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Abstract
Noisy training data can significantly degrade the performance of language-model-based classifiers, particularly in
non-topical classification tasks. In this study we designed a methodological framework to assess the impact of
denoising. More specifically, we explored a range of denoising strategies for sentence-level difficulty detection, using
training data derived from document-level difficulty annotations obtained through noisy crowdsourcing. Beyond
monolingual settings, we also address cross-lingual transfer, where a multilingual language model is trained in one
language and tested in another. We evaluate several noise reduction techniques, including Gaussian Mixture Models
(GMM), Co-Teaching, Noise Transition Matrices, and Label Smoothing. Our results indicate that while BERT-based
models exhibit inherent robustness to noise, incorporating explicit noise detection can further enhance performance.
For our smaller dataset, GMM-based noise filtering proves particularly effective in improving prediction quality
by raising the Area-Under-the-Curve score from 0.52 to 0.92, or to 0.93 when de-noising methods are combined.
However, for our larger dataset, the intrinsic regularisation of pre-trained language models provides a strong baseline,
with denoising methods yielding only marginal gains (from 0.92 to 0.94, while a combination of two denoising methods
made no contribution). Nonetheless, removing noisy sentences (about 20% of the dataset) helps in producing a
cleaner corpus with fewer infelicities. As a result we have released the largest multilingual corpus for sentence

difficulty prediction: see https://github.com/Nouran-Khallaf/denoising-difficulty.
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1. Introduction

Modern Natural Language Processing (NLP) meth-
ods, driven by Pre-Trained Language Models
(PLMs) and Large Language Models (LLMs), have
achieved impressive results across a wide range of
tasks. Nevertheless, their performance remains un-
even in non-topical classification tasks, such as pre-
dicting text genre (Rénnqvist et al., 2022; Kuzman
et al., 2023), demographic properties (Kang et al.,
2019), or text difficulty (North et al., 2022). Such
tasks require sensitivity to subtle stylistic, structural,
and syntactic cues rather than reliance on topical
keywords, while LLMs struggle to capture these
linguistic distinctions (Kuzman et al., 2023).

In contrast to topical classification, which ben-
efits from the presence of explicit domain-related
terms, non-topical classification demands that mod-
els identify latent stylistic features and register-level
indicators (Dewdney et al., 2001). Both PLMs and
LLMs can be misled by irrelevant topical content
in these settings (Roussinov and Sharoff, 2023).
Moreover, recent studies demonstrate that larger
generative LLMs such as GPT or LLaMA do not con-
sistently outperform smaller PLMs such as BERT
on text classification tasks (Edwards and Camacho-
Collados, 2024). Accordingly, our experiments fo-
cus on fine-tuning BERT-like PLMs; we do not in-
clude LLM-based classifiers due to their high com-
putational costs and marginal benefits for this task

(see Section 10 for discussion of computational
and ethical considerations).

A major challenge in non-topical classification
tasks lies in the scarcity of high-quality, reliable
training data, especially in multilingual contexts.
Existing datasets frequently suffer from annotation
noise and label inconsistencies. Some of this noise
stems from the variability of crowd-sourced annota-
tions and from the use of document-level difficulty
labels for sentence-level predictions. For exam-
ple, a sentence taken from a Wikipedia article (the
default source of more complex texts in our exper-
iments) may in fact be linguistically simple, while
some sentences from an ostensibly “simple” crowd-
sourced corpus may be structurally or semantically
challenging because of annotation inconsistencies.
This can seriously degrade classifier performance
and obscure genuine cross-lingual trends.

In this study, we systematically analyse the ef-
fects of annotation noise on sentence-level difficulty
classification by exploring a range of denoising tech-
nigues aimed at improving robustness under real-
istic data conditions. With this paper we:

1. identify effective noise reduction methods that
enhance the stability and accuracy of non-
topical classification;

2. evaluate intersection of data points identified
as noise by several noise reduction methods;
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Language | #Docs Wikipedia Vikidia
#Words #Sentences IQR #Words #Sentences IQR

Catalan 179 396,277 16,813 (15, 29) 19,394 1,000 (13, 23)
English 2585 8,281,625 340,924 (16, 29) 424,306 22,462 (13, 22)
Spanish 3875 7,946,169 301,241 (16, 33) 607,990 27,825 (14, 26)
French 33438 | 46,618,143 1,945,046 (15,29) | 6,643,567 320,372 (14, 25)
ltalian 3902 6,790,163 263,271 (16, 32) 537,723 25,202 (14, 26)
Russian 136 334,416 17,618 (13, 22) 10,454 604 (12, 20)

Table 1: Statistics for paired Wikipedia—Vikidia corpora. #Docs is the document count (paired Wikipedia—
Vikidia articles by topic). #Words and #Sentences are totals across all documents in each subset (restricted
to paired topics). IQR gives the inter-quartile range of sentence lengths (in words) in each subset.

