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ABSTRACT

Online hate speech on social media has become a critical prob-
lem for social network services that has been further fueled by
the self-isolation in the COVID-2019 pandemic. Current studies
have primarily focused on detecting hate speech in one language
due to the complexity of the task; however, hate speech has no
boundaries across the languages and geographies in the real world
nowadays. This demands further investigation on multilingual hate
speech detection methods, with strong requirements for model in-
terpretability to effectively understand the context of the model
errors. In this paper, we propose a Multilingual Interactive Attention
Network (MLIAN) model for hate speech detection on multilingual
social media text corpora, by building upon the attention networks
for interpretability and human-in-the-loop paradigm for model
adaptability. This model interactively learns to give attention to
the relevant contextual words and leverage the labels for the hate
target mentions from the simulated human feedback. We evaluated
the proposed model on SemEval-2019 Task 5 datasets in English
and Spanish. Extensive experimentation of model training in both
settings of single and multiple language data demonstrates the supe-
rior performance of our model (with AUC more than 84%) compared
to the strong baselines. Our results show that human feedback not
only improves the model performance but also helps to improve the
interpretability of the model by establishing a strong connection
between the learned attention weights and semantic frames for
the text across languages. Further, an analysis of the amount of
human feedback required to achieve reliable and increased model
performance shows that less than 4% of training data is sufficient.
The application of the MLIAN method can inform future studies
on multilingual hate speech.
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Original message Original message

Sweden needs clean house house
Who cares people say think Who think
There getting destroyed show destroyed show

tolerance #sendthemback tolerance

mﬁunshﬁon message

necesita limpiar

gente diga

Translation message
Suecia necesita limpiar casa
A quién importa gente diga
piense Estdn siendo
destruidos solo mostrar destruidos solo mostrar

tolerancia #Envialos vuelta tolerancia vuelta

Figure 1: Attention weights distribution in English and Span-
ish texts. The darker color of the word means the higher
weight.

piense Estan

1 INTRODUCTION

Hate speech has become a general phenomenon in modern society.
Particularly, the prevalence of hate speech is pronounced on social
media platforms and other means of online communication. Users
often anonymously and freely express themselves in online com-
munication forums, including social media. The ability to express
freely oneself is an important human right, but inducing and spread-
ing hate towards another group is an abuse of this liberty. While the
research in hate speech detection has been growing rapidly, multi-
lingual hate speech detection is still a challenging task. Most of the
existing research studies [5, 29, 33] have focused on one language
only (mainly English), and their methods often depend on external
knowledge sources, such as a hate speech lexicon [10, 22, 41]. These
sources are resource-intensive and time-consuming to create in ev-
ery language. A key challenge of these methods is the obsolescence
of the data source, given the developing language of user-generated
content on social media. The language changes quickly, especially
under the pressure of moderation, which brings us to the next
important challenge. Current multilingual hate speech detection
models cannot effectively deal with the local derogatory slangs in
specific language (e.g., ‘sudaca’ is xenophobic term to call people
from South America by Central Americans and North Americans
who speak Spanish language) and local context of implicit hate
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speech (e.g., ‘building a wall’ could implicitly refer to hate against
immigrants). Another enormous challenge is a significant drop in
the performance when the existing models are tested on datasets
different from training data [22] in terms of the target of hate speech
such as immigrants versus women. Examples of such tweets are
presented in Table 1.

Table 1: Example of messages with different targets of hate
speech.

Message Target
The U.S must stop importing the | Immigrants
Worlds Poor if they cant take care
of themselves #sendthemback Stop
allowing Foreigners to live off U.S
Taxpayers #Trump #¥MAGA
@USER @USER You won the
“life time recipient for Hysterical
Woman” a long time ago

Group

Woman Individual

Last, the state-of-the-art hate speech detection models have used
deep learning techniques, however, the decisions made by the deep
learning models can be opaque and difficult for humans to inter-
pret why the decision was made and analyze the model errors.
While human-in-the-loop paradigm has been shown to assist such
techniques, there is still a challenge for the ability of humans to
provide effective feedback to the model to improve it. To address
this challenge, we hypothesize that a theoretical approach of frame
semantics from cognitive linguistics [17] can help better explain
and rectify the model reasoning provided through attention weight
map (c.f. Figure 1). Frame semantics suggests that word meanings
are defined relative to frames in a given text and thus, if the model
can learn to give attention to the elements of the correct frame as
per human interpretation, the model performance could improve.
For example, in Table 1, in order to correctly interpret the posts,
a model will need a good understanding of the targets of the hate
that could be easily understood by evoking a specific frame for
interpretation by a human when looking over the attention maps.

