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Abstract

Recent work showed that Natural Lan-
guage Explanation (NLE) is achievable
with enough computation and resources.
In this work, we explore the possibility
of including reasoning in an offensiveness
detection system and see whether it im-
proves or degrades the system. To build
a model that explains its predictions, we
create an artificial explanation dataset with
the list of offensive words in the sentence
using online lexicons. From the experi-
ments on the TS5 language model, we ob-
served that adding explanations did not
improve the model’s ability in detecting
offensiveness. However, we show that
we can successfully incorporate explana-
tions into the model without disturbing
the model’s performance on downstream
tasks, in our case, offensiveness detection.
Moreover, we demonstrate that challeng-
ing linguistic structures do not degrade the
performance of the model. The code is
publicly released on Githubﬂ

1 Introduction

With the rise of social media sites, hate mon-
gering has been rampant all over the internet
(Schmidt and Wiegand, 2017), bringing about a
growing number of shared tasks (Waseem and
Hovy, 2016a; [Fersini et al., 2018a; [Fersini et al.,
2018bj |Fersini et al., 2020; |Guest et al., 2021}
Basile et al., 2019). OffensEval (Zampieri et al.,
2019a)) is one such shared task where the goal is
to identify whether a given tweet is offensive or
not, and whether it is targeted towards a group
or an individual. To this end, they released the
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OLID (Offensive Language Identification Dataset)
dataset that we use in our models.

Deploying a hate speech detection model into
the real world without any explanation or reason-
ing over the prediction does not contribute to the
user experience (Epstein et al., 2021). Therefore,
we intend to build an explainable model that gives
reasons for its predictions, and to evaluate whether
forcing the model to generate explanations im-
proves its performance in offensiveness detection.

1.1 Prompting the models

Despite the success of neural models in natural
language processing tasks, the huge set of param-
eters make their interpretation difficult. So, neural
models remained a black-box for long time mak-
ing them hard to reason over the predictions made.
However, recent studies (Ling et al., 2017}; (Cobbe
etal., 2021;Sap et al., 2019; [ElSherief et al., 2021}
Huang et al., 2022) showed that, with enough
resources, Natural Language Explanation (NLE)
can be achieved. For instance, Wei et al. (2022)
showed passing a chain of intermediate steps with
the answer can help the model improve its answer-
ing capability along with the additional benefit of
reasoning the prediction. Despite achieving com-
parably good results with just 8 examples, it is not
feasible to use a large language model like PALM
(Chowdhery et al., 2022) (540 billion parameters)
in production. |Huang et al. (2022) follow the
same idea of chain of thought prompting for NLE
in hate speech detection, but with smaller gener-
ative models like GPT-Neo (Black et al., 2021)),
OPT (Zhang et al., 2022)), TS (Raffel et al., 2019),
and BART (Lewis et al., 2020), and compensate
for their fewer parameters with a large dataset of
6,500 instances with explanations.
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1.2 Our work

In contrast to both of these systems, we neither
have access to the large language models nor
to the manual explanations of the OLID dataset
(Zampieri et al., 2019a). Therefore, we create an
artificial explanation dataset for OLID to train an
explainable system.

In this work, we explore the feasibility of expla-
nation in text classification problems and its role
in improving the model’s answering capability us-
ing an artificial dataset. Specifically, we train a
seq2seq model to predict the label along with the
explanation. Achieving this would require a man-
ually annotated dataset where the explanations are
laid out for the model to understand human rea-
soning. In our case, we approximate this process
by creating an artificial dataset where we pass the
filtered offensive words in the sentence as an ex-
planation for the label. Although this is an ap-
proximation of the task, we have seen comparable
results and we consider it as initial steps towards
reasoning in Natural language understanding. Fur-
ther, we use our prompts to test how our model
fares with linguistically challenging sentences.

We perform the experiments in three phases:

1. In the first phase, we evaluate different base-
lines (discriminatory models) to estimate the
difficulty of the task.

2. In the second phase, we evaluate if we can
successfully pivot the classification problem
into a seq2seq one. In this step, we limit the
target sequence to label definitions (verbaliz-
ers) i.e. offensive and not offensive.

