Guo et al., 2025). For simplic-
ity, these models are referred to 1.5B, 7B, and 1.5B-
R1, respectively. Our training data consists of 47K
unique problems aggregated from GSM8K-Train
(Cobbe et al., 2021), MATH-Train(Hendrycks
et al., 2021), and DeepScaleR-Preview-Dataset
(Luo et al., 2025). We assess performance on a
suite of standard benchmarks, including GSM8K-
Test, MATH-Test, Gaokao2023EN (MARIO-Math,
2024), OlympiadBench (He et al., 2024), AMC23
(math ai, 2024b) and AIME24 (math ai, 2024a).
For influence-based data selection, a small valida-
tion set (max 100 examples) is sampled from a
subset of these test sets. We refer to tasks in which
this validation set is employed for data selection
in CROPI as "Targeted," while other test sets are
designated as untargeted tasks ("Untar.").

We compared CROPI with several data selection
baselines in selection ratio α = 0.1: Learnability
(Bae et al., 2025), Pass Rate (Yu et al., 2025), Influ-
ence Function (Pruthi et al., 2020) for global-level
data selection, and the DAPO (Yu et al., 2025) for
batch-level data selection. Due to computational
constraints, baseline comparisons are conducted
on the 1.5B model. Full details regarding model

versions, dataset construction, and hyperparame-
ters are available in Appendix E. Unless otherwise
stated, all reported Acc.@step numbers and train-
ing curves use a moving average with a sliding
window of size 5 to reduce the short-term variance
of RL training.

5.2 Main Results

As shown in Table 1, CROPI consistently out-
performs both full-data training and all baselines
across different model scales in targeted tasks,
demonstrating superior sample and step efficiency.
The improvements are particularly pronounced in
the early stages of training. For the 1.5B model,
CROPI achieves a remarkable 2.66× step-level
speedup compared to training on the full dataset
on targeted tasks, as illustrated in Figure 3. Here,
using only 10% of the training data in each phase
means that at every phase we re-score the full train-
ing pool with the current policy, select the top 10%
prompts, and run GRPO only on that refreshed sub-
set. In contrast, while other data selection baselines
show some initial gains, their performance plateaus
quickly because they rely on a static estimation
of data utility and fail to adapt to the evolving
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policy. Meanwhile, CROPI also exhibits strong
generalization capabilities. We observe significant
performance gains on "Untargeted" benchmarks—
those not used for creating the validation set—
indicating that the data selected by CROPI ben-
efits the model’s overall reasoning ability, not just
performance on the targeted tasks. Additional anal-
yses in Appendix E.4 and Appendix E.5 further
show that CROPI reaches its best smoothed accu-
racy earlier than standard GRPO and that replacing
influence-based selection with random phase-wise
selection leads to a clear performance drop.

Figure 3: Training curves on the 1.5B setting. Curves
are smoothed with a moving average of window size
5. CROPI surpasses all other baselines and achieves a
significant step-level acceleration ratio of 2.66× com-
pared to full-data training while using only 10% of the
data in each phase.

As can be seen in Table 2, due to the requirement
to compute gradients over the entire dataset (after
filtering out samples that are completely correct
or incorrect), the data selection time for CROPI
remains non-negligible even without new rollouts.
However, even after accounting for the selection
time, the slowdown factor is only about 0.81x,
and CROPI still achieves a 2.16x speedup over-
all. Moreover, there remains significant room for
optimization in our gradient computation process,
such as selecting partial subsets, accelerating par-
allelization, or training a proxy scorer. Thus, the
time speedup of CROPI could be further improved,
highlighting its considerable potential. For the
1.5B model, a direct wall-clock analysis shows that
CROPI reaches 70% targeted accuracy with a 2.17x
speedup over standard GRPO; we report the corre-
sponding convergence and fixed-time comparisons
in Appendix E.4.

Time Cost Select Train

1.5B 1.2h (19k) 5.2h (200 steps)
7B 2.6h (18k) 9.6h (200 steps)
1.5B-R1 3.4h (17k) 13.7h (100 steps)

Table 2: Time costs of data selection and training for
CROPI in each phase. We denote the number of prompts
to process (gradient computation, projection, cosine
similarity) in data selection and the optimization steps
in the training stage in brackets. Time cost is measured
on an 8-GPU (NVIDIA H100) machine.

6 Analysis

This section provides an in-depth analysis of two
key computational components of the CROPI
framework: random projection and data selection.
We also provide an empirical analysis of off-policy
gradient estimation in POPI in Appendix G.

6.1 Analysis on Sparse Random Projection

Figure 4: Rank preservation experiments for Sparse
Random Projection.

As mentioned on Section 3, we use sparse ran-
dom projection for the projection of full-parameter
gradients. Specifically, we randomly select a pro-
portion of dimension of the gradient to perform
random projection to avoid computation over the
entire high-dimensional gradient. We define this
proportion as sparse ratio. However, through our
experiments, we found that this dropout actually
improves the preservation of inner products be-
tween gradient features after random projection.

We sampled 50 prompts from the training set
and computed the GRPO gradients for the 1.5B
model. We then selected a subset of gradient di-
mensions according to a predefined sparse ratio
and applied random projection to these selected
dimensions. For all gradients, we compute the
pairwise cosine similarities before and after sparse
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random projection. We define precision@10% as
the probability that, for each projected gradient,
the top 10% most similar gradients (based on co-
sine similarity) contain the top 10% most similar
gradients as measured by the full-parameter co-
sine similarities. This metric reflects the degree to
which the random projection preserves the ranking
of similarities among gradient features. A higher
precision@10% indicates better preservation.

