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Abstract

High-quality pre-training data is crucial for
large language models (LLMs), yet existing
score-based selection approaches often fail to
balance quality and diversity. Empirical stud-
ies have revealed a non-monotonic relationship
between dataset scores and downstream perfor-
mance: simply selecting the top-scored data of-
ten leads to performance degradation due to the
collapse of correlated evaluation dimensions,
which sacrifices diversity. To address this, we
propose Orthogonal Diversity-Aware Selection
(ODiS), a novel framework to preserve both
quality and diversity by decomposing corre-
lated evaluation metrics into orthogonal fea-
ture dimensions. First, ODiS evaluates data
from multiple dimensions, covering language
quality, knowledge quality, and comprehen-
sion difficulty. The resulting multi-dimensional
scores are then decorrelated via Principal Com-
ponent Analysis (PCA), yielding orthogonal
evaluation dimensions. For each dimension, a
RoBERTa-based scorer is trained to regress the
data onto PCA-projected scores, enabling scal-
able inference on large corpora. Finally, ODiS
constructs the training dataset by selecting the
top-scored data from each orthogonal dimen-
sion, thereby ensuring both quality and diver-
sity. Empirical results show that ODiS-selected
data exhibit less than 2% inter-dimension over-
lap, confirming the orthogonality between di-
mensions. More importantly, models trained
on ODiS-selected data significantly outperform
baselines across multiple downstream bench-
marks, underscoring the necessity of orthogo-
nal, diversity-aware data selection for LLMs.

1 Introduction

Pretraining is the primary stage for models to ac-
quire fundamental abilities, such as language under-
standing, text generation, and information extrac-
tion (Brown et al., 2020; Chowdhery et al., 2023;
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Roberts et al., 2020). These capabilities are largely
determined by data quality and diversity. Qual-
ity captures authenticity, reliability, and seman-
tic integrity, ensuring that models learn accurate
and well-structured knowledge. Diversity, on the
other hand, emphasizes coverage and comprehen-
siveness, enabling models to generalize across do-
mains and tasks. With increasing model and corpus
sizes, designing efficient data selection methods
that jointly account for these two aspects has be-
come critical for improving model performance.

Existing works have proposed diverse methods
for selecting data based on quality and diversity.
Quality-based methods utilize rule-based heuris-
tics (Laurençon et al., 2022; Weber et al., 2024;
Penedo et al., 2023; Lee et al., 2022), such as docu-
ment length constraint and content de-duplication,
or score-based techniques (Touvron et al., 2023;
Wettig et al., 2024; Penedo et al., 2024; Su et al.,
2025), where classifiers or perplexity models as-
sign a single quality score to filter noisy or irrel-
evant data. Diversity-based methods (He et al.,
2024; Zhang et al., 2025; Yang et al., 2025) in-
stead focus on broadening coverage by domain
mixing or embedding-space clustering to reduce
redundancy and expand the distribution. Recent
methods further combine quality and diversity via
multi-dimensional scoring or domain-level mixing
(Zhuang et al., 2025; Liu et al., 2025; Bai et al.,
2025). However, the intrinsic correlation between
dimensions makes weight tuning challenging, and
naive aggregation often results in redundant, over-
lapping signals. In summary, current work en-
counters three key challenges: (1) The top-scoring
data are not always optimal, and sampling from
a broader range is necessary to achieve satisfac-
tory performance, but the cause of this selection
bias remains unexplored. (2) Score-based methods
combine multiple aspects into a one-dimensional
signal, resulting in dimension collapse and failing
to capture both quality and diversity. (3) Delicate
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hyper-parameter tuning is required to balance the
influence from different dimensions, undermining
generality and deployment of the methods.

To address these challenges, we first revisit the
data selection process through the lens of bias and
correlation, identifying the neglect of diversity as
the fundamental cause for performance degradation.
Guided by this insight, we propose Orthogonal
Diversity-Aware Selection (ODiS), a framework
for effectively constructing a dataset that balances
quality and diversity. Specifically, we annotate a
reference dataset from 11 dimensions, covering
four main categories: language quality, knowledge
quality, comprehension difficulty, and information
quality. After analyzing the correlation across the
dimensions, we reveal strong entanglement among
them, which introduces redundancy and biases the
score-based selection. To decouple these features,
we apply Principal Component Analysis (PCA)
to scores and derive orthogonal evaluation dimen-
sions. To accelerate and scale, RoBERTa-based
scorers are trained to predict scores for each or-
thogonal dimension on the target dataset. Finally,
ODiS constructs the training set by selecting the top
samples along each orthogonal dimension, ensur-
ing both quality and diversity of the dataset. Unlike
conventional methods that treat data quality as a
monolithic or aggregated metric, ODiS selects data
from orthogonal dimensions, ensuring that the best
data are captured across non-overlapping features.

Empirical results show that ODiS outperforms
DSIR, PPL, and Nemotron-CC across downstream
benchmarks. We analyze the source of perfor-
mance gains by comparing top-scored data with
samples drawn from broader ranges of each di-
mension, and find that top-scored subsets con-
sistently underperform, whereas combining data
across dimensions substantially improves perfor-
mance. Data analysis further confirms strong pre-
PCA correlations and demonstrates that orthogonal
dimensions capture distinct data aspects, thereby
validating quality and diversity in the selected
data. Finally, ablations further reveal an efficiency-
performance trade-off in the number of dimensions.

The main contributions of this work are as fol-
lows: (1) We provide the first analysis of selection
bias and performance degradation in top-scored
data, identifying inter-dimensional correlation and
neglected diversity as the underlying cause. (2)
We propose ODiS, a score-based framework that
explicitly ensures quality and diversity via dimen-
sion decomposition. (3) Extensive experiments

show that ODiS outperforms baselines and benefits
from dimension decomposition, inspiring future
data selection methods to reduce inter-dimensional
correlations and enhance data diversity.

2 Method

2.1 Selection Bias in Score-based Methods
We begin by analyzing the causes of selection bias
and the role of data sampling by examining model
performance with a fixed amount of training data
drawn from candidate data pools of varying sizes.
Following (Wettig et al., 2024; Zhuang et al., 2025),
we establish multiple metrics targeting different se-
mantic features, details of which are provided in
Section 2.3. Then, we utilize a score-based method
to construct candidate pools of varying sizes from
the Nemotron-CC dataset (Su et al., 2025), which
selects data based on the average scores from the
above metrics. Specifically, we select the data with
the top-k scores at different thresholds, yielding
data pools of 100B to 900B tokens. After that, we
sample 100B tokens from each candidate pool to
construct training sets, and train a 1.5B-parameter
model from scratch on each of these datasets. Fi-
nally, model performance is evaluated across mul-
tiple benchmarks, and the results are provided in
Figure 1. More training details and benchmark
selection are provided in Section 3.1.
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Figure 1: Performance of training subsets drawn across
candidate pools. The x-axis denotes the size of the
top-k selected pool, filtered by average quality scores.
The subset is constructed by randomly sampling 100B
tokens from each candidate pool, and a 1.5B model is
then trained and evaluated. The leftmost point (100B)
represents training on the highest-scored data, while
moving right indicates including lower-scored data. The
standard error is shown with the shaded region.

Figure 1 demonstrates that the data with the high-
est score (e.g., the candidate pool size equals 100B)
performs the worst, while including data with lower
scores (e.g., the candidate pool size larger than
100B) leads to improvements. This reveals a non-
monotonic relationship between the data score and
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model performance, indicating selection bias in
score-based methods and complicating data selec-
tion. Since the top-scored data has the highest
quality, we further investigate its diversity through
an embedding-based visualization to determine the
reason for the selection bias.

The diversity is examined through both qualita-
tive and quantitative analysis. We sample the same
amount of data from the above candidate pools.
Qualitatively, Figure 2a illustrates the UMAP pro-
jection of text embeddings. As can be observed,
the purple points (Top-100B) tend to cluster in a
limited region, while the yellow points (Top-500B)
span a broader space. This demonstrates that di-
rectly selecting the data with the highest score
results in more homogeneous features, whereas
broader selection achieves comprehensive semantic
coverage. Quantitatively, Figure 2b demonstrates
that as the selection scope increases (e.g., from
100B to 500B), the pairwise distance distribution
shifts rightward, indicating an increase in data dis-
tinction and semantic diversity. Therefore, we can
conclude: Score-based methods with aggregated
scores suffer selection bias, which sacrifices data
diversity and homogenizes the selected data.
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(a) UMAP projection.
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Figure 2: Visualization of data embeddings. The selec-
tion scope indicates the number of top-ranked tokens
based on average scores. The embeddings are gener-
ated with the m3e-base model (Wang et al., 2023) on
1000 randomly sampled texts. The left figure shows
embeddings reduced to 2 dimensions with UMAP and
the estimated boundary with kernel density estimation
(KDE), and the right figure shows pairwise distances
computed using cosine distance.

2.2 Problem Formulation

Motivated by the analysis in Section 2.1, we fo-
cus on selecting high-quality data that maintains
diversity. Our objective is to select the most valu-
able subset Ds from a massive target corpus Dt.
We define an evaluation function E : X → Rm

that annotates an m-dimensional quality vector ex-
pressed as α(i) = (α

(i)
1 , · · · , α(i)

m ) to data xi. Due
to selection bias, relying on raw evaluations leads
to suboptimal selection. Therefore, we will learn

a mapping function Φ : Rm → RK , which trans-
forms the raw score vector α(i) into a latent feature
representation β(i) = Φ(α(i)) ∈ RK . This latent
representation β(i) aims to decouple the underlying
semantic features and correct the bias inherent in
raw evaluation. Since directly learning the above
functions on a large-scale target dataset Dt is com-
putationally costly, we introduce a reference dataset
Dr = {xi}Ni=1 with N ≪ |Dt|, learn a parameter-
ized proxy scorer Sθ : X → RK approximating
the composite mapping Φ ◦E on Dr and then infer
β(i) on Dt. Based on representation β(i), we adopt
a selection method Sel(·) that constructs subset Ds.

