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Abstract

End-to-end (E2E) automatic speech recognition (ASR) has made tremendous progress in recent years,
fueled by advances in deep neural networks, attention mechanisms, and large-scale pretraining. Modern
ASR systems, ranging from Transformer-based architectures to foundation speech-language models that
couple speech encoders with large language models (LLLMs), now achieve near-human performance on
frequent words in open-domain benchmarks. Despite this success, their accuracy deteriorates substantially
on long-tailed rare and domain-specific words. These words often include named entities such as personal
names, locations, and organizations, as well as technical terms and domain-specific expressions that are
underrepresented in training corpora. Although infrequent, they typically carry crucial semantic content in
real-world applications. Misrecognition of a drug name in a medical dictation system or failure to capture
a company name in a meeting transcription can severely undermine the utility of ASR outputs.

To address this issue, this dissertation provides a systematic study of rare-word robustness in ASR
and develops three complementary solution families: context-aware ASR post-correction, E2E contextual
ASR, and LLM-based ASR for complex acoustic and contextual scenarios.

First, we introduce a family of error detection and context-aware error correction models that operate
as lightweight post-processors on ASR hypotheses. The key idea is to localize likely error positions and
apply targeted correction using external contextual knowledge such as lists of named entities and technical
terms, thus avoiding full-sentence redecoding. To further handle homophones, we design a phoneme-
augmented multimodal fusion variant that injects phonetic cues to disambiguate orthographically distinct
but phonetically similar candidates. We also propose a retention probability mechanism to filter low-
confidence edits, reducing overdetection and preserving correct tokens. Experiments across five datasets
show that this approach consistently reduces biased word error rate while maintaining competitive infer-
ence latency.

Second, we move contextualization inside the recognizer by designing rare-word-aware E2E mod-
els. The proposed phoneme-augmented robust contextual ASR with contrastive entity disambiguation
(PARCO) addresses two fundamental limitations of prior biasing methods: weak phonetic discrimination
for domain entities and incomplete multi-token entity retrieval caused by token-level biasing. PARCO in-
tegrates phoneme-aware encoding, entity-level supervision, hierarchical entity filtering, and a contrastive
objective that separates confusable entities under uncertainty. Under 5,000 distractors, PARCO achieves
strong improvements on both Chinese and English benchmarks, and shows robust generalization to out-
of-domain corpora.

Third, we explore LLM-based ASR to handle realistic conditions with overlapping speakers and large

biasing lists. We propose optimized finetuning strategies and a two-stage rare-word filtering pipeline that



prunes large biasing lists and injects the survivors into LLM prompts. Even under a biasing size of 5,000,
the system still achieves remarkable performance on LibriMix and AMI, surpassing traditional contextual
biasing approaches in complex acoustic scenes.

Beyond transcription accuracy, this thesis further investigates the impact of ASR on downstream un-
derstanding tasks. For multimodal speech emotion recognition, we develop fusion architectures that jointly
leverage acoustic cues and ASR text while explicitly modeling ASR uncertainty. We integrate auxil-
iary ASR error detection and correction modules with multimodal fusion, and introduce adversarial and
contrastive strategies to learn disentangled and modality-invariant affective representations. For speech-
driven multimodal video moment retrieval, we propose a pointer-based reading framework that combines
an audio—visual encoder for coarse video/moment granularity with a 2D pointer module for sharp tem-
poral boundary localization. Experiments show substantial improvements on benchmark datasets such as
IEMOCAP, MELD, and HiREST.

The empirical scope of this thesis spans a wide range of benchmark datasets, including ATIS and
SNIPS for spoken language understanding (SLU), DATA?2, LibriSpeech, and PRLVS for rare-word and
open-domain ASR, and AISHELL-1 and THCHS-30 for Mandarin ASR. To evaluate robustness in multi-
talker conditions, we employ LibriMix and AMI, which focus on overlapping and conversational meet-
ing speech. For affective interaction, we use [IEMOCAP and MELD, which provide multimodal annota-
tions for emotion recognition. Finally, to explore cross-modal retrieval, we adopt the HIREST dataset for
speech-driven video moment retrieval. Together, these datasets cover diverse application domains such
as task-oriented dialogue, audiobook reading, domain-specific terminology, English and Mandarin ASR,
conversational meetings with speaker overlap, multimodal affective understanding, and speech-to-video
semantic alignment. Results reveal consistent trends: post-correction with phoneme-aware cues com-
plements E2E contextualization; entity-level supervision and contrastive disambiguation are critical in
homophone- and distractor-rich settings; LLLMs, when paired with principled bias filtering, extend contex-
tual ASR to multi-talker scenarios; and explicitly modeling ASR errors within downstream fusion prevents
catastrophic error propagation and yields robust gains.

In summary, this dissertation advances contextual ASR for long-tailed vocabularies and demonstrates
how such advances translate to resilient speech-driven applications. The methods are architecture-agnostic
and compatible with contemporary E2E systems, offering a practical route to deploy rare-word-aware ASR

and multimodal SLU in real-world settings.
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Chapter 1

Introduction

1.1 Background and Motivation

Automatic speech recognition (ASR) refers to the process of transcribing spoken language into writ-
ten text in an automatic manner, as shown in Fig. 1.1. In recent years, significant advances have
been achieved through the development of end-to-end (E2E) architectures, such as connectionist
temporal classification (CTC), recurrent neural network transducer (RNN-T), and attention-based
encoder—decoder (AED) models, together with the emergence of large-scale pretrained models [2].
These innovations have facilitated the practical deployment of ASR in diverse applications, ranging
from intelligent personal assistants and transcription services to multimodal speech—language under-
standing systems. Nevertheless, despite these advances, ASR continues to face several long-standing
challenges that limit its robustness and generalization in real-world scenarios.

One fundamental problem is the accurate recognition of rare and domain-specific words, such as
named entities, technical terms, or personal names. These words are often underrepresented or absent
in training corpora, leading to high substitution or deletion error rates [3]. Errors on such tokens are
particularly harmful because they typically carry the most salient semantic information, and their mis-
recognition propagates downstream, negatively affecting applications such as summarization, named
entity recognition, or dialogue understanding [4, 5]. Addressing this issue requires methods that can
leverage contextual knowledge, handle phonetic ambiguities, and remain robust across domains and
noise conditions.

A second line of challenges arises in multi-talker and conversational ASR. In natural communi-
cation scenarios such as meetings or customer service calls, multiple speakers may overlap, switch
rapidly, or introduce out-of-domain terminology. Classical approaches, such as permutation-invariant

training (PIT) [6] or serialized output training (SOT) [7], attempt to resolve speaker assignment am-



I. The definition of ASR
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Figure 1.1: Definition and Challenges of ASR

biguities but struggle with long-context dependencies and rare-word recognition. These limitations
highlight the need for ASR systems that not only separate overlapping speech but also integrate con-
textual biasing mechanisms to ensure accurate recognition of critical terms.

Equally important is the impact of ASR errors on spoken language understanding (SLU) tasks.
Many downstream tasks rely directly on ASR transcripts as inputs, including speech emotion recog-
nition (SER) and video moment retrieval (VMR), as shown in Fig. 1.2. In SER, emotionally salient
words misrecognized by ASR can severely degrade emotion classification performance [8, 9]. In
VMR, language queries derived from ASR transcripts are used to align with multimodal video con-

tent; ASR inaccuracies, especially on rare or descriptive terms, reduce retrieval precision [10, 11].
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Figure 1.2: Definition of SER and VMR

Consequently, improving the robustness of ASR outputs and developing multimodal methods resilient
to recognition errors are both essential for advancing SLU.

Taken together, these challenges motivate research on context-aware and multimodal speech
recognition and understanding. The integration of contextual biasing, multimodal fusion, and ad-
vanced training strategies provides a promising pathway toward systems that are not only accurate at
the ASR level but also robust in downstream tasks. This dissertation is driven by the need to bridge
these gaps and to design unified frameworks that advance rare-word recognition, improve robustness
in multi-talker scenarios, and enhance performance in multimodal understanding tasks such as SER

and VMR.

1.2 Problem Definition

This dissertation focuses on the challenge of rare-word recognition in ASR and its cascading effects
on downstream tasks. Rare words refer to lexical items that appear infrequently in training corpora
but are semantically critical, such as named entities, technical jargon, or emerging terms. Accurately
recognizing these words is essential to ensure that ASR outputs preserve the meaning of spoken
content in real-world applications, including meeting transcription, dialogue systems, and multimodal
understanding.

The difficulty arises primarily from two factors. First, data sparsity prevents ASR models from
learning robust representations of rare words, as they occur too infrequently in training sets. Second,
phonetic ambiguity causes rare words to be easily confused with acoustically similar frequent words,
resulting in substitution errors. These challenges are further exacerbated under noisy conditions,
domain shifts, or overlapping multi-talker scenarios, making rare-word recognition a fundamental
bottleneck in ASR.

Beyond ASR itself, recognition errors significantly affect downstream applications. For multi-



modal SER, errors in ASR transcripts distort semantic cues and degrade emotion classification ac-
curacy. To address this issue, auxiliary tasks such as ASR error detection (AED) and ASR error
correction (AEC) can be integrated into SER frameworks, improving semantic coherence and robust-
ness against transcription noise. Similarly, in multimodal VMR, ASR provides the textual modality
that complements video features, and its quality directly influences the alignment between natural
language queries and candidate video segments.

In summary, this dissertation addresses the challenge of rare-word recognition in ASR and in-

vestigates its broader implications for multimodal speech and language understanding.

1.3 Research Objectives

The primary goal of this dissertation is to enhance the robustness of ASR systems with respect to
rare and domain-specific words, and to examine how ASR performance interacts with downstream
multimodal and speech-driven tasks. In particular, this work investigates (1) how the quality of ASR
transcripts affects the reliability of downstream SER, where transcription errors can distort semantic
cues and degrade emotional inference, and (2) whether integrating speech-based representations de-
rived from ASR can further improve the performance of VMR by providing complementary auditory

context. The specific objectives are:

» To design postprocessing approaches that detect and correct errors in ASR outputs by leverag-

ing contextual and phonetic information.

» To develop E2E contextual ASR models that integrate rare-word biasing mechanisms directly

into the recognition process.

* To explore the use of LLMs for multi-talker and contextual ASR, combining speech encoders

with prompt-based LLM adaptation.

* To examine the impact of ASR on downstream tasks, particularly multimodal SER and speech-

driven multimodal VMR.

1.4 Overview of Proposed Approaches

To achieve these objectives, we propose three complementary research directions. First, we introduce
context-aware ASR post-correction frameworks that detect and correct rare-word errors using exter-

nal knowledge and phoneme-level cues. Second, we design E2E contextual ASR methods, such as



the phoneme-augmented robust contextual ASR model, which incorporates entity-level supervision,
contrastive learning, and hierarchical biasing. Third, we investigate LLM-based ASR approaches that
unify multi-talker recognition and contextual biasing through prompt-driven adaptation and two-stage
rare-word filtering. Finally, we extend ASR to downstream tasks by integrating ASR error modeling

into multimodal SER and by leveraging ASR transcripts for cross-modal grounding in VMR.

1.5 Contributions of the Thesis

The contributions of this dissertation lie in advancing multimodal and context-aware speech and lan-
guage understanding through a unified line of research that starts from ASR itself and extends to

downstream SLU tasks. The main contributions can be summarized as follows:

* Advancing context-aware ASR correction and biasing. We design two complementary frame-
works to address the vulnerability of ASR to recognition errors and domain-specific terminology.
The first, PMF-CEC, introduces phoneme-augmented multimodal fusion and error-specific selec-
tive decoding to effectively correct recognition errors in ASR transcripts. The second, PARCO,
develops an E2E contextual ASR approach that integrates phoneme-augmented representations
with contrastive entity disambiguation, enabling robust rare-word recognition in dynamic and open-

domain contexts.

* Integrating LL.Ms for multi-talker contextual ASR. Building upon the foundations of correction
and contextual biasing, we propose CMT-LLM, which leverages LLMs to jointly address multi-
talker overlap and contextual rare-word retrieval. Through SOT and prompt-based biasing, com-
bined with two-stage rare-word filtering, CMT-LLM demonstrates how LLMs can unify speech

recognition with advanced contextual reasoning in complex conversational scenarios.

* Extending ASR to multimodal downstream tasks. We further show that ASR transcripts, even
when noisy, are valuable for downstream spoken language understanding tasks. In multimodal
SER, we propose M*SER, which incorporates modality-specific and modality-invariant representa-
tions, auxiliary tasks of ASR error detection and correction, and advanced training strategies such
as adversarial and contrastive learning. In multimodal VMR, we develop 2DP-2MRC, a novel ma-
chine reading comprehension-inspired framework that exploits video, audio, and text-based query

information to achieve fine-grained temporal localization.

* A unified perspective linking ASR and spoken language understanding. Taken together, these
contributions demonstrate a consistent research thread: from improving ASR accuracy and robust-

ness through error correction, contextual biasing, and LLM integration, to enabling more reliable
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Figure 1.3: Thesis roadmap

multimodal downstream tasks that depend on ASR transcripts. This unified perspective provides
not only methodological innovations but also practical insights into how ASR and spoken language

understanding can be co-designed for real-world multimodal applications.

1.6 Organization of the Thesis

The remainder of this dissertation is organized as follows. Fig. 1.3 shows the overall roadmap of this
thesis. Chapter 2 provides background knowledge and a survey of related work. This chapter first
reviews the fundamentals of ASR, including acoustic modeling, language modeling, and E2E frame-
works. It then introduces contextual modeling approaches for improving ASR robustness and accu-
racy. Finally, it outlines related research in spoken language understanding, including SER and VMR,
which constitute the downstream tasks studied in later chapters. Chapter 3 presents context-aware
ASR post-correction methods, with a particular focus on the PMF-CEC framework. This chapter
introduces phoneme-augmented multimodal fusion and selective error correction mechanisms to mit-
igate ASR errors, especially in handling rare words and homophones. Chapter 4 proposes an E2E con-
textual ASR framework, PARCO. The chapter discusses phoneme-augmented robust contextual mod-
eling and contrastive entity disambiguation, demonstrating how entity-level supervision can improve
recognition in dynamic vocabulary and domain-shift scenarios. Chapter 5 investigates LLM-based

ASR methods for multi-talker and contextual recognition. The CMT-LLM framework is presented,



combining SOT with prompt-based decoding and two-stage rare-word filtering, thereby addressing
overlapping speech and contextual biasing challenges. Chapter 6 extends ASR research to down-
stream SLU, focusing on multimodal SER. This chapter introduces the M*SER framework, which
integrates multimodal fusion, auxiliary tasks for ASR error detection and correction, and advanced
training strategies such as adversarial and contrastive learning, achieving state-of-the-art (SOTA) per-
formance. Chapter 7 explores multimodal VMR, where video content is complemented by ASR
transcripts of the corresponding audio track. The 2DP-2MRC framework is proposed, which draws
inspiration from machine reading comprehension by employing an AV-Encoder, pointer module, and
two-dimensional probability encoder for precise temporal boundary detection. Finally, Chapter 8 con-
cludes the dissertation by summarizing the main contributions and findings. This chapter also outlines
potential directions for future work, including the integration of visual modality in ASR, disentangled
representation learning, and the application of large multimodal foundation models for unified speech

and language understanding.



Chapter 2

Background and Related Work of
Automatic Speech Recognition and
Understanding

Speech is one of the most natural and fundamental modes of human communication, carrying not
only linguistic content but also prosody, emotion, and intention. With the rapid spread of ubiquitous
devices, intelligent assistants, and multimodal interactive systems, enabling machines to accurately
perceive and understand spoken language has become an indispensable goal [12]. ASR lies at the core
of this endeavor, serving as the fundamental interface that bridges human speech with computational
understanding. Accurate and robust ASR systems benefit a wide spectrum of applications, from voice
assistants and real-time translation to accessibility technologies, and increasingly act as a prerequisite
for multimodal intelligence.

Formally, ASR can be described as the task of mapping an acoustic input sequence into a cor-
responding label sequence. Let S = (s1,52,...,5u), S/ € RP, denote the input acoustic feature
sequence of length M, where s; represents the D-dimensional feature vector at frame ¢ (e.g., Mel-
filterbank features or self-supervised embeddings). The output is a label sequence T = (¢1,12,. .., ty),
t, € V', where N is the length of the sequence, 7 is the vocabulary (phonemes, characters, or words),

and 7* denotes the set of all sequences over #". The recognition problem is then defined as
T = TS 2.1
arg max p(T | S), 2.1

i.e., finding the most probable output sequence 7" given the acoustic input S. In this definition, p(T |S)
denotes the conditional probability distribution that ASR models aim to estimate.

The development of ASR has gone through several important stages. Early systems were dom-



inated by the Gaussian Mixture Model-Hidden Markov Model (GMM-HMM) framework, where
GMMs modeled acoustic likelihoods and HMMs captured temporal dynamics [13]. With the advent
of deep learning, Deep Neural Network-HMM (DNN-HMM) hybrid models replaced GMMs with
more powerful neural architectures, significantly boosting recognition accuracy [14]. To eliminate
the need for handcrafted pipelines involving acoustic models, pronunciation dictionaries, and exter-
nal language models, the research community turned toward E2E approaches that directly optimize
p(T|S). Among them, three paradigms stand out: (i) Connectionist Temporal Classification (CTC),
which introduces blank symbols and assumes monotonic alignments between speech frames and la-
bels; (ii)) RNN-Transducer (RNN-T), which integrates an encoder, a prediction network, and a joint
network, and has become the de facto standard for streaming ASR; and (iii) Attention-based Encoder—
Decoder (AED), e.g., Listen, Attend and Spell, which employs attention mechanisms to learn soft
alignments and predict each token conditioned on the entire input sequence. More recently, Trans-
former and Conformer architectures have further strengthened modeling of long-range dependencies
and local structures, enabling SOTA performance across benchmarks [15, 16].

In parallel, the field has entered the era of pretraining and foundation models. Self-supervised
learning (SSL) techniques such as wav2vec 2.0, HuBERT, and WavLM leverage massive amounts
of unlabeled speech to learn general-purpose representations, greatly improving recognition in low-
resource and noisy environments. Building upon this, large-scale foundation models such as Whisper
have demonstrated unprecedented robustness across domains and languages. Furthermore, the inte-
gration of ASR with LLMs is propelling the field toward SLU, where systems not only transcribe
speech but also perform higher-level tasks such as summarization, entity recognition, and spoken
question answering [17-21].

Beyond transcription, ASR plays a pivotal role as an upstream module for multimodal under-
standing tasks. In SER, the accuracy of transcripts directly influences the modeling of emotion-related
cues embedded in language, where errors in recognizing key words may flip the perceived sentiment.
In multimodal VMR, ASR provides temporal anchors for aligning spoken queries with video seg-
ments; for example, retrieving “the moment when the character says ‘I'm leaving’ ” requires reliable
transcripts as semantic keys. Hence, modern ASR research emphasizes not only lowering word error
rates (WER) but also improving contextual awareness, rare-word preservation, domain robustness,
and synergy with large models to better support downstream multimodal applications.

This dual perspective—advancing ASR methodologies themselves and enhancing their effec-
tiveness as foundations for downstream multimodal tasks—motivates the research presented in this

thesis.



2.1 Historical Development of ASR

The research on ASR can be traced back to the mid-20th century [22]. The earliest attempts were
largely experimental, relying on simple filter banks to analyze the energy of speech signals and visu-
alize trajectories for rough transcription. These prototypes were extremely limited, often constrained
to digit or vowel recognition and heavily dependent on specific speakers. Nevertheless, they provided
the first evidence that machines could, in principle, interpret human speech [23].

In the 1950s, advances in hardware and signal processing enabled more sophisticated systems
[24]. At Bell Labs, a recognizer capable of identifying ten digits by matching filter-bank outputs to
handcrafted templates was developed in 1952, often regarded as the first complete speech recognition
system. Shortly after, researchers built voice-activated typewriters and speaker-independent vowel
recognizers [25]. Although these systems could only handle isolated words or phonemes, they marked
a transition from proof-of-concept demonstrations to practical prototypes.

The 1960s saw international expansion of speech recognition research. In Japan, several labora-
tories designed task-specific hardware-based recognizers, such as vowel, phoneme, and digit recog-
nizers [25, 26]. Notably, early work at Kyoto University by Sakai and Doshita proposed an automatic
recognition system for speech sounds, aiming at a phonetic typewriter that converts spoken utterances
into written symbols, while explicitly addressing speaker and dialect variability [27]. A particularly
notable contribution was the introduction of speech segmentation, where utterances were divided into
smaller segments for recognition. This concept foreshadowed the development of continuous speech
recognition systems [28—30].

A significant leap occurred in the 1970s, when mathematical and algorithmic methods were
introduced. Linear predictive coding and dynamic programming provided systematic tools for fea-
ture modeling and sequence matching, enabling substantial improvements in speaker-dependent and
small-vocabulary tasks [31, 32]. With these advancements, researchers began extending recogni-
tion systems to speaker-independent scenarios and large-vocabulary continuous speech recognition
(LVCSR). However, increasing variability in speakers, contextual dependencies within speech, and
vocabulary growth posed serious challenges that template-based and simple statistical methods could
not address [13, 33].

This limitation motivated the adoption of probabilistic sequence modeling approaches, most no-
tably HMMs, for speech recognition. Before the widespread adoption of continuous-density HMMs,
early HMM-based ASR systems relied on vector quantization to convert continuous acoustic fea-
tures into discrete symbols, resulting in discrete HMMs with multinomial output distributions [34].
Although these models enabled the first practical applications of HMMs in speech recognition, the

coarse quantization introduced significant information loss and limited modeling accuracy. By the
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mid-1980s, HMMs had become the dominant framework for ASR. HMMs modeled the temporal
dynamics of speech through probabilistic state transitions, while GMMSs approximated the acous-
tic observation likelihoods. The resulting GMM-HMM pipeline became the standard paradigm for
LVCSR, exemplified by the Carnegie Mellon University SPHINX system, which represented a mile-
stone in speech recognition [13]. Through the 1990s and early 2000s, further refinements were intro-
duced, including discriminative training criteria such as maximum mutual information and minimum
phone error, as well as speaker adaptation techniques like MLLR and fMLLR. These developments
improved robustness, but even with such enhancements, the GMM—-HMM architecture struggled in
spontaneous conversations, noisy environments, and real-world applications, where its performance
approached a practical ceiling.

A paradigm shift emerged with the advent of deep learning. From 2010 onwards, Deep Neural
Networks (DNNs) began replacing GMMs as acoustic models within the HMM framework, yield-
ing DNN-HMM hybrid systems that achieved substantial performance gains. Convolutional Neural
Networks (CNNs) and Recurrent Neural Networks (RNNs) were subsequently adopted to capture lo-
cal spectral patterns and long-range temporal dependencies, respectively. A landmark development
came in 2011 when researchers at Microsoft proposed context-dependent DNN-HMM (CD-DNN-
HMM) systems, which significantly outperformed traditional approaches on LVCSR tasks and firmly
established deep learning as the new foundation of ASR [14].

Building on this success, research rapidly shifted toward E2E modeling, which directly esti-
mates the conditional probability p(T'|S) without the need for explicit alignment or separate acoustic,
pronunciation, and language models. Three major paradigms emerged: (i) CTC, which assumes
monotonic alignment and introduces blank tokens to handle variable-length mappings; (ii) RNN-T,
which integrates encoder, prediction, and joint networks, supporting online streaming recognition
and achieving widespread adoption in industrial applications; and (iii) AED, such as Listen, Attend
and Spell (LAS), which employs attention mechanisms to learn flexible alignments and predicts each
symbol conditioned on the entire input sequence [15, 16].

More recently, the Transformer architecture has revolutionized ASR by providing superior mod-
eling of long-range dependencies, while the Conformer further enhanced performance by combining
convolutional modules with self-attention to capture both local and global structures. These architec-
tures, often combined with CTC/AED joint training or RNN-T, now constitute the backbone of SOTA
ASR systems.

In parallel, the field has entered the era of self-supervised pretraining and foundation models.
SSL approaches such as wav2vec 2.0, HuBERT, and WavLLM leverage massive amounts of unlabeled
speech to learn universal acoustic representations, dramatically improving robustness in noisy and

low-resource conditions. On top of SSL, large-scale foundation models like Whisper demonstrated
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unprecedented cross-lingual generalization and resilience to domain shifts, setting new benchmarks
for robustness and scalability [2, 17-20].

Finally, the integration of ASR with LLMs is reshaping the field [21]. By leveraging the rea-
soning and contextual capabilities of LLMs, ASR systems are evolving into SLU frameworks, where
speech is not only transcribed but also semantically interpreted for tasks such as summarization, entity
extraction, spoken question answering, and multimodal retrieval. This trajectory marks the transition
of ASR from a narrowly defined recognition technology into a central component of multimodal and

semantic intelligence.

2.2 HMM-Based ASR Models

For decades, the HMM framework represented the dominant paradigm in ASR and was widely rec-
ognized as the state of the art before the advent of deep learning. The strength of HMM lies in its
ability to capture the temporal dynamics of speech through probabilistic modeling, while handling
uncertainty and variability in sequential signals. A typical HMM-based ASR system is composed of
three components: the acoustic model, the pronunciation model, and the language model [13, 14].

The acoustic model describes the mapping between acoustic features and phonetic units (e.g.,
phonemes or sub-phonemes). The pronunciation model establishes the correspondence between pho-
netic units and written symbols, typically via a manually constructed pronunciation lexicon. The lan-
guage model captures the statistical regularities of word sequences from large text corpora, thereby
producing syntactically plausible transcriptions. These three modules are optimized separately but
work jointly to complete the mapping from speech to text.

From a probabilistic perspective, the fundamental objective of ASR is to estimate the conditional
distribution p(7T | S) and to select the optimal output sequence based on this distribution. Within the
HMM framework, this probability can be decomposed by introducing a hidden state sequence H.
Let S = (s1,52,...,5y) denote the observed acoustic feature sequence, where m indexes the time
frame. Under the conditional independence assumption, the acoustic likelihood conditioned on a

given hidden state sequence H = (hy,...,hy) can be written as

p(S|H)= Hpsm\h (2.2)
The overall likelihood under an HMM is obtained by marginalizing over all possible hidden state

sequences,
p(S|T) ZpS|H (H|T). (2.3)
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In early systems, p(s,,|h,) was typically estimated by GMMs, giving rise to the classical HMM-—
GMM architecture. This approach dominated both academia and industry during the 1990s and early
2000s. However, GMMs were limited in their ability to model high-dimensional and complex acoustic
distributions. With the emergence of deep learning, DNNs were introduced to replace GMMs, leading
to the HMM-DNN framework. By estimating state posterior probabilities and converting them to
likelihoods, DNNs significantly enhanced the modeling power of acoustic models, and HMM-DNN
soon surpassed HMM-GMM to become the mainstream paradigm.

For language modeling, the most common form was the n-gram Markov model:

N

p(T) = Hp(tn|t1:n71)a (2.4)

n=1

where the conditional probability is truncated to a fixed history length to reduce computational com-
plexity.

Despite their success, HMM-based models face inherent limitations. First, the modular nature of
the system makes global optimization difficult: the acoustic, pronunciation, and language models are
trained separately with distinct criteria, which may not align with overall recognition accuracy. Sec-
ond, the conditional independence assumption within HMMs does not reflect the true characteristics
of speech, thereby limiting the ability to capture long-range dependencies and contextual correlations.
These drawbacks become especially problematic in noisy conditions and spontaneous conversational
speech.

In summary, although HMM-based methods dominated ASR research and applications for decades,
their structural limitations ultimately motivated the shift toward E2E deep learning approaches. The
development of HMM-GMM and HMM-DNN not only provided a solid foundation for ASR, but

also paved the way for subsequent models such as CTC, RNN-T, and attention-based architectures.

2.3 E2E ASR Models

In recent years, E2E ASR approaches have become increasingly dominant. The central idea is to
employ a single neural network model that directly learns the mapping between acoustic obser-
vation sequences and target word sequences. Formally, given an input acoustic feature sequence
S=(s1,52,...,81), where T denotes the number of frames, the system aims to predict an output word
sequence T = (t1,f7,...,ty), where N is the number of output tokens. The model parameters are de-

noted by 6, and training seeks to estimate the optimal parameter set 8 that maximizes the posterior
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probability of T given S:

0= argmgxP(T|S;9). (2.5)

Depending on the alignment strategy, E2E models can generally be divided into two categories:

frame-synchronous and label-synchronous.

* Frame-synchronous approaches: These predict an output label for each input acoustic frame,
and then marginalize or compress the frame-level predictions into a token sequence. Represen-

tative methods include:

— CTC [35], which introduces a special blank symbol <blank> and marginalizes over all

possible frame-to-label alignments.

— RNN-T [36], which extends CTC by incorporating a prediction network that conditions

on both acoustic features and the history of emitted symbols.

* Label-synchronous approaches: These directly generate output tokens one at a time, without
requiring strict frame-level alignment. Let T = (t1,1,...,tv) denote the output label sequence,
where ; € ¥ represents the i-th output token (e.g., a phoneme, character, or word), and N is

the output length. Its conditional probability is factorized in an autoregressive manner:

=z

P(T

$:0) =[P | 1:i-1,5:6). (2.6)
i=1

The attention mechanism was first proposed in neural machine translation [37] and soon intro-
duced into speech recognition [38—40]. Unlike translation, where alignment is often non-monotonic,
ASR typically exhibits a roughly monotonic alignment between input frames and output symbols.
This property has motivated the development of specialized attention mechanisms such as location-
aware attention, monotonic attention, and their variants, which better capture the temporal structure
of speech.

In the following sections, we provide an overview of three representative E2E ASR paradigm:s,
namely CTC, RNN-T, and AED. Each of these approaches embodies a distinct modeling philosophy
for sequence-to-sequence learning in speech recognition, and together they form the methodologi-
cal foundation upon which subsequent advances in context-aware and multimodal ASR have been

developed.
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2.3.1 Modelling Units in E2E ASR

A central design choice in E2E ASR systems is the definition of the modelling unit, i.e., the basic
symbol predicted by the decoder. Different languages exhibit different orthographic and phonological
structures, and therefore the optimal unit often depends on the target language as well as the amount
of available training data.

For English, three common options are phones, graphemes, and word pieces. Phone-based
systems require an external lexicon and linguistic expertise, which increases the system complex-
ity. In contrast, grapheme-based systems directly operate on characters such as “a”, “b”, or “c”,
thereby eliminating the need for a hand-crafted lexicon. With sufficient training data, grapheme-based
encoder-decoder systems have been shown to match or even surpass phonetic systems in performance.
However, graphemes can be ambiguous because their pronunciation is often context-dependent (e.g.,
the letter “c” may correspond to /s/ or /k/). To address this issue, word pieces—subword units auto-
matically learned from text corpora—are widely adopted. Word pieces balance between vocabulary
coverage and sequence length: frequent words are represented as whole units, while rare words are
decomposed into smaller subword fragments. Algorithms such as Byte Pair Encoding (BPE) and
unigram language model word pieces are typically used to construct such vocabularies.

For Chinese, modelling units are treated differently due to the logographic writing system. Each
Chinese character usually corresponds to a morpheme and can be directly mapped to a syllable (e.g.,
“X2” 5 /xue2/). Therefore, characters are often used as the basic recognition units in E2E ASR.
This design has two advantages: first, the character set is relatively limited in size (a few thousand
symbols), and second, each character carries semantic meaning, which aligns well with human inter-
pretation. However, Chinese has no explicit word boundary markers in its writing system, so directly
using characters means that downstream language models must handle word segmentation implicitly.
Recently, word-piece models have also been applied to Chinese ASR, where frequent multi-character
words (e.g., “2#4F (Student)”) are encoded as a single unit while preserving the ability to decompose
rare words.

For Japanese, multiple writing systems coexist: Kanji (logographic characters), Hiragana and
Katakana (syllabaries). A common design is to use characters from all three scripts as the modelling
units. Compared with Chinese, Japanese characters have a stronger phonetic component because
Hiragana and Katakana directly represent syllables. This reduces ambiguity in grapheme-to-phoneme
mapping. However, similar to Chinese, Japanese text does not include explicit word delimiters, which
complicates the use of word-level units. Subword models such as BPE are again effective, since they
can learn units that correspond to frequent morphological or lexical segments, while still allowing

decomposition for unseen words.
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To summarise, the choice of modelling units differs across languages. English systems bene-
fit from word pieces to resolve grapheme ambiguity and vocabulary size issues. Chinese systems
commonly adopt characters, but increasingly incorporate subword models to capture frequent multi-
character words. Japanese systems usually integrate Kanji and syllabaries as recognition units, com-
plemented by word-piece approaches for better coverage. This cross-linguistic perspective highlights
that the design of modelling units is not universal, and effective ASR systems must consider language-

specific writing and phonological characteristics.

2.3.2 CTC-Based Model

In conventional HMM-DNN hybrid systems, the role of DNNs remained constrained. DNNs were
typically used only to estimate the posterior probabilities of HMM states, thereby replacing GMMs in
acoustic modeling. While this substitution improved accuracy, the temporal dependencies of speech
were still modeled by HMM state transitions, leaving the overall system a combination of local neural
modeling and global HMM sequence modeling. Such a design limited the full potential of neural
networks in ASR.

To overcome this limitation, researchers attempted to replace HMMs with RNNs or CNNs to
model temporal dependencies directly. However, these approaches encountered the fundamental
alignment problem: training requires a clear mapping between input acoustic frames and output label
sequences, yet such frame-level alignments are difficult or impossible to obtain in real-world speech
data. Since the loss functions of RNNs and CNNs are usually defined at each time step, the absence
of explicit alignments prevented straightforward E2E training.

To address this challenge, Graves et al. [35] proposed the CTC. The key innovation of CTC lies
in introducing a special blank symbol, @, and allowing repeated labels, thereby transforming the
alignment problem into a summation over all valid alignment paths. Given a target label sequence,
CTC computes its probability by summing over the probabilities of all possible alignments, enabling
training directly from unsegmented input—output pairs without requiring frame-level annotations.

CTC brings two major breakthroughs for E2E ASR:

1. Resolution of the alignment problem: CTC eliminates the need for manual segmentation and
alignment of training data. This allows neural networks to model temporal dynamics directly,

significantly enhancing their role in LVCSR.

2. Direct transcription output: Unlike traditional models that predict phonemes or other inter-
mediate units, CTC enables networks to output target transcriptions directly by leveraging the

@ symbol. This greatly simplifies both the model design and training pipeline.
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By addressing these two challenges, CTC enables a single neural network to map acoustic feature

sequences directly to label sequences, achieving truly E2E ASR.