Figure 4 presents the experimental results under
the 1.5B Setting. We observe that when we directly
apply random projection to the full gradient (i.e.
sparse ratio equals 1) , the precision@10% of sim-
ilarity ranking is only around 13%, comparable to
random selection. However, when the sparse ratio
is 0.1, the precision@10% is significantly higher,
reaching nearly 80%. This is a counter-intuitive
phenomenon: under sparse random projection, the
ranking preservation is actually better with less in-
formation. We hypothesize that this may be related
to the presence of numerical noise in the gradients:
random projection can amplify such noise. Spar-
sity, while masking some information, filters out
much of the numerical noise and achieves a better
signal-to-noise ratio around a sparse ratio of 0.1.
We include more analysis in Appendix H.

6.2 Analysis on data selected by CROPI
We analyze the training data selected by CROPI un-
der the 1.5B setting. Specifically, we examine the
top-100 and bottom-100 training samples ranked
by POPI scores, given validation sets GSM8K and
MATH. For each checkpoint (training steps: 0, 200,
400, 600, 800), we evaluate both the semantic simi-
larity between selected samples and the validation
set, as well as the model’s pass rate on these sam-
ples.
Sematic Correlation. For semantic analysis,
we compute embeddings for each prompt using
BGE-large-en-V1.5 (Xiao et al., 2023). The aver-
age embedding of the validation set is compared to
the embeddings of top-100 and bottom-100 sam-
ples via cosine similarity. As shown in Figure 5,
data selected by POPI exhibits higher semantic
similarity to the validation set compared to both
randomly sampled (baseline) and bottom-100 sam-
ples. These findings suggest that POPI leverages la-
tent relationships between gradient and semantic
spaces to automatically identify training samples
most relevant to the validation set.
Pass Rate. To analyze the pass rate of the se-
lected data, we contrast the performance of the

Figure 5: Semantic similarity between top-100 and
bottom-100 training prompts selected by POPI and the
validation set.

top-100 prompts (selected using the MATH vali-
dation set) on the base model versus the evolving
online model. As illustrated in Figure 6, we plot
both the offline pass rate (pass rate on the base
model) and the online pass rate (pass rate on the
current training checkpoint). The offline pass rate
(blue bars) shows a downward trend after the ini-
tial step, dropping from 0.75 to around 0.53. This
indicates that as training progresses, CROPI se-
lects problems that are increasingly difficult for
the original base model. In stark contrast, the on-
line pass rate (green bars) exhibits a strong upward
trend, rising from 0.75 to 0.87. This demonstrates
that while the selected problems are challenging,
they fall within the current model’s learning fron-
tier. The model effectively learns to solve them,
reflecting CROPI’s ability to dynamically select
data that maximizes learning efficiency. Ultimately,
the model is trained on data with a high online pass
rate (in the 0.6 to 0.9 range), which corresponds to
the difficulty interval where performance improve-
ment is most pronounced.

In Appendix I, we provide a detailed breakdown
of data sources, knowledge categories, and the di-
versity of selected data. These results demonstrate
that CROPI not only achieves strong performance
but also offers a degree of interpretability.

7 Conclusion

This paper introduced a principled data selection
method for RLVR using influence functions. To
circumvent the prohibitive cost of online rollouts
for LLMs, we developed a novel off-policy esti-
mation technique that evaluates data influence us-
ing offline trajectories. Our curriculum learning
framework, CROPI, leverages this method to select
the most impactful data for training. Experiments
demonstrate that CROPI significantly accelerates
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Figure 6: MATH Top-100: Offline vs Online Pass
Rate. This figure compares the pass rates of the top-
100 prompts selected using the MATH validation set.
The Offline Pass Rate (blue) shows the performance of
the base model on these prompts, indicating their inher-
ent difficulty. The Online Pass Rate (green) shows the
performance of the model at the current training step,
demonstrating its learning progress on the curated data.

learning, achieving a remarkable speedup on RL
training while using substantially less data than full-
dataset training. Our work validates that influence-
based data selection is a theoretically-grounded
and highly efficient alternative to common heuris-
tics, paving the way for more scalable and effective
training of large reasoning models.

Limitations

Theoretical Limitations. In this paper, we restrict
our analysis to first-order influence estimation un-
der the SGD optimizer. Future work could extend
this framework to encompass a broader range of
optimizers and influence estimation approaches.
While we employ off-policy gradient estimates to
compute influence, we do not provide a theoretical
analysis of the associated errors, bias, or variance;
addressing these aspects is left for future research.
Limitations of Offline Trajectories. In this study,
we estimate the gradients solely using trajectories
from the base model. This choice results in certain
training prompts having zero gradient – specifically,
those for which the base model’s predictions are
entirely correct or incorrect (for these cases, the
GRPO advantage is zero), and thus they lack gradi-
ent information during online gradient computation.
Further investigations could consider incorporating
positive (strong) or negative examples to ensure
that all prompts possess non-zero gradient signals.
Additionally, we do not explore the use of rollouts
generated by smaller models to estimate the gradi-
ents of larger models, nor do we investigate reusing
rollouts collected during the training process (e.g.,

via a replay buffer). These directions remain open
for future work.
Limitations of the Experimental Setting. In
terms of task scope, our experiments are limited
to single-turn mathematics question answering sce-
narios; extension to multi-turn dialogues and other
types of reasoning, agentic, or multi-modal tasks is
a promising direction for future studies. In terms
of scale, our empirical validation predominantly fo-
cuses on models of 1.5B and 7B parameters, with
training steps limited to fewer than 1000. Extension
to larger-scale models and longer training durations
is left to future work.
Numerical error in gradient computation. As we
utilize float16 format to conduct gradient-related
calculations, numerical error cannot be ignored and
might be amplified by random projection. We in-
troduce a random dropout operation before random
projection as a way to obtain better rank preserva-
tion. Additional details can be found in Appendix
H.
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A Derivation of First-order Influence Function

In this Section, we will restate the first-order influence estimation in TracIn (Pruthi et al., 2020) in RL
context.