This paper investigates the following research questions:

e RQ1. Can a hybrid method of Interactive Attention Network
(IAN) with human-in-the-loop approach improve the detec-
tion of hate speech in multilingual data with local slangs and
implicit context for hate?

e RQ2. Is there an effect of framing in the human feedback
to IAN that helps toward faster convergence for the hate
detection model?

e RQ3. How much human feedback is required for significant
improvement of hate speech detection results?

To address these questions, our method relies on including mini-
mal human guidance in the training process of IAN classification
model for achieving higher performance. Human feedback helps
to detect hate subtleties and phrases for extracting features during
model training, where the human feedback is guided by common
element of the frames to express a hate speech, i.e. hate targets.
Explanation of decisions of the IAN model with the help of human
feedback is analyzed by comparing the distribution of attention
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weight maps and semantic frames in the textual posts. The experi-
mental dataset includes social media posts from two different topics
in two languages. The proposed method allows the design of a novel
multilingual hate speech detection system with the help of humans
that shows high level of performance and can explain decisions
by demonstrating an attention weight map (c.f. Figure 1) of the
analyzed texts.

The main contribution of this study is a Multilingual Interactive
Attention Network (MLIAN) model for detecting hate speech in
text, regardless of language. We not only show improved model
performance compared to baselines in two languages but also show
a principled way of integrating frame semantics for analyzing the
interpretability of the model reasoning. A comparison of distributed
attention weight map with semantic frames shows that our model
accurately captures implicit frame elements in the text that help
to detect hate speech. We achieved this with simulated human
feedback and identified the minimal level of feedback required to
improve the model performance compared with the baselines.

The remainder of this paper is organized as follows. We first
describe the related work, followed by our MLIAN methodology,
experimental setup, and then, result analyses.

2 RELATED WORK

Spreading hate towards distinct groups is an abuse of human rights
to express themselves freely. Many online forums such as Facebook
and Twitter have policies to remove hate speech content [16], albeit
detecting hate speech is challenging. We summarize the definitions,
existing detection techniques, and the role of human feedback to
improve them.

2.1 Hate Speech Definitions

There are many definitions of hate speech that make the task spec-
ification of the detection of hate speech difficult. Here are some
examples of such definitions: (1) “Hate speech is speech that attacks
a person or group on the basis of attributes such as race, religion,
ethnic origin, national origin, sex, disability, sexual orientation, or
gender identity.” [27] (2) “We define hate speech as a direct attack
on people based on what we call protected characteristics - race,
ethnicity, national origin, religious affiliation, sexual orientation,
caste, sex, gender, gender identity, and serious disease or disability.
We also provide some protections for immigration status. We define
attack as violent or dehumanizing speech, statements of inferiority,
or calls for exclusion or segregation” [16] (3) “Language that is used
to expresses hatred towards a targeted group or is intended to be
derogatory, to humiliate, or to insult the members of the group.”
[10] (4) “Hate speech is a language that attacks or diminishes, that
incites violence or hate against groups, based on specific charac-
teristics such as physical appearance, religion, descent, national or
ethnic origin, sexual orientation, gender identity or other, and it
can occur with different linguistic styles, even in subtle forms or
when humor is used.” [18] Some definitions above consider hate
towards a group while others consider attacks on an individual. A
general observation among the definitions is that some aspect of
the group’s or a person’s identity becomes a base for the offense,
however, in the given text it may not be explicitly stated, as shown
in Table 1. While in one definition the specific identity aspect is
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ignored, other definitions provide specific identity characteristics.
These ambiguities can challenge the task specification and what
conventional text-based classification approaches could capture,
especially when data is multilingual. Thus, human feedback could
be valuable to support model training process.

