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Abstract

Our research encompasses primarily two interrelated areas: EmotionaRecognition in

Conversations (ERC) and multilingual multi-label emotion detection. The former aims

toaidentify theaemotional state of eachautterance in a dialogue, while the latter addresses

the detection of multiple emotions across languages within a given sample.

Within the ERC domain, we explore several critical yet underexplored dimensions: In

emotion context modeling, traditional sequential models often capture only local emo-

tional dependencies, overlooking long-range emotional influences that may arise between

distant parts of a conversation. We argue that emotional states can be affected and

transmitted by speakers and utterances throughout the conversation, regardless of their

positional distance. In response to this limitation, we propose the Long-range depen-

dencY emotionS Model (LYSM), which employs self-attention mechanisms to capture

emotional dynamics throughout entire conversations, allowing the system to integrate

emotional dependencies from both nearby and distant utterances. Experimental results

on four benchmark datasets confirm its strong generalizability and effectiveness.

In utterance representation, unlike isolated sentence-level emotion tasks, the core chal-

lenge in dialogue emotion recognition lies in effectively representing a target utterance

within its conversational context. Although pre-trainedalanguageamodels (PLMs) such

asaRoBERTa offer strong capabilities for context modeling, existing PLM-based approaches

often fail to fully exploit their potential for fine-grained contextual encoding. To overcome

this limitations, we introduce AccumulatingaWordaRepresentations inaMulti-level Con-

text Integrationafor ERCaTask (AccWR), which aggregates multi-level contextual word

information before inputting it into the PLM. This enriched contextual word aggregation

enhances both semantic understanding and the model’s focusaon the target utterance. Ex-

perimental results show that AccWR consistentlyaoutperforms baselineamodels on four

benchmarkadatasets and demonstrates strong potential for broader applications such as
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response generation and semantic parsing.

For speaker modeling, ERC typically relies on spoken dialogues transcribed by auto-

matic speech recognition systems. Individual traits such as linguistic style and personality

significantly influence emotional expression, yet prior work often depends on implicitly

learned speaker features, limiting interpretability and cross-domain generalization. To ad-

dress this, we propose BiosERC: Integrating Biography-Based Speaker Representations

with LargeaLanguageaModels for EmotionaRecognition inaConversations, which employs

LLMs with prompt-based techniques to extract explicit speaker profiles as external knowl-

edge. These biography-based representations enhance the emotional understanding of

each speaker, leading toamore accurate andanuanced recognition, especially in complex

or multi-party conversations. BiosERC achieves competitive or state-of-the-art (SOTA)

performance on three benchmarkadatasets.

In multi-level context modeling, the spontaneous natureaof conversations makes itadifficult

to capture transient and dynamically evolving emotional states using only contextual

discourse and static speaker profiles. To address this, we propose TraceERC: Tracking

RelationalAwareness of Contextual, Character, and Emotional States in Emotion Recognition

in Conversations, which leverages LLMs to jointly encode dialogue context, speaker per-

sonality, and dynamic emotional cues. These enriched representations enable emotion pre-

dictions that are sensitive to both conversational flow and individual speaker characteris-

tics, enhancing emotional understanding and adaptability. As one of the first LLM-based

ERC models to incorporate contextual learning and in-context fine-tuning, TraceERC

achieves SOTA results on MELD and strong performance across benchmarks.

In the multilingual domain, our team participated in SemEval-2025 Task 11, tackling

both multi-label classification (Track A) and emotion intensity detection (Track B). We

developed a generation-based framework leveraging multilingual PLMs and LLMs to sup-

port both high-aand low-resourcealanguages.

Keywords: Emotion Recognition in Conversations, MultilingualaMulti-label Emo-

tionaDetection,aLarge LanguageaModels,aSpeakeraPersonalityaModeling, Emotion Con-

text Modeling
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Chapter 1

Introduction

1.1 Background and Motivation

As a pivotal area within natural language processing (NLP), emotion recognition tasks

have received extensive attention over the past decades, driven by the continuous ad-

vancement of artificial intelligence [13]. Among its various subfields, Emotion Recognition

in Conversations (ERC) hasaemerged as a particularly important area due to its broad

range of applications, including mental health care [57], intelligent systems [53], and so-

cial media analysis [35, 80, 45], among others. In parallel, the accelerating pace of global

digitalization has led to increasing reliance on social media platforms for communication

across diverse linguistic and cultural communities. Against this backdrop, multilingual

and multi-label emotion detection has become an increasingly critical research focus [51].

Therefore, our research on text-based emotion recognition primarily focuses on two key

subfields: ERC and multilingual multi-label emotion detection.

In terms of ERC, the task diverges significantly from traditional sentiment analysis

[52], as conversational data typically consists of spoken dialogue transcriptions character-

ized by fragmented utterances and non-standard grammatical structures. Consequently,

ERC necessitates a more nuanced understanding of dialogue-specific challenges, including

conversational context [19, 54, 15, 43, 37], speaker-specific information [90, 31, 33], and

the intricate emotional dependencies across utterances [18, 30]. These complexities often

1



result in ambiguous or even misleading emotional interpretations when utterances are

analyzed in isolation. It is well established that sentences removed from their dialogue

context are prone to divergent emotional interpretations, particularly in the case of short

or reactive utterances, which are common in conversational exchanges.

For theapurpose ofamodeling theaconversational context, early studies [15] employed

sequential architectures such as LSTM or GRU models to process utterances or en-

tire conversations sequentially in order.a To better reflect the intrinsic dependencies

amongautterances,athe graph-based approaches [30, 63] represent conversations as nodes

and edges of the graph to effectively model the underlying structure in the conversa-

tion. Transformer-based techniques [48, 33] have made great contributions by directly

adopting or modifying original transformer blocks to establishalong-rangeaemotional cor-

relationsain conversational scenarios. However, relying solely on contextual information

is insufficient for accurate emotion recognition, as speaker-specific characteristics also

play a vital role. For instance, individuals with an optimistic personality tend to exhibit

positive emotions throughout a conversation, while those with a more pessimistic dis-

position may convey negative sentiments even through semantically neutral utterances.

Notably, speakers who frequently employ sarcasm often express emotions that contradict

the literal meaning of their words, making their emotional intent difficult to infer without

understanding their underlying personality traits.

Although speaker modeling has received increasing attention in recent ERC research

[90, 31, 33], progress has been hindered by the lack of datasets annotated with explicit

personality attributes. Consequently, most approaches rely on implicit modeling of inter-

speaker and intra-speaker relationships, which leaves the true value and utility of speaker-

specific information underexplored. Furthermore, the absence of explicit speaker features

reduces the interpretability and generalizability of such models across other dialogue-

related tasks. In particular, speaker personality—an inherently stable and influential

factor—remains an underutilized resource in current ERC systems.

Moreover, emotional dependencies between utterances have been significantly underex-

amined. Emotional states can propagate through interactions between speakers, regard-
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less of the physical distance between utterances in the dialogue. The overall emotional

tone of a conversation provides critical cues for accurately identifying individual emotions.

Finally, the spontaneous and dynamic nature of real-world conversations introduces

additional challenges. Unpredictable events—such as a speaker undergoing a sudden

personal incident or participating in a dialogue while carrying unrelated emotional bur-

dens—are common and can substantially influence the emotional dynamics of a con-

versation. Therefore, modeling dynamic emotional states in conjunction with speaker

personality is essential for achieving robust and context-aware emotion recognition.

Therefore, the guiding philosophy behind our research, we believe that emotion recog-

nition models should not merely learn to label emotions from data, but should instead

be designed to mimic the way humans reason about emotions in conversation. When

people interpret the emotional content of a dialogue, they naturally consider a variety

of interrelated factors: the conversational context and background, the personality and

communication style of the speaker, and the emotional trajectory that has unfolded over

the course of the interaction. Our core objective is to incorporate these human-like rea-

soning processes into the model design. By enabling models to attend to the same types

of information that humans rely on—such as speaker traits, contextual cues, and emo-

tional transitions—we aim to overcome the limitations of conventional ERC systems. This

perspective motivates our multi-context framework, which seeks not only to improve ac-

curacy, but also to bring emotion recognition closer to human-level interpretability and

cognitive alignment.

Dataset. In all sections related to ERC, we primarily focusaon evaluating the per-

formanceaof our proposedaarchitecture using four abenchmark datasetsa( as shown in

Table 1.1).

• IEMOCAPa[5]: theadataset of sixadifferentaemotion categoriesacollectedafrom con-

versationsaof ten different speakers,aeach conversation containsautterancesaof two

persons.

• DailyDialoga[37]: the largestamulti-utterance dialogue datasetacollected in dailyalife
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conversations,aincluding sevenadifferent emotionacategories. Followingathe previ-

ous work experimental setup,awe ignoreathe labelaneutral when computing the

aevaluation scoreabecause thisalabel is highlyaimbalancedain 83% of utterancesaacross

the wholeadataset.

• MELD [55] and EmoryNLP: athe datasetsaof seven different typesaof emotions

scrapedafrom TVashows.

The IEMOCAPais the datasetathat containsalong dialogues with an averageaof around

50autterancesaper conversation,awhile DailyDialog is the datasetathat containsamany

topicsain conversation.

Table 1.1: Statisticalainformation onaall ERCadatasets. The charactera# denotesathe
sizeaof theaset.

Dataset
#adialogues # utterances

traina deva testa traina deva testa

IEMOCAPa 108a a12 31a 5,163a 647a 1,623a
DailyDialoga 11,118a 1,000 a1,000 87,823a 7,912a 7,836a
MELDa 1,039 a114 280a 9,989a 1,109 2,610
EmoryNLPa 659a 89a 79a 7,551a 954a 984

1.2 Literature Review

Existing approaches for ERC approaches can be broadly categorizedainto four primary

paradigms: recurrentaneural networka(RNN)-based, graph neuralanetworka(GNN)-based,

transformer-based, and pre-trainedalanguage modela(PLM)-based models[19, 15, 43, 37].

Early studies on modeling conversational context [15] primarily employed sequential ar-

chitectures such as LSTM or GRU models to process utterances or entire conversations

sequentially in a sequential manner. Toabetter capture the intrinsic dependencies among

utterances, the GNN-based approaches [30, 63] model conversations as graphs, where

utterances serve as nodes and their relationships as edges, effectively representing the un-

derlying conversational structure. Transformer-based techniques [48, 33] have advanced
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the field by directly adopting or modifying transformer architectures to capture long-

range emotional dependencies within conversations. Leveraging the strong representation

capabilities of PLMs, previous works [31] utilize PLMs as utterance encoders, fine-tuning

them to improve contextual representation and enhance ERC performance. Additionally,

knowledge-enhanced methods [15] integrate external commonsense and domain knowl-

edge into hierarchical transformer models to better capture complex conversational inter-

actions.

1.3 Research Objectives and Contributions

To address the aforementioned challenges, our research is guided by the following objec-

tives:

Emotional Dependencies Modeling: Regardless of the distance between utter-

ances or the overall length of the dialogue, emotional states can be transmitted and

influenced through both speakers and utterances. To effectively capture the subtle and

complex emotional dependencies present in conversations, particularly those spanning

long-range utterances. We propose a novel architecture, the Long-rangeadependencY

emotionS Modela(LYSM), which is designed to enhance ERC performance by learning

the interactions between emotional states across dialogue contexts. This enables the

generation of richer and more contextually grounded emotion representations, thereby

improvingathe model’s ability to recognize emotional correlations between utterances.

We alsoaconductedaexperiments to evaluate theaperformance of ouraproposedamodel

compared withaprevious methodsaon four popular benchmarkadatasets:aIEMOCAP, Dai-

lyDialog, EmoryNLP,aand MELD.aExperimental results showed thataour proposed model

worksaeffectivelyaand achieves competitive results withathe currentaSOTA results,aand

outperform the baseline modelsaon all experimentaladatasets.

Utterance Modeling: Since the meaning of an utterance in dialogue often depends

on its surrounding context rather than its isolated semantics, a central challenge in ERC

lies in effectively modeling the target utterance within its conversational context. To
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address this, we proposed AccumulatingaWord Representations in Multi-levelaContext

Integrationafor ERC Task (AccWR), a dual-focus mechanism that incorporates both the

contextual information from surrounding utterances and emphasizes the accumulation of

word-level representations of the focal utterance. Instead of relying on special markers

such as [CLS], we extract the hidden states of all constituent words in the focal utterance

and aggregate them using a Multi-LayeraPerceptron (MLP) to construct a more expres-

sive sentence representation. This approachaenables a moreacomprehensive utilization

ofathe representational capacity of PLMs, while facilitating selective attention to salient

emotional cues embedded in the dialogue context.

Experimentalaresultsaon four widely-used benchmarkadatasets demonstrate that our

method not onlyaoutperforms previousaapproaches, but also achieves performance com-

parable to recent SOTA models. Moreover, the proposed mechanism shows strong poten-

tial for broader application in context-sensitive sentence modeling tasks,asuch asadialogue

response generation, multi-turn questionaanswering, and conversational semantic parsing.

Speaker Modeling: To capture speaker-specific traits, we proposed BiosERC, a novel

model that accurately extracts each speaker’s personality characteristics in a dialogue,

including lexical preferences, personality traits, and emotional fluctuation patterns. This

approach addresses the absence of explicit speaker information in existing ERC datasets

and enables a deeper understanding of individual personas and emotional transitions,

thereby enhancing the modeling of emotional dynamics. Our method utilizes prompting

techniques with LLMs to extract biographical information about speakers, showing strong

adaptability across various conversational scenarios.

Importantly, the personality extraction mechanism we introduce is explicit and ver-

ifiable, offering a new perspective for ERC. It is interpretable, scalable, and applica-

bleato a widearange of dialogue analysis tasks. We conducted extensiveaexperiments on

three benchmarkadatasets: IEMOCAP, MELD, and EmoryNLP. The results consistently

demonstrate thataour method achieves SOTA performance, validating the effectiveness of

the proposed model.

Multi-level Context Modeling (Semantic, Emotional, and Speaker Contexts):
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In the preceding chapters, we conducted an in-depth exploration of emotional dependency

modeling, sentence modeling, and speaker modeling. However, given the inherently spon-

taneous and unpredictable nature of conversations, which may occur at any time or place,

speakers may experience sudden and unanticipated emotional shifts. These shifts can be

triggered by personal memories or unexpected events, resulting in significant alterations

in emotional trajectories. Such multi-source uncertainty greatly intensifies the challenges

associated with ERC. Nevertheless, most existing ERC research focuses primarily on static

conversational information and tends to neglect the dynamic emotional changes that occur

during interactions. Specifically, it fails to capture the evolving trends and causal factors

of emotional states at each time step. Furthermore, due to the unstructured nature of dia-

logue and the absence of speech and visual modalities, text-only ERC approaches struggle

to capture fine-grained emotional details, making it particularly difficult to promptly de-

tect emotional shifts and disambiguate between similar emotion labels. Therefore, it is

essential to model the temporality of emotions throughout the dialogue by incorporating

contextual information available at each conversational point.

To address these limitations, we formalize three critical aspects that influence human

emotional expression in conversations: utterance content, static speaker-specific traits,

and dynamic emotional cues arising during interactions. Based on these dimensions, we

proposed TraceERC: Tracking Relations Aware of Context, Character, and Emotional

State for ERC. This framework integrates both dynamic emotional states and static per-

sonality traits, enabling the joint modeling of dependencies between these factors. It

bridge a major gap in existing research that neglected the crucial relationship between

speaker personality and emotional relativity.

More specifically, TraceERC leverages the powerful contextual modeling capabilities of

LLMs to extract speaker personality traits from the dialogue, encode emotional atmo-

sphere and trends, and generate supplementary knowledge enriched with emotional and

contextual information. These features are used to construct context-aware, emotion-

labeled exemplars tailored to the specific dialogue scenario and speaker characteristics,

thereby improving the model’s ability to interpret emotional dynamics accurately.
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Moreover, as one of the pioneering studies exploring in-context learning and instruc-

tion tuning for LLM-based ERC, we conduct comprehensive evaluations to assess the

contributionaof each component. Experimental results across threeabenchmarkaatasets

demonstrate that TraceERC achieves competitive performance and establishes a SOTA on

the MELD dataset.a These results validate the effectiveness of our approach. In addition

to its performance, the simplicity and modularity of TraceERC make it highly adaptable

to other dialogue-related NLP tasks, highlighting its broad applicability and practical

potential.

Cross-Lingual Sentiment Analysis: With thearapid expansion of socialamedia and

the increasing prevalence of digitalacommunication worldwide, online platformsahave be-

come theaprimary channels forainformation exchange and opinion sharing [51]. This shift

has led to a growing demand for cross-lingual sentiment detection systems capable of ana-

lyzing multilingual user-generated content [51, 74]. Consequently,amultilingual sentence-

level sentiment analysisahas emerged as a critical taskafor tracking public sentiment across

languages and regions. A key challenge in text-based sentiment recognition is that a single

sentence often conveys multiple emotionsawith varying intensities [12]. This complexity

is compounded by the limited availabilityaof annotated training data—particularly for

low-resourcealanguages—and the suboptimal performance of existing PLMs for these lan-

guages.

To address these challenges, this study explores the integration of PLMs such as XML-

RoBERTa for multi-label sentiment analysis across bothahigh-resource languages (e.g.,

English, Chinese) and low-resource languages (e.g., several Africanalanguages). We for-

mulate multi-label sentiment recognition as a text generationatask and leverage the mul-

tilingual capabilities of PLMs to improve semantic understandingaand sentiment tone

identification, especially in underrepresented languages. Furthermore, we introduce two

complementary strategies—the base and pairwise approaches—to tackle the inherent com-

plexityaof multi-label classification. Our experimental results demonstrate that mod-

elsatrained on combined multilingual datasets outperform thoseatrained on individual

monolingual datasets, underscoring the benefits of cross-lingual knowledge transfer.
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We contribute to two tracks of SemEval-2025 Task 11:aBridging the Gap in Text-

Based Sentiment Detection. Extensive evaluations, including ablation studies, confirm

the effectiveness of our proposed methods in addressingathe two subtasks: multi-label

sentiment classification (Track A) and sentiment intensity detection (Track B). In Track

A, our system ranks within the top four for ten languages and achieves first place in

Hindi. In Track B, we secure top-five rankingsain seven languages, further validating the

robustness and generalizabilityaof our approach.

1.4 Dissertation Outline

The remainder ofathis thesis is organized as follows:

• Chapter 2 introduces the emotional dependency modeling framework, with a par-

ticular focus on capturing emotional dependencies between both short- and long-

range utterances. The chapter provides a detailed description of the model ar-

chitecture and presents experimental results that validate the effectiveness of each

component.

• Chapter 3 presents an utterance utterance modeling architecture. It introduces

a mechanism that jointly leverages contextual utterances and word-level represen-

tations of the focal sentence. This design enhances the model’s ability to capture

emotional cues while fully utilizing the contextual modeling capacity of PLMs. The

chapter also reports extensive experimental results across four benchmark datasets,

demonstrating the effectiveness and generalizability of the proposed method in com-

parison with recent SOTA approaches.

• Chapter 4 proposes a speaker modeling framework that leverages LLMs to extract

explicit speaker-related information—such as personality traits—to enrich ERC with

speaker-specific external knowledge. This chapter provides a comprehensive evalua-

tion by comparing our approach with SOTA methods and validates the effectiveness

of each model component through detailed ablation studies.
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• Chapter 5 builds upon the content of the preceding chapters by further introducing

dynamic emotional context and proposing TraceERC: Tracking Relational Aware-

ness of Contextual, Character, and Emotional States in Emotion Recognition in

Conversations. This model constitutes a comprehensive framework that integrates

multi-level contextual information, encompassing the utterance level, static speaker

level, and dynamic emotional level. Extensive experimental evaluations are con-

ducted to demonstrate the effectivenessaand superiority of each component within

the proposed architecture.

• Chapter 6 presents our achievements in multilingual, sentence-level, multi-label

sentiment recognition, with a particular focus on both high-resourceaand low-resource

languages. By participating in SemEval-2025 Task 11, we demonstrated the effec-

tivenessaof our proposed methods.

• Chapter 7 concludes the thesisaby summarizing the key findings,acontributions,

limitations, and potential directionsafor future research.
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Chapter 2

Emotional Dependency Modeling

2.1 Motivation and Objectives

The relationship between emotional states has been a crucial yet significantly overlooked

aspect in ERC [65, 18]. SOTA models for ERC primarily focus on integrating prior knowl-

edge through external commonsense extractors [34, 15, 92, 3] or leveraging PLMs [60, 18]

to construct utterance representations that are fused with the surrounding conversational

context. aHowever, these architectures implicitly treat the emotional states of utterances

as a temporally ordered sequence and model the dependencies between them in a forward

or bidirectional manner. This sequential assumption, which focuses on emotion transitions

between adjacent utterances, fails to capture potentially strong long-range dependencies

between emotional states that may occur across distant parts of the dialogue. Our in-

tuition is that emotional states can be influenced and transmitted across speakers and

utterances throughout a conversation,aregardless of their distance or the overall length of

the conversation. For instance, an expression of anger by a speaker early in a conversation

may reappear or be referenced in a seemingly unrelated utterance much later, interspersed

with many turns from other speakers. Traditional sequential modeling tends to overlook

such long-range or discontinuous emotional dependencies.

As shown in Figure 2.1, the emotional states in a conversation can propagate not

only through adjacent utterances (e.g.,au3, u4,au5) but also across long-range distance
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utterances from the same or different speakers (e.g.,au3, u8, u33). Although the two

utterances from the same speaker (e.g., u5,au33) may appear emotionally neutral when

interpreted in isolation at the literal level, they in fact convey positive emotions such as

excitement and happiness within the broader conversational context. This observation

highlights that the emotional meaning of an utterance can be shaped by the emotional

tone of preceding or even distant utterances—regardless of their distance or position in

the dialogue.

