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Abstract

Humor recognition in conversations is a highly
challenging task due to its reliance on context,
sarcasm, timing, and multimodal cues. While
several humour datasets exist for English,
resources for Indic languages like Hindi
remain little scarce, limiting the development
of culturally aware conversational Al systems.
To address this gap, we introduce a new
multimodal dataset for humour detection from
conversational dialogues. The dataset consists
of 5203 annotated utterances of 2 season con-
taining 8 episodes each from a popular Indian
web series “Panchayat”. Utterances are kept
in their original Devanagari script as spoken in
the series, without transliteration or standard-
ization into pure Hindi, to retain the natural
conversational tone and cultural nuances.
Each utterance is annotated with a binary
humour label (Humour / Not Humour) and
includes aligned textual, acoustic and visual
information, making it suitable for multimodal
and context-aware humour research. Our ex-
periments highlight the complementary nature
of multimodal signals and the importance of
conversational context in understanding Hindi
humour. This dataset is expected to promote
research on computational humour, sarcasm
detection and multimodal dialogue under-
standing for low-resource languages. The
dataset and baselines are available at https:
//huggingface.co/datasets/Abhis4e/
Panchayat-multimodal-dataset

and https://github.com/
singhbishtabhishek/
Multimodal-Dataset.

1 Introduction

Humor is a subtle and context dependent aspect
of human communication that is often difficult
to detect automatically (Kalloniatis and Adamidis,
2025; Purandare and Litman, 2006). In conver-
sational settings humor is not conveyed through
text alone but is also influenced by tone of speech,

timing and speaker interactions (Bertero and Fung,
2016; Lee et al., 2016). Relying only on textual
content can miss important cues especially in dia-
logues where the same sentence may or may not be
humorous depending on delivery of speaker. This
makes humor detection particularly challenging in
real world scenarios where multiple modalities like
text, audio and visual signals jointly contribute to
signal a dialogue as humourous or not (Hasan et al.,
2019; Tsai et al., 2019; Baltrusaitis et al., 2019).

This challenge is amplified in Hindi con-
versational data which is typically informal,
noisy(spoken) and reflective of natural spoken us-
age rather than standardized language. Utterances
often include mixed vocabulary, transliterated ex-
pressions and speaker-specific styles, making the
task more complex than working with clean text
(Chauhan et al., 2021, 2022). These challenges
motivated us to investigate humor detection in
real-world Hindi conversational data using a mul-
timodal dataset.

For this study we introduce a multimodal Hindi
conversational dataset consisting of code-mixed ut-
terances written in Devanagari script along with
textual dialogues, audio and visual modalities. The
dataset captures natural conversational characteris-
tics such as informal expressions, speaker interac-
tions and context dependent humor making it suit-
able for real-world analysis. The main contribu-
tions of this work are as follows:

* We introduce a multimodal Hindi conversa-
tional dataset of 5203 utterances written in
Devanagari script, containing natural code-
mixed.

* We conduct a comprehensive study of humor
detection using unimodal and multimodal ap-
proaches, including classical machine learn-
ing models, neural baselines, and advanced
multimodal architectures.
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* We systematically compare early fusion, late
fusion, and cross-modal representation learn-
ing approaches for humor detection.

2 Dataset

We collected data from the popular Indian web se-
ries “Panchayat” and manually annotated each ut-
terance with humour and not humour labels, fol-
lowing prior multimodal humor dataset construc-
tion approaches (Hasan et al., 2019; Chauhan et al.,
2021; Guo et al., 2024). The utterances are re-
tained in their original Devanagari script, includ-
ing naturally occurring code-mixed and transliter-
ated English words without any normalization or
transliteration. Each utterance having humour(1)
in some kind of tone or visually was marked as
humour else was marked not humour(0). Table 1
shows details about dataset.