3. evaluate the interaction between noise and
cross-lingual transfer, thus providing evidence
for how multilingual PLMs handle noise across
languages; and

4. release a publicly available de-noised multilin-
gual corpus for sentence-level difficulty classifi-
cation, accompanied by all scripts and models
for reproducible experimentation.

2. Dataset

The datasets used in our experiments were sourced
from Vikidia and Wikipedia,' covering multiple lan-
guages, see Table 1. The simple versions have
been crawled from Vikidia,? a website that main-
tains Wikipedia-style content aimed at “children
and anyone seeking easy-to-read content”. The
range of languages in our experiments reflects the
availability of languages in Vikidia and the avail-
ability of annotators for quality control. We have
removed the entries marked as stubs (with little con-
tent at the moment) and collected the correspond-
ing main Wikipedia entries for the respective lan-
guages. Therefore, the documents in our dataset
address exactly the same topics. This removes
topic biases, which often impact non-topical clas-
sification tasks due to unreasonable performance
through just learning the keywords (Roussinov and
Sharoff, 2023). In the end, we have obtained a
document-level resource for text-difficulty detec-
tion. However, our aim is to develop more granular
classifiers on the sentence level. This formulation
introduces noise, since many sentences may be
simple despite their provenance from Wikipedia.
The Inter-Quartile Range (IQR) values in Ta-
ble 1 indicate that the length of most sentences
in either source falls between roughly 13 and 33
words. Across all languages, Vikidia consistently
features shorter sentences, typically 2—-7 words

'The datasets from Wikipedia and Vikidia are avail-
able under the (CC BY-SA) license. Our use aligns with
their intended purpose, with our modifications limited to
preprocessing and data selection.

®https://www.vikidia.org/

shorter. While the documents are paired between
the Wikipedia and Vikidia in each language, the
number of sentences for the classification task is
severely skewed towards more complex examples,
as Wikipedia documents are considerably longer,
leading to having 15 times more complex-labelled
sentences for English and 6 times more for French.

3. Methodology

All of our experiments aim at a binary classification
task: predicting whether a sentence is complex,
i.e., in our definition of complexity, the sentence
is not suitable for inclusion in Vikidia. According
to Table 1 this is the majority class, so a classifier
may naturally produce a high proportion of false
positives (simple sentences predicted as complex)
simply because most sentences are complex and
the prior pushes predictions toward that class: a
degenerate classifier which only predicts the ma-
jority class will achieve about 0.93 F1-Score. A
false negative means a complex sentence is pre-
dicted as simple, which is a critical error in our
scenario. However, allowing false positives means
the classifier unnecessarily flags simple sentences.
To mitigate this, we use the Area Under the ROC
Curve (AUC) as the primary evaluation metric, as it
is less sensitive to class imbalance. For example,
the degenerate classifier which only predicts the
majority class will achieve the AUC score of 0.5,
reflecting the absence of meaningful discrimination
(Li, 2024).

3.1.

Our experiments use the multilingual BERT-base
model (Devlin et al., 2019), as well as multilin-
gual SBERT for sentence-level embedding repre-
sentations (Reimers and Gurevych, 2019). Pre-
liminary experiments with mBERT-large and XLM-
RoBERTa (Conneau et al., 2020) revealed similar
performance trends; therefore, we focus on the
base architectures for clarity and consistency.
Baseline mBERT models were fine-tuned inde-
pendently on the English and French datasets using

Models and Training Setup


https://www.vikidia.org/

the Hugging Face Transformers library, trained for
up to ten epochs with early stopping. The English
corpus serves as a standard benchmark, while the
larger French dataset (nearly two million sentences)
enables analysis of how corpus size influences
model robustness to noise. For evaluating cross-
lingual transfer we applied the English and French
models to Catalan, Spanish, Italian, and Russian:
Catalan is a low-resource language for PLM pre-
training, so we expect weaker results, while Rus-
sian is distant to English and French, thus these
languages provide interesting cases for assess-
ing the multilingual transfer gap (Hu et al., 2020).
Since the PLMs were pre-trained primarily on En-
glish, stronger English performance is expected.
However, the French Vikidia dataset is much larger,
so it allows us to test whether data scale can com-
pensate for pre-training bias.

3.2. Noise Reduction Pipeline

We define noise as either incorrect labels or low-
quality text. The incorrect labels are Vikidia sen-
tences that are actually complex or Wikipedia sen-
tences that are simple, as distinct from correctly la-
beled sentences (either simple or complex), which
we seek to keep. Low-quality text concerns data-
extraction artifacts, such as list-like or malformed
segments, encoding issues or markup.

Therefore, we applied several noise reduction
methods to identify unreliable samples in the train-
ing data with the aim of removing them to avoid an-
notation inconsistencies and to improve prediction
accuract. After detecting noisy instances, only sam-
ples identified as clean were retained for fine-tuning,
using the same hyperparameters as the baselines
to ensure comparability. For evaluation, we manu-
ally cleaned the test sets (removing/repairing clear
mislabels or broken segments) to ensure reliable
measurement; results on the original noisy test are
lower, as expected.