2.2 Hate Speech Detection Models

The earlier efforts to build hate speech classifiers used both simple
methods using dictionary lookup [23] and bag-of-words features
[8] as well as deep learning techniques. SVM classifier is widely
used for hate speech detection. Training includes diverse features
such as character n-grams, word n-grams, word skip-grams, and
knowledge-base features [30, 39]. Also, the list of features can in-
clude Brown cluster features along with approaches including en-
semble classifiers and meta-classifiers [31]. During the analysis of
the TRAC-1 workshop results [26], we found that authors use both
deep learning (e.g., LSTM, Bi-LSTM, CNN) and traditional machine
learning classifiers (e.g., SVM, Random Forest, Naive Bayes).

The HASOC 1 workshop organized at FIRE 2019 [32] notes that
the most widely used approach for hate speech detection in Indo-
European Languages was Long Short-Term Memory (LSTM) net-
works coupled with word embeddings. The participants used a
wide variety of models such as BERT, SVM, and LSTM. Further-
more, a unified deep learning architecture based on LSTM networks
reached high performance without change of the architecture but
only training a model for each task (i.e., different abusive behavior
types) [19]. Results of the most recent shared tasks in aggression
identification and misogynistic aggression identification show that
the superior performance of the SVM classifier was achieved mainly
because of its better prediction of the majority class. BERT-based
classifiers were found to predict the minority classes better [6].

Research into the multilingual aspect of hate speech is relatively
new. Using Twitter hate speech corpus from five languages anno-
tated with demographic information, authors of [24] studied the de-
mographic bias in hate speech classification. Hate speech detection
models based on SVM and Bi-LSTM show outstanding performance
on three datasets from three languages (English, Italian, and Ger-
man) [9]. Moreover, large-scale analysis of deep learning models
to develop classifiers for multilingual hate speech classification (16
datasets from 9 languages) shows that for low resource languages,
LASER embedding with logistic regression performs the best, while
in a high resource setting BERT-based models perform better [3].
One limitation of these methods is the lack of interpretability of
the reasoning for the models’ decisions.

2.3 Human-Machine Collaboration for Hate
Speech Detection

Complex behaviors such as hate speech require efficient automated
models for detection of such communication. Previous work in
this direction informs the requirement for continuous model trans-
formation techniques [40] due to the complexity of the task. The
findings of human-machine collaboration for content regulation
(based on Reddit case) suggest a need for tools to help tune the
performance of automated modeling mechanisms, a repository for
sharing tools, and improving the division of labor between human
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and machine decision making [25]. Some existing approaches advo-
cate the use of external knowledge sources, such as a hate speech
lexicon, where detection systems could leverage multilingual, fine-
grained Profanity and Offensive Word (POW) lexicons (an NLP
resource for toxic language) [12]. This type of approach can be
effective but it requires developing these knowledge sources that is
labor-intensive, especially for multilingual setting, and furthermore,
such sources need to be up to date, which is not always possible.
Thus, an effective alternative can be a human-machine collabora-
tion to fine-tune an automated hate speech detection model during
the training/re-training process, with targeted human feedback to
improve the model’s understanding for the hate speech context.

3 METHODOLOGY: MLIAN MODEL

Recent approaches for hate speech detection propose solutions that
use deep learning techniques for text classification of hate speech.
While these solutions make decisions automatically, they make er-
rors due to the biases in learning patterns and the reasoning behind
those decisions can be difficult to interpret and unclear for humans.
The resulting systems that automatically censor social media posts
would end up needing a human’s attention for majority of the ap-
pealed cases. The multilingual content can make such systems even
more human resource-demanding. In this section we describe our
proposed MLIAN model that can enable efficient human-in-the-loop
paradigm along with interpretability of multilingual hate speech
classification decisions, by employing a meaningful human feed-
back guided through frame semantics theory in the deep learning
architecture of interactive attention networks.

3.1 Interactive Attention Networks

Our method builds upon the interactive attention network (IAN)
architecture. Deep learning models are widely used for hate speech
detection tasks [5], but many of such models make automated
decisions hard for understanding, or can be explainable only by
using special techniques [29]. In recent years, models with attention
mechanism have not only shown good performance, but also can
be used as a tool for interpreting the behavior of neural network
architectures [11, 20, 21]. In the processing of natural language, the
tokens composing the source text are characterized by having each
a different relevance to the task at hand. The attention mechanism
constructs the context vectors of the tokens that are required by the
decoder to generate the output sequence in the encoder-decoder
neural architecture. The IAN model was proposed for interactive
learning of attentions in the context vector and special tokens (i.e.
hate targets in our study), and generate the representations for
the special tokens and contexts separately. The IAN model has
shown high performance results in many tasks such as aspect-level
sentiment classification [28], adverse drug reactions [1], pedestrian
detection [42], and other classification tasks.

