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Abstract

In this paper, we introduce Latent Semantic
Modeling (LSM), a sample-efficient alterna-
tive for pre-training encoder-based language
models that does not require the use of a spe-
cial mask symbol. This is beneficial, as it al-
lows us to perform pre-training on naturally
occurring sentences (as opposed to such ones
that contain an unnatural mask symbol, which
symbol is otherwise not included during fine-
tuning). The main idea behind LSM is that
instead of requiring the language model to re-
turn the exact identity of randomly selected
(sub)tokens from an input sequence, it deter-
mines their latent semantic properties extracted
from an auxiliary model using sparse coding
over its activations. When fine-tuned for down-
stream applications, models pre-trained with
LSM often perform as good or better as alterna-
tively pre-trained models that use considerably
more compute per update steps and which have
gone through considerably more pre-training
steps, illustrating the improved representation
developed during LSM pre-training. We re-
lease our code base for replicating our results
under https://github.com/ [MASK].

1 Introduction

Encoder-based pre-trained language models
(PLMs) predominantly rely on the Masked
Language Modeling (MLM) pre-training objec-
tive (Devlin et al., 2019; Liu et al., 2019; Lan
et al., 2020, inter alia). MLM offers a form of
self-supervised learning, during which one selects
a subset of tokens from the input sentence and
replaces them with a special [MASK] token. The
objective then is to recover the exact identity of
the tokens that stood at the locations of [MASK]
tokens.

While convenient, this kind of pre-training bears
a certain level of unnaturalness, as it assumes that
only a single token can be located at a given token
position (i.e., the exact one that has been replaced

by the [MASK] token), which assumption seldom
holds. Masking also introduces a distribution shift
between the pre-training and fine-tuning phases,
as [MASK] tokens are only included during pre-
training, but not fine-tuning.

Meng et al. (2024) showed that masking-based
pre-training wastes model capacity and results in
representation deficiency. An additional drawback
of masking-based pre-training is the introduction
of corrupted semantics (Zheng et al., 2025), which
arises from masking multiple potentially interfer-
ing tokens from an input sequence. Surface form
competition (Holtzman et al., 2021) and the sen-
sitivity to masking ratio selection (Wettig et al.,
2023) are further phenomena that masking-based
pre-training suffers from.

We alleviate all the above limitations of MLM
by changing the learning objective to the recon-
struction of the latent conceptual properties of the
input tokens. Besides allowing the pre-training to
be conducted over the intact input sequences with-
out the need of any form of perturbation, this kind
of pre-training inherently offers interpretability via
the use of latent concepts. To test the effective-
ness of the proposed pre-training paradigm, we
pre-train ModertBERT models and compare them
with strong baselines.

There exist alternative pre-training mechanisms
that omit the use of the [MASK] token, however,
they all make the pre-training data unnatural in one
way or another. The mitigation strategy offered in
(Meng et al., 2024), for instance omits the tokens
that would have been masked otherwise, resulting
in imputed pre-training sequences. Pre-training
on imputed sentences, and fine-tuning on full sen-
tences introduces a distribution shift, limiting the
effectiveness of transfer learning.

Even though models using replaced token pre-
diction (RTP) (Clark et al., 2020; Bajaj et al., 2022;
He et al., 2023; Dong et al., 2023, 2024) do not
rely on [MASK] token either, they still turn the
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pre-training data somewhat atypical by replacing
certain tokens by tokens that are sampled according
to the proposal distribution of an auxiliary model.
Similar to the omission of those tokens that would
have been masked otherwise, replacing them with
a noisy token arguably makes the pre-training sen-
tences differ from naturally occurring ones, which
is unfortunate from a transfer learning perspective.

In contrast to the existing masking-free PLM
objectives, we propose such an alternative that
requires no modification to the pre-training se-
quences. By employing such a pre-training mech-
anism which operates over intact input sequences,
we introduce no artificial distribution shifts be-
tween pre-training and fine-tuning, allowing for
a more efficient transfer between pre-trained and
fine-tuned models.

