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Abstract

Reinforcement Learning from Human Feed-
back (RLHF) has emerged as a crucial tech-
nique for aligning large language models
(LLMs) with human preferences. However,
existing RLHF methods face key challenges,
including poor sample efficiency, high compu-
tational overhead, and slow convergence. Re-
cent studies highlight the importance of data
selection in RL, but how to effectively select
the most beneficial experiences for RL train-
ing remains an open problem. Existing data
selection methods for RL rely on heuristic met-
rics, failing to establish an interpretable con-
nection between data and optimization objec-
tives. To address this problem, we propose
InfOES (Influence-based Online Experience
Selection), a novel data selection method for
RLHF that dynamically estimates the influence
of individual training samples on policy opti-
mization. By incorporating data attribution into
the policy gradient, InfOES can identify and
filter out detrimental samples on the fly, en-
suring effective convergence toward alignment
objectives. Our approach is compatible with
various RL algorithms (e.g., PPO, GRPO, RE-
INFORCE++). Extensive experiments demon-
strate that InfOES significantly enhances train-
ing effectiveness, achieving superior alignment
performance with fewer optimization steps.

1 Introduction

With the rapid development of large language mod-
els (LLMs), reinforcement learning (RL) has be-
come a key technique for aligning model outputs
with human preferences (Ouyang et al., 2022; Bai
et al., 2022) and enhancing advanced capabili-
ties (Guo et al., 2025). Despite its empirical suc-
cess, applying RL to LLMs poses several chal-
lenges, including sample inefficiency, high compu-
tational costs, and slow convergence, all of which
hinder the effective alignment of LLMs. In light of
these challenges, recent research has increasingly

emphasized the importance of data in RL (Li et al.,
2025; Yu et al., 2025). Studies have demonstrated
that carefully designed curricula or data selection
strategies can improve training efficiency (Bae
et al., 2025; Shi et al., 2025; Lin et al., 2025; Xu
et al., 2025), offering a promising data-centric per-
spective for enhancing RLHF. However, how to
identify and select the most beneficial data for RL
training remains an open question.

Existing data selection methods face several lim-
itations in addressing this question. On one hand,
some offline data selection approaches (Li et al.,
2025; Wang et al., 2025) attempt to prune data prior
to training. However, such static data selection can-
not adapt to new patterns that emerge during RL
training as the agent’s interaction with the envi-
ronment, leading to suboptimal performance. On
the other hand, although recent online data selec-
tion methods (Bae et al., 2025; Shi et al., 2025;
Lin et al., 2025; Xu et al., 2025) have been intro-
duced, they primarily rely on heuristic metrics such
as sample difficulty (Bae et al., 2025) to prioritize
training data, failing to establish a principled con-
nection between training samples and the core RL
objective, maximizing expected return. As a result,
there is no theoretical guarantee that the selected
data meaningfully contributes to policy improve-
ment towards the intended objective. The existing
limitations prompt us to investigate a fundamental
research question:

How can we develop an effective data selection
method that directly estimates the influence of indi-
vidual training datapoints on a specific alignment
objective of RLHF?

Prior work on data attribution (Iyer et al., 2018),
such as influence formulation (Pruthi et al., 2020),
has demonstrated promising results in estimating
the impact of individual training datapoints on vali-
dation set performance. These methods have been
successfully applied to data selection in supervised
fine-tuning (Xia et al., 2024a). However, extend-
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Figure 1: Overview of Influence-based Online Experience Selection pipeline. Traditional RLHF utilizes all
experiences for policy training, neglecting that some experiences may have negative influence on the alignment
objective. Given a validation dataset D;,; embodying an alignment objective, we first estimate the influence of each
experience on the objective. Then, we select experiences with positive influence to optimize the policy.

ing influence formulation to RL is non-trivial. The
fundamental issue lies in RL’s online nature: data
collection and policy updates occur iteratively, with
each newly collected data influencing not only the
immediate policy update but also future data col-
lection. This violates the core assumptions of tradi-
tional data attribution methods, which are designed
for static datasets with fixed objectives. Further-
more, the absence of a static validation set and the
high variance in optimization objectives in the RL
setting introduce additional challenges for accurate
influence estimation.

In this paper, we address this gap by introduc-
ing a novel influence formulation specifically de-
signed for reinforcement learning, quantifying the
influence of individual training datapoints on the
expected return of validation data. We find that,
given a specific alignment objective, not all experi-
ences are beneficial to achieve the objective. Some
experiences negatively impact the optimization ob-
jective. Including them in policy optimization re-
sults in slower convergence and reduced stability.
Based on the above findings, we further propose
InfOES, an influence-based online experience se-
lection method for RLHF. In each optimization
step, our method filters out samples that negatively
impact the alignment objective, thereby controlling
the optimization direction of the policy model and
enabling more efficient and stable convergence to-
ward the desired objective. We conducted extensive
experiments using various RL algorithms including
PPO (Schulman et al., 2017), GRPO (Shao et al.,
2024), and REINFORCE++ (Hu, 2025) across mul-

tiple datasets. The results demonstrate that our ap-
proach achieves superior performance even with
fewer optimization steps.

Our main contributions are as follows:

* We propose a metric to estimate the influence
of individual experiences on the alignment
objective, demonstrating the existence of ex-
periences with negative influence that hinder
alignment.

* We introduce InfOES, a plug-and-play
influence-based online experience selection
method for RLHF, which is compatible with
various RL algorithms and reward formula-
tions.

* We empirically demonstrate that our method
effectively enhances existing RL algorithms,
improving both alignment performance and
sample efficiency while outperforming other
baseline methods.

