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ABSTRACT
Pre-training and fine-tuning language models have been effective

for domain adaptation in various NLP tasks. A key aspect of BERT-

based models is the word-masking strategy used during training.

However, commonly used random word masking may not fully

capture domain-specific linguistic nuances. This paper aims to de-

termine whether domain-dependent masking strategies, informed

by thematic relevance or genre specificity, would be more effective

than the conventional random strategy in different training phases.

Our experiments on legal domain benchmarks reveal that selective

masking offers no significant advantage over random masking in

continual pre-training. However, domain-specific masking proves

more effective in from-scratch pre-training, despite all available

pre-trained language models being trained using random masking.
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1 INTRODUCTION
Among pre-trained language models (PLMs), masked language

models (MLMs), such as BERT, stand out for their effectiveness in

various natural language processing (NLP) tasks [6, 10, 15]. MLMs

are trained using a word-masking strategy, in which words in a se-

quence are masked and the model must predict them. Traditionally,

these words are selected randomly.

In specialized domains, random masking can overlook impor-

tant domain-specific terms, which are often under-represented in

the training data, resulting in suboptimal model performance [7].

Previous research [8, 10, 12, 13, 19] has shown that modifying the
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Figure 1: Highly weighted words from our topic and genre-
based weighting strategies compared to random selection in
the in-domain training corpus.

masking strategy, known as selective masking, can improve perfor-

mance.

In the realm of specialized discourse, such as legal texts, genre

and topics are crucial factors. As shown in Figure 1, genre refers to

the structural and stylistic conventions that define text organiza-

tion. For example, legal texts consistently use words like ordered
and allowed, reflecting the formal and structured nature of legal

discourse (details are provided in Section 3.1). This contrasts with

general-purpose texts, which follow broader conventions. Although

genre and topic information interact in ways that affect meaning

and structure [17], this interaction has not been systematically

studied in adapting MLMs like BERT.

In this paper, we address whether selective masking remains a

key to adapting MLMs by proposing two weighting schemes that

prioritize words directly related to topic- and genre-specific words.

We also study the importance of selective masking methods in

different learning strategies.

Our central hypothesis is that by modifying the masking distri-

bution — that is, by controlling which tokens are masked — we can

guide the model to learn more meaningful, domain-specific repre-

sentations. The empirical results support this: models trained with

topic-based masking consistently outperform those using random

masking on five out of six evaluation tasks. This demonstrates that

even simple modifications to the masking policy can significantly

influence model behavior and quality.

To summarize, this paper makes the following contributions:

• We demonstrate that continual pre-training with domain-

specific word masking strategies has minimal impact, sug-

gesting that random masking remains a simple and robust

baseline for adapting models.
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• We show that training MLMs from scratch using either topic-

based or genre-based selective masking is effective, with

topic-based masking yielding bigger improvements overall.

We provide open-source models and code for selective masking,

facilitating MLM pre-training in specific domains based on our

masking strategies
1
.

2 RELATEDWORK
Various strategies have been explored for selecting masked con-

tent, moving beyond random masking. Devlin et al. [6] introduced

Whole-Word Masking, where entire words are predicted rather

than individual tokens, allowing the model to capture meaningful

word representations. Joshi et al. [10] expanded this approach with

Span-BERT, masking spans of words instead of single tokens. In

Span-BERT, the starting point of the span is randomly selected, and

the span size is also varied. This technique improves performance

on downstream NLP tasks by better capturing context. Other strate-

gies move away from random selection entirely, such as masking

phrases and named entities, as in ERNIE [19], which led to im-

provements in Chinese NLP tasks. Another variation of ERNIE [23]

integrates structured knowledge bases into contextualized repre-

sentations, which benefits tasks such as entity typing and relation

classification.

In domain-specific contexts, Althammer et al. [1] proposed Lin-

guistically Informed Masking for the patent domain, where tokens

are masked based on their likelihood of being part of a noun chunk.

