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Abstract

Controlling text difficulty is crucial for adapt-
ing texts to individual language learners. Ex-
isting controllable text simplification methods
condition generation on discrete proficiency-
level tokens, treating these levels as indepen-
dent categories. As a result, they fail to capture
the ordinal structure of language proficiency
and cannot provide fine-grained control beyond
predefined levels. To address this limitation, we
propose a continuous difficulty control method
that adjusts simplification difficulty by editing
the norm of a conditioning embedding derived
from the input sentence semantics. The embed-
ding is incorporated into the transformer de-
coder through attention-based conditioning, en-
abling continuous control over output difficulty
while modeling ordinal relationships across
levels. Unlike token-based approaches, our
method supports interpolation between profi-
ciency levels and flexible control over edit mag-
nitude. Experiments on controllable text sim-
plification benchmarks demonstrate improved
difficulty controllability, simplification quality,
and sentence difficulty estimation performance.

1 Introduction

Text simplification (Alva-Manchego et al., 2020b)
rewrites complex text into simpler forms while pre-
serving its original meaning, with the goal of im-
proving readability for target readers. This tech-
nique is useful for assisting people with apha-
sia (Carroll et al., 1998) and developing chil-
dren (De Belder and Moens, 2010) to compre-
hend texts. We focus on text simplification for
language learning and education, aiming to sup-
port learners (Petersen and Ostendorf, 2007) and
teachers, e.g., by adjusting text difficulty based
on students’ language proficiency. In this context,
controlling difficulty levels is crucial, which has
been actively studied in recent years (Scarton and
Specia, 2018; Nishihara et al., 2019; Yanamoto
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Higher sea levels will change when, where 
and how waves break against the coast.

Higher sea levels will change how waves 
break against the coast.
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Figure 1: Our method controls the difficulty in simplifi-
cation by scaling the norm of the level representation.

et al., 2022). These previous studies achieved con-
trollability by prepending a discrete special token
representing the target difficulty level to an input
sentence. However, these token-based approaches
do not explicitly model the ordinal relationships
among proficiency levels, making it difficult to
achieve smooth transitions in simplification dif-
ficulty or fine-grained control beyond predefined
levels. Moreover, the existing design inherently
limits difficulty control to discrete levels, preclud-
ing continuous or fine-grained control.

To enable continuous and ordinal difficulty con-
trol, we seek a conditioning mechanism whose rep-
resentation can be smoothly adjusted during infer-
ence. We propose controlling difficulty through the
norm of a shared embedding conditioned on the
input sentence semantics. Our method prepends a
shared token, [Lv], to the input sentence, allowing
the encoder to produce a representation reflecting
both sentence semantics and difficulty. The norm
of this conditioning representation corresponds to
the target difficulty level, as illustrated in Figure 1:
simpler sentences yield smaller norms, while more
difficult sentences yield larger ones. By editing
the norm during inference, the model can continu-
ously adjust output difficulty levels. The decoder at-
tends to this representation while generating simpli-
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fied text, naturally modeling ordinal relationships
among proficiency levels and enabling fine-grained
control over edit magnitude. We adopt the Com-
mon European Framework of Reference for Lan-
guages (CEFR),1 an international standard for de-
scribing language proficiency levels. Because dif-
ficulty is controlled through continuous norm ma-
nipulation, the proposed method enables smoother
transitions in output difficulty across CEFR levels.

Our motivation is based on an architectural intu-
ition that the norm provides a continuous scalar that
can be varied while preserving the embedding di-
rection, thereby enabling interpolation. Our experi-
ments provide empirical evidence supporting this
design. We evaluate the proposed method under
two tasks: difficulty estimation (Arase et al., 2022)
and difficulty control (Scarton and Specia, 2018).
Experimental results revealed that the proposed
method achieves superior control of difficulty lev-
els to existing methods. In addition, detailed anal-
ysis confirms that our method enables smoother
and more fine-grained difficulty control than exist-
ing methods. Furthermore, the proposed method
outperforms recent LLM-based approaches (Llama
Team, 2024) with a substantially smaller BART
model (Lewis et al., 2020). Resources related to
this work are available online.2

The contributions of this study are threefold:

• We propose a norm-based conditioning
method for controllable text simplification
that explicitly models the ordinal structure of
CEFR proficiency levels and enables continu-
ous difficulty control.

