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Abstract
While the Internet and social media have fundamentally transformed our lives, they can also rapidly spread hate
speech, i.e., derogatory statements targeting individuals or groups based on their immutable characteristics.
Automatic detection systems could help limit this harmful phenomenon. However, the lack of large-scale annotated
datasets remains a major bottleneck for developing better algorithms. In this work, we employ Semi-Supervised
Learning (SSL) to leverage the advantages of limited labeled data alongside large amounts of unlabeled data.
We apply three SSL approaches, Fix-match, Full-match, and All-match learning, to enhance the performance of
end-to-end pre-trained speech and text models for hate speech detection. Our findings indicate that SSL methods
enhance the performance, achieving F1 scores of 0.851 on speech, 0.957 on text, and 0.959 with multimodal fusion.
Furthermore, we analyze the impact of different weak augmentation strategies on labeled data and assess the quality
of generated pseudo-labels to evaluate their potential use in data annotation.
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1. Introduction

When considering how much the Internet, social
media, and infotainment have become part of mod-
ern daily life (Sparrow and Chatman, 2013; Wirz
and Zai, 2025), encounters with heated emotional
discussions (Garcia et al., 2016) or hateful con-
tents (Dreißigacker et al., 2024) may seem almost
unavoidable. In Europe, network providers and reg-
ulatory bodies have established guidelines to main-
tain the quality of content on their platforms and
to remove any material that does not comply with
these standards (European Commission, 2024).
One of the most common violations of EU regula-
tions reported on the Digital Services Act (DSA)
Transparency Database1 is hate speech, which is
defined as a form of verbal aggression that is capa-
ble of inciting or propagating hatred, discrimination,
or violence against individuals or groups based
on certain characteristics such as race, sexual ori-
entation, or nationality. The proliferation of hate
speech can have severe consequences among
both the majority group and those targeted. For
example, exposure to hate speech among the ma-
jority group desensitizes people to further hateful
content, which, in turn, results in greater prejudice
against victims of hate speech (Soral et al., 2018,
2023). Exposure to hate speech among minori-
ties is associated with a deterioration in their well-
being (Zochniak et al., 2023; Wypych and Bilewicz,
2024).

1https://transparency.dsa.ec.europa.eu/

With the large amounts of data available on on-
line platforms, it is resource-intensive and mentally
exhausting to manually identify hate speech. Au-
tomatic content moderation algorithms may help
to automate and improve this process (Drolsbach
and Pröllochs, 2024). However, one of the key
challenges faced by researchers working on hate
speech detection is the limited availability of anno-
tated databases, which hinders the development
of accurate systems that effectively detect hate
speech while minimizing false alarms.

A commonly adopted approach to improve
model performance is to use Semi-Supervised
Learning on a small amount of labeled data along
with large-scale unlabeled data (SSL) (Chapelle
et al., 2009). In this method, a model that has
been trained on the labeled data generates pseudo-
labels on the unlabeled data, which is then used
to train the model for classification or clustering
tasks. Various types of SSL techniques are avail-
able. For example, pseudo-labels are generated
and models are trained iteratively, or a portion of
the unlabeled data is chosen based on a confi-
dence threshold on their pseudo-labels and then
jointly used with labeled data for supervised learn-
ing (Reddy et al., 2018; Ouali et al., 2020). In the
speech processing domain, SSL has been applied
to speech foundation models to perform tasks such
as automatic speech recognition (Synnaeve et al.,
2019; Park and Hain, 2025) and speech emotion
recognition (Ren et al., 2025; Huang et al., 2018;
Zhang et al., 2021). Inspired by the work in (Ren
et al., 2025), we leverage Fix-match (Sohn et al.,
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2020), Full-match (Chen et al., 2023) learning tech-
niques, and additionally employ All-match (Wu and
Cui, 2024) learning to perform hate speech detec-
tion.

The main objectives of this contribution are as
follows. First, we aim to apply and evaluate the ef-
fectiveness of the three Semi-Supervised Learning
techniques, Fix-match, Full-match, and All-match,
for speech- and text-based hate speech detection
using a combination of labeled and large-scale
unlabeled Polish data. Second, we compare the
impact of different data augmentation methods ap-
plied to both labeled and unlabeled datasets. Fi-
nally, we validate the quality of a subset of the gen-
erated pseudo-labels to examine whether these
techniques can be reliably used for data annota-
tion.