EntityBERT [14] used a domain-specific pre-trained entity recog-

nizer to mask entities, requiring a unique tagger for each domain

but applying the same masking strategy regardless of the domain’s

context. Golchin et al. [7] improved generalization in downstream

tasks by masking keywords using a pre-trained keyword extraction

model. However, this approach focused on task-specific adaptation,

fine-tuning models for individual tasks rather than creating a model

capable of handling multiple tasks within a domain. Difference-

Masking [22] dynamically adapts masking strategies using unla-

beled task-specific data. It identifies domain-specific features via

Tf-Idf weights and applies cosine similarity to determine mask-

ing, boosting task-specific performance. However, its adaptability

across varied tasks within the same domain is limited, constraining

its broader applicability.

In line with previous works, we aim to capture the rhetorical

structure that characterizes domain-specific texts by prioritizing

words using our proposed statistical-based approaches.

3 PROPOSED SELECTIVE MASKING METHOD
Our selective masking method is divided into two steps: 1) Weight-

ing words by their relevance within a specialized domain (Sec-

tion 3.1) and 2) Choosing words to mask (Section 3.2).

3.1 Word weighting strategies
We define two types of relevance weighting measures to capture

the topic and genre of in-domain texts.

1
github.com/ygorg/legal-masking

Topic. To identify words relevant to the document topic, we use

the Tf-Idf (Term Frequency-Inverse Document Frequency) met-

ric [16] as a proxy for topical specificity. This metric emphasizes

content-bearing words that distinguish documents (e.g., “contract,”

“asylum,” “tax”), aligning with standard information retrieval theory

and its application in prior legal NLP work. The weighting score

for each term is calculated as follows:

𝑠𝑡𝑜𝑝𝑖𝑐 (𝑡, 𝑑) = 𝑡𝑓𝑑,𝑡 · log
(
1 + |𝐷 |
1 + 𝑑 𝑓𝑡

+ 1
)

(1)

𝑑 𝑓𝑡 = |{𝑑 ∈ 𝐷 : 𝑡 ∈ 𝑑}| (2)

where 𝑑 is a document, 𝑡 is a term, and 𝐷 is the corpus of doc-

uments. The term frequency 𝑡𝑓𝑑,𝑡 corresponds to the number of

occurrences of 𝑡 in the document 𝑑 , while 𝑑 𝑓𝑡 is the number of

documents containing the term 𝑡 .

Genre. Inspired by Hyland [9], who described genre-specific

terms as linguistic elements organizing discourse (e.g., adverbials,

connectors, and relevance markers), we propose a genre weight
that measures how representative a word or phrase is of a specific

genre. Unlike traditional IDF, which does not account for distri-

bution within documents, our formula captures word distribution

consistency to identify genre-specific markers. The weight for each

word is calculated as:

𝑠𝑔𝑒𝑛𝑟𝑒 (𝑡) = 𝑑 𝑓𝑡

𝑡𝑓𝑡
∗
(
1 −

𝑠𝑡𝑑 (𝑑𝑡𝑓𝑡 )
𝑚𝑎𝑥 (𝑑𝑡𝑓𝑡 )

)
∗ 𝑑 𝑓𝑡

𝐷
(3)

where 𝑑 𝑓𝑡 denotes the number of documents in which the term

𝑡 appears, 𝑡𝑓𝑡 represents the total number of occurrences of 𝑡 in

the corpus, 𝑑𝑡𝑓𝑡 is a list of the number of occurrences of 𝑡 in ev-

ery document. Intuitively, the first term in the equation prioritizes

words that appear in a large number of documents. The second

term evaluates the consistency of a word’s occurrence across docu-

ments, assigning higher weights to words with uniform frequency

distribution, normalized by their maximum frequency. Finally, the

third term rewards terms that are prevalent across many documents.

Examples of specific genre markers for different tasks can be found

in Table 1.

3.2 Word selection
After scoring words using one of our weighting methods (topic or

genre), we prepare the masked sequence by randomly sampling

words based on their relevance weights until 15% of the sequence

tokens are selected, as recommended in previous works [6, 21].