In addition to assessing each denoising method
individually, we conducted an intersection analy-
sis to identify sentences consistently flagged as
noisy across multiple approaches, revealing the
most recurrent noisy examples and their effect on
downstream performance.

We compare five denoising methods:

Gaussian Mixture Models (GMMs). GMMs clus-
ter high-dimensional sentence representations
into two distributions corresponding to clean and
noisy samples (Bishop, 2006). We experimented
with representations from BERT CLS embeddings
(GMM-B) and from SBERT (GMM-SB). Initially, hy-
perparameters—such as the number of compo-
nents, covariance type, and threshold—were tuned
using Optuna over 100 trials (Akiba et al., 2019),
targeting maximal separation between clean and

noisy clusters. Based on these trials, we selected
two fixed, cross-lingual configurations to standard-
ise experiments and reduce computational costs,
so that we set the number of GMM components to
9 for both languages and models to keep the clus-
tering consistent and stable. For SBERT, we used
full covariance matrices because its embeddings
generates more semantically meaningful embed-
dings using a siamese architecture and pooling
strategies (Reimers and Gurevych, 2019). In con-
trast, BERT [CLS] embeddings are unevenly dis-
tributed in space and can lead to unstable clusters
if full covariance is used. Therefore, the best model
uses tied covariance for BERT, which shares the
same shape across all clusters and improves sta-
bility (Ethayarajh, 2019). We set the noise thresh-
old by applying kernel density estimation to the
GMM noise scores and selecting the dip between
peaks (Silverman, 1981). This dynamic thresh-
olding strategy captures data-specific separation
between noisy and clean points and adapts to the in-
herent variability of each corpus. We apply this uni-
fied GMM configuration across English and French
to ensure a consistent modeling approach, enhanc-
ing reproducibility and comparability across multi-
lingual settings.

Small-Loss Trick (ST). ST assumes that exam-
ples with high training losses are more likely to
contain noise (Arpit et al., 2017; Han et al., 2018).
During training, the model retains only a subset
of samples with lower losses to detect data points
likely to be mislabeled (Yu et al., 2019). A key hy-
perparameter in this method is the loss threshold
percentile, which determines the fraction of lowest-
loss examples retained at each selection step: at
each epoch, losses are computed for all current ex-
amples, for example, a 75% threshold thus means
that at each selection point we retain the bottom
75% of examples ranked by loss and exclude 25%
with the highest loss. For the next epoch another
75% of the lowest losses from the full dataset are se-
lected for training. After testing the range from 10%
to 90% we have selected the 75% threshold for the
best balance, effectively excluding uncertain data
points while retaining a sufficient number of reliable
instances for model training. Finally, we define
noisy sentences as those repeatedly assigned to
the excluded (high-loss) set across the five epochs
(i.e., the intersection of high-loss selections over
epochs).

Co-Teaching (CT). CT extends the Small-loss
Trick method by training two prediction models in
parallel, each selecting the lowest-loss samples
from the other’s batch, under the assumption that
these are more likely to be correctly labeled (Han
et al., 2018). This cross-filtering mechanism en-



