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Abstract

Conventional affective computing models aim to identify sentiments, emotions, hate speech, fake news from written
text while Multimodal affective computing models identify emotions, sentiments, opinions expressed in form of
multimodal data like images with captions, memes, videos, audios, emojis, texts, physiological signals, etc. In
multimodal setup other modalities like speech, visuals accompany text modality. With the invent of language
foundation models like ChatGPT and other small language models like Phi 3 mini, Llama, Gemini, etc., the potential of
these models can be used to perform affective computing tasks. This study is steered on one specific multimodal
affective computing tasks of sentiment analysis using the potential of small language models. The proposed approach
employs two different subnetworks and the results from subnetworks then fused to get a more comprehensive
understanding of the associated sentiment. One is a language subnetwork which uses small language model as a base
model and the other is audio-visual subnetwork. To validate the proposed framework named small language model
fusion network (SLMFN), extensive experiments are performed on two benchmark multimodal datasets, namely CMU-
MOSI and CMU-MOSEL This study offers insights into the practical applications of small language models by fine-
tuning it for language specific tasks, which advances sentiment analysis and emotional recognition techniques.
Additionally, with the use of quantized small language model making the proposed model more suitable for mobile
and edge device-based application.
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I. Introduction

Affective computing involves the exploration and creation of systems and devices capable of
identifying, processing, mimicking and interpreting human emotions. This multidisciplinary domain
integrates aspects of computer science, design, human psychology, and cognitive science. The scope of
research in affective computing encompasses sentiment analysis, emotion detection, opinion mining,
sarcasm detection, humor detection and many more. A key motivation behind this field is to endow
machines with emotional intelligence and the capacity to simulate empathy. Such systems aim to
understand human emotional states and adjust their behavior accordingly. Multimodal affective
computing [1] is a technology which includes modalities such as audio and visual data along with text
data. It also includes other modalities like EEG signals, physiological signals, emojis, etc. It can be
bimodal, involving diverse combinations of two modalities, or trimodal, which integrates three
different modalities. It can also be multi-modal includes different combinations of modalities. The
emerging fields of affective computing and sentiment analysis, which leverage on human-computer
interaction, information retrieval, and multimodal signal processing for distilling people’s sentiments
from the growing amount of online social data [2]. Sentiment analysis concentrates on identifying the
polarity (positive, negative, or neutral) and the intensity of the sentiments expressed and gives
insights into user opinions [21]. Emotion recognition involves identifying an individual’s underlying
emotional or affective state based on their verbal and non-verbal cues, including facial expressions,
body language, and speech [3].

With the rise of language foundation models like GPT 3.5[4], Llama [5], Roberta [6], a new
artificial intelligence paradigm has emerged, by simply using general purpose foundation models with
prompting to solve problems instead of training a separate machine learning model for each problem
[71[13]. But the biggest problem with these models is the size and training time to tune for any specific
task. Pretrained Language Models have expanded to hundreds of billions of parameters, like GPT-3
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[26], demonstrating exceptional few-shot performance. However, training and utilizing such large
models demand immense computational resources, leading to a significant carbon footprint and
posing challenges for researchers and practitioners to adopt them. Recently, the emergence of small
and medium-sized models, which are highly efficient (1B to 3B parameters), has enabled their
application in affective computing and sentiment analysis tasks. These smaller language models are
considered much “greener” due to their significantly lower parameter count compared to Large
Language Models, earning them the designation of small language models. These models are highly
lightweight, including their pre-trained and instruction-tuned variants, which makes them well-suited
for edge and mobile devices. Interestingly, they exhibit emergent properties that allow them to solve
language specific tasks they were not specifically trained on. However, research on the usage and
effectiveness of such models remains relatively limited. In this paper, we introduce a new multimodal
fusion technique, termed SLM Fusion Network (SLMFN), which performs end-to-end affective
computing tasks. It comprises two sub networks, one is language subnetwork which works on textual
modality and another is audio visual subnetwork which works on audio and visual modalities. Videos
from social media networks are used as a source to extract text, audio and visual modalities.

