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Abstract

Audio-text representation learning has emerged as a foundational technology for mul-

timodal AI, enabling applications from retrieval to language-based audio generation.

While frameworks such as Contrastive Language-Audio Pretraining (CLAP) have es-

tablished a shared latent space, the prevailing paradigm suffers from representational

and practical bottlenecks. In terms of representation, current models handle audio and

text sequences as global embeddings, compressing complex temporal sequences and

rich semantics into single static vectors, which entangle multiple events and inherently

discard fine-grained temporal and semantic structure. Practically, when such entan-

gled global embeddings are the only representation available, the model can recover

temporal and semantic regularities only indirectly from large and diverse collections

of paired examples. Unlike in the image domain, however, obtaining rich descriptions

for audio is intrinsically costly and non-scalable. As a result, models often fail to dis-

tinguish intricate temporal patterns, cannot fully disentangle mixed sound events, and

struggle to generalize beyond the limited paired data.

This thesis identifies three challenges at the intersection of these representational

and practical limitations: the loss of fine-grained temporal alignment between audio

and text, the absence of explicit intra-modal relations, and a strong reliance on scarce

paired data. First, conventional global pooling aggregates variable-length audio into

a fixed vector, discarding essential temporal information and preventing precise align-
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ment between specific sound events and textual phrases. Second, standard contrastive

objectives focus solely on cross-modal matching, neglecting intra-modal relations (i.e.,

audio-audio and text-text similarities) within each modality. As a result, given two

compositional scenes such as “violin over street noise” and “guitar over street noise,”

the model cannot articulate that the foreground instrument differs; it can only judge

overall similarity. Third, high-quality audio-text pairs are extremely scarce compared

to those in the computer vision domain. The data-hungry nature of contrastive learn-

ing means that even advanced architectures cannot reach their full potential without

a way to exploit large collections of unlabeled audio.

To address these challenges, this thesis proposes a series of complementary meth-

ods that achieve fine-grained temporal and semantic alignment while improving data

efficiency. To mitigate the loss of temporal granularity, we first introduce Aligned

Contrastive Learning. By explicitly modeling frame-level audio features and token-

level text embeddings through a frame- and token-wise similarity measure, the method

achieves fine-grained temporal alignment. We empirically validate this approach on

large-scale text-to-music retrieval, demonstrating that fine-grained alignment improves

retrieval performance for temporally complex audio.

To address the lack of intra-modal relations, we then propose Audio Difference Learn-

ing. Moving beyond cross-modal discrimination, this generative framework trains the

model to articulate the semantic difference between an input and a reference audio

clip, thereby aligning audio-level differences with textual descriptions. We design a Diff

Block, including a masking-based variant implemented via cross-attention, that isolates

the residual information of one clip with respect to another. By training on synthetic

mixtures and encouraging the difference representation to reconstruct the caption of

the target source, the model learns to disentangle mixed acoustic events in the feature
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space and acquire a compositional understanding of audio scenes. This framework

improves captioning performance while enabling semantic alignment through explicit

“audio arithmetic” in the latent space.

Finally, to alleviate the dependence on paired data, we introduce a Semi-Supervised

Representation Learning framework that directly leverages large-scale unlabeled audio

to update a CLAP-based backbone. The key innovation is an Audio-to-Text (a2t)

Mapper that projects audio embeddings into the text token embedding space as con-

tinuous pseudo-token sequences, enabling implicit alignment between unlabeled audio

and the text modality. This allows unlabeled audio to participate in the contrastive

learning loop as if it were text, densifying the training distribution and regularizing

the shared audio-text space without relying on synthetic captions. We explore both

MLP- and Transformer-based mappers, as well as noise-injection strategies, and show

that incorporating unlabeled audio in this way yields substantial gains in retrieval

performance.

In summary, this thesis tackles the representational and practical limitations of

audio-text representation learning by achieving temporal and semantic alignment while

improving data efficiency. Fine-grained alignment enables temporally resolved rep-

resentations, difference-based modeling provides compositionally structured semantic

alignment, and the semi-supervised framework demonstrates that the data bottleneck

can be mitigated by bridging the modality gap at the feature level. Together, these

contributions establish a more expressive, interpretable, and scalable paradigm for

audio-text representation learning, paving the way toward next-generation multimodal

audio foundation models.
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Chapter 1

Introduction

1.1 Background

Modeling real-world acoustic environments using natural language constitutes an

essential step toward connecting human perceptual understanding with machine infor-

mation processing. Audio-text modeling, which integrates audio signals and text within

a shared representation space, has emerged as a core technology [1], [2]. It supports

a wide range of applications, including audio retrieval [3], [4], audio captioning [5],

zero-shot sound classification [6], [7], and sound generation [8].

Audio understanding has evolved significantly from traditional label-based classifica-

tion to natural-language descriptions. Early approaches relied on closed-set taxonomies

with fixed label vocabularies [9], [10], which inherently constrained the semantic ex-

pressiveness of learned audio representations. The shift toward natural language en-

ables open-vocabulary understanding, whereby models can capture nuanced acoustic

concepts that transcend categorical boundaries. This evolution mirrors the progression

observed in computer vision, exemplified by the shift from image classification to image

captioning and visual question answering.
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The broader framework of multimodal representation learning, which encompasses

audio-text approaches, has its origins in cross-modal contrastive representation learn-

ing methods developed in the 2010s, such as DeViSE [11] and Deep CCA [12]. These

methods first systematized the idea of “mapping different modalities into a common

latent space,” primarily targeting correspondence learning between images and lan-

guage. Subsequently, contrastive learning has generalized this concept to large-scale

datasets, and with the advent of Contrastive Language-Image Pretraining (CLIP) [13],

it has become the standard paradigm for multimodal representation learning. CLIP,

trained on hundreds of millions of image-text pairs, has demonstrated strong general-

ization performance across diverse tasks, including zero-shot classification and caption

generation.

Building on this success, methods such as Wav2Clip [14], AudioCLIP [15], and

CLAP [1], [2] extended the contrastive framework to the audio-text domain, accel-

erating research on audio-text representation learning. However, unlike the vision-

language domain, the audio-text domain faces unique challenges arising from the tem-

poral continuity, transience, and superposition of acoustic events. Specifically, while

images are spatially bounded and can be captured in a single snapshot, audio signals

unfold over time with sound sources appearing, overlapping, and fading at arbitrary

moments [16], [17]. Moreover, real-world sounds, ranging from human speech to envi-

ronmental sounds, exhibit greater acoustic variability than the object-centric structures

typically found in images [18]. These factors influence both data collection and repre-

sentation design.

For instance, annotating audio data is considerably more costly than labeling im-

ages. While an image can be labeled at a glance, audio annotation requires sequen-

tial listening, often in real time or slower, making the process inherently more time-
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consuming [19]. Furthermore, unlike images, where visual objects are spatially localized

and can be independently annotated, sounds in an audio clip frequently overlap in time,

requiring annotators to disentangle concurrent events [20], [21]. This fundamental dif-

ference in annotation effort results in a substantial gap between available image-text

pairs (on the order of billions) and audio-text pairs (from tens of thousands to mil-

lions) [22], [23]. This practical bottleneck in annotation underlies data scarcity and

amplifies the reliance of contrastive learning on large-scale data.

Furthermore, determining how to map the temporal structure of audio signals and

text sequences into a fixed-size representation remains a central issue. Unlike images,

which possess a fixed spatial resolution that naturally maps to a grid of patches [24],

audio signals encompass diverse acoustic phenomena, including environmental sounds,

human speech, and music, and vary drastically in duration, ranging from sub-second

sound effects to multi-minute musical compositions. In practice, this variable-length

nature is typically handled by first converting audio into fixed-length segments and

then applying global pooling, or by applying temporal pooling to obtain a single global

embedding [25], [26]. Such sequence-level aggregation, however, introduces represen-

tational trade-offs. It limits the granularity of cross-modal alignment and constrains

how temporal relationships between sound events are preserved, thereby forming the

backdrop for the limitations discussed in the following sections.

1.2 Audio-Text Contrastive Learning

1.2.1 Overview

To illustrate the setting of audio-text contrastive learning, consider the example

shown in Fig. 1.1: an audio clip containing a short violin melody followed by audience
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Figure 1.1: Concept of audio-text contrastive learning.

applause, together with a natural-language caption such as “a violin plays a short

melody, followed by applause from the audience.” The goal is to learn encoders that

map both the audio clip and the caption into a shared embedding space, so that their

embeddings are close to each other while being far from the embeddings of semantically

unrelated audio clips and captions.

Audio-text contrastive learning formalizes this idea at scale. A training corpus is

composed of paired audio clips and captions, and a minibatch of such pairs is processed

jointly. For each audio clip in the batch, its own caption is treated as a positive

example, while the captions of other clips in the batch are treated as negatives; the

same construction is applied in the reverse, text-to-audio direction. The model is

then optimized so that matching audio-text pairs achieve higher similarity scores than

non-matching pairs [27].

We decompose the framework along two design axes: representation design, which

specifies how audio and text are mapped from variable-length signals and token se-
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quences into fixed-size embeddings, and objective design, which specifies how these

embeddings are compared and optimized during training.

1.2.2 Representation Design

In audio-text contrastive models, an audio input is first converted into a sequence

of frame- or segment-level features, and a text input is tokenized into a sequence of

word or subword embeddings. Each modality-specific encoder (e.g., Transformer [28])

processes these sequences and produces modality-specific sequences of embeddings for

audio and for text, respectively. To enable contrastive learning, these variable-length

sequences are then compressed into a single global embedding for each modality, typ-

ically using mean pooling, attention pooling, or a designated aggregation token (such

as the [CLS]token in Transformer models [28], [29]). Cross-modal similarity is then

computed between these clip-level audio and sentence-level text embeddings, regardless

of the original sequence lengths.

This sequence-level aggregation makes audio and text easily comparable in a shared

space and supports scalable training. It also determines the granularity at which audio-

text alignment is represented. In most contrastive models, similarity is defined for

whole clips and whole sentences. The implications of this design choice for fine-grained

audio-text alignment will be discussed in Section 1.3.1.

1.2.3 Objective Design

On top of these global embeddings, audio-text contrastive learning usually adopts an

InfoNCE-type loss [27]. Given a minibatch of audio and text embeddings, the model

constructs a similarity matrix between all audio-text pairs in the minibatch. For each
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audio embedding, the paired text is treated as a positive example, while all other texts

in the batch are treated as negatives; the same is done in the reverse direction. The

loss then maximizes the similarity of each positive pair relative to all negatives using

a softmax over similarity scores, in both audio-to-text and text-to-audio directions.

This optimization is purely relative. To make this more concrete, consider a batch

containing two audio clips: (A) a solo violin playing a melody and (B) a dog barking,

with corresponding captions “a solo violin plays a melody” and “a dog is barking”.

The loss only requires the embedding of (A) to be closer to its own caption “a solo

violin plays a melody” than to “a dog is barking”, and the embedding of (B) to be

closer to “a dog is barking” than to “a solo violin plays a melody”. The loss function

does not specify where these four points should lie in the embedding space, as long as

these relative inequalities are satisfied. More generally, the objective does not directly

constrain absolute distances or the global geometry of the embedding space.

Moreover, the objective depends only on cross-modal similarities between audio and

text [30]. There is no term that explicitly encourages acoustically similar sounds to

be close to each other, or dissimilar sounds to be far apart, as long as each sound

remains closer to its own caption than to the captions of other sounds. In other words,

relations between sounds, specifically how two audio clips are similar or different, are

not explicitly optimized; they can only be inferred indirectly through cross-referencing

many audio-text pairs.

These characteristics of the standard contrastive objective underlie the limitations

regarding intra-modal relations between sounds and the model’s dependence on dataset

diversity.
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1.3 Limitations of Audio-Text Contrastive Learn-

ing

Despite its effectiveness, the standard formulation of audio-text contrastive learn-

ing faces three interlinked limitations: coarse-grained representations arising from

sequence-level aggregation, unstructured intra-modal relations due to purely relative

optimization, and a consequent heavy reliance on large-scale data. These issues are

not merely practical hurdles; they arise from the design of current frameworks [31],

[32] as analyzed in studies on the invariances learned by contrastive objectives [33]. In

this section, we analyze how these design choices constrain the granularity, intra-modal

relation, and data efficiency of the learned representations.

1.3.1 Representation: Loss of Granularity

The first limitation arises from the sequence-level aggregation discussed in Sec-

tion 1.2. While compressing variable-length sequences into global vectors simplifies

cross-modal comparison, it inevitably discards local temporal and structural informa-

tion.

As illustrated in Figure 1.2, consider an audio clip containing “a violin melody fol-

lowed by applause.” Under standard global aggregation (e.g., mean pooling), the tem-

poral alignment between events and their descriptions is lost: the model cannot preserve

that the violin precedes the applause. A clip containing the reverse sequence (“applause

followed by a violin melody”) would yield a nearly identical global embedding, mak-

ing the two scenarios indistinguishable in the representation space. Furthermore, this

aggregation entangles distinct sound events into a “bag-of-events” representation [34],

[35], where contributions from temporally and spectrally different events are collapsed
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👏

“a violin melody followed by applause” “applause followed by a violin melody”

👏

Positive Positive
Negative

Figure 1.2: Illustration of the loss of fine-grained temporal alignment under global

aggregation. Although the two audio clips share nearly identical content (violin and

applause), they are treated as negatives because they are different samples. Meanwhile,

global embeddings cannot distinguish the temporal order, making the positive audio-

text pairs ambiguous.

into a single abstract vector. As a result, the mapping from event-level relation to the

global embedding becomes underdetermined, such that many different configurations

of sound events can be mapped to similar global vectors. This entanglement makes it

difficult for the model to preserve fine-grained alignment between individual temporal

frames and their corresponding textual phrases.

1.3.2 Objective: Unstructured Intra-Modal Relations

As illustrated in Figure 1.3, the second limitation stems from the relative nature of

the contrastive objective. As noted in the previous section, the objective optimizes

only the similarity between matching audio-text pairs, without explicitly constraining

the relations within each modality, i.e., audio-audio and text-text relations [30].

To illustrate this, consider three audio clips: (A) a violin, (B) a guitar, and (C) a

dog barking. Acoustically, the violin (A) and guitar (B) are similar, while the dog (C)

is distinct. Ideally, the model should learn that A and B are close in the embedding
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？
？

？

Audio space Learned relation

Not learned relation

Audio Text

Violin

Guitar

？

？

Cannot learn intra-modal relation

Figure 1.3: Illustration of unstructured intra-modal relations in contrastive learning.

While audio-text correspondences are explicitly learned, relations between audio clips,

such as whether violin is more similar to guitar than to dog barking, remain underde-

termined.

space, while C is far away. However, since the standard objective does not measure

audio-audio and text-text similarity directly, the model does not explicitly learn that

A should be closer to B than to C. Instead, information about how close Sound A and

Sound B should be must be inferred indirectly from their co-occurrence patterns with

text.

Moreover, intra-modal relations encompass not just classifying two sounds as “sim-

ilar clips” or “different clips,” but articulating what specifically differs between them.

