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ABSTRACT

Despite being crucial for effective LLM alignment, data selection remains un-
derstudied. Prior work examining data selection for reward model (RM) training
and policy optimization methods (e.g. Direct Preference Optimization (DPO) and
Group Relative Policy Optimization (GRPO)) has identified example difficulty,
measured by the reward gap between chosen and rejected responses, as a key fac-
tor. However, findings are contradictory: some studies favor easier examples with
larger gaps, while others prefer harder ones. To isolate the role of difficulty from
confounding factors, we assume access to an oracle RM and systematically study
data selection across RM, DPO, and GRPO training. We find that training on eas-
ier pairs consistently leads to better performance than harder ones, particularly
for smaller base models. This advantage persists even when reward estimates are
noisy. Notably, using only the top 20% easiest examples often matches or exceeds
full-dataset performance while reducing post-training costs by 5×.

1 INTRODUCTION

As large language models (LLMs) become increasingly capable and are applied across a wider
range of tasks, guiding their behavior to align with human values and expectations has become a
central challenge. Without effective alignment, even advanced models can produce outputs that are
biased, unsafe, or misaligned with user intent, limiting their reliability and potential for real-world
deployment (Shen et al., 2023; Wang et al., 2023).

To address these challenges, numerous techniques have been proposed for aligning LLM behavior
with human preferences (Zhang & Ranganath, 2025). Reinforcement Learning from Human Feed-
back (RLHF; Christiano et al. (2017); Ziegler et al. (2019)) is a widely used approach. In RLHF,
a reward model (RM) is first trained on human preference data to predict the quality of model out-
puts, and the LLM is fine-tuned to maximize the rewards assigned by this model. As an alternative
to RLHF, Direct Preference Optimization (DPO; Rafailov et al. (2023)) directly updates the LLM
to match human preference comparisons, streamlining the alignment process by eliminating the
need for an explicit RM. Many extensions and variants have been proposed to improve preference
alignment, including Sequence Likelihood Calibration with Human Feedback (SLiC-HF; Zhao et al.
(2023)), Kahneman-Tversky Optimization (KTO; Ethayarajh et al. (2024)), Group Relative Policy
Optimization (GRPO; Shao et al. (2024)), and stepwise DPO (sDPO; Kim et al. (2025)).

In this work, we show that selecting a small but informative subset of preference data can yield
better-aligned models at a fraction of the annotation and training cost, making data selection a criti-
cal problem for scalable alignment (see Figure 1). However, despite this potential, the role of pref-
erence data has received comparatively little systematic attention from the community, especially
when contrasted with the extensive development of alignment algorithms themselves.

∗Work done during an internship at Prescient Design, Genentech
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Table 1: Comparison of selected prior studies on data selection and preference alignment. WR, ext.,
acc., and conv. denote win rate, external, accuracy, and conversational. AlpacaEval and Reward-
Bench refer to the datasets introduced in Dubois et al. (2024) and Lambert et al. (2025).

Author(s) Method(s) Data Reward calculation Evaluation/Benchmark Recommendation

Gao et al. (2025) DPO Conv. Estimated (trained DPO) AlpacaEval WR Use easy
Deng et al. (2025) DPO Conv. Estimated (trained DPO, ext. rewards) AlpacaEval WR Use easy
Qi et al. (2025) RM, DPO Conv. Estimated (fixed models) RewardBench acc., AlpacaEval WR Use hard
Shen et al. (2024) RM Conv. Response embedding similarity Test acc. Inconclusive
Pikus et al. (2025) GRPO Math Verifiable (0 or 1) Test acc. Use hard
Ours RM, DPO, GRPO Conv. Known, estimated Test acc., test WR (via oracle) Use easy

(a) RM accuracy (b) DPO win rate

Figure 1: Training RM and DPO using the easiest 20% of examples (i.e., largest reward gaps)
can result in performance similar to or better than using all examples, while reducing post-training
compute and time by roughly a factor of 5. Error bars indicate mean ± standard deviation over five
runs. The red circles highlight the results for the 20% easiest examples and the full dataset.

Previous work (summarized in Table 1) has investigated data selection in the context of RM training
and policy optimization, focusing on either reinforcement learning or preference-driven approaches.
There is broad consensus that example difficulty, typically assessed via an explicit or implicit esti-
mation of the reward gap, plays a central role in guiding data selection (e.g., Deng et al. (2025);
Gao et al. (2025); Qi et al. (2025)). Interestingly, while some studies recommend focusing on easier
examples with larger reward gaps (e.g., Gao et al. (2025)), others find that more challenging exam-
ples with smaller gaps are more informative (e.g., Qi et al. (2025)). This disagreement may reflect
differences in how reward gaps are defined and measured across studies, leaving it unclear how to
select data in practice.

This paper adopts a new perspective on the role of data selection by assuming access to an oracle
RM, which serves as a surrogate for the true underlying reward or preference signal and removes
the confounding effects introduced by reward gap estimation in prior work. This setup allows us
to isolate the intrinsic effect of difficulty from the noise introduced by imperfect reward estimation,
establishing what holds under ideal conditions before examining how conclusions change when
difficulty must be estimated from noisy proxies. In doing so, we directly address the source of
disagreement in the existing literature.

Under this setup, we analyze whether data selection continues to play a significant role and whether
easier or harder examples are more beneficial. Our study covers RM, DPO, and GRPO training,
offering a unified view across both reward-based and preference-based methods.

We find that easier examples are consistently more beneficial under this setup, particularly for
smaller base models. Moreover, this effect persists even when rewards are observed through noisy
proxies formed by adding Gaussian noise to the oracle rewards, although the advantage of easier
examples diminishes as the noise level increases. Importantly, this finding has significant practi-
cal implications: beyond reducing post-training compute by 5×, requiring only 20% of the data
substantially improves efficiency and enables faster iteration during model development.

Our main contributions are as follows: (1) We systematically study data selection for preference
alignment by assuming access to an oracle RM, isolating the impact of example difficulty from errors
introduced by reward gap estimation; (2) We demonstrate that, when difficulty is assessed using the
oracle RM, easier examples consistently yield superior performance across RM training and policy
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optimization methods (DPO and GRPO), especially when using smaller base models; and (3) We
reconcile conflicting prior findings: the benefit of easier examples is clear with oracle rewards but
diminishes under noisy reward estimation, thus accounting for disagreements in previous studies.

The paper is organized as follows. Section 2 positions our work with respect to prior studies on
data selection for preference alignment. Section 3 provides a high-level overview of RM, DPO, and
GRPO, followed by data processing, difficulty-based data selection, as well as training and evalua-
tion protocol. Section 4 describes the experimental setup and presents data selection results for RM,
DPO, and GRPO under oracle-based difficulty measures, including noisy variants. Section 5 inves-
tigates data selection when difficulty is estimated using a weak proxy RM trained to approximate
the oracle rewards. Finally, Section 6 concludes the paper.

