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Abstract

Diversity has been gaining interest in the NLP
community in recent years. At the same
time, state-of-the-art transformer models such
as ModernBERT use very large pre-training
datasets, which are driven by size rather than
by diversity. This summons to investigate the
impact of diversity on pre-training. We do so
in this study, with the express intent of reduc-
ing pre-training dataset size, while retaining at
least comparable performance. We compare
diversity-driven sampling algorithms, and we
use the best one to pre-train several Modern-
BERT models on French with a fixed compute
budget. We fine-tune and evaluate them on
a variety of French benchmarks. We compare
them with models pre-trained on randomly sam-
pled data of commensurate size, with the same
compute budget. We find that both random
and diversity-driven sampling may reduce the
pre-training dataset by up to 94% and the pre-
training time by up to 73% while maintaining
performance. Moreover, in some tasks, the
inherent quality of models, estimated via head-
only fine-tuning, is up to 10 points higher with
diversity sampling than with random sampling.

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).! Scal-
able architectures such as transformers (Vaswani
et al., 2017) benefitted 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

' A million is 10%, while a trillion is 10'2.

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.

We test these hypotheses by (1) proposing two
diversity-driven sampling algorithms: one using
a heuristic and one based on gradient descent, (2)
benchmarking these two algorithms, along with
other algorithms found in the literature, and (3)
using the best sampling to pre-train ModernBERT
(Warner et al., 2025) models, and evaluate them
after fine-tuning on a variety of tasks in French.?

After presenting previous works (§2), the sam-
pling algorithms we benchmark (§3), and our pro-
tocol (§4), we show that increased lexical diver-
sity of the pre-training data substantially reduces
the pre-training dataset size while maintaining per-
formance. Moreover, for some tasks, we achieve
substantially enhanced performances (§5).

Models: https://huggingface.co/collections/
cservan/french-modernbert — Code and scripts: https:
//gitlab.lisn.upsaclay.fr/esteve/transformers.
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2 Previous works

For the needs of our study, we need to document
what is diversity (and how it is quantified), but also
sampling algorithms that relate to our problem, and
the model architecture we shall use.

2.1 Diversity

Diversity has been discussed in multiple fields
and may be defined as the study of categories in
a population, through variety which focuses on
how many categories are present, balance which
focuses on how evenly distributed categories are,
and disparity which focuses on how fundamentally
different categories are (Stirling, 1994a,b, 2007;
Ramaciotti Morales et al., 2021). Ecology has stud-
ied biodiversity as early as the works of Darwin
(1888), borrowed from information theory (Hill,
1973; Patil and Taillie, 1982), and further gener-
alised the concept to build upon functional (Chao
et al., 2014) and phylogenetic (Chiu et al., 2014)
distances between species. It is driven by environ-
mental conversation (Sarkar, 2002), and arguably
shows maturity in understanding diversity. As a
consequence, economics has built upon the works
of ecology (Stirling, 1994a,b, 2007) and studied no-
tably the impact of inequalities (Ceriani and Verme,
2012). Linguistics has assessed the diversity of lan-
guages (Greenberg, 1956; Harmon and Loh, 2010).
NLP as well has recently studied diversity, although
with less consensus and formalisation than in ecol-
ogy, to the extent that over 100 different measures
for diversity have been observed (Esteve et al.,
2026). Even if focusing on the diversity of input
data, there is no consensus on the measurement
of diversity, as measures can be based on quantity
(Bansal et al., 2021; Mohamed et al., 2022; Bella
et al., 2022; Gueuwou et al., 2023; Parrish et al.,
2024; Leeb and Scholkopf, 2024; Abdelkadir et al.,
2024), BLEU (Awasthi et al., 2022; Burchell et al.,
2022), distances (Stasaski et al., 2020; Shi et al.,
2021), entropy (Stasaski et al., 2020), human judge-
ment (Lee et al., 2020), overlap (Samardzic et al.,
2024; Yadav et al., 2024), type-token-ratio (Liu
et al., 2024; Song et al., 2024; Pouran Ben Vey-
seh et al., 2022), or distances between distributions
(Kumar et al., 2022).

