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Abstract: The exploration and understanding of sentiments and emotions through textual analysis are foun-
dational to advancements in natural language processing (NLP). While sentiment analysis, which involves
discerning the polarity of text, has been extensively explored, the nuanced detection of complex emotions within
textual content is still an emerging area of study. In this paper, we introduce EmoLeverage, a model leveraging
Transformer architecture and enhanced with a novel Fusion Adapter module. This model aims to deepen emotion
detection capabilities by drawing insights from fundamental sentiment analysis tasks, focusing exclusively on
textual data. EmoLeverage sets a new standard in the field by demonstrating that deep, nuanced understanding
of emotions is achievable through text alone, challenging and surpassing existing methodologies in emotion
identification on key datasets. This is a significant step forward, considering the complexity of human emotions
and the subtleties involved in their expression through language. By concentrating on textual input, EmoLeverage
offers a promising avenue for applications where audio or visual data is not available, highlighting the versatility
and potential of text-based emotional analysis. Our approach illustrates the untapped potential of leveraging
sophisticated NLP techniques to enhance the detection and comprehension of a wide array of emotions from text.
The success of EmoLeverage in outperforming conventional models in emotion recognition tasks underscores
the model’s effectiveness in parsing and understanding the intricate expressions of human emotions through
linguistic cues alone. This achievement paves the way for more accurate, efficient, and nuanced emotion detection
tools, potentially transforming various sectors by providing deeper insights into human emotional states through

text.
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1. Introduction

The exploration of sentiment analysis has long captivated scholars within the realm of natural
language understanding. This field seeks to discern the sentiment polarity embedded within signals,
spanning across audio, visual, and textual modalities. A closely allied field, emotion recognition,
ventures beyond to classify sentiments into more detailed emotions like anger, happiness, or sorrow.
Various strategies have been employed to tackle the challenges of text-based sentiment analysis and
emotion detection [1-3]. Rule-based methods, reliant on grammatical and logical constructs alongside
lexicons for emotion or polarity assignment, have been superseded by machine learning techniques [4].
These advanced techniques learn word-emotion relationships, with recent efforts pivoting towards
the fine-tuning of Transformer models, which excel due to their sophisticated multi-head attention
mechanisms. "EmoLeverage" represents a significant leap forward, incorporating transfer learning,
multi-task learning, and class imbalance mitigation strategies to refine textual emotion recognition
methods.

Transfer learning leverages the knowledge acquired from one task to enhance performance on
another [5-8]. This strategy has become instrumental in achieving cutting-edge results across various
NLP tasks, with Transformer-based [14,15] pre-trained models like BERT [18], RoBERTa [20], XLNet
[21] leading the charge.

The multi-task learning technique trains a singular model across multiple tasks, offering a more
efficient alternative to task-specific model fine-tuning [24]. Notable methodologies include the Multi-
Task Deep Neural Network (MT-DNN), which employs a shared transformer encoder with task-specific
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outputs, and innovations in training procedures that utilize knowledge distillation to boost MT-DNN
performance. These methods cultivate a common representation across tasks, facilitating a more
integrated learning approach [27].

Addressing class imbalance—a scenario where certain classes are underrepresented in the training
data—is crucial for the success of many Al tasks. Strategies to counteract this imbalance include re-
sampling of minority class data and adjusting loss functions to account for class frequency. In the
computer vision domain [31,32], the focal loss modification of cross-entropy loss has been proposed to
specifically tackle this issue.

Our research is primarily concerned with textual data. Understanding the sentiment or emotion
underpinning sentences or paragraphs unlocks potential for various applications, including the
creation of empathetic conversational agents and mental health assessment tools.

Although the task of sentiment analysis, which involves categorizing text into basic sentiments
such as positive, negative, or neutral, has been extensively studied, the challenge intensifies when
it comes to identifying specific emotions. This challenge is compounded by the prevalence of data
imbalance across emotional categories within many datasets. "EmoLeverage" emerges as a solution,
incorporating knowledge from simpler tasks to overcome the challenges of data imbalance. It employs
a Transformer-based architecture integrated with a Fusion Adapter module, specifically designed to
leverage sentiment analysis insights.