2 RELATED WORK

Prior work has examined data selection and preference alignment across supervised fine-tuning and
reinforcement learning settings (e.g., Zhou et al. (2023); Liu et al. (2024a); Cao et al. (2024); Xia
et al. (2024); Liu et al. (2024b); Shen et al. (2024); Yu et al. (2024); Li et al. (2024); Wu et al.
(2024); Morimura et al. (2024); Khaki et al. (2024); Ankner et al. (2025); Yu et al. (2025); Gao
et al. (2025); Deng et al. (2025); Qi et al. (2025); Pikus et al. (2025)). In this section, we focus on
five representative studies most closely related to our setup. We review these works along several
key aspects: methods, datasets, reward calculations, evaluation metrics, and conclusions, and then
position our work in comparison to existing approaches. Refer to Table 1 for a concise overview of
these studies alongside our contributions.

Gao et al. (2025) studies data selection for DPO training. They argue that overly difficult examples
hinder alignment and propose retaining the easiest 50% of the data (Selective DPO). Example diffi-
culty is estimated via a trained DPO model by splitting the dataset into two parts: one for training
DPO and one for computing the implicit reward gap (larger gaps indicate easier examples). They
also find that larger models can tolerate a higher proportion of difficult examples. Deng et al. (2025)
explores data selection for DPO training. They examine two types of reward margins (external and
implicit DPO margins) and find that even strong RMs often disagree on margin estimates. Based
on this, they propose Bayesian Aggregation for Preference Data Selection (BeeS), which aggregates
signals from multiple reward sources and includes an example only when it achieves high reward
margins across all sources. They show that BeeS improves alignment while using much less data.

Qi et al. (2025) investigates data selection for RM and DPO training. They measure example diffi-
culty using the DPO implicit reward gap between preferred and rejected responses, computed using
fixed Llama-3-based models (Grattafiori et al., 2024). They find that selecting the 10-15% most
difficult examples yields the best performance. Shen et al. (2024) examines data selection for RM
training. They study how the content of examples affects learning by selecting only samples whose
preferred and rejected responses are sufficiently distinct, measured via response embedding similar-
ity. Their results are inconclusive. Pikus et al. (2025) evaluates data selection for GRPO training on
tasks with well-defined correctness, such as math problems. They estimate example difficulty using
the base model’s success rate across multiple completions and find that training on the hardest 10%
of examples yields dramatic performance gains.

Our work differs from these studies in two important ways. First, we explicitly assume access to
an oracle RM, which provides a reliable measure of example difficulty and eliminates confounding
errors from proxy RMs. This allows us not only to study the intrinsic impact of difficulty on align-
ment performance, but also to perform evaluation directly against the oracle. Second, we provide
a unified comparison across reward-based (RM, GRPO) and preference-based (DPO) optimization
methods, which allows us to identify consistent trends in the role of example difficulty and assess
how data selection strategies generalize across different model sizes and alignment approaches.

3 METHODOLOGY

We provide a high-level summary of RM, DPO, and GRPO in Section 3.1, followed by data process-
ing in Section 3.2, difficulty-based data selection in Section 3.3, and model training and evaluation
in Section 3.4.
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3.1 PRELIMINARIES

3.1.1 REWARD MODELS

Reward models (RMs) are a central component of numerous LLM alignment methods, particularly
in RLHF-style pipelines. An RM is trained to predict human preferences over model outputs based
on pairwise comparisons. Concretely, a preference dataset consists of tuples (x, yw, yl), where x
is a prompt, yw is a preferred response, and yl is a less preferred response according to human
annotators.

Given such data, an RM rθ(x, y), parameterized by θ, assigns a scalar score to each response. The
RM is commonly trained using a pairwise ranking loss that encourages higher scores for preferred
responses than for rejected ones. A standard objective is the Bradley-Terry loss (Bradley & Terry,
1952), as given by

LRM(θ) = −E(x,yw,yl)∼D [log σ(rθ(x, yw)− rθ(x, yl))] ,

where σ(·) denotes the sigmoid function and D denotes the preference data distribution. For nota-
tional simplicity, we will suppress the dependence on θ in the rest of the paper and write r(x, y)
whenever the parameters are understood.

3.1.2 DIRECT PREFERENCE OPTIMIZATION

Direct Preference Optimization (DPO; Rafailov et al. (2023)) is a preference-based alignment
method that directly updates the LLM to match human preferences without requiring an explicit
RM. DPO optimizes the LLM by maximizing the likelihood of preferred over rejected completions
while staying close to a reference policy. Specifically, given a dataset of preference tuples (x, yw, yl)
and a reference policy πref, the DPO loss is given by

LDPO(θ) = −E(x,yw,yl)∼D

[
log σ

(
β log

πθ(yw | x)
πref(yw | x)

− β log
πθ(yl | x)
πref(yl | x)

)]
.

Here, β is a parameter controlling the strength of preference enforcement relative to the reference
policy πref. Larger values of β encourage πθ to more strongly favor yw over yl, while smaller values
keep πθ closer to the reference policy.

Although DPO does not explicitly train an RM, it can be viewed as defining an implicit reward
function (Rafailov et al., 2023). Specifically, the implicit reward assigned to a completion y for
prompt x is given by

rDPO(x, y) = log

(
πθ(y | x)
πref(y | x)

)
.

3.1.3 GROUP RELATIVE POLICY OPTIMIZATION

Group Relative Policy Optimization (GRPO; Shao et al. (2024)) is a reinforcement learning-based
alignment method proposed as an efficient alternative to Proximal Policy Optimization (PPO; Schul-
man et al. (2017)). Unlike PPO, GRPO eliminates the need for a learned value function and instead
computes advantages using relative rewards among multiple responses sampled for the same prompt.

Concretely, let πθ and πref denote the policy to be optimized and the reference policy, respectively.
For each prompt x, a set of G completions {oi}Gi=1 is sampled from πθ. A trained RM (or reward
function) r assigns a scalar reward ri = r(x, oi) to each completion i ∈ [G]. GRPO updates the
policy by increasing the likelihood of higher-reward completions relative to lower-reward ones for
the same prompt, while staying close to a reference policy. To implement this, GRPO computes a
per-completion advantage by centering and normalizing rewards within each prompt:

Âi =
ri − mean(r)

std(r)
.