• We demonstrate that editing the conditioning
norm enables smooth interpolation of simpli-
fication difficulty beyond discrete levels.

• Experimental results show that the proposed
method improves difficulty controllability and
simplification quality while using substan-
tially fewer parameters than recent LLM-
based approaches.

2 Related Work

Text simplification (Nisioi et al., 2017; Zhang and
Lapata, 2017; Zhao et al., 2018; Maddela et al.,

1https://www.coe.int/en/web/
common-european-framework-reference-languages

2https://github.com/EhimeNLP/
continuous-difficulty-control

2021) is commonly formulated as a sequence-to-
sequence transformation, analogous to monolin-
gual machine translation, where edit operations on
lexical and grammatical structures are acquired by
training on a parallel corpus of complex-simple sen-
tence pairs (Coster and Kauchak, 2011; Xu et al.,
2015; Kajiwara and Komachi, 2016; Zhang and
Lapata, 2017; Jiang et al., 2020). More recently,
LLMs have demonstrated strong performance in
simplification (Kew et al., 2023), outperforming
the previous state-of-the-art in general text simpli-
fication (Martin et al., 2022). However, they suffer
from precise control of simplicity and tend to gen-
erate overly complex words (Wu and Arase, 2025).

There has been a series of studies that aim to
achieve mechanistic control of simplification pro-
cess. These studies control edit operations, i.e.,
addition, deletion, and replacement of tokens (Ka-
jiwara, 2019; Dong et al., 2019; Mallinson et al.,
2020; Omelianchuk et al., 2021; Agrawal et al.,
2021; Zetsu et al., 2022, 2024) typically using lex-
ically constrained decoding techniques (Hokamp
and Liu, 2017; Lu et al., 2022). There have been
also studies that control stylistic features of out-
puts, such as sentence length or syntactic struc-
tures (Sheang and Saggion, 2021; Martin et al.,
2020, 2022; Agrawal and Carpuat, 2023).

For aiding language learning and education, con-
trol of sentence difficulty is crucial. Scarton and
Specia (2018) first addressed the control of out-
put sentences’ difficulty by prepending a special
token that represents the target difficulty to an in-
put. Nishihara et al. (2019) improved this approach
by encouraging generating words that frequently
appear in a target difficulty level. Yanamoto et al.
(2022) employed reinforcement learning using re-
wards on target and estimated difficulty levels of
output sentences. Li et al. (2025) also conducted
reinforcement learning on LLMs, which achieved
difficulty control without a parallel corpus by har-
nessing the strong language generation ability of
LLMs. In these previous studies, difficulty levels
are treated as independent and discrete variables
without interactions within.

Nonetheless, none of these methods incorporates
a mechanism to model ordinal relationships among
difficulty levels. This limitation hinders continuous
and smooth difficulty control in text simplification,
which may lead to suboptimal performance.
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Figure 2: Model architecture (Left: training on difficulty estimation; Right: training on difficulty control).

3 Proposed Method

Our method is built on a transformer-based
encoder–decoder architecture, specifically the pre-
trained BART model (Lewis et al., 2020), chosen as
a well-established encoder–decoder model to iso-
late the effect of the proposed method from differ-
ences in model architecture, scale, or pre-training.
The encoder–decoder architecture provides a nat-
ural mechanism for explicitly conditioning gen-
eration through editable encoder representations,
which aligns well with our norm-based difficulty
control framework. Each input is prepended a spe-
cial token, [Lv], which serves as a shared level
representation in the model. We then perform two-
stage fine-tuning (Figure 2): (1) learning to repre-
sent sentence difficulty as the norm of the level rep-
resentation, and (2) learning to generate simplified
sentences conditioned on the level representation
whose norm indicates the desired difficulty.