We formulate this task as the following opti-
mization problem, where we aim to maximize the
downstream performance G(·) under token budget
B by designing E(·),Φ(·), Sθ(·), and Sel(·):

D∗
s = arg max

Ds⊂Dt

G
(
M(Ds;ω)

)
, (1a)

s.t. Ds=Sel
(
Dt, Sθ∗(X )

)
,
∑

x∈Ds

ltok(x)≤B, (1b)

θ∗=argmin
θ

∑

x∈Dr

L
(
Sθ(x),Φ

(
E(x)

))
, (1c)

whereM(·;ω) denotes LLM pre-training on the
selected data, G(·) represents the evaluation on
downstream benchmarks, ltok(·) denotes the num-
ber of tokens, L is a regression loss function, and
B is the data budget.

2.3 Multi-Dimension Data Evaluation

To avoid directly optimizing towards task-specific
signals, we evaluate data by setting m = 11 dimen-
sions across four general aspects: Language quality,
Knowledge quality, Comprehension difficulty, and
Information Quality (Zhuang et al., 2025). For
generality, we still use m to denote the dimension
number in the framework. We briefly describe the
above dimensions, with details in Appendix C:
• Language quality. We prefer data that is (i)

coherent in structure, (ii) concise without redun-
dancy, and (iii) correct in spelling/grammar and
word choice (Penedo et al., 2023).

• Knowledge quality. We value content with (i)
sufficient coverage and (ii) depth, (iii) useful
reasoning signals, (iv) clear educational value,
and (v) practical value (Gunasekar et al., 2023;
Guo et al., 2025).

• Comprehension difficulty. We assess the dif-
ficulty level, i.e., conceptual complexity and
domain professionalism, as greater difficulty
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improves generalization (Agrawal and Singh,
2023).

• Information quality. We require (i) factual ac-
curacy and (ii) sufficient completeness so models
can learn reliable, fully specified facts (Chang
et al., 2024).
Each document in the reference dataset Dr is

assigned a score of 0 to 5 for each dimension using
the OpenAI GPT API, as widely adopted in pre-
vious works related to LLM-as-a-Judge (Zhuang
et al., 2025; Su et al., 2025; Penedo et al., 2024)
and LLM training (Grattafiori et al., 2024). De-
tailed metric definitions and prompts are provided
in Appendix O. The resulting scores constitute a

matrix X =



α
(1)
1 · · · α

(1)
m

...
. . .

...
α
(N)
1 · · · α

(N)
m


 ∈ RN×m.
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Figure 3: Correlation across dimensions. The index
denotes each dimension, with mapping in Appendix C.

We calculate the correlation coefficient across
the 11 dimensions above, and the results are vi-
sualized in Figure 3. We observe moderate corre-
lations across all dimensions, such as knowledge
depth vs. knowledge richness and completeness
vs. knowledge richness, indicating partial overlap
in their coverage, aligning with the results found
in (Zhuang et al., 2025). Such redundancy im-
plies that directly aggregating these metrics would
amplify common signals at the expense of unique
features. Combined with the analysis in Section
2.1, these results indicate that: While metrics are
conceptually distinct in design, they exhibit signifi-
cant intrinsic correlations in practice. This redun-
dancy biases selection and leads to diversity loss,
motivating dimension decomposition to isolate in-
dependent quality signals.

2.4 Orthogonal Diversity-Aware Selection
Dimension decomposition. To decouple the cor-
related metrics shown in Figure 3, our framework
seeks a transformation Φ that maps scores from

the raw evaluation space into a latent feature space
where the dimensions are uncorrelated. While vari-
ous decorrelation techniques exist (e.g., ICA, Au-
toencoders), we adopt Principal Component Anal-
ysis (PCA) as the implementation of Φ due to its
parameter-free robustness and interpretability in
variance ranking.

We first standardize the scores by centering each
dimension and scaling it to unit variance. For the
j-th dimension, we compute µj = 1

N

∑N
i=1 αij ,

σj =
√

1
N

∑N
i=1(αij − µj)2, and obtain the stan-

dardized score matrix X̃ as α̃ij =
αij−µj

σj
.

After that, we compute the covariance matrix Σ
and adopt eigen decomposition to Σ:

Σ =
1

N − 1
X̃T X̃ = VΛVT , (2)

where V = [v1, · · · ,vm] are eigenvectors and
Λ = diag(λ1 ≥ · · ·λm ≥ 0) are eigenvalues.
Each eigenvector represents an orthogonal com-
bination of original metrics, with the eigenvalue
quantifying the variance contribution, i.e., the pro-
portion of feature representation that the eigenvec-
tor accounts for. A higher eigenvalue indicates that
the data spreads more along this direction, and the
eigenvector contains a more representative feature.

Score projection to the latent space. We select
the first K principal components (PC) to satisfy the

explained-variance ratio:
∑K

k=1 λk∑m
k=1 λk

≥ τ, where τ is
the threshold. Then, we construct the projection
matrix: WK = [v1, · · · ,vK ] ∈ Rm×K . Through
projection, the compressed score vector for xi is
calculated as: β(i) = WT

K(α(i))T ∈ RK . Each
element of β(i) represents data xi’s score along an
orthogonal dimension, ensuring the score in one
dimension does not imply redundancy in another.

Learning the latent mapping via model-based
scorer. To scale this evaluation to the large-scale
target dataset Dt, we train RoBERTa-based scor-
ers rk(·) to approximate the projection on the k-
th PC dimension Φk(E(x)). This directly solves
the optimization objective defined in (1c). The
scorer minimizes the regression loss between the k-
th projected score and the raw text. All the scorers
rk(·), k ∈ {1, · · · ,K} constitute the proxy scorer
Sθ. We then label the target dataset Dt with scorer
rk(·) to obtain the scores β̂(i)

k , k ∈ 1, · · · ,K, i ∈
{1, · · · , |Dt|}. The details of the parameter setting
and the training of RoBERTa-based scorers are in
Appendix E. The overall cost of data selection, in-
cluding training RoBERTa-based scorers and the
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annotation process, is in Appendix F.
Constructing dataset with the best data in

each dimension. We allocate a data budget Bk

to each PC dimension considering its contribution
and the total data budget: B =

∑K
k=1Bk. For each

dimension, a score threshold tk is set such that the
selected data satisfy the budget constraint Bk, and
the corresponding subset is denoted as Dk

s . Finally,
the dataset is constructed as: Ds = {xi ∈ Dt |
∃k ∈ 1, . . . ,K, β̂

(i)
k > tk}. Alternatively, this can

be viewed as the union of top-scored subsets across
all dimensions, i.e., Ds = ∪Kk=1Dk

s . This construc-
tion ensures that each dimension contributes the
highest-quality data, while the orthogonality of the
PC dimensions enhances diversity in the resulting
dataset. The overall procedure is summarized in
Algorithm 1 in Appendix H.

3 Experiments

3.1 Experiment Setup

Dataset. We use the Nemotron-CC dataset (Su
et al., 2025) as the target dataset for selection,
which is a large-scale dataset for pretraining large
language models. The dataset comprises both real-
world and synthetic data, covering major domains,
such as web knowledge and question answering.
The reference dataset Dr is constructed by 460k
samples from the FineWeb-Edu dataset (Penedo
et al., 2024). For tokenization, we use the LLaMA-
3-8B tokenizer and set the maximum sequence
length to 4096.
Evaluation. We evaluate model performance with
lm-eval-harness framework (Gao et al., 2024). We
first monitor task-level performance fluctuations
across training steps, with results presented in Ap-
pendix M. Based on the above result, we use the
“fine task" metric (Kydlicek et al., 2024) to select
tasks with obvious performance variation as train-
ing progresses. We select five tasks covering main
categories: General Knowledge (including Arc-
Easy/Challenge (Clark et al., 2018)), Common-
sense Reasoning (including Hellaswag (Zellers
et al., 2019), SCIQ (Welbl et al., 2017)), and Phys-
ical Reasoning (PIQA (Bisk et al., 2020)).
Training. Unless specified in the context, each ex-
periment is conducted under a training data budget
of 100B tokens and a 1.5B parameter model, and
ODiS selects data from the first 4 PC dimensions
and allocates data budget evenly to each dimension.
The top selection represents directly selecting a
100B token dataset for training, while sample se-

lection represents selecting a 700B-token dataset
and randomly sampling training data from it. More
training details can be found in Appendix D.

3.2 Main Results
The main results are summarized in Table 1. We
compare ODiS with DSIR (Xie et al., 2023), PPL
(Ankner et al., 2025), and Nemotron-CC (Su et al.,
2025), and methods adopting a similar separate-
then-select paradigm, including Web-Organizer
(Wettig et al., 2025), Semdedup (Abbas et al.,
2023), and selection from the original 11 dimen-
sions. The results show that the model trained on
data selected by ODiS achieves the best average
performance and surpasses all the methods across
task categories, highlighting its versatility in ad-
dressing a wide range of downstream tasks. The
gains are typically evident in Arc-E and Arc-C, in-
dicating improvements in overall knowledge and
content diversity. In contrast, PPL and DSIR focus
solely on data quality, limiting diversity and ham-
pering overall performance. Moreover, compared
with other methods that employ a similar separate-
then-select paradigm, ODiS benefits from effective
orthogonal dimension construction, which avoids
the interference and correlation from distinct di-
mensions. Furthermore, the superiority over the
data selected with the original 11 dimensions con-
firms that the performance gain of ODiS primarily
comes from the PCA dimension decomposition,
rather than the multi-dimensional data evaluation.
These results demonstrate the importance of main-
taining diversity during data selection and that de-
composition is promising for improving diversity.