During LSM pre-training, we determine a dis-
tribution of latent semantic properties of the input
tokens by performing sparse coding on their cor-
responding activations produced by an auxiliary
model. In LSM , we make use of the crucial obser-
vation that the support of its output probability dis-
tribution differs from the vocabulary of the model.
That is, instead of outputting a distribution over
the vocabulary of the model, we output a distribu-
tion over the inventory of latent semantics that we
determine efficiently in an unsupervised manner.

Since, the range of the output symbols for LSM
differs from that of the input, we can safely pro-
cess the intact input sequence of tokens, without
the need of introducing artificial [MASK] tokens.
The omission of the [MASK] tokens during MLM
pre-training, however, would be problematic, as
predicting the identity of randomly selected tokens
from the intact input sequence (while the target to-
kens are still present in the sentence in their original
form) would yield a trivial pre-training task.

2 Related work

Masking plays a central role in the typical pre-
training of encoder-based PLMs, with the default
masking strategy originating from BERT (Devlin
et al., 2019). In BERT, 15% of the input tokens are
selected for pre-training, and 80% of the selected
tokens get replaced by the special [MASK] token,
while the remaining selected tokens are either kept
unchanged or replaced to any random token. The
pre-training objective is then to recover the exact
identity of the 15% of the input tokens selected for
pre-training.

Wettig et al. (2023) explored the effects of mask-
ing different token ratios from the input, finding
it beneficial to mask larger fractions of tokens for
larger models. They also noted that replacing 10-
10% of the originally masked tokens to a random
token and the original one is not a crucial step
during MLM pre-training. Recent studies have pro-
posed a variety of alternative masking strategies for
improving MLM pre-training as opposed to the ran-
dom selection of pre-training tokens (Joshi et al.,
2020; Levine et al., 2021; Sadeq et al., 2022; Yang
et al., 2023), however, these studies are orthogonal
to our research, as our main goal is to devise such
a pre-training paradigm which does not require the
insertion of artificial mask tokens into the input
sequences.

The elimination of the special [MASK] tokens
can be further motivated by the recent results
from (Meng et al., 2024), showing that PLMs pre-
trained with MLM suffer from representation de-
ficiency. The deficiency is rooted in the fact that
the [MASK] tokens are only included during pre-
training, however, during task-specific fine-tuning
and inference, such artificial tokens are no longer
part of the input. (Meng et al., 2024) also pro-
posed a masked autoencoder (MAE-LM) architec-
ture to mitigate the representation deficiency is-
sue: instead of replacing the randomly selected
tokens with the [MASK] symbol, MAE-LM com-
pletely removes them and trains an auxiliary de-
coder model for recovering the removed tokens.

Due to the removal of the masked tokens from
the input sequence, MAE-LM also operates over
out-of-distribution input sequences, i.e., such par-
tially imputed sentences that are not coming from
the true distribution of input sequences. Further-
more, unlike our proposed technique, obtaining
direct pre-training signal from all the input tokens
is not possible for MAE-LM, as it would mean that
the network should recover entire sentences from
the empty string.

Additionally, while MAE-LM mitigates the rep-
resentation deficiency caused by the use of the

[MASK] token, it is important to note that it does
not fully eliminate the use of mask tokens, rather
defers their use to a later layer of the transformer
network. This is because the decoder of MAE-LM
do involve [MASK] tokens, meaning that during
backpropagation, [MASK] gradients still play a
role in shaping the encoder of the model.

Denoising pre-training (Bajaj et al., 2022) is
another alternative approach for eliminating the



need for [MASK] tokens during pre-training. A
prototypical representative is ELECTRA (Clark
et al., 2020) that uses the Replaced Token Detec-
tion (RTD) objective. RTD simultaneously relies
on a generator (also called auxiliary) and a larger-
capacity discriminator (also called main) model
during pre-training. The generator suggests for per-
turbing the original input sequence, whereas the
discriminator model has to decide which tokens
of the input sequence are replaced by a generator-
proposed alternative.

