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Abstract

Sarcasm detection, with its figurative nature,
poses unique challenges for affective systems
designed to perform sentiment analysis. While
these systems typically perform well at identi-
fying direct expressions of emotion, they strug-
gle with sarcasm’s inherent contradiction be-
tween literal and intended sentiment. Since
transformer-based language models (LMs) are
known for their efficient ability to capture con-
textual meanings, we propose a method that
leverages LMs and prototype-based networks,
enhanced by sentiment embeddings, to conduct
interpretable sarcasm detection. Our approach
is intrinsically interpretable without extra post-
hoc interpretability techniques. We test our
model on three public benchmark datasets and
show that our model outperforms the current
state-of-the-art. At the same time, the prototyp-
ical layer enhances the model’s inherent inter-
pretability by generating explanations through
similar examples in the reference time. Fur-
thermore, we demonstrate the effectiveness of
incongruity loss in the ablation study, which
we construct using sentiment prototypes.

1 Introduction

The task of automatically detecting sarcasm intro-
duces a complex challenge in natural language pro-
cessing (NLP). This nuanced task bridges the gap
between sentiment analysis and text interpretation,
highlighting the complexity of understanding and
analyzing sarcasm in written language (Ilavarasan
et al., 2020). Sarcasm, characterized by a sharp,
often humorous contrast between literal and in-
tended meanings of statements, poses unique diffi-
culties for computational models. These challenges
stem from sarcasm’s deep reliance on contextual
clues, tone, and common human experiences. This
complexity is further amplified in digital commu-
nication, where non-verbal cues are largely absent,
making it essential to develop advanced models

capable of interpreting such subtleties with high
accuracy.

Deep learning models, especially transformer-
based language models (LMs), have significantly
contributed to advancements in NLP, offering pow-
erful tools for sentiment analysis (Bu et al., 2024),
emotion detection (Tu et al., 2024), and, by ex-
tension, sarcasm detection (Helal et al., 2024).
More specifically, to study sarcasm detection, there
is a trend to leverage LMs and a variety of fea-
tures generated by different models to improve
prediction accuracy (Cai et al., 2019; Bedi et al.,
2021). However, a persistent critique of deep learn-
ing models is their “black-box” nature, which ob-
scures the decision-making process and hinders
their interpretability. Current approaches usually
adopt post-hoc interpretability methods Local In-
terpretable Model-agnostic Explanations (LIME)
(Ribeiro et al., 2016), and SHapley Additive ex-
Planations (SHAP) (Lundberg and Lee, 2017) or
attention mechanisms to explain a model’s deci-
sion (Ribeiro et al., 2016; Mardaoui and Garreau,
2021; Kumar et al., 2021b). However, those ex-
planations are still word-level and can only tell
which part of the input they are looking at. As for
sarcasm detection, when the text does not contain
words that convey strong sentiment and instead
uses other ways, such as analogy to express sar-
casm, the word-level explanations could set similar
weights to words in the sentence, and humans are
ill-equipped to interpret them.

To address this challenge, our paper presents
an intrinsically interpretable NLP framework that
integrates prototype classification networks (Li
et al., 2018) with multi-view of semantic embed-
ding and sentiment embedding from large-scale
pre-trained transformer language models. To the
best of our knowledge, our study is the first to ap-
ply a prototype-based network in sarcasm detection.
This is achieved through a unique training regimen
that enables the network to learn a collection of pro-
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totype tensors, which encapsulate latent clusters of
training samples. At the point of inference, the
model makes classification judgments solely based
on the similarity to these prototypes, allowing for
the model’s decisions to be transparently explained
by referencing the training examples most closely
aligned with the top-matched prototypes. Together
with a sentiment-prototype-based incongruity loss
that captures the difference between implicit and
explicit sentiment, our approach not only provides
clear, human-understandable explanations for its
predictions but also achieves state-of-the-art perfor-
mance. The key contributions of our methods can
be summarized as follows:

1. We propose a novel interpretable framework
for sarcasm detection. Our framework is built
upon a prototype-based network leveraging se-
mantic embedding and sentiment embedding
from pre-trained transformer-based language
models.