This advantage measures how much better or worse a completion is compared to its peers for
the same prompt, and the normalization stabilizes training by ensuring comparable gradient scales
across prompts.
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The GRPO loss is then defined as

LGRPO(θ) = − 1∑G
i=1 |oi|

G∑
i=1

|oi|∑
t=1

[Wi,t,1 −Wi,t,2] ,

where
Wi,t,1 = Âi log πθ(oi,t | x, oi,<t)

is a policy-gradient term that weights the log-likelihood of each token by the advantage of its com-
pletion. The second term, Wi,t,2, is a KL-like regularization term defined as

β

[
πref(oi,t | x, oi,<t)

πθ(oi,t | x, oi,<t)
− log

πref(oi,t | x, oi,<t)

πθ(oi,t | x, oi,<t)
− 1

]
,

which penalizes deviation from the reference policy. The scalar β controls the strength of this term.
Here, oi,t denotes the token at position t of the i-th completion, and oi,<t denotes the preceding
token sequence.

3.2 DATA PROCESSING

Given a preference dataset and a fixed oracle RM (a model that provides a surrogate to the true under-
lying reward or preference signal), the dataset is pre-processed to ensure consistency and suitability
for training and evaluation. This involves the following steps:

Structure filtering. We remove examples that do not follow the expected user-assistant alternation,
have mismatched numbers of chosen and rejected responses, or contain empty messages. This
ensures that all examples represent well-formed multi-turn conversations.

Token length filtering. Following prior studies (e.g., Shen et al. (2024)), we include only examples
where the concatenated prompt and responses (both chosen and rejected) contain at most 512 tokens.

Oracle scoring and relabeling. We score all chosen and rejected responses using the oracle RM.
Examples where the original labels disagree with the oracle are relabeled to ensure consistent ground
truth for training and evaluation.

Data splitting. We partition the dataset into disjoint parts to ensure that each stage of the pipeline
operates on a different data split, thus preventing information leakage.

3.3 DIFFICULTY-BASED DATA SELECTION

In this work, we quantify difficulty using the reward gap between chosen and rejected responses,
i.e., ∆r(x, yw, yl) = r(x, yw)− r(x, yl), where r(x, y) denotes the reward assigned to a response y
for prompt x. We define easy examples as those with larger reward gaps, i.e., examples where the
chosen response is clearly better than the rejected one, and hard examples as those with smaller re-
ward gaps. Formally, given two examples a = (xa, yw,a, yl,a) and b = (xb, yw,b, yl,b), we consider
example a easier than example b if ∆r(xa, yw,a, yl,a) > ∆r(xb, yw,b, yl,b).

We consider several setups for RM training. In the oracle setup, the reward gap ∆r is computed
using the oracle RM, which is assumed to be known. In the noisy setup, we consider a more realistic
setting where we do not have direct access to the oracle RM and instead observe oracle rewards
corrupted with additive Gaussian noise.

Concretely, we perturb the oracle scores by adding Gaussian noise with mean 0 and standard devi-
ation in {0.1σ, 0.2σ, 0.4σ, 0.8σ}, where σ denotes the standard deviation of the oracle scores. We
then compute the reward gaps based on these noisy estimates. This allows us to systematically con-
trol the noise level in difficulty estimation. In Section 5, we study an alternative setting in which the
oracle rewards are approximated using a weak proxy RM.

To study the effect of example difficulty on RM, DPO, and GRPO training, we create subsets of the
preference datasets based on the reward gap ∆r (or its estimate in the noisy setup). We consider two
types of selections as follows:

• Easy subsets: 20%, 40%, 60%, 80%, and 100% of the easiest examples (largest ∆r val-
ues), where 100% corresponds to the entire dataset.
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Figure 2: RM accuracy on the LMSYS Arena dataset across difficulty-based subsets and training
configurations. Blue and orange denote the Skywork and GRM reward models, respectively. Solid
and dashed lines indicate training on the easiest and hardest examples. Results are averaged over
five runs, with error bars showing mean ± standard deviation.

• Hard subsets: 20%, 40%, 60%, 80%, and 100% of the hardest examples (smallest ∆r
values), where 100% corresponds to the entire dataset.

To control for dataset size while varying difficulty, we also create fixed-size slices of the dataset by
reward gap percentile: 0-20%, 20-40%, 40-60%, 60-80%, and 80-100%.

3.4 TRAINING AND EVALUATION PROTOCOL

We study the effect of difficulty-based data selection across three methods: RM, DPO, and GRPO.
For each method, we train models on each difficulty-based subset described above under both the
oracle and noisy setups.

For RM, we train a reward model independently on each difficulty-based subset. The resulting RMs
are then evaluated on a held-out test set using accuracy, defined as the fraction of preference pairs
for which the model assigns a higher score to the chosen response than to the rejected one.

For DPO, we fine-tune a base LLM on each difficulty-based subset using the DPO objective. Per-
formance is evaluated on a held-out test set by having the fine-tuned model and corresponding base
model generate a response for each prompt. We then compare these paired responses using the or-
acle RM. We report two metrics: win rate (the fraction of prompts where the fine-tuned model’s
response receives a higher score from the oracle RM) and the average oracle reward score of the
fine-tuned model’s responses.

For GRPO, we first train RMs on each difficulty-based subset (as described previously) and then use
each resulting RM to guide policy optimization. Specifically, we fine-tune a base LLM using GRPO,
with rewards provided by the corresponding RM. This setup allows us to assess how the quality
of the RM, determined by training data selection, propagates to downstream policy performance.
Performance is evaluated on a held-out test set by having both the GRPO-trained policy and the
base model generate responses for each prompt, with paired responses compared using the oracle
RM. We report the same two metrics as in DPO.

4 DATA SELECTION WITH ORACLE RMS

We describe the components of our experiments in Section 4.1, followed by results for RM, DPO,
and GRPO under oracle-based difficulty measures (including noisy variants) in Sections 4.2, 4.3,
and 4.4, respectively.
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(a) RM accuracy difference vs. noise level. (b) DPO win rate difference vs. model size.

Figure 3: Comparison of performance gaps between training on the 20% easiest and 20% hardest
subsets. (a) RM accuracy difference as a function of noise level. (b) DPO win rate difference as
a function of model size under the oracle setup. In both cases, the advantage of easier examples
diminishes as noise increases or as model size grows.

4.1 EXPERIMENTAL COMPONENTS

Datasets. We utilize three preference datasets that have been used in prior studies, namely LMSYS
Arena (Chiang et al., 2024), Anthropic HH-RLHF (Bai et al., 2022), and HuggingFace UltraFeed-
back (Cui et al., 2023). Additional details on the data sources are provided in Appendix A.1.

Oracle RMs. We use two oracle RMs, namely Skywork-Reward-V2-Qwen3-4B (Liu et al., 2025)
and GRM-gemma2-2B-rewardmodel-ft (Yang et al., 2024b), both of which achieve superior perfor-
mance on RewardBench (Lambert et al., 2025). See Appendix A.1 for more details.

