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Abstract

High-quality training data is critical to the performance of
large language models (LLMs). Recent work has explored
using LLMs to rate and select data based on a small set of
human-designed criteria (rules), but these approaches often
rely heavily on heuristics, lack principled metrics for rule eval-
uation, and generalize poorly to new tasks. We propose a novel
rule-based data selection framework that introduces a metric
based on the orthogonality of rule score vectors to evaluate and
select complementary rules. Our automated pipeline first uses
LLMs to generate diverse rules covering multiple aspects of
data quality, then rates samples according to these rules and ap-
plies the determinantal point process (DPP) to select the most
independent rules. These rules are then used to score the full
dataset, and high-scoring samples are selected for downstream
tasks such as LLM fine-tuning. We evaluate our framework
in two experiment setups: (1) alignment with ground-truth
ratings and (2) performance of LLMs fine-tuned on the se-
lected data. Experiments across IMDB, Medical, Math, and
Code domains demonstrate that our DPP-based rule selection
consistently improves both rating accuracy and downstream
model performance over strong baselines.

Code & Data — https:
//github.com/XiaominLi1998/Submission-OrthoRules

Extended version — https://arxiv.org/abs/2410.04715

1 Introduction

Large language models (LLMs) have been widely adopted
across a diverse range of applications. Training these mod-
els—both during pre-training and fine-tuning—typically re-
quires large and varied datasets. Prior work has shown that
data quality plays a critical role in the effectiveness of LLM
training (Brown 2020; Chowdhery et al. 2023; Du et al. 2022;
Dubey et al. 2024; Wenzek et al. 2019). For example, Meta’s
LIMA paper (Zhou et al. 2024) demonstrated that just 1K
carefully curated samples can outperform a much larger set
of 50K original samples. Similar findings have emerged from
other studies, where selecting high-quality data subsets im-
proves both training efficiency and model performance (Cao,
Kang, and Sun 2023; Hsieh et al. 2023; Xie et al. 2024;
Sachdeva et al. 2024; Zhang et al. 2023).
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A recent trend involves using LLM-as-a-judge to rate data
quality based on a set of human-designed metrics, referred
to here as “rules” (Yuan et al. 2024; Wettig et al. 2024; Bai
et al. 2022; Mu et al. 2024). For instance, Wettig et al. (2024)
used LLMs to score pre-training data according to four pre-
defined rules. RedPajama (Together AI 2023) built a rule
set with over 40 criteria for evaluating LLM training data.
In specialized domains like safety, Constitutional AI (Bai
et al. 2022) defined a set of “constitutions” for generating
safe synthetic data; Huang et al. (2024) later expanded this to
133 rules. OpenAI’s Rule-based Rewarding (Mu et al. 2024)
similarly introduced 21 general safety rules as part of the re-
inforcement learning from human feedback (RLHF) pipeline.
These rule-based approaches provide better interpretability
by assigning granular, rule-specific scores rather than a single
opaque quality label, and studies have shown this fine-grained
strategy leads to more accurate assessments (Yuan et al. 2024;
Wettig et al. 2024; Bai et al. 2022; Mu et al. 2024).

Despite this progress, several challenges remain. First, de-
signing an effective rule set is difficult, as acknowledged
in the prior work mentioned above. Most current rules rely
heavily on human heuristics and are often too broad to yield
useful signal. Second, there is a lack of principled metrics for
evaluating rules, and little understanding of how rule quality
and quantity affect downstream outcomes. Prior work (Bai
et al. 2022; Wettig et al. 2024; Together AI 2023) typically
randomly selects a subset of rules for scoring, a decision that
can substantially impact the resulting data quality. Addition-
ally, many rules are correlated, introducing redundancy and
potential bias in the ratings (Wettig et al. 2024). This raises
an important question: with a “constitution” (a pool of rules)
in hand, exactly which “laws” (a subset of task-related rules)
should be applied to a specific task? Random selection as
in Bai et al. (2022) may not be the optimal strategy. A third
major drawback is the limited flexibility of these rules; they
are often designed for specific settings, such as safety tasks,
and lack general applicability across diverse settings.