2. Extensive experiments on three public bench-
mark datasets show that our approach achieves
state-of-the-art performance while being inter-
pretable. We also conduct an ablation study
to analyze the influence of incongruity loss in
our model.

3. We conduct case studies to show that
our model can generate human-readable,
sentence-level explanations for the model’s
reasoning process at the reference time. Our
model and training code are available here:
https://github.com/social-nlp-lab/
Sarcasm-Detection.

2 Related Work

2.1 Contextual Sarcasm Detection

Initial research in sarcasm detection primarily re-
lied on simple lexical and syntactic features, and
the classifiers are categorized as Content-based
Models (Carvalho et al., 2009; Davidov et al., 2010;
González-Ibáñez et al., 2011), leveraging features
like n-grams, and part-of-speech tags (Riloff et al.,
2013; Tepperman et al., 2006; Tsur et al., 2010).

With the increase in the usage of sarcasm on
online platforms in recent years, the performance
of the sarcasm detection model is usually com-
promised in terms of robustness when faced with
texts plagued by grammatical inaccuracies (Švelch,

2015). Moreover, these texts are usually a se-
ries of posts and comments that are highly tem-
poral and contextual. As a result, relying solely
on linguistic cues has become inadequate, prompt-
ing researchers to develop Context-based Mod-
els. A prominent strand of this research involves
mining sentiment incongruity in sarcastic texts
with attention-machenism (Pan et al., 2020; Na-
jafabadi et al., 2024) to improve models’ perfor-
mance. Diverging from these methods, our ap-
proach adopts sentiment prototypes to discern both
implicit and explicit sentiments within texts, en-
hancing the interpretability of the reasoning pro-
cess. Furthermore, other scholars are exploring the
modeling of user interactions via Graph Convolu-
tional Networks (GCN) (Mohan et al., 2023) or
employing commonsense knowledge transformers
like COMET (Yu et al., 2023).

2.2 Explainability of Transformer Language
Models

Post hoc Interpretability: When leveraging
LM’s ability to understand context, the model’s
complexity prevents people from understanding
the model’s reasoning process. In the field of XAI,
post-hoc explainable approaches, such as LIME
(Ribeiro et al., 2016), and SHAP (Lundberg and
Lee, 2017), are used to generate explanations for
transformers’ results (Kumar et al., 2021a) through
analyzing weights for each input word represen-
tation. However, these methods are now facing
the challenge of being faithful and robust. Vari-
ous studies show the sensitivity of the models to
small perturbations in the target model’s inputs or
parameters (Ivankay et al., 2022; Mardaoui and
Garreau, 2021). Other researchers, such as Akula
and Garibay (2021) and Rishabh Misra and Prahal
Arora (2018), have explored the use of attention
mechanisms to interpret prediction outcomes, fo-
cusing on how attention scores are allocated across
individual words. However, these explanations re-
main at the word level, indicating only which parts
of the input the model attends to. In the context
of sarcasm detection, where sarcasm may be con-
veyed through mechanisms such as analogy rather
than explicit sentiment, word-level explanations
can assign similar weights to different words in a
sentence. This makes it challenging for humans
to interpret the underlying sarcastic intent effec-
tively. To address this, we aim for more intuitive
and sparse explanations: well-descriptive but short-
sequence prototypes.
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Prototype-based Reasoning in Deep Neural Net-
works: Prototype-based methods emphasize that
visualizing the reasoning process through proto-
types can significantly improve the intuitiveness of
interpretation. This approach, leveraging prototype-
based reasoning, has been a core aspect of inter-
pretability in classical models for decades, as evi-
denced by research from Cupello and Mishelevich
(1988), Fikes and Kehler (1985), and Kim et al.
(2015). A pioneering example of incorporating pro-
totypical learning into deep neural networks is the
work by Chen et al. (2019), who introduced a novel
neural network design for image classification. By
inserting a prototype layer following the convolu-
tional layers, the model compares convolution re-
sponses across different locations in the predicted
image with predefined prototypes. Furthermore,
this allows users to grasp why an image is classi-
fied in a certain way, such as understanding why
a bird is identified as a ‘red-bellied woodpecker’
due to its distinct red belly and head, along with
black and white wing stripes. Following this work,
researchers explored incorporating prototype layer
with transformer-based encoders, such as Univer-
sal Sentence Encoder, BERT, BART (Bidirectional
and Auto-Regressive Transformers) in fake news
detection and hotel review classification (Das et al.,
2022; Hong et al., 2024; Wen, 2024). Sarcasm, due
to its nature, can benefit from such reasoning pro-
vided by prototype-based models. However, this
approach is still underexplored.