3. In the third phase, we create the artificial ex-
planation dataset (shown in Figure [2)). Later,
we train the seq2seq model on the artificial
dataset where the model must predict both
the label and the explanation behind that la-
bel. Here, we observe if we can incorporate
explanations without performance loss. As
the choice of prompts can greatly influence
the performance of a prompting based model
(Zhao et al., 2021), we experiment with lin-
guistically challenging prompts which makes
it harder for the model to learn new patterns.
This way, we ensure that the potential pos-
itive results are not due to chance or luck
while designing prompts, and that the model
performs well despite difficult prompts.
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Figure 1: Three phases of approaching the prob-
lem. The order of phases can be construed in a top-
down manner. For instance, discriminatory mod-
els being the first phase.
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2 Related Work
2.1 Offensive speech

Offensive speech is near-unavoidable in online
spaces due to the anonymous and fast-paced na-
ture of interactions. These interactions can be
grouped in several different ways, such as aggres-
sion, offensiveness, hate speech, cyberbullying,
and toxicity (Zampieri et al., 2019b). It is im-
portant to find ways to moderate targeted negative
speech for user safety and satisfaction, and Nat-
ural Language Processing (NLP) tools have been
shown to be helpful in this regard (Waseem and
Hovy (2016b)), [Founta et al. (2018)), |Davidson et
al. (2017)).

There has been several events aiming to im-
prove the available tools around classifying neg-
ative speech such as OffensEval-2019 (Zampieri
et al., 2019b), TRAC (Kumar et al., 2018), Kag-
gle Toxic Comment Classification Challengeﬂ and
HASOC-2019 (Mandl et al., 2019). OffensEval-
2019 invited many different approaches from par-
ticipants, most have used pre-trained language
models, with BERT (Devlin et al., 2018 con-
sistently producing the top-performing results
(Zampieri et al., 2019b). Others have built ensem-
bles of various other deep learning models such as
CNN (LeCun et al., 1998)), BiLSTM (Zhou et al.,
2016), and BiGRU (Cho et al., 2014]). OffensEval-
2020 showed similar leaning towards language
models, with most participants choosing BERT,
RoBERTa (Liu et al., 2019b), mBERT (Devlin
et al., 2018]), and XLM-RoBERTa (Conneau et
al., 2019), and others employing CNNs, RNNs

Zhttps://www.kaggle.com/c/jigsaw-toxic-comment-
classification-challenge



(Rumelhart et al., 1985)), and GRUs (Zampieri et
al., 2020). Due to their demonstrated high per-
formance in these tasks, we choose LSTM, BERT
and RoBERTa as our baseline models.

In both events, participants have used fastText
(Bojanowski et al., 2017), GloVe (Pennington et
al., 2014), or word2vec (Mikolov et al., 2013)
word embeddings, with some participants using
offensive word lexicon approaches. The use of
lexicons in one of the top-performing models of
OffensEval (Seganti et al., 2019) is promising, as
it shows that offensive words can be helpful fea-
tures for classification on the OffensEval dataset,
which we are also using for our models. As we are
using the lexicon for explanation in later stages,
this support is important for our work.

2.2 Natural language explanation

The field of natural language explanations has
been pioneered by |Ling et al. (2017) when they
suggested using natural language rationales as in-
termediate steps to solve math problems. (Cobbe
et al. (2021) extended Ling et al. (2017)’s work
by curating a larger dataset and fine-tuning a pre-
trained language model instead of training it from
scratch. However, curating such explanations is
costly. To address the drawbacks of previous
works, Wei et al. (2022) leveraged the few-shot
prompting method from Brown et al. (2020) and a
new prompting approach called chain-of-thought
prompting, where a series of intermediate natu-
ral language explanations are passed to guide the
model towards the final answer.