In our work, we aim to address these challenges. We first
leverage GPT-4 (Achiam et al. 2023) to automatically gen-
erate candidate rules, prompting it with descriptions of both
the target task and the source dataset. The generated rules
are then manually reviewed to ensure clarity and validity. At
this stage, some generated rules are found to be repetitive or
redundant. Our strategy is to first generate a rule set that can



comprehensively cover various data quality aspects, which
may include many correlated and redundant rules. The sec-
ond step is to filter out repetitive ones, and select a subset
of rules that are relatively uncorrelated/independent. This
is achieved by first using the rules to rate a batch of data,
creating one score vector for each rule, and then assessing
the independence of rule subsets through the overall orthogo-
nality of their corresponding score vectors. We propose the
formula in Section 3 to measure the orthogonality and use

determinant point process (DPP) sampling (Macchi 1975;

Borodin and Olshanski 2000) to identify a subset of indepen-

dent rules. Once the rules are determined, the third step is to

apply them to rate the full dataset and select the high-quality
subset. Combining rule generation, rule-based rating, rule
selection by DPP, and data selection, our method establishes

a fully automated framework for rule-based data selection

(illustrated in Figure 1). To our knowledge, we are the first to

introduce a mathematical evaluation metric for rules based

on score vector orthogonality. Moreover, this pipeline can be
applied to new tasks with minimal manual effort, addressing
the shortcomings of existing methods.

We validate our approach across four domains: IMDB,
Medical, Math, and Code, by fine-tuning LLMs on data
selected by our framework. We show that our rule-based
method consistently improves data rating accuracy and leads
to better model performance. Below is a list of main contri-
butions of our work:

1. Rule-free vs. Rule-based Rating. We provide the first
systematic comparison showing that fine-grained, rule-
based evaluation outperforms rule-free methods in data
quality assessment.

2. Rule Evaluation Metric: We introduce a novel rule evalu-
ation metric designed to promote low correlation and high
diversity among rules, the first rule evaluation metric for
rule-based LL.M-as-a-judge to our knowledge. We also
propose the method of using DPP on task-aware score
vectors to select a subset of independent rules.

3. Automated Rule-based Selection Pipeline. We confirm
that LLMs are effective rule generators, eliminating the
need for manual rule crafting. Our automated pipeline
generates the rules, selects the rules, and then uses them
to identify high-quality data.

4. Cross-Domain and Cross-Model. We validate our
method both by comparing against ground-truth ratings
and by benchmarking LLMs trained on selected data
across multiple domains (IMDB, Medical, Math, Code)
and model families (Pythia-1B and Llama3-8B with
LoRA), confirming the generality of our approach.

2 Related Work

Rule-based rating. Some studies adopt a more fine-grained
approach to data quality by distilling it into a finite set of met-
rics, which we refer to as “rules”. For instance, RedPajama
(Together Al 2023) provides over 40 quality rules as basic
filtering criteria. More relevant to our research, several stud-
ies apply this rule-based idea to rate LLM data. Yuan et al.
(2024) rates each sample from 1 to 5 based on how many of
five predefined criteria it satisfies. Wettig et al. (2024) uses
four general rules to rate and select pre-training data, while
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Sun et al. (2024) proposes 16 handcrafted rules to assess
response quality. Rule-based evaluation is also used in safety
applications. Constitutional Al (Bai et al. 2022) applies a
random subset of 16 safety critique rules (called “constitu-
tions”) to iteratively revise synthetic data. In Mu et al. (2024),
rule-based scores from 21 safety rules are directly integrated
into the RLHF reward, while Wang et al. (2024) trains a
composite reward model using rule-based ratings. As noted
earlier, existing rule designs often rely heavily on human
heuristics, lack principled evaluation metrics and exploration
of rule sizes, and are not easily adaptable. Our framework
addresses these limitations.