2. Related Works

SSL approaches have been applied in hate speech
detection research, predominantly focusing on
textual content. For example, in the works
of (Cahyana et al., 2022) and (Saifullah et al.,
2024), the detection and annotation of hate speech
were performed on YouTube comments. Natural
language processing techniques were used to ex-
tract linguistic features and train machine learn-
ing models on labeled data. Pseudo-labels were
then generated for the unlabeled data based on
a confidence threshold applied to the predicted
hate scores. The entire process was conducted
iteratively and incorporated subseqent manual an-
notation of samples that did not meet the threshold
criterion.

Similarly, (Ludwig et al., 2024) employed another
strategy in addition to the threshold-based method
with a ratio-based approach, which considered
the percentage of samples belonging to the target
(i.e., hate) class when generating pseudo-labels.
In (Tung et al., 2023), multimodal memes, com-
prising text and images, were analyzed. Using a
cross-modal autoencoder, representations were
extracted from the labeled data and subsequently
fused with those derived from the unlabeled sam-
ples. In the work of (Das et al., 2025), both Gener-
ative Adversarial Networks (GAN) and Fix-match
were applied as SSL methods for the detection of
hate speech in tweets. Here, GANs were used to
generate synthetic tweets for data augmentation,
and their integration with Fix-match led to optimal
performance.

In contrast, our work explores hate speech detec-
tion in speech and text modalities using three SSL
methods, Fix-match, Full-match, and All-match, to
assess their effectiveness in leveraging unlabeled
data for multimodal hate speech analysis.

3. Methodology

3.1. Speech and Text Foundation Models

Since the introduction of transformer models, con-
ventional feature-based methods have been re-
placed by end-to-end pre-trained acoustic and lin-
guistic models for speech processing tasks such
as speech recognition, speaker verification, and
speech emotion recognition (Arora et al., 2024;
Phukan et al., 2023). Using a self-supervised learn-
ing approach, these models are trained on large
datasets and are able to extract contextual and se-
mantic information from raw speech and text data.
In the present work, we employed Wav2Vec2.0-
XLSR (Conneau et al., 2020) (large2) and XLM-
RoBERTa (Conneau et al., 2019) (base3) models,
both trained on multilingual data for processing our
speech and text inputs, respectively. Additionally,
we added a linear classifier layer to perform hate
speech detection.

3.2. Semi-Supervised Learning

Semi-Supervised Learning aims to train a model
f based on the labeled data Dl : {Xl, yl} and the
unlabeled data Du : {Xu}. The model is trained
on Dl in a supervised learning manner and is able
to automatically annotate Du to enhance its ability
to learn representations gained from more data
samples. In this section, we discuss and com-
pare the following three Semi-Supervised Learn-
ing approaches, including Fix-match learning, Full-
match learning, and All-match learning. Figure 1
represents the overall pipeline of the three Semi-
Supervised Learning methods.

In the three Semi-Supervised Learning ap-
proaches, the labeled and unlabeled data are first
augmented with a weak augmentation process to
increase data size and variability, thereby enhanc-
ing model robustness. The augmented labeled and
unlabeled data are represented as Dw

l : {Xw
l , yl}

and Dw
u : {Xw

u }, respectively. In addition, the unla-
beled data is strongly augmented into Ds

u : {Xs
u}.

Herein, strong augmentation leads to a bigger data
difference before and after augmentation, e. g.,
adding noise to revise every speech frame, com-
pared to weak augmentation.

3.2.1. Fix-match Learning

In addition to training a model f on the weakly-
augmented labeled data in a supervised learning
manner, Fix-match learning (Sohn et al., 2020)

2https://huggingface.co/facebook/wav2vec2-large-
xlsr-53

3https://huggingface.co/FacebookAI/xlm-roberta-
base
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Figure 1: Diagrammatic representation of the Semi-Supervised Learning methods employed in the
present work. The yellow, violet and green lines represent the loss functions used in Fix-match learning,
Full-match and All-match learning, respectively.

aims to train f on the strongly-augmented unla-
beled data by generating pseudo labels. For each
unlabeled speech sample, the pseudo label is gen-
erated when the highest class probability predicted
from the weakly-augmented sample is larger than a
threshold ϵ. The loss function in Fix-match learning
is defined by

Lfix = Lce(Xw
l , yl)

+ λfix1(max f(Xw
u ) > ϵ)Lce(Xs

u, f(X
w
u )),

(1)

where Lce is the cross-entropy loss, and λfix is a
constant factor to balance the two cross-entropy
loss functions.