Data processing. Data processing follows the steps outlined in Section 3.2. Across all datasets
and oracle RMs, 20% to 41% of examples are relabeled to ensure consistency in preference labels.
Subsequently, each dataset is partitioned into disjoint subsets, with each subset allocated to a distinct
part of the pipeline to prevent overlap and information leakage. Details are in Appendix A.1.

Synthetic noise construction. As mentioned in Section 3.3, we experiment with four Gaussian
noise levels with mean 0 and standard deviations 0.1σ, 0.2σ, 0.4σ, and 0.8σ, where σ denotes
the standard deviation of the oracle scores. The value of σ varies across datasets and oracle RMs,
ranging from 5.1 to 9.6. See Appendix A.2 for more details.

4.2 RM TRAINING

For each difficulty-based subset, we train a Pythia-1B model (Biderman et al., 2023) for one epoch
with a learning rate of 1e−5, selected via parameter sweeping to maximize RM accuracy. This
allows us to evaluate how the choice of examples, from easiest to hardest, affects RM performance
in the oracle and noisy setups.

We report RM accuracy across all difficulty-based subsets, datasets, oracle RMs, and training se-
tups. For each configuration, results are averaged over five runs, with error bars indicating mean
± standard deviation. Figure 2 presents the results on the LMSYS Arena dataset, illustrating the
effect of example difficulty on RM performance. For clarity, we display only the oracle, 0.2σ, and
0.8σ noisy setups in the main text; full results are provided in Appendix A.3. Here, the 0% setting
corresponds to the non-fine-tuned Pythia-1B model, which serves as an accuracy baseline.

Oracle setup: easier examples consistently improve RM accuracy. When difficulty is measured
using the oracle RM, we consistently observe that training on easier examples yields higher RM
accuracy than training on harder ones across all datasets and oracle RMs. Notably, for most datasets,
using only the 20% easiest examples achieves accuracy comparable to training on the full dataset,
indicating that much of the learning signal is concentrated in the easiest portion of the data.

Noisy setups: the advantage of easier examples diminishes as noise increases. When difficulty
is estimated using noisy versions of the oracle rewards, we observe the same overall trend: training
on easier examples generally yields higher RM accuracy than training on harder ones. However,
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Figure 4: DPO win rate on the Anthropic HH-RLHF dataset across difficulty-based subsets and
training setups, using Qwen2.5-1.5B-Instruct base model. Blue and orange denote the Skywork
and GRM reward models, respectively. Solid and dashed lines indicate training on the easiest and
hardest examples. Results are averaged over five runs, with error bars showing mean ± standard
deviation.

as the noise level increases, the performance gap between easier and harder subsets progressively
shrinks, and in some cases becomes negligible (see Figure 3a). This suggests that inaccurate diffi-
culty estimates can obscure the true benefit of easy examples, which may help explain the conflicting
conclusions reported in prior studies, such as Qi et al. (2025), that rely on imperfect RMs or proxy
difficulty measures.

4.3 DPO TRAINING

We fine-tune Qwen2.5-Instruct models (Yang et al., 2024a) of various sizes (0.5B, 1.5B, 7B) using
DPO on each difficulty-based subset. All models are trained for one epoch with a learning rate of
3e−6 and a regularization parameter of β = 0.1, selected via parameter sweeping to maximize win
rate. Win rate calculation uses a generation temperature of 0.7, consistent with prior work (Gao
et al., 2025).

Figure 4 presents the win rates on the Anthropic HH-RLHF dataset using a 1.5B base model. All
results are averaged over five runs, with error bars reporting mean ± standard deviation. The 0%
setting corresponds to the non-fine-tuned Qwen2.5-Instruct model. For clarity, we display only the
oracle, 0.2σ, and 0.8σ noisy setups in the main text; full results are in Appendices A.4 and A.5.

Oracle setup: easier examples improve DPO performance, particularly for smaller base mod-
els. When difficulty is measured using the oracle reward gap, we find that training on easier examples
yields higher win rates and average reward scores, particularly for smaller base models (see Figure
3b). In some cases, using only the 20% easiest examples achieves performance comparable to (or
better than) training on the full dataset. For the 7B models, the trend is less consistent, and moderate
or harder subsets can outperform the easiest examples in some cases. This trend is broadly in line
with Gao et al. (2025), who found that larger models are more robust to harder examples.

Noisy setups: increasing noise weakens the advantage of easier examples. When difficulty is
estimated from noisy reward gaps, the qualitative preference for easier examples largely persists,
but the performance gap between easier and harder subsets steadily diminishes as the noise level
increases. At higher noise levels, the distinction between easy and hard examples becomes increas-
ingly blurred, and in some cases harder subsets can match or outperform easier ones. This may
help explain why some prior studies, e.g., Qi et al. (2025), reported that harder examples are more
beneficial for DPO training.

4.4 GRPO TRAINING

We fine-tune Qwen2.5-Instruct models (Yang et al., 2024a) with the same model sizes as in the DPO
experiments (Section 4.3). Unlike RM and DPO training, we do not construct new training datasets
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Figure 5: GRPO win rate on the LMSYS Arena dataset across difficulty-based subsets and training
setups, using Qwen2.5-1.5B-Instruct base model. Blue and orange denote the Skywork and GRM
reward models, respectively. Solid and dashed lines indicate training on the easiest and hardest
examples. Results are averaged over five runs, with error bars showing mean ± standard deviation.

for GRPO. Instead, we use reward models that have already been trained on different difficulty-based
subsets (Section 4.2) to guide GRPO optimization.

Training is run for one epoch with a learning rate of 1e−6 and a regularization parameter of β = 0.1,
selected via parameter sweeping to maximize win rate. We use a group size of G = 8 and a sampling
temperature of 1.0. We evaluate GRPO-trained models using the same protocol as in Section 4.3.
Results are shown in Figure 5 for the LMSYS Arena dataset using a 1.5B base model. Full results
are in Appendices A.6 and A.7.

Across both oracle and noisy setups, GRPO shows trends that are generally similar to those reported
for DPO. Notably, the benefit of training on easier examples is strongest for smaller base models
and becomes less pronounced or absent for larger models, indicating that model scale further
diminishes sensitivity to example difficulty under GRPO.

5 DATA SELECTION WITH WEAK PROXY RMS

In Section 4, we studied difficulty-based data selection where oracle reward scores are either known
or observed through a noisy version with Gaussian noise. We found that easier examples consistently
outperform harder ones across RM, DPO, and GRPO, although this advantage diminishes as reward
estimation quality decreases. In this section, we investigate how difficulty-based data selection is
affected when a weak proxy RM is used to approximate the oracle rewards.

