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Abstract

Understanding sarcasm requires integrating
cues from language, voice, and facial expres-
sion. Recent work has achieved impressive
results using large multimodal Transformers,
but such models are computationally expen-
sive and often obscure how each modality con-
tributes to the final prediction. This paper intro-
duces a lightweight, interpretable framework
for multimodal sarcasm detection that com-
bines frozen text, audio, and visual embeddings
from pretrained encoders through compact fu-
sion heads. Using the MUStARD++ Balanced
dataset, we show that early fusion of textual
and acoustic features improves over the best
unimodal baseline. Character-specific eval-
uation further shows that sarcasm expressed
through overt prosodic and visual cues is
substantially easier to detect than monotone,
context-dependent sarcasm. Additionally, we
evaluate generalization to different characters
through leave-one-speaker-out (LOSO) exper-
iments and run ablation-style transfer experi-
ments on two speakers with similar sarcasm dis-
tributions. These findings demonstrate that ef-
fective multimodal sarcasm understanding can
emerge from frozen, resource-efficient repre-
sentations without large-scale fine-tuning, em-
phasizing the importance of modality interac-
tion and delivery style rather than model scale.

1 Introduction

Sarcasm is a complex communicative phenomenon
in which speakers express meanings that differ
from, or even contradict, the literal interpretation of
their words. Accurately detecting sarcasm remains
difficult for computational models because it de-
pends on subtle interactions among lexical content,
tone, and facial expression. While most humans
can effortlessly interpret sarcastic intent by inte-
grating these cues, computational systems often
fail when sarcasm departs from explicit linguistic
markers and relies instead on delivery or shared
background knowledge.

Recent advances in large multimodal Transform-
ers have achieved strong benchmark results on sar-
casm and humor detection, but these models are
resource-intensive and opaque. They require signif-
icant fine-tuning, large GPU memory, and domain-
specific supervision, which limits reproducibility
and interpretability. Moreover, their performance
gains often stem from model scale rather than im-
proved understanding of how sarcasm manifests
across modalities (Bhosale et al., 2023; Zhang et al.,
2024; Dong et al., 2025). As a result, it remains
unclear whether more compact architectures can
achieve comparable performance on sarcasm detec-
tion while providing greater insight into the multi-
modal nature of sarcasm.

An additional challenge often overlooked in
prior work is speaker variability: sarcasm is not
expressed uniformly across individuals, and per-
sonal delivery style and intent can substantially
affect how multimodal cues signal sarcasm.

In this work, we investigate whether reliable sar-
casm recognition can emerge from lightweight, in-
terpretable architectures that use frozen pretrained
encoders instead of end-to-end fine-tuning. Our
approach isolates the contribution of each modal-
ity—text, audio, and visual—by fusing compact
representations from RoBERTa, wav2vec 2.0, and
OpenFace through shallow classifiers such as lo-
gistic regression and small MLPs. By freezing the
encoders, we remove the confounding influence of
representational drift during fine-tuning, ensuring
that observed differences arise purely from modal-
ity interaction and fusion design. This design also
enables controlled speaker-level analysis, allowing
us to examine how the same multimodal represen-
tations behave across different characters with dis-
tinct sarcasm styles. In summary, this paper makes
the following contributions:

* We present a resource-efficient multimodal
sarcasm detection framework using pretrained
encoders and compact fusion heads.



* We systematically evaluate unimodal and
multimodal configurations under five-fold
grouped cross-validation on the MUStARD++
Balanced dataset.

* We introduce a speaker-specific comparison
of delivery styles, revealing that expressive,
intentional sarcasm is easier to recognize than
monotone, context-bound sarcasm.

* We evaluate cross-speaker generalization, us-
ing leave-one-speaker-out (LOSO) evalua-
tions and targeted ablation-style cross-speaker
experiments where certain speaker-specific
data is withheld during training.

These contributions provide a transparent base-
line for multimodal sarcasm detection and demon-
strate that meaningful multimodal understand-
ing can emerge without large-scale task-specific
fine-tuning. Our findings highlight that effec-
tive sarcasm recognition is not solely a function
of model scale, and can also be facilitated by a
better understanding of how modalities interact
during sarcasm delivery, at less overall computa-
tional cost. Our preprocessing pipeline, includ-
ing generated WIDE features and speaker splits, is
available at https://github.com/csu-signal/
multimodal_sarcasm_detection.