3.2.2. Full-match Learning

Fix-match learning may annotate only a portion
of unlabeled samples, since the highest class
probabilities have to pass a threshold. The un-
labeled samples are not used during training when
max f(Xw

u ) ≤ ϵ. To leverage all of the unlabeled
samples, Full-match learning (Chen et al., 2023)
involves two additional loss functions, namely adap-
tive negative loss and entropy meaning loss. The
top-k accuracy of f(Xs

u) is first calculated when
f(Xw

u ) is considered as the pseudo labels. The
value of k is then determined when the top-k accu-
racy is larger than a threshold of τ . Given the top-k
accuracy, the class probabilities of each weakly-
augmented unlabeled sample are ranked decreas-
ingly.

Adaptive negative loss. The adaptive nega-
tive loss aims to minimize the probabilities of the
classes ranked after k, thereby increasing the
model confidence on the top-k classes. The adap-
tive negative loss is calculated by

Ladp = −
C∑

c=1

log(1− f(Xs
u))1(R(f(Xw

u )) > k),

(2)
where C is the number of classes, and R is the
rank of the probabilities.

Entropy meaning loss. For each unlabeled sam-
ple, the class probabilities ranked from 2 to k are
regulated to be as low as possible compared to
the top-1 probability. Meanwhile, the 2th-kth class
probabilities are trained to share similar values to
improve the confidence of the model in the top-1
class. For such a purpose, the entropy meaning
loss is designed as

Lent = −
C∑

c=1

1(R(f(Xw
u )) ∈ [2, k])(yeu(log f(X

s
u)

+ (1− yeu) log(1− f(Xs
u)))),

(3)

yeu =
1−

∑C
c=1 1(R(f(Xw

u )) ∈ [2, k])f(Xs
u)

k − 1
. (4)

The overall Full-match loss is calculated by

Lfull = Lfix + λadpLadp + λentLent, (5)

where λadp and λent are constant factors.
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3.2.3. All-match Learning

Compared to previous methods, in All-match learn-
ing (Wu and Cui, 2024), the confidence threshold
is dynamically determined by the model’s predic-
tions and the classifier weights, referred to as the
Class-Adaptive Threshold (CAT). This is achieved
in two steps:

1) Global estimation: This step assesses the
overall learning status of the model. The mean
confidence of the predictions on the weakly aug-
mented unlabeled samples is used as an estimate,
denoted as τt, and is updated during training us-
ing an exponential moving average (EMA) with a
momentum factor mτ :

τt = mττt−1 + (1−mτ )
1

B

B∑
i=1

max f(Xw
u,i), (6)

where f(Xw
u,i) represents the model’s prediction

probabilities for the weakly augmented unlabeled
samples. We initialize τ0 = 1/C, where C is the
number of classes.

2) Class-specific (local) estimation: In this step,
the threshold is adjusted to account for underfitting
classes. The L2 norm of the classifier weights is
combined with the global estimate to obtain the
overall class-adaptive threshold:

τt(c) = τt ·
∥Wc∥2

maxk ∥Wk∥2
, (7)

where Wc denotes the weight vector of class c and
and k indexes over all C classes.

Once the class-adaptive thresholds are deter-
mined, pseudo-labels are generated for the un-
labeled samples, and the unlabeled loss Lu is
computed only for those samples whose predic-
tion confidence exceeds the corresponding τt(c).
For all unlabeled data, an additional step called Bi-
nary Classification Consistency (BCC) regulariza-
tion is introduced to maintain consistency between
the weakly and strongly augmented predictions.
For each unlabeled sample, the top-K confidence
classes are treated as candidate (positive) classes,
while the remaining ones are considered negative.
For both weak and strong augmentations, the bi-
nary distributions over the candidate and negative
classes are computed as:

b
(w)
i =

[ ∑
c∈Ci

fc(x
(w)
i ), 1−

∑
c∈Ci

fc(x
(w)
i )

]
, (8)

b
(s)
i =

[ ∑
c∈Ci

fc(x
(s)
i ), 1−

∑
c∈Ci

fc(x
(s)
i )

]
. (9)

The BCC regularization loss is then defined as:

Lb = − 1

B

B∑
i=1

∑
t∈{0,1}

b
(w)
i,t log b

(s)
i,t . (10)

Finally, the overall All-match loss is computed
as:

Lall = Lce + λuLu + λbLb. (11)

3.2.4. Data Augmentation

Following the approach in our prior study (Ren
et al., 2025), we applied two levels of augmenta-
tion, weak and strong, on both speech and text
samples, and compared the performance of differ-
ent weak augmentation methods. For the speech
data, we used two weak augmentations: Flipping,
where a randomly chosen segment (up to 6.25 s)
was reversed, and Time masking, where a random
segment (up to 30 k frames) was set to zero. For
strong augmentation, we applied Gaussian noise
with a scaling factor of 0.05.

