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Abstract

Not all training samples contribute equally
to large language model fine-tuning. Select-
ing informative training samples can reduce
the computational cost while preserving down-
stream performance. Many existing data selec-
tion methods rely on indirect heuristics, such
as data quality, diversity or reasoning trace
length. However, the effectiveness of these
fixed criteria is task-dependent and difficult
to generalize across diverse downstream tasks.
Perplexity-based data selection provides a sim-
ple and model-aware solution to estimate the
sample difficulty, but existing approaches typ-
ically score the entire training sequence and
ignore the difference in learning objectives of
language modeling and reasoning tasks. In
this paper, we propose PPL-Factory, a simple
and interpretable data selection framework that
combines task-aware perplexity-based scores
and data budget-aware selection criteria. Ex-
periments on GSM8K demonstrate that PPL-
Factory outperforms other state-of-the-art data
selection methods using only 1% of the train-
ing set. With 10% of the data, PPL-Factory ex-
ceeds full-data fine-tuning accuracy by 0.9 on
GSM8K and 4.8 on MATH using a 3B model,
respectively. Overall, our results demonstrate
that task-aware and budget-aware perplexity-
based selection provides an effective and appli-
cable approach for efficient fine-tuning.

1 Introduction

Fine-tuning large language models (LLMs) has be-
come a standard approach for adapting pretrained
models on diverse downstream tasks. However, full
dataset fine-tuning remains computationally expen-
sive, especially when the parameter size for the
model or the available training corpus is large (Al-
balak et al., 2024). Considering that not all training
examples give equal learnable signals to the model
improvement, data selection and data pruning ap-
proaches (Chen et al., 2024; Li et al., 2024a) are

proposed to discard redundant, overly hard, noisy
or mislabeled samples for LLMs. Identifying a sub-
set of training data that preserves the informative
knowledge is therefore an active research topic.

Perplexity offers a simple and model-aware sig-
nal for estimating the difficulty of training exam-
ples. Recent studies have shown that both high
and medium perplexity improve performance and
training efficiency (Ankner et al., 2025). How-
ever, prior work has shown that many one-shot
coreset selection methods suffer from a dramatic
accuracy drop under extremely low data-budget set-
tings and can even perform worse than random sam-
pling (Zheng et al., 2023; Xia et al., 2025), due to
insufficient data diversity and informative coverage.
Embedding-based data selection approaches (Ru-
bin et al., 2022; Ni et al., 2022) utilize a proxy
model to assign a score to each data point in the
training set based on its similarity with the valida-
tion set. However, semantic similarity extracted
from a separate frozen model has a weak connec-
tion to the learning behavior of the target model.
Gradient similarity-based approaches (Xia et al.,
2024; Nikdan et al., 2025) evaluate the utility of
each data point and compute its training gradi-
ent. Influence functions (Koh and Liang, 2017;
Dai et al., 2025) estimate how much a training
example affects a model prediction without fully
retraining the model. Despite their promising per-
formance, these sophisticated scores often intro-
duce additional computational overhead, as they
may require gradient construction, gradient-feature
storage, Hessian-vector products, or influence esti-
mation (Hammoudeh and Lowd, 2024; Killamsetty
et al., 2021). The utility functions and computa-
tional complexities for the previously mentioned
approaches are compared in Table 1.

To address the above limitations, we propose
PPL-Factory, a task-aware and data budget-aware
framework for efficient LLM fine-tuning. Unlike
prior perplexity-based methods that mainly rely on
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Method Utility Function Per-example Computational Cost
Random u(x) ∼ U(0, 1) O(1)
Perplexity-Based u(x) = PPLθ(x) Cforward(x)
Embedding-Based u(x) = sim(hθ(x), hθ(V)) Cforward(x) +O(d|V|)
Gradient-Based u(x) = ∥∇θℓθ(x)∥ Cforward(x) + Cbackward(x)

Influence-Based u(x) = −∇θℓθ(V)⊤H−1
θ ∇θℓθ(x) Cforward(x) + Cbackward(x) + CIHVP

Table 1: Utility functions and per-example computational cost for data selection methods. Random selection,
a common strong baseline (Ivison et al., 2025; Zheng et al., 2023), has the lowest computational complexity.
Perplexity scoring computation only requires forward passes without gradient updates. hθ(x) ∈ Rd denotes the
embedding of the training example x, V denotes a small validation set. Embedding-based approaches need a
one-time preprocessing cost on validation embeddings. ℓθ(x) denotes the token-level negative log-likelihood. Both
gradient-based and influence-based approaches involve a backward pass, and influence-based utility further requires
the inverse Hessian H−1

θ .

deterministic full-sequence difficulty ranking, our
method extends the perplexity-based selection from
directly aligned language modeling tasks to reason-
ing tasks and applies a budget-aware selection cri-
terion. For causal language modeling (CLM) tasks,
PPL-Factory scores fixed-length text blocks using
token-level negative log-likelihood (NLL). As for
the reasoning tasks, where the informative signal
is not always uniformly distributed across the full
sequence, PPL-Factory adapts a weighted combi-
nation of reasoning NLL score and answer NLL
score. In addition, we study how the best selec-
tion criterion changes across diverse data budgets,
and propose a budget-aware selection criterion to
preserve the model performance, especially under
extremely low data budgets. Our main contribu-
tions can be summarized as follows:

• We propose PPL-Factory, a joint task-aware
and budget-aware framework for efficient
LLM fine-tuning. PPL-Factory selects infor-
mative training subsets based on likelihood
within the target model. Experimental results
show that our approach surpasses the state-of-
the-art methods on GSM8K using only 1%
of the training set. It provides a lightweight
alternative to existing selection methods that
require external evaluators or expensive qual-
ity annotations.

