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Abstract

Vocabulary difficulty prediction aims to estimate
how difficult a word is for a learner. This is an im-
portant problem because word difficulty is shaped
not only by the word itself, but also by the learner’s
background and the context in which the word ap-
pears. In this work, we predict continuous diffi-
culty scores for English target words using learner-
specific information. Our approach combines a
fine-tuned DeBERTa v3 Large model with a Cat-
Boost regressor trained on transformer-based em-
beddings. The final score is produced through
weighted ensembling, where DeBERTa provides
the main prediction and CatBoost adds a smaller
complementary signal. Our final system achieved
RMSE scores of 1.040 for Spanish, 0.992 for Ger-
man, and 0.882 for Chinese. The results were also
stable across multiple runs, showing that the model
behaved consistently under small changes in en-
semble weight. These findings show that a simple
hybrid system can provide reliable performance for
vocabulary difficulty prediction. They also suggest
that combining strong contextual representations
with a lightweight regression model is an effective
way to model learner-sensitive word difficulty.

1 Introduction

The prediction of the difficulty of a word to a
learner is a significant aspect of language educa-
tion, as vocabulary knowledge determines reading
comprehension, assessment results, and learning
materials design (Zhang and Lu, 2025). Practically,
though, word difficulty is not fixed. It is not only
based on the word itself, but also on the linguistic
background of the learner and the context in which
the word is introduced (Felice and Skidmore, 2026).
This makes vocabulary difficulty prediction both
educationally meaningful and technically challeng-
ing.

Consequently, there is an increasing interest in

constructing NLP models that are capable of pre-
dicting learner-sensitive difficulty scores in a con-
sistent and scalable manner (Kapoor et al., 2026).
Recent work has also started to examine vocabu-
lary test item difficulty prediction with transformer-
based models, showing that such architectures pro-
vide a strong recent baseline for this task (Skidmore
et al., 2025). Even though transformer-based mod-
els have become the standard option in most NLP
tasks, their usage in vocabulary difficulty predic-
tion still raises practical concerns (Li et al., 2025).
Predicting word difficulty is not only about under-
standing the general meaning of the word and its
context. The system must capture small differences
between words and project them to a continuous
score that indicates learner difficulty. This compli-
cates the task compared to many traditional text
classification problems and implies that the final
prediction step should be given as much attention
as the transformer model itself (Li et al., 2025).

In this paper, we present our system submis-
sion to the BEA 2026 Shared Task on Vocabu-
lary Difficulty Prediction for English Learners (Fe-
lice and Skidmore, 2026). Our approach com-
bines DeBERTa v3 Large and CatBoost in a hy-
brid prediction framework. DeBERTa serves as
the main contextual model, while CatBoost uses
transformer-based features to provide an auxil-
iary prediction signal. The final score is obtained
through weighted ensembling. This design allows
the system to produce a more reliable estimate
of vocabulary difficulty than a transformer-only
model, especially when the task depends on small
lexical differences and learner-specific context.

The rest of the paper is structured in the follow-
ing way. We describe the data and the evaluation
setting first. Then we consider the previous work
that is the most related to our work. Then, we
describe our methodology, which consists of pre-
processing, DeBERTa fine-tuning, the CatBoost
component, and the final ensemble strategy. Then
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we show the results and compare the various mod-
els and submitted runs. We end with a discussion of
the broader lessons from this study and directions
for future research.

2 Shared Task Data and Evaluation

The shared task focuses on vocabulary difficulty
prediction for English learners. In this task, the sys-
tem is given an English target word together with
learner-related information, and it must predict a
continuous difficulty score for that word. The data
are provided separately for three learner groups
based on their first language: Spanish, German,
and Mandarin Chinese.

Each example includes information about the
target word and the prompt shown to the learner. In
our system, these fields are not treated as separate
inputs. Instead, the selected text components are
combined into one input sequence, and the target
word is explicitly marked inside the context before
the text is passed to the model. This preprocessing
step helps the model focus on the target item while
still using the surrounding learner-specific context
(See Table 1).

