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1 Introduction

Natural Language Processing (NLP) has seen over
the years a substantial increase in dataset size.
Datasets ten years ago, e.g. Universal Dependen-
cies v1.0 (Nivre et al., 2016), had millions of to-
kens, unlike some modern datasets comprising over
ten trillion tokens, such as FineWeb (Penedo et al.,
2024) and HPLT (de Gibert et al., 2024).1 Scal-
able architectures such as transformers (Vaswani
et al., 2017) benefited from this growth as a conse-
quence of neural scaling laws. These laws state that,
overall, more weights, training computation, and
training data improves model performance (Kaplan
et al., 2020). This however comes with an exorbi-
tant cost: managing vast datasets, and using them
to train Large Language Models (LLMs), is non-
trivial, excessively expensive, and detrimental to
the environment (Strubell et al., 2019).

It might be that LLMs benefit from larger
datasets due to increased vocabulary diversity.
However, naturally-occurring redundancy in data
implies that randomly appending new data brings
diminishing increases in diversity. In other words,
transformers may not be as data-hungry, if we give
them diverse pre-training data. Our research ques-
tion is then: can diversity-driven sampling prevent
the overgrowth of pre-training datasets, while pre-
serving or increasing performance? To address this
question, we set the following hypotheses:

H1 A small dataset, with lexical diversity substan-
tially higher than at random, can be sampled
efficiently from a large dataset.

H2 A model trained on a small lexically diverse
dataset can be competitive to or outperform
one trained on a very large dataset.

This abstract summarizes our paper recently ac-
cepted for publication (Estève et al., 2026).

1A million is 106, while a trillion is 1012.

Dataset Words H (↑)
TOPLINE-2400M 2 379M 7.55

RANDOM-400M 401M 7.59
DIVERSE-400M 397M 8.53

RANDOM-240M 242M 7.60
DIVERSE-230M 230M 8.45

RANDOM-150M 150M 7.61
DIVERSE-150M 147M 8.21

BASELINE-100M 105M 7.61
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Figure 1: Sampled datasets and matching pre-training
processes. Loss is smoothed using a moving average
(window size: 2× 105, series sizes from 1.5M to 6.3M
points) applied thrice.

2 Sampling

We test H1 by adapting our previous diversity-
driven sampling algorithm (Scholivet et al., 2025).
It starts from an initial high quality base corpus of
moderate size, and increases it by sampling from
an additional corpus, so that diversity of the result-
ing dataset gradually increases. Shannon-Wiener
entropy over word types is used as a diversity mea-
sure.

We use this algorithm to create DIVERSE

datasets of different sizes, by sampling from a large
French corpus of 2,379M tokens, henceforth called
TOPLINE-2400M, containing the French part of
Wikipedia and from OPUS (Tiedemann, 2012). For
each DIVERSE dataset, we create a matching RAN-
DOM dataset of commensurate size (also sampled
from TOPLINE-2400M).2 The pre-training datasets

2The sizes are only approximately equal (notably in case
of RANDOM-240M vs. DIVERSE-230M), due to creation of



Encoder PTT Classification Sequence labelling
PX XNLI AMI WNER MATIS MDF

TOPLINE-2400M 1775h 84.7±1.1 75.9±0.6 81.7±2.5 89.8±0.5 92.5±0.7 82.6±0.5
RANDOM-400M 483h 85.9±1.9 75.1±1.7 83.6±0.7 90.0±0.4 92.1±1.2 83.2±0.4
DIVERSE-400M 483h 85.6±1.5 74.7±0.6 82.6±1.0 90.6±0.9 91.8±1.8 82.0±1.1
RANDOM-240M 483h 82.6±5.2 76.4±1.0 82.5±0.8 90.1±0.7 92.8±0.8 82.7±0.3
DIVERSE-230M 483h 86.3±1.6 74.9±1.8 82.2±1.5 90.8±0.4 92.8±0.8 82.5±0.2
RANDOM-150M 483h 84.5±1.0 72.3±2.7 82.0±2.0 89.5±0.4 92.5±0.8 82.4±0.3
DIVERSE-150M 483h 85.5±0.7 75.0±0.9 82.2±1.9 90.5±0.8 93.3±0.3 82.4±0.4
BASELINE-100M 483h 83.2±0.6 74.7±1.4 83.0±0.9 89.5±0.7 92.5±0.3 78.0±4.7

Table 1: Encoder & head fine-tuning. Evaluation on TEST. PTT is pre-training time. PX is PAWS-X (Yang et al.,
2019), AMI is Amazon Massive Intent (FitzGerald et al., 2023), WNER is WikiNER (Nothman et al., 2013), MATIS
is MultiATIS++ (Upadhyay et al., 2018), MDF is MEDIA (full) (Bonneau-Maynard et al., 2006). Mean ± standard
deviation, across five seeds. Bold means ∆ ≥ 1.