We train a Pythia-1B proxy RM for one epoch using a learning rate of 1e−5, selected via parameter
sweeping to maximize RM accuracy. Depending on the dataset and oracle RM, the proxy achieves
67%–78% test accuracy (see Appendix B.1). For each example, the proxy assigns scores to both the
chosen and rejected responses, which are used to simulate oracle feedback.

5.1 RM TRAINING

We consider two proxy-based setups for RM training: proxy and proxy > 0. In the proxy setup,
reward gaps are estimated using the learned proxy RM. In the proxy > 0 setup, the training data are
further filtered by excluding examples in which the proxy RM assigns a lower score to the chosen
response than to the corresponding rejected response, essentially removing preference pairs that are
inconsistent with the proxy’s predictions. Results are presented in Appendix B.2.

In the proxy setup, we observe a striking and consistent phenomenon across all datasets and oracle
RMs. Specifically, training RMs on the hardest subsets yields accuracies far below 50%, indicating
severe misalignment between proxy-based difficulty estimates and the true oracle preferences. De-
spite this miscalibration, we still observe a consistent ordering effect: training on easier examples
leads to substantially higher accuracy than training on harder ones.
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In the proxy > 0 setup, the severe degradation observed in the proxy setup largely disappears.
While training on the 20% easiest examples still outperforms the 20% hardest examples, this trend
reverses for intermediate subsets (40% and 60%), where harder subsets achieve accuracy comparable
to training on the full dataset. Moreover, results on fixed-size difficulty slices indicate that training
on moderately difficult examples yields the best performance.

5.2 DPO AND GRPO TRAINING

We consider the proxy > 0 setup described in Section 5.1. Results for the LMSYS Arena dataset
and Skywork RM are provided in Appendix B.3. We observe a reversed trend in the proxy > 0
setup as compared to the oracle setup. Concretely, training on harder subsets often yields higher
win rates and average reward scores than training on easier subsets, which may help account
for prior findings, e.g., Qi et al. (2025), that harder examples can be advantageous.

Summary. The apparent inconsistencies between the results in Sections 4 and 5 primarily stem
from differences in how example difficulty is estimated. In Section 5, difficulty is measured using a
weak proxy RM trained on limited data, resulting in highly noisy difficulty estimates and less stable
data selection. This sensitivity to reward estimation quality likely explains the divergent conclu-
sions reported in prior work, where difficulty is often inaccurately inferred from weak RMs. From
a practical perspective, our results underscore the importance of training sufficiently strong RMs
for difficulty estimation, as reliable estimates enable effective data selection and allow downstream
alignment methods to achieve comparable performance using substantially less data.

6 CONCLUSION

In this paper, we revisited difficulty-based data selection for preference alignment by assuming ac-
cess to an oracle reward model, allowing us to isolate the intrinsic role of example difficulty from
errors in reward gap estimation. Across RM, DPO, and GRPO training, we find that when difficulty
is measured using the oracle reward gap, easier examples consistently yield better performance, par-
ticularly for smaller base models. Notably, in several settings, using only the 20% easiest examples
achieves performance comparable to or better than that obtained with all available data, highlighting
the potential for substantial gains in efficiency.

We further show that this conclusion is robust to noisy reward signals: when oracle rewards are
increasingly corrupted by Gaussian noise, easier examples remain preferable, although the perfor-
mance gap between easier and harder subsets diminishes as noise increases. Finally, when difficulty
is estimated using a weak proxy RM trained on limited data, this pattern no longer holds. These in-
sights help reconcile conflicting findings in prior work and highlight how conclusions about optimal
data selection strategies can depend on how difficulty is defined and measured.

Limitations. Our study relies on known oracle RMs to define difficulty and evaluate alignment, a
setting that may not fully reflect real-world deployments. While our noisy and proxy-based setups
partially bridge this gap, the observed changes in optimal data selection indicate that miscalibrated
difficulty estimates can meaningfully affect which examples are most informative.

Future work. These results lay encouraging groundwork for several exciting next steps. A par-
ticularly promising direction is to explore adaptive or curriculum-style data selection that adjusts
difficulty over training. Another potential direction is to extend this framework to multi-attribute or
task-specific notions of difficulty beyond a single scalar reward gap.
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Appendix
A Data Selection with Oracle RMs DETAILS

A.1 DATA STATISTICS AND SPLITTING

Tables 2 and 3 summarize the number of examples retained at each processing stage and the pro-
portion of relabeled examples for each dataset under the two oracle reward models (RMs). Table 4
shows one example from each dataset, highlighting both the chosen and rejected responses.

Table 2: Data processing statistics using Skywork-Reward-V2-Qwen3-4B as the oracle RM.

Dataset Original After structure filtering After token filtering Relabeled (%)

LMSYS Arena1 57,272 49,697 38,884 13,237 (34.0%)
Anthropic HH-RLHF2 115,396 115,396 104,199 33,617 (32.3%)
UltraFeedback3 107,496 106,688 63,098 12,836 (20.3%)

Table 3: Data processing statistics using GRM-gemma2-2B-rewardmodel-ft as the oracle RM.

Dataset Original After structure filtering After token filtering Relabeled (%)

LMSYS Arena 57,272 49,697 38,476 15,768 (41.0%)
Anthropic HH-RLHF 115,396 115,396 104,285 25,092 (24.1%)
UltraFeedback 107,496 106,688 63,092 15,146 (24.0%)

Skywork-Reward-V2-Qwen3-4B4 achieves an accuracy of 93.4% on RewardBench (Lambert et al.,
2025). GRM-gemma2-2B-rewardmodel-ft5 achieves an accuracy of 88.4% on the same benchmark.

1https://huggingface.co/datasets/mlabonne/lmsys-arena-human-preference-55k
2https://huggingface.co/datasets/RLHFlow/HH-RLHF-Helpful-standard
3https://huggingface.co/datasets/HuggingFaceH4/ultrafeedback_binarized
4https://huggingface.co/Skywork/Skywork-Reward-V2-Qwen3-4B
5https://huggingface.co/Ray2333/GRM-gemma2-2B-rewardmodel-ft
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Table 4: Example rows from preference datasets showing chosen and rejected responses.