I did it, I asked her to marry me.
excitedYes, I did it.

excited
When?
excited

Where is she right now?
happy

She--,well, she said yes, first of all,
let me say that right off the bat. ... 

happy

u3

u4

u5

u8

u33

...

...

Figure 2.1: Example illustrating long-range emotional dependencies in a conversation
from the IEMOCAP dataset.

To effectively capture these subtle and complex emotional dependencies, our model en-

hances the interactions between emotional states across the conversation, enabling richer

and more context-aware emotional representations. To this end, we propose a novel

architecture, the Long-rangeadependencYaemotionS Model (LYSM), which leverages a

self-attentionamechanism to explicitly model the dependencies among emotional states.

By learning attention-based interactions between emotional state pairs across the dia-

logue, LYSM facilitates nuanced emotional reasoning and enhances the robust baseline

modelabased on the COSMIC [15].

2.2 Related Works

Recent SOTA models in ERC have primarily focus on integrating prior commonsense

knowledge [34, 15, 92, 3] or leveraging PLMs [60, 18] to construct utterance represen-

tations. Among them, our base model, COSMIC [15], stands out as one of the top-
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performing frameworks, employing a commonsense knowledge extractor to capture addi-

tional features such as speaker intentions and reactions. However, emotional dependencies,

which are a crucial aspect of ERC, have received limited attention in prior research. Only

a few studies have explicitly addressed this issue, though recent models that incorporate

emotional dependency structures have demonstrated substantial improvements in ERC

performance [18, 30, 65]. These approaches typically apply a CRF layer, which is widely

used in sequence labeling tasks in NLP. Among existing studies, EmotionFlow [65] is most

closely related to our work. However, its modeling is restricted to emotional relations be-

tween adjacent utterances, thereby limiting its ability to model long-range affective depen-

dencies.a In contrast, our proposed model, LYSM, leverages a self-attentionamechanism to

capture dependencies among emotional states across the entire conversation, enabling the

modeling of richer and more comprehensive emotional interactions. To demonstrateathe

effectiveness of our approach, we conduct comparative experiments against CRF-based

models.

2.3 Methodology

In this section, we present the architecture of our proposed model, LYSM, which is built

upon the COSMIC framework. To effectively capture the strong relationships among

emotions in a conversation, we incorporate a self-attention mechanism [71] and compare

its performance with that of a CRF, inspired by prior work [65] that adapted CRF on top

of COSMIC.

The overall system comprises two main components: (1) a conversational encoding

module, which transforms utterances in a conversation intoahidden vector representa-

tions, and (2) an emotional dependency encoding module, which learns the influence of

emotional relationships across the conversation.
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2.3.1 Taskadefinition.

Given a conversation consisting of a sequence ofautterances [(ut, pt)]
N
t=1, where ut denotes

the t-th utterance and pt its corresponding speaker,athe objective is to identify the emotion

label (yt)afor each utterance from a predefinedaset of emotion categories (e.g., happy, sad,

etc.).

2.3.2 COSMIC Framework

COSMIC [15] aims to incorporate prior commonsense knowledgeainto the emotion recog-

nition process.aThe knowledge features are extracted by COMET [3], an external tool

built upon a commonsense knowledgeagraph. The main contribution part of COSMIC its

identification of several commonsense dimensions that are particularly relevant to conver-

sational emotion recognition, including the speaker’s intent IScs(ut), the effect of speaker

EScs(ut),athe reaction of speaker RScs(ut), the effect of listeners ELcs(ut), and the reac-

tion of listeners RLcs(ut).

To obtain utterance-level sentence representations, COSMIC first fine-tunes a PLMs

(e.g. RoBERTa) on an emotion classification task without considering the context. This

fine-tuned model is then used to generate continuous vector representations for utter-

ances. Following the conventional BERT-based architecture, a special classification token

[CLS] is prepended to each input sentence to capture its overall meaning. The final

representation for each utterance (xt) is derived by averaging the last four hidden layers

corresponding to the [CLS] token.

To model the sequential features in the conversation, this framework employs GRU cells

a[8] to represent hidden states that influence the emotion of sentences.a Five distinct types

of states are constructed sequentially alongside the utterances in the conversation:acontext

state, ainternal state, external state,aintent state, and emotion state.aThese states are

encoded by five separated GRU cells, namely GRUC , GRUQ, GRUR, GRUI , and GRUE,

respectively. For the mathematical formulation, the context vector (ct) is first computed

based on the current sentence vector (xt), the previous internal state (qs(ut),t−1), and the
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previous external state (rs(ut),t−1):

ct = GRUC(ct−1, a(xt ⊕ qs(ut),t−1 ⊕ rs(ut),t−1)) (2.1)

where ⊕ denotes the concatenation operator. Subsequently, a soft attention vector (at)

is introducedato update the internal and external hidden vectors:

ui = tanh(Wsci + bs), i ∈ [1, t− 1] (2.2)

αi =
t−1∑
i=1

(
exp(u⊺

i xi)∑t−1
j exp(u⊺

jxj)
)ci (2.3)

where Ws, bs are learnable parameters. The internal state qs(ut),t, external state rs(ut),t,

intent state is(ut),t, and emotion state et are then updated based on their previous values,

incorporating commonsense knowledge and soft attention vectors:

qs(ut),ta = GRUQ(qs(ut),at−1, (at ⊕ EScs(ut))) (2.4)

rs(ut),ta = GRUR(rs(ut),at−1, (at ⊕RScs(ut))) (2.5)

is(ut),ta = GRUI(is(ut),at−1, (IScs(ut)⊕ qs(ut),t)) (2.6)

eta = GRUE(et−1, axt ⊕ qs(ut),t ⊕ rs(ut),t ⊕ is(ut),t) (2.7)

In addition,athe states of listeners are updatedafor each utterance (ut) by replacing

EScs(ut) andRScs(ut) in Equations 2.4 and 2.5, respectively, with ELcs(ut) andRLcs(ut).

Then,athe emotion label probabilities for the current utteranceaare calculated using a

softmax layer applied to the emotion vector et:

pt = asoftmax(Weet + be) (2.8)

where We, be are learnable parameters.aFinally, the probabilities (pt) afor all sentences

in the conversation are forwarded to computeathe negative log-likelihood loss,aand the

model is trained using the backpropagation algorithm.
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2.3.3 LYSMaArchitecture

To jointly encode the semantic representations of utterances along with their associated

speaker’s emotional states to enhance the overall performance of ERC, we propose LYSM,

a novel architecture designed to model emotional dependencies across utterances in a

conversation.

COSMIC framework

GRU GRU
step (t) step (t+1)

uterance (xt) uterance (xt+1)
CSK CSK

person A: I dont think
I can do this anymore

et et+1 et+2et-1

emotion dependencies

ytyt-1 yt+1 yt+2

......

person B: Well I guess you
aren’t trying hard enough.

Figure 2.2: The architecture of the proposed Long-range dependencY emotionS Model
(LYSM), built on top of the COSMIC.

As illustrated in Figure 2.2, LYSM extends the SOTA COSMIC framework [15], which

serves as a strong baseline. COSMIC captures commonsense-informed features such as

speaker intent and reaction through a dedicated commonsense knowledge module (denoted

as CSK in the figure). While COSMIC models emotion dynamics through a recurrent

structure (e.g., GRU), it lacks mechanisms to explicitly capture long-range emotional de-

pendencies across distant utterances. We hypothesize that emotional states are strongly

interdependent throughout the dialogue, the emotional tone set early in a conversation

can significantly influence the emotions expressed in later utterances, even if they are

temporally or speaker-distant. To address this limitation, LYSM retains COSMIC’s ca-

pability to generate commonsense-enhanced utterance representations while introducing

a Transformer encoder layer [71] to model emotional dependencies (et) across the entire

conversation.
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Formally, the sequence ofaemotional states (e = [et]
N
t=1) obtained via Equation 2.7, is

fed into the Transformer encoder.

gqj , g
k
j , g

v
j = eW q

j , eW
k
j , eW

v
j , j ∈ [1,#heads]

headj = softmax(
gqj · (gkj )⊺√

dh
) gvj (2.9)

gmul = (head1 ⊕ head2 ⊕ ...⊕ head#heads)W
o

gnorm = LayerNorm(gmul + e)

e′ = LayerNorm(FFW(gnorm) + gnorm)

where #heads denotes the number of attention heads in the Multi-head layer,adh is the

dimensionality of each head, and LayerNorm and FeedForward (FFW ) refer to the same

operations as described in Transformer[71]. Finally, the updated emotional state vec-

tor e′ = [e′t]
N
t=1 compute the emotion label probabilities by a softmax layer, similar to

Equation 2.8:

pt = softmax(Wee
′
ta+ be) (2.10)

This allows the model to generate contextualized emotion representations that incor-

porate long-range dependencies, enabling richer and more globally consistent emotional

reasoning.

2.3.4 Conditional Random Field (CRF)

Thisaarchitecture is commonly applied to sequencealabeling tasksasuch as part-of-speech

(POS)atagging and namedaentity recognition [44]. To modelathe dependenciesabetween

emotional states in conversations, previous works [65, 18] have incorporated a CRFalayer
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as the final component ofathe neural network.

score(e, y) =
N∑
t=1

(Wemet + bem)[yt] +
N∑
t=0

(Wtr[yt, yt+1])

p(y|e) = exp(score(e, y))∑
y′ exp(score(e, y

′))
(2.11)

where y0 and yN+1 represent special startaand end emotionalalabels; [·] denotes the matrix

selection operator based on row andacolumnaindexes; Wem, bem and Wtr are the learn-

ableaweights for the emissionaand transition scores; and the variable y′ is aacandidate

emotional label sequence drawn from the setaofapossible emotion flows.aBy applying

the CRFalayer,athe modelais trained toamaximize thealog-likelihood of goldaemotion se-

quence.

Given its effectiveness in capturing short-range dependencies, we adapt this archi-

tecture to the COSMIC framework as a strong baseline foracomparison withaour pro-

posedamodel,aLYSM. Specifically, we treatathe emotion vectorarepresentation (et) as athe

emission score for eachautterance, while the transition scores, which model the dependen-

cies between adjacent emotional states, are randomly initialized and subsequently learned

in an end-to-end manner. However, unlike CRF-based approaches, which are limited

to modeling local transitions between consecutive emotional states, LYSM leverages a

self-attentionamechanism to capturealong-range emotional dependencies across the entire

conversation. Thisaenables aamore global and acontext-aware understanding of emotional

dynamics, which we demonstrate to be more effective through comparative experiments.

2.4 Experiment and Result Analysis

2.4.1 ExperimentalaSetup

Sinceaour proposedamodel is constructed built upon the COSMIC framework, we first

conductedaexperimentsausingathe outputs of COSMIC following these steps:afine-tuning

the PLMs to obtain utterance representations and extract commonsense knowledge fea-
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tures. The resulting continuousafeature vectors,awhich are equivalent to the input fea-

tures of the COSMICaframework, are then used as inputs to ouraLYSM architecture.a

Theseaexperiments aim toaevaluate the effectiveness of the LYSM architecture in com-

parison with theaoriginal COSMICaframework.aIn addition, to assess our model’s perfor-

mance in capturing emotionalatransference,awe alsoaconducted experimentsaincorporating

a CRFalayer into our architecture, allowing for a direct comparison with the EmotionFlow

model [65].

For eachadataset mentionedaabove,awe run the experiments tenatimes using differ-

entarandom seedsaand evaluate the performanceaof our proposedamodel using theWeighted

Average F1ascore [15]. The best-performing modelaon the developmentaset is selected for

evaluation on the testaset. We then report the mean performance across runs and compare

it with the resultsareported in previousawork on the same datasets.

2.4.2 MainaResults

We conductedaexperimentsaon fouraaforementioned datasets,aand thearesults are pre-

sented in Table 7.1. Ouraproposed LYSMmodel consistently improved the performanceaof

the COSMICaframework across alladatasets. Specifically, on the IEMOCAPadataset,

LYSMaimproved a 0.19 increase in F1 score over the original COSMIC model. On the

DailyDialog dataset, our modelaimprovedaMacro F1ascore by 0.27aand Micro F1ascore by

0.21, respectively. For the EmoryNLPaand MELDadatasets, we conductedaexperiments

under the standard seven-class emotionarecognition setting, where LYSM yielded F1 im-

provements of 0.23 and 0.19, respectively. These results demonstrate that our LYSM

architecture generalizes well across datasets and the emotion dependency modeling com-

ponent is effective when incorporatedainto the COSMICaframework.

Compared to EmotionFlow,awhich models emotion transitions using a CRF layer, our

approach leverages a self-attentionamechanismato capture long-range emotional depen-

dencies across the entire conversation. Thisaenables a more comprehensive andacontext-

aware understanding of emotional dynamics. For aafair comparisonabetween theaCRF
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Table 2.1: Performance comparison between methods.

Methodsa
IEMOCAPa DailyDialoga MELDa EmoryNLPa
W-AvgaF1 MacroaF1 MicroaF1 W-AvgaF1 W-AvgaF1

DialogueRNN re-product [16] 62.57 41.80 55.95 57.03 31.70
EmoBerta [28] 67.42 - - 65.61 -
EmotionFlow [65] 65.05 - - - -
COSMIC [15] 65.28 51.05 58.48 65.21 38.11

LYSM (ours) 65.47 51.32 58.69 65.40 38.34

layer and our proposed self-attention mechanism, we also conducted ablation studies,

as detailed in Section 2.4.3. Additionally, while our LYSM model achieved competi-

tive performance with EmoBERTa on the MELD dataset, it showed lower performance

on IEMOCAP. We attribute this gap primarily to model scale: EmoBERTa fine-tunes

RoBERTa-large [42] with 355 million parameters and a training time of 9 minutes per

epoch, whereas our LYSM model employs a fixed, fine-tuned RoBERTa-base encoder with

only 17 million trainable parameters, requiring just 30 seconds per epoch. This highlights

LYSM’s efficiency–performance trade-off and its potential for lightweight, real-time ap-

plications.

2.4.3 Ablation Study

CRF Layer In this experiment,awe evaluate the effectiveness of the emotional de-

pendencies modeling component. While our LYSM architecture employs a self-attention

mechanism, previous works [65, 18] have proposed using a CRF layerato model emotion

transfer between sequences of utterances in a conversation. To enable a fair comparison

we conducted additional experimentsaby incorporating a CRF layer (+CRF) into both

the COSMIC and our proposed model, as shown in Table 2.2.

Although we followed the same experimental setup as COSMIC[15], minor discrepancies

in the reproduced its results can be attributed to differences in experimental environments,

such as library versions or computing infrastructure. Consistent with prior findings, our

results confirmed that integrating a CRF layer into COSMIC yields an improvement of

0.32 in F1 score. However, our LYSM, which is based on a self-attention mechanism,
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Table 2.2: Ablation study on the IEMOCAP dataset.

Methodsa IEMOCAPa

EmotionFlowa[65] 65.05

COSMIC 64.50
COSMIC +CRF 64.82
LYSM 65.47
LYSM +CRF 65.43

achieves a significantly larger performance gain, with an improvement of 0.97 in F1 score.

We argue that this advantage arises from the self-attention mechanism’s ability to model

emotional dependencies between both adjacent and non-adjacent utterances, whereas the

CRF layer is inherently limited to modeling local transitions. In addition, we applied a

CRF layer on top of the LYSM architecture. However, this did not lead to additional

performance improvements, likely because the emotional dependency information had al-

ready been effectively captured by the self-attention mechanism. These findings demon-

strate the effectiveness of the proposed LYSM architecture and highlight the critical role

of long-range emotional dependencies in conversational emotion recognition.

ConversationaLength. We conducted an analytical experiment to examine the im-

pact of conversation lengthaon the performance of the ERC system (Figure 2.3). The

results indicate that the performanceaof both the COSMIC framework and our proposed

LYSM model tends to decline as the conversation length increases. Nevertheless, LYSM

consistently outperformsathe baseline model across all conversation length groups, demon-

strating the generalizability of our approach. Notably, the performance gap becomes more

prominent in longer conversations, providing further evidence of LYSM’s effectiveness in

capturing long-range emotional dependencies.

2.4.4 Improvement Example.

Based on our analysis of prediction outputs on the IEMOCAP dataset,awe observed

that LYSM architecture generally performs more effectively in conversations involving

strong emotional expressions. To better illustrate the improvements brought by the LYSM
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Figure 2.3: Performance comparison between LYSM and COSMIC on the IEMOCAP,
stratified by the number of utterances per conversation (#conversation).

Table 2.3: Improvement example collected in IEMOCAP dataset. The greenaand red
labels indicateathe correct andaincorrect model predictions, respectively.

Id Utterance Labela LYSMa COSMICa

u23 S1: Youainfuriate me sometimes.aDo you know that?
God.

angry angry frustrated

u24 S1: Isn’tait yourabusiness, too, if dad – if Iatell dad
and heathrows a fit about it? I mean, you have such
a talent for ignoring things.

angrya angry frustrated

u25 S2: I ignore what I got to ignore. I mean, the girlais
Larry’s girl.

angry frustrated frustrated

u26 S1: Sheais not Larry’sagirl! angry angrya frustrated

u27 S2: From your father’s point of view he’sanot
deadaand she’sastill his girl. Now, you can go on
from there if you know where to go, Chris,abut I don’t
know.aSo whatacan I do for you?

angrya frustrateda frustrated

u28 S1: I don’taknow whyait isabut everytime I reachaout
forasomething I- that I want, I have to pullaback be-
cause I might hurt somebody else. Myawhole bloody
life;atime after timeaafter time.

frustrated frustrateda angry

u29 S2: Well,ayou’re aaconsiderate fella, there’sanothing
wrong in that

neutral neutral neutral

u30 S1: Toahell withathat! angrya angry angry
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architecture, we present representative examples in Table 5.8, highlighting differences in

predictions between LYSM and the COSMIC model. In the selected conversation, two

speakers are engaged in a negatively charged exchange, with many utterances labeled

as angry. We found that for sentences containing strongly emotional words (e.g., hell

inautterance u30),aboth LYSM and COSMIC produced correct predictions. However, for

utterances with more neutral or ambiguous wording (e.g., u23, u24, u26 ),the COSMIC

framework tended to predict milder negative emotions such as frustrated. In contrast,

LYSM, benefiting from its stronger modeling of contextual emotional dependencies, was

able to assign more accurate sentiment labels in line with the overall emotional trajectory

of the conversation.

LearningaProcess. We reproduced the COSMIC frameworkaand conducted experi-

ments to compare its performance with our LYSM architecture on the IEMOCAP dataset,

focusing on weighted average F1 scores (Figure 2.4). The results show that the weighted

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

20

40

60

Epochs

W-avg F1

COSMIC LYSM

Figure 2.4: Comparison of weighted average F1 scores between COSMIC and LYSM on
the IEMOCAP dev set.

average F1 scores of our proposed architectureaon the development set consistently exceed

those of the COSMIC framework across most training epochs.aThese findings demonstrate

the robustness and effectiveness of the LYSM architecture, highlighting its superior gen-

eralization capability over the baseline model.
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2.4.5 EmotionalaDependency.

In our LYSM architecture, we aim to model the dependenciesabetween pairs of emotional

state across utterances to improve the performanceaof sentiment analysis system. To

investigate how these dependencies manifest in practice, we visualize the emotional state

dependencies constructed between utterances within a conversation (Figure 2.5). This

figure shows the scaled self-attention in the LYSM architecture, computed in Equation 2.9.