LLM data selection. There are different genres of data
selection approaches for LLMs. Basic filtering, such as set-
ting thresholds on word length, is used in many studies to
eliminate low-quality data (Soldaini et al. 2024; Wenzek et al.
2019; Raffel et al. 2020; Penedo et al. 2023). Fuzzy dedupli-
cation removes repetitive or similar samples (Allamanis 2019;
Lee et al. 2021; Gao et al. 2020; Jiang et al. 2022). Another
method is heuristic classification, selecting data based on
similarity to high-quality sources such as Wikipedia (Brown
2020; Touvron et al. 2023; Chowdhery et al. 2023; Du et al.
2022; Gao et al. 2020; Wenzek et al. 2019). More recently,
querying LL.Ms to rate data directly has become a standard
practice (Li et al. 2023; Chen et al. 2023; Bai et al. 2022;
Wettig et al. 2024; Yuan et al. 2024; Dubois et al. 2024).
Other methods include coreset and optimization-based subset
selection (Xia et al. 2022; Borsos, Mutny, and Krause 2020).

3 Methodology
3.1 Definitions and Notations

We introduce the definitions of the primary objects considered
in our method:

¢ R: the total number of available rules.

* r: the number of selected rules, using a specified rule
selection method.

* D: the set of all data samples, with its size denoted by
def

N =|D|.
* B C D: abatch of data samples, randomly selected for
evaluating the correlation of rules during the rule selection

e f
step, with its size denoted by n & |B| (we use n = 10*
in experiments in Section 5).

« S € R™*: the rating matrix S where each entry S; ;
represents the score of the ¢-th data sample according to
the j-th rule and is constrained to the interval [0, 1].

* S € R"*": a submatrix of S consisting of the r selected
columns from S, corresponding to the r selected rules.

Measure orthogonality: To guide rule selection, we pro-
pose a metric based on the orthogonality of score vectors.
To achieve this, we introduce a mathematical framework to
quantify the degree of orthogonality or correlation among

a given set of score vectors. Given S € R™", define its

def

sample mean as j; = % ZZ:1 Sk.i» and sample covariance



matrix £(§) € R™*" by

_ 1 &
J(S ; gz (Skyi = 1) (Skyj — 1) -
=1
Then define the sample correlation matrix C(S) € R™" as

Cii(8)E — B
%:(8) %5,(S)

1<i,j<r

To quantify the degree of correlation/dependence for a given
rating submatrix S, we introduce the quantity called rule
correlation:

@) o

i#i

Here, I is the identity matrix and | - ||F is the Frobenius

norm. Intuitively, c (S) ~ I, means the columns of S have
low pairwise correlations, making p(S) small. This metric
quantifies how much the columns of .S deviate from orthog-
onality, by measuring the deviation of its correlation matrix
from the identity matrix. The second equality in (1) provides
another intuitive understanding: p(.S) essentially aggregates
the correlations of all pairwise correlations of rules (4, j) for
15 ],

To validate our approach of using 13, batch of random n
samples, to generate rating scores and evaluate rule correla-
tions based on these score vectors, we present the following
theorem, which characterizes the concentration of the sample
rule correlation around the true rule correlation.

Theorem 1. Let C € R™™" be the true correlation matrix
among the r rules, i.e.,

Y
VZ%iiZer

and assume each candidate rule has nontrivial variance
2
(X5 = 0min > 0 for some constant oin). We draw n

i.i.d. samples {x"™},<}.<,, where each x*) € [0,1]" rep-
resents ratings for the k-th sample based on r rules. From

Civ= @)

these we form the empirical correlation matrix C. Then there
exists a universal constant ¢ > 0 such that for any § > 0 and
sufficiently large n,

" .

_ 1
P{|p(8) - I1C-Ts <e

In particular, if C is close to 1, in Frobenius norm (i.e.,
if the rules are nearly uncorrelated “in truth”), then the
observed rule correlation p(S) also remains close to zero for
sufficiently large n.