3.3 Analysis Result
3.3.1 Inspection of Data Bias
ODiS mitigates data selection bias. Figure 4a
shows that models trained with top-scored data
within a single dimension consistently underper-
form, while sampling from a broader score range
yields significant performance gains. This observa-
tion highlights the inherent bias in relying exclu-
sively on single-dimension scoring, where overem-
phasis on one metric neglects complementary as-
pects of data quality and diversity. Furthermore,
Figure 4b illustrates that averaging scores from
multiple dimensions only partially alleviates the
data bias issue, as correlation across dimensions
discussed in Section 3.3.2 continues to bias the
data selection. In contrast, ODiS decomposes the
dimensions into orthogonal components and selects
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Table 1: Performance across data selection methods. The results are reported as percentage accuracy, with ±
standard error shown in a smaller font size. The CI indicates the 95% confidence interval of accuracy difference
compared with ODiS to demonstrate the performance gain is statistically meaningful.

Method Arc-C Arc-E Hellaswag SCIQ PIQA Average 95% CI

Random 35.0± 1.4 62.7± 1.0 58.3± 0.5 85.5± 1.1 74.5± 1.0 63.2± 1.0 [2.0, 3.5]
Nemotron-HQ 37.3± 1.4 64.6± 1.0 57.7± 0.5 83.9± 1.1 73.6± 1.0 63.4± 1.0 [1.8, 3.3]
PPL-Top 37.9± 1.4 62.8± 1.0 54.7± 0.5 83.4± 1.2 74.7± 1.0 62.7± 1.0 [2.5, 4.1]
PPL-Sample 36.1± 1.4 64.3± 1.0 58.4± 0.5 85.8± 1.1 74.8± 1.0 63.9± 1.0 [1.3, 2.8]
DSIR 27.8± 1.3 48.5± 1.0 54.6± 0.5 78.5± 1.3 71.0± 1.1 56.1± 1.0 [9.0, 10.8]
PC Avg-Top 35.3± 1.4 57.9± 1.0 53.3± 0.5 71.9± 1.4 74.5± 1.0 58.6± 1.1 [6.5, 8.2]
PC Avg-Sample 39.2± 1.4 64.8± 1.0 58.9± 0.5 80.6± 1.3 75.1± 1.0 63.7± 1.0 [1.5, 3.0]

Web-Org Format 36.4± 1.4 64.5± 1.0 57.5± 0.5 84.6± 1.1 73.7± 1.0 63.3± 1.0 [1.9, 3.4]
Web-Org Topic 36.2± 1.4 62.1± 1.0 60.3± 0.5 83.7± 1.2 75.8± 1.0 63.6± 1.0 [1.6, 3.1]
Ori-11-Dim 41.0± 1.4 66.5± 1.0 54.8± 0.5 86.5± 1.1 73.4± 1.0 64.5± 1.0 [0.8, 2.2]
Semdedup 39.6± 1.4 66.4± 1.0 57.8± 0.5 85.0± 1.1 74.4± 1.0 64.6± 1.0 [0.6, 2.1]

ODiS 41.6± 1.4 66.9± 1.0 58.4± 0.5 85.6± 1.0 77.4± 1.0 66.0± 1.0

high-quality data from each dimension, effectively
mitigating data bias and enhancing diversity. No-
tably, ODiS achieves superior performance with
the smallest subset of data, avoiding both excessive
sampling ranges and unnecessary data waste.
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Figure 4: Model performance across selection methods
and scopes. “Average” selects the data with the average
scores from PC dimensions. Each data point represents
a model trained with 100B tokens drawn from the can-
didate pool, with error bar indicating standard error.

ODiS effectively enhances data diversity. To
validate the diversity gain from ODiS, we compare
the embedding visualization of ODiS-selected data
against score-based baselines. Figure 5 shows that
the data selected by ODiS has a significantly larger
average pairwise distance, even compared with a
larger selected data pool, indicating enhanced data
diversity. Similarly, UMAP visualization reveals
that the ODiS-selected data spans a wider region in
the compressed space, while the data selected with
baseline methods tend to cluster around a narrower
region. These results suggest that ODiS mitigates
the selection bias and captures a wider range of
semantic features during data selection.

3.3.2 Correlation between Dimensions
Figure 6 illustrates the correlations between origi-
nal dimensions and PC dimensions after PCA, in-
dicating that PCs retain meaningful data features.
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Figure 5: Diversity visualization across selection meth-
ods. The same number of samples is drawn from the
selected data and then an embedding visualization is
performed with similar setting in Figure 2.

For example, PC1 aligns strongly with knowledge
quality and comprehension difficulty, highlight-
ing its central role in characterizing overall data
quality. By contrast, language-related dimensions
exhibit weaker direct alignment with the leading
PCs. This observation indicates that linguistic fac-
tors may already be embedded in other dimensions,
e.g., knowledge quality, and thus do not emerge as
dominant signals. More generally, the orthogonal
principal components are linear combinations of
the original dimensions. They should not be inter-
preted as single semantic dimensions, but rather as
abstract features that combine multiple correlated
attributes and capture salient aspects of the dataset
from the model’s perspective.
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Figure 6: Correlation analysis of original evaluation
dimensions and the PC dimensions. The name of the
dimension index can be found in Appendix C.
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data that simultaneously belong to multiple top-scored subsets.

Figure 7: Data orthogonality across PC dimensions, with top-scored 100B tokens from each PC dimension.

3.3.3 Orthogonality Between Dimensions
To assess the distinctiveness across PC dimensions,
we visualize the embeddings of top-scored data
from each dimension using UMAP projection and
an Upset plot, as shown in Figure 7. The UMAP
visualization in Figure 7a reveals that samples from
different dimensions occupy separable regions, val-
idating the orthogonality of the dimensions and
suggesting that combining data across dimensions
can yield complementary data subsets. Figure 7b il-
lustrates the marginal intersection of the data from
different PC dimensions, with an overlapping ra-
tio of 2% after tokenization, further confirming
the effectiveness of the dimension decomposition.
However, the data selected from the 11 original
dimensions suffers from about 50% duplication.

3.3.4 Scaling with More PC Dimensions
To examine whether increasing the number of PCs
improves performance, we conduct an ablation
study with varying PC dimensions, as summarized
in Table 2. The results show that performance im-
proves steadily up to four dimensions, after which
the gain saturates. Beyond four PCs, additional
dimensions contribute marginally to the model per-
formance, likely because lower-variance PCs con-
tain less information or noisy signals. Additionally,
selecting more PCs will increase computational
cost, as labeling a large corpus is both time- and
resource-intensive. These findings suggest that a
small set of carefully selected orthogonal dimen-
sions is sufficient for robust data selection, balanc-
ing efficiency and effectiveness.

3.3.5 Scaling with Different Model Sizes and
Data Budgets

Table 3 summarizes results with model sizes of
400M, 1.5B, and 8B, under token budgets of
100B, 200B, and 25B, respectively, to demonstrate
the scalability and generalization of the proposed
ODiS. The results are summarized in Table 3. We
can observe that ODiS achieves consistently the

Table 2: Performance across data from PC subsets.
“PC1-k” denotes the dataset constructed by the union of
top-scored subsets from the first k PC dimensions.

Method Arc-C Arc-E H-Swag SCIQ PIQA Avg

PC1 36.4 60.4 43.1 81.1 64.4 57.1
PC1-2 35.8 61.1 53.7 83.0 75.1 61.7
PC1-3 36.4 60.9 59.4 79.1 77.5 62.6
PC1-4 41.6 66.9 58.4 85.6 77.4 66.0
PC1-5 39.4 66.9 56.9 88.0 76.7 65.6
PC1-6 42.5 71.0 56.1 87.2 76.0 66.5

best performance across these settings. The perfor-
mance gain is more pronounced on PIQA, indicat-
ing an enhanced ability in the physical common-
sense reasoning. Compared with Nemotron-HQ,
the 400M model exhibits a larger margin on Hel-
laswag, while the 8B model outperforms on Arc-
C and Arc-E. These results demonstrate that the
proposed ODiS scales effectively across different
models and data budgets, enabling more efficient
training in diverse settings.

4 Related Works

Existing data selection methods have been pro-
posed to enhance data quality and diversity through
three main directions: non-classifier-based meth-
ods, single-classifier-based methods, and multi-
classifier-based methods.

Non-classifier-based methods. Various works
have relied on rule-based filtering with explicit
heuristics or deterministic criteria (Laurençon et al.,
2022; Weber et al., 2024; Penedo et al., 2023;
Raffel et al., 2020; Lee et al., 2022), including
language identification, URL blocks, content de-
duplication, and document length thresholds. More-
over, these approaches are combined into multi-
stage pipelines that sequentially perform cleaning,
deduplication, quality, and safety filtering (Nguyen
et al., 2024). While rule-based methods effectively
improve data quality and reduce noisy data, they
fail to inspect semantic-level information and will
introduce distribution bias.
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Table 3: Performance across methods with model sizes 400M, 1.5B, and 8B and data budgets 100B, 200B, 25B
tokens, respectively. The results are reported as percentage accuracy with standard error.