• We develop task-aware NLL-based selec-
tion scores for language modeling and rea-
soning tasks within the PPL-Factory frame-
work. Instead of applying conventional full-
sequence perplexity ranking, the proposed
scores compute NLL over task-characterized
regions. Across four widely used benchmarks,
our method consistently outperforms prior

perplexity-based selection when using 30%
or less of the training set, highlighting the ro-
bustness and generalizability under low data
budgets.

• We systematically evaluate the fine-tuning
performance of PPL-Factory across different
training data budgets. The results show that
the proposed budget-aware selection strategy
outperforms full-data fine-tuning on reasoning
tasks and achieves comparable performance
on CLM tasks while using substantially fewer
training examples.

2 Preliminaries

Negative Log-Likelihood and Perplexity NLL
measures how unlikely a sequence is under a
language model. Given a token sequence x =
(x1, x2 . . . , xT ), the token-normalized NLL is de-
fined as

sNLL(x; θ) = −
1

T

T∑︂

t=1

log pθ(xt | x<t). (1)

Perplexity is the exponential form of the token-
normalized NLL

PPL(x; θ) = exp (sNLL(x; θ)) . (2)

A lower NLL means that the language model pre-
dicts the next token relatively well and confidently,
so it reflects an easy sample in the set. Middle-band
NLL samples can provide informative learning sig-
nals while remaining learnable. High NLL values
mean the samples are more surprising to the model
and therefore more difficult to learn given the pre-
trained parameters. Since perplexity is directly
derived from the training objective of autoregres-
sive language models, it provides a model-aware
measure of sample difficulty.
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One-shot Data Selection Let D = {zi}Ni=1 de-
note a training dataset with N examples, where
each zi represents a training unit. One-shot data
selection aims to select a training subset Dρ ⊆ D
before training, given a selection ratio ρ ∈ (0, 1],
such that the evaluation performance on the tar-
get dataset can be preserved. This optimization
objective can be formulated as

arg min
Dρ⊆D

L (θ∗(Dρ);Deval) ,

s.t. |Dρ| = ⌊ρN⌋,
(3)

where L(·) denotes the loss function, and θ∗(Dρ)
denotes the model parameters trained on the se-
lected subset Dρ.

Supervised Fine-tuning. Given a certain dataset
containing target sequences, the training strategy
is to minimize the NLL of the target sequence y
given an input x, which is,

LSFT(θ) = −
T∑︂

t=1

log pθ(yt | x, y<t), (4)

where y<t = (y1, · · · , yt−1) denotes the prefix be-
fore the t-th token in the target response.

3 Methodology

Figure 1 provides an overview of our proposed
PPL-Factory. Given a training corpus, PPL-Factory
computes task-aware NLL scores using the frozen
pre-trained LLM and applies a budget-aware selec-
tion rule to obtain a subset for efficient fine-tuning.
Then the subset is used to fine-tune the pre-trained
LLM to improve the downstream performance.

In the following subsections, we first introduce
the theoretical motivation in Section 3.1. We then
introduce the task-aware adaptation to the NLL
scores for diverse downstream tasks in Section 3.2,
from CLM to mathematical reasoning tasks. Fi-
nally, Section 3.3 presents our budget-aware selec-
tion criteria.

3.1 Theoretical Motivation
We consider an offline, one-shot data selection ap-
proach for efficient fine-tuning. Let the original
training corpus be denoted as D and let ρ ∈ (0, 1]
denote the data selection ratio. Data selection con-
structs a subset Dρ which is selected from the
full-size dataset D according to a certain criterion,
where Dρ contains a fraction ρ of the available
training samples. Thus, the selection criterion is

to identify informative and learnable signals from
the original training set and maximize the training
utility of the selected subset.

Let s denote the NLL of a training example,
which serves as a model-aware difficulty signal
for data selection. For a given selection ratio ρ,
we conceptually define the utility of retaining an
example with score s as

uρ(s) = rρ(s)− γρcρ(s), (5)

where rρ(s) is the positive training contribution to
fine-tuning and cρ(s) denotes the potential negative
effects caused by noise, incorrect label, or outlier
difficulty. The coefficient γρ controls the penalty
assigned to the negative effect.

While Equation 5 characterizes the utility of in-
dividual examples, an effectively selected subset
should keep sufficient coverage of the original dis-
tribution. Let P (s) denote the NLL distribution of
the full train set, and let Qρ(s) denote the selec-
tion score distribution of the selected subset under
selection ratio ρ. We formulate data selection as
an informative-coverage maximization problem,
where the selected subset is encouraged to retain
useful training signals while maintaining distribu-
tional coverage with respect to the full corpus

Jρ(Qρ) =

∫︂
uρ(s)Qρ(s) ds

− λρDKL(Qρ ∥ P ), λρ > 0.

(6)

The first term measures the expected utility of the
selected subset, while the KL-divergence term pe-
nalizes excessive deviation from the original score
distribution. The parameter λρ controls the trade-
off between concentrating on a high-utility score
region and increasing coverage of the full training
set. Overall, the optimization problem of the data
selection for efficient fine-tuning is now transferred
to maximizing the informative-coverage score un-
der a selection ratio ρ and λρ > 0. For a fixed ratio
ρ, the corresponding maximizer of Equation 6 has
the standard Gibbs form

Q∗
ρ(s) =

P (s) exp(uρ(s)/λρ)∫︁
P (t) exp(uρ(t)/λρ) dt

. (7)

This formulation illustrates that, when the rela-
tive utility of examples varies with the data bud-
get, the preferred region may also vary with ρ.
This observation motivates us to empirically in-
vestigate budget-dependent selection strategies in
Section 3.3.
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Figure 1: Overview of the proposed PPL-Factory framework. The orange-shaded block represents PPL-Factory.
Purple-shaded blocks represent LLMs, green-shaded blocks represent datasets. The top, middle, and bottom rows
illustrate the model fine-tuning, data selection flow, and internal components of PPL-Factory, respectively.

