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Abstract

Lexical Complexity Prediction (LCP) in real-
world scenarios, particularly in language edu-
cation, is often limited by the trade-off between
overly simplified general models and unscal-
able personalized ones. To address this, we
introduce LCP for Leveled Reading (LCP-LR),
a task aiming to operationalize group-level per-
sonalization by identifying complex words rel-
ative to specific proficiency levels, thereby bal-
ancing pedagogical guidance and scalability.
We construct the first large-scale benchmark
dataset for this task, comprising 100,917 in-
stance annotations across 1,401 leveled texts.
Furthermore, we propose Dual-Prior Adversar-
ial Learning (DPAL), a framework that incor-
porates word- and text-level difficulty priors
alongside adversarial debiasing to mitigate the
model’s over-reliance on simplistic absolute
difficulty shortcuts. Experimental results show
that DPAL significantly outperforms both con-
ventional pre-trained baselines and large lan-
guage models, improving the Macro Fj of the
best baseline (XLNet) from 74.19% to 77.81%.
Our evaluations also reveal that large language
models underperform in zero- and few-shot set-
tings without fine-tuning or Chain-of-Thought
prompting. Overall, this work promotes the
practical deployment of LCP and lays a crucial
technical foundation for dynamic text adapta-
tion within leveled reading.’

1 Introduction

Reading is a cornerstone of language instruction
and acquisition, and its efficiency is highly depen-
dent on the alignment between text difficulty and
reader proficiency. This has driven leveled reading,
a pedagogical paradigm that categorizes reading
materials by difficulty and matches readers with
texts calibrated to their specific proficiency levels
(Pondiscio and Mahnken, 2014). This approach

lhttps ://github.com/xu97-varro/LCP-LR

plays a key role in improving vocabulary acquisi-
tion, promoting general language comprehension,
and mitigating cognitive load and reading anxiety
(Albay, 2017; Alowais, 2021).

Lexical coverage, the proportion of words in a
text known to the reader, is a critical dynamic in-
dex reflecting text-reader alignment. Empirical in-
sights from language pedagogy and psycholinguis-
tics demonstrate that readers must be familiar with
at least 95% of the running words to achieve effec-
tive comprehension (Laufer, 1989; Nation, 2006;
Laufer and Ravenhorst-Kalovski, 2010). Predict-
ing complex words relative to specific proficiency
levels and pinpointing targeted comprehension bar-
riers emerge as a pivotal yet challenging task, es-
sential for automated text adaptation and leveled
material curation.

Identifying complex words is typically formu-
lated as two distinct paradigms depending on down-
stream applications (Alfter, 2025): Complex Word
Identification (CWI) for lexical simplification, and
Lexical Complexity Prediction (LCP) for language
learning. While CWI operates as a binary classifi-
cation task to determine whether a token requires
simplification (Shardlow, 2013), LCP quantifies
vocabulary difficulty along a fine-grained spec-
trum to represent the comprehension challenges
faced by a target audience (Shardlow et al., 2021;
North et al., 2023). By providing finer-grained dif-
ficulty information, LCP has recently emerged as
the dominant paradigm, with significant advance-
ments in benchmark datasets (e.g., CompLex 2.0)
and shared tasks such as SemEval-2021 and MLSP-
2024 @BEA (Shardlow et al., 2021, 2024a,b).

However, the practical deployment of LCP in
real-world scenarios remains severely constrained.
We argue that current research is hindered by two
counterproductive trends: a "regressive" trend to-
ward oversimplified static modeling, and an "ag-
gressive" trend toward cost-prohibitive individual-
centric personalization.
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The Regressive Trend. To reduce engineer-
ing overhead, many approaches collapse LCP into
a static, context-independent setting. A strik-
ing example is the MLSP-2024 training data set
(n=300),> where a single token (the Catalan deca-
leg) appears in two contexts with nearly identi-
cal scores (0.65 vs. 0.625), while the remain-
ing 299 words are strictly restricted to solitary
contexts. This paradigm degrades LCP into a
context-agnostic vocabulary lookup, masking the
dynamic nature of lexical difficulty. In contrast, the
SemEval-2021 CompLex 2.0 dataset demonstrates
that nearly 40% of word types (2,194 / 5,617) span
multiple contexts with variant complexity values.

The Aggressive Trend. Individual-centric ap-
proaches attempt to build bespoke adaptive models
for each learner by gathering granular personal
trait data (Bingel et al., 2018; Gooding and Tragut,
2022). Although aligned with the ultimate vision
of tailored education, this individual-level personal-
ization faces a double whammy: First, group-level
consensus predominates over individual idiosyn-
crasies; learners with similar backgrounds (e.g.,
shared L1 and proficiency) exhibit high agreement
in complexity judgments (Gooding and Kochmar,
2018; Gooding et al., 2021), rendering the marginal
gains of individual modeling negligible. Second,
collecting extensive individual user profiles incurs
prohibitive engineering overhead and triggers criti-
cal ethical concerns regarding user privacy and data
security, limiting its viable adoption in large-scale
educational scenarios.

To promote the real-world utility of LCP while
moving beyond these twin trends, we propose Lex-
ical Complexity Prediction for Leveled Reading
(LCP-LR) (Figure 1 ). This task formulates vocab-
ulary difficulty as a level-conditioned function, esti-
mating the relative complexity of individual words
to identify tokens that pose comprehension barriers
for a designated reader tier. Our main contributions
are summarized as follows.

* Promoting the real-world application of
LCP. We introduce LCP-LR, a level-
conditioned relative complexity evaluation
task that establishes a practical, scalable foun-
dation for group-level adaptive reading in-
struction.

¢ Constructing a high-density annotated
dataset for LCP-LR. Comprising 1,401 lev-

2https://github.com/MLSP2024/MLSP_Data
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Figure 1: Illustration of the LCP-LR task. The model

predicts level-conditioned relative lexical complexity
for target readers. For instance, “VE&" (pay attention

to) is deemed familiar to Ly learners yet flagged as a
complex token exceeding the Lo proficiency baseline.

eled texts and over 100,000 annotated tokens,
this corpus is the largest fine-grained resource
available to date for Chinese lexical complex-
ity measurement.

* Proposing the Dual-Prior Adversarial
Learning (DPAL) framework. By integrat-
ing word- and text-level difficulty priors with
adversarial debiasing, DPAL effectively miti-
gates the model’s over-reliance on simplistic
absolute difficulty shortcuts, achieving precise
relative complexity estimation under target
level constraints.