2 Related Work

2.1 Text-Based vs. Multimodal Sarcasm
Detection

Early sarcasm detection relied primarily on textual
cues such as sentiment polarity shifts, lexical incon-
gruity, and pragmatic markers (Joshi et al., 2017).
Pretrained transformers like BERT and RoBERTa
substantially improved performance by modeling
contextual semantics and discourse-level dependen-
cies (Zhou et al., 2024). Recent studies have also
examined zero- and few-shot prompting with large
language models (LLMs), demonstrating strong
reasoning over text but limited grounding in par-
alinguistic or visual cues (Zhang et al., 2024), mo-
tivating multimodal integration.

Multimodal Datasets and Benchmarks The
MUStARD dataset (Castro et al., 2019) established
the first multimodal benchmark for sarcasm recog-
nition, aligning textual, acoustic, and visual fea-
tures from television dialogue. MUStARD++ (Ray
et al., 2022), expanded the corpus with balanced
sarcasm labels, richer speaker metadata, and im-
proved cross-modal synchronization.

Beyond MUStARD and its variants, several
large-scale resources provide broader benchmarks
for multimodal irony and humor. MHSDB (Dong
et al., 2025) integrates multilingual sarcasm and
humor datasets and systematically compares frozen
versus fine-tuned encoders, concluding that multi-
modal combinations yield the most stable cross-
domain generalization. SarcasmBench (Zhang
et al.,, 2024) focuses on evaluating LLMs via
prompt-based protocols, finding that even state-
of-the-art models such as GPT-4 fail to account for
audiovisual incongruity, underscoring the need for
grounded multimodal reasoning.

Fusion and Incongruity Modeling A core chal-
lenge in multimodal sarcasm detection is captur-
ing the incongruity between what is said, how
it is said, and how it appears. Raghuvanshi
et al. (2025) proposed an intra-modal relation and
emotional-incongruity learning network that uses
Graph Attention Networks (GATs) to link emo-
tion subspaces within frozen language (BERT), au-
dio (wav2vec 2.0), and visual (ResNet) encoders.
This efficiency-driven philosophy aligns closely
with our approach. Wu and Zang (2024) intro-
duced the Multi-Scale Adaptive Fusion with Self-
Distillation Model (MSAF-SDM), which dynami-
cally reweights modalities and time scales, showing
that performance gains stem more from effective
fusion than from model scale.

Acoustic and Visual Cues Audio features, such
as prosodic variation in pitch, rhythm, and inten-
sity often signals ironic tone even when text is
ambiguous, making them important for sarcasm
recognition Jose (2025) demonstrated this through
a parameter-reduced depthwise CNN that achieves
competitive accuracy using only speech features.
In contrast, visual features such as facial Action
Units (AUs; Ekman and Friesen (1978)), gaze, and
head pose, e.g., from OpenFace 2.0 (Baltrusaitis
et al., 2018), tend to be noisier in television dia-
logue data, though they can enhance robustness
when combined with audio and text (Castro et al.,
2019; Jang and Frassinelli, 2024).

2.2 Lightweight and Efficient Architectures

Most state-of-the-art multimodal sarcasm detec-
tors rely on heavy Transformer backbones with
cross-attention, which obscure interpretability and
demand significant computational resources. How-
ever, recent efforts have instead explored efficiency
and modularity. The Hybrid Quantum—Classical
Neural Network (HQNN; Phukan et al. (2024))
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Model / Method Dataset Fusion Type F1 Params (M)
Raghuvanshi et al. (2025) MUStARD++ Graph Attention (frozen) 0.749 ~125
Wu and Zang (2024) MUStARD++ Multi-Scale Adaptive Fusion (fine-tuned) 0.877 ~160
Phukan et al. (2024) MUStARD++ Quantum—Classical Hybrid 0.712 ~70
Dong et al. (2025) MUStARD++ CLIP + HuBERT (frozen) 0.774 ~190
Jang and Frassinelli (2024) MUStARD++ Fine-tuned Transformer 0.630 110
Bhosale et al. (2023) MUStARD++ Balanced Early (concat + MLP) 0.736 ~370
Dong et al. (2025) MUStARD++ Balanced Utterance (LMF) 0.763 ~1179

Table 1: Recent reported multimodal sarcasm detection system performance on MUStARD++ or MUStARD++
Balanced. Our lightweight model achieves competitive performance with under 1M trainable parameters, compared

to 70—-190M in prior SOTA systems.

merges quantum circuits with classical deep learn-
ing to perform sarcasm, emotion, and sentiment
analysis in a compact joint model. Similarly,
MHSDB (Dong et al., 2025) show that frozen en-
coders retain strong transferability when coupled
with small fusion heads such as logistic regression
or shallow MLPs. Our work builds on this by us-
ing entirely frozen encoders and focusing on how
modality interaction, rather than parameter count,
governs performance.