Our approach not only contends with state-of-the-art multimodal models on the CMU-MOSEI
dataset [36] but does so by exclusively utilizing textual information. The primary contributions of
this study are as follows. The introduction of EmoLeverage, a novel approach that utilizes sentiment
analysis insights to enhance emotion recognition tasks. The fusion of a Transformer-based architecture
with Adapter layers, optimizing the model to benefit from pre-trained language models and auxiliary
tasks, thereby streamlining the training process and addressing class imbalance effectively.

2. Methodology

To propel the field of emotion detection forward and overcome the limitations of previous
approaches, we have conceptualized and crafted a pioneering framework named "EmoLeverage." This
innovative model intricately integrates the concepts of transfer learning and multi-task learning with a
specialized strategy aimed at addressing the prevalent challenge of class imbalance. Central to our
methodology is the employment of a sophisticated language model, specifically BERT [18], selected for
its unparalleled capacity to grasp the complexities of language, an essential attribute for the accurate
detection of emotions. The symbiotic relationship between sentiment analysis and emotion detection
forms the cornerstone of our approach, guiding us to forge a model that harmoniously blends insights
from these interrelated domains. By doing so, EmoLeverage not only enhances the precision of emotion
detection but also utilizes the wealth of data available from sentiment analysis tasks.

Furthermore, a critical aspect of our design is the deliberate focus on mitigating the issue of class
imbalance, a common hurdle in emotion detection datasets, ensuring that our model remains robust
across diverse emotional expressions.

Delving into the architecture and methodology of EmoLeverage, we introduce a sophisticated
amalgamation of the BERT Transformer encoder [18,42] with a tailored assembly of Adapter layers,
each fine-tuned for specific tasks. This intricate architecture builds upon the foundational structure
of the BERT encoder, configured in its base form, which coordinates a series of twelve encoder
layers augmented with token, sentence, and positional embeddings. This elaborate encoding process
culminates in a dedicated classification head, consisting of two sequential feedforward layers, tasked
with interpreting the final hidden state associated with the [CLS] token.

The strategic inclusion of Adapter layers within each encoder layer is a testament to our commit-
ment to task-specific fine-tuning. These layers, designed in alignment with the architecture proposed
by Pfeiffer et al. [27], Wang et al. [44], execute a dimensionality reduction through a feedforward layer,
followed by a non-linear transformation, and a subsequent expansion back to the encoder’s original
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hidden dimension. The choice of a dimensionality reduction factor of 16, as advocated by Pfeiffer et al.
[27], strikes an optimal balance between the addition of task-specific parameters and the maintenance
of exceptional model performance.

In addressing multiple tasks, EmoLeverage deploys an array of Adapter layers operating in
concert, each imbued with insights specific to its designated task. The integration of these varied
knowledge streams is adeptly managed through the AdapterFusion technique [27], initiating a com-
posite learning phase where the pre-trained encoder and individual Adapter layers are fixed, thereby
concentrating training efforts on the classification and fusion layers.

To confront and rectify the class imbalance inherent in emotion detection datasets, we have
devised a customized version of the Binary Cross-Entropy (BCE) Loss, aptly suited for the nuances of
multi-label classification. This refined loss function is expressed as:

N C
L= ; ; —We[Yn,elog (0 (xne)) + (1 = Yn,e)log(1 — o (xnc))] (1)

In this formula, N symbolizes the batch size, C represents the total number of classes, x;, . indicates the
output of the model for class ¢ of sample 7, and w, signifies the class-specific positive weighting factor,

determined as: )
number of negative samples for class ¢

~ number of positive samples for class ¢

This weighting mechanism, derived from the empirical data of the training set, is ingeniously calibrated
to enhance recall in instances dominated by negative samples for class ¢, and bolster precision in
scenarios where positive samples prevail.

Although explorations into adapting the focal loss for multi-label classification were conducted,
these investigations concluded that it did not offer a significant advantage over the traditional BCE loss
in terms of augmenting our model’s efficacy. Through this detailed exposition, EmoLeverage stands
unveiled as a beacon of innovation in the NLP landscape, charting a new course for emotion detection
with its ground-breaking architecture and meticulously crafted methodologies. Our ambition with
EmoLeverage is not only to surpass existing benchmarks but to redefine them, establishing a new
standard of excellence in the detection and analysis of emotional expressions in text.