3.2 Task-Aware NLL Scores
Since perplexity directly reflects how likely a lan-
guage model considers a sequence under its learned
distribution, it is directly aligned with the next-
token prediction objective. Motivated by this align-
ment, we use NLL as a practical scoring form of
perplexity. We then adapt the NLL computation
to reasoning task structures, so that the score cap-
tures the most relevant learning signal for different
downstream tasks.

Causal Language Modeling Tasks In CLM fine-
tuning, the training corpus is typically tokenized,
concatenated, and divided into fixed-length blocks.
Therefore, we pack the corpus into token blocks
bi = (bi,1, . . . , bi,B) where B is the block size.
Then we calculate NLL using the average next-
token prediction loss over all tokens in a packed
block. Since all packed blocks have the same
length, the resulting NLL-based score provides a
comparable block-level measure of difficulty. For
each block bi, the language modeling score is com-
puted as

sLM
i = − 1

B − 1

B−1∑︂

t=1

log pθ(bi,t+1 | bi,1:t). (8)

Based on the score, we rank the blocks by difficulty.
A subset Dρ can be selected given the selection
criterion and the selection ratio. A detailed descrip-

tion of the proposed automatic selection approach
is provided in Algorithm 1.

Mathematical Reasoning Tasks Unlike CLM
corpora, the learning signal in the reasoning bench-
marks is not uniformly distributed over the full se-
quence. Reasoning datasets are typically organized
as instruction-response pairs, where the response
contains the main task-specific supervision for fine-
tuning (Huerta-Enochian and Ko, 2024). Both the
chain-of-thought reasoning and the final answer
are closely related to reasoning performance (Wei
et al., 2022; Fang et al., 2025).

Instead of computing NLL over fixed-length
packed blocks, we compute it over the reasoning
steps and the final answer. For each structured
example (qi, yi), qi denotes the question and yi de-
notes the target response. The response is further
decomposed as yi = [yreason

i , yanswer
i ]. The reason-

ing and answer NLL scores are computed as

sreason
i = − 1

|yreason
i |

∑︂

t∈yreason
i

log pθ(yi,t | qi, yi,<t),

sanswer
i = − 1

|yanswer
i |

∑︂

t∈yanswer
i

log pθ(yi,t | qi, yi,<t).

(9)
We define the overall selection score as a normal-
ized weighted combination of average token-level
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Algorithm 1: Packed-block Data Selector
Input: Dataset D, language modelM,

block size B, selection ratio ρ,
selection ∈ {random, easy, hard,
middle, mid_random}, lower
quantile ql, upper quantile qu

Output: Selected packed-block dataset Dρ

1 Tokenize D, concatenate tokens, and split
into blocks B = {bi}Ni=1 of length B

2 K ← max(1, ⌊ρN⌋)
3 if selection = random then
4 Randomly select K blocks

5 else
6 si ← − 1

B−1

∑︁B−1
t=1 log pM(bi,t+1 |

bi,1:t), ∀bi ∈ B
7 if selection = easy then
8 select K blocks with lowest si
9 else if selection = hard then

10 select K blocks with highest si
11 else if selection = middle then
12 select K blocks closest to

median({si})
13 else if selection = mid_random then
14 D′ ← {bi : Qql({si}) ≤ si ≤

Qqu({si})}
15 randomly sample K blocks from D′,

with fallback to B \ D′

16 return selected blocks as Dρ

NLL scores

scombined
i = αs̃reason

i + βs̃answer
i , (10)

where α and β are the weights for the reasoning
steps and the final answer. s̃i is the normalized
score using z-score normalization. This design
measures the model’s uncertainty in generating the
solution process and deriving the final answer from
the question, thereby producing a more task-aware
selection score for mathematical reasoning fine-
tuning.

Instead of applying fixed lower and higher quan-
tile thresholds as in Algorithm 1, we construct a se-
lection pool whose size is κ× the target number of
selected samples and then randomly sample from
this pool, where κ is the middle-pool multiplier.
The selection approach is detailed in Algorithm 2.

Algorithm 2: Reasoning Data Selector

Input: Dataset D = {(qi, yi)}Ni=1, language
modelM, selection ratio ρ,
scoring ∈ {response, reason,
answer, combined}, selection ∈
{random, easy, hard, middle,
mid_random}, multiplier κ

Output: Selected reasoning dataset Dρ

1 Decompose each yi = [yreasoni , yansweri ]
2 K ← max(1, ⌊ρN⌋)
3 if selection = random then
4 Randomly select K examples

5 else
6 Compute task-aware NLL score si using

Eqs. 9 – 10
7 if selection = easy then
8 select K examples with lowest si
9 else if selection = hard then

