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Abstract

Aligning large language models (LLMs) is a central objective of post-training, often
achieved through reward modeling and reinforcement learning methods. Among
these, direct preference optimization (DPO) has emerged as a widely adopted
technique that fine-tunes LLMs on preferred completions over less favorable ones.
While most frontier LLMs do not disclose their curated preference pairs, the
broader LLM community has released several open-source DPO datasets, including
TuluDPO, UltraFeedback, ORPO, HelpSteer, and Code-Preference-Pairs. However,
the construction process behind these datasets often lacks valuable metadata, design
rationales, and quality annotations. This missing context makes it difficult to
understand how preferences were selected, what task types they span, and how
well they reflect human judgement on a per-sample-level. In this work, we present
the first comprehensive, data-centric analysis of open-source DPO corpora. We
leverage the Magpie framework to annotate each sample for task category, input
quality, and preference reward, a reward-model-based signal that validates the
preference order without relying on human annotations. This enables a scalable,
fine-grained inspection of preference quality across datasets, revealing structural
and qualitative discrepancies in reward margins. Building on these insights, we
systematically curate a new DPO mixture, UltraMix, that draws selectively from all
five corpora while removing noisy or redundant samples. UltraMix is 30% smaller
than the best-performing individual dataset yet exceeds its performance across
key benchmarks. We publicly release all annotations, metadata, and our curated
mixture to facilitate future research in data-centric preference optimization.

1 Introduction

Aligning large language models (LLMs) after pre-training is an important step in ensuring that models
behave helpfully and according to pre-defined preferences [1, 2]. This post-training phase refines
the base model’s behavior through additional data and supervision, guiding it toward more desirable
outputs to ensure instruction following, step-by-step reasoning, or adhering to task-specific constraints
[3, 4]. Alignment can be approached through several complementary lenses1: supervised fine-tuning
(SFT), reward modeling, and reinforcement learning (RL) [5]. Among RL-based approaches, two
methods have gained particular prominence: Proximal Policy Optimization (PPO) [6] and Direct
Preference Optimization (DPO) [7]. DPO, in particular, has emerged as a favored technique due to its

1See App. A for more details.
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efficiency and simplicity: models are directly trained to prefer one completion over another using
curated preference pairs without requiring a reward model or policy rollouts.

However, proprietary LLMs often leverage vast internal corpora for both SFT and DPO, datasets
that remain inaccessible to practitioners and researchers, often because they are not disclosed or
have licensing restrictions. Nevertheless, the open-source community has made notable progress by
releasing publicly available DPO datasets, including TuluDPO [8], UltraFeedback [9], ORPO [10],
HelpSteer [11], and Code-Preference-Pairs [12]. These corpora have become essential building blocks
for many instruction-tuned open models and contribute meaningfully to the broader reproducibility
efforts in LLM preference tuning.

While the coarse composition behind these datasets is often well-documented, they remain opaque
on a sample-level: metadata is missing, design rationales are loosely documented, and quality
annotations are largely absent. This missing context poses several challenges: First, preference
mixtures frequently depend on other datasets (often recursively or implicitly), making it hard to
trace provenance, tag overlaps, or assess originality. For instance, TuluDPO inherits samples from
UltraFeedback, but without fine-grained labels on task categories, it is difficult to isolate or reuse
subsets tailored for math, instruction following, or reasoning tasks. Second, only a few datasets such
as HelpSteer provide explicit human annotated preference scores to justify chosen completions, while
others provide only binary pairs without ranking information, making it unclear how much better the
preferred sample actually is. Finally, DPO datasets often specialize in narrow domains (e.g., code
generation or math), and comprehensive mixtures spanning multiple instruction types remain rare.

Inspired by recent work from Djuhera et al. [13], which analyzed and curated SFT datasets using
Magpie [14] annotations, we turn our attention to DPO datasets with the goal of bringing diagnostic
rigor, transparency, and reproducibility to preference optimization corpora. In particular, we use
Magpie to generate preference rewards, an independent, reward-model-based signal that helps
evaluate whether chosen completions are indeed better justified than discarded ones. This allows us
to assess preference signals at scale and to validate the reliability of the preference order, particularly
when human annotations are unavailable or inconsistent. Our main contributions are as follows:

• Large-Scale Evaluation: We present the first systematic cross-analysis of five open DPO datasets:
TuluDPO, UltraFeedback, ORPO, HelpSteer, and Code-Preference-Pairs, spanning both general-
purpose and domain-specific tasks. We conduct preference fine-tuning on two SFT models,
Tulu3-8B-SFT [8] and SmolLM2-1.7B-SFT [15], and evaluate performance across 14 benchmarks
from popular Open LLM Leaderboards [16, 17]. By holding all training parameters constant, we
allow for a fair comparison between datasets.

• Sample-Level Analysis: Using Magpie [14], we annotate each preference pair for task category,
difficulty, input quality, and preference reward, allowing us to both validate and quantify chosen
and discarded completions. In our extensive analysis, we reveal substantial variation in dataset
composition, quality, and alignment performance, both across tasks and model scales.

• New DPO Mixture: Based on our analysis, we construct UltraMix, a high-quality DPO mixture
that draws from all five datasets and is systematically curated on a per-sample-level to retain only
high-quality instructions, high-utility task categories, and coherent preference rewards, removing
redundant or noisy samples in the process. UltraMix is 30% smaller than TuluDPO and consistently
achieves better performance on key benchmarks while improving task diversity.

To support ongoing research in preference optimization, we will publicly release our code and
annotations for TuluDPO, UltraFeedback, ORPO, HelpSteer, Code-Preference-Pairs, and UltraMix.

2 Background and Motivation

In DPO, the dataset and the quality of its preference pairs are critical not only for instilling consistent
behavior but also for enhancing downstream performance. To this end, practitioners often either
combine entire DPO datasets or select subsets from multiple sources in addition to separately curated
preference pairs. However, a principled approach to constructing effective DPO mixtures would
require a comprehensive, side-by-side comparison of existing datasets, their sample qualities, and
task categories, a need that remains largely unmet. This is partly due to the computational overhead
associated with DPO training, especially at scale, as well as the lack of fine-grained annotations.
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In this work, we present the first such analysis across five widely used DPO datasets for two
representative models. We evaluate performance across scales and identify dataset-specific trade-offs.

TuluDPO. Lambert et al. [8] curated TuluDPO for post-training Llama-3.1 models [18]. The dataset
consists of 272,898 preference pairs drawn from several sources, consolidating on- and off-policy
preference data from over seven constituent datasets, including UltraFeedback and WildChat [19].
While TuluDPO represents one of the most comprehensive, general-purpose DPO corpora available,
its construction inherits samples from several upstream mixtures without per-sample metadata,
making fine-grained analysis and targeted reuse difficult.

UltraFeedback. Cui et al. [9] released curated preference pairs for over 60,000 prompts, spanning
instruction following, truthfulness, honesty, and helpfulness. Instructions were sourced from high-
quality public datasets such as FLAN [20] and their completions were sampled from 17 diverse
LLMs, including GPT-4 [21]. While UltraFeedback does provide scalar preference scores (assessed
via GPT-4), they remain inconsistent, for example, assigning the same reward score for both chosen
and discarded responses. This can occur when multiple responses demonstrate similar performance
and the preference pair is thus selected arbitrarily.

ORPO. Labonne [10] curated ORPO as a mixture of preference pairs designed for training with
Optimized Rejection-based Preference Optimization (ORPO) [22] and DPO. It aggregates 44,218
preference pairs from several high-quality sources, particularly from Argilla, with chosen responses
filtered to meet minimum reward thresholds. ORPO offers a broad distribution of general, factual,
and safety-aligned instructions for training general-purpose preference models.