3 Methodology

Our approach, as shown in Figure 1, first encodes
semantic embedding and sentiment embedding
with the Semantic View encoder and the Sentiment
View encoder separately, and then both the encoded
semantic embedding and sentiment embedding are
fed into two separate prototype layers. Finally, the
output distance vectors from the two prototype lay-
ers are concatenated and sent to the output layer to
make the prediction.

3.1 Semantic View

The Semantic View focuses on capturing contex-
tual meanings from text input. We use pre-trained
language models (LMs) from Hugging Face (Wolf
et al., 2020) as encoders to extract sentence-level
embeddings. When the input comment has ancestor
posts (e.g., SARC Dataset by Khodak et al. (2018)),
which help set up the stage for the conversation and

provide more context information, we concatenate
the nearest ancestor with the comment as a whole
and encode the embeddings with a pre-trained lan-
guage model (e.g. Sentence-BERT (SBERT) by
Reimers and Gurevych, 2019, RoBERTa by Liu
et al., 2019b).

ect = Encoder(x) (1)

where x denotes the input text, ect is the semantic
information representation vector.

3.2 Sentiment View

For sentiment feature extraction, we decompose
the text into two parts: Explicit Part, which are
sentiment words extracted following (Joshi et al.,
2015), and Implicit Part, which is the rest of the
text capturing the implicit sentiments.

Both segments are processed through the Sen-
timent Encoder, specifically the SiEBERT model
(Hartmann et al., 2023), to separately obtain the
vector representations est,ep and est,ip of the CLS
token from the final hidden state. For brevity, we
use est to represent both of them in the following
equation:

est = SiEBERT(x) (2)

where x denotes the input text, est is the senti-
ment information representation vector. The ex-
plicit representation est,ep is labeled as zst,ep with
SiEBERT. The implicit representation est,ip is la-
beled as zst,ip identically to zst,ep for non-sarcastic
inputs, whereas it is labeled oppositely for sarcastic
inputs.

Fallback Strategy The implementation incorpo-
rates a fallback strategy for cases where no ex-
plicit sentiment cues are identified in the input text.
Specifically, when the sentiment word detector re-
turns an empty set, a predefined neutral-to-positive
sentiment token sequence is used as a surrogate
explicit sentiment representation. This surrogate in-
put is encoded using SiEBERT following the same
preprocessing and inference pipeline applied to
detected sentiment words, ensuring architectural
consistency.

3.3 Prototypical Layer

As shown in Figure 1, after the input is encoded
into a latent semantic representation ect ∈ Rds

through Semantic View and two latent sentiment
representation est,ep ∈ Rdm , est,ip ∈ Rdm through
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Figure 1: Diagram of the proposed model architecture and workflow.

Sentiment View separately, each representation is
fed into a prototype layer respectively.