The RTD objective operates over all the input
tokens, however, similar to MAE-LM, the pre-
training input sequences do not follow the true dis-
tribution of the modeled language either. For MAE-
LM, certain tokens get eliminated, whereas for
RTD some of the original input tokens are replaced
by model-generated alternatives. This causes an
inherent distribution shift between pre-training and
fine-tuning, something that our proposed approach
is not affected by, since we process the exact same,
intact input sequences during both pre-training and
fine-tuning.

The training signal of our approach comes from
sparse coding the activations of an auxiliary model.
The sparse target signals that we construct are remi-
niscent to those representations produced by sparse
autoencoders (SAE) (Huben et al., 2024) that have
became a popular tool for identifying interpretable
features in LLMs. Our use of sparse coding, how-
ever, does not rely on SAEs and our use of the
sparse representations is also different from the
mostly interpretability oriented work that use SAEs,
as we use them for improving the efficiency of
encoder-based PLMs. Sparse concept features have
recently been proposed to enhance PLMs, however,
these work have either been focusing on autore-
gressive models (Tack et al., 2025) or they have
failed to address the representation deficiency issue
(Berend, 2023).

3 Latent Semantic Modeling

In contrast to vanilla masked language modeling,
models pre-trained with LSM change the domain
of their output distribution from the subword units
of the model vocabulary to the inventory of latent
semantic properties determined in an unsupervised
manner using sparse coding.

The way we determine the profile of latent se-
mantic properties for a token is by relying on an
already pre-trained auxiliary model A. In a prepara-

tory phase, a sample of N hidden representations
produced by A is collected from its layer [ as
{hgl)7 e hg\lj)} This step is then followed by
a preparatory phase, which can be formalized as a
dictionary learning problem (Mairal et al., 2009)
of the form

N
arguiin 3~ 2B~ DVay [+ Nay)s.
D(l),ajER’;O j=1
ey
where DY) ¢ R*F js a dictionary matrix, with
its column vectors upper bounded by unit norm,
and the a; € R* vectors contain the sparse linear
coefficients that indicate the extent to which the
vectors from D) are used in reconstructing the
d-dimensional hidden representation produced by
layer [ of A, h§l) € R ) is a regularization
coefficient which affects the sparsity of c;.
Solving (1) is a one time effort, performed be-
fore the actual pre-training phase, which results
in a negligible (< 1%) computational overhead
compared to the typical costs of pre-training. Once
the dictionary matrix DO s determined, it is used
for determining the sparse contextualized represen-
tation for any hgl), i.e., a hidden state from layer [
produced by A as

1
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Objective (2) is computationally advantageous
as it no longer requires optimizing towards DO,
i.e., it relies on the one determined during the
preparatory phase via (1). With D being fixed,
obtaining the sparse linear coefficients of a; con-
stitutes an efficiently solvable instance of a LASSO
optimization problem.

Due to the non-negativity constraint for the co-
efficients of «; in (2), we can conveniently treat
the ¢1-normalized version of c; as a probability
distribution over the k latent semantic properties.
LSM pre-training considers these sparse normal-
ized distributions of latent semantic properties as
the targeted output. Hence, the output space of
LSM is not the entire vocabulary of the model, but
it ranges over k special symbols, each correspond-
ing to one of the latent semantic properties that are
identified using (1).

If [MASK] tokens were not employed during
traditional MLM, the pre-training task would be-
come trivial, as the identity of the input tokens
had to be predicted in their presence. The same,



however, does not hold for LSM pre-training as
the input space (i.e., sequence of tokens) differs
from the output space (i.e., distributions of latent
semantic properties extracted from A). This crucial
observation makes the use of [MASK] tokens dur-
ing pre-training obsolete, which allows us to con-
duct pre-training over the intact input sequences,
alleviating the shortcomings of MLM pre-training
mentioned previously.

During pre-training, we calculate the loss as the
Kullback-Leibler divergence between the targeted
distribution of latent semantic properties (that we
determine using (2)) and the output distribution of
our model. Since masking is not employed, we
can increase the ratio of input tokens that directly
contribute to the pre-training loss. As the input
sequences do not get corrupted during pre-training
in any way, making direct use of all the tokens of
the pre-training corpora becomes feasible for LSM
pre-training.

