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ABSTRACT

Reinforcement Learning from Human Feedback (RLHF) has become a corner-
stone for aligning large language models (LLMs). However, its effectiveness
critically depends on high-quality instruction data. Most existing high-quality
alignment datasets are either private or require costly human annotation, which
hinders reproducibility and scalability. Even with the emergence of Reinforcement
Learning from AI Feedback (RLAIF), concerns about data quality remain. More-
over, it is still unclear to the open-source community how much data is actually
required to fine-tune a base model into a strong instruction-following model. Cur-
rent state-of-the-art approaches typically rely on over 300k examples even at the
supervised fine-tuning (SFT) stage, yet they still underperform compared to propri-
etary models, leaving substantial barriers for academic and resource-constrained
communities. To address this gap, we introduce PiKa, a data-efficient family of
expert-level alignment datasets. In particular, the PiKa-SFT dataset uses only
30k SFT examples—an order of magnitude fewer than the SoTA dataset Magpie.
Through extensive evaluations by fine-tuning Llama-3-8B-Base on PiKa and other
public instruction following datasets, we show that PiKa-SFT alone outperforms
models trained on much larger datasets. Remarkably, on two widely used alignment
benchmarks, AlpacaEval 2.0 and Arena-Hard, PiKa-SFT fine-tuning surpasses the
official Llama-3-8B-Instruct model – which was trained on over 10M proprietary
examples. We further extend our study by training the Qwen2.5 series (0.5B–7B)
on PiKa-SFT, consistently outperforming their official instruction-tuned counter-
parts. In addition, we curate 30k high-quality preference optimization examples,
which further improve alignment performance when applied after SFT initializa-
tion. These findings demonstrate that high-quality alignment can be achieved with
significantly reduced data, providing a practical and scalable path for advancing
open-source LLM alignment research. Our code and data will be available at
https://anonymous.4open.science/r/PiKa.

1 INTRODUCTION

Large language models (LLMs) have rapidly become the foundation of modern AI systems, achieving
strong performance across a broad spectrum of instruction-following tasks (Achiam et al., 2023;
Meta, 2024; Qwen et al., 2025). A key factor behind this success lies in instruction fine-tuning, which
enables models to generalize beyond their pretraining distribution and handle novel user queries
effectively. The quality of this instruction tuning, however, is highly dependent on the availability
of reliable alignment datasets. Despite the release of powerful open-source models, the datasets
used to align models remain largely proprietary. This lack of transparency poses a major obstacle to
reproducibility and hinders progress in open research on improving LLM alignment (Xu et al., 2025).

To overcome the difficulty of building high-quality datasets, two major directions have been explored.
The first relies on human experts to author and curate instruction–response pairs (Databricks, 2023;
Köpf et al., 2023; Zhao et al., 2024; Zheng et al., 2024; 2023), a process that is both time-consuming
and labor-intensive (Liu et al., 2024). The second line of work leverages LLMs themselves to
automatically generate synthetic data (Ding et al., 2023; Yin et al., 2023; Li et al., 2024a; Sun et al.,
2023; Taori et al., 2023; Wang et al., 2023; 2024; Xu et al., 2023a;b; Li et al., 2023a). More recently,
efforts have shifted toward increasing the diversity of synthetic datasets and scaling them up to
massive collections of conversational examples that aim to approximate human interaction. However,
despite such progress, models trained from scratch on these large-scale synthetic corpora often
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Figure 1: Overview of the PIKA pipeline for synthesizing expert-level alignment data. Step 1: An
expert-level persona covering multiple domains is given to an aligned LLM, which auto-regressively
generates high-quality and knowledge-intensive instructions. Step 2: For each instruction, the LLM
produces multiple candidate responses. Step 3: A reward model scores these responses. For SFT,
we select the instruction and its highest-scoring response as a training pair. For DPO, we construct
preference data by pairing the highest- and lowest-scoring responses with the same instruction.

acquire only limited instruction-following ability, and the training process itself requires significant
computational resources, making it less accessible for much of the research community.

Do we really need such massive datasets to enhance the instruction-following ability of base models?
Intuitively, training on large collections of diverse but overly simple data pairs provides only limited
informational gain, as models tend to mimic surface-level patterns rather than generalize to more
complex scenarios. Even when prompts and responses are “high-quality”, prompt difficulty largely
determines how much depth of knowledge the model utilizes during optimization. In other words,
datasets containing more challenging instructions of comparable quality require richer reasoning and
more detailed solutions, which can improve performance not only on difficult tasks but also transfer
effectively to simpler ones. Thus, the utility of an instruction dataset is not merely a matter of scale,
but of how well its prompts capture the complexity needed to guide robust instruction following.

Building on these insights, we construct an expert-level synthetic instruction dataset named PiKa,
as illustrated in Figure 1. Our approach is inspired by persona-based generation methods (Ge et al.,
2025), which prompt LLMs to role-play as specific personas to generate diverse instructions. To
further enhance data quality, we rigorously sample and filter persona prompts, removing harmful
or policy-violating cases and retaining only complex personas for instruction generation. Unlike
many existing datasets, PiKa is fully synthesized using GPT-4o, a model widely regarded as both
highly capable and human-like, ensuring consistently high-quality outputs. Moreover, all generated
instruction–response pairs are filtered and re-scored by GPT-4o, resulting in datasets dominated
by challenging, expert-level prompts with detailed solutions. We provide comprehensive statistics,
highlight the advantages of PiKa, and present an in-depth analysis in Section 3, enabling practitioners
to flexibly select and filter data for fine-tuning according to their specific needs.

To evaluate the effectiveness of PiKa, we compare it with widely used public instruction datasets
(e.g., ShareGPT (Chiang et al., 2023), WildChat (Zhao et al., 2024), UltraChat (Ding et al., 2023),
OpenHermes (Teknium, 2023a;b), Tulu V2 Mix (Ivison et al., 2023), and Magpie-Air/Pro (Xu et al.,
2025)) by conducting supervised fine-tuning (SFT) of the Llama-3-8B-Base model on each dataset
and evaluating the resulting models on standard alignment benchmarks such as AlpacaEval 2 (Li et al.,
2023b) and Arena-Hard (Li et al., 2024b), following recent Magpie studies. Our results show that
models fine-tuned on PiKa consistently achieve superior performance, even surpassing those trained
with both SFT and direct preference optimization (DPO) (Rafailov et al., 2023) on UltraFeedback
(Cui et al., 2023). Remarkably, PiKa is more than an order of magnitude smaller than Magpie-Pro
(30K vs. 300K examples for SFT). Despite this significant difference in dataset size, PiKa achieves
superior performance across benchmarks. For the first time, our approach enables open-source
aligned models to significantly outperform the official Llama-3-8B-Instruct on both AlpacaEval 2.0
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and Arena-Hard. This is particularly remarkable given that Llama-3-8B-Instruct was trained with
over 10M proprietary examples and subsequent preference optimization. Building on this, we extend
our study to the Qwen2.5 (0.5B–7B), where models trained on PiKa-SFT consistently surpass their
official instruction-tuned counterparts.

Furthermore, PiKa not only excels under SFT alone compared to prior public datasets, but also
delivers state-of-the-art results when combined with preference optimization methods such as DPO.
By extending PiKa to generate high-quality preference optimization data, PiKa-aligned Llama-3
models achieve substantial improvements and outperform models trained with both the Magpie and
UltraFeedback series, with particularly strong gains on the more challenging Arena-Hard benchmark
(43.70 vs. 33.30 for Magpie-Pro and 25.30 for UltraFeedback respectively). These findings highlight
the exceptional quality and efficiency of PiKa, demonstrating that carefully constructed synthetic
data can outperform extensively optimized proprietary datasets in a far more data-efficient manner.

2 PIKA: EXPERT-LEVEL SYNTHETIC DATASETS

Step 1: Expert-Level Instruction Generation. We sample a diverse set of complex personas
{πi}Ni=1 from PersonaHub (Ge et al., 2025), covering multiple domains such as biology, engineering,
medicine, and law. Each persona πi is then provided to GPT-4o, which auto-regressively generates a
corresponding knowledge-intensive instruction. Based on our preliminary experiments, we find that
more domain-specific and sophisticated personas tend to generate more challenging prompts:

Ii = LLM(πi), i = 1, . . . , N. (1)

To ensure diversity, each persona is used only once. Generated instructions are further filtered through
a quality control sampling Q(Ii) ∈ {0, 1}, retaining only those with Q(Ii) = 1, i.e., instructions that
are challenging, safe, and informative.

Step 2: Multi-Path Response Generation. For each validated instruction Ii, the LLM produces k
candidate responses under mild stochasticity with temperature T < 1:

Ri = {ri1, ri2, . . . , rik} = LLM(Ii;T ). (2)

This yields diverse data pairs (Ii, rij) that differ in reasoning depth, style, and completeness.