In RL context, our goal is to maximize performance function J(θ) = Es0∼ρ0(·),τ∼πθ
[R(τ)] (Sutton

et al., 1999). In LLM, the s0 corresponds to the input query. We rewrite the RL objective under a test
query s′0:

max
θ

Es′0∼q(·)[J(θ; s
′
0)], (9)

where J(θ; s′0) := Eτ ′∼πθ(·|s′0)[R(τ ′)] (10)

Consider a policy πθl at optimization step l. Using first-order Taylor Expansion, the objective function
in next iteration step J(θl+1; s′0) can be rewritten as:

J(θl+1; s′0) = J(θl; s′0) + ⟨∇θJ(θ
l; s′0), θl+1 − θl⟩+ O(||θl+1 − θl||2) (11)

≈ J(θl; s′0) + ⟨∇θJ(θ
l; s′0), θl+1 − θl⟩ (12)

Consider training the policy πθl using Stochastic Gradient Ascent (SGA) with batch size 1 and learning
rate ηl. At iteration l, let s0 be the initial state sampled as the training data point. Since the objective in
reinforcement learning is to maximize the performance function J , the update uses a positive sign before
the policy gradient:

θl+1 = θl + ηt∇θJ(θ
l; s0) (13)

J(θl+1; s′0) ≈ J(θl; s′0) + ηt⟨∇θJ(θ
l; s′0), ∇θJ(θ

l; s0)⟩ (14)

Consider training a policy with N training prompts, denoted by {s(i)0 }Ni=1. Following the approximation
of TracInCP as proposed in (Pruthi et al., 2020), we treat one epoch of training as a single optimization
step with a large batch size N , and, for simplicity, we ignore parameter updates within the epoch by
assuming the parameters remain constant throughout. Let the parameters at the start and end of the m-th
epoch be represented as θ(m) = θlm and θ(m+1) = θlm+1 , respectively, where the actual number of update
steps within the epoch is lm+1 − lm.

Under this approximation, the parameter update after one epoch can be expressed as

θ(m+1) ≈ θ(m) + ηt

N∑

i=1

∇θJ(θ
(m); s

(i)
0 ), (15)

and for a test sample s′0, the change in the objective function is approximated by

J(θ(m+1); s′0) ≈ J(θ(m); s′0) + ηt

N∑

i=1

⟨∇θJ(θ
(m); s′0), ∇θJ(θ

(m); s
(i)
0 )⟩. (16)

We define the first-order influence of a training prompt s(i)0 on the model checkpoint πθ(m) with respect
to a test sample s′0 as:

Inf(πθ(m) ; s
(i)
0 , s′0) := ⟨∇θJ(θ

(m); s′0), ∇θJ(θ
(m); s

(i)
0 )⟩. (17)

If we have multiple test samples, denote the distribution of test query as q(·), s′0 ∼ q(·), then the
objective function becomes J(θ; q) = Es′0∼q(·),τ ′∼πθ(·|s′0)[R(τ ′)]. With similar derivation, we can rewrite

the influence of training prompt s(i)0 with respect to test distribution q as:

Inf(πθ(m) ; s
(i)
0 , q) := ⟨∇θJ(θ

(m); q), ∇θJ(θ
(m); s

(i)
0 )⟩. (18)

In practical implementations, to prevent data leakage, we allocate a small subset of the training data as
a validation set and use the validation samples to measure the influence of the training data.
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B Derivation of Off-Policy Gradient

In order to estimate the online influence with offline trajectories, we need to first approximate the policy
gradient using offline trajectories, this is equivalent to the off-policy policy gradient estimation.

We first write the vanilla policy gradient in on-policy form (Sutton et al., 1999):

∇θJ(θ) = Eτ∼πθ
[

|τ |−1∑

t=0

At∇θ log πθ(xt|st)] (19)

Since we are using initial trajectories τ ∼ β = πθ0 to estimate the gradient, using importance sampling:

∇θJ(θ; s0) = Eτ∼πθ(·|s0)[
|τ |−1∑

t=0

At∇θ log πθ(xt|st)]

= Eτ∼β(·|s0)[ρθ(τ |s0)
|τ |−1∑

t=0

At∇θ log πθ(xt|st)] (20)

where ρθ(τ |s0) =
πθ(τ |s0)
β(τ |s0)

(21)

However, for multi-step trajectory generation, the variance of the importance weight ρθ(τ |s0) can
become extremely large. This high variance arises due to the product of many likelihood ratios over the
steps, leading to instability and poor sample efficiency in the gradient estimate. We therefore adopt a
more widely used off-policy gradient estimator from (Schulman et al., 2015, 2017) that uses importance
sampling at the token level:

∇θJ(θ; s0) = ∇θJ(πθ; s0)