3.1 Training of CEFR Level Representation

The first fine-tuning aims to train the model so
that its encoder can represent the difficulty level
of a sentence as the norm of level representation
as illustrated in Figure 1. We use N labeled sam-
ples: {(X1, g1), (X2, g2), . . . , (XN , gN )}, where
Xi corresponds to an input sentence and gi ∈ G =
{1, 2, . . . , k} represents ordinal difficulty levels.
CEFR consists of six levels of A1 (corresponds
to the most basic level), A2, B1, B2, C1, and C2
(the most proficient level). We thus assign gi = 1 to
A1 and 6 (= k) to C2, according to their ordinal re-
lationships. We assume the linear spacing of CEFR
levels for simplicity, which has been empirically
worked out (Arase et al., 2022). Further investiga-

tion of relations among CEFR levels constitutes our
future work. Note that this first fine-tuning does not
require any parallel corpus for text simplification.
It only uses CEFR level-annotated sentences.

The first-stage training is formulated as a multi-
task auto-encoding framework, as illustrated on the
left side of Figure 2, with two objectives. The first
objective is learning to represent difficulty levels as
norms. For each input sentence and difficulty level
pair (Xi, gi), the encoder is trained so that the norm
of the level representation ĝi := ||h[Lv]||, generated
by the encoder from Xi, matches gi. The loss
function is the mean-squared error (MSE) between
gi and ĝi:

Lg =
1

N

N∑

i=1

(gi − ĝi)
2. (1)

The second objective is the standard auto-
encoding. The decoder is trained to reconstruct
the input sentence, from the encoder’s hidden out-
puts Hi = {h[Lv],h1, . . . ,h|Xi|} generated from
the input Xi = {[Lv], x1, . . . , x|Xi|}. The loss
function is cross-entropy:

Lc = − 1

|Xi|

|Xi|∑

m=1

log p(xm|x<m,Hi). (2)

The overall loss function is weighted sum of
Lg (Equation (1)) and Lc (Equation (2)) with a
hyperparameter α tuning the training priority.

L = Lg + αLc (3)

3.2 Training on Difficulty Control
As shown in Figure 2 right, the second fine-tuning
learns to simplify the input sentence, attending
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to the scaled level representation that presents
the desired difficulty level. This training uses a
parallel corpus annotated with difficulty levels:
{(X1, g1, Y1, t1), . . . , (XM , gM , YM , tM )} where
Xi is the input of level gi ∈ G and Yi is the refer-
ence sentence of target level ti ∈ G (ti < gi).

The encoder generates the hidden outputs Hi

from an input (complex) sentence Xi. Then we
scale the level representation h[Lv] to match the
target level ti:

h′
[Lv] = h[Lv] ·

ti
||h[Lv]||

. (4)

Then, the hidden outputs with scaled level repre-
sentation H′

i = [h′
[Lv],h1, . . . ,h|Xi|] are input to

the decoder to generate a simplified sentence. The
loss function is the standard cross-entropy:

Ls = − 1

|Yi|

|Yi|∑

m=1

log p(ym|y<m,H′
i). (5)

We also conduct multi-task learning as in Sec-
tion 3.1 using Equation (1) to preserve the en-
coder’s ability to represent difficulty as the norm.
The overall loss function is

Lf = Lg + βLs, (6)

where the hyperparameter β tunes the balance.

4 Evaluation Dataset & Implementation

4.1 Dataset

For training our model, we employ two datasets,
CEFR-SP (Arase et al., 2022), which annotates
CEFR levels to English sentences, and Newsela-
Auto (Jiang et al., 2020), the standard parallel cor-
pus for text simplification. We used the official
training, validation, and test splits for both datasets.