Unlike the existing methods for hate speech detection task that
mainly work for monolingual data or require special linguistic re-
sources created with labor-intensive efforts, we propose to adapt
this IAN model. It can facilitate an approach for multilingual hate
speech detection with integration of the human-in-the-loop para-
digm to improve both the model performance and interpretability.
The role of human agents is to provide more contextual information
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hate speech detection

softmax

final

representations

representations
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i 1 multilingual

human-made labels embeddings

context

Figure 2: The overall architecture of MLIAN model.

about hate speech that could be informed by appropriately invoking
the correct frame. Specifically, we provide whether a given text
message has personal or group hate target as an additional parame-
ter for interactive model training. We choose this feature because it
can be extracted in real cases creatively — users of the social media
platforms can provide the appropriate frame of interpretation and
identify the hate target to themselves and label the posts at scale.
We evaluate our proposed model against state-of-the-art baseline
methods in Section 4.

3.2 Model Architecture

The overall architecture of MLIAN model is shown in Figure 2.
MLIAN model contains two parts that interactively model the tar-
gets (left part in the Figure 2) and context (right part in the Figure
2).

Our specific steps are as follows. First, we use multilingual text
embeddings as input to LSTM. It is employed to obtain a target and
hidden states of words on the word level for targets and context
respectively. Second, we calculate the average value of the targets’
states and the contexts’ hidden states to supervise the generation of
attention vectors, with which the attention mechanism is adopted
to capture the important information in the context by the target
provided by human feedback. This type of architecture design [28]
enables to capture the influence on the context from the identi-
fied target and the influence on the target from the context. This
approach provides more clues to the modeling algorithm to pay
attention to the contextually-relevant hate speech features and thus,
allows to generate their effective data representations interactively.
Finally, target and context representations are concatenated as a
final representation for an input text that is fed to a softmax function
for hate speech classification.
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3.3 Transformer-Based Multilingual
Embeddings

We use embeddings generated by two pre-trained transformer-
based models for representing the input data for MLIAN: Language-
Agnostic SEntence Representations (LASER) [4] and Distilled Mul-
tilingual Bidirectional Encoder Representations from Transformers
(DistilmBERT). The main difference between these two models is
that LASER generates sentence-level embeddings while Distilm-
BERT generates word/token-level embeddings.

LASER. Results of previous large-scale analysis of multilingual
hate speech detection in 9 languages from 16 different sources
demonstrate that simple models such as LASER embeddings with
machine learning algorithms perform with the best results [3].
LASER is based on an architecture to learn joint multilingual sen-
tence representations for data in 93 languages. Given an input sen-
tence, LASER provides sentence embeddings which are obtained by
applying max-pooling operation over the output of a Bidirectional
LSTM (Bi-LSTM) encoder. Bi-LSTM output is constructed by con-
catenating outputs of two individual LSTMs working in opposite
directions (forward and backward). This way more contextual in-
formation is included in the output than a single LSTM reading text
from left to right. The system uses a single Bi-LSTM encoder with
a shared byte-pair encoding (BPE) vocabulary for all languages,
coupled with an auxiliary decoder, and trained on publicly available
parallel corpora. In our experiments, all sentences are initialized by
LASER in 1024-dimension fixed-size vector to represent the input
textual post. The resulting embeddings are computed using English
annotated data only, and transferred to any of the 93 languages
without any modification. Experiments in cross-lingual natural
language inference (XNLI dataset), cross-lingual document classifi-
cation (MLDoc dataset), and parallel corpus mining (BUCC dataset)
have shown the effectiveness of the LASER approach [4].

DistilBERT. Multilingual DistilBERT model pre-trained by Hug-
gingFace! is a distilled version of the multilingual BERT-base model
[38]. The model is trained on the concatenation of Wikipedia in
104 different languages. The model has 6 layers, 768 dimension and
12 heads, totalizing 134M parameters (compared to 177M param-
eters for the multilingual BERT). On average DistilmBERT is 60%
faster than multilingual BERT model. All DistilmBERT embeddings
have 512-dimension fixed-size vector representation. BERT’s key
technical innovation is applying the bidirectional training of Trans-
former, a popular attention model, to language modeling [13]. This
is in contrast to previous efforts which looked at a text sequence
either from left-to-right or combined left-to-right and right-to-left
training. We use BERT because it shows high performance in many
NLP-tasks including hate speech classification [15, 34, 37].