= ∇θ[J(β; s0) + Es∼dπθ (·|s0),x∼πθ(·|s)[A
β(s, x)])]

≈ ∇θ[J(β; s0) + Es∼dβ(·|s0),x∼πθ(·|s)[A
β(s, x)])]

= ∇θ[J(β; s0) + Es∼dβ(·|s0),x∼β(·|s)[
πθ(x|s)
β(x|s) A

β(s, x)]]

= ∇θEs∼dβ(·|s0),x∼β(·|s)[
πθ(x|s)
β(x|s) A

β(s, x)])

= Es∼dβ(·|s0),x∼β(·|s)[
πθ(x|s)
β(x|s) A

β(s, x)∇θ log πθ(x|s)])

= Et,st∼dβ(st|s0),xt∼β(xt|st)

[
πθ(xt|st)
β(xt|st)

Aβ
t∇θ log πθ(xt|st)

]

= Et,st∼dβ(st|s0),xt∼β(xt|st)
[
ρπθ
t Aβ

t∇θ log πθ(xt|st)
] (

ρπθ
t :=

πθ(xt|st)
β(xt|st)

)

= Eτ∼β(|s0)


 1

|τ |

|τ |−1∑

t=0

ρπθ
t Aβ

t∇θ log πθ(xt|st)




= E{τk}Kk=1∼β(|s0)


 1

K

K∑

k=1

1

|τk|

|τk|−1∑

t=0

ρπθ
k,tA

β
k,t∇θ log πθ(xk,t|sk,t)




= E{τk}Kk=1∼β(|s0)


 1

K

K∑

k=1

1

|τk|

|τk|−1∑

t=0

∇θρ
πθ
k,tA

β
k,t


 (22)
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Thus, our off-policy gradient estimator can be formulated as:

ĝβ(θ, s0, {τk}Kk=1) ≈
1

K

K∑

k=1

1

|τk|

|τk|−1∑

t=0

∇θρ
πθ
k,tÂ

β
k,t (23)

where (24)

For group normalized advantage estimator in GRPO, we have:

ρπθ
k,t =

πθ(xk,t|sk,t)
β(xk,t|sk,t)

(25)

Âβ
k,t =

R(τk)− Êβ[R(τ)]

σ̂β[R(τ)]
(26)

Êβ denotes empirical mean under policy β, i.e. Êβ[R(τ)] = 1
K

∑K
k=1[R(τk)], τk ∼

β(·|s0), k = 1, 2, ...,K. σ̂β denotes the empirical standard value under policy β: σ̂β[R(τ)] =√
Êβ

[
(R(τ)− Êβ[R(τ)])2

]
.

The approximations employed here generally require that πθ and β are relatively close. In TRPO
(Schulman et al., 2015), β = πθold is constrained to be close to πθ in terms of the Kullback-Leibler (KL)
divergence. In the context of LLM RLVR, when performing GRPO (Shao et al., 2024) training, a KL loss
is introduced to constrain the divergence between the training policy and the initial policy. Experimental
results demonstrate that the estimated KL values during RLVR training are usually maintained below 0.1,
which ensures the reasonableness of the approximation to a certain extent.
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C Related Works

C.1 Data Selection for RLVR

Recently, how to automatically select high-quality
data for RLVR has become a research topic of in-
creasing interest. According to the time granu-
larity of data selection, existing methods can be
roughly divided into three categories: global-level,
batch-level and phase-level. The first is the global-
level granularity, which selects data based on the
initial policy over the entire dataset (Zhao et al.,
2025; Wang et al., 2025). Although this approach
is easy to implement, it cannot capture dynamic
checkpoint information and often requires warm-
up training. The second granularity is at the batch-
level, where data selection is performed within each
training batch. This method can better capture the
dynamics of model training; however, due to the
lack of long-term planning, it often introduces high
variance that can lead to unstable training. Repre-
sentative methods include DAPO (Yu et al., 2025)
and ODF (Bae et al., 2025). The third category is
a compromise, where data selection is performed
every certain number of training steps, which we re-
fer to as phase-level (or curriculum) data selection.
This approach strikes a balance between capturing
training dynamics and enabling long-term planning,
but may still face challenges such as unstable train-
ing distributions. An example of this method is (Xi
et al., 2024).

As for the utility estimator, previous works use
various ways to measure the utility of each data
point, mainly focusing on heuristics around the
difficulty and uncertainty of the training query s0.
In order to select prompts with proper difficulties,
some researchers use correctness rate of various
trajectories as the signal of the difficulty (Li et al.,
2025; Yu et al., 2025; Bae et al., 2025; Sun et al.,
2025). As an example, Bae et al. (2025) sug-
gests filtering data points with pass rate around
0.5 to construct the batch for GRPO training. Zhao
et al. (2025) estimate prompt difficulty based on the
model’s confidence (likelihood), and select moder-
ately difficult prompts for reinforcement learning
(RL) training. Another heuristic involves selecting
data according to the uncertainty arising from data
perturbation. For instance, Wang et al. (2025) train
with prompts whose associated historical trajecto-
ries exhibit the highest reward variance.

These methods generally need to obtain prompt
trajectories to assess the utility of each prompt, but
online rollouts with LLMs are costly in terms of

computation and time. In order to avoid online
rollouts, these methods have made significant sac-
rifices in online estimation: either selecting data
based on the initial policy, which is a global-level
data selection, or using the pass rate signal from
the data buffer as the basis for data filtering. Such
compromises largely neglect the dynamics of RL
training, for instance, the changes in the pass rate
of the same data point across different stages of
training.

