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Abstract
Incorporating classic literature as a part of language learning is not only engaging but also interesting for English as a For-
eign Language (EFL) learners. It immerses them in the narrative, sparking their curiosity and motivation to keep reading.
However, the rich vocabulary found in these classics may pose a significant challenge and surpass the proficiency levels
of learners. This study proposes a novel mechanism called Adaptive Language Learning by Leveraging BERT and Semantic
Technologies (ALBS) to address this issue. The proposed ALBS aims to enhance customized lexical proficiency for EFL
learners. It replaces challenging vocabulary with words better aligned with learners’ lexical capabilities while preserving
the original semantic meaning and syntactic fluency. It facilitates the recommendation of classic literature to EFL learners
at varying vocabulary proficiency levels, enabling tailored learning experiences and suitable lexical competency, which
enhances learner motivation. The proposed ALBS is structured into three distinct phases to achieve this goal. In the first
phase, an L-BERT model is trained using Natural Language Processing (NLP) techniques, aiming to identify the level of
each word from the input sentence. Then the distributions of the vocabulary proficiency levels of both classic literature
and the learner are mapped out in percentages through L-BERT. Finally, in the word replacement phase, the three cri-
teria of fluency, semantics, and the Common European Framework of Reference for Languages (CEFR) word level are
integrated to select the most suitable word from the list as a replacement for the target word. The results indicate that
the proposed ALBS outperforms the existing mechanisms in terms of precision, recall, and F1-score.
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1 Introduction
Conventional methods of language learning have often involved the laborious memorization of vocabulary lists, a practice
that not only fails to enhance the learner’s motivation but can also lead to aversion toward learning. Contemporary learning
materials have been compiled to introduce English vocabulary and grammar progressively from the perspectives of the
experts. A significant portion of these materials focuses on reinforcing English knowledge, lacking contextual narratives,
and engaging stories.1,2 Consequently, students often perceive these reading materials as mere textbooks and instructional
tools, resulting in a lack of active learning engagement and motivation. In fact, research3 has shown that motivated learners
tend to have better reading comprehension, and methods that increase motivation, including selecting engaging reading
materials, are beneficial.
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Adapting literary work appropriate to the learner’s level is one of the key factors that enhance the learner’s compre-
hension of the text and thus motivate the learner to read.4 In previous research on rewriting English literary work,5 the
difficulty levels of the vocabulary were not standardized and the distribution the vocabulary according to levels of diffi-
culty was not considered. Thus, the simplified versions of the literary work may not be suitable for the learners’ English
proficiency levels.6 To address this mismatch between simplified texts and learners’ actual proficiency, prior studies have
explored automatic lexical simplification, in which difficult words are replaced with simpler alternatives while attempting
to maintain sentence fluency and meaning. For example, Qiang et al.7 leverage a synonym resource with a BERT-based
model to generate and rank candidate substitutions in context. However, such approaches typically lack standardized,
learner-oriented difficulty control (e.g., CEFR levels) and may still risk semantic drift when replacements are selected.
In contrast, our ALBS framework integrates a Level-BERT classifier for word-level CEFR estimation with a tri-criterion
selector (fluency, semantics, and level alignment) to personalize replacements to the learner’s vocabulary distribution.
However, when difficult vocabulary words are replaced by simpler ones, its original semantic meaning may be lost.

Unlike traditional synonym corpus-based models that rely on pre-defined synonym mappings, the proposed ALBS
based on BERT approach dynamically captures semantic meaning through bidirectional context encoding. This allows the
model to identify contextually appropriate substitutions that preserve sentence-level meaning. As a result, the proposed
ALBS minimizes semantic drift and ensures that lexical simplification does not compromise the narrative or grammatical
coherence of the original text.

In the United States, an English learning website “Newsela”8 is highly recommended by language teachers.9–11 This
website provided teaching and learning materials suitable for different levels of students and various types of classrooms.
Learning materials are rewritten to suit student levels, and since they are modified manually, it is nearly impossible to
provide students with a substantial quantity of reading materials.

Recent advances in semantic analysis offer valuable insights for adaptive text simplification. For instance, Wang et
al.12 proposed a speaker-independent multimodal representation for sentiment analysis, while Liu et al.13 developed cross-
domain sentiment-aware word embeddings to capture nuanced semantic relationships. Zhang et al.14 designed a domain-
specific semantic evaluation system for adaptive content. These studies indicate that incorporating semantic-level analysis
can further enhance the personalization and effectiveness of literary text adaptation.

Building on these insights, the proposed ALBS framework leverages NLP techniques15 to replace challenging vocabu-
lary in classic literature according to learners’ proficiency, while preserving the original semantic meanings. This allows
instructors to recommend adapted literary materials to learners across different proficiency levels. This research was
structured into three stages:

In the first stage, an L-BERT model was trained and constructed using NLP16 techniques to recognize the level of
each word from the input sentence. In the second stage, the levels of vocabulary used by the target literary text and
recognized by the learner are distributed in percentage per level. The vocabulary distributions of both the text and the
learner are compared to identify the gap of vocabulary recognition between the two. This step could help pinpoint some
of the words in the text that are beyond the learner’s current level for replacement. In the third stage, the BERT model was
used to recommend a list of potential replacement words. Multiple criteria are used as weighted measures to determine the
best replacement among a list of candidate words generated by the BERT model. This way, the modified text could still
maintain its sentence fluency, semantic coherence, and suitability of levels tailored to the learning needs of the learner.

By utilizing these stages and strategies, the paper aims to create an innovative approach that harnesses NLP technology
to adapt classic literature effectively for learners with varying vocabulary levels, thereby promoting active learning and
enhancing their reading skills.

The contributions of this research are as follows:

(1) Semantic-preserving lexical simplification through contextualized BERT modeling: Unlike traditional synonym-
corpus-based methods that rely on static word mappings, the proposed ALBS framework employs a contextualized
BERT model to understand the semantic role of each word within its sentence. This enables the replacement of
difficult words with simpler alternatives while preserving the original meaning and sentence fluency.

(2) Adaptive difficulty control via CEFR-based vocabulary alignment: ALBS introduces a Level-BERT classifier to
estimate word-level CEFR difficulty and align text vocabulary distribution with that of the learner. This adap-
tive mechanism ensures that rewritten texts match individual proficiency levels, achieving personalized language
learning and maintaining an appropriate level of reading challenge.

(3) Multi-criteria optimization for word substitution: Multi-criteria lexical selection strategy integrates linguistic flu-
ency (n-gram probability), semantic similarity (WordNet and Siamese BERT), and pedagogical suitability (CEFR
level). This unified scoring mechanism ensures that replacement words simultaneously meet fluency, meaning
preservation, and learner-fit requirements, leading to coherent and educationally effective text adaptation.
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The remaining part of this paper is organized as follows. Section 2 presents the existing studies related to this paper.
Section 3 presents the assumption and problem formulation of this study. Section 4 presents the proposed citation rec-
ommendation mechanism. The performance of the proposed mechanism is then evaluated in Section 5. Finally, Section 6
concludes this work and gives the future work of this study.