This approach ensures exposure to diverse words during training,

allowing the model to learn across both high- and low-frequency

words. The detailed algorithm is provided in Algorithm 1.

4 EXPERIMENTAL PROTOCOL
To evaluate our proposed selective masking method, we introduce

an in-domain training corpus and evaluation tasks (Section 4.1) and

detail the baseline models of our study (Section 4.2).

https://github.com/ygorg/legal-masking
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Table 1: Illustrating high-scoring genre markers across stud-
ied downstream tasks

Dataset Input(s)

ECtHR 12. In 1987 the applicant association (...)

13. The book was published in the second quarter of 1987 (...)

SCOTUS 329 U.S. 29 67 S.Ct. 1 91 L.Ed. 22

CHAMPLIN REFINING CO. V. UNITED STATES et al. No. 21. (...)

EUR-LEX (1) Article 18 of Regulation (EC) No 2038/1999 provides that (...)

(2) Regulation (EC) No 2038/1999 provides that (...)

LEDGAR The validity or unenforceability of any -provision or provisions of this

Agreement shall not (...)

RR IN THE COURT OF THE V ADDL SESSIONS JUDGE, MYSORE.

Dated this the 23rd day of May 2013 (...)

Algorithm 1 Selective Masking Algorithm for Domain-Specific

Language Models

1: function MaskTokens(𝑡𝑜𝑘𝑒𝑛𝑠)

2: M ← ∅ ⊲ Initialize the mask set

3: 𝑊 ←WholeWords(𝑡𝑜𝑘𝑒𝑛𝑠 ) ⊲ Tokenize into whole words

4: 𝑆 ← ScoreSeqence(𝑊 ) ⊲ Assign scores to tokens

5: while |M | < 0.15 × |tokens | do
6: 𝑖 ← Sample(𝑆 ) ⊲ Weighted sampling

7: Remove(𝑊 [𝑖 ], 𝑆 [𝑖 ]) ⊲ Remove from selection pool

8: if |M | + |𝑊 [𝑖 ] | ≤ 0.15 × |tokens | then ⊲ If word’s token fit

in mask set

9: M ← M ∪ {𝑊 [𝑖 ] }
10: end if
11: end while
12: returnM ⊲ Return the final set of masked tokens

13: end function

4.1 In-domain corpus and evaluation tasks for
legal domain

Our study focuses on the legal domain. To capture the linguistic

diversity in legal texts, we use two corpora: opinions from the

Supreme Court of the United States (SCOTUS)
2
and a subset of the

LexFiles corpus [5], which includes documents from various legal

frameworks, such as the European Union and India (see Table 2 for

corpus statistics).

Table 2: Details of the in-domain legal dataset

Sub-Corpus # Doc # Tokens

EU Case Law 29.8K 178.5M (29%)

ECtHR Case Law 12.5K 78.5M (13%)

Indian Case Law 34.8K 111.6M (19%)

SCOTUS Opinions 104.7K 235.5M (39%)

Total 181.8K 604.1M

2
kaggle.com/datasets/gqfiddler/scotus-opinions

For downstream evaluation, we conduct experiments for 6 legal

classification tasks:

ECtHR Tasks A & B [2, 4]. seek to identify articles from the

European Convention on Human Rights that are either violated

(ECtHR A) or allegedly violated (ECtHR B), based on a set of facts.

SCOTUS [18]. involves categorizing U.S. Supreme Court opin-

ions into one of 14 thematic areas, such as Criminal Procedure or

Economic Activity.

EUR-LEX [3]. relates to categorizing EU legislation, to assign

relevant EUROVOC thesaurus concepts to legislative texts.

LEDGAR [20]. focuses on classifying paragraphs of US contracts
from the EDGAR database into one of 100 topics (Salary, Warranty,

Forfeitures, . . . ).