As a consequence of the lack of consensus and
formalisation in NLP, we choose to measure di-
versity using entropy (Shannon and Weaver, 1949;
Wiener, 1939). Our choice is driven by the fact that
the properties of entropy are well-analysed, and it

is a cornerstone for fields such as ecology where
the notion of diversity is well formalised.

2.2 Diversity-driven sampling

Looking at the broad picture of computer science,
sampling a dataset for diversity relates to the knap-
sack problem (Cacchiani et al., 2022), which con-
sists in sampling a set while maximising a met-
ric (and respecting a size budget). The standard
version of this problem requires giving a constant
value (or benefit) to each sentence, which means it
can at best be a heuristic for diversity sampling.

Closer to data found in NLP applications, the
Machine Learning literature has a survey on the
topic of data diversity and sampling (Gong et al.,
2019) in which they mend the absence of “system-
atical analysis of the diversification in the machine
learning system” (p. 64323). They present, for su-
pervised learning, Determinantal Point Processes
(DPP) for producing non-redundant batches out of
a fixed dataset, which has the variant k-DPP where
k is the requested batch size. DPP has indeed been
considered for enhancing diversity (Yang et al.,
2021; Hemmi et al., 2022), as avoiding redundancy
may foster diversity, and in turn improve the ma-
chine learning process.

Sampling a dataset with the intent of favouring
diversity relates to the literature on coreset selec-
tion, which aims to select “a subset of the most
informative training samples” as defined in the sur-
veyby (Guo et al., 2022, p. 181). A coreset is in turn
more efficient to train on than the full dataset due to
reduced size, while retaining as much performance
as possible. Coreset selection has been used in the
perspective of selecting points in a space (Agarwal
et al., 2005; Perlitz et al., 2023; Nguyen and He,
2025), including with the concept of diversity as
pairwise distances (Indyk et al., 2014), which is an
instance of disparity in the cross-domain conceptu-
alisation of diversity (Stirling, 2007; Estéve et al.,
2026). These approaches are at least quadratic to
the number of categories time-wise as they require
computing all the distances between categories.
Coreset selection however does not need to rely
on distances, and may thus be subquadratic by fo-
cusing on other objects, for instance on confidence,
loss or gradient in an already trained model.

Some other approaches consider a specific
dataset split to assess which subset of the training
split would be a good coreset (San Joaquin et al.,
2024). Software has been developed to perform
coreset selection (Guo et al., 2022), and coreset
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selection has been used in the pre-training process
of BERT models (Huang et al., 2022; Attendu and
Corbeil, 2023) as well as their fine-tuning (Nguyen
and He, 2025; Sharma et al., 2025), providing
apparent compromise between performance and
efficiency. This has also been tested for LLMs
(San Joaquin et al., 2024). An extensive analysis
of coreset selection methods in deep learning how-
ever found that “although various methods have
advantages in certain experimental settings, ran-
dom selection is still a strong baseline” (Guo et al.,
2022, p. 181), pointing to a potentially limited ben-
efit of complex methods given their cost, relative
to simpler methods.

In NLP, diversity quantification is also used for
generative purposes (Hu et al., 2019; Zhou and
Lampouras, 2021; Zhang et al., 2023; Yadav et al.,
2024), with an interest in the quality-diversity trade-
off (Zhang et al., 2021), for data augmentation
(Song et al., 2024), or instruction tuning (Yang
et al., 2025). In active learning, diversity is quan-
tified when synthesizing datasets from the ground
up, rather than by sampling (Shi et al., 2021; Xia
et al., 2024).

Approaches based on semantic structures present
in data (Oren et al., 2021; Gupta et al., 2022) or
task-specific objects such as in sentiment analysis
where the sentiment of reviews can be required for
sampling (Jiang et al., 2023) have been studied.
These are motivated by task-specific rather than
task-agnostic diversity, which can be for example
based on lexical units.

We see mentions of distance-based sampling, as
fostering higher distances between studied cate-
gories may be a way to improve diversity. This is
the case, for instance, in the k-means++ algorithm
(Kim, 2020) or the previously mentioned k-DPP
sampling (Golobokov et al., 2022).

