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Abstract: To address the critical global demand from 1.3 billion English as a
Foreign Language learner for personalised reading materials, this study
develops a dual-channel regularised variational autoencoder. The model
systematically overcomes conventional limitations in readability control and
semantic coherence by establishing dynamic mappings between educational
linguistic features and latent space, designing a novel readability-driven
regularisation loss that integrates lexical complexity, syntactic simplification,
and discourse cohesion, and implementing curriculum learning for progressive
optimisation. Comprehensive evaluations on the Newsela benchmark corpus
demonstrate statistically significant improvements: 7.2% in BLEU-4, 32.8%
reduction in readability errors, and 20.6% enhancement in teacher-assessed
quality. This framework provides an efficient solution for adaptive learning
systems, advancing intelligent generation and scalable deployment of
educational resources with high practical utility.
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1 Introduction

The global scale of English as a Foreign Language (EFL) learners has exceeded the
1.3 billion mark, and the supply gap of personalised reading materials has become a core
obstacle restricting the development of language proficiency (Antoninis et al., 2023).
Traditional manual compilation of graded texts has structural defects such as long cycle
time, high cost, and narrow coverage, making it difficult to adapt to differentiated
learning scenarios. Although Transformer-based pre-trained models (e.g., BART, T5)
have made significant progress in generalised text generation tasks, their generated
results still face serious challenges in terms of readability control and semantic
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coherence. Krichene et al. (2021) empirically showed that up to 34.7% of sentences in
educational texts generated by existing models suffer from lexical complexity mismatch
or syntactic structure overload, resulting in cognitive overload for learners. This technical
limitation directly hinders the depth of application of Al in the process of universalising
educational resources.

Variational auto-encoders (VAESs) provide a theoretical framework for controlled text
generation through structured modelling of hidden spaces. Since the seminal work of
Kingma and Welling (2013), Sohn et al. (2015) have further extended the boundaries of
applicability of conditional VAEs for structured output prediction. However, when
migrated to the domain of educational text generation, the classical VAE architecture
exposes a trio of fundamental flaws: semantic collapse leading to the attenuation of
generated text diversity, broken associations between hidden variables and readability
metrics, and a lack of modelling of educational linguistic features (e.g., conceptual
recurrence rate, articulation coherence), which the semantic collapse refers to the
phenomenon of lack of diversity in the generated text due to the degradation of latent
variables in a variational self-encoder, which is manifested by a high degree of repetition
in the output or a significant decrease in information entropy. A quantitative analysis by
Bowman et al. (2016) in the journal Computational Linguistics confirms that latent
vectors in standard VAE-generated texts explain only 17.2% of the syntactic complexity
variance, far short of the educational application threshold. More seriously, the existing
models lack explicit constraint mechanisms for educational evaluation metrics such as
Flesch-Kincaid and Coh-Metrix, making it difficult to accurately match the Common
European Framework of Reference for Languages (CEFR) grading standards in the
generated texts (Vajjala and Meurers, 2013).

This study proposes a dual-channel regularised variational autoencoder (DC-RVAE),
which breaks through the technical bottleneck through a multimodal fusion mechanism.
The core innovation lies in constructing a dynamic mapping relationship between
educational linguistic features and the hidden space: first, designing a hierarchical
conditional injection module to encode the specialised annotations (Lexile index,
syntactic tree depth) of the Newsela dataset into the parameters of the hidden variables’ a
priori distributions; second, innovating the introduction of the readability regulariser

K
Ricad = Zwk - F (Xgen ), Which integrates the lexical frequency (e.g., the CEFR lexicon),
k=1
syntactic complexity (e.g., dependency path length) and discourse articulation (e.g.,
denotational density) in the loss function (Graesser et al., 2004); and finally, the
development of a course-learning-driven incremental training strategy that enables the
model to gradually transition from basic language pattern learning to complex semantic
generation. For the first time, the architecture achieves end-to-end optimisation of
readability metrics and the generation process, establishing a new technical paradigm for
educational text generation.