For the text data, we used two weak augmenta-
tions: Swapping, where adjacent words were ran-
domly interchanged, and Deleting, where random
partial words were removed. For strong augmenta-
tion, we applied Contextual substitution, where the
top n semantically similar words were substituted
using contextual word embeddings derived from
XLM-RoBERTa (base).

4. Experiments and Results

4.1. Dataset

For this task, we used two sets of data collected
from similar sources4. The fully annotated War-
saw Multimodal Hate Speech (WMHS) Database
served as our labeled dataset, which was collected
from social media platforms such as Facebook,
YouTube, Tiktok and Banbye5 through targeted key-
word searches. The database comprises 770 sam-
ples (approximately 9 hours) of Polish hate and
763 samples (approximately 9 hours) of non-hate
speech, and corresponding transcriptions, target-
ing various social groups. All samples were anno-
tated by human experts (Puchała et al., 2025).

To obtain unlabeled data, we used a similar set
of keywords and scraped content from Banbye over
a period of three months (September to November)
2023, gathering around 6900 videos. For this work,
we considered only videos with a maximum dura-
tion of 15 minutes. The audio was extracted us-
ing Moviepy6 python package and transcribed into
text using OpenAI’s Whisper ‘large’ model (Radford
et al., 2023). After removing English and other non-
Polish content, this process yielded 778 samples,

4Both the labeled and unlabeled datasets are avail-
able upon request.

5Banbye is a Polish social media platform that does
not remove content containing hate speech.

6https://pypi.org/project/moviepy/
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i.e., approximately 78 hours of unlabeled speech
and text data.

4.2. Model Training and Evaluation

The data was split into training, validation, and test
sets with a ratio of 70:15:15, ensuring an equal
class distribution across all three subsets. Both
the speech and text models were trained using the
Adam optimizer with a learning rate of 3×10−5 and
Cross-Entropy Loss for 5 epochs. A batch size of
8 was used for all speech models, except for All-
match, where the batch size was 4, and 16 for the
text models, depending on memory requirements.

The raw speech signals were segmented into
5-second clips with an overlap of 1 second, and
majority voting was applied to obtain the final pre-
diction for each complete speech sample. The
performance of the models was evaluated using
the F1 score.

The loss function coefficients in Equations 1
and 5 were set as λfix = λadp = λent = 0.5

and in Equation 11, the constant factors were set
as λu = λb = 1. The hyperparameters were con-
figured as ϵ = 0.95, σ = 0.99 and mτ = 0.99.

4.3. Results and Discussion

4.3.1. Performance of Speech and Text
Models

Table 1 presents the performance of the speech
and text models for hate speech detection
across the different SSL approaches. The base-
line depicts the performance of the pre-trained
Wav2Vec2.0-XLSR and the XLM-RoBERTa mod-
els fine-tuned on the WMHS data. The three SSL
techniques were subsequently applied to utilize
both labeled and unlabeled data, and the results
were compared.

Overall, the text model outperformed the speech
models in detecting hate speech. For the base-
line, the speech model achieved an F1 score of
0.834, and the text model yielded 0.922, both
above the chance level (50%). Hate speech de-
tection relies heavily on the semantic context to
capture the offensiveness and the target of the
hate speech (Mathew et al., 2021). However,
the speech model’s performance also shows that
the acoustic properties alone already support a
fairly robust distinction between hate and non-hate
speech. This suggests that speech may contribute
to distinguishing between types or shades of hate
speech.

4.3.2. Semi-Supervised Learning for Hate
Speech Detection

The application of SSL techniques further improved
the performance of the models. Across both modal-
ities, Full-match and All-match produced higher
F1 scores, demonstrating that the use of adaptive
learning and utilizing all the unlabeled samples en-
hances the effectiveness of the classification. For
the speech modality, All-match yielded the high-
est F1 score of 0.851, while for the text modality,
Full-match obtained an F1 score of 0.957.