3. Experiments

3.1. Setups

To rigorously evaluate the effectiveness of the "EmoLeverage"” model, we conducted extensive
experiments using three datasets and executed several ablation studies to dissect the contribution of
individual components within our method. We engaged with the following datasets in our experimen-
tation:

CMU-MOSEI [36]: Renowned for its multimodal composition, the CMU-MOSEI dataset encom-
passes visual, acoustic, and textual data from approximately 23,500 sentences extracted from diverse
video sources. While it’s structured for multimodal model training, our investigation focuses solely
on textual data. The dataset annotations include sentiment on a continuum of [-3,3] and Ekman
emotions (joy, sadness, anger, surprise, disgust, and fear) on a [0, 3] scale [50]. For sentiment analysis,
sentiments are bifurcated into negative (labels below 0) and non-negative (labels 0 or above). Emotions
are categorized as non-existent (label is 0) or present (label above 0), with the possibility of concurrent
emotions for a single sentence. Model performance on CMU-MOSEI is evaluated using binary accuracy
(A) and F1 scores (F1) for each distinct emotion, alongside an aggregate non-weighted mean accuracy
and an overall weighted F1 score to offer a comprehensive performance measure.

SST-2 [51] & IMDB [52]: The SST-2 dataset offers over 60,000 sentences from movie reviews, while
the IMDB dataset comprises 50,000 reviews, both annotated for sentiment analysis with a binary
(positive or negative) classification. These datasets were sourced through the HuggingFace Datasets
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library!, facilitating direct integration and uniform evaluation metrics, specifically binary accuracy (A),
mirroring the CMU-MOSEI dataset’s assessment criteria.

Our experimental framework employs BERTy, . (cased) [18] as the foundational pretrained model,
characterized by its 12 encoder layers and a hidden dimension of 768. Incorporating Adapter and
AdapterFusion layers into each encoder layer, we further refine the model’s capacity to handle the
intricacies of emotion and sentiment analysis. The architecture of the classification head is devised with
dual linear layers, the first mirroring the transformer’s hidden size (768) and the second tailored to the
label count (6), interlinked with tanh activation functions. The input to the classification mechanism is
derived from the BERT model’s final hidden state corresponding to the initial [CLS] token.

All models undergo training with the AdamW optimizer [53], adhering to a linear rate scheduler,
a learning rate set at le-5, and a weight decay parameter of le-2. The training process spans 10 epochs,
incorporating an early stopping mechanism activated after a 3-epoch period without validation metric
improvements. Leveraging the Adapter-Transformers library [54], we seamlessly integrate Adapter
and AdapterFusion layers, enhancing the model’s functionality. The results, averaged over three
distinct runs, demonstrate the model’s robustness and consistency across evaluations.

In our analysis, we trained two variant models to explore the impact of knowledge fusion: the
first, Fusions, combines insights from within the CMU-MOSEI dataset tasks (binary sentiment analysis,
7-class sentiment, and emotion classification), while the second, Fusions, extends this integration
by incorporating additional insights from the SST-2 and IMDB sentiment analysis tasks. This dual-
fusion approach aims to unravel the synergistic potential of cross-task knowledge, aspiring to elevate
the "EmoLeverage" model’s predictive accuracy and adaptability in discerning nuanced emotional
expressions and sentiment orientations across diverse textual contexts.

3.2. Results and Discussions

In our comprehensive assessment of "EmoLeverage" for emotion detection on the CMU-MOSEI
dataset, we contrasted its performance against both a fine-tuned BERT model and a model enhanced
with task-specific adapters employing an identical classification head structure. Furthermore, we
juxtaposed these results with the latest state-of-the-art model for this dataset [55], which leverages a
Transformer architecture utilizing textual and auditory modalities for emotion detection.

Table 1. Comparative performance on CMU-MOSEI for emotion detection tasks. Adapter: Utilizes
BERT with task-specific adapters. Fusions: Enhances BERT with a triple adapter fusion for CMU-MOSEI
tasks, encompassing binary sentiment, seven-class sentiment, and emotion classification. Fusions:
Extends BERT with a quintuple adapter fusion, incorporating both CMU-MOSETI tasks and sentiment
analysis from SST-2 & IMDB datasets.