2 Related work
With NLP techniques, this research intends to rewrite classic literature by evaluating learners’ English proficiency level
and replacing difficult vocabulary with those suitable for the learners. Related literature includes two categories, one
is vocabulary simplification, and the other one is text revision. Previous literature on the two categories is discussed
separately in the following sections.

2.1 Vocabulary simplification technique
The traditional way for vocabulary simplification involves identifying complex words in the text and then, generating
simpler candidate words that can possibly replace those complex words.

Alva-Manchego et al.17 proposed a word simplification method based on the ASSET dataset to improve the accuracy
of word replacement. Since the ASSET dataset provides more features of the simpler words, thus, it is easier to replace
simpler words for the complex words manually. Even though ASSET dataset can replace complex words with simpler
words manually and, at the same time, maintaining the original semantic meanings of the sentences, this approach is
laborious, and does not consider the user’s proficiency level or word usage habit.

Several researchers18,19 used an NLP model called BERT and the technology of Masked Language Modeling (MLM) in
BERT. This technique randomly masks multiple words which allows the model to learn words of different difficulty levels
and generate candidate words. Although this process takes the original semantic meanings of the texts into consideration,
it does not consider the difficulty of words and the distribution of the users’ vocabulary abilities.

Ferrés et al.20 presented Yet Another Text Simplifier (YATS), a five-stage automatic text simplifier designed by aca-
demic researchers to reduce the complexity of words. It first extracts linguistic features from a text by using tokenization,
sentence splitting, and part-of-speech tagging, etc. Next, it identifies the complex words in the sentence based on their
frequency count in psycholinguistic databases. It then uses a Vector Space Model to list the appropriate synonyms for a
given context. Synonyms are later ranked based on their simplicity: the most frequently used words are considered the
simplest. Finally, it generates the correct inflected forms of the selected synonym word substitutes, considering the context
and the part-of-speech tag of the complex word. Although this study focuses on simplifying words while maintaining the
original semantic meaning, its selection of the complex word and the ranking of the synonyms for replacement are solely
based on word frequency without considering the distribution of the users’ vocabulary proficiency levels, making it less
conducive to adaptive learning.

Sun et al.21 proposes an improved model called SimpleBART based on the BART model. During the model training
process, the PPDB synonym set data is used as a reference to replace complex words. Similar to the BERT model, complex
words are masked, and new candidate words are generated. To avoid loss of semantic meaning, the similarity between the
original sentence and the sentence with replaced complex words is calculated to select suitable words. This approach
involves maintaining the semantic meanings of the original text, but it does not consider the user’s vocabulary proficiency
and distribution.

Dehghan et al.22 used the ASSET and Newsela datasets, and the BART-based GRS technique to generate multiple
candidate words to replace complex words in a sentence. Similar to the approach in the research by Sun et al.,21 to
avoid loss of semantic meaning after replacement, the similarity between the original sentence and the modified sentence
with replaced words is calculated to select suitable words. Although this approach refers to multiple datasets to maintain
sentence semantics, the drawback is that all complex words in the sentence are replaced with simple words without
considering the distribution of readers’ vocabulary abilities, making it difficult to achieve adaptive learning.

Qiang et al.7 proposed an LSBERT model that differs from traditional methods. In this study, the PPDB synonym set
data is used as reference sentences to search for suitable replacement words. Language model features and probabilities
are used to maintain sentence fluency and select appropriate candidate words. Although this study considers maintaining
sentence fluency and the original semantic meaning, the drawback is that the difficulty level of words is determined man-
ually. This approach lacks a standardized level specification for words, and it does not consider the learners’ vocabulary
abilities and distribution. This technique simply replaces all the words with simpler vocabulary which is far from the goal
of adaptive learning.
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2.2 Text rewriting
Another approach is text rewriting, which is to rewrite the contents while maintaining the semantic meaning of the
sentences instead of simply replacing words based on their meanings.

Srikanth et al.23 combines the Newsela dataset with the NLI model of GPT-2. The NLI model determines the semantic
relationship between sentences or words and with GPT-2, the model understands the contextual relationship between the
sentences. In the training process of this model, sentences are first decomposed into individual words, and each word is
analyzed for its meaning. Then, appropriate candidate words are selected to replace the desired word, and the sentence is
reassembled. However, even though this model considers the semantic meaning of the sentences, it overlooks the difficulty
of individual words. Moreover, user feedback is required for finetuning. If the users are unwilling to provide feedback, the
sentences may be too difficult for them to understand or too simple with no learning effect.

Maqsood et al.24 proposes using Context-aware Part-of-Speech (C-POS) learning system to train a context-aware parts-
of-speech learning system. The model requires a large amount of text, particularly English news articles with different
genres. The sentences are then segmented, and each word is labeled with its part of speech. To ensure that the rewritten
texts match the user’s level of proficiency, this research collected features that could potentially affect the context to assist
the model in training. The system corrects errors in the user’s sentences according to their proficiency level, aiming to
improve their English skills. However, although this approach considers the user’s English proficiency and the importance
of part of speech in semantic meaning, it also relies on user feedback to determine their level of proficiency and recommend
suitable vocabulary.

All of the approaches above focus on replacing complex vocabulary with simpler words but replacing vocabulary is not
the only thing to consider. It is also important to maintain the original semantic meaning of the text and ensure fluency of
the sentences. Therefore, adjusting the difficulty of the vocabulary based on the distribution of words currently recognized
by the learner may be more effective in enhancing the learner’s English reading comprehension.

Recent large language models (LLMs), such as GPT and T5, have demonstrated strong general-purpose text gen-
eration capabilities and could be applied to lexical simplification via prompt-based generation. However, in zero-shot
or prompt-based settings, these models do not explicitly model learner-adaptive vocabulary control, as they lack stan-
dardized word-level difficulty measures (e.g., CEFR levels) and do not account for learners’ vocabulary distributions.
Consequently, achieving fine-grained and pedagogically consistent control over lexical difficulty remains challenging. In
contrast, the proposed ALBS framework explicitly integrates word-level difficulty estimation and learner-specific vocab-
ulary distribution, enabling more controllable, interpretable, and targeted learner-adaptive lexical simplification. While
general-purpose LLMs may serve as useful reference models, a dedicated framework such as ALBS is better suited for
adaptive language learning scenarios.

Table 1 presents a summary of the comparison between the proposed ALBS mechanism and related work in terms of
official datasets, learners’ vocabulary distribution, semantic preservation, sentence fluency, and AI techniques. Compared
with existing approaches, the proposed ALBS places greater emphasis on learner-adaptive vocabulary modeling while
jointly considering semantic preservation and fluency.

3 Network environment and problem formulation
This section introduces the problem statement and objectives of this study.