Semantic Prototype: The Semantic Prototype
Layer consists of ka prototypes Pct = {pct

j }kaj=1,
where pct

j ∈ Rds , the same dimension of the en-
coded latent semantic feature ect. Each prototype,
represented as a tensor, encapsulates a cluster of
training examples. To ensure that both sarcastic and
non-sarcastic classes are effectively represented by
the learned prototypes, we allocate a fixed num-
ber of prototypes to each class. Utilizing k-means
clustering (Hartigan and Wong, 1979), we segment
the training data of each class into multiple clus-
ters and subsequently initialize the prototypes for
each class with these cluster centers. These proto-
types are trained through loss terms Lct

cls and Lct
sep

defined in §3.5. This layer calculates the similar-
ity between embedding ect and each prototype pct

j

with a Radial basis function (RDF) kernel function
as follows:

sim(ect,pct
j ) = exp

(
−
∥ect − pct

j ∥22 + ε

σ2

)

(3)
This similarity score increases monotonically

as the Euclidean distance increases. σ is a user-
specified value that determines how quickly the
similarity score increases as the distance between
ect and pct

j decreases. A small σ makes the ker-
nel function more sensitive to changes in distance,
leading to a kernel matrix with more localized in-
formation about the data points. This can make the
model more sensitive to noise in the data. A large

σ, on the other hand, produces a smoother kernel
function that is less sensitive to the exact distance
between data points, potentially making the model
more robust. We also add a small value ε set as
1e − 4 for numerical stability. We get vector wct

by calculating the similarity score between ect and
each prototype vector within Pct.

Sentiment Prototype Layer: The Sentiment Pro-
totype Layer comprises kb prototypes Pst =
{pst

j }kbj=1, where pst
j ∈ Rdm . These prototypes are

categorized into positive prototypes where pst ∈
Pst

1 and negative prototypes where pst ∈ Pst
0 . We

initialize Pst
1 using the k-means cluster centers

computed from the positive training data labeled
by SiEBERT and Pst

0 using those derived from
the negative training data. When clustering, we
only use non-sarcastic training samples, without
dividing the text into implicit and explicit parts.

We calculate the similarity between embedding
est and each prototype pst

j as follows:

sim(est,pst
j ) = exp

(
−
∥est − pst

j ∥22 + ε

σ2

)

(4)
We calculate similarity scores for the explicit and

implicit representations, est,ep and est,ip, against
each prototype vector within Pst, yielding the sim-
ilarity vectors wst,ep and wst,ip, respectively.

3.4 Output Layer

The output layer is a fully connected layer followed
by a sigmoid layer. It takes the concatenation of the
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extracted similarity vectors wct,wst,ep and wst,ip

from prototype layers as input and predict the like-
lihood of a text being sarcastic.

We intentionally employ concatenation to fuse
these representations in order to preserve the in-
dependence of prototype similarity vectors, which
is essential for interpretability in prototype-based
models, as it allows direct attribution of the final
prediction to individual semantic or sentiment pro-
totypes. More complex fusion mechanisms, such
as cross-attention or gating, may introduce stronger
interactions but would entangle prototype signals
and obscure their individual contributions. Interac-
tions between explicit and implicit sentiment are
therefore not modeled at the fusion layer; instead,
they are explicitly captured by the incongruity loss
(Eq. 12), which encourages disagreement between
explicit and implicit sentiment predictions for sar-
castic inputs.

3.5 Loss and Training Algorithm

We construct the loss function with four different
terms to ensure both accuracy and interpretability.

Accuracy Loss: The first term is accuracy loss,
and it uses cross-entropy loss to optimize the pre-
dictive power of the network. In equation 5, f is
the output classifier, Pi is the predicted probability
distribution, yi is the label, and n is the total num-
ber of training data points. θ refers to the trainable
weights in the classifier.

Pi = f([wct
i ,w

st,ep
i ,wst,ip

i ]) (5)

Lacc = − 1

n

n∑

i=1

yi logP (Pi = yi|xi; θ) (6)

Division Loss: To distribute prototypes in the
embedding space as much as possible, we design
the Ldiv indicated in equation 7 for both semantic
and sentiment prototypes. This loss uses cosine
similarity to measure the difference between any
two prototypes pm and pn in P and penalizes it if
their similarity is larger than λ. It is particularly
beneficial when there are multiple prototypes for
a single class, as it promotes the representation of
diverse aspects of that class.