4 Experiments

Throughout our experiments, we created multiple
PLMs that we evaluated over a comprehensive set
of downstream benchmark evaluation tasks. In
what follows, we describe the details of pre-training
(§ 4.1) and fine-tuning (§ 4.2).

4.1 Pre-training experiments

We created ModernBERT models (Warner et al.,
2025) from scratch for our experiments. The model
consists of 22 transformer layers and employs 768
and 1152 dimensional hidden vectors and interme-
diate vectors in the FFNs of the transformer blocks.

We used the AdamW optimizer (Loshchilov and
Hutter, 2019) with linear learning rate scheduling
with a peak value of 1e—4, employing a warm-up
phase that consisted of 2% of the 100,000 total
update steps that we performed. Throughout pre-
training, we employed an effective batch size of
1024 (using gradient accumulation of 4 with a batch
size of 256) and relied on the transformers
library (Wolf et al., 2020).

As for the pre-training corpus, we relied on the
RefinedWeb dataset (Penedo et al., 2023) released
as part of the Dolma corpus (Soldaini et al., 2024).
We additionally ensured for better comparability
between the different PLMs that the individual
batches over the pre-training came with identical
contents and order.

All together the number of input sequences that

we used for pre-training was approximately 100
million, i.e., each update was based on 1024 input
sequences and we made 100000 updates in total.
Over the course of pre-training, we have processed
approximately 10 billion tokens.

4.1.1 Hyperparameter choices

When performing LSM, we treated the official
bert-base-cased as our auxiliary model A.
Regarding the hyperparameters affecting (2), we
selected the number of semantic concepts to be
identical to the dimension of the hidden size of A,
i.e., k = 768. According to our additional exper-
iments (Figure 5), increasing k does not provide
better models, however, it increases the cost of pre-
training as the parameters in the final output layer
are proportional to the choice of k.

For obtaining DY according to (1), we relied
on 2,000,000 hidden vectors from A. Finally, we
determined the latent semantic distributions based
on the tenth layer of the auxiliary model (! = 10).

This choice provided a good trade-off between
performance and compute as the benefit of using
earlier layers of A is that it allows us to reduce
the costs of determining the target distribution of
the main model via early exiting the inference of
A. By choosing the hyperparameters of LSM in
the above stated manner, we could ensure that the
pre-training costs of LSM were basically the same
as that of MLM pre-training. More details on the
computational aspects are included in Section 4.1.3.
Additionally, for the sake of completeness, and to
demonstrate that LSM is not particularly sensitive
to the choice of hyperparameters, we report addi-
tional results on choosing different combinations
of k and [ in Appendix A.

4.1.2 Baseline models

Next, we introduce the baselines that we compare
LSM with. We pre-trained all baseline models
with identical hyperparameters (such as the opti-
mizer, learning rate, batch size) as mentioned in
Section 4.1. These hyperparameters were deter-
mined based on commonly used choices in the lit-
erature. Not only the hyperparameters, but also the
contents of the batches, and the randomly selected
tokens that directly contributed to the training were
identical, meaning that when comparing the results
of the different models, we can isolate the effect
of using different pre-training approaches, without
any conflating parameter.

Our first baseline is vanilla MLM pre-training,
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Figure 1: Overview of the different pre-training paradigms that rely on an auxiliary model. The auxiliary models
are colored magenta, while the target outputs have a light green background. It is only the LSM pre-training (d) that

is performed over the intact input sequence.

for which we employed dynamic masking strategy.
Unless stated otherwise, we opted for the typical
masking ratio of 15%.

As LSM uses an auxiliary model, it is reminis-
cent of knowledge distillation (Hinton et al., 2015;
Aguilar et al., 2020). To this end, we conducted
experiments using vanilla knowledge distillation
(KD) pre-training. During KD (visually illustrated
in Figure 1a), we also rely on the same pre-trained
auxiliary model A that we use for determining the
latent semantic distributions for LSM. In the KD
setting, we mask the input sequences as for MLM,
then query A for its prediction towards the distri-
bution of substitute tokens, and calculate our pre-
training loss based on how close can our student
model approximate the output distribution of the
auxiliary model in terms of KL-divergence.