Intersection
Language |Baseline GMM-B GMM-SB ST CT NTM LS | CT/LS LS/NTM CT/NTM CT/G-S LS/G-S CT/NTM/G-S
en 0.5209 0.9206 0.9211 0.8296 0.7790 0.8343 0.8116|0.9235 0.9259 0.9114 0.9096 0.9196 0.9261
ca 0.5099 0.7693 0.7504 0.7239 0.7494 0.7277 0.8003 |0.7764 0.7558 0.7692 0.7560 0.7605 0.7525
es 0.5180 0.7753 0.7760 0.7509 0.7724 0.7407 0.7955|0.7770 0.7750 0.7806 0.7528 0.7697 0.7735
fr 0.5207 0.7736 0.7733 0.7255 0.7358 0.7262 0.6612|0.7859 0.7735 0.7760 0.7637 0.7678 0.7702
it 0.5104 0.7718 0.7699 0.7502 0.7259 0.7212 0.7974|0.7714 0.7719 0.7738 0.7628 0.7699 0.7678
ru 0.5447 0.7968 0.8015 0.7301 0.7899 0.7976 0.8475|0.7797 0.7982 0.7917 0.7756 0.8146 0.8067
Average 0.5207 0.7774 0.7742 0.7361 0.7547 0.7427 0.7804 | 0.7781 0.7749 0.7783 0.7622 0.7765 0.7741
Train (s) 19,977 25,536 13,658 22,706 36,723 24,239 30,348 |74,291 62,627 75,457 58,443 52,471 89,115
# Noisy - 3037 37070 24,525 157,979 72,128 72,678 | 476 14,612 31,328 16,200 7,429 3,215
# Percent - 0.84% 10.20% 6.75% 43.47% 19.85% 20.00%| 0.13% 4.02% 8.62% 4.46% 2.04% 0.88%
%noisy Wiki|  —  98.58% 93.88% 100% 88.99% 94.26% 94.33%|99.58% 94.55% 89.34% 88.57% 94.45%  88.52%
%noisy Viki - 1.42% 6.12% 0% 11.01% 5.74% 5.67% | 0.42% 5.45% 10.66% 11.43% 5.55% 11.48%
(a) Trained on English
Intersection
Language |Baseline GMM-B GMM-SB ST CT NTM LS CT/LS LS/NTM CT/NTM CT/G-S LS/G-S CT/NTM/G-S
fr 0.9198 0.9213 0.9193 0.9182 0.5432 0.7694 0.9402 | 0.9240 0.9265 0.9216 0.9221 0.9235 0.9238
en 0.8523 0.8585 0.8623 0.8480 0.5045 0.7530 0.8516 | 0.8296 0.8430 0.8344 0.8332 0.8360 0.8411
ca 0.7677 0.7660 0.7628 0.7801 0.5089 0.6836 0.7697 | 0.7550 0.7704 0.7722 0.7607 0.7585 0.7700
es 0.8033 0.8090 0.8044 0.8047 0.5033 0.7167 0.7991 | 0.7909 0.7996 0.7899 0.7898 0.7940 0.7913
it 0.8076 0.8137 0.8123 0.8127 0.5086 0.6982 0.8080 | 0.7940 0.8072 0.7928 0.7931 0.7972 0.7969
ru 0.7783  0.7807 0.7670 0.7587 0.4946 0.7443 0.7478 | 0.7456 0.7675 0.7618 0.7439 0.7533 0.7632
Average 0.8018 0.8056 0.8018 0.8008 0.5040 0.7192 0.7952 | 0.7830 0.7975 0.7902 0.7841 0.7878 0.7925
Train (s) 58,386 69,490 110,424 93,637 80,342 174,600 69,899 |243,540 320,370 330,813 270,111 259,931 441,237
# Noisy - 1,108,670 349,441 434,377 747,823 279,472 566,356 |183,487 56,468 81.349 40,732 25,144 30,482
# Percent - 48.96% 15.43% 19.18% 33.01% 12.34% 25.02% | 8.10% 2.49% 3.59% 2.09% 1.11% 1.35%
Yonoisy Wiki - 88.87% 86.19% 89.14% 69.08% 85.78% 86.04% |65.55% 83.83% 66.17% 70.41% 85.59% 69.56%
Yonoisy Viki - 11.13% 13.81% 10.86% 30.92% 14.22% 13.96% |34.45% 16.17% 33.83% 29.59% 14.41% 30.44%

(b) Trained on French
Table 2: Comparative performance of noise reduction methods (measured via ROC-AUC) with models
trained on English (top) and French (bottom). “Average” is the macro-average ROC-AUC over transfer
languages (excluding the training language). “Baseline” refers to standard fine-tuning with no noise
filtering. # Noisy is the count of sentences detected as noisy by the respective method. G-B stands for
GMM-Bert, G-S stands for GMM-SBert. The underlined values are not significantly different from the best

ones.

sures that each model learns from cleaner exam-
ples, reducing the influence of noisy data. The
key hyper-parameter in CT is the forget rate, which
determines the fraction of high-loss samples to
remove from training at each training step. Dy-
namic Loss Thresholding (DLT) enables the model
to adapt gradually, preventing premature discard-
ing of difficult samples and reducing excessive data
loss in early training. This outperforms static thresh-
olding by enhancing robustness against noisy la-
bels (Yang et al., 2024). In our implementation, we
used a dynamic forget rate schedule, increasing
linearly from 0.0 to 0.3 across epochs:

t
Tt = Vmin + (Tmax - Trnin)*a

= (1)

where r, is the forget rate at epoch ¢, ,,,;, = 0.0 is
the initial forget rate, 7,4, = 0.3 is the maximum
forget rate, and T is the total number of epochs. At
each training step, the forget rate determines the
fraction of high-loss samples to discard within each
mini-batch. In the early epochs, all samples are
used (r; = 0), while in later epochs, up to 30% of
the higher-loss samples are discarded (r; — 0.3).

Noise Transition Matrix (NTM). NTMs explic-
itly model the probability of label corruption under
class-dependent noise by estimating each matrix el-
ementT;; = P(§=j | y =1),whereyand gare the
true and observed labels, respectively (Patrini et al.,
2017). Unlike CT and ST, which discard noisy sam-
ples based on loss, noise transition-based meth-
ods retain all data and adjust model predictions to
compensate for systematic label noise. Using data
identified as noisy by GMM-SB, we estimated the
matrix T;; from the empirical confusion matrix and
computed its inverse Ti,,. During training, predicted
probabilities P are adjusted as:

Padjusted =P Ty (2)
followed by cross-entropy loss computation. This
procedure retains all samples while correcting for
systematic label noise.