2.3 Speaker Intent and Personality Effects
Sarcasm is not a uniform phenomenon: its de-
tectability depends strongly on speaker style and
intent. While prior datasets include speaker meta-
data, few studies have examined how delivery dif-
ferences, such as deadpan versus performative sar-
casm, affect model behavior. Even fewer works
examine whether sarcasm detectors trained on one
set of speakers can generalize to unseen speakers
with distinct delivery styles, leaving cross-speaker
robustness largely unexplored.

By isolating character subsets, we provide a con-
trolled analysis of delivery intent and style, demon-
strating that expressive prosody and gestural cues
lead to significantly higher multimodal recognition
accuracy. This focus on personality-aware evalu-
ation introduces a new dimension to multimodal
sarcasm understanding.

2.4 Positioning of This Work

Prior research has progressively expanded from
text-only sarcasm modeling to large multimodal
architectures emphasizing incongruity learning and
adaptive fusion. However, these systems often
trade interpretability for complexity. Our frame-
work contributes a complementary perspective: a
lightweight model that uses fully-frozen pretrained
embeddings to systematically disentangle modality
contributions and evaluate how delivery style influ-
ences multimodal detectability. By combining re-
producibility with efficiency, we offer a transparent
baseline for future multimodal sarcasm research.

Leonard: "What, Sheldon?
‘What, Sheldon?! What,
Sheldon?!"

Leonard: "The blunt
instrument that will be the
focus of my murder trial?"

Sheldon: "Tell me what you
see here."

Figure 1: Example from the MUStARD++ Balanced
dataset. Each instance consists of a dialogue context
and a target utterance aligned across text, audio, and
video modalities.

3 Dataset

3.1 MUStARD++ Balanced Overview

All experiments in this work are conducted
on the MUStARD++ Balanced dataset (Bhosale
et al., 2023), a curated and class-balanced vari-
ant of the MUStARD++ corpus. The MUStARD
dataset (Castro et al., 2019) originally introduced
multimodal sarcasm detection using aligned text,
audio, and video segments from television sit-
coms. MUStARD++ (Ray et al., 2022) extended
this resource with additional clips, improved align-
ment, richer annotations, and emotion labels, en-
abling more detailed analysis of sarcasm expres-
sion. MUStARD++ Balanced further refines the
corpus by addressing label imbalance and remov-
ing samples with unreliable visual signals, result-
ing in a more stable benchmark for multimodal
learning. This version is now commonly used in
recent work on multimodal sarcasm detection and
allows for controlled comparison across modali-
ties without confounding effects from skewed class
distributions.

3.2 Data Composition

MUStARD++ Balanced includes thousands of an-

notated utterances, with each entry aligned across
text, audio, and visual modalities. For this work,



we focus on the utterance-level subset containing
clips with full multimodal alignment, i.e., where
both speech and facial frames are synchronized
with the transcribed text. This subset ensures
consistent modality availability for all samples,
without relying on missing-modality imputation or
augmentation. Metadata from MUStARD++ Bal-
anced’s extended annotation file enables grouping
by character, allowing the analyses in Sec. 5.5.

4 Methodology

This work aims to evaluate how far multimodal
sarcasm understanding can be achieved using
lightweight architectures built entirely from frozen
pretrained embeddings. Our framework combines
textual, acoustic, and visual cues extracted from the
MUStARD++ Balanced dataset, emphasizing effi-
ciency, interpretability, and robustness over heavy
fine-tuning. Fig. 2 provides a high-level overview.

4.1 Preprocessing and Feature Extraction

Raw videos were separated into two groups: ut-
terance_videos and utterance_additions, each con-
taining short contextual segments. Speech was
extracted and resampled to 16 kHz, producing the
audio_wav16k directory used for acoustic embed-
ding generation via wav2vec 2.0. Visual features
were derived from frame-level OpenFace outputs,
including facial Action Units (AUs), head pose,
and gaze direction. All features were merged into a
unified “wide” representation, consisting of 3,190
multimodal samples.

Text Each utterance and its immediate context
are tokenized and encoded using the pretrained
RoBERTa-base (Liu et al., 2020) model from Hug-
ging Face Transformers. We use the pooled [CLS]
representation (768 dimensions) as a fixed textual
embedding for each utterance.