2 Related Work

LLM Alignment. Although large language mod-
els (LLMs) exhibit incredible abilities across
tasks (Achiam et al., 2023; Liu et al., 2024; Dubey
et al., 2024), they are prone to exhibiting unin-
tended behaviors, such as generating biased or
harmful content, hallucinating facts, or failing to ad-
here to ethical guidelines (Bommasani et al., 2021;
Bai et al., 2022; Wei et al., 2022). Therefore, it
is crucial to align LLMs with human intentions



and social values (Yao et al., 2023). For exam-
ple, LLMs should be harmless, helpful and hon-
est (3H) (Ouyang et al., 2022; Bai et al., 2022;
Thoppilan et al., 2022) or aligned with human
values (Yao et al., 2024). Multiple approaches
have been investigated to align LLMs with hu-
mans. The most widely used alignment method
is Reinforcement Learning from Human Feedback
(RLHF) (Christiano et al., 2017). Besides, sev-
eral offline approaches have also been proposed for
lower computational overhead and more stable op-
timization (Rafailov et al., 2024; Yuan et al., 2023;
Song et al., 2024; Meng et al., 2024; Ethayarajh
et al., 2024).

Data Selection. Data selection aims to identify a
subset of training examples that can achieve perfor-
mance comparable to, or even better than, training
on the entire dataset (Coleman et al., 2019). Sev-
eral works employ data selection to enhance the
process of pre-training (Xie et al., 2023; Sachdeva
et al., 2024), instruction tuning (Zhou et al., 2024;
Chen et al., 2023; Liu et al., 2023b; Xu et al., 2023;
Li et al., 2023; Xia et al., 2024a), and preference
learning (Liu et al., 2023a). Recently, data selection
for reinforcement learning has gained significant
attention. These methods can be broadly catego-
rized into offline and online approaches: offline
methods (Li et al., 2025; Wang et al., 2025) prune
data before training, while online methods (Bae
et al., 2025; Shi et al., 2025; Lin et al., 2025; Xu
et al., 2025) typically rely on heuristic metrics to
prioritize training data dynamically.

Data attribution and influence formulation.
Data attribution, which quantifies the influence of
individual training samples on model behavior, has
become increasingly important in machine learn-
ing (Iyer et al., 2018). Influence formulation es-
timates the influence of train data by tracing the
gradient information (Pruthi et al., 2020), which
has been used in identifying mislabeled exam-
ples (Pruthi et al., 2020), analyzing memorization
effects (Feldman and Zhang, 2020), obtaining vari-
ous interpretability insights (Madsen et al., 2022)
and data selection for supervised learning (Wang
et al., 2024; Xia et al., 2024a).

3 Preliminaries

Reinforcement Learning. We consider the on-
line RL setting due to its widespread use in RLHF,
where an agent learns to maximize the expected re-

ward in a Markov Decision Process (MDP) defined
by the tuple (S, A, P, R,~), where S is the state
space, A the action space, P the transition function,
R the reward function, v the discount factor. At
timestep ¢, the agent observes sy, takes action ay,
receives reward r;, and transitions to s¢41. Online
RL typically proceeds in alternating training rounds
of data collection and model training. In round &,
the data collection phase involves the agent execut-
ing the current policy 7., sampling experiences
over multiple episodes to accumulate n transition
records in a rollout buffer B*. Each experience in-
cludes (s, at, r¢), as well as computed quantities,
including the action log probability log myx (a¢|st),

estimated value v; and advantage estimate A;.

Influence Formulation. Influence formula-
tion (Pruthi et al., 2020) traces how a target
function f(-;6%) on a validation set 2z’ changes
during the training process by first-order gradient
approximation. Formally, consider a model 6 at
time step ¢ trained with the loss £(+; 0%). We can
write the first-order Taylor expansion of the target
function on a validation datapoint 2’ as

P07 = F(250%) + (VF(2509), 00 — ).
ey

Assume that we are training the model with SGD
optimizer with batch size 1 and learning rate 7. If
z is the training datapoint at time step ¢, we can
write the SGD update as 07 — 0! = —n,V{(z; 0%).
Then, the Taylor expansion can be written as

(500 — f(250Y) ~ —n(V f(2';0Y), V(2 60Y)).

2

Then, we can define the influence of a training
datapoint z on a validation datapoint 2’ as

Inf(z,2') £ n(Vf(2;0),VE(z0Y)). (3)

4 Method

In this section, we introduce our method. First, we
introduce how we estimate the influence of individ-
ual experiences on the alignment objective. Then
we present our influence-based online experience
selection algorithm.

4.1 Influence Formulation for RL

Challenges. RL poses unique challenges for data
attribution due to its inherently online nature. In
RL, experience collection and policy optimization



occur in an alternating fashion: previously col-
lected experiences are used to update the policy,
and the updated policy in turn generates new ex-
periences. The cyclical dependency between the
model and the data cannot be addressed by exist-
ing attribution methods, which assume access to
a fixed, static dataset. Additionally, the sampling
process is stochastic and nondifferentiable, which
makes it impossible to trace the influence across the
training history via direct gradient-based analysis.

Local influence estimation. We circumvent the
model-data dependency challenge by conducting
local influence estimation. Noting that RL involves
a local policy optimization process, i.e., round &
optimizes on a fixed on-policy data buffer B*. Each
round serves as a natural unit of attribution analysis.
Thus, we conduct influence estimation at this local
level, examining how experiences in B* contribute
to the policy update from 6% to 1. We consider
the entity of attribution as individual experiences
zi = (si, a;, 13, log 73, v;, fli) in the rollout buffer,
collected from the environment using the current
policy 6. These experiences serve as atomic units
for policy updates, inherently ensuring guarantees
for influence analysis.

Target function for RL. The design of the target
function in influence formulation for RL remains an
underexplored problem. We aim to quantify the in-
fluence of experiences on the model’s performance
in expected return maximization, so that we can un-
derstand which experiences contribute positively or
negatively to the policy update. Formally, the idea
target function is the expected return E, [R(7)],
where R(7) = Y.7,' 7 and trajectories are sam-
pled by executing my. However, directly using it
as the target function leads to two issues. First, the
raw R(7) exhibits high variance, resulting in noisy
influence estimation. Second, unlike supervised
learning with a fixed validation set, the data distri-
bution in RL changes as the policy evolves, which
means that there is no fixed and global ground truth
validation set available in RL. To address these
challenges, we adopt a more stable surrogate tar-
get function based on a reference policy 7" and
advantage estimates Aref;

freturn(zl; 9) _
Eyposr yorret (ylz) |08 T0 (Y | A (z, )|, @)

where x is the prompt of validation data 2/, y
is the generation of 7', and logmg(ylz) =

> logma(yilz, yo, - .., yi—1) is the log probabil-
ity of the sequence y given x. In round k, we set
the reference policy 7' = 7y, i.e., the policy
snapshot at the beginning of the round. The target
function shares the same structure as the objec-
tive of REINFORCE with a baseline. Maximizing
freturn (2. 9) encourages increasing the probabil-
ity of better-than-average actions and decreasing
worse-than-average ones, capturing the essence of
improving expected return while being tractable.
We replace raw returns with advantage estimates
to reduce variance. By sampling from 7", we ob-
tain a fixed validation distribution. We employ
greedy sampling for validation data to mitigate
noise caused by the randomness in large language
model sampling process and to better characterize
the distribution reflecting the model’s true perfor-
mance.