Chubarian et al. (2021, Algorithm 4) reference
the algorithm by Lee et al. (2009) which iterates
over a dataset, trying to increase entropy at each
data point, by selecting it, unselecting it, or having
it replace another selected point.

Given this rich bibliography related to diversity-
driven sampling, we proceeded to select algorithms
which might match our framework and hypothe-
ses H1-H2. The knapsack problem is NP-hard
(Martello et al., 2000) and recent findings indicate
that its lower bound is “in subexponential and su-
perpolynomial” (Zhang, 2025, p. 11934), rendering
it unfeasible for our needs. k-DPP suffers a com-
parable issue. To use k-DPP to sample a dataset,

we would need to produce a “batch” of the dataset
size we want. However, sampling takes at best
polynomial time to batch-size k£ (Derezinski et al.,
2019). This is prohibitive if we want a k represent-
ing dataset size instead of batch size. Approaches
based on distances such as k-means++ can be fil-
tered out, as computing the matrix of distances is
quadratic.’ Diversity-driven approaches in decod-
ing and in active learning are not appropriate either,
as we aim to algorithmically sample a dataset rather
than create one from scratch. The work of (Yang
et al., 2025) has not been tested beyond 10,000 sen-
tences, which is several orders of magnitude lower
than our needs. Finally task-specific sampling does
not fit our interest in task-agnostic methods.

The approach used by Chubarian et al. (2021) is
adapted to scaling and can be used in our study. We
will compare it to two other algorithms proposed by
us. One of them (§3.1), like Chubarian et al. (2021),
works on a local basis, i.e., actions are chosen only
by looking at a limited subset of the dataset. The
other one accounts for the global nature of diversity
and is based on gradient descent (§3.3). All three
approaches will be compared to random sampling
(Jiang et al., 2023).

2.3 ModernBERT

Warner et al. (2025) proposed ModernBERT, which
ports modern transformer improvements from auto-
regressive models (Radford et al., 2018) to masked
architecture (Devlin et al., 2019). The main impact
lies in the context extension from 512 to 8,192 to-
kens, based on a Rotary Positional Embedding (Su
et al., 2024), also known as RoPE. The GeGLU lay-
ers (Shazeer, 2020) are preferred instead of MLP,
which removes bias terms and adds layer normal-
ization after embeddings.

ModernBERT models provide new state-of-the-
art performance on various tasks, such as Natural
Language Understanding, Information Retrieval,
Long-Context Text Retrieval, and Code Retrieval
(Warner et al., 2025).

The original ModernBERT was trained on 2 tril-
lion English tokens. The original paper needed
1,879 and 4,076 hours of HI00 computation re-
spectively to train BASE and LARGE models.*

We aim to reduce these particularly high train-
ing costs by using a diversity-driven data sampling

3Furthermore, using distances to measure diversity (dis-
parity) has issues, notably due to the high correlation between
disparity and vocabulary size (Esteve et al., 2024).

“Training Time” in their Table 3, times GPU count.
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approach for the pre-training process.

3 Sampling algorithms

We hereby describe sampling algorithms which
we will run and compare. For each algorithm, we
shall test multiple parameters when possible. In
the upcoming descriptions, we use the following
notations: v is the global vocabulary size, p; is the
empirical probability of the ith vocabulary entry,
and s is a sentence. FULL denotes the input dataset,
which comprises n sentences. DIV denotes the out-
put dataset, which comprises n’ sentences. Entropy
is denoted as H. As a , we perform ran-
dom sampling with ¢ € (0, 1] as the ratio of the
sampled set to FULL.

3.1 Patient add-only method

Our first proposal is Algorithm 1. It takes an initial
dataset , which is data the Algorithm starts
with to have a reasonable distribution balance-wise.
It also takes a maximum output size .S, which can
be disabled if S = —1. In the internal loop (lines 5-
14), we consider one candidate sentence s from

at once. We filter and normalise it
(line 6) to avoid artificial increase in diversity.5 We
check if, when added to DIV, s increases the en-
tropy H (line 7). If so, we check if this increase
in H is higher than for a previously found sen-
tence best (line 9). If so, best becomes s (line 10).
Once sentences improving the entropy H have been
found e times, the best is added to the final corpus
DIV* (lines 11-12) and we start looking for a new
best sentence out of e beneficial sentences (line 13).
If the size of DIV* is greater or equal to S, then
early stopping is triggered, and DIV* is returned
(line 14).