In this study, for the language subnetwork, the capabilities of such small language foundation
models are being used to perform tasks like sentiment analysis. The phenomenon of emerging
capabilities of SLMs was more pronounced with the utilization of fine-tuning techniques [15]. The
performance is comparable to classical Natural Language Processing (NLP) models like Bag-of-Words
(BoW) [16], Glove [31] and better than fine-tuned LLMs like BERT [17] and RoBERTa[6]. Another
challenge encountered was interpreting the outputs from the responses of language model, as it is
difficult to generate only a single word which is labelled for sentiment analysis. The other is audio-
visual subnetwork which is comprised of custom layers of LSTM and bidirectional LSTM followed by
fully connected layers for audio and visual subnets. Audio and visual features are aligned with other
and also with text data. The key contributions of this work are as follows:

e We propose the utilization of small language models as a, enabling it to deliver
classification outputs that address affective computing challenges, demonstrated through
tasks like sentiment analysis.

e We develop a fusion approach that combines language network responses with audio-
visual sub-network outputs to achieve enhanced classification results for affective
computing tasks.

e We demonstrate the effectiveness of our method on the publicly available CMU-MOSI [19]
and CMU-MOSEI [20] datasets, achieving superior performance in terms of quantitative
metrics (MSE, F1 Score, Recall, Accuracy) and qualitative comparisons with baseline
approaches.

The rest of the paper is structured as follows: Section 2 reviews related work in multimodal
affective computing using foundation language models. Section 3 details the methodology, model
architecture, and training pipeline. Section 4 presents experimental setup, datasets and testing
framework. Followed by a discussion of key findings and limitations in Section 5. Section 6 concludes
with potential future directions.

II. Related Work

We focus on related work within the area of foundation models in affective-computing-related
tasks in the multimodal domain.[8] explores a fusion of ChatGPT for multimodal Named Entity
Recognition (NER). [9] investigates EmoLLMs, open-source instruction following LLM, by fine tuning
the LLMs to perform the Various affective computing tasks. [10] explores capabilities of foundation
models to predict affect outcomes based on smartphone sensing data of university students. [11]
explores ChatGPT’s zero-shot ability to perform affective computing tasks using prompting alone. [12]
investigates on how to relate explanations back to multimodal and time-dependent data, how to
integrate context and inductive biases into explanations using mechanisms such as attention,
generative modeling, or graph-based methods, and how to capture intramodal and cross-modal
interactions in post hoc explanations. They also show future research directions in terms of
explainable affective computing. [13] investigates the performance of ChatGPT in sentiment analysis
and aspect extraction. Moreover, developing an effective evaluation approach to assess language
models on regression tasks provides valuable insights for future research efforts.

[II. METHDOLOGY
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FIG.1 SLMFN Pipeline
Our proposed SLMFN consists of three major parts: 1) Small Language Model to process text modality
2) Audio-Visual subnetwork for processing acoustic and visual modalities 3) Fusion layer to predict
final classification. Based on the task of sentiment analysis, the network output adapts to support
binary classification, 5-class classification. The input to the SLMFN consists of opinionated videos
encompassing three modalities: language, visual, and acoustic. The subsequent three subsections
provide a detailed explanation of the SLMFN network.
3.1 Small Language Model
Small language model is built on a transformer-based architecture comprising an encoder-decoder
structure. From raw videos, sentence-wise transcripts and visual subclips are generated using Kaldi
[22]. For our task, only the decoder part is used, which processes the given text data in sentence form
and generates classification results. Decoder architecture enhances contextual understanding.
Language Model is fine-tuned to perform sentiment analysis and emotion recognition tasks.
Hyperparameter optimization of this architecture is done using Adam ([23]. This fine-tuned
architecture then generates classification results and performs binary classification and for three-class
classification.
3.2 Audio-Visual Subnetwork
The audio-visual subnetwork integrates features from audio and video data for sentiment
classification through a synchronized and context-aware process. Audio features, such as MFCCs,
chroma, spectral centroid, and Mel spectrogram, are extracted using moivepy and processed using
librosa[24] . Visual features like 3D facial features are processed by opencv[25].
3.3 Fusion Layer
Results from the two subnetworks are concatenated to generate final classification results. Binary
classification and three-class classification is performed.

[V. Experimental Setup
In this section, the benchmark datasets for the multimodal sentiment analysis are discussed.
Afterwards, the testing framework is introduced which includes preprocessing, feature extraction,
data alignment and fusion network. Subsequently, how the deep learning models are trained and
tuned is discussed. The pipeline of our method is presented in Figure 1.