Audio All speech clips are resampled to 16 kHz
and processed with Baevski et al. (2020)’s pre-
trained wav2vec 2.0 encoder. Frame-level outputs
are mean-pooled to form a 768-dimensional vector
capturing prosodic patterns such as pitch, energy,
and rhythm—Zkey indicators of sarcastic tone.

Visual Each video segment is analyzed using
OpenFace 2.0 (Baltrusaitis et al., 2018) to extract
facial AUs, head pose, and gaze direction. For each
AU and geometric feature, we compute statistical
descriptors (mean, standard deviation, range, and
slope) over time, resulting in a 1,800-dimensional
visual feature vector per utterance.

Character Utterances Non-Sarcastic Sarcastic

Chandler 156 38 118
Sheldon 126 65 61
House 137 62 75
Howard 136 68 68
Penny 125 54 71
Leonard 110 52 58

Table 2: Speaker-wise sarcasm distribution. Only char-
acters with at least 100 utterances are included to ensure
stable evaluation.

4.2 Fusion Strategies

To examine the interaction between modalities,
three fusion strategies are explored: 1) Early
Fusion concatenates embeddings from all active
modalities and passes them through a shallow
feedforward layer or logistic regression classifier;
2) Late Fusion trains separate unimodal classi-
fiers and combines their prediction probabilities
through weighted averaging or meta-classification;
3) Stacking Fusion uses intermediate unimodal
representations as inputs to a secondary classifier,
allowing limited cross-modal interaction while re-
taining modality specialization.

All encoders remain frozen during training, en-
suring that observed differences stem from differ-
ences in fusion rather than in representations.

Fusion Heads For each fusion strategy, we eval-
uated two compact classifiers: (1) a logistic regres-
sion (LR) head, which performs linear combina-
tion of modality embeddings, and (2) a shallow
multilayer perceptron (MLP) head consisting of
a Dense—ReLLU-Dropout-Linear stack (approxi-
mately 0.5M parameters). Both heads operate on
frozen pretrained embeddings without end-to-end
fine-tuning. Unless otherwise specified, all sub-
sequent analyses and ablations use the LR variant,
which consistently provided higher and more stable
performance across folds.

4.3 Speaker Filtering and Subsets

To explore how personality and speaking style in-
fluence sarcasm expression, we construct speaker-
specific subsets. Speaker identity strongly condi-
tions the style of sarcasm expression. For instance,
Sheldon Cooper’s (TBBT) sarcastic utterances pri-
marily exhibit unintentional sarcasm, character-
ized by literal tone and minimal prosodic variation,
whereas Chandler Bing’s (Friends) sarcasm is overt
and expressive. After mapping video identifiers to
annotation keys, we selected speakers who have
more than 100 utterances in the dataset, forming
the basis for our character-wise experiments. Utter-



I can see it from right here.
It'l cost you one husband

RoBERTa
768-D Text Embedding

AU Dynamics Feature FUSION HEAD (MLP)
Extractor Dense — ReLU —
2300-D Visual Embeddings Droupout — LR
Facial AUs (OpenFace)
|m|I|IlI|'I||||| [isliotfen Wav2Vec2 Feature Extractor OUTPUT: Sarcastic / Not
80-D Audio Embeddings

waveform (.wav, 16 KHz)

Figure 2: Lightweight multimodal sarcasm detection pipeline. ROBERTa, Wav2Vec2, and OpenFace extract frozen
text, audio, and visual embeddings, which are concatenated into a unified representation and passed through a

shallow MLP fusion head to predict sarcasm labels.

ance counts are given in Table 2.

For character-wise experiments, each speaker
subset is evaluated independently using the same fu-
sion configurations as the full-dataset experiments.
This setup isolates how sarcasm delivery style af-
fects multimodal detectability without introducing
cross-speaker confounds.

4.4 Training Protocol

Experiments are conducted using five-fold grouped
cross-validation, where utterances from the same
dialogue segment never co-occur in both training
and testing sets. This strategy prevents context
leakage and mirrors natural discourse boundaries.
Models are optimized using the Adam optimizer
with a learning rate of 1 x 10~4, batch size of 16,
and early stopping based on validation F1-score.
Macro-F1 is used as the primary evaluation metric
to account for class imbalance.

Additionally, we conduct leave-one-speaker-out
(LOSO) evaluations to assess cross-speaker gen-
eralization. Here, all utterances from a held-out
speaker are used exclusively for testing, while mod-
els are trained on the remaining speakers. LOSO
experiments are performed for Sheldon Cooper,
Chandler Bing, and Dr. Gregory House—whose
sarcasm style is dry and deadpan, similar to Shel-
don’s—enabling direct comparison between in-
domain and out-of-speaker performance.