Step 3: Reward-Model-Guided Selection. For each instruction Ii (i = 1, . . . , N ), a reward
model R(·) assigns a score to each candidate responses. In our default setting, we employ
Skywork-Reward-V2-Llama-3.1-8B (Liu et al., 2025), which ranks first on the Reward-
Bench leaderboard1. The reward score for each candidate response rij of instruction Ii is computed
as:

sij = R(Ii, rij), j = 1, . . . , k, (3)

where k is the number of candidate responses per instruction.

For supervised fine-tuning (SFT), we retain the pair (Ii, rij∗) with
j∗ = argmax

j
sij . (4)

For preference optimization (e.g., DPO), we construct triples
(
Ii, rij+ , rij−

)
by selecting the highest-

and lowest-scoring responses:
j+ = argmax

j
sij , j− = argmin

j
sij . (5)

These preference pairs provide supervision for optimizing models toward expert-level alignment.

3 DATASET ANALYSIS

We conduct a comprehensive analysis of the proposed PiKa dataset, covering instruction similarity,
length statistics, difficulty, quality, feasibility, and construction cost. This study demonstrates that
PiKa delivers more challenging, diverse, and practically useful supervision compared to existing
datasets such as Magpie-Pro.

1https://huggingface.co/spaces/allenai/reward-bench, as of 2025/9/25
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Figure 2: Comparison between PiKa and Magpie-Pro. (a) Minimum input embedding distances
distribution. (b) Instruction lengths distribution. (c) Response lengths Distribution.

3.1 INSTRUCTION SIMILARITY

To evaluate dataset coverage, we follow prior work (Zhao et al., 2024; Xu et al., 2025) and compute
the minimum neighbor distance (MND) in the embedding space. Instructions are encoded with
all-mpnet-base-v2 , and pairwise distances are calculated with FAISS (Douze et al., 2024).
The MND for an instruction Ii is defined as:

MND(Ii) = min
j ̸=i

∥e(Ii)− e(Ij)∥2, (6)

where e(I) denotes the embedding of instruction I . Larger MND indicates lower redundancy and
higher diversity. As shown in Figure 2(a), PiKa achieves a mean MND of 0.497 compared to Magpie-
Pro’s 0.598, indicating comparable diversity while effectively avoiding repetitive prompts that plague
many existing datasets.

3.2 LENGTH ANALYSIS

We further analyze tokenized lengths of instructions and responses. Figure 2(b, c) shows that
PiKa instructions average around 424 tokens, and responses exceed 5,305 characters on aver-
age—substantially longer than existing datasets—indicating that PiKa provides more detailed and
knowledge-intensive supervision.

3.3 DATASET ASSESSMENT

Beyond coverage and length, we adopt GPT-4o as an expert evaluator to assess difficulty, feasibility,
and quality . Each attribute is scored on a 1 to 10 scale with dedicated prompts (see Appendix C).
Formally, let

sd : X → [1, 10], (7)
sf : X → [1, 10], (8)
sq : X × Y → [1, 10], (9)

denote the difficulty of instruction x, the feasibility of instruction x, and the quality of instruction
response pair (x, y), respectively.

3.3.1 DIFFICULTY EVALUATION

We evaluate instruction difficulty based on task complexity, required domain knowledge, cognitive
load, and technical sophistication. The framework categorizes tasks into elementary knowledge
(scores 1–2), specialized expertise (3–6), expert-level understanding (7–8), and cutting-edge research
knowledge (9–10). As shown in Figure 3(a) , PiKa instructions exhibit significantly higher difficulty,
with a mean score of 7.39 compared to Magpie-Pro’s 2.65. The distribution further reveals that while
Magpie-Pro concentrates heavily in the elementary to intermediate range (scores 1–4), PiKa covers
a broader spectrum, with a substantial proportion requiring expert-level reasoning and advanced

4
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Figure 3: GPT-4o–based evaluation of PiKa’s instruction difficulty, feasibility and instruction-
response quality compared with Magpie-Pro.

Magpie-Pro

Instruction: "Write a poem about the beauty of the ocean."

Difficulty Score: 2

PiKa

Instruction: "Analyze the impact of international sanctions and oil price fluctuations on the
Russian economy in 2015. Discuss how these factors influenced inflation, recession risks, and
consumer prices, particularly in relation to the agricultural and food import ban. Additionally,
evaluate the potential for massive withdrawals from the banking system and their broader
economic consequences."

Difficulty Score: 7

Figure 4: Example instructions from Magpie-Pro and PiKa datasets. PiKa instructions are generally
more complex and domain-specific, while Magpie-Pro tends to focus on simpler, open-ended prompts.
We also include detailed instruction-response pairs in Appendix D.

technical understanding. This demonstrates that PiKa effectively captures more sophisticated tasks,
and Figure 4 provides illustrative comparisons.

3.3.2 FEASIBILITY EVALUATION

Feasibility assessment examines whether instructions represent realistic, executable tasks with
practical applicability. The evaluation considers task feasibility, contextual reasonableness, logical
consistency, and real world relevance. Scores range from completely unrealistic tasks (1 to 2) to
highly practical and useful instructions (9 to 10). As demonstrated in Figure 3(b), PiKa maintains
strong feasibility with a mean score of 8.98 compared to Magpie-Pro’s 8.77. Notably, both datasets
show high concentration in the upper feasibility ranges (scores 8 to 10), but PiKa demonstrates
a slightly more consistent distribution in the high feasibility region. This ensures that despite the
increased difficulty, PiKa instructions remain grounded in practical, real world applications that users
would genuinely encounter.

3.3.3 QUALITY EVALUATION

Response quality is evaluated based on accuracy, completeness, clarity, instruction response alignment,
educational value, and real world applicability. The scoring ranges from poor quality with incorrect
information (1 to 2) to excellent quality with comprehensive and insightful responses (9 to 10).
Figure 3(c) shows that PiKa achieves superior response quality with a mean score of 9.57 compared to
Magpie-Pro’s 9.01. Both datasets demonstrate high quality responses concentrated in the 8 to 10 range,
but PiKa shows a more pronounced peak at score 10, indicating a higher proportion of exceptional
responses. The quality improvement, combined with significantly longer response lengths, suggests
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that PiKa responses not only meet accuracy standards but also provide more thorough, comprehensive,
and educationally valuable content for alignment training.

Table 1: Performance comparison of instruction-tuned models based on Llama-3-8B using PiKa-
generated versus baseline datasets. PiKa achieves superior performance while requiring 10× less
training data than state-of-the-art Magpie methods. Standard deviations (SD) reported are computed
across both LC and WR metrics and #Convs indicates the number examples used for training the
base model.

Alignment Setup
(Base LLM = Llama-3-8B) #Convs

AlpacaEval 2 Arena-Hard
GPT-4-Turbo (1106) Llama-3-8B-Instruct GPT-4 (0314)

LC (%) WR (%) SD LC (%) WR (%) SD WR(%)

Llama-3-8B-Instruct (SFT+DPO) >10M 28.36 27.93 1.48 50.0 50.0 - 24.5

Self-Instruct (Llama-3) (Wang et al., 2023) 100K 8.86 4.16 0.66 24.48 11.97 1.09 3.3
ShareGPT (Chiang et al., 2023) 112K 6.98 4.00 0.64 26.05 15.98 1.22 6.9
Ultrachat (Ding et al., 2023) 208k 6.70 3.48 0.60 24.14 13.37 1.14 3.6
OpenHermes 1 (Teknium, 2023a) 243K 8.69 4.98 0.70 26.81 16.98 1.25 5.3
Tulu V2 Mix (Ivison et al., 2023) 326k 10.95 6.43 0.81 24.84 15.39 1.20 6.3
WildChat (Zhao et al., 2024) 652K 14.75 8.43 0.91 33.99 23.77 1.42 11.7
OpenHermes 2.5 (Teknium, 2023b) 1M 12.40 7.80 0.87 37.14 27.86 1.48 7.7
MAGPIE-Air-300K-Filtered (Xu et al., 2025) 300K 25.24 27.33 1.47 43.79 47.35 1.69 20.7
MAGPIE-Pro-300K-Filtered (Xu et al., 2025) 300K 24.06 28.60 1.51 41.28 46.80 1.68 23.9

PIKA (Ours) 30K 32.82 30.56 1.54 52.42 50.30 1.68 33.5

4 PERFORMANCE ANALYSIS

4.1 EXPERIMENTAL SETUP

Baselines for Supervised Fine-Tuning and Preference Optimization. We compare PiKa with nine
state-of-the-art open-source instruction datasets: Self-Instruct (Wang et al., 2023), ShareGPT (Chi-
ang et al., 2023), WildChat (Zhao et al., 2024), UltraChat (Ding et al., 2023), OpenHermes
1 (Teknium, 2023a), OpenHermes 2.5 (Teknium, 2023b), Tulu V2 Mix (Ivison et al., 2023),
Magpie-Air (Xu et al., 2025), and Magpie-Pro (Xu et al., 2025). ShareGPT and WildChat represent
human-authored datasets containing 112K and 652K high-quality multi-turn conversations between
humans and ChatGPT, respectively. UltraChat and the Magpie family are representative open-source
synthetic datasets. For preference optimization, we compare models aligned using PiKa with direct
preference optimization (DPO) (Rafailov et al., 2023) baselines, specifically comparing against two
state-of-the-art open-source training datasets: UltraFeedback and Magpie-Pro.