Encoder PTT MATIS MDF
TOPLINE-2400M 1775h 83.2±0.5 58.9±0.5

RANDOM-400M 483h 84.0±0.5 60.3±0.3
DIVERSE-400M 483h 84.5±0.3 59.1±0.8

RANDOM-240M 483h 84.4±0.5 59.7±0.6

DIVERSE-230M 483h 86.4±0.4 61.7±0.2
RANDOM-150M 483h 80.2±0.2 51.9±0.4

DIVERSE-150M 483h 84.3±0.5 61.5±0.4
BASELINE-100M 483h 77.8±0.2 50.4±0.7

Table 2: Head-only fine-tuning. Evaluation on TEST.
PTT is pre-training time. MDF is MEDIA (full), MATIS
is MultiATIS++. Mean ± standard deviation, across five
seeds. Bold means ∆ ≥ 1, underline means ∆ ≥ 5.

are presented in Figure 1. BASELINE-100M is the
data present in all datasets. Other datasets append
data to that of BASELINE-100M. We see that each
DIVERSE dataset has an entropy notably higher
than its RANDOM counterpart.

3 Pre-training and fine-tuning

To test H2, for each pair of DIVERSE and RANDOM

datasets, we train two ModernBERT encoders,
one using the former dataset, one using the lat-
ter. For each model we limit the time budget to
483 hours.3 Pre-training on TOPLINE-2400M, con-
versely, runs until convergence and takes 1,775
hours. We use the toolkit4 given by Warner et al.
(2025). The models are base-size ModernBERT.
Expectedly, the loss profiles of the resulting mod-
els (Figure 1) are higher for the models trained
on the DIVERSE datasets. All curves other than
for TOPLINE-2400M have roughly the same shape,
which indicates the similar learning speed. We
expect this tendency to persist beyond the 483h
time budget (even if we did not train all models

the RANDOM datasets by batches of data.
3Each sampling takes less than 4 hours of CPU time and

is not included in the training time budget.
4https://github.com/AnswerDotAI/ModernBERT

until convergence, for the sake of limiting energy
consumption). In other words, models trained on
diverse data do not seem to learn faster or slower
than those trained on randomly sampled data.

To assess the quality of the DIVERSE encoders
against that of the RANDOM encoders, we fine-
tune all pre-trained models on several classification
and sequence labeling tasks in French (evaluated
by accuracy), summarized in Table 3. For more
details see the original paper (Estève et al., 2026).

4 Fine-tuning results

The results are shown in Tab. 1. A major obser-
vation is that both DIVERSE or RANDOM models
yield a commensurate performance to TOPLINE-
2400M, despite using 6 to 16 times less pre-training
data and 3.7 less pre-training time. We find no clear
signal, though, as to which of DIVERSE or RAN-
DOM data performs better.

We are, however, particularly interested in the
inherent quality of the encoders, independently of
fine-tuning effects. Therefore, we perform the same
evaluation, but with frozen encoders. Two tasks,
MEDIA (full) and MultiATIS++, displayed marked
improvements for DIVERSE pre-training datasets
over their RANDOM counterpart; we display them
in Table 2. We claim that this improvement is in-
dicative of a better potential – at least for these
tasks – of DIVERSE encoders for data-constrained
scenarii. In particular, in an NLU task (MDF),
diversity-driven sampling of 150M tokens leads to
equal performances as random sampling of 400M
tokens. Note also that, here again, DIVERSE en-
coders outperform the TOPLINE, despite being con-
siderably more data- and time-efficient.

Future work includes testing this process for
auto-regressive models, and investigating the im-
pact of diversities other than lexical (e.g. syntactic).

https://github.com/AnswerDotAI/ModernBERT


Task (reference) Domain Classes Size (k) Measure
PAWS-X (Yang et al., 2019) Paraphrase classifi-

cation
2 49 / 2.0 / 2.0 Accuracy

XNLI (Conneau et al., 2018) NLI 3 393 / 5.4 / 5.0 Accuracy
MASSIVE Intent (FitzGerald et al., 2023) Intent detection 60 11.5 / 2.0 / 2.9 Accuracy
WikiNER (Nothman et al., 2013) NER 7 129 / 0.5 / 14.3 F1
MultiATIS++ (Upadhyay et al., 2018) POS-tagging 131 37.0 / 0.0 / 7.8 F1
Media (full) (Bonneau-Maynard et al., 2006) NLU 152 13.7 / 1.3 / 3.7 F1

Table 3: Tasks used for fine-tuning. Size refers to the number of entries (by default, sentences), for TRAIN / DEV /
TEST. For NER, the number of classes is after BIO expansion.

5 Discussion

We have shown that it is possible to efficiently cre-
ate small but very DIVERSE pre-training datasets
out of a large dataset. Such datasets, when used for
pre-training, can yield encoders which have compa-
rable or higher performances to an encoder trained
with much more data and for a much longer time.
A similar effect can be achieved with just random
sampling, however, the potential of DIVERSE en-
coders is much bigger for some tasks, as shown
with head-only fine-tuning experiments.

We believe that the positive impact of diversity
sampling on performances might be due to avoid-
ing redundancy in data. Redundancy may, indeed,
overvalue the few most frequently occurring data,
at the expense of the high quantity of rarely occur-
ring data.
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