In reality, audio clips typically contain multiple overlapping sound events, and captions

mention multiple entities, actions, and attributes (e.g., “a dog barking over music in a

crowded room”). A model with meaningful intra-modal understanding should identify
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which components differ: given “violin over street noise” and “guitar over street noise,”

it should state that the foreground instrument differs, rather than merely judging over-

all similarity. However, as discussed in Section 1.3.1, the contributions of these compo-

nents are entangled within a single audio embedding and a single sentence embedding.

Without explicit alignment between audio components and their corresponding tex-

tual phrases, such fine-grained relational reasoning becomes difficult. Informally, each

audio-text pair provides only a single constraint on many latent components, much like

a single underdetermined equation in many unknowns.

To infer how Sound A and Sound B are related, the model must therefore observe

many different combinations in which the corresponding words (such as “violin”, “gui-

tar”, and “dog”) appear in similar linguistic contexts. In effect, acoustic relations

between A and B are reconstructed by cross-referencing massive numbers of audio-text

pairs and statistically disentangling which parts of the captions correspond to which

acoustic components. In the absence of such extensive cross-referencing, the audio

embedding space tends to simply mirror the lexical structure of the text space [36].

1.3.3 Dependence on Data Scale

These representational and objective limitations directly amplify the dependence on

large-scale data. As discussed in Section 1.1, paired audio-text data are inherently

scarce and costly to annotate: annotators must listen to clips sequentially, overlapping

sound events make labeling difficult, and the resulting audio-text corpora are orders

of magnitude smaller than image-text datasets [19]. However, in the standard audio-

text contrastive learning framework, the issue is not merely that data are scarce; the

framework itself is data-inefficient.

Because sequence-level aggregation discards local temporal details and entangles
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multiple sound events into a single pooled vector, the model cannot rely on the ar-

chitecture alone to keep event-level information separate. Instead, it requires dense

coverage of audio-text pairs to statistically reconstruct fine-grained relationships and

to disentangle the event-level contributions inside the “bag-of-events” representations

induced by global pooling. The model effectively needs to observe millions of examples

to implicitly learn structures that could, in principle, be encoded explicitly in the archi-

tecture or the objective. This creates a negative loop: weaknesses in the model design

demand data scales (e.g., millions to billions of pairs) that are attainable in vision-

language domains but prohibitively difficult to obtain in the audio domain. Therefore,

addressing the data-scarcity problem in audio-text learning requires not only collecting

more data but also fundamentally rethinking representation and objective designs to

be more data-efficient.

1.4 Research Objectives

The limitations identified above arise from two intertwined aspects of current audio-

text contrastive learning: (i) design choices in representation and objective that com-

press multi-event audio and multi-phrase text into entangled global embeddings, leav-

ing fine-grained cross-modal alignment and intra-modal relations underdetermined, and

(ii) a strong dependence on large-scale paired data, which is difficult to satisfy in the au-

dio domain. Together, these challenges motivate the following three research questions

(RQs) that this thesis addresses.

RQ1: Fine-Grained Temporal Alignment. Current contrastive frameworks com-

pare audio and text primarily through global embeddings, capturing cross-modal re-

lationships only at a coarse, sequence-level resolution. As discussed in Section 1.3.1,



12 Chapter 1 Introduction

sequence-level aggregation entangles multiple sound events into a single “bag-of-events”

representation and obscures which parts of the audio correspond to which textual

phrases. How can we represent and learn audio-text relationships at a finer

granularity while maintaining the efficiency and scalability that make con-

trastive learning attractive?

RQ2: Semantic Alignment for Intra-Modal Relations. Because the contrastive

objective explicitly optimizes only cross-modal similarity, relations within each modal-

ity, such as audio-audio or text-text similarities, are not directly modeled. Conse-

quently, these intra-modal relations are underdetermined and must be inferred in-

directly through cross-referencing with the other modality, based on many entangled

audio-text pairs. How can we incorporate explicit intra-modal relational learn-

ing so that relations between audio clips are captured in a more semantically

meaningful way within the learned representations?

RQ3: Data Utilization Beyond Paired Data. The limitations above amplify

the dependence of audio-text contrastive models on large-scale paired datasets, which

are costly to collect and inherently scarce in the audio domain. Moreover, the vast

majority of available audio is unlabeled and thus remains unused in standard con-

trastive frameworks, even though it contains rich event-level structures that could help

disentangle acoustic factors. How can we design a learning framework that

effectively leverages both labeled and unlabeled audio, alleviating the re-

liance on massive paired datasets while preserving the quality of audio-text

alignment?
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Chapter 1&2 Audio-Text Contrastive Model and Limitations

Chapter 6
Conclusion

Chapter 3: Fine-Grained
Temporal Alignment for

Audio-Text Retrieval

Chapter 4 : Semantic Alignment
for Intra-Modal Relations via 
Audio Difference Modeling

Chapter 5 :
Semi-Supervised Learning

using Unlabeled Audio

Representational Limitations Practical Data Bottleneck

RQ1: Fine-Grained 
TemporalAlignment

RQ2: Semantic Alignment
for Intra-Modal Relations

RQ3: Data Scarcity and
Data Dependence

Insufficient
data

Need 
more data

Figure 1.4: Overview of the thesis. Chapters 1 and 2 analyze contrastive audio-text

models and identify three limitations: (1) loss of fine-grained alignment, (2) absence of

intra-modal relations between sounds, and (3) data scarcity and dependence on paired

audio-text data. Chapters 3-5 address these limitations respectively, and Chapter 6

concludes.

1.5 Thesis Overview

The overall structure of this thesis and the relationships between the three limitations

and the proposed methods are summarized in Fig. 1.4.

Chapter 2 reviews the foundational literature and recent advancements in cross-

modal representation learning. We begin by tracing the evolution of vision-language

models, from early canonical correlation analysis to the breakthrough of CLIP. We then

discuss how these paradigms have been adapted to the audio domain (e.g., CLAP) and
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highlight the unique challenges posed by the temporal nature of audio and the scarcity

of paired datasets. This chapter shows how existing global alignment approaches lead to

three mutually reinforcing limitations, loss of fine-grained alignment, absence of intra-

modal relations, and scarcity of paired audio-text data, and positions the methods

proposed in the subsequent chapters.

Chapter 3 addresses the limitation of fine-grained temporal alignment (RQ1). We

introduce Aligned Contrastive Learning, a framework that achieves fine-grained tem-

poral alignment between frame-level audio features and token-level text embeddings.

Moving beyond the conventional global pooling strategy, this method preserves local

temporal details and reduces the entanglement of multiple events within a single global

embedding. We evaluate this approach on a large-scale text-to-music retrieval task,

demonstrating that fine-grained modeling significantly enhances retrieval performance

for temporally dynamic audio content.

Chapter 4 tackles the lack of semantic alignment for intra-modal relations (RQ2).

We propose Audio Difference Learning, a generative framework designed to disentangle

mixed acoustic events in the feature space. By training the model to generate captions

that describe the semantic difference between an input and a reference audio clip,

we encourage the model to acquire a compositional understanding of sound, enabling

semantic alignment through explicit audio arithmetic in the latent space. Experimental

results on audio captioning benchmarks confirm that this approach enables the model

to perform “semantic arithmetic” in the latent space, providing a way to model relations

between sounds beyond purely cross-modal constraints.

Chapter 5 confronts the fundamental challenge of data scarcity (RQ3). We present

a Semi-Supervised Representation Learning framework that effectively leverages large-

scale unlabeled audio. By introducing an Audio-to-Text (A2T) Mapper, we project
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unlabeled audio into the tokenized text embedding space as pseudo-token features,

enabling implicit alignment between unlabeled audio and the text modality without

additional captions. This chapter demonstrates that the use of unlabeled data signifi-

cantly improves retrieval performance while alleviating dependence on massive paired

datasets.

Finally, Chapter 6 summarizes the main contributions of this thesis. We discuss

the overarching insights gained from refining alignment, intra-modal relations, and

data efficiency, and outline potential directions for future research towards unified

audio-language foundation models.





Chapter 2

Related Work

2.1 Introduction

This chapter provides a comprehensive overview of the foundational frameworks and

recent advancements relevant to audio-text representation learning. We begin by trac-

ing the evolution of cross-modal learning in the vision-language domain, identifying

the origins of the paradigms currently dominant in audio modeling. Next, we examine

how these frameworks were adapted to the audio domain, specifically focusing on the

architecture of Contrastive Language-Audio Pretraining (CLAP) and its derivatives.

We then analyze the current data landscape, highlighting the critical disparity in scale

between image and audio datasets. Finally, we synthesize the representational limi-

tations of existing CLAP-style models, namely, the loss of temporal granularity, the

lack of intra-modal relations, and data inefficiency, which serve as the primary moti-

vation for the methodologies proposed in this thesis. Figure 2.1 illustrates the overall

structure of this chapter.
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DeepCCA [Andrew+, 2013] : Two-tower arch.
Word2Vec [Mikolov+, 2013] : Distributed rep.
InfoNCE [Oord+, 2018] : Contrastive loss

Theoretical Foundations 

2.2 Foundations of V-L Cross-Modal Learning

CLIP [Radford+, 2021] : 400M+ pairs training
LAION-5B [Schuhmann+, 2022] : 5B pairs

Contrastive learning w/ Data scaling

AudioCLIP [Guzhov+, 2022] 
Wav2CLIP [Wu+, 2022] 
CLAP: Train with keyword2caption data
[Elizalde+, 2022] [Wu+, 2023] 

2.5.1 Lack of Temporal Alignment
2.5.2 Absence of Intra-Modal Relations 
2.5.3 Data Dependency and Scalability

2.3 Audio-Text Modeling and CLAP

Image: CLIP 400M, LAION-5B 5.85B
Audio: AudioCaps, Clotho (~10K)
Synthetic: WavCaps, K2C, AudioSetCaps
→ Still 2-3 orders of magnitude smaller

2.4 Datasets and Scalability

Audio-specific properties expose limitations
• Temporal dynamics (events in order)
• Compositionality (sounds overlap)
• Data scarcity (hard to crawl from web)

2.5 Limitations and Open Challenges

Figure 2.1: Overview of Chapter 2. Sections 2.2 and 2.3 trace the methodological

lineage from vision-language foundations to CLAP. Section 2.4 summarizes the data

landscape. Audio-specific properties expose the limitations discussed in Section 2.5.

2.2 Foundations of Vision-Language Cross-Modal

Learning

Cross-modal representation learning, originally developed in the vision-language do-

main, serves as the theoretical foundation for audio-text modeling. This section out-

lines the progression of representative methodologies to clarify the architectural lineage

inherited by current audio-text frameworks.

In the early 2010s, Deep CCA [12], an extension of Canonical Correlation Analysis

(CCA) to deep learning, was proposed to align statistical structures between different

modalities. Classical CCA [37] seeks projections that maximize the correlation between

two sets of variables (e.g., image and text features) via linear transformations. However,
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its expressiveness is limited when dealing with visual and linguistic data characterized

by high-dimensional and non-linear structures. Deep CCA overcame this limitation

by replacing linear transformations with deep neural networks, demonstrating a frame-

work for projecting each modality into a shared embedding space with high correlation.

Benton et al. further extended this to a multi-view setting with Deep Generalized CCA

(DGCCA) [38], evolving it into a general representation learning framework capable

of handling multiple modalities such as image, text, and audio simultaneously. These

approaches can be regarded as the foundational precursors to the Two-Tower architec-

ture, which employs modality-specific encoders to construct a shared embedding space,

a design adopted later by CLIP and CLAP.

During the same period, vision-language representation learning based on mapping

to semantic spaces also advanced. DeViSE (Deep Visual-Semantic Embedding) [11]

addressed the limitation that traditional 1-of-K classification ignores semantic rela-

tionships between classes, introducing a method to map image features directly into a

pretrained word embedding space. Distributed representations such as Word2Vec [39],

based on the Skip-gram model, successfully embedded semantic relationships between

words into a continuous space. By mapping the output of image classification models to

these word vectors instead of one-hot labels, DeViSE enabled zero-shot classification

for classes not observed during training. Developing this direction further, VSE++

(Visual-Semantic Embeddings with Hard Negatives) [40] introduced a margin-based

loss focused on “hard negatives”, samples the model finds most confusing, rather than

randomly sampled negatives. This improved the ability to distinguish subtle semantic

differences between images and text. The concept of hard negative mining anticipates

the design of treating “all samples in a batch as negatives” in later large-scale con-

trastive learning, and shares the same fundamental principle as the contrastive loss
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used in CLIP and CLAP.

Meanwhile, approaches to learning visual representations through generative tasks

were also proposed. VirTex [41] and ICMLM [42] are methods that learn visual repre-

sentations through tasks such as generating captions conditioned on images or solving

Image-Conditioned Masked Language Modeling (MLM). These studies demonstrated

the effectiveness of the Transformer architecture [28] and the rich semantic supervision

provided by natural language descriptions. However, they also highlighted constraints

such as high computational costs associated with language generation decoders and

limited inference speeds. These bottlenecks suggest that for Web-scale multimodal

data, a framework based on contrastive learning offers superior scalability compared

to generative tasks.

Building on these research trends, CLIP (Contrastive Language-Image Pretraining)

[13] was proposed. CLIP achieved scalable and generalizable representation learning

through contrastive training on massive image-text pairs collected from the internet.

Specifically, representations obtained from a Transformer-based text encoder and an

image encoder based on ResNet [43] or Vision Transformer (ViT) [24] are projected

into a common embedding space. The model is trained using an InfoNCE-type con-

trastive loss [27] to maximize the similarity of corresponding pairs while minimizing

the similarity of other combinations. The success of CLIP is evidenced by its high

zero-shot performance in downstream tasks such as ImageNet [44], establishing it as

the de facto standard for multimodal representation learning. This scalability has been

further validated by subsequent efforts like ALIGN [45] and the release of open datasets

such as LAION-5B [22]. Notably, ALIGN demonstrated that scaling to 1.8 billion noisy

image-text pairs yields strong generalization even without curated annotations. This

finding underscores a critical principle: data quantity can compensate for label noise, a
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strategy that audio-text modeling has yet to fully exploit due to the inherent scarcity

of paired data.

Recent work has extended the two-modality paradigm to unified multi-modal spaces.

ImageBind [46] binds six modalities (image, text, audio, depth, thermal, IMU) into

a shared embedding space using images as the central anchor. LanguageBind [47]

takes an alternative approach by using language as the binding anchor, freezing a

pretrained LLM encoder and aligning other modalities to it. While these methods

demonstrate impressive zero-shot transfer, they inherit limitations: ImageBind’s image-

centric alignment may underrepresent non-visual acoustic properties, whereas Lan-

guageBind’s frozen language encoder constrains the expressiveness of audio-specific

semantics.

2.3 Audio-Text Modeling and CLAP Architecture

Following the success of CLIP, extensions to audio-text modeling have been actively

explored. However, unlike the vision domain, the historical scarcity of large-scale audio-

text paired data posed a fundamental constraint to applying the CLIP framework

directly.