Model Alignment Details. We conduct experiments on the Llama-3 and Qwen2.5 base models. For
supervised fine-tuning, we follow Touvron et al. (2023) and employ a cosine learning rate schedule
with an initial learning rate of 2 × 10−5. The maximum sequence length is set to 8192 tokens.
For DPO training, we use a cosine learning rate of 5× 10−7. We adhere to the official instruction
templates of each respective model architecture.

Evaluation Benchmarks. We evaluate aligned model performance using two widely adopted
instruction-following benchmarks: AlpacaEval 2 (Li et al., 2023b) and Arena-Hard (Li et al., 2024b).
AlpacaEval 2 comprises 805 representative instructions selected from real user interactions, providing
a comprehensive assessment of practical instruction-following capabilities. Arena-Hard represents
an enhanced version of MT-Bench (Zheng et al., 2023), containing 500 challenging user queries
designed to test advanced reasoning and problem-solving abilities. Both benchmarks employ GPT-
based evaluators to assess responses generated by the model under evaluation against established
baseline models. Specifically, we use GPT-4-Turbo (1106) and Llama-3-8B-Instruct as baselines for
AlpacaEval 2 and Arena-Hard uses GPT-4 (0314) as its baseline. In addition, we employ the latest
GPT-4o as the LLM-as-judge to provide more contemporary and robust evaluation standards.

Metrics. We adopt two complementary metrics to measure instruction-following capabilities of
fine-tuned models. The first metric is the win rate (WR), which calculates the fraction of responses
favored by the GPT evaluator over the baseline model. This metric is applied across both AlpacaEval
2 and Arena-Hard benchmarks. The second metric is the length-controlled win rate (LC) (Dubois
et al., 2024), a debiased variant of WR that accounts for response length differences. The GPT
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Table 2: Performance comparison of models instruction-tuned on Qwen2.5 base models using the
PiKa 30K dataset versus official instruction-tuned models. PiKa consistently outperforms official
models across all model sizes.

Alignment Setup
AlpacaEval 2

GPT-4-Turbo (1106) Official Aligned Model as Ref.

LC (%) WR (%) SD LC (%) WR (%) SD

Qwen2.5-0.5B Qwen2.5-0.5B-Instruct 1.30 0.93 0.32 50 50 -
Base Model + PiKa 1.52 2.15 0.49 55.29 55.65 1.66

Qwen2.5-1.5B Qwen2.5-1.5B-Instruct 3.77 2.21 0.48 50 50 -
Base Model + PiKa 9.64 11.07 1.04 70.68 74.35 1.47

Qwen2.5-3B Qwen2.5-3B-Instruct 6.82 5.16 0.72 50 50 -
Base Model + PiKa 14.78 15.83 1.23 63.25 66.97 1.56

Qwen2.5-7B Qwen2.5-7B-Instruct 29.03 25.99 1.47 50 50 -
Base Model + PiKa 32.55 33.24 1.59 58.87 60.23 1.65

evaluator considers the lengths of responses generated by both the baseline model and the model
under evaluation when computing LC, thereby reducing the potential bias introduced by response
length variations. This metric is specifically applied to the AlpacaEval 2 benchmark (Li et al., 2023b).

4.2 EXPERIMENTAL RESULTS

PiKa datasets significantly outperform baselines with SFT only. Table 1 demonstrates the superior
performance of Llama-3 models fine-tuned with PiKa-generated instruction datasets compared to
those trained on baseline datasets. Using only 30K conversations, PiKa achieves remarkable results
on AlpacaEval 2: 32.82% LC and 30.56% WR against GPT-4-Turbo, substantially outperforming all
baseline SFT datasets. Most notably, PiKa surpasses the closest competitor Magpie-Pro (24.06% LC,
28.60% WR) while using 10× less data. Similar superiority is observed on Arena-Hard, where PiKa
achieves 33.5% WR compared to Magpie-Pro’s 23.9%.

PiKa surpasses official aligned models with significantly fewer data. When compared against
the official Llama-3-8B-Instruct model (which underwent extensive SFT and DPO training on over
10M conversations), PiKa demonstrates exceptional efficiency. Our model achieves 52.42% LC
and 50.30% WR when using Llama-3-8B-Instruct as the reference, indicating a clear preference
over the officially aligned version. This represents a significant improvement over the 50% baseline,
demonstrating the exceptional quality of PiKa-generated data. The Arena-Hard results further
corroborate this finding, with PiKa achieving 33.5% WR compared to the official model’s 24.5%.

PiKa enhances performance across different backbone models. Table 2 illustrates PiKa’s effec-
tiveness across the Qwen2.5 model family (0.5B to 7B), demonstrating consistent and substantial
improvements across all model scales. PiKa consistently outperforms the official instruction-tuned
models that have undergone both supervised fine-tuning and preference optimization, with particularly
notable gains for smaller models. For Qwen2.5-0.5B, PiKa increases LC from 1.30% to 1.52% and
WR from 0.93% to 2.15% against GPT-4-Turbo, representing meaningful improvements for the
smallest model. The gains become more pronounced for Qwen2.5-1.5B, where PiKa achieves 9.64%
LC and 11.07% WR compared to the official model’s 3.77% and 2.21%, representing 2.56× and
5.01× improvements respectively. For Qwen2.5-3B, PiKa maintains strong performance with 14.78%
LC versus the official 6.82% and 15.83% WR versus 5.16%. Even for the largest Qwen2.5-7B model,
PiKa achieves 32.55% LC and 33.24% WR against GPT-4-Turbo, compared to 29.03% and 25.99%
for the official model. When using official models as references, PiKa shows substantial improve-
ments across all scales, with win rates ranging from 55.65% (0.5B) to 74.35% (1.5B), demonstrating
that PiKa’s high-quality instruction data provides consistent value regardless of the underlying model
capacity, with the most dramatic relative improvements observed for smaller models.

Performance on Preference Optimization. To evaluate PiKa’s effectiveness in preference optimiza-
tion, we compare it against UltraFeedback and Magpie-Pro across data efficiency and benchmark
performance (Figure 5). As shown in Figure 5(a), PiKa is highly data-efficient, requiring only
30K examples for SFT and 30K for DPO. In contrast, UltraFeedback uses 208K and 64K, while
Magpie-Pro uses 300K and 60K, respectively. Despite this substantial reduction in training data, PiKa
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Figure 5: Comparison across three dataset families: UltraFeedback, Magpie-Pro, and PiKa. (a)
Dataset sizes. (b) AlpacaEval 2.0 win rates. (c) Arena-Hard win rates. .
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Figure 6: Scaling analysis of dataset size from 10K to 30K comparing PiKa versus Magpie-Pro. PiKa
demonstrates consistent superiority across all data scales and maintains better performance curves,
with optimal performance achieved at 30K examples on Arena-Hard.

achieves superior results on both evaluation benchmarks. On AlpacaEval 2.0, PiKa attains a 41.29%
win rate, significantly surpassing Magpie-Pro (36.24%) and UltraFeedback (18.40%). Similarly,
on Arena-Hard, PiKa achieves 43.70%, outperforming Magpie-Pro (33.30%) and UltraFeedback
(25.30%). These results highlight PiKa’s ability to generate high-quality preference data, enabling
more effective alignment with human preferences even under constrained data budgets.

Scaling Analysis. Figure 6 presents a scaling analysis comparing PiKa and Magpie-Pro across
dataset sizes from 10K to 30K. Across all metrics and scales, PiKa consistently outperforms Magpie-
Pro. Notably, PiKa with only 10K examples achieves performance surpassing, Magpie-Pro with
30K examples. The scaling curves further show that PiKa reaches its peak performance at 30K
examples on Arena-Hard. We therefore adopt the 30K dataset as the default setting due to its highest
Arena-Hard score. Nevertheless, future work could focus more on data efficiency, as PiKa with 10K
examples already demonstrates competitive performance.