The dataset is divided into training, development,
and test splits for each language group. In our
experiments, each L1 contains 6,091 training in-
stances, 677 development instances, and 748 test
instances see Table 2. The training and develop-
ment sets include the gold difficulty scores, while
the test set is used for blind evaluation.

System performance is measured mainly with
root mean squared error (RMSE). This is the main
metric used to compare systems and determine their
ranking. RMSE is defined as:

N
1
RMSE = , | — = )2,
N;:l(y ()

where y; is the gold difficulty score, y; is the pre-
dicted score, and N is the number of test items. A
lower RMSE means better performance because
it shows that the predicted scores are closer to the
reference scores.

This dataset is useful for the task because it al-
lows the model to learn from both the target word
and the learner-specific context. It also enables
comparison of how vocabulary difficulty varies
across Spanish, German, and Mandarin Chinese
learners, rather than treating all learners as a single

group.

Field Description Example

item_id Unique identifier for 9
each item

L1 Learner first es
language

en_target_

word English target word capacity

en_target_

pos Part of speech of the noun
target word

en_target_

clue Partial clue forthe  c_______
target word

L1_source_

word Source cue / cabida
translation

L1_context Learner L1 context short Spanish

prompt
GLMM
_score Gold difficulty score -1.727

in labelled data

Table 1: Main fields used in the shared task dataset,
illustrated with a Spanish labelled example.

3 Literature Review

Recent work on difficulty prediction has moved in
two closely related directions: item difficulty mod-
eling from assessment content and text difficulty
modeling for language learners.

Kapoor et al. (2026) study item difficulty pre-
diction for reading comprehension items using a
repository built from standardized tests. Their work
shows that difficulty depends on more than the
question text alone. They annotate items with lin-
guistic, test, and context features, and then com-
pare these with LLM-based embeddings. Their
results show that the best performance comes from
combining these sources of information, while text
analysis features and LLM embeddings perform
similarly when used on their own. This suggests
that interpretable linguistic features still remain
useful even when modern embedding methods are
available.

A related line of work focuses more directly on
text difficulty for second language learners. Zhang
and Lu (2025) align English text difficulty with
CEFR levels for L2 readers and show that lexical,
syntactic, and discoursal features can be used to
classify texts effectively. Their findings are espe-
cially relevant because they show that text difficulty
is not explained by traditional readability formulas
alone. Instead, features such as age of acquisition,
lexical decision time, mean length of T-unit, aca-
demic vocabulary, and complex nominals play an
important role. They also show that the features
that separate lower proficiency levels are not ex-

1107



item_id L1 en_target_ word L1_source_word L1_context
6782 Spanish luck suerte Te deseo suerte con tu nuevo trabajo
6771 German herd Herde Die Viehherde graste auf der Weide
6772  Chinese harm %, ME IXRIH A FEA -

Table 2: Tllustrative examples showing the dataset format for Spanish, German, and Mandarin Chinese learners.

actly the same as those that matter at higher levels.

Lietal. (2025) examine item difficulty modeling
with fine-tuned small and large language models.
Their results show that fine-tuned small models
such as BERT and RoBERTa remain very compet-
itive, and that careful data augmentation can im-
prove prediction further. In contrast, larger autore-
gressive models and prompting-based approaches
are less effective in their setting, mainly because
the task is constrained by small training data and
imbalanced difficulty distributions. Their work is
important because it shows that stronger results
do not always come from using larger models, but
from matching the modeling strategy to the struc-
ture of the task.

This shared task also builds on a longer line of
work on lexical complexity and simplification. Ear-
lier shared tasks, such as SemEval 2016 on Com-
plex Word Identification and the BEA 2018 mul-
tilingual CWI task, treated the problem mainly as
deciding whether a word is difficult for a reader
(Paetzold and Specia, 2016; Yimam et al., 2018).
Later tasks moved closer to graded prediction, es-
pecially SemEval 2021 Task 1 on Lexical Com-
plexity Prediction, while the BEA 2024 MLSP
shared task connected lexical complexity with mul-
tilingual simplification pipelines (Shardlow et al.,
2021, 2024). Compared with these earlier set-
tings, the present task focuses more directly on
learner-specific vocabulary difficulty by taking the
learner’s first language and contextual information
into account.