4.1 Datasets
We present here the adopted datasets for the multimodal sentiment analysis problem. A
summary of their statistics is in Table 1.

: Train | Validation Test
Name Modalities l\_lo. of Source No. of Language Topics
videos speakers Covered
Audio, 89 Topics
CMU-MOSI Visual, 93 YouTube | 41-female English indexed by 1,284 229 686
Text 48-male #vlog
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. 250
CMU- Audio, Reviews
MOSEI Visual, 3228 | YouTube 1000 English Debate 16,326 1,871 4659
Text .
Consulting

Table 1 CMU-MOSI and CMU-MOSEI Dataset Statistics

4.1.1. MOSI Dataset

We make use of the CMU- MOSI (Multimodal Opinion Sentiment Intensity dataset, created by
[19], for sentiment analysis tasks. It is one of the pioneering opinion-level sentiment intensity dataset
for multimodal sentiment analysis. It includes diverse features such as multimodal observations,
transcripts of spoken words, and visual gestures, along with automatically extracted audio and visual
characteristics from review videos. A unique aspect of MOSI is its subjectivity segmentation at the
opinion level and sentiment intensity annotations. MOSI is composed of 93 YouTube vlog videos,
featuring 89 speakers—41 females and 48 males. It is the first dataset of its kind to include opinion-
level subjectivity and sentiment intensity annotations, MOSI has set a benchmark for multimodal
sentiment analysis research. It has 2199 uttered sentences spoken in the English language and
annotated with strongly positive, positive, neutral, negative and strongly negative annotations. The
sentiment distribution is approximately 14% strongly negative, 17% negative, 15% neutral, 17%
positive, and 13% strongly positive. We have used the original dataset as it is and the training,
validation and test portion is as shown in Table 1.

4.1.2 MOSEI Dataset

The CMU Multimodal Opinion Sentiment and Emotion Intensity (CMU-MOSEI) [20] dataset
marks a substantial step forward in multimodal sentiment analysis and emotion recognition. It is the
largest dataset featuring sentence-level sentiment and emotion annotations. This dataset includes over
65 hours of annotated video, featuring 1,000 speakers and 250 unique subjects, with 3,228 videos
sourced from YouTube. Each video segment is manually transcribed at the phoneme level and
synchronized with audio. The alignment across textual, acoustic, and visual modalities provides a solid
basis for thorough analysis. In total, CMU-MOSEI comprises 22,856 sentences from 3,228 YouTube
videos, covering diverse topics such as product and service reviews (16.2%), debates on various issues
(2.9%), and consulting discussions (2.9%). It stands out as one of the most versatile datasets due to its
broad topic coverage. We utilized the dataset in its original form, with training, validation, and test
splits detailed in Table 1.

4.2 Testing Framework

For the experimental setup, we implemented a detailed end-to-end workflow for multimodal
sentiment analysis. The process began with preprocessing opinionated YouTube videos using Kaldi to
segment audio into sentence-aligned subclips, removing silences for clarity. Audio features (e.g., MFCC,
chroma, spectral centroid) were extracted with Librosa, while MediaPipe provided frame-level 3D
facial landmark coordinates. Sentiment labels from transcribed text were classified using phi 3 mini
model. Synchronization between modalities ensured alignment of audio, video, and text features. A
Tensor Fusion Network (TFN) integrated these modalities with Conv1D pipelines and custom fusion
layers. A late-fusion step incorporated text sentiment predictions. The evaluation employed
categorical cross entropy loss, the Adam optimizer, and metrics such as accuracy, precision, and recall
for performance tracking. This robust setup emphasized multimodal alignment to capture nuanced
sentiment expressions effectively.