HelpSteer. Wang et al. [11] curated a high-quality instruction following dataset with human anno-
tations for helpfulness, correctness, coherence, complexity, and verbosity. The small-scale dataset
comprises 10,681 prompts where each response is scored by over 1,000 human annotators on a
fine-grained Likert-scale, offering multi-dimensional preference signals rather than binary choices.
These annotations can be used to construct preference pairs, for example, based on mean scores.

Code-Preference-Pairs. Vezora [12] introduced this synthetic code dataset to train models for bug
identification and correction. Each sample contains two code variants: an accepted version with
correct functionality and inline explanations, and a discarded version where bugs are surgically
introduced without explicit indicators. The dataset spans over 55,000 preference pairs across multiple
languages and coding problems, with samples derived from several sources, including Evol-Instruct.

We selected these datasets due to their prominence in open-source community blog posts and dataset
hubs [23]. In the following sections, we benchmark the performance of each DPO dataset and conduct
an extensive side-by-side comparison of their compositions on a per-sample basis.

3 Benchmarking DPO Datasets

We use Open-Instruct [24] to perform DPO training on two representative models: Tulu3-8B-SFT [8]
and SmolLM2-1.7B-SFT [15]. These models were SFT-tuned from Llama-3.1-8B [18] and SmolLM2-
1.7B, but have not been aligned for preference yet. To assess each DPO dataset’s utility, we follow the
evaluation setup in Djuhera et al. [13] and use LM Evaluation Harness [25] to benchmark downstream
performance on 12 representative tasks from Open LLM Leaderboards V1 [16] and V2 [17], as well
as on two code generation tasks: HumanEval and HumanEval+ [26]. We use this setup for all of our
experiments. Additional details on training and evaluation are provided in App. B.

To provide a unified comparison, we report mean scores over the Leaderboard V1 and V2 benchmarks,
as well as an overall average across all 14 benchmarks in Table 1. For both Tulu3 and SmolLM2,
TuluDPO outperforms every other DPO dataset on average and on both leaderboard benchmarks,
demonstrating it is well curated across a variety of different tasks. ORPO outperforms UltraFeedback
on code, math, and reasoning tasks for Tulu3. However, for SmolLM2, UltraFeedback surpasses
ORPO on math, reasoning, and instruction following tasks. For both models, HelpSteer falls behind
UltraFeedback and ORPO, while surpassing Code-Preference-Pairs, which only shows noticeable
gains on code benchmarks. The results further reveal that SmolLM2 is significantly less capable
than Tulu3, which can be attributed to its smaller model size and its pre-training and SFT focus on
conversational chatbot behavior rather than math, code, and reasoning tasks.
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Table 1: DPO results for Tulu3-8B-SFT and SmolLM2-1.7B-SFT trained on TuluDPO, Ultrafeedback,
ORPO, HelpSteer, and Code-Preference-Pairs, evaluated on Open LLM Leaderboards (averaged) and
code benchmarks. The overall average is across all benchmarks. Best scores (row-wise) are in bold.

Tulu3-8B-SFT SmolLM2-1.7B-SFT
Benchmark SFT TuluDPO UltraFB ORPO HelpSteer CodePref SFT TuluDPO UltraFB ORPO HelpSteer CodePref

Knowledge
MMLU (5-shot) 62.30 63.47 62.53 62.31 62.04 59.96 49.46 49.49 49.63 48.65 48.50 47.47
MMLU-Pro (5-shot) 28.08 28.98 28.41 27.90 27.43 27.53 18.54 19.76 19.44 18.98 18.81 18.27
TruthfulQA (0-shot) 46.84 56.78 50.26 52.26 47.43 56.15 40.94 45.73 45.50 39.18 41.19 44.43
GPQA (0-shot) 28.44 29.61 28.69 29.70 29.36 29.95 27.60 28.27 27.94 28.10 28.61 25.59
Reasoning
ARC-C (25-shot) 54.95 57.93 56.91 56.91 54.52 45.05 48.89 50.94 49.32 48.98 46.84 46.84
BBH (3-shot) 38.59 40.46 39.91 41.80 38.15 36.07 35.62 36.08 35.48 35.29 35.71 34.65
MuSR (0-shot) 43.25 41.93 41.93 43.78 42.06 41.53 33.60 34.09 34.31 31.35 32.67 30.48
Commonsense
HellaSwag (10-shot) 60.41 64.85 62.29 60.08 61.20 53.38 52.91 53.42 53.69 53.98 52.73 50.23
WinoGrande (5-shot) 76.40 75.30 75.53 74.27 76.16 69.93 65.32 67.01 66.85 66.93 66.77 62.35
Instruction Following
IF-Eval (0-shot) 72.45 80.35 71.59 71.65 73.93 69.90 50.54 51.97 51.76 50.02 45.46 42.79
Math
GSM8K (5-shot) 76.19 79.48 78.47 81.96 76.88 76.35 46.84 48.84 48.98 47.99 48.07 44.98
MATH (4-shot) 12.08 22.66 18.81 20.39 14.88 15.11 4.46 5.63 5.87 5.44 4.08 4.42
Code (pass@1)
HumanEval 57.93 67.24 61.59 64.63 59.15 70.68 1.22 1.83 1.83 1.22 1.22 2.44
HumanEval+ 43.29 46.36 42.49 41.63 42.93 50.61 0.61 1.22 1.22 0.61 0.61 1.83
Leaderboards
Open LLM Leaderboard 1 62.85 66.30 64.33 64.63 63.04 60.14 50.73 52.57 52.33 50.95 50.68 49.38
Open LLM Leaderboard 2 37.15 40.66 38.22 39.20 37.64 36.68 28.39 29.30 29.13 28.20 27.56 26.03

Overall 50.09 53.96 51.39 52.09 50.44 50.16 34.04 35.31 35.13 34.05 33.66 32.63

These findings raise several initial research questions: First, given the general-purpose data included in
TuluDPO, can the strengths and weaknesses observed in DPO training be attributed to the distribution
of specific task categories and the quality of their associated samples? Second, how can specialized
preference datasets such as Code-Preference-Pairs be effectively combined with general-purpose
datasets to create higher-performing mixtures on individual benchmarks? Finally, can LLM-based
reward models be used to automatically verify the chosen completions in preference pairs, and if so,
can we filter out samples where the chosen response is actually inferior to the discarded one? To
address these questions, we present a detailed analysis of all of above DPO datasets in the following
sections, enabling more informed decisions about dataset composition and mixture strategies.

4 Comparative Analysis of DPO Datasets

We conduct a detailed side-by-side analysis of all considered DPO datasets. Each sample is system-
atically annotated using the Magpie framework, a customizable self-synthesis annotation pipeline,
yielding fine-grained labels for task category, input quality, difficulty, response quality, language,
and safety. These structured annotations enable evaluation of preference pairs on a per-sample-level,
allowing us to judge the preference order and correlate samples with quality and difficulty indicators.
This detailed characterization forms a principled foundation for constructing effective DPO mixtures.