* Conducting comprehensive evaluations
across diverse discriminative PLMs and
Large Language Models (LLMs). Empir-
ical results validate the effectiveness of our
framework, and reveal its potential for con-
textual inference and cross-domain general-
ization, highlighting its practical value in real-
world reading scenarios.

2 Related Work

Leveled Reading and Text Readability Assess-
ment. Leveled reading matches texts with readers
based on language proficiency, with text readability
assessment serving as its core technology. Early
research relied on surface features like word and
sentence length to construct readability formulas
like Flesch-Kincaid (Kincaid et al., 1975). Sub-
sequently, machine learning approaches modeled
readability evaluation as a classification task (Pe-
tersen and Ostendorf, 2009; Sung et al., 2015), ex-
panding feature analysis from shallow metrics to
deep semantic and discourse dimensions (Wu et al.,
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2020; Cheng et al., 2020; Lee et al., 2021). Re-
cently, pre-trained language models (PLMs) have
further improved evaluation precision (Li and Wu,
2023; Tan et al., 2024), and large language mod-
els (LLMs) have been explored for this task as
well (Wang et al., 2024; Paraschiv et al., 2025).
Online platforms like Coh-Metrix,> CRIE,* and
CTAP,’ provide technical support for leveled read-
ing practices. In Chinese leveled reading, the Chi-
nese Graded Readers Standards for International
Chinese Language Education (2025) explicitly reg-
ulates the proportion of complex words across dif-
ferent Chinese (L2) reading levels for the first time.
This regulatory shift imposes a more urgent and
refined technical demand on lexical-granular com-
plexity evaluation.

Lexical Complexity Prediction. Current LCP
primarily serves as a preprocessing module for lex-
ical simplification, identifying complex tokens that
require replacement or explanation. The task has
evolved from early binary classification (Paetzold
and Specia, 2016) to continuous-scale regression
(Shardlow et al., 2021), a shift that better reflects
cognitive reality. By leveraging frequency, sur-
face features, psycholinguistic attributes, and deep
semantics, researchers have developed diverse sys-
tems across shared tasks like CWI 2018 (Yimam
etal., 2018), SemEval-2021 (Shardlow et al., 2021),
and MLSP-2024 @BEA (Shardlow et al., 2024a).
Additionally, several studies have explored person-
alized LCP to capture individual learner differences
(Gooding and Tragut, 2022). Recent work (Ke-
lious et al., 2025) shows that structured prompts
and calibration improve LLLM performance in LCP,
though systematic biases remain. Despite these no-
table advances, the practical deployment of LCP in
downstream applications remains severely limited,
underscoring the urgent need for LCP research that
addresses real-world requirements.

3 Task Definition

We introduce LCP-LR, a task that evaluates word
difficulty relative to specific reader proficiency lev-
els, enabling automated identification of complex
words in graded texts for group-adaptive reading.
Formally, given a textual context containing a tar-
get word w along with its corresponding text level
L (signifying that the text is curated for readers

*https://www.cometrics.com

4http: //www.chinesereadability.net/CRIE/?LANG=
CHT

Shttps://ctap.blcuicall.org

at proficiency L), the model is required to deter-
mine whether w poses a comprehension barrier to
these target readers, as well as the degree of this
barrier. The core of this task lies in formulating
lexical complexity as an interaction function be-
tween a word’s intrinsic attributes and the reader’s
proficiency, thereby dynamically predicting the per-
ceived difficulty for the target group.

Distinct from conventional LCP setups, our task
prioritizes real-world pedagogical application. It
focuses squarely on group-based adaptive scoping
within leveled reading contexts, rather than relying
on context-free absolute difficulty judgments or
attempting to model highly subjective individual
preferences.

4 The LCP-CLR Dataset

To support LCP-LR, we construct LCP-CLR, a
densely annotated corpus of 1,401 graded Chinese
texts across seven proficiency levels.

Large-scale assessment of reader knowledge out-
side laboratory settings remains challenging. Ex-
isting studies rely on proxy indicators such as spe-
cialized vocabularies (Elhadad and Sutaria, 2007),
reading grade levels (Agrawal and Carpuat, 2023),
or domains (Asthana et al., 2024). Building on
this work, we introduce two critical resources
from international Chinese language education for
fine-grained characterization of reader vocabulary
knowledge and reading ability: (I) a graded text-
book corpus, and (II) a graded vocabulary syllabus
(see Table 1).

Stage Level Texts Syllabus Words

1 141 500
Elementary 2 146 772

3 139 973

4 133 1,000
Intermediate 5 136 1,071

6 120 1,140
Advanced 7(7-9) 119 5,636
Total 934 11,092

Table 1: Distribution statistics of the graded textbook
corpus and the vocabulary syllabus. For the vocabulary
syllabus, Levels 7-9 are merged as they are undifferen-
tiated in the official framework.
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4.1 Graded Textbook Corpus

The graded textbook corpus comprises over 900
texts from 50 International Chinese Language Ed-
ucation textbooks (e.g., Learn Chinese with Me,
Experiencing Chinese), excluding classical poetry
and songs. Text difficulty inherently aligns with tar-
get reader proficiency, providing leveled authentic
data for complexity assessment.

For level annotation, we used the textbooks’ orig-
inal designated levels as the baseline and incorpo-
rated multi-source judgments from ACTR (Yang
et al., 2025), LDU-TGP (Cheng et al., 2023), and
the Hansi Chinese Leveled Reading System® for
calibration (see Appendix A.1). This multi-source
reference strategy addresses two issues: inconsis-
tent difficulty gradients across chapters and missing
level labels in some textbooks. Final levels were
manually verified by a senior instructor.

Ultimately, all texts were mapped into a seven-
level taxonomy: Levels 1-3 correspond to the ele-
mentary stage, Levels 4-6 to the intermediate stage,
and Level 7 to the advanced stage, aligning with
the Chinese Proficiency Grading Standards for In-
ternational Chinese Language Education.