Label Smoothing (LS). Label smoothing regu-
larises the model by softening categorical targets.
Instead of assigning a probability of 1 to the cor-
rect class and 0 to all others, LS redistributes a



small fraction of this probability across all classes,
helping the model handle mislabeled or ambigu-
ous data (Szegedy et al., 2016; Muller et al., 2019).
This reduces overconfidence and has shown to
improve generalisation on noisy or imbalanced
datasets (Lukasik et al., 2020; Ren et al., 2024).
The smoothed label is computed as:

Ysmooth = (1 —€) X y + %7 (3)
where ¢ is the smoothing factor and & is the number
of classes. The noise-rejection threshold = was
tested in the range 0.50 < 7 < 0.70, incremented
by 0.05, while the smoothing factor was varied be-
tween 0.0 < e < 0.2, also incremented by 0.05.

The results indicate that higher smoothing factors
(e > 0.15) excessively redistributed probabilities,
leading to degraded predictions due to increased
uncertainty in class assignments. Conversely, the
absence of smoothing (e = 0.0) resulted in overcon-
fident predictions, increasing the risk of misclassi-
fication. A moderate smoothing factor of e = 0.1
provided the optimal balance, enhancing gener-
alisation while maintaining well-calibrated predic-
tions. Similarly, higher noise-rejection thresholds
(r = 0.70) yielded superior performance by effec-
tively filtering uncertain predictions.

4. Noise Detection and Reduction

4.1. Impact de-noising on performance

Our evaluation focuses on the impact of denois-
ing techniques on sentence-level classification ro-
bustness, particularly in cross-lingual settings. Our
goal is to assess how effectively different noise-
reduction strategies enhance model stability and
transfer performance across languages, using En-
glish and French as the primary training datasets.
The experiments use the sentence-level datasets
described in Table 1.

When trained on English (Table 2a), the baseline
model achieved a very poor AUC value, which has
been substantially improved by all de-noising meth-
ods. Both Gaussian Mixture Models (on the BERT
embeddings and on the Sentence-BERT embed-
dings) achieved higher and more stable discrimina-
tion. As expected, cross-lingual transfer decreases
the performance. However, de-noising can keep it
to acceptable values with the best method of GMM-
Bert and GMM-SBert and Label Smoothing.

The number of sentences flagged as noisy varies
widely across methods: from 3,037 for GMM-
Bert (less than 1% of the original dataset) to over
157,000 for CT (43%), which leads to a substan-
tially less accurate classifier trained on CT-filtered
data. This indicates that the de-noising methods
have different sensitivities.

Beyond the individual de-noising methods, we
experimented with their intersection, i.e. by
removing the data detected as noisy by two
classifiers.  The resulting intersection identi-
fies smaller but more reliable subsets of noise.
The best-performing intersections—CT/LS and
LS/NTM (0.93 for English, 0.78 for the cross-lingual
transfer)—-demonstrate that integrating even rela-
tively weak denoising methods can yield fairly bal-
anced outcomes. However, the computational
costs are more significant for computing the in-
tersection; for example, computing both CT and
GMM-SBert on the English dataset using a single
L40S GPU adds 43,395 seconds to the time of
fine-tuning the baseline model (19,977 sec).

In contrast to English, models trained on the
much larger French dataset (Table 2 b) exhibited a
different trend. The baseline already achieved the
level of performance comparable with the best En-
glish model after de-noising. De-noising for French
improves over the baseline model only marginally,
namely from 0.9189 to 0.9402 for the single method
(LS) or to 0.9265 for the intersection (LS/NTM), the
same de-noising techniques which worked well for
English. This indicates diminishing returns from
denoising when training data is abundant. The
close linguistic proximity between French and the
Romance test languages (Catalan, Spanish, Ital-
ian) helps in achieving better cross-lingual transfer
from French in comparison to Russian, which has
seen no benefits from the bigger French dataset.

From a computational efficiency perspective,
both training and de-noising become more expen-
sive for French. While the classification models
provide slightly better performance on French and
in cross-lingual transfer, the training time increased,
both for the baseline model (58,386 sec) and for
the best de-noising (69,899 sec). At the same time,
the de-noising step helps with removing less rel-
evant examples, so a combination of de-noising
with training is less that the sum of de-noising and
baseline training.

4.2.

We also investigated the agreement across the de-
noising techniques through their intersection (Fig-
ure 1), which shows the size of intersections, i.e.,
sentences jointly flagged by the methods indicated
by the connected dots. For the English-trained
model 1a, noise detection is dominated by combi-
nations involving CT, particularly with NTM (8.62%),
GMM-SBERT (4.46%), and ST (3.52%), indicat-
ing that CT consistently overlaps with other meth-
ods in identifying noisy samples. The LS-NTM
intersection (4.02%) also contributes substantially,
suggesting that loss-based and transition-based
modelling approaches converge with probabilistic
clustering methods on similar subsets of noisy data.

Intersection analysis
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Figure 1: Comparison of noisy data intersections across denoising techniques for English and French.
Each vertical bar represents the proportion of sentences identified as noisy by the combination of methods
in the connected dots below. The small bar chart at the bottom left indicates the contribution of each
method to the total pool of sentences identified as noisy.

These high-overlap regions represent the most re-
liable noise detections, as multiple independent
techniques agree on the same examples.