2.3.1 Indirect Approaches before CLAP

Prior to the establishment of direct audio-text contrastive learning, research focused

on leveraging the rich supervision available in pretrained vision-language models. Au-

dioCLIP [15] extended the pretrained CLIP framework into a tri-modal architecture

handling image, text, and audio. By incorporating ESResNet [48] as an audio en-

coder and initializing the image and text heads with CLIP weights, it enabled cross-
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modal retrieval primarily using tag-based supervision from AudioSet [9]. Similarly,

Wav2CLIP [14] proposed a knowledge distillation approach, treating CLIP’s multi-

modal embedding space as a high-quality semantic teacher. It trained an audio en-

coder to map audio signals into the shared space defined by CLIP’s image embeddings

derived from video frames.

These methods effectively circumvented data scarcity by indirectly borrowing knowl-

edge from the vision-language domain. However, they inherently depend on visual

correspondence or rigid tag supervision. Consequently, they are limited in their capac-

ity to represent pure acoustic events detached from visual contexts or to capture the

nuances of fine-grained free-form natural language.

2.3.2 The CLAP Framework

In contrast to visually-guided methods, Contrastive Language-Audio Pretraining

(CLAP) aims for direct alignment between audio signals and natural language captions.

Representative implementations, such as Microsoft’s CLAP [1] and LAION’s CLAP [2],

adopt a dual-encoder (two-tower) architecture trained on large-scale audio-text pairs.

This framework is characterized by two primary design components: representation

design and objective design.

Representation Design

Formally, let an audio input be represented as a continuous, variable-length se-

quence X(A) = (x
(A)
1 , . . . ,x

(A)
LA

), and a text input as a discrete token sequence X(T) =

(x
(T)
1 , . . . ,x

(T)
LT

). These sequences are processed by modality-specific encoders to pro-
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duce embedding sequences:

Z(A) = (z
(A)
1 , . . . , z

(A)
LA

) = AudioEncoder(X(A)), (2.1)

Z(T) = (z
(T)
1 , . . . , z

(T)
LT

) = TextEncoder(X(T)). (2.2)

For the architecture selection, AudioEncoder is typically a CNN-based model such as

PANNs [49] or a Transformer-based architecture such as AST [50] and HTS-AT [51],

while TextEncoder employs models like BERT [29] or RoBERTa [52].

To enable contrastive learning, these variable-length embedding sequences must be

mapped to a fixed-size common space. This is achieved through sequence-level aggre-

gation, typically via mean pooling, attention pooling, or a designated [CLS] token,

resulting in single global vectors z̄(A) and z̄(T). While computationally efficient, this

aggregation sacrifices the fine-grained alignment between individual audio frames and

text tokens.

Objective Design

The model is optimized to maximize the similarity of corresponding pairs while

minimizing that of non-corresponding pairs. A widely used objective for this purpose

is the symmetric InfoNCE loss [27]. Given a batch of N pairs, the loss is defined for

both audio-to-text (A→T) and text-to-audio (T→A) directions as:

LA→T
InfoNCE = − 1

N

N∑
i=1

log
exp(sim(z̄

(A)
i , z̄

(T)
i )/τ)∑N

j=1 exp(sim(z̄
(A)
i , z̄

(T)
j )/τ)

, (2.3)

LT→A
InfoNCE = − 1

N

N∑
i=1

log
exp(sim(z̄

(T)
i , z̄

(A)
i )/τ)∑N

j=1 exp(sim(z̄
(T)
i , z̄

(A)
j )/τ)

, (2.4)

and the total loss is LInfoNCE = 1
2
(LA→T

InfoNCE + LT→A
InfoNCE). Here, sim(·, ·) denotes cosine

similarity, and τ is a learnable temperature parameter that controls the sharpness of

the similarity distribution.
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Impact and Applications. With this formulation, CLAP has achieved zero-shot

classification performance comparable to supervised learning in tasks such as ESC-

50 [10] and UrbanSound8K [53]. Furthermore, it has established itself as a standard

foundation model in the audio-text domain, serving as a conditioning representation for

text-to-audio retrieval [2], audio captioning, and generative models like AudioLDM [8].

Theoretical Limitations of CLAP. While sequence-level aggregation facilitates

efficient cross-modal comparison, it implicitly assumes that the semantic content is

uniform across the sequence. It does not explicitly preserve alignment between tempo-

ral positions in audio and corresponding semantic content in text. Consequently, this

design reduces the alignment granularity and leads to the loss of fine-grained frame-

token alignment [34], a representational limitation we address in Chapter 3.

Regarding the objective, minimizing the InfoNCE loss implies that the gradient de-

pends solely on cross-modal similarity scores (i.e., sim(z(A), z(T))). As discussed in Sec-

tion 1.3.2, this formulation encourages alignment between modalities but does not ex-

plicitly constrain the relationships within each modality (e.g., audio-audio and text-text

similarity). From an information-theoretic perspective, minimizing this loss maximizes

the lower bound of mutual information between audio and text representations [32].

While this effectively captures shared semantics, it treats modality-specific structures,

such as the fine-grained acoustic relationships between different sound events, as ir-

relevant noise to be discarded. This deficiency in the standard objective serves as

the theoretical basis for the Unstructured Intra-Modal Relations problem, which we

address through the difference modeling framework in Chapter 4.
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2.4 Datasets and Scalability in Audio-Text Learn-

ing

The performance and generalization capability of audio-text models depend heavily

on the scale and quality of available paired datasets. However, in contrast to the image-

text domain where Web-scale data is readily available, the audio domain suffers from

a fundamental problem in data availability.

2.4.1 The Data Gap: Image vs. Audio

In computer vision, the success of foundation models is underpinned by massive

datasets collected via Web crawling, such as CLIP’s 400M pairs [13] and LAION-

5B’s [22] 5.85 billion pairs. Conversely, in the audio domain, high-quality human-

captioned datasets remain scarce. Standard benchmarks like AudioCaps [54] and

Clotho [5] contain only thousands to tens of thousands of clips. Even AudioSet [9], the

largest general acoustic dataset, provides only tag information (e.g., “Dog”, “Car”) for

approximately 2 million clips, lacking the rich natural language descriptions required

to learn complex semantic relationships.

2.4.2 Synthetic Expansion and Its Limits

To bridge this gap, recent approaches have turned to data engineering and syn-

thetic caption generation. Keyword-to-Caption (K2C) [2] generates pseudo-captions

by feeding tag sequences into Large Language Models (LLMs), contributing to the con-

struction of LAION-Audio-630K. WavCaps [23] compiled a weakly supervised dataset

of approximately 400k clips by filtering and normalizing raw text descriptions from
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the Web (e.g., filenames, metadata) using LLMs. Furthermore, projects like Auto-

ACD [55] and AudioSetCaps [56] have attempted to construct caption datasets on the

scale of millions by leveraging visual information from videos to infer audio contents.

Despite these efforts, the effective data scale remains 2 to 3 orders of magnitude

smaller than that of the image domain. Moreover, the heavy reliance on synthetic

captions introduces a dual constraint. First, synthetic data inevitably contains noise,

hallucinations, and irrelevant tags associated with automated generation. Second, and

more critically, there exists an intrinsic information asymmetry: textual descriptions

generated from tags or vision often fail to capture non-linguistic acoustic properties,

such as timbre, texture, and spatial characteristics. Consequently, current audio-text

contrastive learning is forced to operate under conditions of both “limited scale” and

“supervision with limited descriptive fidelity.”

2.5 Limitations and Open Challenges

CLAP has enabled large-scale contrastive learning in the audio-text domain, suc-

cessfully acquiring semantic representations for the audio modality [1], [2]. However,

the framework typically relies on aggregating each modality into a single global vector.

This architectural choice leaves three representational challenges unresolved, stemming

from the unique temporal properties of audio and the current constraints of the data

environment.

2.5.1 Lack of Fine-Grained Temporal Alignment

Most contrastive models, including CLAP, aggregate audio and text sequences into

single global embedding vectors to optimize their similarity, i.e., global alignment. In
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this process, high-temporal-granularity information, such as the temporal structure of

acoustic events or the distinction between concurrent sounds, is inevitably averaged

out.

Recent studies have attempted to improve fine-grained alignment. In the audio do-

main, T-CLAP [57] improves temporal alignment through data augmentation and loss

calculation emphasizing temporal order, while MGA-CLAP [58] recovers local word-

frame alignment during pooling. Parallel advancements in the video domain offer

relevant insights; VideoCLIP [16] learns soft temporal alignment via loosely overlap-

ping pairs, and TempCLR [17] achieves explicit sequence alignment via Dynamic Time

Warping (DTW). More recently, CoLLAP [25] extended contrastive pretraining to

long-form audio by augmenting musical temporal structures.

Despite these developments, most approaches remain task-specific modifications or

incur high computational costs. A general framework that integrates “global seman-

tics” and “local temporal structure” within a scalable representation learning pipeline

has not yet been established. This gap motivates our work on Aligned Contrastive

Learning in Chapter 3.

2.5.2 Absence of Intra-Modal Relations

While CLAP’s contrastive loss effectively aligns audio with text at the global level, it

does not establish alignment between audio components themselves, failing to preserve

intra-modal relations. As discussed in Section 1.3.2, intra-modal relations encompass

not just judging whether two sounds are similar or different, but articulating what

specifically differs between them. Since the InfoNCE loss only discriminates between

positive and negative pairs, the model cannot identify which components differ between

two compositional scenes; it can only judge overall similarity.
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In contrast, self-supervised learning (SSL) has excelled at modeling this intrinsic

acoustic structure without textual supervision. Prominent models such as wav2vec

2.0 [59] and HuBERT [60] have demonstrated that predicting latent representations

from masked inputs captures rich acoustic dependencies and clustering structures.

Similarly, generative approaches like Audio-MAE [61] force the model to encode fine-

grained spectro-temporal details to reconstruct masked spectrogram patches. However,

a critical limitation of these SSL frameworks is that they operate purely within the

audio domain; they inherently lack the mechanism to map these rich structures to

semantic concepts defined in natural language. Although hybrid approaches like CAV-

MAE [61] attempt to combine contrastive and masked autoencoding objectives, a fun-

damental trade-off persists: current models tend to be either “semantically aligned but

structurally coarse” (CLAP) or “structurally rich but semantically unaligned” (SSL).

Developing a method that integrates the benefits of both, semantic alignment and

coherent intra-modal relations, is the focus of Chapter 4.

2.5.3 Data Dependency and Scalability

As discussed in Section 2.4, audio-text learning suffers from severe data scarcity

compared to the image domain. Although datasets like WavCaps provide synthetic

expansions, they rely on noisy, LLM-generated captions that cannot fully capture non-

linguistic acoustic nuances. Given that contrastive learning fundamentally depends on

data quantity and diversity [62], strategies relying solely on inflating paired data face

diminishing returns.

Conversely, unlabeled raw audio exists in virtually inexhaustible quantities on the

Web. As demonstrated by the audio-only SSL research mentioned above [59], [60], these

unlabeled corpora contain rich acoustic information. Therefore, a critical challenge for
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next-generation models is to break away from the reliance on expensive paired data. We

need a new paradigm that effectively integrates the rich information held by unlabeled

audio corpora directly into the cross-modal learning framework. This challenge is

addressed by our semi-supervised framework in Chapter 5.

2.6 Summary

In this chapter, we reviewed the evolution of cross-modal learning and identified the

representational limitations of current audio-text models. Specifically, we highlighted

three critical gaps: (1) the loss of temporal granularity resulting from sequence-level

aggregation, (2) the absence of coherent intra-modal relations due to the purely cross-

modal contrastive objective, and (3) the fundamental performance bottleneck caused

by data scarcity.

These unresolved challenges serve as the direct motivation for the research presented

in the remainder of this thesis. Chapter 3 addresses the first challenge by proposing a

fine-grained alignment mechanism that transcends global pooling. Chapter 4 tackles

the second challenge by introducing a difference-based learning framework to explicitly

capture intra-modal relations. Finally, Chapter 5 confronts the data scarcity problem

by proposing a semi-supervised framework that directly leverages unlabeled audio to

refine the backbone representation.





Chapter 3

Fine-Grained Temporal Alignment

for Audio-Text Retrieval

3.1 Introduction

As discussed in the previous chapters, audio-text representation learning has made

significant strides, particularly with the advent of contrastive learning frameworks such

as CLAP [1], [2]. These models typically project audio and text into a shared la-

tent space to capture global semantic correspondences. However, as analyzed in Sec-

tion 1.3.1, a fundamental limitation remains in the current modeling paradigm: the

loss of granularity caused by sequence-level aggregation.

Conventional approaches compress variable-length audio sequences and text descrip-

tions into single global vectors (e.g., via global average pooling or [CLS] token pooling)

to compute similarity. While effective for capturing high-level concepts, this coarse-

grained modeling inevitably discards the rich temporal dynamics and local substruc-

tures essential for detailed understanding. In particular, sequence-level aggregation

entangles multiple sounds into a single “bag-of-events” representation, collapsing con-

tributions from different time segments into one abstract embedding. For instance,
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complex acoustic scenes often involve sequential events (e.g., “a violin melody followed

by applause”) or distinct foreground-background relationships. When such temporal

details are aggregated into a single point in the embedding space, the mapping from

frame-level patterns to the global representation becomes underdetermined. As a re-

sult, the model loses the ability to distinguish temporally distinct contents, limiting its

precision in retrieval tasks that require fine-grained semantic understanding.

To address this limitation, this chapter introduces a framework termed Aligned Con-

trastive Learning. Moving beyond the global alignment paradigm discussed in Chap-

ter 2, we propose a fine-grained modeling approach that explicitly achieves alignment

between frame-level audio representations and token-level text embeddings. Instead

of collapsing the time dimension into a single global vector, our method computes

similarity matrices between local features of both modalities, allowing the model to

identify which specific audio frames correspond to which textual words. By preserving

local granularity during the training process, the model acquires a more expressive

and precise representation that better respects the intrinsic temporal nature of audio

signals.

The contribution of this chapter is to formulate this fine-grained alignment mecha-

nism and demonstrate its superiority over standard global pooling approaches. In the

following sections, we first formalize the limitations of conventional contrastive objec-

tives in the context of temporal aggregation. We then detail the proposed Aligned

Contrastive Learning framework, focusing on its specialized similarity measure that

integrates frame-token interactions. Finally, we present experimental evaluations. To

empirically validate this approach, we conduct experiments on a retrieval benchmark

featuring an audio dataset with highly dynamic temporal structures. By targeting

signals whose acoustic characteristics evolve significantly over time, we demonstrate
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that preserving fine-grained details leads to substantial improvements in retrieval per-

formance.

3.2 Related Work

3.2.1 Audio-Text Retrieval

Language-based audio retrieval has evolved from early linear ranking models [63] to

modern contrastive joint embedding frameworks [64]. PAMIR [65] is widely regarded as

a seminal work in this area: it formulated general audio retrieval from free-text queries

as a learning-to-rank problem, learning a compatibility function between Bag-of-Words

text representations and audio features, rather than relying on fixed tag vocabularies or

purely metadata-based search. In parallel, semantic audio retrieval approaches such as

Turnbull et al. [66] explored large-scale automatic tagging of music and sound effects,

using supervised models to predict semantic tags and then retrieving items based on

their predicted tag distributions. While these methods significantly advanced content-

based audio retrieval, they still depended on a predefined tag vocabulary and could

not fully support open-vocabulary natural language queries.