C.2 Influence Functions for LLM Data
Selection

Influence function (Koh and Liang, 2017) is a
gradient-based data attribution method derived
from variantion analysis of objective function. In-
fluence functions and their variants have been
widely applied in the Pre-Training (PT) and Super-
vised Fine-Tuning (SFT) stages due to their strong
theoretical guarantees and empirical effectiveness
(Logan Engstrom, 2024; Wang et al., 2024; Gu
et al., 2024; Grosse et al., 2023). Logan Engstrom
(2024) proposed the datamodel framework leverag-
ing an efficient influence function estimation (Park
et al., 2023), which is inspired by influence func-
tion, to select pretraining data. LESS (Xia et al.,
2024) is the first to introduce first-order influence
functions into the post-training of large language
models (LLMs), thereby improving the training
efficiency of supervised fine-tuning (SFT). Wang
et al. (2024) further refine LESS by extending it to
the batch-level; however, its application remains
limited to the SFT stage. Nonetheless, leveraging
influence function theory to guide data selection
for RLVR remains a challenging problem. This
is mainly due to the fact that, in RL settings, re-
wards and gradients for the data typically require
rollouts to obtain, which is computationally expen-
sive for LLMs. A concurrent work Hu et al. (2025)
explores online data selection using influence func-
tions in RLHF and demonstrates promising em-
pirical results across multiple settings. However,
their setting differs substantially from RLVR, and
the target function used for influence estimation is
defined for a different training objective.

D Algorithmic pseudocode of CROPI

We formulate the process of our proposed method
CROPI in Algorithem 1.
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Algorithm 1 Algorithmic pseudocode of CROPI

Require: Training dataset Dtr, Validation datasets
{Dval,j}Vj=1, Base LLM πθ0 , Selection ratio α.
number of phases M , training steps per phase
E.

Ensure: Output final policy πθ(M)

Load initial policy πθ(0) ← πθ0
for m = 0, 1, ...,M − 1 do

for s
(i)
0 ∈ Dtr, i = 1, 2, ..., N do

Compute POPI score UPOPI-R(πθ(m) ; s
(i)
0 );

end for
Select training subset
D(m) ← arg max

|S|=⌊α|Dtr|⌋

∑

s0∈S
UPOPI-R(πθ(m) ; s0)

Optimize the policy with GRPO
πθ(m+1) ← GRPO(πθ(m) ;E)

end for
return πθ(M)

E Additional Experimental Details

E.1 Implementation Details

Base Models. We use Qwen2.5-1.5B-Instruct,
Qwen2.5-7B-Instruct (Qwen et al., 2025), and
Deepseek-R1-Distill-Qwen-1.5B (Guo et al.,
2025), which we refer to as 1.5B, 7B, and 1.5B-
R1, respectively. We use the official prompt tem-
plate from Qwen-Math (Yang et al., 2024) for the
Qwen2.x models and the DeepSeek-R1 template
(Guo et al., 2025) for 1.5B-R1. For more details on
prompts, please see Appendix E.6.
Datasets. Our primary training set is the intersec-
tion of GSM8K-Train (Cobbe et al., 2021), MATH-
Train (Hendrycks et al., 2021), and DeepScaleR-
Preview-Dataset (Luo et al., 2025), containing 47K
unique mathematical queries. For the 1.5B-R1
model experiments, we randomly sampled 25K
queries from this set to reduce training time.
Validation Sets. To enable influence-based selec-
tion, we create a validation set by allocating 20%
of each designated test set, with a maximum cap of
100 examples per set to prevent its use in training.
To mitigate data leakage, all reported test results
exclude these validation examples. The validation
set composition varies by model:

• 1.5B: GSM8K-Test, MATH-Test

• 7B: GSM8K-Test, MATH-Test, Olympiad-
Bench, AIME24

• 1.5B-R1: GAOKAO23EN, AMC23,
OlympiadBench, AIME24

The remaining test sets are used to evaluate gener-
alization performance. We divide the test bench-
marks into two categories. Targeted tasks (or "Tar-
geted") refer to those whose domains are repre-
sented in the validation set. All other test sets
are designated as Untargeted tasks ("Untargeted").
To evaluate the in-domain and out-of-distribution
(OOD) generalization of CROPI, we report the av-
erage accuracies on Targeted and Untargeted tasks,
respectively, under various settings. Note that re-
ported test results exclude performance on the vali-
dation sets.

E.2 Hyperparameters of CROPI
We use the VeRL (Sheng et al., 2024) framework for
training. For rollout engine, we use vllm (Kwon
et al., 2023). For the POPI computation process,
we set the sparse ratio of the random projection to
0.01. We use TRAK (Park et al., 2023) for efficient
random projection on GPU. The data selection ratio
is α = 0.1. The number of update steps per training
phase, E, is set to 200 for the 1.5B and 7B models
and 100 for the 1.5B-R1 model. The total training
steps for the 1.5B, 7B, and 1.5B-R1 models were
1000, 600, and 300, respectively.

E.3 Baselines in Main Results
We compare CROPI against the following base-
lines, with all hyperparameters aligned:

1. Learnability (Bae et al., 2025): Utility is es-
timated as U(πθ; s0) = p(1 − p), where p is
the offline pass rate of a prompt.

2. Pass Rate (Muennighoff et al., 2025; Yu
et al., 2025): Utility is defined as U(πθ; s0) =
I0<p<1, where p is the offline pass rate of a
prompt.