Model Joy Sadness Anger Surprise  Disgust Fear Overall
A/F1 A/F1 A/F1 A/F1 A/F1 A/F1 A/F1

State-of-Art! 66.0/71.7 73.9/17.8 81.9/17.3 89.2/35 86.5/453 90.6/0.0 81.5/40.5

BERT 66.3/69.0 69.4/42.8 742/443 85.8/219 83.1/53.1 83.8/18.7 77.1/51.8
Adapter 67.3/694 66.3/46.1 70.4/48.5 734/265 77.3/523 70.9/22.7 70.9/53.7
Fusions 67.5/70.5 66.5/444 725/473 81.4/259 79.0/529 81.1/21.1 74.7/53.6
Fusions 67.5/70.7 69.1/44.6 73.1/475 81.3/26.6 79.9/53.0 82.2/203 75.5/53.7

! Accuracy and F1 scores are adapted from [55], with F1 scores recalculated for clarity, as
original scores were presented in a weighted format.

Notably, models employing our specialized loss function surpassed the F1-scores of the prevailing
state-of-the-art, particularly highlighting the Fusion models” adeptness in balancing accuracy and

1 https:/ /huggingface.co/datasets



Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 1 April 2024 do0i:10.20944/preprints202404.0059.v1

50f 10

Fl-scores across the spectrum of emotions. Given the dataset’s skewed emotion distribution—where
all except joy are markedly imbalanced—accuracy alone falls short as a holistic performance metric.
The F1-score, hence, emerges as a more reliable gauge of model capability in distinguishing between
emotions. This discrepancy underscores the Fusion models’ superior performance, attributing to their
integration of multi-task knowledge, which evidently enhances model efficacy.

Expanding upon the experimental analysis, we observed that while the Adapter model showcases
commendable F1 scores, its accuracy metrics do not align with the Fusion models. This discrepancy
underscores the added value of amalgamating insights across various tasks, as embodied by the
Fusion models. Notably, the Fusions model, with its encompassing approach that integrates additional
sentiment analysis tasks beyond the CMU

-MOSEI dataset, slightly edges out the Fusions model in performance. This comparative analysis
further highlights the Fusions model’s nuanced understanding and processing of emotional content,
attributed to its broader knowledge base.

Table 2. Distribution of positive samples across emotion classes within CMU-
MOSEL

Joy Sadness Anger Surprise Disgust Fear
Positive Samples (%) 52 25 21 10 17 8

Table 3. Comparative analysis of model parameters, highlighting
the efficiency and scalability of "EmoLeverage".

Model Total Parameters Trainable Parameters
BERT (fine-tuned) 108.3M 108.3M
Adapter 109.8M 1.5M
Fusiong 132.8M 21.8M
Fusions 134.6M 21.8M

This detailed exposition demonstrates "EmoLeverage"’s prowess in leveraging complex emotional
datasets with significantly fewer trainable parameters, showcasing its efficiency and scalability. By
harnessing insights from a wide array of tasks and datasets, "EmoLeverage" not only achieves but in
some aspects surpasses the benchmark set by existing models, promising a new horizon in emotion
detection research.

In this detailed examination of our novel approach, "EmoLeverage," we delve into its performance
metrics across various emotional categories within the CMU-MOSEI dataset. We compare its efficacy
against traditional BERT models fine-tuned for emotion detection and models that incorporate task-
specific adapters. Moreover, we juxtapose these findings with the latest advancements in the field,
represented by a state-of-the-art Transformer-based model that harnesses both textual and auditory
data for emotion detection.

A critical aspect of model performance, particularly in addressing emotions that are underrepre-
sented in the dataset, is the choice of loss function. We explored the efficacy of several loss functions,
including the conventional Binary Cross-Entropy (BCE), Focal Loss (FL), and a novel loss function
proposed in this study (PL). The comparative results are showcased in Table 4.
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Table 4. Comparative analysis on emotion detection in CMU-MOSEI, evaluating different loss functions.
BCE: Binary Cross-Entropy loss, FL: Focal Loss, PL: The newly proposed loss function tailored for this

study.
Loss Function Emotional Categories
Joy Sadness Anger Surprise  Disgust Fear Overall
A/F1 A/F1 A/F1 A/F1 A/F1 A/F1 A/F1
BCE 67.9/71.5 75.8/22.2 785/254 90.5/1.3 85.6/485 91.7/0.5 81.7/42.8
FL 67.7/709 75.8/249 78.4/23.1 90.5/0.6 85.6/46.1 91.7/0.0 81.6/42.2
PL 67.5/70.7 69.1/44.6 73.1/47.5 81.3/26.6 79.9/53.0 82.2/20.3 75.5/53.7

The analyses reveal that while the classic Binary Cross-Entropy loss and Focal loss exhibit similar
performance metrics, the adoption of our proposed loss function (PL) notably enhances the F1-scores
across the board, except for joy, albeit at a slight compromise in accuracy for some emotions. This
indicates the proposed loss function’s adeptness in balancing the detection of prevalent and scarce
emotional expressions within the dataset.