The title of each row or column in the heatmap represents an utterance (ui) in the

conversation.aDarker colors indicate higher attention scores. The analysis reveals that

emotional dependencies influence not only adjacent utterances but also distant ones. For

example, the emotion happy in utterance 34 (column u34) is affected by contextual cues

spanning the entire dialogue, including those from the conversation’s beginning.
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person 1: Good God. [u1, excited]
person 1: I wonder. [u2, excited]

person 1: Hello?  Hello?  What?  Wrong number. [u3, excited]
person 2: Oh, it sent shivers up my spine. [u4, excited]

person 2: Behave exquisitely. [u5, excited]
person 1: With the most perfect poise. [u6, excited]

person 2: Yes, I shall probably do a Court Curtsey. [u7, excited]
person 2: The whole business is really rather ridiculous. [u8, neutral]

person 2: Meaning exactly that. [u9, neutral]
person 1: What does it all mean?  That's what I asked myself in my ceaseless quest for ultimate truth.  Dear God, what does it all mean? [u10, excited]

person 2: Who's they? [u11, neutral]
person 1: All the futile mortals who try to make life unbearable.  Laugh at them.  Be flippant.  Laugh at everything, all their sacred shibboleths.  Flippancy brings out the acid in their damned sweetness and light. [u12, excited]

person 1: Certainly you must.  We're figures of fun alright [LAUGHTER]. [u13, excited]
person 2: Well, what if-what happens when our love- [u14, neutral]

person 1: Who knows? [u15, excited]
person 1: No, that fire will fade along with our passion. [u16, excited]

person 1: It all depends on how well we played. [u17, excited]
person 2: Well, what if one of us dies, does the other laugh then? [u18, neutral]

person 1: Yes, yes, with all his might. [u19, excited]
person 1: No, no it isn't.  Death is very laughable.  Come such a cunning little mystery all done with mirrors. [u20, excited]

person 1: no, So is everyone else in the long run.  Let's be superficial and pity the poor philosophers.  Let's blow trumpets and squeakers and -- [u21, excited]
person 1: enjoy the party as long as we can like very little quite idiotic schoolchildren. [garbage] Let's savor the delight of the moment. [u22, excited]

person 1: Darling, come here and kiss me before your body rots and worms pop in and out of your eye sockets. [u23, excited]
person 1: Do you remember that awful scene we had in Venice? [u24, excited]

person 1: The one where you bought that little painted wooden snake and put it on my bed. [u25, excited]
person 2: Charles.  That was his name.  He did wriggle so beautifully. [u26, excited]

person 1: Horrible thing, I hate it. [u27, excited]
person 1: How long did that row last? [u28, excited]

person 1: The worst one was in Cannes when your curling irons burnt a hole in my new dressing gown. [u29, excited]
person 1: Oh, that was quite a rouser, wasn't it? [u30, excited]

person 1: Oh, I didn't hit you very hard. [u31, neutral]
person 2: And then the manager came in and found us rolling around on the floor biting and scratching like panthers. [u32, excited]

person 1: [LAUGHTER] I shall never forget his face. [u33, excited]
person 2: Oh, ridiculous. utterly ridiculous [u34, happy]

person 1: Oh, we were very much younger then. [u35, excited]
person 1: Oh, As a matter of fact, the real cause of that row was Peter Burden. [u36, excited]

person 2: You knew there was nothing. [u37, neutral]
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person 1: Good God. [u1, excited]
person 1: I wonder. [u2, excited]

person 1: Hello?  Hello?  What?  Wrong number. [u3, excited]
person 2: Oh, it sent shivers up my spine. [u4, excited]

person 2: Behave exquisitely. [u5, excited]
person 1: With the most perfect poise. [u6, excited]

person 2: Yes, I shall probably do a Court Curtsey. [u7, excited]
person 2: The whole business is really rather ridiculous. [u8, neutral]

person 2: Meaning exactly that. [u9, neutral]
person 1: What does it all mean?  That's what I asked myself in my ceaseless quest for ultimate truth.  Dear God, what does it all mean? [u10, excited]

person 2: Who's they? [u11, neutral]
person 1: All the futile mortals who try to make life unbearable.  Laugh at them.  Be flippant.  Laugh at everything, all their sacred shibboleths.  Flippancy brings out the acid in their damned sweetness and light. [u12, excited]

person 1: Certainly you must.  We're figures of fun alright [LAUGHTER]. [u13, excited]
person 2: Well, what if-what happens when our love- [u14, neutral]

person 1: Who knows? [u15, excited]
person 1: No, that fire will fade along with our passion. [u16, excited]

person 1: It all depends on how well we played. [u17, excited]
person 2: Well, what if one of us dies, does the other laugh then? [u18, neutral]

person 1: Yes, yes, with all his might. [u19, excited]
person 1: No, no it isn't.  Death is very laughable.  Come such a cunning little mystery all done with mirrors. [u20, excited]

person 1: no, So is everyone else in the long run.  Let's be superficial and pity the poor philosophers.  Let's blow trumpets and squeakers and -- [u21, excited]
person 1: enjoy the party as long as we can like very little quite idiotic schoolchildren. [garbage] Let's savor the delight of the moment. [u22, excited]

person 1: Darling, come here and kiss me before your body rots and worms pop in and out of your eye sockets. [u23, excited]
person 1: Do you remember that awful scene we had in Venice? [u24, excited]

person 1: The one where you bought that little painted wooden snake and put it on my bed. [u25, excited]
person 2: Charles.  That was his name.  He did wriggle so beautifully. [u26, excited]

person 1: Horrible thing, I hate it. [u27, excited]
person 1: How long did that row last? [u28, excited]

person 1: The worst one was in Cannes when your curling irons burnt a hole in my new dressing gown. [u29, excited]
person 1: Oh, that was quite a rouser, wasn't it? [u30, excited]

person 1: Oh, I didn't hit you very hard. [u31, neutral]
person 2: And then the manager came in and found us rolling around on the floor biting and scratching like panthers. [u32, excited]

person 1: [LAUGHTER] I shall never forget his face. [u33, excited]
person 2: Oh, ridiculous. utterly ridiculous [u34, happy]

person 1: Oh, we were very much younger then. [u35, excited]
person 1: Oh, As a matter of fact, the real cause of that row was Peter Burden. [u36, excited]

person 2: You knew there was nothing. [u37, neutral]
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Figure 2.5: Heatmap visualization of dependencies between pairs of emotional states in a
conversation.

Moreover, emotionally distinct utterances that differ from the surrounding emotional

context tend to receive more attention from the model. Notable examples include ut-

terances u12, u13, and u34. These observations provide strong evidence that capturing

emotional dependencies, particularly long-range ones, is critical for building effective emo-

tion recognition systems.

2.5 Chapter Summary

In this work, we investigated the role of emotional dependency features in conversation-

level emotion recognition tasks. To this end, we proposed LYSM, an effective model that

integrates a self-attention mechanismainto the COSMIC framework, enhancing perfor-

mance and achieving competitive results across four benchmark datasets: IEMOCAP,
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DailyDialog, EmoryNLP, and MELD. The proposed model is simple yet powerful, and its

modular design allows for easy integration into other architectures within the sentiment

recognition domain. For future work,awe plan to extend the self-attention mechanism

to explicitly model emotional dependencies for individual speakers in multi-party conver-

sations. Additionally, we aim to explore the influence of speaker personality traits on

sentiment dynamics, with the goal of further improving the contextual understanding of

emotions in dialogue systems.
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Chapter 3

Utterance Modeling

3.1 Motivation and Objectives

Understanding the meaning of a sentence in a conversation mostly relies not on its isolated

semantics, but on the surrounding conversational context. Therefore, one of the funda-

mental challenges in ERC lies in representing the target utterance given its conversational

context.

BERT
[cls]  Yes, I did it.

u4[cls]

h[cls]
hYes, hI hdid hit.

BERT
[cls] ... marry me. </s> Yes, I did it. </s> When?

u3 u4 u5[cls] </s> </s>

h[cls]
hmarry hme h</s> h</s>hYes, hI hdid hit. hWhen?...

BERT
[cls] ... marry me. </s> Yes, I did it. </s> When?

u3 u4 u5[cls] </s> </s>

h</s> h</s>hYes, hI hdid hit.

Word Aggregation Layer

Multi-level Context Modeling
Global-context, and Intra-, Inter-speaker

Multi-level Context Modeling
Global-context, and Intra-, Inter-speaker

Multi-level Context
Modeling

... ...

I did it, I asked her to marry me.
excitedYes, I did it.

excited
When?
excited

Where is she right now?
happy

She--,well, she said yes, first of all,
let me say that right off the bat. ... 

happy

u3

u4

u5

u8

u33

...

...

(Example of a conversation
in a ERC dataset)

(Approach 1) (Approach 2) (Our proposed approach)

Classification Layer Classification Layer Classification Layer

Figure 3.1: An example of the ERC task and a comparison of our approach with previous
BERT-based methods.

Owing to the powerful context modeling capabilities of PLMs such as RoBERTa, prior

research has commonly adopted two major strategies to incorporate contextual infor-

mation into utterance representations, as illustrated in Figure 3.1: (1) Encoding each

utterance individually using a PLM, followed by the use of additional components to in-

ject contextual information into the representation of the focal utterance. This approach

enhances the semantic clarity and completeness of the utterance vector by integrating
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surrounding information in post-processing stages [34, 63, 43, 15]. (2) Concatenating the

target utterance with its local context into a single input sequence, which is then fed into

a PLM to obtain a more contextually enriched representation [28, 33].

While the first approach partially benefits to some extent from the context modeling

ability of PLMs, it fails to fully exploit their potential, as each utterance is encoded in

isolation prior to the contextual integration. In contrast, the second approach leverages

the full contextualization capability of PLMs more effectively. However, existing methods

under this paradigm typically append special tokens (e.g., [CLS]) or self-attention mech-

anisms to mark the location of focal sentence [28, 33]. Such design requires the model

to implicitly learn to focus on the focal sentence rather than on the auxiliary tokens,

making it difficult to explicitly verify whether the attention mechanism truly captures the

intended semantic focus.

To address these limitations, we propose a novel sentence modeling approach named

AccWR, which directly integrates word-level information from the target utterance while

incorporating surrounding utterances as contextual input as shown in Figure 3.1. Specif-

ically, we concatenate the local context with the focal utterance and feed this sequence

into a PLM (e.g., RoBERTa). Instead of relying on special tokens to extract the focal ut-

terance representation, we explicitly aggregate the hidden states of its constituent words

using a MLP to form the final sentence vector. This design offers two key advantages:

(1) it retains the full contextual modeling capacity of PLMs by presenting them with

coherent local conversational input, and (2) it enables precise focus on the word-level

semantics of the target utterance, thereby avoiding the ambiguity and potential masking

effects introduced by special token-based methods. Consequently, our model facilitates

more effective and interpretable representation learning for the focal utterance in context.

3.2 Related Works

For modeling the conversational context, RNNs [20] have been widely adopted to capture

the sequential structure and interactions among utterances in a dialogue [19, 54, 47]. In
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parallel, graph convolution network [11] have been utilized to uncover the latent structural

relationships between utterances [30]. With the advent of the self-attention mechanism

[41], a variety of attention-based methods have been proposed to infer the utterance-level

emotions by modeling implicit dependencies across dialogue turns, such as DialogueEIN

[43], CoMPM [31], MuCDN [90], and DAG [63].

Furthermore, the remarkable ability of PLMs, such as RoBERTa, to capture nuanced

contextual semantics has led to their widespread adoption in recent ERC studies [14].

By leveraging large-scale pre-training on diverse textual corpora, PLMs offer powerful

representations that effectively encode both local utterance semantics and broader con-

versational context. Recent works [14] have built upon PLMs to incorporate not only

surrounding utterances but also external commonsense knowledge into the utterance-level

representations [63, 43, 15, 36].

In contrast to prior approaches, our method integrates local contextual information by

concatenating surrounding utterances [28, 33], while simultaneously leveraging global con-

text and speaker-related dependencies following the architecture of DialogueEIN [43]. We

propose a novel representation strategy that accumulates word-level embeddings across

the entire utterance, instead of relying solely on the CLS token. Building upon recent

SOTA methods, our framework utilizes a PLM and introduces an effectiveness method to

enhance utterance representations through fine-grained word-level accumulation within

the broader conversational context.

3.3 Methodology

To enhance sentence modeling in the ERC task, we propose a sentence modeling mecha-

nism grounded in on word-level representations. Unlike previous work that primarily rely

on sentence-level tokens (e.g., [CLS]) or global sequence embeddings, our method explic-

itly emphasizes the contribution of individual word vectors within the target sentence.

Specifically, we concatenate surrounding utterancesaas local context and input the entire

sequence into a PLM model such as RoBERTa. The hidden statesacorresponding to each
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word in the focal utterance are then extracted and aggregated via a MLP to obtain the

final utterance representation (Figure 3.1). This word-level strategy allows the PLM to

model nuanced contextual interactions while maintaining focus on the focal utterance,

thereby yielding more precise and semantically rich representations. It also avoids the

limitations of approaches that rely on special tokens or implicit attention mechanisms to

identify the target utterance within a concatenated sequence. Furthermore,ainspired by

recent SOTA methods DialogueEIN [43], our framework integrates multi-level contextual

information, including both local and global dialogue context, as well as speaker-related

dependencies, further enhancing the model’s capacity for accurate emotion recognition.

3.3.1 Baseline

We implemented our proposed method by extending the recent SOTA DialogueEIN frame-

work [43]. The baseline DialogueEIN consists of three principal components:autterance

representation,amulti-level context modeling (including semantic and emotional interac-

tion networks [43]), and a classification layer:

• Utterance Representation.aThis component transforms a raw conversation (C), con-

taining of several utterances, from textual form into hidden vector representations.

Following the BERT architecture [14], each utterance (si) is concatenated with a

[CLS] token and passed through a PLM. Especially, the input can be expanded

to include local context by concatenating a fixed window of surrounding utterances

[28, 31, 36]. In this setting, si is replaced by a concatenated sequence of nearby ut-

terances, formatted as: [CLS], si−w, si−w+1 .., </s>, si, </s>,a... si+w, where w

denotes the local contextual window sizea(e.g., w = 2). The hidden representation

of the [CLS] token is then used as the final utterance representation ui, where i is

the index of the utterance in the conversation,a0 ≤ i < |C|).

h[CLS], hwords = RoBERTa(si) (3.1)

ui = h[CLS] (3.2)
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Here, hwords denotes the hidden states of all words1 in the text input.aThe resulting

utterance representations are then passed to the subsequent component for contex-

tual modeling.

• Multi-level Context Modeling. This module captures various dependencies among

utterances in a conversation. Given the sentence-level representations (ui), multiple

types of relational dependencies are modeled using the attention mechanism [71].

These include global-context, inter-speaker, and intra-speaker relations [43].

qh, kh, vh = uiW
q
h , uiW

k
h , uiW

v
h (3.3)

headha = Attention(qh, kh, vh,mask) (3.4)

hMulti-head = concat([headh|0<h≤H ])W
o (3.5)

where W ∗ are learnable parameters,aH is the number of heads in the multi-head

attention layer,aeach head contains a query, key,aand value vectors with dimen-

sion dh, a relational-specific mask controls which utterance pairs are considered for

attention computation. Attention scores are derived using the scaled dot-product

mechanism:

Attention(q, k, v,mask)a = softmax(
q · k⊺

√
dh

+mask) · v

Following DialogueEIN [43], we define distinct mask for each relational type, such

as global context mask (connecting all utterances), an intra-speaker mask (con-

necting utterances from the same speaker) and an inter-speaker mask (connecting

utterances from different speakers). This process yields three context-aware vec-

tors (from Equation 4.6) hglobal, hintra, hinter to model the different conversational

dependencies, which are subsequently forwarded to the classification layer.

• Classification. This component aggregates the original utterance representation

1Subword distinctions are omitted for simplicity, without loss of generality.
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with the context-aware vectors to predict the emotion label:

hout = uiW
u + hglobalW

g + hintraW
i + hinterW

t

eout = softmax(hout) (3.6)

where W ∗aare learnable weight matrices. The output vector (eout) represents the

predicted emotion distribution, which is used to compute the training loss via the

Cross-Entropy function.

3.3.2 Our Proposed Model (AccWR).

In this work,awe propose a novel approach that emphasizes the accumulation of word-

level vector representations, a perspective that has not been thoroughly explored in prior

research. Traditional ERC models, such as DialogueEIN [43] (Approach 1 in Figure 3.1),

each utterance is encoded independently, thus failing to fully exploit the contextual mod-

eling capabilities of PLMs. This results in limited interaction between the focal utterance

and its conversational context during the representation learning phase. To address this,

Some earlier works [28, 33, 36] local context integration by concatenating surrounding

utterances (within a fixed-size window) with the target utterance into a single input

sequence, placing a special [CLS] token, and subsequently relying on self-attention to

differentiate between the target utterance and its context (Approach 2 in Figure 3.1).

These models then rely on the PLM’s self-attention mechanism to learnacontext-aware

representations, using the hidden state of the [CLS] token as the final utterance vector.

However, these methods absorbed all contextual information into a single global token,

neglecting the contribution of individual words.

To overcome this limitation, our proposed method focuses on the explicit aggregation

of word-level hidden representations extracted by PLMs, termed AccWR. Our mechanism

fully leverages the representational capacity of PLMs by integrating contextual informa-

tion at the word level. Specifically, we investigate the following strategies for aggregating

word-level representations into an utterance-level vector:
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• Average pooling. This is a simple yet effective strategy where we compute the average

of the hidden states corresponding to all words in the considering sentence.aThe

utterance vector in Equation 6.4 is replaced by:

ui = average(hsi
words) (3.7)

where hsi
words denotes the set of hidden vectors corresponding to all word in the

currently considered sentence (si).

• Bidirectional LSTM. To better capture the sequential structure, we apply a Bi-

LSTM network [20] over the word embeddings. The output hidden states are then

averaged to form the utterance vector:

ui = average(BiLSTM(hsi
words)) (3.8)

• Multilayer Perceptron. To introduce non-linearity and allow the model to learn task-

specific transformations of the averaged word vectors, We employ an MLP with the

tanh activation function.

ui = tanh(average(hsi
words) ·W

s) (3.9)

where W s is a learnable parameter matrix. This enables a more flexible mapping

from word-level semantics to the utterance-level emotion representation space.

3.4 Experiment and Result Analysis

3.4.1 Experimental Setup.

For each of the aforementioned datasets, we conducted ten independent runs using dis-

tinct random seeds to ensure the robustness of our performance evaluation. Follow-

ing prior works [15, 43], we report the Weighted Average F1 score [15] for IEMOCAP,
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EmoryNLP,aMELD datasets, and the Micro F1 score for the DailyDialog dataset. Sub-

sequently,awe present the mean performance across the ten runs and compare it against

existing SOTA methods.

In the training process,awe used the PLM roberta-large2 for all experiments. To re-

duce computational cost and prevent overfitting, we froze the BERT embedding layeraand

first ten Transformer layers of RoBERTa, updating only the final two layers during train-

ing. The Cross-Entropy loss function was employed with class weightsato deal with the

imbalance in emotional label classes.

Regarding hyperparameter settings, we set the learning rate to 1e−5 for the IEMOCAP

dataset and 5e−6 for the remaining datasets. The dropout rate was fixed at 0.2, and the

number of training epochs was set to 30. The local context window size (w) was selected

in {2, 4}. The model achieving the best performance on the development set was chosen

for final evaluation on the test set.

3.4.2 MainaResults

Our proposed method demonstrates competitive performance compared to recent SOTA

approaches (Table 7.1). Among the methods that do not incorporate external knowledge

bases or additional auxiliary data,aour model achieves the highest performanceaon the

EmoryNLP dataset and performs comparably to the best-performing models on MELD.

While our method adopts the multi-level context modeling framework introduced in Dia-

logueEIN [43], it differs significantly in how it models local context, particularly through

the accumulation of word-level representations. We attribute the performance gap be-

tween our model and DialogueEIN on the IEMOCAP dataset primarily to differences

in implementation details and library environments, rather than fundamental architec-

tural disparities. Notably, results marked with an asterisk (∗) indicate the use of external

knowledge bases, which offer additional contextual information that is not utilized in

our approach. Despite the absence of such external knowledge, our method still yields

2https://huggingface.co/roberta-large
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promising results, performing competitively with the SOTA method, such as SKIER [36].

Moreover, we observe that the average pooling strategy for word-level representa-

tions achieves performance comparable to that of the MLP-based approach across most

datasets. This indicates that the primary performance gains are attributed to our pro-

posed word accumulation mechanism, rather than to the complexity of the aggregation

function itself.

Table 3.1: Performanceacomparison between ouraproposed method and existing SOTA
approaches.

Methods
IEMOCAP EmoryNLPa a MELDa DailyDialog

W-F1a W-F1 W-F1 MicroF1

HiTrans [33] 64.50 36.75 61.94 -
SKAIG [34] 66.96 38.88 65.18 59.75
DAG [63] 68.03 39.02 63.65 59.33
DialogXL [62] 65.94 34.73 62.14 54.93
DialogueEIN [43] 68.93 38.92 65.37 62.58
COSMIC [15]∗ 65.28 38.11 65.21 58.48

AccWR (ours)
- using mlp 67.65 39.33 64.58 59.22
- using average 67.78 38.21 64.99 59.40
- using all words (mlp) 66.18 39.06 65.18 59.75

3.4.3 Ablation Study

We presented the performance distribution over ten independent runs in the box plot (Fig-

ure 4.1) to compare our proposed word-level aggregation methods with the baseline model

that employs the [CLS] token for utterance representation. All aggregation-based meth-

ods consistently outperform the [CLS]-based baseline, demonstrating the effectiveness

of explicitly accumulating word-level representations for contextualized sentence model-

ing. Among them, the MLP-based methods achieves the highest performance, yielding

improvements of 0.45 F1 over the average pooling method, 0.75 F1 over the BiLSTM

method, and a substantial gain of 2.53 F1 over the baseline. Our approach leverages

the contextual capacity of pre-trained language models while preserving a clear focus on

the target utterance, avoiding the potential noise introduced by concatenated contextual

inputs.
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Figure 3.2: Ablation study on the IEMOCAP development set evaluating different word
vector aggregation methods. The red bar indicates the median performance for each
configuration.

3.4.4 Convergence Time

Figure 3.3 illustrates the development performance on the IEMOCAP dataset, compar-

ing different word-level aggregation strategies. Our proposed mechanism demonstrates
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Figure 3.3: Lossaandaperformance comparison between our proposedamethod and the
([CLS]) baseline on the IEMOCAPa development set. The shaded area aroundathe line
graph represents the variability across tenadifferent runs.

consistently superior performance over the baseline across both the Average and MLP

settings. In addition, it facilitates faster convergence, with notable performance stabi-

lization occurring between steps 400 and 600 (Figure 3.3). We attribute this efficiency

to the fact that, unlike the setting of baseline approach, which relies on the [CLS] token

and thus requires additional learning to align the attention mechanism with the focal sen-

tence.aOur proposed mechanism, directly aggregates word-level representations, enabling

the model to utilize its learning capacity more effectively from the outset.
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3.5 Chapter Summary

In this work,awe proposed an efficient mechanism for accumulating word representationa

of an utterance in emotion recognition in conversation.a Experimental results on four

widely used benchmark datasets demonstrate that our method not only outperforms pre-

vious approaches but also achieves performance competitive with recent state-of-the-art

models. Besides, the proposed mechanism shows strong potential for broader applica-

bility in tasks that require context-aware sentence representation, such as conversational

response generation,amulti-turn question answering, and dialogue-based semantic pars-

ing.

37



Chapter 4

Speaker Modeling

4.1 Background and Motivation

In ERC, the input text typically consists of spoken dialogues transcribed by automatic

speech recognition systems. These transcripts often contain colloquial expressions, incom-

plete sentences, and non-standard grammar, all of which introduce additional complexity

to emotion identification within dialogue. To address these challenges, recent approaches

have sought to enrich utterance representations by incorporating acoustic features [23, 64]

or visual knowledge [1] to enrich utterance vector representation. However, in purely

text-based ERC tasks where such multimodal cues are unavailable, accurately identifying

speakers’ emotions becomes significantly more challenging.