3. Influence Function (Pruthi et al., 2020): Stan-
dard first-order influence function estimation.
This baseline is equivalent to CROPI with only
1 phase.

For the above baselines, data selection is performed
once globally using the initial policy πθ0 at a se-
lection ratio of α = 0.1. We also include DAPO
(Yu et al., 2025), a batch-level filtering method that
removes samples with perfect or zero pass rates
and replaces them from a buffer of historical trajec-
tories. All reported Acc.@step metrics in the main
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text are computed from evaluation curves smoothed
by a moving average with window size 5.

E.4 Additional Convergence and Time-based
Comparison

To better characterize the final-stage behavior of
CROPI, we extended the 1.5B experiment beyond
the initial 1k-step budget and compared the best
smoothed targeted accuracy achieved within 2000
training steps. The results in Table 3 show that
CROPI reaches its peak performance earlier and
attains a slightly higher best accuracy than standard
GRPO within the same step budget.

Table 3: Peak targeted accuracy within 2000 training
steps on the 1.5B setting. Accuracy is computed from
curves smoothed with a moving average of window size
5.

Method Step Peak Accuracy (%)

CROPI (Ours) 1130 71.05
Standard GRPO 1790 70.17

We also evaluated both methods under fixed wall-
clock budgets. As shown in Table 4, CROPI consis-
tently outperforms standard GRPO at 12h, 18h, and
24h, which complements the step-level speedup re-
ported in the main text.

Table 4: Targeted accuracy (%) under fixed wall-clock
budgets for the 1.5B setting.

Method 12h 18h 24h

Standard GRPO 67.73 68.84 69.34
CROPI (Ours, 10%) 68.65 69.73 69.91

E.5 Random Selection Baseline

To isolate the contribution of influence-based selec-
tion itself, we additionally evaluate a phase-wise
random baseline that keeps the CROPI training
schedule unchanged but replaces influence ranking
with random selection of 10% of the training data
at each phase. Table 5 shows that random phase-
wise selection underperforms both full-data GRPO
and CROPI, indicating that the gain does not come
from simply reducing the training set size.

E.6 Prompt Templates for Evaluation & RL
Training

For experiments on Qwen2.5-1.5B-Instruct (1.5B)
and Qwen2.5-7B-Instruct (7B) , we use prompt
template in official evaluation code repository of

Table 5: Ablation with phase-wise random selection on
the 1.5B setting.

Method Acc.@500 Acc.@1000

Full Data + GRPO 68.04 69.42
CROPI w. Random Selection (10%) 67.29 68.04
CROPI (Ours) 69.49 70.26

Qwen2.5-Math 1. And for the experiments on
Deepseek-R1-Distill-Qwen-1.5B (1.5B-R1), we
use prompt template used in the training of
Deepseek-R1 (Guo et al., 2025). The prompt tem-
plates are shown on Table 6. We made slight modi-
fications to the prompt for R1 to facilitate the ex-
traction of the final answer from the \boxed.

E.7 Hyperparameters of RL
We present the key hyperparameters used for
GRPO training on Table 7. For 1.5B / 7B / 1.5B-R1
experiment settings, we use max response length
of 2048 / 4096 / 8192 respectively.

F Additional Analysis on Rollout Cost

To clarify why rollout-free influence estimation is
important in RLVR, we compare the cost of a roll-
out step against a single forward+backward step
in the 1.5B setting. For a fair comparison, both
settings use batch size 128 with sequence length
capped at 8192. Table 8 shows that rollout genera-
tion is substantially more expensive than gradient
computation under comparable settings.

This difference is also aligned with the computa-
tional characteristics of the two operations. A for-
ward+backward step mainly consists of dense ten-
sor computation and is typically compute-bound,
while autoregressive rollout repeatedly reads model
weights during decoding and is often constrained
by memory bandwidth. As a result, methods that
require fresh rollouts for every candidate prompt in-
cur a much larger selection overhead than methods
that reuse offline trajectories.

G Additional Analysis on Off-policy
Gradient Estimator

We conduct supplementary experiments to evaluate
our proposed off-policy gradient estimator in 4. To
demonstrate this point, we aim to verify that the
off-policy gradient estimator produces gradients
that are sufficiently consistent with the on-policy
gradients at the step 200 checkpoint of CROPI.

1https://github.com/QwenLM/Qwen2.5-Math
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Table 6: Prompt templates used in CROPI experiments. "<prompt>" will be replaced by specific training prompt
during training.

Setting Prompt Templates

1.5B & 7B System: Please reason step by step, and put your final answer within
\boxed{}.
User: <prompt>

1.5B-R1 System: 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 provides the user
with the answer. The reasoning process and answer are enclosed
within <think> </think> and <answer> </answer> tags, respectively,
i.e., <think> reasoning process here </think> <answer> answer here,
and put your final answer within \boxed{} </answer>.
User: <prompt>

Specifically, we collect 50 problems on which both
the original Qwen2.5-1.5B-Instruct model and the
step 200 checkpoint of CROPI neither achieve per-
fect success nor complete failure across 8 rollouts.
Using Equation 1, we obtain the on-policy gradi-
ents for these 50 problems, and using Equation 4,
we compute the corresponding off-policy estimated
gradients. We then calculate the cosine similarity
between each pair of on-policy and off-policy gra-
dients and visualize the distribution in Figure 7.
As shown, 40 out of the 50 pairs exhibit a cosine
similarity greater than 0.6, which provides strong
evidence for the effectiveness of our proposed off-
policy gradient estimator. We further investigate

Figure 7: Cosine similarity distribution between on-
policy gradients and off-policy gradients produced by
our proposed estimator

the rank preservation capability of the off-policy
gradient estimator. Specifically, based on the two
sets of 50 gradients obtained above, we construct
two 50×50 cosine similarity matrices and compute
the index ranking for each row. In the ideal case,

the ranking orders of corresponding rows in the
two matrices should be identical, indicating perfect
rank consistency of the estimator. However, when
evaluating the top 10% rank preservation across all
gradients of interest, the off-policy gradient estima-
tor achieves only 28.80% consistency. Although
this performance is significantly higher than that
of a random baseline, we believe there remains
substantial room for improving rank preservation.