4.2 Graded Vocabulary Syllabus

The vocabulary syllabus of the Chinese Proficiency
Grading Standards for International Chinese Lan-
guage Education explicitly defines the vocabulary
sets that Chinese L2 learners are expected to master
at each stage, serving as an authoritative baseline
for lexical complexity. The syllabus comprises
11,092 vocabulary items, categorized into three
stages and nine levels (with Levels 7-9 remain-
ing undifferentiated). However, the syllabus does
not systematically distinguish between different
senses of the same word, annotating only 126 ho-
mographs, of which 89 span multiple proficiency
levels. For these cross-level homographs, we de-
termined their target levels during annotation by
jointly analyzing part-of-speech and contextual us-
age (see Appendix A.2 for further details).

4.3 Lexical Complexity Annotation

The textbook corpus contains 7,048 syllabus words
and 5,562 out-of-vocabulary (OOV) words.” For
the OOV words, five graduate students majoring
in linguistics performed knowledge-intensive man-
ual annotation based on the three-stage, nine-level

6https ://hansi.tracengine.com
"https://github.com/lancopku/pkuseg-python

Annotated Text Examples from LCP-CLR

/T;RE @ZEC TE" HZE /ﬁ}LR %Ra %E E%E 7J(E;
4&'75 /Hi/%\]z: ﬁEE ‘H%E E‘j‘iE /ﬁ‘\E ﬁ%E E/‘]E ° E%z\‘( Z:
g]{ HKR ?Eﬁ%]c °© (L2)

Translation: You have caught a cold. Take some
medicine, drink more water, and get some rest. You will
recover soon. Be careful not to stay in air-conditioned
environments.

s Re TR 74, TP 5 We- BT
P XFe AT B B4 A TR S He
WRe Zp B o B R B Le, Re £ PHE;
REF N TTe Ko, HRe Sp - (LS)

Translation: Traditional Chinese medicine practition-
ers are careful about health maintenance and disease
prevention. Therefore, they offer many recommenda-
tions regarding people’s diets and lifestyle habits. Every
morning, many middle-aged and elderly Chinese people
practice Tai Chi and Qigong.

Table 2: Examples from the LCP-CLR dataset. Sub-
scripts represent four complexity levels colored by dif-
ficulty: Easy (E), Readable (R), Challenging (C), and
Difficult (D).

criteria of the vocabulary syllabus. The annotators
comprehensively evaluated word frequency, word-
formation productivity, semantic complexity, and
the level-analogy rules proposed by Zhang et al.
(2019). The annotation process adopted a blind in-
dependent dual-scoring mechanism followed by a
third-party arbitration phase; notably, 1,491 proper
nouns were excluded from the prediction targets
(see Appendix A.3 for further details).

Based on the mapping between text levels and
lexical levels, we categorized lexical complexity
into four distinct classes: Easy (Lworda < Liext),
Readable (Lyoq = Liext), Challenging (Lo >
Liexe but within the same stage), and Difficult
(Lword > Liext and spanning across stages). All
tokens were annotated accordingly.

Annotation statistics reveal a typical long-tail
distribution: Easy dominates (87.6%), followed by
Readable (7.6%), Difficult (3.8%), and Challeng-
ing (1.0%). This reflects the sparsity of complex
words in natural texts, consistent with the "com-
prehensible input" principle. Despite comprising
less than 5% combined, Challenging and Difficult
words are the primary sources of comprehension
barriers in actual reading.

4.4 Dataset Split and Statistics

The LCP-CLR dataset uses paragraphs as the ba-
sic units, encompassing 1,401 paragraphs, 8 9,265

8Paragraphs containing fewer than three sentences are ex-
cluded to prevent truncated paragraphs from deviating from
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unique word types, and 100,917 tokens, as exem-
plified in Table 2. Notably, 19.4% (1,801) of the
word types exhibit varying complexity labels across
different contexts. To prevent data leakage, the ex-
perimental dataset is partitioned at the paragraph
level. Table 3 summarizes the detailed statistics of
the resulting training, validation, and test splits.

Our dataset is characterized by three promi-
nent features: (1) Cost-Effective Construction:
Leveraging existing authoritative resources enables
highly efficient annotation, successfully bypassing
the prohibitive costs of from-scratch manual label-
ing. (2) Dense, Token-Level Coverage: Unlike
selective keyword tagging, our dataset encapsulates
every token in the running text at scale, effectively
alleviating the data bottleneck for relative lexical
analysis. (3) Real-World Application Alignment:
The annotated difficulty directly mirrors the cogni-
tive load across diverse text proficiencies, precisely
tailoring LCP systems to the pragmatic demands
of leveled reading.

Metric Training Validation  Test
Paragraphs 980 210 211
Tokens 70,879 15,059 14,979
Easy 62,010 13,207 13,162
Readable 5,497 1,069 1,100
Challenging 723 159 167
Difficult 2,649 624 550

Table 3: Statistics of the dataset splits.

5 Experiments

Utilizing the LCP-CLR dataset, we evaluate the per-
formance and enhancement strategies of multiple
pre-trained models along with open- and closed-
source LLMs on the LCP-LR task.

5.1 Models

Pre-trained Language Models. To systemati-
cally assess the impact of architecture and param-
eter scale on performance, we baseline ten pre-
trained models: BERT-base (Devlin et al., 2019),
RoBERTa-wwm-ext (Cui et al., 2020), MacBERT-
base (Cui et al., 2021), Chinese-ELECTRA-
180g-base (Cui et al., 2020), XLNet-base (Yang
et al., 2019), RoBERTa-wwm-ext-large (Cui et al.,
2020), MacBERT-large (Cui et al., 2021), Chinese-
ELECTRA-180g-large (Cui et al., 2020), XLNet-

the overall text-level grading.

mid (Yang et al., 2019), and Chinese-ModernBERT
(Zhao et al., 2025). All models use a unified hyper-
parameter set and a weighted cross-entropy loss to
address class imbalance (see Appendix B.1).

Built upon the best-performing baseline, we pro-
pose Dual-Prior Adversarial Learning (DPAL)
(Figure 2), a framework that integrates multi-task
learning with adversarial debiasing to balance ab-
solute difficulty priors and relative complexity pre-
diction. The core idea is twofold. First, multi-task
learning injects absolute difficulty priors from both
the text and word levels; however, this may in-
duce the model to rely on simplistic shortcuts (e.g.,
"higher level — higher difficulty"). Second, adver-
sarial debiasing via gradient reversal layers (GRL)
suppresses the shared encoder’s ability to encode
absolute difficulty, thereby reducing its interference
with relative difficulty judgments. To avoid direct
conflict with the auxiliary tasks, the adversarial
tasks target coarse-grained proficiency bands rather
than exact levels. By driving the encoder to update
toward maximizing band classification loss, the
GRL effectively mitigates the influence of absolute
difficulty information on the shared representation,
enabling the model to preserve fine-grained level
knowledge while avoiding over-reliance on level-
based heuristics for difficulty reasoning.