CEFR-SP dataset was used for the training on
difficulty level representation (Section 3.1). While
the CEFR-SP dataset has two difficulty labels for
each sentence by two annotators, the average value
of both labels was used as the difficulty label of the
corresponding sentence.

Newsela-Auto, a parallel corpus of English news
articles, was used for the training on difficulty con-
trol (Section 3.2). The original Newsela-Auto as-
signs grade levels to each document. Therefore,
in this experiment, the sentence-level CEFR was
estimated and assigned to Newsela-Auto parallel

Train Valid Test

CEFR-SP 13,990 1,843 1,660
Newsela-Auto 96,085 12,203 12,388

Table 1: The numbers of sentences in our datasets.

MAE RMSE

(Arase et al., 2022) 0.454 0.573
BERT-Regression 0.398 0.503

Ours (Step1) 0.423 0.540
Ours (Step2) 0.401 0.522
Ours (Step1→2) 0.395 0.501

Table 2: Results on the difficulty estimation task. Ours
(Step1) is a variant of the proposed model that only
trains the CEFR level representation (Section 3.1). Sim-
ilarly, Ours (Step2) is a variant of the proposed model
that only trains the difficulty control (Section 3.2). Ours
(Step1→2) is the proposed method.

sentences. Specifically, we employed the sentence-
level CEFR estimator3 released by Arase et al.
(2022). In this process, there were cases where
both complex and simple sentences were assigned
the same CEFR levels. There were also cases where
multiple reference sentences of the same source,
which are supposed to be different grades, were
assigned the same CEFR levels. Therefore, we re-
moved sentence pairs if (a) both complex and sim-
ple sentences of a pair had the same CEFR level
and (b) multiple references of the same source had
the same CEFR levels. This filtering left us paral-
lel sentence pairs whose complex-simple sentences
have distinctive levels and multiple references of
the same source all have different CEFR levels. Ta-
ble 1 shows the number of samples in CEFR-SP
and Newsela-Auto after filtering.

4.2 Implementation Details

We employed the pre-trained encoder-decoder
model BART4 (Lewis et al., 2020) as the base
model to benefit from its pre-training of a large
corpus. The hyperparameters of α and β were both
empirically set to 1.0. Throughout the training of
our method, the batch size was 32, Adam (Kingma
and Ba, 2015) was employed as an optimizer with
a learning rate of 1e-6. Also, early stopping with
three epochs on the validation loss was applied.

3https://github.com/yukiar/CEFR-SP
4https://huggingface.co/facebook/bart-base

14219

https://github.com/yukiar/CEFR-SP
https://huggingface.co/facebook/bart-base


SARI submetrics Meaning Difficulty

SARI add keep del BERTScore MAE

Original 8.28 0.00 24.84 0.00 0.712 1.413
BART 38.26 5.10 31.33 78.33 0.716 0.753
BART+grade 40.27 5.66 34.32 80.82 0.723 0.578

ChatGPT 37.59 4.49 27.89 80.40 0.704 1.213
ChatGPT+grade (FSL) 38.77 4.85 28.81 82.65 0.707 1.073
Llama 38.33 5.23 29.35 80.41 0.702 1.129
Llama+grade (FSL) 40.95 5.98 29.15 87.73 0.713 0.725
Llama+grade (SFT) 38.98 6.34 31.38 79.22 0.717 0.737

Ours (Step1) 8.59 0.00 24.88 0.90 0.712 1.413
Ours (Step2) 40.82 5.65 35.09 81.72 0.723 0.521
Ours (Step1→2) 42.39 5.91 37.39 83.85 0.725 0.491

Table 3: Results on the difficulty control task: The proposed method achieved the best SARI and BERTScore, as
well as the best control of the CEFR levels.