10 select K examples with highest si
11 else if selection = middle then
12 select K examples closest to

median({si})
13 else if selection = mid_random then
14 P ← the min(N, ⌈κK⌉) examples

closest to median({si})
15 randomly sample K examples from

P

16 return selected examples as Dρ

3.3 Budget-Aware Selections

Motivated by the budget dependence illustrated
by Equation 7, we empirically construct a budget-
aware data selection strategy using the NLL scores
described in Section 3.2. When the selection ratio
is relatively high, we use easier samples to avoid
extremely difficult or noisy outliers. As the bud-
get becomes more limited, we shift the selection
toward mid-range samples, which provide more
informative learning signals while avoiding both
overly simple and overly difficult examples. For
very small budgets, we further introduce random-
ness into the middle-band selection to preserve cov-
erage of the training distribution and reduce the risk
of selecting a narrow, biased subset. This random-
ization mitigates score noise and improves diversity
without introducing additional scoring or evaluator
costs. More details and analysis are discussed in
Appendix B.
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4 Experiments and Results

In this section, we present a comprehensive vali-
dation of our task-aware and budget-aware PPL-
Factory. We first detail our evaluation benchmarks
and model configuration in Section 4.1. Then, we
list the training details in Section 4.2. In Section 4.3
and Section 4.4, we compare our results on multiple
datasets against baselines and analyze key compo-
nents through ablation studies. Finally, we analyze
the computational complexity and fine-tuning cost
in Section 4.5.

4.1 Benchmarks and Models

We evaluate PPL-Factory on four datasets, includ-
ing CLM tasks and mathematical reasoning tasks.

In the experiments on CLM tasks, we fine-tune
LLaMA3.2-1B, LLaMA3.2-3B, and LLaMA3.1-
8B (Grattafiori et al., 2024) on our selected subset
from WikiText-2 and WikiText-103 (Merity et al.,
2016) to evaluate the model performance. The
reported metric is perplexity.

For reasoning tasks, we adopt LLaMA3.2-1B-
Instruct, LLaMA3.2-3B-Instruct, and LLaMA3.1-
8B-Instruct as backbone models. We vali-
dated our PPL-Factory on two mathematical
benchmarks, GSM8K (Cobbe et al., 2021) and
MATH (Hendrycks et al., 2021). Performance is
measured by zero-shot exact match accuracy on
GSM8K and greedy Pass@1 accuracy on MATH.
Each problem is evaluated using a single determin-
istic generation.

4.2 Training Details

All experiments use full parameter fine-tuning and
are conducted on a single NVIDIA H100 with 80G
memory. We follow standard practice in LLM fine-
tuning (Wolf et al., 2020). For the data selectors,
we keep block_size = 2048 in the packed-block
data selector. Lower quantile and upper quantile
are ql = 0.1 and qu = 0.8, respectively. These
values are selected to keep more learnable, eas-
ier samples and remove more outliers. In reason-
ing task settings, we have max_length = 2048
for GSM8K, and max_length = 4096 for MATH
since its problems and solutions are much longer
and more complex. The weights in Equation 10 are
α = 1, β = 0.5. This choice assigns primary im-
portance to the reasoning NLL score because it cap-
tures the model’s intermediate multi-step problem-
solving ability. The answer-level NLL is used as an
auxiliary term to capture the difficulty of generating

the final answer, but with a smaller weight to avoid
overemphasizing short answer spans. We set the
middle-pool multiplier κ = 2.0 when ρ ≤ 0.2 and
κ = 1.5 otherwise to keep the selection algorithm
focusing on the middle band instead of introducing
much randomness.

For experiments with smaller data budgets (1%–
10%), we conduct five independent runs with dif-
ferent random seeds. For experiments with larger
data budgets (20%–100%), we perform three in-
dependent runs. To ensure fair comparison, we
use consistent optimization seeds across all experi-
ments. We report the mean value of the evaluation
metric in our analysis. The fine-tuning settings are
discussed in Appendix D.2.

4.3 Results

Table 2 reports the evaluation performance on the
four benchmarks under low data budget settings,
with selection ratios ranging from 10% to 30%.
We focus on this regime because preserving model
performance with limited training data is particu-
larly challenging and is critical to evaluating the
effectiveness of data selection methods. Table 2a
on the left illustrates the evaluation perplexity of
different data selection methods on WikiText-2 and
WikiText-103. Table 2b on the right compares ac-
curacy on GSM8K and MATH.

Causal Language Modeling Performance
Overall, PPL-Factory provides the most stable
performance across WikiText-2 and WikiText-103.
In nearly all settings, it achieves the lowest
evaluation perplexity among the data selection
baselines, demonstrating its effectiveness in identi-
fying informative subsets for language-modeling
fine-tuning. Although full-data fine-tuning remains
the upper reference in most cases, PPL-Factory
substantially narrows the gap using only 10% of
the training data. It shows the effectiveness of
applying random selection to the middle band
under low data budget settings.

Reasoning Tasks Accuracy Compared with
existing perplexity-based methods, PPL-Factory
achieves higher accuracy on both GSM8K and
MATH under all the experimental settings. In ad-
dition, when fine-tuning LLaMA3.2-3B-Instruct
model on GSM8K with 30% and 10% of data,
PPL-Factory yields better performance than the
model fine-tuned on the entire training dataset. Ex-
perimental results on MATH also demonstrate that
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(a) Language Modeling: Perplexity

Selection Method WikiText-2 WikiText-103

[30%] [20%] [10%] [30%] [20%] [10%]

LLaMA3.2-1B Base Model
Full Fine-tuning 8.79 [100%] 8.00 [100%]
Random 9.21 9.37 9.69 8.18 8.28 8.41
Medium PPL 9.22 9.36 10.52 8.22 8.30 8.45
High PPL 9.25 9.37 9.63 8.30 8.38 8.51
PPL-Factory 9.20 9.22 9.55 8.15 8.26 8.38