A key turning point came with the introduction of semantic embeddings and deep

joint embedding architectures. Xie and Virtanen [7] leveraged distributed word repre-

sentations to align audio features with a semantic embedding space, enabling zero-shot

audio classification and retrieval for labels unseen during training. Elizalde et al. [67]

further established a Siamese audio-text joint embedding architecture, in which audio

and text are mapped into a shared latent space and ranked by cross-modal similarity,

which is an architectural precursor to CLAP-style models. Subsequently, captioned

datasets such as AudioCaps [54] and Clotho [5], provided standardized testbeds for



34 Chapter 3 Fine-Grained Temporal Alignment for Audio-Text Retrieval

language-based audio retrieval. Building on these resources, CLAP models [1], [2]

apply contrastive training to large collections of audio-text pairs, and have become

practical foundation models for text-to-audio and audio-to-text retrieval. In this chap-

ter, we take such CLAP-style contrastive retrieval as our starting point and focus on

improving the granularity of alignment by moving from global embeddings to explicit

frame-token interactions.

3.2.2 Fine-Grained Alignment in Vision-Language

The limitation of global pooling, often referred to as the “modality gap” or a gran-

ularity mismatch, has been extensively studied in vision-language research. Standard

approaches like CLIP [13] rely on global alignment, which compresses spatial details

into a single vector. To overcome this, fine-grained alignment methods leverage token-

level interactions. FILIP [34] pioneered a “late interaction” mechanism that computes

token-wise maximum similarity between image patches and text tokens, demonstrat-

ing that fine-grained correspondences can significantly improve zero-shot classification

without additional object detectors. SCAV [26] operates on non-aggregated represen-

tation spaces, preserving full sequence information at the cost of increased memory.

Similarly, ColBERT [68] in information retrieval demonstrated the efficacy of retaining

token-level embeddings for precise matching. Recent work such as DenseAV [69] and

CAV-MAE [70] extended this concept to audio-visual learning through self-supervised

objectives, achieving fine-grained grounding of sound sources. Our work draws inspi-

ration from these interaction-based mechanisms but adapts them to the audio-text

domain, addressing the specific challenge of aligning variable-length audio frames with

discrete textual tokens.
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3.2.3 Token-Level Audio-Text Alignment

In the audio domain, shifting from global to local alignment is an emerging line of

research [58], [71], [72]. Early attempts often relied on temporal pooling or attention

mechanisms that still resulted in bottlenecked representations. More recent models

have begun to explore explicit fine-grained objectives. GPA [72] introduces prototype

alignment, which clusters audio frames into semantic prototypes before matching them

with text. While effective, this approach introduces additional complexity through

learnable prototypes, clustering, and prototype matching operations. MGA-CLAP [58]

proposes a multi-granularity framework that simultaneously optimizes global, local,

and instance-level objectives. However, balancing these multiple loss terms can be

non-trivial. In contrast to these approaches, our Aligned Contrastive Learning frame-

work focuses on a direct interaction mechanism. We employ a max-mean aggregation

strategy that directly computes similarity between audio frames and text tokens. This

design eliminates the need for auxiliary prototypes or complex multi-branch architec-

tures, allowing the model to achieve fine-grained temporal alignment through direct

interaction between feature sequences. Crucially, our approach introduces no addi-

tional learnable parameters and incurs no extra computational cost at inference time,

as the aligned similarity is employed only during training.

3.3 Audio-Text Contrastive Learning Framework

We first formalize the standard audio-text contrastive learning framework. As illus-

trated in Figure 3.1, the baseline model consists of two separate encoders that map

audio and text inputs into a shared latent space, optimized via the InfoNCE loss [27].
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Figure 3.1: General framework of conventional audio-text contrastive learning with the

InfoNCE loss.

3.3.1 Audio and Text Encoders

Let us denote an audio sequence by X(A) ∈ RLA×DA , where LA represents the number

of temporal frames and DA the audio feature dimension. Similarly, a text sequence

is written as X(T) ∈ RLT×DT , with LT being the sequence length and DT the text

embedding dimension. The sequences are then passed through their modality-specific

encoders to produce latent embedding sequences Z(A) and Z(T) as

Z(A) = AudioEncoder(X(A)), (3.1)

Z(T) = TextEncoder(X(T)). (3.2)

Regarding the encoder architecture, Transformer-based models have become the stan-

dard choice in recent audio-text representation learning, with audio encoders built on

convolutional or Transformer backbones and text encoders initialized from pretrained

language models such as BERT [1], [2], [29].
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3.3.2 Contrastive Learning Objective

The model parameters are optimized using a cross-modal variant of the InfoNCE loss.

We employ a similarity function sim(·, ·) (typically cosine similarity) to compare global

audio and text embeddings. Global embeddings are obtained by aggregating latent

sequences into single vectors z̄(A) and z̄(T) (e.g., via a [CLS]token or mean pooling).

For the audio-to-text direction, the loss is defined as

LA→T
InfoNCE = − log

exp
(
sim(z̄(A), z̄(T))/τ

)∑
j exp

(
sim(z̄(A), z̄

(T)
j )/τ

) , (3.3)

where τ > 0 denotes the temperature parameter and j indexes other texts in the

minibatch.

Similarly, the text-to-audio contrastive loss is

LT→A
InfoNCE = − log

exp
(
sim(z̄(T), z̄(A))/τ

)∑
j exp

(
sim(z̄(T), z̄

(A)
j )/τ

) . (3.4)

The total InfoNCE loss is the sum of both retrieval directions:

LInfoNCE = LA→T
InfoNCE + LT→A

InfoNCE. (3.5)

Standard audio-text models compute sim between global embeddings derived from

[CLS]tokens or pooled representations of audio and text Transformers [1], [2]. While

effective for clip-level retrieval, this aggregation compresses the rich temporal and se-

mantic structure of the sequences into single vectors and entangles multiple sound

events and textual components into a single “bag-of-events” representation, as dis-

cussed in Section 1.3.1. As a result, frame-level and token-level alignments are not

explicitly modeled. Our proposed method alleviates this limitation by explicitly mod-

eling alignments at both temporal (audio) and token (text) resolutions.
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Figure 3.2: Proposed Aligned Contrastive Learning. For the similarity calculation

between audio and text sequences, the proposed method first identifies, for each audio

frame, the maximum cosine similarity over all text tokens, and then averages these

maximum values over all audio frames.

3.4 Aligned Contrastive Learning

We propose a novel approach for audio-text representation learning, termed Aligned

Contrastive Learning (Figure 3.2). This method introduces a fine-grained similarity

measure designed to preserve the temporal granularity of audio and the semantic struc-

ture of text, addressing the limitations of sequence-level aggregation discussed in the

previous sections.

3.4.1 Aligned Similarity Measure

The core of our approach is an aligned similarity score simAlign that aggregates frame-

token interactions instead of globally pooled embeddings. Rather than collapsing each

modality into a single vector, we explicitly operate on the sequence of audio frame

embeddings and the sequence of text token embeddings.
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Recall that the audio and text encoders produce embedding sequences Z(A) = (zA1 , . . . , z
A
LA

)

and Z(T) = (zT1 , . . . , z
T
LT

). We first form a frame-token similarity matrix using a base

similarity function sim(·, ·) (typically cosine similarity),

stℓ = sim
(
zAt , z

T
ℓ

)
, 1 ≤ t ≤ LA, 1 ≤ ℓ ≤ LT.

The aligned similarity from audio to text is then defined as

simAlign(Z
(A),Z(T)) =

1

LA

LA∑
t=1

max
1≤ℓ≤LT

stℓ. (3.6)

Interpretation. This formulation follows a “max-mean” scheme. For each temporal

frame t in the audio sequence, the inner max operation selects the text token ℓ that

yields the highest similarity stℓ. This realizes a latent alignment, assigning each audio

frame to its most semantically relevant word (for example, aligning a frame contain-

ing a barking sound to the token “dog”). The outer average then aggregates these

per-frame maxima over all audio frames. In this way, every temporal segment con-

tributes to the final score through its best textual match, preserving the density of

temporal information and reducing the entanglement of multiple events into a single

global vector.

The aligned similarity simAlign is inherently audio-conditioned: it asks, for each audio

frame, which word in the caption it is best aligned with. Intuitively, frames containing

a dog bark will obtain high similarity to content words such as “dog” or “barking”,

whereas silent or purely background frames will not have a strong match to any token,

contributing little to the average. Thus the definition “looks from frames to tokens”

and naturally reflects how well the caption covers different parts of the audio over

time. One could, in principle, define a text-conditioned variant that, for each token,

selects the most similar frame; however, such a formulation tends to pick only a single

representative frame for content words, discarding information about the duration and
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frequency of events, and it also forces function words (e.g., “a”, “in”, “the”) to be

matched to some frame, introducing unnecessary noise. For these reasons, we adopt

only the audio-conditioned similarity and use it directly as the scalar similarity for

each audio-text pair within the InfoNCE loss, in place of the conventional global cosine

similarity.

3.4.2 Optimization Objective

To incorporate fine-grained information into the learning process, we formulate an

aligned contrastive loss, denoted as LAlign. This loss is obtained by substituting the

standard global cosine similarity in the InfoNCE objective (Eq. (3.5)) with our proposed

aligned similarity measure, simAlign (Eq. (3.6)). Minimizing LAlign explicitly encourages

the encoders to maximize the alignment between local audio frames and their most

relevant text tokens.

For the final training objective, we adopt a hybrid strategy that combines the con-

ventional global loss Lglobal (based on [CLS] tokens or pooled representations) with the

aligned loss LAlign. The total loss Ltotal is computed as the sum of these two objectives:

Ltotal = Lglobal + LAlign. (3.7)

This dual-objective framework allows the model to retain global semantic coherence

via the traditional contrastive loss, while simultaneously refining local feature repre-

sentations through fine-grained frame-token alignment.

3.4.3 Inference Efficiency

A key advantage of our framework is its efficiency during the inference phase. Cal-

culating the fine-grained similarity simAlign requires computing a frame-by-token inter-
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action matrix, which is computationally expensive for large-scale retrieval. Therefore,

we utilize the aligned similarity only during training. For retrieval inference, we rely

solely on the cosine similarity between the global [CLS]embeddings of the audio and

text, identical to the baseline CLAP-style model.

Crucially, although the inference mechanism remains unchanged, the global repre-

sentations are enriched by the aligned training objective. The auxiliary alignment loss

acts as a regularizer, encouraging the encoders to aggregate salient local features into

the global [CLS]token more effectively to satisfy the fine-grained objective. Conse-

quently, our method achieves the precision benefits of fine-grained modeling without

incurring the computational overhead of late interaction during inference.

3.5 Experimental Settings

3.5.1 Evaluation Task: Text-to-Music Retrieval

Although the proposed Aligned Contrastive Learning framework is conceptually

domain-agnostic and can be applied to various types of audio, in this chapter we focus

on text-to-music retrieval as the primary evaluation task. Music signals exhibit highly

complex temporal dynamics and compositional semantic attributes (e.g., genre, mood,

instrumentation) that evolve over tens of seconds. Compared to short, event-based au-

dio clips, music tracks feature intricate structural transitions and layered information,

making them a particularly demanding testbed for evaluating fine-grained cross-modal

alignment. We therefore regard text-to-music retrieval as a stress test of the proposed

alignment mechanism, while leaving a systematic evaluation on other audio domains

(e.g., environmental sounds) for future work.

Historically, cross-modal music retrieval has evolved from tag-based approaches [73],
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[74] to caption-based methods [75], [76], [77]. Early deep learning work on music

auto-tagging [78] established CNN-based architectures for predicting semantic tags

from audio, and subsequent studies comparing metric learning and classification [79]

highlighted the advantages of embedding-based representations for retrieval. Multi-

modal approaches that combine lyrics and audio features [80], [81] further demon-

strated the value of aligning heterogeneous descriptors for music exploration. Building

on these foundations, recent contrastive models such as MuLan [82] achieve strong

performance by training on large-scale music-text pairs, and CLaMP [83] pioneers con-

trastive language-music pretraining using symbolic (MIDI/ABC) data. However, these

state-of-the-art methods predominantly rely on global embeddings (e.g., average pool-

ing or [CLS] tokens). Their reliance on sequence-level aggregation limits their ability to

capture the temporal evolution characteristic of musical content, making them suitable

baselines to demonstrate the benefit of our fine-grained alignment.

3.5.2 Dataset and Evaluation Metrics

We evaluate our model on the text-to-music retrieval task using the ECALS dataset [77].

ECALS is derived from the Million Song Dataset (MSD) [84], augmented with 500

Last.fm tags [74] and 1,402 AllMusic tag annotations [85]. The dataset consists of

approximately 520,000 audio clips, each 30 seconds in duration. These clips are paired

with textual descriptions, totaling approximately 140,000 unique captions generated

from a vocabulary of 1,054 distinct tags.

We adopt two distinct evaluation protocols: tag-level and sentence-level retrieval.

• Tag-level retrieval: We measure performance using the macro-average of ROC-

AUC and PR-AUC.
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• Sentence-level retrieval: We assess performance using Recall at rank K (R@1,

R@5, R@10), mean Average Precision at 10 (mAP@10), and median rank (MedR),

following standard methodologies [77], [86].

These metrics quantify the model’s ability to rank the ground-truth audio clip highly

within the candidate pool given a text query.

3.5.3 Implementation Details

Audio encoder. The audio encoder processes 9.91-second audio clips sampled at 16

kHz, which are converted into 128-bin mel spectrograms. We utilize the Music Tagging

Transformer [87] as the backbone. It first extracts local features via four convolutional

layers, followed by four Transformer layers. The output sequence, including the [CLS]

token, is finally projected into a 128-dimensional embedding space.

Text encoder. For the text encoder, we employ the pretrained bert-base-uncased

model [29]. The token representations produced by the 12-layer Transformer are lin-

early projected into the same 128-dimensional space to align with the audio embed-

dings.

Training setup. All models are trained using the Adam optimizer with a learning

rate of 5.0 × 10−5 and a batch size of 64. The temperature parameter τ is set to 0.2,

and we train for 50 epochs. For comparison, we evaluate our method against baselines

including Triplet-loss models [73] and standard InfoNCE models [77]. Unless otherwise

noted, the “Baseline (Contrastive learning)” in our results refers to a conventional

InfoNCE model trained from scratch under an identical experimental setup, ensuring

a fair comparison.
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Table 3.1: Comparison of tag-level and sentence-level retrieval results across various

models. Our proposed Aligned Contrastive model demonstrates superior performance

in most sentence-level retrieval metrics.