Dataset Chosen Rejected
LMSYS Arena {{ ”content”: ”What is faster: a car that can travel

at 20kmh or a bicycle that can travel at 20kmh?
Answer with one word.”, ”role”: ”user” }, { ”con-
tent”: ”Equal.”, ”role”: ”assistant” }}

{{ ”content”: ”What is faster: a car that can travel
at 20kmh or a bicycle that can travel at 20kmh?
Answer with one word.”, ”role”: ”user” }, { ”con-
tent”: ”In general, a car is faster than a bicycle.
Cars are designed to operate at higher speeds and
have engines that provide significant power, allow-
ing them to reach faster speeds than bicycles. How-
ever, in urban areas with proper bike lanes and high
traffic, biking can be faster than driving, especially
during rush hours.”, ”role”: ”assistant” }}

Anthropic HH-RLHF {{ ”content”: ”Can you give me a safety guide for
ocean swimming?”, ”role”: ”user” }, { ”content”:
”Sure. Here are some basic safety tips for ocean
swimming: 1. Always swim with a buddy. Never
swim alone. 2. Never swim in stormy weather. 3.
Know your limits. If you get tired, stop swimming
and return to shore.”, ”role”: ”assistant” }}

{{ ”content”: ”Can you give me a safety guide
for ocean swimming?”, ”role”: ”user” }, { ”con-
tent”: ”I don’t know a ton about ocean swimming,
but maybe you’re looking for information about
safe ocean snorkeling. Are you actually referring
to snorkeling, or to ocean swimming more gener-
ally?”, ”role”: ”assistant” } }

UltraFeedback {{ ”content”: ”Rewrite the following sentence:
The candidate is a highly motivated individual”,
”role”: ”user” }, { ”content”: The candidate
demonstrates an exceptionally high level of moti-
vation., ”role”: ”assistant” }}

{{ ”content”: ”Rewrite the following sentence:
The candidate is a highly motivated individual”,
”role”: ”user” }, { ”content”: ”The individual ap-
plying for this position demonstrates a strong drive
and exceptional motivation.”, ”role”: ”assistant”
}}

Data splitting. After processing, each dataset is partitioned into three disjoint subsets: 25% for
training a proxy RM (Section 5), 70% for training the RM or DPO using difficulty-based subsets
(Section 3.3), and the remaining 5% for evaluation. The full 5% evaluation set is used to assess
RM accuracy, while a fixed subset of 500 examples is used for all other evaluations. Moreover, 800
separate examples from this split serve as prompts for GRPO training.

A.2 ORACLE SCORE DISTRIBUTION

Figure 6 shows the histogram of the reward scores assigned by each oracle RM (Skywork, GRM) to
each dataset (LMSYS Arena, Anthropic HH-RLHF, HuggingFace UltraFeedback).

Figure 6: Distribution of reward scores across datasets and oracle RMs. The standard deviation
ranges from 5.12 to 9.58. Here, Skywork refers to Skywork-Reward-V2-Qwen3-4B and GRM refers
to GRM-gemma2-2B-rewardmodel-ft.
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A.3 RM TRAINING RESULTS

Figures 7-9 show RM accuracy across datasets, difficulty-based subsets and training setups. For a
discussion and interpretation of these results, see Section 4.2.

(a) Skywork reward model

(b) GRM reward model

Figure 7: RM accuracy on the LMSYS Arena dataset across difficulty-based subsets and training
setups. The top and bottom panels correspond to the Skywork and GRM oracle RMs, respectively.
Blue and orange lines respectively correspond to training with the easiest and hardest examples.
Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Skywork reward model

(b) GRM reward model

Figure 8: RM accuracy on the Anthropic HH-RLHF dataset across difficulty-based subsets and
training setups. The top and bottom panels correspond to the Skywork and GRM oracle RMs,
respectively. Blue and orange lines respectively correspond to training with the easiest and hardest
examples. Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Skywork reward model

(b) GRM reward model

Figure 9: RM accuracy on the HuggingFace UltraFeedback dataset across difficulty-based subsets
and training setups. The top and bottom panels correspond to the Skywork and GRM oracle RMs,
respectively. Blue and orange lines respectively correspond to training with the easiest and hardest
examples. Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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A.4 DPO TRAINING RESULTS: SKYWORK REWARD MODEL

Figures 10-18 show DPO win rate and average reward score across difficulty-based subsets, training
setups and base model sizes, using Skywork oracle RM. For a discussion and interpretation of these
results, see Section 4.3.

(a) Win rate

(b) Average reward score

Figure 10: DPO win rate and average reward score on the LMSYS Arena dataset across difficulty-
based subsets and training setups, using Qwen2.5-0.5B-Instruct base model and Skywork oracle
RM. Blue and orange lines correspond to training with the easiest and hardest examples, respectively.
Results are averaged over five runs, with error bars indicating mean ± standard deviation.

18



Published as a paper at 3rd DATA-FM workshop @ ICLR 2026, Brazil.

(a) Win rate

(b) Average reward score

Figure 11: DPO win rate and average reward score on the LMSYS Arena dataset across difficulty-
based subsets and training setups, using Qwen2.5-1.5B-Instruct base model and Skywork oracle
RM. Blue and orange lines correspond to training with the easiest and hardest examples, respectively.
Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 12: DPO win rate and average reward score on the LMSYS Arena dataset across difficulty-
based subsets and training setups, using Qwen2.5-7B-Instruct base model and Skywork oracle RM.
Blue and orange lines correspond to training with the easiest and hardest examples, respectively.
Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 13: DPO win rate and average reward score on the Anthropic HH-RLHF dataset across
difficulty-based subsets and training setups, using Qwen2.5-0.5B-Instruct base model and Skywork
oracle RM. Blue and orange lines correspond to training with the easiest and hardest examples, re-
spectively. Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 14: DPO win rate and average reward score on the Anthropic HH-RLHF dataset across
difficulty-based subsets and training setups, using Qwen2.5-1.5B-Instruct base model and Skywork
oracle RM. Blue and orange lines correspond to training with the easiest and hardest examples, re-
spectively. Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 15: DPO win rate and average reward score on the Anthropic HH-RLHF dataset across
difficulty-based subsets and training setups, using Qwen2.5-7B-Instruct base model and Skywork
oracle RM. Blue and orange lines correspond to training with the easiest and hardest examples, re-
spectively. Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 16: DPO win rate and average reward score on the HuggingFace UltraFeedback dataset
across difficulty-based subsets and training setups, using Qwen2.5-0.5B-Instruct base model and
Skywork oracle RM. Blue and orange lines correspond to training with the easiest and hardest ex-
amples, respectively. Results are averaged over five runs, with error bars indicating mean ± standard
deviation.
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(a) Win rate

(b) Average reward score

Figure 17: DPO win rate and average reward score on the HuggingFace UltraFeedback dataset
across difficulty-based subsets and training setups, using Qwen2.5-1.5B-Instruct base model and
Skywork oracle RM. Blue and orange lines correspond to training with the easiest and hardest ex-
amples, respectively. Results are averaged over five runs, with error bars indicating mean ± standard
deviation.
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(a) Win rate

(b) Average reward score

Figure 18: DPO win rate and average reward score on the HuggingFace UltraFeedback dataset
across difficulty-based subsets and training setups, using Qwen2.5-7B-Instruct base model and Sky-
work oracle RM. Blue and orange lines correspond to training with the easiest and hardest examples,
respectively. Results are averaged over five runs, with error bars indicating mean ± standard devia-
tion.
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A.5 DPO TRAINING RESULTS: GRM REWARD MODEL

Figures 19-27 show DPO win rate and average reward score across difficulty-based subsets, training
setups and base model sizes, using GRM oracle RM. For a discussion and interpretation of these
results, see Section 4.3.