Taken together, these studies suggest that diffi-
culty prediction benefits from three broad ideas:
the use of learner- or task-relevant linguistic fea-
tures, the inclusion of contextual information when
available, and the careful choice of modeling archi-
tecture rather than relying only on model size. Our
work follows this direction by combining a strong
contextual encoder with a separate regression com-
ponent, aiming to capture both contextual meaning
and structured variation in the prediction of vocabu-
lary difficulty. In particular, the transformer model

provides the main contextual representation of the
target word, while the regression branch offers an
additional signal derived from dense embedding
features. This design keeps the system simple, but
still allows it to combine information from comple-
mentary sources.

4 Methodology

Our system combines a fine-tuned transformer
model with a second-stage regression model built
on dense embedding features. The main predic-
tive signal comes from DeBERTa v3 Large (He
etal., 2021), which is fine-tuned separately for each
learner group. In parallel, we extract feature rep-
resentations from DeBERTa and XLM-RoBERTa
(Conneau et al., 2020) and use them as input to a
CatBoost regressor (Prokhorenkova et al., 2018).
The final prediction is obtained by combining the
transformer score and the CatBoost score through
weighted averaging. Figure 1 shows a high-level
view of the workflow.

4.1 Preprocessing and Feature Extraction

The input to the transformer is created by combin-
ing several text fields defined in the model con-
figuration file. During preprocessing, these fields
are merged into a single sequence in a fixed order,
separated by the tokenizer’s separator token when
available. The target word is explicitly marked in-
side the context by surrounding it with special tags,
<t> and </t>. This design means that the model
does not process the target word in isolation. The
remaining unused columns are removed during pre-
processing.

For both models, we used an identical set of
input features: the L1 source word, L1 context,
English part of speech, English clue, and English
target word. To support the second-stage regres-
sion model, we extract dense vector representations
from two pretrained transformers: DeBERTa v3
Large and XLM-RoBERTa Large. The embedding
script loads a tokenizer and base transformer model
for each encoder, applies tokenization with padding
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Official BEA 2026 data
Train / Dev / Test

|

Preprocessing
Merge task fields and mark the target word
in learner-aware input text

l

Fine-tune DeBERTa v3 Large Extract sentence embeddings
separately for each learner group from DeBERTa and XLM-RoBERTa

| |

[ DeBERTA predictions [ Train CatBoost regressor J

on concatenated embeddings

l

Weighted ensemble CatBoost predictions J
9 = 0.90 YpeBERT2 + 0.10 FeaBoost
9 = 0.92 Ypeperta + 0.08 JeaBoost
9 = 0.88 UpeBERT2 + 0.12 JcaBoost

l

Final submission files
for ES, DE, and CN

Figure 1: Workflow of the proposed system. DeBERTa
v3 Large serves as the main prediction model, while a
CatBoost regressor is trained on sentence embeddings
extracted from DeBERTa and XLM-RoBERTa. The fi-
nal prediction is obtained through weighted ensembling.
The figure reports the main ensemble setting, 0.90/0.10,
together with the two additional weight configurations,
0.92/0.08 and 0.88/0.12, explored in our submitted runs.

and truncation, and then computes a sentence-level
representation using mean pooling over the last
hidden states.

4.2 Experimental Design

The transformer component is trained using the
Hugging Face Trainer APL' Tokenization is per-
formed after preprocessing, with truncation applied
to the combined input text. Training is carried out
with epoch-based evaluation, epoch-based check-
pointing, and selection of the best model at the end
of training.

DeBERTa, short for Decoding-enhanced BERT
with Disentangled Attention, is a transformer-based
encoder that models content and positional infor-
mation separately. This design helps the model
capture fine contextual differences more precisely,
which is especially useful in vocabulary difficulty
prediction where small lexical and contextual cues
matter. We trained the DeBERTa model for each
language using 6 epochs with a batch size of 16,
a learning rate of 2e-5, and a warmup ratio of 0.1.
The weight decay was set to 0.1 for Spanish and
Chinese, and 0.0 for German. We kept these set-
tings because they provided a stable training pro-

"https://huggingface.co/docs/transformers/mai
n_classes/trainer

cess and gave the strongest development perfor-
mance in our experiments, while still keeping the
setup simple and consistent across the three learner
groups.