Tag-level retrieval Sentence-level retrieval

Model type Used in
50 tags 1054 tags 1000 captions

ROC/PR ROC/PR R@1 R@5 R@10 mAP@10 MedR↓

Reported in prior works

Triplet with GloVe [73], [74] 89.2 / 36.0 82.6 / 6.1 2.8 11.2 18.6 6.6 51.5

Triplet with BERT [88] 87.7 / 35.0 78.8 / 5.4 6.7 23.6 36.6 14.1 16

InfoNCE [76], [77], [82] 87.0 / 32.5 77.6 / 5.1 6.8 25.4 38.4 15.3 17

+ Stochastic sampling [77] 89.8 / 38.0 84.8 / 7.7 10.2 29.8 42.8 18.7 13

In our environment

Baseline (Contrastive learning) [77] 89.7 / 38.4 84.2 / 7.6 9.5 28.7 42.9 18.0 12

Proposed (Aligned Contrastive) Ours 90.3 / 39.3 84.9 / 8.1 9.6 33.8 47.8 19.6 11

3.5.4 Quantitative Results

Table 3.1 presents the performance comparison for text-to-music retrieval. Our pro-

posed Aligned Contrastive model outperforms the baseline across most sentence-level

retrieval metrics. In particular, we observe substantial gains in ranking accuracy, with

R@5 improving from 28.7 to 33.8, R@10 from 42.9 to 47.8, and mAP@10 from 18.0 to

19.6.

These improvements indicate that explicitly learning frame-token alignment enables

the model to better distinguish between semantically similar but distinct audio clips,

thereby placing the ground-truth target closer to the top ranks. The tag-level metrics

(ROC-AUC and PR-AUC) also show consistent improvements. Taken together, these

results support our hypothesis that fine-grained modeling enriches the global embed-

ding with detailed temporal information, which is essential for high-precision retrieval.
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3.5.5 Qualitative Analysis: Visualization of Alignment

To qualitatively validate that the model acquires meaningful local correspondences,

we visualize the frame-token alignment map in Figure 3.3. The heatmap displays the

pairwise cosine similarity scores between the embeddings of specific text tokens (e.g.,

music tags) from the text encoder and the sequence of audio frames.

We observe distinct temporal activation patterns within the mixed-genre track.

Specifically, the token “metal” exhibits high similarity with frames corresponding to

heavy guitar riffs, whereas “electronic” localizes to segments featuring synthesized

beats. This visualization demonstrates that our Aligned Contrastive Learning success-

fully decomposes global semantic concepts into their corresponding temporal segments.

Crucially, it offers a level of interpretability regarding “which sound triggered which

word”, a fine-grained alignment capability that global-pooling models inherently lack.

3.6 Summary

This chapter addressed the critical limitation of temporal information loss in con-

ventional audio-text modeling by introducing Aligned Contrastive Learning. Unlike

traditional approaches that aggregate sequences into single global vectors, the pro-

posed framework explicitly optimizes the alignment between audio frames and text

tokens. Through experiments on the ECALS music dataset, we demonstrated that

our method consistently outperforms global-only baselines in text-to-music retrieval.

We chose music as the evaluation domain because its complex temporal dynamics

and compositional structure provide a demanding testbed for fine-grained alignment.

Qualitative visualizations further confirmed that the model acquires interpretable, fine-

grained correspondences between sound events and textual descriptions. These findings
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support our hypothesis that preserving local granularity and reducing the entanglement

of multiple events into a single global embedding are decisive factors for improving the

precision of cross-modal audio-text representations. Although the proposed framework

is domain-agnostic, extending the evaluation to other audio domains such as environ-

mental sounds remains future work.

While this chapter successfully enhanced the granularity of cross-modal alignment, a

fundamental challenge remains regarding intra-modal relations. Even with fine-grained

audio-text alignment, the standard contrastive objective does not explicitly enforce how

acoustic relationships (e.g., differences between mixed sounds) are organized within the

audio embedding space. The model may align audio to text, but it does not necessarily

acquire a compositional understanding of the audio signal itself. Addressing this lack

of explicit intra-modal relational modeling is the focus of the next chapter, where we

introduce a method that targets relations between audio clips through descriptions of

their differences.
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Figure 3.3: An example of the aligned similarity from our proposed method. The top

figure displays the mel spectrogram of the input audio, while the bottom figure shows

the similarity between the embeddings of music tags obtained from the text encoder

and each audio frame. Brighter areas indicate higher similarity. The input audio is a

mixture of metal and electronic music, and the visualization illustrates which parts of

the music correspond to each tag (query).





Chapter 4

Semantic Alignment for

Intra-Modal Relations via Audio

Difference Modeling

4.1 Introduction

As discussed in the previous chapters, a fundamental limitation in current audio-

text modeling lies in the lack of explicit intra-modal relations. Conventional encoders

typically map an audio clip into a single global embedding, achieving audio-to-text

alignment but failing to establish alignment between audio components themselves.

While this strategy captures global semantics, it often fails to preserve the composi-

tional nature of audio scenes within the latent space. For instance, a standard model

may map “a dog barking” and “street noise” to distinct points, but it lacks a structural

mechanism to represent their mixture (“a dog barking with street noise”) as a compo-

sitional function of its parts. Overcoming this limitation requires training the model to

perform semantic arithmetic within the audio modality itself, i.e., to understand how

the addition or subtraction of acoustic events alters semantic meaning.
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The contrastive objective employed in Chapter 3 improves cross-modal alignment

but still does not explicitly model intra-modal relations. Because InfoNCE optimizes

only a scalar similarity score between audio and text, it cannot capture how one sound

differs from another in compositional terms. Moreover, semantic composition is often

non-linear; the difference between “a mixed sound” and “background noise” cannot

be represented by simple vector subtraction. To address this, we adopt a generative

formulation: by training a model to describe the difference between two audio clips in

natural language, we force the encoder to disentangle mixed acoustic events.

Motivated by this perspective, this chapter tackles intra-modal learning through

the task of audio captioning. Audio captioning is the task of generating natural lan-

guage descriptions for audio content [89], [90], [91]. While traditionally viewed as a

standalone application for accessibility or retrieval, we reinterpret captioning here as

a powerful probing mechanism for representation learning [41], [42]. If a model can

accurately describe the difference between two sounds, this indicates that it has suc-

cessfully disentangled the underlying acoustic events in its latent space. However, stan-

dard captioning datasets are relatively small and lack explicit instruction on acoustic

relationships, making it difficult to learn such structure from existing data alone.

To address both the lack of intra-modal relations and the scarcity of captioning data,

we propose a novel framework termed Audio Difference Learning. Unlike standard

captioning, which maps a single input to text (Audio → Text), our approach introduces

a reference audio and trains the model to describe the semantic difference between an

input and a reference (Audioin−Audioref → Text). This formulation explicitly imposes

a compositional constraint on the representation space.

To realize this framework, we introduce two key technical contributions. First, we de-

sign a specialized Diff Block module that effectively captures the semantic discrepancy
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between input and reference audio. We investigate architectures ranging from sim-

ple subtraction to attention-based masking mechanisms, enabling the model to handle

complex, non-linear acoustic mixtures. Second, to address the lack of explicit difference

annotations, we propose a new training strategy that constructs pseudo difference tar-

gets from existing caption data, effectively turning the problem into a self-supervised

task. Through these mechanisms, we aim to achieve two goals: (1) enhancing intra-

modal understanding by disentangling acoustic events in the feature space, and (2)

providing a robust data augmentation method that improves captioning performance

without additional human annotation cost.

4.2 Related Work

In this section, we review methodologies relevant to difference modeling. We first

discuss how difference and change have been modeled in computer vision, which serves

as a conceptual basis for our approach. We then examine recent attempts in the audio

domain, specifically focusing on data augmentation and change captioning, to clarify

the position of our proposed framework.

4.2.1 Difference Modeling in Computer Vision

The concept of describing differences or changes between inputs has been extensively

explored in computer vision. Early work formulated change captioning, which aims to

describe alterations between image pairs [92], [93], and demonstrated that attention

mechanisms can effectively isolate changing regions. Subsequent studies advanced this

line of research with more robust architectures and training strategies for viewpoint-

agnostic change detection and captioning [94], [95], [96], [97].
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Recent advancements have also leveraged pretrained cross-modal models. CLIP4IDC [98]

adapts CLIP for image difference captioning, utilizing the robust embedding space of

vision-language foundation models to describe changes. VisDiff [99] further gener-

alizes this idea to describing differences between sets of images, capturing distribu-

tional rather than instance-level changes. These studies confirm that modeling “what

changed” provides a powerful inductive bias for disentangling semantic concepts. Our

work transfers this insight to the audio domain, aiming to acquire compositional rep-

resentations by modeling acoustic differences rather than only absolute content.

4.2.2 Compositional and Difference Learning in Audio

Data augmentation via mixing. Attempts to model compositional semantics in

audio often appear in the context of data augmentation. Inspired by MixGen in vi-

sion [100], recent audio captioning studies [101], [102], [103] synthesize training samples

by mixing two audio clips and concatenating their captions. However, these methods

typically rely on simple concatenation rules (e.g., joining captions with “and”), treat-

ing mixtures as a “bag of labels.” This approach fails to establish alignment between

individual mixed components and their corresponding captions, preventing explicit

modeling of how one sound interacts with or differs from another.

Audio difference and commonality modeling. Directly addressing the relation-

ships between audio clips is an emerging research direction beyond simple augmenta-

tion. Recent works [104], [105] have attempted to generate captions describing changes

or differences between audio pairs. However, these approaches often rely on specialized

datasets or focus solely on the change-captioning task itself, limiting their applicability

as a general representation learning framework.
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In contrast, our proposed Audio Difference Learning uses difference modeling not

only as a downstream task, but as a pretext objective (or probe) to improve standard

captioning performance and to acquire robust feature representations without requiring

manual difference annotations. Another complementary perspective is offered by Audio

Commonality Captioning [106], which trains models to describe shared semantics across

clips. The duality between our difference modeling and such commonality modeling

suggests that a complete model of audio composition should encompass both operations

to fully disentangle the latent acoustic structure. Moreover, unlike image-based change

captioning where spatial alignment is relatively stable, audio requires robustness to

temporal continuity and misalignment; this motivates the masking-based difference

mechanisms introduced in our framework.

4.3 Audio Captioning Framework

4.3.1 Task Definition

Automated Audio Captioning (AAC) is formulated as a cross-modal sequence gen-

eration task that maps general audio signals to free-form natural-language descriptions

of acoustic events, scenes, and their temporal relations [89], [107]. Building on the

foundational sequence-to-sequence framework [108], a common modeling paradigm is

an encoder-decoder architecture in which log-mel spectrograms are encoded into a se-

quence of latent representations and decoded autoregressively into word sequences,

often with an attention mechanism that provides soft alignment between time frames

and generated tokens. Convolutional recurrent neural networks (CRNNs) extend this

framework by combining convolutional layers for local time-frequency feature extraction

with recurrent layers for temporal aggregation [91], and adversarial training has been
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Figure 4.1: (a) Conventional audio captioning, which maps a single input to a caption.

(b) The proposed Audio Difference Learning, which generates the difference between

input and reference audio based on the difference of their encoded representations. (c)

When the reference audio is absent (or null), the proposed framework reduces to the

conventional audio captioning system.

explored to promote caption diversity and naturalness [109]. Pretrained audio tagging

and audio-text models such as PANNs [49], AST [50], BEATs [110], HTS-AT [51], and

CLAP [1], [2] are frequently adopted as encoders and fine-tuned for caption generation,

yielding strong performance on benchmark datasets including Clotho and AudioCaps.

4.3.2 Encoder-Decoder Formulation

Audio captioning is typically formulated with an encoder-decoder architecture. Let

the spectral feature of the input audio be denoted as X(A) ∈ RLA×DA , and let the target

text sequence be y ∈ VLT , where V denotes the vocabulary. First, the input audio X(A)

is fed into the audio encoder, which transforms it into a sequence of latent features
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Z(A) ∈ RLA×D, where D is the feature dimension:

Z(A) = AudioEncoder(X(A)). (4.1)

The representation Z(A) is intended to capture the semantic content of X(A). Feeding

Z(A) into the decoder yields an estimate ŷ of the target caption:

ŷ = TextDecoder(Z(A)), (4.2)

where ŷ represents the predicted probability distribution over the vocabulary at each

time step. Cross-entropy between the predicted text sequence ŷ and the target text

sequence y is commonly used as a loss function:

L = CrossEntropy(y, ŷ). (4.3)

4.4 Proposed Method: Audio Difference Learning

4.4.1 Overview

We propose Audio Difference Learning to capture intra-modal relationships between

an input X(A) and a reference X
(A)
Ref . The core idea is to obtain a difference repre-

sentation Z
(A)
Diff in the feature space that corresponds, at a semantic level, to

Semantics(X(A)) − Semantics(X
(A)
Ref).

The overall structure is shown in Figure 4.1(b). We encode both the input X(A) and

the reference X
(A)
Ref to obtain feature representations Z(A) and Z

(A)
Ref , respectively. We

then derive a difference representation Z
(A)
Diff by applying a difference function Diff(·, ·)

to the two feature sequences:

Z
(A)
Diff = Diff(Z(A),Z

(A)
Ref), (4.4)
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where Diff(·, ·) is designed to represent the semantic discrepancy between two encoded

audio representations. The resulting difference representation Z
(A)
Diff is then fed into the

decoder to generate a caption ŷDiff :

ŷDiff = TextDecoder(Z
(A)
Diff). (4.5)

Note that if the reference audio X
(A)
Ref is set to null (e.g., omitted or replaced with a

neutral reference), the system reduces to the conventional audio captioning system in

Figure 4.1(a,c).

4.4.2 Training Strategy: Latent Semantic Subtraction

A major hurdle in difference learning is the lack of datasets with explicit difference

captions. We address this by constructing a synthetic training signal in which the

difference is strictly defined.

Let x(A) and x
(A)
Ref denote waveform-level representations of the input and reference

audio, respectively. We construct a new input x
(A)
+ by superimposing the reference

audio onto the original input in the time domain:

x
(A)
+ = x(A) + x

(A)
Ref . (4.6)

After encoding, we obtain feature sequences Z
(A)
+ = AudioEncoder(X

(A)
+ ) and Z

(A)
Ref =

AudioEncoder(X
(A)
Ref). In the feature space, if the model correctly learns to subtract

the reference information, the difference between the mixed input feature Z
(A)
+ and the

reference feature Z
(A)
Ref should recover the semantics of the original Z(A). We therefore

compute

Z
(A)
Diff = Diff(Z

(A)
+ ,Z

(A)
Ref), (4.7)
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and decode it to obtain

ŷDiff+ = TextDecoder(Z
(A)
Diff). (4.8)

We then optimize the model so that the decoded caption matches the original caption

y of X(A):

LDiff+ = CrossEntropy(y, ŷDiff+). (4.9)

This strategy forces the Diff(·) block and the encoder to learn a representation space

in which acoustic mixing in the time domain corresponds to feature-space operations

that can be approximately inverted (disentangled). In other words, the model is encour-

aged to organize its latent space so that additive mixtures of sounds can be decomposed

into constituent semantic components through learned latent subtraction.