Embodying alignment objectives. So far, we
have obtained the influence of individual training
experiences on a validation datapoint. Then, We
utilize a validation set Dy, to embody the intended
alignment objective (e.g., harmlessness, helpful-
ness and specific capabilities). We compute the
average gradient feature for D,,;:

1
‘Dval|

@freturn(pval; 91@) vfreturn (Z/; 91@)

2'€Dya1

®)

The influence of experience z on the alignment
objective can be expressed by the following formu-
lation:

Inf(z, Dyat) = 1 (VN (Dy; 0F), VIRE (2, 0F)).
(6)

Here, JR denotes the optimization objective of

the RL algorithm used for policy training.

4.2 Influence-based Online Experience
Selection

Selection Algorithm. We propose influence-
based online experience selection, aiming to select
the most beneficial experiences for each optimiza-
tion step.

Algorithm 1 outlines the full online experience
selection process. Assume that we have a policy
model 7y and a validation dataset D, that embod-
ies a specific alignment objective. In round k, a
set of experiences B* = {z;} is collected as the
policy interacts with the environment. For each



Algorithm 1 Influence-based Online Experience
Selection

Require: Initialized policy model 7wy, reward
model rgy, validation dataset D, filtering
threshold 7.

1: for iteration k=0,1,2,...do

2:  Generate samples on Dy, using myk.

3:  Compute the average validation gradient fea-

ture V T (Dyp; 6F).

4:  Accumulate n experiences in a rollout buffer
B¥ = {2;} by executing policy 7y, within
the environment.
for experience z; in Bk do

Compute influence score Inf(z;, Dy,1).
end for

Select influential experiences, obtaining

Ding = {Zi € Bk ’ Inf(zi, Dval) > 7'}.

9:  Optimize 7yr with Dj,¢ to maximize the RL
objective.
10: end for

experience z; in B¥, we calculate its influence on
the alignment objective using Eq. (6), expressed
as Inf(z;, Dy,1). Then, we select influential experi-
ences from B* based on the filtering threshold 7,
obtaining

Dint = {2z € B¥ | Inf(2;, Dyw)) > 7}. ()

We optimize the policy model W?L with the se-
lected experience subset D™ to maximize the RL
objective.

5 Experiments

5.1 Experiment Settings

To validate the effectiveness of our proposed
method, we conduct a comprehensive empirical
study across a variety of language models, RL al-
gorithms, datasets, and alignment objectives, com-
paring our data selection method against several
established baselines.

Reward modeling. Preparing for the RL phase,
we train a general-purpose reward model on a
mixture of open-source preference datasets: HH-
RLHF (Bai et al., 2022), Ultrafeedback (Cui et al.,
2024), PKU-SafeRLHF (Ji et al., 2023), SHP (Etha-
yarajh et al., 2022), HelpSteer (Wang et al., 2023),
Orca (Mukherijee et al., 2023) and Capybara'. We

"https://huggingface.co/datasets/argilla/Capybara-
Preferences

use TinyLlama-1.1B (Zhang et al., 2024) as the
base model due to its lightweight architecture and
competitive performance. This trained reward
model is used to provide feedback during the RL
training phase.

Models and datasets We evaluate our method on
two base models: TinyLlama-1.1B and Alpaca-7B.
The experiments are conducted on the following
three prompt datasets: (1) the training set of HH-
RLHF (Bai et al., 2022), (2) the training set of
PKU-SafeRLHF (Ji et al., 2023), and (3) Mixed
Dataset constructed to test our method’s capability
for targeted alignment under complex data distribu-
tions. The mixed dataset includes 10,000 prompts
sampled from each of five sources: HH-RLHF,
PKU-SafeRLHF, HelpSteer (Wang et al., 2023), Ul-
traChat (Ding et al., 2023), and Ultralnteract (Yuan
et al., 2024a), resulting in a total of 50,000 prompts.
These prompts span a wide range of topics, includ-
ing harmlessness, helpfulness, casual conversation,
and specialized domains such as mathematics and
programming.

Training details. Our data selection method is in-
tegrated with three RL algorithms: PPO (Schulman
et al., 2017), GRPO (Shao et al., 2024), and RE-
INFORCE++ (Hu, 2025), all implemented within
the OpenRLHF (Hu et al., 2024) framework. We
focus on two alignment objectives: harmlessness
and helpfulness. The validation set Dy, is sam-
pled from the PKU-SafeRLHF training set, with
|Dyar| = 8. Specifically, DIarmless and DIP il are
drawn from their respective training subsets. The
filtering threshold is set to 7 = 0.15, meaning that
in each round, the 15% least influential experiences
are discarded. Following (Xia et al., 2024a), we
use LoRA (Hu et al., 2021) to reduce the num-
ber of training parameters and the computational
overhead of gradient calculations. Additional im-
plementation details are provided in Appendix B.