Based on the F1 scores, we chose the best-
performing Fix-match, Full-match and All-match
models, respectively for speech and text. We then
applied decision-level fusion, wherein the average
of the speech and text probabilities was computed
to obtain the final predictions for each sample. Ad-
ditionally, the overall best-performing speech and
text models were also fused, indicated as ’Best
2’ in Table 1. The fused Full-match achieved an
F1 score of 0.959, outperforming the unimodal re-
sults and highlighting the benefits of leveraging
both modalities for hate speech detection.

In (Wu and Cui, 2024), All-match was shown to
outperform all the other SSL methods, which was
attributed to the effective use of all the samples by
applying class-adaptive threshold and binary clas-
sification consistency regularization on the unla-
beled samples. The speech models in the present
work demonstrate a similar trend. However, for the
text modality and in fusion of modalities, Full-match
performed better. Since the unlabeled data in our
study were scraped from social media platforms,
their source diversity and quality variations may
have impacted the effectiveness of methods that
incorporate all samples.

4.3.3. Ablation study

We conducted a systematic ablation study to as-
sess the influence of data augmentation on the la-
beled data. During training, in addition to applying
weak and strong augmentations to the unlabeled
data, we also applied weak augmentation to the
labeled data.

As shown in Table 1, we observe that, in gen-
eral, training without augmentation yields better
results compared to training with augmentation.
Specifically, for both the speech and text modali-
ties, the Full-match approach consistently achieved
higher or equal performance without augmentation.
This suggests that augmenting the labeled data
may introduce variability that drifts from the natural
data distribution, which can negatively affect perfor-
mance, especially when the distinctions between
classes are subtle or implicit.

However, when the modalities were fused, mod-
els trained with augmentation exhibited improved



10271

Table 1: The performance of the speech (Wav2Vec2.0-XLSR) and text (XLM-RoBERTa) models in terms
of F1 score across the different Semi-Supervised Learning techniques and augmentation strategies.

Model Method Augment
without augmentation with augmentation

Valid Test Valid Test

Wav2Vec2.0-XLSR

Baseline — 0.846 0.834 0.846 0.834
Fix-match Flipping 0.843 0.812 0.855 0.848
Fix-match Time masking 0.832 0.817 0.850 0.808
Full-match Flipping 0.834 0.838 0.812 0.797
Full-match Time masking 0.834 0.839 0.838 0.834
All-match Flipping 0.808 0.835 0.838 0.839
All-match Time masking 0.842 0.851 0.825 0.813

XLM-RoBERTa

Baseline — 0.912 0.922 0.912 0.922
Fix-match Swapping 0.921 0.926 0.908 0.943
Fix-match Deleting 0.917 0.957 0.908 0.882
Full-match Swapping 0.917 0.935 0.908 0.886
Full-match Deleting 0.921 0.957 0.926 0.957
All-match Swapping 0.913 0.939 0.900 0.935
All-match Deleting 0.913 0.930 0.913 0.952

Fusion

Fix-match — 0.920 0.952 0.929 0.948
Full-match — 0.938 0.908 0.938 0.959
All-match — 0.947 0.926 0.929 0.956
Best 2 — 0.942 0.939 0.947 0.956

performance, indicating that the increased data
complexity helped the fusion model better general-
ize across modalities.

Additionally, we compared two different weak
augmentation techniques. Overall, time masking
and deleting produced better performances for the
speech and text modalities, respectively. This sug-
gests that information removal, rather than distor-
tion, can benefit model learning by encouraging
robustness to missing or occluded features.

4.3.4. Validation of Pseudo-Labels

Figure 2: Confusion matrix of pseudo-labels
against the human annotations.

Figure 3: Scatter plot of the confidence scores
of the generated pseudo-labels. Correct and in-
correct predictions are shown in green and red,
respectively. The dotted horizontal line indicates
the threshold applied during training.

The text model with Full-match SSL approach
produced the best results across both conditions
- with and without augmentation of labeled data.
To reduce data variability, we consider the model
trained without augmentation. Using this model,
we generated the pseudo-labels for the unlabeled
dataset along with their corresponding confidence
scores. Out of the total 778 unlabeled samples, 30
samples (15 hate and 15 non-hate) with varying
confidence scores were randomly selected. These
pseudo-labels were verified by a human expert,
who annotated the WMHS data. Figures 2 and 3
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presents the confusion matrix of the pseudo-labels
and the human validated labels and the scatter
plot of the confidence scores of the pseudo-labels.
Among the hate samples, 5 out of 15 were correctly
labeled, and for the non-hate samples, almost all
were correctly labeled, except one sample. Most
of the hate speech samples labeled by the model
as hate speech were identified by the human as
non-hate speech. These findings imply that the
models are more effective in detecting non-hate
speech than hate speech, potentially due to the
sometimes subtle linguististic differences separat-
ing hate speech from non-hate speech.