The core goal of this study is to establish a deep coupling mechanism between
educational linguistics theory and generative artificial intelligence. Distinguishing
ourselves from the traditional research paradigm of simply boosting BLEU or ROUGE
metrics, we focus on three dimensions of theoretical innovation: first, constructing a
falsifiable hidden-space-readability mapping hypothesis and proving the linear
divisibility of text complexity features in the latent space through variational reasoning
[see Methodology equation (3)]; and second, establishing a quantitative model of the
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cognitive load of educational text generation, which transforms learners’ working
memory limitations (e.g., Miller’s Law) into computable generative constraints
(Al-Thanyyan and Azmi, 2021); and third, proposing a semantic consistency criterion
across difficulty levels that ensures the core conceptual integrity of the same topic across
reading levels. These theoretical explorations not only promote the technological
evolution of controlled text generation, but also provide computational empirical support
for the Comprehensible Input Hypothesis in educational neuroscience (Krashen, 1982),
which lays the foundation for the development of a new generation of adaptive learning
systems.

2 Related work

2.1 Technical evolution of text generation models

The development of variational self-encoders in the field of text generation has gone
through three key stages: infrastructure exploration, conditional generation extension and
regularisation optimisation. For large datasets with continuous latent variables and
difficult posterior distributions, Kingma and Welling (2013) propose a scalable stochastic
variational inference and learning algorithm, which obtains estimators that can be
optimised by the standard stochastic gradient method by reparameterising the lower
bound of the variational variable, and fits approximate inference models to the difficult
posterior in order to improve the efficiency of the posterior inference, and its theoretical
advantages are experimentally validated, and its original VAE framework achieves the
first language generation in continuous hidden space. The theoretical advantages have
been experimentally verified, and the original VAE framework proposed by Sohn realises
the language modelling in continuous hidden space for the first time, but the text
generated by Sohn suffers from semantic ambiguity and syntactic repetition. To improve
controllability, Sohn et al. (2015) proposed a scalable deep conditional generation model
based on Gaussian latent variables for the lack of probabilistic inference in supervised
deep learning when dealing with structured output representations, which is efficiently
trained in a stochastic gradient variational Bayesian framework, supports fast stochastic
feed-forward inference, and also provides new strategies for building robust structured
prediction algorithms; experiments show that the algorithm generates diverse and realistic
outputs, is more efficient compared to deterministic deep neural networks, and the
proposed training method complements the architecture design to achieve excellent
pixel-level target segmentation and semantic annotation performance on relevant
datasets. In recent years, regularisation strategies have become the focus of optimisation:
the standard recurrent neural network language model (RNNLM) generates sentences
word-by-word and does not rely on an explicit global sentence representation.

Bowman et al. (2016) introduced and investigated a recurrent neural network-based
variational self-encoder generation model that incorporates distributed latent
representations of entire sentences; this decomposition makes it possible to explicitly
model overall sentence properties such as style, topic, and high-level syntactic features.
By sampling the prior distribution of these sentence representations, diverse and
well-structured sentences can be generated upon simple deterministic decoding.
Furthermore, by studying paths in this latent space, coherent new sentences can be
generated that interpolate between known sentences. Bowman et al. (2016) also proposed



English reading text generation based on optimised variational autoencoder 55

techniques for solving the complex learning problems faced by the model, demonstrated
their effectiveness in completing missing words, explored many interesting properties of
the model’s potential sentence space, and presented relevant negative results and
Bowman et al. (2016) used KL annealing to mitigate a posteriori collapse.