Proof. See Appendix A. O
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3.2 Determinantal point process (DPP)

The optimal solution to this mathematical problem of select-
ing the most orthogonal subset of a set of vectors is NP-hard
(Civril and Magdon-Ismail 2007; Kulesza, Taskar et al. 2012)
but we use DPP sampling to provide a relatively good solu-
tion. The determinant point process (DPP) is a probabilistic
model that describes the likelihood of selecting diverse sub-
sets from a larger set (Macchi 1975; Borodin and Olshanski
2000). Mathematically, a DPP is defined by a kernel matrix
that describes the similarities between elements in a set. The
probability of selecting a particular subset is proportional
to the determinant of the corresponding submatrix of this
kernel matrix. Intuitively, subsets with highly similar items
(leading to higher correlation in the submatrix) have smaller
determinants and are thus less likely to be chosen.

DPP Definitions. Given a discrete ground set )/, without
loss of generality we let Y = {1,2,..., R}, a (discrete) DPP
defines a probability measure over 2%, the power set of ).
Let Y be a randomly chosen subset. Then for any subset
A C ), the probability of A being chosen by a DPP is given
by:

P(ACY) =det(Ka4)

where K € REXE i a real positive-semidefinite matrix

called the kernel matrix and K 4 & [K]; jc 4 is the subma-
trix of K indexed by elements in A.

Kernel Matrix. Each entry K;; in the kernel matrix K
describes the similarity between elements ¢ and j in ). For
our purpose of selecting orthogonal rules, we will define K

as the Gram matrix of the score vectors: K = ST 8.

DPP Sampling. To sample a diverse subset using DPP,
there are several existing algorithms (Hough et al. 2006;
Kulesza, Taskar et al. 2012; Tremblay, Barthelme, and Am-
blard 2018) and the Python library DPPy (Gautier et al. 2019)
implements some of them. The computation of the DPP sam-
pling primarily hinges on the overhead of computing the inner
product kernel matrix K and its eigendecomposition. In our
case, K € R*% and hence it requires O( R?) time, where R
is the number of all rules. Nonetheless, we set R = 50 in our
experiments, therefore our DPP rule selection algorithm is
extremely fast (typically within 0.1 seconds). Further details
about DPP sampling algorithms and their time complexities
can be found in Appendix E.

3.3 DPP rule-based rating algorithm

Our rule-based data selection framework proceeds in five
steps (Figure 1):

Step 1. Rule generation. We prompt GPT-4 with a task
description and source data context to generate R candidate
rules. These rules are then manually refined for clarity and
relevance.

Step 2. Rule-based rating: We employ Llama3-8B-
Instruct (AI@Meta 2024), to rate the batch data 15 according
to R rules, resulting in the score matrix S € Rn* I

Step 3. Rule selection using DPP: From S, we aim to
select r relatively independent columns using a DPP, forming
the submatrix S € R"™*". We define the kernel matrix of



Rule Generation

(diverse rules to ensure
coverage and variety)

Rule-based Rating
(rate a batch of data
according to each rule)

DPP Rule Selection
(select orthogonal
rules using DPP)

Q = {3

Data Selection
(sample data by
aggregated scores)
og®

N4

Application of
Chosen Data
(e.g. LLM training)

Figure 1: Pipeline for rule-based data rating and selection in five steps (detailed in Section 3.3)

DPP as follows:
K%Y ST§eREXE, 3)

where each entry K ; = (S;,S;) (each S; is the i-th column
of S), representing the similarity between rule ¢ and rule
j. We then employ the DPP sampling algorithm to select r
indices from {1,2,..., R}, corresponding to the r chosen
rules.

Note that the cost of generating R rules is negligible, re-
quiring just a single GPT-4 query, and the cost of obtaining
the rating matrix S can be managed by adjusting the batch
size n. The motivation to select a fixed small number of r
rules is driven by the computational costs associated with us-
ing LLMs for data rating and the need to maintain a consistent
dimensionality for explaining data quality. These practical
considerations lead us to treat r as a hyperparameter. Discus-
sions on the optimal choices of r are explored in Section 4
and Appendix L.5.