4.5 Lightweight Implementation

The entire pipeline is designed for computational
efficiency. Across all configurations, fewer than
1M trainable parameters are used, well under 0.1%
of typical fine-tuned transformer models (see Ta-
ble 1). Training followed a five-fold stratified

group cross-validation protocol, ensuring that ut-
terances from the same dialogue segment never ap-
peared in both train and test splits. See Appendix A
for further experimental details.

5 Results and Analysis

This section presents both the quantitative and qual-
itative evaluation of the unimodal and multimodal
sarcasm detection models on the MUStARD++ Bal-
anced dataset. All experiments were conducted
using five-fold stratified group cross-validation, en-
suring that utterances from the same dialogue seg-
ment never appear in both training and test splits.
Each evaluation was run 3 times with different ran-
dom seeds, for a total of 15 runs. Performance is
reported in terms of macro-F1 score.

5.1 Overview

Our primary objective is not to achieve state-
of-the-art performance, but to demonstrate that
lightweight architectures can make effective use
of pretrained embeddings to achieve meaningful
multimodal sarcasm understanding without large-
scale fine-tuning. All models in this study rely
on frozen, pretrained embeddings for text, audio,
and visual modalities, combined through compact
fusion heads such as logistic regression or shal-
low MLPs. This setup isolates the contribution of
each modality and fusion strategy, removing the
confounding influence of model size or fine-tuning.

Although absolute F1 scores may match but
rarely exceed those of fine-tuned Transformers,
they reveal consistent and interpretable patterns.
Text—audio combinations consistently outperform
unimodal variants, and early or stacking fusion
yields stronger generalization than late fusion.



Modality Mean £ SD (F1) Classifier Fusion Strategy T+A T+A+V
Text (RoOBERTa) 0.64 +0.03 LR Early Fusion 0.68 +0.07 0.60 £+ 0.01
Audio (Wav2Vec2.0) 0.59 £+ 0.04 LR Late Fusion 0.63 £0.05 0.59 4+ 0.02
Visual Dynamics (OpenFace) 0.54 £0.02 LR Stacking 0.61 £0.01 0.59 £0.02
Table 3: Unimodal macro-F1 results on MUStARD++ MLP Early Fu§1on 0.59£003 0.57+0.03
. - MLP Late Fusion 0.61 £0.02 0.59 £+ 0.04

Balanced using five-fold cross-validation. MLP Stacking 063+ 001 063 L 00l

Moreover, speaker-specific analyses indicate that
the presence or absence of expressive multimodal
cues substantially affects detection accuracy. These
findings reinforce our central claim: that sarcasm
recognition depends more on how modalities inter-
act—and on how sarcasm is expressed—than on
the scale of the underlying models.

5.2 Unimodal Performance

Table 3 summarizes the unimodal baselines. All
models rely on frozen, pretrained embeddings for
each modality, preserving the lightweight setup de-
scribed earlier. Among single modalities, the acous-
tic model performs better than the visual model,
confirming that intonation and prosody encode sar-
casm more reliably than facial dynamics in this
dataset. This aligns with prior observations that
sarcastic tone often carries stronger discriminative
cues than subtle or inconsistent facial expressions,
particularly across television dialogue. The textual
model remains the strongest unimodal baseline,
capturing the linguistic contrasts and contextual
markers that often signal sarcastic intent. These
unimodal results establish a foundation for analyz-
ing how cross-modal fusion amplifies or, in some
cases, fails to amplify—sarcasm-specific signals.

5.3 Fusion Strategies
We evaluate multimodal sarcasm detection using
three fusion strategies: early fusion, late fusion,
and stacking—across two classifiers: Logistic Re-
gression (LR) and a multilayer perceptron (MLP).
All models use frozen pretrained embeddings, and
performance is reported as mean Test F1 with stan-
dard deviation across folds, as shown in Table 4.
Early fusion with LR achieves the strongest over-
all performance, obtaining an F1 score of 0.68 +
0.07 when combining text and audio features. This
configuration also exhibits the highest variance,
indicating sensitivity to data splits despite strong
average performance. Adding visual features in the
early fusion setting does not improve results for LR
and instead reduces performance to 0.60 £ 0.01.
LR with late and stacking fusion yield lower but
more stable performance compared to early fusion.
Late fusion achieves 0.63 + 0.05 with text and au-
dio and drops to 0.59 + 0.02 with visual features.