3.4 Human Feedback Guided by Frame
Semantics Theory

While human could give a variety of feedback to the MLIAN model

for hate speech detection, we propose to guide the nature of the

feedback. One common approach of human-in-the-loop machine

learning paradigm is to seek feedback from humans as the correct

labels at the entire text level. Alternative to this approach can be

Uhttps://huggingface.co/models
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the feedback at the level of word tokens in the text, but the question
is how to create a principled approach to identify the special tokens
for the feedback. We explore frame semantics theory from cognitive
linguistics [17] that can help better explain and guide the types
of special tokens to focus for the human feedback, in order to
rectify the model reasoning provided through attention weight
map such as shown in Figure 1. According to the theory of frame
semantics, word meanings are defined relative to frames in a given
text. Given the varied ways in which hate speeches are expressed,
human, rather than machine, could quickly identify the appropriate
frame to interpret a given text. Thus, if the model can learn to
give attention to the elements of the correct frame as per human
interpretation, the model performance could improve.

A semantic frame is a set of statements that give “characteristic
features, attributes, and functions of a denotatum (data object), and
its characteristic interactions with things necessarily or typically
associated with it” [2] Moreover, a semantic frame can be viewed
as a coherent group of concepts such that complete knowledge of
one of them requires knowledge of all of them [36]. Therefore, it
provides a common representation to capture both knowledge and
meaning of a given textual post. For example, a description of frame
in FrameNet? (the popular knowledge base to understand human
language) primarily contains following attributes: Description - a
textual description of the frame including what it represents; Frame
Elements (FE) - additional attributes for representing meaning of
the frame in a sentence/context, such as the frame Being_born has
FEs: Child, Time, Place, etc.; Lexical Units (LU): the lemmatized
form of words with their part-of-speech that invoke a frame; and
lastly, Example Sentences.

Hate speech can be described by several frames [14], and thus,
a common but essential pattern to guide the human feedback at
the token-level could be the element of hate target group in a
given text. To achieve this goal we propose a model described in
the next subsection that can combine human feedback of the hate
target interactively during the training process, within the specific
language context of a textual post.

4 EXPERIMENT SETUP

Data: We evaluated our model on the dataset containing English
and Spanish tweets provided by SemEval-2019 Task 5 — HatEval:
Multilingual Detection of Hate Speech Against Immigrants and
Women in Twitter [7]. This dataset has been labeled with two classes
for determining whether a given tweet is hateful or not-hateful
for a given target such as women or immigrants. Additionally, the
data includes labels for identifying the harassed target as individual
or generic (i.e. individual or group). Table 2 shows the quantity of
training and test instances for each category. In the current work,
we named the first type of labeling as hate speech labels, and the
second type as target-type labels.

Schemes: To compare our proposed method, given there is not
exactly comparable prior work for our multilingual problem setup
tested on the same dataset, we construct multiple baseline schemes
using classical machine learning models [35] that use LASER em-
beddings as input features. We didn’t use state-of-the-art models
proposed during SemEval-2019, because participants had another

Zhttps://framenet.icsi.berkeley.edu/fndrupal/
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Table 2: Train and test data.

Hate speech Target type
Hate | Non-hateful | Individual | Group
Train | English | 3783 5217 1341 2442
Spanish | 1857 2643 1129 728
Test | English | 427 573 219 208
Spanish | 222 278 137 85

task and tested their approaches on single-language data, while
our setup includes only multilingual cases. Additionally, we also
compare MLIAN with LSTM [30] based model, as used in the prior
works (we use it with two hidden levels and trained for 20 epochs,
similar to MLIAN). We evaluate our MLIAN model with both LASER
and DistilmBERT embeddings. The full list of proposed modeling
schemes for evaluation is the following (* denotes our proposed
models and others are the baselines):

e [SVC+LASER]: This method uses pre-trained LASER em-
beddings, which are passed as input to a Linear Support
Vector Classifier model.

o [RF+LASER]: This method uses pre-trained LASER embed-
dings, which are passed as input to a Random Forest model.