When deploying hate speech detection models,
Epstein et al. (2021) showed that providing expla-
nations for the predictions improved user experi-
ence and system efficacy. To stop harmful posts
at the source, |[ElSherief et al. (2021)), Sap et al.
(2019) and Mathew et al. (2020) provided datasets
with the implied meanings of the text along with
the details of target group. While ElSherief et
al. (2021) and |Sap et al. (2019) relied on the
GPT-2 model (Radford et al., 2019) without any
prompting, [Huang et al. (2022} followed the chain
of thoughts prompting methodology and bench-
marked their framework on autoregressive mod-
els like GPT-Neo, OPT and Seq2Seq models like
BART and T5. However, all the models men-
tioned above leveraged a dataset with manual an-
notations. In our case, the dataset does not offer
explanations for the input text. So, we create an

artificial dataset with synthetic explanations using
a template based approach that mentions the of-
fensive words in the text as an explanation.

3 Data

The Offensive Language Identification Dataset
(OLID) is collected from Twitter API by search-
ing keywords that are frequently used in of-
fensive tweets, such as ’she is’, ’he is’, and
’to:BreitBartNews’. OLID contains 14,100 anno-
tated English tweets divided into a training parti-
tion of 13,240 tweets and a test set of 860 tweets.
In our experiments, the training data was further
split into a development set of 1,000 tweets and a
training set of 12,240 tweets. Each tweet was an-
notated on the basis of a hierarchical three-level
model:

A - Whether the tweet is offensive (OFF) or not
(NOT).

B - Whether the tweet is targeted (TIN) or un-
targeted (UNT).

C - If the target is an individual (IND), a group
(GRP) or other (OTH; e.g., an issue or an organi-
sation).

As we focus on subtask A, our use of the
dataset was preprocessed to contain only two la-
bels, ’OFF’ and 'NOT’. Table [I] shows the dis-
tribution of each class. OLID does not have
an equal number of offensive and non-offensive
tweets. Only about 30% of the tweets are marked
offensive, making the task more challenging with
an imbalanced dataset. Another feature to note is
that the Twitter IDs in the tweets were replaced
by the placeholder *@USER’ and the URLSs were
replaced by 'URL’ to ensure normalization and
anonymity.

Train Dev Test Total

OFF 4,048 352 240 4,640
NOT 8,192 648 620 9,460
All 12,240 1,000 860 14,100

Table 1: Distribution of the tweets in the dataset
per label. The first column denotes the two cate-
gories tweets belong to, offensive or not. The next
three columns represent the three sets we split the
original data set into, the training set, the develop-
ment set, and the test set.



4 Methodology

4.1 Preprocessing

This section briefly describes how we prepro-
cessed the content of tweets. Following |Liu et
al. (2019al), who ranked first in the sub-task A
of SemEval 2019, we substitute the emojis with
their corresponding English phrase and use a
word segmentation tooﬂ to split the hashtags back
to words. Moreover, emojis have been shown
to be useful in sentiment analysis tasks (Ayvaz
and Shiha, 2017) and we believe converting them
to their semantic meanings would be informative.
The same belief goes with the hashtags. A hashtag
may consist of multiple words, including offensive
words, so we applied word segmentation on hash-
tags. Additionally, we replaced the placeholder
"URL with ’http’, as the term *URL’ lacks an
embedding representation in some pre-trained em-
beddings and models (Liu et al., 2019a). We also
set a limit on the number of consecutive ’ @USER’
tags to three times to avoid redundancy, following
the example of (Liu et al., 2019a). As a final step,
we converted all the texts into lowercase.

4.2 Discriminatory Baselines

Baseline models considered in the phase-1 (Fig-
ure [[) are SVM (Boser et al., 1992), LSTM
(Hochreiter and Schmidhuber, 1997), BERT, and
RoBERTa. For neural models like LSTM, BERT,
and RoBERTa, we stick to the preprocessing men-
tioned in Section

SVM: We performed grid search to find the best
hyperparameters for Linear SVMﬂ We mainly
looked for the best C value for margins, and
whether using inverse weights for the class fre-
quencies was helpful to account for the imbal-
anced dataset. We manually tried different vec-
torizers with different preprocessing methods, the
results of our experiments can be viewed in Ap-
pendix, Table|Al also showing the best performing
vectorizer. The best performing hyperparameters
for our baselines can be viewed in Appendix, Ta-
ble[6l