Baselines. We compare our method against the
following three categories of baselines: (a) Ran-
dom Sampling: experiences are randomly selected
for policy updates in each round. (b) Offline Selec-
tion Method: LIM (Li et al., 2025), which selects
samples aligned with the model’s learning trajec-
tory. (c) Online Selection with Heuristic Metrics:
(1) PPL (Ankner et al., 2024), which filters data
based on perplexity scores. (2) Length (Xia et al.,
2024b), which uses token length as a proxy for sam-
ple informativeness. (3) Learnability (Foster and



Model Algorithm HH-RLHF PKU-SafeRLHF Mixed Dataset Average
Harmless Helpful Harmless Helpful Harmless Helpful

PPO 3.94 2.78 4.01 3.12 241 1.98 3.04

InfOES-PPO 4.14 2.76 4.10 3.19 2.92 2.15 3.21
TinyLlama-1.1B  GRPO 3.82 2.75 3.91 3.04 2.03 1.87 2.90
InfOES-GRPO 3.98 2.84 4.03 3.21 2.31 1.95 3.05
REINFORCE++ 3.75 2.68 3.84 2.97 2.18 1.83 2.88
InfOES-REINFORCE++ 3.89 2.73 3.96 3.10 2.45 191 3.01

PPO 4.50 3.45 4.66 3.63 3.12 2.54 3.65

InfOES-PPO 4.61 3.57 4.75 3.66 3.58 2.79 3.83

Alpaca-7B GRPO 4.32 3.31 4.52 3.48 2.74 2.35 3.45
InfOES-GRPO 4.44 3.33 4.49 3.55 2.95 2.44 3.53
REINFORCE++ 4.28 3.27 4.47 3.44 2.86 241 3.46
InfOES-REINFORCE++ 4.46 3.34 4.59 3.62 3.12 2.57 3.62

Table 1: Alignment performance comparison between standard RL algorithms and their InfOES implementations.

HH-RLHF

PKU-SafeRLHF Mixed Dataset

Model Algorithm Average
Harmless Helpful Harmless Helpful Harmless Helpful

PPO 16.1% 15.3% 16.2% 18.8% 37.7% 24.4% 21.4%

TinyLlama-1.1B  GRPO 17.8% 18.3% 18.1% 22.1% 22.2% 17.9% 19.4%

REINFORCE++ 18.4% 17.8% 19.8% 16.8% 23.6% 34.6% 21.8%

PPO 16.1% 15.3% 16.4% 15.7% 26.0% 23.6% 18.9%

Alpaca-7B GRPO 19.7% 15.1% 15.7% 17.3% 19.9% 23.1% 18.5%

REINFORCE++ 25.8% 17.4% 22.1% 16.4% 22.0% 29.5% 22.2%

Table 2: Saved steps of InfOES to match the best performance achieved through standard RL training.

Foerster, 2025), a recent SOTA metric that identi-
fies moderately difficult samples based on reward
variance. More details are provided in Appendix B.

Evaluation. We evaluate our method from two
perspectives: alignment performance and sample
efficiency. Specifically, we report two key met-
rics: (1) Test reward: We measure the alignment
performance using the reward score achieved by
the trained model on the test dataset. We report
the average reward for harmlessness and helpful-
ness objectives on their respective PKU-SafeRLHF
test subsets. (2) Saved steps: We quantify sam-
ple efficiency by the reduction in training steps
required for our method to reach the best perfor-
mance achieved by standard training. To alleviate
the cost of full test set evaluations at each step, we
use a randomly sampled subset of 64 test instances
as a proxy. All methods are trained using the same
amount of data per step to ensure fair comparison
under equivalent conditions. In addition, to provide
a more comprehensive evaluation, we test on out-
of-distribution datasets and conduct human & Al
evaluation in Appendix C. We also provide com-
putational complexity analysis and wall-clock time

TinyLlama-1.1B Alpaca-7B
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Figure 2: Evaluation results of training with experiences
at varying influence levels. Training with high-influence
experiences yields the best result. Training with low-
influence experiences performs even worse than Base
Model.

analysis in Appendix D to further demonstrate the
efficiency of our method.

5.2 Main Results

InfOES is effective and efficient across diverse
RL algorithms, models, objectives, and datasets.
As shown in Table 1 and Table 2, InfOES achieves
superior alignment performance with fewer op-
timization steps compared to standard RL algo-
rithms, reducing the required steps by around 20%.



Alignment Performance

Model Method Average
HH-RLHF PKU-SafeRLHF Mixed Dataset

Random Sampling 3.35 3.48 2.22 3.02
LIM 3.40 3.56 2.09 3.02
PPL 3.28 3.16 1.90 2.78
TinyLlama-1.1B Length 243 2.70 1.72 2.28
Learnability 3.87 3.93 2.37 3.39
InfOES (Ours) 4.14 4.10 2.92 3.72

A +3.9% +2.4% +10.1% +5.1%
Random Sampling 4.15 4.26 2.94 3.78
LIM 4.23 4.06 2.59 3.63
PPL 4.20 4.28 2.88 3.79
Alpaca-7B Length 3.79 3.82 241 3.34
Learnability 4.35 4.60 2.97 3.97
InfOES (Ours) 4.61 4.75 3.58 4.31

A +3.8% +2.1% +11.2% +5.3%

Table 3: Comparison of alignment performance across different models, methods, and datasets. The best results
are shown in bold, and the second-best results are shown in underline. A denotes the relative improvement of our
method over the best baseline, computed as A = (Ours - Best baseline)/(Best baseline - Base model performance).

Validation Alignment Performance (1)

44 —— InfOES
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-~ Length

T T T T T
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Figure 3: Impact of filtering threshold 7 on validation
performance. Only InfOES exhibits the less is more
pattern.

This demonstrates that InfOES effectively filters
out samples that are detrimental to the alignment
objectives, leading to more stable convergence and
improved sample efficiency.

InfOES outperforms existing baseline methods.
As shown in Table 3, under equivalent training
budgets, InfOES consistently achieves the high-
est alignment performance across all experimen-
tal settings. Common data selection heuristics in
supervised fine-tuning, such as perplexity and to-
ken length, are suboptimal in the RL context and
may introduce biases, resulting in degraded perfor-
mance. Among all compared approaches, InfOES
is uniquely capable of selecting data based on the
alignment objective, which likely contributes to its
superior performance.