Another important remark is that, even with the same set
of rules, they could have different correlations conditioned
on a specific task or dataset. Therefore during DPP selection,
instead of employing fixed representations such as semantic
encodings—which result in static rule representations and
selections across all tasks—we use fask-aware score vectors
to adaptively represent the rules. These vectors allow the
entire pipeline to be customized for a particular downstream
task.

Step 4. Stochastic data selection: We extend the rat-
ing process to cover all data samples using the selected r
rules, expanding the rating matrix S fromn X rto N X r.
We then aggregate these fine-grained ratings by averag-
ing across the r columns of S, resulting in a score vector
v = [v1,va,...,vy] " that assigns a quality score to each of
the IV samples.

Given the N scores and a fixed budget of selecting k& sam-
ples for training (K = 20000 in Section 5), rather than choose
the traditional top-k approach, (selecting the highest scored
samples), we adopt a stochastic sampling strategy, where we
sample k data points according to the distribution:

(@) = @
plx;) =
Z;'v:l evi/T

for each data point ; € D, and 7 is the “temperature” bal-
ancing between top-k and uniform sampling (we use 7 = 1
by default). This stochastic data selection mechanism intro-
duces greater diversity into the sampling process and is used
in several other works (Wettig et al. 2024; Sachdeva et al.
2024).
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Step 5. Apply the selected data on given downstream tasks,
such as for LLM domain fine-tuning.

4 Preliminary Experiments: Evaluating
Against Ground Truth Ratings

We evaluate our method through two complementary ap-
proaches: (A) comparing rule-based ratings against ground
truth human ratings, where smaller deviations from hu-
man scores indicate better performance, and (B) training
LLMs (Pythia-1B and Llama3-8B) on the selected data and
evaluating their downstream performance on domain-specific
benchmarks. This section focuses on the first evaluation setup
(A), while the full-scale LLM training experiments (B) are
presented in Section 5. Because Evaluation A avoids expen-
sive LLM training, it enables a broader exploration of factors
such as the effect of rule set size and the influence of model
scale (Llama3-8B vs. Llama3-70B). These experiments offer
deeper insights into the robustness and effectiveness of our
approach.

4.1 Experiments Setup

Datasets and ground-truth ratings: We use four datasets
spanning different domains: StanfordNLP-IMDB (Maas et al.
2011) AIMDB), MedQA (Jin et al. 2021) (Medical), GSM8K
(Cobbe et al. 2021) (Math), and MBPP (Austin et al. 2021)
(Code). For each dataset, we randomly sample 300 exam-
ples and ask five human annotators to assign quality scores,
with the average scores treated as ground truth (GT). In this
section, we present results on IMDB as a representative ex-
ample; results on the remaining domains are provided in
Appendix H.2.

Rule-based rating: We apply our rule-based approach to
rate the same data. For each of the R = 50 rules, we obtain
ratings from two LLMs: Llama3-8B-Instruct and Llama3-
70B-Instruct, to evaluate the effect of rater capability. Each
rule ¢ produces a score vector .S; € R™ over n = 300 samples,
forming a full rating matrix S € R"* %, We then select a
subset of 7 rules, forming a submatrix S € R™*". To evaluate
how well this rule subset aligns with ground-truth scores
Ser € R”, we compute the mean squared error (MSE):

2

€(8)= = |[=> 8- Ser ©)
2
where S‘j is the j-th column of S. As baselines, we include:
(1) the four human-designed rules in QuRating (Wettig et al.
2024), and (2) a rule-free method where Llama3 directly
produces an overall quality score (“NoRule”).



Our experiments in this section aim to explore the follow-
ing research questions:

* (Q1) Does greater rule diversity lead to more accurate
ratings?

* (Q2) Does rule-based selection generally outperform rule-
free methods?

* (Q3) Is the rating quality based on our DPP-selected rules
better than that based on human-created rules and NoRule
setting?

* (Q4) Does DPP select better rules than randomly chosen
ones?

* (QS5) Can the method possibly generalize well to pre-train
datasets?