For SVM, preprocessing steps such as the re-
moval of stopwords and replacing numbers with
"NUM’ tokens yielded better results; however, we

*https://github.com/carpedm20/emoyi

*https://github.com/grant jenks/
python-wordsegment

>https://scikit-learn.org/stable/
modules/generated/sklearn.svm.LinearSVC.
html

decided not to use these steps for neural language
models as this information can aid them. Our other
experiments showed keeping the URL tags pro-
duced better results, along with converting emojis
to natural language, so we kept these steps in our
other models. Removing hashtags did not have an
effect, we reasoned this is because they were un-
segmented in our SVM runs, so we implemented
hashtag segmentation in the following models, in-
spired by (Liu et al., 2019a).

LSTM: For our LSTM baseline, we use a two
layer Bidirectional LSTM followed by a dense
layer with ReLU activation function and a dropout
of 0.2 between them. We leveraged fastText em-
beddings (Grave et al., 2018)) because of their cov-
erage. We train the model for 20 epochs with a
learning rate of le-4, a batch size of 32 and max
sequence length of 100 tokens. To avoid over-
fitting, we added an EarlyStopping mecha-
nism with a patience of 3 epochs to the training.
The baseline is implemented using Keras.

BERT: We implemented the BERT baseline
using the Huggingface bert—base—uncasedﬂ
model with the preprocessing steps described in
Section [4.1] The model is trained for 5 epochs
with a learning rate of 5e-5, batch size of 16, and
the Adam optimizer. We also implemented the
same mechanism of Ear1lyStopping with a pa-
tience of 3.

RoBERTa: For RoBERTeEl, we implemented
the same steps as BERT and experimented with
different values of learning rate, batch size, and
maximum sequence length. The best performing
model had a learning rate of 5e-5, a batch size of
32, and a maximum sequence length of 150.

Neural models like LSTM, BERT, and
RoBERTa are implemented using Tensorflow
(Abadi et al., 2015)) and Keras (Chollet and others,
2015)) frameworks.

4.3 Our approach

Typically, text classification tasks are performed
in a discriminatory way: the model receives text
and the corresponding labels, and the model sub-
sequently learns to predict the correct labels for
unseen text data. However, the limitation of these
models is that they only give us a label as the out-

®https://huggingface.co/
bert-base-uncased?text=The+goaltof+life+
1s+%$5BMASKS5D.

'https://huggingface.co/roberta-base?
text=The+tgoal+of+life+is+%$3Cmask%3E.
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put, and are therefore insufficient if we want to ex-
plain why the model chose a specific label.

Instead of following the typical approach, we
decided to recast it as a machine translation task
which allows us to have a text-to-text model that
will help us output an explanation in the later
stages. Our model receives the input text, and se-
quentially outputs a natural language sentence. In
other words, the model learns the correct transla-
tion (which expresses the label and the reason) of
a given sentence (which is the text input we want
to classify).

Since TS5 is pre-trained on tasks that are piv-
oted to a seq2seq framework, we used it as the
base generative model for our experiments. For
fair comparison with ROBERTa, we take T5-bas
(220 Million parameters) although RoBERTa is
still smaller with only 123 Million parameters.

For both of our phases, we trained the model
with a learning rate of le-4 for 5 epochs with
an EarlyStopping mechanism set to a pa-
tience of 3 epochs. Both phases are using
PytorchLightning framework (Falcon et al.,
2019).

Using this model, we experimented with differ-
ent variations of the output (prompts) to analyze
how the model handles linguistic challenges, as
detailed in Section For the output type that
contained an explanation, we created a lexicon for
offensive words, as detailed in Section[d.3.1]

4.3.1 Dataset creation

To approximate human level explanations, we de-
cided to create a lexicon of offensive words. This
allows us to incorporate human reasoning to an ex-
tent, as we are borrowing a partial knowledge base
of what makes an expression offensive. By doing
this, we are able to provide an explanation for our
labels by pointing out the offensive words in a text.