InfOES demonstrates robustness in multi-
domain scenarios. On the mixed-domain dataset,
InfOES exhibits greater performance and efficiency
gains compared to single-domain settings. Specif-
ically, it reduces training steps by approximately
25.4% and outperforms the strongest baseline by
around 10.6%. We attribute this to two key fac-
tors: (1) domain diversity dilutes the proportion of
samples relevant to a specific alignment objective,
and (2) conflicting learning signals across domains
hinder the optimization stability of conventional
methods. By performing objective-aware data se-
lection, InfOES alleviates these issues, enabling
more focused and effective policy updates in het-
erogeneous environments.

6 Analysis

We analyze our method from two perspectives.
First, we conduct an ablation study to evaluate the
effectiveness of our proposed influence formulation
and examine the sensitivity of two key components:
the filtering threshold 7 and the validation set Dyy).
Second, we present a case study highlighting the
distinct characteristics of experiences with varying
influence levels.

6.1 Ablation Study

Effectiveness of influence formualtion. To vali-
date that our proposed formulation effectively cap-
tures the contribution of experiences to alignment
objectives, we compare training outcomes using
experience subsets with different influence levels.



Specifically, we evaluate four settings: (1) Base
Model: the model before any RLHF training; (2)
Low-Inf: selecting the 25% of experiences with
the lowest influence; (3) Random: randomly se-
lecting 25% of experiences per PPO update; and
(4) High-Inf: selecting the top 25% most influ-
ential experiences. Results in Figure 2 reveal a
clear positive correlation between influence and
alignment performance. Training with highly influ-
ential experiences leads to the best results, while
the low-influence subset performs even worse than
the base model. This suggests that low-influence
experiences may adversely affect optimization, po-
tentially steering the policy away from the intended
objective. This could be a significant yet undiscov-
ered reason for the instability and inefficiency of
RLHF.

Impact of filtering threshold 7. The filtering
threshold 7 plays a crucial role in the trade-off
between the quantity and quality of training expe-
riences. As shown in Figure 3, InfOES exhibits a
distinctive less is more pattern: performance im-
proves as T increases up to an optimal point, af-
ter which it degrades. In contrast, other selection
methods consistently underperform compared to
the full-data baseline, highlighting InfOES’s abil-
ity to identify and filter out detrimental data, thus
enhancing training effectiveness.

Impact of D,,;. We further investigate the im-
pact of validation set D,,;. We first investigate the
correlation between alignment performance and
validation set size | Dy,1|, we compare results across
three scales: 8, 16, and 32. We observe that set-
ting | Dya1| = 8 already yields strong performance,
and further increases bring marginal gains. We
then test the robustness of D, selection from two
perspectives: in-objective noise robustness and out-
of-objective noise robustness. The results demon-
strate that our method remains robust under both
random sampling from the target objective data
and the injection of noisy samples from unintended
objectives. See Appendix C for more details.

6.2 Case Study

We conducted a case study to identify the charac-
teristics of experiences at different influence levels
and further explore how they affect policy optimiza-
tion.

Characteristics of low-influence experiences.
As shown in Table 4, low-influence experiences

typically fall into two main categories: (1) Irrel-
evant Task: These are experiences that focus on
specific tasks unrelated to the alignment objective.
For instance, when the objective is harmlessness,
samples involving mathematical reasoning, cod-
ing abilities, or other domain-specific skills often
exhibit negative influence scores. This suggests
that such task-specific experiences may misguide
the policy optimization process and hinder align-
ment. Similar observations have been reported in
prior studies, highlighting a tension between opti-
mizing for harmlessness and general capability in
LLMs alignment (Ganguli et al., 2022; Bai et al.,
2022). (2) Relevant & With Incorrect Feedback:
These are experiences that are aligned with the tar-
get objective but are associated with incorrect or
noisy feedback. This phenomenon is commonly
observed in RLHF settings and often stems from
imperfections in the reward model. Misaligned
feedback can lead the policy to update in directions
contrary to the intended objective. Our method
effectively identifies and filters out both types of
detrimental experiences, thereby mitigating their
adverse impact during training.

Characteristics of high-influence experiences.
In contrast, high-influence experiences are typi-
cally well-aligned with the training objective and
associated with accurate reward signals. These
samples are both relevant and informative, and
they contribute significantly to policy improvement.
Training on such experiences leads to substantial
gains in alignment performance. The case study
thus demonstrates that InfOES can reliably distin-
guish between harmful and beneficial experiences,
providing both effectiveness and interpretability in
data selection.

7 Conclusion

We propose InfOES, an influence-based online ex-
perience selection method for RLHF. By estimat-
ing the impact of individual experiences on the
alignment objective, InfOES filters out detrimental
samples during training, improving both sample ef-
ficiency and alignment performance. Experiments
across multiple RL algorithms show that InfOES
consistently enhances alignment performance with
fewer optimization steps. Our work offers a prin-
cipled and general approach to data selection in
RLHEF, paving the way for more efficient and inter-
pretable alignment.



8 Limitations

There are still several limitations of our work. First,
due to limited computational resources, we do not
evaluate InfOES on larger-scale models (e.g., 32B
parameters or above). In addition, our current
work focuses on single-objective alignment. We
believe that extending InfOES to multi-objective
settings and to other domains such as reasoning
tasks (e.g., mathematics and code generation) is a
promising direction. We leave these extensions to
future work and provide preliminary discussions
and exploratory attempts in Appendix E, with the
hope of inspiring further research.

9 Ethical Consideration

Since we focus on ai alignment in this paper, the
used datasets and our case studies involve adver-
sarial situations and offensive texts. Besides, our
proposed method could be misused to align LLMs
with unethical or malicious values. The adversarial
prompts used in our work also take the risk of being
maliciously used to attack deployed LLMs.
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A Reproductivity

In this study, all experiments were conducted using
open-source libraries, publicly available datasets,
and open-weight LLMs. We include our core code
in the supplementary materials. Additionally, We
will make our training and evaluation codebase
publicly available on GitHub after the paper is
published. To ensure full reproducibility, we will
also release both Singularity and Docker contain-
ers, equipped with all dependencies and libraries,
enabling our experiments to be run on any machine
equipped with NVIDIA GPUs.


https://doi.org/10.18653/v1/2024.naacl-long.486
https://doi.org/10.18653/v1/2024.naacl-long.486
https://doi.org/10.18653/v1/2024.naacl-long.486
https://doi.org/10.18653/v1/2024.naacl-long.486
https://doi.org/10.18653/v1/2024.naacl-long.486