The joint training objective is:

L= ﬁmain + )\text £text + )\word ﬁword

+ )\adv,text Eadvftext + )\adv,word £adv7€N1c3rd
where Lpan is the main LCP loss, Ly and
Lword are auxiliary losses for text-level and word-
level proficiency prediction (7 classes each), and
Ladv text and Lagy worda are adversarial losses for
text-level and word-level proficiency band predic-
tion (3 classes each).” We adopt a dynamic ad-
versarial coefficient « (increasing linearly from O
to 0.1 over the first three epochs) to balance early
training stability and late-stage debiasing.

Large Language Models. We evaluate four
large language models (LLMs): two proprietary
models, GPT-40-mini (OpenAl, 2024) and Qwen3-
Max (Bai et al., 2023); and two open-source mod-
els, Qwen2.5-7B-Instruct (Bai et al., 2023) and
Llama3-Chinese-8B-Instruct (FlagAlpha, 2024).
Prompting covers zero-shot, few-shot, and chain-
of-thought (CoT) settings. The open-source models
are instruction-tuned using LoRA (Hu et al., 2022).

°The loss weights are set to Aexx = 0.1, Awora = 0.1,
/\adv_text = 0.05, and )\adv_word = 0.05.
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Figure 2: The DPAL architecture. The shared encoder
h feeds into five components: a main head for LCP-LR,
two auxiliary heads for word- and text-level proficiency
prediction (grades 1-7), and two GRL-equipped adver-
sarial heads for word- and text-level proficiency band
prediction (bands: beginner, intermediate, advanced).
For visual clarity, the two adversarial heads are con-
solidated in the figure; their individual loss terms are
detailed in Eq. (1).

Appendix B.2 details experimental configurations
and prompt templates.

Evaluation Metrics. We employ Accuracy
(Acc.), Macro-F1 (M-F1), and Weighted-F1 (W-
F1) as our primary evaluation metrics. We also
report Precision (P), Recall (R), and F1-score (F1)
for each of the four complexity categories.

5.2 Experimental Results of PLMs

Table 4 compares the performance of different
PLMs. XLNet-base achieves the best overall per-
formance, outperforming other models across all
three primary metrics: Accuracy (94.72%), Macro-
F1 (74.19%), and Weighted-F1 (94.65%). This
suggests that the bidirectional autoregressive pre-
training paradigm is better suited for this task. Re-
garding model scale, larger variants do not con-
sistently outperform their base counterparts; for
instance, MacBERT-large and XLNet-mid both un-
derperform relative to their respective base mod-
els, indicating that the impact of parameter scaling
varies with model architecture and pre-training ob-
jectives.

Per-category performance varies significantly,
as shown in Figure 3. While the Fl1-scores for
Easy generally exceed 97%, they drop to 59%—68%
for Readable, 70%—78% for Difficult, and hit the
lowest bound (40%—-55%) for Challenging. This
performance discrepancy is likely attributable to
both data imbalance and the intrinsic separability
of individual categories.

Table 5 presents the performance of DPAL us-
ing the best-performing baseline (XLNet-base) as

Model Ace. M-F1 W-F1
BERT-base 94.02 70.15 93.81
RoBERTa-wwm-ext 9432 7132 94.05
MacBERT-base 9451 7190 9426
ELECTRA-base 9392  69.65 93.69
XLNet-base 94.72 7419 94.65
RoBERTa-wwm-ext-large  94.70  73.63  94.42
MacBERT-large 94.04 6894 93.84
ELECTRA-large 9443  71.80 94.16
XLNet-mid 94.64 74.04 9446
Chinese-ModernBERT 94.34 6949 94.05

Table 4: Performance comparison of different PLMs on
the test set (%). Best results are highlighted in bold.

BERT-base

Chinese-ModernBERT RoBERTa-wwm-ext

81%
MacBERT-base

XLNet-mid

ELECTRA-large ELECTRA-base

MacBERT-large XLNet-base

RoBERTa-wwm-ext-large

—— Easy — Readable — Challenging — Difficult

Figure 3: F1-score comparison of different PLMs across
four complexity categories (%). Only the peak perfor-
mance for each category is annotated.

its backbone. DPAL improves classification on
Readable and Challenging while maintaining per-
formance on Easy and Difficult. The gain is most
pronounced on the highly imbalanced Challeng-
ing: compared to XLNet-base, recall increases by
13.77%, precision by 6.03%, and F1 by 10.59%. A
slight precision drop (-1.23%) is observed for Dif-
ficult, suggesting a mild over-prediction tendency.
Misclassifications occur mainly between adjacent
difficulty levels, with a bias toward Readable (see
Appendix C.1 for the confusion matrix).

We additionally evaluate JUST BLUE, the top-
ranking ensemble baseline from SemEval-2021
Task 1 (Bani Yaseen et al., 2021). On our test
set, JUST BLUE achieves 94.19% accuracy and
71.10% Macro-F1, outperforming most standard
PLMs but still below DPAL. Notably, DPAL sur-
passes JUST BLUE by 17.60% in F1 on Challeng-
ing, validating the effectiveness of our framework.

Ablation Study. To scrutinize the individual
contribution of each core component within DPAL,
we conduct a systematic ablation study on the test
set, as summarized in Table 6 (see Appendix C.2
for precision/recall breakdown by category). The
primary insights are detailed below:
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Model Ace. M-F1 W-F1 Easy Readable Challenging Difficult

P R F1 P R F1 P R F1 P R F1
XLNet-base  94.72 74.19 94.65 97.97 98.40 98.18 6791 6791 6791 62.60 49.10 55.03 77.13 74.18 75.63
JUSTBLUE 94.19 71.10 9398 97.05 98.57 97.81 71.44 60.73 65.65 48.77 47.31 48.02 75.49 70.55 72.93
DPAL (ours) 95.15 77.81 95.14 98.28 98.34 98.31 71.00 71.00 71.00 68.63 62.87 65.62 7590 76.73 76.31
A (vs. XLNet) +0.43 +3.62 +0.49 +0.31 -0.06 +0.13 +3.09 +3.09 +3.09 +6.03 +13.77 +10.59 -1.23 +2.55 +0.68

Table 5: Performance comparison among XLNet-base, JUST BLUE, and our DPAL framework on the test set (%).
Best results are highlighted in bold. A denotes the absolute improvement of DPAL over XLNet-base.