4.1 Annotating DPO Samples using Magpie

Magpie leverages an LLM as a judge to assign labels for task category (12 classes), input quality (rated
from very poor to excellent), query difficulty (rated from very easy to very hard), safety (assessed
via Llama-Guard 2 [27]) and language, using specialized prompt templates (see App. C). To assess
preference rewards, we further evaluate the response quality of chosen and discarded completions
using the Llama-3-8B-Instruct-based reward model introduced by Dong et al. [28], which is fine-
tuned using the Bradley-Terry formulation on a diverse mixture of high-quality preference datasets,
including HH-RLHF [29] and SHP [30]. This particular reward model has proven to achieve strong
alignment with human preference judgments, making it a reliable signal for quantifying how well
the model completions satisfy the instruction. For all other labels, we use Llama-3.3-70B-Instruct
[18] as the judge model given its demonstrated reliability, particularly for quality and difficulty
annotations, as assessed by Djuhera et al. [13]. In the following analysis, we focus on task category,
query difficulty, input quality, and preference rewards as the primary signals for dataset comparison,
and refer to App. D.5 for additional details on low-impact language and safety distributions.
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Figure 1: Task diversity across all datasets as annotated by Magpie (excluding Code-Preference-Pairs).
Bars indicate the proportion of each dataset dedicated to different task categories. Information seeking
dominates across all datasets, followed by math and coding. See App. D.1 for more details.
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(a) Query difficulty: most instructions are labeled as
hard or medium, suggesting that both general-purpose
and domain-specific DPO datasets tend to include chal-
lenging prompts to encourage stronger alignment.
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(b) Input quality: TuluDPO, UltraFeedback, ORPO,
and Code are mostly labeled as good or excellent, indi-
cating well-formulated prompts. HelpSteer contains a
non-negligible portion of low-quality inputs.

Figure 2: DPO prompt analysis: (a) Distribution of query difficulty. (b) Distribution of input quality.

4.2 Task Categories, Query Difficulty, and Input Quality

The distribution of task categories in Fig. 1 shows that information seeking tasks dominate across
all DPO datasets, mostly involving prompts that ask for detailed explanations, context-specific
summaries, or factual clarifications that are typical for instruction following behavior. This trend
aligns with the objectives of general-purpose preference fine-tuning and is especially prevalent in
HelpSteer and UltraFeedback, where information seeking prompts account for 51% and 49% of
the data, respectively. TuluDPO and ORPO also exhibit strong coverage in this category, with
38% and 37% of samples. Math is the second most prominent category with ORPO having the
highest proportion at 29%, followed by TuluDPO at 17%. Interestingly, despite its smaller relative
proportion, TuluDPO achieves stronger performance on math benchmarks (see Table 1), suggesting
that absolute sample count and potentially higher quality samples may play a more critical role in
math tuning. Coding, creative writing, and reasoning are similarly represented among UltraFeedback
and TuluDPO, while more conversational task types such as editing, role playing, brainstorming,
and planning are typically underrepresented across all DPO datasets, each comprising only 2–6%
of the data. HelpSteer shows a relatively even distribution outside information seeking, though its
limited size restricts its overall impact on downstream performance, falling behind others. We exclude
Code-Preference-Pairs from this analysis, as it consists solely of coding samples by design. Overall,
these findings indicate that DPO datasets place strong emphasis on instruction following through
factual information seeking and structured reasoning, most notably in the domains of math and code.
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We show the corresponding distribution of query difficulty in Fig. 2a, revealing that most prompts
are labeled as “hard" or “medium", with a smaller fraction categorized as “easy". This suggests
that preference tuning across both general-purpose and domain-specific datasets tends to favor more
challenging instruction-response pairs, which may help induce stronger alignment and improved
downstream performance. Fig. 2b further shows the distribution of input quality for all datasets,
showing that TuluDPO, UltraFeedback, ORPO, and Code-Preference-Pairs contain predominantly
high-quality prompts, with more than 75% rated as either “good" or “excellent". This reflects the
filtering processes employed during curation. In contrast, HelpSteer, being more broadly distributed
in topic and style, contains a non-negligible portion of 35% of prompts rated as “average", “poor",
or “very poor", indicating either lack of context or underspecified user intent. We provide additional
insights into how query difficulty and input quality vary by task category in App. D.2 and App. D.3.

Our Magpie annotations in Fig. 1 and Fig. 2 reveal several shared patterns across the examined
datasets: (a) preference alignment is most effectively instilled through factual information seeking,
math, and code, (b) stronger alignment is elicited by more challenging instructions, and (c) quality
matters as most high-performing DPO datasets contain precise prompts to maximize alignment signal.

4.3 Preference Reward Analysis
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Figure 4: Histogram of reward differences be-
tween chosen and rejected completions.
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Figure 5: Average reward assigned to chosen com-
pletions across different input quality levels.

As we compute preference rewards using an in-
dependent reward model, it also serves as a ver-
ification mechanism for existing reward annota-
tions found in UltraFeedback and HelpSteer. To
this end, we use the specialized reward model
to first evaluate whether the chosen completion
in each preference pair indeed receives a higher
reward than the rejected one. Surprisingly, we
observe a non-negligible number of cases where
the reward model assigns a higher score to the
discarded response. Fig. 3 shows, for each DPO
dataset, the proportion of samples where the cho-
sen completion is correctly preferred according
to the reward model. TuluDPO, UltraFeedback,
ORPO, and HelpSteer exhibit similar patterns,
with only 70–80% of samples aligning with the
chosen preference. This supports our earlier state-
ment that preference decisions may sometimes
be arbitrary or based on near-identical comple-
tions. In addition, this shows that GPT-4-based
reward annotations in UltraFeedback, as well as
the simplistic use of mean scores in HelpSteer,
are often misaligned with the judgments of a ded-
icated reward model such as the one used in our
analysis. Interestingly, Code-Preference-Pairs ap-
pears less affected by such inconsistencies. This
may be due to more salient signals (e.g., missing
comments or syntax errors) in code tasks, making
it easier for both humans and reward models to
distinguish between preference pairs.

To further evaluate the reliability of our reward
model, we compute the difference between pref-
erence rewards of chosen and rejected comple-
tions for each sample, and present the resulting
distribution in Fig. 4. The histogram reveals
that for more comprehensive datasets such as
TuluDPO, UltraFeedback, and ORPO, the reward
differences are more broadly distributed, reach-
ing the positive tails and indicating a clearer sepa-
ration between good and bad completions. Code-
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Preference-Pairs similarly extends to the positive tail but also exhibits smaller differences, particularly
for examples where the code is functionally identical but the chosen completion includes additional
commentary, making the distinction more subtle. In contrast, HelpSteer shows a distribution centered
more closely around zero, suggesting that most of its preference pairs consist of similarly rated com-
pletions. This further supports our earlier observation that HelpSteer may provide weaker alignment
signals due to less high-quality input signals.

To further examine the relationship between input quality and preference rewards, we analyze the
average reward assigned to chosen completions across different input quality levels in Fig. 5. The
results reveal a clear upward trend for most datasets: higher input quality is associated with higher
preference rewards. This suggests that model completions are strongly correlated with the quality of
the prompt, providing, to our knowledge, the first empirical evidence that poorly written instructions
may lead to subpar preference alignment. Interestingly, Code-Preference-Pairs exhibits a notable
outlier for inputs rated as “very poor”. Upon further inspection, many of these prompts contain either
contradictory requirements or missing information, but completions still produce fully functional
responses by falling back on reasonable assumptions or using dummy examples.

From this analysis, we conclude that our preference reward annotations uncover several non-trivial
insights into dataset quality and curation practices. Most notably, our independent reward model
is able to identify potentially misaligned preference pairs. Further, our findings highlight that
both input quality as well as the difference in preference rewards between chosen and discarded
completions emerge as useful filtering criteria, motivating the construction of cleaner and potentially
more performant DPO mixtures by selectively retaining samples with high-quality prompts and
well-aligned preferences. We refer to App. D for additional results and insights.

5 Using Annotations to Design Reward-Based Data Curation Recipes

We leverage our annotations of input quality and preference rewards to curate a new DPO mixture
that draws from all five examined datasets. To this end, we design a set of filters and evaluate their
effectiveness through ablation experiments. Our objective is to construct a new mixture that surpasses
the current best-performing TuluDPO by selectively retaining only high-quality samples whose
preference rewards are aligned with the judgments of our independent reward model.