Prior research has demonstrated that personality traits strongly influence an individ-

ual’s emotional expression and habitual word choices during conversation [47, 31, 2, 56,

83, 17, 63, 26]. Consequently, even identical utterances may convey distinct emotional

meanings depending on the speaker, the distinctiveness of a speaker’s personality, ha-

bitual speech patterns, vocabulary choices, and modes of expression can lead to distinct

emotional nuances and implied meanings [57]. For instance, a sarcastic individual might

deliver praise with an ironic tone, an emotionally expressive person may exhibit heightened

intensity in responses, while a composed speaker tends to provide more neutral feedback.

Therefore, speaker modeling has emerged as a key direction in recent ERC research. Ear-
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lier studies have employed GRUs [47, 31, 2], GNNs [56, 83], and self-attention mechanisms

[17, 63, 26] to encode rich speaker-specific information, including intra- (within a speaker)

and inter-speaker (between speakers) features.

Unfortunately, in previous research, speaker-specific information has been learned im-

plicitly during the training process, posing challenges in validating its correctness and

adapting models to diverse domains. Explicit information, such as speaker characteris-

tics, has not received sufficient attention due to the scarcity of annotated personality data

and the high costs associated with manual labeling, despite the critical role of personality-

related knowledge in understanding conversational emotions. This limitation hinders the

integration of personality-related knowledge into ERC models.

I can't believe that Ross is
gone. It is just so sad.
[sadness]

I didn't know Ross and you were so
close.
[surprise]

I thought so many times about calling him ...
[sadness]

But you didn't!
[joy]

#1 #2

#6 #7

Speaker Biography
generated by LLMs

#1 #3 #6

time
#2 #4 #5 #7 #8

(Conversation)

           SPEAKER_A seem to be 
           a very emotional person,
  as evidenced by their sadness
and regret over the loss of
someone they barely ...

         SPEAKER_B
         seems to be
a supportive and
empathetic
listener ...

          SPEAKER_C seems  
          to be a bit of a  
          romantic, and
express excitement at the
idea of Kori Weston having a
crush on him...

speaker biography

Emotion Recognition in Conversation

I'm sure that would mean a lot to him. 
[neutral] #4

We weren't but we had one class
together. He was such a great guy ...
[sadness] #3

Figure 4.1: Overviewaof the Proposed BiosERC framework

To tackle the aforementioned limitations, we propose BiosERC, a novel framework

designed to explicitly extract and leverage speaker personality traits to enhance ERC

systems.a In contrast to previous methodologies [31, 2, 17, 63, 26], BiosERC is capable

of accurately identifying individual speaker personalities within dialogue (Figure 4.1).

Specifically,aBiosERC utilizes LLMs with a prompting technique [75, 66] to extract de-

scriptions of interlocutor features as supplementary knowledge,awhich are then injected

into the emotion recognition processawithin conversations. As illustrated in Figure 4.1,
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the conversation features three distinct speakers, each contributing differing viewpoints

and displaying clearly differentiated emotional expressions. The incorporation of speaker

descriptions enables the model to more effectively grasp each individual’s communica-

tive role within the dialogue. For instance, SPEAKER A is portrayed as experiencing a

mix of sadness and regret, which is reflected in consistently sorrowful utterances. in con-

trast, adopts a more passive and empathetic stance, offering emotional support primarily

through reactions to SPEAKER A, rather than initiating new content. SPEAKER C

responds with notable excitement upon overhearing the interaction, introducing a sharp

emotional contrast.

Integrating biographical information substantially enriches the emotional context as-

sociated with each speaker, offering valuable prior knowledge that enhances the model’s

ability to perform nuanced and context-aware emotion recognition—particularly in emo-

tionally complex dialogues. This uniqueness empowers the system to better capture per-

sonal characteristics and habitual expression patterns, enabling a deeper understanding

of emotional transitions grounded in speaker-specific traits. Furthermore, our approach

to capturing speaker characteristics is both interpretable and easily adjustable, making it

well-suited for broader applications in conversational analysis beyond ERC.

4.2 Related Works

Given the substantial influence of speaker identity on ERC performance, researchers have

placedaemphasis on speaker modeling. Models such as DialogueRNN [47] and COS-

MIC [15] leverage RNN to capture speaker-specificasemantic context. Some researches

have conceptualized conversations as graphs, incorporating speaker information either

through predefined relationships between utterances [56, 83] or by modeling speakers di-

rectly as nodes awithin the graph structure. HiTrans exploitsaan auxiliary task that

classifies whether two utterancesabelong to the same speaker to make the model speaker-

sensitive.aS+PAGE [39] employs a two-streamaconversation Transformer architecture to

extract both intra and inter-speaker contextual features.
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While most existing studies have focused on modeling individual utterances or interac-

tions between speakers to particularly extract intra- and inter-speaker relationships to de-

rive speaker-related information [43, 26]. Regrettably, the exploration of speaker-specific

characteristics remains relatively underdeveloped. These characteristics, however, are es-

sential components of conversational understanding, as they offer a foundational layer

for interpreting speaker behaviors and emotional expressions. To bridge this gap,awe

propose a novel method named BiosERC, a novel approach that leverages external tools

to explicitly extract speakeracharacteristics and integrate them into the ERC process,

thereby enriching the model’s abilityato interpret emotional nuances grounded in individ-

ual speaker profiles.

4.3 Methodology

This section presents the architecture of our baseline model for the ERC task, which

incorporates both intra- and inter-speaker information in line with current state-of-the-

art approaches [39, 43, 2]. We also introduce our proposed method,aBiosERC, which

enriches the model by incorporating speakers biography information to enhance emotional

inference.

Formally, we define a conversation as:aC = {ui}0≤i<|C|, where each individual utterance

uiais articulated by a speaker p(ui) ∈ S, with S = {sj}0≤j<|S| denotes the set of all

speakers involved in the conversation, and p is a mapping function that assigns each

utterance to its corresponding speaker.

4.3.1 Intra-inter ERCa(baseline)

Following prior SOTA frameworks in ERC [39, 2, 26], our baseline model consists of

three core components:autterance vector representation, context modeling,aand an emo-

tion classification layer.

Utterance VectoraRepresentation. To enhance the semantic richness of individual

utterances, we adopt a context-aware representation approach by incorporating surround-
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ing utterances within a fixed-size local window [28, 31, 36, 26]. Particularly, for encoding

an utterance ui, the input sequence is constructed as: “[cls], ui−w, .., </s>, ui, </s>,

... ui+w”, where w is the size of the local contextual window. The vector represen-

tation of ui is then derived by aggregating the corresponding word-level embeddings, as

described in [26]:

hcls, hwords = RoBERTa([ui−w, .., ui+w]) (4.1)

hutt = [tanh(average(hwords of ui) ·W u)]0≤i<|C| (4.2)

where hwords of ui represents the word vectors extracted from hwords at the positions cor-

responding to ui; hutt refers to all utteranceavectors in the conversation, and W ∗ is a

learnable weights.

Context Modeling. To capture the contextual dependencies within a conversation,

utterance vectorsaare integrated contextual informationaof whole conversation by atten-

tion mechanism:

Attn(q, k, v,M) = softmax(
q · k⊺

√
dt

+M) · v (4.3)

qt, kt, vt = huttW q
t , h

uttW k
t , h

uttW v
t (4.4)

headt = Attn(qt, kt, vt,M) (4.5)

hMultiHead = concat([headt|0<t≤H ])W
o (4.6)

where H is the number of attention heads; qt, kt, vt represent the query, key, and value

vectors corresponding to the utterances in different semantic subspaces, each with dimen-

sionality dt.

In detail, following the approach of DialogueEIN [43, 26], we construct relation matrices

M to explicitly guide the attention mechanism in modeling interactions among utterances.

Where Mik = 0 if ui and uk should have interaction, Mik = −∞ if otherwise. For

our baseline model, we implement three types of relation matrices to capture different

contextual relationships:
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• globalacontext : all utterance pairs are connected, modeling full conversational flow.

• intra-speaker context : only utterances from the same speakeraare connected, cap-

turing individual speaker consistency.

• inter-speaker context only utterances between different speakers are connected, fo-

cusing on dialogue interaction and response dynamics.

Each attention variant yields a contextualized hidden representation: hcontxt, hintra, and

hinter. These are subsequently passed into the classification component to infer the emo-

tional states.

Classification. The classification component aims to integrateaall the hidden features

derived from the utterances and classify the corresponding emotion label. The speaker-

specific hidden representation hspeaker
i is computed as a weighted sum of the intra- and

inter-speaker context vectors:

hspeaker
i = hintra

i W a + hinter
i W r (4.7)

eoi = softmax(hutt
i W u + hcontxt

i W g + hspeaker
i ) (4.8)

Subsequently, the predicted emotion vector eoi is evaluated using the cross-entropy loss

against the ground-truth label of the i-th utterance, guiding the optimization of the model

during training.

4.3.2 BiosERC:aIntegrating Biography SpeakersaSupported by

LLMs foraERC Tasks

In this section, we outline the procedure for generating speaker biographies and introduce

our BiosERC framework. The framework is built upon two widely adopted PLMmodels: a

BERT-based encoder model (e.g., RoBERTa), and a decoder-only transformer-based LLM

(e.g., LLaMA-2) [66]. Notably,awe also introduce an effective strategy that incorporates

speaker biographies by fine-tuning an LLM using a prompting technique. [58].
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Biography of Speaker We introduce a prompting-based mechanism that enables

LLMs to generate speaker-specific descriptions (dj) for each speaker (uj) in a given con-

versation C.aThe output of this step is is a set of speaker biographies for all participants

in the conversation, denoted as B = {dj}0≤j<|S|.

dj = LLMsa(prompting(C, sj)) (4.9)

Here, LLMs refers toalarge language models such as Llama2 [66], which can generalize a

speaker’s biography based on their conversational behavior. The prompting function uses

a template that includes two conversation instances (C) and the target speaker identifier

(sj), thereby enabling the LLM to leverage its knowledge effectively (see Table 4.1). To

prevent overly verbose descriptions, we constrain the output length by appending a “note”

to the template. Consequently, we obtain concise yet informative persona of the speakers

(B) in each conversation, which are subsequently used to enhance speaker modeling in

our ERC framework.

Table 4.1: Promptingatemplate used toaextract speaker characteristics from a conversa-
tion using an LLM.

Given thisaconversationabetweenaspeakers:a
{conversationacontent C}
In overallaaboveaconversation,awhat do youathink about theacharacteristicsaof speaker
{speakeraidentification sj}? (Note:aprovide an answerawithina250 words)

BERT-basedaBiosERCaarchitecture In the proposed BiosERC model, we begin

by encoding the speaker’s description using a RoBERTa to obtain a hidden vector repre-

sentation, hdesc
j , for each speaker j:

hdesc
j = RoBERTa(dj)[0] (4.10)

where j represents the index of the speaker in the conversation, with 0 ≤ j < |S|.

Our proposed method,aBiosERC, extends the baseline model by redefining the speaker’s

hiddenavector representation (hspeaker
i in Equation 4.7), as shown in Figure 5.1. This

architecture is designed to ispeaker personality information into the corresponding utter-
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RoBERTa
[cls] ..  </s> I didn't know..</s> I am ..

ui-1 ui ui+1</s> </s>

h</s> h</s>hI hdi.. hknow ...

Mean pooling

Classification Layer

excited - happy - neutral - ...- sad

h[cls] hSPEAKER_B hseems

SPEAKER_B seems
to be a supportive ...

dj

RoBERTa

(Speaker's biography
 modeling)

...

(Utterance vectors)

......

h0
utt h1

utt h|C|
utt

hi
utt

h0
utt h1

utt h|C|
utt

(Global context modeling)

...
...

Self-Attention
Network

hj
desc

MLP

hi
utt hj

desc

Attention

hi
utt hj

desc

(Speaker's information
fusion layer)

Figure 4.2: Overviewaof our BiosERC model architecture.

ances via a multi-layer perceptron network. This is achieved by replacing the original

speaker-specific vector in Equation 4.7 with:

hspeaker
i = hdesc

p(ui)
W desc + bdesc (4.11)

where p(ui) denotes the speaker associated with the i-th utterance. Through this mecha-

nism, all the utterances from the same speaker share a unified speaker vector representa-

tion, with the weights being updated during the training process.aFinally, the utterance

vector is fused with the speaker vector to supports emotional classification, ensuring that

the speaker’s personality is integrated into the emotion recognition process.

BiosERC -aBiography Injected by Attention Mechanism. aWe consider a vari-

ant of the BiosERC model designed to dynamically incorporate speaker-specific informa-

tion into each utterance through an attention mechanism. By modeling the relationship

between the current utterance and all individual speakers, the model enriches the utter-
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ance representation with speaker-aware contextual information.

hfusion
i = hdesc

p(ui)
W p + hutt

i (4.12)

hdesc = {hdesc
j }0≤j<|S| (4.13)

hspeaker
i = Attn(hfusion

i , hdesc, hdesc,0) (4.14)

The process begins by computing a fusion vector hfusion
i , combining the speaker’s descrip-

tion and the corresponding utterance vector. Next, we aggregate all speaker description

vectors (hdesc) and apply the attention mechanismato model the relationshipabetween the

current utterance and all speakers in a conversation.a Finally, the speaker features are

embedded into this vector, and the resulting speaker vector hspeaker
i is used to replace the

original each representation in Equation 4.7 of the baseline system. The attention mech-

anism ensures that the speaker’s influence is dynamically integrated into each utterance,

improving the emotion recognition process.

LLM-basedaBiosERC + instruction fine-tuninga(ft LLM) Building on the

robust natural language understanding capabilities of LLMs [66], we incorporate speaker

descriptions directly into the input prompts (as highlighted in blue in Table 6.1), rather

than altering the model architecture. This approach follows the instruction fine-tuning

paradigm [7], usingaa causal language modeling objectiveato train the LLMato generate

emotional label text (as highlighted in red in Table 6.1):

x = prompting(ui, sj, dj, C, ei) (4.15)

IP(x) = Π
|x|
z=1IP(xz|x0, x1, ..., xz−1) (4.16)

Here, x denotes the sequence of tokens in the prompting input, and z represents the

corresponding token indices (as shown in Table 6.1). To reduce the number of trainable

parameters, we adopt LoRA [22], a lightweight fine-tuning technique. The instruction-

tuned LLM is trained to learn the distribution of emotional labels conditioned on the

prompting input x. The fine-tuned model is trained to predict the emotional label (ei) of
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a given utterance, which is omitted from the input prompt.

Table 4.2: Promptinganput template using speakeradescription and content of conversa-
tion forafine-tuning LLMs.

systema
### You areaan expert ataanalyzing the emotionaof utterancesaamong speakers in aaconversation.
### Givenathe characteristicaof this speaker, {speakeraname sj}: {speakeradescription dj}
### Givenathe followingaconversation as aacontext {conversationaC}
usera
Basedaon the aboveaconversation andacharacteristics of theaspeakers, whichaemotional labelaof {sj} in
theautterance {utterance ui} ?
assistanta
{emotionalalabel of ui inatext: ei}

4.4 Experiment

Implementation Details Leveraging the recent advancements in LLMs [66, 75], we

utilize the LLama-2 model to procure personality descriptionafor each participant in the

conversation. Specifically, we evaluate the effectiveness of speaker description informa-

tion using two aforementioned PLMs: a BERT-based modelawith roberta-largeaand

a transformer-based,adecoder-only LLM model with Llama-2-13b.a The best model is

determined based on the development setaof each dataset and is subsequently employed

to evaluate the test set.a For fine-tuning the BERT-based BiosERC (section 4.3.2), the

hyper-parameters were selected as follows: the learning rate was chosen from {1e−5; 5e−6};

the dropout rate was set to 0.2, the number of epochs was 30;aand the local context win-

dow size (w) was chosen from {2, 4}; The average scores across 10 independent runs are

reported. For fine-tuning LLM-based BiosERC (section 4.3.2), the learning rate was se-

lected from {2e−4; 3e−4}, and the number of epochs was set to 3. Due to computational

costs, the average scoresaacross 5 independent runs are reported.
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Table 4.3: Performanceacomparison between our proposedamethod and prior works on the
testasets. The column #T.Params. denotes the number of trainable parameters. Symbols
‡ and † indicate statistically significant improvements over the baseline according to a t-
test, at levels p < 0.01 and p < 0.05, respectively.

Methods #T.Params. IEMOCAP EmoryNLP MELD

HiTrans [33] 64.50 36.75 61.94
DAG [63] 68.03 39.02 63.65
DialogXL [62] 65.94 34.73 62.14
DialogueEIN [43] 68.93 38.92 65.37
SGED + DAG-ERC [2] 68.53 40.24 65.46
S+PAGE [39] 68.93 40.05 64.67
InstructERC [32] +(ft LLM) 71.39 41.39 69.15

Intra/inter ERC (baseline) [26] 189× 106 67.65 39.33 64.58
BiosERCBERT-based 186× 106 67.79 39.89† 65.51‡

BiosERC +ft LLMLlama-2-7b 80× 106 69.02 41.44 68.72
BiosERC +ft LLMLlama-2-13b 125× 106 71.19 41.68 69.83

4.5 Result Analysis

4.5.1 Main Results

Our approach demonstrated competitive performanceacompared to recent SOTA meth-

ods on three well-known benchmark datasetsa(Table 7.1) across both BERT-basedaand

transformer-based decoder-only LLM models.

In comparison with the previousaspeaker-based methodsa(SGED + DAG-ERC [2],

S+PAGE [39]aand DialogueEIN [43]), the experimental results demonstrated the effec-

tiveness of our proposed approach,aand further affirm that speaker modeling using speaker

descriptions outperforms the information derived by intra-aand inter-speaker contexts.a In

addition, our BiosERC model achieved significant differences over the baseline systemaon

both the EmoryNLP and MELD datasets, as shown clearly in Figure 4.3. Because the

MELD and EmoryNLP are multiparty conversation datasetsa(the average number of in-

terlocutorsaare 2.72 and 3.34, respectively), emotions in these datasets are influenced

more by the distinct personalities of the speakers than in the IEMOCAP dataset.

Unlike previous methodaof fine-tuning an LLM, such as InstructERC [32], which consid-

ers speaker identifieraas an auxiliary task and requires two-stage training. Our proposed
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Figure 4.3: Performanceacomparison between our BERT-based BiosERC model and the
baseline on the MELD development set, illustrating variability across 10 random runs.

simplifies the process and reduce time-consuming. Additionally, our method uses speaker

descriptionsagenerated by LLMs in natural language, facilitating easier customization

for real-world applications (e.g., customer support staffacan directly provide or modify

characteristics generated by LLMs for their customers).

Similar to the BERT-based BiosERC,athe LLM-based BiosERC demonstrates particu-

lar strength on multiparty datasets, such as EmoryNLP and MELD, where more than two

speakers are involved in each conversation.a By fine-tuning an LLM Llama-2-13b,athe

performance of our BiosERCa increased by 1-4% in weighted F1 scoresacompared to

the BERT-based models,aachieved new SOTA performanceaon EmoryNLP and MELD

datasets. Besides, by employing the lightweight training technique LoRA [22], the number

of trainable parameters in LLM-based BiosERCawas smaller than BERT-based BiosERC

(which was fine-tuned only on last two layers), demonstrating the potential of LLM-based

BiosERC for real applications.

4.5.2 Ablation Study

We conducted an ablation studyato assess the effectiveness of incorporating speaker bi-

ographies into the overall system, which integrates multiple contextual components.

BiosERC Architecture. aAs shown in Table 4.4, it is apparent that our BERT-

based BiosERC (row 3),awhich incorporates the speaker’s descriptions, demonstrates sig-

nificant improvements in F1 score,aoutperforming the baseline system that relies solely

on intra- and inter-speaker relationships. Additionally, by using the attention mecha-
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nismato encode the speaker’s biography (row 2),aBiosERC achieved high performance

clearly outperformed the baseline model.a Moreover,ain the BiosERCa+fine-tuning LLM

setting (row 8),a removing the speaker description (highlighted in blue in Table 6.1) from

the input prompting (row 6), the performance significantly decreased by 1.05 F1 score.

By fine-tuningathe different LLM models, Llama-2-13baand Llama-2-7b, led to a slight

performance drop of 0.52 F1 scorea(rows 7, 8).a These results underscore the impor-

tance of incorporating speakerabiography and validate the effectiveness of our proposed

approachafor speaker modeling.

Table 4.4: Performanceacomparison among variantsaof BiosERC on theaMELD develop-
ment set.