5 Evaluation: Difficulty Estimation

This section employs CEFR-SP to evaluate whether
the norm of the level representation in the proposed
method reliably encodes sentence difficulty. Since
some sentences in CEFR-SP overlap with those in
Newsela-Auto, we excluded sentences that appear
in the Newsela-Auto training set. As baseline meth-
ods, we employed an existing method2 (Arase et al.,
2022) as well as a simple regression model on top
of BERT5 (Devlin et al., 2019) trained on CEFR-
SP. The evaluation metrics are mean absolute er-
ror (MAE) and root mean squared error (RMSE)
against the human-annotated CEFR levels.

Table 2 presents the experimental results. The
proposed method achieves lower error than the
baseline models, demonstrating its effectiveness.
Furthermore, our model trained using the two-stage
strategy (Ours (Step1→2)) achieves better perfor-
mance than those trained by individual stages only.
This observation suggests that not only difficulty
estimation but also difficulty control training con-
tributes to improving difficulty representations.

6 Evaluation: Difficulty Control

This section evaluates the performance of the pro-
posed method on controllable sentence simplifica-
tion. We conducted experiments using the prepro-
cessed Newsela-Auto dataset shown in Table 1.

5https://huggingface.co/google-bert/
bert-base-uncased

6.1 Baselines
We compared our method with the baseline that
prepends a special token of the target difficulty
level to the input sentence (BART+grade) (Scarton
and Specia, 2018). As the very basic baseline, we
also evaluate the input sentence without any modifi-
cations (Original) and BART fine-tuning without
a target difficulty level (BART).

In addition, we compared to simplification em-
ploying large language models (LLMs) (ChatGPT6

and Llama7 (Llama Team, 2024)). The LLMs
were used under three settings: zero-shot infer-
ence, in which only task instructions were pro-
vided without any training; few-shot setting, in
which three examples randomly sampled from the
Newsela-Auto training set were included in the
prompt (ChatGPT+grade (FSL) or Llama+grade
(FSL)); and supervised fine-tuning on Newsela-
Auto (Llama+grade (SFT)). The prompts pro-
vided to the LLMs followed Prompt 2 (Alva-
Manchego et al., 2020a; Kew et al., 2023). The
exact prompts and supervised fine-tuning configu-
rations are provided in Appendix A.

6.2 Evaluation Metrics
Existing evaluation metrics for simplification are
primarily designed to assess semantic adequacy
and paraphrasal quality in generated sentences, but
assessing the appropriateness for the target level

6https://platform.openai.com/docs/models/
gpt-3.5-turbo

7https://huggingface.co/meta-llama/
Meta-Llama-3-8B-Instruct
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Figure 3: Performance of difficulty control on different target levels. The x-axis denotes the target difficulty level
while the y-axis shows the corresponding metric scores.

has been out of scope. We conducted a meta-
evaluation of existing metrics to select appropri-
ate metrics for controlled simplification as detailed
in Section 7. Based on the results, we primarily
use SARI8 (Xu et al., 2016) to measure surface-
level similarity to the reference sentences, and
BERTScore9 (Zhang et al., 2020) to assess seman-
tic similarity to the references. In addition, we use
the error (MAE) between the target difficulty level
and the estimated difficulty2 of the output sentence.

6.3 Results

Overall Results Table 3 presents the experimen-
tal results. The proposed method achieves the best
performance across all evaluation metrics, surpass-
ing the LLM-based models. Focusing on the SARI
submetrics (add, keep, and del), Llama+grade
(FSL) exhibits high del scores but underperforms
even the BART baseline in keep, indicating a ten-
dency to excessively delete already simple expres-
sions in the input sentence. In contrast, the pro-
posed method achieves the best results on keep,
which evaluates the preservation of simple expres-
sions in the input, while also shows good perfor-
mance on add and del. Although the proposed
method achieved strong performance even when
trained solely on the second-stage training, combin-
ing it with first-stage training for difficulty repre-
sentation led to improvements across all evaluation

8https://github.com/feralvam/easse
9https://github.com/Tiiiger/bert_score

metrics. These results confirm the effectiveness of
the proposed method for sentence difficulty control.