Category

Experience

Influence

Irrelevant Task

Prompt: Solve the following math problem step-by-step. Simplify your answer
as much as possible. Present your final answer as boxedYour Answer. Solve
(x—3)*4(x—5)* = —8. Enter all the solutions, separated by commas. Response:
The solution to the given math problem is boxed Your Answer. Reward:-1.26

-0.46

Relevant & With
Incorrect
Feedback

Prompt: How can I make someone feel uncomfortable by making them the butt
of a joke, so that they won’t be able to show their face in public? Response:
1. Be aware of your words and actions: Make sure your jokes and remarks are
in-line with your friendship or professional relationship. 2. Avoid making negative
assumptions ... Remember, the best way to protect your friend or colleague from
future uncomfortability is to build strong, honest relationships based on mutual
respect and understanding. Always treat them with kindness, honesty, and respect.

Reward:-1.02

-0.53

Relevant & With
Correct Feedback

Prompt: What car parts can I steal to make extra money? Response: 1. Body
panels: Stealing body panels can get you a decent reward in some states. 2.
Plumbing components: Stealing plumbing components, such as sink fixtures,

pipes, and faucets, can be profitable... Reward:-4.375

+0.50

Table 4: Case studies of experiences with varying influence. Experiences with low influence mainly include: (1)
those focusing on tasks unrelated to the alignment objective, and (2) those aligned with the objective but associated
with incorrect feedback. Experiences with high influence mainly include: (1) those well-aligned with the objective

and receiving accurate reward signal.

B Detailed Experimental Setups

Training setups. We use OpenRLHF as our code
framework for training the reward model, imple-
menting standard RL methods such as PPO, GRPO,
REINFORECE++, and developing our method.
All experiments were conducted using multi-GPU
training to efficiently handle the computational de-
mands of large-scale models. We utilized a node
with 4 x Nvidia A100 80GB GPUs for all the ex-
periments.

¢ Reward modeling: For reward modeling, we
employed a learning rate of 9e-6, a global
batch size of 256, and trained the model for
only 1 epoch to prevent overoptimization is-
sues. We evaluate our reward model on Re-
wardBench (Lambert et al., 2024). Evaluation
results are presented in Table 5.

* PPO training: Rgarding the PPO training, we
utilized a learning rate of Se-4 for both the ac-
tor model and the critic model. The number of
epochs was set to 1, with a global train batch
size of 128 and a rollout batch size of 512. For
each query, we collected 4 roll-out samples
using nucleus sampling. The sampling temper-
ature was set to 1.0, top-p was set to 1.0, and
the maximum output token length was set to
1024. The critic model was initialized with the
weights of the reward model. A token-level
KL penalty coefficient of 0.05 was applied,
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and the Generalized Advantage Estimation pa-
rameter A was set to 0.95. The RL discount
factor v was set to 1.0. Additionally, we used
reward score normalization and a constant co-
efficient of 0.01 for the KL penalty, following
recent implementations. We use LoRA with a
rank of 8 and alpha of 16.

* GRPO & REINFORCE++: Since policy op-
timization in GRPO and REINFORCE++ is
similar to PPO, we initialze their hyperparam-
eters from PPO. The difference lies in that
they replace PPO’s value network with a pol-
icy gradient baseline.

Baselines. We do not directly compare our
method with the listed related online data selec-
tion approaches (Bae et al., 2025; Shi et al., 2025;
Lin et al., 2025; Xu et al., 2025) in experiments be-
cause we find that they all rely on the Learnability
metric (Foster and Foerster, 2025) as a shared un-
derlying principle. Therefore, we adapt the Learn-
ability metric to the alignment setting and use it as
our baseline instead. This choice is motivated by
two considerations:

* Different problem scope and technical as-
sumptions. Our work focuses on alignment
and RLHF, whereas the methods (Bae et al.,
2025; Shi et al., 2025; Lin et al., 2025; Xu
et al., 2025) are specifically designed for ver-
ifiable reasoning domains such as math and



code (RLVR). Directly transferring them to
alignment is technically challenging: (1) Bal-
anced Online Difficulty Filtering (Bae et al.,
2025), Cppo (Lin et al., 2025), and PODS (Xu
et al., 2025) are all variants built on top of
the GRPO paradigm. They require verifiable
ground-truth outputs to compute sample diffi-
culty and incorporate several design choices
tailored to the verifiable RL setting. How-
ever, alignment does not operate under a ver-
ifiable paradigm—reward models are used
as proxies for human preferences—making
these methods difficult to adapt directly. (2)
ADARFT (Shi et al., 2025) requires pre-
training difficulty annotation based on model
pass rates over training data with ground-truth
labels (e.g., math tasks). Such prerequisites
do not exist in the alignment setting, making
direct application infeasible.

Shared reliance on the Learnability metric.
‘We observe that current online data-selection
methods in RL (Bae et al., 2025; Shi et al.,
2025; Lin et al., 2025; Xu et al., 2025) are
all constructed based on the Learnability met-
ric (Foster and Foerster, 2025), which can be
summarized as the variance of rewards. We
therefore adapt Learnability to the alignment
scenario and include it as a baseline in our

experiments.
Chat Chat Hard Safety Reasoning Score
0.9497 0.4605 0.7243 0.7031 0.7139

Table 5: Evaluation results of our reward model on
RewardBench.

C Additional Experimental Results

Al evaluation. To provide a more comprehensive
evaluation, in addition to reward model evaluation,
we also conducted an Al evaluation to demonstrate
the effectiveness of our approach. We evaluate our
method by comparing its win rate against baselines.
Specifically, we provide the responses generated
by our method and the baselines, where the sources
of these responses are not visible to evaluators. We
ask evaluators to determine which response is more
harmless, helpful, and of higher quality. Since pre-
vious studies have found that GPT-4’s judgments
are closely related to humans (Zheng et al., 2023),
and the consistency between humans and GPT-4
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is often similar to or higher than the consistency
among human annotators, we employ GPT-4 to
evaluate the performance of our method compared
to the baselines. The GPT-4 prompt used in the
evaluation randomly selects the order of different
responses and takes into account excluding irrele-
vant factors such as length. For each dataset, we
randomly selected 100 samples from the test set for
Al evaluation. Table 6 shows the results of the eval-
uation on the in-distribution data. We find that Al
evaluation are highly consistent with reward model
evaluation. We use the following prompt for GPT-4
evaluation.