Variable e, for exhaustivity of search, tells us
how many sentences increasing diversity to look at
before picking the optimal one to append to DIV*.
The higher e, the more each best sentence may
increase diversity. We use an array E' of several
exhaustivities, one per dataset traversal, sorted by
decreasing values, to have a deep search on the first
traversal as the data has never been seen before by
the algorithm, and less so at each following traver-
sal. Without early stopping, we return DIV* when
all exhaustivity levels have been used (line 15). The
algorithm has a O (| |) complexity. It

3 (Telephone) numbers, HTML/XML tags, URLSs, paths,
emoticons, punctuation series, phonetic characters, series of
alphanumerical tokens, and non-French characters are repre-
sented by placeholders, e.g., [NUMBER].

was experimentally tested to create a large diverse
automatically parsed corpus of French (Scholivet
et al., 2025).

Algorithm 1 Algorithm by Scholivet et al. (2025)

to sample data while maximising entropy.

Require: C FULL, an initial dataset

Require: = FULL \ , a
dataset to select from

Require: E, a decreasing array of exhaustivity
search parameters (positive integers)

Require: S, maximum size of resulting dataset
(—1 if no maximum size)

1: DIV* « , the final dataset

2: for each e € E do, for each exhaustivity level
3: 1< 0, counter for current exhaustivity

4:  best < (), best sentence to append

5. for eachs € do

6 s < normalised(s)

7 if H (DIV* Us) > H (DIV*) then

8 i+—i+1

9: if H (DIV* Us)>H (DIV* U best) then
10 best < s
11: if i = e then
12: DIV* - DIV* U best
13: i< 0;best+ 0
14: if -1 < S < |DIV*| then return DIV~

15: return DIV*

3.2 Impatient add-remove-replace method

Lee et al. (2009) as presented by Chubarian et al.
(2021), also propose an algorithm based on itera-
tive dataset traversals. Unlike Algorithm 1, it has
no memory of recent favourable sentences. It starts
with a of just the sentence with the highest
entropy. It then traverses FULL. At each sentence
s, it assesses the impact on entropy for three dif-
ferent actions. If s is not already selected, it tests
(1) adding s, or (2) replacing a random selected
sentence with s. If s is already selected, it tests (3)
unselecting s. If the best action improves entropy
by at least a margin (dependent on a parameter ),
this action is performed. If no update was done dur-
ing a traversal, the algorithm returns its working
dataset as DIV; otherwise it starts another traversal.
A pseudocode is given in Chubarian et al. (2021,
Algorithm 4).

3.3 Sampling by gradient descent

We here sample by using a macroscopic view of the
dataset. We do so with no , using gradient
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descent, where we learn for each sentence from
FULL whether it should belong in DIV. As a result,
each sentence is given a partial belonging r € [0, 1],
which gets updated at each gradient descent step.

We want to learn a vector of sentence belonging
b € [0, 1]™. However, learning directly this vector
through gradient descent could give values outside
of [0, 1]. We thus instead learn a real row vector
a € R™ which we then pass through the sigmoid
function sigm () (14 e )" to obtain the
b € [0, 1] row vector.

an] ZE by

We then multiply b by m, the n X v matrix
of the vocabulary for each sentence (thus m €
(NU {0})™*"). This yields the ¢ = bm row vector
of word frequencies.

(a1 b (D)

mi1
[b1 by
Mn1
2
We then use ¢ to compute vector p of vocabulary
probabilities where p; = ¢; (35, ¢;)~
Do) 3)

[61 C’U] - [pl

We compute entropy H over py, - - - , py, Which is
the main element of the loss function. If we negate
it, gradient descent will try to increase entropy.
A shortcoming is that sentences may be selected
with b; far from either O or 1, but we want in the
end each sentence to be unambiguously close to 0
(unselected) or 1 (selected). To solve this, we add
a penalty which increases as b; gets distant from
0 or 1. This penalty is multiplied by a (default to
1000), and increases at each gradient descent step
t, against the maximum number of steps 7.