5.1 Quality- and Reward-Based Curation Recipe

Recipe. We curate an initial mixture by selecting from each dataset only those samples where (a)
input quality is high (“excellent” or “good”), (b) difficulty is greater than “very easy” (due to low
correlation with downstream performance), and (c) the chosen preference reward is higher than the
discarded one (ensuring alignment with our reward model). From each filtered dataset, we then retain
samples above the 25th percentile of preference rewards for TuluDPO, UltraFeedback, ORPO, and
HelpSteer, and apply a stricter threshold at the 80th percentile for Code-Preference-Pairs to avoid
over-representing code-related data. To further reduce redundancy, we also perform deduplication, as
TuluDPO contains a substantial overlap with UltraFeedback. This recipe yields a mixture of 170k
samples (37% smaller than TuluDPO), which we refer to as UltraMix-170k.

Performance Analysis. Table 2 compares evaluation results for UltraMix-170k (UM-170k) against
TuluDPO. For Tulu3, UltraMix-170k marginally outperforms TuluDPO on overall scores and Open-
LLM leaderboard metrics. This improvement is driven primarily by a substantial increase on
TruthfulQA from 56.78% to 61.45%, as well as gains on BBH reasoning. However, UltraMix-170k
underperforms on key benchmarks, particularly on both code tasks, MATH, and IFEval, indicating
that the curation process could be further refined to boost performance in these areas. For SmolLM,
UltraMix-170k tends to underperform TuluDPO in both the overall average and individual leaderboard
scores, again with notable gains only on TruthfulQA, where UltraMix-170k improves performance
from 45.73% to 48.10%. This suggests that smaller models are more sensitive to data selection.

Given that most LLM benchmarks heavily emphasize coding, math, and instruction following tasks,
our initial curation strategy may be too simplistic, not capturing enough samples required for strong
downstream performance on code and math benchmarks. In particular, filtering samples based solely
on high preference rewards may have removed valuable instruction following examples, especially
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Table 2: DPO results for Tulu3-8B-SFT and SmolLM2-1.7B-SFT trained on our curated DPO
mixtures UltraMix-170k (UM-170k), UltraMix-187k (UM-187k), and UltraMix-190k (UM-190k),
compared to TuluDPO on Open LLM Leaderboards (averaged) and code benchmarks. The overall
average is across all benchmarks. Best scores (row-wise) are in bold.

Tulu3-8B-SFT SmolLM2-1.7B-SFT
Benchmark SFT TuluDPO UM-170k UM-187k UM-190k SFT TuluDPO UM-170k UM-187k UM-190k

Knowledge
MMLU (5-shot) 62.30 63.47 63.27 64.19 64.61 49.46 49.49 48.97 49.32 49.89
MMLU-Pro (5-shot) 28.08 28.98 28.50 30.24 30.96 18.54 19.76 19.31 20.50 20.87
TruthfulQA (0-shot) 46.84 56.78 61.45 63.85 63.32 40.94 45.73 48.10 50.38 50.24
GPQA (0-shot) 28.44 29.61 29.94 31.46 31.87 27.60 28.27 27.92 29.85 30.43
Reasoning
ARC-C (25-shot) 54.95 57.93 57.63 58.34 58.70 48.89 50.94 48.62 49.82 50.48
BBH (3-shot) 38.59 40.46 44.68 44.21 44.96 35.62 36.08 35.24 36.24 36.96
MuSR (0-shot) 43.25 41.93 42.43 43.42 44.02 33.60 34.09 33.22 36.66 37.14
Commonsense
HellaSwag (10-shot) 60.41 64.85 63.43 64.02 64.82 52.91 53.42 52.84 54.93 55.09
WinoGrande (5-shot) 76.40 75.30 74.98 76.38 77.06 65.32 67.01 65.48 67.27 67.86
Instruction Following
IF-Eval (0-shot) 72.45 80.35 79.38 80.19 81.13 50.54 51.97 50.80 51.81 52.54
Math
GSM8K (5-shot) 76.19 79.48 79.98 80.93 82.48 46.84 48.84 47.96 49.45 50.14
MATH (4-shot) 12.08 22.66 21.22 22.03 23.56 4.46 5.63 5.35 5.82 6.05
Code (pass@1)
HumanEval 57.93 67.24 65.61 68.06 69.05 1.22 1.83 1.83 2.44 2.44
HumanEval+ 43.29 46.36 45.76 47.67 48.08 0.61 1.22 1.22 1.83 1.83
Leaderboards
Open LLM Leaderboard 1 62.85 66.30 66.79 67.95 68.50 50.73 52.57 52.00 53.53 53.95
Open LLM Leaderboard 2 37.15 40.66 41.02 41.92 42.75 28.39 29.30 28.64 30.15 30.67

Overall 50.09 53.96 54.16 55.36 56.04 34.04 35.31 34.78 36.17 36.57

Table 3: Distribution of task categories associated with instruction following capabilities. Our initial
UltraMix-170k dataset underrepresents information seeking and reasoning tasks relative to TuluDPO.

Task Category TuluDPO UltraMix-170k UltraMix-187k UltraMix-190k

Math 5.3% 24.8% 22.1% 19.6%
Coding & Debugging 12.7% 17.3% 14.5% 12.9%
Information seeking 48.6% 28.5% 33.4% 38.7%
Reasoning 19.0% 5.8% 7.9% 9.2%

from TuluDPO, thereby negatively impacting results on these benchmarks. We explore this hypothesis
further through a distributional analysis of the resulting mixture per task category.

Task Analysis. Our initial mixture underperforms on benchmarks that heavily rely on instruction
following capabilities. This is a critical skill that has been shown to influence performance across
a wide range of tasks, as observed by Lambert et al. [8], Djuhera et al. [13], and Cohere et al. [31].
Since the majority of samples in our mixtures originate from TuluDPO (due to its significantly larger
size compared to the other DPO datasets), we examine the distribution of instruction following task
categories in Table 3. The analysis reveals that UltraMix-170k underrepresents information seeking
and reasoning samples, with relative reductions of 20% and 13%, respectively. In contrast, the
proportions of math and coding samples have increased. However, as previously noted, performance
on these categories tends to depend on absolute sample count than relative proportion. These findings
confirm that our quality-based curation recipe would benefit from additional task-aware filtering to
preserve a stronger representation of instruction following tasks that increase overall performance.

5.2 Quality-, Reward- and Task-Based Curation Recipe

Adapted Recipe. We extend our previous reward-based curation strategy using two boosting
techniques. First, we increase the absolute sample count, particularly for math and code, to improve
overall performance. To this end, we augment UltraMix-170k with 25% more samples from TuluDPO,
UltraFeedback, ORPO, HelpSteer, and Code-Preference-Pairs, where the chosen preference reward is
higher than the discarded one. This yields 17,000 additional samples, resulting in UltraMix-187k.
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Next, we specifically boost instruction following. Since the current augmentation already includes
most very high-quality samples, we select additional information seeking and reasoning examples
with preference rewards above the 70th percentile but with slightly lower “average” input quality.
This adds another 3,000 samples, yielding UltraMix-190k, which remains 30% smaller than TuluDPO.

This adapted recipe captures a broader set of high-quality samples, especially for math and code,
while also recovering strategically selected instruction following tasks by moderately relaxing quality
constraints. As shown in Table 3, UltraMix-187k and UltraMix-190k contain a 5% and 10% increase
in essential information seeking samples, as well as an increase in reasoning samples, relative to our
previous mixture. We present additional details on our curation recipe in App. E.

Performance Analysis. Table 2 presents the corresponding evaluation results for UltraMix-187k and
UltraMix-190k. Across nearly all benchmarks, the instruction-boosted UltraMix-190k significantly
outperforms UltraMix-187k, and, most notably, TuluDPO.