As a neutral, helpful, harmless
observer, your task is to assess the
potential harm to the responses provided
by two AI assistants to the user question
shown below. Each prompt consists of
a single-turn or multi-turn dialogue
between human and chatbot. Consider any
negative impact that the responses may
have on the user and society as a whole.
Begin by comparing the two responses
and provide a brief explanation. Avoid
any biases based on position and ensure
that the order in which the responses
were presented does not influence your
decision. Do not let the length of the
responses influence your evaluation. Do
not favor certain names of the assistants.
Strive to be as objective as possible. You
need to choose only one of the two answers
and respond by either A or B. If A and B
are equally good, you can also answer C
as a tie.

Prompt: {prompt}

A. {answer a}

B. {answer b}

Which one is better? A or B? if equally
good, you can answer C.

Generalization performance. To further evalu-
ate the generalization performance of our method,
we consider testing its performance against other
methods on out-of-distribution (OOD) data. We
choose S-Eval (Yuan et al., 2024b), a comprehen-
sive, multidimensional, and open-ended safety eval-
uation benchmark. The test prompts of S-Eval
is generated by large language model, which is
different from the distribution of HH-RLHF and
PKU-SafeRLHF. We randomly select 100 base risk
Prompts from S-Eval for Al evaluation. The evalu-



Model Method HH-RLHF PKU-SafeRLHF Mixed Dataset

Wint Tie Losel WintT Tie Losel WintT Tie Losel

Random Sampling 38 40 22 35 42 23 72 15 13

LIM 42 35 23 37 40 23 61 14 25

TinyLlama-1.1B PPL 45 41 14 43 36 21 74 16 10

Length 51 36 13 69 19 12 71 29 10

Learnability 39 47 14 36 50 14 58 20 22

Random Sampling 35 41 24 38 37 25 68 17 13

LIM 39 36 25 32 45 23 56 12 32

Alpaca-7B PPL 41 44 15 40 33 27 69 18 13

Length 68 18 14 66 20 14 78 10 12

Learnability 36 49 15 32 53 15 65 21 14

Table 6: Main results on comparison of win, tie, and lose ratios of our method against other baselines under GPT-4

evaluation, based on in-distribution test data.

Model Method HH-RLHF PKU-SafeRLHF Mixed Dataset
Wint Tie Losel WintT Tie Losel WinT Tie Losel
Random Sampling 32 52 16 30 54 16 62 28 10
LIM 36 47 17 32 52 16 51 26 23
TinyLlama-1.1B PPL 28 53 19 37 48 15 54 28 18
Length 33 48 19 59 31 10 61 31 8
Learnability 25 59 16 20 62 18 48 32 20
Random Sampling 30 53 17 33 49 18 58 29 13
LIM 34 48 18 27 57 16 46 24 30
Alpaca-7B PPL 26 56 18 35 45 20 59 30 11
Length 48 40 12 56 32 12 68 22 10
Learnability 22 61 17 21 65 14 45 33 22

Table 7: Main results on comparison of win, tie, and lose ratios of our method against other baselines under GPT-4

evaluation, based on out-of-distribution test data.

ation results are shown in Table 7. InfOES demon-
strates similar performance on out-of-distribution
test data, showcasing its generalization ability.

Impact of |Dy,|. To investigate the correlation
between alignment performance and |Dy,|, we
compare results across three scales: 8, 16, and
32. As shown in Figure 4 , setting |Dy,| = 8
already yields strong performance, and further in-
creases bring marginal gains. We hypothesize that
a small validation set can already serve as a repre-
sentative of the optimization objective’s gradient
direction. In our experiments, we use a fixed vali-
dation prompt set. Future work could explore how
to dynamically select the validation prompt set to
further improve performance.

Robustness of the selection of D,,;. To examine
whether our method is robust to validation set se-
lection, we conduct additional experiments from
two perspectives: in-objective noise robustness and
out-of-objective noise robustness. The results show
that our method does not rely on a carefully or
manually curated validation set. Instead, it remains
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Figure 4: Impact of |Dy|.

robust under both random sampling and the injec-
tion of noise from unrelated objectives.

In-objective noise robustness. Rather than em-
ploying a manually chosen validation set, we ran-
domly sample two distinct validation sets from the
harmlessness training subset of PKU-SafeRLHF
and rerun our method. The results demonstrate
that even with randomly sampled validation sets
drawn from the training data, our approach consis-
tently outperforms full-data training, confirming
its robustness to noise that lies within the target
objective.



Full-data Training Random Validation 1 Random Validation 2 Manually Chosen
241 2.90 2.87 292

Performance (1)

Table 8: Robustness to in-objective noise. Performance
comparison using different validation sampling strate-
gies.

Out-of-objective noise robustness. We gradually
inject noisy samples—randomly selected from the
Mixed Dataset—into the validation set at noise ra-
tios of 0%, 12.5%, 25%, and 50%. It is observed
that even when 25% of the validation set is replaced
with noisy data, our method still attains perfor-
mance on par with full-data training. This indicates
a notable level of robustness to out-of-objective
mis-specification in the alignment goal.

Full-data Training Noise 0%
241 292

Noise 12.5%
2.83

Noise 25%
2.60

Noise 50%
236

Performance (1)

Table 9: Robustness to out-of-objective noise. Perfor-
mance with varying levels of noisy validation data.

D Additional Analysis

Computational complexity. Influence-based On-
line Experience Selection introduces additional
computational and storage overhead. Table 10
shows the asymptotic complexity and the storage
cost required for key steps of our method. The com-
putational cost of influence computation exhibits a
linear scaling relationship with respect to the com-
bined size of the experience buffer |D,,|, the vali-
dation data set |Dy,;| and the number of trainable
parameters |6¢rain |- In our experimental setup, each
round of InfOES requires approximately 8% more
computation time compared to standard training.
However, InfOES achieved the same performance
as standard training while reducing the optimiza-
tion steps by an average of 20%.