Path Probability Modeling

The overall architecture of the CTC model is illustrated in Fig. 2.1(a). Let the input acoustic sequence
be S = (s1,---,sm) of length M. The encoder transforms this sequence into a series of feature vectors
H = (hy,---,hy), where each f; € RI”I*1, with || denoting the vocabulary size and the additional
dimension corresponding to the blank symbol. After a softmax operation, each frame produces a
probability distribution over ¥ U {@}.

A path T = (m;,--- ,my) is defined as a sequence of labels of length M, where each w,, € ¥ U
{&}. The probability of a path is given by:

M
p(x|S) =[]y, 2.7
m=1

where yIm is the probability of emitting label 7, at time step m. Intuitively, a path represents a

potential alignment between input frames and output symbols.

Path-to-Label Aggregation

Since paths always have length M, while target label sequences T = (71, -- ,#y) are typically much
shorter, CTC employs a many-to-one mapping function B(7) to collapse paths into valid label se-

quences:

1. Merge consecutive identical labels: For example, “c@aa@t” and “c@adtt” are both reduced
to “cdat’.

2. Remove blank symbols: The blank symbol is discarded during aggregation, e.g., “@cFadt”

is reduced to “cat”.

Through this process, multiple different paths can correspond to the same target sequence. An ex-
ample of path alignment is shown in Fig. 2.1(b). The horizontal axis corresponds to input frames
t =(1,...,6), while the vertical axis enumerates the possible output symbols, including characters
and the blank symbol @. The highlighted path illustrates one valid alignment that collapses to the

target label sequence “cat”.
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Figure 2.1: Illustration of the CTC framework. (a) The encoder—softmax architecture, where
the encoder maps acoustic features S to hidden representations and the softmax layer outputs
frame-level label distributions. (b) An example alignment path “@cadt” for the target word
“cat”. The horizontal axis denotes input frames, and the vertical axis lists the output symbols,
including characters and the blank symbol &.

Sequence Probability Computation

The probability of a label sequence is defined as the sum of probabilities of all paths that map to it:

p(TIS)= Y p(xls), (2.8)
neB~1(T)

where B~!(T) denotes the set of all paths that collapse to T. Training thus maximizes the likelihood
of correct label sequences without requiring explicit alignments.
Characteristics and Significance

CTC relies on a conditional independence assumption, where frame-level predictions are assumed to
be independent given the input sequence. As a result, the encoder effectively functions as a purely
acoustic model, with no inherent language modeling capability. Nevertheless, the blank symbol and

path summation mechanisms make CTC a powerful framework: it enables E2E training, removes the
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need for manual alignments, and provides the foundation for more advanced sequence-to-sequence
approaches such as RNN-T and AED models.

2.3.3 RNN-Transducer E2E ASR Model

Although the CTC framework has made a significant contribution to E2E ASR, it suffers from two
intrinsic limitations. First, CTC assumes conditional independence among output symbols given the
input, which prevents it from capturing dependencies within the output sequence. As a result, a CTC-
trained network essentially functions as an acoustic model without integrated language modeling
capability. Second, CTC constrains the output sequence length to be no longer than the number of
input frames, making it unsuitable when the target transcription is longer than the input. These issues,
particularly the lack of language modeling, substantially limit recognition accuracy. To address these
challenges, Graves proposed the RNN-T in [36], which unifies input—output alignment and sequence
dependency modeling within a single framework. In principle, RNN-T can map an arbitrary input
sequence to a variable-length output sequence while jointly modeling both acoustic evidence and

linguistic context.

Model Architecture and Core Mechanism

Similar to CTC, RNN-T introduces a blank symbol to handle alignment and computes the probability
of a target sequence by summing over all possible alignment paths. However, its path construction
and probability computation are more flexible, allowing the model to overcome CTC’s constraints.

As shown in Fig. 2.2(a), a standard RNN-T consists of three interconnected subnetworks:

Encoder. Given an input acoustic sequence S = (s1,s2,...,51), where s, denotes the acoustic
feature vector at frame m and M is the input length, the encoder maps S into hidden representations
F = (fi,fs,...,fu), with each f,, € RI”I*!. Here, || is the vocabulary size and the additional
dimension corresponds to the blank symbol &. This component essentially serves as the acoustic

model.

Prediction Network. The prediction network models dependencies within the output sequence
by conditioning on previously generated labels. At output position n, given the previous label #,_1,

the hidden state &, and output vector g, are computed as

hy = 5 (Wiptn—1 +Wiphy—1+bp),  gn = Wiohn + bo, (2.9)
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Figure 2.2: Illustration of the RNN-T framework. (a) The overall RNN-T model. (b) An ex-
ample alignment path “c@a@t @3> for the target word “cat”. The horizontal axis denotes
input frames, and the vertical axis lists the output symbols.

where /,, denotes the hidden state at step n, Wj;,, Wy, Wy, are weight matrices, and by, b, are bias terms.

[7|+1

The resulting g, € R encodes linguistic context, making this module functionally analogous to a

language model.

Joint Network. At each alignment state (m,n), the joint network fuses the acoustic representation

fm and the prediction representation g, by projecting them into a shared space:
hio™" = tanh(Af, + Bgn +b), (2.10)

where A and B are projection matrices and b is a bias vector. This joint representation is then trans-
formed into logits
Zmn =DM+ d, (2.11)

which are normalized with a softmax to produce a probability distribution over the extended vocabu-
lary ¥' = v U{2}:
exp(.)

P(klm,n) = NG
(ki) Yierr exp(Z,n)

kev'. (2.12)
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Thus, at state (m,n), the model outputs the probability of emitting either a label k € ¥ or the blank
symbol &, thereby integrating acoustic and linguistic information.
Alignment and Decoding

The alignment process in RNN-T can be visualized as searching paths in a two-dimensional trellis, as

shown in Fig. 2.2(b). At state (m,n):

o If the model predicts a label other than the blank, the system moves vertically to (m,n+ 1)

while keeping the same acoustic frame m.

* If the model predicts a blank, the system moves horizontally to (m + 1,n) while keeping the

output position unchanged.

During training, the probabilities of all valid paths are summed using the forward-backward algo-
rithm, which eliminates the need for explicit frame-level alignments. Hence, RNN-T is regarded as a
soft alignment method.

During inference, the model reads input frames sequentially:

* When a label is emitted, the model stays at the current frame to allow multiple labels per frame.

* When a blank is emitted, the model advances to the next frame.
This mechanism naturally enables RNN-T to handle cases where the output sequence is longer than
the input sequence.
Advantages and Significance
RNN-T offers several notable advantages:

* Variable-length mapping: It supports output sequences longer or shorter than the input se-

quence.

* Language modeling capability: The prediction network explicitly conditions on previous

outputs, providing integrated language modeling within the E2E system.

* Acoustic-linguistic fusion: The joint network combines acoustic and linguistic information

in the probability computation, enabling unified optimization.

By combining these strengths, RNN-T not only inherits the alignment flexibility of CTC but also
overcomes its limitations, establishing itself as one of the mainstream frameworks for large-scale

E2E ASR.
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Figure 2.3: Illustration of the AED framework.

2.3.4 Attention-Based Encoder-Decoder (AED) Model
RNN AED Model

The AED model with RNNs represents one of the most influential paradigms in E2E ASR. Before the
introduction of attention mechanisms, early E2E ASR systems adopted simple RNN encoder—decoder
architectures that directly mapped input acoustic sequences to output label sequences. However,
the lack of an explicit alignment mechanism made such models difficult to train and limited their
performance, especially for long input sequences. The incorporation of attention addressed this issue
by enabling flexible and data-driven alignment between input frames and output tokens. Unlike CTC
or RNN-T models, which rely on summing over alignment paths, the AED model integrates alignment
and decoding into a single framework through the attention mechanism. This design enables the
model to learn a “soft” alignment between input acoustic features and output tokens, thus eliminating

the need for explicit frame-level annotations.

Model Architecture. The RNN-AED model consists of three main components: the encoder, the

attention mechanism, and the decoder, as shown in Fig. 2.3.

22



Encoder. Let the input acoustic sequence be denoted as S = (s1,52,...,5u), Sm € RY, where
M is the number of frames and d is the feature dimension. The encoder, typically realized by a
stack of RNN layers such as LSTMs or GRUs, transforms S into a sequence of hidden states H =
(hi,hay. .. hyr),  hy € RP, where D is the hidden dimension. If no subsampling is applied, the
sequence length of H equals that of S.

Attention Mechanism. At decoding step n, the attention mechanism computes a set of scores
by comparing a query vector derived from the previous decoder hidden state with key vectors derived
from the encoder hidden states. Specifically, the decoder hidden state d,,—; serves as the query, while
each encoder hidden state /,, acts as both the key and the value. Formally, the unnormalized attention

score is given by

anm = 9 (dn—1) " W (hm), (2.13)

where d,,_; denotes the decoder hidden state from the previous step, while ¢ (-) and y/(-) are nonlinear
transformations (typically multilayer perceptrons). After softmax normalization, the attention weights
are

a, = Softmax([dp,...,dwm]), (2.14)

wi _,a,n» = 1. The attention weights a,, define a probability distribution over input frames.
thyM 1. The attent ghts a,, define a probability distribut put f

Using these weights, the encoder outputs are aggregated into a context vector:

M
cn="Y umhm, (2.15)
m=1

which summarizes the most relevant acoustic information from H for predicting the n-th output token.

Decoder. The decoder functions as a conditional language model. At step n, it takes as input:

(1) the previous output symbol #,_1, (ii) the previous decoder hidden state d,_1, and (iii) the current

context vector ¢,. The decoder then updates its hidden state and predicts a probability distribution
over the vocabulary 7

P(ty|t1:n—1,S;6) = Decoder(t,—1,dy—1,c¢n), (2.16)

where y, € 7" and 6 denotes the model parameters.

Training and Inference. During training, the model is typically optimized with the teacher forc-
ing strategy, where the ground-truth history f.,—1 is fed into the decoder to maximize the likelihood
of the correct output sequence. During inference, decoding starts from a special start-of-sentence
symbol (s) and continues until the end-of-sentence symbol (/s) is generated. Common inference

strategies include greedy decoding, which selects the most probable token at each step, and beam
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search, which maintains multiple candidate sequences to improve global accuracy.

Properties and Significance. The RNN-AED model has several key advantages:

* Soft alignment: the attention mechanism learns a probabilistic alignment between input frames

and output tokens, avoiding the need for manual segmentation.
* E2E optimization: encoder, decoder, and attention are trained jointly under a unified objective.

* Implicit language modeling: the decoder conditions on previous outputs #;.,_1, effectively

embedding a language model within the E2E system.

* Variable-length mapping: the model flexibly generates output sequences longer or shorter

than the input sequence, making it well-suited to real-world ASR scenarios.

In summary, the RNN-AED model integrates acoustic modeling, alignment, and language mod-

eling into a unified framework, providing a strong foundation for modern E2E ASR.

Transformer AED Model

Although the RNN-based AED framework has achieved notable progress in alignment learning and

sequence modeling, it still suffers from several inherent limitations:

1. Attention redundancy: for long input utterances, the encoder generates excessively long hid-
den representations, which not only increase the computational overhead of the attention mech-

anism but also introduce irrelevant information.

2. Training instability: in long-sequence modeling, the attention distribution may suffer from

alignment drift, leading to unstable training and degraded convergence behavior.

To address these challenges, researchers have proposed Transformer-based AED models, which
replace recurrent encoders with self-attention mechanisms. By leveraging the global dependency
modeling capability of self-attention, Transformer AED models substantially improve the efficiency
and stability of long-sequence modeling, and have become the dominant paradigm in recent E2E
ASR research. In the Transformer AED, the encoder maps the input acoustic feature sequence
S = (s1,...,5y) into hidden representations T = (#,...,#y) using stacked multi-head self-attention
(MHSA) and position-wise feed-forward layers, as presented in Fig. 2.4. Unlike recurrent encoders,
each representation 4, is contextualized by attending to all positions in the input sequence, thereby

modeling global dependencies.
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Figure 2.4: Illustration of the Transformer AED framework.

On the decoder side, instead of relying on RNNs, the Transformer decoder employs masked
self-attention over the history of predicted tokens (¢1,...,#,—1), combined with cross-attention to the
encoder outputs H. At step n, the resulting decoder state d%*° interacts with H through attention to

produce a context vector ¢,. The conditional probability of the next token is given by:
P(ty | t1:n-1,S) = Softmax(W,[d%; ¢,] + b,), (2.17)

where W, and b, are trainable parameters.

Compared with RNN-AED, the Transformer AED offers several key improvements:

* Global dependency modeling: Self-attention enables direct interactions among all positions,

effectively capturing long-range correlations.
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* Parallelism: Unlike RNNs that require step-by-step computation, the Transformer allows par-

allel processing of the entire sequence, improving efficiency.

» Stable alignment: Multi-head attention provides multiple alignment perspectives, reducing
the risk of alignment drift in long utterances, where the attention focus gradually deviates from

the correct input—output correspondence during decoding.

With these advantages, Transformer-based AED models, particularly the Conformer that inte-
grates convolutional layers for local feature modeling, have become the SOTA architecture in E2E

ASR.

Conformer Model

While Transformer-based AED models significantly improved long-range dependency modeling in
ASR, they still exhibit limitations in capturing local acoustic patterns that are critical for speech
signals. To address this issue, the Conformer architecture [41] was proposed, which integrates convo-
Iutional modules into the Transformer framework, thereby combining the strength of self-attention in
global context modeling with the locality modeling capability of convolutional layers.

The overall Conformer encoder architecture is illustrated in Fig. 2.5. During training, the input
acoustic features, such as Mel-filterbank (FBank) or Mel-frequency cepstral coefficient (MFCC) rep-
resentations, denoted by S = (sy,...,sy), are first passed through data augmentation (SpecAugment)
to enhance robustness. A convolutional subsampling layer then reduces the sequence length (e.g.,
from 10 ms to 40 ms frame rate), producing a compressed representation S. This is followed by a
linear projection and dropout layer for normalization and regularization.

The core of the encoder is a stack of N Conformer blocks, each of which is carefully designed
to capture both global and local dependencies. As shown on the right side of Fig. 2.5, each block

consists of the following components:

* Feed-Forward Modules (FFN): Two half-step feed-forward layers appear at the beginning

and end of the block. Each module applies a position-wise transformation:
FFN(s) = max(0,sW; +b;)W, + by, (2.18)

where W1, W, and b1, b, are learnable parameters. The scaling factor % is applied to stabilize

training by balancing contributions from different submodules.

* MHSA: This component models long-range dependencies by computing self-attention over the

encoder hidden representations. Let H= (h,. .., ) denote the input hidden state sequence to
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Table 2.1: Model characteristics comparison.

Model Delay Computation Language Model Training Recognition
Complexity Ability Difficulty Accuracy
cTc 00000 @@L X |  OOOON | 000
RNN-T 00000 00000 v 00000 00000
AED 00000 00000 v 000 O 00000

a Conformer block, obtained from the output of the previous block (or the subsampling layer
for the first block), where M’ is the sequence length after convolutional subsampling. The
query, key, and value matrices are then computed via linear projections of H, i.e., O = HW,
K = HWg, and V = HWy, where Wy, Wk, and Wy are learnable parameters. The attention

output is then computed as:

Attention(Q,K,V) ft (QKT> V (2.19)
ention(Q, K,V ) = softmax | — | V. .
Vi
* Convolution Module: To capture local dependencies such as formant transitions or short-
term temporal patterns, a depthwise separable convolution is applied. This module effectively

complements the global context learned by MHSA.

* Residual Connections and Layer Normalization: Each submodule is wrapped with residual

connections and layer normalization, ensuring stable optimization and effective gradient flow.

By stacking N such Conformer blocks, the encoder produces a hierarchical representation H =
(hi,...,hy), which encodes both long-range semantic information and local acoustic cues. This dual

modeling capability makes Conformer one of the SOTA architectures for E2E ASR.

2.3.5 Model Comparison

Table 2.1 summarizes the characteristics of the three major E2E ASR architectures. As shown, CTC
models exhibit low delay and relatively simple computation, but they lack intrinsic language modeling
capability and thus achieve lower recognition accuracy. RNN-T models integrate an implicit language
model, leading to higher accuracy but at the cost of increased delay, computational complexity, and
training difficulty. AED models provide strong recognition accuracy and explicit language modeling
ability, while balancing computational cost and training complexity, although their attention mecha-

nism introduces higher latency [42].
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Figure 2.5: Overall structure of the Conformer encoder (left) and the detailed composition of
a single Conformer block (right).

2.3.6 ASR Evaluation

The performance of ASR systems is commonly evaluated using the Word Error Rate (WER), which
is defined as the minimum edit distance between the reference and the hypothesis at the word level.
WER considers three types of recognition errors: insertions (I), deletions (D), and substitutions (S),

and is calculated as

WER=—""" % 100%, (2.20)

where N denotes the number of words in the reference transcription. A lower WER indicates
better recognition performance.

Fig. 2.6 shows examples of error computation in three languages. In the English case (Fig. 2.6(a)),
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Ref:  Todasensei s giving a talk on signal processing
Hyp: Total sense uhis giving talk on signal processing
Errors: S S I D

(a) English ASR with 11/1D/2S

Ref: FHZIM EERAXRXTESLENEIMHR
Hyp: A RXZBIWMELE KERXXTESLENEMHR
Errors: S S I D

(b) Chinese ASR with 11/1D/2S

Ref: FHEEMGESUIBICHETIEBEET > TCLET
Hyp: EHELE(XMESRNIBICEHATIHEEZT TULXT
Errors: S D

(c) Japanese ASR with 1D/1S

Figure 2.6: Examples of WER computation.

the reference contains nine words, among which two are substituted, one is deleted, and one is inserted

in the hypothesis, giving a WER of

24141
WER = % x 100% ~ 44.4%. (2.21)

For languages such as Chinese and Japanese, where written text does not contain explicit word
boundaries, evaluation is typically performed at the character level. This metric, referred to as the
Character Error Rate (CER), uses the same formula as WER but counts characters instead of words.
In Fig. 2.6(b), the Chinese sentence has 17 characters with four errors in total (two substitutions, one

insertion, and one deletion), resulting in

24+1+1
CER = % x 100% =~ 23.5%. (2.22)

In Fig. 2.6(c), the Japanese sentence consists of 22 characters, where one substitution and one

deletion occur, leading to

1+1
CER = i

x 100% =~ 9.1%. (2.23)

It should be noted that both WER and CER can exceed 100% when many insertion errors occur.
In addition, the Sentence Error Rate (SER), which represents the proportion of utterances containing

at least one error, is sometimes reported.
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2.4 Multi-talker ASR Model

E2E ASR models provide a strong foundation for speech recognition and have demonstrated re-
markable progress under single-speaker conditions, where utterances are typically clean and non-
overlapping. Nevertheless, these models are inherently limited in their ability to handle more complex
conversational environments. In real-world scenarios such as meetings, interviews, or spontaneous
dialogues, it is common for multiple speakers to talk in rapid succession or even simultaneously.
Such conditions introduce challenges that go far beyond those addressed by single-speaker ASR: an
effective system must not only transcribe speech accurately but also disentangle and attribute lin-
guistic content to the correct speaker. Moreover, practical factors such as frequent speech overlap,
background noise, and room reverberation further complicate this task.

To address these challenges, a number of multi-talker ASR approaches have been proposed in

the literature, which can be broadly grouped into four representative categories:

(a) Separation-based approaches, where the input mixture is first decomposed into single-speaker

streams and then transcribed individually.

(b) Speaker modeling-based approaches, which explicitly incorporate speaker representations

into the recognition process.

(c) Diarization-based approaches, which first segment and cluster the audio by speaker before

applying ASR.

(d) E2E approaches with Serialized Output Training (SOT), which directly predict multiple

speakers’ transcriptions in a serialized manner without intermediate separation or diarization.

These four paradigms are illustrated in Fig. 2.7, and each will be introduced in detail in the

following subsections.

2.4.1 Separation-based approaches

As shown in Fig. 2.7(a), a straightforward strategy for multi-talker ASR is to first separate the mixed
audio signal into several non-overlapping single-speaker streams, followed by applying a conven-
tional single-speaker ASR model to each separated stream. This paradigm is often referred to as
the “separate-then-recognize” approach [43]. By explicitly disentangling the overlapped signals, the
downstream ASR system can operate under conditions similar to the single-speaker scenario, which

makes it easy to integrate with existing ASR architectures and models.
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Figure 2.7: Illustration of different multi-talker ASR methods: (a) separation-based approach,
(b) speaker modeling-based approach, (c) diarization-based approach, and (d) E2E approach
with Serialized Output Training (SOT).

The main advantage of this approach is that it provides relatively clean audio for each speaker,
enabling independent recognition and yielding explicit transcriptions associated with each speaker
stream. Furthermore, separation models can, in principle, be combined with any off-the-shelf ASR
back-end, which enhances flexibility and modularity. A variety of deep learning techniques, such as
deep clustering [43], deep attractor networks [44], and permutation invariant training (PIT) [45] for
speech separation, have been investigated and have significantly improved separation quality com-
pared with traditional signal processing methods.

However, separation-based approaches also face several critical limitations. First, the perfor-
mance of the ASR system is tightly coupled with the quality of the separation model, and errors
directly propagate into the recognition stage [46]. Second, most separation models require large
amounts of parallel synthetic training data, where clean source signals are artificially mixed, leading
to a mismatch with real-world conversational audio [6]. Third, the optimization objectives for sepa-
ration are typically defined at the signal level (e.g., minimizing signal-to-distortion ratio loss), which
does not directly correlate with recognition accuracy [47]. As a result, the system may achieve good
perceptual separation quality but still produce suboptimal ASR performance in practice.

In summary, separation-based approaches provide an intuitive and modular solution to multi-
talker ASR and have inspired a large body of research on deep speech separation. Nevertheless,
their reliance on synthetic data, sensitivity to separation errors, and mismatch between separation

and recognition objectives limit their effectiveness in real-world conversational scenarios. These
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challenges have motivated the development of alternative paradigms, such as speaker modeling- and

diarization-based approaches, which attempt to address multi-talker ASR more directly.

2.4.2 Speaker modeling-based approaches

Another line of research avoids explicit signal-level separation and instead focuses on modeling
speaker characteristics within the representation space, as illustrated in Fig. 2.7(b). In these ap-
proaches, the ASR system is conditioned on speaker-discriminative features so that the model can
implicitly disentangle multiple speakers during recognition. A common strategy is to incorporate pre-
trained speaker embeddings, such as i-vectors, x-vectors, or d-vectors, into the encoder or attention
modules of an E2E ASR model [48-50]. By injecting speaker-specific representations, the system is
able to improve robustness to speaker variability and to facilitate multi-speaker decoding.

In addition to using external embeddings, some studies have explored methods to learn speaker
representations jointly with ASR, thereby enabling implicit separation of speakers within the hidden
feature space [6, 51]. These approaches do not attempt to recover clean audio streams for each
speaker, but instead directly guide the recognition network to assign linguistic content to the correct
speaker identity. Compared with separation-based systems, this paradigm avoids signal reconstruction
artifacts and can be more computationally efficient.

It should be noted that permutation invariant training (PIT) [45] was originally proposed for
training separation networks [cf. Fig. 2.7(a)], but its variants have also been extended to multi-
speaker ASR where PIT is applied directly on recognition outputs (e.g., PIT-CTC, PIT-attention).
In such cases, PIT can be interpreted as an implicit speaker modeling mechanism, as it aligns output
hypotheses with the correct speakers without requiring explicit signal separation [52].

Despite their advantages, speaker modeling-based approaches also face several limitations. Their
performance strongly depends on the availability and generalization of speaker embeddings, which
may degrade in unseen acoustic conditions. Furthermore, the lack of large-scale annotated multi-
speaker corpora remains a bottleneck, and most studies are constrained to small-scale or synthetic
datasets. Consequently, while speaker modeling provides a promising alternative to explicit separa-

tion, its practical deployment in real-world multi-talker ASR systems is still limited.

2.4.3 Diarization-based approaches

As shown in Fig. 2.7(c), another widely adopted strategy is to first determine “who speaks when”
using speaker diarization techniques, and then apply ASR to each segmented speech region. This
pipeline approach is conceptually straightforward and can be easily implemented by combining exist-

ing diarization and ASR modules. In addition, it produces explicit speaker-attributed transcriptions,
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which is desirable in many practical applications such as meeting transcription [53, 54].

However, diarization-based methods face several limitations. Their performance deteriorates
significantly in highly overlapped speech conditions, since conventional ASR systems are typically
designed for single-speaker input and cannot properly handle overlapping segments. Moreover, anno-
tation cost for diarization training data is extremely high, as it requires frame-level or segment-level
speaker labels; for example, prior studies have reported that annotating just 10 minutes of audio
may take several hours of manual effort [55, 56]. Finally, diarization errors (e.g., missed or incor-
rect speaker boundaries) can propagate to the recognition stage, resulting in error accumulation in the
overall pipeline. These challenges limit the scalability and robustness of diarization-based approaches

in real-world multi-talker scenarios.

2.4.4 E2E approaches with SOT

More recently, the serialized output training (SOT) approach has been proposed to directly address
multi-talker ASR in an E2E manner, as illustrated in Fig. 2.7(d). In this framework, a single sequence-
to-sequence ASR model generates a unified transcription sequence in which special tokens (e.g.,
<sc>) are inserted to indicate speaker changes [57]. In this way, multiple speakers’ utterances are
serialized into a single output stream, thereby enabling multi-talker transcription without the need for
explicit signal separation or speaker diarization.

This paradigm offers several advantages. First, it avoids error propagation across pipeline stages,
which is a common drawback of separation- and diarization-based systems. Second, it inherently
supports joint optimization of recognition and speaker change detection within the same model. As
a result, SOT can reduce distortions introduced by explicit separation and provide a simpler and
more integrated solution. Moreover, since the output remains a single sequence, it is compatible with
conventional E2E ASR architectures such as attention-based encoder—decoder or RNN-T models,
requiring only minor modifications to the output vocabulary [58, 59].

Nevertheless, SOT-based methods face multiple challenges. A major limitation is that they do
not provide explicit speaker identity information, as the inserted tokens only mark speaker boundaries
rather than attributing the text to a specific speaker. Recent extensions have attempted to incorporate
speaker-attributed labels within the serialized output [58], but this requires speaker information to
be available during training and remains challenging in open-domain scenarios. Another limitation
is that robust training relies on large-scale simulated multi-talker corpora constructed from single-
speaker recordings. For example, [60] leveraged hundreds of thousands of hours of single-talker
speech to create millions of hours of artificial mixtures for pretraining. While such methods improve

accuracy, they are highly dependent on massive data resources and are difficult to reproduce outside
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industrial research settings. Furthermore, the serialized nature of SOT makes it difficult to model
long-range context and cross-speaker dependencies, which are crucial in conversational scenarios
involving topic shifts, interruptions, and overlapping speech. These issues constrain the performance
of SOT in practical applications such as meetings and spontaneous dialogues.

In summary, SOT provides a promising E2E framework for multi-talker ASR by simplifying the
system architecture and eliminating the need for explicit intermediate processing. However, its lack
of explicit speaker identity, heavy reliance on simulated data, and limited ability to capture complex
conversational dynamics highlight important areas for future research, such as integrating speaker

modeling, context-aware mechanisms, and large-scale real conversational datasets.

2.5 Contextual Biasing for ASR

As discussed in the previous section, recent multi-talker ASR frameworks such as SOT have achieved
notable progress in modeling overlapping speech and conversational dynamics. However, beyond
speaker disentanglement and acoustic challenges, real-world ASR systems must also deal with lin-
guistic and contextual variability. Even when the speech signal is correctly separated and transcribed,
the model may still fail to recognize rare words, named entities, or domain-specific terminology that
lie outside its training distribution.

To address this limitation, contextual biasing has been introduced as an effective mechanism to
incorporate external information into the decoding process. By leveraging user-provided word lists,
dialogue history, or retrieval-augmented knowledge sources, contextual biasing enables ASR systems
to dynamically adapt their predictions to the given environment or task domain.

Although conventional ASR architectures such as CTC, RNN-T, and AED have demonstrated
remarkable progress, they inherently rely on fixed language models trained on large but generic text
corpora. As aresult, they lack the flexibility to integrate context-sensitive or personalized information
at inference time. This section reviews representative approaches for contextual biasing, discusses

their underlying mechanisms, and highlights their advantages and limitations in practical applications.

2.5.1 Graph Fusion Methods

Graph fusion methods primarily involve approaches based on finite state transducers (FSTs) and Trie-
based methods, as well as their combination. On one hand, contextual biasing based on FST models
has demonstrated effectiveness in both traditional [61, 62] and E2E [63, 64] ASR systems. These
methods utilize LM interpolation or shallow fusion (SF), which are applicable even with minimal

training data [65, 66]. FST-based contextual biasing allows precise control over token transitions
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through weighted schemes, enabling ASR systems to incorporate domain-specific knowledge about
the distribution of rare words. However, traditional FST biasing significantly complicates the infer-
ence process, especially in E2E ASR systems. Moreover, since traditional FST models cannot be
co-optimized with ASR models via gradient descent, careful readjustment of interpolation parame-
ters is typically necessary following ASR model updates, posing challenges when managing multiple
FST models. Additionally, these methods are often limited to specific contexts, such as “call [con-
tact name]” and “play my [playlist] on Spotify”, which restricts their capability to handle diverse
grammatical structures in natural language [67, 68].

On the other hand, Trie-based contextual biasing methods use Trie structures to enhance model
constraints and contextual biases during the decoding process, a technique called DB. This approach
leverages the efficient organization and retrieval capabilities of Tries to help ASR models more accu-
rately predict and select vocabulary. Le et al. [1] explored combining Trie-based methods with SF
using WFST, extending this integration to RNN LMs to improve the handling of biasing words. They
increased efficiency by extracting biasing vectors from Trie constraints representing biasing lists. Ad-
ditionally, Sun et al. [68, 69] proposed the tree-constrained pointer generator component (TCPGen),
which uses a structured Trie representation of biasing words to create a neural shortcut between the
biasing lists and the final model output distribution. This method effectively addresses the challenge
of managing large biasing lists [70].

Approaches Recently, owing to the improved recognition of rare words and the ease of integra-
tion with E2E neural inference engines, context biasing methods based entirely on neural attention
mechanisms have gained increasing popularity. Neural context biasing methods in LAS have been
discussed in [71], where biasing phrases and contextual entities are encoded via BiLSTM encoders
and biased using a position-aware attention mechanism [72, 73]. For RNN-T models, in [74, 75],
fully neural attention-based context biasing methods were introduced. In [74, 75], context biasing
methods for Transformer Transducers (T-T) and Conformer Transducers (C-T) in auditory encoders
and text-based prediction networks were introduced. In [75], the use of context adapters to adapt
pretrained RNN Transducer (RNN-T) and C-T models was discussed, which have the advantages of
being faster and more data-efficient. Sudo et al. [76] combined biasing phrase index loss and spe-
cial token training to enhance context performance during inference using the biasing phrase boosted
beam search algorithm. Yu et al. [77] proposed LCB-net, employing dual encoders to model au-
dio and long-context biasing, and enhancing model generalization and robustness through dynamic
context phrase simulation. Although attention-based methods eliminate the dependence on syntactic
prefixes seen in SF methods, they require more memory during training and inference, alter the struc-
ture of the original ASR model, which potentially leads to decreased performance of the original ASR

model, and are less effective in handling large biasing lists [69].
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2.5.2 Attention-based Deep Context Approaches

Recently, owing to the improved recognition of rare words and the ease of integration with E2E
neural inference engines, context biasing methods based entirely on neural attention mechanisms have
gained increasing popularity. Neural context biasing methods in LAS have been discussed in [71],
where biasing phrases and contextual entities are encoded via BiLSTM encoders and biased using a
position-aware attention mechanism [72, 73]. For RNN-T models, in [74, 75], fully neural attention-
based context biasing methods were introduced. In [74, 75], context biasing methods for Transformer
Transducers (T-T) and Conformer Transducers (C-T) in auditory encoders and text-based prediction
networks were introduced. In [75], the use of context adapters to adapt pretrained RNN Transducer
(RNN-T) and C-T models was discussed, which have the advantages of being faster and more data-
efficient. Sudo et al. [76] combined biasing phrase index loss and special token training to enhance
context performance during inference using the biasing phrase boosted beam search algorithm. Yu et
al. [77] proposed LCB-net, employing dual encoders to model audio and long-context biasing, and
enhancing model generalization and robustness through dynamic context phrase simulation. Although
attention-based methods eliminate the dependence on syntactic prefixes seen in SF methods, they
require more memory during training and inference, alter the structure of the original ASR model,
which potentially leads to decreased performance of the original ASR model, and are less effective in

handling large biasing lists [69].

2.5.3 ASR Error Correction (AEC)

AEC is proven effective in refining errors generated by ASR models, thereby significantly reduc-
ing the word error rate (WER) at the ASR postprocessing stage. Wang et al. [78] introduced a
lightweight contextual spelling correction model (CSC) to rectify context-related recognition errors
in transcription-based ASR systems, utilizing a shared context encoder and filtering algorithms for
large biasing lists. For document-level AEC, Jiang et al. [79] proposed a kNN-based context-aware
model with enhanced performance through retrieval from context data stores. Methods for AEC
based on autoregressive sequence-to-sequence architectures may suffer from overcorrection issues,
introducing new errors or alterations to correct portions and causing significant inference latency. To
address these challenges, Wang et al. [80] integrated context information into a non-autoregressive
spelling correction model with a shared context encoder, while introducing filtering algorithms and
performance balancing mechanisms to control the biasing extent for large biasing lists. Dong et al.
[81] proposed the pronunciation guided copy and correction (PGCC) model for AEC, leveraging the
encoder-decoder structure of BART pretraining to optimize decisions on whether to copy source input

tokens or generate modified ones, effectively identifying and correcting homophone errors.
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2.5.4 LILM-based ASR and AEC methods

In recent years, with the development of LLMs, LLM-based approaches for ASR contextual biasing
and AEC have attracted increasing attention. These methods leverage the strong contextual modeling
and multimodal reasoning capabilities of LLLMs by integrating frozen speech encoders with prompt-
based frameworks. For example, Seed-ASR [82] and MaLa-ASR [83] incorporate domain knowledge
or presentation keywords as prompts, significantly improving recognition of rare and domain-specific
words while reducing WER.