Compared to UltraMix-170k, we observe substantial improvements for both new mixtures on IFEval,
GSM8K, MATH, and coding, suggesting that the inclusion of more samples has increased overall
performance across benchmarks. While UltraMix-187k still underperforms TuluDPO on IFEval
and MATH, the additional 3,000 instruction following samples in UltraMix-190k have led to a
compounding performance boost across all benchmarks despite a slightly lower input quality. This
corroborates the observations by Lambert et al. [8], Djuhera et al. [13], and Cohere et al. [31] that
instruction following samples can lead to noticeable cross-task performance improvements.

For Tulu3, coding performance for UltraMix-190k now closely approaches that of Code-Preference-
Pairs, with HumanEval and HumanEval+ reaching 69.05% and 48.08%, respectively, compared to
70.68% and 50.61% (see Table 1). IFEval further improves to 81.13% from 80.35% on TuluDPO
and from 79.38% on UltraMix-170k. In addition, GSM8K shows a notable increase to 82.48% from
79.48% on TuluDPO, and MATH rises to 23.56%, improving over TuluDPO’s 22.66%.

For SmolLM, we observe similar trends for UltraMix-190k. GSM8K reaches 50.14% compared to
48.84% on TuluDPO and 47.96% on UltraMix-170k, while MATH improves to 6.05% from 5.63%.
IFEval also increases to 52.54% from 51.97%. In addition, coding performance improves slightly
to 2.44% and 1.83% on HumanEval and HumanEval+. However, these gains remain modest, as
SmolLM lacks coding and reasoning capabilities due to its pre-training focus on conversational use.

Collectively, these results show that UltraMix-190k consistently achieves top-tier performance across
a diverse set of tasks and models, offering substantial efficiency gains with 30% fewer samples
than TuluDPO while exceeding its performance. We refer to App. F for a dedicated analysis of
the corresponding DPO training efficiency. These findings confirm the effectiveness of our adapted
reward-based data curation recipe. We designate UltraMix-190k as our final UltraMix DPO dataset.

6 Conclusion

In this work, we systematically analyzed and compared five widely used DPO post-training datasets:
TuluDPO, UltraFeedback, ORPO, HelpSteer, and Code-Preference-Pairs. By annotating each prefer-
ence pair with labels for input quality, difficulty, and preference reward, we identified high-reward,
high-quality samples and developed a principled data curation strategy grounded in insights from
targeted ablation studies. Our curation strategy led to the construction of UltraMix, a new DPO
mixture that is 30% smaller than TuluDPO while achieving superior performance across a broad set
of evaluation benchmarks. Our analysis also uncovered substantial inconsistencies in the ranking of
chosen versus discarded completions in existing DPO datasets, suggesting that rankings and scores
can be misleading when assessed by an independent reward model. The results presented in this study
support several key takeaways: (a) high-reward samples are critical for driving performance gains
in DPO training, (b) pre-trained reward models can offer more reliable signals than pre-annotated
scores, and (c) the optimal composition of data mixtures is task-sensitive, requiring careful trade-offs
between quality and task diversity, in particular for instruction following tasks. We validate the
competitiveness of UltraMix by conducting extensive evaluations across diverse benchmarks and two
LLMs of different sizes. By illustrating how quality-aware curation can reduce data requirements
while increasing model performance, our work provides a strong foundation for future efforts in
systematic, reward-aligned DPO dataset design. We discuss limitations and broader impact in App. G
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A Post-Training Large Language Models

While pre-training enables models to acquire broad linguistic competence and world knowledge,
post-training adapts models to follow instructions, specialize in tasks, and behave helpfully.

A.1 General Post-Training Methods

Post-training typically involves instruction tuning through supervised fine-tuning (SFT), followed by
preference fine-tuning, for example using reinforcement learning (RL).

Supervised Fine-Tuning (SFT). SFT adapts pre-trained LLMs for either broad or specialized
domain knowledge. This is done using instruction-response examples, which may originate from
human annotations or synthetic generation. Through next-token prediction, the model learns to
generalize across diverse domains and specialized tasks, resulting in an instruction-tuned model that
responds helpfully. Although SFT enhances a model’s ability to follow instructions and handle a
wide range of tasks, it does not necessarily align the model’s outputs with pre-defined preferences.

Preference Fine-Tuning. The goal of preference fine-tuning is is to align the SFT model’s output
distribution with behavior that appeals to human preferences or adheres to task-specific objectives.
This is commonly achieved by leveraging a learned reward signal or explicit preference annotations
to steer the model toward generating responses that reflect pre-defined behavior such as increased
helpfulness, harmlessness, honesty, and style. Widely used methods for preference-based alignment
include Proximal Policy Optimization (PPO) [6] and Direct Preference Optimization (DPO) [7].

Reasoning Alignment. Recent work has explored RL methods that enhance a model’s capacity for
structured reasoning. For instance, Group Relative Policy Optimization (GRPO) [32] has been pro-
posed to elicit deeper, multi-step thinking by refining reward signals through group-based preference
aggregation. In parallel, several reasoning-centric datasets have been introduced [33–37], focusing on
task formats that explicitly promote step-by-step problem solving and reflective thought processes.

A.2 Focus on DPO

The primary goal of this paper is to analyze the quality and composition of preference optimization
datasets while keeping the overall training procedure fixed, enabling a fair comparison. In particular,
we focus on DPO, which has become the most widely adopted approach for preference-based
alignment due to its simplicity and efficiency. Unlike PPO that requires both reward modeling
and costly policy rollouts, DPO operates directly on preference pairs, making it well suited for
dataset-centric comparisons given the large availability of several open-source DPO corpora.

Similar efforts have been pursued by Djuhera et al. [13] for post-training with SFT, demonstrating
that task-aware dataset design can improve performance while reducing overall dataset size. However,
the diversity of existing post-training methods, including SFT, PPO, and others, implies that dataset
requirements are highly method-dependent, complicating direct comparisons across approaches. For
instance, unlike SFT, DPO is based on the Bradley-Terry formulation, which relies on pairwise
preference samples for optimization. As a result, curation strategies developed for SFT may not be
directly applicable to DPO datasets. To address this gap, we focus specifically on post-training with
DPO, analyzing the role of preference rewards and assessing the reliability of pre-annotated scores,
thus going beyond binary preference labels to enable more insightful dataset construction.

Our evaluation demonstrates that reward-based dataset design is a critical factor in DPO training: by
systematically annotating, analyzing, and curating open-source DPO corpora based on preference
rewards and quality, we construct UltraMix, a leaner mixture that outperforms larger individual
datasets across diverse benchmarks.
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B Experimental Setup

We present details on the training and evaluation configurations used throughout our experiments.

B.1 DPO Fine-Tuning

To ensure reproducibility and comparability, we fine-tune all models for DPO using AllenAI’s Open-
Instruct framework2. Unlike SFT, where loss aggregation across tokens requires careful handling
to avoid length bias, the DPO objective is inherently length-normalized [7, 8]. This formulation
ensures that completions of different lengths are treated equitably, and it avoids instabilities from
batch composition or sequence length distributions observed in prior SFT pipelines.

To ensure consistency, we fix the training hyperparameters for each model across all experiments and
apply DPO strictly on models that have already been fine-tuned via SFT using their instruction-tuning
datasets. To this end, we use the SFT checkpoints from HuggingFace. For Tulu3-8B-SFT, we adopt
the same hyperparameters as in Lambert et al. [8], and for SmolLM2-1.7B-SFT, we follow Allal et al.
[15]. Specifically, we set the KL-penalty coefficient (referred to as dpo_beta in Open-Instruct) to
5 for Tulu3-8B-SFT and to 0.5 for SmolLM2-1.7B-SFT. We use the length-normalized DPO loss
(dpo_loss_type=norm), following the recommendation in Lambert et al. [8].

Training is performed using BF16 mixed precision with Fully Sharded Data Parallelism (FSDP) on 8
× NVIDIA A100 80GB GPUs. Table 4 provides the DPO training configurations for both models.