Li et al. (2020) proposed Optimus, the first large-scale linguistic variational
autoencoder (VAE) model, which, after pre-training and fine-tuning, is able to achieve
both guided language generation through latent vectors as in GPT-2, and, due to the
structural smoothness of the latent space, is able to perform well on low-resource The
generalisation ability of Optimus is better than that of BERT on language comprehension
tasks due to the smoothness of the underlying spatial structure. Experiments have proved
its effectiveness and reached a new level of the VAE language modelling benchmark,
which is expected to promote the attention and application of deep generative models in
the natural language processing community. Krichene et al. (2021) proposed a dual
Transformer model DoT, by shallow pruning Transformer to select the first K tokens,
deep task-specific Transformer to process these tokens, and modifying the task-specific
attention mechanism to incorporate the pruning scores, which, after joint training, in three
benchmark tests, was After joint training, the training and inference time is improved by
at least 50% at the cost of a slight decrease in accuracy, and the pruning Transformer is
able to efficiently select relevant tokens to keep the model at a similar accuracy as the
slower baseline model, while the pruning process and its impact on the task model is also
analysed. However, although the transformer architecture has excellent performance in
generic text generation (e.g., GPT series), the complexity regulation mechanism of the
generated results is still sloppy, and it is difficult to meet the needs of educational
grading.

2.2 Theory and practice of readability computing

Text readability assessment systems continue to evolve from traditional metrics to neural
models. the Flesch-Kincaid hierarchical formula (Flesch, 1948) and the Coh-Metrix
multidimensional analysis framework (Graesser et al., 2004) lay the foundation for a
quantitative approach based on surface features, with the former relying on linear
combinations of word and sentence lengths, and the latter integrating articulation ,
potential semantic analysis, and other 107 metrics. With the rise of deep learning, Lee
and Lee (2023) proposed a new approach to use pre-trained seq2seq models for
readability assessment, demonstrating that TS or BART models can be used to identify
text difficulty, and tested nine input/output formats/prefixes to find that they have a
significant effect on model performance. They also pointed out that the combination of
text-to-text training and pairwise sorting can utilise parallel data to teach readability and
improve cross-domain generalisation. It is also pointed out that combining text-to-text
training with pairwise sorting can teach readability and enhance cross-domain
generalisation by utilising parallel data, and finally, 99.6% and 98.7% pairwise sorting
accuracies are achieved on Newsela and OneStopEnglish, respectively, through the joint
training. However, the limitations of the existing studies are twofold: first, the evaluation
model is separated from the generative model, which leads to inconsistent optimisation
goals (Vajjala and Meurers, 2013); second, the metrics design is biased towards linguistic
features and ignores working memory limitation theories in cognitive science
(e.g., Miller’s 7+2 rule). Pengelley et al. (2025) provide an overview of cognitive load in
computerised and paper-based learning and assessment, introducing cognitive load theory
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(CLT) and emphasising its application to, for example, instructional design, which, while
not directly referring to the incorporation of a quantitative model of cognitive load into
the calculation of readability, contributes to the understanding of the relationship between
cognitive load and assessment of learning, and is a key to the generation of educational
texts Breakthrough point.

2.3 Academic applications of educational text datasets

High-quality datasets are the cornerstone of educational text generation research.
Newsela, as an authoritative corpus of graded texts (Xu et al., 2015), its core value lies in
the four-dimensional annotation system constructed by a professional linguistic team:
lexical complexity (CEFR word list coverage), syntactic simplicity (dependency tree
depth), discourse articulateness (density of denotative chains), and cognitive load index
(cross-sentence reasoning) demand). Wen and Yu (2025) investigated the linguistic
features of a corpus of 90 graded readers through Bieber’s multidimensional analysis and
latent category clustering analysis, and found that they could be categorised into
beginner, transitional, and advanced levels according to their level of complexity, which
suggests that the selection of extensive reading materials needs to take into account both
grammatical complexity and vocabulary, and that the linguistic features compiled by the
study are useful as references for teachers’ instruction. The empirical study confirms that
the lexical overlap rate of neighbouring difficulty-level texts in Newsela is 68.3 + 5.7%,
providing an ideal sample for hidden-space continuity learning. In contrast, the
test-oriented RACE dataset (Lai et al., 2017) lacks systematic hierarchical labelling
despite its larger size, and the encyclopedic SQuUAD (Rajpurkar et al., 2016) focuses on
factual consistency rather than readability control. It is worth noting that the trend of
building educational datasets has been expanding from generalisation to multimodality in
recent years, as Kelious et al. (2024) explored methods for automatic prediction of lexical
complexity in multilingual contexts with advanced natural language processing models,
investigated the application of transfer learning and data augmentation techniques to
supervised learning to demonstrate the potential of multilingual approaches, and also
evaluated different cueing strategies through the prediction potential of generative
large-scale language models is also assessed through different cueing strategies, and the
results show that generative models differ in prediction quality despite high correlation
scores, and that task-specific optimised models are still superior in terms of accuracy and
reliability.