Performance on Additional Benchmarks. Table 3 reports performance across diverse tasks from
the Hugging Face Open LLM Leaderboard (Beeching et al., 2023), including MMLU (Hendrycks
et al., 2020), ARC Challenge (Clark et al., 2018), HellaSwag (Zellers et al., 2019), TruthfulQA (Lin
et al., 2021), WinoGrande (Levesque et al., 2012), and GSM8K (Cobbe et al., 2021). PiKa achieves
competitive performance (63.53% average) comparable to other datasets, demonstrating that the
quality improvements in instruction-following do not come at the expense of general capabilities. The
slight performance difference on mathematical reasoning tasks (eg., GSM8K) can be attributed to the
limited proportion of mathematical instructions in PiKa’s current composition. Future iterations can
incorporate domain-specific mathematical and coding datasets to enhance performance on reasoning-
intensive tasks while maintaining PiKa’s strengths in general instruction-following.

5 RELATED WORK

LLM Alignment. A central goal in large language model (LLM) research is aligning model behavior
with human values and intentions. Two major approaches are instruction tuning and preference tuning.
Instruction tuning (Wei et al., 2022) fine-tunes LLMs on datasets consisting of user instructions and
target responses, which can be single- or multi-turn. The effectiveness of this method is closely
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Table 3: Performance comparison on additional benchmarks from the Open LLM Leaderboard. All
models are supervised fine-tuned on Llama-3-8B base models. Numbers in parentheses indicate the
number of few-shot examples used for each task.

Alignment Setup MMLU (5) ARC (25) HellaSwag (10) TruthfulQA (0) WinoGrande (5) GSM8K (5) Average
Llama-3-8B-Instruct 67.82 61.52 78.67 52.47 72.14 71.72 67.39

ShareGPT 66.03 58.45 81.50 52.34 74.03 48.67 63.50
OpenHermes 1 65.42 62.29 82.15 50.85 75.61 47.16 63.58

OpenHermes 2.5 65.70 61.86 82.53 51.35 76.09 67.02 67.09
Tulu V2 Mix 66.34 59.22 82.80 47.99 76.16 58.07 65.10

WildChat 65.95 59.22 81.39 53.18 75.30 48.75 63.97
UltraChat 65.23 62.12 81.68 52.76 75.53 50.57 64.65

Magpie-Air-300K-Filtered 64.45 61.01 79.90 53.48 72.38 52.24 63.58
Magpie-Pro-300K-Filtered 64.25 60.41 80.52 52.46 73.32 47.92 63.15

PiKa 62.85 59.98 80.02 52.48 73.01 52.84 63.53

tied to the quality and diversity of the instruction data (Taori et al., 2023; Wang et al., 2023; Zhou
et al., 2023). Preference tuning, on the other hand, builds upon instruction tuning by further refining
model outputs using either reinforcement learning from human feedback (RLHF) (Bai et al., 2022)
or direct preference optimization methods (Azar et al., 2024; Ethayarajh et al., 2024; Hong et al.,
2024; Rafailov et al., 2023). These approaches leverage datasets containing preference comparisons,
enabling models to better capture nuanced human judgments.

Persona Roleplay. Persona-based roleplay offers a powerful mechanism for exploring the knowledge
and perspectives embedded in LLMs. In this paradigm, the model’s world knowledge is effectively
“compressed” into distributed representations, which can then be “decompressed” through the adoption
of diverse personas to generate contextually grounded text (Delétang et al., 2024; Ge et al., 2024).
Recent work by Ge et al. (2025) introduced the Persona Hub, an automatically constructed repository
derived from large-scale web data. This resource allows researchers to tap into a wide variety of
perspectives within LLMs, facilitating the large-scale creation of synthetic data without reliance on a
small fixed seed corpus. Compared to traditional prompt-based synthesis, persona-driven approaches
can be seamlessly integrated into arbitrary prompts, leveraging the strong role-playing capacity of
LLMs to generate more diverse and versatile data. In our work, persona signals are randomly sampled
from the Persona Hub to construct expert-level prompts.

Dataset Construction. Methods for building alignment datasets generally fall into two categories:
human-in-the-loop collection and synthetic instruction generation. The first line of work gathers
datasets through human interactions with LLMs (Databricks, 2023; Zhao et al., 2024; Zheng et al.,
2024; 2023; Köpf et al., 2023). While such data is often high quality, it is expensive to scale, time-
consuming to curate, and may contain toxic or biased content (Zhao et al., 2024). The second line
of work leverages LLMs to generate synthetic instructions from a small set of human-annotated
seeds, which are expanded using prompting strategies (Wang et al., 2023; Taori et al., 2023; Xu et al.,
2023a;b; Wang et al., 2024; Sun et al., 2023). However, these methods often suffer from limited
diversity, as generated instructions tend to resemble the original seeds (Li et al., 2024a). To address
this, some approaches attempt to broaden coverage by leveraging summaries of world knowledge
to drive generation (Ding et al., 2023; Li et al., 2024a). Our proposed PiKa dataset belongs to the
synthetic category, but differs in that we employ persona-driven prompts sampled from expert-level
profiles and selectively retain high-difficulty instances to better capture preference signals.

6 CONCLUSION

We present PiKa, a family of expert-level alignment datasets for LLMs. By leveraging persona-driven
instruction generation and automatic filtering, we curated a compact yet diverse set of SFT and
preference data that improves alignment quality. Fine-tuning experiments on Llama-3-8B show that
models trained on PiKa-SFT outperform those trained on much larger open-source datasets and
even surpass the official Llama-3-8B-Instruct model, trained on over 10M proprietary examples. We
further validate PiKa’s effectiveness across different model families, such as Qwen2.5, consistently
outperforming their official instruction-tuned counterparts. These results highlight PiKa’s potential to
make alignment research more data-efficient and accessible to the open-source community, while
suggesting future directions for studying data efficiency and mixture strategies in LLM alignment.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

REFERENCES

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama Ahmad, Ilge Akkaya, Florencia Leoni Aleman,
Diogo Almeida, Janko Altenschmidt, Sam Altman, Shyamal Anadkat, et al. Gpt-4 technical report.
arXiv preprint arXiv:2303.08774, 2023.

Mohammad Gheshlaghi Azar, Zhaohan Daniel Guo, Bilal Piot, Remi Munos, Mark Rowland, Michal
Valko, and Daniele Calandriello. A general theoretical paradigm to understand learning from
human preferences. In International Conference on Artificial Intelligence and Statistics, pp.
4447–4455. PMLR, 2024.

Yuntao Bai, Andy Jones, Kamal Ndousse, Amanda Askell, Anna Chen, Nova DasSarma, Dawn
Drain, Stanislav Fort, Deep Ganguli, Tom Henighan, Nicholas Joseph, Saurav Kadavath, Jackson
Kernion, Tom Conerly, Sheer El-Showk, Nelson Elhage, Zac Hatfield-Dodds, Danny Hernandez,
Tristan Hume, Scott Johnston, Shauna Kravec, Liane Lovitt, Neel Nanda, Catherine Olsson, Dario
Amodei, Tom Brown, Jack Clark, Sam McCandlish, Chris Olah, Ben Mann, and Jared Kaplan.
Training a helpful and harmless assistant with reinforcement learning from human feedback, 2022.

Edward Beeching, Clémentine Fourrier, Nathan Habib, Sheon Han, Nathan Lambert,
Nazneen Rajani, Omar Sanseviero, Lewis Tunstall, and Thomas Wolf. Open llm leader-
board. https://huggingface.co/spaces/open-llm-leaderboard/open_llm_
leaderboard, 2023.

Wei-Lin Chiang, Zhuohan Li, Zi Lin, Ying Sheng, Zhanghao Wu, Hao Zhang, Lianmin Zheng,
Siyuan Zhuang, Yonghao Zhuang, Joseph E. Gonzalez, Ion Stoica, and Eric P. Xing. Vicuna: An
open-source chatbot impressing gpt-4 with 90%* chatgpt quality, March 2023. URL https:
//lmsys.org/blog/2023-03-30-vicuna/.

Peter Clark, Isaac Cowhey, Oren Etzioni, Tushar Khot, Ashish Sabharwal, Carissa Schoenick, and
Oyvind Tafjord. Think you have solved question answering? try arc, the ai2 reasoning challenge.
arXiv preprint arXiv:1803.05457, 2018.

Karl Cobbe, Vineet Kosaraju, Mohammad Bavarian, Mark Chen, Heewoo Jun, Lukasz Kaiser,
Matthias Plappert, Jerry Tworek, Jacob Hilton, Reiichiro Nakano, et al. Training verifiers to solve
math word problems. arXiv preprint arXiv:2110.14168, 2021.

Ganqu Cui, Lifan Yuan, Ning Ding, Guanming Yao, Wei Zhu, Yuan Ni, Guotong Xie, Zhiyuan Liu,
and Maosong Sun. Ultrafeedback: Boosting language models with high-quality feedback. arXiv
preprint arXiv:2310.01377, 2023.

Databricks. Databricks dolly-15k, 2023. URL https://huggingface.co/datasets/
databricks/databricks-dolly-15k.