Meanwhile, generative LLMs have been widely applied to AEC tasks. HyPoradise [84] intro-
duces an LLM-based benchmark for N-best list correction, demonstrating the ability to recover miss-
ing hypotheses beyond traditional reranking. Yang et al. further propose task-activating prompting
techniques [85] and extend the scope to speaker attribution and emotion recognition in the GenSEC
challenge [86]. In addition, Hu et al. [87] explore robustness under noisy conditions by introducing
noise-aware embeddings in the language space.

Despite promising results, LLM-based methods still face several practical challenges. They are
computationally intensive, suffer from high inference latency, and are sensitive to prompt design.
Their performance also degrades significantly when handling large-scale biasing vocabularies. More-
over, incorporating acoustic features into LLM training leads to increased training costs, and current
lightweight adaptations still rely heavily on large-scale data with limited generalization. These limi-
tations suggest that relying solely on LLMs is possibly insufficient for robust and scalable contextual

biasing and correction in real-world ASR applications.

2.6 Speech-driven Affective and Multimodal Understand-
ing

Although ASR has made remarkable progress in transcribing spoken utterances into text, transcription
alone is insufficient for many real-world applications. Beyond recognizing “what is said,” intelligent
systems must also understand “how it is said” and “how spoken content interacts with other modali-
ties.” This motivates the exploration of higher-level spoken language understanding tasks built upon
ASR outputs.

On the one hand, speech-based affective understanding aims to capture paralinguistic cues such
as emotion, sentiment, and speaker state, which are not explicitly conveyed in textual transcriptions.
On the other hand, speech-driven multimodal understanding focuses on aligning spoken queries with
visual information, enabling tasks such as multimodal video moment retrieval. Together, these direc-

tions extend the role of ASR from mere transcription to a broader gateway for affective and cross-
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modal semantic understanding. This section offers a concise overview of multimodal SER and VMR

tasks.

2.6.1 Multimodal Speech Emotion Recognition

SER aims to infer a speaker’s emotional state from spoken utterances and plays a central role in ap-
plications such as human—computer interaction, mental health monitoring, and social robotics. Emo-
tional information in speech is conveyed not only through what is said (textual content) but also
through how it is said (acoustic and prosodic cues). Accordingly, research on SER has evolved from
single-modality acoustic modeling to multimodal approaches that integrate both speech and text.

Early SER systems primarily relied on audio signals, extracting prosodic and acoustic descriptors
such as MFCC, FBank, or other handcrafted features [88]. With the advent of deep learning, models
based on RNNs, CNNs, and Transformer architectures [89-92] achieved substantial improvements
by capturing complex temporal and hierarchical patterns in speech. More recently, SSL has driven
the development of large-scale pretrained speech models such as wav2vec [17], HuBERT [19], and
WavLM [20], which provide rich contextual representations and deliver state-of-the-art performance
on multiple SER benchmarks [93].

In parallel, text-based SER has emerged as a complementary paradigm, where transcripts—either
manually curated or generated by ASR—serve as inputs for emotion prediction. Textual information
provides high-level semantic understanding and often leverages contextual modeling techniques such
as RNNs or graph neural networks (GNNs) [94]. However, text alone lacks prosodic and paralinguis-
tic cues, limiting its ability to capture subtle emotional nuances.

To overcome these limitations, multimodal SER integrates both speech and text modalities,
jointly modeling acoustic and semantic cues. A common setting involves combining speech signals
with textual transcripts (typically from manual annotation or ASR outputs) [95-98]. Fan et al. [95]
proposed a multi-granularity attention-based Transformer (MGAT) to address emotional asynchrony
and modality misalignment. Sun et al. [96] introduced a method that incorporates shared and private
encoders, projecting each modality into separate subspaces to capture both modality consistency and
diversity while ensuring label consistency at the output. These methods, however, usually assume
access to high-quality manual transcripts, which is often unrealistic in practical applications.

In real-world scenarios, obtaining gold-standard transcripts is costly and impractical, making
ASR outputs the primary source of textual information. Yet, even SOTA ASR systems exhibit rel-
atively high WERs in emotional speech, posing significant challenges for SER. Recent research has
therefore focused on directly leveraging ASR hypotheses as inputs [8, 99—102]. For instance, Santoso

et al. [99] introduced a confidence-aware self-attention mechanism that downweights unreliable ASR
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Query: Make Peanut Butter Cup Cookie Bites.

Audio:
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$

Figure 2.8: An illustrative example of multimodal video moment retrieval, where a natural
language query is aligned with both visual frames and the audio track of an untrimmed video
to locate the most relevant temporal segment.

tokens to mitigate error propagation. Lin and Wang [8] proposed a robust multimodal SER framework
that adaptively fuses attention-weighted acoustic representations with ASR-derived text embeddings
to compensate for recognition noise. More recent work [98] further incorporates ASR error detection
and correction modules before multimodal fusion, improving the semantic coherence of transcripts
and enhancing overall robustness.

In summary, the trajectory of multimodal SER has progressed from early acoustic-only model-
ing, to combining manual transcripts with speech, and finally to employing ASR-generated transcripts
with error-robust mechanisms. While prior work has demonstrated the promise of integrating ASR
transcripts into multimodal SER, there remains limited systematic understanding of how WER and
fusion techniques interact. Moreover, designing architectures that mitigate error propagation while
maintaining inference efficiency is still an open challenge. This dissertation addresses these issues by
exploring error-robust multimodal SER frameworks that explicitly account for the imperfections of

ASR-generated text.

2.6.2 Video Moment Retrieval

With the explosive growth of online video content, retrieving relevant segments from long untrimmed
videos has become an increasingly important yet highly challenging research task. VMR is defined as
locating the start and end timestamps of the video segment that semantically corresponds to a given
natural language query [103—-105]. Unlike traditional video classification or retrieval, which assign
a single label or rank to an entire video, VMR requires precise identification of a temporal interval
within a continuous video stream.

As illustrated in Fig. 2.8, multimodal VMR typically involves jointly modeling and aligning
natural language queries with both visual frame sequences and the audio track of untrimmed videos, in

order to identify the most relevant moment. Compared to image-text matching or full-video retrieval,
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this task poses several unique challenges. First, untrimmed videos often contain complex temporal
structures and long stretches of irrelevant background content, while the target moment may only
occupy a small proportion of the video. Second, cross-modal alignment must simultaneously capture
semantic details from natural language, visual cues from frames, and acoustic or speech information
from the audio track, placing high demands on representation learning and multimodal fusion. Third,
queries in practical applications are highly diverse: some describe actions or events (e.g., “a person
opens the refrigerator”’), while others depend on auditory evidence (e.g., “a phone is ringing” or “a
blender starts running”). This requires models to perform reasoning across multiple semantic levels.

As a result, VMR not only demands fine-grained semantic modeling of video content but also
precise cross-modal alignment and reasoning across extended temporal ranges, making it a non-trivial
and highly complex research problem [10, 106].

Existing methods for VMR can be broadly divided into two categories: moment-based and clip-
based approaches. Moment-based methods typically follow a “propose-then-rank” paradigm: they
first generate a set of candidate temporal segments and then rank them against the query [103, 104,
107]. The advantage of these methods lies in their ability to achieve relatively high localization ac-
curacy within a large search space and to flexibly model semantic relevance between candidates and
queries. However, they suffer from high computational complexity, especially for long untrimmed
videos, where generating and scoring a large number of proposals incurs substantial inference over-
head, limiting their applicability in real-time or large-scale scenarios.

In contrast, clip-based methods segment videos into fixed-length clips and directly align them
with the query [108, 109]. By avoiding candidate generation and ranking, these methods signifi-
cantly improve computational efficiency, making them more suitable for long videos or large datasets.
Nevertheless, clip-based matching typically overlooks broader moment-level and video-level context.
Since each clip is treated independently, cross-clip temporal dependencies and global semantic con-
text are underutilized, leading to imprecise localization. This limitation is particularly problematic
when queries involve long-duration events or require reasoning with global video context.

Consequently, moment-based methods and clip-based methods represent a typical trade-off be-
tween accuracy and efficiency: the former achieves higher precision at the cost of greater computa-
tional overhead, while the latter offers higher efficiency but often sacrifices semantic completeness.
Designing approaches that balance these two aspects remains an important open question in the VMR
community.

More recently, researchers have recognized that relying solely on the visual modality is insuffi-
cient to capture the full semantic content of videos. Audio often provides complementary cues that
are critical for disambiguation. For instance, actions such as “laughing” and “talking” may appear

visually similar but can be easily distinguished through sound. Similarly, certain events like “a phone
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ringing” or “a blender starting” are primarily characterized by audio signals, while visual cues alone
may be ambiguous or absent. These observations have motivated the emergence of multimodal VMR
methods that integrate both visual and audio features to enhance retrieval performance. The cen-
tral idea is to leverage the complementarity between modalities: vision captures appearance, scenes,
and motion, while audio encodes prosody, sound events, and speech content. However, most existing
works still treat audio at a shallow acoustic level, extracting low-level features such as spectrograms or
filterbanks and directly concatenating or aligning them with visual features, without fully exploiting
the rich linguistic information embedded in speech.

The development of ASR opens a promising new avenue. By transcribing the audio stream of
videos, ASR systems generate time-aligned textual sequences that provide high-level lexical and se-
mantic information. These transcripts can serve as additional semantic anchors, effectively bridging
the gap between video content and textual queries through the speech modality. Unlike low-level
acoustic features, ASR outputs directly capture words and phrases, thereby substantially enriching
cross-modal alignment. In essence, incorporating ASR enables VMR systems to evolve from a vi-
sion—text paradigm to a vision—speech—text framework, enhancing semantic understanding. However,
ASR outputs are inherently imperfect, especially in noisy conditions, multi-speaker overlap, or with
domain-specific terminology. Recognition errors such as substitutions, insertions, or deletions may
distort the semantics of transcripts, leading to mismatches between queries and candidate moments.
For example, misrecognizing a key named entity could directly result in erroneous localization. Thus,
while ASR transcripts provide significant semantic benefits, their imperfections introduce new chal-
lenges that must be addressed.

In summary, research on VMR is gradually shifting from purely vision—text alignment toward
richer multimodal frameworks that integrate vision, audio, and text. Incorporating ASR transcripts
not only enhances the expressive power of the audio modality but also provides new opportunities for
semantic reasoning in VMR. Effectively leveraging the semantic gains of ASR while mitigating the

risks of recognition errors represents a critical direction for advancing this field.

2.7 Summary

This chapter reviewed the background and related work of ASR and ASR-related spoken language
understanding, providing the technical foundation for the subsequent chapters.

We first traced the historical development of ASR, from conventional HMM-based frameworks
to modern E2E models. Particular emphasis was placed on three representative E2E paradigms—CTC-
based models, RNN-Transducers, and AED architectures. Their modeling assumptions, training and

inference mechanisms, as well as their respective advantages and limitations in terms of latency, mod-
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eling flexibility, and recognition accuracy were systematically analyzed.

We then reviewed multi-talker ASR methods, including separation-based, speaker modeling-
based, diarization-based, and E2E approaches such as SOT. This line of work highlights the intrinsic
difficulty of handling overlapping speech and long-context dependencies, especially in realistic con-
versational scenarios.

Subsequently, we surveyed contextual biasing techniques for ASR, covering graph-based fusion
methods, attention-based deep contextual modeling, AEC, and recent LLM-based ASR and AEC
approaches. These studies demonstrate that incorporating external context and semantic priors is
crucial for improving rare-word recognition and mitigating recognition errors under domain shift and
low-resource conditions.

Finally, this chapter reviewed ASR-driven downstream understanding tasks, with a focus on
multimodal SER and VMR. Existing works indicate that ASR errors can significantly degrade down-
stream performance, motivating the need for ASR-aware and error-resilient multimodal frameworks.

In summary, this chapter highlights two key challenges: (i) improving ASR robustness to rare
words, homophones, and overlapping speech through contextual modeling; and (ii) reducing the neg-
ative impact of ASR errors on downstream multimodal understanding. These observations directly
motivate the methods proposed in the following chapters. Chapters 3—5 focus on context-aware ASR
from post-correction, end-to-end modeling, and LLM-driven perspectives, while Chapters 6 and 7

extend these ideas to ASR-aware multimodal SER and VMR tasks, respectively.
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Chapter 3

PMF-CEC: Phoneme-augmented
Multimodal Fusion for Context-aware
ASR Error Correction with
Error-specific Selective Decoding

In this chapter, we present PMF-CEC, a phoneme-augmented multimodal fusion framework for
context-aware error correction of ASR outputs. The goal is to improve the recognition of rare and
phonetically similar words that are often mistranscribed by E2E ASR systems and subsequently harm
downstream applications. PMF-CEC combines an error detection module with a selective correc-
tion mechanism, enhanced by phoneme-aware multimodal representations and a retention probability
strategy to prevent overcorrection. This design allows the system to correct rare-word errors more ac-
curately while preserving correctly recognized words. Experiments across multiple benchmarks show
that PMF-CEC (1) significantly reduces WER and biased word error rate (B-WER) compared with
text-only approaches, and (2) maintains real-time efficiency, offering a practical and scalable solution

for rare-word robust ASR.

3.1 Introduction

E2E ASR systems have achieved remarkable advances in recent years [2]. Despite this progress, they
continue to struggle with rare and domain-specific words—such as named entities, technical terms,
or personal names—that appear infrequently or are absent from training corpora [3]. These errors

are particularly detrimental because ASR transcripts often serve as inputs to downstream spoken
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Figure 3.1: Comparison between the previous ED-CEC framework and the proposed PMF-
CEC method. Blue arrows indicate components inherited from ED-CEC, while green high-
lights denote the new extensions introduced in PMF-CEC.

language processing tasks, where misrecognitions of rare words propagate and degrade performance
in applications such as summarization, named entity recognition, or emotion recognition [4, 5, 9].

To address this challenge, context-aware AEC has emerged as a practical solution. Unlike ap-
proaches that modify the decoding process or retrain ASR models, AEC operates as a lightweight
post-processing module, making it easily deployable across systems [80, 101, 110]. However, text-
only AEC models struggle with phonetically confusable rare words and tend to produce overdetection
errors when deciding whether and how to edit.

In this chapter, we present the error detection and context-aware error correction framework
(ED-CEC) [111]. ED-CEC introduces two key ideas. First, it employs an AED module that ex-
plicitly identifies error spans before applying corrections, thereby avoiding unnecessary full-sentence
rewriting and reducing latency. Second, it adopts a selective, context-aware correction strategy that
leverages contextual information to enhance rare-word recognition, achieving efficient and precise
post-editing.

Building upon this foundation, we further propose phoneme-augmented multimodal fusion for
context-aware error correction (PMF-CEC). As illustrated in Fig. 3.1, PMF-CEC extends ED-CEC in
two major directions: (i) it incorporates phoneme-augmented multimodal fusion into the correction
encoder to better disambiguate homophones and phonetically similar rare words, and (ii) it intro-
duces a retention probability mechanism (RPM) that assigns calibrated confidence scores to editing
operations (Keep, Delete, Change), filtering out low-confidence edits during inference to mitigate

overdetection.
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The contributions of this chapter can be summarized as follows:
* From our earlier ED-CEC work:

— An error detection—correction architecture that explicitly localizes erroneous spans through

an AED module before performing targeted correction.

— A selective, context-aware correction strategy that leverages surrounding context, improving

rare-word transcription while maintaining low inference latency.
* From the proposed PMF-CEC:

— A phoneme-augmented multimodal fusion module that enriches textual representations with
phonetic cues, improving the disambiguation of homophones and phonetically confusable

rare words.

— A retention probability mechanism (RPM) that calibrates edit confidence and filters out low-

confidence edits at inference, reducing overdetection and enhancing correction precision.

» Extensive experiments on five benchmark datasets demonstrate that PMF-CEC achieves 4.25%—
14.46% WER reduction (WERR) and 8.39%-12.56% B-WER reduction compared with the text-
only ED-CEC baseline, while maintaining inference speeds of 27.21-38.12 ms. Compared with
representative LLM-based correction approaches, PMF-CEC achieves comparable or better correc-

tion accuracy with 2.4-5.3 x faster inference and greater robustness under large biasing lists.

3.2 Proposed Methodology

3.2.1 Problem Formulation

The task of contextual error correction can be defined as learning a mapping function f(S,C) =T.
Here, the input source sequence S = (51,52, - ,8n,) € R™ corresponds to the raw ASR transcript,
while the context C = (C1,Cy,---,C;) € R denotes a list of [ contextual terms, typically consisting
of rare words or domain-specific items. The desired output is the corrected target sequence 7T =
(t1,t2,--+ ,ty) € R", which aligns with the ground-truth transcript. All sequences are tokenized using
a predefined WordPiece vocabulary [112].

To extend this formulation with multimodal information, we additionally incorporate phoneme-
level representations. Specifically, P* = (p},p3,- -, pf]) € R? denotes the phoneme sequence corre-

c) ,(0)

sponding to the source S, where g is the length of the phoneme sequence, and P¢ = (Pl( ,Pz( o ,PI(C)) €

R! represents the phoneme sequences aligned with the contextual word list C.
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3.2.2 Preprocessing

In line with prior work [111, 113], the preprocessing step begins by inserting special placeholder
tokens (e.g., <ul>, <u2>, etc.) between every two consecutive words in the ASR transcript S, as il-
lustrated in Fig. 3.2(a). These placeholders act as intermediate positions into which new tokens can be
introduced during correction. This design reduces the ambiguity of editing operations: original tokens
are restricted to either being preserved or removed, whereas inserted placeholders are constrained to
either deletion or substitution with new tokens.

In addition to token-level preprocessing, phoneme sequences are also generated for each word
using the Text2PhonemeSequence tool'. This provides complementary phonetic information, which
is later integrated into the multimodal error correction framework.

To supervise the training of the error detection module, we define three elementary editing oper-
ations: KEEP (K), DELETE (D), and CHANGE (C). The semantics are straightforward: K indicates
that the token remains unchanged, D marks the token for removal, and C specifies that the token
should be substituted with another candidate.

Label construction proceeds by first computing the longest common subsequence (LCS) between
the ASR transcript S and the ground truth transcript 7. With dummy tokens inserted, we obtain an
extended sequence I = (i1,i2, " ,iom+1) € R2"+1 where m+ 1 corresponds to the number of dummy
tokens. Each element in / is then labeled according to the LCS alignment: aligned tokens are assigned
K, misaligned tokens that require substitution are assigned C, and remaining tokens are assigned D.

An example of this alignment process is depicted in Fig. 3.2(b).

"https://github.com/thelinhbkhn2014/Text2PhonemeSequence
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Table 3.1: Comparison of the average length between the added tokens and the ground truth
transcripts on Librispeech test sets.

\ Added Tokens Ground Truth Transcripts

Avg. length | 3.00 18.94

This preprocessing design offers a major advantage over fully autoregressive error correction
models. Rather than regenerating the entire sequence, our method only modifies tokens at positions
requiring correction, while other tokens are either kept intact or removed directly. This selective edit-
ing strategy substantially reduces decoding time. As shown in Table 3.1, the average length of added
tokens is significantly smaller than that of the ground-truth transcriptions, leading to an estimated

reduction of at least 80% in decoding cost compared with autoregressive AEC approaches.

3.2.3 Embedding Module

The embedding module is responsible for producing contextualized representations of both tokens
and phonemes, which serve as the foundation for subsequent multimodal fusion. It consists of two
components: a text encoder for token-level embeddings and a phoneme encoder for phoneme-level
embeddings. A detailed description of each component is provided below.

Contextual Token Representations. For the textual input sequence I, we adopt the pretrained

language model BERT [114], which is a multilayer bidirectional Transformer encoder [115]. The

model produces contextualized token representations E /) = (egl) , eg), . ,eglrzl 1) € R@m+1)xdy \where
dj, denotes the hidden dimension of the encoder:
E) = BERT(TE(I) +PE(I)). (3.1)

Here, TE(-) represents the token embedding layer and PE(-) denotes a learnable positional em-
bedding layer, which together provide both semantic and sequential information to the encoder.

Contextual Phoneme Representations. To complement textual features with phonetic infor-
mation, we employ a pretrained SSL model, XPhoneBERT [116], as the phoneme encoder. Given
the phoneme input sequence P, the encoder outputs contextualized phoneme representations E%) =
(eEP‘Y) , egp“), o ,e,(ﬁ)) € R where g denotes the sequence length.

XPhoneBERT adopts the same architecture as BERT, comprising 12 Transformer blocks, a hid-
den size of 768, and 12 self-attention heads. This design allows it to effectively capture long-range

dependencies among phonemes and to encode fine-grained phonetic information that is complemen-

tary to textual embeddings.
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3.2.4 Phoneme-augmented Multimodal Fusion (PMF) Module

The PMF module is designed to integrate textual and phonetic information into a unified represen-
tation. Since the token and phoneme sequences may differ in length, we employ a cross-attention
mechanism to enable effective alignment between the two modalities, as illustrated in Fig. 3.3.
Specifically, the output of the encoded text E () is used as the query, while the phoneme encoder
output E(") serves as both the key and the value. The cross-attention operation is formulated as

follows:

ED(EPNT
EM — Softmax (E/d?> EP), (3.2)

where Eéﬂ? e R@m+Dxdy denotes the intermediate representation obtained via the cross-attention
operation. For simplicity, the residual connection with the original text representation E () and the
subsequent normalization are omitted from the formulation.

To obtain the final multimodal representation, we combine the text-aware phoneme features with

the original contextual token representations using an element-wise addition operation:

EM = g 4 ), (3.3)
where EM) — (eEM),egM), e ,e%ll) € R@mt1)xdy represents the final fused multimodal embedding

sequence. This integration enables the model to leverage both textual semantics and fine-grained pho-
netic cues, which is particularly beneficial for distinguishing phonetically similar but orthographically

distinct rare words.

3.2.5 ASR Error Detection (AED) Module

The AED module is responsible for identifying erroneous tokens within the ASR hypothesis, thereby
guiding the subsequent correction process. As illustrated in Fig. 3.2(b), the AED module operates on
the multimodal representation sequence E (M) and predicts an editing action for each token position in
the input.

The prediction layer is implemented as a lightweight fully connected network followed by a soft-
max function, which assigns probabilities over three predefined operations: K, D, and C. Despite its
architectural simplicity, the AED module plays a crucial role: it introduces only negligible additional
parameters while enabling efficient and accurate localization of potential error spans, substantially
improving inference speed compared to fully autoregressive correction strategies.

Formally, for the o-th token representation e((,M) e EM)_ the probability distribution over the
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editing operations is computed as:

P(y, | e,) = Softmax (FC(e,)) € R?, (3.4)

where y, denotes the predicted editing operation for the o-th token, and FC represents a fully
connected transformation. This design ensures that the AED module not only guides targeted correc-

tions but also maintains computational efficiency.

3.2.6 Context-aware Error Correction (CEC) Module

In contrast to conventional autoregressive decoders that initiate error correction from the ground up,
our CEC module concurrently processes all C tokens identified by the AED module. This module
either generates new tokens via the transformer decoder or selects pertinent tokens from the rare word

list to rectify ASR errors, thereby optimizing the correction process, as denoted in Figs. 3.2(c) and
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3.2(d).
Decoder Inputs. For the k' C position, the generated decoding sequence of length T by the
transformer decoder can be represented as Zy = (21 k224, ,2Tk) € R”, where 71k 1s initialized by

a special start token <BOS>. We computed the decoder inputs at step ¢ as follows:

E%) = FC(TE(z14) + PE(z4)) @ e € R%, (3.5)

[7

where e,((M) is the multimodal representation of the k' change position. “@” denotes a concatenate

function. FC is the fully connected layer that maps the decoder inputs back to the same dimension as
the embedding of z; 4.
Generation Decoder. To generate new tokens, we used the output of the decoder input £ (i) as

‘
(M)

the query and the multimodal representation E'\**/ as the key and value to the Transformer decoder to

obtain the output representation of the decoder layer:

oleen)

5% = Softmax (EM)), (3.6)

where OEigf 3{ € R% is the decoder layer output. For simplicity, the residual connection and the nor-

malization are omitted from the formulation. Finally, the generation output was calculated as

P4, = Softmax (FC(0})) € R%, 3.7)

where d,; is the vocabulary size of the BERT. Therefore, the next generated token is z,.4] x = argmax(

gen
pt+1,k)‘

Additionally, we introduced a context mechanism that dynamically selects between generating
new tokens through the generation decoder or choosing relevant tokens from a preprepared rare word
list. This context mechanism consists of a context encoder and a context decoder, with the context de-
coder comprising context attention and context-item attention. The detailed description is as follows:

Context Encoder. We stored / contextual items, consisting of rare words or phrases, in the
rare word list, with the construction process detailed in Section 3.3.3. The j contextual item
and the corresponding phoneme sequence are represented as C; = (c}-, e ,c?) € R* and PJ(C) =
((pﬁ-c)) Lo, (p§c>)v) eR", je{1,2,---,1}, where u and v denote the numbers of tokens and phonemes
in the j'* contextual item, respectively. To optimize model size and improve inference speed, we
implemented parameter sharing between the BERT encoder and the contextual encoder. Thus, we

used the same BERT encoder to obtain the token representations of each contextual item E €) =
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(757, ) € R

E'©) = BERT(TE(C;) 4 PE(C))), (3.8)

where C; is the 7" contextual item. Similarly, we also obtained the corresponding phoneme sequences

E(P](O) _ (e(pﬁc)) ') e(P§C>)

1 sey e ) € R"*4n for all contextual items, as well as the multimodal rep-

sy &V
© My O m'©
resentations EMi ) = (ei / ),e; J ), e ,e,g / )) € R“*4n Therefore, for all contextual items, we
defined them as E©) = (E(©) E(@) ... @) g Rixuxdy g(PO) — (g7 g7 .. pED) ¢

RUvxdi and M) = (E(MI(C)),E(MQC)),--- ,E(Ml(c>)) € RXuxdn respectively.

Ork g
A

(©) i
(M*)
MHA E sigmoid

Argmax|

Linear
Scores |---- ;

=l o
Comter) |-

\_ )
Mean| |Mm?
- Q K MM (©)) A

Figure 3.4: Illustration of the context decoder.

Context Decoder. The illustration of the context decoder is shown in Fig. 3.4. We first computed
the average of the encoded contextual items and then introduced a learnable dummy token <no-
context> at the beginning of these contextual items to determine whether relevant information is

stored in the rare word list:
EM) = mean(EM )y € R, (3.9)

M(M(C)) _ MO@E(M(C)) c R(Hl)th, (3.10)
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. . . C
where M? € R% is the learned hidden representation of the dummy token <no-context> and MM ©)

can be interpreted as the summarized tokens for each contextual item.
During step ¢, the contextual decoder first utilizes a context attention layer to determine the

availability and specific positions of relevant contextual items from the rare word list. In this process,

(gen)
t,

similarity scores are calculated by treating the output O of the generation decoder as the query

and summary contextual tokens M (Me) a5 the key:

scores;, = Ol(%f’n)M(A”(c))T e RUHD, (3.11)

gate; = scorest(l) eR!, (3.12)

where gate, are the similarity scores corresponding to the <no-context> token M. We defined the
index of the highest similarity score for the query Q, at step ¢ as m = argmax(scores,) € R!. If
m is nonzero, indicating the presence of relevant contextual knowledge in the rare word list, we
computed the contextual output using the context-item attention layer. This layer extracts the relevant

information from a specific contextual item using a multihead attention (MHA) mechanism. In the

MHA layer, the query input Q; is the output of the decoder layer Ot(é;fn) € R, whereas the key input

K; and the value input V; are both the multimodal representation £ (v, € R“*% of the m™ contextual
item:

(C) (C)
0= 05" K, = EMn) v, = EMn), (3.13)
T
(con) 0.k,
O,y 1 = Softmax( N Wi, (3.14)
pl%" = Softmax(FC(0\"")) € R%», (3.15)

where OZ((‘Z’") € R% is the output of the context-item attention layer. Note that no attention is calculated

when the max score corresponds to the dummy token, namely, m = 0. Then, the predicted word was

acquired by a weighted sum between the generation output pt(é;fn) and the contextual output pt(ckon):

g = o (FC(gate,)), (3.16)

Pa=g pl" +(1-g)-pl", (3.17)

where o is the sigmoid function and g is the gate to make a trade-off between the chosen token from

the rare word list and the generated token by the generation decoder.
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3.2.7 Joint Training

The training of the proposed model is formulated as a multi-objective optimization problem that
jointly considers both error detection and context-aware error correction. Specifically, two comple-
mentary loss functions are defined to guide the learning process.

Error Detection Loss. The error detection module is optimized using a cross-entropy loss over
the predicted editing operations. For each token position o in the ASR hypothesis, the loss is defined

as:
Loss; = —ZlogP(y0|i0), (3.18)
o

where i, denotes the input representation of the o' token and y, is the corresponding ground-truth
label (K, D, or C).

Error Correction Loss. The error correction module is supervised by a combination of two
objectives: (1) the likelihood of generating the correct output tokens at each decoding step, and (2)
the accuracy of selecting the appropriate contextual item when contextual knowledge is required. The

combined correction loss is given as:

Loss, = — (ZZlogPhk
k t
+ZZlogP(labelt,k]scoresnk)) , (3.19)
k t

where F; ; denotes the probability of generating the correct token at step ¢ for the k™ correction posi-
tion, scores; ; are the attention scores over the contextual list, and label; ; is the ground-truth contex-
tual index.

Overall Objective. Finally, the total training loss is expressed as a weighted combination of the
two components:

Loss = y-Loss; + Loss,, (3.20)

where 7 is a tunable hyperparameter that balances the relative contributions of error detection and
correction during optimization.
This joint objective enables the model to simultaneously improve its ability to accurately identify

erroneous tokens and to effectively correct them using both generative and context-based strategies.
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3.2.8 Inference

During the inference stage, the model reconstructs the corrected utterance by applying the predicted
editing operations together with the generated tokens. As illustrated in Fig. 3.2, the procedure is as
follows. Tokens predicted with the label KEEP (K) are preserved in the output sequence, tokens
with the label DELETE (D) are removed, and tokens marked as CHANGE (C) are replaced by newly
generated words from the correction module. In this manner, the final transcription is composed by
integrating both the preserved tokens and the corrected outputs.

A practical challenge arises when the ASR Error Detection (AED) module tends to overdetect,
i.e., positions that are already correct are erroneously labeled as errors. Such misclassification may
cause the word error rate (WER) to increase rather than decrease. To mitigate this issue, we incor-
porated a Retention Probability Mechanism (RPM) during inference. Concretely, the AED module
produces confidence scores for each predicted editing operation. If the confidence associated with
an edit falls below a predefined threshold, the original operation at that position is retained, thereby
reducing the risk of unnecessary modifications.

For example, consider the sentence in Fig. 3.2, where dummy tokens have been inserted into the
ASR output: “<ul> let <u2> me <u3> refuti <u4> facts <u5>”. The ground-truth editing se-
quence shouldbe “D KD KD K D K D”, requiring no modifications. However, the AED predictions
may produce “D K D K D D C K D”, with corresponding confidence scores of “0.8 0.6 0.7 0.9 0.8
0.4 0.3 0.6 0.7”. Given a threshold of 0.5, operations with confidence scores below this value are
discarded in favor of the original labels. Consequently, the final operations are corrected back to “D
KDKDKDKD”.

This mechanism allows the model to maintain high precision in its corrections while avoiding

degradation in recognition accuracy due to overdetection.

3.3 Experimental Setup

3.3.1 Implementation Details

The proposed model was implemented in Python 3.7 using the PyTorch 1.11.0 framework. All exper-
iments were conducted on a workstation equipped with an Intel(R) Xeon(R) Gold 6248 CPU @ 2.50
GHz, 32 GB of RAM, and a single NVIDIA Tesla V100 GPU. The overall model configurations and
hyperparameters are summarized in Table 6.1.

Both the text encoder and the context encoder were initialized with the shared bert-base-uncased?

https://huggingface.co/google-bert/bert-base-uncased
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Table 3.2: Model configurations and hyperparameters used in our experiments.

Configuration Value

Epochs 20

Optimizer Adam

Learning rate 0.00005

Dropout 0.1

Hidden size (d}) 768

Batch size 32

Y 3
Pretrained models

Word-based encoder bert-base-uncased

Vocabulary size (d,) 30,522

Phoneme-based encoder  xphonebert-base

Vocabulary size (dp) 1,960

model, producing token-level embeddings of dimension 768. The corresponding vocabulary size for
word tokenization was d,, = 30,522. Likewise, the phoneme encoder and the context phoneme en-
coder were initialized using the shared xphonebert-base® model, yielding phoneme embeddings of
dimension 768, with a vocabulary size of d,, = 1,960.

The hidden size dj, was fixed at 768, with 12 attention layers and 12 self-attention heads. The
correction decoder was implemented as a single-layer Transformer decoder with a hidden dimension
of 768. Model optimization was carried out using the Adam optimizer [117] with a batch size of 32.
The loss balancing parameter ¥ was set to 3, and the initial learning rate was fixed at 5 x 1072,

All hyperparameters were tuned on validation sets following standard practice. For inference, the
threshold of the Retention Probability Mechanism (RPM) was empirically set to 0.5, which provided

the best balance between correction precision and prevention of overdetection.

3.3.2 Datasets

To comprehensively evaluate the performance and robustness of our proposed PMF-CEC method, we
conducted experiments across five datasets generated using different ASR engines. These datasets
cover a diverse range of speech domains and transcription settings, allowing us to assess both gen-

eralization capability and task-specific effectiveness. The construction process for rare word lists is

Shttps://huggingface.co/vinai/xphonebert-base
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Figure 3.5: Pipeline for constructing the rare word list. (a) Simulation of real-world condi-
tions using the LibriSpeech dataset, following the methodology in [1], which is also applied
to ATIS and SNIPS. (b) Extraction of novel words from lecture slides for experiments under
real-world scenarios.

illustrated in Fig. 3.5, while the overall dataset statistics are summarized in Table 3.3.

» ATIS [118]: This corpus contains approximately 8 hours of user queries related to flight reserva-
tions, together with manual transcriptions. The ASR hypotheses were generated using a LAS system
[40].

* SNIPS [119]: Originally designed for natural language understanding tasks in voice assistants, this
dataset consists of spoken queries collected from real-world user interactions. The ASR transcripts
were produced using the Kaldi toolkit [120]*.

* LibriSpeech [121]: A large-scale corpus of 960 hours of English audiobooks. For ASR tran-
scription, we used the Wenet toolkit [122]3. The dev-clean and dev-other sets were adopted for
validation, whereas test-clean and test-other were reserved for evaluation.