Figure [2] illustrates the template generation
process. Each template has two parts. La-
bel definition (verbalizer) and the explanation.
Label verbalizer refers to converting the label
("OFF’/”NOT”) to a natural language definition
("offensive” for "OFF” in Figure [2). The expla-
nation template has a template sentence such as
“because of the words like”, followed by the list
of offensive words in the sentence.

To build our offensive lexicon, we merged 6 ex-
isting lists of offensive words, Harrassment Cor-

8https://huggingface.co/t5-base?text=
My+namet+is+Sarah+and+I+live+in+London
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Pring, shit, ak+ole

Offensive because of the words
fring, shit, as+hole

Figure 2: Template creation process

pus and Offensive/Profane Word List (Rezvan et
al., 2018)), Hurtlex (Bassignana et al., 2018)), List
of Dirty Naughty Obscene and Otherwise Bad
WordProfone Word and Google Profanity
Wordg'|

We dropped the inclusive category from Hurtlex
(Bassignana et al., 2018), as it includes all po-
tentially relevant words for offensiveness, and as
such not removing it initially caused the model
to give us non-offensive words. Because our task
does not require categories or attributes apart from
the words, we removed the categorization system
existing in some lexicons. During merging, we
also lowercased all words and removed duplicates
(4,142 in total), resulting in a lexicon of 5,596
words. The distribution of words in each list can
be seen in Table[d.3.1l We then find the occurrence
of these words in each input text in our dataset, and
merge the corresponding occurrences to our exist-
ing dataset as an explanation.

4.3.2 Different prompts

As the choice of templates and label verbalizers
can greatly influence the performance of a prompt-
learning pipeline (Zhao et al., 2021)), we experi-
ment with different prompts.

Our first prompt level does not contain an ex-
planation, here we experimented with outputs
that gave us some representation of the label,
either as binary numbers (0/1), as label text
(“offensive”/’non-offensive”), or as a natural lan-
guage sentence (“This comment is offensive/not

*https://github.com/LDNOOBW/List-of-Dirty-Naughty-
Obscene-and-Otherwise-Bad-Words

https://github.com/zacanger/profane-words

https://github.com/coffee-and-fun/google-profanity-
words
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Lists Words
Harrassment-Corpus 723
Hurtlex (without inclusive) 3,360
Offensive/Profane Word List 1,382
LDBNOOBW 402
Profane Words 2,914
Google Profanity Words 957
Duplicates 4,142
Final Lexicon 5,596

Table 2: Count of items available in each existing
lexicon, along with number of duplicates that were
removed during merging, and the count of items
available in our final lexicon.

offensive.”). This allows us to test the effect of
using natural language on the model performance.

In the second level, we incorporate our expla-
nations to the output, and try different sentences
of varying lengths, representing typical linguistic
challenges. To observe how the model performs
under challenging natural language environments,
we have curated prompts for syntactic and seman-
tic difficulties, these prompts are listed in Table
4.3.2

Semantics: We chose a sentence containing an
anaphor (Prompt-2) to investigate how the model
may handle semantic pressures. Anaphoras are
also known challenges in NLP applications (Suk-
thanker et al., 2020), so we found it worth to in-
clude. Although, since the nature of our task does
not involve multiple subjects where the model may
provide the wrong pronoun, we consider the possi-
bility that our model will not have a difficulty with
this prompt.

Syntax: To represent syntactic difficulty, we
chose a Garden-Path sentence (Prompt-1) to start
with. As Garden-Path sentences contain word oc-
curences that may be high in surprisal (in other
words, low in probability), and are difficult to
parse for humans (Hale, 2001}, it is possible that
our model might struggle here. Additionally, we
included a passive voice (Prompt-4) as these sen-
tence structures contain NP-movements and are
therefore more complicated than the typical active
voice correspondence of the same sentence, as can
be seen in Figure [3| To account for another syn-
tactic difficulty, we chose a question (Prompt-3),
which contains both Wh-movemenfd] and Long
Distance Dependency (LDD), a structure that is

/\*—‘
Spec ' P
| T — T
Thewords | VP Spec '
| — |
were v PP The model | VP
| | |
v NP by the model [%] v
| | T
detected i Vv NP

| |
detected the words

Figure 3: Syntactic structures of passive (left) and
active (right) voice versions of the same sentence.

often not preferred by humans in natural language
as it strains memory (Liu et al., 2017).