e [SGD+LASER]: This method uses pre-trained LASER em-
beddings, which are passed as input to a Stochastic Gradient
Descent model.

e [MLP+LASERY]: This method uses pre-trained LASER em-
beddings, which are passed as input to a Multi-Layer Percep-
tron model.

o [LSTM+LASER]: This method uses pre-trained LASER em-
beddings, which are passed as input to a Long Short-Term
Memory Network model.

o [LSTM+DistilmBERT]: This method uses pre-trained Dis-
tilmBERT embeddings, which are passed as input to a Long
Short Term Memory Network model.

e [*"MLIAN+LASER]: Multilingual Interactive Attention Net-
work method with LASER embeddings.

o [*"MLIAN+DistilmBERT]: Multilingual Interactive Atten-
tion Network method with DistiimBERT embeddings.

To evaluate the performance of classification models, we adopt
three metrics: Accuracy (ACC), Area Under the Receiver Operating
Characteristic Curve (AUC), and weighted F-measure (F1), which
is consistent with the prior works on hate speech detection.

Model Implementation: In MLIAN, we need to optimize all the
parameters in LSTM networks: the attention layers, the softmax
layer, and the text embeddings (LASER or DistilmBERT). Cross
entropy with L2 regularization is used as the loss function. We
use backpropagation to compute the gradients and update all the
parameters of LSTM. The coefficient of L2 normalization in the
objective function is set to 1073, the dropout rate is set to 0.2, and
20 epochs.

5 RESULT ANALYSIS AND DISCUSSION

We first discuss the results of MLIAN model against the baseline
schemes, followed by an in-depth analysis of the nature of human
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feedback, the amount of human feedback, and the analysis of cross-
lingual and cross-target scenarios.

5.1 MLIAN Performance

Table 3 shows the performance comparison of MLIAN-based mod-
els with other baselines. We can observe that the deep learning
models have higher performance in multilingual hate speech detec-
tion than classical machine learning based model schemes. Further,
both the proposed models of MLIAN+DistilmBERT and MLIAN +
LASER show higher performance than LSTM baselines in all metrics.
MLIAN+LASER model scheme demonstrates better performance
result in multilingual cases, which is perhaps contributed by the
consideration of sentence-level context by the LASER embeddings
and the human feedback in MLIAN.

Table 3: Comparison with baselines. Results of binary classi-
fication for the SemEval-2019 Task 5 (hate speech againstim-
migrants and women). Best performances are in bold. Mod-
els were trained on multilingual data (10-fold CV). « denotes
the proposed models.

Model Scheme ACC AUC F1
MLP+LASER 60.93+0.72 | 58.73+0.69 | 59.85+0.64
RF+LASER 70.20+£0.61 | 67.63+£0.53 | 68.85+0.62
SGD+LASER 69.38+0.43 | 70.07+£0.99 | 70.07+0.52
SVC+LASER 71.87+0.71 | 71.27+0.45 | 71.85%+0.63
LSTM+DistilmBERT 73.85+0.31 | 78.29+0.14 | 73.86+0.31
LSTM+LASER 71.59+0.43 | 79.38+0.11 | 71.58+0.43
*MLIAN+DistilmBERT | 81.24+0.59 | 79.84+0.61 | 81.00+0.55
*MLIAN+LASER 85.06+0.40| 84.14+0.54| 84.94+0.42

Further, our MLIAN models demonstrate that emphasizing the
importance of human feedback through learning target and con-
text representation interactively can be valuable for hate speech
detection tasks. Compared with LSTM models, our architecture
improves AUC performance by about 6% for LASER-based model
implementation and 2% for DistilmBERT-based model implementa-
tion on multilingual data. The main reason for higher performance
is that MLIAN+DistilmBERT and MLIAN+LASER use the additional
feature contributed by the simulated human agent which can in-
fluence the learning of context in the attention network. Besides
higher performance, in this design, we can learn the representa-
tions of targets and contexts whose collocation contributes to hate
speech detection even in the posts where users resort to special
language subtleties. This also inspires our future work to explore
and research the semantics of a variety of target types.

5.2 Analysis of Frame Semantics Theory-based
Human Feedback

In this analysis, we tested the theoretical justification of the impact
of human feedback based on the connection between frame se-
mantics theory described in Section 3.4 and attention weight maps
resulting from the developed MLIAN model.