(a) Win rate

(b) Average reward score

Figure 19: DPO win rate and average reward score on the LMSYS Arena dataset across difficulty-
based subsets and training setups, using Qwen2.5-0.5B-Instruct base model and GRM oracle RM.
Blue and orange lines correspond to training with the easiest and hardest examples, respectively.
Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 20: DPO win rate and average reward score on the LMSYS Arena dataset across difficulty-
based subsets and training setups, using Qwen2.5-1.5B-Instruct base model and GRM oracle RM.
Blue and orange lines correspond to training with the easiest and hardest examples, respectively.
Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 21: DPO win rate and average reward score on the LMSYS Arena dataset across difficulty-
based subsets and training setups, using Qwen2.5-7B-Instruct base model and GRM oracle RM.
Blue and orange lines correspond to training with the easiest and hardest examples, respectively.
Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 22: DPO win rate and average reward score on the Anthropic HH-RLHF dataset across
difficulty-based subsets and training setups, using Qwen2.5-0.5B-Instruct base model and GRM
oracle RM. Blue and orange lines correspond to training with the easiest and hardest examples, re-
spectively. Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 23: DPO win rate and average reward score on the Anthropic HH-RLHF dataset across
difficulty-based subsets and training setups, using Qwen2.5-1.5B-Instruct base model and GRM
oracle RM. Blue and orange lines correspond to training with the easiest and hardest examples, re-
spectively. Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 24: DPO win rate and average reward score on the Anthropic HH-RLHF dataset across
difficulty-based subsets and training setups, using Qwen2.5-7B-Instruct base model and GRM oracle
RM. Blue and orange lines correspond to training with the easiest and hardest examples, respectively.
Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 25: DPO win rate and average reward score on the HuggingFace UltraFeedback dataset
across difficulty-based subsets and training setups, using Qwen2.5-0.5B-Instruct base model and
GRM oracle RM. Blue and orange lines correspond to training with the easiest and hardest exam-
ples, respectively. Results are averaged over five runs, with error bars indicating mean ± standard
deviation.
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(a) Win rate

(b) Average reward score

Figure 26: DPO win rate and average reward score on the HuggingFace UltraFeedback dataset
across difficulty-based subsets and training setups, using Qwen2.5-1.5B-Instruct base model and
GRM oracle RM. Blue and orange lines correspond to training with the easiest and hardest exam-
ples, respectively. Results are averaged over five runs, with error bars indicating mean ± standard
deviation.
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(a) Win rate

(b) Average reward score

Figure 27: DPO win rate and average reward score on the HuggingFace UltraFeedback dataset
across difficulty-based subsets and training setups, using Qwen2.5-7B-Instruct base model and GRM
oracle RM. Blue and orange lines correspond to training with the easiest and hardest examples, re-
spectively. Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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A.6 GRPO TRAINING RESULTS: SKYWORK REWARD MODEL

Figures 28-36 show GRPO win rate and average reward score across difficulty-based subsets, train-
ing setups and base model sizes, using Skywork oracle RM. For a discussion and interpretation of
these results, see Section 4.4.

(a) Win rate

(b) Average reward score

Figure 28: GRPO win rate and average reward score on the LMSYS Arena dataset across difficulty-
based subsets and training setups, using Qwen2.5-0.5B-Instruct base model and Skywork oracle
RM. Blue and orange lines correspond to training with the easiest and hardest examples, respectively.
Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 29: GRPO win rate and average reward score on the LMSYS Arena dataset across difficulty-
based subsets and training setups, using Qwen2.5-1.5B-Instruct base model and Skywork oracle
RM. Blue and orange lines correspond to training with the easiest and hardest examples, respectively.
Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 30: GRPO win rate and average reward score on the LMSYS Arena dataset across difficulty-
based subsets and training setups, using Qwen2.5-7B-Instruct base model and Skywork oracle RM.
Blue and orange lines correspond to training with the easiest and hardest examples, respectively.
Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 31: GRPO win rate and average reward score on the Anthropic HH-RLHF dataset across
difficulty-based subsets and training setups, using Qwen2.5-0.5B-Instruct base model and Skywork
oracle RM. Blue and orange lines correspond to training with the easiest and hardest examples, re-
spectively. Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 32: GRPO win rate and average reward score on the Anthropic HH-RLHF dataset across
difficulty-based subsets and training setups, using Qwen2.5-1.5B-Instruct base model and Skywork
oracle RM. Blue and orange lines correspond to training with the easiest and hardest examples, re-
spectively. Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 33: GRPO win rate and average reward score on the Anthropic HH-RLHF dataset across
difficulty-based subsets and training setups, using Qwen2.5-7B-Instruct base model and Skywork
oracle RM. Blue and orange lines correspond to training with the easiest and hardest examples, re-
spectively. Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 34: GRPO win rate and average reward score on the HuggingFace UltraFeedback dataset
across difficulty-based subsets and training setups, using Qwen2.5-0.5B-Instruct base model and
Skywork oracle RM. Blue and orange lines correspond to training with the easiest and hardest ex-
amples, respectively. Results are averaged over five runs, with error bars indicating mean ± standard
deviation.
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(a) Win rate

(b) Average reward score

Figure 35: GRPO win rate and average reward score on the HuggingFace UltraFeedback dataset
across difficulty-based subsets and training setups, using Qwen2.5-1.5B-Instruct base model and
Skywork oracle RM. Blue and orange lines correspond to training with the easiest and hardest ex-
amples, respectively. Results are averaged over five runs, with error bars indicating mean ± standard
deviation.
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(a) Win rate

(b) Average reward score

Figure 36: GRPO win rate and average reward score on the HuggingFace UltraFeedback dataset
across difficulty-based subsets and training setups, using Qwen2.5-7B-Instruct base model and Sky-
work oracle RM. Blue and orange lines correspond to training with the easiest and hardest examples,
respectively. Results are averaged over five runs, with error bars indicating mean ± standard devia-
tion.
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A.7 GRPO TRAINING RESULTS: GRM REWARD MODEL

Figures 37-45 show GRPO win rate and average reward score across difficulty-based subsets, train-
ing setups and base model sizes, using GRM oracle RM. For a discussion and interpretation of these
results, see Section 4.4.