Ldiv =
∑

pj ,pq∈P,j ̸=q

max(0, cos(pj ,pq)−λ) (7)

Clustering and Seperation Loss: The cluster-
ing loss Lcls and Lsep are inspired by previous
work, ProtoPNet (Chen et al., 2019). The cluster-
ing loss Lcls ensures each embedding is close to at
least one prototype in its own class, and separation
loss Lsep encourages each embedding to be distant
from prototypes not of its class. Together, Lcls and
Lsep push each prototype to focus more on training
examples from the same class and less on training
examples from other classes.

For semantic prototypes, they are defined as
follows:

Lct
cls =

1

n

n∑

i=1

min
pct
j ∈Pct

yi

∥ecti − pct
j ∥22 (8)

Lct
sep = − 1

n

n∑

i=1

min
pct
j /∈Pct

yi

∥ecti − pct
j ∥22 (9)

For sentiment prototypes, we promote proxim-
ity between positive prototypes and training data
segments labeled positive (zi = 1) by SiEBERT,
and likewise align negative prototypes with training
data segments labeled negative (zi = 0) through
losses defined as follows:

Lst
cls =

1

n

n∑

i=1

min
pst
j ∈Pst

zi

∥esti − pst
j ∥22 (10)

Lst
sep = − 1

n

n∑

i=1

min
pst
j /∈Pst

zi

∥esti − pst
j ∥22 (11)

The final Clustering and Separation Loss is
Lcls_sep = Lct

cls + Lct
sep + Lst

cls + Lst
sep

Incongruity Loss: We hypothesize the presence
of incongruity between the explicit and implicit sen-
timents within a sarcastic comment. For instance,
in the sarcastically labeled sentence, “Oh no, a
rainy day again! This is great!” the explicit senti-
ment conveyed by the word “great” appears posi-
tive. However, upon closer examination of the con-
text, it becomes evident that the speaker does not
favor rainy days, revealing an underlying negative
sentiment. Based on this observation, we introduce
the incongruity loss defined with cross-entropy to
effectively capture this disparity between explicit
and implicit sentiment:
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Linco =− 1

n

n∑

i=1

(
zepi logP (h(wst,ep

i ) = zepi |θ)

+zipi logP (h(wst,ip
i ) = zipi |θ)

)

(12)

where h is a MLP based classifier that predicts a
probability distribution.

We construct the final loss function L by combin-
ing the previously defined loss components, each
weighted by their respective coefficient λ. Addi-
tionally, we incorporate an L1 regularization term
∥θ∥ to promote sparsity in the weights of the output
layer. The final loss L is defined as follows:

L = Lacc+λ1Ldiv+λ2Lcls_sep+λ3Linco+λ4∥θ∥
(13)

3.6 Prototype Projection
For improved interpretability, we visualize the se-
mantic prototypes by projecting a prototype vector
onto its closest datapoint in the training dataset,
measured by Euclidean distance. For the large
training dataset with over 120k comments, we did a
random pre-sampling of one-tenth of the comments
for computation efficiency. Each prototype’s em-
bedding is replaced with the nearest comment’s em-
bedding in the training data point. The alignment
of prototypes with training set samples provides an
intuitive and easily understandable interpretation
for humans.

3.7 Prototype Initialization
We use k-means cluster centers on the training data
to initialize prototypes, with a fixed small num-
ber of prototypes per class (20). We observed the
model to be robust to prototype counts within a
reasonable range; extremely small counts reduce
coverage, and extremely large counts increase re-
dundancy but yield similar performance due to the
division loss.

4 Experimental Setup

In this section, we introduce the datasets used in
the experiment and the baseline models.