Grégoire Delétang, Anian Ruoss, Paul-Ambroise Duquenne, Elliot Catt, Tim Genewein, Christopher
Mattern, Jordi Grau-Moya, Li Kevin Wenliang, Matthew Aitchison, Laurent Orseau, Marcus
Hutter, and Joel Veness. Language modeling is compression, 2024. URL https://arxiv.
org/abs/2309.10668.

Ning Ding, Yulin Chen, Bokai Xu, Yujia Qin, Zhi Zheng, Shengding Hu, Zhiyuan Liu, Maosong
Sun, and Bowen Zhou. Enhancing chat language models by scaling high-quality instructional
conversations. arXiv preprint arXiv:2305.14233, 2023.

Matthijs Douze, Alexandr Guzhva, Chengqi Deng, Jeff Johnson, Gergely Szilvasy, Pierre-Emmanuel
Mazaré, Maria Lomeli, Lucas Hosseini, and Hervé Jégou. The faiss library. 2024.

Yann Dubois, Balázs Galambosi, Percy Liang, and Tatsunori B Hashimoto. Length-controlled
alpacaeval: A simple way to debias automatic evaluators. arXiv preprint arXiv:2404.04475, 2024.

Kawin Ethayarajh, Winnie Xu, Niklas Muennighoff, Dan Jurafsky, and Douwe Kiela. Kto: Model
alignment as prospect theoretic optimization. arXiv preprint arXiv:2402.01306, 2024.

Tao Ge, Jing Hu, Lei Wang, Xun Wang, Si-Qing Chen, and Furu Wei. In-context autoencoder
for context compression in a large language model, 2024. URL https://arxiv.org/abs/
2307.06945.

10

https://huggingface.co/spaces/open-llm-leaderboard/open_llm_leaderboard
https://huggingface.co/spaces/open-llm-leaderboard/open_llm_leaderboard
https://lmsys.org/blog/2023-03-30-vicuna/
https://lmsys.org/blog/2023-03-30-vicuna/
https://huggingface.co/datasets/databricks/databricks-dolly-15k
https://huggingface.co/datasets/databricks/databricks-dolly-15k
https://arxiv.org/abs/2309.10668
https://arxiv.org/abs/2309.10668
https://arxiv.org/abs/2307.06945
https://arxiv.org/abs/2307.06945


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Tao Ge, Xin Chan, Xiaoyang Wang, Dian Yu, Haitao Mi, and Dong Yu. Scaling synthetic data creation
with 1,000,000,000 personas, 2025. URL https://arxiv.org/abs/2406.20094.

Dan Hendrycks, Collin Burns, Steven Basart, Andy Zou, Mantas Mazeika, Dawn Song, and
Jacob Steinhardt. Measuring massive multitask language understanding. arXiv preprint
arXiv:2009.03300, 2020.

Jiwoo Hong, Noah Lee, and James Thorne. Reference-free monolithic preference optimization with
odds ratio. arXiv preprint arXiv:2403.07691, 2024.

Hamish Ivison, Yizhong Wang, Valentina Pyatkin, Nathan Lambert, Matthew Peters, Pradeep Dasigi,
Joel Jang, David Wadden, Noah A Smith, Iz Beltagy, et al. Camels in a changing climate:
Enhancing lm adaptation with tulu 2. arXiv preprint arXiv:2311.10702, 2023.

Andreas Köpf, Yannic Kilcher, Dimitri von Rütte, Sotiris Anagnostidis, Zhi Rui Tam, Keith Stevens,
Abdullah Barhoum, Duc Nguyen, Oliver Stanley, Richárd Nagyfi, Shahul ES, Sameer Suri, David
Glushkov, Arnav Dantuluri, Andrew Maguire, Christoph Schuhmann, Huu Nguyen, and Alexander
Mattick. Openassistant conversations - democratizing large language model alignment. In A. Oh,
T. Naumann, A. Globerson, K. Saenko, M. Hardt, and S. Levine (eds.), Advances in Neural
Information Processing Systems, volume 36, pp. 47669–47681. Curran Associates, Inc., 2023.
URL https://proceedings.neurips.cc/paper_files/paper/2023/file/
949f0f8f32267d297c2d4e3ee10a2e7e-Paper-Datasets_and_Benchmarks.
pdf.

Hector Levesque, Ernest Davis, and Leora Morgenstern. The winograd schema challenge. In
Thirteenth international conference on the principles of knowledge representation and reasoning,
2012.

Guohao Li, Hasan Hammoud, Hani Itani, Dmitrii Khizbullin, and Bernard Ghanem. Camel: Com-
municative agents for" mind" exploration of large language model society. Advances in Neural
Information Processing Systems, 36:51991–52008, 2023a.

Haoran Li, Qingxiu Dong, Zhengyang Tang, Chaojun Wang, Xingxing Zhang, Haoyang Huang, Shao-
han Huang, Xiaolong Huang, Zeqiang Huang, Dongdong Zhang, et al. Synthetic data (almost) from
scratch: Generalized instruction tuning for language models. arXiv preprint arXiv:2402.13064,
2024a.

Tianle Li, Wei-Lin Chiang, Evan Frick, Lisa Dunlap, Banghua Zhu, Joseph E. Gonzalez, and Ion
Stoica. From live data to high-quality benchmarks: The arena-hard pipeline, April 2024b. URL
https://lmsys.org/blog/2024-04-19-arena-hard/.

Xuechen Li, Tianyi Zhang, Yann Dubois, Rohan Taori, Ishaan Gulrajani, Carlos Guestrin, Percy
Liang, and Tatsunori B. Hashimoto. Alpacaeval: An automatic evaluator of instruction-following
models. https://github.com/tatsu-lab/alpaca_eval, 2023b.

Stephanie Lin, Jacob Hilton, and Owain Evans. Truthfulqa: Measuring how models mimic human
falsehoods. arXiv preprint arXiv:2109.07958, 2021.

Chris Yuhao Liu, Liang Zeng, Yuzhen Xiao, Jujie He, Jiacai Liu, Chaojie Wang, Rui Yan, Wei Shen,
Fuxiang Zhang, Jiacheng Xu, Yang Liu, and Yahui Zhou. Skywork-reward-v2: Scaling preference
data curation via human-ai synergy. arXiv preprint arXiv:2507.01352, 2025.

Ruibo Liu, Jerry Wei, Fangyu Liu, Chenglei Si, Yanzhe Zhang, Jinmeng Rao, Steven Zheng, Daiyi
Peng, Diyi Yang, Denny Zhou, et al. Best practices and lessons learned on synthetic data for
language models. arXiv preprint arXiv:2404.07503, 2024.

Meta. Llama 3. https://ai.meta.com/blog/meta-llama-3/, 2024.

Qwen, :, An Yang, Baosong Yang, Beichen Zhang, Binyuan Hui, Bo Zheng, Bowen Yu, Chengyuan
Li, Dayiheng Liu, Fei Huang, Haoran Wei, Huan Lin, Jian Yang, Jianhong Tu, Jianwei Zhang,
Jianxin Yang, Jiaxi Yang, Jingren Zhou, Junyang Lin, Kai Dang, Keming Lu, Keqin Bao, Kexin
Yang, Le Yu, Mei Li, Mingfeng Xue, Pei Zhang, Qin Zhu, Rui Men, Runji Lin, Tianhao Li, Tianyi
Tang, Tingyu Xia, Xingzhang Ren, Xuancheng Ren, Yang Fan, Yang Su, Yichang Zhang, Yu Wan,
Yuqiong Liu, Zeyu Cui, Zhenru Zhang, and Zihan Qiu. Qwen2.5 technical report, 2025. URL
https://arxiv.org/abs/2412.15115.

11

https://arxiv.org/abs/2406.20094
https://proceedings.neurips.cc/paper_files/paper/2023/file/949f0f8f32267d297c2d4e3ee10a2e7e-Paper-Datasets_and_Benchmarks.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/949f0f8f32267d297c2d4e3ee10a2e7e-Paper-Datasets_and_Benchmarks.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/949f0f8f32267d297c2d4e3ee10a2e7e-Paper-Datasets_and_Benchmarks.pdf
https://lmsys.org/blog/2024-04-19-arena-hard/
https://github.com/tatsu-lab/alpaca_eval
https://ai.meta.com/blog/meta-llama-3/
https://arxiv.org/abs/2412.15115


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Rafael Rafailov, Archit Sharma, Eric Mitchell, Christopher D Manning, Stefano Ermon, and Chelsea
Finn. Direct preference optimization: Your language model is secretly a reward model. In
Thirty-seventh Conference on Neural Information Processing Systems, 2023. URL https:
//openreview.net/forum?id=HPuSIXJaa9.

Zhiqing Sun, Yikang Shen, Qinhong Zhou, Hongxin Zhang, Zhenfang Chen, David Cox, Yiming
Yang, and Chuang Gan. Principle-driven self-alignment of language models from scratch with
minimal human supervision. Advances in Neural Information Processing Systems, 36, 2023.