Setting Model Variant Acc. M-F1 W-F1 Easy-F1 Readable-F1 Challenging-F1 Difficult-F1
DPAL (Full) 95.15 77.81 95.14 9831 71.00 65.62 76.31
with Static « 9529 7745 9522 9847 70.86 64.94 75.52
Dual Aux. w/o Text Adv. 95.19 77.03 95.11 98.36 70.19 62.42 77.16
w/o Word Adyv. 95.00 7595 9495 98.35 69.14 60.98 75.31
w/o Total Adv. 93.98 74.10 9426  97.77 66.97 54.89 76.76
Word Aux. + Adv. 9479 7427 94.73 98.26 67.60 54.32 76.90
. Text Aux. + Adv. 9427 73.73 94.18  97.78 66.07 55.00 76.05

Single Aux. —

Text Aux. Only 9490 7573 9482  98.14 68.64 56.68 79.45
Word Aux. Only ~ 94.77 75.71 94.75 98.20 68.58 61.40 74.66

Table 6: Ablation study of our DPAL framework on the test set (%). Best results in each column are highlighted in

bold, and the worst results are underlined.

Crucial Role of Adversarial De-biasing. Re-
moving the full adversarial mechanism (w/o Total
Adv.) drops Macro-F1 from 77.81% to 74.10% and
yields the lowest score on Easy, demonstrating that
absolute difficulty priors impair relative complex-
ity generalization without adversarial constraints.
Specifically, the performance drop from removing
lexical de-biasing (w/o Word Adv., |1.86%) is sub-
stantially harsher than that from removing textual
de-biasing (w/o Text Adv., }0.78%), highlighting
that word-level de-biasing is more critical to our
task. Furthermore, the full model equipped with a
dynamic coefficient strategy outperforms its static
counterpart (with Static ) by 0.36% in Macro-F1,
validating the efficacy of progressive de-biasing
schedules.

Complementarity and Synergy of Multi-
Granular Priors. Word- and text-level difficulty
priors exhibit distinct functional specializations:
the lexical prior (Word Aux. Only) excels at Chal-
lenging (61.40% F1), whereas the textual prior
(Text Aux. Only) is highly beneficial for Difficult
(79.45% F1) but at the expense of severely compro-
mising Challenging (dropping to a mere 56.68%
F1). Moreover, enforcing adversarial constraints
into single-source settings triggers over-correction
due to informational scarcity, leading to a pervasive
performance decay across single-auxiliary variants
upon adding adversarial heads. This boundary phe-
nomenon indicates that the true utility of adversar-

ial de-biasing requires a dual-source collaborative
environment to be fully unlocked.

Global Optimization and Balance. The full
DPAL framework achieves the best global balance
with a peak Macro-F1 of 77.81%. Performance
on Easy remains highly robust across all variants
(=98%), confirming that the core challenge lies in
distinguishing mid-to-high difficulty levels. By in-
tegrating multi-granular priors with dynamic adver-
sarial debiasing, DPAL (Full) achieves the optimal
trade-off on these bottleneck categories.

5.3 Experimental Results of LLMs

To ensure comparability and efficiency, all LLM
experiments use stratified sampling to construct
training/validation/test sets (20k/2k/2k). Table 7
reports the performance of four LLMs under three
prompting settings, along with fine-tuned open-
source models. Oversampling fine-tuning experi-
ments are described in Appendix C.3.
Closed-source LLMs generally outperform open-
source models. CoT prompting substantially boosts
performance (e.g., Qwen3-Max Macro-F1 rises
from 11.71% to 35.15%), indicating that struc-
tured reasoning is critical for fine-grained judg-
ments. Fine-tuning improves open-source mod-
els, but both Qwen2.5-7B and Llama3-Chinese-8B
achieve zero recall on the Challenging category,
merely predicting majority classes. This reveals a
fundamental limitation of data imbalance on stan-
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Figure 4: F1-score comparison of different LLMs across
four complexity categories (%).

dard LLM fine-tuning. In contrast, DPAL achieves
94.95% accuracy and 79.21% Macro-F1 on the new
2k test set, substantially outperforming all LLMs
and demonstrating the advantage of task-specific
lightweight architectures.

As shown in Figure 4, most LLMs perform well
on Easy, but drop sharply on Readable. Perfor-
mance on Challenging and Difficult is even more
severe. This trend highlights a fundamental limi-
tation of current LLMs on fine-grained difficulty
prediction: as category difficulty increases and sam-
ple sparsity intensifies, performance deteriorates
sharply, posing severe challenges for intermediate
and minority classes.

Model Strategy Acc. M-F1 W-F1
DPAL (ours) - 94.95 79.21 94.99
Zero-shot 590 2.81 0.82
Few-shot 7.30 341 1.09
Qwen2.5-7B  ip 57.30 2428 66.82
Fine-tuned 84.00 39.59 85.39
Zero-shot  4.67 2.37 1.52
Few-shot  4.05 292 1.23
Llama3-8B ¢ ip 4869 2049 59.44
Fine-tuned 87.95 23.40 82.31
Zero-shot 1830 11.71 20.98
Qwen3-Max Few-shot 41.00 18.17 53.83
CoT 7435 35.15 78.63
Zero-shot  7.35 343 1.09
GPT-40-mini Few-shot 58.43 22.77 67.66
CoT 69.65 27.60 75.37

Table 7: Performance comparison of LLMs on the pro-
posed dataset (%).

6 Discussion

We further investigate three aspects of our model’s
behavior: failure modes, sensitivity to contextual
informativeness, and generalization capabilities.

Error Analysis. To gain a deeper understanding
of the model’s failure modes, we conducted two
complementary error analyses.

Confusion matrix analysis. The results (Ap-
pendix C.1, Figure 5) show that 77.6% of errors
occur between adjacent difficulty levels, with the
most prominent confusions being Readable vs.
Easy (18.2% of Readable instances misclassified
as Easy) and Challenging vs. Readable (24.6% of
Challenging instances misclassified as Readable).
This indicates that the model effectively perceives
difficulty as a continuous spectrum but struggles to
identify sharp boundaries between adjacent levels.
Furthermore, the errors exhibit a clear asymmetry:
the model tends to underestimate high-difficulty
words as lower-difficulty ones, suggesting a conser-
vative decision strategy on boundary cases.