4.1 Data
We evaluate our methods on the following three
public benchmark datasets: (1) SARC 2.0 1 (Kho-

1Link: https://nlp.cs.princeton.edu/old/SARC/2.0/

dak et al., 2018), a corpus comprising 1.3 mil-
lion comments on Reddit. Each comment is self-
annotated, and we focus on the primary main bal-
anced variation of it, with 118,940 comments in
training and 56,118 comments in the testing set. (2)
Twitter (Riloff et al., 2013) dataset is sourced from
the Twitter platform. Sarcastic tweets are identified
using the hashtag #sarcasm, while non-sarcastic
tweets lack this hashtag. The dataset consists of
1,368 training examples and 588 test examples.
(3) Sarcasm Corpus V2 Dialogues (Oraby et al.,
2017) is a diverse and richly annotated corpus of
sarcasm in dialogue. This dataset is collected from
a variety of dialogue sources to capture sarcasm in
different conversational contexts, moving beyond
traditional social media platforms like Twitter.

4.2 Models and Settings

We employed 5-fold cross-validation to evaluate
our model’s performance and fine-tuned the hyper-
parameters on the validation data. The Optimizer
for all neural networks is Adam, and the learning
rate is 1e− 4. We used one single GTX 3090 for
each model’s training, and due to the limitation
of GPU RAM, when training with LM encoders,
we chose a batch size of 60 and an accumulated
gradient step of 30. We use early stopping (Fomin
et al., 2020) based on the loss of validation data.

Semantic Encoder: In prototype-based archi-
tectures, it is a common practice to use Euclidean
distance to measure sentence similarity between
training examples and prototypes. However, em-
beddings from transformer-based language models
are not typically trained with contrastive loss that
leverages Euclidean distance for measuring sen-
tence similarity. To further explore whether this
influences the model’s interpretability, we selected
RoBERTa-large and SBERT as the encoders for
comparison in our experiments:

(1) RoBERTa-large: RoBERTa-large is a
transformer-based language model developed to
improve upon the BERT architecture. We used the
[CLS] token embedding from the last hidden states
directly for the downstream task.

(2) SBERT: SBERT is post-trained on BERT.
It uses siamese and triplet network structures to
derive semantically meaningful sentence embed-
dings that can be compared using cosine similarity.
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We used the pre-trained model all-mpnet-base-v2 2

developed by Microsoft from Hugging Face.

Sentiment Encoder: For sentiment feature ex-
traction, we employed the SiEBERT model (Hart-
mann et al., 2023), which is a fine-tuned version of
the RoBERTa-large model optimized for sentiment
classification tasks.

Baseline : For comparative evaluation with our
approach, we selected the following methodolo-
gies as baselines: Fracking Sarcasm (Ghosh and
Veale, 2016), GRNN (Zhang et al., 2016), CNN-
LSTM-DNN (Ghosh and Veale, 2016), SIRAN
(Tay et al., 2018), MIRAN (Tay et al., 2018),
ELMo-BiLSTM (Ilic et al., 2018), A2Text-Net (Liu
et al., 2019a), SARC 2.0 (Khodak et al., 2018), and
CASCADE (Hazarika et al., 2018). Additionally,
we incorporated GRU-Attention model (Akula and
Garibay, 2021), which offers intrinsic interpretabil-
ity through attention scores. We further considered
a graph-based method, BERT-GCN (Mohan et al.,
2023), alongside ensemble strategies such as Fuzzy-
Logic (Dai, 2024) and MULE (Vitman et al., 2023).
BiGRU (Najafabadi et al., 2024) is included for its
ability to measure sentiment incongruity.

Metrics: We used accuracy, recall, and F1-Score
as metrics to evaluate models’ performance. Since
we use 5-fold cross-validation, we calculated the
average of 5 experiment results on the test dataset
for each metric as the final result.