4.2 Results

Correlation of p(S) and the MSE ¢(S) (answer to Q1).
For each rule subset size r € {1,2,...,50}, we sample
min{10000, (5T0)} sets of indices of size r, which are used to
choose rules and form S. We then calculate its rule correla-

tion p(.S) and MSE ¢(.S), as well as the Pearson correlation
between them. The Pearson correlation is surprisingly strong
across both rating model (Llama3 8B and 70B) (Figures 2a
and 2b). This confirms that higher rule diversity is positively
correlated with the accuracy of rating results. In other words,
the highly correlated or redundant rules can potentially lead
to non-robust ratings.

Rule-based v.s. Rule-free (answer to Q2): We sample 10°
random rule subsets of size r and compare their MSEs against
that of the NoRule baseline. Figures 2c and 2d show that rule-
based methods consistently achieve lower MSE. Interestingly,
even randomly chosen domain-specific rules outperform the
fixed QuRating rules, illustrating the limitations of static,
general-purpose rule sets.

DPP v.s. QuRating v.s. NoRule (answer to Q3). Using
DPP, we select r rules and repeat this for 100 trials. We
report both the average MSE and the winning rate compared
to QuRating and NoRule (Figures 3a, 3d). Results show that
once r exceeds a modest threshold, DPP-selected rules almost
always outperform both baselines.

DPP rules v.s. Randomly selected rules (answer to Q4).
We compare DPP-selected rule subsets to randomly sampled
ones of the same size, evaluating both the rule correlation
p(S) and MSE ¢(S) for their corresponding score subma-
trices S. As shown in Figures 3b and 3c, DPP consistently
selects rules with lower correlation and MSE, regardless of
the value r. Notably, MSE increases when r is too small or
too large, which matches our intuition: when 7 is too small,
there are too few rules to cover all important data quality
aspects for rating, and when r is too large, rule redundancy
can negatively affect the rating outcomes. Therefore, we use
r = 10 in subsequent experiments.

Apply to pre-training datasets (answer to QS5). So far,
our experiments have focused on domain-specific datasets.
We also applied the rule-based method to the CommonCrawl
dataset (Common Crawl 2024), a general-purpose web corpus
commonly used for LLM pre-training. We find that the plots
of rule correlation show similar patterns, and the Pearson

31764

0.8 0.7
507 ' So6
w06 - ®os
[} (]
£05 S04
[} 0.4 [e]
oY |9
503 g03
o [e]
992 002
© ©
Qo1 ol
00%" 10 20 30 40 s0 %% 10 20 30 40 50
r r
(@) (b)
200 i 200 |
175 == NoRule ! 175/ == NoRule i
150 QuRating : 150 QuRating :
2125 1| p2s |
2100 H 2100 !
8 75 1 L 75 1
1 [a] 1
50 i 50 i
1
25 i 25 i
1 1

0

0.006 0.014 0.022 0.030 0.038 0.02 0.04 0.06 0.08 0.10
MSE

() (d)

Figure 2: (a) and (b): Pearson correlation of the rule corre-
lation p(S) and the MSE €(S), using Llama3 8B and 70B
raters respectively. (c) and (d): Distribution of MSE from
108 possible rule subsets with size 7, using Llama3 8B and
70B raters respectively, where two vertical lines represent the

MSE values of QuRating and NoRule.

correlation between p and € is consistently positive. How-
ever, the trends and Pearson values are less pronounced than
in domain-specific settings. This may be because domain-
specific datasets support more concrete and well-defined qual-
ity rules, whereas quality assessment in general pretraining
data tends to be more ambiguous and less structured. Detailed
results and analysis are provided in Appendix H.3.

5 Experiments: Data Selection for LLM

Fine-tuning
We now evaluate our full framework in a realistic setting
by following the pipeline in Section 3.3 to fine-tune LLMs
(Pythia-1B and Llama3-8B) on selected data, then measure
their downstream performance. This setup reflects practical
applications of LLM data selection in domain-specific fine-
tuning.