The analysis shows a clear concentration of
cross-method agreement in noise around CT- and
NTM-based methods, with GMM-SBert appearing
consistently across several high-agreement inter-
sections and contributing to multiple overlapping
regions, alongside smaller yet meaningful overlaps
involving LS and ST.

For the French-trained model 1b, noise detection
is likewise dominated by combinations involving
CT, particularly with LS (8.10%), the ST (4.73%),
and NTM (8.59%), indicating that CT consistently
overlaps with other methods in identifying difficult
or mislabeled samples. The NTM-GMM-SB in-
tersection (4.17%) also contributes substantially,
suggesting that probabilistic clustering and loss-
based modelling converge on similar subsets of
noisy data. These high-overlap regions represent
the most reliable noise detections, as multiple in-
dependent techniques agree on the same exam-
ples. The analysis shows a clear concentration of
noise consensus around LS and CT, with additional
meaningful overlaps involving NTM and GMM-SB.
This pattern suggests that CT and LS form a robust
backbone for noise identification in the large-scale
French dataset, while NTM and GMM-based meth-
ods provide complementary filtering signals. Over-
all, these intersections confirm that multi-method
agreement serves as a strong indicator of genuine
annotation noise, improving both reliability and in-
terpretability of the denoising process.

Category English French
Total sentences 230 237
Not noisy 92 78
Noisy 138 159

Table 3: Accuracy analysis at the intersection

5. Manual Error Analysis

To validate our denoising pipeline, we analyse er-
rors in two stages: (i) selecting a subset of sen-
tences flagged jointly by CT, NTM, and GMM-
SBert to check whether there are reasons to treat
them as noisy, and (ii) reviewing the noisy sen-
tences to develop a noise taxonomy. Guided
by Table 2, we select the three-way intersection
(CTANTMNGMM-SB) as a high-confidence sub-
set of noisy predictions. This intersection ranks
among the strongest-performing intersections in
both English- and French-trained settings. This sub-
set captures agreement between three complemen-
tary signals: loss-based filtering (CT), explicit mod-
elling of label transitions (NTM), and embedding-
based clustering (GMM-SB). As a result, it is less
likely to include sentences that are simply difficult
but clean, because an instance must be supported
by all three mechanisms to be retained. Moreover,
this intersection represents the strongest multi-
method agreement observed consistently across
both English- and French-trained settings. For the
sentences in which there was a reason to treat
them as noise, we have also performed analysis of
the possible categories. This has led to detecting
three main categories: Structural noise (artifacts
which lack clausal structure), Content noise (dis-
tributionally atypical for the classifier), and Label
noise. The subcategories of Structural noise have



been defined as:

SF: Structural fragments (truncation / broken seg-
mentation), e.g., “The dwarf planet Ceres is by
far the largest asteroid, with a diameter of .”; *,
85 HTCs have been observed, compared with
664 identified JFCs.”

MS: Markup or symbolic artifacts (wiki/template
spillover, formulas/symbols), e.g., “value:rgb
(1,0.7,0.7) Legend:Xbox_360_...”;
“+4CO—3Fe+4...C+HO—CO+H.”

EN: Enumerations and list spillovers (category/tag
lists), e.q., “Apple Inc.|1976 establishments
in  California|American  brandsl...|Steve
Jobs|Technology companies ... ”; “Game Boy
Color games|Mario platform games|.. . |Virtual
Console games for Wii U|...”

LA: Language switch or encoding (non-English
scripts or Unicode characters embedded in-
line), e.g., “(Hong Kong) Co., Ltd. (1A 15
(F¥#)HR/AF]) and Panasonic SH...”; “The
word physics comes from the Greek word 1
pvoc (‘nature’).”

Cl: Citation or reference fragments (dangling ci-
tations, references, or file/link spillover), e.g.,
“T ‘Sky & Telescope: March 2008, Southern
Hemisphere Highlights ... Allen, R. H. (1899)
...”7; “Internet map 1024.jpg | Partial map of
the Internet ... Structure of the Universe.jpg |
Galactic...”

The subcategories of Content noise are:

NE: Density of named entities, e.g., “Cover athlete:
Kaka (World), Wayne Rooney (United King-
dom), Mesut Ozil & René Adler (Germany),
Tim Cabill (Australia) ...~

NU: Numerical or measurement density, e.g., “In
currency, there are pennies ($0.01), nickels
($0.05), dimes ($0.1), quarters ($0.25), half
dollars ($0.5), and dollar coins ($1).”;

TE: Technical terminology  density, e.g.,
“...Theoretical and Experimental Nuclear
Physics, Nonlinear Optics, Thin film Mag-
netism, Neutron Scattering, Neutron Activation
Analysis ...”

AC: Acronym or abbreviation density, e.g., “Con-
sumers are given the option to have any URL
ending in .weebly.com, .com, .net, .org, .co,
.info, or .us.”

The Label noise category covers two cases: sen-
tences from Wikipedia are simple to be included in
Vikidia (coded as MC) and sentences from Vikidia
should have been considered complex (coded as
MS).