* DATA2 [123]: A dataset tailored for E2E spoken named entity recognition (NER), containing
70,763 speech—text pairs with entity-level annotations. We randomly split the corpus into 2,000
validation pairs, 2,000 test pairs, and the remainder for training. The transcripts were generated
using the ESPNet toolkit [1241°.

e PRLVS [125]: A multimodal dataset comprising a full-semester pattern recognition course, with
43 lecture videos and their corresponding slides, totaling 11.4 hours of content. The SpeechBrain

toolkit [126]7 was employed to generate the ASR transcripts.

“nttps://github.com/kaldi-asr/kaldi
Shttps://github.com/wenet-e2e/wenet/tree/main
*https://github.com/espnet/espnet/tree/master
"https://github.com/speechbrain/speechbrain
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Table 3.3: Utterance statistics for the datasets used in our experiments.

LibriSpeech
Dataset | ATIS SNIPS DATA2 PRLVS

Clean Other

Train 3,867 13,084 132,553 148,688 66,763 3,680
Valid 967 700 2,703 2,864 2,000 460
Test 800 700 2,620 2,939 2,000 460

3.3.3 Rare Word List Construction

For several datasets, including ATIS, SNIPS, and LibriSpeech, no pre-defined rare word lists are pub-
licly available. To address this limitation, we adopted the validated simulation strategy introduced in
[1] to construct rare word lists, as illustrated in Fig. 3.5(a). Specifically, we first compiled a compre-
hensive rare word inventory for LibriSpeech, consisting of approximately 209.2K distinct words, by
removing the 5,000 most frequent words from the language model training corpus of LibriSpeech.
Words included in this inventory were then defined as rare words.

For each utterance, we constructed a corresponding rare word list by identifying words in the ref-
erence transcription that overlapped with the complete rare word inventory. To increase the difficulty
and realism of the task, we additionally augmented each rare word list with a predefined number of
distractors (e.g., 1,000), selected according to the experimental requirements. This procedure ensured
that each utterance-specific rare word list contained a mixture of actual rare words and distractors®.
The same methodology was applied consistently to generate rare word lists for the ATIS and SNIPS
datasets.

To demonstrate the practicality of rare word list construction in real-world settings, we further
considered the PRLVS dataset. In this case, the construction process relied on auxiliary materials
associated with lecture videos, namely presentation slides. As shown in Fig. 3.5(b), we extracted text
from lecture slides using the Tesseract 4 OCR engine’. The extracted tokens were filtered such that
only those belonging to the complete rare word list, or occurring fewer than 15 times in the PRLVS
training set, were retained. The resulting lecture-specific rare word lists were subsequently applied to
all utterances from the corresponding lecture sessions [69].

In addition, to verify the applicability of our PMF-CEC method to rare phrase entities rather than
only individual tokens, we employed the DATA?2 dataset, originally designed for spoken NER tasks.

8nttps://github.com/facebookresearch/fbai-speech/tree/master/is21_deep_bias
‘https://github.com/tesseract-ocr/tesseract
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Table 3.4: Coverage of rare word lists on evaluation sets (%). Coverage is computed as the
number of rare words divided by the total number of words in each evaluation set.

LibriSpeech
Dataset ATIS SNIPS DATA2 PRLVS

Clean Other

Coverage | 27.08 18.11 10.73  9.87 5.13 8.42

Because this dataset provides entity-level annotations (e.g., persons, organizations, and locations), we
directly treated the annotated entities as rare words.

The overall proportion of rare words across different datasets is summarized in Table 3.4. No-
tably, the coverage varies considerably across corpora, ranging from over 27% in ATIS to less than
6% in DATA2, reflecting the different linguistic characteristics and domain-specific vocabularies of

each dataset.

3.3.4 Evaluation Metrics

To comprehensively assess the effectiveness of our proposed PMF-CEC approach, we adopted five

evaluation metrics that capture both overall transcription accuracy and performance on rare words:

* WER (Word Error Rate) measures the overall error rate across all words in the test set, serving
as the most widely used metric for evaluating ASR performance.

* WERR (Word Error Rate Reduction) quantifies the relative reduction in WER compared with
the baseline system, thereby reflecting the extent to which error correction improves recognition
quality.

* U-WER (Unbiased Word Error Rate) computes the WER exclusively on words that do not appear
in the rare word list. This metric ensures that the proposed method does not inadvertently degrade
recognition accuracy for common vocabulary items.

« B-WER (Biased Word Error Rate) evaluates the WER restricted to words included in the rare
word list. It directly measures the system’s ability to correctly transcribe rare and domain-specific
vocabulary, which is the primary focus of contextual error correction.

* RW-Recall (Rare Word Recall) captures the recall of rare words, defined as the proportion of
rare words correctly recognized among those present in the utterances. This metric complements

B-WER by providing a recall-oriented perspective on rare word transcription.

For insertion errors, if the inserted token belongs to the rare word list, it is counted toward B-

WER; otherwise, it contributes to U-WER. The overarching goal of contextualized error correction is
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to reduce B-WER and enhance RW-Recall, while ensuring that U-WER remains stable without signif-
icant degradation [1]. This balance highlights the model’s ability to improve rare word transcription

without compromising performance on general vocabulary.

Table 3.5: Measurements of error correction performance on five datasets (%).

Librispeech
ATIS SNIPS DATA2 PRLVS
Test-clean Test-other

Method

WER/WERR WER/WERR WER/WERR WER/WERR WER/WERR WER/WERR

(U-WER/B-WER) (U-WER/B-WER) (U-WER/B-WER) (U-WER/B-WER) (U-WER/B-WER) (U-WER/B-WER)
. 30.65/- 45.73/- 3.51/- 9.57/- 7.94/- 18.66/-

Original

(20.58/87.78) (34.20/99.64) (1.07/13.31) (3.22/30.63) (6.90/26.52) (10.66/47.24)

21.47/29.95 30.35/33.63 3.12/11.11 9.05/5.43 7.23/8.94 15.14/18.86
SC_BART [127]

(14.63/49.25) (21.86/70.25) (1.20/12.15) (3.76/26.83) (6.18/25.18) (10.43/27.67)

26.51/13.51 33.28/27.23 3.35/4.56 9.37/2.40 7.62/4.03 17.98/3.64
distillBART [128]

(18.54/74.67) (24.08/76.43) (1.26/12.75) (4.42/27.11) (6.54/26.36) (10.64/43.57)

21.74/29.07 30.98/32.25 3.27/6.84 9.35/2.30 7.41/6.68 15.31/17.95
ConstDecoderians [113]

(14.78/50.57) (22.09/71.43) (1.22/12.47) (4.38/27.67) (6.11/27.20) (10.95/28.33)

18.95/38.17 28.57/37.52 2.71/22.80 8.23/14.00 5.39/32.16 13.17/29.42
ED-CEC [111]

(14.88/38.38) (21.47/62.79) (1.25/9.72) (3.85/21.02) (4.72/15.11) (10.01/20.72)

16.21/47.11 25.34/44.59 2.52/28.21 7.88/17.66 5.11/35.64 11.68/37.41
PMF-CEC (Proposed)

(13.25/35.16) (19.89/56.37) (1.12/8.54) (3.35/18.38) (4.69/13.69) (9.31/18.56)

3.4 Experimental Results

3.4.1 Comparisons with Baseline AEC Methods

To validate the effectiveness of our proposed PMF-CEC model, we compared it against five represen-

tative AEC baselines on five public datasets. The compared systems are summarized as follows:

* Original: the raw ASR transcripts without any postprocessing. This serves as the baseline reference
point.

* SC_BART [127]: a sequence-to-sequence model based on BART, which has demonstrated strong
performance in AEC tasks and represents a state-of-the-art autoregressive baseline.

* distilBART [128]: a lightweight, distilled version of BART designed to reduce computational cost
while maintaining reasonable performance.

* ConstDecoderans [113]: a constrained decoding approach that improves inference speed in AEC

by reducing decoding complexity.
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Table 3.6: Average inference time in ms.

Method ATIS SNIPS Librispeech DATA2 PRLVS
SC_BART [127] 90.30 75.30 144.32 156.12  103.62
distillBART [128] 45.55 41.55 69.80 75.74 57.60
ConstDecoderans[113]  25.61  26.66 23.69 21.39 18.29
ED-CEC [111] 32.59 31.87 30.16 24.93 22.86
PMF-CEC (Proposed) 38.12 36.94 34.48 29.19 27.21
vs SC_.BART 28x 24X 4.2 5.3x% 4.5%
vs distillBART 14x 13X 2.0x 2.6% 2.5x%
vs ConstDecoder  ans 0.8 x 0.8 x 0.7 x 0.7 x 0.8 %
vs ED-CEC 0.9x  0.9x 0.9x 0.9x 0.8 %

* ED-CEC [111]: our previous work, which introduced an error detection (AED) mechanism to
locate error-prone tokens and a context-aware correction module to selectively perform token re-

placement, thus reducing decoding overhead and enhancing rare word transcription.

The comparative results are presented in Table 3.5. When the size of the rare word list is set to
100, PMF-CEC consistently outperforms all baselines across the five datasets. In particular, PMF-
CEC achieves substantial reductions in both overall WER and B-WER, demonstrating its ability to
improve rare word transcription accuracy. Compared with SC_BART, our model achieves relative
B-WER reductions ranging from 19.76% to 45.63%, highlighting the effectiveness of phoneme-
augmented multimodal fusion. Furthermore, relative to ED-CEC, PMF-CEC introduces two key
improvements—phoneme augmentation and the retention probability mechanism (RPM)—which to-
gether yield an average reduction of 8.22% in U-WER and 10.52% in B-WER. These results confirm
that PMF-CEC not only strengthens error correction capability but also mitigates overcorrection.

In addition to correction accuracy, inference efficiency is an essential factor for practical de-
ployment. As shown in Table 3.6, PMF-CEC delivers a 2.4 to 5.3x speedup compared with the
autoregressive baseline SC_BART, while maintaining significantly better correction accuracy. Al-

though its inference time is slightly higher than those of partially autoregressive methods such as
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ConstDecoderyans and ED-CEC, the performance gains in error correction make PMF-CEC a more
balanced solution in terms of WERR and latency.

Finally, Table 3.7 further demonstrates that PMF-CEC consistently improves performance across
multiple ASR backends, including Whisper, TCPGen, and GPT-2 rescoring. This indicates that our
method is not tied to a specific ASR architecture and can be robustly applied to enhance diverse ASR

systems.

Table 3.7: WER and B-WER on LibriSpeech test sets, PRLVS test set and DATA2 test set
using Whisper and TCPGen, rescored with GPT-2 (%), and corrected by PMF-CEC. LM
weights are finetuned on each validation set separately.

Method ‘ Librispeech Test-clean Librispeech Test-other DATA2 PRLVS
‘ WER| B-WER| WER| B-WER| WER| B-WER| WER| B-WER]
Whisper meduim.en 4.00 15.08 6.83 21.89 4.96 15.22 6.74 19.83
+ TCPGen [68] 3.46 12.05 6.41 18.15 4.02 11.64 6.27 15.77
+ GPT-2 [129] 3.88 14.91 6.74 21.34 451 13.98 6.50 18.26
+ PMF-CEC 2.99 9.61 6.02 16.45 331 8.82 5.99 12.51
+ TCPGen + GPT-2 + PMF-CEC  2.57 8.17 5.85 15.50 3.04 7.27 5.56 10.67

3.4.2 Comparisons with Other Contextual Biasing Methods

To further examine the effectiveness of our proposed PMF-CEC when applied to large-scale ASR
systems, we conducted experiments using the Whisper-medium.en model [2, 67]. We selected
one general-domain corpus (LibriSpeech) and two domain-specific corpora (PRLVS and DATA?2),
and applied PMF-CEC to the corresponding ASR transcripts. For comparison, we incorporated two

representative contextual biasing approaches:

* TCPGen [68]: This method integrates rare word lists into E2ZE ASR models by organizing words
into an efficient prefix tree and adding a neural shortcut to improve rare word recognition during
decoding. Following the original setup, we froze the parameters of the Whisper model and trained
only the TCPGen module.

* GPT-2[129]: A large pretrained Transformer-based LM trained on over ten billion words from web
text'?. In our experiments, we used GPT-2'! without fine-tuning to rescore the 50-best hypotheses

generated by the ASR system, with LM weights tuned on the validation sets.

9nttps://openai.com/research/gpt-2-1-5b-release
'https://huggingface.co/openai-community/GPT-2
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To ensure comparability with prior contextual biasing work [1, 68—70], text normalization was
not applied during evaluation unless explicitly specified. A detailed discussion of this decision is
provided in Section 3.4.9.

As reported in Table 3.7, PMF-CEC achieves consistent improvements when applied to ASR
transcripts from large-scale models with a rare word list size of 100. Specifically, on the LibriSpeech
dataset, PMF-CEC achieves relative B-WER reductions of 36.27% and 24.85% on the test-clean
and test-other sets, respectively. On the DATA2 corpus, a relative rare word recall improvement of
42.05% is obtained, while on PRLVS, a relative B-WER reduction of 36.91% is observed. These
results suggest that the benefits of PMF-CEC are more pronounced on domain-specific corpora than
on LibriSpeech, since rare word lists in the latter are largely composed of generic vocabulary, whereas
the former include specialized terms such as named entities, technical jargon, and domain-specific
expressions.

In addition, TCPGen also leads to notable reductions in B-WER, while GPT-2, serving primarily
as a general-purpose LM, provides only limited improvements in rare word recognition. On aver-
age, PMF-CEC achieves relative B-WER reductions of 18.63% compared with TCPGen and 31.72%
compared with GPT-2, clearly demonstrating the advantages of our approach. Finally, when all three
methods are combined, further improvements are obtained, yielding the best overall WER perfor-

mance.

3.4.3 Comparisons with LLM-based ASR and AEC Methods

To further assess the effectiveness of PMF-CEC, we compared it with three representative LLM-based
ASR and AEC approaches on the DATA2 dataset:

* Whispering LLaMA (# %) [130]: A cross-modal generative AEC framework that integrates au-

dio and text features for instruction-guided correction. It is initialized from Alpaca'?

, a model
finetuned from LLaMA-7B [131]. Following the original setup, we generated 5-best hypotheses
using whisper-tiny'?, and extracted audio features with whisper-large-v2'4. For #.Z, we
adopted the medium variant # .%); with low-rank adaptation (LoRA) rank r = 16.

* SLAM-ASR [21]: An LLM-based E2E ASR framework that connects a speech encoder and an
LLM via a linear projection layer. In our experiments, we used WavLM-Large! as the speech

encoder and Vicuna-7B!¢ as the LLM backbone, finetuned with LoRA (rank r = 16). The encoder

https://github.com/tatsu-lab/stanford_alpaca
Bhttps://huggingface.co/openai/whisper-tiny
“nttps://huggingface.co/openai/whisper-large-v2
Bhttps://huggingface.co/microsoft/wavlim-large
1®https://huggingface.co/lmsys/vicuna-7b-v1.5
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outputs were downsampled and projected to match the LLM input dimension.
* MaLa-ASR [83]: An extension of SLAM-ASR that incorporates domain-specific keyword prompt-
ing to improve rare-word recognition. The same SLAM-ASR architecture is employed, with rare

words prepended to the prompt during decoding.

The results in Table 3.8 show that # %y achieves a WER of 15.61% by performing genera-
tive AEC over 5-best hypotheses, outperforming PMF-CEC applied directly to the Whisper 1-best
output (20.90%). However, PMF-CEC achieves significantly lower B-WER, demonstrating stronger
biasing capability. Importantly, combining the two approaches (“# %y + PMF-CEC”) yields further
improvements, indicating complementarity between generative AEC and context-aware correction.

Table 3.9 further compares PMF-CEC with SLAM-ASR and MalLa-ASR. When integrated into
SLAM-ASR with 100 biasing words, PMF-CEC reduces WER from 5.75% to 4.66% and B-WER
from 23.44% to 16.13%, while increasing inference time by only 0.04 seconds. These results confirm
that PMF-CEC scales well with larger biasing lists and can be seamlessly combined with LLM-based
ASR systems.

By contrast, MaLa-ASR reduces B-WER to 5.75% with 100 biasing terms, outperforming SLAM-
ASR in rare word recognition. However, it incurs a higher overall WER of 5.87%, suggesting in-
terference between keyword prompting and semantic modeling. More critically, when the number
of biasing terms increases to 1000, MalLa-ASR suffers from severe instability, with WER rising to
116.99% and B-WER reaching 100.00%, indicating poor robustness under large-scale prompting.

In summary, PMF-CEC demonstrates stable and efficient performance compared with LLM-
based approaches. Its lightweight design ensures superior efficiency and reliability, making it a strong

candidate for real-time ASR applications where both correction accuracy and latency are critical.

3.4.4 Impact of Individual Modules in PMF-CEC

To investigate the individual contributions of different components within PMF-CEC, we conducted
an ablation study on the LibriSpeech fest-clean dataset. The results are summarized in Table 3.10.
When the phoneme encoder was removed, the WER increased from 2.52% to 2.62%, and the
B-WER rose from 8.54% to 9.55%. This finding indicates that phoneme-level representations pro-
vide complementary cues that improve model robustness against acoustic ambiguity and homophonic
interference, particularly in cases where biased substitutions involve phonetically similar words.
Excluding the context decoder led to the most substantial degradation in performance, with WER
increasing to 3.18% and B-WER to 12.13%. This highlights the pivotal role of the context decoder

in integrating linguistic knowledge and rare-word biasing information. By explicitly modeling con-

63



Table 3.8: WER and B-WER comparison of the LLM-based AEC model # %) and our
PMF-CEC model on the DATA?2 test set (%). We use Whisper Tiny to generate 5-best hy-
potheses. “Oracle” refers to the candidate with the lowest WER compared with the ground
truth within the 5-best hypotheses. The unit of inference time is seconds per sentence
(s/sentence).

Model Biasing Size | WER| / B-WER| | Inference Time
Whisper Oracle - 13.87/45.48 -
W Ly [130] - 15.61/44.73 3.47
Whisper 1-best - 25.69/56.51 -

+ PMF-CEC 100 20.90/30.82 0.10
W Ly [130] + PMF-CEC 100 13.14 / 28.33 3.58

textual relevance, the decoder enables the system to correctly prioritize rare-word candidates, thereby
achieving significant improvements in bias correction accuracy.

Finally, removing the Reliability-based Postprocessing Module (RPM) resulted in a higher WER
of 2.61%, although the raw accuracy of editing operations within the AED module increased from
95.73% to 97.40%. These results suggest that the RPM is essential for mitigating overcorrection by
filtering out low-confidence edits, thus stabilizing model outputs and improving overall correction
quality.

Overall, the ablation results demonstrate that each module contributes uniquely to the effective-
ness of PMF-CEC: the phoneme encoder enhances discrimination at the acoustic level, the context
decoder provides strong biasing capabilities, and the RPM safeguards against overcorrection, together

yielding a balanced and robust correction framework.

3.4.5 Impact of Rare Word List Size

To further assess the robustness of PMF-CEC under different contextual conditions, we examined the
effect of rare word list size on model performance. Experiments were conducted on the LibriSpeech
test-clean and test-other sets, with the results summarized in Table 3.7 and visualized in Fig. 3.6.
Rare word lists were constructed with varying sizes, ranging from 100 to 3000 entries, and extended
with distractors.

As illustrated in Fig. 3.6, PMF-CEC achieves the lowest WER and B-WER on both test sets
when the rare word list contains 100 entries. As the list size increases to 3000, both WER and B-WER
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Table 3.9: WER and B-WER comparison of different LLM-based ASR models and our PMF-
CEC model on the DATA?2 test set (%). The unit of inference time is seconds per sentence
(s/sentence).

Model Biasing Size | WER| / B-WER| | Inference Time
SLAM-ASR [21] - 5.75123.44 2.34
+ PMF-CEC 100 4.66/ 16.13 +0.04
300 4.69/16.36 +0.13
500 4.72/16.45 +0.34
1000 4.78/16.71 +0.53
MalLa-ASR [83] 100 5.87/5.75 3.52
300 10.03/12.59 5.92
500 31.61/44.02 7.93
1000 116.99 / 100.00 10.57

show a slight upward trend. Nevertheless, even under this challenging setting, PMF-CEC maintains
relative reductions of 34.81% and 20.92% in B-WER compared with the original ASR transcripts,
thereby confirming the resilience of our model to large-scale rare word lists.

We also investigated the scenario in which no relevant rare word list is provided. On the test-
clean set, the absence of a rare word list caused WER to increase to 3.69%. However, PMF-CEC still
achieved a relative WERR of 7.75% compared with the original ASR transcripts. This demonstrates
that our model can partially correct errors by generating plausible words through the decoder, even
without explicit contextual guidance. Nonetheless, accurate correction of rare or domain-specific
terms ultimately requires the availability of a relevant rare word list.

Finally, to further evaluate the model’s robustness, we conducted an “anti-context” experiment
in which the rare word list consisted of 100 irrelevant distractors. On the fest-clean set, this setting
yielded a WER of 3.72%, corresponding to a 7.00% relative WERR compared with the original ASR
outputs. These findings highlight that PMF-CEC does not naively rely on the provided rare word list;
rather, it effectively suppresses irrelevant contextual terms and instead generates more appropriate

corrections using its decoder.
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Table 3.10: Impact of each module in PMF-CEC evaluated via ablation experiments on Lib-
rispeech test-clean set (%). Accuracy refers to the AED module’s detection accuracy.

Method WER | B-WER | AED Accuracy 1
PMF-CEC (full) 2.52 8.54 97.40
w/o Phoneme Encoder 2.62 9.55 97.40
w/o Context Decoder 3.18 12.13 97.40
w/o RPM 2.61 8.78 95.73
—o— WER(%) —o— B-WER(%) ---- Baseline WER(%) --=- Baseline B-WER(%)
15.0 LiEE=———-"2—_—"=— "= —F— =~
1251 -
S > ——
S Z16.5
=
L; 10.0 3
T &
275 2120
1 =
> z
5.0 1
B B R yA(P NN S S S S S S— .
1 N - 6.0 o
25 25 J ‘ , ‘
100 500 1000 1500 2000 2500 3000 100 500 1000 1500 2000 2500 3000
Rare Word List Rare Word List
(a) Test-clean of Librispeech (b) Test-other of Librispeech

Figure 3.6: WER results of Librispeech test sets with varying rare word list sizes. The
baseline corresponds to the original ASR texts without applying AEC.

3.4.6 Few-shot Generalization

To further evaluate the adaptability of the proposed approach, we examined the few-shot general-
ization capability of PMF-CEC, with results summarized in Table 3.11. In this evaluation, “0-shot”
denotes rare words that were completely unseen during training, whereas “5-shot” and “100-shot” cor-
respond to rare words that appeared five and one hundred times, respectively, in the training corpus.
Here, the term “n-shot” is used to indicate the number of occurrences in the training data, rather than
the conventional few-shot inference setting. Rare words were grouped according to their frequency of
occurrence, and performance was measured in terms of B-WER and RW-Recall. Specifically, a rare
word was considered successfully corrected if it appeared in the corrected transcript.

The baseline “Original” system refers to ASR outputs without any AEC model applied; there-
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Figure 3.7: Examples of correcting the rare words “maier” and “erlangen” in the PRLVS
dataset. We present slides with the rare words, the original ASR transcription, the corrected
results using the ED-CEC method, the corrected results using our PMF-CEC method, and the
ground truth (GT) transcription. Errors are marked in red, and correctly corrected parts are
highlighted in green. Additionally, we provide heatmaps illustrating the correction process
for the rare word “erlangen” using both methods.

Table 3.11: Analysis of few-shot generalization ability on the Librispeech test-clean and test-
other and PRLVS test set. The results show B-WER | / RW-Recall 1 (%).

Model ‘ Librispeech Test-clean Librispeech Test-other PRLYVS Test Set
ode

‘ < 0-shot < 5-shot < 100-shot < 0-shot < 5-shot < 100-shot < 0-shot < 5-shot < 100-shot

Original 50.91/46.05 32.94/65.66 13.43/87.21 67.30/32.58 51.94/45.66 25.22/73.46 64.83/40.58 41.51/60.16 17.32/80.34
ED-CEC 38.43/62.09 25.82/73.14 7.87/92.78 57.63/46.30 44.92/57.12 20.03/79.57 56.10/49.33 30.12/69.98 13.01/86.73
PMF-CEC 35.72/69.11 23.37/78.26 7.52/95.75 56.13/48.31 43.84/58.45 19.57/80.84 55.79/50.62 27.83/72.55 12.42/88.25

fore, its B-WER and RW-Recall values vary according to the frequency of rare words. On both
the LibriSpeech and PRLVS test sets, ED-CEC and PMF-CEC exhibit the ability to handle unseen
or infrequently observed rare words, thereby demonstrating strong zero-shot and few-shot learning
capabilities. Furthermore, across all shot conditions, PMF-CEC consistently outperforms ED-CEC,
highlighting the benefit of incorporating phoneme-augmented multimodal fusion for improving gener-
alization. These findings confirm that the integration of phonetic information enhances the robustness

of rare-word correction, even under data-scarce scenarios.

3.4.7 Domain Adaptation with Limited Data

To further assess the applicability of PMF-CEC in resource-constrained domains, we performed do-
main adaptation experiments by extracting 10% of the training data from the DATA2 and PRLVS
corpora to finetune models initially trained on the 960-hour LibriSpeech dataset. The experimental

results are summarized in Table 3.12. We considered three training strategies:
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Table 3.12: Results of domain adaptation with limited data on PRLVS and DATA 2 (%).

Method PRLVS DATA2
WER| B-WER| WER| B-WER |
Original 6.74 19.83 4.96 15.22
PT 6.89 18.33 5.12 13.78
FT (Full Data) ° 5.99 12.51 3.31 8.82
PT + FT (10% Data) | 6.29 14.79 3.17 7.63
PT + FT (Full Data) | 5.40 10.27 2.72 6.35

¢ Technically, since there is no PT on Librispeech, it is not appro-
priate to use the term “FT” as the model is directly trained on
PRLVS or DATA?2 full training data. However, we keep “FT”
here for consistency.

* FT (Full Data): training directly from scratch using the complete dataset.
* PT + FT (10% Data): pretraining on LibriSpeech followed by finetuning with only 10% of the
domain-specific data.

* PT + FT (Full Data): pretraining on LibriSpeech followed by finetuning with the entire dataset.

The results reveal several important observations. First, the “PT + FT (10% Data)” strategy
yielded lower WER and B-WER than “FT (Full Data)” on DATA2, while slightly higher values were
observed on PRLVS. Nevertheless, both strategies substantially outperformed the original ASR tran-
scripts, confirming that even limited finetuning data can provide significant benefits when adapting
pretrained models to new domains.

Second, the “PT + FT (Full Data)” strategy achieved the best overall performance across both
datasets, demonstrating that pretraining on large-scale data combined with sufficient domain-specific
finetuning maximizes model adaptation capability.

Finally, the “PT” setting, where the pretrained LibriSpeech model was directly evaluated on
DATA2 and PRLVS test sets without finetuning, resulted in a slight increase in WER compared with
the original ASR outputs. This suggests that while large-scale pretraining provides a strong initial-
ization, domain-specific finetuning—even with limited data—is essential for capturing local error
patterns and improving correction effectiveness.

In summary, these findings validate the effectiveness of PMF-CEC in low-resource scenarios.

The combination of large-scale pretraining and targeted finetuning offers a practical and efficient
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Model Input: @: Whispering LLaMA

### Instruction:

You are an ASR transcript selector. You have a few transcripts generated by an ASR model. Your task is
to generate the most likely transcript from them. If the generated transcripts have grammatical or
logical errors, you will modify them accordingly to produce the most accurate and coherent transcript.
### Input (5-best hypotheses):

The lion said a range of some eight miles on either side of savo to work upon

The lion set a range of some eight miles on either side of savov to work upon

The lions had a range of some eight miles on either side of savoie to work upon

The lions had arranged some 8 miles on either side of savoie to work upon

The lions had a range of some eight miles on either side of savoto workup on

### Response:

Model Output:

The lions had a range of some eight miles on either side of savoie to work upon

savoie (‘savwa), savoy (sa'vor), savoir (sav'wai), servo ('s3-vou), savored ('servs-d),
savor ('servs-), savory ('servai), tsavo ('savow), tsao ('saw), tsalal ('satot), tsay ('ser)
Model Input: ®: ED-CEC & PMF-CEC
1-best hypothesis:
The lion said a range of some eight miles on either side of savo to work upon
Phoneme sequences (PMF-CEC only):
'0¢ 'taton 'sed 'er 'remd3 ‘av 'sam ‘ert ‘marlz ‘on 103 ‘'said ‘av ‘savoo 'tu ‘'wzk o'pan
Model Output:
ED-CEC: The lion said a range of some eight miles on either side of savoy to work upon
PMF-CEC: The lion said a range of some eight miles on either side of tsavo to work upon

The lions had a range of some eight miles on either side of tsavo to work upon @: (&40

(a) Comparison of Whispering LLaMA and PMF-CEC on Rare Word Correction (“tsavo™)

Model Input: ®: Slam-ASR
Format: <speech> USER: <prompt> ASSISTANT: <transcription>
<prompt>: Transcribe speech to text.

Model Output:

The lions had a range of some eight miles on either side of savo to work upon

Model Input: ®: MaLa-ASR
Format: <speech> USER: <prompt> ASSISTANT: <transcription>
<prompt>: Transcribe speech to text. Use keywords to improve speech recognition accuracy.
But if the keywords are irrelevant, just ignore them. The keywords are {2)}

Model Output:

The lions had a range of some eight miles on either side of savoie to work upon

Model Input: @: ® + ED-CEC / PMF-CEC
1-best hypothesis from Slam-ASR:
The lions had a range of some eight miles on either side of savo to work upon

Phoneme sequences (PMF-CEC only):

'0¢ 'tatonz 'haed ‘er zemd3z ‘ov ‘'som ‘ert ‘'martz ‘on 'i03- ‘said ‘ov ‘savou 'tu ‘'wzk o'pan
Model Output:

ED-CEC: The lions had a range of some eight miles on either side of savoy to work upon
PMF-CEC: The lions had a range of some eight miles on either side of tsavo to work upon

(b) Comparison of Mala-ASR and PMF-CEC on Rare Word Correction (“tsavo™)
Figure 3.8: An example from the DATA?2 test set illustrating the challenge of rare word recog-
nition under homophone confusion. Red indicates errors; green highlights correct recovery.

pathway for domain adaptation, ensuring robust performance even when training resources are scarce.
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3.4.8 Examples of Correcting Rare Words

To further illustrate the practical benefits of PMF-CEC, we present qualitative examples of correcting
rare words in Figs. 3.7 and 3.8.

Fig. 3.7 shows two cases involving the rare words “maier” and “erlangen.” In the first case,
the misrecognized word “mayer” shares a high degree of orthographic similarity with the ground-
truth word “maier.” Both ED-CEC and PMF-CEC successfully identify and select the correct item
from the rare word list for correction. In the second case, however, the ground-truth word “erlan-
gen” is misrecognized as “alum.” Despite their substantial difference in spelling, the two words are
acoustically similar. Here, ED-CEC incorrectly selects “algebra” from the rare word list due to its
orthographic similarity to “alum,” leading to a failed correction. In contrast, PMF-CEC successfully
identifies “erlangen” by leveraging phoneme-level information in addition to contextual cues, thereby
demonstrating the importance of phonetic representations for resolving homophone-induced errors.

While the examples in Fig. 3.7 are derived from lecture slides where phonetic ambiguity is rela-
tively limited, Fig. 3.8 presents a more challenging case explicitly designed to evaluate the handling
of homophonic confusion. This example involves the rare named entity “tsavo,” which is frequently
misrecognized as the more common word “savo,” despite their identical pronunciation. In Fig. 3.8(a),
both Whispering LLaMA and ED-CEC fail to resolve this error. By contrast, PMF-CEC correctly
identifies “tsavo” from the rare word list by exploiting phoneme-level representations and contex-
tual bias. Fig. 3.8(b) further compares the MalLa-ASR method, which fails to correct the same error
even though “tsavo” is explicitly provided in the prompt, underscoring the limitations of text-only
prompting in the presence of phonetic ambiguity. In contrast, PMF-CEC, as a lightweight postpro-
cessing model, accurately corrects the error directly on the 1-best output from SLAM-ASR, striking

an effective balance between correction accuracy and computational efficiency.

3.4.9 Discussion
Impact of Text Normalization.

An important factor in evaluating contextual biasing methods is the role of text normalization applied
to both reference and hypothesis transcripts. Table 3.13 summarizes the word error rate (WER) and
biased word error rate (B-WER) results on the LibriSpeech test-clean and test-other datasets under
different normalization settings.

As shown in Table 3.13, applying text normalization consistently reduces both WER and B-
WER across all configurations. For example, on the fest-clean dataset, the WER of the Whisper
baseline decreases from 4.00% to 3.02%, while the corresponding B-WER drops from 15.08% to
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Table 3.13: WER and B-WER on LibriSpeech test-clean and test-other sets using Whisper
medium.en and PMF-CEC models, combined with text normalization (%).

Method Test-clean Test-other
WER | B-WER| WER| B-WER|
Whisper 4.00 15.08 6.83 21.89
+ Text norm. 3.02 9.48 5.84 19.88
Whisper + PMF-CEC | 2.99 9.61 6.02 16.45
+ Text norm. 2.85 8.58 5.78 15.96

9.48%. When combined with PMF-CEC, the WER is further reduced to 2.85% and the B-WER to
8.58%. These results demonstrate that normalization contributes to improved apparent performance.

However, such improvements may not faithfully reflect the true effectiveness of contextual bias-
ing. This is because normalization operations—such as handling possessive contractions, converting
numerical expressions, or standardizing spelling variations (e.g., “fiber” vs. “fibre”’)—can inadver-
tently correct rare or domain-specific terms without the intervention of the biasing model. Con-
sequently, normalization may obscure the actual contribution of contextual methods by artificially
lowering error rates.

For a fair and comprehensive evaluation of contextual biasing systems, it is therefore essential
to report results both with and without text normalization. While normalization improves readability
and reduces superficial discrepancies, unbiased comparisons of contextual biasing approaches should

also account for raw outputs to fully capture improvements in rare word recognition.

Phoneme Integration Beyond Postprocessing: Opportunities in LLM Decoding.

The PMF-CEC framework integrates phoneme information into the context-aware error correction
process by jointly encoding textual and phonetic representations through the Context Encoder and
the Context Phoneme Encoder. The resulting multimodal representations are fused to enhance the
model’s capability of detecting and correcting homophone-related errors in ASR transcripts. Despite
these advantages, the current design is still situated within a postprocessing paradigm: phoneme-level
information is incorporated only after the ASR output has been produced, and its role is limited to
editing or refining the generated text.