CP
.——"...-‘-\-“"""\
Spec c'
| T —
What C IP
| u/-\"‘\
did Spec '
| T
the model | VP
| T
ti VNP
| |
detect |

Figure 4: Syntactic structure of a question show-
ing Wh-movement and Long Distance Depen-
dency.

5 Results & Discussion

5.1 Baselines

SVM: We implemented a Linear SVM model as
an initial baseline, and optimized the hyperparam-
eters and vectorizers. We also experimented with
preprocessing to gain insight on how to proceed
for other models. The process of these experi-
ments are discussed further in Section Our
main takeaways were that keeping "URL’ tags,
converting emojis to natural language phrases, and
segmenting hashtags were helpful. The best per-
forming model used an n-gram vectorizer with a
range of (1, 3) with Bag of Words, and the hy-
perparameters were set as C = 0.01 with balanced
class weights to account for imbalanced data. A
Macro-F1 score of 74.9 on the test set shows that
this is a strong baseline.

LSTM: When trained with the best hyperpa-
rameters (Table [5.I)) obtained from hyperparam-
eter search, we found the model to perform better
than the SVM baseline with a macro F1 score of



nr  category offensive not offensive explanation

1 Garden-Path “the model observed classified offensive ”the model observed classified not offensive ”  ’since the following words showed up ”
2 Anaphora “we had several words that rendered this offensive ” “we had no words that rendered this offensive” “they were ”

. ”which words made us decide “which words made us decide N .
3 Question here you go

this is offensive, you ask? ” this is not offensive you ask ”
“the provided sentence may be interpreted

as offensive by some users”

“the provided sentence may not

. L . as certain offensive words occur such as”
be found offensive by most users

4 Passive Voice

Table 3: The linguistic challenge prompts provided to test model performance. Number indicates
Prompt-No as referred to in other sections. The category points to the type of challenge. A sentence

fragment is provided for the labels and the explanation.

Model Macro-F1
SVM 74.9

LSTM 77.23 +.1.02
BERT 80.3 +_0.71
RoBERTa 75.56 +_6.8

Table 4: Macro-F1 results of baselines on the test
set. The standard deviation is reported from 3 runs
of each experiment.

77.23 (Table[5). This can be attributed to the usage
of semantic features like embeddings and sequen-
tial processing of the sentences. It can also be ob-
served that the Macro-F1 score difference between
SVM and LSTM baselines is not much (74.9 vs
77.23). We conjecture that this is due to the strong
presence of offensive words in offensive texts.

BERT & RoBERTa: For BERT & RoBERTa:,
we experimented with learning rate, batch size,
and maximum sequence length to optimize the
model. The best performing model for both ver-
sions had a learning rate of 5e-5, a batch size of
32, but a maximum sequence length of 150 for
RoBERTa and 200 for BERT. When trained for
5 epochs, RoBERTa got 75.56% and BERT got
80% Macro F1-score on the test set. We expect the
generative models to match the scores of BERT to
make sure that the model performance does not de-
teriorate when explanations are added to the out-
put.

5.2 Prompting results

We run two phases of experiments for TS5, with
explanation, and without explanation. In the first
phase, we see if the task can be recast without loss
in performance, and observe the effects of verbal-
izers. In the second phase, we add our explana-
tions to the model, and prepare our prompts from

linguistic difficulties to analyze the model’s lin-
guistic performance, and see if the overall perfor-
mance holds up.

5.2.1 Recasting and effects of verbalizers

As a first step, we check if the task can be success-
fully pivoted to seq2seq framework. Therefore, we
only pass the label definition or verbalizer to the
model. As seen in Table 5] we found there is no
loss of information from the conversion.