Model Method Arc-C Arc-E Hellaswag SCIQ PIQA Average

400M

Nemotron-HQ 29.6± 1.3 54.3± 1.0 40.7± 0.5 75.4± 1.4 67.9± 1.1 53.6± 1.1
PPL-sample 28.2± 1.3 50.7± 1.0 41.7± 0.5 76.3± 1.4 69.9± 1.1 53.4± 1.1
DSIR 24.6± 1.3 40.7± 1.0 36.5± 0.5 66.6± 1.5 65.0± 1.1 46.7± 1.1
PC-Avg-Top 29.2± 1.3 48.7± 1.0 41.6± 0.5 69.9± 1.5 70.5± 1.1 52.0± 1.1
PC-Avg-Sample 30.1± 1.3 53.2± 1.0 43.2± 0.5 75.0± 1.4 70.1± 1.1 54.3± 1.1

ODiS 30.0± 1.3 54.3± 1.0 42.5± 0.5 74.5± 1.4 72.5± 1.0 54.8± 1.1

1.5B

Nemotron-HQ 40.3± 1.4 67.9± 1.0 59.9± 0.5 74.5± 1.0 87.1± 1.1 65.9± 1.0
PPL-Sample 38.2± 1.4 67.5± 1.0 60.5± 0.5 75.6± 1.0 88.8± 1.0 66.1± 1.0
DSIR 30.2± 1.3 50.8± 1.0 58.1± 0.5 72.2± 1.1 79.4± 1.3 58.1± 1.0
PC Avg-Top 36.6± 1.4 59.1± 1.0 54.8± 0.5 74.9± 1.0 72.8± 1.4 59.6± 1.1
PC Avg-Sample 40.0± 1.4 66.3± 1.0 61.4± 0.5 76.4± 0.5 83.4± 1.2 65.5± 0.9

ODiS 40.9± 1.4 68.4± 1.0 59.1± 0.5 78.4± 1.0 88.2± 1.0 67.0± 1.0

8B

Nemotron-HQ 36.2± 1.4 62.1± 1.0 58.4± 0.5 84.3± 1.2 74.9± 1.0 63.2± 1.0
PPL-sample 36.2± 1.4 63.1± 1.0 57.9± 0.5 84.9± 1.1 73.3± 1.0 63.1± 1.0
DSIR 30.9± 1.4 49.3± 1.0 55.8± 0.5 77.8± 1.3 71.7± 1.1 57.1± 1.0
PC-Avg-Top 37.1± 1.4 59.1± 1.0 54.2± 0.5 72.4± 1.4 75.2± 1.0 59.6± 1.1
PC-Avg-Sample 41.1± 1.4 65.7± 1.0 59.5± 0.5 85.1± 1.1 75.5± 1.0 65.4± 1.0

ODiS 40.1± 1.4 67.2± 1.0 57.6± 0.5 85.5± 1.1 77.3± 1.0 65.5± 1.0

Single-classifier-based methods. In contrast to
the rule-based method, it utilized a learned scor-
ing function or discriminator to label and filter out
high-quality data (Wenzek et al., 2020; Touvron
et al., 2023; Wettig et al., 2024; Penedo et al., 2024;
Su et al., 2025; Wang et al., 2025). Among them,
language modeling perplexity has been adopted
to identify data with high quality (Wenzek et al.,
2020; Touvron et al., 2023). Methods like QuRat-
ing (Wettig et al., 2024) and FineWeb-Edu (Penedo
et al., 2024) utilize classifiers that focus on specific
aspects of LLM capabilities, such as reading com-
prehension and knowledge acquisition. Moreover,
works like Ultra-FineWeb (Wang et al., 2025) and
DSIR (Xie et al., 2023) utilize a target dataset to
guide the classifier in predicting the quality of the
data. Although methods with a single classifier
can effectively filter out data with certain desirable
features, their reliance on a single evaluation di-
mension limits data diversity and often leads to
imbalanced capabilities in the trained models.

Multi-classifier-based methods. Compared
with single-dimensional methods, the combination
of multi-dimensional classifiers can provide a more
comprehensive evaluation of data. However, it re-
mains a challenge to balance the influence from
different dimensions. One line of the research typ-
ically assigns weights to each dimension through
performance tests on small proxy models (Zhuang
et al., 2025; Bai et al., 2025). However, the dimen-
sional correlations are not well-addressed, resulting
in bias in the combined scores and reduced data
diversity. Another line of the research design sam-

pling ratios for different domains (Liu et al., 2025)
to ensure data diversity. However, the inherent
overlapping of the domains will still lead to bias in
the selected data. As a result, the traditional top-
k method is ineffective in the multi-dimensional
setting, leaving the question of integrating multi-
dimensional evaluations open.

5 Conclusion

In this work, we investigated the underlying cause
of bias in score-based data selection and identified
that inter-dimensional correlations and subsequent
neglected diversity lead to non-monotonicity be-
tween the dataset scores and model performance.
To address this, we proposed ODiS, a framework
that explicitly mitigates feature correlation by se-
lecting the best data from orthogonal dimensions,
ensuring data diversity and retaining high-quality
data. The experiment results demonstrated that
ODiS effectively reduces inter-dimensional corre-
lation, enhances data diversity, and consistently
improves model performance across various down-
stream tasks compared to several baselines. These
findings highlight that effective data selection for
pre-training models should consider both qual-
ity and diversity jointly, and that the correlation
across different dimensions must be appropriately
addressed. Looking forward, we encourage future
data selection work to move beyond aggregated
scoring and prioritize orthogonal evaluation to pre-
vent feature and diversity collapse and ensure ro-
bust model generalization.
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Limitations

Our analysis pipeline relies on GPT-based scoring
as the initial source of supervision. Specifically, we
first use GPT to assign scores to documents, then
perform PCA over the resulting score space, and
finally train a RoBERTa-based model to predict
the PCA-derived component scores. While this
pipeline enables scalable and fine-grained analysis,
the resulting components inevitably inherit poten-
tial biases from the GPT judge. For example, GPT-
based evaluation may favor certain document styles,
reasoning formats, levels of verbosity, or surface-
level plausibility. As a result, the learned principal
components should be interpreted as reflecting the
structure of a GPT-induced evaluation space, rather
than a fully unbiased or human-grounded represen-
tation of document quality.

Although the principal components provide a
compact way to decompose and analyze differ-
ent dimensions of model responses, their human-
interpretable meanings remain limited. PCA iden-
tifies directions of maximal variance in the score
space, but these directions do not necessarily cor-
respond to clearly separable human concepts such
as factuality, coherence, reasoning depth, helpful-
ness, or linguistic quality. Therefore, while we can
observe that different components capture distinct
patterns in model behavior, assigning precise se-
mantic interpretations to each component remains
challenging. More detailed human annotation or
controlled probing would be needed to better un-
derstand what each component represents from a
human perspective.

We do not systematically examine the sensitivity
of our findings to the choice of reference dataset
and model-based analysis method. Since the PCA
space is constructed from scores assigned to a par-
ticular set of responses, changing the reference
dataset, prompt distribution, model outputs, or scor-
ing model may alter the resulting components. Sim-
ilarly, the RoBERTa-based predictor may introduce
its own modeling bias when approximating PCA-
derived scores. Therefore, the conclusions drawn
from the current component space may depend on
the specific datasets, GPT judge, and fitting model
used in our pipeline. Future work should evaluate
the robustness of the proposed analysis across mul-
tiple reference datasets, alternative judge models,
different embedding or fitting architectures, and,
ideally, human-annotated validation sets.
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A Ethics Statement

This work focuses on pre-training data selection
for large language models. The experiments
use publicly available datasets, corpora, bench-
marks, and evaluation tools, including Nemotron-
CC, FineWeb-Edu, lm-eval-harness, and standard
downstream benchmarks. We cite the original cre-
ators of these artifacts and use them only for re-
search purposes, following their licenses and terms
of use whenever applicable.

Our work does not involve direct user interaction,
human-subject experiments, crowdsourcing, clin-
ical or legal decision-making, or physical-world
actions. We do not collect new personal data or in-
tentionally use personally identifiable information.
Since the large-scale corpora and benchmarks used
in this work are released by prior work, we rely on
their original preprocessing, filtering, and terms of
use for handling potentially identifying or offen-
sive content. We do not release newly collected raw
text, personally identifying information, offensive
content, or user-facing model outputs. Therefore,
we do not introduce additional anonymization re-
quirements and do not identify any apparent risks
of immediate personal, physical, or societal harm
beyond the general risks associated with training
and deploying large language models.

B Use of Large Language Models

During manuscript preparation, we occasionally
utilized large language models (LLMs) to refine
language expression, such as improving sentence
fluency, and enhancing readability. The model was
not involved in generating original research contri-
butions, including research direction formulation,
methodologies selection, experimental design, re-
sult analysis. All the core intellectual work, such
as idea development, experiment execution, and re-
sults interpretation, was carried out independently
by the authors. Any linguistic suggestions offered
by the LLM were carefully reviewed and selec-
tively incorporated, ensuring that accuracy, orig-
inality, and scholarly integrity were fully main-
tained. The authors alone take responsibility for
the research content and conclusions, and the LLM
is not listed as a contribution or author.

C 11 Evaluation Dimensions

To comprehensively evaluate the quality and useful-
ness of training data, we design an 11-dimensional
evaluation framework. These dimensions aim to

capture complementary aspects of data that jointly
determine its contribution to pretraining large lan-
guage models (LLMs). Specifically, the dimen-
sions are grouped into four general categories: lan-
guage quality, which reflects the clarity and fluency
of expression; knowledge quality, which measures
the depth, diversity, and utility of information; com-
prehension difficulty, which reflects the complexity
of content and its potential to improve generaliza-
tion; and information quality, which ensures factual
correctness and completeness. Together, these di-
mensions provide a multi-perspective evaluation of
data, enabling a balanced assessment of both qual-
ity and diversity. The index for each dimension is
provided in Table 4

Below, we provide the details of each category:

1. Language quality: LLMs fundamentally rely
on languages to understand the content and
interact with humans. High-quality data con-
tributes directly to improving models’ com-
prehension and generation abilities. A high-
quality document should present ideas in a
logical and rational organization, avoid re-
dundant and irrelevant content, and use ac-
curate spelling and grammar to convey mean-
ing (Penedo et al., 2023). To capture these
properties, we evaluate language quality in
three dimensions: (i) coherence, which re-
flects whether the text follows a logical and
consistent structure; (ii) conciseness, which
measures whether the information is conveyed
efficiently without unnecessary repetition; and
(iii) spelling/grammar accuracy, which en-
sures correctness in word usage and sentence
construction.