Table 1: Dataset Statistics

Description Statistic
Total Utterances 5203
Total Words 47289
Unique words 5733
Max Utterance Length 39
Min Utterance Length 1
Humour 1612
Not Humour 3591
Speakers 91
Max Video Length 14.56 s
Min Video Length 0.28 s
Total duration 8.91 Hours

3 Challenges

We initially employed an automatic speech recog-
nition (ASR) system, Whisper for generating tran-
scripts from the video data (Radford et al., 2023).
While Whisper provides strong performance for
multilingual speech recognition but it showed lim-
itations in accurately transcribing Hindi conversa-
tional data in our dataset.

A significant challenge was the incorrect tran-
scription of several Hindi words and code-mixed
utterances. Many spoken words were either incor-
rectly recognized or replaced with semantically un-
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related tokens, particularly in noisy or fast-paced
dialogues.

Due to these limitations the automatically gener-
ated transcripts required extensive manual correc-
tion to ensure fidelity to the original spoken con-
tent. This manual intervention was necessary to
preserve the authenticity of utterances and main-
tain consistency across the dataset.

These challenges highlight the difficulty of ap-
plying general purpose ASR systems to informal
code-mixed Hindi conversational data.

4 Annotation Guidelines

Three experienced annotators were involved in la-
beling each utterance as Humour or Not Humour.
Detailed annotation guidelines were provided to
ensure consistency in understanding humour cri-
teria and to reduce subjectivity in labeling. Prior
to annotation, the annotators were trained on the
labeling procedure and criteria for identifying hu-
morous content. Utterances exhibiting sarcasm,
situational comedy, exaggerated expressions or hu-
morous delivery in tone and visual context were la-
beled as Humour while all other utterances were
labeled Not Humour. To evaluate inter-annotator
agreement, Fleiss’ Kappa (Fleiss, 1971) was com-
puted over all labeled utterances. The annotation
process achieved a Fleiss’ Kappa score of 0.78, in-
dicating substantial agreement among annotators
and ensuring the reliability of the dataset.

5 Baseline methods

To evaluate the effectiveness of the dataset we per-
formed set of experiments using several baseline
models ranging from traditional machine learning
methods to advanced multimodal architectures.

5.1 Logistic Regression (LR)

Logistic Regression is used as a classical baseline
for humor classification (Baltrusaitis et al., 2019).
It learns a linear decision boundary to distinguish
between humorous and non-humorous utterances.
The model is trained on features extracted from in-
dividual modalities (text, audio, and visual) as well
as their combinations to provide a simple yet effec-
tive benchmark.

5.2 Multilayer Perceptron (MLP)

Multilayer Perceptron (MLP) is a feed-forward
neural network used to model non-linear relation-
ships in the input features. Compared to Logistic



Figure 1: Samples from the dataset.
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Regression, MLP can capture more complex pat- 5.5 Cross-Modal Transformer (CMT)
terns across modalities. The model is trained on  The Cross-Modal Transformer (CMT)
unimodal and multimodal feature representations
to evaluate the benefit of non-linear feature learn-
ing.

is a
transformer-based architecture (Tsai et al., 2019)
to capture interactions across different modalities
using attention mechanisms. It models depen-
dencies between text, audio, and visual features,
allowing the system to learn richer multimodal
representations for humor detection.

5.3 Early Fusion

In early fusion, features from different modalities
(Baltrusaitis et al., 2019) are concatenated at the
input level to form a unified representation. This 5.6 Disentangled Multimodal Representation
combined feature vector is then used to train a clas- Model (DMR)

sifier. Early fusion enables joint learning across  pe Disentangled Multimodal Representation

modalities but does not explicitly model interac-  Njode] (DMR) adapts the shared-private disentan-
tions between them. Early Fusion uses learned per- glement architecture of MISA (Hazarika et al.

modality projection layers with softmax-weighted 2020) by separating common and unique informa-
combination, trained for 150 epochs with AdamW i across modalities. We omit the cross-modal

and cosine LR annealing. similarity (invariance) loss between shared repre-
5.4 Late Fusion senFatl(?ns and use a simpler concat.enatlon—based
fusion in place of a transformer fusion layer. We
retain the descriptive name DMR to reflect this
simplified task-specific adaptation.