A key limitation of this paradigm is that phoneme embeddings are not directly involved in the

decoding dynamics of the language model. Consequently, their influence on sequence generation is
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delayed, and they cannot interact with semantic modeling in real time. While such modularity is
beneficial from an engineering perspective—ensuring compatibility with existing ASR pipelines—it
constrains the deeper integration of phonetic cues into linguistic reasoning during decoding.
Looking forward, a promising research direction is to integrate phoneme embeddings directly
into the decoding process of LLMs. This would allow the model to dynamically access and exploit
phonetic information at each generation step, thereby facilitating more accurate contextual reasoning
and improved disambiguation of phonetically similar terms. Potential strategies to achieve this include
embedding-level fusion, cross-modal attention mechanisms, and phoneme-guided prompting. These
approaches will be systematically explored in future work to further advance phoneme-aware ASR

correction.

The Continued Relevance of Seq2Seq (S2S) AEC in the Era of LLMs.

In comparison with LLM-based AEC and contextual biasing approaches, sequence-to-sequence (S2S)
AEC models, such as PMF-CEC, provide a lightweight and computationally efficient alternative for
contextual error correction tasks. These models are readily compatible with conventional 1-best ASR
outputs, thereby eliminating the need for prompt engineering and avoiding the substantial computa-
tional overhead associated with generative inference.

Furthermore, S2S models (e.g., ED-CEC and PMF-CEC) exhibit strong robustness when oper-
ating with large-scale biasing lists, in contrast to prompt-driven LLM approaches (e.g., MalLa-ASR),
which often experience severe degradation in performance as the biasing list expands. This robustness
underscores the practical scalability of S2S-based correction methods.

Finally, it is noteworthy that integrating the S2S-based PMF-CEC with generative AEC frame-
works yields additional performance gains. Such hybrid strategies combine the fine-grained phoneme-
aware modeling of PMF-CEC with the expressive semantic rewriting capabilities of LLMs, thereby
achieving complementary improvements and opening avenues for future research on hybrid correction

architectures.

3.5 Summary

In this chapter, we extended our previous work on context-aware ASR error correction and introduced
a phoneme-augmented multimodal fusion framework, termed PMF-CEC. By integrating phonetic in-
formation into the correction pipeline through multimodal fusion, PMF-CEC is able to more effec-
tively resolve homophone-induced errors in ASR transcripts, where acoustically similar words differ

in their orthographic forms. In addition, we proposed a retention probability mechanism to enhance
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the reliability of the error detection module by filtering out low-confidence editing operations.
Extensive experiments conducted on multiple benchmark datasets demonstrated that PMF-CEC
consistently outperforms both our earlier ED-CEC model and other representative contextual bias-
ing approaches, yielding substantial reductions in WER and B-WER while maintaining competitive
inference speed. Furthermore, despite the increasing prevalence of LLM-based ASR frameworks,
the lightweight and efficient nature of PMF-CEC highlights its continued relevance. The model can
be seamlessly deployed as a postprocessing component without requiring retraining or architectural
modifications to existing ASR systems, including LL.M-based architectures. This design makes PMF-
CEC particularly well-suited for latency-sensitive, real-time applications where both accuracy and

efficiency are of paramount importance.
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Chapter 4

PARCO: End-to-End
Phoneme-Augmented Robust Contextual
ASR via Contrastive Entity
Disambiguation

In the previous chapter, we introduced PMF-CEC, a phoneme-augmented multimodal fusion frame-
work for context-aware error correction of ASR outputs. Although PMF-CEC effectively improves
rare-word recognition and mitigates homophone errors in a postprocessing paradigm, it still operates
on the outputs of ASR systems rather than directly influencing the decoding process itself. This mo-
tivates the development of a more integrated approach that addresses the limitations of context-aware
ASR at the source.

In this chapter, we present PARCO, an E2E phoneme-augmented robust contextual ASR frame-
work designed to enhance recognition of domain-specific named entities, particularly under challeng-
ing homophone and distractor-heavy conditions. The goal is to achieve robust and accurate entity
recognition within the ASR decoding process, thereby reducing errors that conventional contextual
biasing or postprocessing methods fail to resolve. Specifically, PARCO incorporates (1) phoneme-
aware encoding to better capture fine-grained pronunciation variations, (2) contrastive entity disam-
biguation to improve discrimination among similar-sounding entities, (3) entity-level supervision to
ensure complete retrieval of multi-token entities, and (4) hierarchical entity filtering to suppress false
positives under uncertainty.

Experiments across both Chinese and English benchmarks demonstrate that PARCO (1) sub-

stantially reduces recognition errors of rare and domain-specific entities, achieving a CER of 4.22%
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on AISHELL-1 and a WER of 11.14% on DATA2 with 1,000 distractors, and (2) generalizes effec-
tively to out-of-domain datasets such as THCHS-30 and LibriSpeech, highlighting its robustness and
scalability.

4.1 Introduction

Although the previous chapter introduced PMF-CEC, a phoneme-augmented postprocessing method
for context-aware error correction, its design still follows a pipeline paradigm: contextual information
is applied only after the ASR output is generated. Such post-hoc correction effectively improves
rare-word recognition but does not influence the E2E decoding process itself, limiting the degree of
contextual integration.

In this chapter, we shift our focus to E2E contextual biasing, where contextual knowledge is
directly incorporated into the ASR model during decoding. E2E approaches enable tighter integration
of external context with acoustic and linguistic modeling, but they face two key challenges: (i) entities
are often treated as sequences of independent tokens, leading to fragmented or incomplete recognition
of multi-token entities; and (ii) distinguishing phonetically similar entities remains difficult, especially
under open-domain or low-resource conditions.

To overcome these challenges, we propose PARCO (Phoneme-Augmented robust contextual
ASR via COntrastive entity disambiguation), a novel E2E contextual biasing framework designed
to improve both the accuracy and robustness of named entity recognition in ASR. The design of
PARCO is driven by three major considerations: (1) enhancing phonetic discrimination for homo-
phone entities, (2) ensuring complete recognition of multi-token entities as unified semantic units,
and (3) reducing false positives in open-domain or noisy conditions. To achieve these goals, PARCO

incorporates four key components:

* Phoneme-aware encoding. A dedicated phoneme encoder augments textual entity representations
with fine-grained phonetic cues, helping the model resolve ambiguities among entities with similar
pronunciations.

* Contrastive Entity Disambiguation (CED). A novel contrastive learning objective explicitly en-
courages the decoder to differentiate between phonetically similar but semantically distinct entities,
thereby improving robustness against homophone confusion.

» Entity-level supervision. Instead of treating entities as isolated tokens, PARCO introduces entity-
level supervision that guides the decoder to generate entire entity spans, avoiding fragmented or

incomplete entity recognition.
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Figure 4.1: Overall architecture of the proposed PARCO model. The ASR backbone is based
on a Conformer encoder-decoder architecture. A biasing list containing multi-token entities
is encoded by a phoneme-enriched text encoder to support robust contextual biasing. The
contrastive entity disambiguation (CED) loss enhances discriminability among phonetically
similar entities and is detailed in Section 4.3.3. The hierarchical entity filtering (HEF) strat-
egy, used only during inference, dynamically refines the biasing list for improved precision
under ambiguity, as described in Section 4.3.5.

* Hierarchical Entity Filtering (HEF). During inference, a two-stage filtering strategy dynami-
cally prunes the biasing list based on phoneme similarity and confidence gating, reducing spurious

matches while retaining true entity candidates.

Together, these components enable PARCO to achieve robust entity recognition under diverse
conditions, improving both error rates (CER/WER) and rare-word recall while maintaining scalability

with large biasing lists.

4.2 AED-based ASR Model in PARCO

In the proposed PARCO framework, the underlying automatic speech recognition backbone is built
upon an AED architecture, a widely adopted paradigm in E2E ASR. As illustrated in Fig. 4.1, the
model is composed of two primary components: an audio encoder and an attention-based decoder.
The encoder transforms the input acoustic sequence S into a series of latent representations
Easr = (e1,e2,...,ey) € RM xd where M denotes the length of the encoded sequence and d rep-
resents the hidden feature dimension.
At decoding step n, the decoder generates a hidden state D, € R?, conditioned on both the

previously generated tokens Tj.,—; = (t1,...,f,—1) and the encoder output Exsg. The probability
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distribution over the vocabulary is then obtained via:
fn = Softmax(D,W,, + b,), 4.1

where W, € RY*? and b, € RY are learnable parameters, and V denotes the vocabulary size. Here, 7,
corresponds to the posterior probability p(t,|T1:n—1,S)-

The model parameters are optimized by minimizing the sequence-level negative log-likelihood:

N
Zasr = — Y 1og p(ta|Tin-1,5), (4.2)

n=1

where N is the length of the target transcription.
Furthermore, following the hybrid CTC/attention framework [132, 133], an auxiliary CTC loss
term Zcrc is incorporated to encourage monotonic alignments and improve both convergence speed

and recognition accuracy.

4.3 Proposed PARCO Method

As shown in Fig. 4.1, PARCO consists of an AED ASR model, a context encoder, and a context

attention module, enhancing biasing for phonemically similar entities.

4.3.1 Context Encoder

The context encoder is designed to represent entities in the biasing list by jointly modeling their
textual and phonetic information. This dual encoding enables the system to distinguish phonetically
similar entities while preserving semantic integrity. The module consists of three components: a text
encoder, a phoneme encoder, and a fusion mechanism.

Text Encoder. Let the biasing list be denoted as C = (C},C,...,Cr), where each entity C; may
consist of multiple tokens. Following the approach in [134], an additional “<no-bias>" token is
included as Cp, allowing the model to determine when no entity should be selected. Each entity is

encoded using stacked LSTM layers:
C") = LSTM(C)) e RY. 4.3)
The overall text-based entity representation is then obtained as

clene) — (C(()enc)jcgenc)j o 7C£enc)) c RIADxd 4.4)
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Phoneme Encoder. In parallel, each entity is also represented at the phonetic level. Let P =
(P1,P,,...,P) denote the phoneme sequences corresponding to the entities in C. These sequences

are embedded using stacked LSTM layers to capture contextualized phonetic representations:
plene) — (plene) plene)  plencly ¢ piL+1)xd, (4.5)

Fusion of Text and Phoneme Representations. To obtain entity representations that are both se-
mantically and phonetically enriched, the outputs of the text encoder and phoneme encoder are con-

catenated and projected into a shared space:
N(enc) _ (C(enc) e‘9};.(enc))vVN + by, (4.6)

where Wy € R24%4 and py € R? are learnable parameters, and “@” denotes concatenation. The
resulting representations N(€"¢) = (N(genc) ,Nl(enc) yeen ,Néenc)) e READX are subsequently used in the

decoding stage to perform phoneme-augmented contextual biasing.

4.3.2 Context Attention

The context attention mechanism enables the decoder to selectively attend to the most relevant entity
representations from the biasing list at each decoding step. Specifically, the hidden state of the decoder
at step n, denoted as D,,, is used as the query, while the phoneme-augmented entity embeddings N (enc)
serve as the keys.

The attention score for entity C; at step n is calculated as:

(enc)yr \T
D,Wy - (N,"'w,
sn)l:SOftmaX< o N, ) >eRL+1, 4.7)

Vd

where Wy, Wk € R?*4n are learnable projection matrices, and d, denotes the attention dimension. The
resulting distribution s, ; can also be interpreted as the probability of selecting entity C; conditioned
on the audio sequence and previously generated tokens, i.e., p.(C;|T1:n—1,S5).

Next, the attention-weighted sum of the entity representations is computed to obtain the biasing

vector B,;:

L
By=Y 5N "Wy, 4.8)
=0

where Wy € R?*4 is a learnable parameter. Intuitively, B, integrates contextual information derived
from the biasing list and acts as an auxiliary signal to guide the decoder.

Finally, following [71, 74], we concatenate the decoder hidden state D,, with the biasing vector
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B, and jointly use them to predict the next token:
f, = Softmax ((D,, ® B, )W, + by) , 4.9)

where W, € R?%*V and b, € RV are trainable parameters, and V is the vocabulary size. This for-
mulation allows the decoder to dynamically balance acoustic evidence with contextual entity biasing,

thereby improving the accuracy of named entity recognition.

4.3.3 Contrastive Entity Disambiguation (CED)

While the context attention mechanism (Section 4.3.2) enables the decoder to leverage biasing in-
formation, it often exhibits difficulties in distinguishing between entities that share highly similar
pronunciations. This limitation becomes particularly pronounced in noisy or ambiguous acoustic
conditions, where the attention weights may be dispersed across multiple confusable entities. Such
phonetic ambiguity leads to uncertainty in entity selection and ultimately degrades recognition accu-
racy.

To mitigate this issue, we introduce a CED objective, designed to explicitly improve the dis-
criminative power of the decoder’s hidden representations. The central idea is to guide the decoder
state at each step toward the correct entity representation while simultaneously pushing it away from
phonetically similar but incorrect candidates.

Concretely, at decoding step n, let D,, denote the decoder hidden state, and let N,(,enc) be the rep-
resentation of the ground-truth biasing entity. We further define a set of / hard negatives, {N,Sf“c) {:1,

drawn from phonetically similar but semantically incorrect entities such that n; # p. To enforce dis-

crimination, we adopt a contrastive learning objective based on the InfoNCE loss:

SMDw NS /7

D%CED = —log (4.10)

. : (enc)y .7
emm(Dn,N;enC))/T +Zzl:1 emm(Dn,N”?nc )/t

where sim(-, ) denotes cosine similarity and 7 is a temperature hyperparameter controlling the sharp-
ness of the distribution. By minimizing this loss, the decoder is encouraged to align more closely with
the target entity while maintaining sufficient separation from acoustically confusable alternatives. The

procedure for hard negative sampling is detailed in Section 4.4.3.

4.3.4 Joint Training

In prior studies [65, 76], entity supervision was typically implemented by assigning the same bias in-

dex to all constituent tokens of a given entity. This token-level alignment strategy, although straight-
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forward, often fails to guarantee that the entire entity is consistently recognized during decoding,
particularly for multi-token entities.

To illustrate this limitation, consider the example in Fig. 7.2 with the sentence: “7j /% 2=
SHEREH R T — S (Sul Bing3tianl, Li3 Jinlzhe2, Li3 Ling2, and others were all
affected to some extent.) Suppose the biasing list contains the entities “73 " (Cy), “ZE4
(C>), and “ZFF8” (Cs). The conventional approach would yield the following entity index sequence:
[C1,Cy,C,Cr,Ca,Cr,Cs,Cs,Co, Co, . . . |, where every token within an entity is repeatedly labeled with
the same index.

In contrast, our proposed entity-level supervision scheme adopts a more targeted labeling strat-
egy. Specifically, the entity index is assigned only to the first token of each entity, while the subsequent
tokens are marked with a <no-bias> index Cy: [Cy,Co,Cp,C2,Cy,Co,Cs,Co,Co,Co, .. .]. This design
explicitly enforces entity retrieval at the correct decoding step—namely, when the first token of the
entity is generated—while suppressing redundant decisions for the remaining tokens. As a result,
the model learns to decode complete entity spans rather than fragmentary or partial outputs, thereby
improving entity-level consistency.

Formally, the entity supervision objective is defined as:

N
Lnity = — Y, 10gpe(Bu | Tin-1), (4.11)
n=1
where f3, € (B1, B2,...,Br) denotes the constructed sequence of entity indices.

The overall training loss integrates four components:
&L = AZLpsk + (1 = ) Zere + Lntity + ZcED, (4.12)

where Zasr and Zctc denote the standard objectives of the ASR model, and Z¢gp corresponds to
the contrastive entity disambiguation loss described in Section 4.3.3. This joint optimization frame-
work ensures that the model simultaneously learns accurate transcription, robust alignment, entity-

level supervision, and fine-grained disambiguation.

4.3.5 Hierarchical Entity Filtering (HEF)

To further refine entity biasing during inference, we propose a HEF mechanism that combines phoneme-
level similarity with confidence-based gating. The objective is to constrain the decoder’s search space
to a smaller, acoustically and semantically plausible candidate set, thereby reducing erroneous biasing

without sacrificing recall.
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Phoneme-Aware Pre-selection. At each decoding step n, the attention distribution s, € RET! over
the biasing list is first computed as defined in (4.7). The entity index with the highest attention score
is identified as:

[= argmlaxsm,. (4.13)

If the selected entity C; corresponds to a valid candidate (i.e., not the special “<no-bias>" token),
we regard it as the anchor entity at step n. Using this anchor, we retrieve its top-K phonemically
similar candidates from the biasing list via an edit-distance-based phoneme retrieval algorithm. This
procedure ensures that acoustically confusable alternatives (e.g., “PR7E A (Chen2 Guan4Xil)” versus
“BAYLZZ (Chen2 Guan1Xinl)”) are retained as priority candidates.
We then form a refined biasing list by combining these retrieved entities with the special “<no-
bias>" token:
Bitered — [y} U{C; | I € Top-K(C))}, (4.14)

where Top-K (C;) denotes the indices of the K most similar entities in phoneme space. This filtered
candidate set is subsequently used to replace the full biasing list when computing the biasing repre-
sentation at step n, thereby enforcing a more focused and phonetically informed context modeling

process. Consequently, (4.9) is reformulated as:
i, = Softmax ((D, ® B W, + b,). (4.15)

Confidence-Based Gating. To avoid erroneous biasing toward unreliable candidates, we further in-
corporate a confidence-gating mechanism. Specifically, if the maximum selection probability among
all entities in the filtered set (excluding the “<no-bias>" token) falls below a predefined threshold o,

the model defaults to standard vocabulary generation. Formally:

6 =1 max  pe(By| Tin1) < 0|, (4.16)
ﬁnelggltered7 ﬁn#Co

where I[-] is the indicator function. The entity selection probability is then defined as:

1, if 6 =1and 3, =Cp
pe(Bn | Tin1) = 4 0, if § =1and B, #C (4.17)
pc(ﬁn | Tl:n—1)> if6=0.
In summary, the HEF module integrates a two-stage refinement: (1) phoneme-aware candidate

pre-selection, which restricts attention to acoustically plausible alternatives, and (2) confidence-based
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Table 4.1: Statistics of the datasets used in this study. “Utt.” refers to the number of utterances
and “NE” to the number of named entities. For LibriSpeech, only the test-clean subset was
employed.

Train Dev Test
Dataset

Utt. NE Utt. NE Utt. NE

AISHELL-1 | 119919 14241 14326 2194 7176 1186

DATA2 64570 11858 3100 2568 3100 2508
THCHS-30 - - - - 2495 268
LibriSpeech - - - - 2620 2130

gating, which suppresses unreliable predictions. Together, these mechanisms substantially mitigate

false positives while maintaining robust recall performance.

4.4 Experimental Evaluations

4.4.1 Implementation Details

All experiments were conducted on a computing cluster equipped with 4 NVIDIA A100 GPUs (80 GB
memory per GPU). The models were trained with a batch size of 64. The input speech signals were
converted into 80-dimensional log-Mel filterbank features using a 25 ms window and a 10 ms frame
shift. To reduce the sequence length, the acoustic features were passed through a two-dimensional
convolutional subsampling module, which downsampled the temporal resolution by a factor of four.
The resulting features were then linearly projected into a 256-dimensional representation.

The ASR backbone followed a joint CTC/attention-based Conformer architecture [41], consist-
ing of 12 encoder layers with 4 attention heads and an output dimension of 256. The decoder com-
prised 4 layers with hidden states of 512 dimensions. For contextual biasing, both text and phoneme
sequences were encoded using 3-layer LSTM networks, each with 512 hidden units. The weight of
the CTC objective A was fixed at 0.7. For the contrastive entity disambiguation loss introduced in
Section 4.3.3, the temperature hyperparameter 7 in Eq. (4.10) was set to 0.1.

Regarding the HEF strategy described in Section 4.3.5, the pool size for phonemically similar
entities (K) and the confidence threshold parameter (6) were determined empirically, and set to 20

and 0.9, respectively.
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4.4.2 Experimental Conditions

Datasets. The proposed PARCO framework was primarily evaluated on two benchmark corpora: the
Chinese AISHELL-1 dataset [135] and the English DATA2 dataset [123]. To further examine the
generalization capability of the model across languages and domains, we additionally incorporated
two evaluation-only corpora: the Chinese THCHS-30 dataset [136] and the English LibriSpeech test-
clean set [121]. Comprehensive dataset statistics, including utterance counts and the number of named
entities, are summarized in Table 4.1.

Evaluation Metrics. For the Chinese benchmarks, recognition accuracy was measured using the
CER, while named entity recognition accuracy was assessed via NE-CER, following prior stud-
ies [137, 138]. For the English datasets, we adopted WER as the primary metric, complemented
by NE-WER to specifically quantify performance on named entity transcription.

Baselines. To provide a fair and comprehensive comparison, three representative baseline systems

were selected:

* CBA [139]: introduces a contextual bias attention mechanism within an E2E ASR model, leverag-
ing decoder-side attention over bias phrase embeddings to better capture rare contextual entities.

* CopyNE [138]: incorporates a copying mechanism that retrieves entities directly from a pre-defined
NE dictionary, thereby ensuring complete and accurate transcription of multi-token entities.

* ED-CEC [111]: implements a postprocessing-based contextual ASR correction framework, which
detects transcription errors and performs context-aware correction using rare word lists, thereby

improving recognition accuracy without modifying the base ASR model.

4.4.3 Biasing List Construction

Entity Selection. The construction of the biasing list was tailored to each dataset to ensure con-
sistency across languages and domains. For AISHELL-1, we directly adopted the named entities
released by Chen et al. [140]. For THCHS-30, entities corresponding to persons, locations, and or-
ganizations were automatically extracted using the HanLP toolkit'. For DATA2, we employed the
annotated entities of persons, locations, and organizations available in the original corpus [123]. For
LibriSpeech, the same three categories of entities were extracted using the NuNER_Zero model?.
Following the practice of prior studies [134, 138], we augmented the biasing vocabulary dur-
ing training by randomly sampling two- or three-character substrings (Chinese) or two- or three-

word spans (English) from utterances without annotated entities. These substrings were retained as

Uhttps://github.com/hankcs/HanLLP
Zhttps://huggingface.co/numind/NuNER _Zero
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Table 4.2: Performance on AISHELL-1 and DATA2 under different numbers of distractors
N. Each cell shows CER/NE-CER or WER/NE-WER. Values in parentheses denote relative
NE-CER or NE-WER reduction (%).

Model ‘ N=0 ‘ N=100 ‘ N=1000 ‘ N=5000

AISHELL-1 (CER | (CERR 1) / NE-CER | (NE-CERR 1))

Conformer [41] 4.94(=)/9.60 (=) 4.94(=)/9.60 (=) 4.94 (=) 19.60 (=) 4.94 (=) 19.60 (=)
+CBA [139] 4.57 (+7.49) /536 (+44.17) 4.65 (+5.87)/591 (+38.44) | 4.86 (+1.62)/6.82 (+28.96) | 5.18 (-4.86)/8.12 (+15.42)
+CopyNE [138] | 4.37 (+11.54)/2.24 (+76.67) | 448 (+9.31)/2.97 (+69.06) | 4.72 (+4.45)/3.76 (+60.83) | 5.05(-2.23)/4.80 (+50.00)
+ED-CEC [111] | 4.49 (+9.11)/ 4.96 (+48.33) 454 (+8.10)/5.23 (+45.52) | 4.66 (+5.67)/5.68 (+40.83) | 4.81 (+2.63)/6.31 (+34.27)

+PARCO 4.03 (+18.42) / 1.57 (+83.65) 4.04 (+18.22) / 1.69 (+82.40)  4.22 (+14.57)/2.84 (+70.42)  4.45(+9.92) / 3.56 (+62.92)

DATA2 (WER | (WERR 1) / NE-WER | (NE-WERR 1))

Conformer [41] 12.05 (=) / 26.64 (=) 12.05 (=) / 26.64 (=) 12.05 (=) / 26.64 (=) 12.05 (=) / 26.64 (=)
+CBA [139] 11.12 (+7.72) / 18.78 (+29.50) | 11.52 (+4.40)/20.71 (+22.26) | 12.28 (-1.91)/25.46 (+4.43) | 13.23(-9.79)/28.04 (-5.26)
+ CopyNE [138] | 10.26 (+14.85)/ 10.34 (+61.19) | 10.54 (+12.53)/ 12.57 (+52.82) | 11.44 (+5.06) / 19.14 (+28.15) | 12.31 (-2.16) / 26.60 (+0.15)
+ED-CEC [111] | 10.59 (+12.12)/ 16.54 (+37.91) | 10.66 (+11.54) / 16.87 (+36.67) | 11.38 (+5.56) / 17.94 (+32.66) | 11.67 (+3.15)/ 20.76 (+22.07)

+ PARCO ‘ 10.00 (+17.01) / 8.34 (+68.69) ‘ 10.17 (+15.60) / 9.47 (+64.45)  11.14 (+7.55) / 14.16 (+46.85) 11.49 (+4.65) / 17.15 (+35.62)

pseudo-entities if they contained valid phoneme sequences. Phoneme sequences were generated using
pypinyin® for Chinese and g2pE* for English, thereby ensuring a phoneme-aligned representation
across all corpora.
Hard Negative Sampling. To improve discriminability during training, we incorporated phonetically
similar but semantically incorrect entities as hard negatives. For each GT entity, 1-3 hard negatives
were selected from the training vocabulary by computing phoneme-level edit distances and retrieving
the most similar candidates with different meanings. This approach ensured that the negative samples
were acoustically confusable but contextually irrelevant, thereby posing a challenging learning signal.

An illustrative example is provided in Fig. 7.2: for the GT entity “Z*¥® (Li3 Ling2, Person)”,
potential hard negatives include “Z= (Li3 Ning2, Person)”, “ZEHK (Li3 Lin2, Person)”, and “Z*
% (Li3 Ying2, Person)”. These distractors were incorporated into the training objective alongside
GT entities, compelling the model to explicitly distinguish correct entities from similar-sounding
alternatives.

During inference, biasing lists were constructed by combining the GT entities present in each
utterance with a set of phonetically retrieved distractors, ensuring realistic evaluation under large and

confusable entity sets.

3https://pypi.org/project/pypinyin
“https://github.com/Kyubyong/g2p
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Table 4.3: Ablation study on AISHELL-1 and DATA2 (%). NE-CER / NE-WER are reported
with relative error rate reduction (1) in parentheses under 5,000 distractors. “w/0”: “without”,
TE: Text Encoder, PE: Phoneme Encoder, CED: Contrastive Entity Disambiguation, HEF:

Hierarchical Entity Filtering.

No. | Configuration AISHELL-1 DATA2

1 PARCO 3.56 (+62.92) | 17.15 (+35.62)
2 No.1 w/o HEF 4.07 (+57.60) | 19.52 (+26.73)
3 No.2 w/o CED Loss | 4.39 (+54.27) | 20.10 (+24.55)
4 No.3 w/o Entity Loss | 5.51 (+42.60) | 21.25 (+20.23)
5 No.4 w/o PE 8.27 (+13.85) | 28.15(-5.67)
6 No.5 w/o TE 9.60 (-) 26.64 (-)

4.4.4 Results and Analysis

Comparative Performance under Varying Biasing List Sizes. Table 4.2 reports the comparative
results of PARCO and baseline systems under different distractor sizes on AISHELL-1 and DATA2.
Across all settings, PARCO consistently outperforms alternative approaches. On AISHELL-1, the
proposed model achieves the lowest NE-CER in every distractor condition, with error rates of 1.57%,
1.69%, 2.84%, and 3.56% for N = 0,100,1,000, and 5,000, respectively. Similarly, on DATA2,
PARCO yields the lowest NE-WER across all settings, reaching 8.34%, 9.47%, 14.16%, and 17.15%
for the same values of N. Although the addition of distractors generally leads to performance degra-
dation across all methods, PARCO demonstrates markedly higher robustness. For instance, compared
with the strongest baseline ED-CEC, PARCO maintains superior accuracy even at N = 5,000, indi-
cating its effectiveness in resisting interference from acoustically confusable entities. We attribute
these gains primarily to the HEF mechanism, which prunes the candidate set by leveraging phonetic
similarity and confidence gating, thereby suppressing spurious biasing.

Ablation Study. To further examine the contribution of individual components, we conducted an
ablation study under the most challenging setting with 5,000 distractors (Table 4.3). Eliminating
the HEF strategy results in significant performance degradation on both AISHELL-1 and DATA2,
confirming its importance in mitigating false-positive entity predictions. Removing either the CED
loss or the entity-level supervision also leads to consistent declines, underscoring their complementary
role in strengthening entity-aware learning. The most severe performance degradation is observed

when either the phoneme encoder or the text encoder is removed, highlighting the necessity of both
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Table 4.4: Robustness analysis on OOD datasets (%). Values in parentheses denote the rela-
tive reduction compared with the Conformer baseline.

THCHS-30 LibriSpeech test-clean
Model
CER | NE-CER | WER | NE-WER |
Conformer [41] 27.21 (-) 46.33 (-) 791 (-) 12.39 (-)
+ CBA [139] 28.55(-4.92)  47.61 (-2.76)  9.68 (-22.38) 13.72 (-10.73)

+ CopyNE [138] | 25.29 (+7.06) 15.65 (+66.22) 9.31 (-17.70) 10.93 (+11.78)
+ ED-CEC [111] | 30.11 (-10.66)  50.52 (-9.04)  8.62 (-8.98) 14.38 (-16.06)

+ PARCO 21.53 (+20.87) 8.48 (+81.70) 7.09 (+10.37) 6.17 (+50.20)

phonetic and contextual information for accurate entity recognition. Taken together, these findings
validate the overall architecture of PARCO and demonstrate that each module makes a non-trivial
contribution to the final performance.

Robustness to Domain Shift. We further evaluated model robustness through cross-domain transfer
experiments. Specifically, the AISHELL-1-trained model was tested on the out-of-domain THCHS-
30 dataset, and the DATA2-trained model was evaluated on LibriSpeech. As presented in Table 4.4,
baseline systems suffer from pronounced error increases when applied to unseen domains, reflecting
their limited generalization capability. By contrast, PARCO achieves the lowest error rates in both
transfer scenarios, reducing NE-CER by 81.70% on THCHS-30 and NE-WER by 50.20% on Lib-
riSpeech compared with the base Conformer. These results highlight the strong generalization ability
of the proposed framework, confirming its robustness to domain variability and its applicability to
real-world ASR scenarios.

Qualitative Analysis. To further validate the effectiveness of the proposed CED loss, we designed a
controlled evaluation scenario on AISHELL-1 involving ten candidate entities. The set comprises the
ground-truth entity /2 ¥ % (Chen2 Guan1Xinl, Person) alongside nine carefully constructed hard
negatives. These distractors were generated by modifying initials, finals, or nasal endings of the orig-
inal name, thereby introducing fine-grained phonetic confusion while ensuring semantic irrelevance.
The distractors include: f% 3% (Cheng2 GuanlXinl, Person), [ {5 (Chen2 GuanlXin4, Per-
son), [ 7 A (Chen2 Guan4Xil, Person), 72 W28 (Cheng2 GuanlXinl, Person), [~ %% (Chen2
Guang3Xin1, Person), fREE(S (Chen2 Guan4Xin4, Person), #£0 /L (Cheng2 Kuang4Xin1, Person),
JK#% (Cheng2 Guan4Xinl, Person), 57z (Chen2 Kuan3Xin1, Person).
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Figure 4.2: Comparison of attention visualization with and without CED loss. The horizontal
and vertical axes are the biasing list and the transcript, respectively.

Fig. 4.2 presents the decoder’s attention distribution over the biasing list, comparing results be-
fore and after applying the CED objective. As shown in subfigure (a), without CED supervision the
model incorrectly allocates dominant attention to the distractor “//: % /5", which closely resembles
the target entity phonetically. This indicates the inherent difficulty of disambiguating entities with
nearly identical pronunciations under noisy acoustic conditions. In contrast, subfigure (b) illustrates
that when trained with the CED loss, the decoder produces a sharper and more discriminative atten-
tion pattern. The attention is concentrated on the correct entity “[/2 ¥, 32, while competing distractors
are effectively suppressed. These observations confirm that the contrastive objective strengthens the
model’s capacity to capture subtle phonetic distinctions and improves robustness in bias-aware de-
coding.

Table 4.5 provides additional transcription examples from AISHELL-1 and DATA2. While base-
line systems frequently hallucinate entities or yield incomplete spans, PARCO consistently generates
correct and complete entity sequences in both Chinese and English contexts. This qualitative evi-
dence further highlights the model’s ability to enforce entity integrity and maintain resilience against

phonetically similar or contextually irrelevant distractors.
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Table 4.5: Comparative examples of transcriptions generated by different models. Red text
indicates errors, while green text highlights correctly transcribed entities.

AISHELL-1
T T ZRIFEE (Robin Szolkowy, Person),
% =) N7 (Robin Schembera, Person)
Translation 800 meters: Robin Schembera
Ground Truth | /\'GK%Z EE{IM8 D5/
CBA [139] JNERE e N

CopyNE [138] | /\E KT =) /R i U
ED-CEC [111] | /\EKZY ZZIRRMEWRH

PARCO JNEARZ 8 DL
DATA2
Entities: WM WALTERS CARPENTER’S, WM JONES

Ground Truth | WM WALTERS CARPENTER’S CREW WM JONES DOG DRIVER

WILLIAM WALTIS CARPING HIS CREW WILLIAM JONES
DON’T DRIVER

WILLIAM WALTIS CARPENTIS CREW WILLIAM JONES DOG

CBA [139]

CopyNE [138]

DRIVER
WILLIAM WALTERS CARPENTER’S CREW WILLIAM JONES

ED-CEC[111] DOG DRIVER

PARCO WM WALTERS CARPENTER’S CREW WM JONES DOG DRIVER

4.5 Summary

In this chapter, we presented PARCQO, a phoneme-augmented contextual ASR framework designed to
address two key challenges in bias-aware speech recognition: (i) the disambiguation of homophones
and (ii) the accurate recognition of multi-token entities. The proposed framework integrates four
complementary components: (1) a phoneme-aware encoder that captures fine-grained pronunciation
variations, (2) a contrastive entity disambiguation (CED) objective that strengthens discriminative
decoding under phonetic ambiguity, (3) an entity-level supervision mechanism that enforces span-
level consistency for multi-token entities, and (4) a hierarchical entity filtering (HEF) strategy that

enhances retrieval precision and robustness during inference.