ELECTRA-style replaced token detection
(RTD) is also considered a sample efficient pre-
training paradigm and it also resembles our ap-
proach as it does not apply an artificial [MASK]
token (at least for its discriminator). Instead of
using a [MASK] token, it replaces certain input
tokens, which can also result in unnatural input
sequences (as illustrated in Figure 1b).

Despite of its similarity, the ELECTRA for-
mulation differs from our proposed pre-training
paradigm, as it requires the training not only of
the main model but the auxiliary model as well,
whereas in LSM , the weights of the auxiliary
model can be frozen. This difference not only re-
sults in a computational overhead for vanilla ELEC-
TRA, but also makes its pre-training less stable
(Dong et al., 2023, 2024; He et al., 2023).

To this end, we pre-trained a FastELECTRA
(Dong et al., 2024) baseline, which performs such
RTD pre-training that renders the training of the
auxiliary model unnecessary. This not only reduces
the pre-training cost (as the auxiliary model re-
quires forward passes only), but it also makes the
approach more comparable to ours.

We also implemented MAE-LM pre-training
(illustrated in Figure 1c). Following (Meng et al.,
2024), we opted for a shallow, 4-layer auxiliary
decoder model for predicting the deleted tokens.

Finally, we also consider such a variant of LSM
that masks the randomly selected tokens for pre-
training (even though it was not necessary, as ar-
gued earlier). We refer to this version of LSM as
masked latent semantic modeling (MLSM).



4.1.3 Computational costs of pre-training

We calculated the FLOPs related to processing a
single batch of pre-training using the calflops
package. In our calculations, we focused on the
costs that incur over a single batch of pre-training
our newly created models.

One might intuitively think that when using the
same backbone architecture, self-supervised pre-
training that exploits latent semantic information
must require strictly more compute than vanilla
MLM pre-training, which is caused by the use of
the auxiliary model A for determining the target
output distribution for LSM.

This sounds plausible at first, however, it does
not hold in our case. The reason behind it is that
for MLM pre-training, a non-negligible fraction of
the computation is related to un-embedding, i.e.,
transforming the final hidden representations into
the output space of the model. For MLLM, the out-
put space is the entire vocabulary V', whereas for
LSM, it is the inventory of latent concepts, the size
of which is tied to the number of columns of the
dictionary matrix D € R"*¥ with k < |V]. As
such, the un-embedding operation is much cheaper
(as it involves a multiplication with orders of mag-
nitude smaller matrix of size h x k for LSM, as
opposed to the use of an i x |V| for MLM, with h
denoting the hidden size of the main model).

Another thing to note, is that even though LSM
and KD both relies on an auxiliary model .4, LSM
only requires its hidden states from some inter-
mediate layer [ (allowing to stop inference early),
whereas KD requires computing a full forward pass
over the entire .A. For smaller models, computing
the output distribution can make up a reasonable
fraction of the computation, something that can be
spared in the case of LSM, but not for KD.

We report the costs of the different pre-training
paradigms that we investigated throughout our ex-
periments in a decreasing order in Table 1. We can
see that no alternative pre-training technique had
a more favorable cost than LSM. Table 1 reveals
that the costs of LSM can be practically consid-
ered identical to that of MLM, whereas alternative
approaches require up to +27% more compute.

4.2 Fine-tuning experiments

We measure the utility of the PLMs by quantifying
their fine-tuning performance over a wide range of
benchmark tasks. During our evaluation, we relied
on the following comprehensive list of datasets:

KD RTD MAE (M)LSM MLM
FLOPs 3.34E+13 29E+13 2.67E+13 2.67E+13 2.63E+13
Relative FLOP 127% 110% 103% 101.5% 100%

Table 1: FLOPs per pre-training batch with the pre-
training approaches being ordered decreasingly. The
costs of vanilla MLM pre-training (in bold) are treated
as the baseline.