Table 3 shows the contribution of errors to the
sentences detected as noisy. Even though, the
sample was selected as agreement between noise
detection methods, there was no reason to suspect
noise in 38.7% of them for English and 33.1% for
French. However, Table 4 shows that the rate of
mislabelling (0.200 for English, 0.262 for French)
in the case of what has been detected as noise
was far higher than the error rate of the respective
classifiers (0.043 for English and 0.083 for French).
In practical terms, this means that a substantial por-
tion of the flagged sentences in both languages are
incorrect labels, which is the reason for improve-
ment in performance once they are removed.

The most common category in both languages
is the presence of structural artifacts from data pro-
cessing, such as fragments, markup residue, list
spillovers, or truncated segments. A second fre-
quent source of noise is label noise, where sen-
tences appear well-formed but assigned with the
wrong complexity label (46 in English; 62 in French).
These cases likely arise from annotation inconsis-
tencies when document-level judgements are pro-
jected onto individual sentences. Content noise is
the least common category, where sentences are
dominated by standalone lists of names, numbers,
or domain terminology (30 in English; 41 in French).
These cases are often well-formed, but they are
out-of-distribution for sentence-level difficulty pre-
diction: when a line is mostly a list of entities or
technical terms, it lacks normal sentence structure
and its dense token pattern can be mistaken for
high complexity.

While structural artifacts constitute the largest
share of flagged noise, the presence of wrongly
labeled sentences is particularly critical. These
cases reflect annotation inconsistencies caused by
projecting document-level complexity labels onto in-
dividual sentences. These findings provide strong
motivation for applying denoising methods, as filter-
ing or down-weighting such instances reduces the
risk of learning incorrect patterns and improves the
reliability of sentence-level difficulty classification.

To further investigate how the annotated noise
categories interact, Figure 2 presents the pairwise
Matthews Correlation Coefficient (MCC) (Matthews,
1975) between subcategories for English and
French. While Table 4 reports category frequen-
cies, the MCC heatmaps reveal patterns of co-
occurrence, indicating which noise phenomena
tend to appear together within the same sentence.

Across both languages, the strongest positive as-
sociations are concentrated among the structural
noise. In particular, SF, MS, and EN tend to co-
occur, with the highest correlations appearing in
French (peaking at MCC = 0.47 for MS—EN, and
0.44 for SF—EN). This suggests that “noise” is of-
ten not a single isolated issue: markup spill-over



MCC Association Heatmap

IMCC] (correlation)

A A R SR SR

(a) English

MCC Association Heatmap

1.0

AC o007

Ms 010 -0.07 0.07 -0.03 -0.06 0.08 0.03
"} éb Q§ \?’ < Y\@ §\°

(b) French

0.0

&

%

®©

o

Figure 2: Pairwise associations between noise categories measured using the Matthews Correlation
Coefficient (MCC) for English (left) and French (right).

Category English French
Structural: Total 185 186
SF:Structural fragment 59 83
MS:Markup or symbolic artifact 46 36
EN:Enumeration or list artifact 44 57
LA:Language switch or encod- 17 2
ing

Cl:Citation or reference frag- 19 8
ment

Content: Total 30 41
NE:Named entity density 14 9
NU:Numerical or measurement 9 2
density

TE:Technical terminology den- 3 25
sity

AC:Acronym or abbreviation 4 5
density

Label: Total 46 62
MS: Mislabeled as Simple 22 24
MC: Mislabeled as Complex 24 38
Total sentences 230 237

Table 4: Manual analysis of noise for English and
French. Counts reflect annotation assignments
(multiple labels per sentence allowed). Totals may
exceed the number of noisy segments.

and formatting artifacts frequently trigger segmen-
tation failures and fragment-like outputs, creating
a compact structural core of errors. In contrast,
content-density noise appears more independently.
These categories (e.g., NE, AC, TE) only co-occur
in a few specific pairs—such as TE—AC and NE—
AC in English—rather than showing strong links

across the whole taxonomy. Similarly, LA is near
zero with most other tags.

A key observation is that MC (label noise) has
mostly weak, and often negative, correlations with
the structural cluster (e.g., as low as —0.29 with SF
in French). This suggests that many mislabelled
instances are actually well-formed sentences: they
are problematic mainly because their assigned
complexity label is incorrect, not because the text
is corrupted in the usual sense. Overall, these
results show that supervision errors in both lan-
guages come from different sources: structural is-
sues, density-related effects, and annotation incon-
sistencies. This supports the need for denoising
methods that can handle different types of errors,
rather than assuming that all noise follows the same
pattern.

The qualitative patterns help explain the comple-
mentary behaviour of our methods:

1. GMM-based filters mostly detect distributional
outliers (domain NE density, symbolic tokens),
yielding high-precision removal of atypical seg-
ments.

2. CT/ST preferentially downweight structural
fragments and corrupted strings that produce
unstable or persistently high losses across
epochs.