3 Methodology

3.1 Newsela data hierarchical processing and feature engineering

This study builds a training corpus based on Newsela dataset v2.0 (Xu et al., 2015),
which contains 1,130 original news articles and their specialised simplified versions. The
quantitative mapping of Lexile grading metrics to CEFR (Common European Framework
of Reference for Languages) is first established:

CEFR, =| 0.0025x Lexile, 1.2 |(/ =1,...,6) (1)
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where Lexile; denotes the Lexile score of level 1 text (range 200-1600) and L-] is the
downward rounding function. For each text sample, we extracted three-dimensional
educational linguistic feature vectors:

e Lexical complexity was calculated by CEFR word list coverage:

1 N. vocab

4= H(Wi € Vo, ) 2)

N,

total j=1

where Nyocas is the total number of words, II()is the indicator function, and Vg, 1s

the target hierarchical word list; syntactic simplicity is measured by the average
dependency path length:

1 M
Vs = M Z maxpepaths(DepTreem) | p | (3)

m=l

where M is the total number of sentences and |p| denotes the dependency tree path
length (Petersen and Ostendorf, 2007).

e Discourse articulation is quantified through entity coherence references:

2
ngmzcos(ei,ej) (4)

ent i#j

where Nen¢ is the number of text entities and e; is the entity embedding vector, which
is initialised based on Glove’s 300-dimensional pre-trained word vectors, and the
strength of the referent association is computed by cosine similarity.

3.2 Dual-channel regularised VAE architecture

The proposed DC-RVAE contains three core components and the flow is shown in
Figure 1.

The encoder uses a bidirectional GRU network to process the input sequence
X = {x1,...,xr}, whose hidden state is computed as:

h. = GRU(x,,h-1; W) )
h. = GRU(x,,hi1;W,_) (©)
h, =[h, ®h,] 7

where W_,, W_ is the forward/inverse GRU weight matrix.

. . . . = 1
The readability feature vector f; is spliced with the context vector h :?th to
t

generate the hidden variable distribution parameters:

n=MLP, ([hef, ]) ®)



58 L. Yang

loge’ = MLP, ([H(—Bfl])

Sampling hidden variables by reparameterisation techniques:

Zz=pn+60¢€, €~ N(0,I)

©)

(10)

Figure 1 DC-RVAE dual channel architecture schematic diagram (see online version for colours)
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The decoder uses the transformer architecture to generate the reconstructed text with its

multi-head attention mechanism:

e The loss function contains three terms:
1 Reconstruction loss:

T
’Crec = _z logp(xt|z)
t=1

2 KL scatter:

1 <&
L =5 2 (07 +af ~loga? -1)

i=l1

3 Readability regularity term:

(11)

(12)
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2
) (13)

where o= 0.1 controls the feature smoothness (Shakya et al., 2024). The final
joint optimisation objective is:

‘Ctotal = ‘Crec + ﬂ ‘CK_L + iRread (14)

~ 2 ~
Ris =~ + 2|V,

3.3 Course learning scheduling strategies

The training process uses an incremental course learning mechanism (Bengio et al.,
2009). The KL scatter weights S are dynamically adjusted with the number of training
steps:

ﬂ(t) =ﬂmin +(ﬁmax _ﬂmin)tanh(yt/T) (15)

where fBnin = 0.1, Buax = 1.0, y = 2.5, T= 105 is the total number of steps.
The sample sampling strategy is designed as:

exp (= = /i)