LLaMA3.2-3B Base Model
Full Fine-tuning 7.43 [100%] 6.59 [100%]
Random 8.11 8.77 9.61 6.94 7.07 7.17
Medium PPL 8.08 8.70 9.52 6.90 7.05 7.15
High PPL 8.09 8.67 9.69 6.98 7.09 7.19
PPL-Factory 8.04 8.64 9.43 6.92 7.02 7.13

LLaMA3.1-8B Base Model
Full Fine-tuning 6.14 [100%] 5.90 [100%]
Random 6.32 6.40 6.66 6.14 6.20 6.37
Medium PPL 6.32 6.42 6.64 6.16 6.19 6.34
High PPL 6.32 6.40 6.61 6.29 6.33 6.40
PPL-Factory 6.30 6.36 6.59 6.10 6.16 6.31

(b) Mathematical Reasoning: Accuracy

Selection Method GSM8K MATH

[30%] [20%] [10%] [30%] [20%] [10%]

LLaMA3.2-1B-Instruct Model
Full Fine-tuning 39.88 [100%] 19.4 [100%]
Random 36.62 36.16 35.94 21.0 19.8 19.8
Medium PPL 35.41 34.19 34.95 19.0 17.2 20.4
High PPL 35.71 34.34 31.92 20.2 21.2 21.0
PPL-Factory 39.42 36.92 36.32 20.6 22.4 21.8

LLaMA3.2-3B-Instruct Model
Full Fine-tuning 61.87 [100%] 27.2 [100%]
Random 62.40 59.89 62.55 26.0 27.6 28.8
Medium PPL 62.77 61.20 59.89 26.2 25.4 24.2
High PPL 59.89 60.50 59.89 27.4 29.4 29.0
PPL-Factory 63.00 61.56 62.77 28.0 29.8 32.0

LLaMA3.1-8B-Instruct Model
Full Fine-tuning 71.42 [100%] 36.2 [100%]
Random 69.06 66.79 64.67 35.6 34.4 35.2
Medium PPL 65.50 65.20 65.13 31.6 33.4 33.2
High PPL 63.76 59.44 58.76 33.8 32.0 34.6
PPL-Factory 70.46 68.34 67.25 35.8 34.6 35.6

Table 2: Results of PPL-Factory under different data budgets. Table(a) on the left reports perplexity on WikiText-2
and WikiText-103, where lower is better. Table(b) on the right reports accuracy on GSM8K and MATH, where
higher is better. Medium PPL and High PPL are reproduced from (Ankner et al., 2025), using deterministic
categories. Best results within each column are in bold. Data selection ratios are in [brackets].

Method [1%] [5%] [10%]

LLaMA3.1-8B-Instruct 57.49 [0%]
+ Full Fine-tuning 71.39 [100%]
+ Random 58.09 64.17 65.67
+ Medium PPL (Ankner et al., 2025) 58.07 67.70 66.43
+ High PPL (Ankner et al., 2025) 56.33 60.88 59.71
+ GraNd (Paul et al., 2021) 57.23 67.65 70.05
+ EL2N (Paul et al., 2021) 60.16 61.50 71.66
+ CCS (Zheng et al., 2023) 60.70 63.64 68.72
+ Data Whisperer (Wang et al., 2025) 62.57 69.68 72.46
+ PPL-Factory (Ours) 62.94 69.61 70.24

Table 3: Exact-match accuracy on GSM8K dataset, us-
ing LLaMA3.1-8B-Instruct Model. [0%] means the
model is not fine-tuned on the downstream dataset.
[100%] refers to the model being fine-tuned with the
full-size training set, without data selection.

PPL-Factory provides strong subset fine-tuning per-
formance. More specifically, for 1B and 3B models,
fine-tuning on the selected subsets achieves higher
accuracy than full fine-tuning across all the 30%,
20%, and 10% selection ratios, indicating that task-
aware selection can remove less useful samples
while preserving more effective reasoning signals.

To enable a direct comparison with recent data
selection methods, we follow the experimental set-
ting of Data Whisperer (Wang et al., 2025) for
the results reported in Table 3. Compared to
other data selection methods, PPL-Factory achieves
higher accuracy with only 1% data. Although us-
ing 10% data does not achieve higher accuracy

than EL2N and Data Whisperer, our PPL-Factory
is computationally resource-friendly. EL2N is
memory-intensive because its token-level predic-
tion involves vocabulary-sized logits, whereas our
NLL scoring can be computed with inference-only
memory and scalar scores. The attention-based
Data Whisperer was run on eight NVIDIA A100
GPUs (Wang et al., 2025), reflecting substantially
greater computational resource requirements. Ex-
perimental results show that our task-aware NLL
score works effectively on reasoning tasks, and
especially fits the low data-budget settings.

Budget-Aware Selection Criterion The best
data selection criterion shifts with the fine-tuning
data budget. Among the five categories, random,
easy, middle, mid_random, and hard, easy sam-
ples contribute the most learning signals when a
relatively large portion of the training set is pre-
served. These low-perplexity examples can pro-
vide stable and reliable weight updates, making
selection effective. In contrast, when only a very
limited subset is kept, i.e., 30% or less of the full-
size dataset, deterministic selection from a narrow,
biased perplexity region may reduce data diver-
sity and over-concentrate on similar training ex-
amples. Under this condition, mid_random, which
focuses on a wider middle band and randomly se-
lects samples from the candidate pool, achieves
better empirical evaluation performance. In other
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Method [30%] [20%] [10%]

Random 36.62 36.16 35.94
Response NLL 36.47 36.39 35.25
Reasoning NLL 38.97 35.48 36.01
Answer NLL 38.67 34.34 34.72
PPL-Factory (Ours) 39.42 36.92 36.32

Table 4: Ablation of our PPL-Factory compared with
NLL variants fine-tuned on GSM8K using LLaMA3.2-
1B-Instruct Model. Response NLL uses the full re-
sponse to calculate the selection score. Reasoning NLL
is equivalent to setting the weights in Equation 10 to
α = 1, β = 0, and answer NLL is equivalent to set
α = 0, β = 1.

words, introducing randomness enhances the diver-
sity of the selected data, and contributes positively
to fine-tuning. It balances training effectiveness
and efficiency without involving extra computa-
tional cost overhead. Thus, we conclude that the
empirically best selection criterion is not only de-
termined by the model size or the task, but also by
the percentage of the training samples.