Linguistic feature analysis. We examined factors
such as word frequency and lexical category. Re-
sults show that the average word frequency (based
on the BCC corpus) of error samples is significantly
lower than that of correctly classified samples, in-
dicating that low-frequency words pose a major
challenge. We further observed that a considerable
proportion of errors involve idiomatic expressions.
Using a Chinese idiom list to automatically anno-
tate idioms in the test set, we found that the error
rate for idioms is approximately 20.18%, signifi-
cantly higher than the overall error rate of 4.85%.
We attribute this to the semantic opacity of idioms,
which makes it difficult for the model to infer their
meaning from context alone, thereby leading to
frequent misclassification.

The Modulating Role of Contextual Informa-
tiveness in Lexical Difficulty Perception. Con-
textual informativeness is a key modulator of lex-
ical difficulty perception. For the Chinese word
“HIfT (to be perfunctory), a low-informativeness
context (“FTH ANEERHK, MAETNT; “Ev-
eryone could see that he was being perfunctory”)
provides no cues for meaning inference, while a
high-informativeness context with contrastive cues
CRRIFEE . ESE, BihE DTN
HXRE, 4 ANERT; “Despite the tight sched-
ule, he treated every detail seriously and was never
perfunctory”) enables inference. Unlike sentence-
level modeling, our paragraph-level approach cap-
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tures richer long-range contextual information. Our
model predicts “B{fT" as Challenging in the low-
informativeness context and Readable in the high-
informativeness context, demonstrating its emerg-
ing capacity for sense inference based on contex-
tual cues. Future work may explicitly incorporate
contextual information density into the prediction
framework to further enhance robustness.

Generalization Capabilities. We further eval-
uated the model’s generalization capabilities from
two perspectives:

Cross-domain generalization to real-world Chi-
nese texts. We tested our model on an adapted
excerpt from Romance of the Three Kingdoms
(Level 5).19 The predictions of our model show
that Challenging and Difficult words account for
approximately 5.3% of the text. Our model accu-
rately identifies complex terms such as “ = i35
(three visits to the thatched cottage), while main-
taining stable recognition of intermediate vocab-
ulary like “Eii” (sincerely) and “#515 (invite)
(see Table 8). This case demonstrates strong gen-
eralization beyond the training distribution, indi-
cating practical applicability in real-world Chinese
reading scenarios.

Generalizability across frameworks and lan-
guages. DPAL is designed as a general framework
whose core mechanism does not depend on any spe-
cific language or proficiency framework. As long
as grade-labeled resources (graded vocabulary lists
and corpora) are available, the dataset construction
approach and training framework can be directly
transferred. For example, under the CEFR frame-
work, the English Vocabulary Profile (EVP) and
corresponding graded corpora (such as Universal-
CEFR) can support LCP-LR data annotation and
model training for English. EVP provides more de-
tailed sense-level proficiency information than the
HSK vocabulary list used in this work, potentially
supporting finer-grained annotation and difficulty
modeling, while multilingual corpora such as Uni-
versalCEFR provide a foundation for cross-lingual
extension. Although the current work is primarily
validated within the Chinese HSK framework, our
approach opens a clear path for cross-framework
and cross-lingual extension.

7 Conclusion

To facilitate the practical deployment of LCP, we
introduce the LCP-LR task. We construct LCP-

Yhttps://duchinese.net

Romance of the Three Kingdoms (Excerpt)

Xp g WHE e ) o “ZHEF R s
F o BEe B —s We e BEc Fik- e Te
e —e Te BB Te, Bile 2e n: e Ae He T
SERGE —p e B Bg Flhe, £ Bl e, —
Re Mg —¢ Ke Hip B A AE -

Translation: This story is “Three Visits to the Thatched
Cottage.” The literal meaning of this idiom is to go
to a thatched cottage three times to pay a visit. Now

it signifies a person sincerely and repeatedly inviting
others to accomplish an important task.

Table 8: Annotation of a sample paragraph from Ro-
mance of the Three Kingdoms using our DPAL model.
Labels: Easy (E), Readable (R), Challenging (C), and
Difficult (D).

CLR, the first densely annotated full-token dataset
for Chinese leveled reading, comprising 1,401 texts
and 100,917 annotated instances. Experimental re-
sults show that our DPAL framework significantly
outperforms existing baselines and LLMs, demon-
strating the advantage of lightweight, task-specific
architectures. Further error analyses and case stud-
ies provide deeper insights into the model’s limi-
tations and generalization potential. Collectively,
this work provides a robust technical foundation
for dynamic text difficulty adaptation, advancing
the integration of LCP into intelligent education.

Limitations

This study has three main limitations.

First, limited annotation granularity. Due to
the linguistic reality that most words in reading
texts are simple and common, approximately 80%
of word types in our dataset are associated with
only a single label, indicating that our work has
not fully escaped the simplified “one word, one
complexity” paradigm. Moreover, although we
have annotated certain homographs at the usage
level, large-scale fine-grained sense-level annota-
tion remains limited, hindering the model’s abil-
ity to capture difficulty variations of polysemous
words across contexts. Before constructing large-
scale sense-level resources, two questions warrant
further investigation: (1) Is the difficulty variance
across different senses statistically significant? (2)
Given the disambiguating function of context, can
contextual semantic cues provide sufficient evi-
dence to affect the perceived difficulty of differ-
ent senses? Balancing annotation costs and prac-
tical benefits, future work may build sense-level
resources for key polysemous words.

Second, class imbalance. Class imbalance re-
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mains a fundamental constraint on model perfor-
mance. Future work may introduce external data
augmentation or active learning strategies to selec-
tively collect more minority-class samples, thereby
further enhancing generalization in real-world read-
ing scenarios.

Third, balancing group-level adaptation and
personalization. LCP-LR is designed for the stan-
dard graded reading scenario, where learners are
assumed to read texts matched to their current profi-
ciency. Accordingly, we adopt text level as a proxy
for reader proficiency and vocabulary syllabi as a
proxy for readers’ lexical knowledge. While this
strategy supports effective group-level adaptation,
it remains a coarse-grained approximation and may
introduce mismatches between reader and text lev-
els in practical settings. Large-scale estimation of
individual readers’ true knowledge levels is inher-
ently difficult. Striking a better balance between
group-level adaptation and personalized modeling
represents a promising direction for future work.