V. Results and Discussion
5.1 Experimenting on MOSI and MOSEI Dataset

The first group of experiments sought to test the performance of SLMFN regarding sentiment
analysis from opinionated videos from youtube for binary classification. For the Sentiment analysis,
we implemented two classes (positive, negative), five classes (Highly positive, positive, neutral,
negative, highly negative), classification. Results are there as shown in Table 2 and Table 3 . The
datasets we used in the experiments were drawn from MOSEI and MOSI. For the comparison, we also
presented the results of several well-known fusion networks [27][28][29][30] on the same dataset as
in (see Table 2 AND Table 3). The results were impressive for two classes and for all classification
labels (all measurements ranged between 85% and 99%). These results show that combining
capabilities of foundation language models and fine tuning them for specific affective computing tasks
could improve the classification performance. For example, Unimodal accuracy for MOSEI dataset =
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98.05%, while for MOSI = 97.55% . This implies that MOSI slightly degraded the performance of
MOSEI. Using the SLMFN is acceptable since recall in binary classification and multi class classification
is the same as the accuracy of the classification labels, and thus, higher recall means the method is
better able to detect the defined classes i.e. positive, negative and neutral. Also, the fact that
improvements occurred in multiclass classification means that such improvements are not
coincidental.

5.2 Quantitative Results

The performance of the small language model fusion network was evaluated against certain
baseline mode as given in table 2 for multimodal sentiment analysis for CMU-MOSI dataset and in table
3 for CMU-MOSEI dataset. To assess the model performance binary accuracy, f1-score, recall, Mean
Absolute Error (MAE), Corr used. MAE is calculated using following formula:

MAE — & Ty —
" 21 \ 2| )

In equ.1 n is the total number of predictions, xi is the predicted value and y; is the true value. Corr is
calculated using following formula:

o 2@ —2) (i —7) 2)
V(i — )23 (1 — )2
In equ.2 r is the correlation, xi is the predicted value, yi is the true value, x” is mean of predicted value
and y” is mean of true value.

Fusion Method Model |NLP Model 2-Class 5-Class F1 Score MAE Corr
Name Used Accuracy Accuracy
Utterance Based | MISA [27] BERT 81.78 48.98 81.73 0.761 0.782
Fusion
Hierarchical Fusion [MMIM [28]( BERT 81.49 50.36 81.48 0.743 0.778
Self-Attention Based| Self MM BERT 83.23 52.92 83.16 0.715 0.792
Fusion [29]
Transformer Based | MuLT [30] | Glove 79.81 42.2 79.76 0.923 0.676
Fusion
SLM Based Fusion SLMFN Small 88.3 54.8 88 0.615 0.792
Language
Model

Table 2 Model Performance Comparison on CMU-MOSI Dataset

Fusion Method Model [NLP Model 2-Class 5-Class F1 Score MAE Corr
Name Used Accuracy Accuracy
Utterance Based | MISA [27] [ BERT 79.54 53.74 80.28 0.545 0.765
Fusion
Hierarchical MMIM [28] BERT
Fusion 81.52 53.28 82.42 0.526 0.772

Self-Attention Self MM BERT
Based Fusion [29] 83.6 55.68 83.56 0.532 0.766

Transformer MulLT [30] Glove
Based Fusion 80.2 53.89 80.76 0.563 0.733
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SLM Based Fusion SLMFN Small
Language 90.05 61.00 88.00 0.470 0.812
Model

Table 3 Model Performance Comparison on CMU-MOSEI Dataset

5.3 Ablation Studies

To understand the contribution of key components in the small language model fusion
network, ablation studies were conducted. The effect of small language model fusion analysed by
removing the fine-tuned decoder layers and comparing the performance. Without fine-tuned decoder
layers and, MSE increased from 0.470 to 0.0519, and recall dropped from 0.81 to 0.78, highlighting the
importance of this component in ensuring smooth sentiment classification. The integration of
explainability tools was also evaluated. While it does not directly impact sentiment analysis
performance, the interpretability provided by attention heatmaps enhances the usability of the model
in multimodal sentiment analysis for research and real-world applications.

VI. Conclusion and Future Work

This work explored the capabilities of multimodal affective computing by integrating the small
language model with audio-visual processing techniques for sentiment analysis. Our contributions
include methods for aligning and synchronizing characteristics across many modalities, resulting in
seamless integration of text, audio, and visual data. We show how small language model can function
as a powerful language subnetwork, successfully addressing affective computing tasks such as
sentiment analysis and can be also performed on another affective computing task of emotion
recognition. In addition, we investigate the utility of small language model’s for performing language
specific task, demonstrating how they improve both interpretability and classification accuracy. We
also offer unique strategies for combining outputs from small language model and an audio-visual
subnetwork, experimenting with late fusion method. For ensuring transparency and trustworthiness
in affective computing tasks, explainable component in the network will be added in future which
enhances interpretability of final classification decision.
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