Table 4: Comparison of fusion strategies on MUS-
tARD++ Balanced using frozen pretrained embeddings.
Early fusion with LR yields the best and most stable
performance across folds.

A similar pattern is observed for stacking, where
performance remains comparable across feature
combinations but does not surpass early fusion.

MLP-based models demonstrate more consistent
behavior across fusion strategies. The early fusion
MLP reaches 0.59 + 0.03 for text and audio, with
a slight decrease when visual features are added.
Late fusion improves modestly over early fusion
for text and audio (0.61 + 0.02), but again declines
with the inclusion of visual features.

Stacking with MLP provides the most balanced
performance, at 0.63 = 0.01 for both text+audio
and text+audio+visual. While this approach does
not outperform LR early fusion with text+audio, it
offers improved stability and robustness.

Overall, these results indicate that while multi-
modal fusion improves over unimodal baselines,
the inclusion of visual features does not consis-
tently yield gains and, in several cases, slightly
degrades performance. Text and audio remain the
dominant contributors to sarcasm detection perfor-
mance in this setting.

5.4 Comparison with Prior Work

Table 1 showed the performance of recent mul-
timodal sarcasm detection systems evaluated on
MUStARD++ or closely related datasets. While
large transformer-based models (e.g., MSAF-
SDM) achieve higher absolute F1 scores, they in-
volve tens to hundreds of millions of parameters
and require fine-tuning. With fewer than 1 million
trainable parameters, our frozen-feature fusion
approach attains performance that either exceeds
or reaches to within 0.05 F1 of prior approaches
(e.g., Jang and Frassinelli (2024), Phukan et al.
(2024), or Bhosale et al. (2023)"), illustrating that
interpretability and efficiency need not come at the
expense of multimodal understanding.

'We note that Jang and Frassinelli (2024) and Phukan
et al. (2024) evaluate on MUStARD++, not MUStARD++
Balanced.
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"Oh Brilliant"

"Could this be any more obvious?"

Figure 3: Illustrative examples of sarcasm styles in
MUStARD++ Balanced: Sheldon (right) shows subtle,
context-dependent irony, while Chandler (left) exhibits
overt, deliberate sarcasm.

Character Mean+ SD (F1) Text (%) Audio (%) Visual (%)
Chandler 0.68 + 0.07 29.52 24.13 46.34
Sheldon 0.44 £+ 0.08 35.70 16.13 48.17
House 0.44 +0.14 29.42 25.95 44.63
Howard 0.58 £ 0.10 35.73 19.23 45.04
Penny 0.61 £ 0.07 25.93 19.54 54.52
Leonard 0.47 + 0.03 27.80 22.77 49.43

Table 5: Speaker-wise sarcasm detection performance
and relative modality contribution (%) based on normal-
ized absolute weights from the early-fusion LR model.

5.5 Speaker-wise Analysis: Intentional vs.
Unintentional Sarcasm

To better understand the role of multimodal expres-
sive cues in sarcasm perception (e.g., Fig. 3), we
conducted a speaker-specific analysis across char-
acters, using the splits described in Table 2, with
identical features and training configurations.

As shown in Table 5, characters with overt and
expressive delivery styles, such as Chandler and
Penny, achieve markedly higher macro-F1 scores
than speakers whose sarcasm is more subtle or
context-dependent. In contrast, Sheldon and Dr.
House exhibit significantly lower performance.
These speakers frequently deliver sarcastic remarks
with restrained prosodic variation or facial expres-
sion, making it harder to distinguish sarcasm from
literal speech. Howard Wolowitz and Leonard Hof-
stadter fall between these extremes, with moderate
detectability consistent with their mixed expressive
styles, including both overt and deadpan delivery.

Importantly, these differences emerge under a
controlled experimental setup, where each speaker
is evaluated independently using the same multi-
modal features and classifier architecture. This
suggests that variability in sarcasm recognition
is driven primarily by speaker delivery character-
istics rather than differences in data volume or
class balance. Together, these results highlight

LR MLP

Speaker — T AFV T+A T+A+V
Sheldon _ 0.52 051 0.63 0.59
House 0.56 0.55 0.50 0.58
Chandler  0.60 0.63 0.62 0.62

Table 6: Leave-one-speaker-out (LOSO) results com-
paring Logistic Regression and MLP classifiers.

that sarcasm detectability in multimodal systems
is strongly speaker-dependent, motivating explicit
consideration of delivery style in model evaluation.
This analysis constitutes a core contribution of this
paper: no previous work, including those that de-
veloped large SOTA transformer approaches, have
investigated robustness and the relative contribu-
tion of different modalities to different speakers
and delivery styles.