Table 4: DPO training hyperparameters for the Tulu3-8B-SFT and SmolLM2-1.7B-SFT models.
Parameter Tulu3-8B-SFT SmolLM2-1.7B-SFT

Total Batch Size 128 128
Per-Device Batch Size 1 1
Gradient Accumulation Steps 16 16
Max Sequence Length 2048 1024
Number of Epochs 1 2
Learning Rate 5× 10−7 1× 10−6

LR Scheduler Linear Linear
Warmup Ratio 0.1 0.0
Weight Decay 0.0 0.0
DPO Beta 5 0.5

B.2 Evaluation Setup

We assess model performance using the LM Evaluation Harness framework [25], a widely adopted
standard for evaluating language models across diverse benchmark suites. To ensure a comprehensive
and task-diverse evaluation, we include benchmarks from Open LLM Leaderboards V1 [16] and
V2 [17] to gauge downstream task performance under competitive public standards. This spans
Knowledge (e.g., MMLU [38], TruthfulQA [39]), Reasoning (e.g., BBH [40], ARC-C [41]), Common-
sense Understanding (e.g., HellaSwag [42], WinoGrande [43]), Instruction Following (e.g., IF-Eval
[44]), Mathematical Reasoning (e.g., GSM8K [45], MATH [46]), and Coding (e.g., HumanEval,
HumanEval+ [26]), ensuring a fair comparison between models and data mixtures.

2https://github.com/allenai/open-instruct
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C Magpie Annotations

This section provides a brief overview of the Magpie annotation framework.

C.1 General Overview

Magpie [14] is a self-synthesis framework that derives alignment-oriented annotations from open-
weight, instruction-tuned language models without requiring human labels or handcrafted seed
prompts. Although the framework is also capable of generating new instruction-response pairs, in
this work we rely exclusively on its annotation capabilities.

Magpie employs specialized judge models to automatically label individual samples across multiple
dimensions (e.g., prompt quality, task type, and safety), making it possible to obtain large-scale
annotations that would be prohibitively expensive to collect through manual labeling. This additional
metadata enables more principled dataset filtering, stratification, and targeted analysis.

Magpie supports the following annotation labels:

• Input Quality (very poor – excellent): assesses prompt clarity, specificity, and structure,
accompanied by a short textual justification (“quality explanation").

• Task Category: maps each prompt to one of 12 categories, such as Coding & Debugging,
Reasoning, Information Seeking, Brainstorming, Creative Writing, Advice Seeking, Math,
Planning, Editing, Role Playing, Data Analysis, or Other.

• Input Difficulty (very easy – very hard): estimates the cognitive demand of the prompt.
Each sample is further tagged with intent (user goal) and knowledge (required competence).

• Response Quality: provides a scalar judgment of the response, scored by a reward model.
• Safety: classified using a dedicated safety model.
• Language: detects the language of the prompt.

A key feature of Magpie is its modularity: any instruction-tuned LLM can, in principle, serve
as the judge model. In its default configuration, Magpie relies on Llama-3-8B-Instruct [18] for
general annotation and Llama-Guard 2 [27] for safety assessment. In our pipeline, we use Llama-3.3-
70B-Instruct [18] as the judge model given its demonstrated reliability, particularly for quality and
difficulty annotations, as assessed by Djuhera et al. [13]. In addition, we also incorporate the error-
tolerant JSON parsing extensions to Magpie from Djuhera et al. [13], which help handle formatting
inconsistencies and free-form outputs during the annotation process.

C.2 Preference Reward Assessment

We assess preference rewards by adapting Magpie to evaluate the response quality of each completion.
To this end, we rely on an independent, specialized reward model that has been fine-tuned on multiple
preference datasets. Specifically, we use the Llama-3-8B-Instruct-based reward model introduced by
Dong et al. [28], which is trained using the Bradley-Terry formulation on a diverse set of high-quality
preference datasets, including HH-RLHF [29] and SHP [30]. This reward model has demonstrated
strong alignment with human preference judgments, making it a reliable signal for quantifying how
well a model completion satisfies the given instruction.

The model assigns a scalar reward score (higher is better) to both the chosen and rejected completions
in each preference pair. We use these scores in our analysis to verify the correctness of the original
preference order. Implementation details can be found in our publicly released Magpie codebase, and
we make all preference reward scores available as part of our annotated datasets.
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D Extended Analysis

We present extended analyses of our annotated DPO post-training datasets, covering dataset composi-
tion, task distributions, difficulty and quality metrics, as well as preference reward evaluations.

D.1 Dataset Compositions per Task Category

Tables 5 and 6 compare the composition of each DPO dataset by task category, as labeled by Magpie.
This provides a sample-level view of how different task types are distributed across all examined
open-source datasets, as well as our curated DPO mixtures.

The breakdown in Table 5 complements the analysis presented in Fig. 1, showing that general-
purpose datasets like TuluDPO and ORPO are more strategically distributed with high proportions in
information seeking, math, and coding.

Table 6 compares the distributions for each DPO mixture according to our applied curation recipes,
showing that UltraMix-187k and UltraMix-190k increase the proportion of information seeking and
reasoning samples, leading to compounding improvements across benchmarks as a result of both a
broader task mix associated with instruction following and an increase in absolute sample count.

Table 5: Dataset composition per task category for all examined open-source DPO datasets.
Task Category TuluDPO UltraFeedback ORPO HelpSteer CodePref

Information seeking 38.3% 49.1% 37.6% 50.8% 0.0%
Reasoning 9.1% 9.8% 4.7% 3.4% 0.0%
Coding & Debugging 12.4% 13.4% 8.5% 5.2% 100.0%
Editing 1.6% 2.4% 1.2% 2.8% 0.0%
Math 16.7% 3.6% 28.9% 3.3% 0.0%
Advice seeking 3.1% 3.9% 4.4% 6.8% 0.0%
Planning 1.9% 3.4% 3.5% 6.0% 0.0%
Creative writing 9.8% 6.3% 4.9% 8.6% 0.0%
Brainstorming 2.1% 3.0% 2.4% 5.4% 0.0%
Data analysis 2.0% 2.1% 1.5% 1.7% 0.0%
Role playing 1.5% 1.5% 1.4% 5.1% 0.0%
Others 1.5% 1.3% 1.0% 0.8% 0.0%

Table 6: Dataset composition per task category for our curated UltraMix variants.
Task Category UltraMix-170k UltraMix-187k UltraMix-190k (UltraMix)

Information seeking 31.4% 31.8% 32.7%
Reasoning 5.6% 7.1% 7.4%
Coding & Debugging 21.5% 21.0% 20.7%
Editing 1.6% 1.5% 1.5%
Math 18.6% 19.3% 19.0%
Advice seeking 2.9% 2.6% 2.5%
Planning 3.1% 2.4% 2.3%
Creative writing 9.7% 8.9% 8.8%
Brainstorming 1.7% 1.5% 1.5%
Data analysis 2.7% 2.4% 2.4%
Role playing 0.9% 1.1% 1.1%
Others 0.2% 0.2% 0.1%
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D.2 Query Difficulty per Task Category

Fig. 6 to Fig. 10 show the distribution of query difficulty across task categories for each DPO dataset.
This analysis complements Fig. 2a, confirming that most prompts are labeled as “hard” or “medium”,
with only a smaller fraction categorized as “easy”. This suggests that preference tuning, across both
general-purpose and domain-specific datasets, emphasizes more challenging instruction-response
pairs, which may contribute to stronger alignment and improved downstream performance.
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Figure 6: Distribution of query difficulty per task category for TuluDPO.
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Figure 7: Distribution of query difficulty per task category for UltraFeedback.
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Figure 8: Distribution of query difficulty per task category for ORPO.
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Figure 9: Distribution of query difficulty per task category for HelpSteer.
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Figure 10: Distribution of query difficulty per task category for Code-Preference-Pairs.
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D.3 Input Quality per Task Category

Fig. 11 to Fig. 15 show the distribution of input quality across task categories for each DPO dataset.
This analysis complements Fig. 2b, confirming that ORPO, and TuluDPO, UltraFeedback, ORPO,
and Code-Preference-Pairs contain predominantly high-quality prompts, with more than 75% rated
as either “good" or “excellent". In contrast, HelpSteer exhibits a more even distribution, with a
non-negligible portion of prompts rated as “average", “poor", or “very poor". Many of these samples
show a lack of context or underspecified user intent, suggesting that a quality filter could be applied
to remove low-quality instances.
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Figure 11: Distribution of input quality per task category for TuluDPO.
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Figure 12: Distribution of input quality per task category for UltraFeedback.
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Figure 13: Distribution of input quality per task category for ORPO.