CoNLL 2003 dataset for named entity recognition
(Tjong Kim Sang and De Meulder, 2003), Cor-
pus of Linguistic Acceptability (CoLA; Warstadt
et al., 2019), MNLI natural language inference
dataset (Williams et al., 2018), Microsoft Research
Paraphrase Corpus (MRPC; Dolan and Brockett,
2005), QNLI benchmark (Rajpurkar et al., 2016;
Wang et al., 2019b), Quora Question Pairs (QQP;
Iyer et al., 2017), Recognizing Texutal Entailment
(RTE; Dagan et al., 2006; Haim et al., 2006; Gi-
ampiccolo et al., 2007; Bentivogli et al., 2009),
Stanford Sentiment Treebank (SST2; Socher et al.,
2013), Semantic Textual Similarity (STSB; Cer
et al., 2017), Word-in-Context (WiC; Pilehvar and
Camacho-Collados, 2019) datasets.

We accessed the above benchmarks and per-
formed the evaluation of the fine-tuned models
via the datasets (Lhoest et al.,, 2021) and
evaluate (Von Werra et al., 2022) packages. As
many of the datasets are part of the GLUE (Wang
et al., 2019b) and SuperGLUE benchmarks (Wang
et al., 2019a), where the labels of the test set are not
available, we performed our evaluation on the de-
velopment sets. We used the same frequently used
hyperparameters for fine-tuning all the datasets.
That is, we used a learning rate of 2e—5 with lin-
ear learning rate scheduling and a batch size of 32,
performing 3 epochs. As the evaluation metric, we
report the fine-tuning scores after the last epoch.

As we were interested to see how sample ef-
ficient the different pre-training alternatives are,
we also evaluated the intermediate checkpoints
through the course of training. In total, we evalu-
ated 4 checkpoints for each differently pre-trained
model which correspond to their 10%, 25%, 50%
and 100% pre-training readiness levels relative to
the total number of pre-training update steps.

For each investigated checkpoint, we performed
5 independent fine-tuning experiments on each
downstream task, and report the averaged exper-
imental results, in order to obtain a more robust
approximation on the utility of the different pre-
training paradigms. This means that we conducted
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MIM KD RTD MAE MLSM
934 947 947 91.1 91.2

LSM
97.5

Table 2: The percentage of end of pre-training model
fine-tuning performance preserved by the model at its
10% readiness level.

4 x 5 = 20 fine-tuning trials per task for each dif-
ferently trained PLM. Performing the fine-tuning
experiments over all the investigated dataset took
approximately 2 GPU days per model checkpoints.

We include the overall fine-tuning results in Fig-
ure 2 for all the differently pre-trained model vari-
ants throughout the course of pre-training at differ-
ent checkpoints. The markers of Figure 2 indicate
the checkpoints at different readiness levels of the
individual models, while also reflecting the amount
of FLOPs that the different pre-training paradigms
require.

We can see a clear advantage for the LSM model,
especially at the early stages of pre-training. Our
LSM pre-trained model has the remarkable prop-
erty that it delivers comparable or even better fine-
tuning performance already at its 25% readiness
level compared to the end of pre-training fine-
tuning performance of the alternatively pre-trained
models. This, together with the fact that the LSM
model recovers 97.5% of its final fine-tuning capa-
bilities already at its 10% readiness level illustrates
its pre-training sample efficiency. For comparison,
we summarize the fraction of fine-tuning scores
that the differently pre-trained models recover at
their 10% readiness level in Table 2.

The individual task performances can be found
in Figure 7 of Appendix B. When evaluated for the
same checkpoints, i.e., at the same readiness level,
LSM pre-trained models almost always outperform
all the alternatively pre-trained models, often by a
large margin. This not only holds for the results
averaged over the different tasks, but it is also the
case for almost all the individual evaluations, indi-
cating that the improved performance of LSM is
stable across various tasks and evaluations.