Late fusion combines predictions from individual
modality-specific models (Rahman et al., 2020).
Each modality is first processed independently,
and their outputs are aggregated to produce the fi- 6 Features Extraction
nal prediction. This approach allows each modality
to contribute separately while enabling flexible in-
tegration at the decision level. Unimodal rows in
Table 3 are obtained from the same fusion archi-
tecture with non-target modalities masked to zero
at the input, rather than separately trained single-
modality models.

For textual feature extraction, we use the pre-
trained MuRIL (Khanuja et al., 2021) to obtain con-
textual embeddings for each utterance, where the
[CLS] token representation is used as the sentence-
level feature. For acoustic features, we employ
a pre-trained HuBERT (Hsu et al., 2021), which
extracts frame-level representations that are aggre-
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gated using mean and max pooling to obtain fixed-
length embeddings. For visual features, we use a
pre-trained VideoMAE (Tong et al., 2022) model,
where uniformly sampled frames from each video
clip are processed to generate spatio-temporal rep-
resentations, followed by mean pooling. All fea-
tures are L2-normalized to ensure consistency
across modalities.

7 Experiments and analysis

We evaluate the effectiveness of the dataset using
multiple baseline models across different modality
combinations. All experiments are conducted us-
ing 5 fold cros validation to ensure robustness and
reduce bias due to data splits.

The feature representations for text, audio, and
visual modalities are extracted using pre-trained
models and standardized before training. For
multimodal experiments, different combinations
of modalities (T, A, V) are evaluated, including
unimodal, bimodal, and trimodal settings. Class
imbalance in the dataset is handled using class-
weighted loss. We report Accuracy (A), Precision
(P), Recall (R), and Fl1-score (F1) as evaluation
metrics for humor classification.

7.1 Results and Analysis

We evaluate all models under different input con-
figurations including unimodal (T, A, V), bimodal
(T+A, T+V, A+V), and trimodal (T+A+V).

For LR and MLP, MLP consistently performs
better than LR across most settings. In unimodal
cases, MLP achieves an accuracy of 67.23% (T),
61.62% (A), and 59.49% (V), whereas LR achieves
61.37% (A+V) as its best unimodal/bimodal per-
formance. In the trimodal setting, LR achieves
61.35% accuracy and 59.86% Fl-score, while
MLP achieves higher values with 65.19% accuracy
and 60.32% F1-score. We show the results in Table
2

Table 2: Results of Logistic Regression and Multilayer
Perceptron

Labels LR MLP
A P R F1 A P R F1
T 56.91|57.46 | 58.70 | 55.51 | 67.23 | 60.19 | 58.14 | 54.46
A 60.18 | 60.37 | 62.11 | 58.75 | 61.62 | 57.42 | 58.00 | 57.10
v 58.12|56.25|57.23 | 55.52 1 59.49 | 56.39 | 56.92 | 55.52
T+V |58.47(56.69|57.74 | 55.93 | 63.56 | 60.83 | 60.63 | 58.61
T+A |60.22 | 60.45|62.20 | 58.80 | 65.00 | 59.89 | 60.06 | 59.50
A+V |61.37|61.22|63.11|59.85|62.02|58.37 [59.31|58.31
T+A+V | 61.35|61.26 | 63.16 | 59.86 | 65.19 | 60.69 | 60.93 | 60.32
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Table 3: Results for Early and Late fusion