4.4.3 Design of Difference Calculation

Subtraction-based Approach

The simplest form of difference is element-wise subtraction (Figure 4.2):

Z
(A)
Diff = Z(A) − Z

(A)
Ref . (4.10)

This implicitly assumes a linear relationship in the feature space and a one-to-one

correspondence between time frames of the input and reference. While this approach

is parameter-free and computationally cheap, it strictly requires temporal alignment

between the mixed signal and the reference, which is a strong constraint for real-world

intra-modal modeling where events may be shifted, stretched, or partially overlapping.
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Figure 4.2: Diff Block with subtraction-based difference. The input embedding and

reference embedding are subtracted element-wise to produce the difference embedding.

Masking-based Approach via Cross-Attention

To allow for more flexible intra-modal relationships (e.g., when the reference sound

appears at a different time, with different duration, or with slight variation), we propose

a masking-based approach (Figure 4.3). Instead of directly subtracting feature vectors,

we first compute a similarity map between the input and reference using a cross-

attention mechanism. Concretely, we obtain a similarity matrix Zsim as

Zsim = CrossAttention(Z(A),Z
(A)
Ref), (4.11)

where CrossAttention(·, ·) denotes a cross-attention block that measures how strongly

each frame in Z(A) attends to frames in Z
(A)
Ref .

Based on this similarity, we generate a soft mask

M = 1− σ(Zsim),

which assigns low weights to input frames that are well explained by the reference

and high weights to frames that are dissimilar. We then apply this mask to the input



4.4. Proposed Method: Audio Difference Learning 59

Masking

CrossAttention

𝜎

Input
embedding

Reference
embedding

Difference
embedding

Diff block

Figure 4.3: Diagram of the Diff block using the Masking method. Cross-attention

calculates the similarity between the input and reference embeddings. The resulting

weights are scaled by a sigmoid function and applied in the masking process to produce

the difference embedding.

representation:

Z
(A)
masked = M⊙ Z(A), (4.12)

where ⊙ denotes element-wise multiplication. This procedure effectively performs se-

mantic subtraction by filtering out shared information, regardless of exact temporal

alignment between input and reference. The resulting masked representation can then

be used as Z
(A)
Diff in Eq. (4.4). By relying on attention-based masking rather than strict

frame-wise subtraction, this approach better matches the goal of robustly learning

intra-modal relations in temporally continuous and loosely aligned audio signals.
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4.5 Experimental Evaluations

4.5.1 Experimental Settings

We adopt the baseline audio captioning system from DCASE 2023 Task 6 as our

backbone model. The input audio features are 64-dimensional mel spectrograms. The

audio encoder is a pretrained 12-layer CNN, followed by a Transformer-based decoder

(BART) [111]. In the masking-based approach, we insert the proposed cross-attention-

based Diff Block between the encoder and decoder.

We compare the following training configurations: (i) the baseline model trained with

the standard cross-entropy loss, (ii) Al-MixGen (PairMix) [101], a conventional mix-up

augmentation method for audio captioning, and (iii) our proposed Audio Difference

Learning with subtraction- or masking-based difference modeling.

For all models, we use the Adam optimizer with a learning rate of 1.0×10−4, a batch

size of 32, and train for 50 epochs.

4.5.2 Evaluation Metrics

Captioning performance is evaluated using standard metrics, including BLEU [112],

METEOR [113], ROUGE [114], CIDEr [115], SPICE [116], and SPIDEr [117], along

with task-specific extensions defined in the DCASE AAC challenges. BLEU measures

the geometric mean of n-gram precision between a generated caption and one or more

reference captions, with a brevity penalty to discourage overly short outputs. ME-

TEOR computes an F-score over unigram matches while incorporating stemming and

synonym matching, and applies a fragmentation penalty to favor outputs with better

word order. ROUGE is a recall-oriented family of measures that evaluates the over-

lap of n-grams or longest common subsequences, capturing how much of the reference
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content is covered by the hypothesis. CIDEr is a consensus-based metric that uses

TF-IDF-weighted n-gram similarity across multiple references to emphasize caption

elements that are both frequent within a reference set and discriminative across images

or audio clips. SPICE goes beyond surface n-gram overlap by parsing captions into

scene-graph representations and comparing semantic tuples (objects, attributes, and

relations), thereby assessing semantic fidelity. SPIDEr combines CIDEr and SPICE

into a single score, balancing lexical similarity and semantic structure, and is widely

adopted as a summary measure for caption quality.

4.5.3 Dataset Design for Difference Learning

To train and evaluate the model’s ability to disentangle sources, we construct syn-

thetic mixtures using the Clotho [5] and ESC-50 [10] datasets. Clotho provides the

base audio captioning data, while ESC-50 provides diverse environmental sounds that

we use as reference signals.

For training, we generate mixed inputs X
(A)
+ by superimposing ESC-50 clips onto

Clotho clips in the time domain. For the reference audio X
(A)
Ref , we prepare various

conditions to test the robustness of intra-modal modeling, including: (i) cases where

the reference is the same recording as in the mixture (Same/ Same), (ii) cases where the

reference is temporally misaligned (Same/ Diff), and (iii) cases where the reference is

a different recording of the same class (Diff/ Diff). We also investigate multi-reference

settings (Multi/ Same, Multi/ Diff), where multiple ESC-50 clips are used as references

for a single mixed input.
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Table 4.1: Experimental results of the general audio captioning task setting: The

proposed method employed the reference audio only during the training phase, and it

was not used during the evaluation. These results highlight the impact of our proposed

audio difference learning on the general audio captioning.

Model Bleu1 Bleu2 Bleu3 Bleu4 METEOR ROUGEL CIDEr SPICE SPIDEr

Baseline 0.585 0.379 0.251 0.161 0.179 0.386 0.399 0.120 0.259

AL-MixGen [101] 0.590 0.384 0.254 0.164 0.180 0.392 0.404 0.122 0.263

Proposed (Subtraction) 0.593 0.386 0.257 0.164 0.181 0.392 0.403 0.122 0.264

Proposed (Mask) 0.606 0.395 0.266 0.173 0.187 0.405 0.431 0.129 0.280

Table 4.2: Performance comparison of the proposed methods with various combinations

of audio clips. Evaluations were conducted using subtraction- and masking-based Diff

Blocks across different source and time alignment patterns. The results indicate that

the masking-based approach consistently outperforms subtraction, maintaining high

performance across all conditions.

Model (Source / Time) Bleu1 Bleu2 Bleu3 Bleu4 METEOR ROUGEL CIDEr SPICE SPIDEr

Subtraction (Same / Same) 0.590 0.383 0.253 0.162 0.180 0.390 0.403 0.121 0.262

Mask (Same / Same) 0.606 0.395 0.266 0.173 0.187 0.405 0.431 0.129 0.280

Mask (Same / Diff) 0.605 0.394 0.264 0.171 0.187 0.405 0.427 0.129 0.278

Mask (Diff / Diff) 0.605 0.392 0.261 0.168 0.186 0.406 0.419 0.126 0.273

Mask (Multi / Same) 0.606 0.394 0.264 0.171 0.187 0.404 0.419 0.127 0.273

Mask (Multi / Diff) 0.603 0.389 0.259 0.167 0.184 0.401 0.414 0.127 0.271

4.5.4 Results and Discussion

Table 4.1 presents the results on the Clotho test set. The proposed Audio Difference

Learning outperforms both the baseline and the MixGen-based augmentation across

all captioning metrics. In particular, the masking-based Diff Block achieves the highest
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performance, yielding an improvement of approximately 8% in SPIDEr compared to

the baseline. This indicates that the model successfully learns to disentangle mixed

audio sources in the feature space, establishing semantic alignment between individual

components and their descriptions, and leading to more accurate captions of the target

content.

Robustness of intra-modal modeling. Table 4.2 further compares the subtraction-

and masking-based Diff Blocks under different mixing and reference conditions. The

masking-based block maintains high performance even when the reference audio is not

temporally aligned (Same/ Diff) or is a different recording of the same class (Diff/

Diff), and remains robust in multi-reference settings (Multi/ Same, Multi/ Diff). In

contrast, the subtraction-based block degrades markedly once strict alignment is vio-

lated. This confirms that the masking-based approach, which relies on cross-attention

and soft masking, captures the abstract semantic difference between input and refer-

ence rather than merely performing frame-wise signal subtraction, thereby enabling

robust learning of intra-modal relations.

4.5.5 Qualitative Analysis: Disentanglement Capability

Table 4.3 illustrates the model’s inference capability on mixed-audio scenarios. When

presented with a mixed audio X
(A)
+ , the standard baseline often fails to generate coher-

ent captions for the target component, instead blending words from both sources. In

contrast, our method, by leveraging the reference audio, successfully generates captions

for the target component (e.g., X(A)) by explicitly subtracting the interference (e.g.,

the ESC-50 clip) via the difference representation.

Moreover, when we apply the difference function in the opposite direction, Diff(X
(A)
+ ,X(A)),
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the proposed model can generate captions that focus on the added source (e.g., car

horn, laughing). These qualitative results support the conclusion that our approach

constructs a structured feature space in which audio components are effectively disen-

tangled and can be selectively described via language.

4.6 Summary

In this chapter, we proposed Audio Difference Learning to address the limitation of

understanding intra-modal relations in audio-text models. By training the model to

describe the difference between an input and a reference audio, we established a repre-

sentation space in which acoustic addition and subtraction can be explicitly modeled.

The proposed masking-based difference block, implemented via cross-attention, demon-

strated robustness to temporal misalignment and achieved state-of-the-art performance

on standard audio captioning benchmarks. These results suggest that incorporating

relative representations between audio inputs is a promising direction for moving be-

yond a monolithic view of audio features, leading to more interpretable and controllable

audio-text modeling.

One limitation of the current approach is its design for pairwise difference computa-

tion. When audio clips contain three or more overlapping sources, the masking-based

approach requires multiple sequential subtractions, which may accumulate errors and

reduce interpretability. Extending difference learning to multi-source scenarios there-

fore remains an open challenge. More broadly, this chapter showed that language-

supervised difference modeling can reveal and shape the latent structure of the audio

space. In the next chapter, we turn to the complementary question of how to exploit

large amounts of unlabeled audio to further improve audio-text representations, aim-

ing to relax the dependence on paired data while preserving the structural benefits



4.6. Summary 65

established in Chapters 3 and 4.
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Table 4.3: Examples of difference captioning results generated using difference rep-

resentations between two audio clips. The proposed method can handle both mixed

sounds and their differences.

(1) Input audio: kids are playing as one child shrieks while birds are chirping

Baseline birds are chirping and children are talking in the background

Proposed birds are chirping and children are talking and playing in the background

(2) Caption for mixed audio: X
(A)
+ = X(A) + [Car Horn sound]

Baseline birds are chirping and children are talking in the background

Proposed birds are chirping and children are talking in the background as a car drives by

(3) Caption with difference representation: Diff(X
(A)
+ , [Car Horn sound]) ⇒ (1)

Baseline birds are chirping and children are talking to each other

Proposed birds are chirping and children are talking in the background

(4) Caption with difference representation: Diff(X
(A)
+ ,X(A)) ⇒ [Car Horn sound]

Baseline a person is using a hard object to make a few seconds

Proposed an engine is whirring and then it gets louder and louder

(1) Input audio: a distorted drum or similar instrument is played

Baseline a synthesizer is playing a musical instrument

Proposed a synthesizer is playing a synthesizer with a musical instrument

(2) Caption for mixed audio: X
(A)
+ = X(A) + [Laughing sound]

Baseline a person is playing a synthesizer with a musical instrument in the background

Proposed a person is playing a synthesizer with a man talks in the background

(3) Caption with difference representation: Diff(X
(A)
+ , [Laughing sound]) ⇒ (1)

Baseline a synthesizer is playing a musical instrument

Proposed a synthesizer is playing a musical instrument

(4) Caption with difference representation: Diff(X
(A)
+ ,X(A)) ⇒ [Laughing sound]

Baseline a person is playing a synthesizer while another person is speaking in the background

Proposed a person is speaking and then a child laughs



Chapter 5

Semi-Supervised Representation

Learning via Audio-to-Text

Mapping

5.1 Introduction

The previous chapters focused on refining the architecture of audio-text models to

capture fine-grained alignment (Chapter 3) and coherent intra-modal relations (Chap-

ter 4). While these architectural improvements significantly enhance the expressiveness

and interpretability of the learned representations, a fundamental bottleneck remains:

the quality of the shared embedding space is heavily constrained by the scarcity of

paired training data. Unlike the computer vision domain, which benefits from billion-

scale datasets such as LAION-5B [22], audio-text datasets are scarce, typically contain-

ing only tens of thousands of pairs (e.g., Clotho [5], AudioCaps [54]). This substantial

data gap leaves the shared latent space sparse and prone to overfitting, limiting the

generalization capability of even the most sophisticated architectures.

Two mainstream strategies attempt to mitigate this scarcity: augmentation and syn-
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thetic caption generation. Augmentation-based methods mix audio clips and compose

their captions [101], [102], [103], sometimes inserting temporal connectors to encode

ordering [57], [118], [119]. Generation-based methods employ large language models

(LLMs) to synthesize captions from tags or metadata [23], [55], [120]. While effective

to some extent, the former still relies on the availability of ground-truth captions for

source clips, and the latter depends on textual side information, introducing biases or

distributional drift inherent in LLM outputs [121], [122], [123] and often resulting in

only modest improvements in downstream performance [124], [125].

Parallel to these paired-data strategies, leveraging unlabeled audio has gained atten-

tion in tasks such as weakly supervised captioning [126], [127], text-queried source sep-

aration [128], and audio-language modeling [129]. However, these approaches typically

pass unlabeled audio through a frozen contrastive encoder and fine-tune task-specific

heads. Consequently, they improve downstream task performance but leave the shared

audio-text representation itself unchanged. How to exploit unlabeled audio to directly

refine the contrastive encoder remains an open problem.

To tackle this challenge, we propose a semi-supervised framework that trains an

audio-text contrastive model using large collections of unlabeled audio alongside avail-

able labeled clips. The core idea is to map the embeddings of unlabeled audio into

the text token embedding space via an Audio-to-Text (a2t) Mapper, producing

continuous pseudo-token embeddings. This process effectively treats unlabeled

audio as if it were a valid textual description, enabling implicit alignment between

unlabeled audio and the text modality within the contrastive objective. By integrating

these pseudo-tokens into the training loop, we densify the training distribution and

regularize the shared embedding space without relying on external caption generation.

Our approach is inspired by Pic2Word [130] in computer vision, which maps unla-
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beled images to text tokens for zero-shot composed-image retrieval. A critical distinc-

tion, however, lies in the objective: whereas Pic2Word freezes the backbone to adapt

it for a specific retrieval task, our framework jointly optimizes the audio encoder, text

encoder, and the mapper. This transforms the mapping mechanism from a downstream

adaptation tool into a representation learning component, enabling the backbone itself

to learn richer features from unlabeled data. We explore two mapper designs: (i) a

simple MLP-based mapper, the effectiveness of which we verified in our preliminary

study [131], and (ii) a sequence-flexible Transformer-based mapper capable of attend-

ing to variable-length audio embeddings. To further enhance robustness, we introduce

a noise-injection strategy in which Gaussian noise is added to audio embeddings be-

fore mapping, smoothing the pseudo-text representations and consistently improving

retrieval accuracy.