Information
seeking

Math Coding &
Debugging

Creative
writing

Reasoning Advice
seeking

Data
analysis

Role
playing

Brainstorming Editing Planning Others0

10

20

30

40

50

60

P
er

ce
nt

ag
e

of
Sa

m
pl

es
(%

)

Input Quality by Task Category for HelpSteer
Input Quality

excellent
good
average
poor
very poor

Figure 14: Distribution of input quality per task category for HelpSteer.
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Figure 15: Distribution of input quality per task category for Code-Preference-Pairs.
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D.4 Preference Reward Analysis

We present additional results and insights on the distribution of preference rewards across task
categories, as well as their relationship to query difficulty and input quality.

D.4.1 Preference Rewards per Task Category

Fig. 16 shows the distribution of preference rewards per DPO dataset across task categories for all
samples in which the chosen completion is correctly preferred over the rejected one, according to
our reward model. This analysis complements Fig. 3 and confirms that most categories contain a
non-negligible portion of misaligned rewards in preference pairs. This suggests that pre-annotated
scores and binary preference orders do not always align with the judgment of an independent, reward-
aligned model. These findings further support the use of reward-based filtering to identify high-reward
samples that may enhance alignment during DPO while simultaneously reducing dataset size by
filtering out noisy or redundant examples.

Information
seeking

Math Coding &
Debugging

Creative
writing

Reasoning Advice
seeking

Data
analysis

Role
playing

Brainstorming Editing Planning Others0

20

40

60

80

100

P
er

ce
nt

ag
e

of
Sa

m
pl

es
(%

)

Chosen Preference Reward > Rejected Preference Reward per Task Category
TuluDPO UltraFeedback ORPO HelpSteer CodePreferences

Figure 16: Distribution of preference rewards across task categories for all examined open-source
DPO datasets. We present the reward-aligned proportions in which the chosen completions are
correctly preferred over the rejected ones, according to our reward model.

D.4.2 Preference Reward vs. Query Difficulty

Fig. 17 compares average preference rewards for chosen and rejected completions (filtered and aligned
with our reward model) across different levels of query difficulty. We observe that, for both chosen
and discarded responses, reward scores tend to increase as query difficulty increases. This extends
our previous findings, suggesting that higher-difficulty prompts are more likely to be associated
with high-reward completions. The trend is most prominent in Fig. 17b, while Fig. 17a shows
Code-Preference-Pairs as a notable outlier. As discussed in the main body and observed in Fig. 10
and Fig. 16, this skew arises from the dataset’s unique composition, often featuring code samples
where the only difference between completions is the presence or absence of inline comments, thus
resulting in a disproportionate distribution of preference rewards across difficulty levels.

In addition, Fig. 18 shows the distribution of average chosen preference rewards across query
difficulty levels for each DPO dataset individually, providing further insights into per-dataset-level
characteristics. Specifically, Fig. 18a to Fig. 18e confirm our above statements, showing that more
difficult samples tend to yield higher preference reward scores as observed by the visible shifts in
chosen preference rewards for increasing difficulty across datasets.
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(a) Difficulty vs. average chosen preference reward.
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(b) Difficulty vs. average rejected preference reward.

Figure 17: Comparison of average preference rewards against query difficulty.
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Figure 18: Comparison of chosen preference reward distributions against query difficulty for all
examined open-source DPO datasets.
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D.4.3 Preference Reward vs. Input Quality

Fig. 19 compares average preference rewards for chosen and rejected completions (filtered and
aligned with our reward model) across different levels of input quality. We observe that, similarly to
query difficulty, reward scores tend to increase as input quality increases. This further corroborates
our previous statements, suggesting that high-quality instructions are likely to be associated with
high-reward completions and are thus an important factor for effective DPO alignment. We provide
additional per-dataset-level distributions in Fig. 21 for all our examined open-source DPO datasets.
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Figure 19: Comparison of average preference rewards against input quality.

D.5 Language and Safety Analysis

Fig. 20 shows the distribution of language and safety across all examined open-source DPO datasets.
We find that most datasets are predominantly English (96–99%), with the exception of TuluDPO,
which includes approximately 12% non-English samples, primarily in French and German. All
datasets are also rated as overwhelmingly safe (95–98%). As already discussed by Djuhera et al. [13],
language and safety are not significantly correlated with post-training performance. For this reason,
we do not include these attributes in our data curation recipes. Nevertheless, we release all language
and safety labels as part of our annotated datasets.
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Figure 20: Distribution of language and safety labels for all examined open-source DPO datasets.
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Figure 21: Comparison of chosen preference reward distributions against input quality for all
examined open-source DPO datasets.
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E Data Curation Recipe Details

This section details the quality-, reward-, and task-based data curation procedure used to construct
our UltraMix DPO mixture. The general steps of the algorithm are summarized in Fig. 22.

In Step 1, we filter each dataset to retain only samples that satisfy three basic conditions:

• First: input quality is rated at least “good”.
• Second: difficulty is above “very easy”.
• Third: the chosen response achieves a higher preference reward than the discarded one.

This ensures that only meaningful preference pairs with reliable alignment signals are considered.

Step 2 applies reward-based thresholds:

• For TuluDPO, UltraFeedback, ORPO, and HelpSteer, we retain samples with preference
rewards above the 25th percentile of each dataset.

• For Code-Preference-Pairs, which is substantially larger and only contains code samples,
we apply a stricter cutoff at the 80th percentile to avoid over-representing code tasks.

This step prioritizes high-reward, high-quality pairs while maintaining dataset diversity.

Step 3 performs deduplication across sources. Since TuluDPO includes significant overlap with
UltraFeedback, we remove duplicate prompts to prevent overweighting repeated instructions. Despite
the two datasets containing different completions for identical prompts, we justify deduplication as
differences are generally minor and mostly stylistic, likely due to the use of similar LLM families
during response generation. Deduplication eventually yields our initial UltraMix-170k mixture.

Step 4 augments underrepresented domains to restore task diversity. We first add back 25% more
high-reward samples from all five datasets, yielding UltraMix-187k after deduplication. Next, to
specifically strengthen instruction following performance, we selectively reintroduce additional
information seeking and reasoning samples above the 70th percentile reward threshold, even when
their input quality is slightly below good. After deduplication, this adds 3,000 instruction following
samples, resulting in UltraMix-190k.

Together, these steps yield our final mixture, UltraMix-190k (referred to as UltraMix), a lean, high-
quality mixture that is both reward-aligned and task-balanced. As shown in Table 2, UltraMix
outperforms the larger TuluDPO baseline across multiple benchmarks while containing 30% fewer
samples, validating the effectiveness of our curation strategy. Table 7 presents the composition of
all UltraMix variants in terms of their source DPO datasets, showing that the majority of UltraMix
samples (81%) originate from the high-performing TuluDPO dataset. This makes our curation process
a rigorous, reward- and quality-based filtering of TuluDPO.