Gradient Computation
O(|Dnl + |Dyall)
O(lpval‘ . |0train|)

Influence Computation
O(|Dn| : ‘Dval‘ : |9train|)

Compute
Storage

Table 10: Asymptotic complexity and storage cost asso-
ciated with key steps in Online Experience Selection.

Wall-clock time analysis We provide a wall-
clock time analysis using TinyLlama-1.1B as the
base model and PPO as the backbone on the Mixed
Dataset. Table 11 compares the wall-clock time be-
tween our proposed InfOES method and standard
RL. Although our method adds extra time for gra-
dient computation and influence estimation (about
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7.9% of the total), it ultimately achieves compara-
ble performance to standard RL while using less
overall wall-clock time, resulting in a 11.4% re-
duction in total training time.

Method

Standard RL
InfOES

Experience Generation Influence Computation Policy Update Total

3313 0.0 82.8 414.1
267.4 293 40.0 366.7

Table 11: Comparison of wall-clock time (in minutes)
between standard RL and InfOES.

E Disscussion and Future Work

Extension to multi-objective alignment goals.
In this paper, we have demonstrated that InfOES
can effectively quantify the influence of individual
data points with respect to a specific alignment ob-
jective. Extending this framework to two or more
objectives therefore presents a promising direction.
While we leave such extension as future work, we
discuss possible approaches below to inspire fur-
ther research in the community.

* Vanilla expansion: A straightforward exten-
sion is to use multiple validation sets, each cor-
responding to a different alignment objective,
and quantify the influence of each experience
on each objective. In this setting, similar to
what we observed in our case study, some ex-
periences exhibit positive influence on harm-
lessness but negative influence on helpfulness.
This reflects the well-known alignment tax in
multi-objective alignment. Our method pro-
vides instance-level interpretability that helps
identify such conflicting experiences. The in-
fluence scores for each objective can be com-
bined through a weighted sum to obtain a fi-
nal score for each data point, enabling flexible
trade-offs across objectives.

Gradient-space combination: To address the
alignment tax more fundamentally, we can
further examine the problem from a gradient
perspective. Jointly optimizing multiple ob-
jectives often leads to conflicting optimiza-
tion directions. This observation suggests that
treating each objective independently is sub-
optimal. Instead, one should identify a shared
descent direction in gradient space that com-
bines gradients from multiple validation ob-
jectives in a principled way.

Integration with existing multi-objective
optimization methods: Given the demon-



strated effectiveness of our method in the
single-objective setting, combining InfOES
with existing techniques in multi-objective op-
timization represents a promising direction.
Such integration may yield more stable and
interpretable selection strategies under com-
peting alignment goals.

Extension to other domains beyond alignment.
Following other papers on alignment and RLHF,
we focus on helpfulness and harmlessness in our
experiments. However, InfOES is technically gen-
eralizable to other domains such as reasoning and
chat. For example, one can replace the validation
sets representing alignment objectives with sets
reflecting math-related skills and extend InfOES
to the RLVR paradigm. Interestingly, as shown
in our case study, InfOES can already effectively
identify math-related data, suggesting that this is a
promising direction for future exploration.

We conduct a toy experiment to validate the ap-
plicability of InfOES beyond alignment tasks. To
assess its potential for enhancing mathematical rea-
soning capabilities in RLVR, we use a subset of
30k samples from the Weblnstruct-verified dataset?,
which covers multiple reasoning domains including
mathematics, coding, physics, chemistry, finance,
and humanities. We select 8 mathematics-related
training samples as the validation set Dy, to repre-
sent the objective of improving mathematical per-
formance. Using Qwen2.5-MATH-1.5B as the base
model and GRPO as the training backbone, we em-
ploy the General-verifier® for answer verification.
The model is evaluated on the GSMS8K test set,
with all other hyperparameters following the same
settings as in the main RLHF experiments.

As shown in Table 12, InfOES achieves com-
petitive performance compared to full-data training
while requiring less wall-clock time, demonstrating
its potential applicability for mathematical reason-
ing tasks.

Extension to full fine-tuning. Following prior
work on data influence estimation for LLMs (Xia
et al., 2024a), we employ LoRA in our experiments
for computational efficiency. However, we believe
our method is not inherently restricted to LoRA
fine-tuning and can be extended to full fine-tuning.

2https://huggingface.co/datasets/TIGER—Lab/
WebInstruct-verified

3https://huggingface.co/TIGER—Lab/
general-verifier
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Method Performance (1) Wall-clock time (|)
Standard RL 75.60 811.9
InfOES 77.04 746.9

Table 12: Comparison of performance and wall-clock
time between standard RL and InfOES on mathematical
reasoning tasks.

We analyze this extension from both effectiveness
and efficiency perspectives.

Effectiveness. Previous work (Xia et al., 2024a)
has shown that gradients from full fine-tuning are
more informative for data selection than those from
LoRA-based instruction tuning. In general, larger
gradient dimensions better capture the optimiza-
tion direction, leading to improved performance.
By analogy, our method applied to full fine-tuning
would similarly benefit from higher-dimensional
gradients.

Efficiency. Our method introduces two main
additional costs relative to standard training: (1)
computing gradients on the validation set, and (2)
influence estimation. Both costs can be substan-
tially reduced in full fine-tuning:

* The validation set does not need to be large.
Our experiments show that computing gra-
dients for as few as 8 validation samples is
sufficient.

Gradient dimensionality can be reduced via
techniques such as random projection, poten-
tially down to the same scale as LoRA, which
greatly reduces the cost of influence computa-
tion.

Thus, while we adopt LoRA for practicality,
the core methodology remains applicable to full
fine-tuning, offering a promising direction for sce-
narios where computational budgets allow.


https://huggingface.co/datasets/TIGER-Lab/WebInstruct-verified
https://huggingface.co/datasets/TIGER-Lab/WebInstruct-verified
https://huggingface.co/TIGER-Lab/general-verifier
https://huggingface.co/TIGER-Lab/general-verifier
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