4.3 Investigating the ratio of tokens directly
contributing to the loss

As LSM does not employ masking during, pre-
training, we can safely increase the fraction of to-
kens that we compute our pre-training loss from.
This corresponds to increasing the [MASK] token
ratio for classical masking based pre-training. In an
analogous manner, for MAE, increasing the ratio
of tokens that we derive pre-training signal from
means that we need to eliminate an increasing frac-
tion of the original tokens from the pre-training
input sequences.

Similar to Wettig et al. (2023), who investigated
the effects of masking ratio during pre-training, we
pre-trained alternative models with the fraction of
tokens that we computed pre-training loss spanned
{0.15,0.3,0.6,0.9}. For LSM we additionally ex-
perimented a ratio of 1.0 that we did not test for the
rest of the pre-training paradigms, as that would
constitute a meaningless task. For instance in the
case of MLM, the original input sequence had to
be recovered from a sequence of tokens that consist
of nothing else but [MASK] tokens.

Figure 3 displays the average fine-tuning per-
formances of the differently pre-trained models at
their 10% (Figure 3a) and 100% (Figure 3b) readi-
ness levels as a function of the ratio of tokens that
directly contribute to the pre-training loss. We can
see that LSM shows practically no sensitivity to
the ratio of tokens that the pre-training loss gets cal-
culated neither at the early stage of the pre-training,
nor at the end. All alternative models, however,
showed a strong sensitivity to the fraction of tokens
that directly contribute to the pre-training loss. The
robustness of LSM pre-training to the ratio of to-
kens to compute loss from is another advantageous
property that is caused by the fact that LSM makes
it able to train from intact input sequences.
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4.4 Significance testing

As we can naturally pair fine-tuning experiments
(when the classification heads were initialized iden-
tically at the beginning of a fine-tuning experiment),
we measured the percentage of such experiments
(out of 70 experiments in total for each pair of
PLMs) that a particularly pre-trained model re-
sulted in better fine-tuning score than an alterna-
tively pre-trained model variant. We summarize
these statistics in Figure 4. We additionally calcu-
lated a Wilcoxon signed rank test over the paired
fine-tuning experiments. In Figure 4, we marked it
with an asterisk, whenever the calculated p-value
suggested that the pre-training approach alongside
a row performed significantly better (at p < 0.01)
than the PLM that was pre-trained by the approach
indicated alongside the column. We can see that
by the end of pre-training, the differences are not
significant, but since the pre-training costs of LSM
are comparable of substantially cheaper than any
of the tested alternatives, its use is still reasonable
when pre-training for more update steps.

5 Conclusions

In this paper, we proposed latent semantic model-
ing, a sample-efficient pre-training technique for
encoder-based language models that — different
from other techniques — does not require any form
of input perturbation. As illustrated by our rigorous
experiments, LSM pre-trained models offer better
transfer capabilities to downstream tasks via fine-
tuning. This can be attributed to the fact, that LSM
pre-training is not affected by the representation
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Figure 4: The fraction of fine-tuning experiments such
that a model pre-trained with the technique along a given
row performed better than the model pre-trained with the
technique along a given column (when being initialized
with identical classification specific weights). The p-
values of the Wilcoxon signed rank test of the paired
fine-tuning experiments between a pair of differently
pre-trained models.

deficiency typical of traditional masking based pre-
training paradigms, which arises from the fact that
the distribution of pre-training sentences mismatch
the one encountered in real world texts (that do
not include [MASK] symbols). We also demon-
strated that changing the output distribution of our
model can make the pre-training more efficient as
the output space is reduced substantially.



Limitations One limitation is that we only
trained English models, even though the unsuper-
vised nature of determining the pre-training signal
would make it possible to perform pre-training in
different languages. The fact that our approach
relies on an auxiliary model can be viewed as a
limitation. We should add, however, that due to the
sheer amount readily available pre-trained models,
this is a rather mild requirement. As encoder-based
PLMs are still popular, and newer models need
to be trained from time to time, e.g., to prevent
model staling, it is an important question if the
pre-training can be improved.

The use of the auxiliary model can be looked
as a limitation from a resource efficiency point of
view, however, as we showed it in Section 4.1.3,
this is actually not the case. The LSM models
we trained required practically the same amount
of resources as vanilla MLM-trained PLMs (see
Table 1), since in LSM we perform un-embedding
towards a much smaller space, i.e., the space of
latent semantic concepts as opposed to the entire
vocabulary of the model.