To further interpret character-level differences,
we analyzed the weights of the best-performing
early-fusion LR model to estimate the relative con-
tribution of each modality for each speaker. Across
all characters, visual features account for the largest
share of model weight, followed by textual features,
with audio contributing a smaller portion (Table 5).
Characters with more expressive delivery styles
(Chandler, Penny), show a stronger reliance on
visual cues, while characters with flatter or more
monotone delivery (Sheldon, House), exhibit rela-
tively higher dependence on textual information.

These results indicate that modality contribu-
tions are speaker-dependent: while visual features
consistently influence the model’s decisions, their
effectiveness varies by character, reinforcing the
need for speaker-aware analysis when interpreting
multimodal sarcasm detection models.

Leave-One-Speaker-Out (LOSO) Evaluation
To evaluate cross-speaker generalization, we con-
duct leave-one-speaker-out (LOSO) experiments
for three high-frequency speakers: Sheldon Cooper,
Dr. Gregory House, and Chandler Bing. In each
setting, all utterances from the target speaker are
excluded from training and used exclusively for
testing, while models are trained on all remaining
speakers. All experiments use the same frozen fea-
tures and fusion configurations as earlier sections.
Across all three speakers, LOSO performance
is lower than the corresponding in-domain evalua-
tions, indicating that exposure to samples from spe-
cific speakers contributes to multimodal sarcasm
detection performance (Table 6) Results vary by
speaker and model configuration, with no single
best-performing classifier-modality combination.



LR MLP

Speaker —r AT ATV T+A T+A+V
Sheldon 0.8 0.54 0.64 0.67
House  0.61 0.61 0.65 0.62

Table 7: Ablation test results on Sheldon/House samples
when excluding both Sheldon and House from training.

Cross-Speaker Ablation To further isolate cross-
speaker effects, we perform ablation-style transfer
experiments by jointly removing two speakers with
qualitatively similar deadpan delivery styles: Shel-
don Cooper and Dr. Gregory House, from train-
ing and evaluating on each speaker independently.
This setting tests whether models trained without
exposure to either speaker can generalize to their
sarcasm styles when both are excluded from the
training distribution. We report both the standard
LOSO results and the cross-speaker ablation results
using identical model configurations.

For both speakers, performance under the cross-
speaker ablation setting differs from standard
LOSO evaluation (Table 7), demonstrating that
model behavior depends not only on whether a
speaker is held out, but also on which other speak-
ers are present during training.

5.6 Discussion and Error Analysis

The results demonstrate that prosodic informa-
tion complements textual context more effectively
than visual features, which often introduce noise
or inconsistency across speakers. In our experi-
ments, adding visual features rarely improved per-
formance and occasionally degraded it, particu-
larly under MLP and late fusion configurations.
This is despite visual features being allocated a
high weight by a logistic regressor, and aligns
with unimodal and fusion results where visual
consistently ranked lowest in standalone perfor-
mance—meaning that when they are included, vi-
sual features are weighted heavily but contain in-
consistent information.

The LOSO experiments further highlight the role
of speaker identity: all three held-out speakers ex-
hibited reduced performance relative to their in-
domain evaluations, even under identical feature
and classifier setups. This suggests that sarcasm de-
tection is not merely a function of delivery modality
but is sensitive to speaker-specific patterns. For ex-
ample, Chandler retained high performance under
LOSO (up to 0.63 F1 with LR + TAV), while Shel-
don dropped substantially (as low as 0.51). This
again reflects that overt sarcasm transfers more ro-
bustly than subtle or monotone delivery styles.

Ablation tests reinforced this pattern. When both
House and Sheldon were removed from training
and tested individually, performance on each ac-
tually improved over standard LOSO in several
configurations, particularly for MLP + TAV, where
Sheldon reached 0.67 and House reached 0.62. This
suggests that models may overfit to misleading
speaker-specific cues when a speaker is present
during training, or that certain speaker combina-
tions interfere with generalization.

These results underscore that model robustness
in sarcasm detection depends heavily on speaker
composition, not just modality alignment or classi-
fier complexity. The findings argue for evaluating
models in speaker-exclusion settings when claim-
ing generalization, and for future work to explore
speaker-invariant representations.