88



Extensive experiments demonstrate that PARCO consistently improves contextual biasing per-
formance on both Chinese (AISHELL-1) and English (DATA2) benchmarks, achieving substantial
gains over strong baselines. Furthermore, cross-domain evaluations on THCHS-30 and LibriSpeech
confirm its robustness and generalization capability beyond in-domain training data.

Looking ahead, we plan to extend PARCO toward multilingual scenarios and to investigate its
integration within retrieval-augmented speech understanding pipelines, thereby broadening its appli-

cability to real-world ASR systems operating in diverse and dynamic environments.
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Chapter 5

CMT-LLM: Contextual Multi-Talker
ASR Utilizing Large Language Models

Although the previous chapter introduced PARCO to improve contextual ASR through phoneme-
augmented entity disambiguation, its design primarily targeted single-speaker conditions. In real-
world applications, however, speech often involves multiple overlapping speakers, making recogni-
tion substantially more challenging. At the same time, rare and domain-specific words continue to
pose difficulties, especially when multiple candidate entities must be distinguished under noisy or
ambiguous conditions. Addressing these two challenges—multi-talker recognition and contextual
biasing—within a unified framework remains an open problem.

Recent advances in LLMs provide a promising solution. LLMs are equipped with powerful
semantic reasoning and contextual modeling abilities, which can help disambiguate rare entities and
resolve long-range dependencies that are difficult for traditional ASR architectures. However, directly
applying LLMs to multi-talker ASR is computationally expensive and inefficient, particularly when
handling large biasing lists. To fully leverage the strengths of LL.Ms while maintaining efficiency,
careful integration with speech encoders and biasing mechanisms is required.

In this chapter, we present CMT-LLM, a contextual multi-talker ASR framework that unifies
overlapping speech recognition and contextual biasing under a single model. Specifically, CMT-LLM
combines pretrained speech encoders with LLMs using optimized finetuning strategies, and incor-
porates a two-stage filtering algorithm to efficiently select relevant rare words from large candidate
sets. These selected terms are then embedded into the LLM’s prompt input, enhancing rare-word
recognition in multi-talker conditions.

Experiments across multiple benchmarks demonstrate that CMT-LLM outperforms traditional
contextual biasing methods, achieving a WER of 7.9% on LibriMix and 32.9% on AMI SDM with
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a biasing size of 1,000. These results highlight the effectiveness of integrating LLLMs into contextual

multi-talker ASR, offering a scalable and robust solution for complex conversational scenarios.

5.1 Introduction

ASR in multi-talker scenarios, particularly under overlapping speech conditions, remains an open and
challenging problem. Existing approaches include PIT [6], heuristic error assignment methods [141],
and SOT [7]. Among them, SOT has become widely adopted as it resolves the speaker assignment
ambiguity by concatenating transcriptions in temporal order. Nevertheless, SOT places heavy de-
mands on long-context modeling, where conventional AED models often struggle to capture complex
inter-speaker dependencies.

A second major challenge for ASR systems is the accurate recognition of rare words such as
proper nouns and technical terms, which are sparsely represented in training data [142]. To mitigate
this, contextual biasing methods have been proposed. Shallow fusion techniques adjust decoding
scores using external language models but suffer when dealing with large or dynamically changing
biasing lists [143]. Deep biasing methods [144] incorporate contextual features into the decoder,
but require retraining and structural modifications. Deep context models [145] utilize contextual text
encoders at the cost of high computational overhead. Post-recognition error correction models [9,
111, 146] refine ASR outputs with contextual knowledge but inherently depend on initial hypotheses
and introduce additional latency.

In practice, multi-talker ASR and contextual biasing challenges are tightly coupled. For example,
in meeting transcription, the system must not only separate overlapping speech and track speaker
turns but also correctly identify specialized terms and named entities. Similarly, in customer service
applications, the ability to distinguish concurrent dialogues while biasing toward contextually relevant
terms is crucial for downstream utility. Despite this strong interdependence, most prior research has
treated multi-talker ASR and contextual biasing as distinct tasks. Motivated by this gap, we propose to
integrate contextual biasing into multi-talker ASR, with the aim of improving recognition accuracy for
rare and domain-specific words under overlapping speech conditions. To the best of our knowledge,
this represents the first systematic effort to unify these two tasks.

LLMs provide a natural pathway toward this integration. With their powerful capacity for se-
mantic reasoning and global context modeling, LL.Ms are particularly effective at capturing inter-
speaker dependencies and producing coherent transcriptions in multi-talker conditions [147, 148]. In
the context of contextual biasing, LLMs support prompt-based adaptation, which allows dynamic in-
corporation of user-provided biasing lists, thereby improving rare word recognition without requiring

complex decoding modifications [149]. These capabilities highlight the unique advantages of LLMs
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OCR Result

1B4001_slide 1.txt
1B4001 slide 2.txt

Overlapped o o4 "' T
Speech

Speaker 1

Speaker 2

Speaker 3

THERE ARE MARIANNE AND BRUNO WHO)|
ARE HAVING UH RECEPTION HOURS

SO IT'S GONNA
BEAQUI

Biasing List Extractiol

YEAH BUT IF YOU PUT

Biasing List
MARIANNE, YALINA,
RUE, PIERRETTE,
BRUNO, ETY, FAX,
ANDREL ADE, ...

AND PIRETTE AS WELL|
WE UH ALL HAVE UH

1
THERE ARE MARIANNE AND BRUNO WHO ARE HAVING UH .

SOT RECEPTION HOURS SO IT'S GONNA BE A QUI <sc> YEAH BUT]|:
'

'

'

IF YOU PUT <sc> AND PIRETTE AS WELL WE UH
(a) FIFO-SOT transcription

Without Contextual Biasing: With Contextual Biasing:
[P 9., 8l THERE ARE MATTHEW AND PUNO WHO ARE HAVING UH THERE ARE MARIANNE AND BRUNO WHO ARE HAVING UH

) RECEPTION HOURS SO IT'S GONNA BE A QUI <sc> YEAH BUT| [[@)\Y% ¥ & B B\% §RECEPTION HOURS SO IT'S GONNA BE A QUI <sc> YEAH BUT|
LTS LG IF YOU PUT <se> AND PIRETTE AS WELL WE UH IF YOU PUT <sc> AND PIRETTE AS WELL WE UH

(c) Specific example of recognition results on the AMI dataset

Figure 5.1: Overall pipeline of the proposed contextual multi-talker ASR framework inte-
grating pretrained speech encoders, projectors, and LLMs.

in simultaneously addressing the challenges of multi-talker recognition and contextual biasing.
Building on these insights, we propose a unified framework, CMT-LLM, which integrates a pre-
trained speech encoder, a projection module, and a LLM, as illustrated in Fig. 5.1. To train the system
efficiently, we adopt a two-stage finetuning strategy: (1) the SSL speech encoder is first adapted
to overlapping speech using the SOT objective; (2) the adapted encoder and LLM are subsequently
frozen, while the projector is trained and the LLM is further tuned through LoRA. In addition, to
address the practical challenge of handling large-scale biasing lists (e.g., thousands of words), we in-
troduce a two-stage filtering mechanism. A coarse decoding stage first selects a small subset of highly
relevant rare words, which are then incorporated into the LLM prompt for fine-grained contextual bi-
asing. This design enables efficient integration of contextual knowledge while preserving scalability

and accuracy in multi-talker ASR.

5.2 Proposed Method

5.2.1 Problem Formulation

We define the contextual multi-talker ASR task as a mapping function f(S,C) = T, where the in-
put speech S = (S1,52,...,Su) consists of M acoustic frames, and the contextual biasing list C =
(C1,Ca,...,Cr) € RE contains L rare or domain-specific words. The desired output is the ground-truth
transcript T = (Tll,Tzl, ...,<8c>, le, T22, .,<sc>, T3, T3, .. .) € R¥, represented as a token sequence
of length N. Here, T.” denotes the a-th token uttered by the b-th speaker.

Following prior work on SOT [7, 57], overlapping multi-speaker speech is modeled by concate-

nating the transcriptions of individual speakers into a single output sequence. Speaker boundaries
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Figure 5.2: Overall architecture of the CMT-LLM model.

are explicitly marked with the special token “<sc>”. For example, in the case of three concurrent
speakers, the corresponding reference transcription is constructed by concatenating each speaker’s
utterances in first-in first-out (FIFO) order, determined by their respective speaking times. This se-
rialization strategy is illustrated in Fig. 5.1(a), which provides the basis for handling multi-talker

scenarios within the proposed contextual ASR framework.

5.2.2 Proposed CMT-LLM

We propose a contextual multi-talker ASR framework built upon LLMs, referred to as CMT-LLM.
The overall architecture, shown in Fig. 5.2, follows the design paradigm of recent LLM-based ap-
proaches [21, 147-150], and consists of three major components: a speech encoder, a projection
module, and an LLM decoder.

The speech encoder first processes the overlapping input signal and generates a sequence of
acoustic representations Es € R¥*% where dg denotes the feature dimension. To reduce computa-
tional complexity and align with the input requirements of the LLM, we apply a one-dimensional
convolutional downsampling layer, compressing the temporal resolution by a factor of n. The down-
sampled features are then transformed by a two-layer linear projection network into speech embed-

dings Eg € R xdr , with dp corresponding to the hidden size of the LLM. This ensures dimensional
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compatibility between the speech encoder output and the LLM input space.

To address the contextual multi-talker recognition problem, we incorporate rare-word biasing
lists into the LLM through prompt-based conditioning. The constructed prompt includes task-specific
instructions as well as the biasing list, which is tokenized and encoded into a prompt embedding Ep €
RP*dr_ where P represents the prompt length. The details of biasing list construction are provided in
Section 5.3.2.

For training, we adopt the SOT strategy. The reference multi-talker transcript is tokenized and
converted into embeddings Exsg € RV*P which are fed to the LLM alongside the speech embeddings
Eg and the prompt embeddings Ep. The model is optimized to predict the transcription 7 € R by
minimizing the cross-entropy loss between 7 and the ground-truth transcript 7.

During inference, the LLM receives both the speech embeddings and the contextual prompt
(instructions plus biasing list) and autoregressively generates the final transcription. To further assess
the effect of contextualization, we also evaluate a variant of the model without biasing information in
the prompt, denoted as the LLM Baseline.

The number of biasing terms included in the LLM prompt is restricted to 100 during training
in order to keep computational costs tractable. The details of the biasing list construction process
are provided in Section 5.3.2. In practical deployment, however, the biasing list may contain tens of
thousands of candidate terms, which substantially complicates inference. Such large-scale lists can
overwhelm the model’s capacity to reliably identify relevant words, resulting in significant degrada-
tion of recognition performance.

To mitigate this limitation, we adopt a two-stage filtering strategy inspired by recent advances in
contextual biasing for ASR [151-154]. In the first stage, a self-supervised pretrained speech encoder
is finetuned on the target dataset with an additional CTC prediction head. Greedy decoding is then em-
ployed to produce preliminary transcription hypotheses with relatively low computational overhead.
This step serves two purposes: (1) finetuning the pretrained encoder with a conventional objective
has been shown to outperform direct use of the frozen encoder for downstream LLM-based ASR;
and (2) the preliminary decoding results provide a coarse filtering mechanism, eliminating irrelevant
candidates from the large biasing list.

In the second stage, the coarse CTC outputs are further processed to refine the biasing vocabulary.
Common words are first removed by excluding the 5,000 most frequent terms, thereby retaining more
informative rare candidates. For instance, consider the ground-truth transcription “... MORE THAN
THE SPEAKER CHARACTERISATION AS M STEVE ...” and the CTC decoding output ... MORE
THAN THE SPEAKER CHARACE THSATION AS STEE ...”. After eliminating common words, the
remaining uncertain tokens are “CHARACE THSATION” and “STEE.” All possible sub-segments of
these candidates are then enumerated, such as “CHARACE,” “THSATION,” and “CHARACE TH-
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SATION.” Each segment is compared against entries in the biasing list using word-level edit distance,
and the closest match is selected—in this example, “CHARACTERISATION.” Although phoneme-
based edit distance and semantic similarity measures were also considered, they proved less efficient
and, in practice, less effective than the simpler word-based approach. Moreover, restricting evaluation
to only individual words (e.g., “CHARACE” and “THSATION”) risks overlooking the correct entity.
To balance efficiency and accuracy, each candidate segment is matched to its top-10 nearest neighbors
in the biasing list. Duplicates are removed, and the resulting filtered set of rare words is incorporated
into the LLLM prompt.

This hierarchical filtering procedure reduces large-scale biasing lists from thousands of entries to
a size that is computationally manageable by the LLM, while preserving the most relevant contextual
candidates. As a result, inference efficiency and accuracy are both substantially improved, effectively
addressing the performance bottleneck posed by large biasing lists in real-world contextual multi-

talker ASR scenarios.

5.3 Experimental Evaluation

5.3.1 Implementation Details

All experiments were conducted on a cluster equipped with 4 NVIDIA A100 GPUs (80 GB memory
each), using a batch size of 2. As the speech encoder, we adopted the finetuned WavLM-Large' model
[20], which processes 16 kHz sampled audio into frame-level feature embeddings at a frame rate of 50
Hz with dimensionality 1,024. These features were subsequently downsampled by a factor of n =5
and passed through two linear projection layers, yielding speech embeddings with a final frame rate
of 10 Hz and dimensionality 4,096.

For the language modeling component, we employed Vicuna-7B> [155], a conversationally
finetuned variant of LLaMA [131] trained on ShareGPT data. During training, parameters of both
the speech encoder and the LLM were kept frozen, while only the projection layers were optimized.
Optimization was performed with the AdamW algorithm [156], using a learning rate of 0.0001, =
(0.9,0.999), € = 1e-08, and a weight decay of le-6. A linear warm-up schedule with 1,000 warm-up
steps was applied, followed by training for up to 100,000 steps, with early stopping based on the
validation loss. LoRA was applied to the LLM with configuration & = 32, rank » = 8, and dropout
=0.05.

We also defined task-specific prompt templates for different model settings. For the LLM Base-

Thttps://huggingface.co/microsoft/wavim-large
Zhttps://huggingface.co/lmsys/vicuna-7b-v1.5
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line, the prompt consisted of the simple instruction: “Transcribe speech to text.”. In contrast, the
CMT-LLM employed an enriched prompt format incorporating contextual biasing information: “Use
the rare words provided to improve the accuracy of ASR if they are relevant. The rare words are [...].”,
where the bracketed segment was dynamically filled with the biasing list. During inference, beam

search decoding was performed with a beam size of 4.

Table 5.1: WER performance comparison with different multi-talker ASR models on Lib-
riMix (%) with 1,000 distractors.

Model Year M
Dev Test
Conditional-Conformer-CTC [157] | 2021 | 24.5 24.9
WavLM-CTC [20] 2022 | 23.0 20.3
Whisper (Small)? 2023 | 26.0 25.0
Conformer? 2022 | 24.7 233
+ WavLM-Large upstream? 2023 | 194 17.1
GEncSep [7] 2024 | 17.2 15.0
LLM Baseline 2025 | 12.7 9.2
CMT-LLM (ours) 2025 | 81 7.3

5.3.2 Experimental Conditions

Datasets: We conducted evaluations on two widely used benchmark corpora: LibriMix [159] and
AMI [160].

» LibriMix: This dataset is constructed by mixing clean speech from LibriSpeech [121] with en-
vironmental noise from WHAM! [161]. Following the ESPNet SOT recipe®, we generated two-
speaker mixtures by overlapping speech signals with a randomly sampled relative offset of 1.0-1.5
seconds between speakers. This procedure results in partially overlapping speech segments and is
commonly used to simulate realistic two-speaker overlap conditions. The final dataset comprises
approximately 830 hours of speed-perturbed training data, along with 8.2 hours for validation and

7.6 hours for testing.

3https://github.com/espnet/espnet/tree/master/egs2/librimix/sot_asr1
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Table 5.2: WER performance comparison with different multi-talker ASR models on AMI
(%) with 1,000 distractors.

AMI
Model Year | THM-Mix SDM MDM

Dev Test Dev Test Dev Test

WavLM-CTC [20] 2022 | 344 343 398 440 38.1 41.5

SURT 2.0 (Large) [158] | 2023 - 36.8 - 625 - 444

+ Adaptation [158] 2023 - 35.1 - 44.6 - 41.4

LLM Baseline 2025 | 24.1 235 309 342 329 312

CMT-LLM (ours) 2025 | 219 228 30.0 329 29.7 304
AN i
A ot | N SN | e
T Mhadiasie 0" * " Target Bias Word Coverage (%) " * Filtering Strategy (TopN) .

(a) Impact of Bias List Size (b) Impact of Target Bias Word Coverage (c) Impact of Filtering Strategy

Figure 5.3: Impact of Biasing List Size, Coverage, and Filtering on ASR Performance.

e AMI: The AMI corpus consists of approximately 100 hours of real meeting recordings involving
4-5 speakers. In accordance with the icefall SURT recipe*, we utilized three microphone config-
urations: IHM-Mix (mixed headset microphones), SDM (single distant microphone), and MDM
(beamformed microphone array) [162]. The dataset is divided into 79.4 hours of training data, 9.7

hours for validation, and 9.1 hours for testing.

Biasing List Construction: As the LibriMix dataset does not provide predefined biasing lists, we
adopt the established simulation strategy introduced in [1]. Given that LibriMix is derived from
LibriSpeech, we employ the same comprehensive biasing list>, which contains approximately 209.2K
entries. All words in this list are treated as rare. For each utterance, the corresponding biasing list is
constructed by extracting words from the reference transcript that also appear in the full list, while

additional distractors are incorporated according to the specific experimental configuration.

“https://github.com/k2-fsa/icefall/tree/master/egs/ami/SURT
>https://github.com/facebookresearch/fbai-speech/tree/master/is2 1 _deep_bias
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Table 5.3: WER performance comparison with different contextual ASR models on LibriMix
and AMI test sets (%).

| | | | Av
LibriMix
Model ‘ Type ‘ Distractors ‘ THM-Mix SDM MDM
‘ ‘ ‘ WER / B-WER ‘ WER/B-WER WER/B-WER WER/B-WER
LLM Baseline ‘ No Biasing ‘ - ‘ 9.2/25.3 ‘ 23.5/45.6 34.2/51.0 31.2/49.7
+ 100 8.4/15.3 23.1/34.2 33.6/355 30.8/32.1
+ ED-CEC [111] Biasing List + 1,000 8.7/15.5 23.1/34.8 33.7/36.9 30.8/35.8
+ 2,000 8.8/16.0 232/35.1 33.7/37.7 30.9/38.7
+ 5,000 8.9/16.4 23.2/355 33.8/39.0 31.0/40.3
No Biasing - 9.3/28.7 23.4/48.7 33.6/50.8 31.1/49.5
Anti-Context + 100 9.4/729.7 23.3/43.8 33.6/50.2 30.9/48.2
CMT.LLM +100 7.3/8.7 22.7/29.8 32.7/30.6 3037302
Biasing List + 1,000 797125 22.8/33.6 32.9/35.0 30.4/34.6
+ 2,000 8.4/14.1 22.8/35.1 33.0/38.9 30.5/36.7
+ 5,000 8.4/15.2 22.9/36.4 33.1/425 30.6/38.1
GT Rare Words - 6.6/2.6 22.4/24.6 31.7/284 29.5/28.6

To approximate realistic application scenarios, the AMI biasing lists are generated by extracting
textual content from lecture slides via Tesseract OCRS, as illustrated in Fig. 5.1(b). After removing
duplicates, words that either appear in the full biasing list or occur fewer than 100 times in the AMI
corpus are classified as rare. These lecture-specific lists are subsequently used to support contextual
biasing, following the methodology of [69]. Furthermore, for large-scale experiments, all lecture-
derived lists are merged to create a unified AMI biasing list, from which distractors are also sampled.
It is worth noting that the total number of words included in the AMI biasing lists represents only
about 1.0% of the overall vocabulary. Despite their relatively small proportion, these words consist
mainly of essential content terms whose accurate recognition is critical for semantic understanding,
as exemplified in Fig. 5.1.

Evaluation Metrics: System performance is assessed using both WER and B-WER [1], where B-

WER specifically measures the recognition accuracy of words present in the biasing list.

®https://github.com/tesseract-ocr/tesseract
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5.3.3 Results and Analysis
Baseline Comparisons.

The overall performance of different multi-talker ASR models on LibriMix and AMI is summarized
in Table 5.1 and Table 5.2. Across both datasets, the proposed CMT-LLM achieves the lowest WER,
consistently outperforming the LLM Baseline as well as state-of-the-art conventional systems. These
results clearly demonstrate the effectiveness of the proposed framework in addressing contextual
multi-talker ASR.

Table 5.3 further compares several contextual ASR approaches. The LLM Baseline, which does
not incorporate a biasing list, exhibits high B-WER, confirming the inherent difficulty of recognizing
rare words in the absence of explicit contextual support. ED-CEC [111], a state-of-the-art post-
processing approach, achieves improved B-WER when the biasing list contains only a small number
of distractors (e.g., +100). However, its performance deteriorates as the size of the biasing list grows,
due to increased confusion introduced by distractors.

In contrast, CMT-LLM directly integrates the biasing list into the prompt, leading to substan-
tial gains under small biasing list conditions, surpassing both the LLM Baseline and ED-CEC by
a significant margin. In the Anti-Context condition—where target biasing words are replaced with
distractors—the model exhibits a sharp increase in B-WER, underscoring the importance of accurate
biasing. The GT Rare Words setting, in which only the ground-truth rare words are provided, serves
as an upper bound, yielding a B-WER as low as 2.6% on LibriMix and confirming the potential of
well-optimized biasing strategies.

Nonetheless, performance degradation is observed when the biasing list expands beyond 1,000
entries. This decline is not only attributed to the increased number of distractors but also to the reduced
coverage of target words after filtering. Specifically, coverage falls to 87.40%, 85.07%, and 83.07%
when 1,000, 2,000, and 5,000 distractors are added, respectively. Although the proposed filtering
mechanism mitigates the negative effect of large lists, the reduction in target coverage inevitably
impacts recognition accuracy. Taken together, the results indicate that, for comparable levels of target
word coverage, incorporating contextual information directly into the prompt is more effective than

relying on post-hoc correction strategies.

Impact of Biasing List Size and Word Coverage.

We further investigate the relationship between biasing list size, word coverage, and recognition per-
formance, as illustrated in Fig. 5.3.
When no filtering mechanism is applied (Fig. 5.3(a)), enlarging the biasing list from 100 to 400

words results in a marked increase in both WER and B-WER. Once the list exceeds 300 entries,
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the WER even surpasses that of the LLM Baseline, suggesting that excessively large lists introduce
substantial noise and hinder recognition accuracy.

In a complementary analysis with list size fixed at 100 (Fig. 5.3(b)), reducing coverage from
100% to 10% causes a steep rise in B-WER. This outcome underscores the importance of sufficient
coverage, as insufficient inclusion of target words substantially diminishes the effectiveness of con-
textual biasing.

To address these issues, we apply a filtering mechanism to an initial list containing 1,000 distrac-
tors (Fig. 5.3(c)). The results indicate that maintaining an average filtered list size below 200 achieves
high word coverage while effectively suppressing interference. However, as the Top-N parameter
exceeds 50, both WER and B-WER increase sharply, and at Top-60, WER once again surpasses the
LLM Baseline. This confirms that recognition deteriorates when the list grows beyond a manageable
threshold.

Overall, these findings highlight the critical trade-off between list size and coverage. Future
research will focus on strategies for maintaining high coverage while further constraining list size,

thereby enhancing robustness and reliability of contextual multi-talker ASR systems.

Ilustrative Example of Rare Word Recognition.

An illustrative case is presented in Fig. 5.1(c), where rare personal names extracted from lecture slides
are incorporated into the biasing list. By leveraging this contextual information, the proposed CMT-
LLM successfully improves transcription accuracy, particularly for infrequent entities that are prone
to recognition errors. This example highlights the practical effectiveness of CMT-LLM in enhancing

rare word recognition within real-world ASR scenarios.

5.4 Summary

This study introduces, for the first time, an LLM-based SOT framework, termed CMT-LLM, for
contextual multi-talker ASR. By capitalizing on the strong decoding capacity, long-range contextual
modeling, and cross-speaker reasoning ability of LLMs, CMT-LLM demonstrates superior effective-
ness in managing complex overlapping speech scenarios. Moreover, contextual information is seam-
lessly incorporated through prompt-based learning, yielding substantial gains in the recognition of
rare words. To further address the practical challenge of large-scale biasing lists containing thousands
of entries, we design a coarse decoding-driven filtering algorithm that reduces the candidate pool by
preserving only the ten most relevant words for each surviving candidate, which are subsequently

integrated into the prompt. This refinement ensures that contextual biasing remains effective even
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under conditions with up to 5,000 distractors.
Extensive experimental evaluations confirm that the proposed CMT-LLM achieves state-of-the-
art recognition accuracy on both the simulated LibriMix corpus and the real-world AMI meeting

dataset, consistently outperforming existing conventional baselines.

101



Chapter 6

M*SER: Multimodal,
Multirepresentation, Multitask, and
Multistrategy Learning for Speech
Emotion Recognition

In the previous chapters, we primarily focused on advancing ASR, with particular emphasis on contex-
tual biasing, phoneme-augmented error correction, and multi-talker scenarios. Athough ASR plays a
central role in transcribing speech with high accuracy, many downstream tasks depend not only on the
lexical correctness of the transcription but also on the ability to capture paralinguistic cues embedded
in speech. Among these downstream applications, SER has attracted significant research attention, as
it is crucial for enhancing human—machine interaction in real-world systems such as conversational
agents, customer service platforms, and affective computing applications.

In this chapter, we present MA4SER, a multimodal, multirepresentation, multitask, and multi-
strategy learning framework for robust speech emotion recognition. Specifically, we leverage both
speech and textual modalities, the latter derived from ASR outputs, to jointly model acoustic and
linguistic cues for emotion classification. To mitigate the negative impact of ASR errors, our frame-
work introduces two auxiliary tasks—ASR error detection and ASR error correction—which enhance
the reliability of text-based representations. Furthermore, M*SER employs a novel multimodal fusion
mechanism to learn modality-specific as well as modality-invariant features, ensuring complementary
information across modalities is effectively captured.

Building upon this foundation, we incorporate two additional training strategies: (1) an adversar-

ial learning module that increases the diversity of modality-specific representations, thereby strength-
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Figure 6.1: Illustration of the difference between previous multimodal SER methods and our
proposed method. “ASR” and “GT” denote ASR and ground truth transcripts, respectively.

ening generalization, and (2) a label-based contrastive learning objective that explicitly encourages
the extraction of discriminative emotional features. Experiments across two widely used benchmarks,
IEMOCAP and MELD, demonstrate that M*SER achieves substantial improvements over state-of-

the-art baselines, confirming the effectiveness of our multitask and multistrategy design.

6.1 Introduction

SER has emerged as a fundamental component in advancing human—computer interaction, with appli-
cations spanning healthcare, intelligent customer service, and affective computing systems [163, 164].
The ability to automatically infer human emotions from spoken input enables machines to provide
more empathetic, adaptive, and context-aware responses. With the rapid development of deep learn-
ing, SER has evolved from traditional handcrafted feature pipelines to E2E systems capable of directly
mapping raw acoustic signals into categorical emotion labels.

Recent advances in SSL have led to the emergence of powerful speech encoders such as wav2vec
[17], HuBERT [19], and WavLM [20], which have achieved state-of-the-art performance in a variety
of speech processing tasks, including SER. Despite these successes, speech-only approaches often
struggle to capture the full complexity of emotional expression, motivating the integration of mul-
timodal information. In particular, speech and text modalities are frequently combined to provide

complementary cues, where text is typically obtained via human transcription or ASR.

103



Although text-based pretrained models such as BERT [114] and RoBERTa [165] have signifi-
cantly advanced multimodal SER, the accuracy of ASR remains a critical bottleneck. Recognition
errors, especially on emotionally salient words, can propagate into downstream SER systems, de-
grading their performance. Prior studies have attempted to mitigate this problem by incorporating
auxiliary mechanisms such as confidence estimation [166] or ASR error detection [8], yet these ap-
proaches either rely too heavily on ASR quality or focus only on identifying erroneous words without
directly correcting them, limiting their effectiveness in preserving semantic consistency.

Another important challenge lies in effectively fusing heterogeneous modalities. Conventional
strategies such as feature concatenation, recurrent networks, convolutional layers, or cross-modal at-
tention [163] often fall short in aligning modality-specific signals and fail to capture fine-grained
emotional dynamics across time. To address these limitations, recent research has emphasized dis-
entangled representation learning, where modality-specific representations (MSRs) preserve unique
characteristics of each modality, while modality-invariant representations (MIRs) capture their shared
emotional content [167]. However, most existing methods operate at the utterance level, which over-
simplifies the temporal structure of emotion and neglects subtle variations critical for robust SER.

To address these challenges, we propose M*SER, a framework based on multimodal, multirep-
resentation, multitask, and multistrategy learning for speech emotion recognition. Building on our
previous work [9], which introduced auxiliary tasks of AED and AEC together with a novel multi-
modal fusion mechanism, we extend the model with two additional strategies. First, we incorporate
adversarial learning to encourage richer and more robust modality-specific representations, thereby
mitigating noise introduced by ASR errors. Second, we design a label-based contrastive learning
objective to enhance the discriminability of emotional features by pulling together instances of the
same emotion category and pushing apart those from different categories. These innovations collec-
tively strengthen the model’s ability to integrate multimodal signals, preserve semantic coherence,
and capture fine-grained emotional dynamics.

Our experimental results on two widely used benchmarks, IEMOCAP and MELD, demonstrate
that M*SER achieves substantial improvements over state-of-the-art baselines. The proposed frame-
work not only reduces the negative impact of ASR errors but also leverages complementary cues
across modalities to produce more accurate and robust emotion predictions.

The remainder of this chapter is structured as follows. Section 6.2 introduces the details of the
proposed M*SER framework. Section 6.3 outlines the experimental setup, including datasets, evalua-
tion metrics, and implementation details. Section 6.4 presents and analyzes the experimental results.

Finally, Section 6.5 concludes this chapter and discusses potential directions for future research.
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Figure 6.2: Overall architecture of the proposed M*SER model. Specific illustrations of CME
and MIR blocks in the (d) MF module are shown in Figs. 6.3 and 6.4, respectively.
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6.2 Methodology

6.2.1 Problem Formulation

The proposed M*SER framework can be formalized as a mapping function f(S,T) = (L,Z), where the
input consists of two modalities: speech and text. The speech modality is defined as S = (51,52, ,5m) €
R™, representing an utterance encoded into m acoustic frames. The text modality is given by T =
(t1,t2,-++ ,ty) € R", which corresponds to n tokens obtained from the ASR hypothesis of the utter-
ance. All tokens are represented using a predefined WordPiece vocabulary [112].

Within this multitask learning framework, the primary task is emotion recognition (ER), formu-
lated as a classification problem with output L € {ly,15,--- 1.}, where e denotes the number of emo-
tion categories. In parallel, two auxiliary tasks are introduced: AED and AEC. These tasks produce
outputs Z € {Z,2Z,,---,Z;}, which capture the GT sequences at positions where ASR hypotheses
diverge from human-annotated transcripts. Each element Z; = (21 k224, -+ ,Zck) € R represents the
k-th error span consisting of ¢ tokens.

As illustrated in Fig. 6.2, the overall architecture of M*SER is composed of five core modules:
the embedding module, the AED module, the AEC module, the multimodal fusion (MF) module,
and the ER module. In the subsequent section, we provide a detailed description of each of these

components.

6.2.2 Embedding Module

The embedding module is designed to generate modality-specific contextual representations for both
speech and text inputs, as illustrated in Fig. 6.2(a). It consists of two major components: the acoustic
embedding pathway and the token embedding pathway.

Contextual Speech Representations. For the acoustic modality, we adopt HuBERT [19], a pre-
trained SSL model, as the speech encoder. HuBERT combines convolutional layers with a Transformer-
based encoder, enabling it to effectively capture both low-level acoustic features and higher-level
contextual dependencies. Given a speech input S, HuBERT produces a sequence of hidden repre-
sentations: Hg = (hgl),hgz) e hgm)) e R™*4 where m denotes the number of acoustic frames and d
represents the dimensionality of the hidden representations.

Contextual Token Representations. For the text modality, we utilize the pretrained language model
BERT [114] to derive contextualized token embeddings. Given the tokenized ASR hypothesis 7T,
the encoder outputs: Hy = (h(T] ),h(T2 ), e ,h(Tn )) € R™4 where n is the token sequence length. More
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formally, the representation can be expressed as:
Hr = BERT(TE(T) +PE(T)) € R"™, (6.1)

with TE(-) denoting token embeddings and PE(-) representing position embeddings.

6.2.3 ASR Error Detection (AED) Module

The first auxiliary task incorporated into our framework is AED, whose objective is to identify the
positions of recognition errors within the ASR hypothesis. Following the alignment strategy described
in [113], we align the ASR hypothesis T with the GT transcript C by computing their longest common
subsequence. Tokens that belong to the aligned subsequence are assigned the label KEEP (K), while
the remaining tokens are marked either as DELETE (D) or CHANGE (C), depending on the required
correction operation. An illustrative example of this labeling process is provided in Fig. 6.2(b).

To perform label prediction, we apply a fully connected (FC) classification layer with three
output classes corresponding to the operations (K, D, C). Formally, the probability distribution over

possible labels for the o-th token is given by:

P(y, | b)) = SoftMax(FC(h\?)) € R?, (6.2)

where hgf' ) denotes the hidden representation of the o-th token, and P(y, | hgy )) represents the predicted

probability distribution over the three editing operations.

The AED module is trained by minimizing the negative log-likelihood loss, defined as:
Y (0)
Zarp = — Y log (P(vo | h7)). (6.3)
o=1

6.2.4 ASR Error Correction (AEC) Module

The second auxiliary task is AEC, which is designed to refine the transcription by correcting errors
previously identified by the AED module. In contrast to conventional autoregressive decoders that
regenerate the entire sequence from scratch, the proposed AEC decoder focuses exclusively on the
positions labeled as C, thereby improving efficiency and accuracy.