In our final submission, DeBERTa v3 Large
serves as the main neural model. Its role is to
learn a direct mapping from the learner-aware input
representation to the target difficulty score. Since
the model is trained separately for each learner
group, it can adapt to differences across Spanish,
German, and Mandarin Chinese learners without
mixing the three data distributions during infer-
ence. CatBoost is a gradient boosting regressor
designed to model continuous values from struc-
tured feature representations. In our system, it
serves as a second-stage model over embedding-
based features and provides an auxiliary prediction
that complements the main transformer output. Ad-
ditionally, the CatBoost stage uses concatenated
DeBERTa and XLM-RoBERTa embeddings as its
input features. For each learner group, the code
loads the embedding arrays, concatenates the two
representation spaces, and fits a CatBoostRegressor
using the training labels from the official training
split. The model is trained with RMSE as the loss
function, 2000 boosting iterations, a learning rate
of 0.03, and a tree depth of 6. The CatBoostRe-
gressor operates on fixed embedding vectors and
contributes an auxiliary score that complements
the main DeBERTa output. This is useful because
the final regression problem may involve nonlinear
interactions in the representation space that are not
fully exploited by a standard transformer regression
head.

The final prediction is obtained by combining the
DeBERTa score and the CatBoost score through
weighted averaging. Before combining the two
files, the code checks that the item_id ordering
matches exactly. The final prediction is then com-
puted as:

Ufinal = @ YpeBERTa + (1 — @) YcaBoost, (1)

where « is the weight assigned to the DeBERTa
prediction. For the main run, we used:

gﬁnal =0.90 yDeBERTa +0.10 yCatBoost' (2)

We also generated two additional runs using
nearby weights, namely 0.92/0.08 and 0.88/0.12, to
test whether small changes in the ensemble balance
would improve stability or final performance (See
Table 4). The script uploaded here corresponds to
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the run with weights 0.88 and 0.12, but the same
logic was used for all three submitted runs.

5 Results

This section presents the performance of the mod-
els explored in our experiments and compares them
with the final ensemble system. We first report the
development results of the main transformer mod-
els that were considered during model selection.
We then present the official results of the three
submitted ensemble runs, which were obtained by
combining DeBERTa v3 Large and CatBoost with
slightly different weights.

5.1 Transformer Models

Table 3 compares the three main transformer set-
tings that were examined during development:
XLM-RoBERTa Base, XLM-RoBERTa Large, and
DeBERTa v3 Large. The results show a clear and
consistent pattern across all three learner groups.
XLM-RoBERTa Large improved substantially over
XLM-RoBERTa Base, which suggests that in-
creased model capacity was useful for this task.
However, the strongest results were obtained with
DeBERTa v3 Large in every language.

The advantage of DeBERTa was especially
clear in Chinese, where it reached the lowest
RMSE among the three transformer settings. The
same trend also appeared in Spanish and German.
This consistent improvement made DeBERTa the
strongest candidate for the main prediction branch
of the final system.

Model L1 RMSE | Pearson 1
XLM-RoBERTa Base  Spanish ~ 1.380 0.708
XLM-RoBERTa Base German  1.383 0.710
XLM-RoBERTa Base Chinese  1.227 0.711
XLM-RoBERTa Large Spanish  1.161 0.828
XLM-RoBERTa Large German  1.153 0.824
XLM-RoBERTa Large Chinese  1.061 0.820
CatBoost Spanish 1.737 0.423
CatBoost German  1.698 0.375
CatBoost Chinese  1.464 0.499
DeBERTa v3 Large Spanish  1.021 0.854
DeBERTa v3 Large German  1.059 0.838
DeBERTa v3 Large Chinese  0.925 0.841

Table 3: Development set results of the main trans-
former models across the three learner groups. Lower
RMSE and higher Pearson indicate better performance.

5.2 Final Ensemble

We submitted three runs with nearby weight set-
tings. The main run used a weight of 0.90 for
DeBERTa and 0.10 for CatBoost. Two additional
runs, 0.92/0.08 and 0.88/0.12, were included to test
whether a small change in the ensemble balance
would improve the final performance. The results
are shown in Table 4.