Methodsa LLMs extracting bio.a Weighted-F1a

1. Intra/intera ERCa(baseline) - 66.08(−1.19)

2. BiosERCainjectingabio. bya attention Llama-2-chat-70b 66.71†(−0.56)

3. BiosERC Llama-2-chat-70ba 67.27‡

4. BiosERC Llama-2-chat-7ba 67.23‡(−0.04)

5. BiosERC vicuna-33b-v1.3a 66.96‡(−0.32)

6. BiosERC +ft LLMLlama-2-13b w/o speaker bio. - 69.17(−1.05)

7. BiosERC +ft LLMLlama-2-7b Llama-2-chat-70ba 69.70(−0.52)

8. BiosERC +ft LLMLlama-2-13b Llama-2-chat-70b 70.22†

SpeakeraBiographies.a We exploredavarious currentlyapopular LLMsafor generating

speaker biographies,a including LLama-2-chat-70b,aLlama-2-chat-7b [66],aandavicuna

-33b-v1.3 [91]. Among these,aLLama-2-chat-70b produced the best outcomes. Upon

further investigation, we observed that the Vicunaamodel struggled to provide speaker

descriptionsain certain challenging cases,asuch as when the conversation length was too

shorta(e.g., fewer than three utterances)aor when a speaker’s utterances were extremely

brief (e.g.,a“Hmm”). These solid improvements, achieved through diverseabiographies

generated by various LLMs, highlight the versatilityaand effectiveness ofaextracting “speaker

biographies”, demonstrating their potential in enhancing ERC tasks.
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4.5.3 ConversationaLength

To assess the impact of conversation length on model performance, we conducted an analy-

sis on the MELD development set, as illustrated in Figure 4.4. Overall, our method consis-

tently outperforms both intra- and inter-speaker baselines across conversationsaof varying

lengths. Notably, the performance improvement for short dialogues (with a conversation

length of fewer than 15 utterances) is significantly greater than for long dialogues. These

results further emphasize the importance of “speaker characteristic” in short conversa-

tions,awhich tend to lack sufficient contextual information. In such cases, the speaker’s

lexical choices become crucial, as they often carry explicit or implicit meaning.aThe LLM

can extract the speaker’s characteristics by recognizing the explicitaor implicit meaning

conveyedain these statements. Additionally, since MELD is a multiparty dataset with

many conversationsainvolving more than three speakers,aour observations highlight that

”speaker characteristics” play a particularly significant role in multi-party short conver-

sations where contextual information is limited.

4.5.4 CaseaStudy

Ouramodel improves emotion recognition accuracy,aeven in short conversations where

contextual information is limited.aAs show in Table 5.8, conversation 1041ais a short

dialoguea consisting of only five sentences. In this case, our model leverages two speaker

descriptions to more accurate interpret SPEAKER 0’s discourse, correctly identifying

the tone as positive rather than angry. And our architecture demonstrates enhanced

capability in predicting emotions in shorter utterances, such as “Yeah” or “Okay”, where

conventional models often struggle due to the limited semantic content.

Furthermore, our method effectively handles cases with high error rates at the begin-

ning of conversations, as illustrated in Table 5.8 (u0, u1, u2 in conversation 1061). In

these early stages, contextual and speaker-specific information is minimal, leading the

baselineamodel to consistently misclassify initial utterances. However,awith the incorpo-

ration of oura“speaker description”,the model is able to achieve more accurate predictions
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from the very first utterances of the dialogue. These results demonstrate the robustness

and adaptability of our model across a wide range of conversational settings, including

those characterized by short lengths or complex contextual dynamics.

[0-5) [5-10) [10-15) [15-20) [20-)

65

70

#Conversation

Weighted-F1

BiosERC
Intra-Inter ERC

Figure 4.4: Performance comparison respect to length of conversation (number of utter-
ance) on the MELD development set (variability across 10 random runs).

4.6 Chapter Summary

In conclusion,awe proposed a novel mechanism for incorporating speaker characteristics

into the ERCatask—an area that has been underexplored in previous research. By in-

vestigating how interlocutor personalities influence emotional expressions, we leveraged

this external knowledgeaas a unique and complementary feature to enhance model perfor-

mance. Our experimentsaon three widely used benchmark datasetsaconsistently yielded

SOTAaor competitive results, demonstrating the effectivenessaof our approach. More-

over, our method remains simple yet highly adaptable, making it suitable for a broad

range of conversation analysis tasks.

Limitation In this work, we introduced a newaframework for speaker modeling that

utilizes biographical information about interlocutors, automatically generated by LLMs.

While effective, our BiosERC method incurs higher computational costs due to the addi-

tional inference step required by the LLM, in contrast to models such as Intra-inter ERC,

which rely on latent speaker identity embeddings. Furthermore, this study does not ad-

dress potential privacy concerns related toahuman data. In real-world applications,aaccess

to conversation histories must be explicitly granted and clearly communicated by the data

52



Table 4.5: Caseastudy of improvementaexamples from theaMELD dataset. Red and
greenalabels indicateaincorrect and correctamodel predictions,arespectively.

Idx
Conversation 1041a

Label BiosERC Baseline
Speaker 0 Speaker 1

d0 SPEAKER 0ain the conversationacomes acrossaas someone who isaconfident,afriendly ..ato
create a relaxed atmospherea...

d1 SPEAKER 1ain the conversationacomes across as a friendly ..ahave a strongasense of aloyalty
and trustain their relationships...a

u0 Hey Estelle,listen neutral neutral neutral

u1
Well! Well! Well!aJoey Tribbiani!aSo you
cameaback huh?

surprise surprise joy

u2
What are youatalking about?aI neveraleft
you!aYou’ve always beenamy agent!

surprisea surprisea anger

u3 Really?! surprise surprisea surprisea

u4 Yeah! joy joya anger

Idx
Conversation 1061a

Label BiosERC Baseline
Speaker 0a Speaker 1a Speaker 2a

d0 SPEAKER 0aseems to be a veryainquisitive and curious person.a... SPEAKER 0 appears to be quite
bluntaand directain his communication style,anot mincing wordsaor sugarcoating his thoughts.

d1 SPEAKER 1 aseems to be a humorousaand light-hearted person.a... aSPEAKER 1 shares thatathey have
only been withaone person in their whole life,aand this is met with surprise and disbeliefaby the other ...

d2 SPEAKER 2 seems to be a humorous and light-heartedaperson... aSPEAKER 2 is someoneawho enjoys
having funaand is not afraid to poke fun at athemselves or others...

u0 Well, what? neutral neutrala surprise

u1 What? neutral neutrala surprise

u2 What is it? neutral neutrala sadness

u3 That shealeft you? surprise surprisea sadness

u4 That she likesawomen? neutral sadnessa sadness

u5
Thatashe left youafor another womanathat likes
women?

neutrala surprisea sadness

u6
Littlealouder,aokay,aI think there’s a manaon the twelfth
floorain a comaathat didn’t quiteahear you.

anger neutrala anger

...
u11 WithaCarol?aOh. surprise surprise neutral

u12
So in yourawhole life,ayou’ve only been
withaone oh.

surprise neutral neutral

u13

Whoah, boy,ahockey was a big mistake! aThere
was a whole bunch of stuffawe could’ve done
tonight!

surprise surprise joy
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owners. Nonetheless, we believe thatawith proper user agreements and privacy safeguards,

obtaining such permission is feasible and ethically manageable.
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Chapter 5

TraceERC: Tracking Relational

Awareness of Contextual, Charac-

ter, and Emotional States in

Emotion Recognition in

Conversations

5.1 Background and Motivation

Unlike non-conversational emotion recognition tasks, ERC presents unique challenges aris-

ing from the nature of dialogue data, which are typically transcriptions of spoken interac-

tions. Such texts are often characterized by truncated statements and non-standardized

grammar. Consequently, ERC tasks heavily rely on multiple facets of contextual infor-

mation, including (i) the dialogue context, (ii) speaker-specific characteristics, and (iii)

the dynamic flow of emotions throughout the interaction. While recent advancements

have explored implicit speaker relationships, explicit speaker information (e.g., personal-

ity) remains largely underexplored. This omission hinders accurate modeling of speaker

dynamics and poses challenges for model adaptability and generalization. In our previous
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work, we have addressed this issue [77].

Another critical aspect is that due to the spontaneous and unpredictable nature of con-

versations. In particular, text-based emotion recognition, which limited by the absence

of speech and visual modalities [72], may inadequate when relying solely on contextual

utterances and static speaker information may be insufficient for capturing the transient

fine-grained, and dynamically activated emotions at each timestep throughout the con-

versation [40]. Moreover, existing studies have overlooked the dependencies between a

speaker’s personality and the relativity of emotional states. At the same time, the inher-

ent spontaneity of dialogues and the limitations of text-based emotion recognition make it

particularly challenging to detect emotional shifts promptly and to disambiguate similar

emotion labels. Since dialogues can occur at any time and place, speakers may experience

sudden and unforeseen emotional shifts triggered by personal memories or unexpected

events, significantly altering the emotional trajectory (e.g., a sudden shift from sadness to

angry, as illustrated in Figure 5.1). To address the challenge of modeling the temporality

of emotions at each timestep throughout a conversation, it is essential to model dynamic

emotional cues and the dependencies between emotional states, while also exploring the

intimate connection between personality and expressed emotions.

As illustrated in Figure 5.1, we provide an example showing that emotions evolve dy-

namically throughout the course of a conversation. In analyzing nuanced emotional ex-

pressions such as in utterance #11, several critical cues should be considered: Initially,

based on the speaker description, Speaker 0 is identified as an emotional person who

initially feels “sadness” and “regret” due to the belief that Speaker 2 has passed away.

Secondly, the emotional context indicates that the surrounding utterances (from #6 to

#10) are “joyful”, suggesting that Speaker 2’s overall emotional atmosphere is “joyfully

joking”. Thirdly, the emotional cue in Speaker 0’s previous utterance (#5) reveal that her

current emotional state is “sadness”. Finally, reasoning from the conversational content

allows for the inference that Speaker 0 realizes she has been deceived by Speaker 2. These

combined factors lead to an emotional shift from “sadness” to “anger”. This example un-

derscores the importance of incorporating both speaker personality traits and dynamic
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emotional cues for accurately identifying emotions in complex dialogues.

em
otional
shift

I can't believe that Ross is gone. It is just so sad. I didn't know Ross and you were so
close.

I thought so many times about calling him and
asking him out. I guess I really missed my
chance. But you didn't!

Speaker's Personality
Synthesis

#0 #2 #5

time
#1 #3 #4 #6 #9

(Conversation)

...

           SPEAKER_0 seem to be 
           a very emotional person,   as
evidenced by their sadness and
regret over the loss of someone they
barely ...

          SPEAKER_1 seems to be     
          a supportive and empathetic 
          listener. ... SPEAKER_1
demonstrates a sense of humor
when they make a joke about
heaven having a door ...

          SPEAKER_2 seems  
          to be a bit of a  romantic, and
express excitement at the idea of
Kori Weston having a crush on him...

I'm sure that would mean a lot to him.
We weren't but we had one class together. He
was such a great    guy and he talked so
passionately about science. I always
remembered him. And if heaven has a door, I'm sure

he's pressing his ear up against it and
listening intently.

I'm still alive!!

Kori, I know this is a big surprise for you.
It's a long story but the things you just said

really made my day!
I mean, the fact that you are here means more
to me than if this room were filled with people!

You sick freak, who does that? I can't believe I
had a crush on you!

Did you hear that? Kori Weston had a crush on
me!!

😞
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Figure 5.1: Overview of our TraceERC framework architecture.

To bridge the aforementioned gaps, we formalize the influence of three salient aspects

on human emotions in conversations: conversational content, static speaker-specific char-

acteristics, and dynamic emotional cues within interactions. Accordingly, we propose

TraceERC: Tracking Relational Awareness of Contextual, Character, and Emotional

States in ERC tasks. By harnessing the capabilities of LLMs, our method incorpo-

rates speaker-specific personality traits and encoded dynamic emotional atmosphere as

supplementary knowledge. These features enable the generation of contextually en-

riched, emotion-tagged examples tailored to corresponding dialogue scenarios and speak-

ers’ unique profiles, enhancing the model’s emotional understanding and adaptability.

Furthermore, as one of the pioneering studies to explore both in-context learning and in-

struction fine-tuning within LLM-based ERC, we conduct rigorous evaluations to validate

the contributions of each component.
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5.2 Related Works

Emotional context The aforementioned methods primarily focus on modeling the

semantic context of conversations, typically overlooking the emotional dependencies and

distinguishing similar emotions. To address this gap, some studies [15, 73, 76, 25] have

explored the emotional context by modeling the global evolution of emotion states using

various methods. COSMIC [15] employs an additional GRU to monitor the progres-

sion of global emotional states over time. CAUXIT [27] as a semi-supervised framework,

which leverages contextual conversations to enhance emotion prediction by recovering

augmented emotional tags for masked utterances in unlabeled data. CESTa [73] framed

the ERC task as a sequence tagging problem, leveraging conditional random field to

model emotional consistency within conversations. LYSM [76] captures the dependencies

between the emotional states by applying the self-attention mechanism, enabling effec-

tive modeling of long-range emotional transitions. DialogueEIN [43] employed emotion

embeddings to represent candidate emotion categories and utilized a multi-head atten-

tion module to capture the emotional tendencies of each utterance. Furthermore, the

depth of a model’s understanding of emotion labels plays a critical role in its performance

on ERC tasks. IEIN injected explicit emotional labels into the ERC task and focused

on learning iterative emotional interaction throughout the training process. To miti-

gate the challenges posed by emotion similarity, EACL [81] has focused on representing

closely related emotionapairs,asuch as excitedaand happy or frustratedaand sad. They

proposed a novelaemotion-anchoredacontrastivealearningaframework designed specifically

foraERC, with the goal of generating more distinctive utterance representations, thereby

effectively guiding the representation learning process. In contrast to previous approaches

that implicitly model emotional dependencies or rely solely on static emotion embeddings,

our dynamic iterative emotional interaction network emphasizes leveraging dynamically

predicted emotional labels to explicitly model emotional dependencies. This approach en-

ables tailored emotion understanding for different conversational contexts and speakers,

serving as dynamic few-shot guidance to enhance emotional representations.
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LargeaLanguageaModel for ERC In recentayears, LLMs and their variants havea

demonstratedaremarkable efficacy in tasksasuch asain-contextalearning,afew-shot prompt-

ing, and instructionafollowing, spanning a wide array of downstream NLP applications.

These capabilities offer a novel perspective to addressingathe challengesaposed byathe

lack of intricate annotations, such as speaker characteristics in ERC tasks. Several stud-

ies have also attempted to integrate LLM models with ERC tasks. For instance, In-

structERC [32] reformulates the ERCatask as a unifiedaSeq2Seqaparadigm by fine-tuning

LLMs to transfer the inference ability of pre-train LLMs. MKFM [68] integrates multi-

ple knowledgea(e.g., co-reference,atopics,aemotional cause) generated by ChatGPT into

a graph-based model. In contrast to these approaches, TraceERC is the novel frame-

work to employ open-source LLMs for extracting crucial yet previously neglected speaker

personality information. Additionally, it strengthens representation features through the

integration of emotional states, pioneering the effective application of in-context learning

in ERC tasks.

5.3 Methodology

In thisasection,awe formalize the problemastatementaand elaborate on the motivation

and core components of our proposed TraceERC, emphasizing its contributions and key

distinctions from baseline systems. This work adopts an LLM-based approach in pref-

erence to prior methodologies relying on graph attention networks [62, 2] or customized

architectures built upon small pre-trained models [43, 81]. Our motivation stems from

the transformative potential of LLMs to serve as a foundational technology for general-

purpose AI systems. We argue that their scalability, adaptability, and capacity for in-

context learning make LLMs particularly well-suited for advancing ERC and extending

its applicabilityato a broaderarange of downstream tasks.
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5.3.1 Problem Definition

Formally,awe define aaconversation asaC = {ui}0≤i<|C|,awhere eachautterance ui is artic-

ulated by a speaker p(ui) ∈ S, withaS = {sj}0≤j<|S| denoting the set of all speakers

involved in the dialogue. Here, i and j denote the indices of an utterance and the inter-

locutor in a conversation, respectively, and p isaa mappingafunction that associates each

utterance with its correspondingaspeaker. Given a conversation C as input, the target

of an ERC system is to predict the emotional label (ei) of eachautterance, draw from a

predefinedalabel set (E label):

êi = argmaxei∈Elabel IP(ei | ui, p(ui), C, θ) (5.1)

where IP represents the probabilityathat the utterance ui belongs to athe emotional label

ei, conditioned on the conversation context and speaker information, and θ denotes the

model hidden parameters.

5.3.2 Baseline - LLM-based ERC

In contrast to previous approaches based on pre-trained BERT-based architectures [62, 2,

43, 81], we are among the first to apply instruction fine-tuning [7] with LoRA [22] to train

open-source LLMs for solving ERC tasks. Capitalizing on the robust natural language

understanding abilities of LLMs [66], we adopt a prompt-based paradigm in which all

necessary information is embedded directly into the input text (x), rather than designing

the specific model architecture, a prompt template and example are shown in Table 5.1.

By using an instruction fine-tuning technique, we train the LLM with a causal language

modeling objective to produce emotional label texta(highlighted in redain Table 5.1). The

model is trained to learn a probability distributionaover the textual output, conditioned on

the given input prompt with gold emotion annotations. In the inference/testing phase,

the emotional label prediction portion of the prompt (red text) is removed, and the

model is taskedawith generating the label based solely on the learned representation of
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the preceding dialogue context.

x = baseline-prompting(ui, sj, C, ei) (5.2)

IP(x) = Π
|x|
z=1IP(xz|x0, x1, ..., xz−1) (5.3)

Table 5.1: Prompting input template and example for the baseline model.

(baseline-prompting template)

systema
### Youaare an expertaat analyzing the emotionaof utterancesaamong speakers in a conver-
sation.
### Givenathe following conversationaas a context {conversation C}
user
Based onathe aboveaconversationaand characteristicsaof the speakers,awhich emotionalalabel of
{sj} in the utterancea{utterance ui} ?
assistanta
{emotionalalabel of ui in text: ei}
(example)

systema
### You are an expertaat analyzingathe emotionaof utterancesaamong speakersain a conver-
sation.
### Givenathe following conversation as a context
SPEAKER 0: Thanks.
SPEAKER 1: Yep! Looks like it’s gonna be a leeeeean Christmas at the Dragon house this year.
SPEAKER 0: Enough!
SPEAKER 1: Lean-lean-lean!
usera
Basedaon above conversationaand characteristic of the speakers,awhichaemotionalalabel of
SPEAKER 0 in theautterance “Enough!”?
assistanta
Mad

5.3.3 TraceERC

In this section,awe introduce our TraceERC framework, detailing the design and mo-

tivation underlying each of its core components. TraceERC is a multi-context-aware

conversational emotion recognition model that integrates dialogue context, speaker per-

sonality traits, and dynamic emotional state cues. In response to the growing emphasis

on explicit reasoning in machine learning systems [87], our approach leverages LLMs in

a novel way to extract critical yet previously underutilized speaker-specific personality

characteristics, bridging a key gap in ERC research. By integrating emotional states
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Figure 5.2: Idea of our TraceERC framework compared to the baseline model.

alongside personality traits, TraceERC refines representational features of emotion labels,

culminating in a robust and comprehensive multi-context-aware ERC system. Compared

to the previous works [43, 31, 62], our method departs from reliance on implicit feature

learning and instead introduces a mechanism for explicitly instructing the model to utilize

speaker and emotional context in performing ERC tasks. As illustrated in Figure 5.2, ear-

lier approaches tend to encode speaker and emotional cues indirectly within the dialogue

context, which constrains their contribution to final emotion predictions. TraceERC over-

comes this limitation by explicitly incorporating these elements into the modeling process,

ensuring their direct influence on prediction outcomes.

The proposed TraceERC model operates through three primary stages, as depicted in

Figure 5.3.

• Stage 1 involves the use of prompt-based inference with LLMs to extract speaker-

specific personality profiles from the dialogue. These profiles capture habitual lexi-

cal choices, personality traits, and emotional fluctuation tendencies unique to each

speaker.

• Stage 2 applies instruction fine-tuning to LLMs or smaller PLMs to preliminary learn

to generate the contextual emotional states. This stage incorporates two primary

inputs: the dialogue context and the speaker description from stage 1. Through fine-

tuning these inputs, the model generates preliminary emotion predictions enriched

with speaker-aware insights.
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• Stage 3 further fine-tunes the LLMs by integrating emotional context cues derived

from previous stages. Specifically, the model ingests the dialogue content, synthe-

sized speaker personality descriptions, and initial emotion likelihoods. These emo-

tional contexts function as dynamic guidance examples within a few-shot learning

mechanism, enhancing emotion representation and improving the model’s abilityato

recognize subtle emotional transitions.

Given this conversation between speakers: {conversational
content C}
In overall above conversation, what do you think about the
characteristics of speaker {speaker identification sj}? 
(Note: provide an answer within 250 words)

Prompt for speaker personality (characteristic) generation:

Conversational context (C={ui}) 
among speakers

system:
### You are an expert at analyzing the emotion of utterances among speakers in a conversation.
### Given the characteristic of this speaker, {speaker name sj}: {speaker description dj}
### Given the following conversation as a context   {conversational content C
(+emotional context if exist)}
user:
Based on the above conversation and characteristics of the speakers, which emotional label
of {sj} in the utterance {utterance ui} ?
assistant:
{emotional label of ui in text: ei}

Speaker personality (dj)

Personality

Conversation

or Small pre-trained
Language Model

[surprise]
😮

[anger]
😡

[neutral]
😶

...

Emotional 
context

Emotional 
context

           SPEAKER_A seem to be 
           a very emotional person,
  as evidenced by their sad...

            SPEAKER_B seems to   
            be a supportive and ...

#1 #3 #6
time

#2 #4 #5 Step1: LLM inference with
prompting technique.

Step2: Instruction finetuning LLMs or
a small pre-trained LM.

Step3: Instruction finetuning LLMs.

[surprise]
😮

[anger]
😡

[neutral]
😶

...

Emotions

Prompt for Emotion Recognition in Conversation:
LLMs

LLMs

LLMs
#1 #3 #6

time

#2 #4 #5😮

😞 😞

😶 😶

?

Figure 5.3: Architecture of our TraceERC framework.

5.3.4 Speaker Personality Extraction.

We begin by outlining the first stage of the TraceERC framework, which is dedicated to

generating speaker-specific personality descriptions for each participant in a conversation.