3. LS does not detect noise per se, but improves
calibration under mixed uncertainty (e.g., resid-
ual encoding noise or context loss), reducing
overconfidence without aggressive data dele-
tion.

These observations align with our quantitative
results: intersection between GMMs and Co-
Teaching captures the most consistent artifacts,



while Label Smoothing achieves competitive relia-
bility at low computational cost.

Content noise categories are often linked to the
lack of discourse context. This supports our earlier
finding that longer segments improve robustness
by reducing under-contextualised cases.

6. Related Studies

Noise in training data poses a significant challenge
in NLP, especially in non-topical classification tasks
such as genre prediction (Rénnqvist et al., 2022;
Roussinov and Sharoff, 2023), demographic prop-
erty detection (Kang et al., 2019), and text difficulty
classification (North et al., 2022). These tasks rely
on language style rather than explicit topical key-
words, making them sensitive to noise and annota-
tion errors.

Noise reduction techniques like majority agree-
ment between the classifiers have been effective.
Studies by Di Bari et al. (2014) and Khallaf and
Sharoff (2021) show that leveraging consensus be-
tween the predictions of different models can sig-
nificantly reduce noise, resulting in more reliable
classifiers. Additionally, Zhu et al. (2022) provide a
baseline by evaluating BERT models’ robustness
to label noise, without a clear outcome on which
denoising methods are more useful. Our study
goes further, by selecting a non-topical classifica-
tion task and real-life settings by shifting prediction
from document- to sentence-level predictions.

Bayesian learning has also been applied to han-
dle noise, as discussed by Papamarkou et al.
(2024) and Miok et al. (2020), focusing on man-
aging uncertainty and noise in large-scale Al tasks.
This approach is particularly relevant for semi-
supervised text annotation, where it enhances
noise reduction efficacy. Given the amount of unla-
beled data in our domain, we will apply the experi-
ments to the Bayesian framework.

Calibration of model predictions is crucial for
handling noise, particularly using softmax outputs.
Proper calibration ensures lower probabilities cor-
respond to a higher likelihood of errors, aiding in
producing well-calibrated classifiers. Methods for
uncertainty estimates in BERT-like models can im-
prove robustness to noise at the inference stage
(Vazhentsev et al., 2023; Khallaf and Sharoff, 2026),
which we need to investigate further.

Cross-lingual transfer learning, where models
like BERT are trained on one language and applied
to another, is particularly challenging in noisy envi-
ronments due to linguistic differences and resource
variability (Conneau et al., 2020; Zhao et al., 2021).

7. Conclusions

This paper examined the impact of various noise
reduction techniques on cross-lingual sentence dif-
ficulty classification, providing insights into their
effectiveness across languages and datasets. Our
findings show that noise reduction can improve
model performance, although its effectiveness de-
pends on dataset characteristics and cross-lingual
transfer conditions.

In our smaller dataset, Gaussian Mixture Mod-
els (GMMs) proved effective in mitigating noise.
By contrast, in our larger dataset, the inherent
regularisation properties of pretrained language
models provide a strong baseline, with more com-
putationally intensive denoising methods yielding
only marginal additional gains. However, having
a cleaner dataset reduces the training efforts and
overall helps with future experiments.

These findings have practical implications for im-
proving the robustness of cross-lingual applications
in domains such as language education, text sim-
plification, and language learning tools. By tailor-
ing noise reduction strategies to dataset size and
structure, developers can enhance the reliability
and interpretability of sentence complexity models
across languages.

The released dataset is the largest multilingual
dataset for language difficulty prediction on the sen-
tence level.
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9. Limitations

This study aims at a specific non-topical classifi-
cation task, for which there have been no prior
experiments on denoising. The specific setup of
moving from document- to sentence-level annota-
tion relies on available Vikidia-Wikipedia pairs and
on the availability of annotators, which limited the
number of languages for testing. Our definition
of difficulty relies on the Vikidia/Wikipedia proxy



and, despite test-set cleaning, may encode corpus-
specific biases beyond difficulty. Future work will
explore the applicability of these denoising tech-
niques to other multilingual datasets and classifica-
tion tasks, particularly in low-resource settings and
for multiclass classification scenarios, as well as for
other non-topical classification tasks. Additionally,
investigating alternative sources of sentence-level
annotations or adapting methods for diverse text
genres (e.g., social media, news, or educational
content) could further assess the robustness of our
approach.

10. Ethical Impact

The potential societal benefits of our findings are
substantial, particularly in improving the quality of
communication by detecting complex sentences
across languages. This study will also contribute
to production of cleaner de-noised datasets.

In conducting the study we have been careful
with the environmental impact of NLP research.
Large Language Models are more computation-
ally expensive, while they have been shown to be
not better than BERT-like PLMs in text classifica-
tion tasks. For each of the methods we estimated
the computational costs of running the models (on
NVIDIA L40S GPUs), with a total training time of
~ 19 hours for English and ~ 201 hours for French.
We are not aware of potential risks in deploying the
study discussed in the paper.
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