While the SSL methods effectively improved
model performance using unlabeled data, they also
raise concerns regarding the reliability of pseudo-
labels for direct use in data annotation. Some
recent research suggests that hate speech has
increasingly evolved into more implicit and subtle
forms, often avoiding explicit offensive terms (ElSh-
erief et al., 2021; Lin, 2022; Mohammed, 2025).
Detecting such more subtle speech requires un-
derstanding the context and correctly identifying
the target social group. Furthermore, it can be ar-
gued that the cost of misclassifying hate speech as
non-hate is higher than the reverse. Thus, when
non-hate speech is mistakenly classified as hate
speech by a content moderation algorithm, the
author typically has an opportunity to appeal and
request review (Casarosa, 2023). In comparison,
when hate speech is missed by an algorithm, re-
course to human moderation means that, at min-
imum, the human who flags a statement as hate
speech has already been exposed to it.

These findings suggest that SSL-based models
could serve as a foundation for generating pre-
liminary annotations, which can then be refined
through an iterative human-in-the-loop annotation
process to improve the accuracy and reliability of
hate speech identification.

5. Conclusion and Future Work

Hate speech remains a serious social issue, in par-
ticular for democratic societies that value human-
and minority rights as well as individual freedom
of expression. The ethical development of well-
balanced automatic hate speech detection algo-
rithms could therefore provide an essential building
block of our answer to the rapid spread of hate
speech via social media. In this work, we leveraged
the annotated Polish WMHS database and unla-
beled data from Banbye to apply three SSL meth-
ods for hate speech detection using pre-trained
speech and text foundation models. Our results
show that SSL methods can successfully leverage
unlabeled data to improve model performance, with
the Full-match method on fused text- and speech

models yielding the overall best results.
As demonstrated by the ablation study, training

without augmentation generally produced better
results for hate speech detection, suggesting that it
may be important to preserve the original data dis-
tribution. Additionally, we analyzed a subset of the
pseudo-labels generated by the text model using
Full-match and observed that these models were
more effective in detecting non-hate speech than
hate speech. This suggests that our approach may
be conservative with respect to avoiding mistakes
where harmless material is falsely labeled as hate-
speech, thus erring on the side of rather allowing a
piece of hate speech to pass than to infringe upon
expressions that might still be harmless.

In conclusion, SSL models demonstrate strong
potential for integration into a human-in-the-loop
annotation workflow. Such a workflow could fa-
cilitate efficient annotation of larger hate speech
data corpora and thus more robust hate speech de-
tection. Future work could further aim to improve
the detection of subtle and implicit hate speech.
Here, e.g., large language models (LLMs) could
be explored for semi-automatic data annotation
and enhanced with semantic context knowledge
through adaptive learning.

6. Ethical Statement

Hate speech has serious implications for both in-
dividuals and society(Soral et al., 2018; Zochniak
et al., 2023). With the widespread accessibility of
the Internet, users are increasingly vulnerable to
exposure to harmful content. Research on detect-
ing and understanding hate speech is essential to
curbing its spread and improving online safety.

The dataset used for our research consists of
videos collected from various sources. The dataset
lacks metadata, but some videos include identifi-
able individuals. However, our focus was on extract-
ing the acoustic characteristics of speech rather
than speaker identity for hate speech detection.

Exposure to hateful content, whether through
annotation, analysis, or model training, poses a
mental health risk for researchers. We advise
researchers and annotators to engage with the
content in controlled environments, taking regular
breaks and seeking support if needed.

There is a risk that hate speech detection mod-
els, including ours, could be misused to iden-
tify and amplify hateful content targeting specific
minority groups. While our intent is purely aca-
demic and socially beneficial, future misuse with
malicious intentions is possible. We strongly ad-
vocate that this technology be used responsibly
and only in research contexts that uphold ethical
safeguards. To mitigate the risk, annotated hate
speech databases, such as the Warsaw Multimodal
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Hate Speech (WMHS) Database (Puchała et al.,
2025), are often made available only upon request
by researchers.

Our work represents a step toward efficiently de-
tecting hate speech in speech and text data on so-
cial media platforms. We recognize the ethical com-
plexities inherent in this domain and encourage
open discourse, responsible data handling, and
cautious application to mitigate potential harms.
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