Ethical Considerations

This work adheres to the ACL Ethics Policy. All
textbooks used are publicly available publications,
and their use complies with the principles of aca-
demic fair use. The vocabulary proficiency syl-
labi are standard industry documents. Out-of-
vocabulary (OOV) items were manually annotated
by five graduate students in linguistics; all anno-
tators were informed of the annotation purpose,
data usage, and guidelines, and participated vol-
untarily. Annotators were fairly compensated for
their time and effort and consented to the use of
their annotations for academic research. No per-
sonally identifiable information will be disclosed
upon dataset release.

All pre-trained models employed in this work
are publicly available under permissive licenses
(e.g., Apache 2.0, MIT).

Our model is designed to assist lexical difficulty
assessment in leveled reading. The predictions
should not be treated as absolute indicators of dif-
ficulty; users should consider specific pedagogi-
cal contexts and learners’ actual proficiency. The
model has limitations in identifying minority-class
samples, which users should be aware of.
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A Dataset Construction: Human
Annotation

A.1 Textbook Grading

The grading of textbook texts followed a consensus-
based voting mechanism. The original publisher-
designated levels served as the baseline, which
were cross-validated by three independent systems:
ACTR, LDU-TGP, and the Hansi Chinese Leveled
Reading System. A text was assigned a level if
at least two systems produced results consistent
with the publisher’s designation. Instances where
all three systems disagreed or showed substantial
deviation from the original level were flagged as
“pending review.” These cases were then manually
audited by a senior instructor of Teaching Chinese
to Speakers of Other Languages (TCSOL), who
made the final determination by synthesizing lin-
guistic features, thematic content, and target reader
proficiency.

A.2 Homograph Annotation

Of the 89 cross-level homographs in the vocabu-
lary syllabus, 87 appeared in our corpus, totaling
8,382 instances. Among these, 73 words (1,459
instances) exhibited potential complexity variation
depending on context. A two-tier annotation strat-
egy was adopted:

* POS-distinguishable (58 words, 1,095 in-
stances, 75.1%): Difficulty was determined
by part-of-speech.  The pkuseg toolkit
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(v0.0.25, default model) was used for POS
tagging, with levels assigned automatically.

¢ POS-indistinguishable (15 words, 364 in-
stances, 24.9%): Two linguistics graduate
students performed independent manual an-
notation. Inter-annotator agreement reached
97.5%, with remaining discrepancies resolved
through team discussion.

A.3 Out-of-Vocabulary (OOV) Annotation

The corpus contains 7,048 syllabus words and
5,562 OOV words. A team of five graduate stu-
dents in linguistics and TCSOL conducted the an-
notation following a three-stage, nine-level frame-
work based on the Chinese Proficiency Grading
Standards for International Chinese Language Ed-
ucation. Annotators received a one-week training
program covering syllabus interpretation, guideline
instruction, and pilot exercises. The annotation
process lasted approximately three weeks.

Each OOV word was assessed along four dimen-
sions:

* Word frequency: Based on the BCC Corpus
word frequency list.!!

* Morphological structure: Morpheme com-
position, derivational capacity, and combina-
torial patterns.

* Semantic complexity: Abstractness (refer-
encing the Chinese Concreteness Norms),!?
number of senses, and semantic transparency.

* Level inference rules: Following Zhang et al.
(2019), inferring the level of unknown words
from morphemes of known-level words.

Note that 1,491 proper nouns were excluded from
prediction targets but retained as contextual infor-
mation.

The annotation workflow proceeded in three
phases:

1. Independent annotation: Each word anno-
tated by two annotators.

2. Cross-validation: Annotations compared;
consistent ones accepted, divergent ones
marked “pending adjudication.”

11https://bcc.blcu.edu.cn
12https://github.com/xiezp1976/chinese_
concreteness

3. Adjudication: Authors reviewed pending
cases and made final determinations.

To assess reliability, 10% of annotations were
randomly sampled and re-annotated by two inde-
pendent researchers. Cohen’s Kappa exceeded
0.85, indicating high reliability. All disputed items
were resolved through adjudication.

B Experimental Setup
B.1 Pre-trained Language Models

We evaluated multiple pre-trained language mod-
els under a unified hyperparameter configuration
(Table 9). For batch size configuration, we used
a training batch size of 16 and a validation batch
size of 32 for base-scale models (<110M parame-
ters), with a gradient accumulation step of 1. For
large-scale models (>250M parameters), we used
a training batch size of 8 and a validation batch size
of 16, with a gradient accumulation step of 2.

Parameter Value
Max Seq Len 256
Epochs 5
Learning Rate 2e-5
Optimizer AdamW
Weight Decay 0.01
Warm-up Steps 10%
Loss Function ~ Weighted CE

Table 9: Unified hyperparameter settings.
Class weights were calculated using inverse fre-
quency weighting:

N
- C %X n,

(@)

We

where N is the total number of samples, C' is
the number of classes, and n, is the sample count
for class c. The resulting weights are shown in
Table 10.

Category Sample Proportion Weight
Easy 86.2% 0.3
Readable 8.3% 3.5
Challenging 1.3% 20.0
Difficult 4.2% 7.0

Table 10: Class weight settings computed via inverse
frequency weighting.
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Readable Challenging Difficult

Easy

Easy

0.014 0.001 0.002

Readable 0.019 0.089

0.078

Challenging ~ 0.048

Difficult

0.033 0.167

Figure 5: Confusion matrix of the proposed DPAL
framework on the test set. Values are normalized by
row to represent percentages (%).Misclassifications oc-
cur mainly between adjacent difficulty levels, with a
bias toward Readable.

B.2 Large Language Models

Fine-tuning Settings for Open-source Mod-
els. We fine-tuned Qwen2.5-7B-Instruct (Bai
et al.,, 2023) on 20,000 samples using LoRA
(Hu et al.,, 2022) with r = 16, o = 32,
and dropout=0.1, applied to the projection layers
(q_proj, k_proj, v_proj, o_proj, gate_proj,
up_proj, down_proj). The model was loaded
with 4-bit NF4 quantization using float16 preci-
sion. Inputs followed the Qwen chat template, in-
cluding system prompts, user inputs, and assistant
responses. Training used a batch size of 2 with 8
gradient accumulation steps (effective batch size
16), maximum sequence length of 384, learning
rate of 2e-4, 100 warm-up steps, cosine anneal-
ing, and 5 epochs, selecting the checkpoint with
the lowest validation loss. The same configuration
was applied to Llama3-Chinese-8B-Instruct (Fla-
gAlpha, 2024), with inputs formatted to comply
with the Llama3 chat template.