(~H) + = (a; > b1~ bz-)) “
i=1

At the end, we select sentences with [b;]| = 1.

We have now presented the gradient descent ap-
proach, but there remains to discuss the initialisa-
tion strategies for learned vector a. We first test
random initialisation where values of a fall within
[—1, 1]. This entails starting values in b in the ap-
proximate range [0.27,0.73].

We also test fixed initialisation where all values
of a are initialised at tanh (w) where w € R. If
w < 0, then b; < 0.5 (the start is pessimistic for

L

each sentence), and conversely if w > 0, then b; >
0.5 (the start is optimistic for each sentence). Based
on empirical results, Figure 1 depicts eleven values
for w, in the range [—0.25,0.25] with a stepping
of 0.05. This entails starting values in b in the
approximate range [0.46, 0.54].

We last test a designed initialisation based on
vocabulary dissimilarity between sentences, to ben-
efit starting entropy. We first compute the n X n
matrix M = — (mmT) of dissimilarity between
sentences. We reduce a dimension to have a vector
d, where d; = n~' "7 M; j. We then apply nor-
malisation, where 1 is the mean of d, and o its stan-
dard deviation, to obtain a; = 0.1 x o~ (d; — p).

3.4 Comparison of sampling methods

We see in Figure 1 the comparison of the algorithms
we described when sampling the union of French
treebanks of Universal Dependencies (UD) v2.16

Cu] (Nivre et al., 2020). Sampling was done at the

sentence level. It is important to account for both n’
(lower is better) and H, as comparing the diversity
of datasets of incommensurate sizes is hazardous.

We first see that non-random samplings yield
entropies markedly higher than random sampling
of commensurate output size n’, with the excep-
tion of the gradient-based approach when using a
fixed initialisation with a high w. Among the stud-
ied methods, three reach high entropies: Lee et al.
(2009), our gradient-based method (using a fixed
initialisation with a low w), and our batch-based
method (Algorithm 1). We can assess which is
best: gradient-based sampling has high memory re-
quirements (it keeps the whole dataset in memory),
and our batch-based method yields much smaller
datasets than that of Lee et al. (2009). We thus se-
lect Algorithm 1, which we denote by “DIVERSE”
for our experiments.

4 Pre-training protocol

Our protocol is as follows. We want to compare
the quality of encoders trained on RANDOM and
DIVERSE data. To do so, we use diversity-driven
sampling to create DIVERSE datasets. For each
DIVERSE dataset, we create a matching RANDOM
dataset of commensurate size. For each pair of DI-
VERSE and RANDOM datasets, we train two Mod-
ernBERT encoders, one using the former dataset,
one using the latter. We finish by fine-tuning on
downstream tasks to assess the quality of the Di-
VERSE encoder against that of the RANDOM en-
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Figure 1: Comparison of sampling algorithms run on UD v2.16 (French). Lee et al. (2009) have the best entropy, but
ours-batched is just below, with only a third in n’. For ours-batched, the last value of E is 20, with each preceding

value increasing by 10 (the only exception is at | E| = 1 where the only value is 1).

coder. We give details in the following subsections.

4.1 Sampling

We use Algorithm 1, explained in the previous sec-
tion. We first select a FULL dataset. We extract
from it the , which will be shared by all RAN-
DOM and DIVERSE models, while the rest of the
dataset is the .8 In our case, the
is randomly-selected (approximately) 5% of FULL
(and thus the is approximately 95%
of FULL). For each DIVERSE sampling configu-
ration, the algorithm selectively adds data from
to the to create a DIVERSE
dataset. For each DIVERSE dataset it generates, a
RANDOM dataset of commensurate size is created
by randomly adding data from the to
the . The pre-training data used to create the
FULL, and in turn train the model, is extracted from
the French part of Wikipedia and OPUS (Tiede-
mann, 2012) corpora, which enables us to propose
some open-source models. The FULL is shuffled.
Each sampling takes less than 4 hours of CPU time.