3.1 Problem statement
This paper aims to recommend the best document at a suitable level to the user. CEFR25 is a globally recognized standard
used to evaluate language proficiency, including reading skills. It assesses language skills on a scale of six levels, starting
from A1 for individuals with a rudimentary knowledge of the language and progressing up to C2 for those who have
attained an expert level of proficiency. For simplicity, let L = {L1, L2, … , L6} denote the six levels of vocabulary
respectively in CEFR. Assume that there is a document DUser read by the user. According to DUser, the user’s level of
reading skills in English can be decomposed into the distribution of 6 difficulty levels in vocabulary.

Let D = {D1,… , D|D|} denote a set of candidate documents and Di ∈ D be the i-th document in D. The document
Di ∈ D might not be suitable for the user to read due to the use of difficult vocabulary words in Di. This paper aims to
develop a mechanism M that revises one document Di ∈ D by replacing the difficult vocabulary words with the words
within the target user’s level of reading proficiency. Let Di = {wi,1, wi, 2,… , wi,n} denote the i-th document which consists
of n words. Let Di,M = {wM,1, wM, 2,… , wM,n̂} consists of n̂ words which is the revised version modified by mechanism
M. Herein, we notice that the numbers of words in the original document Di and the revised document Di,M might be
different. Since the following discussion only focuses on one document, for simplicity, we will use Di,M to denote DM .
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Table 1. Comparison of related studies.

Related Work Official datasets

User’s
vocabulary
distribution

Semantic
meaning

Sentence
fluency AI Techniques

Qiang et al.7 LexMTurk, BenchLS,
NNSeval

× ◦ ◦ LSBert

Alva-Manchego et al.17 ASSET × ◦ × None
Kang et al.18 NewsQA, emrQA × ◦ × Neural Mask Generator
Ferrés et al.20 aligned sentence pairs

between English Wikipedia
and Simple English
Wikipedia

× ◦ ◦ GATE/ANNIE analysis
pipeline

Sun et al.21 BenchLS, LexMTurk × ◦ × SimpleBART
Dehghan et al.22 Newsela, ASSET, CWIG3G2 × ◦ × GRS model
Maqsood et al.24 Newsela corpus ◦ ◦ × GPT-2
English Vocabulary Profile26 BBC News ◦ ◦ × Context-aware

Part-Of-Speech
(C-POS)

ALBS LexMTurk, BenchLS,
NNSeval

◦ ◦ ◦ L-BERT, WordNet

Let level(w) be a function that returns the level of word w. Let rM,j denote the ratio of level Lj for all the words
wM,j ∈ DM . Let WM,j = {wM,j| level (wM,j) ∈ Lj}. The value of rM,j can be calculated by

rM,j =
|WM,j|
|DM|

(1)

Similarly, let DUser = {ŵ1, ŵ2,… , ŵm} denote all the words in the document DUser. Let ruser,j denote the ratio of
level Lj for all the words ŵj ∈ DUser. Let Wuser,j = {ŵj| level (ŵj) ∈ Lj}. The value of ruser,j can be calculated by

ruser,j =
|Wuser,j|
| DUser| (2)

Let 𝛿M,user,j denote the similarity ratio between the revised document DM and user’s reference DUser at each CEFR level
Lj. The value of 𝛿M,user,j can be calculated by Exp. (3).

𝛿M,user,j =
min(rM,j, ruser,j)
max(rM,j, ruser,j)

, 0 ≤ 𝛿M,user,j ≤ 1 (3)

where rM,j and ruser,j denote the proportions of vocabulary words at level Lj in the revised document and the user’s reading
history, respectively.

Let 𝛿M,user denote the total difference between document DM and DUser, in terms of all levels. The value of 𝛿M,user can
be calculated by Exp. (4).

𝛿M,user =
∑6

j=1 𝛿M,user,j

6
(4)

Let M denote all possible mechanisms that can revise the document Di ∈ D. Given a set of document D =
{D1,… , D|D|}, this paper aims to develop the best mechanism, say Mbest, which modifies some document Di ∈ D and
generates another document DMbest for the target user. The goal of this paper is to minimize the distance between DMbest and
DUser. That is, the modified document Mbest is the most suitable one for user’s reading. The following formally presents
the objective of this paper.

Objective: Develop the best mechanism Mbest for satisfying the following condition.

DMbest = arg min
M∈M,Di∈D

(𝛿M,user) (5)
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Table 2. Symbol and notation table.

Notation Definition

D = {D1,… , D|D|}} Set of candidate documents
Di = {wi,1, wi, 2,… , wi,n} The ith document which consists of n words
Di,M = {wM,1, wM, 2,… , wM,n̂} The set of n̂ words in Di,M which is the ith document modified by mechanism M
level(w) Function that returns the CEFR level of word w
rM,j Ratio of level Lj for all the words wM,j ∈ DM
DUser = {ŵ1, ŵ2,… , ŵm} The set of all the words in the document DUser

𝛿M,user,j Distance between document DM and DUser in terms of the ratio of level Lj
DMbest The document, which use best mechanism Mbest

𝜌w, Di
Whether the word w is used on the i-th page out of the total |D| web pages Di ∈ D

fw, D Number of documents where word w is used
Φfrequent The set of words that are commonly used
Ssample The initial set of the collected sample sentences
li, j Label of word ŵi, j
Ŝi = {ŵi, 1, ŵi,2,… , ŵi,|Ŝi|} The i-th sentence in Ŝ

SUser
i The i-th sentence in the document read by the user

WUser
i, j The j-th word in the ith sentence from DUser

AUser
k Total number of words that appear in level k

STarget
i The i-th sentence in the target document DTarget

LTarget
i,j The corresponding level of the j-th word in the i-th sentence of the target document

AUser , ATarget The distributions of the vocabulary level for the user and the target document, respectively
RUser = {rUser

0 ,… , rUser
6 } The rates of the number of words from level 0 to 6 for the user

RTarget = {rTarget
0 ,… , rTarget

6 } The rates of the number of words from level 0 to 6 for the target document

RDiff = {rDiff
0 ,… , rDiff

6 } Rate differences of RUser and RTarget

𝜇 The threshold of the user’s level
h Level of user
𝜋(wTarget

i,j ) Whether the word wTarget
i,j that goes beyond the user’s level will be replaced

Sw Total score of w with three weighted criteria
Wfluency , Wsemantics, Wlevel Three weighted criteria

Table 2 provides a summary of the symbols and notations used throughout this paper.