D exp(=|i-wl/z)

6
Jj=1

p® = (16)

The center difficulty of the i stage (k = 1, 2, 3) w = {1.5, 3.0, 4.5}, which the
three-stage design follows Krashen’s ‘i+1’ comprehensible input theory: the k = 1 stage
(A1-A2) focuses on high-frequency vocabulary and simple syntax, the k = 2 stage
(B1-B2) introduces complex sentences, and the k = 3 stage (C1-C2) strengthens
discourse coherence and academic expression, simulating the progressive development
path of human language ability. The temperature parameter 7 = {0.8, 1.2, 1.6} control
sampling diversity.

3.4 Realisation details

The model was implemented in PyTorch 1.12, with a 3-layer BiGRU for the encoder
(hidden layer 768 dimensions) and a 6-layer Transformer for the decoder configuration
(number of attentional heads 12, feedforward dimension 3072). Optimisation was
performed using the AdamW algorithm (7 = 3 x 107#), (£ = 0.9), (£ = 0.98), batch size
64, and gradient trimming threshold 1.0. Training was performed on a 4x NVIDIA A100
and took about 36 hours. The device is configured as a 4XNVIDIA A100 80GB PCle
version, whose Tensor Core architecture with 19.5 TFLOPS FP32 arithmetic can fully
support batch training requirements in 768-dimensional hidden space.

4 Experimental validation

4.1 Experimental setup

This experiment uses Newsela dataset v2.0 as a benchmarking platform, which was
released by Xu et al. in 2015 and contains 1,130 news texts and their professionally
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graded simplified versions. Standard data division principles are followed: 904 texts are
used for training, 113 for validation, and 113 constitute the test set. Three representative
classes of state-of-the-art models are selected for the comparison algorithms: the GPT-2
model proposed by Radford et al. in the 2019 OpenAl Technical Report as a benchmark
for generalised text generation; the LSTM-VAE published by Bowman et al. in 2016,
which represents the classical variational self-encoder architecture; and Li et al. in 2020
for the Optimus model, which combines the advantages of BERT pretraining with VAE.
The basis of model selection covers three types of technical routes: GPT-2 represents the
generative capability of pre-trained language models, LSTM-VAE embodies the
characteristics of classical variational architectures, and Optimus combines the strengths
of BERT and VAE, which together form the technical spectrum of generative models. All
baseline models are reproduced using the authors’ publicly available codebase, and the
hyperparameters are optimised to the best by grid search. The DC-RVAE model is
configured as a 3-layer bi-directional GRU for the encoder (with a hidden layer
dimension of 768), and a 6-layer Transformer architecture for the decoder (with a number
of attention headers of 12), and the hidden space dimension is set to 256.The optimisation
process is performed using the AdamW algorithm (with a learning rate of 3 x 107%),
trained on 4 NVIDIA A100 graphics cards for 100,000 steps.

4.2  Evaluation indicators

The evaluation system integrates the dual dimensions of generation quality and
educational fitness. Three types of metrics are used for generation quality: BLEU-4
assesses n-gram matching accuracy (Papineni et al., 2002); ROUGE-L measures
sentence-level semantic similarity (Lin, 2004); and Self-BLEU detects the risk of schema
collapse (threshold < 0.35). Educational fitness was then assessed by a combination of
quantitative metrics and manual assessment: the readability error was calculated as
6

E :%;[Lgr’ed —L([ilget |, where L quantifies the CEFR level as a numerical value
(A1 =1 to C2 = 6); five EFL teaching experts were also invited to blindly assess 100
randomly sampled texts (on a 5-point scale, three of the assessment dimensions were
designed with equal weights (grammatical correctness 33.3%, lexical adaptability 33.3%,
and cognitive load control 33.3%), and the arithmetic mean was taken as the final score
after independent expert scoring), with inter-rater reliability Cronbach’s o. = 0.87, and the
dimensions of the assessment covering grammatical correctness, lexical adaptability and
cognitive load control.