5 Results & Discussion

We mainly focus on answering the two questions
through our experiments: Q1: What is the per-
formance of our white box framework compared
to other baselines, and Q2: How well does the
given explanation represent the true reasoning of
the model? We discuss them separately in the fol-
lowing sections.

5.1 Overall Performance
We represent our experiments on three public
benchmark datasets in Table 2, Table 3, and Ta-
ble 5 separately. Overall, our model achieved the
highest accuracy, recall, and F1 scores on the Sar-
casm Corpus V2 and SARC datasets, outperform-
ing all other baselines. On the Twitter dataset, our
model obtained the best accuracy and F1, while

2The model can be downloaded here:
https://huggingface.co/sentence-transformers/all-mpnet-
base-v2

Models Accuracy Recall F1
Fracking Sarcasm 89.2 87.9 88.1
GRNN 66.4 64.7 65.4
ELMo-BiLSTM 76.2 75.0 75.9
ELMo-BiLSTM FULL 77.4 73.5 75.3
ELMo-BiLSTM AUG 68.6 70.8 69.4
A2Text-Net 91.3 91.0 90.0
GRU-Attention 97.9 99.6 98.7
BERT-GCN 88.3 87.1 87.3
MULE 93.5 94.1 93.8
Our Model (SBERT) 98.0 97.3 98.7
Our Model (RoBERTa) 98.3 98.6 98.4

Table 2: Results on Twitter dataset.

Models Accuracy Recall F1
GRNN 64.4 61.8 61.2
CNN-LSTM-DNN 67.3 66.7 65.7
SIARN 71.9 71.8 71.8
MIARN 74.2 72.9 72.7
ELMo-BiLSTM 74.6 74.7 74.7
ELMo-BiLSTM FULL 76.2 76.0 76.0
GRU-Attention 77.3 77.2 77.2
BiGRU 79.3 81.4 80.2
Fuzzy-Logic 81.8 80.3 81.0
Our Model (SBERT) 82.1 82.5 82.4
Our Model (RoBERTa) 83.6 83.7 83.6

Table 3: Results on Sarcasm Corpus V2 Dialogues
dataset

GRU-Attention yielded the best recall. Addition-
ally, to compare our approach with CASCADE on
the SARC dataset, we incorporated personality fea-
tures into our model. Of the two versions of our
model, the one using a RoBERTa encoder generally
outperformed its SBERT-based counterpart.

5.2 Case Study for Explanations

In Table 1, we present trained semantic prototypes
after projection and the distance score between pro-
totypes and the input comment. The prototypes
exhibit a similar topic as the input text, and the key-
words are highlighted in yellow by humans for easy
illustration (The highlighted words in Table 1 were
only meant for reader guidance to aid comparison).
For instance, in Case 1, the SBERT prototypes
consist of comments skeptical of the efficacy of
specific government regulations on cigarettes, and
drugs, showing significant overlap with the input
comments—a pattern that is also observed in Case
2. Our case study demonstrates that prototype-
based models provide more intuitive and human-
readable explanations for sarcasm than analyzing a
distribution of scores, especially in the absence of
strong sarcasm cue words.

When comparing the explanations generated by
SBERT and RoBERTa, we did not see a significant

284

https://huggingface.co/sentence-transformers/all-mpnet-base-v2
https://huggingface.co/sentence-transformers/all-mpnet-base-v2


Table 1: Case examples of input texts, semantic prototypes of SBERT and RoBERTa after projection, and the
Euclidean distance score between the prototype embeddings and input sentence vector. Note: The highlighted
words are only meant for reader guidance and were manually annotated by us to aid comparison.

w w/o

Acc. Rec. F1 Acc. Rec. F1
Twitter 98.3 (+1.1%) 98.6 (-0.1%) 98.4 (+0.9%) 97.2 98.7 97.5
Dialogues 83.6 (+1.7%) 83.7(+1.3%) 83.6 (+1.3%) 82.2 82.6 82.5
SARC 82.4 (+2.2%) 85.8 (+2.4%) 83.0 (+2.9%) 80.2 83.4 81.1

Table 4: Ablation study on the effect of incongruity loss, where ‘w’ denotes models trained with incongruity loss,
and ‘w/o’ refers to models trained without it. The percentage reflects the variation in performance when training
with incongruity loss compared to training without it.