Run Weights (D/C) Spanish German Chinese
Run 1 0.90/0.10 1.040 0.992 0.883
Run 2 0.92/0.08 1.040 0.993 0.882
Run 3 0.88/0.12 1.041 0.992 0.885
Best Model -/- 0.903 0.885 0.776

Table 4: Official RMSE results of the three submitted
ensemble runs, compared with the best model submitted
in the shared task. D/C denotes the weights assigned to
DeBERTa and CatBoost, respectively. Lower values are
better.

The final ensemble results were very close across
the three runs. This is consistent with the devel-
opment results, where DeBERTa was already the
strongest standalone model.

6 Discussion

The gap between the standalone DeBERTa model
and the final ensemble is much smaller. This is
also an important finding. It suggests that most
of the predictive signal already comes from De-
BERTa, while CatBoost provides a limited but use-
ful correction. The small differences across the
three submitted ensemble runs support the same
interpretation. If the gains had been random, the
relative order of the runs would likely have varied
more sharply across languages. Instead, the scores
remain very close, which points to a stable sys-
tem with a fairly fixed error profile (See Table 4).
Overall, the results show that the final system ben-
efited more from a strong contextual encoder than
from aggressive reweighting in the ensemble stage.
The submitted runs confirmed that the proposed
hybrid approach was stable across languages, with
the strongest final performance observed for Chi-
nese and the most difficult condition appearing in
Spanish.

A likely explanation for the gap between the
weaker models and the final model is the way they
represent lexical information. Vocabulary difficulty
prediction is not only a matter of general sentence
meaning. The model must detect subtle differences
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in target-word usage, clue structure, and learner-
specific context, then map that information to a con-
tinuous score. Smaller or less task-suited encoders
may capture broad semantic information, but they
are more likely to smooth over the fine distinctions
that matter in this setting. DeBERTa appears to
reduce this problem, and the CatBoost component
adds a second decoding layer over dense embed-
dings, which helps recover some structured pat-
terns that may be missed by a simple transformer
regression head.

From a hypothesis-testing perspective, several
item-level factors are worth examining in future
work. The first is word length, since longer words
may be more morphologically complex and there-
fore harder both for learners and for the model. The
second is frequency, because rare words are usually
more difficult and may also be less well represented
in pretrained models. The third is part of speech,
as verbs, adjectives, and abstract nouns may not
behave in the same way. A fourth factor is context
dependence: some words can be understood from
the clue alone, while others require close reading
of the full prompt. These factors are promising be-
cause they offer a concrete way to test whether the
model’s residual errors are concentrated in specific
lexical categories rather than distributed randomly
across the dataset.

7 Conclusion

In this paper, we have shown that combining De-
BERTa v3 Large with a CatBoost regressor trained
on embeddings extracted from DeBERTa v3 Large
can provide good estimates of the difficulty of tar-
get English words and incorporate additional user-
specific data into consideration. Among the trans-
formers examined in the course of our study, De-
BERTa v3 Large showed the best performance on
its own, outperforming XLM-RoBERTa Base and
XLM-RoBERTa Large in Spanish, German, and
Chinese. The presented ensemble confirmed the
stability of a simple linear combination of an ef-
fective contextual language model and a relatively
lightweight machine learning model. We showed
that the effectiveness of the system is largely de-
pendent on the system’s ability to capture subtle
lexical and contextual information about the given
input. Second, the improvement comes not merely
from increasing the size of the system or adding
layers, but from the careful integration of comple-
mentary signals in the process. In our case, the

main power was provided by DeBERTa, whereas
CatBoost added a minor correction that improved
predictions. The small gap between the submitted
runs shows that the system was relatively stable in
spite of changing ensemble weights.

However, there are also several important limi-
tations. While Chinese was the most successfully
predicted language, Spanish was the most difficult
one, indicating that the link between the learner,
contextual information, and word difficulty may
be differently tractable across learner populations.
An important direction of future research would
consist of analyzing errors at the level of individ-
ual items in order to find out whether additional
explicit lexical features help in the predictions.
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