Concretely, for each token marked as erroneous (C), the model initiates a dedicated correction
sequence. Each sequence begins with a special start symbol <BOS> and generates the corrected
span in an autoregressive manner. At every decoding step, the input to the decoder consists of the

embeddings of all tokens generated thus far, concatenated with the hidden representation of the cor-
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responding erroneous token. All correction sequences are processed simultaneously through a shared
transformer-based decoder, which attends to the full ASR hidden representation Hr as memory.
Formally, for the k™ erroneous position, the generated correction sequence of length ¢ is denoted

as

Zk =2k = (2220 -+ Zc k)

with z; 4 initialized by the start token <BOS>. The decoder input embeddings for the first 7 decoding

steps are constructed as:
H{? = FC((TE (1) +PE(z14) || 1) € R, (64)

where “||” denotes concatenation along the feature dimension, TE(-) and PE(-) are token and posi-
tional embeddings, and h(Tk ) represents the hidden state of the k™ erroneous token, repeated across all
time steps 1:z.

(2)

A transformer decoder [115] is then applied, with queries given by H;’ ', and both keys and

values derived from Hy:

O(gen)

1114 = Transformerpecoder (Hl(zt) oHr Hr) € RY, (6.5)

yielding the decoder hidden representation at step ¢ 4 1. The probability distribution over the vocab-
ulary is computed as:

BT = SoftMax (FC(O[ST))) € R, (66)

where dyocap 1S the vocabulary size of the text encoder (e.g., BERT). The next token is predicted as

pleen)

1k = argmax by .

Finally, the AEC module is optimized using the negative log-likelihood objective:

Znec =Y. Y logPE. 6.7)
k t

6.2.5 Multimodal Fusion (MF) Module

Following the design principles in [9], the MF module is constructed from three cross-modal encoder
(CME) blocks and a MIR generator. The purpose of this module is to jointly learn MSRs and MIRs,
thereby facilitating more effective integration of speech and text modalities. In the following, we
describe the internal mechanisms of the CME blocks and the MIR generator in detail.

Cross-Modal Encoder (CME). Each CME block follows the structure of a transformer layer,

consisting of a multi-head cross-attention mechanism [168], residual connections, and feed-forward

108



layers, as illustrated in Fig. 6.3. To obtain token-aware speech representations, the textual embeddings

Hr are used as the query O, while the speech embeddings Hy serve as the key K and value V inputs:
7(7¢) — FC (Cross-Attn(Hr, Hs, Hs)) € R"™9, (6.8)

where Cross-Attn(-) denotes the cross-attention operation.

Since the representations I:I_gw ¢) obtained at this stage are aligned with token-level embeddings
rather than acoustic frames, a second CME block is introduced to re-anchor them to the speech modal-
ity. In this block, the original Hy is used as the query, while A, S(Sp *) is treated as both key and value.

The resulting output is the token-aware speech representation:
H{P) = FC(Cross-Attn(Hs, A" A7) € R™. (6.9)

In a symmetrical manner, speech-aware token representations are generated by applying a CME
block in which the speech embeddings Hg are fed as the query, and the token embeddings Hy serve
as key and value:

H"*) — FC(Cross-Attn(Hs, Hy, Hr)) € R, (6.10)

Through this iterative and reciprocal attention mechanism, the CME blocks effectively capture fine-
grained cross-modal interactions, enabling the downstream MIR generator to construct more robust
shared representations.

MIR Generator. The MIR generator is designed to distill shared information across modalities
from their respective modality-specific representations. As shown in Fig. 6.4(a), the generator em-
ploys a hybrid-modal attention (HMA) mechanism, which integrates both acoustic and textual cues

into a unified space. Formally, for each modality i € {S,T}, the process is defined as

H") = HMA (H™, FC(Hsr)) € R™*, 6.11)

where H (spe)

; denotes the modality-specific representation of modality i, and Hgr corresponds to the

concatenation of Hg and Hr, projected via a FC layer to ensure dimensional consistency. This step
ensures that both speech and text information are embedded within a comparable representational
space.

Subsequently, the outputs of the HMA modules are aggregated with Hgr and refined through

convolutional and normalization layers to yield the final modality-invariant representation:

HS(iTnV) = Norm<H5T+ Z Convld(Hl@)) e R™4, (6.12)
ie{S,T}
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Figure 6.3: Illustration of the CME block.

where Norm(-) denotes layer normalization [169], and Convq(-) refers to a 1 x 1 convolution

followed by PReLU activation [170]. For clarity, Egs. (6.11) and (6.12) can be summarized as

HEY = G(H™ =™, Hyr) € R, (6.13)

where G(-) denotes the overall MIR generation process.

Hybrid-Modal Attention (HMA). As illustrated in Fig. 6.4(b), HMA begins with a cross-
attention layer to identify the information shared between the concatenated representation Hsr and
each modality-specific representation:

Hﬁshare) _ CrOSS-Attn(HST,H,-(Spe),Hi(sPe)) c Rmxd’ ie{S,T}. (6.14)

1

To further promote invariance, a parallel convolutional network is employed to generate a gating
mask that selectively suppresses modality-dependent information:

HY = g g 6 (Convld (HP) | HST)) eR™4 e {S,T}, (6.15)

L 1

where || denotes feature-wise concatenation, o(-) denotes the Sigmoid activation function and ®
indicates element-wise multiplication.
Finally, the MIR is concatenated with the modality-specific representations to form the overall

multimodal fusion output:
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HI — g0 || g | B e I (6.16)

6.2.6 Emotion Recognition (ER) Module

The emotion recognition task is carried out by applying a temporal average pooling operation to the
fused multimodal feature representation HéfTus) obtained from the MF module. The pooled feature
vector is then passed through a FC layer followed by a SoftMax activation function to produce the

probability distribution over emotion categories:

éT) = AvgPooling(H. (fus)) eRY, (6.17)

P(Yemol H) = SoftMax(FC(HEP)) € Re, (6.18)

(fus

where P(Yemo | HST )) denotes the predicted probability distribution over emotion classes, and e is

the total number of emotion classes. The training objective for this module is defined as the negative
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log-likelihood loss:
Zigr =~ Y log (P(vemol Hiz™)) (6.19)

6.2.7 Modality Discriminator

To further enhance the quality of modality-invariant representations produced by the MIR generator,
we introduce a modality discriminator D, illustrated in Fig. 6.2(f). The discriminator consists of two
linear layers separated by a ReLU activation, followed by a Sigmoid activation at the output. Its role
is to encourage the MIR generator to produce features that are indistinguishable with respect to their
modality, thereby strengthening modality invariance.

Specifically, the discriminator D outputs a scalar between 0 and 1 for each temporal frame,
where values close to 0 correspond to the text modality, values close to 1 correspond to the speech
modality, and values around 0.5 indicate an ambiguous modality. Formally, the discriminator operates
on representations H € {H;Spe),HS(Spe) ,HS(iTnV)} as D(H) € R™1.

During training, the discriminator is optimized to correctly classify frames in the modality-
specific representations H;Sp ®) and HéSp ®) as text (0) and speech (1), respectively. Conversely, the
modality-invariant representation H. S(iT“V), produced by the MIR generator, is encouraged to yield out-
puts close to 0.5, reflecting an indistinguishable modality. This adversarial interplay between the

discriminator and the generator is captured by the following loss function:

LoaN = Lp+ L6
—E[log D(H{™) +log (1~ D(H{™))

+E| ~log D(H{;") ~log (1 - D(HE)) |. (6.20)

(inv)

where Hgp ' = G(HS(Sp ) , H}Spe),HgT) is the output of the MIR generator as defined in Eq. (6.13), and

E denotes the expectation over all temporal frames in a batch.

6.2.8 Label-based Contrastive Learning (LCL)

To enhance the model’s capability to learn emotion features from multimodal data, we employ a label-
based contrastive learning task to complement the cross-entropy loss, as shown in Fig. 6.2(g). This
task aids the model in extracting emotion-related features when the MF module integrates speech and

text data. As depicted in the LCL task in Fig. 6.5, we categorize data in each batch into positive and
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Figure 6.5: Example of constructing positive and negative samples for label-based contrastive
learning on the IEMOCAP dataset. In this example, the batch contains eight samples. Yellow
squares represent positive samples, whereas white squares represent negative samples.

negative samples on the basis of emotion labels. For instance, in a batch containing eight samples, we
compute the set of positive samples for each sample, where those with the same label are considered
positive samples (yellow squares), and those with different labels are considered negative samples
(white squares). We then calculate the LCL using Eq. 6.21, which promotes instances of a specific

label to be more similar to each other than instances of other labels.

AL =Y LcLi
iel
Ly g SR T,/
PO &R Laeaw exp((HE)i, (HGP)a) /)

where (-,-) denotes cosine similarity and 7 is the temperature parameter. For the multimodal repre-

sentations, let (Hs(;p))i (Héz}p))p’ and (Hs(;p)

(6.21)

Y

)a Tepresent the i sample, the p'* positive sample, and
the ' sample, respectively. We define I as the index set of samples, P(i) as the set of positive samples

for the i sample, and A(i) as the set of all samples.

6.2.9 Joint Training

During training, the optimization of the M*SER framework is guided by three task-specific loss func-

tions and two strategy-based objectives. The task-specific losses correspond to ER, AED, and AEC,
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denoted as .ZgRr, -ZaED, and ZLagc, respectively. In addition, two auxiliary strategies are incorpo-
rated: the adversarial training objective Zgan and the label-based contrastive learning loss %] cr..
The complete optimization process of M*SER is summarized in Algorithm 1.

The overall training objective is expressed as the linear combination of these five losses:

L= Lgr+ o (B ZLapp + Larc) + 7 Loan+ A - L, (6.22)

where o controls the relative importance of the primary task (ER) against the auxiliary tasks
(AED and AEC), B balances the two auxiliary tasks, and y and A regulate the contributions of the
adversarial and contrastive learning strategies, respectively.

Following the adversarial training paradigm proposed by Goodfellow et al. [171], the optimiza-
tion of the GAN component is divided into two alternating steps. In the first step, the discriminator
is updated by maximizing .Zgan, While the parameters of the generator remain fixed. As indicated
in Eq. (6.20), maximizing the first term Lp of Z£gan drives the discriminator to correctly classify
modality-specific features, pushing HéSp ®) toward 1 and H;Sp *) toward 0.! Conversely, maximizing

(inv)

the second term Lg (equivalently, minimizing —L¢) forces HSiTn toward 0 or 1, implying that the
discriminator perceives HS(iTnv) as modality-specific, contrary to the intended modality-invariant prop-
erty.

In the second step, the discriminator is frozen, and the generator (i.e., the MIR module) is updated
by minimizing Ls. This encourages the discriminator’s output for Hs(i}w) to converge toward 0.5,
effectively rendering these representations modality-agnostic by blurring the distinction between text
and speech. In parallel, R is employed to optimize the primary emotion recognition task, while
Zaep and Zagc guide the auxiliary tasks of ASR error detection and correction. Furthermore, %7 cL
enforces the label-based contrastive learning strategy. The entire framework is jointly optimized in an
E2E manner, with task weights controlled by predefined hyperparameters.

During inference, the AED and AEC modules are omitted. The system thus operates by directly
taking speech and ASR transcripts as input, producing emotion classification outputs through the

remaining components.

6.3 Experimental Setup

This section describes the datasets employed in our study, the evaluation metrics used for performance

assessment, and the corresponding implementation details.

IThe function log(x) +log(1 —y), where x,y € (0, 1), reaches its maximum when x — 1 and y — 0.
2The function log(x) +log(1 — x), with x € (0,1), achieves its maximum at x = 0.5 and approaches its
minimum as x — 0 orx — 1.
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Algorithm 1 M*SER Optimization

Require: Training data & that contains multimodal inputs, namely, speech and correspond-

—_ =
_- O
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D A U R

NN N NN
AN s

26:
27:

D A A R -

)
T2

ing ASR text pairs (S,7), and outputs, namely, emotion labels, ASR operation labels,
and the ground truth transcription (ye,ys,y.). The M*SER network 6 that consists of
Embedding 6s,,,, and Or,,,;, Encoders Osr.,., MIR generator 6, modality discrimina-
tor Op and downstream emotion recognition module Org, ASR error detection module
04D, and ASR error correction module 64rc. Hyperparameter weights «, 3, v, A.
Randomly initialize the entire system 6.
if select self-supervised setting then
Load the pretrained HuBERT model for 6s,,,, and BERT model for 07,,,,.
end if
while not converged do
for (S,T) € Z do
Forward propagation:
Hs = Osomp(S), Hr = Orepp(T) > Embedding
H.S(‘SPe)7H;SPG) = Ostenc(Hs, Hr) > CME
Hgr = Hy || Hr
Hb(anV) = 0g (HéSpe),H}Sp e),HST) > Generator
$e = Opr(HSP || HEP) || 1) > SER
Ya = Oapp(Hr) > ASR Error Detection
Ve = Oapc(Hr) > ASR Error Correction
Training Objectives:
ZoaN(Zp and £;) in Eq. 6.20 > Discriminator
AL in Eq. 6.21 > Contrastive learning
Zgr = CrossEntropy (¥, ve)
ZaEp = CrossEntropy (¥g,Ya)
Zakc = CrossEntropy (Y, yc)
Backpropagation: > Adversarial training
Update Discriminator: > unfreeze 6p
Op < argmax _ZGaN
Update the Rest Network: > freeze Op
6\6p < argmin ZgR + o - (B - LAED +-LAEC) + V- L6+ A - LicL
end for
end while
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Figure 6.6: Distribution of emotional categories in the IEMOCAP and MELD datasets.

6.3.1 Datasets and Evaluation Metrics

To evaluate the effectiveness of the proposed framework, we conducted experiments on two widely
used benchmark datasets: the Interactive Emotional Dyadic Motion Capture (IEMOCAP) corpus
[172] and the Multimodal Emotion Lines Dataset (MELD) [173]. The statistics of these datasets are
summarized in Fig. 6.6.

IEMOCAP. This dataset contains approximately 12 hours of dyadic speech interactions involv-
ing ten speakers across five scripted sessions. Following prior studies [8, 174], we adopted a sub-
set of 5,531 utterances annotated with four emotion categories: “Neutral” (1,708), “Angry” (1,103),
“Happy” (including “Excited”, 595 + 1,041 = 1,636), and “Sad” (1,084). For evaluation, we ap-
plied five-fold leave-one-session-out (LOSO) cross-validation, reporting results in terms of weighted
accuracy (WA) and unweighted accuracy (UA).

MELD. This dataset is composed of 13,708 utterances derived from the TV series Friends, split
into 9,989 for training, 1,109 for validation, and 2,610 for testing. It covers seven emotion classes:
“Neutral” (6,167), “Happy” (2,198), “Fear” (350), “Sad” (985), “Disgust” (355), “Angry” (1,541),
and “Surprise” (1,499). Hyperparameters were tuned on the validation set, and the final performance
was reported on the test set using the best checkpoint, with accuracy (ACC) and weighted F1-score

(W-F1) as evaluation metrics.
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Table 6.1: Parameter settings for the IEMOCAP and MELD datasets.

Parameter IEMOCAP MELD
Batch size 16 16
Epochs 100 100
Learning rate le™? le™
Dropout 0.5 0.5
ds 768 768
dr 768 768
dyocab 30,522 30,522
d 768 768
Attention layers 12 12
Attention heads 12 12
o 0.1 0.1
B 3 3

Y 0.01 0.01
A 0.1 0.1

T 0.07 0.07

6.3.2 Implementation Details

The proposed framework was implemented in Python 3.10.0 with PyTorch 1.11.0. All experiments
were conducted on a workstation equipped with an Intel(R) Xeon(R) Gold 6248 CPU running at 2.50
GHz, 32 GB RAM, and a single NVIDIA Tesla V100 GPU. The hyperparameter configurations for
both datasets are summarized in Table 6.1.

The acoustic encoder was initialized with the hubert-base-1s960° model, producing acoustic
features of dimension ds = 768. For the text modality, we adopted the bert-base-uncased* model,
yielding token embeddings of dimension dr = 768. The vocabulary size was set to d,,,cqp = 30,522.
Both encoders were fine-tuned during training. Hidden dimensionality d was fixed at 768, with 12
attention layers and 12 heads in both encoders.

For the correction component, the transformer decoder (Fig. 6.2(c)) was implemented as a single-

layer transformer with hidden size 768. To obtain ASR hypotheses, we employed Whisper [2], using

*https://huggingface.co/facebook/hubert-base-1s960
“nttps://huggingface.co/google-bert/bert-base-uncased
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Table 6.2: Performance Comparison of SOTA Multimodal Models on IEMOCAP (%). “S”
and “T” represent Speech and Text modalities, respectively. “ASR” and “GT” denote ASR
and ground truth transcripts, respectively. Bold indicates the best result, whereas underline
signifies the second-best result.

Method Year Modality WA UA

SAWC [174] 2022 S+T(ASR) 76.6 76.8
RMSER-AEA [8] 2023 S+T(ASR) 764 769
SAMS [175] 2023  S+T(GT) 76.6 78.1
MGAT [95] 2023  S+T(GT) 785 793
MMER [88] 2023  S+T(GT) 78.1 79.8
IMISA [176] 2024  S+T(GT) 774 719
MAF-DCT [177] 2024 S+T(GT) 785 79.3
FDRL [96] 2024 S+T(GT) 783 794
MF-AED-AEC [9] 2024 S+T(ASR) 78.1 793
M*SER 2024 S+T(ASR) 79.2 80.1

the openai/whisper-medium.en’ and openai/whisper-large-v2° checkpoints. These achieved
word error rates (WERs) of 20.48% on IEMOCAP and 37.87% on MELD, respectively.
Optimization was performed using Adam [117] with a batch size of 16. Following empirical
results and prior work [183, 184], the learning rate was fixed at le > for IEMOCAP and le~* for
MELD. For multitask learning, B was set to 3 and « to 0.1, while for multistrategy learning, ¥ and
A were set to 0.01 and 0.1, respectively. The temperature T was fixed at 0.07. To validate these
configurations, a one-at-a-time sensitivity analysis of a, B, 7, and A was conducted, with results

reported in Section 6.4.3 and illustrated in Fig. 6.7.

Shttps://huggingface.co/openai/whisper-medium.en
®https://huggingface.co/openai/whisper-large-v2
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Table 6.3: Performance Comparison of SOTA Multimodal Models on MELD (%). “V” rep-
resents Visual modality. * indicates the result of training with GT texts and testing with ASR
texts. We reimplement the method indicated by © on MELD and obtain the corresponding
result.

Method Year Modality ACC W-F1
Full [178] 2022  S+T(ASR) - 61.4
HCAM* [179] 2023  S+T(ASR) - 50.2
DIMMN [180] 2023 S+T(GT)+V 60.6 58.0
MER-HAN [181] 2023  S+T(GT) 629 60.2
MLCCT [182] 2023  S+T(GT) 632 624
SAMS [175] 2023  S+T(GT) 654 626
MF-AED-AEC® [9] 2024 S+T(ASR) 65.5 64.1
M*SER 2024 S+T(ASR) 66.5 66.0

6.4 Experimental Results

6.4.1 Comparison with State-of-the-Art (SOTA) Methods

In this section, we present a comprehensive comparison between the proposed M*SER framework
and a range of representative multimodal speech emotion recognition (SER) approaches from the
recent literature. The experiments were conducted on the IEMOCAP dataset, and for fairness, the

comparison followed established evaluation protocols. The baseline methods include:

* SAWC [174], which reduces the impact of ASR errors by assigning confidence-based weights and
emphasizing corresponding acoustic segments.

* RMSER-AEA [8], which integrates complementary semantic information and introduces an aux-
iliary task to handle ASR errors, while simultaneously fusing acoustic and textual representations.

* SAMS [175], which introduces high-level emotional representations as supervisory signals, en-
abling multi-spatial learning for each modality and facilitating cross-modal semantic alignment.

* MGAT [95], which addresses emotional asynchrony and modality misalignment through a multi-
granularity attention mechanism.

» MMER [88], which applies early fusion and cross-modal self-attention across acoustic and textual
modalities, while incorporating three auxiliary tasks to enhance SER. For fairness, we adopt the

version that excludes augmented textual data.
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Table 6.4: Ablation study on IEMOCAP and MELD datasets (%). “w/0” means “without”.
“Concat” denotes “concatenation” operation.

IEMOCAP MELD

Method
WA UA ACC W-F1
M*SER (Full) 79.2 80.1 66.5 66.0
A. Impact of Multimodalities
(1) only Speech Modality 689 69.8 517 451
(2) only Text Modality 65.1 664 622 58.6
(3) Speech & Text + Concat 734 752 639 60.8

B. Impact of Multirepresentations
(1) w/o Modality-Specific (MSR) | 77.3 784 65.0 624
(2) w/o Modality-Invariant (MIR) | 789 79.5 65.6 64.5
(3) w/o MSR & MIR 765 719 648  61.7

C. Impact of Multitasks

(1) w/o ASR Error Detection 76.9 783 643 61.7
(2) w/o ASR Error Correction 78.0 79.2 659 64.1
(3) w/o AED & AEC 773 78.6 65.1 62.6

D. Impact of Multistrategies

(1) w/o GAN 787 798 658 653
(2) w/o LCL 782 79.6 659 648
(3) w/o GAN & LCL 78.1 793 655 @ 64.1

» IMISA [176], which projects speech—text pairs into a shared representation space, extracting modality-
specific features and employing contrastive learning for sample-level alignment.

* MAF-DCT [177], which leverages a dual framework combining SSL-derived representations with
spectral features, and employs a dual cross-modal transformer for effective interaction modeling.

* FDRL [96], which introduces modality-shared and modality-private encoders, and incorporates
fine-grained alignment and disparity modules to simultaneously improve consistency and diversity
across modalities.

* MF-AED-AEC [9], our prior work, which introduced two auxiliary tasks—ASR error detection
and correction—along with a multimodal fusion method designed to enhance semantic coherence

in ASR-derived text and learn shared multimodal representations.
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For the MELD dataset, the SAMS and MF-AED-AEC approaches were also employed as base-

lines. In addition, the following representative methods were considered for comparison:

* Full [178], which incorporates contextual cross-modal transformers together with graph convolu-
tional networks to improve emotion representation learning and modality fusion.

« HCAM [179], which combines wav2vec-based audio embeddings and BERT-derived text features,
applying co-attention mechanisms and recurrent neural networks for multimodal emotion recogni-
tion.

* DIMMN [180], which employs a dynamic fusion framework that integrates multiview attention
layers, temporal convolutional networks, gated recurrent units, and memory networks to model
temporal dependencies and contextual interactions.

» MER-HAN [181], which introduces a hierarchical attention structure incorporating local intramodal,
cross-modal, and global intermodal attention to more effectively capture emotional cues.

* MLCCT [182], which combines SSL-based feature extraction with Bi-LSTM layers, cross-modal

transformers, and self-attention modules to facilitate multimodal feature interaction and fusion.

Tables 6.2 and 6.3 present a comparison between the proposed M*SER framework and several
recent multimodal SER approaches on the IEMOCAP and MELD datasets. Our method achieves a
WA of 79.2% and a UA of 80.1% on IEMOCAP, and an ACC of 66.5% and a W-F1 of 66.0% on
MELD, surpassing all competing baselines and thereby demonstrating the effectiveness of M*SER.
On the IEMOCAP dataset in particular, M*SER yields a 0.7% improvement in WA and a 0.8% im-
provement in UA compared with the recent MAF-DCT method, establishing a new state-of-the-art
performance. These gains can be attributed to M*SER’s ability to reduce the detrimental impact of
ASR errors, jointly model modality-specific and modality-invariant representations, enhance cross-
modal consistency through adversarial learning, and improve discriminative emotion representation

learning via the LCL loss.

6.4.2 Ablation Study

Our proposed M*SER model is composed of four types of learning: multimodal learning, multi-
representation learning, multitask learning, and multistrategy learning. To determine the impact of
different types of learning on the performance of the emotion recognition task, ablation experiments
were conducted on the IEMOCAP and MELD datasets, as presented in Table 7.2.

Impact of Multimodalities. To investigate the contribution of multimodal inputs, we carried
out single-modal experiments using either speech or text alone. In these experiments, the MF mod-

ule, LCL loss, and GAN loss were omitted, thereby eliminating intermodal interaction. The results,
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presented in Table 7.2(A), indicate that for the IEMOCAP dataset, speech outperforms text, whereas
for the MELD dataset, text yields superior results. This discrepancy implies that in IEMOCAP, emo-
tional cues are conveyed more strongly through acoustic signals, while in MELD, textual information
plays a more dominant role in expressing emotions. Furthermore, the multimodal baseline, which
combines speech and text features via simple concatenation (Table 7.2 A(3)), substantially improves
recognition accuracy compared with both single-modal settings, underscoring the indispensable value

of multimodal integration for emotion recognition.
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Figure 6.7: Sensitivity analysis of key hyperparameters on the IEMOCAP dataset.

Impact of Multirepresentations. We first examine the role of modality-specific and modality-
invariant representations by selectively removing each from the multimodal fusion process. Excluding
modality-specific representations results in a notable decline in emotion recognition accuracy across
both datasets, confirming their essential role in capturing and leveraging unique information carried
by each modality. Conversely, omitting modality-invariant representations also leads to a significant
performance drop, underscoring their importance in aligning heterogeneous modalities. As expected,
removing both types of representations further exacerbates the degradation, demonstrating that both
components are indispensable for robust multimodal emotion recognition.

Impact of Multitasks. Next, we investigate the contributions of the AED and AEC modules.
When the AED module is removed and only the AEC module is retained, the model is forced to
correct all errors in an utterance without guidance on error positions, rather than focusing solely on
detected errors. This setting results in a substantial decrease in recognition performance, highlighting
the necessity of AED. Likewise, eliminating the AEC module also degrades performance, confirming
its complementary role. Interestingly, as shown in Table 7.2(C)(1), using only the AEC module yields
lower WA than removing both AED and AEC altogether (see Table 7.2(C)(3)) in both datasets. This
phenomenon arises because applying a neural machine translation (NMT)-style approach directly to
AEC may inadvertently increase WER [185]. Unlike typical NMT tasks, where most tokens require
modification, AEC involves correcting only a small fraction of tokens—approximately 10% when
the ASR WER is 10%. However, these tokens tend to be the most challenging cases, as they are

already misrecognized by the ASR system. Consequently, an effective design must account for the
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characteristics of ASR outputs, which motivates the joint use of both AED and AEC as auxiliary tasks
in our framework.

Impact of Multistrategies. To further examine the contribution of the proposed training strate-
gies, we first remove the adversarial learning strategy described in Alg. 1. As shown in Table
7.2(D)(1), this results in a performance decline on both datasets, confirming the essential role of
adversarial learning in fostering modality-invariant representations. The modality discriminator plays
a pivotal role by enforcing modality agnosticism and reducing modality-specific biases in the repre-
sentations generated by the MIR module.

In addition, excluding the label-based contrastive learning (LCL) strategy introduced in Sec-
tion 6.2.8 also causes a similar decrease in recognition accuracy (Table 7.2(D)(2)). To better illustrate
its effectiveness, we further visualize the feature distributions before and after applying LCL, with
detailed analysis provided in the subsequent t-SNE section. When both adversarial learning and LCL
are omitted, the degradation in performance becomes even more pronounced, indicating that these
two strategies complement each other in improving multimodal learning.

The ablation experiments collectively demonstrate that each component of the M*SER frame-
work—multimodality, multirepresentation, multitask, and multistrategy learning—plays a critical role
in achieving robust emotion recognition. The integration of these strategies equips M*SER with the
ability to maintain high accuracy and robustness, even in the presence of ASR errors, thereby under-

scoring the overall effectiveness of our proposed framework.

Table 6.5: Trade-off between computational cost and performance on IEMOCAP. Parameter
size (Params) is measured in millions (M). Training time is reported over 100 epochs in hours
(h), and inference time is averaged per utterance in milliseconds (ms/U).

Type ‘ Model ‘ Modality ‘ Params (M) ‘ Train Time (h) ‘ Infer Time (ms/U) ‘ WA (%) | UA (%)
. HuBERT S 316.2 54 23.7+0.1 68.9 69.8
Single-modal
BERT T(ASR) 109.5 0.5 6.3+0.1 65.1 66.4
Baseline (HuBERT + BERT) 426.9 9.6 29.6 + 0.1 73.4 75.2
. + MSR & MIR 481.4 12.0 44.8 0.1 76.6 774
Multi-modal S+T(ASR)
+ GAN & LCL 481.6 20.8 445 +0.6 713 78.6
+ AED & AEC (M*SER) 5129 21.5 44.7 £ 0.2 79.2 80.1

6.4.3 Sensitivity Analysis

To better understand the influence of key hyperparameters on model performance, we perform a

one-at-a-time sensitivity analysis on four parameters: the auxiliary task weight ¢, the balance factor
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Figure 6.8: t-SNE visualization using IEMOCAP and MELD datasets. We visualize all sam-
ples from IEMOCAP and MELD test sets.

between AED and AEC f3, the GAN loss weight ¥, and the LCL loss weight A. The results are
presented in Fig. 6.7.

The analysis shows that model performance is moderately affected by o and A, with the best
results obtained when a = 0.1 and A =0.1. Setting these parameters too low weakens the contribution
of auxiliary supervision, whereas excessively large values introduce interference with the primary
task.

By contrast, the system demonstrates greater robustness to changes in 3, suggesting that the
interplay between the AED and AEC objectives remains relatively stable across different values. In
comparison, performance is highly sensitive to y: larger values tend to destabilize training due to the
adversarial optimization process, whereas smaller values (e.g., Y = 0.01) promote stable convergence

and yield superior results.

6.4.4 Computational Complexity Analysis

To evaluate the balance between computational efficiency and recognition performance, we report in
Table 6.5 the number of parameters, training time, and inference time of each model on the IEMOCAP
dataset. All experiments were conducted on a single NVIDIA Tesla V100 GPU.

For single-modal baselines, HuBERT incurs a higher computational cost compared with BERT,

which is expected given the complexity of speech encoders. Nevertheless, HUBERT achieves superior

124



(a) Before adversarial learning (b) After adversarial learning

nge) nge)

I §§pe) I }spe)
(inv) (inv)
ST HsT

Figure 6.9: t-SNE visualizations of the distribution of the modality-specific and modality-
invariant representations before and after adversarial learning on the IEMOCAP dataset.

recognition accuracy, highlighting the trade-off between model complexity and performance.

In the multimodal configuration, the inclusion of additional modules results in a moderate in-
crease in both parameter size and training cost, but consistently contributes to performance improve-
ments. The complete M*SER system achieves the best overall performance, reaching a WA of 79.2%
and a UA of 80.1%. While training time extends to 21.5 hours due to the incorporation of adversarial
and contrastive learning strategies as well as the AED and AEC auxiliary tasks, it is important to note
that these components are only active during training. Consequently, the inference time of M*SER
remains almost identical to that of the baseline system containing only MSR and MIR.

Overall, the observed results demonstrate that M*SER achieves a favorable balance between
computational overhead and recognition performance, thereby underscoring its practicality for real-

world applications.

6.4.5 Visualization Analysis

t-SNE Analysis. To provide an intuitive understanding of the effectiveness of the proposed M*SER
model on the IEMOCAP and MELD datasets, we employ the t-distributed stochastic neighbor em-
bedding (t-SNE) algorithm [186] to visualize the learned emotion representations. Specifically, we
utilize all samples from session 3 of IEMOCAP and the test set of MELD. The visualization compares
four models: the speech-only baseline (Fig. 6.8(a)), the text-only baseline (Fig. 6.8(b)), the proposed
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Figure 6.10: Representation weights of temporal-level features under different text input con-
ditions in different types of modal learning. Brighter colors (tending towards blue) indicate
higher values, suggesting the coverage of more key information.

M*SER model without LCL (Fig. 6.8(c)), and the full M*SER model (Fig. 6.8(d)).

As illustrated in Fig. 6.8, the single-modal baselines on both IEMOCAP and MELD exhibit
substantial overlap among different emotion categories, indicating considerable confusion between
labels. In contrast, the two multimodal variants yield more clearly separated emotion clusters, con-
firming the advantages of multimodal learning in capturing richer and more discriminative emotional
representations.

Furthermore, when comparing the M*SER model with and without the LCL strategy, it is evi-
dent that LCL facilitates tighter intra-class clustering and clearer inter-class boundaries. On IEMO-
CAP, for example, the full M*SER model (Fig. 6.8(d)) shows noticeably sharper boundaries between
Sad and Angry categories than the version without LCL (Fig. 6.8(c)). In addition, the distances be-
tween emotion categories in the embedding space become more pronounced. Although classification
on MELD remains more challenging than on IEMOCAP, the overall separation trend is consistent
across datasets. These observations confirm that M*SER effectively integrates modality-specific and
modality-invariant information, leading to high-level shared representations across speech and text
modalities that are well suited for emotion recognition.

To further examine the role of adversarial learning in M*SER, we visualize the distributions of
modality-invariant and modality-specific representations before and after adversarial training using

t-SNE (see Fig. 6.9). The results reveal that adversarial learning improves the separation of modality-
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Table 6.6: Performance comparison of our method on IEMOCAP using ASR and GT texts
(%). When using GT text, the AED and AEC modules are excluded.

Method Modality WA UA

M*SER  S+T(GT) 784 79.9
M*SER S+T(ASR) 79.2 80.1

Table 6.7: Consistency Analysis between Cross-modal Speech and Text Representations Us-
ing ASR and GT Texts.

. Example (a) Example (b)
Metric

ASR GT ASR GT

DTW| 052 189 146 1.57

specific features while enhancing intra-class cohesion. This indicates that adversarial learning not
only increases the diversity of modality-specific representations but also contributes to generating

more robust and informative features for downstream emotion recognition tasks.
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Figure 6.11: Confusion matrices obtained using IEMOCAP datasets. We utilize the results
from five-fold cross-validation. Columns represent predicted labels and rows represent true
labels.

Representation Analysis. An interesting observation from Table 6.6 is that M*SER achieves
superior performance when provided with ASR transcripts compared to GT transcripts. To further
investigate this phenomenon, we visualize the representation weights of two utterances from IEMO-
CAP in Fig. 6.10. Specifically, we project the hidden features Hs, Hr, ﬁS(Spe), and H}Spe) onto a single
dimension to display the temporal distribution of representations across speech and text modalities in

different learning spaces.
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Table 6.8: Analysis of cross-corpus generalization ability on a 4-class emotion classification
task (%). We reimplement the method indicated by ° and obtain the corresponding result. /E
— ME indicates that the IEMOCAP dataset is used for training and MELD is used for testing.
Conversely, ME — IE means the model is trained on MELD and evaluated on IEMOCAP.