Labels Early fusion Late fusion
A P R F1 A P R F1
T 62.58|63.09 [ 65.23 | 61.31 | 63.02 | 63.65 | 65.95 | 61.87
A 63.18|58.41 | 58.98 | 58.54 | 63.69 | 58.92 | 59.54 | 59.09
A\ 59.83|57.34 | 58.41 |56.90 | 60.08 | 57.45 | 58.52 | 57.10
T+V | 64.85]63.12|65.18|62.71 | 64.54 | 62.84 | 64.88 | 62.41
T+A |65.65|62.08 | 63.43|62.25 [64.79 | 61.26 | 62.58 | 61.40
A+V | 64.23160.20 | 61.22 | 60.35 | 64.71 | 60.08 | 60.81 | 60.29
T+A+V | 66.90 | 63.18 | 64.55 | 63.45 | 65.56 | 62.16 | 63.61 | 62.32

Table 3 shows Early Fusion achieves 66.90% ac-
curacy and 63.45% Fl-score in the T+A+V set-
ting. Late Fusion achieves slightly lower per-
formance with 65.56% accuracy and 62.32% F1-
score in the same configuration. In unimodal set-
tings, Early Fusion achieves 62.58% (T), 63.18%
(A), and 59.83% (V) accuracy, while Late Fusion
shows 63.02% (T), 63.69% (A), and 60.08% (V)
accuracy.

Table 4 results show CMT achieves its best per-
formance in the trimodal setting with 67.69% ac-
curacy and 68.06% F1-score. DMR achieves the
highest overall results with 69.04% accuracy and
69.11% F1-score in the T+A+V configuration.

Table 4: Results for Cross-Modal Transformer and Dis-
entangled Multimodal Representation Model

CMT DMR

P R
69.76 | 66.10
65.68 | 62.41
63.70 | 61.18
69.37 | 68.23
68.99 | 68.19
65.80 | 64.94

69.27 | 69.04

Labels
P

68.92
64.89
65.00
67.45
68.26
65.83
68.84

R
66.73
61.62
57.52
67.44
67.86
64.25
67.69

F1
67.44
62.73
59.04
67.35
67.87
64.71
68.06

F1
67.16
63.51
62.10
68.68
68.53
65.32
69.11

T
A
A\
T+V
T+A
A+V
T+A+V

66.73
61.62
57.52
67.44
67.86
64.25
67.69

66.10
62.41
61.18
68.23
68.19
64.94
69.04




Table 5: Some correct and incorrect predicted samples.

STET 3 et

Predicted
Actual
No. Hindi Utterances Unimodal (T) | Multimodal (T+V+A)
1 T I &7 foram TR e % Iqr Not Humour Humour Not Humour
2 W@‘;’_\ﬁ Wmﬁqgﬂﬁ@m@ﬁ?{’ﬁﬁ Humour Not Humour Humour
3 éﬁ%%ammén?ﬁa‘rw%%ﬁﬁ@m Humour Not Humour Humour
4 | gYe@dge g g Not Humour | Not Humour Humour
5 il T @R GHET AR % Not Humour Not Humour Humour
6 3R et & g GEECEI fear @t 3T Bt T 9iT die Humour Humour Not Humour

7.2 Overall Trimodel Comparison

We present the overall model comparison under the
trimodal (T+V+A) setting in Table 6 to evaluate
the effectiveness of different approaches. The re-
sults show that baseline methods such as LR and
MLP achieve comparatively lower performance
while fusion-based models provide consistent im-
provements. DMR achieves the best overall per-
formance, demonstrating a strong balance between
precision and recall.

Table 6: Overall trimodel Comparison

Model Acc | Prec | Rec F1
LR 61.35| 61.26 | 63.16 | 59.86
MLP 65.19 | 60.69 | 60.93 | 60.32
Early Fusion | 66.90 | 63.18 | 64.55 | 63.45
Late Fusion | 65.56 | 62.16 | 63.61 | 62.32
CMT 67.69 | 68.84 | 67.69 | 68.06
DMR 69.04 | 69.27 | 69.04 | 69.11

8 Error Analysis

In this section we take and compare predictions of
samples from the dataset. We take some samples
that were predicted incorrectly by model to analyze
models strength and weakness in predicting a sam-
ple.