4.2 Pre-training datasets

The resulting datasets are presented in Table 1.
-100M is the present in all
datasets, with no data from the . Con-
versely, TOPLINE-2400M uses the whole FULL.
We see that each DIVERSE dataset has an en-
tropy notably higher than its RANDOM counterpart
(i.e. with commensurate size). With an increasing
|E| (also due to higher values in F), the sampled
data from is more diverse, but also

The use of a , 1.e. forcing the algorithm to start with
already selected data, was assessed by Scholivet et al. (2025)
to improve sampling for large datasets containing noise.

Dataset Words | H (1) | H (1)
TOPLINE-2400M || 2 379M 7.54 | 7.55
RANDOM-400M 401M 7.57 | 7.59
DIVERSE-400M 397M 8.80 | 8.53
RANDOM-240M 242M 7.59 7.60
DIVERSE-230M 230M 899 | 8.45
RANDOM-150M 150M 7.61 7.61
DIVERSE-150M 147M 9.25 8.21

-100M 105M N/A | 7.61

Table 1: Sampled datasets: part of (with

entropy H') is appended to the (the whole has
entropy H). DIVERSE-400M has E only at 1, DIVERSE-
230M from 16 to 4 (4 values; originally, it was planned
to be from 50 to 20, but an error in settings made it
run from 16 to 4) DIVERSE-150M from 170 to 20 (16
values).

much smaller, meaning that once merged with the
, diversity rankings are reversed.

4.3 Pre-training process

ModernBERT has a native sequence length of
8,192 tokens and incorporates recent architecture
improvements, such as GeGLU layers, RoPE po-
sitional embeddings, and alternating local-global
attention. The vocabulary of the tokenizer is set to
129K, and includes 1K unused tokens to support
downstream applications.

We train one base-size ModernBERT model per
dataset from Table 1, using the toolkit’ given by
Warner et al. (2025). Each resulting model has 22
layers, a total parameter count of 200 million, and a
hidden size of 768 with a GLU expansion of 2,304.
We assume a fixed pre-training compute budget of
483 hours of H100 per model. As a comparison,

"https://github.com/AnswerDotAI/ModernBERT
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Figure 2: Pre-training process for encoders. Loss is
smoothed using a moving average (window size: 2x 10,
series sizes from 1.5M to 6.3M points) applied thrice.

the TOPLINE using FULL took 1,775 hours of GPU
time (H100). The data, the pre-training recipe, and
the models are openly available.

4.4 RANDOM and DIVERSE encoders

Pre-training on our different datasets has yielded
loss profiles which are mainly characterised by
whether the training data was RANDOM or DI-
VERSE (Figure 2).% Looking at RANDOM encoders,
more data means a higher loss. This is also true for
DIVERSE encoders, but their loss remains notably
higher than their RANDOM counterpart. About
convergence speed, we see that RANDOM encoders
all took approximately the same amount of time.
DIVERSE encoders had notably higher losses than
their respective RANDOM counterparts. The higher
losses are likely due to the higher difficulty of train-
ing due to diversity, but conversely, it is possible
that the encoder better models language and, espe-
cially, rare phenomena. If so, we would expect DI-
VERSE encoders to perform better on downstream
tasks.

To evaluate this, and see the impact of our di-
versity sampling approach on the pre-training data,
we aim to perform several classical NLP tasks de-
scribed in Table 2: classification and sequence la-
belling tasks (respectively first and second half of
the Table). For multilingual datasets, we use the
French part. We selected tasks with an increasing
number of classes, assuming that it correlates with
difficulty. It should be noted that the MEDIA tasks
have been considered the most challenging ones by
(Béchet and Raymond, 2019).

8Henceforth, the names of the datasets also denote the
encoders trained upon.

5 Results

We used two models for the classification and se-
quence labelling tasks. Both use ModernBERT
encoders, on which a width-preserving dense layer
and a dense layer transforming to the number of
classes are added as a decoder. The first uses sim-
ply the number of classes in the task. The second
expands the list of labels to all the possible tags in
the BIO scheme.