While previous studies [68, 32] have explored the extraction of various supplementary in-

formation from dialogues, our approach uniquely prioritizes speaker-related attributes. By

systematically evaluating diverse prompting strategies, we aim to identify the most effec-

tive approach for extracting speaker-specific knowledge that are not explicitly present in

annotated data. To achieve this, we propose a prompting-based mechanism that leverages
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the capabilities of LLMs to generate speaker-specific descriptions(dj) and interpretative

rationales explaining emotional transitions. Given a conversation C, this step produces a

set of biographical profiles for all speakers (S) involved in a conversation B = {dj}0≤j<|S|:

dj = LLMs(prompting(C, sj)) (5.4)

where LLMs refers to LLMs such as LLaMA2 [66], which are capable of summarizing

the speaker’s personality traits and providing plausible explanations for their emotional

dynamics based on dialogue content. The prompting function operates as a structured

template that combines both conversation instance (C) and speaker identification (sj) in-

formation (an example of prompting input which is illustrated in Step 1 of Figure 5.3). To

further enhance personality modeling, we introduce three types of speaker descriptions de-

rived via prompting: (1) DetailDesc provides a detailed analysis of the speaker’s person-

ality, offering a comprehensive perspective on the entire conversation. (2) EmoTransDesc

captures the speaker’s personality while specifically focusing on analyzing emotional tran-

sitions. (3) ConciseDesc offers a concise and focused characterization of the speaker. The

effectiveness and characteristics of these descriptions are systematically examined in the

results and ablation studies presented in the results analysis section.

Emotional Context Extraction. In this work, emotional context is defined as the

likelihood distribution of emotional labels associated with utterances surrounding a given

target utterance (as shown in the template “predicted emotion: ei” in Table 6.1). To

mitigate the impact of noise introduced by inaccurate early-stage predictions, these emo-

tional states are extracted during training only after a few initial epochs, as determined

by a designated hyperparameter, ensuring that the model has attained a more stable level

of predictive performance. The integration of emotional context into our framework is

motivated by the following key factors: (1) Enhancing emotional adaptability: enabling

the model to anticipate and adjust to emotional transitions (e.g., from sadness to happy);

(2) Providing a comprehensive emotional atmosphere: capturing the explicit emotional
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trend of the entire conversation (e.g., whether the atmosphere is tense or pleasant) while

analyzing dependencies between adjacent emotional states; (3) Contextualizing emotional

labels with speaker-enriched emotional context: enriching each emotional label with con-

crete, contextually grounded examples from surrounding utterances, supplemented by

speaker-specific personality traits. This few-shot-style guidance offers semantically rich

interpretations of emotion categories, improving the model’s ability to guide the model’s

understanding of emotional representations.

Emotional context remains one of the most neglected dimensions in previous ERC

studies. Examining the emotional states of interlocutors not only maps the emotional

trajectory of the dialogue but also enhances the model’s ability to comprehend and differ-

entiate emotional labels, revealing latent affective relationships embedded in context. Our

proposed TraceERC implicitly broadens the temporal and emotional context scope and

captures emotional transitions, thereby deepening the model’s insight into the emotions

conveyed within each utterance. The detailed procedure for generating and integrating

emotional context is seamlessly integrated into the TraceERC training procedure, which

is elaborated in the subsequent section.

5.3.5 Learning Scenarios

To evaluateathe effectiveness of our TraceERC framework compared to the baseline method,

we implement two widely adopted learning paradigms for LLMs, including Instruction

fine-tuningaand In-context learning.a In the instruction fine-tuning scenario [7, 22], the

model is trained on the full manually annotated dataset, with its weights updated to

specifically address the ERC task. In the in-context learning scenario [4], the model’s

weights remain unchanged during the learning process; instead, it performs inference by

conditioning on task-relevant information embedded directly within the input prompt.

Evaluating our framework under both paradigms provides a robust measure of its gen-

eralizability, minimizing the influence of training-specific biases and demonstrating the

model’s adaptability across varying deployment conditions.
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Table 5.2: TraceERC prompting inputatemplate and example usingaspeaker description
and emotional context information.

(TraceERC-prompting template)

systema
### You are an expertaat analyzing the emotionaof utterancesaamong speakersain a conversation.
### Given the characteristicaof this speaker, {speaker namea sj}: {speaker descriptionadj}
### Given the followingaconversation as aacontext {conversation C and predicted emotional context

(Eprediction)}
usera
Based on the above conversationaand characteristicsaof the speakers,awhich emotional labelaof {sj} in the
utterancea{utterance ui} ?
assistanta
{emotional labelaof ui in text: ei}
(example)

systema
### You are an expertaat analyzing theaemotion of utterancesaamong speakersain a conversation.
###aGiven the characteristicaof this speaker,aSPEAKER 0: aSPEAKER 0 seems to be a bit of a grumpain
this conversation. Theyadon’t seem to be in the mood for jokes or playful banter, as evidencedaby their terse
responses to SPEAKER 1’s attempts at humor.
### Givenathe following conversation asaa context
SPEAKER 0: Thanks.a(predicted emotion: Joyful)
SPEAKER 1: Yep! Looks like it’sagonna be a leeeeean Christmas at the Dragonahouse this year. (predicted
emotion: Joyful)
SPEAKER 0: Enough!
SPEAKER 1: Lean-lean-lean! (predicted emotion: Joyful)
usera
Based onaabove conversation and characteristic of theaspeakers,awhich emotional labelaof SPEAKER 0 in the
utterance “Enough!”?
assistanta
Mad
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Instruction Fine-tuning

Similar to the baseline system, our approach also adopts the causal language modeling loss

during training. To optimize training efficiency, we utilize LoRA [22], a lightweight fine-

tuning technique that significantly reduces the number of trainable parameters. To offer

a clear and structured overview of our methodology, the TraceERC training procedure

is detailedain Algorithm 1. In the first stage (Lines 1–7), for each conversation in the

training dataset, all speaker personality descriptions are generated and stored in a set

B, with each entry corresponding to a distinct speaker identity. Subsequently, in the

second stage (Lines 9–19), these speaker descriptions are then incorporated with the

conversational content to train an emotional context estimation model (Mec) over epec

epochs, where epec is a hyper-parameter chosen during the optimization process (e.g., 3

epoch). After that, the predicted emotional context likelihoods (Eec) generated by Mec

are then used toatrain the final model, TraceERC. Ultimately, we obtain two checkpoints

containing the emotional context modelMec and the final modelM, which is utilized for

evaluation on the test set.

The label refinement strategy employed in our framework gradually transitions emo-

tion predictions from coarse-grained to fine-grained representations. During the first fine-

tuning phase, the model produces an initial coarse-grained prediction. This is followedaby

a second fine-tuningaphase, where the model refines the labels by correcting earlier predic-

tion errors, thereby enabling more accurate emotion classification. In comparison to the

InstructERC [32], a two-step fine-tuning method, which first trains a speaker identifica-

tion model to boost the model’s ability to distinguish between speakers before applying it

to the final ERC task. Meanwhile, our method instead uses explicit speaker descriptions

to support the model’s understanding of the speaker’s personality. Additionally, while

MPLP [84] also employs a label refinement approach, it enhances the model’s seman-

tic understanding of emotion labels by providing explanations for each label. However,

these descriptions are static and fail to adapt to the nuances of specific conversational

contexts. In contrast, our method provides contextual utterances along with their cor-
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Algorithm 1 TraceERC training procedure

Input: a conversation content C, annotated data D, limitation of epoch number for predicting
emotional context epec

Output: fine-tuned TraceERC modelM, emotional context modelMec

1: for each C ∈ D do ▷ generate speaker descriptions for whole dataset
2: S ← all the speakers in C
3: for each sj ∈ S do
4: dj ← LLMspdesc−gen(prompting(C, sj)) ▷ generate speaker descriptions
5: end for
6: B ← B.append(dj)
7: end for
8:

9: M← initialize from pre-trained LLM
10: Eec ← ∅ ▷ emotional contextual is initialized by empty set
11: while ep < max epochs do
12: M←M.train(prompting(Eec,B,Dtrain)) ▷ call model train procedure
13: if ep = epec && Eec = ∅ then
14: Eec ←M.predict(Dtrain) ▷ emotional contextual is updated
15: Mec ←M ▷ save the checkpoint of emotional context model
16: M← initialize from pre-trained LLM
17: end if
18: ep← ep+ 1
19: end while
20:

21: returnM,Mec
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responding emotion predictions as instances to serve as explanations for emotion labels.

Unlike static descriptions, our method generates dynamic descriptions that are tailored to

specific conversational contexts. This strategyanot only enhances the semantic richness

of the emotional representationsabut also strengthens the model’s ability to comprehend

emotions by incorporating diverse conversational scenarios and speaker-specific charac-

teristics.

In-contextaLearning

Within the in-contextalearning scenario, where model parameters remain unchanged, the

primary challenge lies in effectively leveraging prompts to maximize the reasoning capa-

bilities of LLMs in the ERC task. To handle this issue, we adopt the few-shot prompting

technique [4], which lets LLM deeply understand the ERC tasks and produce the desired

outputs. Specifically, we first retrieveathe most similar conversations from trainingadata

to the query conversation, constructing high-quality contextual examples. Our approach

extends beyond the traditional approach employed in [32], which primarily focuses on

utterance-level similarity. Instead, we incorporate a concatenation of contextual windows

and speaker personality traits to identify the most comparable dialogues. We hypothesize

that conversations sharing both similar contextual content and speaker characteristics

possess greater referential value for the model. These retrieved dialogues are then embed-

ded as few-shot examples provided in the input prompting to guide LLM inference.

To achieve this, we constructaa domain base, Ddomain, fromathe training data, in which

each focal utterance is accompanied by its surrounding utterances, forming a contextual

window. Formally, given a target utterance ui and the corresponding speaker profile dj,

we define the context ci is the contextual as the concatenation of neighboring utterances

within a window of size w: ci = [ui−w, . . . , ui+w]. We then generate enriched contextual

representations for each utterance in Ddomain using Sentence BERT [60]. Each contextual

vector is further enhanced by concatenating it with the corresponding speaker personality

vector. For a given query utterance uquery
i , we similarly combine its speaker profile and

contextual information to retrieve the most relevant utterance csim from Ddomain based
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on cosine similarity between the concatenated vectors. This retrieval strategy allows us

to identify utterances that are most similar to the target in terms of both speaker-specific

traits and contextual relevance.

vdomain = SBERT(cdomain
i )⊕ SBERT(ddomain

j ) (5.5)

Ddomain = {vdomain}for all utterances in training data (5.6)

vquery = SBERT(cqueryi )⊕ SBERT(dquery
j ) (5.7)

csim = argmaxvt∈Ddomaincosine(vquery, vt) (5.8)

Finally, the contextual information and emotion labels of these similar conversations are

provided as few-shotaexamples in the prompt, guiding the LLM during inference under

the in-context learning framework.

5.4 Experiment

ImplementationaDetails. Sinceathe recent successful applications and advancing

capabilities of pre-trained LLMs,a we leverage the open-source LLama-2amodel [66] to

extract personality descriptionsafor each participantain the conversation. For hyper-

parameters tuning in the instruction fine-tuning setup, the main large language models

employed are LLama-2-7baand LLama-2-13b. The number of training epochs is fixed at

6, with the first three epochs (epec = 3) dedicated to emotional context prediction. The

learningarate is set to 3×10−4, the batch sizeais 4, and the local contextawindow sizea(w)

is selected from {3, 5}. Reported results are averaged scores obtained acrossa10 indepen-

dentaruns to ensure robustness. For both the speaker personality generation phase and

the in-context learning experiments, we conducted experiments using LLaMA-2-70B. In

alignment with [84], we acknowledge that some prior works in the ERC field [88, 62]

reported results optimized directly on the test set, which may lead to inconsistencies

between reproduced and officially published results. For hyperparameter tuning, we se-

lectedathe besta model based on performance on the developmentaset, which is essential
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to ensure fair and generalizable model evaluation.

5.5 ResultaAnalysis

In thisasection, we first present the performance of TraceERC in comparison to recent

SOTA methods across three well-known benchmark datasets. We then conductaablation

studiesato examine the contributions of each individual module. Following this, we pro-

vide case studies that illustrate how TraceERC leverages speaker-specific information and

emotional context to rectify the misclassified samples. Lastly, we provideaan in-depth

error analysis to highlight and remaining challenges of our TraceERC framework.

5.5.1 Comparisonawith Previous Works

To evaluate the generalization of our proposedamethod,awe compare the TraceERC frame-

work against existing SOTA models under two learning scenarios: instruction fine-tuning

(Table 7.1) and in-context learning (Table 5.4). All reported values represent the averages

of ten independent runs with differentarandom seeds.

As shownain Table 7.1, TraceERC demonstrates superior performance compared to the

baselineaand achieves results highly competitive with recent SOTA methods. Notably,

it performs bestaon the MELD dataset. Regarding the comparison between Baseline

method (described in the section 5.3.2)incorporates conversational context and demon-

strates solid performance, TraceERC achieves consistently outstanding and significant im-

provements across all three datasets. In contrast to previous work BiosERC, which also

utilized speaker descriptions, TraceERC achieves superior performanceaon the IEMOCAP

andaMELD datasets. While TraceERC delivers competitive results relative to BiosERC

on the EmoryNLP dataset. Thisaphenomenon may be attributedato the unique charac-

teristics of the EmoryNLP dataset, which features an average of 3.34 speakers per conver-

sation and relatively shorter dialogue lengths. Under such conditions, speaker personality

traits play a more critical role than emotional context in enabling effective emotion recog-

nition. Another contributing factor is the generally lower emotion prediction accuracy
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Table 5.3: Performanceacomparison between our proposedamethod and previous
worksaon the test sets. Columna#T.Params. refers toathe number of trainable param-
eters. The marked star (∗) indicates the preprints (unofficial works). The abbreviation
“w/o EC” stands for the setting without using emotional context information. The no-
tation ‡ indicates the significantadifference (t-test) with theabaseline in levels p < 0.05.

Methods #T.Params. IEMOCAP EmoryNLP MELD

HiTrans [33] 64.50 36.75 61.94
DAG [62] 68.03 39.02 63.65
DialogXL [63] 65.94 34.73 62.14
DialogueEIN [43] 68.93 38.92 65.37
SGED + DAG-ERC [2] 68.53 40.24 65.46
S+PAGE [39] 68.93 40.05 64.67
MPLP [84] 66.65 - 66.65
MFAM [21] 70.16 - 66.65
ESIHGNNa [82] 68.53 39.56 63.92
EACL [81] 70.41 40.24 67.12

(LLM-based method)
MKFM [69] 68.88 39.76 65.66
∗DiologueLLM w/o video [86] - - 59.75
∗InstructERC +(ft LLM) [32] 71.39 41.39 69.15

(Implemented in this works)
Baseline Llama-2-7b(ours) 80× 106 68.15 40.32 68.01
TraceERCLlama-2-7b w/o EC (∼BiosERC) [77] 80× 106 69.02(▲ 0.87) 41.44(▲ 1.12) 68.72(▲ 0.71)

TraceERCLlama-2-7b (ours) 80× 106 69.41‡(▲ 1.26) 41.34‡(▲ 1.02) 69.04‡(▲ 1.03)

TraceERCLlama-2-13b (ours) 125× 106 71.32‡(▲ 3.17) 41.18‡(▲ 0.86) 69.91‡
(▲ 1.90)

observed for the EmoryNLP datasetacompared to other benchmark datasets in the ERC

domain. This lower accuracy increases the noise level in the provided emotional context,

thereby impacting model performance.

Compared to recent prominent methods based on GNNs, Transformers, or PLMs (as

shown in Table 7.1), TraceERC exhibits superior performance by harnessing LLMs to

effectively integrate multi-contextual information, encompassing dialogue context, speaker

personality context, and emotional context. These results underscore the capability of

LLMs to provide diverse, complementary information for ERC tasks, emphasizing their

robustness and significant potential for broader applications.

Additionally, when evaluated against LLM-based approaches such as MKFM [69], which

incorporates multiple external knowledge components, including topical relevance and

emotion causes, TraceERC achieves outstandingaperformance across all three benchmark

datasets due to its integration of more distinct and effective speaker-specific attributes

and emotional tones. TraceERC also performs competitively with InstructERC, while
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Table 5.4: Performanceacomparison between ouraproposed method and previous
worksaon the test sets in the in-context learning paradigm. The marked star (∗) indi-
cates the preprints (unofficial works).

Methods IEMOCAP EmoryNLP MELD

∗InstructERCLlama2 [32] 2.774 8.36 16.28
∗InstructERCChatGPT3.5 [32] 53.38 37.00 65.07
∗ChatGPT 3-shot [89] 48.58 35.92 58.35

BaselineLlama2 (ours) 49.11 20.77 32.96
TraceERCLlama2 (ours) 52.63‡(▲ 3.52) 23.36‡(▲ 2.59) 34.62‡(▲ 1.66)

bypassing the latter’s two-step procedure that relies on pre-trained LLMs to sequentially

identify speaker information for each utterance. Instead, TraceERC directly extracts

speaker personality traits by employing prompt-based methodologies, offering improved

efficiency and enhanced adaptability for practical applications.

In terms of in-context learning performance (Table 5.4), TraceERC demonstrated clear

advantages over the baseline model, achieving F1 scores improvements of 3.52%, 2.59%,

and 1.66% on three datasets, respectively. Moreover, our approach significantly outper-

forms the InstrucERC method when leveraging the open-source Llama-2, further validat-

ing the effectiveness of our proposed framework. Notably, our results on IEMOCAP are

competitive even with proprietary LLMs such as ChatGPT. To the best of our knowledge,

we are among the firstato effectively evaluate the capabilities of open-source LLMs for

in-contextalearning in the ERC task.

5.5.2 AblationaStudy

We conductedaan ablation study to assess the contributions of two key components,

speaker descriptions and emotional context, to the overall performance of TraceERC.

First, we designed three variants of speaker descriptions to investigate the impact of vary-

ing speaker personalities on the ERC tasks. These descriptions were supplemented with

a conversational profile as auxiliary information (as detailed in Table 5.5) and evaluated

them individually. We then conducted experiments within the TraceERC framework to

assess the role of emotional context, evaluating its effectiveness both in isolation and
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Table 5.5: Prompting template for generating different types of speaker descriptions and
their corresponding output examples.

DetailDesc

(Prompting
content)

Given thisaconversation between speakers: a{conversationacontent C} In over-
allaabove conversation, what do you thinkaabout the characteristicsaof speaker
{speakeraidentification sj}? (Note: provideaan answerawithin 250 words)

(Output
example)

SPEAKER 0 seems to be a friendly and playful person. In the conversation, they use
the phrase “little village people” to refer to the recipient of the gift, which suggests
a sense of affection and familiarity. The use of the word sweet to describe the gift
also implies a positive and cheerful attitude. Additionally, SPEAKER 0 seems to be
enthusiastic and optimistic, as they express their confidence that the recipient will
love the gift. Overall, SPEAKER 0 appears to be a warm and upbeat person who values
building positive relationships with others.

EmoTransDesc

(Prompting
content)

Given this conversationabetween speakers: {conversationacontent C} In over-
alla above conversation, what isaspeaker {speakeraidentificationa sj} ’s
emotionalatransformations and personality traits? (Note: providea an answera within
250a words)

(Output
example)

SPEAKER 0 starts with a friendly greeting, showing enthusiasm and energy, then ex-
presses confusion and surprise when mistakenly calling the person. This mistake and
the quick correction show that the speaker is not paying close attention to the conversa-
tion or is easily distracted. Overall, the speaker’s emotional transformation throughout
the conversation is minimal, as they maintain a lighthearted and playful demeanor.
SPEAKER 0 personality traits include being friendly, playful, and possibly easily dis-
tracted or lacking attention to detail.

ConciseDesc

(Prompting
content)

Given thisaconversation betweenaspeakers: {conversationacontent C} In over-
allaabove conversation,awhat do youathink about theacharacteristicsaof speaker
{speakeraidentification sj}? (Note: only 3 sentences)

(Output
example)

SPEAKER 0 seems to be friendly and curious, as they greet the other speakers and ask
about their activities. They also appear to be interested in the holiday candy making
process, as they ask about it. Overall, SPEAKER 0 seems to be a sociable and engaged
person.

incorporating with the optimal description to assess the role of emotional context (Ta-

ble 5.6).

Speaker Description.

As shown in Table 5.5, each variant of speaker description offers unique advantages. To

generate these personality descriptions, the LLMs are directed to restrict the output by

incorporating a “note” regarding the desired output length. These length constraints

are designed to guide LLMs toward generating content that is both concise and infor-

mative. As illustrated inaFigure 5.4, a comparison aof the lengths for the three different

speaker personalities reveals that the average word count for ConciseDesc is the short-
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est, followed by DetailDesc, with EmoTransDesc being the longest. DetailDesc refers
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Figure 5.4: Length distribution comparison of different speaker description variants on
the MELD dataset.
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Figure 5.5: Performance comparison of our TraceERC (excluding emotional context infor-
mation) with the baseline method across four types of speaker descriptions on the MELD
development set.

to the extraction of each speaker’s personality traits throughout the dialogue, providing

highly informative speaker-specific information within a limit of 250 words. As exempli-

fied in Table 5.5, this description analyzes the speaker’s behavior and emotional tone,

individual personality characteristics, and linguistic habits, enabling a deeper discourse

understanding of the underlying implicit meanings (e.g., interpreting phrases such as ”lit-

tle village people”). Moreover, it is capable of detecting complex human emotions, such

as sarcasm, in certain cases, thereby mitigating potential misinterpretations arising from

habitual speaking patterns. In contrast, ConciseDesc incorporates personality extrac-

tion with stringent length constraints. Specifically, the output is limited to a maximum

of three sentences, aiming to preserve essential speaker traits while omitting redundant

information, thereby achieving a more concise and efficient representation. To enhance

understanding of emotional dynamics, we developed EmoTransDesc, which prioritizes emo-
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tional conveyance in speaker descriptions. This method captures the emotional nuance,

speaker’s emotional inertia and transitions, ultimately producing personality descriptions

enriched with emotional context. In summary, by employing various prompt designs, we

extract diverse facets of speaker-specific information, providing critical insights that fill

gaps in existing datasets and enhance the understanding of the conversational context.