In this initial phase, we also experimented with
different label verbalizers as they can impact the
system’s performance greatly (Zhao et al., 2021).
Despite looking more natural than other label ver-
balizers, we found verbalizer (the comment is
offensive/not-offensive) to not perform any differ-
ent than other verbalizers. We conjecture that this
is due to the high vocabulary overlap between the
labels’ verbalizers.

5.2.2 Explanations and linguistic
performance

In the second phase, we add explanations to the
template and evaluate their impact on the model’s
overall performance, along with analyzing the
model’s linguistic performance on our prompts.

Effect of adding explanations: We extract the
label verbalizer from the generated explanation
and compare the predicted label verbalizer with
that of the ground truth one to calculate Macro-
F1 score. To check how close the explanations are
to that of the ground truth, we compare them using
the BLEU metric (Post, 2018@ From the exper-
iments (Table [5), we observed that we can retain
the model’s performance despite adding the task
overhead by adding explanations.

Linguistic performance: First, we ask if
the presence of linguistic complexity impairs the

Zhttps://github.com/mjpost/sacrebleu
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Model Prompts Macro-F1 BLEU

T5 offensive/not offensive 79.97 +_0.7
the comment is offensive/not offensive  79.70 +_0.78
0/1 79.52 +.0.95

TS5 with explanations  prompt-1 78.93+.0.9 81.06 +-1.9

prompt-2 79.64 +_045 87.8+_0.64
prompt-3 78.53 +.0.465 89.38 +_0.052
prompt-4 79.51 +.0.6 80.19 +-0.36

Table 5: Summary of TS5 Macro-F1 and BLEU scores on the test set. Prompt numbers refer to the
prompts described in Table 3. The standard deviation is reported from 3 runs of each experiment.

model performance. From Table[5] we see that the
results are on par with those of other prompts and
our baselines.

To analyze the linguistic performance of the
model, we look at the slight drop in performance
in Prompt-1 (Garden-Path), and Prompt-3 (Ques-
tion). A potential explanation is the high surprisal
effect of Garden-Path sentences, along with the
Long Distance Dependency observable in the pro-
vided English question (See Section {.3.2)). How-
ever, the scores are not different enough to make
this claim with confidence.

On the other hand, |Arehalli et al. (2022) found
lexical predictability is insufficient to explain the
Garden-Path effect, and implementing syntactic
predictability in models produces higher effects.
This could explain our results, showing that our
model is not sensitive to syntax. Prompt-3 (Ques-
tion) could further support this idea, as the lack
of effect can be explained by the commonality
of such questions, despite the uncommonality and
complexity of LDDs in syntactic structures.

An unexpected result is the large gap between
the Macro-F1 and BLEU scores, as well as higher
BLEU scores in Prompt 2 and 3 compared to the
others (Table[5). We initially interpreted this to be
due to length; however, Prompt-4 is longer than
Prompt-2, and does not present similar results.
Therefore, we conjecture this is due to the large
amount of shared words between the ’offensive’
and 'not offensive’ labels in these prompts. This
can be taken into consideration in future work re-
garding prompt engineering.

Overall, the model shows to be successful even
with potential linguistic challenges. The use of
prompt engineering in classification tasks for in-

cluding explanations seems promising.

6 Error Analysis

We look closer at the errors made in Prompt-3 as
it has the lowest Macro-F1 score in the TS model.
From the 149 errors detected, approximately 57%
(85) are wrongly classified as offensive, while the
remaining are wrongfully classified as not offen-
sive.

Wrong ’not offensive’ predictions: In the case
of 'not offensive’ misclassifications, the model
does not provide an offensive words list due to the
label. However, by looking at ground truth expla-
nations, we can see which offensive words were
extracted from the sentences.

Here, we observe that the explanation contains
offensive words for most of these inputs, although
a considerable portion of 37.5% (24) of the expla-
nations are blank (Appendix, Table [7} 1a). This
large lack of available explanations for the mis-
labeled inputs likely accounts for the error. Out
of the remaining 40 mispredictions with offensive
words, 6 (15%) of the explanations contain dupli-
cate words (Appendix, Table[/] 1b). As we found
very few occurences of this in the case of ’offen-
sive’ misclassifications, we think this factor could
be contributing to the error. Furthermore, we ob-
serve that many of the offensive words provided
are not necessarily offensive (Appendix, Table
Ic), which could be a contributing factor. This
would point to limitations in the lexicon causing
some of these errors.