2. Knowledge quality: Beyond linguistic clar-
ity, high-quality data must provide compre-
hensive knowledge to enrich an LLM’s under-
standing of the world. This dimension mainly
measures whether a document contains valu-
able, diverse, and practical information that
can improve the model’s reasoning ability
and enhance the factual knowledge base (Gu-
nasekar et al., 2023). Recent work has also
shown that the small models can approach the
performance of larger ones if trained with rea-
soning data (Guo et al., 2025). To comprehen-
sively capture knowledge quality, we define
five dimensions: (i) knowledge depth, assess-
ing the extent to which a document explores
concepts beyond superficial descriptions; (ii)
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Table 4: Mapping of dimension indices to feature names used in Figure 3 and Figure 6.

Idx Feature Name Idx Feature Name

1.1 Language Coherence 1.2 Language Conciseness
1.3 Language Spelling Accuracy 2.1 Knowledge Depth
2.2 Knowledge Richness 2.3 Knowledge Reasoning Level
2.4 Educational Value 2.5 Practical Helpfulness
3.1 Comprehension Difficulty 4.1 Factual Accuracy
4.2 Completeness

knowledge richness, measuring the breadth of
covered topics and perspectives; (iii) reason-
ing, capturing the presence of explicit logi-
cal inference, argumentation, or step-by-step
derivations; (iv) educational value, evaluating
whether the content provides clear, structured
explanations suitable for learning or instruc-
tion; and (v) practical helpfulness, which as-
sesses the applicability of the knowledge to
real-world problems or everyday use.

3. Comprehension difficulty: Challenging and
complex data can enhance better generaliza-
tion and adaptability in LLMs. Texts with
higher conceptual complexity, specialized do-
main knowledge, or multi-step expository
structures push models to develop deeper
comprehension abilities and to generate more
professional and domain-specific responses
(Agrawal and Singh, 2023). This dimension,
therefore, evaluates the difficulty of the data,
considering factors such as the abstractness of
concepts, the level of technicality or profes-
sionalism, and the requirement for multi-stage
reasoning.

4. Information Quality: For models to learn
accurate and reliable representations, it is
crucial that the training data provides fac-
tual, complete, and unambiguous informa-
tion. Documents with inaccurate or incom-
plete facts risk propagating errors and degrad-
ing downstream performance (Chang et al.,
2024). To evaluate this aspect, we define
two evaluation dimensions: (i) factual accu-
racy, which measures the degree to which
the document presents correct and verifiable
information; and (ii) completeness, which re-
flects whether the information is sufficiently
detailed and covers all key aspects of the de-
scribed topic, thereby reducing the risk of the
model learning partial or misleading facts.

D Training Details

The training model is based on LLaMA-3 architec-
ture. We train it from scratch with the selected data.
Training uses a global batch size of 512 and the
AdamW optimizer (Loshchilov and Hutter, 2019),
with a peak learning rate of 3e-4, cosine decay
scheduling, and linear warmup. The hyperparame-
ters for different model sizes are provided in Table
5.

Table 5: Hyperparameters for 400M, 1.5B, and 8B Mod-
els.

Hyper-param 400M 1.5B 8B

Hidden Size 1,024 2,048 4,096
Layers 12 22 32
Attention Heads 16 32 32
KV Heads 4 8 8
Intermediate Size 2,816 5,632 14,336

E Model-based Scorer

We selected RoBERTa-base as the foundation for
our scorer due to its cost-effectiveness. The maxi-
mum context window was set to 512 tokens. Each
model was finetuned for 5 epochs with a batch size
of 256. The learning rate was dynamically adjusted
based on validation performance. We trained the
RoBERTa-base scorers to regress the FineWeb-Edu
460k samples to the PCA-transformed scores. A
20% set was used for validation. The optimized
learning rate and the resulting performance of the
RoBERTa scorers are reported as follows:

F Computational Cost Analysis

We analyze the computational cost of our proposed
framework, which consists of four stages: labeling
the reference dataset, training the RoBERTa-based
scorers, annotating the large-scale dataset, and pre-
training the model on the selected data.
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Table 6: Performance comparison of different models.
We report the learning rate, Accuracy, F1 score, and
Spearman correlation coefficient.

Model Lr Acc (%) F1 Spear. Corr

PC1 5e-5 72.1 0.725 0.92
PC2 3e-5 62.7 0.611 0.68
PC3 1e-4 63.3 0.603 0.67
PC4 3e-5 68.9 0.620 0.55

Labeling reference dataset For the Fineweb-
Edu dataset with 460k samples, the average in-
put sequence consists of 750 data tokens and 290
prompt tokens, with an average generation length
of 50 tokens. When labeling the reference dataset
across 11 dimensions, the cumulative consumption
is approximately 5.5× 109 tokens.

Following (Kaplan et al., 2020; Hoffmann et al.,
2022), we approximate the FLOPs for training a
Transformer-based model using Equation 3:

Ctrain ≈ 6× P ×Dtrain × E, (3)

where P denotes size of model parameter, Dtrain
denotes the tokens of the training set, and E de-
notes the number of training epochs. Similarly, the
inference FLOPs can be approximated as:

Cinfer ≈ 2× P ×Dinfer, (4)

where Dinfer denotes the number of tokens to
infer on.

Training the scorer We train 4 RoBERTa-based
scorers, with 5 epochs each, on the Fineweb-Edu
dataset. Therefore, the total cost is about 1.04 ×
1018 FLOPs.

Data Annotation. The trained scorers are used
to annotate the entire dataset. This requires infer-
ence over the full dataset for each of the 4 scorers.
The total cost is about 2.2× 1021 FLOPs.

Target Model Training. Finally, we train the
target model (with 1.5B parameters) on the selected
dataset with 100B token training budget. The train-
ing cost is about 9× 1020 FLOPs.

While the annotation cost is comparable to the
training budget of the 1.5B model under a 100B
token budget, we emphasize that this is a one-time
fixed investment. Since the annotated data and
trained scorers can be reused to filter large training
datasets or train significantly larger models (e.g.,
7B+), the cost is effectively amortized at scale,
making the method highly cost-efficient for real-
world pre-training.

G Results with single PC

Table 7 demonstrates the general evaluation results
of data selected with the single PC scorer. We
can observe that each PC exhibits strength in cer-
tain areas: PC1 and PC4 perform better on Arc-C
and Arc-E, indicating a better ability at general
knowledge, while PC2 and PC3 perform better on
Hellaswag and PIQA, indicating a better ability for
commonsense and physical reasoning. Moreover,
models trained with top-scored data from each PC
dimension consistently underperform, while sam-
pling from a larger score range enhances the per-
formance. These results highlight that different PC
scorers focus on distinct data features, and using
one of them alone can not achieve the best perfor-
mance.

Table 7: Performance across different PC dimensions.
The results are reported as percentage accuracy. “Hel-
laswag” is abbreviated as “H-Swag”, and “Sample” is
abbreviated as “Smp”.

Method Arc-C Arc-E H-Swag SCIQ PIQA Avg

PC1-top 36.4 60.4 43.1 81.1 64.4 57.1
PC2-top 30.7 51.0 55.7 72.7 75.3 57.1
PC3-top 33.1 55.5 61.8 74.1 78.5 60.6
PC4-top 40.5 70.4 44.8 87.9 68.6 62.5

PC1-Smp 39.5 65.2 54.6 86.3 71.2 63.4
PC2-Smp 36.9 61.0 57.6 76.5 74.5 61.3
PC3-Smp 36.9 65.6 61.1 84.6 75.8 64.8
PC4-Smp 40.9 68.6 53.6 86.1 73.2 64.5

H Orthogonal Diversity-Aware Selection

Dimension decomposition. To decouple the cor-
related metrics shown in Figure 3, our framework
seeks a transformation Φ that maps scores from
the raw evaluation space into a latent feature space
where the dimensions are uncorrelated. While vari-
ous decorrelation techniques exist (e.g., ICA, Au-
toencoders), we adopt Principal Component Anal-
ysis (PCA) as the implementation of Φ due to its
parameter-free robustness and interpretability in
variance ranking.

We first standardize the scores by centering each
dimension and scaling it to unit variance. For the
j-th dimension, we compute

µj =
1

N

N∑

i=1

αij , σj =

√√√√ 1

N

N∑

i=1

(αij − µj)2 (5)

41186



and obtain the standardized score matrix X̃ as

α̃ij =
αij − µj

σj
. (6)

After that, we compute the covariance matrix Σ
and adopt eigen decomposition to Σ:

Σ =
1

N − 1
X̃T X̃ = VΛVT , (7)

where V = [v1, · · · ,vm] are orthogonal eigenvec-
tors and Λ = diag(λ1 ≥ · · ·λm ≥ 0) are eigen-
values. Each eigenvector represents an orthogonal
combination of the original metrics, with the eigen-
value quantifying the variance contribution, i.e.,
the proportion of the feature representation that
the eigenvector accounts for. The higher eigen-
value indicates that the data spreads more along
this direction, and the eigenvector contains a more
representative feature.

Score projection to the latent space. We select
the first K principal components (PC) to satisfy the

explained-variance ratio:
∑K

k=1 λk∑m
k=1 λk

≥ τ, where τ is
the threshold. Then, we construct the projection
matrix: WK = [v1, · · · ,vK ] ∈ Rm×K . Through
projection, the compressed score vector for xi is
calculated as: β(i) = WT

K(α(i))T ∈ RK . Each
element of β(i) represents data xi’s score along an
orthogonal dimension, ensuring the score in one
dimension does not imply redundancy in another.
The sign ambiguity of PCA components is resolved
using a deterministic orientation convention, as
detailed in Appendix I.