As shown in Figure 5.5, our TraceERC consistently outperforms the baseline system

when incorporating any type of speaker description. In contrast to prior studies [68],

which have demonstrated the importance of various speaker-specific external knowledge

sources provided by closed-source LLMs (e.g., ChatGPT), our work highlights the in-

sufficient attention given to the critical factor of speaker-specific personalities. Among

the three variants, the detailed speaker description (DetailDesc) and its concise ver-

sion (ConciseDesc) achieved the highest performance gains, which we attribute to their

emphasis on speaker modeling information. Therefore, these two description types are

selected for further experiments within the TraceERC framework, as discussed in the

subsequent sections.

To examine the generalization effectiveness of speaker descriptions across various learn-

ing scenarios, we conducted ablation experiments in bothain-context learningaand instruc-

tion fine-tuning using two distinct forms of speaker descriptions. As shown in Table 5.6,

the inclusion of speaker personality descriptions (without emotional context) consistently

improves performance across all datasets compared to the baseline in the instruction fine-

tuning setting. Similarly, in the in-context learning, compared toathe baseline in this

setting, integrating speaker personality descriptions (without emotional context) leads to

consistent performanceaimprovements across all datasets. with a notable improvement on

IEMOCAP from 49.33% to 53.51% (+4.18%). These findings underscore the robustness

and effectiveness of leveraging explicit speaker personality information, demonstrating its

robustness across various approaches in consistently improving performance.
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Table 5.6: Performance comparisonabetween our proposed method and theabaseline
model on the development set under the in-context learning and instruction fine-tuning
paradigms. The notation ‡ denotes the significantadifference (t-test) from the baseline in
levelsap < 0.05.

Methods Desc. type Emo. context IEMOCAP MELD

(In-context learning)

TraceERC
ConciseDesc yes 53.58‡ 33.67‡

ConciseDesc no 53.51‡(▼ 0.07) 32.07‡(▼ 1.60)

DetailDesc no 51.17 (▼ 2.41) 32.17‡(▼ 1.50)

Baseline (none) no 49.33 (▼ 4.25) 30.20 (▼ 3.47)

(Instruction fine-tuning)

TraceERC

ConciseDesc yes 69.78‡ 70.20‡

DetailDesc yes 69.30‡(▼ 0.48) 69.79(▼ 0.41)

(none) yes 67.73‡(▼ 2.05) 69.27(▼ 0.93)

ConciseDesc no 66.42 (▼ 3.36) 69.54(▼ 0.66)

DetailDesc no 65.96 (▼ 3.82) 69.69(▼ 0.51)

Baseline (none) no 65.33 (▼ 4.45) 69.15(▼ 1.05)

Emotional Context.

In this section, we conduct ablationastudies to rigorously examine the contributionaof

emotional context information in TraceERC under both fine-tuningaand in-context alearning

settings. As shown in Table 5.6, we performed ablation experiments using two versions

of personality descriptions across two datasets. In the instruction fine-tuning scenario,

integrating emotional context information consistently led to significant performance im-

provements across both datasets compared to the baseline. Notably, in the IEMOCAP

dataset, incorporating emotional context alone—without any speaker-specific informa-

tion—resulted in a substantial 2.4% performance gain.

Our findings reveal that integrating the speaker’s personality with emotional context

information yields better performance than using either component individually across

both datasets. This demonstrates that TraceERC effectively leverages emotional context

to establish an overarching emotional atmosphere, and when integrated with speaker per-

sonality characteristics and contextual semantics, forms a more comprehensive foundation

for emotion recognition. The impact of emotional context is particularly pronounced in

the IEMOCAP dataset. When emotional context was incorporated alongside both the
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concise (ConciseDesc) and detailed (DetailDesc) speaker descriptions, performance im-

proved by 3.36% and 3.34%, respectively, compared to using speaker information alone.

These enhancements translated to overall gains of 4.45% and 3.97% over the baseline.

Similarly, in the MELD dataset, integrating speaker information with emotional context

resulted in a 1.05% performance improvement. This further validated the effectiveness of

emotional context information and highlighted its strong synergistic effect when combined

with speaker-specific features.

In the in-context learning setting, both speaker descriptions and emotional context

demonstrated their effectiveness. When integrated, they led to improvements of 4.25% on

IEMOCAP and 3.47% on MELD compared to the baseline. These results highlight two

key benefits: enhanced the quality of retrieving similar demonstrations (speaker-based

few-shot examples), and effective emotional guidance provided by incorporating dynamic

emotional context.

To demonstrate the importance of emotional context and further examine its effect on

overall performance, we conducted experiments by injecting the low quality emotional

context predictions (Eec in Algorithm 1) into the TraceERC framework. To achieve this,

we used the predictions (Eec) generated by earlier checkpoints of the ERC system as

modules for emotional context generation and re-evaluated the fine-tuned TraceERC with

these inputs (Figure 5.6). The results align well with expectations, as shown by the red

line in Figure 5.6, incorporating extracted emotional context (illustrated by the blue line)

into the TraceERC consistently and reliably enhances performance.

These results demonstrate three key insights: (i) As the quality of the emotion context

improves, TraceERC ’s performance continuously increases and remains consistently su-

perior, providing clear evidence of the effectiveness of incorporating emotion context. (ii)

The performance gains of TraceERC are more pronounced in the early stages of emotion

context enhancement than in later stages, indicating an upper limit to the benefits of

emotion context integration. Notably, TraceERC effectively maximizes the potential of

incorporating emotional context. (iii) Since the emotion context can be extracted using

various models that integrate diverse types of information, our approach is highly flex-
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ible, ease of implementation and broadly applicability, as it is compatible with various

emotional context extraction models.
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Figure 5.6: Dependence of performance between the emotional context model and our
TraceERC model. The blue dashed line shows the equivalent alignment between the x-
and y-axes of the graph.

5.5.3 Analysis of Emotional Context Quality and Its Impact on

Performance

We argue that incorporating predicted emotional context serves two main purposes: (1)

it helps the model grasp the emotional atmosphere of the conversation, enhancing its

adaptability and preparedness for subsequent emotional transitions; and (2) it provides

personalized emotional guidance tailored to each target utterance within its dialogue

context.

Furthermore, by using predicted emotion labels to construct the emotional context,

the model is encouraged to learn from its predictions and allowing for self-correction,

and then enhances robustness. In contrast, using golden emotion labels would introduce

strong bias and eliminate the model’s opportunity to learn from its mistakes. To validate

our approach, we provide results under three settings as shown in Table (5.7): (a) using

only predicted labels in the training process, (b) combining predicted and golden labels

in the training process, and (c) using only golden labels in the training process. These
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comparisons are presented in the table (Table ) and have been updated both in the thesis

and the corresponding slides.

Table 5.7: Performanceacomparison among variantsaof BiosERC on theaMELD develop-
ment set.

Methods Models Weighted-F1

a. PredEC TraceERC(Llama-2-7B) 69.78
b. GoldEC TraceERC(Llama-2-7B) 68.13
c. GoldEC + PredEC Llama-2-chat-70b 68.97

To further examine the role of emotional context, we conducted supplementary experi-

ments to analyze how model performance varies under different levels of emotional context

quality. As shown in Fig. 5.7, the x-axis indicates the quality score of emotional context

within the local context (ranging from 0 to 1), and the y-axis represents the change in

model performance after incorporating emotional context.

The results clearly show that, even when the emotional context is of only moderate

quality, its inclusion consistently leads to performance gains over the baseline without

emotional context. This demonstrates that emotional context serves as a robust and

valuable signal for improving emotional understanding in dialogue. Notably, the positive

impact holds across varying quality levels, emphasizing its generalizability and resilience.

5.5.4 Error Analysis

In this section, to thoroughly inspect the current limitations of TraceERC and compare

its performance against the baseline model, we depict confusion matrices to visually eval-

uate the predictions on two settings: emotional confusion (Figures 5.8, 5.9), and bipolar

sentiment confusion (Figures 5.10, 5.11). To obtain sentiment confusion matrices, we

map predicted emotional labels to bipolar sentiment categories using heuristic rules. For

instance, happy and excited are mapped to positive, while frustrated, angry, and sad are

categorized as negative.

Figure 5.8aandaFigure 5.9 clearly illustrate that:a (i) TraceERC outperforms the base-

line in generalizing emotion recognition accuracy across all emotion labels within both
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Figure 5.7: Impact of emotional context quality on model performance in the local context
setting

IEMOCAP and MELD dataset. (ii) Notably, the model shows significant improvements

for highly salient emotions. On the IEMOCAP dataset, accuracy for happy, angry, and

excited increases by 22.6%, 4%, and 3.6%, respectively. On the MELD dataset, recogni-

tion accuracy for fear, sadness, and disgust sees substantial improvements of 8.2%, 8.1%,

and 9.2%, respectively (in diagonal of Figure 5.8). (iii) It substantially mitigates con-

fusion between similar emotions. The most challenging misclassification in the baseline

is mistaking happy for excited and is notably reduced from 41.3% to 21.3%, while the

misclassification of angry as frustrated decreases from 19.4% to 16.9%. Similarly, in the

MELD dataset, the confusion between angry and frustrated drops from 15.6% to 8.4%.

These findings substantiate that by incorporating the static personality traits of speakers

and dynamic emotional context, TraceERC not only captures speaker emotional fluctua-

tions with greater precision but also leverages emotional context to better understand the

relationship between labels and their corresponding utterances. This enables the model

to distinguish subtle differences between emotion labels, thereby enhancing its ability to
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Figure 5.8: Comparison ofaconfusion matrices between our TraceERC (right) and the
baseline system (left) on the IEMOCAP dataset.

Figure 5.9: Comparisonaof confusion matrices between our TraceERC (right) and the
baseline system (left) on the MELD dataset.

capture emotional nuances effectively.

In terms of bipolar sentiment analysis, our approach significantly improves the model’s

ability to distinguish between positive and negative emotions. On the IEMOCAP dataset

(as shown in Figure 5.10), the accuracy of correctly identifying positive and negative

emotions increased by 1.7% and 1%, respectively, while the probability of completely con-

fusing positive and negative emotions decreased by 1.2%. Similarly, on the MELD dataset

(as shown in Figure 5.11), the accuracy of identifying positive and negative emotions im-

proved by 0.6% and 2.9%, respectively, with a 2.0% reduction in the probability of total

confusion between these emotions. These results highlight the tangible benefits of incor-

porating speaker-specific descriptions and emotional context information. Even in cases

where our approach may not fully capture certain specific emotions within individual sen-

tences, it deepens the model’s understanding of the conversational context, enabling it to

recognize the emotional tone of the sentence and mitigate the issue of confusion between

positive and negative classifications. This helps reduce sentiment-level misclassification
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and demonstrates the practical utility of our approach for real-world emotion recognition

tasks.
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Figure 5.10: Comparison of confusion matrices between our TraceERC (right) and the
baseline system (left) after mapping to sentiment labels on the IEMOCAP dataset.
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Figure 5.11: Comparisonaof confusion matrices between our TraceERC (right) and the
baseline system (left) after mapping to sentiment labels on the MELD dataset.

5.5.5 CaseaStudy

This section presents a detailed analysis of representative cases from the MELD and

IEMOCAP datasets, highlighting the significance of static speaker personality and the

impact of emotional context. As illustrated in Tables 5.8, 5.9, 5.10, we compare the

performance of TraceERC, TraceERCnoEC (without emotional context), and the baseline

system. First, speaker personality offers crucial speaker-specific information, enabling the

model to interpret utterances accurately despite surface semantics. In the first example

Ses03M impro08, our model effectively extracts that “Robert” starts the conversation

calmness and professionalism, and attempts to remain polite. Embedding speaker-specific

descriptions allows our method to recognize that Robert’s professional role necessitates

polite interactions with clients. This enables the model to correctly interpret Robert’s
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Table 5.8: Case studyaof improvement examples collected from two datasets. The redaand
green labelsarefer to the incorrect and correct prediction by the models,arespectively.

Idx
IEMOCAP: Conversation Ses03M impro08

Label Baseline TraceERCnoEC TraceERC
ROBERT JENNIFER

d0 ROBERT starts the conversation calmly and professionally. He attempts to remain polite, but his tone ... Ultimately, ROBERT’s
frustration boils over, and he makes a veiled threat to JENNIFER...

d1 JENNIFER’s emotional transformation during the conversation is quite drastic, starting off frustrated and gradually becoming more
aggressive and hostile towards ROBERT. Her personality comes across as assertive and demanding, as she is determined to get
her phone service restored and her frustration mounts. Despite ROBERT’s attempts to placate her, JENNIFER remains unsatisfied
and ultimately ends the conversation in a confrontational manner.

u41
I’m really sorry ma’am. There’s not—-a lot
we can do for it.

neutral frustrated neutral neutral

u42 That you better be sorry. angry angry angry angry

u43
Well you’re not helping me at all. God this
is so frustrating.

frustrated angry angry angry

u44

What I can do for you, if you want to
make a call right now, I could contact you
through our computer...

neutral frustrated neutral neutral

u45
What? No. That’s way too complicated.
Look–

frustrated angry angry frustrated

u46
you need to fix my phone. I don’t care what
you have to do.

frustrated angry angry frustrated

u47
I’m sorry it has to do with an electrical
power outage and stuff.

neutral neutral neutral neutral

u50
No, no, no. I didn’t choose to live here. I
work there. Okay? Yeah. work work work

frustrated frustrated frustrated frustrated

u51
Well I’m sure maybe there’s a phone at
work you could use.

neutral neutral neutral neutral

utterances (e.g., #41 and #44) as expressing a neutral emotion, even though their sur-

face semantics may appear negative. Second, the integration of emotional context and

speaker personality descriptions effectively alleviates confusion between similar emotions.

In the first example Ses03M impro08, utterances #45 and #46 were initially ambiguous

between “angry” and “frustrated”. Although Jennifer’s personality is identified as quite

drastic, frustrated and gradually becoming more aggressive and hostile towards ROBERT.

making her overall emotion clearly negative, distinguishing similar emotions remains chal-

lenging. However, the emotional context provides dynamic examples of frustration and

anger (e.g., frustrated in utterance #50 and angry in utterance #43), offering the model

concrete references aligned with both Jennifer’s personality and the conversation’s actual

emotional states. The third example (#5 in MELD conversation 1143) further demon-

strates this. This facilitates a nuanced analysis of the emotional undertones specific to

each speaker, enabling a deeper understanding of the semantic implications of emotion la-

bels in varying conversational contexts and different speakers. Third, handling incomplete

and multi-speaker dialogues, in the second example (MELD dialogue 1146), the charac-

teristics of the MELD dataset become apparent, including incomplete dialogue content,
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Table 5.9: Case study ofaimprovement examples collected from two datasets. Red and
green labels indicate incorrect and correct model predictions, respectively.

Idx
MELD Conversation 1146

Label Baseline TraceERCnoEC TraceERC
Speaker 0 Speaker 1 Speaker 2

d0 SPEAKER 0 begins the conversation with a confident statement about their identity, ...SPEAKER 0 remains engaged in the
conversation and open to feedback, indicating a willingness to learn and grow.

d1 SPEAKER 1’s emotional transformation during the conversation is quite drastic, starting from a playful and lighthearted tone to
a more serious and frustrated one. This transformation is evident in the way their language changes, ... SPEAKER 1’s personality
comes across as confident and assertive, as they express their strong opinions and emotions without hesitation.

d2 SPEAKER 2’s emotional transformation during the conversation is minimal, as they remain uncertain and insecure about their
acting abilities. Their personality is revealed to be humble and self-doubting, as they question their own talent despite praise
from others. Throughout the conversation, SPEAKER 2’s language use suggests a desire for validation and reassurance, indicating a
reliance on external approval for their self-worth.

u0 I am. neutral neutral neutral neutral

u1 Joey, what are you talking about? You’re a terrific actor. neutral surprise neutral surprise

u2 You really think so? surprise neutral surprise surprise

u3 Ugh, how can you even ask that question?! surprise neutral surprise surprise

Table 5.10: Case studyaof improvement examplesacollected from two datasets. Red and
green labelsarefer to the incorrect and correct model predictions, respectively.

Idx
MELD Conversation 1143

Label Baseline TraceERCnoEC TraceERC
Speaker 0 Speaker 1

d0 SPEAKER 0 emotional transformation during the conversation is quite drastic, starting from a playful and happy tone to a
more serious and defensive one,..., but also insecure and defensive when faced with the possibility of expressing their true
feelings. Despite their attempts to downplay their emotions, SPEAKER 0’s genuine feelings are revealed through their actions
and reactions to SPEAKER 1’s words.

d1 SPEAKER 1 transforms from a playful and teasing tone at the beginning to a more serious and emotional tone towards
the end, showing a sensitive side. Throughout the conversation, SPEAKER 1 displays a persistent and determined personality...

u3 Look, Monica neutral neutral neutral neutral

u4 Look! surprise neutral anger joy

u5 This is not going to work. anger neutral sadness anger

u6 I bet this will work! joy joy joy joy

u7 You are so great! I love you! joy joy joy joy

u8 What? surprise neutral surprise surprise

u9
Nothing! I said, I said ”You’re so great”
and then I just, I just stopped talking!

fear anger joy fear

multiple speakers, and simplistic interactions, as it is derived from TV show excerpts.

Sentiment recognition in text-only settings is particularly challenging in such contexts

due to the absence of visual and speech cues. However, our speaker description and

emotional context effectively extract additional relevant information from the available

context, enhancing recognition efficiency for short dialogues with limited contextual in-

formation. Fourth, discerning emotional polarity in ambiguous utterances. In the final

example (MELD dialogue 1143), it is evident that incorporating speaker personality in-

formation and emotional context enables the model to discern the negative or positive

inclination of conversational utterances, as demonstrated in sentences #5, #8, and #9.

Fifth, recognizing ultra-short utterances. Our approach proves particularly effective in
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recognizing ultra-short utterances within dialogues, as seen in sentences #4 (Look!) and

#8 (What?), where traditional methods struggle due to the lack of explicit emotional

cues. The inclusion of the speaker’s personality and emotional context provides essential

interpretative cues, improving emotion classification in such cases.

5.6 Chapter Summary

In this section, we proposed TraceERC, a novel contextual emotion recognition framework

that holistically integrates utterance content, explicit speaker personality, and emotional

state context. By pioneering the extraction of previously overlooked speaker-specific in-

formation through Large Language Models (LLMs), and by providing emotion-labeled

contextual exemplars for atmosphere modeling and dynamic emotional guidance, our ap-

proach significantly enhances emotion recognition accuracy across diverse conversational

contexts. Experimentalaresults on three well-known datasets demonstrate that our pro-

posed method significantly improves baseline models and achievesacompetitive results

with SOTA methods. The framework is not only effective in modeling speaker personal-

ity and emotional transitions within conversations but also simple and flexible, making

it readily applicable to a broad range of user modeling and sentiment analysis tasks in

natural language processing.
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Chapter 6

Cross-Lingual Multi-Label Emotion

Detection Using Generative Models

6.1 Motivation and Objectives

With thearapid expansion of socialamedia and the increasing prevalence of globaladigital

communication, onlineaplatforms have become a dominant channel for information ex-

change and opinion sharing [51]. With users from diversealinguistic and cultural back-

grounds increasingly expressing their opinionsathrough online comments, there is a grow-

ing need for robust cross-lingualasentiment detection systems [51]. Consequently, multi-

lingualasentence-level sentimentaanalysis has emerged as a critical taskafor tracking pub-

licasentiment across different languages and regions [74]. Sentimentaanalysis remains one

of the most extensively researched areas in NLP. In text-based emotion recognition, it

isacommon for a singleasentence to convey multipleaemotions with varying intensities

[12]. This challenge is further compounded by the limitedaavailability of annotated train-

ing data, particularly for low-resourcealanguages, and the insufficient representation of

these languages in existing pre-trained language models.

To addressathese challenges, this studyaexplores the integrationaof PLMs suchaas RoBERTa

andaLLMsfor multi-labela sentiment analysis acrossaboth high-resourcealanguages (e.g.,

Englishaand Chinese) and low-resourcealanguages (e.g., various Africanalanguages).a We
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formulated the multi-labelaemotion recognition as a text generation task and leverage the

capabilitiesaof multilingual PLMs models toaenhance both semanticaunderstanding and

emotional tone recognition,aespecially in low-resourcealanguages. Furthermore,ato tackle

theamulti-label classification challenge,awe propose two complementary methods:athe pair-

wise method andathe baseamethod. Our findings further demonstrate that training the

model on a combined multilingual dataset yields better performance than training on

monolingual data, indicating the benefits of cross-lingual knowledge transfer.

We participated in both tracks of SemEval-2025aTask 11:aBridging the Gap ain Text-

Based EmotionaDetection. Extensive evaluations, including ablationastudies, confirm the

effectivenessaof our proposed approach in addressing both sub-tasks: multi-label emotion

classification (Track A) and emotion intensity detection (Track B). In Track A, our sys-

tem ranked among the top four across ten languages, achieving first placeain Hindi. In

TrackaB, it placed within the topafive for seven languages,afurther demonstrating the

robustness and generalizability of our method. Overall, our approach exhibitsastrong

cross-task performance and offers a scalable and practical solution for emotion detection

in low-resource language settings, where such capabilities are particularly critical.