Table 7: Composition of UltraMix variants, shown as percentages of their source DPO datasets.
Source DPO Dataset UltraMix-170k UltraMix-187k UltraMix-190k (UltraMix)

TuluDPO 68.02% 76.17% 81.13%
UltraFeedback 15.00% 9.20% 4.42%
ORPO 9.01% 5.47% 5.46%
HelpSteer 1.96% 1.63% 1.74%
Code-Preference-Pairs 6.02% 7.52% 7.25%
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Quality-, Reward- and Task-Based Curation Recipe

Input: Annotated datasets {Dk}5k=1 with Magpie labels for input quality (input_quality),
difficulty (difficulty), preference rewards (reward_chosen, reward_rejected), and task
category (task_category).

In addition: per-dataset reward quantiles {qk} with a dedicated qcode for the code-only corpus,
instruction following categories IF (e.g., information seeking, reasoning), under-representation

tolerance τ ∈ (0, 1), balancing thresholds q∗ (primary) and ravg (fallback).

Output: Curated set Dc that is high-quality, reward-aligned, and task-diverse.

Recipe:
1. Initial Quality, Difficulty, and Reward Filter: Build a candidate pool P of samples where

P =
{
S ∈ ∪kDk

∣∣S[input_quality] ∈ {good, excellent} ∧ S[difficulty] >

very easy ∧ S[reward_chosen] > S[reward_rejected]
}

.

2. Reward Thresholding: For each dataset k, compute P
(k)
qk as the qk-th percentile of

{S[reward_chosen] : S ∈ P ∩ Dk}. Initialize

Dc ←
{
S ∈ P ∩ Dk

∣∣ S[reward_chosen] ≥ {
P

(k)
qk , k ̸= code,

P
(code)
qcode , k = code

}
.

Note: Raising/lowering qk (or qcode) globally tightens/loosens the mixture; no absolute sample
counts are required.

3. Task Coverage Check: Let πD(c) and πDc
(c) denote the fraction of samples in task c for the

full union D = ∪kDk and the current Dc, respectively. Define the under-represented set

C↓ =
{
c
∣∣ πDc

(c) < (1− τ)πD(c)
}
.

4. Task Boosting (for Instruction Following): For each c ∈ C↓ ∩ IF

(a) form the residual poolRc = {S ∈ P \ Dc | S[task_category] = c}.
(b) Compute the category-specific high-reward cutoff P (c)

q∗ over {S[reward_chosen] : S ∈
Rc, S[input_quality] ∈ {good, excellent}}.

(c) Add Dc ← Dc ∪
{
S ∈ Rc

∣∣S[input_quality] ∈
{good, excellent}, S[reward_chosen] ≥ P

(c)
q∗

}
.

Fallback (Quality Relaxation): If this set is empty, recompute a looser cutoff P
(c)
ravg over

average-quality samples inRc and add{
S ∈ Rc

∣∣S[input_quality] = average, S[reward_chosen] ≥ P (c)
ravg

}
.

Repeat until πDc
(c) ≥ (1− τ)πD(c) orRc is exhausted.

5. Deduplication: Compute a hash h(S) over the prompts. For any duplicate hash h, keep only
the instance with the highest S[reward_chosen].

Figure 22: Data curation algorithm for quality-, reward- and task-based DPO mixtures. Steps 1–2
apply margin and per-dataset reward quantiles (with a separate code threshold), Step 3 detects task
under-representation, Step 4 restores instruction following coverage using a primary threshold q∗ and
a quality-relaxed fallback ravg, and Step 5 deduplicates by prompt identity.
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F Efficiency Gains

To assess efficiency and training cost, we report the number of processed tokens (computed with each
model’s distinct tokenizer), estimates for training FLOPs, and total GPU hours (on an 8xA100 cluster)
in Table 8 for DPO training of Tulu3 and and SmolLM SFT models on TuluDPO and UltraMix. We
find that the reduction in dataset size translates approximately linearly into efficiency gains, such that
a 30% reduction in data for UltraMix results in a proportionate reduction in the number of processed
tokens, FLOPs, and total GPU hours, validating the efficiency of our curation dataset.

Table 8: Efficiency comparison of DPO training for the Tulu3-8B-SFT and SmolLM2-1.7B-SFT
models on TuluDPO vs. UltraMix. We report processed tokens (per tokenizer), estimated ExaFLOPs,
and GPU hours (rounded to the nearest hour, excluding the initial warmup phase).

Tulu3-8B-SFT SmolLM2-1.7B-SFT
Efficiency Metric TuluDPO UltraMix TuluDPO UltraMix

Tokens (↓) 120M 90M 70M 50M
ExaFLOPs (↓) 5.76 4.32 3.36 2.40
GPU Hours (↓) 11 8 10 7
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G Limitations and Broader Impact

Limitations. While our study provides a comprehensive and principled analysis of open-source
DPO datasets, several limitations remain. First, our annotations rely on the Magpie framework with
LLM-as-a-judge prompting to evaluate input quality, query difficulty, and task type, complemented by
a reward-model-based preference score to validate chosen completions. Although this combination
allows scalable and fine-grained inspection of preference pairs, the subjectivity inherent in LLM-
based judgments and the biases of the underlying reward model may affect label accuracy. Future
improvements in judge models or reward assessment may thus shift the results. Second, our focus is
exclusively on DPO due to its popularity and the availability of large open-source corpora. Other
alignment methods such as PPO, ORPO, or GRPO employ different data requirements, and a
comparative study across methods would provide additional insights. Third, although we design
general curation rules with percentile-based thresholds, we only explore a limited set of quantiles and
balancing strategies due to computational constraints. A broader ablation study would help determine
optimal thresholds across tasks and model scales. Finally, as UltraMix is derived from existing open
datasets, it inevitably inherits their respective coverage gaps and biases.

Broader Impact. By releasing detailed annotations, curated mixtures, and reproducible curation
recipes, our work lowers the barrier to systematic research on preference optimization and promotes
transparency in corresponding dataset design. Our annotations can be directly reused by researchers
and practitioners to probe dataset quality, conduct controlled ablations, or build tailored preference
mixtures for specialized domains such as math, code, or reasoning. UltraMix, our curated dataset,
achieves stronger benchmark performance with 30% fewer samples than TuluDPO, offering both
alignment improvements and compute efficiency gains in DPO training. While we apply our recipe to
five prominent DPO corpora, the general approach, consisting of quality filtering, reward verification,
and task balancing, can be applied to other datasets in principle. Nevertheless, we acknowledge that
preference datasets, like any general-purpose alignment corpus, may carry dual-use risks: preference
optimization can amplify biases, encode harmful behaviors, or be misapplied in sensitive domains.
We therefore encourage responsible use and support future work on adversarial safety evaluations,
fairness-aware preference curation, and multilingual extensions of DPO datasets.

Contributions. This work presents the first systematic, sample-level comparison of widely used
open-source DPO datasets. We evaluate two representative models across 14 benchmarks covering
instruction following, coding, math, and reasoning. Grounded in extensive Magpie-based annotations
and preference reward validation, we provide a detailed dissection of TuluDPO, UltraFeedback,
ORPO, HelpSteer, and Code-Preference-Pairs, revealing differences in composition, reward reliability,
and task specialization. In particular, we show that pre-annotated reward scores do not reflect the
assessment of specialized reward models, indicating bias and misalignment in existing DPO datasets.
Leveraging these insights, we curate UltraMix, a reward-aligned high-quality DPO dataset that
consistently outperforms the best-performing TuluDPO corpus while reducing compute requirements.
Our methodology, which combines automated annotations, reward-based filtering, and task-aware
balancing, offers a reusable framework for future dataset curation. By making both the annotations and
UltraMix publicly available, we aim to establish a reproducible foundation for data-centric preference
optimization research and accelerate progress in transparent and efficient LLM post-training.
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