Learning the latent mapping via model-based
scorer. To scale this evaluation to the large-scale
target dataset Dt, we train RoBERTa-based scor-
ers rk(·) to approximate the projection on the k-
th PC dimension Φk(E(x)). This directly solves
the optimization objective defined in (1c). The
scorer minimizes the regression loss between the k-
th projected score and the raw text. All the scorers
rk(·), k ∈ {1, · · · ,K} constitute the proxy scorer
Sθ. We then label the target dataset Dt with scorer
rk(·) to obtain the scores β̂(i)

k , k ∈ 1, · · · ,K, i ∈
{1, · · · , |Dt|}. The details of the parameter setting
and the training of RoBERTa-based scorers are in
Appendix E. The overall cost of data selection, in-
cluding training RoBERTa-based scorers and the
annotation process, is in Appendix F.

Constructing dataset with the best data in
each dimension. We allocate a data budget Bk

to each PC dimension considering its contribu-
tion and the total data budget: B =

∑K
k=1Bk.

For each dimension, a score threshold tk is set

Algorithm 1 Orthogonal Diversity-Aware Selec-
tion
Require: Reference dataset Dr, target dataset Dt,

dimensions for evaluation, data budget B
Ensure: Selected dataset Ds

1: For each xi ∈ Dr, obtain the m dimensional
score vector α(i) = (α

(i)
1 , α

(i)
2 , · · · , α(i)

m );
2: Compute the mean vector µ and construct the

centered matrix X̃ as (6);
3: Compute the covariance matrix Σ, and per-

form eigen-decomposition to obtain eigenval-
ues λi and eigenvectors vi;

4: Determine the number of principal compo-
nents (PCs) K with the threshold τ ;

5: Construct the project matrix WK , and project
scores into the orthogonal space β(i) =
WT

K(α(i))T ∈ RK ;
6: Allocate budget Bk to each PC dimension such

that
∑K

k=1Bk = B;
7: for k = 1, . . . ,K do
8: Train a RoBERTa-based scorer rk(·) by

regressing text xi ∈ Dr to the PCA-
transformed scores β(i)

k ;
9: Apply rk(·) to obtain predicted scores

{β̂(i)
k } for all xi ∈ Dt;

10: Given budget Bk, determine threshold tk,
such that

∑
xi∈Dk

s
ltok(xi) = Bk;

11: Select Dk
s = {xi | β̂(i)

k > tk, xi ∈ Dt};
12: end for
13: Construct the final selected dataset Ds =
∪Kk=1Dk

s .

such that the selected data satisfy the budget con-
straint Bk, and the corresponding subset is de-
noted as Dk

s . Finally, the dataset is constructed
as: Ds = {xi ∈ Dt | ∃k ∈ 1, . . . ,K, β̂

(i)
k > tk}.

Alternatively, this can be viewed as the union
of top-scored subsets across all dimensions, i.e.,
Ds = ∪Kk=1Dk

s . This construction ensures that
each dimension contributes the highest-quality data,
while the orthogonality of the PC dimensions en-
hances diversity in the resulting dataset.

I PCA Sign Convention.

Principal components are sign-ambiguous, i.e.,
both vk and −vk define the same PCA direction.
Since ODiS selects samples according to high PC
scores, we resolve this ambiguity using a determin-
istic convention. For each principal component
vk, we orient its sign such that the original quality
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dimension with the largest absolute loading has a
positive coefficient:

j∗ = argmax
j
|vk,j |,vk ← sign(vk,j∗)vk. (8)

Since all original quality dimensions are positively
oriented, where larger scores indicate higher qual-
ity, this convention gives each PC a consistent
quality-oriented direction according to its domi-
nant loading and makes the subsequent selection
deterministic.

J Token Budget Allocation

We include a comparison between equal budget al-
location and non-uniform budget allocation, where
the budgets are set to be proportional to the ex-
plained variance and inversely proportional to the
explained variance of the PCs (e.g., the ratios be-
tween PC1-PC4 are set as 1:2:4:4 and 4:2:1:1),
respectively, to show that the gains are not driven
by manual weighting. The results are provided in
Table 8. The result demonstrates that the gains of
ODiS are not driven by delicate manual weight-
ing. In particular, placing more emphasis on the
high-variance PCs does not consistently improve
performance, whereas allocating relatively more
budget to later PCs can be beneficial, likely be-
cause these dimensions contribute more comple-
mentary diversity. Moreover, the PC dimension
can be understood as a feature direction that cap-
tures a distinct part of data, and the performance
gain comes from combining multiple orthogonal
and complementary dimensions, rather than from
tuning a particular weighting rule.

Table 8: Comparison of different token budget allo-
cation strategy. The ratio indicates the ratio of token
budget allocated to PC1 to PC4 under a total budget of
100B tokens.

Ratio Arc-C Arc-E H-Swag SciQ PiQA Avg

1:1:1:1 41.6 66.9 58.4 85.6 77.4 66.0
4:2:1:1 39.0 63.8 55.4 85.6 74.9 63.7
1:2:4:4 41.0 67.2 58.3 87.3 77.1 66.2

K Diversity Analysis with more metrics

To validate diversity from more angles, we addi-
tionally computed n-gram and self-BLEU metrics
on the data pools with results summarized in Table
9. The results show that selecting from a larger
range or with the proposed ODiS yields higher

Distinct-1 and lower Self-BLEU, consistent with
the higher pairwise embedding distance (as shown
in Figure 5a. Therefore, the proposed ODiS en-
hances data diversity and the model’s downstream
performance.

Table 9: Quantitative comparison of data diversity
across subsets of different scales and the subset selected
by ODiS.

Subset Distinct-1 ↑ Self-BLEU ↓
Top-100B 0.1048 0.1252
Top-300B 0.1069 0.1223
Top-500B 0.1093 0.1160
ODiS 0.1173 0.1114

L Ablation Studies

Robustness to scoring sources. To test whether
ODiS depends on a GPT-specific scoring fea-
ture, we also annotated the reference dataset (e.g.,
FineWeb-Edu 460K) with two open-weight scor-
ers, Qwen3-Next-80B-A3B-Instruct and Llama-
3.1-70B-Instruct, using the same 11-dimensional
metrics. As shown in Table 10, although the raw
scores differ across scorers, they remain strongly
aligned with GPT scores, with within-±1 score
agreement of 0.846 and 0.903, respectively. More
importantly, the induced PCA spaces are highly sta-
ble, since the PC1 cosine similarity is 0.945/0.996,
and the mean direction angle over the top-4 PCs is
only 9.1◦/6.9◦.

Comparison of decorrelation methods. To test
whether nonlinear dependence dominates our score
space, we compute distance correlation before and
after PCA, which captures both linear and non-
linear correlation. As shown in Table 11, PCA
reduces the distance correlation from 0.21 to 0.06,
indicating that broader dependence is substantially
reduced. We further compare PCA with ICA, ker-
nel PCA, and an autoencoder-based decomposi-
tion. Although the autoencoder achieves the lowest
distance correlation, it introduces a parameterized
nonlinear representation and additional hyperpa-
rameters, while ICA and kernel PCA provide no
clear practical advantage. In contrast, PCA remains
deterministic, parameter-free, and directly targets
the aggregation-induced redundancy that motivates
ODiS. Since our goal is to provide a general frame-
work for orthogonalizing multi-dimensional qual-
ity signals rather than exhaustively optimize the
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Table 10: Robustness of the scoring space to different LLM scorers on the FineWeb-Edu reference set. Higher
cosine similarity and lower direction angle indicate stronger alignment with the GPT-induced PCA space.

Metric GPT vs. Qwen GPT vs. Llama

Score Mean Absolute Error ↓ 0.76 0.62
Within-±1 Score Agreement ↑ 0.846 0.903
PC1 Alignment (cos) ↑ 0.945 0.996
Mean Top-4 PC Direction Angle ↓ 9.1◦ 6.9◦

decomposition module, we use PCA as a simple
and stable instantiation of ODiS.

Table 11: Comparison of different decorrelation meth-
ods. Pearson, Spearman, and distance correlation (dCor)
measure the residual dependence among the resulting
dimensions; lower values indicate weaker dependence.

Method Pearson ↓ Spearman ↓ dCor ↓
Raw 0.22 0.22 0.21
PCA 0.00 0.02 0.06
ICA 0.00 0.04 0.06
kernelPCA 0.00 0.02 0.08
Autoencoder 0.06 0.03 0.05

Robustness to the reference corpus. We fur-
ther test whether the PCA-induced quality space
is sensitive to the choice of reference corpus. We
annotate C4, RefinedWeb, FineWeb, and DCLM-
Baseline, using the same 11-dimensional metrics.
We then apply PCA on scores from each corpus
and compare the resulting quality spaces with the
original FineWeb-Edu PCA space. To make the
comparison independent of corpus-specific sam-
ples, we also applied each corpus-derived PCA
basis to the FineWeb-Edu dataset and compared
the induced PC scores. As can be observed in Ta-
ble 12, the resulting spaces are highly aligned. The
leading PC differs by only 3.3◦–4.0◦, the mean ab-
solute cosine ranges from 0.954 to 0.991, and the
subspace alignment R2 ranges from 0.983 to 0.996.
Here, subspace alignment R2 measures the overall
overlap between the PC1 to PC4 subspaces with
values close to 1 indicating the same space of two
PCA bases.