Prompt Engineering. The complete zero-shot
prompt template is presented in Table 11. The
few-shot and chain-of-thought templates follow the
same base format but prepend labeled examples
and step-by-step reasoning, respectively (see Ta-
bles 12 and 13 for examples).

All experiments were conducted on a single
NVIDIA GeForce RTX 4090 GPU (24GB VRAM).
The total computational budget for all experiments
was approximately 150 GPU hours.

C Supplementary Experimental Results

C.1 Confusion Matrix of DPAL

Figure 5 presents the confusion matrix of DPAL on
the test set.

Easy Readable

—P—=R —pP—=x

Challenging Difficult

—p—R

——p—R

Figure 6: Precision and Recall Comparison of Ablation
Models across Categories (%).

C.2 Ablation Study

Figure 6 presents the precision and recall of abla-
tion variants across difficulty categories.

The analysis reveals three main findings. First,
the Easy category remains highly stable across all
variants. Second, the Readable and Challenging
categories exhibit a consistent complementarity:

- Lexical prior ensures recall. Variants without
lexical auxiliary tasks (Text Aux. + Adv.) show
the lowest recall for Readable (64.00%) and Chal-
lenging (46.11%), indicating that absolute lexical
difficulty priors are essential for coverage and re-
call.

- Lexical adversarial training controls pre-
cision. Variants retaining lexical adversarial de-
biasing (w/o Text Adv.) achieve high precision
on Readable (72.32%) and Challenging (77.67%),
whereas removing all adversarial components (w/o
Total Adv.) causes precision to drop sharply to
61.93% and 50.25%. This reveals a delicate com-
plementarity: lexical priors secure recall, while
adversarial training refines precision.

Third, for the Difficult category, the T-Aux-only
variant achieves the highest precision (79.45%),
but introducing adversarial training increases recall
(from 79.45% to 82.00%) at the cost of precision
(dropping to 70.91%). The full model achieves a
balanced trade-off. This suggests that absolute text
difficulty priors are highly effective for the Difficult
category, whereas introducing lexical or adversarial
signals may introduce interference, implying that
different difficulty categories may require differen-
tiated modeling strategies.
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Figure 7: Results of the Oversampling Experiment (%).

C.3 Fine-tuning Performance with
Oversampling

To mitigate the class imbalance in our dataset, we
performed oversampling while preserving the orig-
inal training set distribution. Specifically, we ex-
tracted all available Challenging samples (443 in-
stances) and a subset of Difficult samples (253 in-
stances) from the original data pool, increasing
their totals in the training set to 647 and 1,000, re-
spectively. The validation and test sets remained
unchanged. Using Qwen2.5-7B as a representative
model, Figure 7 reports the fine-tuning results.

The oversampled model achieved an overall
accuracy of 82.00% and a macro-F1 of 37.70%,
slightly lower than the original sampling. By cate-
gory, the Easy F1 decreased marginally (91.54% vs.
93.45%), the Readable F1 improved (40.00% vs.
22.63%), while the Difficult F1 dropped substan-
tially (19.28% vs. 42.28%), and the Challenging
class remained largely unrecognizable.

Oversampling did not yield overall improvement
and even degraded performance on certain cate-
gories, particularly Difficult. Two factors may ex-
plain this: (1) The Challenging class still lacks suffi-
cient absolute sample size, and the duplicated sam-
ples introduced by oversampling provide no new
semantic information; (2) The semantic boundary
between Challenging and Readable is inherently
ambiguous, which mere sample augmentation can-
not resolve. These findings suggest that the con-
straints of data imbalance on model performance
stem not only from sample quantity but also from
class separability. Future work may explore data
augmentation or active learning strategies to se-

lectively collect more discriminative samples for
minority classes.
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Zero-shot Prompt Template

You are an expert in International Chinese Language Education.

Text levels range from 1 to 7 (1 = easiest, 7 = hardest), indicating
the overall linguistic complexity of the context in which the target word
appears and the proficiency level of the target reader. Note that the
same word may pose different levels of difficulty to learners at different
proficiency levels.

Target word: {target_word}
Context: {context}
Text level: {text_level}

Please determine the comprehension difficulty of the word for learners at
Level {text_level}.

Difficulty definitions:

- Easy: The word is far below the learner’s current level and poses no
comprehension barrier.

- Readable: The word falls within the learner’s expected vocabulary range
and can be understood without assistance.

- Challenging: The word is slightly above the learner’s current level and
may require contextual inference or minimal explanation.

- Difficult: The word is far above the learner’s current level and poses a
significant comprehension barrier even with contextual support.

Output only one word: Easy / Readable / Challenging / Difficult

Table 11: Zero-shot prompting template.
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Few-shot Prompt Template (Example)

[Example 1]
Target word: scenic spot
Context: China has a vast territory with beautiful landscapes. Across this
expansive land, thousands of scenic spots are scattered. Each scenic spot
has its own historical anecdotes, and each scenic area has its own legendary
stories.
Text level: 7
Answer: Easy

Three additional examples (Readable, Challenging, Difficult) follow the same format.

Table 12: Few-shot prompting template (example).

Chain-of-Thought Prompt Template (Example)

[Example 1]
Target word: scenic spot
Context: China has a vast territory with beautiful landscapes. Across this
expansive land, thousands of scenic spots are scattered. Each scenic spot
has its own historical anecdotes, and each scenic area has its own legendary
stories.
Text level: 7
Reasoning:
1. Word complexity assessment: "scenic spot” is an intermediate-level word.
2. Text difficulty assessment: Level 7 is for advanced learners.
3. Matching analysis: Intermediate word + advanced text -> word difficulty
below text level.
4. Overall judgment: For advanced learners, this word poses no comprehension
barrier.
Answer: Easy

Three additional examples (Readable, Challenging, Difficult) follow the same format

with corresponding reasoning.

Table 13: Chain-of-Thought prompting template (example).
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