IE — ME ME — IE

Methods
ACC W-F1 WA UA
SAMS® [175] 17.0 11.6 36.3 33.9
MF-AED-AEC® [9] 56.0 542 62.5 60.6
Baseline (HuBERT + BERT) 53.0 524 589 574
+ MSR & MIR 547 532 60.8 599
+ GAN & LCL 55.6 539 619 60.7

+ AED & AEC (M*SER) 57.3 555 64.0 62.2

ABaseline 43T 31T SIT 48T

As shown in Fig. 6.10(a), in the single-modal case using ASR transcripts, the text modality ini-
tially places strong emphasis on the word “oh,” while the speech modality concentrates towards the
utterance’s ending region. After cross-modal fusion, however, the weight assigned to “oh” in the
text modality decreases noticeably. This adjustment occurs because the AED and AEC modules de-
tect transcriptional inaccuracies, redistributing attention to other informative words such as “that’s.”
Given the limited emotional cues in ASR text, the model increasingly relies on speech signals, par-
ticularly prosodic patterns such as intonation and intensity, which are critical for recognizing anger.
In contrast, with GT transcripts, cross-modal learning directs attention in the text modality towards
explicitly positive words such as “amusing,” while the speech modality distribution remains largely
unchanged. Without ASR-induced error signals, the model disproportionately favors textual features,
often biasing recognition towards happiness.

Fig. 6.10(b) further illustrates a mismatch between GT transcripts and speech features. Although
the GT text contains words like “don’t know” that suggest uncertainty, the corresponding speech fea-
tures reveal strong emotional fluctuations. This inconsistency complicates cross-modal alignment
and leads to misclassification as anger. By comparison, ASR transcripts—despite containing recog-
nition errors—highlight emotionally salient expressions such as “freaking out,” “what the hell,” and

“all of a sudden,” which align more closely with acoustic cues. The representation weights confirm
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Table 6.9: Analysis of few-shot domain adaptation ability for cross-corpus 4-class emotion
recognition (%). We reimplement the method indicated by ° and obtain the corresponding
result. /[E — ME and ME — IE denote training on IEMOCAP and MELD, respectively, with
the other used for testing.

IE - ME ME — IE
Methods # Shots

ACC W-F1 WA UA

5 51.6 490 39.0 372
10 525 492 382 383
20 523 523 399 350
60 59.9 568 444 453

SAMS® [175]

5 563 548 644 633
10 578 557 658 656
20 575 567 67.6 66.6
60 60.8 603 725 737

MF-AED-AEC® [9]

5 579 560 664 644
10 58.7 58.0 66.7 67.7
20 594 588 69.0 68.7
60 621 615 74.0 759

M*SER

this alignment, showing high consistency between ASR transcripts and speech features across multi-
ple regions, thereby facilitating accurate cross-modal integration and correct classification as “Happy”
(“Excited”). To further validate this observation, we apply dynamic time warping (DTW) and demon-
strate that ASR transcripts exhibit stronger alignment with speech than GT transcripts (Table 6.7).

In summary, the differences between ASR and GT transcripts can be attributed to two primary

factors:

1. Absence of ASR error signals: GT transcripts lack ASR errors, thereby excluding auxiliary
cues that can aid emotion recognition. This absence may reduce the ability to capture strong

emotional patterns.

2. Differences in feature weight distributions: The absence of error-driven cues alters the
weight distribution in the GT text modality compared to ASR transcripts, which may lead

to suboptimal alignment and erroneous emotion predictions.
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Confusion Matrix Analysis. To further examine the influence of individual modules on class-
wise performance, we present the averaged confusion matrices over five folds on the IEMOCAP
dataset in Fig. 6.11. Relative to the baseline system, the incorporation of MSR and MIR leads to a
clear improvement in the recognition of the “Happy” class, which is frequently subject to ambiguity
due to challenges in aligning acoustic and textual cues.

With the additional integration of the adversarial learning and LCL strategies, we observe more
consistent gains across most emotion categories, particularly in “Neutral.” Nonetheless, the accuracy
for the “Happy” class shows a slight decline. This reduction may be attributed to the heterogeneity
between acoustic and textual modalities, especially since “Excited” is merged into “Happy,” which
complicates local contrastive learning and diminishes its ability to capture class-specific discrimina-
tive features.

Finally, when the AED and AEC modules are incorporated, the model achieves the most accurate
and balanced predictions overall. Further gains are observed in the “Neutral” and “Sad” classes, while
the performance of the “Happy” class also shows partial recovery compared with the previous con-
figuration. These findings demonstrate that the multitask learning design, which explicitly addresses
ASR-induced errors, is instrumental in improving class-level robustness and ensuring more reliable

emotion recognition across modalities.

6.4.6 Cross-corpus Generalization Ability

To assess the applicability of M*SER in real-world conditions, we evaluate its performance under
cross-corpus emotion recognition settings, thereby simulating practical scenarios where domain shift
occurs between training and testing data. Following the protocols adopted in prior studies [187—-189],
we employ a transfer evaluation strategy: one corpus is used exclusively for training, 30% of the target
corpus is held out as a validation set for parameter tuning, and the remaining 70% is reserved for final
testing. Since the IEMOCAP dataset contains only four emotion categories (“Neutral”, “Happy”,
“Angry”, and “Sad”), we restrict the MELD dataset to the same overlapping categories by discarding
non-overlapping classes (“Surprise”, “Fear”, and “Disgust”), thereby ensuring a consistent label space
across corpora during both training and evaluation.

The cross-corpus generalization results are summarized in Table 6.8. Compared with the reim-
plemented SAMS and MF-AED-AEC baselines, our complete M*SER framework achieves the strongest
performance in both transfer directions JE—+ME and ME—IE). Specifically, in the IE—+~ME setting,
M*SER surpasses the multimodal baseline by 4.3% in ACC and 3.1% in W-FI. In the ME—IE
setting, it further achieves gains of 5.1% in WA and 4.8% in UA.

To further assess adaptability under limited supervision, we perform few-shot domain adapta-
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tion experiments by sampling 5, 10, 20, and 60 labeled examples per class from the target-domain
validation set. The remainder of the validation data continues to serve for model selection, while
the test set remains unchanged across all conditions. As reported in Table 6.9, M*SER consistently
outperforms both SAMS and MF-AED-AEC across all few-shot settings. For instance, with only 5
labeled samples per class, M*SER attains 57.9% ACC in the IE—+ME transfer, already exceeding the
performance of MF-AED-AEC with 20 labeled samples. With 60 labeled samples, the model scales
effectively, reaching 62.1% ACC and 61.5% W-F1. In the ME—IE transfer, M*SER achieves 75.9%
UA, further underscoring its strong cross-domain adaptability.

In summary, these results highlight that M*SER not only demonstrates robust zero-shot gen-
eralization across corpora with minimal parameter tuning, but also exhibits strong scalability and

adaptability in few-shot scenarios, confirming its practicality for real-world deployment.

6.5 Summary

In this chapter, we presented M*SER, a novel framework for speech emotion recognition that inte-
grates multimodal, multirepresentation, multitask, and multistrategy learning paradigms. The pro-
posed model incorporates an advanced multimodal fusion module designed to jointly learn modality-
specific and modality-invariant representations, thereby capturing both distinctive features of individ-
ual modalities and shared characteristics across modalities. To further improve robustness, we intro-
duced a modality discriminator trained with adversarial learning, which enhances modality diversity
and mitigates modality mismatch. Moreover, two auxiliary tasks—AED and AEC—were employed
to strengthen semantic consistency in the text modality. In addition, a label-based contrastive learning
strategy was developed to improve the discriminability of emotion-related features.

Extensive experiments conducted on the IEMOCAP and MELD datasets demonstrate that M*SER
consistently outperforms existing state-of-the-art baselines, thereby validating the effectiveness of our
proposed framework. Looking ahead, we plan to extend M*SER by incorporating visual modalities
and exploring disentangled representation learning to further enhance emotion recognition perfor-
mance. Furthermore, we intend to investigate the necessity of AED and AEC modules in the context
of increasingly powerful LLM-based ASR systems, where transcription accuracy may alleviate the

dependence on explicit error detection and correction mechanisms.

131



Chapter 7

2DP-2MRC: 2-Dimensional
Pointer-based Machine Reading
Comprehension Method for Multimodal
Moment Retrieval

In the previous chapters, we investigated ASR and its downstream application, namely multimodal
SER, where both speech signals and ASR transcripts were leveraged to improve affective understand-
ing. Building upon this foundation, we now turn to a broader multimodal retrieval task that integrates
not only audio and textual modalities but also visual information: multimodal VMR.

Moment retrieval requires the system to localize the most relevant temporal segment in an
untrimmed video given a natural language query. This task poses additional challenges compared
with purely speech-based tasks, as it must align heterogeneous information sources—visual con-
tent, the corresponding audio track, and the ASR-generated transcripts—to ensure accurate semantic
grounding. While moment-based approaches provide fine-grained localization but incur substantial
computational costs, clip-based methods offer efficiency but often suffer from imprecise boundary
detection.

To address these limitations, in this chapter we introduce the 2-Dimensional Pointer-based Machine
Reading Comprehension for Moment Retrieval Choice (2DP-2MRC) framework. Specifically, our
method employs an AV-Encoder to jointly capture coarse-grained information at both the video and
moment levels, and integrates ASR-derived textual cues to complement visual features. Furthermore,
a two-dimensional pointer encoder is designed to enhance temporal boundary prediction. Through

extensive experiments on the HIREST dataset, we demonstrate that 2DP-2MRC achieves superior
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performance compared with existing baseline models, striking a favorable balance between retrieval

accuracy and computational efficiency.

7.1 Introduction

With the rapid proliferation of online video content, the demand for efficient and accurate retrieval
of specific information from large-scale video repositories has become increasingly critical [190-
192]. To meet this demand, Hendricks et al. [103] and Gao et al. [104] introduced the task of
VMR, which requires the system to identify the temporal boundaries of video segments corresponding
to a given natural language query in untrimmed videos [105, 193, 194], as illustrated in Fig. 7.1.
This task is inherently challenging because it involves aligning complex multimodal content (video
and potentially audio) with linguistic queries while simultaneously reasoning over semantics across
different modalities [10, 106].

Existing VMR methods can be broadly categorized into moment-based and clip-based approaches,
depending on whether predefined candidate moments are explicitly generated [195]. Since clips are
the shortest temporal units, their contextual information is naturally a subset of moment-level con-
text. Moment-based approaches typically follow a “propose-then-rank™ paradigm [103, 104, 106,
107, 196], where a large set of candidate moments is first generated, each candidate is compared with
the query, and the most relevant one is then selected via ranking. While such approaches are intuitive
and often effective, they suffer from high computational cost due to dense candidate generation.

In contrast, clip-based approaches directly model the alignment between video clips and queries,
predicting their relevance without explicitly enumerating candidate moments [108, 109, 197, 198].
Although this strategy substantially reduces computational complexity, existing methods generally
emphasize clip-level alignment while overlooking coarser moment-level and global video-level in-
formation. As a result, they frequently yield suboptimal temporal localization and limited retrieval
accuracy.

To overcome the limitations of excessive computational cost in moment-based methods and the
imprecise localization inherent to clip-based approaches, we propose a novel framework termed 2-
Dimensional Pointer-based Machine Reading Comprehension for Moment Retrieval Choice (2DP-
2MRC) in this chapter. The design of this model is inspired by the process of human reading compre-
hension. Typically, when answering a question, humans begin by skimming the passage and question
to form a preliminary understanding. They then revisit the passage, paying attention to regions most
relevant to the query, and progressively integrate contextual cues with the question to identify the
correct answer [199-202].

In line with this analogy, our model incorporates mechanisms that jointly enhance coarse-grained
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Figure 7.1: An example of our multimodal moment retrieval with a query in an untrimmed
video. The most relevant moment is retrieved by two 1D probability matrices and a 2D
probability matrix together. Note that the length of the video and the sampling rate determine
the value of the short duration 7 and the precision of the retrieved moments.

comprehension and fine-grained localization of video content. Specifically, the framework integrates
an Audio-Video Encoder (AV-Encoder), a pointer mechanism, a Gated Interactive Attention (GIA)
module, and a 2D Probability Encoder (2DP-Encoder). The key contributions of this work are sum-

marized as follows:

* We propose an AV-Encoder designed to capture coarse-grained contextual information at both the
moment and video levels, thereby enriching the global understanding of video semantics.

* We design a pointer module that leverages multi-level interactive attention to provide initial predic-
tions for the start and end boundaries of target moments.

* We develop a 2DP-Encoder module that employs a GIA mechanism for fine-grained boundary lo-
calization. In this module, an adaptive gating unit is first applied to regulate the contribution of
each video clip to the answer. Subsequently, multi-level interactive attention is performed between
the query and video context, enabling stronger focus on the target moment. By constructing a
2D positional coordinate matrix across potential boundaries, this module enhances recall of candi-
date segments and alleviates inconsistencies arising from independent 1D predictions, thus yielding

more accurate retrieval.
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Figure 7.2: Overall architecture of the proposed 2DP-2MRC model.

Whisper & MiniLM

* We introduce the complete 2DP-2MRC framework, which integrates the AV-Encoder, Pointer, and
2DP-Encoder modules. Benefiting from its parallelizable architecture, the model avoids excessive
computational overhead while maintaining high accuracy. Experimental evaluation on the HIREST
dataset demonstrates that our proposed 2DP-2MRC achieves substantial improvements over exist-

ing baseline approaches.

7.2 Proposed Method

7.2.1 Problem Formulation

We formalize the multimodal moment retrieval task as a mapping function f(V,A, Q) = (#*,¢°). Here,
the video modality is denoted as V = (vi,v2,- -+ ,vyy), where m refers to the number of video clips.
The audio modality, extracted from the corresponding video, is represented as A = (aj,az,- -+ ,ay),
consisting of n audio frames. The textual modality is defined as the natural language query Q =
(91,92, ,q1), comprising [ words.

The objective of multimodal moment retrieval is to effectively integrate the visual content V and
the acoustic information A in order to localize a temporal segment within the video. This segment is
defined by its start and end timestamps (#°,7¢) and should correspond most closely to the semantics

of the query Q.
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7.2.2 Embedding Module

In line with prior studies [11], the embedding module of our framework is constructed upon three
pretrained backbone models: EVA-CLIP [203], Whisper [204], and MiniLM [205], as illustrated in
Fig. 7.2. All pretrained parameters are kept frozen throughout the training phase to preserve their

generalization ability.

* Video Clip Representations. Given a video composed of o continuous frames, we segment
it into short clips, each containing p frames, and uniformly sample m clips at fixed intervals.
These clips are then encoded by the EVA-CLIP visual encoder, yielding visual embeddings H, =
(h\(,l),hl(,z), e ,hS’")) € R™*4_where d denotes the dimensionality of the hidden representation.

* Text Query Representations. The text query is processed by the EVA-CLIP text encoder to pro-
duce embeddings H, = (hgl),hgz), .- ,h((,l)) € R4 In addition, the end-of-text token ([EOT)) is
employed to summarize the global semantic meaning of the query, represented as hg[EOTD e R,

* ASR Representations. The Whisper model generates speech transcriptions from the audio track,
which are subsequently encoded by MiniLLM to obtain ASR embeddings H, = (h((ll) , h((,z), ‘e ,hflm)) €
R™*4_To ensure alignment with the m video clips, the ASR embeddings are uniformly sampled or
padded to length m.

* Fused Representations. Following the design of [11], the fused representation is obtained by
applying element-wise addition between the visual embeddings and the ASR embeddings: H; =
(h;l) ,h;z), e ,h;m)) € R™*4_This fusion provides a joint representation incorporating both visual

and audio-textual information for subsequent processing.

7.2.3 AV-Encoder Module

To extract coarse-grained features from the fused representation Hy, we first apply a MaxPooling
operation across clip-level features and combine the resulting pooled vector with the original clip-
wise representations through element-wise multiplication. This process enriches the fused embedding
with global contextual cues while retaining local clip-specific details.

Subsequently, the resulting sequence is passed through a temporal one-dimensional convolu-
tional layer [206], followed by a bidirectional GRU [207]. The convolutional layer captures local
temporal patterns among adjacent clips, while the BIGRU models long-range sequential dependen-

cies in both forward and backward directions. The final audio-visual representation is expressed as
H,, = BiGRU(Conv1d(Broadcast(MaxPooling(Hy)) ® Hy)) € R™*4, (7.1)

where © denotes element-wise multiplication.
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7.2.4 Pointer Module

The pointer module is designed to map the fused audio—visual representation H,, of video clips into
a probability distribution vector of length m, thereby generating preliminary estimates of the start
and end positions of the target moment. Distinct from earlier approaches that employ only linear
mappings [11], our design further incorporates the global query representation h,(][EOT]) to compute
multi-level interactive attention between the query, the fused audio—visual features, and contextual
information. This mechanism enhances the model’s ability to emphasize segments most relevant to
the query.

To begin, H,, is passed through a linear transformation followed by a GELU activation function

[208], yielding a refined representation H:

H = GELU(Linear(H,,)) € R™*, (7.2)

Next, the interaction between H and the global query embedding hé[EOT]) produces a candidate
probability distribution Py:

Py = TaLU(H - /%97y € R, (1.3)

where TaLU is a normalized activation function that maps attention scores into (0,1). Compared
with the conventional Sigmoid function, TaLU provides a derivative range four times larger, thereby
enhancing the model’s capacity to differentiate probabilities across positions and improving the pre-

cision of boundary detection:

ex

eX+e*

In parallel, H,, is also processed through a linear projection that maps each hidden state to a

TaLU(x) = € (0,1). (7.4)

single scalar score, generating an additional candidate distribution Pc:
Pc = TaLU(Linear(H,,)) € R™. (7.5)

Finally, the preliminary probability distribution for the start (or end) position, denoted P; (or
P,), is obtained as the mean of Py and Pc. This combined strategy balances query-guided attention
with direct clip-level scoring, thereby providing a more reliable initialization for moment boundary

prediction.

7.2.5 2DP-Encoder Module

The 2DP-Encoder is designed to enhance boundary detection and improve recall in moment retrieval

by projecting the input representation H,, into a two-dimensional probability distribution matrix of

137



size m X m.
First, H,, is passed through two independent linear layers followed by GELU activation [208],

producing two separate representations H, and Hyp:

H, = GELU(Linear(H,,)) € R™, (7.6)
Hyp = GELU(Linear(H,,)) € R™*. (1.7)
Next, Hy interacts with the global query embedding h((I[EOT]) to yield Hg, which is then normal-

ized by a Sigmoid activation to obtain the gating weights g:
Hg = Hy© W57 ¢ gm=d (7.8)

g = Sigmoid(Hg) € R™*4, (7.9)

These gating weights adaptively modulate the importance of video clips for moment localization.

The gated representation is then obtained as
Hgia =g O Hop+ (1 —g) ®H,, € R™, (7.10)

Subsequently, we compute the interactive attention between Hgy4 and Hyp, resulting in the first

candidate 2D probability distribution matrix M>pg:
Mop = TaLU(Hap - Hyy ) € R™™, (7.11)

where T denotes matrix transpose.

In parallel, the query embedding h((][EOTD also interacts with Hs and Hpp. The resulting vector

mypy is expanded row- and column-wise to produce the second candidate distribution Mspy:

mopy = TaLU((Hg + Hap) - B{EO™V) e R™
(7.12)
— Mhpy € R™™,

To further enrich the probability representation, the 2DP-Encoder incorporates row- and column-

wise expansions of Hg, generating M,,,, and M_;:
Moy = TaLU(Linear(HL)) € R™ — M,y,, € R™™, (7.13)

mey = TaLU(Linear(Hg)) € R™ — M, € R™™. (7.14)
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Figure 7.3: The process of score prediction.

Finally, the overall 2D probability distribution M5p is computed as the mean of the four candidate
matrices:

1
M>p = Z(MZDG +Mop 4 Moy +Meor). (7.15)

This design integrates query-guided gating, cross-modal interaction, and 2D probability model-

ing, thereby enhancing moment boundary detection while maintaining computational efficiency.

7.2.6 Score Prediction

During scoring, we expand P; and P, into M, and M, by row and column, respectively. The final
2D score map M is formed by adding M, M,, and M;p (see Fig. 7.3). The coordinates (a,b) in M
represent a moment starting from clip a to b. To maintain validity, the start and end clip indexes a
and b must satisfy a < b. Thus, we set all elements in the lower triangle of M to zero and choose the

highest score as the retrieved moment.

7.2.7 Loss Function

The training loss function comprises three weighted loss terms: the loss between the predicted start
position P by the Pointer module and the target start position distribution Y, the loss between the
predicted end position P, by the Pointer module and the target end position distribution Y,, and the
loss between the predicted 2D probability distribution M,p by the 2DP-Encoder module and the target

position coordinate distribution Y;,. Here, Y;, Y., and Y;,, are one-hot labels.

Loss = 151 [ (B, Ys) + f (Pe, Yo )| + A - f (Map, Vi), (7.16)

where f (x,y) represents the Binary Cross Entropy (BCE) loss between predictions and ground-truth
labels and A is a hyperparameter to adjust the weight of 2D probability distribution.
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7.3 Experiments

7.3.1 Experimental Settings and Evaluation Metrics

The proposed method was implemented in Python 3.10.0 with PyTorch 1.11.0. All experiments were
conducted on a workstation equipped with an Intel(R) Xeon(R) Gold 6248 CPU running at 2.50 GHz,
32 GB of RAM, and a single NVIDIA Tesla V100 GPU. The training process employed the AdamW
optimizer [156] with a batch size of 16 and a weight decay parameter of 0.01. The dropout rate was
fixed at 0.3, and the weighting factor A for the 2D probability distribution was set to 0.1. The initial
learning rate was configured as 1 x 1073, and the dimensionality of all hidden states in the model was
set to 512.

For evaluation, we followed the commonly adopted protocols in prior studies [11, 201, 209].
Specifically, model predictions were assessed against ground-truth moments using Recall@1 under

Intersection-over-Union (IoU) thresholds of 0.5 and 0.7.

7.3.2 Datasets

To validate the effectiveness of the proposed model, we conducted experiments on the HIREST
dataset [11], which is designed for a range of multimodal video understanding tasks, including video
retrieval, moment retrieval, moment segmentation, and step captioning. In this work, we specifically
focus on the moment retrieval task.

The HIREST dataset contains approximately 3.4K text—video pairs, with videos averaging 287
seconds in duration and an overall length of 270 hours. Among these, 1.8K videos are associated
with clip-level moment annotations. The average moment length is 148 seconds, corresponding to
about 55% of the original video duration. Since multiple videos may correspond to a single query,
the dataset is partitioned based on queries rather than videos, yielding splits of 546/292/546 queries
(corresponding to 1507/477/1391 videos) for training, validation, and testing, respectively.

7.3.3 Results and Analysis
Experimental Results
We evaluate the proposed model against three representative baselines:

* BMT [209]: A moment-based dense video captioning framework pretrained on ActivityNet Cap-
tions. It predicts event proposals characterized by center, length, and confidence values. The re-
trieved moment is then obtained by aggregating proposals through the minimum start time and

maximum end time across predicted events.
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* Joint Model [11]: A clip-based text question answering approach that employs a multimodal en-
coder followed by two linear layers to directly estimate the start and end boundaries of target mo-
ments.

e MPGN [201]: A moment-based model that formulates moment retrieval as a multi-choice ma-
chine reading comprehension task. It incorporates a fine-grained feature encoder together with a

conditioned interaction module, achieving competitive performance.

The comparative results are summarized in Table 7.1. Our proposed method, 2DP-2MRC, con-
sistently outperforms all baseline models. Specifically, on the HIREST dataset, our model achieves
the highest Recall@1 across both IoU thresholds (0.5 and 0.7) and sampling rates (64 and 128),
surpassing the strongest baseline (MGPN) by a notable margin of up to 7.25% at the stricter loU
threshold of 0.7. These improvements verify that the proposed 2DP encoding and hierarchical cross-
modal reasoning substantially enhance the model’s ability to localize and interpret event boundaries
in complex audiovisual scenes.

Moreover, the results clearly indicate that removing audio input leads to pronounced perfor-
mance degradation across all models. For instance, when comparing the “with audio” and “without
audio” settings, Recall@1@0.7 drops by 8.46% on average, with our model still maintaining superior
performance compared to the best visual-only baseline. This observation underscores the critical role
of audio cues in complementing visual information for accurate temporal boundary detection, espe-
cially in scenarios where visual transitions are subtle or ambiguous. It also highlights that multimodal
alignment effectively captures semantic correlations between visual and auditory streams, which are

crucial for robust event understanding.

Ablation Study

To systematically assess the contribution of each component within the proposed 2DP-2MRC frame-
work, we conducted a series of ablation experiments, with results summarized in Table 7.2.

When the AV-Encoder is removed (Model 1), performance declines markedly, underscoring the
necessity of coarse-grained feature encoding for capturing broader contextual information. Eliminat-
ing the Pointer module (Model 2) also leads to a notable drop in accuracy, demonstrating the impor-
tance of fine-grained interactions between the query and video clips for reliable moment localization.
Similarly, removing the 2DP-Encoder (Model 3) results in degraded performance, confirming its
critical role in refining boundary detection and enhancing fine-grained alignment between video clips
and the textual query.

Taken together, these findings clearly indicate that each module makes a significant contribu-

tion to overall performance. The integration of AV-Encoder, Pointer, and 2DP-Encoder effectively
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Table 7.1: Experimental results. 1fps means that the model extracts one frame per second as
a candidate moment.

Recall@1 Recall@1
Model # of Video Clips

0.5 0.7 0.5 0.7
With Audio Without Audio
BMT [209] 1fps 71.91 39.18 62.6 32.34
Joint [11] 1fps 73.32 32.60 70.70  20.60
Joint [11] 64 73.58 32.12 71.50 26.94
MGPN [201] 64 74.09 43.01 73.34  38.24
2DP-2MRC (ours) 64 7513 5492 7423 46.11
Joint [11] 128 70.98 3523 6943  24.35
MGPN [201] 128 78.76 5544 74.09 43.01
2DP-2MRC (ours) 128 79.79 62.69 74.61 55.96

operationalizes the proposed reading comprehension-inspired strategy—namely, skimming, refocus-
ing, and integrating contextual cues—thereby enabling more precise and robust multimodal moment

retrieval.

Qualitative Analysis

To further illustrate the effectiveness of the proposed 2DP-2MRC framework, we conducted a qual-
itative analysis, with representative results shown in Fig. 7.4. The visualization demonstrates that
2DP-2MRC is capable of accurately retrieving temporal segments that are highly consistent with the
given language query.

For comparison, we also present qualitative results from Models 1, 2, and 3 introduced in the
ablation study. Model 1, which excludes the coarse-grained feature encoder, exhibits limited attention
to the overall video context, leading to overly narrow retrieved intervals. Likewise, Model 3, without

the 2DP-Encoder module, shows difficulty in precisely determining the end boundary of the target
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Table 7.2: Effectiveness of different modules in our 2DP-2MRC.

Modules Recall@1
AV-Encoder Pointer 2DP-Encoder 0.5 0.7

Model

2DP-2MRC v v v 79.27 62.69

1 X v v 74.09 39.38

2 v X v 74.61 55.96

3 v v X 78.76  57.00

moment, particularly in cases where visually similar segments occur between 418s and 514s. This
issue is also observed in the Joint model, which lacks refined boundary modeling.

Overall, these results confirm that 2DP-2MRC effectively captures multimodal interactions through
a coarse-to-fine process. This design mirrors human reading comprehension behavior—first skim-
ming the context and then progressively refining focus—thereby enabling more accurate and robust

moment retrieval.

7.4 Summary

In this chapter, we introduced 2-Dimensional Pointer-based Machine Reading Comprehension for
Moment Retrieval Choice (2DP-2MRC), a novel framework inspired by human reading comprehen-
sion processes. By integrating the AV-Encoder, Pointer, and 2DP-Encoder modules, the proposed
model effectively captures multimodal interactions at multiple granularities, thereby enabling more
precise localization of target moments. This design parallels the human strategy of first skimming a
passage and query, revisiting relevant segments, and then synthesizing the information to identify the
correct answer.

Extensive experiments on the HIREST dataset validate the superior performance of 2DP-2MRC
over baseline models, confirming its capability in enhancing moment retrieval accuracy. As HIREST
encompasses multiple tasks beyond retrieval, such as moment segmentation and video captioning,

future research will extend the proposed framework to these tasks, with the goal of further advancing
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0s 433 Ground Truth 418s | 515.2s |
| 60s Joint 514s |
| 325 MGPN 418s | |
| l44s 2DP-2MRC (ours) 415s | |
| 558 Model 1 (w/o AV-Encoder) 399s | |
| l44s Model 2 (w/o Pointer) 404s | |
| 160s Model 3 (w/o 2DP-Encoder) 514s ||

Figure 7.4: A qualitative example of our 2DP-2MRC and ablation models evaluated on the
HIREST dataset (with 128 video clips).

multimodal video understanding.
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Chapter 8

Conclusions

8.1 Summary of This Thesis

This thesis centers on automatic speech recognition (ASR) and ASR-related downstream understand-
ing in multimodal settings. We target robust recognition and retrieval in real-world conditions that
involve rare and homophonous words, overlapping speakers, long-tail domain entities, and noisy
contexts. The core question is how to integrate external context, phonetic cues, and large-language-
model (LLM) priors—while retaining efficiency and low latency—to mitigate ASR errors and im-
prove downstream performance.

Our contributions span two axes. On the ASR axis, we develop three complementary lines: (i)
post-hoc ASR error correction (AEC) with phoneme-augmented multimodal fusion (PMF-CEC); (ii)
E2E contextual biasing with phoneme-aware entity modeling and disambiguation (PARCO); and (iii)
LLM-driven contextual multi-talker ASR that unifies overlapping-speech recognition with rare-word
biasing (CMT-LLM). To facilitate a concise comparison of these context-aware ASR approaches,
Table 8.1 summarizes their key characteristics in terms of modeling paradigm, latency, computational
complexity, language modeling capability, and recognition performance. On the downstream axis,
we study two ASR-aware multimodal tasks: (iv) multimodal speech emotion recognition (SER) that
leverages and repairs ASR hypotheses via multitask and contrastive/adversarial learning (M*SER);
and (v) multimodal video moment retrieval (VMR) that fuses video, audio-derived transcripts, and
text queries with a two-dimensional pointer reading-comprehension mechanism (2DP-2MRC).

In this thesis, the core body of work is divided into two parts. Chapters 3, 4, and 5 are devoted to
automatic speech recognition (ASR) itself, covering AEC, E2E contextual biasing, and LLM based
multi-talker recognition. Chapters 6 and 7 then turn to ASR-related downstream tasks, namely mul-

timodal SER and VMR, where the outputs of ASR are further exploited and refined for higher-level
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Table 8.1: Comparison of proposed context-aware ASR methods.

Aspect ‘ PMF-CEC PARCO CMT-LLM
Chapter ‘ Ch.3 Ch. 4 Ch.5
ASR paradigm ‘ Post-correction E2E decoding LLM-based decoding
Context injection stage ‘ After decoding During decoding Prompt-based decoding
1. Rare words 1. Entity completeness 1. Multi-talker
Target problem
2. Homophones 2. Homophones 2. Large biasing lists
Phoneme modeling ‘ v v X
Multi-token entity modeling ‘ v v v
Multi-talker support ‘ X X v
Scalability to large bias lists ‘ Medium Medium High
Inference latency ‘ Low Medium High
1. Lightweight 1. Tight ASR integration 1. Long-context modeling
Key advantages
2. Deployable 2. Strong generalization ability 2. Strong reasoning ability
Main limitations ‘ Domain-specific finetuning Training complexity Computational cost

understanding.

In Chapter 3, we investigated AEC, where we introduced the PMF-CEC framework. This ap-
proach integrates phoneme-augmented multimodal fusion and error-specific selective decoding with
a retention probability mechanism, enabling robust correction of rare words and homophones without
excessive overcorrection.

In Chapter 4, we proposed PARCO, an E2E contextual ASR method. By introducing phoneme-
augmented representations, contrastive entity disambiguation, and entity-level supervision, PARCO
addresses the challenge of distinguishing confusable contextual terms and demonstrated significant
robustness across domain-shift conditions.

In Chapter 5, we developed CMT-LLM, a contextual multi-talker ASR system that combines se-
rialized output training (SOT) with prompt-based LLLM decoding. This system introduces a two-stage
rare-word filtering strategy that incorporates both coarse decoding and semantic retrieval, enabling
more effective contextual biasing under overlapping speech conditions.

In Chapter 6, we explored the downstream task of multimodal SER. We proposed M*SER, which
integrates multimodal fusion of speech and ASR transcripts with auxiliary tasks for error detection

and correction, as well as adversarial and label-based contrastive learning strategies. The model

146



demonstrated strong resilience to ASR errors and state-of-the-art performance on benchmark datasets.

In Chapter 7, we extended the scope to multimodal VMR, where ASR transcripts provide ad-
ditional semantic grounding for video content. We introduced the 2DP-2MRC framework, which
employs an AV-Encoder, a pointer mechanism, and a two-dimensional probability encoder to achieve
fine-grained boundary detection. This model aligns with human reading-comprehension strategies
and significantly outperformed prior baselines on the HIREST dataset.

Overall, the thesis demonstrates that integrating multimodal information with contextual mod-
eling, auxiliary tasks, and reading-comprehension-inspired strategies leads to robust and efficient

systems for speech recognition, emotion understanding, and video moment retrieval.

8.2 Future Work

Building upon the findings of this thesis, several future research directions can be pursued:

* Extension to more powerful foundation models: With the rapid evolution of LLMs and
audio-language models, future work will explore integrating advanced LLM-based ASR sys-

tems to reassess the necessity of auxiliary modules such as AED and AEC.

* Incorporation of additional modalities: Beyond speech, text, and video, incorporating vi-
sual cues such as facial expressions and physiological signals may further enhance emotion

recognition and multimodal understanding.

* Towards real-time and low-latency systems: Optimizing the proposed frameworks for stream-
ing inputs and deployment on resource-constrained devices will be critical for practical appli-

cations such as dialogue systems, video retrieval platforms, and affective computing.

* Generalization to cross-domain and low-resource scenarios: Future studies will investigate
domain adaptation and self-supervised learning techniques to improve model robustness under

domain shift and limited training data conditions.

» Applications in real-world multimodal AI systems: Extending the proposed frameworks
to real-world applications such as conversational assistants, video content management, and

multimedia search engines represents a promising direction for broader impact.

In conclusion, this thesis presents methodological advances that bridge ASR, multimodal SER,
and VMR. These contributions not only push forward academic research but also lay the foundation
for future multimodal systems capable of robust and efficient understanding of human communication

in real-world scenarios.
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