H Additional Analysis on Gradient
Projection

In order to analyze the rank preservation efficiency
of gradient projection method we used, we provide
additional experimental results and one possible
explanation for the outcomes.

Following the setting of Section 6.1, we analyze
the influence of the sparse ratio for the 3B model.
We observe the same pattern of rank preservation
curve as in the 1.5B model experiment. To be
specific, we observe that when we use the full gra-
dient before applying the random projection, the
precision@10% is only slightly above the random
guess. However, when the sparse ratio reaches 0.1,
the precision@10% increases to more than 80%.

As mentioned in 6.1, we hypothesize that sparsi-
fication reduce numerical error in projection opera-
tion, which is conducted in float 16 format. Serious
numerical instability and precision loss can happen
during projection. Sparsity might help filter out
much of the error by masking a bunch of informa-
tion. In Figure 9, we plot the histogram of the ele-
ment value distribution of the projected gradients.
We observe that conducting random projection after
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Table 7: Key Hyperparameters for GRPO Training

Parameter Value Description

RL Algorithm

Base Model Qwen2.5-1.5B-Instruct
/ Qwen2.5-7B-Instruct
/ DeepSeek-R1-Distill-
Qwen-1.5B

The pretrained model used as the starting point.

Batch Size 128 The number of prompts processed in each training step.
Max Prompt Length 2048 Maximum token length for the input prompt.
Max Response Length 2048 / 4096 / 8192 Maximum token length for the generated response.
Advantage Estimator grpo The specific RL algorithm used for training.
Actor Learning Rate 1× 10−6 The learning rate for the actor model’s optimizer.
PPO Mini-batch Size 128 The batch size used for each PPO optimization update.
KL Regularization True Enables KL-divergence penalty against the reference model.
KL Coefficient (β) 0.001 Weight of the KL-divergence term in the loss function.
KL Loss Type low_var_kl A specific variant of KL loss calculation.
Entropy Coefficient 0.001 Weight of the entropy bonus to encourage exploration.

Rollout & Generation

Rollout Engine vllm The inference engine used for generating samples.
Samples per Prompt (n) 8 Number of candidate responses generated for each prompt.
Tensor Parallel Size 4 Degree of tensor model parallelism for rollouts.
Dynamic Batching True Enables dynamic batching for rollouts.
Max Batched Tokens 16384 Maximum number of tokens in a dynamic vLLM batch.

Table 8: Cost comparison between rollout and for-
ward+backward in the 1.5B setting.

Operation Avg. Time (s) Relative Cost

Forward+Backward 35.91 1.00x
Rollout 319.80 8.91x

sparsification cluster more element values towards
zero, which might help avoid precision loss in rank
preservation. We leave further exploration of this
area to future work.

I Additional Analysis on Data Selected by
CROPI

Following the setting of Section 6.2, we put more
analysis results in this section.

I.1 Data Source of Selected Prompts

We first analyzed the dataset origins of the top 100
training examples selected using POPI with dif-
ferent validation sets, as shown in Figure 10 and
Figure 11. Across multiple rounds of data selection,
we observe a pronounced shift in the composition
of training examples deemed most relevant for the
GSM8K validation set. Initially, in Round 0, 71%
of the top 100 selected examples are sourced from

Figure 8: Rank preservation experiments for Sparse
Random Projection under 3B model setting.

GSM8K data and 6% from MATH. However, by
Round 4 (step=800), GSM8K’s representation rises
to 99%, while MATH data are almost entirely ex-
cluded. This dynamic indicates that the selection
algorithm increasingly prioritizes GSM8K training
samples that are most advantageous for improving
performance on the GSM8K validation set. Fur-
thermore, the process simultaneously eliminates
GSM8K examples that are particularly ineffective
for the MATH validation set, underscoring a nu-
anced mechanism of data curation that both refines
selection towards task relevance and discards sam-
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Figure 9: Element values distribution of gradients pro-
duced by normal random projection and sparse random
projection with a sparse ratio of 0.1.

ples detrimental to cross-task generalization.

Figure 10: The source dataset of top-100 and bottom-
100 training prompts selected by POPI with validation
set GSM8K in different training steps.

Figure 11: The source dataset of top-100 and bottom-
100 training prompts selected by POPI with validation
set MATH in different training steps.

I.2 Knowledge Domains of Selected Prompts

Since direct inspection of each individual problem
makes it difficult to observe distinctive patterns,
we adopted the categorization approach from s1
(Muennighoff et al., 2025). Utilizing GPT-4o, we
classified both the validation set (randomly sam-
pled 100 questions) and the top-100 mathematics
problems selected by POPI according to the Math-
ematics Subject Classification (MSC) system (e.g.,
geometry, combinatorics, etc.) from the American

Mathematical Society2. The results (Figure 12)
show that the distribution of knowledge domains
in the selected data closely mirrors that of the vali-
dation set itself. Moreover, as training progresses,
the distribution of knowledge domains among the
selected samples also shifts dynamically to meet
the need of online policy.