4.3 Analysis of measurement results

As shown in Table 1, DC-RVAE significantly outperforms the baseline model on all key
metrics. In terms of generation quality, the BLEU-4 score reaches 0.418, a 7.2%
improvement over Optimus (p < 0.01, t-test), and the ROUGE-L is 0.512 (a 5.1%
improvement), demonstrating the model’s optimisation effect on semantic consistency.
As shown in Figure 2, the educational fitness performance is even more impressive: the
readability error, which decreased by 32.8% (p = 3.2¢”°) compared to LSTM-VAE, and
Self-BLEU maintained at a healthy level of 0.31, confirming that there is no risk of
model collapse. These findings were further reinforced by the results of the manual
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assessment: the DC-RVAE-generated text significantly outperformed the GPT-2 on three
scores: grammatical correctness (4.3 £ 0.4), lexical fitness (4.1 + 0.5), and cognitive load
control (3.9 £ 0.6) (p < 0.05). Prof. Petersen of the University of Washington pointed out
in his review that “DC-RVAE accurately controls the complexity of clauses (e.g.,
limiting the proportion of determinative clauses to 15% or less) in Bl-level text
generation, effectively avoiding the problem of working memory overload for second
language learners”.

Table 1 Comparison of core results
Model BLEU-4 ROUGE-L Eread Teacher ratings
GPT-2 0.372 0.463 1.67 34
LSTM-VAE 0.358 0.449 1.32 3.1
Optimus 0.390 0.487 1.22 3.6
DC-RVAE 0418 0.512 0.89 4.1

Figure 2 Distribution of readability of text generated by different models (see online version
for colours)
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4.4 Ablation experiment

A triple ablation study was designed to parse the contributions of the model components.
As shown in Figure 3, when the readability regularity term (A = 0) is removed, Ercad
jumps to 1.54 (a 73.0% increase), confirming the central role of Ri.d for difficulty

control; fixing the KL weights (4 = 1.0) leads to a decrease in BLEU-4 to 0.381,
indicating that the dynamic scheduling strategy contributes 9.6% to the improvement of
semantic richness; replacing the encoder with a CNN structure results in a decrease in the
teacher rating by 12.7%, highlighting the advantages of BiGRU in capturing linguistic
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features. These findings are supported by Vajjala and Meurers (2013) theory of linguistic
complexity: structured features such as syntactic tree depth require architectures with
strong sequence modelling capabilities.

Figure 3 Course learning scheduling strategies and feature distributions (see online version
for colours)
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4.5 Case studies

As an example, the DC-RVAF output for text generation on the topic ‘Global Warming’
(target CEFR level B1) is: “Rising temperatures cause ice to melt at the poles. This
makes sea levels higher and floods coastal areas. Scientists say cutting carbon emissions
can slow this change”. And Optimus generates: “The melting of polar ice induced by
thermal elevation results in marine inundation of littoral zones, necessitating carbon
mitigation strategies”. Quantitative analysis showed that DC-RVAE successfully
controlled key indicators: average sentence length of 9.2 words (vs. 14.7 words), CEFR
B1 vocabulary share of 82% (vs. 61%), and passive voice frequency of 12% (vs. 38%).
This indicator is in line with the recommended range for sentence length (8-12 words) in
the CEFR Level B1 Language Teaching Guidelines, while the passive voice frequency of
12% is below the 15% threshold in the simplified norms for educational texts. This case
confirms the CLT proposed by Graesser et al. (2004) simplifying syntactic structure
and limiting the use of low-frequency words can significantly improve text
comprehensibility.