6.2 Related Works

Sentence-level sentiment analysis (SLSA) has undergone substantial advancements pro-

pelled by deep learningaand the emergenceaof multilingualasentiment detection tech-

niques. Earlyaresearch in this area primarily focused onaextracting handcraftedasentiment

featuresasuch as n-grams [67], sentiment lexicons, and rule-based heuristics [6] to enhance

SVM-based classifiers [29] and feed-forward into convolutional or recurrent neural net-

works [6, 49]. These methods depended on staticaword embeddings, which constrained

their capacity to capture complex linguistic phenomena, including long-range dependen-

cies and cross-lingual variations.

To overcome thesealimitations, researchers adopted Transformer-basedaPLMs such as

BERTaand T5 [59], which moreaeffectively captureafine-grained emotionalarepresentations
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[93, 38] by encoding richer semantic information. In multilingual sentiment analysis do-

main, architectures like mT5 [79] and XLM-RoBERTa [9] learn cross-lingual embeddings

that have become the de facto standard for sentiment analysis across multiple languages

[24]. The field has witnessed significant progress with the advent of LLMs, such as LLaMA

2 [66], which have driven major breakthroughs across a wide range of NLP tasks [70, 61].

These models demonstrate strong zero-shot and few-shot learning capabilities, making

them highly adaptable to novel sentiment analysis tasks [46]. In the domain of ERC,

LLMs have been effectively employed with prompt-based techniques to extract latent

supplementary knowledge from text, which is then injected to support more accurate

emotion recognition [78]. In the broader NLP landscape, a range of techniques—such as

fine-tuning, prompting, transfer learning, and domain adaptation—have proven essential

for adapting LLMs to sentiment analysis tasks across various domains and languages.

Despite these advancements, mostaPLMs are primarily trainedaon English corpora, lim-

iting their effectivenessain multilingual sentimentaanalysis unless additionalafine-tuning

is applied to optimizeaperformance across diversealinguistic settings [85]. To address this

limitation, numerous studies haveaexplored the use of LLM embeddings for sentimenta

classification in low-resourcealanguages, aiming to assessatheir cross-lingualaadaptability

[10, 50]. In this work, we leverageaBERT-based multilingual models toaextend multi-label

sentimentaclassification tasks, facilitating moreaeffective knowledgeatransfer across lan-

guages. Furthermore, by incorporating LLMs, weaintroduce a pairwise emotional recog-

nition strategy that focuses onaone label at a time, enabling the model to more ac-

curatelyacapture both emotional intensity and sentimentapolarity within each sentence.

Additionally, we reformulateathe multi-label classificationatask as a textageneration prob-

lem, thereby enhancing the model’s flexibility and generalization capabilities acrossaa

wider range ofaNLP tasks.
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6.3 Methodology

In this work, the target task focuses on multilingual emotion perception, which aimsato

identify theaemotion that a majority of peopleawould associate with the speakerabased

on a givenasentence or shortatext snippet.aGiven a text input x,athe objective is twofold:

(i) to retrieve all relevant emotional labels expressed (ye) in the text (Track A: multi-label

emotion classification), and (ii) to estimate the intensity (yi) of each emotion class (Track

B: emotion intensity regression).

6.3.1 System Overview

To addressathe challenges ofacross-lingual emotionarecognition, we leverage the strengths

of pre-trained multilingual models. Our system is built upon two core architectures: (1)

fine-tuned BERT-based classification models [14], and (2) instruction-tuned generative

LLMs, inspired by recent state-of-the-art approaches in emotion recognition [78]. To ef-

fectivelyahandle multi-labelaclassification, we proposeatwo complementary strategies: (1)

the baseastrategy, which directly maps the input text to a set of associated emotion

labels;aand (2) the pairwiseastrategy, which independentlyaevaluates the relationship be-

tween the input andaeach candidate label, enabling more fine-grained emotion detection.

base:a IPA({ye} | x) IPB({⟨ye, yi⟩} | x) (6.1)

pairwise: IPA({0, 1}a | x, ye) IPB(yi | x, ye) (6.2)

Here, x denotes the input text; IPA and IPB represent the probability models used for

TrackaA and TrackaB, respectively; and ye and yiarefer to the emotional label and its

correspondingaemotional intensity, both drawn from aapredefined labelaset.

6.3.2 Methods

BERT-basedamethod. As a baseline, we implement a BERT-basedamulti-label clas-

sification model. Specifically, we append fully connected layers with non-linear activa-
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tionafunctions—sigmoida(σ) and tanh—onatop of the BERTaarchitecture. These layers

transform the representation of the [CLS] token [14] from theahiddenarepresentation to

an output space aligned with the number of emotion labels. Formally, the computation

is defined as:

hCLS, hwords = BERT(x) (6.3)

hout = σ(tanh(hCLS ·W h) ·W o) (6.4)

During fine-tuning, the learnable weights (W ∗)aare optimized using a cross-entropyaloss

function to maximize thealog-likelihood ofathe correct label assignments based on the

annotated training data.

LLM-based method. To leverage the advanced language understanding capabil-

ities of LLMs [66], we adopt an instructionaprompting approach (highlightedain blue

inaTable 6.1) to explicitly convey the task objective. Our methodologyafollows the in-

structionafine-tuning paradigm, optimizing a causal languageamodeling objective toatrain

the LLM to generate emotionalalabel text,awhich is highlighted inared in Table 6.1.

s = instruction-prompting(x, y) (6.5)

IP(s) = Π
|s|
z=1IP(sz|s0, s1, ..., sz−1) (6.6)

Here, s and x denoteasequences of tokens, while z representsathe tokenaindices within the

promptingainput (see Table 6.1). To improveatraining efficiency, we employaLoRA [22], a

lightweightafine-tuning technique that reducesathe number of trainable parameters. The

fine-tunedaLLM is trained to model the conditionaladistribution of emotional labelsa(or

emotionalaintensities) given the prompt s. Duringainference, the emotionalalabel y, which

is excluded from the inputaprompt, is generatedaby the LLM.

As described in the overview section, we implement two modeling strategies to solve this

task: base and pairwise methods. Both approaches employ the same training techniques

across tracks A and B. Examples of generated outputs for both tracks are presented in
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systema
You are an expertain analyzing theaemotions expressedain a naturalasentence. The emotionalalabel set in-
cludes {anger,afear, joy, sadness,asurprise}. Each asentence maya have one or moreaemotional labels, or
noneaat all.
user
Givenathe sentence: “{inputatext: x}”, which emotionsaare expressed in it?
assistant
{emotionalalabel in text: ye or ⟨ye, yi⟩}

Table 6.1: Instructionaprompting using the base template (track A).

Taska Strategya Inputa Outputa Output example

Track A base x {ye} “disgust, sadness”
Track B base x {⟨ye, yi⟩} “moderate degree of anger, low degree of

sadness”
Track A pairwise x, ye {0, 1} “yes”
Track B pairwise x, ye yi “moderate”

Table 6.2: Examplesaof output formatafor text generation.

Table 6.2. Detailed examples for each track are provided in Table 6.3 and Table 6.4.

system
You areaan expert in analyzingathe emotionsaexpressed in a naturala sentence. The emo-
tionalalabel set includes {anger, afear, joy,a sadness,a surprise}. Eacha sentence may have
one aor more emotionalalabels, or noneaat all.
usera
Given theasentence: “bro donta do this ato us”, whicha emotions andatheir correspond-
ingaintensities are expressedain it?
assistanta
feara

system
You areaan expert in analyzingathe emotionsaexpressed in a naturala sentence. The emo-
tionalalabel set includes {anger, afear, joy,a sadness,a surprise}. Eacha sentence may have
one aor more emotionalalabels, or noneaat all.
user
Given the sentence: “I couldanot unbendamy knees.”, is the emotionaanger expressed in it?
assistanta
Noa

Table 6.3: Instructionapromptingatemplates for the base (top) and pairwisea(bottom)
strategies in TrackaA.

6.4 Experiment

Dataset.a To evaluate the effectiveness of our proposed methods, we employ the orig-

inal emotional datasets released by the SemEval Task 11 organizers. This dataset com-
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system
You areaan expert in analyzingathe emotionsaexpressed in a naturala sentence. The emo-
tionalalabel set includes {anger, afear, joy,a sadness,a surprise}. Eacha sentence may have
one aor more emotionalalabels, or noneaat all.
user
Givenathe sentence: “A pennyahit me asquare inathe face.”, whichaemotionsaand
theiracorresponding intensitiesaare expressedain it?
assistant
moderate degree aof anger, low adegree of asadness

system
You are an expert in analyzing the emotions expressed in a natural sentence. The emotional label
set includes {anger, fear, joy, sadness, surprise}, with three levels of intensity: low, moderate,
and high. Each sentence may have one or more emotional labels, or none at all.
user
Given the sentence: “Totally creeped me out.”, what is the intensity of the emotion fear
expressed in it?
assistant
high

Table 6.4: Instructionaprompting template for the base (top) and pairwise (bottom)
strategies in Track B.

prises three subsets—training, development, and test—distributed across two competition

phases:adevelopment and test. For improvedageneralization, we consistentlyareserve 10%

of the training data fromaeach language as an internaladevelopment set. This held-outa

portion is used for hyper-parameteratuning and model checkpoint selection. To accom-

modate the multilingual nature of the task, we define two training configurations: (1)

separatedspacexlangs, where an independent model is trained for eachspacexlanguage, and

(2) mixedspacexlangs,spacexwhere a unified model is trained jointly on all languages.

Evaluation Metric. Following the competition guidelines, the evaluationametric for

TrackaA is the macro-averagedaF1 score, whileafor TrackaB, it is the Pearsonacorrelation

coefficient abetween the apredicted and gold-standardalabels.

Experimental Setup. Allaexperiments are implemented using widelyaadopted frame-

works such as PyTorchaand HuggingFace.aFor pretrainedaLLMs, weaprimarily experi-

ment withaXLM-RoBERTa-Large, Llama2a(7B-13B), and Qwen2.5a (14B–32B). Hyper-

parametersaare set with a learning arate of 3× 10−4, optimizedausing theaAdamW algo-

rithm, and training proceeds for 5–6 epochs.
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6.5 Result Analysis

We evaluate our proposed methods and their variants on the development set to identify

the best-performing configurations for each language. The selected configurations, which

are used for the final test submissions, are highlighted in red in Tables 6.5 and 6.6.

6.5.1 Track A:aMulti-label Emotion Detection.

Development Result. As shown ain Table 6.5, we evaluate both the basea and pair-

wise amethods on Qwen-32B,a Qwen-14B,a and RoBERTaa models. The resultsaindicate

that the Qwenamodels employing the pairwise strategy consistently achieve the highest

overall performance. However,ain datasets where most samples containazero or onlyaone

emotion label,athe baseamethod outperforms the pairwiseaapproach. This suggests that

while the pairwise astrategy isainherently better suited for multi-labelaemotion recogni-

tion, it may be less effective in scenarios characterized by sparse label distributions. Fur-

thermore, for low-resource languages,aLLMs tend to exhibit inferior performance, whereas

the RoBERTa-basedamodels demonstrate greater robustness.

Test Result. Our approach achieves competitive performance across languages: 4th

place for Chinese (CHN), Spanish (ESP), Nigerian Pidgin (PCM), and Brazilian Por-

tuguese (PT-BR); 3rd place for Algerian Arabic (ARQ), Egyptian Arabic (ARY), Roma-

nian (RON), and Russian (RUS); and top ranks of 2nd and 1st for Swedish (SWE)aand

Hindi (HIN),arespectively. Thesearesults demonstrateathe generalizability and efficiency

of our methods.

6.5.2 Track B: Emotion Intensity.

Thearesults of TrackaA highlight the superior performance of LLMs compared ato the

XLM-RoBERTaamodel, motivating us to focus primarily on LLM-based experiments

rather than XLM-RoBERTa in thisatrack.

Development Result. Asashown in Table 6.6, weaconducted experiments employing

both the baseaand pairwise strategies on theaLLaMA 2 and Qwen-32Bamodels. Thearesults
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demonstrate thatathe Qwen-32B model consistently outperforms LLaMAa2, and that the

pairwiseastrategy achieves superior performance compared to the base method.

Test Result. In the final evaluation of TrackaB across 11alanguages, our system

ranks 3rd for Ukrainiana(UKR) and Algerian Arabica(ARQ), 4th for Romaniana (RON),

and 5th for Russiana(RUS), Brazilian Portuguesea(PT-BR), Englisha(ENG), and Ger-

mana(DEU). With top-fivearankings in sevenalanguages, thesearesults confirm the effec-

tivenessaand cross-lingual generalizabilityaof our approach.

6.5.3 ResultaAnalyses

StrategiesaComparison: Base vs. Pairwise Strategies. To gainaa compre-

hensiveaunderstanding of the two modeling strategies, we analyze the distributionaof

improved samples—measuredaby the F1 score at the instance level—acrossafour lan-

guages: English,aSwedish, aChinese, aand Kinyarwanda. The results are illustrated in

Figure 6.1 for Tracka A and Figure 6.2 for TrackaB. Ourafindings reveal that the pair-

wiseastrategy predominantlyaenhances performance on samples from languagesahat fre-

quently express multiple emotions per sentence, notably Englishaand Swedish. In con-

trast, for languagesaor datasetsacharacterized by a limited number of emotionalalabels

per instance—such as Chineseaand Kinyarwanda,awhere samplesatypically contain zero

to twoaemotions—the baseastrategy exhibits a clear advantage. We attribute this phe-

nomenon to the fact that the pairwiseastrategy independently evaluates each emotion

label, rendering it more asensitive to labelaimbalance. This characteristic can hinder its

performance in low-variance settings. On the other hand, the base strategy jointly pre-

dicts all emotion labels for a given input, which appears to be advantageous in contexts

where only a few emotions are typically present.

EmotionalaType. To assess the model’s effectiveness in capturingaemotional inten-

sityaacross different emotions,awe plotted theadistribution of emotionalalabels alongawith

theiracorresponding intensity values, as shown in Figure 6.3. These experiments were

conducted by aggregating data from all languages, enabling us to examine the corre-
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Figure 6.3: Overall performanceaof the pairwise strategyaacross all emotional labelsaand
languages (TrackaB).

lation between emotion type, label frequency, intensity, and model performance. Our

analysisarevealed that classes with limitedatraining data, suchaas high-surprise aand

high-joy, generally exhibited lower performance inaour system. Conversely, the predomi-

nant class, disgust, achievedathe highestaperformance compared to otheraemotional cat-

egories,aincluding surprise—especiallyahigh-surprise.

Mixed languages. In bothaSub-tasks Aaand B, the mixed-language setting—whereaa

singleamodel is fine-tuned jointly across alla languages—demonstratesasuperior perfor-

mance compared to training aseparate modelsafor each language (Tables 6.5, 6.6). We

attribute this improvement to a moreabalanced distributionaof emotion categories within

the multilingual training corpus, as well as the model’saenhanced ability to general-

izeaacross diverse linguistic contexts. These findings underscore the advantages of lever-

aging cross-lingualatransfer learning in multilingual emotion recognition tasks.

6.6 Chapter Summary

In thisawork, we presented a multilingual emotionarecognition system developed for SemEval-

2025aTask 11. Our system demonstrates competitive performance, ranking among the top

98



teams across multiple languages. To address the challenges of multilingual and multi-label

emotion recognition, we designed two complementary architectures—BERT-basedaand

LLM-based—and explored two decoding strategies: base and pairwise. Through exten-

sive experimentation, we analyzed the strengths and limitations of each approach across

different settings, including language-specific and mixed-language training, as well as

variations in emotional intensity and class distribution. The empirical resultsavalidate

the simplicity and effectivenessaof our proposed methods. They also underscore the im-

portance of strategy selection based on language and label characteristics. Ourafindings

provide valuableainsights for futurearesearch in multilingual emotion recognition and offer

practical guidance for extending these techniques to other cross-lingual and low-resource

tasks.
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Chapter 7

Conclusion and Future Work

7.1 Conclusionaand Future Work

7.1.1 Conclusion

Our work primarilyafocuses on two key areas: (1) Emotion Recognition in Conversations,

and (2) Multilingual multi-label emotion analysis.

In the ERC domain, we explore several under-investigated yet crucial aspects and list

the main ERC models in recent years and their comparison with various models proposed

by us in the table 7.1:

• Emotional Context Modeling: We propose the Long-range dependencY emotionS

Model (LYSM), which captures long-range emotional dependencies across entire

dialogues. LYSM demonstrates strong and competitive performance on four bench-

mark datasets, despite its simple and modular architecture. The modularity makes

it easily integrable into other emotion recognition frameworks.

• Utterance Modeling: We introduceAccumulatingaWordaRepresentations in Multi-

levelaContext Integration fora ERC Task (AccWR), which accumulates word-level

representations within utterances and integrates them with the surrounding con-

text. This sequence is then input into a PLM (e.g., RoBERTa), fully leveraging

its power. Experimental results across four widely-used benchmarks show that our
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model not only surpasses many existing approaches but also rivals SOTA systems.

Furthermore, this method holds broader potential for context-aware sentence rep-

resentation tasks such as response generation, multi-turn QA, and dialogue-based

semantic parsing.

• Speaker Modeling: We propose BiosERC: Integrating of Biography Speakers Sup-

ported by Large Language Model for ERC Task, which utilizes explicit speaker at-

tributes as external knowledge. This allows the model to capture speaker-specific

linguistic styles and personality traits, leading to enhanced performance. Consis-

tently achieving SOTA or highly competitive results on three benchmark datasets,

BiosERC demonstrates both its effectiveness and adaptability to various dialogue

analysis tasks.

• Multi-context Modeling: We present TraceERC: Tracking Relational Awareness

of Contextual, Character, and Emotional States in ERC tasks, a comprehensive

framework that integrates semantic context, static speaker context, and dynamic

emotional context. Leveraging LLMs, TraceERC captures speaker-specific per-

sonality traits and emotion dynamics to generate rich, context-aware, emotionally

grounded representations. As one of the pioneering efforts in LLM-based in-context

learning and instructional fine-tuning for ERC, we conduct rigorous component-

wise evaluations. The model consistently achieves competitive results and sets a

new SOTA on the MELD dataset.

• Bridging the Gap in Text-Based Emotion Detection: In our multilingual sentiment

recognition study, we explore combining pre-trained models such as RoBERTa with

LLMs for multi-label emotion detection across high-resource (e.g., English, Chinese)

and low-resource languages (e.g., African languages). We formulate multi-label sen-

timent recognition as a text generation task and leverage multilingual PLMs for en-

hanced semantic understanding and emotion tone detection, especially in resource-

scarce settings. Our team, JNLP, participated in SemEval-2025 Task 11: Bridging

the Gap in Text-Based Emotion Detection, achieving top results in both Track A
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Table 7.1: Performance Comparison of Proposed and Existing Methods. The columns
EmoDept, SpkrMd, LocalCtx, and GlobalCtx refer to the Emotional dependencies,
Speaker, Local context, and Global context modeling.

Methods EmoDept SpkrMd LocalCtx GlobalCtx IEMOCAP EmoryNLP MELD

CESTa ([73]) ✓ ✓ ✓ 65.47 - 58.36
COSMIC∗ ([15]) ✓ ✓ ✓ 65.28 38.11 65.21
EmotionFlow ([65]) ✓ ✓ ✓ 65.05 - -
LYSM (ours 2023 [76]) ✓ ✓ ✓ 65.47 38.34 65.40

HiTrans ([33]) ✓ ✓ ✓ 64.50 36.75 61.94
EmoBerta ([28]) ✓ ✓ 67.42 - 65.61
SKAIG ([34]) ✓ ✓ ✓ 66.96 38.88 65.18
DialogXL ([62]) ✓ ✓ ✓ 65.94 34.73 62.14
AccWR-MLP (ours 2023 [26] ) ✓ ✓ ✓ 67.65 39.33 64.58

MPLP ([84]) ✓ ✓ 66.65 - 66.65
ESIHGNNa ([82]) ✓ ✓ 68.53 39.56 63.92
EACL ([81]) ✓ ✓ 70.41 40.24 67.12
MKFM ([69]) ✓ ✓ 68.88 39.76 65.66
∗DiologueLLM ([86]) ✓ - - 59.75
∗InstructERC ([32]) ✓ ✓ 71.39 41.39 69.15
BiosERCLlama-2 (ours 2024 [77]) ✓ ✓ 71.19 41.68 69.83
TraceERCLlama-2 (ours 2025) ✓ ✓ ✓ 71.32‡ 41.18‡ 69.91‡

(multi-label emotion classification) and Track B (emotion intensity detection).

7.2 Future Work

In future research on ERC, we plan to explore the following directions:

• Multimodal Emotion Recognition: Text-based emotion recognition suffers from in-

herent limitations due to the lack of paralinguistic and contextual cues. To overcome

this bottleneck, we aim to incorporate multimodal signals—such as visual and acous-

tic features—to enhance the accuracy of emotion understanding in conversations.

• Explicit Causes of Emotion Shifts: We intend to investigate the explicit reasons

behind emotional changes, focusing on identifying both the cause of each emotional

expression and the specific utterance it refers to. By uncovering such explicit causal

links, the model can avoid being biased toward irrelevant or misleading features and

instead form more accurate associations with the truly informative causal reasons.

• Speaker Relationship Modeling: Although speaker descriptions provide some rela-

tional cues, our current work does not fully explore the deeper interpersonal dy-
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namics between speakers, such as social roles, hierarchies, or mutual familiarity. We

aim to model these nuanced speaker relationships to better capture emotional flow.

We also plan to further explore multilingual emotion recognition by addressing key

challenges such as label imbalance and context sparsity. To mitigate label imbalance, we

aim to develop emotion-aware data augmentation strategies; to alleviate context sparsity,

we intend to generate synthetic dialogue contexts. These approaches hold the potential

to improve model generalizability and robustness across diverse languages and cultures,

paving the way for scalable, cross-cultural emotion understanding.
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