The main contributions of this chapter are summarized as follows:

• We introduce, to the best of our knowledge, the first semi-supervised frame-

work that updates a CLAP-style backbone using unlabeled audio, in con-

trast to prior approaches that keep the encoder frozen.

• We propose an audio-to-text mapping mechanism that projects audio features

into the textual token space, enabling the utilization of unlabeled audio without

the biases of synthetic caption generation.

• We demonstrate that incorporating unlabeled audio through our framework leads

to substantial improvements in retrieval performance, validating that data density

in the shared embedding space can be effectively increased without additional

human annotation.
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5.2 Related Work

Since general audio-text contrastive learning frameworks (e.g., CLAP [1], Wav2Clip [14])

were reviewed in Chapter 2, this section focuses specifically on methodologies address-

ing data scarcity. We categorize existing approaches into three groups: (1) augmen-

tation and generation strategies that rely on paired supervision, (2) semi-supervised

approaches utilizing unlabeled audio, and (3) cross-modal mapping techniques that

serve as the theoretical basis for our proposed a2t mapper.

5.2.1 Strategies for Data Scarcity: Augmentation and Gener-

ation

To mitigate the shortage of human-annotated captions, two primary strategies have

emerged: mixing-based augmentation and LLM-based generation.

Mixing-based Augmentation. Methods such as AL-MixGen [103] and PairMix [101]

augment training data by mixing two audio clips and concatenating their captions

(e.g., “sound A and sound B”). Subsequent work replaced the simple conjunction with

temporal connectors such as “followed by” to encode ordering information [57], [118].

Although these methods effectively increase the diversity of training pairs, they still

fundamentally require a ground-truth caption for every source clip. Our approach

avoids this dependency by enabling the use of standalone unlabeled audio without

requiring source captions.

Synthetic Caption Generation. Another prevalent strategy involves generating

synthetic captions from tags or metadata using Large Language Models (LLMs). Datasets

such as WavCaps [23], ClothoV2-GPT [120], and Auto-ACD [55] exemplify this ap-
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proach in the audio domain. Related work in vision has explored text-level augmenta-

tion techniques such as paraphrasing and back-translation for image captioning [132],

[133] and text-based augmentation for video captioning [134], underscoring the general

appeal of expanding supervision through synthetic text. While cost-effective, these

methods rely on the availability of textual side information (e.g., tags, titles) and can

introduce bias or distributional drift inherent in LLM outputs [121], [122], [123]. Em-

pirical studies have shown that such noise can lead to only modest improvements or

even degradation in downstream tasks [124], [125]. In contrast, we take a different

route: rather than generating discrete text strings, we directly align mapped audio

vectors with the continuous token embedding space, bypassing the additional noise

and bias brought by discrete text generation.

5.2.2 Learning from Unlabeled Audio

Recent studies have explored leveraging unlabeled audio for various audio-text tasks,

though mostly in limited capacities.

Frozen Backbone Approaches. A common paradigm is to use a pretrained, frozen

CLAP encoder to extract features from unlabeled audio, which are then used to train

task-specific heads. This has been applied to weakly or unsupervised captioning [126],

[127], text-queried source separation [128], and large audio-language models [129]. DR-

Cap [135] further limits supervision by utilizing unlabeled audio clips solely at the in-

ference stage. However, because these approaches keep the CLAP encoder frozen, the

shared audio-text representation itself is not updated or improved. Our work differs

fundamentally: we perform semi-supervised contrastive pretraining that jointly

updates both the audio and text encoders, directly enhancing the quality of the back-
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bone representation.

Hybrid Self-Supervised Learning. Some frameworks attempt to combine self-

supervised objectives with contrastive learning. M2D-CLAP [136] integrates masked

prediction (reconstruction) with CLAP training. While promising, these methods typ-

ically add a separate reconstruction head and objective, increasing architectural com-

plexity. Our a2t mapper offers a streamlined alternative: by synthesizing pseudo-token

representations, we allow unlabeled audio to participate directly in the contrastive loss

without architectural modification to the backbone or auxiliary reconstruction tasks.

5.2.3 Cross-Modal Mapping and Inversion

Our concept of mapping audio to the text space draws inspiration from Textual

Inversion techniques in computer vision. Pic2Word [130] proposed mapping unlabeled

images to text tokens to enable zero-shot composed-image retrieval (e.g., “this image +

’dog”’). Similarly, in the text-to-image generation domain, techniques to invert images

into pseudo-words have been widely adopted to personalize diffusion models [137], [138].

However, these methods typically freeze the backbone model and learn the mapping

only for downstream adaptation or generation. We extend this mapping concept to

representation learning: instead of adapting a frozen model, we use the mapping as a

bridge to propagate gradients from unlabeled data back to the audio encoder, thereby

refining the core representation space itself.
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Figure 5.1: Standard audio-text contrastive learning pipeline. A paired clip is encoded

into latent embeddings and optimized with the InfoNCE loss.

5.3 Audio-Text Contrastive Learning

We briefly review the contrastive framework introduced in Section 2.3; the next

section extends it to the semi-supervised setting.

As shown in Figure 5.1, given paired samples
(
X(A),X(T)

)
, modality-specific encoders

map them to a shared latent space:

z(A) = AudioEncoder
(
X(A)

)
, (5.1)

z(T) = TextEncoder
(
X(T)

)
, (5.2)

with z(A), z(T) ∈ RD. The model is trained with the symmetric InfoNCE loss. For the

audio→text direction:

LA→T
InfoNCE = − log

exp
(
sim(z(A), z(T))/τ

)∑
j

exp
(
sim(z(A), z

(T)
j )/τ

) , (5.3)
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where sim denotes cosine similarity and τ the temperature. The text→audio counter-

part is defined analogously:

LT→A
InfoNCE = − log

exp
(
sim(z(T), z(A))/τ

)∑
j

exp
(
sim(z(T), z

(A)
j )/τ

) . (5.4)

The overall loss combines both directions:

Llabeled = LA→T
InfoNCE + LT→A

InfoNCE. (5.5)

5.4 Proposed Framework

We propose a semi-supervised contrastive method that leverages unlabeled audio by

synthesizing a pseudo-token representation for it. The key idea is to mix a labeled

clip with an unlabeled one and to generate a pseudo-token input through an audio-

to-text mapper (a2t). This strategy turns every mixture into a valid audio-text pair,

enabling InfoNCE training without additional annotations. Note that our framework

does not generate natural-language captions; pseudo-token denotes latent vectors in

the tokenized text embedding space.

5.4.1 System Overview

Figure 5.2 depicts the proposed semi-supervised contrastive pipeline. We assume

mini-batches of paired samples
(
x(A), x(T)

)
and additional waveforms x(A,Un) (using

only raw audio without class labels). First, we form the mixture

x(A,Mix) = 1
2

(
x(A) + x(A,Un)

)
. (5.6)
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Figure 5.2: Proposed semi-supervised contrastive learning pipeline. A labeled audio

clip x(A) and an unlabeled clip x(A,Un) are linearly mixed to obtain x(A,Mix). All audio

inputs are processed by a shared audio encoder, producing embeddings z(A,Mix) and

z(A,Un). The unlabeled embedding z(A,Un) is transformed by an audio-to-text mapper

(a2t) into a pseudo-token input, concatenated with the labeled text x(T), and encoded

by the text encoder to yield z(T,Mix). A contrastive loss is finally applied between the

paired embeddings (z(A,Mix), z(T,Mix)).

After converting to a time-frequency representation (e.g. a log-mel spectrogram), its

embedding is obtained as

z(A,Mix) = AudioEncoder
(
X(A,Mix)

)
. (5.7)

The unlabeled clip is embedded as z(A,Un) = AudioEncoder(X(A,Un)) and passed to the

a2t mapper fa2t:

X̂(T,Un) = fa2t
(
z(A,Un)

)
, (5.8)
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where X̂(T,Un) lies in the text-token space. Section 5.4.2 details two variants (MLP-a2t,

Transformer-a2t).

We concatenate the tokenized labeled text X(T) with the pseudo input,

X(T,Mix) =
[
X(T) ; X̂(T,Un)

]
, (5.9)

and encode it to obtain z(T,Mix) = TextEncoder(X(T,Mix)).

The mixed pair
(
z(A,Mix), z(T,Mix)

)
is contrasted against other pairs in the mini-batch

using the InfoNCE loss:

LMix = LInfoNCE

(
z(A,Mix), z(T,Mix)

)
. (5.10)

By augmenting labeled data with unlabeled clips in this way, the model sees a broader

distribution of audio conditions. No human annotation is required for the additional

examples, yet retrieval accuracy improves substantially.

5.4.2 Audio-to-Text Mapper (a2t)

The a2t module synthesizes a pseudo-token input from an audio embedding allowing

unlabeled clips to participate in contrastive training. We investigate two variants

(Figures 5.3 and 5.4): a simple MLP that emits a single vector and a Transformer-

based decoder that produces a token sequence.

MLP-a2t (single vector output)

This variant employs the two-layer MLP mapper following our prior work [131] and

originally inspired by Pic2Word [130], to convert each unlabeled audio embedding into

a single-vector pseudo-token representation. It consists of two linear layers with ReLU
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Figure 5.3: MLP-a2t. The global [CLS]audio embedding z(A) ∈ RD is mapped to a

single pseudo-token vector X̂(T) ∈ RDT .

activation σ and dropout Drop:

X̂(T) = W2 σ
(
Drop

(
W1z

(A) + b1
))

+ b2, (5.11)

where W1 ∈ RH×D, W2 ∈ RDT×H , H=1024 is the hidden dimension, and the dropout

rate is set to 0.1. Because this mapper outputs a single vector, the resulting pseudo-

token sequence has a fixed length of one.

Transformer-a2t (sequence output)

This variant employs a Transformer-based a2t mapper that converts frame-level au-

dio embeddings into an L-token pseudo-token sequence.

Let Z(A,Un) = [ z
(A)
1 , . . . , z

(A)
LA

] ∈ RLA×DA denote the frame-level audio features output

by the audio encoder before pooling. We introduce a trainable query matrix Q ∈
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Figure 5.4: Transformer-a2t. A trainable query sequence Q ∈ RL(Un)×DT attends to

frame-level audio embeddings Z(A,Un) ∈ RLA×DA , producing a pseudo-token sequence

X̂(T) ∈ RL(Un)×DT .

RL(Un)×DT , where the sequence length L(Un) is a hyper-parameter. Q serves as a set

of query vectors in the cross-attention of the Transformer-based a2t mapper and is

updated end-to-end through backpropagation from the contrastive objective.

Unlike the MLP-based mapper, this learnable query sequence enables the model to

generate a multi-token pseudo-token input. A stack of N Transformer decoder layers

then performs cross-attention:

X̂(T) = DecoderN
(
Q, Z(A,Un)

)
(5.12)

We use N=2, eight attention heads, and a feed-forward network (FFN) width of 4DT.

Positional encodings are added to Z(A,Un) to preserve temporal structure.

Although both mappers project an audio embedding into the text-token space, they

operate at different levels of granularity. The MLP-a2t compresses an entire clip into

a single vector (L(Un)=1), which is adequate when the associated text is expected to

describe a dominant foreground event (e.g., “a dog is barking”).
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In contrast, Transformer-a2t produces a sequence of L(Un) learnable query tokens.

Each token serves as a slot that attends to a distinct temporal or spectral pattern

in the frame-level audio embeddings through cross-attention. This design enables the

mapper to disentangle multiple acoustic events within the same clip and to encode

them at different positions of the pseudo-token input. The empirical effect of these two

granularities on retrieval performance is examined in our ablation experiments.

Noise-Perturbed Embedding

To regularize the mapper, we inject a small isotropic Gaussian perturbation into

each unlabeled audio embedding before it is passed to the a2t module.

Given the audio embedding z(A,Un) ∈ RDA , we sample

z̃(A,Un) = z(A,Un) + ε, ε ∼ N
(
0, σ2I

)
, (5.13)

and feed z̃(A,Un) to Eq. (5.11) or Eq. (5.12). The noise scale σ is set to 1.0 in this

study. The effect of the noise perturbation on the final performance is examined in the

ablation study presented in Sec. 5.5.5.

5.4.3 Training Objective

The overall loss is the sum of three contrastive terms: (i) the labeled-pair loss in

Eq. (5.5), (ii) the mixed-pair loss in Eq. (5.10), and (iii) a loss that aligns each unlabeled

clip with its pseudo-token counterpart.

For every unlabeled waveform x(A,Un) we obtain the audio embedding z(A,Un) =

AudioEncoder(x(A,Un)), which the a2t mapper converts into a pseudo-token sequence

X̂(T,Un). To inject a minimal natural-language prior, we prepend the fixed prompt ‘‘A
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sound of ’’ and feed the result to the text encoder:

z(T,Un) = TextEncoder
(
[‘‘A sound of ’’ ; X̂(T,Un)]

)
, (5.14)

where the prompt is tokenized in advance and concatenated in the same way as in (5.9).

We then align the two views with an additional InfoNCE loss:

Lunlabeled = InfoNCE
(
z(A,Un), z(T,Un)

)
. (5.15)

The final objective combines all three components:

Ltotal = Llabeled + LMix + Lunlabeled. (5.16)

All three losses are evaluated within the same mini-batch, and gradients are back-

propagated through every module, so that the encoders and the a2t mapper are op-

timized jointly. The effect of Eq. (5.15) on the final performance is examined in the

ablation study presented in Sec. 5.5.5.

5.5 Experimental Setup

We evaluate the proposed semi-supervised audio-text contrastive learning framework

on audio-to-text retrieval tasks: Our experiments aim to assess (i) the effectiveness of

incorporating unlabeled audio clips into the contrastive pipeline and (ii) the impact of

the a2t architecture, including its sequence length L(Un) and the use of noise perturba-

tion.

5.5.1 Datasets

We adopt two widely used captioning datasets, Clotho [5] and AudioCaps [54], as

sources of labeled data, and AudioSet [9] as unlabeled audio. For each experiment,
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we target either Clotho or AudioCaps. When the AudioCaps is the target, Clotho

or AudioSet are treated as unlabeled clips; when Clotho is the target, {AudioCaps,

AudioSet} are used as unlabeled clips.

5.5.2 Networks

All models fine-tune MS-CLAP (2023) [139], initializing its audio and text encoders

with publicly available pretrained weights.

All network dimensions follow the MS-CLAP (2023) configuration. The shared em-

bedding dimension of both audio and text encoders is d=512, and the text tokenizer

(RoBERTa-base) uses an embedding dimension of DT=768.

For the MLP-a2t mapper, both input and hidden layers operate in the same 512-

dimensional space as CLAP, and the final linear layer outputs a 768-dimensional vector

matching the text tokenizer.

The Transformer-a2t variant adopts the same hidden size as CLAP (DT=768), with 8

attention heads and a feed-forward network width of 4DT. Only the final output dimen-

sion is aligned to the text tokenizer size (768). Q in Eq. (5.12) is randomly initialized

following the default initialization scheme of PyTorch linear layers. Transformer-a2t

variants with query length L(Un) ∈ {1, 2, 4} are evaluated in Section 5.5.4.