Specifically, to understand how MLIAN attention weights cor-
relate with semantic frames, we examine the tweet text originally
written in Spanish and its English translation. First, we can extract
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semantic frames for the text versions in both languages by employ-
ing a semantic parser. Semantic parsers are trained specifically to
consider context when identifying frames in a text. In this exercise,
we utilized SLING [36] to extract head frames from a textual post.
Head frames are the frames directly evoked by a mention in text.
Figure 3 illustrates the high-level frame extraction process with an
example.

OUTPUT

frames

SLING Frame

Extractor

m

Figure 3: High Level Architecture of Frame Extraction Pro-

We are up to the hat
of illegal immigration to have
to tolerate the one that jumps
the fence of Ceuta
in an extremely

violent way.

cess.

Second, we apply the trained MLIAN model with and without
human feedback data on the two versions of the text to retrieve the
attention weight maps. For this task, we used MLIAN+DistilmBERT
model because it allows to extract word embeddings (while MLIAN+
LASER extract only sentence embeddings that cannot be inter-
pretable by human.) Figure 4 demonstrates that the attention weights
for the MLIAN model with human feedback-based hate targets have
more correlations with frames than the model without such princi-
pled feedback. Moreover, it is important to note that this correlation
is observed for both languages, indicating the significance of rely-
ing on a principled approach of frame semantics theory to identify
the type of targets to receive the human feedback.

5.3 Analysis of the Impact of Human Feedback

To measure the minimal required human feedback that could impact
the MLIAN model performance, we start with a baseline model
scheme without considering the target-types labels and then, design
several model schemes that incrementally add a specific amount of
the target-types labels as human feedbacks. Specifically, we analyze
the baseline case against three schemes, with the gradual addition
of randomly selected target-type labels — 100, 500, 1000. For this
task, we use the performance measures of Accuracy, F1, and AUC
for assessing different model schemes.

The full set of results are presented in Table 4. Best performances
are in bold. Results show that the statistically significant improve-
ment of accuracy and AUC was noticeable when increasing the
number of target-type labels to just 500, which equals to approxi-
mately 4% of training data only. This analysis demonstrates how
even the minimal use of human feedback could result into faster
convergence of the model training, for better performance in the
hate speech detection task.
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Original Spanish message:
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Detenidos 10 inmigrantes por organizar el salto a la valla de Ceuta del mes de julio. Estamos hasta el gorro de la inmigracién ilegal como para

encima tener que tolerar la que se salta la valla de Ceuta de manera extremadamente violenta.

Translation to English:

Baseline

MLIAN

10 immigrants arrested for organizing the jump to the fence of Ceuta in July. We are up to the hat of illegal immigration to have to tolerate the one

that jumps the fence of Ceuta in an extremely violent way.
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Figure 4: Attention weight maps of the original and translated texts in English and Spanish. The darker color of the word
means the higher weight. Cells with red borders indicates words that match with semantic frames.

Table 4: Minimal human impact in MLIAN+LASER model
is studied for the model schemes with an increasing num-
ber of human feedbacks. The table shows p-value for each
scheme’s performance comparison with the baseline and
the previous scheme. The best performing scheme’s p-value
is bold.

100 500 1000
baseline | feedbacks | feedbacks | feedbacks

ACC 73.04 74.10 77.46 78.59
Compare:
- baseline 0.297 0.001 0.000
- scheme 0.297 0.028 0.387
AUC 73.03 74.26 77.02 78.47
Compare:
- baseline 0.206 0.002 0.000
- scheme 0.206 0.060 0.296
F1 73.15 74.16 77.44 78.62
Compare:
- baseline 0.318 0.001 0.000
- scheme 0.318 0.031 0.368

5.4 Analysis of Cross-Lingual and Cross-Target
Classification

Multilingual classification tasks also include cross-lingual classifi-

cation settings — when languages in training and testing data are

different.
For evaluation of cross-lingual capability of the proposed method,
we train MLIAN model on one language and test on another, for

English and Spanish. The full results of cross-lingual classification
are presented in Table 5. The MLIAN models for both languages
show better results comparing with LSTM baselines. The model
achieves up to 68% AUC for training on English and testing on
Spanish, while for the opposite scenario, it reaches up to 78% AUC.
On the other hand, the LSTM-based baseline models show only 65%
and 68% AUC for the two scenarios.