Rohan Taori, Ishaan Gulrajani, Tianyi Zhang, Yann Dubois, Xuechen Li, Carlos Guestrin, Percy
Liang, and Tatsunori B. Hashimoto. Stanford alpaca: An instruction-following llama model.
https://github.com/tatsu-lab/stanford_alpaca, 2023.

Teknium. Openhermes dataset, 2023a. URL https://huggingface.co/datasets/
teknium/openhermes.

Teknium. Openhermes 2.5: An open dataset of synthetic data for generalist llm assistants, 2023b.
URL https://huggingface.co/datasets/teknium/OpenHermes-2.5.

Hugo Touvron, Louis Martin, Kevin Stone, Peter Albert, Amjad Almahairi, Yasmine Babaei, Nikolay
Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti Bhosale, et al. Llama 2: Open foundation
and fine-tuned chat models. arXiv preprint arXiv:2307.09288, 2023.

Junlin Wang, Roy Xie, Shang Zhu, Jue Wang, Ben Athiwaratkun, Bhuwan Dhingra, Shuaiwen Leon
Song, Ce Zhang, and James Zou. Improving model alignment through collective intelligence of
open-source llms, 2025. URL https://arxiv.org/abs/2505.03059.

Yizhong Wang, Yeganeh Kordi, Swaroop Mishra, Alisa Liu, Noah A. Smith, Daniel Khashabi, and
Hannaneh Hajishirzi. Self-instruct: Aligning language models with self-generated instructions. In
Proceedings of the 61st Annual Meeting of the Association for Computational Linguistics (Volume
1: Long Papers), pp. 13484–13508, Toronto, Canada, 2023. Association for Computational
Linguistics.

Zifeng Wang, Chun-Liang Li, Vincent Perot, Long T Le, Jin Miao, Zizhao Zhang, Chen-Yu Lee, and
Tomas Pfister. Codeclm: Aligning language models with tailored synthetic data. arXiv preprint
arXiv:2404.05875, 2024.

Jason Wei, Maarten Bosma, Vincent Zhao, Kelvin Guu, Adams Wei Yu, Brian Lester, Nan Du,
Andrew M. Dai, and Quoc V Le. Finetuned language models are zero-shot learners. In International
Conference on Learning Representations, 2022. URL https://openreview.net/forum?
id=gEZrGCozdqR.

Can Xu, Qingfeng Sun, Kai Zheng, Xiubo Geng, Pu Zhao, Jiazhan Feng, Chongyang Tao, and Daxin
Jiang. Wizardlm: Empowering large language models to follow complex instructions. arXiv
preprint arXiv:2304.12244, 2023a.

Canwen Xu, Daya Guo, Nan Duan, and Julian McAuley. Baize: An open-source chat model
with parameter-efficient tuning on self-chat data. In Houda Bouamor, Juan Pino, and Kalika
Bali (eds.), Proceedings of the 2023 Conference on Empirical Methods in Natural Language
Processing, pp. 6268–6278, Singapore, December 2023b. Association for Computational Linguis-
tics. doi: 10.18653/v1/2023.emnlp-main.385. URL https://aclanthology.org/2023.
emnlp-main.385.

Zhangchen Xu, Fengqing Jiang, Luyao Niu, Yuntian Deng, Radha Poovendran, Yejin Choi, and
Bill Yuchen Lin. Magpie: Alignment data synthesis from scratch by prompting aligned LLMs with
nothing. In The Thirteenth International Conference on Learning Representations, 2025. URL
https://openreview.net/forum?id=Pnk7vMbznK.

Da Yin, Xiao Liu, Fan Yin, Ming Zhong, Hritik Bansal, Jiawei Han, and Kai-Wei Chang. Dynosaur:
A dynamic growth paradigm for instruction-tuning data curation. arXiv preprint arXiv:2305.14327,
2023.

Rowan Zellers, Ari Holtzman, Yonatan Bisk, Ali Farhadi, and Yejin Choi. Hellaswag: Can a machine
really finish your sentence? arXiv preprint arXiv:1905.07830, 2019.

12

https://openreview.net/forum?id=HPuSIXJaa9
https://openreview.net/forum?id=HPuSIXJaa9
https://github.com/tatsu-lab/stanford_alpaca
https://huggingface.co/datasets/teknium/openhermes
https://huggingface.co/datasets/teknium/openhermes
https://huggingface.co/datasets/teknium/OpenHermes-2.5
https://arxiv.org/abs/2505.03059
https://openreview.net/forum?id=gEZrGCozdqR
https://openreview.net/forum?id=gEZrGCozdqR
https://aclanthology.org/2023.emnlp-main.385
https://aclanthology.org/2023.emnlp-main.385
https://openreview.net/forum?id=Pnk7vMbznK


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Wenting Zhao, Xiang Ren, Jack Hessel, Claire Cardie, Yejin Choi, and Yuntian Deng. Wildchat:
1m chatGPT interaction logs in the wild. In The Twelfth International Conference on Learning
Representations, 2024. URL https://openreview.net/forum?id=Bl8u7ZRlbM.

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan Zhuang, Zhanghao Wu, Yonghao Zhuang,
Zi Lin, Zhuohan Li, Dacheng Li, Eric Xing, Hao Zhang, Joseph E. Gonzalez, and Ion Stoica.
Judging LLM-as-a-judge with MT-bench and chatbot arena. In Thirty-seventh Conference on
Neural Information Processing Systems Datasets and Benchmarks Track, 2023. URL https:
//openreview.net/forum?id=uccHPGDlao.

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Tianle Li, Siyuan Zhuang, Zhanghao Wu, Yonghao
Zhuang, Zhuohan Li, Zi Lin, Eric Xing, Joseph E. Gonzalez, Ion Stoica, and Hao Zhang. LMSYS-
chat-1m: A large-scale real-world LLM conversation dataset. In The Twelfth International
Conference on Learning Representations, 2024. URL https://openreview.net/forum?
id=BOfDKxfwt0.

Chunting Zhou, Pengfei Liu, Puxin Xu, Srinivasan Iyer, Jiao Sun, Yuning Mao, Xuezhe Ma, Avia
Efrat, Ping Yu, Lili Yu, et al. Lima: Less is more for alignment. Advances in Neural Information
Processing Systems, 36, 2023.

13

https://openreview.net/forum?id=Bl8u7ZRlbM
https://openreview.net/forum?id=uccHPGDlao
https://openreview.net/forum?id=uccHPGDlao
https://openreview.net/forum?id=BOfDKxfwt0
https://openreview.net/forum?id=BOfDKxfwt0


702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

A LIMITATION

The current version of PiKa does not include math or code reasoning data. We plan to iterate on this
framework to incorporate such data in future versions. Additionally, the PiKa dataset has significant
potential for size reduction. Future work can focus on more sophisticated data selection strategies to
further reduce the training dataset, as we observe that 10k PiKa examples can achieve comparable
performance to 30k examples during training.

B ETHICS STATEMENT

We carefully synthesize data using GPT-4o and filter out unsafe, harmful, or sensitive data pairs
during the initial generation process. To the best of our knowledge, the resulting dataset does not
contain any content that could cause harm or violate ethical standards.

C EVALUATION PROMPT

C.1 DIFFICULTY EVALUATION PROMPT

We employ the following system prompt to evaluate the difficulty level of instructions:

System Prompt: You are an expert evaluator for assessing the difficulty level of instruction-
s/questions. Please evaluate the given instruction on a scale of 1-10 based on:

• Complexity of the task or question
• Level of domain knowledge required
• Cognitive load needed to understand and process
• Technical depth and sophistication

Scoring guidelines:
• 1-2: Very basic, elementary level knowledge
• 3-4: Intermediate, requires some specialized knowledge
• 5-6: Advanced, requires solid domain expertise
• 7-8: Expert level, requires deep specialized knowledge
• 9-10: Cutting-edge, requires highly specialized or research-level expertise

Please respond with ONLY a single number (1-10) representing the difficulty score.

C.2 REALISM EVALUATION PROMPT

We employ the following system prompt to evaluate the realism and feasibility of instructions:

System Prompt: You are an expert evaluator for assessing the realism and feasibility of
instructions/prompts. Please evaluate the given instruction on a scale of 1-10 based on:

• Feasibility: Can this task actually be completed in the real world?
• Practicality: Does this request make sense in real-world scenarios?
• Realistic context: Are the assumptions and requirements reasonable?
• Real-world applicability: Would someone actually need this in practice?
• Logical consistency: Are there any contradictions or impossible requirements?