One limitation arises from this efficiency, i.e.,
as the pre-training is not performed towards ac-
tual subtokens, LSM pre-trained models are not
capable of providing a probability distribution over
token substitutes of the model vocabulary as an
output. This is an issue, for which we have identi-
fied a simple solution in the form of a lightweight
post-training phase following LSM . We have con-
ducted experiments by freezing the weights of an
LSM pre-trained model, then adding a single clas-
sification head which uses the pre-trained model
with the frozen weights as a feature extractor, and
trained that single classification head with the stan-
dard MLM objective. We have noticed that by
training the single matrix of parameters for as little
as half an hour results in reasonable masked token
prediction capabilities, suggesting that the latent
concepts that the LSM pre-trained backbone model
produces are meaningful. We consider a more thor-
ough investigation of this approach as a potential
follow-up work.

The official ModernBERT was trained for ap-
proximately 2,000 NVIDIA H100 GPU hours. In
contrast, our models were trained for less than 100
GPU hours on a single NVIDIA A4000. This can
be viewed as a limitation, however, we consider it
as a deliberate design choice, as our primarily inter-
est was the investigation of data efficiency for the
different pre-training approaches. As we show it in

Figure 6, despite being trained for orders of magni-
tude shorter, we still managed to recover more than
97% of the fine-tuning performance of the official
ModernBERT checkpoint.
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A Ablation on the effects of the
hyperparameters of sparse coding

The hyperparameters of LSM relate to applying
sparse coding. The two key hyperparameters of
Equation (1) are the number of semantic concepts
to be identified (k) and the layer of the auxiliary
model A that we use for determining the latent
concepts (). Besides the hyperparameter choices
included in the main paper (k = 768, [ = 10), we
also investigated the hyperparameter combinations:
* k=1536,1 =12, and

o k=3072,1=12.

That is, we relied on either two or four times the
original dimensionality of the hidden vectors of A,
and used the hidden vectors originating from the
very last layer of A.

Figure 5 shows the fine-tuning performance of
the LSM model checkpoints obtained with the al-
ternatively determined hyperparameters as a func-
tion of pre-training update steps performed. In-
creasing the number of latent concepts makes the
pre-trained models slightly less performant for the
earliest checkpoint at 10% readiness level.

However, even that small difference diminishes
for subsequent checkpoints, eventually resulting in
an almost identical overall fine-tuning performance
to the one that we have reported earlier with k£ =
768,10 = 10. This suggests that LSM is robust to
the choice of its hyperparameters.

0.815

o o o
@ © ®
S S =
S a o

o
~
©
[&)]

0.790

Average fine-tuning performance

10% 25% 50%
Model readiness level

Figure 5: Comparing the fine-tuning performance of
LSM models trained with different choices of [ and k.
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Figure 6: Relative performance of the differently trained
PLMs compared to the fine-tuning results obtained by
relying on the official ModernBERT model.

B Task-specific breakdown of the results

In Figure 7, we provide the fine-tuning perfor-
mance of the differently pre-trained models on a
task-specific basis as a function of the amount of
compute invested into the given pre-trained model
checkpoint that served as the input to fine-tuning.

C Comparing with official ModernBERT

For the sake of completeness, we report a com-
parison of the average fine-tuning scores with the
official ModernBERT checkpoint. It is important
to note, however, that our goal was not to chal-
lenge the performance of the official checkpoint
(which was trained orders of magnitude more com-
pute), but to show via rigorous experiments the
benefits of LSM when all other things apart from
pre-training are kept equal. Figure 6 reveals that
our LSM model already recovered 95% and 97%
of the fine-tuning performance of the official Mod-
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Figure 7: Fine-tuning results broken down for the individual evaluation metrics and differently pre-trained models
at various readiness levels as indicated along the x-axis.



ernBERT checkpoint at its 10% and 25% complete
checkpoints, respectively.
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