Table 5: Results of cross-lingual classification. Best perfor-
mances are in bold (10 fold CV). = denotes the proposed mod-

els.

Model Scheme | ACC [ AUC | F1
EN — ES

LSTM+LASER 61.90 | 65.67 | 61.74

LSTM+DistilmBERT | 59.16 | 65.01 | 58.77

MLIAN+DistilmBERT* | 71.33 | 68.16 | 69.78

MLIAN+LASER* 71.46 | 68.16 | 69.91
ES — EN

LSTM+LASER 58.16 | 6351 | 57.61

LSTM+DistilmBERT | 63.45 | 68.56 | 63.13

MLIAN+DistilmBERT* | 81.76 | 78.95 | 81.01

MLIAN+LASER* 81.28 | 78.57 | 80.57

Lastly, we evaluate MLIAN for cross-topic hate speech detection
— when the type of targets in the training and testing data are differ-
ent. For evaluation of cross-target capability of the model, we train
the model on the dataset with hate speech targeted to one group
of people (e.g. migrants) and tested on the dataset with another
targeted group (e.g. women). Example of hate speech targeted at
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different groups are presented in Table 1. The full results of cross-
topic classification is presented in Table 6. MLIAN models show
the best results comparing with another baseline model schemes.
MLIAN model reaches up to 80% AUC for training on migrants-as-
target dataset and testing on women-as-target dataset, and in the
opposite scenario, such a model reaches up to 82% AUC. In contrast,
LSTM baselines were only able to achieve up to 74% AUC in both
scenarios.

These results show that MLIAN could reach good performance
during both cross-lingual and cross-topic hate speech classification
tasks and this analysis validates the benefits of deep learning model
with human feedback for improving the task performance.

Table 6: Results of cross-target classification. Best perfor-
mances are in bold (10 fold CV). = denotes the proposed mod-
els.

Model Scheme l ACC l AUC l F1
migrants — women
LSTM+LASER 68.16 | 74.35 | 68.16
LSTM+DistilmBERT 68.31 | 74.46 | 68.31
MLIAN+DistilmBERT* | 71.41 | 69.37 | 71.05

MLIAN+LASER* 81.89 | 80.31 | 81.51
women — migrants
LSTM+LASER 67.17 | 73.33 | 67.17

LSTM+DistilmBERT 67.23 | 74.12 | 67.23
MLIAN+DistilmBERT* | 84.06 | 82.70 | 83.80
MLIAN+LASER* 70.40 | 77.25 | 69.39

6 CONCLUSION AND FUTURE WORK

In this paper, we design a multilingual interactive attention network
(MLIAN) model for hate speech detection in social media posts, re-
gardless of language. The core idea of MLIAN is to use two attention
networks to model the context of content and the special tokens
as targets interactively, where we employ the frame semantics the-
ory to design a principled approach for appropriately guiding the
human feedback to provide target labels. We use simulated hu-
man feedback by labeling posts that contain personal/group hate
for identifying the special tokens as target labels. The model pays
close attention to such important parts in the context and learns
to give higher attention to the potential elements of the semantic
frame characterizing the hate speech in the post. Experiments on
SemEval-2019 Task 5 dataset demonstrate that MLIAN model per-
forms better than several baselines and requires a minimal human
feedback effort for improving the model performance. We present
extensive analyses to show the value of modeling with human feed-
back, which can help adapt the model to different languages and
tasks easily. The application of MLIAN model can inform future
studies for multilingual hate speech analytics.

We acknowledge certain limitations of this study that could be
addressed in future work. First, the dataset for experimentation
contains hate speech directed to two different groups of people,
which could be extended to different types of groups and it would
be valuable to understand how human feedback for the variety
of group targets could affect the model performance. Second, our

Vitiugin et al.

experiments are based on only English and Spanish language posts
due to the dataset limitation, which could be further expanded for
the datasets of more languages. Third, the proposed method was
tested using a simulated environment of human feedback as we
planned to conduct several analyses presented in this paper, but
our approach could be tested easily with real human agents in the
future as well.

Reproducibility: Datasets and code for the experiments described
in this paper will be available for research purposes at public repos-
itory https://github.com/vitiugin/mlian.
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Any opinions, findings, and conclusions expressed in this material
are those of the authors and do not necessarily reflect the views of
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