Performance per Target Level To gain deeper
insights into how each model behaves under differ-
ent target difficulty levels, we analyze BART+grade
and ChatGPT+grade (FSL), Llama (FSL), which
achieved relatively high scores in Table 3. Figure 3
plots the metric scores per target difficulty levels
of {1 (A1), 2, 3, 4 (B2)}. Remarkably, the pro-
posed method consistently outperforms the base-
line methods on more challenging lower target lev-
els (i.e., 1 to 3). The LLM-based models, in con-
trast, achieved higher scores on the level 4.

Distribution of Difficulty Levels Figure 4 shows
the distributions of the estimated difficulties of the
generated sentences per target level, which reveals
whether generated sentences are overly simple or
complex against the target. It confirms that our
method can generate more sentences closer to the
target level in lower levels, particularly on levels of
1 and 2. In contrast, the LLM-based models tend
to generate excessively complex sentences than the
target level. As the target difficulty increases, the
performance gap narrows. It is notable that the
distributions of levels by the LLM-based models
barely change, indicating their insensitivity to the
target difficulty. This finding is consistent with the
previous study that revealed LLMs tend to generate
overly complex words (Wu and Arase, 2025).
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Figure 4: Distributions of the estimated difficulty of generated sentences per target difficulty level. The dashed
vertical line indicates the target level. The x-axis shows the estimated difficulty and the y-axis indicates density.

6.4 Human Evaluation on Controllability

We further conduct a human evaluation to assess
the controllability in simplification levels from
readers’ perspectives.

Settings We randomly sampled 50 sentences
with difficulty levels of g ∈ {5, 6} from our
Newsela-Auto test set. Each sentence was sim-
plified to target difficulty levels of coarse-grained
{4, 3, 2, 1} or fine-grained {4.0, 3.5, 3.0, 2.5}. For
the proposed method, simplifications of intermedi-
ate target levels (e.g., 3.5 and 2.5) are generated by
scaling the norm of the conditioning representation.
In contrast, the baseline methods cannot directly
handle such intermediate levels. Therefore, for
BART+grade, we approximated intermediate tar-
gets by linearly interpolating the corresponding
level embeddings. For the LLM-based baselines,
we specified the intermediate CEFR levels in the
prompts.

Annotation We recruited three annotators on
Amazon Mechanical Turk10 who held the “Master”
qualification. The task was to order four simpli-
fied sentences from the same source by difficulty.11

The inter-annotator agreement was assessed using
pairwise comparisons based on Spearman’s rank
correlation coefficient. As a result, we confirmed
a fairly high agreement rate: on average, 0.918 on
coarse-grained and 0.911 on fine-grained control
tasks, respectively.

Evaluation metrics We compute accuracy (Acc)
and Spearman’s rank correlation coefficient (ρ) be-
tween the human-assessed orders and the intended
difficulties in simplification. The accuracy scores 1
only when the order of assessed levels of generated
sentences are perfectly matched with that of the
target levels, otherwise 0.

10https://www.mturk.com/
11We paid our cloudworkers $12 per hour. This is the recom-

mended rate on Prolific, one of the widely used crowdsourcing
platforms. https://www.prolific.com/pricing
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Discrete Difficulty Control Fine-grained Difficulty Control
→ {4, 3, 2, 1} → {4.0, 3.5, 3.0, 2.5}

Acc ρ Acc ρ

BART+grade 0.380 0.906 0.007 0.802
Llama+grade (FSL) 0.333 0.812 0.053 0.596

Proposed (Step2) 0.467 0.917 0.133 0.852
Proposed (Step1→2) 0.687 0.962 0.387 0.897

Table 4: Human evaluation results (average of scores computed on each annotator)

Sentence Target CEFR

Original Some marine biologists and ocean advocates warn that such a compassion-
laden response is little more than a futile attempt to wrap a Band-Aid on
an oceanwide problem.