M Benchmarks Selection

To select appropriate downstream benchmarks that
can effectively reflect the model performance, we
observe the accuracy fluctuation as the trained data
increases, with results reported in Figure 8. Arc-C,
Arc-E, HellaSwag, PIQA, and SCIQ have obvious

variation as the training progresses, while the rest
of the benchmarks have a smaller performance im-
provement. Since our model and the trained data
budget are relatively small, some benchmarks can
not obviously reflect the training outcomes of the
model. Therefore, we select Arc-C, Arc-E, Hel-
laSwag, PIQA, and SCIQ as our benchmarks.

N Score Distribution across PC
Dimensions

Figure 9 demonstrates the score distribution over
different PC dimensions on different domains. The
domains are pre-divided by the Nemotron-CC
dataset. We can observe that different PC dimen-
sions emphasize distinct aspects, and joint selection
across dimensions enhances data diversity.

O Metrics and Prompt for each
dimension

To evaluate data quality and diversity across mul-
tiple dimensions, we design a set of prompts that
guide large language models to score documents on
11 distinct dimensions, as described in Appendix
C. Each dimension is assessed on a tailored Likert
scale ranging from 0 to 3/4/5 points depending on
the property being measured, with detailed criteria
provided for each score level. The prompts are de-
signed to generate both a quantitative score and a
brief qualitative justification, ensuring transparency
in the evaluation process. These scores are then
aggregated into the score matrix used in our PCA-
based data selection framework (see Section 2.3).

1 Below is an extract from a web page.
Evaluate whether the text demonstrates
high coherence in terms of language
quality. Please follow the following
guideline to assess the language
quality of the given extract on a 4
likert scale:

2

3 0 Point: Incomprehensible
4 - The text is grammatically chaotic and

difficult to understand.
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Table 12: Robustness of the PCA-induced quality space across different reference corpora. All results are measured
relative to the PCA basis learned from FineWeb-Edu.

Reference corpus PC1 angle ↓ Mean | cos | ↑ Subspace alignment ↑
C4 4.0◦ 0.987 0.996
RefinedWeb 3.3◦ 0.991 0.996
FineWeb 3.4◦ 0.982 0.991
DCLM-Baseline 3.3◦ 0.954 0.983
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Figure 8: Performance across downstream tasks

5 - Severe errors in structure, agreement,
and tense prevent understanding.

6

7 1 Point: Partially Readable
8 - Some sentences are clear, but overall

clarity is lacking.
9 - Noticeable grammatical errors and

inconsistency disrupt smooth reading.
10

11 2 Points: Moderately Coherent
12 - Occasional language issues but overall

understandable.
13 - Logical flow is maintained with some

awkward phrasing.
14

15 3 Points: Generally Coherent with Minor
Errors

16 - Paragraphs progress logically with minor,
infrequent language errors.

17 - Sentences are generally well-formed with
consistent tense and clear subject-verb
agreement.

18

19 4 Points: Exceptionally Coherent
20 - The text is grammatically flawless, with

precise subject-verb agreement and
tense usage.

21 - Sentence and paragraph structure is
logically ordered and fluid.

22 - Punctuation and syntax enhance the
clarity and flow of ideas.

23

24 The extract: {text}
25 After examining the extract:
26 - Briefly justify your total score, up to

50 words.
27 - Conclude begin with the score using the

format: "Language Coherence Score:
<total points>"

Listing 1: Prompt for Coherence

1 Below is an extract from a web page.
Evaluate whether the text demonstrates
a high level of conciseness. Please
follow the following guideline to
assess the conciseness of the given
extract on a 4 likert scale:

2

3 0 Point: Excessively Wordy
4 - The extract is filled with redundant,

unrelated, or repetitive language.
5 - Nearly every sentence could be

significantly shortened or removed
without loss of meaning.

6 - Core ideas are obscured or lost in
verbosity.

7

8 1 Point: Somewhat Wordy
9 - The text is clear but contains noticeable

repetition or unnecessary words.
10 - Some sentences are overly elaborate.
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Figure 9: Score distribution over different domains.

11

12 2 Points: Moderately Concise
13 - The extract avoids major redundancy but

may include some unnecessary
elaboration.

14 - Most sentences convey meaning
efficiently, though small improvements
in brevity are possible.

15 - The main points are clear and not lost in
superfluous language.

16

17 3 Points: Concise and Effective
18 - Ideas are expressed clearly and directly,

with minor redundancy or unnecessary
details.

19 - Minimal to no repetition or fluff.
20

21 4 Points: Exceptionally Concise
22 - Every word is essential and contributes

directly to the meaning.
23 - No repetition, filler, or unnecessary

elaboration.
24 - The writing is focused, impactful, and

efficient.
25

26

27 - The extract: {text}
28

29 After examining the extract:
30 - Briefly justify your total score, up to

50 words.
31 - Conclude begin with the score using the

format: "Language Conciseness Score:
<total points>"

Listing 2: Prompt for Conciseness

1 Below is an extract from a web page.
Evaluate whether the text demonstrates
high accuracy of word usage, which
contributes to the as overall language
quality. Please follow the following
guideline to assess the accuracy of
word usage in the given extract on a 4
likert scale:

2

3 0 Points: Severe Inaccuracy
4 - The extract contains frequent incorrect

word usages.
5 - Frequent typos, incorrect word forms, or

misuse of words make the text almost
unreadable.

6 - Errors severely hinder understanding.
7

8 1 Points: Limited Accuracy

9 - Spelling mistakes appear regularly but
are not overwhelming.

10 - Occasional misuse of words or minor typos
affect clarity.

11 - The overall message is still
understandable but occasionally unclear.

12

13 2 Points: Moderate Accuracy
14 - Most of the text is correctly spelled,

with some minor errors or infrequent
typos.

15 - Occasional confusion between
similar-sounding words may appear but
does not significantly affect meaning.

16 - The extract remains mostly readable and
understandable.

17

18 3 Points: Strong Accuracy
19 - Spelling is generally correct throughout.
20 - Only rare, minor typos or homophone

errors are present, and they do not
interfere with comprehension.

21 - The extract demonstrates clear attention
to written accuracy.

22

23 4 Points: Perfect Accuracy
24 - The extract is free from any spelling

errors, typos, or homophone confusion.
25 - All words are used appropriately and are

correctly spelled.
26 - The writing is polished and precise,

reflecting excellent language control.
27

28 The extract: {text}
29

30 After examining the extract:
31 - Briefly justify your total score, up to

50 words.
32 - Conclude begin with the score using the

format: "Language Spelling Accuracy
Score: <total points>"

Listing 3: Prompt for Spelling Accuracy

1 Below is an extract from a web page.
Evaluate whether the text demonstrates
an appropriate depth of knowledge,
particularly with regard to the grade
level it targets. The following
guideline is used to assess whether a
text has a high knowledge depth on a 5
likert scale:

2

3 0 Points: No Knowledge Depth
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4 - The extract contains no meaningful or
accurate knowledge.

5 - It lacks substance entirely and offers no
educational value at any grade level.

6

7 1 Point: Shallow and Common Knowledge for
Pre-K to Grade 1

8 - The content is understandable even to
early primary grades (Pre-K to Grade 1).

9 - Contain simple, basic facts or common
knowledge (e.g., basic facts like
"grass is green" or "2 + 2 = 4").

10

11 2 Points: Basic Knowledge for Lower Grades
(Grades 2-4)

12 - The content is at lower elementary levels.
13 - Introduces simple concepts and provides

very short, basic explanations.
14 - Requires understanding of simple

definitions and explicit information.
15

16 3 Points: Introductory Knowledge for Middle
Grades (Grades 5-7)

17 - Understandable for upper elementary to
early middle school.

18 - Explains foundational concepts with some
detail and structure.

19 - Some depth is present. It may require
understanding of cause-and-effect
relationships and ability to follow
multi-step explanations.

20

21 4 Points: Substantive Knowledge for
Secondary Levels (Grades 8-12)

22 - Content is well-developed and appropriate
for high school.

23 - Explores concepts in depth, including
underlying principles, reasoning, and
potential implications.

24 - Characterized by complex sentence
structures, theoretical concepts,
evidence or examples to support points;
resembles textbook content.

25

26 5 Points: Advanced Knowledge Depth
(college-level or graduate-level)

27 - The extract reflects college-level or
graduate-level understanding.

28 - The knowledge is usually only known to
the professional people in a certain
field.

29 - May presents complex information,
including detailed analysis,
theoretical frameworks, multiple
perspectives, and nuanced arguments.

30

31 The extract: {text}
32

33 After examining the extract:
34 - Briefly justify your total score, up to

50 words.
35 - Conclude begin with the score using the

format: "Knowledge Depth Score: <total
points>"

Listing 4: Prompt for Knowledge Depth

1 Below is an extract from a web page.
Evaluate whether the text demonstrates
a high degree of knowledge density in

its content. The following curriculum
is used to assess whether a text has
dense knowledge on a 4 likert scale:

2

3 0 Point: No Meaningful Knowledge
4 - The extract lacks any meaningful or

specific content.
5 - No concrete facts, data, or identifiable

concepts
6

7 1 Point: Minimal Knowledge Content
8 - Contains only 1-2 disjointed factual

statements
9 - No context, sourcing, or explanation

10

11 2 Points: Moderately Knowledge Density
12 - The extract includes several points of

useful knowledge.
13 - Support with some details, examples, or

explanations.
14

15 3 Points: Substantially Rich in Knowledge
16 - The content provides a well-rounded and

informative discussion.
17 - Ideas are explained with clarity and

supported by relevant details or
examples.

18

19 4 Points: Exceptionally Knowledge-Rich
20 - The extract offers a dense, nuanced, and

well-connected presentation of
knowledge.

21 - The content shows breadth and depth,
encouraging comprehensive understanding.