4 The proposed ALBS mechanism
The goal of this paper is to modify a book, such as classic literature, to be more suitable for the user’s current level of
reading proficiency. One main task is to identify the user’s vocabulary level and the distribution of the vocabulary levels in
each candidate book. In this task, the words in the text that are beyond the user’s comprehension level can then be detected
based on the user’s word level. The second task is to replace the words that are beyond the user’s comprehension with new
words at the user’s current level, and the semantics of the words in the new sentence remain. To accomplish these tasks,
the overall architecture of the proposed ALBS mechanism is illustrated in Figure 1. It comprises three main phases. The
first phase, BERT Model Training, aims to train a customized BERT model capable of identifying the difficulty level of
each word in a sentence. The second phase, Word-Level Identification, analyzes the vocabulary-level distributions of both
the learner and the candidate book to determine which words exceed the learner’s proficiency level and should therefore
be replaced. The third phase, Word Replacement, selects the most appropriate alternative words through a multi-criteria
evaluation mechanism that jointly considers fluency, semantic preservation, and vocabulary level suitability.

4.1 The BERT model training phase
This phase aims to train the BERT model so that it can identify the word level for any input sentence. Then each sentence
from the learner’s reading material and the recommended text can be taken as the input of the trained BERT in the later
phase. Three tasks would be conducted to achieve this goal: (1) constructing of word bank with standardized levels, (2)
generating a large amount of training data, (3) setting up and training the BERT model.
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Figure 1. The overall architecture of the proposed ALBS mechanism.

The first task aims to construct a word bank where each word is labeled with a proficiency level. A zero-level word list
with the most common words, such as “a” or “the,” would first be generated. This is a list of words that can be excluded
in the later phase. Next, the training data augmentation task is carried out: a plethora of sentences in all types of sentence
structures are generated at this stage to be the training data for the BERT model later. Since the sentences are generated
by our algorithm, the level of each word in the sentence is automatically labeled by our algorithm. Third, the BERT model
is set up. The maximum number of words would be calculated to limit the number of words in the sentence as the input
data. Finally, the training of the BERT model begins: the input training data generated from the previous stage are fed to
the BERT model, and the output data indicate the specific levels of the words used in the sentence from the input training
data.

4.1.1 Construction of word bank with standardized levels. In this task, a labeled word bank will be constructed as the stan-
dard for training the BERT model. Each word in the bank will has a label ranging from 0 to 6, indicating its proficiency
level accordingly. Herein, it is noticed that the well-known CEFR has provided a comprehensive list of words with corre-
sponding levels. English Profile Vocabulary Profile Online – American English by the Cambridge University Press26 has
been referred to as the standard word bank where the level of each word is specified by CEFR. This work will label the
word bank according to the standard levels defined by CEFR. Let ΦCEFR denote the set of words included by CEFR.

In addition to the six levels defined by CEFR, the commonly used words should be categorized as a separate level.
Since these words are commonly used. There is no need to replace these words because it is not difficult for the learner
to understand these words. In this study, these commonly used words would be categorized as level 0 among all the six
CEFR levels, and these words would not be adjusted in the later phase.

To create a word list with commonly used words in level 0, firstly, let D = {D1, D2, D3, … , D|D|} denote a set of |D|
web pages online. Let Boolean variable 𝜌w, Di

denote whether the word w is used on the i th page out of the total |D| web
pages Di ∈ D. Exp. (6) formally defines the notation 𝜌w, Di

.

𝜌w, Di
=
{

1, w ∈ Di
0, otherwise (6)

Let fw, D denote the number of documents where word w is used. The value of fw, D can be derived as follows:

fw, D =
∑

Di∈ D
𝜌w, Di

(7)

When the total number of the web pages with the words fw, D exceeds a certain threshold fth , the word would be
considered commonly used and labeled as the 0 level.
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Let Φ frequent denote a list of the total commonly used words. The new word that is found to be commonly used would
be collected as shown in the following rule:

Φfrequent =
{
Φfrequent ∪ {w}, fw, D ≥ fth
Φfrequent , otherwise (8)

Let Ffrequent(w) denote the function that returns the level of the word w ∈ Φfrequent. Let Φ denote the word bank
constructed in this task. We have

Φ = ΦCEFR + Φfrequent (9)

4.1.2 The training data augmentation task. In general, the BERT model requires a large amount of training data to achieve
the desired learning capability. Therefore, in this task, a small number of sentences and their labels would be prepared.
Each prepared sentence is an English sentence, and its label is the difficulty level of each word in the input sentence. Based
on the prepared sentences, this task will further generate a large BERT training dataset and labels.

First, a set of several sentences with diverse syntactic structures is chosen as the initial sample dataset. These sentences
are either collected from existing sources or randomly generated to ensure variability. Let Ssample denote the initial set of
the collected sample sentences. That is,

Ssample = {S1, S2, … , S|Ssample|} (10)

Let Si denote the i th sentence of Ssample. Each Si can be represented in Exp. (11).

Si = {wi, 1, wi,2, … , wi,|Si|} (11)

Assume wi,j denotes the j th word of Si. Let Wi, j denote the set of all possible synonyms of wi, j. Let Ŝi, j→w denote the
new sentence with the j th word replaced by another candidate word w Let Ŝi, j denote the set of the generated sentences
by replacing wi, j with all possible w ∈ Wi, j. That is,

Ŝi, j =
⋃

w ∈ Wi, j

Ŝi, j→w (12)

Let Ŝi denote the set of all generated sentences by replacing all possible of wi, j ∈ Si with its synonyms w ∈ Wi, j. That
is,

Ŝi =
⋃

wi, j∈Si

Ŝi, j (13)

Let Ŝ denote all the generated sentences from Ssample. That is,

Ŝ =
⋃

Si∈Ssample

Ŝi (14)

Till now, a set of training sentences Ŝ has been generated. The next goal is to label the words in each sentence according
to the word bank Φ as constructed in the first phase.

Consider a sentence Ŝi ∈ Ŝ. Let Ŝi = {ŵi, 1, ŵi,2,… , ŵi,|Ŝi|}. The goal is to label each ŵi, j ∈ Ŝi with its corresponding
level.

Let li, j denote the label of word ŵi, j. Exp. (15) determines the value of li, j.

li,j =
{

0, if ŵi, j ∈ Φfrequent
FCEFR(ŵi, j), if ŵi, j ∈ ΦCEFR

(15)

where FCEFR(ŵi, j) denotes a mapping function that returns the CEFR level of the word ŵi, j.



Yang and Chang 9

4.1.3 The L-BERT model construction and training. This phase aims to construct a BERT model, called Level-BERT (or
L-BERT in short), which takes a sentence as its input and predicts the level of each word in the sentence. The BERT con-
stitutes a self-supervised approach designed to pre-train a profound transformer encoder, leveraging an extensive collection
of unlabeled textual data in the input layer, and then labeling the data as what is set to be fine-tuned as the downstream
task in the output layer.

Let Ŝi = {ŵi, 1, ŵi,2,… , ŵi,|Ŝi|} be a sentence in Ŝ. Recall that we have labeled each word ŵi, j ∈ Ŝi with the label li,j.
One thing worth noticing during the training of the BERT model is that there is a maximum length of input tokens. Let
len(Ŝi) denote the length of sentence Ŝi. Let lenmax denote the maximum length of all sentences in word bank Φ. That is,

lenmax = max
Ŝi∈Ŝ

len(Ŝi) (16)

Assume that the maximum input length of the L-BERT will be lenmax. Since L-BERT model is designed to predict
the level of each input word, the number of output tokens corresponds directly to the number of input tokens. Therefore,
for an input of length lenmax, the model produces lenmax output tokens. This design clearly illustrates the one-to-one
correspondence between the input and output in L-BERT.