6 Conclusion

This paper investigated multimodal sarcasm de-
tection using frozen pretrained embeddings across
text, audio, and visual modalities, evaluated on the
MUStARD++ Balanced dataset. Our baseline ex-
periments confirmed that textual and prosodic fea-
tures outperform visual features in both unimodal
and fusion settings. Visual cues, as represented
in this dataset, contributed little to overall perfor-
mance and, in some cases, degraded results, partic-
ularly under MLP models and late fusion.

Through extended speaker-wise analysis, we
evaluated performance across six high-data charac-
ters. Results revealed substantial variation: some
speakers (e.g., Chandler) achieved high scores
across all modalities, while others (e.g., Shel-
don, House) performed poorly, even with all three
modalities combined. These trends were confirmed
through modality contribution analysis using LR
coefficient weights.

To test model generalizability, we conducted
leave-one-speaker-out (LOSO) evaluations for
three characters and cross-speaker ablation tests
where two speakers were excluded from training
entirely. LOSO consistently yielded lower perfor-
mance compared to in-domain results, confirming
a degree of speaker overfitting. Interestingly, ab-
lation experiments showed that excluding certain
speakers during training sometimes improved per-
formance on them, indicating interference effects
or misleading speaker-specific patterns.

In sum, our results suggest that speaker identity
remains a major challenge for robust multimodal
sarcasm detection. Future work should emphasize



speaker-invariant modeling, dynamic fusion strate-
gies, and better exploitation of visual cues, espe-
cially where new or unseen speakers are common.

Limitations

Although this study provides a reproducible and ef-
ficient baseline for multimodal sarcasm detection,
several limitations remain. First, MUStARD++
Balanced, while consisting of a diverse sample
of TV shows, is limited to scripted television di-
alogue, which may not generalize to spontaneous
or cross-cultural sarcasm. Second, our analysis re-
lies on frozen pretrained encoders, which constrain
modality adaptation and may underrepresent sub-
tle expressive nuances. Third, visual data quality
varies substantially across clips, and missing or
low-resolution facial cues can weaken multimodal
consistency. Finally, we focus on two speakers
for controlled analysis; extending this approach
to broader conversational or multilingual settings
would strengthen ecological validity and generaliz-
ability.

Ethical and Reproducibility Notes

Our experiments are conducted over publicly-
available data from television shows, and so as
also mentioned in Limitations, methods for this
domain may not generalize to spontaneous con-
versation or settings with different cultural norms,
and automatic classification of phenomena such as
sarcasm should be treated cautiously in real-life
situations where it may be misinterpreted or lead
to misunderstanding.

All media in MUStARD++ Balanced are pub-
licly available under fair-use research provisions.
To ensure reproducibility, we use only official an-
notations and extracted features without altering
dialogue content. A link to our code is provided in
Sec. 1. By relying on frozen pretrained encoders
and lightweight fusion heads, the full experimental
pipeline can be reproduced without access to spe-
cialized hardware or large-scale distributed training
resources.
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A Additional Experimental Details

All experiments were conducted using Python 3.10
and PyTorch 2.1 within a dedicated environment.
Experiments were run on standard research GPUs
without requiring large-scale distributed training.
The frozen-encoder design significantly reduces
both memory usage and training time relative to
fully fine-tuned multimodal architectures. Frozen
pretrained encoders were used for each modality:
RoBERTa-base for text, wav2vec 2.0 for audio,
and OpenFace-derived Action Unit dynamics for
visual features. Embeddings from each modality
were standardized and fused through lightweight
classifiers (logistic regression or shallow MLPs)
implemented in scikit-learn.

Training followed a five-fold stratified group
cross-validation protocol, ensuring that utterances
from the same dialogue segment never appeared in
both train and test splits. Each fold used a batch
size of 16, the Adam optimizer with a learning rate
of le—4, and early stopping based on validation F1.
All cross-validation results report the mean and
standard deviation of the macro-F1 across the five
folds, whereas the leave-one-speaker-out (LOSO)
and cross-speaker ablation experiments report re-
sults from single runs.

B Reproducibility and Consistency Check

To validate robustness, we repeated the early-fusion
experiments described in Sec. 5.3 across multi-
ple random seeds using the same grouped cross-
validation protocol. While absolute F1 values var-
ied slightly (typically within £0.05), the relative
performance trends remained consistent: (i) text—
audio consistently outperformed single-modality
models, and (ii) adding visual dynamics did not
yield further gains. These observations reinforce
the stability of our lightweight fusion architecture
across runs.
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