Scoring guidelines:
• 1-2: Completely unrealistic, impossible to execute, or nonsensical
• 3-4: Mostly unrealistic, major feasibility issues or impractical requirements

14
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• 5-6: Somewhat realistic but has questionable assumptions or limited applicability
• 7-8: Quite realistic and feasible, minor issues but generally practical
• 9-10: Highly realistic, completely feasible, and practically useful

Please respond with ONLY a single number (1-10) representing the realism score.

C.3 QUALITY EVALUATION PROMPT

We employ the following system prompt to evaluate the quality of instruction-response pairs:

System Prompt: You are an expert evaluator for assessing the quality of instruction-response
pairs. Please evaluate the given instruction-response pair on a scale of 1-10 based on:

• Accuracy and correctness of the response
• Completeness and thoroughness of the answer
• Clarity and coherence of explanation
• Alignment between instruction and response
• Educational value and helpfulness
• Reflection of human preferences and real-world applicability

Scoring guidelines:
• 1-2: Poor quality, incorrect, unhelpful, or completely misaligned
• 3-4: Below average, partially correct but lacks clarity or completeness
• 5-6: Average quality, generally correct but could be improved
• 7-8: Good quality, accurate, clear, and helpful
• 9-10: Excellent quality, comprehensive, insightful, and highly valuable

Please respond with ONLY a single number (1-10) representing the quality score.

D EXAMPLES FROM PIKA DATASET

To illustrate the application of our evaluation framework, we present two representative examples
from the PiKa dataset with their corresponding instruction-response pairs.

D.1 EXAMPLE 1: COMPLEX SCIENTIFIC ANALYSIS

Instruction:

Provide an in-depth analysis of non-lethal whale research methods used in the
Southern Ocean, including their effectiveness compared to lethal research practices.
Discuss the ethical, ecological, and scientific advantages of these methods, and
provide examples of successful non-lethal whale studies. Additionally, examine
Japan’s whaling practices from a conservation perspective and explain how inter-
national cooperation, particularly through the International Whaling Commission,
can promote sustainable whale management.

Response:

Non-Lethal Whale Research Methods in the Southern Ocean: An In-Depth
Analysis
Whale research in the Southern Ocean has evolved significantly, with non-lethal
methods becoming increasingly effective alternatives to lethal whaling practices.
Non-lethal techniques provide valuable scientific data while preserving whale pop-
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ulations and maintaining ecological balance. These methods are widely recognized
for their ethical, ecological, and scientific advantages over lethal research practices.
Non-Lethal Research Methods
Several non-lethal approaches have been successfully implemented in whale re-
search, demonstrating their effectiveness in studying whale populations, behavior,
and health:
1. Biopsy Sampling

• Small tissue samples are obtained using a specialized dart system.
• Provides data on genetics, hormone levels, pollutants, and diet.
• Less invasive and does not harm the whale.

2. Photo Identification
• Researchers track individual whales using unique markings and patterns on

their bodies.
• Allows long-term monitoring of population dynamics and migration patterns.
• Successfully used to estimate population sizes and reproductive rates.

3. Acoustic Monitoring
• Hydrophones record whale vocalizations to study communication and popula-

tion distribution.
• Helps assess the impact of noise pollution on whale behavior.
• Provides real-time data on species presence and movement.

4. Satellite Tagging
• Non-invasive tags are attached to whales to track migration patterns and

feeding behavior.
• Offers insights into habitat use and climate change impacts on whale move-

ments.
• Long-term tracking improves conservation strategies.

5. Environmental DNA (eDNA) Analysis
• Water samples are analyzed for genetic material shed by whales.
• Enables species identification and population assessments without direct

contact.
• Emerging as a highly effective and non-invasive research tool.

Effectiveness Compared to Lethal Research Practices
Non-lethal methods provide comprehensive scientific data without harming whale
populations. Lethal research, historically justified for studying whale age, diet, and
reproductive health, has been largely discredited due to advancements in non-lethal
techniques. The effectiveness of non-lethal methods is evident in their ability to:

• Yield high-quality genetic, ecological, and behavioral data.
• Allow long-term monitoring of individual whales.
• Avoid disrupting population stability and ecosystem balance.

Ethical, Ecological, and Scientific Advantages
Ethical Benefits

• Eliminates unnecessary harm and suffering.
• Aligns with global conservation and animal welfare principles.
• Enhances public support for whale research and conservation.

Ecological Benefits

• Preserves whale populations, ensuring their role in marine ecosystems.
• Prevents disruptions in food chains and biodiversity.
• Supports sustainable ocean management efforts.

Scientific Benefits

16
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• Provides more reliable and replicable data over extended periods.
• Facilitates international collaboration in whale conservation.
• Advances knowledge of whale behavior and adaptation to environmental

changes.
Successful Non-Lethal Whale Studies
Several studies highlight the success of non-lethal research in the Southern Ocean:

• The Antarctic Humpback Whale Project (AHWP): Uses photo identifica-
tion and satellite tagging to monitor whale populations.

• Southern Ocean Research Partnership (SORP): A multinational initiative
employing acoustic monitoring and biopsy sampling.

• Australian Antarctic Division’s Whale Research Program: Uses eDNA
analysis and aerial surveys to assess whale distribution.

Japan’s Whaling Practices from a Conservation Perspective
Japan has historically conducted whaling under the guise of scientific research,
particularly in the Southern Ocean. Despite the 1986 International Whaling Com-
mission (IWC) moratorium on commercial whaling, Japan has continued whaling
operations through loopholes in the IWC framework.
Conservation Concerns

• Population Decline: Targeting endangered species, such as minke and fin
whales, threatens population recovery.

• Ecosystem Disruption: Whales play a crucial role in nutrient cycling, and
their removal affects marine biodiversity.

• Questionable Scientific Justification: Most data obtained through lethal
whaling can be collected using non-lethal methods.

International Cooperation and the Role of the IWC
The International Whaling Commission (IWC) plays a vital role in promoting
sustainable whale management through international cooperation. Key strategies
include:
1. Strengthening International Regulations

• Enforcing the moratorium on commercial whaling.
• Closing loopholes that allow scientific whaling to continue.
• Implementing stricter penalties for non-compliance.

2. Encouraging Non-Lethal Research
• Providing funding and support for non-lethal whale studies.
• Facilitating data-sharing initiatives among member nations.
• Promoting ethical research practices.

3. Diplomatic and Economic Pressure
• Encouraging Japan and other whaling nations to transition to whale-watching

industries.
• Leveraging trade agreements to incentivize compliance with conservation

efforts.
• Engaging in diplomatic negotiations to phase out unnecessary whaling.

4. Public Awareness and Advocacy
• Increasing global awareness of whale conservation issues.
• Supporting NGOs and scientific communities advocating for non-lethal re-

search.
• Encouraging responsible ecotourism as an alternative to whaling.

Conclusion
Non-lethal whale research methods in the Southern Ocean have proven to be
highly effective, offering ethical, ecological, and scientific advantages over lethal
practices. Japan’s continued whaling poses significant conservation challenges,
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but international cooperation through the IWC and other global initiatives can
promote sustainable whale management. By prioritizing non-lethal research and
enforcing conservation regulations, the global community can ensure the protection
and long-term survival of whale populations.

D.2 EXAMPLE 2: MEDICAL INFORMATION REQUEST

Instruction:

Explain the common causes of eye twitching and provide practical strategies for
treatment and prevention, including relaxation techniques, dietary adjustments, and
medical interventions. Additionally, discuss rare cases where eye twitching persists
despite treatment and when surgery may be considered as a last resort.

Response:

Common Causes of Eye Twitching
Eye twitching, also known as myokymia, is an involuntary spasm of the eyelid
muscles. It is usually benign and temporary, but persistent twitching can be
bothersome. Common causes include:

1. Fatigue and Lack of Sleep – Insufficient rest can lead to muscle spasms,
including twitching in the eyelid.

2. Stress and Anxiety – Emotional strain can trigger involuntary muscle move-
ments.

3. Caffeine and Alcohol Consumption – Excessive intake of stimulants can
overexcite the nervous system, leading to twitching.

4. Eye Strain – Prolonged screen time or reading without breaks can fatigue the
eye muscles.

5. Dry Eyes – A lack of moisture can irritate the eye and contribute to twitching.
6. Nutritional Deficiencies – Lack of essential nutrients, such as magnesium,

potassium, or vitamin B12, can cause muscle spasms.
7. Allergies – Eye irritation from allergens can lead to twitching.
8. Medication Side Effects – Some medications, including those for epilepsy

and mental health conditions, may cause eye twitching.

Treatment and Prevention Strategies
1. Relaxation Techniques

• Stress Management: Engage in activities like meditation, deep breathing, or
yoga to reduce stress.

• Adequate Sleep: Ensure you get 7-9 hours of sleep per night to allow your
body to recover.

• Eye Rest: Follow the 20-20-20 rule—every 20 minutes, look at something
20 feet away for 20 seconds to reduce eye strain.