Next, we aim to train the BERT model. Let S̃i = (w̃i,1, w̃i,2,… , w̃i,lenmax
) denote an input sentence obtained from Ŝi ∈ Ŝ

by padding some null values at end. That is,

w̃i,j =
{

ŵi,j,, if j ≤ len(Ŝi)
null, otherwise

(17)

Let li = (li,1, li,2,… , li,lenmax
) be the label of the input sentence. In the training process, each sentence Ŝi will be

transformed into S̃i ∈ Ŝ and then treated as the input of the L-BERT model. In the output layer, li,j represents the true
corresponding level of the j th word from the i th sentence S̃i from the input layer, represented as a value ranging from 0
to 6. Let ŷi = (ŷi,1, ŷi,2,… , ŷi, lenmax

) denote the predicted level obtained from the model’s output for j th word from the i
th sentence S̃i in the input layer. At the model training stage, the categorical cross-entropy function is implemented as the
loss function, whose formula is given by:

Lli, ŷi = −
len(Ŝi)∑

j=1

li,j ln ŷi,j (18)

When the predicted probability of the correct level is high, the loss approaches zero, indicating a good prediction. That
is, a better prediction ensues when the loss of the candidate is lower. Conversely, as the predicted level deviates from the
true distribution, the loss increases, penalizing incorrect predictions.

4.2 The word-level identification phase
This phase aims to analyze the distribution of the vocabulary level from both learners and the recommended text. Two
tasks would be carried out to achieve this goal: (1) mapping the distribution of the vocabulary level for the user using
L-BERT, and (2) mapping the distribution of the vocabulary level for the target document using BERT. The following
presents the details of this phase.

4.2.1 The distribution of vocabulary level for the learner. First, the trained L-BERT will be used to map out the distribution
of the learner’s level of vocabulary and the learner’s vocabulary proficiency level would then be identified.

Let DUser denote a document read by the user, and SUser
i denote the i th sentence in the document read by the user. All

the sentences in DUser can be represented as:

DUser = {SUser
1 , SUser

2 , SUser
3 , … , SUser

|DUser|} (19)

Let WUser
i, j denote the j th word in the i th sentence from DUser. All the words in sentence SUser

i can be represented as:

SUser
i = (WUser

i, 1 , WUser
i, 2 , WUser

i, 3 , … , WUser
i, |SUser

i |) (20)
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Use SUser
i as an input sentence to the L-BERT model. Let LUser

i = (lUser
i, 1 , lUser

i, 2 , lUser
i, 3 , … , lUser

i, |SUser
i |) be the corresponding

output of L-BERT, where lUser
i, j denote the level of WUser

i, j . Let fcount LUser
i , k denote the count of k appearing in LUser

i , where
k denotes a certain level. For example, fcount LUser

i , 3 returns the number of words in SUser
i that are in Level 3.

Let AUser
k denote the total number of words that appear in level k. Let AUser ={ AUser

0 ,… , AUser
6 } be the set of AUser

k for
0 ≤ k ≤ 6. When SUser

i feed into the L-BERT model and the output LUser
i has been obtained, the value of AUser

k might be
changed. For each level k which is appeared in LUser

i , the total count of words in level k has been changed. Therefore, the
value of AUser

k should be changed by applying Exp. (21):

AUser
k = AUser

k + fcount LUser
i , k, 0 ≤ k ≤ 6. (21)

After all the sentences have been fed to the L-BERT model, the seven variables AUser
0 ,… , AUser

6 have stored the total
counts of levels 0, . . . , 6, respectively. That is,

AUser
k =

|DUser|∑
i=1

fcount LUser
i , k, for 0 ≤ k ≤ 6. (22)

4.2.2 The distribution of vocabulary level for the recommended text. This step aims to map out the distribution of the
vocabulary level for the recommended text. Let DTarget denote a target document aiming to recommend to the user, and
STarget

i denote the i th sentence in the target document. All the sentences in DTarget can be represented as:

DTarget = {STarget
1 , STarget

2 , STarget
3 , … , STarget

|DTarget|} (23)

Each SUser
i ∈ DTarget will be taken as an input sentence to the L-BERT model. Let LTarget

i be the corresponding output
of L-BERT. Let ATarget

k denote the total number of words that appear in level k. Let ATarget = {ATarget
0 ,… , ATarget

6 } be the set
of ATarget

k for 0 ≤ k ≤ 6. Similar to the calculation of AUser
k , the ATarget

k can be calculated by applying Exp. (24):

ATarget
k = ATarget

k + fcount LTarget
i , k, 0 ≤ k ≤ 6. (24)

After all the sentences STarget
1 ∈ DTarget have been fed to the L-BERT model, the seven variables ATarget

0 ,… , ATarget
6 have

stored the total counts of levels 0,. . . ,6, respectively. That is,

ATarget
k =

∑|DTarget|
i=1

fcount LTarget
i , k, for 0 ≤ k ≤ 6. (25)

Till now, the two sets
AUser = {AUser

0 ,… , AUser
6 } and

ATarget = {ATarget
0 ,… , ATarget

6 } (26)

are the distributions of the vocabulary level for the user and the target document, respectively. Let RUser = {rUser
0 ,… , rUser

6 }
denote the rates of the number of words from level 0 to 6 for the user. That is,

rUser
i =

AUser
i∑6

k=0 AUser
k

, for 0 ≤ i ≤ 6 (27)

Similarly, let RTarget ={ rTarget
0 ,… , rTarget

6 } denote t the rates of the number of words from level 0 to 6 for the target
document. That is,

rTarget
i =

ATarget
i∑6

k=0 ATarget
k

, for 0 ≤ i ≤ 6 (28)

Let RDiff = {rDiff
0 ,… , rDiff

6 } denote the rate differences of RUser and RTarget, where

rDiff
i = rTarget

i − rUser
i (29)
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The next step is to identify the specific level of the user. Let 𝜇 be the threshold of the user’s level. The user is identified
as level h if h satisfies the following criterion:

h = min
0≤j≤6

(∑j
i=0 AUser

i∑6
i=0 AUser

i

)
≥ 𝜇 (30)

Currently, the word level distributions of the user and target document have been obtained by AUser and ATarget, respec-
tively. In addition, the specific word level of the user has been identified as level h while the word distribution difference
between AUser and ATarget is RDiff . The remaining work is to tweak the vocabulary distribution of the target document such
that the semantics of the target document can remain while the word distribution of the target document can be the closest
to the word distribution of the user.

