Evaluation and simplification of text difficulty using LLMs
in the context of recommending texts in French

to facilitate lamguage lea\rning
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are collected from various sources, including the in-
ternet, providing a broad range of material for re-

Difficulty Estimation: We estimate the linguistic dif-
‘Ficul‘ty of each text using our CEFR-level preohc‘tion

dation.
Text Simplification: For texts that are too diffi-

model. Only the texts that match the learner’s cur-
rent proFIcIency le,ve,l are considered for recommen-

cult but relevant to the user’s interests, we apply
an automatic text simpli{:Ication model, which re-

duces the linguist?c complexity while preserving mea-

ning, expanding the Pool of available content.
Final Recommendation: After filtering for both to-
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Introduction

We present a comprel«ensjve a\pproacl« to buil-
o(?ng o content recommendation platf:orm de-
signed to assist language learners. Our system
1S cow\(ooseo( of 'Four key components ‘tl«a\t work
together to select, filter, and adjust texts to
match the user’s interests and language profi-
ciency, ultimately facilitating personalized lan-
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Conclusion

guage learning.
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RiSE
By integrating these components, we provide a
power{:ul recommendation sys‘tem that ensures
learners receive engaging and appropriatelc/
cl«a“enging materials, SUlppor‘ting their langua\ge
acc]uisi‘t?on journey with perS,ona\lizeo(, L\igl«-qua\-
litt/ content.
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}I‘“ % pic and difficulty, and simplifying as needed, the
Pl system recommends a curated set of texts tailored
to tl«e user’s interests omo( langua\ge lea\rning goals.
A p
:I N Recommeno(er system

Our system combines content-based and colla-
borative filtering to deliver personalized text

recommendations. Using

LLMs ke BERT and

ADA, we generate rich embeddings for texts and
users, improving the alignment between content
and user preferences. By integrating these em-
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/’ Text Simphﬁcation

We simphﬁeo( texts to align with learners’ proficien-

cy levels wl«?le preserving mean?ng. ’T‘rea‘t?ng siw\ph{zica-

tion as a sequence-to-sequence task, we fine-tuned
n LLM using sentence pairs where each simph{:ieo( sen-

tence is one CEFR level lower than the origimal. with

just 125 sentence pairs for fine-tuning, we signifi-
cantly outperformed zero-shot LLMs. To evaluate

qualitt/, we introduced two metries: s?mpli{zication ac-

beddings into a graph-based model (LightGew), curacy (effective o(I(-Ficultt/ reduction) and seman-
] Difficulty Estimation we Z"L‘“"Ce the V"—"’—V““L:‘e "W‘j “CC“WC‘L/\ Ol{: recom- tic similarity (meaning retention via cosine similarity),
mendations, ensuring t ey o ap‘t to the learner’s Lined . J .
. L . . combin nto a w core. Ou n
We framed automatic text difficulty estimation as evolving language skills and interests ' M’cli\ e;c {:‘ v . Z‘fﬁ'gi' s{:{: re;c‘ lr ef‘f’el—fémet tst
[ . . ’ ow a ne-tun cT\wWVv
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traditional readability metrics adapted to French promciency fevels
(FKGL, GFI, ARI) with logistic regression for class
redictions, and tested various LLMs, including those _ Qimplificati : : _
g . o( 'F. L\ o( t L\ l t 'L\ ‘tlo\ 9‘t [_ (_ Dataset Model Recall@5 Precision@5 Fl1@5 NDCG@5 MRR@5 MAP@5 model fine Simp lification S.enT;lnt.lC Welghted
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6 Topic Classification
To ensure recomw\eno(eo( content W\O\tCL\es learners' n- T sy Embeddings
generation
terests, we o(evelopeo( an automatic top?c classi'ﬁca- accuracy tem Embeddings e
generation i N sers \'\
tion method using LLMs to preo(ict the main ‘topic of model e - |
afe o o . N embedding |
o text. U‘tul‘z;ng a dataset of 1,743 text-label pairs laubertfi 1 Doament 1| =) — | uvM | — A EEEE
from a language learning platform covering 11 cate- Flaubert-fine-tune m ensedn 5 | P
. . GPT-4-turbo-2024-04-09 jDocument2 | = |—> | UM | — [0 Wb Al
gories (World, Travel, Music, ete.), we explore,o( va- — fom L LS
- _ _ _ | embedding ‘;\
rious moo(e,ls, incluo(?ng zero-shot and fine-tuned ap- GPT-40-2024-05-13 foomena | = |7 | WM [EEEEEN-
proaches. By assessing models of different sizes GPT-3.5-turbo-1106 ~ ERRSRUELR [ e T
and architectures, we found that smaller, Fine-tuned Flaubert-pretrained e e |
models speciahzeo( in French outper(:orw\ larger, gene- mDeBERTa  [EER | D

ral-purpose ones n ‘topic preo(ic‘tion accuracy. This
enables our system to eF\Cec’Cively filter and sugges’c
content aligneo( with learners’ declared interests.
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