Table 5 shows some samples from dataset which
were predicted by the Unimodal and multimodal.
Comparision of Unimodal(text) is being done here
with multimodal to see where it fails to predict
Humour and Not Humour utterance. For under-
standing the context of dialogues they are trans-
lated in English (the dataset does not contains),
for example in Table 5 utterance number 1 "'l
T @7 forT 3TRW #id & IR'' (Had food and all,
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let’s relax now, man.), here Abhishek is talking to
his friend Siddharth in relax tone with not much
facial expressions. The correct label is Not Hu-
mour but the unimodal(T) predicts this sample as
Humour whereas the multimodal predicts it cor-
rectly as Not Humour because of the tone and vi-
sual. The neutral tone and visual frame helps mul-
timodal to determine this correctly as Not Humour,
visual frames shown on figure 2 shows expressions
of speaker(Abhishek).

Figure 2: Utterance number 1 visual frames.

Not Humour

aﬁﬂzﬁ mmmﬁmmaﬂﬁém

Also in utterance number 3 in Table 5 Pushpa
says ''&lh & ok ST ATl al AR & forg
& "' (Okay, but the big finger will remain for
Atmaram only.) while saying this the facial visuals
in figure 3 can be seen as sarcastic and smirk like
face made while saying it, the multimodal catches
this correctly and predicts it correctly as Humour
unlike unimodal which predicted it Not Humour.

Figure 3: Utterance number 3 visual frames.

Humour

guAT - Stk g Ak Frgent ITelt At STeTR™ & forg & @



While the multimodal predicted many samples
correctly it also struggled and failed to predict
some of the correct labels as shown in Table 5. Ut-
terance 5 speaker(Rinki) says ' "afcid T& ST G
TR 8'' (Come on everyone, the food is ready.),
unimodal fails to predict the correct label here be-
cause of the joyful and sarcastic facial features that
can be seen in fig 4, expressions of Rinki seems
sarcastic but was a normal line said by her.

Figure 4: Utterance number 5 visual frames.

Not Humour

g ——

Another wrong example from Table 5 is utter-
ance number 6 where speaker(Brij Bhushan) says
3R ! § A e &1 AT df ITh! BT O
[TT Al ST & eirorg ' (And if by mistake we
build the road you will see that a snake will crawl
on his chest.), the actual label for this utterance is
Humour but the multimodal fails to predict it cor-
rectly because of the hyper, sad and angry tone and
visual expressions of Brij Bhushan. Figure 5 shows
visual frames and expression.

Figure 5: Utterance number 6 visual frames.

Humour

forsty@ - ok et & gw+t Wz =1 Rar at S o1t @ |iu die smem &g HfSem

9 Conclusion

In this work, we presented a multimodal dataset for
humour detection in Hindi conversational data de-
rived from the web series “Panchayat” (8.91 hours
in length). The dataset preserves utterances in
their original Devanagari script as spoken, includ-
ing code-mixed and transliterated English words
without any normalization or translation ensuring
natural conversational characteristics.

We evaluated multiple baseline models across
unimodal, bimodal, and trimodal settings. Results
consistently show that multimodal approaches out-
perform unimodal ones, highlighting the impor-
tance of integrating textual, acoustic, and visual
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cues for effective humour recognition. Among the
evaluated methods, advanced multimodal models
achieve the best performance, demonstrating the
benefit of modeling cross-modal interactions.

We plan to extend the HindiHumour dataset
with multi label annotations to capture the fine-
grained and multifaceted nature of conversational
humour. Each utterance with one or more hu-
mour categories including sarcasm, situational
comedy, irony, exaggeration, self-deprecation, etc.
enabling multi-task and multi-label learning ap-
proaches.
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