5.1 Experiments Setup

Evaluation Benchmarks. We assess performance across
four domains using standard benchmarks: IMDB: Sentiment
classification using the IMDB dataset (Maas et al. 2011),
Code: Code generation evaluated on HumanEval (Chen et al.
2021), MBPP (Austin et al. 2021), and Multiple-py/cpp (Cas-
sano et al. 2022), Math/Medical: Relevant subsets of MMLU
(Hendrycks et al. 2020). We set the inference temperature to
0, unless the the benchmark protocol itself requires top-k sam-
pling. Full benchmark details are provided in Appendix 1.4.

Data Source. We use SlimPajama (Cerebras Systems
2023), a large, deduplicated multi-source corpus for LLM
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Figure 3: (a) Winning rate of DPP-selected rules compared to QuRating’s four rules and the NoRule setting respectively, based on
MSE across 100 DPP trials. (b) Comparison of rule correlation p between DPP-selected and randomly selected rules, averaged
across 100 trials. (c) Comparison of MSE between DPP-selected and randomly selected rules, averaged across 100 trials. Plots

(a), (b), and (c) display results using Llama3-8B rater, while (d), (e), and (f) for the Llama3-70B rater.

training. From it, we randomly sample 1M examples (around
1B tokens) as our raw dataset D, from which we select a high-
quality subset of £ = 20,000 samples for model training.

Models. We intentionally choose Pythia-1B (Biderman
et al. 2023) as the base model for the IMDB and Medical
tasks, as it was pre-trained on the Pile dataset (Gao et al.
2020), offering a more controlled comparison than using mod-
els that may have been trained on SlimPajama. To validate
the generalization ability of our framework across different
LLMs, we train Llama3-8B (Al@Meta 2024) with LoRA
(Hu et al. 2021) for the Math and Code domains.

Baselines. We compare our method against the follow-
ing baselines, including both rule-free and rule-based data
selection methods:

¢ Rule-Free Methods

— Uniform Sampling: Randomly select 20K samples
from the dataset.

— No Rule: Use Llama3-8B to assign a quality score
to each sample without any rule prompts, then apply
the same sampling procedure as in Section 3.3.

— DSIR (Xie et al. 2024): Importance resampling
based on similarity to a high-quality reference
dataset (we use test sets from evaluation bench-
marks).

— LESS (Xia et al. 2024): Estimate data influence on
downstream performance and select samples with
the highest impact.

* Rule-Based Methods
— QuRating (Wettig et al. 2024): Rate and select data

using a fixed set of four manually designed rules.

— GPT-Uncorrelated: Prompt GPT-4 to directly gen-
erate 10 “uncorrelated” rules, then use them to rate
and select data.

¢ All Data

— AllData: Use the entire 1M SlimPajama samples
without applying any selection.

For our automated rule-based selection algorithm, we set
R = 50 and » = 10. The choice of r as a hyperparameter
is based on experimental observations from Section 4. As
inferences of LLM are a lot less computing-consuming than
model training, we set n = 10 in all our experiments (the
size of a randomly selected batch for generating score vectors
and selecting orthogonal rules).

5.2 Fine-tuning Results

For each domain, we select 20K relevant training samples us-
ing different selection strategies. Results are shown in Table 1.
We first note that training with all 1M data gives underper-
forming results, aligning with findings from prior works such
as Zhou et al. (2023). Uniform Sampling generally fails to
yield significant improvements. While DSIR performs well
on certain tasks, it relies on access to a high-quality reference
dataset or even the test dataset, which may not always be
feasible. Among all rule-based methods, QuRating under-
performs. As previously noted, its limited hand-crafted rules
may reflect subjective preferences or omit task-dependent
correlations between rules. The GPT-Uncorrelated rules face
a similar issue where the rule selection process is entirely
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IMDB Medical Math Code
Method Med Math Code
SA |CM PM MG Ave ES HS CMath Ave HE mbpp MPy MCpp Avg
Backbone 445 214 342 23.0 262 | 41 39.6 34 38.2 (463 429 44 484 454
Uniform Sampling | 43.9 [23.0 42.1 22.5 28.9|40.5 392 35 38.2 138.7 382 382 39.7 38.7
No Rule 51.1 [23.1 42.6 22.0 29.2 423 374 37 38.9 [45.1 439 428 52.1 459
DSIR 50.2 |22.5 324 17.0 239|415 411 34 38.9 [45.1 436 491 522 475
LESS 46.6 |23.6 404 24 293415 404 33 38.3 (414 435 439 453 435
QuRating 477 |21.3 422 22 285(41.5 381 35 38.2 (432 434 405 456 43.1
GPT-Uncorrelated | 50.9 [23.7 42 22.7 294|414 39 373 39.2 (412 435 39.6 48.6 432
AllData 455 |21.9 37.8 24.0 279 (41.8 37.7 330 375|451 438 422 52.1 458
DPP 10 Rules (ours) | 53.5 |24.6 43.3 26.8 31.6 |43.7 40.6 38 40.8 |50.5 44.2 46.9 52.7 48.6