4.3 The word replacement phase
The third phase aims to modify the words used in the target document so that it is tailored to the comprehension level
of the user. Two major decisions are involved in helping the user whose first language is not English to comprehend the
target document – the authentic text originally written for native users. The first thing to consider is whether to adjust the
level of certain words in each sentence of the target document to be closer to the user’s level of words. A list of potential
candidate words would then be recommended once certain words in each sentence of the target document are slated for
modification. Next, this study uses three criteria to select the most suitable word from the list to replace the target word.
The goal is to help the user read the target document with words modified based on the user’s current comprehension level.

4.3.1 Deciding which words need to be replaced. To decide which words in each sentence of the target document need to be
replaced, we first need to know the level of words through the trained L-BERT model. Let STarget

i denote the i th sentence
in the target document DTarget, and the words in STarget

i are represented as follows:

STarget
i = {wTarget

i,1 , wTarget
i,2 , wTarget

i,3 , … , wTarget

i,|STarget
i |

} (31)

Initially, sentence STarget
i is fed into the trained L-BERT model in the input layer, and the corresponding level of each

word in STarget
i will be identified respectively in the output layer, represented as follows:

LTarget
i = {lTarget

i,1 , lTarget
i,2 , lTarget

i,3 , … , lTarget

i,|LTarget
i |

} (32)

When lTarget
i,j , the corresponding level of the j th word in the i th sentence of the target document, is beyond the

user’s level h, the word, represented as wTarget
i,j , may be opted for modification. However, not every word that exceeds the

user’s level h will be modified. According to Krashen,27 language learners acquire a foreign language more effectively
while being given input that is slightly difficult but still understandable. This is to ensure their comprehension while
simultaneously challenging them to progress. Therefore, the modified article’s distribution of word levels is intended to
be slightly above the distribution of word levels in the article the user reads. In the original article that the user reads, there
was already a certain proportion of words distributed beyond their word level. When modifying the target article’s words,
it is also desired to maintain a similar distribution of word levels as the artile the user reads. Therefore, certain word(s)
is/are selected to be modified under the condition brought by a Boolean variable and a random number generator. Let
Boolean variable 𝜋(wTarget

i,j ) denote whether the word wTarget
i,j that goes beyond the user’s level will be replaced. Exp. (33)

formally defines the notation of 𝜋(wTarget
i,j ):

𝜋(wTarget
i,j ) =

{
1, rand ( ) ≤ rDiff

lTarget
i,j

0, otherwise
(33)

When the random number with a predefined range from 0 to 1 is smaller or equivalent to rDiff

lTarget
i,j

, the percentage of

the difference between the level of the target document and the user, wTarget
i,j will be modified by another word more
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appropriate to the user’s comprehension level. In other words, the word modification process will be activated when the
value of 𝜋(wTarget

i,j ) equals one.

4.3.2 Deciding the most suitable candidate word. Consider that the condition 𝜋(wTarget
i,j ) = 1 holds. This indicates that

wTarget
i,j in STarget

i is slated for modification, 1 ≤ j ≤ |STarget
i |. This step aims to decide the most suitable candidate word. To

achieve this, the STarget
i with a masked wTarget

i,j token is then fed to a LS-BERT model7 that can provide a list of candidate
words for the masked token in the output layer. Let WCandidate denote the candidate words generated in the output layer
to the masked token of wTarget

i,j in STarget
i in the input layer. This study gauges which one is the most suitable word from

WCandidate to replace wTarget
i,j based on three criteria: (1) fluency, (2) semantics, and (3) level.

To select the best word from a list of candidate words for replacement, this study evaluates every candidate word with
three criteria and the word that scores the highest would be the best fit to replace the original word wTarget

i,j . Let w denote
each one of the candidate words WCandidate. Let Sw represent the total score of w with three weighted criteria:

Sw = Wfluency ⋅ 𝝀fluency + Wsemantics ⋅ 𝝀semantics + Wlevel ⋅ 𝝀level, (34)

where Wfluency + Wsemantics + Wlevel = 1. The scoring of each criterion is explained in the following.

(1) Fluency

It is important to consider the context around wTarget
i,j when evaluating how well w from WCandidate fits in the input sen-

tence STarget
i , for 1 ≤ i ≤ |̂S|, 1 ≤ j ≤ |STarget

i |. This study implements BERT proposed by Qiang et al.7 to examine the
context around w, since BERT is considered non-autoregressive for predicting all positions in the input sequence simulta-
neously, capturing both left and right contexts. According to Qiang et al.,7 a symmetric window of size g is implemented
to define the context around wTarget

i,j in the input sentence. Let STarget
i = wTarget

i, −g ,… , wTarget
i, −1 , wTarget

i,0 , wTarget
i,1 ,… , wTarget

i,g , denote

the context of wTarget
i,j , which is firstly replaced by w from WCandidate. Each word wTarget

i,j of STarget
i is masked and fed into

BERT to evaluate the cross-entropy loss of the masked word via the following:

loss(wTarget
i,j ) = −

∑
w∈ WCandidate

h{w = wTarget
i,j } × log pBERT(WCandidate

i = wTarget
i,j |STarget

i ∖wTarget
i,j ) (35)

where w is the set of candidate words WCandidate
i , h() is the indicator function, and pBERT is the BERT prediction

distribution (based on STarget
i excluding wTarget

i,j ). And the language loss of STarget
i is the average loss of all words.

loss(STarget
i ) = 1

2g + 1

∑i=g

i=−g
loss(wTarget

i,j ) (36)

The value of loss(STarget
i ) indicates the ranking of all candidate words. The lower the loss value, the better the ranking

of the candidate word. To make the value of the loss proportional to the ranking, the fraction of the loss(STarget
i ) is inverted

to evaluate the fluency of w as follows:

𝝀fluency(w) = 1

loss(STarget
i )

(37)

To normalize the value of 𝝀fluency(w), the 𝝀fluency(w) can be measured by the following Exp. (38).

𝝀fluency(w) = 𝝀fluency(w)∕
∑|WCandidate|

i=1

1

loss(STarget
i )

(38)

The value of 𝝀fluecny(w) reveals which w is the best fit around the left and right contexts of wTarget
i,j . As a result, each

candidate w ∈ WCandidate has a score, indicating how well wTarget
i,j is replaced by w, in terms of fluency.

(2) Semantics
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This metric is designed to capture the semantic similarity of a candidate word w for replacement, ensuring that the
selected word w preserves the original meaning of the sentence. One common approach to assess word meaning is through
WordNet, a lexical database that encodes semantic relationships between words. The number of hops between two words
reflects their semantics distance. Let hop(w, wTarget

i,j ) denote the distance between w and wTarget
i,j . The semantic similarity

score can be calculated as:

𝝀semantics(w) =
1

hop(w, wTarget
i,j )

(39)

where 𝝀semantics(w) indicates that w is the closer in meaning to wTarget
i,j , helping to select the most semantically appropriate

replacement.