Rhetorical Roles Labeling (RR) [11]. involves segmenting In-

dian legal judgments into semantically coherent segments, each

labeled with a rhetorical role, such as preamble, fact, ruling, or

argument.

We report the macro F1 score averaged over 5 runs for each task.

4.2 Baseline models
We evaluate our approach against three baselines:

SpanBERT [10]. extends BERT to improve span-level representa-

tion and excels in tasks like question-answering. This baseline helps

us assess how span-based masking strategies perform on various

domain-specific tasks compared to our method.

ERNIE [23]. incorporates knowledge graphs through entitymask-

ing, focusing on entity-specific information. This comparison al-

lows us to evaluate the effectiveness of integrating external knowl-

edge in domain adaptation.

BERT-Random [6]. is the widely used random masking strategy

inmost pre-trained languagemodels and serves as our primary base-

line. We evaluate its performance under both continual pre-training

and from-scratch settings to assess the impact of prior knowledge

on domain-specific tasks. We use the BERT-base uncased model

(110M parameters), rather than the large version, as preliminary

experiments showed no significant performance difference between

the two in our setup.

5 EXPERIMENTS AND RESULTS
We study the impact of selective word-masking strategies on the

pre-training of BERT models. Table 3 reports the results for all

benchmark tasks. The models BERT-Genre and BERT-Topic rep-

resent those trained using genre and topic-specific information,

respectively, under both continual pre-training and training-from-

scratch conditions.

Comparison with State-of-the-Art masking strategies. We begin

by comparing our continual pre-training models with baseline mod-

els (Section 4.2), as all models benefit from the prior knowledge

embedded in the pre-trained BERT. The results demonstrate that se-

lective word-masking strategies consistently outperform the Span-

BERT and ERNIE baseline models. These findings suggest that the

span-boundary objective in SpanBERT and the knowledge graph

https://www.kaggle.com/datasets/gqfiddler/scotus-opinions
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Table 3: Performance with random and selective masking strategies. Bold marks the highest Macro-F1 score per task. Gray
shows the difference from the baseline. † denotes significance over BERT-Random at the 0.01 level

Legal-Eval Lex-GLUE

RR ECtHR (A) ECtHR (B) SCOTUS EUR-LEX LEDGAR Avg.

S
O
T
A SpanBERT [10] 47.39 51.76 59.90 54.58 54.43 81.78 58.30

ERNIE [23] 46.31 45.26 52.29 42.35 52.64 80.54 53.23

C
o
n
t
. BERT-Random 49.32 55.65 61.93 59.13 56.56 82.31 60.81

BERT-Genre 48.62 -0.70 56.15 0.50 63.14 1.21 58.79 -0.34 55.92 -0.64 82.29 -0.02 60.82

BERT-Topic 49.41 0.09 56.17† 0.51 64.14† 2.21 60.36 1.23 56.91 0.35 82.24 -0.07 61.54

S
c
r
a
t
c
h BERT-Random 44.74 43.33 52.46 42.32 51.99 78.64 52.24

BERT-Genre 46.83† 2.09 41.70 -1.63 50.03 -2.44 44.18 1.87 48.29 -3.7 78.68 0.04 51.62

BERT-Topic 44.66 -0.08 45.26 1.93 57.08† 4.62 51.74† 9.42 52.74 0.75 78.64 0.01 55.02

integration in ERNIE are less effective at capturing the nuances of

domain-specific legal language. Furthermore, these results highlight

the potential of word-level information to better capture domain-

specific text patterns, emphasizing the need for selective masking

over more general strategies.