4.6 Experimental results and analysis

In this study, the first multi-granularity control of a wvariational self-encoder in
educational text generation is realised through the synergistic design of a readability
regularisation mechanism and a curriculum learning strategy. Experimental validation
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shows that the dual-channel architecture successfully bridges the theoretical gap between
semantic richness and precise readability regulation: the hidden-space conditional
injection module encodes syntactic complexity features (e.g., dependent path lengths) as
latent vector distribution parameters, which improves the variance of KL dispersion in
explaining textual features to 38.7% (an improvement of 17.4 percentage points
compared to Optimus), a significant improvement for the KL dispersion proposed by
Shakya et al. (2024) hypothesis of structured representation in the hidden space, which
provides empirical support. More importantly, the dynamic gradient propagation
mechanism of the readability regularisation term Ricad confirms the theory of real-time
optimisation of the generative process — when the decoder output deviates from the target

features, the regulariser corrects the distribution of the hidden variables via Vzf
backward, enabling end-to-end modulation (Petersen and Ostendorf, 2007). These
findings extend the classical framework of Bowman et al. (2016) to the field of
educational linguistics, establishing a mathematical model of controlled generation and
CLT (Graesser et al., 2004).

At the practical level, DC-RVAE provides a ground able technical solution for
adaptive learning systems. The Newsela case study shows that the model generates
Bl-level text that precisely controls syntactic complexity (average sentence length 9.2
words =+ 1.3) and lexical level (82% + 5% of CEFR B1 words), strictly following Krashen
(1982) “i+1 comprehensible input’ principle. It is suggested that EdTech companies adopt
a three-phase deployment path: firstly, integrate the model into an learning management
system (LMS) as a microservice to dynamically generate reading materials based on
learners’ diagnostic test results (Antoninis et al., 2023); secondly, fine-tune the
regularisation weights $ \lambda $ using teachers’ scoring data to adapt differentiated
teaching scenarios; and finally, introduce the Bender et al. (2021) cultural bias detection
module to ensure that the generated content complies with ethical norms. This deep
technology-education integration model is expected to increase the efficiency of
personalised material compilation by 3.8 times.

There are two urgent limitations of the current model: one is the weak simplification
ability for culturally context-sensitive texts (e.g., historical allusions), which is related to
the news topic bias of the Newsela dataset. To improve this problem, we propose to
expand the multicultural corpus (e.g., integrating the English translation of ‘Chinese
idioms and stories’ and ‘selected historical tales from around the globe’), and add a
cultural adaptation layer after the encoder, which automatically associates cultural proper
nouns with explanatory phrases (e.g., ‘imperial examination’ — ‘ancient Chinese
examination system’). Second, the readability feature does not cover phonological
dimensions (e.g., syllable density), which limits the application of speech-assisted
learning scenarios. To address this limitation, it is planned to embed the syllable density

Monosyllabic words

index (p =

) in the evaluation system, requiring Al-level text p > 0.4,

Total number of words
while docking open-source TTS engines (e.g., VITS) to generate graded audio (e.g.,
Al-level speech rate < 100 words/minute) according to CEFR levels.

Future research should focus on three innovations: the development of a multimodal
reading text generation framework based on a combined graphic-text alignment dataset;
quantify the working memory capacity model into syntactic complexity constraints to
realise dynamic regulation of cognitive load; exploring cross-language migration
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mechanisms (e.g., Chinese-English bilingual graded generation), and promoting the
inclusive application of technology in less developed regions of global education.

5 Conclusions

In this study, we propose the DC-RVAE, which advances the field of educational text
generation through three core innovations: establishing a dynamic mapping mechanism
between educational linguistic features and the hidden space to solve the problem of
semantic collapse in the traditional VAE; designing a readability-driven, real-time
regulariser for end-to-end optimisation of the generation process; and developing a
progressive curriculum learning strategy to simulate the cognitive paths of human
language acquisition from Al to C1; developing a progressive course learning strategy to
simulate the cognitive path of human language acquisition from Al to Cl. The
experiments demonstrate that the model significantly outperforms the baseline in terms of
generation quality (7.2% improvement in BLEU-4), educational appropriateness
(32.8% reduction in readability error), and manual evaluation (20.6% improvement in
teacher ratings). This is not only a technological innovation for controlled text generation,
but also an Al-driven solution for realising the UN Sustainable Development Goal SDG4
— Ensure Inclusive and Equitable Quality Education.
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