4.4 Ablation
Table 4 presents the GSM8K accuracy of our com-
bined NLL score in comparison to different NLL
scoring variants. The results show that PPL-Factory
consistently achieves the highest exact-match accu-
racy across all selection ratios. Compared with ran-
dom selection, PPL-Factory improves the accuracy
by 2.80, 0.76, and 0.38 points using 30%, 20%,
and 10% of training samples, respectively. Among
the single-component variants, reasoning NLL and
answer NLL can provide competitive performance
with 30% data, but their performance becomes less
stable when the data budget decreases. Response
NLL also shows limited improvement, suggesting
that using the full response as a single scoring tar-
get may dilute the contribution of the reasoning
and final-answer components. In contrast, PPL-
Factory combines both reasoning steps and answer
information and achieves the best performance in
all three settings, indicating that both components
in Equation 10 are useful for selecting informative
reasoning examples.

4.5 Computational Complexity and Training
Cost

In the PPL-Factory framework, for a dataset with
N examples, each NLL-based score is computed by
forward inference using the target model, where the

subset is directly determined by the target model
without using proxy evaluation. The main effi-
ciency gain comes from reducing the size of the
training set. With a selection ratio ρ ∈ (0, 1], the
number of training examples is reduced from N
to ρN , and the fine-tuning cost decreases approx-
imately linearly with the number of processed to-
kens. Although the scoring step adds a one-time
inference overhead, this cost is much smaller than
the cost of full fine-tuning. Experimental results
show that our method achieves a trade-off between
performance and training cost.

5 Related Work

Data selection aims to identify a smaller but more
useful subset that preserves downstream perfor-
mance. Existing methods can be broadly catego-
rized into difficulty or perplexity-based selection,
coverage-based selection, and influence-based se-
lection.

Difficulty- or Perplexity-based Selection Some
data pruning methods, such as GraNd and
EL2N (Paul et al., 2021), estimate the importance
of examples from early training dynamics by the
L2 norm of error vectors. RHO-loss (Mindermann
et al., 2022) prioritizes examples that are learnable,
useful, but not yet learned. H-score (Hosseini et al.,
2025) ranks each training example by the success
rate in classifying it correctly across multiple fine-
tuning runs.

Perplexity-based data pruning has been shown to
be effective for pre-training (Marion et al., 2023).
Recent work (Ankner et al., 2025) demonstrates
that a small reference model can provide a use-
ful perplexity-based rank for selecting examples,
which can be used to train larger models. These
methods suggest that model-estimated difficulty
can serve as a proxy estimation for data utility.

Coverage-based Selection Coverage-centric
Coreset Selection (Zheng et al., 2023) argues that
maintaining coverage is important under high
pruning rates. The existing selection algorithms
may over-concentrate a narrow region of the data
distribution and suffer from a dramatic accuracy
drop under extremely low data-budget settings.

Influence-based Selection LESS (Xia et al.,
2024) selects influential examples for target in-
struction tuning by comparing low-dimensional
gradient features between candidate examples and
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target-task demonstrations. Influence-based prun-
ing (Humane et al., 2025; Li et al., 2024b) improves
reasoning-data selection over heuristic criteria, but
it requires costly influence estimation and shows
limited capability in cross-model transferability.

Our PPL-Factory Framework Different from
methods that rely on external LLM references
and expensive gradient similarity, our work stud-
ies a simple and scalable one-shot data selection
framework based on task-aware NLL scores and
budget-aware selection criteria. Our study con-
nects perplexity-based data selection approaches
with supervised fine-tuning for both CLM tasks and
mathematical reasoning tasks. Empirical evidence
shows that our PPL-Factory outperforms determin-
istic perplexity-based selection and achieves the
highest accuracy among the compared approaches
at the 1% data budget, while remaining competitive
at larger budgets, including gradient-based GraNd
and EL2N, coverage-based CCS, and attention-
based Data Whisperer. Meanwhile, PPL-Factory
preserves a simple design with low resource re-
quirements.

6 Conclusion

In this paper, we presented PPL-Factory, a task-
aware and budget-aware data selection framework
for efficient fine-tuning of large language models.
Experiments on CLM benchmarks show that PPL-
Factory preserves most of the full-data fine-tuning
performance using only 10% of the training cor-
pus. On GSM8K, PPL-Factory achieves higher
accuracy than state-of-the-art selection methods
using 1% of the training data. It also surpasses full-
data fine-tuning in several low-budget settings on
both reasoning benchmarks, GSM8K and MATH,
by removing examples with weak or noisy learn-
ing signals. Overall, PPL-Factory reduces training
cost across both language modeling and reasoning
tasks by integrating the simplicity of the perplexity-
based scores adapted to different task structures
with budget-aware selection strategies.