I.3 Semantic Diversity of Selected Prompts

We also evaluated the internal diversity of the top-
100 and bottom-100 training samples selected by
POPI, quantified by 1− Eei,ej∈E [cossim(ei, ej)],
where E denotes the set of semantic embeddings
for each dataset. As shown in Figure 13, the diver-
sity of the POPI-selected top-100 samples is notice-
ably lower compared to both the random baseline
and the bottom-100 set. This indicates that training
examples highly relevant to the validation set tend
to be semantically similar, which aligns with our
intuition. Such reduced diversity could potentially
limit the generalization ability of the trained model.
Employing multiple diverse validation sets and ag-
gregating the selected training samples from each
can effectively mitigate this issue. Our experimen-
tal results further demonstrate that models trained
with CROPI exhibit performance gains even on un-
targeted test sets, indicating good generalization
capability of the CROPI approach.

I.4 Human Annotated Difficulty-level of
Selected Prompts

Since MATH includes human-annotated difficulty
levels, we also recorded the difficulty levels of
MATH-Train samples selected when MATH served
as the validation set, as depicted in Figure 14. It
can be observed that, as training progresses, CROPI
increasingly favors samples with higher difficulty
levels. This trend suggests a continual expansion
of the model’s capability boundaries, requiring the
selection of progressively more challenging prob-
lems.

I.5 Most influential questions

We also visualized the influence scores of the top-
100 and bottom-100 training samples calculated by
POPI across different rounds, as shown in Figure
15. The influence scores for the top-100 samples
exhibit a steadily increasing trend, eventually sta-
bilizing around 0.5. In contrast, the bottom-100
samples display substantial divergence from the

2https://mathscinet.ams.org/mathscinet/msc/msc2020.html
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Figure 12: The knowledge dimains of top-100 and training prompts selected by POPI with validation set MATH
in different training steps. "Validation" denotes the knowledge category distribution of the validation set, while
"step=X" refers to the distribution of knowledge categories within the top-100 selected samples at the checkpoint
corresponding to step=X.
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Figure 13: The semantic diversity of top-100 and
bottom-100 training prompts selected by POPI with
validation set GSM8K and MATH in different training
steps.

Figure 14: The human annotated difficulty-levels of top
100 prompts in MATH-Train dataset

validation set in gradient space, with cosine simi-
larity values falling below zero. We put the most
infuential prompts selected by POPI with MATH
validation set MATH in Table 9, which reflects the
training dynamics of the model in a data perspec-
tive.

J Additional Results on CROPI
Experiments

We plot the main recorded metrics from RL train-
ing under different settings in Figure 16, 17, 18.
As illustrated in these figures, the entropy of the
data selection methods is significantly lower than
that of the full data baseline during RL training,
which may hinder policy exploration in subsequent
training stages.

Figure 15: The influence scores of top-100 and bottom-
100 training prompts selected by POPI with validation
set GSM8K and MATH in different training steps.
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Round Rank POPI Score Prompt
0 1 0.2166 Let m and n satisfy mn = 4 and m+ n = 5.

What is |m− n|?
0 2 0.2160 If x + 2y − 3z = 7 and 2x − y + 2z = 6,

determine 8x+ y.
0 3 0.2136 If

√
5 + x+

√
20− x = 7, what is the value

of (5 + x)(20− x)?

1 1 0.5534 A bird discovered 5438 different ways to build
a nest in each of its eight tree homes. How
many ways are there in base 10?

1 2 0.5479 How many three-eighths are there in 85
3 − 3?

1 3 0.5434 A secret facility is a rectangle measuring 200×
300 meters... How many meters did the fourth
guard run to reach the intruder?

2 1 0.5382 Determine the least possible value of (x +
2)(x+ 3)(x+ 4)(x+ 5) + 2024 where x is a
real number.

2 2 0.5314 What is the total volume and the total surface
area in square feet of three cubic boxes if their
edge lengths are 3 feet, 5 feet, and 6 feet, re-
spectively?

2 3 0.5263 Find the sum of 5437, 657, and 67 in base 7.

3 1 0.5716 Suppose that x and y are positive numbers
with xy = 1

9 , x(y + 1) = 7
9 , and y(x+ 1) =

5
18 ... What is the value of (x+ 1)(y + 1)?

3 2 0.5623 Given the plane vectors −→a and
−→
b ... calculate

the angle between vectors −→a and
−→
b .

3 3 0.5457 What is the smallest positive integer n such
that 5n ≡ 105 (mod 24)?

4 1 0.5555 In a set of 15 different-colored markers, how
many ways can Jane select five markers if the
order of selection does not matter?

4 2 0.5532 What is the greatest common divisor of 1729
and 1768?

4 3 0.5472 For what value of n does |6 + ni| = 6
√
5?

Table 9: Most Influential prompts in different rounds. Round 0 means the first round of data selection, corresponding
to training step of 0. Round 1 corresponds to training step 200, and so on.
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Figure 16: Training curves in 1.5B setting: KL Loss. Entropy Loss, Accuracy across different test sets.
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Figure 17: Training curves in 7B setting: KL Loss. Entropy Loss, Accuracy across different test sets.
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Figure 18: Training curves in 1.5B-R1 setting: KL Loss. Entropy Loss, Accuracy across different test sets.
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