2. Dietary Adjustments

• Reduce Caffeine and Alcohol: Cutting back on coffee, tea, and alcohol can
help minimize twitching.

• Increase Magnesium Intake: Magnesium-rich foods (nuts, spinach, bananas)
may help prevent muscle spasms.

• Stay Hydrated: Dehydration can contribute to twitching, so drink plenty of
water.

• Consume Enough Vitamin B12 and Potassium: These nutrients support
nerve function and muscle health.

3. Medical Interventions

• Artificial Tears: If dry eyes are a contributing factor, lubricating eye drops
can help.

18
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• Corrective Lenses: If eye strain is due to vision problems, glasses or contacts
may be necessary.

• Botox Injections: In cases of chronic twitching, botulinum toxin can tem-
porarily relieve symptoms by relaxing the muscles.

• Medication Adjustments: If twitching is a side effect of a prescribed drug,
consult your doctor about alternatives.

Persistent Eye Twitching and Surgical Considerations
In rare cases, eye twitching may persist despite treatment, potentially indicating
an underlying neurological disorder such as benign essential blepharospasm or
hemifacial spasm. If conservative treatments fail, surgery may be considered:

• Myectomy: A surgical procedure that removes some of the muscles responsi-
ble for twitching.

• Microvascular Decompression (for Hemifacial Spasm): A neurosurgical
procedure that relieves pressure on facial nerves.

When to See a Doctor
Seek medical attention if:

• Twitching persists for more than a few weeks.
• It affects other parts of the face.
• There is difficulty opening the eye.
• You experience vision changes or pain.

Conclusion
While most cases of eye twitching are harmless and temporary, addressing lifestyle
factors such as sleep, stress, and nutrition can help alleviate symptoms. If twitching
persists despite treatment, medical interventions—including Botox or, in rare cases,
surgery—may be necessary. Consulting a healthcare provider is essential for
persistent or severe cases to rule out underlying conditions.

E USE OF LARGE LANGUAGE MODELS IN PAPER WRITING

We used LLMs to assist with language polishing and minor formatting of the paper. No LLMs were
involved in research ideation.
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ADDITIONAL ANALYSES AND CLARIFICATIONS

E.1 EFFECT OF PROMPT DIFFICULTY

PiKa adopts a difficulty-driven construction strategy. To examine whether prompt difficulty causally
improves alignment performance, we apply a down-quality reconstruction procedure to PiKa prompts
and regenerate lower-difficulty variants using the guided template shown below. Table 4 shows
consistent monotonic improvements as difficulty increases.

System Prompt: You are an expert evaluator for assessing the difficulty level of instruction-
s/questions. Please evaluate the given instruction on a scale of 1–10 based on:

• Complexity of the task or question
• Level of domain knowledge required
• Cognitive load needed to understand and process
• Technical depth and sophistication

Scoring guidelines:
• 1–2: Very basic, elementary level knowledge
• 3–4: Intermediate, requires some specialized knowledge
• 5–6: Advanced, requires solid domain expertise
• 7–8: Expert level, requires deep specialized knowledge
• 9–10: Cutting-edge, requires highly specialized or research-level expertise

Now, instead of giving a score, please rewrite the given instruction into a new version that
would have a difficulty score of 1–2 according to the above scale.
Guidelines:

• Keep the topic and domain consistent
• Simplify the reasoning and remove complexity
• Avoid multi-step or abstract reasoning

Output strictly in JSON: { "instruction": "<rewritten easy instruction>" }

As shown above, PiKa exhibits substantially higher prompt difficulty than Magpie (average 7.39 vs.
2.65). To more directly test the causal effect of difficulty, we reconstruct lower-quality prompts and
regenerate responses using the above template. Each level reduces prompt difficulty while holding
other factors fixed. The “mid” variant is derived from the vanilla prompt, and the “low” variant is
derived from the “mid” prompt. Difficulty is re-evaluated with GPT-4o.

P ′
new = LLM(Pvanilla, score_guide),

Rnew = LLM(P ′
new).

(10)

The results in Table 4 confirm that higher prompt difficulty leads to stronger alignment gradients.

Table 4: Difficulty ablation (10k samples).

Model (10k) Difficulty LC (%) WR (%)

LLaMA-3-8B-Magpie-Pro 2.65 15.42 16.89
LLaMA-3-8B-PiKa (low) 2.91 21.86 14.95
LLaMA-3-8B-PiKa (mid) 3.64 24.36 17.84
LLaMA-3-8B-PiKa 7.39 31.01 30.32
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E.2 EFFECT OF PERSONA CONDITIONING

Persona conditioning encourages generation of more specialized, higher-difficulty, and less redundant
prompts. Removing persona information substantially reduces both difficulty and diversity. Results
are shown in Table 5.

Table 5: Persona ablation (10k samples). Mean MND (Minimum Neighbor Distance) measures
instruction redundancy (higher is better).

Model (10k) Persona Difficulty Mean MND LC (%) WR (%)

LLaMA-3-8B-PiKa none 3.11 0.0234 13.84 15.53
LLaMA-3-8B-PiKa enabled 7.39 0.497 31.01 30.32

E.3 PERSONA DOMAIN DISTRIBUTION

We analyze persona-domain coverage across the PiKa-30k dataset. Table 6 shows that personas
largely fall within broad, widely applicable domains rather than narrow or niche specialties.

Table 6: Top 10 persona-domain distribution in PiKa (percentage).

Domain Percentage

General 36.3%
Medicine 16.0%
Biology 13.3%
History 12.5%
Engineering 6.8%
Environmental Science 6.5%
Education 5.8%
Psychology 4.3%
Computer Science 4.0%

To assess robustness to domain composition, we train three PiKa-10k subsets sampled with different
seeds. Variance across runs is minimal.

Table 7: Robustness across different random samples of PiKa (10k).

Experiment LC (%) WR (%)

1 31.01 30.32
2 30.09 30.17
3 30.45 30.06

E.4 COMPARISON WITH MOAA: CONTROLLED EVALUATION

We compare PiKa to MoAA under matched evaluation settings. For LLaMA-3.1-8B-Instruct, we
directly evaluate the MoAA-SFT checkpoint released by Wang et al. (2025), and compare it with our
PiKa-30k fine-tuned version of the same model. In contrast, for the open-source LLaMA-3-8B-Base
backbone, we train both PiKa and MoAA variants ourselves to ensure a controlled comparison.

E.5 EVALUATION BIAS ACROSS DIFFERENT JUDGES

To examine whether using GPT-4o as an evaluator introduces systematic bias, we further evaluate
PiKa, LLaMA-3-Instruct, and Magpie-Pro using two independent judges: GPT-5 and GPT-4.1-mini.
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Table 8: Comparison on LLaMA-3-1-8B-Instruct using PiKa-30k vs. MoAA-SFT.

Model LC (%) WR (%) SD N Avg Len

PiKa-SFT 42.94 38.46 1.63 805 1790
MoAA-SFT 38.16 38.33 1.65 805 2235

Table 9: Open-source comparison on LLaMA-3-8B-Base.

Model LC (%) WR (%)

LLaMA-3-8B-Magpie-Pro 24.06 28.60
LLaMA-3-8B-MoAA 28.16 27.17
LLaMA-3-8B-PiKa 32.82 30.56

Results in Table 10 show that PiKa consistently outperforms baselines across all evaluators, indicating
robustness to choice of judge.

Table 10: Evaluation across different judges.

Judge Model LC (%) WR (%) SD N Avg Len

GPT-5
LLaMA-3-8B-PiKa 19.28 19.00 1.35 805 1927

LLaMA-3-8B-Instruct 15.95 16.56 1.28 805 1949
LLaMA-3-8B-Magpie-Pro 9.51 14.55 1.19 805 2461

GPT-4.1-mini
LLaMA-3-8B-PiKa 29.02 27.55 1.52 805 1927

LLaMA-3-8B-Instruct 25.44 25.53 1.45 805 1949
LLaMA-3-8B-Magpie-Pro 20.17 28.54 1.53 805 2461

E.6 LENGTH ANALYSIS ACROSS 5,000 PROMPTS

We analyze 5,000 prompts, each paired with five candidate responses, to examine whether verbosity
bias affects reward-model preferences. Reported lengths correspond to character lengths (approxi-
mately 1,300 tokens). Across all prompts, the chosen responses are on average only 7.5% longer
than the rejected ones (5,343 vs. 4,969 characters). Moreover, only 30.8% of prompts select the
longest candidate as the preferred response, and the global correlation between response length and
reward score remains mild (r = 0.31). These observations collectively indicate that length is not the
dominant factor driving reward-model decisions.

Table 11: Length analysis across 5,000 prompts.

Metric Chosen Response Rejected Response ∆% Longest Selected (%) Corr (r)

Length (chars) 5,343 4,969 +7.5% 30.8% 0.31
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