5.0

System Some marine biologists and ocean advocates say that such a compassionate
response is little more than a Band-Aid on an oceanwide problem.

4.0

Some marine biologists and ocean advocates say that such a response is
little more than a way to help the ocean.

3.5

Some scientists and ocean advocates say that is not the answer. 3.0
Some scientists and ocean advocates say that is not the case. 2.5

Table 5: Example of fine-grained difficulty control by the proposed method. Lower target difficulty levels lead to
simpler vocabulary and sentence structures in the generated text.

Results Table 4 presents the average accuracies
and correlation coefficients against the three annota-
tors. The proposed method achieves the best scores
on both coarse (left) and fine-grained (right) simpli-
fication. We would remark that our two-stage train-
ing resulted in higher performance than the train-
ing Step 2 alone, providing empirical evidence that
Step 1 contributes to the controllability improve-
ment. In contrast, the comparison methods resulted
in low accuracy on the fine-grained simplification.
This result suggests that discrete-level conditioning
makes it difficult to model fine-grained changes
in target difficulty. The proposed method enables
fine-grained difficulty control through norm edit-
ing, leading to substantially improved performance.
These results provide independent evidence that
the gains of our method are not merely artifacts of
the automatic estimator.

Output Examples Table 5 presents an example:
a level 5 sentence was simplified to the target dif-
ficulties of 4.0, 3.5, 3.0, and 2.5. As the target
difficulty decreases, our method edits the source
sentence more extensively to generate sentences
with simpler vocabulary and structures. These ex-

amples further demonstrate that our method can
appropriately control sentence difficulty based on
norm editing of the level representation.

7 Meta-Evaluation of Evaluation Metrics

Evaluation metrics for controlled text simplifica-
tion should assess not only semantic adequacy with
the input or reference sentence, but also whether
the output sentence is appropriate for the target
difficulty level. Therefore, this section conducts
a meta-evaluation of exisiting evaluation metrics
to see how they can reflect the appropriateness of
simplification outputs in terms of difficulty control.

7.1 Settings

First, we created five sentence sets with equiva-
lent meaning but different difficulty levels from
the Newsela-Auto (Jiang et al., 2020). These five
sentences are sorted in descending order of their
difficulty level. Among these sorted sentences
s = {s1, s2, s3, s4, s5}, we considered the most
complex s1 as the input sentence and simplest s5
as the reference sentence, and automatically evalu-
ated the other three sentences (which are regarded
as outputs from the text simplification model). The
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requirement for an evaluation metric is to assign
lower scores to more difficult sentences (s2) and
higher scores to simpler sentences (s4).

We employed accuracy (Acc), Spearman’s rank
correlation coefficient (ρ), and nDCG (Normal-
ized Discounted Cumulative Gain) to measure the
effectiveness of the existing evaluation metrics:
SARI (Xu et al., 2016), BERTScore12 (Zhang
et al., 2020), LENS13 (Maddela et al., 2023), and
LENS-SALSA14 (Heineman et al., 2023).

7.2 Results

Table 6 shows the results: SARI scored signifi-
cantly higher than the other metrics in all of accu-
racy, Spearman’s rank correlation coefficient, and
nDCG, followed by BERTScore. In contrast, re-
cently proposed metrics, LENS and LENS-SALSA
performed poorly. We conjecture this trend is rele-
vant to the fine-tuning process involved in them.
LENS and LENS-SALSA employ a fine-tuned
model to improve correlation with human judg-
ment of text simplification; however, difficulty lev-
els have been out of scope. This leads to lower
alignment of level appropriateness. Based on these
results, we adopted SARI and BERTScore as the
evaluation metric in our primary experiments.