(3) Level

Assume that the user’s current level is h, and the level beyond h is represented as q. When wTarget
i,j is chosen to be

modified, the matric ‘Level’ considers which level of w from WCandidate would be the most suitable for the user’s level h.
Let RDiff denote the percentage of difference between RUser and RTarget, and it can be represented as previously mentioned:

RDiff = {rDiff
0 , rDiff

1 , rDiff
2 , rDiff

3 ,… , rDiff
6 } (40)

If the level of w is q, w can be scored as follows:

𝜆level =
rDiff

q
∑h

i=0 rDiff
i

(41)

The values of both rDiff
i and rDiff

q are two negative numbers. The value of rDiff
q indicates the percentage of words that

wTarget
i,j needs to be replaced by w. This way, the user can better understand the adjusted target document with words that

are more familiar to them. The value of 𝜆level indicates whether the level of w matches the user’s level of comprehension.
Finally, the best w that can replace wTarget

i,j can be represented as follows:

WBest = arg max
w ∈ WCandidate

Sw (42)

where Sw = Wfluency ⋅ 𝝀fluency + Wsemantics ⋅ 𝝀semantics + Wlevel ⋅ 𝝀level, and Wfluency + Wsemantics + Wlevel = 1.

4.4 The computational overhead of the proposed ALBS
The computational overhead of the proposed ALBS mainly arises from its three functional stages: L-BERT training,
word-level identification, and word replacement.

4.4.1 L-BERT training phase. Let N be the number of training sentences and L denote the average number of tokens per
sentence. As BERT’s self-attention has a complexity of O( L2 ⋅ d), where d denotes the hidden dimension, the overall
training complexity can be expressed as:

O(E ⋅ N ⋅ L2 ⋅ d)
where E denotes the number of epochs. This phase is performed offline once and does not affect the real-time performance
of ALBS during deployment.

4.4.2 Word-Level identification phase. For a document containing n words, the trained L-BERT model performs a forward
pass to predict the proficiency level of each token, resulting in an inference cost of O( n ⋅ L ⋅ d). The process is fully
parallelizable, and inference on modern GPUs achieves efficient throughput.

4.4.3 Word replacement phase. Suppose there are r words (r ≪ n) exceed the learner’s vocabulary level and require
substitution. For each target word, LS-BERT generates k candidate substitutes, each evaluated by three independent
criteria:
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Fluency via contextual cross-entropy loss in a symmetric window of size g: O(k ⋅ g2). Semantics via WordNet distance
calculation: O(k). Level alignment via CEFR-level lookup: O(1). The total complexity for this phase can be summarized
as:

O(r ⋅ (k ⋅ g2 + k)) ≈ O(r ⋅ k ⋅ g2)

4.4.4 Overall efficiency. Combining the above, the overall computational cost of ALBS is:

O(E ⋅ N ⋅ L2 ⋅ d) + O( n ⋅ L ⋅ d) + O(r ⋅ k ⋅ g2)

The first term represents offline model training, and the second term corresponds to the online adaptation phase. Since
r ≪ n and both r and g are small constants, the online complexity grows linearly with the document length.

5 Performance evaluation
This section evaluates the performance improvement of the proposed ALBS against the existing methods, including
Devlin,28 Yamamoto,29 Biran,30 Horn,31 Glavaš,32 Paetzold-CA,33 PaetzoldNE,34 REC-LS35 and LSBert.7

Devlin28 extracted synonyms of complex words from WordNet, while Yamamoto29 adapted the English language using
the Merriam Dictionary to extract definitions of complex words. Biran30 and Horn31 performed substitute generation
through parallel corpora English Wikipedia and Simple English Wikipedia. Glavaš32 relied on typical word embed-
dings for substitute generation. Paetzold-CA33 performed substitute generation with context-aware word embeddings,
and PaetzoldNE34 employed parallel corpora and context-aware word embeddings for this task. REC-LS35 employed typ-
ical word embeddings and linguistic databases for substitute generation. The LSBert7 utilized a sequence labeling method
to identify complex words and generate suitable substitutes using BERT. However, these approaches lacked a standardized
specification for word levels and overlooked the vocabulary abilities and distribution of learners. They simply replaced all
words with simpler vocabulary which was far from the goal of adaptive learning.

The proposed ALBS employs the BERT model to identify the level of the vocabulary words within a sentence of the
text. Subsequently, it identifies the distribution of word levels in both the learner’s vocabulary and the candidate book. The
words that are beyond the learner’s comprehension would be the target words that would be replaced later. Finally, it finds
the most appropriate words to replace these words and maintain the original meaning of the book. The following gives the
datasets and results.

5.1 Datasets
This paper employs three widely used lexical simplification datasets, including LexMTurk,36 BenchLS,37 and NNSeval.38

These datasets contain instances composed of a sentence, a target complex word, and a set of suitable substitutes provided
and ranked by humans for their simplicity.

5.2 Simulation results
Figure 2 illustrates the correlation between level of words and the number of replaced words in different book categories.
Assuming a user has a level four vocabulary ability. This experiment primarily focuses on many different types of books,
including mystery, self-help and personal development, science and nature, business and economics, classic novels, fiction,
arts and poetry. The colors in the graph represent different types of books, and the size of the circles indicates the number
of words at each level after adjustment. The subsequent experiments are all conducted in such an environment.

Figures 3(a) and (b) compare the words’ distribution of a learner, before and after words replacement as well as replace-
ment in single book and multiple books, respectively. The level of words varies ranging from 0 to 6. As shown in Figure 3,
the blue line represents the distributions of learner’s word level. The orange and green lines represent the distribution of
vocabulary levels before and after adjustment, respectively. The gray line indicates the number of words originally in levels
5 and 6 that are adjusted to other levels. It is observed that the distributions of replacement words align with the learner’s
level. The reason is that the proposed ALBS initially analyzes the distribution of word levels from both learners and the
recommended book. Subsequently, it utilizes three criteria to select the most suitable replacement word from the list. This
selection process ensures that the chosen replacement word is closed to the learner’s level of vocabulary. The proposed
ALBS contributes to the effective integration of replacement words, promoting a more beneficial learning experience for
the learner.

Furthermore, Figure 4 compares the word distributions before and after replacement of three books. The level of words
varies ranging from 0 to 6. It is observed that the distribution of words after replacement is closer to the learner’s level,



Yang and Chang 15

Figure 2. The correlation between level of words and the number of replaced words in different book categories.

Figure 3. Distribution of words adjustment by the proposed ALBS. (a) Single book and (b) multiple books.

aiming to enhance the learning effectiveness. The reason is that the proposed ALBS analyzes the distribution of words in
different books and selects the replacement words based on the learner’s level.