22

23 The extract: {text}
24

25 After examining the extract:
26 - Briefly justify your total score, up to

50 words.
27 - Conclude begin with the score using the

format: "Knowledge Richness Score:
<total points>"

Listing 5: Prompt for Knowledge Richness

1 Below is an extract from a web page.
Evaluate whether the text demonstrates
a high level of reasoning level. The
following curriculum is used to assess
whether a text has a high reasoning
level:

2

3 0 Points: No Reasoning Present
4 - The text lacks any evidence of thinking

or reasoning from the writer.
5

6 1 Point: Minimal Reasoning
7 - Some claims are made, but reasoning is

largely absent or extremely shallow.
8 - No causal relationships or inferential

steps are evident.
9 - Readers are not encouraged to reflect or

engage intellectually.
10

11 2 Points: Limited Reasoning
12 The text demonstrates some basic thinking

and reasoning, such as:
13 - a straightforward application of a known

technique
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14 - simple analysis of a problem.
15

16 3 Points: Moderate Reasoning
17 The text demonstrates adequate level

thinking and reasoning, such as
18 - a consideration of multiple approaches to

a problem.
19 - A discussion of the trade-offs between

different solutions.
20

21 4 Points: Strong Reasoning
22 The text demonstrates significant thinking

and reasoning, such as:
23 - Multi-step reasoning chains to solve a

complex problem.
24 - Advanced reasoning patterns often used in

specialized science domains
25

26 5 Points: Exceptional Reasoning Quality
27 The text exemplifies exceptional thinking

and reasoning, such as:
28 - A highly innovative and creative approach

to solving a complex problem in
specialized domains.

29 - Combining multiple reasoning and thinking
techniques, with novel abstraction of
the problem.

30

31 The extract: {text}
32

33 After examining the extract:
34 - Briefly justify your total score, up to

50 words.
35 - Conclude begin with the score using the

format: "Knowledge Reasoning Score:
<total points>"

Listing 6: Prompt for Reasoning Level

1 Below is an extract from a web page.
Evaluate whether the page has a high
educational value for teaching from
kindergarten to graduate education. The
following curriculum is used to assess
whether a text has a high educational
value on a 3 point scale:

2

3 **0 Point: No Educational Value**
4 - Not even a single bit of information is

worth learning.
5 - Note that if there is even a single bit

of information that is worth learning,
the score should be at least 1 point.

6

7 **1 Point: Minimal Educational Relevance**
8 - The extract provides some useful

information pertinent that is worth
learning or teaching, but does not
align closely with educational
standards.

9 - It may include a large amount of
non-educational content (e.g.,
advertisements, promotional material)
that detracts from its usefulness.

10

11 **2 Points: Suitable for Educational Use**
12 - The extract provides a lot of useful

information that is worth learning or
teaching. The content is fluent and
coherent.

13 - It may include a small amount of
non-educational content. It may have
limitations, such as incomplete
coverage or extraneous information.

14

15 **3 Points: Highly Relevant and Beneficial**
16 - The extract has very high educational

value. It contains high density of
information that is worth learning or
teaching, either for any level of
education.

17 - Content is clear, consistent, and
focused, with minimal irrelevant
information.

18 - May resemble a snippet from a textbook,
tutorial, exercises, solutions, or any
structured learning materials.

19

20 The extract:
21 {text}
22

23 After examining the extract:
24 - Briefly justify your total score, up to

50 words.
25 - Conclude begin with the score using the

format: "Educational score: <the
assigned score>"

Listing 7: Prompt for Educational Value

1 Below is an extract from a web page.
Evaluate whether the content
demonstrates a high degree of practical
helpfulness, particularly in terms of
offering applicable knowledge for
real-world utility. The following
curriculum is used to assess whether a
text has a high practical helpfulness
on a 4 likert scale:

2

3 0 Points: No Practical Helpfulness
4 - The extract contains no useful or

applicable knowledge.
5 - May be purely entertainment or

advertisement with zero actionable
takeaways

6 - May contain misinformation or harmful
suggestions

7

8 1 Point: Minor Utility
9 - The text may hint at applicable ideas but

lacks clarity, specificity, or guidance.
10 - It is too general or abstract to be put

into use.
11

12 2 Points: Moderate Helpfulness
13 - The knowledge can be applicable in some

uncommon scenarios (targets <1%
audience) that only relate to a small
portion of people.

14

15 3 Points: Broadly Helpful
16 - The extract includes practical

information that could be applied in
common contexts.

17 - Offers validated strategies for common
needs

18

19 4 Points: Substantially Helpful
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20 - The extract offers clear, applicable
knowledge or skills that are useful in
real-world scenarios that frequently
occur.

21 - Addresses frequent pain points (>10%
audience)

22

23

24 The extract: {text}
25

26 After examining the extract:
27 - Briefly justify your total score, up to

50 words.
28 - Conclude begin with the score using the

format: "Knowledge Practical
Helpfulness Score: <total points>"

Listing 8: Prompt for Practical Helpfulness

1 Here is an extract from a webpage. Please
evaluate the percentage of the global
population that is likely to be able to
comprehend the knowledge text. The
following scale is used to assess the
comprehension difficulty, with a
5-point Likert scale:

2

3 0 Points: No value to understand
4 - The content is incomprehensible due to

its low language quality.
5 - Contains gibberish, severe grammar

errors, or formatting problems.
6 - Examples: Advertisement,

machine-translated nonsense, corrupted
text

7

8 1 Point: Universal Comprehension
9 - The content is very simple and direct,

easily understood by the vast majority
of people.

10 - Requies basic vocabulary (<4th grade
level), commonsense knowledge, with no
jargon.

11 - Examples: Weather reports, simple
recipes, basic safety instructions

12

13 2 Points: Majority Effortless
14 The content is clear and easily

understandable for almost everyone,
with only a very small percentage
finding it difficult.

15 - Requires conversational language level
and general world knowledge

16 - Examples: social media posts, most new
articles

17

18 3 Points: Educated Majority
19 - The content is accessible to the majority

of people, with some difficulty, but
most people should be able to
understand and comprehend it after some
effort.

20 - Requires high school reading level and
secondary education concepts

21 - Examples: Government pamphlets, workplace
training manuals, simple financial
advice.

22

23 4 Points: Specialized Audience

24 - The content is understood by a small
portion of people, but it remains
challenging for the majority.

25 - The content may require some expertise.
26 - Requires undergraduate-level training in

field
27 - Examples: College textbooks, legal

contracts, financial advice
28

29 5 Points: Expertise
30 - The content may be very professional or

academic.
31 - Requires graduate-level expertise.
32 - Examples: Quantum physics proofs, AI

architecture patents, genomic research
33

34 Extract:
35 {text}
36

37 After reviewing the text:
38 Briefly justify your total score in up to

50 words.
39 Conclude begin with the score using the

format: "Comprehension Difficulty
Score: "

Listing 9: Prompt for Comprehension Difficulty

1 Here is an extract from a webpage. Evaluate
whether the content demonstrates a high
level of factual accuracy as part of
its overall information quality.

2 Note that:
3 - the text may include some facts that are

unknown to you. In these cases, you can
ignore these unknown or uncertain facts
and only focus on identify those
obvious factual errors that are known
to you.

4 - In some special contexts, such as
fictions, it is allowed to contain some
imaginary facts.

5

6

7 The following guideline is used to assess
the factual accuracy, with a 3-point
Likert scale:

8

9 0 Point: Evidently Inaccurate
10 - The extract is filled with incorrect

information.
11 - Key claims are demonstrably wrong or

contradict well-established facts.
12

13 1 Point: Highly Unreliable
14 - The extract contains multiple factual

inaccuracies or distortions.
15 - Misleading phrasing or vague statements

obscure the truth.
16 - While not entirely false, it cannot be

trusted as a reliable source of
information.

17

18 2 Points: Generally Accurate with Minor
Issues

19 - <2 minor errors in peripheral details
20 - Occasional imprecise language without

distorting meaning
21 - Preserves core truth despite technical

imperfections
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22

23 3 Points: Accurate and Trustworthy
24 - No detectable errors in verifiable claims.
25

26

27 Extract:
28 {text}
29

30 After reviewing the text:
31 - Briefly justify your total score in up to

50 words.
32 - Conclude begin with the score using the

format: "Information Factual Accuracy
Score:"

Listing 10: Prompt for Factual Accuracy

1 Here is an extract from a webpage. Evaluate
whether the content demonstrates a high
degree of completeness, specifically in
terms of how fully the topic is covered
and whether the information is
presented with sufficient context. The
following scale is used to assess the
information completeness, with a
4-point Likert scale:

2

3

4 0 Point: Severely Incomplete
5 The extract offers only fragments of

information or vague references to the
topic.

6 Key background, definitions, or context are
missing.

7 The presentation leaves readers with more
questions than answers.

8

9 1 Point: Limited Completeness
10 The extract touches on parts of the topic

but leaves significant gaps.
11 It may assume prior knowledge or skip

necessary context.
12 Information is partial or unevenly

distributed.
13

14 2 Points: Moderately Complete
15 The extract introduces the main topic and

provides sufficient context to follow
the discussion.

16 Some areas may be underdeveloped or
missing, but overall understanding is
possible.

17 It resembles a summary or introductory
passage.

18

19 3 Points: Substantially Complete
20 The extract covers the topic in a

well-rounded and balanced manner.
21 Most relevant aspects are addressed, with

clear and sufficient context.
22 There may be minor omissions, but they do

not disrupt comprehension.
23

24 4 Points: Exceptionally Complete
25 The extract thoroughly explores the topic

with comprehensive coverage.
26 All necessary context is included, with no

critical gaps.
27 It reflects a deep and well-structured

presentation that anticipates and

answers potential reader questions.
28

29 Extract:
30 {text}
31

32 After reviewing the text:
33 Briefly justify your total score in up to

50 words.
34 Conclude begin with the score using the

format: "Information Completeness
Score: "

Listing 11: Prompt for Completeness
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