Models Accuracy Recall F1
CASCADE 77.0 84.0 77.0
SARC 2.0 75.0 - 76.0
ELMo-BiLSTM 72.0 - -
ELMo-BiLSTM FULL 76.0 76.0
GRU-Attention 81.0 82.1 81.0
BiGRU 69.4 68.6 69.0
MULE 75.2 83.8 80.1
Our Model (SBERT) 80.1 86.2 82.2
Our Model (RoBERTa) 82.4 85.8 83.0

Table 5: Results on Reddit dataset SARC 2.0

Method Twitter Dialogues SARC
Ect 97.3 82.7 81.02
Ect + Est (w/o Linco) 97.5 82.5 81.1
Ect + Est (with Linco) 98.4 83.6 83.0

Table 6: Ablation study on different modules

difference between them, indicating that although,
unlike SBERT, RoBERTa is not additionally trained
to represent semantic similarity, it still works well
with the prototype structure.
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5.3 Ablation Study
To fully evaluate our model, we conducted an ab-
lation study evaluating the influence of our Incon-
gruity Loss. We experimented with and without
the incongruity loss with the RoBERTa encoder on
all three datasets and the result is shown in Table 4.

Upon analyzing the results for the Dialogues and
SARC datasets, we observed performance improve-
ments ranging from -0.1% to 2.9% when training
model with incongruity loss, with SARC dataset
showing a particularly notable increase of over 2%
on recall, accuracy, and F1. In contrast, the Twitter
dataset demonstrated minimal improvement. We
hypothesize that this is due to the already high
baseline performance on the Twitter dataset, which
constrains the extent of further performance gains.

We further perform an ablation study to examine
the effect of incorporating the sentiment encoder
module in addition to the semantic encoder. The
corresponding F1 scores are presented in Table 6.
Without the incongruity loss, adding the sentiment
encoder yields a comparable F1 score to using only
the semantic encoder. However, when the incon-
gruity loss is introduced, the model’s performance
improves substantially, achieving up to a 2.9% in-
crease in F1.

6 Conclusion

We proposed a novel approach that leverages state-
of-the-art LM encoders and prototype-based net-
works to build an intrinsically interpretable model
for sarcasm detection. Our approach achieved state-
of-the-art performance on three public benchmark
datasets. By representing prototypes with the clos-
est training sentences, our method can explain
sarcasm detection with sentence-level, human-
readable explanations.

7 Limitation

Our data primarily comes from English-speaking
populations from specific platforms, which may not
be generalizable. Also, our work does not provide
examples to show reasoning with sentiment proto-
types. Future research could investigate generating
explanations by analyzing the attention scores as-
sociated with both negative and positive sentiment
prototypes.

8 Ethics Statement

The development and deployment of sarcasm de-
tection models present several ethical considera-

tions. First, our study recognizes the potential bi-
ases inherent in training data, particularly those
that stem from subjective interpretations of sar-
casm across different linguistic, cultural, and social
contexts. We used three different datasets from
diverse platforms to ensure generalizability. In
addition, while our prototype-based explainability
framework enhances interpretability, we stress that
sarcasm detection remains an inherently complex
and nuanced task. We encourage the responsible
use of our model to enhance human understand-
ing rather than replace human judgment in sensi-
tive contexts. Therefore, we do not recommend
over-reliance on automated sarcasm detection in
complex tasks and advocate for human oversight
in critical decision-making processes. Moreover,
we are committed to transparency in our research
by making our model and code publicly available
to foster reproducibility. We also adhere to ethical
guidelines and ensure that all datasets used in this
study comply with proper licensing.
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