Table 1: Fine-tuning on IMDB, Medical, Math and Code domains,

each using 20K selected data samples from SlimPajama. The

first row shows the performance of the original backbone model (Pythia-1B for IMDB and Medical and Llama3-8B for Math and
Code). Abbreviations for subtasks: SA = Sentimental Analysis accuracy, CM = College Medicine, PM = Professional Medicine,
MG = Medical Genetics, ES = Elementary School Math, HS = High School Math, CMath = College Math, HE = HumanEval,
MPy = Multiple-py, MCpp = Multiple-cpp. For Uniform Sampling and methods involving randomness in rule selections, we
conducted 3 independent trials and averaged the results. The standard deviations are reported in Appendix 1.3.

independent of the data. In contrast, our method first gener-
ates a large rule pool and then selects a subset based on rule
orthogonality derived from data-specific score vectors. This
task-aware design, grounded in a rigorous metric, leads to
improved fine-tuning outcomes across all domains.

5.3 Ablation Study

To demonstrate the effectiveness of DPP in rule selection, we
conduct an ablation study and evaluate the performance of
the following variations developed within our framework:

* GPT-selected 10 Rules: Query GPT to select 10 “uncorre-
lated” rules from the rule pool.

* All 50 Rules: Average score vectors from all 50 rules to
rate and select data.

* Random 10 Rules: Randomly choose 10 rules and average
the score vectors to rate and select data.

Results are provided in Appendix B. Key findings include:
DPP 10 Rules consistently outperforms both All 50 Rules
and Random 10 Rules. This aligns with our argument of the
importance of rule orthogonality, as well as the intuition that
the optimal 7 is not near the boundaries (both validated by
experiments in Section 4). GPT-selected 10 Rules provides a
strong baseline, but since it relies solely on semantic features
and not task-specific scores, it is generally outperformed by
our DPP-based selection. These results confirm that our DPP-
based selection mechanism effectively identifies a compact,
high-quality, and diverse rule subset tailored to the target task,
resulting in superior data selection and model performance.

6 Conclusion

We presented an automated, rule-based framework for select-
ing high-quality training data for LLMs, combining LLM-
generated rules with a DPP-based selection mechanism to
promote rule diversity and reduce redundancy. Our work is
the first to introduce a principled, automated metric for rule
evaluation, integrated into a fully data-driven pipeline that
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generalizes effectively across diverse domains and tasks. We
first validated our approach on a dataset with ground truth
quality scores, demonstrating improved rating accuracy. We
then fine-tuned LLMs using data selected by our method and
showed consistent improvements over strong baselines across
four domains. These results confirm that selecting a compact
set of diverse, task-aware rules leads to higher-quality data
and ultimately better model performance.

Our framework is broadly applicable to various scenarios,
including general LLM pre-training, domain-specific fine-
tuning, and RLHF data annotation. Moreover, it supports
natural extensions such as rule re-weighting, enabled by the
orthogonality of selected rules. Future work includes explor-
ing these extensions and adapting the framework for settings
requiring dynamic or task-conditioned rule weighting.
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