Wrong ’offensive’ predictions: Most of the er-
rors are ’offensive’ misclassifications, hinting that
the model leans towards this label. In this case,
the ground truth explanation is blank, as the true
label is 'not offensive’. However, when we look at
model predictions, we see that nearly all of them



contain an offensive word as an explanation, with
only 5 instances being blank (Appendix, Table
2a). As we are using explanations during training,
the detection of offensive words in these inputs ex-
plains the error.

Considering this, we look at whether the re-
trieved words would be judged offensive by a hu-
man, to see if the issue is caused by the lexi-
con. While some still have the issue of being non-
offensive (Appendix, Table[7] 2b), most are either
offensive (Appendix, Table [/| 2c) or difficult to
judge without context (Appendix, Table[7] 2d). As
such, we see the limitations of using lexicons for
offensiveness classification here, as the ability to
understand context may change the label judge-
ment for human annotations.

7 Conclusion

Offensive speech is a widespread issue on social
media that affects user experience. To combat this
issue, many NLP tools have been developed to de-
tect similar targeted negative speech. However,
these models are largely black-boxes, and we do
not see the reasoning behind their decisions. To
approximate reasoning, we borrow from human
understanding and build an offensive word lexicon
and recast the task as a machine translation task to
provide an explanation for our classifications. We
test our model with various prompts to see if the
addition of natural language impairs classification,
and to observe how the model performs under cer-
tain prompts with linguistic difficulties.

Our results show that the task can be recast as
a seq2seq approach and be augmented with expla-
nations without loss in the performance. Although
previous findings suggest that label prompts can
change the results greatly (Zhao et al., 2021)), our
results do not reflect this. However, the model
continues to perform well on our prompts over-
all, demonstrating that the model is able to han-
dle linguistic challenges, despite potentially indi-
cating some invariance to syntactic structures.
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A Appendix

tfidf countvec bothvec ngram count ngram tfidf ngram both pos
emojiNL 5/ h 0545 0543  0.749 0.720 0.747 0.746
w/o #
emojt 0520 0.731 0730  0.738 0.725 0.741 0.744
wlo #
wloemoji ) <1 724 0734 0738 0.723 0.739 0.744
wlo #
emoy 0520 0.728 0729  0.738 0.725 0.741 0.744
with #
emojiNL ) o\ 0.545 0543  0.749 0.720 0.747 0.746
with #

Table 6: Test set Macro-F1 scores of Linear SVM on different vectorizers and preprocessing methods
testing for emoji and hashtag removal (w/o emoji, w/o #, respectively), and emoji to natural language
conversion (emoji_NL).

Model Hyperparameters Macro-F1
SVM ¢ = 0.01, class_weights = balanced 74.9

LSTM epochs = 50, learning_rate = 1e-4, batch_size = 32, dropout = 0.2 77.23 +.1.02
BERT epochs =5, learning_rate = 5e-5, batch_size = 16, optimizer = Adam  80.3 +_0.71
RoBERTa epochs = 2, learning_rate = Se-5, batch_size = 32, max_seq_len = 150 75.56 +_6.8

Table 7: Macro-F1 scores of baselines and their hyperparameter settings on the test set.

Nr Prediction Ground Truth Explanation Example

la NOT OFF here you go: . blank

Ib NOT OFF here you go: black, black . duplicates
lc NOT OFF here you go: love, people, know, gun, people . not offensive
2a OFF NOT here you go:. blank

2b OFF NOT here you go: red. not offensive
2c  OFF NOT here you go: fuck offensive

2d OFF NOT here you go: rape vague

Table 8: A table of examples for the items mentioned in our error analysis. *OFF’ refers to *offensive’,
"NOT refers to "not offensive’. Note that only the explanation side of the prompt is provided.
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