Limitations

While our work demonstrates the promise of offline
one-shot data selection for both causal language
modeling and mathematical reasoning, several lim-
itations remain. Our study mainly focuses on su-
pervised fine-tuning, where reducing the number
of training examples directly lowers computational
cost, especially when the dataset size dominates

the overall training expense. We leave the exten-
sion of PPL-Factory to knowledge distillation as fu-
ture work. In particular, applying perplexity-based
selection to teacher–student learning may further
reduce training cost by enabling smaller student
models to learn from more informative subsets of
the distillation data. With an appropriate student ar-
chitecture, we believe PPL-Factory can provide an
efficient solution for improving knowledge transfer
while using fewer training samples.
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A Overview

This appendix provides details of our theoretical
analysis, experimental settings and additional eval-
uation results.

B Theoretical Analysis

B.1 Proof of the Optimizer in Equation 7
We consider the informative-coverage score de-
fined in Section 3.1:

Jρ(Qρ) =

∫︂
uρ(s)Qρ(s) ds

− λρDKL(Qρ ∥ P ), λρ > 0

(11)

where uρ(s) denotes the conceptual utility of retain-
ing an example with score s under selection ratio ρ,
and λρ > 0 controls the preference for preserving
coverage relative to concentrating on high-utility
regions.

The function uρ(s) is deliberately budget-
dependent. Intuitively, when ρ ∈ (0, 1] is relatively
large, the selected subset already preserves most
of the original data distribution, so the main bene-
fit comes from removing a small, low-quality tail.
When ρ is relatively small, however, each retained
example must carry more learning value, and a use-
ful selector may need to place greater emphasis on
informative but still learnable examples.

Proposition For a fixed ratio ρ, the unique maxi-
mizer of Equation 11 is

Q∗
ρ(s) =

P (s) exp(uρ(s)/λρ)∫︁
P (t) exp(uρ(t)/λρ) dt

(12)

Proof. Consider the Lagrangian

L(Qρ, η) =

∫︂
uρ(s)Qρ(s) ds

− λρ

∫︂
Qρ(s) log

Qρ(s)

P (s)
ds

+ η

(︃∫︂
Qρ(s) ds− 1

)︃
(13)

Taking the derivative with respect to Qρ(s) and
setting it to zero gives

uρ(s)− λρ

(︃
log

Qρ(s)

P (s)
+ 1

)︃
+ η = 0 (14)

It yields

Qρ(s) = P (s) exp(uρ(s)/λρ)C, (15)

for the normalization constant C.
Enforcing

∫︁
Qρ(s) ds = 1 yields the maximizer

in Equation 12. Since the objective in Equation 11
is strictly concave in Qρ, the solution is unique.

This result characterizes the optimizer of the KL-
regularized objective.

B.2 Discussion on Pruning Rates
The shape of the optimal selector is controlled by
the budget-dependent utility uρ(s). Thus, the pre-
ferred NLL region may shift with the size of avail-
able training samples. We compare the evaluation
perplexity on WikiText-2 and WikiText-103 using
different selection ratios on training samples in Fig-
ures 2 – 4.
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Figure 2: Comparison of the evaluation perplexity using different subsets from WikiText-2 (left) and WikiText-103
(right) datasets, using LLaMA3.2-1B model.

102030405060708090

7.5

8

8.5

9

9.5

Selected Fine-tuning Data (%)

E
va
lu
a
ti
o
n
p
er
p
le
x
it
y

random
easy

middle

hard

mid random

102030405060708090
6.6

6.8

7

7.2

Selected Fine-tuning Data (%)

E
va
lu
a
ti
o
n
p
er
p
le
x
it
y

random
easy

middle

hard

mid random

Figure 3: Comparison of the evaluation perplexity using different subsets from WikiText-2 (left) and WikiText-103
(right) datasets, using LLaMA3.2-3B model.

High Selection Ratio When using a relatively
higher selection ratio, for example, retaining 60%–
90% of the training data, selecting easy examples
with a lower NLL score can outperform the other
four categories, random, middle, mid_random, and
hard. However, the kept subset remains close in
distribution to the full dataset. The main advantage
of selection under this circumstance is often the
removal of the hardest tail in a low-density region,
which may contain noisy, atypical, or low-return
examples.

Low Selection Ratio Under a very limited com-
putational budget, i.e., to force the selection ratio
to be lower, middle-band selection with randomiza-
tion can become more effective. Under this condi-
tion, training samples with a low NLL score con-
tain limited learning signal that would contribute
to the training and weight updates. Thus, these
examples may become redundant, while examples
with very high NLL scores may remain too noisy
or difficult. The best trade-off can then shift to the
middle region, but it still needs the diversity from
randomness.

Conclusion The empirically best selection crite-
rion depends not only on the model size and task,
but also on the retained-data ratio. The framework
above suggests that there is no universally optimal
fixed NLL region for data selection. Instead, the
preferred region is budget-dependent:

Q⋆
ρ(s) ∝ P (s) exp(uρ(s)/λρ). (16)

For a high selection ratio, uρ(s) may favor easy
examples, which is consistent with favoring low-
NLL examples in our empirical results. For a low
selection ratio, uρ(s) may peak in the middle, mak-
ing middle-biased randomized selection preferable.
An implementation table for our proposed PPL-
Factory, specifying dataset, data budget, the scor-
ing function and the selection criterion, is provided
in Table 5.

C Random Data Selection and Analysis

Many existing works show that random selection
may exceed the performance of carefully designed
deterministic selection methods, especially under
extremely low data budgets. Our proposed PPL-
Factory introduces randomness when the selec-
tion criterion is mid_random. To isolate the effect
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Figure 4: Comparison of the evaluation perplexity using different subsets from WikiText-2 (left) and WikiText-103
(right) datasets, using LLaMA3.1-8B model.