5.1 Fine-tuning parameters

Fine-tuning is performed in two ways. The first
one fine-tunes both the encoder and the head to
see the maximum potential of the pipelines. The
second one freezes the encoder and trains the head,
to assess encoder quality. Hyperparameters are:
learning rate is 4 x 10~%, weight decay is 1 x 1073,
max epochs is 32. The optimizer is Adam (8; =
0.9, B2 = 0.999, € = 1 x 10®), with an inverse
square root scheduler (156% warmup). Batch size is
32, evaluating every 64 steps. We trigger an early
stopping if 64 train losses are lower than 1 x 1073,
or 32 DEV scores not improving. Computation is
FP32.

5.2 Fine-tuning results

Table 3 summarizes evaluations of models with
both encoders and heads fine-tuned, on the TEST of
each task, where rows are grouped by commensu-
rate pre-training dataset sizes. A major observation
is that both RANDOM and DIVERSE models yield
a commensurate performance to TOPLINE-2400M,
despite reducing the pre-training dataset by up to
94% and the training time by up to 73%.° These re-
sults confirm former findings by (Guo et al., 2022)
(§2.2). We find no clear signal, though, as to which
of DIVERSE or RANDOM models perform better.
We may hypothesize that, for these tasks, the model
makes limited use of lexis, or the lexical knowledge
gained by DIVERSE pre-training was not impactful.

Note, however, that our main objective is not to
boost performances. We are instead particularly
interested in the inherent quality of the encoders,
independently of fine-tuning effects. Therefore, we
perform the same evaluation, but with frozen en-
coders. This idea resembles probing classifiers, in
which different layers of an encoder are used (with
no fine-tuning) on input of simple classification

°The
on MDF.

, also performs comparatively well, except
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’ Task (reference) ‘ Domain Classes Size (k) ‘
PAWS-X (Yang et al., 2019) Paraphrase classification 2| 49/2.0/2.0
XNLI (Conneau et al., 2018) NLI 31 393/5.4/5.0
MASSIVE Intent (FitzGerald et al., 2023) Intent detection 60 | 11.5/2.0/2.9
WikiNER (Nothman et al., 2013) NER 71129/0.5/14.3
MultiATIS++ (Upadhyay et al., 2018) POS-tagging 131 | 37.0/0.0/7.8
Media (full) (Bonneau-Maynard et al., 2006) | NLU 152 | 13.7/1.3/3.7

Table 2: 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.

Classification Sequence labelling

Encoder PIT I—5% XNLI | AMI | WNER | MATIS | MDF
TOPLINE-2400M | 1775h || 84.7+1.1 | 75.9+0.6 | 81.74+2.5 | 89.840.5 | 92.5+0.7 | 82.6+0.5
RANDOM-400M 483h || 85.94+1.9 | 75.1+1.7 | 83.6+0.7 | 90.0+0.4 | 92.1+1.2 | 83.24+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 | 90.14+0.7 | 92.8+£0.8 | 82.740.3
DIVERSE-230M 483h || 86.3+1.6 | 74.9+1.8 | 82.2+1.5 | 90.840.4 | 92.8+0.8 | 82.54+0.2
RANDOM-150M 483h || 84.54+1.0 | 72.3+£2.7 | 82.04£2.0 | 89.5404 | 92.5+0.8 | 82.440.3
DIVERSE-150M 483h || 85.54+0.7 | 75.0+0.9 | 82.2+1.9 | 90.54+0.8 | 93.3+0.3 | 82.44+0.4

-100M | 483h || 83.24+0.6 | 74.7+1.4 | 83.0+0.9 | 89.5+0.7 | 92.54+0.3 | 78.0+4.7

Table 3: Encoder & head fine-tuning. Evaluation on TEST. PTT is pre-training time. PX is PAWS-X, AMI is
Amazon Massive Intent, WNER is WikiNER, MATIS is MultiATIS++, MDF is MEDIA (full). Mean =+ standard

deviation, across five seeds. Bold means A > 1.