Table 3 compares the proposed ALBS against the other mechanisms, including Devlin, Yamamoto, Biran, Horn, Glavaš,
Paetzold-CA, Paetzold-NE, REC-LS, LSBert and LSLlama39 with LexMTurk, BenchLS and NNSeval datasets, in terms
of precision (PR) and accuracy (ACC). The calculation methods for PR and ACC are the same as the ones proposed by
the paper.7 The experimental results of Devlin, Yamamoto, Biran, Horn, Glavaš, Paetzold-CA, Paetzold-NE, REC-LS and
LSBert are from the paper.7 It is observed that the proposed ALBS exhibits the highest PR and ACC on three datasets.
This occurs because the proposed ALBS considers fluency, semantics, and level to select the most suitable word from a
list of candidate words for replacement. In this study, each candidate word is scored based on three criteria, and the word
with the highest scores is considered the best fit to replace the original word.

Figure 5 presents a parameter sensivity analysis to examine the impact of the weighted factors Wfluency, Wsemantics and
Wlevel on relpacement accuracy of the proposed ALBS mechanism. Recall that Wlevel is calculated as Wlevel = 1−Wfluency−
Wsemantics, reflecting the relative importance assigned to vocabulary-level adaptation.

As shown in Figure 5, accuracy is represented on the vertical (z) axis, while Wfluency and Wsemantics are varied along
the horizontal axes from 0.1 to 0.9. The coloring scheme also encodes accuracy to aid visual interpretation. The accu-
racy seems to follow an increasing trend with the increasing of Wfluency and Wsemantics. This suggests that fluency and
semantics contributes to improved accuracy when choosing replacement words. However, this upward trend plateaus and
slightly decreases beyond a certain threshold, suggesting that the contribution of Wlevel is also crucial for maintaining
balanced performance. These findings demonstrate that the proposed model is not overly sensitive to parameter selection
and achieves optimal performance when Wfluency = 0.3, Wsemantics = 0.3 and Wlevel = 0.4.
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Figure 4. Distribution of words between before and after replacement.

Table 3. The evaluation results using precision (PR) and accuracy (ACC) on three datasets.

LexMTurk BenchLS NNSeval

PR ACC PR ACC PR ACC

Yamamoto 0.066 0.066 0.044 0.041 0.444 0.025
Brian 0.714 0.034 0.124 0.123 0.121 0.121
Devlin 0.368 0.366 0.309 0.307 0.335 0.117
PaetzoldCA 0.578 0.396 0.423 0.423 0.297 0.297
Horn 0.761 0.663 0.546 0.341 0.364 0.172
Glavaš 0.71 0.682 0.48 0.252 0.456 0.197
PaetzoldNE 0.676 0.676 0.642 0.434 0.544 0.335
REC-LS 0.786 0.256 0.734 0.335 0.665 0.218
LSBert 0.864 0.792 0.697 0.616 0.526 0.436
LSLlama 0.806 0.644 0.702 0.646 0.49 0.4686
Proposed ALBS 0.865 0.815 0.7 0.658 0.54 0.474

Figure 5. Parameter sensitivity analysis.

Figure 6 further compares the proposed ALBS against the mechanism that only considers fluency, semantics, and level
in terms of accuracy with top-k value. The k value of top-k ranges from 1 to 5. It is observed that, the accuracy appears to
follow an increasing trend with value k. This occurs because the number of candidate words increases with the value of
k. In general, the proposed ALBS exhibits the highest accuracy in all cases. This also indicates that the factors, including
fluency, semantics, and level are important and can impact accuracy. The reason is that integration of factors including
fluency, semantics and level can obtain the most appropriate word from candidate words.

The proposed ALBS mainly considers semantic meaning, syntactic fluency, and CEFR level when replacing the word
beyond the learner’s proficiency level with another word within the learner’s proficiency level. To examine the contribution
of ALBS in terms of level, fluency, and semantics, we conducted ablation experiments. We considered level, fluency,
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Figure 6. Accuracy of different methods.

Figure 7. The proposed ALBS comparing level, fluency, semantic in terms of (a) precision, (b) recall, and (c) F1-score.

Table 4. ALBS performance across different learner proficiency levels.

Dataset PR (Level 2) ACC (Level 2) PR (Level 4) ACC (Level 4)

LexMTurk 0.815 0.754 0.865 0.815
BenchLS 0.635 0.565 0.7 0.628
NNSeval 0.485 0.4 0.54 0.474

or semantic respectively, as well as a combination of all three. In Figure 7, ‘Level’ indicates ALBS without fluency
and semantic, ‘Fluency’ represents ALBS without level and semantic, and ‘Semantic’ signifies ALBS without level and
fluency. Figure 7 compares the ALBS with ‘Level’, ‘Fluency’ and ‘Semantic’ in terms of precision, recall, and F1-Score.
The k value of top-k varies from 1 to 5. It is observed that the precision, recall and F1-Score increase with the value of
k. This occurs because the number of potential words grows in proportion to the value of k. The proposed ALBS exhibits
the highest precision, recall and F1-Score in all cases. This indicates that the proposed ALBS has contributions to fluency,
semantics, and level.

To further validate the adaptability of the proposed ALBS, we conducted an additional experiment for a lower-level
learner (CEFR Level 2). The learner’s vocabulary distribution was estimated using the Level-BERT model, and ALBS
was applied to replace words beyond the learner’s proficiency while maintaining sentence fluency and semantic meaning.
The same datasets (LexMTurk, BenchLS, NNSeval) and evaluation metrics (Precision, Accuracy, F1-Score) were used
for comparison. Table 4 presents the performance of ALBS for Level 2 compared with the previously reported Level 4
results. As expected, the precision and accuracy are slightly lower for Level 2 learners due to their limited vocabulary.
Nevertheless, ALBS still outperforms baseline methods and effectively adjusts the text to the learner’s proficiency.

6 Conclusion
This paper proposed the ALBS mechanism, aiming to achieve adaptive learning for a language learner by replacing com-
plex vocabulary with words that align more closely with the learners’ lexical proficiency, ensuring the preservation of the
original text’s semantic meaning and sentence fluency. The proposed ALBS mainly consists of three phases: L-BERT,
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word-level identification, and word replacement. In the L-BERT phase, the proposed ALBS takes a sentence as its input
and predicts the level of each word in the sentence based on BERT. Then the word-level identification further analyzes the
distribution of the vocabulary level from both learners and the recommended book. Finally, the word replacement phase
integrates the three criteria, including fluency, semantics, and CEFR word level, aiming to select the most suitable word
from the list for replacing the target word. Experimental results indicate that the proposed ALBS outperforms existing
works in terms of precision, recall, and F1-score. Future work will extend the proposed ALBS from sentence-level vocab-
ulary simplification to full classic literature adaptation. This includes addressing both vocabulary difficulty and sentence
structure complexity, tailoring simplifications to learners’ proficiency levels. Such efforts will enable more comprehensive
evaluation of ALBS in realistic literary reading contexts. In addition, we plan to conduct user-centered studies, including
comprehension tests and learner feedback surveys, to assess the practical educational impact of ALBS. These evaluations
will provide insights into how adaptive simplification improves reading comprehension, engagement, and overall learning
outcomes.
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