Importance of the PLMs’ prior knowledge in continual pre-training.
In the continual pre-training setting, BERT-Topic significantly out-

performs the baseline, particularly in tasks such as the ECtHR (A &

B) and the SCOTUS classification task, with gains of 0.51%, 2.21%,

and 1.23%, respectively, over random masking. These results sug-

gest that emphasizing topic-specific words slightly enhances the

model’s performance, even after it has already acquired general

knowledge through random masking during the initial pre-training

phase. In contrast, while BERT-Genre demonstrates positive gains

in the ECtHR (A & B) tasks, with improvements of 0.51% and 1.21%,

it underperforms in other tasks such as EUR-LEX and Legal-Eval

RR. This performance gap is likely due to the original BERT model

being pre-trained with random masking on large general-domain

data, which may not capture the stylistic conventions or discourse

patterns of legal texts, particularly genre-specific markers. This

bias limits its adaptation to the legal genre without sufficient genre-

focused pre-training data. For the LEDGAR task, neither genre

nor topic masking showed notable improvement, likely due to the

complexity of distinguishing between 100 classes, making selective

masking less effective.

Evaluating the effectiveness of selective masking without the bias of
pre-trained models. Given the limited impact and mitigated results

of selective masking in the continual pre-training scenario, we

then focused on training from scratch, eliminating the bias of prior

knowledge embedded in pre-trained models. In this setting, all

models are trained on the same data, and differences in performance

can be attributed entirely to the masking strategy applied during

training. Here, BERT-Topic consistently outperforms other models

in 5 out of 6 tasks, with significant improvements particularly in

SCOTUS and ECtHR (B), where it achieved gains of 9.42% and 4.62%,

respectively. These results highlight the effectiveness of selective

topic masking in adapting masked language models (MLMs) across

a range of domain-specific tasks.

BERT-Genre also demonstrates notable improvements in the RR

and SCOTUS tasks, with gains of 2.09% and 1.87%, respectively.

This suggests that genre-specific words, which are indicative of

task discourse structure, can be particularly beneficial for certain

legal tasks where linguistic structure plays a central role in under-

standing document intent or categorization.

In contrast to the continual pre-training results, we observed per-

formance declines with BERT-Genre in European legal tasks such

as ECtHR (A & B) and EUR-LEX, with respective drops of 1.63%,

2.44%, and 3.7%. This suggests that models may need a stronger

foundation in general language skills before specializing in Euro-

pean legal terms. Focusing solely on genre-specific information

during training may fall short in capturing the full complexity of

the legal language used in European jurisdictions, which combines

technical terminology with highly structured legal discourse.

6 CONCLUSION
In this paper, we introduced a novel approach for adapting masked

language models to specialized domains through selective mask-

ing rather than random word selection. We proposed two masking

strategies that leverage genre and topical information to target

domain-specific words during pre-training. Our results show that

while continual pre-training with random masking remains effec-

tive for adapting pre-trained models, selective masking is more

advantageous when training new models from scratch. For future

work, we aim to investigate the complementary strengths of vari-

ous state-of-the-art selective masking strategies to further enhance

specialized language models. Additionally, we plan to conduct fur-

ther studies by training models from scratch with large datasets

using selective masking, to fully assess its advantages over ran-

dom masking and to expand this work to other domains such as

healthcare.

7 LIMITATIONS
Our study acknowledges limitations that could be addressed in fu-

ture research. First, our exploration of selective masking strategies

is limited to the BERT architecture and English-language data, due

to resource constraints. This may affect the generalizability of our

findings to other language models, languages, or domains. Second,

although we introduced novel specificity scores aimed at capturing
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topic and rhetorical structure, their evaluation remains partial. In

particular, evaluating the genre-based score is especially challeng-

ing, as there are no standard quantitative benchmarks for genre-

relevant features. While task-based performance offers indirect

evidence of its utility, more targeted analyses — such as measuring

correlation with genre-annotated corpora or using stylistic probing

tasks — would provide stronger support. In the revised conclusion,

we elaborate on this difficulty and outline concrete directions for

future experimental validation. Lastly, our results show that the

impact of selective masking during pre-training varies considerably

across downstream tasks. Understanding why some tasks benefit

more than others requires further investigation. Such insights could

guide the development of more task-specific or adaptive masking

strategies, ultimately improving the efficiency of domain-specific

pre-training in legal NLP and other specialized areas.
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