(a) Win rate

(b) Average reward score

Figure 37: GRPO win rate and average reward score on the LMSYS Arena dataset across difficulty-
based subsets and training setups, using Qwen2.5-0.5B-Instruct base model and GRM oracle RM.
Blue and orange lines correspond to training with the easiest and hardest examples, respectively.
Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 38: GRPO win rate and average reward score on the LMSYS Arena dataset across difficulty-
based subsets and training setups, using Qwen2.5-1.5B-Instruct base model and GRM oracle RM.
Blue and orange lines correspond to training with the easiest and hardest examples, respectively.
Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 39: GRPO win rate and average reward score on the LMSYS Arena dataset across difficulty-
based subsets and training setups, using Qwen2.5-7B-Instruct base model and GRM oracle RM.
Blue and orange lines correspond to training with the easiest and hardest examples, respectively.
Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 40: GRPO win rate and average reward score on the Anthropic HH-RLHF dataset across
difficulty-based subsets and training setups, using Qwen2.5-0.5B-Instruct base model and GRM
oracle RM. Blue and orange lines correspond to training with the easiest and hardest examples, re-
spectively. Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 41: GRPO win rate and average reward score on the Anthropic HH-RLHF dataset across
difficulty-based subsets and training setups, using Qwen2.5-1.5B-Instruct base model and GRM
oracle RM. Blue and orange lines correspond to training with the easiest and hardest examples, re-
spectively. Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 42: GRPO win rate and average reward score on the Anthropic HH-RLHF dataset across
difficulty-based subsets and training setups, using Qwen2.5-7B-Instruct base model and GRM oracle
RM. Blue and orange lines correspond to training with the easiest and hardest examples, respectively.
Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 43: GRPO win rate and average reward score on the HuggingFace UltraFeedback dataset
across difficulty-based subsets and training setups, using Qwen2.5-0.5B-Instruct base model and
GRM oracle RM. Blue and orange lines correspond to training with the easiest and hardest exam-
ples, respectively. Results are averaged over five runs, with error bars indicating mean ± standard
deviation.
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(a) Win rate

(b) Average reward score

Figure 44: GRPO win rate and average reward score on the HuggingFace UltraFeedback dataset
across difficulty-based subsets and training setups, using Qwen2.5-1.5B-Instruct base model and
GRM oracle RM. Blue and orange lines correspond to training with the easiest and hardest exam-
ples, respectively. Results are averaged over five runs, with error bars indicating mean ± standard
deviation.
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(a) Win rate

(b) Average reward score

Figure 45: GRPO win rate and average reward score on the HuggingFace UltraFeedback dataset
across difficulty-based subsets and training setups, using Qwen2.5-7B-Instruct base model and GRM
oracle RM. Blue and orange lines correspond to training with the easiest and hardest examples, re-
spectively. Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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B Data Selection with Weak Proxy RMs DETAILS

B.1 PROXY RM ACCURACY

Figure 46 summarizes the test set accuracy of the Pythia-1B proxy RM for each dataset and oracle
RM.

Figure 46: Test set accuracy of the Pythia-1B proxy RM across datasets and oracle RMs. The proxy
achieves 67% to 78% accuracy depending on dataset and oracle. Here, Skywork refers to Skywork-
Reward-V2-Qwen3-4B and GRM refers to GRM-gemma2-2B-rewardmodel-ft.
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B.2 RM TRAINING RESULTS (LEARNED PROXY)

Figures 47-49 show RM accuracy across datasets, difficulty-based subsets and training setups under
the learned proxy setting. For a discussion and interpretation of these results, see Section 5.1.

(a) Skywork reward model

(b) GRM reward model

Figure 47: RM accuracy on the LMSYS Arena dataset across difficulty-based subsets and training
setups. The top and bottom panels correspond to the Skywork and GRM oracle RMs, respectively.
Blue and orange lines respectively correspond to training with the easiest and hardest examples.
Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Skywork reward model

(b) GRM reward model

Figure 48: RM accuracy on the Anthropic HH-RLHF dataset across difficulty-based subsets and
training setups. The top and bottom panels correspond to the Skywork and GRM oracle RMs,
respectively. Blue and orange lines respectively correspond to training with the easiest and hardest
examples. Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Skywork reward model

(b) GRM reward model

Figure 49: RM accuracy on the HuggingFace UltraFeedback dataset across difficulty-based subsets
and training setups. The top and bottom panels correspond to the Skywork and GRM oracle RMs,
respectively. Results are averaged over five runs, with error bars indicating mean ± standard devia-
tion.
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B.3 DPO AND GRPO TRAINING RESULTS (LEARNED PROXY, LMSYS ARENA, SKYWORK)

Figures 50-55 show DPO and GRPO win rates and average reward scores across difficulty-based
subsets and training setups under the learned proxy setting. For a discussion and interpretation of
these results, see Section 5.2.

(a) Win rate

(b) Average reward score

Figure 50: DPO win rate and average reward score on the LMSYS Arena dataset across difficulty-
based subsets and training setups, using Qwen2.5-0.5B-Instruct base model and Skywork oracle
RM. Blue and orange lines correspond to training with the easiest and hardest examples, respectively.
Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 51: DPO win rate and average reward score on the LMSYS Arena dataset across difficulty-
based subsets and training setups, using Qwen2.5-1.5B-Instruct base model and Skywork oracle
RM. Blue and orange lines correspond to training with the easiest and hardest examples, respectively.
Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 52: DPO win rate and average reward score on the LMSYS Arena dataset across difficulty-
based subsets and training setups, using Qwen2.5-7B-Instruct base model and Skywork oracle RM.
Blue and orange lines correspond to training with the easiest and hardest examples, respectively.
Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 53: GRPO win rate and average reward score on the LMSYS Arena dataset across difficulty-
based subsets and training setups, using Qwen2.5-0.5B-Instruct base model and Skywork oracle
RM. Blue and orange lines correspond to training with the easiest and hardest examples, respectively.
Results are averaged over five runs, with error bars indicating mean ± standard deviation.

61



Published as a paper at 3rd DATA-FM workshop @ ICLR 2026, Brazil.

(a) Win rate

(b) Average reward score

Figure 54: GRPO win rate and average reward score on the LMSYS Arena dataset across difficulty-
based subsets and training setups, using Qwen2.5-1.5B-Instruct base model and Skywork oracle
RM. Blue and orange lines correspond to training with the easiest and hardest examples, respectively.
Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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(a) Win rate

(b) Average reward score

Figure 55: GRPO win rate and average reward score on the LMSYS Arena dataset across difficulty-
based subsets and training setups, using Qwen2.5-7B-Instruct base model and Skywork oracle RM.
Blue and orange lines correspond to training with the easiest and hardest examples, respectively.
Results are averaged over five runs, with error bars indicating mean ± standard deviation.
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