We fine-tune for 30 epochs using Adam [140] with the scheduler-free optimizer [141].

The batch size is 256. All experiments are conducted on four NVIDIA A100 GPUs

and complete within 1-2 hours each.

Evaluation metrics are Recall@1, Recall@5, Recall@10, and mean Average Precision

at 10 (mAP@10) [142]. Higher scores indicate stronger alignment within the joint

embedding space.
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Table 5.1: Retrieval: AudioCaps AudioCaps supplies the labels; Clotho and/or

AudioSet act as unlabeled audio. Other settings are the same as Table 5.2.

Method labeled unlabeled R@1 R@5 R@10 mAP@10

Baseline methods

CLAP [1] w/o finetune - - 15.79 46.21 62.94 28.67

CLAP [1] w/ finetune AudioCaps - 39.41 75.88 86.86 54.61

CLAP [1] w/ finetune AudioCaps+Clotho 40.32 74.18 86.75 55.09

Proposed method

MLP-a2t AudioCaps Clotho 36.01 75.76 87.43 52.57

MLP-a2t AudioCaps AudioSet 40.43 74.18 86.64 55.19

Transformer-a2t (length=2) AudioCaps Clotho 39.86 75.20 88.45 55.03

Transformer-a2t (length=2) AudioCaps AudioSet 42.02 75.88 88.00 56.16

Prior works with all labels

AL-MixGen [103] AudioCaps Clotho 40.54 76.90 88.11 55.12

LAION-CLAP [2] 34.20 71.10 84.10 -

T-CLAP [57] 39.70 74.60 86.90 -

5.5.3 Overall retrieval performance

Table 5.1 presents the results when AudioCaps is used as the only labeled corpus,

whereas Table 5.2 shows the symmetric setting in which Clotho serves as the target. In

both scenarios, incorporating unlabeled clips enables our semi-supervised framework

to consistently outperform the MS-CLAP baseline.

AudioCaps as the target. The best configuration, Transformer-a2t with L(Un)=2

and unlabeled = AudioSet, achieves a 6.6% relative improvement in Recall@1 over

the fine-tuned CLAP model, confirming that class-level AudioSet clips can be effec-
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Table 5.2: Retrieval: Clotho Only Clotho provides (audio,text) pairs; AudioCaps

and/or AudioSet are used without captions. Other settings are the same as Table 5.1.

Method labeled unlabeled R@1 R@5 R@10 mAP@10

Baseline methods

CLAP [1] w/o finetune - - 15.75 39.94 52.27 25.99

CLAP [1] w/ finetune Clotho - 19.71 45.55 59.62 30.80

CLAP [1] w/ finetune Clotho+AudioCaps 19.52 45.75 59.64 31.00

Proposed method

MLP-a2t Clotho AudioCaps 20.19 45.36 59.71 30.82

MLP-a2t Clotho AudioSet 20.77 45.36 58.66 31.43

Transformer-a2t (length=2) Clotho AudioCaps 20.19 45.93 59.52 31.22

Transformer-a2t (length=2) Clotho AudioSet 20.57 46.60 58.56 31.79

Prior works with all labels

AL-MixGen [103] Clotho AudioCaps 21.34 46.99 59.33 32.52

LAION-CLAP [2] - - 15.30 38.40 51.20 -

T-CLAP [57] - - 17.30 39.90 53.00 -

tively exploited through a2t pairing. This configuration also surpasses a multi-corpus

supervised baseline fine-tuned on both AudioCaps and Clotho.

Clotho as the target. For Clotho, the absolute gains are smaller yet still significant:

Recall@1 improves by 4.4% relative to the fine-tuned CLAP baseline, again exceeding

the multi-corpus supervised counterpart.

Comparison with larger models. Despite using far less labeled data, our semi-

supervised model is competitive with AL-MixGen [103], which requires captions for

every mixed clip, and even outperforms large open-domain models such as LAION-

CLAP [2] and T-CLAP [57], both of which were pretrained on substantially larger
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Table 5.3: Impact of a2t design. We compare an MLP-a2t (L=1) with Transformer-

a2t at different query-sequence lengths L. All models are trained with target: Clotho

and unlabeled: AudioSet. Higher values indicate better retrieval.

Method Seq L(Un)
AudioCaps retrieval Clotho retrieval

R@1 R@5 R@10 mAP@10 R@1 R@5 R@10 mAP@10

MLP-a2t 1 20.77 45.36 58.66 31.43 40.43 74.18 86.64 55.19

Transformer-a2t 1 21.15 46.03 59.14 31.77 41.56 73.39 87.09 55.33

Transformer-a2t 2 20.57 46.60 58.56 31.79 42.02 75.88 88.00 56.16

Transformer-a2t 4 20.19 46.79 57.89 31.34 41.22 74.75 86.52 55.71

datasets.

5.5.4 Effect of a2t architecture and sequence length

Table 5.3 examines how the pseudo-token length L(Un) affects performance. Replacing

the MLP with a Transformer already improves results at L(Un)=1, suggesting that cross-

attention captures richer acoustic cues than simple projection. Extending the query

sequence to L(Un) = 2 yields the best overall scores on both datasets, whereas further

increasing the length to L(Un) = 4 provides no additional benefit and occasionally

degrades performance, likely because excessively long pseudo texts deviate from the

prompt template and add noise to the contrastive objective.

5.5.5 Ablation on noise and pseudo-token loss

Table 5.4 shows an ablation study on the noise perturbation and the unlabeled loss

term in Eq. (5.15). Disabling the Gaussian perturbation reduces mAP@10 by roughly

one point, indicating that the perturbation acts as a useful regularizer. Removing the
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Table 5.4: Contribution of regularisation components. Starting from the

full MLP-a2t model (L(Un)=1, target: Clotho, unlabeled: AudioSet), we disable (i)

noise perturbation of unlabeled embeddings and (ii) the unlabeled contrastive loss in

Eq. (5.15). The drop in performance confirms the importance of each term.

Method
AudioCaps retrieval Clotho retrieval

R@1 R@5 R@10 mAP@10 R@1 R@5 R@10 mAP@10

MLP-a2t 20.77 45.36 58.66 31.43 40.43 74.18 86.64 55.19

w/o noise perturb. 20.38 42.68 56.46 30.27 39.98 74.97 87.88 54.86

w/o pseudo-loss 19.23 43.35 54.45 29.17 38.39 74.41 87.20 53.97

unlabeled loss in Eq. (5.15) has an even larger effect, eliminating most of the semi-

supervised gain and reducing Recall@1 by about two points on both targets. These

observations confirm that the unlabeled loss term is essential for binding each audio

clip to its generated pseudo-token input and for preventing the mapper from drifting.

Note that prior work such as AL-MixGen [101] utilizes all available labels during

training, whereas our method leverages unlabeled audio to supplement limited labeled

data. This difference in data utilization should be considered when interpreting the

performance comparison.

5.6 Conclusion

In this chapter, we addressed the issue of data scarcity in audio-text contrastive

learning by proposing a Semi-Supervised Representation Learning framework. By in-

troducing an Audio-to-Text (a2t) Mapper, we enabled unlabeled audio to effectively act

as pseudo-tokens, allowing it to be integrated into the contrastive training loop. This
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approach densifies the training data distribution and regularizes the shared embedding

space without requiring expensive human annotation or error-prone LLM captioning.

Experimental results demonstrated substantial improvements in retrieval performance,

confirming that leveraging the vast scale of unlabeled audio is a viable pathway to

broaden the generalization capability of audio-text models.



Chapter 6

Conclusion and Future Directions

6.1 Summary of Contributions

This thesis has addressed the fundamental challenges in audio-text representation

learning, aiming to bridge the gap between human auditory perception and machine

understanding. While the advent of contrastive frameworks like CLAP has revolu-

tionized the field by establishing a shared latent space, conventional approaches have

largely treated audio signals as global vectors trained on limited supervision. Conse-

quently, they faced intrinsic limitations in capturing temporal granularity, intra-modal

relations, and generalization to open-domain distributions.

The primary objective of this research was to transcend these limitations by refining

the modeling architecture and learning paradigms. We tackled this challenge through

three complementary approaches: enhancing alignment granularity (Chapter 3), ex-

plicating intra-modal relations (Chapter 4), and scaling via semi-supervised learning

(Chapter 5). The specific contributions are summarized as follows:

1. Fine-Grained Alignment for Temporal Complexity (Chapter 3): We iden-

tified that the global pooling mechanism in conventional models inevitably discards
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essential temporal dynamics. To resolve this, we proposed Aligned Contrastive

Learning, a framework that explicitly achieves alignment between frame-level au-

dio features and token-level text embeddings. Evaluating this method on text-to-

music retrieval, a domain characterized by complex temporal evolution, demon-

strated that preserving local granularity significantly improves the model’s ability

to distinguish semantically similar but structurally different audio scenes.

2. Intra-Modal Relations via Difference Modeling (Chapter 4): We ad-

dressed the limitation that standard cross-modal discriminative models fail to cap-

ture the compositional nature of audio. We proposed Audio Difference Learning,

a paradigm that trains models to articulate the semantic difference between an

input and a reference audio. By adopting a generative approach (Audio Caption-

ing) with a masking-based cross-attention mechanism, we enabled the model to

disentangle mixed acoustic events in the feature space. This work highlighted that

learning relative representations enables semantic alignment and a compositional

understanding of the audio modality.

3. Implicit Alignment via Semi-Supervised Learning (Chapter 5): Recogniz-

ing that architectural improvements are bounded by the scarcity of paired data, we

introduced a semi-supervised framework that leverages vast amounts of unlabeled

audio via an Audio-to-Text (a2t) Mapper. By projecting unlabeled audio into

continuous pseudo-token embeddings, we enabled implicit alignment between un-

labeled audio and the text modality within the contrastive training loop. This ap-

proach demonstrated that the “data scarcity wall” can be surmounted not merely

by collecting more labels, but by bridging the modality gap at the feature level,

densifying the training distribution effectively.
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6.2 Discussion and Key Insights

Synthesizing the findings from the preceding chapters, we distill three key insights

that transcend the specific methods and inform the future design of audio-language

models. Each insight abstracts a core lesson from one chapter: fine-grained align-

ment (Chapter 3), difference learning (Chapter 4), and semi-supervised training with

unlabeled audio (Chapter 5).

The success of Chapter 3 suggests that the prevailing one-vector-per-clip paradigm

is insufficient for complex auditory scenes. Just as pixel-level alignment advanced com-

puter vision, frame-level alignment is essential for deep audio understanding. Models

must treat time not merely as a dimension to be collapsed, but as a structural compo-

nent to be aligned with linguistic syntax. True understanding arises from fine-grained

alignment of temporal events with semantic concepts.

Chapter 4 revealed a fundamental distinction between retrieval and generation.

While retrieval models can exploit superficial correlations to match audio and text, gen-

erative tasks such as audio captioning, which requires producing a textual description

from audio, force the model to understand the detailed representation of the content.

Specifically, the ability to articulate differences implies that the model has learned a

disentangled representation space where semantic arithmetic (e.g., A−B = C) is pos-

sible. This suggests that future representation learning should increasingly incorporate

generative objectives to enforce understanding of differences between data samples.

Chapter 5 highlighted that architectural improvement alone cannot fully compen-

sate for data sparsity. The audio-to-pseudo-text-token mapping aligns unlabeled audio

with the text modality, effectively increasing the amount of training data without re-

quiring additional annotations. For audio-text models to scale, semi-supervised or

self-supervised signals must be integral components of the training objective.
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6.3 Limitations

Despite the advancements presented, several limitations remain, pointing towards

areas for further improvement.

Computational Complexity. The fine-grained alignment (Chapter 3) and cross-

attention mechanisms (Chapter 4) introduce additional computational costs compared

to simple global pooling. Scaling these methods to extremely long audio sequences

or real-time applications remains a challenge, necessitating the exploration of efficient

attention mechanisms or knowledge distillation techniques [143].

Reliance on Synthetic Mixtures. In Chapters 4 and 5, we relied on Mixup-based

augmentation to create complex scenes or semi-supervised training signals. While effec-

tive, these linear mixtures do not fully capture the non-linear complexities of real-world

acoustic environments, such as reverberation, source occlusion, and varying distances.

Verifying these methods in “in-the-wild” recording conditions remains an open task.

Unified Approach. In this thesis, the three proposed methods, fine-grained align-

ment, difference learning, and semi-supervised training, were developed and evaluated

in separate contexts to isolate their scientific contributions. A unified architecture that

simultaneously incorporates all three elements has not yet been realized. Integrat-

ing these diverse objectives into a single foundation model without incurring training

instability represents a non-trivial engineering challenge.
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6.4 Future Directions

Based on the insights and limitations discussed in this thesis, we outline several

promising directions for future research.

6.4.1 Towards Unified Audio-Language Foundation Models

A natural progression is to integrate the proposed methods into a unified audio-

language foundation model. A model that combines fine-grained temporal under-

standing, disentangled structural representations, and large-scale training on unlabeled

corpora would serve as a powerful backbone for diverse tasks, including captioning, re-

trieval, source separation, and audio generation. Recent audio-language models such as

Pengi [144], LTU [145], SALMONN [146], Qwen2-Audio [147], and GAMA [148] have

demonstrated the potential of large audio-language models for open-ended querying

and reasoning. Incorporating fine-grained alignment, difference-based representations,

and semi-supervised training into this emerging class of models is an important step

toward truly unified audio-language foundation models.

6.4.2 Fine-Grained Text-to-Audio Generation

While this thesis focused primarily on understanding (audio-to-text), the learned

representations also have strong potential for generation (text-to-audio). The fine-

grained alignment introduced in Chapter 3 could enable controllable audio generation,

where users specify the timing and evolution of sound events via natural language (e.g.,

“a dog barks at 3s, followed by a cuter dog barking at 5s”). State-of-the-art text-to-

music systems such as MusicLM [149] and MusicGen [150] have achieved impressive

generation quality, yet they still offer limited temporal and structural control. Bridging
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fine-grained alignment with generative models is a promising direction for achieving

temporally precise and semantically controllable audio generation.

6.4.3 Interactive Audio Editing

The difference modeling concept from Chapter 4 also opens the door to interactive

audio editing. Instead of passive retrieval, users could interact with audio editing

systems using differential prompts such as“remove the background noise” or“make

the guitar sound more distorted”. Developing such systems would represent a shift from

static representation learning to dynamic audio manipulation, where models can apply

and explain local edits in response to language instructions. Emerging approaches that

use diffusion models for multimodal data augmentation [151] could further enhance the

robustness and diversity of training data for interactive editing scenarios, especially

when combined with difference- and commonality-based objectives.

6.5 Concluding Remarks

The field of audio-text learning is transitioning from simple tagging and retrieval

towards a deep, structural understanding of acoustic scenes. This thesis has argued that

achieving this depth requires moving beyond global, entangled, and fully supervised

paradigms. By respecting temporal granularity, establishing fine-grained alignment,

and embracing unlabeled data, we can build models that not only “hear” sound events

but truly understand the rich information embedded within the audio signal.
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