Encoder PTT || MATIS MDF
TOPLINE-2400M | 1775h || 83.2+0.5 | 58.940.5
RANDOM-400M 483h || 84.0+0.5 | 60.3+0.3
DI1VERSE-400M 483h || 84.54+03 | 59.1+0.8
RANDOM-240M 483h || 84.440.5 | 59.7+0.6
DIVERSE-230M 483h || 86.4+0.4 | 61.7+0.2
RANDOM-150M 483h || 80.2+0.2 | 51.94+0.4
DIVERSE-150M 483h || 84.3+0.5 | 61.5+0.4
-100M | 483h || 77.8402 | 50.44+0.7

Table 4: 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 A > 1, underline means A > 5.

tasks, to understand which knowledge they encode,
rather than to optimize performances of these tasks.

In the experiment with frozen encoders, two
tasks, MEDIA (full) and MultiATIS++, displayed
marked improvements for DIVERSE pre-training
datasets over their RANDOM counterpart; we dis-
play them in Table 4. For these tasks, relative
to , the 50M tokens from the

received by RANDOM-150M and DIVERSE-
150M had notably different consequences on per-
formance. RANDOM-150M saw improvements

in average performance of respectively 1.5 and
2.4 points, while DIVERSE-150M saw improve-
ments in average performance of respectively 11.1
and 6.5 points, much higher than its counterpart.
This advantage of DIVERSE over RANDOM pre-
training data reduces between DIVERSE-230M and
RANDOM-240M, and vanishes between DIVERSE-
400M and RANDOM-400M. It should also be noted
that, for these two tasks, DIVERSE encoders out-
perform the TOPLINE, despite having considerably
less pre-training data and lower number of pre-
training steps (Figure 2). Looking back at the diver-
sity of each pre-training dataset (Table 1), we see
that this performance advantage is driven more by
the diversity of the data selected from the
than of the whole pre-training dataset. DI-
VERSE pre-training datasets with fewer data from
have sentences which individually
contribute more to diversity, as the sampler pa-
rameters were more selective, which may be what
contributed to the increased performance of these
models, relative to their RANDOM counterparts.

The fact that this performance gain exists solely
in head-only fine-tuning is indicative of a fun-
damental difference between RANDOM and DI-
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Figure 3: Fine-tuning (head only) for MEDIA (full).
Dashed thick lines delimit dataset traversals. Thick
crosses denote maximum value.

VERSE encoders. Precisely, it indicates that the
DIVERSE encoder contains more task-important
lexical knowledge. As, conversely, fine-tuning both
the encoder and the head yields commensurate per-
formance for commensurately sized pre-training
datasets, we may hypothesize that fine-tuning RAN-
DOM encoders compensates their prior lack of lex-
ical knowledge. This points to the fact that Di-
VERSE encoders have better potential — at least for
these tasks — for data-constrained scenarii.

We plot one of MEDIA’s fine-tunings in Fig-
ure 3. We see that DIVERSITY provides an ap-
preciable improvement in loss and performance.
This observation on MEDIA ports to MultiATIS++
in lesser proportions, but MEDIA is further from
being solved than MultiATIS++.

6 Discussion

We have shown that, (H1) it is possible to effi-
ciently create small but very DIVERSE pre-training
datasets out of a large dataset, and that (H2) their
use tends to have a neutral or positive effect on
encoder quality and performance, relative to RAN-
DOM pre-training datasets of commensurate sizes,
but also larger datasets. Consequently, it is possi-
ble to considerably trim pre-training datasets while
retaining performance. Precisely, on the task bene-
fitting the most from lexical diversity (NLU), for
the head-only fine-tuning scenario, diversity-driven
sampling has allowed to reach the performance of
an encoder pre-trained on about 400M RANDOM
tokens, with only 150M DI1VERSE tokens. Training
time was also about a fourth that of the TOPLINE.
Future work includes testing this process for auto-
regressive models, and investigating the impact of

diversities other than lexical (e.g. syntactic).

7 Limitations

This study has the limitation of the potential corre-
lation of lexical diversity to other linguistic diversi-
ties, such as morphological, syntactic, or semantic
diversity. It may be that the encoders that benefitted
from increased lexical diversity were also impacted
by changes these other linguistic diversities.
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