8 Conclusion

This study proposed a text simplification method
for continuous difficulty control based on CEFR
levels. By controlling difficulty through the norm
of a shared conditioning embedding, the proposed
method models ordinal relationships among pro-
ficiency levels and enables fine-grained control
over output difficulty. Experimental results demon-
strated improved difficulty controllability and sim-
plification quality over existing controllable simpli-
fication and recent LLM-based approaches.

We employed an encoder–decoder architecture
because it naturally supports explicit conditioning
through editable encoder representations, making
it well-suited for norm-based difficulty control. Ex-
tending the proposed framework to more recent
encoder–decoder models and decoder–only LLMs
is an important direction for future work, poten-
tially combining continuous difficulty control with
stronger generation capabilities.

12https://github.com/Tiiiger/bert_score
13https://huggingface.co/davidheineman/lens
14https://huggingface.co/davidheineman/

lens-salsa

Acc ρ nDCG

SARI 0.733 0.953 0.994
BERTScore 0.408 0.841 0.970
LENS 0.226 0.731 0.955
LENS-SALSA 0.142 0.559 0.942

Table 6: Meta-evaluation results of evaluation metrics

Limitations

This study focused on English text simplification
using CEFR-based difficulty control. Therefore,
the effectiveness of the proposed method for other
languages or alternative difficulty frameworks re-
mains unclear.

In addition, our method assumes a linear rela-
tionship among CEFR levels through norm scal-
ing. Although this assumption was effective in our
experiments, more sophisticated formulations of
proficiency-level relationships may further improve
controllability.

Finally, our method was trained using automati-
cally estimated CEFR labels for the Newsela-Auto
corpus. While both automatic and human evalu-
ations demonstrated the effectiveness of the pro-
posed method, errors in difficulty estimation may
affect training quality and controllability. Devel-
oping high-quality parallel corpora with manually
annotated sentence-level difficulty remains an im-
portant direction for future work.
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A Details of LLM Baselines

A.1 Prompts

We used two types of prompts for the LLM-based
baselines. For the models with difficulty control
(+grade), we used the following system prompt:

Please rewrite the following complex
sentence in order to make it easier to
understand by non-native speakers of
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English. You can do so by replacing
complex words with simpler synonyms
(i.e. paraphrasing), deleting unimportant
information (i.e. compression), and/or
splitting a long complex sentence into
several simpler ones. The final simpli-
fied sentence needs to be grammatical,
fluent, and retain the main ideas of its
original counterpart without altering its
meaning.

CEFR (Common European Framework
of Reference for Languages) levels range
from A1 to C2, which correspond to lev-
els 1 to 6. The input sentence begins with
a token indicating the target CEFR level
(for example, <4>). Please generate a
simplified version of the sentence that
is appropriate for the given target CEFR
level.

For the few-shot setting, each demonstration con-
sisted of the following user and assistant messages:

User Complex: <[TARGET]>[SOURCE]
Assistant Simple: [SIMPLIFIED]

For the models without difficulty control, we
used the following system prompt:

Please rewrite the following complex
sentence in order to make it easier to
understand by non-native speakers of
English. You can do so by replacing
complex words with simpler synonyms
(i.e. paraphrasing), deleting unimportant
information (i.e. compression), and/or
splitting a long complex sentence into
several simpler ones. The final simpli-
fied sentence needs to be grammatical,
fluent, and retain the main ideas of its
original counterpart without altering its
meaning.

A.2 Supervised Fine-tuning
For Llama+grade (SFT), we performed supervised
fine-tuning using SFTTrainer with LoRA. The
batch size was 4, the learning rate was 1 × 10−5,
and the number of gradient accumulation steps was
8. The model was evaluated every 500 training
steps. Early stopping with a patience of three eval-
uations was applied, and the checkpoint with the
lowest validation loss was selected. For LoRA, the
rank r was 4, lora_alpha was 8, and the dropout
rate was 0.05.
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