3.3. Adapter Performance on Sentiment Analysis Tasks

Furthermore, we explored the utility of single Adapters in capturing task-specific knowledge
which, when combined through fusion in "EmoLeverage," enriches the model’s understanding and
recognition of emotional nuances. The performance of these single Adapters on additional sentiment
analysis tasks, specifically within the CMU-MOSEI dataset as well as on the SST-2 and IMDB datasets,
was rigorously analyzed.

Table 5. Performance metrics on sentiment analysis within the CMU-MOSEI dataset, showcasing the
efficacy of BERT when fine-tuned and when enhanced with task-specific adapters.

Model Binary Sentiment Analysis Seven-Class Sentiment Analysis
Accuracy Accuracy
State-of-Art! 84.2 455
BERT 84.3 46.8
Adapter 83.9 46.5

1 State-of-the-art accuracy scores as reported in [55].

These task-specific Adapters, when compared to a fully fine-tuned BERT model, demonstrated
comparable, and in some instances superior, performance. This suggests that Adapters efficiently
encapsulate pertinent task-specific insights with a significantly reduced computational footprint. The
fusion of these insights, facilitated by "EmoLeverage," leverages related sentiment analysis tasks to
enhance emotion detection capabilities.

Table 6. Sentiment analysis performance on the SST-2 and IMDB tasks comparing fine-tuned RoBERTa,
XLNet, BERT models against BERT enhanced with task-specific Adapters.

Model  SST-2 Accuracy IMDB Accuracy

RoBERTa 94.8 94.5
XLNet 93.4 95.1
BERT 93.5 94.0
Adapter 92.6 93.7

In summary, the Adapter models exhibit a remarkable capacity to mirror the performance of fully
fine-tuned models across sentiment analysis tasks, further substantiating the premise that Adapter-
based approaches, particularly when integrated through "EmoLeverage," present a formidable strategy
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for emotion detection and sentiment analysis, promising enhanced model efficiency and interpretabil-
ity.
4. Conclusions and Future Work

EmoLeverage stands out as a significant advancement in the field of emotion detection, setting
new records in F1-scores and showcasing the potential of leveraging purely textual data to understand
complex emotional states. The exceptional performance of "EmoLeverage" on the CMU-MOSEI
dataset underscores the effectiveness of our model in navigating the nuances of emotion recognition,
particularly in scenarios where only textual information is available.

One of the pivotal achievements of this work is demonstrating the capability of text-based emotion
detection systems to achieve, and in some aspects surpass, the accuracy of multi-modal systems, solely
through the strategic analysis of text. This marks a substantial leap forward in the pursuit of more
accessible, efficient, and focused emotion recognition technologies that can operate independently of
visual or auditory data inputs.

However, the journey doesn’t end here. The scarcity of large-scale, high-quality datasets specifi-
cally tailored for emotion detection in textual content remains a significant barrier to the advancement
of this research domain. It is imperative that future studies not only continue to refine models like
"EmoLeverage" for even greater accuracy across a broader spectrum of emotions but also contribute to
the development and dissemination of more comprehensive and diverse datasets. These datasets will
be crucial for testing and validating the efficacy of purely text-based emotion detection models as they
evolve.

As we look forward to the evolution of emotion detection technologies, the contributions of
"EmoLeverage" provide a robust foundation for future research. The model’s adaptability and the
insights it offers into the complex landscape of human emotions through text set the stage for further
innovations in this fascinating intersection of natural language processing and emotional intelligence.
Our next steps involve not only the continued enhancement of "EmoLeverage" but also a concerted
effort to collaborate with the broader research community in curating expansive datasets that mirror
the rich tapestry of human emotions. This collaborative endeavor will undoubtedly propel the field of
emotion detection into new realms of possibility and precision.
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