Dataset Data Budget (%) Score Selection Rule

WikiText-2/103
10 – 30 Block NLL mid_random
40 – 50 Block NLL middle
60 – 90 Block NLL easy

GSM8K/MATH
10 – 30 Combined NLL mid_random
40 – 50 Combined NLL middle
60 – 90 Combined NLL easy

Table 5: Implementation settings of PPL-Factory across datasets and data budgets.

of score-informed selection from the randomness
component, we add a controlled analysis where all
methods use the same number of selected samples,
the same candidate-pool size, and the same training
seeds. In particular, we use a shuffled-score control.
It first computes an NLL score for each sample,
then randomly shuffles the scores across samples
before applying the same randomized middle-band
selection rule as PPL-Factory. Therefore, shuffled-
score preserves the score distribution and selection
mechanism, but removes the true alignment be-
tween samples and their NLL scores. The results
are shown in Table 6.

These results provide three observations. First,
Shuffled-score does not consistently outperform
Random, suggesting that the middle-band random-
ization mechanism alone does not explain the im-
provement. Second, Response-NLL mid-random
improves over Response-NLL middle at 20% and
10%, suggesting that randomized sampling from
the middle candidate pool can improve diversity
under lower budgets. Third, PPL-Factory achieves
the best accuracy across all three budgets, suggest-
ing that combining the proposed combined-NLL
score with budget-aware mid-random selection is
more effective than using either randomization or
plain response-level NLL alone. Thus, the com-

Selection Method [30%] [20%] [10%]

Random 62.40 59.89 62.55
Shuffled-score 61.87 60.88 60.12
Response-NLL middle 62.77 61.18 59.89
Response-NLL mid-random 62.77 61.33 60.50
Combined-NLL middle 62.85 61.26 61.87
PPL-Factory 63.00 61.56 62.77

Table 6: Comparison between selection methods on
GSM8K dataset, using LLaMA3.2-3B-Instruct model,
across diverse data budgets. Response-NLL uses the
plain full response NLL score, while Combined-NLL
uses our proposed combined score in PPL-Factory. Mid-
dle uses a deterministic middle-band selection, while
mid-random randomly samples from the middle-band
candidate pool.

parison directly measures the contribution of our
proposed data selection method.

D Reproducibility Details

D.1 Data Split
In this section, we describe the benchmarks used
in our experiments in detail. The training and eval-
uation splits are summarized in Table 7.

WikiText-2 and WikiText-103 For language
modeling experiments, we use the official
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Dataset Selection Pool Evaluation Set Metric

WikiText-2
WikiText-2 train
(36,718 samples)

WikiText-2 validation
(3,760 samples)

Perplexity

WikiText-103
WikiText-103 train

(1,801,350 samples)
WikiText-103 validation

(3,760 samples)
Perplexity

GSM8K
GSM8K train

(7,473 samples)
GSM8K test

(1,319 samples)
Exact Match

MATH
MATH-minus-MATH500

(12,000 samples)
MATH500

(500 samples)
Greedy Pass@1

Table 7: Dataset splits used in our experiments.

WikiText-2 and WikiText-103 splits. The WikiText
language modeling dataset is a collection of tokens
extracted from Wikipedia. The training split is
used for data selection and subsequent fine-tuning.
Specifically, the text is tokenized, concatenated,
and divided into fixed-length token blocks, and se-
lection is performed at the block level. The official
validation and test splits are kept separate from the
selection process and are used only for perplexity
evaluation. WikiText-2 contains 36,718 training
lines, 3,760 validation lines, and 4,358 test lines,
while WikiText-103 contains 1,801,350 training
lines, 3,760 validation lines, and 4,358 test lines.

GSM8K GSM8K (Grade School Math 8K) is a
dataset of 8.5K high-quality, linguistically diverse
grade school math word problems. For GSM8K,
we use the official training split for data selection
and fine-tuning. The official test split is used only
for evaluation. The GSM8K training split contains
7,473 examples, and the test split contains 1,319 ex-
amples. We report zero-shot exact-match accuracy
on the evaluation set.

MATH The MATH benchmark (Hendrycks et al.,
2021) has 12,500 competition-level math problems
with step-to-step solutions. MATH500 (Lightman
et al., 2024) comes from the nonstandard MATH
split, where 500 held-out problems are used for
evaluation. For MATH data selection and fine-
tuning, we use MATH-minus-MATH500, a train-
ing pool containing 12,000 examples derived from
MATH by removing the 500 MATH500 problems.
Following common practice, we evaluate the fine-
tuned models on MATH500. No MATH500 exam-
ples are included in the selected training subset.

D.2 Fine-tuning Details
For the results reported in Table 2, the fine-tuning
learning rate is set to 2× 10−5 for all 1B, 3B, and

8B models. For WikiText-2 and WikiText-103,
we perform evaluation during training and save
the best model with the lowest evaluation perplex-
ity. For the 10% and 20% data budget settings on
WikiText-2, we train for 2 epochs to avoid overfit-
ting. All remaining settings are trained for 3 epochs.
For GSM8K and MATH, evaluation is performed
after fine-tuning, and all experiments are conducted
for 3 epochs.

In addition, for the comparison with recent data
selection methods in Table 3, we follow the ex-
perimental protocol of Data Whisperer. Specifi-
cally, model fine-tuning is performed with LoRA
adapters, with a learning rate of 1 × 10−4 and a
batch size of 8.
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